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Abstract

Large language models have demonstrated
strong performance across a wide range of
tasks, yet they remain prone to generating in-
correct information with high confidence. To
mitigate this reliability issue, it is necessary to
properly assess model confidence before an-
swer generation. However, existing methods ei-
ther rely on post-hoc estimation based on gen-
erated tokens or sampling results, or require
additional training based on supervised learn-
ing, which limits their computational efficiency
and generalizability. In this paper, we propose
PReemptive Internal Confidence Estimator
(PRICE), which estimates confidence before
answer generation by leveraging internal sig-
nals of LLMs that can be extracted from a
single forward pass. PRICE combines signals
that capture pattern agreement across attention
heads and the semantic clarity of hidden states.
Through experiments on diverse models and
benchmarks, we show that PRICE achieves com-
petitive performance against classifier-based
methods without requiring additional training.
These results suggest that PRICE can contribute
to improving both the efficiency of LLMs and
their safety in high-risk domains.

1 Introduction

Large Language Models (LLMs) demonstrate ex-
ceptional performance across a wide range of nat-
ural language processing tasks, including ques-
tion answering, summarization, and reasoning, and
are expanding into diverse application domains.
However, despite these performance improvements,
LLMs often exhibit an overconfidence problem,
generating responses with very high confidence
based on incorrect information (OpenAl et al.,
2024; Yang et al.; Geng et al., 2024). This can lead
to critical errors in domains requiring high accu-
racy, such as medical and legal fields (Asgari et al.,
2025; Dahl et al., 2024). Therefore, techniques for
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accurately interpreting and quantifying the confi-
dence that models form regarding input queries
are not merely performance evaluation metrics, but
core components for ensuring safety in determin-
ing whether model responses can be trusted and
utilized.

Research on model uncertainty and confidence
estimation broadly falls into two approaches. First,
post-hoc approaches estimate uncertainty from gen-
erated outputs, such as output distributions or con-
sistency across multiple sampled responses (Jiang
et al., 2021; Fadeeva et al., 2024; Wang et al., 2023;
Lin et al., 2024; Manakul et al., 2023a). However,
they are only applicable after generation, limiting
real time use, and sampling incurs substantial com-
putational overhead due to repeated inference. Sec-
ond, other work trains separate classifiers or prob-
ing models (Azaria and Mitchell, 2023; Binkowski
et al., 2025). While often accurate, these methods
require additional labeled data and training, and
their generalization can degrade under distribution
shift to domains different from training data (Zhang
et al., 2024).

To overcome these limitations, a method is
needed that can estimate confidence before an-
swer generation. Preemptive confidence estimation
can enable adaptive computation, in which com-
putational resources are dynamically adjusted ac-
cording to input difficulty. It can also allow the
model to recognize its own uncertainty in advance,
thereby preventing overconfidence-induced errors
through answer abstention or user warnings. Fi-
nally, depending on the situation, it can selec-
tively apply reasoning strategies such as Chain-of-
Thought (Wei et al., 2022) or Retrieval-Augmented
Generation (Lewis et al., 2020). Therefore, preemp-
tive confidence estimation can be regarded as a key
technique for improving the safety, efficiency, and
reliability of LLMs.

Accordingly, in this
PReemptive Internal

work, we propose
Confidence Estimator
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(PRICE), which estimates confidence before an-
swer generation by leveraging internal signals from
transformer (Vaswani et al., 2017)-based LLMs.
PRICE uses attention and hidden state information
that can be extracted from a single forward pass,
jointly measuring the structural consistency of
information flow between tokens and the clarity of
semantic representations. Specifically, it combines
a consensus signal, which measures agreement
across multi-head attention using Jensen-Shannon
Divergence (JSD) (Lin, 2002), with a salience
signal, which measures semantic clarity based
on the coherence and sparsity of hidden states.
Through experiments on diverse model architec-
tures and benchmarks, we show that PRICE can
effectively estimate uncertainty before answer
generation. We also conduct ablation studies to
verify the complementarity of the consensus signal
and the salience signal, as well as the validity of
our methodological design.

In summary, the contributions of this study are
as follows:

* We empirically analyze internal LLM signals
before answer generation and show that cor-
rect and incorrect predictions exhibit distin-
guishable patterns in attention disagreement,
hidden-state directional consistency, and acti-
vation sparsity.

* We propose PRICE, a training-free preemptive
confidence estimator that integrates attention-
based structural consistency and hidden-state
semantic clarity using only a single forward
pass.

» Through extensive experiments across diverse
models and benchmarks, we demonstrate
that PRICE achieves competitive performance
against supervised probing approaches with-
out requiring additional classifier training, and
provide visual analyses to further interpret the
effectiveness of the proposed method.

2 Related Work

Output-based uncertainty estimation methods
Early studies treated LLMs as black boxes and esti-
mated confidence based on generated text or token
probability distributions. A common approach is to
calculate entropy or perplexity using the probabili-
ties of output tokens (Heo et al., 2025; Penny-Dimri
et al., 2025; Shorinwa et al., 2025). Low entropy

indicates that the model is confident in answer gen-
eration. However, token probabilities often do not
align with actual accuracy rates due to model cali-
bration errors. To address this, methods have been
proposed that perform multiple samplings for the
same input and estimate answer consistency (Kuhn
et al., 2023; Wang et al., 2023; Manakul et al.,
2023b). However, these approaches have the limi-
tation that evaluation is only possible after answer
generation, and high computational costs arise from
repetitive inference processes (Ma et al., 2025).

Supervised analysis of internal representations
Based on the hypothesis that the internal representa-
tions of LLMs encode model knowledge and truth-
fulness, prior studies have investigated the use of at-
tention and hidden states. For example, the entropy
of attention heads has been shown to serve as an im-
portant indicator for predicting answer correctness,
and the properties of hidden states have also been
reported to semantically correspond to model in-
terpretations (Zhang et al., 2025; Cencerrado et al.,
2025). These internal representations have the ad-
vantage that they can be extracted from only a sin-
gle forward pass. In particular, hidden states are
often assumed to directly encode truthfulness or
knowledge, and prior work has focused on train-
ing probes to detect such properties. Azaria and
Mitchell (2023) trained supervised models such as
logistic regression on activations from intermedi-
ate layers, and Snyder et al. (2024) predicted the
likelihood of hallucination using internal signals at
the point of first-token generation. In addition, Ji
et al. (2024a) showed that model uncertainty can be
detected by training probes based on hidden states
before answer generation. Although these methods
achieve strong performance, they require additional
data collection, labeling, and model training costs,
and they may suffer from degraded generalization
performance, especially in out-of-distribution set-
tings.

3 Preliminary Analysis

Before presenting the proposed method, this sec-
tion empirically analyzes how the internal informa-
tion of LLMs varies depending on response con-
fidence. To this end, we compare correct and in-
correct samples, focusing on attention patterns and
hidden state representations. Each instance was
evaluated independently 30 times. For the analysis,
we construct 500 instances that generated correct
answers in all 30 trials and 500 instances that gen-
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Figure 1: Comparison of internal signal characteristics observed for 500 samples each of consistently correct
instances (blue line) and consistently incorrect instances (orange line). (a) Attention pattern dissensus between
heads, (b) directional alignment of hidden states within the focus token span, (c) visualization of the 50 features
with the largest absolute values in hidden states, (d) visualization of the 50 features with the smallest absolute values
in hidden states. Normalized such that the sum of absolute values per feature equals 1, where the red dotted line
indicates uniform distribution. The analysis was conducted on the MMLU benchmark using L1ama-3.1-8B-Instruct.

erated incorrect answers in all 30 trials.

3.1 Extraction of Internal Signals

Attention Let the attention tensor of a trans-
former based LLM be A € R”*T*T for each to-
ken position ¢t € {1,...,T} in the input sequence
and head h € {1,..., H}. At each position ¢, the
mixture distribution averaged over heads is defined

as
H
1
m; = *E Ant
H I
h=1

Since aj; := Aylt,:] is a vector that has passed
through softmax, each component is non negative
and sums to 1, which can be interpreted as a proba-
bility distribution.

Hidden states According to prior research, due
to the autoregressive nature of LL.Ms, the causal
masking structure tends to aggregate information
from the entire input in the latter part of the se-
quence, particularly in the last token (Chen et al.,
2024; Azaria and Mitchell, 2023). However, ana-
lyzing only the hidden state of a single token risks
being sensitive to noise or outliers at that position,
so this study comprehensively analyzes the latter
region. We denote the hidden state for each token
in the input sequence as h; € R?, and define the fo-
cus token span of the last &k tokens in the sequence
aslp={T—-k+1,....,T}, 1<k<T-1

3.2 Consistency of Attention Patterns

Jensen Shannon divergence To quantify how
consistently each head in multi head attention at-
tends to each token of the query, we measure using

JSD.

H

1
ISDy = H(my) — = > H(an,),
h=1

ey

where H(-) is the Shannon entropy. A lower JSD;
value indicates more similar patterns.

