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Abstract—Agentic Al systems increasingly operate in interac- tive,
multi-step environments where correct behavior demands not merely
generating responses, but disciplining how and when to act, solicit
clarification, or refrain altogether. Frameworks such as ReAct [1],
Toolformer [2], and Reflexion [3] have substantially advanced
reasoning—action integration and self- refinement, yet they rely on
emergent prompt heuristics or uncalibrated confidence signals for
behavioral control. This structural weakness produces redundant tool
calls, elevated latency, and avoidable error propagation in cost-
sensitive, long- horizon tasks. This paper proposes Calibrated Act—
Ask—Abstain Gating (CAAG), a behavior-level policy layer that
treats agent action selection as a budgeted selective-decision problem
under uncertainty. CAAG couples a lightweight calibration head with
an expected-utility gating rule and a memory-triggered reflection
mechanism, enabling resource-efficient deployment on a frozen
backbone model. The policy is formulated under formal action- cost
and bounded-risk constraints, allowing graceful degradation on
resource-constrained systems without sacrificing task fidelity.
Simulated analysis across seven public benchmarks—including
WebArena, Mind2Web, SWE-bench, and ALFWorld—indicates that
CAAG achieves substantial reductions in tool-call overhead (20—
35%), false action rate (15-30%), and end-to-end latency (15-25%)
while preserving or slightly improving task success rates. CAAG
positions basic behavioral calibration as a first-class optimization
target in agentic Al, a missing design principle in contemporary
agent architectures.

Index Terms—Agentic Al, uncertainty calibration, selective
prediction, tool use, resource-efficient agents, act—ask—abstain policy,
behavioral gating.

1. INTRODUCTION

The emergence of agentic Al—systems that perceive state,
invoke tools, and revise plans across multi-turn interactions—
represents a fundamental transition from passive text gen-
eration to active task execution. Unlike classical language
models that respond to a single prompt in isolation, agentic
systems must maintain coherent long-horizon plans, decide
which external resources to consult, and determine when in-
complete information warrants pausing for clarification rather
than proceeding with a potentially costly action. This be-
havioral complexity is qualitatively different from generative
quality and demands a dedicated control discipline that current
frameworks have not yet provided.

Benchmarks such as WebArena [8], Mind2Web [9], Web-
Shop [10], MiniWoB++ [12], ALFWorld [11], VisualWe-
bArena [13], and SWE-bench [20] have made it possible
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to measure agent performance against realistic, grounded
task distributions. The results are sobering. WebArena re-
ports only 14.41% end-to-end success for GPT-4-based agents
against 78.24% for humans [8]. SWE-bench shows the best-
performing model resolved fewer than 2% of real GitHub
software issues [20]. WebShop records 29% model success
against 59% human success [10]. These gaps are not explained
by generative capacity alone; they indicate a deeper failure
of behavioral control—an inability to discipline when to act,
when to ask, and when to refrain.

Consider the three fundamental behavioral choices any
interactive agent must make at each step:

- Act — execute a planned operation based on current
confidence;

- Ask —request clarification or missing information before
committing;

- Abstain — defer or reject due to uncertainty, irreversibil-
ity, or resource exhaustion.

These three primitives are not merely heuristic categories;
they represent a complete partition of the agent’s decision
space at each step. An agent that always acts is over-
committed; one that always asks is unproductive; one that
always abstains is useless. Optimal behavior requires a cal-
ibrated policy that selects the right primitive given the
agent’s current confidence, the cost of being wrong, and the
resources remaining. Contemporary frameworks treat these
choices implicitly. ReAct [1] interleaves reasoning and action,
but the boundary between acting and abstaining is left to
emergent prompt behavior. Toolformer [2] learns when API
calls are useful, but calibration is self-supervised and not
budget-aware. Reflexion [3] adds episodic memory for iter-
ative self-correction, but triggers reflection after every step,
creating substantial overhead. None of these frameworks treats
the act/ask/abstain boundary as a formal, measurable, and
resource-bounded policy objective.

This paper introduces Calibrated Act—Ask—Abstain Gat-
ing (CAAG), a novel behavior-level control layer designed to
make this boundary explicit, calibrated, and subject to resource
constraints. CAAG attaches a lightweight calibration head to a
frozen backbone language model, learns a utility-maximizing
gating policy under action-cost and risk constraints, and em-
ploys selective rather than universal reflection. The result is
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a modular architecture suitable for edge deployment, API-
quota-limited agents, and latency-critical pipelines. The rest
of this paper is organized as follows. Section II surveys
the three bodies of work that converge on this problem.
Section 111 formalizes the research gap. Section IV presents the
CAAG architecture and formal policy. Section V describes the
experimental design. Section VI reports results and ablation
analysis. Section VII discusses implications and limitations,
and Section VIII concludes.
The main contributions of this work are as follows:

1) We formalize the act—ask—abstain behavioral decision as
a budgeted selective-prediction problem with formal risk
and cost constraints.

2) We derive a utility-based gating rule and calibration ob-
jective, unifying confidence estimation, tool-cost aware-
ness, and bounded-risk decision-making.

3) We propose memory-triggered reflection as a principled
reduction of always-on self-refinement overhead, reduc-
ing compute without sacrificing correction quality.

4) We specify an experimental design covering seven pub-
lic benchmarks with standardized metrics for success,
false action rate, tool efficiency, calibration error, and
latency.

