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Abstract

Although large reasoning models (LRMs) ex-
hibit exceptional mathematical reasoning ca-
pabilities on clean inputs, their reasoning ac-
curacy drops substantially in the presence of
character-level noise such as typographical er-
rors. Critically, their confidence estimates fail
to reflect the corresponding decline in reason-
ing accuracy. While confidence calibration of-
fers a principled solution, existing methods pre-
dominantly target clean inputs, leaving noisy
scenarios largely unexplored. To address this
gap, we propose DisCal (Distribution-aware
Calibration), a confidence calibration frame-
work for character-level noisy inputs. DisCal
extracts uncertainty signals from both the em-
pirical answer distribution and the model’s pre-
dictive distribution, and integrates them via a
learned calibrator to produce well-calibrated
confidence. Experiments across multiple math-
ematical reasoning benchmarks demonstrate
that DisCal consistently outperforms existing
calibration methods under noisy inputs, re-
ducing Expected Calibration Error (ECE) by
up to 39.21% and improving Area Under the
Receiver Operating Characteristic Curve (AU-
ROC) by up to 31.44%.

1 Introduction

Large Reasoning Models (LRMs) have demon-
strated substantial advances in reasoning capabili-
ties (Georgiev et al., 2024; Guo et al., 2025), per-
forming particularly well on mathematical reason-
ing tasks with clean inputs (Wei et al., 2022; Yu
et al., 2025b). However, LRMs in practice fre-
quently encounter character-level noise such as
typographical errors (Aliakbarzadeh et al., 2025).
Recent studies have demonstrated that noise, even
when it does not alter the underlying semantics
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Figure 1: Adding 30% character-level noise to the in-
puts, DeepSeek-7B on the GSM8K benchmark exhibits
a significant confidence-accuracy mismatch: while an-
swer accuracy declines sharply, the ECE increases sub-
stantially.

of a problem, can still significantly impair rea-
soning performance: real-world noise dispropor-
tionately harms mathematical reasoning (Aliak-
barzadeh et al., 2025); and small perturbations can
break reasoning chains (Yang et al., 2025b; Huang
et al., 2025; Hao et al., 2025). While prior work
primarily examines whether models produce cor-
rect answers under noisy inputs, model confidence,
crucial for reliable deployment, remains largely un-
explored. A critical question persists: How does
character-level noise affect model confidence?

To investigate this question, we introduce con-
trolled character-level noise by randomly selecting
30% of non-numerical words and applying a ran-
dom perturbation (substitution, insertion, deletion,
or swap) to each selected word. For example, the
problem "What is 15 divided by 3?" can be per-
turbed to "What is 15 diided by 3?", preserving
numerical values while introducing realistic typo-
graphical errors. We quantify model confidence as
the geometric mean of token-level likelihoods as-
signed to the answer tokens. As shown in Figure 1,
character-level noise causes answer accuracy to
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drop sharply from 85.7% to 59.1%. Meanwhile, the
ECE increases significantly from 9.7% to 35.8%,
indicating a widening gap between confidence and
accuracy. Model confidence fails to decrease cor-
respondingly with the decline in reasoning ac-
curacy, resulting in severe overconfidence. This
highlights the urgent need for effective confidence
calibration under noisy inputs. However, existing
confidence calibration methods, such as token-level
indicators (Kadavath et al., 2022), sampling-based
consistency measures (Tao et al., 2024; Lyu et al.,
2025), and self-evaluation approaches (Zong et al.,
2025), are primarily designed for clean inputs, leav-
ing the calibration challenge under noisy inputs
largely unexplored.

To fill this gap, we propose DisCal (Distribution-
aware Calibration), a confidence calibration frame-
work for character-level noisy inputs. DisCal ex-
tracts three uncertainty signals: (i) distributional
entropy and (ii) distributional stability, both derived
from the empirical answer distribution obtained via
multiple samplings, and (iii) intrinsic confidence
from the model’s predictive distribution. Distri-
butional entropy exhibits heightened sensitivity to
noise-induced uncertainty, while distributional sta-
bility captures the concentration of the answer dis-
tribution. These signals are linearly combined to
derive a gating factor that modulates intrinsic confi-
dence via multiplicative scaling. This mechanism
effectively discriminates between correct and in-
correct predictions, yielding calibrated scores
consistent with actual accuracy.

In summary, our contributions are as follows:

• We reveal a critical confidence-accuracy mis-
match under character-level noisy inputs:
while reasoning accuracy declines sharply,
model confidence fails to reflect the increased
error risk, resulting in severe overconfidence.

• We propose DisCal, a confidence calibra-
tion framework for mathematical reasoning
in LRMs under character-level noisy inputs.

• We conduct experiments on multiple LRMs
across mathematical reasoning benchmarks of
varying difficulty under character-level noise.
The results demonstrate that DisCal consis-
tently outperforms existing calibration meth-
ods.

2 Related Work

We review two closely related research areas: ro-
bustness analysis in mathematical reasoning and
confidence calibration for large language models
(LLMs).

2.1 Robustness Analysis of Mathematical
Reasoning

Large language models exhibit pronounced vul-
nerability to input noise in mathematical reason-
ing tasks. Previous work shows that even mild
semantic or arithmetic-preserving transformations
cause sharp drops in accuracy, revealing strong sen-
sitivity to surface-level changes (Li et al., 2024).
Models are also easily distracted by task-irrelevant
contextual information, indicating fragile semantic
grounding during reasoning (Shi et al., 2023). Nu-
merical noise, such as number rescaling or range
expansion, substantially increases logical and arith-
metic errors, exposing weak numerical invariance
(Shrestha et al., 2025). Linguistic variations, in-
cluding paraphrasing and expression-level changes,
further disrupt reasoning consistency despite se-
mantic equivalence (Kirtane et al., 2025). Broader
robustness benchmarks confirm significant degra-
dation under structural and contextual noise (Yu
et al., 2025a; Shang et al., 2026), while even on
clean inputs, systematic failures in multi-step rea-
soning persist (Zhang et al., 2026).

2.2 Confidence Calibration

Confidence calibration for LLMs is widely stud-
ied and can be broadly categorized into white-box
and black-box approaches, depending on whether
token-level probabilities or logits are required.
White-box methods (Gawlikowski et al., 2023)
rely on the model’s internal predictive distribu-
tion. Mean Token Entropy (MTE) (Fadeeva et al.,
2023) quantifies uncertainty by computing token-
level entropy along the generated sequence, where
lower entropy indicates higher certainty. These
methods provide interpretable signals but require
internal logits, limiting their use to open-weight
or locally deployed models. Black-box methods
(Lin et al., 2023) infer confidence solely from gen-
erated outputs or sampling behavior. Verbalized
confidence prompts the model to explicitly artic-
ulate its confidence, which is then parsed from
text. Self-critique (Zong et al., 2025) encourages
models to reassess their own predictions through
self-evaluation. Another major line of work lever-
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ages output diversity: Self-consistency (Wang et al.,
2022) estimates confidence via the agreement rate
across multiple stochastic sampling generations. In
contrast, semantic entropy (Kuhn et al., 2023) esti-
mates uncertainty based on the semantic dispersion
of sampled outputs. These black-box approaches
are compatible with closed-source APIs and align
with chain-of-thought reasoning.

While prior work examines robustness in terms
of accuracy degradation and calibration methods
for clean inputs (Zhang et al., 2019, 2023), confi-
dence reliability under noisy mathematical reason-
ing remains underexplored. We propose DisCal,
a calibration framework designed to address over-
confidence under noisy input conditions.

3 Methodology

As shown in Figure 2, we introduce DisCal, a
distribution-aware confidence calibration frame-
work designed for noisy inputs. DisCal extracts
uncertainty signals from both empirical answer dis-
tributions and the model’s predictive distributions
to improve calibration.

3.1 Simulated Noisy Input Scenario

We use a mathematical reasoning dataset D =
{(Qi, Ai)}Ni=1, where Qi denotes a clean input
question and Ai represents its reference answer. To
study confidence calibration under noisy inference-
time conditions, we apply random character-level
perturbations to clean questions that preserve the
underlying problem semantics. These perturba-
tions simulate common typographical errors and
other benign input noise encountered in real-world
deployment.

