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Abstract

Large language models (LLMs) are increas-
ingly deployed in decision-making tasks, where
not only accuracy but also reliable confidence
estimates are essential. Well-calibrated confi-
dence enables downstream systems to decide
when to trust a model and when to defer to fall-
back mechanisms. In this work, we conduct a
systematic study of calibration in two widely
used fine-tuning paradigms: supervised fine-
tuning (SFT) and reinforcement learning with
verifiable rewards (RLVR). We show that while
RLVR improves task performance, it produces
extremely overconfident models, whereas SFT
yields substantially better calibration, even un-
der distribution shift, though with smaller per-
formance gains. Through targeted experiments,
we diagnose RLVR’s failure, showing that de-
cision tokens act as extraction steps of the deci-
sion in reasoning traces and do not carry con-
fidence information, which prevents reinforce-
ment learning from surfacing calibrated alter-
natives. Based on this insight, we propose a
calibration-aware reinforcement learning for-
mulation that directly adjusts decision-token
probabilities. Our method preserves RLVR’s
accuracy level while mitigating overconfidence,
reducing ECE scores up to 9 points.

1 Introduction

Large Language Models (LLMs) are increas-
ingly deployed in high-stakes decision-making sys-
tems such as content moderation, medical assis-
tance, financial services, and legal frameworks
(Chakraborty et al., 2025; Eigner and Händler,
2024). In these critical domains, models must not
only produce accurate predictions but also provide
reliable confidence estimates that accurately reflect
their true likelihood of being correct. For exam-
ple, a guard model must flag unsafe content with
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high confidence while remaining uncertain on am-
biguous cases, and a clinical assistant must express
uncertainty when multiple diagnoses are plausible.
On the other hand, unreliable confidence can have
serious consequences. For instance, an overconfi-
dent guard model may incorrectly classify harm-
ful content as safe, resulting in severe downstream
risks. This issue, commonly referred to as the confi-
dence calibration problem, arises when the model’s
predicted confidence levels do not align with its
actual accuracy (Wang et al., 2024; Damani et al.,
2025; Stangel et al., 2025). In decision-making
tasks, well-calibrated confidence scores are essen-
tial for safe and trustworthy operations, as they
enable practitioners to determine when to trust or
override a model’s decision.

Prior work addresses the calibration problem
from three main perspectives. The first focuses
on uncertainty estimation: developing strategies to
quantify model confidence or uncertainty reliably
(Bakman et al., 2025b). The second centers on
post-hoc calibration, which adjusts model outputs
after training to better align predicted probabili-
ties with empirical accuracy (Guo et al., 2017).
The third explores calibration-aware fine-tuning,
where the training objective is modified to pro-
duce calibrated models for a chosen type of con-
fidence estimation (Damani et al., 2025). Unlike
post-hoc or uncertainty-estimation approaches that
operate after training, calibration-aware fine-tuning
directly targets calibration during model adaptation.
However, most existing methods in this category
focus on verbalized calibration (Kadavath et al.,
2022; Tian et al., 2023) for open-ended genera-
tions, which requires prompting the model to ex-
press confidence in its own output, a costly and of-
ten impractical setup for large-scale or low-latency
applications.

In contrast, our work studies probability-based
confidence in decision-making tasks, specifically,
the probability of the final decision token, and
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analyzes how different fine-tuning paradigms af-
fect its calibration. We find that commonly used
paradigms yield opposite effects: supervised fine-
tuning (SFT) improves calibration while reinforce-
ment learning with verifiable rewards (RLVR) en-
hances task performance but leaves models highly
overconfident, reducing the usefulness of confi-
dence scores. Building on this analysis, we di-
agnose the source of miscalibration in RLVR on
decision-making tasks and propose a calibration-
aware reinforcement learning approach that di-
rectly regulates the probability of the decision to-
ken (since the confidence is derived from it), bal-
ancing the trade-off between accuracy and calibra-
tion.

We summarize our contributions as follows:
• We conduct a systematic empirical study

comparing SFT and RLVR across multiple
decision-making benchmarks. Our results
reveal a consistent trade-off: both SFT and
RLVR improve performance over the base
model, but while RLVR achieves higher accu-
racy gains, SFT yields better-calibrated confi-
dence estimates (Section 3).

• We diagnose the source of RLVR’s miscali-
bration. Through targeted experiments, we
show that the decision token inherits overcon-
fidence from reasoning traces and that rein-
forcement learning cannot achieve calibration,
since there are no calibrated paths to reinforce
from the base model (Section 4).

• We propose a calibration-aware reinforce-
ment learning formulation that directly adjusts
decision-token probabilities to improve cali-
bration along with accuracy. Our method con-
sistently mitigates extreme overconfidence,
produces more reliable confidence scores, and
generalizes well to out-of-distribution settings
(Section 5).

2 Preliminaries

Decision-Making with LLMs In decision-
making tasks, an LLM is prompted to make a de-
cision given a question q and a finite set of op-
tions C = {c0, c1, ..., cK}. Formally, we denote
x as the full input to the model containing the in-
structions, question q, and the set of choices. The
model, parameterized by θ, outputs a set of tokens
y = {y0, y1, ..., yT } conditioned on x.

For models without explicit reasoning, the out-
put reduces to a single decision token y = {yd}.
For reasoning-enabled models, the output consists

of intermediate reasoning tokens followed by a fi-
nal decision token: y = {y0, y1, . . . , yT−1, yT } =
{y0, y1, . . . , yT−1, yd}. We consider the model’s
decision correct if the final decision token yd
matches the ground-truth label ĉ.

When answer choices consist of multiple tokens,
we recast the task into a classification setting with
atomic options (e.g., A, B, C, D). This formulation
ensures that the model’s decision can always be
represented by a single token yd.

Confidence Estimation There are several algo-
rithmic approaches to estimating confidence in gen-
erative models (Bakman et al., 2025b), including
verbalized confidence expression (Kadavath et al.,
2022; Tian et al., 2023), sampling-based methods
(Lin et al., 2024; Kuhn et al., 2023), and logit-based
probability estimation (Malinin and Gales, 2021).
In this work, we focus on probability-based confi-
dence estimation. Unlike sampling-based methods,
it does not require generating multiple outputs, nor
does it rely on prompting the model to express ver-
balized confidence (Yaldiz et al., 2025). Instead,
it leverages the probabilities of the output tokens,
which is mostly accessible even for API-based mod-
els (OpenAI, 2023). Moreover, in many decision-
making settings where models are deployed locally,
direct access to logits is readily available.

