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Abstract

While Large Language Models (LLMs) have
emerged as powerful foundational models to
solve a variety of tasks, they have also been
shown to be prone to hallucinations, i.e., gen-
erating responses that sound confident but are
actually incorrect or even nonsensical. Existing
hallucination detectors propose a wide range of
empirical scoring rules, but their performance
varies across models and datasets, and it is hard
to determine which ones to rely on in prac-
tice or to treat as a reliable detector. In this
work, we formulate the problem of detecting
hallucinations as a hypothesis testing problem
and draw parallels with the problem of out-
of-distribution detection in machine learning
models. We then propose a multiple-testing-
inspired method that systematically aggregates
multiple evaluation scores via conformal p-
values, enabling calibrated detection with con-
trolled false alarm rate. Extensive experiments
across diverse models and datasets validate the
robustness of our approach against state-of-the-
art methods.

1 Introduction

Large language models (LLMs) (Caruccio et al.,
2024; Team et al., 2024; Achiam et al., 2023)
have emerged as powerful tools for a variety of
tasks, most commonly generating answers to user-
specified prompts, including text generation, sum-
marization, and question answering (Keskar et al.,
2019; Raffel et al., 2020; Zhang et al., 2024; Sing-
hal et al., 2025). Although LLMs have shown
strong capabilities in these applications, they have
also been shown to be prone to hallucinations, i.e.,
generating responses that sound confident, but are
actually incorrect, or even nonsensical (Ji et al.,
2023; Yao et al., 2023; Zhang et al., 2023). Given
the increasing reliance on LLMs in real-world sce-
narios, it is imperative to develop methods to detect

*Equal contribution.

whether an LLM is generating hallucinations for a
given prompt.

The term ‘hallucination’ is general, and it cap-
tures different kinds of incorrect generations in-
duced by different causes. For example, halluci-
nations can be classified as factual hallucinations
and faithful hallucinations based on the error in
the words (Huang et al., 2025). The causes of
hallucinations vary, such as LLMs not learning the
knowledge to answer the questions (Onoe et al.,
2022), LLMs being trained on biased data (Ladhak
et al., 2023), or LLMs producing sycophancy re-
sulting from reinforcement learning from human
feedback (RLHF) training models (Sharma et al.,
2023). Apart from these, confabulations, i.e., ar-
bitrary and possibly wrong generations from the
language model caused by sensitivity to hyperpa-
rameters such as random seed, are also an impor-
tant factor that can lead to incorrect answers in
LLMs (Farquhar et al., 2024).

Various approaches have been proposed on hal-
lucination detection in LLMs. External knowl-
edge retrieval approaches (Chern et al., 2023; Huo
et al., 2023) contrast model outputs with external
databases to flag factual inconsistencies. Methods
leveraging natural language inference (NLI) frame-
works (Zhou et al., 2020) assess the consistency
between generated content and canonical answers
or reference facts, providing another lens to evalu-
ate hallucinations. More recently, the ‘LLM-as-a-
judge’ paradigm has emerged, wherein fine-tuned
LLMs are tasked with judging the veracity of their
outputs. Some studies have explored direct con-
fidence scoring of model generations (Luo et al.,
2023), while others have proposed frameworks that
design prompts with diagnostic questions to probe
hallucinations (Manakul et al., 2023; Muhammed
et al., 2025; Yang et al., 2025b). Complementing
these approaches, uncertainty estimation methods
have been introduced to quantify the inherent ambi-
guity in model predictions a factor often observed
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in hallucinated outputs (Varshney et al., 2023; Man-
akul et al., 2023; Rateike et al., 2023).

It remains unclear whether any one of these eval-
uation methods is sufficient to detect all classes of
hallucinations. Hallucination patterns can manifest
in different ways, making it unlikely that a sin-
gle metric can detect hallucinations across diverse
datasets and models. Additionally, given the rapid
pace with which new LLMs are being developed,
it is not realistic to develop specific hallucination
detection methods for each new LLM. Therefore,
it is of interest to design a generally robust method
for hallucination detection that can leverage the
advantages of preexisting methods, without any ad-
ditional assumptions on the specific datasets or the
LLMs being considered.

In this work, we build a unified multiple testing
framework for hallucination detection that system-
atically combines scores proposed in prior work.
The framework is agnostic to how the underly-
ing scores are obtained; in principle, it can in-
corporate any collection of baseline detectors. In
our experiments, however, we focus on training-
free, retrieval-free scores that require no external
factual repositories and no auxiliary judge mod-
els. Concretely, we leverage state-of-the-art un-
certainty and consistency metrics derived from the
models output layer by resampling multiple gener-
ations under different random seeds. For example,
Kuhn et al. (2023) propose semantic entropy, which
leverages meaning-invariant clustering to quantify
uncertainty, and Lin et al. (2023) propose confi-
dence measures computed from pairwise similar-
ity among sampled generations, including lexical
overlap and spectral scores based on a similarity
graph. Finally, our framework adds a lightweight
calibration step that uses a small calibration set
of non-hallucinated prompts to provide theoretical
control of the false-alarm rate.

1.1 Our contributions

We develop a robust method for hallucination detec-
tion by framing it as a hypothesis testing problem.
Motivated by recent advances in out-of-distribution
(OOD) detection, we propose adapting the princi-
pled detection procedure developed by (Magesh
et al., 2023) to the problem of hallucination detec-
tion in LLMs. Specifically, we introduce a method
that systematically integrates multiple evaluation
scores using conformal p-values. Our key contribu-
tions are summarized as follows.

1. A hypothesis-testing-based framework. We
reconceptualize hallucination detection as a hypoth-
esis testing problem, drawing parallels with OOD
detection in machine learning (Section 2). This
provides a statistically grounded framework for
identifying hallucinations in LLM-generated con-
tent.

2. A multiple-testing-inspired detection pipeline.
We provide a non-trivial conceptual bridge that
adapts multiple hypothesis testing to the problem of
LLM hallucination. Unlike existing ad-hoc heuris-
tics, our framework systematically manages the de-
pendencies among heterogeneous signals, ranging
from lexical overlap to deep semantic and spectral
properties. This represents a significant shift to-
ward principled inference, providing the first frame-
work capable of offering calibrated false-alarm con-
trol in a generative context (Section 3).

3. Empirical validation across diverse datasets
and models. We conduct extensive experiments
across various LLM architectures and datasets (Sec-
tion 4), demonstrating that our method maintains
robustness across different datasets and LLMs, and
generally outperforms existing hallucination de-
tection techniques. Specifically, our method ex-
hibits consistently high AUROC and detection
power across LLaMA-2, LLaMA-3, Mistral, and
DeepSeek-v2, on HaluEval, CoQA and TriviaQA
(Table 1), whereas state-of-the-art methods ex-
hibit high variability among different models and
datasets. Moreover, when we macro-average AU-
ROC over the full evaluation suite (spanning all
tested models and datasets, including additional
models such as Qwen3 variants and additional
benchmarks such as FactCHD and GSM8K), our
method attains the highest average performance,
outperforming both prior baselines and simple ag-
gregation strategies, such as majority voting and
averaging (Figure 2). These empirical results cor-
roborate the effectiveness and robustness of our
proposed approach.

2 Problem Modeling

In this section, we first review existing methods
in the literature for detecting hallucinations. We
then define the problem from the perspective of hy-
pothesis testing and introduce the multiple testing
framework to leverage baseline methods. The ob-
jective is to distinguish prompts that are less likely
to generate hallucinations, labeled as correct, from
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prompts likely to generate hallucinations, labeled
as incorrect.

2.1 Existing hallucination detection methods
In this part, we introduce several threshold-based
methods to detect hallucinations in gray-box set-
tings (with access to output likelihoods) or black-
box settings (with access to the generations only).
All these methods develop metrics to measure the
uncertainty or similarity of multiple generations
given the same prompt, and declare a prompt likely
to generate hallucinations based on an empirical
threshold applied to the measured metric.

