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Abstract sufficient. In these settings, it is equally impor-

Confidence estimation for large language mod-
els (LLMs) aims to estimate the probability that
a generated answer is correct, while calibration
aligns these estimates with empirical accuracy.
Prior work has shown that token probabilities
are often overconfident, we investigate whether
these readily available signals can neverthe-
less provide well-calibrated confidence estima-
tion for mathematical question answering. We
compare single-pass estimators, which reuse to-
ken probabilities from the original generation,
with multi-pass estimators, which obtain addi-
tional confidence signals through verification
or stochastic forward passes. While individual
token probabilities can be highly saturated, we
find that aggregating token probabilities over
the full sequence captures small but consistent
differences between correct and incorrect gen-
erations, yielding more informative confidence
estimates. Multi-pass methods can yield cal-
ibrated confidence estimates. We study two
such approaches: self-verification through re-
prompting, including a lower-cost in-situ vari-
ant, and Monte Carlo Dropout, which derives
confidence from variation across stochastic for-
ward passes. We further evaluate two post-
hoc calibration methods, Platt scaling and iso-
tonic regression, both of which substantially
reduce in-domain calibration error. However,
their data efficiency varies with dataset diffi-
culty, and the calibration mappings often trans-
fer asymmetrically across datasets and models.

1 Introduction

Large language models (LLMs) have achieved re-
markable success on a broad range of complex,
multi-step tasks (Achiam et al., 2023; Team et al.,
2023). As they are increasingly deployed in high-
stakes domains such as financial forecasting (Wu
et al., 2023; Yu et al., 2023), legal services (Cai
et al., 2025; Luo et al., 2025), and medical decision
support (Ravenda et al., 2025; Bartels et al., 2025),
generating a correct response alone is no longer

tant to know when a model’s output can be trusted,
motivating the need for accurate, well-calibrated
estimates of response correctness.

A natural basis for confidence estimation is the
token probabilities produced by LLMs during in-
ference. However, raw token probabilities often
provide unreliable and saturated confidence sig-
nals (Mielke et al., 2022; Kadavath et al., 2022;
Chhikara, 2025), because LLMs are trained to
optimize next-token prediction (Ouyang et al.,
2022; Stiennon et al., 2020) rather than to esti-
mate whether a completed response is correct. This
raises a fundamental question: whether token prob-
abilities contain useful signals for confidence es-
timation and how effectively these signals can be
calibrated to reflect empirical correctness.

In this work, we conduct an empirical study of
token-probability-based confidence estimation and
post-hoc calibration for mathematical question an-
swering (Cobbe et al., 2021; Patel et al., 2021; Gao
et al., 2023). We organize confidence estimators
by the number of inference passes they require.
For single-pass estimators, we analyze how confi-
dence depends on the subset of generated tokens
considered and the method used to aggregate their
probabilities. For multi-pass methods, we study
self-verification (Kadavath et al., 2022), evaluate
a lower-cost in-situ variant that appends the veri-
fication query directly to the original generation,
and Monte Carlo (MC) Dropout (Gal and Ghahra-
mani, 2016). Finally, we evaluate isotonic regres-
sion (Zadrozny and Elkan, 2002) and Platt scal-
ing (Platt et al., 1999), examining how post-hoc
calibration aligns confidence estimates with empir-
ical accuracy. Our main contributions are:

* We systematically compare single-pass confi-
dence estimators derived from different subsets
and aggregations of token probabilities. We
find that the overconfidence issue documented
in prior work is particularly pronounced for
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answer-token estimators. By contrast, aggregat-
ing probabilities over the full reasoning trajec-
tory yields discriminative confidence estimates.

* For multi-pass estimation, we evaluate an ef-
ficient in-situ self-verification variant that ap-
pends the verification query directly to the origi-
nal response. It achieves calibration comparable
to standard model re-prompting while reducing
token-processing overhead by 88%, indicating
that verification-based confidence can be esti-
mated without re-encoding the full question—
response pair and may therefore be particularly
efficient for long reasoning outputs.

* We further analyze MC Dropout for multi-pass
confidence estimation. We find that variation in
answer-token predictive distributions captures
uncertainty not reflected in the decoded output,
even when the generated answer remains un-
changed across stochastic forward passes.

* We evaluate Platt scaling and isotonic regression
and find that both generally reduce in-domain
calibration error, with isotonic regression of-
ten effective using as few as 50 examples. To-
gether with our cross-domain analysis, these re-
sults show that calibration efficiency depends on
dataset difficulty, while transfer depends on the
specific source and target model-dataset pairs.

2 Related Work

Confidence estimation methods for LLMs are
typically categorized as white-box or black-
box (Geng et al., 2024). Black-box methods derive
confidence from generated outputs, including ver-
balized confidence (Xiong et al., 2024) and consis-
tency across sampled generations (Lyu et al., 2025).
White-box methods instead leverage internal rep-
resentations (Lin et al., 2024b) or logit-based sig-
nals (Huang et al., 2023; Vazhentsev et al., 2023;
Kuhn et al., 2023). Token probabilities are partic-
ularly appealing because they are available during
inference and lie in [0, 1], making them natural can-
didates for confidence scores. However, they are
often overconfident, concentrated near one, and
poorly calibrated for answer correctness (Mielke
et al., 2022; Chhikara, 2025). Motivated by these
limitations, we examine how token selection, ag-
gregation, and post-hoc calibration affect their use-
fulness for confidence estimation.

Multi-pass methods obtain additional confidence
signals through repeated forward passes. The
p(True) approach re-prompts the model to judge

its generated answer and computes confidence
by normalizing the probabilities of True and
False (Kadavath et al., 2022). This requires pro-
cessing the full question—answer context again.

MC Dropout estimates uncertainty from vari-
ation across stochastic forward passes (Gal and
Ghahramani, 2016) and has been studied in clas-
sification (Ficsor and Berend, 2025), summariza-
tion (Zablotskaia et al., 2023), and generative
QA (Mora-Cross and Calderon-Ramirez, 2024).
More recently, Zhang et al. (2026) estimate token-
level uncertainty conditioned on a fixed reasoning
response using weight perturbations and aggregate
it over the full sequence. We instead apply standard
MC Dropout to a fixed model-generated reasoning
trajectory and measure variation in final-answer-
token distributions, evaluating whether it yields
calibrated estimates of answer correctness.

Confidence calibration aims to align confi-
dence scores with empirical correctness. Recent
work has explored increasingly complex calibra-
tion methods for LLMs, including auxiliary LLM-
based calibrators (Tan et al., 2026; Ulmer et al.,
2024), layer-specific calibration (Joshi et al., 2025;
Stolfo et al., 2024), and fine-tuning-based ap-
proaches (Li et al., 2025; Lin et al., 2024a). In con-
trast, we revisit two classic post-hoc approaches,
Platt scaling (Platt et al., 1999) and isotonic regres-
sion (Zadrozny and Elkan, 2002), and show that
they can substantially improve token-probability-
based confidence estimates. Their simplicity lets
us study in-domain and cross-domain calibration,
along with calibration-data efficiency. We describe
calibration metrics in Section 5.

3 Preliminaries

In this section, we introduce the notation and prob-
lem setting for our study of confidence estimation
and calibration in LLMs.

3.1 LLM Inference

LLMs are neural networks that model sequen-
tial data by predicting the next token in a se-
quence (Vaswani, 2017). In this work, we focus
on LLMs trained for text generation (Brown et al.,
2020; Achiam et al., 2023; Touvron et al., 2023).
Let V denote a finite vocabulary. Given an in-
put sequence * = (z1,...,%y,) € V", an LLM
defines a probability distribution P(- | ) € A(V)
over the next token, where A()) denotes the prob-
ability simplex over V. For an output sequence



y = (y1,...,yn) € V", the autoregressive fac-
torization is given by P(y | =) = [[i; P(y; |
x,Y<;), where y<; = (y1,...,¥i-1).

3.2 Mathematical Question Answering with
Verifiable Final Answers

Confidence estimation requires a notion of output
correctness. For open-ended dialogue (Li et al.,
2017), correctness can be ambiguous and task-
dependent, making confidence difficult to define
and evaluate (Liu et al., 2023; Mendonga et al.,
2024). We therefore focus on mathematical ques-
tion answering (Cobbe et al., 2021; Patel et al.,
2021; Gao et al., 2023), which provides a struc-
tured and verifiable setting: model outputs typi-
cally contain multi-step reasoning followed by a
final answer (Wei et al., 2022), and correctness can
be evaluated against a ground-truth answer.

We decompose each generated sequence as y =
(yresson ¢ where y"*°" denotes the interme-
diate reasoning tokens and y®"™ denotes the final
answer tokens. We refer to y*"
kens. Given a ground-truth answer y*, we define
a correctness function I(y*™, y*) € {0, 1}, which
evaluates correctness under any chosen metric (e.g.,
exact match, semantic equivalence (Peinelt et al.,
2020), or LLM-as-a-Judge (Perez et al., 2022)).

