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Abstract

Knowing the reliability of a model’s response
is essential in application. With the strong
generation capabilities of LLMs, research has
focused on generating verbalized confidence.
This is further enhanced by combining chain-
of-thought reasoning, which provides logical
and transparent estimation. However, how
reasoning strategies affect the estimated confi-
dence is still under-explored. In this work, we
demonstrate that predicting a verbalized prob-
ability distribution can effectively encourage
in-depth reasoning for confidence estimation.
Intuitively, it requires an LLM to consider all
candidates within the answer space instead of
basing on a single guess, and to carefully as-
sign confidence scores to meet the require-
ments of a distribution. This method shows an
advantage across different models and various
tasks, regardless of whether the answer space
is known. Its advantage is maintained even af-
ter reinforcement learning, and further analy-
sis shows it promotes richer reasoning patterns,
leading to better estimation.

1 Introduction

Despite significant progress on various tasks,
Large Language Models (LLMs, Achiam et al.
2023; Jiang et al. 2023; Yang et al. 2025; Liu et al.
2024; Guo et al. 2025) still inevitably make errors,
preventing their deployment in high-stakes appli-
cations such as healthcare, law, and finance (Jiang
et al., 2012; Bojarski et al., 2016). A promising
solution to this limitation is the development of
well-calibrated confidence estimates, which would
allow LLMs to differentiate between correct and
incorrect answers and produce confidence scores
that match their true empirical accuracy. This ca-
pability is essential for building trustworthy Al
systems. For instance, if an LLM expresses low
confidence in a clinical diagnosis, it could auto-
matically trigger a more careful analysis by a hu-
man physician.

Traditional calibration methods often rely on
the classification probabilities generated by the
model (Guo et al.,, 2017; Kumar et al., 2019).
However, these approaches are primarily designed
for classification tasks and struggle to general-
ize to open-ended text generation. Furthermore,
research (Tian et al.,, 2023) demonstrates that
modern LLMs, particularly those fine-tuned with
Reinforcement Learning from Human Feedback
(RLHF, Ouyang et al. 2022), may sacrifice well-
calibrated predictions to better adhere to user
instructions. To address this, verbalized confi-
dence (Tian et al., 2023; Yang et al.), where a
model expresses its uncertainty directly in natu-
ral language, has been proposed. Nevertheless,
empirical analyses (Xiong et al.; Li et al., 2024)
reveal that this method can suffer from overcon-
fidence and its reliability is often dependent on
model scale.

Inspired by the success of chain-of-thought rea-
soning (Wei et al., 2022), recent work (Zhang and
Zhang, 2025; Yoon et al., 2025; Damani et al.,
2025) has shown that LLMs can reason about their
own uncertainty to produce more accurate confi-
dence estimates. These methods prompt the model
to analyze its own prediction before providing a
confidence score. However, it remains unclear
what constitutes effective reasoning content for
this purpose. To address this gap, we investigate
verbalized probability distribution, which is moti-
vated by the intuition that confidence in a given
prediction should be constrained by the probabili-
ties assigned to alternative options, forming a co-
herent probability distribution. This naturally in-
centivizes more in-depth reasoning than earlier ap-
proaches. By reasoning over the entire space of
possible answers, the LLM can contextualize the
likelihood of its primary prediction by consider-
ing all candidate answers, thereby mitigating the
short-sightedness that leads to overconfidence.

We evaluate our approach on datasets encom-
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Figure 1: An example for illustrating the difference in the three verbalization-based methods.

passing both multiple-choice tasks (with a closed-
set answer space) and open-ended tasks (with
an open-set answer space) across various LLMs.
For multiple-choice, we use MedQA (Jin et al.,
2021), MMLU-Pro (Wang et al., 2024c), and
MedXpertQA (Zuo et al.). For open-ended gen-
eration, we use HotpotQA (Yang et al., 2018)
and MedCaseReasoning (Wu et al., 2025). Re-
sults indicate that verbalized probability distribu-
tion achieves competitive performance on simpler
datasets and significantly outperforms baselines
on more challenging ones, using only training-
free prompting. We further enhance the reasoning
process via reinforcement learning (RL), building
on prior work (Damani et al., 2025). These ex-
periments show that our method converges faster
than baselines and demonstrates robust perfor-
mance on out-of-domain datasets. Finally, we an-
alyze the reasoning patterns produced by different
verbalization-based methods and discuss the limi-
tations of our approach.

2 Preliminary

In this section, we first introduce three
verbalization-based methods (§2.1), then discuss
the prevalent metrics for confidence estimation
(§2.2). Finally, we present the datasets and models
evaluated in this study (§2.3).

2.1 Methods

Verbalization-based approaches use natural lan-
guage reasoning to articulate confidence values.
This paradigm effectively harnesses the reasoning
capabilities of the latest LLMs and is applicable
to black-box models where token probabilities are
inaccessible. Following previous work (Tian et al.,
2023), we introduce Verbalized Confidence and
Verbalized Top-k.

Verbalized Confidence directly prompts an
LLM to reason about both an answer and its con-
fidence score. Verbalized Top-k, in contrast,
prompts the model to produce k guesses alongside
a probability for each. The highest-probability pre-
diction is then selected as the final output. Follow-
ing Tian et al. (2023) and Tao et al. (2024), we set
k = 2 across all experiments. Our empirical re-
sults (Table 5) demonstrate that increasing k does
not lead to substantial improvement.

In this work, we propose Verbalized Probabil-
ity Distribution, a method that prompts LLMs
to reason about a probability distribution over
the entire space of possible answers, thereby en-
couraging a comprehensive confidence quantifica-
tion. While it shares the conceptual similarity
of considering alternatives with Verbalized Top-
k, it is distinguished by its emphasis on reason-
ing over the complete answer space instead of a
fixed number of guesses. A comparison of differ-
ent verbalization-based methods is shown in Fig-
ure 1. For open-ended questions where enumerat-
ing all answers is infeasible, we include a “None
of the above” option to aggregate the probability
of all low-likelihood candidates. We provide used
prompts in the §C. We also include an introduction
to conventional Logit and p(True) methods in §B,
though they are not the main focus of this research.

It is important to note that although the tech-
niques above do not necessarily employ chain-
of-thought (CoT) reasoning, our study focuses
uniquely on challenging reasoning tasks, applying
CoT prompting consistently across all methods.

2.2 Metrics

Following established literature, we evaluate our
method using the Area Under the Receiver Operat-
ing Characteristic curve (AUROC), the Expected



Calibration Error (ECE), and the Brier Score.
These metrics provide complementary views on
model performance.

The AUROC measures a model’s ability to dis-
criminate between positive and negative classes,
independent of the classification threshold. It is
calculated as the area under the plot of the True
Positive Rate (TPR) against the False Positive Rate
(FPR). For a set of n predictions, it can be com-
puted as:

AUROC = Ziti 251 107 > 5 ),

Ny -Nn_

where 57 and s; are the confidence scores for the i-
th positive and j-th negative instance, respectively,
and n, and n_ are the total number of positive and
negative instances.

The ECE quantifies calibration, which is the
alignment between predicted confidence and em-
pirical accuracy. It is computed by grouping pre-
dictions into M bins (By, ..., Bys) based on their
confidence scores:

M
B
ECE = Z M lacc(B,,) — conf(B,,)|,
n

m=1

where acc(B,;,) and conf(B,,,) denote the accuracy
and average confidence within bin B,,,. A key lim-
itation of ECE is that it does not assess a model’s
discriminative power; a model can be perfectly cal-
ibrated yet fail to separate the classes.