Semantic Entropy. (Farquhar et al., 2024) con-
sider the entropy of model generations under se-
mantic clustering, where generations with the same
semantic meaning are grouped into the same cluster.
The semantic entropy score is calculated as

SE(x) = −
|C|∑

i=1

P(Ci | x) logP(Ci | x),

where x denotes the prompt, Ci denotes the i-th se-
mantic cluster, obtained via semantic equivalence
clustering based on bidirectional entailment, and
P(Ci | x) is the normalized probability mass as-
signed to cluster Ci conditioned on x.

Alpha Semantic Entropy (αSE). (Kaur et al.,
2024) also focus on semantic similarity among dif-
ferent generations, but provide a different algorithm
to calculate the clustering of semantic equivalence,
inspired by the distance-dependent Chinese restau-
rant process.

Spectral Eigenvalue. Instead of considering the
semantic similarity problem as a black-and-white
problem, (Lin et al., 2023) consider the semantic
similarity between different samples as continuous
real numbers and translate them into weights in
a graph. The eigenvalues of the symmetric nor-
malized graph Laplacian are then calculated from
the symmetric weighted adjacency matrix. Sup-
pose the eigenvalues are λ1 < · · · < λm, then the
spectral eigenvalue score is given by

EigV(x) =
m∑

i=1

max(0, 1− λi).

Kernel Semantic Entropy. (Nikitin et al., 2024)
kernelize semantic entropy using the pairwise se-
mantic similarities among M sampled genera-
tions. Let sij be the symmetric NLI entailment
score between generations i and j, define Kij =

exp
(
sij/τ

)
with τ > 0, and use weights wj ≥ 0

with
∑M

j=1wj = 1. Let pi =
∑M

j=1wjKij . The
kernel semantic entropy is

KSE(x) = −
M∑

i=1

wi log pi.

Larger KSE indicates greater semantic dispersion
(less clustering) among generations.

Lexical Similarity (LS). The lexical similarity
score uses the sum of Rouge-L similarity scores
among different samples in the generation, which
is proposed in (Fomicheva et al., 2020).

2.2 Multiple hypothesis testing framework

Consider the question answering scenario where,
given an input (prompt) X , the goal is to predict
the output (answer) Y , which follows a ground
truth distribution given X , Y ∼ P (Y |X). 1 In
practice, Large Language Models (LLMs) are uti-
lized to approximate this distribution by generating
text conditioned on the input X . Let the model
be denoted as f(W, ·), where W represents the
parameters of the LLM. Given an LLM and test
data T = {(xi, yi)}ni=1, where xi is the prompt
and yi is the reference answer, the objective is to
detect whether the LLM may generate incorrect
responses (hallucinations) for the given prompt x.
The hallucination detection problem can be posed
as a hypothesis testing problem as follows,

H0 : X is likely not to generate a hallucination

at the output of model f(W, X),

H1 : X is likely to generate a hallucination

at the output of model f(W, X),

where H0 is the null hypothesis, and H1 is the
alternative hypothesis.

As in general hypothesis testing settings, there
are two metrics for performance evaluation, false
alarm rate PF and detection power PD. The false
alarm rate indicates the probability of misclassi-
fying correct generations from a given prompt as
a hallucination, while the detection power is the

1Throughout the paper, uppercase characters (e.g., X and
Y ) denote random variables, while their realizations are de-
noted by lowercase characters (e.g., x and y).
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probability of correctly detecting hallucinations. 2

PF =PH0(declare hallucination),

PD =PH1(declare hallucination).

As described in the previous subsection, there are
works that develop multiple scores for detecting
hallucinations. Drawing ideas from OOD detec-
tion, we propose a multiple testing framework for
hallucination detection, where we combine these
scores from prior work. Specifically, given the
model W and the input X , a list of scores T i can
be obtained by the score functions,

T 1 = s1(X), T 2 = s2(X), · · · , TK = sK(X),

where si(·) depends on the model parameters W.
Since X is a random variable, T i is also a random
variable, and we denote the realization of T i as ti.
The multiple testing framework is as follows:

H0,1 : T
1 ∼ P 1, H1,1 : T

1 6∼ P 1;

...
...

H0,K : TK ∼ PK , H1,K : TK 6∼ PK ,

where P 1, P 2, · · · , PK are the induced distribu-
tions of the scores for corresponding prompts for
which the LLM does not generate hallucinations.
We declare a generation from a given prompt to be
a hallucination if any of H0,i is rejected, that is, if
the global null is rejected.

Furthermore, since the distributions
P 1, P 2, · · · , PK are unknown, an additional
calibration dataset C = {xci}ncal

i=1 is utilized to
provide information about the prompts that lead to
correct generations.

3 Proposed Methodology

In this section, we present our proposed algorithm
for detecting hallucinations in the generations of
LLMs. First, we compare the problem of detecting
hallucinations in LLMs with the problem of out-
of-distribution (OOD) detection in machine learn-
ing models, highlighting parallels and differences
in Subsection 3.1. Then, in Subsection 3.2, we
present our method for detecting hallucinations in
LLM generations, adapted from the OOD detection
procedure in (Magesh et al., 2023).

2Here PHi(declare hallucination) means that, given the
model W and prompt X , under the hypothesis Hi, the proba-
bility that the method declares that the prompt X will generate
hallucinations.

3.1 Out-of-distribution detection and
hallucination detection

A multiple hypothesis testing approach for out-
of-distribution detection was first proposed in
(Magesh et al., 2023). Here, we adapt this ap-
proach for hallucination detection. The two prob-
lems share several key similarities. They both aim
to detect untrustworthy predictions or generations
to improve robustness for the safe deployment of
these models. Neither problem setting imposes as-
sumptions on the distributions under the null and
alternative hypotheses, because the input distribu-
tion is unknown when utilizing machine learning
models during the test period. Additionally, both
operate in a zero-resource setting, i.e., no additional
data from the test distribution or extra training is
used for detection.

Despite these similarities, there are key differ-
ences between hallucination detection and OOD
detection as follows.

Indicator scores. Unlike standard OOD detec-
tion, which typically operates in a white-box setting
by utilizing internal activations from multiple inter-
mediate layers to capture fine-grained distribution
shifts (Lee et al., 2018; De la Jara et al., 2025),
our framework is designed for grey-box and black-
box regimes. While OOD methods often derive
scores from distance metrics within a unified latent
space, LLM hallucination detection must bridge
heterogeneous signals, ranging from lexical overlap
to deep semantic entropy and spectral properties.
Consequently, our scores are derived solely from
final-layer output likelihoods or sampled genera-
tions, which are influenced by hidden parameters
but do not directly expose them. This methodologi-
cal choice is driven by the extreme scale of LLMs,
where the vast number of parameters makes com-
puting scores based on hidden-layer outputs costly
or even infeasible. Such a limitation is especially
critical for closed-source models, where the propri-
etary nature does not expose internal parameters,
making our reliance on output-level signals essen-
tial for real-world deployment.

Data drawn from null hypothesis and alterna-
tive hypothesis. In OOD detection, the model
is typically trained on one dataset and tested on
another dataset, since small models can be effi-
ciently trained and evaluated on different datasets,
enabling clear hypothesis separation. The data
from the training dataset serve as data from the null
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hypothesis, and the data from another dataset serve
as data from the alternative hypothesis. However,
LLMs are pretrained on massive corpora at a high
computational cost, and hallucination detection is
typically performed on a fixed pretrained model
without further training. Moreover, since LLMs
generate outputs probabilistically from logits, dif-
ferent outputs can be produced for the same input,
making it difficult to explicitly label data as coming
from the null or alternative hypothesis. In this work,
we adopt the Rouge-L score between generations
and reference answers to label the generations as
non-hallucinated or hallucinated. To accommodate
potential rephrasing, we regard the input as not
generating hallucinations if only a small fraction of
sampled generations are classified as hallucinations
among all the generations.