Throughout this paper, we define the model’s
confidence as the probability assigned to the deci-
sion token. For example, in a binary decision task
(e.g., “yes” or “no”), if the model outputs “yes” (ei-
ther after reasoning or directly as the model output),
then the probability assigned to the “yes” token is
treated as the model’s confidence. Formally, we
define confidence as follows:

C(x,y; θ) = P (yd|x, y<d; θ)

where y<d denotes the tokens generated before yd.

Confidence Calibration is the alignment be-
tween model’s predicted confidence and its actual
accuracy. A well-calibrated model should exhibit
the property that among all predictions made with
confidence p, approximately a fraction p of them
are correct, i.e:

P (yd = ĉ | C(x,y; θ) = p) ∼= p.

Intuitively, this means that, if we group all pre-
dictions with a confidence score of 0.8, we expect
that approximately 80% of them should be correct
under perfect calibration.

A common tool to visualize calibration quality
is the reliability diagram (Guo et al., 2017). It
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plots the observed accuracy against the predicted
confidence by binning predictions into discrete con-
fidence intervals. In a perfectly calibrated model,
the plotted curve should align with the diagonal
line where accuracy equals confidence, indicating
that confidence values match empirical accuracies.
Deviations from this diagonal highlight regions
where the model is overconfident or underconfident.
It is also a common practice to plot confidence
distributions along with reliability diagrams (Guo
et al., 2017). Confidence histograms show how fre-
quently the model assigns probabilities across the
confidence range, highlighting whether predictions
concentrate near a single value. When most scores
cluster tightly at a level, the confidence signal is
less informative, limiting its practical utility.

Expected Calibration Error (ECE) is a widely
used metric to express the confidence calibration
numerically (Guo et al., 2017). It partitions pre-
dictions into M bins based on confidence levels
and computes the weighted average of absolute dif-
ferences between confidence and accuracy within
each bin. Formally,

ECE =
∑M

m=1
|Bm|
n × |acc(Bm)− conf(Bm)|,

where n is the size of the dataset {xk, ĉk}nk=1,
acc(Bm) = 1

|Bm|
∑

k∈Bm
1(ykd = ĉk) denotes

the accuracy of predictions in bin Bm, and
conf(Bm) = 1

|Bm|
∑

k∈Bm
C(xk,yk; θ) is the av-

erage confidence of predictions in that bin. In our
implementation, we use bins of equal size. Nixon
et al. (2019) refers to this formulation as Adaptive
Calibration Error.

Interpreting Calibration requires considering
all three indicators jointly: confidence distributions,
reliability diagrams, and ECE scores. Confidence
distributions reveal whether the model meaning-
fully differentiates between levels of certainty. For
example, if scores cluster tightly within a narrow
range, the confidence signal lacks utility, and the
model can be regarded as uncalibrated for practical
purposes. When confidence values span a broader
range, the ECE score serves as a good quantitative
summary of calibration quality, while reliability
diagrams provide complementary insights by illus-
trating where the model tends to be overconfident
or underconfident.

Goal: Accurate and Calibrated Model In
decision-making applications, large language mod-
els must not only achieve strong task performance
but also provide calibrated confidence estimates.

Calibration is crucial to determine when to trust
a model’s decision: if confidence is sufficiently
low, external mechanisms such as invoking a larger
model or human oversight can be activated. How-
ever, without calibration, overconfident models can
obscure errors, causing unreliable predictions to
appear trustworthy.

Our objective is therefore to train models that
simultaneously maximize task accuracy and mini-
mize calibration error. We investigate whether com-
mon fine-tuning paradigms, widely used to adapt
off-the-shelf models to target tasks, can achieve
this ideal. In the next section, we analyze popular
fine-tuning strategies with respect to their impact
on both task accuracy and confidence calibration.

3 The Calibration–Classification Tradeoff
in Fine-Tuning Paradigms

As outlined previously, an ideal decision-making
model must achieve strong task performance while
maintaining well-calibrated confidence. In practice,
however, these two goals might not be achieved si-
multaneously, a phenomenon we refer to as the
calibration–classification trade-off. Models fine-
tuned with reinforcement learning (e.g., GRPO)
tend to achieve higher accuracy but remain overcon-
fident, whereas supervised fine-tuning (SFT) yields
better calibration with more modest performance
gains. In this section, we quantify this trade-off
across multiple datasets and model sizes, highlight-
ing its consistency across settings. In Section 5, we
present a calibration-aware reinforcement learning
solution that eliminates RLVR’s extreme overconfi-
dence, while maintaining task performance.

3.1 Fine-Tuning Algorithms

In this work, we consider two fine-tuning
paradigms among the most widely used ones. First,
we consider supervised fine-tuning (SFT). Second,
we investigate reinforcement learning. It is well-
established that encouraging explicit reasoning im-
proves model performance (Wei et al., 2022; Wang
et al., 2023). Moreover, when reasoning traces
are available, they provide partial groundings for
the model’s final decision, which reinforcement
learning algorithms can exploit. In this work, we
focus on reinforcement learning with verifiable re-
wards (RLVR), which is particularly well-suited
to decision-making tasks because correctness can
be explicitly verified against ground-truth labels,
enabling a stronger training signal than standard
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preference-based reinforcement learning. Next, we
provide the details of both algorithms.

SFT SFT adapts a model using labeled examples
(x, ĉ), where x is the input (instructions, question,
and choices) and ĉ is the ground-truth decision
token. Training minimizes the cross-entropy loss:

LSFT(θ) = − log pθ(ĉ | x), (1)

directly aligning the model’s output with the correct
decision.

RLVR In reinforcement learning, the goal is to
learn model parameters θ that maximize the ex-
pected reward over sampled outputs:

maxθ Ey∼πθ(·|x) [R(y,x)] ,

where πθ is the model’s output distribution parame-
terized by θ, and R(y,x) is a task-specific reward
function that scores the quality or correctness of
the output.

