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Abstract

With the rapid proliferation of large language models (LLMs), distinguishing machine-
generated text from human-authored content has become increasingly critical for ensuring
content authenticity, academic integrity, and trust in information systems. However, de-
tecting text generated by LLMs remains a challenging problem, particularly in zero-shot
settings where labeled data and domain-specific tuning are unavailable. To address this
challenge, in this paper, we propose a novel Collaborative Multi-Agent Zero-Shot Detection
framework (CMA-ZSD). In contrast to existing methods based on watermarking, statistical
heuristics, or neural classifiers, our CMA-ZSD employs three functionally heterogeneous
agents that perform differentiated perturbations of the input text. By jointly modeling
semantic consistency, grammatical normalization, and feature-level reconstruction, our
method captures intrinsic asymmetries between human-authored and LLM-generated
text. A semantic similarity evaluation mechanism, combined with majority voting, enables
robust and interpretable detection decisions that balance individual agent autonomy with
collective consensus. Extensive experiments across 11 domains demonstrate the effec-
tiveness of our method, with its zero-shot detection achieving accuracy comparable to
domain-finetuned models in specific domains such as Finance and Reddit-dli5.

Keywords: collaborative multi-agent; LLM-generated text detection; zero-shot

1. Introduction

In recent years, LLMs have demonstrated remarkable capabilities in text generation.
The content they produce has reached a level comparable to human creation in terms of

W) Check for updates natural fluency, logical coherence, contextual richness, and other dimensions [1]. Beyond

their generative capabilities, LLMs have been increasingly applied in high-stakes domains
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such as personalized healthcare, supporting clinical decision-making and patient risk as-
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sessment [2]. Recent studies have shown that even state-of-the-art LLMs can produce
variable reasoning chains and semantic inconsistencies, highlighting the need for robust

Published: 16 April 2026 evaluation and detection of machine-generated text [3]. While these advances have sub-
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result, the development of accurate and reliable methods for detecting LLM-generated text
has become an urgent and important research problem for both academia and industry.

Existing approaches to LLM-generated text detection can be broadly categorized into
three main paradigms: watermarking-based methods, statistics-based methods, and neu-
ral model-based methods [5]. Watermarking techniques embed identifiable signals into
model outputs during generation, either by manipulating token sampling distributions
or by post-processing generated text, enabling reliable detection when the watermarking
scheme is known [6]. However, these methods require control over or cooperation from the
generation process, making them ineffective for detecting text produced by unmodified
or unknown models. Statistics-based methods exploit intrinsic statistical properties of
generated text, such as token probability distributions, perplexity, repetition patterns, or
sensitivity to perturbations [7], with representative approaches including rank-based met-
rics and perturbation-based detectors such as DetectGPT [8]. Despite their zero-shot nature,
such methods are often sensitive to domain shifts, text length variations, and decoding
strategies, leading to unstable performance in real-world scenarios. Neural model-based
methods frame detection as a supervised or semi-supervised classification task, leveraging
feature-based classifiers or fine-tuned pre-trained language models (e.g., RoBERTa-based
detectors [9]) to distinguish between human-authored and machine-generated content.
While these approaches can achieve high accuracy within specific domains, existing meth-
ods typically depend on large-scale labeled data and domain-specific fine-tuning, resulting
in high annotation costs and limited generalization across domains and model variants.

To address the limitations of existing LLM-generated text detection methods, in this pa-
per, we proposes a Collaborative Multi-Agent framework for Zero-Shot Detection, termed
CMA-ZSD. Unlike watermarking-based methods, CMA-ZSD does not require access to
or control over the text generation process, enabling the detection of content produced by
arbitrary and previously unseen LLMs. By operating in a zero-shot setting, the proposed
framework avoids dependence on labeled data and domain-specific fine-tuning, thereby
alleviating the scalability and generalization issues inherent in neural classifier-based
methods. Moreover, instead of relying on a single statistical signal, CMA-ZSD integrates
multiple complementary perspectives through collaboration among heterogeneous agents,
which enhances robustness to domain shifts, decoding strategies, and surface-level para-
phrasing. This design allows our CMA-ZSD to achieve a balanced trade-off between
detection accuracy, cross-domain robustness, and practical deployability.

Specifically, CMA-ZSD constructs three functionally heterogeneous agents, including
a text revision agent, a grammar correction agent, and a feature reconstruction agent, to
perform differentiated perturbations of the input text from semantic, grammatical, and
structural perspectives. Each agent independently processes the same input text and pro-
duces a transformed version, which is subsequently compared with the original text using
a semantic similarity scoring mechanism. The individual detection results produced by
the agents are then aggregated through a majority voting strategy to determine the final
classification. This collaborative design ensures that diverse linguistic cues are jointly
considered while reducing the impact of individual agent bias, thereby improving the
stability and interpretability of zero-shot LLM-generated text detection. Extensive experi-
ments across 11 diverse domains demonstrate that our CMA-ZSD consistently outperforms
existing zero-shot baselines and achieves performance comparable to, or exceeding, that of
domain-finetuned methods in several domains, validating its effectiveness and robustness
in real-world settings.

The main contributions of this paper can be summarized as follows:

(1) We propose a novel collaborative multi-agent framework for zero-shot LLM-
generated text detection, termed CMA-ZSD. To the best of our knowledge, this is the
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first study to introduce multi-agent collaboration into zero-shot generated text detection,
enabling robust detection without access to the generation process or reliance on labeled
training data.

(2) We design a heterogeneous agent collaboration mechanism that integrates se-
mantic revision, grammatical correction, and feature-level reconstruction, together with
a similarity-based decision strategy and majority voting. This design effectively captures
complementary linguistic cues and enhances robustness against domain shifts, paraphras-
ing, and decoding variability.

(3) We conduct extensive experiments across 11 diverse domains to systematically
evaluate the proposed method. Experimental results demonstrate that CMA-ZSD consis-
tently outperforms existing zero-shot baselines and achieves performance comparable to,
or exceeding, that of domain-finetuned methods in several domains, highlighting its strong
cross-domain generalization capability and practical applicability.

