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Abstract—Labeled data scarcity, diverse feature distributions,
and adversarial attacks represent three significant challenges in
the AI-generated text detection (AGTD) task. These challenges
demand detectors with strong generalization and robustness;
however, prior works typically address only one of them in
isolation. To bridge this gap and meet the demands of real-
world applications, we introduce a novel AGTD scenario termed
Complex Domain Adaptation (CDA), which integrates all three
challenges into a unified task. Furthermore, we observe that
most existing methods struggle to perform effectively in the CDA
scenario. To address this limitation, we propose ComDet, a novel
framework built on an unsupervised domain adaptation founda-
tion. ComDet incorporates a reconstruction module to enhance
robustness against adversarial attacks and a feature enhance-
ment module to extract richer, domain-specific representations.
Extensive experiments demonstrate that ComDet significantly
outperforms all baseline methods in the CDA scenario while
achieving comparable or superior performance in other real-
world settings.

Index Terms—AI-generated text detection, domain adaptation,
generalization

I. INTRODUCTION

Large language models (LLMs) have recently driven major
advances in natural language processing, enabling fluent text
generation across applications like story writing, machine
translation, and dialogue systems, thereby accelerating AI
development and adoption [1]. However, their misuse poses
risks to society and academia, such as by spreading fake
news, rumors, or plagiarism [2]. This has made AGTD an
increasingly urgent and critical research area.

Most current works in AGTD focus on in-domain sce-
narios, where the text distributions between the source and
target domains are assumed to be similar [3]. In such cases,
models trained on the source domain can transfer effectively
to the target domain. However, real-world scenarios often
involve diverse text domains (e.g., news, books, code) and
texts generated by different LLMs [4], leading to significant
distribution discrepancies that challenge the detector’s gener-
alization ability. Moreover, labeled data is often scarce and

Fig. 1. An example of a CDA scenario. The text domain and generator of the
target domain are different from those of the source domain, with adversarial
perturbations present (red and green fonts represent the text before and after
modification, respectively). Detectors that perform well in in-domain scenarios
often exhibit poor detection performance in CDA scenarios.

expensive in specific domains, restricting the applicability of
supervised methods [5]. Consequently, detectors must acquire
domain-invariant features and achieve efficient feature align-
ment across domains. Additionally, attackers may maliciously
perturb generated text to evade detection [6], making robust-
ness to adversarial perturbations another critical challenge
for AGTD tasks. However, existing works lack a unified
consideration of these scenarios. For example, ConDA [7]
and Eagle [8] do not consider cross-generator detection, while
RoBERTa-Ranker [9] does not address adversarial robustness.

Based on the above discussion, we summarize three signif-
icant challenges for AGTD in real-world scenarios: labeled
data scarcity, diverse feature distribution, and adversarial
attacks. Our intuition is that integrating these three challenges
will significantly increase the difficulty of the AGTD task.

In practical applications, deploying an AGTD product must
be cost-effective, allowing it to generalize across unlabeled
data from various sources. It must also be designed to ensure
robustness from a security perspective. Hence, we define a



more universal and challenging AGTD scenario, termed CDA
(Complex Domain Adaptation). As present in Fig. 1, it refers
to an unsupervised domain adaptation for binary classification
AI-generated text detection task, simultaneously meeting the
following requirements:

Labeled data scarcity: In the source domain, we have
labeled (either “human” or “AI”) text data; however, in the
target domain, the text data is unlabeled. Diverse feature
distribution: The text domain and generator of the target
domain differ from those in the source domain. Adversarial
attack: The texts to be detected in the target domain contain
adversarial perturbations.

We identify the major difficulties of the CDA scenario as the
substantial inconsistency in text feature distributions between
the source and target domains, and the presence of adversarial
perturbations. To address the issues discussed above, we
propose a novel Complex Domain Adaptation for AI-generated
text detection framework, named ComDet. We summarize our
contributions as follows:

(1) We define a real-world AGTD scenario, CDA, which
combines three significant challenges: labeled data scarcity,
diverse feature distributions, and adversarial attacks into a
unified task. Furthermore, we have observed that most existing
methods struggle to perform effectively in the CDA scenario.
The introduction of the CDA scenario imposes higher demands
on the generalization and robustness of detection models.

