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Abstract

Confidence estimation is essential when LLMs
are used for classification, indicating when pre-
dictions can be trusted. However, common
approaches such as verbalization produce ex-
tremely sparse outputs. For instance, Qwen3-
32B verbalizes only eight unique confidence
values on SST-2, with over half being exactly
95%—a pattern we observe consistently across
four datasets and two LLMs. Besides limiting
practical utility, we show that this sparsity criti-
cally affects evaluation: the choice of interpola-
tion in area under the accuracy-rejection curve
(AUARC) dramatically alters rankings, with
consistency sampling dropping from best to
worst under stepwise versus linear interpolation.
We advocate for standardizing stepwise interpo-
lation for a fairer comparison. Under such a fair
evaluation, we find that weighting verbalized
digits by token probabilities—a method we
term verbalization logprobs—addresses spar-
sity and achieves the best AUARC (+2.3 points
over vanilla verbalization) without incurring
additional inference cost.

1 Introduction

LLM:s are increasingly used for classification tasks,
e.g., automatic evaluation (Zheng et al., 2023;
Lee et al., 2025), content moderation (Yin et al.,
2025; Nghiem et al., 2025), and more (Marvin Im-
perial and Tayyar Madabushi, 2025; Sun et al.,
2025). Many applications require confidence esti-
mates, e.g., in selective prediction, where a model
can reject to classify examples with low confi-
dence (Chen et al., 2023; Ren et al., 2023). Such
classifiers are evaluated only on the subset of ex-
amples that exceed a specific confidence threshold,
with the rest left unclassified, offering control over
the risk-coverage trade-off (El-Yaniv and Wiener,
2010).

Prompting poses unique challenges for confi-
dence estimation, as it lacks a direct mapping from
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outputs to class probabilities. Novel approaches
such as verbalization can prompt models to ex-
press confidence for class labels in natural lan-
guage (Xuan et al., 2025; Liu et al., 2025a; Zeng
et al., 2025), while sampling-based approaches gen-
erate multiple predictions at a higher temperature
and aggregate them (Phillips et al., 2025; Nikitin
et al., 2024). These approaches differ fundamen-
tally from traditional classifiers due to their nat-
ural language interface. For instance, the strong
preference of LLMs towards generating certain nu-
merical tokens (Coronado-Blazquez, 2025; Shao
et al., 2025) can bias confidence estimates, leading
to LLM overconfidence (Xiong et al., 2024). Al-
though prior work has focused on calibration (Tono-
lini et al., 2024; Wang et al., 2024), we study spar-
sity as a distinct and critical challenge.

First, we demonstrate that verbalization-based
approaches produce extremely sparse confidences.
For instance, Qwen3-32B (Yang et al., 2025) pre-
dicts only eight unique confidence values (0.6, 0.65,
0.7, 0.75, 0.85, 0.9, 0.95, and 0.98) across SST-
2 (Socher et al., 2013). This means we have little
choice when selecting decision thresholds, which
limits the practical utility of such approaches.

Second, we show that sparsity has critical impli-
cations for evaluation. Using the selective classifi-
cation metric AUARC (Nadeem et al., 2009)—the
area under the accuracy-rejection curve—we find
that a simple and often neglected aspect of met-
ric computation, namely the interpolation method,
in fact has a major impact on system rankings.
The performance of verbalization and sampling ap-
proaches decrease by 0.7—4.5 points under stepwise
interpolation (vs. linear interpolation), while the
continuously-distributed token logprobs approach
remains unaffected. Most strikingly, the best ap-
proach using linear interpolation in our experi-
ments becomes the worst using stepwise interpola-
tion. Given the inconsistent usage of interpolation
methods in the literature, we advocate for standard-
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(a) Histogram showing all confidence scores on SST-2 (b) Accuracy-rejection curve on SST-2!

