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Abstract

Zero-shot detectors for LLM-generated text ag-
gregate token-level statistics uniformly, implic-
itly assuming that every position contributes
equally to detection. We challenge this assump-
tion and show that detection signal is highly
uneven across token positions: positions of
high contextual dependency, where the sur-
rogate model relies on concentrated context,
carry far more discriminative power than oth-
ers. Using attention entropy to quantify this
dependency, we empirically validate that aggre-
gating only low-entropy tokens yields clearly
separated human and LLM score distributions,
whereas high-entropy tokens do not. Based on
this finding, we propose Token Contextual De-
pendency (TCD), a plug-and-play framework
that reweights token contributions in existing
zero-shot detectors via attention entropy-based
weights computed from dynamically selected
layers. Experiments on state-of-the-art detec-
tors across multiple benchmarks demonstrate
consistent and meaningful improvements in de-
tection performance. Our code is available at:
https://github.com/RecursionM/TCD.

1 Introduction

The rapid advancement of large language mod-
els (LLMs) (Achiam et al., 2023; Touvron et al.,
2023) has transformed them into indispensable
tools for content creation, enabling the genera-
tion of high-quality text at scale across domains
ranging from journalism and education to scien-
tific writing (Demszky et al., 2023; Diakopoulos
et al., 2024; Liang et al., 2024). However, this ca-
pability has also raised serious concerns regarding
the misuse of LLM-generated content, including
the spread of misinformation, academic dishonesty,
and plagiarism (Baarir and Djeffal, 2021; Pan et al.,
2023; Eke, 2023; Pudasaini et al., 2025; Ibrahim
et al., 2023; Friederich and Symons, 2023). Con-
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sequently, developing accurate and reliable tech-
niques for detecting LLM-generated text has there-
fore become an urgent and critical research chal-
lenge.

Existing detection methods are broadly catego-
rized into supervised and zero-shot approaches.
Supervised methods train classifiers on labeled
datasets of human-written and LLM-generated text,
but are prone to overfitting and often fail to gen-
eralize across different domains or LLM architec-
tures (Guo et al., 2024; Verma et al., 2024; Hu et al.,
2023). Zero-shot methods, in contrast, require no
training data and instead leverage statistical dif-
ferences between the two text types directly from
surrogate models, offering substantially better gen-
eralization (Mitchell et al., 2023; Bao et al., 2024).
Consequently, zero-shot detection has become the
primary focus of current research, operating by
using a surrogate model to compute next-token
prediction probabilities for each position given its
preceding context, and deriving token-level prob-
ability statistics to determine whether the text is
LLM-generated (Gehrmann et al., 2019; Su et al.,
2023; Hans et al., 2024; Zhu et al., 2026a).

However, a critical yet overlooked assumption
underlies these methods: they aggregate token-
level statistics uniformly, implicitly treating ev-
ery position as equally informative for detection.
We challenge this assumption. Our central hy-
pothesis is that detection signal is highly uneven
across token positions: positions where the surro-
gate model’s prediction of the current token relies
on a concentrated subset of preceding context, i.e.,
positions of high contextual dependency, carry far
more discriminative power than positions where
the prediction is spread diffusely across context. In-
tuitively, concentrated dependency suggests that
the model is applying a formulaic, pretraining-
familiar contextual pattern; LLM-generated text
tends to follow such collective patterns, whereas hu-
man writing is more idiosyncratic. Detector scores
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Figure 1: Empirical validation of the contextual-
dependency hypothesis using Fast-DetectGPT (Bao
et al., 2024) on 2000 balanced examples sampled from
RealDet (Zhu et al., 2025). Left: scores computed with
only the highest-attention-entropy tokens (75–100%).
High-entropy (low-dependency) tokens yield largely
overlapping human vs. LLM distributions. Right:
scores computed with only the lowest-entropy tokens
(0–25%). Low-entropy (high-dependency) tokens yield
clearly separated human vs. LLM distributions.

should therefore diverge more between LLM and
human text at high-dependency positions, while
low-dependency positions should contribute little
to discrimination.

To operationalize contextual dependency and
test this hypothesis, We quantify how concentrated
each token’s reliance on context is using the atten-
tion entropy of the surrogate model. Surrogate mod-
els in zero-shot detection are typically Transformer-
based (Vaswani et al., 2017); in this setting, a
sharply peaked attention distribution means the
next-token prediction is anchored to few context
tokens (low entropy ⇒ high dependency), whereas
a flat distribution indicates diffuse reliance (high
entropy ⇒ low dependency). As shown in Figure 1,
human and LLM score distributions largely over-
lap when only high-entropy tokens are used (left),
but separate clearly when only low-entropy tokens
are used (right), confirming that high-dependency
positions concentrate the detection signal.

Building on this evidence, we propose Token
Contextual Dependency (TCD), a plug-and-play
framework that reweights token contributions in ex-
isting zero-shot detectors. Specifically, we measure
per-token attention entropy at each layer and intro-
duce dynamic layer selection (DLS), as different
layers capture qualitatively different information.
DLS retains layers whose mean entropy falls below
the global average, as they contain more focused-
dependency tokens and richer signal, and layers in
the latter half of the network, where higher-order
semantic features better separate LLM-generated
from human-written text (Jiao et al., 2025). We ag-
gregate attention entropy over these selected layers

to obtain a TCD score for each position; lower en-
tropy indicates stronger contextual dependency and
receives higher weight via softmax. The resulting
weights replace uniform averaging with a weighted
sum over token-level detector statistics.

To evaluate the effectiveness of our approach,
we apply it to three state-of-the-art zero-shot de-
tectors (Bao et al., 2024; Hans et al., 2024; Zhu
et al., 2026a) and conduct extensive experiments
on four widely used public benchmarks (Zhu et al.,
2025; Dugan et al., 2024; Wang et al., 2024; Bao
et al., 2025). Experimental results demonstrate
consistent and meaningful improvements across all
three detectors, validating TCD as a plug-and-play
enhancement to existing zero-shot detection. Our
main contributions are as follows:

• We reveal that detection signal is highly un-
even across token positions: positions of high
contextual dependency carry far more discrim-
inative power than positions of low contextual
dependency.

• We propose TCD, a plug-and-play token
weighting framework that operationalizes con-
textual dependency via attention entropy and
a dynamic layer selection strategy.

• We apply TCD into state-of-the-art zero-shot
detectors and empirically demonstrate the ef-
fectiveness of our approach across diverse
public benchmarks.