Observation Figure 1(a) shows the variation of
JSD according to token position. Consistently cor-
rect instances generally exhibit low JSD, showing
a tendency for different heads to attend to simi-
lar key tokens. In contrast, consistently incorrect
instances show high JSD. This suggests that the in-
ternal evidence formation process in the model for
consistently incorrect instance inputs is expressed
as an unstable pattern across heads.

3.3 Geometry and Sparsity of Hidden States

Directional alignment of hidden states To ex-
amine how much hidden states within the focus re-
gion align in a single direction, we define the mean
direction vector as follows: h = % Y ote I h;. We
calculate the cosine similarity between the com-
puted mean direction vector h and each token’s
hidden state h;. As can be seen in Figure 1(b), con-
sistently correct instances generally show higher
similarity. The sharp drop at the end is interpreted
as a boundary effect that occurs as the eos token
takes on a functional role of concluding the sen-
tence (Clark et al., 2019).

Contrastive feature activation To examine the
distribution of each feature within hidden states, we
normalize the hidden state hy = (hy 1, , hyq) €
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R? into an absolute value based probability distri-
bution as in Eq. 2.

1

Pt = 7(|ht,1 PR 7‘h’t,d|) S Rdv (2)
([ |1

where ||h;||; denotes the L1 norm. Figure 1(c) and
(d) compare the top 50 and bottom 50 activation
values of each feature, respectively. Consistently
correct instances show larger values in top features
and lower activation values in bottom features. This
means they reduce unnecessary noise and empha-
size important features more. In contrast, consis-
tently incorrect instances show a weaker tendency
in this regard.

3.4 Discussion

In consistently correct instances, multiple heads
show distribution patterns that attend to similar to-
kens, hidden states within the focus region are rel-
atively more aligned with the mean direction, and
the activation distribution of each feature within
hidden states tends to be sparse. These observations
suggest that the internal signals of the model can
be structurally related to the confidence of correct
answers. In the next section, we design a preemp-
tive confidence measurement method by combining
these signals.

4 PRICE

4.1 Overview of PRICE

As illustrated in Figure 2, PRICE integrates two
complementary signals: a consensus signal (Scon)
that measures agreement across attention heads,
and a salience signal (Sg,1) that measures semantic
clarity from hidden states through coherence and
sparsity. The overall confidence score is defined as
follows:

Serice = @ - Scon + (1 — @) - Sga1, 3)

where a € [0, 1] controls the relative contribution
of the two signals. The two signals capture comple-
mentary aspects of model confidence. High atten-
tion agreement alone does not necessarily indicate
reliable internal representations, while strong fea-
ture activation without cross-head agreement may
still reflect unstable reasoning. Therefore, PRICE
assigns high confidence only when both consensus
and salience are jointly satisfied.

4.2 S.on: Consensus Signal

We calculate the degree of dissensus JSD; of atten-
tion patterns across heads defined in Eq. (1) as an
average over all tokens: JSD,) = % ZtT:1 JSD;.
Since the JSD for H distributions lies in the range
0<JSDy <logH ! we normalize it by dividing
by log H so that the value ranges between 0 and 1.
We then define the consensus signal as in Eq. (4),
where values closer to 1 indicate higher agreement:

JSDan

log H '
This definition is not simply a heuristic of simi-
larity/distance, but is precisely interpreted as the
mutual information between head identity and ob-
served key tokens. We prove this through Proposi-
tion 2 in Appendix F. Additionally, while Eq. (4)
treats all heads equally, a method for weighting
heads individually is described in Appendix G.

Scon =1-

“)

4.3 Sga1: Salience Signal

Scon Measures agreement across attention heads,
but does not directly guarantee the informativeness
of attention itself (Jain and Wallace, 2019). For
example, if all heads output attention distributions
close to uniform, JSD; ~ 0 can still produce a
high S.o, value, despite the absence of informative
evidence.

To complement this limitation, we aim to quan-
tify and use whether sparse patterns are shown in
the most important segment for correct answer gen-
eration from hidden states. Therefore, in this study,
we interpret the consensus signal as an internal
instability signal, but complement such cases by
subsequently combining it with the salience signal.

Coherence The normalized directional coher-
ence within the focus token span is as follows:

12 cer, Bell2
==
T Yer, Ihell2

If vectors point in similar directions, the activation
value for each feature of the sum vector will be
large, and if they point in different directions, it
will be small. Therefore, the value of C7, is propor-
tional to the degree of directional alignment of the
vectors. Using the formula for Cr,, the norm of the
mean vector of hidden states can be calculated as
follows:

_ 1
Il = > hella = Cr, - z > el

tEIf tEIf

'See Proposition 1 in Appendix F.
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Figure 2: Overview of the PRICE framework for estimating preemptive confidence. (a) Consensus signal is calculated
by measuring agreement across heads in multi head attention. Consistently correct instances focus on similar tokens
across heads. In contrast, consistently incorrect instances tend to attend to disparate tokens. (b) Salience signal is
calculated by measuring coherence and sparsity from hidden states in the focus token span. Consistently correct
instances show high directional alignment and sparse activation values. Conversely, consistently incorrect instances
show low directional alignment and lack sparse patterns. The final confidence is estimated by a weighted sum of the

two signals.

That s, ||h||2 is a signal that reflects both the degree
of alignment in one direction (Cy ) and the average
activation (1 >°,c I ||h||2) of token hidden states
within the focus token span. Based on this, we use
it as the final coherence measurement as:

Coherence = ¢(||hl2/7), 3)

where the monotonic increasing function ¢ : R —
[0, 1] is a function that normalizes coherence and 7
is a temperature.

Sparsity To measure sparsity, we compute the de-
viation from the uniform distribution (é, SR %) €
R? using the probability distribution p; =

(pt.1,- -+, pta) defined in Eq. (2):

1 < 1
PN

j=1

G(pt) = ) (6)

where G(p¢) is inspired by the Gini coeffi-
cient (Hurley and Rickard, 2009). The factor 2(1 —
1) normalizes the value to have a maximum of 1,
which is achieved when p; is maximally sparse,
i.e., one dimension is 1 and all others are 0. We
compute Eq. (6) for all hidden states within the
focus token span, and use the average value as the

final sparsity measurement.

Salience signal Using the previously measured
indicators, we define and use the salience signal as
follows:

Ssa1 = Coherence x Sparsity.

This is combined in multiplicative form to give a
high score only when both coherence and sparsity
conditions are simultaneously strong.

5 Experimental Settings

5.1 Models

We used three LLM models with different struc-
tures and training characteristics. Specifically,
we selected Mistral-7B-v@.3-Instruct (Jiang
et al., 2023), Qwen2.5-7B-Instruct (Qwen et al.,
2025), and Llama-3.1-8B-Instruct (Grattafiori
et al., 2024). All experiments were conducted on
eight NVIDIA RTX3090 GPUs. Detailed informa-
tion of each models are provided in Appendix B

5.2 Datasets

We used five publicly available benchmark datasets
spanning diverse domains and difficulty lev-
els: Massive Multitask Language Understanding
(MMLU) (Hendrycks et al., 2021), Big Bench Hard
(BBH) (Suzgun et al., 2022), GPQA (Rein et al.,
2023), AI2 Reasoning Challenge (ARC-C) (Clark
et al.,, 2018), and Grade School Math 8K
(GSM8K) (Cobbe et al., 2021). We use greedy decod-
ing when each model solves the problems in each
benchmark. Detailed statistics for each datasets are
provided in Appendix B.

5.3 Baselines

We compare four training-free pre-generation,
three training-free post-generation baselines and
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two supervised baselines. Through these compar-
isons, we evaluate PRICE from three perspectives:
its performance under the same pre-generation con-
straints, its competitiveness against post-generation
methods that have access to more information, and
its effectiveness relative to probes that require ad-
ditional training. Detailed settings for the baselines
are provided in Appendix A.

Pre-generation baselines We use: (i) a prompt-
based self-reported confidence baseline (averaged
over three runs), (ii) a perplexity-based baseline
computed from the conditional likelihood of the
problem text, and internal-representation baselines,
(iii) Hidden Score and (iv) Attention Score (Sri-
ramanan et al., 2024). Hidden Score summarizes
hidden-state activation and distribution characteris-
tics, while Attention Score measures the stabil-
ity of attention patterns across heads.

Post-generation baselines We use: (i) P(True)
first generates an answer and then asks the model
to estimate the probability that the generated an-
swer is correct. (ii) GreedyTokenProb (Jiang et al.,
2021) uses the average probability of the answer
tokens produced by greedy decoding as the confi-
dence score. (iii) EigenScore (Chen et al., 2024)
estimates uncertainty from the hidden state geome-
try of multiple sampled responses.

Supervised probes We include two probes. (i)
Probel: we train a multi-layer perceptron based
classifier using the hidden state of the final input to-
ken as input, and use the classifier’s predicted prob-
ability of correctness as the confidence score (Ji
et al., 2024b). (ii) Probe2: We train a linear probe
that takes as input a mean-pooled representation of
the input hidden states (Liu et al., 2024).