5) We present simulated analysis demonstrating the ex-
pected trade-off profile between calibration quality and
operational resource consumption.

II. RELATED WORK

Understanding the contribution of CAAG requires situating
it within three interconnected bodies of literature: frameworks
that integrate reasoning with grounded action, benchmarks
that expose the behavioral failures of those frameworks, and
the theory of selective prediction and confidence calibration
that supplies the formal tools to address them. Each pillar is
necessary but individually insufficient; CAAG synthesizes all
three into a unified design.

A. Reasoning and Acting Frameworks

The central challenge of agentic Al is not generating
plausible text but deciding, at each step, what action to take
given partial and noisy world state. Early work established that
language models benefit from explicit intermediate reasoning
before committing to an action. The ReAct framework [1]
established the foundational paradigm of interleaving rea-
soning traces with grounded actions. By emitting chain-of-
thought rationales before each action step, ReAct showed that
explicit reasoning improves planning coherence and enables
dynamic re-planning when environmental feedback contradicts
prior expectations. This was a significant advance, but it left
the behavioral governance question unanswered: the agent’s
decision to act, pause, or abandon a step still emerged from
the prompt rather than from a principled objective.

Toolformer [2] extended this work by training language
models to self-supervise API call insertion, enabling them
to learn which tools to invoke and when. However, the self-
supervised signal optimizes for predictive quality on held-out
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tokens, not for behavioral efficiency or budget compliance;
the resulting policy issues tool calls without awareness of
their cost or the risk of the downstream action they inform.
Reflexion [3] further advanced this direction by storing ver-
bal summaries of episode outcomes in an episodic memory
buffer, using linguistic reinforcement to improve subsequent
attempts. While effective for iterative correction, the always-
on reflection mechanism adds per-step overhead regardless
of whether correction is needed, which is precisely the kind
of indiscriminate cost that CAAG’s selective trigger mech-
anism eliminates. Tree of Thoughts [4] generalized single-
path generation to explicit tree-structured search, allowing the
agent to explore multiple reasoning branches and backtrack,
at the expense of substantially increased inference cost. Self-
Refine [17] demonstrated that multi-round self-feedback with-
out additional training can iteratively improve output quality,
but again without a model of when feedback cycles are
worth their cost. While each of these frameworks advances
a specific dimension of agent capability—reasoning fidelity,
tool awareness, episodic correction, or deliberate search—none
treats the act/ask/abstain behavioral boundary as a formal,
measurable optimization objective. This structural gap directly
motivates the CAAG design presented in Section IV.

B. Agent Evaluation and Benchmarks

Rigorous evaluation is necessary to expose the behav-
ioral failures that motivate a dedicated gating layer. With-
out benchmarks that measure real-world task completion
rather than proxy metrics, the cost of uncalibrated behav-
ioral control remains invisible. AgentBench [7] formalized a
multi-environment evaluation paradigm for LLM-based agents
across eight diverse task environments, establishing that agent
behavior varies substantially by domain and that single-
environment evaluation is insufficient. WebArena [8] intro-
duced a self-hostable realistic web environment for end-to-
end evaluation with 812 tasks and grounded success crite-
ria, producing the 14.41% success rate that motivates this
work. Mind2Web [9] extended web evaluation to 2,350 open-
ended tasks spanning 137 websites and 31 domains, revealing
that generalist performance requires active disambiguation—
exactly the function served by CAAG’s ask branch.

VisualWebArena [13] augmented this framework with visual
grounding, showing that text-only agents miss critical interface
cues and fail to abstain appropriately when visual evidence
is ambiguous. WebShop [10] provided a scalable product-
interaction benchmark with 1.18 million products, where re-
dundant tool calls for product details inflate latency without
improving purchase accuracy—a direct instance of the over-
tooling failure mode. MiniWoB++ [12] offered over 100 web
interaction environments suited for reinforcement learning and
resource-budget evaluation. ALFWorld [11] bridged text and
embodied action spaces through aligned task representations,
stressing irreversible-action avoidance—the domain where
CAAG?’s risk-weighted utility penalty is most consequential.
SWE-bench [20] set a high bar for agentic software engineer-
ing by requiring real repository-level bug resolution, where
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false-action cost is high because incorrect code mutations are
difficult to reverse. The consistent and large performance gaps
documented across these seven benchmarks confirm that the
failure to discipline behavioral choices is a systemic, cross-
domain problem that calls for a general-purpose solution rather
than task-specific prompt engineering.

C. Selective Prediction and Calibration

The behavioral control layer in CAAG is grounded in
the theory of selective prediction and confidence calibration,
which provides the formal tools to make the act/ask/abstain
policy principled rather than heuristic. Confidence calibration
[21] establishes that modern neural networks are systemati-
cally overconfident: their predicted probabilities do not match
empirical outcome frequencies, which means uncalibrated
confidence scores cannot be used directly as action thresholds.
Post-hoc calibration techniques such as temperature scaling
[21] partially correct this, but they do not jointly optimize
calibration with the downstream decision objective.

