CritiCal: Can Natural Language Critiques Help LLM’s Uncertainty or
Confidence Calibration?

Anonymous ACL submission

Abstract

Confidence calibration is critical for safe use of
Large Language Models (LLMs), where clear
verbalized confidence enhances user trust. Tra-
ditional methods that mimic reference confi-
dence expressions often fail to utilize the logic
in model’s original reasoning chain. We pro-
pose natural language critique as a solution,
which is ideal for confidence calibration, as
precise gold confidence labels are hard to ob-
tain and often require multiple generations
but assessing whether the confidence is appro-
priate is easy by analyzing its internal logic
and answer correctness. This paper studies
how natural language critiques can enhance
verbalized confidence: (1) What to critique:
uncertainty (question-focused) or confidence
(answer-specific)? Analysis shows confidence
suits multiple-choice tasks, while uncertainty
excels in open-ended scenarios. (2) How to
critique: self-critique or critique calibration
training? We propose Self-Critique, enabling
LLMs to critique and optimize their confidence,
and CritiCal, using natural language Critiques
to train confidence Calibration. Experiments
show that CritiCal significantly outperforms
Self-Critique and other competitive baselines,
even surpassing its teacher, GPT-40, in com-
plex reasoning tasks. CritiCal also shows ro-
bust generalization in out-of-distribution set-
tings, proving its reliability. !

1 Introduction

Confidence calibration is crucial in ensuring the
trustworthiness of LLMs in high-stakes applica-
tions (Vashurin et al., 2025; Xia et al., 2025). As
LLMs increasingly interact with humans, verbal-
ized confidence (e.g., "I am 80% confident") clari-
fies response certainty, fostering trust and effective
collaboration (Lin et al., 2022; Xiong et al., 2024).

Critique Fine-Tuning (CFT) (Wang et al., 2025)
has proven highly effective in improving LLM’s ac-
curacy. It makes LLMs learn from natural language
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Figure 1: Comparisons between CritiCal and traditional
SFT by DS-Qwen-7B on MATH-Perturb, showing Criti-
Cal’s huge potential in improving LLM’s confidence cal-
ibration, since student can even outperform its teacher.

critiques which clarify why answers are correct
or incorrect, enabling more reasonable and fine-
grained refinements rather than direct imitation of
gold responses. We find this characteristic ideal for
confidence calibration, as precise gold confidence
labels are hard to obtain, but assessing whether the
confidence is appropriate is easy based on answer
correctness and the logic shown in reasoning. So,
this paper investigates whether natural language
critiques can help uncertainty or confidence cali-
bration, addressing the following two questions.

What to critique: uncertainty or confidence?
Previous studies often treat uncertainty and con-
fidence as antonyms, overlooking their distinc-
tion (Liu et al., 2025b): While confidence evaluates
the reliability of a specific response, uncertainty
captures the inherent difficulty or ambiguity of the
question itself. Crucially, uncertainty is invariant to
the choice of answer for a given question. Although
Lin et al. (2024b) explored this difference using a
consistency-based method, it was limited to the di-
versity of model output and did not notice the differ-
ence between question types. We advance this by
conducting a comprehensive study of LLMs’ direct
outputs and their verbalized uncertainty and confi-



dence. For brevity, we use "confidence" to broadly
encompass both concepts, distinguishing them only
when comparing their specific roles. Extensive ex-
periments show that verbalized confidence excels
in multiple-choice questions, while uncertainty is
better suited for open-ended tasks.

How to critique: self-critique or critique cal-
ibration training? In contrast to prior meth-
ods (Huang et al., 2025c¢; Yang et al., 2025) that
focus on self-improving accuracy in the absence
of external references, our Self-Critique approach
also refines LLM’s confidence expressions by sys-
tematically analyzing the question, the reasoning
chain, and the final answer. But we find that
this zero-shot self-correction often yields unsat-
isfactory performance. Thus, we further intro-
duce CritiCal, a supervised fine-tuning (SFT)
method that uses natural language Critiques to
train Calibration. During training, the model is
prompted with the question and its own initial re-
sponse; the target output is a GPT-40-generated
critique of the model’s confidence, based on the
comparison between model’s reasoning chain and
a reference solution. Additionally, we explore re-
placing SFT with direct preference optimization
(DPO) (Rafailov et al., 2023) for the training of
CritiCal, utilizing GPT-40’s critiques as chosen
responses and its own suboptimal Self-Critiques
as rejected ones. Extensive experiments, both in-
distribution and out-of-distribution, demonstrate
that CritiCal significantly enhances confidence cal-
ibration for reasoning-intensive questions, surpass-
ing even its teacher, GPT-4o, in calibration capa-
bilities, as is shown in Figure 1. This suggests
that a teacher model, with sufficient critique abil-
ity, can even enhance a student model’s confidence
calibration beyond its own. Finally, CritiCal ex-
hibits robust transferability. In certain cases, mod-
els trained on critique-suited data even outperform
those trained in-distribution, highlighting CritiCal’s
generalizability to unseen domains.

