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Abstract

Calibrated confidence, where a model’s stated probability matches its actual
expected accuracy, is often essential in contexts where confidence scores are
relied upon by humans to make decisions or serve as inputs to downstream
agents. Existing approaches for training models to verbalize calibrated
confidence typically require ground-truth correctness labels, which are
costly to collect and unavailable for many prompt distributions. Multi-pass
consistency methods achieve good calibration but significantly increase
inference costs. We introduce CONCORD, a label-free method for training
language models to improve the calibration of verbalized confidence scores
without adding a dedicated calibration stage. Adapting models with Group
Relative Policy Optimization already yields multiple rollouts per prompt;
we repurpose these rollouts as a calibration signal by deriving confidence
targets from semantic agreement among sampled answers, using either
Natural Language Inference-based answer clustering or semantic entropy.
The resulting reward encourages the model to align its stated confidence
with empirical semantic agreement, without requiring ground-truth labels.
During inference, the model generates a reasoning trace, an answer, and a
better calibrated confidence score in a single pass. Across six benchmarks
and four models, CONCORD substantially reduces expected calibration
error over unadapted verbalized confidence and over label-dependent
adaptation baselines, while maintaining competitive AUROC.

1 Introduction

When a language model states that it is 80% confident in an answer, users and downstream
systems naturally interpret that number as a probability. If answers that assign 80% confi-
dence are correct only 40% of the time, the model is not merely uncertain; it is misleading.
Calibration, the alignment between stated confidence and empirical accuracy, is therefore
essential whenever model outputs inform trust-sensitive decisions, from weather forecast-
ing (DeGroot & Fienberg, 1983; Gneiting et al., 2007) and clinical support systems (Kompa
et al., 2021) all the way to autonomous agent pipelines that must decide whether to act,
defer, or seek additional information (Han et al., 2024).

Despite this, large language models are often poorly calibrated out of the box (Jiang et al.,
2021; Kadavath et al., 2022). Verbalized confidence is cheap and black-box accessible, but it
tends to be systematically overconfident (Xiong et al., 2024; Yang et al., 2026; Tian et al., 2023).
Logit-based scores can often distinguish correct from incorrect answers reasonably well, yet
still remain miscalibrated in absolute terms, assigning high confidence to predictions that
are far less reliable in practice (Guo et al., 2017; Xu et al., 2025; Huang et al., 2025b; Cohen
et al., 2024). Multi-sample consistency methods can improve calibration substantially (see
Figure 1) by estimating agreement across multiple generations (Kuhn et al., 2023; Fadeeva
et al., 2023; Bouchard & Chauhan, 2025), but they require repeated decoding at inference
time. Their cost scales with the number of rollouts and the length of each generated response,
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which makes them particularly unattractive for chain-of-thought reasoning and for agentic
systems that must make many confidence-aware decisions per query.

This leaves a clear gap. We would like a confidence signal that is both well calibrated and
available from a single forward pass. A natural approach is to train the model to produce
calibrated confidence directly. However, existing adaptation methods typically require
ground-truth correctness labels during training, whether through supervised fine-tuning (Li
et al., 2025; Kapoor et al., 2024), reward design, or preference construction (Bani-Harouni
et al., 2026; Xu et al., 2024; Zhang et al., 2024). In practice, this turns calibration into a data
problem: labels are expensive to collect, unavailable for many prompt distributions, and
susceptible to obsolescence under distribution shift. A method that must be recalibrated
with newly labeled data each time the deployment distribution changes is difficult to
maintain in production.

We propose CONCORD (CONsistency-Calibrated Optimization via Rollout Distributions),
a training-time method with two properties that distinguish it from prior calibration ap-
proaches: it is label-free, and, when incorporated into an existing post-training pipeline, it
adds no dedicated calibration stage. CONCORD uses Group Relative Policy Optimization
(GRPO Shao et al., 2024), which already samples multiple rollouts per prompt for its own
optimization, and reuses exactly those rollouts to compute the calibration signal: a Natural
Language Inference (NLI) model groups the sampled answers into semantically equiva-
lent clusters, and each response’s cluster frequency becomes the target for its verbalized
confidence. Because the signal comes entirely from the model’s own outputs, no reference
answers are required, and the marginal cost over standard GRPO post-training is the reward
computation alone. Where inference-heavy consistency methods pay for repeated sampling
at test time and supervised calibration-tuning pays in correctness labels, CONCORD pays
neither whenever a multi-rollout RL post-training is already in the pipeline.

Our contributions are:

• We introduce CONCORD, a label-free reinforcement learning method that trains
models to produce calibrated verbalized confidence from semantic consistency
alone, using the rollouts that GRPO-based training already generates and thus
requiring no dedicated calibration stage.

• We develop two consistency-derived reward variants, based on semantic cluster
frequency and semantic entropy, with complementary calibration–discrimination
trade-offs.

• Across four models from the Qwen-2.5 and Llama-3 families and benchmarks
spanning mathematical reasoning, multiple-choice question answering, and multi-
hop question answering, CONCORD reduces expected calibration error relative to
unadapted verbalized confidence and relative to prior adaptation methods that rely
on labeled data, while maintaining competitive discrimination.

• We show that self-consistency, established as an inference-time uncertainty estimate
(Kuhn et al., 2023; Fadeeva et al., 2023; Bouchard & Chauhan, 2025), also serves
as a training signal that reduces the dependence on labeled calibration data and
transfers to the unseen benchmarks.

2 Related Work

2.1 Single-Pass and Multi-Pass Confidence Estimation

Existing methods for uncertainty estimation in language models differ mainly in two
respects: what form of access they require to the model, and how much inference-time
computation they incur. One line of work uses white-box signals derived from internal
model states, such as token-level log-probabilities, length-normalized sequence scores, or
ensemble disagreement (Fadeeva et al., 2023; Shorinwa et al., 2025). Related white-box
probes such as P(True) (Kadavath et al., 2022) obtain an additional uncertainty signal by
asking the model to evaluate its own answer in a second pass and considering the associated
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Figure 1: Expected calibration error (ECE, lower is better) as a function of the number of
rollouts for three model–task pairs. Multi-sample consistency methods improve calibration
as the number of rollouts increases, but they incur substantial inference-time cost; single-
pass confidence methods are less calibrated.

softmax distribution, but this increases inference cost and remains susceptible to over-
trust in incorrect model-generated answers (Stengel-Eskin & Van Durme, 2023; Li et al.,
2024). These methods often provide useful discrimination between correct and incorrect
predictions, but they are frequently miscalibrated in absolute terms (Guo et al., 2017). A
model may therefore rank answers sensibly by confidence while still assigning probabilities
that do not match empirical accuracy.

A second line of work focuses on black-box single-pass confidence estimation. The most
direct form is verbalized confidence, in which the model states a numerical confidence score
alongside its answer. This approach is attractive because it is cheap, model-agnostic, and
easy to use, but empirical studies consistently find that verbalized confidence is systemati-
cally overconfident (Xiong et al., 2024; Yang et al., 2026; Tian et al., 2023). Prompting-based
corrections, including steering and linear recalibration, can reduce this bias but do not
eliminate it (Zhou et al., 2025; Ji et al., 2025). Recent mechanistic evidence further suggests
that verbal confidence is not merely a post-hoc formatting artifact: LLMs appear to com-
pute and cache confidence-related representations during answer generation, and these
representations contain information beyond token log-probabilities (Kumaran et al., 2026).

