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Abstract

The widespread deployment of large lan-
guage models (LLMs) makes detecting LLM-
Generated text a critical security task. Existing
methods, primarily relying on output proba-
bilities from proxy models or single semantic
features, suffer from distribution misalignment
and limited interpretability. We observe that
machine-generated text exhibits a direction-
ally consistent systematic translation relative to
human-written text within the joint semantic-
structural space. Accordingly, we propose
ProSSD, a statistical framework utilizing su-
pervised subspace learning to extract compact
features and construct conditional semantic dis-
tributions based on syntactic structures. By
employing a likelihood ratio test, we derive a
modified Mahalanobis distance, weighted by
the Wasserstein distance, as the discriminative
metric. Experiments demonstrate ProSSD’s su-
perior robustness and computational efficiency
across cross-domain, cross-model, and adver-
sarial scenarios. Furthermore, we reveal the
phenomena of systematic semantic translation
and semantic collapse in machine-generated
text, offering interpretable statistical insights
into LLM generation behaviors.

1 Introduction

The rapid advancement of large language models
(LLMs) has significantly enhanced the efficiency of
various text processing tasks (Demszky et al., 2023;
Doshi and Hauser, 2024). However, this progress
introduces severe challenges, notably the mass gen-
eration of fake news (Ahmed et al., 2021; Hu et al.,
2025), academic fabrication (Koike et al., 2024),
copyright infringement (Liu et al., 2024), and the
contamination of web corpora. These issues not
only precipitate widespread trust crises but also
threaten the integrity of information ecosystems
and human creativity (Lee et al., 2024). Conse-
quently, the detection and governance of machine-
generated text (MGT) have become urgent prior-
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Figure 1: Average semantic positions of HWT and MGT
in 2D space. MGT exhibits a systematic directional shift
relative to HWT across different syntactic structures.

ities. There is a pressing need for efficient, accu-
rate, and interpretable detection methods to pro-
vide robust technical (Wu et al., 2025a) support for
forensic analysis, academic integrity, and content
moderation.

To address these challenges, extensive research
has been conducted, as detailed in Section 2. As
a prevailing paradigm, statistical zero-shot detec-
tion (Crothers et al., 2023) distinguishes texts by
exploiting the tendency of LLMs to select high-
probability tokens, utilizing metrics such as per-
plexity (Solaiman et al., 2019) and logits Curvature
(Mitchell et al., 2023). However, these methods
face significant practical limitations. First, distri-
butional discrepancies in text generation are not
statistically significant across all contexts (Jiang
et al., 2025). Second, the closed-source nature of
commercial models (e.g., GPT (OpenAl, 2025),
Gemini (Google DeepMind, 2025)) forces reliance
on open-source proxy models for distribution ap-
proximation (Zhou et al., 2025). This inevitably
introduces distribution misalignment and incurs



high training and inference costs, hindering large-
scale real-time deployment. Furthermore, these
methods lack intrinsic interpretability. Relying on
model output probabilities, they fail to offer trans-
parent computational processes or a step-by-step
verifiable chain of evidence.

A more fundamental limitation is that MGT
achieves semantic fluency comparable to human-
written text (HWT), logit-based metrics relying
on token-level confidence fail to define clear deci-
sion boundaries using such single semantic features
(Tang et al., 2025). Recent studies further suggest
that despite simulating human-like surface seman-
tics, LLMs exhibit relatively constrained syntax-
contextualized semantic expressions (Durward and
Thomson, 2024). Inspired by this, we extend our
perspective from a single semantic dimension to
the joint semantic-structural distribution, aiming
to quantify the intrinsic differences between HWT
and MGT via conditional semantic statistics in a
low-dimensional projected subspace.

This shift is driven by a key geometric regu-
larity observed in the projected space. As shown
in Figure 1, we calculate the semantic centroids
for various local syntactic configurations (e.g.,
"noun-verb" pairs). The gray mapping lines con-
necting the centroids of HWT and MGT under
identical syntactic structures reveal a striking phe-
nomenon: while distinct syntactic configurations
scatter across the feature space, the semantic cen-
troids of MGT consistently exhibit a Systematic
Translation relative to those of HWT. This im-
plies a systematic bias across syntactic structures
during the LLM decoding process, not a local per-
turbation specific to certain parts of speech, but
a global characteristic inherent to the generation
mechanism. For a more detailed analysis of sys-
tematic semantic translation and the phenomenon
of semantic collapse, please refer to Appendix B.

Building upon these geometric insights, we
propose the Projected Semantic-Structural
Distributions (ProSSD) framework. Diverging
from methods dependent on internal model states
or raw output probabilities, ProSSD establishes
a transparent, step-by-step verifiable detection
paradigm. The framework proceeds in three
distinct steps: first, utilizing supervised subspace
learning to extract dense, low-dimensional
aggregated semantic features. Second, modeling
semantic distributions conditioned on syntactic
structures to quantify the intrinsic divergence
between HWT and MGT. And finally, deriving the

modified Mahalanobis distance via the likelihood
ratio test as the core metric, dynamically weighted
by the Wasserstein distance to optimize discrimina-
tion. Our main contributions are summarized as
follows:

(1) We propose ProSSD, a novel statistical de-
tection paradigm. Utilizing supervised subspace
projection and joint semantic-structural distribu-
tion modeling, we construct a discriminant statistic
based on the Wasserstein distance-weighted like-
lihood ratio test. This design suppresses high-
dimensional noise, transforming subtle artifacts
into distinguishable statistical features.

(2) We achieve SOTA detection performance
with high efficiency. On the DetectRL benchmark
covering advanced LLMs such as GPT-5.1, ProSSD
excels in cross-model, cross-domain, and adversar-
ial settings. Our approach yields robust results even
with minimal samples and reduces inference costs
by orders of magnitude, demonstrating significant
deployment value.

(3) We establish a step-by-step verifiable in-
terpretability framework. Supported by rigorous
derivations, we provide theoretical guarantees and
enhance transparency via statistical evidence. Fur-
thermore, we uncover systematic semantic transi-
tion and semantic collapse in MGT under syntactic
constraints, offering fresh insights into generative
mechanisms.

2 Related work

Current machine-generated text detection methods
are primarily categorized into supervised classi-
fiers, statistical zero-shot detection, and auxiliary
retrieval or watermarking techniques. As retrieval
and watermarking approaches rely on external ref-
erence corpora or active injection rather than in-
trinsic distributional features, we discuss them in
Appendix A.

Supervised training-based methods formulate
detection as a binary classification task, heavily
relying on labeled data (Zellers et al., 2019; Fagni
et al., 2020). Early research predominantly uti-
lized shallow linguistic features (e.g., TF-IDF)
combined with traditional classifiers (Solaiman
et al., 2019), subsequently transitioning to fine-
tuning pre-trained models to enhance performance
(Solaiman et al., 2019; Ippolito et al., 2020). To
improve robustness against domain shifts and ad-
versarial attacks, recent works introduce advanced
optimization objectives: RADAR (Hu et al., 2023)
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Figure 2: The architecture of ProSSD. It extracts features via Supervised Subspace Projection (Left), models
Semantic-Structural Distributions (Middle), and calculates the final score through Detection via Weighted Likelihood

Ratio (Right).

leverages proximal policy optimization (PPO)
(Schulman et al., 2017) to strengthen defense ca-
pabilities; ImBD (Chen et al., 2025a) employs di-
rect preference optimization (DPO) (Rafailov et al.,
2023) to align stylistic discrepancies between hu-
mans and machines; and DetectAnyLLM (Fu et al.,
2025) proposes direct difference learning (DDL) to
maximize distributional distances. Despite these
advancements, supervised methods face two inher-
ent limitations: severe domain dependency, which
leads to significant performance degradation across
models or topics (Sarvazyan et al., 2023), and
high maintenance costs, as the rapid iteration of
LLMs necessitates frequent classifier retraining
that consumes substantial computational and data
resources.

Statistical Detection methods aim to exploit
distributional discrepancies between MGT and
HWT using specific metrics. In terms of scalar
metrics, early work utilized basic statistics such as
entropy and log-probability (Gehrmann et al., 2019;
Solaiman et al., 2019), later expanding to more
comprehensive measures like log-lank ratio (LRR)
(Su et al., 2023) , n-gram distributions (Yang et al.,
2024), and intrinsic text dimension (Tulchinskii
et al., 2023). Perturbation-based methods leverage
probability curvature for discrimination; Detect-
GPT (Mitchell et al., 2023) hypothesizes that MGT
tends to occupy negative curvature regions of the
log-probability surface. To address high sampling
costs, Fast-DetectGPT (Bao et al., 2024) employs
conditional probability curvature for efficient ap-
proximation, while AdaDetectGPT (Zhou et al.,
2025) introduces an adaptive witness function to

provide theoretical guarantees. Regarding high-
order features and representations, recent research
explores deeper patterns: Binoculars (Hans et al.,
2024) measures prediction surprise via perplexity
ratios; RepreGuard (Chen et al., 2025b) analyzes
hidden representations to capture activation differ-
ences; and GECScore (Wu et al., 2025b) performs
detection from a syntactic perspective using gram-
matical error correction distance.

3 Methodology

3.1 Problem Definition

While LLMs generate text that is semantically in-
distinguishable from human writing on the surface,
the generation process remains fundamentally con-
strained by the probabilistic decoding algorithms
(Frohling and Zubiaga, 2021), leading to statisti-
cal discrepancies in the underlying joint syntactic-
semantic distribution. Drawing on the observa-
tions in Figure 1, we posit a core hypothesis: for
a given local syntactic structure m € 1I, the con-
ditional distributions of human-written text and
machine-generated text within the semantic embed-
ding space e € R” diverge significantly. Formally,
lety € {H, M} denote the class labels for HWT
and MGT respectively, we hypothesize:

P(e|rm,y=H) # P(e|mr,y=M). (1

The objective of this paper is to achieve zero-
shot detection by modeling and quantifying the
divergence in this joint semantic-structural Distri-
bution.



3.2 Supervised Subspace Projection

Directly estimating the aforementioned joint
semantic-structural distribution using raw embed-
dings e from pre-trained models (e.g. ROBERTa
(Liu et al., 2019)) presents significant challenges.
First, the semantic masking effect obscures the
subtle signals distinguishing HWT from MGT, as
raw embeddings are overwhelmingly dominated by
variance from general semantic topics irrelevant to
the generation source (Nagata et al., 2023). Further-
more, high-dimensional sparsity poses a computa-
tional barrier; since the embedding dimension D
far exceeds the local sample size, direct parametric
estimation of the covariance matrix becomes nu-
merically highly unstable (Ledoit and Wolf, 2004).

To address these challenges, we propose the su-
pervised subspace learning algorithm. The goal is
to learn a projection matrix P € RP**(k < D) to
map the raw vectors into low-dimensional compact
semantic features v = P”'e. Unlike principal com-
ponent analysis (PCA), which aims to maximize
total variance, our objective is to maximize the
statistical correlation between features and class
labels y, thereby suppressing noise and preserving
discriminative information. We model this process
as a recursive optimization problem. Let Eq be the
centered raw embedding matrix, and E;_ be the
residual feature matrix at step j. We solve for the
Jj-th projection basis vector p; via the following
objective function:

p; = argmax (Cov(Ej_lp,y))2. 2)
p:[|pll2=1
After obtaining the optimal direction pj, we per-
form feature deflation: E; = E; 1 — s;(p})”,
where s; = E;_1pj is the projection score of the
current dimension. This step ensures the informa-
tional orthogonality of projection directions across
different dimensions; detailed derivation is pro-
vided in Appendix C.1. Finally, for the ¢-th word
of the input text, we obtain its compact semantic
vector v; € RF.

3.3 Semantic-Structural Distribution
Modeling

After obtaining the low-dimensional compact se-
mantic features v, we extend our perspective from
single semantic point estimation to Joint semantic-
structural distribution modeling.