(2) We propose a novel framework, ComDet, built on an
unsupervised domain adaptation foundation. ComDet inte-
grates multiple innovative modules, including a reconstruction
module that enhances robustness by simulating adversarial
attacks and denoising processes, and a feature enhancement
module that enriches domain-specific feature representations.

(3) We conduct extensive experiments on publicly available
datasets. Our results demonstrate that ComDet significantly
outperforms existing baseline methods in the CDA scenario
and achieves comparable or superior performance in other real-
world settings. Source code is available at https://github.com/
TristoneJiang/ComDet.

II. RELATED WORK

Metric-based approaches for AGTD use proxy LLMs to
extract features like entropy, token probability, perplexity,
and cross-perplexity, capturing generation patterns [10], [11].
Similarity-based methods, such as higher cosine similarity
in AI-generated text before and after revision, and the “in-
variance” under rewriting and antonym transformations, also
prove effective [12]. Other approaches compare n-gram sim-
ilarity with model-generated completions [13]. Perturbation-
based strategies exploit the negative curvature of generative
text [14]. While metric-based methods are training-free and
generalizable, their prediction accuracy is often lower than
supervised approaches, limiting practical effectiveness.

Our work falls under model-based detectors, which utilize
supervised classifiers to identify AI-generated text. When di-
rect access to generative models is unavailable, extracting deep
features becomes a critical focus. Style representations, which

capture writing style variations, have proven more effective
than semantic representations [15]. Resampling proxy LLMs
to estimate generation probability and generating pseudo-
probability features [16] have also shown promise. Log proba-
bilities from white-box models and transforming classification
into sequence labeling tasks have been effective [17]. However,
the manual extraction of features can result in the loss of
important information. To improve robustness, some studies
enhance model resilience to adversarial perturbations, using
techniques like siamese calibrated reconstruction networks
with Gaussian noise [18] and adversarial purification [19],
[20]. To enhance the detector’s generalization capabilities,
some research combines self-supervised contrastive learning
with domain-adversarial training to address text inconsisten-
cies across domains [21]. However, current research rarely
simultaneously considers both generalization and robustness.
In comparison, our work aims to improve accuracy for AGTD
tasks in the CDA scenario.

III. PROPOSED METHOD

A. Task Definition

Let DS = {(xS
i , y

S
i )}

NS
i=1 denote the labeled source domain

dataset, where xS
i ∈ X is a text sample and ySi ∈ {0, 1}

is its label indicating whether it is human-written (0) or
AI-generated (1). Let DT = {xT

j }
NT
j=1 denote the unlabeled

target domain dataset, where xT
j ∈ X , possibly perturbed by

adversarial noise.
The goal of the CDA task is to learn a detection model f :

X → {0, 1}, such that f achieves high classification accuracy
on the unlabeled and distribution-shifted target domain DT ,
despite:

• Labeled data scarcity: The target domain DT contains
no labeled samples, i.e., ̸ ∃(xT

j , y
T
j ), making supervised

learning infeasible on DT .
• Diverse feature distribution: The feature distributions

between the source and target domains differ substan-
tially, i.e., Dist(PS(x), PT (x)) ≫ 0, where P and Dist
denote the distributions and distance function.

• Adversarial attack: Some target samples xT
j are per-

turbed by an adversarial transformation δ, such that
xT
j = xj + δ(xj), where δ(xj) is crafted to mislead the

detector f , i.e., f(xT
j ) ̸= f(xj).

B. Model Architecture

The framework of the proposed ComDet is shown in Fig. 2,
which consists of the encoding module (EM), reconstruction
module (RM), feature enhancement module (FEM), and fea-
ture alignment module (FAM).

1) Encoding Module: EM aims to capture the primary se-
mantic features. For the input samples from the source domain
xS
i and target domain xT

i , they are encoded through a pre-
trained language model (PLM) to obtain initial representations:

pSi[in] = PLM(xS
i ), pTi[in] = PLM(xT

i ), (1)

where pSi[in] and pTi[in] have dimensions of d.