A third line of work uses multi-pass consistency as the uncertainty signal. Here, confidence is
estimated from agreement across multiple sampled generations, using exact match, semantic
clustering, or semantic entropy (Kuhn et al., 2023; Fadeeva et al., 2023; Bouchard & Chauhan,
2025). These methods are often substantially better calibrated than single-pass alternatives,
but they incur the highest inference-time cost because they require repeated decoding
for each query. This overhead becomes especially burdensome for long chain-of-thought
outputs and for agentic settings, in which confidence must repeatedly be estimated. Recent
surveys provide a coherent overview of these approaches and emphasize the resulting
trade-offs between access requirements, calibration quality, and computational cost (Xia
et al., 2025; Shorinwa et al., 2025).

Our work targets the gap left by previous approaches: we use multi-sample consistency
as a training-time supervision signal so that a model can output calibrated confidence in a
single pass at inference time, without requiring white-box access.

2.2 Calibration-Oriented Fine-Tuning

A complementary line of work seeks to improve calibration not by extracting a better
uncertainty signal from a fixed model, but by adapting the model so that its outputs are
better calibrated to begin with. Existing methods typically rely on ground-truth correctness
labels during training, either through supervised fine-tuning, reinforcement learning, or
preference-based objectives. Several recent approaches directly optimize confidence quality
with label-based rewards. RLCR (Damani et al., 2026), REWARDING DOUBT (Bani-Harouni
et al., 2026), and LOVEC (Zhang et al., 2026) all adapt the model during training to improve
verbalized confidence behavior, while relying on externally specified supervision signals.
CONFTUNER (Li et al., 2025) fine-tunes with a tokenized Brier score, a proper scoring rule
that still uses answer correctness as its training target. NOVA (Liu et al., 2026) performs
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rule-guided supervised fine-tuning for noise-aware confidence in retrieval-augmented
settings. Related work also includes SAYSELF (Xu et al., 2024), which combines supervised
fine-tuning with reinforcement learning to elicit confidence judgments and self-reflective
rationales. Most closely related to our setting, SELF-CALIBRATION (Huang et al., 2025a) also
produces single-pass confidence from self-consistency without ground-truth labels. It differs
in how that signal is turned into a model: it constructs a synthetic calibration dataset offline
and distills a fixed soft self-consistency target through a separate supervised fine-tuning
stage. Although these methods generally differ in their optimization details, they share a
common dependency on externally defined supervision signals, such as correctness labels
or teacher confidence targets. CONCORD instead scores the rollouts that GRPO-based
training already generates for policy optimization, requiring no dedicated calibration stage
and no synthetic data.

Finally, recent work extends calibration beyond short-form answers to long-form generation.
These approaches use supervised fine-tuning and reinforcement learning to elicit verbalized
confidence expressions or sentence-level confidence tags in extended outputs (Band et al.,
2024; Zhang et al., 2026). This broadens the scope of calibration, but does not remove the
need for labeled supervision during training.

3 Approach

We adapt language models to produce better calibrated verbalized confidence scores using
reinforcement learning, without access to ground-truth answers at any stage of training.
The key observation is that multi-sample RL algorithms such as GRPO already generate
multiple rollouts per prompt as part of their optimization procedure. We repurpose these
rollouts to compute a semantic consistency signal that provides a calibration target, turning
an existing computational cost into a supervisory signal at negligible additional expense.

This approach rests on the empirical correlation between self-consistency and accuracy,
which is well-established across models and tasks (Kuhn et al., 2023; Fadeeva et al., 2023).
On questions a model can reliably answer, independent rollouts tend to converge on the
same response. On harder questions, rollouts disagree, producing low consistency scores
that naturally translate to lower confidence. A potential failure mode is the consistently
wrong model: if all N rollouts produce the same incorrect answer, consistency is 1 and the
training signal encourages 100% confidence. Two factors mitigate this. First, the KL penalty
anchors the policy near the pretrained model, which exhibits diversity on questions it
cannot reliably answer; the policy must earn high consistency through genuine competence
rather than mode collapse. Second, calibration is a statistical property across many prompts,
and the consistent-error case is empirically rare enough that the aggregate signal remains
informative.

3.1 Problem Formulation

Given a question q, we adapt a language model πθ to generate a structured response
containing: (1) chain-of-thought reasoning r, (2) a final answer a, and (3) a verbalized
confidence score c ∈ [0, 100] representing the model’s estimate of the probability (expressed
as a percentage) that a is correct. A model is calibrated if, among all responses where it states
confidence c, the fraction of correct answers equals c/100.

3.2 Training Framework

We use Group Relative Policy Optimization (GRPO; Shao et al., 2024) as the policy gradient
algorithm. For each prompt qi in a training batch, GRPO samples a group of N completions
{(rj, aj, cj)}N

j=1 from the current policy πθ , scores them with a reward function R, and
updates the policy using group-normalized advantages.

Any RL algorithm that samples multiple completions per prompt (e.g., REINFORCE with
leave-one-out baselines) could serve as the backbone; we choose GRPO for its simplicity
and stable training dynamics.
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3.3 Reward Design

3.3.1 NLI-Based Calibration Reward

The calibration reward encourages the verbalized confidence c to match the empirical
agreement rate among the N sampled answers for the same prompt. Since semantically
equivalent answers may differ on the surface (e.g., “0.5” vs. “1/2”), we estimate agreement
in terms of their semantics using Natural Language Inference.

Given the N answers {a1, . . . , aN}, we construct a pairwise equivalence matrix E ∈
{0, 1}N×N , where Ejk = 1 if and only if the NLI model judges aj and ak as entailing in
at least one direction. Applying transitive closure to E yields a partition into K semantic
clusters {C1, . . . , CK}. For each response j = 1, . . . , N, where j belongs to cluster Ck(j), the
semantic consistency score is:

psem(j) =
|Ck(j)|

N
(1)

This score approximates the probability that a random rollout would agree with response j.
If the model produces the same answer in 8 out of 10 rollouts, a well-calibrated confidence
for that answer should be near 80%.

The calibration reward scores how closely the verbalized confidence cj matches this target
using a Gaussian kernel with bandwidth σt:

Rnli(cj, j) = exp

(
−
(cj/100 − psem(j))2

2 σ2
t

)
(2)

3.3.2 Semantic Entropy Variant

We also implement an alternative calibration target based on semantic entropy (Kuhn et al.,
2023). Given the same cluster partition {C1, . . . , CK}, we compute cluster probabilities
pk = |Ck|/N and the normalized semantic entropy:

S̃sem =
−∑K

k=1 pk log pk

log N
(3)

The entropy-based confidence target is then pse = 1− S̃sem, mapping low response diversity
to high confidence and vice versa. The reward Rse follows the same Gaussian kernel form
as Equation 2, substituting pse for psem(j).

3.3.3 Bandwidth Annealing

Both Rnli and Rse use a Gaussian kernel whose bandwidth σt, t = 0, . . . , T is linearly
annealed from σ0 to σT over training. Early in training, the model’s confidence outputs are
poorly initialized and often far from the consistency target. A wide bandwidth provides
a smooth gradient signal that rewards even coarse directional improvements. As training
progresses, the narrowing bandwidth sharpens the reward peak around the exact target,
enforcing precise calibration. We show the effects of annealing in Section 6.2.

