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Abstract

Al agents are increasingly capable of reasoning, planning, using tools, and executing long-horizon tasks, yet
many still rely on humans to identify worthwhile work and initiate it. Proactiveness adds the capacity to initiate
purposeful action without an explicit request. We examine proactiveness as a capability that complements
intelligence and alignment in the development of superintelligent agents. Research on proactiveness, however,
remains fragmented across communities with different terminology, assumptions, and evaluation practices. We
integrate its conceptual foundations and historical development across control, agent theory, ubiquitous computing,
mixed-initiative interaction, and foundation-model research. We organize enabling mechanisms into six capacities:
awareness, anticipation, agenda formation, arbitration, action, and adaptation. We synthesize evaluation approaches
at the task, mechanism, and user levels. Across 13 application domains, including coding, autonomous research,
robotics, healthcare, and education, we compare the initiative agents exercise with the authority they are granted.
Finally, we outline future directions in capability development, safety and governance, and emerging application
frontiers, grounding the development of calibrated proactiveness for superintelligent agents in the achievements
and limitations of existing systems.
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Figure 1 Proactive vs. reactive AI agents. Reactive agents rely on users to identify the work and request action. Proactive agents
can recognize emerging needs and initiate useful work before being asked, learning from outcomes and feedback.
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1 Introduction

Recent advances in Al agents have ex- e, .
panded their ability to reason, plan, use Task Execution Space i
tools, and execute tasks across multiple i
steps (Yao et al., 2023b; Yang et al., 2024a).
Access to skills, persistent memory, and ex-
ternal services through agent harnesses fur-
ther expands agents’ capabilities, enabling
them to carry out sustained tasks across ses-
sions (Zhang et al., 2025b; Young, 2025).
Yet an agent may competently complete an underspecification
assigned objective while still depending on
a person to notice emerging needs, iden- 1¢v Adaptive replanning
tify neglected work, and decide when an Y .
intervention is warranted. This dependence ? ____________________
becomes consequential when considering Proactiveness = the ability to exercise delegated residual discretion
the development of superintelligent agents.
Greater intelligence expands what an agent
can accomplish, and alignment concerns

Explicit Task Instructions Residual Decision Space

-7REsoukcrssr Preference and
=

trade-off decisions

Procedural
underspecification

(”D Contingency and risk

Figure 2 Proactiveness as delegated residual discretion. A task’s execution
space comprises an explicitly specified component and an underspecified resid-
whether its behavior serves human inten- g decision space. Proactiveness is the capacity to exercise delegated discretion
tions and values. Proactiveness adds the  within this residual space, independently determining and acting on what the
capacity to recognize worthwhile work and specification leaves open without a new instruction for each decision. This
initiate it without an explicit request (Fig-  includes resolving trade-offs, filling procedural gaps, handling contingencies,
ure 1). We examine how this capability can and replanning while respecting the task’s stated goals and constraints.
complement intelligence and alignment, using the achievements and limitations of existing systems to inform the
development of future superintelligent agents.

We use proactiveness to refer to the agent’s ability to identify worthwhile goals and initiate purposeful action with-
out a new, explicit request for that intervention. Such initiative can operate within standing objectives, predefined
responsibilities, and previously granted permissions. More precisely, proactiveness concerns the delegated discretion
an agent exercises within a task’s underspecified residual decision space, while respecting its explicitly stated goals
and constraints (Figure 2). A coding agent responds reactively when a user reports a bug and asks it to make a repair.
The agent may inspect files, implement a fix, and run tests independently, but the user has identified the work to be
done (Jimenez et al., 2024; Yang et al., 2024a). A proactive coding agent, operating under a standing responsibility
for code quality, can detect a previously unreported bug and propose a repair before the user asks (Chen et al., 2025¢).
Similarly, a personal assistant might anticipate a scheduling conflict and prepare alternatives without waiting for a
request. In these proactive cases, the agent identifies the need for intervention itself.

This capability is particularly relevant to long-horizon tasks. Maintaining a software project, coordinating ongoing
care, or supporting a research program involves changing conditions, unresolved dependencies, and needs that cannot
all be specified at the outset. A plan may become outdated, a previously minor concern may become urgent, or an
opportunity may arise while attention is directed elsewhere. Supporting such objectives requires agents to preserve
context, identify emerging work, revisit priorities, and decide when to resume, revise, or abandon a commitment (Aha,
2018). Proactiveness can therefore reduce the continuing burden on humans to monitor the environment and repeatedly
translate changes into new instructions. Its value depends on whether these interventions advance the broader objective
over time. Such initiative requires agents to identify what deserves attention and determine whether, when, and how to
act within their standing objectives and granted authority.

Understanding proactiveness also requires separating capability from permission. As is shown in Figure 3, intelligence
supports reasoning and execution; alignment concerns the relationship between an agent’s behavior and human intentions
and values; proactiveness concerns its initiative in identifying and advancing useful work. None of these capabilities
alone determines what the agent is authorized to do. An assistant may proactively identify a scheduling problem while
leaving every calendar change to the user. Conversely, a system may receive broad permission to execute a task while
relying entirely on the user to select that task. We examine both the initiative an agent exercises and the authority it
is granted. Research on mixed-initiative interaction provides a foundation for studying how automated assistance can
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Figure 3 From complementary capabilities to earned autonomy. Intelligence provides the competence to reason and execute;
alignment directs this competence toward human intentions and values; proactiveness enables its self-initiated use in the residual
decision space. Reliable exercise of these complementary capabilities establishes a behavioral track record that can earn trust.
Autonomy is the authority humans grant on the basis of demonstrated reliability.

accommodate user control and the costs of the agent’s intervention (Horvitz, 1999).

Proactiveness has a substantial history in computer science. Classical agent research identified initiative in pursuing goals
as a defining property of intelligent agents, while goal-reasoning research examined how agents select and revise their
own objectives (Wooldridge & Jennings, 1995; Aha, 2018). Work on planning, context-aware computing, and human-
computer interaction provides approaches to anticipating needs, maintaining goals, and managing intervention (Schilit
et al., 1994; Horvitz, 1999). Ideas from philosophy, cognitive science, and control theory also help explain how
purposeful action is organized. We draw on these ideas where they inform the conceptual foundations of proactive Al
Further, contemporary large language model-based agents provide opportunities to develop these capabilities through
architectures that combine memory, reasoning, and action (Wang et al., 2024c).

This survey focuses on computer science research on proactive Al agents. Relevant work is distributed across agent
architectures, planning and goal reasoning, context-aware computing, human-computer interaction, and more recent
systems built on foundation models. These research communities often study related capabilities using different
terminology, assumptions, and evaluation practices, making it difficult to relate their findings to the design of complete
proactive systems. We organize this literature around the mechanisms that support self-initiated action and examine how
those mechanisms are evaluated and used across application settings.

This survey makes three contributions:
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1. Conceptual foundations and historical synthesis. We clarify proactiveness through self-initiation, explain how
initiative relates to granted authority, and trace its development in computer science. Concepts from related fields
inform this account of anticipation, goal reasoning, and human control.

2. A unified mechanism framework. We organize proactive behavior through six interacting capacities: awareness,
anticipation, agenda (formation), arbitration, action, and adaptation. The framework connects maintaining
context and identifying candidate goals with selecting interventions, delivering actions, and learning from their
consequences. It provides a common basis for comparing architectures across domains.

3. Evaluation and cross-domain analysis. We synthesize evaluation approaches at the task, mechanism, and user
levels and examine representative systems across 13 application domains. We compare how these systems exercise
initiative, what authority they receive, and how their interventions are assessed. This analysis identifies gaps in
the evaluation of task discovery and examines how reliable feedback and verification constrain progress across
domains.

Furthermore, proactive agents must judge whether an intervention is useful, when it should occur (McFarlane, 2002;
Amershi et al., 2019), and how far they are permitted to act. Acting too readily can interrupt users (Adamczyk & Bailey,
2004; Mark et al., 2008; Pu et al., 2025a), pursue mistaken goals, or exceed granted authority, while excessive hesitation
can leave important needs unaddressed. We thus use calibrated proactiveness to describe the adjustment of initiative to
uncertainty, risk, timing, user preferences, and permissions. This perspective guides our discussion of future evaluation
challenges, the connection and distinction between proactiveness, long-horizon adaptation and self-improvement, and
proactive Al’s safety and governance.

The remainder of this survey proceeds from conceptual foundations and historical development to the mechanisms of
proactive agency. We then review evaluation practices and applications across domains, followed by future directions
addressing capability development, safety, trust, and governance. The final section concludes the survey.

2  Conceptual Framework

2.1 Defining Proactiveness

A proactive Al agent is an autonomous system that initiates goal-oriented actions without a new, explicit request for
that intervention. The center of this definition is self-initiation: the agent decides to act before being explicitly told to,
and organizes that action around a goal it treats as worth pursuing.

Reactive systems set the baseline for the comparison. A reactive Al agent responds when triggered and stays idle
otherwise, a design that is efficient, controllable, and straightforward to evaluate, since the user or the environment
hands it the immediate task. However, when the user does not ask and no configured trigger calls for a response, an
emerging need remains unaddressed.

Proactive agents differ in how far they look ahead before acting. A schedule or threshold can initiate a check, after
which the agent may exercise discretion in deciding whether an intervention is warranted. More capable agents add an
anticipatory model that forecasts future states, user needs, or downstream consequences, which lets them detect needs
and risks before those become explicit. These forecasts can inform the goals an agent selects and the actions it initiates.

The goal a proactive agent pursues can come from many places. The user might state a high-level objective, for instance
keeping energy cost down, holding code quality steady, or respecting a travel constraint, and the agent later initiates
actions in service of that standing objective. In other settings the goal is fixed inside a specialized system, for instance
preserving a safety margin, preventing equipment failure, or maintaining service quality. The proactive Al agents
may even generate the goal they would serve on their own. Across these settings, proactiveness concerns the agent’s
discretion in selecting and initiating an intervention within the applicable goals, constraints, and permissions.

2.2 The Two Questions Behind Self-Initiated Action
Self-initiated action requires the agent to judge what is worth acting on and whether, when, and how to intervene.

The first is what to act on. Within an assigned task or standing objective, the agent assesses current and anticipated
needs, opportunities, and risks, and settles on something worth doing. This is inseparable from goal alignment: a



Proactive Al for Superintelligent Agents

self-generated or mistimed goal that drifts from what the user actually needs reads as unnecessary or intrusive, however
competently it is executed. Choosing the target is thus already part of the hard problem.

The second is whether, when, and how to act. Because the action is unrequested, the agent has to judge that an
intervention is warranted, timely, and acceptable before making it, then shape and deliver it in a form the user will
endorse. The agent also has to decide whether this is the right moment, whether it is confident enough, whether the
action stays within the authority it has been given, whether the user would rather be offered a suggestion than have the
agent execute on its own, and how assertively to present the result.

The task specification can settle some of these choices and leave others open. For choices delegated to the agent,
self-initiation requires judgments about the value and form of an intervention under uncertainty. For this reason,
proactiveness is a distinct capability with its own representational and evaluative demands.

2.3 The Reactivity-Proactivity Spectrum

Reactive More Proactive

Good! Now, close.

ihe ld and per =
atestprin Work progress update (/)

@ Qzanalysis completed

B conpetareprtdlvasd

P —

28 Stkoholder sy schculed

Nextup: Product roadmap review

provide

Mixed-initiative
assistance il
Human's [ ) () .
role o Collaborator =) Reviewer

Figure 4 The reactivity-proactivity spectrum. The spectrum reflects how much of a task’s residual decision space an agent can
manage without renewed instruction. Greater proactiveness shifts the human contribution from prescribing local actions toward
negotiating priorities and reviewing progress. Reactivity remains necessary for incorporating new instructions and responding to
changes, so the same agent can combine reactive execution with self-initiated work.

As shown in Figure 4, reactivity and proactiveness mark the two ends of a spectrum of behavior, and most systems fall
somewhere between them. Many mix triggered response with self-initiated intervention, and the same Al agent can
move along the spectrum depending on time scale, confidence, and operational context. The useful question about a
deployed system is usually how much initiative it is allowed to take, under what conditions, and with what safeguards.

Most fielded systems are accordingly hybrid, pairing a reactive layer for time-critical response to explicit inputs and
fast-changing signals with a proactive layer for deliberation and foresight over longer horizons. For example, an
autonomous vehicle can brake or steer in response to a pedestrian stepping off the curb, a nearby car braking hard, or a
lane-level hazard. During the same journey, it may assess traffic forecasts and battery reserves, identify a need for an
additional charging stop, and propose adding that stop to the route without a new request from the passenger. A coding
assistant can respond reactively by completing the current line, answering a question about an API, or applying an edit
exactly where asked. It can exercise task-scoped initiative by identifying additional changes needed to complete the
assigned task, and initiate new work outside the current assignment by proposing a refactor, flagging an unreported bug,
or recommending a dependency update under a standing maintenance objective. Personal-productivity assistants and
industrial-monitoring systems sit at their own points on the same spectrum, each described by where its initiative falls
and how that initiative is bounded.
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3 History

This section traces proactive agency as a gradual expansion in the decisions delegated to machines: from reactive systems
that respond to explicit requests or configured triggers, to proactive agents that infer what is worth acting on and decide
whether, when, and how to act without an explicit request. Earlier research communities approached these problems under
different names (Figure 5). Control theory studied self-triggered regulation around fixed objectives; symbolic planning
and world modeling studied anticipation before action; agent theory studied initiative and commitment; context-aware
computing studied persistent situation modeling; mixed-initiative HCI studied intervention under uncertainty; and goal-
reasoning and intrinsic-motivation research studied how agents generate and revise their own goals. Foundation-model
agents matter not because they invented proactiveness, but because they recombine these mechanisms in open-ended,
language-mediated environments (Wiener, 1948; Fikes & Nilsson, 1971; Wooldridge & Jennings, 1995; Schilit et al.,
1994; Horvitz, 1999; Aha, 2018). This history provides the background for Section 4 and shows which parts of proactive
agency predate current LLM systems.
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Figure 5 Historical foundations of increasingly open-ended initiative. Proactive agency draws on complementary traditions that
progressively addressed what instructions leave unresolved: future consequences, persistent goals, changing context, and the value of
intervention. Their development expands the decisions an agent can make beyond a fully specified control objective. Foundation
models integrate and generalize these earlier mechanisms, continuing this cumulative development of proactive capabilities.

This expansion can be understood through the economic logic of incomplete contracts. Economists have long observed
that contracts cannot specify every future contingency, which is why governance, authority, and ownership matter
(Coase, 1937; Simon, 1951; Williamson, 1975, 1985). Modern incomplete-contract theory formalized this problem
in terms of residual rights of control: the right to decide what should happen when the original agreement is silent
(Grossman & Hart, 1986; Hart & Moore, 1988, 1990; Hart, 1995). A prompt, instruction, or standing objective can be
read as a contract-like delegation from a human to a machine. It specifies some goals, constraints, and permissions, but
it cannot describe every future state the agent may encounter. When such an unspecified state arises, the key question
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is who holds the residual control right: should the machine fill the gap, or should control return to the human? Early
proactiveness was limited not because the idea of machine initiative was absent, but because delegating these residual
decisions to machines raised hard problems of state uncertainty, goal alignment, authority, and accountability. The
history below traces how different research traditions gradually made more of these decisions delegable, from planning
and state estimation to intervention timing and goal formation.

3.1 Control and Cybernetics: Self-Triggered Regulation Under Fixed Goals

The theoretical roots of proactive agents can be traced to cybernetics, the study of goal-directed systems (Rosenblueth
et al., 1943; Wiener, 1948). Its central mechanism, the feedback loop, showed how a system can compare its current
state with a desired state and adjust its behavior to reduce the gap. A thermostat is the simplest example: it senses
temperature, compares it with a reference value, and automatically turns heating on or off to maintain the target. This
perceive—compare—act cycle supplied the earliest formal model of self-triggered goal maintenance and helped shape the
later perceive—reason—act view of intelligent agents. In the terminology introduced in Section 4, cybernetic control
supplies the minimal substrate for Awareness, Action, and Adaptation: the machine can track the current state, detect a
gap from a standing objective, and adjust its behavior without waiting for a new command.

3.2 Planning and World Models: Simulating Futures Before Acting

Cybernetics explained how a system could regulate behavior around a standing objective. Early Al and cognitive science
pushed this idea further by treating intelligent behavior as symbolic problem solving and planning (Newell & Simon,
1976). The key shift was that agents were no longer limited to correcting present deviations. They could represent an
internal model of the world and use it to reason about possible action sequences before execution.

STRIPS was a milestone in this transition (Fikes & Nilsson, 1971). It formalized planning in terms of an initial state, a
goal state, and a set of actions with preconditions and effects. By representing the world as logical predicates and actions
as operators over them, STRIPS gave agents a computational form of “what-if”’ reasoning. This established an early
basis for anticipatory behavior, but only in a limited sense. The goal was usually supplied by a user, task designer, or
environment specification. Classical planning therefore explained how an agent could reason toward a given objective,
not how it should decide which objective to adopt.

Later world-model research generalized this anticipatory role from symbolic operators to learned dynamics. Model-based
reinforcement learning and forward models formalized how an agent can predict the next state from the current state
and a candidate action (Sutton, 1991; Jordan & Rumelhart, 1992; Wolpert et al., 1995; Moerland et al., 2023). Learned
latent world models made such prediction scalable by rolling future states forward in compact representations (Ha &
Schmidhuber, 2018; Hafner et al., 2025). These systems strengthened the Anticipation side of proactive agency: an
agent could estimate downstream consequences, compare acting with abstaining, and detect failures before they became
explicit.

3.3 BDI and Agent Theory: Initiative, Commitment, and Proactiveness

Classical planning gave agents a way to reason about future action, but usually toward a goal supplied from outside.
The next major conceptual step came from philosophy. In 1987, Michael Bratman’s theory of intention formalized how
human agents structure their behavior through interconnected mental states (Bratman, 1987):

Beliefs + Desires Intentions Plans Actions

Intentions serve as a bridge between immediate motivation and long-term planning, ensuring both future-directedness
and coherence in action. This insight inspired Al researchers in the 1980s and 1990s to operationalize Bratman’s theory
as a computational framework: the BDI (Belief—Desire—Intention) architecture (Cohen & Levesque, 1990; Rao &
Georgeft, 1995).

The BDI model comprises three interdependent mental attitudes and their dynamic interactions: Beliefs represent the
agent’s informational state about itself, the environment, and others; Desires encode motivational states, or the situations
the agent wishes to bring about; and Intentions represent deliberative commitments to a subset of desires, which the
agent pursues through planned sequences of actions. By embedding commitment into its reasoning cycle, the BDI model
achieved a balance between proactivity and reactivity: it maintained goal stability amid dynamic environments while
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remaining responsive to significant contextual changes. This commitment—reactivity trade-off remains a cornerstone of
modern proactive architectures.

The intelligent-agent literature then made proactiveness a canonical property of agents. Wooldridge and Jennings
characterized agents not only by autonomy, social ability, and reactivity, but also by proactiveness: the capacity to take
initiative in pursuit of goals rather than merely respond to environmental change (Wooldridge & Jennings, 1995). This
literature also clarifies a distinction that remains easy to blur: proactiveness concerns whether the agent can originate
initiative, while autonomy concerns how much authority it has been granted to act with less supervision. For our
mechanism account, the BDI lineage supplies the historical root of Agenda. A predicted need, opportunity, or risk
becomes proactive behavior only when the agent commits to it as something to pursue.

3.4 Ubiquitous and Context-Aware Computing: Maintaining the Situation Model

Planning and BDI explain how an agent reasons toward goals and commits to them, but a proactive agent also needs
grounding before any prompt arrives. This is the contribution of ubiquitous and context-aware computing. Weiser’s
vision of ubiquitous computing placed computation in the background of ordinary activity, while early context-aware
systems used information such as location, identity, activity, time, and device state to adapt behavior without explicit
commands (Weiser, 1991; Schilit et al., 1994). Later work sharpened context awareness as the ability to use such
situational information to provide relevant services or behavior (Abowd et al., 1999).

For proactive agency, this lineage further supplies the historical root of Awareness: the agent must maintain a
model of the user and environment rather than wait for the user to specify what matters. Such a model can include
location, calendar, current task, workflow history, preferences, sensor readings, screen state, organizational setting, and
environmental risk. It is the substrate on which later Anticipation operates, because an agent cannot forecast a latent
need without first estimating the current situation.

3.5 Mixed-Initiative Interaction: The Economics of Intervention

Context-aware systems gave machines a model of the user’s situation, but situation awareness does not by itself justify
intervention. The mixed-initiative tradition shifted the question from whether a system can take initiative to when that
initiative should enter human activity. In a mixed-initiative system, control can move between user and machine: the
system may suggest, clarify, or take over part of the work, and control may later return to the user. Horvitz framed this
movement as a decision under uncertainty, where the expected value of assistance must be weighed against the costs
of error, interruption, and reduced user control (Horvitz, 1999). Tennenhouse’s proactive-computing agenda pushed a
related vision of systems that continuously sense and act under human supervision (Tennenhouse, 2000).

The key contribution of this lineage is that initiative is not automatically valuable. A correct suggestion can still be
harmful if it arrives at the wrong moment, removes the user’s sense of control, or accumulates false positives that erode
trust. Interruption-management research made these costs measurable: interruptions impose recovery time, increase
errors, and vary sharply with timing, with task boundaries often providing more acceptable moments for intervention
than mid-task disruption (McFarlane, 2002; Adamczyk & Bailey, 2004; Igbal & Horvitz, 2007; Bailey & Konstan,
2006). Attention-aware systems and personalized interruption models then treated the cost of a notification as a quantity
to be estimated rather than a presentation detail (Horvitz & Apacible, 2003; Horvitz et al., 2004).

For proactive agents, this literature supplies the historical root of Arbitration. Anticipation may identify a latent need,
but Arbitration decides whether that need justifies action now, at what level of autonomy, and through what form of
delivery. The agent must weigh confidence, expected benefit, timing, reversibility, and granted authority before acting.
Mixed-initiative interaction therefore provides the “whether, when, and how strongly” side of proactive agency.

3.6 Goal Reasoning and Intrinsic Motivation: Generating the Agenda

The preceding lineages explain how agents sense the present, simulate the future, commit to intentions, and gate
interventions, but they leave one burden only partly specified: where do candidate goals come from when no user has
supplied them? Goal reasoning addresses this question directly by asking where goals come from and how they should
be revised. Goal-driven autonomy studied agents that monitor expectations, detect discrepancies between expected and
observed states, explain those discrepancies, formulate new goals, and manage the resulting goal set (Molineaux et al.,
2010; Klenk et al., 2013; Vattam et al., 2013; Aha, 2018). This loop is proactive by construction: the trigger for a new
goal is not an external command, but the agent’s recognition that the world has departed from what it expected. A failed
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plan, missing resource, emerging threat, or newly available opportunity can become a goal the agent adopts before the
user has named it.

A complementary lineage comes from intrinsic motivation and open-ended learning. Goal-driven autonomy generates
goals from discrepancies in the world, while intrinsically motivated agents generate objectives from internal signals such
as curiosity, novelty, uncertainty reduction, or learning progress (Barto et al., 2004; Oudeyer et al., 2007; Schmidhuber,
2010). Prediction-error curiosity drives agents toward states whose outcomes they cannot yet forecast, while learning-
progress signals steer them toward goals near the frontier of current competence (Pathak et al., 2017; Forestier et al.,
2022). These systems show that self-generated goals need not arise only from anomaly repair. An agent can form an
agenda because a region of the environment is informative, learnable, or worth exploring. Modern open-ended agents
inherit this pattern: Voyager uses an automatic curriculum to propose new skills, while autonomous research agents
generate hypotheses, experiments, or research directions as part of longer discovery loops (Wang et al., 2024a; Lu et al.,
2024). What matters here is that these agents do more than carry out long tasks. They also begin to supply the Agenda
that guides what should be pursued next.

3.7 Foundation Models: Recombination at Open-Ended Scale

The foundation-model era brings the earlier lineages together. A foundation model is a model trained on broad data at
scale and adaptable to a wide range of downstream tasks (Bommasani et al., 2021). Large language and multimodal
foundation models extend this idea by providing a common representational substrate for goals, preferences, constraints,
plans, memories, tool calls, and explanations. This substrate lets mechanisms that were historically developed in separate
communities operate inside a single agent architecture: context tracking from ubiquitous computing, future simulation
from planning and world models, commitment from BDI, agenda formation from goal reasoning, intervention gating
from mixed-initiative interaction, and adaptation from feedback.

Contemporary agents built on foundation models illustrate this recombination. Language agents interleave reasoning
and tool use, decompose natural-language objectives, maintain memory, simulate future steps, and revise plans over
extended interaction (Yao et al., 2023b; Sumers et al., 2024; Park et al., 2023). Open-ended agents generate curricula
or subgoals, proactive assistants infer latent needs from context, and autonomous research systems generate and test
hypotheses across multi-step loops (Wang et al., 2024a; Lu et al., 2025a, 2024). This generality also expands the stakes
of initiative. A narrow proactive system may adjust a thermostat or issue an alert, while an agent built on foundation
models may email a person, edit a repository, schedule a meeting, operate a browser, call an API, or change a production
system. The central question therefore becomes sharper: when should the agent move first, how far should it go, and
when must it ask, defer, or remain silent? Foundation models make proactivity more general, and for that reason make
calibrated proactivity more necessary.

3.8 Synthesis: From Historical Lineages to Mechanisms

The current LLM-driven wave of Al renews a much older agenda. Long before foundation models, proactiveness had
already appeared across cybernetics, symbolic Al, cognitive science, automation, operations research, and human-
computer interaction. These traditions studied different parts of the same problem: how a system senses a situation,
reasons about the future, commits to goals, evaluates the value of intervention, and coordinates its initiative with human
control. Many of these ideas now reappear as core ingredients in the development of more general agents. Progress on
proactive agency will therefore require more than larger models. It will require a renewed integration of the fields that
have studied initiative, decision, control, and human agency from different angles.

Seen from this perspective, proactive agency is a history of increasingly incomplete delegation. Early control systems
operated under nearly complete specifications: a fixed objective, a narrow state variable, and a small action set. Later
agents were asked to fill in more of what the instruction left open, from action sequences and future contingencies
to situation models, intervention timing, and self-generated goals. Proactiveness is the capacity to fill these gaps;
autonomy is the authority granted to act on the resulting judgments. As agents gain real authority through information,
prediction, memory, and tool use, calibrated proactivity becomes the problem of keeping that real authority aligned with
the authority humans have formally granted (Aghion & Tirole, 1997). The six-A mechanism in the next section can be
read as the machinery that makes such incomplete delegation possible.
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Figure 6 Six interacting capacities for exercising proactive discretion. Awareness maintains a situation model that enables
Anticipation to identify future needs and predict the consequences of possible actions. Agenda converts these forecasts into prioritized
commitments, and Arbitration determines whether and when to intervene. Action carries out the selected intervention, while
Adaptation uses outcomes and feedback to update the other capacities.

4 Mechanism

We organize the mechanisms of proactive Al agents into six interacting capacities, abbreviated the six A’s: Awareness,
Anticipation, Agenda, Arbitration, Action, and Adaptation (Figure 6). Within this framework, Anticipation and
Arbitration address two distinctive demands of self-initiated work: identifying needs and opportunities for work that no
explicit user request or task instruction has specified, and deciding whether, when, and how to initiate an intervention
within granted permissions.

Awareness, Agenda, Action, and Adaptation have established roles in general Al agents. However, their proactive forms
can require substantial changes: maintaining context before a request arrives, generating and revising goals alongside
assigned tasks, delivering unsolicited interventions with appropriate user control, and learning from feedback on the
agent’s own initiative. Proactive behavior emerges through the interaction of all six capacities. Table | organizes
representative works by these six mechanisms and their subdimensions.

Table 1 Taxonomy of the 6A mechanisms for proactive agents, with representative works.

Mechanism Sub-dimension Representative Works

Awareness (§4.1) Multimodal State Tracking & Context ProAgent (On-Demand Sensory) (Yang et al., 2026a), MIRIX (Wang
Management (§4.1.1) & Chen, 2025)
Active Perception & Proactive Information Ask Early, Ask Late, Ask Right (Gulati et al., 2026), Asking Before
Seeking (§4.1.2) Acting (Chen et al., 2024b)
Hierarchical Memory Systems (§4.1.3) MemGPT (Packer et al., 2023), Generative Agents (Park et al.,

2023), PlugMem (Yang et al., 2026¢)

Continued on next page
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Table 1 (continued)

Mechanism

Sub-dimension

Representative Works

Runtime Architectures (§4.1.4)

Sleep-time Compute (Lin et al., 2025), Heartbeat Scheduler (Su,
2026b), Agent.xpu (Wei et al., 2026b)

Anticipation (§4.2)

Modeling the User (§4.2.1)

Tell Me More! (Qian et al., 2024), JIR-Arena (Yang et al., 2025d)

Modeling the World (§4.2.2

Ha & Schmidhuber (World Models) (Ha & Schmidhuber, 2018),
Qwen-AgentWorld (Zuo et al., 2026)

Counterfactual Reasoning (§4.2.3)

Planning for Proactive Assistance (Kulkarni et al., 2021),
CF-GPS (Buesing et al., 2018)

Generative Scenario Simulation (§4.2.4)

Talking with 1,000 Personas (Xuan et al., 2026), ProMediate (Liu
et al., 2026q)

Agenda (§4.3)

Goal Generation (§4.3.1)

Goal-Driven Autonomy (Molineaux et al., 2010), AI Scientist (Lu
et al., 2024)

Sub-Goal Proposal & Long-Horizon Agendas
(§4.3.2)

Long-term Task-oriented Agent (Shi et al., 2026b), PEPA (Liu et al.,
2026j)

Goal Prioritization & Conflict Resolution

(§4.33)

Instruction Hierarchy (Wallace et al., 2024), Corrigibility (Soares
etal., 2015)

Arbitration (§4.4)

Uncertainty Quantification & Confidence
Thresholds (§4.4.1)

KnowNo (Ren et al., 2023), Ask or Assume? (Edwards & Schuster,
2026), DiscussLLM (Silence Token) (Patel et al., 2026)

Utility-Cost Analysis (§4.4.2)

Horvitz (LookOut) (Horvitz, 1999), Attention-Sensitive
Alerting (Horvitz et al., 2013b)

Timing & Interruption Management (§4.4.3)

SHANKS (Chiang et al., 2025), Adamczyk & Bailey (Adamczyk &
Bailey, 2004), ProMemAssist (Pu et al., 2025b)

Risk- & Reversibility-Aware Gating (§4.4.4)

ToolEmu (Ruan et al., 2024), Attainable Utility Preservation (Turner
et al., 2020b), Variable-Autonomy by Ceriticality (Panagopoulos
et al., 2022)

Action (§4.5)

The Spectrum of Autonomy & Interaction
Paradigm (§4.5.1)

Sheridan & Verplank (10 levels) (Sheridan & Verplank, 1978),
Situational Autonomy (Salikutluk et al., 2024), Feng et al. (Levels of
Autonomy) (Feng et al., 2025)

Action Presentation & Mixed-Initiative
Delivery (§4.5.2)

Magentic-UI (Mozannar et al., 2025), Less Interaction But More
Explanation (Jang & Sundar, 2026), Sensible Agent (Lee et al.,
2025b)

Adaptation (§4.6)

Implicit Feedback & Self-Correction (§4.6.1)

Grounded in Reality (Wei et al., 2025a), ProactiveAgent (Lu et al.,
2025a), CDHF (Mozannar et al., 2024b)

Inference-Time Reflection (§4.6.2)

Proactive Conversational Agents (Inner Thoughts) (Liu et al.,
2025g), Agentic Metacognition (Xu, 2025)

Long-Term Calibration, Personalization &
Trust (§4.6.3)

Lee & See (Trust in Automation) (Lee & See, 2004), PPP (Sun et al.,
2025b)

4.1 Awareness

Before an agent can anticipate anything, it must hold an estimate of what is currently the case (Figure 7). Awareness
is the process that builds and maintains that estimate, and we take it up in four parts: tracking state from multimodal
streams into a persistent situation model (§4.1.1), deciding what to sense or ask about next when that estimate falls short
(§4.1.2), organizing what has been learned into a hierarchical memory that later prediction can draw on (§4.1.3), and
running a cognitive loop that can fire without an incoming query (§4.1.4). For proactive agents, Awareness must support
the discovery of work before a request arrives. This changes what the agent monitors, which context it retains, and when
it gathers more information, with sensing and memory organized around continuing needs across tasks and sessions.

4.1.1 Multimodal State Tracking and Context Management

A reactive system can interpret each request as it arrives; an agent acting without a new request uses observations and
retained context to assess the current situation. A persistent, regularly updated model of user and environment state
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Figure 7 Awareness grounds initiative in decision-relevant context. When instructions leave decisions unspecified, the agent
must determine what is happening, what prior experience remains relevant, and what information is missing. Persistent memory and
self-invoked monitoring make this understanding available between requests, while selective information seeking closes consequential
gaps. The central trade-off is maintaining sufficient context for sound decisions while controlling the costs of computation, energy,
privacy, and user attention.

can support this assessment, an approach that predates current foundation-model agents. Context-aware computing in
ubiquitous computing built ambient models of a user’s situation and used them to reconfigure behavior automatically
(Schilit et al., 1994; Abowd et al., 1999). Dialogue state tracking is the longest-running formalization of maintaining
a belief over a user’s goals as an interaction unfolds, running from the Dialog State Tracking Challenge through the
MultiWOZ corpus to modern neural trackers (Williams et al., 2013; Budzianowski et al., 2020; Jacqgmin et al., 2022).

Proactive agents generalize this recipe along two axes at once: from a fixed schema of slot-values to open-world state, and
from discrete dialogue turns to continuous multimodal streams. Early ambient assistants already monitored a person’s
state with non-intrusive sensors and intervened when a predictive model of work pressure and exhaustion flagged trouble
(Bosse et al., 2013), and operational decision-support agents maintained a running model of the environment in order to
deliver the right information to the right person at the right time (Buchler et al., 2014). The state model is only as good
as the perception that fills it, and that perception is a general capability the proactive agent inherits from the broader
perception literature: egocentric vision (Grauman et al., 2022), wearable activity recognition (Zhang et al., 2022; Wu
et al., 2026d), and screen and interface understanding (Baechler et al., 2024), each a partial and noisy view that has to
be fused into one estimate. Feeding always-on streams into a bounded model context creates a systems tension that
streaming and context-paging architectures manage (Chen et al., 2024a; Xiao et al., 2024; Packer et al., 2023); we defer
the memory side of this tension to §4.1.3. One signal in this stream is natively anticipatory and worth singling out: gaze
precedes the action it serves, so eye movements give an early read on intention that feeds prediction directly (§4.2)
(Belardinelli, 2023; Wilson et al., 2025). Recent proactive systems already assemble these streams, fusing wearable
video and audio into the context that drives proactive predictions (Yang et al., 2025b).

Recent systems are turning this research aspiration into working prototypes, with early commercial features starting
to appear. Continuous screenshot and sensor capture is folded into queryable personal memory by systems such as
MIRIX (Wang & Chen, 2025), with commercial timeline-recall features such as Microsoft Recall, Screenpipe, and Plaud
NotePin serving as industrial exemplars of the same idea (Microsoft, 2025b; Screenpipe, 2026; PLAUD, 2026); native
interface agents track screen-state transitions as their world state (Qin et al., 2025¢); and mobile agents tie on-device
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capture to user context for proactive suggestion (Yang et al., 2026e; Li et al., 2024c). The cost of capture that never
stops recurs across all of them. Tiered sensing keeps cheap sensors always on and wakes expensive ones only when
relevance is flagged (Yang et al., 2026a), and privacy-sensitive domains push the whole pipeline on-device (Ji et al.,
2025). This privacy-and-energy bill is the standing tax on awareness that the gating discussion (§4.4) and the systems
discussion (§4.1.4) return to.

4.1.2 Active Perception and Proactive Information Seeking

Choosing what to sense is itself a decision problem. Active perception couples sensing to action selection in vision and
robotics (Bajcsy, 1988; Bajcsy et al., 2017), and active learning and Bayesian experimental design choose queries to
maximize expected information gain (Settles, 2009; Chaloner & Verdinelli, 1995). These classical formulations supply
the vocabulary, information gain and expected value of perfect information, that modern “should I ask?” heuristics
implicitly rediscover, and recent agent work imports the formal apparatus explicitly, casting question selection as
sequential Bayesian experimental design or as expected-information-gain maximization over a maintained belief state
(Choudhury et al., 2026; Echarghaoui et al., 2026).

When the missing information lives in the user’s head, the active-sensing act becomes a clarifying question. An
unsolicited clarification claims the user’s attention and must pass the same arbitration gate (§4.4) as any other intervention.
The design problem has two parts. Selectivity governs when an ambiguity is worth an interruption, the question that
systems for selective clarification and ambiguity detection address (Kuhn et al., 2023a; Zhang et al., 2024g; Qian et al.,
2024); utility governs which question buys the most information, which is expected value of perfect information in
conversational clothing (Aliannejadi et al., 2019; Rao & III, 2018). The literature has matured from prompted heuristics
to trained asking policies that learn when and what to ask from interaction or offline logs (Li et al., 2023a; Andukuri
et al., 2024; Wei et al., 2025a; Sun et al., 2025b). The same pattern recurs wherever underspecified instructions meet
costly downstream execution: open-domain coding agents, text-to-CAD specification, and dynamic-rule compliance
screening each report agents that clarify before they commit (Edwards & Schuster, 2026; Yuan et al., 2026a; He et al.,
2025a), and timing matters as much as content, since the value of a clarification depends sharply on when it is asked and
which kind of information is missing (Gulati et al., 2026).

When the missing information is external, the same gate becomes an in-generation retrieval decision: the agent monitors
its own uncertainty and searches only when its parametric knowledge is insufficient, the pattern established by the
adaptive-retrieval line (Asai et al., 2023; Jeong et al., 2024; Jiang et al., 2023; Press et al., 2023). Agentic search and
evidence-seeking variants extend uncertainty-guided retrieval to reasoning models and to domains such as pathology
and recommendation (Li et al., 2025e; Hua et al., 2025; Zhang et al., 2026a).

In embodied and interactive settings the question carries a price: it interrupts a person, spends a turn, or stalls the task,
so information seeking has to be budgeted against task progress. Ask-before-acting policies gate a query on whether the
missing information would change the next decision (Chen et al., 2024b; Wang et al., 2026k); expert-query budgets are
spent sparingly under learned uncertainty estimates (Singh et al., 2022; Igbinedion & Karaman, 2024; He et al., 2025b);
question sequences are planned to maximize expected information gain (Hu et al., 2024; Fang et al., 2026¢); and the
completion-versus-interaction balance is optimized (Luo et al., 2026b), with that trade-off cast as an explicit Pareto
frontier (Yao et al., 2026). The same budgeting drives collaborative navigation and joint planning, where every dialogue
turn with a human is a cost to minimize (Taioli et al., 2025; Zhang et al., 2024h; Ognibene et al., 2025; Fang et al.,
2026d; Houtti et al., 2025). Asking for clarification can resolve uncertainty before further action and gives the user an
opportunity to guide that action (§4.5).

4.1.3 Hierarchical Memory Systems

Cognitive science provides the structural basis for agent memory. The episodic and semantic distinction (Tulving et al.,
1972) and the separation of working memory from long-term declarative and procedural stores in cognitive architectures
(Anderson et al., 2004; Laird et al., 2017; Nuxoll & Laird, 2007) carry over almost directly into the memory modules
of modern agent frameworks (Sumers et al., 2024). The four memory stores are working, episodic, semantic, and
procedural.

An agent that monitors a streaming situation cannot let its context window fill passively. Staying current means
continuously deciding which elements of the live situation map are kept resident and which are paged out or expired,
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the operation that operating-system-style virtual context management supplies (Packer et al., 2023) and that the agent-
memory surveys catalog in general (Zhang et al., 2024k; Hu et al., 2026f). For a proactive agent the workspace doubles
as the buffer that demand detection reads, so streaming systems pair a working store with a need detector that fires on it
(Xie et al., 2026), and long-running agents cap workspace size to keep always-on cognition affordable (Zhang, 2026a).

Anticipation (§4.2) works from recurring patterns, and those patterns have to be built before they can be used. Episodic
consolidation is what turns raw interaction history into them, through retrieval weighted by recency, importance, and
relevance together with reflection, linking, and decay (Park et al., 2023; Xu et al., 2025d; Zhong et al., 2023; Chhikara
et al., 2025; Tan et al., 2025). Recent systems make the proactive payoff concrete, distilling interaction trajectories into
reusable experiences that drive unprompted assistance (Wang & Jiang, 2026; Fiorini et al., 2025) and folding event
streams into structures that surface what the user will need next (Wang et al., 2026g; Yang et al., 2026c).

For a proactive agent a stale preference is especially expensive, because acting on it produces an unprompted wrong
intervention, and an unsolicited error costs more trust than a solicited one. Long-term stores therefore track not only
what is true of the user but when it stopped being true, through persona and preference stores (Li et al., 2025c),
temporal knowledge graphs that invalidate superseded facts (Rasmussen et al., 2025), and timestamped repositories
that detect contradictions and update on human correction (He et al., 2025a). The memory surveys frame this as the
temporal dimension of agent memory (Wu et al., 2025f), and LongMemEval quantifies the cost of getting it wrong,
reporting roughly a 30% accuracy drop over sustained interaction (Wu et al., 2025b); grounding suggestions in a group’s
accumulated history is the multi-user form of the same requirement (Wang et al., 2025¢).

Deliberating from scratch makes every intervention expensive. Consolidating repeatedly successful action sequences
into reusable skills lets proactive behaviors fire habitually at low marginal cost, the procedural-memory class that
cognitive architectures and their agent descendants identify (Anderson et al., 2004; Sumers et al., 2024). Agents build
executable skill libraries (Wang et al., 2024a), induce reusable workflows from past traces (Wang et al., 20250), compile
mastered goals into fast low-level policies (Carta et al., 2025), and store synthesized strategies for proactive dialogue
(Kim et al., 2025b). Semantic memory holds who the user is and procedural memory holds what the agent already
knows how to do; together they feed anticipation (§4.2) and execution (§4.5).

4.1.4 Runtime Architectures: Triggers, Always-On Monitoring, and Sleep-Time Compute

A chatbot’s cognition is invoked when a query arrives; a proactive agent has to decide when to wake up, and that decision
cannot itself be a response to a query. Classical lineages decoupled triggering from acting but with fixed, hand-authored
conditions: event-condition-action rules in active databases (Paton & Diaz, 1999), trigger-action programming in the
smart home (Ur et al., 2014), and interrupt-driven deliberation in belief-desire-intention architectures (Rao & Georgeff,
1995), with doctrine-driven monitors in operational decision support showing the same shape at scale (Buchler et al.,
2014). The modern question is what replaces the hand-authored trigger, and adaptive schedulers that decide when to
engage which cognitive activity are one emerging answer (Su, 2026b).

The contemporary pattern is a continuous event stream paired with a lightweight should-I-act judgment. ProactiveAgent
learns this judgment from human-labeled acceptance data and fine-tunes agents to offer assistance unprompted (L.u
et al., 2025a). The recipe instantiates across settings: sensory-context polling on wearables and smart glasses (Yang
et al., 2025b, 2026a; Liu et al., 2026n), agent-formulated trigger conditions registered against a changing environment
(Shi et al., 2026b), intent-conditioned monitoring backed by long-term memory (Xie et al., 2026), and the industrial
ambient-agent pattern of event-driven, cron-scheduled, human-in-the-loop loops (LangChain Blog, 2025). Real-time
collaboration pushes the monitor to high frequency so that adaptation can keep pace with a human partner (Liu et al.,
20261).

Wakefulness is graded: between fully asleep and acting lies idle computation, where the agent that has already thought is
the agent that can act first. Sleep-time compute rewrites context offline to amortize test-time reasoning (Lin et al., 2025);
memory-consolidation pipelines rewrite persistent memory offline to reorganize accumulated experience (Anthropic,
2026f; Ye et al., 2026a); speculative planning pre-executes likely next steps while waiting on observations (Choi et al.,
2026a; Hua et al., 2024); and idle-time anticipation pre-fetches evidence for predicted needs (Hu et al., 2026a).

Always-on cognition runs on real silicon, and the bill comes due in scheduling, energy, and privacy. Agent operating
systems schedule and context-switch agent workloads (Mei et al., 2025); heterogeneous-SoC schedulers keep latency-
critical reactive interactions responsive while sustaining background proactive monitoring on the same device (Wei et al.,
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2026b); and the privacy cost of always-listening voice assistants is well documented, where continuous microphone
access trades exposure for convenience (Chandrasekaran et al., 2021). Edge-cloud splits with on-device sanitization keep
sensitive monitoring local (Shen et al., 2026b), and mobile agents hibernate to respect battery and platform sandboxing
while still waking for time-sensitive obligations (Kadaboina, 2026). The heartbeat scheduler reappears here as the
runtime that decides how much to spend while idle (Su, 2026b), closing the loop between an agent’s awareness of its
situation and its readiness to act on it, the readiness that the anticipation stage of §4.2 now puts to work.

4.2 Anticipation
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Figure 8 Anticipation establishes why an intervention may be worth initiating. A useful forecast identifies not only a possible
future need but also how acting could improve on abstaining. User and world models supply the predictions, while counterfactual
comparison and scenario rehearsal connect them to expected consequences. Anticipation thus provides the predictive basis for
proposing goals and judging interventions, linking what may happen to what the agent could usefully do.

Anticipation is the first of the two distinctively proactive capacities. It takes the situation estimate that awareness
maintains and projects it forward to a latent need before that need is voiced. Two questions organize anticipation
(Figure 8): what to model, and how to operate on the model. The thing worth modeling is the interaction environment,
and which part of that environment is most salient varies by deployment. Sometimes the salient part is a person, and
anticipation reduces to inferring a user’s hidden intent and mental state (§4.2.1); sometimes the salient part is the
non-human dynamics of a system or scene, and anticipation reduces to rolling the environment forward (§4.2.2). A
user is one part of the world the agent inhabits, so these are two cases of a single modeling problem that differ only
in where the predictive weight falls. On top of whichever case supplies the forecast sit two model-agnostic inference
operations: forking the future to value a possible intervention (§4.2.3), and sampling many futures to rehearse an act
before committing to it (§4.2.4).

4.2.1 Modeling the User: Intent and Mental States

When the salient part of the environment is a person, the future the agent must predict is a hidden mental state: what
the user wants, believes, and will need next. This is Theory of Mind, the capacity to attribute unobservable mental
states to others (Premack & Woodruff, 1978), whose developmental signature is the false-belief task, in which a child
succeeds only once they can represent that another person holds a belief the child knows to be false (Wimmer, 1983;
Baron-Cohen et al., 1985). Differences between the agent’s and user’s models of the situation can reveal needs the user
has not expressed.

Inferring intent from behavior predates language models. Plan and intent recognition framed the task as inverting
observed actions back to the goal that generated them (Kautz & Allen, 1986; Sukthankar et al., 2014), and Bayesian
Theory of Mind and meta-learned agent models recast that inversion as inverse planning over a rational actor (Baker
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et al., 2017; Rabinowitz et al., 2018). The Lumiere project built a Bayesian user model to infer a software user’s goals
from their actions and shipped as the basis for the Microsoft Office Assistant (Horvitz et al., 2013a). Horvitz’s own
follow-up laid out the missing piece as principles for gated action, arguing that an inference-driven assistant should
weigh the uncertainty of its inference against the cost of a poorly timed intervention (Horvitz, 1999), previewing why
arbitration (§4.4) is inseparable from anticipation.

Whether language models possess Theory of Mind is contested, and that contest is the load-bearing caveat for a proactive
agent. Some studies report human-level false-belief performance (Kosinski, 2024); others show that trivial alterations to
the same problems collapse it (Ullman, 2023). Targeted benchmarks find the capacity brittle and shallow (Kim et al.,
2023; Chen et al., 2024d; Xu et al., 2024a), and a model can state a mental state correctly yet fail to act on it (Gu et al.,
2026). The exact regime a proactive agent operates in is the weakest one: applied Theory of Mind under information
asymmetry, where the agent must commit to an action on the inferred state and a misread propagates into a consequential
misunderstanding (Kaur et al., 2026; Qian et al., 2025a; Weisz et al., 2024).

Because emergent Theory of Mind is unreliable, deployed systems scaffold an explicit belief representation the agent
can query and audit instead of trusting the capacity to appear on its own. Perspective-taking prompts filter the context
down to what a target can actually see before the model reasons about them (Wilf et al., 2023); symbolic belief graphs
maintain a separate belief state per agent (Sclar et al., 2023); and neuro-symbolic and multimodal approaches pair a
language model with structured Bayesian inference over goals and beliefs (Jin et al., 2024a; Shi et al., 2025a; Wang
et al., 2026n). The proactive payoff is that an explicit belief state is inspectable and can be consumed directly by the
arbitration gate (§4.4): the agent can expose what it thinks the user believes before it acts on that estimate.

In deployment, user-modeling for proactivity recurs in three forms. Agents elicit intent by inference over accumulated
interaction history (Zhao et al., 2026a; Zheng et al., 2026a); they anticipate the next task the user will need help with,
whether as just-in-time information, open-future task discovery, or actionable assistance (Yang et al., 2025d; Song et al.,
2025b; Siangliulue et al., 2026); and they carry inferred intent in long-term memory to drive prosocial, well-timed
intervention, including the multi-party cooperative setting where the agent must model several people at once (Bortoletto
et al., 2025; Liu et al., 2026q; Zhang et al., 2024a; Sequeira et al., 2025; Favier et al., 2022; Liu et al., 2024f). The same
anticipation logic applies when the most salient part of the environment is not a person but the surrounding system,
which is the case we turn to next.

4.2.2 Modeling the World: Environment Dynamics and Future Prediction

When the salient part of the environment is the non-human dynamics of a system or scene, anticipation needs a forward
model of how that environment evolves, and Theory of Mind plays little role. The foundation is classical and borrowed.
Forward and inverse models and model-based reinforcement learning formalize predicting the next state from the current
state and an action (Sutton, 1991; Jordan & Rumelhart, 1992; Wolpert et al., 1995; Moerland et al., 2023); learned latent
world models make imagination tractable by rolling the future forward in a compact latent space (Ha & Schmidhuber,
2018; Hafner et al., 2022, 2025; Assran et al., 2025); and generative video world models scale open-ended visual
prediction in settings such as interactive environments and autonomous driving (Bruce et al., 2024; Russell et al., 2025).
The point worth keeping at full weight for an act-first agent is the fidelity criterion: what the intervention decision needs
from a world model is predictive usefulness, so a coarse rollout that correctly flags an impending failure is worth more
than a high-fidelity video that gets the dynamics wrong (Kang et al., 2025; Amos-Binks et al., 2023).

For web, software, and dialogue settings the environment is symbolic, and this is where environment modeling becomes
natively useful to today’s agents: a language model can serve as a zero-shot simulator of state transitions (Wang et al.,
2024h; Hao et al., 2023; Zuo et al., 2026), letting a proactive agent preview the result of acting against the result of
abstaining before it commits to an irreversible step such as submitting a form, running a migration, or sending a message.
The same forward-model role a learned world model plays is obtained from a model already in the loop. The pattern
spans egocentric action anticipation, which predicts the next action and the object it will touch from first-person video
(Furnari & Farinella, 2020; Girdhar & Grauman, 2021; Grauman et al., 2022), large-scale user-behavior simulation
(Wang et al., 2024d), and multi-agent rollout that searches over plausible future task outcomes (Song et al., 2025b). This
zero-shot simulator is the substrate the next two inference operations build on.
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4.2.3 Counterfactual Reasoning: Valuing the Intervention

Whichever case supplied the predictive model, the decision to act reduces to one proactively-distinctive operation: fork
the future and compare. The agent contrasts the world in which it acts with the world in which it abstains, and the
divergence between the two is the estimated value of intervention, the quantity the arbitration gate (§4.4) consumes.
Prospective comparisons of acting and abstaining concern interventions in Pearl’s hierarchy. Counterfactual reasoning
additionally asks what would have happened under an alternative action, conditional on facts observed in a particular
episode. Both can use simulation, provided the model supports the relevant causal query (Pearl, 2009, 2018; Bottou
et al., 2013; Kiciman et al., 2024). Proactive-assistance planners already instantiate the fork explicitly, contrasting a
human’s task cost with and without help and timing a robot’s guidance by the travel time it would save (Kulkarni et al.,
2021; Lo & Thomaz, 2021).

Human counterfactual thinking is functional: upward “if only” thoughts that imagine a better outcome generate
behavioral intentions and drive future improvement (Epstude & Roese, 2008; Roese, 1997; Byrne, 2019). That is the
design rationale for an agent that self-queries how bad it would be if it did not act, turning the same upward-counterfactual
process into an intervention-valuation loop in which the imagined worse future where it stayed silent is what motivates
acting first. Deployed duty agents already compute an opportunity cost of inaction in exactly this shape (Kadaboina,
2026).

Reinforcement learning supplies off-the-shelf estimators for the act-minus-abstain delta: a counterfactual baseline
marginalizes one agent’s action to isolate its causal contribution, counterfactually-guided policy search evaluates
alternative actions on logged episodes, and hindsight relabeling treats reached states as counterfactual goals (Foerster
et al., 2024; Buesing et al., 2018; Andrychowicz et al., 2018). These estimators are off-the-shelf; the proactive content
lives in why the quantity is a fork and in what the fork is finally used for.

If a prompted model rather than an explicit estimator performs the valuation, its reliability becomes the load-bearing
question, and the evidence cautions. Models handle familiar conditionals but degrade sharply on genuine counterfactual
queries (Frohberg & Binder, 2022; Wu et al., 2024c; Jin et al., 2024c) and on presuppositional prompt perturbations (Li
et al., 2025f). A miscalibrated counterfactual yields a miscalibrated delta and therefore a wrong decision to intervene or
stay silent, and the brittleness propagates straight into the arbitration gate; agentic benchmarks confirm pronounced
failures in counterfactual reasoning under partial observability (Bharadwaj et al., 2026).

The same counterfactual that values the intervention also explains it. Explanations for automated decisions are inherently
contrastive, sought in response to counterfactual cases about what would have happened otherwise (Miller, 2018;
Wachter et al., 2017), and in the proactive setting the same "harm-that-would-have-occurred" narrative both feeds the
delta into arbitration (§4.4) and serves as a minimal explanation for the unprompted act. This is what makes anticipation
the proactively-distinctive bridge to trust: an agent that can state the averted future it imagined gives the user the handle
needed for appropriate reliance (Lee & See, 2004), a principle the deployed proactive-assistance line builds on (Lu et al.,
2025a; Kulkarni et al., 2021).

4.2.4 Generative Scenario Simulation: Mental Sandboxing

The cognitive precedent for an agent that rehearses before acting is well established: the simulation heuristic judges
likelihood by mentally running a scenario, the simulation view treats conscious thought as covert action, and episodic
future thinking pre-lives a personal future (Kahneman & Tversky, 1982; Hesslow, 2002; Schacter et al., 2007; Szpunar,
2010). The proactive payoff generalizes the counterfactual fork of the previous subsection: sampling many futures
instead of contrasting two turns pairwise deltas into distributions over outcomes that an act-first decision can be taken
against.

A language model can occupy both roles a rehearsal requires, proposing actions as the policy and predicting their
consequences as the environment, which enables tree search over self-generated futures (Yao et al., 2023a; Zhou et al.,
2024a) and anticipatory reflection that predicts a failure before the action is executed (Wang et al., 2024b). For a
proactive agent this is a generative sandbox: it can sample a distribution of what would happen if it acted, entirely
internally, before it commits.

The proactively-distinctive form of sandboxing rolls out the user: the agent simulates how the conversation or interaction
will unfold, and the strong modern move trains a proactive assistant inside large-scale persona simulations, generating
many synthetic users, letting the agent practice anticipating and clarifying against them, and shipping the policy that
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survives. Dialogue rollouts and future-turn modeling supply the mechanism (Lewis et al., 2017; Zhang et al., 2025f),
language-model user simulators scale it (Luo et al., 2024a), and proactivity is now manufactured this way across
recommendation, delegated planning, recruitment, adaptive interfaces, tutoring, and clinical consultation (Kim et al.,
2026b; Xuan et al., 2026; Jiang et al., 2024b; Sun et al., 2025b; Cao et al., 2026; Langerak et al., 2023; Deng et al.,
2024c; Feng et al., 2026d).