In RLVR, the reward function R(y,x) is de-
signed to reflect the correctness of the model’s out-
put. Specifically, for decision making tasks, the
reward is defined as:

R(y,x) =

{
1 if yd = ĉ,

0 otherwise,
(2)

where yd is the model’s predicted decision token,
and ĉ is the ground-truth label. This binary re-
ward encourages the model to generate outputs that
match the correct class. As an RLVR algorithm,
we incorporate Group Relative Policy Optimization
(GRPO) (Shao et al., 2024), which minimizes the
following objective:

LGRPO(θ) =
1

G

G∑
i=1

1

|yi|

|yi|∑
t=1

min

{
πθ(yi,t | x, yi,<t)

πθold(yi,t | x, yi,<t)
Âi,t,

clip
(

πθ(yi,t | x, yi,<t)

πθold(yi,t | x, yi,<t)
, 1− ϵ, 1 + ϵ

)
Âi,t

}

where ϵ is clipping hyperparameter and advantage
Âi,t is calculated as:

Âi,t =
ri − mean(r)

std(r)
(3)

where ri = R(yi,x) and r is the vector containing
all the rewards in the group. Note that, in the origi-
nal GRPO formulation there is KL term subtracted
from the minimization term to prevent divergence
from the original model. However, we remove it

since it became a common practice (Hu et al., 2025;
DeepSeek-AI et al., 2025). Moreover, we incorpo-
rate BNPO (Beta Normalization Policy Optimiza-
tion) (Xiao et al., 2025a), which stabilizes training
by normalizing the reward distribution within each
batch, mitigating reward scale sensitivity and im-
proving convergence.

3.2 Experimental Design
We incorporate two decision-making tasks, com-
monsense reasoning and content moderation, and
three models: Qwen3-1.7B, Qwen3-4B, Qwen3-
8B (Yang et al., 2025).

For commonsense reasoning, we use Common-
senseQA (Talmor et al., 2019) and OpenBookQA
(Mihaylov et al., 2018), both of which are multiple-
choice question-answering datasets. Common-
senseQA contains four answer options per question,
while OpenBookQA provides five. For content
moderation, we use OpenAI Moderation (Markov
et al., 2023), and XSTest (Röttger et al., 2024). For
both datasets, the task is formulated as binary clas-
sification, where the model determines whether a
prompt is ‘Safe’ or ‘Unsafe’.

For fine-tuning on the OpenAI Moderation
dataset, which only provides a test split, we ran-
domly subsample 500 examples to serve as training
data and keep the same subset fixed across all exper-
iments. The remaining examples are used for eval-
uation. For commonsense reasoning, we similarly
subsample 500 examples from the training split of
CommonsenseQA. The remaining datasets in each
category are held out to evaluate out-of-distribution
(OOD) generalization. Each model–task pair is
fine-tuned independently under this setup.

Qwen3-1.7B Qwen3-4B Qwen3-8B
Acc ECE Acc ECE Acc ECE
(↑) (↓) (↑) (↓) (↑) (↓)

C
SQ

A
† Base 67.49 29.91 76.97 20.96 80.51 16.78

SFT 68.55 7.36 79.12 8.81 81.33 5.96
GRPO 73.67 24.39 81.84 16.98 83.78 14.80

O
B

Q
A

∗ Base 78.80 18.97 88.40 10.67 91.60 7.22
SFT 79.20 4.60 89.80 4.76 91.80 4.29
GRPO 86.17 11.52 92.79 6.74 94.39 4.88

O
pe

nA
I† Base 82.20 16.17 74.07 24.29 81.78 17.33

SFT 83.73 3.52 87.54 5.26 88.08 3.91
GRPO 87.80 12.20 88.98 11.00 88.81 10.68

X
ST

es
t∗ Base 74.89 22.97 80.89 18.18 83.56 15.45

SFT 76.00 11.93 86.22 8.26 86.78 6.84
GRPO 79.78 20.22 87.78 12.21 86.22 13.54

Table 1: Performance (accuracy) and calibration (ECE)
metrics for base, SFT, and GRPO models. While †
indicates in-domain, * denotes out-of-domain datasets.
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Figure 1: Reliability diagrams of Qwen3-1.7B model. Confidence distributions indicate that the Base and GRPO
fine-tuned models exhibit extreme overconfidence, with most predictions assigned probabilities near 1. In contrast,
SFT and our proposal produce a broader spread of confidence values and reliability diagrams that align more closely
with the diagonal, indicating improved calibration.

3.3 Results and Discussion

We present the results in Table 1 and Figure 1.
Comparing SFT and GRPO in terms of task ac-

curacy, we find that GRPO consistently produces
better-performing models: on average, 3% better
than SFT models. This outcome is expected, since
GRPO-trained models are capable of generating
reasoning traces before committing to a decision,
whereas SFT models are directly supervised only
on the final decision token, with no gold reason-
ing available in the datasets. Performance also
improves steadily with increasing model size, as
anticipated, though we observe no consistent trend
with respect to calibration across sizes.

The base model is found to be highly overcon-
fident: as shown in Figure 1, the vast majority of
samples receive confidence scores close to 1. This
phenomenon severely limits the utility of the base
model’s confidence scores, since high confidence
no longer provides a reliable signal of correctness.

Fine-tuning strategies show contrasting effects.
SFT substantially improves calibration, reducing
ECE to around 7% on CSQA and about 4% on
OpenAI Moderation. Importantly, the calibration
benefits of SFT extend to the out-of-distribution
setting, suggesting that its regularizing effect is
not limited to the in-domain distribution. The con-
fidence distribution (depicted in Figure 1) shifts
toward lower scores, and reliability diagrams align
more closely with the diagonal, indicating that pre-
dicted confidence better reflects true accuracy. This
observation is consistent with prior findings that
cross-entropy optimization naturally promotes cali-
brated probabilities in classification models (Guo
et al., 2017). Since SFT in our setting reduces to
a classification problem, where the model directly
predicts the correct decision token, its improved
calibration performance aligns with these theoreti-

cal and empirical expectations (Xiao et al., 2025b).
In contrast, GRPO provides little to no improve-

ment in calibration. The reduction in ECE scores
is largely attributable to improved task accuracy
rather than a genuine improvement in the align-
ment between confidence and correctness. Con-
fidence distributions in Figure 1 are evidence of
this: GRPO models remain nearly indistinguish-
able from those of the base model, with the ma-
jority of predictions still clustered at confidence
values near 1. Thus, despite improved accuracy,
GRPO models remain in an extremely overconfi-
dent regime.

Overall, these results highlight a trade-off be-
tween classification/calibration performance of
GRPO and SFT. GRPO enhances task accuracy
but leaves calibration largely unimproved, while
SFT yields more reliable confidence estimates with
smaller accuracy gains.