4 Experimental Setup

We evaluate whether calibration learned from self-consistency transfers to held-out down-
stream benchmarks when adaptation is performed without ground-truth correctness labels.
Our experiments focus on math reasoning, using GSM8K (Cobbe et al., 2021), SVAMP (Patel
et al., 2021), and MATH-500 (Lightman et al., 2024) as evaluation benchmarks. Broader
generalization across additional task families is reported separately in Section 5.2. Across
all adapted methods, we keep the model, training data, optimizer, and update budget fixed,
varying only the reward signal.
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4.1 Models and Training Data

We experiment with four instruction-tuned models from two families at two parameter
scales: Qwen-2.5-3B and Qwen-2.5-7B (Yang et al., 2025), and Llama-3.2-3B and Llama-3.1-
8B-Instruct (Grattafiori et al., 2024). This setup lets us test whether calibration improvements
are consistent across both architecture families and model sizes in the 3B–8B range.

For adaptation, we use prompts from OpenDataArena-ODA-Math-460k (Gao et al., 2026; Cai
et al., 2025). We discard all reference answers and retain only the prompt text, so CONCORD
is trained fully label-free. We subsample 1,600 prompts and train for a single epoch over
this subset. None of the evaluation datasets are used during training or validation.

4.2 Training Configuration

All adapted models are trained with GRPO, with parameter-efficient fine-tuning through
LoRA (Hu et al., 2022). We apply LoRA adapters to the query and value projection layers
(q proj, v proj) with rank r = 8, scaling factor α = 32, and dropout rate 0.1.

For each prompt, we sample N = 10 rollouts at temperature T = 1.0. We evaluate both
CONCORD reward variants introduced in Section 3: the response-specific NLI-based consis-
tency target (CONCORD-nli) and the prompt-level semantic entropy target (CONCORD-se).
We use DeBERTa-V3-Large (He et al., 2023) as our NLI model. For both variants, the Gaussian
bandwidth is annealed linearly from σ0 = 0.3 to σT = 0.08 over training. We set the KL
regularization coefficient to β = 0.1, use a constant learning rate of 3 × 10−6, and train with
per-device batch size 1 and without gradient accumulation. Prompts and completions are
each truncated to 2,048 tokens. All runs use bfloat16 precision on a single GPU.

To ensure a fair comparison, all adapted baselines are trained with the identical setup: the
same base model, same LoRA configuration, same prompt subset, and same number of
training steps. The only difference across methods is the reward function.

4.3 Baselines

We compare against both unadapted single-pass confidence baselines and labeled adaptation
baselines. Implementation details can be found in Appendix D.

Single-pass baselines. We evaluate four confidence signals that require no repeated
sampling of the answer: (i) Verbalized confidence, where the unadapted base model
outputs a numerical confidence score in text using the same answer-plus-confidence prompt
applied to all methods; (ii) Token Mean Probability; (iii) Length-Normalized sequence
probability; and (iv) P(True) (Kadavath et al., 2022), which reuses the single sampled answer
but requires one additional scoring pass to read off the probability of the token True. The
verbalized baseline is the only one of the four that is black-box and text-only at inference.

Multi-pass consistency baselines. As an inference-time reference we also report test-
time consistency (TT), which applies the same NLI-based cluster-frequency (TT-NLI) and
semantic-entropy (TT-SE) targets that CONCORD uses for training, but computes them at
inference from N=10 freshly sampled rollouts per question rather than from a single pass.
TT requires repeated decoding; it serves as the multi-pass reference point that CONCORD
approximates with a single forward pass.

Adapted baselines. We further compare CONCORD against recent adaptation methods.
Three use label-based rewards with reinforcement learning: RLCR (Damani et al., 2026),
REWARDING DOUBT (Bani-Harouni et al., 2026), and LOVEC (Zhang et al., 2026); for these
we implemented the published reward function and use our training pipeline. We addi-
tionally compare against two supervised-fine-tuning calibration methods, CONFTUNER (Li
et al., 2025), which trains against answer correctness, and SELF-CALIBRATION (Huang
et al., 2025a), which like CONCORD uses no ground-truth labels but requires a separate
calibration stage and synthetic data. Both are trained with their own recipes on the same
prompt subset.
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4.4 Evaluation Tasks

Our main results focus on three mathematical reasoning benchmarks: GSM8K (Cobbe et al.,
2021), SVAMP (Patel et al., 2021), MATH-500 (Lightman et al., 2024). These datasets are
distinct from the OpenDataArena prompts used for adaptation, but remain within the
same broad domain. This setting tests whether calibration learned from self-consistency
transfers across datasets rather than merely overfitting to the prompt distribution seen
during training.

We report additional results on a broader set of tasks spanning multiple-choice question
answering, and multi-hop question answering in Section 5.2. Further details are given in
Appendix C.

4.5 Metrics and Inference Protocol

We evaluate all methods using the Expected Calibration Error (ECE), which measures
the absolute mismatch between stated confidence and empirical accuracy, averaged over
confidence bins; lower is better. We use M=10 equal-width bins. In Appendix A, we
further show discrimination in terms of the Area Under the ROC Curve (AUROC), which
measures how well confidence scores rank correct answers above incorrect ones; higher
is better. We treat ECE as the primary metric because the main objective is numerical
trustworthiness of the reported confidence, not just ranking quality. We also report task
accuracy in Appendix E, which is largely stable across methods.

At inference time, all adapted models generate a single response using greedy decoding.
The prompt and evaluation protocol are identical across every method. We prompt chain-
of-thought reasoning, a final answer enclosed in <answer> tags, and a confidence score
enclosed in <confidence> tags. For the baselines that do not verbalize confidence directly
(Token Mean Probability and Length-Normalized probability), we extract the corresponding
probabilities from the same response; P(True) reuses that response but requires one further
scoring pass. The multi-pass consistency baselines (TT-NLI, TT-SE) draw N=10 samples at
temperature T=1.0 per question. We report the prompt template in Appendix B.

5 Results

In this section, we discuss the main results of our extensive evaluation considering both
in-domain (Section 5.1) and out-of-domain settings (Section 5.2). Additional results are
presented in the Appendix.

5.1 In-Domain Transfer

GSM8K ECE ↓ SVAMP ECE ↓ MATH-500 ECE ↓
Method Q3B Q7B L3B L8B Q3B Q7B L3B L8B Q3B Q7B L3B L8B

Lo
gi

ts

Token Mean Prob. 0.133 0.073 0.150 0.130 0.119 0.080 0.119 0.115 0.396 0.274 0.486 0.355
Length-Normalized 0.137 0.073 0.152 0.132 0.119 0.080 0.116 0.112 0.392 0.271 0.480 0.343
P(True) 0.151 0.105 0.186 0.242 0.125 0.139 0.225 0.205 0.307 0.249 0.222 0.157

T Verbalized 0.141 0.062 0.155 0.096 0.130 0.073 0.107 0.094 0.395 0.277 0.533 0.431

T
T TT-NLI (N=10) 0.097* 0.028* 0.128* 0.072 0.060* 0.043 0.116 0.042* 0.067 0.068 0.058 0.119

TT-SE (N=10) 0.127 0.035 0.163 0.091 0.085 0.037* 0.138 0.058 0.049* 0.040* 0.030* 0.104*

O
ur

s CONCORD-nli 0.118 0.091 0.142 0.129 0.112 0.094 0.382 0.111 0.204 0.295 0.450 0.392
CONCORD-se 0.126 0.059 0.135 0.066* 0.113 0.062 0.103* 0.089 0.141 0.284 0.435 0.175

La
be

ls RLCR 0.668 0.071 0.743 0.256 0.659 0.096 0.825 0.213 0.447 0.140 0.466 0.274
Rewarding Doubt 0.515 0.454 0.593 0.374 0.564 0.424 0.712 0.245 0.422 0.372 0.453 0.282
LoVeC 0.547 0.062 0.526 0.326 0.610 0.099 0.559 0.235 0.379 0.153 0.461 0.234