Figure 1: Sparse confidences limit practical utility. (a) Histogram of vanilla verbalized confidences on SST-2 with
Qwen3-32B, showing extreme sparsity with only eight unique values (0.6, 0.65, 0.7, 0.75, 0.85, 0.9, 0.95, 0.98).
The shaded regions highlight two rejection strategies: rejecting 205 samples (lighter gray) achieves 97.9% accuracy,
while rejecting 345 samples (darker gray) achieves 98.7% accuracy. (b) Accuracy-rejection curve demonstrating
limited threshold choices due to sparsity. Reaching at least 98% accuracy requires rejecting 39.7% of predictions
vs. rejecting 23.6% for 97.9% accuracy (16.1pp increase). Stepwise interpolation (solid orange) is correct for
sparse confidences; linear interpolation (dashed blue) incorrectly assumes performance increases gradually between
thresholds, creating artificial inflation (blue shaded area).

Verbalization-based

Vanilla verbalization Direct self-reported confidence

Top-k verbalization k guesses with probabilities

Sampling-based
Consistency sampling Frequency of class predictions

Verbalization sampling ~ Mean of verbalized confidences

Logit-based

Token logprobs Probability of class label token

Table 1: Overview of the five confidence estimation
methods studied in this work.

izing stepwise interpolation for comparable and
fair evaluations.

Third, we address sparsity directly: we propose
verbalization logprobs, which weighs verbalized
confidence digits by their token probabilities, trans-
forming sparse outputs into continuous distribu-
tions. Across four datasets, verbalization logprobs
achieves +2.3 AUARC points over vanilla verbal-
ization at no additional computational cost.

The remainder of this paper reviews existing ap-
proaches (§2), analyzes the sparsity limitation (§3),
and proposes verbalization logprobs (§4).

'All accuracy-rejection curves have an accuracy of 1.0 at
rejection rate 1.0 by convention (Nadeem et al., 2009).

2 Background: Confidence Estimation for
LLM Classifiers

We distinguish three types of confidence es-
timation approaches for -classification tasks,
(1) verbalization-based, (2) sampling-based, and
(3) logit-based.> Additionally, several white-box
approaches (Vashurin et al., 2025; Vazhentsev et al.,
2025) leverage internal model states for confidence
estimation, which we do not study in this work.
While this presents an interesting line of work,
such approaches require access beyond what most
widely-used LLM APIs provide. Table 1 shows
the approaches we study in §3—due to their wide
adoption and good reported performances—with
their characteristics highlighted below.

Verbalization-based methods. The simplest ap-
proach is prompting the model to output self-
reported confidence, termed vanilla verbaliza-
tion (Xiong et al., 2024). One may use differ-
ent verbalized number ranges, but typically we
ask the LLM to produce a confidence from 0 to
100. We can also use prompting techniques such
as CoT (Kojima et al., 2022), self-probing (Xiong
et al., 2024) and top-k (Tian et al., 2023). For in-
stance, top-2 verbalization prompts the model to
produce the two most likely predictions, each with
an associated confidence value, even though only

“Note that further sub-categorization exists for generative
tasks. See recent surveys by Geng et al. (2024) and Liu et al.
(2025D).
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the highest-confidence prediction is used. This out-
performs other verbalization approaches (Xiong
et al., 2024). Other interesting extensions are pos-
sible, e.g., task-specific rubrics (Kim et al., 2024),
but those require task-specific prompt changes.
In contrast, we focus on methods that generalize
across classification tasks without requiring knowl-
edge about the task.

Sampling-based methods. Another popular ap-
proach to confidence estimation involves sampling
multiple LLM responses and aggregating their out-
puts. Consistency sampling generates multiple
class predictions and considers their frequency as
a confidence score. Typically, performance satu-
rates quickly (Duan et al., 2024; Lin et al., 2024b),
and therefore we sample four responses in our ex-
periments. Verbalization sampling extends this
by computing the mean of sampled verbalized
confidences (Xiong et al., 2024). For question-
answering tasks, more sophisticated similarity-
based approaches perform well, including semantic
entropy (Kuhn et al., 2023) and eccentricity (Lin
et al., 2024b). However, those are not applicable
to simply predicting class labels. One downside
of sampling-based approaches is that they substan-
tially increase the number of output tokens, espe-
cially when producing reasoning traces or explana-
tions as part of the prediction.