Local Feature Construction. To capture semantic
transition patterns within local syntactic environ-

ments, we define the meta-semantics vector x; and
meta-structure ;. At time step ¢, we concatenate
projected features from adjacent positions and pair
them with corresponding pos tags to form observa-
tion pairs:

v
Xt = [ ¢ } , T = (posy, posiy1).  (3)
Vitl

Distribution Modeling. Consequently, any text
sequence can be parsed into a set of local obser-
vations D = {(x;,m)}{_;' .Based on the central
limit theorem and empirical observations detailed
in Appendix C.2, we assume that conditioned on
the meta-structure 7, the vector x follows a mul-
tivariate Gaussian distribution. That is, for class
ye{H,M}:

P(x|m,y) = N (x; py, 7). 4)

Here, p characterizes the average semantic in-
formation under this syntactic structure, while the
block covariance matrix 3 encodes the semantic
dependencies between adjacent tokens.
Parameter Estimation. We estimate the distri-
bution parameters for HWT and MGT on a refer-
ence corpus using maximum likelihood estimation
(MLE) for each appearing meta-structure 7 € II:

Nr,
R T
y J»
™Y j=1
N 5)
o7 1 -
- - m\T
X, = m Z(Xj — fy) (x5 — fay) "
T, j=1

Thus, the detection model is parameterized as a
set of structured distributions M = {(N7, NT,) |
m e II}.

Adaptive Weighting via Wasserstein Distance.
Different syntactic structures carry significantly
different amounts of discriminative information.
To quantify this structural non-uniformity, we in-
troduce the Wasserstein distance (Villani et al.,
2008) as the discriminative weight w, for the meta-
structure 7. For two Gaussian distributions N}
and N7, the Wasserstein distance has an analyti-
cal solution. As a core metric in optimal transport
theory, the Wasserstein distance defines a strict ge-
ometric metric in the probability distribution space
(Ge et al., 2021; Just et al., 2023). It quantifies
intrinsic shifts between continuous distributions
more robustly than traditional divergence metrics.



The specific form is as follows:
™ T 12
we = (I, - w13+

1 1, 1/2

Tr (z’;, NI TP 10 kD S Sk )f)) .
(6)
The derivation of Equation 6 is provided in the
Appendix C.3. We select the Wasserstein distance
not only because it captures changes in both the
first moment and second moment, but also because
it theoretically bounds the performance of the dis-

criminative function.

Theorem 1. (Wasserstein Discrimination Bound)
For any discriminative function f satisfying the
K-Lipschitz continuity condition, the difference in
expected scores on the HWT and MGT distributions
is strictly bounded by the Wasserstein distance be-
tween these two distributions:

[Epy[f ()] = Epy, [f(X)]| < K - Wa(Pr, Pur).
(7
Proof detailed in Appendix C.4
This theorem indicates that the value of w, di-
rectly reflects the theoretical possibility of distin-
guishing the two types of text under that structure.
A larger W5 distance implies a clearer decision
boundary.

3.4 Detection via Weighted Likelihood Ratio

Grounded in the Neyman-Pearson lemma (Larsen
and Marx, 2005), we formulate the detection prob-
lem as a statistical test based on the log-likelihood
Ratio (LLR) for each local feature, followed by a
weighted aggregation strategy to derive the final
decision.

Local Statistic Derivation. Given a text 7' to be
detected, we obtain the sequence {(x;, 7;)}, af-
ter projection, slicing, and feature construction. For
each local slice ¢, we decide between the null hy-
pothesis Hy : x; ~ P7;' and the alternative hypoth-

esis Hy : x; ~ Pj'. The optimal test statistic is
the log-likelihood ratio:
P(x¢|m, Om)
sy = In ot M) (8)
' P(x¢|m,0m)

Based on the multivariate Gaussian assumption
mentioned above, substituting the density function
reveals that the local anomaly score s; is equiva-
lent to the difference in the modified Mahalanobis
distance:

v = 3 [Paal . B5) — Do 3 B3]

(&)

where D4 includes a penalty term for the covari-
ance determinant:

Dm(xp, E) = (x — )" =7 (x — p) + In |Z].
(10)
The detailed derivation of this metric is provided
in Appendix C.5. This equation indicates that if the
sample deviates from the human distribution signif-
icantly more than from the machine distribution, s;
becomes positive, indicating MGT characteristics.
Global Aggregation. To obtain a document-level
decision score and ensure interpretability, we map
window-level scores s; back to the word level. We
define the anomaly score of the i-th word as the
mean of adjacent windows: 0; = %(si_l + si),
and assuming boundary terms are 0. Finally, we
use Wasserstein distance weights to aggregate all
scores, obtaining the final detection statistic S(7")
for text 7™:

Z]\i Wy * St
S(T) = &57—.
Zt:l Wrry

If S(T') exceeds the preset threshold 7, the text
is classified as MGT.

(11

4 Experiments

4.1 Experimental Settings

Benchmark Datasets. To rigorously evaluate
model performance in realistic and challenging de-
tection scenarios, we adopt DetectRL (Wu et al.,
2024) as the foundational evaluation benchmark.
This benchmark encompasses four typical high risk
misuse domains: academic writing (ArXiv '), news
summarization (XSum, (Narayan et al., 2018)), cre-
ative writing (Writing Prompts, (Fan et al., 2018)),
and social media reviews (Yelp Review (Zhang
et al., 2015)). Given that the generation models in
the original benchmark (e.g., GPT-3.5 (OpenAl,
2023), PaLM-2 (Anil et al., 2023)) fail to cap-
ture the frontier capabilities of current LLMs in
semantic alignment and reasoning, we upgrade the
generation sources to verify detector effectiveness
against SOTA capabilities. Strictly following the
DetectRL data construction protocol, we employ
GPT-5.1 (OpenAl, 2025), Claude-Sonnet-4 (An-
thropic, 2025), and Gemini-3-Flash (Google Deep-
Mind, 2025), Grok-4.1 (xAl, 2025). Using this
upgraded dataset, we execute Model Generaliza-
tion, Domain Generalization, and OOD detection

"https://www.kaggle.com/datasets/spsayakpaul/arxiv-
paper-abstracts/data



Table 1: Performance comparison across different target models and text domains. Results are reported in terms of
AUROC (%) and F1 (%). The best and second-best results in each column are highlighted in bold and underlined.

Models | Domains
Method . . . . .
GPT-5.1 Claude-S-4 Gemini-3-F Grok-4.1 \ Arxiv Writing XSum Review
AUR. F1 AUR. F1 AUR. F1 AUR. F1 |AUR. F1 AUR. F1 AUR. F1 AUR. F1
LRR 68.02 58.08 79.62 71.13 63.30 59.10 62.18 49.50|73.90 67.71 48.20 14.90 70.14 63.49 84.01 75.11
NPR 78.37 68.41 81.40 72.97 80.13 70.64 77.02 68.92|92.45 85.08 67.51 64.77 72.78 61.37 85.03 76.18
RoBERTa 53.92 49.60 57.95 58.16 61.29 53.78 55.85 59.55/61.03 55.62 56.96 58.63 55.76 48.76 56.99 47.82
DetectGPT 59.54 47.60 56.77 38.53 50.84 37.05 57.73 43.34|58.89 61.42 77.39 71.00 17.83 66.69 73.87 67.54
Binoculars 75.55 66.59 92.52 84.66 86.27 77.37 71.40 61.43|75.84 65.29 77.51 69.19 74.90 65.37 97.35 91.64

Fast-DetectGPT 67.07 58.59 78.78 72.73 76.13 68.44 5291
86.95 80.23 94.37 86.67 96.83 90.90 88.48
AdaDetectGPT 61.64 56.87 71.97 69.69 71.98 64.50 48.52
DetectAnyLLM 78.73 71.49 91.58 83.38 96.96 91.63 89.45
97.50 92.77 99.59 97.38 99.24 96.99 98.07

ImBD

RepreGuard

42.29174.81 64.93 58.88 47.29 57.65 50.42 82.92 75.56
82.39193.63 85.77 92.51 84.34 99.14 96.06 97.74 92.55
17.02]|66.41 59.75 55.84 45.47 53.26 55.23 78.28 71.22
82.92196.25 89.64 81.21 73.26 95.51 88.37 89.82 81.08
92.98/99.30 96.98 94.42 87.04 99.76 99.10 99.92 98.80

ProSSD

99.72 98.00 99.97 99.30 99.89 99.50 99.95

98.89/99.97 99.65 99.90 98.60 99.80 98.95 99.99 99.55

tasks. For basic adversarial robustness testing, we
retain the original data settings to ensure compara-
bility with prior work. We adopt AUROC and F1
Score as the core evaluation metrics. The data con-
struction protocols and descriptive statistics for the
new evaluation sets are detailed in Appendix D.1
and Appendix D.2, while supplementary detection
results on additional independent benchmarks are
presented in Appendix E.S5.

Baselines. To establish a comprehensive bench-
mark, we compare ProSSD against a diverse set
of state-of-the-art methods, including LRR (Su
et al., 2023), NPR (Su et al., 2023), DetectGPT
(Mitchell et al., 2023), Fast-DetectGPT (Bao et al.,
2024), AdaDetectGPT (Zhou et al., 2025), Binocu-
lars (Hans et al., 2024), RepreGuard (Chen et al.,
2025b), RoBERTa-Base (Solaiman et al., 2019),
ImBD (Chen et al., 2025a), and DetectAnyLLM
(Fu et al., 2025). Specific implementation details
and hyperparameter settings for all baselines are
detailed in Appendix D.3.

4.2 Main Comparative Results

Overall Detection Performance. Table 1 presents
the main detection results under Multi-LLM and
Multi-Domain settings. Overall, ProSSD demon-
strates consistent superiority across all test scenar-
ios, achieving SOTA performance. Notably, in
detecting text generated by GPT-5.1 and Grok-
4.1, ProSSD achieves F1 scores of 98.00% and
98.89%, respectively, representing improvements
of 5.64% and 6.36% over the runner-up method,
RepreGuard. In contrast, traditional supervised
methods (e.g., ROBERTa) and zero-shot statistical
methods (e.g., Binoculars) exhibit significant per-

Paraphrase

(AUC)
97.83

Paraphrase

Mixing Perturb
(AUC) (AUC)
99.13 99.57
pt
(AUC)
98.25
—— ProSSD —— Binoculars —— DetectAnyLLM
RepreGuard ImBD Fast-DetectGPT

Figure 3: Performance comparison of ProSSD on Para-
phrase, Perturbation, and Mixing attacks, as well as the
reference Direct Prompt task, in terms of AUROC and
F1 scores.

formance volatility when facing frontier LLMs. In
the multi-domain evaluation, apart from slightly
lower performance on the XSum dataset compared
to RepreGuard, ProSSD achieves the best perfor-
mance across all other text styles (Academic, Cre-
ative, Reviews), demonstrating its robust generaliz-
ability across diverse semantic styles.

OOD Performance. Table 2 reports OOD detec-
tion performance, aiming to measure generalization
ability when there are significant discrepancies be-
tween the generation sources of the training and test
sets. The experiment involves using earlier models
(e.g., GPT-3.5) for parameter estimation and testing
on more advanced models (e.g., GPT-5.1). Results



Table 2: Impact of training data sources on detection generalization. The table compares the performance when
training on data generated by GPT-3.5 versus Llama-2-70b and testing on unseen target LLMs. Results are reported
as AUROC (%) and F1 (%). The best and second-best scores are highlighted in bold and underlined.

Train on GPT-3.5 | Train on Llama-2-70b
Method GPT-5.1 Claude-S-4 Gemini-3-F Grok-4.1 | GPT-5.1 Claude-S-4 Gemini-3-F  Grok-4.1
AUR. F1 AUR. F1 AUR. F1 AUR. F1 |[AUR. F1 AUR. F1 AUR. F1 AUR. F1
LRR 68.02 58.08 79.62 71.13 63.30 59.10 62.18 49.50|68.02 58.08 79.62 71.13 63.30 59.10 62.18 49.50

Fast-DetectGPT 67.07 58.59 78.78 72.73 76.13 68.44 5291
93.28 83.90 97.29 91.07 97.60 92.19 90.71
AdaDetectGPT 61.32 55.75 74.32 68.67 68.23 55.00 46.90
DetectAnyLLM 89.73 84.27 94.89 89.61 94.35 89.66 92.49

ImBD

42.29167.07 58.59 78.78 72.73 76.13 68.44 52.91 42.29
83.14188.59 81.13 92.61 84.38 93.50 86.51 84.51 78.70
23.99|58.02 52.83 69.87 65.60 64.35 56.10 43.85 3.12
86.75(87.12 84.92 93.68 88.54 91.78 87.38 88.51 86.02

RepreGuard

78.97 73.68 94.49 87.79 89.44 82.38 81.67

74.29|72.83 62.87 88.72 81.90 81.48 74.26 74.85 69.21

ProSSD

94.94 87.42 98.64 93.58 99.31 96.43 97.06

89.63/93.09 86.14 97.95 91.71 97.20 91.82 94.33 86.08

indicate that ProSSD significantly mitigates perfor-
mance degradation caused by generative distribu-
tion shifts. Specifically, When trained only on GPT-
3.5 (Table 2 Left), ProSSD maintains an AUROC
above 94% on all four target test sets, achieving
optimal results. When trained only on Llama-2-
70b (Table 2 Right), its advantage remains signifi-
cant when transferring to closed-source black-box
models. For instance, when detecting Grok-4.1,
ProSSD achieves an AUROC of 94.33%, signif-
icantly surpassing DetectAnyLLM (88.51%) and
ImBD (84.51%) under the same setting. More de-
tailed OOD performance results and analyses are
available in the Appendix E.1.