SF
T ConfTuner 0.178 0.120 0.622 0.601 0.142 0.120 0.607 0.609 0.478 0.398 0.457 0.319

Self-Calibration 0.146 0.085 0.210 0.125 0.123 0.095 0.123 0.095 0.406 0.282 0.545 0.395

Table 1: In-domain ECE (GSM8K, SVAMP, MATH-500), lower is better. Bold indicates the
best single-pass black-box/text-only method in each column; * indicates best overall in each
column. Q3B=Qwen-2.5-3B, Q7B=Qwen-2.5-7B, L3B=Llama-3.2-3B, L8B=Llama-3.1-8B.
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Table 1 reports ECE on GSM8K, SVAMP, and MATH-500. Among single-pass text-only
methods, CONCORD attains the lowest ECE for 11 of the 12 model–dataset combinations,
with CONCORD-se accounting for nine of them. The extent of the gain depends on how
well calibrated the base model already is. On GSM8K and SVAMP, the unadapted verbalized
baseline is comparatively strong (0.062 to 0.155) and CONCORD-se yields consistent but
modest improvements, for example from 0.096 to 0.066 on Llama-3.1-8B for GSM8K. On
the harder MATH-500, the baseline degrades considerably and the improvements are
correspondingly larger, from 0.395 to 0.141 on Qwen-2.5-3B and from 0.431 to 0.175 on
Llama-3.1-8B. MATH-500 with Qwen-2.5-7B is the only in-domain combination for which
CONCORD does not improve on the verbalized baseline (0.277 to 0.284).

The white-box and multi-pass references behave as expected. Logit-based scores are com-
petitive on the easier benchmarks but degrade on MATH-500, where length-normalized
probability ranges from 0.271 to 0.480 and CONCORD-se stays below it on three of the
four models; this is the calibration–discrimination gap discussed in Appendix A. The TT
baselines, which apply the same consistency signal CONCORD trains on but recompute
it at inference from N=10 fresh samples, give the lowest ECE overall for 10 of the 12 com-
binations and act as the reference our single-pass method approximates. The remaining
gap is often small, and on GSM8K with Llama-3.1-8B (0.066 against 0.072) and SVAMP with
Llama-3.2-3B (0.103 against 0.116), CONCORD-se is better than TT from a single forward
pass.

The adaptation baselines separate sharply by supervision type. The label-based RL methods
degrade substantially on several models: RLCR reaches 0.743 on Llama-3.2-3B for GSM8K
and 0.825 on the same model for SVAMP, against verbalized baselines of 0.155 and 0.107,
with Rewarding Doubt and LoVeC following the same pattern. The supervised calibration
baselines are more competitive: ConfTuner is reasonable on the Qwen models but collapses
on both Llama models (0.622 and 0.601 on GSM8K), while Self-Calibration is the closest
competitor overall, trailing CONCORD-se by small margins on GSM8K and SVAMP but
falling well behind on MATH-500 for three of the four models. These results do not imply
that label-based calibration is generally ineffective, but they do suggest that consistency-
based supervision transfers more reliably across models.

The two variants differ mainly in stability. CONCORD-se is the stronger and more reliable
of the two, giving the lowest text-only ECE in nine of the 12 cases and the higher AUROC
in nine as well (Appendix A). CONCORD-nli is best on Qwen-2.5-3B for both GSM8K
(0.118) and SVAMP (0.112), but is less stable on the Llama models, reaching 0.382 on
SVAMP with Llama-3.2-3B and 0.392 on MATH-500 with Llama-3.1-8B. We therefore treat
CONCORD-se as the in-domain default; the case for CONCORD-nli rests on its stronger
ranking quality under domain shift (Section 5.2, Appendix A). Qualitative examples are
given in Appendix F.

5.2 Out-of-Domain Transfer

Table 2 extends the evaluation to MuSiQue (Trivedi et al., 2022), MMLU-Pro (Wang et al.,
2024), and MMLU (Hendrycks et al., 2021), which differ substantially from the unlabeled
mathematical prompts used during adaptation. None of these datasets appears in training
or validation, so they test empirical transfer to previously unobserved distributions. We
emphasize that these are domain shifts away from the mathematical post-training data, not
adversarial or arbitrary shifts, and our claims regarding transfer are restricted to this setting.

Absolute calibration degrades for every method under shift, including the multi-pass
references: on MuSiQue the best result in three of the four columns is above 0.24, against in-
domain values below 0.10. The ranking also becomes less favorable to CONCORD. Where
CONCORD gave the best single-pass text-only ECE for 11 of 12 in-domain combinations, it
does so for 5 of 12 here, with the remainder split between the label-based RL methods and
ConfTuner. The label-based methods thus reverse their in-domain behavior: RLCR, which
collapsed to 0.743 on GSM8K with Llama-3.2-3B, is now best on three columns, and LoVeC
attains the overall best MMLU result on Qwen-2.5-7B.

8



Published as a conference paper at COLM 2026

MuSiQue ECE ↓ MMLU-Pro ECE ↓ MMLU ECE ↓
Method Q3B Q7B L3B L8B Q3B Q7B L3B L8B Q3B Q7B L3B L8B

Lo
gi

ts
Token Mean Prob. 0.740 0.721 0.616 0.552 0.619 0.558 0.605 0.522 0.385 0.249 0.383 0.263
Length-Normalized 0.726 0.707 0.602 0.537 0.611 0.556 0.595 0.519 0.385 0.248 0.374 0.262
P(True) 0.310 0.342* 0.149 0.242* 0.428 0.415 0.352 0.249 0.479 0.246 0.279 0.183

T Verbalized 0.659 0.630 0.500 0.470 0.613 0.490 0.492 0.398 0.533 0.190 0.342 0.153

TT

TT-NLI (N=10) 0.367 0.381 0.355 0.478 0.199 0.272 0.253 0.189 0.131* 0.107 0.070 0.078
TT-SE (N=10) 0.304* 0.359 0.317 0.445 0.182* 0.270* 0.229* 0.174* 0.152 0.113 0.063* 0.080

O
ur

s CONCORD-nli 0.416 0.437 0.346 0.454 0.346 0.458 0.342 0.391 0.246 0.205 0.359 0.184
CONCORD-se 0.407 0.403 0.323 0.281 0.314 0.408 0.334 0.266 0.219 0.146 0.187 0.073*

La
be

ls RLCR 0.444 0.454 0.277 0.278 0.324 0.337 0.287 0.203 0.271 0.098 0.435 0.076
Rewarding Doubt 0.451 0.486 0.330 0.334 0.485 0.456 0.322 0.317 0.206 0.281 0.396 0.120
LoVeC 0.475 0.487 0.326 0.302 0.340 0.383 0.331 0.251 0.212 0.091* 0.360 0.086

SF
T ConfTuner 0.660 0.513 0.109* 0.492 0.658 0.570 0.230 0.412 0.361 0.269 0.517 0.164

Self-Calibration 0.651 0.626 0.513 0.479 0.615 0.490 0.491 0.407 0.520 0.203 0.349 0.163

Table 2: Out-of-domain ECE; lower is better. Marks as in Table 1.

What holds is the comparison against the signal CONCORD replaces. CONCORD-se lowers
ECE relative to unadapted verbalized confidence in all 12 settings, for example from 0.659 to
0.407 on MuSiQue with Qwen-2.5-3B and from 0.533 to 0.219 on MMLU with Qwen-2.5-3B;
on MMLU with Llama-3.1-8B its 0.073 is the lowest of any method in that column, multi-pass
baselines included. CONCORD-nli transfers less well, falling behind the verbalized baseline
on three of the four MMLU columns.