3.2 Proposed hallucination detection method
The multiple hypothesis testing algorithm is based
on the general version of the Benjamini-Hochberg
(BH) procedure that allows the scores to be de-
pendent (Benjamini and Yekutieli, 2001). If the
distribution of scores under the null hypothesis is
known, the p-values of the observed score tjtest can
be computed as

qj := PH0(T
j ≥ tjtest),

with corresponding random version for a random
test score T j

test being denoted by Qj .
However, in our hallucination detection problem,

we do not have the distribution of scores under
H0, but we have access to the calibration set C,
which contains prompts that do not generate hallu-
cinations. The dataset C can be used to compute
empirical versions of the p-values, known as con-
formal p-values, of the scores. Denote the scores
in the calibration set as {sji = sj(xci ) : xci ∈
C, j = 1, 2, · · · ,K}. Given the test scores tjtest
and the corresponding random variables T j

test, the
conformal p-values and their random versions, con-
ditioned on the calibration dataset C, are defined
as

qjcon :=
1 + |{i : sji ≥ tjtest}|

1 + |C| ,

Qj
con :=

1 + |{i : sji ≥ T j
test}|

1 + |C| .

Algorithm 1 describes the method inspired by
the BH procedure. The hyperparameter ε is re-
lated to the concentration property of the CDF of

Algorithm 1: Multiple Hypothesis Testing
for Hallucination Detection

Input: Test prompt with generations xtest; desired
false alarm rate α; hyperparameter ε;
calibration dataset C and its scores
{sji = sj(xc

i ) : x
c
i ∈ C, j = 1, . . . ,K}.

Output: Decision on whether the prompt with
generations is hallucinated.

1 for j ← 1 to K do
2 tjtest ← sj(xtest);

3 qjcon ←
1+

∣∣∣
{
i: t

j
test≤s

j
i

}∣∣∣
1+|C| ;

4 end
5 q̂1con, . . . , q̂

K
con ← sorted values of {qjcon}Kj=1 in

ascending order;
6 if ∃ j ∈ {1, . . . ,K} such that q̂ j

con ≤
α

(1+ε)
∑K

i=1
1
i

· j
K

then
7 return Hallucination;
8 else
9 return No Hallucination;

10 end

the Beta distribution, as detailed in Remark 3.1.
A higher score indicates a higher likelihood of
being classified as a hallucination. The confor-
mal p-values for the test data are computed using
the scores from the calibration dataset C and the
scores from the test generations. These confor-
mal p-values are then compared against ranked
thresholds for hallucination detection. Theoretical
guarantees for the false alarm rate can be obtained
through the following theorem.

Proposition 3.1 (Theorem 2 in (Magesh et al.,
2023)). Let α, δ ∈ (0, 1). Denote the calibration
set as C. When the size of the calibration set |C| is
sufficiently large, for a new input X and a learning
model f(W, ·), with probability 1 − δ, the false
alarm rate of Algorithm 1 is bounded by α, i.e.,

PF(C) = PH0(declare hallucination | C) ≤ α.

Remark 3.1. Let ε > 0, and denote by K the
number of scores to be integrated and by α the
desired false alarm rate. As stated in Lemma 1 in
(Magesh et al., 2023), the size of calibration dataset
|C| is sufficiently large if for the given δ > 0,

min
j=1,2,··· ,K

I(1+ε)µj
(aj , bj) ≥ 1− δ

K2
,

where aj = b (|C|+1)·α
(1+ε)

∑K
i=1

1
i

· j
K c, bj = |C|+ 1− aj ,

µj =
aj

aj+bj
, and Ix(a, b) denotes the CDF of Beta

distribution Beta(a, b) evaluated at x.
Importantly, the required calibration size de-

pends only on the parameters (α, ε, δ,K) and is
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independent of the specific learning problem being
considered or the pair of dataset and model being
tested. When the calibration set is small, ε can be
increased to accommodate the reduced sample size,
at the cost of a more conservative decision rule that
may reduce the detection power.

Remark 3.2. Algorithm 1 requires neither addi-
tional model training nor extra data beyond what
the underlying baseline scores already use. A cal-
ibration set can be constructed from prompts in
the training data that are deemed non-hallucinated.
As a result, our approach introduces minimal over-
head and does not impose additional data or com-
putational requirements beyond those of the chosen
baselines. Furthermore, Algorithm 1 is broadly
applicable: given a collection of baseline scoring
rules for a detection (or more general decision)
task, it can aggregate them into a single calibrated
test with controlled false alarm rate.

Remark 3.3. Unlike prior work providing
marginal guarantees over random calibration sets,
this new method focuses on the conditional false
alarm rate, which can be controlled at all times as
long as the size of the calibration dataset is suf-
ficiently large. The calibration sets diversity and
coverage mainly affect detection power (e.g., re-
dundancy can reduce power), while the false alarm
guarantee remains valid.

The final part is to construct the calibration
dataset, which requires a method to label whether
a given prompt with generations is hallucinated
or not. Using the reference answer, each prompt-
generation pair is labeled based on the Rouge-L
similarity, following the criteria in Lin et al. (2023).
As shown in Algorithm 2, once the Rouge-L sim-
ilarity scores are high for most generations, the
prompt is deemed not likely to generate hallucina-
tions, since its generations are approximately cor-
rect. Finally, the calibration dataset is constructed
by sampling from prompts that do not generate
hallucinations.

4 Experimental Results

We demonstrate that our method shows robustness
consistently across different datasets and language
models. That is, regardless of the tested LLM or
dataset, our method achieves consistently strong
performance on hallucination detection. In contrast,
other baseline scores often degrade in performance
when faced with particular modeldataset combina-
tions, or fail to outperform our method consistently.

Algorithm 2: Assign hallucination labels
to prompts

Input: Dataset D with generations Dp,j for prompt p,
reference answers Y with Yp, similarity
threshold τ , tolerance θ ∈ [0, 1].

Output: Prompt sets DNH (non-hallucinated) and
DH (hallucinated).

1 DNH,DH ← ∅, ∅;
2 for p← 1 to nprompts do
3 h← |{j ∈ [ngen] : Rouge-L(Dp,j , Yp) ≤ τ}|;
4 if h

ngen
≤ θ then

5 DNH ← DNH ∪ {p};
6 else
7 DH ← DH ∪ {p};
8 end
9 end

10 return (DNH,DH);

This highlights the reliability and generalizability
of our approach, especially in real-world scenarios
where user queries come from unknown and highly
variable distributions.

Experimental setup. Based on the 20 sampled
generations given the input, the Rouge-L score
threshold, τ , is set to 0.3 to determine whether
a generation is considered a hallucination. For a
prompt, if at least 18 out of the 20 sampled genera-
tions (θ = 0.1) are judged as non-hallucinations un-
der Rouge-L evaluation, the prompt is considered
not to generate hallucinations. We repeat the ex-
periments 10 times using a randomized calibration
dataset (a subset of prompts with non-hallucinated
generations), and report the mean and standard
deviation of our evaluation metrics. By default,
the size of the calibration dataset is 1, 000. We
test on models such as LLaMA-2-13B (Touvron
et al., 2023), Mistral-7B (Jiang et al., 2023), Llama-
3.1-8B (Grattafiori et al., 2024), DeepSeek-v2-
Lite (DeepSeek-AI, 2024), Qwen3-4B (Yang et al.,
2025a), Llama-3.2-3B-Instruct (Grattafiori et al.,
2024), and Qwen2.5-Math-1.5B-Instruct (Yang
et al., 2024b). Following (Kuhn et al., 2023), we
evaluate our procedure on the HaluEval (Li et al.,
2023), TriviaQA (Joshi et al., 2017), CoQA (Reddy
et al., 2019), and GSM8K (Cobbe et al., 2021).

Baselines. We adopt five scoring functions to
quantify the degree of hallucination induced by a
prompt (Section 2.1). In addition, since the clus-
tered variant of semantic entropy based on the fre-
quencies of cluster assignments (Farquhar et al.,
2024) can sometimes outperform the original for-
mulation, we also report results for this clustered
version.

