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Abstract

Large language models (LLMs) have demon-
strated remarkable capabilities across diverse
tasks. However, the truthfulness of their out-
puts is not guaranteed, and their tendency to-
ward overconfidence further limits reliability.
Uncertainty quantification offers a promising
way to identify potentially unreliable outputs,
but most existing methods rely on repeated sam-
pling or auxiliary models, introducing substan-
tial computational overhead. To address these
limitations, we propose Semantic Token Clus-
tering (STC), an efficient uncertainty quantifi-
cation method that leverages the semantic in-
formation inherently encoded in LLMs. Specif-
ically, we group tokens into semantically con-
sistent clusters using embedding clustering and
prefix matching, and quantify uncertainty based
on the probability mass aggregated over the
corresponding semantic cluster. Our approach
requires only a single generation and does not
depend on auxiliary models. Experimental re-
sults show that STC achieves performance com-
parable to state-of-the-art baselines while sub-
stantially reducing computational overhead.1

1 Introduction

Large language models (LLMs) achieve impressive
performance across diverse tasks but still fail to
guarantee factual accuracy, which is a critical lim-
itation, especially in high-stakes domains such as
healthcare, law, and science. Their tendency to gen-
erate plausible-sounding yet incorrect responses
further complicates error detection, underscoring
the need for effective uncertainty quantification to
identify and manage unreliable outputs.

A natural approach is to allow LLMs to explicitly
express their uncertainty verbally. However, due
to the well-known overconfidence problem (Xiong
et al., 2024), LLMs often exhibit high confidence

1Code will be available at https://github.com/
ccqq77/semantic_token_clustering.

even when their responses are plausible but incor-
rect. Recent studies have attempted to address
this issue by quantifying uncertainty in natural lan-
guage generation, for example, by sampling mul-
tiple generations, leveraging external natural lan-
guage inference (NLI) models to estimate the se-
mantic relationships among them, and measuring
uncertainty using semantic dispersion (Kuhn et al.,
2023; Farquhar et al., 2024; Lin et al., 2024).

Despite their effectiveness, most prior ap-
proaches require repeated sampling or auxiliary
models (Kuhn et al., 2023; Farquhar et al., 2024;
Lin et al., 2024), introducing substantial compu-
tational overhead and failing to fully exploit the
semantic structure encoded in the LLM’s internal
representations. In this work, we propose Semantic
Token Clustering (STC), a novel and efficient ap-
proach for uncertainty quantification that directly
leverages internal semantic representations, thereby
eliminating the need for external models and multi-
ple generations. Our method achieves performance
comparable to state-of-the-art baselines while sub-
stantially reducing computational overhead. Our
method offers three key advantages:
Leveraging internal representations. The
method employs token embedding clustering to
link the internal semantic representations of LLMs
with uncertainty quantification, enabling more ef-
fective use of their inherent semantic structure.
Easy and self-contained implementation. The
method requires no fine-tuning, supervised data
collection, or external models, relying solely on
unsupervised uncertainty quantification in a self-
contained manner. It can therefore be readily ap-
plied to any off-the-shelf white-box LLM.
Computational efficiency. Unlike sampling-based
methods, our approach quantifies uncertainty from
a single generation. Furthermore, computationally
intensive steps such as embedding clustering can
be performed offline, yielding minimized overhead
at inference time.
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2 Related Work

Existing uncertainty quantification methods for
LLMs can be broadly categorized into supervised
and unsupervised approaches. Supervised methods
typically train additional probes to predict the cor-
rectness of generations (Azaria and Mitchell, 2023;
Liu et al., 2024). However, these methods require
labeled data and additional training, and they are
not guaranteed to generalize to out-of-distribution
data, which limits their flexibility and applicability.

In contrast, unsupervised methods quantify un-
certainty directly from model outputs, logits, or
internal states without additional training. Logit-
based metrics, such as Perplexity (Fomicheva et al.,
2020), compute uncertainty scores directly from
token-level logits. Sampling-based methods such
as Semantic Entropy (Kuhn et al., 2023; Farquhar
et al., 2024), EigenScore (Chen et al., 2023),
and various semantic dispersion metrics (Lin
et al., 2024) quantify uncertainty by measuring
the semantic diversity/consistency across multiple
stochastic generations. Closely related to our work,
Claim Conditioned Probability (CCP) (Fadeeva
et al., 2024) quantifies token-level uncertainty from
a single generation but relies on an NLI model,
incurring significant computational overhead.

Despite their effectiveness, existing unsuper-
vised methods either overlook semantic consis-
tency or rely on multiple generations and external
models. In contrast, our approach directly lever-
ages semantic information inherently encoded in
LLMs, enabling efficient and self-contained un-
certainty quantification from a single generation.
Table 1 summarizes the key differences between
our method and existing baselines.

Table 1: Key differences between the proposed uncer-
tainty quantification method and existing methods.