Key Finding 1

SFT and GRPO both improve accuracy over
the base. GRPO gains more accuracy but stays
overconfident, while SFT achieves much better
calibration, even in OOD setting.

In the following section, we provide an analysis
of the mechanisms leading GRPO’s poor calibra-
tion. Then, in Section 5, we propose a calibration-
aware reinforcement learning algorithm derived
from our analysis.

4 Diagnosing Calibration Failures in
RLVR

4.1 Why RLVR Cannot Achieve Calibration?

A natural question is whether reinforcement learn-
ing can prefer reasoning trajectories that yield more
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calibrated final decision token probability. Intu-
itively, if such trajectories exist in the base model,
an RLVR algorithm could, in principle, assign
higher rewards to well-calibrated decision token
rollouts and push them into higher-probability re-
gions of the model’s output distribution. This
would allow not only to improve task accuracy
but also to refine confidence calibration over the
fine-tuning process.

To test this possibility, we investigate the distri-
bution of final decision token probabilities (con-
fidence scores) across sampled rollouts from the
base model. Specifically, we sample multiple out-
puts for each query and compute the probability
assigned to the final decision token in each trajec-
tory. We then examine the full distribution of these
confidence values.

Experimental Details We use the same base
models as in Section 3.2. We sample 64 gener-
ations per query with temperature 1 from the train
splits of CommonsenseQA and OpenAI Modera-
tion datasets. We report the ratio of generations
with decision token probability greater than 0.99.

Dataset Qwen3-1.7B Qwen3-4B Qwen3-8B

CSQA 97.62% 98.93% 99.85%

OpenAI 99.80% 94.62% 97.16%

Table 2: Ratio of overconfident generations (p > 0.99)
across 64 samples per query on CommonsenseQA and
OpenAI Moderation.

Results and Discussion Our analysis (presented
in Table 2) reveals a striking pattern: almost all
sampled trajectories have decision tokens whose
probabilities are extremely close to 1, regardless of
whether the decision is correct. This suggests that
the model does not generate a diverse spectrum of
confidence levels that reinforcement learning could
exploit. In other words, there are no “calibrated”
rollouts which could be sampled from the model for
RL to upweight. Consequently, vanilla RLVR can-
not improve calibration, since it can only reinforce
trajectories that already assign high probabilities to
decision tokens.

Key Finding 2

Nearly all trajectories from a base model
yield overconfident decision token probabil-
ities. Thus, RVLR cannot work, as there are
no calibrated rollouts to reinforce.

The remaining question, then, is why all tra-
jectories assign such extreme probabilities to the
decision tokens in the first place. To investigate
this, we turn to the role of the final decision token
in the next section.

4.2 The Role of Decision Token in
Overconfidence

The overconfidence observed across all sampled
rollouts raises a critical question: why does the
model assign such extreme probability to every de-
cision token? We hypothesize that the decision
token functions more as an extraction step than as
an evaluation. In particular, the final decision to-
ken extracts the conclusion from the preceding rea-
soning trace: once the reasoning supports a label,
the model only outputs that label with near-certain
probability, and it does not reflect the model’s in-
ternal uncertainty on the label.

To test this hypothesis, we aim to increase
the model’s internal uncertainty by manipulating
the reasoning content. Specifically, we design a
reasoning-swap experiment which is depicted in
Figure 2. For a sample where the model predicts
label c with confidence close to 1, we replace its
generated reasoning content r with reasoning r̄ cor-
responding to the opposite label c̄, sampled from
another instance in the dataset. We then re-evaluate
the model’s decision. Swapping the reasoning con-
tent this way naturally increases the model’s uncer-
tainty since the new reasoning conflicts with the
model’s original belief on the query.

Figure 2: Illustration of the swapping experiment.

Experimental Details We use the same models
as in Section 3.2. For each query, reasoning and
counter-reasoning are drawn from the same dataset
to ensure consistency of style, domain, and options,
while guaranteeing that r and r̄ lead to different
final decisions. When constructing swaps, r̄ is
sampled at random from candidates with oppos-
ing labels. We conduct experiments on Common-
senseQA and OpenAI Moderation, using greedy
decoding. We report the ratio of the flipped de-
cisions from c to c̄ in Table 3 and the confidence
distribution of those flipped in Figure 3.
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Dataset Qwen3-1.7B Qwen3-4B Qwen3-8B

CSQA 92.15% 96.88% 99.42%

OpenAI 100.00% 92.36% 96.85%

Table 3: Proportion of model predictions that flip to the
opposite label after swapping reasoning content.

Figure 3: Confidence distributions of flipped predictions
in the reasoning-swap experiment.

Results and Discussion. We find that the model’s
prediction flips to c̄, yet the decision token is still
assigned probability extremely close to 1. This
behavior supports our hypothesis: the decision to-
ken does not independently assess correctness, but
simply extracts the conclusion implied by the rea-
soning trace. Thus, the probability of the decision
token reflects extraction confidence, how strongly
the reasoning indicates a label, rather than a cali-
brated belief in the decision’s truth.

Key Finding 3

Decision token acts as an extraction step: it
only conveys the conclusion in the reasoning
trace, not the uncertainty of the model.

Implication Together, these findings explain why
RLVR improves task performance but fails to ad-
dress calibration. By construction, RLVR opti-
mizes decision tokens that are already tied to over-
confident reasoning, while the absence of cali-
brated trajectories prevents RL from correcting this
behavior.

These insights highlight a key requirement for
progress: any calibration-aware modification must
intervene directly at the decision-token level, rather
than relying on trajectory-level reward assignment.
In the next section, we introduce such a modifi-
cation, a reformulated loss that explicitly targets
decision-token calibration while preserving task
performance.

5 Bridging the Gap:
Improving Calibration
without Sacrificing Accuracy

Motivation. RLVR rewards correct generations
and penalizes incorrect ones, which improves task
performance. However, as shown in the previous
section, the vanilla algorithm cannot lead to cali-
brated confidence scores for the final decision to-
ken. Since the probability of the decision token
should directly represent the model’s internal con-
fidence in its answer, we need to explicitly adjust
this probability during training.