2. Related Work

With LLMs demonstrating superior performance in natural language processing
tasks, the misuse of their generated content has become increasingly prominent, posing
significant challenges for detection. Recent studies suggest that machine-generated text
exhibits distinct distributional and geometric properties compared to human-authored text.
For example, DetectGPT shows that LLM-generated text tends to lie near high-probability
regions of the model distribution and demonstrates characteristic curvature behavior under
perturbations [8]. Similarly, likelihood-based detection methods observe that generated text
often exhibits smoother probability landscapes and greater local consistency compared to
human-written text [10,11]. These findings support the hypothesis that perturbation-based
analysis can reveal structural differences between human and machine-generated language.
Existing approaches can be categorized into three paradigms:

2.1. Watermarking-Based Methods

Watermarking-based methods aim to detect LLM-generated text by embedding identi-
fiable signals into the generation process or the generated content itself, thereby enabling
post hoc verification of machine authorship [12]. As a proactive detection paradigm, wa-
termarking has attracted considerable attention due to its theoretical reliability when the
watermarking scheme is known and preserved [13].

Early efforts in this domain focused on logit-based watermarking, where the token
sampling distribution of an autoregressive language model is adjusted to promote spe-
cific patterns in generated text. A foundational example of this strategy is the work by
Kirchenbauer et al., who introduced a logits-bias watermarking framework (WLLM) that
divides the vocabulary into “green” and “red” token sets and biases generation toward the
green set, such that the statistical imbalance in token usage can later be detected with high
confidence [14].

Building on this premise, subsequent research explored more adaptive watermarking
strategies. For example, Liu et al. proposed an adaptive text watermarking technique
that selectively applies watermarking to high-entropy token distributions to maintain
text quality while preserving watermark robustness [15]. Meanwhile, Dabiriaghdam et al.
presented SimMark, a sentence-level similarity-based watermarking algorithm that embeds
imperceptible patterns by leveraging semantic similarity of sentence embeddings combined
with rejection sampling, offering enhanced robustness against paraphrasing attacks [16].

Beyond logits-manipulation techniques, recent works like REMARK-LLM explore
message-encoding and reparameterization modules to infuse binary signatures into LLM
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outputs while preserving semantic integrity. This framework efficiently encodes watermark
bits and ensures their recoverability even under certain editing operations [17].

Despite the advances in embedding and detecting watermarks under controlled con-
ditions, a key limitation of watermarking-based methods is their reliance on access to the
generation process or the watermark key. If the generation model is unknown, uncoopera-
tive, or has not been watermarked, these techniques cannot be applied, and watermarks can
be weakened or removed through paraphrasing, translation, or other text transformations.
Consequently, while watermarking offers a theoretically sound approach under specific
conditions, its applicability in open, uncontrolled environments remains limited.

2.2. Statistics-Based Methods

Statistics-based methods detect LLM-generated text by exploiting statistical regulari-
ties in language patterns that differentiate machine outputs from human writing [18].

Early work in this area explored basic likelihood and rank statistics derived from
language model outputs. For example, DetectLLM leverages log-rank information from
token distributions to perform zero-shot detection without requiring training data [19].
By comparing log-rank statistics with and without perturbations, DetectLLM variants
(e.g., DetectLLM-LRR and DetectLLM-NPR) have shown improved detection performance
over earlier baselines across multiple datasets and models, highlighting how distributional
signals can be used for robust detection.

A related line of research analyzes properties of model probability functions. For exam-
ple, DetectGPT introduces a probability curvature-based criterion for zero-shot detection,
observing that text sampled from an LLM tends to occupy negative curvature regions of the
model’s log-probability landscape [8]. By generating perturbed versions of a given passage
and comparing the resulting log probability differences, DetectGPT demonstrates superior
discriminative ability relative to simple likelihood measures. Subsequent extensions such
as DetectGPT-SC improve detection by incorporating self-consistency checks with masked
predictions, further refining statistical cues to distinguish machine-generated text without
supervision [20].

Beyond direct probability metrics, researchers have also investigated information
density and other psycholinguistically motivated features. For example, in GPT-who, an
information density-based detector inspired by the Uniform Information Density principle,
text is evaluated for how evenly information is distributed, a characteristic thought to differ
between human and LLM outputs [21]. This UID-based statistical approach achieves strong
detection performance across multiple benchmarks and provides interpretable features
that supplement traditional probability statistics.

While statistics-based methods benefit from being training-free and domain-agnostic,
they can be sensitive to model sampling strategies, text length, and domain shifts. Simple
metrics like perplexity or n-gram statistics may vary substantially with prompt design or
text genre, potentially leading to unstable detection in real-world applications.

2.3. Neural-Based Methods

Neural model-based methods formulate LLM-generated text detection as a supervised
or semi-supervised classification task, leveraging neural networks to learn discriminative
features that distinguish human-authored text from machine-generated text [22]. These
methods typically fine-tune pre-trained language models (PLMs) or train lightweight
classification heads using labeled examples, enabling flexible adaptation to diverse domains
and generation styles.

One of the earliest works in this category applied fine-tuned BERT for generated text
detection. For example, Ippolito et al. demonstrated that a BERT classifier fine-tuned on
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labeled examples of human and machine-generated text can achieve competitive detection
performance, particularly when training and evaluation data are drawn from similar
distributions [23]. This study highlighted the potential of leveraging deep bidirectional
representations to capture subtle linguistic cues indicative of generative processes.

More recent studies have focused on improving robustness and generalization across
domains and generation models. For example, Tian et al. proposed RoBERTa-MPU, a
neural detection framework that incorporates multi-scale semantic representations and
positive—unlabeled learning to enhance detection performance for both short and long
texts [24]. By leveraging large-scale pre-training and carefully designed learning objectives,
this approach demonstrates strong detection accuracy across multiple datasets and LLM
variants. Moreover, Koike et al. introduced Outfox, an LLM-based detection framework that
applies in-context learning with adversarially generated examples, enabling the detector to
adapt to diverse generation styles without explicit fine-tuning [25].