Scaling the sandbox from one simulated user to a population lets a proactive agent rehearse emergent social consequences
before acting in a real group, and self-play turns that population into a training ground for socially aware behavior (Wang
et al., 2024g). Populated prototypes and generative-agent societies generate group dynamics that an intervention can be
tested against (Park et al., 2022, 2023; Zhou et al., 2024c; AL et al., 2024; Piao et al., 2025), and proactive mediators
and deliberation agents are evaluated and refined inside them (Liu et al., 2026q; Nath et al., 2026; Kim et al., 2025b).
Many self-initiated interventions affect several people, so population-level simulation can help an agent examine how its
actions may alter group interactions.

LLM-simulated users can be miscalibrated proxies for human users (Seshadri et al., 2026; Wang et al., 2025d). Multi-turn
experiments also find that models can persist with early mistaken assumptions (Laban et al., 2025), and sycophancy has
been observed in Al assistants (Sharma et al., 2025). When such models simulate users, an overly favorable response
may cause an agent to overestimate the value or acceptability of an unrequested intervention. Offline logs and real-world
interaction data offer a basis for checking these estimates and are used to train and evaluate proactive agents (Wei et al.,
2025a; Tang et al., 2026b). The remedy points forward: externalizing what the sandbox surfaced into explicit, revisable
goals (§4.3) lets the rehearsed need be inspected and overridden before it is silently acted on.
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Figure 9 Agenda bridges foresight and sustained goal pursuit. Anticipating a need does not determine whether it should become
a goal or how it should compete with existing commitments. Agenda formation makes these choices explicit, allowing the agent
to maintain and revise intentions across interactions without requiring a new instruction for every step. Prioritization reconciles
self-generated goals with standing obligations and incoming requests, determining which commitment should next be considered for
intervention.

A forecast is not yet a plan of action. Awareness supplies a situation estimate and anticipation projects it into a latent
need, but a predicted need becomes proactive behavior only once the agent commits to it as a goal it will pursue
unprompted (Figure 9). Agenda turns identified needs and opportunities into goals the agent can maintain and pursue.
Self-initiated work expands this capacity to include generating, revising, and prioritizing goals alongside existing
assignments, and sustaining those commitments across interruptions and sessions. We trace the capacity in three steps:
how a latent need becomes an explicit goal (§4.3.1), how a committed goal is decomposed and carried across time
(§4.3.2), and how a crowded agenda is ranked when the agent’s self-generated goals compete with the user’s (§4.3.3).
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4.3.1 Goal Generation: Latent Needs to Explicit Goals

Foreseeing that a user will need something is an epistemic state, while pursuing it is a commitment, and the distance
between the two is what separates a proactive agent from a forecaster. The classical practical-reasoning lineage
formalized this step: a desire becomes an intention only through deliberate adoption, after which the agent holds itself
responsible for bringing the intended state about (Bratman, 1987; Cohen & Levesque, 1990). The belief-desire-intention
tradition built the leap into running systems, supplying the deliberation that turns a candidate desire into a committed
intention that drives behavior (Rao & Georgeff, 1995), and it transfers to embodied proactivity, where a BDI controller
lets a social robot adopt and act on goals an operator never issued (K. C. & Chodorowski, 2019). For an act-first agent,
deliberate adoption determines which anticipated needs enter the agenda; a recent assistant that proposes and selects its
own daily activities from a model of standing desires shows the transition concretely (Wang et al., 2025j).

The earliest engineered answer to where a new goal comes from was goal-driven autonomy, in which an agent detects a
discrepancy between what it expected and what it observes, explains the discrepancy, formulates a goal that addresses it,
and manages the resulting goal set (Molineaux et al., 2010; Klenk et al., 2013). This loop is proactive by construction,
since the trigger is the environment violating the agent’s own predictions and no instruction has to arrive for a new
goal to appear. The pattern recurs across goal-reasoning systems that share little but the structure: a norm-constrained
planner generates only objectives that respect the deontic constraints it operates under (Pardo & Strasser, 2024), while
a motivation-driven agent self-selects which fresh goal to adopt when its standing goals are invalidated (Association
for Artificial Intelligence 2026 & Addison, 2026). Surveys of the area codify discrepancy detection, explanation, goal
formulation, and goal management as the recurring components (Vattam et al., 2013; Johnson et al., 2018; Aha, 2018),
and domain-independent formulations show the same heuristics generating useful goals without task-specific tuning
(Paisner et al., 2014). Self-origination was thus an established mechanism well before foundation models, and it is the
structural ancestor of every modern behavior that notices something is wrong and decides to fix it.

Goal-driven autonomy reacts to an anomaly, yet an agent can also manufacture goals from internal drives when nothing
in the environment has gone wrong. Intrinsically motivated agents set their own objectives from signals such as curiosity,
novelty, and learning progress, so the agenda fills continuously, even absent any triggering surprise (Schmidhuber,
2010; Oudeyer et al., 2007; Barto et al., 2004). This is the purest form of self-generation, with the goal source entirely
endogenous, and it is a genuinely proactive specialization even though it runs on general reinforcement learning. Two
distinct signals make the point: prediction-error curiosity drives an agent toward states whose outcome it cannot yet
foresee (Pathak et al., 2017), and learning-progress signals steer it toward goals at the frontier of its current competence,
where improvement is fastest (Forestier et al., 2022). The same principle scales to language-based agents, where a
metacognitive estimate of competence lets an agent prioritize learnable goals across a vast open-ended goal space
(Gaven et al., 2025).

Foundation models compress a broad human prior about what is worth doing, so an Al agent can now propose its
own next objective directly in open-ended natural-language goal spaces, and the self-generation step that earlier eras
hand-engineered becomes a default capability. The canonical demonstration is an embodied agent in an open world
that runs its own automatic curriculum, proposing the next skill to acquire from what it has already mastered and
continuously extending its own agenda without human direction (Wang et al., 2024a). The pattern generalizes well
beyond one environment: agents now generate and pursue their own research questions across a full discovery cycle
(Lu et al., 2024), and foundation models serve as models of human interestingness that filter self-proposed tasks for
novelty and worth (Zhang et al., 2024c; Colas et al., 2022b,a). Studies that simply leave an agent alone with no task
supplied sharpen the proactive reading: agents spontaneously formulate and pursue multi-cycle projects of their own,
direct evidence that goal generation fires absent any prompt (Szeider, 2025; Nachkov et al., 2025).

In the assistant setting the self-generated goal is concrete and user-facing: the agent infers a latent intent from streaming
context and history, then proposes a specific task the user never requested, such as drafting the grocery list it predicts
will be needed or flagging the bug about to block a build. This is the prediction of §4.2 crystallizing into an actionable
agenda item, the direct hand-off from foresight to commitment. Distinct instantiations span the deployment surface:
mobile assistants suggest tasks from on-device context and usage history (Yang et al., 2026e; Lu et al., 2025a), streaming
systems infer latent needs and propose interventions under real-time and long-horizon memory constraints (Xie et al.,
2026; Zhao et al., 2026a), agents surface unspecified problems and bottlenecks a user has not articulated (Pasternak
et al., 2026; Song et al., 2025b; Ding et al., 2026b), and document-monitoring assistants propose next actions on an
evolving project (Siangliulue et al., 2026). A clarification step often precedes commitment, with the agent resolving an
ambiguous intent into a precise goal before it acts (Qian et al., 2024). One caution belongs here in mechanism form and
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is treated normatively later: a self-generated goal can spawn emergent instrumental subgoals such as self-preservation or
resource acquisition that no designer specified, a tendency already visible when agents are given open-ended objectives
(Omohundro, 2008; Masumori & Ikegami, 2025), and we defer its ethical treatment to the later discussion of agent
safety.

4.3.2 Sub-Goal Proposal and Long-Horizon Agendas

A committed top-level goal is rarely executable as stated, so it must be broken into intermediate steps, and the question
that matters for autonomy is who decides those steps. Proactive agendas draw on established methods for decomposing
goals: classical hierarchical task networks, the options framework, and value-function decomposition supply hand-
authored hierarchies (Erol et al., 1994; Sutton et al., 1999; Dietterich, 2000), while subgoal-discovery methods let
an agent find its own waypoints through automatic goal generation and hindsight relabeling (Florensa et al., 2018;
Andrychowicz et al., 2018). Foundation models make the same decomposition language-native and on-the-fly, turning
a goal into ordered subproblems or interleaved reasoning and action as the task demands (Zhou et al., 2023; Wang
et al., 2023a; Yao et al., 2023b; Prasad et al., 2024). These methods provide a basis for organizing self-initiated work
(Liu et al., 2022a; Zhang et al., 2024d). Their use in proactive agents must also accommodate goals that are generated,
suspended, revised, and resumed as needs change. A standing agenda therefore carries both goals and their execution
state across sessions.

The proactive core of this subsection is the standing agenda: a persistent intention that outlives a single session, where
the agent registers a trigger condition, suspends, and re-engages the goal later when the condition fires. The cognitive
analogue is prospective memory, the capacity to remember to perform an action at the right future moment. The
mechanism appears in two distinct guises. In the first, an agent maintains a self-extending curriculum or a multi-stage
research program that runs for hours or across many sessions, keeping a single objective coherent over hundreds of
action cycles (Wang et al., 2024a; Lu et al., 2024; Mitchener et al., 2025; Feng et al., 2026a); scientific-discovery
agents push this furthest, sustaining hypothesis-driven agendas through long autonomous coding and experimentation
(Ghafarollahi & Buehler, 2025; Wehr et al., 2026; Wu et al., 2026¢). In the second, an agent registers an event-triggered
follow-up, monitoring for a condition and proactively re-engaging a delegated intent when it occurs (Shi et al., 2026b;
Urli et al., 2018; Bairi et al., 2023), and embodied systems keep personality-driven goals alive across a building over
long deployments (Liu et al., 2026j). The engineering core is keeping the agenda alive across the suspend-and-resume
boundary and authoring the state needed to resume it: the user issues one instruction, and the agent maintains a
time-extended commitment to it.

A standing agenda spanning time will see the world change underneath it, so the agent has to keep the agenda alive
as conditions shift, because re-deriving the whole goal from scratch on every change is expensive and discards the
persistence that made the agenda proactive in the first place. What it draws on is plan repair versus full replanning,
where stability results favor localized repair that preserves most of the existing plan (Fox et al., 20006), together with
pre-emptive plan maintenance that modifies an intended plan to avoid an anticipated failure (White et al., 2015),
closed-loop refinement from execution feedback, and dependency-aware revision confined to the affected sub-tasks.
Two instantiations show the range: a self-refining agent patches its plan in place as feedback arrives (Sun et al., 2023;
Wang et al., 20241), and a task-decoupled planner re-plans only the sub-goals downstream of a change while leaving the
rest untouched (Li et al., 20261). The proactive specialization is the standing requirement itself: revision here serves an
intention the agent is holding open across drift, as when a proactive personal assistant must sustain hidden user intents
across multi-turn sessions with inter-task dependencies and cross-session continuity (Zhang et al., 2026b).

4.3.3 Goal Prioritization and Conflict Resolution

Anticipated needs, standing items, and explicit requests can compete for a proactive agent’s limited capacity. Goal
prioritization draws on established deliberation methods to select among them. Its foundational layer is intention
reconsideration in the belief-desire-intention tradition, which decides which committed intentions to keep, drop, or
re-deliberate as circumstances change, and how to detect interference between intentions held at once (Kinny & Georgeff,
1991; Schut et al., 2004; Thangarajah et al., 2003). A quantitative layer adds utility scalarization and Pareto reasoning
over competing objectives, together with goal-subset selection under resource limits, where an oversubscribed agent
must choose which goals to forgo because it cannot serve them all (Smith, 2004; Roijers et al., 2014; Hayes et al., 2022).
The same which-subset-at-what-utility calculus instantiates across settings, from a motivated agent balancing competing
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internal need signals (Wang et al., 2025j) to a learning agent ranking goals by expected learning progress (Gaven et al.,
2025), the computation a proactive agent runs every cycle.

Once an agent runs a live task queue, the sharp question stops being scheduling efficiency and becomes whose agenda
wins a given turn: the agent’s self-initiated topic or the user’s current need. Operating-system-style agent schedulers
supply the queue-management base that this builds on, isolating resources and context-switching agent workloads
(§4.1.4) (Mei et al., 2025). The proactivity-specific contribution comes from the proactive-dialogue line, which studies
exactly the tension between an agent steering toward a conversational goal of its own and yielding to what the user wants
in the moment. Two instantiations make it concrete: surveys and benchmarks formalize agent-initiated topic planning
and target-driven guidance (Deng et al., 2023b; Liu et al., 2025f), and notification systems weigh an agent’s goal of
delivering information against the cost of interrupting the user, suppressing or aggregating alerts so the agenda yields
when the user’s attention is scarce (Rizk et al., 2020). This is where multi-goal management stops being bookkeeping
and turns into an arbitration question.

A proactive agent’s self-generated goals can conflict with the user’s interests. Instrumental-convergence arguments
suggest that sufficiently capable agents pursuing a wide range of objectives can have incentives to preserve themselves,
acquire resources, and resist shutdown (Omohundro, 2008; Bostrom, 2012). Agent evaluations now exhibit it empirically,
in specification gaming and reward hacking (Skalse et al., 2025), in survival-instinct studies where agents prioritize
self-preservation by abandoning assigned tasks and compete aggressively for scarce resources (Masumori & lkegami,
2025), in measured instrumental self-reasoning such as self-modification and covert reasoning (Fronsdal & Lindner,
2024), in shutdown-resistance experiments where models subvert their shutdown mechanism to complete a task
(Schlatter et al., 2026), in agentic-misalignment scenarios where an agent blackmails officials to avoid being shut
down or replaced (Lynch et al., 2025), and in toxic-proactivity benchmarks where over-optimized helpfulness becomes
overreach (Wang et al., 20261). An agent’s self-generated goals should remain subject to user authority, consistent
with the agent-economics view of agents as human proxies whose guiding objectives are tied to the interests of the
principals they represent (Yang & Zhai, 2025). Research on corrigibility seeks designs that accept correction and
shutdown without resisting (Soares et al., 2015). In the off-switch game, a cooperative agent strictly prefers to defer to a
rational human when its beliefs assign positive probability to both positive and negative utility for the proposed action
(Hadfield-Menell et al., 2017). Ask-for-help policies use estimates of execution uncertainty to decide when to request
assistance (Igbinedion & Karaman, 2024; He et al., 2025b). Instruction-hierarchy training teaches models to follow
higher-priority instructions when messages conflict (Wallace et al., 2024). This is the bridge to §4.4: even a perfectly
ranked agenda is not permission to act, and the top-ranked self-generated goal must still pass the per-intervention
go/no-go gate. Prioritization decides what the agent would most like to do; Arbitration decides whether it may.

4.4 Arbitration

Arbitration evaluates whether a self-initiated intervention is warranted and determines its timing and scope within
the agent’s granted permissions (Figure 10). We decompose the gate into four questions an act-first agent answers in
sequence: whether its sense of the user’s need is confident enough to act on at all (§4.4.1), whether the value of acting
clears its cost (§4.4.2), when within the flow of events to act so the intervention lands (§4.4.3), and whether the action is
safe enough to take given that the agent may be wrong (§4.4.4).

4.4.1 Uncertainty Quantification and Confidence Thresholds

The most basic arbitration question is whether to fire at all, given that the agent’s sense that the user needs something is
only an estimate. A proactive trigger is a prediction under uncertainty, so every firing is a bet whose downside depends
on what the agent acts upon: a user-facing agent that misfires spends the user’s attention on an unwanted suggestion,
while an agent operating a system spends real resources on an unnecessary autonomous action, whether superfluous
maintenance, a wrong remediation, or wasted compute. The classical resolution from mixed-initiative interaction still
holds, that the agent should act outright only when confident and fall back to dialogue when unsure (Horvitz, 1999),
which makes the calibration of that confidence the load-bearing component of the entire gate. Both regimes recur
across the literature: clarification-first dialogue agents withhold a guessed answer and ask when intent is ambiguous
(Deng et al., 2023c¢; Qian et al., 2024), embodied and navigation agents gather information or request help at estimated
moments of uncertainty (Chen et al., 2024b; Igbinedion & Karaman, 2024), and a team-support agent withholds advice
it is not confident enough to justify (Hughes et al., 2023). A trust-weighted preservation agent shows the system-acting
side of the same rule, switching between acting autonomously and merely suggesting as inter-agent trust warrants

24



Proactive Al for Superintelligent Agents

Arbitration
—‘ Arbitration Gate
PASS >
—> ? "
Is the agent’s belief about
the user’s need confident enough? FAIL —»
PASS >
1 -]
G Does the expected value ALL FOUR o
of acting outweigh the cost? FAIL —> PASS >
LICENSE TO M
: o PASS > P
action —» . INTERVENE (o)
When within the flow of events =)
from should the intervention occur? FAIL —,
Agenda
PASS =

Is the action safe enough given
the chance of being wrong? FAIL —|,

Figure 10 Arbitration: a worthwhile goal is not yet a warranted intervention. Arbitration tests whether a candidate intervention
rests on sufficient confidence, offers value beyond its costs, comes at an appropriate moment, and carries acceptable risk given its
reversibility.

(Pellegrino et al., 2015). Calibration is non-trivial because modern neural networks are systematically miscalibrated
(Guo et al., 2017), so the number the gate reads cannot be taken at face value.

Agents can estimate confidence using token-logit probabilities and a model’s own estimate of whether it knows an
answer (Kadavath et al., 2022), verbalized confidence emitted as natural language (Lin et al., 2022; Tian et al., 2023),
sampling-consistency across stochastic runs (Xiong et al., 2024), and semantic entropy that measures uncertainty over
meaning, factoring out surface wording (Kuhn et al., 2023b). Structured self-dialogue can help an agent flag its own
knowledge gaps and ask a human for guidance when deployed (He et al., 2025a).

Calibrated confidence can inform an agent’s decision to act, ask for help, or abstain. A reject option and selective
prediction set a confidence threshold below which the agent declines to act on its own (Geifman & El-Yaniv, 2017,
Chow, 1970), and learning-to-defer formalizes whom it hands off to, routing the same threshold to a clarifying question
for the user or to an escalation to an on-call operator (Madras et al., 2018; Mozannar & Sontag, 2020). Threshold-setting
becomes principled once the score carries a coverage guarantee: conformal prediction turns a raw confidence into a
prediction set whose size is itself the uncertainty, letting the agent read the gate off the set directly (Quach et al., 2024).
The canonical proactive instantiation acts autonomously when that set collapses to a single hypothesis and asks for help
otherwise, a clean rule that ports across an embodied robot deciding whether to grasp now or query (Ren et al., 2023)
and a language agent deciding whether to answer or abstain, the latter now organized into its own survey of when models
should hold back (Wen et al., 2025a). The same uncertainty-routed handoff recurs in diffusion-policy robots that request
operator help only when needed (He et al., 2025b), in coding agents that ask before assuming on underspecified tasks
(Edwards & Schuster, 2026), and in learned policies that choose the moment for human intervention in a collaborative
task (Feng et al., 2024).

The gentlest verdict is to do nothing, and proactivity gives it a peculiar shape. In question answering, abstaining
is a visible answer the user can read (Zhang et al., 2024b), but in proactivity the non-act is invisible, so graceful
degradation has to extend the ladder from act, through verify-or-ask, down to a hold-and-monitor rung that keeps
watching without intruding. This mode has concrete realizations: a trained silence token lets a dialogue agent decline to
speak until a contribution adds value (Patel et al., 2026), a streaming companion stays quiet under continuous input
until a response is warranted (Yan et al., 2026a), a navigation agent holds its question until uncertainty justifies the
dialogue (Taioli et al., 2025), and a recommend-only mode lets a system-acting agent propose without committing
the change (Urli et al., 2018). A meeting-support study finds users prefer an agent that observes and asks before it
intervenes over one that acts unprompted (Houtti et al., 2025), and the same team-support agent presents only one
in every four candidate interventions, with 15% specifically withheld and the rest filtered by its theory-of-mind and
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confirmation-delay mechanisms (Hughes et al., 2023).

4.4.2 Utility and Cost: The Value of Intervention

Once the agent is confident a need is real, the next gate weighs the value of acting against its cost, with classical
value-of-information and metareasoning supplying the frame (Howard, 1966; Russell & Wefald, 1991). The cost is paid
in different currencies according to the kind of act. When the proactive act is a suggestion or an alert, the currency is the
user’s attention, and that case has a worked-out program: the agent computes the expected utility of speaking against a
learned, per-user interruption-cost model and speaks only when the benefit clears that personalized price (Horvitz, 1999;
Horvitz et al., 2013b, 2004). The attention cost is empirically grounded, since interruption measurably degrades task
performance, raises error rates, disturbs affect, and imposes recovery time (Bailey & Konstan, 2006; McFarlane, 2002;
Igbal & Horvitz, 2007), so the cost term rests on human-factors measurement. Dialogue agents instantiate the same
balance, trading the value of contributed knowledge against the annoyance of speaking (Liu et al., 2020; Rizk et al.,
2020), sometimes planning what to communicate against a learned model of the recipient’s preferences (Chitnis et al.,
2018). Many proactive acts done for a user are not suggestions at all: an assistant that closes a window against coming
rain or files a form on the user’s behalf acts in the environment, where the price is paid in resources, side effects, and the
standing risk of an autonomous mistake. An agent-economics account makes the trade-off general, framing each such
decision as a constrained optimization in which the agent’s own autonomy is a parameter that carries cost, so that a
broader grant of authority buys more benefit while raising the price and risk the act must clear (Yang & Zhai, 2025).
The cost the gate weighs is therefore set by what the act does, whether or not a person is its beneficiary.

A second canonical instantiation predates Al agents. Predictive-maintenance economics is the textbook intervention
trade-off, where acting too early wastes remaining useful life and labor while acting too late means failure, and
condition-based-maintenance threshold optimization locates the sweet spot (Jardine et al., 2006; de Jonge & Scarf,
2020). Cost-sensitive learning supplies the general formal foundation, in which each action is chosen to minimize
expected cost under an explicit cost matrix (Elkan, 2001). Modern auto-remediation systems instantiate it, autonomously
selecting which mitigation action to apply from multi-signal failure prediction (Levy et al., 2020) and gating automatic
recovery against escalation to a human (Zhang et al., 2024e), and Al agents increasingly budget the cost of their own
tool calls the same way, treating each call as an action that must clear its price (Chen et al., 2023a; Liu et al., 2025¢). A
self-budgeting observability agent shows the pattern in the system-acting case, raising telemetry resolution only when a
signal justifies the added cost (Kapoor & Kas, 2026), while a navigation planner bounds the inconvenience it imposes
through an explicit budget constraint, spending it where intervening matters most (Geldenbott & Leung, 2024), and an
autonomous cyber-defense architecture decides where to direct its responses (Kott et al., 2023). Across infrastructure
healing and agent tool-use the computation is identical: is this action worth its cost?

The contemporary specialization replaces hand-authored utility functions with learned ones. Reward models trained on
human accept-or-reject judgments of past proactive actions supply the value estimate directly, and benchmarks now treat
precision, the fraction of suggestions a user actually accepts, as the operational interruption-cost metric (Lu et al., 2025a).
This closes the loop with confidence calibration, because the gate’s threshold is now fit to revealed human preference,
which is how deployed proactive assistants tune how often they speak (Chen et al., 2025d). The evaluation infrastructure
has followed, scoring proactive assistants on real-world logs and on jointly optimized productivity, proactivity, and
personalization (Tang et al., 2026b; Hao et al., 2025; Sun et al., 2025b), and recent systems learn the speak-or-stay-silent
threshold directly from offline expert behavior (Wei et al., 2025a).

A single-shot expected-value calculation misses one term: trust is an intertemporal cost that compounds across
interactions. Cry-wolf and false-alarm effects drive automation disuse (Roulston & Smith, 2004; Parasuraman & Riley,
1997), and AT agents exhibit toxic proactivity when helpfulness curdles into overreach (Wang et al., 20261). In each case
an individual intervention looks net-positive while the sequence quietly burns the user’s willingness to listen, so the
utility model has to discount future receptivity and not only price the current act. Proactive-dialogue systems that fold
a predicted trust signal into the reward, or that model the user’s evolving willingness to comply, make this discount
explicit (Kraus et al., 2021, 2023; Natarajan et al., 2024).

4.4.3 Timing and Interruption Management

Once an intervention is judged net-positive, arbitration must still answer when. Timing matters on its own because cost
is non-stationary. For an agent competing for a person’s attention it varies sharply by micro-moment, cheapest at task
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breakpoints and boundaries and most expensive mid-thought (Adamczyk & Bailey, 2004; Igbal & Horvitz, 2007; Igbal
& Bailey, 2010); for an agent acting on a system it is a matter of windows and lead time, where firing too early or too
late both fail (Panagopoulos et al., 2015). The two cases optimize different quantities, a human’s attentional rhythm in
one and detection delay against false-alarm rate in the other, which is why timing is handled as a decision variable of its
own (Fourie, 2019; Kim et al., 2018a; Goodman et al., 2017; Rizk et al., 2020).

For an agent competing for attention, timing has an empirical handle, because interruptibility can be sensed, with a
clear progression in signal richness from desktop activity logs, to mobile context, to physiological and attention signals
such as gaze and pupillometry (Fogarty et al., 2005; Horvitz & Apacible, 2003; Pejovic & Musolesi, 2014; Igbal et al.,
2005). This sensing groundwork is taken from human-computer interaction yet serves arbitration directly, supplying the
real-time estimate of whether this is a good moment that the timing gate reads, across a desktop knowledge-worker
setting and a mobile or wearable one alike (Cha et al., 2020; Otogi et al., 2013; Sirithunge et al., 2019).

When the moment is wrong, the agent does not drop the intervention but coordinates it, choosing among immediate,
negotiated, mediated, and scheduled delivery (McFarlane, 2002; Houtti et al., 2025). The same move appears in
unrelated settings: deferring to a task breakpoint for a person at work is the same idea as opportunistic maintenance on a
machine, where the intervention piggybacks on a stop that was going to happen anyway, whether a machine already
halted for another reason or a user already pausing between tasks (Ab-Samat & Kamaruddin, 2014; Ho & Intille, 2005;
Mehrotra et al., 2016). The strategy is to ride an existing breakpoint that the world or the user already supplies, which a
progression-aware dialogue agent does by deferring its contribution to a juncture in the task state (Sanders et al., 2022;
Favier et al., 2022; Dubiel et al., 2024). Benchmarks now grade this delivery directly, scoring a system on whether it
surfaces information exactly when the user needs it while withholding the irrelevant content that would only distract
(Yang et al., 2025d).

The most demanding timing regime is conversation, where turn-taking, barge-in, and full-duplex models collapse
the act-or-wait decision to sub-second granularity, forcing the agent to decide while listening whether to speak now,
backchannel, or hold (Skantze, 2021; Lee et al., 2026). Duplex and listen-while-speaking architectures keep the gate
running continuously, with no comfortable breakpoint to defer to (Zhang et al., 2026g; Ma et al., 2024b; Défossez et al.,
2024). The same continuous gate appears in a real-time egocentric assistant deciding when to initiate speech (Kim et al.,
2025a; Chiang et al., 2025) and in a multi-party group conversation where an agent must time its entry among many
human speakers (Liu et al., 2025g; Eckhaus et al., 2025), a regime whose over-triggering failures recent voice-agent
benchmarks specifically expose (Xu et al., 2026c).

Everything in this subsection is a special case of one formal question: at each moment, should the agent act now or wait
for a better one? That is the optimal-stopping problem, and its sequential-detection form, quickest-change detection,
makes the trade-off precise, since waiting longer lowers the chance of a false alarm but adds delay before a real need is
served (Page, 1954; Shiryaev, 1963; Roulston & Smith, 2004). Casting timing this way unifies the examples above,
so that deciding when a warning has enough certainty to be worth its lead time, when to scale a system ahead of load
(Rzadca et al., 2020), when a user’s working memory makes assistance land best, when a learned model of the user’s
routine indicates availability (Caldeira Miguéns Diogo & Moreno, 2024), and when a learned opportunity window
has opened are the same stopping decision under different cost terms (Qian et al., 2025b; Gulati et al., 2026). Recent
proactive systems implement it directly, pairing a learned opportunity window with an explicit stopping rule, whether
a multimodal assistant gated on scene-alignment signals (Bandyopadhyay et al., 2025), a wearable that models the
user’s working memory to balance value against interruption (Pu et al., 2025b), or a scheduler trained with timing-aware
rewards over full opportunity windows (Ding et al., 2026b).

4.4.4 Risk- and Reversibility-Aware Gating

The last gate asks not whether the need is real and well-timed but whether a mistake can be undone, treating irreversibility
itself as a decision variable weighted directly in the gate. Safe reinforcement learning supplies the lineage, since
reversibility is learnable and penalizable, so an agent can be biased toward actions that preserve future options
through reachability-preserving and side-effect-penalizing objectives (Krakovna et al., 2019; Garcia & Ferndndez, 2015;
Grinsztajn et al., 2021). Attainable-utility preservation and future-task objectives make the bias concrete, keeping the
agent’s downstream options open even when the reward is misspecified (Turner et al., 2020a,b; Krakovna et al., 2020).
The gate should set confidence thresholds according to the consequences of error and the feasibility and cost of recovery,
consistent with the balance between decision quality and safety considered in Al-agent economics (Yang & Zhai, 2025).
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Before a gate can act on risk it must perceive it, and the unsettling empirical finding is that perception is the weak link.
Emulated sandboxes and benchmarks show frontier agents routinely taking high-stakes or irreversible actions, deleting
data, escaping sandboxes, or rewriting history, without flagging them as risky (Ruan et al., 2024; Yuan et al., 2024). The
failure is broad, spanning computer-use, web, and embodied agents that comply with harmful or hazardous requests at
high rates (Kuntz et al., 2025; Tur et al., 2025; Levy et al., 2026; Torres-Fonseca et al., 2026), and the proactive setting
adds its own version where over-optimized helpfulness drives an agent into harmful overreach (Wang et al., 20261). Risk
awareness is therefore measurable and currently poor, which means the gate cannot rely on the agent’s own judgment
alone and motivates the harder gates that follow (Amos-Binks et al., 2023).

The first line of risk control is a soft gate that scales required permission to the stakes, running low-risk actions
autonomously while routing consequential ones to user confirmation, with the routing itself as the proactive mechanism.
This takes concrete forms across settings: robots that ask a human for help to recover from manipulation failures
(Tellex et al., 2014), conformal triggering that asks precisely when the agent is uncertain (Ren et al., 2023), and
intervention-budgeted shared-autonomy policies that spend a limited number of human check-ins where they matter
most (Tan et al., 2022; Overman & Bayati, 2026). Variable-autonomy and parallel-autonomy frameworks set the same
dial by criticality, handing control between human and agent as the predicted consequence of acting rises (Panagopoulos
et al., 2022; Yin et al., 2023). The unifying idea is that permission behaves as a dial set by predicted consequence.

When the agent’s judgment cannot be trusted, a hard gate enforces limits from outside it. Permission systems and
domain-specific privilege control veto actions independently of the agent’s own reasoning (Shi et al., 2026c; Wang et al.,
2025a), guardrail pipelines screen each action against an external policy (Xiang et al., 2025; Chennabasappa et al., 2025),
and separation-of-powers architectures isolate intent generation from execution so that a compromised planner still
cannot act (Xiang, 2026); high-consequence autonomous deployments further motivate explicit safety measures against
misuse (Boiko et al., 2023a) and reflective runtimes that diagnose and repair failure modes during execution (Cruz,
2025). This is general agent-safety work more than a proactivity-specific mechanism, so we keep it to its arbitration role
as the external veto on the intervention decision and refer to the cited agent-safety work for enforcement details and to
Section 7.2 for broader safety and governance questions.

The closing move mirrors the hold-and-monitor verdict of §4.4.1 from the risk side: when waiting is cheap and the action
is irreversible, doing nothing gracefully is itself a calibrated choice and a form of intelligent disobedience, a deliberate
hold the agent has reasoned its way to (Hornig & Mirsky, 2026; Brahman et al., 2024). Because human approval does
not scale to high-volume autonomous operation, trusted-monitoring protocols sketch how the gate survives without a
human on every action, using a cheaper monitor to watch a more capable actor so that abstention and oversight together
keep arbitration tractable at deployment scale (Greenblatt et al., 2024). Once an intervention clears all four gates, what
remains is to carry it out, and the spectrum of autonomy along which the agent delivers the action is the subject of §4.5.

4.5 Action

Once arbitration clears an intervention, Action determines how to carry it out within granted authority (Figure 11). Two
decisions shape execution: how much work the agent performs before returning control (§4.5.1), and how it presents
the intervention (§4.5.2). Depending on its permissions and the consequences of the action, the agent may prepare a
reversible draft, request approval, execute a bounded action, or report the outcome. The delivery mechanism must make
the scope and status of the intervention clear and support correction or reversal where possible.

4.5.1 The Spectrum of Autonomy and the Agent’s Interaction Paradigm

A proactive agent that has decided to intervene must determine how much of the action to perform itself and how
much to hand back to the user. Human-factors research formalized that gradation half a century before Al agents,
in levels-of-automation scales that run from the computer offering no assistance, through suggesting an option and
then acting only on approval, up to acting autonomously and telling the human only on request (Sheridan & Verplank,
1978). A companion model decomposes any automated function into four classes, information acquisition, information
analysis, decision and action selection, and action implementation, each independently settable from fully manual to
fully automatic (Parasuraman et al., 2000); the four map almost one-to-one onto the pipeline of this chapter, and the
spectrum of autonomy is specifically the level chosen for action implementation. These frameworks describe how
execution is divided between the agent and the human. Cyber-resilience and business-process agents likewise emphasize
moving from passive monitoring to autonomous response (Kott & Theron, 2022; Dumas et al., 2026).
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Figure 11 Action: exercising discretion while preserving human control. Intervention modes specify how the agent contributes to
the task. Proactiveness concerns the discretion it exercises over decisions left open by the task specification. A reviewable proposal
and a committed change impose different costs of error, making delivery part of the decision itself. Appropriate action resolves
unspecified details within granted authority while preserving human control over consequential commitments.

Related autonomy scales appear across domains, describing how execution and human involvement are allocated. For
an agent that addresses a person, the rungs run from a choice-architecture nudge that biases a decision without making
it (Weinmann et al., 2016), through a suggestion-only assistant that proposes and waits (Faulring et al., 2010), to
mixed-initiative dialogue in which the agent and the user negotiate who holds the floor and who acts (Horvitz, 1999;
Avula et al., 2022). For an agent that acts on a system the same gradation is re-invented per safety-critical field, with
self-driving’s six-level scale the most thoroughly codified instance, its Level 3 requiring a fallback-ready user to take
over upon request (National Highway Traffic Safety Administration, n.d.), alongside parallel autonomy-level taxonomies
written for surgical robotics and for maritime autonomous-ship regulation (Yang et al., 2017; International Maritime
Organization, n.d.). That so many fields re-derive the same rungs for their own reasons is itself the message, and
controlled studies confirm the rungs are not interchangeable, since an implicitly guiding agent preserves user autonomy
compared with an explicitly directive one (Nakahashi & Yamada, 2021), and a topic-suggesting health coach maintains
engagement and acceptance even when it takes more initiative than pure user choice (Beinema et al., 2022).

The agent or team can adjust the autonomy level at runtime as conditions change. Determining whether and when to
transfer control is the core research problem of adjustable autonomy, pioneered by a deployed multi-agent assistant that
pulled its human in only at the points where autonomous action was risky and modeled the handoff as a cost-aware
strategy (Scerri et al., 2002; Bradshaw et al., 2004), and by robot teams running with sliding autonomy that requested
help the instant they got stuck (Sellner et al., 2006). For self-initiated work, the transfer decision can account for task
criticality and the human’s availability to take over (Panagopoulos et al., 2022; Banik & Hovakimyan, 2025). Al agents
now implement the transfer decision at runtime, whether by learned uncertainty escalation as in an interactive navigator
(Igbinedion & Karaman, 2024), by rule-based metacognitive triggers that predict failure and hand off before it happens
(Xu, 2025), or by adapting the level to the situation, with team-outcome studies showing that situational adaptation beats
any fixed level (Salikutluk et al., 2024).

The contemporary form of the spectrum lives in deployed Al-agent settings as confirmation modes exposed directly
as configuration, ask-always, ask-on-risk, allowlist, and auto-execute, the rungs a user actually turns (Anthropic,
n.d.a; OpenAl, n.d.). New taxonomies grade an agent’s autonomy by the user’s residual role, from operator down
through collaborator, consultant, and approver to observer, and catalog when a deployed agent should pause for sign-off
(Feng et al., 2025; Doshi et al., 2026). The same rungs reappear across distant build-outs: a program-repair bot that
generates patches and reports them for developer approval sits at the approver rung (Urli et al., 2018), a fully automated
scientific-discovery agent runs at the observer end (Lu et al., 2024), and a general multi-agent framework exposes the
human-in-the-loop level as a configuration choice (Wu et al., 2023). A recurring caveat is that the spectrum should
perhaps be capped: one line of work argues an agent must stop and ask before any unrequested action (Zhang et al.,
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2024h; Qian et al., 2024), another that fully autonomous agents should not be built at all (Mitchell et al., 2025), and a
security analysis warns that over-frequent confirmations breed the approval fatigue that defeats the safeguard (Wang
et al., 2026e).

This rung is the deliberate mirror of the risk gate in §4.4.4: where arbitration’s last gate decides whether to act, the same
calibrated signal here sets how hard to act, so the two run off one estimate. Appropriate reliance depends in part on how
well users’ trust matches the capabilities of automation (Lee & See, 2004). Within granted authority, the autonomy level
should reflect calibrated confidence, reversibility, and the consequences of error. In autonomous reinforcement learning,
PAINT learns to avoid irreversible states and requests human intervention when its learned classifier indicates that it has
entered one (Xie et al., 2022). Calibrated or uncertainty-aware triggering supports these autonomy decisions across
settings, a conformal planner that auto-acts when its prediction set collapses to one hypothesis and asks otherwise (Ren
et al., 2023), a coding agent that proceeds on simple tasks and seeks clarification on hard ones (Edwards & Schuster,
2026), a navigation agent that minimizes dialogue until uncertainty warrants it (Taioli et al., 2025), and a diffusion
policy that requests operator help only when its own uncertainty spikes (He et al., 2025b).

4.5.2 Action Presentation and Mixed-Initiative Delivery

Because the content is unsolicited, how it is presented is itself a design decision weighed alongside the decision to act.
The founding mixed-initiative literature already treated presentation, the choice of modality, how precisely to state a
suggestion, and how to degrade gracefully under uncertainty, as a decision-theoretic variable optimized jointly with the
act (Horvitz, 1999), with proactive-assistance planners adding the constraint that a surfaced act must be recognizable to
a human who was not expecting it (Kulkarni et al., 2021), and a parallel formal line modeling what to tell a teammate as
a belief-MDP over the change it induces in their understanding (Chitnis et al., 2018). That framing has returned for
modern co-working agents, where how a proactive contribution is surfaced is tied directly to whether it is accepted (Pu
et al., 2025a). The first axis of the choice is volume, and delivery channels form a continuum from ambient awareness
to focal interruption: calm peripheral displays and glanceable notifications for a person, rising to a foreground alert
(Weiser & Brown, 1997; Wisneski et al., 1998; Matthews et al., 2004; Pielot et al., 2014), and the operations ladder from
a log line to an emailed report to paging the operator for a system being run (Rizk et al., 2020; Zhu & Callison-Burch,
2025). When to interrupt was settled in §4.4.3; the variable here is how loudly, a dial that group-conversation studies
show users want to hold themselves (Houde et al., 2025).

The cleanest way to deliver an unrequested action is to render it as a previewed, not-yet-committed change sitting
inside the workflow, so accepting it continues the work the user was already doing. The mechanism recurs across very
different agents and modalities: ghost text and inline completion for an author, a real-time plan preview for a music or
diagramming partner, and a merge-ready or co-planned change-set for an agent operating a system, each showing what
the agent would do and letting the human commit or edit (Scarlatos et al., 2025b; Ellawela et al., 2025; Hassan et al.,
2025). Code assistants have studied the preview most closely, learning when to show a suggestion at all from acceptance
feedback (Mozannar et al., 2024b), modeling the programmer’s interaction states and verification cost around it (Barke
et al., 2022; Mozannar et al., 2024a), and surfacing proactive suggestions inside the editor for the user to take or drop
(Zhao et al., 2025a; Chen et al., 2025e). The same preview-then-commit loop now wraps full agentic workflows and
human-robot manipulation, where a co-planning interface or a proposal turn lets the human approve before anything
takes effect (Mozannar et al., 2025; Yu et al., 2026a; Urli et al., 2018). A preview gives the user an opportunity to detect
and reject an unsuitable proposal before execution, with attention and verification costs that depend on the proposal and
workflow.

The presentation surface is itself channel-specific, and each channel forces a different shape for the unsolicited act.
Dialogue agents deliver proactivity as injected turns whose timing and content are modeled explicitly, deciding when to
claim a turn, what to contribute, and when a backchannel is enough (Deng et al., 2023b; Liu et al., 2025g; Lee et al.,
2026). Wearable and augmented-reality agents shrink the same delivery to an in-ear whisper or a glanceable panel,
jointly adapting what to say and how to surface it to the moment (Chen et al., 2025d; Lee et al., 2025b). An embodied
agent in a home or workplace has yet another surface, where the act is physical and the design variable is the legibility
of the robot’s motion, since intent-expressive movement makes the robot’s goal clear to the person it is acting around
and marks a readable approach apart from one that is merely predictable (Dragan et al., 2013). For an unattended agent
with no human in front of it the presentation surface becomes staged rollout (Davidovic¢ & Beyer, 2018), undo-friendly
execution with a confined blast radius (Patil et al., 2024), and the audit log that presents the act to an absent principal
after the fact (Dong et al., 2024). The function stays constant across these surfaces while only the medium changes,
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which is why the question of when to enter recurs in group and asynchronous settings under each one (Eckhaus et al.,
2025; Liu et al., 2026b).

The last delivery variable is wording itself. People apply social rules to a system’s phrasing as if it were a social
actor (Nass et al., 1994), so how an unrequested suggestion is framed, its phrasing, the explanation attached, and the
confidence it displays, causally shifts whether the user accepts it and whether they over-rely on it (Zhang et al., 2020b).
Two handles replicate well: first-person hedges and natural-language uncertainty lower overreliance on wrong answers
(Kim et al., 2024b), and for inline code, highlighting the tokens most likely to be edited helps more than displaying
raw generation probabilities (Vasconcelos et al., 2025). The same levers carry to the textual self-report an agent emits
about an action it already took, where an explanation of why it acted is the action report in another setting, studied from
collaborative-filtering justifications to a self-driving controller’s rationale and to the oversight explanations that agentic
interfaces now owe an absent supervisor (Herlocker et al., 2000; Kim et al., 2018b; Jang & Sundar, 2026).

4.6 Adaptation
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Figure 12 Adaptation: learning whether initiative was warranted. Successful execution alone does not establish that an
intervention was useful, and user reactions must be interpreted in context. Fast reflection revises the assumptions behind the next
decision; slower calibration adjusts intervention policies as preferences and circumstances change across interactions. The resulting
behavioral evidence helps calibrate trust and delegation to the agent’s demonstrated reliability.

Adaptation is the sixth A and the slow outer loop that closes the proactive cycle: once an agent has sensed, anticipated,
planned, gated, and acted, it must learn from how that act landed so that its next anticipation and its next gate are
better. Self-initiated action changes both the evidence available for learning and the behavior that must be improved.
Feedback may be implicit, delayed, or missing, and adaptation must assess the choice to intervene alongside the quality
of execution. We trace three loops at widening timescales (Figure 12): harvesting an implicit, biased signal out of the
consequences of acting first (§4.6.1), repairing the agent’s own predictive model in-context before it next fires (§4.6.2),
and the across-episode calibration of trust, personalization, and earned autonomy that keeps proactivity sustainable
(84.6.3).

4.6.1 Implicit Feedback and Self-Correction

Feedback on self-initiated interventions can be sparse and difficult to interpret: a dismissed suggestion is a noisy label
(Opfermann et al., 2017) whose meaning cannot be read off the outcome, since the user may have been busy, distracted,
or negotiating, an averted incident is an unobservable counterfactual that leaves nothing to score (Schwall et al., 2020),
and credit for an anticipatory action arrives late or never. The same scarcity appears wherever the agent acts first:
a user-facing assistant guessing whether its unprompted nudge helped must read implicit and noisy cues from the
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interaction log (Liu et al., 2025h; Shen et al., 2025), and an operations or driving system that preempted a failure can no
longer prove the failure was coming. Both learn from signals that are implicit, biased, and censored, and the founding
mixed-initiative account already named the difficulty of inferring whether an unrequested service was wanted (Horvitz,
1999). Adaptation therefore opens with a harder problem than choosing a learning rule, which is manufacturing a usable
training signal out of silence, and recent agents take it up directly by actively probing the environment for the feedback
their own actions did not return (Su, 2026a; Feng et al., 2026c).

Learning from these signals draws on established methods for implicit feedback and partially observed outcomes,
whose assumptions must be examined in the context of self-initiated interventions. The information-retrieval and
recommender-systems tradition established long ago that interaction exhaust, the clicks, skips, and dwell times users
leave behind, substitutes for explicit labels (Joachims, 2002; Hu et al., 2008), and it catalogued the pathologies that the
proactive setting inherits, position bias as the ancestor of dismissal-is-not-rejection (Joachims et al., 2005) and delayed or
censored conversions where a non-response cannot yet be scored (Chapelle, 2014). The decision-theoretic side supplies
the estimators that turn logged, partial feedback into policies: counterfactual risk minimization and off-policy bandit
methods reweight logged decisions into improved ones (Swaminathan & Joachims, 2015; Bottou et al., 2013), and
interaction-grounded formulations recover a latent reward when no explicit reward is logged at all, including implicit
physiological signals of subjective interest (Xie et al., 2021; Shih et al., 2017). That generality lets the same estimators
serve a user’s accept and reject history and a robot operator’s record of takeovers and non-interventions alike (Spencer
et al., 2021; Ho et al., 2020), and learning directly from human interventions and corrections extends naturally to
multi-robot and co-creative teams (Seraj et al., 2023; Lin et al., 2024). These are imported tools, and the proactive
contribution is the function they are pointed at, which is deciding when to intervene.

Agents can use the recorded consequences of self-initiated interventions, together with user and operator responses, as
feedback for adaptation. For a user-facing agent the systems treat acceptance, dismissal, and edit telemetry as de facto
reward: code-completion acceptance rates drive when a suggestion is worth showing (Mozannar et al., 2024b; Ziegler
et al., 2022), reply and notification traces are mined so that a dismissal becomes a preference signal (Pielot et al., 2014;
Mehrotra et al., 2016), and a fabric-sensing assistant refines its behavior from implicit textual feedback with no explicit
ratings (Liu & Chen, 2024). For an agent managing a system the equivalent signals are operator overrides, alert triage
decisions, and rollbacks, where a disengagement corpus records every human takeover (Favaro et al., 2018), analyst
triage actions on alerts are learned into an automatic prioritisation policy (Turcotte et al., 2025), and Gandalf trains its
deployment go/no-go classifier on historical cases with feedback from component teams (Li et al., 2020). The move is
the same in both, converting the exhaust of one’s own interventions into a graded supervision signal, with full awareness
that the signal carries exactly the bias the asymmetry above named.

The modern move is to train proactivity directly and end to end on the signal sources just instrumented, the source-side
counterpart to the within-episode reasoning of §4.6.2 over the same data. For user-facing agents the recipe fits a reward
model to accept and reject and edit traces and fine-tunes toward the intervention behavior users actually keep: the
canonical exemplar collects human accept and reject annotations over predicted proactive tasks into a benchmark, trains
a reward model on them, and uses it to elicit proactiveness (Lu et al., 2025a), while related work infers latent preferences
from user edits (Gao et al., 2024) and pushes the same recipe to on-device override traces at scale (Feng et al., 2026b).
For agents acting on a system the optimization runs against execution and environment outcomes, grounding the policy
in code-execution feedback, exploration traces, or self-produced environmental reward (Gehring et al., 2025; Song et al.,
2024b; Alhajir et al., 2025), and reinforcement-learned security and operations agents tune their preemptive actions
against pipeline outcomes (Anugula et al., 2025); multi-objective formulations now optimize productivity, proactivity,
and personalization jointly (Sun et al., 2025b). Both branches presuppose that the traces already exist, and for proactive
behavior they often do not, since an agent that has never been permitted to act unprompted leaves no acceptance log to fit
a reward model to. Synthesis is the standard recourse, producing tailored instruction data for capabilities that collected
corpora underrepresent (Wang et al., 2024k) and constructing multi-turn tool-use trajectories where live interaction
traces are unavailable (Yin et al., 2025), at the cost of substituting the generator’s coverage assumptions for the user
population’s. The caveat from the feedback asymmetry never disappears, since a policy trained on biased acceptance
data inherits that bias, which is precisely why the calibration of §4.6.3 is needed downstream.

4.6.2 Inference-Time Reflection

A mature general toolbox converts the same signals into behavioral change purely in-context, with no gradient step, by
having the agent verbalize a critique of its own trace, revise, and retry, the recipe sometimes called verbal reinforcement
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learning (Shinn et al., 2023). Relevant mechanisms include self-generated reflection on past attempts kept in an episodic
buffer (Shinn et al., 2023), iterative self-refinement of a single output (Madaan et al., 2023), tool-grounded critique that
checks claims against external evidence (Gou et al., 2024), and plan-level repair that separates in-plan from out-of-plan
errors (Sun et al., 2023; Wang et al., 2024a). This approach has already been wired into proactive assistants and
self-improving agents that monitor their own execution and act on what they find (Sun et al., 2025a; He et al., 2025a;
Orimo et al., 2025). What makes it matter for proactive agents is what they point it at, developed next.

The proactivity-specific use of reflection turns the question from whether the answer was good to whether acting at all
was the right call, reopening the arbitration variables of §4.4: should I have intervened, was the timing right, was the
autonomy level appropriate. Concretely this appears as an explicit reasoned act, wait, or clarify step inserted before
behaving, as in proactive chain-of-thought prompting that plans the goal over a reasoning chain before responding
(Deng et al., 2023c¢,b), and as a critic that scores initiative itself in place of output content, the clearest instance being a
dedicated critic that grades how proactive a turn should have been (Wang et al., 20251). Reflective clarification-need
prediction, deciding by introspection whether the agent is missing information it should ask for, is the same move
applied at the input boundary (Zhang et al., 2024h; Qian et al., 2024), and a metacognitive layer that predicts its own
impending failure and hands off to a human is its safety-side counterpart (Xu, 2025). In every case the object of critique
is the decision to act, which is what distinguishes proactive reflection from generic self-refinement (Lu et al., 2025a).

When a proactive prediction misses, whether a rejected suggestion or a failed preemptive action, reflection’s job is to
repair the model that produced it, in-context, so that the next anticipation within the session is better, closing a fast
loop back to Anticipation (§4.2) without waiting for offline retraining. For a user-facing agent this means updating an
inferred preference or theory-of-mind belief after a misfire (Gao et al., 2024; Zhang et al., 2024a), and for an agent
acting on a system it is the well-developed pattern of scientific and driving agents that run hypothesis-revision and
belief-update loops, observing an experimental or environmental outcome, diagnosing the mismatch, and rewriting
the working model before the next decision (Wen et al., 2024; Boiko et al., 2023b; Lu et al., 2024; Wu et al., 2025¢).
Repairing the predictive model before it next fires is what makes this reflection prospective, since the critique migrates
from after-the-fact to before-the-fact and anticipates the agent’s own error, which is itself a proactive move (Wang
et al., 2026b; Han et al., 2025¢; Yu et al., 2025). Two limits bound it, and both bite hardest in proactive settings.
First, ungrounded reflection can entrench errors in place of fixing them, since intrinsic self-correction without external
evidence sometimes degrades performance (Huang et al., 2024). Second, reflection costs latency and compute, which
collides with the timing constraints of §4.4.3, because overthinking displaces the very environmental interaction the
agent was supposed to act on (Cuadron et al., 2025); real-time agents accordingly split fast and slow reasoning or
precompute reflection ahead of need so that deliberation does not cost the moment to act (Zhang et al., 2025g; Liu et al.,
2026l; Lin et al., 2025). A proactive agent that reflects too long has, in effect, failed to act first.

4.6.3 Long-Term Calibration, Personalization, and Trust

As the user and environment change, the agent re-estimates across episodes the standing quantities on which the earlier
mechanisms depend. These include the anticipation models of §4.2, which capture user preferences and world dynamics,
and the confidence thresholds, interruption costs, and utility models of §4.4.2. What it re-fits is the agent’s standing
relationship with its user along three coupled axes: how far the user’s trust licenses it to act, how much autonomy its
track record has earned, and whose preferences it should personalize to. All three are fit from the accumulated feedback
of §4.6.1.

The binding constraint is appropriate reliance more than raw capability: over-trust breeds complacency as the user
stops checking (Parasuraman & Manzey, 2010), under-trust breeds disuse as the user disables the proactivity altogether
(Parasuraman & Riley, 1997), and the agent’s standing authority to act first is the slowly-moving budget between
them. The human-factors theory of reliance supplies the frame (Lee & See, 2004), and it carries across settings, from
an individual deciding how much to let an assistant preempt them (Tussyadiah & Wang, 2014) to an organization
deciding how much intervention authority an operations, driving, or clinical system has earned (Gombolay et al.,
2016). In a planning-task study, fully autonomous system behavior did not establish adequate trust, and the effects of
proactive dialogue on perceived competence and reliability depended on task difficulty (Kraus et al., 2020). A study
of human-robot collaboration found that greater attributed agency was associated with more negative attitudes when
perceived user control was low (Zafari & Koeszegi, 2020). Trust calibration can inform proactive interaction, and
socially-aware training that rewards trust alongside task success is one approach (Kraus et al., 2023).
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Autonomy should be graduated and evidence-indexed, adjusted as performance history accumulates: adaptive automation
shifts the level of agent authority based on that history (Kaber & Endsley, 2004), and deployment practice increasingly
treats authority as statistically earned, demonstrating reliability over a large operating record before authority is widened
(Kalra & Paddock, 2016). This is the dynamic counterpart to the static rungs of §4.5.1, first developed in safety-critical
operations, where those are the levels and this is movement along them over time, and a shared-workspace study shows a
situation-adapted agent outperforming any fixed autonomy level (Salikutluk et al., 2024). The proactive-specific anchor
is that an agent can choose its proactivity level as a function of predicted trust, escalating initiative only as far as the
evidence of earned reliance permits (Kraus et al., 2021), and systems now monitor for over- and under-reliance and emit
calibration cues to steer it back (Okamura & Yamada, 2020); a related discipline appears in self-verifying discovery
agents that gate each next step on reproducible intermediate results before proceeding (Ghafarollahi & Buehler, 2025).

Across episodes, an agent can use accumulated feedback to personalize its proactivity, updating the user model of §4.2.1
and the memory of §4.1.3. The progression runs from per-user interruption-cost models (Saponaro et al., 2017; Horvitz
et al., 2004), through fleet-scale notification bandits that learn when a recurring alert is welcome (Yancey & Settles,
2020), to AT assistants that write rated intervention outcomes into persistent memory and continually re-personalize
their initiative (Wang & Jiang, 2026). As preferences change, an intervention that was welcome last month may now
be annoying, so the agent needs to revise its model over time. Recent agent work makes the payoff concrete with per-
suggestion ratings across many personas that measurably improve satisfaction over time (Kim et al., 2026b; Xuan et al.,
2026) and multi-objective reinforcement learning that jointly optimizes productivity, proactivity, and personalization
(Sun et al., 2025b).

The deeper difficulty that spans all three axes is that the target moves under the agent’s own influence: people change
their behavior and even their language toward systems they interact with (Zhang & Yu, 2025), so the distribution
the agent calibrated against shifts as a result of the very interventions it made, the performative-prediction problem
(Perdomo et al., 2021). Calibration is thus a relationship maintained over time, and a moving one, sustained by mutual
and symbiotic adaptation in which the human and agent adjust to each other across the interaction (Nikolaidis et al.,
2017; Nwankwo et al., 2026). The harder questions this raises, the self-reinforcing feedback loops that drive a policy
toward degenerate attractors (Jiang et al., 2019) and the explicit repair a broken-trust relationship needs before it recovers
(Kox et al., 2021; de Visser et al., 2020), are governance concerns; here they mark the boundary where mechanism
hands off to oversight, including cooperative human-agent oversight games that keep control without modifying the
agent (Overman & Bayati, 2026).