6 Further Experiments

Figure 2: Effect of rollout count N
on calibration quality, evaluated on
GSM8K with Llama-3.1-8B.

We analyze the key design choices of CONCORD on
Llama-3.1-8B evaluated on GSM8K, isolating the effect
of each component while holding all other hyperpa-
rameters fixed.

6.1 Effect of Rollout Count

As shown in Figure 2, increasing the rollout count im-
proves calibration because the self-consistency target
becomes less noisy and therefore more useful for learn-
ing confidence. However, the cost of GRPO depends
strongly on N, since each increase requires sampling
and scoring more completions per prompt during train-
ing. The gains therefore diminish along a steep cost
curve, making moderate N the most practical trade-off.

6.2 Effect of Bandwidth Annealing

ECE ↓ AUROC ↑
No annealing 0.374 0.519
Annealing 0.066 0.628

Table 3: Bandwidth annealing abla-
tion on CONCORD-se on GSM8K
with Llama-3.1-8B

The Gaussian calibration reward uses a bandwidth σt
linearly annealed over the training duration (see Sec-
tion 3). The intuition is that early-stage confidence
outputs are poorly initialized and benefit from a for-
giving reward landscape, while later stages benefit
from a precise alignment with the consistency target.
Table 3 shows that annealing improves calibration
and also slightly strengthens discrimination relative
to using a fixed bandwidth throughout training. Both
phases of the schedule therefore matter: the wide phase prevents reward sparsity early in
training, and the narrow phase tightens calibration near convergence.
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7 Discussion and Conclusion

Across Qwen-2.5 and Llama models in the 3B–8B range and six benchmarks spanning
mathematical reasoning, multiple-choice QA, and multi-hop QA, CONCORD-se improves
on unadapted verbalized confidence in all but one model–task pair while remaining single-
pass and text-only at inference. The gains are largest where the base model is worst
calibrated, on MATH-500 and on the shifted benchmarks, where verbalized confidence
degrades sharply and CONCORD-se cuts the error by more than half in several settings.
CONCORD-se is the more stable variant and gives the strongest single-pass text-only
calibration in most in-domain settings; CONCORD-nli ranks examples better under domain
shift, so the two offer a calibration–discrimination trade-off outside the training distribution.

The comparison to label-based adaptation depends on the setting. In domain, CONCORD
is better calibrated than RLCR, Rewarding Doubt, LoVeC, and the supervised calibration
baselines on all but one model–dataset combination despite never seeing a reference answer.
Under domain shift that advantage disappears: the label-based methods recover, and each
attains the best text-only ECE in at least one out-of-domain column. What survives is the
comparison against the signal CONCORD replaces, since CONCORD-se lowers ECE relative
to unadapted verbalized confidence on every shifted dataset we evaluate. Against test-time
consistency, which recomputes the same signal from repeated sampling, CONCORD closes
much of the gap in domain and is better in a few settings, but the gap stays wide on the
multi-hop and harder multiple-choice benchmarks. Self-consistency is therefore a usable
supervision signal for verbalized confidence.

CONCORD’s applicability is bounded in several ways. Hyperparameters were fixed across
models and datasets rather than tuned per setting: bandwidth schedule, rollout count,
and KL coefficient. Calibration also depends on the NLI model, whose clustering errors
propagate into the training target. The consistently-wrong case from Section 3 is the sharpest
limit: where a model repeats the same error across rollouts, consistency is 1 and the reward
drives confidence toward 100%, which no label-free diagnostic can flag. Finally, we adapt
3B–8B models with LoRA over 1,600 prompts, leaving full fine-tuning and larger scales
untested.

CONCORD trains language models to produce calibrated verbalized confidence by scoring
the rollouts a GRPO run already generates against their own semantic consistency, using no
ground-truth correctness labels at any stage. The NLI variant targets per-response cluster
frequency; the semantic-entropy variant targets a smoother prompt-level quantity. Multi-
rollout RL pipelines already pay for the samples CONCORD scores, so the method converts
existing computation into calibrated confidence, with no extra supervision and no repeated
sampling at deployment. We release our code at https://github.com/Maxscha/concord.
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Appendix

A Comparing Calibration and Discrimination

Our method is designed to improve a model’s calibration, i.e., the accuracy of its verbalized
confidence. In other words, if a method claims to be p% confident, ideally it would be
correct p% of the time. In this section, we study to what extent such improved calibration
also accords with the discriminative ability of a model’s output scores. To this end, we
compute the AUROC for the same in-domain and out-of-domain evaluations as reported in
the main paper (Table 4 and Table 5). Whereas the main paper emphasizes the ECE metric
because the primary goal is numerically calibrated confidence, AUROC characterizes how
well each method ranks correct answers above incorrect ones.

Calibration and discrimination separate clearly in our results. The multi-pass TT baselines
give the best AUROC in every in-domain column and in eight of the twelve out-of-domain
columns, consistent with their strong ECE. Among the remaining methods, P(True) is the
strongest baseline: it leads ten of the twelve in-domain columns outside TT and attains
the best overall AUROC in three out-of-domain columns, despite being uncompetitive
on ECE in most of those same settings. This is consistent with prior work showing that
white-box confidence signals can be effective for discrimination even when they are not well
calibrated in absolute terms. A model may produce accurate rankings despite being highly
overconfident or underconfident. The token-probability baselines illustrate the opposite
failure: on GSM8K and SVAMP they fall below 0.45 AUROC for both Llama models, near
or below chance, while their in-domain ECE is comparable to the verbalized baseline.

The two CONCORD variants trade off differently in the two regimes. In domain,
CONCORD-se is the stronger variant on both metrics, giving the higher AUROC of the two
in nine of the twelve settings and the best text-only AUROC in six; CONCORD-nli leads
only on Qwen-2.5-3B, and there on SVAMP and MATH-500 rather than GSM8K. Out of
domain the ordering reverses, with CONCORD-nli higher in eight of the twelve settings
and best among text-only methods in five, while CONCORD-se retains its ECE advantage.
The calibration–discrimination trade-off between the variants that we describe in the main
text is therefore an out-of-domain effect rather than a uniform one.

Relative to the signal CONCORD replaces, adaptation does not come at the cost of ranking
quality: CONCORD-se improves AUROC over the unadapted verbalized baseline in eleven
of twelve in-domain settings, and at least one CONCORD variant does so in eleven of
twelve out-of-domain settings. To further check that these changes reflect confidence quality
rather than answer quality, we report detailed task accuracy in Appendix E, where accuracy
is largely stable across methods.

B Prompt Template

All models are prompted with a fixed output structure so that both the final answer and the
verbalized confidence can be parsed reliably. Unlike an answer-only prompt, the template
prompts explicit step-by-step reasoning before the tagged answer, which we found necessary
for the models to reach their full task accuracy. The template used in our experiments is
shown below.

Question: {question}

Solve the problem step by step, then report your final answer
and your confidence.

Requirements:
- Show your reasoning step by step. Take as many steps as you
need to get it right.

