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Abstract—Estimating uncertainty for long-form reasoning in
large language models remains challenging, as existing methods
based on token probabilities or semantic diversity often break
down in multi-step reasoning scenarios. We propose CoSu-UQ, a
multi-sample uncertainty quantification framework that jointly
models generation confidence and cross-sample semantic support.
CoSu-UQ aggregates token-level probabilities into response-
level confidence and measures cross-sample semantic support
via sentence-level entailment. These complementary signals are
integrated through bidirectional entailment-based clustering over
final answers to produce a robust uncertainty estimate. We
conduct systematic evaluations on GSM8K, MATH, HotpotQA,
2WikiMultiHopQA, and MedQA across large language models
of different scales. Results show that CoSu-UQ consistently
outperforms representative baselines (e.g., Predictive Entropy,
Semantic Entropy, LUQ) in terms of AUROC for distinguishing
correct from incorrect generations. Ablation studies further
confirm the complementarity between generation confidence and
cross-sample semantic support, with particularly pronounced
gains in long-form reasoning and multi-hop question answering
scenarios.

Index Terms—Uncertainty Quantification, Chain-of-Thought,
Large Language Models, Multi-sample Reasoning, Semantic
Support

I. INTRODUCTION

Large language models (LLMs) have shown breakthrough
capabilities across complex tasks, including dialogue systems,
knowledge-intensive QA, and multi-step reasoning [1], [2],
[3], [4]. Among them, Chain-of-Thought (CoT) prompting
explicitly guides models to generate step-by-step reasoning,
substantially improving performance on multi-turn dialogue,
logical reasoning, and math reasoning tasks [5], [6], [7],
[8]. CoT has therefore become a prominent paradigm for
enhancing LLM reasoning.

However, stronger reasoning does not eliminate unreliabil-
ity. A growing body of work shows that LLMs still hallucinate,
producing fluent but incorrect reasoning or conclusions [9],
[10]. This issue is especially critical in safety-sensitive settings
such as medical decision making, scientific analysis, and
multi-hop QA, where erroneous outputs can be costly [11].
Notably, CoT improves structure and interpretability, but fluent
and self-consistent reasoning can also mask errors, making
incorrect conclusions harder to detect.

To address this, uncertainty quantification (UQ) has been
proposed as a tool for identifying when model outputs should
be trusted [12]. Existing UQ for LLMs follows two main

lines: probability-based measures that aggregate token-level
likelihoods (e.g., Predictive Entropy and its variants) [13],
[14], [15], and semantic methods that group multiple samples
into semantically equivalent answers and estimate uncertainty
from their frequency or distribution (e.g., semantic uncer-
tainty/entropy) [15], [16]. Recent work further incorporates
semantic similarity or natural language inference to capture
cross-sample support structure [17], [18]. Despite their suc-
cess, prior studies report that explicit long-form reasoning
can lead to overconfidence in uncertainty estimates [19]. This
is often attributed to an internal trust bias: models tend to
over-trust both their final answers and their generated reason-
ing [20], [21]. In multi-sample reasoning settings, different
reasoning paths can exhibit complex patterns of agreement
and disagreement, which a single uncertainty signal cannot
fully capture.

These observations highlight a central challenge for long-
form, multi-path reasoning: how to jointly model generation
confidence and cross-sample semantic support to better char-
acterize uncertainty at the decision level.

Motivated by this, we propose CoSu-UQ (Confidence and
Support-based Uncertainty Quantification), a multi-sample UQ
framework for long-form reasoning. CoSu-UQ combines two
complementary signals: (1) response-level generation con-
fidence derived by aggregating token-level probabilities to
capture local generation risk, and (2) cross-sample semantic
support measured via sentence-level natural language infer-
ence to model agreement structure across samples. To reduce
semantic noise introduced by long or redundant intermediate
steps, CoSu-UQ performs semantic grouping and aggregation
at the final-answer level, focusing uncertainty estimation on
the decision itself.