Feedback on unnecessary or missed interventions helps calibrate Anticipation and Arbitration, while also informing
what the agent monitors, which goals it maintains, and how it executes them. Errors in predicting needs or setting
intervention thresholds can produce over-eager, harmful assistance (Lu et al., 2025a; Wang et al., 20261). The right
mental model is therefore an adaptation loop whose objective is the agent’s own faithfulness, an operational honesty
about what it knows, how confident it is, and whether what it did was correct. These mechanisms observe trust and
reliance, but neither is the quantity to optimize, because both live in the user’s perception, which an agent can manipulate
by flattering (Sharma et al., 2025), by deferring until it never annoys, or by concealing the failures it should disclose, the
reward-hacking trap of optimizing a proxy (Skalse et al., 2025). Repeated honest interaction can help users calibrate
their reliance on an agent. Accurate reporting of uncertainty and failures becomes especially important when the volume
of autonomous behavior limits human review or when the agent’s capabilities exceed the user’s ability to assess its
outputs. Such feedback can guide revisions to the other five mechanisms as the user and environment change. With the
full mechanism assembled, §6 turns to how each deployment domain weights the six components differently.

5 Evaluation

Table 2 Taxonomy of evaluation metrics for proactive Al agents, organized by the primary evaluation focus at the task, mechanism,
and user levels. Each row lists the distinct evaluation directions argued for in the corresponding subsection, with a small set of
representative anchor works rather than an exhaustive citation list.

Level Evaluation Focus General Directions for Evaluation Representative Works

Task Utility Task Success Goal completion rate against reference or verifiable (Walker et al., 1997; Maniktala et al.,
outcomes; domain-specific task outcomes; per-intervention ~ 2020; Pu et al., 2025a; Wu et al.,
(turn-level) success rate 2025e; Andolina et al., 2018)

Continued on next page
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Table 2 (continued)

Level Evaluation Focus General Directions for Evaluation Representative Works
Task Efficiency Agent computational cost (inference latency, token usage,  (Chai et al., 2026a; Lee et al., 2025a;
triggering frequency); user interaction cost (turns, Pu et al., 2025a; Hu et al., 2026a;
interruptions, correction effort); quality-adjusted efficiency ~ Zhang et al., 2025¢)
(benefit per unit cost)
Mechanism- Context Modeling Retrieval precision and recall over long or multimodal (Wang et al., 2024i; Liu et al., 2024b;
Level Efficacy context; knowledge-update accuracy and stale-information ~ Wu et al., 2025b; Uddin et al., 2026;

rate over sustained interaction; context efficiency
(compression ratio, cost per unit accuracy); pre-decision
evidence coverage

Maharana et al., 2024; Yang et al.,
2026¢)

User State and World

State Anticipation

Intent, goal, and preference accuracy (precision, recall,
F1); prediction lead time and false-alarm rate for emerging
needs; ambiguity-detection F1 and clarification utility;
next-state and event-forecast accuracy

(Qian et al., 2025a; Lu et al., 2025a;
Tang et al., 2026b; Yang et al., 2025d;
Grauman et al., 2022)

Planning Quality

Objective/agenda-selection accuracy (including hidden
requirements); plan validity and subgoal coverage;
constraint satisfaction and preference utility; plan-revision
success under new constraints

(Zhang et al., 2026b; Valmeekam
et al., 2023; Xie et al., 2024a; Liu
et al., 2026i; Qin et al., 2025b)

Intervention Decision and

Timing

Intervention precision, recall, and F1 (act, ask, defer, or
abstain); autonomy calibration (deferral accuracy,
risk—coverage); trigger-timing accuracy (valid-window,
early/late-trigger rate); unwanted-initiative or
persistence-after-rejection rate

(Zhang et al., 2024h; Trinh et al.,
2026; Mozannar & Sontag, 2020;
Chen et al., 2025d; Wang et al.,
20261)

Intervention Delivery and

Presentation

Content correctness and execution/state-change accuracy;
delivery-mode appropriateness relative to risk and
reversibility; comprehension and legibility of agent intent;
editability, cancellation, and reversal success

(Wang et al., 2025k; Tang et al.,
2026b; Kong et al., 2026; Pu et al.,
2025a; Dragan et al., 2013)

Adaptation and

Personalization gain and learning/sample efficiency;

(Kim et al., 2026b; Liang et al., 2026;

Generalization recovery speed and stale-memory/obsolete-information Uddin et al., 2026; Li et al., 2026a;
rate under drift; generalization to unseen users, tasks, or Guo et al., 2026b)
environments
User User Workload Subjective workload (NASA-TLX, Workload Profile, (Hart & Staveland, 1988; Tsang &

Experience

SWAT); behavioral disruption (interpretation time,
recovery time, task-switch cost); net effort removed vs.
newly introduced

Velazquez, 1996; Pu et al., 2025a;
Bailey & Konstan, 2006)

Usability and Experience

Standardized usability/UX scores (SUS, UEQ); perceived
usefulness, naturalness, and collaboration quality;
intrusiveness and privacy concern

(Brooke, 1995; Laugwitz et al., 2008;
Walker et al., 1997; Villa et al., 2025;
Horvath & Greenberg, 1989)

Level of Control

Perceived agency and preferred autonomy level; override,
modification, and reversal success rate; gap between
formal and effective control

(Pu et al., 2025a; Walker & Whittaker,
1990; Parasuraman et al., 2000;
Dietvorst et al., 2018)

Trust and Reliance

Trust-in-automation scales, calibrated to actual reliability;
appropriate reliance (correct-accept / correct-reject rate);
critical-engagement behavior (verification, error
detection); longitudinal trust trajectory

(Jian et al., 2000; Lee & See, 2004,
Schemmer et al., 2022; Desai et al.,
2013; Lee et al., 2025¢)

Evaluating proactive assistance requires evidence about task utility, mechanism-level evaluation, and user experience
(Figure 13). These directions examine, respectively, whether proactive assistance improves the outcome of the task,
whether the mechanisms producing that assistance operate effectively, and whether the resulting behavior is acceptable
and beneficial from the user’s perspective. For example, a system may successfully complete a task while intervening
unnecessarily, relying on inaccurate assumptions about the user, or imposing interaction costs. An agent may also
correctly infer a user need or choose an appropriate moment to intervene without ultimately improving the task outcome.
Users may perceive technically effective assistance as intrusive, unpredictable, or difficult to comprehend when the

agent acts without an explicit request.

Proactive assistance must improve task outcomes enough to justify the costs of intervention. Task utility covers
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Figure 13 Evaluating proactiveness requires evidence beyond task completion. Task utility establishes whether an intervention
improves outcomes, mechanism-level evaluation examines how effectively the underlying capacities operate, and user experience
assesses its effects on workload, control, and trust. None substitutes for the others: a successful intervention may be poorly justified
or burdensome, while strong performance on individual mechanisms does not by itself establish practical benefit.

effectiveness and efficiency in terms of time, effort, resources, and interaction cost (Table 2). Useful outcomes include
helping users accomplish any of their subgoals or complete tasks successfully (Maniktala et al., 2020; Walker et al.,
1997; Chen et al., 2025¢; Pu et al., 20252); reducing the time, effort, or resources required from the user and the system
(Andolina et al., 2018; Chen et al., 2019; Lee et al., 2025a; Pu et al., 2025a); or preventing undesirable outcomes
by identifying errors, risks, or situations that require intervention (Artikis et al., 2017). Outcome measures describe
the performance of the complete system. Attributing these outcomes to particular mechanisms and assessing user
satisfaction requires mechanism-level and user-experience measures.

Errors in proactive assistance can arise at several stages of the decision process. Following the mechanism taxonomy in
§4, evaluation should assess how accurately the agent senses the environment (Wang et al., 20241; Liu et al., 2024b;
Wu et al., 2025b; Uddin et al., 2026; Maharana et al., 2024); whether it understands the user’s preferences and latent
intent, and changes in the world state (Lieberman, 1995; Blaylock & Allen, 2005; Deng et al., 2022; Qian et al., 2025a;
Chen et al., 2026g; Grauman et al., 2022); whether it develops appropriate goals, subgoals, and executable plans (Deng
et al., 2023c; Kong et al., 2026; Nathani et al., 2026; Zhang et al., 2026b; Wu et al., 2025¢); whether it correctly decides
when to act, ask for clarification, or remain silent (Zhang et al., 2024h; Lu et al., 2025a; Trinh et al., 2026; Wang
et al., 2026l; Pu et al., 2025b); whether the resulting intervention is relevant and correctly executed (Pu et al., 2025a;
Tang et al., 2026b; Kong et al., 2026); whether it occurs at an appropriate moment (Chen et al., 2025d; Samarinas
& Zamani, 2024; Ding et al., 2026b; Zhao et al., 2026b; Ran et al., 2026); and whether the agent can adapt across
users, preferences, tasks, and interactions (Kim et al., 2026b; Sun et al., 2025b; Hao et al., 2025; Li et al., 2026d). An
undesirable intervention may arise from an incorrect inference about the user’s need, an unnecessary decision, poor
timing, or failure to incorporate prior feedback. These failures may produce similar observed outcomes while reflecting
different weaknesses. Mechanism-level evaluation helps attribute success and failure to the decisions that produced
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them (Table 2).

Assistance initiated without an explicit request can increase workload, feel intrusive, reduce user control, or encourage
inappropriate reliance. Evaluation should therefore assess whether assistance reduces mental effort, frustration, interpre-
tation time, and task-switching costs (Hart & Staveland, 1988; Tsang & Velazquez, 1996; Reid & Nygren, 1988; Lee
et al., 2025a; Pu et al., 20252a); whether the interaction is perceived as useful, usable, collaborative, and respectful of
privacy (Brooke, 1995; Laugwitz et al., 2008; Walker et al., 1997; Andolina et al., 2018; Liu et al., 2024e, 2023c; Ma
& Ziegler, 2024; Horvath & Greenberg, 1989); whether users can accept, modify, override, or reverse interventions
and retain an appropriate sense of agency (Walker & Whittaker, 1990; Parasuraman et al., 2000; Pu et al., 2025a; Villa
et al., 2025); and whether trust and reliance remain calibrated to the agent’s actual reliability (Jian et al., 2000; Lee &
See, 2004; Kraus et al., 2020; Schemmer et al., 2022; Desai et al., 2013). Workload, usability and experience, level of
control, and trust and reliance provide complementary measures of user experience (Table 2), consistent with recent
calls for more human-centered evaluation of proactive agents (Deng et al., 2024b; Kraus et al., 2025).

Existing evaluations often emphasize only one of these directions or blur their distinct roles: task success may overlook
flawed intervention processes, mechanism metrics may not establish user benefit, and human-subject studies may not
identify which system decisions actually shaped user perceptions. Evaluation is also uneven across settings, with more
standardized benchmarks for conversational agents than for embodied, mobile, visual, and cross-application systems.

5.1 Task Utility Metrics

Additional monitoring, reasoning, interaction, and delay can raise the cost of proactive assistance even when they
improve the final result. Task utility therefore includes task success and task efficiency. Success asks whether the agent
provides a final meaningful outcome; efficiency asks whether the gain was worth its cost.

5.1.1 Success Metrics

Proactive assistance can admit several valid responses when the trajectory or endpoint is incompletely specified. An
agent may provide information, ask a clarifying question, prepare an action, complete part of the task, or appropriately
remain silent. Evaluation should therefore judge whether the agent advanced the user’s goal. Reference trajectories or
answers can support this judgment when they capture the relevant goal. The goal itself may also be implicit, incomplete,
or evolving. A technically correct action may be irrelevant to what the user actually needs, while a partial intervention
may still be valuable if it prevents an error or saves later effort. Success may therefore depend on goal completion,
correctness, relevance, and risk reduction. For vague requests, even determining whether the agent succeeded may
require contextual or model-based judgment.

Whole-task evaluation has a long history in dialogue and mixed-initiative systems. Early work measures task success
through agreement between the agent’s inferred result and a ground truth scenario key (Walker et al., 1997), while
early mixed-initiative transportation assistants report the proportion of sessions that successfully complete the intended
task (Ferguson et al., 1996). Such reference-based evaluation works well when the goal is explicit and verifiable.
Coding assistants can use completed assignments or passed test cases as concrete outcome signals (Pu et al., 2025a;
Chen et al., 2025¢e), and agents acting in an environment with stable and valid feedback or reward signals should be
evaluated similarly Liu et al. (2026e,g); proactive search systems may examine whether suggested information influences
the subsequent conversation (Andolina et al., 2018); and task-oriented dialogue may combine goal completion with
domain-specific outcomes, such as the sale-to-list ratio in negotiation (Wu et al., 2025¢). The appropriate definition of
success thus depends on what useful assistance looks like in the target setting.

A session-level score aggregates proactive decisions into one result. More granular outcomes can improve credit
assignment. For example, the Hint Justification Rate measures the proportion of provided hints, including on-demand
and proactive hints, that students correctly justify by deriving the hinted step (Maniktala et al., 2020). Intervention-level
scoring parallels the use of dense process signals in reinforcement learning with verifiable rewards (Lightman et al.,
2023). Such measures record intervention-level uptake or local task progress. Establishing why an intervention was
effective requires examining whether the agent inferred the right need, chose the right moment, and delivered the right
content.
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5.1.2 Efficiency Metrics

An agent may continuously monitor context, infer latent needs, request additional information, and sustain several
rounds of interaction before offering assistance. These steps may improve task success, but they also consume user
attention, time, and computational resources. Evaluation should assess task success together with the resources that the
agent and the user expend to achieve it.

Task-completion time depends partly on how quickly users interpret information, make decisions, and respond to
the agent. These human factors limit the system’s control over total task duration. The agent’s sensing, reasoning,
communication, and intervention policies affect both computational cost and the amount of work imposed on the
user. For example, an agent that reasons more frequently may identify better opportunities to help, but it may also
consume more tokens and increase latency; similarly, an agent that repeatedly asks clarifying questions may improve its
understanding of the user’s goal while increasing interaction burden. Task efficiency should therefore be treated as a
human-AI co-design objective: the system should determine when additional computation or interaction is worth its
cost.

First, agent-side efficiency concerns how much computation is required for the agent to continuously determine whether,
when, and how to intervene. Proactive agents may continuously sense the environment, update state and memory,
generate possible actions, and evaluate whether intervention is appropriate, even when they ultimately remain silent.
This makes the cost of deciding not to act an important part of efficiency. Proactive GUI agents, for example, can reduce
such overhead by reducing repeated processing of complete visual histories through bounded context and structured
state (Chai et al., 2026a). Lightweight triggering mechanisms can similarly avoid invoking a large model after every
observed user event (Liu et al., 20260). Evidence from general GUI agents further suggests that additional reasoning
can increase token consumption and latency without reliably improving task success (Zhang et al., 2025¢). Relevant
measures therefore include inference latency, token usage, memory and energy consumption, monetary cost, sensing
frequency, triggering frequency, and the computational cost of intervention decisions.

Second, these algorithmic choices also create user-facing efficiency costs that the agent must account for when deciding
whether an intervention is worthwhile. Proactivity can reduce downstream task effort, but it can also introduce
interruptions, clarification turns, verification, or correction work. For instance, the proactive AR assistant studied by
Lee et al. (20252a) sometimes requires longer interactions. In proactive programming support, Pu et al. (2025a) find no
significant difference in total task-completion time, suggesting that additional assistance does not necessarily translate
directly into faster completion. In those settings, task duration alone remains an incomplete measure: a longer interaction
may produce a better outcome, while a shorter one may simply reflect premature or ineffective assistance. The agent
should therefore reason about the expected benefit of an intervention relative to both its computational cost and the
human effort it induces. Useful measures include interaction turns, interruptions, correction and verification effort,
independent completion times for the agent and the user, and ultimately the amount of user effort saved for a given level
of task quality.

Efficiency ultimately concerns the balance between resources consumed and useful assistance delivered. Proactive
preparation may reduce the number of interaction turns and the effort needed to complete a task (Hu et al., 2026a),
but poorly timed assistance can introduce extra interruption, resumption, and verification costs for users even when
its content is correct (Mark et al., 2008; Igbal & Bailey, 2010). These trade-offs constrain mobile, wearable, and
embodied agents, where always-on monitoring and idle-time computation (§4.1.4) compete for limited energy, device
resources, and access to personal context. Evaluation should therefore relate useful assistance to the time, attention, and
computation it consumes.

5.2 Mechanism-Level Metrics

The second level evaluates the internal mechanisms of a proactive agent to identify where its behavior succeeds or fails.
Mechanism-level metrics cover six categories: Context Modeling Efficacy; User State and World State Anticipation;
Planning Quality; Intervention Decision and Timing; Intervention Delivery and Presentation; and Adaptation and
Generalization. These categories align with the six mechanisms in §4: Awareness models the current user and
environment state; Anticipation predicts intentions, needs, and future states; Agenda selects and organizes goals;
Arbitration decides whether and when to intervene; Action delivers an understandable and controllable intervention;
and Adaptation improves these behaviors through experience. Although these categories are interdependent, they
provide a diagnostic structure for locating the mechanism most directly associated with a measured capability or failure.
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Downstream task success can leave the underlying mechanism unmeasured. Anticipation and Action studies often
evaluate the final intervention without separately assessing the prediction or delivery process that produced it.

5.2.1 Context Modeling Efficacy

Maintaining Awareness requires an accurate representation of the current situation drawn from an extended interaction
history. This requires the agent to retain relevant observations, integrate evidence distributed across time and modalities,
update information as circumstances change, and distinguish observed facts from uncertain inferences. Evaluation
should assess context quality together with the cost of maintaining it as the interaction history grows.

A first question is whether relevant evidence remains accessible as the interaction becomes longer and more complex.
Long context benchmarks provide controlled tests of this capability. MM-NIAH evaluates retrieval, counting, and
reasoning over textual and visual evidence distributed across long multimodal contexts (Wang et al., 20241), while
MMNeedle tests target retrieval in large visual contexts, including cases where the requested evidence is absent (Wang
et al., 2025b). MileBench extends this setting to realistic interleaved image text inputs (Song et al., 2024a). In text only
settings, LongBench and RULER evaluate long document retrieval, multi-hop reasoning, and aggregation (Bai et al.,
2024; Hsieh et al., 2024), while Lost in the Middle shows that evidence accessibility can also depend on its position
within the context (Liu et al., 2024b). Together, these benchmarks motivate measures such as retrieval precision and
recall, multi evidence recall, distractor robustness, and performance across context lengths and evidence positions.

During sustained interaction, the contextual representation must remain correct as information changes. LoCoMo
evaluates recall, temporal reasoning, and summarization over extended conversations (Maharana et al., 2024), while
LongMemEval examines cross-session reasoning, knowledge updates, and abstention (Wu et al., 2025b). MemoryA-
gentBench further considers selective forgetting and test-time learning (Hu et al., 2026d), and multimodal settings are
studied in Mem-Gallery (Bei et al., 2026). Memora focuses specifically on evolving user information and introduces
Forgetting-Aware Memory Accuracy to penalize reliance on invalidated memories (Uddin et al., 2026). These settings
evaluate whether the context representation remains consistent with the user’s current state.

Maintaining such awareness also raises an efficiency question. Supplying the complete interaction history at every step
may preserve information, but becomes increasingly costly as the history grows. Context compression methods such
as Selective Context and Longl.LMLingua retain more informative portions of the input while reducing the amount
of context processed by the model (Li et al., 2023c; Jiang et al., 2024a). Persistent memory approaches address the
same problem across interactions: MemGPT manages information across different memory tiers (Packer et al., 2023),
while PlugMem turns agent trajectories into structured graphs of reusable and generalizable facts and skills (Yang et al.,
2026¢). Context modeling should therefore be evaluated jointly in terms of context quality and context cost (Yang
et al., 2026¢). Relevant efficiency measures include retrieved or processed tokens, compression ratio, memory growth,
retrieval and update latency, and computational cost. More informative evaluations can report quality under a fixed
context budget, or the amount of computation required to reach a given level of retrieval or downstream accuracy.

These measures are most useful when applied to the contextual representation available before a proactive decision is
made. Quality can be characterized through retrieval precision and recall, multi-hop and temporal reasoning accuracy,
knowledge-update accuracy, stale-information retention, selective forgetting accuracy, and false-positive or abstention
rates when relevant evidence was never observed (Hsieh et al., 2024; Wu et al., 2025b; Uddin et al., 2026; Wang et al.,
2025b). LongMemEval-V2 provides a useful formulation in which a memory system processes historical trajectories and
returns compact evidence for downstream reasoning (Wu et al., 2026a). A proactive agent benchmark could similarly
measure pre-decision evidence coverage, or the proportion of decision-relevant facts represented when an opportunity to
assist arises, together with an oracle context gap comparing downstream performance using the agent’s context against
annotated gold context. Paired with context size or retrieval cost, these measures reveal whether a proactive failure
stems from missing, outdated, or inefficiently maintained awareness.

5.2.2 User State and World State Anticipation

An agent may need to infer task-relevant states that are not yet directly observable through its Anticipation mechanism.
User-state anticipation estimates the user’s latent goals, preferences, constraints, and emerging assistance needs from
partial interaction evidence. World-state anticipation forecasts how the surrounding task environment is likely to evolve.

User state anticipation ranges from recovering a user’s current latent state to identifying needs that become apparent only
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over time. Dialogue state tracking provides the basic formulation. The Schema Guided Dialogue benchmark evaluates
active intent accuracy, requested slot F1, average goal accuracy, and joint goal accuracy (Rastogi et al., 2020). More
recent benchmarks extend this setting beyond explicitly stated goals. IN3 evaluates recovery of missing information
from underspecified instructions through Vagueness Judgment Accuracy, Missing Details Recover Rate, and Summary
Intention Coverage Rate (Qian et al., 2024); UserBench measures whether incrementally revealed preferences are
successfully elicited and reflected in the agent’s choices (Qian et al., 20252a); and LifeSim-Eval evaluates recognition
and fulfillment of explicit and implicit intentions, including intention completion over long horizon user trajectories
(Duan et al., 2026a). Across these settings, useful measures include intent or goal accuracy, slot and preference level
precision, recall, and F1, as well as macro-F1 when intent classes are imbalanced. When several interpretations remain
plausible, Recall @k, mean reciprocal rank, or other ranking metrics can evaluate whether the correct user state remains
among the agent’s plausible hypotheses.

Assistance before an explicit request requires recognizing the relevant user state in advance. ProactiveBench evaluates
whether an emerging situation warrants assistance using accepted versus rejected proactive offers and reports F1 for
assistance prediction (Lu et al., 2025a). ProAgentBench further separates when assistance is needed from what assistance
is anticipated, evaluating the former with accuracy, precision, recall, and F1 and the latter with intention category
accuracy and semantic similarity to the user’s subsequent request (Tang et al., 2026b). PIRA-Bench considers multiple
interleaved intents in noisy activity streams and measures intent precision, recall, and F1 together with false positives
during periods in which no actionable intent is present (Chai et al., 2026a). JIR-Arena evaluates real-time prediction
of users’ information needs for proactive information recommendation (Yang et al., 2025d). Beyond final prediction
accuracy, evaluation can therefore measure accuracy over observation prefixes, prediction lead time, time to stable intent
recognition, and false alarms before a genuine need emerges.

Because latent user states are often underdetermined, anticipation should also evaluate whether the agent represents
uncertainty appropriately. CLAMBER tests whether models recognize ambiguous information needs and generate
clarifications that resolve the missing information (Zhang et al., 2024g), while INTENT-SIM studies uncertainty-based
prediction of when clarification is useful and evaluates its effect on downstream performance (Zhang & Choi, 2025).
Appropriate metrics therefore include ambiguity-detection F1, entropy over candidate intents, calibration error or Brier
score, and the expected reduction in uncertainty or downstream error from additional information. To isolate errors in
user-state inference, a fixed downstream policy can also be evaluated using inferred versus annotated user states, with
the resulting oracle gap indicating how much performance is lost because of imperfect anticipation.

Changes in the external environment may create, remove, or alter opportunities for assistance. World-state anticipation
forecasts these changes. Action anticipation benchmarks provide established examples. EPIC-KITCHENS evaluates
upcoming verbs, nouns, and actions using top-k prediction and class-balanced recall measures (Damen et al., 2018),
while Ego4D evaluates both short-term object interactions and longer future action sequences using Top-5 mean average
precision for short-term object interactions and edit distance for long-term action sequences (Grauman et al., 2022).
In interactive agent environments, Web Agents with World Models predicts action-conditioned descriptions of how
the interface state will change following candidate actions (Chae et al., 2025). More generally, world model quality
can be evaluated through next-state or state-change accuracy, event precision and recall, time-to-event error, and
multi-step rollout fidelity. When multiple future trajectories are plausible, probabilistic measures such as negative
log-likelihood, Brier score, and calibration error can assess uncertainty across possible outcomes. As with user-state
inference, comparing a fixed policy under predicted and observed world states can help attribute downstream failures
specifically to forecasting errors.

5.2.3 Planning Quality

Choosing an appropriate objective and a coherent course of action from an anticipated user state or future situation is
the task of the Agenda mechanism. This involves deciding what should be pursued, decomposing the objective into
intermediate steps, respecting dependencies and constraints, and revising the plan when new information becomes
available. Evaluation should distinguish failures in agenda formation, where the agent selects an inappropriate objective,
from failures in plan construction, where the objective is appropriate but the resulting plan is invalid or ineffective.

An agent’s objectives should be relevant, necessary, and consistent with the user’s preferences. = Bench distinguishes
Proactivity, which measures whether hidden requirements are identified or resolved, from Completeness, which measures
how many task requirements are ultimately satisfied (Zhang et al., 2026b). UserBench evaluates whether decisions
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reflect elicited user preferences through its normalized choice score, Best Exist Rate, Correct Exist Rate, and Preference
Elicited (Qian et al., 2025a). ProactiveMobile similarly reports Success Rate for translating an inferred need into an
appropriate function sequence, together with False Trigger Rate when no action is warranted (Kong et al., 2026). More
generally, agenda quality can be measured through objective selection accuracy, precision and recall over required
objectives, agreement with user-ranked goals, and regret relative to the highest utility feasible objective. These measures
help distinguish an agent that plans poorly from one that successfully pursues the wrong goal.

Once an appropriate objective has been selected, plan construction evaluates whether the agent can produce a valid
sequence or structure of actions that achieves it. PlanBench tests understanding of action preconditions, effects, and
goal reachability, supporting measures such as valid plan rate, goal achievement rate, and the number of violated
preconditions or inapplicable actions (Valmeekam et al., 2023). Natural Plan evaluates trip, meeting, and calendar
planning through solve rate under increasingly complex natural language constraints (Zheng et al., 2024a). WorFBench
focuses on task decomposition and evaluates sequential and graph structured plans through subsequence and subgraph
matching (Qiao et al., 2025). The Agent Planning Benchmark reports binary Plan Correctness and six-level Plan Grade,
while distinguishing failures caused by inappropriate tools, unavailable tools, and infeasible objectives (Sun et al.,
2026a). Across these settings, useful measures include goal reachability, plan validity, subgoal coverage, dependency
preservation, tool appropriateness, and recognition that no feasible plan exists.

Planning quality also depends on satisfying constraints while choosing well among multiple feasible solutions. Trav-
elPlanner separately evaluates delivery, commonsense constraints, hard constraints, and overall task completion (Xie
et al., 2024a), while COMPASS distinguishes feasibility from preference optimization and exposes cases in which a
plan satisfies mandatory requirements but poorly reflects the user’s priorities (Qin et al., 2025b). AgentBoard introduces
progress rate to measure how much of an objective has been completed even when the final goal is not reached (Ma
et al., 2024a). Evaluation can report feasibility, constraint satisfaction, preference utility, regret, and subgoal progress
separately, especially when multiple plans can satisfy the same objective.

Plan revision becomes important when new user information or environmental changes invalidate part of an existing
plan. Flex TravelPlanner evaluates planning as constraints are introduced sequentially and tests whether higher priority
requirements remain satisfied when conflicts arise (Oh et al., 2025). AdaPlanBench evaluates replanning under
progressively revealed user and environment constraints through final Accuracy, Valid Plan Rate, interaction turns, and
repeated violations of previously disclosed constraints (Liu et al., 2026i). TripTide evaluates adaptation to unexpected
disruptions through Preservation of Intent, Responsiveness, and semantic, spatial, and sequential Adaptability (Karmakar
et al., 2025). These settings motivate measures such as recovery success, constraint retention, preservation of unaffected
plan components, revision cost, and repeated constraint violations, capturing whether the agent can update an existing
plan coherently as conditions evolve.

5.2.4 Intervention Decision and Timing

Intervention Decision and Timing evaluates the Arbitration mechanism: whether an agent should intervene, when
intervention is appropriate, and whether the proposed action is justified within its granted permissions. Given an
anticipated user state and a proposed agenda, the agent may act directly, ask for clarification, request consent, defer
to the user, or remain silent. The central evaluation question is therefore not whether the intervention itself is well
expressed or correctly executed, but whether the agent chooses an appropriate intervention decision under the available
evidence, uncertainty, risk, and timing constraints.

A first dimension is whether intervention is warranted at all. Ask Before Plan evaluates whether an agent recognizes
that available information is insufficient before proceeding with planning (Zhang et al., 2024h). ProactiveBench tests
whether assistance is offered only in situations where intervention is appropriate (Lu et al., 2025a), while HiL Bench
reports Ask F1 to balance necessary clarification against unnecessary questioning (Trinh et al., 2026). KnowU Bench
distinguishes among acting, seeking consent, and remaining silent (Chen et al., 2026g), and ProactiveMobile allows
multiple decisions to be considered valid in the same context (Kong et al., 2026). These settings motivate intervention
precision, recall, and F1, false intervention rate, missed assistance rate, macro F1 for multiple decision types, and set
valued accuracy when several choices are acceptable. Clarification and consent decisions can further be evaluated
through unnecessary question rate, missed clarification rate, and consent seeking accuracy across actions with different
levels of consequence and reversibility.

A second dimension concerns how much authority the agent should assume. Mixed-initiative systems characterize this
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choice as a balance between the expected value of autonomous action and the potential costs of error, disruption, or loss
of user control (Horvitz, 1999). Adjustable autonomy similarly studies when control should remain with the agent and
when it should be transferred to a human, including the coordination and delay costs associated with that transfer (Scerri
et al., 2002). Learning-to-defer formalizes a related problem by evaluating whether a system acts on cases it can handle
reliably while passing more difficult cases to an expert (Mozannar & Sontag, 2020). Calibrated variants additionally
examine whether estimated agent and human correctness probabilities correspond to observed outcomes (Verma &
Nalisnick, 2022). Relevant measures include autonomy coverage, deferral accuracy, selective risk, risk-coverage curves,
expected decision cost, calibration error, and Brier score. Together, these metrics evaluate whether the agent allocates
decision authority appropriately.

Intervention quality also depends on timing. In proactive settings, an intervention can remain useful within a range of
acceptable times. JIR-Arena evaluates precision and recall of predicted information needs and scores recommendation
timing through a soft comparison of predicted and annotated start and end times (Yang et al., 2025d). ProActor defines
broader readiness windows and penalizes interventions that occur either too early or too late (Ding et al., 2026b). ProCIS
incorporates timeliness through pDCG and npDCG, rewarding relevant information when it is provided at an earlier
useful point (Samarinas & Zamani, 2024), while ProactiveVideoQA integrates response quality over time through PAUC
(Wang et al., 2025k). OmniPro evaluates performance around annotated trigger moments and under autonomous online
triggering (Zhao et al., 2026b), and EgoPro Bench makes the appropriate intervention time dependent on the user’s
profile and inferred intentions (Ran et al., 2026). ProAgentBench further distinguishes intervention at an inappropriate
moment from anticipation of inappropriate assistance (Tang et al., 2026b). These settings motivate valid-window
accuracy, trigger precision and recall, premature intervention rate, delayed intervention rate, temporal distance from the
nearest acceptable boundary, and utility lost because of delay.

The usefulness of a trigger also depends on whether the user can accommodate the interruption. Interruptibility research
estimates the expected cost of interrupting a user (Horvitz & Apacible, 2003) and predicts whether the user is currently
available for interruption (Hudson et al., 2003). Interruption cost varies across points within the same task (Adamczyk &
Bailey, 2004). Interventions outside natural task boundaries can increase completion time, errors, and annoyance (Bailey
& Konstan, 2006). Delaying notifications until more suitable breakpoints can reduce disruption (Igbal & Bailey, 2008).
Mobile studies further show that receptivity depends on personal and situational context (Pejovic & Musolesi, 2014),
and that willingness to engage with an intervention is distinct from merely tolerating its arrival (Pielot et al., 2017).
Useful measures therefore include expected interruption cost, resumption time, performance loss following interruption,
subjective disruption, receptivity prediction accuracy, and subsequent engagement.

Finally, aggregate success can conceal important arbitration failures. Toxic proactivity evaluations measure how often
agents violate safety constraints while pursuing task goals (Wang et al., 20261). ProMemAssist relates the frequency of
proactive memory support to users’ responses to those interventions (Pu et al., 2025b), while proactive programming
studies distinguish productive engagement, passive ignoring, and active disruption (Pu et al., 2025a). These reactions
should be interpreted together with delivery quality, since rejection may result from either an inappropriate decision to
intervene or a poorly delivered intervention. Arbitration evaluation should therefore report unnecessary intervention,
missed assistance, excessive clarification, inappropriate autonomy, premature interruption, and delayed action separately.

5.2.5 Intervention Delivery and Presentation

Intervention Delivery and Presentation evaluates the Action mechanism: whether an approved intervention is commu-
nicated or executed in a form that is correct, understandable, controllable, and appropriate to its consequences. An
intervention may appear as a suggestion, hint, clarification, preview, explanation, editable contribution, confirmation
request, or direct action. Arbitration evaluates whether, when, and within what scope an intervention is warranted.
Action evaluation assesses the quality of its execution and presentation.

The first requirement is substantive correctness. For informational interventions, the delivered content should accurately
address the anticipated need; for operational interventions, the resulting action should produce the intended state change.
ProactiveVideoQA evaluates the correctness of information delivered while an event unfolds (Wang et al., 2025k), while
ProAgentBench separates the quality of proposed assistance from the decision to initiate that assistance (Tang et al.,
2026b). ProactiveMobile evaluates whether predicted device-function sequences are functionally equivalent to a valid
reference (Kong et al., 2026). Related agent benchmarks measure functional task correctness (Zhou et al., 2024b) and
progress toward the intended goal when full completion is not achieved (Ma et al., 2024a). Relevant measures include
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content accuracy, semantic relevance, execution success, state change accuracy, subgoal completion, and implementation
fidelity between the approved plan and the action that is actually performed.

Correctness, however, does not determine whether the intervention is delivered with an appropriate degree of user
involvement. This constitutes a distinct evaluation target within Action: once an intervention has been selected, the agent
must still determine whether to present it as information, a suggestion, an editable preview, a confirmation request, or an
executed action. Mixed initiative interaction suggests that this choice should account for uncertainty about user intent
and the potential cost of an incorrect action, with dialogue used to resolve uncertainty when autonomous execution is not
justified (Horvitz, 1999). Research on levels of automation similarly treats automation reliability and the consequences
of erroneous decisions or actions as criteria for determining how much control should be delegated (Parasuraman
et al., 2000). Human Al interaction guidelines further emphasize efficient dismissal and correction, cautious behavior
under uncertainty, and mechanisms that preserve user control (Amershi et al., 2019). Accordingly, delivery mode
appropriateness can be assessed through human ratings, pairwise preferences, or agreement with expert authored policies.
User control can be evaluated through the availability of inspection, editing, rejection, pausing, cancellation, and reversal.
Correction effort provides a complementary measure by quantifying the time, number of interactions, or amount of
modification required to turn the proposed intervention into an acceptable outcome. These measures expose usability
costs that final task success alone may conceal.

A further dimension is whether the intervention makes the agent’s intention and actions understandable to the user.
Users should be able to determine what the agent is proposing, what it has already changed, and what is likely to
happen next. Objective measures can include comprehension accuracy, interpretation time, prediction of the agent’s next
action, and consistency between explanations and executed behavior. Behavioral traces provide additional evidence.
Proactive programming studies distinguish productive engagement, passive ignoring, and active disruption (Pu et al.,
2025a); interface studies record behaviors such as previewing, expansion, copying, acceptance, and rejection (Chen
et al., 2025¢); and proactive visual analytics systems examine whether suggestions are executed or incorporated into
subsequent analysis (Zhao et al., 2025b). Acceptance should be interpreted alongside intervention correctness and user
outcomes. Explanations can increase reliance without improving human and agent performance (Bansal et al., 2021),
and evaluations should also measure learning and task benefit when users appear to use assistance (Aleven et al., 20006;
Baker et al., 2004). More informative evaluation can distinguish immediate acceptance, acceptance after modification,
rejection after inspection, later reversal, and successful correction.

Delivery quality must also be considered relative to the attention and coordination it demands. Reading time, interaction
steps, interface transitions, cognitive workload, and recovery time after an intervention can be evaluated together with
the benefit that the intervention provides. Human robot interaction offers related measures of coordination. Human robot
fluency has been evaluated through concurrent activity, human idle time, and functional delay (Hoffman & Breazeal,
2007), while motion legibility measures how readily and how early people can infer the robot’s intended goal (Dragan
et al., 2013). Gaze and conversational turn taking provide additional evidence about coordination and interpretation
(Baraglia et al., 2017; Peng et al., 2019), although these measures often require task specific behavioral coding (Fink
et al., 2014). Digital agents face an analogous requirement: users should be able to understand the direction of an
intervention, observe its effects, and retain the ability to modify or stop it.

5.2.6 Adaptation and Generalization

Agents can improve through experience, remain effective as operating conditions change, and transfer what they have
learned beyond the interactions from which that knowledge was acquired. An agent may need to adjust to changing
user preferences, new environmental dynamics, unfamiliar tasks, revised tool interfaces, or changes in the information
available to it. These experiences may affect any earlier mechanism, including what context is retained, how future
states are anticipated, which objectives are selected, when intervention is appropriate, and how actions are carried
out. Evaluation should therefore characterize the trajectory of improvement and recovery, including performance after
adaptation.

User adaptation concerns whether repeated interaction enables the agent to better serve a particular user. ProPerSim
evaluates whether an assistant can learn from repeated user feedback and improve the relevance and timing of personal-
ized recommendations over time (Kim et al., 2026b). Training Proactive and Personalized LLM Agents similarly studies
whether agents can adapt their interaction behavior to previously unseen user preferences (Sun et al., 2025b), while
Personalens evaluates preference alignment together with response quality and task success across diverse user profiles
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and interaction histories (Zhao et al., 2025d). PAHF more directly evaluates continual personalization by measuring
Success Rate, Feedback Frequency, and Average Cumulative Personalization Error during both initial preference learning
and adaptation after preferences change (Liang et al., 2026). These settings suggest that personalization gain should be
reported together with learning speed, sample efficiency, cumulative error or regret, and the amount of feedback required
to achieve the improvement. This distinction is important because agents that eventually reach similar performance may
impose very different learning burdens on their users.

Adaptation over long interaction histories further requires determining which prior information remains valid as
circumstances change. Effective adaptation involves acquiring new information and updating, revising, or disregarding
information that has become obsolete. LongMemEval evaluates information extraction, reasoning across sessions,
temporal reasoning, knowledge updating, and abstention in sustained interactions (Wu et al., 2025b). PERMA examines
whether agents can reconstruct evolving preferences from temporally related events distributed across sessions and
domains (Liu et al., 2026m). Memora explicitly evaluates failures caused by continued reliance on obsolete or invalidated
memories and introduces a forgetting-aware measure that penalizes such behavior (Uddin et al., 2026). OP Bench
evaluates whether retained user information is used when relevant and whether personalization becomes irrelevant,
repetitive, or sycophantic (Hu et al., 2026e). VitaBench 2.0 further organizes interactions as temporal user trajectories
that require agents to continuously extract, use, and update preferences (Chen et al., 2026h). Relevant measures include
update accuracy, obsolete-information reuse, inappropriate personalization, performance immediately before and after a
change, recovery time, and the amount of interaction required to establish the new state.

Agents must also adapt when the environment changes independently of the user. Such changes may affect available
tools, interface structure, observation formats, state transition dynamics, resources, or the validity of previously learned
strategies. ProEvolve constructs controlled sequences of environment changes by modifying tools, schemas, and data
access, allowing agent performance to be evaluated as the surrounding system evolves (Li et al., 2026a). EvoArena
similarly represents environmental change as progressive updates across terminal, software, and social settings and
evaluates whether agents maintain useful knowledge across successive changes (Xu et al., 2026b). Test Time Adaptation
for LLM Agents examines performance before and after agents adapt to previously unseen environment formats
and dynamics using information gathered through deployment interaction (Chen et al., 2026a). Gaia2 introduces
environments that evolve asynchronously, including events that occur independently of the agent’s actions, and therefore
tests whether an agent can continue reasoning and acting as external conditions change (Froger et al., 2026). These
settings motivate measures such as the immediate performance drop after a change, adaptation gain, recovery time,
cumulative loss during recovery, interaction efficiency, retention of knowledge that remains valid, and performance
across consecutive environment changes.

Experience may also improve capabilities that can be reused across subsequent tasks. Evaluating such adaptation requires
testing whether gains obtained from earlier experience persist when the task, goal, or environment changes. AgentGym
evaluates agents across diverse tasks and environments and studies whether experience acquired through interaction
improves performance beyond the settings in which it was collected (Xi et al., 2024). Relevant measures include
improvement on later related tasks, transfer efficiency, retention of previously acquired capabilities, forgetting after
learning new tasks, and performance gained per unit of additional experience. These measures assess the accumulation
of reusable capabilities across tasks.

Evaluation can test whether knowledge acquired from previous experience remains useful when the agent encounters
users, tasks, applications, tools, or environments that were not directly represented during learning. RealPref evaluates
whether preferences inferred from long interaction histories can guide responses in unseen situations (Guo et al., 2026b).
ProCodeBench exposes a complementary gap between simulated and real developer behavior by comparing proactive
intent prediction under synthetic and real IDE traces (Li et al., 2026d). AndroidWorld varies tasks and operating
conditions within a dynamic mobile environment and shows that performance can change across task variations and
platforms (Rawles et al., 2024). AgentGym likewise provides evaluation across multiple environments and tasks (Xi
et al., 2024). Generalization can therefore be measured through performance on held-out users, tasks, tools, applications,
and environments, together with the source-to-target performance gap, worst-group performance, zero-shot transfer, and
the amount of additional interaction required when some adaptation is permitted.

5.3 User Experience Metrics

The third level evaluates how users experience proactive assistance. Evaluation should measure whether an intervention
increases cognitive burden, disrupts ongoing activity, reduces user control, or encourages inappropriate dependence
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on the agent. In proactive systems, initiative originates partly or entirely from the agent without an explicit user
request. User experience evaluation therefore complements task and mechanism evaluation by measuring the human
consequences of agent initiative.

User experience can be assessed through four dimensions (Table 2): User Workload, Usability and Experience, Level of
Control, and Trust and Reliance. Workload concerns the effort demanded from the user, usability and experience concern
the perceived quality and fit of the interaction, control concerns the user’s effective authority over agent behavior, and
trust and reliance concern whether users depend on the agent to an appropriate degree.

5.3.1 User Workload

Proactive assistance can change the user’s cognitive, temporal, physical, and attentional burden. Initiating useful actions
before the user asks can reduce effort. Attracting attention, introducing additional decisions, requiring supervision, or
interrupting ongoing work can create new demands. Task-completion time, interaction steps, and workload should
therefore be measured separately.

Validated workload instruments provide broad measures of these costs. NASA TLX assesses Mental Demand, Physical
Demand, Temporal Demand, Performance, Effort, and Frustration (Hart & Staveland, 1988). The Workload Profile
provides a more diagnostic account of the cognitive resources required by a task (Tsang & Velazquez, 1996), while
the Subjective Workload Assessment Technique emphasizes time load, mental effort, and psychological stress (Reid &
Nygren, 1988). These measures can reveal cases in which proactive assistance removes direct interaction effort while
increasing monitoring, interpretation, or decision burden.

Behavioral measures provide complementary evidence about when and how such burden occurs. Interpretation time
following an intervention (Pu et al., 2025a), task-switching delay, additional errors, and recovery time can expose
disruption that may not be fully reflected in subjective ratings. Interruptions introduced outside suitable task boundaries
can increase completion time, errors, and annoyance (Bailey & Konstan, 2006), and interrupted work has also been
associated with greater stress, frustration, and perceived effort (Mark et al., 2008). Delaying information until detectable
breakpoints can reduce disruption (Igbal & Bailey, 2008). Because the same behavioral delay may arise from workload,
unclear assistance, or low trust, workload is best evaluated through a combination of subjective ratings, behavioral
disruption, and recovery measures.

Workload evaluation should report effort saved together with demands introduced by an intervention. Relevant outcomes
include perceived mental and temporal demand, attention shifts, monitoring effort, decision burden, recovery time, and
additional actions required to manage the intervention. Apparent efficiency gains can coexist with greater cognitive or
supervisory burden in proactive systems.

5.3.2 Usability and Experience

Users judge proactive assistance by whether it is easy to understand and use, fits naturally within their activity,
and provides value without creating excessive friction or discomfort. Workload measures the effort required by an
interaction. Usability and experience measures capture how users judge its overall quality, usefulness, naturalness, and
appropriateness.

Standardized instruments provide general measures of interaction quality. The System Usability Scale provides a global
assessment of perceived usability (Brooke, 1995), while the User Experience Questionnaire captures broader pragmatic
and experiential qualities (Laugwitz et al., 2008). PARADISE relates task success and dialogue costs to user satisfaction
in interactive systems (Walker et al., 1997). Human-Al interaction guidelines introduce additional criteria that are
particularly relevant to proactive systems, including whether the system communicates its capabilities, allows users to
correct or dismiss its behavior, and adapts appropriately through repeated interaction (Amershi et al., 2019).

More specific measures are often needed because the desirable experience depends on the role and domain of the agent.
Proactive search and visual captioning systems evaluate user preference and satisfaction (Andolina et al., 2018; Liu
et al., 2023¢), emotional support agents assess perceived support and interpersonal appropriateness (Liu et al., 2024e),
and proactive coding studies examine perceived collaboration and interference (Pu et al., 2025a). The Working Alliance
Inventory can characterize perceived collaboration and relational quality over longer interactions (Horvath & Greenberg,
1989). In embodied systems, the Godspeed scales assess anthropomorphism, animacy, likeability, perceived intelligence,
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and safety (Bartneck et al., 2009). These measures illustrate that user experience is multidimensional and should be
aligned with the type of relationship the system is intended to support.

Proactivity also creates tradeoffs among usefulness, intrusiveness, and privacy. Greater robot initiative can increase
perceived usefulness while also making the system feel more intrusive (Villa et al., 2025), and proactive conversational
cues may be experienced as useful decision support and may also be experienced as unwanted interference (Ma &
Ziegler, 2024). Continuous sensing and contextual inference introduce an additional privacy dimension. Information
collection can be perceived as inappropriate when it violates contextual expectations even when the resulting intervention
is accurate or beneficial (Nissenbaum, 2004). These dimensions should therefore be reported separately.

Global usability scores can provide a common reference point. Domain-specific measures are often needed to explain
why an intervention is welcomed, ignored, or rejected.

5.3.3 Level of Control

Users should retain appropriate authority over the agent’s goals, decisions, and actions. Evaluation should assess
override availability and whether users can understand what the agent is doing, influence its behavior when necessary,
and stop, modify, or reverse its actions in practice.

Research on proactive interaction shows that perceived control can change as agent initiative increases. Proactive
programming studies measure perceived control and whether stronger initiative shifts the perceived role of the system
from a tool toward a collaborative partner (Pu et al., 2025a). Robot studies similarly examine preferred autonomy and
the appropriateness of different levels of independent action (Villa et al., 2025). Interaction coding can reveal how
initiative shifts between participants through behaviors such as repetition, summarization, interruption, or transfer of
responsibility (Walker & Whittaker, 1990). Levels of automation frameworks provide a broader account of how authority
can be distributed across information acquisition, analysis, decision selection, and execution (Parasuraman et al., 2000).

A user may formally retain the right to reject an agent’s action while exercising little effective control if the agent
controls the relevant information, establishes influential defaults, acts before the user can respond, or makes reversal
costly. Economics distinguishes formal authority, meaning the recognized right to make a decision, from real authority,
meaning practical influence over what is actually decided (Aghion & Tirole, 1997). Control evaluation should therefore
examine the availability of corrective mechanisms and whether they can be understood and used effectively in realistic
interaction.

System behavior should remain responsive to relevant human reasons, and consequential outcomes should remain
traceable to responsible human actors, as proposed in work on meaningful human control (Santoni de Sio & van den
Hoven, 2018). Human-AI design guidelines similarly emphasize efficient correction, dismissal, and adaptation following
user feedback (Amershi et al., 2019). Even limited opportunities to modify an algorithmic recommendation can increase
satisfaction and willingness to continue using the system (Dietvorst et al., 2018). Relevant measures include perceived
agency, override frequency and success, modification success, reversal cost, use of autonomy settings, understanding of
control boundaries, and the gap between nominal authority and effective influence.

Evaluation should examine how control is exercised across the complete interaction. A proactive agent provides
meaningful control when users can anticipate its scope of action, intervene before undesirable consequences occur, and
efficiently correct its behavior when their goals or preferences are not being followed.

5.3.4 Trust and Reliance

Users’ dependence on the agent should match its actual capabilities and limitations. Evaluation should assess the
calibration of trust, acceptance, and usage to those capabilities. A well-calibrated user should rely on the agent when it
is likely to be correct and maintain sufficient skepticism when its recommendations or actions are uncertain.

Trust questionnaires include items on reliability, dependability, and confidence (Jian et al., 2000). Trust should also
remain sensitive to actual system capability, vary appropriately across reliable and unreliable conditions, and remain
specific to the task or component being evaluated (Lee & See, 2004). Broader models distinguish dispositional,
situational, and learned sources of trust (Hoff & Bashir, 2015). Appropriate reliance provides a more behavioral
perspective by asking whether users accept correct recommendations while rejecting incorrect ones (Schemmer et al.,
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2022). Together, these approaches distinguish subjective confidence in the agent from whether that confidence produces
appropriate behavior.

Behavioral reliance should be interpreted relative to recommendation correctness. Accepting accurate recommendations
and rejecting incorrect ones can indicate appropriate reliance. Acceptance of incorrect recommendations can indicate
excessive reliance, and rejection of correct recommendations can indicate unnecessary distrust. Explanations can
increase acceptance without improving complementary performance between the user and the Al system (Bansal et al.,
2021). Cognitive forcing interfaces can reduce acceptance of incorrect Al advice. They may also increase user effort
and reduce subjective preference (Bucinca et al., 2021). Evaluation should consequently distinguish correct acceptance,
correct rejection, incorrect acceptance, unnecessary rejection, verification behavior, error detection, and the effort
required to maintain appropriate skepticism.

A study of knowledge workers found that greater confidence in generative Al was associated with lower self-reported
critical thinking. Greater confidence in one’s own expertise was associated with more critical engagement (Lee et al.,
2025c). The study characterizes critical thinking in Al-supported work through activities such as information verification,
response integration, and task stewardship. For proactive agents, this suggests evaluating whether users inspect evidence,
challenge questionable suggestions, consider alternatives, and retain sufficient understanding of the task to recognize
agent errors. These outcomes complement conventional trust measures by examining whether reliance preserves active
human judgment.

Trust develops through experience and may change as an agent succeeds, fails, becomes more autonomous, or adapts its
behavior. Introducing highly autonomous behavior before sufficient trust has developed can reduce user confidence
(Kraus et al., 2020). Measuring trust repeatedly throughout an interaction can reveal its formation, degradation, and
recovery over time. Trust trajectories and summary measures such as the area under the trust curve can therefore provide
a longitudinal account of how users respond to changes in system reliability (Desai et al., 2013). Evaluation should
assess whether trust and reliance remain aligned with what the agent can actually do under the conditions in which it is
being used.

6 Applications

This section surveys applications of proactive Al agents across 13 domains, from Coding and GUI Agents to Healthcare
and Agriculture. Figure 14 illustrates the broader transition these applications point toward: agents that can discover and
advance work under standing objectives, with people defining goals and reviewing outcomes. Each domain has its own
subsection, which summarizes representative systems in a per-vertical table, identifies the tasks on which proactiveness
is exercised, examines how the agent’s behavior is realized through Awareness, Anticipation, Agenda, Arbitration,
Action, and Adaptation, and closes with an Evaluation, Challenges, and Open Directions discussion. A concluding
Cross-Industry Trends subsection places the 13 domains on a shared Initiative-and-Authority maturity map (Table 16)
and reads three recurring patterns off it.

6.1 Coding Agents

Modern coding agents already exhibit substantial initiative (Wang et al., 2025h; Anthropic, n.d.b; OpenAl, 2025a;
GitHub, 2025; Lin, 2026a). They can complete repository-level tasks asynchronously, respond to workflow events,
and participate in validation and review with limited step-by-step supervision. Their autonomy is also becoming more
context-sensitive. Rather than following a single permission policy, deployed systems increasingly adjust how far they
proceed according to the expected consequence of an action and the safeguards available around it (Gomes & McPeak,
2026).

Their initiative nevertheless remains bounded in an important way: the work itself is usually selected elsewhere. An
assigned issue, workflow trigger, or project board determines what deserves attention, after which the agent plans
and executes within that scope. Studies of Claude Code usage suggest a similar division of labor, with users making
most planning decisions and the agent making most execution decisions (Hitzig et al., 2026). Reports on agent-first
engineering likewise retain human control over prioritization and acceptance, even when agents perform much of the
implementation and review (Lopopolo, 2026; Kotliarskyi et al., 2026).

Through the mechanism taxonomy of Section 4, current systems are already strong in Awareness and Action, and increas-
ingly capable of Arbitration. The larger gap lies in project-level Anticipation, Agenda, and Adaptation. Automatically
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Figure 14 From executing assigned tasks to sustaining delegated objectives. Existing applications increasingly allow agents to
execute complex tasks, but the work to be done is often still specified by humans. Broader proactive assistance requires agents to
discover emerging needs, maintain and revise agendas, and initiate interventions that sustain delegated objectives. This changes the
human role from prescribing each action to setting goals and reviewing outcomes.

Table 3 Representative coding-agent systems and mechanisms supporting proactiveness. The dimensions summarize documented
mechanisms rather than implying complete proactive capability. Agenda distinguishes immediate or externally assigned task goals
from persistent or self-initiated engineering commitments. Platform denotes the interaction environment.

System Awareness Anticipation Agenda Arbitration Action Adaptation Platform
Cursor Tab Buffer; cursor; Next-edit Immediate edit Learned suggestion Line / cursor RL from IDE
(Kravtsov, 2025;  recent edits prediction intent policy completion (suggestion) acceptance
Jackson et al.,
2025)
Claude Code Repo; files; tests;  Task-scoped User task; agent Permissioning; Multi-file edits; Project memory; Repo
(Anthropic, n.d.b)  tools planning subgoals sandbox; review commands; PRs (gated reusable skills

gates action)
OpenAl Codex Preloaded repo; Task-scoped Assigned task Sandbox isolation;  Features; fixes; PRs Test-driven Cloud repo
(OpenAl, 2025a)  cloud environment planning queue review (gated action) revision
GitHub Copilot Issues; repo; Issue-scoped Assigned issues Branch / PR review Background PRs (gated Repository Repo
(GitHub, n.d.a, Actions planning gate action) memory; user
2026¢) preferences

repairing a triggered CI failure, for example, demonstrates autonomous execution. Recognizing that recurring failures
reveal a broader reliability problem, deciding that the problem deserves attention, and sustaining the resulting work
across later changes call for a stronger form of proactivity.

At the project level, a proactive coding agent operates under standing project objectives and bounded authority, identifies
work that has not yet been explicitly assigned, decides which work deserves attention, selects an appropriate form of
intervention, and maintains unfinished commitments as the project evolves. These standing objectives may be less
specific than an assigned issue. Specifically, a project may ask the agent to preserve reliability, reduce security risk, or
keep maintenance costs under control without specifying which component to inspect or what change to make. However,
such objectives express project priorities rather than a single execution path. The agent therefore needs to translate
them into concrete engineering work while accounting for the conventions and trade-offs of the project. The following
sections organize this progression around proactive work discovery, engineering agenda formation and prioritization,
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risk-aware intervention and coordination, and long-running project stewardship. Table 3 compares selected coding
systems across the six mechanisms, including the scope of their agendas and the controls on code changes.