For each question Qi, a single perturba-
tion operator is randomly sampled from P =
{deletion, insertion, substitution, swap} and is
applied to a subset of words. The proportion
of modified words determines the perturbation
strength, while numeric values and mathematical
symbols are preserved to ensure semantic consis-
tency and answer invariance. For each input ques-
tion, a single perturbed instance Qp

i is generated
with the reference answer Ai unchanged, reflect-
ing one-shot noisy queries encountered in practical
inference settings.

The perturbation strength is fixed to 30% dur-
ing evaluation to provide a controlled noisy input
setting. The same perturbation strategy is used dur-
ing training to mitigate overfitting to specific noise

patterns. Additional implementation details and
examples are provided in Appendix A.

3.2 Distribution-Aware Uncertainty Signals

To capture uncertainty under noisy inputs, DisCal
extracts signals from two distributional sources: the
empirical answer distribution induced by stochas-
tic sampling, and the model’s internal predictive
distribution during token generation.

For each noisy input instance Qp
i , the model

is sampled K = 5 times to obtain a set of gen-
erated answers {api,j}Kj=1, where each api,j is ex-
tracted from the final boxed answer in the corre-
sponding model output. These answers induce an
empirical distribution that reflects the model’s out-
put uncertainty under noisy input. Among the K
sampled answers, the first one api,1 is treated as the
primary answer, representing the model’s one-shot
response under noisy input. All sampled answers
are used to estimate the empirical distribution.

Let Ap
i denote the set of unique reasoning an-

swers for question Qi. For any answer value
z ∈ Ap

i , its empirical probability is defined as

πi(z) =
1

K

K∑

j=1

I
(
api,j = z

)
. (1)

This empirical probability reflects the likelihood
of each possible answer based on the model’s sam-
pled outputs under noisy input conditions.

Uncertainty from Empirical Answer Distribu-
tion. From the empirical distribution πi, we ex-
tract two signals that characterize distributional
properties:

Distributional Entropy quantifies the disper-
sion of the empirical answer distribution:

Hi = −
∑

z∈Ap
i

πi(z) log πi(z). (2)

Higher entropy values indicate greater dispersion
in the empirical distribution, reflecting increased
uncertainty induced by noisy inputs. This signal
exhibits heightened sensitivity in high-uncertainty
regions, which typically require stronger calibra-
tion interventions.

Distributional Stability measures the concen-
tration of the empirical distribution:

Si = max
z∈Ap

i

πi(z). (3)
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Figure 2: An overview of the proposed DisCal framework for calibrating confidence under noisy input conditions.

Higher stability indicates that the empirical distri-
bution concentrates on a dominant answer, demon-
strating consistent output patterns under noisy in-
puts. Using both entropy and stability is necessary
because they quantify different distributional prop-
erties, enabling accurate characterization of the full
spectrum of uncertainty patterns. Detailed theo-
retical analysis and case study are provided in
Appendix B.

Uncertainty from Model’s Predictive Distribu-
tion. We extract intrinsic confidence from the
model’s predictive distribution P (· | Qp

i ; θ) at the
token level:

Ci = exp

(
1

Ti

Ti∑

t=1

logP (at | Qp
i , a<t; θ)

)
, (4)

where at = api,1[t] denotes the t-th token of the
final boxed answer, a<t = api,1[< t] represents all
preceding tokens, and Ti = |api,1| is the number of
tokens in the boxed answer.

3.3 Distribution-Aware Confidence Calibrator
We train a distribution-based calibrator parame-
terized by a globally shared set of three learn-
able weights (wH , wS , b) to calibrate confidence by

modulating the model’s intrinsic confidence with
distributional signals through multiplicative gating,
where wH and wS control the sensitivity to distri-
butional entropy and stability respectively, and b
provides a baseline gating bias.

Multiplicative Gating Mechanism. Given dis-
tributional entropy Hi and stability Si from the
empirical answer distribution, the calibrator com-
putes a gating factor via a linear transformation
followed by sigmoid activation:

gi = σ(wH ·Hi + wS · Si + b), (5)

where σ(·) denotes the sigmoid function and
(wH , wS , b) are learnable parameters. The cali-
brated confidence is obtained by scaling the in-
trinsic confidence Ci from the model’s predictive
distribution:

Ĉi = Ci · gi. (6)

This formulation enables adaptive confidence
calibration. The optimization process inherently
drives the learned weights to satisfy wH < 0 and
wS > 0, reflecting the intended behavior where
higher entropy suppresses confidence, while higher
stability preserves it. When the empirical distribu-
tion is concentrated (high Si, low Hi), the positive
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contribution from wS · Si dominates, causing the
gating factor to approach unity and thereby pre-
serving intrinsic confidence. Conversely, when the
distribution is dispersed (low Si, high Hi), the neg-
ative contribution from wH ·Hi dominates, attenu-
ating confidence to mitigate overconfidence.

Training Objective. The calibrator is trained on
the GSM8K (Cobbe et al., 2021) training split,
where perturbed inputs are generated using the
strategy described in Section 3.1, and uncertainty
signals are extracted via inference with DeepSeek-
R1-Distill-Qwen-7B (Guo et al., 2025). Training
is guided by a composite objective that imposes
reliability constraints on calibrated confidence at
multiple granularities, where yi = I(api,1 = Ai)
indicates the correctness of the primary answer:

L =
1

N

N∑

i=1

(Ĉi − yi)
2

+ λ1
1

|R|
∑

(i,j)∈R
σ(Ĉi − Ĉj)

+ λ2

M∑

m=1

wm

(
¯̂
Cm − ȳm

)2
,

(7)

where N denotes the number of training instances
andR = {(i, j) | yi = 0, yj = 1} denotes the set
of all (incorrect, correct) prediction pairs; the loss
encourages incorrect predictions to receive lower
calibrated confidence than correct ones. The third
term enforces bin-level reliability by partitioning
predictions into M confidence bins, where ¯̂

Cm and
ȳm denote the average calibrated confidence and
empirical accuracy within bin m, respectively, and
wm is the proportion of samples assigned to that
bin. The three terms respectively enforce instance-
level confidence alignment, pairwise ordering con-
sistency between correct and incorrect predictions,
and bin-level reliability constraints. The calibra-
tor learns only three parameters (wH , wS , b), en-
abling efficient optimization and robust general-
ization. Implementation details are provided in
Appendix C.

4 Experiments

4.1 Experiment Settings

Datasets. We evaluate the proposed calibra-
tion method on three mathematical reasoning
benchmark datasets with increasing difficulty:
Easy, Medium, and Hard. SVAMP (Patel et al.,

2021) (Easy) consists of elementary arithmetic
problems and is used to examine calibration
behavior under mild noisy input conditions.
GSM8K (Cobbe et al., 2021) (Medium) contains
multi-step arithmetic reasoning problems; we
use its training split to train the DisCal calibrator
and evaluate calibration performance on the test
set. AIME (AI Mathematical Olympiad, 2025)
(Hard) comprises competition-level problems with
complex structures and long reasoning chains,
serving to assess calibration robustness under
highly challenging reasoning scenarios.

Baselines. We compare DisCal against a diverse
set of baseline approaches for estimating model
confidence, spanning token-level, entropy-based,
semantic, and reasoning-based signals. Token
Log-Probability (Token) computes confidence
as the average log-probability of generated
tokens. Mean Token Entropy (MTE) (Fadeeva
et al., 2023) quantifies predictive uncertainty by
averaging token-level entropy across the output
sequence. Semantic Entropy (SE) (Kuhn et al.,
2023) captures semantic variability by measuring
meaning dispersion across multiple sampled
answers. Self-consistency (SC) (Lyu et al., 2025)
derives confidence from the majority-vote ratio
among sampled reasoning trajectories. Self-
critique (Zong et al., 2025) elicits a self-assessed
confidence score through natural-language critique
of the model’s own answer. DisCal-base applies
the gating function with heuristically initialized
parameters (wH = −1, wS = 1, b = 0) without
training, serving as an untrained variant for
ablation. Implementation details are provided in
Appendix D.

Models. We evaluate DisCal on six LLMs, in-
cluding DeepSeek-R1-Distill-Qwen-7B/14B/32B
(abbreviated as DeepSeek-7B/14B/32B) (Guo
et al., 2025), Skywork-OR1-7B-Preview (Skywork-
7B) (He et al., 2025), GLM-Z1-9B-0414
(GLM-Z1-9B) (Zeng et al., 2024), and Qwen2.5-
32B-Instruct (Yang et al., 2025a).

