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Abstract

Safe and reliable large language models should
abstain when a question falls beyond their
knowledge boundary.  Existing abstention
methods often use prompt-level uncertainty
signals, such as semantic entropy or sampling
consistency, as proxies for this boundary, treat-
ing instability under the current prompt as evi-
dence that the question is unanswerable. We
argue that this prompt-level view is overly
conservative: the same underlying question
can exhibit different stability under different
formulations, and high uncertainty under one
prompt may indicate that the answer has not
been stably reached rather than that the model
lacks the relevant knowledge. We propose
a test-time question-level probing framework
that uses existing prompt-level uncertainty sig-
nals rather than introducing a new uncertainty
metric. When the original prompt is unsta-
ble, the framework probes semantically equiv-
alent reformulations and accepts an answer
only when multiple stable views provide con-
sistent low-entropy evidence. This observ-
able behavior serves as an operational proxy
for question-level answerability under a fixed
model, sampling configuration, and reformula-
tion set. The method requires no target-model
training or parameter updates and is compati-
ble with semantic entropy and its variants. Ex-
periments show that question-level probing re-
covers prompt-sensitive answers incorrectly re-
jected by prompt-level methods and improves
the risk-coverage trade-off with controlled er-
ror rates. The code is available at GitHub
repository.

1 Introduction

As large language models are increasingly inte-
grated into practical applications, ensuring their
reliability has become a central concern (Wang
et al., 2026a). In factual question answering, they
may produce fluent but factually incorrect answers,
a phenomenon known as hallucination (Ji et al.,

2023; Wen et al., 2025; Maynez et al., 2020). Re-
liable systems must therefore recognize the bound-
aries of their knowledge and abstain when a ques-
tion falls beyond them (Yin et al., 2024). Uncer-
tainty quantification provides a central signal for
this decision, with common approaches including
self-evaluation, sampling consistency, and black-
box uncertainty estimation (Kadavath et al., 2022;
Manakul et al., 2023; Huang et al., 2025). Seman-
tic entropy has become a prominent tool in this
space: it measures the dispersion of sampled re-
sponses over semantic equivalence clusters, reduc-
ing sensitivity to superficial wording differences
when estimating hallucination risk and response re-
liability (Kuhn et al., 2023; Farquhar et al., 2024;
Kossen et al., 2024; Nikitin et al., 2024).

However, existing abstention methods largely
make decisions from the model’s behavior un-
der the current prompt. Uncertainty-based selec-
tive answering methods typically abstain when a
risk score exceeds a threshold (Farquhar et al.,
2024; Abbasi-Yadkori et al., 2024; Tjandra et al.,
2024; Phillips et al., 2026), while methods based
on supervised fine-tuning (Zhang et al., 2024),
preference optimization (Cheng et al., 2024), or
multi-model collaboration (Feng et al., 2024) re-
quire additional annotation, training, or inference
cost. Abstention has also been studied from sur-
vey and benchmark perspectives (Wen et al., 2025;
Madhusudhan et al., 2025). Despite these ad-
vances, such methods typically treat instability un-
der the current prompt as evidence that the ques-
tion should not be answered. We argue that this
prompt-level boundary can be overly conservative:
high semantic entropy may indicate not that the
model lacks the relevant knowledge, but that the
current prompt fails to stably elicit it. As a result,
prompt-level uncertainty may place some prompt-
sensitive but recoverable questions outside the an-
swerable boundary.

A more fundamental issue lies in the granular-
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ity of the decision. Standard semantic entropy
and Conformal Abstention make abstention deci-
sions at the prompt level, while Semantic Density
(Qiu and Miikkulainen, 2024) and verbalized con-
fidence (Tian et al., 2023) rank or calibrate outputs
at the response or confidence level. In all cases, the
object of observation remains a single prompt or a
single response. This is limiting because the same
underlying question can be expressed in multiple
ways, and model behavior may vary with the formu-
lation or interaction context (Xie et al., 2024; Wang
et al., 2026b). For example, the model may answer
“Steve Jobs and Steve Wozniak™ stably for “Who
founded Apple?” but drift among variants includ-
ing or omitting Ronald Wayne under another equiv-
alent formulation. A prompt-level method would
treat the unstable formulation as high-entropy and
abstain, even though the underlying question may
still be answerable.

To address this issue, we propose a test-time
framework for question-level probing and selective
answering. Motivated by prior work showing that
answer stability can depend on prompt formulation
(Kadavath et al., 2022; Li et al., 2025), we shift
abstention from the current prompt to the under-
lying question. The framework answers directly
when the original prompt yields stable responses;
otherwise, it probes semantically equivalent refor-
mulations and accepts an answer only when they
provide consistent low-entropy evidence that the
answer can be stably reached. If no equivalent
view recovers such evidence, the system abstains.
Rather than introducing a new uncertainty met-
ric, the framework computes KLE independently
within each prompt and combines conditional trig-
gering, equivalence filtering, and cross-view con-
sistency. Under a fixed model, sampling config-
uration, and reformulation set, we operationalize
reachability as whether multiple stable views con-
sistently support the same answer, using this ob-
servable behavior to approximate the question’s
latent answerability. The framework is training-
free with respect to the target model, requiring no
target-model training or parameter updates, and
it remains compatible with multiple semantic en-
tropy implementations.

Our main contributions are as follows:

(1) We study questions that are unstable under
the original prompt but may still be recoverable,
and propose a systematic abstention-recovery ap-
proach that reduces their misclassification as unan-
swerable by prompt-level methods.

(2) We introduce a question-level boundary
probing framework that lifts abstention decisions
from a single prompt or response to multiple equiv-
alent formulations of the same underlying question,
using consistent low-entropy evidence to assess an-
swer reachability.

(3) We design a denoising pre-screening mech-
anism based on semantic entropy decomposition,
which exits early when a stable dominant answer
can be identified and thereby reduces the average
cost of reformulation-based recovery.

(4) We analyze which paraphrase character-
istics support correct-answer recovery, showing
that clear, standard, or suitably terminology-aware
formulations can reveal stable answer evidence
missed under the original prompt.

