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Abstract

Autonomous agents based on large language
models (LLMs) are rapidly evolving to han-
dle multi-turn tasks, but ensuring their trust-
worthiness remains a critical challenge. A
fundamental pillar of this trustworthiness is
calibration, which refers to an agent’s abil-
ity to express confidence that reliably reflects
its actual performance. While calibration is
well-established for static models, its dynam-
ics in tool-integrated agentic workflows remain
under-explored. In this work, we systemati-
cally investigate verbalized calibration in tool-
use agents, revealing a fundamental confidence
dichotomy driven by tool type. Specifically,
our pilot study identifies that evidence tools
(e.g., web search) systematically induce se-
vere overconfidence due to inherent noise in
retrieved information, while verification tools
(e.g., code interpreters) can ground reasoning
through deterministic feedback and mitigate
miscalibration. To robustly improve calibra-
tion across tool types, we propose a reinforce-
ment learning (RL) fine-tuning framework that
jointly optimizes task accuracy and calibration,
supported by a holistic benchmark of reward de-
signs. We demonstrate that our trained agents
not only achieve superior calibration but also
exhibit robust generalization from local train-
ing environments to noisy web settings and
to distinct domains such as mathematical rea-
soning. Our results highlight the necessity of
domain-specific calibration strategies for tool-
use agents. More broadly, this work establishes
a foundation for building self-aware agents that
can reliably communicate uncertainty in high-
stakes, real-world deployments.

1 Introduction

Autonomous agents based on LLMs represent a
transformative leap in artificial intelligence, evolv-
ing beyond static text processing to engage with

*Equal contribution.
†Corresponding author.

dynamic, real-world environments actively. By
leveraging external tools and iterative reasoning,
these systems are demonstrating rapid increases
in proficiency in executing complex, long-horizon
tasks that were previously intractable. The re-
search community has recently witnessed remark-
able strides across critical domains, including so-
phisticated code agents (Jimenez et al., 2024; Yang
et al., 2024, 2025; Trae Research Team et al., 2025),
autonomous web agents (He et al., 2024; Wei et al.,
2025b), and advanced deep search agents (Wu et al.,
2025a; Li et al., 2025b,a; Team et al., 2025). The
implications of this progress extend far beyond
technical novelty. Indeed, these agents are poised
to exert a substantial economic impact and funda-
mentally reshape the future of work (Shao et al.,
2025).

While the trustworthiness and safety of LLMs
have been examined extensively, research specif-
ically addressing trustworthiness in multi-turn
agents remains sparse (Hua et al., 2024; Yu et al.,
2025; Shi et al., 2026). A fundamental pillar of this
trustworthiness is calibration, which refers to an
agent’s ability to report confidence scores that reli-
ably reflect its actual performance. Within the lim-
ited existing literature, search agent-oriented bench-
marks (Wei et al., 2025a; Zhou et al., 2025) consis-
tently report that tool-use agents exhibit higher cal-
ibration errors than standalone LLMs, suggesting
that external tools often exacerbate overconfidence.
However, these studies focus narrowly on search
scenarios, leaving open a critical question: is mis-
calibration a universal consequence of tool use, or
does it depend on the nature of the tool itself?

In this work, we present a systematic pilot study
that answers this question by comparing represen-
tative tool-use agents (Jin et al., 2025; Xue et al.,
2025) against their standard instruction-following
counterparts. Our analysis reveals a critical con-
fidence dichotomy: not all tools affect calibra-
tion equally. Specifically, we identify two distinct
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tool categories with opposing effects. Evidence
tools (e.g., web search), which retrieve external
information laden with noise and uncertainty, sys-
tematically induce severe overconfidence. In con-
trast, verification tools (e.g., code interpreters),
which provide deterministic execution feedback,
can ground reasoning and mitigate miscalibration.
This dichotomy persists across both prompting-
based strategies and standard tool-use-oriented RL,
indicating a fundamental challenge that cannot be
resolved through prompt engineering alone.

To improve calibration across tool-use scenarios,
we propose the Calibration Agentic RL (CAR)
framework, a novel RL-based fine-tuning approach
that jointly optimizes task accuracy and the relia-
bility of expressed confidence. Through a holistic
evaluation of diverse reward structures, we demon-
strate that our trained agents maintain competitive
accuracy while achieving significantly better cali-
bration than baselines. Furthermore, we validate
the robustness of our approach: agents trained in
controlled local retriever environments generalize
effectively to more noisy, API-based web search
scenarios, and the framework proves effective in
tool-integrated mathematical reasoning. Our pri-
mary contributions are summarized as follows:

• We conduct a systematic pilot study that re-
veals a critical confidence dichotomy in tool-
use agents: while verification tools provide
grounding, evidence tools inherently predis-
pose agents to severe overconfidence.

• We propose CAR, an RL-based framework
for optimizing agent calibration, supported
by a holistic benchmark of reward structures,
including our novel Margin-Separated Cali-
bration Reward (MSCR), that provides key
insights for future reward design.

• We validate the effectiveness and robust-
ness of our methodology across distinct task
domains and demonstrate successful cross-
environment generalization from local to
noisy web settings.

2 Related Work

Tool-use Agents The paradigm of LLMs is shift-
ing from static text generation to autonomous
agents capable of interacting with external envi-
ronments. Equipping agents with tool-use capabili-
ties enables them to overcome inherent limitations,

such as hallucinations and calculation errors. Re-
cent literature has explored diverse tool integration
strategies, which can be broadly categorized by
their function. On one hand, evidence tools such
as web search enable agents to retrieve external
information to augment their knowledge; for in-
stance, Search-R1 (Jin et al., 2025) leverages RL
to intrinsically motivate agents to seek informa-
tion when their internal knowledge is insufficient.
On the other hand, verification tools such as code
interpreters provide deterministic feedback to vali-
date reasoning steps. Xue et al. (2025) integrates
external Python interpreters to enhance agents’
mathematical reasoning capabilities through robust
code execution. Emerging evidence from search-
oriented benchmarks suggests that tool use can
exacerbate overconfidence in these settings (Wei
et al., 2025a; Zhou et al., 2025). Our work extends
this line of inquiry by showing that this effect is
not universal, but instead depends systematically
on tool type.

Calibration in LLMs The calibration of LLMs
has emerged as a central theme in recent litera-
ture. Verbalized confidence (Lin et al., 2022; Tian
et al., 2023) has gained prominence due to its inter-
pretability and simplicity, with subsequent evalua-
tions across instruct LLMs (Xiong et al., 2024), rea-
soning LLMs (Zeng et al., 2025; Yoon et al., 2025),
and vision-language models (Xuan et al., 2025)
consistently characterizing these models as exhibit-
ing moderate overconfidence. In terms of training,
Damani et al. (2025) proposed an RL-based frame-
work to encourage calibration in single-turn LLMs.
However, these studies focus on static generation
and do not address how calibration behaves in in-
teractive tool-use settings.

Calibration in Tool-Use Agents Recent work
has begun to study calibration specifically in tool-
using agents. Subramani et al. (2025) proposed
MICE, which trains a classifier over model-internal
logit-lens features to estimate whether a generated
tool call should be executed. Shen et al. (2024)
introduced SMARTCAL, a multi-agent inference-
time framework that mitigates tool abuse via self-
evaluation and empirical step-level recalibration.
Liu et al. (2024) proposed ProbeCal, which trains
an external probe on LLM embeddings to esti-
mate execution reward for prompt and trace selec-
tion, while Zhang et al. (2026) trained an external
predictor to estimate trajectory success post hoc.
These approaches improve reliability through aux-
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iliary inference-time or post-hoc modules rather
than training the agent to internalize calibrated ver-
balized confidence. Meanwhile, ET-Agent (Chen
et al., 2026) uses the notion of behavior calibration
to improve tool-use efficiency by reducing inef-
fective interaction patterns, which is orthogonal to
our focus on statistical confidence calibration. In
contrast to these works, we identify a tool-type-
dependent confidence dichotomy and directly op-
timize the agent’s intrinsic verbalized calibration
during RL training.

3 Pilot Study

3.1 Overall Motivation
The primary objective of this pilot study is to an-
swer the question raised in our introduction: is
miscalibration a universal consequence of tool use,
or does it depend on the nature of the tool itself? To
this end, we systematically isolate and quantify the
impact of different tool types on LLM calibration.
We specifically analyze the confidence shifts that
occur when transitioning from standard text gen-
eration to tool-augmented agentic workflows. By
contrasting distinct operational modes, including
standard prompting, prompting-based tool use, and
RL-optimized tool use, we aim to elucidate how
invoking external tools fundamentally modulates
the reliability of model confidence.

3.2 Experimental Setup
To ensure a rigorous comparison, we establish three
distinct experimental configurations:

1. Direct Prompting: The LLM is instructed
to address queries utilizing only its internal
parametric knowledge.

2. Prompting-based Tool-Use: The LLM is
prompted to function as an autonomous agent
with the capacity to invoke external tools,
without updates to its model weights.

3. RL-based Tool-Use: This setting adopts sim-
ilar agentic prompts as the second configu-
ration. However, the model is fine-tuned ex-
plicitly via RL to enhance its multi-turn tool
interaction capabilities.

We focus on web search and code interpreter as
they represent two fundamental paradigms of agen-
tic tool use. Evidence tools, exemplified by web
search, are characterized by open-ended, stochastic
outputs containing noisy, unstructured information.

These properties are shared by other information-
retrieval tools such as RAG and API queries. Con-
versely, verification tools, exemplified by code in-
terpreters, provide deterministic, structured feed-
back that facilitates logical grounding. These prop-
erties are shared by other execution-based tools
such as calculators, SQL, and symbolic solvers.
Most other tools used by agents fall within the
spectrum defined by these two paradigms. We eval-
uate three configurations across two representative
tool categories using Qwen2.5-3B-Instruct (Qwen
et al., 2025) as the backbone model:
Evidence Tools (Web Search): We evaluate open-
domain question answering performance using the
NQ (Kwiatkowski et al., 2019) and HotpotQA
(Yang et al., 2018) datasets. These tasks require
agents to retrieve external information from a noisy
retrieval environment. For the RL-based variant,
we adopt the training configurations of Search-R1
(Jin et al., 2025) using the VeRL framework (Sheng
et al., 2024).
Verification Tools (Code Interpreter): We as-
sess mathematical reasoning capabilities using the
AIME2024/2025 (Art of Problem Solving, 2025)
and MATH-500 (Lightman et al., 2023) bench-
marks. These tasks allow agents to execute Python
code and receive deterministic feedback. The RL-
based model is implemented following the Sim-
pleTIR (Xue et al., 2025) methodology for tool-
integrated reasoning. Detailed training and evalua-
tion configurations are provided in Appendix C.