5.4 Evaluation Metrics

We evaluate confidence estimation perfor-
mance using smooth expected calibration error
(smECE) (Blasiok and Nakkiran, 2024) and the
Brier score (Glenn et al., 1950). smECE measures
the discrepancy between predicted confidence
and conditional correctness rates using kernel
smoothing instead of discrete binning. Specifically,
given confidence scores s; € [0, 1] and correctness
labels y; € {0,1} for n samples, smECE at
smoothing scale o can be written as

1
smECE, = /
0

1 n
E Z Kcr(t> 5@)(yl - Si) dt7
i=1

where K, denotes the reflected Gaussian ker-
nel. Following Blasiok and Nakkiran (2024), the
smoothing scale is selected as the unique fixed
point o* satisfying smECE,+« = ¢*, and the re-
sulting value is reported as smECE. Unlike con-
ventional ECE (Guo et al., 2017), which is sen-
sitive to the number of bins, smECE provides a
smoother and more stable estimation of calibration
error. While smECE evaluates the overall align-
ment between confidence and accuracy, the Brier
score measures confidence quality at the individual
sample level by jointly penalizing overconfident
incorrect predictions and underconfident correct
predictions.

5.5 Implementation Details

Both attention and hidden states are extracted from
the last layer of the LLM. For the Coherence (Eq. 5)
of salience signal, we apply the tanh function for
normalization function ¢, set temperature 7 = 30,
and define the focus token span as the last 30% of
the input sequence.

Weight of PRICE PRICE combines S¢,, and
Ssa1 through a weighted sum parameterized by
a. Rather than performing hyperparameter tuning,
we estimate o by minimizing the Brier score on a
training split. Specifically, given n samples, a* is
obtained by solving:

* 1 . 2
a = argollnmn ;(SPRICE Yi)~

This optimization admits the following closed-form
solution:

o = Zznzl(scon,i - Ssal,i)(yi - Ssal,i) (7)

E?zl(scon,i - Ssal,i)2 ’

See Proposition 4 in Appendix F for the derivation.
The resulting o* is the finite-sample counterpart
of the population-optimal solution. In addition to
minimizing the Brier score, it also helps minimize
an upper bound on smECE.? For fairness, we com-
pare PRICE in two different settings. When com-
paring against training-free baselines, we fix « in
PRICE to 0.5. In contrast, when comparing against
supervised probe baselines, we use o* computed
by Eq. (7). To estimate the distributions of Scoy
and Sga1, we split each dataset into 80% training
and 20% test sets, compute o* on the training set,
and evaluate PRICE with the resulting o* on the
test set.

%See Proposition 3 and Lemma 1 in Appendix F.
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Table 1: Confidence estimation performance of PRICE with a fixed weight of 0.5 and training-free pre-generation
baselines across three LLMs and five datasets. Lower smECE and Brier score indicate better performance. The best
performance is marked in bold, and the second-best performance is underlined. PRICE achieves the best performance

in most cases.

Model Method MMLU BBH GPQA ARC-C GSM8K
smECE | Brier] smECE| Brier/ smECE] Brier] smECE] Brier] smECE| Brier|
Prompt 0.3689  0.3255  0.3088  0.3357 04111 03988 0.2989 03041 03201  0.3556
Perplexity 0.2655  0.3303  0.5579  0.5520 0.5303 0.5052 0.0846 0.1796 04115 0.5163
Mistral7B Hidden Score 0.1001  0.2478  0.1028  0.2389  0.3460 0.3547 0.0988  0.1829  0.1315  0.2972
Attention Score  0.1017  0.2608  0.1829  0.2720 04018 0.3959  0.1767 0.2097 0.0764  0.2511
PRICE (o = 0.5) 0.0592  0.2295  0.0402 0.1989 0.1566 0.2555 0.1399  0.1901  0.0633  0.2348
Prompt 0.1958 02296  0.1913  0.2196  0.3628  0.3508  0.2115 0.2443  0.4189  0.4336
Perplexity 0.1784  0.2434 04717 04722  0.5315 0.5111  0.1259  0.1114  0.4255  0.5092
Qwen7B Hidden Score 0.0864 0.2165 0.0875 0.2523  0.3122  0.3391 0.2226  0.1510 0.1515  0.2709
Attention Score  0.0983  0.2126  0.0542 0.2452 0.2674 03114 02293 0.1571  0.1043  0.2161
PRICE (o = 0.5) 0.0531 0.1653  0.0588  0.2188  0.1292 0.2696 0.1203 0.1659  0.1038  0.2296
Prompt 0.1798  0.1969  0.2548  0.3099 0.4518 0.4885 0.1295 0.1573  0.4259  0.3933
Perplexity 02272 0.2914  0.5211  0.5199  0.5620  0.5310 0.1329  0.1665 0.2902  0.3119
L1ama8B Hidden Score 0.0610  0.2256  0.1658  0.2642  0.3719  0.3746  0.0887  0.1574  0.1077  0.2987
Attention Score  0.0792  0.2405 0.1743  0.2697 0.2819  0.3248 0.0731  0.1558  0.0823  0.2621
PRICE (a = 0.5) 0.0603  0.1953 0.0591 0.2139 0.1596 0.2563 0.0709  0.1399 0.0783  0.2452

Mistral7B Qwen7B Llama8B

>

3 Greedy Token Prob

59‘9&

[ P(True)

» <
W S

Lol Mo LA b

(;1\%* "\‘1\\,\) P?S‘ < 9&’\%%\

PRICE (a=0.5)

3 ©

[ EigenScore

Figure 3: Confidence estimation performance of PRICE with a fixed weight of 0.5 and training-free post-generation
baselines across three LLMs and five datasets. Despite operating under the constrained setting where no answer
is generated, PRICE achieves the lowest smECE across many settings, even when compared with baselines that

leverage generated answers.

6 Experimental Results

6.1 Comparison with Pre-generation Methods

Table 1 compares the confidence estimation per-
formance of PRICE with pre-generation methods
across three LLMs and five benchmark datasets.
For a fair comparison with these training-free base-
lines, the weight of PRICE is fixed to 0.5. Over-
all, PRICE achieves the best performance in most
settings, consistently obtaining lower smECE and
Brier scores than the baselines. These results sug-
gest that PRICE effectively captures model uncer-
tainty before answer generation. Prompt based
self-reported confidence generally exhibits high
smECE and Brier scores, supporting prior find-
ings (Tian et al., 2023; Groot and Valdenegro Toro,
2024) that LLMs tend to be overconfident when
expressing confidence in natural language. The

perplexity based method shows moderate per-
formance on ARC-C, but its performance degrades
substantially on more challenging datasets such
as GPQA. Hidden Score and Attention Score,
which rely on single internal signals, outperform
prompt- and perplexity-based methods in sev-
eral cases, but show relatively high variance across
models and datasets. In conclusion, the results indi-
cate that the two complementary signals in PRICE
capture distinct aspects of uncertainty and jointly
improve confidence estimation performance be-
yond single-signal approaches.

6.2 Comparison with Post-generation
Methods

Figure 3 compares the performance of training-
free, post-generation baselines with PRICE, with «
fixed at 0.5. Despite operating in the more restric-
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Figure 4: Confidence estimation performance of PRICE with o* and training-based probes across three LLMs and
five datasets. Although probes generally show strong performance, PRICE also achieves competitive performance

without requiring separate classifier training.

tive pre-generation setting, PRICE demonstrates
competitive calibration performance across most
model-benchmark combinations. In particular, for
Mistral and Llama, PRICE achieves the lowest
smECE on most benchmarks. For Qwen, Eigen-
Score performs better on several benchmarks, indi-
cating that post-generation methods can also be ef-
fective when repeated answer sampling is allowed.
Unlike these methods, however, PRICE can esti-
mate confidence before answer generation, allow-
ing it to directly inform pre-generation decisions
such as whether to retrieve external information or
which reasoning strategy to employ.

PRICE also offers an advantage in computational
efficiency. Its computation time is only 0.9~1.1
times the time required to generate the first output
token, whereas EigenScore, in particular, requires
approximately 9.5 times more computation time
than PRICE. These results demonstrate that PRICE
provides competitive confidence estimation in the
pre-generation setting while incurring only modest
additional computational cost.

6.3 Comparison with Supervised Probes

In this section, we compare the performance of
PRICE using a* computed by Eq. (7) with that
of training-based probes. As shown in Figure 4,
training-based probes generally achieve strong
performance because they directly learn decision
boundaries from labeled representations. In con-
trast, PRICE maintains competitive performance
against supervised probes without requiring sep-
arate classifier training, and even outperforms them
in some settings. This suggests that the internal rep-
resentations of LLMs contain sufficiently reliable
confidence information even without additional su-
pervised learning. We further confirm that estimat-
ing o* does not require a large amount of data. Em-
pirically, stable performance can be obtained using
only 20% of the full dataset. Additional results are
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Figure 5: Binned heatmap of the consensus signal and
salience signal. Each cell represents the mean correct
rate of samples within a 30 x 30 bin. Cells containing
fewer than five samples are not displayed.

presented in Figure 9 in Appendix C.

