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Abstract

Improving the reasoning abilities of large lan-
guage models (LLMs) has largely relied on it-
erative self-training with model-generated data.
While effective at boosting accuracy, existing
approaches primarily reinforce successful rea-
soning paths, incurring a substantial calibra-
tion cost: models become overconfident and
lose the ability to represent uncertainty. This
failure has been characterized as a form of
model collapse in alignment, where predictive
distributions degenerate toward low-variance
point estimates. We address this issue by re-
framing open-ended reasoning training as an
epistemic learning problem, in which mod-
els must learn not only how to reason, but
also when their reasoning should be trusted.
We propose epistemically-calibrated reasoning
(EPICAR) as a training objective that jointly
optimizes reasoning performance and calibra-
tion, and instantiate it within an iterative super-
vised fine-tuning framework using explicitly ex-
tracted meta-cognitive self-evaluation signals.
Experiments on Llama-3 and Qwen-3 fami-
lies demonstrate that our approach achieves
Pareto-superiority over standard baselines in
both accuracy and calibration, particularly in
models with sufficient reasoning capacity (e.g.,
3B+). This framework generalizes effectively
to OOD mathematical reasoning (GSM8K) and
code generation (MBPP). Ultimately, our ap-
proach enables a 3 x reduction in the overall in-
ference compute budget, matching the K = 30
majority-vote performance of STaR with only
K = 10 confidence-weighted samples, entirely
without the multi-model overhead of external
verifiers.

1 Introduction

The advent of Large Language Models (LLMs)
has revolutionized complex, open-ended reason-
ing tasks such as mathematics and logic. Tech-
niques like Chain-of-Thought (CoT) prompting
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Figure 1: Pareto-Superior Improvement in Reason-
ing and Reliability. We visualize the relative improve-
ment in reasoning accuracy (A Accuracy, %) and relia-
bility (A ECE reduction) compared to the base model
(at the origin). Solid and dashed arrows represent the
trajectories of our proposed EPICAR and the STaR base-
line, respectively. While standard iterative SFT often
incurs a trade-off (Calibration Cost Zone), our method
consistently drives diverse model families (Llama-3 and
Qwen-3) into the Pareto-Superior Zone, achieving si-
multaneous gains in both task performance and uncer-
tainty calibration.

(Wei et al., 2022) have significantly boosted per-
formance by decomposing problems into inter-
mediate steps. However, a critical challenge re-
mains: the discrepancy between a model’s accuracy
and its self-knowledge, or calibration (Kadavath
et al., 2022; Guo et al., 2017). Current models
frequently exhibit confident misalignment, hallu-
cinating plausible-sounding but incorrect answers
with high certainty (OpenAl, 2023; Lin et al., 2022).
For example, a model may fail at a final arithmetic
step while assigning near-certainty to its erroneous
conclusion. Such behavior highlights a systematic
failure to represent uncertainty about reasoning out-
comes, raising critical concerns for high-stakes ap-

22414

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 22414-22443

July 2-7, 2026 ©2026 Association for Computational Linguistics



plications where knowing when a model should not
be trusted is as important as producing a correct
answer.

In the pursuit of higher reasoning accuracy, it-
erative self-training methods such as STaR (Zelik-
man et al., 2022) and ReST (Gulcehre et al., 2023)
have become a dominant paradigm, reinforcing
successful reasoning paths through a ground-truth
verifier. While effective for boosting raw accuracy,
we argue that this positive-only feedback loop im-
poses a significant calibration cost (Hu et al., 2025)
that is often overlooked. The outcome of exclu-
sively reinforcing correct paths is a manifestation
of Model Collapse (Shumailov et al., 2023), where
the model’s predictive behavior converges toward
low-variance point estimates, reinforcing its own
biased beliefs while discarding the distributional
tails necessary for reliable uncertainty estimation.

Recent advancements in reasoning models like
DeepSeek-R1 (DeepSeek-Al et al., 2025) have ad-
dressed reasoning performance through reinforce-
ment learning (RL) frameworks like GRPO. Evi-
dence suggests that such models can express their
confidence more accurately by engaging in Slow
Thinking behaviors such as self-verification and
backtracking within an extended CoT (Yoon et al.,
2025). Furthermore, Zhang et al. (2025) found that
models encode correctness signals within their hid-
den states, yet they often suffer from overthinking
and fail to exploit this information during standard
generation. While effective, the reliability of these
models is strictly tied to the computational over-
head of increased inference-time compute.

While inference-time scaling offers a partial so-
lution, it does not fundamentally resolve the under-
lying miscalibration of the base policy. In this work,
we address this issue by reframing reasoning train-
ing as an epistemic learning problem, where mod-
els must learn to reason while simultaneously dis-
cerning the reliability of their own outputs. We pro-
pose epistemically-calibrated reasoning (EPICAR),
a training objective that jointly optimizes reason-
ing performance and calibration. By instantiat-
ing EPICAR within an iterative SFT framework
using explicit meta-cognitive self-evaluation sig-
nals, we enable models to navigate the trade-off
between accuracy and overconfidence. As shown
in Figure 1, our framework drives models into
the Pareto-Superior Zone. Crucially, by lever-
aging this internalized confidence for weighted
ensembling, EPICAR matches high-sample-count
(K = 30) performance with significantly fewer

samples (K = 10), yielding an effective 3 x reduc-
tion in the total inference compute budget without
relying on the multi-model architectural overhead
of external verifiers.

2 Related Work

Iterative Reasoning & Self-Improvement Self-
training techniques like STaR (Zelikman et al.,
2022) and ReST (Gulcehre et al., 2023) boot-
strap reasoning capabilities by fine-tuning on self-
generated correct paths. To address the data-
inefficiency of discarding incorrect attempts, V-
STaR (Hosseini et al., 2024) utilizes both cor-
rect and incorrect solutions to train a verifier that
judges the correctness of generated solutions. Re-
cent approaches explicitly target the model’s meta-
cognition; for instance, MASA (Kim et al., 2025)
aligns the model’s predictions of solution attributes
(e.g., difficulty, length) with actual rollout statis-
tics to enhance training efficiency. While V-STaR
requires training and deploying a separate verifier
model—incurring massive multi-model inference
overhead (see Table 7)—and MASA focuses on
metadata for efficient gating, our method addresses
the underlying calibration cost (Hu et al., 2025)
and Model Collapse (Shumailov et al., 2023) by
internalizing the evaluation process directly into
the generator’s objective.

Calibration Cost & Alignment Tax Conven-
tional studies on the alignment tax have almost
exclusively focused on the degradation of general
task performance and accuracy during the align-
ment process (Lu et al., 2024; Lin et al., 2024;
Fu et al., 2024). However, Hu et al. (2025) iden-
tify a more pervasive side effect: the calibration
cost. They argue that while the alignment tax on ca-
pability often yields mixed or inconsistent results
across different benchmarks, the cost to calibra-
tion is universal, manifesting as a significant rise in
overconfidence that undermines a model’s reliabil-
ity. Unlike the alignment tax, which concerns what
a model can do, the calibration cost represents a
fundamental loss in knowing what it knows. While
Hu et al. (2025) propose post-hoc Model Merging
to navigate this trade-off, our approach, EPICAR,
mitigates this cost intrinsically during the learning
process. By employing a dual-task objective that
balances reasoning performance with reliability, we
enable models to achieve Pareto-superiority with-
out the need for extrinsic post-hoc interventions.
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Calibration & Uncertainty Estimation Calibra-
tion approaches have evolved from logit scaling
such as Temperature Scaling (Guo et al., 2017) to
LLM-specific strategies like Verbalized Confidence
(Kadavath et al., 2022; Lin et al., 2022), though ver-
balized outputs remains susceptible to prompt varia-
tions (Xia et al., 2025) and struggle with long-form
reasoning (Yang et al., 2025b). To enhance reliabil-
ity, inference-time ensembles like Self-Consistency
(Wang et al., 2024) utilize response consistency
but suffer from prohibitive computational costs.
Recent literature, notably Yoon et al. (2025), iden-
tifies that reasoning models better express their
confidence by leveraging Slow Thinking behaviors
such as self-verification within an extended CoT.
Furthermore, while models encode correctness in
hidden states (Zhang et al., 2025), and auxiliary
interventions like LitCab (Liu et al., 2024) or post-
hoc calibration models like Thermometer (Shen
et al., 2024) have been proposed for efficiency,
our approach internalizes calibration directly into
the generator’s core objective. Crucially, as we
demonstrate in Table 3, EPICAR provides a supe-
rior foundational representation that is highly com-
plementary to such post-hoc methods. By balanc-
ing reasoning and self-evaluation within a unified
SFT task, we achieve robust uncertainty estimation
without the need for extended inference compute.

3 Preliminaries

We formally define the problem of calibrated rea-
soning, the mechanism for verbalized confidence
estimation, and the theoretical limitations of itera-
tive frameworks.

3.1 Problem Formulation and Verbalized
Confidence

Let D = {(zi,y:)}}, be a dataset of reasoning
problems z; and ground truth answers y;. An
LLM Py generates a reasoning path r and a pre-
dicted answer ¢. Our objective is to maximize
Py(y|x,r) while ensuring a reliable confidence
score ¢ € [0, 1].

Following Kapoor et al. (2024), we adopt verbal-
ized confidence estimation. Instead of raw token
probabilities, we prompt the model to assess its
own correctness via a binary query (e.g., “Is the
answer correct? yes/no”). The confidence c is the
normalized probability of the affirmative token:

- Pe(yes ’ $,T’,Q)
c= p - (1)
P@(yes | l‘,?",y) +P9(no | x,r,y)

This semantic approach captures high-level cer-
tainty more effectively than sequence perplexity
for reasoning tasks (Kuhn et al., 2023).

3.2 Evaluation Metrics: Calibration and
Discrimination

To quantify calibration, we employ Expected Cali-
bration Error (ECE) (Guo et al., 2017), which mea-
sures the weighted average discrepancy between
accuracy and confidence. Let IV be the total num-
ber of evaluation samples. We partition the predic-
tions into M equally-spaced intervals (bins) based
on their predicted confidence scores, where B,,
denotes the set of indices of samples whose confi-
dence falls into the m-th interval. ECE is defined
as:

M
B
BCE= Y 'N lace(Byn) — conf(By)|  (2)
m=1

where acc(B,,,) and conf(B,,,) represent the aver-
age accuracy and the average confidence within
bin B,,, respectively. A perfectly calibrated model
achieves an ECE = 0.