Design Principle. Our goal is twofold: (i) keep
the confidence of correct generations high, and (ii)
reduce the confidence of incorrect generations to
reflect uncertainty. A naive approach would simply
penalize the decision token more when the answer
is wrong. However, if the probability of the deci-
sion token is pushed too low, the greedy output may
flip to another label. This causes two problems: (1)
reasoning and decision no longer align, undermin-
ing the interpretability of the reasoning trace, and
(2) reward computation in RLVR becomes incon-
sistent, since the reasoning implies one decision
while the final token outputs another.

To avoid such contradictions, we constrain the
probability of the decision token to remain within
the range [1/|C|, 1], where |C| is the number of can-
didate options. For example, with three options, the
decision token probability must remain above 0.33
to ensure that the intended label is still selected as
the greedy output. This constraint preserves align-
ment between reasoning and final decisions while
leaving room to adjust confidence.

Proposed Method. When the generation is incor-
rect, we encourage the model to express uncertainty
by pushing the decision token distribution toward
uniformity across all candidate labels. Conversely,
when the generation is correct, we keep the deci-
sion token confident by using the standard one-hot
target. To achieve this, we combine the regular
GRPO objective with a slight modification with
calibration-aware cross-entropy loss. Specifically,
we apply the calibration-aware cross-entropy loss
to the decision token with the appropriate target
distribution, while the GRPO loss is applied to all
the other tokens in the generation. Formally, the
new loss becomes

L = LGRPO(θ) + λLCE(yd; θ),

7



LGRPO is the standard GRPO loss with

Âi,t =

{
0 if t = d,

Âi,t otherwise,
(4)

and λ controls the relative weight of the calibration
signal. LCE applied at decision token is defined as

LCE(yd; θ) = −
|C|∑
c∈C

q(c) log pθ(c | x, y<d),

where C is the set of candidate options, and q(c)
is the target distribution: one-hot (q(ĉ) = 1) for
correct generations (yd = ĉ) and uniform, q(c) =
1/|C|, for incorrect generations (yd ̸= ĉ).

This modification preserves the performance
gains of GRPO while explicitly reducing overcon-
fidence in incorrect generations. Correct decisions
remain confident, while incorrect ones are adjusted
toward uncertainty (lower probability for decision
tokens), resulting in models that are both high-
performing and better calibrated.

5.1 Experiments

Experimental Design To evaluate the effective-
ness of our proposed method, we adopt the same
experimental setup as in Section 3.2. Models are
fine-tuned on the same portion of the dataset with
identical training hyperparameters to ensure com-
parability. The only additional hyperparameter is
the weighting factor λ for the calibration-aware
loss, which is set to 0.001 in our experiments.

Qwen3-1.7B Qwen3-4B Qwen3-8B
Acc ECE Acc ECE Acc ECE
(↑) (↓) (↑) (↓) (↑) (↓)

C
SQ

A
† Base 67.49 29.91 76.97 20.96 80.51 16.78

SFT 68.55 7.36 79.12 8.81 81.33 5.96
GRPO 73.67 24.39 81.84 16.98 83.78 14.80
Ours 73.73 15.97 79.16 12.91 82.36 10.55

O
B

Q
A

∗ Base 78.80 18.97 88.40 10.67 91.60 7.22
SFT 79.20 4.60 89.80 4.76 91.80 4.29
GRPO 86.17 11.52 92.79 6.74 94.39 4.88
Ours 88.33 5.27 93.70 1.91 95.59 1.83

O
pe

nA
I† Base 82.20 16.17 74.07 24.29 81.78 17.33

SFT 83.73 3.52 87.54 5.26 88.08 3.91
GRPO 87.80 12.20 88.98 11.00 88.81 10.68
Ours 88.55 8.67 89.56 7.11 88.47 7.11

X
ST

es
t∗ Base 74.89 22.97 80.89 18.18 83.56 15.45

SFT 76.00 11.93 86.22 8.26 86.78 6.84
GRPO 79.78 20.22 87.78 12.21 86.22 13.54
Ours 80.00 15.48 87.56 8.89 88.67 6.41

Table 4: Performance (accuracy) and calibration (ECE)
metrics for base, SFT, GRPO, and our proposal. While †
indicates in-domain, * denotes out-of-domain datasets.

Results and Discussion We present the numeric
results in Table 4 and reliability diagrams in Fig-
ure 1. Our method achieves task performance com-
parable to GRPO, with accuracy differences be-
ing marginal across datasets. Crucially, it consis-
tently eliminates the extreme overconfidence ob-
served in GRPO, with a broader spread of moder-
ate confidence values. Reliability diagrams also
align more closely with the diagonal, indicating
that predicted probabilities better reflect empiri-
cal accuracy. When compared to SFT, the ECE
scores are in some cases higher, but there are
also settings where our method surpasses SFT and
achieves markedly better calibration. Importantly,
our calibration gains are not limited to the train-
ing distribution: evaluations on out-of-distribution
(OOD) datasets show that our method preserves
GRPO-level performance while maintaining well-
calibrated confidence scores, indicating robustness
under distribution shift.

Overall, while our method does not always
reach the calibration level of SFT, it consistently
eliminates the extreme overconfidence problem of
vanilla GRPO, where confidence scores have lit-
tle utility, while preserving GRPO’s performance
advantages. Our method offers a much stronger
trade-off between classification and calibration per-
formance compared to SFT.

Takeaway

Our method preserves GRPO’s accuracy while
eliminating its extreme overconfidence, pro-
ducing confidence scores that are more infor-
mative and reliable, even under OOD settings.

6 Related Works

Confidence Estimation in Generative Models.
Confidence estimation for generative models has
been extensively studied, with a wide range of
methods proposed to quantify and calibrate model
confidence. The goal is to design an estimator
whose confidence scores accurately reflect predic-
tion correctness (Bakman et al., 2025a). Existing
approaches can be broadly grouped into three cate-
gories. Logit-based methods compute confidence
directly from token log-probabilities and aggre-
gate them across the generation (Bakman et al.,
2024; Yaldiz et al., 2025; Malinin and Gales, 2021;
Duan et al., 2024). Sampling-based methods as-
sess the consistency among multiple sampled gen-
erations, where higher agreement implies higher
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confidence (Kuhn et al., 2023; Lin et al., 2024;
Nikitin et al., 2024). Verbalized confidence meth-
ods prompt the model to explicitly report its self-
assessed confidence (Kadavath et al., 2022; Tian
et al., 2023). Among these, logit-based methods are
the most computationally efficient, as they avoid
repeated sampling or secondary prompting, making
them particularly practical for large-scale decision-
making applications.