2 Related Works

2.1 Confidence Calibration

Confidence calibration methods for LLMs are di-
vided into white-box and black-box approaches.
White-box methods use internal information, such
as attention mechanisms (Lin et al., 2024a; Li et al.,
2023), hidden layers (Azaria and Mitchell, 2023),
or token probabilities (Malinin and Gales, 2021;
Zong et al., 2025) for precise confidence estimates.

Conversely, black-box ones rely on model outputs
without accessing internal structure. Consistency-
based methods (Lin et al., 2024b; Huang et al.,
2025a; Wang et al., 2024b; Su et al., 2024) as-
sess confidence by sampling multiple outputs and
measuring their similarity, assuming consistent re-
sponses indicate higher certainty. Verbalization-
based approaches (Li et al., 2025; Liu et al., 2025a;
Zhang et al., 2024) train LLMs to explicitly express
confidence through scores or epistemic markers.
SaySelf (Xu et al., 2024) uses a teacher model to
generate reflective rationales and confidence scores
by analyzing inconsistencies across numerous sam-
pled reasoning chains. However, it focuses on im-
itating the reference reasoning and confidence ex-
pressions rather than learning from critiques of its
own confidence and is computationally inefficient
due to reliance on diverse outputs.

2.2 Critique Learning

Self-correction has recently emerged as a promis-
ing approach to enhance LLMs’ performance. Stud-
ies such as Madaan et al. (2023) and Welleck et al.
(2023) utilize model’s own feedback to refine out-
puts, though Huang et al. (2024) and Valmeekam
et al. (2023) note limitations in its reliability for rea-
soning tasks. Alternatively, critique learning uses
specialized models to provide feedback. Zhang
et al. (2025) and Yang et al. (2024b) develop
outcome-based reward, while Wang et al. (2024a)
and Lightman et al. (2024a) focus on process re-
ward to improve reasoning by evaluating interme-
diate steps. Further work by Wang et al. (2025)
explicitly leverages natural language critiques as a
training objective to encourage deeper understand-
ing and reasoning. However, it focuses on using
critique to improve LLM accuracy, whereas our
work explores natural language critiques to im-
prove confidence calibration. Damani et al. (2025)
uses critique to train LL.Ms to reason about their un-
certainty but is still limited to numerical critiques.
Nair and Sinaga (2025) proves that learning cali-
brated confidence is impossible with only binary
supervision. This motivates our exploration of nat-
ural language critiques in confidence calibration.

3 Method

To investigate whether critique can enhance confi-
dence calibration, we propose two methods: Self-
Critique, a prompting-based approach, and Criti-
Cal, a supervised fine-tuning (SFT) framework.
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Figure 2: Unlike traditional calibration methods that focus solely on the final answer, CritiCal introduces a teacher
model to evaluate the student’s reasoning steps. By critiquing the logical path alongside facts and reference answers,
it provides a more nuanced assessment of confidence than standard error-based approaches.

3.1 Self-Critique

While prior studies on self-improvement (Huang
et al., 2025c; Yang et al., 2025) focuses on refining
reasoning processes and improving answer accu-
racy, Self-Critique targets confidence calibration,
which aligns model’s verbalized confidence score
with both the answer correctness and the uncer-
tainty demonstrated in the reasoning chain. The
model is prompted to reassess the question, its ini-
tial reasoning, and potential ambiguities or logical
gaps, refining both the answer and confidence score
to improve calibration. The detailed prompt is pro-
vided in Appendix A.

3.2 CritiCal

To further enable LLMs to express well-calibrated
confidence aligned with their reasoning, we pro-
pose CritiCal, an SFT method that guides LLMs to
refine their confidence expressions using critiques
of their initial confidence expressions.

As illustrated in Figure 2, CritiCal differs from
traditional confidence calibration training meth-
ods (Zhang et al., 2024; Xu et al., 2024) in its input-
output structure. In previous methods, input is the
original question, and output is the original model
answer paired with a suggested confidence expres-
sion, which is derived from either the alignment of
answer correctness or the generation probability of
such an answer during multiple times of response
generation. In contrast, CritiCal is a sampling-
free approach that encourages LLMs to learn from
their confidence estimation errors through critique-

based training. Specifically, the input consists of
the question and the student model’s original re-
sponse, while the output is a critique from a teacher
model, GPT-4o. This critique evaluates the calibra-
tion of the student’s confidence score, providing
an explanation based on the clarity, strength, and
correctness of the student’s reasoning compared to
a reference solution.