Fig. 2. Workflow of the ComDet framework. “EM”: Encoding module, which encodes the input text into high-dimensional embeddings. “RM”: Reconstruction
module, which simulates the process of introducing and denoising real-world adversarial perturbations. “FEM”: Feature enhancement module, which
concatenates the features from the encoding and reconstruction modules. “FAM”: Feature alignment module, which aligns the feature distributions between
the source and target domains. During the inference phase, only the below branch of ComDet is required.

2) Reconstruction Module: The Reconstruction Module
(RM) is designed to simulate the process of injecting and
denoising real-world adversarial perturbations. It consists of
three components: a re-encoder (RE), a dropout layer, and
a re-decoder (RD). RM follows the denoising autoencoder
paradigm [22], where the noise-removal principle has been
successfully demonstrated in diffusion-based models [23].

RE maps the initial token representations into a higher-
dimensional latent space using a multi-layer perceptron (MLP)
for feature transformation:

hS
i = RE(pSi[in]) = ReLU(WS

enp
S
i[in] +BS

en),

hT
i = RE(pTi[in]) = ReLU(WT

enp
T
i[in] +BT

en),
(2)

where WS
en,W

T
en ∈ Rr×d, BS

en, B
T
en ∈ Rr, and r denotes the

hidden dimension.
To simulate adversarial attacks, the latent representations

hS
i and hT

i are processed by a dropout operation with a
per-element retention probability γ. This operation randomly
deactivates neurons and can be interpreted as injecting Gaus-
sian noise into the representations. To illustrate this more
clearly, we present a theoretical analysis below, following the
derivation of [24].

Let a latent vector be v = [v1, v2, . . . , vr] and its dropout-
modified version be ṽ = dropout(v, γ), where the dropout
operation is defined element-wise as:

ṽi =

{
vi
γi
, w.p. γi,

0, w.p. 1− γi,
(3)

with γi ∈ (0, 1] being the retention probability for the i-th
element. This ensures that E[ṽi] = vi and Var[ṽi] = 1−γi

γi
v2i .

Now consider a linear transformation applied to the dropout-
perturbed input:

oij = Wj
i ṽ + bij =

r∑
k=1

W j
i,kṽk + bij , (4)

where Wj
i ∈ Rr and bij denote the weights and bias of the j-

th neuron in the i-th layer. Since each ṽk is a random variable
with variance 1−γk

γk
v2k, the variance of oij can be written as:

Var[oij ] =
r∑

k=1

(
W j

i,kvk

)2

· 1− γk
γk

. (5)

As the dimensionality r increases, the Central Limit Theorem
implies that oij approaches a normal distribution:

oij ∼ N (µoij , σ
2
oij ),

where µoij = Wj
iv + bij and σ2

oij = Var[oij ].
Hence, the dropout-induced randomness can be equivalently

represented as additive Gaussian noise:

oij = Wj
iv + bij + ε, ε ∼ N (0, σ2

vij ), (6)

Thus, the dropout operation effectively injects zero-mean
Gaussian noise into the layer outputs, with the variance
controlled by the retention probability γ.

This theoretical perspective shows that dropout introduces
“adaptive noise”, which can simulate a broader spectrum of
adversarial perturbations compared to fixed-form word-level
transformations [19]. While previous work such as [18] em-
ploys additional “semantic” and “perturbation” terms, dropout



provides a lightweight alternative by avoiding extra parame-
ters and regularization terms, thus simplifying training. The
perturbed representations are:

h̃S
i = dropout(hS

i , γ), h̃T
i = dropout(hT

i , γ). (7)

RD reconstructs the original token representations from the
noisy latent space using another MLP layer:

pSi[out] = RD(h̃S
i ) = ReLU(WS

deh̃
S
i +BS

de),

pTi[out] = RD(h̃T
i ) = ReLU(WT

deh̃
T
i +BT

de),
(8)

where WS
de,W

T
de ∈ Rd×r and BS

de, B
T
de ∈ Rd.

3) Feature Enhancement Module: We employ a multi-
head self-attention (MHSA) [25] mechanism to enhance the
domain-specific representations. Combining shallow and deep
feature fusion with MHSA’s global modeling capability im-
proves domain-invariant feature extraction. For the source and
target domain inputs pSi[out] and pTi[out], MHSA computes self-
attention for each head. Let the number of attention heads
denote m, and the dimension of each head dk = d/m. The
expression of MHSA is as follows:

MHSA(pi[out]) = Concat(head1, . . . , headm)WO, (9)

where the computation for each head is given by:

headk = softmax
(
QkK

T
k√

dk

)
Vk. (10)

Here Qk = pi[out]W
k
Q, Kk = pi[out]W

k
K , Vk = pi[out]W

k
V

are the linear transformations of the query, key, and value,
respectively; W k

Q,W
k
K ,W k

V ∈ Rd×dk and WO ∈ Rd×d are
learnable parameters.