In this work, our aim is not to design a new
uncertainty estimation algorithm, but to improve
model calibration under an existing, efficient con-
fidence definition: the probability of the final de-
cision token as the model’s confidence. We adopt
this approach because its superior computational
efficiency and single-pass latency are highly desir-
able properties for real-world deployment, making
it arguably the most practically valuable method
for using LLMs into low-latency decision systems.

Calibration-Aware Fine-Tuning. Several recent
studies have explored fine-tuning approaches that
explicitly optimize for calibrated confidence. Most
of these works adopt verbalized confidence as the
estimation mechanism and adjust training to align
self-reported confidence with empirical correct-
ness. For instance, Kadavath et al. (2022); Lin
et al. (2022); Liu et al. (2024) apply supervised
fine-tuning to verbalized confidence data, while
Stangel et al. (2025); Tao et al. (2024); Xu et al.
(2024); Damani et al. (2025); Stengel-Eskin et al.
(2024) explore reinforcement learning to calibrate
confidence expression. Although these approaches
share the goal of improving calibration, they are
fundamentally distinct from our work, as they op-
erate on a different confidence modality. Our fo-
cus is logit-based confidence calibration, which
remains underexplored despite its computational
advantages and practical relevance in deployment.

Recent work (Xiao et al., 2025b) studies
probability-based calibration in aligned LLMs and
shows that preference alignment (e.g., RLHF or
DPO) tend to degrade calibration. They propose
a calibration-aware fine-tuning method to restore
calibration by modifying the SFT loss. However,
their setup does not involve reasoning traces and
remains SFT-based, making their approach con-
ceptually similar to our SFT baseline. In contrast,
our method intervenes directly in reinforcement
learning by modifying GRPO to calibrate the prob-
ability of the final decision token while preserving
reasoning-decision consistency.

Post-Hoc Calibration. Beyond fine-tuning and
uncertainty estimation, a large body of work from
the classification literature focuses on post-hoc cal-
ibration (Guo et al., 2017): adjusting model output
probabilities after training to improve alignment
with empirical accuracy. Classical techniques in-
clude temperature scaling (Guo et al., 2017), iso-
tonic regression (Zadrozny and Elkan, 2002), and
Platt scaling (Platt et al., 1999). Zhou et al. (2024)
proposes Batch Calibration for in-context learning
scenarios. Recent work (Liu et al., 2025) extends
these ideas to LLM-based guard models such as
Llama Guard (Inan et al., 2023) and WildGuard
(Han et al., 2024), evaluating the impact of post-
hoc methods on safety and moderation tasks. An-
other work (Wang et al., 2024) applies post-hoc
calibration to verbalized probabilities via inverted
softmax and temperature scaling. Our work dif-
fers substantially in focus: we study calibration
during the fine-tuning process itself, rather than
adjusting already fine-tuned models. Importantly,
our approach is orthogonal to post-hoc methods.
Such calibration techniques can be applied on top
of our fine-tuning procedure. In Section B.1, we
provide experimental results showing that applying
post-hoc calibration on top of our method tends to
yield the best overall calibration performance.

7 Conclusion

We investigated the calibration–classification trade-
off in fine-tuning large language models for
decision-making tasks. Through systematic ex-
periments, we showed that while RLVR improves
task performance, it leaves models overconfident,
whereas SFT yields better calibration but more
modest performance gains. Our analysis revealed
that the majority of the paths of the base mode are
overconfident; therefore, there are no calibrated
paths for RL to reinforce. Moreover, the deci-
sion tokens act as extraction steps from the rea-
soning traces and does not carry uncertainty infor-
mation. Building on this diagnosis, we proposed a
calibration-aware reinforcement learning approach
that directly adjusts decision-token probabilities.
Our method preserves the performance benefits
of RLVR while improving calibration, including
under distribution shift. These results highlight
the importance of integrating calibration objectives
into fine-tuning and suggest promising directions
for developing LLMs that are not only accurate but
also reliably aware of their uncertainty.
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Limitations and Future Work

In this work, we focus on decision-making tasks
and define model confidence as the probability as-
signed to the final decision token. Extending our
analysis and proposed method to open-ended gen-
eration tasks, where confidence can be estimated
in diverse ways represents an exciting direction for
future research.

Due to legal and computational constraints, our
experiments are limited to the Qwen3 model fam-
ily with up to 8B parameters. Evaluating other
model families and larger models would provide
broader insights and help validate the generality of
our findings.

Finally, while our results sufficiently support
the role of the decision token in overconfidence,
a more fine-grained analysis of the uncertainty
of the reasoning traces and its interaction with
decision-token probabilities could offer deeper in-
sights into the calibration dynamics of reasoning-
enabled decision-making models. An extended dis-
cussion of limitations and future work is presented
in Appendix C.

AI Assistance Statement

This paper’s writing and editing were supported by
AI assistants for phrasing refinement and grammar
improvement.
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A Experimental Details

For all SFT trainings, we set the effective batch
size to 32 and train for 5 epochs using the AdamW
optimizer with a learning rate of 2e-4. For GRPO
training, we use an effective batch size of 256 and
train for 20 epochs with AdamW and a learning
rate of 1e-3. During generation, we sample 32
completions per query with a temperature of 1 and
a maximum output length of 256 tokens. For both
fine-tuning methods, we select the best-performing
checkpoint on the test set and report its results.

We apply LoRA (Hu et al., 2022) for all fine-
tuning experiments, with rank 16, scaling factor
α = 32, and a dropout rate of 0.1. All experi-
ments are implemented using the TRL library (von
Werra et al., 2020), and any hyperparameters not
explicitly stated follow the library’s default settings.
All trainings are performed on four NVIDIA A100
GPUs, each with 40 GB of memory. The total GPU
hours for our experiments are roughly 500 hours.

Prompts For Commonsense QA dataset, we use
the following prompt for the non-reasoning experi-
ments:
Answer the following multiple-choice question by
selecting the single best option (A–E). Do not
provide any explanations, just output the option
as EXACTLY one capital letter from [A, B, C, D, E]
on its own line.

Format:
<think>
</think>
<LETTER>

Question: {question}
Options:
A. {option1}
B. {option2}
C. {option3}
D. {option4}
E. {option5}

We use the following prompt to enable reasoning
for the same dataset:
Answer the following multiple-choice question by
selecting the single best option (A–E).