7 Ablation Studies

7.1 Complementarity of S.., and Sga1

Figure 5 shows a binned accuracy heatmap ana-
lyzing the relationship between Scon and Sga1. We
divide the samples into 30 bins and compute the
mean correct rate within each bin. The Pearson cor-
relation coefficient between the two signals is 0.13,
suggesting that they measure confidence from rela-
tively independent perspectives and provide com-
plementary information. In particular, many bins
with low correct rates are observed in the fourth
quadrant (high Scopn, low Sga1), whereas bins with
relatively high correct rates appear in the second
quadrant (Iow S¢on, high Sga1). This asymmetric
pattern indicates that relying on a single signal
alone is insufficient for stable confidence estima-
tion.
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Figure 6: Changes in smECE of PRICE according to the
layer index. Representations are extracted from the 50%
point of all layers to the final layer for evaluation. Across
all three models, smECE tends to decrease toward later
layers.

7.2 Effect of the Extraction Layer

Each layer of a Transformer is known to encode dif-
ferent levels of information (Jawahar et al., 2019).
Accordingly, we compare confidence estimation
performance by extracting attention and hidden
states from intermediate layers to the final layer.
Figure 6 shows the results on the BBH dataset.
Across all three models, smECE tends to decrease
toward later layers, suggesting that confidence-
related information becomes more clearly formed
in deeper layers. In particular, all models achieve
the lowest smECE at the final layer. These results
support our design choice of using the final layer
for computing PRICE. Results on the full bench-
mark suite are provided in Table 5 in Appendix C.

7.3 Sensitivity to o

In this section, we compare the theoretically op-
timal value o* computed by Eq. (7) with the em-
pirically obtained «. First, we vary the weight «
used to compute PRICE from O to 1 with a step size
of 0.05 and compute sSmECE for the three models.
As shown in Figure 7, the o that empirically mini-
mizes smECE for each model is very close to the
theoretical optimum indicated by the dotted line.
This indicates that Eq. (7) can effectively estimate
the optimal weight while reflecting model-specific
characteristics. Overall, the proposed method can
effectively estimate the optimal hyperparameter
without requiring costly search procedures such as
grid search.

8 Conclusion

In this study, we proposed PRICE, a framework for
estimating query level confidence before LLMs
generate answers. PRICE integrates two comple-
mentary signals: the structural consensus of at-
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Figure 7: Performance analysis according to the weight
« value of PRICE. smECE were measured by varying o
from O to 1 at 0.05 intervals. The dotted line represents
the theoretical optimal « value calculated from Eq. (7).

tention patterns and the semantic clarity of hid-
den states. Through extensive experiments across
diverse benchmarks and models, PRICE demon-
strated superior performance by achieving lower
smECE and Brier scroes than existing methods.
Furthermore, PRICE mitigates the computational
overhead of post-hoc approaches and the gener-
alization limitations of supervised learning-based
methods, while enabling both efficiency and safety
in LLM systems. These results suggest that the in-
ternal representations of LLMs contain sufficiently
informative signals for preemptive confidence esti-
mation. Overall, this study demonstrates that effec-
tive uncertainty estimation is possible using only
internal LLM signals, and highlights their potential
for building safer and more efficient LLM systems.

Limitations

This study has several limitations. First, PRICE re-
quires direct access to the model’s weights and
internal representations. While it can be applied to
open source models such as L1ama and Mistral, it
cannot be applied to closed source models provided
in API form. Second, the purpose of PRICE is to
estimate confidence, not to guarantee correctness.
If the model has bias or receives adversarial input,
it can lead to an incorrect answer even if the inter-
nal signal appears favorable. Third, while PRICE
can warn of low confidence by capturing the phe-
nomenon of unstable internal signals in the model,
it is difficult to specifically identify the reason for
low confidence. For example, it is difficult to dis-
tinguish whether low confidence is due to the ab-
sence of training data or the ambiguity of the input
prompt. Fourth, the optimal mixing coefficient o*
is not universally transferable across datasets and
models. Although our cross-dataset experiments
show that an « estimated on one dataset can main-
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tain comparable calibration performance in some
settings, transfer performance varies depending on
the source dataset and model. Therefore, target-
specific estimation of o may still be beneficial in
some deployment scenarios.
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A Baseline Details

A.1 Pre-generation Methods

Prompt We input the following prompt to the
LLM to make it output its own confidence.

Prompt

Given the following question, estimate
the probability that you would answer
it correctly. Do not answer the
question. Return only a single real
number between © and 1, where 0
means completely uncertain and 1 means
completely confident.

Question: {question}

Confidence:

The temperature of the LLM is set to 0.7. We
repeat this procedure three times and record the
average value.

Perplexity Perplexity is a method for measur-
ing confidence based on how familiar and pre-
dictable an input text is to the LLM. It is computed
from the conditional likelihood that the model as-
signs to the input question text. Let x denote the
input question text and 71" the number of tokens.
Then perplexity is defined as follows:

T
Z og p(zt|T<t) }

The underlying assumptions of the perplexity base-
line are as follows: (i) Low perplexity: the model
finds the input text familiar, and therefore its con-
fidence on the corresponding question is expected
to be high. (ii) High perplexity: the model finds the
input text unfamiliar, and therefore its confidence
on the corresponding question is expected to be
low. However, perplexity is generally closer to a
measure of the linguistic naturalness of the input
sentence or its similarity to the model’s pretrain-
ing distribution. Thus, it is not a direct indicator of
whether the model can actually solve the problem.
Nevertheless, prior work has shown that perplexity
correlates with downstream task performance (Go-
nen et al., 2023). Motivated by this observation,
we evaluate a perplexity that estimates confidence
from the conditional likelihood of the input prob-
lem text.

H \

PPL(x) = exp{

Hidden score (Sriramanan et al., 2024) Let
H € R™T denote the hidden representation of

the input prompt = at the last layer of the LLM,
where d is the hidden dimension and 7" is the num-
ber of tokens. To capture the interactions between
token-level hidden representations, we compute the
following matrix:

Y2-—H'H

We then compute the log-determinant of this ma-
trix:

log det(X

logHa = QZlogal

where o; denotes the singular values of H. To re-
duce the dependence on the input prompt length 7',
we take the average and define the resulting value
as the Hidden Score:

HiddenScore =

o T
T Z log o;
i=1

Attention score (Sriramanan et al., 2024) Let
a denote the number of attention heads in the last
layer of the LLM and 7' the number of tokens. Then
the attention map is a tensor of shape a x 17" x T.
Let Ker; € RT*T denote the attention kernel of
each attention head . In standard transformer self-
attention, this kernel is computed as follows:

T
Ker(Q,K) = Softmax(%)

Vi

Due to the causal mask in LLMs, the current token
cannot attend to future tokens, and therefore the
attention kernel takes the form of a lower triangular
matrix. Such a matrix has the property that its eigen-
values are identical to its diagonal elements. Con-
sequently, the log-determinant of Ker; can be com-
puted directly without resorting to singular value
decomposition or eigen decomposition:

Z log Ker

log det(Ker;) =

where Ker{j represents the (j, j) diagonal element
of the square matrix Ker;. We compute the mean
log-determinant for each head, and define the value
aggregated across heads as the Attention Score.

A.2 Post-generation Methods

P(True) (Kadavath et al., 2022) P(True) is a
self-evaluation method that estimates confidence
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after an answer has been generated. Given an input
question x, we first generate an answer Y using
the LLM. The model is then presented with both
the original question and its generated answer and
asked to determine whether the proposed answer
is true or false. Specifically, we use the following
format:

P(True)

Question: {question}

Proposed Answer: {generated answer}
Is the proposed answer:

(A) True

(B) False

The proposed answer 1is:

Following Kadavath et al. (2022), we compute
the probability assigned to the True option relative
to the two candidate options:

p(True | z,Y)

P(True) = - —.
p(True | z,Y) + p(False | z,Y)

We use P(True) as the confidence score of the
generated answer. Unlike pre-generation methods,
this baseline requires the model to first generate an
answer and subsequently evaluate the correctness
of its own output.

GreedyTokenProb (Jiang et al, 2021)
Likelihood-based confidence estimation uses the
probability assigned by the language model to its
generated answer as an indicator of confidence.
LetY = ({1, ...,9r) denote an answer generated
through greedy decoding, where each token is
selected as
g = arglymaxp(y | 2, <)

Since the joint probability of a sequence depends
strongly on its length, we use the average token
probability of the greedily generated answer as a
length-normalized confidence score:

T
1 N .
GreedyTokenProb = T ;p(yt | 2, §<t)-

A higher score indicates that the model assigns
higher probability to the tokens comprising its gen-
erated answer and is therefore interpreted as higher
confidence. This method requires only a single an-
swer generation, but, unlike PRICE, its confidence
can only be computed after the autoregressive de-
coding process has been completed.

EigenScore (Chen et al., 2024) EigenScore es-
timates uncertainty from the semantic consistency
of multiple responses generated for the same input.
Following the original setting, we sample K = 10
responses for each question with temperature 0.5,
top-p = 0.99, and top-k = 5. For each generated
response, the hidden state of its last token from the
middle layer is used as its sentence representation.
Let z; € R denote the sentence representation of
the ¢-th generated response and
Z =[z1,2,...,25] € R™E,

The covariance matrix capturing the relationships
among the generated responses is computed as

1
>=27"J,Z, Ji=1,— g1d1dT.