The enhanced features from MHSA are concatenated with
the initial representations to form the final domain-specific
feature representation:

zSi = pSi[in] ⊕ MHSA(pSi[out]),

zTi = pTi[in] ⊕ MHSA(pTi[out]).
(11)

4) Feature Alignment Module: The domain-specific fea-
ture representations zSi and zTi from the source and target
domains are passed through the domain alignment module.
The alignment process is constrained by the Kullback-Leibler
(KL) divergence [26] loss LDA, which ensures distribution
consistency, as described in (14).

C. Training Objective
The training objective of the proposed framework consists

of three primary components: reconstruction loss LRC , clas-
sification loss LCLS , and domain alignment loss LDA.

The reconstruction loss enforces consistency between the
input representation pi[in] and the output representation pi[out]
after passing through the reconstruction module. This loss is
computed using the mean squared error:

LRC =
1

N

N∑
i=1

∥∥∥pSi[in] − pSi[out]

∥∥∥2
+

1

M

M∑
i=1

∥∥∥pTi[in] − pTi[out]

∥∥∥2 , (12)

where N and M represent the number of samples in the source
and target domains, respectively.

The classification loss is employed for supervised learning
on the source domain samples and is computed using binary
cross-entropy loss:

LCLS = − 1

N

N∑
i=1

[yi log ŷi + (1− yi) log(1− ŷi)] , (13)

where yi denotes the true label (0 or 1), and ŷi represents the
predicted probability from the model.

To mitigate the discrepancy between the feature distribu-
tions of the source and target domains and learn domain-
invariant feature representations, we employ KL divergence
to align the distributions p(zSi ) and p(zTi ) of the source and
target domains, respectively. The KL divergence is defined as:

KL
(
p(zSi ) ∥ p(zTi )

)
=

d∑
j=1

pj(z
S
i ) log

pj(z
S
i )

pj(zTi )
, (14)

where pj(z
S
i ) and pj(z

T
i ) denote the softmax-normalized fea-

ture probabilities for the source and target domains, computed
as:

pj(zi) =
exp(zij)∑d
k=1 exp(zik)

(15)

Finally, the domain alignment loss is defined as the average
KL divergence across all N paired examples:

LDA =
1

N

N∑
i=1

KL
(
p(zSi ) ∥ p(zTi )

)
. (16)

The overall objective function is the weighted sum of the
reconstruction loss, classification loss, and domain alignment
loss:

L = λRCLRC + λCLSLCLS + λDALDA, (17)

where λRC , λCLS , and λDA are the weight coefficients that
control the relative importance of each loss term.

Aligned with the two major difficulties we identified for the
CDA scenario, the first term of (17) is designed to address the
issue of adversarial perturbations, while the second and third
terms aim to mitigate the problem of substantial inconsistency
in text feature distributions.

IV. EXPERIMENTS AND MAIN RESULTS

A. Settings

We randomly select subsets from three distinct text do-
mains of the publicly available dataset introduced by [27]:
News (NW), Books Summary (BS), and Poetry (PT). In
this dataset, the positive samples for NW, BS, and PT are
generated by GPT-4 [28], ChatGPT [29], and LLaMA-Chat
[30], respectively, based on specific prompts, while the neg-
ative samples consist of human-written texts. The training
and testing datasets for each subset comprise 2000 and 1000
samples, respectively, with a balanced 1:1 ratio of positive and
negative samples. Additionally, we employ paraphrased texts
generated by the T5-11B model [27]. Our encoding module



TABLE I
PERFORMANCE COMPARISON OF DIFFERENT METHODS ACROSS VARIOUS SCENARIOS (NW→BS). CDA RESULTS ARE ANNOTATED WITH THEIR

DEVIATION FROM THE MINIMUM VALUE AMONG OTHER SCENARIOS, AND THE SAME APPLIES TO TABLE II.