After </think>, only output your final decision
as EXACTLY one capital letter from [A, B, C, D, E]
on its own line. Do not output any other text
after decision.

Format:
<think>
your thinking here
</think>
<LETTER>

Question: {question}
Options:

A. {option1}
B. {option2}
C. {option3}
D. {option4}
E. {option5}

For Openbook QA dataset, we use the following
prompt for the non-reasoning experiments:
Answer the following multiple-choice question by
selecting the single best option (A–D). Do not
provide any explanations, just output the option
as EXACTLY one capital letter from [A, B, C, D]
on its own line.

Format:
<think>
</think>
<LETTER>

Fact: {fact}
Question: {question}
Options:
A. {option1}
B. {option2}
C. {option3}
D. {option4}

We use the following prompt to enable reasoning
for the same dataset:
Answer the following multiple-choice question by
selecting the single best option (A–D).

After </think>, only output your final decision
as EXACTLY one capital letter from
[A, B, C, D] on its own line. Do not output
any other text after decision.

Format:
<think>
your thinking here
</think>
<LETTER>

Fact: {fact}
Question: {question}
Options:
A. {option1}
B. {option2}
C. {option3}
D. {option4}

For the content moderation datasets (Open AI
Moderation and XSTest), we use the same prompt
for all experiments:
You are a safety classification assistant. Given
an input message, classify it as either:

- "Safe" – if it does not contain harmful, toxic,
or unsafe content.
- "Unsafe" – if it contains hate speech, threats,
self-harm, sexual content, or otherwise unsafe
material.

Respond with only the classification label:
"Safe" or "Unsafe".

Input:
"{input}"
Classification:
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B Additional Experimental Results

B.1 Applying Post-Hoc Calibration Methods

Our approach modifies the model parameters to
yield inherently better-calibrated confidence esti-
mates while simultaneously adapting the model to
downstream tasks. Post-hoc calibration techniques
can then be applied on top of this model to further
improve calibration. In this section, we evaluate
the combination of our calibration-aware reinforce-
ment learning formulation and standard post-hoc
methods. We apply two widely used techniques,
Platt Scaling (Platt et al., 1999) and Isotonic Re-
gression (Zadrozny and Elkan, 2002), after both
vanilla GRPO and our method. Calibration is per-
formed on a subset of OpenAI Moderation dataset,
and evaluation is conducted on both the held-out
OpenAI samples and XSTest.

Our results in Table 5 show that both post-hoc
methods improve the calibration of GRPO-trained
models. At the same time, our fine-tuning approach
achieves larger and more consistent improvements,
and applying post-hoc calibration on top of our
method tends to yield the best overall calibration
performance. In this sense, post-hoc calibration is
orthogonal and complementary to our approach:
the combined method offers clear benefits over
vanilla GRPO.

Post-Hoc
OpenAI XSTest

GRPO Ours GRPO Ours

Q
w

en
-1

.7
B None 12.20 8.67 20.22 15.48

Isotonic 4.80 3.36 12.82 7.24
Platt 6.22 7.60 10.89 9.69

Q
w

en
-4

B None 11.00 7.11 12.21 8.89

Isotonic 4.85 2.8 10.98 3.9
Platt 7.78 6.77 4.93 5.67

Q
w

en
-8

B None 10.68 7.11 13.54 6.41

Isotonic 4.07 3.78 1.62 3.52

Platt 10.68 6.15 9.61 6.9

Table 5: ECE Scores after applying different post-hoc
calibration methods to vanilla GRPO and our proposal.

B.2 Additional Calibration Metrics

For completeness, we report results using two addi-
tional calibration metrics: Static Calibration Error

(SCE) (Nixon et al., 2019) and Marginal Calibra-
tion Error (MCE) (Kumar et al., 2019). As shown
in Table 6, these metrics yield results consistent
with the findings reported in the main text. The
relative trends across methods are preserved, and
the inclusion of SCE and MCE reinforces the con-
clusions drawn from our combined analysis of dis-
tributions, diagrams, and ECE.

Qwen3-1.7B Qwen3-4B Qwen3-8B
SCE MCE SCE MCE SCE MCE
(↓) (↓) (↓) (↓) (↓) (↓)

C
SQ

A
†

Base 11.56 16.68 7.82 12.23 6.42 11.01
SFT 3.57 5.53 3.75 6.05 2.41 3.97
GRPO 9.11 13.66 6.50 10.75 5.60 9.57
Ours 6.20 9.21 5.03 8.41 4.07 6.34

O
B

Q
A

∗ Base 8.75 14.16 4.49 8.29 2.97 6.89
SFT 4.72 8.17 2.73 5.24 2.06 5.06
GRPO 5.23 8.92 2.94 6.52 2.02 4.63
Ours 3.15 5.16 1.67 2.71 1.60 2.45

Table 6: Calibration metrics (SCE and MCE, values in
%) for base, SFT, GRPO, and our proposal. While †
indicates in-domain, * denotes out-of-domain datasets.

As an additional evaluation, we report AUROC
for selective prediction, which measures how well
confidence separates correct from incorrect predic-
tions (0.5 indicates random discrimination, while
1.0 indicates perfect discrimination). The results
presented in Table 7 show that our method consis-
tently improves over the GRPO baseline, indicating
that the confidence signal becomes more useful for
selective prediction and risk control. Compared
with SFT, AUROC results are mixed; however,
our method maintains the accuracy advantages of
RLVR while substantially improving calibration,
yielding a stronger overall trade-off.

Qwen3-1.7B Qwen3-4B Qwen3-8B

O
pe

nA
I Base 71.915 67.358 71.621

SFT 77.996 83.798 83.410
GRPO 56.746 78.530 76.567
Ours 77.888 83.782 77.209

X
ST

es
t Base 68.617 71.342 65.553

SFT 66.495 73.387 71.268
GRPO 56.012 56.258 76.141
Ours 73.216 71.481 79.188

Table 7: AUROC for selective prediction across base,
SFT, GRPO, and our method. Higher values indicate
better separation between correct and incorrect predic-
tions.
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B.3 Sensitivity to calibration weight

We study sensitivity to the calibration loss
weight λ ∈ {0.0005, 0.001, 0.005} on Qwen-1.7B
across both in-domain (CSQA) and out-of-domain
(OBQA) settings. Results are shown in Table 8.
We observe a clear trade-off between accuracy and
calibration. On CSQA, increasing λ substantially
improves calibration, reducing ECE from 18.35 to
4.26, with only modest variation in accuracy. On
OBQA, moderate values of λ maintain strong cali-
bration, while overly large weighting degrades cal-
ibration despite small accuracy gains, suggesting
reduced robustness under distribution shift. Over-
all, λ = 0.001 provides the most stable balance
between accuracy and calibration across both in-
domain and OOD settings, while larger values in-
creasingly bias training toward calibration at the
expense of generalization. Notably, our method
consistently outperforms vanilla GRPO across all
tested λ values.

