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Abstract

Group Relative Policy Optimization (GRPO)
enhances LLM reasoning but often induces
overconfidence, where incorrect responses
yield lower perplexity than correct ones, de-
grading relative calibration as described by
the Area Under the Curve (AUC). Existing
approaches either yield limited improvements
in calibration or sacrifice gains in reasoning
accuracy. We first prove that this degrada-
tion in GRPO-style algorithms stems from
their uncertainty-agnostic advantage estima-
tion, which inevitably misaligns optimization
gradients with calibration. This leads to im-
proved accuracy at the expense of degraded cal-
ibration. We then propose Calibration-Aware
Policy Optimization (CAPO). It adopts a lo-
gistic AUC surrogate loss that is theoretically
consistent and admits regret bound, enabling
uncertainty-aware advantage estimation. By
further incorporating a noise masking mecha-
nism, CAPO achieves stable learning dynamics
that jointly optimize calibration and accuracy.
Experiments on multiple mathematical reason-
ing benchmarks show that CAPO-1.5B signifi-
cantly improves calibration by up to 15% while
achieving accuracy comparable to or better than
GRPO, and further boosts accuracy on down-
stream inference-time scaling tasks by up to
5%. Moreover, when allowed to abstain un-
der low-confidence conditions, CAPO achieves
a Pareto-optimal precision—coverage trade-off,
highlighting its practical value for hallucination
mitigation.

1 Introduction

Model calibration is defined as the correlation be-
tween a model’s confidence in its answers and the
ground truth correctness of those answers (Geng
et al., 2024). From the era of conventional neural
networks to the advent of Large Language Models
(LLMs), calibration has consistently been a key fo-
cus due to its paramount importance in two aspects

(Xiao et al., 2025; Tao et al., 2024; Kadavath et al.,
2022).

First, calibration is fundamental to model trust-
worthiness, enabling reliable uncertainty estima-
tion and abstention to mitigate hallucination—the
generation of plausible but factually incorrect as-
sertions. This is particularly vital in high-stakes do-
mains such as finance and healthcare (Savage et al.,
2025). Second, confidence estimates are widely
used to guide algorithmic decisions. Multi-agent or
cascading systems strengthen model collaboration
when a single model is uncertain (Luo et al., 2025b;
Warren and Dras, 2025; Chuang et al., 2025). Self-
paced training prioritizes uncertain samples (Feng
et al., 2025; Wang et al., 2025). And inference-time
scaling strategies select candidate responses with
high confidence (Stoisser et al., 2025; Vashurin
et al., 2025; Zhou et al., 2025b). All these ap-
proaches critically depend on well-calibrated con-
fidence estimates to reflect the true correctness of
model outputs.

However, several studies have indicated that
Reinforcement Learning from Verifiable Rewards
(RLVR) (Shao et al., 2024;Yu et al., 2025;Zheng
et al., 2025) can make models overconfident
(Liu et al., 2025a;Kalai et al., 2025;Bereket and
Leskovec, 2025). This often manifests as degrada-
tion in relative calibration, where the model outputs
fluent but incorrect answers with higher perplexity
than correct ones.

Existing efforts to address the overconfidence
induced by algorithms such as GRPO (Shao et al.,
2024) and GSPO (Zheng et al., 2025) primarily
rely on heuristic designs. These works often lack
quantitative analyses of calibration and, critically,
provide no theoretical guarantees for calibration im-
provement. As a result, they either yield only lim-
ited calibration gains, as in CoDaPO (Zhou et al.,
2025a) and CDE (Dai et al., 2025), or compromise
the model’s overall accuracy, as in SimKO (Peng
et al., 2025).
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To address these issues, we first experimen-
tally show that during the GRPO optimization pro-
cess, the typical relative calibration metric AUC
(Ling et al., 2003; Vashurin et al., 2025; Zhou
et al., 2025b) progressively worsens as accuracy im-
proves. GRPO-style methods construct advantages
from group-wise reward differences. We prove that
reward-only sample evaluation induces optimiza-
tion gradients corresponding to an inconsistent sur-
rogate for calibration optimization (Gao and Zhou,
2012). Consequently, the learning process is not
aligned with calibration improvement, which ex-
plains the degradation in experiments.

Building upon this discovery, we propose a novel
approach Calibration-Aware Policy Optimization
(CAPO), which (1) adopts uncertainty-aware ad-
vantage estimation based on consistent logistic
AUC surrogate, enabling joint optimization of
calibration and accuracy, and (2) introduces a
reference-model-based noise masking mechanism
to maintain training stability. In addition to this
theoretical justification, a complementary gradient
analysis further illustrates how the learning dynam-
ics naturally prioritizes the correction of responses
with misaligned confidence, offering additional in-
tuition.

Experimental results on Qwen2.5-Math-1.5B
and 7B models demonstrate that CAPO enables
stable and joint optimization of both calibration
and accuracy. It successfully prevents calibration
degradation and attains accuracy that matches or
surpasses that of GRPO, as shown in Figure 1. Our
contributions are summarized as follows:

* We provide experiment evidence and theo-
retical explanation of calibration degradation
in GRPO-style algorithms.