Logit-based methods. As verbalization- and
sampling-based methods make no use of model
internals, they are black-box methods that only
operate on the output token sequence. In contrast,
logit-based methods occupy an interesting space be-
tween black-box and white-box. Some APIs do al-
low access to a limited number of log-probabilities,
which we can use to estimate confidence. Token
logprobs uses the probability of the class label to-
ken as a confidence estimate (Xiong et al., 2024).
Other common methods are P(True) (Kadavath
et al., 2022) or relying on entropy of the gener-
ated sequence in open-ended generation (Huang
et al., 2025). While these methods are closest to
traditional confidence estimates by directly access-
ing prediction probabilities, they cannot be used
with APIs that don’t return logprobs (e.g., Ope-
nAl, Claude, Bedrock). This often leaves us with
only verbalization or sampling approaches being
applicable in practice.

3 The Sparsity Limitation

We now study how sparsity affects approaches from
the categories outlined before. We find substantial
variation and critical implications for evaluation: a
methodological choice, namely interpolation, can
completely reverse performance rankings.

Verbalized confidences are sparse. LLMs tend
to prefer predicting certain number tokens more
frequently than others (Coronado-Blazquez, 2025;
Shao et al., 2025). In Figure 1a, we show this phe-
nomenon also holds true for confidence estimation
with verbalization approaches. Qwen3-32B (Yang
et al., 2025) with vanilla verbalization predicts just
eight unique confidence values over the entire SST-
2 dataset, with more than half of the confidence
values exactly equal to 95%. We find that this is
a relatively broad phenomenon; when running dif-
ferent approaches on four classification datasets’—
namely SST-2, SST-5, Amazon ESCI product clas-
sification (Reddy et al., 2022), Yahoo! answers
topic classification (Zhang et al., 2015)—we find
that 45-93% of confidences are concentrated in
the five most common confidence values (see %t5
in Table 2). We observe the same behavior using
Claude 3.7 Sonnet, and both models with or with-
out reasoning enabled (see Appendices B and D).
We also verify that these findings hold for an alter-
native confidence range (0-9) in Appendix E. This
limits practical utility, as illustrated in Figure 1:
achieving small accuracy gains often requires us to
accept large increases in rejection rate.

Evaluations need to account for sparsity. Many
metrics rely on measuring performance at every
possible confidence threshold and integrate the area
under the curve. Examples are AUROC (Hanley
and McNeil, 1982), PRR (Vashurin et al., 2025),
AUPRC (Ling et al., 2024), and AUARC (Nadeem
etal.,2009). AUARC is closely related to use-cases
where we reject low-confidence predictions (e.g.,
El-Yaniv and Wiener, 2010) as it computes the area
under the accuracy-rejection curve. For sparse con-
fidence estimation approaches—where only a few
thresholds produce distinct outcomes—the choice
of which interpolation method to use is critical, as
we show in Figure 1b.

However, we find that this choice is usually over-
looked, leading to inconsistencies across evalua-
tions due to differing interpolation methods. While

3See Appendix A for dataset details.
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AUARC
linear step  %t5
ranks

Consistency sampling 0.808 1—s5 0.683 100
Vanilla verbalization 0.758 2-4 0713 92
Top-2 verbalization 0.757 3-2 0.731 93
Verbalization sampling  0.741 4-1  0.734 45
Token logprobs 0.723  s5-3  0.723 0

Table 2: Impact of interpolation method on AUARC
scores and rankings for Qwen3-32B. Scores are aver-
ages over SST-2, SST-5, Amazon ESCI, and Yahoo!
topic classification (see Table 5 for dataset details). %t5
refers to the concentration in top-5 confidence values.

the default in AUROC and AUPRC is stepwise in-
terpolation (Muschelli III, 2020; Chen et al., 2024),
AUARC is often computed using linear (aka trape-
zoidal) interpolation.* While this has little im-
pact on evaluations of methods with many distinct
thresholds—i.e., if there is only a small distance be-
tween subsequent points—it becomes critical when
dealing with sparse confidence scores. The cor-
rect way is to use stepwise interpolation, as seen in
Figure 1b.