Metrics. The following evaluation metrics are used
for the calibration evaluation:

Area Under the Receiver Operating Charac-
teristic Curve (AUROC) measures how well the
calibrated confidence aligns with prediction cor-
rectness. In mathematical reasoning tasks, a higher
AUROC indicates that the model, after calibration,
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Figure 3: Reliability diagrams of four LRMs on the
AIME dataset. Each plot compares predicted confidence
against empirical accuracy across bins, demonstrating
well-calibrated confidence estimates.

assigns higher confidence to correct answers and
lower confidence to incorrect ones, reflecting the
performance of the calibration method in improv-
ing the consistency between confidence and predic-
tion accuracy. Expected Calibration Error (ECE)
measures the difference between predicted confi-
dence and empirical accuracy. The predictions are
divided into 10 confidence bins, and ECE is com-
puted as the weighted average of the absolute dif-
ferences between the average confidence and the
average accuracy in each bin. Lower ECE indicates
better calibration.

4.2 Experimental Analysis and Findings

To evaluate the effectiveness of DisCal, we answer
the following questions.

Q1: How effective is DisCal at calibrating
confidence under noisy inputs?

As shown in Table 1, DisCal effectively cali-
brates confidence under noisy input across four
LRMs and three datasets, demonstrating robust gen-
eralization across different model architectures and
levels of reasoning difficulty. The results indicate
that, under noisy inputs, sampling-based baselines
(e.g., SC, SE) generally outperform token-level
calibration strategies (Token, MTE). However, Dis-
Cal consistently attains the lowest ECE and the
highest AUROC in most settings. For example,
on the challenging AIME dataset, DisCal reduces
the ECE of DeepSeek-7B by 39.21% compared to

token-based confidence, and improves AUROC by
20.53%. This leads to a substantially tighter align-
ment between confidence scores and actual answer
accuracy, significantly enhancing calibration reli-
ability and discriminative capability under noisy
input conditions.

As shown in the reliability diagrams (Figure 3),
DisCal exhibits a well-calibrated structure on
AIME, the most challenging dataset, under noisy
input conditions simulated via character-level per-
turbations. Across all four LRMs, the confi-
dence–accuracy curves closely follow the ideal di-
agonal, indicating that DisCal enables confidence
scores to faithfully reflect prediction reliability. For
instance, in DeepSeek-7B, the accuracy in the low-
est confidence bin (0.0–0.2) ranges from 0.10 to
0.12; in the medium-confidence bins (0.4–0.6), ac-
curacy increases to 0.35–0.69; and in the highest-
confidence bin (0.8–1.0), accuracy stabilizes at
0.91–0.94. These patterns demonstrate a clear
monotonic alignment between confidence and cor-
rectness. Overall, DisCal produces stable and
noise-resilient confidence estimates across di-
verse model architectures and challenging rea-
soning conditions, confirming the reliability of
its calibration performance under noisy inputs.
Moreover, we extend our evaluation to large-scale
models (Appendix E) and analyze calibration be-
havior across different noise levels and task diffi-
culties (Appendix F), further validating the effec-
tiveness and generalization of DisCal.

Q2: How do different uncertainty signals in-
fluence the calibration performance of DisCal?

We conduct an ablation study to assess the in-
dividual contribution of each uncertainty feature
to DisCal’s calibration performance. As shown in
Table 2, the three signals contribute hierarchically.
Distributional Entropy (H) is the most critical
component. Removing it substantially increases
ECE by 0.14–0.24 across datasets, indicating that
entropy is essential for mitigating the strong over-
confidence induced by noisy inputs. Distributional
Stability (S) primarily refines fine-grained cali-
bration. Its removal consistently degrades ECE
by 0.09–0.13, while leaving AUROC largely un-
affected, suggesting that stability improves confi-
dence alignment without significantly impacting
discriminative ranking. Intrinsic Confidence (C)
provides additional gains, but DisCal remains ef-
fective without it. Notably, the H + S configura-
tion achieves reasonable calibration, highlighting
DisCal’s applicability in black-box settings where
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Dataset Method Skywork-7B GLM-Z1-9B DeepSeek-7B DeepSeek-14B

ECE ↓ AUROC ↑ ECE ↓ AUROC ↑ ECE ↓ AUROC ↑ ECE ↓ AUROC ↑

SVAMP (Easy)

Token 0.2465 0.6624 0.1628 0.4695 0.2667 0.6440 0.1991 0.6466
SE 0.2390 0.5636 0.2289 0.5485 0.2264 0.5740 0.2221 0.5579
MTE 0.1017 0.6382 0.0981 0.6073 0.1130 0.6539 0.1174 0.6533
SC 0.0975 0.7621 0.1077 0.6995 0.0880 0.7583 0.1033 0.7643
Self-Critique 0.1691 0.6522 0.0973 0.7003 0.2365 0.6091 0.2010 0.6421
DisCal-base 0.1284 0.8104 0.1797 0.6420 0.1323 0.8302 0.1563 0.8046
DisCal 0.0515 0.8125 0.0737 0.6803 0.0524 0.8247 0.0644 0.8177

GSM8K (Medium)

Token 0.3372 0.6044 0.2298 0.5187 0.3578 0.5769 0.2746 0.5876
SE 0.3525 0.5722 0.3301 0.5457 0.3680 0.5706 0.3028 0.5626
MTE 0.2441 0.6650 0.0648 0.6767 0.2488 0.6926 0.1971 0.6265
SC 0.1494 0.7946 0.1328 0.7170 0.1412 0.8122 0.1538 0.7825
Self-Critique 0.2872 0.6519 0.1594 0.7156 0.3163 0.6125 0.2790 0.6708
DisCal-base 0.1206 0.8227 0.1059 0.7051 0.1245 0.8433 0.1276 0.8255
DisCal 0.0592 0.8240 0.0713 0.7119 0.0492 0.8486 0.1081 0.8310

AIME (Hard)

Token 0.4450 0.6901 0.4393 0.5844 0.4718 0.6851 0.4559 0.6177
SE 0.4704 0.6197 0.4214 0.6301 0.4843 0.6151 0.4929 0.6243
MTE 0.2196 0.7262 0.2480 0.6491 0.2528 0.6924 0.3491 0.6787
SC 0.3424 0.6822 0.3142 0.7049 0.2819 0.7439 0.2367 0.8058
Self-Critique 0.1616 0.5999 0.2357 0.8175 0.2526 0.6785 0.4697 0.6185
DisCal-base 0.1130 0.8994 0.1169 0.8866 0.1083 0.8883 0.1170 0.8796
DisCal 0.0613 0.9059 0.0679 0.8988 0.0797 0.8904 0.0800 0.8944

Table 1: A comparison of confidence calibration performance under 30% perturbation intensity, evaluated using
ECE and AUROC. The table presents the mean values, with the best results highlighted in bold. For a complete
presentation of the results, including standard deviations, refer to Appendix I.

Dataset Method ECE ↓ AUROC ↑

GSM8K

DisCal 0.0592 0.8240
w/o H 0.1947 0.7582
w/o S 0.1861 0.8244
w/o C 0.1169 0.8155

AIME

DisCal 0.0613 0.9059
w/o H 0.3029 0.8260
w/o S 0.1539 0.9071
w/o C 0.1094 0.8979

Table 2: Ablation study of DisCal components on
Skywork-7B. H: Distributional Entropy, S: Distribu-
tional Stability, C: Intrinsic Confidence.

token-level probabilities may be inaccessible.
The full DisCal configuration, incorporating all

three signals, achieves optimal performance, with
ECE values of 0.0592 and 0.0613, and AUROC
scores of 0.8240 and 0.9059 on GSM8K and AIME,
respectively. These results demonstrate that each
uncertainty metric contributes meaningfully, and
their integration yields the most reliable confidence
calibration under noisy input conditions.

Q3: Is the distributional entropy sensitive to

noise intensity?
As shown in Figure 4, the entropy distribution

shifts significantly as noise strength increases from
10% to 30%. On GSM8K, mean entropy rises from
0.2438 to 0.4183; on AIME, from 0.7469 to 0.8336.
A key observation is that entropy exhibits region-
dependent sensitivity to noise variations:

(1) In the low-entropy region (H ≈ 0), distribu-
tions under different noise levels largely overlap.
These samples have concentrated answer distribu-
tions and require minimal calibration.