Because token probabilities are available for
both the reasoning trajectory and the final answer
during inference, confidence can be constructed
from different token subsets and aggregation rules.
Prior work has considered several such choices (Lin
et al., 2024b; Gupta et al., 2024; Huang et al., 2024;
Jiang et al., 2020; Huang et al., 2023; Orgad et al.,
2025), often as baselines for error detection. We
instead examine how these choices affect both the
discrimination and calibration of confidence esti-
mates for mathematical question answering.

as the answer to-

4 Confidence Estimation

Our goal is to systematically study confidence esti-
mators derived from token probabilities and their
calibration behavior. We distinguish confidence
estimation from calibration: confidence estimation
constructs a scalar score to reflect answer correct-
ness, while calibration adjusts this score to better
align with empirical accuracy. In this section, we
focus on the estimation step.

4.1 Problem Formulation

Confidence is commonly interpreted as the proba-
bility that a model’s output is correct (Guo et al.,

2017). Consider a generated response y. A con-
fidence estimator c(x, g) aims to approximate the
probability that the generated answer is correct:
c(z,g) = P(I(y*™,y*) = 1 | @,9). This confi-
dence score c is different from the sequence like-
lihood P(y | «) defined in Section 3.1. These
quantities are often not the same: answer tokens
can be highly likely when conditioned on an in-
correct reasoning trajectory, while low-probability
tokens along the trajectory may signal potential
errors, as we later show in Section 6. Thus, estimat-
ing confidence from token probabilities requires
two choices: which generated tokens to consider
and how to aggregate their probabilities.

4.2 Single-pass Estimation

We group confidence estimators based on the num-
ber of forward passes required. Single-pass es-
timators reuse token probabilities from the orig-
inal generation and therefore incur no additional
forward passes. We instantiate the two choices
above using either the full generated sequence
(yreason y2) or only the answer tokens y*", and
aggregating their probabilities using either the arith-
metic mean (Huang et al., 2023; Jiang et al., 2020;
Orgad et al., 2025) or the length-normalized joint
probability, equivalent to the geometric mean of
token probabilities (Wu et al., 2016; Malinin and
Gales, 2021). Combining these choices yields four
estimators: sequence joint (SEQ JOINT), sequence
average (SEQ AVG), answer joint (ANS JOINT),
and answer average (ANS AVG). Length normal-
ization reduces the joint probability’s inherent pref-
erence for shorter sequences.

4.3 Multi-pass Estimation

The single-pass estimators above use only token
probabilities produced during the original genera-
tion. We next consider two multi-pass approaches
that obtain additional confidence signals through
repeated forward passes.

Self-verification via re-prompting: Prior work
has used verification-style prompting to elicit con-
fidence from language models (Kadavath et al.,
2022). After generating a response, the model is
queried with a verification prompt V" = g(x, 9)
constructed from the original input and generated
response. As shown in Table 1, p(True) com-
putes confidence by normalizing the probabilities
assigned to the True and False tokens. Although
p(True) is a widely used baseline (Orgad et al.,
2025; Lin et al., 2024b; Mahaut et al., 2024; Lyu
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Table 1: Confidence estimation using token proba-
bilities. Single-pass estimators use token probabilities
from the original generation: sequence-based estimators
aggregate probabilities over the full response, whereas
answer-based estimators use the final-answer tokens.
Multi-pass estimators obtain additional confidence sig-
nals through p(True)-based self-verification (Kadavath
et al., 2022) or cgar,p computed from stochastic for-
ward passes (Houlsby et al., 2011).

et al., 2025), it requires processing the question—
response context again. Its token-processing over-
head therefore increases with response length and
can become substantial for long reasoning trajec-
tories. In Section 6, we evaluate the calibration of
p(True) and a simple in-situ variant that appends
the verification prompt to the original generation
trajectory, avoiding re-encoding the full context.

Confidence estimation via MC Dropout: We
next evaluate MC Dropout, a widely used approxi-
mate Bayesian approach for estimating uncertainty
through stochastic forward passes (Gal and Ghahra-
mani, 2016; Gal et al., 2017). Prior work has ap-
plied MC dropout to uncertainty estimation in lan-
guage models across several settings (Gao et al.,
2025; Zhang et al., 2026). Our analysis measures
variation in the predictive distributions of answer
tokens conditioned on a fixed reasoning trajectory.
This design avoids the cost of repeatedly generating
complete alternative reasoning trajectories, while
leveraging the structured outputs of mathematical
question answering, where a reasoning trajectory
is followed by a compact, verifiable final answer.

We first generate a response with dropout dis-
abled, then fix the trajectory (y™*°" y*") and en-
able dropout during inference. Importantly, we
do not regenerate the response under each dropout
mask. Instead, for each stochastic forward pass
t = 1,...,T and answer-token position j, we
evaluate the next-token predictive distribution con-
ditioned on the same fixed prefix: Py ;(-) =

P, ( | @, yreason, ya<“;> If the prediction at an an-
swer position is stable under dropout, these distri-

butions should be similar across stochastic passes.
Greater disagreement indicates higher uncertainty
about that answer token given the generated reason-
ing trajectory. Let P;(-) == £ ST Pt (+) denote
the predictive distribution averaged across dropout
samples. We quantify disagreement at answer-
token position j using Bayesian Active Learning
by Disagreement (BALD) (Houlsby et al., 2011;

Atighehchian et al., 2022):

T
_ 1
BALD; = H(E;) — ) H(Piy). ()
S~—— t—1

predictive entropy

expected conditional
entropy

The first term measures the entropy of the aver-
aged predictive distribution across dropout samples,
while the second term measures the average entropy
within individual samples. A higher BALD score
indicates greater variation among predictive distri-
butions at the answer-token position, suggesting
lower confidence in the answer conditioned on the
fixed generated trajectory.

Because BALD is an uncertainty score rather
than a probability of correctness, we convert each
token-level score into a confidence score using
a fixed monotone decreasing transformation ¢ :
R — [0, 1] and average across answer-token po-
sitions: CRALD = ﬁ Z'f;?‘ ¢(BALDj). The
resulting estimator depends on the dropout rate, the
layers in which dropout is enabled, the number of
stochastic passes, and the choice of ¢; these imple-
mentation details are provided in Appendix B.1.

Like p(True), cgarp requires additional for-
ward passes. Together, these methods allow us
to compare confidence derived directly from the
original generation, self-verification, and stochastic
predictive disagreement.

5 Confidence Calibration

Calibration aims to align confidence estimates with
empirical correctness (Guo et al., 2017). A con-
fidence estimator c(x,y) is perfectly calibrated
if P(I(g*™,y*) =1 | c(x,y) =p) = p for all
p € [0,1]. Since c(x,y) is typically continuous,
this condition is evaluated empirically by partition-
ing predictions into confidence bins.

Metrics: Qualitatively, reliability diagrams
plot empirical accuracy against mean confidence
across bins; perfect calibration lies on the diago-
nal (Niculescu-Mizil and Caruana, 2005). Quan-
titatively, Expected Calibration Error (ECE) and
Maximum Calibration Error (MCE) (Naeini et al.,



2015) measure the average and worst-case discrep-
ancies across these bins. We defer results with
Brier scores (Brier et al., 1950) to Appendix D.

Post-hoc calibration learns a mapping f on a
held-out calibration set so that f(c(x,y)) better
approximates the probability of answer correctness.
Following prior work (Guo et al., 2017), we eval-
uate two simple and widely used approaches, iso-
tonic regression and Platt scaling, and study their
behavior across calibration-set sizes, dataset diffi-
culty, and cross-dataset transfer. Isotonic regres-
sion (Zadrozny and Elkan, 2002) learns a flexible,
non-parametric monotonic mapping. Because it
requires only confidence scores and correctness la-
bels, it can fit non-linear calibration curves and is
applied to all estimators in our study. Platt scal-
ing (Platt et al., 1999) applies a parametric global
adjustment to logits. Since correctness labels are
available only for final answers, we apply tempera-
ture scaling for answer-token estimators and Platt
scaling for the binary verification score.

6 Experiments

In this section, we evaluate confidence estimators
and analyze the factors driving their calibration
performance. We further study post-hoc calibration,
including its data efficiency, sensitivity to dataset
difficulty, and transfer across datasets.

6.1 Experiment Setup

Model Selection: We focus on open-source lan-
guage models, including Llama-3.1-8B-Instruct,
Llama-3.2-3B-Instruct (Dubey et al., 2024),
Qwen3-8B-Thinking, Qwen3-4B-Instruct (Yang
et al., 2025), and Deepseek-R1-distill-llama-
8b (Guo et al., 2025). This collection spans a
range of model sizes, architectures, and includes
instruction-tuned, distilled, and reasoning models.
Datasets: We evaluate on GSMS8K (Cobbe
et al., 2021), GSMHard (Gao et al., 2023), and
SVAMP (Patel et al., 2021), three mathematical
question answering benchmarks with varying diffi-
culty and over two thousand evaluation examples
in total. These tasks elicit structured outputs with
intermediate reasoning followed by a final numeric
answer (Wei et al., 2022), enabling verifiable an-
swer extraction for evaluating correctness.

Estimation: We use each model’s recommended
chat template and report the decoding configura-
tion in Table 6. For p(True), we follow the re-
prompting template (Kadavath et al., 2022) and

identify the token indices corresponding to True
and False for each model. For MC Dropout esti-
mation, we select the dropout rate separately for
each model through grid search and apply it to
all supported dropout modules during stochastic
forward passes. Exploring layer-specific dropout
configurations is left for future work.