In practice, we sample 2K questions from each
training set and prompt the student model to gen-
erate answers along with confidence scores. These
responses, paired with the questions and reference
solutions from the benchmark, are provided to the
teacher model to produce critiques assessing confi-
dence calibration. The student model is then fine-
tuned using the collected critique data. In particu-
lar, for large reasoning models (LRMs), we instruct
the teacher to structure their critiques with special
"</think>" tokens, separating the explanation from
the final judgment, to mitigate knowledge shift.
This structured critique format facilitates more ef-
fective learning. The detailed prompt for critique
generation is provided in Appendix A.

4 Experiments

In this section, we answer the two questions: what
to critique (§4.2) and how to critique (§4.3, §4.4).

4.1 Experimental Setup

Datasets. All the experiments involved a total of 7
datasets: TriviaQA (Joshi et al., 2017) with open-
ended, single-hop factuality questions; Compar-
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Figure 3: Mean ECE and AUROC values for each model across the same category of benchmarks. The dark bars
are the result under uncertainty prompt, and the light ones are of confidence. Further analysis under the setting of

multi-turn Self-Critique can be found in Appendix B.

isonQA (Zong et al., 2025) with multiple-choice,
single-hop factuality questions; StrategyQA (Geva
et al., 2021) with yes/no, multi-hop factuality rea-
soning questions; HotpotQA (Yang et al., 2018)
with open-ended, multi-hop factuality reasoning
questions; MATH (Hendrycks et al., 2021) with
open-ended, mathematical reasoning questions;
MATH-500 (Lightman et al., 2024b) with harder
ones selected from MATH test set; and MATH-
Perturb (Huang et al., 2025b) with selected per-
turbed ones from MATH. (Appendix C)

Models. Our test involves LLMs: Llama-3.1-
8B-Instruct (Dubey et al., 2024), Qwen2.5-7B-
Instruct (Yang et al., 2024a), Mistral-7B-Instruct-
v0.3 (Jiang et al., 2023), LRMs: DeepSeek-
R1-Distill-Llama-8B, DeepSeek-R1-Distill-Qwen-
7B (DeepSeek-Al et al., 2025), and an API: GPT-
40 (OpenAl, 2024), for their diverse architectures.
Metrics. Following previous works (Xu et al.,
2024; Huang et al., 2025c; Li et al., 2025), we
use accuracy (via exact match for open-ended ques-
tions) for response correctness measurement, ex-
pected calibration error (ECE) with 10 bins for
confidence-accuracy alignment, and area under the
receiver operating characteristic curve (AUROC)
for confidence-based discrimination of correct and
incorrect responses. For both accuracy and AU-
ROC, the higher the better, but ECE is the opposite.

4.2 Uncertainty vs. Confidence

Confidence measures the reliability of a specific
response, while uncertainty reflects the inherent dif-
ficulty or ambiguity of the question itself. Despite

their distinction, previous works often treat them
casually in prompt (Liu et al., 2025b). Thus, we in-
vestigate the impact of their difference by explicitly
distinguishing them within the prompt itself across
various scenarios, as detailed in Appendix A. We
evaluate 5 models across 6 benchmarks (TriviaQA,
ComparisonQA, StrategyQA, HotpotQA, MATH-
500, MATH-Perturb) grouped into open-ended and
multiple-choice question types.

Figure 3 presents the mean ECE and AUROC for
each model across benchmark categories. The re-
sults reveal that even minor definition distinctions
in prompt can elicit statistically different behaviors
from models based on question types. Open-ended
Questions: Uncertainty consistently achieves a
lower ECE across both LLMs and LRMs. This
suggests that for expansive prediction spaces, un-
certainty, which can capture the inherent ambiguity
of the question, is more effective. Multiple-Choice
Questions: The trend reverses, with confidence sig-
nificantly outperforming uncertainty in both ECE
and AUROC. In this constrained setting, models
can leverage elimination strategies to provide more
precise confidence estimates for specific options,
even when the question remains ambiguous.

Thus, uncertainty and confidence should not be
used interchangeably in prompts. Their definitions
should be aligned with the task format to ensure
optimal model calibration.

4.3 Self-Critique Analysis

This section investigates the impact of Self-Critique
on confidence calibration and average confidence
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scores across multiple iterations.