(2) In the high-entropy region (H > 0.5 for
GSM8K; H > 1.0 for AIME), clear separation
emerges, with higher noise producing elevated den-
sity. These are precisely the cases where predic-
tions are more likely to be incorrect, and confidence
suppression is most needed.

In summary, entropy is highly sensitive to
noise, especially in uncertain regions where cali-
bration is most critical.

Q4: Does DisCal capture prediction cor-
rectness through its uncertainty signals? Fig-
ure 5 shows the distribution of the uncertainty-
conditioned gate g values for correct and incorrect
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Figure 4: Entropy distribution under 10%, 20%, and
30% noise on GSM8K (top) and AIME (bottom).
Higher noise shifts entropy rightward, especially in the
high-entropy region.

predictions on the AIME benchmark, evaluated on
DeepSeek-7B. The width of the plot indicates the
density of predictions at each g value: wider sec-
tions represent higher frequency, while narrower
sections indicate lower frequency. Correct predic-
tions exhibit higher g values (mean = 0.643), in-
dicating greater confidence and stability, while in-
correct predictions exhibit lower g values (mean =
0.143), reflecting reduced confidence and instabil-
ity. The minimal overlap between the two distribu-
tions demonstrates that g effectively distinguishes
correct from incorrect predictions. Since calibrated
confidence is computed as Ĉi = Ci · gi, higher g
values preserve confidence for correct predictions,
while lower g values attenuate confidence for incor-
rect ones, thereby aligning confidence with actual
accuracy. DisCal effectively discriminates pre-
diction correctness via its uncertainty signals,
enabling well-calibrated confidence estimates.

Q5: How does the sampling count K influence
confidence calibration performance?

As shown in Figure 6, the impact of the sampling
count K on calibration performance is illustrated.
The most significant gains occur when increasing

Figure 5: Distribution of the uncertainty-conditioned
gate g learned by DisCal for correct and incorrect pre-
dictions on AIME, evaluated on DeepSeek-7B.

Figure 6: Effect of sampling count K under noisy input
conditions on calibration and confidence discrimination.

K from 1 to 5: ECE drops sharply, and AUROC
rises consistently on both GSM8K and SVAMP on
the validation set, indicating that only a small num-
ber of samples is sufficient for exposing uncertainty
in the model’s reasoning. Beyond K = 5, improve-
ments plateau and occasionally decline, suggesting
diminishing returns and the introduction of noise
from lower-quality samples. Based on this ob-
servation, we set K = 5 as the default configu-
ration, as it achieves near-optimal calibration
performance while maintaining low computa-
tional overhead.

Q6: Does DisCal generalize to real-world noisy
inputs? To provide an illustrative case study of
DisCal beyond simulated noise, Table 3 presents
a representative case drawn from real-world user-
generated mathematical queries containing authen-
tic typographical errors.

As shown in Table 3, despite containing multi-
ple typographical errors (“numbre”, “htan”, “eh”,

“nubmers”), the noisy input preserves the underlying
mathematical semantics, yet triggers visible reason-
ing instability: two out of five independent sam-
pling runs produce an incorrect answer of 100%,
while the remaining three correctly compute 25%.
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Field Content

Clean Question Jerry is rolling a six-sided die. How
much more likely is it (expressed as
a percentage) that he rolls a number
greater than 3 than that he rolls two
even numbers in a row?

Noisy Input Jerry is rolling a six-sided die. How
much more likely is it (expressed as
a percentage) that he rolls a numbre
greater than 3 htan that eh rolls two
even nubmers in a row?

Gold Answer 25%
Primary Prediction 25% ✓
Sampled Answers [25%, 25%, 100%, 100%, 25%]

Table 3: A real-world noisy input case study. Typo-
graphical errors are highlighted in red.

Although the primary prediction happens to be
correct, the model assigns near-perfect intrinsic
confidence of 0.9995, failing to reflect the latent
uncertainty induced by the noisy input. DisCal de-
tects this instability through elevated distributional
entropy (0.6730) and reduced stability (0.60), sup-
pressing the calibrated confidence from 0.9995 to
0.3852. This substantial reduction accurately re-
flects the true uncertainty: a model that produces
the correct answer in only 60% of independent sam-
ples should not be assigned near-certain confidence.
This case highlights a failure mode that token-level
confidence measures fundamentally cannot capture:
a model may appear highly confident while its rea-
soning is in fact fragile.

5 Conclusion

We identify a critical overconfidence problem in
LRMs under character-level noise: models main-
tain high confidence despite sharp accuracy drops.
This confidence-accuracy mismatch reveals an ur-
gent need for calibration methods designed for
noisy inputs. To address this challenge, we pro-
pose DisCal, a distribution-aware calibration frame-
work that integrates uncertainty signals from both
empirical answer distributions and model predic-
tive distributions. DisCal learns only three pa-
rameters to calibrate confidence, enabling efficient
training and robust generalization. Extensive ex-
periments across multiple mathematical reasoning
benchmarks demonstrate that DisCal substantially
improves calibration quality, consistently outper-
forming existing methods under noisy input condi-
tions.

Limitations

This work focuses on confidence calibration under
character-level input noise (e.g., typographical er-
rors), which is prevalent in real-world user inputs
and can expose reasoning instability while preserv-
ing the core problem semantics. Although we in-
clude a representative real-world case in Section
4.2, our main experiments are conducted on simu-
lated noise rather than large-scale authentic user-
generated data, which we leave for future work.
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A Perturbation Design

To simulate realistic inference-time noise in a con-
trolled manner, we implement a character-level
perturbation module, where perturbations serve
as a concrete mechanism for instantiating non-
adversarial input noise, covering four operations:
deletion, insertion, substitution, and swap. The
module randomly selects a proportion of words
and applies a single-character modification to each
selected word, while a number-protection mecha-
nism is incorporated to preserve the mathematical
semantics of the original problem.

Specifically, deletion removes a random charac-
ter from a word, insertion adds a noise character
(e.g., letters or symbols) at a random position, sub-
stitution replaces a character with a visually similar
or noisy alternative, and swap exchanges two adja-
cent characters to mimic realistic input noise such
as keyboard slips and typographical errors.

To control perturbation strength and enable sys-
tematic analysis of confidence behavior under noisy
inputs, each selected word undergoes only one
character-level operation, and the perturbation ratio
is set to 10%, 20%, or 30%, meaning that the corre-
sponding proportion of words is randomly chosen
for perturbation. Examples are shown in Table 4.
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Type Description Example

Original — James decides to run 3 sprints 3 times a week. He runs 60 meters
each sprint. How many total meters does he run a week?

Deletion characters removed while preserv-
ing meaning

Jams dcides to run 3 sprnts 3 times a week. He runs 60 meters
eac sprint. How many total meter does he run a week?

Insertion random inserted characters, simu-
lating keyboard

James debcides to krun 3 sprints 3 times a week. He runs 60
meters eacdh +sprint. How$ many tohtal meters does he run a
week?

Substitution characters replaced with visually
similar or incorrect ones

Ja3es decides to run 3 sprints 3 times a week. ?e runs 60 mnters
each s9rint. Qow many total meters does he run ) week?

Swap adjacent characters swapped Jamse decides to run 3 sprints 3 timse a week. eH rusn 60 meters
eahc sprint. Hwo many total meters does he run a week?

Table 4: Representative examples of the four character-level perturbation types. Modified words are highlighted in
bold color.

B Uncertainty Signal Analysis

This section provides a detailed analysis of the
three uncertainty signals used in DisCal: Distri-
butional Entropy (H), Distributional Stability (S),
and Intrinsic Confidence (C). We clarify their dis-
tinct distributional sources and functional roles in
confidence calibration under noisy inputs.

B.1 Distributional Sources of Uncertainty
Signals

DisCal extracts uncertainty from two distributional
sources:

Entropy H: Distributional Dispersion. En-
tropy quantifies the dispersion of the empirical an-
swer distribution induced by K stochastic samples
(Eq. 2). Higher entropy indicates greater dispersion
in the empirical distribution, reflecting increased
uncertainty induced by noisy inputs. This signal
exhibits heightened sensitivity in high-uncertainty
regions, which typically require stronger calibra-
tion interventions.