Despite their strong empirical performance, existing neural model-based methods
suffer from several inherent limitations. They typically require large amounts of labeled
training data, which are costly to obtain and may not be available for newly emerging
domains or generation models. Moreover, existing detectors trained on specific LLM
outputs often exhibit degraded performance when applied to text generated by unseen
architectures or decoding strategies, limiting their cross-model generalization. The high
computational cost associated with training and deploying large neural detectors further
constrains their practicality in dynamic, real-world detection scenarios.

3. Methodology
3.1. Overall Framework

In this paper, we propose a collaborative multi-agent framework for zero-shot LLM-
generated text detection, termed CMA-ZSD, which identifies machine-generated content
without relying on labeled training data or domain-specific fine-tuning. The core idea
of the framework is to exploit complementary linguistic perspectives through the coor-
dinated interaction of multiple heterogeneous agents, thereby improving robustness and
generalization in open-domain scenarios.

As illustrated in Figure 1, our CMA-ZSD consists of three independently operat-
ing yet collaboratively integrated agents, each designed to process the same input text
using a distinct transformation strategy. Specifically, the text revision agent performs
human-like rewriting while preserving semantic meaning, the grammar correction agent
normalizes grammatical structures through error correction, and the feature reconstruc-
tion agent regenerates text based on abstracted semantic features. These agents introduce
differentiated perturbations to the input text from semantic, grammatical, and structural
viewpoints, respectively.

For a given input text, each agent produces a transformed version, which is then
compared with the original text using a semantic similarity scoring mechanism based on
BARTScore. The resulting similarity scores reflect how sensitive the input text is to each
type of perturbation. Since human-authored and LLM-generated texts respond differently
to such transformations, these scores provide discriminative signals for detection. Each
agent independently applies a predefined decision threshold to generate a binary prediction
indicating whether the text is human-written or machine-generated.

To integrate the decisions of individual agents, our CMA-ZSD employs a majority
voting strategy that aggregates the three binary predictions into a final classification result.
This ensemble-based decision mechanism mitigates the influence of individual agent errors
and reduces detection instability caused by domain shifts or surface-level paraphrasing.
By combining agent autonomy with collaborative decision-making, the overall framework
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achieves a balanced trade-off between accuracy, robustness, and interpretability, making it
well suited for practical zero-shot LLM-generated text detection.

Revised
& Prompt | ”
—_— |
) Agent-Refined Dataset ‘ :
Corrected
Prompt

'ﬁ' Evaluation Model
Input text @ >
©) (3] v N

Text similarity

Multi-Agent Collaborative Judgment

Voting strategy

Final Result

Figure 1. The illustration of our collaborative multi-agent method for zero-shot LLM-generated
text detection. Three agents are first designed to process the text. Then the results are evaluated to
calculate similarity with BARTScore. The voting mechanism is final conducted to predict the results.

Algorithm 1: Multi-Agent Text Revision
Input: Original human answer set: H = {hy, hy, ..., hn};

Original LLMs answer set: C = {c1,¢2,...,¢n};
Agent collection: A = { Ayevise, Acorrect, Afeature }
Output: Revised dataset: D* = {#;,C}
// (generated by agents Ay, k € {revise, correct, feature})

Dynamic token limit:
Based on original text length |s|:

150 if |s| < 50
max_tokens = ¢ 250 if 50 < |s| < 200
400 otherwise

for each sentence index i do
m = max_tokens(a;)
for each agent A € A do
// Generate augmented answer using GPT
ay ; = GPT-3.5-turbo(prompt,, T = 0.7,m)
// Save to corresponding set if a;; € H then
‘ Hy < HyUdag,;}
else
‘ Cp + Ciu{ag;}

return Revised dataset D*

3.2. Agent Design

All three agents are implemented via LLM-based text transformation using gpt-3.5-
turbo with domain-specific prompts. For an input text s, each agent generates a perturbed
version (s, s”, or ') through conceptually guided rewriting. Notably, the following
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equations describe the operational implementation of the proposed framework rather
than abstract conceptual relationships. All quantities are computed directly using fixed
pre-trained models without parameter optimization.

Text Revision Agent: The core task of the text revision agent is to modify input text
and generate a new version directly that maintains semantic consistency while altering the
expression form [1], thereby simulating human adjustments to linguistic expression. The
optimization objective of the intelligent agent can be formalized as:

Arevise(s) = argmax|A - Seem(s,8") — (1 — A) - Diex(s,8")] (1)
s'eT (s)

where s denotes the original text, s’ is the revised version, T (s) represents the candidate text
space constrained by dynamic generation length, Ssem (-) measures semantic consistency,
and Dy, (-) quantifies lexical divergence. A € [0, 1] balances fidelity to semantics against
surface-level diversity. This objective explicitly balances semantic preservation and lexical
variation to reveal stylistic rigidity in LLM outputs.

LLM-generated texts typically follow fixed linguistic patterns, with revised versions
showing high lexical and syntactic similarity to originals. Human-generated texts exhibit in-
herent expressive diversity [26], producing significantly lower similarity between revisions
and originals. Quantifying this discrepancy enables effective detection.

Grammar Correction Agent: The grammar correction agent focuses on grammatical
error correction to produce a standardized version of the input text [27]. Importantly,
this component does not assume that LLM-generated text contains more grammatical
errors than human-authored text. Rather, it examines how each text type responds to
standardized normalization. LLM-generated text is typically produced under probabilistic
fluency constraints, often resulting in grammatically well-formed and distributionally
smooth outputs. Human-authored text, particularly in informal domains, may exhibit
stylistic variability, non-standard constructions, or domain-specific phrasing. As a result,
grammatical normalization may induce different degrees of semantic and structural shift
across text types. The correction process can be modeled as:

Acorrect(s) = arg min[Lsyn(SH) +7- Cstruct<5/ SH)] (2)
s"eT(s)

where s” is the corrected output, Lsyn (-) calculates syntactic compliance loss based on a
dependency parser, and Csiruct(+) quantifies syntactic structural changes using tree edit
distance. 7y > 0 controls the trade-off between grammatical normalization and preservation
of original structure. This objective enforces syntactic normalization while constraining
structural drift, highlighting implicit grammatical biases in LLMs.