Robustness Against Adversarial Attacks. Fig-
ure 3 displays radar charts illustrating model ro-
bustness under three attack scenarios: paraphrase,
perturbation, and data mixing. In terms of the per-
formance envelope, ProSSD covers the largest area
across all dimensions, indicating superior perfor-
mance under various attack modes without obvi-
ous shortcomings. Conversely, other methods like
DetectAnyLLM and Binoculars exhibit significant
“star-shaped” contraction, showing drastic perfor-
mance drops particularly along the most challeng-
ing paraphrase axis. This demonstrates that our
method maintains exceptional performance and ro-
bust reliability when deployed in realistic and com-
plex adversarial environments. Detailed AUROC
and F1 results and analyses are provided in the
Appendix E.2.

4.3 In-depth Analysis
4.3.1 Parameter and Data Sensitivity

Impact of N-gram Context (k). Figure 4a illus-
trates the effect of the N-gram context window
size k on detection performance. We observe that

Table 3: Efficiency comparison regarding inference time
and GPU memory usage.Lower values are better. The
AUROC scores are provided for reference. Best results
are highlighted in bold and second-best are underlined.

Method Time (s) GPU Mem (GB) AUR.
DetectGPT 11.83 10.87 56.77
Binoculars 0.19 26.24 92.52
Fast-DetectGPT 0.37 33.40 78.78
AdaDetectGPT 3.06 37.98 71.97
DetectAnyLLM 0.08 5.32 91.58
RepreGuard 0.36 30.84 99.59
ProSSD 0.08 1.35 99.97

performance peaks at k& = 4, which achieves an op-
timal balance between capturing local contextual
dependencies and mitigating data sparsity inher-
ent in higher dimensions. Notably, as k increases
further, ProSSD maintains stable AUROC and F1
scores, demonstrating the robustness of the frame-
work to hyperparameter variations.

Impact of Data Size. Figure 4b evaluates the im-
pact of the reference set size on model efficacy. The
performance curve shows a steep upward trend in
the early stage (N < 400). It then rapidly enters a
convergence plateau, where marginal gains from in-
creasing data volume diminish. Unlike deep learn-
ing baselines that typically require massive corpora
to fit decision boundaries, ProSSD demonstrates
extremely high data efficiency. This makes it highly
suitable for few-shot application scenarios.

4.3.2 Scalability and Efficiency Analysis

Impact of Text Length. Text length determines
the information density available for statistical in-
ference. Figure 4c compares the response patterns
of different detectors across varying text lengths.
Supervised models, represented by ROBERTa, ex-
hibit a clear linear dependency within the 20-300
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Figure 4: Impact analysis of key hyperparameters and data variations on detection performance. (a) The AUROC
score peaks at k = 4, identifying the optimal N-gram context length. (b) The model shows high data efficiency,
reaching performance saturation with minimal training data size. (c) ProSSD remains robust across varying text
lengths, consistently outperforming other detectors from short to long sequences.

Table 4: Ablation studies (AUC) on XSum and Review.
See Table 9 for full results. The statistical significance of
the performance drop compared to ProSSD is measured
by a t-test: * p < 0.05, T p < 0.01,* p < 0.001.

Method XSum Review
ProSSD (RoBERTa + SSP)  99.21+0.19  99.67+0.04
Robustness of Semantic Representations
Qwen-2.5-0.6B-Embed  95.28+0.27F  99.50-+0.06"
Random Projection 93.45+1.04% 91.49+2.58"
Impact of Subspace Projection
w/o SSP (PCA) 94.75+0.39%  97.54+0.08*
w/o SSP (Rand) 93.39+0.73% 96.46+0.51%
w/o SSP (No-Proj) 93.97+0.35F  96.74+0.37
Ablation on Detection Strategies
w/o Wasserstein (Unif.)  96.48+0.94" 97.57+0.47*
w/o Contrastive (Human) 93.86+0.34%  88.70+0.25%

token range. This indicates they require longer
contexts to accumulate sufficient semantic features.
In sharp contrast, ProSSD demonstrates a superior
information utilization rate, even in the extremely
short text range (20-80 tokens), ProSSD achieves a
rapid performance climb and quickly converges to
a high-performance zone.

Computational Efficiency. Computational cost
is critical for practical deployment. ProSSD has
achieved an inference speed of 0.08s, comparable
to lightweight reward models. Notably, it requires
only 1.35 GB of VRAM, a 74.62% reduction com-
pared to the runner-up-demonstrating its capability
to maintain high-precision detection with minimal
resource overhead.

4.3.3 Ablation Study

Table 4 verifies the necessity of ProSSD’s core
components. First, replacing SSP with unsuper-
vised PCA or random projection causes significant
AUC drops (e.g., ~4.5% on XSum), confirming

the critical role of label-aware feature extraction in
isolating discriminative signals from noise. Second,
removing Wasserstein Distance weights or degen-
erating to one-sided density estimation consistently
weakens performance, establishing the need for
adaptive weighting and dual-distribution contrast.
Finally, the framework’s robustness across differ-
ent embedding models suggests it captures intrinsic
distributional laws independent of encoder biases.
Detailed ablation configurations and results are pro-
vided in the Appendix E.3.

4.3.4 Interpretability Analysis

Our in-depth analysis reveals that discriminative
cues exhibit strong domain dependency: formal
corpora rely heavily on logical connectives reflect-
ing deep syntactic coherence, whereas subjective
texts hinge on pronouns and adjectives. ProSSD
establishes a significantly wider safety margin in
the numerical space, compressing the distributional
overlap between human and machine text to a neg-
ligible level. For comprehensive analysis and visu-
alizations, please refer to the Appendix E.4.

5 Conclusion

This paper presents ProSSD, a zero-shot detection
framework based on Supervised Subspace Learn-
ing and Joint Semantic-Structural Distribution
modeling. Leveraging the Wasserstein Distance,
ProSSD effectively mitigates high-dimensional
noise and captures the statistical characteristics of
MGT. Experiments show that ProSSD achieves
SOTA performance across various benchmarks
while significantly reducing computational costs.
Unlike previous methods, our approach formulates
detection as an interpretable statistical test, offer-
ing a lightweight and transparent solution for LLM
governance.



Limitations

Despite the robust performance of ProSSD, sev-
eral limitations remain. First, detection bound-
aries in complex scenarios are limited. While
competitive in handling heavily human-polished
or human-machine hybrid text, our method has not
yet significantly surpassed current SOTA baselines
or achieved near-perfect detection performance.
Second, the theoretical interpretation of internal
mechanisms is insufficient. Our observations of
semantic-structural statistical deviations remain
empirical, lacking a clear theoretical causal link to
internal Transformer mechanisms, such as attention
patterns. Third, the detection paradigm requires
extension. Currently, our framework focuses on
binary classification. As open-source models pro-
liferate, the field is evolving towards fine-grained
source attribution (Park et al., 2025). Our method
has not yet implemented specific attribution for
distinct generative sources.
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A Additional related works

Beyond detection methods relying solely on in-
trinsic features, existing research has extensively
explored paradigms that incorporate external auxil-
iary signals.

Watermarking employs an active defense strat-
egy, aiming to implicitly embed verifiable statis-
tical signals into text via specific sampling al-
gorithms during generation (Kirchenbauer et al.,

12

Human Diversity
Al Diversity
Human Trend

—— Al Trend

_15_

Semantic Diversity (LogDet)

720_

5 10 15
Wasserstein Distance (W?>)

Figure 5: Semantic diversity under different structures.
The increasing distance between Al and human centers
indicates the rarity of the semantics.

2023). However, this technique faces a fundamen-
tal trade-off. Balancing the preservation of seman-
tic integrity with the maximization of robustness
and statistical detectability has become a central fo-
cus of recent research (Christ et al., 2024; Golowich
and Moitra, 2024; Cai et al., 2025).

In contrast, retrieval-based methods incorporate
external knowledge sources. They utilize sparse or
dense indexing mechanisms to align and compare
the input text against large-scale reference corpora.
By quantifying distributional discrepancies in lin-
guistic patterns between the input and reference
samples (human or machine), these methods sig-
nificantly enhance generalization in cross-domain
scenarios (Krishna et al., 2023; Sadasivan et al.,
2025). Furthermore, they offer new perspectives on
understanding adversarial in-context learning and
improving detection interpretability (Koike et al.,
2024, 2025).

Notably, although our proposed ProSSD falls
under the zero-shot detection paradigm, we draw
inspiration from both aforementioned approaches.

B Geometric Analysis of HWT and MGT
Distributions

This section aims to provide an in-depth theoreti-
cal elucidation of the intrinsic differences between
HWT and MGT revealed in Figure 1 and Figure 5,
from the perspectives of geometric topology and
statistical properties.

B.1 Systematic Translation in Semantic Space

Figure 1 visualizes the distribution patterns of
HWT and MGT within the low-dimensional dis-
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criminative subspace. We project high-dimensional
embeddings using the supervised subspace learn-
ing described in Section 3.2 and calculate the class
centroids p7; and p7, for each syntactic structure
7. For intuitive visualization on a 2D plane, we
apply principal component analysis (PCA) to these
sets of means, spanning the maximum variance
plane defined by the first (PC1) and second (PC2)
principal components.

The most significant geometric feature in the
plot is the phenomenon of Systematic Transla-
tion. Although distinct syntactic structures (e.g.,
conjunction-noun combinations, verb phrases) are
scattered across different quadrants of the feature
space, the connection lines between each pair of
corresponding structural centroids (7, uh,) ex-
hibit a high degree of directional consistency. This
indicates that the stylistic differences of MGT rel-
ative to human text are not local, disordered ran-
dom perturbations, but a systematic bias pervasive
throughout the feature space. We formally model
this relationship as:

MR] = HWH + 5global + €r, (12)

where 8 1,541 1s the global offset vector indepen-
dent of specific syntactic structures, and €, is a
minor residual term for a specific structure (where
|l€x|| < [[dgiobat]]). Notably, since the entire pro-
jection transformation is linear, a linear transforma-
tion cannot reconstruct anisotropic random noise
in high-dimensional space into approximately par-
allel structured vectors in low-dimensional space.
Therefore, this parallelism confirms that the sys-
tematic bias & g;0pq 1S an intrinsic essential feature
of the generative distribution of LL.Ms.

B.2 Duality between Discriminative Distance
and Distribution Diversity

Figure 5 further reveals significant differences in
second-order statistics between HWT and MGT.
While not detailed in the main text, this is crucial
for understanding model behavior. The x-axis rep-
resents the Wasserstein distance weight w,, which
measuring the deviation of MGT from HWT under
that syntactic structure. And the y-axis represents
the log-determinant of the covariance matrix In |3,
which measuring the volume or diversity of the se-
mantic distribution.

The observations reveal two diametrically op-
posed generation patterns:

* Human-Written Text: Exhibits a positive
correlation trend. As the syntactic structure
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deviates from convention (i.e., w, increases),
the semantic richness of human text increases
rather than decreases. This suggests that hu-
mans tend to mobilize a more diverse vocab-
ulary to express precise meanings when navi-
gating complex or rare syntax.

* Machine-Generated Text: Exhibits a signif-
icant negative correlation trend. When the
model faces high-difficulty syntactic struc-
tures that deviate from its training priors, the
volume of its generated semantic distribution
shrinks significantly.