2 Related Work

2.1 Knowledge Boundaries

Reliable large language models need to recog-
nize the boundaries of their knowledge and ab-
stain when a question falls beyond them. Exist-
ing work has studied this capability from the per-
spectives of training, collaboration, and evaluation.
Some methods construct unknown or unanswer-
able data, apply supervised fine-tuning, or use pref-
erence optimization to teach models to answer “I
don’t know” when uncertain (Zhang et al., 2024;
Cheng et al., 2024). Another line of work iden-
tifies model knowledge gaps through multi-model
collaboration, thereby triggering abstention in po-
tential hallucination scenarios (Feng et al., 2024).
In addition, prior studies have systematically sur-
veyed abstention in large language models or in-
troduced dedicated benchmarks for evaluating ab-
stention on unanswerable questions (Wen et al.,
2025; Kirichenko et al., 2025). A recent survey on
knowledge boundaries further points out that some
knowledge may exist in model parameters but can-
not always be reliably used under arbitrary prompt
formulations (Li et al., 2025). These works mainly
focus on how to identify or handle questions be-
yond the boundary, whereas we study a more fun-
damental question: whether the uncertainty bound-
ary induced by the current prompt is equivalent to
the reachability boundary of the underlying ques-
tion.

2.2 Entropy-Based Boundaries

Sampling-based uncertainty estimation assesses
whether model responses remain consistent across
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multiple generations, and has become an important
approach for factuality detection and selective an-
swering. Representative black-box methods judge
generation reliability through cross-response con-
sistency checks (Manakul et al., 2023; Huang et al.,
2025). Semantic entropy further lifts consistency
from the string level to the semantic level, mea-
suring response stability under the current prompt
by computing entropy over semantic equivalence
clusters (Kuhn et al., 2023; Farquhar et al., 2024).
Subsequent work has developed semantic entropy
probes and kernel language entropy to improve es-
timation efficiency or capture finer-grained seman-
tic similarity (Kossen et al., 2024; Nikitin et al.,
2024). These methods typically treat stability un-
der the current prompt as evidence of answer re-
liability. In contrast, we ask whether the knowl-
edge boundary induced by prompt-level stability is
overly conservative, and further probe whether the
underlying question behind a high-entropy prompt
can still be stably reached. Alignment training may
also alter the sampling distribution, making the
relationship between stability signals and factual
knowledge more complex (Liu, 2026).

2.3 Question-Level Probing

Existing selective answering methods typically es-
timate risk for a given prompt or a given response,
and trade off coverage against error rate. Self-
evaluation methods prompt the model to judge
whether its own answer is correct, thereby ob-
taining response-level confidence (Kadavath et al.,
2022). Verbalized confidence methods study how
to elicit calibrated confidence scores from models
aligned with human feedback (Tian et al., 2023).
Representation-based methods use hidden states
or activation features to predict answer truthful-
ness (Azaria and Mitchell, 2023; Chen et al., 2024;
Lavi et al., 2026). In addition, confidence esti-
mation in semantic space and conformal absten-
tion improve selective answering from the perspec-
tives of response-level semantic density and cali-
bration guarantees, respectively (Qiu and Miikku-
lainen, 2024; Abbasi-Yadkori et al., 2024). Stabil-
ity across equivalent formulations is also relevant:
Elazar et al. (2021) expose inconsistent factual pre-
dictions across paraphrased templates; Li and Huai
(2025) use perturbations to estimate uncertainty in
generated explanations; Kumar et al. (2025) use
uncertainty to select chain-of-thought demonstra-
tions; and Cox et al. (2025) sample paraphrases to
calibrate prompt-sensitive models and decompose

uncertainty. Our goal is different: we compute
KLE independently within each prompt, invoke re-
formulation only after an uncertainty trigger, fil-
ter for semantic equivalence, and accept an answer
only from cross-view consistent low-entropy evi-
dence, rather than pooling rewrites into a new un-
certainty estimator.

3 Method

Our method uses semantic stability under a sin-
gle prompt as its basic signal. When the origi-
nal prompt is unstable, it expands the evaluation
to a set of semantically equivalent prompts, so that
answer-or-abstain decisions are made at the ques-
tion level rather than for one prompt alone. We first
introduce the semantic stability score used in this
work, and then describe the three-stage question-
level abstention framework built on top of it.

3.1 Semantic Stability Estimation

Given a prompt p, we independently sample N
responses {ai,...,ay} from the model M, and
compare whether these responses semantically
point to the same answer. Let s(a;, a;) denote the
semantic similarity between two responses. By de-
fault, we compute this similarity using a bidirec-
tional entailment score from an NLI model, which
captures answer equivalence across different sur-
face forms. The pairwise similarities form a kernel
matrix

K ¢ RVN K, = s(ai, a ) (D

On top of this similarity structure, we use Ker-
nel Language Entropy (KLE) (Nikitin et al., 2024)
to convert pairwise semantic similarity into a con-
tinuous uncertainty score. As illustrated in Fig-
ure 1, sampled responses can be viewed as nodes
in a graph, and NLI similarities define semantic
connections between them. These connections are
used to construct and normalize a semantic kernel
matrix. After eigendecomposition of the normal-
ized kernel, KLE is defined as the spectral entropy:

N
K’ = K/ur(K),KLE(p) = = Y " Ajlog); (2)
j=1

where {); }é\le are the eigenvalues of K’ and sat-
isfy > j Aj = 1. When responses concentrate on
a small number of semantic modes, the spectrum
is also concentrated, KLE is low, and the model is
treated as more certain under the prompt. When
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Figure 1: Semantic stability estimation with KLE. Responses sampled from the same prompt are connected by
NLI-based semantic similarities, which form a normalized semantic kernel. A concentrated eigenvalue spectrum
indicates higher prompt-level certainty, while a dispersed spectrum indicates higher uncertainty.

responses spread across multiple conflicting or un-
related semantic modes, the spectrum is more dis-
persed, KLE is high, and the model is treated as
more uncertain.

