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Abstract

Detecting Al-generated text is becoming in-
creasingly challenging as modern language
models approach human-level fluency and can
evade detectors that rely on surface statistics
or likelihood-based signals. We propose AEy-
eED an attribution-driven approach to human-
Al authorship detection that leverages model
attention as a discriminative signal. Specifi-
cally, we extract attention-based attribution ma-
trices for both human- and Al-generated text
using a proxy Transformer model with white-
box access and train a lightweight Convolu-
tional Neural Network to learn representations
from these attribution maps. Across standard
benchmarks, our method achieves performance
competitive with state-of-the-art detectors us-
ing both encoder-decoder machine translation
and decoder-only open-ended generation set-
tings. We further provide evidence that atten-
tion maps exhibit detectable recurring local
structures whose relative frequency differs reli-
ably between human and Al text across datasets
and proxy models. We will make the code pub-
licly available for future research.

1 Introduction

The advent of large language models (LLMs) has
enabled the generation of coherent, context-aware,
and human-like text across a wide range of domains
and languages (Naveed et al., 2023; Chang et al.,
2024). While these advances unlock substantial
benefits, they also raise critical challenges related
to information integrity, authorship, and misuse,
including large-scale misinformation in journalism
and academic dishonesty in educational settings,
where automated content generation threatens so-
cietal trust, originality, and assessment validity
(Dugan et al., 2023; Wu et al., 2025; Liu et al.,
2024b; Ali et al., 2025; Huang et al., 2025b; Bittle
and El-Gayar, 2025).

In response, several Al-generated text de-
tection methods has been proposed, including

surface-statistical approaches exploiting cues such
as perplexity, burstiness, and n-gram repetition
(Gehrmann et al., 2019; Ippolito et al., 2020);
likelihood-based methods that probe instability in
a model’s probability landscape via perturbation
or re-sampling (Mitchell et al., 2023; Bao et al.,
2023); supervised classifiers that fine-tune Trans-
former encoders on labeled data (Li et al., 2025;
Zhu et al., 2025); and watermarking techniques
that embed detectable signals for source attribu-
tion (Kirchenbauer et al., 2023; Liu et al., 2024a).
However, each paradigm has intrinsic limitations:
statistical and likelihood-based detectors degrade
as LLMs are optimized to mimic human distribu-
tions through techniques such as RLHF (Christiano
et al., 2017); supervised classifiers suffer under do-
main shift and unseen generators (Uchendu et al.,
2021); and watermarking requires model-side coop-
eration and is fragile to paraphrasing, post-editing,
or partial reuse (Liu et al., 2024a; Wang et al., 2025;
Niess and Kern, 2025; Ahn et al., 2025). As a re-
sult, robust detection remains an open challenge,
continually undermined by advances in generation
quality and adversarial evasion strategies (Wu et al.,
2025, 2024).

These challenges motivate a shift away from de-
tecting what is written toward analyzing how text
is produced. Existing detection methods largely
rely on surface statistics, likelihood signals, or
model-dependent mechanisms such as watermarks,
all of which can be sensitive to distribution align-
ment, paraphrasing, or model evolution. We argue
that robust and generalizable detection should in-
stead exploit internal behavioral traces of neural
language models. In particular, we hypothesize
that the attribution patterns induced during text pro-
cessing differ structurally between LLM-generated
and human-authored text, and that this information
can be used to distinguish between them.

To test this hypothesis, we introduce AEyeDE,
an attribution-based detection framework that op-



erates directly on attention-based attribution maps
extracted from Transformer models (Vaswani et al.,
2017). Given an observed text « (human or Al),
AEYEDE passes x through a fixed proxy model
Gy with white-box access and derives an attention-
based attribution matrix (Sec. 2); this provides
structured evidence that complements raw-text
cues. We process attribution maps using a multi-
scale convolutional encoder with attention pool-
ing to obtain compact embeddings for authorship
classification (Figure 1), making the detector less
sensitive to purely lexical or stylistic variation and
enabling evaluation under generator shift.

Beyond detection accuracy, we analyze what
the CNN attribution encoder captures in attention
maps. Clustering 8 x 8 patches in its last convo-
lution stage feature space reveals recurring local
patterns (motifs) whose prevalence differs between
human and Al-generated text across datasets and
proxy models. This indicates that authorship leaves
a localized, repeatable signature in proxy-model
attention maps that our detector can exploit.

We validate AEYEDE across both encoder—
decoder and decoder-only paradigms: machine
translation task (WMT14 and the UN Parallel Cor-
pus) and open-ended generation datasets (HC3 and
RAID), covering multiple languages, domains, and
model families under realistic prompt-free evalua-
tion settings.

Our main contributions are summarized as fol-
lows:

* We introduce AEyeDE, an attribution-
conditioned framework that uses attention-
based attribution maps from a proxy Trans-
former as structured evidence for Al-
generated text detection.

* We show that modeling attribution structure
with a lightweight CNN yields a robust de-
tection signal that generalizes across encoder—
decoder and decoder-only models, multiple
datasets, and LLM families.