We define this phenomenon in MGT as Condi-
tional Semantic Collapse: under the strong con-
straints of specific syntactic structures, LLMs tend
to adopt conservative decoding strategies, converg-
ing to high-frequency, generic word combinations.
This results in a significant reduction in local vari-
ance (In |¥j/| < In|Xg|). This collapse reflects
the model’s tendency towards uncertainty avoid-
ance when processing complex syntax.

B.3 Proof of Discriminative Effectiveness
Based on Mahalanobis Distance

Combining the findings of systematic bias d yjopa1
and semantic collapse, we hereby prove the theoret-
ical validity of the detection statistic (difference in
modified Mahalanobis distance) proposed in Sec-
tion 3.3.

Proposition 1 (Lower Bound of Expected Detec-
tion Statistic). Assume that in the feature space,
the local features x of MGT follow the distribution
N (s, ), and HWT follows N (g, ), with a
non-zero offset § = py; — py. Define the single-
step detection statistic sy as the difference between
the distance to the human center and the distance
to the machine center:

st == |(x— ) 7N (x - py)

2 (13)

—(x = )" ST x = )|

Then, for machine-generated samples, the expec-
tation of the score is strictly greater than zero.

Proof: Reparameterize the machine-generated
sample as x = pu,; + z, where z ~ N(0,X) is
zero-mean noise. Substituting this into the formula
for s; and expanding:

First term, distance relative to human center:

(tar+z—py) S Nppy +2— py)
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=(6+2)T27 Y6 +2). (19



Second term, distance relative to machine center:

(s +2 — 1) 27 (s + 2 — ) (15)

=z'%"1z.

Subtracting the two terms yields the simplified
expression for 2s;:

251 =075+ 26Tz (16)

Taking the mathematical expectation of the

above equation, since z is zero-mean noise, the

expectation of the linear cross-term is E[z] = 0.
Therefore:

Bls] = 287S 8 = L)% .. am)
2 2

Since the covariance matrix 32 is positive def-
inite, its inverse matrix 37! is also positive defi-
nite. According to the conclusion in Section 1, the
systematic offset ||d|| > 0; thus, E[s;] is strictly
positive. ll

This proposition not only proves the validity of
the Mahalanobis distance but also reveals the con-
tribution of the semantic collapse described in Sec-
tion B.2 to detection performance. The expectation
of the statistic s, is proportional to 87 X~'§. The
observed shrinkage in the distribution volume of
MGT in Figure 5 implies that the eigenvalues of its
covariance matrix become smaller, which in turn
causes the eigenvalues of its inverse matrix X! to
increase. This expansion of the precision matrix
essentially acts as a magnifying glass, significantly
amplifying the weight of the systematic bias d in
the statistic, thereby further enhancing the discrim-
inative signal-to-noise ratio of the model against
MGT.

C Detailed Derivations and Proofs

C.1 Theoretical Derivation of Supervised
Subspace Projection

This section provides mathematical proofs for the
recursive optimization problem defined in Section
3.2 of the main text. We derive the closed-form
solution for the optimal projection direction, prove
the orthogonality of the feature deflation step, and
finally elucidate the necessity of introducing multi-
dimensional features for distribution estimation.

Proposition 2. Given the centered residual em-
bedding matrix E; 1 € RN*D and the centered
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label vector y € RY, the optimal solution p;f to
the optimization problem

*_

¥ argmax (Cov(E;_1p,y))?

peRP

Ipll2 =1,

(18)
s.t.

is the normalized cross-covariance vector between
the current residual features and the labels.

Proof: Since E;_; and y are centered vectors,
their sample covariance is proportional to their in-
ner product. The objective function can be rewrit-
ten as:

J(p) = (y"E;-1p)* = p" (E]_,yy"E; 1)p.
(19)
We introduce the Lagrange multiplier A to con-
struct the Lagrangian function:
L. A)=p"M;_ip—A(p'p-1), (20)
where M;_; = (E?_ly)(yTEj_l) is arank-1 pos-
itive semi-definite matrix. Taking the partial deriva-

tive with respect to p and setting it to zero yields
the eigenvalue equation:

gf) = 2Mj_1p —22p=0 = Mj_lp = A\p.

2D

This indicates that pj must be the eigenvector

corresponding to the maximum eigenvalue of ma-

trix M;_;. Letu = E;‘-F_ly, then M, = uu’,
Applying matrix M _; to vector u:

r (22)

M;_ju = (uwu”)u = u(u’u) = ||luf?u.

It follows that u = E;*-Ffly is the principal eigen-
vector corresponding to the maximum eigenvalue
Amaz = |Jul|?. Combining this with the unit norm
constraint ||pll2 = 1, we obtain the closed-form

solution:

*

T
Ejfly
b;

S A (23)
IET 1yl

This vector indicates that the optimal projection
direction is collinear with the current residual-label
cross-covariance direction. Il

Proposition 3. The feature deflation step ensures
that the deflated residual matrix E; is orthogonal
to the current projection direction p;f.



Proof: By definition, E; = E;_; — sj(p;f)T
where s; = Ej_lp;f. Examining the projection of
the residual matrix E; onto the current direction

p;:

B

* *\T *
E;p; = (Ejo1 — Sj(Pj) )Pj
* *\T' . %
=E;_1p; — Sj(Pj) P;-
Substituting s; and utilizing the unit vector prop-
erty (pj-)ij- = 1, we obtain:

(24)

Ejp;f =85 — Sj(l) =0. (25)
That is, the column space of the residual matrix
E; is orthogonal to the current projection direction

p;. B

Analysis on Multi-dimensional Subspace Con-
struction. The above propositions establish the
mathematical foundation for the iterative solution.
It is necessary to clarify why constructing a sub-
space with £ > 1 remains essential in a binary
classification task, where g is a 1D scalar.

According to Proposition 2, the first basis vector
pj effectively captures all linear mean differences
between HWT and MGT. However, the probabilis-
tic model proposed in Section 3.3 relies not only
on the mean p but also heavily on the estimation of
the covariance matrix 3 to capture precise distribu-
tional characteristics. If only k£ = 1 is selected, the
feature space degenerates into a line, and the covari-
ance matrix degenerates into a scalar variance, fail-
ing to describe the spatial distribution shape of the
data. Through the aforementioned iterative process,
subsequent projection vectors p;(j > 1) continue
to extract major structural information of the data
in the residual space orthogonal to pJ. This set of
orthogonal bases {p1, ..., px} jointly constitutes
a low-dimensional complete feature subspace. This
allows us to retain the original discriminative infor-
mation while accurately estimating the covariance
structure of the Gaussian distribution. Mathemat-
ically, this aligns with the NIPALS algorithm of
partial least squares (PLS) (Wold, 1966), which
constructs stable low-dimensional representations
through iterative deflation.

C.2 Theoretical Analysis of Distribution
Modeling

C.2.1 Proof of Asymptotic Normality
This section establishes the distributional proper-
ties of the meta-semantic vector x;, defined in Sec-

tion 3.3 of the main text, as the original embedding
dimension D — oo.
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Definition C.1 (Construction of Meta-Semantic
Vectors) Lete;, e € RP be the original em-
bedding vectors at time steps ¢t and £ + 1. Let
P € RP** be the column-orthogonal projection
matrix obtained in Section 3.2. We define the meta-
semantic vector x; € R2* as the concatenation of
projected features from adjacent time steps:
PTet

= [PTGH—I] '

Assumption 1 (High-dimensional Noise Decom-
position). Following common settings in high-
dimensional statistics, we model the original em-
bedding e, as the sum of a deterministic mean sig-
nal and random noise:

(26)

e = Ht + €¢, (27)

where p, = Ele;] is the intrinsic semantic mean
within this context, and €; is a zero-mean random
noise vector.

We construct a joint noise vector & € R*P by
concatenating the components of €; and €;1:

£ =

We assume the components {&; ?21 of & satisfy
the following conditions:

1. Zero Mean: E[¢;] = 0.

T
[et,l, “ e 7€t,D7 6,5_,.1,1, e 7€t+1,D] (28)

2. Finite Variance: Var(&;) = ajz < 0.

3. Boundedness: There exists a constant M <
oo such that |§;| < M holds almost every-
where (this assumption is guaranteed by the
normalization mechanism of LayerNorm lay-
ers).

Assumption 2 (Feller Condition). For any unit
projection direction, we assume that the projection
coefficients do not overly concentrate on any sin-
gle original dimension. Formally, for linear com-
bination coefficients vy;, the Feller delocalization
condition is satisfied as D — oo:

. maxi<;<2p |Vj
Dhm S)S ‘ ]|
—00 2D 92 2
2j=1759;

Proposition 4 (Asymptotic Normality of Meta-Se-
mantic Distribution). Based on Assumptions I and
2, as the original dimension D — oo, the meta-
semantic vector Xy converges in distribution to a
multivariate normal distribution:

d
Xt — N(Hxv Ex)a

= 0. (29)

(30)
where i, = (i P, T, P



Proof: According to the Cramér-Wold theorem
(Cramér and Wold, 1936), a necessary and suffi-
cient condition for the random vector x; to follow a
multivariate normal distribution is that for any non-
zero constant vector A € R%*| the scalar random
variable Zp = )\Txt follows a univariate normal
distribution.

Partition X into A = [a”, BT]T, where a, B €
R, Substituting the definition of x; into Zp:

Zp

=a"PT(p, +€) + ﬁTPT(NtH +€r41)
tz + Sp,

(3D

where:

Bz = aTPTHt + ﬁTPTILtJrl
SD == O:TPTGt + BTPTﬁH_l,

here, 11z denotes the deterministic mean, and Sp
represents the random fluctuation term. Since p1z
is constant, we only need to prove that the random
term Sp converges in distribution to NV'(0, 0%).
Define the coefficient vector v € R?P as v =
[(Pa)T, (PB)T])T. Then Sp can be rewritten as a
weighted sum of joint noise components:

2D
Sp =& (32)
j=1
Calculate the variance sequence B% of Sp:
B}, = Var(Sp) = 27] o2, (33)

According to the Llndeberg—Feller central limit
theorem (Feller, 1991) for sums of independent
(or weakly dependent) non-identically distributed
random variables, convergence to a normal distribu-
tion is guaranteed if the Lindeberg condition holds.
We verify that for any 7 > 0:

L =limp oo gz 352 E [(97€)° - (151 > 7Bp)] = 0.
(34)
From the boundedness in Assumption 1, we
know |£;| < M, thus |v;§;| < |yj|M. The indica-
tor function I(-) is non-zero only if |v;&;| > 7Bp,
which implies the necessary condition:

|7j|

| M Bp — — > —. 35
|'YJ| >TDp B, > M (35)
However, according to Assumption 2:
. max; ||
lim —2—L =0. 36
Dgnoo Bp 0 ( )
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This implies that for sufficiently large D, given
any fixed 7, M > 0, there exists no index j such
that |v;|M > 7Bp holds. Therefore, the indica-
tor function I(|vy;¢;| > 7Bp) is identically zero.
Consequently, the limit L = 0, and the Lindeberg
condition is satisfied.

Since the Lindeberg condition is met, the random
variable Sp converges in distribution to a scaled
standard normal distribution:

5p 4 4 N(0,1) = Sp S N(0, B2).
Bp

Substituting back into the expression for Zp,

(37)

we have Zp % N (uz, B%). Since A is arbitrary,
by the Cramér-Wold Theorem, the meta-semantic
vector x; converges in distribution to a multivariate
Gaussian distribution.

Remark: Although the above theorem is derived
based on the asymptotic D — ©0o, in our experi-
mental setup, the original semantic space dimen-
sion D (e.g., 1024 for RoBERTa-large) satisfies
the requirements for high-dimensional statistical
approximation. Furthermore, the projection ma-
trix P obtained via supervised subspace learning
tends to utilize global semantic information. This
results in projection coefficients v; exhibiting sig-
nificant non-sparse characteristics, preventing any
single original dimension from dominating the dis-
tribution. Therefore, modeling compact semantic
features using a multivariate Gaussian distribution
in Section 3.3 is not only theoretically grounded
but also consistent with the statistical laws of high-
dimensional data.

C.2.2 Argument for Model Distribution
Selection based on Maximum Entropy
Principle

Although the asymptotic normality of meta-
semantic features has been proven above, in prac-
tical applications with finite dimensions, observed
data may not perfectly follow a Gaussian distri-
bution. This section proves from an information-
theoretic perspective that, given observations of
only the sample mean and covariance, the Gaus-
sian distribution model is the optimal choice as it
introduces the least prior bias.