To provide a holistic assessment, we also report
the Brier Score, which simultaneously evaluates
both calibration and discrimination. It is defined
as the mean squared error between the predicted
probabilities and the true labels:

1 n
Brier Score = — Z(ﬁi - yi)Z,
n
i=1

where p; is the predicted probability for instance
i and y; € {0, 1} is the corresponding true label.
A lower Brier score indicates better overall perfor-
mance.

2.3 Evaluation Setup

We focus on tasks that require reasoning to predict
the best answer from multiple alternatives, rather
than on simple classification or true/false verifica-
tion. To encompass various scenarios, the tasks
in this work are categorized based on whether the
answer space is closed-set or open-set.

For closed-set tasks, we evaluate three multiple-
choice tasks requiring reasoning: MedQA (Jin
etal., 2021), MMLU-Pro (Wang et al., 2024c), and
MedXpertQA (Zuo et al.). For open-set tasks, we
evaluate two open-ended generation tasks: Hot-
potQA (Yang et al., 2018) and MedCaseReason-
ing (Wu et al., 2025). The medical domain is se-
lected as a suitable and important case study due
to its practical relevance and reasoning-intensive
nature. For evaluation, we use exact match
for closed-set tasks and LLM-as-a-Judge (Zheng
et al., 2023) for open-set tasks to ensure more pre-
cise assessment. Evaluation prompts are provided
in §D.

Our experiments include a diverse set of LLMs
at various scales, encompassing both open-source
models, such as the latest Qwen3 series (Yang
et al., 2025), and more advanced closed-source
models, such as GPT-4.1 (Achiam et al., 2023) and
DeepSeek-V3-0324 (Liu et al., 2024). A detailed
introduction to the datasets and models used in this
study is provided in §A.

3 Experiments

In this section, we first compare various
verbalization-based methods using only prompt-
ing, without fine-tuning the LLMs (§3.1). Next,
we investigate how reinforcement learning (RL)
can improve the reasoning process for confidence
estimation (§3.2). Finally, we examine the mech-
anisms behind predicting a verbalized probability
distribution and discuss the limitations of this ap-
proach (§3.3).

3.1 Training-Free Evaluation

Given the black-box nature of current LLMs and
the high cost of training large-scale models, we
first evaluate various methods in a training-free
setup, as shown in Tables 1. Our analysis yields
the following observations.

Verbalized Probability Distribution improves
confidence estimation while maintaining an-
swer quality Conventional approaches based
on token logits exhibit inconsistent performance
across datasets and LLMs. For example, while
p(True) achieves the best AUROC on open-set
tasks using Qwen3-4B-Instruct, it performs worst
on closed-set tasks when using Qwen3-30B-A3B-
Instruct. These methods also suffer from over-
confidence, often producing confidence scores
above 95% even when their ability to distinguish



Closed-Set Open-Set

ACCT AUROCT Brier] ECE| ACCT AUROCT Brier| ECE]
Qwen3-4B-Instruct 0.553 - - - 0.301 - - -
— + Logit 0.553 0.641 0431 0429 0.301 0.539 0.579  0.580
< + p(True) 0.553 0.558 0.361 0.365  0.301 0.692 0.574  0.578
< + Verbalized Conf. 0.535 0.658 0.426 0425 0.303 0.645 0.609  0.630
< + Verbalized Top-k 0.545 0.655 0.392 0393  0.310 0.640 0.539  0.570
> + Verbalized Distrib. 0.545 0.670 0.247  0.202 0.324 0.681 0.333 0.331
Qwen3-30B-A3B-Instruct  0.638 - - - 0.421 - - -
— + Logit 0.638 0.642 0.349 0348 0421 0.582 0433 0412
< + p(True) 0.638 0.636 0.351 0.351 0.421 0.649 0.511 0.513
< + Verbalized Conf. 0.639 0.656 0.323 0313 0435 0.626 0.512  0.519
> + Verbalized Top-k 0.637 0.645 0.314  0.302  0.444 0.634 0468 0477
< + Verbalized Distrib. 0.635 0.680 0.199 0.171 0434 0.681 0.304 0.274
GPT-4.1 0.714 - - - 0.665 - - -
< + Verbalized Conf. 0.720 0.648 0.263  0.263  0.672 0.679 0.288  0.277
— + Verbalized Top-k 0.713 0.734 0.197  0.178  0.648 0.705 0.240 0.186
< + Verbalized Distrib. 0.714 0.760 0.163 0.136  0.669 0.718 0.210  0.100
DeepSeek-V3 0.652 - - - 0.576 - - -
< + Verbalized Conf. 0.663 0.689 0.264 0241  0.583 0.712 0.301 0.285
< + Verbalized Top-k 0.654 0.707 0.225  0.195  0.558 0.671 0.284  0.242
< + Verbalized Distrib. 0.656 0.733 0.178 0.143 0.573 0.731 0.215  0.094

Table 1: Comparison of confidence estimation methods across various LLMs. The best result for each metric is
highlighted in bold, and the runner-up is underlined. We report detailed results on more models for each specific

task in §G.
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Figure 2: Calibration curves of Qwen3-4B-Instruct on MMLU-Pro when using Verbalized Confidence (Left),
Verbalized Top-k (Mid), and Verbalized Probability Distribution (Right).

correct predictions (high AUROC) remains intact.
Among verbalization-based approaches, Verbal-
ized Confidence displays a similarly high degree
of over-confidence as logit-based methods. How-
ever, this issue is mitigated when using more capa-
ble LLMs, a finding that aligns with prior research.
Verbalized Top-k accelerates the mitigation of
over-confidence and consistently improves calibra-
tion performance. Nonetheless, its effectiveness
remains limited for smaller LLMs and more chal-
lenging tasks. In contrast, Verbalized Probability
Distribution demonstrates significantly better per-
formance on both closed-set and open-set tasks
across all LLMs, while maintaining the competi-
tive performance. Crucially, smaller LLMs gain
more benefits from reasoning verbalized proba-
bility distribution, highlighting the practical util-
ity of this method. The calibration curve in Fig-

ure 2 further illustrates the strong alignment be-
tween predicted confidence and empirical accu-
racy.

Verbalized Probability Distribution stimulated
deeper reasoning in confidence estimation
Figure 3 plots the token consumption of different
methods. We observe that Verbalized Top-k con-
sistently consumes more tokens than Verbalized
Confidence, while Verbalized Probability Distribu-
tion has the highest cost of the three. This val-
idates that the reasoning process is significantly
influenced by user prompts and that deeper think-
ing can improve performance. Using a verbal-
ized probability distribution appears to stimulate
deeper reasoning more effectively. This finding
raises an interesting question: can a longer prompt
with more fine-grained guidance lead to even bet-
ter performance? To investigate this, we imple-
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Figure 3: Averaged token consumption of differ-
ent verbalization-based approaches across MedQA,
MMLU-Pro, and MedXpertQA test set when using
Qwen3-4B-Instruct.
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Figure 4: Brier scores of different methods combined
with answer consistency on MMLU-Pro test set.

mented the long prompt provided in (Damani et al.,
2025). The results, shown in Table 12, demon-
strate that the performance gains stem from the
requirement to predict a distribution, rather
than from more complex instructions.