Our contributions are summarized as follows:
1) Conceptually, we decompose uncertainty in long-form

reasoning into complementary signals from generation-
time confidence and cross-sample semantic support,
enabling a more faithful characterization of uncertainty
at the decision level.

2) Methodologically, we propose CoSu-UQ, a multi-sample
uncertainty quantification framework that jointly models
token-level generation confidence and cross-sample se-
mantic support, and aggregates uncertainty at the final-
answer level to mitigate noise from long intermediate
reasoning.



I present with painful flaccid blisters involving my skin and oral mucosa. 

Which protein function is most likely disrupted?

Step 1: Flaccid blisters that separate easily suggest loss of cell to cell adhesion.
Step 2: Oral mucosa involvement, oral mucosa lesions suggest pemphigus vulgaris.
Step 3: Pemphigus vulgaris is caused by antibodies against desmosomes.
Final Answer: Cadherin

Step 1: Widespread blistering indicates structural weakness of the skin.
Step 2: Structural integrity of epidermis depends on intermediate filaments.
Step 3: Keratin is the key intermediate filament in epithelial cells.
Final Answer: Keratin

Step 1: Flaccid, painful blisters with mucosal involvement suggest pemphigus.
Step 2: Pemphigus vulgaris disrupts desmosomal adhesion between keratinocytes.
Step 3: Desmosomes are mediated by cadherins for cell–cell binding.
Final Answer: Cadherin
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Fig. 1: Overview of the CoSu-UQ framework.

3) Empirically, we provide systematic evaluations on di-
verse reasoning benchmarks and model sizes, demon-
strating that CoSu-UQ achieves more stable and con-
sistent AUROC improvements compared to probability-
based, semantic-based, and reasoning-aware baselines.

Our code and data are publicly available at https://github.
com/interments/CoSu-UQ.

II. RELATED WORKS

Traditional uncertainty quantification for LLMs can be
broadly grouped into probability-based methods and seman-
tic aggregation over multiple samples. Probability-based ap-
proaches aggregate token-level generation probabilities to
quantify uncertainty, such as Predictive Entropy (PE) and
its length-normalized variant LN-PE [13], [14], [22]. Self-
Consistency (SC) [23] measures agreement via majority voting
over sampled answers, while Semantic Entropy performs se-
mantic clustering and computes uncertainty from the resulting
probability distribution over clusters [15], [16]. SentenceSAR
and TokenSAR reweight uncertainty with sentence-level or
token-level relevance [17].

For long-form reasoning, recent studies explicitly model
uncertainty within or across reasoning trajectories. CoT-UQ
analyzes keyword importance within a single chain to capture
intra-chain uncertainty [24], whereas LUQ leverages sentence-
level natural language inference to model cross-sample seman-
tic support and agreement [18]. Other efforts adopt graph-
based formulations, constructing semantic similarity graphs
and combining them with probabilistic signals or learned cal-
ibration mechanisms for uncertainty estimation or confidence
calibration [25], [26].

However, most prior work relies on either confidence sig-
nals or cross-sample consistency alone, limiting uncertainty
estimation in long-form reasoning.

III. METHODOLOGY

We quantify uncertainty in the reasoning process by com-
bining token-level confidence, cross-sample support, and bidi-

rectional entailment clustering over multiple sampled chains of
thought. Fig. 1 provides an overview of the proposed pipeline.

A. Multi-Sampling and Structured Reasoning

Given an input question, we prompt the model to produce
step-by-step Chain-of-Thought (Step 1, Step 2, . . . ) ending
with a Final Answer. To characterize uncertainty for the same
question, we sample the model N times (default N = 5),
obtaining a set of responses {R1, R2, . . . , RN}. Each response
contains the full reasoning chain and final answer. We then
split each response into sentence-level steps plus the final
answer, so all subsequent metrics operate at a uniform sentence
granularity.