* We find that the attention maps of the proxy
model contain distinct local patterns, "motifs",
whose share systematically differs between
human and Al generation, providing an in-
terpretable, localized signature of authorship
even when motif prevalence is only weakly
aligned with saliency/ablation scores.

2 AEyeDE Framework

We formalize Al-text detection as a binary classifi-
cation problem in which the detector has white-box
access to a proxy language model Gy, chosen to be
either (i) the suspected generator or (ii) a capable
surrogate model. Given an observed text x, we
pass z through G and extract attention weights,
averaged across heads across layers, to obtain an
attention-based attribution map. More specifically,
we compute these attributions using the same proxy
model for all inputs, regardless of whether x is
human-written or model-generated. Our hypothe-
sis is that, even when surface-level statistics may
already differ between sources (Bao et al., 2023),
the internal dynamics of GGy when processing x
induce systematic and detectable differences in the
resulting attention maps for human versus Al text.

The resulting attention attributions can be
viewed as weight matrices that quantify token-to-
token influence during generation. In the encoder—
decoder (machine translation) setting, the attribu-
tions describe the influence of source tokens on
each target token (cross-attention). In the decoder-
only setting, the attributions describe the influence
of previous tokens on the next-token predictions
(causal self-attention). In both cases, the attribution
map serves as the primary input to our downstream
detector.

Let V be a vocabulary and let = =
(z1,...,27) € VT denote a text sequence of
length T'. Accordingly, Al-text detection as a bi-
nary classification with a label

y € {0,1},
y = 1 (Al-generated),

y = 0 (human-written).

Having the candidate generator LLM Gy (a Trans-
former with parameters ) that is supposed to have
produced z, the detector is a conditional classifier:

Dy(x;0) = f¢(:c, Y(x; 9)) € [0,1],

where ¢(x; 0) is a feature representation derived
from G (here: attention-based attributions) and f
is a learned decision function with parameters ¢.
Assume Gy is an L-layer, H-head causal Trans-
former. At layer £ € {1,...,L} and head h €
{1,..., H}, self-attention produces query/key ma-
trices Q41| K(6h) ¢ RT*dk  The (masked) atten-
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Figure 1: Overview of the proposed attribution-based detector. Given a text sample and access to a proxy generator
model Gy, we extract an attention-based attribution matrix A (top-left). We summarize A by sampling fixed-size
square blocks (e.g., 128 x128) along the main diagonal that captures the richest local token—token interactions
(Highlighted by orange frames inside the heatmap) (Xiao et al., 2023; Ivanitskiy et al.; Qi et al., 2025). Each block
is encoded by a CNN (bottom; initial convolutional stage layer + four convolutional stages with 2x2 max-pooling,
followed by an intermediate feedforward network), producing a representative embedding per block. We aggregate
these embeddings with learnable attention pooling to form a global attention map representation, which is fed to a
lightweight feedforward classifier to predict human vs. LLM authorship (top-right). The 16 x 16 feature map after
the last convolution stage in CNN is associated with patches (white squares) of original attention attribution for

clustering.

tion attribution matrix is

(£,h) (LT
QUMK
vy,

e RTHDXT (for brevityR(1)*T).,

AP (g:0) = softmax<

where M € R(T+TDXT is the causal mask starting
from <bos> token , Thus, each entry

(6,h)
at,s

= [A(e’h)(x; 9)] t,s

quantifies the influence (importance weight) of to-
ken position s on the representation used to predict
token position ¢ averaged across all layers and at-
tention heads. We use the Inseq Python library
to derive these attention attributions (Sarti et al.,
2023). The notation is generalizable to the encoder-
decoder model, where s # ¢.

The architecture of the main attention-based de-
tector depicted in 1 consists of a CNN that takes
patches of information from the main diagonal of
the attribution matrix for the decoder-only mod-
els and the whole matrix for the encoder-decoder
model!. Given a target text sequence ;.7 and an

'In our experiments with the encoder-decoder model, we

used samples of at most 128 tokens. For this model, we used
just one patch that covers the whole attribution matrix.

attribution map A extracted from a candidate LLLM,
We build a classifier that can optionally use (i) a
text representation of y,.7 and (ii) an attribution
representation computed from A. For readability,
we describe the per-example computation and omit
the batch dimension.

Let Gy denote the candidate LLM. We obtain
an attribution map A € R7=*Tv from Gy (e.g., an
attention-derived attribution matrix), where rows
and columns index source/previous tokens and tar-
get/current tokens, respectively.

We summarize the 2D attribution map by ex-
tracting square blocks of size w, along a diago-
nal traversal. We set the attribution block size to
w, = 128, i.e., we extract square blocks

Ak c R128X 128

The reason is that we assume the most infor-
mation in the decoder-only models to be located
around the main diagonal (Xiao et al., 2023; Ivanit-
skiy et al.; Qi et al., 2025). Let (pg, qx) denote the
top-left corner of the k-th block, and define

A =

Alpr : Pk + Wa, @t qr +wa]. (1)

We mark a block as valid if it contains at least one



non-padding entry:

up = I[(Zi7jM[pk+i, g+ 4] > 0) e {0,1}.