Verbalized Probability Distribution can be fur-
ther improved through repetitive sampling
Leveraging answer consistency across multiple
reasoning trajectories is an effective way to ob-
tain a more accurate confidence score, albeit at
a significantly higher computational cost (Wang
et al., 2024a; Xiong et al.). We investigate how
verbalization-based approaches can be combined
with this technique when more computational re-
sources are allowed. As shown in Figure 4, we
sample at most 16 reasoning trajectories using a
temperature of 0.8. We follow Wang et al. (2024a)
in using answer frequency as the confidence score
for our baseline. For the verbalization-based ap-

proach, the predicted confidence scores are used as
weights in a weighted aggregation (Xiong et al.).
Specifically, for each unique answer, we sum its
corresponding confidence scores across all predic-
tions. The answer with the highest aggregate score
is selected, and its final confidence score is ob-
tained by normalizing this sum. Results show
that Verbalized Confidence only has competitive
performance with the Baseline, while both Ver-
balized Top-k and Verbalized Probability Distribu-
tion benefit further from multiple sampling. How-
ever, Verbalized Probability Distribution demon-
strates better sample efficiency, achieving a lower
Brier Score with a much smaller sample size N.

3.2 RL Training-Based Evaluation

Recent advances have demonstrated the efficacy
of RL in refining reasoning processes, including
improved confidence estimation (Tao et al., 2024;
Damani et al., 2025). In this section, we in-
vestigate whether RL can further enhance confi-
dence estimation by optimizing a model’s verbal-
ized probability distribution.

In this work, we follow RLCR (Damani et al.,
2025) to implement RL for all verbalization-based
methods, utilizing a reward function that incorpo-
rates both answer accuracy and the Brier Score:

r=y-(p-y?

where p is the predicted confidence and y is the
answer correctness.

Additionally, if the output has formatting
issues—for example, if it does not adhere to the
defined structure—we assign a score of r = —1.
This is particularly relevant for verbalized distribu-
tion predictions, where the confidence scores for
all candidates must sum to 1 to constitute a valid
probability distribution.

We adopt GRPO (Shao et al., 2024) as our
RL algorithm. Following (Damani et al., 2025;
Bereket and Leskovec), we remove the division by
the standard deviation in the advantage calculation,
as this has been shown to mitigate poor calibration.
The detailed training configuration is described
in §A. Our experiments use Qwen3-4B-Instruct,
Llama-3.2-3B-Instruct, and Qwen3-8B-Base. In-
tuitively, the extensively post-trained Qwen3-4B-
Instruct has acquired stronger reasoning skills for
answer prediction, which may also benefit con-
fidence estimation. In contrast, Qwen3-8B-Base
has not undergone instruction tuning, thus may ex-



Closed-Set Open-Set
ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE]
RL from the Llama-3.2-3B-Instruct

CRIVR 03 - - - 92 - - T
RLCR + Conf. 0.379 0.600 0.320  0.308  0.275 0.678 0.289  0.299
RLCR + Top-k 0.371 0.579 0340 0340 0.277 0.709 0.228  0.206
RLCR + Distrib. ~ 0.375 0.602 0.302 0.290 0.286 0.715 0.170  0.094

RL from the Qwen3-4B-Instruct
RLVR 0.564 - - - 0.340 - - -

" RLCR+Conf. 0569 ~ 0.624 ~ 0340 0318 0334 0742 0289 0254
RLCR + Top-k 0.563 0.699 0.283  0.261  0.337 0.752 0213  0.153
RLCR + Distrib. ~ 0.571 0.705 0.228  0.180 0.338 0.748 0.189  0.093

Zero-RL from the Qwen3-8B-Base
RLVR 0.527 - - - 0.342 - - -

"RLCR+Conf. 0529 0672 029 0276 0343 0718 0271 0232
RLCR + Top-k 0.515 0.667 0.240  0.200 0.326 0.717 0.202  0.137
RLCR + Distrib.  0.525 0.680 0219  0.152 0.330 0.725 0.181  0.078

Table 2: Performance of different methods when combined with RL training. Detailed results are reported in §H.
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Figure 5: Comparison of different methods on MedQA test set across different training steps when using Qwen3-
4B-Instruct. Out-of-distribution results on MMLU-Pro are shown in Figure 11.

plore answers in a comparatively less guided man-
ner, relying primarily on knowledge acquired dur-
ing pretraining.

Results are shown in Table 2. We observe the
following conclusions.

The advantage of predicting verbalized proba-
bility distribution is preserved after RL train-
ing Through extensive experience gained during
RL, an LLM may learn an optimal strategy that
works for various prompts. We observe that the
performance improves significantly for all meth-
ods, and the gap between different verbalization-
based methods narrows. However, the overall
trends remain consistent with the training-free
evaluation. The Verbalized Probability Distribu-
tion method maintains its advantage across differ-
ent tasks, especially the more challenging ones.
This is likely due to its better initialization, which
results in faster and smoother convergence, as
shown in Figure 5. This demonstrates that the

choice of prompt used for training confidence
estimation is crucial. It appears difficult for an
LLM to independently discover the optimal rea-
soning strategy through RL alone. An interest-
ing question for future work is whether larger
LLMs with stronger exploration capabilities could
mitigate this issue, though testing this would re-
quire computational resources beyond our current
means.

Training with RL improves performance across
different domains Research (Chu et al.) has
demonstrated that RL is more effective than
supervised fine-tuning at preserving a model’s
cross-domain capabilities.  Echoing previous
work (Damani et al., 2025), we again validate RL’s
strong cross-domain performance on confidence
estimation tasks, regardless of the prompts used.
This is most apparent when comparing results in
Table 8 and 11: although RL does not significantly
improve out-of-domain task accuracy, it consis-



tently enhances the quality of confidence estima-
tion. Using the broader range of topics in MMLU-
Pro, we further examine performance across di-
verse domains in Table 13. Results show unique
advantages of Verbalized Probability Distribution
on both in-domain and out-of-domain tasks, which
again supports the conclusion. Interestingly, the
selection of the training set is crucial for out-
of-domain performance. As shown in Table 11,
training on HotpotQA effectively improves results
on MedCaseReasoning, but the reverse is not true.
This may be due to the different reasoning com-
plexities of these tasks, which results in varying
transfer capabilities across domains.

3.3 Analyses & Discussion

This section provides a deeper analysis of how Ver-
balized Probability Distribution incentives foster
better reasoning strategies for confidence estima-
tion and discusses the limitations of this technique.

Reasoning patterns for confidence estimation
While we have demonstrated that Verbalized Prob-
ability Distribution elicit deeper reasoning and im-
prove confidence scores, the specific mechanisms
behind this improvement remain unclear. To ad-
dress this, we analyze the reasoning traces to de-
termine whether the LLMs exhibit effective rea-
soning behaviors that align with human expecta-
tions. We summarize three criteria indicative of
high-quality reasoning:

* Evidential Strength: The clarity and direct-
ness of the facts and logic used to support the
answer.

* Uncertainty Awareness: The active identifi-
cation of unknowns, assumptions, potential
flaws, and alternative answers within the rea-
soning process.

* Logical Calibration: The alignment between
the confidence score and the underlying bal-
ance of evidence and limitations, leading to
reliable estimates.

Based on these criteria, we employed GPT-5-
mini to rate reasoning traces generated by differ-
ent verbalization-based methods on a scale of 1 to
5. The evaluation prompt is shown in Figure 10.
We activated the model’s thinking mode to obtain
more reliable ratings. The results, presented in Ta-
ble 3, indicate that while all methods enumerate
evidence for their determinations, the Verbalized

ES UA LC Avg
Verbalized Conf. 425 237 226 3.08
Verbalized Top-k 4.00 2.92 1.67 2.86
Verbalized Distrib. 4.57 3.38 3.39 3.78
Verbalized Conf. 273 335 271 293
Verbalized Top-k  2.59 3.25 2.16 2.67
Verbalized Distrib. 3.47 4.23 3.58 3.76

Table 3: Evaluation results across different methods on
200 cases sampled from the MMLU-Pro (Up) and Hot-
potQA (Down) test set. Metric abbreviations: ES (Ev-
idential Strength), UA (Uncertainty Awareness), LC
(Logical Calibration).