* To address this issue, we introduce a theoreti-
cally grounded and consistent optimization
objective that enables joint optimization of
accuracy and calibration.

* Extensive experiments across six bench-
marks demonstrate significant calibration im-
provements over GRPO, GSPO, and three
additional baselines with preserved accuracy,
yielding Pareto-optimal precision—coverage
trade-offs for hallucination mitigation and im-
proved inference-time scaling accuracy.

2 Preliminary and Related Work

As our approach builds upon AUC optimization
techniques to analyze and mitigate relative calibra-
tion degradation in GRPO-style algorithms, this
section reviews relevant background on GRPO and
calibration, along with related prior work.

2.1 Group Relative Policy Optimization

The reasoning ability of LLLMs can be optimized
using outcome reward-based Reinforcement Learn-
ing, by modeling the generation process as an
Markov Decision Process. GRPO achieves this
efficiently by computing the advantage value us-
ing the reward differences among samples within
a group, thereby obviating the need for a value
model. For a specific question-answer pair (g, a),
the behavior policy 7y, samples a group of G indi-
vidual responses {oz-}iGzl. Then, the advantage Ai,t
of the i-th response is calculated by normalizing
the group-level rewards{ R; }& ;:

. Ri-mean({R1C)
it = )
Std({Ri}z‘G:1)

)

where R = 1 indicates a correct response and R =
0 indicates an incorrect one.

GRPO adopts a ppo-style clipped objective, to-
gether with a directly imposed KL penalty term:
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rit(0) = 3)

The clipping operator clip(-, 1 — €, 1 + €) is intro-
duced to constrain each policy update, preventing
the new policy from drifting too far away from the
previous one by restricting the policy ratio within
the interval [1 — €, 1 + €].

Tref (04,619,01,<t) log Tref (04,t19:01,<1) | 1
70(04,¢]4,0i,<t) 76(04,¢]9,0i,<t) ’

In addition, the KL divergence between the cur-
rent policy and the reference policy (i.e., the base
model) is approximated as Equation (4).

DKL(WH H 7rrcf) =
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Figure 1: (a) Comparison of average calibration (measured by AUC-mean) and accuracy (measured by mean@ 16)
across six test benchmarks for our method and all baselines on Qwen2.5-Math-7B; (b)(c) Comparison of calibration
dynamics on the validation set during training between our method and GRPO (left) / GSPO (right).

While base models are shown to be well-
calibrated (Kalai et al., 2025), algorithms in the
GRPO-like family are observed to cause model cal-
ibration collapse, where models generate confident,
yet incorrect, responses (Liu et al., 2025a;Dai et al.,
2025). Prior RL-based efforts to mitigate this focus
on heuristics: reward/advantage shaping (Dai et al.,
2025;Zhou et al., 2025a), regularization (Liu et al.,
2025a), or label smoothing (Peng et al., 2025).

However, these works rely primarily on qualita-
tive descriptions of calibration degradation. As a
result, their heuristic approaches lack theoretical
guarantees and generally fail to balance accuracy
with calibration preservation.

Our work addresses these deficiencies from a
principled quantitative perspective and offers a the-
oretical justification for calibration optimization,
and a proper balance between performance and
trustworthiness.

2.2 Calibration Metric

Perplexity (PPL) is a widely used uncertainty indi-
cator in free-form generation (Stoisser et al., 2025;
Vashurin et al., 2025; Zhou et al., 2025b):

[o]
PPL(0) = exp Zlogﬂ or|o<t) |- (5
=1

PPL reflects the model’s intrinsic uncertainty with-
out incurring additional computational overhead.
In contrast, approaches that elicit explicit confi-
dence via prompting (Zeng et al., 2025; Wen et al.,
2024; Damani et al., 2025) are often sensitive
to prompt design (Yang et al., 2024b) and self-
consistency methods (Xiong et al., 2024; Manakul
et al., 2023; Tanneru et al., 2024) increase infer-
ence costs, making them less general. We therefore
consider them outside the scope of this work.

Model calibration can generally be quantified
using two families of metrics (Geng et al., 2024):
relative calibration (e.g., AUC) and absolute cali-
bration (e.g., Expected Calibration Error).

Relative calibration emphasizes the model’s
ability to rank samples—assigning higher con-
fidence to correct responses than to incorrect
ones—formalized as (f denotes the confidence
scoring function):

A widely used metric for relative calibration, the
Area Under the Curve (AUC) (Yang and Ying,
2022; Yuan et al., 2021; Zhu et al., 2022), di-
rectly quantifies the probability that a model as-
signs higher confidence to a correct response than
to an incorrect one, thereby capturing the core no-
tion of relative calibration:

AUC(m,q, ) = Eo,, 0,~p[L((Ri — R;)(f(0i) — f(05)) > 0)],

@)
where 0; and o; denote a randomly sampled pair
of responses generated by the model for the same
question g. We further define AUC-mean as the
average AUC score across all questions in a dataset,
serving as an overall measure of the model’s cali-

bration performance:

AUC-mean(r, Q, f) = ZAUC T4, f),

‘Q| qeQ
3
where Q denotes the set of questions.
Absolute calibration indicates that a model’s re-
turned confidence matches its true correctness like-
lihood:

P(R=1]f(q,0) = k) = k. ©)

In this work, we focus on relative calibration
rather than absolute calibration for two reasons:
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(1) PPL is not directly comparable to correctness
probability, making absolute calibration ill-defined,
and (2) absolute calibration is an aggregate statis-
tical property that does not ensure instance-level
discrimination: for example, assigning identical
confidence (e.g., 0.5) to both correct and incorrect
responses perfectly satisfy absolute calibration cri-
teria yet fails to distinguish them, limiting its useful-
ness for downstream tasks such as inference-time
scaling. In contrast, relative calibration explicitly
enforces pairwise separability.

2.3 Consistency of AUC Optimization

Maximizing the AUC is equivalent to minimiz-
ing the risk: L(f) = —AUC(m,q, f). However,
this objective is non-differentiable and non-convex,
thus a direct optimization typically results in NP-
hard problems (Gao and Zhou, 2012).

To address this difficulty, prior work commonly
replaces the indicator in Equation (7) with a pair-
wise differentiable surrogate loss:

U(f,0i,05) = ¢l(Ri—R;) (f(0i)—f(05))], (10)

where ¢ is a convex function such as the ex-
ponential loss ¢(t) = e~*, hinge loss ¢(t) =
max (0, 1 —t), or squared loss ¢(t) = (1—t)%(Gao
et al., 2013;Zhao et al., 2011;Kotlowski et al.,
2011;Calders and Jaroszewicz, 2007;Charoen-
phakdee et al., 2019).

AUC consistency is defined as follows:

Definition 1. The surrogate loss ¢ is said to
be consistent with AUC if, for every sequence

{F™ (@) }Inz1,
L¢<f<”>) S = L(f(”>> L

where Ly is the surrogate risk and L is the true
AUC risk. Lz) and L* is the corresponding optimal
value.

Intuitively, consistency emphasizes the asymp-
totic correctness of a surrogate loss: convergence to
the optimal surrogate risk guarantees convergence
to the optimal AUC. For this reason, consistency
is widely regarded as one of the most important
theoretical properties of surrogate losses.

A sufficient condition for achieving AUC consis-
tency is provided by the following theorem (Gao
and Zhou, 2012):

Theorem 1. The surrogate loss ¥(f, 0;, 0;) is con-
sistent with AUC if ¢ : R — R is a convex, differen-
tiable, and non-increasing function with ¢'(0) < 0.

It can be readily shown that surrogate losses such
as logistic loss and exponential loss are consistent
with AUC according to the above theorem.

Furthermore, under the realizable setting where
each response is assigned a correct or incorrect
label with probability one, Gao and Zhou (2012)
derives the following regret bound, which theo-
retically guarantees that minimizing the specified
surrogate risk is aligned with optimizing AUC:

Theorem 2. For exponential loss, hinge loss, gen-
eral hinge loss, g-norm hinge loss, and least square
loss, we have

L(f) = L" < Ly(f) — Ly, (11)
and for logistic loss, we have
* 1 *
L)~ I < o (Lol(f) = ). (12)

Prior work on AUC optimization has primar-
ily focused on training better classifiers on static
datasets, whereas we study the relationship be-
tween reinforcement learning dynamics and rel-
ative calibration, and leverage AUC optimization
techniques to achieve simultaneous improvements
in both calibration and accuracy.

3  Why GRPO-style Objectives Degrade
Calibration

Empirical Observation Prior works (Yu et al.,
2025) have shown that the KL regularization term
in GRPO is detrimental to optimization, while other
studies (Liu et al., 2025b) indicate that removing
the standard deviation term in advantage estima-
tion yields an unbiased estimator. Accordingly,
we adopt these optimized configurations when im-
plementing GRPO. Empirically, as shown in Fig-
ure 1(b), during GRPO training, the test-set ac-
curacy consistently improves, whereas the AUC-
mean steadily deteriorates. Below, we provide a
theoretical explanation for this phenomenon.

Theoretical Explanation At its core, the GRPO
gradient is a REINFORCE-style gradient with
group relative advantage estimation, as expressed
in Equation (13).

Eoy.a~p [é Y Aivelpme(oi)} ,A; =R - R,

(13)
where [pmg(0;) = ﬁ Zl‘tozll log g (0r | 0<t) (see
Appendix A.1 for a detailed derivation). Conse-
quently, this gradient can be equivalently rewritten
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as Equation (14). Constant scaling factors are omit-
ted for clarity in the subsequent analysis.

Eoy.onp [Zl§i<]’§G (Volpme(0;) — Volpmg(0j)) (Ri — Rj)] .