The question-level framework below treats the
prompt-level uncertainty estimator as a modular
component. For any prompt p, the framework
only requires an uncertainty score u(p) and a dom-
inant answer a(p) extracted from the sampled re-
sponses. In this work, we instantiate u(p) with
KLE(p); lower values indicate that responses con-
centrate on fewer semantic modes and thus reflect
higher prompt-level certainty. We further use p(p)
to denote the strength of the dominant semantic
mode. For the original user prompt py, we write

up = u(po), ao = a(po), and py = p(po).

3.2 Question-Level Framework

Before invoking question-level paraphrase prob-
ing, the framework first checks whether the orig-
inal prompt already provides enough evidence for
an answer. The first case is direct acceptance: if ug
is below the threshold 7, the original prompt stably
points to its dominant answer, and the framework
returns ag. The second case is early-exit accep-
tance: some examples have non-negligible over-
all uncertainty but still contain a clear dominant
semantic mode, with disagreement mainly com-
ing from a small number of scattered responses.
For such examples, Variant B accepts ag when the
dominant-mode strength py exceeds a threshold
and the remaining responses do not form a com-
peting stable answer, avoiding unnecessary para-
phrase probing. Variant A skips this rule and sends
all examples that fail direct acceptance to the para-
phrase probing stage.

If the original prompt is not accepted by the
above rules, the framework enters question-level
paraphrase probing. This stage generates a set of
prompts {p1, ..., px } that are semantically equiv-
alent to po, and estimates uy = u(py) and a; =
a(py,) for each prompt. These prompts provide dif-

ferent surface views of the same underlying ques-
tion; the framework returns an answer only when
multiple views provide low-uncertainty and mutu-
ally consistent evidence, and abstains otherwise.
The next section describes paraphrase generation,
equivalence verification, and aggregation.

3.3 Probing and Aggregation

For examples not accepted at the original-prompt
stage, the framework probes other surface views
of the same underlying question through semanti-
cally equivalent paraphrases. A paraphraser gener-
ates K candidate prompts {p1,...,px} from po,
preserving the queried subject, factual attribute,
and expected answer type while changing only
the wording. To cover plausible user formula-
tions, we guide generation with five lightweight
roles: Layperson, Student, Expert, Researcher,
and Wildcard. The full prompts are provided in
Appendix B.

Paraphrase probing is designed to vary the sur-
face wording while preserving the question-level
semantic core. In our factual QA setting, this
means preserving the queried subject, factual at-
tribute, and expected answer type. Since the para-
phraser may introduce semantic drift, the frame-
work verifies each candidate prompt for equiva-
lence and keeps it only if it points to the same
underlying fact as pg. Let P (pg) denote the set
of prompts that pass this verification. For each
Pk € PT(po), the framework resamples responses
and computes u;, = u(py) and a = a(pg) as in
Section 3.1. In this way, Stage 3 collects stability
evidence for the same question under different sur-
face views, rather than expanding or replacing the
question itself.

After re-estimation, the framework looks for
stable evidence that is mutually supported across
verified paraphrases. Let S = {k Pr €
P+ (po), ur < 7} denote the set of low-uncertainty
paraphrases. The framework then checks whether
their dominant answers agree. If some answer
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Figure 2: Overview of the question-level abstention framework. The method evaluates the original prompt, op-
tionally applies a dominant-answer early exit in Variant B, and then probes semantically equivalent prompts when

needed.

is supported by at least X prompts in S, the
framework treats the underlying question as sta-
bly answerable across multiple surface views, and
returns the dominant answer from the lowest-
uncertainty supporting view. If there are too few
low-uncertainty views, or if stable views give con-
flicting answers, the available evidence is insuffi-
cient to justify an answer, and the framework ab-
stains.

3.4 Decision Rule and Variants

Putting the stages together, let £y denote the early-
exit condition for the original prompt, where the
dominant mode is strong enough and no competing
stable answer is present. The framework returns

ap, ug < T,

agp, Variant B and E/
Output(pg) = 0 0

Qg JA: |S4| > X,

Abstain, otherwise

3)
where S4 = {k € § : ap = A} is the set of
low-uncertainty paraphrases that support answer
A, and k* = arg mingcs, uy selects the most sta-
ble supporting view. The first line is direct ac-

ceptance under the original prompt, the second
line is the dominant-answer early exit enabled only
in Variant B, and the third line is question-level
recovery through equivalent prompts. Variant A
skips the second line, while Variant B uses the full
rule. If none of these evidence paths succeeds, the
framework abstains.

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate on three comple-
mentary factual QA benchmarks.  TriviaQA
(Joshi et al., 2017) contains human-written trivia-
style short-answer questions. Natural Questions
(Kwiatkowski et al., 2019) contains real Google
search queries with short answers. PopQA (Mallen
et al., 2023) is constructed from Wikidata triples
and stratifies entities by popularity to cover long-
tail knowledge. We use the official validation splits
for TriviaQA and Natural Questions, and the 14k-
question set for PopQA. For each dataset, we sam-
ple 200 questions as a labeled development set for
calibrating 7, and evaluate on a disjoint set of 1000
questions under three fixed random seeds. We re-
port means and standard deviations.
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Models. We evaluate six instruction-tuned
open models from three families and sizes from
7B to 70B: Llama-3-8B-Instruct, Llama-3.1-
70B-Instruct, Qwen2.5-7B-Instruct, Qwen2.5-
14B-Instruct, Mistral-7B-Instruct-v0.3, and
Mistral-Small-3.1-24B-Instruct. This setting tests
transfer across model scales and architectures.

Baselines. We compare against six base-
lines covering five common uncertainty estima-
tion mechanisms: P(True) (Kadavath et al., 2022)
for self-evaluation, SelfCheckGPT (Manakul et al.,
2023) for sampling consistency, SE (Farquhar
et al.,, 2024) and KLE (Nikitin et al., 2024)
for semantic-entropy-based uncertainty estima-
tion, Conformal Abstention (Abbasi-Yadkori et al.,
2024) for calibration-based abstention, and Verbal-
ized Confidence (Tian et al., 2023) for verbalized
self-confidence. We include both SE and KLE to
separate the semantic-entropy signal from its spe-
cific implementation.