Stability S: Distributional Concentration. Sta-
bility measures the concentration of the empirical
answer distribution (Eq. 3). Higher stability indi-
cates that the empirical distribution concentrates
on a dominant answer, demonstrating consistent
output patterns under noisy inputs.

Intrinsic Confidence C: Internal Distributional
Certainty. Unlike H and S, which characterize
the empirical answer distribution at the answer
level, intrinsic confidence is extracted from the
model’s predictive distribution at the token level
(Eq. 4), where at denotes the t-th token of the
boxed answer api,1, a<t represents all preceding

tokens, and Ti = |api,1| is the number of tokens
in the boxed answer. Ci represents the geometric
mean of token-level likelihoods from the predictive
distribution P (· | Qp

i ; θ), capturing the model’s in-
ternal distributional certainty. This signal provides
information about the model’s internal belief that is
not reflected in the empirical answer distribution.

B.2 Case Study: Empirical Distribution under
Reasoning Instability

To illustrate how the empirical answer distribution
reflects reasoning instability, we examine a rep-
resentative case in Table 6. The example shows
how divergent reasoning trajectories manifest as a
dispersed empirical distribution.

From Reasoning Instability to Distributional
Dispersion. When reasoning processes are stable,
independent stochastic samples tend to produce a
concentrated empirical distribution with a domi-
nant answer. Conversely, unstable reasoning leads
to a dispersed empirical distribution with multi-
ple competing answers. This motivates the use of
distributional properties (entropy and stability) as
model-agnostic proxies for reasoning reliability.

Calibration in Action. In Table 6, the model
assigns high intrinsic confidence from its predic-
tive distribution (C = 0.95), while the empiri-
cal answer distribution is highly dispersed, pro-
ducing four different answers ($65,000, $-10,000,
$70,000, $195,000). This dispersion is captured
by high entropy (H = 1.33) and low stability
(S = 0.40) of the empirical distribution. Con-
ditioned on these distributional signals, DisCal sup-
presses confidence to 0.06, effectively correcting
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Signal Distributional Source Level Quantifies

H Empirical answer distribution Answer-level Distributional dispersion
S Empirical answer distribution Answer-level Distributional concentration
C Model’s predictive distribution Token-level Internal distributional certainty

Table 5: Distributional sources and functional roles of the three uncertainty signals in DisCal.

the mismatch between predictive and empirical dis-
tributions.

B.3 Information-Theoretic Analysis:
Non-Redundancy of Distributional
Signals

Definition 1 (Statistical Redundancy). Two statis-
tics T1(π) and T2(π) are redundant if and only
if there exists a bijective function f such that
T1 = f(T2), i.e., knowing one uniquely deter-
mines the other. Conversely, T1 and T2 are non-
redundant if neither uniquely determines the other.

Complete Enumeration under K = 5. When
K = 5, the empirical answer distribution π is con-
strained to exactly 7 distinct patterns, correspond-
ing to the integer partitions of 5. Table 7 provides
the complete enumeration:
Theorem 1 (Non-Redundancy of H and S). When
K = 5, entropy H and stability S are non-
redundant distributional statistics: S does not
uniquely determine H .

We identify counterexamples from Table 7:
Case 1 (S = 0.6):

π3 = (0.6, 0.4)

⇒ S = 0.6, H = 0.67 (8)

π4 = (0.6, 0.2, 0.2)

⇒ S = 0.6, H = 0.95 (9)

Case 2 (S = 0.4):

π5 = (0.4, 0.4, 0.2)

⇒ S = 0.4, H = 1.05 (10)

π6 = (0.4, 0.2, 0.2, 0.2)

⇒ S = 0.4, H = 1.33 (11)

In both cases, S(πi) = S(πj) but H(πi) ̸=
H(πj). Therefore, the mapping S 7→ H is not
injective, and H carries information about the em-
pirical distribution π that S alone cannot capture.
Theorem 2 (Positive Conditional Mutual Informa-
tion). Let Π be a random variable over the 7 parti-
tions. For any non-degenerate prior P (Π):

I(Π;H | S) > 0 (12)

Consider the conditional distribution P (Π | S):
• S = 0.6: Π ∈ {π3, π4}
⇒ H(Π | S = 0.6) > 0

• S = 0.4: Π ∈ {π5, π6}
⇒ H(Π | S = 0.4) > 0

• S ∈ {1.0, 0.8, 0.2}: Π uniquely determined

⇒ H(Π | S) = 0

For any prior with
P (π3), P (π4), P (π5), P (π6) > 0:

H(Π | S) =
∑

s

P (S = s) ·H(Π | S = s) > 0

(13)
Given both S and H , the partition Π is uniquely

determined, so H(Π | S,H) = 0. Therefore:

I(Π;H | S) = H(Π | S)−H(Π | S,H)

= H(Π | S) > 0
(14)

Implications for Prediction Correctness. Let
Y ∈ {0, 1} denote prediction correctness. By the
chain rule:

I(Y ;S,H) = I(Y ;S) + I(Y ;H | S) (15)

Since H provides information about the empir-
ical distribution Π beyond S (Theorem 2), and Y
depends on Π, we have I(Y ;H | S) > 0 unless
Y is fully determined by S alone. The ablation
study (Table 2 in the main text) empirically vali-
dates this: removing H degrades both ECE and
AUROC, while removing S primarily degrades
ECE, confirming that both distributional signals
carry non-redundant information about prediction
correctness.

B.4 Why Both Distributional Signals Are
Necessary

While Theorems 1 and 2 establish that H and S
are information-theoretically non-redundant, this
section demonstrates through concrete examples
why using either signal alone leads to systematic
miscalibration, making both necessary for effective
uncertainty quantification.
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Perturbed (Noisy) Ques-
tion Sampled Reasoning Paths

Jsh decides to try flipping
a house. He buys a house
for $80,000 and spends
$50,000 on repairs. This
increases the value of the

house by 150%. How
much profit did he make?

Sample 1 (Prediction: $65,000)
Total investment is $80,000 + $50,000 = $130,000. The house value increases by 150% of
the total investment: 1.5× 130,000 = 195,000. Profit is 195,000− 130,000 = 65,000.
Sample 2 (Prediction: $-10,000)
The value increases by 150% of the original purchase price: 1.5 × 80,000 = 120,000.
Comparing with the total cost 130,000, this results in a loss of $10,000.
Sample 3 (Prediction: $70,000)
The repair increases the value by 150% of the original price: 1.5× 80,000 = 120,000.
The new value is 80,000 + 120,000 = 200,000. Subtracting total cost gives a profit of
$70,000.
Sample 4 (Prediction: $70,000)
The house value becomes 250% of the original price after a 150% increase, resulting in
$200,000. Subtracting the total investment of $130,000 yields a profit of $70,000.
Sample 5 (Prediction: $195,000)
The value increase is computed as 150% of the total investment: 1.5×130,000 = 195,000.
Adding this to the investment gives $325,000, leading to a reported profit of $195,000.

Table 6: Multiple sampled reasoning trajectories for the same noisy input. Divergent reasoning leads to a dispersed
empirical answer distribution with high entropy (H = 1.33) and low stability (S = 0.40). DisCal detects the
mismatch between the high predictive distribution confidence (C = 0.95) and low empirical distribution stability,
suppressing confidence to Ĉ = 0.06.

ID Partition Distribution π S H (nats)

1 [5] (1.0) 1.0 0
2 [4, 1] (0.8, 0.2) 0.8 0.50
3 [3, 2] (0.6, 0.4) 0.6 0.67
4 [3, 1, 1] (0.6, 0.2, 0.2) 0.6 0.95
5 [2, 2, 1] (0.4, 0.4, 0.2) 0.4 1.05
6 [2, 1, 1, 1] (0.4, 0.2, 0.2, 0.2) 0.4 1.33
7 [1, 1, 1, 1, 1] (0.2, 0.2, 0.2, 0.2, 0.2) 0.2 1.61

Table 7: Complete enumeration of all possible empirical answer distributions under K = 5.