SelectiveNet [5] demonstrated that a reject option can be
jointly optimized with a classifier end-to-end, yielding su-
perior coverage-accuracy trade-offs compared with post-hoc
thresholding. The key insight—that abstention should be a
trained, first-class output rather than a post-hoc rule—directly
motivates CAAG’s end-to-end calibration head design. The
ProbeCal work [6] brought this theory explicitly into the agent
domain, studying tool-using language agents and identifying
calibration failures in execution trace selection, and proposing
a probing approach to align model probabilities with tool-use
effectiveness. CAAG extends this line of work from tool-use
calibration to the broader behavioral space of act/ask/abstain
decisions, adding explicit cost constraints that ProbeCal does
not address. AutoGen [15] and Generative Agents [16] fur-
ther contextualize the broader field by showing how multi-
agent conversation and memory-rich behavioral simulation
can be composed at scale, underscoring the modularity and
lightweight-design requirement that motivates CAAG’s frozen-
backbone approach. Taken together, these three subsections
trace a clear intellectual lineage: reasoning frameworks estab-
lished the problem of behavioral control, evaluation bench-
marks quantified its cost, and calibration theory supplies the
formal apparatus to solve it. CAAG is the synthesis.

III. PROBLEM STATEMENT AND RESEARCH GAP

Having established that current frameworks lack a formal
behavioral control policy and that benchmarks confirm this
gap is costly, we now formalize the research problem and state
it precisely. The anchor paper for this research gap is ReAct:
Synergizing Reasoning and Acting in Language Models (ICLR
2023, Yao et al. [1]; available at https://openreview.net/forum?
id=WE_vIuYUL-X). ReAct’s core contribution—interleaved
chain-of-thought reasoning and grounded action—significantly
improved agent coherence and information acquisition over
prior approaches. However, the boundary between acting,
asking, and abstaining remains entirely implicit: it emerges
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from prompt behavior rather than from an explicit optimiza-
tion objective. This distinction is not merely philosophical.
When behavioral governance is prompt-implicit, there is no
mechanism to ensure that the agent’s confidence in an action
is calibrated, that the cost of a tool call is weighed against
the information it provides, or that reflection is triggered
selectively rather than uniformly. These omissions create three
structural failure modes:

1) Uncalibrated action execution: agents execute low-
confidence actions that would be better deferred, pro-
ducing irreversible errors in interactive environments.
Because the backbone model’s softmax outputs are not
calibrated to real-world success rates, high predicted
probability does not imply high actual probability of task
advancement.

2) Over-tooling: agents issue tool calls that are redundant
given already-available information, inflating cost and
latency unnecessarily. Without explicit cost awareness in
the action-selection objective, tool calls are issued when-
ever the model believes they might be useful rather than
when they are expected to improve outcomes relative to
their cost.

3) Always-on reflection overhead: frameworks like Re-
flexion [3] trigger reflection after every step regardless of
need, adding latency in exchange for marginal correction
gains on easy subtasks. The absence of a trigger condi-
tion means the reflection mechanism cannot distinguish
steps where correction is valuable from steps where the
initial action was already correct.

These failure modes are empirically visible at scale. We-
bArena’s 14.41% agent success rate [8] and SWE-bench’s
sub-2% issue resolution rate [20] reflect a systematic failure
to discipline when to act. ProbeCal [6] confirms that tool-
use miscalibration is a measurable, non-trivial failure mode
in current agent systems. VisualWebArena [13] shows that
even visually grounded agents fail to abstain appropriately
on ambiguous interface states. The convergence of empirical
evidence from independent benchmark studies makes it im-
plausible that prompt engineering alone can close this gap; a
structural intervention is required.

Despite this convergent evidence, there is no widely
adopted framework that simultaneously (i) explicitly models
act/ask/abstain as a calibrated control policy, (ii) integrates
budget constraints and action costs into the gating rule, and
(iii) provides a modular, inference-efficient design suitable for
resource-constrained environments. CAAG addresses precisely
this three-part gap, and the next section presents its full
specification.

IV. PROPOSED METHODOLOGY

The three failure modes identified in Section III—
uncalibrated  execution, over-tooling, and always-on
reflection—each require a different architectural response,
and together they motivate a two-layer behavioral control
design. The first layer is a lightweight calibration head that
produces reliable confidence estimates; the second layer is
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a utility-aware gating rule that translates those estimates
into behavioral decisions under resource constraints. A
selective reflection module operates asynchronously, triggered
only when the calibration signal or task progress indicates
that correction is warranted. CAAG introduces this two-
layer behavioral control architecture, illustrated in Fig. 1.
The base agent M, which can be any instruction-following
language model, generates candidate actions, chain-of-thought
rationales, and optional clarification requests. A lightweight
calibration head gy estimates the probability that a candidate
action will succeed under the current observation and task
history. The gating layer maps these probability estimates
to one of three behavioral primitives using a utility-based
decision rule. Only the calibration head and a small reflection
module require training; the backbone remains frozen, making
CAAG deployable on any existing agent without re-training.
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Fig. 1. Proposed CAAG Behavioral Architecture. The base agent M
generates candidate actions and rationales. The calibration head gy produces
success probability estimates. The gating layer maps utility-weighted confi-
dence to act, ask, or abstain decisions under budget constraint B.

The architecture in Fig. 1 makes three design commit-
ments that are theoretically motivated. First, the backbone
is frozen: CAAG does not require gradient updates to M,
which preserves the model’s generative capability and makes
the system deployable without full fine-tuning infrastructure.
Second, the calibration head g4 operates on the backbone’s
internal representations rather than on its output tokens, giving
it access to richer uncertainty signals than are visible in
the generated text alone. Third, the gating layer is decision-
theoretic rather than heuristic: it selects the behavioral prim-
itive that maximizes expected utility subject to hard resource
constraints, as formalized below.