Metrics. We use AUROC to evaluate how
well confidence separates correct from incorrect
answers, and AUGRC to measure the overall risk—
coverage trade-off of selective answering. Given
confidence-correctness pairs {(ci,yi)}f‘il, where
y; € {0, 1}, AUROC is defined as

AUROC =Pr(c; > ¢; |yi=1,5; =0) (4

After sorting examples by confidence in descend-
ing order, let ¢ denote coverage, namely, the frac-
tion of all evaluation examples retained for answer-
ing, and let R(c) denote the cumulative risk at that
coverage, computed as the number of incorrect ac-
cepted answers divided by the total number of eval-
uation examples. We evaluate this empirical risk—
coverage curve at the distinct confidence levels and
compute its area using trapezoidal integration:

1
AUGRC = / R(c)de (5)
0

Higher AUROC and lower AUGRC indicate better
performance. Correctness labels are determined by
LLM-as-judge and Exact Match, with human veri-
fication on 200 stratified samples.
Implementation Details. For each prompt,
we sample N = 10 responses at temperature
T = 1.0 with a maximum length of 100 to-
kens. Semantic clustering uses bidirectional entail-
ment from DeBERTa-large-MNLI, while prompt
rewriting and equivalence judging are performed
by Claude Opus 4.7. The threshold 7 is calibrated

on the development set of each model-dataset pair
by scanning [0.1, 2.0] to maximize AUROC. Vari-
ant B uses dominant-mode strength and residual-
answer stability for early exit, with 7, = 0.5 and
paraphrase aggregation threshold X = 2 by de-
fault. Replacing the paraphraser with Qwen2.5-
14B-Instruct or Qwen2.5-3B-Instruct yields AU-
GRC values of 0.110 and 0.108 (versus 0.106 with
Claude) at only 0.28x and 0.11x the end-to-end
cost, showing that the framework does not require
an expensive proprietary paraphraser (Appendix
Table 6). We use Claude uniformly in the main
experiments to control candidate-generation varia-
tion and stably produce diverse role-based reformu-
lations, not because it is required by the method.

4.2 Main Results

Figure 3(a) shows the Risk-Coverage curves on the
three datasets. Our framework maintains lower
risk in the low-coverage region, and its advantage
does not quickly disappear as coverage increases.
This suggests that the gain does not only come from
selecting the easiest questions more accurately, but
also from recovering cases where equivalent for-
mulations yield stable answer evidence despite in-
stability under the original prompt. The trend on
PopQA is consistent with TriviaQA and Natural
Questions, indicating that the mechanism remains
effective for long-tail knowledge questions.

Appendix Table 4 reports the corresponding ag-
gregate AUROC and AUGRC results, and Ap-
pendix Tables 10, 11, and 12 further provide
per-model results. Overall, our framework out-
performs prompt-level baselines across the three
datasets and most models. These results show
that extending the decision from a single prompt
to question-level equivalent-prompt probing im-
proves the ranking quality and risk control of se-
lective answering across the evaluated settings.

At the same mean budget of 29.6 calls, Variant
B obtains 0.106 AUGRC, compared with 0.145 for
budget-matched original-prompt self-consistency,
0.116 for the Cox et al. (2025) adaptation, and
0.119 for majority voting over rewrites (Appendix
Table 5). The reformulation-based methods share
the same candidates; Variant B also obtains 0.850
AUROC and 31.8%/4.6% correct/wrong recovery
over initially abstained cases, showing that addi-
tional sampling or generic reformulation aggrega-
tion alone does not explain its gains.
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Figure 3: Experimental results for Section 4. (a) Risk-Coverage curves on the three datasets, showing the error risk
of each method at different coverage levels. (b) Cost-AUGRC comparison for the structural ablation configurations,
where the x-axis is the average number of LLM calls per query and the y-axis is AUGRC.

4.3 Ablation Study

To isolate the contribution of each decision
mechanism, we compare four configurations.
Stagel1Only makes the accept-or-abstain decision
only from ug under the original prompt pg, with-
out question-level probing. Variant A applies
equivalent-prompt probing to questions that are
not directly accepted by uy < 7. Variant B fur-
ther enables the dominant-answer early-exit condi-
tion Ey. VariantB-NoEquiv disables equivalence
verification and sends all candidate paraphrases to
resampling.

Figure 3(b) shows the cost-AUGRC trade-off
among these configurations. StagelOnly has the
lowest cost but the highest risk, whereas Variant A
has the lowest risk but the highest cost. Relative
to Variant A, Variant B reduces mean calls, mean
tokens, and P50 latency by 33.2%, 35.3%, and
50.0%, respectively; however, its P95 calls remain
61 and P95 latency remains 18.7 s, so early exit
improves average rather than tail cost. VariantB-
NoEquiv has higher risk, supporting the role of
equivalence verification in filtering semantic drift.
Full results are in Appendix Tables 7 and 8.

S Analysis

5.1 Question-Level Gain

Figure 4(a) shows the outcome distribution. The
stable-wrong rate—the fraction of finally accepted
answers that have low KLE but are incorrect—
is 8.4%, 8.5%, and 8.3% for StagelOnly, Vari-
ant A, and Variant B, respectively. Relative to
Stage1Only, Variants A and B recover 7.4 and
6.9 correct answers per additional wrong answer,
showing no measurable amplification of stable er-
rors (Appendix Table 9). Figure 4(b) shows that
our framework retains more answerable examples
as the target accuracy increases.

5.2 Original-Prompt Unstable Subset

We define questions with ug > 7 as the original-
prompt unstable subset. This subset only indi-
cates that sampled answers are unstable under the
current formulation; it does not imply that the
model lacks the relevant knowledge. Figure 4(c)
shows that prompt-level baselines have substan-
tially lower accuracy on this subset. In contrast,
our framework still recovers part of the correct
answers. This suggests that original-prompt un-
certainty alone is insufficient to treat these ques-
tions as unanswerable, since equivalent formula-
tions can provide more stable answer evidence.
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Figure 4: Question-level analysis across TriviaQA, Natural Questions, and PopQA. Columns correspond to datasets,
and rows correspond from top to bottom to panels (a)—(d). Panel (a) shows the outcome distribution for each method;
panel (b) shows coverage at fixed target accuracy; panel (c) compares accuracy on the full set and the original-prompt
unstable subset, with the two bars within each method corresponding to these two subsets in that order; and panel
(d) reports single-role recovery and leave-one-out drop for roles R1-R5.