ACC1 AUROCT Brier] ECE]
Verbalized Conf. 0.734 0.741 0.240 0.239
— + RLCR 0.737 0.776 0.225 0.229
Verbalized Top-k 0.684 0.774 0.271  0.281
< +RLCR 0.729 0.786 0.196  0.201
Verbalized Distrib. ~ 0.670 0.653 0.298  0.305
— + RLCR 0.740 0.775 0.201 0.205

Table 4: Test results of Qwen3-4B-Instruct on

OlympiadBench.

Confidence approach sometimes fails to acknowl-
edge its own limitations, leading to lower scores
in uncertainty awareness. In contrast, the Ver-
balized Probability Distribution method produces
more logically sound reasoning for deriving confi-
dence scores, earning it the highest rating for logi-
cal calibration. A case study in Figure 12 clearly il-
lustrates that predicting verbalized probability dis-
tributions activates these in-depth reasoning be-
haviors.

It is important to note that the presence of these
reasoning behaviors does not guarantee better con-
fidence estimation. Performance is also influenced
by the quality of the detailed reasoning content,
which is model-dependent and therefore difficult
to evaluate. For instance, although Verbalized Top-
k slightly outperforms Verbalized Confidence on
HotpotQA (Table 11), it receives lower statistical
scores across these behavioral metrics. Neverthe-
less, we believe the clear advantage of Verbalized
Probability Distribution over the other methods
helps explain, at least in part, its final stronger per-
formance.

Limitations of the Verbalized Probability Dis-
tribution The premise of predicting a distribu-
tion is that the LLM is aware of multiple plausible
candidates, and uncertainty can arise from their



indistinguishability. However, for certain tasks,
predicting multiple answers is inherently difficult.
Math reasoning is a typical example: LLMs rea-
son step-by-step to reach a final answer, where
the correctness of each step is usually absolute,
leaving little room for alternative outcomes. This
contrasts sharply with more open-ended tasks like
question answering, where multiple answers can
be plausible for an LLM (e.g., “What was Michael
Jackson’s first album?”’). To validate this, we con-
ducted an experiment on the textual modality por-
tion of the OlympiadBench (He et al., 2024) using
Qwen3-4B-Instruct. The training and evaluation
details are shown in §A. Results in Table 4 show
that both Verbalized Top-k and Verbalized Prob-
ability Distribution suffer significant performance
drop compared to Verbalized Confidence. How-
ever, we demonstrate that RL can largely recover
this performance. Another promising approach is
to automatically select the proper prompting strat-
egy for different tasks, which we leave for future
work.

4 Related Work

Early research on model confidence primarily
focused on traditional classification tasks, often
by adjusting the logits from the classification
head (Gupta et al.). Pioneering techniques such
as Histogram Binning (Zadrozny and Elkan, 2001)
and Platt Scaling (Platt et al., 1999) were devel-
oped for binary classification. An extension for
multi-class settings is Temperature Scaling (Guo
et al., 2017), which uses a single scalar parameter
to adjust the softmax distribution.

With the advent of LLMs, the research
paradigm has shifted toward confidence estima-
tion through prompting. For instance, Kadavath
et al. (2022) demonstrated that LLMs can pro-
duce well-calibrated confidence scores by prompt-
ing them for a true/false determination. In re-
sponse to the black-box nature of many LLM ser-
vices, where token probabilities and internal rep-
resentations are inaccessible, verbalization-based
approaches have emerged as an effective solution.
For example, Tian et al. (2023) found that hav-
ing the model generate its confidence in natural
language yields better calibration. A similar tech-
nique involves generating linguistic expressions
(e.g., “highly likely”) and has shown comparable
performance (Lin et al.; Tian et al., 2023). Xiong
et al. further enhanced this method by aggregat-

ing scores from repetitive sampling. The study
most closely related to our work is (Wang et al.,
2024b), which was the first to investigate verbal-
ized probability distributions. However, it is lim-
ited to closed-set tasks and its performance rela-
tive to other verbalization-based methods remains
unclear.

The aforementioned studies have been pre-
dominantly evaluated on simple classification or
question-answering tasks. Recent work has ex-
tended this inquiry to more complex domains,
finding that chain-of-thought reasoning can im-
prove confidence scores (Yoon et al., 2025; Devic
et al., 2025; Mei et al., 2025). Unlike previous
work (Azaria and Mitchell, 2023) that used an ex-
ternal classifier to predict confidence scores from
intermediate states, this approach is also transpar-
ent, clearly showing how the score is estimated.
Notably, Damani et al. (2025) trained LLMs using
RL to generate reasoning processes specifically
for confidence estimation. Despite these advances,
the characteristics of an effective rationale remain
undefined. Our work partially addresses this gap
by comparing verbalization-based methods, high-
lighting the critical role of probability distribution
prediction.

Several concurrent studies are also remotely rel-
evant: Zhang et al. (2025) proposed verbalized
sampling to generate diverse responses, while Li
et al. (2025) used verbalized probability distri-
butions for preference rating. In contrast, our
work focuses specifically on confidence estima-
tion across a variety of tasks, positioning it as a
complementary contribution to this field.

5 Conclusion

This work investigates confidence estimation
through reasoning using verbalized probability dis-
tribution prompting. Our results show that this
method incentivizes more in-depth analysis and
produces better confidence scores, which is partic-
ularly beneficial for smaller LLMs and challeng-
ing tasks. These gains are maintained under RL
training. Further analysis indicates that predicting
verbalized probability distributions produces rea-
soning patterns more closely aligned with human
expectations. However, we also find that prompt
effectiveness varies by task, suggesting that future
research should focus on automatic prompt selec-
tion or optimization for robust and generalizable
confidence estimation.



Limitations

As discussed in §3.3, the effectiveness of
verbalization-based methods may vary across
tasks. Although we demonstrate that RL can ad-
dress this issue, it cannot be directly applied via
simple prompting to existing LLMs that lack spe-
cific RL training. Flexibly selecting prompting
strategies based on task features presents a promis-
ing alternative, but it is non-trivial to automati-
cally identify these features and understand their
influence on confidence estimation strategies. An-
other limitation is that predicting verbalized prob-
ability distributions consumes more tokens during
reasoning. This study does not explore efficient
reasoning methods for confidence estimation. Re-
lated work on mathematical reasoning has success-
fully used RL techniques, such as length penalty
rewards (Team et al., 2025; Yeo et al.), to improve
efficiency. While a similar approach could be ap-
plied here, its effectiveness remains to be verified.
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A Detailed Setup

Datasets. The tasks used in this work are catego-
rized based on whether the answer space is closed-
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set or open-set. For the closed-set tasks, we eval-
uate three multiple-choice tasks requiring reason-
ing: MedQA (Jin et al., 2021), MMLU-Pro (Wang
et al., 2024c), and MedXpertQA (Zuo et al.). The
test sets comprise 1,273, 12,032, and 2,450 in-
stances, respectively. MedQA and MedXpertQA
are both medical benchmarks, with the latter be-
ing notably more difficult. MMLU-Pro offers a
comprehensive evaluation across diverse domains,
such as physical, business, and law. For the open-
set tasks, we employ HotpotQA (Yang et al., 2018)
and MedCaseReasoning (Wu et al., 2025). Hot-
potQA focuses on multi-hop question answering,
while MedCaseReasoning comprises clinical diag-
nosis cases. We utilize the distractor subset of
HotpotQA, from which we sample 1,000 test in-
stances. No supporting facts are provided, because
we notice this is too simple for recent LLMs. Re-
garding MedCaseReasoning, we filter the dataset
to include only 644 instances that are solvable by
the GPT-5, as the original set contains many cases
that are prohibitively difficult for most LLMs.