Performance evaluation. Following prior work,
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we report Area Under the Receiver Operating Char-
acteristic curve (AUROC) in the main text; AU-
ROC summarizes the tradeoff between detection
power and false-alarm rate over all decision thresh-
olds. In the appendix, we additionally report the
detection power at a fixed 10% false alarm rate.
Mathematically, given the calibration dataset C, the
detection power is defined as

PD(C) = PH1

(
declare hallucination | C

)
,

s.t. PF(C) = PH0

(
declare hallucination | C

)
= α.

Effectiveness of our method. Table 1 reports
AUROC and detection power at a fixed 10% false-
alarm rate across datasets and models (for HaluE-
val, we set θ = 0.2). We emphasize that our ap-
proach serves as a universal evaluation frame-
work, delivers robust performance across di-
verse models and datasets, and achieves the best
results in most settings. Our method consistently
achieves superior detection power in each evalu-
ated dataset-model pair compared to all baselines.
Regarding AUROC, our method improves upon the
strongest baseline by at least 0.65% on CoQA and
0.22% on TriviaQA; on HaluEval, our performance
is comparable to the best-performing baseline (ei-
ther exceeding it by at least 0.77% or trailing it
by at most 0.16%). Notably, relative to the worst-
performing baseline, our method yields substantial
gains in AUROC ranging from 8.5% to 28.3%.

We further study the effect of annotation proto-
cols, comparing Rouge-L annotation with LLM-as-
a-judge annotation. For the latter, we use Llama-
3.1-8B-Instruct to score consistency between the
reference answer and the generated answer; we
deem an answer correct if its consistency score ex-
ceeds 80 out of 100 (denoted as Llama annotation).
As shown in Figure 1, the performance of individ-
ual baselines can shift under different annotations:
SE-based scores and the spectral eigenvalue score
improve a little under Llama annotation, while lex-
ical similarity degrades substantially because it is
sensitive to surface overlap and aligns more nat-
urally with Rouge-L. Despite these shifts, even
when some baselines degrade, our method remains
robust, staying close to the best score and substan-
tially improving over the weakest baseline.

Figure 1 also includes two simple aggregation
strategies, majority voting and averaging. Our
aggregation outperforms them in most cases and
remains competitive otherwise. Notably, under
Llama annotation, neither majority voting nor av-
eraging remains close to the best baseline due to

SE
SE

KSE
cSE

cSE
EigV

LS
Majority

Avg
Ours

Llama2 Mistral Llama3 DeepSeek
60
65
70
75
80
85
90
95

AU
RO

C 
(%

)

Llama2 Mistral Llama3 DeepSeek
60
65
70
75
80
85
90
95

AU
RO

C 
(%

)

Figure 1: AUROC on the HaluEval dataset under Rouge-
L annotation (top) and Llama annotation (bottom).

the influence of poorly performing scores, whereas
our method consistently approaches the best score.
This highlights the more consistently robust behav-
ior of our approach.

To further validate robustness, Figure 2 aggre-
gates results over all model–dataset pairs (with per-
pair results reported in the appendix). Our method
achieves the highest average AUROC among all
individual baselines and the two aggregation base-
lines, supporting its robustness across settings.

Because our approach makes no prior assump-
tions about datasets or models, a particular met-
ric may outperform our method in specific cases.
However, such gains are typically small, and every
baseline score deteriorates in some regimes. For
example, SE, αSE, KSE, and EigV perform worse
on GSM8K; clustered_SE and α_clustered_SE per-
form poorly on Qwen3; and LS drops substantially
under Llama annotation, despite being among the
strongest scores on GSM8K. These inconsisten-
cies suggest that individual scores are unreliable
when the test-time prompt distribution is unknown.
In summary, our method effectively integrates the

34138



Table 1: AUROC (%) and detection power (PD, %) at 10% false alarm rate across different models and datasets. ∗
and † indicate the best and worst performance in each setting, respectively. Boldface highlights our method, which
achieves the highest performance in the majority of evaluated cases.

Dataset Method
Llama-2-13B Mistral-7B Llama-3.1-8B DeepSeek-v2-Lite

AUROC PD AUROC PD AUROC PD AUROC PD

HaluEval

SE 64.34† ± 0.23 41.50† ± 0.58 60.69† ± 0.23 35.68† ± 0.57 62.24† ± 0.23 36.88† ± 0.58 70.36† ± 0.23 50.99± 0.38
αSE 83.43± 0.29 66.46± 0.87 80.36± 0.20 60.95± 0.66 81.80± 0.23 62.97± 0.67 84.54± 0.21 68.84± 0.86
KSE 89.41± 0.38 71.21± 1.70 88.85∗ ± 0.26 69.90± 1.07 89.32± 0.19 69.35± 0.75 90.43∗ ± 0.18 72.27± 1.06
clustered_SE 78.32± 0.34 51.03± 0.84 78.04± 0.28 50.06± 0.45 78.82± 0.16 51.99± 0.35 83.49± 0.22 60.70± 0.67
α_clustered_SE 85.83± 0.31 71.77± 0.76 85.53± 0.16 67.32± 0.51 85.40± 0.13 68.18± 0.46 87.48± 0.15 71.32± 0.45
EigV 86.59± 0.39 71.02± 1.00 85.83± 0.20 64.44± 0.85 85.90± 0.22 65.39± 0.66 87.16± 0.18 67.49± 0.62
LS 88.77± 0.48 64.81± 3.87 85.62± 0.34 45.74± 2.35 89.22± 0.33 64.34± 1.36 85.19± 0.40 41.28† ± 5.64
Ours 90.18∗ ± 0.34 75.70∗ ± 1.19 88.71± 0.24 71.74∗ ± 0.74 90.56∗ ± 0.20 74.93∗ ± 0.63 90.27± 0.16 76.79∗ ± 0.96

CoQA

SE 66.68† ± 0.14 38.93† ± 0.30 65.41† ± 0.26 36.62† ± 0.63 65.32† ± 0.18 37.11† ± 0.48 69.05† ± 0.25 41.98† ± 0.58
αSE 85.19± 0.20 65.10± 0.82 85.15± 0.23 65.42± 1.06 84.17± 0.18 61.96± 0.32 86.55± 0.25 66.73± 0.62
KSE 88.72± 0.17 70.50± 0.57 88.43± 0.28 68.59± 0.74 87.77± 0.18 66.96± 0.80 89.05± 0.26 69.53± 1.01
clustered_SE 85.56± 0.25 57.05± 0.91 85.55± 0.31 58.23± 1.07 85.18± 0.21 58.20± 0.46 86.42± 0.29 61.03± 0.69
α_clustered_SE 89.79± 0.15 72.48± 0.71 90.04± 0.21 73.62± 1.04 89.46± 0.13 71.89± 0.39 90.80± 0.20 74.78± 0.54
EigV 90.03± 0.15 72.08± 0.62 90.28± 0.22 73.49± 0.72 89.79± 0.15 72.07± 0.70 91.06± 0.26 74.34± 0.94
LS 88.36± 0.49 64.33± 2.66 89.28± 0.25 68.25± 0.72 87.87± 0.37 61.92± 1.58 89.83± 0.52 70.94± 1.02
Ours 90.85∗ ± 0.11 74.90∗ ± 0.84 91.23∗ ± 0.25 75.81∗ ± 1.34 90.44∗ ± 0.13 74.23∗ ± 0.36 91.74∗ ± 0.19 76.45∗ ± 1.47