2
Each block is encoded by a CNN-based attribution
encoder

b = Fau(Ag) € R, 3)

The CNN-based attribution encoder E,; treats
Ay, as a single-channel image and applies five con-
volutional stages with 2 x 2 max-pooling, followed
by global average pooling and an MLP:

be = Wap(BN(Wy g(Ak) + B1)) + B2, (D)

p(-) represents ReLU and g(-) denotes the convolu-
tional pipeline with channel progression 1 — 32—
64 — 128 — 128 — 256. After the last convolution
stage a feature map transforms to 16 x 16 x 256,
which, after global average pooling, is reduced to a
single embedding by, € R%ur,

Optionally, we may process the text as comple-
mentary information”> We assume padding masks
my € {0,1}T= and m, € {0,1}v are available,
and define

M = mym, €{0,1}"=*T, (5)

which marks valid (non-padding) attribution entries.
To handle long sequences, we partition the (padded)
token sequence into fixed-length windows of size
we. Let N = T'/w; and define chunks

@) i=1,....,N. (6)

Y = Y- wet1:dweo

A text encoder Fix maps each chunk to a vector
¢ = Feu(y") € RO ™

We ignore fully padded chunks via a validity indica-
tor v; € {0, 1}. Next, we aggregate a set of vectors
{zi}1 (either {¢;} or {by}) using learnable atten-
tion pooling. Given validity mask m; € {0,1}, we
compute

s; = a' tanh(Wz;), (8)
m; exp(s;)

—_ 9

> my exp(sy) )

Pool({z;},{m;}) = Ziaizi.

*We evaluate this text-augmented variant for encoder—
decoder models. In our experiments, attention-only represen-
tations are consistently competitive with the text-augmented
setting; therefore, we emphasize the attention-based results in
the main paper.

Q; =

(10)

This yields an optional text summary ey from
{¢;} and an attribution summary hay, from {by }:

htext = Pool({ci}, {vi}), hawr = Pool({bx}, {ux}).
(1D
Finally, we form a fused representation by con-
catenating the available components:

h = [htext; hattr]- (12)

A two-layer MLP produces a scalar logit £ and a
probability via the sigmoid:

¢ = w' p(Wyh+by) +b,
(13)

p(y=1|yu7,A) = o(¥). (14)

The model is trained using binary cross-entropy on
labeled examples.

One should note that discarding prompts in the
decoder-only setting corresponds to conditioning
the detector only on the observed output text (and
its derived attributions), i.e., on (y;.7, A) rather
than on the prompt-response pair.

3 Experimental Results

3.1 Datasets

In this study, we evaluate both encoder—decoder
and decoder-only language models. For the en-
coder—decoder setting, we conduct experiments on
three translation language pairs: French—English
(fr-en) and German—English (de-en) using WMT14
(Bojar et al., 2014), and Arabic—English (ar-en) us-
ing the UN Parallel Corpus (Ziemski et al., 2016).
For each language pair, we construct a dataset of
200k source—target examples consisting of gold
(human) reference translations and corresponding
model-generated translations produced by Marian-
MT model (Tiedemann and Thottingal, 2020). We
selected samples with source and target pairs of at
most 128 tokens.

For the decoder-only setting, we use the HC3
dataset (Guo et al., 2023) and the RAID corpus
(Dugan et al., 2024). HC3 provides paired human
and ChatGPT (OpenAl, 2023) responses. We re-
move examples exceeding 1,024 tokens and retain
approximately 24k samples per class. RAID con-
tains human-written text and model-generated text
spanning multiple domains. From RAID, we use
outputs from Cohere, LLaMA 2 70B (chat), GPT-2
XL, GPT-3, and Mistral-7B, together with the cor-
responding human responses to the same prompts.



Because RAID is imbalanced (with fewer human
than model-generated examples), we downsample
each model’s generated subset to 26,700 examples
(the minimum across selected models) and use all
available human examples (12,900). We split each
dataset into 90% training, 5% validation, and 5%
test. Throughout our experiments with decoder-
only models, we discard prompts, as in practice, it
is more likely that a text sample is observed without
access to the prompt that generated it.

we use LLAMA 3.1 8B (Grattafiori et al., 2024),
COHERE(c4ai-command-r7b-12-2024)(Cohere
et al., 2025), GPT-NEO (Black et al., 2021), and
MISTRAL(Ministral-3-8B-Instruct-2512) (Jiang
et al., 2023) to obtain the attribution as approxi-
mate models that have generated the RAID and
HC3 datasets.

3.2 Evaluation Metrics

For the evaluation metric, we report Accuracy,
Precision, Recall, F1, Area Under Curve, and
True/false-positive Rate at a fixed low false-positive
operating point, namely TPRQFPR = 0.01.
Here TPR = s and FPR = o thus
FPR = 0.01 corresponds to falsely labeling 1% of
human-written samples as Al-generated. This is
the critical "high-precision” regime. In academic
or forensic settings, false positives (accusing a hu-
man of using Al) are unacceptable. A detector
must have a high TPR at a very low FPR to be
deployable (Ayoobi et al., 2025).