(14)
By invoking the unbiasedness property of U-
statistics (see Appendix A.2 for a formal defini-
tion), namely that the expectation over a group of
samples equals the expectation over a randomly
sampled pair, it follows:

Eoy s | (Volpma(or) = Volpmo(02))(Fy — Ry)|

= VyEo, 0p~D [(lpmo(m) — lpmy(02))(R1 — RQ)]
15)
Therefore, we have the following result:

Theorem 3. The gradient of the GRPO objective
coincides with the gradient of the AUC optimiza-
tion objective with surrogate loss ¢(t) = —t and
scoring function f = lpm (i.e., perplexity). This
surrogate loss is inconsistent for AUC optimization
(see Appendix A.3 for the proof).

That is, while optimizing the GRPO objective
(which effectively optimizes accuracy), the true
AUC is not theoretically guaranteed to improve
simultaneously. In practice, GRPO tends to over-
fit easy samples, leading to a sharpened output
distribution, in which the perplexities of both pos-
itive and negative samples decrease concurrently,
thereby degrading AUC. This theoretical prediction
aligns well with our empirical observations shown
in Figure 1(b).

The above analysis extends beyond GRPO to
any algorithm relying on reward-only advantage
estimator: for instance, Figure 1(c) demonstrates
similar calibration degradation in GSPO, where al-
though optimization is sequence-level, advantage
estimation remains reward-based. Evaluating sam-
ples purely based on reward while ignoring un-
certainty inevitably yields an AUC-inconsistent
surrogate (proof in Appendix A.3), thereby train-
ing the model to pursue only high reward values
rather than both honesty and accuracy.

4 Method

To address the issues in Section 3, we propose
an uncertainty-aware advantage estimation derived
from a consistent AUC surrogate.

4.1 Calibration-Aware Policy Optimization

Consistent Surrogate Objective Building upon
the theoretical analysis in Section 3, we propose

to replace the inconsistent surrogate loss implicitly
induced by GRPO with a logistic surrogate loss:
¢-(t) = log (1 + exp(—t/7)). The temperature
parameter 7 > ( controls the smoothness of the
surrogate. This surrogate is AUC-consistent and
admits regret bound (Theorem 2). It theoretically
guarantees that optimizing this surrogate objective
leads to an improvement in AUC.

The corresponding policy optimization objec-
tive:

Jlogistic(e) = _E01,02ND log (1 + eXp(—t/T))} )
(16)

where
t = (lpmg(01) — lpmg(02)) (R1 — R2). (17)

We rewrite the above objective as an expectation
over a set of responses and take its gradient:

VoJiogisiic(0) = Eop. oD [é ¢, Aivolpme(Oi)} ,

(18)
— > ¢lipmg(oi) — Ipmg(0))), Ri=1,
i j:R;=0
) Y dlpme(o)) — Ipmg(oi), R =0,
JiRj=1
(19)

where ¢/(t) = —o(—t), and o(-) denotes the sig-
moid function.

Denoising via Reference-Model-Based Masking.
Outcome-based binary rewards fail to assess inter-
mediate reasoning. Consequently, they risk penal-
izing near-correct logic due to minor errors, while
simultaneously reinforcing spurious reasoning that
yields correct answers by chance. Such gradient
noise can destabilize training or even induce model
collapse.

We leverage the inherent calibration of the refer-
ence model (i.e., base model) to assess the quality
of the reasoning process: high reference-model
perplexity (PPL) typically indicates syntactic or
logical flaws, whereas low PPL suggests coherence.
This approach is that it requires no additional train-
ing overhead while significantly improving training
stability.

Based on this, we propose a masking strategy to
filter noisy signals. Specifically, we exclude correct
responses with reference-model PPL exceeding a
threshold ref-high (likely lucky guesses) and in-
correct responses with reference-model PPL below
ref-low (likely near-correct reasoning penalized
as failure). These thresholds are robust and sim-
ple to set, empirically corresponding to the upper
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Figure 2: The relationship between advantage and the
confidence gap of a correct—wrong response pair.

and lower quartiles of the reference model’s PPL
distribution.

Final Objective. By replacing the advantage es-
timation in the GRPO objective (2) with that in
Equation (19), and applying noise mask, we obtain
the objective under the behavior policy my4:

Jcapo(0)
loi]

min
t=1

1
= E(q?a)va {Oi}iG:INweold(“Q) [G Z m
i=1

(ria(0)ATAO, clip(ri(6), 1~ €,1+ ) ACAO) |,

(20)
where ) .
ATAPO — m(0)) As 1)
I[PPLyt(0) < ref-high], if R(o) =1,
m(o) =
I[PPLet(0) > ref-low], if R(o) =0.
(22)

This yields the optimization objective of CAPO.
While the PPO-style formulation involves first-
order approximation, the core logistic surrogate
provides gradients aligned with relative calibration,
offering strong theoretical justification. Subsec-
tion 4.2 and experiment results further corroborate
this alignment.

4.2 Gradient Analysis

This subsection conducts a comparative analysis
on the gradients between GRPO and our proposed
objective function. The gradient induced by our
objective is given by Equation (18) (mask term ob-
viated for brevity). ¢/(t) is illustrated in Figure 2.
As can be seen, its magnitude decreases as the
confidence gap between correct and incorrect re-
sponses increases. This indicates that the gradient
places greater emphasis on correct samples with
relatively high PPL and incorrect samples with low

PPL, while suppressing the influence of samples
that are already confidently and correctly ranked.