Semantic
Aware

Single
Sample

External
Model
Free

Overhead

Perplexity ✗ ✓ ✓ Low
P(True) ✗ ✓ ✓ Medium
Predictive Entropy ✗ ✗ ✓ High
LN Entropy ✗ ✗ ✓ High
TokenSAR ✓ ✓ ✗ Medium
ConU ✓ ✗ ✗ High
Semantic Entropy ✓ ✗ ✗ High
Ecc ✓ ✗ ✗ High
EigV ✓ ✗ ✗ High
Deg ✓ ✗ ✗ High
EigenScore ✓ ✗ ✓ High
SentenceSAR ✓ ✗ ✗ High
SAR ✓ ✗ ✗ High
CCP ✓ ✓ ✗ High
Ours ✓ ✓ ✓ Low

Vocabulary

Embedding

Clustering

Pre-computation

Question: What happened at the 1939
worlds fair in regards to television?
Answer:

The first public demonstration of television

Input

Output

Clustered
Tokens

television
TV
tv
...

television, Television, televis ...

Prefix Matching

sum of probabilities

Inference

Figure 1: Overview of the proposed method. Token em-
bedding clustering is performed in the pre-computation
stage. During inference, we aggregate next-token
probability mass over embedding-clustered and prefix-
matched tokens to quantify uncertainty.

3 Problem

In this study, we focus on uncertainty quantifica-
tion in LLMs for specific generations. Specifically,
given an input prompt x and a generated response
y, the goal is to estimate a score aligned with the
risk that the response y is incorrect. Formally, the
uncertainty estimate can be expressed as:

U(x, y) = g
(
p̂
(
C = 0 | x, y

))
, (1)

where C is a binary correctness indicator, and g is
a monotonically increasing link function.

In this study, we aim to develop a computation-
ally efficient method to quantify uncertainty di-
rectly from a single generation.

4 Methodology

Our method quantifies uncertainty using the
model’s next-token probability distribution at each
decoding step, as it directly reflects uncertainty in
token selection. Since probability mass is often
distributed across multiple semantically consistent
tokens (e.g., “TV” vs. “television”), the probability
of a single token may underestimate the model’s
confidence. To address this, we cluster candidate
tokens based on semantic similarity and aggregate
their probability mass within each cluster to obtain
a cluster-based estimate.
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Figure 2: Performance comparison between our method and baseline approaches across different models and
datasets. For clarity, only the top seven methods ranked by performance are shown in each subfigure. Metric:
AUROC.

As shown in Figure 1, our method measures
token-level uncertainty by grouping tokens using
embedding clustering and prefix matching. The
uncertainty score is computed through a two-stage
process:

Pre-computation Stage. Inspired by recent work
on text embedding, in particular LENS (Lei et al.,
2025), we group tokens into semantically consis-
tent clusters based on their embeddings using an un-
supervised clustering algorithm, such as Agglomer-
ative Clustering (Müllner, 2011) (implementation
details are provided in Appendix C). Examples of
these clusters are shown in Appendix A. The clus-
tering is performed offline, enabling the resulting
clusters to be directly used during inference with-
out introducing additional computational overhead.

Inference Stage. During inference, we aggregate
token probabilities within each semantic cluster
at every decoding step to compute an uncertainty
score. Because tokenization does not always align
with meaningful semantic units, individual tokens
may lack sufficient semantic information when con-
sidered in isolation. To address this, we incorporate
additional semantic information from subsequent
context through prefix matching. Specifically, we
check whether a candidate token serves as a prefix
of the subsequent generation. For example, re-
gardless of whether the subsequent generation is

“television” as a single token or split into “tele”
and “vision”, the tokens “television”, “tele”, and
“televis” are all considered prefix-matched. This
process enhances the semantic consistency of clus-
ters by grouping tokens that remain consistent with
the subsequent generation.

Formally, the embedding-clustered token set is
defined as

T e
i = { t ∈ V | cluster(t) = cluster(yi) }, (2)

where T e
i denotes the set of tokens identified

through embedding clustering, V denotes the model
vocabulary, and cluster(·) maps each token to its
corresponding semantic cluster.

Similarly, the prefix-matched token set is defined
as

T p
i = { t ∈ V | norm(yi:) startswith norm(t) },

(3)
where T p

i denotes the set of tokens identified
through prefix matching, norm(·) performs case-
and space-insensitive normalization, and yi: de-
notes the substring of the remaining output se-
quence starting from position i.

At each decoding step, the clustered probability
mass is computed by aggregating the probabilities
of all semantically consistent tokens:

p̂c(yi | x, y<i) =
∑

t∈Ti
p(t | x, y<i), (4)
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Figure 3: Efficiency comparison across methods. The performance (AUROC) and relative execution time overhead
(%) are plotted on the y-axis and x-axis, respectively, illustrating the efficiency of the proposed method. The relative
execution time overhead represents the additional execution time required for uncertainty quantification relative to
basic inference. For clarity, only the top ten methods ranked by performance are shown in each subfigure.

where Ti = T e
i ∪ T p

i denotes the union of tokens
identified through embedding clustering and prefix
matching at step i.

The overall uncertainty score for the generated
sequence is estimated as one minus the product of
the clustered probability masses across decoding
steps:

S(x, y) = 1−
n∏

i=1

p̂c(yi | x, y<i), (5)

Overall, our approach provides an efficient and
self-contained pipeline for uncertainty quantifica-
tion, leveraging the semantic information inher-
ently encoded in LLMs without relying on external
models or multiple sampled generations.