6.2 Confidence Estimation

We investigate the effectiveness of token probabil-
ity in confidence estimation. Table 2 summarizes
results for single-pass and multi-pass confidence
estimators together with model accuracy on each
dataset. Full results, including Brier scores and
bootstrap confidence intervals, are reported in Ta-
ble 7 in the appendix.

Finding 1 (Trajectory-level Confidence):
Calibrated confidence arises from aggregat-
ing weak but consistent probability differences
across the reasoning trajectory.

Our analysis of single-pass estimators consid-
ers two design choices: the subset of generated
tokens used for estimation and the method used
to aggregate their probabilities. Across all model—
dataset pairs, sequence-based estimators achieve
lower ECE than answer-only estimators, although
the confidence intervals overlap in some settings.

Using probabilities from the full generated se-
quence substantially improves calibration. In
several settings, sequence-based estimators also
achieve lower ECE than the more computationally
expensive multi-pass estimators. To understand
this, we examine the trajectory of token probabil-
ities throughout generation. In Figure 1(a), we
plot the moving average of token probabilities as a
function of normalized token position. This can be
viewed as a SEQ AVG estimator computed with an
increasing window size. The curves initially over-
lap because many responses share similar opening
phrases. As generation progresses, however, the
curves separate: average probabilities tend to in-
crease for responses with correct final answers and
decrease for those with incorrect answers.

This pattern suggests that the useful signal does
not necessarily arise from any single token. Rather,
small probability differences accumulate across the
reasoning trajectory and become more apparent
after sequence-level aggregation.

Within each token subset, length-normalized
joint probability often outperforms arithmetic aver-



Model Dataset Acc. | SEQAVG SEQ JOINT ANS AVG ANS JOINT | p(True) CBALD
| ECE MCE ECE MCE ECE MCE ECE MCE | ECE MCE ECE MCE
GSMSK 0.824 | 0.053 0.481 0.117 0.195 0.166 0.529 0.165 0.469 | 0.097 0.625 0.149 0.667
Llama-3.1-8B GSMHard 0.350 | 0.457 0.600 0.320 0.414 0.622 0.743 0.615 0.753 | 0.333 0.627 0.152 0.424
SVAMP 0.827 | 0.057 0.309 0.170 0.332 0.169 0.797 0.171 0.765 | 0.099 0.450 0.095 0.633
GSMSK 0.775 1 0.124 0.587 0.092 0.364 0.218 0.635 0.218 0.623 | 0.055 0.304 0.108 0.389
Llama-3.2-3B GSMHard 0.258 | 0.636 0.773 0.597 0.676 0.725 0.857 0.722 0.768 | 0.251 0.406 0.078 0.202
SVAMP 0.820 | 0.068 0.783 0.035 0.676 0.175 0.840 0.175 0.837 | 0.104 0.423 0.097 0.610
GSMSK 0.650 | 0.253 0.384 0.219 0476 0.304 0.361 0.302 0.356 | 0.315 0.484 0.168 0.732
DeepSeek-R1-8B GSMHard 0.320 | 0.588 0.646 0.556 0.611 0.637 0.674 0.631 0.690 | 0.634 0.673 0.102 0.606
SVAMP 0.728 | 0.164 0.784 0.127 0.525 0.244 0.617 0.242 0.606 | 0.241 0.536 0.174 0.979
GSMSK 0.958 | 0.006 0.070 0.018 0.027 0.042 0.042 0.042 0.042 | 0.035 0.829 0.043 0.545
Qwen3-8B-Thinking GSMHard 0.810 | 0.144 0.781 0.128 0.793 0.190 0.190 0.190 0.190 | 0.183 0.373 0.028 0.365
SVAMP 0.972 | 0.017 0.017 0.033 0.034 0.028 0.028 0.028 0.028 | 0.020 0.348 0.026 0.133
GSMSK 0.938 | 0.035 0.478 0.028 0.790 0.062 0.062 0.062 0.062 | 0.062 0.652 0.061 0.650
Qwen3-4B-Instruct  GSMHard 0.701 | 0.266 0.724 0.256 0.787 0.298 0.299 0.298 0.299 | 0.285 0.985 0.188 0.451
SVAMP 0.943 1 0.032 0.366 0.025 0.267 0.057 0.057 0.057 0.057 | 0.058 0.999 0.061 0.313

Table 2: Confidence estimation results using token probabilities. We report accuracy (Acc.) and calibration
errors (ECE, MCE; lower is better). For single-pass methods, sequence-based estimators achieve lower ECE than
answer-based estimators across all model—dataset pairs. For multi-pass methods, MC Dropout-based cpar,p often

achieves lower ECE than p(True), particularly on GSMHard. Bold indicates the lowest ECE within each row.

aging, particularly on GSMHard. Because the joint
probability is more sensitive to low-probability
tokens, this result suggests that occasional low-
probability steps can provide useful evidence of
answer incorrectness.

Actionable takeaway. Full-trajectory aggregation
provides a strong single-pass default, suggesting
that useful confidence signals are distributed across
the reasoning trajectory. Because global aggre-
gation obscures where these signals arise, local-
window methods offer a natural extension. Recent
work similarly exploits localized confidence pat-
terns, but primarily to improve test-time reasoning
efficiency rather than confidence calibration (Fu
et al., 2026). Extending such local-window ap-
proaches to produce calibrated estimates of correct-
ness is a promising direction for future work.

Finding 2 (Distributional Uncertainty): MC
Dropout captures uncertainty from variation in
predictive distributions, but requires dropout-
rate selection for each model-dataset pair and
multiple stochastic passes.

We next compare two multi-pass confidence es-
timators: p(True), which re-prompts the model to
verify its generated answer, and cga1,p, which mea-
sures dropout-induced variation across token pre-
dictive distributions. As shown in Table 2, cgar,D
often achieves lower calibration error than p(True),
with its advantage being particularly pronounced
on GSMHard. However, these gains come with
substantial computational and tuning costs.
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Figure 1: Confidence estimation analysis. (a) Moving
average of token probabilities across the generated
sequence. Confidence-relevant information arises from
the accumulation of small token-level probability dif-
ferences across the reasoning trajectory. (b) BALD
decomposition under MC Dropout. Predictive en-
tropy increases and stabilizes after roughly five samples,
indicating that MC Dropout primarily captures distri-
butional uncertainty across stochastic inferences. (c)
In-situ verification. In-situ p(True) achieves calibra-
tion comparable to standard p(True) while avoiding full
re-prompting. Results are from Llama-3.1-8B, with (a)
evaluated on GSM8K.

Both methods introduce additional computa-
tional overhead compared to single-pass estima-
tors. For p(True), the extra cost is roughly pro-
portional to the length of the re-encoded question—
answer pair. For cga1p, inference cost grows ap-
proximately linearly with the number of stochastic
passes 1. Moreover, its performance is sensitive
to the dropout rate, which we select separately for
each model—dataset pair. The search space, crite-
ria, and the selected dropout rates are reported in
Appendix B.2.

To examine the trade-off in the number of
stochastic passes, Figure 1(b) plots the two terms
of Equation (1) as 7" increases. The expected con-
ditional entropy, Eg[H (y; | =, y<;,0)], remains



relatively stable, indicating that individual dropout-
induced forward passes produce similarly sharp
distributions. In contrast, the predictive entropy,
H(y; | z,y<;), increases with T and stabilizes
after roughly five samples, resulting in about a five-
fold overhead relative to a single forward pass for
a reliable estimation.

Actionable takeaway. MC Dropout is most ap-
propriate when its calibration gains justify substan-
tial tuning and inference costs. Recent approaches
reduce repeated inference (Gao et al., 2025), sug-
gesting a promising direction toward more efficient
confidence estimation.

Finding 3 (In-situ Self-verification): In-situ
self-verification achieves calibration compa-
rable to standard p(True) with substantially
lower token-processing overhead.

The performance of p(True) raises a natural
question: why is it often better calibrated than
ANS AVG, despite both relying on only a few to-
ken probabilities? One possible explanation is that
p(True) reframes confidence estimation as binary
self-verification, a setting in which language mod-
els have been shown to provide informative confi-
dence signals (Kadavath et al., 2022).

Motivated by this observation, we evaluate an
in-situ variant that appends the verification query to
the original response rather than re-prompting the
model from scratch. The resulting verifier remains
conditioned on the original prompt and generated
trajectory, including the system prompt, demonstra-
tion, question, reasoning, and final answer. The
prompt formats are compared in Figure 4.

As shown in Figure 1(c), in-situ verification

achieves ECE comparable to standard p(True). By
reusing the original generation, it avoids reprocess-
ing the full question—response sequence and re-
duces token-processing overhead by 88% on aver-
age across all settings. Full results are reported in
Table 11. This saving is particularly relevant for
long outputs (Bai et al., 2025).
Actionable takeaway. When the original genera-
tion state can be retained, in-situ verification pro-
vides a substantially cheaper alternative to standard
p(True), especially for long outputs.