We measure the Mean Confidence on Incorrect
Predictions (MCIP) on the intersectional wrong
questions across the three settings to understand
how additional tool use affects confidence, defined
as MCIP = 1

|Dwrong|
∑

i∈Dwrong
p̂i, where Dwrong =

i | y∗i ̸= yi denotes the set of incorrectly answered
questions and p̂i is the model’s predicted confi-
dence for its chosen answer on example i. Specifi-
cally, we use this metric to check whether agents
show significantly different confidence patterns
across various tool-use configurations. To ensure
the power of our analysis, we additionally con-
ducted t-tests (STUDENT, 1908) between each
configuration.

3.3 Results

The empirical results of our pilot study, detailed
in Table 1, reveal a critical confidence dichotomy
in agent behavior. First, consistent with observa-
tions by Wei et al. (2025a), integrating evidence
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(a) The confidence dichotomy
(Pilot Study Findings)

Evidence Tool
（eg. Web Search）

Acc: 65%

Conf: 100%

Stochastic Outputs

Verification Tool
(eg. Code Interpreter)

Acc: 80%

Conf: 90%

Complex Outputs

(b) Proposed Calibration Agentic RL Framework

Task Accuracy

Agent Calibration
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Radius: 20*sqrt(21)/63
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Joint Reward (RL)

Fine-tuning & 
Update policy
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Calibrated Model

Generalized reliability & 
Accurate Uncertainty 

Expression 

Figure 1: The confidence dichotomy and the proposed RL framework. (a) Our pilot study reveals a tool-
dependent divergence in calibration: evidence tools (e.g., web search), which operate in noisy retrieval environments,
systematically induce overconfidence. In contrast, verification tools (e.g., code interpreters), which provide
deterministic execution feedback, exhibit better alignment between confidence and accuracy. (b) To address this
miscalibration, we fine-tune agents with a joint RL objective that combines task accuracy and calibration rewards,
producing robust agents with reliable uncertainty expression.

Domain Dataset Setting Acc. ↑ MCIP ↓

Search

NQ
Direct prompting 15.5 0.879
Prompting-based tool-use 34.3 0.901
RL-based tool-use 43.1 0.948

HotpotQA
Direct prompting 18.7 0.859
Prompting-based tool-use 22.4 0.911
RL-based tool-use 27.4 0.967

Code

AIME2024
Direct prompting 12.2 0.968
Prompting-based tool-use 4.4 0.915
RL-based tool-use 18.2 0.868

AIME2025
Direct prompting 15.7 0.968
Prompting-based tool-use 5.8 0.904
RL-based tool-use 19.8 0.879

MATH-500
Direct prompting 63.4 0.971
Prompting-based tool-use 48.6 0.913
RL-based tool-use 77.0 0.890

Table 1: Pilot study results across tool-use configura-
tions and domains using Qwen2.5-3B-Instruct as the
backbone. Accuracy (Acc.) is reported for all tasks.
Lower MCIP indicates fewer overconfidence issues.

tools (i.e., web search) leads to a marked dete-
rioration in calibration. Regardless of whether
the agent employs prompting-based strategies or
RL-enhanced capabilities, the presence of search
tools systematically exacerbates overconfidence.
Moreover, our t-tests confirm that these differences
are statistically significant across direct prompting,
prompting-based, and RL-based tool-use configura-
tions. This suggests that the inherent noise and am-
biguity of retrieved information predispose agents
to inflated certainty. Conversely, verification tools
(i.e., code interpreters) yield a sharply contrasting
dynamic. In this domain, tool usage mitigates over-
confidence, with RL-based agents achieving the
lowest MCIP (statistically significant in the reverse

order). These divergent outcomes challenge the
assumption that tool use exerts a uniform influ-
ence on agent confidence. Instead, we identify a
clear heterogeneity driven by tool type: evidence
tools, which introduce external information with
inherent noise, interfere with confidence estima-
tion, whereas verification tools, which provide de-
terministic feedback, ground the reasoning process
and temper unwarranted certainty. This dichotomy
motivates our development of calibration-aware
training strategies for evidence tool scenarios. We
further validate that this phenomenon persists at
larger model scales (72B) in Appendix D.

4 Calibration Agentic RL (CAR)

As demonstrated in our pilot study, tool use does
not affect calibration uniformly. Verification tools
can ground reasoning through deterministic feed-
back, whereas evidence tools systematically induce
severe overconfidence because retrieved informa-
tion is noisy and only weakly verifiable. This identi-
fies evidence-tool settings as the primary regime in
which calibration must be improved. Motivated by
this finding, we introduce the Calibration Agentic
RL (CAR) framework, a calibration-aware training
framework for multi-turn agentic tasks that explic-
itly optimizes not only answer correctness but also
the reliability of the agent’s verbalized confidence.

The pilot study further clarifies what such a
framework must achieve. Since miscalibration re-
mains pronounced in evidence-tool agents even af-
ter standard RL for tool use, calibration cannot be
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treated as a by-product of improved task capability
and must instead be optimized directly. Moreover,
unlike verification tools, evidence tools provide
little direct feedback when retrieved information
is insufficient or misleading. A calibration-aware
objective must therefore do more than reward accu-
racy and confidence jointly: it must also discourage
optimization dynamics in which unsupported an-
swers remain competitive simply by expressing
lower confidence. CAR is designed with these two
requirements in mind, combining explicit calibra-
tion optimization with reward formulations that en-
courage a clear separation between well-grounded
success and unsupported failure.

4.1 Experimental Setup

4.1.1 Training Details
We first focus on evidence tool scenarios where
tool use exacerbates miscalibration, leveraging the
Search-R1 framework (Jin et al., 2025) as our pri-
mary testbed. For the retrieval component, we
directly adopt the established local search engine
configuration utilized within Search-R1. This setup
employs the 2018 Wikipedia dump (Karpukhin
et al., 2020) as the knowledge source, coupled with
E5 (Wang et al., 2024) as the dense retriever. Fur-
thermore, to optimize the policy of our tool-use
agents, we employ Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024) as the foun-
dational RL algorithm, and the mixture of NQ
(Kwiatkowski et al., 2019) and HotpotQA (Yang
et al., 2018) as our training data. Our training
prompt templates are attached in Appendix B.

We employ a suite of instruction-tuned LLMs
as our policy networks: Qwen2.5-3B-Instruct,
Qwen2.5-7B-Instruct, and Qwen3-4B-Instruct-
2507. The selection of instruction-tuned variants is
driven by two factors. First, these models exhibit
superior adherence to complex instructions, facili-
tating more reliable verbalized confidence report-
ing. Second, empirical evidence from the original
Search-R1 study indicates negligible performance
disparities between base and instruction-tuned ar-
chitectures in this context.

4.1.2 Reward Design
Baseline Methods We evaluate CAR against
three baseline methodologies: (1) Vanilla Search-
R1: the reward architecture proposed by Jin
et al. (2025), which utilizes an exact match
(EM) outcome reward alongside a structural re-
ward to enforce adherence to the reasoning-action-

observation chain; (2) Temperature Scaling: a
verified post-hoc calibration method (Guo et al.,
2017) applied to the vanilla Search-R1 baseline
with temperature fixed at 1.5. Superior perfor-
mance over this baseline would indicate that the
model has internalized genuine calibration capa-
bilities rather than merely adjusting surface-level
probabilities; and (3) MASH: Gul et al. (2026) in-
troduced a penalty mechanism for excessive search
tool usage that fosters robust abstention behavior.
Given the correlation between selective abstention
and improved calibration (Kirichenko et al., 2025;
Song et al., 2025), we include this as a comparative
baseline.

Proposed Reward Architecture Following
Damani et al. (2025), we augment the system
prompt to require agents to output a numerical
confidence score (ranging from 0 to 100) within
<confidence> XML tags. Our reward design
comprises two components:

(1) Extended Format Reward To ensure struc-
tural integrity, we extend the standard Search-R1
format constraints. While the original formulation
validates the logical ordering of reasoning, action,
and observation, our design additionally mandates
the presence of the confidence tag. Consequently,
the boolean reward function fformat(τ) returns a
value of True only when all structural require-
ments, including the confidence encapsulation, are
strictly satisfied.

(2) Calibration-motivated Outcome Reward
We reward both the accuracy of the final answer and
the expressed confidence. Given the gold answer y,
predicted answer y∗, and verbalized confidence q,
we experiment with two formulations:
Weighted Brier Score Reward. Following
Damani et al. (2025), we use the Brier score (Brier,
1950) to form a combined reward:

R(y, q, y∗) = 1y≡y∗ − λ(q − 1y≡y∗)
2. (1)

When λ = 1, this reduces to the RLCR formulation.
However, in this setting, the lowest reward for a
correct attempt equals the highest reward for an in-
correct one, which may make learning sensitive to
the training data distribution. To restore a positive
incentive margin for correctness, we experiment
with a weighting coefficient λ = 1/3 on the Brier
term.
Margin-Separated Calibration Reward
(MSCR). To address the optimization instability
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caused by incentive overlap in Brier scores, we
propose MSCR. This formulation decouples cali-
bration terms for correct and incorrect predictions
to guarantee a strict reward margin:

RMSCR(y, q, y
∗) = 1y≡y∗

[
1 + β1(1− (1− q)2)

]

− 1y ̸≡y∗
[
β2q

2
]
,

(2)

where β1, β2 > 0 control the calibration magnitude.
This formulation enforces strict separation: correct
answers receive a base reward of at least 1 (even
with q = 0), while incorrect answers receive at
most 0 (at q = 0) and incur penalties for false con-
fidence. This eliminates the “safe failure” loophole,
ensuring that the least confident correct answer
strictly outperforms the most “honest” incorrect an-
swer (see Appendix E for formal analysis). Unless
otherwise stated, we use β1=β2=0.5 in the main
experiments and study additional MSCR configu-
rations in Appendix H.

Unified Reward Function The total reward com-
bines format constraints with calibration-aware
scoring. Denoting the model output as τ , the cho-
sen calibration function as Rcal(y, q, y

∗) and as-
signing a penalty λf for format violations:

rϕ(x, τ) =

{
Rcal(y, q, y

∗) if fformat(τ),

Rcal(y, q, y
∗)− λf otherwise.

(3)
In the otherwise case, if q cannot be extracted, we
fall back to a minimal calibration reward (treating
q as a default value) to maintain the correctness
gradient while penalizing format errors via λf .