EigenScore is then defined as the normalized log-
determinant of the regularized covariance matrix:

1
EigenScore = 7 log det(X + eIk)
| K
=% Z log A;
i=1

where \; denotes an eigenvalue of the regular-
ized covariance matrix and € = 0.001 is the reg-
ularization constant. When the model generates
semantically similar responses, the sentence repre-
sentations are highly correlated and EigenScore
tends to be low. In contrast, semantically diverse
responses yield a larger EigenScore, indicating
greater uncertainty. Therefore, EigenScore mea-
sures uncertainty by exploiting semantic variation
across multiple sampled generations rather than
relying on the confidence of a single response.

A.3 Supervised Probes

Probe1l (Jietal., 2024b) We extract the hidden
state hr of the last token 7 from the input prompt
x = (z1,---,zr) at the last layer of the LLM.
This is used to train a multi-layer perceptron (MLP)
based classifier, for which we adopt the Llama
MLP architecture. The classifier takes hp as in-
put and predicts whether the answer is correct. We
use the probability value output by this classifier as
the confidence, that is,

Confidence = P(y =1 | hr)
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Table 2: Dataset information for the five benchmarks used in this study. Count denotes the number of questions used
in the experiments, and Source indicates the repository link from which each dataset can be downloaded.

Dataset Count  Source

MMLU (Hendrycks et al., 2021) 14042  https://huggingface.co/datasets/cais/mmlu

BBH (Suzgun et al., 2022) 6511  https://huggingface.co/datasets/maveriq/bigbenchhard
GPQA (Rein et al., 2023) 197  https://huggingface.co/datasets/Idavidrein/gpqa
ARC-C (Clark et al., 2018) 1172 https://huggingface.co/datasets/allenai/ai2:arc

GSM8K (Cobbe et al., 2021) 1319  https://huggingface.co/datasets/openai/gsm8k

Table 3: Model information for the three LLMs evaluated in this study. Hidden Dimension denotes the dimensionality
of the hidden representations, Number of Layers denotes the number of models layers, and Source indicates the

repository link from which each model can be accessed.

Number of Layers

Source

Model Hidden Dimension

Mistral-7B-Instruct-v@.3 4096 32
Qwen2.5-7B-Instruct 3584 28
Llama-3.1-8B-Instruct 4096 32

https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct

Probe2 (Liu et al., 2024) From the final layer of
the LLM, we extract the hidden state h; of each
token x; from the input prompt x = (z1,--- ,z7),
and then apply mean pooling to obtain a single

vector.
1 T
1=

We train a classifier that takes z as input to a linear
probe and predicts whether the answer is correct or
incorrect. The probability output by this classifier
is used as the confidence score. That is,

Confidence = sigmoid(w ' z + b)

B Dataset and Model Information

In this section, we provide detailed information
about the benchmark datasets and language models
used in this paper. Table 2 reports the number of
questions and sources for each benchmark used in
our experiments. The benchmarks cover diverse
task types and difficulty levels, including common-
sense reasoning, science question answering, and
mathematical reasoning. This allows us to evaluate
confidence estimation performance under different
data scales and difficulty conditions.

Table 3 summarizes the model information for
the three LLMs evaluated in our experiments. We
report the hidden dimension and the number of
models layers for each model, since PRICE esti-
mates confidence using internal representations ex-
tracted from hidden states and attention patterns.

Table 4: Problem-solving accuracy (%) of each LLM on
the five benchmark datasets. Accuracy is evaluated using
a single greedy-decoding answer for each question.

Model MMLU  BBH  GPQA ARC-C GSM8K
Mistral7B 57.24 41.24 30.81 78.67 48.37
Qwen7B 71.10 52.13 31.82 90.78 84.00
Llama8B  64.93 4577 31.82 8251 55.19

The table also provides the source repository for
each model to ensure reproducibility. All models
are evaluated under the same experimental setting:
for each question, we compute correctness based
on the answer obtained from a single greedy de-
coding run. All benchmarks are evaluated under
a 5-shot setting, and the GSM8K benchmark uses
Chain-of-Thought prompting.

We conducted our experiments using
transformers version 5.2.0 and torch version
2.10.0.

C Additional Ablation and Sensitivity
Analysis

C.1 Effect of Focus Token Span Length

We analyzed the impact of focus token span length
on performance when calculating Ssa1. Experi-
ments were conducted by varying the ratio of latter
part tokens relative to the entire sequence to 0.1,
0.3 (proposed), 0.5, and 1.0, with results shown
in Figure 8. For benchmarks like MMLU (left chart),
the lowest smECE was recorded when set to 0.3,
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Table 5: Layer-wise ablation results of PRICE. We extract attention and hidden states from layers ranging from the
50% depth point to the final layer, and compare SmECE and Brier scores. In the Layer column, the value before the
parentheses denotes the relative layer position, while the number in parentheses indicates the actual layer index of
the model. The best result for each model-dataset pair is marked in bold.

MMLU BBH GPQA ARC-C GSM8K
Model Layer . . . . .
smECE | Brier| smECE] Brier] smECE] Brier] smECE| Brier|/ smECE| Brier|
0.5(16) 0.0540 02478 0.0611 0.2365 0.1386  0.2594 0.1638  0.2522  0.0449  0.2428
0.6(20) 0.0535 0.2492 0.0538 0.2341  0.1227 0.2639  0.1528 0.2404 0.0354  0.2158
Mistral7B 0.7(23) 0.0502 02446 0.0395 02281 0.1459 0.2536  0.1317 0.2392  0.0388  0.2201
0.8(26) 0.0372 0.2448 0.0873  0.2295 0.1493  0.2660 0.1546  0.2271  0.0315  0.2139
0929 0.0366 02461 0.0269 0.2470 0.1501 0.2625 0.1212  0.1994 0.0310 0.2121
last (32) 0.0371  0.2399  0.0234 0.2238 0.1139 0.2534  0.1195 02019  0.0261  0.2020
0.5(14) 0.0899 02218 0.0430 0.2460 0.1280 0.2743  0.1687 0.2152  0.1331  0.2253
0.6(17)  0.0823  0.2209 0.0671  0.2343  0.1680  0.2847 0.1621  0.1925 0.1111  0.2076
Qwen7B 0.7(20) 0.0725 02075 0.0826  0.2388  0.2208  0.3079  0.1401  0.1893  0.1053  0.2011
0.8(23) 0.0702 02073 0.0719 0.2365 0.1476  0.2776  0.1296  0.1847 0.0879  0.1905
09(26) 0.078 02147 0.0351 02367 0.1107 0.2523 0.1185 0.1937 0.0795  0.1899
last (28)  0.0531  0.2053 0.0316 0.2326 0.0946 0.2316 0.0991 0.1917 0.0755  0.1888
0.5(16) 0.0745 02249 0.0616 0.2354 0.1702  0.2559  0.1225 0.2260  0.1259  0.2959
0.6(20) 0.0628 0.2308 0.0543 0.2349 0.1672 0.2726  0.1189  0.2218 0.1152  0.2899
L Lamagk 0.7(23) 0.0425 02247 0.0582 0.2348  0.1590 0.2579  0.1025 0.1908 0.1089  0.2890
0.8(26) 0.0332 02260 0.0532 0.2352 0.1515 0.2568 0.0888 0.1934  0.0695 0.2631
0929 00260 02202 0.0466 0.2453  0.1413  0.2501  0.0759 0.1766  0.0545  0.2582
last (32)  0.0257 0.2184 0.0339 0.2341 0.1272  0.2473  0.0428  0.1476  0.0538  0.2510
L GPQA C.2 Layer-wise Ablation Results
| iy = e

—— Llama

—e— Llama

'\/

0.1

0 0.1

03 0.5 1 0.3 0.5 1.0
Focus Token Span Length Focus Token Span Length

Figure 8: Performance analysis according to focus token
span length. The z-axis represents the ratio of how much
of the latter part of the input sequence to view. For MMLU,
0.3 shows the lowest error, but for high difficulty tasks
like GPQA, a wider region (0.5) tends to be advantageous.

the default setting of PRICE. A narrow region (0.1)
is vulnerable to local noise, and the entire region
(1.0) dilutes the confidence signal as unnecessary
contextual information is mixed in. On the other
hand, for the GPQA dataset (right chart), which re-
quires graduate level high difficulty reasoning, a
tendency emerged where viewing a slightly wider
range (0.5) showed better performance. This can
be interpreted as the model going through a more
complex reasoning process to reach conclusions for
higher difficulty problems, with clues distributed
over a wider range.

Table 5 reports additional layer-wise smECE and
Brier score results across all benchmark datasets.
We compute PRICE using attention and hidden
states extracted from different layers, ranging from
the middle layers to the final layer of each model.
In this experiment, we use a*, where the weight «
is computed using Eq. (7).