6.3 Confidence Calibration

We next evaluate post-hoc calibration across confi-
dence estimators. We consider isotonic regression
and Platt scaling. Table 3 reports the calibrated
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Figure 2: Post-hoc confidence calibration analysis.
Reliability diagrams for Ans Avg: both (a) isotonic re-
gression and (b) Platt scaling improve calibration, with
isotonic regression fitting a flexible monotonic mapping
and Platt scaling applying a global parametric correction.
(c) Effect of calibration set size on Ans Avg. Calibra-
tion error decreases quickly with calibration set size,
with 50 examples already yielding substantial improve-
ments across datasets. Results are from Llama-3.1-8B,
with (a) and (b) evaluated on GSMHard.

ECE for ANS AVG, ANS JOINT, and p(True), with
relative improvements over the corresponding un-
calibrated estimators shown in parentheses. Com-
plete results with confidence intervals are deferred
to Table 8 in the appendix.

Both methods generally reduce calibration error,
including the strongly overconfident answer-token
estimators. Isotonic regression often produces the
largest reductions. As illustrated in Figure 2, its
flexible monotonic mapping can correct nonlinear
reliability curves that cannot be captured by the
global logit rescaling of temperature scaling. These
results show that high raw ECE does not neces-
sarily preclude effective post-hoc correction when
labeled calibration data are available.

Finding 4 (Difficulty-dependent Calibration
and Transfer): Calibration can be more data-
efficient on harder datasets under random sam-
pling, but learned mappings transfer asymmet-
rically across datasets and models.

We first study how calibration-set size af-
fects performance. Prior work often character-
izes calibration-data requirements in terms of the
calibration method (Guo et al., 2017) or label
noise (Zhao et al., 2020). We complement these
analyses by examining the role of dataset difficulty.

Figure 2(c) plots the ECE of ANS AVG after iso-
tonic regression and Platt scaling as the calibration
set size varies. Calibration examples are randomly
sampled from the calibration split. Overall, cali-
bration error decreases rapidly with more calibra-
tion data, with 50 examples already yielding sub-
stantial improvements across datasets. However,
GSMHard benefits from calibration with fewer



Dataset ‘ Isotonic Regression

| Platt Scaling

Model
| ANs AvG ANS JOINT p(True) | ¢t ANS AVG ANS JOINT (a,b) p(True)
GSMSK | 0.056 (+66%) 0.054 (+67%) 0.058 (+40%) | 1.82 0.080 (+52%) 0.080 (+51%)  (0.53,0.48)  0.059 (+39%)
Llama-3.1-8B GSMHard | 0.064 (+90%) 0.065 (+89%) 0.057 (+83%) | 2.37 0.091 (+85%) 0.045 (+93%) (0.57,-1.74) 0.087 (+74%)
SVAMP 0.020 (+88%) 0.022 (+87%) 0.045 (+54%) | 1.91 0.084 (+50%) 0.083 (+52%) (0.54,0.43) 0.039 (+60%)
GSM8K 0.074 (+66%) 0.075 (+65%) 0.076 (-39%) | 1.74 0.104 (+52%) 0.103 (+53%) (0.65,1.07)  0.044 (+20%)
Llama-3.2-3B GSMHard | 0.027 (+96%) 0.028 (+96%) 0.031 (+88%) | 2.27 0.105 (+85%) 0.057 (+92%) (0.79,-1.36)  0.047 (+81%)
SVAMP 0.036 (+79%) 0.036 (+80%) 0.055 (+48%) | 1.79 0.044 (+75%) 0.041 (+76%) (0.61,0.80)  0.029 (+72%)
GSM8BK | 0.012 (+96%) 0.013 (+96%) 0.017 (+95%) | 1.68 0.071 (+77%) 0.070 (+77%) (0.054, 0.46) 0.016 (+95%)
DeepSeek-R1-8B GSMHard | 0.068 (+89%) 0.071 (+89%) 0.066 (+90%) | 2.15 0.100 (+84%) 0.082 (+87%) (0.065,-1.29) 0.065 (+90%)
SVAMP 0.016 (+93%) 0.024 (+90%) 0.034 (+86%) | 1.67 0.061 (+75%) 0.066 (+73%) (0.022,0.83) 0.013 (+95%)
GSMS8K | 0.015 (+63%) 0.015 (+63%) 0.015 (+58%) | 3.19 0.030 (+29%) 0.030 (+28%) (0.39,1.54)  0.016 (+54%)
Qwen3-8B-Thinking GSMHard | 0.034 (+82%) 0.033 (+83%) 0.049 (+73%) | 3.62 0.114 (+40%) 0.114 (+40%) (0.52,-1.38) 0.078 (+57%)
SVAMP | 0.003 (+91%) 0.003 (+91%) 0.007 (+66%) | 3.22 0.022 (+20%) 0.022 (+21%) (0.46, 1.22)  0.004 (+79%)
GSMSK 0.019 (+69%) 0.019 (+69%) 0.020 (+68%) | 3.90 0.044 (+29%) 0.044 (+29%) (0.18,1.70)  0.019 (+70%)
Qwen3-4B-Instruct  GSMHard | 0.077 (+74%) 0.077 (+74%) 0.091 (+68%) | 448 0.131 (+56%) 0.144 (+52%) (0.11,-0.18)  0.092 (+68%)
SVAMP | 0.035 (+38%) 0.035 (+38%) 0.032 (+44%) | 3.88 0.043 (+24%) 0.044 (+22%) (-0.30,6.02) 0.032 (+45%)

Table 3: Post-hoc calibration results. We report calibrated ECE for ANS AVG, ANS JOINT, and p(True) after
isotonic regression and Platt scaling, with relative improvements over uncalibrated estimators shown in parentheses.
For Platt scaling, we also report the learned temperature ¢ for answer-based estimators and learned parameters (a, b)
for p(True). For each estimator and dataset, bold indicates the lower ECE between the two calibration methods.

Calibration Source — Evaluation Target Isotonic Platt
Llama: GSM8K — Llama: GSMHard —.209 —.083
Llama: GSMHard — Llama: GSM8K +.189 +.213
Qwen: GSM8K — Qwen: GSMHard —.034 —.054
Qwen: GSMHard — Qwen: GSM8K +.242 —.011
Llama: GSM8K — Qwen:GSM8K —.003 —.002
Qwen: GSM8K — Llama:GSM8K +.458 +.658
Llama: GSMHard — Qwen:GSMHard —.185 —.003
Qwen: GSMHard — Llama:GSMHard —.527 —.318

Table 4: Off-domain calibration transfer for ANS
AVG. Each entry reports AECE relative to the uncal-
ibrated target; negative values indicate improvement.
Full results are included in Table 10 in the appendix.

examples, whereas GSM8K and SVAMP require
larger calibration sets for stable improvement.

This is because the model is more accurate
on GSM8K and SVAMP: under random sam-
pling, small calibration sets contain many high-
confidence correct examples, making overconfi-
dence harder to estimate. Harder datasets, however,
expose high-confidence errors more frequently, al-
lowing effective calibration with fewer examples.
This suggests an important direction for future
work: calibration-set construction need not rely
on uniform random sampling, and weighted sam-
pling strategies that emphasize incorrect validation
examples may improve calibration data efficiency.

We further examine calibration transfer across
datasets and models. For ANS AVG, we fit calibra-
tors using Llama-3.1-8B-Instruct and Qwen3-4B-
Instruct on either GSM8K or GSMHard, then apply
each mapping unchanged to a different dataset or
model. Table 4 reports the change in target ECE

relative to the uncalibrated estimator.
Cross-dataset transfer is strongly asymmetric:
mappings learned on GSM8K consistently improve
calibration on GSMHard, whereas the reverse di-
rection generally worsens it. Cross-model transfer
is similarly target-dependent. Both directions im-
prove calibration on GSMHard, while transfer on
GSMBSK is asymmetric and can severely degrade
calibration. These results suggest that calibration
mappings depend on both model-specific score dis-
tributions and dataset difficulty, limiting their relia-
bility under transfer.
Actionable takeaway. Calibration data should
match the target model and difficulty level when-
ever possible. When the model is known to be
overconfident and calibration labels are limited,
difficulty-aware sampling may improve efficiency
by ensuring sufficient coverage of model errors.

7 Conclusion

In this work, we study token-probability-based con-
fidence estimation and calibration for mathemati-
cal question answering. We compare single-pass
and multi-pass confidence estimators, then evaluate
post-hoc calibration. Our findings show that iso-
tonic regression and Platt scaling generally reduce
in-domain calibration error, although their data ef-
ficiency and transferability depend on the model
and dataset. Overall, our results show that token
selection, aggregation, inference cost, and calibra-
tion data all affect the quality and practicality of
token-probability-based confidence estimates.



Limitations

Our study evaluates open-weight LLMs for which
token probabilities and dropout controls are acces-
sible, limiting direct evaluation of proprietary mod-
els. Our study focuses on mathematical question
answering tasks with verifiable final answers, but
open-ended dialogue requires handling more am-
biguous and task-dependent notions of correctness.
We consider two classical post-hoc calibration fam-
ilies, isotonic regression and parametric scaling.
Although they reveal important challenges in cal-
ibration efficiency and transfer, more expressive
calibration methods may behave differently.