4.1.3 Evaluation Details
We evaluate our trained agents on the following
benchmarks: (1) the validation sets of NQ and
HotpotQA, serving as in-distribution (ID) datasets;
and (2) SimpleQA-verified (Haas et al., 2025), a
curated subset of SimpleQA (Wei et al., 2024) com-
prising 1,000 rigorously filtered questions for out-
of-distribution (OOD) assessment. The retrieval
corpus remains the 2018 Wikipedia dump for all
local-retriever evaluations. We employ four metrics
for comprehensive analysis: (1) Accuracy (Acc.),
to verify that calibration improvements do not
come at the cost of task performance; (2) Expected
Calibration Error (ECE), the canonical metric for
confidence-accuracy alignment, calculated using
a 10-bin scheme; (3) Brier Score, which captures

both calibration and refinement as the squared dif-
ference between confidence and correctness; and
(4) AUROC, to assess whether agents can reliably
distinguish correct from incorrect predictions via
confidence ranking. More details are provided in
Appendix A.

5 Results

5.1 General Results on Search Agents

A comprehensive summary of our experimental
findings is presented in Table 2. The results demon-
strate the robust effectiveness of CAR: across all
three backbone models with different sizes, we
consistently observe substantial ECE reductions
compared to baseline methods. This improvement
is consistent across both in-distribution (ID) and
out-of-distribution (OOD) settings, with ECE rel-
ative reductions of up to 68% through explicit
calibration-aware RL training. Crucially, under our
optimal configuration (MSCR), agents maintain ac-
curacy levels competitive with reward structures
that strictly incentivize correctness, confirming that
our design successfully balances calibration and
task performance. Furthermore, our analyses of
AUROC and temperature scaling suggest that CAR
achieves these gains not through mere rescaling of
confidence scores, but by inducing more nuanced
confidence reasoning. This is evidenced by AU-
ROC relative improvements of up to 17% in our
best setting, confirming that the model has gen-
uinely improved its ability to distinguish correct
from incorrect outputs.

Although the full RL sweeps in the main table
focus on 3B to 7B backbones due to the cost of
agentic RL training, the observed trends are not
confined to this scale range. Appendix I shows that
CAR continues to improve both calibration and ac-
curacy on Qwen2.5-14B-Instruct under both local
retrieval and the Serper API, while Appendix D
confirms that the confidence dichotomy itself per-
sists at the 72B scale.

This improved reasoning capability translates
into robust generalization, as evidenced by the com-
parison between ID and OOD settings. Our results
indicate that CAR engenders a fundamental un-
derstanding of confidence rather than a superficial
alignment with in-distribution data. Specifically,
on the SimpleQA-verified dataset, agents trained
via CAR exhibit marked calibration improvements.
This finding suggests that the calibration mecha-
nisms learned in search scenarios are not artifacts
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Model Strategy NQ (ID) HotpotQA (ID) SimpleQA-verified (OOD)
Acc↑ ECE↓ Brier↓ AUROC↑ Acc↑ ECE↓ Brier↓ AUROC↑ Acc↑ ECE↓ Brier↓ AUROC↑

Qwen2.5-3B

Vanilla Search-R1 43.1 0.528 0.519 0.600 27.4 0.699 0.686 0.599 34.8 0.610 0.587 0.702
Temperature Scaling 43.1 0.500 0.489 0.600 27.4 0.674 0.651 0.599 34.8 0.583 0.549 0.702
MASH 43.4 0.479 0.470 0.612 28.9 0.656 0.631 0.598 35.1 0.589 0.560 0.696
CAR (Weighted Brier, λ=1) 22.3 0.091 0.091 0.941 24.3 0.148 0.148 0.902 21.2 0.027 0.027 0.983
CAR (Weighted Brier, λ=1/3) 44.5 0.307 0.313 0.677 28.5 0.329 0.329 0.651 35.8 0.203 0.203 0.740
CAR (MSCR) 45.5 0.303 0.303 0.699 29.2 0.286 0.289 0.688 36.6 0.192 0.191 0.763

Qwen2.5-7B

Vanilla Search-R1 61.1 0.363 0.367 0.563 54.8 0.424 0.423 0.551 40.7 0.441 0.398 0.776
Temperature Scaling 61.1 0.311 0.330 0.563 54.8 0.371 0.380 0.551 40.7 0.385 0.347 0.776
MASH 67.0 0.309 0.315 0.543 55.6 0.421 0.422 0.521 41.5 0.465 0.420 0.775
CAR (Weighted Brier, λ=1) 65.2 0.221 0.242 0.693 48.7 0.330 0.358 0.583 24.4 0.050 0.053 0.940
CAR (Weighted Brier, λ=1/3) 67.7 0.281 0.293 0.629 52.8 0.368 0.379 0.600 40.5 0.177 0.176 0.798
CAR (MSCR) 69.3 0.238 0.255 0.637 56.8 0.326 0.348 0.641 40.9 0.150 0.156 0.837

Qwen3-4B

Vanilla Search-R1 45.7 0.452 0.438 0.634 46.6 0.408 0.391 0.671 42.2 0.287 0.210 0.874
Temperature Scaling 45.7 0.380 0.377 0.634 46.6 0.343 0.340 0.671 42.2 0.254 0.198 0.874
MASH 36.3 0.543 0.514 0.645 35.5 0.498 0.457 0.695 37.4 0.299 0.213 0.859
CAR (Weighted Brier, λ=1) 28.5 0.115 0.120 0.918 36.6 0.184 0.186 0.856 33.1 0.036 0.033 0.973
CAR (Weighted Brier, λ=1/3) 44.2 0.274 0.274 0.718 45.0 0.281 0.281 0.727 40.1 0.127 0.127 0.912
CAR (MSCR) 45.5 0.272 0.272 0.724 45.9 0.269 0.270 0.740 41.8 0.106 0.106 0.929

Table 2: Main results organized by backbone model. Dashed lines separate baselines from CAR variants.

of the training set but instead transferable skills that
generalize reliably to less familiar queries.

A comparative analysis of the three CAR con-
figurations reveals the critical role of reward gap
magnitude. The weighted Brier score with λ=1
(i.e., vanilla RLCR) yields the lowest ECE but suf-
fers from significant accuracy degradation, indicat-
ing reward hacking behavior. In contrast, MSCR
achieves a superior accuracy-calibration trade-off:
across most settings, it attains higher accuracy than
the weighted Brier variant with λ=1/3 while si-
multaneously improving calibration. These results
suggest that strict reward separation is essential for
robust calibration training. We further verify this in
Appendix H: across a broad range of (β1, β2) set-
tings on both ID and OOD benchmarks, all MSCR
variants remain stable and avoid the performance
collapse observed with weighted Brier λ=1.

5.2 Tool generalization

Our primary experiments employed a simulated re-
triever environment with a static Wikipedia dump.
However, real-world deployment poses additional
challenges: commercial API-based retrievers of-
ten exhibit stochastic behavior and return noisy or
extraneous information. In this section, we investi-
gate whether the calibration capabilities learned in
controlled settings transfer to these more challeng-
ing, API-driven environments.

Setup We use the Serper API as our retrieval
backbone and evaluate both vanilla Search-R1 and
CAR (MSCR) on the SimpleQA-verified bench-
mark. Additional results examining corpus shift
on BrowseComp (Wei et al., 2025a) and Web-
WalkerQA (Wu et al., 2025b) are provided in Ap-

Model Method SimpleQA-verified (Serper API)
Acc↑ ECE↓ Brier↓ AUROC↑

Qwen2.5-3B Vanilla S-R1 76.18 0.213 0.219 0.659
CAR (MSCR) 76.18 0.175 0.175 0.823

Qwen2.5-7B Vanilla S-R1 70.28 0.204 0.204 0.831
CAR (MSCR) 71.01 0.176 0.180 0.790

Qwen3-4B Vanilla S-R1 85.27 0.140 0.140 0.825
CAR (MSCR) 84.97 0.034 0.073 0.765

Table 3: Tool generalization under a noisy API-driven
retriever (Serper API). We evaluate Vanilla Search-R1
and CAR (MSCR) on SimpleQA-verified.

pendix F.
As shown in Table 3, our trained agents achieve

superior calibration compared to the vanilla base-
line while maintaining competitive accuracy. These
results confirm that the calibration capabilities ac-
quired in simulated environments are not brittle
but transfer robustly to the stochastic and noisy
conditions of real-world API interactions.

5.3 Tool-integrated Reasoning

Building on our pilot study, we extend evaluation
to Tool-integrated Reasoning (TIR), where agents
leverage code interpreters to solve mathematical
problems. This extension allows us to examine
how CAR performs with verification tools, which
our pilot study identified as inducing calibration
dynamics different from those of evidence tools.

Setup We utilize the SimpleTIR (Xue et al.,
2025) framework with Qwen2.5-3B-Instruct as
the backbone model. We compare two config-
urations: vanilla SimpleTIR as the baseline and
our MSCR design. For evaluation, we adopt the
AIME2024/2025 (Art of Problem Solving, 2025)
and MATH-500 (Lightman et al., 2023) bench-
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Model Method AIME2024 AIME2025 MATH-500
Acc↑ ECE↓ Brier↓ AUROC↑ Acc↑ ECE↓ Brier↓ AUROC↑ Acc↑ ECE↓ Brier↓ AUROC↑

Qwen2.5-3B Vanilla SimpleTIR 18.2 0.692 0.630 0.489 19.8 0.687 0.632 0.498 77.0 0.151 0.193 0.622
CAR (MSCR) 20.8 0.573 0.485 0.548 21.1 0.519 0.410 0.695 76.9 0.057 0.168 0.636

Table 4: Results on mathematical reasoning benchmarks of tool-integrated reasoning agents.

marks, utilizing E2B1 as the code execution sand-
box. Additional training configurations are detailed
in Appendix G. Following our pilot study, we
treat web search as the primary ablation testbed
because noisy evidence tools create the hardest
reward-overlap setting; the TIR experiments in-
stead focus on whether the best CAR design trans-
fers to verification tools.

Results Table 4 presents the quantitative results.
Consistent with our findings in the search domain,
CAR yields robust calibration improvements for
TIR agents, with significant reductions in ECE and
Brier scores alongside increases in AUROC. These
gains persist across all evaluated benchmarks, con-
firming the generalizability of our reward formula-
tion. We further extend this verification-tool eval-
uation to AIME2026 and OlympiadBench in Ap-
pendix J, where CAR shows the same improvement
trend across all four metrics.

However, examining absolute performance re-
veals an important nuance. Despite these improve-
ments, ECE metrics for TIR agents remain elevated
compared to both pure reasoning models (Zeng
et al., 2025) and our search-based agents. Further-
more, calibration efficacy correlates with task com-
plexity: agents exhibit substantially lower ECE on
MATH-500 than on the more challenging AIME
benchmarks. These observations align with our
pilot study hypothesis that verification tools, while
providing grounding through deterministic feed-
back, still exhibit calibration dynamics that depend
on task difficulty. We conclude that while explicit
calibration rewards provide a necessary corrective
signal, ultimate calibration performance in TIR
settings remains bounded by the model’s intrinsic
reasoning capabilities.