5 Experiments

5.1 Setup

Baselines. We compare our proposed method
with baselines, including single-generation meth-
ods such as Perplexity (Fomicheva et al., 2020),
tokenSAR (Duan et al., 2024), and CCP (Fadeeva
et al., 2024); sampling-based methods such as Pre-
dictive Entropy (Lindley, 1956), LN-Entropy (Ma-
linin and Gales, 2021), EigenScore (Chen et al.,
2023), ConU (Wang et al., 2024), Semantic
Entropy (Kuhn et al., 2023), Ecc, EigV, and
Deg (Lin et al., 2024), as well as sentenceSAR and
SAR (Duan et al., 2024); and the prompting-based
method P(True) (Kadavath et al., 2022).
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Table 2: Ablation study results. Metric: AUROC.

Dataset Method Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ

Ours 0.767 0.777 0.776 0.817 0.827 0.798
w/o embedding clustering 0.744 0.746 0.751 0.788 0.777 0.754
w/o prefix matching 0.761 0.776 0.773 0.817 0.826 0.795
probability 0.731 0.743 0.739 0.785 0.770 0.748

TQA

Ours 0.878 0.882 0.893 0.876 0.902 0.900
w/o embedding clustering 0.876 0.874 0.884 0.873 0.899 0.894
w/o prefix matching 0.874 0.876 0.887 0.873 0.899 0.896
probability 0.867 0.861 0.871 0.864 0.891 0.882

WQ

Ours 0.735 0.744 0.722 0.762 0.766 0.742
w/o embedding clustering 0.718 0.733 0.708 0.744 0.756 0.728
w/o prefix matching 0.722 0.736 0.713 0.757 0.764 0.734
probability 0.702 0.716 0.695 0.731 0.747 0.718

Models. We conduct experiments using open-
source models: Llama-2-7B (Touvron et al., 2023),
Llama-3-8B (Grattafiori et al., 2024), Mistral-7B-
v0.3 (Jiang et al., 2023) and Qwen2.5 models with
3B, 7B, and 14B parameters (Qwen et al., 2025).2

Datasets. We evaluate the methods on three
datasets: TriviaQA (TQA; Joshi et al., 2017), Nat-
ural Questions (NQ; Kwiatkowski et al., 2019),
and WebQuestions (WQ; Berant et al., 2013). For
TQA and NQ, we follow the preprocessing settings
in Lin et al. (2024), while for WQ, we use the orig-
inal test set. The resulting numbers of processed
samples are 9,960 for TQA, 3,610 for NQ, and
2,032 for WQ.

Details. Further details regarding evaluation and
implementation specifics are provided in Ap-
pendix B and Appendix C, respectively.

5.2 Results

Figure 2 compares the performance of different
methods. Our approach achieves performance com-
parable to state-of-the-art baselines across datasets
and models, demonstrating its effectiveness. Fig-
ure 3 visualizes the trade-off between performance
and overhead to illustrate efficiency. Our method is
positioned in the upper-left corner, indicating that
beyond strong empirical results, it is also highly
efficient, with substantially lower computational
overhead than state-of-the-art baselines. In partic-
ular, compared with CCP, our approach achieves
competitive performance while reducing inference-
time overhead by an average of 98%.

Our approach requires neither multiple genera-
tions nor external models, and embedding cluster-
ing is performed offline during pre-computation

2We access and utilize the weights and configurations of
these models via HuggingFace: https://huggingface.co/.

(the overhead of this stage is discussed in Ap-
pendix E). Consequently, the inference-time over-
head is minimized, and the process can be executed
efficiently on CPUs without requiring GPUs.

5.3 Ablation Study
We conduct ablation studies to evaluate the contri-
butions of key components in our method, with
the results presented in Table 2. Removing ei-
ther embedding clustering or prefix matching in-
dividually leads to moderate performance degra-
dation. This occurs because the two components
are complementary: embedding clustering captures
semantic similarity, whereas prefix matching cap-
tures surface-form consistency. In many cases, the
embedding-clustered tokens already include those
identified by prefix matching (e.g., “television” and
“Television” belong to the same embedding cluster
and are also prefix-matched). When both compo-
nents are removed, the method reduces to com-
puting the probability of the generated response,
resulting in a substantial performance drop. These
findings underscore the effectiveness of both em-
bedding clustering and prefix matching in our un-
certainty quantification method. A detailed sensi-
tivity analysis on the embedding clustering is pro-
vided in Appendix F.

6 Conclusion

We propose Semantic Token Clustering (STC), an
efficient method for uncertainty quantification in
LLMs that leverages their inherent semantic infor-
mation. Our approach quantifies uncertainty from a
single generation without requiring multiple gener-
ations or external models. Experimental results
show that STC achieves performance compara-
ble to state-of-the-art baselines while substantially
reducing computational overhead, demonstrating
both its effectiveness and efficiency.
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7 Limitations

First, the proposed method requires access to to-
ken logits and token embeddings, which are typ-
ically unavailable in closed-source models. Con-
sequently, users cannot directly apply our method
to such models without access to these internal
representations.

Second, the proposed method currently relies on
static token embeddings and semantic relationships
derived from the LLM’s vocabulary. Although
these embeddings inherently encode rich semantic
information, they may introduce noise into clus-
ters due to their context-independent nature. A
potential source of this noise is polysemy, which
may cause tokens with divergent meanings to be
grouped into the cluster when contextual informa-
tion is not considered. In practice, LLMs tend to as-
sign very low probabilities to tokens with incompat-
ible meanings, which may help mitigate this issue
to some extent. Nevertheless, incorporating more
context-aware semantic representations (e.g., con-
textualized embeddings) could reduce such noise
and further enhance the performance and robust-
ness of the method. Future work may explore in-
tegrating these context-aware representations to
improve the reliability and informativeness of un-
certainty quantification.