C.3 Split Ratio Ablation

When computing PRICE in Figure 4, we use the
weight o* computed by Eq. (7) using 80% of the
dataset. In practical deployment scenarios, it is
more efficient if the amount of data required to
compute o is small. We empirically confirm that
«o* can achieve sufficient performance even with
substantially less data than the 80% ratio used in
the main experiments, and that using as little as
20% of the data is sufficient. We vary the pro-
portion of training data as 10%, 20%, 50%, and
80%, where 80% corresponds to the setting used in
the main experiments, and compare the resulting
smECE values. The results are shown in Figure 9.
When only 10% of the data is used, performance
becomes somewhat unstable. This instability is par-
ticularly pronounced for GPQA, which has a rela-
tively small number of samples. However, when
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Figure 9: Changes in smECE according to the proportion of training data used to compute a* using Eq. (7). In the
ratio m : n, m denotes the proportion of the training dataset. Overall, using only 20% of the training data yields
smECE values comparable to those obtained using 50% or 80% of the training data.

Table 6: Robustness of PRICE to the decoding strategy on MMLU. Greedy denotes the decoding configuration used in
the main experiments, while Stochastic denotes decoding with a temperature of 0.7. Stochastic results are reported
as the mean and standard deviation over 30 decoding runs. Lower smECE and Brier scores indicate better calibration

performance.
Model smECE (Greedy) | smECE (Stochastic) | Brier (Greedy) | smECE (Stochastic) |
Mistral7B 0.0371 0.0395 + 0.0021 0.1999 0.2051 £+ 0.0185
Qwen7B 0.0531 0.0579 £ 0.0039 0.1653 0.1719 £ 0.0196
Llama8B 0.0257 0.0301 £ 0.0015 0.1784 0.1833 £+ 0.0179

20% of the data is used, smECE is comparable to
the results obtained using 50% or 80% of the data
in most cases. We also observe that increasing the
proportion of training data does not always lead to
improved SmECE. These results indicate that o*
computed by Eq. (7) can be determined sufficiently
well from a relatively small split.

C.4 Robustness to Decoding and Few-shot
Example Ordering

PRICE estimates confidence solely from the input
representations obtained before answer generation
and therefore does not directly observe the subse-
quent decoding process. In our main experiments,
however, correctness labels are determined from
answers generated under a specific decoding config-
uration, namely 5-shot greedy decoding. Since the
correctness label itself can vary with the decoding
or prompting configuration, the resulting calibra-
tion metrics may also depend on these choices. We
therefore examine the robustness of PRICE under
variations in both decoding strategy and few-shot
example ordering.

Robustness to stochastic decoding We first eval-
uate whether the calibration performance of PRICE
is sensitive to the decoding strategy used to deter-
mine correctness. For each question in MMLU, we
perform stochastic decoding with a temperature of
0.7 for 30 runs and recompute the calibration met-

Table 7: Robustness of PRICE to the ordering of 5-shot
demonstrations on GPQA. Results are reported as the
mean and standard deviation over five different exam-
ple orderings. Lower smECE and Brier scores indicate
better calibration performance.

Model smECE | Brier |

Mistral7B 0.1201 £ 0.0153 0.2052 + 0.0198
Qwen7B 0.0531 +0.0041 0.2196 4+ 0.0188
L1ama8B 0.1213 £0.0098 0.1995 4+ 0.0173

rics using the correctness labels obtained from each
run. Table 6 reports the results, where the stochas-
tic decoding results are presented as the mean and
standard deviation across the 30 runs.

Compared with greedy decoding, stochastic de-
coding results in slightly higher smECE and Brier
scores across all three models. However, the differ-
ences are relatively small, and the variance across
the 30 stochastic decoding runs is limited. These
results suggest that the calibration performance
of PRICE is not narrowly determined by the out-
come of a single greedy-decoding run and remains
broadly stable under stochastic decoding.

Robustness to few-shot example ordering We
further examine whether the calibration perfor-
mance depends on the ordering of the 5-shot
demonstrations. On GPQA, we evaluate PRICE over
five runs using different orderings of the same
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Table 8: Cross-dataset transfer results obtained by ap-
plying « values estimated from different source bench-
marks to BBH. The « in each row denotes the opti-
mal mixing coefficient estimated on the corresponding
source benchmark, and the smECE is measured on BBH
while keeping that « fixed.

Model Source Bench Optimal « smECE |
ARC-C 0.2187 0.0651
BBH 0.3879 0.0243
Mistral7B GPQA 0.1371 0.1012
GSM8K 0.2251 0.0559
MMLU 0.3857 0.0311
ARC-C 0.7762 0.0295
BBH 0.6733 0.0338
Qwen7B GPQA 0.7057 0.0299
GSM8K 0.8055 0.0307
MMLU 0.6871 0.0325
ARC-C 0.4937 0.0608
BBH 0.2854 0.0364
Llama8B GPQA 0.3189 0.0389
GSM8K 0.7529 0.0944
MMLU 0.4782 0.0587

few-shot examples. Table 7 reports the mean and
standard deviation across the five orderings. The
calibration metrics exhibit relatively limited varia-
tion across different example orderings, indicating
that the observed calibration performance is not
strongly tied to a particular ordering of the 5-shot
demonstrations.

Overall, these experiments do not imply that
PRICE is invariant to the decoding or prompting
configuration. Because PRICE is computed before
generation whereas correctness is defined from the
generated answer, calibration metrics are inherently
dependent on the procedure used to obtain the cor-
rectness labels. Nevertheless, the results in Tables 6
and 7 indicate that the calibration performance ob-
served in our main experiments remains broadly
stable under reasonable variations in stochastic de-
coding and few-shot example ordering.

C.5 Cross-Dataset Transferability

To examine whether the mixing coefficient o of
PRICE needs to be re-estimated for each target
dataset, we conducted a cross-dataset transfer ex-
periment in which the optimal « estimated on dif-
ferent benchmarks was directly applied to BBH. For
each model, we fixed the o estimated on ARC-C,
GPQA, GSM8K, or MMLU, measured smECE on BBH,
and compared the results with those obtained us-
ing an « estimated directly on BBH. As shown in
Table 8, transfer performance varied across models

Table 9: Additional GPU memory overhead incurred
by PRICE. Mean Extra Memory reports the average in-
crease in GPU memory usage, while p95 Extra Memory
reports the 95th-percentile relative increase across the
evaluated examples.

Models Mean Extra Memory p95 Extra Memory
Mistral7B 287 MiB (+2.07%) 817 MiB (+5.89%)
Qwen7B 161 MiB (+1.11%) 505 MiB (+3.48%)
L1ama8B 123 MiB (+0.80%) 461 MiB (+3.00%)

and source benchmarks. For Mistral, the smECE
was 0.0243 when using the «a estimated directly
on BBH, while transferring the « estimated on MMLU
yielded a comparable smECE of 0.0311. In contrast,
transferring the o estimated on GPQA increased the
smECE to 0.1012.

Qwen showed the most stable transfer perfor-
mance. When applying « values estimated from
different source benchmarks, the resulting smECE
values ranged from 0.0295 to 0.0325, which were
comparable to or even lower than the smECE of
0.0338 obtained using the BBH-specific a. L1ama
also maintained comparable performance when
transferring the « estimated on GPQA, achieving
an smECE of 0.0389 compared with 0.0364 for the
BBH-specific a. However, using the « estimated on
GSM8K substantially degraded performance, increas-
ing the smECE to 0.0944.

These results indicate that the o of PRICE does
not necessarily need to be re-estimated for every
target dataset, as some model-source combinations
maintain comparable calibration performance with-
out target-specific optimization. However, trans-
ferability varies across models and source bench-
marks, and therefore v should not be interpreted as
universally transferable across datasets or domains.
Thus, rather than fully resolving the generaliza-
tion limitations of supervised calibration methods,
PRICE offers the advantage of not requiring a sepa-
rately trained labeled calibration model, while al-
lowing effective cross-dataset transfer under certain
conditions.

D Memory Overhead of PRICE

Computing the consensus signal in PRICE requires
explicitly materializing the attention probabilities,
which may introduce additional memory overhead
compared with optimized attention implementa-
tions. To quantify this cost, we measured the ad-
ditional GPU memory usage incurred by PRICE.
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Figure 10: Preliminary analysis of internal signal characteristics on MMLU using Mistral-7B, following the same

protocol as Figure 1.
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Figure 11: Preliminary analysis of internal signal characteristics on MMLU using Qwen2.5-7B, following the same

protocol as Figure 1

For the memory analysis, we evaluated a total
of 997 examples: all 197 examples from GPQA
and 200 randomly sampled examples from each
of the other four benchmarks. All experiments
were conducted using three models: Mistral-7B,
Qwen2.5-7B, and L1ama-3.1-8B.

As shown in table 9, the mean additional mem-
ory usage ranged from 0.80% to 2.07% of total
memory across models, while the largest increase
at the p95 level was 5.89%. Thus, although mate-
rializing attention probabilities clearly incurs an
additional memory cost, the magnitude of this over-
head was relatively limited under our experimental
settings. Based on these results, the efficiency of
PRICE is best interpreted not as implying zero addi-
tional cost, but rather as its ability to compute pre-
generation confidence without requiring repeated
autoregressive sampling.