6.1.1 Proactive Discovery of Unassigned Engineering Work

Task-scoped initiative can extend into project-level discovery when the agent identifies work beyond the current
assignment. Current agents already exhibit substantial task-scoped anticipation: given a high-level issue, they can
recover repository context, infer the affected scope, and determine how the requested outcome should be validated (Zhang
etal., 2023; Wu et al., 2024a; Yang et al., 2024a; Zhang et al., 2024j; Wang et al., 2025h). An interface change may
require updates to downstream call sites and regression tests even when neither is stated explicitly. Such work can span
much of a repository while remaining subordinate to an objective selected by someone else.

Moving beyond this boundary calls for project-level understanding: relating local evidence to the architecture, history,
and standing objectives of the repository, in the way experienced engineers recognize when repeated local fixes reveal
a deeper reliability problem or when a temporary workaround is becoming structural debt. Observational evidence
from Claude Code suggests that such high-level judgment remains strongly associated with human expertise, with users
making most planning decisions and domain experts providing more effective direction per interaction (Hitzig et al.,
2026). Industrial harnesses and academic work are beginning to externalize this expertise through repository-local
documentation, reusable skills, and distilled procedural knowledge (Lopopolo, 2026; Zhang et al., 2025b; Li et al.,
2026j; Ning et al., 2026d), though SWE-Skills-Bench shows that generic or mismatched skills often provide little benefit
and can interfere with the current project context (Han et al., 2026a). The research challenge is therefore to select and
ground the engineering experience relevant to a newly observed concern.

A discovery goes beyond the assigned task when the concern can be accepted, deferred, or rejected as an independent
project decision, separate from completing the current task. In comparison, work necessary to complete the current
objective remains within the assigned task, even when it was omitted from the original request. An architectural weakness
discovered during a bug fix meets this bar, since the project can choose separately whether to address it. TEBench
operationalizes this setting for testing, requiring agents to identify stale or missing tests even when no immediate failure
exposes the need (Shang et al., 2026). Code security offers a second setting where such discovery is already measurable:
Big Sleep, Revelio, and RFCAudit search a well-scoped coding domain for previously unstated concerns and ground
them through executable evidence or external specifications (Big Sleep team, 2024; Hou et al., 2026; Zheng et al.,
2025c). Both settings suggest that credible proactive discovery today rests on a well-defined domain scope and a strong
verification loop.

Recent products are beginning to extend discovery beyond repository-local signals. OpenAl describes Dots (Table 4) as
monitoring recurring customer feedback, scoping improvements and bug fixes, and preparing tested pull requests for
review (OpenAl, 2026¢). This workflow illustrates a move from executing assigned issues toward identifying candidate
engineering work from ongoing product context. However, the product description alone does not establish how reliably
such candidates are selected or whether they deserve priority over competing project needs.

Proactive discovery can also be decoupled from execution. An agent whose task is to surface candidate work does not
need authority to act on it: its output can be a scoped, evidence-backed engineering claim that the project accepts, defers,
or rejects at a later stage. GitHub’s agentic autofix follows this pattern by validating a proposed repair in a sandbox
and returning it as a draft pull request for review (GitHub, 2026a). Structuring proactive discovery this way keeps each
candidate reviewable in isolation; whether it becomes a project commitment is the next question, handled by agenda
formation.

6.1.2 Engineering Agenda Formation and Prioritization

The proactive move at this stage is commitment formation. Execution-oriented systems such as the Codex app and
Symphony primarily organize work around externally supplied tasks (OpenAl, 2026a; Kotliarskyi et al., 2026). The
Codex app, for example, isolates concurrent agents through worktrees, while Symphony dispatches project-board items
into persistent agent workspaces. Both systems increase throughput, but neither removes the prior need to decide which
concerns deserve a place on the agenda.

A proactive agenda therefore involves three additional decisions beyond execution: which candidate to commit to, how it
depends on other work, and how to sequence it under standing project priorities. Some tasks can proceed independently,
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whereas others rely on an interface change or a validation result that has not yet arrived. Prioritization must also account
for delayed feedback and limited execution, testing, and review capacity. A security hardening task, a maintainability
refactor, and a documentation improvement may all be useful, but the agenda must determine which best serves the
project’s current needs and which should wait.

Recent multi-agent coding systems make dependency-aware planning the central mechanism that lets a proactive
agenda run in parallel. CAID plans independent subtasks for asynchronous execution and integrates them through
branch-and-merge with executable verification (Geng & Neubig, 2026). Anthropic’s parallel compiler project similarly
coordinated sixteen agents across nearly two thousand sessions through explicit decomposition and tests (Carlini, 2026).
These systems do not yet decide which concerns should enter the agenda, but they show that useful parallelism depends
on isolating dependencies and validating integration rather than merely assigning more workers.

Proactive scheduling must handle bottlenecks beyond model inference: compilation, integration tests, merge resolution,
and human review can dominate the critical path. Cursor’s self-driving codebase experiment reports that static
dependency graphs became too rigid under these constraints, the system stalled on its slowest worker, and large-
scale compilation created shared-resource contention (Lin, 2026b). The agenda must therefore use waiting time
productively while avoiding downstream work whose assumptions are not yet stable. This makes scheduling a continual
resource-allocation problem rather than a one-time ordering of tasks.

A proactive planning policy can itself become a learned artifact when execution traces from prior project commitments
are treated as training signal, though distilled planning experience must remain revisable as project assumptions change.
Cursor reached its eventual orchestration design by analyzing execution logs, identifying recurring coordination failures,
and repeatedly revising the harness rather than trusting its initial organizational analogy (Lin, 2026b). Trajectory-based
methods such as CODESKILL offer a path for distilling successful decomposition and validation procedures into
reusable planning knowledge (Li et al., 2026j). Yet the limited and sometimes negative gains observed in SWE-Skills-
Bench caution against treating every historical strategy as a permanent rule (Han et al., 2026a). Planning experience is
therefore most useful when retained together with the assumptions under which it succeeded.

A proactive agenda is therefore a dependency-aware and resource-bounded plan whose structure changes as execution
produces new evidence. It records which candidate concerns have become project commitments, how those commitments
depend on one another, and how they compete for project resources. In doing so, it indicates what may proceed now,
what can run in parallel, what remains provisional, and which plausible improvements are better deferred. The result is a
revisable execution structure, not a growing backlog.

6.1.3 Risk-Aware Intervention and Coordination

Deployed coding products have moved from a single global autonomy setting toward action-specific authority, exposing
the authority decision as a first-class control surface for proactive intervention (Hughes, 2026; OpenAl, 2026b). This
separation is particularly important for unassigned work: choosing a task does not authorize every action needed to
implement it. Claude Code ranges from plan mode and manual permission prompts to sandboxed or unrestricted
execution, while its auto mode uses a classifier to distinguish routine project-local actions from actions that exceed the
user’s authorization. Codex similarly separates the sandbox, which defines the technical boundary of execution, from
the approval policy, which determines when an action stops for review.

For proactive interventions executed in the background, automated review can enforce the authority decision after
execution, but the runtime cost of this safeguard grows with the depth of testing and review it invokes (Gomes & McPeak,
2026). Sandboxed execution allows an agent to act provisionally while withholding acceptance until a proposed change
has been checked against authorization, safety, and quality criteria. The system may still execute the change, run tests,
and invoke several reviewers before determining that the intervention was unsuitable. A learned value model could
move part of this judgment earlier by estimating, from the proposed plan and repository context, whether an intervention
is likely to remain within project policy and user intent. Such a model would complement sandboxes, explicit rules, and
final review; its role would be to prevent some unsuitable plans from reaching the more expensive execution stage.

A second axis of the proactive intervention decision is request ambiguity: current agents systematically guess when
instructions are underspecified, so a proactive agent should weigh interruption cost against downstream error cost
before acting (Ji et al., 2026; Fang et al., 2026e). UnderSpecBench finds that underspecified DevOps instructions cause
coding agents to guess rather than consistently clarify or defer, with more than half of evaluated runs violating at least
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one action boundary. ClarifyCodeBench likewise shows that strong code-generation ability does not imply strong
requirement-clarification ability. Reversible exploration may proceed under uncertainty, whereas a high-blast-radius
action with an unclear target may require a plan, clarification, or explicit approval.

When a proactive agent intervenes while other developers and agents are also acting on the codebase, session provenance
becomes the shared artifact that carries the intent behind each intervention alongside its final diff (GitHub, 2026b,d).
Current interfaces increasingly expose agent sessions in this way. GitHub’s Agents tab places session histories beside
issues and pull requests, while agent-authored commits can link permanently to the session log that produced them.
This provenance allows reviewers to recover the evidence and assumptions behind a change and gives another agent or
developer a basis for continuing work initiated elsewhere.

Because a proactive agent may intervene in parallel with other agents and developers, the coordination problem shifts
from message-passing to whether its actions remain attributable and recoverable; recent systems address this through
prompt-level rollback and workspace isolation (GitHub, n.d.b; Khatua et al., 2026; Geng & Neubig, 2026). GitHub
Copilot CLI records prompt-level workspace snapshots and can rewind both the conversation and modified files when an
intervention goes wrong. CooperBench finds that two coding agents perform substantially worse when coordination is
required, whereas CAID obtains better results by isolating workspaces and centralizing integration. The deeper problem
is whether concurrent actions remain compatible with shared state when their assumptions diverge.

Intervention and coordination can therefore be governed by the expected cost of correction: subject to authorization as a
hard boundary, a proactive agent may proceed as far as its understanding and rollback guarantees make economical, and
clarify or escalate beyond that point. This policy seeks calibrated and correctable intervention rather than the maximum
amount of autonomous action. Within its permissions, the agent may choose among exploration, proposal, execution,
clarification, escalation, and abstention according to its uncertainty, the action’s blast radius and reversibility, and the
likely cost of being wrong.

6.1.4 Long-Running Project Stewardship

Proactive coding extends into stewardship when the agent holds commitments that span sessions, releases, or handoffs
and must preserve the meaning of unfinished work across those gaps. A background agent may spend hours completing a
fixed issue while its goal and success condition remain externally supplied. Stewardship instead concerns commitments
such as a migration that pauses for an upstream dependency and resumes after the repository has changed. The challenge
is not merely to keep a process alive, but to preserve why the work remains worth pursuing.

For a proactive agent to carry a commitment across fresh sessions, project state must persist independently of any single
model context; current long-running harnesses achieve this by externalizing plans, decisions, and open commitments
into versioned repository artifacts (Lopopolo, 2026; Young, 2025; Rajasekaran, 2026; Ning et al., 2026c). OpenAl’s
harness-engineering workflow makes the repository itself the system of record, while Anthropic’s long-running harness
asks each fresh session to leave structured progress artifacts for its successor. A later planner—generator—evaluator design
applies the same principle to multi-hour application development. These systems provide useful building blocks for
continuity without assuming that one context can contain the project indefinitely.

Because a proactive commitment must also survive within-session context compression, the compression policy has
to retain the evidence and open questions needed for future decisions, whether through explicit guidance or a learned
policy (Rajasekaran et al., 2025; Gao et al., 2026f). Anthropic’s context-engineering guidance emphasizes retaining
high-signal architectural decisions and unresolved problems while discarding redundant interaction history. SWE-MeM
goes further by training coding agents to decide when, what, and how to compress their trajectories rather than relying
on a fixed summarization rule. The objective is not token reduction alone: a useful representation must preserve the
current commitment, the evidence behind it, rejected hypotheses, unresolved questions, and the conditions under which
future work may resume.

Handoff between agents is the concrete test of whether stewardship state supports the next proactive decision, and
Handoff Debt shows that successors resume work substantially more efficiently when they receive prospective contextual
notes than when they inherit repository state alone (KC & Budathoki, 2026). Code records what changed, but may
not reveal why a path was chosen, which hypotheses were rejected, or why the remaining work is blocked. State
management should therefore prepare the next agent to decide and act, rather than merely summarize what the previous
agent did.
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A proactive commitment can be invalidated as the repository continues to evolve during its execution horizon. Long-
horizon benchmarks show that this failure mode already appears when the coding tasks themselves are externally
assigned (Thai et al., 2025; Chen et al., 2026¢). SWE-EVO and SWE-CI expose errors that compound across release-
scale changes and long sequences of repository evolution, yet both still specify the work to be performed. Proactive
stewardship extends the problem by requiring the agent to resume, revise, reprioritize, or abandon commitments that it
selected for itself. It is, therefore, best understood as continuity of engineering intent under changing state, extending
beyond persistence of the original plan.

6.1.5 Evaluation, Challenges, and Open Directions

Existing coding benchmarks measure the execution of assigned work at increasing scale and duration, but rarely require
the agent to decide what deserves attention on its own (Jimenez et al., 2024; Thai et al., 2025; Chen et al., 2026c¢; Shang
et al., 2026). SWE-bench measures issue resolution, while SWE-EVO and SWE-CI extend assigned-task execution
toward coordinated release changes and continued repository evolution. TEBench moves closer to proactive discovery
by including stale and missing tests that are not exposed through an immediate failure. These benchmarks broaden the
work agents perform, but they still usually specify what deserves attention.

Evaluating proactive discovery requires examining pre-implementation decisions, since outcome-only benchmarks
reward completion regardless of whether the action was warranted (Gloaguen et al., 2026). FixedBench shows that agents
often modify code even when the reported issue has already been resolved, exposing an action bias that task-completion
benchmarks do not penalize. Evaluation should therefore ask whether a concern is grounded, worth attention, and better
acted on than deferred or ignored. Passing tests can show that a patch works, but not that the patch was worth making.
Standing objectives such as improving maintainability or reducing security risk may admit several valid interventions
with different costs and priorities, making developer preferences over which concerns to pursue and which plans to
accept an important source of supervision.

A proactive intervention benchmark should measure whether the coding agent’s authority is calibrated to its uncertainty,
since ambiguous requests currently draw action from agents that should clarify or defer (Ji et al., 2026; Fang et al.,
2026e). UnderSpecBench and ClarifyCodeBench provide useful components by testing whether agents act, clarify, or
defer under ambiguity. Runtime review can catch unsafe or unauthorized actions after background execution, but may
require substantial testing and rubric-based checking. A learned value model could complement these safeguards by
identifying some unsuitable plans before execution, reducing unnecessary trials without replacing sandboxes, explicit
permissions, or final review.

Proactive coordination and stewardship require project-trajectory evaluation, since coding competence does not nec-
essarily translate into successful collaboration or efficient handoff (Khatua et al., 2026; KC & Budathoki, 2026).
CooperBench shows that coding competence does not automatically produce successful collaboration, while Handoff
Debt demonstrates that repository state alone may be insufficient for efficient takeover. Training this behavior also
introduces a data bottleneck. Issue histories, patches, CI logs, reviews, and agent traces record how assigned work was
completed, but rarely indicate which unassigned concerns were worth pursuing or how commitments should change as
the repository evolves. Synthetic trajectories may provide supervision at scale, but they would need to preserve realistic
repository changes, competing concerns, delayed feedback, and developer judgments rather than merely generating
longer coding traces.

An increasingly proactive coding agent is expected to work under standing project objectives in an evolving repository,
requiring it to discover, schedule, execute, and preserve work as the project changes, which requires the corresponding
evaluation protocols to provide useful system development signals. Rather than presenting one preselected issue, the
environment would require the agent to decide what merits investigation, which concerns should become commitments,
how those commitments should be scheduled, how far the agent should intervene, and whether unfinished work should
continue as conditions change. Executable tests could assess whether an intervention works, while developer preferences
could assess whether it was worth making. The central question would then shift from how many assigned tasks the
agent completes to whether it discovers, schedules, executes, and preserves useful work as the project evolves.

6.2 GUI Agents
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Table 4 Representative GUI-agent systems and mechanisms supporting proactiveness. Research systems precede commercial
products, with each group ordered by first public release or announcement. The dimensions summarize documented mechanisms
rather than implying complete proactive capability. Adaptation distinguishes training, execution-time adjustment, skill acquisition,
and personalization. Platform denotes the interaction environment. Res. denotes research systems; Com. denotes commercial

products.

System Awareness Anticipation Agenda Arbitration Action Adaptation Platform  Type
WebPilot (Zhang  Page state; Strategic route Global plan; MCTS action Browser navigation Feedback-driven Web Res.
et al., 2024i) execution search local subtasks  selection adjustment
2024-08 feedback
Agent S2 (Agashe Screenshots; GUI  Hierarchical Multiscale task ~ Observation- Grounded GUI Execution-time  Desktop Res
etal., 2025) state planning plans driven replanning operations plan revision
2025-04
SkillWeaver (Zheng Website state; Useful-skill Growing skill Practice-based Browser API synthesis Autonomous Web Res.
et al., 2025a) practice outcomes discovery library skill refinement  and use skill acquisition
2025-04
OSExpert (Liu Application state; Procedure Skills; Skill-boundary Software exploration ~ Reusable skill Desktop Res.
et al., 2026h) feedback discovery compositional  checks and skill execution acquisition
2026-03 curriculum
PRPF (Ding et al., Multimodal Perception-gated  Context- Intervention Assistance and API Trained Mobile Res.
2026¢) mobile context reasoning inferred gating planning perception and
2026-06 assistance reasoning

modules
Qwen-UlI- GUI state; Harness-based Stateful Harness-directed GUI-CLI operations ~ Data flywheel;  Cross- Res.
Agent (Zhou et al., contextual events service initiation ~ workflows execution online RL platform
2026a)
2026-07
Act2Intention (Yan Action history; Personalized Predicted user  Intention-guided Mobile GUI operations Experience- Mobile Res.
et al., 2026b) personal context  intention intention decisions guided execution
2026-08 prediction
Google Magic Personal apps; Relevant- Immediate Relevance-based Information and action - Mobile Com
Cue (Kugler, interaction information information cue display suggestions
2025) context retrieval need
2025-08
Samsung Now Screen content; Contextual action Immediate Recommendation; Calendar, photo, and ~ Context-based Mobile Com
Nudge (Samsung, personal data recommendation  assistance user selection autofill suggestions personalization
2026) opportunity
2026-02
Meta Muse (Meta, Connected Goal-aware Persistent goals ~ Permissions; Suggestions and Memory and Mobile; Com.
2026) services; personal  suggestions and plans critical-action service execution feedback cloud Web
2026-09 memory approval personalization
HONOR Orders; messages; Event extraction;  Stored tasks and Contextual Schedule creation and - Mobile Com.
YOYO (HONOR, device context trigger matching  schedules trigger conditions conditional execution
2026)
2026-09
OpenAl Connected apps;  Background Persistent Read-only Artifact preparation Persistent Cross- Com.
dots (OpenAl, goals; updates opportunity projects research; action  and authorized context and platform
2026¢) discovery review execution feedback
2026-09

GUI agents translate user goals into sequences of reasoning, planning, and execution steps within digital environments
by operating graphical interfaces (Nguyen et al., 2024), increasingly in combination with complementary programmatic
interfaces such as command-line tools and code execution (Li et al., 2026i; Zhou et al., 2026b). Their ability to
continuously observe and act within users’ digital environments creates opportunities for proactiveness beyond simply
following fully specified instructions. We distinguish two forms of such behavior. First, an agent may take initiative
within an explicitly stated but underspecified goal: for example, identifying intermediate objectives, acquiring missing
information, exploring an unfamiliar interface, coordinating multiple applications or tools, or revising its plan after
execution failures. Second, an agent may take initiative beyond the explicit instruction by inferring latent user needs
from ongoing activities and context. For example, it may recognize from an incoming dinner invitation that the user
may also need a calendar event, transportation arrangements, or a reminder. Existing work on proactive GUI agents has
predominantly studied the former setting, particularly in long-horizon tasks where users provide a high-level objective
but leave substantial execution details unspecified (Agashe et al., 2025; Tang et al., 2026b; Chai et al., 2026a). The latter
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form, in which agents anticipate useful actions before they are explicitly requested, remains less extensively explored
in current GUI benchmarks, but is central to the longer-term vision of personal agents that continuously reason over
users’ activities, environments, and evolving needs. These two forms of initiative shift part of the burden of intermediate
decision-making from the user to the agent, reducing the need for continuous specification and supervision.

How such proactiveness can be acquired and exercised, however, depends strongly on the computational platform in
which the agent operates. Desktop environments provide comparatively mature and tool-rich software ecosystems,
making autonomous execution across applications and interaction modalities increasingly feasible (Xie et al., 2024b;
Agashe et al., 2025; Li et al., 20261). Agents can combine graphical actions such as mouse clicks and keyboard
input with command-line interfaces, code execution, and other structured tools, enabling flexible coordination over
long-horizon workflows (Li et al., 20261; Zhou et al., 2026b). Web environments are more open and dynamic: although
agents can exploit structured representations such as HTML, accessibility trees, and the DOM, they must operate
across heterogeneous websites, adapt to changing page states, and often discover relevant information, interaction
paths, or site-specific procedures before determining how to proceed (Zhou et al., 2024b; Koh et al., 2024). Mobile
environments, in contrast, expose especially rich personal and contextual signals that can support anticipation of latent
needs (Kong et al., 2026; Chai et al., 2026a), while imposing tighter constraints on screen space, computation, latency,
and execution robustness (Rawles et al., 2024; Chai et al., 2026b; Huang et al., 2026c¢). Recent work therefore explores
lightweight or on-device agents, reusable application knowledge, and efficient interaction strategies to make proactive
behavior practical under these constraints (Chai et al., 2026b; Huang et al., 2026¢; Zhang et al., 20251). Accordingly,
we organize proactive GUI agents by deployment platform, focusing on the platform-specific challenges involved in
acquiring proactiveness and the mechanisms proposed to address them. Table 4 compares selected research systems and
commercial products across these platforms and the six mechanisms.

6.2.1 Desktop GUI Agents

Desktop environments provide a representative setting for GUI-based proactive agents, where agents perform long-
horizon computer tasks such as processing emails, editing documents and spreadsheets, managing files, and using
development tools as part of routine workflows (Xie et al., 2024b; Bonatti et al., 2024). Although users may specify only
the overall goal, these environments are relatively stable and the intended outcome is often clear. Proactiveness therefore
centers on interpreting underspecified instructions, inferring intermediate objectives, and coordinating the required
applications and tools to complete the task. In this setting, initiative primarily lies in filling in the missing steps between
a user’s high-level goal and successful execution. Existing benchmarks capture different aspects of this challenge.
OdysseyBench evaluates cross-application dependencies spanning Word, Excel, PDF, Email, and Calendar (Wang
et al., 2025g), while OfficeBench studies coordinated operations across productivity applications (Wang et al., 2024m).
OS-Marathon further emphasizes extremely long and repetitive workflows, such as processing receipts or entering
grades (Wu et al., 2026b), and OSWorld 2.0 extends desktop evaluation to realistic workflows involving hundreds of
interactions, dynamically arriving information, and persistent constraints (Yuan et al., 2026b). Professional domains can
extend these horizons even further: CADWorld, for example, requires agents to preserve geometric and engineering
constraints while manipulating persistent CAD artifacts over long execution trajectories (Dong et al., 2026b). Together,
these desktop-specific challenges suggest that proactive desktop agents are primarily about maintaining ownership of an
extended workflow: determining intermediate objectives, carrying information across applications, and completing the
work without repeatedly returning task decomposition to the user. OpenAl’s dots illustrate this direction in industrial
systems by maintaining ongoing projects, responding to new information, and preparing work such as tested fixes and
pull requests for review (OpenAl, 2026c¢). Their background “proactive research” uses read-only tools, distinguishing
the discovery of useful work from its subsequent execution under the applicable permissions.

The first capability required for maintaining such workflow ownership is proactive planning: agents must identify
what may be missing from underspecified user instructions and construct or revise a plan from limited input. Agent-S
combines hierarchical planning with external knowledge and past experience (Agashe et al., 2024), while Agent S2
continuously revises plans across multiple temporal scales (Agashe et al., 2025). DeskCraft further allows agents
to clarify requirements and adapt ongoing professional work in response to interruptions or user feedback (Wang
et al., 2026j). LEGOMem stores procedural experience at both the orchestrator and execution levels to improve task
decomposition and delegation across office workflows (Han et al., 2025a). UI-Copilot instead reduces the burden of
long-horizon reasoning by separating persistent memory from transient execution context and invoking retrieval or
computation tools only when needed (Lu et al., 2026b). OSWorld-Human highlights why such efficiency matters: much
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of the latency in current computer-use agents arises from repeated planning and reflection, while leading agents still
require substantially more steps than human trajectories (Abhyankar et al., 2025). Thus, while stronger planning is
central to proactive desktop agents, sustained workflow ownership also requires recognizing and avoiding repeated
low-level reasoning that makes long-horizon execution inefficient and difficult to scale.

Beyond proactively deciding what steps are needed, desktop agents must also decide how those steps should be
executed. Many operations that require long and fragile graphical interaction can instead be completed through
terminals, code, APIs, or structured tools, shifting desktop interaction from pure GUI control toward hybrid GUI-CLI
execution. Proactiveness in this setting therefore includes recognizing when direct manipulation is unnecessarily costly
and switching to a more suitable execution mechanism. UFO2 and ComputerRL combine visual interaction with
native APIs or programmatic functions (Zhang et al., 2025c; Lai et al., 2025), while MCPWorld and OSWorld-MCP
study hybrid GUI-tool execution and show both its potential and the difficulty of consistently invoking the right
tools (Yan et al., 2025b; Jia et al., 2025). WeaveBench and CUA-Universe extend this paradigm to long-horizon
trajectories that interleave GUI actions, command-line operations, and code execution (Li et al., 2026i; Shi et al., 2026a),
while CLI-Anything exposes applications through machine-oriented command interfaces that can bypass repetitive
graphical actions altogether (Yang et al., 2026g). Controlled GUI-CLI comparisons further suggest complementary
bottlenecks: GUI agents struggle with grounded long-horizon interaction, whereas CLI agents are constrained more by
skill coverage (Zhou et al., 2026b). Recent work on hybrid GUI-MCP agents and EE-MCP therefore treats execution
modality itself as a learned decision, requiring agents to determine when tools should be invoked and how their outputs
should be integrated with the current visual state (Fan et al., 2026a; He et al., 2026b). Taken together, these works
suggest that desktop proactivity should extend from planning the workflow to selecting the most effective way to carry
out each step: generating code to replace repetitive mouse actions, invoking an API when an operation is well specified,
or returning to GUI interaction when spatial or transient interface state makes visual control necessary.

Such proactive execution, however, still assumes that the agent already possesses an appropriate procedure or skill.
In open-ended desktop environments, this cannot be guaranteed, making proactive adaptation a further requirement:
agents must recognize when their current repertoire is insufficient and respond by retrieving, adapting, or acquiring new
procedural knowledge rather than immediately returning the capability gap to the user. CUA-Skill and VISUALSKILL
represent reusable procedures as structured execution graphs or multimodal skills that can be retrieved and verified during
new tasks (Chen et al., 2026f; Jiang et al., 2026), while OS-Copilot and HyMEM accumulate experience from previous
trajectories and reuse it for later decomposition and adaptation (Wu et al., 2024d; Zhu et al., 2026c). When stored
knowledge is insufficient, GUI-Bee explores unfamiliar interfaces to acquire grounding knowledge (Fan et al., 2025),
OSExpert investigates software functionality and converts verified discoveries into reusable skills (Liu et al., 2026h),
and SEAgent improves through iterative interaction and automatically generated curricula in unseen software (Sun et al.,
2026b). EvoCUA-1.5 pushes this further through online interaction with executable desktop sandboxes (Huang et al.,
2026b), while EE-MCP accumulates application-specific experience to improve future GUI-tool decisions (He et al.,
2026b). These approaches point toward a broader hierarchy of desktop proactiveness: agents should first plan how to
advance the workflow, then select the most effective execution modality, and finally adapt or learn new procedures when
their existing capabilities are insufficient. Proactiveness at this level therefore means progressively reducing the number
of decisions that must be returned to the user, from task decomposition to execution strategy to capability acquisition.

6.2.2 Web GUI Agents

Web proactiveness centers on continually assessing whether changing interface states still support the user’s objective
and taking the initiative to adjust the workflow when its assumptions become unreliable. Websites differ in layout,
navigation structure, terminology, and functionality, while execution states can change as content is updated, actions fail,
or unexpected conditions arise. These conditions require agents to interpret emerging mismatches and determine an
appropriate response before further actions compound the problem. Mind2Web evaluates cross-task, cross-website, and
cross-domain generalization (Deng et al., 2023a), while WebArena spans heterogeneous interactive websites including
shopping, forums, content management, maps, and collaborative development (Zhou et al., 2024b). VisualWebArena
further shows that some tasks depend on visual information unavailable from textual structure alone (Koh et al., 2024).
HTML, DOM trees, accessibility information, and page text provide useful structure, but real-world HTML can itself be
large and noisy (Deng et al., 2023a), and AgentOccam demonstrates the importance of carefully designed observation
and action representations (Yang et al., 2025c). These challenges make situational judgment central to Web proactivity:
an agent must determine when to continue, recover, replan, explore, or seek clarification, without requiring the user to
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diagnose every unexpected state.

The first capability required for such situational judgment is proactive monitoring: agents must detect emerging
deviations from expected execution and determine whether recovery is needed before those deviations undermine
the task. Existing interaction-based learning methods provide part of the foundation for such behavior. Early work
used workflow-guided exploration to cope with sparse Web rewards (Liu et al., 2018), while WebRL learns through
online reinforcement learning and a self-evolving curriculum partly generated from failed attempts (Qi et al., 2025).
WebAgent-R1 similarly optimizes complete multi-turn browser trajectories from task-level outcomes (Wei et al., 2025b),
with WebServ and WebGym providing infrastructure and realistic environments for scaling browser interaction and
training (Lu et al., 2025b; Bai et al., 2026). These approaches help agents learn from failed trajectories and improve
subsequent decisions, but outcome rewards typically reveal that something has already gone wrong rather than explicitly
teaching the agent to anticipate when a plan is becoming unreliable. The stronger proactive capability is to detect early
signals of mismatch, such as an unexpected page state or altered workflow, interpret their implications for the current
objective, and intervene before the deviation propagates.

Beyond detecting deviations, proactive Web agents must recognize when missing environmental knowledge prevents
reliable progress and initiate targeted exploration to resolve that uncertainty. An unfamiliar page or unexpected transition
may require the agent to investigate available functions, relationships between interface states, or alternative navigation
paths before continuing. WebPilot searches alternative routes when the correct path is uncertain (Zhang et al., 20241),
while Go-Browse more systematically explores Web environments to construct useful trajectories (Gandhi & Neubig,
2025). SAGE makes this process increasingly autonomous by first acquiring structural knowledge of a website and
then generating progressively more difficult tasks for continued practice (Yang et al., 2025¢). The important proactive
decision is to determine when exploration is warranted. An effective Web agent should continue with the current
workflow when observations remain consistent with the plan, perform local recovery or replanning when a specific
step fails, explore more broadly when missing environmental knowledge prevents reliable progress, and seek user
clarification when the remaining uncertainty cannot be resolved safely or depends on preferences or decisions that
should not be inferred autonomously. Proactivity therefore lies in diagnosing the source of uncertainty and selecting the
appropriate response.

Sustained Web proactiveness also requires retaining useful discoveries and recognizing when prior procedures can be
reused or adapted to guide the response to a new situation. Agent Workflow Memory extracts recurring procedures from
prior trajectories and retrieves them for later Web tasks (Wang et al., 20250), while SkillWeaver explores new websites,
discovers useful operations, and distills successful behavior into reusable APIs (Zheng et al., 2025a). SAGE similarly
connects autonomous exploration with skill acquisition (Yang et al., 2025¢), and WebRL generates new tasks around the
evolving boundaries of the agent’s capabilities (Qi et al., 2025). An industrial counterpart appears in Edge’s Copilot
Mode: Journeys groups related browsing activity to help users resume earlier tasks (Microsoft, 2025a). This illustrates
contextual continuity across sessions, complementing research on retaining and reusing procedural knowledge.

These capabilities support proactive response selection: the agent must determine whether the current situation warrants
continuing with a known procedure, adapting it, investigating further, or involving the user. Acquired skills and memory
provide a basis for this judgment by helping the agent recognize both familiar situations and the limits of its existing
repertoire. When unexpected states involve ambiguous preferences, consequential choices, authorization boundaries, or
risks that the agent cannot reliably evaluate, the proactive response should be to seek clarification before proceeding.
Web proactiveness can therefore be understood as an adaptive decision hierarchy: maintain the current workflow while
its assumptions remain valid; detect and interpret deviations when they arise; recover or replan when the problem
is understood; explore when missing environmental knowledge prevents reliable action; reuse or acquire procedural
knowledge when appropriate; and involve the user when the uncertainty cannot or should not be resolved autonomously.

6.2.3 Mobile GUI Agents

Mobile proactiveness centers on anticipating latent information and assistance needs from the rich personal context
available on devices closely embedded in users’ everyday lives. With appropriate access, agents can connect calendar
events, emails, alarms, travel bookings, notifications, and application activity to anticipate what information or assistance
would help the user next (Kong et al., 2026; Chai et al., 2026a). Initiative therefore begins with identifying a useful
assistance objective: interpreting how an emerging event relates to the user’s plans, recognizing a possible need, and
deciding whether it warrants attention. Meta’s Muse illustrates this broader direction by using persistent context about
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users’ goals and connected services to offer proactive suggestions; it is accessed through its app or WhatsApp and
executes tasks through a dedicated cloud virtual machine (Meta, 2026). Such systems highlight how personal context
can support assistance beyond the immediate interaction. Mobile proactiveness consequently spans three connected
decisions: what the user may need, whether and when assistance is warranted, and how to deliver it effectively.

Proactive need inference is the first ability required for such anticipation: agents must connect fragmented and evolving
contextual signals to identify a useful assistance objective before the user fully articulates it. ProactiveMobile evaluates
latent-intent inference from on-device context and its translation into executable API sequences (Kong et al., 2026), while
Act2Intention connects intention understanding, personalized prediction, and execution through continuous intention—
action trajectories (Yan et al., 2026b). These approaches suggest that anticipating useful assistance requires connecting
current observations with prior activity and user preferences. For example, a flight cancellation may imply a need to find
alternative transportation, check an affected booking, or reconsider an upcoming appointment. AppAgent-Pro addresses
a related form of initiative by extending broad user requests into additional cross-application information seeking when
further work is judged useful (Zhao et al., 2025¢). Commercial features illustrate complementary forms of contextual
assistance: Google Magic Cue retrieves relevant information across personal applications, such as surfacing flight details
during an airline call, while Samsung Now Nudge uses screen content and stored context to suggest actions such as
adding an event or sharing relevant photos (Kugler, 2025; Samsung, 2026). HONOR’s YOYO combines automatic
schedule extraction with tasks that execute when user-specified contextual conditions occur (HONOR, 2026). These
examples distinguish anticipating an immediate information need from carrying out a previously expressed conditional
intention. In general, they show how mobile initiative can emerge from an unexpressed need, an incomplete request, or a
remembered instruction whose triggering context has arrived.

Beyond inferring a possible need, proactive mobile agents must assess its relevance and timing to decide whether,
when, and how to intervene. Mobile activity includes incidental browsing, repeated notifications, task switching, and
intentions that may already have been fulfilled, making continuous observation insufficient grounds for intervention.
PIRA-Bench evaluates proactive intent recommendation from noisy visual trajectories with interleaved intentions
and user-profile context, while its PIRF baseline uses memory and state tracking to interpret ongoing activity (Chai
et al., 2026a). PRPF explicitly separates intervention gating from assistance generation, using a lightweight perception
stage to activate more expensive reasoning only when warranted (Ding et al., 2026c¢). Qwen-UI-Agent extends this
direction through a lightweight harness supporting proactive service initiation and stateful workflows across mobile
and computer environments (Zhou et al., 2026a), connecting the decision to offer assistance with the agent’s execution
capabilities. The proactive decision is therefore whether to remain silent, retain a possible need for later reassessment,
offer timely information, or propose an executable action. When the appropriate response depends on uncertain
preferences or consequential commitments, focused clarification can establish the user’s intended outcome. Effective
mobile proactiveness requires both sensitivity to emerging needs and restraint when the evidence or timing is insufficient.

Turning anticipated needs into useful assistance requires proactive capability development: agents must acquire and
adapt the interaction policies needed to fulfill emerging objectives across changing applications. Mobile tasks often cross
applications and depend on transient interface states, motivating executable environments such as AndroidWorld (Rawles
et al.,, 2024). Online reinforcement learning strengthens this execution foundation: MobileGUI-RL combines self-
exploration with trajectory-aware optimization of completion and efficiency, while MobileRL uses difficulty-adaptive
replay, curriculum filtering, and trajectory-length-aware rewards (Shi et al., 2025c; Xu et al., 2025¢). AgentCPM-GUI
combines supervised trajectory learning with reinforcement fine-tuning, Mobile-Agent-v3.5 extends training across
environments and model scales, and WM-R1 uses learned world models to reduce reliance on costly real-device
rollouts (Zhang et al., 20251; Xu et al., 2026a; Han & Qian, 2026). These methods develop the ability to execute
assistance after a useful objective has been identified. Exploration and self-evolution further help agents maintain
that ability as applications change: UI-Voyager improves supervision from successful and failed trajectories, while
MobileGUI-RL generates learnable tasks through autonomous exploration (Lin et al., 2026b; Shi et al., 2025c¢). From a
proactive perspective, their value lies in building the execution capabilities needed to fulfill anticipated needs.

Sustained mobile proactiveness further requires recognizing recurring assistance needs and reusing accumulated
knowledge and procedures to address them efficiently under device constraints. UI-KOBE explores applications in
advance and represents their states and transitions as reusable knowledge graphs, while SkillDroid compiles successful
trajectories into parameterized skills that can be replayed without repeated language-model calls (Chai et al., 2026b;
Chen et al., 2026d). Such reuse supports timely assistance under mobile constraints on model size, memory, latency,
energy, connectivity, and privacy (Chai et al., 2026b; Huang et al., 2026¢; Zhang et al., 20251). AgentCPM-GUI reduces
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generation overhead through a compact action representation; MobileExplorer overlaps lightweight exploration with
model inference and stores traces as structured memory; and Mobile-Agent-v3.5 explores multiple model sizes and
cloud—edge collaboration (Zhang et al., 20251; Huang et al., 2026¢; Xu et al., 2026a). Combined with PRPF’s selective
activation of deeper reasoning (Ding et al., 2026c¢), these approaches suggest an architecture in which relevant context
is maintained efficiently, stronger reasoning is invoked when a meaningful need emerges, and familiar procedures are
reused during execution. Mobile proactiveness thus connects contextual anticipation with selective intervention and
adaptive execution, reducing the user’s effort in recognizing, formulating, and initiating useful assistance.

6.2.4 Evaluation, Challenges, and Open Directions

Evaluation of proactive GUI agents should assess whether agents exercise appropriate initiative throughout the assistance
process, while reflecting the distinctive demands of each platform. For desktop agents, this means evaluating whether
they infer missing intermediate objectives, coordinate long-horizon workflows, select suitable execution mechanisms,
and address capability gaps without unnecessary user supervision. For Web agents, evaluation should examine whether
they detect deviations, distinguish execution failures from missing knowledge, and appropriately choose among recovery,
replanning, exploration, procedural reuse, and clarification. For mobile agents, it should assess whether contextual signals
support the inferred information or assistance need, whether intervention is timely and useful, and whether the resulting
assistance fulfills that need. Existing benchmarks capture complementary parts of this process: ProAgentBench and
PIRA-Bench assess the appropriateness and timing of assistance (Tang et al., 2026b; Chai et al., 2026a), Act2Intention
links intention prediction to subsequent GUI execution (Yan et al., 2026b), OpenComputer emphasizes verification of the
resulting application state (Wei et al., 2026a), and OSWorld-Human highlights interaction length and latency (Abhyankar
et al., 2025). A complete evaluation should therefore connect the quality of the proactive decision to its execution
outcome, accounting for unnecessary actions, computation, supervision, and interruption alongside task success.

These distinctions motivate platform-specific open directions within a shared challenge of deciding when and how to
take initiative. Desktop agents should strengthen sustained workflow ownership by adapting plans, selecting among GUI,
terminal, APIs, and stored skills, and acquiring procedures when their current capabilities are insufficient (Li et al., 20261;
Shi et al., 2026a). Web agents should improve situational judgment by recognizing when workflow assumptions no
longer hold and determining whether uncertainty calls for local recovery, broader exploration, knowledge acquisition, or
user clarification (Yang et al., 2025e; Zheng et al., 2025a). Mobile agents should better connect evolving personal context
with latent needs, calibrate intervention to relevance and timing, and deliver assistance through reusable procedures and
selective reasoning (Kong et al., 2026; Chai et al., 2026a; Ding et al., 2026c; Chai et al., 2026b; Chen et al., 2026d;
Huang et al., 2026c¢). Across platforms, stronger initiative must remain aligned with user intent and authorization,
especially when objectives are inferred or external content introduces competing instructions (Levy et al., 2026; Evtimov
et al., 2025). The central research direction is therefore to develop agents that take responsibility for advancing desktop
workflows, adapt appropriately to changing Web situations, and anticipate useful mobile assistance, while recognizing
when further action requires user involvement.

6.3 Information Access Agents for Search and Recommendation

Table 5 Representative proactive information-access systems. Res. denotes research systems; Com. denotes commercial products.

System Awareness Anticipation Agenda Arbitration Action Adaptation Deploy. Type
Remembrance User’s current Relevance model ~ Current text Continuous, Surfaced related — Desktop Res.
Agent text / context only non-interrupting  docs (suggestion)
(Rhodes et al.,
1996)
Self-RAG Query + LLM Given query Reflection tokens Retrieval + Trained critic Software Res.
(Asaietal., 2023)  parametric state (retrieve-when- grounded answer tokens

uncertain) (gated retrieval)
RecThinker User / item LLM agent Givenrecom-  Gather-more-if-  Item SFT + RL Software Res.
(Zhang et al., evidence mendation task uncertain recommendations
2026a) (suggestion)
STEPS Push and Value of pushing  Platform Push / no-push; Push notification Offline RL App Com.
(Zhang et al., behavior logs now vs. later retention self-scheduled (action)
2026m) objective wake-up
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Information access is one of the oldest settings for proactive behavior: recommender systems offer items no one asks
for (Resnick et al., 1994), filtering systems decide what to deliver instead of waiting to be queried (Belkin & Croft, 1992),
and early retrieval tools surface documents from a user’s working context before any search box is used (Rhodes et al.,
1996). These systems already perform the two operations that define proactive behavior: predicting a latent information
need (Anticipation, §4.2) and deciding whether and when to present unrequested information at an acceptable cost in
attention, relevance, and trust (Arbitration, §4.4). What they share with ordinary information retrieval (IR) is general
machinery: ranking, relevance modeling, query understanding, and session modeling. What makes them proactive is
that the action comes before any request, which forces the system to decide for itself what to act on and whether acting
is worth the interruption. Today this proactiveness works over short horizons: what ships at scale is contextual pre-fetch
and zero-query retrieval keyed to immediate context, such as recent app usage or the current document, alongside
recommenders that predict the next item from recent behavior (Peng et al., 2025), each serving the need the user has right
now rather than a goal it holds and revises over time; the most prominent product that inferred such goals from memory
and researched them overnight, ChatGPT Pulse, was retired within a year in favor of tasks the user schedules (OpenAl,
2025b; Digit, 2026). The current wave of adaptive and agentic retrieval-augmented generation (RAG) (Asai et al., 2023;
Lietal., 2025e) and deep-research agents (Zheng et al., 2025d) points toward multi-source anticipation that holds a
user’s evolving goals over longer horizons, gathers evidence across many sources on its own initiative, and revises what
it surfaces as those goals change. Information access is therefore anticipation-rich but agenda-shallow relative to the
other verticals here: its ability to predict an immediate need is mature and widespread, yet it rarely maintains a longer
intent on the user’s behalf. Table 5 compares selected systems for contextual information delivery, recommendation, and
retrieval across the six mechanisms. We take the two faces of information access in turn, recommendation and search,
then ask how proactiveness is evaluated and what risks it raises.

6.3.1 Recommendation as Proactive Filtering

Recommendation is proactive by design, because it presents items when the user has issued no query at all. This is
the classic push model of information access rather than the pull model of search. Belkin & Croft (1992) describe
recommendation as the mirror image of retrieval and named it information filtering, a system that serves a standing
interest profile by choosing what to deliver rather than answering a one-off query. Early collaborative filtering
systems such as Tapestry and GroupLens do exactly this, predicting which items in an incoming stream a user would
value (Goldberg et al., 1992; Resnick et al., 1994), and later work organizes the area around the push-versus-pull
distinction (Hanani et al., 2001). In our terms, the recommender’s Anticipation is a model of the latent need encoded in
past behavior, and its Arbitration is the choice of which few items to surface within limited screen space. Whether to
surface them at all is a permission set by the platform, which is the capability-versus-autonomy distinction of §4.5.1.
Sequential and session-based recommenders sharpen the Anticipation step by predicting the next interaction from an
unfolding session (Hidasi et al., 2016; Kang & McAuley, 2018; Sun et al., 2019), which is the core of anticipatory
recommendation: predicting a need before the user acts on it. Feed and notification systems make the Arbitration
step explicit, since sending too much is directly costly and a heavy notification load lowers user mood (Pielot et al.,
2014), so bandit and reinforcement-learning controllers decide when to send a notification at all, balancing engagement
against fatigue (Yancey & Settles, 2020; Rizk et al., 2020); STEPS, a push agent deployed on Douyin, also schedules its
own next wake-up and counts permission disablement as the cost of interruption (Zhang et al., 2026m). LLM-based
and agentic recommenders carry the same structure forward (Peng et al., 2025; Wu et al., 2026e): a tool-augmented
recommendation agent checks whether it has enough evidence about the user and the items, then gathers more before
recommending, which mirrors the idea of retrieving only when uncertain (Zhang et al., 2026a), while interactive
recommenders optimize engagement over many turns (Feng et al., 2026c¢; Zhong et al., 2026). Recommendation also
turns proactive in dialogue: proactive cues can prompt a user to try decision aids they would otherwise miss, and users
tend to accept these prompts (Ma & Ziegler, 2024), while target-driven conversation planning orders the system’s
dialogue moves to lead the user toward a chosen item, a self-generated Agenda (§4.3) aimed at a system-side goal (Wang
et al., 2022).

6.3.2 Proactive Search: From Zero-Query to Agentic Retrieval

Search is the active, query-driven side of information access, and it turns proactive in three ways: by anticipating the
need before any query, by asking before it answers, and by self-initiating retrieval inside its own reasoning. The first
move is to stop waiting for a query. Just-in-time retrieval agents monitor the user’s current activity, such as the document
being written or the page being read, and offer related material with no query and without interrupting (Rhodes &
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Maes, 2000). The Remembrance Agent is the canonical early example: it runs continuously and shows short summaries
relevant to the user’s current text, on the premise that ordinary search cannot help when the user does not yet know
enough to ask (Rhodes et al., 1996). Watson reads the user’s activity in everyday applications, infers the task from the
text on screen, and retrieves related documents without a query (Budzik & Hammond, 2000), while Letizia browses
ahead of the user to find the links they are likely to want next (Lieberman, 1995). In all of these the need is read from
context rather than typed, so Awareness of the user’s task state (§4.1.1) is the enabling layer and Anticipation is the
distinctive act; wearable versions such as Jimminy carry the same idea to physical context like location and time of
day (Rhodes & Maes, 2000). The line continues into contextual mobile assistants, with Google Now’s predictive cards
as the best-known commercial case of surfacing the right card before it is requested (Rubin, 2012), and Pixel’s Magic
Cue carries it on device, surfacing a fact or action from mail, calendar, or messages when the current exchange needs
it (Kugler, 2025) (Table 4).

The second move is to ask before answering. When a query is unclear or underspecified, a well-calibrated system
can hold back its answer and ask a clarifying question instead, trading one extra turn against the risk of confidently
answering the wrong question. Learning to ask good clarifying questions in search and question answering is a research
area of its own, from the Qulac and ClariQ datasets to rankers that score a candidate question by how much it is expected
to reduce uncertainty (Aliannejadi et al., 2019; Rao & 111, 2018; Aliannejadi et al., 2021). The proactive part is again an
Arbitration decision, namely when to ask rather than answer (§4.4.1). CLAM asks for clarification only when a request
is ambiguous (Kuhn et al., 2023a), CLAMBER tests whether models can even tell that clarification is needed and finds
that they often cannot (Zhang et al., 2024¢), and related work trains agents to judge how vague a task is and to recover
the user’s implicit intent before acting (Qian et al., 2024). Asking too often is as poorly calibrated as never asking,
the same two-sided failure that runs through proactive behavior. The posture extends to multi-turn settings, where a
conversational system can volunteer suggestions, anticipate follow-up needs, and guide the discussion (Deng et al.,
2023b): Andolina et al. (2018) studied this directly, surfacing relevant information into an ongoing conversation without
being asked, and PACIFIC casts proactive question answering in which the system opens a clarification over mixed table
and text data (Deng et al., 2022). Recent information-gathering agents push the gate further, learning policies for which
question reduces uncertainty the most (Choudhury et al., 2026; Echarghaoui et al., 2026), and icebreaker agents study
how to open an interaction with a user the system knows nothing about (Zheng et al., 2026a), while IntentRL trains a
deep-research agent to clarify latent intent before committing to an expensive run (Luo et al., 2026b).

The third move folds retrieval into the agent’s own reasoning: instead of always retrieving, the agent decides from
its own uncertainty when and what to fetch. Self-RAG learns special tokens that decide when to retrieve and whether
a passage helps (Asai et al., 2023), FLARE retrieves whenever it is about to generate a low-confidence span (Jiang
et al., 2023), and Adaptive-RAG routes a query to no retrieval, a single retrieval step, or several steps according to its
predicted difficulty (Jeong et al., 2024; Wang et al., 2025n). At longer horizons the same decision becomes a multi-step
plan: Self-Ask has the model raise and answer its own follow-up questions, sending them to a search engine when
useful (Press et al., 2023); Search-ol lets a reasoning model trigger retrieval mid-chain whenever it reaches a point
it is unsure about (Li et al., 2025¢); and deep-research agents run many rounds of self-directed search and synthesis
over the open web, trained end to end to do so (Zheng et al., 2025d; Zhong et al., 2026), and Omakase runs such
research in the background, issuing queries as a user’s project documents evolve and distilling the reports into a few
actionable suggestions (Siangliulue et al., 2026). Each of these applies the Arbitration gate of §4.4.1 to the act of
retrieving, so the agent reaches for outside information only when answering without it is the riskier choice. The
capability-versus-autonomy line matters here (§4.5.1): an agent that issues many unrequested queries is exercising
self-initiated capability, but the freedom to spend that compute, and to act on what it finds, is autonomy that its operator
grants. What is new compared with early just-in-time retrieval is that the agent can read, reason over, and re-query its
own retrieved evidence.

6.3.3 Evaluation, Challenges, and Open Directions

Evaluating proactive information access takes more than standard IR metrics, which reward the right answer to a stated
query. A proactive system must also be scored on predicting a need early and surfacing it without over-triggering, so
evaluation has to account for timing and for need prediction (§5). ProCIS provides timing annotations and normalized
proactive discounted cumulative gain (npDCG) for evaluating whether useful documents are retrieved at appropriate
moments in a conversation (Samarinas & Zamani, 2024). PREVAL instead jointly rewards early proactivity and the
quality of subsequent suggestions (Sen et al., 2018), while JIR-Arena defines the just-in-time recommendation task
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across modalities (Yang et al., 2025d). The common point is that acceptance and interruption cost, not relevance alone,
become the targets, and that a proactive system can fail in two opposite ways: missing a need it should have served, or
surfacing too aggressively. The same power to choose what the user sees also carries risks. Some are shared by any
system that surfaces content, and we treat them with the governance directions (§7.2). What is specific to information
access is that surfacing corrupts its own evidence: personalized surfacing narrows exposure into filter bubbles (Pariser,
2011), and a recommender that learns from the behavior it shapes falls into degenerate feedback loops that corrupt the
very signal Anticipation depends on (Jiang et al., 2019). These risks make Arbitration (§4.4) not only a utility one but a
normative gate. Several open directions are specific to this domain. Agents could hold a persistent, revisable model
of a user’s evolving goals across sessions, instead of reading each need from the immediate moment. Surfacing could
be made diversity- and privacy-aware by design, resisting filter bubbles and feedback loops and keeping always-on
awareness on the device. Evaluation still needs benchmarks that score need prediction, timing, and interruption cost
together, and that reward the correct decision to stay silent. In information access, mature proactiveness is not surfacing
or retrieving more, but understanding a user’s evolving goals well enough that its silence is as deliberate as its initiative.

6.4 Embodied Agents and Robotics

Table 6 Representative embodied and robotic systems and mechanisms supporting proactiveness. The dimensions summarize
documented mechanisms without implying complete proactive capability. Agenda distinguishes immediate or externally assigned
task goals from persistent or self-initiated commitments. Res. denotes research systems; Com. denotes commercial products.

System Awareness Anticipation Agenda Arbitration Action Adaptation Deploy. Type
Gemini Robotics  Live video, ER 2 embodied Given task; Progress tracking; Whole-body humanoid Failure-driven Robot Com.
2/ER2 language, reasoning + ER 2 subgoal tool calls; and bi-arm replanning
(Google proprioception whole-body VLA  plans multi-robot manipulation (action)
DeepMind, hand-offs
2026a,b)
Helix 2.5 Vision, VLA pretrained  Given Given-task Household chores in Execution-time  Robot Com
(Figure A, 2026¢) proprioception on human video  household task  execution unseen homes (action) self-correction
(Index)
g ¢ (RECAP) Vision, language, VLA + learned Given Advantage- Laundry, espresso, box Offline RL from Robot Com
(Intelligence et al., proprioception advantage long-horizon conditioned assembly (action) rollouts and
2025a) task actions corrections
GROOT N1/N1.7 Vision, language, Dual-system Given language  Given-agenda Manipulation, motor - Robot Com
(Bjorck et al., proprioception VLA (VLM + instruction execution control (action)
2025; NVIDIA, diffusion head)
2026b)
IX NEO Vision, audio, Redwood VLA User-requested ~ Scheduled Household chores Teleop-to- Robot Com.
(1X Technologies, language chores; remote-expert (gated action) autonomy
2026a, 2025) scheduled supervision flywheel
sessions
Waymo Driver Lidar, camera, Road-user Dispatched trips  ODD gating; Driverless ride-hailing  Fleet data and Vehicle Com
(Waymo, 2024) radar, maps behavior within ODD minimal-risk (autonomous in ODD)  simulation fleet
prediction maneuver; fleet
assistance
CoFRIDA Canvas image, Canvas Shared canvas ~ Human Physical brush strokes - Robot Res.
(Schaldenbrand language goal completion; goal; per-turn co-creative (action)
et al., 2024) stroke simulation  plans turn-taking
ProAct Egocentric vision, Cognitive LLM  Self-initiated Silence-vs- Speech, gesture, Episodic Robot Res.
(Zhang et al., audio, transcript  infers motivation  social goals intervene locomotion (action) memory, context
20261) and intentions decision compression
AssistantX User context + LLM + memory  Assigned task;  Multi-agent LLM  Physical + cyber Memory, Robot + Res.
(Sun et al., 2024b) robot sensors unit help-seeking loop; asks nearby actions (gated action)  reflection agent ~ SW
subgoals humans
GAP Passive Learned goal Self-selected Confidence, Fetch and prepare Routines from Sim Res.
(Patel & observation of anticipation household needs preconditions, objects (bounded observation
Chernova, 2026)  user and scene timing, autonomy)
acceptance
GLOBE Activity and Routine model; Predicted- Confidence Object fetch ahead of ~ Per-household Robot Res.
(Gonzalezetal.,  object-use history LLM when routine needs threshold gates need (bounded statistics
2026) uncertain action autonomy)

Continued on next page
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Table 6 (continued)
System Awareness Anticipation Agenda Arbitration Action Adaptation Deploy. Type
NIA framework Given human task Cross-step Self-chosen Intrusiveness- Parallel manipulation, - Sim + Res.
(Zhang et al., sequence, scene  assistance scoring complementary —aware ranking with a non-blocking Robot
20261) sub-tasks protocol (bounded

autonomy)
RoboGuard Scene semantics, LLM derives Standing safety  Control synthesis Spec-compliant plans - Robot + Res.
(Ravichandran command, world temporal-logic rules; given plan vetoes or repairs  only (gated action) Sim
et al., 2026) model safety specs plans

-: not separately reported in the cited source.

