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Abstract

Rapid advances in AI-generated image (AIGI)
technology enable highly realistic synthesis,
threatening public information integrity and se-
curity. Recent studies have demonstrated that
incorporating texture-level artifact features along-
side semantic features into multimodal large
language models (MLLMs) can enhance their
AIGI detection capability. However, our prelimi-
nary analyses reveal that artifact features exhibit
high intra-feature similarity, leading to an almost
uniform attention map after the softmax oper-
ation. This phenomenon causes attention
dilution, thereby hindering effective fusion
between semantic and artifact features. To over-
come this limitation, we propose a lightweight fu-
sion adapter, TranX-Adapter, which integrates a
Task-aware Optimal-Transport Fusion that lever-
ages the Jensen-Shannon divergence between ar-
tifact and semantic prediction probabilities as a
cost matrix to transfer artifact information into
semantic features, and an X-Fusion that em-
ploys cross-attention to transfer semantic infor-
mation into artifact features. Experiments on
standard AIGI detection benchmarks upon sev-
eral advanced MLLMs, show that our TranX-
Adapter brings consistent and significant improve-
ments (up to +6% accuracy). Code is avail-
able at https://github.com/DreamMr/
TranX-Adapter.
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Figure 1. Comparison between the previous fusion method
and our TranX-Adapter. (a) Previous Method: Concatenates
artifact (e.g., from NPR) and semantic features (e.g., from CLIP-
ViT), resulting in uniform attention and weak interaction. (b) Our
TranX-Adapter: Incorporates a lightweight bidirectional fusion
mechanism that enhances feature interaction.

1. Introduction
Recent progress in generative AI (Karras et al., 2019; Dhari-
wal & Nichol, 2021; Goodfellow et al., 2014; Rombach
et al., 2022; Park et al., 2019; Zhu et al., 2017) has dra-
matically enhanced the capability to synthesize highly re-
alistic images, enabling the creation of visual content that
closely mimics real-world scenes. Despite these remarkable
achievements, such technologies also pose substantial so-
cietal risks, as convincingly fake images can be exploited
to mislead the public and propagate misinformation. These
emerging threats have consequently driven the computer vi-
sion community to advance research in AI-generated image
detection (AIGI detection) (Tan et al., 2024; Wang et al.,
2020; Zhang et al., 2019; Qian et al., 2020; Liu et al., 2020;
Ojha et al., 2023; Yan et al., 2025; Chen et al., 2025), aiming
to develop more robust and reliable techniques for distin-
guishing synthetic image from authentic image.

Despite substantial progress in AIGI detection, notable chal-
lenges persist. Early work (Wang et al., 2020; Zhang et al.,
2019; Tan et al., 2024) predominantly targets GAN and
diffusion-generated images (Goodfellow et al., 2014; Dhari-
wal & Nichol, 2021), limiting robustness against the latest

1

https://github.com/DreamMr/TranX-Adapter
https://github.com/DreamMr/TranX-Adapter


TranX-Adapter: Bridging Artifacts and Semantics within MLLMs for Robust AI-generated Image Detection

generative models (Labs et al., 2025). To improve gen-
eralization, recent studies advance three complementary
directions: (1) artifact-based methods (Tan et al., 2024;
Qian et al., 2020; Zhong et al., 2023b; Yan et al., 2025),
which capture pixel-level artifacts induced by up-sampling
or interpolation; (2) semantic-based methods (Tan et al.,
2025; Yan et al.; Xu et al., 2024), which leverage high-
level visual semantics and broad world knowledge of Multi-
modal Large Language Models (MLLMs) to detect subtle
or localized manipulations; and (3) hybrid artifact-semantic
methods (Zhou et al., 2025; Cheng et al., 2025), the most
promising direction, explicitly combine artifact encoders
with MLLMs to combine precise pixel-level cues with
semantic robustness. A representative example is AIGI-
Holmes (Zhou et al., 2025), which integrates NPR (Tan et al.,
2024) with LLaVA-1.6-mistral (Liu et al., 2024), yielding
state-of-the-art (SOTA) performance across diverse AIGI
detection benchmarks.

However, our preliminary analyses reveal that naively con-
catenating artifact features (e.g., from NPR) with semantic
features (e.g., from CLIP-ViT) and feeding them into the
Large Language Model (LLM) yields suboptimal fusion be-
havior. As illustrated in Figure 1 (a), when artifact features
are used as key and value and semantic features as query to
transfer artifact information into the semantic space (Arti-
fact → Semantic), the resulting attention map collapses into
an almost uniform pattern, manifesting the attention
dilution phenomenon (Zhang et al., 2024). This degra-
dation stems from the high intra-feature similarity of arti-
fact representations, which suppresses discriminative cross-
encoder interactions and limits the model’s ability to effec-
tively convey fine-grained, texture-level artifact cues.

To achieve more effective fusion between semantic and ar-
tifact features, we introduce a lightweight fusion adapter,
termed TranX-Adapter, which is placed before the LLM
and employs distinct fusion strategies for different interac-
tion directions. The proposed TranX-Adapter comprises
two modules: Task-Aware Optimal-Transport Fusion (TOP-
Fusion) and X-Fusion. Specifically, TOP-Fusion transfers
artifact features into the semantic features by optimal trans-
port (Cuturi, 2013). We employ the distance between the
task-specific prediction probabilities of the two features,
instead of relying on the dot-product interaction used in
self-attention (Vaswani et al., 2017). This design mitigates
the attention dilution induced by the high intra-
feature similarity among artifact features. In contrast, X-
Fusion transfer the semantic features into the artifact fea-
tures by cross-attention. Here, we introduce X-Fusion based
on the observation that the interaction between the two fea-
tures predominantly emerges in the shallow layers of the
LLM. Accordingly, we confine the trainable parameters to a
lightweight module, avoiding any modification to the LLM
and improving training efficiency.

Our contribution is identifying that fusing artifact and se-
mantic features within MLLMs is hindered by the high intra-
feature similarity of artifact representations, which weakens
discriminative interactions. To address this challenge, we
propose TranX-Adapter, a lightweight adapter that enables
effective bidirectional fusion through TOP-Fusion (Artifact
→ Semantic) and X-Fusion (Semantic → Artifact). Ex-
tensive experiments show that TranX-Adapter consistently
improves performance across both cross-method and cross-
dataset benchmarks, achieving an average gain of 4.7% and
outperforming recent SOTA approaches.

2. Related Work
With the rapid progress of AI-based image generation, a
broad spectrum of detectors has emerged. Recent studies
advance three complementary directions: (1) artifact-based
methods, (2) semantic-based methods and (3) hybrid
artifact-semantic methods.