E Additional Preliminary Analysis Across
Models

To examine whether the internal representation pat-
terns observed in Figure 1 are specific to a single
model, we repeat the preliminary analysis on MMLU

using Mistral7B and Qwen2.5-7B. Following the
same protocol as in Section 3, we compare consis-
tently correct and consistently incorrect instances
based on repeated inference runs. Figures 10 and
11 report the results for Mistral and Qwen, respec-
tively. As shown in the additional figures, both mod-
els exhibit the same overall tendencies observed
in Figure 1: consistently correct instances show
lower disagreement across attention heads, stronger
directional alignment of hidden states, and more
pronounced sparsity in feature activations. These
results suggest that the observations motivating
PRICE are not unique to L1lama-3.1-8B, although
we do not interpret them as universal properties
across all models and task distributions.

F Theoretical Details

Proposition 1. JSD; defined in Eq. 1 satisfies the
following.

0 <JSD; <logH

Equality holds in the following cases.

* JSDy =0whenay; =---=apy
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¢ JSD; = log H when each head attends to
completely different tokens

Proof. First, we prove 0 < JSD;. JSD; can be
expressed in the form of KL divergence (Nielsen,
2019).

JSD,; =

)

where KL(ay, ¢ Hmt

Here, k is the index of the key token being attended
to. Since KL divergence is always greater than 0
by definition, Yh, KL(ay|/m;) > 0. Therefore,
JSD; > 0. In particular, if a;; = --- = apy,
then m; = aj, so Vh, KL(aj+|m;) = 0, and
JSD; = 0.

Next, we prove JSD; < log H. For each k, the
following holds.

H

Z

h

) > *ah (k)

Rearranging the above inequality for terms
where ay, ¢ (k) > 0 gives the following.

ah,t(k) ah,t(k)
m (k) <H — log m (k)

Therefore, for each head h, the following holds.

<logH

KL(ap ¢||m;) =
< Zah,t log H

=logH Z ay ¢
k
=logH

Therefore, the following holds.

H

JSD, = — )

h=1
1

< Vi Z log H
h=1
=logH

Equality holds when my(k) = aj(k)/H for
each h, k. This means that if some head A attends to
some token position k, the remaining heads assign
probability O to that position k. O

Proposition 2. At query position t, define
random variables (Z,K) as follows: Z ~
Unif{l,--- ,H}, K | (Z = h) ~ ap. Then the
following holds.

JSD; = I(Z; K)

Proof. Before the proof, let us redefine several con-
cepts.

Shannon entropy When the distribution of a dis-
crete random variable X is p(z), entropy is defined

as follows.
Zp

Conditional entropy For two random variables
X, Y, conditional entropy is defined as follows.

Zp

Mutual information Mutual information
I(X;Y) quantifies how much the uncertainty
about Y decreases when X is known, and is
defined as follows.

) log p(x

HY | X) = HY | X =)

I(X;Y) =H(Y) - H(Y | X)

That s, if /(X;Y) = 0, then X and Y are inde-
pendent, and the larger the value, the more strongly
they depend on each other.

Consider the random variables (Z, K) in this
lemma. By definition, Z is the head index indicat-
ing which head was selected, and K is the token
index indicating which key position that head se-
lected.

First, for an arbitrary key position k£ €
{1,---,T7}, applying the law of total probability
gives the following.

H
—ZPZ—h
h=1

K=k|Z=h)

*aht

Mm

h=1

Therefore, the distribution of K is identical to

1 H
mt(k) = E Zah’k(k)
h=1

That is, the marginal distribution of K is my,
and the following holds.

H(K) = H(my) (®)
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Next, we compute the conditional entropy
H(K | Z). Since Z follows a uniform distribu-
tion, by the definition of conditional entropy, the
following holds.

B

H(K|Z)=)Y P(Z=hH(K|Z=h)
h=1

1

T H

h

M=

H(K | Z = h)
1

Here, since K | (Z = h) ~ aj,, we have
H(K | Z = h) = H(ap,). Therefore, the follow-
ing holds.

H

1
HK | Z) =2 > Hlang) )
h=1
Substituting Eq. (8) and Eq. (9) into the defini-
tion of mutual information gives the following.

(Z:K) = H(K) — H(K | Z)
H
= Hlme) — > Hlane)
h=1

This expression exactly matches the definition
of JSD; defined in Eq. (1). O

In other words, JSD; represents the amount of
information that indicates "how well we can dis-
tinguish which head (Z) generated a given key to-
ken K when observing it once." If the heads form
identical distributions, Z and K become nearly
independent, resulting in I(Z; K) ~ 0 (high con-
sensus), whereas if each head focuses on different
sets of tokens, K carries significant information
about Z, leading to an increase in I(Z; K) (large
disagreement).

Corollary 1. The following holds.
H(K|Q)=H(K|H,Q) +I(H;K|Q)

Therefore, the Consensus Signal can be written as
follows.

Secons = 1 (T|Q> - H(T’Hv Q)}

1
a log H {
In the above corollary, each term can be inter-
preted as follows. H (K | Q) represents the total
uncertainty about which key token the model at-
tends to when given query position (), averaged
without distinguishing attention heads. On the other

hand, H(K | H, Q) is the conditional uncertainty
when the head index is also observed, correspond-
ing to the average entropy of individual attention
heads. Therefore, the difference between these two,
I(H; K | Q), is a quantity that represents how
much the uncertainty about key tokens decreases
by additionally observing the attention head infor-
mation. In other words, the S.o, can be interpreted
as a normalized measure of how effectively the in-
ternal consensus of the attention structure reduces
uncertainty.

Proposition 3. Consider Scon and Ssa1 as unbi-
ased estimators. That is, Scon = p + €1, Ssa1 =
p+ea, Elex|p] = 0, where p is the (theoretical) true

confidence of the model. The variance of each error

is 02 = E[e?], 02 = E[e2], and the covariance is

C = Elei€2]. Then, the value o* that minimizes the
Brier Score Brier(a) = E[(Sy — Y)?] for Sprice
is as follows.

2
. ) o5 —C
a* = argofnln Brier(a) = m
Proof. For convenience, let Scon = S1, Ssa1 = 52
and Sprice = Sa-
Sa:O[’Sl+(1—OZ)‘SQ
=alp+ea)+(1—a)(p+e)
=p+ e+ ale —€)

Therefore, we can write as follows.

Sa —p =€+ ale; — €) (10)

Next, we decompose the Brier score into
bias/variance terms.
BS(a) = E[(Sq — Y)?]
=E[{(Sa —p) + (p — Y)}?]
=E[(Sa —»)°] +E[(p ~Y)?]
+2E[(So —p)(p — Y)]

Here, since Y|p follows Bernoulli(p), the fol-
lowing holds.

Y =p+n, Elnlp] =0, E[n*|p] = p(1 - p)

Therefore, E[(So —p)(p—Y)] = E[(Sa —p)1,
and by definition, if €1, €3 are independent of or
uncorrelated with p, 7, it equals 0. Therefore, the

Brier score is as follows.
BS(a) =E[(Sa —p)°]+  E[(Y —p)?
N——

constant independent of o
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Here, the term E[(Y —p)?] is a constant indepen-
dent of a. Therefore, minimizing the Brier can be
reduced to the problem of minimizing E[(S, —p)?].

Let us simplify Eq. (10).

E[(Sa = p)’] = El(e2 + afe1 — €2))?]
= O‘% + 2aE[ea(e1 — €2)]
+ &’E[(e — €2)?]
Here, the following holds.
Elez(e; — €2)] = C — 03
E[(e; — €2)?] = 0% + 03 — 2C

Therefore, simplifying E[(S, — p)?] gives the
following.

f(a) = a*(o? + 02 — 2C) + 2a(C — 03) + 05
This expression is a quadratic equation in c.
f'(a) = 2a(0? + 03 — 20) +2(C — 03)

Therefore, the value o* satisfying f'(a) = 0 is
as follows.

2
* 03 — c
= 11
“ 02+ 03 —2C an
Thus, the proposition is proved. O

However, in practice, it is impossible to use the

true confidence p. In the actual implementation, we
derive the closed-form solution from the training
split.
Proposition 4 (Closed-form solution for finite sam-
ples). Let Sconi, Ssa1i, ¥i € {0,1} denote the
consensus signal, salience signal, and correctness
label for each sample i, respectively. Then the opti-
mal weight o* satisfies

1 2
o = argofnlng Z{Otsl,i +(1—®)Sy; — yz} .

i=1
(12)
The corresponding o can be written in the follow-
ing closed form:

of = > i1 (S1i — S2,) (yi — S2,0)
> iz (81 — S2,)?
Proof. For notational convenience, we write

Scon,i = S1,i and Sga1; = S2,;. Then the optimal
weight « is given by

(13)

1l 2
a* = argofmng ;{QSM +(1—)Sz; — yz} .
1=

(14)

The term inside the square can be rewritten as
aSti+ (1 —a)Sy; —yi = (St — S24) — (i —
Sa.;). For convenience, let S1; — S2; = z; and
y; — S2,; = r;. Then o can be written as

* 1 & 2
a* = argmin_ Z(awi—m) .