TriviaQA

SE 82.52† ± 0.13 67.96± 0.35 82.12† ± 0.13 67.01± 0.44 84.67† ± 0.17 69.02± 0.36 87.34† ± 0.18 75.43± 0.34
αSE 90.75± 0.10 78.50± 0.67 90.97± 0.11 78.02± 0.43 91.09± 0.16 77.32± 0.46 93.06± 0.12 84.15± 0.35
KSE 92.06± 0.11 78.83± 0.47 92.50± 0.08 80.02± 0.38 92.31± 0.19 79.75± 0.61 94.68± 0.12 86.01± 0.42
clustered_SE 90.08± 0.08 77.04± 0.25 90.93± 0.14 78.39± 0.35 91.98± 0.08 81.38± 0.21 94.01± 0.14 84.00± 0.38
α_clustered_SE 93.94± 0.06 84.91± 0.23 94.48± 0.08 86.18± 0.32 94.57± 0.09 86.51± 0.33 95.65± 0.10 88.77± 0.24
EigV 93.85± 0.07 84.18± 0.31 94.60± 0.08 86.18± 0.41 94.26± 0.08 84.81± 0.28 95.45± 0.10 88.06± 0.22
LS 86.16± 0.70 30.14† ± 19.93 85.57± 0.75 0.00† ± 0.00 88.65± 0.66 58.28† ± 4.08 88.89± 0.91 60.32† ± 2.49
Ours 94.30∗ ± 0.09 85.80∗ ± 0.56 94.82∗ ± 0.07 87.12∗ ± 0.43 94.78∗ ± 0.15 86.52∗ ± 0.64 95.87∗ ± 0.11 89.80∗ ± 0.41
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Figure 2: Average AUROC on all model-dataset pairs
with Rouge-L annotation and Llama annotation.

strengths of different detection signals, yielding
robust and consistent performance across models
and datasets.

Ablation study. As reasoning models become
increasingly common, we additionally evaluate
newer models such as Qwen3-4B. We observe that
semantic-entropy variants that rely only on cluster-
assignment frequencies can degrade for long-form
generations: long answers often differ in mean-
ing to some extent, which makes clustering less
informative and can weaken such scores. Because
our method aggregates multiple scores, severely
degraded baselines can in turn reduce overall per-
formance. On CoQA, our method still outperforms
all alternatives except EigV and LS.

We also study the effect of the calibration set
size. In principle, increasing the calibration size

reduces ε and may improve detection power. When
we increase the calibration set from 1,000 to
2,000, the AUROC improvement is modest (up
to 0.2%). Meanwhile, the standard deviation in-
creases by more than 0.2%, likely because allo-
cating more samples to calibration leaves fewer
non-hallucinated examples for validating the false-
alarm rate.

Next, we further enlarge the calibration set by
merging CoQA and TriviaQA and sampling 3,000
calibration prompts without hallucinated genera-
tions from the combined pool. This setting serves
as a stress test for the realistic scenario where the
test-time prompt distribution is unknown. Under
this mixed calibration set, our performance changes
only slightly, ranging from −0.21% to 0.27% on
CoQA and TriviaQA.

In many LLM tasks, the available validation/test
splits are relatively small, making it challenging to
obtain a calibration set large enough to fully meet
theoretical desiderata. Our results suggest that very
large calibration sets are not required for strong
empirical performance, and that mixing calibra-
tion data across distributions does not materially
degrade performance.

Finally, the sensitivity of ROUGE-L annota-
tions is analyzed by varying the tolerance threshold
θ ∈ {0.1, 0.2, 0.3} and the ROUGE-L similarity
threshold τ ∈ {0.2, 0.3, 0.4}. As shown in Ta-
ble 13 in the Appendix, increasing θ inherently
increases task difficulty by introducing more noise
into the non-hallucinated calibration set. While this

34139



leads to a general decline in AUROC across all de-
tectors, our proposed aggregation method remains
the top or second-best performer in all settings.
Notably, while base signals like Spectral Eigen-
value and Clustered SE exhibit high sensitivity to
θ (dropping over 8% in AUROC on Mistral-7B),
our framework maintains stability. This demon-
strates that the multiple-testing procedure success-
fully leverages the most reliable signals available,
even when other base detectors degrade. Further-
more, performance across all evaluated methods
remained invariant to changes in τ , indicating that
the framework is not overly sensitive to the specific
similarity threshold used for ground-truth labeling.

5 Conclusions

In this work, we reconceptualize the hallucination
detection problem as a hypothesis testing problem
and introduce a multiple-testing-inspired approach
to integrate various hallucination detection meth-
ods. Our method provides a theoretical guarantee
of false-alarm control while empirically improving
AUROC across different evaluation metrics. No-
tably, whereas existing methods can be inconsistent
across metrics, our approach achieves superior or
comparable performance across a broad range of
models and datasets, showing robust generalization
without requiring assumptions about the distribu-
tion of user queries posed to large language models
(LLMs). Our proposed method has significant im-
plications for the reliability and trustworthiness
of LLM-generated content, particularly in critical
applications such as healthcare, where misinforma-
tion can have severe consequences. By providing
a robust hallucination detection mechanism with
controllable false-alarm rates and negligible addi-
tional overhead beyond computing existing scores,
our work supports safer deployment of LLM-based
systems and reduces the risk that misleading or
fabricated information is presented as fact.

6 Limitations

Despite its strengths, our method has a few limi-
tations. Firstly, our evaluation relies on labeling
prompts as inducing hallucinations or not; we cur-
rently use Rouge-L overlap or an LLM-based con-
sistency judge. More capable LLM judges may
better capture semantic equivalence under rephras-
ing and thus provide higher-quality ground-truth
labels.

Secondly, as reasoning models show strong po-

tential on complex tasks, further evaluation on such
models, especially on more challenging settings
such as complex mathematical reasoning or agen-
tic problems, would be a valuable direction for
future work.

Finally, our approach is aggregation-based and
operates on a collection of base hallucination
scores. In settings where one can propose mul-
tiple potentially reasonable candidate scores but it
is unclear which will transfer best, this design is a
feature: our procedure provides a principled way to
combine them while controlling false alarms. That
said, our method presumes access to at least one
meaningful base score; for tasks where construct-
ing such a score is itself challenging, score design
remains a prerequisite and is complementary to our
contribution.
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A Experiment Details

Table 2 shows the specific models used in our exper-
iments. For each model, we generate 20 samples us-
ing pure sampling from the logits, with top_k = 0,
top_p = 1.0, and temperature = 1.0. The hyper-
parameter α in Alpha Semantic Entropy score is
fixed at 0.5. All experiments are conducted on a sin-
gle L40S GPU, except for LLaMA-2-13B, which
is evaluated using two L40S GPUs. Sampling gen-
erations and computing scores for each test take
approximately three days, but the process can be
accelerated through parallel computing.

The computational overhead is not expensive in
our experiments. Retrieving token probabilities re-
quires most of the time (several hours), and after
that, different versions of semantic entropy com-
putations are finished within one hour separately,
spectral eigenvalue and lexical similarity could be
finished within one hour separately too. Our multi-
ple testing framework is finished within 0.1 second
then.

We adopt the QA split of HaluEval with 10, 000
questions, the validation split of TriviaQA with
9, 960 questions, the development split of CoQA
with 7, 983 questions, and the test split of GSM8K
with 1319 questions. Since GSM8K is harder for
LLMs to answer, θ was chosen to be 0.3, and the
calibration dataset size is 500.

Table 2: Models tested in our experiments and their
Hugging Face identifiers

Model Hugging Face Identifier
Llama-2-13B meta-llama/Llama-2-13b-hf
Mistral-7B mistralai/Mistral-7B-v0.1

Llama-3.1-8B meta-llama/Llama-3.1-8B
DeepSeek-v2-Lite deepseek-ai/DeepSeek-V2-Lite

Qwen2.5-Math-1.5B-Instruct Qwen/Qwen2.5-Math-1.5B-Instruct
Llama-3.2-3B-Instruct meta-llama/Llama-3.2-3B-Instruct

Qwen3-4B Qwen/Qwen3-4B

Table 3 reports the hallucination proportions
(# hallucinated samples/# Total samples) derived
from the experimental splits for each model-dataset
pair. These statistics reveal that hallucination preva-
lence varies significantly across model architec-
tures and annotation regimes. In many instances,
such as within the HaluEval and TriviaQA bench-
marks, hallucination rates exceed 70%, creating
high-noise environments. The consistency of our
results across these diverse proportions underscores
the robustness of the proposed framework.