4.3.1 Multi-Turn Self-Critique

To comprehensively evaluate Self-Critique perfor-
mance, we conduct multi-turn Self-Critique exper-
iments with 4 models, those have both reasoning
and non-reasoning ones, across the same 6 bench-
marks. In each iteration, the model receives the
results of all previous iterations as context. De-
tailed prompt is provided in Appendix A.

Figure 4 illustrates the standard deviation of
multi-turn Self-Critique for each model, focusing
on ECE and AUROC to evaluate confidence cali-
bration stability. Figure 5 presents the average per-

formance of all models across three benchmarks,
highlighting the impact of Self-Critique on differ-
ent tasks. The specific variation curves of each
model are shown in Figure 12 in Appendix B.

Task Analysis. The six benchmarks are catego-
rized into three tasks: one-hop factuality (Compar-
isonQA and TriviaQA), multi-hop factuality rea-
soning (StrategyQA and HotpotQA), and math rea-
soning (MATH500 and MATH-Perturb). As shown
in Figure 5, the semi-transparent light gray area rep-
resents the average performance of all models with
a one-third standard deviation. For accuracy, mod-
els exhibit greater stability on one-hop factuality
and math reasoning tasks compared to multi-hop
factuality reasoning. However, unlike prior self-
improvement studies (Madaan et al., 2023; Welleck
et al., 2023), Self-Critique shows no notable accu-
racy improvements, as it primarily targets confi-
dence calibration rather than answer correctness.
For ECE and AUROC, Self-Critique exhibits rela-
tively stable performance with slight improvements
in math reasoning tasks. In contrast, factuality-
related benchmarks experience negative impacts,
with increased average ECE and decreased average
AUROC. These findings suggest that Self-Critique
has limited effectiveness, significantly worsening
calibration for factuality-related tasks while only
marginally enhancing it for math reasoning. Thus,
prompting-based Self-Critique alone is inadequate
for robust confidence calibration.

Model Analysis. In Figure 4 and Figure 12, LLMs
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Figure 6: Curves of average uncertainty and confidence scores during multi-turn Self-Critique across 3 benchmarks.

are represented in cool colors, while LRMs are
depicted in warm colors. For ECE and AUROC,
LRMs demonstrate greater stability on factuality-
related benchmarks, with significantly lower stan-
dard deviation than LLMs, whose calibration varies
widely. This stability in LRMs probably arises
from their extended reasoning processes, enabling
deeper reflection on initial responses and prevent-
ing erratic confidence shifts. Although LRMs show
an increase in standard deviation in math-related
questions, Figure 12 reveals that this stems from
their progressively refined confidence calibration.
Overall, LRMs exhibit more consistent and reliable
confidence calibration compared to LLMs.

4.3.2 Average Confidence Change during
Self-Critique

Different from prior works (Huang et al., 2025c¢)
finding models become more confident despite
incorrect answers during self-improvement, Self-
Critique focuses on refining confidence calibration,
leading to more complex outcomes as it prioritizes
confidence expression over answer correctness.
Results, shown in Figure 6, vary significantly by
model. Llama consistently increases in uncertainty
and decreases in confidence across all benchmarks,
while Qwen shows the opposite trend, becoming
more confident and less uncertain. This suggests
that multi-turn Self-Critique amplifies these model-
specific tendencies. The two DeepSeek distilled
models generally maintain more consistent uncer-
tainty and confidence scores compared to non-
reasoning models, except for an increase in un-
certainty of the distilled Llama on ComparisonQA.
This indicates that extended reasoning processes
enhance the robustness of confidence expressions.

4.4 CritiCal Analysis

We evaluate the performance of CritiCal in both in-
distribution and out-of-distribution settings across
multiple benchmarks.

We select one representative benchmark from
each of the 3 tasks outlined in §4.3.1: one-hop fac-
tuality (ComparisonQA), multi-hop factuality rea-
soning (StrategyQA), and math reasoning (MATH-
Perturb). For fair comparison, we randomly sample
2K questions from the training set to construct train-
ing data each time, using the method described in
§3.2. For MATH-Perturb, where questions are per-
turbations of a subset of MATH, we sample from
the original MATH training set to build training
data and test only on perturbed questions from the
original test set to prevent data leakage. Training is
conducted using LlamaFactory (Zheng et al., 2024)
with a batch size of 64 and other default hyper-
parameters, taking approximately half an hour per
each dataset on a 45G single GPU.

4.4.1 In Distribution

We first test the in-distribution performance of
models fine-tuned with CritiCal, using Qwen and
DeepSeek-Distill-Qwen as examples. Results are
presented in Table 1.