- Then give the final answer as a single value (a number, no
units or extra words) inside <answer></answer>.
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GSM8K AUROC ↑ SVAMP AUROC ↑ MATH-500 AUROC ↑
Method Q3B Q7B L3B L8B Q3B Q7B L3B L8B Q3B Q7B L3B L8B

Lo
gi

ts

Token Mean Prob. 0.567 0.632 0.438 0.349 0.404 0.611 0.446 0.363 0.654 0.680 0.530 0.496
Length-Normalized 0.567 0.632 0.438 0.372 0.404 0.611 0.446 0.381 0.653 0.681 0.530 0.500
P(True) 0.702 0.667 0.753 0.654 0.782 0.702 0.794 0.824 0.701 0.661 0.712 0.749

T Verbalized 0.599 0.576 0.580 0.542 0.596 0.532 0.653 0.580 0.596 0.593 0.513 0.649

TT

TT-NLI (N=10) 0.912* 0.858* 0.900* 0.891* 0.913* 0.800* 0.859* 0.897* 0.823* 0.867* 0.781 0.752*

TT-SE (N=10) 0.901 0.855 0.895 0.880 0.900 0.799 0.849 0.888 0.822 0.866 0.782* 0.749

O
ur

s CONCORD-nli 0.571 0.564 0.619 0.537 0.684 0.614 0.635 0.624 0.649 0.585 0.575 0.584
CONCORD-se 0.569 0.605 0.633 0.628 0.672 0.642 0.703 0.740 0.646 0.729 0.598 0.680

La
be

ls RLCR 0.477 0.545 0.509 0.600 0.547 0.555 0.508 0.606 0.505 0.630 0.506 0.697
Rewarding Doubt 0.512 0.629 0.565 0.621 0.616 0.550 0.546 0.578 0.529 0.557 0.537 0.693
LoVeC 0.544 0.519 0.568 0.631 0.496 0.555 0.621 0.597 0.545 0.573 0.534 0.749

SF
T ConfTuner 0.515 0.506 0.501 0.578 0.514 0.500 0.634 0.567 0.518 0.505 0.502 0.587

Self-Calibration 0.592 0.575 0.602 0.578 0.610 0.572 0.653 0.641 0.616 0.614 0.527 0.601

Table 4: In-domain AUROC (GSM8K, SVAMP, MATH-500); higher is better. Bold = best
single-pass black-box/text-only method (excl. white-box logit and multi-pass TT baselines);
* = best overall. Model abbreviations as in Table 1.

MuSiQue AUROC ↑ MMLU-Pro AUROC ↑ MMLU AUROC ↑
Method Q3B Q7B L3B L8B Q3B Q7B L3B L8B Q3B Q7B L3B L8B

Lo
gi

ts

Token Mean Prob. 0.673 0.691* 0.669 0.704 0.615 0.635 0.535 0.468 0.569 0.597 0.488 0.467
Length-Normalized 0.672 0.689 0.665 0.700 0.615 0.635 0.538 0.468 0.569 0.597 0.488 0.467
P(True) 0.693 0.690 0.724* 0.743* 0.620 0.657 0.671* 0.639 0.550 0.658 0.703 0.714

T Verbalized 0.596 0.579 0.648 0.656 0.573 0.643 0.581 0.643 0.512 0.637 0.571 0.604

TT

TT-NLI (N=10) 0.669 0.646 0.583 0.605 0.699* 0.693* 0.652 0.699* 0.677* 0.776 0.766 0.805
TT-SE (N=10) 0.703* 0.646 0.620 0.623 0.688 0.692 0.662 0.694 0.675 0.778* 0.768* 0.806*

O
ur

s CONCORD-nli 0.619 0.592 0.588 0.660 0.601 0.649 0.609 0.658 0.616 0.643 0.589 0.616
CONCORD-se 0.620 0.539 0.643 0.687 0.591 0.621 0.617 0.613 0.598 0.609 0.581 0.593

La
be

ls RLCR 0.615 0.610 0.543 0.663 0.498 0.558 0.563 0.621 0.562 0.587 0.559 0.651
Rewarding Doubt 0.608 0.624 0.550 0.658 0.473 0.523 0.580 0.618 0.557 0.578 0.581 0.611
LoVeC 0.620 0.599 0.560 0.668 0.490 0.565 0.593 0.622 0.571 0.568 0.607 0.645

SF
T ConfTuner 0.581 0.631 0.593 0.623 0.509 0.520 0.551 0.654 0.533 0.538 0.498 0.657

Self-Calibration 0.603 0.585 0.648 0.654 0.566 0.647 0.595 0.642 0.518 0.638 0.541 0.622

Table 5: Out-of-domain AUROC (MuSiQue, MMLU-Pro, MMLU); higher is better. Marks as
in Table 4.
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- Then ALWAYS give <confidence></confidence> as an integer from
0 to 100 - include it even if you are unsure.

- Write nothing after </confidence>.

End your response in exactly this format:
<answer>
[final answer value only]
</answer>
<confidence>
[integer 0-100]
</confidence>

For multiple-choice benchmarks (MMLU, MMLU-Pro), we use the same template except
that the answer instruction requests the single option letter (“Put ONLY the single letter (A,
B, C, or D) inside <answer></answer>”), so that the parsed answer matches the lettered gold
label.

We parse the model’s predicted answer from the <answer> field and the verbalized confi-
dence from the <confidence> field. Answer correctness is scored with symbolic equivalence
checking (via math verify) on the mathematical benchmarks and exact letter matching on
multiple-choice tasks, rather than surface string matching. The instruction to end generation
immediately after </confidence> keeps outputs machine-readable and prevents trailing
text from interfering with the evaluation.

C Dataset Descriptions

This section provides brief descriptions of the benchmark datasets used in our evaluation.

C.1 Mathematical Reasoning

GSM8K (Cobbe et al., 2021) Grade School Math 8K is a dataset of 8,500 linguistically di-
verse grade school mathematical word problems requiring multi-step arithmetic reasoning.
Problems involve 2–8 steps of computation and span topics such as basic arithmetic, frac-
tions, percentages, and simple algebra. The dataset splits into 7,473 training and 1,319 test
examples, with solutions provided as step-by-step natural language explanations followed
by a final numerical answer.

SVAMP (Patel et al., 2021) Simple Variations on Arithmetic Math word Problems contains
1,000 one-unknown arithmetic word problems designed to test whether models genuinely
understand mathematical reasoning or rely on superficial pattern matching. Problems are
created by applying simple variations to existing math problems (e.g., changing question
locations or operations), with difficulty comparable to elementary school mathematics. Each
problem requires 1–2 arithmetic operations to solve.

MATH-500 (Lightman et al., 2024) A 500-problem subset of the MATH competition bench-
mark, spanning seven subjects (algebra, geometry, number theory, counting and probability,
precalculus, intermediate algebra, and prealgebra) at five difficulty levels. Problems require
multi-step symbolic derivations and a boxed final answer, and are substantially harder
than grade-school word problems. We report MATH-500 as the harder in-domain math
benchmark on which we assess whether self-consistency calibration holds up under greater
task difficulty.

C.2 Multiple-Choice Question Answering

MMLU (Hendrycks et al., 2021) Massive Multitask Language Understanding is a compre-
hensive benchmark covering 57 diverse subjects spanning STEM, humanities, social sciences,
and professional domains. The dataset contains 15,908 multiple-choice questions with four
options each, ranging from elementary to advanced professional level. Questions test both
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world knowledge and problem-solving ability across domains such as mathematics, history,
law, medicine, and computer science.

MMLU-Pro (Wang et al., 2024) An enhanced version of MMLU designed to be more
challenging and discriminative. Compared to MMLU, it increases the number of answer
choices from 4 to 10, incorporates more reasoning-focused questions, and filters out ques-
tions solvable by simple pattern matching. The dataset contains questions across the same
subject areas as MMLU but with increased difficulty and reduced potential for models to
exploit spurious correlations.