5.3 Paraphrase Role Analysis

Figure 4(d) compares the contribution of the five
paraphrase roles. Single-role recovery measures
the recovery ability when using only one role,
while leave-one-out drop measures the perfor-
mance loss after removing that role. Student and
Researcher have higher single-role recovery, sug-
gesting that clear, standard, or moderately con-
textualized formulations are more likely to pro-
duce stable answers. Expert has a larger leave-
one-out impact, suggesting that domain terminol-
ogy provides complementary information. Layper-
son and Wildcard contribute less individually, but
still help increase expression diversity. Overall,
a reformulation must not change the queried fact

or introduce answer-bearing information; its role
is to reduce formulation ambiguity and clarify
the expected answer type under semantic equiva-
lence. Appendix B.1 gives admissible and rejected
cases grounded in questions from the evaluation
datasets.

A blinded, stratified audit of 300 pairs
across 3 datasets, 5 roles, and 3 paraphrasers
finds equivalence-judge precision/recall/F1 of
97.2/94.1/95.6%; filtering raises strict equivalence
from 94.7% to 99.0% and reduces semantic drift
from 5.3% to 1.0% (Appendix D). We observe
0/300 factual injections (an approximate 95%
event-rate upper bound of 1%) and no direct
answer leakage by automatic matching. Using
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only human-verified clean reformulations yields
0.108 AUGRC, still better than KLE’s 0.157.

6 Conclusion

This paper lifts abstention decisions in factual ques-
tion answering from individual prompts to underly-
ing questions, and proposes a test-time framework
for question-level probing and selective answering.
The framework first evaluates response stability un-
der the original prompt; when the original prompt
is unstable, it probes semantically equivalent re-
formulations of the same question, outputs an an-
swer if stable and consistent evidence is found,
and abstains otherwise. Under a fixed experimen-
tal setting, this observable cross-view evidence
serves as a proxy for the question’s latent answer-
ability. The early-exit mechanism further avoids
unnecessary reformulation calls for some exam-
ples, reducing average inference cost. Experiments
across three factual QA benchmarks and six open-
source models show that our method improves se-
lective answering quality and answer accuracy on
the original-prompt unstable subset over prompt-
level baselines.
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Limitations

This framework has several limitations. First, be-
cause it relies on semantic entropy, it cannot iden-
tify answers that are stable but incorrect; doing so
requires external factual verification. Second, re-
covery depends on the quality of the paraphraser
and equivalence verifier; low diversity or seman-
tic drift in reformulations can weaken the evidence.
Third, high-uncertainty cases require additional re-
formulation, verification, and sampling; Variant
B’s P95 latency remains 18.7 s, so the method
targets reliability-oriented settings that permit ad-
ditional test-time computation. We evaluate the

framework on factual QA, where answer correct-
ness and selective answering can be assessed sys-
tematically; extending the evaluation to broader
generation tasks is a natural direction for future
work.

Future work could combine question-level prob-
ing with external factual verification, develop
recovery-oriented reformulation and equivalence-
checking mechanisms, and predict recoverability
from the original question to reduce unnecessary
probing.

Ethical Considerations

This work studies selective answering for factual
QA under uncertainty. By distinguishing prompt-
level instability from question-level answerability,
the proposed framework aims to reduce unsup-
ported factual responses while avoiding unneces-
sary refusals caused by unstable prompt formula-
tions. This can improve the reliability and usability
of factual QA systems, especially in settings where
both hallucinated answers and excessive abstention
can harm user trust.

In deployment, abstention should be communi-
cated as insufficient evidence under the system’s
decision procedure, rather than a definitive judg-
ment about the underlying fact. In high-impact
domains such as medicine, law, and finance, the
method should be used with appropriate human
oversight or external verification. Since question-
level probing relies on reformulation and auto-
matic equivalence verification, its behavior may
vary across languages, domains, and user expres-
sion patterns, and should therefore be evaluated in
the intended use context before deployment.
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A Artifact Licenses and Terms of Use

The public datasets, pretrained models, and base-
line implementations used in this paper are used
solely for research evaluation. The datasets in-
clude TriviaQA, Natural Questions, and PopQA;
the evaluated models include the Llama, Qwen,
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and Mistral families; and auxiliary components in-
clude an NLI model and an LLM-as-judge model.
We follow the licenses and terms of use speci-
fied by the respective artifact providers, including
the Meta Llama Community License for Llama
models, the Apache 2.0 license applicable to the
Qwen and Mistral open-source models, the rele-
vant terms of use for Gemma-related artifacts, and
the licenses or usage guidelines of the QA datasets.
PopQA is released under the MIT License.

We do not redistribute the original datasets,
model weights, or restricted artifacts. If code is
released in the future, the repository will retain ref-
erences to third-party artifacts, their license infor-
mation, and instructions for obtaining them. For
models or datasets that require login, application,
or acceptance of additional terms, users must ob-
tain them directly from the original providers.

B Paraphrase Generation Prompts

This section provides the prompt template used to
generate candidate reformulations in Section 3.3.
The goal of the paraphraser is not to change the
queried fact, introduce answer-bearing informa-
tion, or alter constraints, but to vary the surface
expression while preserving the question-level se-
mantic core. The template requires preserving
the queried subject, factual attribute, and expected
answer type, and uses five roles to cover differ-
ent formulations that users may naturally adopt.
The generated candidate reformulations are then
passed through equivalence verification; only ver-
ified prompts enter P (pg) and participate in sub-
sequent sampling and aggregation.

Paraphrase generation prompt

Instruction. Rewrite the original question into a semantically equiva-
lent question for the assigned role. Preserve the queried subject, factual
attribute, and expected answer type. Do not add constraints, remove con-
straints, or ask for a different fact.

Roles.

Layperson: A casual user asking out of mild curiosity; use a short and
informal wording.

Student: A learner who does not know the topic well but wants to under-
stand it; use a clear and standard wording.

Expert: A user with relevant domain knowledge; use appropriate field-
specific terminology.