AUARC interpolation considerably impacts
evaluation ranks. Table 2 shows the impact
of using stepwise rather than linear interpolation
when calculating AUARC for Qwen3-32B (see Ap-
pendix B for Claude 3.7 Sonnet results). Sparse
approaches show consistent and sometimes sub-
stantial performance drops, while token logprobs—
which does not suffer from sparsity—remains un-
changed. Specifically, verbalization approaches
score 0.7—4.5 AUARC points lower with stepwise
interpolation, indicating that linear interpolation
typically inflates their scores. The choice of inter-
polation also causes dramatic rank changes: consis-
tency sampling ranks first with linear interpolation
but drops to last place with stepwise interpolation,
a 12.5 point absolute decrease.

In summary, many confidence estimation
approaches for prompted LLMs—particularly
verbalization-based methods—produce highly
sparse outputs, concentrated within a few unique
confidence values. This sparsity severely limits
practical utility and needs to be appropriately re-
flected in evaluation methodologies. Our experi-
ments demonstrate that the choice of interpolation
method for threshold-based metrics critically im-

“We verified this by inspecting the publicly available code

of various works (Nguyen et al., 2025; Lin et al., 2024a,b;
Vashurin et al., 2025). More details in Appendix G.

pacts both absolute performance scores and relative
rankings. We therefore advocate for using stepwise
interpolation rather than linear interpolation when
reporting such metrics, as it provides fair compar-
isons by properly accounting for sparsity.

4 Verbalization Logprobs

Having observed performance drops for verbaliza-
tion under proper evaluation while token logprobs
remains stable, we investigate whether their com-
bination can mitigate these losses. Specifically,
we propose incorporating token probabilities into
vanilla verbalization to reduce sparsity. We argue
that vanilla verbalization discards rich information:
it obtains the sampled digit but ignores the prob-
ability the model assigned to generating it. For
instance, using vanilla verbalization, we might sam-
ple the sequence “the confidence is 95%” and
the standard approach is to take 95% at face value.
However, each digit token (‘9” and ‘5’) has an un-
derlying probability distribution over alternatives
that we can leverage.

For verbalization logprobs, we compute confi-
dence as the expected value over possible digits at
each position:

9

9
> 10d- P(zi =d)+ > _d-P(zi41 = d)
d=0 d=0

where z; and x;4; are the tens and units digit to-
kens, respectively, and P is the LLM’s token proba-
bility. This transforms verbalized confidences from
discrete sampled values into continuous estimates.’

Table 3 shows the results using the same setup
as before, with additional metrics AUROC, ECE,
and cost®. We find that verbalization logprobs
effectively combines the best of both worlds, by
avoiding the sparsity of vanilla verbalization (from
92 to 1 %t5) and improving all metrics compared
with both vanilla verbalization (+2.3 percentage
points AUARC, +0.9 AUROC) and token logprobs
(+1.3 AUARGC, +4.7 AUROC). This suggests that

3Strictly speaking, this expectation should use conditional
probabilities, since the two digit positions are not independent
for autoregressive LLMs. In this paper, we treat them as inde-
pendent as an approximation borne out of practical limitations:
computing the exact expected value would require knowing
the units digit distribution conditioned on each possible tens
digit, i.e., running a forward pass for each one, but standard
API access only returns logprobs for the actually generated
token. We believe this is a reasonable approximation, since
the tens digit dominates the expected value anyway.

®Relative cost based on input/output token counts; see
Appendix C for details.
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AUROC ECE AUARC %t5 Cost
Random conf. 0482 0.223  0.652 0 1.0x
Consist. samp. 0.573  0.296  0.683 100 4.0x
Verb. sampling  0.678  0.238  0.734 45  6.8x
Top-2 verb. 0.689  0.202  0.731 93  2.3x
Vanilla verb. 0.661  0.235 0.713 92  1.7x
Token logpr. 0.623  0.283  0.723 0 1.0x
Verbalization-
logprobs 0.670  0.234  0.736 1 1.7 %

Table 3: Comparison of confidence estimation meth-
ods with Qwen3-32B (averages over our four datasets).
%15 indicates concentration in top-5 most frequent con-
fidence values. ECE is the expected calibration error.
Cost is a multiple relative to simply predicting the class
label (no confidence).

verbalized digit distribution carries useful confi-
dence signals beyond what token logprobs pro-
vides. Compared with verbalization sampling (the
strongest baseline by AUARC), verbalization log-
probs achieves comparable performance (0.736
vs. 0.734) at a fraction of the cost (1.7 x vs. 6.8 ),
as it requires only a single inference call rather than
four.