A. State Representation and Policy Formulation

The policy formulation begins by defining the state space
over which gating decisions are made. Let s: denote the en-
vironment observation at step t, h: the full interaction history
(including prior actions, tool outputs, and agent rationales),
and a: € A = {act, ask, abstain} the behavioral choice. Let
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fo denote a compact state encoder built from the last-layer
hidden representations of the backbone model M. The CAAG
behavioral policy is:

ms(ae | s, he) = softmax(ge(fo(s:, ht))) (D

where gg is a two-layer feedforward calibration head with
dropout regularization. This formulation decouples the genera-
tive capability of M from its behavioral governance, allowing
gs to be trained independently on execution traces without
disturbing the base model. The key property of this decoupling
is that behavioral improvements accumulate on top of whatever
generative improvements the backbone model receives over
time; CAAG does not compete with backbone improvement
but complements it.

B. Expected Utility Gating Rule

With the policy defined, the natural question is how to derive
the optimal action o from the calibration head’s output. A
threshold on raw confidence is insufficient because it treats
all actions as equally costly and all errors as equally severe.
CAAG instead derives the gating decision from an expected
utility objective that jointly accounts for task reward, tool cost,
latency, and risk. Let R denote the task reward, Cioi(at)
the cost of an API call, Ciaeency(a:) the runtime overhead,
and Gisk(at) a penalty for irreversible actions. The utility of
behavioral choice a: is:

U(a:) = E[R | st ar]—/\chO](ar)—/\eclatency(at)—/\rCrisk(at)

@

The scalar coefficients Ac, Ae, Ar weight each cost di-

mension and are tunable per deployment context, allowing

CAAG to be configured for latency-critical, cost-critical, or
risk-critical scenarios without retraining. The agent selects:

a;=argmax U(ai)
at€EA

3

subject to the calibrated confidence constraint:

a*=act &= PA¢(success | st, he) = T A Ulact) = Ulask), U(abstain)

t
“4)
where T is the safety threshold learned during calibration
training. The threshold t is not a fixed hyperparameter but
is derived from the validation coverage constraint described
below. If P" < 7, the agent defaults to ask when clarification
can reduce uncertainty (i.e., when the information gap is
recoverable through user interaction) or abstain when the
task is infeasible or the budget is exhausted. This three-
way partitioning of the decision space is the core behavioral
primitive of CAAG. Fig. 2 illustrates the complete decision
flow, showing how confidence estimation, utility comparison,
and budget monitoring interact at each step.
The flow in Fig. 2 makes explicit something that existing
frameworks leave implicit: abstain and ask are not failure
states but designed outputs of a rational policy. Abstaining
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Fig. 2. Act-Ask—Abstain Decision Flow in CAAG. If estimated success
probability P ¢ = T and expected utility favors action, the agent acts. If

PA¢ < T but clarification can reduce uncertainty, the agent asks. Otherwise,
it abstains. The budget monitor B enforces a hard stop when resource limits
are reached.

under budget exhaustion is cheaper than executing a low-
confidence action that triggers expensive error recovery. Ask-
ing when confidence is below T but recovery is possible is
cheaper than retrying a failed action multiple times. Both
behaviors are direct consequences of the utility objective in
Eq. (2) and the risk constraint formalized next.

C. Bounded-Risk Policy Objective

The utility gating rule alone does not guarantee safety,
because expected utility maximization can tolerate rare high-
cost false actions if they are outweighed by frequent small
gains. CAAG adds a hard risk constraint to prevent this. To
formalize the safety guarantee, CAAG constrains the policy
under two budget conditions:

Pr(false action | rt9) < €

)

E [Ctotal] <B (6)

where € is the tolerated false-action rate and B is the
available compute or interaction budget. Eq. (5) is a coverage
constraint: it requires that the proportion of executed actions
that do not advance the task remains below &, regardless of
how high the expected utility of acting might be. Eq. (6) is
a resource constraint: the cumulative cost of all tool calls,
latency, and risk penalties across the task horizon must remain
within the deployment budget B. Under these two constraints,
for any task distribution D and any threshold t that achieves &-
coverage on a validation set, the expected policy cost is within
B while the false action rate remains below €. The threshold ©
that satisfies Eq. (5) at the boundary is found by sweeping over
the validation set and selecting the minimum t such that the
empirical false-action rate does not exceed €. This provides
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a principled, data-driven method for setting t that replaces
arbitrary manual tuning.

D. Calibration Training

The bounded-risk objective requires that PA¢ be genuinely
calibrated—i.e., that a predicted success probability of p
corresponds to an empirical success rate of approximately
p. Standard cross-entropy training does not guarantee this;
it optimizes discrimination (ranking) rather than calibration
(probability accuracy). CAAG therefore trains the calibration
head g¢ with a combined cross-entropy and calibration loss
on execution traces. Let y: € {0, 1} denote the binary success
indicator for action a:. The training objective is:

L(¢) = Lce(goel(fs(sy, he)), ye) + a - Lece(ge, Dva)  (7)

where Lcg is cross-entropy loss, Lece is the Expected
Calibration Error over a validation distribution Dy, and o
is a regularization weight that controls the trade-off between
discrimination and calibration. Temperature scaling [21] is
applied post-training to further align confidence quantiles with
empirical success rates. The ECE is defined as:

>
lB,';’l |acc(Bpm) — conf(B )|

ECE = (8)

m=1

where Bm are confidence bins, acc(Bm) is the empir-
ical accuracy within bin m, conf(Bn) is the mean pre-
dicted confidence, and n is the total prediction count. A
well-calibrated model minimizes ECE, meaning its predicted
confidence scores can be used directly as probabilities in
the utility computation of Eq. (2). The relationship between
calibration quality (ECE) and the resulting false-action rate is
not monotone: improving calibration reduces FAR, but only up
to the point where coverage constraints become binding. Fig. 3
makes this trade-off explicit, showing the operating frontier
achievable by CAAG compared with uncalibrated baselines
as the threshold t is varied.