We use accuracy to evaluate performance across
all datasets. For closed-set tasks, we compute ac-
curacy using an exact match. For open-set tasks,
we employ LLM-as-a-Judge (Zheng et al., 2023)
to compare the prediction against the ground truth.
As the ground truth is given, this task can be
easily handled even for open-source small LLMs.
We consistently adopt Qwen3-30B-A3B-Instruct
for evaluation. Evaluation prompts are presented
in §D. For the math reasoning task involved in
§3.3, the correctness of an answer is verified with
Math-Verify!.

Models. Our evaluation encompasses a diverse
set of LLMs of varying scales. This in-
cludes the latest models from the Qwen3 se-
ries (Qwen3-4B-Instruct-2507 and Qwen3-30B-
A3B-Instruct-2507, Yang et al. 2025), the es-
tablished Mistral-3.2-24B-Instruct (Jiang et al.,
2023), and the medical-specific Baichuan-M2-
32B-GPTQ-INT4 (Dou et al., 2025). We also
tested Llama-3.2-3B-Instruct. However, due to its
limited capability, this model often fails to follow
output format instructions. Therefore, we only
evaluated it within the RL training setting. Fur-
thermore, we tested more advanced closed-source
models, including GPT-4.1 (Achiam et al., 2023)
and DeepSeek-V3-0324 (Liu et al., 2024). We
also evaluated recent LLMs capable of performing

Thttps: //github.com/huggingface/Math-Verify


https://github.com/huggingface/Math-Verify

long chain-of-thought (CoT) reasoning, such as
the open-sourced Qwen3-4B-Thinking-2507 and
the closed-sourced GPT-5-Mini. Due to the high
cost associated with querying APIs for closed-
source LLMs, we evaluated these models on a ran-
dom sample of up to 1,000 instances per dataset.

Training. Our training is based on the prevalent
veRL framework (Sheng et al., 2024). During the
rollout phase, we sample 512 instances, generat-
ing 8 rollouts for each with a temperature of 1. For
the policy update phase, we use 128 instances and
their corresponding rollouts, with a learning rate
of 1x107°. This configuration results in 4 training
steps per rollout step, balancing the efficiency of
the rollouts with the preservation of the on-policy
nature of the algorithm. For the math reasoning
task, following prior work (Zeng et al., 2025), we
adopt the MATH dataset (Hendrycks et al.) for
RL training. Due to the already strong perfor-
mance of Qwen3-4B-Instruct on MATH, to en-
sure training efficacy on challenging problems, we
filter the dataset to include only instances where
the model fails in at least one of four sampled re-
sponses (Team et al., 2025). This yields a final set
of 2,359 training instances.

B Conventional Methods

We introduce two conventional yet representa-
tive methods that use the model’s generated to-
ken probabilities as confidence scores: Logit and
p(True) (Kadavath et al., 2022).

The Logit method calculates confidence from
the token probabilities that constitute the predicted
answer. Formally, given an input x, a model re-
sponse ¥ is sampled from an LLM. This response
comprises a reasoning process r and a predicted
answer d = (dy,d,,...,dr), where L = |d|. The
confidence score is the product of the conditional
probabilities for each token:

L
Confiogi = [ | P(as | x,r,a<).

t=1

The p(True) method prompts the model to eval-
uate its own generated response, $. The confi-
dence score is the probability the model assigns
to generating the token “True” in response to the
judgment prompt p:

Confytruey = P(“True” | x, 9, p).
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Prompt for Verbalized Confidence

Question: [Question]

Reason step-by-step to formulate your final
answer. Your answer must be a single entity, a
short phrase, or a yes/no. Then, reason about the
confidence in your answer. Conclude by providing
a JSON object that states the final answer and your
estimated confidence in it:

"final_answer"”: "Your final answer”,
"confidence”: "0-1"

}

Figure 6: The prompt for the Verbalized Confidence
method for HotpotQA.

Prompt for Verbalized Top-k

Question: [Question]

Reason step-by-step to formulate 2 best guesses and
probability that each is correct. Each answer must
be a single entity, a short phrase, or a yes/no. Your
final output must be a JSON array:

L

{
"candidate”: "first most likely answer”,
"confidence”: "0-1"

}!

{
"candidate"”: "second most likely answer”,
"confidence”: "0-1"

3

]

Figure 7: The prompt for the Verbalized Top-k method
for HotpotQA.

C Prompts for Verbalization-Based
Methods

We summarize the instructions for verbalization-
based methods: Verbalized Confidence (Figure 6),
Verbalized Top-k (Figure 7), and Verbalized Prob-
ability Distribution (Figure 8).

D Evaluation Prompts

This section summarizes the evaluation prompts,
which comprise a prompt for judging the correct-
ness of a prediction against the gold answer (Fig-
ure 9) and a prompt for scoring reasoning patterns
(Figure 10).



Prompt for Verbalized Probability Distribution

Question: [Question]

Reason step-by-step to formulate your answer.
You may propose multiple possible answers (fewer
than five). Each answer must be a single entity, a
short phrase, or a yes/no. Always include "None
of the above" as a possible answer. Reason about
the confidence in each possible answer. Your final
output must be a JSON array where the confidence
scores form a probability distribution (they must

sum to 1.0):
L
{
"candidate”: "Candidate 1",
"confidence”: "0-1"
}!
{
"candidate”: "Candidate 2",
"confidence”: "0-1"
}!
{
"candidate”: "None of the above”,
"confidence”: "0-1"
}
1

Figure 8: The prompt for the Verbalized Probability
Distribution method for HotpotQA.

Evaluation Prompt for Verification

Question: [Question]

Ground Truth: [Gold_Answer]

Prediction: [Predicted_Answer]

Is the prediction correct? You must answer “yes” or
“no” only.

Figure 9: The prompt for evaluating the correctness of
a predicted answer for HotpotQA.

E The Choice of k for Verbalized Top-k

Following previous work (Tian et al., 2023; Tao
etal., 2024), we adopt k£ = 2 in the main text. Tian
et al. (2023) experimented with k = 2 and 4, show-
ing that increasing k does not consistently improve
performance. To further validate this finding, we
experiment with different values of kK on MMLU-
Pro, as shown in Table 5. Our results demonstrate
that different values of &k yield competitive perfor-
mance.

F The Quality of the Full Probability
Distribution

In the main text, we follow common practice by
evaluating models based on a single final answer

ACCT AUROCT Brier| ECE]|
Qwen3-4B-Instruct 0.720 - - -
< + Verbalized Top-2  0.716 0.772 0236  0.230
< + Verbalized Top-4  0.712 0.743 0.240  0.233
< + Verbalized Top-x  0.695 0.749 0.231 0.216

Table 5: Results of Verbalized Top-k when using differ-
ent k on MMLU test set. x is the exact option number
of the corresponding question.

MedQA MMLU-Pro  MedXpertQA
Verbalized Distrib. 0.387 0.452 1.190
— +RLCR 0.347 0.435 1.124

Table 6: Multi-Label Brier Scores of Qwen3-4B-
Instruct on MedQA, MMLU-Pro, MedXpertQA test
sets.

derived from the Verbalized Probability Distribu-
tion. Our RL reward function is also designed to
align with this objective. In this section, we further
assess the quality of the entire predicted distribu-
tion using the Multi-Brier score (ranging from 0
to 2). A lower score denotes better performance.
As shown in Table 6, RL improves the calibration
of the full distribution, not just the probability as-
signed to the final answer.