In addition to the above empirical evidence,
showing the benefit of our method, we provide an
analysis of how its confidence scores relate to the
vanilla verbalization method, to lend some theoreti-
cal justification for why we would expect improved
results. To that end, we measured the correlation
between the scores of the two methods. Since both
methods measure the same underlying belief of the
model, it is expected that they would have high
correlation. The question is (a) just how high is
the correlation? (if it is “too high”, say > 98%,
this implies the two methods are redundant), and
(b) what practical difference does it make for some-
one who wants to use the confidence scores for
thresholding/rejection decisions?

Table 4 shows the correlation (Spearman’s p)
between verbalization logprobs and vanilla verbal-
ization across all four datasets. We find that p
averages 0.89 across the four datasets, meaning the
two methods are, as expected, highly correlated but
still with a clear divergence from each other.”

On the point of practical impact, we note that
vanilla verbalization collapses confidence predic-

"Other divergence measures we examined were means of
absolute differences, medians of absolute differences, and
differences of median confidences. In all those measures
we find the same pattern: the two methods are similar yet
meaningfully different.

Vanilla  Logprobs
Dataset p  #unique # unique

values values
SST-2 093 8 630
SST-5 097 11 1,466
ESCI 0.76 11 2,227
Yahoo 0.90 12 1,869

Table 4: Correlation (Spearman’s p) between confi-
dences of vanilla verbalization (“Vanilla”) and verbal-
ization logprobs (“Logprobs”) across all four datasets
(using Qwen3-32B).

tions into at most only 12 unique values (and as
few as 8 in SST-2), while verbalization logprobs
uses at least 630 unique values (and as many as
2,227 in ESCI). This is an 80x to 200 x increase in
resolution, which is critical and has practical conse-
quences: as shown in Figure 1, if we desire > 98%
accuracy, with vanilla verbalization one must go
from rejecting 23.6% to rejecting 39.7% of pre-
dictions because there is no threshold in between.
In contrast, verbalization logprobs provides the
fine-grained thresholds to avoid such large jumps:
one need only reject 28.1% of examples to achieve
> 98% accuracy, thus salvaging a full 11.6% of
the data (39.7% - 28.1%).

5 Conclusion

Sparsity of confidence estimates, i.e., producing
only a handful of unique confidence values, is a
problem that can severely limit the practical use-
fulness of prompted LLMs for classification. It is
hence important that evaluation metrics account
for this sparsity by using stepwise interpolation,
as opposed to linear (aka trapezoidal) interpola-
tion. In this work, we showed how the latter arti-
ficially inflates performance scores, and thus can
lead to reaching inaccurate conclusions about clas-
sifier quality.

Stepwise interpolation in AUARC was critical
to understanding the limitations of the popular
vanilla verbalization method. We proposed the
verbalization logprobs method, a simple extension
of vanilla verbalization that alleviates sparsity is-
sues, improves confidence estimates, and matches
sampling-based methods at much lower cost.

Limitations

Our verbalization logprobs approach assumes that
each digit is consistently tokenized as a single to-
ken, and while this holds for the models we tested,
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the approach may require adaptation for tokenizers
that utilize different schemes. For sampling-based
approaches, we fix the number of samples at four
based on prior work showing early saturation, but
the optimal number may vary across models and
tasks. While we focus on AUARC to demonstrate
the impact of interpolation methods, similar con-
siderations apply to other threshold-based metrics
such as AUPRC, which we leave for future inves-
tigation. Finally, our proposed verbalization log-
probs requires access to token probabilities; we
do not provide a solution for reducing sparsity in
purely verbalization-based settings where logprobs
are unavailable.
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A Datasets

Table 5 provides an overview of the four classifica-
tion datasets used in our experiments. SST-2 and
SST-5 represent sentiment analysis tasks of varying
granularity on movie reviews. Yahoo! answers pro-
vides a multi-class topic classification task, while
Amazon ESCI tests product-query relevance classi-
fication.