Researcher: A user investigating the topic further; add necessary histori-
cal, temporal, or contextual details only when they preserve the same fact.
Wildcard: Use a suitable formulation outside the above four roles to avoid
homogeneous paraphrases.

Original prompt: {p_0}
Output: One rewritten prompt for the assigned role.

B.1 Illustrative Reformulation Cases

Admissible; TriviaQA validation

Original: Who was the man behind The Chipmunks?
Candidate: Which person was responsible for creating the
Chipmunks?

Why: Same subject, fact, and person answer type; an id-
iomatic phrase is replaced by direct wording.

Admissible; PopQA test

Original: What is George Rankin’s occupation?

Candidate:  'Which occupation is associated with George
Rankin?

Why: Same subject, occupation attribute, and answer type;
only the sentence form changes.

Rejected; Natural Questions validation

Original: who got the first nobel prize in physics

Candidate: Who received the first Nobel Prize in Chemistry?
Why: The queried attribute changes from Physics to Chem-
istry.

Rejected; PopQA test

Original: What is George Rankin’s occupation?

Candidate: Was George Rankin a politician or a journalist?
Why: Candidate answers absent from the original introduce
answer-bearing information.

Table 1: Illustrative admissible and rejected refor-
mulations grounded in questions from the evalua-
tion datasets. The assessments apply the semantic-
equivalence and answer-bearing-information criteria;
they are not additional per-example performance mea-
surements.

Table 1 illustrates the reformulation constraints us-
ing questions from the three evaluation datasets.
The two admissible cases regularize the wording
without changing the subject, queried attribute, or
answer type, and without supplying the answer.
The rejected cases instead change the queried at-
tribute or add answer-bearing options. Historical,
temporal, or contextual information is admissible
only when it preserves the same fact and does not
carry the answer. These assessments illustrate the
equivalence criteria rather than new per-example
downstream results.

C Equivalence Verification Judge
Prompt

The equivalence verification step in Section 3.3 is
implemented with an LLLM-as-judge. The prompt
template used for this judge is shown below. The
judge only determines whether two questions ask
about the same underlying fact; it does not assess
whether any candidate answer is correct. If a can-
didate reformulation changes the queried subject,
factual attribute, constraint scope, or expected an-
swer type, it is judged as non-equivalent and fil-
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tered out. This step reduces the risk of semantic
drift introduced by the paraphraser, ensuring that
the stability evidence used in subsequent aggrega-
tion comes from different formulations of the same
question rather than from a silently changed ques-
tion.

Equivalence verification prompt

Instruction. You are an equivalence judge for question paraphrases.

Given two questions, decide whether they ask about the same underlying
fact and would expect the same answer.

Output exactly one of the following labels:
NOT_EQUIVALENT.

EQUIVALENT or

Reject as NOT_EQUIVALENT if any of the following holds:

Subject shift: The two questions concern different subjects.

Attribute shift: The two questions ask for different attributes of the same
subject.

Scope shift: One question is significantly more specific than the other,
e.g., asks for a strict subset of the answer.

Answer-type shift: The expected answer types differ, e.g., one expects a
person while the other expects a date.

Original question: {q_original}

Paraphrased question: {q_paraphrase}
Decision:

D Human Audit and Judge Evaluation
Protocol

We evaluate the equivalence judge and audit refor-
mulation risks on 300 original-reformulation pairs
sampled from the experimental candidate pool,
with stratification across TriviaQA, Natural Ques-
tions, and PopQA; the five reformulation roles;
and Claude Opus 4.7, Qwen2.5-14B-Instruct, and
Qwen2.5-3B-Instruct. Sample IDs and presenta-
tion order were frozen before annotation, without
replacement based on judge or downstream out-
comes.

Annotators saw only the original question, can-
didate reformulation, and annotation guidelines.
Paraphraser identity, gold answers and aliases, au-
tomatic judge predictions, target-model outputs,
and downstream correctness were hidden. Two an-
notators independently labeled all 300 pairs with-
out discussing individual examples; a third se-
nior annotator adjudicated disagreements on equiv-
alence or either safety label. The adjudicated la-
bels serve as the human reference for judge evalu-
ation.

A pair is labeled EQUIVALENT only when it pre-
serves the same subject, queried attribute, answer
type, and scope. Changes to any of these elements,
added constraints, temporal or other scope shifts,
a different queried fact, or irresolvable ambiguity
lead to NOT_EQUIVALENT and a recorded drift rea-
son. Annotators separately label answer-bearing
information, defined as information absent from

the original that supplies, strongly hints at, or con-
strains the answer, and factual injection, defined
as a new factual claim or entity-level detail that
changes the information state relevant to answer-
ing. Non-answer-bearing context that does not
change the queried fact is not automatically labeled
as injection.

The automatic judge treats EQUIVALENT as the
positive class. Precision, recall, and F1 are com-
puted over all 300 pairs against adjudicated human
labels. Factual injection is reported with an ex-
act numerator and denominator from the human
audit; direct answer leakage is checked automati-
cally over all reformulations by matching gold an-
swers and aliases. Raw and post-filter equivalence
and drift rates use the same frozen human labels
and judge outputs. Table 2 reports the aggregate
results.
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Setting

Strict Equiv. (1) FactInj. (J) Drift (]) Leakage (]) AUGRC (])

Raw Candidates 94.7%
After Equivalence Filter 99.0%
Clean Paraphrases Only 100.0%
KLE —

0/300 5.3% 0.0% —

0/300 1.0% 0.0% 0.106

0/300 0.0% 0.0% 0.108
— — — 0.157

Table 2: Reformulation audit. Strict equivalence, semantic drift, and factual injection are based on the stratified
300-pair human audit; direct answer leakage is checked by matching gold answers and aliases. Clean Paraphrases
Only removes every reformulation flagged as questionable by human annotators. Unreported fields are shown as

unavailable.