3.3 Baseline Models

For the encoder—decoder setting, our baseline
is a custom 3-layer Transformer-base classifier
trained on paired source—target text. For the
decoder-only setting, we report results from Fast-
DetectGPT(Curvature) (Bao et al., 2023) and a
RoBERTa-based detector released by SuperAnno-
tate.?

3.4 Results

We train and evaluate our detectors under four
dataset configurations. In all experiments, we use
a class-balanced entropy loss to mitigate the imbal-
ance between human- and Al-generated samples.

Marian-MT. Table 1 reports results for Al-
translation detection across three Marian MT-
language pairs. Using attribution maps alone

3https://huggingface.co/Super‘Annotate/
ai-detector

(CNN), our method consistently outperforms the
text-only baseline for all directions, with gains of
+3.6 F1 for ar-en (74.6 vs. 71.0), +6.7 for de—en
(81.5 vs. 74.8), and +8.3 for fr-en (85.1 vs. 76.8).
Adding target-text features (CNN+text) yields a
further, but smaller, improvement over CNN in ev-
ery case (+2.0, +1.7, and +1.4 F1, respectively),
suggesting that most discriminative signal is al-
ready captured by the attribution structure, while
text provides complementary information.

RAID Dataset. Then we move on to the decoder-
only datasets and models. In the second configura-
tion, we train a separate detector for each generator
family in RAID, using only samples produced by
the corresponding model (and the matched human
texts). We call this setting individual. In a third
configuration, we train on a unified mixture of all
RAID generators except Mistral, while reserving
Mistral exclusively for testing. To control for train-
ing set size, we subsample each included genera-
tor’s generated text to match the per-model training
budget used in the individual setting. This split as-
sesses cross-generator generalization, i.e., whether
representations learned from a subset of generator
families transfer to an unseen model at test time.
We call this setting unified.

In the individual setting (Table 2), AEYEDE
achieves near-ceiling performance across all gen-
erator families (F1 > 96.6; AUC > 98.9), substan-
tially outperforming both baselines. The gains are
especially pronounced for GPT-Neo and Mistral,
where RoOBERTa and Curvature remain in the low-
to-mid 80s F1, while AEYEDE exceeds 96 F1.

In the unified setting (Table 3), the perfor-
mance drops for all methods, indicating that pooled
training introduces a stronger distribution shift.
RoBERTa is most stable under unified (F1 ~ 76—
78 across models), whereas Curvature degrades
markedly (F1 as low as 61.4). AEYEDE re-
mains competitive but shifts toward high precision
and lower recall, yielding F1 ~ 74-75 with AUC
around 78-80. This precision-recall pattern sug-
gests that attribution structure generalizes conser-
vatively across generator families, and the model
makes few false-positive Al calls but misses a
larger fraction of Al texts when trained on mixed
generators.

Overall, AEYEDE is clearly superior in within-
family detection and remains competitive under
pooled training, while the curvature-based baseline
is consistently the least robust.
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Table 1: Performance on Marian-MT generated translation and attribution maps. CNN and CNN-+text configurations

are based on AEyeED.
ar-en | de—en | fr—en
Config Acc Prec Rec F1 AUC| Acc Prec Rec Fl AUC| Acc Prec Rec FI AUC
CNN 689 63.0 914 74.6 7771790 72.6 93.0 815 87.3|83.6 78.0 93.6 851 91.0
CNN-+text 719 657 919 76.6 81.5 |81.1 749 93.6 832 89.2 854 80.3 939 865 927
text (baseline) 61.9 57.3 934 71.0 71.5 \69.5 63.7 905 748 715 \72.4 66.2 914 76.8 814
Table 2: Performance on RAID (individual).

AEyeDE | RoBERTa | Curvature
Generator Acc Prec Rec F1 AUC \ Acc Prec Rec F1 AUC \ Acc Prec Rec F1 AUC
Cohere 972 97.5 984 98.0 995|833 843 925 882 904 |833 863 894 878 90.9
GPT-Neo 972 972 987 98.0 99.7 |75.1 750 94.6 83.7 79.6 | 789 982 70.0 81.8 79.7
LLaMA 99.2 99.6 993 994 999 |96.0 979 960 97.0 983 |674 674 999 805 78.7
Mistral 954 98.1 95.1 966 989 | 729 72.8 958 827 792 |67.7 67.7 100.0 80.7 703

Table 3: Performance on RAID (unified).

AEyeDE | RoBERTa | Curvature
Generator Acc Prec Rec Fl1 AUC \ Acc Prec Rec F1 AUC \ Acc Prec Rec F1 AUC
Cohere 71.6 949 612 744 79.8 |169.7 809 720 762 773|574 790 50.1 614 64.0
GPT-Neo 723 96.6 61.1 748 789 |694 758 804 78.0 77.1 |70.1 934 60.0 73.1 778
LLaMA 720 92,6 63.5 754 793|702 775 787 781 779 |63.0 824 575 677 694
Mistral 71.0 915 629 746 784 |71.1 799 766 782 785 |59.3 818 512 63.0 65.1

Table 4: Performance on HC3.