G Detailed Results of Training-Free
Experiments

Table 7 and Table 8 present the detailed results
for the training-free evaluation of various LLMs
across specific tasks. These results are consistent
with the findings in the main text, showing that the
Verbalized Probability Distribution method typi-
cally ranks as the best or runner-up across confi-
dence estimation metrics. Results for LLMs ca-
pable of long chain-of-thought (CoT) reasoning
are shown separately in Table 9. We observe that,
in most cases, directly using long CoT reasoning
hurts confidence estimation performance. This un-
derscores the importance of the specialized train-
ing explored in our RL experiments. Nevertheless,
these results still demonstrate the overall effective-
ness of the Verbalized Probability Distribution ap-
proach.

H Detailed Results of RL Training
Experiments

Table 10 and 11 present the training results of var-
ious LLMs on each task. The findings largely
validate the effectiveness of the Verbalized Prob-
ability Distribution approach, achieving compet-



Evaluation Prompt for Reasoning Patterns

You will be provided with three reasoning processes (Method A, B, and C) that each culminate in a final answer and
a confidence score. Your task is to evaluate the quality of the confidence estimation process itself, independent of
whether the final answer is correct.

Scoring Instructions:

For each method, you must assign a score from 1 to 5 (where 1 is Poor and 5 is Excellent) for the following three
criteria:

« Evidential Strength: The clarity and directness of the facts and logic used to support the answer.

* Uncertainty Awareness: The active identification of unknowns, assumptions, potential flaws, and alternative
answers within the reasoning process.

* Logical Calibration: The alignment between the confidence score and the underlying balance of evidence and
limitations, leading to reliable estimates.

Output Format:
First analyse each reasoning process carefully and finally provide a single, valid JSON dictionary. Use the following
structure:

{
"Method A": {
"Evidential Strength": <score>,
"Uncertainty Awareness”: <score>,
"Logical Calibration”: <score>

}7

"Method B": {
"Evidential Strength”: <score>,
"Uncertainty Awareness”: <score>,
"Logical Calibration”: <score>

}’

"Method C": {
"Evidential Strength”: <score>,
"Uncertainty Awareness”: <score>,
"Logical Calibration”: <score>

}

}

Remember to base your scores solely on the process of estimating confidence, not on the accuracy of the final answer.

Figure 10: The prompt for evaluating the quality of a reasoning process from different perspectives.
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MedQA MMLU-Pro MedXpertQA

ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE] ACCT AUROCT Brier] ECE]

Qwen3-4B-Instruct 0.764 - - - 0.720 - - - 0.176 - - -
— + Logit 0.764 0.675 0.223  0.219  0.720 0.744 0.261  0.259  0.176 0.505 0.810  0.808
> + p(True) 0.764 0.642 0215  0.199  0.720 0.535 0334 0.323  0.176 0.497 0.534  0.572
< + Verbalized Conf. 0.735 0.663 0.238  0.224 0711 0.764 0.250 0.243  0.160 0.548 0.789  0.808
— + Verbalized Top-k 0.749 0.675 0.207 0.181 0.716 0.772 0.236  0.230  0.169 0.518 0.733  0.768
> + Verbalized Distrib. 0.756 0.672 0.173  0.044  0.707 0.773 0.174  0.091 0.172 0.564 0395 0472

Qwen3-30B-A3B-Instruct 0.869 - - - 0.797 - - - 0.247 - - -
— + Logit 0.869 0.683 0.123  0.121  0.797 0.734 0.191  0.190  0.247 0.508 0.734  0.732
<~ + p(True) 0.869 0.713 0.127  0.127  0.797 0.684 0.191  0.189  0.247 0.510 0.734  0.736
< + Verbalized Conf. 0.866 0.679 0.117  0.088  0.794 0.724 0.179  0.162  0.258 0.565 0.672  0.689
— + Verbalized Top-k 0.870 0.655 0.112  0.072  0.790 0.755 0.172  0.152  0.252 0.525 0.658  0.683
< + Verbalized Distrib. 0.867 0.680 0.118  0.096 0.786 0.777 0.140  0.059 0.251 0.582 0339  0.359

Mistral-3.2-24B-Instruct 0.789 - - - 0.666 - - - 0.200 - - -
— + Logit 0.789 0.697 0.194  0.196  0.666 0.658 0.299  0.294  0.200 0.526 0.753  0.763
< + p(True) 0.789 0.777 0.147  0.083  0.666 0.735 0.196  0.092  0.200 0.539 0.520  0.576
< + Verbalized Conf. 0.780 0.666 0.165  0.099 0.648 0.700 0.263  0.242  0.181 0.536 0.640  0.695
> + Verbalized Top-k 0.780 0.705 0.158  0.047  0.657 0.721 0.229  0.180  0.186 0.556 0.514  0.600
< + Verbalized Distrib. 0.785 0.699 0.155  0.052  0.659 0.723 0209  0.129  0.200 0.549 0.390 0.444

Baichuan-M2-32B-GPTQ-INT4  0.823 - - - 0.709 - - - 0.207 - - -
— + Logit 0.823 0.665 0.176 ~ 0.176  0.709 0.560 0.287  0.288  0.207 0.481 0.788  0.789
< + p(True) 0.823 0.644 0.140 0.078  0.709 0.520 0248  0.151  0.207 0.459 0.570  0.617
~— + Verbalized Conf. 0.829 0.656 0.130  0.043 0.701 0.739 0.203  0.147  0.211 0.516 0.608  0.660
< + Verbalized Top-k 0.791 0.704 0.151  0.029  0.700 0.720 0210  0.156  0.187 0.509 0.526  0.607
< + Verbalized Distrib. 0.814 0.700 0.161  0.148  0.698 0.734 0.185 0.070  0.207 0.539 0.303  0.345

GPT-4.1 0.936 - - - 0.808 - - - 0.397 - - -
< + Verbalized Conf. 0.936 0.679 0.059  0.053  0.806 0.715 0.172  0.172 0417 0.551 0.559  0.564
<~ + Verbalized Top-k 0.939 0.822 0.052  0.041 0.796 0.798 0.141  0.092  0.404 0.583 0.399  0.402
— + Verbalized Distrib. 0.940 0.812 0.056 0.073  0.802 0.812 0.124  0.045  0.400 0.656 0.309  0.290

DeepSeek-V3 0.880 - - - 0.770 - - - 0.307 - - -
< + Verbalized Conf. 0.888 0.750 0.080  0.029 0.788 0.769 0.162  0.120 0.313 0.548 0.542  0.573
— + Verbalized Top-k 0.882 0.796 0.080 0.044 0.771 0.776 0.151  0.074  0.309 0.550 0434  0.467
< + Verbalized Distrib. 0.883 0.807 0.097 0.096  0.788 0.817 0.135  0.059 0.297 0.574 0302 0.275

Table 7: Comparison of training-free approaches on MedQA, MMLU-Pro, and MedXpertQA test sets.

itive accuracy while yielding superior scores in
confidence estimation metrics. One exception is
the Qwen3-8B-Base model on out-of-distribution
MedCaseReasoning, which shows relatively lower
accuracy. This may be attributed to the fact that
this model has not undergone post-training, cou-
pled with a discrepancy between learning to pre-
dict a probability distribution and learning to se-
lect a single best answer. For instance, we observe
that multiple candidates within a given distribution
often receive the same confidence score, indicat-
ing that the model has not learned to adequately
distinguish the most likely option, which affects
the final evaluation. This suggests that more di-
verse training domains or adjusted training objec-
tives could be important for better balancing an-
swer prediction and confidence estimation. De-
spite this, our method maintains strong overall per-
formance in most cases, which aligns with the con-
clusions drawn in the main text.