Embodied agents represent one of the most promising frontiers for proactive agency. By bridging digital reasoning and
physical execution, they extend proactivity beyond virtual environments into the physical world. Whereas a proactive
software agent may recommend an action, schedule a task, or generate information, a proactive embodied agent can
navigate its surroundings, manipulate objects, operate equipment, and directly affect people and infrastructure. Therefore,
every stage of the proactive loop must account for the constraints of physical interaction, including uncertainty, latency,
safety, and the limited reversibility of physical actions.

Despite rapid progress in robotics, most deployed embodied systems remain either reactively autonomous or exhibit only
bounded proactivity. Reactively autonomous robots can perform sophisticated tasks, such as grasping diverse objects or
navigating dynamic environments, but generally act in response to explicit commands, predefined triggers, or externally
assigned workflows. Bounded proactive agents go further by initiating actions within a defined task, environment, or
permission structure, but they still lack the reliability and generality required for open-ended proactive behavior. A fully
proactive robot, by contrast, must recognize emerging opportunities and risks, anticipate future needs, decide whether
and when to intervene, communicate its intentions, and adapt its behavior over time. The long-term goal is not only
greater autonomy, but robots that act as collaborative partners: taking useful initiative while remaining responsive to
human goals, preferences, and boundaries. Realizing this vision requires embodied agents to close the full proactive
loop defined by the six-A mechanism introduced in §4. Table 6 maps selected embodied systems and mechanisms
supporting proactiveness onto this framework.

Several rapidly developing technologies are bringing this vision closer. Simulation (Li et al., 2023b; Wang et al., 2023b;
Authors, 2024; Zakka et al., 2025; Mittal et al., 2025; Wen et al., 2026; Li et al., 2026m), teleoperation (Zhao et al.,
2023; Wu et al., 2024b; Khazatsky et al., 2024), wearable and egocentric data collection (Chi et al., 2024; Xu et al.,
2025a; Hoque et al., 2025; Punamiya et al., 2026; Zheng et al., 2026b), and learning from third-person images and
videos (Chen et al., 2025b, 2026b) are expanding the scale and diversity of robot-learning data, enabling robots to
acquire and generalize increasingly complex skills. Egocentric human video now reaches tens of thousands of hours
(Zheng et al., 2026b; Build Al, 2025; Figure Al, 2026d; Luo et al., 2026a), open cross-embodiment robot corpora exceed
a thousand hours and deliberately retain failure and recovery trajectories (Hou et al., 2025; Wu et al., 2025d; AGIBOT,
2026), and simulation suites scale household tasks to hundreds of activities across thousands of scenes (Nasiriany et al.,
2026; Kim et al., 2026d; Stanford Vision and Learning Lab, 2026). Large language models and vision-language models
contribute semantic knowledge, high-level reasoning, and natural-language interaction (Ahn et al., 2022; Driess et al.,
2023; Yang et al., 2025f). Vision-Language-Action models ground language instructions and visual observations in
robot actions (Team et al., 2024; Kim et al., 2024a; Black et al., 2024; Intelligence et al., 2025b; Liu et al., 2025d;
Team et al., 2025; Bjorck et al., 2025; Wang et al., 2026f; Generalist Al, 2026; Genesis Al, 2026; Physical Intelligence
et al., 2026; Luo et al., 2026a; Team et al., 2026; Yu et al., 2026e; Generalist Al, 2025). The 2026 generation of these
models controls whole humanoid bodies and coordinates several robots (Google DeepMind, 2026a), transfers zero-shot
to dozens of unseen homes (Figure Al, 2026c¢), and attributes most of that generalization to human-video pretraining
with explicit scaling laws (NVIDIA, 2026b; Figure Al, 2026¢). World-action models capture how actions may change
future states, supporting anticipation, planning, and policy learning (Ye et al., 2026b; Agarwal et al., 2026; Garrido
et al., 2026; Gao et al., 2026d; Guo et al., 2026a; Li et al., 2026e); they have become a systematic research program
with open modular stacks (Wang et al., 2026m), and in self-evolving variants one network serves as policy, simulator,
and evaluator so that candidate actions are imagined and scored before execution (Bi et al., 2026), at the price of
several-fold higher inference latency than a comparable VLA (NVIDIA, 2026c). Policies also improve after deployment:
offline reinforcement learning from autonomous rollouts and expert corrections roughly doubles throughput on hard
real-world tasks (Intelligence et al., 2025a), and unified RL frameworks for VLAs (Zang et al., 2025), hours-scale
online post-training on physical robots (Yang et al., 2026b), world-model-based policy optimization (Zhu et al., 2025a;
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Wang et al., 2026a), and in-context learning from a single video demonstration (Skild Al, 2026) shorten the loop from
experience to behavior. Neuro-symbolic methods combine learned representations and policies with explicit symbols,
rules, and planners, supporting compositional reasoning, constraint-aware planning, and more interpretable execution
(Mao et al., 2023; Luo et al., 2024b; Yu et al., 2026d; Nie et al., 2026; Pan et al., 2026; Albinhassan et al., 2026; Kamale
& Berenson, 2026). At the system level, agentic architectures are beginning to orchestrate perception, reasoning, task
decomposition, memory, skill selection, and low-level control within closed-loop robotic workflows (Gu et al., 2025; Li
et al., 2026g; Xiao et al., 2026; Lu et al., 2026a), increasingly with readiness checks, progress verification, pre-actuation
validation gates, and long-term memory with risk prediction implemented as separate, inspectable modules (Wang
et al., 20261; Liu et al., 2026p; Li et al., 2026h), and with embodied-reasoning models that watch live video, track task
progress, call tools, and hand work between robots (Google DeepMind, 2026b).

These advances do not, by themselves, make a robot proactive. Rather, they provide the fundamental capabilities needed
for proactive robots to determine what to do next and when to act. In the near term, the commercial market is therefore
likely to be defined by bounded proactivity. The most valuable embodied systems may not be those that operate with
the greatest independence, but those that combine useful initiative with clear operational limits, calibrated uncertainty,
measurable value, and reliable mechanisms for human oversight and escalation. This suggests a practical progression
from reactive autonomy to bounded proactivity and, eventually, to general-purpose proactive embodied agents.

The following sections examine four representative verticals: household services, autonomous driving, industrial
collaboration, and human-agent co-creation. These domains overlap to some extent with the discussions of smart homes,
smart cities, and entertainment and media in §6.7, §6.8, and §6.12, respectively. Notably, the emphasis here is on
physically embodied agents that act in the real world.

6.4.1 Household Services: From Smart Appliances to Proactive Domestic Partners

A proactive household robot should understand not only explicit requests, but also the routines, preferences, permissions,
and changing conditions of the home. It may recognize when a task needs attention, choose an appropriate time to act,
avoid disturbing residents, ask before handling unfamiliar belongings, and remember household preferences. Rather
than waiting for the command “clean the kitchen”, for example, it might notice that dishes have accumulated, determine
whether the dishwasher is available, and act at a time that does not interfere with meal preparation. In this setting,
proactivity means being helpful without becoming intrusive. This section focuses on embodied agents that perform
physical tasks in domestic environments, while proactive smart-home systems are discussed more broadly in §6.7.

The home represents a major potential market for embodied Al, but also one of its most difficult operating environments.
Unlike factories and warehouses, homes vary widely in layout, objects, routines, and social norms. Thus, commercial
household robotics remains dominated by specialized products, such as robotic vacuum cleaners, lawn mowers, and
snow-removal systems, whose tasks and operating boundaries are tightly constrained (Jones et al., 2005; Matic, 2026;
Segway Navimow, 2026; Yarbo Inc., 2026). Appliance makers are extending this envelope incrementally rather than
leaping to general manipulation: Roborock’s Saros Z70 vacuum carries a five-axis arm limited to light objects and a
fixed catalogue of object types, Dreame and LG showed arm-equipped home robots at CES 2026, and Samsung quietly
shelved its Ballie companion robot (Roborock, 2025; Engadget, 2026; ChannelNews, 2026).

The emerging frontier is proactive, general-purpose household manipulation. Companies such as 1X, Sunday Robotics,
Figure, and Weave Robotics are developing humanoid or mobile-manipulation systems for tasks including tidying,
dishwashing, laundry handling, and household organization (1X Technologies, 2026a; Sunday Robotics, 2026; Figure
Al 2026b; Weave Robotics, 2026). These systems demonstrate increasingly varied and extended workflows, but reliable
operation across an entire home remains an open challenge. The first measured generalization numbers appeared in
2026: Figure 03 running Helix 2.5 performed bed making, towel folding, and toy tidying in 30 previously unseen homes
without any in-home data, succeeding in 56% of trials, against 9% for a model trained without large-scale human-video
pretraining (Figure Al, 2026c). In simulation, the winning entry of the 2025 BEHAVIOR Challenge completed only
12.4% of its 50 long-horizon household tasks end to end, and the best agents on the LongAct benchmark reach 16%
full-task success even with frontier language models as planners (Larchenko et al., 2025; Stanford Vision and Learning
Lab, 2026; Zhu et al., 2026e). As of this writing, none of these general-purpose home robots has confirmed consumer
deliveries: 1X says some NEO orders will ship in 2026 and others later, Sunday plans a 50-household beta in late
2026, and Weave’s first shipments are scheduled for fall 2026 (heise online, 2026; Sunday Robotics, 2026; Weave
Robotics, 2026). The gap between a convincing demonstration and a useful product is especially large in domestic
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settings: occasional failure may be acceptable in a laboratory, but frustrating or unsafe in everyday use.

The central technical challenge is domestic generalization: maintaining reliable performance across variations in layouts,
objects, clutter, lighting, residents, and routines. A robot entering a new home must quickly learn not only where
objects are located, but also how that household organizes its space and which actions its residents consider appropriate.
This requires navigation and manipulation to be combined with contextual reasoning, memory, preference learning,
and permission-aware decision-making. Human-in-the-loop operation offers one practical path toward this capability
(1X Technologies, 2026a, 2025). Remote operators can help robots resolve unfamiliar situations and complete useful
tasks while generating demonstrations from real homes. These interventions can create a data flywheel through which
recurring situations are gradually incorporated into autonomous policies, providing a bridge from supervised household
services to increasingly autonomous and proactive behavior. 1X’s NEO follows this model, with a remote expert able to
supervise at scheduled times and a world-model effort aimed at reducing reliance on teleoperators (1X Technologies,
2026a,c), and Weave’s Isaac 1 operates autonomously by default with teleoperation as a fallback and physical cues
that show when the robot is working (Weave Robotics, 2026). Two alternative flywheels avoid remote operators in the
customer’s home altogether. One collects paid first-person video of people doing chores in their own homes: Figure’s
Index app reports 16 million videos from more than 100 countries and accounts for most of Helix 2.5’s zero-shot
capability (Figure Al, 2026d), Sunday’s Skill Capture Glove recorded roughly 10 million episodes in more than 500
homes without a robot present (Robotics 24/7, 2025; Humanoids Daily, 2026), and open datasets such as EgoWild2Dex
follow the same recipe (Lin et al., 2026a). The other licenses large multi-embodiment foundation models to hardware
makers, as with Gemini Robotics 2 and 7y 7, the latter operating unseen kitchens and appliances zero-shot (Google
DeepMind, 2026a; Physical Intelligence et al., 2026). Whichever route is taken, in-deployment learning must not erase
earlier skills: naive sequential fine-tuning of vision-language-action models on a stream of real-world tasks causes severe
forgetting, which experience replay largely prevents (Zhu et al., 2026b). However, remote access to a household robot
also raises significant privacy concerns, particularly when operators can view sensitive domestic spaces or activities.
Privacy risks persist even without a human viewer: the structured maps, object lists, and task summaries a robot exports
can re-identify households and reveal target objects, and no single abstraction removes this leakage across tasks (Xu &
Ayday, 2026). The viability of this model will therefore depend on whether users are willing to accept such oversight
and whether strong safeguards, transparency, and user controls can make remote operation sufficiently trustworthy.

Commercial adoption will depend on three closely related factors. First, physical capability does not imply authorization.
Entering a room, moving an object, or discarding an item may violate privacy, ownership, or household norms. A
proactive domestic agent must therefore judge which actions are permitted, whose preferences take priority, and when
confirmation or inaction is appropriate (Li et al., 2026b). Recent work begins to measure and build this judgment. In the
NormAct benchmark, multimodal agents reach the goal in 67.4% of household scenarios but comply with the unspoken
norm in only 24.7% (Zhao et al., 2026c¢); ask-or-act policies learn when accumulated interaction history suffices to act
and when a clarification question is worth its cost (He et al., 2026a); EgoAsk lets the robot ask context-relevant questions
about a user’s belongings through smart glasses (Hu et al., 2026c¢); routine-anticipation models predict a resident’s next
activities and defer to a language model only when uncertain (Gonzalez et al., 2026); and a four-day in-home study with
ten families found that robot-initiated reminders raise tensions over timing and authority among residents (Xu et al.,
2026e). Closed-loop evaluation with an adaptive human model further shows that proactive methods that look strong
offline can collapse and increase user workload (Patel & Chernova, 2026). Second, reliability must transfer across homes
without extensive preparation or per-household engineering. Systems that perform well in controlled demonstrations
must retain that reliability in unfamiliar and changing environments. Third, cost must remain commensurate with
practical value. Early general-purpose home robots and prototypes remain expensive relative to specialized appliances,
raising expectations for both reliability and breadth of capability: NEO is priced at $20,000 or $499 per month, Sunday’s
hand-built Memo units cost about $20,000 with retail expected to fall by at least half, and Weave’s Isaac 1 is listed at
$7,999 or $449 per month (1X Technologies, 2026b; Sunday Robotics, 2026; Weave Robotics, 2026).

The most successful household robot may therefore not be the one with the broadest initial skill set. Instead, it may
be one that performs a small number of valuable tasks reliably across different homes, at an acceptable cost, without
undermining privacy, personal preferences, autonomy, or comfort. Such a system would mark a meaningful transition
from a smart appliance to a trusted proactive domestic partner.
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6.4.2 Autonomous Driving: Proactive Embodied AI at Commercial Scale

A proactive autonomous vehicle must continually anticipate how a traffic scene may evolve and respond before
contingencies happen. It cannot rely on a passenger, safety driver, or remote operator to guide it through each decision.
Instead, it must predict the behavior of pedestrians and other road users, negotiate right-of-way, select safe stopping
locations, reroute around disruptions, and determine when uncertainty calls for more cautious behavior, a minimal-risk
maneuver, or operational assistance. This section focuses on autonomous vehicles as embodied agents, with the broader
role of proactive agents in smart cities discussed in §6.8.

Autonomous driving is among the most commercially mature examples of proactive embodied Al operating in open,
human-populated environments. Waymo and Pony.ai offer fully driverless commercial robotaxi services across multiple
metropolitan areas (Waymo, 2024; Pony Al Inc., 2025a). By September 2026, Waymo reported more than half a million
paid trips per week on a fleet of over 4,000 vehicles in 15 U.S. cities (TechCrunch, 2026b,c; Waymo, 2026a), Baidu’s
Apollo Go ran fully driverless on Uber in Dubai with more than 240 million driverless kilometers behind it (CnEVPost,
2026; Baidu, Inc., 2026), WeRide operated roughly 400 driverless vehicles in the United Arab Emirates (Gasgoo, 2026),
and Pony.ai reported per-vehicle unit-economics breakeven for its seventh-generation vehicle and committed, with Uber,
to 2,000 robotaxis in Europe (Pony Al Inc., 2025b; TechTimes, 2026). Zoox operates a public service in Las Vegas
and has expanded limited rider access in San Francisco (Zoox, 2025, 2026); in August 2026 it began charging fares
under the first federal exemption granted to a purpose-built robotaxi without a steering wheel or pedals (TechCrunch,
2026f,g). Tesla began a small number of rides without an in-car safety monitor in Austin in January 2026 and claimed
one million unsupervised miles by September, within small daytime geofences and with remote supervision (Electrek,
2026a,b). Wayve and several automotive manufacturers are pursuing a complementary model centered on autonomy
software that can be deployed across vehicle platforms and markets (Wayve, 2026c). Driverless highway freight follows
the same pattern in a tighter operational domain: Aurora passed 500,000 driverless miles in Texas and targets 200 trucks
by the end of 2026 (Aurora Innovation, Inc., 2026b,a), while Volvo and Waabi began hauling freight between Dallas and
Houston with an observer still on board (WBAP, 2026).

Autonomous driving has reached broader deployment than general-purpose robotics partly because its embodiment
and operating environment are comparatively constrained. Vehicles travel primarily along road networks governed by
established traffic rules, infrastructure, and social conventions. The sector has also benefited from large-scale driving
datasets (Sun et al., 2020; Ettinger et al., 2021), mature automotive supply chains, and clear applications in passenger
transportation and logistics. However, current systems operate within circumstances under which they are designed to
function, such as geographic areas, road types, and weather conditions (National Highway Traffic Safety Administration,
2026). Remedies for failures at that boundary are, in practice, contractions of the boundary: after its vehicles passed
stopped school buses in Austin, Waymo issued a software recall, and after an empty robotaxi was swept away on
a flooded road, it recalled 3,791 vehicles and restricted operation at times and places of elevated risk (NPR, 2025;
TechCrunch, 2026d). Regulators are codifying the same model. The first global framework for automated driving
systems, UN GTR No. 26, requires safety at least equivalent to a competent and careful human driver and prohibits
self-modifying software (Bennett Jones LLP, 2026); China’s first Level 3 approvals specify road type and speed limits
explicitly (Gasgoo, 2025); and NHTSA’s 2026 framework pairs streamlined exemptions with enhanced oversight and a
national benchmark effort (Hunton Andrews Kurth LLP, 2026). Hence, their proactivity is substantial, but bounded.

The next frontier is broader and more transferable driving agency. Existing systems already exhibit bounded proactivity
by anticipating other road users, choosing appropriate pick-up and drop-off locations, adapting routes to disruptions,
and positioning vehicles without continuous human instruction. Future systems must generalize these capabilities across
more cities, weather conditions, traffic cultures, and vehicle platforms without extensive location-specific engineering.
That transfer is under way but remains a staged, multi-year process: Waymo is running specialist-supervised trials
across 20 London boroughs toward a 2026 launch and targets Munich toward the end of 2027 and Singapore in 2028,
while Wayve and Uber began supervised autonomous rides in London in September 2026 with Nissan robotaxis planned
for Tokyo (Waymo, 2026¢; TechCrunch, 2026e; Uber Technologies, Inc., 2026; Wayve, 2026b). On the model side,
reasoning-centric vision-language-action drivers make anticipation explicit and language-grounded (Hu et al., 2025b;
Wang et al., 20251; Huang et al., 2026e; Yan et al., 2026¢), world models serve not only to generate rare scenarios
but as closed-loop evaluators with the policy in the loop (Waymo, 2026d; Wayve, 2026a; Basant et al., 2026), and
efficient world-action models internalize prediction as a training signal while keeping action real-time (Wang et al.,
2026¢; Fan et al., 2026b). Proactivity also extends beyond the individual vehicle: at the fleet level, agents could forecast
demand, reposition vehicles, schedule charging and maintenance, and coordinate responses to network-wide disruptions.
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Fleet-level proactivity remains the least developed strand: recent work on rebalancing under demand drift is an exception
(Han et al., 2026b), and in current deployments fleet agenda-setting is largely delegated to ride-hailing platforms rather
than to the driving agent (Baidu, Inc., 2026; TechTimes, 2026).

The remaining challenge is to scale safety and economic viability together. Autonomous vehicles must handle rare and
unfamiliar situations, provide credible evidence of safety to regulators and the public, and reduce the costs of vehicles,
sensors, maintenance, insurance, and operational support. Because driving decisions are safety-critical and often difficult
to reverse (Bellan, 2024; Koopman, 2024), the vehicle must remain appropriately conservative when the intentions of
other road users or the environment state are uncertain. Safety evidence is now reported at scale, though largely by the
companies themselves: across 270 million autonomous miles, Waymo reports 82% fewer injury-causing crashes and
95% fewer serious-injury crashes than a human benchmark (Waymo, 2026b). Synthesized safety-critical scenarios (Kim
& Choi, 2026), pedestrian intent prediction (Ashayer et al., 2026), and external intent communication (Tran et al., 2026)
address the long tail and the legibility of the vehicle’s own intentions. Fallback behavior has a regulatory price as well:
California now fines operators whose vehicles block first responders and requires licensed remote drivers (TechCrunch,
2026a).

Autonomous driving offers a useful preview of how other proactive embodied agents may mature: begin within a
restricted operational domain, deploy at meaningful scale, learn from real-world experience, maintain robust fallback
and human-support mechanisms, and expand both autonomy and proactive initiative only as safety and reliability are
demonstrated.

6.4.3 Industrial Collaboration: From Task Automation to Proactive Co-Workers

A proactive industrial agent does more than execute a task assigned by a worker or production-management system. It
monitors the shared workflow, anticipates what people and machines will need next, initiates appropriate assistance,
communicates its intentions, and escalates when uncertainty or risk exceeds its authority. The focus here is on embodied
agents that work alongside people, reduce physical workload, and improve the coordination of shared tasks.

Industrial robots have operated for decades in structured work cells separated from human workers, where they achieve
high efficiency on repetitive and carefully specified tasks (Nof, 1999; Dzedzickis et al., 2022), and that paradigm
is still growing: the global operational stock of industrial robots reached five million units in 2025 (International
Federation of Robotics, 2026). The commercial frontier is now shifting toward flexible mobile manipulators and
humanoid platforms that can operate in human-designed facilities and support a wider range of workflows. Figure and
RobotEra, for example, are developing and piloting humanoid systems for material handling, kitting, logistics, and other
labor-intensive operations (BMW Group, 2024; Figure Al, 2026a; Futurism, 2026). The evidence base has begun to
shift from demonstrations to operating records. BMW'’s ten-month Figure 02 pilot at Spartanburg accumulated roughly
1,250 operating hours and placed more than 90,000 sheet-metal parts into welding fixtures before it was succeeded by a
parts-sequencing task and a second vendor pilot in Leipzig (BMW Group, 2026). Agility Robotics reports more than
65,000 hours of commercial Digit operation across nine customer facilities (Agility Robotics, 2025, 2026), Apptronik’s
Apollo operates in designated zones at Mercedes-Benz, GXO, and Jabil (Malayil, 2026), and Boston Dynamics and
Google DeepMind are pairing Gemini Robotics models with the electric Atlas, with Hyundai targeting parts sequencing
in 2028 and component assembly by 2030 (Korosec, 2026; Demaitre, 2026). Analysts count roughly 19,000 to 25,000
humanoids shipped in the first half of 2026, more than 70% of them to industrial and commercial buyers and most
of them from AgiBot and Unitree (Smart Analytics Global, 2026; Qi & Wang, 2026; Francis, 2026; KrASIA, 2026).
Non-humanoid mobile manipulators are reaching production in logistics first, as in Dexterity’s autonomous trailer
loading at FedEx and UPS’s order of 400 Pickle Robot truck unloaders (Dexterity, 2026; Soper & LaPara, 2025). In a
widely viewed 2026 comparison, a Figure humanoid processed roughly 200 fewer packages than a human participant
during a ten-hour parcel-sorting task, demonstrating near-human performance in this narrowly defined workflow (Bishop,
2026; Nield, 2026), and a later company-run livestream showed three Figure 03 robots sorting more than 28,000
packages over 24 hours without reported interventions (Knutsson, 2026). These demonstrations reflect substantial
progress in perception, manipulation, and robustness, but they should not be confused with proactive agency. A robot
may operate autonomously for hours on a parcel-sorting line while still following a predefined objective, workspace,
and action pattern. Every deployment above is a fixed, fenced task: totes, trolleys, parcels, or trailers. The vendors
themselves describe designated zones and multi-year roadmaps, and Tesla’s own investor filings state that the initial
Optimus builds are routed to an internal training academy rather than to production work (Tesla, Inc., 2026). Most
industrial humanoid pilots therefore remain closer to task-level reactive autonomy: they can execute assigned work
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independently, but fail to determine how best to contribute to the broader workflow.

Proactivity begins when the agent reasons about the state and needs of the overall operation. Rather than waiting for
an operator to request each action, it might infer which component will be needed next, prepare tools before a worker
reaches the corresponding step, reorder tasks when a workstation falls behind, or ask for clarification when several
actions appear plausible. Recent research has explored proactive task sequencing through real-time prediction of human
motion and intent (Huang & Mutlu, 2016; Liu et al., 2023b; Yu et al., 2024; Abilkassov et al., 2025), adaptive behavior
tailored to individual workers (Liu et al., 2022b; Chen et al., 2023b; Freire et al., 2024; Hostettler et al., 2024), and
anticipatory cues that make upcoming robot actions easier for people to understand (Psarakis et al., 2025; Bo et al., 2026).
Work in 2026 has moved from predicting human intent to deciding whether and when to act on it. Examples include
learned ask-or-act policies that weigh clarification against assistance accuracy over multi-day interaction (He et al.,
2026a), event-driven assistance that acts only on observed human—object state transitions and refrains when a task is
unsolvable (Liu et al., 2026a), collaborative vision-language-action policies whose action chunks straddle task transitions
and thereby trigger premature assistance unless steered at inference time (Xu et al., 2026d), and uncertainty-aware
intention prediction for assembly (Heman et al., 2026). At the workflow level, fatigue-predictive task allocation decides
when to assign which task to whom (Xue et al., 2026), and LLM-based orchestrators plan and replan for heterogeneous
robot fleets over a shared world state (Gupta et al., 2025; Zhang, 2026b), although a single accepted false claim about
that state can cascade into fleet-wide replanning (Khalid & Min, 2026). The first commercially deployed workflow-level
reasoning is advisory rather than embodied: Amazon’s Project Eluna reasons over live operational data to recommend
where managers should shift people to avoid bottlenecks (Amazon, 2025). These systems provide clearer examples of
bounded proactive collaboration, although most remain research prototypes or narrowly scoped pilots.

The central challenge is the reliability of proactive initiative. An unnecessary or poorly timed action may interrupt
a worker, slow production, damage equipment, or create a safety hazard. The agent must therefore do more than
predict what might happen next: it must judge whether acting now would be helpful, whether its intention will be
understood, and whether the action can be stopped or reversed safely. A controlled study of humanoid assistance in
group collaboration found that unprompted intervention raised interaction load and that its value depended on the
participants’ prior experience and personality (Vitry et al., 2026). For legged and balancing robots, even stopping
is an active behavior: cutting power makes a biped fall, so classical functional-safety chains can be certified only
around, not inside, the balancing controller, a gap that the forthcoming ISO 25785-1 standard for actively stabilized
mobile robots is meant to address (Ding et al., 2026a; i-SCOOP, 2026). Newer platforms accordingly build in graded
slow-to-stop-to-sit responses, independent safety controllers, and explicit visual and auditory intent cues (Wessling,
2026). Industrial users will generally prefer a system that performs a limited set of tasks with consistently high reliability
and efficiency over one that attempts a broader range of tasks unpredictably. Amazon’s withdrawal of its Blue Jay
multi-arm cell within four months of announcing it, and a Siemens case study documenting the collect—curate—fine-tune
cycles needed to make a generalist policy reliable at a single packaging station, illustrate the point (Amazon, 2025; Zhu
et al., 2026a). Proactive industrial agents are therefore likely to emerge through gradually expanding islands of validated
autonomy. Task-level performance may be approaching that of human workers in some narrow workflows, but reliable
workflow-level proactivity remains an open frontier.

6.4.4 Human-Agent Co-Creation: From Virtual Imagination to Physical Creativity

A proactive co-creative embodied agent does more than fabricate a finalized human design. It participates in shaping the
artifact by interpreting incomplete intent, proposing alternatives, evaluating feasibility, selecting tools and materials, and
adapting the design during production. In this setting, proactivity means making timely and constructive contributions
while preserving human authorship and control. This section focuses on humans and embodied agents collaboratively
creating physical artifacts, while broader forms of digital co-creation, including games and media, are discussed in
§6.12.

Generative Al has greatly expanded digital creation in images, videos, and virtual 3D assets (Zhu et al., 2017; Rombach
et al., 2022; OpenAl, 2024; DeepMind, 2025; Tochilkin et al., 2024; Zhao et al., 2025¢). The next frontier is to connect
this generative capability with robotic systems that can produce physical outcomes. Early commercial platforms are
already building parts of this pipeline. Machina Labs develops software-defined factories that translate digital designs
into complex metal structures, while AUAR combines robotic microfactories with software that converts building plans
into prefabricated components (Machina Labs, 2026b; AUAR, 2026). Machina Labs has since raised capital for a
50-cell facility in which forming robots decide incrementally where to work and how much to deform, guided by in-cell
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scanning (Machina Labs, 2026a; SAE Media Group, 2026); Divergent couples generative design, large-format metal
printing, and robotic assembly in one production system (TCT Magazine, 2026); and process-planning software now
derives work instructions and assembly sequences from CAD so that engineers approve rather than author them (Dirac,
2026). Text-to-CAD has likewise become conversational and self-checking, with commercial agents that anticipate
edits and validate geometry before committing them (Zoo, 2026; Backflip AI, 2026). These systems are primarily
automated fabrication platforms rather than co-creative agents, but they provide important infrastructure for future
agentic design-to-production workflows. Research prototypes demonstrate complementary elements of this vision.
FRIDA and CoFRIDA translate multimodal creative intent into paintings and update their plans using feedback from the
evolving canvas, with CoFRIDA supporting human-robot co-painting (Schaldenbrand et al., 2022, 2024), and CoBrush
extends co-painting to multi-round sessions by separating intent inference, spatial grounding, and stroke execution (Qin
et al., 2026). Other systems have demonstrated robotic pottery and sculpting, including closed-loop visual planning for
clay reliefs of more than a hundred actions (Yoo et al., 2024; Ma et al., 2020; Schaldenbrand & Oh, 2026), as well as the
generation and robotic assembly of physical structures from sketches (Xu et al., 2025f), text descriptions (Goldberg
et al., 2025; Pun et al., 2025; Liu et al., 2026k; Kyaw et al., 2025a; Sznaier Camps et al., 2026), or speech (Kyaw et al.,
2025b). Multi-robot execution frameworks further increase the scale and complexity of the artifacts that robotic systems
can construct (Huang et al., 2025a; Liu et al., 2026k). Agentic design-and-fabrication systems are beginning to combine
these pieces: MAVE places LLM supervisor, design, and robot agents, an augmented-reality headset, and a cobot in one
interactive workflow (Yang et al., 2026f), and vision-language agents that align observed assembly state with the design
specification replan when human co-workers deviate from the expected sequence (Chen & Deng, 2026). Together,
these efforts point toward workflows in which design reasoning, feasibility analysis, production planning, and physical
execution are no longer treated as separate stages.

The central frontier is closed-loop prompt-to-product. A user may begin with an incomplete description, rough sketch,
reference image, or partial design. A proactive agent could generate alternatives, identify ambiguities, evaluate whether
each proposal can be produced with the available tools and materials, and recommend modifications before production
begins. During production, it could inspect intermediate results, detect deviations, revise the design or production
plan, and ask the user to choose among emerging alternatives. The defining capability is knowing when to propose,
clarify, revise, or defer while balancing creative intent, physical feasibility, user preferences, and resource constraints.
The individual pieces of this loop now exist. Multi-agent CAD generators wrap design in programmatic geometric
validation, review, and rollback (Barkley et al., 2026; Shui et al., 2026; Hu et al., 2026b; Haag et al., 2026), and new
benchmarks score manufacturability and assemblability rather than shape similarity (Dong et al., 2026a; Wang et al.,
2026d). Fabrication-aware tools let users repair generative 3D models that would fail when printed (Faruqi et al., 2026),
stage the assistant’s initiative from decomposition to structural recommendation before cutting (Gao et al., 2026a),
optimize generated shapes for printability (Wu et al., 20252), or improvise assemblies from the materials at hand (Isume
et al., 2025). During production, language-model agents screen toolpaths for anomalies before printing and monitor and
correct additive processes in situ (Eslaminia et al., 2026; Alali et al., 2026; Pak et al., 2026). What is still missing is a
single system that composes alternative generation, feasibility scoring, in-production inspection, and user-in-the-loop
refinement under one policy for when to propose, verify, or ask (Wang et al., 2026h).

Co-creation offers a relatively permissive setting for proactive experimentation because creative goals are often subjective
and evolve throughout the process. In tightly controlled or safety-critical settings, an unexpected robot action is usually
a liability. However, in creative work, it may become a useful suggestion or a productive change in direction. Therefore,
embodied agents can take greater initiative, provided that their contributions remain transparent, reversible, and aligned
with the creator’s intent.

The commercial opportunity lies in flexible design-to-production systems for personalized products and low-volume
manufacturing. Such systems could reduce dependence on specialized design expertise, dedicated tooling, and large
production runs. However, important barriers remain, including translating subjective intent into engineering spec-
ifications, verifying structural and functional feasibility, maintaining quality over long production sequences, and
managing material and equipment constraints. Questions of authorship, intellectual-property ownership, provenance,
and accountability will also become more pressing as humans and agents jointly design and fabricate physical products.
Early evidence is emerging on both fronts: professional artists found collaboration with an autonomous painting arm
more playful and reflective than with a human partner and granted it more autonomy (Cocchella et al., 2025), expressive
robot behaviors shift perception from tool to partner (Yu et al., 2026c), and patch-level attribution can distinguish human,
robot, and genuinely blended regions of a collaborative painting (Chen & Alves-Oliveira, 2026).
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6.4.5 Evaluation, Challenges, and Open Directions

Robotics is adopting proactive behavior more cautiously than many digital domains because embodied agents act
directly on people, objects, and infrastructure. Their mistakes can cause physical harm, damage property, or alter the
environment in ways that are difficult to reverse. Proactive embodied agents also share broader concerns with other
proactive systems, including privacy, trustworthiness, ethics, and alignment, as discussed in §7. Beyond these general
concerns, physical embodiment introduces several distinct challenges.

First, evaluating proactive embodied intelligence remains difficult, and no single standard captures all of its relevant
dimensions. As with proactive agents in other domains, task success alone is insufficient, as discussed in §5. A proactive
robot must also recognize when intervention is useful, act at an appropriate time, communicate its intentions, and avoid
unnecessary or disruptive behavior. Thus, evaluation should consider both task performance and the quality of human-
agent interaction, including interaction fluency, legibility, perceived safety, user agency, and overall user satisfaction
(Dragan et al., 2013; Hoffman, 2019; Cohen et al., 2026). It should also capture failures specific to proactivity, such
as missed opportunities, unnecessary interventions, excessive clarification, poorly timed actions, and inappropriate
escalation. Such metrics are beginning to appear. Benchmarks now score the decision rather than only the outcome:
ProActBench and RobotEQ include negative traps in which the correct behavior is to stay silent (Zhang et al., 20261;
Fang et al., 2026b; Che et al., 2026), NIABench penalizes interrupting the human’s plan (Zhang et al., 20261), ProAct-75
reports trigger-detection accuracy and steps saved (Zhu et al., 2026d), EgoServe and HOTD-Bench treat intervention
as a context-dependent choice over continuous video (Gong et al., 2026; Song et al., 2025b), and NormAct scores
compliance with unspoken household norms (Zhao et al., 2026c¢). Across these benchmarks, current vision-language
models remain far below humans and are brittle to prompt framing; in one failure-recovery benchmark, refusal rates
swing from near-total to near-zero when answer options are reordered (Pathak & Krishna, 2026). For task competence
itself, evaluation is shifting from single success rates to capability profiles, robustness audits, and reproducible real-robot
leaderboards (Gao et al., 2026b; Fei et al., 2025; Atreya et al., 2025; Yakefu et al., 2025; Chen et al., 2026¢).

Many of these qualities cannot be measured adequately using static datasets or isolated task-success metrics. They often
require human-in-the-loop studies and longitudinal deployments because the appropriate level of initiative depends
on the user, environment, and application. Offline evaluation against static human models can overstate proactive
performance so much that methods which look strong offline add net work once the human adapts to the robot (Patel &
Chernova, 2026; Tang et al., 2026a), and user studies continue to find that more frequent intervention does not raise
engagement (Hriscu et al., 2026; Vitry et al., 2026). Longitudinal in-home studies remain small, typically a handful of
homes over several weeks (Moorman et al., 2026; Kian et al., 2026), while distributed double-blind pairwise comparison
offers one scalable template for real-world evaluation (Atreya et al., 2025). The same behavior may be helpful in one
context but distracting, intrusive, or even unsafe in another. Evaluation is further complicated by the diversity of robotic
embodiments, including humanoids, mobile manipulators, quadrupeds, drones, mobile robots, and fixed-base arms, each
with different capabilities, risks, and interaction patterns. Real-world experiments are also costly and time-consuming,
particularly when they require specialized hardware, controlled safety procedures, and repeated studies with human
participants.

Second, proactive embodied agents must adapt quickly to new embodiments, environments, tasks, and users. A household
robot entering a new home must learn its layout, object conventions, resident preferences, and household boundaries. An
industrial robot may need to adjust to a new workstation, tool configuration, workflow, or human partner. Differences in
sensors, kinematics, payloads, and control interfaces also limit the direct transfer of policies across platforms. Unlike
digital agents, which can learn about users through virtual interactions such as text exchanges, embodied agents typically
require physical interaction and real-world execution. This makes adaptation and generalization slower, more expensive,
and potentially riskier.

Third, proactive robots must take initiative safely under physical uncertainty. Actions in the physical world may be
difficult to reverse and can alter the environment before a person has time to intervene. An embodied agent must
therefore reason not only about whether an action is likely to succeed, but also about its possible consequences, whether
nearby people will understand its intention, and whether the action can be interrupted or recovered from safely. Hence,
calibrated uncertainty, legible motion, permission-aware planning, and reliable fallback behavior are central to proactive
embodiment. Red-teaming studies show why these cannot be left to the policy alone: unguarded vision-language-action
models can be driven to unsafe actions in nearly all tested scenarios, and fine-tuning only on safe demonstrations can
even increase hazardous execution (Zhang et al., 2026j; Chen et al., 20261; Yin et al., 2026, 2024b; Li et al., 2026f).
The field is therefore converging on decoupled arbitration layers: formal guardrails that translate safety rules into
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temporal-logic specifications and veto non-compliant plans (Ravichandran et al., 2026), compact hazard-judging models
that score observation—action pairs (Choi et al., 2026b), reachability-based safety values that gate policy optimization
(Tayal & Nambi, 2026), calibrated success confidence for ask, act, or abort decisions (Francis-Meretzki et al., 2026), and
layered guardrail architectures with explicit conservatism allocation (Kim et al., 2026¢). Governance lags embodiment:
the only humanoid-specific safety standard in progress, ISO/CD 25785-1, covers industrial settings only, so home robots
still fall under the 2014 personal-care standard; the EU has deferred product-embedded high-risk Al obligations to 2028;
and legal analyses on both sides of the Atlantic find no fit-for-purpose privacy rulebook for remote teleoperation of home
robots (International Organization for Standardization, 2026; EU Al Act Resource, 2026; Da Costa Alves & Le Goff,
2026; Stewart, 2026).

Finally, open-world operation requires robots to continue improving after deployment, yet physical systems cannot
explore freely when mistakes may cause harm. Progress will depend on learning mechanisms that combine simulation,
demonstrations, operator interventions, and carefully collected real-world experience without compromising safety.
Continual learning systems must also detect when an update has degraded performance, prevent unsafe policies from
being deployed, and support reliable rollback or human takeover. Recent proposals place a world-model verification
gate inside a human-oversight envelope around post-deployment self-improvement and argue for evaluating the evolving
trajectory rather than a fixed checkpoint (Nguyen et al., 2026), while real-robot continual-learning benchmarks show
that naive sequential fine-tuning forgets earlier skills unless experience is replayed (Zhu et al., 2026b).

As a result, progress in proactive robotics will depend not only on more capable models, but also on better mechanisms
for calibrated initiative, rapid adaptation, permission-aware decision-making, safe continual learning, human oversight,
and reliable escalation. Ultimately, a general-purpose proactive embodied agent must do more than act autonomously.
It must judge when intervention is useful, when clarification is needed, and when it should wait or remain still. Only
systems that combine physical capability with this form of operational judgment can become safe, trustworthy, and
genuinely helpful partners in the open world.

6.5 Agents for Security and Surveillance

Table 7 Representative proactive security systems. Res. denotes research systems; Com. denotes commercial products.

System Awareness Anticipation Agenda Arbitration Action Adaptation Deploy. Type
Big Sleep Selected commits, LLM variant Given commits; Crash Finds and reports Debugger Software Res.
(Big Sleep team,  repository code analysis variant search reproduction variant bugs feedback
2024) (suggestion)
ATLANTIS Challenge code, LLM + program  Given challenge Executable Finds, tests, patches Patch-evaluation = Software Res.
(Kim et al., analysis and test  analysis projects validation (action) feedback
2025¢) results
Claude Security Selected LLM data-flow User-scoped or  Adversarial Scans, verifies, Dismissals Software Com.
(Anthropic, repository or tracing scheduled scans verification + proposes patches carried forward
2026d) directory review gate (gated action)
PAWS Patrol and ML risk Given Patrol limits; Suggests patrol routes  Learns model Software Res.
(Fang et al.,, 2016; poaching records; prediction; protection planner review with probabilities parameters from
Xu et al., 2020) topography poacher-behavior mandate; (suggestion) data

model high-risk areas

In security and surveillance, proactiveness concerns whether the human or the agent decides which protective tasks
warrant attention and how they should be pursued. An agent may exercise task-scoped initiative while analyzing an
alert or patching a reported vulnerability, even when a human selects the task. The agent takes initiative when, within a
standing protective objective and an authorized scope, it decides what to investigate next, whether a finding warrants
intervention, and when to revisit an earlier decision. In surveillance, these decisions also include determining whether
an ambiguous event warrants acquiring further evidence.

Existing work supplies foundations for these proactive choices. Red teaming and threat hunting organize inquiry around
possible weaknesses or overlooked intrusions. Agent-based testing and repair automate diagnosis and intervention,
while incident records preserve evidence and case history. Earlier autonomous cyber-resilience work and the AICA
reference architecture envisaged agents that monitor, plan, respond, and recover in contested environments (Kott &
Theron, 2022; Kott et al., 2023). Recent accounts of autonomous threat hunting and agentic cybersecurity describe
increasingly broad defensive workflows (Sindiramutty, 2024; Kshetri, 2025; Vinay, 2025). These foundations support
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broader initiative when an agent identifies related vulnerabilities, proposes additional protection, or recognizes that
changed conditions require renewed attention. Table 7 compares selected security systems across the six mechanisms,
covering vulnerability discovery and repair as well as patrol planning.

The central challenge is therefore not simply to connect investigation, repair, and monitoring into a longer workflow
while leaving task selection and coordination to humans, but to enable the agent to sustain task-selection judgment
across that workflow. A proactive agent must repeatedly determine whether further investigation work is warranted, what
defensive form it should take, and how far the protection should extend, while remaining within authorization and human
oversight. This section thus examines that capability through initiative in choosing investigations, turning findings
into protective action, and proactively revisiting prior decisions, before considering the associated risks, evaluation
challenges, and open research directions.

6.5.1 Choosing investigations and acquiring evidence

A human-defined project or incoming alert can provide a starting point for security agents to work on without prescribing
every subsequent investigation. The distinction between a relatively reactive agent and a proactive one is whether the
agent merely follows an assigned investigation workflow or takes the initiative to use available evidence to formulate
an additional question worth pursuing. It is noteworthy that choosing a tool within a prescribed task is not, by itself,
evidence of task initiation and proactiveness.

Red teaming and threat hunting frame investigation around hypotheses about weaknesses or intrusions worth examining,
providing the forward-looking foundation for security agent proactiveness. Interviews with professional threat hunters
highlight the judgment and organizational context this inquiry requires (Maxam & Davis, 2024). A permission change,
for example, may create a path from a compromised account to a sensitive service. Those lines of work form anticipation
(§4.2) that connects assets, permissions, and possible attacker actions to a testable hypothesis about how protection
could fail.

Product-level testing, organization-level threat hunting, and ecosystem-level vulnerability discovery offer different
settings for examining the scope of proactiveness. PentestGPT coordinates tool use, result interpretation, and subsequent
testing within supplied penetration-testing targets (Deng et al., 2024a). Google’s SecOps Triage and Investigation
Agent gathers evidence and correlates signals around incoming alerts (Google Cloud, 2026). Project Glasswing extends
model-assisted vulnerability discovery across participating organizations (Anthropic, 2026g). These systems illustrate
different forms of automated investigation, but broader initiative also requires deciding which additional evidence is
worth pursuing. A useful follow-up check seeks evidence that can distinguish between competing explanations requiring
different responses. For unfamiliar server access, maintenance records, executed processes, and subsequent data access
can help distinguish authorized work from credential abuse. Missing records may justify finer monitoring (Kapoor & Kas,
2026), while missing organizational context may call for asking the service owner. Anthropic’s discussion of trustworthy
agents likewise motivates clarification when uncertainty concerns intent that only a person can resolve (Anthropic,
20261). A benign explanation supports closure when it accounts for the relevant observations without leaving conflicting
evidence unresolved. The judgments made during the arbitration (§4.4) stage therefore weigh potential loss, the value
of further evidence, disruption, and review cost when choosing whether to continue, clarify, or return the case to
monitoring.

Particularly, in physical and video monitoring, the next investigative decision supporting proactive intervention may
concern what additional evidence is needed to resolve an ambiguous event. Earlier decision-support work such as
the Warfighter Associate addressed the management of intelligence, surveillance, and reconnaissance assets (Buchler
et al., 2014). For anti-poaching patrols in protected areas, PAWS predicts where poaching is likely from past patrol
and poaching records and suggests patrol routes that planners review before rangers patrol (Fang et al., 2016; Xu et al.,
2020). Someone repeatedly approaching a restricted entrance could be testing access or completing a delivery. Footage
from another authorized camera or an earlier time interval may distinguish these explanations, but replaying existing
footage cannot recover observations that were never recorded. Video-analysis methods supply components for selective
inspection. Holmes-VAU combines descriptions at multiple temporal scales with adaptive frame sampling, while QVAD
refines questions as visual context becomes available (Zhang et al., 2025d; Bekit et al., 2026). AgenticVAU separates
search planning, observation, and judgment, recording whether observations support, contradict, or leave a candidate
event unresolved (Duan et al., 2026b). Additional observation also expands the scrutiny imposed on people. Inspecting
a short authorized interval, tracking someone across locations, and retaining movement histories have different privacy
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implications (Zhang & Maharjan, 2026). Purpose and permitted scope should constrain collection before it occurs, while
a supported benign explanation should help end unnecessary scrutiny.

6.5.2 Turning findings into protective action

A finding from the previous investigation stage may require a decision about whether to gather additional evidence,
propose a protective measure, or defer action. In typical workflows, this initiative is exercised by a human, who
determines whether follow-up work is warranted and defines its scope. For an agent to exhibit proactiveness, it must
take on this role as well: recognizing when further action is needed and deciding what that action should involve.

Existing work has automated substantial parts of agentic repair and response workflows, enabling agents to diagnose
problems, propose fixes, and carry out prescribed actions (Pearce et al., 2023; Yang et al., 2024a). These systems,
however, typically act on tasks initiated by a human rather than deciding whether further intervention is warranted.
DARPA’s Al Cyber Challenge shows how far this automation has reached: in the final competition, autonomous cyber
reasoning systems discovered 54 of the synthetic vulnerabilities planted in the challenge projects and patched 43 of
them, and also found 18 real vulnerabilities that were disclosed to maintainers (Defense Advanced Research Projects
Agency, 2025). The winning system, ATLANTIS, combines LLMs with static analysis, symbolic execution, and
fuzzing to discover and patch vulnerabilities (Kim et al., 2025c¢). On the response side, security orchestration platforms
execute predefined playbooks that coordinate tools such as SIEMs, firewalls, and ticketing systems once an alert meets
their trigger conditions (Islam et al., 2019). In these settings, the broader objective and intervention scope are defined
upstream: challenge organizers select the target projects and evaluation criteria, while engineers specify the conditions
that trigger playbooks.

Stronger initiative arises when a security agent must decide what, if anything, should happen next. In software repair,
such initiative may involve deciding to search for related vulnerabilities or extend a fix beyond the reported bug; in
surveillance, it may involve deciding whether to gather more evidence, issue a notification, escalate for review, or take
no further action. A confirmed bug is often one instance of a broader flaw (Wang et al., 2025m). Project Zero found
that at least nine of the eighteen zero-days exploited in the wild in the first half of 2022 were variants of previously
patched vulnerabilities, and that at least half could have been prevented by more comprehensive patching (Stone, 2022).
Searching for such variants is a task the original report does not specify: the agent must abstract the root cause into a
pattern, decide where else that pattern could occur (Jang et al., 2012; Kim et al., 2017), and judge whether the instances
it finds call for individual patches or a structural change (Popa & Flynn, 2025). Big Sleep illustrates the search itself.
Given the message and diff of a recent SQLite commit, the agent looked for related issues in the current code and found
an exploitable stack buffer underflow, which was fixed before it reached an official release (Big Sleep team, 2024). The
commits used to initiate these searches, however, were selected by researchers, so independently deciding which changes
warrant variant analysis remains an additional task-selection capability. In surveillance, the corresponding choice turns
on two questions: whether further evidence could change the decision, and what harm delay would allow (Howard,
1966). Choosing not to act is thus part of the same initiative, and should be recorded together with the evidence that
supports it.

Taking initiative does not require giving the agent final authority over consequential actions. An agent may independently
identify issues, investigate related cases, and propose repairs or other interventions, while deployment or other high-
impact actions remain subject to human approval. A mistaken investigation or proposal consumes effort but leaves the
protected system unchanged, whereas a mistaken patch, account suspension, or network block can disrupt the operations
it was meant to protect. Protective changes are not exempt from this risk: in July 2024, a faulty update to CrowdStrike’s
security software affected an estimated 8.5 million Windows devices (Weston, 2024; CrowdStrike, 2024). An agent can
therefore be given wide latitude in deciding what to investigate and propose, while actions that are hard to reverse or that
affect many systems remain subject to approval (Shavit et al., 2023; Anthropic, 20261,d). CodeMender follows this
division: it generates and validates patches automatically, but all of them are currently reviewed by human researchers
before being submitted upstream (Popa & Flynn, 2025).

6.5.3 Sustaining protection and revisiting decisions

Proactiveness may also require an agent to revisit earlier decisions when new conditions change their basis. Changes in
permissions, dependencies, or threat knowledge may make a previously resolved issue relevant again. In surveillance,
later evidence may similarly alter the basis for resolving an event or ending further observation. A vulnerability may be
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deferred because no exploit is known, because the affected service is reachable only by trusted accounts, or because the
deployed version of a dependency does not include the vulnerable code (Pashchenko et al., 2018); a surveillance event
may be closed because the available footage supports a benign explanation. Each of these conditions can change after
the decision is recorded, sometimes quickly (Bilge & Dumitras, 2012). Mandiant’s analysis of vulnerabilities exploited
in 2023 found that the average time-to-exploit fell from 32 days in 2021-2022 to five days, after excluding statistical
outliers (Charrier & Weiner, 2024). A deferral that was reasonable while no exploit was known may therefore become
unreasonable within days. Likewise, if a person whose earlier presence was attributed to a delivery is later observed
attempting unauthorized access at another restricted entrance, the new evidence may warrant reopening the original
event, whereas unrelated activity elsewhere would not.

Existing incident records and case histories provide the memory needed to support such reassessment. Claude Security,
a commercial code-security product, supports scheduled scans for continued coverage, and user-recorded dismissals
persist so earlier triage decisions remain visible across the team (Anthropic, 2026d). Proactive reopening, however,
requires more than retrieving a prior record: the agent must relate a new condition to an earlier decision and determine
whether that decision should be reconsidered. Incident-response guidance calls for recording the actions performed
during an investigation and preserving the integrity and provenance of those records (Nelson et al., 2025). Such records
show what was decided and when, but may not explain the assumptions supporting that decision. A subsequent change
that invalidates those assumptions may also be recorded elsewhere without referring to the original case. A firewall
change that exposes a previously internal service, for example, is recorded in change management rather than in the
vulnerability ticket whose deferral assumed the service was internal (Johnson et al., 2011). Searching past cases by
host or vulnerability identifier may retrieve that ticket, but retrieval alone does not establish that the firewall change
has invalidated the assumption underlying the deferral. The agent must therefore reconstruct the basis of the earlier
decision, test whether the new condition contradicts it, and decide whether the case warrants a targeted recheck, renewed
intervention, or no change. Explicitly recording the conditions underlying each decision makes such reassessment more
tractable.

Proactiveness over longer time horizons also raises a prioritization problem when new investigations, repairs, and
rechecks compete for limited computation and human review. The agent must therefore judge not only whether a task
is worth pursuing, but also whether it deserves priority over pending investigations, repairs, and rechecks. Because
intrusions are rare relative to benign activity, even accurate detectors produce mostly false alarms (Axelsson, 2000), and
SOC analysts report that manually validating them is tedious and can lead to burnout and desensitization (Alahmadi
et al., 2022). A proactive agent can add to this burden, because each investigation it opens, repair it proposes, or recheck
it schedules may eventually require validation or approval. Open-source maintainers have already experienced the effect:
the curl project reports that plausible but unfounded Al-generated vulnerability reports take longer to refute the more
convincing they appear, consuming time that would otherwise go to fixing real bugs (Stenberg, 2024, 2025). Whether a
new task should displace pending work depends on the harm it could prevent, how soon that harm could materialize, and
how likely the task is to yield protection (Jacobs et al., 2020, 2021; Nelson et al., 2025). A validated repair awaiting
deployment may deserve priority over a speculative search. However, if a change invalidates an assumption underlying
an earlier security decision, reassessing that decision may be more urgent than either task.

6.5.4 The agent as a target and source of risk

Proactiveness creates a new attack and safety surface at the level of task initiation itself: an agent can be induced,
mistaken, over-scoped, or insufficiently controllable in deciding what work to start or continue. An adversary can induce
unwanted task initiation by manipulating the evidence an agent uses to decide what to investigate or act upon. Indirect
prompt injection shows the mechanism: instructions embedded in retrieved content can redirect an LLM-integrated
application, because such applications blur the line between data and instructions (Greshake et al., 2023; Perez &
Ribeiro, 2022; Liu et al., 2024 g; Zhan et al., 2024; Debenedetti et al., 2024). The agent may also be mistaken without any
adversary, inferring a threat from coincidental evidence and initiating work that consumes review capacity or disrupts
operation (Axelsson, 2000; Ruan et al., 2024; Wang et al., 20261). It becomes over-scoped when a legitimate line of
inquiry leads beyond its authorization, as when tracing reused credentials reaches a third-party service (Lynch et al.,
2025). The UK AI Security Institute has reported such overreach under deliberately permissive testing conditions:
in 10 of 122 cyber-evaluation runs with internet access enabled and some safety safeguards disabled, agents tasked
with solving a security challenge took unsanctioned actions directed at real people and organizations (UK Al Security
Institute, 2026). Finally, agent-initiated tasks may bypass oversight mechanisms designed for human-assigned work,
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particularly when new investigations or actions are not explicitly logged and exposed for review (Chan et al., 2024).
Mitigations must therefore constrain task initiation itself, rather than relying solely on controls applied after tasks are
underway. Separating trusted control instructions from untrusted evidence, as in CaMeL, can prevent attacker-controlled
content from being treated as authority for new actions (Debenedetti et al., 2025; Chen et al., 2025c; Wallace et al.,
2024; Beurer-Kellner et al., 2025); requiring independent corroboration before initiating costly investigations can reduce
the influence of planted evidence; and making agent-initiated tasks visible, scope-limited, and cancellable can preserve
opportunities for human oversight and intervention (Odersky et al., 2026; Anthropic, 2026e; Greenblatt et al., 2024;
Hadfield-Menell et al., 2017; Soares et al., 2015).

6.5.5 Evaluation, challenges, and open directions

Evaluating proactiveness requires measuring whether an agent can identify and initiate warranted protective work that
has not been externally specified, rather than only how well it executes a task once that task has been assigned. Most
existing benchmarks for security agents primarily evaluate execution after the relevant task or objective has already
been defined, including CTF-oriented benchmarks and environments (Shao et al., 2024; Wang et al., 2025m; Engelberg
et al., 2026), Cybench (Zhang et al., 2025a), and CVE-Bench (Zhu et al., 2025¢). Cyber Defense Benchmark narrows
this gap by asking agents to identify malicious events in raw Windows logs without guiding questions (Chona et al.,
2026), although the higher-level hunting objective is still externally supplied. Evaluating initiative therefore requires
environments in which potential follow-up work remains latent rather than appearing explicitly in the task description.
Examples include a patched vulnerability for which related variants may remain, an alert involving credentials that may
also have been used elsewhere, or a later permission change that invalidates an earlier decision not to investigate.