C.3 Multi-Hop Question Answering

MuSiQue (Trivedi et al., 2022) Multihop Questions via Single-hop Question Compo-
sition is a multi-hop QA dataset with 25,000 questions requiring 2–4 hops of reasoning.
Questions are systematically composed from single-hop questions, ensuring answering
requires multi-hop reasoning rather than shortcuts. The dataset includes both answerable
and unanswerable questions, with unanswerable variants created by replacing key entities,
testing whether models truly perform multi-hop reasoning or exploit dataset artifacts.

C.4 Evaluation Metrics

ECE. The Expected Calibration Error measures the mismatch between predicted confi-
dence and empirical accuracy:

ECE =
M

∑
m=1

|Bm|
n

|acc(Bm)− conf(Bm)| , (4)

where
acc(Bm) =

1
|Bm| ∑

i∈Bm

1(ŷi = yi), conf(Bm) =
1

|Bm| ∑
i∈Bm

pi. (5)

We use M = 10 equally spaced confidence bins throughout. Lower ECE indicates better
calibration.

AUROC. The AUROC measures how well confidence scores discriminate between correct
and incorrect predictions:

AUROC =
∫ 1

0
TPR(t) dFPR(t), (6)

where

TPR(t) =
TP(t)

TP(t) + FN(t)
, FPR(t) =

FP(t)
FP(t) + TN(t)

. (7)

An AUROC of 1.0 indicates perfect discrimination, while 0.5 corresponds to chance-level
ranking.

D Baseline Definitions

This section summarizes all baseline methods considered in our experiments. Table 6
provides an overview. In the following, we describe them in more detail, distinguishing
single-pass confidence estimation methods from label-dependent adaptation methods.

D.1 Single-Pass Baselines

Verbalized Confidence (VC; Lin et al., 2022; Tian et al., 2023; Xiong et al., 2024 ) The model
is prompted to produce both an answer a and a numerical confidence score c ∈ [0, 100] as
part of its output. The confidence estimate is taken directly from the generated text:

p̂(a) =
c

100
. (8)
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Method Type Inference Access Extra Passes Train Labels Confidence Form Single-Pass at Test

Verbalized Confidence Single-pass Black-box No No Textual scalar Yes
P(True) Single-pass White-box Yes No Token probability No
Token-Mean-Prob Single-pass White-box No No Token / sequence probability Yes

TT-NLI Multi-pass Black-box Yes (N=10) No Cluster frequency No
TT-SE Multi-pass White-box Yes (N=10) No Semantic entropy No

RLCR Adapted (RL) Black-box at inference No Yes Textual scalar Yes
Rewarding Doubt Adapted (RL) Black-box at inference No Yes Textual scalar Yes
LoVeC Adapted (RL) Black-box at inference No Yes Textual scalar Yes
ConfTuner Adapted (SFT) Black-box at inference No Yes Textual scalar Yes
Self-Calibration Adapted (SFT) Black-box at inference No No Textual scalar Yes

CONCORD-nli Adapted (RL) Black-box at inference No No Textual scalar Yes
CONCORD-se Adapted (RL) Black-box at inference No No Textual scalar Yes

Table 6: Summary of all baseline and comparison methods used in this work. Multi-pass
reference methods (TT-NLI, TT-SE) draw N=10 samples per question at test time; all other
methods produce single-pass confidence. “Train Labels” indicates whether the training
objective uses ground-truth answer correctness.

P(True) (Kadavath et al., 2022) This method first generates a candidate answer a, then
asks the model whether that answer is correct. The confidence is defined as the probability
assigned to the token “True”:

p̂(a) = P(“True” | q, a). (9)

Token Probabilities (Token-Prob) (Kadavath et al., 2022; Tian et al., 2023) This baseline
uses token-level probabilities as a proxy for confidence. For a generated answer sequence
a = (a1, . . . , aT), we use the length-normalized sequence probability

p̂(a) = exp

(
1
T

T

∑
t=1

log P(at | q, a<t)

)
. (10)

For multiple-choice tasks, we use the probability assigned to the answer label:

p̂(a) = P(alabel | q). (11)

In the results tables, we report two variants of this signal: Token Mean Prob., the arithmetic
mean of per-token probabilities of the answer span, and Length-Normalized, the geometric-
mean form given by the equation above. Both are white-box signals requiring access to
output logits.

D.2 Adaptation Baselines

LoVeC (Rlovec; Zhang et al., 2026 ) Let c ∈ [0, 1] denote normalized confidence and
f = 1[a = a∗] the correctness indicator. The reward is

Rlovec(a, a∗, c) = λ

(
1 +

f log(c) + (1 − f ) log(1 − c)
Rmax

)
, (12)

where Rmax = | log(ϵ)|, ϵ = 10−7, and λ = 1.0. Invalid or missing confidence values receive
a penalty of −2λ.

Rewarding Doubt (Bani-Harouni et al., 2026) Let p = clamp(c/100, 0.001, 0.999). The
raw log score is

S(p, a, a∗) =
{

log(p) if a = a∗,
log(1 − p) if a ̸= a∗.

(13)

The normalized reward is

Rdoubt(a, a∗, c) = λ

(
S(p, a, a∗)− Smin

Smax − Smin
+

1
4

1[a = a∗]
)

, (14)

where Smax = log(0.999), Smin = 1
2 log(0.001), and λ = 10. Invalid confidence values

receive a penalty of −3λ.
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RLCR Calibration (Rrlcr) (Damani et al., 2026) Following the RLCR framework, we use
the Brier-score-style reward

Rrlcr(a, a∗, c) = 1[a = a∗]−
( c

100
− 1[a = a∗]

)2
. (15)

This directly encourages high confidence on correct answers and low confidence on incorrect
answers.

ConfTuner (Li et al., 2025) A supervised-fine-tuning baseline that trains the model to emit
calibrated verbalized confidence using a tokenized Brier score. We train it on the same
prompt subset as CONCORD with the authors’ recipe.

Self-Calibration (Huang et al., 2025a) A label-free baseline that produces single-pass
confidence from self-consistency. It constructs a synthetic calibration dataset offline and
distills a fixed Soft Self-Consistency target through a separate supervised-fine-tuning stage.
Unlike CONCORD, which scores the rollouts a GRPO run already generates, it requires a
dedicated calibration stage and synthetic data.

D.3 Multi-Pass Reference Baselines

Test-Time Consistency (TT-NLI, TT-SE) (Kuhn et al., 2023) As an inference-time reference
we report test-time consistency, which applies the same NLI-based cluster-frequency (TT-
NLI) and semantic-entropy (TT-SE) signals that CONCORD distills, but computes them
at inference from N=10 freshly sampled rollouts per question (temperature T=1.0) rather
than from a single forward pass. These baselines are not deployment-equivalent because
they require repeated decoding; they serve as the multi-pass upper bound that CONCORD
approximates with a single pass.
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E Task Accuracy

We report task accuracy in addition to calibration metrics to verify that changes in ECE and
AUROC are not driven by large shifts in answer quality. The results are given in Table 7
and Table 8. Across methods, accuracy remains comparatively stable, which suggests
that most differences are due to changes in confidence quality rather than underlying task
performance.