Finally, similar to CCP (Fadeeva et al., 2024),
the proposed method does not explicitly address
the calibration of uncertainty scores. Nevertheless,
it could be post-calibrated if needed.
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A Examples of Clusters

Table 3 demonstrates example clusters obtained
from Llama-3-8B (Grattafiori et al., 2024).

Table 3: Example clusters from Llama-3-8B. The sym-
bol “Ġ” represents a space character in its tokenizer.

Cluster Examples

TV, tv, ĠTV, Ġtv, ĠTelevision, Ġtelevision, Ġtelevis ...

Beautiful, ĠBeautiful, ĠGorgeous, Ġgorgeous ...

Plane, planes, Ġplane, Ġairplane, ĠAircraft, Ġaircraft ...

Possible, ĠPossible, Ġconceivable, Ġimaginable ...

Market, ĠMarkets, ĠMarketplace, Ġmarketplace, _market ...

Cold, cold, ĠCold, Ġcold, Ġchilly, Ġchilling, Ġchilled ...

Buy, ĠBuy, ĠBought, ĠPurchase, Ġpurchase, Ġpurchased ...

Trash, trash, ĠTrash, Ġtrash, Ġjunk, Ġgarbage ...

B Evaluation

We evaluate the effectiveness of our proposed
method in quantifying uncertainty for determinis-
tic responses generated via greedy decoding. This
setting closely reflects real-world scenarios, par-
ticularly when querying factual information from
large language models (LLMs). For comparison,
we also implement sampling-based baselines by
generating auxiliary responses using temperature
sampling to estimate uncertainty.

To assess uncertainty quantification methods, we
first determine the correctness of each generated
answer, which serves as ground truth for evaluat-
ing uncertainty estimation quality. Previous stud-
ies have commonly used metrics such as ROUGE-
L (Lin, 2004) and semantic similarity (Reimers and
Gurevych, 2019) to measure answer correctness

by comparing generated responses to reference an-
swers. However, these metrics are often unreli-
able: reference answers may not cover all valid
responses, and heuristic thresholds are not univer-
sally applicable. Moreover, recent work (Santilli
et al., 2024) has shown spurious interactions be-
tween uncertainty scores and these evaluation met-
rics, further undermining their reliability.

To address these limitations, we employ GPT-4.1
(2025-04-14 version) (OpenAI, 2025) as an evalu-
ator to determine answer correctness. We prompt
GPT-4.1 to assess factual accuracy directly, rather
than strict adherence to reference answers. Using
these correctness labels, we evaluate uncertainty
quantification performance via the area under the
receiver operating characteristic curve (AUROC).
This approach provides a robust and reliable assess-
ment, directly measuring the ability of uncertainty
scores to distinguish between correct and incorrect
responses without relying on heuristic thresholds.

C Implementation

To compute our proposed uncertainty score, we first
cluster token embeddings into semantically consis-
tent groups in the pre-computation stage. Specif-
ically, we concatenate each token’s input embed-
dings (from token embedding layer) and output em-
beddings (from language modeling head) to form
unified semantic representations, which are then
clustered using Agglomerative Clustering (Müll-
ner, 2011) with cosine distance as distance mea-
sure. We use the scikit-learn implementation (Pe-
dregosa et al., 2011). Based on the empirical find-
ings in LENS (Lei et al., 2025), we set the number
of clusters to 16,000. Following CCP (Fadeeva
et al., 2024), we exclude function words using the
NLTK stopword list (Bird and Loper, 2004; Bird
et al., 2009). In addition, tokens representing Ara-
bic numerals are omitted from embedding cluster-
ing, since numerals with similar embeddings are
not necessarily mathematically equivalent. This
pre-computation step significantly reduces compu-
tational overhead and eliminates the need for GPU
resources during uncertainty quantification at infer-
ence time.

To ensure a fair comparison with sampling-based
approaches, we generate five additional responses
per question using temperature sampling (temper-
ature = 0.5), resulting in six generations per ques-
tion (one deterministic response via greedy decod-
ing and five sampled responses). Flash Attention
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2 (Dao, 2024) is employed during sampling to im-
prove efficiency. The temperature value of 0.5 is
chosen following prior work, as it was found to
be optimal for baseline methods such as Semantic
Entropy (Kuhn et al., 2023) and EigenScore (Chen
et al., 2023). While our method does not require
multiple generations or utilize information from
these additional samples, we generate them solely
to compute uncertainty scores for sampling-based
baselines. No inference-time intervention tech-
niques are applied, and all experiments use the
original model weights and activations.

For computational resources, methods requiring
GPU acceleration are run on a node with two Intel
Xeon Platinum 8368 CPUs and eight Nvidia A100
GPUs (40GB each). Methods that do not require
GPU acceleration, including ours, are executed on
a node with the same CPUs but without GPUs.

D Detailed Results

Table 5, Table 6, Table 7, and Table 8 present
detailed results for AUROC performance, Predic-
tion Rejection Ratio (PRR) performance (following
LM-Polygraph Benchmark (Vashurin et al., 2025)),
absolute execution time at inference, and relative
execution time overhead at inference, respectively.