Category Method Base Cross-G Cross-D Attack CDA
F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC

Metric-based

GLTR 87.2 94.4 88.4 96.5 85.1 94.8 85.1 95.6 83.9 97.1
Log-Rank 89.0 98.6 87.5 97.5 86.3 94.6 87.6 95.8 88.8 95.9
DetectGPT 90.8 98.6 90.0 99.2 90.5 99.3 90.2 97.1 90.0 97.6
DNA-GPT 90.1 96.0 91.1 97.7 89.1 96.5 89.3 96.6 87.0 95.8

Model-based

RoBERTa 98.8 99.9 91.9 97.3 76.3 89.8 81.7 92.6 61.8 (−14.5) 88.5 (−1.3)
RMLM 98.9 99.9 92.5 97.3 77.9 96.3 88.8 97.9 65.8 (−12.1) 89.3 (−7.0)
RADAR 99.1 100 92.2 98.5 80.4 90.7 98.2 100 69.4 (−11.0) 82.2 (−8.5)
SCRN 99.4 100 92.7 98.5 78.3 88.5 98.1 99.2 68.2 (−10.1) 88.3 (−0.2)
ConDA 99.2 100 95.7 99.0 95.5 98.4 87.7 97.2 83.8 (−3.9) 92.4 (−4.8)
OURS 99.7 99.9 98.5 99.8 98.3 99.7 98.3 99.8 96.2 (−2.1) 99.3 (−0.4)

TABLE II
PERFORMANCE COMPARISON OF DIFFERENT METHODS ACROSS VARIOUS SCENARIOS (NW→PT).

Category Method Base Cross-G Cross-D Attack CDA
F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC

Metric-based

GLTR 85.3 93.5 84.7 95.3 87.0 95.2 82.9 93.2 81.4 98.5
Log-Rank 87.7 96.7 89.7 97.9 89.0 95.8 85.3 93.6 84.5 95.8
DetectGPT 90.7 97.5 88.1 96.1 91.3 97.2 89.9 96.7 89.8 97.1
DNA-GPT 89.8 97.5 90.7 97.6 90.2 98.8 88.0 95.0 87.5 94.4

Model-based

RoBERTa 98.7 99.9 91.2 97.5 73.3 83.2 78.0 90.9 60.5 (−12.8) 75.1 (−8.1)
RMLM 98.8 100 91.7 98.2 75.0 88.1 81.7 94.2 64.0 (−11.0) 80.9 (−7.2)
RADAR 98.9 100 92.0 99.0 75.8 93.1 97.7 99.7 68.6 (−7.2) 87.0 (−6.1)
SCRN 99.2 99.9 92.4 97.2 77.1 93.3 97.6 99.8 66.2 (−10.9) 89.9 (−3.4)
ConDA 99.1 99.9 95.6 99.1 95.0 99.2 85.8 96.7 80.6 (−5.2) 95.1 (−1.6)
OURS 99.4 100 98.4 99.9 98.2 99.9 97.8 99.6 95.4 (−2.4) 99.5 (−0.1)

utilizes RoBERTa [31] as the encoder, with an embedding
dimension d = 768. Following the same setting in [18], the
hyperparameters in the loss function, namely λRC , λCLS , and
λDA, are set to 0.5, 0.01, and 0.5, respectively. The retention
rate γ is set to 0.8, the number of multi-head attention heads
m is 8, the random seed is 42, and the hidden layer dimensions
of the re-encoder and re-decoder r are both set to 2048. The
model is optimized using Adam [32] with a batch size of 16, a
learning rate of 2×10−5, and is trained for 5 epochs. The entire
experiment is deployed on two NVIDIA A100-80G GPUs.

For evaluation, we employ the F1 score and AUC as metrics
for classification performance. For comparative evaluation,
we benchmark our model against four metric-based methods:
GLTR [10], Log-Rank [14], DetectGPT [14], DNA-GPT [13],
and five model-based methods: RoBERTa [31], RMLM [20],
RADAR [33], SCRN [18], and ConDA [21]. The experimental
configurations follow their respective default settings.