2 Related Work

2.1 LLM-Generated Text Detection

Identifying LLM-generated text is usually cast
as distinguishing human writing from LLM out-
put (Tang et al., 2024). Supervised detectors fine-
tune on labeled corpora (Guo et al., 2024; Verma
et al., 2024; Hu et al., 2023) but often degrade
on unseen domains, generators, or edited text.
Zero-shot methods have therefore received grow-
ing attention (Mitchell et al., 2023; Bao et al.,
2024). These approaches score a passage with
surrogate language models using token-level statis-
tics such as likelihood, log-rank, and probability
curvature (Mitchell et al., 2023; Su et al., 2023;
Bao et al., 2024), and recent multi-model variants
further compare discrepancies between paired mod-
els (Hans et al., 2024; Zhu et al., 2026a). Represen-
tative systems include DetectGPT (Mitchell et al.,
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Figure 2: Overview of the TCD framework. (a) Attention entropy measurement: input tokens are passed through
a surrogate model to compute per-token attention entropy H(l)

i at each layer. (b) Dynamic layer selection (DLS):
layers are retained only if their mean entropy is below the global average and if they lie in the latter half of the
network, yielding a selected layer set S . (c) Token contextual dependency weighted detection: entropy over S is
aggregated into a TCD score per token, converted to softmax weights (lower entropy ⇒ higher weight), and used to
reweight token-level detector statistics, yielding better separation between human and LLM-generated text than
uniform aggregation.

2023), Fast-DetectGPT (Bao et al., 2024), Binocu-
lars (Hans et al., 2024), and DNA-DetectLLM (Zhu
et al., 2026a). Although their scoring functions
differ, most of them combine token-level values
through uniform averaging, which is the assump-
tion challenged in this paper.

2.2 Attention-Based LLM Output Analysis
Transformer self-attention maps each token to its
context (Vaswani et al., 2017). In LLM output
analysis, attention structure has been linked to hal-
lucination: Chuang et al. (Chuang et al., 2024)
show that contextual hallucinations correlate with
reduced attention to source context relative to gen-
erated tokens, and Wu et al. (Wu et al., 2025) iden-
tify retrieval attention heads whose activation de-
termines whether generations remain faithful to
the input or hallucinate. These findings indicate
that per-token attention carries interpretable signal
about output reliability, motivating TCD to use at-
tention entropy for position-aware reweighting in
zero-shot detection.

3 Methodology

Figure 2 illustrates TCD, a plug-and-play frame-
work that reweights token contributions in existing

zero-shot detectors according to contextual depen-
dency. TCD proceeds in three stages aligned with
the figure: (a) measuring per-token attention en-
tropy via a surrogate model (Section 3.2); (b) se-
lecting informative layers through Dynamic Layer
Selection (DLS, Section 3.3); and (c) aggregating
entropy into token weights and integrating them
into zero-shot detection (Section 3.4). We first for-
malize the uniform-aggregation baseline that TCD
replaces in Section 3.1.

3.1 Preliminary
Zero-shot LLM-generated text detection is formu-
lated as a binary classification problem. Given a
candidate passage x = {x1, x2, . . . , xN} of length
N , the goal is to determine whether x is human-
written or LLM-generated without any labeled
training data. Existing methods employ one or
more language models to compute a token-level
statistic si at each position and aggregate these
statistics uniformly into a detection score:

S(x) = f

(
1

N

N∑

i=1

si

)
, (1)

where f(·) is a detector-specific transformation.
We denote this uniformly aggregated score as the
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candidate detection score. As argued in Section 1,
it implicitly treats every position as equally infor-
mative, overlooking the uneven distribution of de-
tection signal across token positions.

3.2 Attention Entropy Measurement
As shown in Figure 2(a), we quantify contextual
dependency by passing x through a surrogate Trans-
former model with L layers and computing a per-
token attention entropy vector H(l)

i at each layer l.
A sharply peaked attention distribution indicates
that the prediction at position i is anchored to a con-
centrated subset of preceding context (low entropy
⇒ high dependency), whereas a flat distribution in-
dicates diffuse reliance (high entropy ⇒ low depen-
dency). Positions of high contextual dependency
are therefore expected to carry richer discriminative
signal, as empirically validated in Figure 1.

Formally, let A(l) ∈ RH×N×N denote the at-
tention weight matrix at layer l, where H is the
number of attention heads. The attention entropy
of token i at layer l is:

H(l)
i = − 1

H

H∑

h=1

N∑

j=1

A
(l)
h,i,j logA

(l)
h,i,j , (2)

where A(l)
h,i,j is the attention weight from token i to

token j at head h in layer l. Lower values of H(l)
i

correspond to more focused attention and stronger
contextual dependency at position i.

3.3 Dynamic Layer Selection
Figure 2(b) summarizes DLS. Although attention
entropy can be computed at all L layers, different
layers capture qualitatively different information,
and not all layers contribute equally to discriminat-
ing LLM-generated from human-written text. DLS
therefore retains only layers satisfying both of the
following conditions, yielding a selected layer set
S .

Condition 1: Low mean entropy. For each layer
l, we compute its mean attention entropy across all
token positions:

H̄(l) =
1

N

N∑

i=1

H(l)
i , (3)

and the global mean across all layers as H̄global =
1
L

∑L
l=1 H̄(l). A layer is included only if H̄(l) <

H̄global, ensuring that retained layers contain more
focused-dependency tokens and richer signal.

Condition 2: Latter half of the network. A
layer is included only if l > ⌊L/2⌋. Earlier layers
primarily capture shallow lexical and syntactic pat-
terns on which LLM-generated and human-written
texts are difficult to distinguish, whereas deeper
layers encode higher-order semantic features that
exhibit more pronounced divergence between the
two text types.

Both conditions follow from properties shared
by Transformer LLMs rather than from the atten-
tion pattern of a particular checkpoint, and S is
re-derived for each input, so DLS transfers across
surrogate models and domains (Appendix B.5).

3.4 Token Contextual Dependency Weighted
Detection

Figure 2(c) shows how selected entropy is con-
verted into detection weights. Let S denote the
layer set selected by DLS. We aggregate per-token
attention entropy over S to obtain the Token Con-
textual Dependency (TCD) score of each position:

Ĥi =
1

|S|
∑

l∈S
H(l)

i , (4)

where a lower value of Ĥi indicates stronger con-
textual dependency and greater expected discrim-
inative value for detection. We convert Ĥi into a
normalized token weight via temperature-scaled
softmax:

wi =
exp(−Ĥi/τ)∑N
j=1 exp(−Ĥj/τ)

, (5)

where τ > 0 controls the sharpness of the weight
distribution. Lower entropy yields higher weight,
as annotated in Figure 2(c).