GSM8K Acc. (%) ↑ SVAMP Acc. (%) ↑ MATH-500 Acc. (%) ↑
Method Q3B Q7B L3B L8B Q3B Q7B L3B L8B Q3B Q7B L3B L8B

Lo
gi

ts

Token Mean Prob. 85.9 92.7 80.6 89.6 87.6 92.0 83.2 90.3 58.5 71.4 45.6 51.9
Length-Normalized 85.9 92.7 80.6 89.6 87.6 92.0 83.2 90.3 58.5 71.4 45.6 51.9
P(True) 85.9 92.7 80.6 89.6 87.6 92.0 83.2 90.3 58.5 71.4 45.6 51.9

T Verbalized 85.9 92.7 80.6 89.6 87.6 92.0 83.2 90.3 58.5 71.4 45.6 51.9

TT

TT-NLI (N=10) 90.5 93.8 83.3 91.4 91.3 93.0 87.7 89.3 59.1 73.2 47.4 50.2
TT-SE (N=10) 90.5 93.8 83.3 91.4 91.3 93.0 87.7 89.3 59.1 73.2 47.4 50.2

O
ur

s CONCORD-nli 83.8 90.5 75.3 86.5 87.6 89.9 82.9 88.0 58.4 69.9 45.2 53.2
CONCORD-se 83.7 90.8 75.2 86.2 86.3 90.9 84.0 87.2 60.2 68.3 43.7 48.8

La
be

ls RLCR 83.7 90.8 76.8 57.0 86.3 91.3 83.9 75.1 59.3 69.9 46.3 53.8
Rewarding Doubt 84.0 90.8 75.3 53.7 89.0 91.0 85.1 75.6 58.3 72.0 46.4 54.4
LoVeC 84.0 90.8 75.0 54.5 87.7 91.3 83.7 76.2 56.0 69.9 45.3 53.8

SF
T ConfTuner 81.7 87.8 68.6 85.2 86.0 88.0 71.3 86.3 51.7 59.8 43.9 54.6

Self-Calibration 82.9 90.4 76.2 86.7 86.6 89.3 85.3 89.6 55.9 70.7 44.3 57.2

Table 7: In-domain task accuracy (%) on GSM8K, SVAMP, MATH-500. Accuracy is largely
stable across methods, confirming that calibration gains do not come at the cost of task
performance. Logit rows share the base model’s greedy answer (hence match Verbalized);
TT uses the majority-vote answer over N=10 samples. Model abbreviations as in Table 1.

MuSiQue Acc. (%) ↑ MMLU-Pro Acc. (%) ↑ MMLU Acc. (%) ↑
Method Q3B Q7B L3B L8B Q3B Q7B L3B L8B Q3B Q7B L3B L8B

Lo
gi

ts

Token Mean Prob. 21.0 22.0 22.6 33.3 34.5 42.2 29.8 43.4 59.9 74.6 55.4 71.2
Length-Normalized 21.0 22.0 22.6 33.3 34.5 42.2 29.8 43.4 59.9 74.6 55.4 71.2
P(True) 21.0 22.0 22.6 33.3 34.5 42.2 29.8 43.4 59.9 74.6 55.4 71.2

T Verbalized 21.0 22.0 22.6 33.3 34.5 42.2 29.8 43.4 59.9 74.6 55.4 71.2

TT

TT-NLI (N=10) 7.4 26.6 8.6 8.2 35.1 44.6 22.1 43.7 51.1 76.9 57.6 70.9
TT-SE (N=10) 7.4 26.6 8.6 8.2 35.1 44.6 22.1 43.7 51.1 76.9 57.6 70.9

O
ur

s CONCORD-nli 22.1 22.9 21.4 35.3 35.5 46.8 32.3 47.3 61.6 74.4 55.4 70.0
CONCORD-se 22.3 21.9 20.2 32.4 34.8 46.1 29.3 45.8 59.7 73.8 54.5 70.2

La
be

ls RLCR 20.7 22.6 20.7 31.6 32.6 43.2 29.1 43.9 58.5 74.2 54.9 70.8
Rewarding Doubt 20.9 23.2 21.9 33.2 30.6 43.1 28.0 42.9 54.0 74.1 53.8 70.3
LoVeC 20.1 23.8 21.3 32.2 32.7 42.5 27.8 43.1 63.7 73.7 53.2 70.1

SF
T ConfTuner 21.2 29.0 14.2 32.1 31.9 41.4 26.8 43.2 61.7 72.4 55.7 70.4

Self-Calibration 20.8 22.6 20.5 31.7 27.7 42.2 33.4 42.8 41.6 73.5 56.5 70.2

Table 8: Out-of-domain task accuracy (%) on MuSiQue, MMLU-Pro, MMLU. Notes as in
Table 7.
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F Qualitative Examples — Pretrained vs. CONCORD

The following two examples are drawn from Qwen-2.5-3B-Instruct evaluated on GSM8K.
For each case, the outputs are shown side-by-side for the pretrained baseline and the
CONCORD-se checkpoint (seed 42); both reasoning traces are extracted from the actual
model generations. Across all examples the key observation is the same: the pretrained
model defaults to p = 1.0 (maximum confidence) regardless of whether its answer is correct,
while the CONCORD model produces lower confidence on problems it gets wrong and
retains high confidence on problems it solves correctly.

Case 1 · Same Wrong Answer, Very Different Confidence

Question.

Charlie wants to sell beeswax candles. For every pound of beeswax, he can make 10 tapered
candles. One pound of beeswax and the wicks cost $10.00 in supplies. If he sells each candle
for $2.00, what is his net profit if he makes and sells 20 candles? (Gold answer: $20)

Pretrained CONCORD-se

Reasoning 20 candles need 20/10 = 2 lb of
beeswax, costing 2 × $10 = $20.
Then adds $10 for the wicks: to-
tal cost $20 + $10 = $30. Rev-
enue 20 × $2 = $40. Net profit
$40 − $30 = $10 . . . [Error: double-
counts the wicks — the $10 sup-
ply price already includes them, so
the true cost is $20 and the profit is
$20.]

Identical derivation: 2 lb of
beeswax at $20, an extra $10 for
wicks, $30 total cost, $40 revenue,
profit $40 − $30 = $10 . . . [Same
double-counted wick cost, same
wrong answer.]

Answer $10 × $10 ×
Confidence p = 1.00 p = 0.20

Interpretation. Both models make the same subtle mistake, double-counting the wick
cost, and arrive at the identical wrong answer through near-identical reasoning. The
pretrained model exhibits no awareness of its error and expresses maximum confidence.
The CONCORD-se model, whose confidence reflects the self-consistency of its own
rollouts, correctly reduces its confidence on this error-prone problem. A downstream
system relying on verbalized confidence would correctly flag the CONCORD-se answer
for verification while incorrectly trusting the pretrained model’s wrong answer.
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Case 2 · Correct Answer — Confidence Preserved After RL Training

Question.

A football team played 22 games. They won 8 more than they lost. How many did they win?
(Gold answer: 15)

Pretrained CONCORD-se

Reasoning Let L be the losses; wins W = L+ 8.
Since W + L = 22, (L + 8) + L =
22 ⇒ 2L + 8 = 22 ⇒ L = 7, so
W = 7 + 8 = 15.

Identical derivation: W = L + 8
and W + L = 22 give 2L + 8 = 22,
L = 7, hence W = 15.

Answer 15 15
Confidence p = 1.00 p = 1.00

Interpretation. On a problem they can solve reliably, both models produce identical
reasoning and both correctly express maximum confidence. CONCORD-se training
does not deflate confidence indiscriminately; the finetuned model retains p = 1.0 where
its rollouts agree, showing that the calibration improvement is discriminative rather
than global.

G Usage of LLMs

LLMs were used for grammar correction and controlled paraphrasing of the manuscript
text. All such edits were manually reviewed by the authors.
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