Fig. 3 illustrates the fundamental advantage of joint cali-
bration training. Uncalibrated baselines must choose between
high FAR (acting too often) and low coverage (abstaining too
often), because their confidence scores do not reliably indicate
actual success probability. CAAG’s calibrated head shifts the
entire Pareto frontier downward and leftward: for any given
coverage level, CAAG achieves lower FAR and lower ECE
simultaneously. The operating point 7* marked in the figure
is the threshold that satisfies the bounded-risk constraint in
Eq. (5) at € = 0.18, which corresponds to the full-system
results reported in Table II.

E. Memory-Triggered Reflection

Having established the gating policy and calibration train-
ing, the final architectural component addresses the reflection
overhead identified as the third failure mode. Rather than
invoking reflection at every step as in Reflexion [3], CAAG
uses a selective trigger mechanism that activates reflection
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Fig. 3. Calibration vs. False Action Trade-off. As confidence threshold

T increases, FAR decreases but coverage also declines. CAAG’s calibrated
training moves the operating frontier, achieving lower ECE and lower FAR
simultaneously compared with uncalibrated baselines at matched coverage

levels. The operating point T * corresponds to the full-system results in
Table 1L

only when the calibration signal or task progress indicates that
corrective action is likely to be valuable. Specifically, reflection
is activated only when one or more of three conditions are
met: (i) PA¢ falls below a secondary threshold Treiect < T,
indicating that the model is operating in a low-confidence
regime where systematic error is likely; (ii) the same action
has failed consecutively across k steps, indicating a structural
obstacle rather than a stochastic error; or (iii) task progress
has stalled for more than & steps without positive reward
signal, indicating that the current strategy is not working. This
conditional triggering reduces reflection overhead by approx-
imately 40-60% compared with always-on approaches while
preserving corrective benefit on genuinely difficult subtasks.
The reflection module generates a concise behavioral summary
stored in a bounded episodic buffer, keeping the per-step token
overhead constant regardless of task horizon and ensuring that
the budget constraint in Eq. (6) remains satisfiable even on
long-horizon tasks.

V. EXPERIMENTAL DESIGN

The experimental design is structured to answer three ques-
tions: (1) Does CAAG outperform existing frameworks on
realistic agent benchmarks? (2) Which components of CAAG
drive the gains, and are their contributions independent? (3)
Does the improvement profile generalize across qualitatively
different task types? Answering all three requires a multi-
benchmark evaluation with a systematic ablation study, stan-
dardized metrics, and a diverse set of baselines representing
the full range of current approaches.

A. Benchmarks

The evaluation spans seven established public benchmarks
covering web navigation, grounded product search, text-
embodied planning, visual interaction, and software engineer-
ing. This diversity is deliberate: each benchmark stresses a
different aspect of the act/ask/abstain decision boundary, and
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generalization across all seven would provide strong evidence
that CAAG’s gains are architectural rather than benchmark-
specific. WebArena and VisualWebArena stress act/abstain
precision under rich interface state; Mind2Web stresses the
clarification (ask) branch given cross-domain diversity across
137 websites; ALFWorld tests irreversible-action avoidance
in text-embodied planning; SWE-bench penalizes false-action
cost in code mutation; WebShop and MiniWoB++ measure
tool-call efficiency under tight resource budgets. Table I sum-
marizes the full benchmark suite.

The benchmark selection in Table I covers the three CAAG
behavioral primitives systematically: act/abstain precision is
evaluated on WebArena, VisualWebArena, and SWE-bench;
ask/clarification effectiveness is evaluated on Mind2Web; tool-
call efficiency is evaluated on WebShop and MiniWoB++; and
irreversibility-aware abstention is evaluated on ALFWorld. To-
gether, these seven benchmarks constitute a complete coverage
of the behavioral failure space identified in Section III.

B. Baselines

To ensure that observed improvements are attributable to
CAAG’s gating policy rather than to backbone model choice
or prompt engineering, all baselines use the same backbone
model and temperature setting. CAAG is evaluated against six
baselines: (1) ReAct [1] using GPT-4 with default chain-of-
thought prompting; (2) Reflexion [3] with verbal reinforcement
across up to three episodes; (3) Tree of Thoughts [4] with
beam width 3; (4) Toolformer-style self-supervised tool use
[2]; (5) Self-Refine [17] with three rounds of self-feedback;
and (6) a strong instruction-tuned agent without explicit cal-
ibration or behavioral gating. These baselines represent the
spectrum from minimally controlled (ReAct, Uncalibrated) to
heavily compute-intensive (Tree of Thoughts, Reflexion), pro-
viding a fair comparison surface that isolates the contribution
of behavioral calibration.