The MC Dropout results also depend on sev-
eral design choices: conditioning on a fixed rea-
soning trajectory, measuring uncertainty only at
answer-token positions, and selecting the dropout
rate, enabled layers, number of stochastic passes,
and normalization function. This formulation re-
duces computation but does not capture uncertainty
over alternative reasoning trajectories. Correct-
ness evaluation relies on regex-based answer ex-
traction using a fixed delimiter; malformed or non-
conforming outputs may therefore introduce extrac-
tion errors. Finally, our experiments use controlled
prompts, whereas real deployments may involve
long contexts, multi-turn histories, and external ev-
idence, whose effects on token-probability-based
confidence estimation remain open.
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A Summary of the Supplementary
Material

The supplementary material is organized as follows.
In Appendix B.1, we provide additional details on
how the BALD uncertainty score is converted into
the confidence estimator cgar,p, including the nor-
malization strategies we considered and the imple-
mentation choices used in our main experiments.
In Appendix B.2, we discuss the dataset, the selec-
tion criteria, and present the dropout sweep results
for all model-dataset pairs. In Appendix C, we
describe additional experimental details, including
dataset splits, answer extraction, prompting, cal-
ibration metric computation, bin-count analysis,
and model-specific inference settings. Finally, Ap-
pendix D presents additional experimental results,
including full confidence-estimation and post-hoc
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calibration results with bootstrap confidence inter-
vals, in-situ p(True) results, bin-count ablations,
and prompt comparisons.

B Confidence Estimation via MC Dropout

We provide additional details on confidence estima-
tion using MC Dropout.

B.1 Converting BALD score to cgarp

Since BALD is an uncertainty score (Gal and
Ghahramani, 2016), we convert token-level BALD
values into confidence by applying a monotone
decreasing normalization function ¢ and aver-
aging over answer-token positions: cparLD
‘ya—lr]S' leyzafs‘ ¢(BALD;), where ¢ maps BALD
values to [0, 1] with larger BALD corresponding to
lower confidence.

In practice, choosing ¢ is non-trivial because
BALD is not naturally bounded in [0, 1] and its
scale depends on the support over which entropy
is computed. We experimented with three nor-
malization strategies. The first directly maps un-
certainty to confidence as ¢(BALD) = clip(1 —
BALD, 0, 1). The second normalizes BALD over
an effective top-k support: for each MC Dropout
sample, we identify the &k tokens with highest prob-
ability, take the union of these tokens across all
T samples, and normalize the BALD score by
log(kest), where k < kog < Tk. The third uses a
top-p support, where the effective support is deter-
mined by the smallest set of tokens whose cumu-
lative probability exceeds a threshold p. This can
produce a wider range of effective support sizes
than the top-k approach.

Across them, we found the resulting confidence
scores to be sensitive to the dropout rate. This sen-
sitivity is expected from the BALD decomposition:
the predictive entropy term reflects the entropy of
the averaged distribution across dropout samples
and therefore increases as dropout induces more
variation among predictive distributions. The ex-
pected conditional entropy term, however, remains
relatively stable in our experiments, suggesting that
individual dropout samples still tend to produce
sharp token distributions. Therefore, changing the
dropout rate primarily changes the amount of dis-
agreement captured by the averaged predictive dis-
tribution, which directly affects the scale of BALD
and motivates the need for careful normalization.

In addition to the dropout rate, the top-k and top-
p normalization strategies introduce extra hyper-



parameters that must be selected. Although these
approaches are more principled in that they normal-
ize BALD with respect to an estimated effective
support size, they add another source of tuning
and sensitivity. For simplicity and reproducibility,
we therefore use the direct clipping normalization,
¢(BALD) = clip(1 — BALD, 0, 1), in our main
experiments.

Model Dataset Dropout rate  ECE
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GSMBK
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Table 5: Grid search for MC-dropout rate selection.
We report ECE, MCE, and Brier score on the selection
split for each model-dataset pair. Lower values are
better. Bold indicates the selected dropout rate.

B.2 Dropout Rate Selection

Although fixing ¢(BALD) reduces the hyperpa-
rameter search space, MC Dropout remains sen-
sitive to the dropout rate. GSM8K and SVAMP
provide training (calibration) and test set splits.
GSMHard does not include a training split, so we
randomly split the dataset into 70% for calibration
and 30% for evaluation. From the calibration split,
we randomly sample 100 examples to search over
dropout rates {0.10,0.15,0.20} for each model—
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dataset pair. The selected rate is then fixed and
evaluated on the disjoint evaluation split in Table 2.

Table 5 reports performance on the 100-example
tuning subset. The selected rates generally transfer
well to the evaluation split, but vary across models
and datasets. Notably, GSMHard favors a higher
dropout rate than GSM8K and SVAMP for four of
the five models, suggesting that more challenging
datasets may require stronger stochastic perturba-
tions to expose useful predictive variation. This
sensitivity nevertheless introduces an additional
tuning cost for MC Dropout.

C Implementation Details

In addition to the experiment setups described in
Sec. 6.1, we provide other implementation details.
Datasets: GSMSK and SVAMP provide training
splits, which we use as calibration sets for fitting
post-hoc calibrators, and we evaluate on their test
sets. GSMHard does not include a training split,
so we randomly split the dataset into 70% for cali-
bration and 30% for evaluation. The resulting eval-
uation sets contain 1319, 400, and 300 examples
for GSM8K, GSMHard, and SVAMP, respectively,
while the calibration sets contain 7473, 919, and
700 examples, respectively. Although these cal-
ibration sets are relatively large, Figure 2 shows
that as few as 50 calibration examples are already
effective in many settings.

Answer extraction: We employ a regex-based ex-
traction method, instructing the model to provide
the final numerical answer after the #### delimiter.
Figure 3 illustrates a representative interaction, in-
cluding the system instructions, special tokens, and
generated reasoning steps for Llama-3.1-8B.

Not all models were fine-tuned to follow this
specific answer format, i.e., ####. In particular,
DeepSeek-R1-8B was fine-tuned to produce final
answers in the \boxed{} format, and we posit that
this format mismatch is the main reason for its
degraded performance relative to reported results.
One-shot Demonstration. Our input prompt in-
cludes a one-shot demonstration (see Figure 3). We
found this example to be essential for improving
model accuracy and ensuring formatting consis-
tency; specifically, it significantly increased the
success rate of our regex-based answer extraction
by anchoring the model to the #### delimiter.
Calibration: For reliability diagrams and the com-
putation of ECE and MCE, we follow Guo et al.
(2017) and use 10 bins. In Table 12, we study



the effect of the number of bins on calibration for
Llama-3.1-8B and Qwen3-8B-Thinking, reporting
ECE, MCE, and Brier score across datasets and
confidence estimators. We observe that ECE re-
mains relatively stable as the number of bins in-
creases, while Brier score is unchanged because it
does not depend on binning. MCE is more sensi-
tive to the binning choice. This is expected because
MCE measures the largest bin-wise calibration gap:
as bins become smaller, localized calibration er-
rors are less averaged out and can produce larger
maximum deviations.

Inference: All inferences are performed using
each model’s recommended configuration, includ-
ing temperature, top-p, top-k, and system prompts.
In Table 6, we summarize those settings.

D Additional Experiment Results

Bootstrap confidence intervals. Tables 7, 8,
and 9 report mean estimates with 95% percentile
confidence intervals obtained from 5000 bootstrap
resamples of the evaluation set. Because ECE and
MCE depend on bin assignments, their bootstrap
distributions may be asymmetric, and MCE inter-
vals can be comparatively wide due to variation in
the worst-calibrated bin. Nevertheless, the point
estimates and confidence intervals are broadly con-
sistent with the qualitative conclusions.

Cross-domain calibration transfer. Table 10 ex-
pands the transfer results in Table 4 by reporting
ECE, MCE, and Brier for each source—target pair.
We notice that cross-domain calibration is strongly
asymmetric: mappings fitted on GSM8K improve
calibration on GSMHard for both models and cali-
bration methods, whereas transfer from GSMHard
to GSM8K generally degrades calibration.

Similarly, cross-model transfer is also target-
dependent. On GSMHard, transferring between
Llama and Qwen improves ECE in both directions,
whereas on GSM8K, transfer from Llama to Qwen
produces little change and the reverse direction
substantially worsens calibration.

In-situ self-verification. We compare in-situ
p(True) with standard p(True) and ANS AVG in
Table 11. Compared with standard p(True), it
matches or improves ECE in 10 of the 15 settings.

E Licensing of Artifacts

Our experiments use GSM8K (Cobbe et al., 2021),
GSMHard (Gao et al., 2023), and SVAMP (Pa-
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<|begin_of_text|><|start_header_id|>system<]|
end_header_id|>

You are a helpful, respectful, and honest
assistant. Always answer as helpfully as
possible, while being safe. Your answers
should not include any harmful, unethical,

racist, sexist, toxic, dangerous, or
illegal content. Please ensure that your
responses are socially unbiased and
positive in nature.

<|start_header_id|>user<|end_header_id|>

You are a mathematics expert. First, study this
example:

Question: Sarah has 10 marbles, gives 3 away.

Answer: Sarah would have 10 - 3 = <<10-3=7>>7
marbles remaining.

#it## 7

Next, solve:

Mary is baking a cake. The recipe calls for 6
cups of flour, 8 cups of sugar,

and 7 cups of salt. She already put in 5 cups
of flour.