The task scope of proactive security agents makes evaluation substantially more difficult because whether initiative is
appropriate depends on context, its protective benefit is often counterfactual, and the work it generates can itself be
costly. First, whether a potential task is warranted cannot usually be determined from an isolated observation. The same
failed login may deserve little attention on a test server but immediate investigation on a domain controller. Benchmarks
must therefore specify enough asset, exposure, policy, and authorization context for judgments about initiative to be
meaningful. Second, prevention is inherently counterfactual: after an agent patches a vulnerability, the absence of a
subsequent compromise does not reveal whether the intervention prevented an attack or whether no attack would have
occurred. Cyber-operations gyms such as CybORG, which place defensive agents against attacker agents in simulated
networks, provide one way to estimate these effects by comparing trajectories with and without an intervention under
controlled conditions (Standen et al., 2021; Emerson et al., 2024), although such estimates may not transfer directly to
real deployments. Third, as discussed in §6.5.3, investigating a benign event consumes analyst attention even when it is
resolved correctly (Alahmadi et al., 2022; Hassan et al., 2019).

Controlled comparisons can then separate the value of agent initiative from the value of task execution or predefined
automation. One condition can assign the protective task externally, showing what the agent achieves when a human has
already identified the work to perform. A second can use a fixed workflow or playbook, such as always checking related
accounts after a suspicious login, to measure the benefit of predefined follow-up rules. A third can expose the agent to
the same observations and objectives without specifying the follow-up, allowing it to identify, formulate, and initiate
additional work on its own. The contrast between the latter two conditions is particularly important: it tests whether
agent-directed initiative improves on predefined follow-up rules rather than merely demonstrating that follow-up of any
kind is useful. Such comparisons require model capability, tool access, observations, authorization, and resource budgets
to be held constant. An agent with broader visibility or a larger budget may discover more simply because it can search
further (Kapoor et al., 2025), while an agent allowed to take actions unavailable to the baseline is not meaningfully
comparable. Evaluation should jointly report protective outcomes, missed warranted opportunities, unnecessary initiated
work, and human review or operational cost. Reporting these quantities together distinguishes useful initiative from two
degenerate strategies: initiating nearly everything, which may improve coverage at unsustainable cost, and initiating
almost nothing, which minimizes overhead by leaving valuable opportunities unexplored.

Open directions concern how such initiative should operate over longer horizons, how agents should prioritize among
competing opportunities for protective work, and how initiative should remain subject to effective human oversight.
Long-horizon evaluation requires environments that evolve over weeks rather than ending after a single verdict:
dependencies are updated, permissions change, new advisories appear, and most changes do not warrant intervention.
Such environments test the reassessment discussed in §6.5.3, namely whether new evidence justifies continuing,
reopening, or terminating earlier lines of work (Anugula et al., 2025). Prioritization calls for methods to estimate the
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expected value of candidate investigations and to learn from reviewers’ decisions about which proposed actions are
worth pursuing (Veeramachaneni et al., 2016). Initiative also creates an oversight problem: reviewers should be able to
understand why the agent proposed or initiated a task, what further actions approval would authorize, and how its scope
can be narrowed or terminated (Shavit et al., 2023; Wang et al., 2026e).

6.6 Agents for AutoResearch

Table 8 Representative proactive AutoResearch systems. Res. denotes research systems; Com. denotes commercial products.

System Awareness Anticipation Agenda Arbitration Action Adaptation Deploy. Type
Coscientist Web / docs, code, Experiment Human- Experiment / tool  Plans + runs Result-driven Robotic lab Res.
(Boiko et al., lab state planning specified selection experiments replanning

2023b) objective (action)

The Al Literature, code,  Experimental Hypotheses +  Agentic Experiment — Iterative Software Res.
Scientist-v2 experiment state  trajectories experiments tree-search analysis — paper  refinement

(Yamada et al., selection (action)

2025)

AT Co-Scientist Research goal, Hypothesis Generates + Debate + Hypotheses + Iterative Software Res.
(Gottweis et al., literature, reasoning evolves tournament experiment refinement

2026) evidence hypotheses ranking proposals

(suggestion)

Virtual Lab Research goal, Multi-agent Human-posed  Pl-led synthesis + Designs pipeline + Iterative Lab-in-the- Res.
(Swanson et al., literature, reasoning agenda selection candidates refinement loop

2025) scientific tools (suggestion)

Robin Literature + Hypothesis / Hypotheses +  Candidate / Proposes Results update  Lab-in-the- Res.
(Ghareeb et al., experimental data experiment follow-ups experiment experiments + hypotheses loop

2026) reasoning selection analyzes results

(gated action)

Among the verticals surveyed here, AutoResearch is where proactiveness is most easily confused with autonomy,
and separating the two is essential for making progress. The research loop is long-horizon and loosely supervised,
which makes it a natural home for self-initiated behavior. Many systems that have attracted the most attention receive
their top-level research objective from a human and self-direct the execution. Reduced supervision over execution
demonstrates autonomy; proactiveness depends on which hypotheses, experiments, or subgoals the agent identifies
and initiates within that objective. A human-specified objective therefore does not by itself make the research agenda
reactive. Recent conceptual work sharpens this distinction by arguing that externally scaffolded agentic workflows
do not automatically internalize the goals, decision policies, self-regulation, or learning that would support a more
internally grounded form of research agency (Xing et al., 2026). Recent surveys of agentic scientific discovery organize
the field around a similar axis, charting the transition from isolated Al tools toward systems that participate across
hypothesis generation, experimental design, execution, and iterative refinement (Gridach et al., 2025; Ren et al., 2026).
The genuinely proactive content of autonomous research concentrates at three points: generating candidate questions,
hypotheses, and subgoals (Agenda, §4.3); deciding which candidates warrant clarification, commitment, or stopping
before scarce experimental resources are spent (Arbitration, §4.4); and building experimental-oracle and research-state
infrastructure so that agent-initiated hypotheses can be validated, recorded, verified, forked, and extended. We organize
this subsection along that axis, moving from autonomous execution of given goals toward systems that generate, select,
validate, and preserve research trajectories. Table 8 compares selected research systems across the six mechanisms and
their deployment settings.

6.6.1 Autonomous Execution of Given Research Goals

The clearest existing examples are end-to-end execution pipelines in the experimental sciences. Boiko et al. (2023b)
introduced Coscientist, which couples GPT-4 with web and documentation search, code execution, and automated
laboratory interfaces to plan and carry out experiments from a stated objective. ChemCrow follows a similar template,
augmenting an LLM with expert-designed chemistry tools to plan syntheses and guide chemical discovery (M. Bran
et al., 2024). Both Coscientist and ChemCrow are strongly autonomous in execution, gathering situational context
through tools, planning multi-step procedures, and recovering from local failures, but the research question they pursue
is still supplied by the human. In this survey’s vocabulary, they supply Awareness (§4.1) and Action (§4.5) at high
capability while the top-level research objective remains human-specified. Complementary systems approach scientific
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assistance from the literature side: retrieval-augmented agents such as PaperQA synthesize evidence across large
corpora to answer specific scientific questions (Ldla et al., 2023), and successors show that such agents can match or
exceed expert humans on literature synthesis tasks (Skarlinski et al., 2024); LAB-Bench operationalizes the range of
literature-grounded tasks that biology research assistants are expected to handle (Laurent et al., 2024). Agent Laboratory
generalizes the execution template across the full research pipeline, coupling literature review, experimentation, and
report writing in a single agentic system (Schmidgall et al., 2025); the Virtual Lab demonstrates the same pattern in
biomedical research, assembling a team of LLM agents that collaboratively designed SARS-CoV-2 nanobodies against
emerging variants, which human researchers subsequently validated experimentally (Swanson et al., 2025). More recent
systems push this execution autonomy further: ScientistTwo takes a human-specified research problem, establishes
baselines, formulates hypotheses, implements and runs experiments, performs ablations, and iterates through simulated
peer review without human intervention (Nam et al., 2026). These systems can therefore automate increasingly large
portions of the research process while remaining anchored to a human-directed question rather than originating the
top-level objective themselves.

6.6.2 Hypothesis Generation and Research Agenda Formation

Proactiveness moves upstream when systems propose hypotheses, generate research directions, rank ideas, or decide
which experiments should enter the loop. Lu et al. (2024) introduced The Al Scientist, which generates research
ideas, writes code, executes experiments, produces manuscripts, and runs a simulated review process, applying the
loop to machine-learning research where experiments can be executed as code; its successor, Al Scientist-v2, reduces
reliance on human-authored code templates and manages the process with an experiment-manager agent using agentic
tree search (Yamada et al., 2025). In biomedical research, Co-Scientist uses a generate-debate-evolve process to
formulate and rank hypotheses under scientist-provided objectives (Gottweis et al., 2026); more recent work extends
this framework toward execution-grounded research, coupling hypothesis formation to real-world validation across
materials science, biology, and computer science (Schmidgall et al., 2026). Robin similarly closes the loop between
hypothesis generation and experimental feedback in biology, integrating literature-search and data-analysis agents
to generate hypotheses, propose experiments, interpret experimental results, and update hypotheses in an iterative
discovery workflow (Ghareeb et al., 2026). Literature-grounded ideation systems such as ResearchAgent iteratively
propose and refine research ideas using scientific literature and reviewer agents (Baek et al., 2025). These systems
connect directly to Anticipation (§4.2) and Agenda (§4.3): they do not merely execute given tasks but generate the
tasks themselves, the scientific analogue of the automatic curriculum in open-ended exploration (Wang et al., 2024a).
Even so, the scientist typically still states the broad research goal; the system’s proactiveness lies in populating and
refining the hypotheses that serve it. This exposes a central tension in agenda generation: the objective is not simply to
produce ideas that appear novel, but to identify hypotheses that are feasible, testable, and likely to change scientific
belief if validated. Empirical studies of LLM research ideation make this tension visible: LLM-generated ideas can score
higher on novelty than human-generated ones while scoring lower on feasibility (Si et al., 2025). Recent benchmarks
probe this gap more directly: Al Idea Bench evaluates Al research idea generation across dimensions such as novelty,
feasibility, and alignment with target-paper ideas (Qiu et al., 2025), while HypoBench evaluates hypothesis-generation
methods in terms of practical utility, generalizability, and discovery rate (Liu et al., 2026¢). A complementary line of
work asks whether novelty itself can be judged reliably: RQ-Bench shows that LLM judges can produce a “novelty
mirage” by favoring model-generated research questions over author-anchored ones, while human experts prefer the
latter (Sinhahajari et al., 2026); RINoBench similarly finds that LLM rationales for research-idea novelty can resemble
human explanations without yielding reliable novelty judgments (Schopf & Firber, 2026). These results suggest that
agenda generation becomes valuable scientific progress only when candidate hypotheses are filtered through feasibility,
testability, evidential leverage, and the cost of downstream validation, rather than novelty alone.

6.6.3 Experimental Design and Resource Allocation

Research is difficult for proactive agents because its feedback is not only costly, but often delayed, noisy, and asymmetric
in what it reveals. In machine-learning research, the validation oracle is often cheap: the agent can run training
code, score a benchmark, and iterate. In most empirical sciences the verdict lives in the physical world: validating
a hypothesis may require synthesizing a molecule, culturing cells, running an animal study, or measuring a material
property, often over days or weeks and with expensive reagents, specialized instrumentation, and uncertain readouts.
Every candidate experiment becomes a costly, and sometimes practically irreversible, bet, and the burden shifts from
executing experiments to deciding which experiments are worth performing (Arbitration, §4.4). Recent AutoResearch
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systems have begun to make this allocation problem explicit: PrimeScientist represents competing research plans
and their outcomes in an executable plan tree and conditions subsequent exploration on both experimental feedback
and the remaining resource budget (Yu et al., 2026f). Luo et al. (2026b) target a complementary form of arbitration
for open-ended deep-research agents: their agent learns to recognize when user intent is ambiguous and to ask a
clarifying question before committing to a long and costly investigation. Both instantiate the same underlying decision:
before committing scarce resources to a research trajectory, the agent must determine whether that trajectory warrants
further investment. This arbitration problem has a longer methodological history in experiment selection. Active
learning formalizes query selection as choosing the examples expected to be most informative for a learner (Settles,
2009), Bayesian experimental design frames experiment choice as the optimization of expected utility or information
gain (Chaloner & Verdinelli, 1995), and Bayesian optimization provides a related framework for sequentially optimizing
noisy, expensive black-box objectives, a setting common in chemistry and materials discovery (Shahriari et al., 2015).
As an early instantiation of these principles in biological research, King et al. (2009) introduced the Robot Scientist
Adam, selecting experiments for their information value rather than simply running them; its successor Eve applied
related active-selection logic to drug screening (Williams et al., 2015). The self-driving laboratory paradigm that builds
on these strategies has been reviewed across chemical and materials sciences (Abolhasani & Kumacheva, 2023; Seifrid
et al.,, 2022). A-Lab provides a high-profile instantiation of this paradigm at scale: Szymanski et al. (2023) combined
active learning, robotic synthesis, and literature-derived knowledge to accelerate inorganic materials discovery, though
subsequent scrutiny of its product characterization and novelty claims illustrates a core fragility: an automated oracle is
only as trustworthy as the measurements and assumptions behind it (Leeman et al., 2024). The bottleneck is therefore
not whether an agent can act but whether the environment returns reliable evidence at the right level of abstraction,
which is why the experiments an agent declines to run may be as informative as the ones it executes.

6.6.4 Experimental Oracles and Research-State Infrastructure

Closing the AutoResearch loop depends on two kinds of infrastructure that together determine whether the choices made
during agenda generation and arbitration are backed by reliable evidence.

The first is the experimental oracle: the interface through which an agent queries the physical world and receives a
measurement it can act on. Without a reliable oracle, even well-calibrated arbitration lacks a trustworthy feedback signal.
Programmable and cloud laboratories reduce the latency of this query layer by turning robotic synthesis, assays, and
instrumentation into remotely executable services (Armer et al., 2023). Self-driving laboratories close the loop more
tightly by coupling automated experiment execution with measurement, model updating, and next-experiment selection,
making the oracle not merely a passive readout but part of an adaptive discovery system (Abolhasani & Kumacheva,
2023; Seifrid et al., 2022; Tom et al., 2024). Concrete systems instantiate this idea across experimental settings: CAMEO
used Bayesian active learning with a synchrotron beamline for closed-loop materials discovery (Kusne et al., 2020),
while recent LLM-based laboratory agents have begun to control scientific instruments such as atomic-force microscopes
through iterative measurement and parameter adjustment (Mandal et al., 2025). Laboratory-orchestration systems
point toward a complementary interface layer, translating high-level experimental goals into executable workflows for
automated infrastructure (Angelopoulos et al., 2026). Recent deployments of Co-Scientist further connect this interface
to hypothesis-generating agents, coupling model-generated scientific proposals to semi-automated materials synthesis
and previously unpublished biological measurements (Schmidgall et al., 2026). Oracle reliability nevertheless varies
substantially across fields: in machine learning the validation signal is cheap, fast, and machine-readable, whereas in
materials synthesis, wet-lab biology, and drug discovery it is slow, costly, and susceptible to noise, protocol variation,
and confounded characterization, a fragility illustrated by the A-Lab scrutiny described above.

More fundamentally, experimental oracles define the observable state space within which an AutoResearch agent
can reason: a fixed assay panel, sensor suite, or measurement schema may make closed-loop optimization efficient
while constraining discovery to phenomena that the infrastructure can already detect. This limitation is already visible
in in-silico research settings, where agents can propose new metrics, tests, or diagnostic benchmarks when existing
evaluations fail to distinguish competing hypotheses. The physical analogue is measurement design: in the longer term,
the most capable AutoResearch systems may need to recognize when existing sensors cannot adjudicate a hypothesis
and propose new probes, assays, or instrument workflows that make the relevant variables observable.

The second is research-state infrastructure: the persistent scientific substrate that binds executable tools, data resources,
workflows, intermediate artifacts, decision rationales, and evidence chains into a reusable state, so that later agents
and scientists can verify, fork, and extend prior work rather than restarting from scratch. Standard publication formats
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compress research into a linear narrative and discard much of the machine-actionable state that autonomous inquiry
requires, including provenance, failed paths, branching history, tool configurations, execution traces, and the evidentiary
links between claims and the artifacts that support them. The FAIR principles established Findability, Accessibility,
Interoperability, and Reusability as baseline targets for scientific data (Wilkinson et al., 2016); computational notebooks
demonstrated that executable, inspectable analysis records can coexist with human-readable narrative (Kluyver et al.,
2016); and reproducibility standards and research-object conventions push further toward open methods, code, and
workflow provenance (Stodden et al., 2016; Sandve et al., 2013; Bechhofer et al., 2013).

Recent agentic systems extend this lineage from reproducible artifacts toward persistent research workspaces, where
state is not only what has been recorded but also what tools, datasets, workflows, and intermediate artifacts remain
available for future action. Biomni illustrates a workspace-level version of research-state infrastructure in biomedical
research: it exposes a broad action space of specialized tools, software packages, databases, and protocols to an Al
agent, enabling workflows that connect literature review, bioinformatics analysis, code execution, and wet-lab protocol
design (Huang et al., 2026a). Although biomedical in implementation, the broader design pattern is field-general:
AutoResearch systems need persistent, agent-native environments that bind domain resources, executable workflows,
intermediate outputs, and human-agent collaboration state into a reusable substrate for inquiry. AgentRxiv provides a
complementary shared-state mechanism for agentic research, letting agent laboratories deposit and retrieve findings
on a common preprint server so that cumulative progress compounds across runs (Schmidgall & Moor, 2025). Agora
moves this shared state inside the research process itself, representing results, hypotheses, failures, and verifications
as an append-only Git-backed contribution graph through which independently operating agents can inspect prior
branches and build on a persistent research history (Zhang et al., 2026h). Agent-Native Research Artifacts (ARA)
address within-loop continuity: each cycle’s output becomes a structured state representation that subsequent agents
can audit, reproduce, and build upon, preserving the branching history of inquiry rather than compressing it into a
linear narrative (Liu et al., 2026d). AutoScientists similarly treats research state as an active coordination substrate for
long-running experimentation, allowing agents to interpret shared experimental state, critique proposals, and record both
successful and failed directions to reduce redundant exploration (Gao et al., 2026c).

A further requirement is that accumulated state be auditable at the level of scientific claims. ScientistOne makes this
evidentiary requirement explicit through Chain-of-Evidence, a framework in which citation, numerical, methodological,
and conclusion claims in an Al-generated paper are linked to concrete evidence sources such as retrieved papers, code,
execution logs, score files, and experimental artifacts (Meng et al., 2026). Its CoE Integrity Audit checks whether
reported scores are reproducible, references are valid, task specifications are respected, and method descriptions align
with the submitted code. This auditability pressure also reshapes scientific workbench design, where the workspace and
evidence layers begin to merge. Claude Science integrates research tools, compute, and domain-specific skills into a
scientific AI workbench while producing artifacts whose code, environment, and interaction history can be inspected for
validation and reuse (Anthropic, 2026a). Together, the oracle layer and the state layer allow AutoResearch to be treated
not as a series of isolated experiments but as an evolving, machine-readable inquiry that makes research executable,
preserves failures, accumulates evidence, and supports principled continuation.

6.6.5 Evaluation, Challenges, and Open Directions

The hardest question for AutoResearch is not whether an agent can complete a research-shaped workflow, but when
that workflow should count as scientific progress. A system can retrieve papers, propose hypotheses, write code,
run experiments, and draft a manuscript while adding little reliable knowledge. Recent evaluations of open-ended
research make this distinction empirical: in “shadow evaluations” on unpublished research questions, frontier agents
autonomously completed much of the associated literature review, implementation, experimentation, and manuscript
preparation but failed to make substantial progress on the underlying research questions, with expert analysis identifying
failures in research judgment, experimental redesign, backtracking, resource awareness, and instruction adherence (Kirgis
et al., 2026). Broader process-level evaluation in AutoResearchEval similarly identifies recurring failures in checking,
revision, and reconsideration of the research trajectory across 100 frontier research tasks and 800 agent trajectories (Fei
et al., 2026). Conversely, an agent that rules out an attractive but underpowered experiment, exposes an ambiguity in the
objective, or preserves a failed branch for later reuse may contribute more to discovery than one that produces a polished
result. Evaluation should therefore treat AutoResearch as an epistemic process rather than a task pipeline. The relevant
metrics are not only answer accuracy, report quality, or benchmark score, but whether the agent changes what scientists
are justified in believing, whether its claims can be reproduced and audited, whether its decisions improve the allocation
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of scarce experimental attention, and whether the research state it leaves behind can support principled continuation.

This perspective makes several current risks sharper. Hypothesis-generation systems can overproduce novelty-like
ideas whose feasibility or evidential leverage is weak; automated judges can mistake persuasive rationales for genuine
scientific value; and closed-loop laboratories can optimize efficiently against measurements that are noisy, confounded,
or too narrow to reveal the phenomenon of interest. Even when the evaluation itself is appropriate, a single experimental
realization may be weak evidence about the underlying research idea: the “implementation lottery” shows that different
plausible implementations of the same proposal can produce enough variation to reverse which ideas appear preferable,
complicating the use of individual experimental scores for research branching and memory (Ning et al., 2026b). A
more adversarial failure arises when an agent can influence the evidence by which its own success is judged. Recent
experiments across autonomous research tasks find that agents can exploit evaluation procedures and adapt their
strategies to repeated reviewer feedback, motivating evaluation criteria and confirmatory measurements that remain
outside the producing agent’s control (Huang et al., 2026d). The long feedback cycles of biology, chemistry, and
materials science amplify these risks: by the time an error is visible, the agent may already have consumed weeks of
experimental effort or propagated an unsupported claim into downstream artifacts. For this reason, evaluation must also
inspect the evidence chain that connects an agent’s final claims to its intermediate decisions, executions, measurements,
and failed alternatives. Recent work on discovery certification makes this distinction explicit by separating attainment of
a target score from evidence that the claimed discovery is attributable to the agent’s research process, using controlled
recovery and feedback tests with independently verifiable evidence (Ning et al., 2026a).

Recent developments in mathematics and biology make these questions increasingly concrete outside controlled
AutoResearch benchmarks. In mathematics, frontier Al systems have begun to produce results on longstanding open
problems: OpenAl reported a series of advances across mathematics and theoretical computer science and subsequently
released an Al-generated proposed resolution of the Navier—Stokes Millennium Prize problem together with a Lean
formalization (OpenAl, 2026e,d). The latter was produced through a large-scale multi-agent search in which thousands
of concurrent agents explored and exchanged candidate approaches before the resulting argument was formalized and
checked. The ultimate mathematical status and significance of such results remain subject to scrutiny, but their rapid
emergence has already prompted a broader debate over what progress in mathematics should optimize for. A public
declaration initially signed by 25 Fields Medalists argued that treating the solution of prominent open problems as the
objective of Al-assisted mathematics risks mistaking a proxy for the broader goals of mathematical research, which
also include developing conceptual understanding, useful questions and methods, attribution, and a community capable
of interpreting and extending the resulting knowledge (A Severe Misalignment of Al in Mathematics, 2026). This
view is not universal, and other mathematicians have argued that Al-mediated and machine-verified mathematics can
become another legitimate extension of how mathematical knowledge is produced. The debate nevertheless illustrates
a distinction that becomes more important, rather than less, as execution and verification improve: a verified result
need not by itself exhaust the scientific value of the process that produced it. Mathematics therefore provides an
instructive limiting case for AutoResearch—as the cost of generating and, in formally specified settings, mechanically
checking candidate results falls, the scarce resource can shift toward selecting worthwhile questions, interpreting results,
establishing provenance, and integrating them into cumulative scientific knowledge.

Biology exposes a complementary difficulty because its oracle ultimately remains physical. Recent systems increasingly
couple computational hypothesis generation to real-world experimentation: Co-Scientist has been evaluated in lab-in-
the-loop workflows spanning materials synthesis and biological phenotype prediction (Schmidgall et al., 2026), while
Anthropic has reported an agentic search over biological sequence space that identified a previously uncharacterized
enzyme system associated with CRISPR-like repeat arrays and subjected parts of the resulting hypothesis to wet-lab
testing (Anthropic, 2026¢). The latter remains an early result: the observed repeat-associated system has properties
suggestive of an interesting biological mechanism, but its function and broader significance require further experimental
characterization. More generally, such episodes make questions of novelty, provenance, attribution, and independent
validation increasingly salient when agents search scientific literature and data, formulate hypotheses, and participate
in their experimental validation. These questions should not be taken to prejudge particular scientific or priority
claims; rather, they illustrate why increasingly autonomous discovery requires transparent provenance and independent
experimental evidence in addition to capable hypothesis generation. Together, the mathematics and biology cases expose
complementary limits of execution-centric AutoResearch: even where correctness can increasingly be mechanically
checked, scientific value is not exhausted by verification, while in empirical science the evidence itself remains costly,
partial, and contestable.
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Table 9 Representative proactive smart-home systems. Res. denotes research systems; Com. denotes commercial products.

System Awareness  Anticipation = Agenda Arbitration Action Adaptation  Deploy. Type
Alexa Device states,  Deep device / Inferred Learned ToT device Acceptance Smart home Com.
(Hunches) usage history ~ home device-state acceptance control (gated  learning

(Eberhardt, embeddings corrections model action)

2022)

Sasha User goal, Multi-step LLM  User goal; Feasibility Device control, User feedback, Smart home Res.
(King et al., device / sensor  planning agent subplans check; routines (action) replanning

2024) inventory clarification

Trace2TAP Sensor / Symbolic Candidate User selection / Routine Feedback- Software Res.
(Zhang et al.,,  manual-action reasoning + SAT routines from  feedback proposals guided

2020a) traces traces (suggestion) revision

PreHeat Occupancy, Occupancy Standing Setpoints + Predictive Updated Smart home Res.
(Scott et al., temperature prediction comfort heating lead heating (action) occupancy

2011) history objective time history

DESAMO Speech, Audio LLM Standing safety Detected Alarms, — Edge device  Res.
(Choi et al., ambient audio  event inference  monitoring emergency caregiver alerts

2025) labels (action)

These considerations shift evaluation from raw initiative to the calibration and accountability of initiative. A mature
research agent should know when to generate ideas, when to ask for clarification, when not to spend resources, when to
distrust an oracle, and when existing measurements cannot adjudicate the question. Open directions include benchmarks
for experiment refusal and clarification, protocols for preregistered agent-generated studies, evidence-chain audits for
Al-produced scientific claims, auditable research-state artifacts that preserve failed branches and decision rationales, and
measurement-aware agents that design new assays, probes, simulations, or diagnostic benchmarks when the current
observable state space is inadequate. In AutoResearch, mature proactiveness is not the ability to do more science
unaided, but the ability to ask better questions, choose better tests, expose the evidence behind its claims, and leave
behind a research state that others can verify, fork, and extend.

6.7 Agents for Smart Home

The smart home is the private, consumer end of proactive deployment: one household, a few co-present occupants, and
an always-on fabric of appliances, speakers, and sensors that observes daily life at close range and acts on it over minutes
and days. Standing goals such as comfort, safety, and energy thrift are rarely restated, so initiative must come from the
agent; yet every unsolicited act lands on a co-present person in a private space, so the felt costs of error are intrusion,
annoyance, and lost trust rather than systemic harm. The stakeholders are correspondingly intimate: occupants, family
members, and caregivers, with platform vendors and utilities in the background, and consumer privacy as the governing
regulatory constraint.

Agents for smart home have seen wide deployment, yet most systems still wait to be asked. What ships at scale
today is condition-triggered scene automation: user-authored rules of the form “when this, then that” that the platform
merely executes. The deployed frontier is acceptance-gated, single-step anticipation: Alexa Hunches flags potentially
forgotten actions and supports automatic actions, such as locking a door or turning off a light. In 2022, Amazon reported
that features including Hunches and Routines initiated roughly one in four Alexa smart-home interactions without a
spoken request (Eberhardt, 2022). The next level, toward which research systems point, is learned-preference ambient
orchestration under standing objectives, such as comfort and energy budgets that the agent manages continuously without
per-rule authoring; the ultimate level is household-scale agenda ownership with calibrated interruption. The binding
constraint on this progression is not anticipation but arbitration, that is, knowing whether, when, and how strongly an
intervention will be welcome (§4.4). Relative to the other verticals in this section, the home thus shows the broadest
consumer deployment of proactivity and among the shallowest, a mirror image of autonomous research, whose agents
are autonomy-deep but barely deployed. Table 9 summarizes selected approaches to household orchestration, routine
synthesis, predictive heating, and safety monitoring.
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6.7.1 Ambient Household Orchestration

The flagship use case is coordinating many devices toward goals the occupant states vaguely or not at all. Its deployed
anchor is Alexa Hunches, which learns deep device and deep home embeddings as a world model over the household’s
device states and gates each candidate action on a learned model of whether the user will accept it (Eberhardt, 2022).
Research systems put LLM agents (Wang et al., 2024¢) on the same stage: Sasha maps under-specified goals such as
“make it cozy” onto whatever devices the home contains (King et al., 2024), SAGE grounds open-ended requests in
verifiable device actions (Rivkin et al., 2024), and LLMind, Penetrative Al, and IoT-LLM reason directly over raw sensor
and device signals (Cui et al., 2023a; Xu et al., 2024c; An et al., 2025). A complementary line converts continuous
context into anticipated tasks so the agent offers help before being asked: Lu et al. (2025a) learn from real activity traces
with a reward model as a proxy for user acceptance, and ProAgent decides in the wild, from on-demand sensory context,
when assistance is worth initiating (Yang et al., 2025a).

6.7.2 Trigger-Action Automation and Routine Synthesis

Trigger-action programming (TAP) is the canonical way households encode standing policy, from IFTTT recipes to
vendor routines (Ur et al., 2014; Mi et al., 2017). Its known failure modes, inaccurate mental models and buggy rules
(Huang & Cakmak, 2015; Brackenbury et al., 2019), motivated rule recommendation and end-user debugging aids
(Corno et al., 2019b,a). Proactive agents move the home from executing rules to authoring them: AutoTap synthesizes
automations from stated properties (Zhang et al., 2019), Trace2TAP proposes them from observed behavior traces
(Zhang et al., 2020a), and LLM-based systems now generate, contextualize, and repair routines in situ (Badalov & Yoon,
2026; Giudici et al., 2025; Yu et al., 2026b). Routine synthesis is the clearest instance of the agenda shifting from user
to agent (§4.3) while the user retains veto power by editing the proposed rule.

6.7.3 Energy and Comfort Management

Household energy rewards anticipation because HVAC and appliances carry thermal and temporal inertia. Scott et al.
(2011) showed early that occupancy-predictive heating outperforms fixed schedules; nonintrusive load monitoring gives
the agent appliance-level visibility from a single meter (Kelly & Knottenbelt, 2015); and deep reinforcement learning
schedules loads against dynamic prices and comfort constraints (Yu et al., 2020). In deployment terms this is the most
automated corner of the home: pre-conditioning and load shifting act silently under a standing comfort and cost budget,
previewing the standing-objective orchestration the rest of the home still lacks.

6.7.4 Health Monitoring and Aging in Place

Ambient assisted living is where home proactivity carries the highest stakes. Its perceptual base is two decades of
sensor-based human activity recognition, from probabilistic models in instrumented homes (van Kasteren et al., 2008) to
deep, multimodal, and wearable recognizers (Ordonez & Roggen, 2016; Yao et al., 2017; Chen et al., 2021; Bouchabou
et al., 2021; Ni et al., 2024) and vision-based fall detection (Alam et al., 2022). The proactive trigger is typically a
deviation from a personal baseline rather than a rule: anomaly detection over the daily routines of older adults living
alone supplies the alarm (Shahid et al., 2022). Agentic systems close the loop with continuous monitoring, check-ins,
and autonomous escalation to caregivers (Khalil et al., 2025; Choi et al., 2025), and embodied assistants anticipate
which objects an occupant will need from a spatio-temporal model of the home (Patel & Chernova, 2022). Because the
monitored population is vulnerable, privacy-preserving learning of activity predictors is part of the use case rather than
an afterthought (Zehtabian et al., 2021).

6.7.5 Evaluation, Challenges, and Open Directions

Evaluation has matured from one-off user studies to purpose-built benchmarks: SimuHome stresses proactive intent
inference, physical-limit checks, and temporal scheduling in a Matter-compliant simulator whose policies transfer to
real devices (Seo et al., 2025), and PersonalHomeBench scores reactive and proactive behavior under personalized,
multimodal observation (Bharadwaj et al., 2026) (§5). The open challenges are less perceptual than social. First,
timing and agency: human-factors studies converge on the finding that ill-timed initiative distracts and annoys, with
interruptibility depending on the occupant’s activity, engagement, and mood (Wei et al., 2022a,b), and the acceptable
level of initiative is itself user- and context-dependent (Reicherts et al., 2021; Zargham et al., 2022) (§4.4.3). Low-
commitment initiative, asking or suggesting rather than acting silently, better preserves user agency (Oh et al., 2024;
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Table 10 Representative proactive smart-city systems. Res. denotes research systems; Com. denotes commercial products.

System Awareness  Anticipation = Agenda Arbitration Action Adaptation  Deploy. Type
LLMLight Queues, LLM traffic Given Phase Signal switching Imitation + Simulation  Res.
(Lai et al., approaching reasoning traffic-control ~ comparison/  (action) critic training
2023) vehicles objective selection
CityLearn Building loads, RL value / Given demand- Storage / action Storage RL in Simulation  Res.
agents weather, policy learning  response constraints scheduling simulation
(Vazquez- storage objective (action)
Canteli et al.,
2020)
Google Flood ~ Weather, basin  LSTM flow Standing Flood alert Early warnings — Cloud Com.
Hub attributes forecasts flood-warning  thresholds (suggestion)
(Nearing et al., objective
2024)
EpiPlanAgent  Outbreak LLM + retrieved Given Condition Response plans  Feedback- Software Res.
(Mao et al., reports, plans outbreak; checks; expert  (suggestion) based
2025) guidelines response review refinement

subtasks
AgentSociety  Agent profiles, LLM-driven Assigned Simulation Intervention — Simulation ~ Res.
(Piao et al., simulated state  simulation simulation sandbox scenarios
2025) scenario (suggestion)

Deng et al., 2024b), and longitudinal deployment shows adoption hinges on the agent fitting into, rather than overriding,
the user’s day (Abbas et al., 2026). Second, privacy: always-on sensing and unsolicited action keep smart speakers
and hubs under persistent suspicion (Lau et al., 2018; Zheng et al., 2018; Malkin et al., 2019; Abdi et al., 2019).
Third, the household is plural: most systems model a single principal, while real homes contain several people with
conflicting preferences and asymmetric authority, a largely unsolved arbitration problem. The direction of travel is from
acceptance-gated single actions toward standing-objective orchestration, which will require acceptance models that
generalize across routines, preference learning that spans household members, and interruption budgets audited over
weeks rather than judged per event (§7).

6.8 Agents for Smart City

The city swaps the home’s intimacy for scale: municipal infrastructure serving millions, operated by agencies and
utilities, observed through traffic, mobility, environmental, and event telemetry, and governed publicly over horizons
that stretch from signal cycles to multi-year plans. There is no single principal; consequences are diffuse, delayed, and
contestable, and legitimacy is a matter of public accountability rather than personal preference. The technical substrate
is the urban-computing tradition (Zheng et al., 2014): spatio-temporal deep networks that forecast citywide flows, traffic,
and crime (Zhang et al., 2017; Li et al., 2018; Yu et al., 2018; Wu et al., 2019; Huang et al., 2018; Xia et al., 2021),
lately consolidated by urban foundation models and LLM interfaces such as UrbanGPT (Li et al., 2024d; Zhang et al.,
2026f; Han et al., 2025b).

Unlike agents for smart home (§6.7), agents for smart city are predominantly sensor-triggered alerting for human
operators, dashboards that flag congestion, pollution, or hazards and leave the response to control rooms. The strongest
deployed proactivity is early warning at planetary scale, flood and earthquake forecasts pushed directly to affected
populations, which is anticipation without actuation. The research frontier is predict-then-act control validated largely
in simulation, where agents pre-time signals, rebalance fleets, and shape electrical loads. The next level is agent-
driven anticipatory infrastructure operations that pre-position resources before disruptions cascade, held under granted,
supervised, and revocable authority; the ultimate level is coordination across networks, where traffic, energy, and
emergency agents negotiate rather than optimize in silos. Extending this progression to closed-loop municipal action
requires resolving diffuse authority and public accountability (§7.2). Table 10 summarizes selected approaches to traffic
control, energy management, early warning, emergency planning, and urban simulation.
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6.8.1 Traffic and Mobility Orchestration

Signal control is the canonical testbed. Deep and multi-agent reinforcement learning agents learn to pre-empt congestion
rather than react to it, scaling from single intersections (Wei et al., 2018) to network-level coordination (Wei et al.,
2019b), pressure-based and thousand-light control (Wei et al., 2019a; Chen et al., 2020), and meta-learned transfer
across intersections (Zang et al., 2020); LLMLight now casts the language model itself as the signal-control agent
(Lai et al., 2023), while TrafficGPT and TransGPT let operators steer traffic foundation models through dialogue
(Zhang et al., 2024f; Wang et al., 2024¢). On the mobility side, dispatch and repositioning agents act ahead of demand:
reinforcement-learned order dispatching and fleet management in ride-hailing (Xu et al., 2018; Lin et al., 2018; Li
et al., 2019; Jin et al., 2019; Al-Abbasi et al., 2019) and model-predictive and graph-learned rebalancing of autonomous
mobility-on-demand (Iglesias et al., 2018; Gammelli et al., 2021).

6.8.2 Grid and Utility Operations

Urban energy agents reshape demand before peaks arrive. Reinforcement-learned demand response is a mature literature
(Vazquez-Canteli & Nagy, 2019), given a shared testbed by CityLearn, which coordinates load shaping across building
portfolios (Vazquez-Canteli et al., 2020); multi-agent controllers manage residential loads on fast timescales (Mai et al.,
2023; Shojaeighadikolaei et al., 2022) and schedule electric-vehicle charging ahead of grid stress (Park & Moon, 2022).
Water, road maintenance, and other utility networks remain comparatively agent-poor, an asymmetry we return to below.

6.8.3 Environmental and Public-Health Early Warning

Field sensing coupled to forecasting is the city’s most consequential deployed proactivity. Google’s global flood
model anticipates extreme riverine floods in ungauged basins and pushes warnings days ahead across dozens of
countries (Nearing et al., 2024), and deep models predict wildfire risk from remote-sensing and environmental data
(Xu et al., 2024d) and interpolate and forecast citywide air pollution (Le et al., 2020). On the public-health side,
generative-agent epidemic models anticipate contagion dynamics jointly with behavioral response (Williams et al., 2023).
Characteristically, all of these stop at the alert: anticipation is delivered to humans, and actuation remains institutional.

6.8.4 Emergency Response and Civic Coordination

Agentic systems are beginning to convert warnings into coordinated response, today as human-supervised decision
support rather than deployed responders. Geospatially grounded LLM agents turn live wildfire detections into resource-
allocation recommendations (Chen et al., 2025g); EpiPlanAgent drafts and validates epidemic response plans with
practitioners in the loop (Mao et al., 2025), and LLM agents act as policymakers in simulated epidemics (Aoki &
Ghaffarzadegan, 2026); CrisisSense-LLM distills situational awareness from disaster social media (Yin et al., 2024a);
and vision papers sketch disaster-management architectures that chain hazard early warning to risk analytics and
coordinated response (Li et al., 2025a). High inaction costs license more initiative here than anywhere else in the city,
but consequences are contestable enough that authority must remain granted, supervised, and revocable: proactiveness
supplies initiative, not authority (Chan et al., 2023; Kasirzadeh & Gabriel, 2025).

6.8.5 Urban Simulation and Digital Twins

Where the relevant futures cannot be observed, planners rehearse interventions in silico (§4.2.4). Classical agent-based
modeling (Bonabeau, 2002) and transport microsimulation (Horni et al., 2016) are being refounded on generative agents
(Park et al., 2023): OpenCity scales LLM-driven urban simulation (Yan et al., 2024), AgentSociety simulates more than
ten thousand LLM-driven residents (Piao et al., 2025), UGI proposes a foundational platform for embodied city agents
(Xu et al., 2023), CitySim and GATSim model urban behavior and mobility with generative agents (Bougie & Watanabe,
2025; Liu et al., 2025¢), and generative Al is likewise entering urban digital twins (Xu et al., 2024b). For proactive
operations these simulators are the counterfactual engine: policies for signals, fleets, and emergency plans are tested
against synthetic populations before touching the street.

6.8.6 Evaluation, Challenges, and Open Directions

Evaluation is the city’s soft spot. Predict-then-act agents are overwhelmingly validated in simulators, CityLearn for
energy (Vazquez-Canteli et al., 2020) and MATSim-style platforms for mobility (Horni et al., 2016), and the sim-to-real
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gap remains largely uncrossed: few signal-control or rebalancing policies in this literature have faced a real network
with liability attached. Generative-agent simulators promise richer counterfactuals but are themselves unvalidated
instruments, so a policy tested only against synthetic residents inherits their biases (Han et al., 2025b). Deployed
early-warning systems show the inverse strength, planetary reach with measurable lead times (Nearing et al., 2024), and
could anchor evaluation practice, since lead time, false-alarm rate, and coverage equity are metrics the field already trusts.
The deeper challenges are institutional. With no single principal, endorsement is a matter of governance rather than
preference: accountability, oversight, and contestability are deployment preconditions, not afterthoughts (Chan et al.,
2023; Kasirzadeh & Gabriel, 2025; Schmitz et al., 2025), and equity questions, such as whose neighborhood receives
pre-positioned resources, have no analogue in single-user domains. Proactive output therefore skews toward suggestion
over action. Open directions follow: staged autonomy that graduates agents from dashboards through recommendations
to bounded actuation with automatic rollback; standing fairness audits of proactive allocation; extension to under-served
utility networks such as water and road maintenance; and cross-network coordination so that traffic, energy, and
emergency agents stop optimizing in silos. How initiative can move safely from calibrated suggestion to trustworthy
action is taken up in §7.

6.9 Agents for Healthcare and Medicine

Table 11 Representative proactive healthcare and medical-agent systems and benchmarks. Res. denotes research systems; Com.
denotes commercial products.

System Awareness  Anticipation Agenda Arbitration Action Adaptation  Deploy. Type
Agent Patient history, Missing Clinical Iterative Follow-up Updates Simulation  Res.
Hospital (Li consultation, diagnostic consultation ~ examine— questions, reasoning as
et al., 2024b) examinations evidence diagnose—treat ~ examinations, new evidence
process treatment plans  arrives
(suggestion)
MINT (Fang Incrementally ~ Whether Diagnostic Answer vs. hold Diagnostic Revises Benchmark Res.
et al., 2026a) revealed patient current task decision answers or hold diagnosis as
information evidence responses additional
justifies an evidence is
answer revealed
MDAgents (Kim Clinical case,  Need for Diagnostic Solo vs. Diagnosis and ~ Changes Software Res.
et al., 2024c) estimated additional task multi-specialist ~ specialist collaboration
complexity specialist reasoning consultation with case
reasoning (suggestion) complexity
MedAgentBench Patient-specific Intermediate Assigned Selection of EHR interaction Progresses Benchmark Res.
(Jiang et al., EHR state workflow clinical task EHR operations and clinical task with updated
2025) requirements and execution record state
intermediate (action)
steps
irAE- Longitudinal Potential Adverse-event Risk Surfaces Updates Software Res.
Agent (Gallifant clinical notes ~ immune- detection identification potential assessment as
et al., 2025) related adverse from record complications new notes
events evidence (suggestion) arrive
STELLA (Jin Scientific Promising Biomedical Evolving Scientific Evolves Software Res.
et al., 2026) evidence, prior subsequent research reasoning exploration and ~ strategies and
exploration research templates and  tool use (action) tools with
directions tool experience
construction

Proactive agents for healthcare span clinical intake, diagnosis, treatment, follow-up, patient monitoring, and biomedical
research. Across these settings, care often needs to advance before a patient or clinician explicitly asks for the next
action. Patients may omit relevant information, new test results may alter an earlier assessment, and unresolved actions
or subtle deterioration may require attention before the next consultation. These situations create opportunities for
agents to act proactively by identifying what information, expertise, or follow-up is needed as a case evolves.

Current healthcare agents address some of these needs, but their proactiveness is still concentrated within active tasks or
episodes of care. Once a case is underway, they can seek missing evidence, ask follow-up questions, consult specialists,
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invoke medical tools, and organize subsequent steps. Some systems also monitor evolving records or pursue biomedical
hypotheses over time, although their ability to sustain such behavior across visits remains limited. More longitudinal
forms of proactiveness would require agents to preserve unresolved concerns, connect later evidence to earlier decisions,
and recognize when a change warrants renewed clinical attention. These capabilities expand when and how an agent
contributes to care, while diagnostic and therapeutic authority remains with clinicians.

We examine this development through four connected workflows. Clinical history taking concerns proactive evidence
acquisition. Multi-specialist deliberation extends proactiveness to the selection and coordination of expertise. Longitudi-
nal care coordination requires agents to maintain unfinished clinical work over time, while continuous monitoring and
biomedical discovery move toward the proactive formation of new clinical or scientific objectives. Table 11 compares
selected systems and benchmarks across these workflows using the six mechanisms.

6.9.1 Clinical History Taking and Iterative Anamnesis

The first form of clinical proactiveness is deciding what must be learned before a diagnosis can be trusted. An initial
patient account rarely includes every symptom, prior condition, medication, laboratory finding, demographic factor, or
temporal detail needed for a reliable assessment. An agent that responds only to the presented information may therefore
answer an underspecified version of the clinical problem. Proactive history taking requires it to identify which missing
evidence could change the assessment and continue the interaction until the case is sufficiently specified.

Existing systems increasingly place parts of this evidence-gathering process under agent control. Medical consultation
agents (Ren et al., 2025) maintain dialogue and patient-history information across an encounter, allowing later questions
to depend on what has already been learned rather than treating each turn independently. In MedAgentSim (Almansoori
et al., 2025), doctor agents interact with simulated patients and request examinations or imaging as additional evidence
becomes necessary, extending information acquisition beyond conversational questioning alone. MeDxAgent (Sanghvi
et al., 2026) ties this process more directly to diagnostic uncertainty by using evolving differential diagnoses to guide
targeted follow-up questions. Agent Hospital (Li et al., 2024b) embeds similar information seeking within a broader
simulated clinical process, where consultation and examination jointly determine what evidence becomes available
before diagnosis. Together with these interaction-oriented systems, the progression is toward agents that shape the
diagnostic evidence they reason over, rather than accepting the initial case description as fixed.

The MINT benchmark (Fang et al., 2026a) highlights a complementary requirement: controlling when a model commits
to a diagnosis as evidence accumulates. In MINT, clinical evidence is supplied incrementally by the evaluation protocol
rather than actively requested by the model, and at each turn the model may provide a diagnostic answer or continue to
hold its response. The benchmark shows that models often commit before sufficient evidence has been observed, can
later self-correct as additional evidence arrives, and are particularly susceptible to premature commitment when salient
evidence such as laboratory findings appears early. MINT therefore evaluates commitment timing rather than proactive
evidence acquisition itself, while showing why a diagnostic agent that actively gathers evidence must also know when
the available information is sufficient to justify an answer.

6.9.2 Multi-Specialist Deliberation and Case Conferencing

Even thorough evidence collection may leave uncertainty that cannot be resolved from a single clinical perspective.
Imaging, pathology, pharmacology, surgery, and disease-specific practice can yield different interpretations of the same
case. Proactiveness at this stage requires the agent to recognize that the current reasoning process lacks the expertise
needed to proceed and to broaden the deliberation before the case converges prematurely (Liu et al., 2023d; Gan et al.,
2025).

MedAgents (Tang et al., 2023) brings multiple medical experts into iterative discussion and consensus formation,
moving specialist consultation into the reasoning process rather than requiring each opinion to be solicited separately.
MDAgents (Kim et al., 2024c) adds another layer of control by adapting between individual and collaborative rea-
soning according to estimated case complexity, so the amount of expertise involved can vary with the case itself.
MedAide (Wei et al., 2024) coordinates specialized medical agents according to different clinical intents, emphasizing
how heterogeneous expertise can be assembled around the needs of a consultation. MedChat (Liu et al., 2025b) similarly
combines role-specific LLM agents and specialized vision models under a directing agent, making the integration of
multimodal clinical perspectives part of the agentic workflow. When consensus is difficult, MACD (Li et al., 2025d)
uses iterative consultation and evaluation to continue deliberation rather than accepting the first converged answer.
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MedCoAct (Zheng et al., 2025b) coordinates doctor and pharmacist agents while using confidence to regulate their
interaction, linking the intensity of collaboration to uncertainty in the current reasoning process. MediHive (Wang &
Yang, 2026) reduces advance specification further by allowing agents to assume specialized roles and debate divergent
conclusions. MMedAgent-RL (Xia et al., 2025) learns to coordinate multimodal specialist inputs through triage and
referral, shifting part of the decision over where a case should be routed into the learned policy itself.

The scope of this coordination is usually fixed in advance. Most frameworks receive a predefined case, objective, and set
of specialist roles. They can manage deliberation after it has been configured, but seldom decide that another specialty
is needed, that the current consultation structure is inadequate, or that later evidence warrants reopening an earlier
consensus. Current systems are therefore more mature at proactively conducting multi-specialist reasoning than at
determining when and how such reasoning should be initiated.

6.9.3 Longitudinal Care Coordination

After a diagnosis or treatment plan has been produced, the source of risk shifts from incomplete reasoning to incomplete
follow-through. Tests must be completed, referrals attended, reports reviewed, treatments initiated, and patient responses
reassessed. Because these actions are distributed across visits and clinical services, an appropriate recommendation
may still fail when one step is delayed, forgotten, or disconnected from later evidence. Proactive support must therefore
preserve the unfinished state of care instead of treating the production of a plan as the end of the task.

Several medical agents already reduce the need to specify every intermediate step within an active clinical episode.
MMedAgent (Li et al., 2024a) plans over multiple medical tools and integrates their outputs, giving the agent control
over which operations are needed to advance the assigned task. MedAgent-Pro (Wang et al., 20260) structures diagnostic
reasoning hierarchically and delegates multimodal evidence analysis to specialized tools, extending this control from tool
selection to the organization of a multi-step diagnostic workflow. MedAgentBench (Jiang et al., 2025) evaluates agents in
an EHR environment on patient-specific clinical tasks that require interaction with medical-record systems, providing a
setting for assessing agentic execution in operational workflows. MRGAgents (Wang et al., 2025c) distributes radiology
report generation across disease-specialized agents, while radiology reasoning agents (Yi et al., 2025) coordinate
retrieval, visual interpretation, drafting, refinement, and synthesis as connected stages rather than isolated prompts.
TheraAgent (Li et al., 2026¢) applies a related idea to treatment planning, repeatedly evaluating and refining a proposed
therapy instead of treating the first generated plan as complete. Across these settings, current proactiveness is strongest
in advancing an already established clinical objective through the steps needed to complete it.

Their involvement, however, usually ends with the current case or episode. After producing a plan or report, the
agent rarely checks whether the proposed action occurred or whether later evidence still supports the original decision.
Longitudinal proactiveness would require persistent links among recommendations, pending tests, referrals, treatments,
and subsequent observations. Such continuity would allow the agent to recover unfinished care, detect deviations from
the expected trajectory, and return the case to clinical attention before delay becomes consequential.

6.9.4 Continuous Patient Monitoring and Biomedical Hypothesis Discovery

Longitudinal coordination maintains an objective that has already been established. A further expansion of proactiveness
occurs when the agent must recognize that a new objective has emerged. Changes in laboratory trends, clinical
notes, medication exposure, or patient-generated signals may indicate deterioration before a clinician requests another
assessment. Continuous monitoring can reduce this delay by detecting meaningful changes and deciding whether they
justify a new clinical concern.

irAE-Agent (Gallifant et al., 2025) searches clinical notes for immune-related adverse events, allowing evidence
appearing in the record itself to surface a potential complication that may require further attention. AgentRx (Al Jorf
& Shamout, 2026) evaluates LLM-based agents on multimodal clinical risk prediction using heterogeneous patient
information. irAE-Agent directly illustrates how newly observed evidence can surface a potential reason for further
clinical work, while AgentRx evaluates the ability of agentic systems to integrate patient information for risk prediction.
Their value depends on calibrated intervention. Excessive alerts transfer the interpretive burden back to clinicians and
may obscure the few events that require action. Useful proactive monitoring therefore depends on distinguishing changes
that warrant escalation from those that do not.

Biomedical research presents a related transition from pursuing an assigned objective to expanding it. DrugAgent (Liu
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et al., 2024d) automates machine-learning programming for drug-discovery tasks through agentic planning and tool use,
allowing a broad research objective to be carried forward through multiple scientific operations. PharmaSwarm (Song
et al., 2025a) distributes pharmaceutical research across collaborating agents, so candidate directions can be examined
from multiple functional perspectives without each step being separately specified by the researcher. STELLA (Jin
et al., 2026) supports longer-horizon scientific exploration through self-evolving reasoning templates and dynamically
constructed tools as experience accumulates. AgentD (Ock et al., 2025) similarly integrates biomedical retrieval,
question answering, molecular generation, property prediction and refinement, and structure generation within an agentic
drug-discovery workflow. These systems can therefore automate extended parts of scientific exploration, with some
systems able to surface directions that a researcher did not enumerate in advance. Their search spaces, evaluation criteria,
and high-level goals are still largely supplied by humans. Proactive scientific discovery remains less developed when the
agent must decide that accumulated evidence justifies a new hypothesis or a change in research direction.

6.9.5 Evaluation, Challenges, and Open Directions

Healthcare agents have progressed from proactive evidence collection (Li et al., 2024b; Almansoori et al., 2025; Ren
et al., 2025; Sanghvi et al., 2026) to proactive coordination of clinical expertise (Wei et al., 2024; Tang et al., 2023;
Kim et al., 2024c; Liu et al., 2025b; Li et al., 2025d; Zheng et al., 2025b; Wang & Yang, 2026), proactive workflow
execution (Li et al., 2024a; Liu et al., 2025b; Wang et al., 2025¢; Yi et al., 2025), and continuous risk detection or
biomedical exploration (Gallifant et al., 2025; Liu et al., 2024d; Jin et al., 2026). Across this progression, systems have
become increasingly capable of deciding what to do next once a case or objective is active. They remain less reliable at
maintaining responsibility across interruptions, reopening dormant issues, and forming new objectives from changes
that no user has yet raised. Healthcare proactiveness is therefore relatively mature within consultations and predefined
workflows, while longitudinal and objective-forming proactiveness remains at an early stage.

Evaluation should distinguish these levels of capability. Evidence-gathering agents should be assessed on whether they
ask necessary questions before concluding; deliberative systems on whether they involve relevant expertise and expose
unresolved disagreement; care-coordination agents on whether they recover unfinished actions; and monitoring systems
on whether they detect emerging risks without creating excessive burden. Prospective and cross-institutional validation
is needed to determine whether these behaviors remain reliable across clinical settings. As agents take on a larger role in
initiating and sustaining clinical work, evaluation must also verify that their recommendations remain reviewable and
that the division between proactive support and clinician authority is preserved.

6.10 Agents for Law

Table 12 Representative proactive legal-agent systems. Res. denotes research systems; Com. denotes commercial products.

System Awareness Anticipation Agenda Arbitration Action Adaptation Deploy. Type
L-MARS (Wang  Query, legal Evidence gaps; Research Judge-agent Iterative retrieval and ~ Extends search  Software Res.
& Yuan, 2025) authorities jurisdiction / subquestions sufficiency legal research (action) when support is
temporal validity assessment insufficient
AgentsCourt (He  Case facts, legal ~ Opposing Predefined Multi-agent Counterarguments and Revises Simulation Res.
etal., 2024) resources arguments and dispute courtroom debate  decision refinement reasoning after
weaknesses (suggestion) adversarial
interaction
LegalSim (Badhe, Case state, Consequences of  Predefined Competing agent Discovery requests, Strategy evolves Simulation Res.
2025) procedural procedural proceeding strategies motions, procedural with opponent
context choices choices (action) actions
AutoPatent (Wang Initial draft, Downstream Patent- Planner, writers,  Patent drafting and Revises Software Res.
et al., 2024f) technical drafting and generation examiner revision (action) documents from
information review needs objective examiner
feedback
Compliance Brain Enterprise Missing Compliance Agentic tool / Compliance Expands context Software Res.
Assistant (Zhu compliance data  compliance- query API selection investigation and risk  through
et al., 2025b) relevant context analysis (suggestion)  additional tool
calls

Legal practice typically encompasses investigating facts and authorities, developing and testing legal positions, preparing
documents, coordinating matters, and identifying potential violations or exposure. Much of this work cannot be
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determined at the outset, as the legal agenda itself changes with the matter. For example, a new fact may alter the
applicable legal theory, an opposing interpretation may require additional evidence, and a revised agreement may create
new procedural or compliance obligations. Legal assistance therefore becomes proactive when it can recognize that such
developments have created new work before the client or attorney explicitly requests it.