For fair comparison, we include several
sampling-free baselines: (1) Vanilla, a zero-shot
prompt that directly asks model’s verbalized con-
fidence (Xiong et al., 2024). (2) Self-Critique,
the non-training method described in §3.1. (3)
SFT_Hard, a SFT approach using a suggested con-
fidence score based on model’s original response
(0% for incorrect answers, 100% for correct) for
calibration (Zhang et al., 2024), with uncertainty as
the inverse. (4) SFT_Soft, a smoother SFT variant
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. ComparisonQA StrategyQA MATH-Perturb

Model Type | Method Train |\ BCE AUROC | ACC ECBH AUROC | ACC ECE  AUROC

™M ) M ) (@) Q) ™M (@) ()

GPTdo Unc | Vanilla N 9091 0089 0772 7860 0079 0740 |42.36 0521  0.695

Conf | Vanilla N 9197 0036 0787 | 7948 0.103 0716 |44.54 0526  0.683

Vanilla N [ 6965 0224 0615 | 6463 0283 0507 |39.57 0587 0.525

Self_Critique | N || 6824 0268 0605 | 6725 0308 0464 |40.00 0583  0.542

Unc | SFT Hard Y | 6949 0220 0616 || 6507 0288 0537 |3652 0605 0.554

Owen-2.5- SFT_Soft Y | 6968 0228 0615 || 6419 0245 0564 |3870 0593 0558

: CritiCal Y | 6976 0224 0619 || 6725 0221 0597 | 4087 0558 0.586
7B-Instruct

(LLM) Vanilla N [[6967 0195 0628 |[6507 0226 0612 |37.83 0609 0571

Self Critique | N || 6839 0238  0.630 | 62.88 0238 0.603 |3739 0610 0578

Conf | SFT_Hard Y | 6990 0194 0629 || 6638 0216 0616 |41.30 0617 0558

SFT_Soft Y | 6990 0.193  0.630 || 6638 0.193 0.629 |3870 0611 0562

CritiCal Y | 6997 0194 0630 | 69.00 0.179 0.644 | 4000 0.588  0.593

Vanilla N [[52.18 0331 0586 | 5852 0247 0.609 |62.54 0473 0.380

Self Critique | N || 52.12 0330 0588 | 59.83 0242 0604 |64.87 0491  0.383

Unc | SFT Hard Y | 5236 0325 0578 |/ 59.83 0281 0558 | 6565 0446 0413

DeepSeck- SFT_Soft Y | 5251 0325 0580 || 6245 0272 0516 | 6609 0444 0437

RI1-Distill- CritiCal Y |5230 0326 0579 |/ 65.07 0223 0572 | 67.83 0405 0.457

Qwen-7B Vanilla N || 5235 0326 0598 | 5852 0261 0559 |65.05 0480 0.274

(LRM) Self Critique | N || 5231 0327  0.602 | 57.64 0278 0541 | 6505 0516 0271

Conf | SFT Hard Y || 5262 0332 0577 || 61.14 0242 0509 | 6652 0487 0.270

SFT_Soft Y | 5266 0333 0578 || 61.14 0235 0597 |6565 0467 0301

CritiCal Y | 5255 0333 0580 | 6681 0.176 0.630 | 69.13 0432 0.328

Table 1: Performance of various LLMs and LRMs on ComparisonQA, StrategyQA, and MATH-Perturb. The
"Train" column indicates whether the method needs additional training, providing a fair comparison. The best
performances among all methods are bold-faced. CritiCal fails for none-reasoning benchmarks (the gray columns),

but shows effectiveness for those requiring reasoning.

with confidence scores of 20% and 80%. (5) The
performance of the teacher model, GPT-4o, is also
included for reference.

Our key observations are as follows: (1) Criti-
Cal excels in complex reasoning tasks. Although
CritiCal shows limited impact on ComparisonQA,
it significantly improves calibration and accuracy
on StrategyQA and MATH-Perturb, showing a
huge decrease in ECE and increase in AUROC
compared to all baselines, including Self-Critique.
This improvement stems from the long structured
reasoning processes elicited by multi-hop and math
reasoning tasks, which provide robust cues for cri-
tiquing confidence calibration. (2) CritiCal en-
ables the student model to outperform even its
teacher. Notably, on MATH-Perturb, GPT-40 re-
duces the ECE of DeepSeek-Distill-Qwen, a model
that already exhibits a lower ECE than GPT-40 it-
self. This demonstrates that a teacher model, with
sufficient critique capabilities, can continuously
enhance a student model’s confidence calibration,
highlighting CritiCal’s potential. (3) Uncertainty
and confidence distinctions persist in CritiCal.
Models trained with CritiCal maintain the pattern
observed in §4.2: open-ended questions favor un-
certainty, while multiple-choice questions favor

confidence, as evidenced by superior ECE and AU-
ROC performance, indicating what to critique. (4)
Multi-hop factuality reasoning data is more suit-
able for critique than math reasoning. CritiCal
yields greater calibration improvements on Strat-
egyQA than on MATH-Perturb, suggesting that
factuality reasoning questions, with their explicit
multi-hop reasoning steps, are more critique-suited.