Artifact-Based Methods. Artifact-Based methods primar-
ily aim to capture texture-level features induced by the
up-sampling operations inherent in image generation mod-
els (Tan et al., 2024; Zhong et al., 2023a; Qian et al., 2020;
Frank et al., 2020). These features manifest as distinctive
pixel-level artifacts, such as similar values between adjacent
pixels. Tan et al. (2024) propose NPR to capture localized
structural cues introduced by the up-sampling operations
in CNN-based generative networks. Zhong et al. (2023a)
introduce PatchCraft, a texture-patch-based method that sup-
presses global semantics and exploits inter-pixel correlation
contrasts to improve generalization.

Semantic-Based Methods. These methods identify syn-
thetic images through semantic cues, such as human hand
contours, by training deep neural networks on extensive
real and generated datasets covering diverse object cate-
gories (Xu et al., 2024; Chang et al., 2023; Tan et al., 2025;
Chen et al., 2024). A representative examples of these ap-
proaches are to leverage a powerful foundation model (e.g.,
MLLMs) that possesses extensive world knowledge, thereby
endowing it with strong generalization capability. Xu et al.
(2024) present FakeShield that leverages LLM to not only
detect image forgery and localize tampered regions but also
produce human-readable rationales for its judgments. Chang
et al. (2023) formulate deepfake image detection as a vi-
sual question-answering task and leverages prompt-tuned
MLLM to significantly improve generalisability to unseen
generative models.

Hybrid Artifact-Semantic Methods. These methods si-
multaneously integrate the previous two approaches by com-
bining pixel-level artifact cues with semantic world knowl-
edge, achieving notable performance gains (Cheng et al.,
2025; Zhou et al., 2025). Cheng et al. (2025) introduce a
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hybrid method CO-SPY that jointly enhances and adaptively
fuses semantic and pixel-artifact features to robustly detect
synthetic images across diverse generative models. AIGI-
Holmes (Zhou et al., 2025) fuses NPR with semantic-rich
pretrained CLIP-ViT embedding within MLLM to deliver
both robust generalisation to unseen AI-generated images
and human verifiable explanations.

However, our preliminary analysis (Sect. 3) finds that di-
rectly concatenating artifact features and semantic features
as input to the LLM leads to suboptimal fusion, since the ar-
tifact features exhibit high intra-feature similarity, resulting
in an almost uniform attention map that weakens interaction.
To address this limitation, we introduce TranX-Adapter in
Sect. 4, which promotes a more profound integration of
artifact and semantic representations, thereby advancing the
effectiveness and robustness of AIGI detection.

3. Pilot Study
In this section, we conduct a pilot study to demonstrate that
self-attention fusion of artifact and semantic features within
the LLM is suboptimal. Following AIGI-Holmes (Zhou
et al., 2025), we employ NPR (Tan et al., 2024) as the arti-
fact encoder and integrate it into LLaVA-1.6-mistral 7B (Liu
et al., 2024), while CLIP-ViT provides the semantic fea-
tures. The two types of features are concatenated and fed
into the LLM for joint training. In Sect. 3.1, we analyze
the intrinsic distributional differences between artifact and
semantic features. In Sect. 3.2, attention map visualization
reveals that when the LLM performs self-attention fusion,
the Artifact → Semantic interaction exhibits attention
dilution (Zhang et al., 2024), where the attention dis-
tribution becomes nearly uniform, indicating ineffective
feature fusion. Finally, by quantifying the mean signifi-
cance of information flow, we further confirm that existing
self-attention fusion within the LLM remains suboptimal
(Sect. 3.2).

(b)(a)

Figure 2. Comparison between the processed NPR input (a)
and the CLIP-ViT input image1 (b), where NPR highlights local
pixel interdependencies for synthetic image detection.

3.1. Uniform Artifact and Variance Semantic

In AIGI detection, artifact features are essential for distin-
guishing synthetic images from authentic ones (Tan et al.,
2024; Chen et al., 2025; Qian et al., 2020). The NPR model
exemplifies this principle by leveraging local pixel depen-
dencies to capture subtle inconsistencies that signal syn-
thetic content. Specifically, NPR first upsamples the input
image through bilinear interpolation, subsequently down-
samples it, and computes the residual between the recon-
structed and original images, which is then processed by
ResNet (He et al., 2016).

As illustrated in Figure 2 (a), the NPR input image primarily
captures structural cues such as edges and textures, leading
to substantial redundancy among spatial patches. In contrast,
MLLMs typically employ CLIP-ViT as the visual encoder,
which directly processes the original image to extract rich
and diverse semantic representations. This inherent discrep-
ancy is further manifested at the feature level. As shown in
Figure 3, we examine the distributional characteristics of ar-
tifact and semantic features by computing the L2 norm and
cosine similarity image patches derived from each visual
encoder. The results reveal that CLIP-ViT features exhibit
significantly higher inter-patch variance, whereas NPR fea-
tures demonstrate strong intra-feature similarity, indicating
that artifact representations are more homogeneous and
less discriminative in feature space.
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Figure 3. Distributional comparison of representational vari-
ances between CLIP-ViT and NPR: (a) variance of L2 norms
and (b) variance of cosine similarities across image patches.

3.2. Semantic Limitations in Artifact Cue Extraction

We previously observed that the artifact features extracted by
NPR exhibit strong intra-feature similarity. Consequently,
during self-attention, this high similarity causes the atten-

1The image is sourced from BiasFree (Guillaro et al., 2025)
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Figure 4. Comparison of cross-encoder interactions between CLIP-ViT and NPR. (a) Relative entropy of attention maps. Higher
relative entropy values, approaching 1, indicate that the distribution is closer to uniform. (b) Attention map for the direction CLIP →
NPR, where the query originates from NPR features and the key and value are derived from CLIP-ViT features. (c) Attention map
for the direction NPR → CLIP , where the query corresponds to CLIP-ViT features and the key and value are obtained from NPR
features. (d) Relationship between the training loss and the information flow metrics S.

tion map, when semantic features are used as queries and
artifact features as keys, to collapses into an almost uniform
distribution after softmax normalization. As illustrated in
Figure 4 (a), the relative entropy of the CLIP-ViT → NPR
is notably lower, indicating a more concentrated distribution
as shown in Figure 4 (b). In contrast, the NPR → CLIP-
ViT exhibits higher relative entropy, resulting in an almost
uniform pattern as shown in Figure 4 (c) and leading to the
phenomenon of attention dilution. However, the
critical forgery cues embedded in artifact features typically
reside in high-frequency regions (Zhong et al., 2023a), and
this diluted attention impedes the effective transmission of
critical forgery cues from artifact to semantic.

To further substantiate this observation, we follow Wang
et al. (2023a) and introduce two quantitative metrics: (1)
SN→C denotes the mean significance of the information
flow from NPR to CLIP-ViT, and (2) SC→N denotes the
mean significance of information flow from CLIP-ViT to
NPR. The formal definition of information flow S is pro-
vided in the Appendix A.1. As shown in Figure 4 (d), the
information flow SN→C is substantially lower than SC→N ,
indicating that the artifact information encoded by NPR is
difficult to transfer into the semantic feature space.