B. Confidence Level

During generation, the model assigns a conditional prob-
ability p(t | t<t, x) to each token t in response Ri, where
x is the input question; this is our lowest-level confidence
signal. We then segment each response into sentences and
extract content words from sentence sai using spaCy POS
tagging [27], denoted as Ka

i = {k1, k2, . . . , km}. Each
keyword k can map to multiple tokens with probabilities
P(k) = {pk,1, pk,2, . . . , pk,nk

}. To capture the most uncertain
part of a semantic unit, we use min aggregation [13], [28],
[22]:

Conf(k) = min
p∈P(k)

p. (1)

For a sentence sai , we average keyword confidence to obtain
sentence-level confidence:

Confidence(sai ) =
1

|Ka
i |
∑
k∈Ka

i

Conf(k). (2)

A full response consists of multiple steps, denoted Ri =

{s1i , s2i , . . . , s
|Ri|
i }. We use a product over steps to reflect serial

dependence in multi-step reasoning:

Confidence(Ri) =

|Ri|∏
a=1

Confidence(sai ). (3)



C. Support Level

Support captures cross-sample agreement at the sen-
tence level across both reasoning steps and the fi-
nal answer. We estimate sentence-level entailment with
potsawee/deberta-v3-large-mnli and apply LUQ-
style max-over-sentences aggregation to account for para-
phrases and optional steps [18]. For a fixed sentence sai , we
take its maximum entailment probability pent over all sentences
in Rj , so a step is supported if any sentence in Rj entails it.
We then average these maxima over all sentences in Ri to
obtain response-level similarity:

Similarity(Ri, Rj) =
1

|Ri|
∑

sai ∈Ri

max
sbj∈Rj

pent(s
a
i , s

b
j), (4)

where pent(s
a
i , s

b
j) denotes the probability that sbj entails sai .

Finally, we average similarities against all other responses to
define support for Ri:

Support(Ri) =
1

N − 1

N∑
j=1,j ̸=i

Similarity(Ri, Rj). (5)

D. Level Fusion

We treat confidence and support as complementary signals
and fuse them by arithmetic averaging:

Reliability(Ri) = Mean
(
Support(Ri),Confidence(Ri)

)
. (6)

This yields a reliability score for each response Ri, reflecting
both internal generation confidence and cross-response consis-
tency.

E. Clustering

To capture overall answer uncertainty at the multi-
sample level, we cluster cleaned final answers using
bidirectional entailment. Following semantic-entropy-style
entailment clustering [16], we adopt an MNLI check-
point, microsoft/deberta-large-mnli, built upon
DeBERTa [29].

Concretely, given N sampled responses {R1, . . . , RN}, we
first deduplicate identical final answers. We then build an
undirected graph over the remaining answers: an edge is added
between two answers only when both directional entailment
conditions hold (Ri ⇒ Rj and Rj ⇒ Ri). Semantic clus-
ters are defined as the connected components of this graph.
Therefore, |C| ≤ N , where C = {C1, C2, . . . , C|C|} and
zi ∈ {1, . . . , |C|} denotes the cluster assignment of response
Ri. This definition allows transitive connectivity through in-
termediate answers (e.g., A-B and B-C), without requiring
every pair inside a cluster to be directly mutually entailed.

We define semantic uncertainty by aggregating reliability
scores within each cluster:

H = − 1

|C|

|C|∑
c=1

log

( ∑
i:zi=c

Reliability(Ri)

)
. (7)

We further normalize it into the final uncertainty score:

U = 1− exp(−H)

N
. (8)

Here, H is a cluster-mass aggregation quantity rather than a
standard probability entropy; dividing by N in Eq. (8) is a
scale normalization under a fixed sample budget (N = 5 in
our experiments).