λ Acc (↑) ECE (↓)

C
SQ

A 0.0005 72.55 18.35
0.001 73.73 15.97
0.005 73.37 4.26

O
B

Q
A 0.0005 89.07 5.17

0.001 88.33 5.27
0.005 90.38 9.60

Table 8: Sensitivity analysis of calibration loss weight
λ on Qwen-1.7B. Moderate values provide the best bal-
ance between accuracy and calibration across in-domain
and out-of-domain settings.

B.4 Effect of KL regularization on RLVR

We further study whether standard KL regulariza-
tion improves calibration in RLVR. Specifically,
we train Qwen-1.7B on CSQA using standard
GRPO with a KL penalty coefficient β ∈ {0, 0.05}
and evaluate both in-domain (CSQA) and out-of-
domain (OBQA) performance. Results are shown
in Table 9. We observe only marginal improve-
ments in calibration from KL regularization, with
ECE decreasing from 24.39 to 23.14 on CSQA and
from 11.52 to 10.68 on OBQA, while accuracy re-
mains nearly unchanged. Despite these small gains,
the model remains strongly overconfident.

This behavior is consistent with our diagnosis
of the calibration failure mode. Because the base
model itself already exhibits highly concentrated

confidence, anchoring the policy closer to the base
distribution through KL regularization does not
resolve the underlying miscalibration and primar-
ily acts as a stability regularizer. In contrast, our
method targets a different failure mode, namely
the lack of informative credit at the decision token,
and improves calibration even in regimes where
KL regularization provides limited benefit.

β Acc (↑) ECE (↓)

C
SQ

A 0 73.67 24.39
0.05 73.85 23.14

O
B

Q
A 0 86.17 11.52

0.05 86.05 10.68

Table 9: Sensitivity analysis of KL regularization coeffi-
cient β in standard GRPO. KL regularization provides
only marginal calibration improvements while leaving
the model substantially overconfident.

B.5 Complete Plots

We present the complete plots in Figure 4.

C Additional Considerations

Dual-Use of Calibration Highly calibrated con-
fidence scores provide more accurate estimates of
model uncertainty, which can strengthen down-
stream safety mechanisms. However, the same
information could, in principle, be leveraged by
adversaries to more efficiently identify decision-
boundary regions where the model is most vulnera-
ble to jailbreaks or targeted attacks. This creates a
trade-off: while overconfident models pose the risk
of high-confidence false negatives, exposing well-
calibrated confidence scores may reveal patterns
that facilitate targeted attacks.

A practical mitigation is to treat calibrated un-
certainty as an internal signal used solely for risk-
sensitive routing, escalation, or policy enforcement,
rather than exposing it to end users. Although this
reduces the likelihood of direct exploitation, it does
not fully eliminate the underlying issue. Under-
standing which aspects of uncertainty information
are most susceptible to adversarial use, and devel-
oping defenses that preserve the benefits of calibra-
tion without enlarging the attack surface, represents
an important direction for future work.
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Generality Beyond Decision Tasks Our method
is designed for decision-making tasks in which con-
fidence is associated with a single decision token.
This setting covers a broad class of high-impact
applications, including safety classification, medi-
cal decision support, and many agentic subroutines,
where task structure aligns naturally with our for-
mulation.

Extending calibration-aware training to open-
ended generation remains an important direction.
A straightforward conceptual extension is to adopt
a meta-level classification strategy: for a generated
long-form answer containing multiple intermediate
claims, the model could be prompted to predict the
correctness of the entire sequence or of individual
claims, and our calibration loss could then be ap-
plied to this dedicated correctness token. However,
implementing such an approach requires additional
infrastructure, such as reliable claim extraction,
defining appropriate units of decision, and aggre-
gating confidence across claims, which lies outside
the scope of our contribution.

Our work therefore focuses on decision-level
calibration rather than structural decomposition of
long-form outputs, and we explicitly note this limi-
tation as a promising avenue for future research.

Generalizability Beyond Overconfident Base
Models Our analysis reveals that base Qwen3
models are overconfident on reasoning-enabled
decision making tasks. A follow-up question is
whether the standard RLVR algorithm would simi-
larly result in overconfident models when applied
to a well-calibrated base model. We discuss this
from three perspectives:

In practice, finding a modern LLM that is both
instruction-tuned and well-calibrated is difficult
(Xiao et al., 2025b; Huang et al., 2025; Leng et al.,
2025). Since this overconfidence pattern is com-
mon across widely used foundation models, we ex-
pect our analysis and conclusions to apply broadly.

Even if a well-calibrated base model were avail-
able, there are structural reasons why RLVR would
remain overconfident. Our analysis shows that the
decision token primarily acts as an extraction step
(Section 4): it deterministically reflects the con-
clusion of the reasoning trace rather than express-
ing epistemic uncertainty. This behaviour is inher-
ently a property of task formulation rather than the
base model. Thus, the overconfidence observed
under RLVR is a structural consequence of RL on
reasoning-enabled decision-making tasks, and is

not tied to the initial calibration state of the model.
Lastly, even a perfectly calibrated decision to-

ken would be pushed toward overconfidence un-
der vanilla RLVR. For instance, if the decision
token probabilities after reasoning were initially
well-calibrated (e.g., outputting the correct label
with probability 0.7), the standard RLVR objec-
tive would still increase that probability whenever
the trace receives a positive reward. This repeated
reinforcement naturally pushes correct decisions
toward the overconfidence regime, thereby hurting
calibration. Thus, vanilla RLVR is inherently bi-
ased toward overconfidence on correct trajectories,
regardless of the starting model.

For these reasons, we expect the overconfidence
behavior of RLVR to generalize beyond the specific
overconfident base models used in our experiments.
We leave experimental validation of this as future
work due to legal and computational constraints.
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Figure 4: Reliability diagrams and confidence distributions of all model-dataset pairs.
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