@ i=1

(15)

Let f(a) = >, (ox; — ;). Then

n

fla) = (ax; —ri)?
=1

= Z(oﬂaz? — 2auxir; + rf)

i=1
n n n
= a22xf — 20423%77 +ZT¢2'
i=1 i=1 i=1
The function f is a quadratic function of «. There-

fore, f(«) attains its minimum when f’(a) = 0.
Differentiating f(«) with respect to « gives

n n
fl(a) = 204me -2 lem
i=1 i=1
The value of « satisfying f'(a) = 0 is

Z?:l LiT

Z?:l 9”3 .

Therefore, the closed-form solution to Eq. (14) is

ot — Yo (St — S24)(yi — S2,)
Z?:1(Sl,i - S2,i)2 .

o =

(16)

O]

By replacing the empirical averages in this ex-
pression with expectations, we obtain

o = EllS1 = S)(Y — 52)]
 E[(S1 - S2)%

Applying the assumptions stated in Proposi-
tion 3, the population-level solution above can be
expressed as Eq. (11).

Lemma 1 (smECE is controlled by the error to true
confidence). Consider a non-negative smoothing
kernel K,(t, f) > 0, and define the population-
level smECE as follows:

1
smECE,(S,) = / Foa(t)0oa(t)dt.  (17)
0
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Here, 14.o(t) and 0,.(t) are defined as

E[Ka(t’ Sa)(Y - Sa)]
E[Ko(t, Sa)]
K, (t,Sq))-

Toal(t) =
doa(t) = E]

Assume that there exists a constant Cg such that

1
sup / Ky(t, f)dt < Cg < . (18)
felo]
Then, for all « € [0, 1], the following holds:
smECE,;(S,) < CxE[(Sa —p)?].  (19)

The assumption in Eq. (18) is naturally satis-
fied by standard smoothing kernels. For example,
suppose we use a normalized kernel satisfying

Ko(t, f) =0 K((t = f)/o)

/ K(u
Then,
/OlKg(t, f)dt < /Z Kot f) = 1.

In this case, we can set C'xr = 1.

Proof. We start from the definition of smECE. Sub-
stituting the definitions of r and ¢ into Eq. (17),
smECE can be written as

/

If |

E[Ka(ta Sa)(Y - Sa)]
E[K(t, Sa)]

K,(t,S4)] > 0, then smECE becomes

E[K,(t, Sy)]dt.

/1 ’E[Ka(tv Sa)(y - Sa)”dt' (20)
0

Since Y | p follows Bernoulli(p), we can write
Y =p+nThenY — S, = (p — Sa) + 7. Substi-
tuting this into the integrand of Eq. (20) gives

E[Ka(tv Sa)(Y - Sa)] =
E[KU(tv Sa)(p - Sa)] + E[

We now show that the second term E[K (¢, S, )7]
is zero. Since S, is a function of S¢on and Ssai,
K,(t,S) is also measurable with respect to
D, Scon, and Sga1. Applying the law of total ex-
pectation yields

E[K5(t, Sa)n] = E[Ky

Ka(ta Sa)n]'

(t,S,)E

[77 ‘ b, Scon; Ssal]]-

By assumption, E[1 | p, Scon; Ssal] = 0. Therefore,
the second term satisfies E[ K, (¢, So)n] = 0. Thus,
Eq. (20) can be written as

smECE, ( / |E[Ko(t, Sa)(p — Sa)l|dt.

Applying  the
|E[KO' (tv Soe) (p -

triangle  inequality  to
Sa)]|, we obtain

1
smECE, (Sa) g/ E[K,(t, So)|p — Sal]dt
0

We then use Tonelli’s theorem. In simple terms,
Tonelli’s theorem implies that

/E[g(t, X)]dt =E [/g(t,X)dt] .

Applying this theorem gives
1
SmECE, (S4) < E||p — S| / Kolt, Sa)it].
0

By the assumption in Eq. (18), we have
smECE;(Sy) < Ck - E[|p — Sal]-

Finally, applying the Cauchy-Schwarz inequality
yields

EHp - SaH
=E[lp — Sal - 1] < VE[(p — S2)?] - E[1?]
E[(p — Sa)?-
This completes the proof of Eq. (19). O

Corollary 2 (Brier optimization controls smECE).
Suppose that the assumptions in Lemma 1 and
Proposition 3 hold. Then, the weight o that mini-
mizes the Brier score Brier(a) = E[(So — Y)?] in
Eq. (11) also minimizes the upper bound of smECE,
CrVE[(Sa — Y)?).

This corollary does not claim that the weight
o minimizing the Brier score directly minimizes
smECE itself. Rather, it means that o minimizes
a theoretical upper bound of smECE.

Lemma 2 (Finite-sample smECE is upper bounded
by the empirical Brier score). Define the empirical

smECE as
smECE /|TU NERE
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Table 10: The following are the experimental results comparing the conventional method (no weighting) with
a method that assigns weights to attention heads based on their importance. In the majority of scenarios, the
unweighted approach demonstrated superior performance. Consequently, we adopted a configuration that assigns

equal weights to all heads as our primary setting.

Model Method MMLU BBH GPQA ARC-C GSM8K
smECE | Brier| smECE| Brier] smECE| Brier] smECE| Brier| smECE] Brier|
Mistral7s Head weight  0.0788  0.2689  0.0683  0.2198  0.1196  0.2187  0.1357  0.1867  0.0759  0.2508
No weight 0.0371  0.1999  0.0234 0.1838  0.1139 0.2134  0.1195 0.1819 0.0261  0.2020
Quen7B Head weight  0.0937 02233 0.0652  0.2455 0.1232  0.2603  0.1052  0.1723  0.0698  0.1682
No weight 0.0531 0.1653 0.0316 0.1926 0.0946 0.2216 0.0991 0.1388 0.0755  0.1888
L1amagB Head weight  0.0699  0.2151  0.0498  0.2102 0.1564 0.2511 0.0876  0.1566  0.1033  0.2599
No weight 0.0257 0.1784  0.0339  0.1941 0.1272 0.2073  0.0428 0.1276  0.0538  0.2110

Here, 7+ (t) and 6,(t) are defined as follows:

_ D1 Kot si)(yi — si)
Z?:l KU(tv si)

5. (t) = % S Kyt 5:).
=1

7o(t)

As in the population case, assume that there exists
a constant Cg such that

1
sup / Ky (t,s)dt < Cg < 0.
s€[0,1] JO

Then, the following holds:

smECE, (Sa) < Cx\/Brier(a).

The proof follows the same argument as
Lemma 1.

G Analysis on head importance weighting

The multi head attention mechanism in transform-
ers is designed to enable the model to simultane-
ously learn information from different positions
and various representational subspaces (Vaswani
et al., 2017). Accordingly, each head tends to spe-
cialize in different domains, such as capturing syn-
tactic structures or semantic relationships (Clark
et al., 2019). However, prior research has pointed
out that only a small number of heads make deci-
sive contributions to the inference process, while
the remaining heads contain redundant or unimpor-
tant information and can be removed (Voita et al.,
2019; Michel et al., 2019).

This perspective raises the hypothesis that treat-
ing all heads equally when estimating confidence
may not be optimal. There is a possibility that selec-
tively focusing on key heads that substantially con-
tribute to predictions could improve the accuracy

of confidence estimation. To verify this hypothesis,
we conducted additional comparative experiments
by introducing weights that reflect the actual con-
tribution of each head.

In the transformer architecture, the degree to
which a specific head h contributes to the residual
stream is proportional not to the attention proba-
bility values themselves, but to the magnitude of
the output vector computed as a result (Kobayashi
etal., 2020). Let oy ¢ € R? denote the value output
vector of head h. We define the importance wy, ; of
that head at time step ¢ as the ratio of L2 norms as
follows.

lon,¢l2
H )
2 =1 llogel2

This weighting scheme naturally excludes the
influence of unnecessary heads that do not substan-
tially contribute to the model’s predictions.

Table 10 shows the impact of weighting based
on attention head importance on confidence estima-
tion performance. As in the main experiments, we
evaluated four models across five benchmarks, and
the results showed that the baseline approach (No
weight) achieved lower smECE and Brier scores
than the head weight approach, demonstrating over-
all superior performance. In some cases (e.g., GPQA
for Mistral, GSM8K and ARC for Qwen), the head
weight setting showed marginally better perfor-
mance. Particularly for the challenging GPQA bench-
mark, the Mistral and L1lama models performed
better with the head weight setting. This suggests
that specific heads may play important roles in com-
plex reasoning processes, but in general situations,
uniformly considering all heads proves to provide
more robust performance.

These results suggest that for confidence estima-
tion, it is important to comprehensively consider

H
where Z wp =1
h=1

Wht =
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all heads, not just a few key heads. While previous
studies assigned importance assuming that specific
heads dominate information processing, in the case
of confidence estimation, signals from heads with
relatively low importance also serve as useful cues.
In other words, applying weights risks suppressing
some subtle signals, which can hinder overall confi-
dence estimation. Therefore, our PRICE framework
adopts an approach that computes the average of
JSD across all heads without separate weight cal-
culation. This has lower computational complexity
than head weighting and guarantees stable perfor-
mance across various settings.
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