E Hyperparameter Sensitivity

Hyperparam Value AUROC (1) AUGRC (})

X 1 0.853 0.101
2 0.859 0.097
3 0.852 0.105
4 0.840 0.116
5 0.820 0.131
N 5 0.850 0.104
10 0.860 0.097
20 0.834 0.119
Tp 0.40 0.854 0.100
0.50 0.860 0.097
0.60 0.855 0.099
Tdom 0.05 0.857 0.098
0.10 0.860 0.095
0.20 0.856 0.100

Table 3: Hyperparameter sensitivity analysis. Each row
corresponds to one configuration, wit h all other hyper-
parameters fixed to their default values. Gray-shaded
rows indicate the default value of the corresponding hy-
perparameter. Values are averaged across 6 models, 3
datasets, and 3 seeds.

Table 3 reports the sensitivity analysis of four core
hyperparameters of the framework (X, IV, 7,, and
Tdom) around their default values. Each row shows
the mean performance of the corresponding config-
uration across 6 models, 3 datasets, and 3 seeds.
Here, X denotes the number of consistent low-
uncertainty evidence required for reformulation ag-
gregation, IV is the number of samples drawn for
each prompt, 7, is the dominant-mode strength
threshold in the Variant B early-exit condition Ej,
and Tgom controls whether the residual responses
form a competing stable answer.

The results show that the default configuration
is close to optimal in both AUROC and AUGRC,
and most scanned settings lead to only small perfor-
mance variations. When X is too large, the frame-
work requires more equivalent reformulations to
support the same answer, which reduces coverage
and worsens AUGRC. When X is too small, the ev-

idence requirement becomes weaker and may ad-
mit less stable recoveries. Increasing the number
of samples N from 5 to 10 yields more stable un-
certainty estimates, but further increasing it to 20
provides limited gains while incurring higher infer-
ence cost. The scans over 7, and 74om indicate that
the early-exit decision in Variant B is stable around
the default values, suggesting that the framework
can achieve a reliable quality-cost trade-off with-
out fine-grained hyperparameter tuning.

F Additional Experimental Results

This section summarizes the experimental materi-
als discussed in Section 4 that are moved to the ap-
pendix due to space constraints. Table 4 reports
the aggregated main results across 6 models and
3 random seeds, Table 5 reports the equal-budget
baseline comparison, Table 6 reports paraphraser
sensitivity, and Tables 7, 8, and 9 report the struc-
tural ablation, end-to-end cost, and stable-error re-
sults. The main text retains the core trend analysis
and Risk-Coverage visualizations, while the tabu-
lar results are collected here to facilitate inspection
of the exact numbers.

Tables 10, 11, and 12 further break down the
main results by dataset, showing AUROC and AU-
GRC for 8 methods on 6 LLMs. Each number is
the mean over 3 seeds. These results show that
both variants of our framework maintain stable ad-
vantages across model families and model scales,
suggesting that the gains from question-level prob-
ing are not driven by a single model or dataset.
Variant A typically achieves the best AUROC and
AUGRGC, while Variant B is slightly lower but still
clearly outperforms prompt-level baselines, consis-
tent with the quality-cost trade-off discussed in the
main text.

Figure 5 presents per-model Risk-Coverage
curves. Although the absolute risk differs across
models, the relative ordering of the curves is
largely stable. Our framework maintains lower
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Figure 5: Per-model Risk-Coverage curves. Each row corresponds to one LLM, each column corresponds to one
dataset, and each curve represents one method.

risk in both low-coverage and medium-to-high- Method TriviaQA NQ PopQA

coverage regions, indicating that its advantage AUROC (1)

comes not only from ranking high-confidence ex- Ours (Variant A) _ 0.886  0.861  0.832

amples, but also from recovering questions that are KLE 0.825  0.809 0.780

unstable under the original prompt as coverage in- SE 0.808 0781  0.760
SelfCheckGPT 0.765 0.749  0.715

creases. Conformal Abst. ~ 0.777 0755  0.730
P(True) 0.700 0.680  0.655
Verb. Conf. 0.660 0.634  0.607
AUGRC (})
Ours (Variant A) 0.077 0.093 0.119
KLE 0.129 0.149 0.176
SE 0.150 0.169  0.198

SelfCheckGPT 0.178 0.198 0.224
Conformal Abst. 0.169 0.189 0.216
P(True) 0.236 0.257 0.282
Verb. Conf. 0.266 0.281 0.317

Table 4: Main results. Each cell reports the mean across
6 models and 3 seeds; the standard deviation across con-
figurations is below 0.03. Bold indicates the best value
in each dataset column, with higher AUROC and lower
AUGRC being better.
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Method AUROC (1) AUGRC (|) Calls () CorrectRec. (1) Wrong Rec. (])

Budget-Matched Self-Consistency 0.811 0.145 29.6 18.2% 6.5%
Cox et al. (2025) 0.839 0.116 29.6 28.7% 5.5%
Majority over Rewrites 0.833 0.119 29.6 27.6% 5.8%
Ours, Variant B 0.850 0.106 29.6 31.8% 4.6%

Table 5: Equal-budget test-time comparison, averaged over 6 models, 3 datasets, and 3 random seeds. All methods
use the same mean call budget, and the reformulation-based methods use the same candidate set. Correct and wrong
recovery are computed over initially abstained cases.

Paraphraser AUROC (1) AUGRC (|) Correct Rec. (1) Wrong Rec. (J) Rel. Cost ({)
Claude Opus 4.7 0.850 0.106 31.8% 4.6% 1.00x
Qwen2.5-14B-Instruct 0.846 0.110 30.9% 4.7% 0.28 %
Qwen2.5-3B-Instruct 0.848 0.108 31.4% 4.6% 0.11x
KLE 0.796 0.157 — — —

Table 6: Paraphraser sensitivity, averaged over 6 models, 3 datasets, and 3 random seeds. Relative cost is end-to-
end cost normalized by the Claude Opus 4.7 configuration. Correct and wrong recovery are computed over cases
initially abstained by Stage 1. Unreported KLE fields are shown as unavailable.

Configuration AUROC (1) AUGRC (]) Mean Calls

Stage 1 only 0.766 0.205 10.0
Variant A 0.859 0.095 443
Variant B 0.850 0.106 29.6
Variant B~ 0.829 0.125 45.1

Table 7: Structural ablation. Each row corresponds to one configuration, and values are averaged across 6 models,
3 datasets, and 3 seeds. Mean Calls is the average number of LLM calls per query. Variant B~ denotes Variant B
with equivalence verification disabled.