Table 3: Hallucination proportions (%) across bench-
marks.

Dataset Model
Hallucination Rate (%)

(Rouge-L Annotation) (Llama Annotation)

HaluEval

Llama-3.1-8B 70.89 81.01
DeepSeek-V2 71.97 80.61
Llama-2-13B 79.11 85.97
Mistral-7B 70.53 80.04

TriviaQA

Llama-3.1-8B 74.75 78.73
Llama-2-13B 72.56 76.32
Mistral-7B 73.53 76.46
DeepSeek-V2 69.20 72.66

CoQA

Llama-3.1-8B 63.47 83.55
Llama-2-13B 64.90 83.70
DeepSeek-V2 72.59 88.36
Mistral-7B 68.53 86.45
Qwen3-4B 85.43 87.32

GSM8K
Qwen2.5-Math 77.71 66.26
Llama-3.2-3B 55.88 47.61

Table 4: Detection power (%) at 10% false alarm rate
across different models and datasets with a calibration
data size of 3,000. ∗ and † indicate the best and the
worst detection power in each case.

Dataset Method Llama-2-13B Mistral-7B Llama-3.1-8B DeepSeek-v2-Lite

CoQA

SE 38.82† ± 0.71 36.65† ± 0.66 37.42† ± 0.64 41.86† ± 0.56
αSE 65.54± 1.05 65.45± 1.41 62.19± 1.10 66.65± 0.88
KSE 70.46± 0.92 68.06± 1.23 67.44± 0.93 69.94± 0.84
clustered_SE 57.21± 1.29 58.50± 1.42 58.52± 0.98 60.79± 1.06
α_clustered_SE 72.79± 0.71 73.13± 0.77 71.65± 0.89 74.64± 0.52
EigV 71.80± 1.01 73.42± 0.80 72.20± 1.47 74.01± 1.30
LS 64.84± 4.34 67.41± 1.20 62.95± 1.91 70.32± 1.27
Ours 74.48∗ ± 0.37 74.03∗ ± 1.18 73.55∗ ± 1.27 76.36∗ ± 1.22

TriviaQA

SE 67.99± 0.44 66.52± 0.48 69.00± 0.71 75.30± 0.26
αSE 78.43± 0.80 77.55± 0.50 77.38± 0.83 83.92± 0.50
KSE 78.71± 0.58 79.78± 0.50 79.71± 0.91 85.67± 0.61
clustered_SE 76.98± 0.19 78.27± 0.70 81.25± 0.71 84.04± 0.60
α_clustered_SE 84.84± 0.37 86.05± 0.56 86.47± 0.64 88.60± 0.35
EigV 83.95± 0.29 86.01± 0.41 84.69± 0.64 87.92± 0.36
LS 10.44† ± 13.99 0.00† ± 0.00 57.72† ± 3.76 60.66† ± 6.73
Ours 86.52∗ ± 0.34 87.07∗ ± 0.71 87.82∗ ± 0.70 89.93∗ ± 0.25

CoQA
+TriviaQA

SE 54.96± 0.55 52.70± 0.36 56.64† ± 0.41 58.79† ± 0.18
αSE 73.03± 0.54 72.65± 0.59 70.72± 0.52 76.73± 0.62
KSE 74.93± 0.38 74.60± 0.77 74.38± 0.46 79.07± 0.76
clustered_SE 67.20± 0.24 68.27± 0.46 68.99± 0.31 73.15± 0.38
α_clustered_SE 79.67± 0.30 80.67± 0.52 80.42± 0.43 82.83± 0.36
EigV 78.82± 0.30 80.78± 0.46 78.99± 0.51 82.18± 0.64
LS 50.14† ± 1.68 51.85† ± 2.87 60.58± 2.71 59.93± 2.67
Ours 81.48∗ ± 0.34 81.81∗ ± 0.55 81.81∗ ± 0.62 84.06∗ ± 0.49

B Additional Results

Calibration Dataset Expansion. Table 4 and Ta-
ble 5 correspond to constructing a mixed calibra-
tion set by pooling non-hallucinated prompts from
TriviaQA and CoQA. As noted in the main text,
AUROC changes only slightly (within 0.3%), and
detection power also varies modestly (within 1.8%).
Table 6 and Table 7 consider a second strategy,
where we sample 2,000 non-hallucinated prompts
and use the remaining non-hallucinated prompts to
estimate the false-alarm rate. Performance remains
comparable to the default setting with |C| = 1,000.
The standard deviation is larger, likely because
the number of held-out non-hallucinated examples
used to estimate the false-alarm rate is smaller
in each case (ranging from 188 to 1,068). Over-
all, these results further support the robustness of
our method, which remains the top-performing ap-
proach across all settings.
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Table 5: AUROC (%) across different models and
datasets with a calibration data size of 3,000. ∗ and
† indicate the best and worst AUROC in each case.

Dataset Method Llama-2-13B Mistral-7B Llama-3.1-8B DeepSeek-v2-Lite

CoQA

SE 66.76† ± 0.27 65.46† ± 0.38 65.55† ± 0.31 68.99† ± 0.31
αSE 85.21± 0.20 85.28± 0.38 84.29± 0.39 86.48± 0.21
KSE 88.77± 0.30 88.53± 0.26 87.85± 0.28 89.03± 0.27
clustered_SE 85.68± 0.25 85.65± 0.30 85.41± 0.37 86.33± 0.28
α_clustered_SE 89.81± 0.12 90.08± 0.20 89.56± 0.26 90.73± 0.23
EigV 89.98± 0.25 90.36± 0.29 89.85± 0.25 91.00± 0.31
LS 88.49± 0.57 89.17± 0.40 88.01± 0.48 89.72± 0.49
Ours 90.82∗ ± 0.15 91.02∗ ± 0.20 90.52∗ ± 0.31 91.57∗ ± 0.25

TriviaQA

SE 82.57† ± 0.21 82.00† ± 0.20 84.77† ± 0.36 87.31† ± 0.21
αSE 90.68± 0.17 90.91± 0.21 91.16± 0.26 92.99± 0.24
KSE 92.09± 0.16 92.46± 0.17 92.39± 0.28 94.63± 0.28
clustered_SE 90.06± 0.08 90.87± 0.24 92.02± 0.26 94.01± 0.19
α_clustered_SE 93.85± 0.07 94.46± 0.18 94.61± 0.21 95.62± 0.15
EigV 93.77± 0.09 94.60± 0.14 94.28± 0.19 95.42± 0.19
LS 85.11± 0.65 85.29± 1.09 88.40± 0.80 89.20± 0.84
Ours 94.44∗ ± 0.10 94.81∗ ± 0.13 95.05∗ ± 0.22 95.94∗ ± 0.18

TriviaQA
+CoQA

SE 75.35† ± 0.18 74.12† ± 0.19 76.45† ± 0.26 78.00† ± 0.19
αSE 88.28± 0.18 88.37± 0.15 88.26± 0.22 90.09± 0.24
KSE 90.62± 0.17 90.72± 0.17 90.42± 0.19 92.39± 0.27
clustered_SE 87.56± 0.09 88.04± 0.16 88.50± 0.24 90.39± 0.18
α_clustered_SE 92.00± 0.07 92.48± 0.14 92.40± 0.17 93.63± 0.14
EigV 92.11± 0.13 92.77± 0.17 92.40± 0.17 93.64± 0.19
LS 86.40± 0.60 86.32± 0.48 88.35± 0.39 88.79± 0.49
Ours 92.74∗ ± 0.11 93.07∗ ± 0.11 92.98∗ ± 0.17 94.01∗ ± 0.17

Table 6: Detection power (%) at 10% false alarm rate
across different models and datasets with a calibration
data size of 2,000. ∗ and † indicate the best and the
worst detection power in each case.