Although LLM-generated texts demonstrate high grammatical correctness, they may
contain implicit syntactic biases (e.g., excessive nested clauses, function word redundancy).
Post-correction, these texts show minimal syntactic divergence from the original. Con-
versely, human writing often incorporates personalized grammatical habits (e.g., short
sentence interleaving, flexible punctuation), leading to more pronounced syntactic modifi-
cations during correction.

Feature Reconstruction Agent: The feature reconstruction agent employs an abstract
text processing strategy, which extracts core semantic features from input text and then
generates new text based on these features.

Afeature (S) = arg max[zx - Feore (SISW) - .B ’ Rsurf(sr Sm)] (3)
s"eT(s)
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where s is the reconstructed text, Foore (+) represents core semantic feature matching degree,
and Rg,¢(-) measures surface-form reconstruction difference. «, § > 0 weight semantic
retention versus surface variation. This objective prioritizes high-level semantic fidelity
over surface form, amplifying coherence gaps between human and LLM texts.

This approach exploits inherent differences between LLM-generated and human-
written texts [28]: LLM outputs often show limited logical coherence and semantic depth,
whereas human texts exhibit strong intrinsic consistency. Through feature extraction
and reconstruction, similarity gaps emerge, with human-authored texts showing reduced
similarity to reconstructed outputs and LLM-generated texts demonstrating heightened
similarity, forming a discriminative pattern.

To illustrate the distinct behaviors of the three agents, Table 1 presents a concrete ex-
ample using a human-written input from Reddit_dli5 subset in the HC3 dataset. The
outputs highlight how each agent transforms the same source text according to its
designated objective.

Table 1. Example outputs of the three agents on a human-written input.

Type Text
. Depends when you start work. If you start at 7 am then 12-8 is a
Original .
bad idea.
It is important to consider the timing of when you begin your workday.
Text Revision If your workday starts at 7 am, following a schedule of working from

12 pm to 8 pm may not be the most ideal choice.

It depends on when you start work. If you start at 7 am, then 12-8 is a
bad idea.

Starting work at 7 am means that the time frame of 12-8 would not
be ideal.

Grammar Correction

Feature Reconstruction

3.3. Similarity Scoring Mechanism

For a source text x; and its revised version £;, we adopt BARTScore [29] as the core
scoring mechanism. BARTScore is a metric based on a pre-trained sequence-to-sequence
model, capable of effectively measuring semantic coverage and generation quality between
the source and target texts.

Parameterized by 0, the core idea of BARTScore is to compute the log-probability of
the target text x; given the revised text £; as the source. The specific steps are as follows:

1.  Tokenization: The target text is tokenized into a sequence of tokens:
x;j = {xi1, Xi, . .., Xin }, where n is the sequence length.

2. Log-Probability Calculation : For each token x;;, the model computes its generation
probability. The log-likelihood of all tokens is summed to derive the BARTScore. A
higher score indicates greater similarity between the source and target texts, suggest-
ing closer alignment with human writing patterns or logic. The BARTScore is formally

defined as: ;

BARTScore = ) log p(xit | Xi(j<p), %i,6) (4)
=1

3. Normalization: To facilitate threshold selection, the score is normalized to the [0, 1]

interval using the expit function (i.e., Sigmoid function):

1

Sexpit = 0(BARTScore) = 1 o BARTScore ®)

https://doi.org/10.3390/informatics13040062


https://doi.org/10.3390/informatics13040062

Informatics 2026, 13, 62

9 of 20

3.4. Voting Decision Mechanism

Each agent independently computes a normalized similarity score s e {0,1} and

expit
converts it into a binary prediction using a threshold 7*:
£ o(F)
0 U i S = T @

1 .
0, otherwise.

where 1 denotes LLM-generated text and 0 denotes human-written text. Notably, in this
work, “zero-shot” refers to the absence of any supervised parameter fine-tuning on labeled
training data. The backbone language models and perturbation modules remain fully
frozen throughout all experiments. The decision threshold 7* is applied only to convert
continuous similarity scores into binary predictions and does not involve updating model
parameters. Therefore, threshold calibration does not constitute supervised training and
does not affect the zero-shot nature of the proposed framework.

The final prediction is obtained through a voting strategy. In the default Conserva-
tive (majority-voting) strategy, a text is classified as LLM-generated if at least two of the
three agents predict it as such. Otherwise, it is classified as human-written. Formally,
Lo 22,

0, otherwise.

)

=<
\

This formulation clarifies that the decision mechanism is a standard majority-voting ensem-
ble, reducing the influence of single-agent errors.

4. Experiments
4.1. Datasets

HC3 Dataset: : The HC3 corpus [30], collected by the SimpleAl team, consists of
human-ChatGPT answer pairs for given questions across five distinct domains: Finance,
Open_ga, Medicine, wiki_csai, and reddit_dli5. For the Finance and reddit_dli5 domains,
we extracted 1000 human and LLM-generated texts each. The remaining domains were used
in their entirety. This dataset enables evaluation across diverse content types, including
financial reports, general knowledge queries, medical answers, encyclopedic articles, and
online forum conversations, providing a comprehensive benchmark for LLM-generated
text detection.

DetectGPT-Processed Datasets (DGPT) : We also utilized datasets curated by the De-
tectGPT study [8], which include XSum, Reddit WritingPrompts, and PubMedQA. XSum
consists of news articles and summaries, commonly used for tasks involving content genera-
tion and summarization. Reddit WritingPrompts contains stories generated in response to
user prompts, reflecting creative writing scenarios. PubMedQA consists of long-form answers
written by human experts in the medical domain. For all three datasets, machine-generated
texts were obtained by prompting a large language model with the first 30 tokens of the
human-written text, ensuring semantic alignment between human and generated samples.