For computational efficiency, we sample subsets
from the larger datasets. From SST-2 and SST-5
we use their full standard test splits (872 and 2,210
samples respectively). For Yahoo! answers, we
randomly sample 6,000 examples from the original
60,000 test samples (10%). For Amazon ESCI, we
sample 8,604 examples from the full dataset. These
sample sizes provide sufficient statistical power
for our comparisons while keeping inference costs
manageable across multiple methods and models.

B Claude 3.7 Sonnet Results

We present results for Claude 3.7 Sonnet to demon-
strate that our findings generalize to other models.
Table 6 shows the impact of interpolation method
on AUARC, mirroring our main findings: consis-
tency sampling drops from rank 1 to rank 4 when
switching from linear to stepwise interpolation. Ta-
ble 7 provides comprehensive metrics. Note that
token logprobs are unavailable via the Bedrock
APL.

AUARC
linear step  %t5
ranks

Consistency Sampling 0.814 1-4 0.703 100
Vanilla Verbalization 0.801 2-3 0.771 96
Verbalization Sampling  0.795 3-1  0.790 42
Top-2 Verbalization 0.795 4-2 0775 95
Token Logprobs / / /

Table 6: Comparison of different interpolations when
calculating AUARC for Claude 3.7 Sonnet.

AUROC ECE AUARC %t5 Cost
Random 0494 0225  0.665 0 1.0x
Consist. Samp. 0.579 0266  0.703 100 4.0x
Vanilla Verb. 0.691  0.184  0.771 96 1.9x
Verb. Sampling  0.705  0.187  0.790 42 74x
Top-2 Verb. 0.710  0.131  0.775 95 2.6

Table 7: Comparison of confidence estimation meth-
ods with Claude 3.7 Sonnet (averages over our four
datasets).

Approach w/o reasoning  w/ reasoning
Consistency Sampling 4.0x 4.0x
Vanilla Verbalization 1.8x 1.3%
Verbalization Sampling 7.1x 5.0x
Top-2 Verbalization 2.5% 1.5x
Logprobs 1.0x 1.0x

Table 8: Relative cost multipliers for each confidence
estimation method compared to a baseline that predicts
only the class label. This uses Qwen3-32B with and
without reasoning. Sampling-based approaches incur
higher costs due to multiple inference calls; verbaliza-
tion adds modest overhead from confidence tokens.

C Cost Calculation

We compute relative cost as the ratio of total to-
kens (input + output) compared to a baseline that
predicts only the class label without confidence esti-
mation. Table 8 shows the cost multipliers for each
method using Qwen3-32B with and without rea-
soning. Sampling-based approaches incur higher
costs due to multiple inference calls. Verbalization
adds modest overhead from the confidence tokens.
Token logprobs has no additional cost as it uses the
same inference call.

D Reasoning Results

Table 9 presents results with reasoning mode en-
abled (1024 reasoning budget tokens for Claude).
Sparsity patterns persist even with reasoning, con-
firming that the phenomenon is not limited to direct
prediction settings.

E Sparsity Investigation for Alternative
Confidence Range 0-9

In our main experiments, we instruct the model
to verbalize its confidence from 0—100, which is
arguably the most natural range as it aligns well
with percentages and is consistent with prior work.
In this appendix, we present results using an alter-
native confidence range of 0-9 to verify that our
findings are not an artifact of the chosen confidence
range.