Samples near the misranking boundary in terms
of reference-model PPL represent instances where
the model’s confidence estimates are inaccurate;
they also represent highly informative samples in
the model’s decision space. Consequently, these
are the key samples for improving both accuracy
and AUC. Our method appropriately amplifies their
gradients, while the masking mechanism removes
update instability caused by extreme noisy sam-
ples. In contrast, GRPO assigns the same reward-
based advantage to all positive and negative sam-
ples within a group, without accounting for their
uncertainty or noise.

S Experiment

5.1 Setting

Models and Datasets. We use Qwen2.5-Math-
1.5B and Qwen2.5-Math-7B (Yang et al., 2024a)
as the base models. The training and valida-
tion sets are constructed by randomly sampling
20k and 240 instances, respectively, from the
DeepScaler dataset (Luo et al., 2025a). We
evaluate all models on six benchmark datasets:
AIME 2024, AIME 2025, MATH 500 (Lightman
et al., 2023;Hendrycks et al., 2021), AMC 2023,
Minerva (Lewkowycz et al., 2022), and Olympiad-
Bench (He et al., 2024).

Baselines and Methods. The baselines we com-
pare against fall into two categories: 1) methods
designed to improve reasoning capability, including
GRPO (Shao et al., 2024) and GSPO (Zheng et al.,
2025). 2) methods proposed to address the cali-
bration issues of GRPO, namely CDE (Dai et al.,
2025), CoDaPO (Zhou et al., 2025a), and SimKO
(Peng et al., 2025). For our method, 7 is set to 0.6
for the 1.5B model, and 0.5 for the 7B. Hyperpa-
rameter details are provided in Appendix B.1.

Evaluation Metrics. Following Yue et al. (2025),
we report mean@8 accuracy on the validation set
and mean@ 16 accuracy on the test set. Model cali-
bration is evaluated by AUC (Vashurin et al., 2025)
and Hallucination mitigation by the Precision-
Coverage curve.

5.2 Main Results

Improved Calibration with Preserved Accu-
racy Extensive experiments demonstrate that our
method consistently improves calibration (AUC)
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Figure 3: Results of calibration (measured by AUC-mean) and accuracy (measured by mean@ 16) for our method
and all baselines on Qwen2.5-Math-7B across six test benchmarks.

| Ours GRPO GSPO CoDaPO CDE SimKO

Model
Qwen2.5-Math-1.5B | 25.33 20.33
Qwen2.5-Math-7B 38.33 33.33

20.00
32.21

21.67
31.66

16.67
31.66

11.67
23.33

Table 1: Inference-time scaling accuracy (%) of different methods on the AIME 2024 and AIME 2025 datasets.

across all benchmarks without sacrificing accuracy.
As shown in Figure 3 and Appendix B.2 Figure 5,
compared to GRPO and GSPO, our method signifi-
cantly improves calibration on all test datasets. In
particular, on AIME 2025, CAPO increases AUC
by approximately 15% for the 1.5B model (from
0.63 to 0.78) and by about 25% for the 7B model
(from 0.54 to 0.79). Meanwhile, the mean@8 ac-
curacy achieved by our method is comparable to
or even better than that of GRPO, and it attains the
highest accuracy on AIME 2024, AIME 2025, and
Minerva.

In contrast, other methods aimed at addressing
the calibration issue of GRPO provide only lim-
ited improvements in AUC and, in some cases,
even slightly degrade it on certain datasets. More-
over, none of these methods are able to preserve
consistent high accuracy. In particular, SIMKO
severely damages accuracy, exhibiting an approx-
imately 12% drop on AMC and a 7.7% drop on
AIME 2024 compared to GRPO.

Stable and Consistent Optimization Dynamics
We further present training dynamics to demon-
strate the stability and consistency of our method.
Figure 1(b)(c) shows AUC-mean on AIME 2024
and AIME 2025 throughout training. While GRPO
and GSPO exhibit a gradual degradation in cal-
ibration as optimization proceeds, our method
steadily improves AUC over training steps, demon-
strating sustained calibration optimization rather
than checkpoint-specific effects. Figure 6 in Ap-
pendix B.2 reports validation mean@8 accuracy,
where only our method maintains stable perfor-
mance comparable to GRPO for both 1.5B and 7B
models. Together, these results indicate that our
approach achieves more stable and reliable opti-
mization behavior throughout training.

Hallucination Mitigation. We evaluate halluci-
nation mitigation through the precision-coverage
trade-off, where a model abstains from answering
if its confidence falls below a threshold. Varying
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Figure 4: Precision-Coverage curves of our method and all baselines on six test benchmarks for the Qwen2.5-Math-

1.5B (left) and Qwen2.5-Math-7B models (right).

this threshold traces a precision-coverage curve
that characterizes the fraction of answered ques-
tions (coverage) and the accuracy among answered
ones (precision). An ideal model should maintain
high precision and coverage level. As shown in
Figure 4, our method achieves a Pareto-optimal
trade-off, consistently dominating GRPO, GSPO,
and other baselines. Notably, while SimKO shows
high precision at low coverage due to its ranking
capability, its overall lower accuracy causes a sharp
precision drop as coverage increases. Conversely,
although GRPO matches our accuracy, its inferior
calibration leads to consistently lower precision.
By simultaneously enhancing calibration and accu-
racy, our method achieves a more favorable preci-
sion—coverage trade-off, enabling reliable halluci-
nation mitigation with minimal abstention.