Given token-level detector statistics si from an
existing zero-shot method, the uniform aggrega-
tion in Eq. (1) treats all positions equally. TCD
instead assigns a reweighted statistic s′i = wi · si to
each position and computes a reweighted detection
score:

S′(x) = f

(
N∑

i=1

s′i

)
= f

(
N∑

i=1

wi · si
)
, (6)

emphasizing high-dependency positions while sup-
pressing low-signal positions. Compared with
the candidate score S(x) in Eq. (1), S′(x) yields
sharper separation between human-written and
LLM-generated text. TCD is entirely plug-and-
play: it requires only a single forward pass through
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the surrogate model with attention outputs enabled,
and integrates seamlessly into any zero-shot detec-
tor that aggregates token-level statistics.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate TCD on three widely used
public benchmarks for LLM-generated text de-
tection. RealDet is a large-scale bilingual cor-
pus spanning diverse domains and source LLMs,
designed to reflect realistic deployment condi-
tions (Zhu et al., 2025). RAID is a challenging
robustness benchmark covering multiple domains,
source models, decoding strategies, and adversar-
ial perturbations (Dugan et al., 2024). M4 is a
multi-generator, multi-domain, and multi-lingual
corpus for machine-generated text detection (Wang
et al., 2024). For each benchmark, we use a bal-
anced subset of 1,000 human-written and 1,000
LLM-generated passages. Beyond the main eval-
uation, we conduct additional analyses on: (i) the
multi-domain partition of RAID, where each do-
main contains text from multiple source LLMs;
(ii) the HART benchmark for hybrid text detec-
tion across three difficulty levels (Bao et al., 2025);
(iii) the adversarial attack subset of RAID; and
(iv) length-truncated variants of RAID.

Baselines. TCD is designed as a plug-and-play
enhancement and is applied on top of three strong
zero-shot detectors: Fast-DetectGPT (Bao et al.,
2024), Binoculars (Hans et al., 2024), and DNA-
DetectLLM (Zhu et al., 2026a). We also report re-
sults for four representative probability-based base-
lines, namely Likelihood, LogRank, and Entropy
from GLTR (Gehrmann et al., 2019) and LRR (Su
et al., 2023), to contextualize overall detection per-
formance. All TCD-augmented variants share the
same base detector configuration and differ only in
the entropy-based token reweighting introduced in
Section 3.

Metrics. Following standard practice in zero-
shot detection (Bao et al., 2024; Mitchell et al.,
2023), we report the area under the receiver oper-
ating characteristic curve (AUROC) and the area
under the precision–recall curve (AUPR). Both met-
rics operate over continuous detection scores and
do not require a fixed decision threshold, which
is especially important in zero-shot settings where
score distributions may shift across domains or
generators. We report percentages throughout for

readability.

Implementation Details. Unless otherwise
stated, we use Llama-3.2-1B-Instruct (Grattafiori
et al., 2024) as the surrogate model for attention
entropy computation and scoring, paired with
Llama-3.2-1B where a base/reference model is
required by the underlying detector, chosen for
its small size and correspondingly low detection
latency. All experiments are conducted on NVIDIA
A40 GPUs (48GB each), with a maximum input
length of 512 tokens and a batch size of 8. The
softmax temperature in Section 3.4 is set to
τ = 0.7 by default. All base detectors retain their
original scoring logic; TCD only enabled attention
output during the forward propagation through the
surrogate model once.

4.2 Main Results

Table 1 summarizes detection performance on Re-
alDet, RAID, and M4. Across all three bench-
marks, applying TCD yields consistent improve-
ments over every base detector. On average, TCD
improves Fast-DetectGPT by 3.13% AUROC and
1.37% AUPR, Binoculars by 2.32% AUROC and
0.91% AUPR, and DNA-DetectLLM by 2.23%
AUROC and 1.03% AUPR. The largest absolute
AUROC gain appears on RAID (+4.45% for Fast-
DetectGPT), which is also the most challenging
benchmark among the three, suggesting that em-
phasizing high-dependency tokens is particularly
helpful when human and LLM score distributions
overlap more heavily. Importantly, TCD never de-
grades any base method: even on RealDet and
M4, where the baselines are already strong, the
reweighted scores further separate human-written
from LLM-generated text. These results confirm
that contextual-dependency weighting provides a
general and complementary signal beyond uniform
token aggregation.

4.3 Analysis

Multi Domains and Multi Source Models. To
assess cross-domain and cross-generator general-
ization, we evaluate on the multi-domain partition
of RAID, covering eight genres: abstracts, books,
news, poetry, recipes, Reddit posts, reviews, and
Wikipedia (Figure 3). TCD improves all three base
detectors in every domain, with particularly no-
table gains on poetry (+5.46% AUROC for Fast-
DetectGPT+TCD) and books (+3.28%). Smaller
but consistent improvements on news and wiki indi-
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Methods RealDet RAID M4 Avg.

AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR

Zero-Shot Detectors
Likelihood 88.09 91.75 77.51 83.93 88.81 89.51 84.81 88.40
LogRank 88.91 92.25 78.46 83.95 89.91 90.76 85.76 88.99
Entropy 87.35 90.52 75.20 79.41 86.72 87.17 83.09 85.70
LRR 88.87 91.31 80.01 80.64 88.74 90.72 85.87 87.56

Fast-DetectGPT 90.54 93.55 82.80 89.75 89.54 92.25 87.63 91.85
+TCD (Ours) 93.56 95.10 87.25 91.44 91.48 93.12 90.76 93.22
(Diff) 3.02 1.55 4.45 1.69 1.94 0.87 3.13 1.37

Binoculars 91.60 94.15 83.10 89.94 89.12 91.28 87.94 91.79
+TCD (Ours) 93.02 94.51 86.88 91.19 90.90 92.39 90.26 92.70
(Diff) 1.42 0.36 3.78 1.25 1.78 1.11 2.32 0.91

DNA-DetectLLM 91.86 94.22 82.16 88.90 90.25 91.84 88.09 91.65
+TCD (Ours) 93.36 94.81 85.24 89.51 92.37 93.70 90.32 92.68
(Diff) 1.50 0.59 3.08 0.61 2.12 1.86 2.23 1.03

Table 1: Comparison of detection performance (AUROC and AUPR, %) on public benchmark datasets. “+TCD”
denotes our plug-and-play token weighting framework applied to the base method. Best results are bolded.
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Figure 3: Multi domains radar chart. The results show the AUROC of three baseline models (Fast-DetectGPT,
Binoculars, and DNA-DetectLLM) in eight different domains (abstracts, books, news, poetry, recipes, Reddit,
reviews, and wiki).

cate that TCD is not tailored to a single domain. Be-
cause each domain contains text produced by mul-
tiple source LLMs, these results also suggest that
entropy-based reweighting transfers across gener-
ators rather than exploiting generator-specific arti-
facts. Complete per-domain AUROC for all base-
lines is provided in Appendix B (Table 7).