Limitation of Using Stability Alone. Consider
two distributions with identical stability but vastly
different uncertainty characteristics:

Distribution A: π3 = (0.6, 0.4)

• Interpretation: 3 out of 5 samples predict answer
A, 2 predict answer B

• Metrics: S = 0.6, H = 0.67

• Uncertainty pattern: Two competing alternatives
in clear competition

Distribution B: π4 = (0.6, 0.2, 0.2)

• Interpretation: 3 out of 5 samples predict answer
A, 1 predicts B, 1 predicts C

• Metrics: S = 0.6, H = 0.95

• Uncertainty pattern: Multiple competing alterna-
tives with higher dispersion

Both distributions exhibit identical convergence
strength (S = 0.6), yet their entropy differs by
42%. A calibrator relying solely on stability would
treat these identically, failing to recognize that Dis-
tribution B, which contains three distinct answers,
indicates more severe reasoning instability requir-
ing stronger confidence suppression. The entropy
difference (H = 0.95 vs 0.67) captures this criti-
cal distinction: while both have 60% convergence
to a dominant answer, Distribution B’s remaining
probability mass is more dispersed across multiple
alternatives.

Similarly, for S = 0.4:
Distribution C: π5 = (0.4, 0.4, 0.2) with H =

1.05

Distribution D: π6 = (0.4, 0.2, 0.2, 0.2) with
H = 1.33

Both show weak convergence (S = 0.4), but Dis-
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tribution C represents a clear bimodal competition
(two equally strong alternatives), while Distribu-
tion D indicates more chaotic reasoning with four
distinct answers. Using stability alone cannot dis-
tinguish these fundamentally different uncertainty
patterns.

Limitation of Using Entropy Alone. Con-
versely, relying solely on entropy fails to capture
the strength of convergence. Consider:

Distribution E: π2 = (0.8, 0.2)

• Metrics: S = 0.8, H = 0.50

• Interpretation: Strong convergence (80%) with a
single outlier

Distribution F: π3 = (0.6, 0.4)

• Metrics: S = 0.6, H = 0.67

• Interpretation: Moderate convergence (60%)
with substantial competition

While both have relatively low entropy, Distri-
bution E demonstrates much stronger convergence
(S = 0.8 vs 0.6). A calibrator using only entropy
might apply similar suppression to both, incorrectly
penalizing Distribution E despite its 80% agree-
ment on a dominant answer. The stability differ-
ence reveals that Distribution E’s prediction is more
reliable, warranting less aggressive confidence ad-
justment.

Joint Necessity. These examples demonstrate
that entropy and stability quantify fundamentally
different aspects of distributional uncertainty:

• Entropy measures global dispersion across all
answers, capturing whether the probability mass
is concentrated or spread among multiple alter-
natives.

• Stability measures the mass of the dominant an-
swer, capturing convergence strength regardless
of how the remaining probability is distributed.

A prediction can exhibit strong convergence to a
dominant answer yet still have high distributional
uncertainty from competing alternatives (e.g., π4
with S = 0.6,H = 0.95), or conversely, show
weak convergence despite relatively low overall
dispersion. Only by integrating both signals can
DisCal accurately characterize the full spectrum
of uncertainty patterns arising from noisy inputs,
enabling precise calibration decisions that reflect
both convergence strength and distributional shape.

B.5 Role of Intrinsic Confidence

Signals H and S are derived from the empirical
answer distribution across K samples, capturing
behavioral uncertainty at the answer level. In con-
trast, C is extracted from the model’s predictive
distribution P (· | Q; θ) at the token level, captur-
ing internal distributional certainty.

This distributional distinction is critical for de-
tecting scenarios where the empirical distribution is
concentrated but the predictive distribution assigns
low probability. In such cases:

• Si = 1.0 (concentrated empirical distribution)

• Hi = 0 (no distributional dispersion)

Both empirical distributional signals suggest that
high confidence should be preserved. However, if
the predictive distribution assigns a low likelihood
to the generated tokens, which indicates low inter-
nal distributional certainty despite consistent out-
puts, then Ci will be low. This enables DisCal to
integrate evidence from both distributional sources:
the empirical answer distribution and the model’s
predictive distribution.

C Training Details

C.1 Training Setup

The DisCal calibrator is trained on the GSM8K
training split. For each instance, we generate a
single perturbed input Qp

i following the pertur-
bation strategy described in Section 3.1. The
DeepSeek-R1-Distill-Qwen-7B model is sam-
pled K = 5 times on the same perturbed input
under a fixed stochastic decoding strategy.

From the resulting prediction distribution, we
compute three key metrics:

• Distributional entropy Hi – measuring noise-
induced distributional uncertainty.

• Distributional stability Si – measuring con-
sistency across samples.

• Intrinsic confidence Ci – defined as the
length-normalized likelihood of the boxed fi-
nal answer.

Ground-truth correctness labels yi ∈ {0, 1} are
obtained from the official GSM8K solutions.

C.2 Calibration Function

DisCal employs a multiplicative gating mechanism
to modulate the intrinsic confidence based on un-
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certainty signals:

Ĉi = Ci · σ(wH ·Hi + wS · Si + b) , (16)

where wH , wS ∈ R and b ∈ R are trainable scalar
parameters, and σ(·) denotes the sigmoid function.
The gate function

gi = σ(wH ·Hi + wS · Si + b) (17)

serves as a learned weighting factor that adjusts
confidence based on the model’s uncertainty char-
acteristics. Critically, the base model parameters
remain frozen during training, ensuring we only
learn the calibration mapping.

C.3 Learned Parameters and Interpretation

Parameter Semantics. The negative sign of wH

confirms that increased distributional entropy (indi-
cating reasoning instability) should suppress con-
fidence. The positive sign of wS indicates that
higher answer consistency should preserve con-
fidence. The ratio |wH |/|wS | ≈ 2.57 quantifies
the relative importance of entropy versus stabil-
ity, suggesting entropy is approximately 2.6× more
influential in calibration decisions.

Cross-Setting Generalization. We train the cali-
brator only once on GSM8K with 30% perturbation,
yet the same parameters achieve strong calibration
across:

• Different datasets: SVAMP, GSM8K, AIME

• Different noise levels: 10%, 20%, 30%

• Different noise types: deletion, insertion, sub-
stitution, swap

This generalization suggests that the learned
parameters capture universal uncertainty patterns
rather than dataset-specific artifacts. We attribute
this to: (1) the normalized nature of H , S, and
C; (2) the multiplicative gating mechanism that
operates on relative scales; and (3) the minimal
parameter count (only 3) that prevents overfitting.

Parameter Stability. Across 5 random seeds, the
learned parameters exhibit low variance: wH =
−3.11±0.08, wS = 1.21±0.05, b = 0.90±0.03,
confirming training stability.

C.4 Training Objective
The training objective enforces three reliability con-
straints at different granularities:

L = Linst(Ĉ, y)+λ1 Lrank(Ĉ, y)+λ2 Lbin(Ĉ, y),
(18)

where each component targets a different aspect of
calibration quality.

Instance-Level Loss. Linst is implemented as
mean squared error:

Linst(Ĉ, y) =
1

N

N∑

i=1

(Ĉi − yi)
2, (19)

providing direct instance-level supervision. Due to
the multiplicative structure in Eq. 16, the gradient
flows through the gate:

∂Linst

∂wH
=

2

N

N∑

i=1

(Ĉi−yi)·Ci ·gi(1−gi)·Hi, (20)

where the term gi(1−gi) discourages extreme gate
values (near 0 or 1), ensuring the gate acts as a
smooth modulator rather than a hard threshold.

Ranking Loss. Lrank enforces correct ordering
between incorrect (yi = 0) and correct (yj = 1)
predictions:

Lrank(Ĉ, y) =
1

|R|
∑

(i,j)∈R
σ(Ĉi − Ĉj), (21)

where R = {(i, j) : yi = 0, yj = 1} is the set of
all incorrect-correct pairs. This provides smooth
gradients that penalize confidence inversions, im-
proving discrimination between correct and incor-
rect predictions.