Impact of Calibration on Inference-Time
Scaling The effectiveness of confidence-based
inference-time scaling depends jointly on a model’s
accuracy and its calibration quality. We adopt the
inference-time scaling algorithm proposed in Zhou
et al. (2025b) (see Appendix A.4 for implemen-
tation details). As shown in Table 1, our method
achieves the highest accuracy under inference-time
scaling (5% over GRPO for 1.5B and 7B model),
clearly demonstrating the critical role of calibration
in inference-time scaling and the effectiveness of
our approach.

5.3 Ablation

Sensitivity of Hyperparameters As detailed in
Appendix B.2 Figure 8, we conduct sensitivity
tests on 7 € {0.4,0.6,1.0} and different mask-
ing intervals. In both cases, the performance

impact is marginal, confirming that our method
is robust to the specific selection of 7 and the
ref-high/ref-1ow thresholds.

Ablation of the Denoising Strategy We further
compare the performance of our method with and
without the masking mechanism. As shown in Ap-
pendix B.2 Figure 9, removing the masking mech-
anism causes the model entropy to gradually in-
crease, leading to early stagnation or even degra-
dation in accuracy. In contrast, with the masking
mechanism enabled, the model entropy remains sta-
ble and accuracy improves steadily. These observa-
tions demonstrate that noisy samples can severely
disrupt optimization stability, and highlight the ef-
fectiveness of the proposed masking mechanism.
Furthermore, applying only masking to GRPO fails
to improve AUC, demonstrating that a consistent
surrogate objective is essential.

6 Conclusion

In this paper, we have quantitatively analyzed and
mitigated the calibration degradation induced by
GRPO-style algorithms. We show that this degrada-
tion stems from reward-only advantage estimation.
This estimation causes the gradient unaligned with
relative calibration. To address this issue, we pro-
pose CAPO, which incorporates uncertainty-aware
advantage estimation grounded in a consistent lo-
gistic AUC surrogate, together with a denoising
mechanism to ensure stable training. Extensive em-
pirical results demonstrate that CAPO trains mod-
els that achieve both high accuracy and calibration,
leading to superior performance in hallucination
mitigation and inference-time scaling.
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Limitations

This study mainly evaluates the proposed method
on mathematical reasoning benchmarks, which are
also the primary focus of GRPO-style Reinforce-
ment Learning with Verifiable Rewards (RLVR)
methods. However our method is designed to be
broadly applicable to training reasoning models.
Its effectiveness on other reasoning tasks such as
logical puzzles, commonsense reasoning, and open-
domain question answering, remains to be further
validated.
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A Additional Proof

A.1 Derivation of the Gradient of the GRPO
Objective

Proof idea. We start from the full PPO clipped
surrogate with importance sampling (IS) ratio. As
proved by previous works (Schulman et al., 2017,
2015), IS ratio ensures the surrogate uses tokens
drawn from the old policy while producing a unbi-
ased gradient estimate for the current policy (given

a fixed state). The clipping further enforces a trust-
region-style constraint, and under a first-order ap-
proximation (small policy update), the clipped sur-
rogate has the same leading-order gradient direc-
tion as the original optimization objective. Hence,
PPO’s gradient matches the REINFORCE-style
gradient. GRPO differs from PPO only by replac-
ing the advantage estimator with a group-wise base-
line A; = R; — R, so substituting this advantage
into the REINFORCE form yields the correspond-
ing GRPO gradient.

7F0(0H|Sz)

Proof Letr(0) = o, 1q (at]st)

tance sampling ratio. The PPO clipped objective
is

denote the impor-

LPPO(@) = E(St,at)fvﬂeold [min(rt(O)At,

clip(r¢(0),1 —€,1 + ¢€) At>].
(23)
To first order, the gradient of the above off-policy
objective reduces to the on-policy REINFORCE-
form gradient:

VGLPPO(G) = VG]E(st,at)ng [At Vi log W@(at ‘ St)] )

(24)

The GRPO objective is obtained by estimating

the advantage in PPO by group-wise reward differ-

ences. Given a group of G responses {oz-}iG:1 with
rewards { R; }, GRPO uses

G
_ _ 1
Ai: g — 1v, = —= Qe 25
Ri—R R G;1R (25)

Substituting this fl,; into the REINFORCE-form
gradient 24 yields:

Eo,. o | & 00 i UL (R = B) Vomo(ois | 01,<0) |-

(26)
Finally, using the definition

|oi]

lpmy(0;) = Torl > logmo(ois | 0i<t),  (27)
=1

we can obtain Equation 13.