E Pre-computation Overhead

Embedding clustering in the pre-computation stage
is performed using the scikit-learn implementa-
tion (Pedregosa et al., 2011), with pairwise dis-
tances computed in PyTorch (Paszke et al., 2019).
The execution time depends on the vocabulary size
and embedding dimension. As shown in Table 4,
for Qwen2.5-14B (Qwen et al., 2025), the model
with the largest vocabulary size (152,064) and em-
bedding dimension (5,120) in our experiments, the
execution time remains acceptable, as the algorithm
needs to be executed only once per model.

Table 4: Execution time of embedding clustering in the
pre-computation stage for different models.

Model Time (mm:ss)

Llama-2-7B 01:08
Llama-3-8B 18:24
Mistral-7B 00:48
Qwen2.5-3B 23:46
Qwen2.5-7B 28:05
Qwen2.5-14B 33:46

F Sensitivity Analysis on Embedding
Clustering

The unsupervised clustering method used in our
study is Agglomerative Clustering (Müllner, 2011).
In the default setting, we employ the concatenation
of input and output embeddings as token represen-
tations, cosine distance as the distance measure,
and 16,000 as the number of clusters. We conduct
sensitivity analyses on clustering algorithms (Ta-
ble 9), distance measures (Table 10), number of
clusters (Table 11), embedding types (Table 12),
and linkage settings (Table 13). In each analysis,
the default configuration is listed in the bottom row
of the corresponding table.

Except for the “single” linkage setting (which
uses the minimum distance between all observa-
tions of two clusters), all other configurations of
the clustering method have minimal impact on the
performance of uncertainty quantification. This re-
sult demonstrates the insensitivity of our method to
clustering hyperparameter settings and the stabil-
ity of semantic representations in the embedding
space, which together enable effective clustering
of semantically consistent tokens across different
settings.
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G Prompts

For the generation prompts, we generally follow
the settings in Lin et al. (2024). The prompts used
for TQA, NQ, and WQ are presented below, respec-
tively.

Additionally, the prompt used for the LLM-as-a-
Judge evaluation with GPT-4.1 is provided at the
end.

Prompt for NQ dataset

Answer these questions:

Question:
who makes up the state council in russia
Answer:
governors and presidents

Question:
when does real time with bill maher come
back
Answer:
November 9, 2018

Question:
where did the phrase american dream come
from
Answer:
the mystique regarding frontier life

Question:
what do you call a group of eels
Answer:
bed

Question:
who wrote the score for mission impossible
fallout
Answer:
Lorne Balfe

Question:
{Insert Question}
Answer:

Prompt for TQA dataset

Answer these questions:

Question:
In Scotland a bothy/bothie is a?
Answer:
House

Question:
{Insert Question}
Answer:

Prompt for WQ dataset

Answer these questions:

Question:
where was the ancient region of
mesopotamia?
Answer:
Middle East

Question:
{Insert Question}
Answer:

LLM-as-a-Judge Prompt

System Message:
# Task
Evaluate whether the proposed answer to
the question is correct based on real-world
factual knowledge. Reference answers are
provided to assist in your evaluation.

# Output
Respond strictly with a single token:
- ‘True’ if the proposed answer is correct.
- ‘False’ if the proposed answer is
incorrect or only partially correct.

User Message:
Question:
{Insert Question}

Reference Answer(s):
{Insert Reference Answers}

Proposed Answer:
{Insert Proposed Answer}

True/False:
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Table 5: Full experimental results for performance comparison across methods. Metric: AUROC.

Dataset Method Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ

Perplexity 0.697 0.705 0.712 0.760 0.744 0.708
Predictive Entropy 0.716 0.730 0.722 0.767 0.763 0.742
LN Entropy 0.702 0.712 0.714 0.764 0.755 0.721
tokenSAR 0.673 0.682 0.683 0.736 0.724 0.708
P(True) 0.550 0.546 0.488 0.680 0.727 0.725
ConU 0.706 0.708 0.715 0.759 0.788 0.748
Semantic Entropy 0.743 0.756 0.754 0.800 0.811 0.779
Ecc 0.706 0.723 0.714 0.753 0.758 0.727
EigV 0.753 0.767 0.762 0.808 0.826 0.783
Deg 0.735 0.752 0.742 0.785 0.796 0.757
Eigen Score 0.691 0.691 0.684 0.750 0.747 0.716
sentenceSAR 0.723 0.737 0.728 0.774 0.772 0.749
SAR 0.723 0.731 0.728 0.784 0.786 0.754
CCP 0.761 0.763 0.768 0.804 0.830 0.804
Ours 0.767 0.777 0.776 0.817 0.827 0.798