CHEAT Datasets : The CHEAT dataset [31] includes three domains: Algorithm (A),
Medicine (M), and Subject (S), drawn from an English summarization corpus. Each
domain contains an equal number of human-authored and LLM-generated summaries,
with 200 texts per category in our experiments. This dataset provides a controlled set-
ting for evaluating detection methods in summarization tasks, where machine-generated
texts often exhibit high fluency and semantic similarity to human-written texts. The
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multi-domain design of CHEAT allows testing of cross-domain robustness and zero-shot
generalization capabilities.

4.2. Baseline Methods

To validate our CMA-ZSD, we benchmark against baseline models and the SOTA
methods spanning diverse paradigms from traditional machine learning to deep learning,
establishing comprehensive evaluation benchmarks.

SDA [32]: A classical unsupervised deep network that learns feature representations
for both domains via an autoencoder, followed by a classifier trained on source-domain
labels to enable target-domain classification.

TextCNN [33]: A deep neural network that uses convolutional layers to extract contex-
tual information from labeled source-domain data. The trained model is then applied to
classification tasks in the target domain.

Bert [34]: Bert adapts to specific tasks through supervised fine-tuning. Specifically,
it refines the pre-trained Bert model using source-domain data and applies the model for
classification in the target domain.

Prompt [35]: Inserts predictions into template prompts with a label word space con-
taining only class names, yielding classification outputs.

Spot [36]: This paper introduces a novel soft-prompt transfer method. Prompts are
trained on one or more source tasks and then used to initialize prompts for the target task,
enabling the classification of target-domain data.

ItSPT [37]: Proposes an iterative soft prompt tuning method for unsupervised domain
adaptation, enhancing classification performance through iterative prompt refinement.

DetectGPT [8]: A zero-shot detector exploiting inherent curvature in LLM probability
functions to detect machine-generated text.

RoBERTa-MPU [24]: A RoBERTa-based framework for LLM-generated text detection,
enhancing short-text classification accuracy while maintaining long-text performance.

4.3. Implementation Details

In the main experiments, the perturbation operations of the three agents are imple-
mented based on GPT-3.5-turbo. Specifically, text revision, grammar correction, and feature
reconstruction are conducted through prompt-based interactions with GPT-3.5-turbo to
generate corresponding text variants. The generation process of each agent is constrained
by its objective function to ensure semantic preservation, syntactic correctness, and the re-
tention of high-level semantic features during perturbation. All experiments are performed
in a zero-shot setting, without any domain-specific fine-tuning of the generative model.

For each dataset, the decision threshold T* is determined using a held-out validation
subset by maximizing the Fl-score. The same threshold is applied across all agents within
a dataset to ensure consistency. Thresholding is necessary because BARTScore-based
similarity values are continuous, converting them into binary decisions requires selecting
a cutoff that balances precision and recall. This validation-based selection ensures fair
comparison across different voting strategies.

In addition to the default Conservative (majority-voting) strategy, we evaluate
two alternative aggregation mechanisms to analyze the sensitivity of ensemble decisions.
The first is Single-Agent Trigger (formerly “Extremely Lenient”), which refers to a text is
classified as LLM-generated if any agent predicts it as such. This strategy maximizes recall
but may increase false positives. The second is Unanimous Consensus (formerly “Strict
Consensus”), which refers to a text is classified as LLM-generated only if all agents agree.
This strategy maximizes precision but may increase false negatives. These variants are
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evaluated to examine the bias-variance trade-off induced by different aggregation rules,
the results are presented in following Section 4.7.

4.4. Main Experimental Results

In the experiments, we adopt Accuracy and Fl-score as evaluation metrics. The
experimental results presented in Table 2 show that our CMA-ZSD achieves higher accuracy
than several domain-specific fine-tuned baselines on the CHEAT and DGPT datasets
under out-of-distribution settings. This empirical observation suggests that the proposed
perturbation-based collaborative framework exhibits strong cross-domain robustness.

We hypothesize that this advantage may stem from two factors. First, unlike fine-tuned
detectors that may implicitly learn domain-specific artifacts, the proposed method relies
on perturbation consistency across semantic, grammatical, and structural transformations,
which may capture more generalizable linguistic signals. Second, the collaborative multi-
agent design may reduce reliance on single-view features, thereby improving robustness to
domain shifts. However, these explanations are inferential and should be interpreted as
plausible mechanisms rather than experimentally isolated causal factors.

Traditional methods generally suffer from insufficient feature extraction capabilities.
While SDA acquires cross-domain features through unsupervised pretraining, its autoen-
coder architecture can only capture local statistical patterns and struggles to model the
complex semantic discontinuity patterns in generated text. The convolutional kernel design
of TextCNN is inherently limited to local context awareness, making it susceptible to being
misled by the surface-level fluency of highly realistic text generated by large language
models. Fine-tuning methods like BERT, although equipped with semantic understanding
capabilities, rely heavily on domain-specific annotated data due to their supervised learn-
ing paradigm, resulting in a sharp decline in performance when applied to cross-domain
generalization. In contrast, our method fully leverages the prior knowledge of language
generation internalized during the pretraining of large language models. Through their
self-attention mechanisms and deep semantic understanding capabilities, they can capture
multi-dimensional features in generated text. This interpretation is consistent with the
numerical results but requires further targeted analysis to establish causality.

The decision-making architectures of existing methods exhibit systemic deficiencies.
Prompt and Spot employ fixed templates or static prompts, while DetectGPT’s reliance
on single-dimensional probability curvature analysis leads to limitations in semantically
ambiguous scenarios. In contrast, this study innovatively constructs a multi-agent collabo-
rative framework, achieving performance improvements through a three-tiered dynamic
decision-making mechanism. This collaborative mechanism enables the system to maintain
high accuracy while effectively reducing the risk of extreme decisions that traditional hard
voting may cause.