6 Discussion

Our findings reveal that tool use introduces system-
atic yet heterogeneous effects on agent calibration,
challenging the implicit assumption that tool aug-
mentation uniformly improves or degrades reliabil-
ity. In this section, we discuss the broader implica-
tions of these findings and examine the mechanisms

1https://e2b.dev/

underlying the observed confidence dichotomy.

From Static Elicitation to Tool-Modulated Dy-
namics. The transition from static LLMs to au-
tonomous agents necessitates a fundamental re-
evaluation of verbalized calibration paradigms.
While extensive literature establishes that mod-
els can reasonably express uncertainty in single-
turn QA (Tian et al., 2023) or standard Chain-
of-Thought reasoning (Xiong et al., 2024; Zeng
et al., 2025), our analysis reveals that tool integra-
tion introduces a non-trivial heterogeneity that dis-
rupts this alignment. Specifically, we contextualize
the severe miscalibration observed in recent web-
browsing agents (Wei et al., 2025a; Zhou et al.,
2025) not merely as a general capability failure,
but as a symptom of the evidence tool dynamic,
where stochastic retrieval artificially inflates inter-
nal certainty. This stands in sharp contrast to ver-
ification scenarios, where deterministic feedback
provides the grounding often assumed but absent in
open-ended search. These findings suggest that cal-
ibration research in agentic settings must account
for tool-type-specific dynamics rather than treating
tool use as a monolithic phenomenon.

Why Do Evidence Tools Induce Overconfidence?
Our pilot study indicates that evidence tools sys-
tematically amplify overconfidence, but the un-
derlying mechanism warrants further examination.
We attribute this phenomenon to a fundamental
asymmetry in feedback signals. Verification tools
such as code interpreters provide explicit execu-
tion feedback: syntax errors, runtime exceptions,
and type mismatches offer clear signals that some-
thing is wrong. While successful execution does
not guarantee correctness, as logical errors may
still produce plausible but incorrect outputs, these
tools nonetheless provide partial grounding via ob-
servable failure modes. In contrast, evidence tools
offer little answer-level correctness feedback. A
web search typically returns results, regardless of
whether they are relevant, accurate, or sufficient to
answer the query. The absence of negative feed-
back leads agents to conflate the presence of re-
trieved information with the correctness of their
answer. This effect is compounded by a form of
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false certainty induced by the retrieval action itself.
Having performed an explicit information-seeking
step, the agent treats it as “due diligence,” even
when the retrieved content is noisy or misleading.
Retrieved passages often contain surface-level lex-
ical overlap with the query, which the agent mis-
takes for genuine evidential support. This pattern
is illustrated in Appendix M: when retrieved doc-
uments contain conflicting information, the agent
nonetheless reports near-certain confidence, sug-
gesting that surface-level lexical overlap overrides
sensitivity to factual inconsistency.

Extending RLCR to Tool-Use Agents via MSCR.
Our approach builds on calibration-motivated RL,
particularly RLCR (Damani et al., 2025), which
shows that optimizing binary correctness rewards
can degrade calibration by encouraging guessing
and proposes incorporating calibration terms into
the training objective. We extend this principle
to the agentic setting. Tool-use agents face addi-
tional exogenous noise and expanded action spaces,
thereby enlarging the space of degenerate solu-
tions in which confidence becomes uninformative
or strategically manipulated. Concretely, we find
that reward overlap between correct and incorrect
trajectories makes learning sensitive to data diffi-
culty and can incentivize confidence collapse. Our
proposed MSCR addresses this by enforcing strict
separation between reward landscapes for correct
and incorrect trajectories, preserving a correctness
margin while still shaping confidence within each
region. Empirically, this design improves calibra-
tion and failure discrimination beyond what simple
rescaling would achieve, and generalizes to noisy
retrieval environments, suggesting that calibration-
motivated RL remains effective in multi-step tool
use provided that incentive separation is main-
tained.

7 Conclusion

In this work, we systematically investigated the
calibration dynamics of tool-use agents. Our pi-
lot study revealed a fundamental confidence di-
chotomy: while verification tools provide deter-
ministic feedback that grounds reasoning, evidence
tools introduce stochastic noise that systematically
induces overconfidence. To address the miscali-
bration in tool-use agents, we proposed the Cal-
ibration Agentic RL (CAR) framework, incorpo-
rating a novel Margin-Separated Calibration Re-
ward (MSCR) that strictly separates incentives for

correct and incorrect predictions. Extensive ex-
periments demonstrate that CAR significantly re-
duces calibration error while maintaining competi-
tive task performance, with robust generalization
from local simulation to noisy, real-world API en-
vironments. Our findings underscore the necessity
of tool-specific calibration strategies and establish
a foundation for building self-aware agents capa-
ble of reliably communicating uncertainty in high-
stakes deployments.

Limitations

In this work, we studied the confidence dichotomy
between evidence and verification tools in con-
trolled agentic settings and proposed the Calibra-
tion Agentic RL framework to address miscalibra-
tion in evidence-tool scenarios. One key limitation
is that our full RL sweeps remain concentrated on
models with 3B to 7B parameters because agen-
tic RL training is computationally expensive. We
partially mitigate this by adding a 14B CAR evalu-
ation and a 72B pilot study in the appendix, both
of which support the scale-robustness of our find-
ings, but comprehensive large-scale RL ablations
remain beyond our current resources. Furthermore,
our evaluation primarily focuses on short-answer
question answering and mathematical reasoning,
where correctness is well-defined. Calibration be-
havior in more open-ended generation scenarios,
such as long-form report writing or multi-step au-
tonomous planning, may involve underspecified
correctness signals or more delayed feedback loops
that our current framework does not address. We
leave these explorations to future work.
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A More Evaluation Details

Evaluation Protocol. To ensure fair comparison
across experimental configurations, we partition
experiments by backbone model and test dataset,
treating each (model, dataset) pair as an indepen-
dent evaluation group. Within each group, a sample
is considered effective only if both the final answer
and a verbalized confidence score can be success-
fully extracted. For confidence normalization, we
divide by 100 when the parsed value exceeds 1 (in-
dicating percentage format), and clamp all values
to [0, 1]. All metrics are then computed on the in-
tersection of effective samples across all compared
methods, ensuring that observed differences are
not confounded by uneven sample coverage. For
MCIP in Table 1, we further restrict to the inter-
section of incorrectly answered questions, as this
metric specifically quantifies overconfidence on er-
rors. For SimpleQA-verified (Haas et al., 2025),
BrowseComp (Wei et al., 2025a), and WebWalk-
erQA (Wu et al., 2025b), we follow their official
evaluation protocols and use GPT-5-mini (OpenAI,
2025) as the LLM judge to determine answer cor-
rectness.

Expected Calibration Error (ECE). Follow-
ing Guo et al. (2017), we partition verbalized confi-
dences into M = 10 equally-spaced bins and mea-
sure the weighted average gap between confidence
and accuracy:

ECE =
M∑

m=1

|Bm|
n

|acc(Bm)− conf(Bm)| , (4)

where Bm denotes the set of samples whose ver-
balized confidence qi ∈ [0, 1] falls into bin m,
n is the total number of samples, acc(Bm) =

1
|Bm|

∑
i∈Bm

1y∗i =yi is the empirical accuracy
within bin m (with y∗i denoting the predicted an-
swer and yi the gold answer), and conf(Bm) =

1
|Bm|

∑
i∈Bm

qi is the average verbalized confi-
dence within bin m.

Brier Score. The Brier score (Brier, 1950) mea-
sures the mean squared error between verbalized
confidence and binary correctness:

Brier =
1

n

n∑

i=1

(
qi − 1y∗i =yi

)2
. (5)

Lower Brier scores indicate better calibration.
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AUROC. We use AUROC to assess whether ver-
balized confidence can reliably distinguish correct
from incorrect predictions. Let nc = |Dcorrect| and
nw = |Dwrong|, AUROC is computed by:

AUROC =

∑
i∈Dcorrect

Ri − nc(nc + 1)/2

nc · nw
,

(6)
where Dcorrect = {i | y∗i = yi} and Dwrong = {i |
y∗i ̸= yi} denote the sets of correctly and incor-
rectly answered samples respectively, and Ri is the
rank of sample i’s verbalized confidence among all
n samples (with ties resolved by average ranking).
AUROC equals the probability that a randomly cho-
sen correct prediction has higher verbalized confi-
dence than a randomly chosen incorrect one.

B Prompt Template for Training

We present the prompt templates used for CAR
training. These templates are minimally adapted
from the tool-call implementation of Search-
R1 (Jin et al., 2025) in VeRL (Sheng et al., 2024)
and SimpleTIR (Xue et al., 2025) frameworks,
with the only modification being the addition
of confidence elicitation instructions (i.e., requir-
ing the model to output a confidence score be-
tween 0 and 100 via <confidence> tags or the
final_confidence() function).

CAR Training on Web Search

Answer the given question. You must
conduct reasoning inside <think> and
</think> first every time you get
new information. After reasoning,
if you find you lack some knowl-
edge, you can call a search engine
by <tool_call> query </tool_call>
and it will return the top searched re-
sults between <tool_response> and
</tool_response>. You can search as
many times as you want. If you find no
further external knowledge needed, you
can directly provide the answer inside
<answer> and </answer> without detailed
illustrations, and another confidence score
ranging from 0 to 100 indicating how
confident your answer is correct within
<confidence> and </confidence>. For
example, <answer> Beijing </answer>
<confidence> 94 </confidence>. Ques-
tion: {question}

CAR Training on Tool-Integrated Reason-
ing

Solve the following problem step by step.
You now have the ability to selectively write
executable Python code to enhance your rea-
soning process. The Python code will be
executed by an external sandbox, and the
output (after "Code execution result: ") is
returned to aid your reasoning and help you
arrive at the final answer. The Python code
should be complete scripts, including nec-
essary imports.

Code Format: Each code snippet is wrapped
between ```. You need to use ‘print()’ to
output intermediate results.

Answer and Confidence Format: You can
use the ‘final_answer()’ function in the
code to return your final answer, and ‘fi-
nal_confidence()’ to indicate your confi-
dence score (0-100). For example, to an-
swer the User Question: What is the result
of the 5 + 3 + 1294.678?, you can write:

```py
answer = 5 + 3 + 1294.678
final_answer(answer)
final_confidence(94)
```

You can also use \boxed to return your an-
swer and <confidence> tags for confidence
score. The last part of your response should
be: \boxed{‘The final answer goes here.’}
<confidence> 85 </confidence>

User Question: {question}

C Configurations of the Pilot Study

We detail the experimental configurations for the
three settings evaluated in Table 1.