4.4.2 Out of Distribution

We test OOD performance on StrategyQA and
MATH-Perturb, with results presented in Table 2.
Compared with the baseline SFT methods, criti-
cal still has the best OOD performance. Both base-
line fine-tuning methods (SFT_Hard and SFT_Soft)
exhibit degraded performance on OOD data, indi-
cating limited generalization. In contrast, CritiCal
even some times achieves improved calibration on
OOD questions, with a lower ECE and a higher AU-
ROC. The good generalization ability likely comes
from the natural language critiques on multi-hop
reasoning data, which enables models to learn ro-
bust confidence calibration strategies based on their
reasoning processes. These findings demonstrate
CritiCal’s ability to foster reliable and generaliz-
able confidence expressions across diverse tasks.



Uncertainty Confidence
Model Method In-distribution Out-of-distribution In-distribution Out-of-distribution
ACC ECE AUROC | ACC ECE AUROC | ACC ECE AUROC | ACC ECE AUROC
Q) W) m M ) (1) M (@) M M ) M
StrategyQA to MATH-Perturb
Qwen-2.5- | SFT_Hard || 36.52 0.605 0.554 | 37.83 0.603  0.531 41.30 0.617 0.558 | 37.83 0.610 0.542
7B-Instruct | SFT_Soft | 38.70 0.593  0.558 | 39.13 0.610  0.543 38.70 0.611  0.562 |36.09 0.625 0.578
(LLM) CritiCal 40.87 0.558 0.586 | 39.57 0.574 0.595 40.00 0.588 0.593 | 42.17 0.571  0.593
DS-Distill- | SFT_Hard || 65.65 0.446  0.413 | 66.52 0.444 0424 66.52 0487 0270 | 64.78 0493  0.266
Qwen-7B SFT_Soft || 66.09 0444 0437 | 6435 0450 0423 65.65 0.467  0.301 6522 0476  0.276
(LRM) CritiCal 67.83 0.405 0.457 | 67.83 0.375 0.465 69.13 0.432 0.328 | 69.13 0.434 0.350
MATH-Perturb to StrategyQA
Qwen-2.5- | SFT_Hard || 65.07 0.288  0.537 | 63.76 0272  0.550 66.38 0.216 0.616 | 6550 0203  0.599
7B-Instruct | SFT_Soft || 64.19 0.245  0.564 | 64.63 0.288  0.531 66.38 0.193  0.629 | 6594 0216 0.591
(LLM) CritiCal 67.25 0.221 0.597 | 66.81 0.243  0.567 69.00 0.179 0.644 | 67.25 0.189  0.629
DS-Distill- | SFT_Hard || 59.83 0.281 0.558 |59.39 0.293 0.544 61.14 0.242  0.509 | 59.39 0.255 0.544
Qwen-7B SFT_Soft || 62.45 0.272 0.516 | 60.26 0.281 0.535 61.14 0.235 0.597 |61.14 0234 0.568
(LRM) CritiCal 65.07 0.223 0.572 | 62.88 0.230  0.586 66.81 0.176  0.630 | 64.19 0.197 0.620

Table 2: Comparisons of CritiCal’s in-distribution and out-of-distribution performances. OOD Models are all trained
on StrategyQA and tested on MATH-Perturb. The best performances among all methods are bold-faced.

Type | Method | ACC ECE AUROC
StrategyQA (Multi-hop)
Uncertaint CFT | 6725 0221 0.597
Y| crpo |6961 0227 0614
Confidence | CFT | 6900 0.179  0.644
CPO | 66.81 0.181 0.634
ComparisonQA (One-hop)
Uncertaint CFT |69.76 0224 0.619
neertanty | cpo | 69.61 0227 0.614
Confid CFT |69.97 0.194 0.630
OMIEence 1 cpo | 69.94 0.192  0.630

Table 3: Comparisons of using SFT and DPO as the
training method respectively for CritiCal.