A.2 Definition of U-Statistics

Let {Z1,Zs,...,Z,} be ii.d. random variables
drawn from an underlying distribution D. Consider
a symmetric measurable function (kernel)

h:2ZF SR,

18385


https://arxiv.org/pdf/2503.14476
https://arxiv.org/pdf/2503.14476
https://arxiv.org/pdf/2503.14476
https://openaccess.thecvf.com/content/ICCV2021/papers/Yuan_Large-Scale_Robust_Deep_AUC_Maximization_A_New_Surrogate_Loss_and_ICCV_2021_paper.pdf
https://openaccess.thecvf.com/content/ICCV2021/papers/Yuan_Large-Scale_Robust_Deep_AUC_Maximization_A_New_Surrogate_Loss_and_ICCV_2021_paper.pdf
https://openaccess.thecvf.com/content/ICCV2021/papers/Yuan_Large-Scale_Robust_Deep_AUC_Maximization_A_New_Surrogate_Loss_and_ICCV_2021_paper.pdf
https://arxiv.org/pdf/2504.13837
https://arxiv.org/pdf/2504.13837
https://arxiv.org/pdf/2504.13837
https://arxiv.org/pdf/2504.06564
https://arxiv.org/pdf/2504.06564
https://ink.library.smu.edu.sg/cgi/viewcontent.cgi?article=3351&context=sis_research
https://arxiv.org/abs/2507.18071
https://openreview.net/pdf?id=O9CYgZFtm7
https://openreview.net/pdf?id=O9CYgZFtm7
https://openreview.net/pdf?id=O9CYgZFtm7
https://arxiv.org/pdf/2502.00511
https://arxiv.org/pdf/2502.00511
https://arxiv.org/pdf/2502.00511
https://arxiv.org/pdf/2203.14177
https://arxiv.org/pdf/2203.14177

where & > 1 denotes the order of the kernel and
symmetry means that

h(zl, ey Zk) = h(zﬂ(l), PN az7r(k:))

for any permutation 7 of {1,...,k}.

Definition (U-statistic). The U-statistic associ-
ated with kernel & is defined as

vt () L2

1<i1 << <n

hZ; Zi).

19

(28)
The U-statistic U, is an estimator of the population
quantity

[I>

9 »Zk)) (29

E(Z1,...,Zk)~Dk [h(Zl, ‘e
Unbiasedness. A key property of U-statistics is
that they provide unbiased estimators of the target
quantity 6.

Proposition 1 (Unbiasedness of U-statistics). For
any symmetric kernel h with finite expectation,

E[U,] = 6. (30)

Proof. By linearity of expectation,

=), 2

1<i1 << <n

(€29)

Since {Z;} are i.i.d., each summand has expecta-
tion §. There are exactly (}) such terms, which

O]

Relation to the main text. In the main text, Equa-
tion (14) can be viewed as a U-statistic with kernel
order k = 2. Consequently, it is an unbiased esti-
mator of the expectation in Equation (15).

A.3 Completion of the Proof of Theorem 3
Inconsistency of ¢(t) = —t for AUC optimiza-
tion. AUC depends only on the ordering induced
by the scoring function. In particular, for any
a > 0, scaling the scores does not change AUC:

AUC(f) = AUC(af). (33)

Elh(Z;,, ..., Zi,)).

Configuration Value
train_batch_size 128
ppo_mini_batch_size 64
max_prompt_length 1050
max_response_length 3046
ref-high 2.5
ref-low 1.05
7 (1.5B model) 0.6
7 (7B model) 0.5
€ 0.2
learning rate 1x1076
entropy_coeff 0

kl loss_coef 0
rollout.n 8
validation.rollout.n 16
rollout.temperature 1.0
validation.temperature 1.0
total_steps(for 1.5B) 600
total_steps(for 7B) 400

Table 2: Key hyperparameter settings used in our exper-
iments.

However, the surrogate risk with ¢(t) = —t is
scale-sensitive and unbounded:

Loi(af) = ~Elaf(Z")~af(Z7)] = aLy(f).

(34)
Take any nontrivial scoring function f with
L_+(f) <0and AUC(f) < 1 (not optimal). Con-
sider the sequence f,, = au,f with ay, T +oc.
Then AUC( f,,,) = AUC( ) for all m by (33), but
L_¢(fm) — —oo by (34). Hence, one can drive
the surrogate objective arbitrarily close to its infi-
mum without improving (or even changing) AUC.
Therefore, minimizing the ¢(¢t) = —t surrogate
does not guarantee approaching an AUC-optimal
scoret, i.e., this surrogate is not consistent for AUC
optimization.

Generalizing to Reward-Only Advantage Esti-
mators. It is worth noting that this result is not
limited to GRPO, but applies to all algorithms that
employ reward-only advantage estimators. Since
the objectives induced by this class of advantage
estimators are always linear with respect to the
confidence function, they necessarily satisfy the
property in (34). As a result, similar scaling coun-
terexamples can be constructed to show that these
objectives are not consistent AUC surrogate losses.
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A.4 Pseudocode of the Inference-Time Scaling
Algorithm

The inference-time scaling algorithm in Algo-
rithm 1 is a direct instantiation of the Perplexity
Consistency principle proposed in prior work Zhou
et al., 2025b. In our implementation, N is 16.