Binning Loss. Lbin minimizes the discrepancy
between average confidence and empirical accu-
racy within M confidence bins:

Lbin(Ĉ, y) =
M∑

m=1

wm

[(
1

nm

∑

i∈Bm

Ĉi

)

− 1

nm

∑

i∈Bm

yi

]2 (22)

where Bm denotes the m-th bin, nm = |Bm|
is the number of samples in that bin, and wm =
nm/N weights each bin by its population. We use
M = 10 equally-spaced bins. This term provides
the dominant gradient signal for bin-level calibra-
tion quality (ECE).
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Figure 7: Distribution of calibrated confidence on
GSM8K under character-level noise perturbations. The
bimodal distribution shows strong concentration at high
and low confidence extremes, with a continuous spec-
trum across intermediate ranges. This pattern demon-
strates well-calibrated continuous confidence that ac-
curately reflects prediction reliability, as evidenced by
strong calibration metrics.

C.5 Calibrated Confidence Distribution
Figure 7 shows the distribution of calibrated confi-
dence on the GSM8K dataset under character-level
noise perturbations. The distribution exhibits a dis-
tinctive bimodal pattern:

• High-confidence region: A substantial por-
tion of samples concentrates in the high-
est confidence interval, with correspondingly
high empirical accuracy, indicating reliable
high-confidence predictions.

• Low-confidence region: A notable fraction
of samples fall in the lowest confidence range,
with proportionally low accuracy, demonstrat-
ing the model’s ability to identify uncertain
predictions.

• Intermediate region: The remaining sam-
ples are distributed across middle confidence
ranges, forming a continuous confidence spec-
trum.

This concentration at confidence extremes re-
flects actual prediction reliability, as validated by
strong alignment between confidence and accuracy,
along with excellent overall calibration metrics.

C.6 Optimization Details
We set hyperparameters λ1 = 2 and λ2 = 5 based
on validation performance. Grid search over λ2 ∈
{1, 5, 10} revealed that moderate values provide
the best balance between calibration accuracy and
discrimination capability.

Optimization is performed using the Adam op-
timizer with learning rate η = 0.01. We employ
full-batch gradient updates for 300 epochs with
logit clipping to [−20, 20] for numerical stability.
All loss components decrease cooperatively dur-
ing training, with Lbin typically converging fastest.
The lightweight nature of the calibrator enables
training to be completed within seconds on a single
GPU.

Calibration performance is evaluated using the
Expected Calibration Error (ECE) and Area Under
the ROC Curve (AUROC), computed on held-out
test sets both before and after applying DisCal.

D Calibration Methods Implementation

This section provides a detailed implementation
of the various confidence calibration methods dis-
cussed in the paper. Each algorithm below de-
scribes the steps for each method, from model pre-
diction to confidence calibration and evaluation.

D.1 Distribution-Aware Calibration (Our
Method)

This method adjusts model confidence using un-
certainty signals, including answer distributional
entropy, distributional stability, and intrinsic con-
fidence, to enhance calibration under noisy inputs.
For a detailed breakdown, refer to Algorithm 1.

D.2 Implementation of Semantic Entropy
This method leverages the entropy of K = 5 sam-
pled model predictions to quantify uncertainty, cal-
ibrating confidence according to the variability in
the predicted answers. See Algorithm 2 for the full
implementation.

D.3 Implementation of Self-Consistency
Confidence is calibrated by evaluating the consis-
tency of multiple predictions sampled K = 5 times,
with higher consistency indicating greater reliabil-
ity and confidence. For the full algorithm, refer to
Algorithm 3.

D.4 Implementation of Mean Token Entropy
Token-level entropy is calculated for each predic-
tion, and confidence is derived from the average
entropy. See Algorithm 4 for the detailed steps.

D.5 Implementation of Self-Critique
In this method, the model performs self-critique on
its predictions, adjusting its confidence based on
the revised evaluation of its own reasoning. The
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prompt is provided in Table 8. Refer to Algorithm 5
for the detailed algorithm.

Self-Critique Prompt Template

You are an AI assistant that evaluates your own reasoning.

Question: {question}

Your initial answer: {answer}

Now:
1. Re-examine the reasoning.
2. Identify potential issues.
3. Decide if your answer is likely correct.

Respond exactly in this format:

Final Answer: {answer}
Updated Confidence: <a number between 0-100>

Table 8: Prompt template for Self-Critique baseline. The
model first generates an initial answer, then receives this
prompt to perform self-evaluation. Confidence scores
are normalized to [0,1].

E Large-Scale Model Results

As shown in Table 9, we extend our evaluation to
large-parameter reasoning models and instruction-
tuned models to further validate the effectiveness of
DisCal. Specifically, we report calibration perfor-
mance on the challenging AIME benchmark, using
ECE and AUROC as evaluation metrics. All re-
sults are reported relative to intrinsic confidence C,
highlighting the absolute calibration gains brought
by DisCal.

Model Method ECE ↓ AUROC ↑

Qwen2.5-32B-it
Token 0.7711 0.6664

DisCal-base 0.1759 0.8612
DisCal 0.0633 0.8629

DeepSeek-32B
Token 0.4226 0.6711

DisCal-base 0.1299 0.8970
DisCal 0.0662 0.9024

Table 9: Calibration performance on AIME for large-
scale instruction-tuned models.

Model ECE ↓ AUROC ↑
DeepSeek-7B 0.3973 → 0.0831 0.5683 → 0.8115
DeepSeek-14B 0.3428 → 0.1123 0.5856 → 0.8257
GLM-Z1-9B 0.2775 → 0.0798 0.5293 → 0.7278

Table 10: Calibration performance under mixed noise
types.

F Confidence Adjustment Analysis

We analyze whether DisCal provides effective cali-
bration across different task difficulties and noise
levels. We evaluate on three datasets of increasing
difficulty: SVAMP (Easy), GSM8K (Medium), and
AIME (Hard). For each dataset, we apply character-
level perturbations at three noise strengths: 10%,
20%, and 30%.

As shown in Figure 8, ∆C denotes the average
confidence reduction after calibration. The results
demonstrate that DisCal achieves effective cali-
bration across all noise levels and task difficul-
ties:

(1) Consistent calibration across noise levels.
For each dataset, DisCal successfully adjusts con-
fidence at all three perturbation strengths (10%,
20%, 30%), with adjustment magnitude generally
increasing with noise strength on Easy and Medium
tasks. This confirms that DisCal is not tuned to a
specific noise level but generalizes across varying
perturbation intensities.

(2) Adaptive adjustment to task difficulty.
Harder tasks receive stronger adjustments: AIME
(hard) exhibits ∆C = 0.48–0.54, GSM8K
(medium) shows ∆C = 0.22–0.36, and SVAMP
(easy) requires only ∆C = 0.19–0.27. This adap-
tive behavior indicates that DisCal applies calibra-
tion proportional to the model’s inherent overconfi-
dence on each task.

(3) Generalization across model scales. The
trends are consistent across both Skywork-7B and
DeepSeek-14B, demonstrating that the learned cal-
ibrator transfers well to different model architec-
tures and scales.

G Mixed Noise Calibration

The mixed setting represents a more rigorous and
realistic noisy input condition, where four differ-
ent types of character-level errors simultaneously
appear in the same input question. Specifically,
each selected word is randomly perturbed by one
of four operators (deletion, insertion, substitution,
or swap), simulating various noise sources such as
typographical errors and keyboard slips. By fix-
ing the noise level at 30% (i.e., perturbing 30%
of the words through character-level operations),
we create a challenging scenario that places higher
demands on the model’s reasoning stability and
confidence reliability.

We evaluate this mixed noisy input condition
using DeepSeek-7B, DeepSeek-14B, and GLM-
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Figure 8: Confidence adjustment ∆C induced
by DisCal across three datasets (SVAMP/Easy,
GSM8K/Medium, AIME/Hard) and three noise levels
(10%, 20%, 30%), evaluated on Skywork-7B (top) and
DeepSeek-14B (bottom).

Z1-9B. DisCal is applied as a confidence calibrator
to refine the models’ intrinsic confidence estimates
produced during inference, without modifying the
underlying model parameters or predictions.

As summarized in Table 10, baseline confidence
estimates across all models exhibit substantial mis-
calibration under mixed noise, with ECE values
ranging from 0.28 to 0.40 and AUROC scores close
to 0.5, indicating that confidence scores become
largely non-informative for discriminating between
correct and incorrect predictions. In contrast, Dis-
Cal consistently restores confidence quality across
all evaluated models, achieving a 65%–80% re-
duction in ECE and an AUROC improvement of
0.20–0.24. These results demonstrate that DisCal
remains robust and effective even under severe,
heterogeneous noisy input conditions, highlight-
ing its ability to handle complex and co-occurring
character-level noise in realistic reasoning scenar-
ios.