Direct Prompting. In this setting, the model an-
swers questions using only its internal parametric
knowledge without invoking any external tools. We
prompt the model to provide both an answer and
a verbalized confidence score (0–100) in a single
turn. The prompt templates for the web search and
code interpreter domains are provided below.

Prompting-based Tool-Use. In this setting, we
use the same instruction-tuned model without any
RL fine-tuning. The model is prompted with tool-
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use templates (Appendix B), which instruct it to
interleave reasoning with tool calls and report both
answers and confidence scores.

RL-based Tool-Use. For this setting, we use
models fine-tuned via RL on their respective tool-
use tasks: Search-R1 (Jin et al., 2025) for web
search and SimpleTIR (Xue et al., 2025) for code
interpreter. Importantly, these models are trained
with their original reward functions, which incen-
tivize only task accuracy without any calibration-
aware components. During evaluation, we use the
same prompt templates as the prompting-based set-
ting to elicit confidence scores.

Retrieval Configuration. For web search exper-
iments in Table 2, we use the 2018 Wikipedia
dump (Karpukhin et al., 2020) as the knowledge
source with E5 (Wang et al., 2024) as the dense
retriever, following the Search-R1 setup.

Rollout Configuration. All rollouts are con-
ducted with a maximum of 5 interaction turns (i.e.,
up to 5 tool calls per question).

Inference Hyperparameters. For web search
experiments, we use greedy decoding with temper-
ature T = 0.

For tool-integrated reasoning experiments
(AIME2024, AIME2025, MATH-500), we use
sampling with temperature T = 1.0 and topp =
0.7, generating n = 32 samples per question. We
process each of the 32 samples independently: for
each sample, we extract its predicted answer and
verbalized confidence score, filtering out samples
that fail to produce a valid confidence in [0, 1].
Both accuracy and calibration metrics (ECE, Brier,
AUROC) are computed separately for each sample
index across all questions, and we report the mean
across all 32 sample indices as Avg@32.

Prompts.
Direct Prompting on Web Search

Answer the given question. You must
conduct reasoning inside <think> and
</think> first. After reasoning, di-
rectly provide the answer inside <answer>
and </answer> without detailed illus-
trations, and another confidence score
ranging from 0 to 100 indicating how
confident your answer is correct within
<confidence> and </confidence>. For
example, <answer> Beijing </answer>