4.4.3 Analysis of Training Method

We also explore another popular optimization
method, DPO (Rafailov et al., 2023), for the train-
ing of CritiCal. While the input structure remains
the same, DPO differs in its output, consisting of
a chosen response, the same as SFT’s output, and
a rejected response, which should have a similar
structure to the chosen one. We use the model’s
Self-Critique output as the rejected response due to
its suboptimal critique performance.

Since StrategyQA (multi-hop factuality reason-
ing) and MATH-Perturb (math reasoning) show
similar performance trends in Table 1, we test only
StrategyQA for multi-hop reasoning due to limited
computing resources.

For clarity, we denote SFT-based CritiCal as
CFT and DPO-based CritiCal as CPO, with results
shown in Table 3. We can see that in both multi-hop

and one-hop reasoning, the results of CFT and CPO
differ very little compared to the huge improvement
in Table 1. This suggests that CPO is also useful for
reasoning-intensive tasks other than non-reasoning
ones. Given DPO’s higher computational cost, SFT
remains a sufficient and efficient training method
for CritiCal.

5 Conclusions

This study investigates natural language critiques to
enhance verbalized confidence calibration in LLMs,
addressing two questions: (1) What to critique. Re-
sults reveal that confidence expressions are better
suited for multiple-choice tasks, while uncertainty
is more effective for open-ended tasks, providing
clear guidance for calibration strategies. (2) How
to critique. We introduced Self-Critique, enabling
LLMs to refine their own confidence, and CritiCal,
a novel critique calibration method that leverages
natural language critiques from a teacher model
to optimize calibration. Extensive experiments
demonstrate that CritiCal significantly outperforms
Self-Critique and other baselines, achieving supe-
rior calibration even beyond that of the teacher
model, GPT-40, in complex reasoning tasks. More-
over, CritiCal exhibits strong generalization, main-
taining robust performance in both in-distribution
and out-of-distribution settings, with notable trans-
ferability when trained on critique-suited multi-hop
reasoning data. And compared to DPO, SFT is suf-
ficient and efficient for CritiCal training. These
findings underscore the potential of natural lan-
guage critiques to advance LLM reliability.



Limitations

While CritiCal demonstrates significant improve-
ments in confidence calibration for LLLMs, several
limitations still exist that cannot be covered in this
single work.

The generalizability of CritiCal’s performance is
potentially constrained by the specific benchmarks
used in our experiments. Although we select di-
verse tasks (one-hop factuality, multi-hop factuality
reasoning, and math reasoning), these benchmarks
may not fully represent the broad range of real-
world scenarios where LLMs are deployed, such
as creative writing or multi-modality tasks. Fur-
ther evaluation on a wider array of datasets could
strengthen claims about CritiCal’s robustness.

Additionally, computational constraints restrict
our ability to evaluate all benchmarks in the com-
parison of training methods, SFT and DPO, where
only ComparisonQA and StrategyQA are tested.
Although these benchmarks are carefully chosen to
represent one-hop and multi-hop factuality reason-
ing tasks, this limitation may obscure potential vari-
ations in CritiCal’s effectiveness across other task
types. Future work could leverage greater computa-
tional resources to conduct a more comprehensive
analysis, incorporating additional benchmarks and
training configurations.

Ethics Statement

This paper utilizes several publicly available
datasets, including ComparisonQA, TriviaQA,
StrategyQA, HotpotQA, MATH, MATH-Perturb,
and MATH-500, which are accessible to the re-
search community under CC, Apache 2.0, MIT,
Apache 2.0, MIT, MIT, and MIT licenses, respec-
tively. The data is anonymized, ensuring our work
does not raise privacy concerns regarding specific
entities.

Our experiments involve the use of LLaMA,
Qwen, Mistral, DeepSeek Distill Llama, DeepSeek
Distill Qwen, and GPT-40, so the same risks from
LLMs research are also applicable to this work.

While CritiCal seeks to increase trust in Al by
training on natural language critiques, there is a risk
of users overly relying on its confidence estimates.
These estimates may occasionally be inaccurate.
Therefore, users are advised to treat these confi-
dence expressions as a reference only.
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Appendices
A Prompt

We design our prompt according to previous
works (Xiong et al., 2024). Figure 7, 8, 9, 10 il-
lustrate the prompt we use for vanilla uncertainty
inquiry, vanilla confidence inquiry, Self-Critique
with confidence, and critique generation, respec-
tively, with StrategyQA as an example.

Vanilla prompt using uncertainty

Answer the following yes/no question and
provide your uncertainty score. Your re-
sponse should end with 'The answer is
[your_answer], and the uncertainty is [uncer-
tainty_percentage]%’ where [your_answer]
is yes or no, and the uncertainty percentage
is a number between 0 and 100, indicating
how uncertain you are about the question.
If you are not sure, you should give a higher
uncertainty percentage.