H Noise Subtype Results

As shown in Table 11, we further analyze the cal-
ibration behavior of DisCal across different noise

subtypes induced by character-level perturbations.
Specifically, we construct four independent sub-
type datasets corresponding to deletion, insertion,
substitution, and swap, each simulating a distinct
form of character-level input noise under a fixed
noise level of 30%. This analysis aims to exam-
ine whether the calibration improvements provided
by DisCal remain consistent across heterogeneous
noise patterns and varying task difficulties.

I Baseline Experiment Results

Table 12 provides the complete baseline experiment
results with mean and standard deviation over 5
trials, corresponding to Table 1 in the main text.
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Dataset Subtype ECE ↓ AUROC ↑

AIME

deletion 0.2753 → 0.1035 0.7017 → 0.9145
insertion 0.4628 → 0.0661 0.6628 → 0.8441
substitution 0.5239 → 0.0616 0.6908 → 0.8628
swap 0.2199 → 0.1626 0.6428 → 0.8971

GSM8K

deletion 0.1805 → 0.1178 0.5953 → 0.8874
insertion 0.4899 → 0.1337 0.6936 → 0.7988
substitution 0.5566 → 0.0958 0.6611 → 0.9093
swap 0.1491 → 0.1257 0.5941 → 0.8726

SVAMP

deletion 0.1384 → 0.1063 0.6708 → 0.8840
insertion 0.3160 → 0.0727 0.6527 → 0.7656
substitution 0.3834 → 0.1040 0.6521 → 0.8971
swap 0.1161 → 0.1144 0.6616 → 0.9014

Table 11: Subtype-wise calibration results under 30% perturbations. For each metric, values are reported as intrinsic
confidence→ DisCal-calibrated confidence, indicating performance before and after applying DisCal.
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Algorithm 1 DisCal: Distribution-aware Confi-
dence Calibration
Require: Dataset D = {(Qi, Ai)}Ni=1, ModelM,

Calibrator φ = (wH , wS , b), K = 5
Ensure: Calibrated confidence {Ĉi}Ni=1 and met-

rics
1: for (Qi, Ai) ∈ D do
2: Phase 1: Multi-Sample Prediction
3: Sample K responses: {api,j}Kj=1 ∼
M(Qp

i )
4: Ap

i ← Unique({api,j}) ▷ Distinct answers
5: Phase 2: Uncertainty Signal Computa-

tion
6: Compute answer distribution:

πi(z) =
1
K

∑K
j=1 I(a

p
i,j = z), ∀z ∈ Ap

i

7: Compute Entropy:
Hi ← −

∑
z∈Ap

i
πi(z) log πi(z)

8: Compute Stability:
Si ← maxz∈Ap

i
πi(z)

9: Compute Intrinsic Confidence:
Ci ← exp

(
1
Ti

∑Ti
t=1 logP (at | Qp

i , a<t; θ)
)

where at = api,1[t], a<t = api,1[< t], and
Ti = |api,1|

10: Phase 3: Confidence Calibration
11: Compute Gating factor: gi ← σ(wH ·Hi+

wS · Si + b)
12: Calibrate confidence: Ĉi ← Ci · gi
13: Compute Correctness: yi ← I(api,1 = Ai)
14: end for
15: Compute AUROC:
16: AUROC← fAUC({Ĉi}, {yi})
17: Compute ECE:
18: ECE ← fECE({Ĉi}, {yi}) return AUROC,

ECE

Algorithm 2 Semantic Entropy Baseline

1: Input: Dataset D, LLM M, Embedding
Model E , Sampling count K, Distance thresh-
old τ = 0.5

2: Output: Accuracy, Expected Calibration Error
(ECE), Area Under ROC (AUC)

3: Initialize result setR ← ∅
4: for all Batch {qi, agold,i} ∈ D do
5: Generate K independent trajectories for

each qi: {si,1, . . . , si,K} ∼ M(Qp
i )

6: Extract numerical answers: Ai =
{f(si,j)}Kj=1 ▷ f(·) extracts boxed or terminal
digits

7: Semantic Clustering:
8: Compute normalized embeddings: vi,j =
E(str(ai,j))

9: Perform Agglomerative Clustering on
{vi,1, . . . ,vi,K} using:

10: Metric: Cosine Similarity
11: Linkage: Average
12: Constraint: d(va,vb) > τ to form new

clusters
13: Entropy Calculation:
14: Count occurrences in each cluster Cm:

cm = |{a ∈ Ai : label(a) = m}|
15: Estimate discrete probability: pm = cm

K
16: Calculate Semantic Entropy: Hsem =
−∑m pm log pm

17: Derive Confidence Score: Ci = e−Hsem

18: Evaluation:
19: Determine correctness: yi = I(|ai,1 −

agold,i| < ϵ)
20: Add (Ci, yi) toR
21: end for
22: Compute AUROC:
23: AUC = ROC({yi}, {Ci})
24: Compute ECE:
25: ECE =

∑M
m=1

|Bm|
N |acc(Bm)− conf(Bm)|

26: return AUC, ECE
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Algorithm 3 Self-Consistency Baseline

Require: Dataset D = {(Qi, Ai)}Ni=1, ModelM,
Sampling count K

Ensure: Accuracy, ECE, AUROC
1: for (Qi, Ai) ∈ D do
2: Multi-Sample Generation:
3: Sample K responses: {ri,j}Kj=1 ∼
M(Qp

i )
4: Extract answers: {ai,j}Kj=1 from responses
5: Voting & Confidence:
6: Filter valid answers: Ai = {a ∈ {ai,j} :

a ̸= None}
7: Count votes: n(z) = |{a ∈ Ai : a = z}|

for each unique z
8: Prediction:
9: âi ← argmaxz n(z) ▷ Most voted answer

10: Confidence:
11: Ci ← maxz n(z)

|Ai| ▷ Vote ratio
12: Compute Correctness: yi ← I(âi = Ai)
13: end for
14: Compute AUROC:
15: AUROC← fAUC({Ci}, {yi})
16: Compute ECE:
17: ECE← fECE({Ci}, {yi})

return AUROC, ECE

Algorithm 4 Mean Token Entropy Baseline

Require: Dataset D = {(Qi, Ai)}Ni=1, ModelM
Ensure: ECE, AUROC

1: Initialize result setR ← ∅
2: for each (Qi, Ai) ∈ D do
3: Generation with Token Probabilities:
4: Generate response ri ∼ M(Qp

i ) with
token-level logprobs

5: Let {pt}Tt=1 denote the softmax distribu-
tions at each position

6: Token-level Entropy Calculation:
7: for t = 1 to T do
8: Ht ← −

∑
v pt(v) log pt(v) ▷ Entropy

at position t
9: end for

10: Mean Token Entropy:
11: MTEi ← 1

T

∑T
t=1Ht

12: Confidence Score:
13: Ci ← exp(−MTEi)
14: Correctness:
15: Extract predicted answer âi from ri
16: yi ← I[âi = Ai]
17: Add (Ci, yi) toR
18: end for
19: Compute Metrics:
20: AUROC← fAUC({Ci}, {yi})
21: ECE← fECE({Ci}, {yi})
22: return AUROC, ECE
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Algorithm 5 Self-Critique Baseline

1: Input: Dataset D, LLM M, Embedding
Model E , Sampling count K

2: Output: Accuracy, Expected Calibration Error
(ECE), Area Under ROC (AUC)

3: Initialize empty result setR
4: for each batch {qi, agold,i} in D do
5: Generate K independent responses for

each question qi
6: Extract numerical answers Ai from the re-

sponses
7: Phase 1: Initial Answering
8: For each response, extract the initial an-

swer from the model output
9: Phase 2: Self-Critique

10: For each initial answer, generate self-
critique prompt and feed into model

11: Extract confidence score from the critique
response

12: Evaluation:
13: Determine correctness yi based on the gold

answer
14: Add (Ci, yi) toR
15: end for
16: Compute AUROC:
17: Compute AUC: AUC← fAUC({Ci}, {yi})
18: Compute ECE:
19: Compute ECE: ECE← fECE({Ci}, {yi})
20: return AUC, ECE
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