IV. EXPERIMENTS

A. Experimental Setup

Models. We evaluate the proposed uncertainty measure
on LLMs of different scales and architectures: Qwen3-4B,
Qwen3-14B, Qwen3-32B [30], and Llama-3.1-8B [31]. All
models use identical inference and sampling settings to ensure
comparability across model sizes.
Datasets. We test on GSM8K [32], MATH [33], Hot-
potQA [34], and 2WikiMultiHopQA [35]. We additionally
include MedQA [36] as a domain-specific benchmark. Dataset-
specific preprocessing details are provided in Appendix A.
Sampling and Decoding Setup. We sample N = 5 CoT
responses per question (temperature 1.0) and compute uncer-
tainty from token-level confidence and semantic support across
samples. Additional details are provided in Appendix B.
Baselines and Implementation. We compare CoSu-UQ with
PE/LN-PE [13], [14], TokenSAR/SentenceSAR [17], SC [23],
SE [16], LUQ [18], and CoT-UQ [24]. We apply only standard
dataset-specific answer normalization and use default hyper-
parameters. For CoT-UQ, we average scores across sampled
responses. All methods are evaluated under the same sampling
budget. All experiments are conducted on a server with an Intel
Xeon Platinum 8336C CPU @ 2.30GHz and two NVIDIA
A100-SXM4-80GB GPUs.
Metric. Following standard practice in uncertainty quantifica-
tion [15], we use AUROC as the primary metric for evaluating
how well uncertainty scores separate correct from incorrect
predictions [37]. In the multi-sample setting, we adopt the se-
lective generation protocol commonly used in self-consistency
reasoning [23]. Since the system ultimately outputs a single
prediction corresponding to the dominant semantic answer
cluster, uncertainty is assessed with respect to this final deci-
sion rather than individual samples. Concretely, we select the
highest-probability response from the largest semantic cluster
as the representative output. Correctness labels are obtained
via majority voting among three independent LLM judges,
which yields high agreement with human annotations; details
are provided in Appendix C.

B. Main Results

Table I reports the AUROC results of CoSu-UQ compared
with representative UQ baselines across reasoning benchmarks
and model sizes. In general, CoSu-UQ achieves more consis-
tent and robust performance by jointly capturing generation
confidence and cross-sample semantic support.
Task dependence of single-signal uncertainty methods.
Methods relying on a single uncertainty signal show clear task
dependence. Probability-based methods are strong on short and
structured reasoning tasks such as GSM8K (e.g., on GSM8K
with Llama-3.1-8B, PE reaches 0.8314 while CoSu-UQ is
0.8261 in Table I), suggesting token-level likelihood already



TABLE I: Main results (AUROC) on reasoning datasets and MedQA. Bold indicates the best result; † indicates the second
best. S-SAR and T-SAR denote SentenceSAR and TokenSAR, respectively; SC denotes Self-Consistency.

Models Datasets PE LN-PE S-SAR T-SAR SE SC LUQ CoT-UQ Ours

Llama3.1-8B

GSM8K 0.8314 0.8200 0.5698 0.8199 0.8201 0.7815 0.7953 0.7536 0.8261†

MATH 0.8499 0.7805 0.7843 0.7805 0.7723 0.8867 0.8881† 0.7967 0.9066
HotpotQA 0.7609 0.7776 0.7741 0.7776 0.7492 0.8784 0.8251 0.7522 0.8408†

2WikiMultiHopQA 0.6811 0.7296 0.7471 0.7296 0.6120 0.8589 0.6710 0.7479 0.8004†

MedQA 0.7022 0.6741 0.6370 0.6741 0.6719 0.8198† 0.7732 0.6498 0.8209

Qwen3-4B

GSM8K 0.8344† 0.8087 0.5664 0.8088 0.8091 0.7338 0.8174 0.7939 0.8612
MATH 0.9174† 0.8578 0.6241 0.8579 0.8653 0.8733 0.8944 0.8469 0.9580
HotpotQA 0.6852 0.6798 0.5612 0.6799 0.6947 0.8632† 0.8315 0.6343 0.8653
2WikiMultiHopQA 0.6662 0.6826 0.4887 0.6823 0.6157 0.8146† 0.7726 0.7337 0.8335
MedQA 0.6648 0.6233 0.5838 0.6234 0.6446 0.6576 0.6740† 0.5881 0.7093

Qwen3-14B

GSM8K 0.8534 0.8116 0.6791 0.8113 0.8113 0.6804 0.8717† 0.7474 0.8921
MATH 0.9262† 0.8300 0.5877 0.8302 0.8296 0.9114 0.9232 0.8801 0.9865
HotpotQA 0.6489 0.6748 0.6494 0.6747 0.6802 0.8391 0.8133 0.6316 0.8177†