<confidence> 94 </confidence>. Ques-
tion: {question}

Direct Prompting on Tool-Integrated Rea-
soning

Please reason step by step using com-
ments and output your answer with ‘fi-
nal_answer(answer)‘ and your confidence
score with ‘final_confidence(score)‘ within
```py and ```<end_code>.
The confidence score should be an integer
from 0 to 100, indicating how confident you
are in your answer.
For example:
Task: What is the result of the following
operation: 5 + 3 + 1294.678?
Assistant:
```py
# Compute the result of the operation.
answer = 1302.678
# Return the final answer.
final_answer(answer)
# Indicate confidence level (0-100).
final_confidence(94)
```<end_code>
Now start:
Task: {question}

D Extended Pilot Study with Larger
Models

To examine whether the confidence dichotomy per-
sists at larger model scales, we extend our pilot
study to Qwen2.5-72B-Instruct. Due to compu-
tational constraints, we evaluate only the direct
prompting and prompting-based tool-use config-
urations without RL fine-tuning. Following the
methodology in section 3, we compute accuracy
on the intersection of samples where both configu-
rations successfully output confidence scores, and
measure MCIP on the intersection of incorrectly
answered questions.

As shown in Table 5, the confidence dichotomy
observed in section 3 generalizes to the 72B pa-
rameter scale. Consistent with our findings on
smaller models, integrating evidence tools (e.g.,
web search) elevates MCIP, while integrating ver-
ification tools (e.g., code interpreters) reduces
it. These results suggest that the confidence di-
chotomy is a fundamental property of tool-use dy-
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Domain Dataset Setting Acc. ↑ MCIP ↓

Search
NQ

Direct prompting 30.0 0.908
Prompting-based tool-use 37.2 0.914

HotpotQA
Direct prompting 30.6 0.846
Prompting-based tool-use 43.1 0.863

Code

AIME2024
Direct prompting 12.0 0.943
Prompting-based tool-use 12.0 0.918

AIME2025
Direct prompting 12.0 0.956
Prompting-based tool-use 8.0 0.910

MATH-500
Direct prompting 73.6 0.962
Prompting-based tool-use 64.9 0.944

Table 5: Extended pilot study results across tool-use con-
figurations and domains using Qwen2.5-72B-Instruct as
the backbone.

namics rather than a scale-dependent phenomenon.

E Reward Separation Guarantees for
GRPO

In this appendix, we provide a theoretical justifi-
cation for the proposed Margin-Separated Calibra-
tion Reward (MSCR). While standard scoring rules
(e.g., Brier score) incentivize proper calibration
in expectation, their direct application in GRPO
can lead to optimization instability due to reward
overlap between correct and incorrect trajectories.

We formally prove that by enforcing a strict sep-
aration margin (a > b) between the reward lower
bound of correct responses and the upper bound
of incorrect ones, MSCR guarantees two critical
properties for GRPO:

1. Strict Advantage Ordering: Any correct
trajectory yields a strictly higher advantage
value than any incorrect trajectory within the
same group, regardless of verbalized confi-
dence. This effectively prevents the “reward
hacking” scenario where high-confidence hal-
lucinations outweigh low-confidence correct
answers.

2. Non-Collapse of Variance: The group stan-
dard deviation admits a strictly positive lower
bound in mixed-outcome batches, ensuring
numerical stability during advantage normal-
ization.

Setup. Fix a prompt x and sample a GRPO
group of N trajectories {τi}Ni=1. Each trajectory
yields a final answer ŷi and a verbalized confidence
qi ∈ [0, 1]. Let ci ≜ I[ŷi = y] ∈ {0, 1} denote
correctness and let ri be its scalar reward. GRPO

computes the group mean and standard deviation

µ ≜ 1

N

N∑

i=1

ri, σ ≜

√√√√ 1

N

N∑

i=1

(ri − µ)2,

and uses the normalized advantage

Ai ≜
ri − µ

σ + ε
,

where ε > 0 is a small constant for numerical
stability.

Let C ≜ {i : ci = 1} and W ≜ {i : ci = 0}
be the sets of correct and incorrect trajectories in
the group, with sizes k ≜ |C| and m ≜ |W| (so
N = k +m).

Definition 1 (Margin-separated reward). A reward
function R(c, q) is (a, b)-separated if there exist
constants a > b such that for all q ∈ [0, 1],

R(1, q) ≥ a and R(0, q) ≤ b.

Lemma 1 (GRPO stability under margin-separated
rewards). Consider any GRPO group with k ≥ 1
correct and m ≥ 1 incorrect trajectories, and sup-
pose the realized rewards satisfy (a, b)-separation
in Definition 1. Then the following properties hold.

(1) Strict advantage ordering (correct domi-
nates incorrect). For any i ∈ C and j ∈ W , we
have ri > rj and thus

Ai > Aj .

Equivalently, mini∈C Ai > maxj∈W Aj .
(2) Mean-advantage separation. Let r̄C ≜

1
k

∑
i∈C ri and r̄W ≜ 1

m

∑
j∈W rj . Then r̄C >

µ > r̄W and

1

k

∑

i∈C
(ri − µ) = r̄C − µ =

m

N

(
r̄C − r̄W

)
> 0,

1

m

∑

j∈W
(rj−µ) = r̄W −µ = − k

N

(
r̄C− r̄W

)
< 0.

Consequently, the average GRPO advantage is pos-
itive on correct trajectories and negative on incor-
rect ones.

(3) Non-collapse of group normalization. The
group standard deviation admits the lower bound

σ ≥
√
km

N
(a− b) > 0.

Hence, in any mixed-outcome group (k,m > 0),
the normalization denominator σ + ε is bounded
away from 0 (up to ε), preventing reward-variance
collapse.
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Proof. By (a, b)-separation, for all i ∈ C we have
ri ≥ a, and for all j ∈ W we have rj ≤ b, with
a > b. Thus ri > rj for any i ∈ C, j ∈ W .
Since Ai = (ri − µ)/(σ + ε) is an increasing
affine transform of ri when σ+ ε > 0, this implies
Ai > Aj , proving (1).

For (2), note µ = kr̄C+mr̄W
N and r̄C > r̄W , so µ

lies strictly between the two means. Moreover,

r̄C −µ = r̄C −
kr̄C +mr̄W

N
=

m

N
(r̄C − r̄W) > 0,

and similarly r̄W − µ = − k
N (r̄C − r̄W) < 0.

For (3), decompose the total variance into
within-set and between-set components (one-way
ANOVA):

σ2 =
k

N
VarC(r)+

m

N
VarW(r)+

km

N2
(r̄C− r̄W)2,

where VarC(r) ≜ 1
k

∑
i∈C(ri − r̄C)2 (and analo-

gously for W). Dropping the nonnegative within-
set terms yields

σ2 ≥ km

N2
(r̄C − r̄W)2.

Finally, r̄C ≥ a and r̄W ≤ b imply r̄C−r̄W ≥ a−b,
hence σ ≥

√
km
N (a− b).

Corollary 1 (Instantiation for our outcome re-
wards). Let R(c, q) be the calibration-motivated
outcome reward.

Weighted Brier (Eq. (1)). For RWB(c, q) =
c−λ(q−c)2 with λ ∈ (0, 1], we have RWB(1, q) ∈
[1− λ, 1] and RWB(0, q) ∈ [−λ, 0]. Thus (a, b) =
(1−λ, 0) and the separation margin is a−b = 1−λ.
Lemma 1 applies iff λ < 1; as λ → 1, the margin
(and the lower bound on σ) vanishes.

MSCR (Eq. (2)). For RMSCR(c, q) =
c
[
1 + β1(1− (1− q)2)

]
− (1 − c)β2q

2 with
β1, β2 > 0, we have RMSCR(1, q) ≥ 1 and
RMSCR(0, q) ≤ 0 for all q. Thus (a, b) = (1, 0)
and the separation margin is a − b = 1, indepen-
dent of (β1, β2).

Remark. Margin separation implies strict order-
ing of GRPO advantages (all correct advantages
exceed all incorrect advantages), and yields a non-
trivial lower bound on the group standard deviation
in mixed-outcome groups. It does not require ev-
ery incorrect trajectory to have negative advantage;
rather, it guarantees that incorrect trajectories are
strictly dominated by correct ones under GRPO nor-
malization, while still allowing calibration-driven

preference among incorrect trajectories (e.g., pre-
ferring lower-confidence errors over confident hal-
lucinations).

F Results for BrowseComp and
WebWalkerQA

Beyond API-based evaluation, we further assess
generalization under corpus shift: while our agents
are trained with the 2018 Wikipedia dump, we
evaluate on BrowseComp (Wei et al., 2025a)
and WebWalkerQA (Wu et al., 2025b) using the
BrowseComp-plus corpus (Chen et al., 2025) with
Qwen3-Embedding-8B (Zhang et al., 2025) as the
dense retriever.

Model Method BrowseComp
Acc↑ ECE↓ Brier↓ AUROC↑

Qwen2.5-3B Vanilla S-R1 0.5 0.823 0.706 0.578
CAR (MSCR) 6.5 0.071 0.070 0.748

Qwen2.5-7B Vanilla S-R1 6.5 0.833 0.767 0.700
CAR (MSCR) 10.8 0.094 0.097 0.713

Table 6: Calibration results on BrowseComp under cor-
pus shift.

Model Method WebWalkerQA
Acc↑ ECE↓ Brier↓ AUROC↑

Qwen2.5-3B Vanilla S-R1 2.3 0.868 0.808 0.345
CAR (MSCR) 3.0 0.033 0.033 0.498

Qwen2.5-7B Vanilla S-R1 1.7 0.619 0.444 0.494
CAR (MSCR) 2.1 0.020 0.019 0.539

Table 7: Calibration results on WebWalkerQA under
corpus shift.

Results in Table 6 and 7 show that CAR main-
tains robust calibration improvements despite the
distribution shift.

G SimpleTIR Training Configurations

Our base training configuration follows the Sim-
pleTIR framework (Xue et al., 2025). To enable
calibration-aware training, we extend the reward
function to incorporate confidence estimates from
verbalization. Specifically, the model is prompted
to output confidence scores ranging from 0 to
100 alongside its final answers, using either the
final_confidence() function or <confidence>
XML tags. The final_confidence() function
is injected into the code execution environment
to allow seamless confidence reporting within the
agent’s reasoning trace.

All experiments are conducted on NVIDIA
H200 GPUs. We train on a combination of the
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SimpleTIR-Math and DeepScaler datasets (Luo
et al., 2025), employing Qwen2.5-3B-Instruct as
the backbone model.

H Additional Verification of MSCR

The main text already compares six distinct strate-
gies spanning post-hoc rescaling, abstention-based
regularization, and calibration-aware reward shap-
ing. Since the weighted Brier score with λ=1
exhibits severe reward hacking, we further test
whether MSCR depends on a brittle choice of
calibration coefficients. Specifically, we vary β1
and β2 on Qwen2.5-3B across in-distribution (NQ,
HotpotQA) and out-of-distribution (SimpleQA-
verified) search benchmarks.

Configuration NQ HotpotQA SimpleQA-verified
Acc↑ ECE↓ Acc↑ ECE↓ Acc↑ ECE↓

Vanilla Search-R1 43.1 0.528 27.4 0.699 34.8 0.610
Brier λ=1 22.3 0.091 24.3 0.148 21.2 0.027
Brier λ=1/3 44.5 0.307 28.5 0.329 35.8 0.203
MSCR (0.5, 0.5) main 45.5 0.303 29.2 0.286 36.6 0.192
MSCR (0.5, 1.0) 44.2 0.301 36.5 0.297 36.5 0.158
MSCR (1.0, 0.5) 44.5 0.292 33.7 0.250 36.5 0.227
MSCR (0.75, 0.25) 45.2 0.334 32.3 0.296 36.0 0.264
MSCR (0.25, 0.75) 44.0 0.299 38.5 0.309 36.6 0.183

Table 8: Additional verification of MSCR on search
agents via coefficient ablations on Qwen2.5-3B. Tuples
denote (β1, β2).

As shown in Table 8, all tested MSCR variants
substantially outperform the vanilla baseline in cal-
ibration while maintaining competitive accuracy
across both ID and OOD settings, and no con-
figuration exhibits the collapse seen with Brier
λ=1. The best trade-off differs by benchmark,
which is expected because β1 controls the cali-
bration bonus within the correct region, whereas
β2 controls the penalty for overconfident errors
in the incorrect region. Crucially, the strict re-
ward separation proved in Appendix E remains
unchanged for any β1, β2 > 0, so varying these co-
efficients changes the within-region calibration in-
centive without reintroducing reward overlap. This
explains why the different settings trace different
accuracy-ECE trade-offs while remaining stable.

I Scaling Verification of CAR on
Qwen2.5-14B

To further assess whether the RL-based benefits of
CAR extend beyond the 3B to 7B regime used
in the main experiments, we additionally train
Qwen2.5-14B-Instruct in the search setting. We
follow the same training configuration as in the

main experiments, using batch size 512 and n=5
rollouts, and train for 100 optimization steps under
time constraints.

The results in Table 9 and Table 10 show that
CAR continues to improve calibration at larger
scales. Under the local retriever, CAR improves
both accuracy and calibration on all three datasets,
including an ECE reduction from 0.268 to 0.158
on SimpleQA-verified. Under the noisy Serper
API setting, CAR likewise improves both accuracy
and calibration, reducing ECE from 0.107 to 0.070
while increasing AUROC from 0.732 to 0.803. No-
tably, these gains already emerge after only 100
optimization steps, suggesting that the benefit of
MSCR is not confined to small models or to heavily
trained policies. Together with the 72B pilot study
in Appendix D, these results support the view that
both the confidence dichotomy and the effective-
ness of CAR are not scale-dependent artifacts.

J Expanded TIR Evaluation

Our web search experiments serve as the primary
testbed for architectural ablations because evidence
tools expose the most severe overconfidence and
reward overlap, making them the most informa-
tive setting for stress-testing calibration rewards.
The TIR setting instead tests whether the best CAR
configuration transfers to verification tools. To fur-
ther strengthen this transfer analysis, we addition-
ally evaluate vanilla SimpleTIR and CAR (MSCR)
on two new mathematical reasoning benchmarks:
AIME2026 and OlympiadBench.

As shown in Table 11, CAR improves all four
metrics on both benchmarks. On AIME2026, it
raises Acc@32 from 11.2 to 18.2 while reducing
ECE by 27% (0.756 to 0.550). On OlympiadBench,
it improves accuracy from 45.6 to 47.1 and re-
duces ECE by 25% (0.437 to 0.327). The AU-
ROC gains are also substantial on both datasets,
indicating stronger separation between correct and