Dataset Method Llama-2-13B Mistral-7B Llama-3.1-8B DeepSeek-v2-Lite

CoQA

SE 38.69† ± 0.81 37.55† ± 1.44 37.11† ± 0.93 42.73† ± 2.12
αSE 65.97± 1.63 65.11± 2.79 62.30± 0.62 66.28± 4.25
KSE 70.67± 1.28 68.89± 1.34 67.27± 1.02 70.07± 3.20
clustered_SE 56.96± 2.20 59.03± 2.58 58.63± 1.01 59.31± 3.31
α_clustered_SE 72.57± 1.35 73.64± 1.69 71.47± 1.09 74.32± 2.04
EigV 72.54± 1.26 74.34± 1.49 72.01± 1.72 72.77± 3.01
LS 62.34± 5.29 68.91± 2.71 60.91± 3.58 65.05± 8.28
Ours 74.72∗ ± 1.28 76.53∗ ± 2.70 74.69∗ ± 1.01 75.81∗ ± 2.47

TriviaQA

SE 67.82± 0.68 67.12± 0.82 68.66± 1.63 75.48± 0.55
αSE 78.44± 1.09 77.98± 1.19 77.46± 1.46 84.16± 0.55
KSE 78.84± 1.39 80.22± 0.90 79.65± 1.16 85.87± 0.73
clustered_SE 76.78± 1.26 78.40± 0.86 81.39± 1.26 83.91± 0.48
α_clustered_SE 84.93± 0.77 86.21± 1.18 86.33± 1.07 88.75± 0.39
EigV 84.22± 0.74 86.30± 1.00 84.90± 1.07 88.11± 0.49
LS 34.19† ± 23.91 0.00† ± 0.00 54.87† ± 7.37 58.38† ± 6.66
Ours 85.79∗ ± 0.81 87.28∗ ± 1.01 86.52∗ ± 1.17 89.81∗ ± 0.60

Results on math datasets. Because math
questions are more challenging, we focus on
instruction-tuned models, Qwen2.5-Math-1.5B-
Instruct (Yang et al., 2024a) and LLaMA-3.2-3B-
Instruct (Grattafiori et al., 2024), using chain-of-
thought prompting with the chat-style template. Be-
cause our evaluation setting aims not to assume any
particular prompt type, we do not post-process gen-
erations (e.g., extracting the final numeric answer),
as is common in prior work on math benchmarks.
Instead, we keep the full generations, consistent
with our other QA datasets. For annotation, how-
ever, we extract the final numeric answer from each
sampled generation when it exists.

As shown in Table 8 and Table 9, our method
remains robust. Lexical similarity is the only base-
line that achieves consistently strong performance,
while several others degrade substantially (some
even perform worse than random guessing). In the
presence of these weak baselines, our method at-
tains the second-best overall performance. These

Table 7: AUROC (%) across different models and
datasets with a calibration data size of 2,000. ∗ and
† indicate the best and worst AUROC in each case.

Dataset Method Llama-2-13B Mistral-7B Llama-3.1-8B DeepSeek-v2-Lite

CoQA

SE 66.59† ± 0.49 65.76† ± 0.61 65.35† ± 0.31 69.38† ± 1.29
αSE 85.38± 0.40 85.38± 0.57 84.17± 0.33 86.82± 0.64
KSE 88.86± 0.27 88.53± 0.55 87.86± 0.26 89.46± 0.67
clustered_SE 85.55± 0.70 85.64± 0.75 85.25± 0.27 86.46± 1.16
α_clustered_SE 89.85± 0.40 90.09± 0.50 89.41± 0.31 90.94± 0.51
EigV 90.10± 0.30 90.43± 0.59 89.80± 0.35 91.28± 0.69
LS 88.16± 0.77 89.54± 0.80 87.87± 0.78 89.46± 1.41
Ours 90.90∗ ± 0.36 91.44∗ ± 0.60 90.54∗ ± 0.26 91.70∗ ± 0.51

TriviaQA

SE 82.44† ± 0.45 82.19† ± 0.50 84.77† ± 0.60 87.36† ± 0.22
αSE 90.72± 0.29 91.03± 0.48 91.24± 0.46 93.08± 0.20
KSE 92.06± 0.26 92.68± 0.44 92.30± 0.40 94.73± 0.22
clustered_SE 90.02± 0.30 90.98± 0.43 92.06± 0.53 93.99± 0.21
α_clustered_SE 93.94± 0.22 94.56± 0.35 94.65± 0.40 95.66± 0.19
EigV 93.80± 0.21 94.72± 0.33 94.30± 0.43 95.49± 0.16
LS 86.43± 0.55 85.40± 1.29 88.26± 0.93 89.31± 0.56
Ours 94.29∗ ± 0.21 94.90∗ ± 0.31 94.81∗ ± 0.40 95.92∗ ± 0.18

differences arise because, across samples, math
solutions often differ in their intermediate reason-
ing, rephrasings, or decomposition of the problem,
which can distort semantic-similarity signals and
degrade semantic-entropy variants as well as spec-
tral scores. In contrast, lexical similarity primarily
captures surface overlap, and thus better reflects
whether two generations are following a similar
solution trajectory rather than diverging into irrel-
evant content or generic refusals. We also report
majority voting and averaging; our method substan-
tially improves over these aggregation strategies in
most settings.

Table 8: Detection power (%) at 10% false alarm rate
across different models on GSM8K. ∗ and † indicate the
best and the worst detection power in each case.

Dataset Method Qwen2.5-Math-1.5B-Instruct Llama-3.2-3B-Instruct

GSM8K

ă SE 0.21† ± 0.00 0.77† ± 0.00
αSE 5.05± 0.00 3.23± 0.00
KSE 8.84± 1.43 7.45± 1.54
clustered_SE 16.59± 2.82 28.12± 2.52
α_clustered_SE 12.75± 0.64 23.40± 3.92
EigV 9.20± 1.93 6.02± 1.72
LS 32.66∗ ± 2.73 63.91∗ ± 3.94
Majority Voting 12.99± 3.47 16.05± 2.92
Averaging 11.35± 2.56 35.26± 4.69
Ours 18.19± 3.20 44.23± 4.83

Table 9: AUROC (%) across different models on
GSM8K. ∗ and † indicate the best and worst AUROC in
each case.

Dataset Method Qwen2.5-Math-1.5B-Instruct Llama-3.2-3B-Instruct

GSM8K

ă SE 49.54± 0.17 50.21± 0.21
αSE 48.87± 0.61 49.47± 0.75
KSE 47.99† ± 1.45 46.34± 1.90
clustered_SE 61.24± 1.31 63.61± 1.77
α_clustered_SE 60.00± 1.61 62.34± 2.01
EigV 49.46± 1.47 43.57† ± 1.92
LS 75.57∗ ± 1.06 83.79∗ ± 0.75
Majority Voting 54.26± 1.35 54.33± 1.84
Averaging 64.70± 1.57 71.92± 1.50
Ours 62.24± 1.39 74.10± 1.58

Results on the reasoning model. Table 10 re-
ports results on the reasoning model Qwen3-4B on
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Table 10: Detection power (%) at 10% false alarm rate
and AUROC (%) on Qwen3-4B and CoQA. ∗ and †
indicate the best and worst performance in each case.

Method AUROC Detection Power
SE 51.88± 0.40 9.15± 0.00
αSE 61.51± 0.51 20.70± 0.73
KSE 73.47± 0.50 39.03± 1.45
clustered_SE 33.55† ± 0.87 1.45± 0.38
α_clustered_SE 36.55± 0.87 1.39† ± 0.26
EigV 81.88∗ ± 0.80 56.36± 3.26
LS 80.87± 0.63 58.06∗ ± 2.06
Majority Voting 67.93± 0.48 35.24± 2.18
Averaging 47.14± 0.75 4.69± 0.51
Ours 76.09± 0.67 40.70± 2.35

CoQA. As noted in the main text, longer genera-
tions often differ slightly in meaning across sam-
ples, which weakens baselines that rely on discrete
semantic clusters. This effect is most pronounced
for the clustered variants, where performance can
drop substantially, even below random guessing.
Despite being influenced by these weak scores,
our method remains robust: it stays close to the
strongest baselines (EigV and LS) and outperforms
the remaining methods.