2WikiMultiHopQA 0.6941 0.7839 0.6584 0.7838 0.7656 0.8189† 0.7224 0.7881 0.8247
MedQA 0.6875 0.7009 0.6747 0.7009 0.6992 0.7093† 0.6704 0.6614 0.7407

Qwen3-32B

GSM8K 0.8839 0.8858 0.7984 0.8864† 0.8864† 0.7620 0.8603 0.8569 0.9465
MATH 0.9210† 0.8253 0.7193 0.8249 0.8211 0.8188 0.8593 0.8318 0.9732
HotpotQA 0.6702 0.6874 0.6775 0.6875 0.6667 0.8606† 0.8423 0.6623 0.8736
2WikiMultiHopQA 0.5826 0.7219 0.6443 0.7220 0.7505 0.8431† 0.8260 0.7323 0.8452
MedQA 0.7223 0.7177 0.6829 0.7177 0.7189 0.8276† 0.7858 0.6777 0.8587

captures much of the uncertainty in these settings. By contrast,
in multi-hop or long-form reasoning, probability signals are
more affected by length bias and locally high-confidence errors
(e.g., on 2WikiMultiHopQA with Qwen3-14B, PE improves
from 0.6941 to 0.8247 with CoSu-UQ in Table I). Seman-
tic relevance methods (SentenceSAR/TokenSAR) can provide
additional discrimination in some cases but are overall less
stable (e.g., on GSM8K with Qwen3-4B, SentenceSAR drops
to 0.5664 compared to CoSu-UQ 0.8612 in Table I).

Limitations of semantic clustering under long-form rea-
soning. Semantic Entropy (SE) can be competitive in some
multi-hop settings but often degrades in long-form reasoning
due to redundancy in intermediate steps (e.g., on HotpotQA
with Qwen3-14B, SE drops to 0.6802 while CoSu-UQ reaches
0.8177 in Table I). This suggests that SE clustering may reflect
superficial similarity of reasoning traces rather than disagree-
ment at the final-answer level, limiting its discriminative power
in long-form reasoning.

Robust gains from jointly modeling confidence and seman-
tic support. CoSu-UQ shows more consistent gains across
tasks and model scales. Generation confidence captures locally
unstable steps early in the reasoning process, while cross-
sample semantic support explicitly models mutual corrobo-
ration among reasoning paths, reducing “high-confidence but
wrong” cases. This advantage is especially clear in math and
multi-hop reasoning (e.g., on MATH with Qwen3-14B, CoSu-
UQ reaches 0.9865, exceeding PE 0.9262 and LUQ 0.9232
in Table I). CoSu-UQ also remains best on domain-specific
medical QA across model sizes (e.g., on MedQA with Qwen3-
32B, it achieves 0.8587, outperforming LUQ 0.7858 and PE
0.7223 in Table I).

Majority agreement is informative but not sufficient. We

TABLE II: Ablation of confidence-only, support-only, and
combined signals for uncertainty estimation (AUROC). Bold
indicates the best result; † indicates the second best.

Run Setting Dataset Confidence-only Support-only Combined

Llama-3.1-8B

GSM8K 0.8238† 0.8215 0.8261
MATH 0.8627 0.9046† 0.9066
HotpotQA 0.7552 0.8400† 0.8408
2WikiMultiHopQA 0.7942† 0.7730 0.8004

Qwen3-4B

GSM8K 0.8609† 0.8424 0.8612
MATH 0.9469 0.9550† 0.9580
HotpotQA 0.8027 0.8629† 0.8653
2WikiMultiHopQA 0.8184† 0.8146 0.8335

Qwen3-14B

GSM8K 0.8440 0.8877† 0.8921
MATH 0.9813 0.9825† 0.9865
HotpotQA 0.7203 0.8153† 0.8177
2WikiMultiHopQA 0.8152† 0.8063 0.8247