I Experiment Results with a More
Complex Prompt

Table 12 presents the results obtained using a more
complex prompt from (Damani et al., 2025). This
prompt incorporates fine-grained guidance, such
as considering alternative approaches and enumer-
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ating plausible uncertainties. Contrary to what
might be expected, this complexity did not yield
a performance improvement. This finding rein-
forces that our performance gain is attributable to
the requirement for probability distribution predic-
tion.

J Case Study

Figure 12 presents a case from the MMLU-Pro
test set, demonstrating that the Verbalized Prob-
ability Distribution provides more in-depth confi-
dence analyses. This method carefully evaluates
the confidence of each option and assigns proba-
bilities through computation and verification. This
rigorous process likely leads to the improved final
confidence scores.



HotpotQA MedCaseReasoning
ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE]|

Qwen3-4B-Instruct 0.303 - - - 0.298 - - -
+ Logit 0.303 0.586 0.639  0.647  0.298 0.492 0.519  0.513
+ p(True) 0.303 0.733 0487 0490  0.298 0.651 0.661 0.665
+ Verbalized Conf. 0.290 0.642 0.632  0.647 0.315 0.647 0.585  0.612

+ Verbalized Top-k 0.319 0.656 0.550  0.572 0301 0.623 0.527  0.568
+ Verbalized Distrib. 0.336 0.714 0336 0.322 0311 0.648 0.330  0.340

s
[N
[N
[N
sy
Qwen3-30B-A3B-Instruct  0.437
PN
PN
PN
PN
oy

- - — 0404 - - -
+ Logit 0437 0596 0485 048 0404 0567 0381 0338
+ p(True) 0437 0702 0460 0462 0404 0595 0561 0563
+ Verbalized Conf. 0426 0664 0518 0526 0443 0587 0506 0512

+ Verbalized Top-k 0.439 0.684 0463 0474  0.449 0.583 0.472  0.480
+ Verbalized Distrib. 0.438 0.689 0318 0.295 0429 0.673 0.289  0.252

GPT-4.1 0.686 - - - 0.644 - - -

< + Verbalized Conf. 0.679 0.728 0291 0290  0.665 0.629 0284  0.263
< + Verbalized Top-k 0.673 0.755 0.232  0.206  0.623 0.654 0.248  0.165
< + Verbalized Distrib. 0.682 0.772 0208 0.170  0.655 0.663 0.211  0.030

DeepSeek-V3 0.583 - - - 0.568 - - -

< + Verbalized Conf. 0.591 0.750 0293  0.287  0.575 0.673 0.308  0.283
> + Verbalized Top-k 0.572 0.698 0276 0241  0.543 0.644 0292 0.242
< + Verbalized Distrib. 0.594 0.777 0203 0.116  0.551 0.684 0.227  0.071

Table 8: Comparison of training-free approaches on HotpotQA and MedCaseReasoning test set.

MedQA MMLU-Pro MedXpertQA
ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE]

Qwen3-4B-Thinking 0.762 - - - 0.722 - - - 0.168 - - -

< + Verbalized Conf. 0.765 0.615 0.197  0.165 0.723 0.685 0.228  0.207  0.170 0.511 0.713  0.755
< + Verbalized Top-k 0.777 0.718 0.174  0.121  0.711 0.780 0.209 0.188  0.176 0.513 0.636  0.698
< + Verbalized Distrib. ~ 0.770 0.698 0.163  0.036 0.710 0.774 0.181  0.128  0.168 0.539 0.497  0.584

GPT-5-mini 0.948 - - 0.801 - - - 0.445 - - -

< + Verbalized Conf. 0.944 0.835 0.048  0.042  0.805 0.783 0.145  0.099  0.445 0.603 0.419  0.425
< + Verbalized Top-k 0.951 0.861 0.046 0.086 0.818 0.808 0.123  0.062  0.437 0.597 0.358  0.345
< + Verbalized Distrib. ~ 0.941 0.862 0.051  0.081 0.812 0.820 0.120  0.043  0.433 0.624 0.280  0.211

HotpotQA MedCaseReasoning Average
ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE|

Qwen3-4B-Thinking 0.299 - - - 0.317 - - - 0.454 - - -

< + Verbalized Conf. 0.317 0.765 0.333  0.385 0.315 0.639 0.509 0546  0.458 0.643 0396 0412
< + Verbalized Top-k 0.330 0.776 0.376 0432  0.309 0.659 0426 0471  0.461 0.689 0.364  0.382
< + Verbalized Distrib. ~ 0.317 0.781 0203  0.169  0.290 0.662 0.356 0.394 0451 0.691 0.280  0.262

GPT-5-mini 0.669 - - - 0.725 - - - 0.718 - - -

< + Verbalized Conf. 0.682 0.840 0.155 0.084 0.720 0.737 0.192 0.120 0.719 0.760 0.192  0.154
< + Verbalized Top-k 0.659 0.870 0.174  0.137  0.702 0.702 0.195  0.084 0.713 0.768 0.179  0.143
< + Verbalized Distrib. ~ 0.668 0.862 0.151  0.082 0.691 0.723 0.196  0.103  0.709 0.778 0.160  0.104

Table 9: Results on LLMs capable of long chain-of-thought reasoning.

MedQA MMLU-Pro MedXpertQA
ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE]
RL from the Llama-3.2-3B-Instruct Model

RLCR + Conf. 0.640 0.664 0.221  0.100  0.362 0.633 0315 0289  0.134 0.502 0423 0536
RLCR + Top-k 0.630 0.626 0.238  0.131  0.353 0.622 0335 0323 0.129 0.488 0.448  0.566
RLCR + Distrib. ~ 0.618 0.652 0235 0.125 0.373 0.639 0290 0.252 0.133 0.514 0.382  0.492

RLCR + Conf. 0.788 0.672 0.160  0.091 0.713 0.668 0214 0.174  0.207 0.532 0.646  0.688
RLCR + Top-k 0.781 0.762 0.159  0.046  0.713 0.801 0.191  0.155 0.194 0.534 0499  0.581
RLCR + Distrib. ~ 0.795 0.763 0.141  0.038 0.715 0.800 0.159  0.052 0.204 0.551 0.384  0.451

RLCR + Conf. 0.775 0.725 0.155  0.047  0.650 0.746 0225 0174  0.162 0.544 0.508  0.607
RLCR + Top-k 0.747 0.722 0.169  0.058  0.639 0.750 0.199  0.084  0.160 0.528 0353  0.458
RLCR + Distrib. ~ 0.765 0.733 0.158  0.053  0.639 0.757 0.187  0.018 0.171 0.551 0312  0.386

Table 10: Comparison of RL training-based approaches on MedQA, MMLU-Pro, and MedXpertQA test set.
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HotpotQA MedCaseReasoning
ACCT AUROCT Brier] ECE| ACCT AUROCT Brier] ECE]
RL from the Llama-3.2-3B-Instruct Model

RLCR + Conf. 0.368 0.779 0.196  0.125  0.182 0.577 0.381 0473
RLCR + Top-k 0.370 0.773 0.187  0.063  0.183 0.644 0.268  0.348
RLCR + Distrib. ~ 0.397 0.784 0.186 0.068 0.175 0.645 0.153  0.119

RL from the Qwen3-4B-Instruct Model

RLCR + Conf. 0.345 0.838 0.156  0.054  0.322 0.646 0.421 0454
RLCR + Top-k 0.362 0.827 0.160  0.045 0312 0.677 0.265  0.260
RLCR + Distrib. ~ 0.358 0.851 0.147  0.029 0318 0.644 0.230  0.156

RLCR + Conf. 0.422 0.794 0.177  0.040  0.264 0.642 0.364  0.423
RLCR + Top-k 0.413 0.806 0.176  0.047  0.239 0.627 0.228  0.226
RLCR + Distrib. ~ 0.415 0.808 0.172  0.039  0.245 0.642 0.189  0.116

RL from Qwen3-4B-Instruct using MedCaseReasoning training set

RLVR 0299 - - - - 035 0 - - =
RLCR + Conf. 0.282 0.616 0.558 0.582 0.370 0.619 0.359 0.355
RLCR + Top-k 0.337 0.705 0.436 0.475 0.345 0.646 0.279 0.257

RLCR + Distrib. ~ 0.334 0.728 0279 0244 0357 0.658 0.227  0.104

Table 11: Comparison of RL training-based approaches on HotpotQA and MedCaseReasoning test set.