Hybrid Text Detection. Hybrid text, where pas-
sages mix human-written and LLM-generated con-
tent, poses a harder challenge than fully LLM-
generated detection. We evaluate on HART (Bao
et al., 2025), which defines three levels of in-
creasing difficulty: Level-1 detects any AI in-
volvement, Level-2 distinguishes human-authored
from AI-authored base content, and Level-3 iden-

tifies fully AI-generated text (Table 2). TCD
improves all three base detectors at every level.
The largest gain occurs at Level-3 (+4.06% AU-
ROC for Fast-DetectGPT+TCD), where fully LLM-
generated passages exhibit the strongest contex-
tual regularities. Level-2 remains the hardest set-
ting for all methods (69.00% baseline AUROC for
Fast-DetectGPT), yet TCD still yields a +2.93%
improvement, indicating that emphasizing high-
dependency tokens helps even when surface expres-
sion has been partially humanized. Detailed per-
domain breakdowns across writing, essay, arXiv,
and news are provided in Appendix B (Table 8).

Robustness on Adversarial Attacks. We
evaluate on the adversarial attack subset of
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Figure 4: AUROC gain (%) of TCD over baseline detectors under 11 adversarial attacks on RAID. "AUROC Gain"
is calculated by (Ours - Base).

Methods Level-1 Level-2 Level-3

Fast-DetectGPT 81.31 69.00 84.59
+TCD (Ours) 83.02 71.93 88.65
(Diff) 1.71 2.93 4.06

Binoculars 81.68 70.10 86.43
+TCD (Ours) 83.08 72.05 89.08
(Diff) 1.40 1.95 2.65

DNA-DetectLLM 81.86 71.43 87.28
+TCD (Ours) 83.80 72.81 89.05
(Diff) 1.94 1.38 1.77

Table 2: Comparison of detection performance (Aver-
age AUROC, %) across different writing levels. Best
results are bolded.

RAID (Dugan et al., 2024), covering 11 pertur-
bation types. TCD improves AUROC over all
three base detectors on most attack types, with the
largest gains under homoglyph substitution and
synonym swap (+8% and +6%, respectively) and
modest but positive gains (+0.3%–+3.5%) for other
surface-level perturbations. The main exception is
paraphrase, where TCD slightly hurts Binoculars
and yields near-zero change for DNA-DetectLLM,
suggesting semantic-preserving rewrites can
partially align with the reweighting signal. Overall,
TCD consistently improves adversarial robustness
in the majority of attacks scenarios.

Robustness on Different Text Lengths. Detec-
tion performance often degrades on short passages
where fewer token-level statistics are available. We
truncate RAID samples to target lengths of 40, 80,
120, 160, 200, 240, and 280 words and report the
AUROC gain of TCD over each baseline (Figure 5).
TCD yields positive gains across the entire length

40 80 120 160 200 240 280
Text length (words)

0%
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4%
AU

RO
C 

G
ai

n
Fast-DetectGPT
Binoculars
DNA-DetectLLM

Figure 5: AUROC gain (%) of TCD over baseline de-
tectors at varying text lengths (words) on RAID.

Model series Fast. Bino. DNA.

Llama-3.2-1B family 3.13 2.32 2.23
Llama-3.2-3B family 2.28 1.57 1.79
Gemma-2-2B family 1.97 1.46 2.38

Table 3: Proxy-model sensitivity: AUROC gain (%) of
TCD over the baseline detector, averaged over RealDet,
RAID, and M4.

range for all three detectors. The improvement is
most pronounced at moderate lengths (around 120–
200 words), where enough tokens exist for mean-
ingful entropy-based weighting yet uniform aggre-
gation still dilutes the signal. Even at 40 words,
TCD retains a gain, showing that selecting infor-
mative positions helps when the total number of
tokens is limited.

Impact of Different Surrogate Models. TCD
relies on attention entropy from a surrogate model;
we therefore study whether its benefit persists
under different model families. Besides the de-
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Figure 6: Sensitivity of TCD-augmented detectors to the softmax temperature τ on RealDet, RAID, and M4.

fault Llama-3.2-1B pair (Grattafiori et al., 2024),
we additionally evaluate Llama-3.2-3B (Grattafiori
et al., 2024) and Gemma-2-2B (Team et al., 2024)
base/instruct families on RealDet, RAID, and M4
(Table 3; dataset-level results in Appendix B, Ta-
bles 10 and 11). TCD consistently improves all
three detectors under every tested family, with av-
erage AUROC gains ranging from 1.46% to 3.13%.
The default Llama-3.2-1B family yields the largest
average gain, while Gemma-2-2B and Llama-3.2-
3B families also show stable improvements. These
findings indicate that TCD is not tied to a specific
surrogate architecture, though stronger or better-
aligned surrogates may yield larger gains.

Impact of Hyperparameters. The only addi-
tional hyperparameter introduced by TCD is the
softmax temperature τ in Section 3.4, which con-
trols how sharply token weights concentrate on
low-entropy positions. Figure 6 plots AUROC on
RealDet, RAID, and M4 as τ varies from 0.1 to 1.0.
Performance remains largely stable across most
of the search range, with TCD-augmented detec-
tors consistently outperforming their base counter-
parts. Very low temperatures can over-sharpen the
weight distribution by focusing on only a few to-
kens, whereas τ = 0.7 already yields strong results
and serves as our default. This mild sensitivity
suggests that TCD does not require extensive hy-
perparameter tuning in practice.

4.4 Intervention Analysis of Weighting

Table 1 and Figure 1 show that low-entropy tokens
correlate with stronger human/LLM score separa-
tion, but do not by themselves establish that these
tokens cause the detection gain. To move from
correlation to causation, we intervene on the to-
kens, the weights, and the attention sources used by

Configuration Fast. Bino. DNA.

Base detector (no TCD) 87.63 87.94 88.09
Base detector +TCD 90.76 90.26 90.32

(a) Mask 30% low-entropy tokens 79.00 83.40 83.99
(b) Mask 30% high-entropy tokens 90.10 89.68 89.72
(c) Permute entropy weights 86.81 87.10 87.52
(d) Invert entropy weights 81.40 84.05 84.74
(e) Ablate 30% low-entropy heads 90.59 90.09 90.20
(f) Ablate low-entropy layers 88.35 88.47 88.90

Table 4: Intervention analysis of attention-entropy
weighting. AUROC is averaged over RealDet, RAID,
and M4. Settings (a)–(b) drop tokens and aggregate
the rest uniformly; (c)–(d) keep all tokens but perturb
the TCD weights; (e)–(f) remove low-entropy heads or
DLS-selected layers before computing weights.