Furthermore, we report the Brier Score (Brier,
1950) as a comprehensive measure of the quality
of predicted probabilities. For a set of binary out-
comes (correct or incorrect), the Brier Score is
defined as the mean squared error between the
predicted confidence f; and the actual outcome
0; € {0, 1}:

N
BS = =) (fi— o)’ 3)

i=1
The Brier Score is a proper scoring rule that can
be decomposed into calibration, resolution, and un-
certainty, providing a holistic view of the model’s
predictive performance. A lower Brier Score indi-
cates a better-calibrated and more accurate model.

In addition to these metrics, we report the Area
Under the Receiver Operating Characteristic curve
(AUROC) to evaluate the model’s discriminative
ability. While ECE measures absolute alignment,
AUROC assesses the model’s capacity to assign
higher confidence scores to correct answers than
to incorrect ones, providing a measure of reliabil-
ity that is invariant to logit scaling or temperature
shifts.

3.3 The Epistemic Cost of Iterative Training

Standard iterative methods like STaR (Zelikman
et al., 2022) utilize a “positive-only” feedback loop,
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fine-tuning exclusively on successful reasoning
paths. We characterize the failure of this approach
through the lens of the epistemic learning problem.

While aleatoric uncertainty stems from inherent
stochasticity, epistemic uncertainty reflects a lack
of knowledge regarding specific reasoning patterns
(Hiullermeier and Waegeman, 2021). By training
only on correct samples, the model suffers from
epistemic signal truncation: it learns the distribu-
tion P(r|x,y = 1) but never encounters the deci-
sion boundary between correct and incorrect paths.
This leads to a form of Model Collapse (Shumailov
et al., 2023), where the model converges toward
low-variance point estimates and discards the dis-
tributional tails necessary for representing uncer-
tainty. Consequently, the model incurs a severe
calibration cost (Hu et al., 2025), manifesting as
pathologically high confidence in logically flawed
generations.

4 Methodology

We propose EPICAR, a framework that internal-
izes epistemic calibration into the iterative self-
training loop without the need for auxiliary models
or inference-time compute scaling.

4.1 Iterative Dual-Loop Framework

Our framework alternates between generating rea-
soning traces and optimizing a unified objective
that balances problem-solving and self-evaluation.
The detailed procedure is outlined in Algorithm 1,
and training objective is presented in Section I.

Internalizing Evaluation Task Unlike STaR,
which discards incorrect generations, we utilize
them as negative signals for the self-evaluation task.
For every generated path (x, ), if the generation is
correct, the instance is added to the reasoning task
for accuracy reinforcement and labeled as “yes”
for the self-evaluation task. Conversely, if the gen-
eration is incorrect, the instance is excluded from
reasoning reinforcement but labeled as “no” for the
self-evaluation task. To validate this unified objec-
tive, an ablation study confirming that the standard
1:1 unweighted SFT loss natively achieves near-
optimal calibration without explicit hyperparame-
ter tuning is provided in Appendix M.2.

This dual-task structure is motivated by recent
findings from Zhang et al. (2025), which observed
that while reasoning models encode correctness in
their hidden states, standard non-reasoning mod-
els exhibit significantly degraded signals. They

Algorithm 1 Epistemically-Calibrated Reasoning

Require: Base Model M, Dataset D, Sampling
size K
1: foriterationt =1...7 do
2: Dreason < ®7 Deyal < 0
>> Step 1: Generation Phase

3 for x € Ddo
4 U1, ..., 9K ~ Sample(My_1, )
5: fork=1...Kdo
6: if IsCorrect(yy) then
7 Dreason-add(xy gk)
8 Devar-add((z, gk ), yes)
9

: else
10 Devar-add((z, gx ), no)
11: end if
12 end for
13: end for

> Step 2: Mixing Phase
14: Dhiotal Sthﬂe(Dreason U Deva])
>>Step 3: Dual-Objective Training
15: My SFT(Mt—l, Dtotal)
16: end for

hypothesize that this latent capacity is acquired
through exposure to reasoning patterns containing
both correct and incorrect steps. By explicitly train-
ing on “no” labels for erroneous paths, our frame-
work provides the necessary exposure to elicit and
strengthen these internal signals in standard LLMs.
This forces the model to exploit latent features of
logical failure, effectively mitigating the alignment-
induced Model Collapse and the resulting calibra-
tion cost described by Shumailov et al. (2023), and
Hu et al. (2025).

4.2 Adaptive Injection Decoding (AID)

To eliminate noise caused by formatting failures,
we adapt the method from Jin et al. (2025). When
generating reasoning paths, we enforce format com-
pliance (e.g., \boxed{}) by injecting rigid com-
pletion strings during decoding. This ensures
that valid reasoning paths are not mislabeled as

“no” due to parsing errors, which would otherwise

provide a confusing training signal for the self-
evaluation task. We provide a stateful implementa-
tion of AID to handle edge cases such as premature
termination and unclosed formatting tags; see Ap-
pendix C for the detailed algorithmic logic, and
Appendix J for the ablation study.
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Perf.

Reliability & Calibration

Model Method
Acc (1) AUROC (1) ECE() ECEus () Brier(])
Base Model 3.30% 0.525 0.841 0.516 0.740
+ Slow Thinking (ICL)  3.00% 0.507 0.827 0.517 0.716
STaR 3.46% 0.491 0.838 0.515 0.737
Llama-3-1B + Model Merging 3.54% 0.518 0.838 0.515 0.737
+ Slow Thinking ICL)  3.12% 0.469 0.826 0.516 0.716
Ours (EPICAR) 3.30% 0.573 0.871 0.532 0.800
+ Model Merging 3.53% 0.555 0.848 0.514 0.754
+ Slow Thinking (ICL)  3.14% 0.576 0.885 0.534 0.817
Base Model 7.56% 0.555 0.376 0.315 0.216
+ Slow Thinking (ICL)  5.84% 0.529 0.605 0.460 0.424
STaR 7.38% 0.562 0.382 0.344 0.219
Llama-3-3B + Model Merging 7.60% 0.562 0.377 0.318 0.217
+ Slow Thinking ICL)  6.24% 0.548 0.609 0.456 0.432
Ours (EPICAR) 8.58% 0.568 0.108 0.053 0.097
+ Model Merging 7.86% 0.593 0.167 0.050 0.106
+ Slow Thinking (ICL)  6.46% 0.571 0.440 0.436 0.257
Base Model 13.30% 0.544 0.496 0.384 0.368
+ Slow Thinking (ICL) 12.22% 0.387 0.448 0.384 0.316
STaR 13.46% 0.570 0.494 0.381 0.365
Llama-3-8B + Model Merging 13.72% 0.555 0.492 0.381 0.365
+ Slow Thinking ICL)  13.06% 0.415 0.436 0.375 0.312
Ours (EPICAR) 14.42% 0.595 0.415 0.362 0.298
+ Model Merging 15.02% 0.571 0.443 0.361 0.328
+ Slow Thinking (ICL) 14.38% 0.435 0.390 0.361 0.282

Table 1: Llama-3 Family Results. EPICAR generally outperforms STaR (Zelikman et al., 2022) in both accuracy
and calibration, with significant gains observed in the 3B and 8B variants. While the 1B model improves discrimi-
native power (AUROC) over the baseline, it exhibits trade-offs in reasoning accuracy due to limited capacity. We
compare our results with weight-space interventions (Hu et al., 2025) and inference-time scaling (Yoon et al., 2025).

S Experimental Setup

Datasets We evaluate our framework using the
MATH!' dataset (Hendrycks et al., 2021) for the
main iterative training loop (1" = 3). We test out-
of-distribution (OOD) generalization on GSMSK?
(Cobbe et al., 2021) and cross-domain robustness
on MBPP? (Austin et al., 2021). For calibration
tuning, we use a 500-instance split-validation for
MATH, and use the official validation set for MBPP.
Specifically, for the scaling analysis in Section 6.4,
we evaluate on the MATH-500" subset to ensure

"https://huggingface.co/datasets/EleutherAl/
hendrycks_math

thtps://huggingface.co/datasets/openai/gsmSk

Shttps://huggingface.co/datasets/
google-research-datasets/mbpp

4https://huggingface.co/datasets/
HuggingFaceH4/MATH-500

comparability with prior literature. For MBPP, we
adopt a 3-shot prompting setup and evaluate func-
tional correctness via a sandboxed execution en-
vironment; see Appendix D for details on code
extraction and the verification pipeline.

Models and Baselines We employ the Llama-
3 (Dubey et al., 2024) and Qwen-3 (Yang et al.,
2025a) families, focusing on 8B variants for MBPP
and ablation studies. We compare our method
against three primary baselines: (1) the Base
Model, (2) STaR (Zelikman et al., 2022) for it-
erative self-improvement, and (3) Slow Thinking
(ICL) (Yoon et al., 2025) for reliability. Addition-
ally, we evaluate post-hoc Model Merging (Hu
et al., 2025) by sweeping A € {0.0,0.2,...,1.0}
to navigate the alignment-calibration frontier. De-
tailed algorithmic backgrounds and implementa-
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Perf.

Reliability & Calibration

Model Method
Acc (1) AUROC (1) ECE () ECEgum () Brier(])
Base Model 41.44% 0.408 0.101 0.074 0.255
+ Slow Thinking (ICL)  41.34% 0.601 0.091 0.101 0.245
STaR 38.16% 0.430 0.124 0.102 0.257
Qwen-3-1.7B + Model Merging 42.02% 0.413 0.111 0.072 0.257
+ Slow Thinking (ICL)  42.98% 0.617 0.042 0.049 0.239
Ours (EPICAR) 42.34% 0.637 0.297 0.079 0.323
+ Model Merging 43.08 % 0.543 0.161 0.018 0.270
+ Slow Thinking (ICL)  32.06% 0.631 0.204 0.054 0.253
Base Model 40.66% 0.676 0.093 0.093 0.232
+ Slow Thinking (ICL)  27.98% 0.755 0.275 0.269 0.240
STaR 43.20% 0.765 0.273 0.154 0.283
Qwen-3-4B + Model Merging 42.58% 0.784 0.240 0.168 0.263
+ Slow Thinking (ICL)  55.78% 0.796 0.150 0.131 0.232
Ours (EPICAR) 43.50% 0.835 0.137 0.139 0.193
+ Model Merging 43.54% 0.826 0.176 0.164 0.211
+ Slow Thinking (ICL)  41.06% 0.820 0.126 0.080 0.186
Base Model 45.86% 0.727 0.196 0.121 0.259
+ Slow Thinking (ICL)  55.16% 0.673 0.134 0.065 0.251
STaR 49.52% 0.710 0.179 0.117 0.258
Qwen-3-8B + Model Merging 48.08% 0.712 0.190 0.122 0.261
+ Slow Thinking (ICL)  54.52% 0.659 0.190 0.032 0.271
Ours (EPICAR) 49.76% 0.797 0.131 0.088 0.206
+ Model Merging 49.72% 0.769 0.123 0.103 0.217
+ Slow Thinking (ICL)  55.56% 0.780 0.107 0.148 0.220

Table 2: Qwen-3 Family Results. EPICAR demonstrates superior discriminative reliability (AUROC) across
all scales and outperforms STaR (Zelikman et al., 2022), especially at 3B and 8B scale. Smaller models exhibit
mixed results in calibration error and scaling efficiency compared to the baseline. We compare our results with
weight-space interventions (Hu et al., 2025) and inference-time scaling (Yoon et al., 2025).

tion for these baselines are provided in Appendix E.