AEyeDE | RoBERTa | Curvature
Model Acc Prec Rec F1 AUC ‘ Acc Prec Rec F1 AUC ‘ Acc Prec Rec F1 AUC
GPT-Neo 97.1 983 964 973 994 |97.7 96.7 989 978 99.6 | 984 99.8 97.0 984 992

HC3 Dataset. Finally, we report the results of
HC3 with attributions extracted from GPT-Neo
used as the proxy model for attribution extrac-
tion. Table 4 reports results on HC3 under the
individual setting. All three approaches perform
strongly on this benchmark (F1 > 97.3), suggest-
ing that HC3 is comparatively less challenging than
RAID. AEYEDE attains 97.3 F1 with high preci-
sion (98.3) and AUC 99.4, while RoBERTa slightly
improves recall (98.9) and yields 97.8 F1 (AUC
99.6). The curvature baseline achieves the highest
overall scores (98.4 F1; 98.4 accuracy), driven by
near-perfect precision (99.8) at high recall (97.0).
Taken together, HC3 results indicate that a solely
attribution-based approach can be as effective as
other approaches for this dataset.

4 Discussion: Patch-level motifs in
attribution maps

Building on the attribution encoder Fy. (Sec. 2),
we investigated whether the detector exploits lo-
calized and repeatable visual motifs in attribution
maps that are characteristic of human-written ver-
sus Al-generated text. Recall that after the final
convolutional stage, each block A;, € R28%128 jg
mapped to a feature map of spatial size 16 x 16
with 256 channels. We denote this last feature map
by
F, € R26%16x16

Because 128/16 = 8, each feature map cell (u, v)
corresponds to an 8 x 8 patch of the original block
Ap(depicted on 1). Let Py ,, ,, € R8*® be this patch,
and define its representation, obtained after the last
CNN convolutional stage, as:

Zhuo = Filhu,v] € R256,



We denote {2} as an embedding space of
patches produced by the detector model.

Patch selection and clustering. To avoid
padding-only and non-informative constant
patches, we only keep patches that (i) corre-
spond to non-padding entries under the mask
M = mIm;r , and (ii) pass a minimal informa-
tiveness threshold based on mean and standard
deviation inside the patch. We keep patches with
|\Wk,uw| > 7,(0.01) and o, 4, , > 7,(0.001). Then,
we cluster their retained embeddings {2y}
using HDBSCAN, producing assignments of each
patch to the corresponding cluster

Chaw € {1,...,CYU{~1}. (15)

where —1 is unclustered noise. Each cluster can be
interpreted as a motif family: a set of patches that
the trained encoder maps to nearby representations.

Sample-normalized motif rates. A direct com-
parison of raw motif counts is complicated by two
sources: (i) datasets can be class-imbalanced (e.g.,
RAID), and (ii) the number of valid retained after
preprocessing patches varies greatly across sam-
ples due to length and informativity selection. To
obtain a metric that is comparable across samples,
for each sample s we denote by P(s) the set of all
retained patches extracted from that sample (across
all diagonal blocks), and define the per-sample mo-
tif rate for cluster c as

1
T Z H[Ck,u,v = C] 5

|Zs| 1o
s (kyu,v)EZs

rs(c) =

There Z; is the set of retained patch indices (k, u, v)
from sample s, and let ¢, ,, ,, be the patch-cluster
assignment. That is, 75(c) is the fraction of all
retained patches in sample s that belong to cluster
c.

For a group of samples S, (defined below), we
summarize prevalence by the mean rate

N 1
Tg(c) = @ ZseSg rs(c).

In our analysis, we report 74(c) for 2 groups:
Sgold human aNd Sgold machine- Intuitively, a value
such as Tgold machine (¢) = 0.01 means that, on av-
erage, /% of all retained patches in a machine-
labeled sample belong to a cluster c; a difference
of 0.15 corresponds to a 15% shift in a an average
patch share.

a7

Motif discriminativeness across datasets and
proxy models. Given gold-labeled groups
Sgold human and Sgold machines; W€ quantify how
strongly a motif cluster separates classes via the
difference in mean motif rates

AT(C) = fgold machine(c) - 'Fgold human(c)~ (18)
Using the aggregate statistics (top-3 clusters by
|Ar(c)| per setting), we find that the most dis-
criminative motif often shifts by several percent-
age points in average patch share, and in some
cases by more than 10 points. Table 5 reports the
top-1 cluster per dataset/proxy/preprocessing vari-
ant, including bootstrap confidence intervals for
Ar(c) and a permutation-test p-value. In HC3, the
strongest motif (cid=24) is machine-enriched, in-
creasing from 9.7% (gold human) to 20.7% (gold
machine), Ar = +11.0 points with a tight 95% CI
[9.3,12.7]. In contrast, for RAID the top motifs
are consistently human-enriched under all tested
proxy models and both preprocessing variants (e.g.,
Ar = —10.5 points for COHERE under the uni-
fied variant). Qualitatively, the corresponding ex-
ample patches (Fig. 2i) show similar, repeatable
local structures: for human-leaning patch clusters,
"islands" and isolated flashes of attention are ob-
served across all datasets and models, while the
only identified heavy machine-inclined cluster of
HC3/GPT-NEO exhibits a prevalence of the hor-
izontal bands.The notable outlier is GPT-Neo for
RAID, which is explained by HDBSCAN produc-
ing a very low amount of dense clusters(n = 4)
resulting in a high intra-class variance. Such ob-
servations support the interpretation of clusters as
visually coherent "motif families".