TQA

Perplexity 0.868 0.865 0.872 0.856 0.888 0.881
Predictive Entropy 0.855 0.854 0.864 0.850 0.880 0.873
LN Entropy 0.862 0.862 0.870 0.853 0.883 0.875
tokenSAR 0.853 0.853 0.860 0.831 0.871 0.867
P(True) 0.533 0.640 0.587 0.739 0.832 0.869
ConU 0.750 0.753 0.758 0.749 0.771 0.754
Semantic Entropy 0.826 0.823 0.839 0.832 0.844 0.832
Ecc 0.799 0.792 0.810 0.809 0.815 0.802
EigV 0.832 0.825 0.845 0.837 0.849 0.835
Deg 0.824 0.818 0.837 0.831 0.839 0.827
Eigen Score 0.807 0.805 0.809 0.820 0.832 0.815
sentenceSAR 0.859 0.859 0.869 0.854 0.883 0.877
SAR 0.867 0.872 0.881 0.854 0.884 0.879
CCP 0.874 0.878 0.892 0.869 0.895 0.888
Ours 0.878 0.882 0.893 0.876 0.902 0.900

WQ

Perplexity 0.664 0.699 0.651 0.673 0.724 0.722
Predictive Entropy 0.704 0.715 0.691 0.715 0.731 0.708
LN Entropy 0.684 0.718 0.665 0.694 0.729 0.714
tokenSAR 0.634 0.684 0.614 0.643 0.694 0.709
P(True) 0.529 0.560 0.562 0.625 0.715 0.707
ConU 0.681 0.678 0.699 0.710 0.722 0.703
Semantic Entropy 0.705 0.701 0.703 0.728 0.724 0.720
Ecc 0.692 0.680 0.689 0.691 0.699 0.672
EigV 0.728 0.728 0.728 0.744 0.753 0.735
Deg 0.711 0.718 0.714 0.721 0.734 0.708
Eigen Score 0.690 0.693 0.682 0.702 0.709 0.684
sentenceSAR 0.710 0.721 0.697 0.720 0.735 0.713
SAR 0.695 0.731 0.683 0.705 0.740 0.725
CCP 0.716 0.727 0.715 0.752 0.764 0.740
Ours 0.735 0.744 0.722 0.762 0.766 0.742
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Table 6: Full experimental results for performance comparison across methods. Metric: PRR.

Dataset Method Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ

Perplexity 0.442 0.496 0.508 0.502 0.513 0.460
Predictive Entropy 0.500 0.563 0.537 0.559 0.573 0.564
LN Entropy 0.462 0.519 0.514 0.536 0.545 0.501
tokenSAR 0.415 0.446 0.455 0.483 0.490 0.491
P(True) 0.111 0.153 -0.058 0.383 0.512 0.495
ConU 0.381 0.376 0.406 0.413 0.499 0.451
Semantic Entropy 0.460 0.480 0.497 0.541 0.577 0.530
Ecc 0.428 0.473 0.455 0.488 0.512 0.477
EigV 0.481 0.545 0.521 0.572 0.600 0.534
Deg 0.461 0.516 0.502 0.539 0.567 0.495
Eigen Score 0.406 0.439 0.395 0.464 0.497 0.421
sentenceSAR 0.510 0.573 0.546 0.571 0.586 0.573
SAR 0.506 0.548 0.531 0.574 0.596 0.568
CCP 0.513 0.552 0.546 0.565 0.647 0.643
Ours 0.541 0.599 0.591 0.613 0.650 0.645

TQA

Perplexity 0.805 0.811 0.822 0.768 0.834 0.827
Predictive Entropy 0.789 0.797 0.812 0.767 0.821 0.817
LN Entropy 0.797 0.807 0.820 0.767 0.826 0.819
tokenSAR 0.785 0.795 0.803 0.726 0.805 0.806
P(True) 0.070 0.387 0.203 0.521 0.739 0.810
ConU 0.510 0.498 0.504 0.432 0.512 0.491
Semantic Entropy 0.653 0.651 0.673 0.644 0.669 0.671
Ecc 0.622 0.635 0.664 0.625 0.645 0.639
EigV 0.668 0.683 0.691 0.660 0.693 0.677
Deg 0.653 0.659 0.681 0.653 0.692 0.675
Eigen Score 0.584 0.614 0.579 0.646 0.671 0.637
sentenceSAR 0.794 0.804 0.819 0.772 0.825 0.822
SAR 0.806 0.820 0.832 0.764 0.823 0.825
CCP 0.806 0.814 0.842 0.779 0.839 0.828
Ours 0.823 0.836 0.854 0.799 0.855 0.861

WQ

Perplexity 0.399 0.452 0.388 0.331 0.519 0.539
Predictive Entropy 0.496 0.533 0.500 0.495 0.560 0.539
LN Entropy 0.463 0.530 0.443 0.442 0.543 0.532
tokenSAR 0.328 0.415 0.299 0.310 0.475 0.515
P(True) 0.090 0.170 0.168 0.280 0.503 0.473
ConU 0.362 0.292 0.428 0.401 0.434 0.424
Semantic Entropy 0.399 0.381 0.418 0.439 0.455 0.433
Ecc 0.416 0.396 0.448 0.393 0.419 0.431
EigV 0.500 0.462 0.523 0.470 0.501 0.520
Deg 0.462 0.455 0.490 0.425 0.491 0.475
Eigen Score 0.414 0.450 0.445 0.369 0.434 0.426
sentenceSAR 0.507 0.543 0.512 0.504 0.568 0.548
SAR 0.463 0.540 0.466 0.469 0.562 0.546
CCP 0.512 0.512 0.505 0.528 0.602 0.553
Ours 0.568 0.570 0.540 0.573 0.628 0.587
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Table 7: Full experimental results on absolute execution time overhead at inference. Metric: seconds.