TCD (Table 4). Settings (a)–(f) are also alternative
non-uniform aggregation schemes under otherwise
identical conditions, so they isolate whether the
gain is specific to attention-entropy weighting.

Token masking. Dropping 30% of tokens and
uniformly aggregating the rest has opposite ef-
fects. Removing the lowest-entropy tokens (a) col-
lapses AUROC well below the uniform base (Fast-
DetectGPT: 87.63 → 79.00), whereas removing
the highest-entropy tokens (b)—i.e., keeping only
low-entropy ones—already approaches full TCD
(90.10) without any reweighting.

Weight perturbation. Randomly permuting the
entropy-based weights (c) returns performance to
the base level (86.81), and inverting them (d) drops
well below it (81.40). The gain therefore comes
from up-weighting low-entropy tokens, not from
arbitrary non-uniform weighting.

Head and layer ablation. Removing the lowest-
entropy attention heads (e) barely changes AUROC,
indicating that the signal is redundant across heads.
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Variant
Fast. Bino. DNA.

Cond.1 Cond.2

Uniform (no TCD) 87.63 87.94 88.09

✗ ✗ 89.48 89.30 89.53
✗ ✓ 90.29 89.86 89.97
✓ ✗ 90.40 89.99 90.03

✓ ✓ 90.76 90.26 90.32

Table 5: Ablation of token reweighting and of Condi-
tion 1 and Condition 2 in Dynamic Layer Selection. The
uniform row aggregates token statistics without TCD.
All remaining rows apply reweighting and differ only in
the selected layers. AUROC is averaged over RealDet,
RAID, and M4.

Ablating the DLS-selected low-entropy layers (f)
removes most of the TCD gain (90.76 → 88.35),
localizing the causal source to the layers that DLS
selects.

None of (a)–(f) recovers full TCD. Low-entropy
tokens and the layers that produce them therefore
causally drive detection, and the improvement is
attributable specifically to attention-entropy weight-
ing rather than to non-uniform aggregation in gen-
eral.

4.5 Ablation Studies

We ablate DLS Conditions 1 and 2 individually
and jointly on RealDet, RAID, and M4 (Table 5);
all TCD variants apply the attention entropy-based
token reweighting of Section 3.4 and differ only
in the selected layers. Without reweighting, layer
selection cannot affect the score: tokens are aggre-
gated uniformly, which is exactly the base detec-
tor in Table 1 (87.63% average AUROC for Fast-
DetectGPT). Turning on reweighting over all lay-
ers (both conditions off) accounts for most of the
gain (87.63 → 89.48, +1.85), and adding DLS on
top contributes a further complementary improve-
ment (89.48 → 90.76, +1.28). Either condition
alone already beats using all layers, and applying
both achieves the best performance. The same pat-
tern holds for Binoculars and DNA-DetectLLM.
Reweighting is therefore the primary driver and
DLS a complementary refinement, and the two
selection criteria are complementary rather than
redundant.

Methods Time (s)

Fast-DetectGPT 0.070
+TCD (Ours) 0.145

Binoculars 0.372
+TCD (Ours) 0.468

DNA-DetectLLM 0.669
+TCD (Ours) 0.720

Table 6: Time efficiency analysis on the RAID bench-
mark. Each entry reports the average detection latency
in seconds per sample (s/sample), measured with batch
size = 1 after truncating texts to 300 tokens.

4.6 Efficiency Analysis

To quantify the inference overhead of TCD, we
measure average detection latency on the RAID
benchmark (Dugan et al., 2024) under a balanced
setting: 500 human and 500 LLM texts are ran-
domly sampled, truncated to 300 tokens, and eval-
uated with batch size of 1. As shown in Table 6,
TCD introduces additional computation, increas-
ing latency by 0.05–0.10 s per sample across the
three backbones, yet all variants remain below one
second per sample. The extra cost is incurred in
the same surrogate forward pass already used to
obtain token-level statistics, with no additional
model call or parameters, so the absolute over-
head stays roughly constant while the relative in-
crease shrinks for heavier detectors (2.07× for Fast-
DetectGPT, 1.26× for Binoculars, and 1.08× for
DNA-DetectLLM). This latency is sufficient for
real-time or interactive detection scenarios such
as online content screening and writing-assistant
feedback, where users expect immediate responses
without offline retraining.

5 Conclusion

We show that zero-shot detection signal is concen-
trated at token positions of high contextual depen-
dency, quantified by attention entropy. TCD turns
this observation into a plug-and-play reweighting
module that integrates into existing detectors with-
out retraining, and yields consistent gains across
benchmarks, domains, adversarial attacks, and
hybrid-text settings. Our results suggest that not
all token positions contribute equally, and that em-
phasizing high-dependency positions offers a sim-
ple way to strengthen zero-shot detectors without
changing their core scoring functions.
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Limitations

TCD computes attention entropy from the surrogate
model that the detector runs locally, and therefore
requires this surrogate to be a Transformer whose
per-layer attention weights are accessible. This
holds for the open-source surrogates used by ex-
isting zero-shot detectors, where attention weights
and next-token logits come from the same forward
pass, but not when detection relies solely on the
logprobs returned by a commercial API.

Additionally, computing token-level attention
entropy during the forward pass also adds inference
cost. The overhead is small in practice, since it
requires no additional model call or parameters
(Section 4.6), but it may still matter under strict
latency budgets.
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A Dataset Details

This section describes the benchmarks used in
our experiments. We follow the balanced sam-
pling practice used in recent zero-shot detection
studies (Ma and Wang, 2024; Bao et al., 2024;
Zhu et al., 2026a): for each dataset, we randomly
draw equal numbers of human-written and LLM-
generated passages unless noted otherwise.

A.1 RealDet

RealDet (Zhu et al., 2025) is a large-scale bilingual
benchmark built to reflect realistic LLM-generated
text detection scenarios. The full corpus contains
over 836k raw passages covering 15 textual do-
mains and outputs from 22 LLMs, together with
more than 106k human-written texts in both En-
glish and Chinese. LLM-generated samples are
collected under several generic prompt types (con-
tinuation, topic-driven writing, and question an-
swering), and the release also includes adversarial
variants produced by paraphrasing and editing at-
tacks. DNA-DetectLLM (Zhu et al., 2026a) eval-
uates on RealDet by sampling 2,000 balanced ex-
amples from the public release; we adopt the same
protocol and use 1,000 human-written and 1,000
LLM-generated passages for the main results in
Table 1.