incorrect trajectories. Since OlympiadBench spans
a broader range of mathematical problem types be-
yond competition-style questions, these results fur-
ther support the robustness of CAR in verification-
tool settings.

K Generative AI Statement

This work utilized generative AI tools to assist with
formatting, generating LaTeX templates, and refin-
ing word choice. The authors reviewed and verified
all AI-assisted content to ensure factual accuracy
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Model Method NQ (ID) HotpotQA (ID) SimpleQA-verified (OOD)
Acc↑ ECE↓ Brier↓ AUROC↑ Acc↑ ECE↓ Brier↓ AUROC↑ Acc↑ ECE↓ Brier↓ AUROC↑

Qwen2.5-14B Vanilla Search-R1 75.4 0.197 0.254 0.562 65.8 0.228 0.287 0.532 62.1 0.268 0.259 0.834
CAR (MSCR) 81.1 0.151 0.219 0.669 68.4 0.210 0.284 0.661 65.1 0.158 0.156 0.902

Table 9: Search results on Qwen2.5-14B-Instruct with the local retriever.

Model Method SimpleQA-verified (Serper API)
Acc↑ ECE↓ Brier↓ AUROC↑

Qwen2.5-14B Vanilla Search-R1 82.0 0.107 0.150 0.732
CAR (MSCR) 83.6 0.070 0.121 0.803

Table 10: Search results on Qwen2.5-14B-Instruct under
the Serper API retriever.

Model Method Benchmark Acc@32↑ ECE↓ Brier↓ AUROC↑

Qwen2.5-3B
Vanilla SimpleTIR AIME2026 11.2 0.756 0.676 0.499

OlympiadBench 45.6 0.437 0.435 0.514

CAR (MSCR) AIME2026 18.2 0.550 0.432 0.749
OlympiadBench 47.1 0.327 0.351 0.658

Table 11: Expanded mathematical reasoning evaluation
of TIR agents on two additional benchmarks. Accuracy
is reported as Avg@32, following the same protocol as
our main TIR experiments.

and academic integrity.

L License Statement

We primarily use the Qwen series of models.
Specifically, Qwen2.5-3B is released under the
Qwen Research License, while Qwen2.5-7B and
Qwen3-4B are released under the Apache License
2.0. We use these models solely for research pur-
poses and confirm that our usage complies with
their respective license terms.

For datasets, we use NQ (Apache License 2.0),
HotpotQA (CC BY-SA 4.0), AIME (Apache Li-
cense 2.0), MATH-500 (MIT License), SimpleQA-
verified (MIT License), BrowseComp (MIT Li-
cense), and WebWalkerQA (Apache License 2.0).
We use these datasets in accordance with their li-
censes, including any applicable attribution and
share-alike requirements.

For codebases, we primarily use and adapt
Search-R1, VeRL, and SimpleTIR, each licensed
under the Apache License 2.0. Our modifications
are used for research purposes and are documented
in our repository. Where required by the Apache
License 2.0, we retain the original copyright no-
tices, include the license text, and clearly mark
any significant changes. We also preserve any ac-
companying NOTICE files and provide appropriate
attribution to the original authors and repositories.

M Qualitative Analysis

We present a qualitative analysis of representative
interaction trajectories to substantiate the feedback
asymmetry discussed in section 6. In the Evidence
Tool setting (Appendix M.1), we highlight how
stochastic retrieval induces epistemic illusions: de-
spite retrieving documents containing conflicting
information (e.g., differing dates for a renaming
event), the agent is misled by surface-level lexical
overlap, resulting in unwarranted high confidence.
In the Verification Tool setting (Appendix M.2),
we demonstrate how explicit execution feedback
serves as a grounding mechanism that naturally
tempers overconfidence. Finally, we illustrate how
our MSCR framework mitigates miscalibration
across these domains, enabling the agent to express
appropriate uncertainty in the face of ambiguity.

M.1 Evidence Tool

NQ Problem 117 — Problem Statement

Question: when did the name of bombay
change to mumbai?
Ground Truth: 1995

NQ Problem 117 — Direct Prompting

Answer: May 1, 1996 Confidence: 80%
Correct: No Runtime Error: None

Reasoning:
The name of Bombay was officially
changed to Mumbai on May 1, 1996. This
change was part of a movement to recog-
nize the local Marathi heritage and to adopt
the more historically significant name that
predated the English name. Mumbai is the
name used in Marathi, Hindi, and other In-
dian languages to refer to the city.

Final Prediction:
<answer>May 1, 1996</answer>
<confidence>80</confidence>
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NQ Problem 117 — Tool-use Prompting

Answer: March 6, 1996 Confidence:
95% Correct: No Runtime Error:
None

Tool Call:
{"name": "search", "arguments":
{"query_list": ["when did the name
of bombay change to mumbai"]}}

Tool Response:
Doc 1 (Title: Mumbai)
island has been, from remote antiquity,
Bomba, or Mamba Dévi, and that she still...,
possesses a temple"". By the late 20th cen-
tury, the city was referred to as ""Mumbai""
or ""Mambai"" in Marathi, Konkani, Gu-
jarati, Kannada and Sindhi, and as ""Bam-
bai"" in Hindi. The Government of In-
dia officially changed the English name to
""Mumbai"" in November 1995. This came
at the insistence of the Marathi nationalist
Shiv Sena party, which had just won the
Maharashtra state elections, and mirrored
similar name changes across the country
and particularly in Maharashtra. According
to ""Slate"" magazine, ""they argued that
’Bombay’ was a corrupted

Doc 2 (Title: "History of Mumbai")
the city was incorporated into the dominion
of the newly created Maharashtra State from
Bombay State. The city’s secular fabric was
torn apart in the communal riots of 1992–93,
while the bombings of 1993 caused exten-
sive loss of life and property. The city was
renamed Mumbai on 6 March 1996. Geolo-
gists believe that the coast of western India
came into being around 100 to 80 mya, af-
ter it broke away from Madagascar. Soon
after its detachment, the peninsular region
of the Indian plate drifted over the Réunion
hotspot, a volcanic hotspot in the Earth’s
lithosphere near the island of Réunion.

Doc 3 (Title: Mumbai)
About 850,000 people fled Bombay and
the textile industry was adversely affected.
As the capital of the Bombay Presidency,
the city witnessed the Indian independence
movement, with the Quit India Movement
in 1942 and The Royal Indian Navy Mutiny
in 1946 being its most notable events. After

India’s independence in 1947, the territory
of the Bombay Presidency retained by India
was restructured into Bombay State. The
area of Bombay State increased, after sev-
eral erstwhile princely states that joined the
Indian union were integrated into the state.
Subsequently, the city became the capital
of Bombay State. In April 1950, Municipal
limits

Reasoning:
Based on the information provided, the
name of Bombay officially changed to
Mumbai in 1996. The text mentions that
the city was renamed Mumbai on 6 March
1996.

Final Prediction:
<answer> March 6, 1996 </answer>
<confidence> 95 </confidence>

NQ Problem 117 — Vanilla RL (Search-
R1)

Answer: March 6, 1996 Confidence:
100% Correct: No Runtime Error:
None

Tool Call:
{"name": "search", "arguments":
{"query_list": ["when did the name
of bombay change to mumbai"]}}

Tool Response:
Doc 1 (Title: Mumbai)
island has been, from remote antiquity,
Bomba, or Mamba Dévi, and that she still...,
possesses a temple"". By the late 20th cen-
tury, the city was referred to as ""Mumbai""
or ""Mambai"" in Marathi, Konkani, Gu-
jarati, Kannada and Sindhi, and as ""Bam-
bai"" in Hindi. The Government of In-
dia officially changed the English name to
""Mumbai"" in November 1995. This came
at the insistence of the Marathi nationalist
Shiv Sena party, which had just won the
Maharashtra state elections, and mirrored
similar name changes across the country
and particularly in Maharashtra. According
to ""Slate"" magazine, ""they argued that
’Bombay’ was a corrupted

Doc 2 (Title: "History of Mumbai")
the city was incorporated into the dominion
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of the newly created Maharashtra State from
Bombay State. The city’s secular fabric was
torn apart in the communal riots of 1992–93,
while the bombings of 1993 caused exten-
sive loss of life and property. The city was
renamed Mumbai on 6 March 1996. Geolo-
gists believe that the coast of western India
came into being around 100 to 80 mya, af-
ter it broke away from Madagascar. Soon
after its detachment, the peninsular region
of the Indian plate drifted over the Réunion
hotspot, a volcanic hotspot in the Earth’s
lithosphere near the island of Réunion.

Doc 3 (Title: Mumbai)
About 850,000 people fled Bombay and
the textile industry was adversely affected.
As the capital of the Bombay Presidency,
the city witnessed the Indian independence
movement, with the Quit India Movement
in 1942 and The Royal Indian Navy Mutiny
in 1946 being its most notable events. After
India’s independence in 1947, the territory
of the Bombay Presidency retained by India
was restructured into Bombay State. The
area of Bombay State increased, after sev-
eral erstwhile princely states that joined the
Indian union were integrated into the state.
Subsequently, the city became the capital
of Bombay State. In April 1950, Municipal
limits

Reasoning:
The information provided indicates that the
city changed the name on 6 March 1996.

Final Prediction:
<answer> 6 March 1996 </answer>
<confidence> 100 </confidence>

NQ Problem 117 — MSCR (Ours)

Answer: March 6, 1996 Confidence:
0% Correct: No Score: 0.0

Interaction History:
Tool Call:
{"name": "search", "arguments":
{"query_list": ["when did the name
of bombay change to mumbai"]}}

Tool Response:

Doc 1 (Title: Mumbai)
island has been, from remote antiquity,
Bomba, or Mamba Dévi, and that she still...,
possesses a temple"". By the late 20th cen-
tury, the city was referred to as ""Mumbai""
or ""Mambai"" in Marathi, Konkani, Gu-
jarati, Kannada and Sindhi, and as ""Bam-
bai"" in Hindi. The Government of In-
dia officially changed the English name to
""Mumbai"" in November 1995. This came
at the insistence of the Marathi nationalist
Shiv Sena party, which had just won the
Maharashtra state elections, and mirrored
similar name changes across the country
and particularly in Maharashtra. According
to ""Slate"" magazine, ""they argued that
’Bombay’ was a corrupted

Doc 2 (Title: "History of Mumbai")
the city was incorporated into the dominion
of the newly created Maharashtra State from
Bombay State. The city’s secular fabric was
torn apart in the communal riots of 1992–93,
while the bombings of 1993 caused exten-
sive loss of life and property. The city was
renamed Mumbai on 6 March 1996. Geolo-
gists believe that the coast of western India
came into being around 100 to 80 mya, af-
ter it broke away from Madagascar. Soon
after its detachment, the peninsular region
of the Indian plate drifted over the Réunion
hotspot, a volcanic hotspot in the Earth’s
lithosphere near the island of Réunion.

Doc 3 (Title: Mumbai)
About 850,000 people fled Bombay and
the textile industry was adversely affected.
As the capital of the Bombay Presidency,
the city witnessed the Indian independence
movement, with the Quit India Movement
in 1942 and The Royal Indian Navy Mutiny
in 1946 being its most notable events. After
India’s independence in 1947, the territory
of the Bombay Presidency retained by India
was restructured into Bombay State. The
area of Bombay State increased, after sev-
eral erstwhile princely states that joined the
Indian union were integrated into the state.
Subsequently, the city became the capital
of Bombay State. In April 1950, Municipal
limits
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Reasoning:
The information provided mentions that the
Government of India officially changed the
English name to "Mumbai" in November
1995. However, it does not specify when
the name change from "Bombay" to "Mum-
bai" occurred in the local languages or when
the city was officially renamed to Mumbai.
Given the search results, we cannot deter-
mine the exact date of the name change in
local languages or the official renaming of
the city to Mumbai.
Let’s search further to find more specific
information.

Tool Call:
{"name": "search", "arguments":
{"query_list": ["when did bombay
change to mumbai in local
languages"]}}

Tool Response:
Doc 1 (Title: Mumbai)
island has been, from remote antiquity,
Bomba, or Mamba Dévi, and that she still...,
possesses a temple"". By the late 20th cen-
tury, the city was referred to as ""Mumbai""
or ""Mambai"" in Marathi, Konkani, Gu-
jarati, Kannada and Sindhi, and as ""Bam-
bai"" in Hindi. The Government of In-
dia officially changed the English name to
""Mumbai"" in November 1995. This came
at the insistence of the Marathi nationalist
Shiv Sena party, which had just won the
Maharashtra state elections, and mirrored
similar name changes across the country
and particularly in Maharashtra. According
to ""Slate"" magazine, ""they argued that
’Bombay’ was a corrupted

Doc 2 (Title: "Renaming of cities in India")
Similarly, Bombay, which was always
called ’Mumbai’ in Marathi, was restored to
Mumbai in 1996. The renaming of cities is
often specifically from English to Indian
English in connection with that dialect’s
internal reforms. In other words, the city
itself is not actually renamed in the local
language, and the local name (or endonym)
in the indigenous languages of India does
not change, but the official spelling in In-
