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Motivation

Multi-sample UQ methods commonly use a fixed
sampling budget, leading to:
• Redundant sampling: easy queries may not

need the full sampling budget.
• Consistent errors: semantically consistent but

incorrect generations can yield spuriously low
uncertainty.

▶ Key Insight
Sampling should stop when semantic uncertainty
stabilizes, while a complementary token-level sig-
nal is needed to detect consistent errors.

Comparison of UQ paradigms. Existing semantic-level

approaches (top). In contrast, CASE (bottom).

Semantic-Level Uncertainty

Given sampled responses Ak = {a1, . . . , ak}, CASE
constructs a contradiction graph using an NLI
model.

1. Sparsify:

Wij = max(0, PC(ai, aj)− PE(ai, aj)) .

2. Symmetrize:

H
(k)
ij =

{︄√︁
WijWji, i ̸= j,

0, i = j.

3. Measure global contradiction:

U (k)
spec =

∥H (k)∥2
k − 1

, U (k)
spec ∈ [0, 1].

▶ Interpretation
Larger Uspec indicates stronger global semantic
contradiction among sampled responses.

Adaptive Sampling

Starting from k = 2, generate a new response only
while the spectral uncertainty is still changing
substantially.

∆U (k) =
⃓⃓⃓
U (k)
spec − U (k−1)

spec

⃓⃓⃓
.

Stop when ∆U (k) ≤ ϵ for τ consecutive steps. The
final semantic uncertainty is Uspec = U

(K)
spec.

▶ Why normalization matters
The denominator k−1 provides a scale-invariant
score that can be compared across different sam-
pling stages.
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𝑘: current sample size

𝐾: final sample size

𝑃- : contradiction probability 

𝑃. : entailment probability 

𝑊: sparsified directed contradiction matrix

𝐻: symmetrized mutual contradiction matrix 𝐻 /: the spectral norm of matrix 𝐻
𝑎' 𝑎) : sparsified contradiction graph

Overview of the CASE framework. The proposed architecture operates through three main
components: (1) Semantic-Level Uncertainty; (2) Token-Level Uncertainty ; and (3)

Token-Semantic Fusion.

Token-Level Uncertainty

Semantic signals can collapse when all sampled responses agree, including cases of
consistent errors. CASE therefore generates one low-temperature base response y∗

and computes average token entropy:

Uen(x) = − 1

L

L∑︂
t=1

∑︂
v∈V

P (v | x, y∗<t) logP (v | x, y∗<t).

The final score is
UCASE(x) = Uspec(x) + αUen(x).

Experimental Setup

Datasets: NQ, TriviaQA, HotpotQA, PopQA.
LLMs: LLaMA-3-8B-Instruct, Qwen3-8B, Qwen3-14B.
Baselines: PPL, P(true), Entropy, SE, KLE, SNNE.
Metrics: AUROC, AUARC.
Adaptive sampling: Kmin = 2, Kmax = 10, ϵ = 0.01, τ = 2.

Main Results

Main results across four factual QA datasets.

Compared with fixed-budget multi-sample baselines:
• CASE uses 5.88–7.50 samples per query, versus 10 for fixed-budget SE/KLE.
• This corresponds to approximately 25–40% fewer samples.

Ablation & Robustness

Ablation of CASE Components

CASE combines adaptive sampling and token-level
entropy. We remove each component to analyze its
contributions.

Method AUROC AUARC Samp.

w/o Adaptive 82.39 74.30 10.0

w/o Uen 78.55 69.62 6.66

CASE 81.54 73.68 6.66

Token-level Entropy Mitigates Consis-
tent Errors

When sampled responses are semantically consistent,
spectral uncertainty alone struggles to identify incor-
rect generations. Token-level entropy provides a com-
plementary uncertainty signal.

Token-level entropy improves discrimination between

correct answers and consistent errors.

Fusion Coefficient Sensitivity

CASE remains robust across different fusion coeffi-
cients α. Introducing token entropy improves uncer-
tainty estimation and stabilizes performance.
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AUROC and AUARC under different fusion coefficients.

Adaptive Sampling Trade-off

The stopping tolerance ϵ and patience τ control the
trade-off between uncertainty quality and sampling
cost.
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