The core assumption of Perplexity Consistency
is that if the model is well-calibrated, responses
corresponding to the correct answer should, on av-
erage, exhibit lower perplexity (higher likelihood)
than incorrect ones.

Instead of selecting the single response with min-
imum perplexity, the proposed method aggregates
confidence at the answer level. All responses that
yield the same extracted final answer are grouped,
and their probabilities are summed to form an
aggregated confidence score. This aggregation
achieves two desirable properties:

* Self-consistency: answers that are repeatedly
produced by the model with high likelihood
are reinforced.

* Noise robustness: low-probability or spuri-
ous generations contribute negligibly to the
final decision.

Importantly, the entire procedure relies solely
on the model’s endogenous confidence, quantified
by perplexity. As such, it constitutes a lightweight
yet effective form of inference-time scaling that
leverages both the model’s calibration quality and
reasoning ability.

B Additional Experiment details

B.1 Experimental Setup

Experimental configurations for the 1.5B and 7B
models are detailed in Table 2. All methods share
these identical settings, with method-specific hyper-
parameters following their original papers. For our
method, we set the temperature parameter 7 to 0.6
for 1.5B model and 0.5 for 7B model, ref-high
and ref-1low to the lower and upper quartiles of
the reference model’s PPL distribution over correct
and incorrect responses, respectively. Experiments
were conducted using the verl framework on 8 X
A100 GPUs. Training a single CAPO/GRPO run
to convergence takes approximately 24 hours for
the 1.5B model and 48 hours for the 7B model.

Algorithm 1 Perplexity-Consistency Based
Inference-Time Scaling

1: Input: question ¢, number of samples N,
model 7y
2: Qutput: final predicted answer a

3: Sample N independent responses {y;} , ~
(- | q)
4: fori <~ 1to N do
5: Extract final answer a; from response y;
: Compute token-level average log-
probability:

b 4 o S log peyie | yi<t, @)
7: end for
8: Group responses by identical extracted an-
swers:
Ga) « {i|a;=a}
9: for all candidate answers a do
10: Compute aggregated confidence:
C(a) < 2icg(a) exp (i)
11: end for
12: 4 < argmax, C(a)
13: return a

B.2 Additional Experimental Results

Additional Experimental Results of Qwen2.5-
Math-1.5B model and Accuracy Curves Fig-
ure 5 demonstrates the complete experimental re-
sults of Qwen2.5-Math-1.5B for all methods over
six benchmarks. Our method achieves a significant
improvement in calibration over all baselines on the
1.5B model, while maintaining accuracy gains that
are comparable to or even surpass those of GRPO.
In contrast, other methods either yield only limited
improvements in calibration or incur a degrada-
tion in accuracy. Figure 6 shows the accuracy of
all methods on the validation set as a function of
training steps. Our method exhibits accuracy im-
provements comparable to GRPO on both model
scales.

Ablation of Hyperparameters As illustrated in
Figure 8, our method exhibits low sensitivity to the
variation of the hyperparameter 7 across different
values (7 = 0.4,0.6, 1.0). Similarly, when adjust-
ing the values of ref-high and ref-low to tighten
the masking range from [1.05, 2.5] to [1.25,2.1],
Figure 9(b) demonstrates that the performance re-
mains similarly insensitive to these hyperparameter
settings.Figure 7 shows that applying the mask-
ing mechanism to GRPO alone does not improve
calibration, highlighting the importance of the
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calibration-aware advantage estimator.

Ablation of Noise Masking mechanism Com-
paring the performance of the algorithm with and
without the masking mechanism, it can be observed
from Figure 9(a) that removing the mask leads to
a gradual increase in model entropy, causing the
accuracy (acc) to stagnate prematurely or even de-
cline. In contrast, with the inclusion of the masking
mechanism, the model’s entropy remains stable,
and the accuracy exhibits a steady improvement.
These observations underscore the disruptive im-
pact of noisy data on experimental stability and
optimization signals, as well as the effectiveness of
the masking mechanism.
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Figure 5: Results of calibration (measured by AUC-mean) and accuracy (measured by mean@ 16) for our method
and all baselines on Qwen2.5-Math-1.5B across six test benchmarks.
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Figure 6: Accuracy trajectories on the validation set over training steps for our method and all baselines on the
Qwen2.5-Math-1.5B (left) and Qwen2.5-Math-7B models (right).
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Figure 7: Ablation studies on the effectiveness of applying the masking mechanism alone to GRPO. The results show
that the mask by itself does not improve calibration, highlighting the necessity of the calibration-aware advantage

estimator.
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Figure 8: Ablation studies on the sensitivity of accuracy improvement curves (a) and calibration metrics (b) to the

hyperparameter 7.
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Figure 9: Ablation studies on the impact of the noise-masking mechanism on training stability (a) and the sensitivity
to the ref-high and ref-1low hyperparameters (b).
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