A.2 RAID

RAID (Dugan et al., 2024) is a shared robust-
ness benchmark designed to expose weaknesses
that simpler corpora often miss. It contains more
than 6 million generations from 11 LLMs across
eight domains: arXiv abstracts, book summaries,
news, poetry, recipes, Reddit posts, reviews, and
Wikipedia. For each human-written seed docu-
ment, RAID creates paired outputs under four de-
coding strategies (greedy and sampling, with and
without repetition penalty) and eleven adversar-
ial perturbations (Dugan et al., 2024), including

paraphrase (Krishna et al., 2023), synonym swap,
homoglyph substitution, misspelling, whitespace
insertion, and zero-width characters. We use a bal-
anced subset of 1,000 human-written and 1,000
LLM-generated texts for the primary evaluation
in Table 1. Additional analyses draw on RAID’s
multi-domain partition (Table 7), its adversarial
attack subset (Figure 4), and length-truncated vari-
ants (Figure 5).

A.3 M4

M4 (Wang et al., 2024) is a multi-generator, multi-
domain, and multi-lingual corpus for black-box
LLM-generated text detection, where the source
LLM is unknown at test time. Human-written and
LLM-generated texts are paired across six genera-
tors (GPT-4 (Achiam et al., 2023), ChatGPT, GPT-
3.5, Cohere, Dolly-v2, and BLOOMz) (Wang et al.,
2024), seven domains (Wikipedia, WikiHow, Red-
dit, question answering, news, academic abstracts,
and peer reviews), and seven languages (Arabic,
Bulgarian, Chinese, English, Indonesian, Russian,
and Urdu). Prior work shows that detectors often
struggle to generalize to unseen domains or genera-
tors on M4, making it a strong test of scoring-based
methods that do not rely on training labels. Fol-
lowing the same balanced sampling strategy as on
RealDet and RAID, we evaluate on the multilin-
gual test partition with 1,000 human-written and
1,000 LLM-generated passages.

A.4 HART

HART (Bao et al., 2025) (Hierarchical AI Risk in
Text Creation) extends binary detection to settings
where human and AI contributions are mixed. Each
sample is labeled by AI participation type: purely
human (Type 0), human content with AI-refined
expression (Type 1), AI content rewritten to ap-
pear human-like (Type 2), or fully AI-generated
text (Type 3). The benchmark spans four domains
(student essays, arXiv introductions, creative writ-
ing, and news) and multiple languages, with texts
produced by six recent LLMs including GPT-3.5-
Turbo, GPT-4o, Claude 3.5 Sonnet, Gemini 1.5
Pro, LLaMA 3.3-70B-Instruct, and Qwen 2.5-72B-
Instruct (Bao et al., 2025). HART defines three
nested binary tasks: Level-1 detects any AI in-
volvement (Type 0 vs. Types 1–3), Level-2 distin-
guishes human-authored from AI-authored content
(Types 0–1 vs. Types 2–3), and Level-3 identifies
fully AI-generated text (Types 0–2 vs. Type 3). We
report aggregated results across levels in Table 2
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Methods abstracts books news poetry recipes reddit reviews wiki

Likelihood 76.09 79.72 70.98 76.72 67.29 78.45 75.45 71.48
LogRank 77.42 81.52 72.30 78.21 67.44 78.85 76.77 72.45
Entropy 69.61 79.62 70.58 78.82 66.47 77.00 74.05 70.06
LRR 80.32 85.80 76.98 81.72 65.55 80.52 80.07 75.77

Fast-DetectGPT 82.68 83.56 74.42 82.53 71.61 83.68 82.46 79.70
+TCD (Ours) 83.21 86.84 77.73 87.99 74.66 85.68 83.95 80.06
(diff) 0.53 3.28 3.31 5.46 3.05 2.00 1.49 0.36

Binoculars 83.24 84.34 75.81 83.11 73.41 83.45 82.65 79.09
+TCD (Ours) 83.85 86.64 77.14 87.43 75.60 85.64 83.26 80.60
(diff) 0.61 2.30 1.33 4.32 2.19 2.19 0.61 1.51

DNA-DetectLLM 83.25 85.10 76.90 84.49 72.23 83.49 83.41 79.39
+TCD (Ours) 83.51 86.83 77.63 87.57 72.75 85.39 83.64 80.97
(diff) 0.26 1.73 0.73 3.08 0.52 1.90 0.23 1.58

Table 7: Per-domain detection performance (AUROC) on the multi-domain partition of RAID. “+TCD” denotes
applying our framework to the base detector. Best results per domain among TCD-augmented methods are bolded.

and provide the full domain-wise breakdown in
Appendix B (Table 8).

B Additional Experiments Results

This appendix provides complete numerical re-
sults that complement the analyses in Section 4.3.
Due to space constraints, the main paper reports
summary figures and aggregated scores; here we
include per-domain and per-dataset breakdowns
for multi-domain evaluation, TCD applied to sim-
pler zero-shot detectors, hybrid text detection,
surrogate-model sensitivity, DLS robustness across
architectures and domains, and impact of hyperpa-
rameters.

B.1 Multi Domains and Multi Source Models

Table 7 reports AUROC (%) on the multi-domain
partition of RAID across eight genres. Each do-
main contains LLM-generated text from multiple
source LLMs, making this setting a joint test of
domain transfer and generator diversity. TCD
improves Fast-DetectGPT, Binoculars, and DNA-
DetectLLM in all eight domains without exception.
The largest Fast-DetectGPT gain occurs on poetry
(+5.46%), where stylistically constrained text may
produce more regular contextual patterns that TCD
can exploit; books (+3.28%) and news (+3.31%)
also show substantial improvements. Gains are
smaller but still positive on wiki (+0.36%) and re-
views (+1.49%), domains where baseline detectors
are already relatively strong. Across probability-

based baselines (Likelihood, LogRank, Entropy,
LRR), performance varies considerably by domain.
For example, Entropy drops to 66.47% on recipes,
whereas TCD-augmented multi-model detectors
maintain more balanced performance across genres.
These results confirm that contextual-dependency
weighting is not overfit to a single text type and
remains effective when both domain and source
model vary.

B.2 Generalization to Simpler Zero-Shot
Detectors

The main experiments apply TCD to Fast-
DetectGPT, Binoculars, and DNA-DetectLLM be-
cause gains on the strongest existing methods are
the most informative in practice. TCD, however,
only assumes that the base detector aggregates
token-level statistics, so it should also apply to
simpler scoring functions. We therefore attach
TCD to Likelihood, LogRank, and Entropy from
GLTR (Gehrmann et al., 2019) and to LRR (Su
et al., 2023), using the same protocol as Table 1 and
reporting average AUROC over RealDet, RAID,
and M4 (Table 9).