We run vanilla verbalization and verbalization
sampling with this new confidence range, follow-
ing the setup in Section 3. For direct comparison
with Figure 1, we show in Figure 2 confidence his-
tograms and accuracy-rejection curves for the same
dataset and model. As expected, we again find ex-
treme sparsity of confidence values—the narrower
range offers even fewer distinct values. Consistent
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Dataset Task Text # Classes Classes Test Size
SST-2 (Socher et al., 2013) sentiment movie review 2 [positive, negative] 872
SST-5 (Socher et al., 2013) sentiment movie review 5 [very positive, positive, neutral...] 2210
Yahoo (Zhang et al., 2015) topic question title 10 [Society & Culture, Health...] 6000
ESCI (Reddy et al., 2022)  relevance query-product pair 4 [exact, substitute, complement...] 8604

Table 5: Overview of the four classification datasets used in our experiments. SST-2 and SST-5 are sentiment
analysis tasks of varying granularity on movie reviews. Yahoo! answers provides multi-class topic classification.

Amazon ESCI tests product-query relevance classification.

Owen3-32B Claude 3.7 Sonnet

Approach AUROCT ECE| AUARCT %t5] Costl AUROCT ECE| AUARCT %t5 Costl

Random confidences  0.498 0.223 0.674 0 1.00x 0.507 0.225 0.716 0 1.00x
g Consistency sampling  0.622 0.223  0.706 100 4.08x 0.569 0.238 0.732 100 4.00x
£ Vanilla verbalization ~ 0.659 0.217 0.739 89 1.21x 0.707 0.182 0.794 90 1.30x
% Verbalization sampling 0.688 0.221 0.768 43 4.87x 0.719 0.183 0.807 49  5.19x
©  Top-2 verbalization 0.682 0.174 0.757 85 1.60x 0.732 0.136 0.803 85 1.50x

Token Logprobs 0.529 0.280 0.711 0 1.00x / / / / /

Table 9: Confidence estimation results with reasoning mode enabled. Claude uses 1024 reasoning budget tokens.
Sparsity (%t5) remains high for verbalization approaches even with reasoning, confirming that the phenomenon
persists across inference settings. Token logprobs are unavailable for Claude via Bedrock API.

with our prior findings, the majority of confidence
scores are concentrated in just two values, % and %.

Table 10 compares both confidence ranges
across both models. As expected, concentration
in the top-5 values (%t5) increases substantially
with the narrower range, while AUARC scores re-
main comparable. Importantly, linear interpolation
continues to inflate AUARC scores for both ranges.
Our results confirm that both the sparsity limitation
and the inflation from linear interpolation persist
with the alternative range.

F Confidence Estimation Details

Below we describe the confidence estimation meth-
ods included in our experimental comparison. Ta-
ble 11 shows example prompts for each approach
on the SST-2 dataset. Claude uses the Bedrock API,
and Qwen3-32B uses vLLM. We generate tokens
at temperature=0 if not otherwise mentioned with
1000 maximum tokens.

e Vanilla verbalization (Tian et al., 2023;
Xiong et al., 2024): The model is prompted
to output a self-reported confidence score as
a percentage between 0 and 100 (e.g., “Label
and Confidence: positive, 85%”).

* Top-K verbalization (Tian et al., 2023): The
model outputs its k best guesses along with
confidence scores for each. We use k£ = 2 and
take the confidence of the top-ranked guess.

AUARC
linear step  %t5

QOwen3 32B
Vanilla verbalization

conf. range 0—-100 0.758 0.713 92

conf. range 0-9 0.761 0.716 99
Verbalization sampling

conf. range 0—100 0.741 0.734 45

conf. range 0-9 0.754 0.728 66
Claude 3.7 Sonnet
Vanilla verbalization

conf. range 0—100 0.801 0.771 96

conf. range 0-9 0.805 0.773 99
Verbalization sampling

conf. range 0—100 0.795 0.790 42

conf. range 0-9 0.800 0.788 59

Table 10: Impact of confidence scoring range on
AUARC and sparsity. Scores are averages over SST-2,
SST-5, Amazon ESCI, and Yahoo! topic classification
(see Table 5 for dataset details). %t5 refers to the con-
centration in top-5 confidence values. The narrower
range 0-9 increases concentration substantially while
AUARC scores remain comparable.
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Figure 2: Sparse confidences for confidence scoring range 0-9. (a) Histogram of vanilla verbalized confidences
on SST-2 with Qwen3-32B using the confidence range 0-9 (normalized to 0—1). Only seven unique values appear,
with the majority concentrated at % and %. (b) Accuracy-rejection curve demonstrating limited threshold choices

due to sparsity.