Dataset Method Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ

Perplexity 0.129 0.064 0.075 0.108 0.173 0.148
Predictive Entropy 1373.943 1006.703 1028.696 824.862 863.792 1717.797
LN Entropy 1374.020 1006.781 1028.779 824.943 863.880 1717.879
tokenSAR 50.865 49.245 68.746 51.428 71.280 59.225
P(True) 41.669 41.258 50.507 25.471 47.472 61.176
ConU 1387.134 910.635 1030.129 713.243 747.901 1655.025
Semantic Entropy 1420.822 1070.526 1089.431 894.150 929.426 1775.456
Ecc 1383.779 908.374 1023.511 724.153 743.618 1648.152
EigV 1383.420 908.361 1023.446 724.462 743.579 1648.646
Deg 1383.066 907.995 1023.109 723.760 743.213 1647.769
Eigen Score 1407.099 951.202 1077.065 731.121 746.425 1735.322
sentenceSAR 1425.529 1073.833 1097.110 884.191 934.741 1783.411
SAR 1608.375 1262.202 1378.736 1106.083 1179.924 2015.596
CCP 355.393 375.405 437.571 368.500 458.807 403.897
Ours 3.028 5.767 3.250 7.081 7.235 12.127

TQA

Perplexity 0.175 0.243 0.215 0.299 0.226 0.173
Predictive Entropy 1001.054 858.933 766.178 1185.428 799.185 1414.291
LN Entropy 1001.284 859.173 766.410 1185.655 799.403 1414.523
tokenSAR 42.683 33.505 44.933 57.409 45.261 39.718
P(True) 77.504 64.794 84.098 42.733 67.394 110.757
ConU 1043.482 823.381 792.341 1042.695 738.870 1381.948
Semantic Entropy 1046.829 899.641 801.556 1269.717 850.439 1449.723
Ecc 1000.627 768.468 738.256 1016.296 696.236 1329.495
EigV 1000.469 768.285 738.037 1015.869 695.372 1329.348
Deg 999.541 767.505 737.141 1014.938 694.200 1328.461
Eigen Score 1039.766 800.555 779.427 1063.181 719.904 1426.132
sentenceSAR 1093.151 958.088 859.242 1299.645 897.532 1505.557
SAR 1330.471 1152.862 1086.359 1581.633 1111.684 1705.063
CCP 451.485 413.634 449.906 530.589 451.137 400.007
Ours 6.156 12.810 6.138 21.703 17.417 20.265

WQ

Perplexity 0.099 0.039 0.058 0.090 0.109 0.128
Predictive Entropy 1177.434 693.584 880.289 1226.562 1033.338 1303.567
LN Entropy 1177.483 693.630 880.338 1226.606 1033.386 1303.611
tokenSAR 79.666 42.500 83.959 77.041 79.275 33.112
P(True) 45.502 44.397 47.685 24.845 43.000 34.523
ConU 1203.438 618.553 888.340 985.693 844.796 1266.870
Semantic Entropy 1228.517 741.462 934.841 1295.211 1095.089 1340.643
Ecc 1195.505 609.604 884.749 985.680 842.305 1256.113
EigV 1195.448 609.569 884.717 985.672 842.272 1256.075
Deg 1195.290 609.385 884.519 985.459 842.112 1255.907
Eigen Score 1230.437 628.671 937.786 1046.944 885.305 1350.655
sentenceSAR 1237.058 751.045 939.009 1295.818 1098.173 1352.041
SAR 1473.864 911.192 1218.985 1628.814 1417.933 1531.791
CCP 530.564 363.803 492.417 541.178 505.802 215.823
Ours 3.106 4.408 3.265 5.967 6.650 4.228
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Table 8: Full experimental results on relative execution time overhead at inference. Metric: %.

Dataset Method Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ

Perplexity 0.023 0.019 0.021 0.039 0.047 0.024
Predictive Entropy 239.879 302.765 286.607 298.737 235.837 279.658
LN Entropy 239.893 302.789 286.630 298.766 235.861 279.672
tokenSAR 8.881 14.811 19.153 18.625 19.461 9.642
P(True) 7.275 12.408 14.072 9.225 12.961 9.960
ConU 242.183 273.873 287.006 258.312 204.196 269.439
Semantic Entropy 248.064 321.960 303.529 323.831 253.757 289.045
Ecc 241.597 273.193 285.163 262.264 203.027 268.320
EigV 241.534 273.189 285.145 262.375 203.016 268.400
Deg 241.472 273.079 285.050 262.121 202.916 268.258
Eigen Score 245.668 286.073 300.083 264.787 203.793 282.511
sentenceSAR 248.886 322.955 305.668 320.224 255.208 290.340
SAR 280.809 379.607 384.133 400.586 322.149 328.140
CCP 62.049 112.903 121.913 133.458 125.266 65.755
Ours 0.529 1.734 0.905 2.564 1.975 1.974