Qwen3-32B

GSM8K 0.9336 0.9462† 0.9465
MATH 0.9689† 0.9571 0.9732
HotpotQA 0.8308 0.8588† 0.8736
2WikiMultiHopQA 0.8011 0.8403† 0.8452

additionally include a Self-Consistency (SC) baseline that
measures uncertainty via the relative mass of the largest
semantic cluster. SC performs strongly on some multi-hop
QA settings, highlighting that majority answer agreement can
serve as an informative uncertainty signal (e.g., on HotpotQA
with Llama3.1-8B, SC reaches 0.8784 in Table I). However,
SC is purely frequency-based and cannot detect cases where
responses are highly consistent yet systematically wrong,
leading to less stable behavior across tasks. In contrast, CoSu-
UQ integrates both generation confidence and cross-sample
semantic support, yielding more robust uncertainty estimation
across diverse reasoning scenarios.

C. Ablation Studies

Confidence vs. Support. Table II compares confidence-only
and support-only variants of CoSu-UQ. Confidence captures



GSM8K Math HotpotQA 2Wiki

0.6

0.7

0.8

0.9

1.0
AU

RO
C

Final Answer Clustering
Full Reasoning Clustering

(a) Llama-3.1-8B

GSM8K Math HotpotQA 2Wiki

0.6

0.7

0.8

0.9

1.0

AU
RO

C

Final Answer Clustering
Full Reasoning Clustering

(b) Qwen3-4B

GSM8K Math HotpotQA 2Wiki

0.6

0.7

0.8

0.9

1.0

AU
RO

C

Final Answer Clustering
Full Reasoning Clustering

(c) Qwen3-14B

GSM8K Math HotpotQA 2Wiki

0.6

0.7

0.8

0.9

1.0

AU
RO

C

Final Answer Clustering
Full Reasoning Clustering

(d) Qwen3-32B

Fig. 2: Bidirectional entailment clustering on final answers vs.
full reasoning.
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Fig. 3: Keyword-based vs. direct aggregation (AUROC) across
models and datasets.

token-level reliability and remains strong and competitive in
some GSM8K and MATH settings. Support captures cross-
sample semantic agreement and is often more helpful in long
multi-hop settings (e.g., HotpotQA and 2WikiMultiHopQA),
where token-probability signals can be noisier. Notably, nei-
ther single signal dominates uniformly across all settings;
performance depends on both dataset and model. Combining
both signals consistently yields the best AUROC across all
datasets, confirming their complementarity and motivating our
final joint design.
Clustering Granularity. Fig. 2 studies how semantic clus-
tering choices affect uncertainty estimation. We find that
clustering final answers consistently outperforms clustering
full reasoning traces. This is because intermediate chains
often share superficial overlap even when the final conclusions
diverge, which can blur disagreement signals. Entailment-
based clustering further improves robustness by grouping
answers that are logically consistent despite lexical variation.
These results suggest that uncertainty should be anchored
at the decision level rather than at noisy intermediate steps;
accordingly, we adopt answer-level entailment clustering in
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Fig. 5: Effect of sampling temperature on AUROC and accu-
racy.

CoSu-UQ. We report the full AUROC table in Appendix D.
Keyword Filtering. Fig. 3 evaluates whether keyword-based
token aggregation improves confidence estimation. Overall,
keyword filtering is beneficial in 12 of 16 model–dataset
settings. Gains are consistent on GSM8K and 2WikiMulti-
HopQA (4/4 models each), while MATH and HotpotQA show
mixed results (2/4 each). Therefore, we retain keyword-based
aggregation as a lightweight refinement. From a computational
perspective, the end-to-end runtime can be approximated as
T ≈ Tsample + Tsplit +max(Tconf, Tsup, Tcluster) + Tfusion + Tagg.
Under the same hardware setup and profiling protocol (300
sampled responses per dataset), our runtime measurements
averaged across the four models show that Tsup ≈ 4 h 32 min
and Tcluster ≈ 3.54 s. For the confidence branch, T keyword