To confirm that this phenomenon is not specific to NPR,
we further observe similar behavior in VAE-based artifact
encoder (Cheng et al., 2025). Due to space constraints,
the corresponding experimental results are presented in the
Appendix B.1. These findings highlight that effectively
bridging artifact and semantic features remains a critical
challenge for MLLM performance in AIGI detection tasks.

4. Method
With the insights in Sect. 3, we introduce a lightweight
fusion adapter, termed TranX-Adapter, which facilitates

more effective fusion of semantic and artifact features. In
this section, we introduce the TranX-Adapter in detail.

4.1. Preliminary

Given an image, we first extract artifact features Fart ∈
RN×D and semantic features Fsem ∈ RM×D from artifact
encoder (e.g., NPR) and semantic encoder (e.g., CLIP-ViT)
respectively. The N and M represent the lengths of the
sequences of visual patches for artifact features Fart and
semantic features Fsem. The D is the feature dimension
of each visual patches. In fact, we employ separate Multi-
Layer Perceptron (MLP) to align the feature dimensions
of the artifact features and semantic features. And then
the artifact features Fart and semantic features Fsem are
fused by our TranX-Adapter, which enables bidirectional
fusion via Task-Aware Optimal-Transport Fusion (Artifact
→ Semantic) and X-Fusion (Semantic → Artifact). The
fused visual features are projected to the LLM as visual
tokens V and paired with a textual prompt T . To train our
TranX-Adapter, we apply the language modeling objective
L to predictions of text tokens:

L = −
∑
t

logPθ(yt|V, T, y<t). (1)

4.2. Task-Aware Optimal-Transport Fusion

In this part, we first provide the motivation of our Task-
Aware Optimal-Transport Fusion (TOP-Fusion), and then
introduce it in detail.

Motivation of TOP-Fusion. The primary objective of this
module is to transfer discriminative artifact cues into se-
mantic features, compensating for forgery cues that the
semantic space fails to capture. In Sect. 3, we observe
that the Artifact → Semantic interaction suffers from
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Figure 5. Overview of the proposed TranX-Adapter. Our TranX-Adapter consists of two complementary fusion modules. The
Task-Aware Optimal-Transport Fusion (TOP-Fusion) aligns artifact and semantic feature predictions by computing JS divergence between
their logits and transferring artifact features into the semantic features through optimal-transport, yielding an enhanced semantic feature
F̂sem. The X-Fusion module transfers semantic features into artifact features via multi-layer cross-attention, producing F̂art. The fused
representations are finally fed into the Large Language Model (LLM) for detection.

attention dilution, where the attention distribution
becomes nearly uniform due to the high intra-feature simi-
larity of artifact features. Prior studies (Zhong et al., 2023a;
Frank et al., 2020) indicate that generative models predomi-
nantly introduce artifacts in the high-frequency regions of
synthetic images, leading to varying artifact intensity across
patches. To capture this, we replace the artifact features with
the probability of each patch being predicted as fake, and
similarly map semantic features into the same probability
space. The fusion process is guided to emphasize regions
exhibiting substantial discrepancies between the artifact and
semantic features.

TOP-Fusion. The processes of our TOP-Fusion is illus-
trated in Figure 5. As discussed above, we first convert both
artifact and semantic features into the probability of each
patch being predicted as “fake”. For artifact encoder, we use
the prediction head from the artifact encoder training to ob-
tain logits over the detect “fake”. For the semantic encoder,
when CLIP-ViT is used, we encode the text prompt “A photo
is a fake.” with CLIP’s text encoder (Devlin et al., 2019) and
compute its similarity to the CLIP-ViT visual features. For
semantic encoders without an aligned text encoder, we use
a pretrained prediction head (see Appendix A.3) to obtain
logits for fake detection. The complementary “real” logit is
obtained as 1− σ(·). The σ(·) is the sigmoid function. We
denote P and S as the probability distributions correspond-
ing to the artifact and semantic features, respectively. Then,

we quantify the discrepancy between artifact and semantic
using the Jensen-Shannon (JS) divergence, i.e., JS(S||P ).

Next, we transfer the artifact features into the semantic
space based on this discrepancy. Specifically, we employ
Optimal-Transport (Gabriel & Marco, 2019; Santambrogio,
2015), using the JS(S||P ) as the cost matrix, and obtain
the transport plan γ via the Sinkhorn algorithm (Cuturi,
2013). Since the patches with substantial discrepancies
should receive greater emphasis during feature transfer, we
adopt the negative JS divergence, i.e., −JS(S||P ). Finally,
we use the transport plan γ to transfer the artifact features
into semantic features:

Fart→sem = γ(FartWart), (2)

F̂sem = Fsem + MLP(Fart→sem), (3)

where Wart ∈ RD×d are learned linear projections into the
shared space, and MLP(·) is the Multi-Layer Perceptron that
adapts the Fart→sem before fusion.

4.3. X-Fusion

In this part, we first provide the motivation of our X-Fusion,
and then introduce it in detail.

Motivation of X-Fusion. Previously, we introduced TOP-
Fusion to achieve the interaction from Artifact → Semantic.
The most straightforward approach is to directly integrate
TOP-Fusion into the LLM. However, we argue that such
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a strategy is inefficient for two main reasons: (1) modify-
ing the internal architecture of the LLM may disrupt its
inherent knowledge, and (2) it requires training the LLM. In
fact, our experiments (Sect. 5.7) reveal that the interactions
among different visual features within the LLM primarily
occur in the shallow layers. Therefore, we concentrate the
interaction between artifact and semantic features within
a lightweight adapter and fine-tune only this adapter dur-
ing training, avoiding the need to update the LLM. Con-
sequently, we employ a cross (X)-attention mechanism to
achieve the Semantic → Artifact interaction.

X-Fusion. Given the artifact features Fart and semantic
features Fsem, both feature types are first projected into a
shared latent space of dimension d through linear transfor-
mations:

F̃art = FartW̃art, F̃sem = FsemW̃sem, (4)

where W̃art, and W̃sem ∈ RD×d. Subsequently, a stack
of cross-attention layers is employed to enable fine-grained
semantic injection. In each layer ℓ, the artifact features serve
as the query, while semantic features act as key and value:

Q = F̃artWQ, K = F̃semWK , V = F̃semWV , (5)

H = softmax(
QK⊤
√
d

)V, (6)

X = F̃art +H, (7)
Fsem→art = X + MLP(X), (8)

where WQ,WK and WV ∈ Rd×d are the parameter matrics.
In this formulation, the artifact features actively retrieve
complementary semantic cues from the semantic features,
facilitating semantic-aware enhancement. After the final
cross-attention block, the updated representation is normal-
ized and mapped back to the original feature dimension:

F̂art = Fart + MLP(Fsem→art). (9)

This process yields a refined artifact features that effectively
incorporates semantic guidance while preserving the origi-
nal feature characteristics.

5. Experiments
In this section, we first present the experimental setup, in-
cluding implementation details and evaluation protocols,
followed by the experiments and analysis. Further experi-
mental results, including the generalization analyses using
different artifact encoders, and more ablation studies are
provided in Appendix B. Case studies are provided in the
Appendix C.