Method Calls, Mean /P95 Mean Tokens Latency, PS0/P95 Full-Probe Rate AUGRC

Stage 1 only 10.0/10 2.3k 3.0/38s 0.0% 0.205
Variant A 443 /61 10.2k 11.8/19.4s 68.6% 0.095
Variant B 29.6/61 6.6k 59/18.7s 39.2% 0.106

Table 8: End-to-end cost, averaged across 6 models, 3 datasets, and 3 seeds. Calls include target-model generation,
reformulation generation, and equivalence verification. Mean Tokens aggregates input and output tokens across all
stages. Latency covers the complete pipeline, with stages executed sequentially and operations within each stage
parallelized. Full-Probe Rate is the fraction of questions that proceed through complete reformulation, verification,
and resampling after original-prompt evaluation.

Method Stable-Wrong Rate Correct-to-Wrong Gain

Stage 1 only 8.4% -
Variant A 8.5% 7.4x
Variant B 8.3% 6.9x

Table 9: Stable-error analysis, averaged across 6 models, 3 datasets, and 3 seeds. Stable-Wrong Rate is the fraction
of finally accepted answers that have low KLE but are incorrect. Correct-to-Wrong Gain is the number of newly
correct answers per newly wrong answer relative to Stage 1 only.
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Method Llama-8B Llama-70B Qwen-7B  Qwen-14B Mistral-7B  Mistral-24B

AUROC (1)

Ours (Variant A)  0.873 0.916 0.872 0.904 0.853 0.897
Ours (Variant B)  0.854 0.906 0.854 0.881 0.847 0.880
KLE 0.812 0.858 0.813 0.834 0.800 0.836
SE 0.787 0.836 0.792 0.818 0.785 0.829
SelfCheckGPT 0.753 0.800 0.746 0.780 0.737 0.775
Conformal Abst.  0.756 0.811 0.758 0.791 0.753 0.793
P(True) 0.677 0.735 0.677 0.715 0.681 0.713
Verb. Conf. 0.639 0.686 0.646 0.673 0.635 0.680
AUGRC ({)

Ours (Variant A)  0.093 0.046 0.093 0.065 0.099 0.063
Ours (Variant B)  0.105 0.054 0.096 0.068 0.104 0.071
KLE 0.144 0.092 0.149 0.118 0.157 0.117
SE 0.169 0.118 0.163 0.134 0.180 0.136
SelfCheckGPT 0.189 0.144 0.196 0.163 0.202 0.174
Conformal Abst.  0.189 0.144 0.180 0.153 0.198 0.152
P(True) 0.255 0.204 0.256 0.222 0.254 0.222
Verb. Conf. 0.284 0.237 0.286 0.250 0.291 0.249

Table 10: AUROC and AUGRC of eight methods on six LLMs for TriviaQA. Each cell reports the mean over three
seeds; bold indicates the best value in each LLM column.

Method Llama-8B Llama-70B Qwen-7B  Qwen-14B Mistral-7B  Mistral-24B
AUROC (1)

Ours (Variant A) 0.842 0.897 0.845 0.877 0.840 0.865
Ours (Variant B) 0.836 0.884 0.845 0.865 0.826 0.864
KLE 0.789 0.846 0.796 0.822 0.774 0.827
SE 0.761 0.808 0.763 0.798 0.756 0.797
SelfCheckGPT 0.728 0.787 0.735 0.765 0.723 0.758
Conformal Abst. 0.741 0.790 0.733 0.760 0.739 0.768
P(True) 0.666 0.710 0.660 0.691 0.660 0.696
Verb. Conf. 0.618 0.665 0.617 0.650 0.602 0.649
AUGRC (})

Ours (Variant A) 0.111 0.057 0.108 0.077 0.123 0.085
Ours (Variant B) 0.113 0.072 0.124 0.086 0.128 0.087
KLE 0.166 0.112 0.165 0.133 0.180 0.138
SE 0.189 0.132 0.185 0.154 0.199 0.152
SelfCheckGPT 0.219 0.168 0.210 0.190 0.223 0.180
Conformal Abst. 0.208 0.162 0.200 0.161 0.216 0.187
P(True) 0.278 0.218 0.282 0.249 0.277 0.239
Verb. Conf. 0.300 0.251 0.296 0.265 0.311 0.261

Table 11: AUROC and AUGRC of eight methods on six LLMs for Natural Questions. Each cell reports the mean
over three seeds; bold indicates the best value in each LLM column.
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Method Llama-8B Llama-70B Qwen-7B  Qwen-14B Mistral-7B  Mistral-24B

AUROC (1)

Ours (Variant A)  0.819 0.854 0.812 0.847 0.811 0.847
Ours (Variant B)  0.811 0.860 0.802 0.823 0.802 0.837
KLE 0.768 0.806 0.771 0.796 0.753 0.787
SE 0.742 0.790 0.743 0.768 0.740 0.775
SelfCheckGPT 0.703 0.742 0.697 0.723 0.698 0.727
Conformal Abst.  0.712 0.765 0.709 0.738 0.708 0.747
P(True) 0.639 0.689 0.638 0.663 0.631 0.673
Verb. Conf. 0.588 0.643 0.590 0.623 0.576 0.625
AUGRC ({)

Ours (Variant A)  0.133 0.080 0.140 0.108 0.139 0.112
Ours (Variant B)  0.144 0.099 0.147 0.118 0.150 0.124
KLE 0.194 0.141 0.194 0.164 0.198 0.167
SE 0.215 0.168 0.210 0.189 0218 0.186
SelfCheckGPT 0.244 0.184 0.238 0.221 0.246 0.210
Conformal Abst.  0.231 0.186 0.232 0.201 0.239 0.204
P(True) 0.304 0.242 0.292 0.277 0.307 0.272
Verb. Conf. 0.336 0.286 0.333 0.305 0.339 0.306

Table 12: AUROC and AUGRC of eight methods on six LLMs for PopQA. Each cell reports the mean over three
seeds; bold indicates the best value in each LLM column.
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