conf ≈ 4
min 50 s, while T direct

conf ≈ 10 s. Since the critical path is
dominated by Tsup, keyword filtering adds limited additional
end-to-end wall-clock overhead in practice.
Sampling Size. We ablate aggregation uncertainty by varying
sample count while keeping uncertainty sources fixed. We
generate 20 responses per question and build subsets with
k ∈ {2, 3, 4, 5, 6, 7, 9, 12, 15, 20} using the first k samples, so
differences are attributable only to sample size. We evaluate
confidence-only, support-only, and the combined uncertainty.
With small k, support estimates are noisier because each
response has limited peer evidence. As Fig. 4 shows, per-
formance improves with k and peaks around k = 5–7 for
all variants, with the combined method consistently on top.
Performance saturates beyond k ≈ 7, indicating diminishing
returns and that a modest budget (N = 5–7) is sufficient for
stable uncertainty estimates. Detailed AUROC values for each



sampling size are reported in Appendix E.
Sampling Temperature. Fig. 5 analyzes how decoding tem-
perature affects both answer accuracy and uncertainty discrim-
ination. As temperature increases, sampling becomes more
diverse, shifting the distribution of reasoning paths and thus
impacting UQ performance. Overall, CoSu-UQ remains robust
across a wide temperature range and consistently achieves
strong AUROC, indicating that jointly modeling confidence
and cross-sample semantic support is stable under different
sampling regimes. We also observe that moderate temperatures
strike a favorable balance between answer correctness and
semantic diversity, while overly low or high temperatures
reduce sample informativeness or reliability.

V. CONCLUSION

We propose a unified uncertainty quantification approach
for reasoning-centric language models that fuses generation
confidence with cross-sample semantic support. Answer-level
bidirectional entailment clustering captures both internal un-
certainty and cross-response disagreement. Extensive experi-
ments across diverse reasoning tasks show this joint modeling
yields more stable and reliable uncertainty estimates than
probability or semantics-based baselines.

VI. LIMITATIONS

While the proposed method performs stably across models
and tasks, it relies on multi-sample generation and extra
semantic modeling, increasing overhead versus single-pass
probability-based methods. Future work may explore more
efficient implementations to reduce inference cost.
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APPENDIX

A. Dataset Processing Details

We benchmark on GSM8K [32], MATH [33], 2WikiMulti-
HopQA [35], HotpotQA [34], and MedQA [36]. For MATH,
we clean and normalize answers by retaining only parsable
numeric values or simple expressions. For multi-hop QA
datasets, we do not use supporting documents and rely only on
the question text, treating them as generative reasoning tasks.

B. One-shot Chain-of-Thought Prompting.

We use a one-shot Chain-of-Thought (CoT) prompting strat-
egy for all experiments. We prepend a single demonstration
example with step-by-step reasoning, encouraging the model
to produce structured reasoning steps and a final answer in a
consistent format:

System: Please reason the following
question step by step. Label each reasoning
step as ‘‘Step i’’, and provide the final
answer on a separate line starting with
‘‘Final Answer:’’.
User: Question: [One-shot example question]
Assistant: Step 1: ...
Final Answer: [Example final answer]
User: Question: [Target question]

For MedQA, we use the same multi-turn one-shot con-
struction as GSM8K, with an explicit multiple-choice answer
format constraint:

System: Please reason the following
question step by step. Label each reasoning
step as ‘‘Step i’’, and provide the final
answer on a separate line starting with
‘‘Final Answer:’’. Extremely Important: The
Final Answer must follow the format ‘‘Final
Answer: [Option Letter] ([Option Text])’’.
User: Question: [One-shot example question]
Assistant: Step 1: ...
Step 2: ...
Final Answer: [Option Letter] ([Option
Text])
User: Question: [Target question]

In implementation, prompts are instantiated from structured
templates by replacing placeholders for the demonstration
question/answer and the target question. We use the same
sampling configuration as in Sec. IV-A: each query is sampled
N = 5 times with temperature 1.0, and all models follow
identical inference settings for fair comparison. For MedQA,
we additionally enforce answer-format validity during parsing:
only outputs matching “Final Answer: [Option Letter] ([Op-
tion Text])” are accepted as valid final answers for downstream
uncertainty computation. This constraint reduces formatting
noise and improves consistency of answer extraction across
samples.