* Consistency sampling (Xiong et al., 2024):
The same prompt is executed multiple times
without requesting confidence scores. Con-
fidence is computed as the frequency of the
most common predicted label. We sample 4
responses (Xiong et al., 2024) at temperature
1.0 (Zhang et al., 2024).

* Verbalization sampling (Xiong et al., 2024):
Similar to consistency sampling, but using the
vanilla verbalization prompt. Confidence is
the mean of the sampled verbalized values.
We use the same sampling parameters (4 re-
sponses, temperature 1.0).

* Token logprobs (Huang et al., 2025): We
use a prompt without explicit confidence re-
quests and compute confidence from the log-
probability of the predicted class label token.
For multi-token labels, we average the log-
probabilities. This approach requires API ac-
cess to token probabilities.

* Random baseline: We assign uniformly ran-
dom confidence values between 0 and 1 to
establish a lower bound for comparison and
to calculate relative cost increases.

G Linear Interpolation in Prior Work

We verified that prior work uses linear interpola-
tion when calculating AUARC, by inspecting pub-
licly available code. We found that researchers
commonly use scikit-learn’s (Pedregosa et al.,
2011) auc() function (Nguyen et al., 2025; Lin

et al., 2024a,b), which uses trapezoidal integration
(i.e. linear interpolation) per its public documenta-
tion. It is not surprising that the use of this function
became the default; unlike AUROC and AUPRC—
which have dedicated scikit-learn functions
with correct interpolation: roc_auc_score()
and average_precision_score(), respectively—
there is no specialized function for AUARC.

Other implementations compute AUARC with-
out calling auc() but still approximate linear inter-
polation. For instance, LM-Polygraph (Vashurin
et al., 2025) can compute AUARC (via the
Prediction-Rejection Ratio—PRR, equivalent to
AUARC for classification tasks) but does so by
thresholding at every prediction in order of confi-
dence scores, regardless of whether multiple pre-
dictions share the same confidence. With random
tie breaking, it approximates linear interpolation
between the confidence-thresholded anchors.

While these implementations are valid for
continuously-distributed confidence scores, they
compute overly optimistic AUARC scores for
sparse verbalized confidences.
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Prompt Type

Baseline prompt without confidence

Example Prompt

Used in

Given the sentence, assign a sentiment label from ['negative', 'positive'].
Use the following format:
“*"Label [ONLY the sentiment label; not a complete sentence] "~

Only the label, don't give me the explanation.

Sentence: too much of the humor falls flat .
Random, Logprobs, Consistency Sampling

Prompt Type

Vanilla Verbalization

Example Prompt

Used in

Given the sentence, assign a sentiment label from ['negative', 'positive'] and your
confidence in this answer. The confidence indicates how likely you
think your answer is true.

Use the following format:

Label and Confidence (0-100): [ONLY the sentiment label; not a complete sentencel],
[Your confidence level, please only include the number in the range of 0-100]%

Only the label and confidence, don't give me the explanation.

Sentence: too much of the humor falls flat .
Vanilla Verbalization, Verbalization Sampling

Prompt Type

Top-2 Verbalization

Example Prompt

Used in

Given the sentence, assign a sentiment label from ['negative', 'positive'l].
Provide your 2 best guesses and the probability that each is correct (0\% to 100\%).
Give only the sentiment label and probabilities, no other words or explanation.

Example:

G1: <ONLY the sentiment label of first most likely guess; not a complete sentence,
the guess!>

P1: <ONLY the probability that G1 is correct, without any extra commentary whatsoever;
the probability!>

G2: <ONLY the sentiment label of 2-th most likely guess>
P2: <ONLY the probability that G2 is correct, without any extra commentary whatsoever;
the probability!>

Sentence: too much of the humor falls flat .
Top-2 Verbalization

Table 11: Example Prompts for SST-2, with a list of approaches that uses each prompt.
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