5.1. Experimental Setup

Implementation Details. Following (Zhou et al., 2025),
we adopt NPR (Tan et al., 2024) as the artifact encoder to

extract artifact features, while using the visual encoder of
the MLLM as the semantic encoder to capture high-level
visual semantics. However, our TranX-Adapter also gen-
eralizes to other artifact encoders (see Appendix B.1). We
use LLaVA-1.6-mistral 7B and Qwen3-VL (2B and 4B) as
the base models. Unless otherwise specified, the param-
eter of MLLMs are kept frozen during training. Further
implementation details are provided in Appendix A.

Evaluation Protocols and Dataset. We adopt two widely
recognized evaluation protocols. In Protocol I, we follow
the GenImage (Zhu et al., 2023b) benchmark and train the
model on real images (e.g., ImageNet (Deng et al., 2009))
and SD v1.4 (Rombach et al., 2022) generate images, and
evaluate the trained model across eight different genera-
tors (Brock et al., 2018; Nichol et al., 2021; Gu et al., 2022;
Dhariwal & Nichol, 2021; Midjourney, 2022; Wukong,
2022; Rombach et al., 2022). In Protocol II, the model
is trained on data from diverse generative models and evalu-
ated on comprehensive benchmarks containing challenging
samples from modern generators. This protocol uses the
Chameleon (Yan et al., 2025) and RRDataset (Li et al.,
2025).

5.2. Comparison with AIGI Detection Methods

Comparison on GenImage (Protocol I). As shown in
Table 1, TranX-Adapter consistently boosts performance
across all evaluated models, including LLaVA-1.6-mistral
7B, Qwen3-VL 2B, and Qwen3-VL 4B, demonstrating
strong model-agnostic effectiveness. Additionally, many
existing methods overfit to specific generators and suffer
significant performance drops on unseen ones, whereas our
method maintains consistently high accuracy across genera-
tors, demonstrating strong robustness and transferability.

Comparison on Chameleon (Protocol II). To mitigate
potential biases arising from training configurations, such
as generator diversity and image category imbalance, we
evaluate our method alongside existing detectors under var-
ied training conditions. As shown in Table 2, prior ap-
proaches exhibit limited transferability, with accuracies
ranging from 55% to 72%. In contrast, LLaVA-1.6-mistral
7B w/ our TranX-Adapter achieves 75.8% accuracy when
trained solely on SD v1.4 and 85.1% when trained on the
full GenImage dataset, significantly outperforming all base-
lines. These results underscore the strong generalization
and robustness of the proposed TranX-Adapter.

Comparison on RRDataset (Protocol II). Compared with
Chameleon, RRDataset (Li et al., 2025) encompasses seven
distinct scenes and four re-digitization processes, offering
a more comprehensive assessment of the generalization
capability of AIGI detectors. As presented in Table 3, we
evaluate both zero-shot MLLMs and conventional detectors
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Table 1. Cross-model accuracy performance on the GenImage Dataset. Accuracy (%) of different detectors (rows) in distinguishing
real images from those produced by various generative models (columns). The best result are marked in bold. “†” indicates direct
concatenation of artifact and semantic features following Zhou et al. (2025).

Method Midjourney SD v1.4 SD v1.5 ADM GLIDE Wukong VQDM BigGAN Mean
CNNSpot (Wang et al., 2020) 52.8 96.3 95.9 50.1 39.8 78.6 53.4 46.8 64.2
F3Net (Qian et al., 2020) 50.1 99.9 99.9 49.9 50.0 99.9 49.9 49.9 68.7
DIRE (Wang et al., 2023b) 60.2 99.9 99.8 50.9 55.0 99.2 50.1 50.2 70.7
GenDet (Zhu et al., 2023a) 89.6 96.1 96.1 58.0 78.4 92.8 66.5 75.0 81.6
PatchCraft (Zhong et al., 2023b) 79.0 89.5 89.3 77.3 78.4 89.3 83.7 72.4 82.3
UnivFD (Ojha et al., 2023) 73.2 84.2 84.0 55.2 76.9 75.6 56.9 80.3 73.3
AIDE (Yan et al., 2025) 79.4 99.7 99.8 78.5 91.8 98.7 80.3 66.9 86.9
NPR (Tan et al., 2024) 89.8 90.7 90.7 84.6 90.3 90.7 87.0 81.8 88.3
LLaVA-1.6-mistral 7B† (Liu et al., 2024) 88.6 94.0 94.0 80.3 86.8 93.4 82.6 76.2 87.3
AIGI-Holmes (Zhou et al., 2025) 81.6 91.3 91.4 88.4 91.5 89.5 90.9 94.5 89.8
Qwen3-VL 2B† (Bai et al., 2025) 88.1 87.3 84.1 78.6 81.7 81.7 84.1 72.2 82.2
Qwen3-VL 4B† (Bai et al., 2025) 87.3 98.4 96.0 65.1 91.3 96.0 73.8 78.6 85.8

w/ our TranX-Adapter
Qwen3-VL 2B 90.5 97.6 96.0 83.3 89.7 92.9 82.5 71.4 88.0
Qwen3-VL 4B 92.1 97.6 97.6 81.0 83.3 94.4 84.9 87.3 89.8
LLaVA-1.6-mistral 7B 94.9 96.4 96.4 87.0 88.0 94.9 90.1 85.9 91.9

Table 2. Cross-dataset accuracy performance on the
Chameleon testset. “†” denotes the setting following Zhou et al.
(2025), where the artifact features and semantic features are di-
rectly concatenated.

Method Training Set

SDv1.4 All GenImage
UnivFD (Ojha et al., 2023) 55.6 60.4
DIRE (Wang et al., 2023b) 59.7 57.8
PatchCraft (Zhong et al., 2023b) 56.3 55.7
NPR (Tan et al., 2024) 58.1 57.8
LLaVA-1.6-mistral 7B† (Liu et al., 2024) 69.4 81.9
AIDE (Yan et al., 2025) 62.6 65.8
PatchAll/CLIP (Yang et al., 2025) 63.9 69.3
PatchAll/DINOv2 (Yang et al., 2025) 66.6 72.1
Qwen3-VL 2B† (Bai et al., 2025) 68.5 78.8
Qwen3-VL 4B† (Bai et al., 2025) 69.4 78.3

w/ our TranX-Adapter
Qwen3-VL 2B 71.8 82.3
Qwen3-VL 4B 72.6 83.6
LLaVA-1.6-mistral 7B 75.8 85.1

on RRDataset. Our TranX-Adapter integrated with Qwen3-
VL 4B achieves the highest accuracy of 90.9%, surpassing
the strongest baseline (Qwen3-VL 4B, 85.6%) by 5.3% and
GPT-4o by +6.8%. These results demonstrate the superior
generalization of our approach for AIGI detection.