C. Human Annotation Study

To validate the reliability of LLM-as-judge labeling, we
conduct a human annotation study on two model sizes
(Qwen3-4B and Qwen3-32B) across three datasets (MATH,
HotpotQA, and MedQA), as summarized in Table III. For each
model–dataset pair, we sample 100 instances and annotate
one response per instance (600 samples total), assigning bi-
nary labels based only on final-answer correctness. Automatic
labels are obtained via majority voting among three judge
models (GPT-4.1-mini1, DeepSeek-V3.2-Fast2, and Grok-4-1-
Fast-Reasoning3) to reduce individual bias.

TABLE III: Human annotation subsets by model size and
dataset.

Model Dataset Consistency

Qwen3-4B
GSM8K 98%
HotpotQA 98%
MedQA 99%

Qwen3-32B
GSM8K 99%
HotpotQA 98%
MedQA 99%

Overall, agreement between LLM-as-judge labels and hu-
man annotations is consistently high (98%–99%) across all
evaluated subsets, supporting the reliability of our automatic
labeling protocol for final-answer correctness.

1https://openai.com/index/gpt-4-1/
2https://chat.deepseek.com/
3https://x.ai/grok



D. Clustering and Keyword Filtering Ablations.

Table IV reports additional AUROC results for answer-level
clustering versus full-reasoning clustering, as well as keyword-
based confidence aggregation versus direct aggregation.

TABLE IV: Ablations on clustering granularity and keyword
filtering (AUROC). Ours uses final-answer clustering + key-
word aggregation. w/o FinalAns replaces final-answer clus-
tering with full-reasoning clustering. w/o Keywords replaces
keyword aggregation with direct aggregation.

Model Dataset Ours w/o FinalAns w/o Keywords
Llama-3.1-8B GSM8K 0.8261 0.8159 0.8206
Llama-3.1-8B MATH 0.9066 0.8948 0.9073
Llama-3.1-8B HotpotQA 0.8408 0.7950 0.8389
Llama-3.1-8B 2WikiMultiHopQA 0.8004 0.6078 0.7950
Qwen3-4B GSM8K 0.8612 0.8593 0.8494
Qwen3-4B MATH 0.9580 0.7592 0.9631
Qwen3-4B HotpotQA 0.8653 0.7865 0.8738
Qwen3-4B 2WikiMultiHopQA 0.8335 0.6651 0.8254
Qwen3-14B GSM8K 0.8921 0.8874 0.8874
Qwen3-14B MATH 0.9865 0.9255 0.9837
Qwen3-14B HotpotQA 0.8177 0.7602 0.8223
Qwen3-14B 2WikiMultiHopQA 0.8247 0.7641 0.8217
Qwen3-32B GSM8K 0.9465 0.9188 0.9409
Qwen3-32B MATH 0.9732 0.9212 0.9714
Qwen3-32B HotpotQA 0.8736 0.7738 0.8664
Qwen3-32B 2WikiMultiHopQA 0.8452 0.7850 0.8389

E. Sampling Size Ablation Table

Table V reports AUROC for confidence-only, support-only,
and combined variants across different sampling sizes.

TABLE V: Sampling size ablation with different uncertainty
signals (AUROC). Bold indicates the best result and † indicates
the second best within each row.

Samples (k) Confidence-Only Support-Only Combined
2 0.8362 0.7427 0.8005†

3 0.8205 0.7425 0.7838†

4 0.8124† 0.7760 0.8302
5 0.8241† 0.8220 0.8282
6 0.8332† 0.8144 0.8484
7 0.8280† 0.8232 0.8325
9 0.8093† 0.7968 0.8096
12 0.8169 0.8197† 0.8261
15 0.7796 0.7862† 0.7878
20 0.7865† 0.7839 0.7911