Unsupervised domain adaptation methods like ItSPT require source domain data
support, and the similarity of data distributions between the source and target domains
constrains their performance. Supervised fine-tuning methods such as RoBERTa-MPU
rely on domain-specific annotated data for parameter optimization, which not only in-
creases the cost of data collection and annotation but also results in significant performance
degradation in cross-domain scenarios. In contrast, our method employs a zero-shot learn-
ing framework that leverages the cross-domain knowledge transfer capabilities of large
language models to achieve stable detection without any domain-specific data.
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Table 2. Experimental results of our method against baseline methods. Bold indicates the best performance.

CHEAT DGPT HC3
Method A M S Xsum Writing PubMed Wiki Open Medicine Finance Reddit
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

SDA 7044 7233 6774 67.73 6781 66.15 6289 6747 6778 60.11 58.67 6232 68.62 70.68 67.82 6224 6856 68.13 71.80 6742 6780 64.66
TextCNN 75.75 7251 8233 7930 81.06 79.82 6341 6237 68.09 6514 65.79 69.11 7257 7060 7958 75.83 8652 88.42 8276 80.78 84.77 83.19
Bert 7205 7035 7421 7628 6894 6378 5714 60.16 56.67 5215 59.26 58.76 6641 6839 68.75 66.82 8250 80.12 82.67 82.01 82.03 80.51
Prompt 60.80 5893 54.17 5711 5547 53.15 58.67 53.58 59.84 56.16 5329 51.17 65.60 6322 6217 65.65 72.63 7385 6892 66.89 5865 5593
Spot 56.61 5536 66.18 65.38 5747 55.68 48.67 42.67 5263 5478 56.81 5829 6344 6589 7152 7043 7089 7356 66.87 6924 68.09 66.09
ItSPT 73,57 7138 7225 7356 6335 65.89 6547 6846 6238 6458 6433 6378 68.74 6427 7856 7933 7687 7463 7043 7258 7034 68.57
DetectGPT 6150 61.68 5950 60.15 59.00 57.16 72.00 7468 7500 7458 55.00 59.57 8550 8538 6150 6279 91.00 90.27 82.00 80.33 6450 62.17
RoBERTa-MPU 89.92 90.12 8783 8376 8995 8728 86.89 89.16 53.00 5311 7348 7214 94.66 95.68 96.55 93.10 98.64 9558 99.05 9235 99.94 96.48
Our method 91.50 9198 89.50 89.95 9150 91.71 91.76 9191 82.67 83.95 79.17 8014 77.73 93.64 7624 78.09 8942 8.53 9355 79.70 9930 99.30
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Although Table 2 reports results separately for each dataset, we further analyze perfor-
mance differences across domains to better understand domain-dependent behavior. We
observe that detection performance varies across domain types. In structured academic
domains such as Medicine and Law, the proposed method achieves relatively higher ac-
curacy. These domains typically exhibit standardized terminology and formal writing
conventions, which may lead to more stable perturbation-based similarity patterns. In con-
trast, performance decreases in more stylistically diverse domains such as Writing and Blog
text. Creative and informal writing often includes narrative variability, rhetorical devices,
and flexible sentence structures, which may reduce the contrast between human-authored
and LLM-generated responses under controlled transformations. Dialogue and QA-style
datasets show intermediate performance. Although conversational text is less formally
structured, LLM-generated responses often maintain high fluency and internal consistency,
which still produces detectable perturbation signatures. We emphasize that these expla-
nations are hypothesis-based interpretations derived from empirical trends rather than
controlled causal experiments. Nonetheless, the results indicate that linguistic regularity
and stylistic variability may influence the effectiveness of perturbation-based detection.

Experiments demonstrate that in out-of-distribution testing, our method achieves
higher accuracy on both the CHEAT and DGPT datasets compared to domain-specific
fine-tuning approaches, fully validating its generalization advantages. To further ana-
lyze the underlying reasons for this performance improvement, we identify several key
contributing factors.

(1) Firstly, the core advantage of CMA-ZSD lies in its perturbation-response asymme-
try modeling. Rather than learning surface-level distributional features tied to a specific
domain, our method probes how a text responds to controlled semantic, grammatical, and
structural transformations. LLM-generated texts tend to exhibit higher internal consistency
and stylistic regularity due to their probabilistic decoding mechanisms, making them more
stable under revision and reconstruction operations. In contrast, human-authored texts
often contain individualized stylistic variations, implicit assumptions, and irregular syn-
tactic constructions, which lead to larger semantic or structural shifts after perturbation.
This asymmetric sensitivity forms a domain-invariant discriminative signal that remains
effective under distribution shifts.

(2) Secondly, the zero-shot and model-agnostic nature of CMA-ZSD mitigates over-
fitting to generation-specific artifacts. Fine-tuned detectors often implicitly exploit gen-
eration fingerprints from specific models or sampling strategies. While this can yield
high in-domain accuracy, it may reduce generalization to texts generated by unseen mod-
els. By avoiding parameter updates and relying instead on transformation-based anal-
ysis, CMA-ZSD leverages the intrinsic knowledge embedded in large language models
(e.g., GPT-3.5-turbo) without specializing to any particular dataset, thereby preserving
cross-domain transferability.

(3) Finally, the majority voting mechanism further amplifies generalization gains
by reducing error correlation across agents. As shown in the ablation study, individ-
ual agents may exhibit domain-specific weaknesses; however, their error patterns are
only partially overlapping. The ensemble decision process therefore reduces variance
and prevents extreme misclassifications caused by single-agent bias. This collaborative
structure contributes significantly to the stable performance observed on the CHEAT and
DGPT benchmarks.
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4.5. Ablation Study

To systematically analyze the contribution of individual agents and their synergistic
interactions, we conducted ablation experiments comparing three dual-agent configurations
against the complete three-agent ensemble.