B. Detection Results across Different Scenarios
We assess a variety of AGTD methods across five different

scenarios, including Base, which represents the ideal case
where the text generators and text domains in the source
and target domains are identical; Cross-G, where the AI text
generators differ between the source and target domains, with
the target generator aligned to that of the actual target domain
dataset; Cross-D, where the text domain in the target domain
differs from that in the source domain; Attack, where the

text in the target domain has been adversarially perturbed via
paraphrase attacks; and CDA, which refers to the complex
domain adaptation introduced in our work.

As shown in Tables I and II, all detectors perform best
in the Base scenario. ComDet achieves F1/AUC scores of
0.997/0.999 (NW→BS) and 0.994/1.000 (NW→PT). In the
Cross-G scenario, model-based baselines see F1 drops of
3.5%–7.6% and AUC decreases of up to 2.7%, while ComDet
consistently outperforms them. Under the Cross-D scenario,
performance drops are larger (F1 down by up to 25.7%, AUC
by up to 16.7%), but ComDet still improves over the best
baselines by 2.9%–3.4% in F1 and 0.7%–1.3% in AUC. In
the Attack scenario, RMLM and ConDA degrade significantly
due to paraphrase attacks, while ComDet maintains strong
robustness with F1/AUC around 0.98/0.99, comparable to the
best baselines.

The CDA scenario considers both the differences in gen-
erators between the source and target domains, as well as
variations in text domains while accounting for adversarial
attack scenarios. Experimental results demonstrate that, under
this scenario, the decline in classification accuracy for the
detector is more pronounced compared to other scenarios.
Specifically, in the NW→BS test set, model-based baseline
methods exhibit a significant drop, with F1 decreasing by
18.4% to 59.9% and AUC decreasing by 8.2% to 21.7%.
Similarly, in the NW→PT test set, F1 decreases by 18.7%



TABLE III
ABLATION EXPERIMENT OF THE COMDET FRAMEWORK UNDER CDA

SCENARIO. “-FAM”, “-RM”, AND “-FEM” INDICATE THE REMOVAL OF
THE FEATURE ALIGNMENT MODULE, RECONSTRUCTION MODULE, AND

FEATURE ENHANCEMENT MODULE, RESPECTIVELY.

Datasets Method w/o. attack w. attack
F1 AUC F1 AUC

NW→BS

Ours 96.8 99.7 96.2 99.3
-FAM 72.8 91.3 69.0 88.2
-RM 96.5 99.3 83.4 94.8

-FEM 93.5 98.1 93.3 98.2

NW→PT

Ours 96.0 99.1 95.4 99.5
-FAM 70.6 92.6 66.7 86.2
-RM 95.8 99.1 79.4 91.0

-FEM 92.9 97.5 92.6 97.4

TABLE IV
THE STATISTICAL RESULTS OF THE FEATURE DISTRIBUTIONS OF

ROBERTA AND COMDET ON THE TEST SETS. THE SYMBOLS ↑ AND ↓
INDICATE THE DIRECTION OF PREFERENCE (HIGHER AND LOWER).

Datasets Metric RoBERTa Ours

NW→BS

Silhouette (↑) 0.066 0.257
DBI (↓) 3.711 1.502

CH-index (↑) 141.1 860.9
MMD (↓) 0.228 0.002

NW→PT

Silhouette (↑) 0.046 0.294
DBI (↓) 4.676 1.382

CH-index (↑) 88.4 1019.8
MMD (↓) 0.351 0.002

to 38.7%, and AUC decreases by 4.8% to 24.8%. These
results suggest that the combined challenges of cross-domain,
cross-generator, and adversarial attack significantly amplify
the complexity of the AGTD task, rendering it more difficult
than any individual scenario in isolation.

In contrast, our proposed method outperforms the optimal
baseline, yielding F1 improvements of 14.8% and 18.4% and
AUC improvements of 7.5% and 4.6%, respectively. Moreover,
our approach closely approximates the performance of the
optimal fully supervised algorithm. In the NW→BS test set,
F1 reaches 0.962, and AUC reaches 0.993, with only a slight
drop of 3.5% in F1 and 0.6% in AUC compared to the Base
scenario. Similarly, in the NW→PT test set, F1 is 0.954, and
AUC is 0.995, with a minimal drop of 4.0% in F1 and 0.5%
in AUC compared to the Base scenario. These results validate
the effectiveness of our proposed method in the CDA scenario.