Proposition 5. For a random variable x € R2k,
if we observe only its first moment and second
moment from dataset D, then among all proba-
bility distributions p(x) satisfying these moment
constraints, the multivariate Gaussian distribution
has the maximum Differential Entropy.



Proof: Our objective is to maximize the differen-
tial entropy H (p):

max - / p(x) In p(x)dx
s.t. /p(x)dx =1
/ xp(x)dx = p

[ o= wc = ) pixix = =

(38)

We construct the Lagrangian function:

52H(P)+>\0(/p—1)+)\1T(/Xp—u)

+Tr (Az(/(XXT)p - (=+ uuT))> :
(39)

Taking the derivative with respect to p(x) using
variational methods and setting it to zero, the form
of p(x) must be an exponential family distribution:

p(x) =exp (14 Ao + Ax 4 XTAQX) .
(40)
Substituting the constraints to solve for the La-
grange multipliers, we finally obtain:

1
(2m)k[z|'/2

X exp <—;(x — i t(x - u)) ;
(41)

p(x) =

which is the multivariate Gaussian distribution. l

Since we possess a large-scale dataset (e.g.,
700,000 meta-structure pairs), by the Law of Large
Numbers, we can estimate ¢ and 3 with high pre-
cision. In the absence of prior knowledge regarding
higher-order statistics of the data, adopting a Gaus-
sian distribution model is equivalent to making the
minimal assumption at the information-theoretic
level. Any other distributional assumption would
implicitly introduce additional structural informa-
tion not supported by the data, thereby increasing
the risk of model overfitting.

C.3 2-Wasserstein Distance for Gaussian
Distributions

Let Pf; = N(uF, %) and Pf; = N (uf,, X7;)

be two Gaussian distributions on R?*. The squared
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2-Wasserstein distance is defined by the optimal
transport problem:

W3 (Pf, Pi) = inf

E(x,y)~ —yl3]. @2
~ET(PF,, PT,) ey [Ix =yl - @2

By expanding the squared Euclidean norm, we
decompose the expectation based on the first and
second moments:

Ellx — ylI3] = |1 — pill3 + E[Ix - ¥i3]
+2(uf — i) 'Ex -y,
(43)

where X = x — pf; andy = y — uj, are cen-
tered random variables. Since E[x] = E[y] = 0,
the cross-term vanishes. The problem reduces to
finding the optimal coupling for the centered co-
variances:

W3 (Pfr, Pry) = g — i3 +ing[H>‘<—y||§]‘
(44)
Minimizing the covariance term is equivalent
to maximizing the correlation trace. According
to the properties of optimal transport for Gaus-
sian measures, the optimal value yields the Bures-
Wasserstein metric. Combining this with the mean
difference, we obtain the final metric w;:

we = (7 - w13+

ol ~1o1n) 2

Tr (2712( + 3y - 2B RN )5)
(45)

C.4 Proof of Wasserstein Discriminative
Bound

This section provides the theoretical proof for the
discriminative bound based on the Wasserstein dis-
tance discussed in Section 3.3 of the main text. We
demonstrate that for any function satisfying the
Lipschitz continuity condition, the difference in
its expectations over two distributions is strictly
bounded by the 2-Wasserstein distance between
these distributions.

Theorem 2 (Wasserstein Discriminative Bound).
Let Py and Py; be two probability measures on
R2¥. For any K -Lipschitz continuous discrimina-
tive function f : R** — R, the difference in expec-
tations between the two distributions satisfies:

[Expy [f(%)] = BEy~py [f (V)] < K - W (P, Pu).
(46)



Proof: Let II(Py, Pys) be the set of all cou-
plingswhose marginals are Py and Pys. For any
coupling vy € II( Py, Pyr), if the random variable
pair (X,Y) ~ ~, then by the property of marginal
distributions, X ~ P and Y ~ Pj;.

Consider the absolute difference of the expecta-
tions:

Ay = [Ex~py [f(X)]

‘/f )d P (x

—Ey~py, Y]

/f YdPy (y ‘

| -]
(47)
By the integral triangle inequality, we have:
s [[1r60 - rlinexy). 6s)

Utilizing the K-Lipschitz continuity condition

of f:
AfS/ Kl[x — yll2dv(x,y)
= K - Ex v)[IX = Y]]

According to Lyapunov’s inequality, the first mo-
ment of a random variable is less than or equal
to the square root of its second moment, i.e.,
E[Z] < (E[Z?])"/2. Applying this to the Euclidean
distance [|X — Y ||o:

< E[IX - Y3 60

Therefore, for any v € II(Ppy, Pyr), it holds
that:

1/2
A< K <//HX—YH2CZ’Y X Y)> . (5D

Note that the left side A s is a constant dependent
only on the marginals Py and Py, and is indepen-
dent of the specific coupling «y. Thus, the inequality
holds for any «y in II( Py, Pys), and consequently
holds for the infimum over ~y on the right side:

(49)

1/2
E[IX —Yl2] :

< s B 2 1/2.
Ap < K- inf (B,[IX —Y[3)) (52)

Due to the continuity and monotonicity
of the square root function, inf(E'/?)
(inf £)!/2,  Combining this with the definition
of the 2-Wasserstein distance Wa(Py, Py) =

(infyen E[|X — Y/|2])"/*, we finally obtain:

Epy [f] = Epy [f]| < K - Wa(Pu, Pu).
This concludes the proof. B

(33)
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Remark: This theorem provides the theoretical
basis for the weighting strategy presented in Sec-
tion 3.3 of the main text. The term Wa(Pg, Pys)
on the right side measures the geometric separa-
bility between human and machine text in the se-
mantic space under a specific syntactic structure
. Meanwhile, K represents the sensitivity of the
discriminator to semantic perturbations (i.e., the
smoothness of the classification surface). This
bound indicates that the larger the W5 distance
between two distributions, the greater the theoreti-
cal expected difference any smooth discriminative
function can achieve in distinguishing them.

C.5 Derivation of the Modified Mahalanobis
Distance

This section derives the equivalence relationship be-
tween the log-likelihood ratio (LLR) test described
in Section 3.4 of the main text and the modified
Mabhalanobis Distance.

Proposition 6 (Equivalence of LLR and Maha-
lanobis Distance). Let Pr(x) = N (x; g, Xp)
and Py(x) = N (x; s, Xar) be the feature dis-
tributions of human and machine text under a spe-
cific structure, respectively. Define the modified
Mahalanobis distance as M(x; p,X) (x —

w)TE"Y(x — p) + In|X|. Then, for a sample
Xy, its log-likelihood ratio statistic s; satisfies:
PM (Xt)
s¢ =1In
T Pr(xi)

1
— St = B |:M(Xt;/»1'Ha ) (54)

— M(xt; 157, B0r) |-

Proof: For a d-dimensional multivariate Gaus-
sian distribution P(x; p, ), the log-likelihood
function is:

d 1
InP(x) =— B In(27) — 5 In|X|
1 _
) TE

Expanding the log-likelihood ratio s;:

(55)
).

st =1In Ppr(xy) —

d 1
[_2 In(27) — %ln | X — QQM(Xt)]

In P (xy)

d 1 1
— [—21n(27r) — §1H Y| — 2QH(Xt)} )
(56)



where Q(x;) = (x; — )T H(x; — p) is the
quadratic term.

Canceling the constant term —& In(27) and re-
arranging the terms, we obtain:

0= 5 (Qulx)) + [ Sy
. (57)
~ 5 @Qurlxe) +In[Sal)
According to the definition of the modified Ma-
halanobis distance M(x; , ) = Q(x) + In|X|,
substituting this into the equation yields:

st = %M(XﬁuHa Xu) - %M(XtQﬂMa ).
(58)

This concludes the proof. B

Theorem 1 requires the discriminative function
f(x) to satisfy the K-Lipschitz continuity condi-
tion. Although the Mahalanobis distance, as a
quadratic function, does not possess global Lip-
schitz properties over the entire R?* space, within
the framework of our method, the domain of the
feature variable x is bounded, thereby guaranteeing
that it satisfies the Lipschitz condition.

The reasoning is as follows based on three con-
ditions. (1) Input boundedness: The meta-semantic
vector x; is formed by concatenating adjacent pro-
jected features: x; = [v¢;vyy1]. The projected
feature v = P”e is obtained by transforming the
original semantic embedding e via the probe matrix
P =[p1,...,px]- (2) Original space boundedness:
The output embeddings e of modern LLMs typi-
cally undergo layer normalization, ensuring their
Euclidean norms are bounded. That is, there exists
a constant R, such that ||e||2 < R.. (3) Projection
constraint: In the optimization objective of Section
3.2, we explicitly impose a unit norm constraint on
the probe vectors: ||p;|l2 = 1.

By applying the Cauchy-Schwarz inequality (An-
derson et al., 1958), the norm of the projected fea-
tures satisfies:

Ivllz = [IP"ell2 < [Plrlle]z < VE-1-Re.
(59)
Therefore, the meta-semantic vector lies within
a compact subset C of the space R?*. Consider the
gradient of the discriminative function f(x):

Vi) =5 (x— pg) — By (x = pay)- (60)

Since x € C is bounded and X7, 33, are posi-
tive definite matrices, the gradient norm ||V f(x)||2
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has an upper bound K4, on the region C. Accord-
ing to the Mean Value Theorem, if the gradient of a
function is bounded on a convex compact set, then
the function is Lipschitz continuous.

D Benchmark and Baselines

D.1 Benchmark Construction and Quality
Control

To ensure comparability and rigor amidst rapid
model iteration, we strictly followed the DetectRL
protocol proposed by (Wu et al., 2024). for dataset
construction. We also enforced equivalent stan-
dards of manual review during the post-processing
stage.

Human-Written Text (HWT) Curation. We
completely replicated the original data configu-
ration, covering four domains prone to misuse:
academic writing (ArXiv Abstracts), news reports
(XSum), creative writing (Writing Prompts), and
social media reviews (Yelp Reviews). To avoid
data contamination from LLMs, all selected human
samples date from the pre-ChatGPT era. Each do-
main contains 2,800 filtered high-quality samples,
constituting a reliable detection baseline.

SOTA Model Generation Strategy. For the
construction of MGT, we upgraded the genera-
tion sources to current SOTA models: GPT-5.1,
Claude-Sonnet-4, and Gemini-3-Flash, Grok-4.1.
Abandoning simple unconstrained generation, we
strictly adhered to the task-specific conditional gen-
eration strategy from the original paper. Carefully
designed prompts forced the models to generate
content strictly aligned with the length of the corre-
sponding HWT within specific contexts.

Quality Control & Data Partitioning. We im-
plemented a multi-stage quality control process to
ensure dataset safety and academic rigor. First,
we automatically filtered invalid samples with in-
sufficient length during the preprocessing stage.
Second, despite the automated generation process,
we introduced a manual sampling review mecha-
nism before storage. This aimed to identify and
remove samples with potential logical breakdowns,
repetition, or offensive content. Regarding data par-
titioning, we followed the original protocol (Ran-
dom Seed = 42), splitting the data into a training
set (1,800 HWT/MGT pairs) and a test set (1,000
HWT/MGT pairs). Stratified sampling was em-
ployed to ensure the proportions of domains and
model sources in each subset remained consistent
with the original paper.
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Figure 6: Overview of length distributions and lexical diversity comparisons. Each subplot illustrates the
comparative analysis of human text, old models, and new models across different datasets, visualizing the kernel

density estimation (KDE) for length and type-token ratio (TTR) for diversity.

D.2 Benchmark Descriptive Statistics

Figure 6 illustrates the comparison of Length dis-
tribution and lexical diversity across four domains.
It compares our constructed datasets with original
model-generated texts and human texts.

First, kernel density estimation (KDE) results for
Length Distribution demonstrate that SOTA MGT
effectively covers the HWT length range while
maintaining a more concentrated distribution. As
illustrated, the probability densities for both GPT-
5.1 and Grok-4.1 fall primarily between 50 and 400
words, consistent with the HWT span. Notably, in
contrast to baseline models which exhibit irregular-
ities such as the abnormal spike at approximately
300 words in ChatGPT or the bimodal distribution
in Llama-2, the SOTA models display smoother,
unimodal curves. This high degree of distributional
alignment effectively diminishes length as a triv-
ial discriminatory feature. It ensures that models
accurately simulate human writing patterns across
diverse domains, from the conciseness of academic
abstracts to the extensiveness of creative writing,
thereby guaranteeing the fairness of the detection
task.