TCD improves all four detectors with no degra-
dation (Likelihood +0.58, LogRank +0.26, En-
tropy +0.41, LRR +0.27). The uniformly posi-
tive results confirm that TCD generalizes beyond
the three state-of-the-art detectors in the main text
to simpler zero-shot methods that also aggregate
token-level statistics.
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Detector Level-3 Level-2 Level-1

Writing Essay ArXiv News Writing Essay ArXiv News Writing Essay ArXiv News

Fast-DetectGPT 85.59 84.60 84.61 83.57 70.64 70.01 70.40 64.94 77.75 86.92 80.81 79.76
+TCD (Ours) 89.94 86.83 89.11 88.73 75.26 69.95 72.99 69.50 80.71 88.59 81.74 81.05
(diff) 4.35 2.23 4.50 5.16 4.62 -0.06 2.59 4.56 2.96 1.67 0.93 1.29

Binoculars 86.88 87.28 86.07 85.50 71.46 71.27 70.79 66.86 77.93 87.68 80.85 80.26
+TCD (Ours) 90.14 87.51 89.54 89.13 75.04 70.15 73.05 69.96 80.73 88.92 81.83 80.85
(diff) 3.26 0.23 3.47 3.63 3.58 -1.12 2.26 3.10 2.80 1.24 0.98 0.59

DNA-DetectLLM 88.32 88.55 86.16 86.09 74.02 72.74 70.82 68.13 79.10 87.39 81.10 79.85
+TCD (Ours) 90.85 87.68 88.74 88.91 76.82 70.95 72.84 70.63 82.22 89.13 82.44 81.42
(diff) 2.53 -0.87 2.58 2.82 2.80 -1.79 2.02 2.50 3.12 1.74 1.34 1.57

Table 8: Per-domain detection performance (AUROC) on HART across three detection levels and four domains.
Best results are bolded.

Detector Base +TCD (Ours)

Likelihood 84.81 85.39
LogRank 85.76 86.02
Entropy 83.09 83.50
LRR 85.87 86.14

Table 9: Detection performance (AUROC, %) of simpler
zero-shot detectors with and without TCD, averaged
over RealDet, RAID, and M4. Best results are bolded.

B.3 Hybrid Text Detection

Table 8 breaks down HART results by detection
level and domain (writing, essay, arXiv, and news).
Level-3 (fully AI-generated) is the easiest setting
overall: Fast-DetectGPT+TCD reaches 89.94% on
writing and 89.11% on arXiv, with gains of +4.35
and +4.50 over the respective baselines. Level-2
(distinguishing human-authored from AI-authored
base content) remains the most challenging, espe-
cially on news, where Fast-DetectGPT improves
from 64.94% to 69.50% (+4.56) with TCD, which
is the largest single domain-level gain in this table.
Level-1 (detecting any AI involvement) shows con-
sistent but moderate improvements; for instance,
DNA-DetectLLM+TCD reaches 89.13% on essay
(+1.74 over baseline). Notably, TCD helps on
arXiv and news at all three levels, suggesting that
the benefit of emphasizing high-dependency tokens
generalizes beyond creative writing domains to
more formal scientific and journalistic text. Across
all 12 domain and level combinations, TCD never
reduces performance relative to the corresponding
base detector.

B.4 Impact of Different Surrogate Models

Alternative surrogate families. Tables 10 and 11
report dataset-level AUROC when replacing the

default Llama-3.2-1B surrogate pair with the
Llama-3.2-3B and Gemma-2-2B instruct/base fam-
ilies; all other settings remain identical to the
main evaluation. Under both alternatives, TCD
consistently improves all three base detectors
on RealDet, RAID, and M4. With Llama-3.2-
3B-Instruct/Llama-3.2-3B, Fast-DetectGPT+TCD
raises average AUROC from 87.28% to 89.56%
(+2.28), with the largest gains on RealDet (+2.50)
and RAID (+3.04); Binoculars+TCD and DNA-
DetectLLM+TCD gain +1.57 and +1.79 on aver-
age, respectively. With Gemma-2-2B-it/Gemma-2-
2B, Fast-DetectGPT+TCD improves from 88.34%
to 90.31% (+1.97), with a notable +2.33 gain
on M4; DNA-DetectLLM+TCD benefits even
more on M4 (+5.84), indicating that entropy-based
reweighting can compensate when a base detector
underperforms under a given surrogate. Across
both families, TCD never degrades any detec-
tor and transfers without relying on architecture-
specific attention patterns of a single checkpoint.

Official settings of each detector. Our main ex-
periments share one surrogate family across de-
tectors, whereas Fast-DetectGPT, Binoculars, and
DNA-DetectLLM each adopt a larger, detector-
specific surrogate in their official settings. To con-
firm that the reported gains are not an artifact of
our choice, we re-evaluate each detector under its
official setting, keeping everything else identical to
Table 1. As shown in Table 12, TCD still improves
every detector, so the gains also hold under each
detector’s official configuration.

B.5 Robustness of Dynamic Layer Selection
Section 3.3 argues that the two DLS conditions fol-
low from properties shared by Transformer LLMs
and are therefore not tied to a specific surrogate or
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Methods RealDet RAID M4

Fast-DetectGPT 89.71 83.62 88.52
+TCD (Ours) 92.21 86.66 89.80

Binoculars 90.60 83.87 88.14
+TCD (Ours) 91.79 86.37 89.17

DNA-DetectLLM 90.75 82.25 88.29
+TCD (Ours) 91.91 84.52 90.21

Table 10: Detection performance (AUROC) using
Llama-3.2-3B-Instruct and Llama-3.2-3B as the surro-
gate pair. Best results are bolded.

Methods RealDet RAID M4

Fast-DetectGPT 90.99 85.24 88.78
+TCD (Ours) 93.20 86.61 91.11

Binoculars 88.17 83.74 87.16
+TCD (Ours) 89.92 84.03 89.51

DNA-DetectLLM 87.68 83.22 84.10
+TCD (Ours) 88.83 83.38 89.94

Table 11: Detection performance (AUROC) using
Gemma-2-2B-it and Gemma-2-2B as the surrogate pair.
Best results are bolded.

text distribution. We verify this by repeating the
ablation of Table 5 across surrogate architectures
(Table 13) and across the eight domains of RAID
(Table 14).

Across surrogate architectures. With Llama-
3.2-1B, Llama-3.2-3B, and Gemma-2-2B as the
surrogate, the full DLS (✓/✓) is the best configura-
tion in every column and always improves over the
base detector, and the gain grows monotonically
as conditions are added: either condition alone
already improves over aggregating attention en-
tropy across all layers (✗/✗), and combining both is
strictly best. The two conditions therefore remain
complementary under all three architectures, and
neither relies on the attention pattern of a single
checkpoint.