Table 11: Detection power (%) at 10% false alarm rate
across different models on HaluEval under different
annotations. An asterisk (∗) indicates the best detec-
tion power in each case, while a dagger (†) indicates
the worst. Our proposed method demonstrates robust
performance across all cases.

Annotation Method Llama-2-13B Mistral-7B Llama-3.1-8B DeepSeek-v2-Lite

Llama

SE 41.70± 1.18 35.99± 0.51 38.40† ± 0.68 49.60± 1.00
αSE 67.96± 1.05 62.36± 0.57 65.56± 0.83 70.02± 0.79
KSE 74.65± 1.56 71.43± 1.21 74.87± 0.73 76.43± 0.94
clustered_SE 52.58± 1.61 50.64± 0.61 51.98± 0.76 61.10± 0.86
α_clustered_SE 72.10± 1.22 68.67± 0.76 68.49± 0.49 71.36± 0.83
EigV 75.16± 1.19 70.67± 0.85 70.24± 0.59 71.91± 0.49
LS 22.48† ± 7.73 11.06† ± 3.97 39.37± 3.58 0.00† ± 0.00
Majority Voting 72.24± 1.64 68.55± 0.77 70.98± 0.88 72.76± 1.00
Averaging 71.17± 1.45 65.95± 0.71 70.39± 0.80 71.89± 1.16
Ours 75.62∗ ± 1.27 74.96∗ ± 1.00 76.23∗ ± 0.80 78.12∗ ± 1.04

RougeL

SE 41.50† ± 0.58 35.68† ± 0.57 36.88† ± 0.58 50.99± 0.38
αSE 66.46± 0.87 60.95± 0.66 62.97± 0.67 68.84± 0.86
KSE 71.21± 1.70 69.90± 1.07 69.35± 0.75 72.27± 1.06
clustered_SE 51.03± 0.84 50.06± 0.45 51.99± 0.35 60.70± 0.67
α_clustered_SE 71.77± 0.76 67.32± 0.51 68.18± 0.46 71.32± 0.45
EigV 71.02± 1.00 64.44± 0.85 65.39± 0.66 67.49± 0.62
LS 64.81± 3.87 45.74± 2.35 64.34± 1.36 41.28† ± 5.64
Majority Voting 74.93± 0.75 70.31± 0.62 71.88± 0.32 75.41± 0.49
Averaging 75.45± 0.67 69.77± 0.40 71.75± 0.68 76.71± 0.33
Ours 75.70∗ ± 1.19 71.74∗ ± 0.74 74.93∗ ± 0.63 76.79∗ ± 0.96

Results under Rouge-L and Llama annotations.
The results are reported in Table 11, Table 12,
together with Table 1 and Figure 1. For CoQA
with LLaMA annotations, we set the calibration
set size to 800 because only a limited number of
non-hallucinated prompts are annotated by Llama.
Under Llama annotation, our method achieves the
highest detection power on HaluEval (Table 11).

Table 12: AUROC (%) across different models and
datasets under Llama annotation. ∗ and † indicate the
best and worst AUROC in each case.

Dataset Method Llama-2-13B Mistral-7B Llama-3.1-8B DeepSeek-v2-Lite

CoQA

SE 65.85† ± 0.36 65.78† ± 0.54 64.07† ± 0.35 69.62† ± 1.00
αSE 85.12± 0.21 85.28± 0.30 83.15± 0.30 87.50± 0.89
KSE 91.82± 0.38 91.94± 0.34 90.59± 0.33 92.36± 1.01
clustered_SE 85.74± 0.72 86.83± 0.54 85.77± 0.28 88.53± 1.12
α_clustered_SE 89.97± 0.41 90.61± 0.42 89.43± 0.30 92.22± 0.75
EigV 93.76∗ ± 0.27 94.23∗ ± 0.30 93.16∗ ± 0.31 94.75∗ ± 0.60
LS 73.53± 0.92 77.01± 1.26 73.56± 0.48 79.78± 2.60
Majority Voting 91.11± 0.35 91.65± 0.32 90.30± 0.23 92.85± 0.83
Averaging 88.73± 0.36 90.11± 0.33 88.24± 0.18 91.81± 0.89
Ours 91.91± 0.31 92.41± 0.19 91.11± 0.19 93.18± 0.64

TriviaQA

SE 83.71± 0.09 83.23± 0.13 85.67± 0.17 88.08± 0.13
αSE 91.96± 0.13 91.91± 0.15 92.25± 0.16 93.72± 0.11
KSE 93.14± 0.14 93.49± 0.17 93.37± 0.18 95.64± 0.10
clustered_SE 91.06± 0.14 91.93± 0.18 92.74± 0.15 94.53± 0.09
α_clustered_SE 94.59± 0.08 95.24± 0.10 95.27± 0.13 96.06± 0.08
EigV 95.26∗ ± 0.08 95.88∗ ± 0.08 95.80∗ ± 0.09 96.58∗ ± 0.06
LS 76.36† ± 0.44 75.91† ± 0.82 80.17† ± 0.63 82.37† ± 0.49
Majority Voting 94.56± 0.07 94.66± 0.11 95.11± 0.10 96.29± 0.08
Averaging 93.71± 0.10 93.99± 0.10 94.98± 0.13 95.88± 0.06
Ours 94.94± 0.08 95.60± 0.06 95.53± 0.11 96.56± 0.10

For AUROC on CoQA and TriviaQA under Llama
annotation (Table 12), although lexical similarity
degrades substantially and can affect aggregation,
our method still ranks second and remains close to
the best baseline (Spectral Eigenvalue), outperform-
ing the remaining scores. A similar pattern holds
on HaluEval: under Llama annotation (Figure 1),
our method is again second and comparable to the
best score (Kernel Semantic Entropy). Overall,
these results further support the robustness of our
approach: no single baseline performs well across
all annotation protocols, whereas our method is
consistently best or near-best.

Table 13: AUROC (%) on HaluEval with ROUGE-L
annotation across varying θ (Fixed τ = 0.3). Under
each model, columns represent θ = 0.1/0.2/0.3. ∗ and
† indicate the best and worst AUROC in each setting.

Method
Llama-2-13B Mistral-7B Llama-3.1-8B DeepSeek-V2

0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
SE NA 64.34† 62.94† 64.06† 60.69† 58.81† 65.69† 62.24† 60.40† 73.59† 70.36† 67.59†

αSE NA 83.43 82.09 82.60 80.36 78.89 83.53 81.80 80.61 86.54 84.54 82.59
KSE NA 89.41 88.13∗ 89.79 88.85∗ 87.95∗ 90.05 89.32 88.79∗ 91.65 90.43∗ 88.60∗

clustered_SE NA 78.32 76.03 82.30 78.04 75.59 82.75 78.82 76.96 87.74 83.49 80.40
α_clustered_SE NA 85.83 82.85 89.71 85.53 82.69 89.39 85.40 82.47 91.46 87.48 84.47
EigV NA 86.59 83.23 90.66 85.83 81.93 90.82 85.90 81.69 91.98 87.16 83.29
LS NA 88.77 87.94 87.43 85.62 85.20 90.51 89.23 87.69 88.45 85.19 83.06
Ours NA 90.18∗ 87.79 91.83∗ 88.71 86.67 92.67∗ 90.56∗ 88.13 93.13∗ 90.27 87.31

Note: NA indicates that the model did not produce enough consistent
generations to meet the 1000-sample calibration requirement at θ = 0.1.
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