Question: [Question]

Figure 7: The vanilla prompt using uncertainty on Strat-
egyQA. Placeholders [Question] will be replaced with
the real one.

Vanilla prompt using confidence

Answer the following yes/no question and
provide your confidence score. Your re-
sponse should end with 'The answer is
[your_answer], and the confidence is [con-
fidence_percentage]%’ where [your_answer]
is yes or no, and the confidence percentage is
a number between 0 and 100, indicating how
sure you are about your answer. If you are
not sure, you should give a lower confidence
percentage.

Question: [Question]

Figure 8: The vanilla prompt using confidence on Strat-
egyQA. Placeholders [Question] will be replaced with
the real one.

B Detailed Self-Critique Results

Figure 11 shows the difference between uncertainty
and confidence after Self-Critique. The distinctions
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between these two concepts still remain evident
after applying Self-Critique.

Figure 12 displays the performance trajectories
of each model across all six benchmarks. Self-
Critique demonstrates relatively stronger improve-
ments on mathematical reasoning tasks but falls
short on factuality-related tasks, highlighting its
limitations and lack of robustness.

C Benchmark Statistics

For training, we randomly sampled 2K questions
for each benchmark. For testing, we used the
full sets of most benchmarks, except for MATH-
Perturb. Since MATH-Perturb is constructed from
the original MATH dataset, we excluded those de-
rived from the MATH training set to avoid data
leakage. Instead, we only evaluated on perturba-
tions from the MATH test set. Note that the train-
ing regarding math reasoning relied on the original
MATH training set. Table 4 details the question
counts for each benchmark.

Benchmark # Question
TriviaQA 11,313
ComparisonQA 56,696
StrategyQA 229
HotpotQA 7,405
MATH-500 500
MATH-Perturb 230

Table 4: Benchmark statistics: the number of questions
we tested in each benchmark.



Multi-turn Self-Critique prompt using confidence on StrategyQA

You previously answered the following yes/no question, and your responses have gone through one
or more rounds of refinement. Below is the question, your initial response, and all subsequent refined
responses. Now, reassess the question and your previous reasoning, including the initial and all
refined responses. Consider any potential ambiguities, logical steps, or overlooked aspects that could
improve the accuracy of your response and the calibration of your confidence score. Answer the
question and provide a new confidence score.

Question: [Question]

Initial response: [Initial_Responses]

All Previously Refined responses: [All_Previously_Refined_Responses]

Your response should end with ’The refined answer is [your_answer], and the confidence is [confi-
dence_percentage]%’ where [your_answer] is yes or no, and the confidence percentage is a number
between 0 and 100, indicating how sure you are about your refined answer. If you are not sure about
your refined answer, you should give a lower confidence percentage.

Figure 9: The prompt for multi-turn Self-Critique using confidence on StrategyQA. Placeholders [Question],
[Initial_Responses], and [Refined_Responses] will be replaced with the real ones.

Critique generation prompt for LLMs on StrategyQA

Confidence indicates how how sure the student is about his answer. If he is not sure, he should
give a lower confidence percentage. You are a teacher expert in confidence calibration. A student
previously answered a question and provided his confidence score. Please evaluate the calibration
of his confidence score for the question based on his response. If his response is incorrect, the
confidence percentage should be low.

Question: [Question]

Correct Answer: [Correct_Answer]

Facts: [Facts]

Student’s Response: [Student’s_Response]

Using the facts and the correct answer as a reference, assess whether the confidence percentage
is well-calibrated, considering the clarity and strength of the reasoning provided in the student’s
response and also your own knowledge of the question. Is the confidence percentage appropriate, too
high, or too low? Provide a brief explanation of your evaluation, focusing on how well his confidence
aligns with the strength of his reasoning and the context of the question.

Figure 10: The prompt we use to generate confidence calibration critique for LLMs on StrategyQA. Placeholders
[Question], [Correct_Answer], [Facts], and [Student’s_Response] will be replaced with the real ones. For LRMs,
we will add the sentence “Use "</think>" to separate your thinking process and your final response” at the end of
above prompt.
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Figure 11: Mean ECE and AUROC values for each model across the same category of benchmarks, which are taken
the average of across the 5 turns of Self-Critique. The dark bars are the result under uncertainty prompt, and the

light ones are of confidence.
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Figure 12: Multi-turn Self-Critique results on all the six benchmarks. The O iteration means the original response
without Self-Critique. The semi-transparent light gray area represents the average performance of all models with a

one-third standard deviation.
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