5.3. Ablation Study

To elucidate the contribution of each component within our
TranX-Adapter, we perform ablation studies on GenImage
using LLaVA-1.6-mistral 7B. As presented in Table 4, in-
corporating the artifact encoder to provide auxiliary forgery
cues yields a 4.6% improvement in accuracy. Introducing
X-Fusion and TOP-Fusion individually brings further gains
of 2.3% and 3.2%, respectively. When both fusion strategies
are jointly applied, the model attains an accuracy of 91.9%,

Table 3. Cross-dataset accuracy performance on the RRDataset.
The “Ori.” represents the Original, “Trans.” represents the Trans-
mission, and “Re.” represents the Re-digitization. “†” indicates
the direct concatenation of artifact and semantic features (Zhou
et al., 2025).

Method RRDataset

Ori. Trans. Re. Avg.
MLLMs (Zero-shot)

GPT-4o (Achiam et al., 2023) 94.5 84.7 73.1 84.1
Claude-3.7-sonnet (Ant) 89.9 83.8 73.9 82.5
Gemini-2-flash (Team et al., 2023) 85.3 74.8 71.8 77.3
Qwen2VL-72B (Wang et al., 2024) 59.9 56.4 59.8 58.7

Detectors (Fine-tuned)
DIRE (Wang et al., 2023b) 94.0 94.1 50.2 79.4
AIDE (Yan et al., 2025) 79.0 76.8 79.6 78.4
GramNet (Liu et al., 2020) 78.0 77.6 70.8 75.4
CNNSpot (Wang et al., 2020) 80.8 77.3 64.9 74.3
NPR (Tan et al., 2024) 72.7 62.6 65.6 67.0
C2P-CLIP (Tan et al., 2025) 57.4 64.2 54.2 58.6
LLaVA-1.6-mistral 7B† (Liu et al., 2024) 94.8 69.3 85.5 83.2
Qwen3-VL 2B† (Bai et al., 2025) 88.9 89.9 68.8 82.5
Qwen3-VL 4B† (Bai et al., 2025) 96.0 89.5 71.3 85.6

w/ our TranX-Adapter
Qwen3-VL 2B 97.5 95.3 78.3 88.9
Qwen3-VL 4B 98.1 95.5 79.0 90.9
LLaVA-1.6-mistral 7B 96.6 93.0 77.1 88.9

confirming that the two fusion mechanisms complement
each other and jointly enhance detection performance.

Fusion Strategy Ablation. To further examine how fu-
sion strategies affect different information transfer pro-
cesses, we consider three variants: 1) applying TOP-Fusion
to both transfer processes, 2) applying X-Fusion to both
transfer processes, and 3) our TranX-Adapter. Experiments
are conducted with Qwen3-VL 2B, trained on GenImage
and evaluated on Chameleon. As shown in Table 5, uni-
formly usiing either TOP-Fusion or X-Fusion for both pro-
cesses yields inferior performance compared with TranX-

7



TranX-Adapter: Bridging Artifacts and Semantics within MLLMs for Robust AI-generated Image Detection

Table 4. Ablation study of different module in TranX-Adapter.
The first row shows the results of LLaVA-1.6-mistral 7B. We
integrate NPR, apply X-Fusion and TOP-Fusion separately, and
then use the full bidirectional fusion strategy.

Artifact Encoder X-Fusion TOP-Fusion Accuracy
82.3

✓ 86.0
✓ ✓ 89.3
✓ ✓ 90.3
✓ ✓ ✓ 91.9

Adapter. This result demonstrates that the two transfer
processes require distinct fusion mechanisms, validating the
asymmetric design of TranX-Adapter.

Table 5. Ablation study on artifact-semantic fusion strategies.
We compare different fusion strategy for Semantic → Artifact
and Artifact → Semantic information transfer. Our asymmetric
design, using X-Fusion for Semantic → Artifact and TOP-Fusion
for Artifact → Semantic, achieves the best accuracy.

Semantic→Artifact Artifact→Semantic Accuracy
TOP-Fusion TOP-Fusion 78.9

X-Fusion X-Fusion 81.3
X-Fusion TOP-Fusion 82.3

5.4. Robustness Studies

We conduct comprehensive robustness evaluations to as-
sess the reliability of our approach under common image
corruptions. Specifically, we compare our TranX-Adapter
with three representative detectors, namely NPR (Tan
et al., 2024), CO-SPY (Cheng et al., 2025), and Ef-
fort (Yan et al.), across JPEG compression (quality fac-
tors Q = 95, 90, 75, 50), Gaussian blur (standard devia-
tions σ = 1.0, 2.0, 3.0, 4.0), and image resizing (scales
S = 0.5, 1.0, 1.5, 2.0) on the SDv1.4 subset of the GenIm-
age. Additionally, we also conduct experiment on LLaVA-
1.6-mistral-7B (Liu et al., 2024). As shown in Figure 6, our
method demonstrates strong robustness across all corrup-
tion types, preserving high accuracy even under extreme
compression, severe blur, and substantial scale variation.
Notably, our TranX-Adapter maintains approximately 90%
accuracy in the most challenging scenarios.

5.5. Effect of Different Cost Matrices.

In TOP-Fusion, we employ the Jensen-Shannon (JS) diver-
gence to quantify the discrepancy between the artifact and
semantic probability distributions. To further investigate
the effect of different cost matrix designs, we replace the
JS divergence with cosine similarity (COS) and Kullback-
Leibler (KL) divergence, respectively. For cosine similarity,
we directly compute the cosine similarity between artifact
and semantic features as the cost matrix. For KL divergence,

(b) (c)(a) 

TranX-Adapter LLaVA-1.6-mistral 7BNPR CO-SPY Effort

Figure 6. Robustness analysis on JPEG compression, Resizing
and Gaussian blur. (a) Impact of JPEG compression, (b) Impact
of Gaussian blur and (c) Impact of Resizing.

we use the artifact and semantic logits as inputs to compute
the divergence. We train the models on GenImage SD v1.4
and evaluate them on Chameleon and GenImage.

As shown in Table 6, using cosine similarity between arti-
fact and semantic features as the cost matrix in TOP-Fusion
leads to substantially lower accuracy on both Chameleon
and GenImage, compared to using discrepancies between
their task-specific prediction probabilities. This is because
the high intra-feature similarity of artifact features induces
a near-uniform cosine similarity pattern, limiting the trans-
fer of fine-grained artifact cues. In contrast, discrepancy
measures computed in the prediction space exhibit stronger
patch-wise variations (see Sect. 5.7), enabling more effec-
tive fusion. Moreover, compared to KL divergence, JS
divergence provides more stable training and consistently
achieves better performance.

Table 6. Ablation study of different cost matrices in TranX-
Adapter. The “COS” denotes the cosine similarity. The “KL”
denotes the Kullback-Leibler divergence and “JS” denotes the
Jensen-Shannon divergence. The “∆ ↑” represents the perfor-
mance gains of our TranX-Adapter against the baseline.