Second, regarding lexical diversity, type-token
ratio (TTR) statistics indicate that current SOTA
MGT surpasses the human baseline in vocabulary
richness. Observing the TTR bar charts, mod-
els such as GPT-5.1 and Claude-Sonnet generally
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show higher TTR values than HWT in domains
like ArXiv and XSum. Particularly in the Writ-
ing Prompts domain, the models do not exhibit
the monotony common in traditional generation.
Their lexical diversity metrics significantly outper-
form early models like PalLM or Claude-instant in
multiple samples. This data characteristic suggests
that advanced models utilize broader vocabulary
distributions during generation, rendering simple
detection methods based on vocabulary repetition
ineffective on this dataset. Furthermore, the slightly
higher lexical diversity of generated text does not
imply a decline in data quality or semantic diver-
gence. Conversely, this characteristic positively
reflects that SOTA models, under generation con-
straints, have successfully avoided common mode
collapse and repetitive degeneration. This indicates
that the generated text possesses complex syntactic
structures and rich word choices, accurately sim-
ulating high-stealth, high-deception MGT in the
current environment.

D.3 Baseline Details

To establish a comprehensive benchmark, we com-
pare ProSSD against a diverse set of state-of-the-art
methods, including those published within the last
three months, covering both zero-shot detection
and training-based approaches. The specific intro-
ductions and experimental configurations for each
baseline are as follows:



* Log-Likelihood Log-Rank Ratio (LRR) (Su
et al., 2023): This method utilizes log-rank in-
formation to distinguish between human and
machine-generated texts, based on the hypoth-
esis that MGT exhibits specific statistical prop-
erties in rank distribution. In our experiments,
we employ GPT-Neo-2.7B as the base scoring
model.

* Normalized Perturbed Log-Rank (NPR)
(Su et al., 2023): As an enhanced version
of LRR, NPR introduces text perturbations
to quantify the sensitivity of log-rank scores.
Although computationally more expensive, it
achieves higher detection precision. We con-
figure GPT-Neo-2.7B as the scoring model
and use T5-small to generate perturbed sam-
ples, setting 100 perturbations per sample.

¢ DetectGPT (Mitchell et al., 2023): This
method operates on the hypothesis that text
generated by LLMs tends to reside in the
negative curvature regions of the model’s log-
probability function. It performs detection by
comparing the log-probability differences be-
tween the original and perturbed texts. We
use GPT-Neo-2.7B as the base model and T5-
small as the mask-filling model to generate
perturbations, with 100 perturbations per sam-
ple.

¢ Fast-DetectGPT (Bao et al.,, 2024): This
method utilizes conditional probability cur-
vature and an efficient sampling strategy to
replace the perturbation steps in DetectGPT,
maintaining high precision while improving
inference speed. Following the standard set-
tings of the original paper, we use GPT-Neo-
2.7B as the scoring model and GPT-J-6B as
the reference model.

¢ Binoculars (Hans et al., 2024): This is a low
false-positive rate zero-shot detection method
that identifies Al text by contrasting the per-
plexity of an "Observer" model with the cross-
perplexity of a "Performer" model. In our con-
figuration, we select Falcon-7b and Falcon-7b-
instruct as the Observer and Performer mod-
els, respectively.

* RoBERTa-base (Solaiman et al., 2019):
As a classic supervised baseline, ROBERTa
identifies machine text by fine-tuning
a binary classifier on specific datasets.
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We directly evaluate
RoBERTa-base-openai-detector
point as a strong baseline.

the open-source
check-

AdaDetectGPT (Zhou et al., 2025): This
method introduces an adaptive classifier to
learn a witness function, thereby optimizing
the performance of logits-based detectors. We
use GPT-Neo-2.7B for scoring and GPT-J-6B
for sampling. The model is trained on source
domain data using the same sampled data as
our method. Following the optimal settings
of the original paper, we employ B-splines as
basis functions to learn the witness function.

Imitate Before Detect (ImBD) (Chen et al.,
2025a): ImBD proposes a Style Preference
Optimization (SPO) strategy to mimic the
style distribution of machine generation, de-
tecting rewritten text by comparing distribu-
tion differences. We load the official GPT-
Neo based inference checkpoint for testing.
In OOD experiments, the model is trained on
source domain data with parameters strictly
following the original optimal settings: a
learning rate of 0.0001, a beta coefficient of
0.05, and LoRA parameters including a rank
of 8, an alpha of 32, and a dropout rate of 0.1.

DetectAnyLLM (Fu et al., 2025): This frame-
work utilizes a Direct Discrepancy Learning
(DDL) strategy, enabling the detector to better
capture core task semantics and addressing
the mismatch between training objectives and
task requirements. We evaluate the model
after training DDL on GPT-Neo-2.7B based
on the optimal configuration. In OOD ex-
periments, the model is trained on source do-
main data with parameters consistent with the
ImBD method mentioned above, with the ad-
ditional hyperparameter v set to 100.

RepreGuard (Chen et al., 2025b): This
method posits that the internal representations
of LLMs contain richer primitive features
than logits alone. It performs classification
by calculating projection scores of text rep-
resentations onto specific feature directions.
Following the original paper, we select Llama-
3-8B-Instruct as the proxy models to extract
features and use the same samples as our
method to calculate projection vectors. In



the OOD setting, the model constructs feature
directions based on source domain data.

E More Results

E.1 Analysis of Supplementary OOD
Experiments

Cross model robustness. As shown in Table 5,
we evaluated the out of distribution performance
of the models to examine their generalization ca-
pabilities when facing unknown data distributions
that differ from the training set. Compared to the in
domain results in Table 1 of the main text, although
RepreGuard and DetectAnyLLM perform excel-
lently in the source setting, they exhibit significant
instability in out of distribution tests. Specifically,
when the detector is trained on data generated by
Claude instant and directly used to detect text gen-
erated by GPT 5.1 (right side of Table 5), the F1
score of RepreGuard drops sharply to 40.23%. In
contrast, ProSSD maintains an F1 score of 88.44%
and an AUROC of 96.22% under the same set-
ting. Overall, whether trained on Google PalLM
or Claude instant, ProSSD maintains an AUROC
above 94% on all four target test models (Claude S
4, Gemini 3 F, GPT 5.1, Grok 4.1), demonstrating
the best robustness.

Cross domain adaptability. Cross domain eval-
uation examines the ability of the model to handle
huge differences in vocabulary and semantic distri-
butions. The task involves training or constructing
distributions on dataset A and testing on dataset
B. Tables 6 and 7 report the relevant results. As
shown in Table 6, although DetectAnyLLM and
RepreGuard score slightly higher than ProSSD in
individual specific transfer scenarios (such as Writ-
ing Prompts — Arxiv and Arxiv — XSum), the gap
is minimal. More importantly, judging from the
overall scores in Table 6 and Table 7, ProSSD ex-
hibits the lowest performance variance, powerfully
proving its strong generalization ability. Combin-
ing the above out of distribution analyses, the core
advantage of ProSSD lies not in defeating all base-
lines on every single metric, but in its ability to
provide a reliable performance lower bound un-
der different training sources. This characteristic
makes it more practically valuable when facing
complex and changeable unknown data in the real
world.
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E.2 Supplementary Evaluation on
Adversarial Attacks

To comprehensively assess the security of the de-
tectors in realistic adversarial environments, we
evaluated their performance across four distinct
attack scenarios: paraphrase, perturbation, direct
prompt, and data mixing. Table 8 presents the com-
parative results. In general, ProSSD demonstrates
the most consistent and superior defense capabili-
ties, achieving the best performance in three out of
four scenarios.

As shown in Table 8, while RepreGuard main-
tains strong competitiveness, particularly achieving
the highest AUROC of 99.57% in the perturbation
setting, ProSSD exhibits better stability across se-
mantic alterations. Specifically, in the paraphrase
scenario, which involves substantial rewriting and
semantic restructuring, classic methods like Detect-
GPT and RoBERTa suffer significant performance
degradation, with DetectGPT dropping to an F1
of 22.65%. Although RepreGuard performs well,
ProSSD further improves the AUROC to 97.83%
and F1 to 93.36%. This suggests that our method,
by modeling the joint semantic structural distribu-
tion, successfully captures the deep invariant fea-
tures of machine generation that survive surface
level rewriting.

Furthermore, in the data mixing scenario, where
machine text is interleaved with human text,
ProSSD achieves a dominant AUROC of 99.13%,
outperforming the second best method RepreGuard
by roughly 1 percentage point and significantly
surpassing LRR and NPR. It is worth noting that
methods heavily reliant on specific probability cur-
vature or noise sensitivity (such as AdaDetectGPT)
exhibit extreme volatility in the perturbation set-
ting, whereas ProSSD maintains a high AUROC of
99.21%. Similar to the findings in the out of dis-
tribution analysis, the core advantage of ProSSD
lies in its extremely low variance across different
attack types. Whether facing simple character level
perturbations or complex semantic paraphrasing,
ProSSD provides a robust detection boundary, prov-
ing its reliability as a secure defense mechanism in
dynamic adversarial contexts.

E.3 Supplementary Explanation of Ablation
Studies

To rigorously verify the effectiveness of the pro-
posed framework and the contribution of each
core component, we designed three groups of



Table 5: Cross-model generalization results with different training sources. The table evaluates detection perfor-
mance when the training data is generated by Google-PalLM (Left) and Claude-instant (Right). The detectors are
tested on four unseen target LLMs to assess robustness across different generator architectures. Results are reported
as AUROC(%) and F1(%). Best and second-best results are highlighted in bold and underlined.

Train on Google-PalLM

| Train on Claude-instant

Method GPT-5.1 Claude-S-4 Gemini-3-F Grok-4.1 | GPT-5.1 Claude-S-4 Gemini-3-F Grok-4.1
AUR. F1 AUR. F1 AUR. F1 AUR. F1 |[AUR. FI AUR. F1 AUR. F1 AUR. Fl

LRR 68.02 58.08 79.62 71.13 63.30 59.10 62.18 49.50|68.02 58.08 79.62 71.13 6330 59.10 62.18 49.50
Fast-DetectGPT 67.07 58.59 78.78 72.73 76.13 68.44 52.91 42.29|67.07 58.59 78.78 72.73 76.13 68.44 52.91 42.29
ImBD 90.63 83.26 93.72 84.97 94.90 88.66 85.70 77.83|92.67 84.74 96.62 89.94 95.65 90.29 87.83 81.58
AdaDetectGPT 54.40 5533 63.59 63.33 61.22 57.07 41.37 66.67|61.47 54.74 73.25 69.41 68.95 59.10 47.08 21.61
DetectAnyLLM 76.96 82.48 81.02 85.14 79.41 85.33 78.34 84.14|83.42 74.66 92.04 84.89 89.86 81.82 80.04 73.50
RepreGuard  69.88 64.32 81.69 75.97 73.04 67.24 69.40 66.63|58.56 40.23 68.66 58.41 62.80 46.15 62.02 39.91
ProSSD 94.87 88.14 97.07 90.31 98.34 93.98 96.21 89.22|96.22 88.44 98.53 93.74 97.89 92.69 97.65 91.60

Table 6: Cross-domain detection performance using different training sources. We report the AUROC (%) and F1
(%) scores when the detector is trained on the Writing-prompt(Left) and Arxiv (Right) domains and evaluated on
other unseen text domains.The best and second-best results in each column are highlighted in bold and underlined,

respectively.
Train on Writing-prompt \ Train on Arxiv
Method . . o e .
Arxiv XSum Review |  Writing XSum Review
AUR. F1 AUR. F1 AUR. F1 |AUR. F1 AUR. F1 AUR. F1
LRR 7390 67.71 70.14 6349 84.01 75.11 | 4820 1490 70.14 6349 84.01 75.11
Fast-DetectGPT 74.81 6493 57.65 5042 8292 7556 | 58.88 4729 57.65 5042 8292 75.56
ImBD 97.55 9242 8452 77.02 99.36 96.52 | 90.54 82.18 9424 87.63 9698 91.22
AdaDetectGPT 4640 1.19 3887 0.00 4731 66.67 | 59.73 51.70 62.46 59.31 83.78 75.14
DetectAnyLLM 9991 98.59 90.62 8323 9799 93.72 | 92.68 86.19 100.00 99.95 97.28 92.09
RepreGuard 99.07 95.53 94.07 86.36 99.20 96.37 | 99.83 9875 9995 99.10 99.87 98.24
ProSSD 97.83 94.03 99.54 97.60 99.92 99.00 | 97.27 9234 9793 93.66 98.85 95.20

comparative experiments as shown in Table 9.
First, in the robustness of semantic representa-
tions group, we aim to prove that this method
does not rely on the semantic embeddings of a
specific encoder, but rather is based on the inher-
ent statistical differences between human and ma-
chine text. We replaced the default RoBERTa-large
base with modern large language model embedding
Qwen-3-0.6B-Embedding (Zhang et al., 2025) and
randomly initialized embeddings. This setting veri-
fies whether our supervised subspace learning can
effectively extract discriminative features in differ-
ent semantic spaces. Second, the impact of sub-
space projection group is specifically used to verify
the core hypothesis in Section 3.2. We replaced su-
pervised subspace learning with unsupervised PCA,
random projection, and a baseline without projec-
tion. This comparison aims to prove that extracting
label correlated variance is superior to purely max-
imizing global variance (such as PCA) or preserv-
ing random geometric structures. Finally, in the
ablation on detection strategies, we explored the
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necessity of distribution modeling. We examined
the results after removing Wasserstein weights to
verify the hypothesis that different syntactic struc-
tures contribute unequally to detection; we also
evaluated the one class setting that only constructs
the human distribution (Pf) without utilizing the
machine distribution (Py;), thereby testing the im-
portance of modeling both HWT and MGT distri-
butions simultaneously.