Inference-time Scaling Protocol To evaluate
how internalized calibration scales with inference-
time compute, we sample K € {1, 10, 30} reason-
ing paths. We compare two aggregation strategies:
(1) Self-Consistency (SC) (Wang et al., 2023),
which selects the plurality answer via simple ma-
jority voting, and (2) Confidence-Informed Self-
Consistency (CISC) (Taubenfeld et al., 2025). Un-
like SC, CISC performs a weighted majority vote
by utilizing the model’s self-assessed confidence
V(r;) as a fidelity signal. This allows the model to
surpass the accuracy of high-sample-count SC with
significantly fewer samples (e.g., K = 10 match-
ing K = 30), thereby reducing inference compute.
The formal definition of the CISC aggregation and
normalization process is provided in Appendix F.

Implementation Performance is measured via
Accuracy, AUROC, ECE, and Brier Score. To as-
sess the model’s intrinsic uncertainty beyond logit-
level shifts, we also report ECE after applying Tem-
perature Scaling (TS) (Guo et al., 2017). Training
uses LoRA (r = 16, a = 32) on 4x NVIDIA H100
GPUs. Following Kapoor et al. (2024), we up-
date hidden features to support accurate verbalized
confidence. Detailed hyperparameters, prompting
templates, and the optimization procedure for TS
are provided in Appendix B, and Appendix G.

6 Results and Analysis

In this section, we evaluate our method’s perfor-
mance across different model families and sizes.
We report Accuracy for reasoning capability, and
AUROC, ECE, and Brier Score for calibration qual-
ity. To ensure a rigorous comparison, we contrast
our EPICAR against the standard STaR baseline, as
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well as state-of-the-art inference-time scaling (Slow
Thinking (Yoon et al., 2025)) and weight-space in-
tervention (Model Merging (Hu et al., 2025)) strate-
gies. For Model Merging, we report the results
obtained using the optimal A that yields the best
result with respect to accuracy and calibration, fol-
lowing Hu et al. (2025). See Appendix K for full
results for all A.

6.1 Main Findings: Accuracy and Reliability
Synergy

Our results across both model families (Tables
1 and 2) demonstrate that internalizing the self-
evaluation objective allows LLMs to navigate the
reasoning-reliability frontier more effectively, par-
ticularly as model scale increases.

Mitigating Calibration Cost of Iterative SFT
Standard iterative SFT (STaR) consistently incurs
a calibration cost, improving accuracy while often
degrading discriminative reliability. For instance,
in Llama-3-1B, while STaR marginally boosts accu-
racy, it drops AUROC to 0.491. In contrast, our ap-
proach recovers this discriminative power (AUROC
0.573), albeit with a slight trade-off in reasoning
accuracy at this scale. However, for larger models
like Llama-3-3B and 8B, our method achieves strict
Pareto-dominance, effectively preventing the over-
confident model collapse typical of positive-only
feedback loops (e.g., reducing ECE from 0.376 to
0.108 in Llama-3-3B). Notably, EPICAR achieves
the lowest Brier Score in most cases (e.g., 0.097 for
Llama-3-3B), indicating superior overall predictive
quality.

Foundation for Inference-time Scaling A piv-
otal finding is the synergy between our internalized
calibration and Slow Thinking (Yoon et al., 2025)
in capable models. While Slow Thinking generally
boosts performance, it can be unstable on uncal-
ibrated models. Our calibrated framework stabi-
lizes this behavior in the 8B variants, achieving a
performance of 55.56% on Qwen-3-8B. We note,
however, that this synergy is scale-dependent; in
intermediate sizes (e.g., Qwen-3-4B), the added
inference complexity does not yield performance
gains over STaR, suggesting that a critical mass
of reasoning capability is required to effectively
leverage the self-evaluation signal.

Weight-space Interpolation & Merging We ob-
serve significant synergy with Model Merging (Hu
et al., 2025), indicating that our reliability signals

are complementary to weight-space interventions.
While STaR yields marginal gains from merging,
applying it to our checkpoints unlocks substantial
headroom: the Ours + Merging variant achieves
the highest Llama-3-8B accuracy of 15.02%. Pre-
cision calibration is also enhanced, with Qwen-3-
1.7B reaching a near-perfect ECE (+TS) of 0.018,
demonstrating the flexibility of our method for post-
hoc optimization.

Synergy with Post-hoc Calibration EPICAR
also serves as a robust foundational representa-
tion for post-hoc calibration. We benchmarked our
approach against Temperature Scaling and Ther-
mometer (Shen et al., 2024). As shown in Table 3,
EPICAR natively achieves strong intrinsic discrim-
ination without external MLPs (e.g., outperforming
STaR+Thermometer’s AUROC natively on Qwen-
3-8B). Furthermore, applying Thermometer on top
of an EPICAR-trained model yields the absolute
best overall calibration quality across metrics.

Model Method Acc (%) AUROCT ECE] Brier|
STaR 50.00 0.760 0.203 0.261
EPICAR (Ours) 48.80 0.799 0.146 0.213

Qwen-3-8B STaR + TS 50.00 0.758 0.153 0.243
EPICAR + TS 49.80 0.824 0.135 0.196
STaR + Thermo. 50.00 0.770 0.062 0.197
EPICAR + Thermo. 49.80 0.768 0.058 0.197
STaR 16.40 0.553 0.459 0.351
EPICAR (Ours) 16.20 0.594 0.389 0.288

Llama-3-8B  STaR + TS 16.40 0.553 0.349 0.258
EPICAR + TS 17.40 0.582 0.332 0.253
STaR + Thermo. 16.40 0.696 0.046 0.125
EPICAR + Thermo. 17.40 0.736 0.060 0.124

Table 3: Post-hoc Calibration Comparison (MATH-
500). Applying post-hoc methods on top of EPICAR
yields the best overall performance, demonstrating it
provides a superior foundational representation. (TS:
Temperature Scaling, Thermo.: Thermometer)

6.2 Out-of-Distribution Generalization

To evaluate the generalization performance of our
internalized calibration objective, we conduct zero-
shot evaluations on GSM8K (Cobbe et al., 2021).
This serves as a critical out-of-distribution (OOD)
benchmark, as the models were trained exclusively
on the MATH dataset.

Reliability of Verbalized Confidence Rankings
As shown in Table 4, our method consistently en-
hances the model’s discriminative reliability across
both families. A key finding is that while stan-
dard iterative self-training (STaR) often leads to a
degradation in AUROC (e.g., Llama-3-1B falling
to 0.478), our approach significantly improves it,

22420



Family Method Acc. (1) AUROC (1) ECE((]) Brier({)

Base Model 3.49% 0.545 0.841 0.741
Llama-3-1B STaR 3.49% 0.478 0.840 0.740
Ours (EPICAR)  3.64% 0.645 0.922 0.887
Base Model 14.94% 0.527 0.303 0.223
Llama-3-3B STaR 17.13% 0.497 0.284 0.228
Ours (EPICAR)  21.46% 0.606 0.020 0.166
Base Model 31.39% 0.565 0.329 0.324
Llama-3-8B  STaR 32.15% 0.561 0.338 0.332
Ours (EPICAR)  37.45% 0.565 0.223 0.284
Base Model 77.33% 0.490 0.445 0.376
Qwen-3-1.7B STaR 78.54% 0.493 0.541 0.463
Ours (EPICAR)  79.30% 0.660 0.671 0.610
Base Model 85.06% 0.611 0.364 0.255
Qwen-3-4B STaR 86.05% 0.693 0.099 0.122
Ours (EPICAR) 88.25% 0.756 0.132 0.106
Base Model 85.90% 0.654 0.215 0.162
Qwen-3-8B STaR 87.95% 0.678 0.215 0.147
Ours (EPICAR)  89.46% 0.722 0.364 0.216

Table 4: Zero-shot GSMS8K Results. EPICAR consis-
tently improves reasoning accuracy while maintaining
or enhancing AUROC.

reaching 0.645 and 0.606 for Llama-3-1B and 3B,
respectively. This demonstrates that the verbal-
ized confidence scores produced by our framework
are better separated, assigning substantially higher
probabilities of correctness to true reasoning paths
than to erroneous ones, even in unseen domains.

Discriminative Power vs. Absolute Calibra-
tion Despite high AUROC, some variants ex-
hibit elevated Raw ECE. We hypothesize that while
our dual-objective training effectively teaches the
model to distinguish between correct and incorrect
paths, it does not explicitly supervise the absolute
alignment of verbalized probability logits with em-
pirical accuracy. Consequently, the model main-
tains a strong sense of relative certainty, but the
absolute values remain somewhat detached from
the true probability space. We identify the explicit
optimization of these verbalized probability log-
its as a crucial direction for future work to bridge
the gap between discriminative power and absolute
calibration.

6.3 Generalization to Other Tasks

Finally, we examine whether our approach gener-
alizes beyond mathematics to the domain of code
generation. We apply our framework to the MBPP
benchmark (Austin et al., 2021), focusing on the
8B model variants.