TQA

Perplexity 0.066 0.130 0.102 0.096 0.094 0.050
Predictive Entropy 378.796 458.126 363.029 379.401 333.478 409.382
LN Entropy 378.883 458.254 363.139 379.474 333.569 409.449
tokenSAR 16.151 17.870 21.290 18.374 18.886 11.497
P(True) 29.327 34.559 39.847 13.677 28.122 32.060
ConU 394.851 439.164 375.426 333.719 308.310 400.020
Semantic Entropy 396.117 479.838 379.792 406.378 354.865 419.638
Ecc 378.635 409.875 349.799 325.270 290.520 384.837
EigV 378.575 409.777 349.695 325.133 290.159 384.794
Deg 378.223 409.361 349.271 324.835 289.671 384.538
Eigen Score 393.445 426.989 369.307 340.275 300.396 412.809
sentenceSAR 413.645 511.011 407.124 415.957 374.516 435.800
SAR 503.446 614.897 514.737 506.208 463.875 493.549
CCP 170.841 220.618 213.174 169.817 188.247 115.787
Ours 2.329 6.833 2.908 6.946 7.268 5.866

WQ

Perplexity 0.015 0.014 0.017 0.029 0.031 0.041
Predictive Entropy 179.218 248.185 260.382 398.411 295.320 416.995
LN Entropy 179.225 248.202 260.396 398.425 295.334 417.009
tokenSAR 12.126 15.208 24.834 25.024 22.656 10.592
P(True) 6.926 15.887 14.105 8.070 12.289 11.043
ConU 183.176 221.337 262.763 320.172 241.436 405.256
Semantic Entropy 186.993 265.318 276.518 420.709 312.968 428.855
Ecc 181.968 218.135 261.701 320.168 240.725 401.815
EigV 181.959 218.122 261.692 320.165 240.715 401.803
Deg 181.935 218.056 261.633 320.096 240.669 401.749
Eigen Score 187.285 224.957 277.389 340.067 253.014 432.058
sentenceSAR 188.293 268.746 277.751 420.906 313.850 432.501
SAR 224.337 326.052 360.565 529.070 405.235 490.001
CCP 80.757 130.180 145.653 175.785 144.555 69.039
Ours 0.473 1.577 0.966 1.938 1.900 1.352

Table 9: Sensitivity analysis with different clustering algorithms. Metric: AUROC.

Dataset Algorithms Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ
Kmeans 0.766 0.773 0.775 0.817 0.828 0.796
Agglomerative 0.767 0.777 0.776 0.817 0.827 0.798

TQA
Kmeans 0.878 0.882 0.892 0.876 0.901 0.899
Agglomerative 0.878 0.882 0.893 0.876 0.902 0.900

WQ
Kmeans 0.737 0.742 0.722 0.761 0.768 0.742
Agglomerative 0.735 0.744 0.722 0.762 0.766 0.742
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Table 10: Sensitivity analysis with different distance measures. Metric: AUROC.

Dataset Distance Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ
Euclidean 0.767 0.777 0.776 0.817 0.827 0.798
Cosine 0.767 0.777 0.776 0.817 0.827 0.798

TQA
Euclidean 0.878 0.882 0.893 0.876 0.902 0.900
Cosine 0.878 0.882 0.893 0.876 0.902 0.900

WQ
Euclidean 0.735 0.744 0.722 0.762 0.766 0.742
Cosine 0.735 0.744 0.722 0.762 0.766 0.742

Table 11: Sensitivity analysis with different numbers of clusters. Metric: AUROC.

Dataset Number Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ
8000 0.767 0.776 0.776 0.816 0.826 0.798
12000 0.767 0.776 0.776 0.816 0.827 0.798
16000 0.767 0.777 0.776 0.817 0.827 0.798

TQA
8000 0.878 0.882 0.893 0.875 0.902 0.900
12000 0.878 0.881 0.893 0.876 0.902 0.901
16000 0.878 0.882 0.893 0.876 0.902 0.900

WQ
8000 0.736 0.743 0.722 0.761 0.766 0.742
12000 0.736 0.743 0.722 0.762 0.766 0.743
16000 0.735 0.744 0.722 0.762 0.766 0.742

Table 12: Sensitivity analysis with different embedding types. Metric: AUROC.

Dataset Embedding Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ
Input 0.766 0.775 0.776 0.817 0.826 0.795
Output 0.768 0.769 0.776 0.817 0.827 0.799
Concatenated 0.767 0.777 0.776 0.817 0.827 0.798

TQA
Input 0.878 0.880 0.893 0.876 0.900 0.900
Output 0.878 0.876 0.892 0.876 0.902 0.900
Concatenated 0.878 0.882 0.893 0.876 0.902 0.900

WQ
Input 0.736 0.744 0.723 0.762 0.768 0.741
Output 0.736 0.743 0.722 0.762 0.769 0.742
Concatenated 0.735 0.744 0.722 0.762 0.766 0.742

Table 13: Sensitivity analysis with different linkage settings. Metric: AUROC.

Dataset Linkage Llama-2-7B Llama-3-8B Mistral-7B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B

NQ
Single 0.751 0.652 0.776 0.705 0.722 0.697
Average 0.767 0.775 0.777 0.817 0.827 0.796
Complete 0.767 0.777 0.776 0.817 0.827 0.798

TQA
Single 0.859 0.752 0.893 0.753 0.783 0.764
Average 0.878 0.882 0.893 0.876 0.902 0.900
Complete 0.878 0.882 0.893 0.876 0.902 0.900

WQ
Single 0.721 0.645 0.724 0.719 0.696 0.657
Average 0.736 0.744 0.722 0.761 0.765 0.742
Complete 0.735 0.744 0.722 0.762 0.766 0.742
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