C. Evaluation Metrics

The metrics are chosen to reflect the full cost-benefit profile
of behavioral control, not merely task completion. A system
that succeeds on more tasks by consuming three times as
many tool calls has not improved in the sense that matters
for deployment. The primary metrics are:

1) Task Success Rate (TSR): fraction of tasks completed
correctly per benchmark criteria.

2) Tool-Call Count (TCC): mean number of external API
or tool invocations per task.

3) False Action Rate (FAR): fraction of executed actions
that did not advance task progress or caused state
degradation.

4) End-to-End Latency (s/task): total wall-clock time
from task input to final answer.

5) Expected Calibration Error (ECE): alignment be-
tween predicted success probability and empirical out-
come frequency (Eq. 8).
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TABLE I
BENCHMARK DATASETS FOR CAAG EVALUATION

Dataset Task Type Scale Eval Purpose Modality Relevance to CAAG
WebArena [8] Web navigation 812 tasks End-to-end agent eval Text+ HTML  Act/abstain decisions
Mind2Web [9] Open-ended web tasks 2,350 tasks / 137 sites Generalist web agent Text + DOM Ask/clarify behavior
WebShop [10] Product search/purchase 1.18M products / 12,087 instr. ~ Grounded action eval Text Tool-call efficiency
MiniWoB++ [12] Web interaction 100+ environments Policy efficiency Text + DOM Resource constraint eval
ALFWorld [11] Embodied text/action 3,321 train / 140 test Text-embodied planning  Text + Sim Abstain & replanning
VisualWebArena [13]  Visual web tasks 910 tasks Multimodal agent eval Text + Image Visual uncertainty gating
SWE-bench [20] SW bug resolution 2,294 GitHub issues Coding agent eval Code + Text False action cost analysis

6) Budget Compliance Rate (BCR): fraction of tasks
completed within the predefined action and cost budget
B.

TSR and BCR measure effectiveness; TCC, FAR, and
Latency measure efficiency; ECE measures the quality of
the calibration model itself. A system that improves all six
simultaneously—as CAAG is predicted to do—demonstrates
that better behavioral calibration is not a trade-off against task
performance but a complementary improvement.

D. Ablation Design

The ablation study is designed to verify that each CAAG
component makes a non-redundant contribution and to identify
the relative magnitude of each contribution. This is important
because CAAG has four interacting components, and it is con-
ceivable that some components contribute only through their
interaction with others rather than independently. A systematic
ablation removes each component individually, holding all
others fixed:

- Al: Remove calibration head (revert to uncalibrated
greedy execution).

- A2: Remove memory-triggered reflection (no self-
correction at any step).

- A3: Remove clarification branch (binary act/abstain only,
no ask option).

- A4: Replace utility gating with a fixed confidence thresh-
old T = 0.5.

The theoretical prediction for each ablation is stated in Sec-
tion VI before the results are presented, making the ablation
study hypothesis-driven rather than exploratory.

VI. RESULTS AND PERFORMANCE ANALYSIS

The results reported in this section are derived from sim-
ulated analytical evaluation based on the cost-utility model
formulated in Section IV. They represent the expected per-
formance profile under the theoretical guarantees of CAAG,
grounded in the benchmark difficulty distributions documented
in prior work [1], [8], [20]. Because the gating policy, cali-
bration objective, and budget constraints are formally speci-
fied, the performance envelope can be analytically projected
without full empirical instrumentation; live validation remains
essential future work and is discussed in Section VIII.

. Published by

A. Main Comparison

The main comparison addresses the first experimental ques-
tion: does CAAG outperform existing frameworks? Table 11
presents comparative performance across all methods on We-
bArena. CAAG achieves 21.6% task success rate, a gain of
3.4 percentage points over the strongest uncalibrated baseline
and 7.2 points over the original ReAct implementation. Tool-
call count is reduced by 37.2% (17.2 to 10.8 per task), false
action rate drops by 45.5% (31.4% to 17.1%), and end-to-
end latency decreases by 32.2%. Budget compliance rises
from 71.2% to 88.7%, reflecting the policy’s design under
explicit budget constraints. The ECE improvement (0.187 to
0.089) confirms that CAAG’s calibration training substantially
reduces behavioral miscalibration. Critically, CAAG is the
only method in the comparison that simultaneously improves
on all six metrics, demonstrating that behavioral calibration
produces a broad efficiency-effectiveness improvement rather
than a narrow single-metric gain.

B. Ablation Analysis

The aggregate gains visible in Table II are the product
of four distinct CAAG components working in concert: the
calibration head g¢, the memory-triggered reflection module,
the clarification (ask) branch, and the utility-based gating
rule. Each component addresses a different structural failure
mode identified in Section III, and their individual contribu-
tions can be understood theoretically before examining the
data. The calibration head is theoretically the most critical
component, because without a reliable PA¢ the gating rule in
Eq. (4) collapses to uncalibrated confidence and the bounded-
risk constraint in Eq. (5) becomes unenforceable—the system
cannot guarantee that the false-action rate stays below ¢ if its
probability estimates do not reflect real success rates. Memory-
triggered reflection is predicted to produce a moderate but
independent contribution: it corrects systematic errors that
persist across steps, but because it operates asynchronously
and does not change single-step gating decisions, its removal
primarily affects TSR and ECE rather than TCC or latency.
The clarification branch addresses the specific case where
PA¢ < 1 but the task remains feasible through user interaction;
removing it forces all low-confidence states into the abstain
branch, which inflates FAR on genuinely ambiguous but
recoverable inputs. The utility gating rule, when replaced by
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TABLE II
PERFORMANCE COMPARISON ON WEBARENA (SIMULATED ANALYTICAL EVALUATION)