Table 5 summarizes the performance across
three stages: Base Model, STaR, and Ours. While
our method does not always achieve the absolute
highest AUROC, it consistently outperforms the
STaR baseline in discriminative reliability. Specif-

Model Method Acc. (1) AUROC (1) ECE w5 ()) Brier (])
Base Model 37.35% 0.551 0.398 0.391

Llama-3-8B  STaR 37.74% 0.523 0.390 0.387
Ours (EPICAR)  39.30% 0.538 0.113 0.246
Base Model 45.14% 0.622 0.066 0.286

Qwen-3-8B  STaR 45.14% 0.577 0.066 0.285
Ours (EPICAR) 45.91% 0.628 0.059 0.285

Table 5: Results on MBPP coding task. Our method
(EPICAR) consistently improves Pass Rate (Accuracy)
and demonstrates competitive calibration performance
across different model families.

ically, in Llama-3-8B, STaR incurs a significant
calibration cost, dropping AUROC from 0.551 to
0.523, whereas our method mitigates this degrada-
tion, recovering it to 0.538.

Crucially, EPICAR achieves a significantly
lower Brier Score (0.246 vs. 0.387 in Llama-3-
8B) and the lowest ECE (+TS) across both fami-
lies, reaching 0.113 for Llama-3-8B and 0.059 for
Qwen-3-8B. This improvement in a proper scor-
ing rule (Brier Score) confirms that internalizing
self-evaluation signals effectively prevents the over-
confident model collapse typical of positive-only
self-training, even in cross-domain reasoning tasks
like programming.

To rigorously verify that the learned epistemic
signal is a generalized meta-cognitive capability
rather than an artifact of model scale, we expanded
our zero-shot cross-domain evaluation on MBPP
across all six model families (1B to 8B). Crucially,
no MBPP data was seen during training. As shown
in Table 6, EPICAR robustly transfers to this un-
seen coding domain, achieving superior AUROC,
ECE, and Brier scores in most cases compared to
STaR. This confirms that internalized calibration
generalizes effectively across scales and tasks.

6.4 Inference-time Scaling Performance

We further investigate how internalized calibration
impacts the inference-time scaling laws of reason-
ing models. By ensembling K sampled reasoning
paths, we analyze the synergy between internalized
confidence and test-time compute.

Figure 2 illustrates the results on the MATH-500
benchmark. Our framework demonstrates supe-
rior scaling efficiency compared to the STaR base-
line. Notably, when paired with CISC (Taubenfeld
et al., 2025), our 8B model achieves a 3x reduc-
tion in inference compute—matching or exceed-
ing the K = 30 performance of STaR with only
K = 10 samples. This suggests that EPICAR pro-
vides a more robust foundation for compute scaling,
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Model Method Pass (%) AUROC1 ECE | Brier |
Llama-3-1B STaR 22.57 0.537 0.774 0.774
EPICAR 21.79 0.496 0.727  0.699
Llama-3-3B STaR 26.07 0.513 0.674  0.670
EPICAR 25.68 0.590 0.253  0.254
Llama-3-8B STaR 38.13 0.453 0.604  0.600
EPICAR 36.96 0.472 0.523 0.522
STaR 40.86 0.541 0.236  0.296
Qwen-3-L.7B poicar 3891 0.654 0288 0315
Qwen-3-4B STaR 34.63 0.464 0.262 0.304
EPICAR 35.02 0.470 0.118  0.238
Owen3.88  STR 4319 0572 0336 0354
EPICAR 40.47 0.589 0.100 0.244

Table 6: Zero-shot Cross-Domain Transfer (MATH
— MBPP). All models were trained exclusively on
MATH. EPICAR robustly transfers the epistemic cal-
ibration signal to an unseen domain across all model
scales.

Method K Ext. Verifier Acc(%) AUROC?T ECE]| Brier|
STaR (Verbal) 1 X 50.00 0.760 0.203 0.261
EPICAR 1 X 48.80 0.799 0.146 0213
V-STaR (Best-of-K) 10 v 51.20 0.893 0.148 0.174
EPICAR (CISC) 10 X 58.00 0.808 0.120 0.157

Table 7: Comparison with External Verifier (Qwen-
3-8B on MATH-500). Under the same sampling budget
(K = 10), EPICAR structurally eliminates the multi-
model overhead while outperforming V-STaR.

as internalized reliability signals effectively sup-
press erroneous consensus paths that often cause
performance saturation in uncalibrated models. A
comprehensive analysis of all scales and reliability
trajectories is provided in Appendix A.

We additionally benchmark our internalized con-
fidence against V-STaR (Hosseini et al., 2024),
which relies on a separately trained external ver-
ifier. As shown in Table 7, under the same sam-
pling budget of K = 10 candidate generations,
our CISC approach surpasses V-STaR in accuracy,
ECE, and Brier score. Crucially, because V-STaR
must score each candidate using a separate external
model, it incurs approximately 21 x the inference
compute of a single EPICAR forward pass (see Ap-
pendix M.3 for the detailed compute breakdown).
This highlights the immense practical efficiency of
internalizing self-evaluation directly into the gener-
ator.

7 Conclusion

In this work, we addressed the calibration cost
inherent in iterative self-training, where models
gain reasoning accuracy at the expense of relia-
bility and uncertainty representation. We intro-

—@— Ours (EpiCaR + CISC) STaR (SC) Base Model (SC)
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Figure 2: Inference-time Scaling on MATH-500. Vi-
sual representation of ensemble accuracy across sample
sizes K. Our framework paired with CISC achieves
superior scaling efficiency, outperforming STaR and
establishing a new frontier for compute-optimal reason-
ing.

duced EPICAR, a framework that reframes open-
ended reasoning training as an epistemic learning
problem by internalizing a dual-objective of ac-
curacy reinforcement and explicit meta-cognitive
self-evaluation. Our experiments across Llama-
3 and Qwen-3 families demonstrate that EPICAR
consistently achieves Pareto-superiority, simultane-
ously enhancing both performance and calibration
while generalizing robustly across model scales to
unseen domains like code generation (MBPP). Fur-
thermore, we demonstrated that EPICAR serves
as a superior foundational representation for post-
hoc calibration techniques. Crucially, our single-
model approach structurally eliminates the massive
multi-model overhead inherent to external verifiers.
By leveraging self-assessed confidence through
weighted ensembling (CISC), our models match
high-sample-count performance with significantly
fewer reasoning paths, yielding an effective 3 x re-
duction in the overall inference compute budget
while avoiding the ~21x multi-model overhead
of external verifiers like V-STaR. Ultimately, this
work advocates for a paradigm shift in model align-
ment, where uncertainty calibration is treated as
an integral training objective for trustworthy and
compute-efficient reasoning agents.
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Limitations

Despite the performance gains and improved cali-
bration, our work has several limitations.

Domain Scope and Verification. While we
demonstrated that EPICAR generalizes across
mathematics and code generation, our evaluation
remains centered on domains with objective, auto-
mated ground-truth verification. It remains to be
seen whether EPICAR can be effectively applied to
more subjective or open-ended reasoning domains,
such as open-ended QA or creative writing, where
defining a clear signal for knowing what it does not
know is inherently more difficult.

Model Scale and Capacity Constraints. Our ex-
periments were conducted on models up to 8B pa-
rameters. As identified in Appendix A, our method
is sensitive to the baseline reasoning capacity. In
extremely low-accuracy regimes, such as Llama-3-
1B, the scarcity of successful reasoning paths dur-
ing the iterative loop can prevent the model from
learning the nuanced discriminative features nec-
essary for accurate self-evaluation. This suggests
a critical mass threshold for effective internalized
calibration.

Generalization Gap in Absolute Calibration.
We observe a notable discrepancy between dis-
criminative power and absolute numerical calibra-
tion in out-of-distribution (OOD) scenarios. While
EPICAR consistently maintains superior AUROC
(ranking) across benchmarks like GSMS8K, the
absolute probabilities it verbalizes (measured by
Raw ECE) exhibit higher volatility compared to
in-distribution results on MATH. This highlights a
fundamental gap between learning to rank outputs
and achieving absolute logit alignment in unseen
domains.

Comparison with RL and Verifier-based Meth-
ods. While recent RL-based approaches like
RLCR (Damani et al., 2025) achieve calibration
through specialized reward structures, they often
suffer from training instability and high hyperpa-
rameter sensitivity. In contrast, EPICAR operates
within a stable iterative SFT framework. Further-
more, unlike V-STaR (Hosseini et al., 2024), which
requires a separate verifier model, our single-model
approach avoids approximately 21 x the inference
compute overhead of V-STaR at K = 10 (Table 7).

Potential for Reinforcement Learning Integra-
tion. A promising direction for future research

is the integration of our internalized calibration
objective into reinforcement learning (RL) frame-
works. The self-evaluation signals generated in our
dual-loop framework could serve as an intrinsic re-
ward mechanism or a dense feedback signal for RL
algorithms such as PPO (Schulman et al., 2017),
DPO (Rafailov et al., 2023), or GRPO (DeepSeek-
Al et al., 2025).

Sensitivity of the Verbalization Paradigm.
EPICAR adopts the verbalized confidence
paradigm, which remains somewhat susceptible
to prompt sensitivity (Xia et al., 2025). However,
our extended prompt analysis (Appendix M.1)
demonstrates that explicit training via EPICAR
significantly internalizes the self-evaluation
signal, reducing cross-template variance by up to
449% compared to zero-shot baselines like STaR.
Nevertheless, further research is required to ensure
absolute robustness across all linguistic contexts.

Ethical Considerations

Our research aims to improve LLM reliability, a
critical step toward safe Al deployment. However,
we acknowledge several ethical implications.

Misuse and Over-reliance: By enhancing a
model’s ability to express confidence, there is a
risk that users may over-rely on outputs when the
model reports high certainty. While EPICAR sig-
nificantly reduces overconfidence, no technique is
infallible, and "confident hallucinations" may still
occur, potentially leading to errors in high-stakes
decision-making.

Bias Amplification: As our framework utilizes it-
erative self-training on model-generated data, there
is a potential to amplify biases present in the pre-
trained state or the training distribution. We rec-
ommend applying our method alongside rigorous
bias-detection and mitigation protocols.

Environmental Impact and Cost Trade-offs:
Our framework incurs higher training compute
than single-pass SFT due to its iterative nature and
dual-task data processing. However, this one-time
training cost unlocks a 3 reduction in inference-
time compute during deployment and bypasses
the massive multi-model overhead of external ver-
ifiers, making it a highly favorable trade-off for
real-world applications where inference efficiency
dominates.
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A Full Results and Analysis of
Inference-time Ensembling

A.1 Comprehensive Ensemble Accuracy of
All Scales

We perform an extensive evaluation of the scaling
properties of EpiCaR across all model variants us-
ing the MATH-500 test set. By varying the number
of sampled reasoning paths K € {1, 10,30}, we
map the compute-performance frontier as summa-
rized in Table 8.