Across domains. Within each of the eight RAID
domains, evaluated with Llama-3.2-1B as the sur-
rogate, the same ordering holds: the full DLS
yields the largest gain in all eight domains for Fast-
DetectGPT and Binoculars and in seven of eight for
DNA-DetectLLM. The criteria are thus not tuned
to a particular text distribution.

Methods AUROC

GPT-Neo-2.7B / GPT-J-6B
Fast-DetectGPT 85.99
+TCD (Ours) 87.21

Falcon-7B-Instruct / Falcon-7B
Binoculars 88.72
+TCD (Ours) 90.06
DNA-DetectLLM 90.16
+TCD (Ours) 91.22

Table 12: Detection performance (AUROC, %) aver-
aged over RealDet, RAID, and M4 when each detec-
tor uses its official surrogate setting. Best results are
bolded.

Surrogate Cond.1 Cond.2 Fast. Bino. DNA.

Llama-3.2-1B

✗ ✗ 1.85 1.36 1.44
✗ ✓ 2.66 1.92 1.88
✓ ✗ 2.77 2.05 1.94
✓ ✓ 3.13 2.32 2.23

Llama-3.2-3B

✗ ✗ 1.68 1.15 1.56
✗ ✓ 1.89 1.28 1.68
✓ ✗ 2.02 1.39 1.62
✓ ✓ 2.28 1.57 1.79

Gemma-2-2B

✗ ✗ 1.42 1.01 1.34
✗ ✓ 1.60 1.26 1.38
✓ ✗ 1.73 1.34 2.09
✓ ✓ 1.97 1.46 2.38

Table 13: AUROC gain (%) of TCD over the base detec-
tor under different DLS variants and surrogate families,
averaged over RealDet, RAID, and M4.

B.6 Impact of Hyperparameters
TCD introduces a single additional hyperparameter,
the softmax temperature τ in Section 3.4, which
controls how sharply token weights concentrate
on low-entropy positions. Figure 6 in the main
paper summarizes the trend on RealDet, RAID, and
M4; Tables 15, 16, and 17 report the full AUROC
values for τ ∈ {0.1, 0.2, . . . , 1.0}. Across all three
benchmarks and base detectors, very small τ (e.g.,
0.1) degrades performance because the weighting
collapses onto too few tokens, whereas AUROC
rises quickly once τ ≥ 0.3 and remains largely
stable for τ ∈ [0.5, 1.0]. We therefore use τ = 0.7
as the default in all main experiments.

C More Related Work

Prior work has also questioned uniform to-
ken aggregation, but differs from TCD in the
principle used to decide a token’s importance.
PAWN (Miralles-González et al., 2026) is super-
vised: it trains lightweight MLPs over the surro-
gate’s last hidden states and token positions to learn
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Detector Cond.1 Cond.2 abstracts books news poetry recipes reddit reviews wiki

Fast-DetectGPT

✗ ✗ 0.09 1.01 1.60 3.41 2.30 1.64 0.51 0.13
✗ ✓ 0.13 2.50 2.49 4.66 3.00 1.84 1.02 0.30
✓ ✗ 0.20 2.54 2.60 4.64 2.12 1.77 1.24 0.20
✓ ✓ 0.53 3.28 3.31 5.46 3.05 2.00 1.49 0.36

Binoculars

✗ ✗ 0.08 0.36 0.21 2.60 1.43 1.87 0.02 0.06
✗ ✓ 0.11 1.56 0.46 3.71 2.14 2.13 0.05 0.70
✓ ✗ 0.36 1.63 0.66 3.59 1.26 1.95 0.36 0.79
✓ ✓ 0.61 2.30 1.33 4.32 2.19 2.19 0.61 1.51

DNA-DetectLLM

✗ ✗ 0.04 0.15 0.04 1.76 0.11 1.63 0.04 0.69
✗ ✓ 0.09 1.23 0.07 2.59 0.47 1.93 0.09 1.05
✓ ✗ 0.06 1.22 0.26 2.35 0.04 1.73 0.08 1.13
✓ ✓ 0.26 1.73 0.73 3.08 0.52 1.90 0.23 1.58

Table 14: Per-domain AUROC gain (%) of TCD over the base detector under different DLS variants on the
multi-domain partition of RAID, with Llama-3.2-1B as surrogate.

Methods Temperature

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Fast.+TCD 58.02 81.71 90.29 92.79 93.55 93.69 93.65 93.51 93.34 93.21
Bino.+TCD 57.48 81.30 89.98 92.35 93.01 93.14 93.12 93.04 92.92 92.87
DNA.+TCD 56.15 81.49 90.42 92.73 93.36 93.50 93.46 93.39 93.29 93.23

Table 15: AUROC (%) on RealDet with different temperature hyperparameters.

Methods Temperature

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Fast.+TCD 67.44 83.09 87.63 88.46 88.23 87.74 87.25 86.79 86.41 86.09
Bino.+TCD 66.91 82.69 87.41 88.24 87.92 87.36 86.88 86.43 86.07 85.76
DNA.+TCD 67.51 81.85 85.99 86.56 86.17 85.65 85.24 84.79 84.47 84.19

Table 16: AUROC (%) on Raid with different temperature hyperparameters.

Methods Temperature

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Fast.+TCD 57.99 74.76 84.46 88.57 90.35 91.12 91.48 91.67 91.66 91.69
Bino.+TCD 56.89 73.36 83.56 87.89 89.75 90.52 90.90 91.10 91.10 91.11
DNA.+TCD 60.35 77.87 86.95 90.47 91.67 92.20 92.37 92.47 92.45 92.37

Table 17: AUROC (%) on M4 with different temperature hyperparameters.

per-token weights, which reweight next-token-
distribution metrics before aggregation. Exons-
Detect (Zhu et al., 2026b) is training-free but re-
lies on two proxy models, treating tokens whose
hidden-state discrepancy between the two exceeds
a threshold as carrying stronger source signal. TCD
instead derives token importance from a single sur-
rogate’s token contextual dependency: low entropy
indicates that the prediction relies on a concen-
trated context, a formulaic and pretraining-familiar
pattern where LLM-generated and human-written
text diverge most. Attention has also been used for
detection by TDA (Kushnareva et al., 2021), but at
a different granularity and for a different purpose:
it represents the whole attention map as a graph

and feeds its topological features to a supervised
classifier, whereas TCD reads a per-token statistical
property of attention as a training-free importance
signal for reweighting.

D Impact Statement

This study acknowledges potential societal impacts
of TCD. We caution against its misuse for mass
surveillance, unjustified censorship, or discrimi-
natory application, and advocate for responsible
deployment that respects individual privacy and
freedom of expression.
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