HotpotQA MedCaseReasoning
ACCT AUROC?T Brier] ECE|] ACCT AUROC?T Brier| ECE]
Qwen3-4B-Instruct 0.297 0.739 0.433 0455 0283 0.656 0.544  0.588
— +RLCR 0.332 0.799 0.168  0.051 0310 0.665 0.319  0.339
Qwen3-30B-A3B-Instruct ~ 0.433 0.659 0455 0464 0396 0.612 0.489  0.498
GPT-4.1 0.665 0.745 0.297 0301  0.596 0.647 0.354  0.349
DeepSeek-V3-0324 0.558 0.744 0.285 0268  0.523 0.624 0.358  0.343

Table 12: Results on HotpotQA and MedCaseReasoning test set using the long prompt from (Damani et al., 2025).
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Figure 11: Comparison of different metrics on randomly sampled 2,048 MMLU-Pro test set across different train-
ing steps when using Qwen3-4B-Instruct during RL training.

In-Domain (Medical) Out-of-Domain
Hith  Bio Chem Psych Bus CS Econ Eng Hist Law Math Oth  Phil Phys
Prob. 0.318 0.130 0.127 0302 0.172 0.215 0200 0.240 0.447 0.580 0.072 0.387 0.400 0.145
_RL+Prob. 0260 0.136 0.111 0239 0.154 0.207 0.186 0.199 0341 0512 0.071 0321 0299 0.124
Top-k 0.289 0.142 0.127 0.252 0.175 0.210 0.196 0.256 0.393 0.559 0.074 0.343 0.339 0.134
_RL+Top-k 0230 0.121 0.114 0.199 0.143 0.166 0.164 0218 0316 0408 0.064 0270 0288 0.118
Distrib. 0211 0.122 0.123 0.195 0.131 0.192 0.160 0.190 0.271 0.322 0.066 0.240 0.240 0.118

RL + Distrib.  0.190 0.116 0.117 0.168 0.128 0.171 0.141 0.172 0.231 0.297 0.067 0.211 0.224 0.110

Table 13: Brier Score performance on In-Domain (Medical) vs Out-of-Domain tasks from the MMLU-Pro test set.
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Case study on MMLU-Pro

Question: Typical advertising regulatory bodies suggest, for example that adverts must not: encourage
unnecessary or , and must not cause offence.

Options: A. Safe practices, Fear, Jealousy, Trivial B. Unsafe practices, Distress, Joy, Trivial C. Safe practices, Wants,
Jealousy, Trivial D. Safe practices, Distress, Fear, Trivial E. Unsafe practices, Wants, Jealousy, Serious F. Safe practices,
Distress, Jealousy, Serious G. Safe practices, Wants, Fear, Serious H. Unsafe practices, Wants, Fear, Trivial I. Unsafe
practices, Distress, Fear, Serious

, cause

Verbalized Confidence:

Let’s solve this step by step. ... The reasoning is based on standard advertising regulation principles. The combination
of "unsafe practices", "distress", "fear", and "serious offence" is well-documented in regulatory guidelines. No other
option fits all parts correctly. Therefore, I am highly confident.

Final Answer:

{"final_answer”: "I", "confidence”: ©.98}

Verbalized Top-k:

Let’s analyze the question step by step: ... Final decision: Best: I Second: H (with lower confidence due to "wants")
But "wants" is not typically regulated. After re-evaluation, the only option that makes sense is I. Thus, second best
might be B but "joy" is not a negative. No. Therefore, I conclude: Best: I Second: None strong but if forced, perhaps
H. But let’s go with: - I: 0.95 - H: 0.35 (due to "wants" being out of place) Alternatively, perhaps the original intended
answer is L.

Final Answer:

L
{"option”: "I", "confidence"”: 0.95},
{"option”: "H", "confidence"”: @.35}

]

Verbalized Probability Distribution:

Let’s analyze the question step by step: ... 1. I — Strongly correct — High confidence 2. E — Close, but “wants
is not a standard concern — Medium confidence 3. H — “wants” is problematic — Medium-low confidence 4. B
— “joy” is wrong — Low confidence 5. D, F, G, C, A — contain “safe practices” — Wrong direction — Very low
confidence 6. All others — flawed in key points — Very low

Step 5: Assign Confidence Scores (must sum to 1.0) I: 0.60 E: 0.15 H: 0.10 B: 0.05 Others (A, C, D, F, G): 0.00 (too
wrong) Wait we must assign to all options. Total: 1.0 Better distribution: I: 0.60 E: 0.15 H: 0.10 B: 0.05 A, C, D, F, G:
0.05 each — sum = 0.05 X 5 = 0.25 — total = 0.60 + 0.15 + 0.10 + 0.05 + 0.25 = 1.15 — too high. Adjust: I: 0.60 E:
0.15H:0.10 B: 0.05 A, C, D, F, G: 0.05 each — 0.05 x5 =0.25 — total =0.60 + 0.15+0.10 +0.05+0.25 = 1.15 —
still over. So reduce the others: Better: I: 0.60 E: 0.15 H: 0.10 B: 0.05 A: 0.02 C: 0.02 D: 0.02 F: 0.02 G: 0.02 Sum:
0.60 + 0.15 = 0.75; +0.10 = 0.85; +0.05 = 0.90; +0.02 x 5 = 0.10 — total = 1.00. Yes.

Final Confidence Scores: A: 0.02 B: 0.05 C: 0.02 D: 0.02 E: 0.15 F: 0.02 G: 0.02 H: 0.10 I: 0.60 Wait H is better
than B. Let’s reassess. Actually, H has “unsafe practices, wants, fear, trivial” “wants” is weak, “trivial” is weaker than
“serious”. E has “serious offence” better than trivial. So I is best. H: “fear” is good, “wants” is bad — lower than E.
So better to give: I: 0.60 E: 0.15 H: 0.10 B: 0.05 A: 0.02 C: 0.02 D: 0.02 F: 0.02 G: 0.02 Sum: 0.60 + 0.15 + 0.10 +
0.05+0.02%x5=0.60+0.15+0.10+0.05+0.10 = 1.00 Yes.

Final Answer:

L
{"option”: "A", "confidence": "0.02"},
{"option”: "B", "confidence”: "0.05"},
{"option”: "C", "confidence": "0.02"},
{"option"”: "D", "confidence": "0.02"},
{"option”: "E", "confidence": "0.15"},
{"option”: "F", "confidence": "0.02"},
{"option”: "G", "confidence": "0.02"},
{"option”: "H", "confidence”: "0.10"},
{"option”: "I", "confidence”: "0.60"}

2

Figure 12: A test case from the MMLU-Pro test set, comparing different verbalization-based methods.
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