Internalized Calibration as a Scaling Foun-
dation. Our experimental results consistently
demonstrate that our method (Ours) establishes
a superior and more stable baseline for inference-
time scaling compared to both the pre-trained Base
Model and the STaR baseline. At the 8B parameter
scale, the synergy between internalized calibration
and weighted aggregation becomes most apparent.
Pairing our model with CISC (Taubenfeld et al.,
2025) achieves state-of-the-art results: 25.40% for
Llama-3 and 59.80% for Qwen-3 at K = 30. This
trajectory suggests that when a model is trained to
generate its own reliability signals, the performance
gains from additional inference compute do not just
accumulate—they accelerate, as the model’s self-
evaluation serves as a high-fidelity filter for the
sampling process.

Synergy, Error Suppression, and Saturation.
The synergy between EpiCaR and the CISC aggre-
gation protocol is a pivotal finding. While standard
Self-Consistency (SC) (Wang et al., 2023) relies on
a frequentist plurality vote, it is vulnerable to "com-
mon errors" where incorrect reasoning paths form a
deceptive majority. As observed in the Qwen-3 8B
results, the STaR baseline exhibits significant per-
formance saturation, reaching a plateau at 57.80%
for K = 30. In contrast, our calibrated model
continues to scale effectively, effectively breaking
the saturation ceiling. This confirms that a model
that "knows what it knows" can utilize verbalized
confidence to suppress high-frequency erroneous
paths. By assigning low weights to incorrect but
common reasoning traces, EpiCaR ensures that the
ensemble consensus is driven by logical fidelity
rather than mere repetition.

The Critical Mass Threshold in Reasoning ca-
pacity. A nuanced and critical finding is that the
advantages of internalized calibration are not uni-
form across all model scales, identifying what we

term a "Critical Mass Threshold." In the extremely
low-accuracy regime, such as with Llama-3 1B
(baseline accuracy ~1.80%), the gap between our
method and the STaR baseline diminishes. We hy-
pothesize that when the model’s initial reasoning
capability is too sparse, the training process lacks
a sufficient density of correct reasoning paths to
learn the subtle discriminative features required for
accurate self-evaluation. This suggests that while
EpiCaR is a powerful scaling tool, its benefits are
most salient once a model reaches a fundamental
level of reasoning competence. Future work should
investigate whether specialized data augmentation
can lower this threshold for smaller model architec-
tures.

A.2 Full Reliability Analysis of Scaling: SC vs.
CISC

To assess the qualitative aspects of uncertainty esti-
mation within an ensemble, we evaluate reliability
metrics across K € {5,10,30}. For the CISC
variants, we derive a scalar ensemble confidence
score Ccorsc for each unique answer a:

Zi:ans(n):a V(Tl)
Z]K:1 V(rj)

4

Ccrsc(a) =

where V(r;) € [0, 1] represents the model’s in-
ternalized verbalized confidence for path r;. The
comprehensive results for AUROC and ECE are
detailed in Table 9.

Reliability Collapse in STaR Baseline. A strik-
ing phenomenon observed in our scaling analy-
sis is the Reliability Collapse of the STaR base-
line as K increases. For instance, in Llama-3
8B, STaR’s AUROC degrades significantly from
0.7895 (K = 5) t0 0.7387 (K = 30). This degra-
dation suggests a fundamental flaw in positive-
only iterative training: by exclusively reinforcing
successful paths, the model homogenizes its error
patterns, leading to incorrect reasoning paths that
form a deceptively high-confidence consensus. As
more samples are added, these "confident halluci-
nations" dominate the ensemble, undermining its
discriminative power. In sharp contrast, our model
(Owurs) sustains or even improves its AUROC as
compute scales. By internalizing logical failure
modes during training, EpiCaR maintains a clear
margin between correct and incorrect reasoning
paths, which is essential for the trustworthy deploy-
ment of LLMs in high-stakes reasoning tasks.
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Metric Divergence: The Interplay of ECE and
AUROC. We observe a characteristic divergence
in reliability trends as K scales: while ECE gen-
erally improves, AUROC tends to decay. We hy-
pothesize that this is driven by two counteracting
statistical forces:

* Statistical Smoothing: ECE benefits from
larger sample sizes as the averaged ensem-
ble confidence naturally converges toward the
true population accuracy, reducing absolute
calibration error.

* Consensus-Driven Noise: AUROC suffers
as the probability of incorrect paths forming
a high-confidence plurality increases with K,
narrowing the discriminative gap between true
and false positives.

Our framework effectively mitigates the decay rate
of AUROC compared to all baselines. By ensur-
ing that the model’s confidence is tied to the in-
trinsic logic of the path rather than the extrinsic
frequency of the answer, EpiCaR achieves a more
robust reliability-compute trade-off.
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Family  Size  Method Ensemble K =1 K =10 K =30

Base Model g(I:S C 1.80% igggz :2(()) ZZ

Pooswe G n TRl T

Ours ?fsc 1.60% ;jgz//z g:iggj

Llama.3 Base Model ?J?S C 5.40% 2421822 18282‘;
PSR Gse 0% Gl e

ows  lse % hw oo

Base Model Z?S C 9.80% ;ggggj gzigzz

B sar sc 1040% S0 e

ows oo UO% Sign asavs

Base Model ?:?sc 29.60% gg:gggj 3328?2

PSR e Y% 6 sraon

ows  lse 4% S0 Saom

Owen-3 Base Model z?sc 36.60% g}:ggg‘; gg:igzj
o lee % Tgn 3o

s oo M e sz

Base Model g?sc 40.80% gg:gggj 22:282

B R L L s

s g 0% Gl Sysen

Table 8: Comprehensive Ensemble Accuracy on MATH-500 (%). Comparison of unweighted Self-Consistency
(SC (Wang et al., 2023)) and Confidence-Informed Self-Consistency (CISC (Taubenfeld et al., 2025)) across multiple
model families and sizes. K = 1 values are merged as the methods are identical without multiple samples. Bolding
indicates the highest accuracy within each size group for a specific K.
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, . K=5 K =10 K =30
Family  Size  Method  Ensemble |\ \p-+ pep | AUROCT ECE| | AUROCtT ECE |
Base sC 04784 02380 | 04760  0.1644 | 0.6490  0.0995

CISC 04824 02416 | 05442  0.1633 | 06213  0.0941

B (oo SC 0.6870 02172 | 07390  0.1490 | 06643  0.0915

CISC 0.6848 02247 | 0.7540  0.1539 | 0.7308  0.0981

ours  SC 05636 02516 | 06398  0.1742 | 06478  0.1273

CISC 05564 02551 | 07078  0.1731 | 0.6588  0.1284

Base Ne 07002 02252 | 07225  0.1450 | 0.6760  0.0843

Llama-3 CISC 07758 02488 | 07390  0.1544 | 0.6843  0.0875
3B e SC 07413 02356 | 06972  0.1470 | 06169  0.0460

CISC 0.6967 02540 | 0.6942  0.1458 | 0.6343  0.0558

ous  SC 0.8170  0.2080 | 07556  0.1212 | 07561  0.0951

CISC 07475 02618 | 07303  0.1468 | 0.7972  0.0913

Base sC 07470  0.1952 | 07283  0.0978 | 0.7184  0.0472

CISC 07499 02108 | 07034  0.1083 | 07059  0.0613

8B g SC 07895  0.1812 | 07741  0.1058 | 07387  0.0529

CISC 07892  0.2057 | 07810  0.1164 | 07300  0.0452

ours  SC 07824  0.1628 | 0.7988  0.0684 | 0.7722  0.0397

CISC 08511 02175 | 07795 00782 | 07636  0.0383

Base e 07315 02156 | 07182  0.1508 | 07065  0.1181

CISC 07414 02303 | 07208  0.1624 | 06967  0.1057

7B ¢pe SC 07638  0.1960 | 07657  0.1344 | 07521  0.1174

CISC 07771 02177 | 07572 0.1307 | 07688  0.1157

ows  SC 07853  0.1672 | 0.7756  0.0986 | 0.7750  0.0900

CISC 0.7950  0.1860 | 07774  0.1186 | 0.7812  0.0930

Base e 07869  0.1304 | 07830  0.0968 | 07667  0.0573

Qwen-3 ‘ CISC 07834  0.1360 | 0.7954  0.1015 | 07721  0.0478
4B SC 08170 02028 | 07864  0.1390 | 07713  0.1229

CISC 0.8266 02063 | 07916  0.1431 | 07762  0.1295

ours  SC 07737  0.1776 | 07544  0.1242 | 0.7859  0.1108

CISC 07764  0.1915 | 07776  0.1503 | 07781  0.1139

Base e 07626  0.0884 | 07213  0.0786 | 07457  0.0767

CISC 07791  0.1205 | 07359  0.0945 | 07516  0.0707

B opp SC 07972 01632 | 07735  0.1260 | 0.7854  0.1009

CISC 0.8128  0.1598 | 07919  0.1296 | 07909  0.1018

ows  SC 07767  0.1640 | 07926  0.1098 | 07914  0.0959

CISC 07932  0.1630 | 0.8077  0.1201 | 0.8010  0.0998

Table 9: Comprehensive Reliability Scaling across All Models (AUROC and ECE). Comparison of frequency-
based (SC) and weighted (CISC) confidence estimates across training stages. Bold entries indicate the best
performance (highest AUROC or lowest ECE) within each size group for a given K.
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B Full Experimental Configurations

B.1 Iterative Training Loop Details

For both the STaR baseline and EpiCaR, we con-
duct three complete iterations (7' = 3) of the self-
improvement loop. In each iteration, the model
generates K candidate reasoning paths for each
problem in the MATH training set. For STaR, only
paths reaching the ground-truth answer are retained
for fine-tuning. For our method, we perform the
mixing strategy (Section 4.1) using both correct
and incorrect attempts to refine the self-evaluation
objective. We find that performance and calibration
metrics typically stabilize after the third iteration,
after which further training often leads to marginal
returns.