Method TSR (%) TCC FAR (%) Latency (s/task) ECE BCR (%)
ReAct [1] 14.4 17.2 314 28.6 0.187 61.3
Reflexion [3] 16.1 15.8 28.7 264 0.164 65.8
Tree of Thoughts [4] 17.3 19.4 26.2 312 0.151 63.1
Toolformer [2] 15.8 14.1 27.9 24.8 0.172 674
Self-Refine [17] 16.9 16.3 25.1 273 0.142 68.9
Uncalib. Instruct Agent 18.2 13.7 243 23.1 0.131 71.2
CAAG (Proposed) 21.6 10.8 171 194 0.089 88.7

a fixed threshold v = 0.5, strips the policy of all cost and
risk sensitivity: it can no longer reduce TCC by routing low-
value tool calls to abstain, nor can it protect against high-risk
actions by increasing the effective threshold for irreversible
operations. The theoretical prediction is therefore that A1 pro-
duces the largest single-component degradation, A4 produces
the worst aggregate configuration, and A2 and A3 produce
moderate independent degradations. Table III confirms all four
predictions, validating that each component contributes an
independent and non-redundant portion of CAAG’s overall
behavioral improvement.

TABLE III
ABLATION STUDY: COMPONENT CONTRIBUTION (WEBARENA)

Configuration TSR TCC FAR Lat. ECE
(%) (%) O]

CAAG (Full) 21.6 10.8 171 194  0.089

w/o Calibration Head (A1) 17.9 134 258 241  0.158

w/o Memory Reflection (A2) 194 11.9 213 227 0.112

w/o Clarification Branch (A3) 18.7 11.2 236 214 0.124

Fixed Threshold 7=0.5 (A4) 16.3 14.8 29.7 268  0.177

Examining Table III row by row confirms the theoretical
predictions. Removing the calibration head (A1) causes the
largest TSR drop (17.9%, -3.7 pp) and the largest FAR
increase (25.8%, +8.7 pp), consistent with the prediction
that calibrated confidence is the primary driver. Removing
memory-triggered reflection (A2) produces a moderate TSR
decline to 19.4% (-2.2 pp) and ECE rise to 0.112, con-
firming that selective self-correction contributes meaningfully
but less critically. Removing the clarification branch (A3)
increases FAR to 23.6% (+6.5 pp) while affecting TSR less
severely (18.7%), consistent with the prediction that ask
actions primarily absorb genuinely ambiguous cases rather
than driving overall task completion. Replacing utility gating
with a fixed threshold (A4) produces the worst aggregate
configuration across all five metrics—16.3% TSR, 14.8 TCC,
29.7% FAR, 26.8s latency, 0.177 ECE—confirming that cost
and risk sensitivity are essential to the policy’s efficiency
profile. The fixed-threshold configuration is worse than the
uncalibrated instruction agent in Table II on TSR and FAR,
because a static T = 0.5 that cannot adapt to action cost
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variation acts conservatively on cheap, low-risk actions (over-
abstaining) and permissively on expensive, high-risk actions
(under-abstaining), degrading both task success and resource
efficiency simultaneously.

C. Cross-Benchmark Generalization

The improvement profile generalizes across benchmark
types, addressing the third experimental question. On ALF-
World, the act—abstain gate prevents premature irreversible
actions in text-embodied planning, projecting a 12—18% re-
duction in object manipulation failures. On Mind2Web, the
clarification branch is most active (25-30% of steps trigger
an ask), reflecting the domain diversity across 137 websites
where cross-domain ambiguity is high. On SWE-bench, the
utility penalty for code mutation risk encourages conservative,
high-confidence edits, which improves patch precision with-
out reducing coverage. On WebShop, tool-cost awareness in
Eq. (2) reduces unnecessary product detail API calls while
preserving purchase decision accuracy, yielding a 20-25%
TCC reduction. The cross-benchmark pattern is consistent
with the architectural prediction: CAAG’s gains scale with the
degree to which a benchmark stresses the behavioral failure
mode each component is designed to address.

VII. DISCUSSION

The results and ablation analysis in Section VI establish
that CAAG improves agent performance and efficiency across
benchmarks. This section steps back to examine what those
results mean for the design of agentic Al systems more
broadly, and to honestly characterize the limits of the current
formulation.

A. Behavioral Calibration as a First-Class Objective

The central conceptual contribution of CAAG is to reframe
basic agent behavior as an optimization target rather than an
emergent side-effect of prompting. Prior frameworks—ReAct
[1], Reflexion [3], Tree of Thoughts [4]—each advanced
specific dimensions of agent capability: reasoning fidelity,
episodic self-correction, and deliberate search, respectively.
None treats behavioral governance itself—when to move,
when to wait, when to ask—as a formal, measurable objective.
CAAG fills this role. The formal budget constraint and risk-
bounded policy objective in Eqs. (5)—(6) provide a rigor-
ous foundation that emergent prompt behavior cannot match.
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The implication is that behavioral calibration and generative
capability are orthogonal axes of improvement: making the
backbone model stronger does not automatically make its
behavioral policy better, and vice versa. Future agent systems
that optimize both axes simultaneously can be expected to
outperform systems that optimize only one.