Patch-wise saliency and ablation are computed
per retained patch. To relate motif prevalence
to motif importance, we assign each retained patch
an (1) Grad-CAM(Selvaraju et al., 2019) score and
(i1) a zeroing-ablation score, and then aggregate
these scores by cluster. Concretely, for each re-
tained patch index (k,u,v) € Z; we compute: (i)
a Grad-CAM activation gj j ., at the last convolu-
tional stage (the same 16 x 16 grid that defines the
patches), and (ii) an ablation-induced logit change
05 k,u,v Obtained by zeroing the corresponding 8 x 8
region in the input block A and re-evaluating the
detector. We then summarize cluster-level impor-
tance by averaging over all occurrences assigned



Table 5: Top-1 motif cluster by absolute class-rate gap |Ar(c)| for each dataset/setting. Rates are mean per-sample
motif shares (%), and Ar is reported in percentage points (machine minus human). Confidence intervals are 95%
bootstrap ClIs over samples; p is from a label-permutation test.

Dataset  Setting Proxy-model cid Human7, Machiner, Ar 95% CI1 P
HC3 individual ~ GPT-NEO 2.7B 24 9.7 207 +11.0  [93,12.7] <0.001
RAID unified COHERE Cmd-R7B 13 80.0 69.5 -105 [-12.9,-82] <0.001
RAID individual ~MISTRAL 7B 23 63.5 54.8 -8.7  [-11.1,-62] <0.001
RAID individual ~GPT-NEO 2.7B 4 87.6 81.1 -6.5 [-9.0,-41] <0.001
RAID individual LLAMA 3.1 8B 12 7.5 3.1 -44  [-48,-39] <0.001
RAID unified GPT-NEO 2.7B 37 11.6 8.5 -3.0  [-4.1,-2.0] <0.001
RAID unified MISTRAL 7B 39 7.3 5.1 -22 [-29,-1.6] <0.001
RAID individual COHERE Cmd-R7B 8 82.1 79.9 2.1 [-3.7,-0.6] 0.031
RAID unified LLAMA 3.1 8B 16 9.5 7.6 2.0 [-24,-15] <0.001

to cluster c:

glc) =FE c = (|,
9(¢) = Elgspu | ehuo = €] (19)
() = Elb s | hou = €.

Here 6(c) captures the average marginal effect of
removing a single motif instance, while 7(c) cap-
tures how frequently the motif occurs in a given

group.

Why prevalence need not correlate with saliency
or ablation. Empirically, we observe that clus-
ters with the largest |Ar(c)| are not necessarily
the clusters with the highest g(c) or [0(c)|. Aggre-
gated correlations across all datasets and models
are weak and unstable: Across top-15 clusters for
GRAD-CAM Pearson p = 0.143 £ 0.23, Spear-
man p = 0.10 £ 0.29; for Zero-ablation Pearson
p = -0.03 £ 0.36, Spearman p = -0.09 + 0.25.
Across top-3 clusters correlation becomes moder-
ate for GRAD-CAM but still unstable: Pearson
p = 0.373 £ 0.66, Spearman p = 0.37 4 0.54;
while slightly improves for Zero-ablation, Pearson
p =0.09 £ 0.67, Spearman p = 0.12 + 0.64) We
attribute this mismatch to following reasons: First,
a dataset imbalance can decouple prevalence from
importance. Taking into an account the signifi-
cant imbalance of used datasets - RAID subset and
HC3, training under skewed priors biases the de-
tector toward features that optimize empirical risk
for the majority class, so a motif may be strongly
pronounced in Ar(c) yet have muted average Grad-
CAM/ablation effects. Second, for Grad-CAM and
zeroing-ablation the same motif family may be de-
cisive only in certain positions or alongside other
motifs; averaging g(c) and (c) across all occur-
rences can weaken these conditional effects.
Taken together, these findings suggest that mo-
tif analysis is best interpreted as a complementary

view: Ar(c) reveals dataset and proxy-model de-
pendent differences in local attention map structure,
while g(c) and d(c) reflect how the trained detec-
tor uses (or ignores) individual motif instances at
decision time conditioned on the training data.

Implications Overall, the presence of statisti-
cally reliable shifts in patch motif rates between
gold machine and gold human groups (Table 5) sup-
ports our hypothesis that the internal dynamics of
a proxy (g induce detectable structure in attention-
based attribution maps beyond surface-level text
statistics. At the same time, the weak alignment
between prevalence and saliency cautions against
interpreting frequent motifs as predictions of the
model behaviour, instead, they appear to function
as stable, repeatable signatures that the detector can
exploit in combination with other cues.