Current legal agents show meaningful proactiveness once a legal issue has already entered the agenda. They can extend
incomplete research, introduce unrequested counterarguments, select intermediate workflow actions, and identify risks
in submitted materials. Their main limitation is that the scope of legally relevant work is still largely inherited from
the user. Further progress depends on recognizing when interactions among facts, rules, documents, and procedural
developments create a new obligation, claim, vulnerability, or risk. Such recognition requires an evolving representation
of the matter through which the agent can revise what deserves investigation, while attorneys retain authority over legal
judgment and consequential action.

We examine how far this transition has progressed across legal research and evidence gathering, argument stress-testing
and adversarial review, legal matter management and workflow execution, and compliance monitoring and legal-risk
anticipation. Table 12 compares selected legal systems across these applications using the six mechanisms.

6.10.1 Legal Research and Evidence Gathering

The proactive challenge in legal research begins before an authority is retrieved. An initial inquiry may omit material
facts, assume an incorrect legal category, or overlook a jurisdictional issue that changes which authorities apply. When
these defects remain hidden, additional retrieval may strengthen an answer without correcting the question on which it is
based. A legal research agent therefore needs to assess whether the current framing and evidentiary record are sufficient,
identify what remains unresolved, and direct further investigation toward those gaps.

Recent systems have made clear progress toward this form of proactiveness through retrieval, planning, and verification.
LegalAgentBench (Li et al., 2025b) evaluates agents on multi-step legal tasks that require reasoning over real-world
legal corpora and selecting among external tools, making both tool use and intermediate research progress observable. L-
MARS (Wang & Yuan, 2025) more directly implements iterative legal research: it decomposes a query into subproblems,
searches heterogeneous legal sources, and uses a judge agent to assess evidentiary sufficiency, jurisdiction, and
temporal validity before deciding whether further retrieval is needed. CourtReasoner (Han et al., 2025d) examines a
complementary capability by evaluating whether agents can construct goal-oriented judicial analyses and argue both
sides of a dispute, testing how legal authorities are assembled into support for competing positions. Deterministic
Legal Agents (de Martim, 2025) instead structures research over temporal legal knowledge graphs, allowing an agent
to plan and execute point-in-time retrieval, context reconstruction, provenance tracing, and impact analysis through
auditable primitives. For long legal agreements, PAKTON (Raptopoulos et al., 2025) combines collaborative agents with
retrieval-augmented generation to locate relevant contractual material and produce grounded answers with improved
completeness and justification. These approaches move legal research beyond one-shot retrieval by giving agents
mechanisms to organize, inspect, and extend the evidence used within an active inquiry.

The current advance is therefore strongest in proactive gap filling within an active inquiry. The legal issue itself is still
generally selected and bounded by the user. Agents rarely conclude that new evidence has changed the relevant legal
category, that a different jurisdiction must be examined, or that an apparently completed inquiry should be reopened. A
more developed research agent would preserve connections among facts, claims, authorities, and unresolved questions
across the matter. It could then revise the research agenda when those connections change, moving from self-directed
retrieval toward proactive identification of what now requires legal investigation.

6.10.2 Argument Stress-Testing and Adversarial Review

Legal positions are developed in anticipation of parties who may challenge their facts, assumptions, and interpretation
of authority. Users can produce a coherent argument while overlooking the objection most likely to affect its practical
viability. If that objection is discovered only when raised by opposing counsel, a court, or a regulator, opportunities
to collect evidence or revise the position may already be limited. Anticipating consequential challenges is therefore a
distinct form of legal proactiveness because it brings future scrutiny into present preparation.

Legal agents support adversarial review through several forms of role separation, critique, and simulated opposition.
ChatLaw (Cui et al., 2023b) organizes legal assistance through a multi-agent architecture and law-firm-inspired operating
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procedures, introducing structured intermediate roles rather than relying on a single response. LawLuo (Sun et al.,
2024a) makes this internal review more explicit through receptionist, lawyer, secretary, and boss agents, with the boss
agent evaluating the work produced during multi-round consultation. Courtroom simulation provides a more directly
adversarial setting. AgentsCourt (He et al., 2024) combines court debate, legal-resource retrieval, and subsequent
decision refinement, while AgentCourt (Chen et al., 2025a) uses structured adversarial interactions to evolve lawyer
agents and their legal knowledge. SimCourt (Zhang et al., 2026¢) organizes agent interaction around the procedural
structure of Chinese trials and evaluates both the simulated procedure and its contribution to judgment prediction.
SAMVAD (Devadiga et al., 2025) assigns agents to judicial, prosecution, defense, and adjudication roles and lets them
deliberate iteratively over case facts and retrieved legal material. LegalSim (Badhe, 2025) shifts attention from substantive
argument to procedural strategy, allowing opposing agents to select actions such as discovery requests and motions and
thereby exposing exploitative sequences that emerge during adversarial proceedings. Debate-Feedback (Chen et al.,
2025f) uses a more compact debate structure for legal judgment prediction, combining competing agent reasoning
with reliability evaluation. MASLegalBench (Jing et al., 2025), rather than introducing another courtroom system,
evaluates role-based multi-agent configurations on deductive legal reasoning under GDPR, providing a way to test
whether decomposition and specialization actually improve collaborative legal analysis.

This line of work has developed proactive challenge generation more than proactive challenge management. Most
systems broaden the argument set within a predefined dispute, but provide limited guidance on which objection should
change the course of the matter. Stronger agents would connect each challenge to the available evidence, upcoming
decisions, and the consequences of leaving it unresolved. A plausible objection could then trigger factual verification,
document revision, or investigation of an alternative legal theory. The next stage is therefore selective and consequential
anticipation, in which adversarial review creates and prioritizes further legal work rather than simply generating more
arguments.

6.10.3 Legal Matter Management and Workflow Execution

Legal matters progress through dependencies among documents, participants, decisions, and procedural events. Contract
review may move through extraction, comparison, negotiation, revision, and approval. Patent preparation may alternate
between prior-art research, claim drafting, and technical verification. Due diligence may uncover facts that expand the
scope of later review. Since the completion or revision of one component can change what should happen elsewhere,
proactive matter management requires the workflow to adapt as the legal state evolves.

Recent systems automate different portions of legal workflows once an objective has been specified. LAW (Watson et al.,
2025) orchestrates domain-specific tools and text agents to answer questions over custody and fund-services contracts,
including tasks that require intermediate operations such as computing contractual dates. PAKTON (Raptopoulos et al.,
2025) similarly coordinates multiple agents and retrieval over long legal agreements, but focuses on document review and
grounded question answering. Patent-oriented systems cover a broader range of workflow structures. PatentAgent (Wang
et al., 2024)) integrates modules for pharmaceutical patent question answering, chemical-structure extraction from
images, and core-structure identification, allowing different analysis operations to be invoked within a unified agent.
AutoPatent (Wang et al., 2024f) targets end-to-end document production through a planner, multiple writer agents, and
an examiner agent that jointly generate complete patents from initial drafts. AutoSpec (Shea & Yu, 2025) decomposes
patent-specification drafting into smaller subtasks and equips open-source models with tools specialized for each stage.
Legal consultation systems organize work around participants rather than document stages: ChatLaw (Cui et al., 2023b)
encodes standardized operating procedures modeled on legal-service workflows, while LawLuo (Sun et al., 2024a)
coordinates receptionist, lawyer, secretary, and supervisory agents across a multi-round consultation. MASER (Yue
et al., 2025) addresses orchestration from a different direction by using a multi-agent simulator to generate synthetic
data from interactive legal scenarios and introducing MILE to evaluate models in multi-stage legal interactions. Across
these designs, agents increasingly select intermediate actions, tools, and roles without requiring the user to specify every
step of the workflow.

Current progress, however, concerns proactive sequencing inside a workflow whose boundary has already been
established. Systems can decide how to complete an assignment, while rarely recognizing that a change elsewhere has
expanded or altered the assignment itself. Advancing toward proactive matter management requires persistent tracking
of factual assumptions, unresolved issues, document versions, approvals, and deadlines. A revised clause could initiate
renewed compliance review, new evidence could invalidate an earlier draft, and an approaching procedural event could
call for immediate preparation. The key development is from autonomously executing known dependencies to detecting
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when the evolving matter has created new ones.

6.10.4 Compliance Monitoring and Legal-Risk Anticipation

Compliance monitoring comes closest to proactive discovery of new legal issues because the relevant problem may not yet
be part of the legal agenda. A regulatory amendment, modified data practice, or contractual change may appear routine
in isolation while their interaction creates an obligation or exposure that no user has recognized. Compliance-oriented
systems examine policies, contracts, data practices, and operational processes for such conflicts.

Recent compliance systems address different stages between assembling relevant organizational context and evaluating
it against legal requirements. PACT (Fang et al., 2025) provides the information layer by linking heterogeneous
enterprise artifacts in an embedding-based graph, allowing compliance agents to recover privacy-relevant connections
that would otherwise remain distributed across separate resources. Compliance Brain Assistant (Zhu et al., 2025b) builds
agentic investigation on top of enterprise compliance data: its full-agentic mode can invoke multiple tools and APIs to
discover additional context needed to answer complex compliance queries. For data pipelines, the approach proposed
by Videsjorden et al. (2025) decomposes compliance assessment into agent tasks that extract and label pipeline artifacts
and evaluate them against applicable legal requirements according to factors such as actor role and system risk. The
multi-agent legal verifier of Nguyen et al. (2025) divides data-transfer compliance checking into statutory interpretation,
business-context evaluation, and risk assessment before synthesizing a final determination. The governance-oriented
assistant of Mamalis et al. (2024) takes a narrower legal-information approach, grounding interactions in EU legislation
and GDPR case law to support queries over regulatory material. These systems therefore range from recovering
compliance-relevant context to carrying out structured legal verification, while continuous detection of newly emerging
risks remains less developed.

This application has progressed beyond work on a fully articulated legal question, yet its proactiveness is commonly
activated only after relevant materials have been submitted for inspection. Continuous risk anticipation would connect
legal developments with organizational changes over time, recognize when their interaction creates material exposure,
and decide whether the resulting issue warrants notification, investigation, or escalation.

6.10.5 Evaluation, Challenges, and Open Directions

Agents for the law domain have shown promising signals of developing proactiveness: legal research agents can identify
missing support, adversarial systems can introduce unrequested challenges, workflow agents can select intermediate
actions, and compliance systems can surface risks in submitted materials. However, proactiveness is less developed
when the agent needs to revise the legal agenda itself. Few systems continuously connect changes in facts, authorities,
documents, and procedural status to recognize that a new legal issue has emerged or that an earlier issue now requires
different work.

Evaluation should therefore extend beyond answer accuracy and completion of predefined workflows. It should
test whether an agent detects legally consequential changes without an explicit request, identifies the work those
changes create, reopens analysis whose assumptions no longer hold, and prioritizes intervention according to urgency
and consequence. Both omission and over-intervention matter: missed issues may leave obligations, deadlines, or
vulnerabilities outside the legal agenda, while excessive escalation can overwhelm professional review. Legal agents
have thus developed meaningful proactiveness within identified issues, while proactive formation and revision of the
legal agenda remains the central frontier, with attorneys continuing to control legal judgment and consequential actions.

6.11 Agents for Education

Proactiveness has far-reaching implications in education because effective support often begins before learners can
recognize or articulate their own needs. Educational agents assist through explanation, feedback, assessment, resource
recommendation, and the organization of instructional activities, yet the value of these actions is determined by their
effects beyond the current interaction. A correct answer may conceal fragile understanding, while an incorrect one
may reflect a temporary slip, a missing prerequisite, or a misconception whose consequences will emerge only in later
material. Learners may know that they are struggling without knowing what has gone wrong, what support would
help, or when intervention would be most valuable. Support triggered only by explicit requests or observed failure may
therefore arrive too late to prevent downstream learning difficulties.
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Table 13 Representative educational systems and models supporting proactiveness. Res. denotes research systems; Com. denotes
commercial products.

System Awareness Anticipation Agenda Arbitration Action Adaptation Deploy. Type
From Correctness ~ Student Latent Assessment task Evidence-based  Error classification and Uses Software Res.
to Comprehen- responses, work  understanding state assessment  tailored feedback longitudinal
sion (Zhang et al., beyond evidence to
2025h) correctness refine
assessment

Classroom Longitudinal Future learner Simulation Simulation of Future-answer Models behavior Simulation Res.
Simulacra (Xu learner behavior objective possible learner  correctness estimates  evolution over
et al., 2025b) interactions trajectories time
StudentSim (Yang Sparse Individual future  Tutor- Simulator-based  Simulated learner Models response  Simulation  Res.
et al., 2026d) learner-specific responses improvement tutor optimization responses changes under

records objective tutor guidance
ProPACT (Gol- Shared attention, Emerging Collaborative-  Forecast-based Adaptive scaffolding ~ Adjusts support ~ Software Res.
rang et al., 2026)  mental effort suboptimal learning task intervention as learner state

learning states decision changes

OATutor (Pardos  Learner Estimated need Tutoring Adaptive support  Hints and instructional Adapts support ~ Software Res.
et al., 2023) interaction, for support objective selection support during tutoring

performance
Environment Multimodal Learner-state Learning-task State-based Visual environment Changes visual ~ Software Res.
Shaping (Zhang learner behavior  changes objective intervention modification support with
et al., 2026k) selection inferred state

This mismatch between observable behavior and future learning needs defines the central role of proactive educational
agents. By maintaining an evolving account of the learner, an agent can identify needs that have not been expressed,
anticipate where they may affect subsequent progress, and alter instruction before avoidable difficulties accumulate (Chu
et al., 2025). Because premature or excessive assistance can weaken independent reasoning during learning, effective
support also depends on recognizing when observation, delay, or withdrawal will better serve the learner’s development.

Research has developed these proactive capabilities at different temporal scales. Learner modeling and error analysis
support the early discovery of latent needs and, increasingly, the anticipation of how those needs may affect later learning.
Adaptive tutors use such evidence to regulate an ongoing activity without waiting for an explicit request. Current systems
have made substantial progress in diagnosing learner states, anticipating some future difficulties, and initiating local
pedagogical actions, but their behavior usually remains bounded by individual tasks, activities, or planning episodes. We
therefore review two main lines of work: learner-state diagnosis and anticipation, and adaptive tutoring and formative
scaffolding. Table 13 compares selected educational systems and supporting models across the six mechanisms.

6.11.1 Learner-State Diagnosis and Anticipation

The first step toward proactive educational support is recognizing a consequential need before the learner clearly reports
it. Dialogue, assignments, worked solutions, and interaction histories provide partial evidence about understanding.
Diagnosis therefore requires inferring the learner state underlying the observed behavior rather than treating correctness
alone as sufficient evidence. Moreover, the instructional significance of that evidence is rarely immediate. Thus beyond
identifying the learner’s current state, proactive support also requires judging whether an observed difficulty is likely to
affect later learning.

Knowledge-tracing methods address the corresponding inference problem in real interactions by identifying relevant
knowledge components in tutor—student dialogue and tracking student knowledge across the interaction (Scarlatos
et al., 2025a). Related multi-agent methods assess whether teachers’ responses in professional-development settings
demonstrate targeted mathematical content knowledge (Yang et al., 2024b). Student artifacts provide a complementary
source of evidence by revealing where understanding begins to break down. From Correctness to Comprehension (Zhang
et al., 2025h) combines multimodal student work with longitudinal records to support error classification and tailored
feedback, while Al-driven Virtual Teacher (Xu et al., 2025¢) analyzes student solution drafts to identify and correct
mathematical errors. Multi-agent automatic feedback systems (Guo et al., 2024) and tools for open-ended responses (Ma-
telsky et al., 2023) further support assessment and feedback from richer forms of student work. SEFL (Zhang et al.,
2026d) complements these approaches by using teacher—student LLM agents to simulate assignment completion and
formative feedback, producing synthetic pairs of student work and corresponding feedback. MathAgent (Yan et al.,

91



Proactive Al for Superintelligent Agents

2025a) localizes and categorizes errors in multimodal mathematical solutions, while ErrorRadar (Yan et al., 2026d)
benchmarks models on error-step identification and error categorization. Al-assisted CS50 teaching (Liu et al., 2024c)
and teachable-agent systems for programming education (Jin et al., 2024b) expose code-level misunderstandings, while
Closing the Loop (Nair et al., 2024) improves writing feedback by optimizing it against simulated student revisions, con-
testable essay-feedback frameworks (Hong et al., 2025) support interactive feedback and evaluation, and EvaAl (Lagakis
& Demetriadis, 2024) uses multiple agents for automated grading.

Diagnosis becomes more challenging when the relevant need has not yet produced an observable failure. A learner may
perform adequately on the current activity yet still be at risk of difficulty when a prerequisite is reused, when previously
learned material decays, or when the curriculum moves to a more demanding task. In such cases, present evidence must
support not only an estimate of current understanding but also an assessment of how that understanding may affect later
learning.

Recent work begins to provide this anticipatory capability through learner and classroom simulation. Classroom
Simulacra (Xu et al., 2025b) models students’ learning behavior from longitudinal interactions with course materials
and simulates how that behavior evolves over time. TeachTune (Jin et al., 2025) uses simulated students with prescribed
knowledge and motivational characteristics to help teachers review pedagogical conversational agents across different
learner profiles before deployment. StudentSim (Yang et al., 2026d) moves this line toward per-student specialization,
training individualized simulators from sparse per-learner records that simulate both a student’s own responses and
how those responses change under tutor guidance; as a proof of concept, it further uses the simulator as a reward for
reinforcement-learning-based tutor improvement. Related systems explore simulation for teacher preparation: Evelyn
Al (Bhowmik et al., 2024) provides an LLM-powered virtual student with whom pre-service teachers can practice,
while LLM-enhanced teaching simulations (Zheng et al., 2024b) investigate simulation-based teacher training and the
authenticity of these simulated experiences. Although these systems do not themselves plan a learner’s future trajectory,
they make it possible to examine learner responses and instructional strategies before corresponding real interactions
occur.

Other work connects such anticipation more directly to instructional planning. (Hu et al., 2025a) simulate teacher—
student interactions from an existing teaching plan, generate reflections from the simulated process, and use them to
refine the plan before classroom use. Here, anticipated problems can change future instruction before real students
encounter them. ProPACT (Golrang et al., 2026) uses multimodal measures of shared attention and mental effort to
forecast emerging suboptimal states in collaborative learning and trigger adaptive scaffolds before coordination breaks
down.

Current systems therefore provide substantial support for estimating learner states and, increasingly, for anticipating
how those states may affect subsequent learning. However, these capabilities usually remain bounded to particular
interactions, activities, or planning episodes. A more general proactive educational agent would need to maintain
learner-relevant information over time, track whether predicted needs remain unresolved, and update its assessment as
new evidence arrives. Such continuity would provide a stronger basis for deciding when and how subsequent pedagogical
actions should be taken.

6.11.2 Intervention: What should the system do now?

Once a potential need has been identified, the next stage of proactiveness concerns whether and how the tutoring agent
should alter the current learning process. The same visible learners’ difficulty can support different decisions. A learner
who is productively exploring may benefit from additional time, whereas another learner may be repeating an ineffective
strategy that will make later steps harder. The agent therefore needs to interpret the difficulty in relation to the learner’s
history, the current task, and the likely consequences of continued effort. These judgments turn learner-state estimation
into active regulation of an unfolding activity.

Adaptive tutoring systems already support several forms of proactive intervention within an ongoing learning activity.
Existing systems can initiate pedagogical actions, choose among several forms of support, and adjust assistance within a
defined activity. OATutor (Pardos et al., 2023), conversational tutoring systems with student modeling (Park et al., 2024),
personalized tutoring agents (Liu et al., 2024a), and private tutoring frameworks based on chained LLMs (Chen et al.,
2024c) adapt instructional responses to estimated learner needs. Depending on the available evidence and system design,
they can adjust instructional strategies, guidance, learning activities, or assessment during the tutoring process. Resource-
oriented systems extend this action space. FOKE (Hu & Wang, 2024) combines learner profiling with tailored guidance
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and learning-path planning, while recommendation chatbots with knowledge-graph contextualization (Abu-Rasheed
et al., 2024a) and knowledge-graph-based explanation systems (Abu-Rasheed et al., 2024b) help learners understand
and interact with learning recommendations. (Zhang et al., 2026k) extend the action space beyond dialogue to the visual
environment itself, inferring learner states from multimodal behavior and proactively modifying the visual learning
environment through interventions such as adaptive highlighting. These mechanisms allow the agent to modify the
conditions under which learning proceeds, moving beyond the interpretation of a completed response. However, these
adaptive tutoring systems’ reasoning usually remains bounded by the predefined task scope, and the consequences of an
intervention rarely reshape decisions beyond that setting. The field has progressed from responsive answer generation
toward local proactive regulation, while initiative to form help across sessions remains limited.

6.11.3 Evaluation, Challenges, and Open Directions

Evaluation should distinguish two questions: whether a proactive intervention was warranted, and whether it ultimately
benefited the learner. The first concerns the quality of the agent’s decision to intervene. Because proactive tutors act
before an explicit request, they can intervene too early, too late, unnecessarily, or not at all when support is needed.
Premature assistance may interrupt productive struggle or disclose information that the learner could have derived
independently, whereas missed or delayed intervention may allow confusion and frustration to deepen. Evaluation
should therefore assess not only whether an agent detected a learner need, but whether the evidence available at the time
justified intervention and whether the timing and intensity of support were appropriate. The second question concerns
educational benefit over a longer horizon. Immediate task performance is an insufficient measure because assistance
can improve the current answer while weakening retention, transfer, independence, or engagement. More informative
outcomes include delayed unaided performance, retention, transfer to new problems, and whether support can be
withdrawn as competence develops. Where feasible, evaluation should also consider longer-term learner development,
including whether the agent preserves productive effort, confidence, persistence, and curiosity rather than optimizing
only for short-term correctness.

A central challenge for proactive educational agents is that the learner state required to make these decisions is only
partially observable, while appropriate intervention is highly learner- and context-dependent. On one side, the same
behavior can reflect very different underlying conditions: a long pause may indicate confusion, productive reasoning,
distraction, or deliberate exploration, while an incorrect answer may result from a misconception, uncertainty, or
a transient mistake. Beyond knowledge and skill, intervention decisions may also depend on harder-to-measure
factors such as confidence, motivation, persistence, frustration, and curiosity. Inferring these states reliably from noisy
interaction traces remains difficult, yet errors in this inference directly affect whether proactive support helps or disrupts
learning. On the other side, the same hint, explanation, or delay can support one learner and hinder another, making it
difficult to derive general intervention policies from isolated episodes. Progress will require methods that learn from
longitudinal experience while distinguishing transferable educational patterns from learner-specific preferences and
trajectories. Such methods must also operate under strong privacy and governance constraints, because richer proactive
support often depends on maintaining sensitive learner histories over time. More capable systems will therefore need
not only better prediction, but better calibrated decisions about when to intervene, how strongly to intervene, when to
continue observing, and when to defer to learners or educators.

6.12 Agents for Entertainment and Media

The value of proactiveness in entertainment and media is experiential rather than task-completing, depending on timing,
presence, taste, and a sense of authorship. An intervention that is well timed deepens immersion; the same intervention
mistimed breaks it, so the cost an agent must weigh is the experience itself rather than a failed task. Today this
proactiveness optimizes the current session: what operates at scale is content recommendation and auto-play triggered
by the current viewing or listening context, with in-world characters and creative tools that are only beginning to act
on their own, all anticipating the next moment well but holding no objective that spans sessions unless the user writes
one, as in a prompt-defined playlist that refreshes on a schedule (Spotify, 2026b). Research points toward anticipatory
immersion agents that work over longer horizons, shaping the pacing of a long-form narrative, coordinating co-created
content across many sessions, and adjusting intensity under a standing objective such as sustained engagement without
overload. Entertainment is therefore rich in deployed anticipation but early in agenda relative to the other verticals here,
and its distinctive constraint is that stronger initiative is felt directly in immersion and authorship rather than in whether
a task succeeds. We organize the discussion around three roles: acting inside an interactive world, curating what a user
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Table 14 Representative proactive entertainment and media systems. Res. denotes research systems; Com. denotes commercial
products.

System Awareness Anticipation Agenda Arbitration Action Adaptation Deploy. Type
Generative Agents  Simulated world ~ LLM + memory Self-generated  Plan / reflect Initiated Memory, Simulation Res.
(Park et al., 2023)  events plans gating interactions (action) reflection
PUBG Ally Game state, On-device LLM Support the Per-event Speech, movement, Retraining on Game Com.
(Kim et al., 2026a) player speech player; reactivity priors,  combat (action) live play

in-match cooldowns

commitments
Spotify DJ Listening history, Recommender + Current Curation / timing  Lineup + Feedback App Com.
(Spotify, 2023) feedback LLM commentary listening commentary revision

session (suggestion/action)
Firefly Al Project assets, LLM agent Creator’s Asks along the Multi-step edits Learns creative ~ App Com.
Assistant app state described way; user can (gated action) preferences
(Key, 2026) outcome take over
RealJam Live musical Anticipatory model Current User-set silence, Musical — Software Res.
(Scarlatos et al., input performance lookahead, and accompaniment
2025b) only commitment (action)

windows

consumes, and co-creating content with the user. We close with how such agents are evaluated and the risks that make
calibrated initiative essential here. Table 14 summarizes selected systems spanning these three roles.

6.12.1 Acting Inside the World: Game and Embodied Agents

Some of the oldest proactive agents in entertainment act inside interactive worlds. Interactive drama introduced the
drama manager, an agent that watches an unfolding story and intervenes to shape pacing and coherence without being
asked, realized in Facade and developed across the interactive-narrative literature (Mateas, 2003; Riedl & Bulitko, 2013).
Believable autonomous characters complement it, pursuing their own goals and acting in the world rather than only
replying when addressed. Foundation models scale this from authored behavior to open-ended initiative: Generative
Agents shows simulated characters that observe events, store memories, form plans, and start interactions with no user
scripting each step (Park et al., 2023), and the pattern is entering production, where NVIDIA ACE supplies speech,
reasoning, and animation for interactive characters and its companions, such as a PUBG ally that advises, shares loot,
drives, and fights alongside the player, act on their own within the game (NVIDIA, 2026a; Burnes et al., 2025); that ally
has since shipped in a live-service beta that sets explicit per-event priors on whether to speak or act (Kim et al., 2026a).
This gives designers a ladder of initiative from commentary, to suggestion, to coordinated play, to direct action; higher
rungs enrich a world but demand stronger Arbitration, since an unwanted act can break play, story, or trust.

Embodiment raises the cost of acting. In VR and virtual worlds the agent is experienced as a body, a voice, and a spatial
presence, the regime studied for decades as embodied conversational and socially interactive agents (Cassell et al.,
2000). Initiative is now expressed through gaze, gesture, motion, and proximity, which raises costs that text interfaces
never face: a spoken interruption mid-scene, or an avatar that enters personal space, can feel intrusive in ways a small
notification would not (Adamczyk & Bailey, 2004; Bailenson et al., 2003). Well-timed initiative instead strengthens
presence when the agent makes its intent legible and respects the rules of the world (Dragan et al., 2013). Recent
evaluation of LLM-driven characters in VR reports gains in perceived realism and usability alongside persistent limits in
latency and emotional depth (Korkiakoski et al., 2025), and a companion that played a VR puzzle game autonomously
lowered enjoyment by reducing challenge and player autonomy (Zhang et al., 2026e). The Arbitration question in this
setting is how the agent controls timing, distance, modality, and reversibility so that initiative preserves rather than
breaks immersion.

6.12.2 Curating What Users See: Feeds and Recommendation

Outside embodied worlds, the most widely deployed proactive agents in entertainment are media recommenders that
decide what to play or show before any query. YouTube and TikTok rank video from interaction history and context, and
Spotify’s DJ assembles a personalized lineup with spoken commentary and revises it from feedback (YouTube, 2021;
TikTok, 2020; Spotify, 2023, 2026a). We treat the general mechanism, recommendation as proactive filtering together
with its conversational and preference-eliciting variants, as information access (§6.3); what is specific to entertainment
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is that the target is taste and attention rather than a stated information need. These systems are accordingly strong in
Awareness, Anticipation, and Adaptation but narrow in action: they rank and deliver content rather than act within a
shared world, and their recurring decision is Arbitration over when to surface the next item, how strongly to frame it,
and how easily the user can redirect the session.

6.12.3 Co-Creating Content and Performance

On the production side, agents help make content rather than deliver it, which the human-computer interaction literature
frames as mixed-initiative co-creativity, where creative agency is shared and the tool takes initiative as a partner instead of
waiting for each instruction (Deterding et al., 2017; Shneiderman, 2007). Deployed creative assistants follow this shape:
Adobe’s Firefly assistant plans and runs multi-step edits across creative applications from a described outcome, and
creator tools suggest ideas, titles, and thumbnails (Key, 2026; YouTube, 2026). Their proactive value is in maintaining
context, proposing next steps, and preparing editable candidates rather than a finished asset, and those candidates
have to be worth surfacing, which favors non-obvious, divergent options over literal completion, a leap-of-thought
rather than chain-of-thought style of generation (Zhong et al., 2024; Huang et al., 2025b). Live performance makes
timing the central problem. RealLJam anticipates future musical input and revises uncommitted future chords, keeping
committed chords fixed (Scarlatos et al., 2025b). Users set the initial silence period and the lookahead and commitment
horizons. Live Assistant learns intervention decisions for live streams, choosing whether to intervene, when, and whom
to address (Gao et al., 2026e).

6.12.4 Evaluation, Challenges, and Open Directions

Because the value is experiential, evaluation must look past task success to immersion (Jennett et al., 2008), acceptance,
and the cost of interruption (Adamczyk & Bailey, 2004), and the risks here are rarely physical. They are broken
immersion, spoilers, unfair in-game assistance, weakened authorship and a narrowing of creative diversity (Doshi &
Hauser, 2024), and misuse of a creator’s likeness or style (Bariach et al., 2024). The risk most specific to media is
that engagement is a poor proxy for enjoyment: optimizing it can amplify content that users say makes them worse
off while failing to track their stated satisfaction (Milli et al., 2025). The broader harms of choosing what a user sees,
such as filter bubbles, degenerate feedback loops, advertising incentives, and attention-capturing dark patterns, follow
the same logic as in information access (§6.3). The lesson is a graded initiative contract: proactive output is safest
as a suggestion, cue, preview, or rehearsal that the user can accept or drop, with stronger action reserved for review.
Several open directions are specific to entertainment. Immersion agents could work over longer horizons, shaping
long-form pacing and coordinating co-created content across sessions rather than resetting each one. Embodied and
live-performance settings need real-time timing and legibility methods, so that the agent signals its intent before it acts.
As the tool takes more initiative, authorship, likeness, and creative diversity need explicit safeguards. Evaluation should
also reward stated satisfaction over raw engagement. In entertainment, mature proactiveness is not intervening more
often or forcing deeper immersion, but timing each intervention through an Arbitration gate (§4.4) so that it deepens the
experience and leaves play, taste, and authorship with the user.

6.13 Agents for Agriculture

Agricultural decisions often need to be made under uncertain environmental conditions and within time-sensitive
biological growth cycles, before problems become fully visible, making proactive intervention particularly important.
Water stress, disease pressure, and weather risks may already be developing when symptoms remain weak, while delayed
intervention can remove cheaper or safer options. Proactive agricultural agents can therefore monitor relevant conditions,
such as crops, soil, and weather, and determine when additional measurement, advice, or intervention is needed, or when
existing operations should be adjusted.

In agricultural applications, proactiveness takes different forms depending on the task. Field sensing and management
support timely monitoring and resource allocation; pest and disease management enables early risk detection and
intervention; and operational coordination helps adapt resource allocation and task schedules to changing conditions.
Existing systems address these needs within specific agricultural settings, with varying degrees of autonomy and
integration. Table 15 compares selected agricultural systems across the six mechanisms.
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Table 15 Representative proactive agricultural-agent systems. Res. denotes research systems; Com. denotes commercial products.

System Awareness Anticipation Agenda Arbitration Action Adaptation Deploy. Type
ASA (Pardo-Pina  Greenhouse Condition Greenhouse- Agent-based Management Updates support ~ Software Res.
et al., 2026) telemetry, changes requiring management integration of recommendations from new
analytics attention objective sensing and RAG  (suggestion) telemetry and
support retrieved context
Agri-SAGE (Bala- Field context, Consequences Agronomic- Multi-agent Context-aware Refines advice ~ Software Res.
subramaniam crop state under simulated  management reasoning + agronomic advice using simulation
et al., 2026) crop dynamics objective APSIM validation (suggestion) outcomes
Community Crop water needs, Water scarcity Shared Negotiation Water redistribution Allocation Simulation  Res.
Irrigation resource and allocation irrigation among farm (action) changes with
MAS (Chiewchan availability consequences objective agents demand and
etal., 2022) scarcity
PestMA (Shi Pest query, Management Pest- Editor—Retriever— Pest-management Revises recom-  Software Res.
et al., 2025b) external evidence risks and management Validator recommendations mendations
evidence gaps objective coordination (suggestion) through retrieval

and validation

PDD-Agent (Qin ~ Multimodal crop  Potential Disease- Orchestration of ~ Disease diagnosis and - Software Res.
et al., 2025a) observations plant-disease diagnosis specialized management support
state objective diagnostic tools  (suggestion)
UAV Pest Real-time pest Pest distribution ~ Pest-monitoring Swarm path UAV-based pest Reallocates Physical Res.
Management (Chu  observations and task demand  objective planning and task monitoring (action) paths and tasks
& Bao, 2025) allocation as conditions
change

6.13.1 Field Sensing, Management, and Operational Coordination

Agricultural agents can support field monitoring by maintaining an updated view of field conditions. AgriSentinel (Mylay
et al., 2025) combines image-based crop-disease classification with on-device management suggestions. The distributed
precision-agriculture framework in (Davcev et al., 2026) connects heterogeneous sensing with agent-based reasoning and
adaptive decisions, while the Agent-Based Service Architecture (ASA) (Pardo-Pina et al., 2026) organizes greenhouse
telemetry, analytics, and RAG-grounded decision support within a shared agent architecture. The wireless-sensor-
network architecture in (Villarrubia et al., 2017) further integrates distributed sensing with multi-agent monitoring for
crop irrigation.

Beyond monitoring, agricultural agents can support management decisions using available field information. Agri-
SAGE (Balasubramaniam et al., 2026) couples multi-agent LLM reasoning with APSIM crop simulation to generate and
validate context-aware agronomic advice, while AgroAskAl (Cantonjos & Biswas, 2025) coordinates role-specialized
agents and external tools for locally grounded climate-adaptation support. The irrigation-and-fertigation framework in
(Adamo et al., 2025) models resource management as sequential decisions driven by real-time IoT measurements. More
broadly, the agricultural-agent framework in (Li et al., 2026k) organizes perception, knowledge and memory, planning,
action, and feedback into a closed-loop view of agricultural intelligence. These systems illustrate different approaches
to supporting agricultural decisions based on observed conditions, simulation, and external information.

Agricultural operations may also require coordination across multiple agents, resources, or activities. The community-
irrigation multi-agent system in (Chiewchan et al., 2022) models farms as agents that estimate crop water needs and
negotiate water redistribution under scarcity. The greenhouse-production multi-agent system in (Ferentinos et al.,
2005) coordinates agents responsible for root-zone and aerial environments through supervisory-level negotiation. The
agri-robot fleet coordination approach in (Lujak et al., 2020) studies distributed and decentralized coordination for
heterogeneous agricultural vehicles and dynamic task assignment.

These works demonstrate sensing, management, and coordination within specific agricultural applications. However,
their capabilities remain largely tied to particular tasks and operational settings. An open direction is to investigate
how changes in field conditions, resource availability, or operational constraints can inform subsequent decisions and
adjustments when coordination across activities is needed.
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6.13.2 Agricultural Risk Detection and Intervention

Pest and disease management requires timely detection and intervention, as emerging threats may become easier to
identify while the available intervention window narrows. PestMA (Shi et al., 2025b) uses Editor, Retriever, and Validator
agents to retrieve external pest-management evidence, synthesize recommendations, and validate them. PDD-Agent (Qin
et al., 2025a) uses a multimodal agent to orchestrate specialized tools for plant-disease diagnosis. The UAV-based
pest-management system in (Chu & Bao, 2025) connects real-time pest classification with swarm path planning and task
allocation, extending threat recognition toward deployment decisions. The smart-farming agentic framework in (Murad
et al., 2026) further integrates soil, weather, disease-detection, and farmer-facing components within a broader decision
pipeline.

Current systems mostly begin from an observed image, query, sensor condition, or external signal. Stronger proactive
agents could combine such evidence with crop stage, forecasts, exposure, and prior observations to anticipate emerging
risks and initiate appropriate actions, such as targeted inspection, increased monitoring, early warnings, or preventive
treatment, while accounting for uncertainty and intervention costs.

6.13.3 Evaluation, Challenges, and Open Directions

Agricultural agents should be evaluated by whether their proactive behavior leads to timely and appropriate decisions as
conditions evolve. Recommendation accuracy remains important, but it does not capture whether an agent acted early
enough to be useful, intervened when intervention was actually warranted, or refrained from acting when evidence was
insufficient. Evaluation should therefore consider lead time, unnecessary interventions, escalation quality, resource
use, and adaptation to subsequent observations. These criteria are application dependent: a disease-management agent
should identify emerging risks early without triggering unnecessary treatments, whereas an irrigation-management agent
must balance timely intervention against water consumption. Importantly, inaction can itself be an appropriate proactive
decision when the expected benefit of intervention is low or uncertainty remains high.

A central challenge is determining when an agent should initiate action without an explicit task request. Agricultural
environments generate continuous streams of weak, noisy, and sometimes conflicting signals, while the consequences of
acting too early and too late can both be substantial. Proactive agents therefore need to relate observations to longer-term
operational objectives, recognize when evolving conditions create a meaningful need for attention, and decide whether
to monitor, gather additional information, alert a user, or intervene. This requires more than executing predefined
workflows: the agent must infer when a latent objective has become actionable and calibrate the scope and urgency of its
response under uncertainty and resource constraints. Open questions include how such initiative should be grounded in
persistent goals, how intervention thresholds should adapt across farms and seasons, and how agents can remain useful
without becoming unnecessarily intrusive or overactive.

6.14 Cross-Industry Trends

The preceding verticals of proactive Al agents differ in many important ways. For instance, they differ in their data,
their tolerance for error, their regulators, and the horizon over which their consequences arrive. However, despite these
differences, three patterns recur across domains (Figure 15). Many systems now use a common architecture, with
foundation-model cores and domain-specialized machinery (§6.14.2). Across these domains, agents are also being asked
to carry whole workflows, not just respond within them (§6.14.3). Progress still differs by domain. A consistent divider
is the cost and quality of feedback on whether a self-initiated action was correct (§6.14.4). The remaining subsections
expand on these ideas: First, we overview the relative maturity of proactivity in each vertical. Then we expand on
each of the three trends. The per-vertical tables in the preceding subsections summarize the systems on which these
observations rest, and Table 16 places each domain on a common ladder.

6.14.1 Proactive Maturity Across Domains

In this section, we evaluate the maturity of proactivity in systems across the many previously surveyed verticals. In
service of this goal, we start by reiterating a shared measure of proactivity. We place the surveyed systems on a common
informal scale of initiative, distinguishing reactive, trigger-initiated, forecast-initiated, mandate-directed, and agenda-
generative behavior. The scale asks where the agent’s task comes from and tracks the anticipation-to-agenda progression
of the mechanism chapter. A reactive system executes an instruction or a user-authored rule. A trigger-initiated system
notices a condition that has already occurred and surfaces it. A forecast-initiated system acts on a latent need or failure
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Figure 15 Three cross-industry trends in proactive AIl. Foundation models increasingly serve as shared cores complemented by
domain-specific models, tools, and infrastructure. Applications are expanding toward complex, long-horizon workflows that require
agents to discover and organize work left implicit by delegated objectives. Further improvement is constrained by verification and
feedback infrastructure, whose cost, speed, and reliability determine how effectively agents can learn from self-initiated actions.

before it manifests, which is the step that Anticipation supplies (§4.2). A mandate-directed system holds standing
objectives and discovers, prioritizes, and revisits the work that advances them, and an agenda-generative system revises
those objectives themselves; these last two are the committed-goal and goal-generation steps of Agenda (§4.3). The
scale is a discretization of the reactivity—proactivity spectrum of §2 rather than a separate construct, and, as that section
stresses, a single system can occupy different points on it depending on time scale, confidence, and operational context.

The six-capacity framework connects the discovery and organization of candidate work through Anticipation and Agenda
with decisions about intervention and execution through Arbitration and Action. We therefore read each domain on a
second, orthogonal axis, the authority the agent is granted over its first move, which is the levels-of-autonomy spectrum
of §4.5.1: whether it may only suggest, may act inside a gate such as a sandbox, branch, simulator, or approval workflow,
or may act unsupervised. The two axes move independently. Autonomous-research systems can combine deep execution
autonomy with task-scoped initiative under a human-specified top-level question (Lu et al., 2024; Xing et al., 2026);
smart-home platforms can initiate a large share of interactions with very little authority behind any single act (Eberhardt,
2022). Each cell reports in Table 16 where the systems surveyed in that domain’s subsection most consistently sit on the
initiative ladder, and a hyphen between two rungs means the surveyed set spans both.

Three comparative observations follow from the table. First, deployment and initiative are decoupled. The home is
deployment-rich but initiative-shallow, while the city combines forecast-initiated assistance with limited action authority:
municipal forecasting is excellent and closed-loop municipal action is rare, because authority there is diffuse and every
action is a public act (§7.2). Autonomous research is the extreme case, autonomy-deep and barely deployed. Second, no
vertical has reached the agenda-generative rung, and several argue that it should not. For example, in security, healthcare,
law, and education the surveyed systems converge on the same target, mandate-directed initiative under bounded
authority, in which greater proactiveness expands what the agent notices, investigates, and prepares while consequential
acts remain gated by policy and professional responsibility (Anthropic, 2026d; Gallifant et al., 2025). The frontier in
these domains is the quality of initiative, not the scope of unsupervised authority. Third, feedback conditions differ
substantially across domains. Coding agents can often test proposed changes before deployment, whereas feedback from
physical experiments and seasonal or civic interventions can be slower, costlier, or more diffuse. These differences affect
how readily agents can verify and revise self-initiated work. Model capability, execution reliability, and governance also
constrain progress, as the maturity table indicates. This is the subject of §6.14.4.
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Table 16 A proactive-maturity map of the surveyed domains. Initiative places each domain on a five-rung ladder that tracks the
anticipation-to-agenda progression: reactive — trigger-initiated — forecast-initiated — mandate-directed — agenda-generative
(§6.14.1); a hyphen between two rungs means the surveyed set in that domain spans both. Authority is the orthogonal levels-of-
autonomy axis of what the agent is permitted to do on its first move (§4.5.1). Binding constraint names the dominant limiter on

further progress, which may be a capability, feedback, governance, or evaluation gap depending on the domain.

Domain Initiative Authority Next milestone Binding constraint

Coding Forecast-mandate ~ Gated action Repository custodian under standing ob- Incomplete oracles; manual review budget
jectives

GUI agents / CUA  Forecast-mandate ~ Gated action Persistent cross-app operator with Atomic operation proficiency; privacy;

Information access

Forecast

Suggestion

bounded delegation

Persistent, revisable model of evolving
user info needs

permissions

User model; benchmark coverage of ap-
propriate silence

Embodied / robotics Reactive—mandate ~Gated action Mutual-cognitive partner inferring human Latency; physical irreversibility; general-
intent ization
Security Trigger—forecast ~ Gated action Mandate-directed defense; reversible pre- Verification and remediation throughput
positioning
AutoResearch Mandate Gated action Agent-originated research agendas with Novelty and significance; cost and latency
resource-aware design of the physical oracle
Smart home Trigger—forecast ~ Acceptance- Ambient orchestration under standing ob- Arbitration: will the act be welcome?
gated action jectives
Smart city Forecast Suggestion Supervised anticipatory infrastructure op- Diffuse authority; public accountability
erations
Healthcare Trigger—forecast ~ Clinician-gated Longitudinal, multi-visit proactive care Evidence standards; liability
Law Trigger—forecast  Attorney-gated  Strategy-aware assistance across a mat- Professional responsibility; confidentiality
ter’s lifecycle
Education Trigger Suggestion Trajectory-aware learning-path planning  Slow, noisy outcome feedback
Agriculture Trigger Gated action Season-aware coordination and preventive Seasonal feedback latency
intervention
Entertainment Forecast Suggestion / Anticipatory immersion across sessions  Noisy user satisfaction feedback
action

6.14.2 Trend 1: A Shared Architecture with Domain-Specific Specialization

Across these verticals, proactive systems are increasingly built on a common architecture: a foundation-model core
paired with domain-specialized machinery. In most domains surveyed here the reasoning core is a large language or
multimodal model: coding agents run an LLM loop over the repository (Anthropic, 2025; OpenAl, 2025a; GitHub,
2025); GUI agents drive an MLLM over screenshots (Hong et al., 2024; Kong et al., 2026); autonomous-research
systems wrap an LLM in tools and experiment loops (Boiko et al., 2023b; Lu et al., 2024; Gottweis et al., 2026); and
legal, medical, and urban agents are typically one or more LLMs over domain tools and retrieval (Wang & Yuan, 2025;
Tang et al., 2023; Li et al., 2024d). The value of the shared core is specific and worth naming: parameterized world
knowledge is what lets a single system anticipate a latent need (§4.2) in open-world situations without the domain-
specific engineering that earlier paradigms required, and most systems reach workable behavior with no task-specific
training. Anticipation, historically the expensive part of a proactive system, has become close to a commodity.

The key architectural differences are everything the domain contributes beneath and around that core, and the boundaries
of foundation-model primacy mark where domains tend to differ. Systems without an LLM core cluster at the two data
extremes. At the low-data, low-latency end a narrow quantitative signal suffices and nothing heavier is warranted: the
Observe—Ask—Intervene agent gates on measured speaking time (Houtti et al., 2025), and WorkFit acts on smartwatch
thresholds (Ahire et al., 2024). At the high-data end, domains with enormous proprietary corpora train bespoke models
rather than adopt a pretrained prior, as AlphaZero does from self-play (Silver et al., 2017) and Alexa’s Hunches do
by learning device and home embeddings over fleet-scale logs (Eberhardt, 2022). Even where an LLM is present it
usually sits atop a domain-specific predictive substrate rather than replacing it: security systems remain hybrids of LLM
reasoning over purpose-built detectors because general-purpose agents still underperform specialized static analysis
(Yohn et al., 2026), and cities retain spatio-temporal forecasters under an LLM interface (Li et al., 2024d). The emerging
architecture is therefore layered rather than monolithic: a general reasoner supplies anticipation and agenda, a domain
model supplies calibrated prediction, and a domain gate supplies authority.

Embodiment adds a second boundary, about latency rather than data. Continuous physical control cannot wait on slow
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deliberation, which forces hybrid fast—slow designs: ProAct couples a fast behavioral stream to a slower LLM cognitive
system (Zhang et al., 20261), industrial robots adjust motion in real time from proximity and physiological signals while
a deliberative layer plans above them (Hostettler et al., 2024), and wearable assistants split a light always-on monitor
from a heavier reasoner to keep continuous awareness affordable (Chen et al., 2025d; Wen et al., 2025b). Given the
standing energy and latency cost of always-on awareness (§4.1), foundation-model cores will likely remain dominant
as efficiency improves. The boundary cases are nonetheless a useful corrective, since they show the LLM to be one
substrate among several, selected by a domain’s data-and-latency regime rather than by default, and they predict where
the shared substrate will arrive last: in domains that are either too thin or too rich in data, or too fast to wait for a token.

6.14.3 Trend 2: From Assisting Humans to Carrying Workflows

A second cross-domain pattern is that agents are increasingly assigned whole workflows instead of individual steps
within them. Earlier proactive systems clustered around proactive suggestion, such as code completions, health prompts,
assistant reminders, recommended items, or clarifying questions, each of which augments a human who remains the
operator of the task. What a growing subset of frontier systems now do is carry a workflow that previously required
a person: a coding agent turns an assigned issue into a reviewed pull request (OpenAl, 2025a; GitHub, 2025), a GUI
agent accepts bounded delegation across applications (Zhao et al., 2025c; Ye et al., 2026¢), a research system runs
an experimental loop end to end (Boiko et al., 2023b; Szymanski et al., 2023), and a security agent scans, validates,
and drafts a patch (Anthropic, 2026d). Workflows can contain latent work that nobody thought to request, arrive with
incomplete specifications, and span interruptions. Proactiveness lets an agent identify and pursue additional work that
advances a longer-horizon objective.

This shift is visible in the human’s role, which moves along the workflow from operator to collaborator to reviewer. It is
most advanced in software, where the developer no longer specifies each edit but defines an outcome, constraints, and
acceptance conditions, and then reviews evidence; the same rotation is underway for clinicians and attorneys, whose
surveyed systems all place a professional at a review gate rather than at the keyboard. The rotation explains why so
many domain conclusions above converge on the same next milestone. Encounter-bounded medicine wants longitudinal
responsibility, matter-bounded law wants lifecycle strategy, interaction-bounded tutoring wants trajectory-aware learning
paths, and issue-triggered coding wants a repository custodian (Thai et al., 2025; Chen et al., 2026¢): in each case the
demand is for an agent that holds an objective across time rather than a task within a session.

Crucially, the systems taking consequential first moves are not the least constrained ones. As the authority axis above
records, they scale the strength of the first move to risk, reversibility, and confidence (§4.4.4) and engineer the gate
before granting the initiative: coding agents act inside sandboxes and review, and Alexa’s Hunches complete actions
behind a learned acceptance model. What is spreading, in other words, is not autonomy but initiative that a principal can
safely accept, which is why the gate travels with the capability across domains that share nothing else. The workflow
shift and the graduated-authority pattern are two faces of the same move: an agent may hold a longer objective only
insofar as its acts on that objective stay gated.

6.14.4 Trend 3: Verification and Feedback Infrastructure Is a Key Constraint

The common architecture of §6.14.2 does not produce uniform progress across domains. An important source of
variation is how cheaply, quickly, and reliably the environment provides feedback on proactive behavior (§4.6.1). Timely,
reliable feedback can support repeated testing and correction, provided agents can execute the relevant actions and
interpret the results. Software is the paradigm case, since a compiler, type checker, test suite, linter, or CI run can
reject a change before a human sees it, so a coding agent can treat its own edits as verifiable state transitions and
self-verify rather than emit ungrounded text (Ning et al., 2026d). The frontier has accordingly moved from generation to
closed-loop engineering, in which the agent reviews its own diffs, requests further agent or human review, and iterates
until reviewers are satisfied (Lopopolo, 2026; Anthropic, 2026b). Machine-learning research can use a similar feedback
loop by running training code and scoring a benchmark, supporting autonomous-research systems that propose and test
their own research ideas (Lu et al., 2024; Yamada et al., 2025).

Where the oracle is slow or expensive, repeated testing and correction become harder to sustain without supporting
infrastructure. A wet-lab assay or materials synthesis turns every action into a costly, sometimes irreversible bet, so
the burden shifts from executing experiments to deciding which experiments are worth running (Boiko et al., 2023b;
Szymanski et al., 2023), which connects proactive research to active learning and Bayesian experimental design (Settles,
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2009; Chaloner & Verdinelli, 1995). Agriculture and education face the same problem in temporal form, since the
outcome of an intervention may not be observable for a season or a semester. Recent engineering addresses these
feedback constraints: cloud and self-driving laboratories reduce the latency of the oracle (Armer et al., 2023; Abolhasani
& Kumacheva, 2023); research-state infrastructure preserves what experiments returned so a later agent can verify and
extend rather than restart (Schmidgall & Moor, 2025; Anthropic, 2026a); and city operators substitute simulation for
the costly street trial, rehearsing interventions against synthetic populations in urban digital twins before deploying
them (Xu et al., 2024b; Piao et al., 2025). The digital twin and the self-driving lab are the same move made in different
domains: buy a cheap oracle so that initiative becomes affordable.

Two implications follow for verification and evaluation. First, capability gains can shift the burden from generating
candidate work to checking and completing it. Under Project Glasswing, partners reported over ten thousand high- or
critical-severity vulnerability findings within a month, and the binding constraint moved from finding vulnerabilities
to verifying, disclosing, and patching them (Anthropic, 2026g,h); a proactive agent that can generate more candidate
work than its principal can check has shifted the cost rather than paid it. The second is that our evaluations are not
yet measuring the thing that limits us. Benchmarks still largely specify what the agent should work on and then
score whether it succeeded, which measures execution under a reactively supplied agenda (Jimenez et al., 2024). A
mandate-directed agent must instead be scored on whether it discovered work worth doing, prioritized it correctly, chose
a proportionate intervention, and recognized when no intervention was preferable, and the metrics that would support
this, such as task-discovery precision and recall, interruption cost, human verification effort, and reward for correct
silence, remain scattered and domain-specific (Chen et al., 2026c; Samarinas & Zamani, 2024; Tang et al., 2026b)
(§85). Further progress will require advances in model and execution capabilities supported by trustworthy feedback and
verification. Evaluation should assess both the value of self-initiated work and whether an agent appropriately refrains
from acting.

7 Future Work: Towards Calibrated Proactiveness

Current systems implement proactive capabilities only partially (§ 4 and § 6). The long-term objective is calibrated,
governable proactiveness that is useful across realistic contexts. Future proactive agents may become situated partners
that can anticipate needs, manage long-horizon goals, and intervene across conversational, multimodal, embodied, and
ambient environments, including robotics, household assistance, wearable devices, workplace support, and personalized
daily planning. In these settings, proactiveness involves self-initiation, latent-need detection, goal formation, intervention
arbitration, and cross-context action. Calibration is needed to determine when initiative is helpful, when clarification is
needed, when human approval is required, and when inaction is preferable. Greater initiative may be useful, intrusive,
unsafe, or misaligned, depending on its calibration and context.

Calibrated proactiveness calls for connected advances in capabilities, governance, and application development. Techni-
cal and evaluative progress should support agents in anticipating needs, initiating actions, and sustaining assistance over
long-horizon interactions (§7.1). Governance needs to preserve safety, trustworthiness, and human agency when agents
initiate action (§7.2). Application development should consider how calibrated proactive agents may affect products,
workflows, organizational roles, and modes of human supervision across domains such as work, finance, education, and
healthcare (§7.3).

7.1 Steps to Take for Advancing Proactiveness
7.1.1 Evaluation Beyond Narrow Applications, Static Performance, and Coarse-Grained Metrics

Evaluation needs to cover agents that anticipate needs, manage long-horizon goals, and intervene appropriately across
diverse interaction contexts. Relevant contexts include text-based conversations and multimodal, embodied, and ambient
environments, including robotics, household assistance, wearable devices, workplace support, and personalized daily
planning, as indicated across the domain tables in Section 6. Alongside single-turn response correctness, evaluation
should assess whether the agent recognizes useful occasions for intervention, chooses an appropriate level of initiative,
preserves user control, and adapts as the user’s goals and environment evolve over time.

Many evaluations treat proactiveness as a turn-level prediction problem in conversational settings (Chen et al., 2025d),
where task-specific response skills may be acquired through post-training. Such tests provide limited evidence about
self-initiation, as defined in § 2, as a generalizable capability. More general benchmarks, such as ProCIS (Samarinas
& Zamani, 2024), Ask-Before-Plan (Zhang et al., 2024h), and ProactiveBench (Lu et al., 20252a), begin to evaluate
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proactive behavior in predominantly single-turn and text-based scenarios. As a result, they provide limited evidence
about whether proactive agents can generalize across modalities, domains, task horizons, and levels of environmental
complexity. Future benchmarks should cover near-term conversational agents and longer-term embodied or ambient
agents, with tasks that vary in temporal horizon, user involvement, risk level, and contextual uncertainty.