Table 9 reports the quantitative results on four
datasets. To ensure the reliability of statistical re-
sults, all experiments were independently repeated
5 times, and we report the mean and standard devi-
ation. Significance tests (t test) confirmed that our
method achieved statistically significantly better
performance than the comparative ablation experi-
ments on the vast majority of metrics (p < 0.05).

Effectiveness of supervised subspace learning.
The experimental results strongly support our hy-
pothesis in Section 3.2. As shown in the impact of
subspace projection part, replacing supervised pro-



Table 7: Cross-domain detection performance using different training sources. We report the AUROC (%) and
F1 (%) scores when the detector is trained on the XSum(Left) and Review(Right) domains and evaluated on other
unseen text domains.The best and second-best results in each column are highlighted in bold and underlined,

respectively.
Train on XSum \ Train on Review
Method Arxiv Writing Review \ Arxiv Writing XSum
AUR. F1 AUR. F1 AUR. F1 |AUR. F1 AUR. F1 AUR. F1

LRR 7390 67.71 4820 1490 84.01 75.11 | 7390 67.71 4820 1490 70.14 63.49
Fast-DetectGPT  74.81 64.93 58.88 4729 8292 7556 | 7481 6493 5888 4729 57.65 5042
ImBD 98.98 9498 86.00 77.14 96.66 90.38 | 97.26 91.26 94.73 87.52 90.90 82.90
AdaDetectGPT  67.23 5835 5527 3920 7936 7299 | 60.77 49.58 5294 3195 50.04 12.66
DetectAnyLLM  98.79 95.18 79.39 7327 9723 9135 | 99.77 98.61 99.74 98.10 99.80 99.50
RepreGuard 9734 9258 6932 66.12 96.27 90.18 | 99.73 9829 99.87 98.85 99.54 98.10
ProSSD 99.83 98.55 96.39 91.05 99.25 9589 | 9898 9551 99.52 97.09 99.72 99.25

Table 8: Adversarial robustness comparison of all detectors. We report detection performance on the original
data(Direct Prompt) and against three adversarial attack scenarios(Paraphrase, Perturbation, and Data Mixing). The
best results are marked in bold and second-best in underlined.

Paraphrase Perturbation  Direct Prompt  Data Mixing
Method AUR. F1 AUR. Fl AUR. Fl AUR. Fl
LRR 70.39 60.11 9797 94.66 8641 7878 8278 72.61
NPR 7296 66.63 98.60 95.69 80.26 72.68 7342 63.16
RoBERTa 75773 6531 66.82 5295 7881 6499 7878 68.08
DetectGPT 47.58 22,65 88.11 79.40 53.78 41.04 32.63 0.00
Binoculars 81.78 73.11 9794 9422 9493 90.07 93.89 88.43
Fast-DetectGPT  76.33  68.50 9344 86.72 86.24 7995 8652 784l
ImBD 88.25 7929 9748 9041 9361 8448 90.93 80.28
AdaDetectGPT 7540 64.06 39.20 0.79 84.72 78.44 8472 76.58
DetectAnyLLM  86.00 76.67 87.38 76.55 86.80 7640 88.89 76.75
RepreGuard 95.51 89.01 9957 97.86 97.31 92.52 98.19 94.99
ProSSD 97.83 9336 99.21 96.35 98.25 9344 99.13 95.97

jection with PCA ("w/o SSP (PCA)") leads to a sig-
nificant performance drop, especially on the XSum
dataset where F1 drops from 96.96% to 88.02%.
This indicates that PCA, which blindly maximizes
global variance, is highly likely to retain the se-
mantic noise shared by HWT and MGT, thereby
drowning out weak style signals.

Importance of structured distribution model-
ing. The "w/o Wasserstein" ablation experiment
exhibits a significant increase in standard deviation
(for example £1.79 on Writing) and a decrease in
F1 score. This validates Theorem 1, that weighting
local decisions according to theoretical discrim-
inability (Wasserstein distance) can build a more
robust detector. Furthermore, the "w/o Contrastive"
(only constructing human distribution) ablation ex-
periment performed the worst among all valid meth-
ods (for example Review F1 dropped to 80.08%).
This confirms that MGT are not merely outliers of
human text; they possess their own statistical reg-
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ularities. Explicitly modeling the likelihood ratio
P(x/MGT)/P(x|[HWT) is more effective.

Robustness across embedding models. Al-
though the original method uses RoBERTa,
the comparative experiment with Qwen-3-0.6B-
Embedding also achieved highly competitive re-
sults, even slightly outperforming RoBERTa on the
Writing dataset (F1 97.27%). This proves that our
method has high adaptability for different embed-
ding models. Notably, the "random projection”
comparative trial still achieved impressive perfor-
mance (average F1 > 80%), even surpassing many
existing mainstream detection baselines. This in-
dicates that even in the absence of true semantic
information, detection with considerable precision
can be achieved solely relying on the structured
statistical differences captured by our distribution
modeling. When high quality semantic embed-
dings are introduced, performance is further im-
proved by approximately 10% to 15%, illustrating



Table 9: Ablation studies across different domains. We report AUC and F1 scores for ArXiv and Writing, and F1
scores for XSum and Review. Results represent the mean and standard deviation over 5 independent runs. The
statistical significance of the performance drop compared to ProSSD is measured by a t-test: * p < 0.05, T p < 0.01,

tp < 0.001.
Method ArXiv Writing XSum Review
AUC Fl AUC F1 F1 F1
ProSSD (RoBERTa + SSP) 99.55+0.26 99.25+0.18 99.34+0.03 96.45+0.14 96.96+0.16 97.23+0.03
Robustness of Semantic Representations
Qwen-2.5-0.6B-Embed 96.22+0.12% 91.38+0.34% 99.16+0.13* 97.27+0.25" 88.93+0.42% 97.184+0.16
Random Projection 83.50+1.81% 76.294+2.19% 85.53+3.37" 77.21+3.58% 87.36+1.36% 84.0542.63¢
Impact of Subspace Projection (SSP)
w/o SSP (PCA) 99.514+0.22 98.744+0.207 97.58+0.09% 92.04+0.19* 88.02+0.29* 92.25+0.25¢
w/o SSP (Rand) 92.05+£1.52% 87.97+3.031 97.84+041"1 93.23+0.51% 89.61+0.88% 93.0240.54*
w/o SSP (No-Proj) 95.71+£0.83% 94.60+0.75¢ 98.16+0.32 94.44+0.43% 90.81+0.28* 94.1740.30*
Ablation on Detection Strategies
w/o Wasserstein (Uniform) 99.74+0.20 98.07+1.06 96.42+0.88" 90.70+£1.79T 91.46+1.567 92.15+1.06¢
w/o Contrastive (Human-Only) 97.39+0.18% 93.024+0.30* 95.7340.19* 88.71+£0.35% 86.2740.57* 80.08+0.53*

that our method better combines deep semantic
flow with syntactic statistical features.

E.4 Visualization Details

Visualization of discriminative meta-structures.
To visualize the relationships between structures,
we construct a discriminative meta-structure topol-
ogy as shown in Figure 7. In this graph, each node
represents a part of speech (POS) category acting
as a local syntactic anchor, while directed edges
explicitly characterize the meta-structure transition
patterns 7 (posi, posi4+1) between adjacent
words. The color intensity and thickness of the
edges correspond to the Wasserstein discriminant
weights (w;) derived in Section 3.3. Darker colors
and thicker lines indicate that under this syntactic
transition path, the conditional semantic distribu-
tion of machine generated text exhibits significant
statistical deviation from that of human written text,
thus being assigned a higher discriminant weight.
Accordingly, the node size reflects its cumulative
usage, characterizing the importance of that syn-
tactic structure as a hub for differentiated semantic
flow.

The meta-structure topology across different do-
mains reveals that the structural information gen-
erated by machines is not static but demonstrates
strong context dependency. As shown in Figure 7,
discriminative hotspots present distinctly different
distribution results. In formal domains with high
syntactic complexity such as news or Wikipedia
(Figure 7b), the discriminative network presents a
dense interaction structure centered on subordinat-
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ing conjunctions (SCONJ) and coordinating con-
junctions (CCONIJ). This suggests that although
large models perform well in local fluency, they
still struggle to reproduce the rigorous logic and
coherence of human authors in deep syntactic struc-
tures when dealing with long complex sentences
and logical clauses, leading to significantly ele-
vated Wasserstein distances at these connectives.
Conversely, in domains with strong subjectivity
or informal contexts like reviews or social me-
dia (Figure 7c), the center of discrimination sig-
nificantly shifts towards pronouns (PRON), adjec-
tives (ADJ), and even interjections (INTJ). In this
context, statistical differences mainly stem from
microscopic variations in stance expression and
emotional coloring. Human written text often ex-
hibits extremely high variance and idiosyncrasy in
subjective descriptions and first person narratives,
whereas model generated text tends to fall into se-
mantic collapse, manifesting as more mediocre and
conservative semantic choices that fail to mimic
diverse authentic human emotional states.

Distribution of detection scores. To intuitively
evaluate the ability of the detector to distinguish
between human and machine text, we visualized
the score distribution of all samples in the test set
(Figure 8). The green and red curves represent
the probability density distributions of scores for
human written text and large language model text,
respectively. We calculated the overlap rate, de-
fined as the intersection area of the two probability
distribution functions, to quantify the degree of
confusion. A lower overlap rate implies a greater
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Figure 7: Visualization of Discriminative meta-structure Topology across different domains. Each node
represents a POS tag, and edges denote structural transitions. The edge thickness and color intensity correspond to
the Wasserstein discriminative weight (w, ), highlighting where MGT deviates most from HWT.

distance between the two classes of text in the fea-
ture space and a clearer decision boundary.

Comparing the baseline RepreGuard with our
ProSSD reveals the significant advantage of
ProSSD in distinctiveness. First, ProSSD demon-
strates extremely low distribution overlap. While
RepreGuard shows an overlap rate exceeding 14%
on multiple models (such as 14.4% on GPT 5.1),
posing a higher risk of misjudgment, ProSSD com-
presses the overlap rate to an extremely low level
(such as only 1.0% on Gemini 3 Flash), effectively
partitioning the two types of text into distinct dis-
tribution regions. Second, ProSSD establishes a
wider safety margin in score values. Observing the
horizontal axis, the scores of RepreGuard are con-
centrated in a narrow interval from O to 3, whereas
the score span of ProSSD significantly expands to
between -80 and +20. This broad numerical differ-
ence builds a sufficient safety buffer between hu-
man and machine text, proving that this method can
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extract features with greater discriminative power
and achieve more robust sample separation in the
numerical space.