5 Conclusion

We presented AEYEDE, an attribution-based
framework for Al-generated text detection that
leverages attention-derived attribution maps from
a proxy Transformer as structured evidence.
Across both encoder—decoder translation bench-
marks (WMT14, UN) and decoder-only genera-
tion datasets (HC3, RAID), AEYEDE achieves
competitive performance and shows strong within-
family detection, while remaining robust under gen-
erator shift in the unified RAID setting. Beyond
accuracy, we provide an analysis of localized attri-
bution patterns and show that they systematically
differ between human and Al generated text. Over-
all, our results suggest that internal attribution be-
havior offers a complementary and effective signal
for reliable authorship detection, motivating further
work on broader robustness settings and alternative
attribution sources.



Limitations

Our study has some limitations. First, the proposed
framework assumes white-box access to a proxy
Transformer model in order to extract attention-
based attribution maps. While this assumption may
limit applicability in fully black-box settings, our
experiments indicate that attribution patterns gen-
eralize across generator families, suggesting that
exact access to the true generator is not strictly
required.

Second, for decoder-only models, we summa-
rize attribution structure by extracting fixed-size
blocks along the main diagonal, motivated by prior
evidence that informative self-attention dynamics
are concentrated locally. This design prioritizes
computational efficiency and interpretability; ex-
ploring richer off-diagonal structures remains an
interesting direction for future work.

Furthermore, our implementation focuses on
attention-based attributions, which offer a favor-
able trade-off between informativeness and compu-
tational cost for large models and long sequences.
Investigating alternative attribution methods, such
as gradient-based saliency, may further enrich the
analysis but is left for future work due to their
higher computational overhead.

Finally, while our evaluation spans multiple
datasets, architectures, and LLM families, it does
not exhaustively cover all possible transformation
or editing scenarios. Extending the evaluation to
additional settings, such as human—AI co-authoring
or adversarial rewriting, remains a promising direc-
tion for future research.

Use of AI Assistance

In preparing this work, we used Al-assisted tools
for code completion with GitHub Copilot and lan-
guage editing, such as spell checking and stylistic
revisions with Grammarly and ChatGPT. The au-
thors take full responsibility for the scientific con-
tent, analyses, and conclusions presented in this
work.
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A Related Work

Al-Generated Text Detection. Research on de-
tecting machine-generated text has accelerated
alongside the rapid progress and deployment of
LLMs (Wu et al., 2025). Existing approaches can
be categorized into (i) surface-statistical and (ii)
likelihood-based detectors, (ii1) supervised neural
classifiers, (iv) watermarking and source attribu-
tion, and (v) LLM-based meta-detectors. Surface-
statistical methods exploit distributional artifacts
such as perplexity, burstiness, or n-gram irregular-
ities, often providing lightweight but increasingly
fragile signals as generators improve (Gehrmann
et al., 2019; Ippolito et al., 2020; Shen et al., 2023;
Tassopoulou et al., 2021; Krishna et al., 2022).
Complementarily, likelihood-based methods probe
the generator’s probability landscape: DetectGPT
identifies machine text by measuring curvature via
perturbations (Mitchell et al., 2023), and related
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work improves efficiency and robustness through
faster perturbation schemes (Bao et al., 2023).
These lines of work capture model-specific sta-
tistical footprints, but can degrade as LLMs are
optimized to match human-like distributions.

Neural Detectors, Robustness, and General-
ization. Supervised detectors typically fine-tune
Transformer encoders (e.g., BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019)) on la-
beled human vs. machine text, achieving strong
in-domain performance but often suffering under
domain shift and unseen generators (Uchendu et al.,
2021; Wang et al., 2024b). Robustness has become
a central focus: training on diverse decoding strate-
gies improves resilience (Ippolito et al., 2020), ad-
versarial training frameworks such as IRON harden
detectors against evasion (Li et al., 2025), and
Radar explicitly targets robustness via adversarial
learning (Hu et al., 2023). Recent methods further
aim to improve out-of-distribution behavior and
reliability guarantees, e.g., by shaping attention
over multiple receptive ranges (Jiao et al., 2025)
or bounding false positives with conformal predic-
tion in zero-shot settings (Zhu et al., 2025). Inter-
pretability for detectors is also receiving attention:
feature-level analyses using sparse autoencoders
help reveal which latent patterns separate machine
and human text (Kuznetsov et al., 2025), while
downstream applications increasingly require mul-
tilingual and domain-specific robustness (Ali et al.,
2025) and fine-grained settings such as human—Al
co-authorship (Su et al., 2025).

Watermarking and Source Attribution. Wa-
termarking aims to embed detectable signals
into generated text, enabling attribution when
generation-side cooperation is available (Liu et al.,
2024a). Early and widely adopted schemes include
token-list or “soft” watermarks that bias sampling
(Kirchenbauer et al., 2023), while subsequent work
explored alternative embedding mechanisms and
detection rules, including entropy- or Bayesian-
inspired detectors (Lu et al., 2024; Huang et al.,
2025a) and more adaptive watermark designs such
as MorphMark (Wang et al., 2025). Recent studies
further examine watermark ensembles (Niess and
Kern, 2025), watermark-based source attribution
(e.g., WASA) (Lu et al., 2025), and approaches that
reduce bias and risk (Mao et al., 2025). However,
watermarking remains challenged by post-editing
and paraphrasing (Liu et al., 2024a), motivating
defenses such as paraphrase inversion (Rivera Soto
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et al., 2025) and robustness through injected “ficti-
tious knowledge” signals (Cui et al., 2025). Adver-
sarial settings also reveal vulnerabilities: DITTO
formalizes spoofing attacks against watermarked
LLMs via knowledge distillation (Ahn et al., 2025),
underscoring the need for evaluation under realistic
transformation and attack pipelines.