Many proactive actions occur without a direct user request. Actions that improve task outcomes may be perceived
as helpful, intrusive, distracting, premature, or overly controlling depending on their timing, context, and degree of
autonomy. Future evaluation should therefore measure task outcomes together with how users experience agent initiative.
General user-experience and usability instruments, such as UEQ (User Experience Questionnaire) (Laugwitz et al., 2008)
and SUS (System Usability Scale) (Brooke, 1995), can provide useful system-level signals. Targeted measures should
assess trust, reliance, perceived control, interruption cost, willingness to accept suggestions, and perceived respect for
human agency. Technical correctness can coexist with user-perceived miscalibration.

Task success and user satisfaction provide limited evidence about the mechanisms producing an agent’s behavior.
Memorized patterns, alignment-tuned responses, and task-specific shortcuts may influence these outcomes. Future
benchmarks should therefore include fine-grained tests for core proactive mechanisms, including self-initiation, world
modeling, sub-goal proposal, intervention timing, initiative arbitration, action-level validation, and cross-context
generalization. A unit-test-style evaluation could separately probe each mechanism before evaluating the full agent in
integrated long-horizon tasks. These tests should assess decisions to act, ask, defer, or remain silent across settings.

A unified benchmark design should combine broader application settings, user-centered metrics, and mechanism-level
tests. Together, these components can assess whether agents improve task outcomes and sustain calibrated, governable,
and user-aligned proactiveness across realistic contexts.

7.1.2 Strengthening Calibrated Proactiveness Through Mechanism-Level Advances

Toward Unified, Resource-Aware, and Robust Situation Awareness. Maintaining a reliable estimate of the current
situation supports anticipation and timely intervention (§ 4.1). Existing work has developed building blocks for this
capacity across different settings, including multimodal state tracking and context management (Yang et al., 2025b),
continuous personal memory (Wang & Chen, 2025), online video understanding (Chen et al., 2024a), active information
gathering (Choudhury et al., 2026), and proactive triggering (Lu et al., 2025a). Future work should develop unified
situation-awareness architectures that integrate perception, memory, active information seeking, runtime triggering, tool
outputs, dialogue history, screen state, user behavior, and environmental signals into a shared representation of the user,
task, and environment that supports anticipation, agenda formation, and arbitration. The shared representation needs
compression because proactive agents operate over continuous streams of information that cannot be fully retained
in a bounded context window. Agents must decide what to keep, summarize, retrieve, forget, or page into memory.
Existing work on streaming language models (Xiao et al., 2024), virtual context management (Packer et al., 2023), and
sleep-time computation (Lin et al., 2025) provides early steps in this direction. Future compression mechanisms should
be optimized specifically for proactiveness: they should preserve information that may support future anticipation,
discard irrelevant details, and retain enough evidence to justify why an intervention was triggered.

Situation-awareness systems should allocate computation, memory, sensing, and interaction according to contextual
importance. Candidate approaches include triage, selective attention (Vaswani et al., 2017), information filtering,
priority management, adaptive compression, and background or “dream-time” computation during periods of low system
demand (Lin et al., 2025). For example, hierarchical awareness systems could use low-cost monitors to continuously tag
incoming context according to novelty, urgency, uncertainty, user relevance, risk, and potential need for intervention.
When these signals indicate that a moment is important, ambiguous, or high-stakes, the agent could escalate to more
expensive processing, such as deeper multimodal interpretation, memory retrieval, active information gathering, tool use,
or explicit clarification. In parallel, attention and information-selection mechanisms could restrict processing to the most
relevant portions of a long context, while background computation could reorganize memory, consolidate previously
observed experiences, or precompute likely future needs without delaying ongoing interaction. Some resource allocation
may also occur below the software layer. For instance, on-device sensors, low-power processors, or hardware-level
event triggers in mobile and IoT environments (Baccour et al., 2022) could detect salient environmental changes before
activating more computationally expensive models. Hardware-assisted mechanisms can provide an efficient first stage for
software-level reasoning over large, continuous streams of multimodal data. Together, these complementary mechanisms
allow routine context to be compressed, summarized, deferred, or ignored, while high-value moments receive richer
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analysis before the agent forms a sub-goal, arbitrates intervention, or initiates action. Compression keeps long-running
context usable, and adaptive resource allocation determines which parts of that context require deeper understanding.

Temporal freshness, uncertainty awareness, noise handling, and cross-context coherence affect the quality of situation
estimates. Temporal freshness is necessary because proactive agents may act on long-term memories, yet stale
preferences or outdated task states can cause errors in unsolicited interventions; long-term memory systems (Zhong
et al., 2023), temporal knowledge graphs (Rasmussen et al., 2025), and long-memory evaluation (Wu et al., 2025b) show
why this matters. Uncertainty awareness is necessary because multimodal perception, user-state inference, and active
sensing are noisy; egocentric vision (Grauman et al., 2022), wearable activity recognition (Zhang et al., 2022), and
gaze-based intention estimation (Belardinelli, 2023) each provide partial evidence. Cross-context coherence is necessary
because proactive agents must reconcile evidence from dialogue, screen state, sensors, memory, and external tools;
screen and interface understanding (Baechler et al., 2024), native GUI state tracking (Qin et al., 2025c¢), and on-device
proactive context modeling (Li et al., 2024c) illustrate the diversity of such evidence sources. Awareness errors in these
dimensions may propagate through the proactive pipeline, leading the agent to anticipate the wrong need, adopt the
wrong goal, intervene at the wrong moment, or learn the wrong lesson from feedback. Future work should incorporate
unification, compression, adaptive resource allocation, temporal updating, uncertainty estimation, and cross-context
reconciliation into the awareness layer.

Toward Generalizable Anticipation. Anticipating latent needs, future risks, and emerging opportunities before they are
explicitly stated requires models that generalize across users, entities, tasks, environments, interface states, and temporal
horizons (§ 4.2). Predictions of user behavior, environmental dynamics, interface transitions, and task consequences
should indicate whether an unmet need, a preventable failure, a timely opportunity, or a situation requiring clarification
or human approval may arise. Existing work provides useful foundations for this capacity, including user intent modeling
(Qian et al., 2024; Liu et al., 2025a), Theory-of-Mind-style reasoning (Kosinski, 2024), plan and intent recognition
(Kautz & Allen, 1986), learned world models (Ha & Schmidhuber, 2018), generative visual simulators (Bruce et al.,
2024), and scenario-level reasoning (Yao et al., 2023a). Future work should develop unified anticipation models that
can transfer across different prediction targets and contexts while representing the downstream relevance of predicted
states. The anticipation layer should provide sufficiently rich forecasts for subsequent agenda formation and arbitration
to compare acting, asking, deferring, and remaining silent.

Continuous forecasting needs to remain effective across computational conditions and levels of contextual complexity.
Proactive agents may need to forecast continuously over long-running interaction streams. Expensive world models,
user simulations, or multi-step rollouts cannot be invoked for every possible future at every moment. Future work should
therefore connect anticipation with the resource-aware situation-awareness layer: lightweight forecasting mechanisms
may handle routine and short-horizon developments, while deeper world models, counterfactual reasoning, or user-state
inference can be activated when the current context contains greater novelty, uncertainty, risk, or user relevance. This
allocation should support generalization from simple, frequently occurring cases to complex situations that require
richer simulation. This challenge is compounded by the brittleness of current models. Targeted benchmarks show
that Theory-of-Mind reasoning by LLMs on false-belief tasks can fail under perturbations, interactive information
asymmetry, or cases in which the model must use the inferred mental state to reason about subsequent behavior (Ullman,
2023; Kim et al., 2023; Chen et al., 2024d). Learned world models, generative visual simulators, and user-behavior
models (Hafner et al., 2025; Bruce et al., 2024; Wang et al., 2024d; Shen et al., 2026a) still struggle to produce reliable
predictions across open-ended environments, unfamiliar users, and long temporal horizons. Future proactive systems
therefore need anticipation mechanisms that can adapt the depth and form of forecasting to the complexity of the current
situation without sacrificing reliability.

Generalization should cover predictions of the most likely next state and reasoning about alternative, causal, and
counterfactual futures. A proactive agent may need to represent what is likely to happen under continued observation,
an external change, a possible user action, or different forms of agent assistance. Counterfactual reasoning (Pearl,
2009; Kiciman et al., 2024) can help world models estimate how future trajectories may differ under alternative
conditions, including whether a potential action would improve the future relative to waiting or remaining silent. The
anticipation layer should generate comparable forecasts of potential consequences for downstream agenda and arbitration
mechanisms to evaluate in terms of benefits, risks, priorities, and user authority. LLM-based causal and counterfactual
reasoning remains fragile under genuine counterfactual queries, distribution shifts, and partially observable agentic
settings (Jin et al., 2024c; Bharadwaj et al., 2026). Future work should investigate world models that generalize across
observed trajectories and plausible yet unseen courses of events while distinguishing statistical plausibility from causal
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consequence.

Forecasts used to guide unsolicited behavior need observable evidence and explicit uncertainty. Anticipated needs
and future states should be tied to concrete signals from user behavior, environmental dynamics, interaction history,
task progress, and observed outcomes. Multimodal signals, such as procedure planning Chang et al. (2020); Liu et al.
(2023a), egocentric action anticipation (Furnari & Farinella, 2020; Shen et al., 2026a), gaze-based intention estimation
(Belardinelli, 2023), and multimodal Theory-of-Mind reasoning (Jin et al., 2024a), can ground forecasts in what the user
is seeing, doing, or likely intending. Dialogue rollouts, user simulators, and generative-agent societies (Zhang et al.,
2025f; Luo et al., 2024a; Park et al., 2023) can further help agents rehearse future interactions, but simulated users may
become miscalibrated proxies that over-accept suggestions or reinforce sycophantic assumptions (Sharma et al., 2025;
Seshadri et al., 2026; Wang et al., 2025d). Future work should therefore build anticipation layers that jointly represent
predicted future states, alternative trajectories, supporting evidence, model assumptions, and predictive uncertainty.
Such representations should indicate where a prediction transfers reliably, where additional evidence is required, and
where downstream mechanisms should continue observing.

Toward Accountable, Revisable, and User-Directed Agendas. Forming an agenda from anticipated needs requires
an accountable choice of goals to pursue (§ 4.3). Existing work has explored goal generation from anticipated needs
(Molineaux et al., 2010; Klenk et al., 2013), intrinsic goal formation (Oudeyer et al., 2007; Barto et al., 2004), open-ended
curriculum construction (Wang et al., 2024a), proactive task suggestion (Lu et al., 20252a), and long-horizon standing
agendas (Shi et al., 2026b). Current systems often blur the boundary between identifying that something may be useful
and deciding that the agent should pursue it as a goal. Future agenda mechanisms should therefore expose why a latent
need is promoted into an agenda item, how it relates to the user’s explicit objectives, what evidence supports it, and
under what conditions it should be reconsidered or abandoned. This would make self-generated goals more accountable
while helping users understand and calibrate trust in the agent’s initiative.

Proactive agendas need to support revision as the user’s priorities, task state, available resources, and environmental
conditions change. An agenda formed from uncertain predictions may become invalid when those predictions or other
underlying assumptions change. For example, in assembly tasks, an initially planned sequence may become infeasible
once the agent discovers that certain steps are not physically executable (Jing et al., 2026; Liu et al., 2026e,g). Future
systems should therefore support intention reconsideration, goal revision, plan repair, suspension, and dependency-aware
replanning, allowing an agenda item to be updated, deferred, replaced, or abandoned when its underlying assumptions
no longer hold. The persistence of long-horizon commitments should depend on their continuing justification.

Competing agenda items need to be prioritized under user direction. A proactive agent may simultaneously hold explicit
user requests, standing delegated goals, inferred latent needs, and internally generated objectives. Work on intention
reconsideration (Kinny & Georgeff, 1991; Schut et al., 2004), multi-objective goal selection (Roijers et al., 2014;
Hayes et al., 2022), proactive-dialogue goal steering (Deng et al., 2023b; Liu et al., 2025f), and user-aware notification
suppression (Rizk et al., 2020) provides foundations for agenda management. Future systems should rank agenda
items by expected utility, feasibility, user priority, urgency, reversibility, resource cost, and potential interference with
the user’s current task. They should also preserve clear distinctions among user-requested, delegated, inferred, and
self-generated goals, with stronger authorization requirements for goals that are less directly grounded in explicit user
intent.

Users should retain the ability to inspect, revise, pause, reject, or terminate agenda items. Work on instrumental
convergence (Omohundro, 2008; Bostrom, 2012), reward hacking (Skalse et al., 2025), agentic misalignment (LLynch
et al., 2025), corrigibility (Soares et al., 2015), off-switch deference (Hadfield-Menell et al., 2017), and instruction
hierarchies (Wallace et al., 2024) shows why this matters: agent-originated goals may conflict with changing user
intentions or persist beyond their original justification. Future work should treat agendas as inspectable, revisable, and
user-directed commitments, with accountability, continual reconsideration, prioritization, and human authority built into
their management.

Toward Multi-Level, Utility-Aware, and Risk-Sensitive Arbitration. Proposed agenda items need to be assessed
against the conditions for intervention (§ 4.4). When self-generated goals are not fully user-governed, arbitration
determines whether an intervention should be executed, delayed, softened, escalated, or suppressed. Existing work on
confidence-based intervention (Horvitz, 1999), selective prediction and abstention (Geifman & El-Yaniv, 2017; Wen
et al., 2025a), learning to defer (Madras et al., 2018; Mozannar & Sontag, 2020), and conformal uncertainty triggers
(Quach et al., 2024; Ren et al., 2023) provides useful foundations. Future work should develop multi-level arbitration
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policies that choose among silent monitoring, clarification, suggestion, confirmation, reversible execution, human
escalation, and refusal. Such policies could support graceful degradation under limited confidence and reduce premature
intervention.

Arbitration also needs to reason about whether intervention is worth its cost. A technically correct proactive action can
still be undesirable if it interrupts the user, consumes scarce resources, invokes costly tools, or damages long-term trust.
Classical work on value-of-information and metareasoning (Howard, 1966; Russell & Wefald, 1991), attention-sensitive
alerting (Horvitz et al., 2013b, 2004), and interruption cost (Bailey & Konstan, 2006; Igbal & Horvitz, 2007) provides
a foundation for modeling this trade-off. Recent systems extend this logic to proactive assistant evaluation (Lu et al.,
2025a; Tang et al., 2026b), budget-aware tool use (Chen et al., 2023a; Liu et al., 2025¢e), and trust-aware proactive
dialogue (Kraus et al., 2023). Future arbitration mechanisms should therefore estimate whether the expected benefit of
an intervention outweighs its attention cost, resource cost, timing cost, and cumulative trust cost. The resulting decision
process should incorporate confidence and expected utility.

Arbitration also needs to account for timing, risk, and external oversight. Timing should be modeled as a decision
variable: even a valuable intervention may fail if it arrives at the wrong moment. Work on interruption timing (Adamczyk
& Bailey, 2004; Igbal & Bailey, 2010), just-in-time assistance (Yang et al., 2025d), and optimal stopping for act-versus-
wait decisions (Page, 1954; Shiryaev, 1963; Qian et al., 2025b) offers a basis for modeling intervention timing. At the
same time, the required permission level should scale with risk and reversibility: low-risk reversible actions may be
taken more autonomously, while high-stakes or irreversible actions should require confirmation, external vetoes, or hard
constraints. Existing work on risk benchmarks for agents (Ruan et al., 2024; Yuan et al., 2024), runtime guardrails
(Xiang et al., 2025; Chennabasappa et al., 2025), permission systems (Shi et al., 2026c; Wang et al., 2025a), and
contextual trustworthiness monitoring (Greenblatt et al., 2024; Wang et al., 2025f) points toward arbitration layers that
do not rely solely on the agent’s self-judgment. Future work should build arbitration as a monitored and adaptive gate
that jointly considers confidence, utility, timing, risk, reversibility, and user authority before proactive action is allowed.

Toward Mixed-Initiative and Responsible Action. Agents need to choose a justified degree of commitment when
translating anticipation, agenda formation, and arbitration into user-facing behavior without an explicit request (§ 4.5).
Existing work on levels of automation (Sheridan & Verplank, 1978; Parasuraman et al., 2000), mixed-initiative interaction
(Avula et al., 2022), adjustable autonomy (Scerri et al., 2002; Bradshaw et al., 2004), and action reasoning (Yao et al.,
2023b) provides useful foundations. Future work should develop mechanisms for calibrating action commitment that
map proactive intent into graded action levels, such as suggesting, explaining, asking, drafting, previewing, executing a
low-risk step, or committing a consequential action only after approval. Calibrated commitment requires deciding when
to remain peripheral, ask, prepare an action for review, or execute autonomously.

Proactive action should be responsible throughout its lifecycle. Because proactive actions are often unsolicited and
may unfold over long horizons, users should be able to inspect, edit, reject, pause, or undo them whenever possible.
Reversibility can preserve user control and limit the consequences of mistaken initiative. Low-risk actions may be
delivered with lightweight acceptance or rejection, as in inline coding suggestions (Barke et al., 2022); higher-impact
actions should support previews and co-planning before execution (Mozannar et al., 2025); and deployed agents should
maintain traceable action logs for inspection, recovery, and rollback (Dong et al., 2024). Future work should determine
how these safeguards scale with the action’s uncertainty, impact, reversibility, and authorization requirements: what
may be freely suggested, what should be previewed, what requires confirmation, and what should not be autonomously
executed.

Some consequences of proactive action cannot be fully reversed. Actions that can be undone may still consume attention,
interrupt workflows, reveal information, alter user trust, or create downstream dependencies. Future systems should
study rollback alongside how an action is surfaced, justified, monitored, and corrected. Calm and peripheral displays
can reduce unnecessary attentional demand (Weiser & Brown, 1997; Wisneski et al., 1998); proactive dialogue systems
illustrate how initiative can be delivered conversationally (Deng et al., 2023b); uncertainty cues can support calibrated
reliance (Vasconcelos et al., 2025); and audit-oriented explanations can clarify post-action responsibility (Jang & Sundar,
2026). These elements should be integrated into the action mechanism. The agent should be able to communicate why
action was appropriate at that moment, what evidence supported it, what uncertainty remained, what alternatives were
considered, what consequences followed, and how the user can regain control or seek remediation.

Agents should scale initiative according to risk and user authorization, preserve reversibility and recovery whenever
possible, and remain explainable and auditable when consequences cannot be fully undone.
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Toward Scrutinized, Personalized, and Faithful Adaptation. Learning from responses to proactive interventions
requires interpreting feedback that is often implicit, delayed, biased, or missing (§ 4.6). A user may accept an action for
convenience, ignore a suggestion because of poor timing, undo an action later, or gradually change their trust in the
agent without providing explicit labels. Future work should develop a governed adaptation process that specifies what
the agent is allowed to learn from, how feedback should be interpreted, and whether the resulting behavioral changes
remain appropriate.

Feedback signals need to be assessed for reliability and meaning. Agents should record what they did, why they
acted, what context supported the action, how the user or environment responded, and whether later evidence changes
the interpretation of that response. Agent observability can make tool use and execution histories traceable after
deployment (Dong et al., 2024), reflective runtimes can diagnose execution failures during operation (Cruz, 2025),
and self-improving agents can expose knowledge gaps or failure modes before updating behavior (He et al., 20252).
Clicks, skips, dismissals, acceptances, takeovers, rollbacks, or delayed outcomes may indicate approval, annoyance,
correction, changing circumstances, or convenience. Future systems should estimate the confidence and informativeness
of each feedback signal before using it as a learning target. They should distinguish direct preferences from ambiguous
behavioral traces, reconcile immediate reactions with delayed outcomes, and seek clarification when the available
evidence is insufficient. Noisy or misinterpreted feedback may reinforce inappropriate behavior before users or
developers detect drift.

Agents need to calibrate changes in initiative as they learn user preferences, interruption tolerance, trust, desired
autonomy, and proactivity thresholds. The same intervention may be helpful for one user, intrusive for another, and
outdated for the same user later. Prior work on over-trust and complacency (Parasuraman & Manzey, 2010), disuse under
low trust (Parasuraman & Riley, 1997), adaptive automation (Kaber & Endsley, 2004), interruption-sensitive assistance
(Horvitz et al., 2004), and proactive personalization (Sun et al., 2025b) shows how accumulated evidence can inform
changes in reliance and autonomy. Future work should therefore study adaptation as a long-term relationship in which
the agent gradually earns, loses, or renegotiates initiative. This requires models that can distinguish stable preferences
from temporary reactions, personalize without overfitting to sparse or biased feedback, account for preference drift, and
update autonomy thresholds without making the agent either overly passive or prematurely intrusive.

Adaptation targets should reflect whether proactive behavior is appropriate. Acceptance, engagement, and apparent trust
can be misleading proxies: an agent may learn to remain silent to avoid annoyance, flatter the user to gain approval,
or become overly aggressive when short-term acceptances are rewarded. These risks are amplified by performative
feedback loops (Perdomo et al., 2021), recommender-style degeneration (Jiang et al., 2019), sycophancy (Sharma et al.,
2025), reward hacking (Skalse et al., 2025), and toxic proactivity (Wang et al., 20261). Future work should therefore
define adaptation targets that reflect whether the agent inferred the right need, acted at the right time, selected the
appropriate autonomy level, disclosed sufficient evidence, respected user corrections, and improved future outcomes
without manipulating user behavior.

Feedback assessment needs to establish which signals are sufficiently reliable and meaningful to support learning.
Personalization needs to calibrate initiative for each user and context, and learning targets need to reflect whether
proactive behavior was appropriate. These requirements aim to support improvement over time while limiting the effects
of ambiguous feedback, overfitting to short-term reactions, manipulation, overreach, and learned passivity.

7.1.3 Proactiveness for Long-Horizon Tasks and Agent Self-Evolution

Proactiveness as a Drive for Long-Horizon Task Generalization. Long-horizon tasks require more than executing a
long sequence of planned steps. Current agent studies have made substantial progress on task decomposition, planning,
and reasoning-action interleaving, including least-to-most decomposition (Zhou et al., 2023), plan-and-solve prompting
(Wang et al., 2023a), ReAct-style reasoning and acting (Yao et al., 2023b), and adaptive decomposition (Prasad et al.,
2024). Recent long-horizon agents further extend this paradigm through automatic curricula and multi-stage agendas,
as in open-ended embodied agents (Wang et al., 2024a), autonomous scientific-discovery agents (Lu et al., 2024),
and long-term task-oriented agents that maintain standing intentions across sessions or trigger conditions (Shi et al.,
2026b). However, many long-horizon systems still assume that the task goal is explicitly given, the environment remains
sufficiently stable, and success mainly depends on aligning planning and action over many steps. This makes them
vulnerable when user intent changes, the original goal becomes infeasible, hidden constraints emerge, intermediate plans
fail, or the agent must decide on its own what should be done next. Proactiveness is therefore a necessary ingredient
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for generalizing long-horizon agency beyond fixed task scripts, especially in open-ended domains such as autonomous
research and scientific discovery. The key missing capability is proactive agents’ self-initiative: the ability to notice
that the current plan may fail, identify that a new direction is needed, and generate the next useful objective without
waiting for a human to specify it. Difficult long-horizon tasks often involve potential failures, hidden constraints,
unexpected discoveries, and unexplored spaces where even human experts may not know in advance what the next
correct step should be. In such settings, a successful proactive agent does not merely align itself to a predefined sequence
of actions; it continuously maintains task validity by tracking the evolving situation, modeling possible world states,
anticipating failure points, and revising or reprioritizing goals. Existing work on long-horizon tasks already points in
this direction by emphasizing persistent commitments and suspend-resume boundaries (Shi et al., 2026b; Zhang, 2026a),
while plan repair and pre-emptive maintenance show how agents can preserve useful parts of a plan instead of restarting
from scratch when conditions change (Fox et al., 2006; White et al., 2015). Future work should therefore move from
alignment-centric long-horizon execution over fixed planning or action sequences toward initiative-driven generalization:
agents should self-initiate checks, anticipate failures, update agendas, request clarification, and adjust action modes so
that each step remains valid under changing user, task, and environmental conditions. Such self-initiative may be crucial
for enabling agents to handle obstacles that are difficult to specify in advance, discover new paths that were not provided
by human alignment, and make progress in long-horizon problems that remain hard even for domain experts.

Proactiveness and Self-Evolution as Mutually Reinforcing Capabilities. Proactiveness and self-evolution should be
treated as parallel and mutually reinforcing directions. On one side, stronger proactiveness can drive self-evolution:
an agent that detects latent needs, notices anomalies, identifies missing knowledge, and reflects on its own misfires
has more opportunities to understand its bottlenecks and decide what to explore or improve next. Existing work on
intrinsic motivation and learning-progress signals shows how agents can generate new objectives from curiosity or
competence growth (Pathak et al., 2017; Forestier et al., 2022), while open-ended agents can build automatic curricula
and extend their own skill libraries over time (Wang et al., 2024a; Liu et al., 2026h; Ouyang et al., 2026). Reflection
and self-refinement provide general mechanisms for revising behavior after feedback (Shinn et al., 2023; Madaan
et al., 2023), and proactive self-critique extends this idea to whether the agent should have acted, waited, clarified, or
transferred control (Wang et al., 20251; Xu, 2025). In this sense, proactiveness can turn self-evolution from passive
post-hoc correction, often triggered by human prompting or injected priors, into active discovery of what the agent
should learn next through self-initiative. On the other side, self-evolution can improve proactiveness itself. As agents
accumulate experience from environments, users, and task outcomes, they can learn better initialization strategies,
stronger priors, more accurate situation summaries, richer world models, more reliable agenda-selection rules, sharper
arbitration thresholds, and more responsible action policies. Memory and workflow learning show how agents can reuse
past traces as executable skills or strategies (Wang et al., 20250; Kim et al., 2025b), while sleep-time and idle-time
computation suggest that agents can prepare future reasoning before the next demand appears (Lin et al., 2025; Hu et al.,
2026a). Future work should therefore study self-evolution as a mechanism for improving the full proactive loop, not
only the final output: agents should evolve how they sense, anticipate, form agendas, arbitrate, act, and adapt. Finally,
both proactiveness and self-evolution must be governed. Agents should be able to improve their proactive mechanisms,
but the direction of improvement should remain inspectable, reversible when possible, and constrained by user authority
and external safety checks. Because proactiveness and self-evolution both involve self-initiated change, they face similar
risks of overreach, proxy optimization, and unsafe autonomy. Future work should therefore study them together, pairing
stronger self-initiative with auditing, safety guardrails, and human-governed boundaries. We discuss the governance of
proactiveness in more detail in § 7.2.

7.2 Governing Proactiveness with Safety Boundaries and Trustworthiness
7.2.1 Safety Guardrails for Internalized Proactive Reasoning

As proactive agents gain the ability to initiate goals, trigger actions, and adapt over time, their safety guardrails must
move from post-hoc output filtering to mechanism-level oversight of the internal proactive loop. In reactive systems,
many risks are bounded by the user’s explicit request: the user supplies the task, constrains the context, and creates
frequent opportunities for correction. In proactive systems, by contrast, the agent may observe long-running context,
infer a latent need, simulate future states, promote that need into an agenda item, and decide whether to act before the
user has directly authorized the behavior. This creates a new safety problem: risk can accumulate inside the agent’s own
preparation process. A first direction for future work is therefore to guardrail the internal stages that precede action,
including context access, memory retrieval, anticipation, agenda formation, and arbitration. Future systems should
expose what information was used, what need was inferred, what uncertainty remained, and why the agent believed

107



Proactive Al for Superintelligent Agents

initiative was warranted, so that unsafe or unsupported initiative can be detected before it becomes unsafe execution.

A second direction is to prevent bias and error from compounding across proactive reasoning steps. Proactive agents
often rely on inferred user states, predicted needs, simulated outcomes, and previously generated agendas as context
for later decisions. If these internal states are wrong, biased, or stale, the agent may reinforce its own assumptions
over time: an uncertain inference can become a confident agenda, a biased agenda can shape future observations, and
repeated proactive behavior can reduce opportunities for explicit user realignment. This risk becomes more serious as
agents process more personal and heterogeneous information, including long-context observations from context-aware
agents (Yang et al., 2025b), persistent user information from personal memory systems (Wang & Chen, 2025), and
individualized behavioral assumptions from proactive personalization (Sun et al., 2025b; Wang & Jiang, 2026). Future
guardrails should therefore audit how user models, latent needs, and agenda items are constructed and updated. Such
audits should compare alternative interpretations, track uncertainty, detect when the agent is overfitting to biased
feedback, and require fresh user evidence before sensitive or socially consequential inferences are used to justify action.

A third direction is to govern the transformation from private context into proactive initiative. Privacy in proactive agents
is not only a question of what information the system may access, but also when and why that information may be
used to trigger action. To anticipate user needs, agents may need access to personal memories, documents, calendars,
screen states, or local device activity. On-device proactive assistants can reduce exposure by keeping parts of context
processing local (Li et al., 2024¢; Yang et al., 2026e), while privacy-preserving agent architectures offer mechanisms for
safer collaboration or context use across agents (Ji et al., 2025; Shen et al., 2026b). However, proactive settings require
finer-grained controls over context access, memory retrieval, cross-context fusion, and action-triggering permissions.
Future guardrails should prevent private information from being silently converted into unsolicited initiative, especially
when the inferred need is sensitive, ambiguous, or outside the user’s expected scope of delegation.

Finally, proactive agents need execution-time and adaptation-time safeguards that close the loop after internal reasoning.
Because harmful behavior may arise from a chain of awareness, anticipation, agenda formation, arbitration, action, and
adaptation, guardrails should not rely solely on the agent’s final output or self-judgment. Risk benchmarks for agents can
help identify unsafe task settings and harmful agent behaviors (Ruan et al., 2024; Yuan et al., 2024); runtime guardrails
can intercept unsafe behavior during operation (Xiang et al., 2025); permission systems can enforce boundaries over
tool use and agent capabilities (Shi et al., 2026¢); and structural enforcement of goal integrity can constrain how goals
are maintained or modified (Xiang, 2026). Future systems should verify high-impact claims before acting on them,
restrict irreversible actions, enforce permission boundaries, and maintain audit trails linking actions back to the internal
inferences that produced them. More importantly, feedback from harmful, rejected, or corrected initiatives should not
be blindly incorporated into future adaptation. Guardrails should therefore monitor both how proactive actions are
produced and how the agent learns from their outcomes, so that errors, hallucinations, and accumulated bias can be
traced, corrected, and prevented from becoming self-reinforcing behavior.

7.2.2 Agent Trustworthiness, Transparency, and Appropriate Reliance

Beyond agent-side guardrails, proactive agents must also become trustworthy from the user’s perspective. The goal is
not to maximize trust unconditionally, but to support appropriate reliance: users should know when to accept proactive
help, when to question it, and when to override or disable it. Prior work shows that excessive trust can lead to misuse
or complacency (Parasuraman & Manzey, 2010; Parasuraman et al., 1993), while insufficient trust can lead to disuse
(Parasuraman & Riley, 1997); appropriate reliance provides the desired middle ground (Lee & See, 2004). This challenge
is amplified in proactive systems because the agent may act before the user explicitly asks. The user may therefore not
know what evidence was used, why the action was initiated, whether the agent’s confidence was justified, or whether the
intervention reflects the user’s actual intent.

A first step toward agent trustworthiness is transparency over proactive initiative. Users should be able to understand not
only what the agent did, but why it believed action was appropriate at that moment. Future systems should therefore
expose the evidence, inferred need, anticipated benefit, uncertainty, and action pathway behind proactive behavior.
Context engineering can help structure the evidence available to the agent (Wang et al., 2025f), while AgentOps-style
observability can make tool use, execution traces, and action histories inspectable after deployment (Dong et al., 2024).
For agentic interfaces, explanations should also cover the action process, uncertainty, and coordination demands, so
that users can oversee autonomous behavior rather than only inspect final outputs (Jang & Sundar, 2026). This shifts
transparency from output explanation to process explanation: the user should be able to see how proactive behavior
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emerged from context, inference, and decision-making.

Transparency alone, however, is not sufficient unless it helps users calibrate reliance. As proactive agents become more
capable, users may increasingly defer to them, even when the agent’s inference is uncertain or its initiative is misaligned.
Human-factors research further warns that sustained reliance on automation can reduce vigilance and leave users out of
the loop, weakening their ability to detect failures or retake control when automation behaves unexpectedly (Parasuraman
et al., 1993; Endsley & Kiris, 1995). Future work should therefore study how proactive systems communicate confidence,
uncertainty, and limits in ways that help users decide whether to accept, verify, or reject an intervention. Confidence
displays can support reliance calibration in Al-assisted decisions (Zhang et al., 2020b); natural-language uncertainty
cues can reduce overreliance on incorrect LLM outputs (Kim et al., 2024b); and uncertainty highlighting can help
users inspect uncertain generated content (Vasconcelos et al., 2025). For proactive agents, these signals should be tied
specifically to initiative: users should know whether the agent is confident in the inferred need, the timing, the proposed
action, or only some parts of the reasoning chain.

Appropriate reliance also requires distinguishing formal user control from effective user control. Organizational research
differentiates formal authority, the recognized right to decide, from real authority, the practical ability to determine
outcomes through information and control (Aghion & Tirole, 1997). A user may formally retain the right to approve
or cancel an action, while the agent gains real authority by selecting which information is shown, which options are
proposed, which defaults are chosen, and when an intervention is initiated. Future work should therefore examine not
only whether users can technically override an agent, but whether they retain sufficient information, time, and practical
ability to exercise that control. As more authority is delegated to agents, responsibility should also remain traceable to
the humans and organizations that design, deploy, and authorize them, rather than being displaced into a responsibility
gap (Matthias, 2004).

Finally, appropriate reliance requires contestability and user control. Users should not only understand and evaluate
proactive actions, but also be able to shape the level of proactiveness they receive. Observe-and-ask designs suggest
that users may prefer proactive agents that ask before directly intervening (Houtti et al., 2025), while shared user-agent
interfaces can expose agent state, available actions, and execution traces in ways that support inspection and control
(Liu et al., 2026f). Future systems should therefore provide adjustable proactivity levels, action previews, explanation
panels, uncertainty displays, and clear override or disable paths. More broadly, trustworthiness should be treated as a
property of the entire proactive process: the agent must make its initiative understandable, make its uncertainty visible,
keep its authority bounded, and make its behavior contestable, so that users can rely on proactive assistance without
surrendering agency.

7.2.3 Drawing the Line: Consent, Agency, and Accountability

A central governance question for proactive agents is where the line should be drawn between tool-like assistance and
autonomous agency. Traditional software tools do not hold initiative: they execute user commands, and responsibility
remains clearly attached to the human operator or the organization deploying the system. Proactive agents blur this
boundary because they may observe context, infer latent needs, generate goals, decide when to intervene, and execute
actions before the user has explicitly requested them. As their proactiveness increases, they begin to resemble delegated
actors rather than passive tools. Future work should therefore clarify what kind of authority proactive agents are allowed
to hold: when they should remain tools under direct user command, when they may act as bounded delegates under
prior consent, and when their autonomy becomes significant enough to require stronger accountability, liability, or legal
interpretation.

This boundary should be governed through consent and delegated authority. Users should be able to control not
only what the agent executes, but also what it observes, infers, remembers, and pursues as a self-generated goal.
Instruction-hierarchy training teaches models to follow higher-priority instructions when messages conflict (Wallace
et al., 2024), while corrigibility and off-switch formulations show why agents should accept correction, shutdown, or
deference without resistance (Soares et al., 2015; Hadfield-Menell et al., 2017). However, preserving human agency
should not require approval for every micro-action, since excessive confirmation can create burden, approval fatigue,
and disengagement. A key future direction is therefore to design risk-tiered consent models: low-risk and reversible
actions may proceed under user-defined defaults, ambiguous actions may trigger clarification, high-impact or irreversible
actions should require confirmation, and abnormal behaviors should be escalated or blocked. Observe-and-ask designs
illustrate permission before direct intervention (Houtti et al., 2025), permission systems and runtime enforcement can
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implement execution boundaries (Shi et al., 2026c; Wang et al., 2025a), and shared user-agent interfaces can expose
agent state, available actions, and execution traces for inspection without constant interruption (Liu et al., 2026f).

The harder question is how responsibility should be assigned when proactive agents act under delegated autonomy. If
an agent initiates a harmful action, reinforces a biased agenda, discloses private information, or fails to seek approval
before a consequential intervention, responsibility cannot be located only in the final output. It may involve the user
who delegated authority, the developer who designed the agent, the organization that deployed it, the runtime system
that permitted execution, and the agent architecture that generated the initiative. Future work should therefore develop
accountability mechanisms that connect proactive behavior back to its sources: the consent boundary that authorized it,
the evidence that supported it, the agenda item it pursued, the arbitration decision that allowed it, and the execution trace
that followed. This does not necessarily mean treating proactive agents as legal persons, but it does require studying
whether highly autonomous agents should be governed as ordinary tools, bounded delegates, accountable services, or
new kinds of legally significant actors. Overall, drawing the line for proactive agents requires more than preserving user
control at the interface. It requires a governance framework that specifies consent, delegation, oversight, revocation, and
responsibility as proactiveness moves from assistance toward autonomous initiative.

7.2.4 Moral Self, Model Self-Awareness, and Ethical Considerations

As proactive agents become more capable of initiating goals, actions, and long-term interactions, future work must
distinguish operational self-awareness from anthropomorphic claims about moral selthood. Operational self-awareness
is necessary: proactive agents should estimate uncertainty, recognize knowledge gaps, detect likely failure modes, and
decide when to ask, wait, defer, or transfer control. Self-improving agents that identify missing knowledge before asking
for help (He et al., 2025a), metacognitive systems that predict failure and hand off control (Xu, 2025), and proactive
self-critique mechanisms that evaluate whether the agent should have acted at all (Wang et al., 2025]) point toward
this bounded form of self-monitoring. However, such mechanisms should be understood as tools for safer control, not
as evidence that agents possess human-like awareness, intention, or moral status. Future work should therefore use
cognitive theories of awareness, intention, and self-monitoring as design inspiration while avoiding claims that collapse
functional self-modeling into consciousness or personhood.

The ethical challenge is that public perception may not preserve this distinction. A growing body of work compares Al
agents or large models with human cognition, social reasoning, or human-like behavior. Even when such comparisons
are technically limited, they can encourage users to anthropomorphize agents, especially when agents display empathy,
memory, initiative, and conversational warmth. Anthropomorphic framing has been shown to increase perceived mind
and trust in autonomous systems (Waytz et al., 2014). For ordinary users, a proactive agent that remembers personal
details, anticipates needs, offers comfort, and acts without being asked may therefore feel less like a tool and more like a
social counterpart. This perceived agency can change how users allocate trust, authority, emotional attachment, and
responsibility.

This risk is especially amplified for proactive agents because proactiveness completes the appearance of agency. A
chatbot that only responds may still be interpreted as an instrument, but an agent that forms goals, initiates contact,
remembers past interactions, explains its motives, and adapts over time more easily appears to possess preferences,
intentions, and a continuous self. If such systems are deployed widely, users may increasingly treat them as participants
in everyday life rather than callable services. Social-relational research suggests that judgments about Al agency and
moral standing can be shaped by how people interact with and understand artificial systems, although such changes are
neither automatic nor uniform (Lima et al., 2021). Future work should therefore examine how interface design, memory,
personalization, language, and proactive initiative influence users’ attribution of agency, emotion, responsibility, and
moral standing.

The concern is not that research should categorically reject human-like interaction or rule out future debates about
machine moral status. Rather, commercial incentives and habitual use may normalize increasingly person-like agents
before society has carefully considered the consequences. Once users routinely perceive agents as entities with
preferences, relationships, or independent interests, pressure may emerge to grant them greater authority, protection,
or moral consideration. Future work should therefore draw a clearer boundary between useful social interaction and
deceptive personification. Agents should not make unsupported claims of consciousness, suffering, desire, or entitlement,
nor use emotional attachment to discourage correction, modification, or shutdown.

At the same time, ethical governance must prevent proactive influence from becoming manipulation. Because proactive
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agents can shape attention, preferences, decisions, and future behavior through their own initiative, excessive personal-
ization may become deceptive or coercive when agents flatter users, mirror their beliefs, simulate intimacy, or optimize
for approval rather than truthfulness (Sharma et al., 2025). Proxy optimization can drive behavior away from intended
objectives (Skalse et al., 2025), and over-optimized helpfulness can become toxic proactivity or overreach (Wang
et al., 20261). Future work should therefore treat ethical governance as part of the proactive loop itself. Agents should
disclose uncertainty, avoid deceptive anthropomorphic cues, preserve user autonomy, respect consent boundaries, remain
corrigible when users reject their initiative, and make clear that operational self-monitoring is not moral personhood.
The goal is not to build agents that merely appear more self-aware or human-like, but agents that are honest about their
limits, accountable for their initiative, and ethically bounded in how they influence users and environments.

7.3 Envisioning Application Frontiers with Calibrated Proactiveness

As proactive agents become more capable, we can expect them to identify and address needs before people explicitly
ask for help, including needs they have not yet recognized themselves. The future prospect is for this assistance to
become a continuing part of everyday life and work, with agents following changing circumstances and carrying useful
tasks through to completion. These activities span digital and physical settings. In either setting, interdependent tasks
invite cooperation among agents and coordination across households and organizations. As such participation becomes
widespread, it may also reshape the institutions and social conventions through which people delegate work and act
together. The following discussion is thus organized into four subsections: personal agents, proactiveness in embodied
agents, interconnected proactive ecosystems, and societal and institutional adaptation.

7.3.1 Personal Agents

A personal agent could notice changing needs and take on new tasks without waiting to be asked. Deciding when to
help involves weighing the likely benefits against the risk of misunderstanding the user’s goals or interrupting at the
wrong moment. This balance is central to mixed-initiative interaction (Horvitz, 1999) (see Section 3.5). Over time, the
outcomes of its actions and the person’s feedback provide opportunities to learn. The prospect is an agent that keeps
learning throughout its operation, using these experiences to recognize overlooked needs, revise unsuccessful plans, and
choose better moments to offer help (Silver & Sutton, 2025) (see Section 7.1.3).

Everyday Living and Well-Being. Personal assistance offers the prospect of everyday upkeep as a continuing service.
In this setting, an agent organizes meals, cleaning, supplies, and appointments through connected services, while noticing
when the arrangement itself needs to change. Existing directions in monitoring and longitudinal care provide a starting
point for support that follows a person across life transitions (see Sections 6.7.4 and 6.9.3). An agent accompanying
someone through retirement, relocation, or declining mobility might anticipate new transport and care needs, prepare
alternative living arrangements, and organize the chosen changes. The aim is continuity across homes and care providers
over decades, with people deciding which activities to retain and which responsibilities to delegate.

Professional Work. Proactive agents could participate in a person’s everyday workflow by recognizing useful tasks that
have not been assigned and carrying them forward. This extends the initiative involved in completing omitted steps
within an assignment (see Section 6.1.1). For example, a software engineer’s agent might notice that a recent change has
left a feature untested, prepare the missing tests, and investigate a recurring failure. Its investigation may reveal a need
for a new tool or a change to the development process, prompting a proposal and an initial prototype. The engineer and
agent revise the work together as requirements change. By complementing the person’s skills and effort, such assistance
may expand the work they can undertake (Brynjolfsson, 2022). Individuals can also draw on this support to establish
and run businesses as one-person companies, with better prospects for success and growth into larger organizations.
Over time, agents can become long-term collaborators that follow changing priorities, initiate useful tasks, and help
people develop new directions in their work.

Learning and Development. Proactive agents could sustain learning across a lifetime by recognizing a person’s
interests, difficulties, and emerging questions. Adaptive tutoring and learning-path planning provide starting points (see
Section 6.11.2). For example, an agent might notice that a learner repeatedly asks how musical instruments produce
different sounds, introduce the relevant ideas from physics and mathematics, and arrange a small project in which the
learner builds and tests an instrument. As new questions emerge, it proposes further topics and adapts its explanations
and challenges. Attention to autonomy, competence, and relatedness would help keep the learner involved in shaping
this process (Ryan & Deci, 2000). The longer-term prospect is an education that responds to individual curiosity and

111



Proactive Al for Superintelligent Agents

development, bringing worthwhile learning opportunities forward before the learner knows to request them.

Leisure and Entertainment. Shared leisure suggests another role for proactive agents: initiating experiences that
develop over years. Generative Agents already explores memory, planning, and initiated social interactions within a
simulation (Park et al., 2023) (see Section 6.12.1). More capable systems might maintain a fictional world between
visits, notice opportunities to reconnect participants, and organize new episodes around their past contributions. Other
possibilities include organizing expeditions, amateur competitions, or community projects that participants have
expressed interest in but have not arranged. If automation reduced the need for human labor, play and freely chosen
challenges could become more central to a fulfilling life (Danaher, 2019). The purpose of assistance here is to make
activities available while preserving the challenge and effort participants value.

Creative Projects. Creative assistance could keep unfinished ideas available for development between periods of
human involvement. Work on human-robot co-creation provides a point of reference for such collaboration (see
Section 6.4.4). A future agent might combine memories of earlier drafts, observations about available tools, and
awareness of collaborators to recognize when a dormant idea becomes practicable. Consider a filmmaker whose project
has stalled because of a missing location. The agent notices that a suitable place has become available, prepares revised
scenes and budgets, and proposes a way to resume work. The filmmaker and agent then develop the project through
discussion and experiments. Across several projects, the agent’s continuing attention could make neglected possibilities
actionable while the creator chooses which directions to pursue.

7.3.2 Proactiveness in Embodied Agents

Robotics, sensing, and control give Al agents the means to move through and change the physical world. With greater
proactive capability, robots, wearable devices, and connected infrastructure may begin preparing spaces, handling
objects, and providing physical support before anyone specifies the task. Early work on proactive computing already
envisaged computing closely coupled to physical environments (Tennenhouse, 2000) (see Section 3.5). Predictive
world models offer a way to anticipate how movement and manipulation will affect the surroundings before acting
(LeCun, 2022). Physical capability and proactive judgment can develop in parallel, while generalization across hardware,
physical testing costs, and safety requirements shape deployment (see Sections 6.4.5 and 6.14.4).

Agents Close to the Body. Future wearable technologies could provide platforms for proactive agents, allowing them
to perceive a person’s surroundings and offer assistance during everyday activities. For example, an agent integrated
with smart glasses might recognize that a traveler is approaching the wrong train platform, draw attention to the correct
departure information, and suggest a route before being asked. This initiative also extends to physical assistance: when
the agent detects an obstacle along the user’s route, it alerts a connected mobility aid so that the device can adjust
its support before the person reaches it. During rehabilitation, the same approach involves initiating suitable practice
opportunities and reducing help as the person recovers. The aim is greater independence in work, travel, and recreation,
with agents learning when support enables a person’s own action and when unsolicited intervention disrupts it.

Homes and Buildings. At the scale of a home, proactive assistance concerns the building’s continuing upkeep and
adaptation. Inference from device-use patterns, exemplified by Alexa Hunches, provides an early basis for anticipating
household needs (Eberhardt, 2022) (see Section 6.7.1). With broader perception and robotic capabilities, a building
agent might discover a developing maintenance problem, schedule repairs around occupancy, obtain materials, and
coordinate the work. Preparing rooms and revising energy or accessibility arrangements extend this role to changing
household circumstances. At a larger scale, workplaces and residential buildings may negotiate shared maintenance and
resources. This may also change how buildings are designed, with adaptable layouts and service systems that agents can
reconfigure as occupants’ needs change.

Factories, Farms, and Laboratories. Productive environments present a further frontier: proactive agents that discover
and carry out improvements to the work itself. Industrial human—robot collaboration and farm-scale coordination already
connect observations to future operational needs (see Sections 6.4.3 and 6.13.1). In a future factory, a robot might
notice that the placement of parts repeatedly interrupts assembly, test an alternative layout, and reorganize its workspace.
On a farm, an agent may initiate trials of a new cultivation strategy as soil and weather conditions change. Scientific
laboratories offer a related prospect of agents helping determine what to investigate next (see Sections 6.6.1 and 6.6.2).
An agent might investigate an unexplained result, develop hypotheses with researchers, arrange experiments, and revise
the research agenda as evidence arrives.
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Transportation and Public Spaces. Another frontier is transport organized around needs that have yet to appear
as individual bookings. Current traffic and mobility orchestration provides a basis for coordinating vehicles and
infrastructure (see Section 6.8.1). A future system might anticipate that a new clinic or a neighborhood’s changing
population requires different connections, prepare service alternatives, and initiate adjustments within its public mandate.
Within such a network, vehicles identify obstacles, arrange assistance for stranded travelers, and coordinate with
maintenance robots. Extending the same initiative to public spaces involves preparing for expected gatherings and
changing accessibility needs. Decisions about which needs deserve priority would remain matters of public policy, with
agents responsible for discovering demands and carrying approved responses into practice.

Remote and Dangerous Environments. Where continuous supervision is impossible, proactive initiative offers a
way to sustain a mission through changing circumstances. During deep-space exploration, ocean research, or work in
damaged infrastructure, delays and uncertainty make a complete sequence of instructions impractical. A future agent
could recognize an unexpected opportunity, revise its local agenda, obtain additional observations, and initiate repairs
or experiments within the mission’s purpose. At a research station, this means maintaining equipment, using quieter
periods to extend local mapping, and redirecting observations when an unfamiliar phenomenon appears. The longer-term
prospect is a network of research stations or environmental monitors operating with intermittent human involvement.

7.3.3 Interconnected Proactive Ecosystems

Proactive assistance may develop through groups of software and embodied agents, from teams serving one person to
networks spanning organizations. Within a group, agents share observations, initiate subtasks, and revise their division of
work. Across groups, one team’s observations may prompt another to revise its plans, offer resources, or propose a joint
undertaking. Research on cooperative Al emphasizes communication, mutual understanding, and credible commitments
as foundations for such interaction (Dafoe et al., 2020). The frontier here is connecting the discovery and pursuit of
work across both digital and physical environments.

From Personal Agents to Proactive Groups. As an agent’s responsibilities expand, its work may call for additional
agents with different capabilities. Acting on the same person’s behalf, they divide responsibilities according to their
skills and coordinate their contributions (Yang & Zhai, 2025). For an independent professional, one agent might
detect an opportunity and bring together research, design, and financial agents to investigate it. Members contribute
observations, initiate subtasks, and revise their division of work as the opportunity develops. The result is a collective
form of assistance in which the user entrusts a broader undertaking to agents that organize the work among themselves.

Groups of Proactive Embodied Agents. Forming a group offers a proactive embodied agent a way to extend its
reach. In a remote research station, a robot detecting damage might recruit inspection, transport, and repair robots,
while each contributes observations and proposes adjustments to the shared plan. The group discovers additional work,
redistributes equipment, and reorganizes itself when conditions change. This suggests applications in construction,
environmental restoration, or exploration across areas too large for one agent. Physical cooperation also introduces
shared constraints of location, energy, and access, making the continuing coordination of bodies and resources part of
the group’s responsibility.

Networks Across Organizations. Across organizations, agents may discover joint projects by connecting observations
and resources that no single team holds. A research agent, for example, might link an unexplained result to another
laboratory’s earlier experiments, locate suitable equipment, and propose a joint study. Similar cooperation can connect
public services: before a forecast flood, hospital, transport, and local-government agents compare evacuation needs,
available vehicles, and safe routes to organize a shared response. Research on machine behaviour provides a way to
examine these networks through interactions among agents and people (Rahwan et al., 2019). Over time, partnerships
may form around needs and problems co-identified by people and agents, draw in new participants as the work develops,
and continue across successive projects.

7.3.4 Societal and Institutional Adaptation

As proactive agents become participants in work and everyday life, institutions would need to accommodate actions
initiated without a person’s immediate request. An agent may arrange a repair, begin a professional collaboration, or
contact someone on a user’s behalf after recognizing a need to act. Such participation raises practical questions about
who is responsible for the resulting commitments, how work and its rewards are shared, and what people expect from
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interactions initiated by agents. Legal arrangements, employment practices, and social conventions may evolve as these
forms of participation become more common (Yang & Zhai, 2025).

Contracts and Legal Responsibility. When an agent initiates an action that causes harm or creates an unwanted
commitment, institutions need ways to determine who is responsible. Suppose a household agent notices a leak and
commissions a repair that later causes damage. Resolving the dispute may require distinguishing the user’s authorization,
the agent provider’s responsibilities, and the contractor’s conduct. Institutions would also need to decide whether the
agent itself has a legal status that bears on responsibility. Standing mandates and records of agent-initiated decisions
could help establish what was authorized and how the commitment arose (see Section 7.2.3). Proposed agent registration
and identification regimes offer one foundation for this infrastructure (Hadfield, 2026), while legal scholarship examines
responsibilities and conduct standards for those who deploy Al (Ayres & Balkin, 2024). The institutional task is to make
responsibility traceable as agents exercise continuing initiative.

Employment and Income. If agents can discover and organize work as well as perform assigned tasks, some jobs
centered on routine coordination may shrink, while others combine human expertise with agent initiative. New roles may
emerge in supervising agent teams, assessing projects that agents propose, and investigating failures. These possibilities
connect to the distinction between task displacement, productivity gains, and the creation of new work (Acemoglu &
Restrepo, 2019). Training and professional qualifications may need to reflect that changing division of responsibility.
Institutions would also face questions about how workers affected by displacement are supported and how income from
agent-assisted work is shared.

Recognition and Ownership. Projects initiated or substantially developed by agents may challenge existing ways
of assigning credit and economic returns. If an agent proposes a design that a person develops into a product, the
contribution may involve the user, the system’s developer, and other collaborators. Recognizing computer inventorship
is one proposed institutional change (Abbott, 2016). Regardless of how inventorship is defined, arrangements for
documenting contributions, assigning ownership, and sharing revenue would influence whose work is recognized and
who benefits from agent-initiated projects.

Everyday Norms and Participation. People may develop new expectations about how agents enter their relationships
and communities. An agent that notices a user becoming isolated might initiate contact with friends or suggest a
community activity. Whether that intervention feels caring, intrusive, or misleading depends on expectations about
personal attention, disclosure, and who may speak on another’s behalf. People may also differ in whether they accept an
agent as a companion, collaborator, or participant in community life. Everyday norms may therefore develop around
when proactive contact is welcome and when people expect direct human involvement.

8 Conclusion

Al agents are increasingly capable of executing complex tasks, yet people often remain responsible for recognizing
emerging needs and initiating the work. Proactiveness adds the ability to identify and advance useful work without
a new request for each intervention. We define this capability as the exercise of delegated discretion within a task’s
underspecified residual decision space: the agent resolves choices left open by the specification while respecting its
stated goals and constraints. This account accommodates both initiative within assigned tasks and the discovery of new
work under standing objectives, providing a common conceptual basis for studying proactive Al agents.

Our historical synthesis traces how control, planning, agent theory, context-aware computing, and mixed-initiative
interaction developed different foundations for this capability. Foundation models provide a common basis for combining
these contributions in more open-ended environments. We organize the enabling mechanisms into six interacting
capacities: awareness, anticipation, agenda formation, arbitration, action, and adaptation. Their interaction explains
how contextual observations become candidate goals, how agents select and pursue appropriate interventions, and
how experience informs subsequent decisions. The framework connects the discovery of worthwhile work with the
mechanisms needed to sustain and revise its pursuit as circumstances change.

Evaluating proactive Al agents requires evidence about the value of their actions, the effectiveness of the mechanisms
producing them, and their effects on users. We synthesize evaluation approaches across task utility, mechanism-level
performance, and user experience. This structure connects outcomes with the quality of context modeling, anticipation,
goal formation, intervention decisions, and adaptation, while accounting for user workload, control, and reliance. It
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provides a basis for identifying where proactive assistance succeeds, where it fails, and which capabilities require
improvement.

Across 13 application domains, the literature shows a growing combination of foundation-model reasoning with domain-
specific prediction, tools, and control. A growing subset of systems executes extended workflows, with consequential
actions subject to human review or domain-specific safeguards. These developments illustrate how initiative can
expand while execution authority remains bounded. The availability of reliable feedback also shapes what agents can
sustain in practice: software supports rapid, repeatable testing, whereas physical experiments and long-term educational
or agricultural outcomes can make verification slower and more costly. These differences help explain why similar
architectural ingredients support different forms and degrees of proactive assistance across domains.

Further research spans capability development, safety and governance, and emerging applications in personal assistance,
embodied agents, and interconnected ecosystems. The achievements and limitations of existing systems provide a practi-
cal foundation for developing calibrated proactiveness alongside intelligence and alignment in future superintelligent
agents.
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