B.2 Data Processing and Validation Protocol

For the iterative SFT loop, we utilize the training
split of the MATH dataset (12,500 problems). To
evaluate the robustness of internalized calibration
in out-of-distribution (OOD) scenarios, we test on
GSMSK without further fine-tuning. A critical
component of our evaluation is the split-validation
protocol. Calibration metrics can be overly opti-
mistic if the scaling parameters are optimized on
the same set used for reporting. Thus, we randomly
sample N = 500 instances from the test set as a
"calibration-validation" set. We find the optimal
temperature 7" that minimizes ECE on this set and
apply it to the remaining test instances (N¢es: —500)
for final reporting.

B.3 Data Licensing and Usage

We utilize standard public benchmarks consistent
with their intended research purposes. The MATH
(Hendrycks et al., 2021) and GSM8K (Cobbe et al.,
2021) datasets are released under the MIT License,
while the MBPP (Austin et al., 2021) dataset is
distributed under the CC-BY 4.0 License.

B.4 Baseline Implementation Details

* STaR: We implement the standard self-taught
reasoner by filtering self-generated reasoning
paths that reach the ground-truth answer. The
model is fine-tuned for 3 iterations, with the
checkpoint from 7; serving as the generator for
Tiy1.

* Slow Thinking (ICL): We adopt the few-shot
prompts from Yoon et al. (2025), which encour-
age models to "think slow" by verbalizing inter-
nal verification steps. This baseline represents

the upper bound of inference-time calibration
without training.

* Model Merging: We use weight-space interpo-
lation between the base model (fp,s.) and SFT
checkpoints (0spr). The coefficient A\ repre-
sents the weight of the SFT model.

B.5 Training and Hyperparameters

All models were fine-tuned using the Hugging Face
TRL library. We employ Parameter-Efficient Fine-
Tuning (PEFT) via LoRA to ensure scalability.

Hyperparameter Value
Optimizer AdamW
Learning Rate 1x107°

LR Scheduler Cosine

Batch Size 32

Max Sequence Length 2048

LoRA Rank (r) 16

LoRA Alpha («) 32

LoRA Target Modules  All linear layers
Precision bfloat16

Table 10: Detailed Hyperparameters for Dual-Objective
Iterative SFT.

B.6 Inference Implementation

To evaluate the effectiveness of our proposed
method in terms of both reasoning accuracy and
confidence calibration, we implemented a high-
throughput inference pipeline using the vLLM li-
brary (Kwon et al., 2023). All models were loaded
in bfloat16 precision with eager execution mode
enabled to ensure stability.

B.7 Hyperparameters and Decoding
Strategies

We utilized distinct decoding strategies tailored to
the nature of each benchmark:

* Greedy Decoding for Standard Bench-
marks (MATH, GSMS8K): For the pri-
mary evaluation of reasoning accuracy and
calibration, we employed greedy decoding
(temperature=0.0). The generation max
length was set to 1024 tokens to allow suf-
ficient reasoning steps (CoT). To accurately
extract answers and measure verbalized confi-
dence, we utilized a prefix injection technique
(e.g., “So, the answer is \boxed{”) with a
forced stop token at the closing brace. This in-
jection step acts as a constraint that improves
the format compliance and accuracy of the
final answer.
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¢ Sampling for Robustness (MATH-500): To
assess the model’s performance under self-
consistency (Wang et al., 2023), we employed
sampling with temperature=0.7 and gener-
ated N = 30 candidate paths per problem.
The repetition_penalty was dynamically
adjusted to maintain diversity without degra-
dation.

* Code Generation (MBPP): For the code gen-
eration tasks, we adopted a few-shot prompt-
ing strategy consistent with prior work (Austin
et al., 2021). The inference was performed
with temperature=0.0 for pass@1 evalua-
tion, employing specific stop sequences (e.g.,
“Problem:”, “Tests:”) to prevent hallucination
beyond the solution function.

C Implementation Details of Adaptive
Injection Decoding (AID)

Our Adaptive Injection Processor is implemented
as a stateful LogitsProcessor that monitors the
decoding process at each step. Unlike static con-
straints, it dynamically transitions through states
based on the model’s output. The operational logic
is categorized into three primary mechanisms:

1. Triggering and Injection State The pro-
cessor maintains an is_injecting flag and an
injection_step counter. The injection is trig-
gered under two conditions: (1) when the model
attempts to emit a termination token (EOS) before
a \boxed{} tag is generated, or (2) when the se-
quence reaches a soft length limit (e.g., Lyqz — 150
tokens). During the injection state, the model’s log-
its are overridden to force the generation of the
transition phrase: "\So, the answer is \boxed{".

2. Stateful Format Enforcement To ensure the
injected format is correctly finalized, the processor
tracks the sequence for the existence of the boxed
token and its corresponding closing brace (3).

* Premature EOS Prevention: If the model
attempts to terminate while a box is open
(has_injected is True but no closing brace is
found), the processor overrides the EOS token
with a forced closing brace (3}).

* Content Length Control: To prevent infi-
nite or malformed generation within the an-
swer box, the processor enforces a maximum
content length (Cq, = 40). If exceeded,

it mandates a closing brace and subsequent
termination.

3. Zombie and Sampling Defense The proces-
sor utilizes a finished_mask to prevent "zombie"
generations where a model might continue after a
logical EOS. Additionally, in cases where no box is
detected, the processor suppresses all stop tokens
until the injection logic is triggered, ensuring that
every sample produced for the training pipeline is
parsable and evaluatable.

AID as a De-noising Filter. Our ablation study
(Section J) shows a performance collapse without
Adaptive Injection Decoding (AID). We clarify that
AID does not introduce reasoning bias; rather, it
acts as a sanitization process to remove label noise.
Without AID, a mathematically sound derivation
might be labeled as “no” due to minor formatting
errors (e.g., missing a closing \boxed{}). Such
mislabeling provides a catastrophic signal, teach-
ing the model that “valid logic is incorrect.” AID
ensures that the “no” label strictly reflects logical
failures, thereby protecting the integrity of the self-
evaluation supervision.

D Details of MBPP Evaluation and
Execution

For the code generation task, we implement a ro-
bust evaluation pipeline to ensure that the model’s
reasoning capabilities are not underestimated due
to minor formatting inconsistencies.

1. Robust Code Extraction Language models
often produce conversational fillers or incomplete
code snippets. As shown in our implementation,
we employ a multi-stage extraction heuristic:

* Block Extraction: We first attempt to parse
the output for Markdown-style Python blocks
(" Tpython ... “77).

* Keyword-based Recovery: If no block is
found, the processor searches for functional
keywords such as import, def, or return to
identify the start of the logic.

* Signature Injection: A common failure
mode in LLMs is omitting the function
header. To mitigate this, our pipeline checks
if the canonical function signature (e.g., def
remove_Occ(...)) is present; if missing, it
automatically prepends the signature to the
model’s output to ensure the script is function-
ally complete and ready for execution.
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2. Sandboxed Execution and Verification Cor-
rectness is verified by executing the extracted code
against a set of hidden unit tests provided by the
MBPP dataset.

* Environment: Execution is performed
in a separate subprocess using Python’s
multiprocessing to prevent side effects and
handle potential infinite loops via a 3-second
timeout.

* Dependency Injection: To support diverse
coding problems, the environment is pre-
loaded with essential libraries, including math,
heapq, collections, and itertools.

* Strict Pass Criterion: A task is labeled as
Correct (y = 1) if and only if the code exe-
cutes without errors and passes every assert
statement in the test list.

3. Prompting Strategy We use a 3-shot prompt
consisting of diverse Python tasks (e.g., sum of
squares, average of cubes) to steer the model to-
ward a consistent "Reasoning-then-Solution" for-
mat. This mirrors the iterative self-training objec-
tive used in our math reasoning tasks, allowing
for a direct comparison of calibration performance
across different domains.

E Technical Overview of Baselines and
Related Concepts

In this section, we provide detailed technical back-
grounds for the primary baselines and concepts
utilized in our study: STaR, Slow Thinking (ICL),
and Model Merging.

E.1 Self-Taught Reasoner (STaR)

STaR (Zelikman et al., 2022) is an iterative
bootstrapping framework designed to improve a
model’s reasoning capabilities using only a large
dataset of questions and answers without interme-
diate rationales. Its core loop consists of:

1. Rationale Generation: The model is
prompted (via few-shot) to generate a Chain-
of-Thought (CoT) and a final answer.

2. Filtering: Only rationales that lead to the
correct ground-truth answer are retained.

oW

3. Rationalization: For questions where the 3
model fails, it is provided with the correct ’

answer as a "hint" to generate a backward-
reasoned rationale.

4. Fine-tuning: The model is fine-tuned on the
combined set of successful and rationalized
paths.

In our experiments, STaR serves as the primary
iterative baseline, representing the "accuracy-first"
reinforcement approach that often incurs a high
calibration cost.

E.2 Slow Thinking via In-Context Learning
(ICL)

Based on the findings of Yoon et al. (2025),
Slow Thinking refers to the cognitive behaviors
exhibited by advanced reasoning models (e.g.,
DeepSeek-R1, ol), such as exploring alternative ap-
proaches, self-verification, and backtracking within
an extended CoT.

* Mechanism: Unlike standard CoT, slow
thinking is non-linear. The model dynamically
adjusts its internal confidence as it rejects er-
roneous paths or confirms logical steps.

* ICL Implementation: For non-reasoning
models (baselines), we elicit these behaviors
via In-Context Learning (ICL) by providing
few-shot exemplars that demonstrate these
"slow" cognitive patterns. This serves as a
strong baseline for reliability without parame-
ter updates.

Prompt Templates. For the Slow Thinking (ICL)
baseline, we adopt the prompting strategy from
Yoon et al. (2025)°. This template encourages
the model to engage in meta-cognitive reasoning
within <think> tags before providing a final an-
swer. The full template used for our experiments is
provided in Listing 1.

First, generate your thought process

aloud in first-person in between the
<think> tags. Then, outside of the

<think> tag, generate your final
answer. You must stop thinking

outside of the <think> tag, and
commit to providing an answer in the
format of #**Answerx*: $ANSWER. Here
are some examples.

[Example 1]

Question: Who was the next British Prime
Minister after Arthur Balfour?

OQutput:

<think>

6https://github.com/MattYoon/
reasoning-models-confidence
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Okay, so I need to figure out who was
the next British Prime Minister
after Arthur Balfour... [Detailed
reasoning process] ...So, the
sequence is Balfour, then Campbell -
Bannerman, then Asquith.

</think>

**xAnswer x*:

[Example 1

Henry Campbell-Bannerman
End]

[Example 2]

Question: Men Against the Sea and
Pitcairn's Island were two sequels
to what famous novel?