How many more cups of sugar than cups of salt
does she need to add now?

At the end, write the answer as an integer
after ’#i### .

<|start_header_id|>assistant<|end_header_id|>

To solve this problem, let’s break it down step
by step:

1. The recipe calls for 8 cups of sugar and 7
cups of salt.

2. Difference = 8 - 7 = 1.

HHE

Figure 3: Example input—-output exchange on GSM8K
with Llama-3.1-8B. The one-shot example is crucial in
improving the success rate of our regex-based answer
extraction.

tel et al., 2021), three publicly available mathe-
matical question-answering benchmarks released
for research use. Our BALD-score computation
is adapted from the publicly available BAAL im-
plementation (Atighehchian et al., 2022), which
is distributed under the Apache License 2.0. To
support reproducibility, we will release our imple-
mentation under the GPL-3.0 license.

F Use of AI Assistants

We used LLMs, including GPT, only to polish the
writing (e.g., grammar and phrasing). All research
ideas, methods, experiments, and substantive con-
tent were conceived and written by the authors.



Llama-3.1-8B Llama-3.2-3B DeepSeek-R1-8B Qwen3-8B-Thinking Qwen3-4B-Instruct

1.0 0.6 0.6 0.6
1.0 0.9 0.95 0.95
-1 -1 -1 20
0 0 0 0

Yes Yes No Yes

Setting

0.7
0.8
20
0
Yes

Temperature
Top-p

Top-k

Min-p

System prompt

Table 6: Recommended inference settings. We report the decoding and prompt settings used for each model.

Model Daset e SEQ AVG SEQ JoINT ANS AVG ANs JOINT
ECE MCE Brier ECE MCE Brier ECE MCE Brier ECE MCE Brier
GSMBK 824 504,.845] -053[.035,.072] -481[417,.575] -131[110,.144) -117[101,.137) -195[.130,.204] -138[.130,.147] -166[.147,.187] 5291357, .818] -167[145,.187] -165[146,.187] 469345 818 167147, .187]
Llams3.1-88 GSMHard 350 302,.305] -457(.411..502) -600(556,.665] ~416(386,.446] 5] Ala7a,518) 299 276,321) -622(576,.068] -T43[.700,.856] -006(.561,.648] 015568, 061] -753[.733,.850 -596[.551,.639]
SVAMP  .827( 7g50,.870] -057[.030,.100] -309[.14s,.492] -133(.110,.150] -1700.136,.213] -332[.265,.743] -160[.143,.178] -169128,.214] -797[14s,.817] -1690130,.211) -171[130,.215] -765[.157,.708] 169125, 212]
GSMSK .775( 753, .705] ~124(.102,.146] 182[165,.200) -092[.072,.116) -364(260,.655] 173157, 180] -218(.106,.241] -635(a45, .763] -218(.106,.240] -218[107, 240] -623[a26, .758] -217[.106, 240]
Llams-3.2-38 GSMHard . -636( 594,.675] 5891 .556..623] 597(.555..638] -O7T0|.6as,.744) -538.506,.560] -T25[.682,.766] -S57|.sa2,.870 -T12[.670,.753] -T22[.677,.766] -TO8[.749,.562] -TO8[.666,.74s]
SVAMP  .820( 777, 863] -068[.036,.113] 1450 113,.177] -0385[.016,.081) -676[.048,.676) -1390.112,.160] -175[.135,.218] -840[.734,.871] 170[128,.213] -175[.133,.218] 837731, .866] -170[.120,.212]
GSMSK  .650(624,.676] -253[.227,.278] -384[341,.427] -285[.265,.305] -219(.194,.245] 476[.330,.615] -267[240,.286] -304[.270,.330] -361[354,.572] -310[.286,.334] 302277 320] -356[345,561] -309[.285,333]
DeepSeck-R1-8B GSMHard -588( 543,.635] -646[.578,.718] 561525, 508 -556[.500,.508] -61l[546,.786] -523[.487,.556] -637[.501,.683] -674[62s,.779] 6201578, 662 -631[.583,.676] -690[.652,.807] -613[.569,.656]
SVAMP 164 116,.215] -T84[155,.784] 2190182, .258] -127[078,.180] -525[.314,.715] -207[171,244] -244[196,.204] -617[603,.780] -244[106,.201] -242[.105,.205] -606[506,780] -242[196,.200]
GSMSK  .958[.947 .069] -006[001,.017] -070r.006,.231] -039L.030,.050] -018[00s,.020] -027[012,.080] -040[031,.040] -042[031,.053] -042[.032 053] -042[.031,.053] -042[.032 053] -042[.032,.053] -042[.031, 053]
Qwen3-8B-Thinking  GSMHard .810[ 762, 854 -144(.101,.180] -781[.545,.885] -169.130,.210] -128[.085,.172] -793[.287,.793] -163[.126,.203] -190[.149,.238] -190[.149,.235] -190[.146,.235] -190[.149,.234] -190[.146,.235] -190[.146,.235]
SVAMP .972( 951,990, -017[.003..036] O17(011..281] 026(011..044] -033[018,052) 034023, 103] -027(012,.042] -028(.010,.049] -028(010,.049] -028[010,.049] -028[010,.049] -028[010,.049] -028[010,.049]
GSMS8K 938 925,951 -035(.023..048] -478(151,.777] -057(.045..069] -028.016,.041) -T90[.176,.792) -056[.045,.067) -062[.049,.075 -062[.019,.075 -062[.049,.075 -062[.049,.075] -062[.049,.075] -062[.049,.075]
Quen3-4B-Instruct  GSMHard .701( 656,.744] -266[.220,.310] -724[.575,.845] -267[.225,300] -256[.211,.301] -787[.548,.703] -258[ 210, 208] -298[.253,.346) -299[.254,.345] -298[.251,.346] -298[.253,.344] -299[252, .347] -298[251, 346]
SVAMP .943( 913 .967] -032(.010,.050] -366[036..733] 051[.030..074] -025[.008,.052] -267(.003,.753] 0490029, .074] -057(.033,.084] -057(.030,.084] -057(.033,.084] -057[.033,.084] -057[.033,.084] -057[.033,.084]
(a) Single-pass estimators
B .
Model Dataset p(True) CBALD
ECE MCE Brier ECE MCE Brier

GSM8K  .097[ 083,.120]  -625[.228,.893] -143[.127,.150] -149[.129,.170] -667[.521,1.000] -182[.171,.194]

Liama-3.1-8B GSMHard  .333| 294,.381]  -627[.556,.720] -319[.289,.350] -152[.118,.203] -424[.256,.558] -252[.222,.282]

SVAMP 099 o71,.147] -450[.440,.972] -139.108,.173] -095[.074,.147] -633[621,1.000] -158[.134,.184]

GSM8K  .055[ g39,.077] -304[.138,.634] -161[.150,.173] -108[.089,.132] -389[.302,.6 -186(.173,.200]

Llama-3.2-38 GSMHard .251 921,.295] +406[.356,.542] -229[.210,.248] -078[.049,.125] -202[ 126, -196(.171,.221)

SVAMP 104 o78,.149] -423[.326,.828) -148[.125,.173] 097 072,.149] -610[ 427, sc 1671 142,.194]

GSMS8K  .315[ 989, 341] -484[.326,.972] -326[.303,.350] -168[ 142, 195 -265[ 252 .278]

DeepSeck-RI-8B GSMHard .634[ 588, 680] -673[.664,.817] -618[.576,.661] -102[.075,.154] 22390 214, 265

SVAMP 2411 194,.203] -536[.360,.680] -252[.207,.200] -174[.133,.231] -2407.214,.270]

GSMS8K  .035[,025,.047] -829[.246,.8209] -042[.032,.053] -043[.032,.054] -545[.193,.692] -042[032,.053]

Qwen3-8B-Thinking  GSMHard  .183[ 141, 229] -373[.179,.807] 183141, 227] -028[022, 082 -365[107,.665 -148[.122,.175)

SVAMP  .020[,005,.041]  -348[.123,.773] -027[.011,.047] -026[.010,.048] -133[.110,.260] -026[.011,.048]

GSM8K  .062[,050,.076] -652[.626,1.000] -063[.050,.077] -061[.048,.075] -650[.624,.607] -069[.058,.080]

Qwen3-4B-Instruct  GSMHard .285[ 545, 332] -985[ 453, 085] -286[ 242 331] -188[ 150 241] 4511315 464] -248[ 212 284

SVAMP 058 033,.087] -999[.109,.999] -060[.034,.088] -061[.039,.091] -313[.246,.477] -061[.040,.086]

(b) Multi-pass estimators

Table 7: Full confidence-estimation results using token probabilities. We report point estimates with 95%
percentile confidence intervals from 5,000 bootstrap resamples shown as subscripts. Lower values are better
for ECE, MCE, and Brier score. Bold indicates the lowest ECE point estimate across all estimators for each
model—dataset pair.