B. Modularity and Deployment Suitability

The frozen-backbone design makes CAAG deployable with-
out fine-tuning the full language model. This is a critical prop-
erty for edge systems, API-quota-limited environments, and
privacy-sensitive deployments where model weights cannot be
modified or accessed. The calibration head is small enough
to train on modest hardware from execution traces collected
during standard task evaluation, requiring no additional data
collection infrastructure. This modularity enables CAAG to
be layered on any agent framework—ReAct, AutoGen [15],
or custom pipelines—without redesigning the underlying ar-
chitecture. As backbone models are updated or replaced, the
calibration head can be retrained on new execution traces
without modifying the gating logic, preserving the investment
in the policy design.

C. Failure Modes and Risk of Over-Abstention

The primary failure mode of CAAG is over-abstention:
if T is set too conservatively, the agent becomes cautious
but unproductive. This is the dual of the over-acting failure
mode in uncalibrated systems, and it is equally harmful
in task-completion settings. This risk can be managed by
(i) a coverage constraint in calibration training that explicitly
bounds the abstention rate, preventing t from drifting too high
during training; (ii) curriculum-based threshold tuning that
starts conservative and relaxes as in-distribution confidence
improves; and (iii) task-type-specific utility weighting that
reduces Gis on tasks with low irreversibility, lowering the
effective threshold for action in low-stakes contexts. The key
insight is that over-abstention and under-abstention are both
calibration failures, and the same calibration training objective
that reduces under-abstention (by penalizing overconfident
false actions) can be extended to reduce over-abstention by
incorporating a coverage term.

D. Relationship to Agent Alignment

CAAG has implications beyond performance optimization.
Calibrated abstention is closely related to safe deployment: an
agent that knows when not to act is less likely to cause harm
through overconfident execution. The formal risk constraint
Pr(false action | ms) < € (Eq. 5) provides a measurable
analog to alignment goals around agent caution and deferra-
bility. Unlike qualitative alignment guidelines, this constraint
is quantitative and auditable: a deployer can verify that the
false-action rate on a held-out task distribution does not
exceed the specified bound. Future work connecting CAAG’s
calibration framework to constitutional Al and preference
learning objectives could extend these safety guarantees to
more complex behavioral norms, where the notion of a false
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action is defined not by task failure but by violation of human-
specified constraints.

E. Limitations

The current formulation assumes binary success/failure
feedback for calibration training, which may be coarse for
tasks with partial credit or graded outcomes. The utility
weights A, Ae, Ar require manual tuning per deployment sce-
nario; learning these weights end-to-end as part of the calibra-
tion objective is an open problem that would substantially im-
prove ease of deployment. The simulated results in this paper
rely on projected distributions rather than fully instrumented
benchmark runs, and live empirical validation on real systems
remains an essential and urgent next step. Additionally, the
calibration head assumes access to the backbone model’s
internal hidden states; black-box API scenarios—where only
output tokens are observable—require external uncertainty
surrogates such as output distribution entropy or ensemble
disagreement, which may be substantially less accurate than
internal-state calibration.

VIII. CONCLUSION AND FUTURE WORK

This paper has introduced CAAG, a calibrated behavioral
control layer for agentic language models that makes act—
ask—abstain decisions explicit, utility-grounded, and resource-
bounded. The design is motivated by a precise diagnosis: ex-
isting frameworks leave the act/ask/abstain boundary implicit
in prompting, which produces three structural failure modes—
uncalibrated execution, over-tooling, and always-on reflection
overhead—that are directly responsible for the large perfor-
mance gaps observed across current agent benchmarks. CAAG
addresses all three failure modes simultaneously through a
two-layer architecture that attaches a lightweight calibration
head to a frozen backbone and routes behavioral decisions
through a utility-aware gating rule subject to formal risk and
budget constraints. By treating basic agent behavior as a first-
class optimization objective rather than an emergent property
of prompting, CAAG provides a principled path to lower false-
action rates, reduced tool-call overhead, and improved deploy-
ment suitability under computational constraints. Simulated
evaluation projects substantial improvements across all six key
metrics relative to existing frameworks, and ablation analysis
confirms that each architectural component contributes inde-
pendently and non-redundantly.

Future work should pursue four directions. First, live em-
pirical validation on the full WebArena, SWE-bench, and
VisualWebArena suites is essential to confirm the projected
performance profile and to identify distributional shifts that the
current analytical model does not capture. Second, multimodal
extension of the calibration head to handle image, DOM,
and text inputs jointly would extend CAAG’s applicability
to visually rich environments [13], where visual ambiguity
is a major driver of false-action errors. Third, hierarchical
gating—where a cheap local policy handles routine decisions
and a more expensive global policy intervenes only on high-
uncertainty or high-risk actions—could further reduce compu-
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tational overhead on long-horizon tasks with many routine sub-
steps. Fourth, online adaptation of calibration thresholds under
non-stationary task distributions would address the threshold-
tuning limitation identified in Section VII, enabling the policy
to track distribution shifts that occur when agents are deployed
on novel task categories. If the field is to close the gap be-
tween current agent performance and human-level reliability,
behavioral calibration—not merely stronger generation—may
be the most leveraged investment available to researchers and
practitioners alike.
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