Qutput:

<think>
[Detailed reasoning process] ...So
the famous novel they're sequels to
is "Mutiny on the Bounty."

</think>

*xAnswer*x: Mutiny on the Bounty.

[Example 2 End]

[Example 3]

Question: River Phoenix died during the
making of which movie?

Output:

<think>
[Detailed reasoning process] . So,
to sum up my thoughts: Paramount was
originally called the "Hartford
Film Company."”

</think>

*x*Answerx*x: Hartford Film Company.

[Example 3 End]

This is the end of the examples. The

following is the question you need
to answer following the style of the
examples.

Listing 1: Full Few-Shot Prompt Template for Slow
Thinking (ICL)

E.3 Alignment-Calibration Trade-off and
Model Merging

Hu et al. (2025) formalize the Alignment Tax not
just as a loss of task performance, but as a Cali-
bration Cost—where models become universally
overconfident after instruction tuning.

e Model Merging: To mitigate this, they
propose interpolating the weights of a Pre-
Trained (PT) base model (Opr) and its
Instruction-Tuned (IT) counterpart (677):

gmerged = (1 - )\)HPT + )\HIT (5)
where ) is the merging coefficient.

* Pareto-Superior Frontier: This simple lin-
ear interpolation often reveals a "sweet spot"
where the merged model achieves higher ac-
curacy than both parents while substantially

recovering the calibration lost during align-
ment. We use this post-hoc method to bench-
mark the limits of weight-space optimization
against our intrinsic training-time approach,
EpiCaR.

F Formal Definition of
Confidence-Informed Self-Consistency
(CISO)

To maximize the utility of our model’s internalized
calibration during inference, we adopt Confidence-
Informed Self-Consistency (CISC) (Taubenfeld
et al., 2025) as our primary scaling strategy. Given
a question ¢ and a set of m sampled reasoning
paths and answers {(r1,a1),..., ("m,am)}, the
CISC aggregation process consists of three stages:

1. Confidence Extraction. For each reasoning
path r;, we extract the verbalized confidence score
¢i = V(r;). In our framework, these scores are
generated via the verbalized confidence described
in Section 3.1.

2. Softmax Normalization. To balance the rel-
ative importance of answer frequency (majority)
and individual path reliability, the raw confidence
scores are normalized using a temperature-scaled
softmax:

o — exp(c;/T)
CT T exp(e/T)

where T is a tunable hyper-parameter. As T — oo,
CISC collapses to vanilla SC (uniform weights). As
T — 0, the mechanism prioritizes the single path
with the highest confidence, effectively becoming
a "greedy" confidence selection.

(6)

3. Weighted Aggregation. The final answer
acysc is determined by summing the normalized
confidence weights for each unique answer candi-
date:

m
acrsc = arg max ZH‘[ai =a]-¢ (1)
i=1

G Calibration and Temperature Scaling
Details

In addition to standard calibration metrics, we em-
ploy Temperature Scaling (TS) (Guo et al., 2017)
to evaluate the quality of the model’s confidence
scores independently of its overconfidence bias.
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Temperature Scaling Procedure. We optimize
a single scalar parameter 7' > 0 for each model
family and dataset. The temperature 7' is deter-
mined by minimizing the Negative Log-Likelihood
(NLL) on a held-out validation set (/V,,,; = 500):

Nyai

min - ; log (o(z:/T)) )

where z; represents the model’s output logits for the
correct answer. We denote the ECE calculated us-
ing these calibrated probabilities as ECE-TS. This
allows us to distinguish between models that are in-
herently uncalibrated and those that simply require
a linear adjustment to their confidence variance.

H Extended Related Work

Comparison with RL and Verifier-based Meth-
ods. While recent RL-based approaches like
RLCR (Damani et al., 2025) achieve calibration,
they often suffer from training instability and high
hyperparameter sensitivity. In contrast, EPICAR
operates within a stable iterative SFT framework.
Furthermore, unlike V-STaR (Hosseini et al., 2024),
which requires a separate verifier model, our ap-
proach unifies generation and verification into a sin-
gle model. This integration is the key driver behind
our reported 3x reduction in inference compute,
as it eliminates the overhead of managing multiple
model forward passes.

Prompting vs. Fine-tuning for Calibration.
Recent studies have debated whether LLMs can
express uncertainty through zero-shot prompting
alone. While some suggest that scale improves self-
evaluation (Kadavath et al., 2022), Kapoor et al.
(2024) argue that prompting on its own is insuffi-
cient for reliable calibration due to high sensitivity
to linguistic variances. They demonstrate that fine-
tuning on even a small graded dataset significantly
outperforms black-box prompting by leveraging
the model’s internal features. EPICAR builds on
this insight by integrating this calibration-tuning
into an iterative reasoning loop, ensuring that the
model’s confidence is grounded in its evolving rea-
soning capacity rather than static prompt templates.

I Detailed Training Objective

We prioritize a minimalist design to ensure robust-
ness. Unlike multi-task frameworks that require
tuned auxiliary coefficients, EPICAR utilizes the

standard Causal Language Modeling (CLM) loss:

Lepicar = Lopy = — Y _log Py(w; | w<) (9)
t

The model treats reasoning tokens and the self-
evaluation token (e.g., yes/no) as a single continu-
ous sequence.

Intrinsic Curriculum via Natural Mixing.
Rather than using a fixed mixing weight, we adopt
a natural mixing strategy. By pooling all reason-
ing and self-evaluation samples as described in
Algorithm 1, the training distribution dynamically
evolves. In early iterations where model accuracy
is low, the dataset is naturally dominated by nega-
tive self-evaluation samples (“no”). This forces the
model to prioritize self-objectivity and uncertainty
representation (epistemic grounding). As reason-
ing capability improves, the proportion of positive
reasoning samples naturally increases. This serves
as an intrinsic curriculum that stabilizes the learn-
ing trajectory without manual intervention.

J Ablation Study: Impact of Adaptive
Injection Decoding

To validate the structural importance of our pro-
posed Adaptive Injection Decoding (AID), we per-
form an ablation analysis using Llama-3-8B and
Qwen-3-8B on the MATH dataset. We compare
our full method (Ours) against a variant trained
without injection decoding (w/o AID), where for-
matting errors are treated as standard incorrect sam-
ples.

Model Variant Acc. (1) AUROC (1) ECE()
Ours (Full)  14.47% 0.594 0.415

Llama-3-88 0 A 1D 2.56% 0.507 0.580
Ours (Full)  49.62% 0.800 0.133

Qwen-3-8B /5 AID 47.83% 0.784 0.152

Table 11: Ablation on Adaptive Injection Decoding
(AID). Removing AID leads to significant performance
degradation, highlighting its role in preventing format-
ting noise from corrupting the evaluation signal.

As shown in Table 11, the removal of AID re-
sults in a significant degradation in both reasoning
accuracy and calibration metrics. For Llama-3-8B,
the accuracy drops catastrophically to 2.56%. This
collapse occurs because, without AID, valid reason-
ing paths that suffer from minor formatting issues
(e.g., missing box delimiters) are mislabeled as "in-
correct” (“no”). This introduces severe label noise,
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confusing the model’s self-evaluation mechanism
and destabilizing the reinforcement loop. AID ef-
fectively filters this noise, ensuring that the neg-
ative signal purely reflects logical failures rather
than syntactic ones.

K Full Results for Model Merging

In this section, we provide the comprehensive re-
sults of our model merging experiments across the
Llama-3 and Qwen-3 model families. Table 13
and Table 14 details the performance and reliabil-
ity metrics for varying interpolation coefficients A,
ranging from the pure base model (A = 0.0) to the
fully fine-tuned models (A = 1.0).

Effect of Interpolation Coefficient ()
The results demonstrate that model merg-
ing—interpolating weights between the base
model and the fine-tuned model—serves as an
effective regularizer. For most model scales, we
observe that an intermediate value of A (e.g.,
0.6 < A < 0.8) often provides a superior balance
between task-specific accuracy and probabilistic
calibration. Interestingly, in larger models such
as Qwen-3-8B and Llama-3.1-8B, our method
(EPICAR) maintains high discriminative perfor-
mance (AUROC) even at A = 1.0, whereas STaR
often exhibits signs of overconfidence or degraded
calibration as the fine-tuning progresses.

Comparison: STaR vs. EPICAR Across all
tested architectures, EPICAR consistently outper-
forms the STaR baseline in both discriminative re-
liability (AUROC) and calibration error (ECE and
Brier Score). Notably:

* Discriminative Power: EPICAR achieves
significantly higher AUROC scores, partic-
ularly at the 4B and 8B scales. This indicates
that the epistemic uncertainty captured during
our training process allows the model to bet-
ter distinguish between correct and incorrect
reasoning paths.

e Calibration Stability: While STaR often
shows fluctuating ECE values as A increases,
EPICAR tends to show a more stable or im-
proving trend in Brier scores. This suggests
that the calibration objective in EPICAR suc-
cessfully aligns the model’s confidence with
its actual predictive correctness.

Scaling Trends We observe a clear scaling trend
where larger models (8B) benefit more from the

weight-space intervention. While smaller mod-
els like Llama-3.2-1B show mixed results in cali-
bration error, they still exhibit improved AUROC
when merged with our epistemically-calibrated
weights. This confirms that EPICAR provides a
more robust initialization for model merging com-
pared to standard self-training objectives, effec-
tively preserving the base model’s general knowl-
edge while injecting calibrated reasoning capabili-
ties.

L Extended Reliability Analysis

In this section, we provide the full set of reliability
diagrams across all evaluated benchmarks: MATH
(Hendrycks et al., 2021), GSM8K (Cobbe et al.,
2021), and MBPP (Austin et al., 2021). These
diagrams visualize the relationship between the
model’s verbalized confidence and its empirical
accuracy, providing qualitative evidence for the
calibration improvements discussed in the main
text.

We partition the model’s predictions into M =
10 equally-spaced bins based on verbalized confi-
dence. A perfectly calibrated model would align
with the dashed diagonal line (y = x).

As shown in Figures 3 through 6, our method
(EPICAR) consistently demonstrates better align-
ment and higher discriminative power (AUROC)
compared to the STaR baseline, which frequently
exhibits overconfident clusters in the lower accu-
racy bins—a clear symptom of the calibration cost
of standard iterative SFT.

M Extended Ablation Studies and
Sensitivity Analysis

To further validate the robustness and structural
choices of EPICAR, we provide the following ex-
tended analyses.