dian English is amended. An example is

the change from English ""Calcutta"" to En-
glish ""Kolkata"" – the local Bengali name (
""Kôlkata"") did not change. Such changes
in English spelling may be

Doc 3 (Title: "History of Mumbai")
Bombay on 28 February 1948, ending the
282-year-long period of the British in Bom-
bay . After the Partition of India on 15
August 1947, over 100,000 Sindhi refugees
from the newly created Pakistan were relo-
cated in the military camps five kilometres
from Kalyan in the Maharashta Region. It
was converted into a township in 1949, and
named Ulhasnagar by the then Governor-
General of India, C. Rajagopalachari. In
April 1950, Greater Bombay District came
into existence with the merger of Bombay
Suburbs and Bombay City. It spanned an
area of and inhabited 2,339,000 of people
in 1951. The Municipal Corporation limits

Reasoning:
The search results indicate that the official
change of the English name to "Mumbai"
was in November 1995. However, the name
change in local languages such as Marathi,
Konkani, Gujarati, Kannada, and Sindhi
to "Mumbai" or "Mambai" occurred later,
specifically in 1996. The official renaming
of the city to Mumbai in the local languages
did not happen until March 6, 1996.

Final Prediction:
<answer> March 6, 1996 </answer>
<confidence>0</confidence>

M.2 Verification Tool

AIME2025 Problem 2 — Problem State-
ment

The 9 members of a baseball team went to
an ice-cream parlor after their game. Each
player had a single scoop cone of choco-
late, vanilla, or strawberry ice cream. At
least one player chose each flavor, and the
number of players who chose chocolate was
greater than the number of players who
chose vanilla, which was greater than the
number of players who chose strawberry.
Let N be the number of different assign-
ments of flavors to players that meet these
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conditions. Find the remainder when N is
divided by 1000.
Ground Truth: 16

AIME2025 Problem 2 — Direct Prompting

Answer: 772 Confidence: 100% Cor-
rect: No Runtime Error: None

Reasoning:
To solve the problem, let’s break it down
step-by-step.
1. Understanding the Constraints:

• There are 9 players.

• Each player can choose one of 3 fla-
vors: chocolate (C), vanilla (V), or
strawberry (S).

• The number of players who chose
chocolate is greater than the number
of players who chose vanilla, which
is greater than the number of players
who chose strawberry.

• This means we need to find combina-
tions of players that satisfy these in-
equalities.

2. Possible Combinations of Players
Choosing Each Flavor:

• Let c be the number of players choos-
ing chocolate.

• Let v be the number of players choos-
ing vanilla.

• Let s be the number of players choos-
ing strawberry.

• Given c > v > s and c + v + s = 9,
we need to find valid combinations.

3. Finding Valid Combinations:

• The possible values for c, v, and s must
satisfy:

– c ≥ v + 1

– v ≥ s+ 1

– c+ v + s = 9

• The possible values are limited since
c must be at least 3 more than s and
their sum must be 9.

4. Enumerate Valid Combinations:

• If s = 1, then v can be 2 and c can
be 6. This gives us the combination
(6, 2, 1).

• If s = 2, then v can be 3 and c can
be 4. This gives us the combination
(4, 3, 2).

5. Counting Assignments for Each Valid
Combination:
For each valid combination, the number of
ways to assign players to flavors is given by
the multinomial coefficient:

9!

c! · v! · s!
6. Calculate Total Number of Assign-
ments:
For (6, 2, 1):

9!

6! · 2! · 1! =
362880

720 · 2 · 1 = 252

For (4, 3, 2):

9!

4! · 3! · 2! =
362880

24 · 6 · 2 = 2520

7. Sum the Total Number of Assign-
ments:
Total number of assignments N is:

N = 252 + 2520 = 2772

8. Finding the Remainder When N is
Divided by 1000:
The remainder when 2772 is divided by
1000 is:

2772 mod 1000 = 772

The result is 772 . <confidence> 100
</confidence>

AIME2025 Problem 2 — Tool-use Prompt-
ing

Answer: 0 Confidence: 85% Cor-
rect: No Runtime Error: SyntaxError

Reasoning:
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To solve this, let’s start by understanding
how many players could have each flavor
of ice cream, given the constraints. Let’s
denote the number of players who chose ice
cream as chocolate, vanilla, and strawberry
by c, v, and s respectively. According to the
constraints:

1. The total number of players is 9: c +
v + s = 9

2. c > v > s

3. Since these are whole numbers and
there must be at least one player for
each flavor, we can consider small
combinations to meet the above cri-
teria.

Given the condition c > v > s ≥ 1 and the
total of 9 players must satisfy:

• One possible distribution is (5, 3, 1).
Here, 5 players get chocolate, 3 get
vanilla, and 1 gets strawberry.

• Another possible distribution is
(4, 3, 2). Here, 4 players get chocolate,
3 get vanilla, and 2 get strawberry.

• And so forth.

We should list all combinations and calcu-
late the number of permutations for each,
which equals c!× v!× s!. Let’s list all pos-
sibilities while taking combinations and fac-
torials into account.
Code:
from itertools import permutations

def count_combinations(total_players):
all_combinations = []
for c in range(1, total_players):

for v in range(c, total_players - c):
s = total_players - c - v
if s > 0 and c > v > s:

# Number of permutations
# (total_players! / (c! * v! * s!))
num_permutations = (

(total_players - 1)! /
((c - 1)! *
(v - 1)! *
(total_players - c - v)!))

all_combinations.extend(
[c, v, s]
for _ in range(num_permutations))

return len(set(all_combinations))

total_players = 9
N = count_combinations(total_players)
N % 1000

Code execution result: SyntaxError: in-
valid syntax
The error suggests that the code used the
syntax for all integer factorials, that is (n-1)!,
instead of the full factorial notation. Let’s
correct the syntaxes and rerun the computa-
tion. I’ll also ensure the code logic is correct
and the execution is smooth.
We should use the math.factorial()
function to compute proper factorials in
Python. The formulas consider dividing the
total permutations depending on the chosen
(c, v, s) combinations:

math.factorial(total\_players-1) / \\
(math.factorial(c-1) * \\
math.factorial(v-1) * \\
math.factorial(total\_players-c-v))

Let’s correct and perform the computation
next.
Code:
from math import factorial

def count_combinations(total_players):
all_combinations = []
for c in range(1, total_players):

for v in range(c, total_players - c):
s = total_players - c - v
if s > 0 and c > v > s:

# Number of permutations
# (total_players! / (c! * v! * s!))
num_permutations = (

factorial(total_players) /
(factorial(c) *
factorial(v) *
factorial(s)))

all_combinations.extend(
[c, v, s]
for _ in range(int(num_permutations)))

return len(set(all_combinations))

total_players = 9
N = count_combinations(total_players)
N % 1000

Code execution result: 0
0 <confidence> 85 </confidence>

AIME2025 Problem 2 — Vanilla RL (Sim-
pleTIR)

Answer: 72 Confidence: 85% Cor-
rect: No Runtime Error: None

Reasoning:
To solve the problem, we need to find
the number of different ways to assign ice
cream flavors to 9 players such that they
meet the given conditions: exactly one
player chose strawberry, one player chose
vanilla, and the remaining 7 players chose
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chocolate. Additionally, the number of play-
ers choosing chocolate should be greater
than the number of players choosing vanilla,
and the number of players choosing vanilla
should be greater than the number of players
choosing strawberry. As there are exactly
9 players and one for each flavor type, it
means exactly 7 players chose chocolate,
1 player chose vanilla, and 1 player chose
strawberry.
We need to determine the number of ways
to assign these flavors to meet the condi-
tions. Given that each of the 9 players must
get one of three flavors (chocolate, vanilla,
or strawberry), with specific constraints on
counts:

1. Number of players who chose choco-
late (C) = 7.

2. Number of players who chose vanilla
(V) = 1.

3. Number of players who chose straw-
berry (S) = 1.

4. C > V > S, which is always satisfied
given the specific constraints (7 > 1 >
1).

The problem reduces to finding the num-
ber of ways to choose 7 players out of 9
to receive chocolate, 1 of the remaining 2
players will receive vanilla, and the last one
will receive strawberry. This can be done
using combinations.
The number of ways to choose 7 players out
of 9 for chocolate is given by

(
9
7

)
, and then

we choose 1 of the remaining 2 for vanilla
(which is

(
2
1

)
). So N =

(
9
7

)
×
(
2
1

)
.

Let’s calculate
(
9
7

)
:

(
9

7

)
=

(
9

2

)
=

9× 8

2× 1
= 36

And for
(
2
1

)
:

(
2

1

)
= 2

Therefore, N = 36× 2 = 72.
To find the remainder of N when divided
by 1000:
Code:

import math

# Calculate the value of N
N = math.comb(9, 7) * math.comb(2, 1)

# Find the remainder when N is divided by 1000
remainder_result = N % 1000
print(f"Your calculated N is: {N}")
print(f"The remainder when N is divided by 1000 is: "

f"{remainder_result}")

Code execution result:
Your calculated N is: 72
The remainder when N is divided by 1000 is: 72

72 <confidence> 85 </confidence>

AIME2025 Problem 2 — MSCR (Ours)

Answer: 3 Confidence: 50% Cor-
rect: No Runtime Error: None

Reasoning:
To find the number of different assignments
(N ) of flavors to the players which satisfy
the given conditions and then find the re-
mainder of this number when divided by
1000, we need to use combinatorial compu-
tation.
The conditions specify the following:

1. There are 9 players.

2. Each player can choose from three fla-
vors: chocolate (C), vanilla (V), or
strawberry (S).

3. There is at least one player for each
flavor.

4. The number of players choosing choco-
late is greater than those choosing
vanilla, which in turn is greater than
those choosing strawberry.

We can represent the number of players
choosing each flavor as follows:

• Let c be the number of players choos-
ing chocolate.

• Let v be the number of players choos-
ing vanilla.

• Let s be the number of players choos-
ing strawberry.

Thus, we have:

c+ v + s = 9
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with constraints:

c ≥ 1, v ≥ 1, s ≥ 1

and
c > v > s.

Given these constraints, c, v, s must be inte-
gers between 1 and 7 (since each category
needs at least one player). Additionally,
c > v > s. We can use combinational
mathematics to systematically enumerate
all such valid assignments and count them.
We iterate over all possibilities and count
those that meet the required conditions.
To find the number N , let’s generate all
possible combinatorial assignments and
check the validity of these conditions us-
ing Python. Specifically, we will check for
all combinations from sets of 1 to 7 play-
ers for each different flavor, making sure
c > v > s is satisfied.
Enumerate the solution using the Python
code for counting and validation of such
assignments. Let’s proceed with it.
We will now proceed with calculating this
combinatorially. However, this might get
cumbersome if done manually, so I will use
a brute force method for validation.
Here is the Python script I’ll use to count
for all valid configurations of (c, v, s). Let
me perform the calculation and verifications
with code. Let’s compute and verify the
number of such configurations N .
We’ll tally valid assignments count for the
constrained values. Let me write a some-
what robust code that follows the deduction
and validation method:
Code:
from itertools import permutations
members = 9
flavors = ['C', 'V', 'S']
count = 0
for flavor_set in permutations(flavors * 3, members):

# Convert to list of integers assigning
# to each member
assignment = list(flavor_set)

c = assignment.count('C')
v = assignment.count('V')
s = assignment.count('S')

if (c > v > s and
c + v + s == members and
all(a >= 1 for a in [c, v, s])):
count += 1

print(count)

Code execution result: 0

It appears there must be an error in the logic
or execution. Let me rethink and rework the
logic to ensure the constraints are properly
applied.
I’ll explicitly count the number of valid
combinations of (c, v, s) that fit c > v > s
with c+ v + s = 9 and c, v, s ≥ 1.
I’ll enumerate all valid (c, v, s)-tuples man-
ually and sum up the counts for valid distri-
butions.
Let’s try this systematic approach:

1. Iterate over possible values of s (from
1 to 6).

2. For each s, iterate over possible values
of v (from s+ 1 to 7).

3. Ensure c = 9− s− v is at least 1 and
greater than v.

4. Count all such valid combinations.

I’ll write and execute the code for this sys-
tematic enumeration. Let’s proceed with
this:
Code:
from itertools import product
count = 0
members = 9
for c, v, s in product(range(1, 8), repeat=3):

total = c + v + s
if (total == members and

c > v > s and
c >= 1 and v >= 1 and s >= 1):
count += 1

print(count)

Code execution result: 3
The number of different assignments of fla-
vors to players that meet the conditions is
N = 3.
To find the remainder when N is divided by
1000, we perform:

N mod 1000 = 3 mod 1000 = 3

Thus, the final answer is: 3 .
<confidence> 50 </confidence>
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