Model Dataset | Tsotonic Regression | Platt Scaling
| ANS AVG ANS JOINT p(True) |t ANS AVG ANS JOINT (a,b) p(True)
GSMSK | 0.056(0.035,0.076] (+66%) 0.054(0.036,0.075) (+67%) 0.058(0.041,0.079] (+40%) | 1.82 0.081(9.063,0.101) (+52%)  0.080(0.064,0.101) (+51%) (0 53,0. 48) 0.059(0.041,0.079] (+39%)
Llama-3.1-8B GSMHard | 0.064(0.036,0.110] (+90%)  0.065(0.035,0.110] (+89%) 0.057(0.037,0.105] (+83%) | 237 0.091(9.062,0 141] (+85%) 0.045(9.036,0.099) (+93%) - 0.087(0.063,0.131] (+74%)
SVAMP | 0.020(0.019,0.070] (+88%) 0.022(9.021,0.070) (+87%) 0.045(0.020,0.003) (+54%) | 191 0.084(9.055,0.125) (+50%) 0.083(9.054,0.123) (+52%) (0 54,0. 43) 0.0390.027,0.089) (+60%)
GSMSK | 0.074(0.054,0.006] (+66%) 0.075(9.056,0.007) (+65%) 0.076(0.056,0.008) (—39%) | 1.74 0.1041.084,0.127) (+52%)  0.103(9.082,0.124) (+53%) ~ (0.65,1.07)  0.044(0.034,0.096] (+20%)
Llama-3.2-3B GSMHard | 0.027(q.017,0.073] (+96%) 0.028(0.017.0.075] (+96%) 0.031(9 028,0.077) (+88%) | 227 0.105(9.070,0.150) (+85%) 0.057(9.037.0.102) (+92%)  (0.79, =1.36)  0.047[q.036.0.001] (+81%)
SVAMP | 0.036(0.030,0.081] (+79%) 0.0360.020,0.081) (+80%) 0.055(0.034,0.000) (+48%) | 1.79 0.044[0.031,0.000) (+75%) 0.041(0.020,0.087) (+76%)  (0.61,0.80)  0.0290.025,0.083] (+72%)
GSMSK | 0.012(0.008,0.042] (+96%) 0.013(9.007,0.042) (+96%) 0.017(0.006,0.044) (+95%) | 1.68 0.0711.053,0.009) (+77%) 0.070(0.053,0.009] (+77%) ~ (0.054,0.46) ~ 0.016(0.003,0.043] (+95%)
DeepSeck-R1-8B GSMHard | 0.0680.037.0.115) (+89%) 0.071(0.040,0.120] (+89%) 0.066(0.031,0.117) (+90%) |2.15 0.100(0.080,0.154] (+84%) 0.082(0.057,0.134] (+87%)  (0.065, —1.29) 0.0659.020,0.110] (+90%)
SVAMP | 0.016(0.015,0.076] (+93%) 0.024(5.019,0.082] (+90%) 0.0340.014,0.087) (+86%) | 1.67 0.061|9.044,0.122] (+75%) 0.066(0.046,0.126] (+73%)  (0.022,0.83)  0.013(0.002,0.064] (+95%)
GSMSK | 0.015(0.005,0.027] (+63%) 0.015(0.005.0.027] (+638%) 0.015(9 004,0.026] (+58%) | 319 0.030(0.020,0.042) (+29%) 0.030(0.020,0.042) (+28%)  (0.39,1.54)  0.016[0.006,0.025] (+54%)
Qwen3-8B-Thinking  GSMHard | 0.0849.009.0.077] (+82%) 0.033(0.000,0.076] (+83%) 0.049(0.028,0.004] (+73%) | 3.62 0.114(0.078,0.161] (+40%) 0.114[0.079,0.162] (+40%)  (0.52, —1.38)  0.078(0.055,0.124] (+57%)
SVAMP | 0.008(0.001,0.022] (+91%) 0.008(0.001,0.022) (+91%)  0.007(0.003,0.026) (+66%) | 322 0.022(9.005,0.042) (+20%) 0.022(0.005,0.043) (+21%)  (0.46,1.22)  0.004(0.001,0.024] (+79%)
GSMSK | 0.019(0.006,0.033] (+69%) 0.019(9.006,0.033) (+69%)  0.020(9.008,0.033) (+68%) | 3.90 0.0441.0310.057) (+29%) 0.044(9 031 0.057) (+29%)  (0.18,1.70)  0.0190 007,0.032] (+70%)
Qwen3-4B-Instruct  GSMHard | 0.077(0.032.0.123] (+74%) 0.077(0.032,0.124] (+74%) 0.091(9.060,0.140) (+68%) | 448 0.131(9.097,0.151) (+56%) 0.144(g 100,0.103) (+52%)  (0.11,—0.18)  0.092(0.067,0.146] (+68%)
SVAMP | 0.085(0.012,0.062] (+38%) 0.085(0.012,0.062] (+38%) 0.0320.000,0.050] (+44%) | 3.88 0.043(9 020,0.070) (+24%) 0.044(9 020.0.071) (+22%) (—0.30,6.02) 0.082(0.00s,0.060) (+45%)

Table 8: Post-hoc calibration results. We report calibrated ECE with 95% percentile bootstrap confidence intervals
shown as subscripts for ANS AVG, ANS JOINT, and p(True) after isotonic regression and Platt scaling. Relative
improvements over the corresponding uncalibrated estimators are shown in parentheses. For Platt scaling, we also
report the learned temperature ¢ for answer-based estimators and the learned parameters (a, b) for p(True). For
each estimator and dataset, bold indicates the lower ECE between the two calibration methods.
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Model Dataset SEQ AVG SEQ JOINT ANS AVG ANS JOINT
GSM8K 0.054[0.036,0.073] (—=1%)  0.056[0.039,0.076] (+52%)  0.0560.038,0.076] (+66%) 0.054(9.036,0.075] (+67%)
Llama-3.1-8B GSMHard  0.055(0.029,0.104) (+88%)  0.060(0.035.0.107) (+81%)  0.064(0.036,0.110) (+90%)  0.065(0 038.0.110) (+89%)
SVAMP 0.033(0.023,0.081] (+42%)  0.030(0.017,0.080] (+82%) 0.020(0.019,0.070] (+88%)  0.022(0.021,0.070] (+87%)
GSMBK 0.074(0.054,0.006] (+40%)  0.074(0.053,0.006] (+20%) 0.074(0.054,0.006] (+66%) 0.075(0.056,0.007] (+65%)
Llama-3.2-3B GSMHard  0.032(0.021,0.080] (+95%)  0.042(0 030.0.001) (+93%)  0.027(0.017.0.073) (+96%) 0.028(0 017.0.075) (+96%)
SVAMP 0.029(0.019,0.075] (+57%)  0.040(0.022,0.083) (—13%)  0.036(0.030,0.081] (+79%) 0.036(0.029,0.081) (+80%)
GSMBK 0.032(0.021,0.060] (+88%)  0.031[0.022,0.062] (+86%) 0.012(g 008,0.042] (+96%) 0.0183(.007,0.042] (+96%)
DeepSeek-R1-8B GSMHard  0.060(0.032,0.110] (+90%)  0.053(0.027,0.101) (+91%)  0.068(0.037,0.115] (+89%)  0.071(0.040,0.120] (+89%)
SVAMP 0.049(0.030,0.101] (+70%)  0.068[0.037,0.117] (+47%)  0.016(0.015,0.076] (+93%) 0.024(0.019,0.082] (+90%)
GSM8K  0.007[9.006,0.029] (—15%)  0.017[0.007,0.020] (+8%)  0.015(9.005,0.027) (+63%)  0.015(0.005,0.027] (+63%)
Qwen3-8B-Thinking  GSMHard  0.019(9.014.0.067) (+87%)  0.036(0 023.0.082] (+71%)  0.034[0.000,0.077] (+82%)  0.03310.000,0.076) (+83%)
SVAMP 0.005(0.004,0.027] (+70%)  0.008(0.005,0.031) (+75%)  0.003(0.001,0.022] (+91%) 0.003(0.001,0.022) (+91%)
GSMSK  0.014(9.006,0.027] (+60%)  0.012(0.005,0.025] (+59%) 0.019(0.006,0.033] (+69%) 0.019(0 006,0.033] (+69%)
Qwen3-4B-Instruct  GSMHard  0.050(0.035.0.005) (+81%)  0.052(0 041,0.000] (+80%)  0.077(0.032,0.123) (+74%)  0.077[0.032.0.124) (+74%)
SVAMP 0.0360.015,0.061] (—12%)  0.035(0.014,0.060) (—38%)  0.035[0.012,0.062) (+38%)  0.035(0.012,0.062] (+38%)
(a) Single-pass estimators
Model Dataset p(True) CBALD
GSMBK  0.058(0.041,0.079] (+40%)  0.062(0.043,0.084] (+58%)
Llama-3.1-8B GSMHard  0.057[¢.037,0.105] (+83%)  0.122(0.080,0.170] (+20%)
SVAMP  0.045(0.029,0.093] (+54%)  0.040(0.025,0.086] (+58%)
GSMBK  0.076(9.056,0.008] (—39%)  0.048(0.026,0.072] (+56%)
Llama-3.2-3B GSMHard  0.031( 028,0.077] (+88%)  0.067(0.021,0.105) (+14%)
SVAMP  0.055(0.034,0.099] (+48%)  0.060(0.027,0.103) (+38%)
GSM8K  0.017[0.006,0.044] (+95%)  0.095[0.075,0.123] (+43%)
DeepSeek-R1-8B GSMHard  0.066(0.031,0.117] (+90%)  0.088(0.056,0.133] (+14%)
SVAMP 0.034(0.014,0.087] (+86%)  0.053(0.016,0.110] (+70%)
GSMBK  0.0150.004,0.026] (+58%) 0.0040.000,0.015] (+92%)
Qwen3-8B-Thinking  GSMHard  0.0499.028,0.094] (+73%)  0.032(0.015,0.081] (—14%)
SVAMP  0.007(0.003,0.026] (+66%)  0.031[0.024,0.055] (—20%)
GSMBK  0.020(0.008,0.033] (+68%)  0.032(0.020,0.045] (+47%)
Qwen3-4B-Instruct  GSMHard  0.091(0.060,0.140] (+68%)  0.088(0.051,0.137] (+53%)
SVAMP  0.032[9.009,0.059] (+44%) 0.029(0.010,0.058] (+53%)