Word level discriminative analysis. We con-
ducted a sample analysis to visualize the discrimi-
native contribution of each token via color coding,
as shown in Figures 9. As indicated by the topol-
ogy in Figure 7, while attending to text content,
our method keenly captures interactions between
part of speech structures. The nodes for pronouns
(PRON), coordinating conjunctions (CCONJ), ad-
positions (ADP), and determiners (DET), along
with their connecting edges, exhibit the darkest col-
ors, indicating that they are key to distinguishing
between human and Al text.

As shown in Figure 9b, this text is classified
as LLM generated. For instance, when handling
clause introductions in long complex sentences
(such as "whose") and parallel structures (such as
"and"), the semantic transitions surrounding these
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Figure 8: Visualization of detection score distributions across four LLLMs. The green and red curves represent
the probability density functions of human-written and machine-generated texts, respectively. We compare our
method, ProSSD, with the state-of-the-art baseline, RepreGuard.

tokens are extremely smooth and lack variation.  under different input output correspondences. To
Their distribution biases towards the center of our  optimize the spatial layout of Table 10, we catego-
constructed Al Gaussian distribution, exhibiting  rized the evaluation tasks into "Gen." (generation)
extremely low semantic variance. and "Rev." (revision). Specifically, the "Rev." cate-
As shown in Figure 9a, this text is classified as  gory is the weighted average result of the "polish"
human written. Consider the placement of "and",  and "rewrite" tasks in the original benchmark, as
particularly the tight combination of CCONJ and  both tasks involve modifications to human written
DET in "and both". When describing complex  text rather than generating content from scratch.
chemical structures like icosahedral and decagonal ~ The results of all baseline methods, including the
quasicrystals, the human author employs the nested ~ previous state of the art methods DetectAnyL.LM
parallel structure "and both... and...". This usage  and RepreGuard, are partly cited directly from the
exhibits strong specificity in the semantic vector  original MIRAGE paper to ensure fairness and con-
space. Such representation lies closer to the human  sistency of comparison.
distribution g7 and further from the Al distribution.
Consequently, our method classifies it as human
text.

Table 10 presents the quantitative comparison re-
sults between our method and existing baseline
methods. In the "Gen." task, ProSSD demon-
strates significant performance advantages, out-
performing the strongest baseline DetectAnyLLM
in all metrics under both DIG and SIG settings.
To further verify the generalization ability of the = Notably, in the MIRAGE DIG generation subset,
proposed method in complex real world scenar-  ProSSD achieved a TPR@5% of 88.62%, realizing
ios, we extended the evaluation scope to the latest  a significant improvement of approximately 10.9
MIRAGE benchmark (Fu et al., 2025) proposed  percentage points compared to DetectAnyLLM
within three months. MIRAGE is a comprehen-  (77.70%). This indicates that our method con-
sive evaluation framework covering 10 different  structs a more robust discriminative boundary for
corpora across 5 text domains, utilizing 17 ad- completely machine generated content. In the
vanced LLMs to construct diverse adversarial sam-  "Rev." task, ProSSD remains highly competitive,
ples. The benchmark includes two settings: disjoint  achieving an AUROC score slightly higher than cur-
input generation (DIG) and shared input generation ~ rent state of the art methods, for example 92.70%
(SIG), aiming to test the performance of detectors  versus 92.64% under the DIG setting. Although

E.5 Extended Evaluation on MIRAGE
Benchmark
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Human ¢ T Al

Classical effective potentials are indispensable for any large - scaleatomistic simulations ,
and the relevance of simulation results cruciallydepends on the quality of the potentials
used . For complex alloys likequasicrystals , however , realistic effective potentials are
practicallyinexistent . We report here on our efforts to develop effective potentialsespecially
for quasicrystalline alloy systems . We use the so - called forcematching method , in
which the potential parameters are adapted so as tooptimally reproduce the forces and
energies in a set of suitably chosenreference configurations . These reference data are
calculated with ab - initiomethods . As a first application , EAM potentials for decagonal
Al - Ni - Co , icosahedral Ca - Cd , and both icosahedral and decagonal Mg - Zn
quasicrystals havebeen constructed . The influence of the potential range and degree

ofspecialisation on the accuracy and other properties is discussed and compared .

(a) Human-written text sample.

Human ¢ D Al

We present results from a campaign of ground - based , high - contrast direct imaging
observations of exoplanets using the Gemini Planet Imager ( GPI ) . Employing extreme
adaptive optics coupled with an apodized pupil Lyot coronagraph and integral field
spectroscopy , GPI achieves contrasts better than 107° at separations of <0.4” in the near
- infrared . We describe the target selection strategy focusing on young , nearby stars ,
the observing procedures , and the data reduction pipeline , including advanced post -
processing algorithms such as angular and spectral differential imaging . From this survey
, we confirm and characterize several previously known directly imaged planets and
identify a set of new substellar companions whose astrometry and photometry are
consistent with planetary - mass objects . Spectral extraction across multiple bands enables
constraints on effective temperature , surface gravity , jand atmospheric composition ,

thereby informing models of giant planet formation and evolution .

(b) Machine-generated text sample.

Figure 9: Visualization of token-level discriminative contribution. Red shading indicates tokens that the model
identifies as more characteristic of LLM generation, while green shading indicates tokens more typical of human
writing. The top pane displays a human-written sample, and the bottom pane displays an Al-generated sample.
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Table 10: Performance comparison (%) on MIRAGE-DIG and MIRAGE-SIG. Tasks are categorized into Gen.
(Generation) and Rev. (Revision, weighted average of Polish & Rewrite). ProSSD achieves superior performance
in generation tasks and competitive results in revision tasks.

| MIRAGE-DIG | MIRAGE-SIG
| Gen. | Rev. | Gen. | Rev.
‘AUC Acc MCC TPR ‘AUC Acc MCC TPR ‘AUC Acc MCC TPR ‘AUC Acc MCC TPR

Method

Likelihood 49.36 5091 1.83 1.47 |44.90 50.00 0.00 1.80 |49.68 52.07 1.96 1.45 |44.55 50.01 0.15 1.70
LogRank 49.92 51.28 2.60 2.20 |43.64 50.00 0.00 1.62 |50.08 51.83 1.82 1.86 |43.41 50.00 0.00 1.63
Entropy 65.22 61.50 25.43 10.99|56.78 54.94 14.55 10.75|64.42 61.23 15.92 10.74|57.52 55.45 7.23 10.76
RoBERTa-Base |55.23 53.97 14.34 12.50({49.42 5030 1.94 5.16 [53.68 53.92 529 11.01]49.26 50.68 1.37 5.36
RoBERTa-Large |47.16 52.17 8.42 8.71 |53.77 52.72 6.10 7.68 |47.03 52.36 4.17 9.10 |53.70 52.96 3.46 7.33
LRR 52.15 53.41 7.77 17.01 |40.03 50.00 0.00 1.94 |52.14 53.11 3.14 6.57 |40.25 50.00 0.00 2.05
NPR 61.20 61.40 26.04 1.91 |48.85 52.83 8.60 2.71 {60.88 61.70 15.71 1.85|49.01 52.39 4.72 2.33
DetectGPT 64.02 62.58 27.58 2.75 |52.58 53.94 10.69 3.18 |63.53 62.41 17.19 1.93 |52.51 53.83 5.46 2.73
Fast-DetectGPT |77.68 72.34 46.28 43.10(55.83 54.99 11.50 11.04|77.06 71.93 20.78 42.00|56.00 55.55 5.65 11.65
ImBD 85.97 77.38 54.97 40.65|78.55 71.07 42.17 28.35|86.12 77.91 55.99 41.83|78.18 70.55 41.85 29.49

DetectAnyLLM [95.25 89.88 79.75 77.70|92.64 87.18 74.66 77.67|95.26 90.59 81.19 77.22(92.34 86.90 73.99 76.73
ProSSD (Ours) |97.23 91.79 83.99 88.62(92.70 84.84 69.89 71.16|97.37 91.88 83.81 88.03|92.52 84.99 70.06 69.94

DetectAnyLLM maintains a slight advantage in  parameters of our method, we set the projection
accuracy and MCC metrics for revision tasks, the  dimension £ = 4 in both comparative and ablation
excellent AUROC performance of ProSSD indi- experiments. The window size for constructing
cates that our method can effectively rank machine = meta semantics and meta-structures is set to 2, with
revised text, even if specific decision thresholds re-  a stride of 1. Regarding training data volume, our
quire further calibration. Overall, these experimen-  comparisons utilize 1400 HWT and MGT samples
tal results confirm that our method can effectively  extracted from the training set. For general exper-
capture critical semantic structural distribution dif-  iments, the random seed is set to 42. In ablation
ferences, a capability that is particularly prominent  studies, we conduct 5 independent runs with ran-

in generation type tasks. dom seeds set to 42, 43, 44, 45, and 46.
In the sensitivity analysis, we primarily con-
F Method Details and Code Statement ducted two experiments. The first experiment dis-

cusses the optimal value of the projection dimen-
sion k. We tested k in the range of {1, 2, 3, 4, 5, 6,
We formally describe our proposed ProSSD dis- 8, 10, 12, 16, 32}. In this case, the semantic embed-
crimination framework in Algorithm 1. The  ding model is controlled as RoBERTa-large, with
method first constructs a supervised subspace pro- 1400 HWT and MGT training samples. The sec-
jection matrix. It then performs semantic structural ~ ond experiment discusses the required training data
distribution modeling. After obtaining the distribu-  size. The data volume N ranges from {50, 100,
tion sets for HWT and MGT, it scores and detects 200, 400, 600, 800, 1000, 1200, 1400, 1600, 1800}
new input text via a detection function based on  HWT and MGT samples. In this experiment, the

F.1 Algorithm and Experimental Settings

modified Mahalanobis distance. projection dimension is k = 4, and the semantic
The hyperparameter settings of our method  embedding model is ROBERTa-large.
include the following aspects. Regarding

part of speech tagging, we employ the latest F.2 Code Description in Submission Materials

en_core_web_sm_3.8.0 model released by the = We have submitted the code for the modeling and
spacy library. This model covers over 100 part  detection steps of our method. We also included
of speech tags. Regarding semantic embeddings, the training and test data for our newly constructed
all experiments excluding ablation studies utilize = datasets under domain and model testing configu-
the RoBERTa-large model. We use the 1024 di-  rations.

mensional vector from the final layer output as the

word level embedding. All experiments and cal-

culations were completed on a CPU and a single

NVIDIA A800 SXM4 80G GPU. For the hyper-
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Algorithm 1 Semantic-Structural Distribution Modeling via Subspace Projection

Require: Human corpus Dy, Al corpus Dyg.
Require: Embedding Model F, Projection dim k£, Window size w.
Ensure: Projection Matrix P, Distribution Library L.

1: procedure LEARNSUBSPACE(Dg, Dy, k)

2: Extract embeddings Eg, E 45 using F.

Append pj to P
end forreturn P
10: end procedure

3 E<« [EgEaly< [0...0;1...1]

4: Initialize P < (), E,s < Center(E)

5: forj=1— kdo > Sec 3.2: Supervised Projection
6: p;  argmaxy, o1 (Cov(Eresp, y))?

7 Eres < Epes — (Eresp;f)(pj»)T > Sec 3.2: Feature Deflation
8:

9:

11: procedure BUILDDISTRIBUTIONLIBRARY (D, Day, P)

122 L+ 0

13: for S € {Dy,Dar} do

14: V «— F(S)P > Sec 3.2: Project to k-dim semantic space
15: Construct Meta-Semantics X' = {(x¢, 7¢) L,

16: where x; = [vy; vit1] and 1 = (post, posiy1)

17: end for

18: for each unique structure 7 € IT do

19: Estimate N7 (pg, ) and N7, (py, Ear) via MLE

20: Calculate weight w, < Wa (N7, N;) > 3.3: Wasserstein Dist
21: Lir] < {NF, N, wr}

22: end forreturn L

23: end procedure

24: function DETECT(Text T, P, L)

25: VvV« F(I)P

26: Parse structure sequence 7y s and features x1__ps
27: ScoreSum + 0, WeightSum < 0

28: fort=1— M do

29: if m; € L then

30: Retrieve parameters (pp, Xp7), (tpr, Xar), Wy from L

31 Calculate modified Mahalanobis distances M g, My

32: st 5(Mp(xe) — M (xy)) > Sec 3.4:Ditection
33: ScoreSum < ScoreSum + wy - s¢

34: WeightSum < WeightSum + wy

35: end if

36: end forreturn S(7') <— ScoreSum/WeightSum
37: end function
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