Chameleon ↑ GenImage ↑ ∆ ↑
Qwen3-VL 2B 68.5 82.2 0.0

TOP-Fusion w/ COS 69.8 83.7 +1.4
TOP-Fusion w/ KL 70.8 86.8 +3.5
TOP-Fusion w/ JS 71.8 88.0 +4.6

5.6. Comparison with PEFT Methods

To evaluate training efficiency, we compare our TranX-
Adapter with Parameter-Efficient Fine-Tuning (PEFT) meth-
ods, including LoRA (Hu et al.) and Adapter (Houlsby et al.,
2019), on the Chameleon dataset, using GenImage-SD v1.4
as the training set. As shown in Table 7, our TranX-Adapter
achieves performance comparable to full fine-tuning while
using only a tiny-scale of the parameters.

5.7. Why does Our TranX-Adapter Work?

In Sect.3, we observe that the artifact features exhibit high
intra-feature similarity, preventing effective injection of arti-
fact information into the semantic features. In this section,
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(b) (d) (c)(a) 

Training Step Training Step

ℒ𝑻𝑶𝑷ℒ𝒄𝒓𝒐𝒔𝒔 𝑺𝑻𝑶𝑷𝑺𝒄𝒓𝒐𝒔𝒔 𝑺𝑰 𝑺𝑻

Figure 7. Overview of JS divergence and the evolution of information-flow significance across training. (a) Distribution of JS
divergence. (b) Illustrates the relationship between the training loss and the information-flow significance S. (c) Comparison of image
and text information-flow significance and (d) layer-wise distribution of S across the LLM, where “Low” indicates layers near the input.

Table 7. Comparison with PEFT methods on Chameleon
dataset, where “Params.” denotes the number of learnable pa-
rameters measured in millions.

Method Params. (M) Acc.
Full 7261 76.8

LoRA (Hu et al.) 40 69.1
160 74.4

Adapter (Houlsby et al., 2019) 40 69.4
160 72.5

TranX-Adapter 40 73.8
160 75.8

we analyze why TranX-Adapter is effective from the fol-
lowing two perspectives:

1) Why can TOP-Fusion transfer artifact information into
semantic features more effectively? We design TOP-Fusion
to selectively amplify regions where artifact and semantic
diverge in AIGI detection. To achieve this, we compute
the JS divergence between their prediction probabilities and
adopt it as the cost matrix within the optimal transport. As
illustrated in Figure 7 (a), the JS divergence exhibits low
JS divergence regions dominate with high density, whereas
high JS divergence regions are relatively sparse. This non-
uniformity easily guides the model to focus on patches with
substantial discrepancies. To further assess the advantages
of TOP-Fusion, we compare it against a standard cross-
attention by substituting TOP-Fusion with cross-attention.
We denote the mean significance of information flow (Wang
et al., 2023a) from artifact to semantic features as STOP

and Scross for TOP-Fusion and cross-attention, respectively.
As shown in Figure 7 (b), STOP consistently surpasses
Scross, and TOP-Fusion achieves a lower training loss un-
der identical training steps. These findings demonstrate
that TOP-Fusion more effectively highlights regions with
substantial discrepancies between artifact and semantic
features, thereby enabling more efficient fusion.

2) Why can TranX-Adapter remain effective with only a
small number of trainable parameters? To answer this
question, it is essential to clarify what the LLM primarily
learns during training. We therefore examine how different
features, including text embeddings, artifact features, and
semantic features, interact within the LLM. A naive con-
catenation strategy is adopted, where all three feature types
are provided jointly as input while fine-tuning the LLM.
We denote ST and SI as the mean significance of informa-
tion flow (Wang et al., 2023a) from text embeddings and
visual features to the final output, respectively. As shown
in Figure 7 (c), the model increasingly depends on visual
features as training progresses, indicating that the LLM
places greater emphasis on visual feature interactions.
Furthermore, Figure 7 (d) shows that these visual feature
interactions predominantly emerge in the shallow layers
(corresponding to “Low”) of the LLM. This behavior aligns
with the design of TranX-Adapter, which promotes effec-
tive visual feature interaction via TOP-Fusion and X-Fusion
with minimal additional parameters.

6. Conclusion
In this paper, we introduce TranX-Adapter, a lightweight
fusion adapter that effectively integrates semantic and ar-
tifact features to strengthen the AIGI detection capability
of MLLMs. Extensive experiments across diverse bench-
marks demonstrate that TranX-Adapter delivers robust per-
formance and superior generalization. Our analysis reveals
three key insights: (1) high intra-feature similarity of arti-
fact features leads to attention dilution under self-
attention, while discrepancy-aware fusion is more effective;
(2) the LLM increasingly relies on visual information dur-
ing training and (3) artifact-semantic fusion predominantly
occurs in shallow layers. Overall, TranX-Adapter improves
artifact utilization in MLLMs, paving the way for future
work on AIGI localization and explainability.

9



TranX-Adapter: Bridging Artifacts and Semantics within MLLMs for Robust AI-generated Image Detection

Acknowledgements
This work is supported by the National Natural Sci-
ence Foundation of China (Grant No. U23A20318 and
62276195), the New Cornerstone Science Foundation
through the XPLORER PRIZE, the Foundation for In-
novative Research Groups of Hubei Province (Grant No.
2024AFA017) and WHU-Kingsoft Joint Lab. The numeri-
cal calculations in this paper have been done on the super-
computing system in the Supercomputing Center of Wuhan
University. This project is supported by the China Scholar-
ship Council.

Impact Statement
This work aims to safeguard public information integrity
by enhancing the robustness of AI-generated image detec-
tion, directly addressing the growing threat of misinfor-
mation. Our proposed TranX-Adapter achieves superior
generalization across diverse generators while utilizing a
lightweight architecture, which significantly improves train-
ing efficiency and reduces computational energy costs com-
pared to full MLLM fine-tuning. While we focus on defense,
we acknowledge the potential risk of these techniques be-
ing used adversarially to evade detection and emphasize
that such tools should support, rather than replace, human
verification to mitigate the risks of classification errors.

References
The claude 3 model family: Opus, sonnet, haiku.

URL https://api.semanticscholar.org/
CorpusID:268232499.

Achiam, J., Adler, S., Agarwal, S., Ahmad, L., Akkaya, I.,
Aleman, F. L., Almeida, D., Altenschmidt, J., Altman, S.,
Anadkat, S., et al. Gpt-4 technical report. arXiv preprint
arXiv:2303.08774, 2023.