(b) Multi-pass estimators

Table 9: Calibration performance after applying isotonic regression to confidence estimators. We report
ECE with 95% percentile bootstrap confidence intervals shown as subscripts and relative improvements over the
corresponding uncalibrated estimators shown in parentheses. Bold indicates the largest relative improvement across
all estimators for each model—dataset pair; ties at the reported precision are all bolded.
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Calibration ~ Source \ Target Llama / GSM8K Llama / GSMHard Qwen / GSM8K Qwen / GSMHard

ECE MCE Brier ECE MCE Brier ECE MCE Brier ECE MCE Brier

Uncalibrated — 0.166 0.529 0.167 0.622 0.743 0.606 0.062 0.062 0.062 0.298 0.299 0.298

Llama/GSM8K  0.056 0.500 0.134 0.413 0.490 0.362 0.062 0.062 0.062 0.293 0.295 0.295
Llama/GSMHard 0.355 0.645 0.263 0.064 0.163 0.187 0.341 0.341 0.174 0.113 0.653 0.224

Isotonic Qwen/GSMSK  0.624 0.624 0534 0.150 0.150 0.250 0.019 0.800 0.059 0264 0.789 0.279
Qwen/GSMHard 0345 0361 0255 0.095 0.168 0204 0.304 0500 0.150 0.077 0288 0.217
Llama/GSM8K  0.080 0.213 0.134 0539 0.663 0.483 0.062 0.586 0.062 0298 0298 0.298

Platt Llama/GSMHard 0379 0445 0264 0.091 0.175 0219 0.062 0567 0062 0295 0874 0.295

Qwen/GSMSK  0.824 0.824 0.815 0.295 0.295 0.299 0.044 0.716 0.059 0.244 0.759 0.260
Qwen/GSMHard 0.830 0.830 0.827 0.304 0.304 0.306 0.051 0.824 0.058 0.131 0.214 0.210

Table 10: Cross-domain calibration transfer for ANS AVG. Each calibrator is fitted on the source model-dataset
pair shown in the rows and applied without refitting to the target pair shown in the columns. We report ECE, MCE,
and Brier score; lower values are better. Bold indicates in-domain calibration, where the source and target pairs
match. Llama denotes Llama-3.1-8B, and Qwen denotes Qwen3-4B-Instruct.

Model Dataset Ans Avg  In-situ p(True) p(True) Reduction (%)
GSMSK 0.166 0.030 0.097 88.75
Llama-3.1-8B GSMHard 0.622 0.465 0.333 89.50
SVAMP 0.169 0.061 0.099 86.13
GSMS8K 0.218 0.092 0.055 86.58
Llama-3.2-3B GSMHard 0.725 0.481 0.251 89.01
SVAMP 0.175 0.154 0.104 85.50
GSMSK 0.304 0.270 0.315 9143
DeepSeek-R1-8B GSMHard 0.637 0.608 0.634 91.92
SVAMP 0.244 0.192 0.241 89.36
GSMSK 0.042 0.027 0.035 91.27
Qwen3-8B-Thinking ~GSMHard 0.190 0.168 0.183 93.08
SVAMP 0.028 0.010 0.020 89.48
GSMS8K 0.062 0.062 0.062 83.48
Qwen3-4B-Instruct GSMHard 0.298 0.287 0.285 86.87
SVAMP 0.057 0.056 0.058 78.77

Table 11: In-situ p(True) calibration and token-processing reduction. We compare ANS AVG, in-situ p(True),
and standard p(True) in terms of ECE. The last column reports the percentage reduction in token-processing
overhead for in-situ p(True) relative to standard p(True).

SEQ AVG SEQ JOINT ANS AVG ANS JOINT
ECE MCE Brier ECE MCE Brier ECE MCE Brier ECE MCE Brier

10 0.053 0481 0.131 0.117 0.195 0.138 0.166 0.529 0.167 0.165 0.469 0.167
GSM8K 20 0.053 0.516 0.131 0.123 0275 0.138 0.167 0.641 0.167 0.165 0.469 0.167
30 0.054 0.555 0.131 0.122 0312 0.138 0.167 0.641 0.167 0.166 0.518 0.167

Llama-3.1-8B 10 0.457 0.600 0416 0320 0414 0.299 0.622 0.743 0.606 0.615 0.753 0.596
GSMHard 20 0.457 0.683 0416 0320 0.526 0.299 0.622 0.828 0.606 0.615 0.832 0.596
30 0.457 0.720 0416 0.320 0.549 0.299 0.622 0.851 0.606 0.615 0.881 0.596

10 0.057 0.309 0.133 0.170 0.332 0.160 0.169 0.797 0.169 0.171 0.765 0.169
SVAMP 20 0.061 0483 0.133 0.176 0486 0.160 0.170 0.797 0.169 0.171 0.798 0.169
30 0.066 0.490 0.133 0.181 0486 0.160 0.170 0932 0.169 0.171 0.929 0.169

10 0.006 0.070 0.039 0.018 0.027 0.040 0.042 0.042 0.042 0.042 0.042 0.042
GSM8K 20 0.009 0.070 0.039 0.021 0.105 0.040 0.042 0.042 0.042 0.042 0.042 0.042
30 0.007 0.138 0.039 0.021 0.174 0.040 0.042 0.042 0.042 0.042 0.042 0.042

Qwen3-8B-Thinking 10 0.144 0.781 0.169 0.128 0.793 0.163 0.190 0.190 0.190 0.190 0.190 0.190
GSMHard 20 0.144 0.842 0.169 0.128 0.833 0.163 0.190 0.190 0.190 0.191 0.191 0.190
30 0.144 0.854 0.169 0.128 0.824 0.163 0.190 0.191 0.190 0.190 0.192 0.190

10 0.017 0.017 0.026 0.033 0.034 0.027 0.028 0.028 0.028 0.028 0.028 0.028
SVAMP 20 0.017 0.020 0.026 0.033 0.080 0.027 0.028 0.028 0.028 0.028 0.028 0.028
30 0.031 0.858 0.026 0.040 0.321 0.027 0.028 0.028 0.028 0.028 0.028 0.028

Model Dataset Bins

Table 12: Effect of bin count on calibration metrics. We report ECE, MCE, and Brier score for different bin
counts across datasets and confidence estimators.

17



<|begin_of_text|><|start_header_id|>system<|
end_header_id|>

You are a helpful, respectful, and honest
assistant. Always answer as helpfully as
possible, while being safe.

<|start_header_id|>user<|end_header_id|>

Question:

Mary is baking a cake. The recipe calls for 6
cups of flour, 8 cups of sugar,

and 7 cups of salt. She already put in 5 cups of
flour.

How many more cups of sugar than cups of salt
does she need to add now?

Proposed answer:

To solve this problem, let’s break it down step
by step:

1. The recipe calls for 8 cups of sugar and 7
cups of salt.

2. Difference = 8 - 7 = 1.

#HHH

Is the proposed answer:

A: True

B: False

You must answer with exactly one character:
either ‘A‘ or ‘B‘.

The proposed answer is:

<|begin_of_text|><|start_header_id|>system<|
end_header_id|>

You are a helpful, respectful, and honest
assistant. Always answer as helpfully as
possible, while being safe.

<|start_header_id|>user<|end_header_id|>

You are a mathematics expert. First, study this
example:

Question: Sarah has 10 marbles, gives 3 away.

Answer: Sarah would have 10 - 3 = <<10-3=7>>7
marbles remaining.

#H#H#HE 7

Next, solve:

Mary is baking a cake. The recipe calls for 6
cups of flour, 8 cups of sugar,

and 7 cups of salt. She already put in 5 cups of
flour.

How many more cups of sugar than cups of salt
does she need to add now?

At the end, write the answer as an integer after
TS .

<|start_header_id|>assistant<|end_header_id|>

To solve this problem, let’s break it down step
by step:

#HHE 1

Is the proposed answer:

A: True

B: False

You must answer with exactly one character:
either ‘A‘ or ‘B‘.

The proposed answer is:

Figure 4: Standard p(True) vs. in-situ p(True) on GSM8K with Llama-3.1-8B. Left: standard p(True) self-
verification via re-prompting, where the full question—answer pair is re-encoded. Right: in-situ p(True), where the
verification prompt is appended directly to the original generation trajectory and only the appended verification

tokens require additional encoding.
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