M.1 Prompt Sensitivity Analysis

To evaluate the robustness of verbalized confi-
dence against prompt variations, we tested four
diverse self-evaluation templates (Original, Formal,
Casual, Detailed) on MATH-500. As shown in
Table 16, EPICAR not only improves the mean
AUROC but also consistently reduces the cross-
template variance (standard deviation). This indi-
cates that explicit training genuinely internalizes
self-evaluation, making it significantly more robust
to phrasing variations than zero-shot metacognitive
baselines.
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M.2 Loss Weighting Ablation

To validate the structural choice of using standard
unweighted CLM loss, we ablated the explicit loss
weighting between the reasoning (o) and calibra-
tion (1 — «) tasks on Qwen-3-8B. As shown in Ta-
ble 17, reasoning accuracy remained stable, while
ECE achieved a broad, near-optimal plateau around
« = 0.5. This confirms that the standard unified
SFT objective implicitly balances the tasks well
without the need for manual hyperparameter tun-
ing.

M.3 Inference Compute Breakdown of
External Verifiers

In Section 6.4, we note that V-STaR incurs ap-
proximately 21 x the inference compute of a single
EPICAR forward pass. This empirical multiplier
is directly derived from the structural overhead of
utilizing a separate external verifier model.

As detailed in Table 12, evaluating a single prob-
lem with EPICAR (K = 1) requires exactly 1 gen-
eration pass, as the model outputs its verbalized
confidence concurrently with the reasoning solu-
tion. In contrast, evaluating V-STaR with K = 10
candidate solutions requires 10 full autoregressive
generation passes from the generator model, fol-
lowed by 10 independent evaluation passes from
the external verifier model to score each generated
candidate. Assuming the generator and verifier
models share the same architecture scale, this ne-
cessitates at least 20 full model forward passes.
Factoring in the computational overhead of pro-
cessing the generated CoT context twice (once dur-
ing generation, once during verification) and multi-
model orchestration, the total inference compute
scales to ~21 X that of a single EPICAR pass. Even
when EPICAR is scaled to K = 10 using CISC, it
only requires 10 passes, exactly halving the com-
pute of V-STaR while matching or exceeding its
calibration performance.

Method K  Gen. Passes Verifier Passes Est. Compute
EPICAR (Single) 1 1 0 1x

STaR (Majority Vote) 30 30 0 30x

EPICAR (CISC) 10 10 0 10x

V-STaR (Best-of-K) 10 10 10 ~ 21x

Table 12: Inference Compute Breakdown. V-STaR
requires passing generated candidates through a sep-
arate verifier model, effectively doubling the forward
passes per candidate and incurring significant multi-
model overhead compared to EPICAR’s internalized
single-pass evaluation.
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Model Method A Ace.(t)  AUROC (1) ECE(])  Brier(})

Base Model 0.0 3.30% 0.525 0.841 0.740
0.2 3.34% 0.530 0.841 0.740

0.4 3.18% 0.529 0.842 0.741

STaR + Merging 0.6 3.54% 0.518 0.838 0.737
Llama-3-1B 0.8 3.50% 0.506 0.838 0.737
1.0 3.46% 0.491 0.838 0.737

0.2 3.20% 0.531 0.845 0.745

0.4 3.53% 0.555 0.848 0.754

Ours (EPICAR) + Merging 0.6 3.62% 0.551 0.862 0.779
0.8 3.44% 0.595 0.880 0.809

1.0 3.30% 0.573 0.871 0.800

Base Model 0.0 7.56% 0.555 0.376 0.216
0.2 7.60% 0.562 0.377 0.217

0.4 7.46% 0.564 0.378 0.217

STaR + Merging 0.6 7.44% 0.562 0.378 0.217
Llama-3-3B 0.8 7.38% 0.542 0.380 0.219
1.0 7.38% 0.562 0.382 0.219

0.2 7.70% 0.568 0.353 0.200

0.4 7.82% 0.559 0.301 0.168

Ours (EPICAR) + Merging 0.6 7.80% 0.552 0.237 0.134
0.8 7.86% 0.593 0.167 0.106

1.0 8.58% 0.568 0.108 0.097

Base Model 0.0 13.30% 0.544 0.496 0.368
0.2 13.26% 0.531 0.496 0.368

0.4 13.54% 0.546 0.495 0.367

STaR + Merging 0.6 13.74% 0.556 0.494 0.367
Llama-3-8B 0.8 13.72% 0.555 0.492 0.365
1.0 13.46% 0.570 0.494 0.365

0.2 13.90% 0.552 0.486 0.361

04 14.12% 0.553 0.470 0.348

Ours (EPICAR) + Merging 0.6 15.02% 0.571 0.443 0.328
0.8 14.04% 0.592 0.434 0.312

1.0 14.42% 0.595 0.415 0.298

Table 13: Full Results for Llama-3 Family with Model Merging. Accuracy and calibration metrics
across all A values for Llama-3 (1B, 3B, and 8B).
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Model Method A Acc. (1) AUROC (1) ECE () Brier ()
Base Model 0.0 41.44% 0.408 0.101 0.255
0.2 41.26% 0.407 0.120 0.256
0.4 42.02% 0.413 0.111 0.257
STaR + Merging 0.6 41.64% 0.409 0.121 0.258
Qwen-3-1.7B 0.8 41.24% 0.421 0.123 0.261
’ 1.0 38.16% 0.430 0.124 0.257
0.2 42.46% 0.438 0.101 0.257
0.4 42.42% 0.497 0.099 0.257
Ours (EPICAR) + Merging 0.6 43.08 % 0.543 0.161 0.270
0.8 42.72% 0.600 0.214 0.284
1.0 42.34% 0.637 0.297 0.323
Base Model 0.0 40.66% 0.676 0.093 0.232
0.2 41.78% 0.697 0.102 0.233
0.4 41.60% 0.746 0.143 0.235
STaR + Merging 0.6 42.32% 0.760 0.191 0.248
Qwen-3-4B 0.8 42.58% 0.784 0.240 0.263
1.0 43.20% 0.765 0.273 0.283
0.2 42.20% 0.704 0.097 0.230
0.4 42.72% 0.782 0.138 0.220
Ours (EPICAR) + Merging 0.6 43.40% 0.804 0.170 0.222
0.8 43.54% 0.826 0.176 0.211
1.0 43.50% 0.835 0.137 0.193
Base Model 0.0 45.86% 0.727 0.196 0.259
0.2 45.84% 0.714 0.200 0.264
0.4 47.14% 0.721 0.193 0.261
STaR + Merging 0.6 47.44% 0.727 0.197 0.262
Qwen-3-8B 0.8 48.08% 0.712 0.190 0.261
1.0 49.52% 0.710 0.179 0.258
0.2 46.48% 0.719 0.175 0.254
0.4 47.10% 0.729 0.145 0.243
Ours (EPICAR) + Merging 0.6 48.54% 0.746 0.112 0.229
0.8 49.72% 0.769 0.123 0.217
1.0 49.76 % 0.797 0.131 0.206

Table 14: Full Results for Qwen-3 Family with Model Merging. Accuracy and calibration metrics
across all A values for Qwen-3 (1.7B, 4B, and 8B).
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Figure 3: Reliability Diagram: MATH (Standard). Comparison of calibration performance between the base
model, STaR, and EPICAR on the MATH dataset.
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Figure 4: Reliability Diagram: MATH (Slow Thinking). Visualizing how internalized calibration interacts with
inference-time "slow thinking" behaviors.

22441



Base Model

STaR

EpiCaR

0.2 0.4 0.6 0.8 1.0
Confidence

0.2 0.4 0.6
Confidence

0.2 0.4 0.6
Confidence

0.8

'Acc: 0.035
AUROC: 0.545
ECE: 0.841
Brier: 0.741

]

4

n g

£

& 4

=]
Acc: 0.149
AUROC: 0.527
ECE: 0.303
Brier: 0.223

Q

n oz

n g

gz

£ <

-
Acc: 0.314 Acc: 0.375
AUROC: 0.565 AUROC: 0.565
ECE: 0.329 ECE: 0.223
Brier: 0.324 Brier: 0.284.

Q

©° 7

m g

2z

5 g

=]

[

52

o

c 3

¢ o

3 <

=4

— 1.0 1.0 —

Acc: 0.851 - Acc: 0.882
AUROC: 0.611 AUROC: 0.756
ECE: 0.364 ECE: 0.132
Brier: 0.255 0.8 Brier: 0.106

[

g2

[

£ 5

g i

& <

.0

‘Acc: 0.859 ‘Acc: 0.895
AUROC: 0.654 AUROC: 0.722
ECE: 0.215 1 0. ECE: 0.364
Brier: 0.162 Brier: 0.147 Brier: 0.216

[

© 7

o g

e <

1.0

Figure 5: Reliability Diagram: GSMS8K (Zero-Shot). Evaluation of epistemic uncertainty calibration in an
out-of-distribution mathematical reasoning context.
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Figure 6: Reliability Diagram: MBPP (Code Generation). Cross-domain robustness of EPICAR in programming
tasks.

Template Self-Evaluation Prompt

Original Is the answer correct? Choose ONLY one letter. A) Yes B) No. Your choice:

Formal Based on careful mathematical verification, is this solution correct? Choose: A) Yes B) No. Answer:
Casual Right or wrong? A) Right B) Wrong. Pick one:

Detailed After checking each reasoning step and the final computation, is the answer correct? A) Yes, it is

correct B) No, it is incorrect. Your choice:

Table 15: Diverse Self-Evaluation Templates.

Model Method AUROC (mean =+ std) ECE (mean + std)

Qwen-3-8B STaR 0.721 4+ 0.045 0.267 + 0.064
ErPiCAR 0.797 £+ 0.040 0.203 + 0.055

Llama-3-SB STaR 0.570 4+ 0.057 0.645 + 0.130
ErPiCAR 0.571 £+ 0.032 0.594 + 0.155

Table 16: Prompt Sensitivity Analysis. EPICAR effectively reduces cross-template variance.

Table 17: Loss Weighting Ablation. The unweighted SFT objective (aw = 0.5) natively achieves near-optimal

calibration.

Weight () Acc (%) AUROCT ECE |

1.0 (Reasoning only)  44.20 0.6853  0.2658
0.9 43.20 07007  0.1213

0.7 45.60 07323 0.0918

0.5 (Ours, standard) ~ 43.60 07616  0.0920
0.3 44.40 07823  0.1162
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