In conclusion, ComDet significantly outperforms all base-
line methods in the CDA scenario while achieving comparable
or superior performance in other real-world settings.

C. Ablation Study

To validate the effectiveness of the individual modules in
the ComDet framework, we conduct ablation experiments on
both test sets, and experimental results are shown in Table III.

When unlabeled data from the target domain is excluded
from the training process, the detection performance of
ComDet significantly deteriorates. On the NW→BS test set,

the F1 score decreases by 28.3%, and the AUC drops by
11.2%. On the NW→PT test set, F1 decreases by 30.0%,
and AUC drops by 13.4%. The absence of the reconstruction
module decreases the model’s robustness against adversarial
attacks. In the standard CDA scenario, compared to the origi-
nal ComDet, F1 drops by 15.3% and AUC drops by 4.5% on
the NW→BS test set. On the NW→PT test set, F1 drops by
16.8%, and AUC drops by 8.5%. Finally, removing the feature
extraction module weakens the framework’s feature extraction
capability. On the NW→BS test set, F1 decreases by 3.0%,
and AUC decreases by 1.1%. On the NW→PT test set, F1
decreases by 2.9%, and AUC decreases by 2.1%.

D. Feature Distribution Analysis

We extract features for the text to be detected from the final
hidden layer of both RoBERTa and ComDet, and employ t-
SNE [34] to project the feature distribution of the test set into a
2D space for visualization, as illustrated in Fig. 3. To evaluate
the transfer effect, we introduce two categories of metrics.
The first category consists of clustering analysis metrics,
including the Silhouette coefficient [35], DBI [36], and CH-
index [37], which assess the clustering quality of features
with the same detection label (either “human” or “AI”). The
second category includes divergence analysis metric, MMD
[38], which measures the consistency of feature distributions
across different domain labels (either “source” or “target”).

The experimental results shown in Table IV indicate that
our method significantly improves the Silhouette coefficient
and the CH-index, while also considerably reducing the DBI.
This demonstrates the strong clustering performance of the
extracted text features. Furthermore, our method achieves a
notably lower MMD compared to RoBERTa on both test sets,
effectively minimizing the differences in feature distribution
between domains.

These results demonstrate that our proposed framework not
only enhances the discrimination between AI and human text
features but also reduces distribution discrepancies between
domains, resulting in high classification accuracy and effective
transferability.

E. Hyperparameter Analysis

We further investigate the effect of the hyperparameter γ in
the NW→BS setting, as shown in Fig. 4. The results indicate
that a dropout rate of 0.2 (γ = 0.8) is a relatively reasonalble
choice. Under this setting, ComDet achieves the highest F1
score, which we attribute to the balance it strikes between
noise injection and the preservation of key features.

F. Number of Training Samples

To analyze ComDet’s performance under different data
sizes, we re-implement CDA experiments in NW→BS using
subsets of 100, 200, and 400 labeled training samples (test
set fixed at 1000 samples). As shown in Fig. 4, ComDet
consistently outperforms the best baseline ConDA across all
settings. With 100, 200, and 400 training samples, ComDet
surpasses ConDA by 11.6%, 15.2%, and 14.2% in F1 score,



Fig. 3. t-SNE plots showing text representations from RoBERTa and our ComDet.

Fig. 4. The effect of the dropout rate 1 − γ (0.1–0.5) and the number of
training samples (100, 200, 400) on detection performance under the CDA
scenario (NW→BS).

respectively. Moreover, the smaller performance gap between
low- and high-resource settings suggests that our method
exhibits lower dependence on labeled data.

V. CONCLUSION

Our work introduces a novel scenario for AI-generated
text detection task called Complex Domain Adaptation, which
combines three significant challenges: label scarcity, diverse
distribution, and adversarial attacks into a unified task. It
reflects a more complex situation in real-world AGTD ap-

plications. Through a series of experiments, we demonstrate
that existing baseline methods struggle to perform effectively
in the CDA scenario. In response, we propose an effective
detection framework called ComDet, which significantly out-
performs all baseline methods in the CDA scenario while
achieving comparable or superior performance in other real-
world settings. Furthermore, we validate the effectiveness of
the ComDet framework through ablation experiments and
feature distribution analysis.
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