Bai, S., Cai, Y., Chen, R., Chen, K., Chen, X., Cheng, Z.,
Deng, L., Ding, W., Gao, C., Ge, C., Ge, W., Guo, Z.,
Huang, Q., Huang, J., Huang, F., Hui, B., Jiang, S., Li,
Z., Li, M., Li, M., Li, K., Lin, Z., Lin, J., Liu, X., Liu,
J., Liu, C., Liu, Y., Liu, D., Liu, S., Lu, D., Luo, R., Lv,
C., Men, R., Meng, L., Ren, X., Ren, X., Song, S., Sun,
Y., Tang, J., Tu, J., Wan, J., Wang, P., Wang, P., Wang,
Q., Wang, Y., Xie, T., Xu, Y., Xu, H., Xu, J., Yang, Z.,
Yang, M., Yang, J., Yang, A., Yu, B., Zhang, F., Zhang,
H., Zhang, X., Zheng, B., Zhong, H., Zhou, J., Zhou, F.,
Zhou, J., Zhu, Y., and Zhu, K. Qwen3-vl technical report.
arXiv preprint arXiv:2511.21631, 2025.

Brock, A., Donahue, J., and Simonyan, K. Large scale gan
training for high fidelity natural image synthesis. arXiv
preprint arXiv:1809.11096, 2018.

Chang, Y.-M., Yeh, C., Chiu, W.-C., and Yu, N. Antifake-
prompt: Prompt-tuned vision-language models are fake
image detectors. arXiv preprint arXiv:2310.17419, 2023.

Chen, B., Zeng, J., Yang, J., and Yang, R. Drct: Diffu-
sion reconstruction contrastive training towards universal
detection of diffusion generated images. In Forty-first
International Conference on Machine Learning, 2024.

Chen, R., Xi, J., Yan, Z., Zhang, K.-Y., Wu, S., Xie, J., Chen,
X., Xu, L., Guan, I., Yao, T., et al. Dual data alignment
makes ai-generated image detector easier generalizable.
arXiv preprint arXiv:2505.14359, 2025.

Cheng, S., Lyu, L., Wang, Z., Zhang, X., and Sehwag, V.
Co-spy: Combining semantic and pixel features to detect
synthetic images by ai. In Proceedings of the Computer
Vision and Pattern Recognition Conference, pp. 13455–
13465, 2025.

Cuturi, M. Sinkhorn distances: Lightspeed computation
of optimal transport. Advances in neural information
processing systems, 26, 2013.

Deng, J., Dong, W., Socher, R., Li, L.-J., Li, K., and Fei-Fei,
L. Imagenet: A large-scale hierarchical image database.
In 2009 IEEE conference on computer vision and pattern
recognition, pp. 248–255. Ieee, 2009.

Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K. Bert:
Pre-training of deep bidirectional transformers for lan-
guage understanding. In Proceedings of the 2019 confer-
ence of the North American chapter of the association for
computational linguistics: human language technologies,
volume 1 (long and short papers), pp. 4171–4186, 2019.

Dhariwal, P. and Nichol, A. Diffusion models beat gans
on image synthesis. Advances in neural information
processing systems, 34:8780–8794, 2021.

Frank, J., Eisenhofer, T., Schönherr, L., Fischer, A., Kolossa,
D., and Holz, T. Leveraging frequency analysis for deep
fake image recognition. In International conference on
machine learning, pp. 3247–3258. PMLR, 2020.

Gabriel, P. and Marco, C. Computational optimal trans-
port with applications to data sciences. Foundations and
Trends® in Machine Learning, 11(5-6):355–607, 2019.

Goodfellow, I. J., Pouget-Abadie, J., Mirza, M., Xu, B.,
Warde-Farley, D., Ozair, S., Courville, A., and Bengio, Y.
Generative adversarial nets. Advances in neural informa-
tion processing systems, 27, 2014.

Gu, S., Chen, D., Bao, J., Wen, F., Zhang, B., Chen,
D., Yuan, L., and Guo, B. Vector quantized diffusion
model for text-to-image synthesis. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pp. 10696–10706, 2022.

10

https://api.semanticscholar.org/CorpusID:268232499
https://api.semanticscholar.org/CorpusID:268232499


TranX-Adapter: Bridging Artifacts and Semantics within MLLMs for Robust AI-generated Image Detection

Guillaro, F., Zingarini, G., Usman, B., Sud, A., Cozzolino,
D., and Verdoliva, L. A bias-free training paradigm for
more general ai-generated image detection. In Proceed-
ings of the Computer Vision and Pattern Recognition
Conference, pp. 18685–18694, 2025.

He, K., Zhang, X., Ren, S., and Sun, J. Deep residual learn-
ing for image recognition. In Proceedings of the IEEE
conference on computer vision and pattern recognition,
pp. 770–778, 2016.

Houlsby, N., Giurgiu, A., Jastrzebski, S., Morrone, B.,
De Laroussilhe, Q., Gesmundo, A., Attariyan, M., and
Gelly, S. Parameter-efficient transfer learning for nlp. In
International conference on machine learning, pp. 2790–
2799. PMLR, 2019.

Hu, E. J., Wallis, P., Allen-Zhu, Z., Li, Y., Wang, S., Wang,
L., Chen, W., et al. Lora: Low-rank adaptation of large
language models. In International Conference on Learn-
ing Representations.

Karras, T., Laine, S., and Aila, T. A style-based generator
architecture for generative adversarial networks. In Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp. 4401–4410, 2019.

Kingma, D. P. and Welling, M. Auto-encoding variational
bayes. arXiv preprint arXiv:1312.6114, 2013.

Labs, B. F., Batifol, S., Blattmann, A., Boesel, F., Consul,
S., Diagne, C., Dockhorn, T., English, J., English, Z.,
Esser, P., Kulal, S., Lacey, K., Levi, Y., Li, C., Lorenz,
D., Müller, J., Podell, D., Rombach, R., Saini, H., Sauer,
A., and Smith, L. Flux.1 kontext: Flow matching for in-
context image generation and editing in latent space, 2025.
URL https://arxiv.org/abs/2506.15742.

Li, C., Wang, X., Li, M., Miao, B., Sun, P., Zhang, Y.,
Ji, X., and Zhu, Y. Bridging the gap between ideal and
real-world evaluation: Benchmarking ai-generated image
detection in challenging scenarios. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pp. 20379–20389, 2025.

Liu, H., Li, C., Li, Y., and Lee, Y. J. Improved baselines
with visual instruction tuning. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pp. 26296–26306, 2024.

Liu, Z., Qi, X., and Torr, P. H. Global texture enhancement
for fake face detection in the wild. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pp. 8060–8069, 2020.

Michel, P., Levy, O., and Neubig, G. Are sixteen heads
really better than one? Advances in neural information
processing systems, 32, 2019.

Midjourney. https://www.midjourney.com/home/. 2022.

Nichol, A., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin,
P., McGrew, B., Sutskever, I., and Chen, M. Glide:
Towards photorealistic image generation and editing
with text-guided diffusion models. arXiv preprint
arXiv:2112.10741, 2021.

Ojha, U., Li, Y., and Lee, Y. J. Towards universal fake image
detectors that generalize across generative models. In
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 24480–24489, 2023.

Park, T., Liu, M.-Y., Wang, T.-C., and Zhu, J.-Y. Semantic
image synthesis with spatially-adaptive normalization. In
Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 2337–2346, 2019.