LLMs as Detectors and Explainable Attribution.
Beyond classical detectors, LLMs are increasingly
used as meta-detectors and critics of generated
content, reflecting a trend toward black-box and
instruction-following detection pipelines (Wang
etal., 2024b). Recent work expands from binary de-
tection to attribution and explanation, e.g., XDAC
provides XAl-driven detection and attribution for
Korean news comments (Go et al., 2025a,b), and
studies of detectability highlight how author in-
tent and role can affect detection outcomes (Li and
Wan, 2025). Together, these directions emphasize
that practical detection increasingly requires robust-
ness, reliability, and interpretable evidence—not
only raw accuracy.

Benchmarks and Shared Tasks. Progress in
Al-text detection is tightly coupled with bench-
marks that stress generalization across domains,
languages, and attack conditions. Widely used
datasets include HC3 (Guo et al., 2023), MGT-
Bench (He et al., 2024), WritingPrompts (Bao et al.,
2023), RAID (Dugan et al., 2024), and adversarial
extensions such as Adv-HC3 (Peng et al., 2023);
additional resources target broader settings such as
BUST (Cornelius et al., 2024) and LLMTRACE
(Tolstykh et al., 2025). Beyond text-only bench-
marks, MultiSocial supports multilingual social-
media detection (Macko et al., 2025), Double En-
tendre introduces a multimodal audio-lyrics setting
(Frohmann et al., 2025), and stress-test benchmarks
systematically perturb style to probe brittleness (Pe-
drotti et al., 2025). Shared tasks further standardize
evaluation and accelerate methodology: SemEval-
2024 Task 8 targets black-box, multilingual, and
multidomain detection (Wang et al., 2024a), with
system analyses such as TrustAl highlighting prac-
tical modeling choices (Urlana et al., 2024). Com-
munity efforts such as the GenAlDetect workshop
at COLING 2025 (Alam et al., 2025) and domain-
focused shared tasks and datasets (e.g., M-DAIGT
for news and academic writing (Lamsiyah et al.,
2025), and AraGenEval for Arabic settings (Abu-
dalfa et al., 2025)) reflect increasing emphasis on
robustness, multilinguality, and real-world con-
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straints. These benchmarks and tasks collectively
motivate detectors that generalize across genera-
tor families while offering transparent, verifiable
evidence for their decisions.

Positioning of Our Work. In contrast to prior
detection approaches that primarily rely on surface
statistics, likelihood perturbations, or end-to-end
text representations, our method explicitly targets
the internal attribution behavior of Transformer
models as a detection signal. Unlike watermark-
ing, it does not require model-side cooperation
and remains applicable to legacy and closed-source
generators; unlike supervised neural detectors, it
does not depend solely on lexical or stylistic cues
that are vulnerable to paraphrasing and distribu-
tion shift. While recent work has begun to explore
interpretability and attribution for analysis or ex-
planation, our framework is, to our knowledge, the
first to operationalize attention-based attribution
maps as structured inputs to a dedicated detection
architecture. By combining multi-scale convolu-
tional modeling of attribution patterns with atten-
tion pooling and faithfulness-driven explanations,
our approach directly leverages model-internal pro-
cessing dynamics, offering improved robustness,
cross-model generalization, and interpretable evi-
dence for detection decisions.

B TPR-FPR



(a) HC3 (individual), proxy: GPT-Neo. (b) RAID (individual), proxy: Cohere. (c) RAID (individual), proxy: LLaMA.
Top cluster by A7 (machine-skewed). Top cluster by A7 (human-skewed). Top cluster by A7 (human-skewed).

(d) RAID (undividual), proxy: Mistral. (e) RAID (individual), proxy: Cohere. (f) RAID (unified), proxy: GPT-Neo. Top
Top cluster by A7 (human-skewed). Top cluster by A7 (human-skewed). cluster by A7 (human-skewed).

(g) RAID (unified), proxy: LLaMA. Top (h) RAID (unified), proxy: Mistral. Top (i) RAID (individual), proxy: GPT-Neo.
cluster by A7 (human-skewed). cluster by A7 (human-skewed). Top cluster by A7 (human-skewed)

Figure 2: Examples of the top motif cluster (by absolute mean prevalence gap A7 between gold-machine and gold-
human) for each dataset/proxy-model configuration. Each panel shows representative 8 X8 patches (z-normalized)
from the corresponding cluster.
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Figure 3: ROC curves on RAID (balanced). Top row: individual. Bottom row: unified. Columns follow the table
order: AEYEDE, RoBERTa, Curvature.
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Columns follow the table order: AEYEDE, RoBERTa, Curvature.
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