In the Open_qga domain, both the Rev+Correct (76.87%) and Feat+Correct (76.75%)
combinations slightly outperform the Triple-Agent ensemble (76.24%). This phenomenon
stems from domain-specific error correlations among agents. The Feature agent exhibits
the lowest individual accuracy (73.17%) in this domain, its error patterns show low overlap
with the Correct agent. Their complementary errors enable effective mutual correction in
the dual-agent setting. However, when all three agents participate in majority voting, the
Revise agent (75.11%) occasionally aligns its misjudgments with the Feature agent on a
small subset of samples, forming an unfavorable 2:1 voting outcome that overrides the
Correct agent’s accurate prediction. A similar pattern occurs in the Wiki_csai domain,
where the underperforming Correct agent (71.38%) causes the Feat+Rev combination
(78.15%) to surpass the full ensemble (77.73%) by 0.42%.

The ablation results indicate that individual agents exhibit domain-dependent sen-
sitivity. In highly formal domains (e.g., Medicine and Law), the Grammar-Correcting
Agent provides limited additional signal, as both human and LLM texts are already well-
structured. In creative or blog-style domains, the Semantic Revision Agent may show
reduced discriminative power due to stylistic variability. For short dialogue texts, the
Feature Reconstruction Agent contributes less because structural transformation is lim-
ited. However, the full collaborative configuration consistently outperforms single-agent
variants, suggesting that majority voting compensates for domain-specific weaknesses.

Although there are cases of local superiority, as shown in Table 3, the overall trends re-
main clear. The three-agent ensemble achieved the best performance in 9 out of 11 domains,
surpassing the highest individual performance by approximately 2.18% on average. In the
remaining two domains, it trailed the best dual-agent combination by only a narrow margin.
This demonstrates that the three-agent ensemble strategy not only maintains competitive
accuracy but also exhibits higher reliability and adaptability in practical applications.

Table 3. Dual-Agent Combinations vs. Triple-Agent Ensemble. Arrows indicate whether the
performance is higher or lower compared to the Triple-Agent ensemble.

Agent Combinations

Dataset
Feature+Revise Feature+Correct Revise+Correct  Triple-Agent
CHEAT
A 85.75| _5.75 89.00] _5 50 87.251 _45 91.50
M 85.50 | _4.00 87.50) _500 87.501 _5.00 89.50
S 87.00 ) _450 85.75] _5.75 84.75 ] _6.75 91.50
DGPT
Xsum 86.52 ] _504 83.15] _g61 81.65) _10.11 91.76
Writing 74.67 | _s.00 81.67 | _1.00 75.67 | _v 00 82.67
PubMed 76.89 ] _508 6515 _14.02 62.12 | _17.05 79.17
HC3
Wiki_csai 78.15 140.42 77.43 | _o30 7654 _119 77.73
Open_qa 74.52 \L_1'72 76.75 T+0.51 76.87 T+0.63 76.24
Medicine 84.33 | _5.09 84.66 | _476 81.651 _777 89.42
Finance 91.85) _1.70 90.10 _345 86.80 ) _g.75 93.55
Reddit_dli5 98.20 _1.10 97.25) _505 96.85 ] _p45 99.30
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4.6. Influence of LLMs

To evaluate the influence of different model architectures of LLMs in agent config-
urations on detection performance, we compared the cloud-based closed-source models
gpt-3.5-turbo, claude-3.5-haiku, and gemini-2.0-flash, accessed via API, with the open-
source model Llama-2-13b-chat-ms running in a locally deployed environment. The results
shown in Figure 2 indicate that:

Our primary experimental model, gpt-3.5-turbo, achieved optimal performance across
most datasets. For instance, on the Xsum dataset, its Voting accuracy (91.76%) was signifi-
cantly higher than that of Llama (82.02%), Claude (87.27%), and Gemini (77.9%). Compared
to the other three models, it demonstrated relatively stable detection accuracy.

Cloud-based closed-source models (gpt-3.5-turbo, claude-3.5-haiku, and gemini-2.0-
flash) demonstrate superior detection performance, as they leverage large-scale training
data and robust computational resources to generate text with higher semantic coherence
and naturalness. Their outputs often retain distinct detectable features (e.g., specific linguis-
tic patterns or statistical deviations), reducing false classification rates in detection models.
While these models outperform Llama-2-13b-chat-ms in accuracy, our methodology main-
tains relatively small accuracy gaps across different LLMs.

Our voting mechanism preserved high accuracy regardless of the model architecture
(e.g., Llama achieved 93.95% on the Medicine domain), demonstrating robust adaptability
to diverse model structures.

Comparison of Voting Scores Across Models

[-0- GPT - Claude -A: Llama - Gemini|

100

95

90

85

80

Voting Scores (%)

75

70

65

A M S Xsum  Writing PubMed  Wiki Open Medicine Finance Reddit
Domains

Figure 2. Voting Scores Under Various LLMs.

4.7. Different Voting Strategies

In the main experiment, we adopted the “conservative” strategy (i.e., when two or
more agents determine the text to be generated by a large model, the final determination is
that a large model generates it). To validate the effectiveness of this strategy, we further
tested the performance of the “extremely lenient” and “strict consensus” strategies. The
experimental results in Table 4 show that the conservative strategy performs best in balanc-
ing accuracy and robustness. In contrast, extreme strategies (such as extremely lenient and
strict consensus) exhibit their respective limitations in different scenarios.

The “extremely lenient” strategy is characterized by lenient judgment. As long as
one agent determines the text to be generated by a large model, the final result is considered
to be generated by a large model. This strategy performs well on some datasets, for example,
achieving an accuracy of 84.54% on the Medicine domain. However, its performance
significantly drops on the Writing domain (only 50.67%).

The “strict consensus” strategy is characterized by strict judgment: all agents must
unanimously determine the text to be generated by a large model for the final result to be
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considered as such. This strategy shows stable performance on the Reddit_dli5 domain
(96.50%), but its accuracy declines on the PubMed domain due to overly strict judgment
(only 62.50%).

Table 4. Performance comparison (Accuracy %) of voting strategies.

Strategy
Dataset Domain
Extremely Lenient Strict Consensus  Conservative
A 75.75 85.25 91.50
CHEAT M 83.75 85.50 89.50
S 84.25 83.00 91.50
Xsum 76.78 79.78 91.76
DGPT Writing 50.67 74.67 82.67
PubMed 65.53 62.50 79.17
Wiki_csai 68.71 77.20 77.73
Open_qga 70.72 75.95 76.24
HC3 Medicine 84.54 80.61 89.42
Finance 83.00 87.60 93.55
Reddit_dli5 95.15 96.50 99.30

To further analyze the reasons behind the performance differences across datasets
under different voting strategies, we examine the interaction between agent-level error
patterns and domain-specific textual characteristics.

(1) Firstly, the “Extremely Lenient” strategy is highly sensitive to false positives. This
strategy effectively maximizes recall for detecting generated text but may substantially
reduce precision when individual agents exhibit domain-specific over-detection tenden-
cies. In structured and fact-oriented domains such as Medicine, LLM-generated texts
often display stronger stylistic regularity and semantic smoothness compared to human-
authored answers. As a result, at least one agent can reliably detect perturbation stability
patterns characteristic of machine-generated text, leading to improved detection perfor-
mance (84.54%). However, in creative domains such as Writing, human-authored texts
frequently resemble LLM outputs in terms of fluency, narrative coherence, and stylistic
uniformity. In this case, individual agents are more likely to produce false positives. Under
the “Extremely Lenient” rule, even a single erroneous prediction is sufficient to misclassify
the sample, causing the accuracy to drop significantly (50.67%).

(2) Secondly, the “Strict Consensus” strategy is highly sensitive to false negatives. This
approach improves precision but sacrifices recall. In domains where agent predictions are
moderately correlated but not perfectly aligned (e.g., PubMed), small disagreements among
agents prevent positive classification, leading to under-detection and lower accuracy. Con-
versely, in domains where LLM-generated texts exhibit strong and consistent perturbation
stability, the three agents tend to agree more frequently, resulting in stable performance.

(3) Thirdly, the “Conservative” strategy achieves a balance between these two extremes
by mitigating both single-agent overconfidence and unanimous under-detection. From an
ensemble learning perspective, this strategy reduces variance without excessively increas-
ing bias. In domains with heterogeneous linguistic structures, such as Writing or PubMed,
majority voting effectively offsets domain-specific weaknesses of individual agents by lever-
aging partially decorrelated error patterns. This explains why the Conservative strategy
consistently achieves the most stable performance across all datasets.

(4) Finally, the differences across datasets can also be attributed to textual genre
characteristics. Creative writing domains contain higher lexical diversity, narrative flex-
ibility, and stylistic overlap between human and machine texts, increasing ambiguity in
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perturbation-based signals. In contrast, technical or knowledge-intensive domains exhibit
more constrained discourse structures, making perturbation-response asymmetry more
discriminative. Voting strategies that amplify or suppress individual agent signals therefore
interact differently with each domain’s intrinsic linguistic properties.

4.8. Comparison of Individual Agent Accuracy with Voting Strategqy Results

In order to further validate the efficacy of the majority voting approach [38], Table 5
shows the performance differences between the individual detection accuracy of three
independent agents and the ensemble voting strategy.

Table 5. Individual agent accuracy and ensemble voting results (Accuracy %).

Agent
Datasets Domain
Feature Revised Corrected CMA-ZSD
A 85.25 84.00 86.25 91.50
CHEAT M 84.50 86.50 87.75 89.50
S 87.25 85.25 86.25 91.50
Xsum 88.76 82.02 77.53 91.76
DGPT Writing 81.33 75.67 51.00 82.67
PubMed 75.00 68.94 63.26 79.17
Wiki_csai 75.71 76.54 71.38 77.73
Open_qa 73.17 75.11 74.64 76.24
HC3 Medicine 85.66 84.62 84.29 89.42
Finance 92.70 88.70 82.75 93.55
Reddit_dli5 97.00 96.45 97.50 99.30

The experimental results indicate that the ensemble voting strategy significantly
outperforms the best performance of any single agent across all datasets. For example,
in datasets CHEAT, CMA-ZSD consistently achieves high performance across different
domains, respectively, which is an improvement of 1.75-5.25 percentage points over the
best-performing single agent.

Majority voting effectively reduces the domain bias of a single method by integrating
multi-agent features. In the Writing domain, the misjudgment tendency of individual
agents (Corrected Accuracy of 51.00% vs. CMA-ZSD’s 82.67%) is effectively mitigated
through majority decision-making.

5. Conclusions

In this paper, we propose a collaborative multi-agent method for zero-shot LLM-
generated text detection, which demonstrates superior performance across 11 domains.
Through coordinated decision-making among three heterogeneous agents combined with
a majority voting mechanism, the system effectively captures fundamental discrepancies in
rewritten consistency, grammatical sensitivity, and semantic stability of generated texts,
demonstrating the robustness of multi-agent frameworks against complex semantic fea-
tures. Through zero-shot multi-agent collaboration without requiring annotated training
data, this framework achieves a balanced trade-off between detection accuracy and cross-
domain generalization capability, establishing a novel and practical paradigm for generated
text detection.

Experimental results demonstrate that CMA-ZSD consistently outperforms traditional
baselines and zero-shot statistical methods such as DetectGPT, and achieves competitive or
superior performance compared to fine-tuned neural detectors such as RoBERTa-MPU in
several out-of-distribution scenarios. Ablation studies confirm that the triple-agent collab-
oration (semantic revision, grammatical correction, and feature reconstruction) provides

https://doi.org/10.3390/informatics13040062


https://doi.org/10.3390/informatics13040062

Informatics 2026, 13, 62 18 of 20

complementary signals and achieves the best performance in most domains. Furthermore,
comparative analysis of voting strategies shows that the Conservative majority-voting
mechanism offers the most stable and balanced results, outperforming both the Extremely
Lenient and Strict Consensus strategies.

In the future, we plan to extend our work in two directions. Firstly, we aim to explore
the automatic feature representation learning method for LLM-generated text detection
with a smaller model, the high quality of representations will help the constructed model
beyond the hand-crafted model in detection tasks. Secondly, we will explore better methods
for introducing PLMs, which will consider both the requirement of prior knowledge in
PLMs and detection performance improvement.
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