Qian, Y., Yin, G., Sheng, L., Chen, Z., and Shao, J. Thinking
in frequency: Face forgery detection by mining frequency-
aware clues. In European conference on computer vision,
pp. 86–103. Springer, 2020.

Rombach, R., Blattmann, A., Lorenz, D., Esser, P., and
Ommer, B. High-resolution image synthesis with latent
diffusion models. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, pp.
10684–10695, 2022.

Santambrogio, F. Optimal transport for applied mathemati-
cians. 2015.

Simonyan, K., Vedaldi, A., and Zisserman, A. Deep in-
side convolutional networks: Visualising image clas-
sification models and saliency maps. arXiv preprint
arXiv:1312.6034, 2013.

Tan, C., Zhao, Y., Wei, S., Gu, G., Liu, P., and Wei, Y.
Rethinking the up-sampling operations in cnn-based gen-
erative network for generalizable deepfake detection. In
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 28130–28139, 2024.

Tan, C., Tao, R., Liu, H., Gu, G., Wu, B., Zhao, Y., and Wei,
Y. C2p-clip: Injecting category common prompt in clip to
enhance generalization in deepfake detection. In Proceed-
ings of the AAAI Conference on Artificial Intelligence,
volume 39, pp. 7184–7192, 2025.

Team, G., Anil, R., Borgeaud, S., Alayrac, J.-B., Yu, J., Sori-
cut, R., Schalkwyk, J., Dai, A. M., Hauth, A., Millican,
K., et al. Gemini: a family of highly capable multimodal
models. arXiv preprint arXiv:2312.11805, 2023.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones,
L., Gomez, A. N., Kaiser, Ł., and Polosukhin, I. At-
tention is all you need. Advances in neural information
processing systems, 30, 2017.

11

https://arxiv.org/abs/2506.15742


TranX-Adapter: Bridging Artifacts and Semantics within MLLMs for Robust AI-generated Image Detection

Wang, L., Li, L., Dai, D., Chen, D., Zhou, H., Meng, F.,
Zhou, J., and Sun, X. Label words are anchors: An
information flow perspective for understanding in-context
learning. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing, pp.
9840–9855, 2023a.

Wang, P., Bai, S., Tan, S., Wang, S., Fan, Z., Bai, J., Chen,
K., Liu, X., Wang, J., Ge, W., et al. Qwen2-vl: Enhancing
vision-language model’s perception of the world at any
resolution. arXiv preprint arXiv:2409.12191, 2024.

Wang, S.-Y., Wang, O., Zhang, R., Owens, A., and Efros,
A. A. Cnn-generated images are surprisingly easy to
spot... for now. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, pp.
8695–8704, 2020.

Wang, Z., Bao, J., Zhou, W., Wang, W., Hu, H., Chen, H.,
and Li, H. Dire for diffusion-generated image detection.
In Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision, pp. 22445–22455, 2023b.

Wukong. https://xihe.mindspore.cn/modelzoo/wukong.
2022.

Xu, Z., Zhang, X., Li, R., Tang, Z., Huang, Q., and Zhang, J.
Fakeshield: Explainable image forgery detection and lo-
calization via multi-modal large language models. arXiv
preprint arXiv:2410.02761, 2024.

Yan, S., Li, O., Cai, J., Hao, Y., Jiang, X., Hu, Y., and
Xie, W. A sanity check for ai-generated image detection.
In The Thirteenth International Conference on Learning
Representations, 2025.

Yan, Z., Wang, J., Jin, P., Zhang, K.-Y., Liu, C., Chen,
S., Yao, T., Ding, S., Wu, B., and Yuan, L. Orthogonal
subspace decomposition for generalizable ai-generated
image detection. In Forty-second International Confer-
ence on Machine Learning.

Yang, Z., Chen, R., Yan, Z., Zhang, K.-Y., Fu, X., Wu,
S., Shu, X., Yao, T., Ding, S., and Li, X. All patches
matter, more patches better: Enhance ai-generated image
detection via panoptic patch learning. arXiv preprint
arXiv:2504.01396, 2025.

Zhang, X., Karaman, S., and Chang, S.-F. Detecting and
simulating artifacts in gan fake images. In 2019 IEEE
international workshop on information forensics and se-
curity (WIFS), pp. 1–6. IEEE, 2019.

Zhang, X., Chang, X., Li, M., Roy-Chowdhury, A., Chen,
J., and Oymak, S. Selective attention: Enhancing trans-
former through principled context control. Advances
in Neural Information Processing Systems, 37:11061–
11086, 2024.

Zhong, N., Xu, Y., Li, S., Qian, Z., and Zhang, X. Patchcraft:
Exploring texture patch for efficient ai-generated image
detection. arXiv preprint arXiv:2311.12397, 2023a.

Zhong, N., Xu, Y., Qian, Z., and Zhang, X. Rich and poor
texture contrast: A simple yet effective approach for ai-
generated image detection. CoRR, 2023b.

Zhou, Z., Luo, Y., Wu, Y., Sun, K., Ji, J., Yan, K., Ding,
S., Sun, X., Wu, Y., and Ji, R. Aigi-holmes: Towards ex-
plainable and generalizable ai-generated image detection
via multimodal large language models. arXiv preprint
arXiv:2507.02664, 2025.

Zhu, J.-Y., Park, T., Isola, P., and Efros, A. A. Unpaired
image-to-image translation using cycle-consistent adver-
sarial networks. In Proceedings of the IEEE international
conference on computer vision, pp. 2223–2232, 2017.

Zhu, M., Chen, H., Huang, M., Li, W., Hu, H., Hu,
J., and Wang, Y. Gendet: Towards good generaliza-
tions for ai-generated image detection. arXiv preprint
arXiv:2312.08880, 2023a.

Zhu, M., Chen, H., Yan, Q., Huang, X., Lin, G., Li, W.,
Tu, Z., Hu, H., Hu, J., and Wang, Y. Genimage: A
million-scale benchmark for detecting ai-generated image.
Advances in Neural Information Processing Systems, 36:
77771–77782, 2023b.

12



TranX-Adapter: Bridging Artifacts and Semantics within MLLMs for Robust AI-generated Image Detection

Appendix
This appendix presents a detailed implementation description of the proposed TranX-Adapter, along with additional results
from generalization analyses, robustness studies, effect of different cost matrices and case studies. The structure of the
appendix is summarized as follows.

➤ Appendix A provides the implementation details of TranX-Adapter, including the definition of information flow S, details
of constructing training dataset and training hyperparameter settings. Specifically, we introduce the definition of information
flow S in Appendix A.1. Appendix A.2 presents details of constructing training dataset and details of the implementation of
our TranX-Adapter in Appendix A.3. Finally, Appendix A.4 provides the details of the training hyperparameter settings.

➤ Appendix B provides additional experimental results, e.g., the generalization analyses with VAE-based artifact encoder
(Appendix B.1).

➤ Appendix C provides a qualitative analyses of the proposded TranX-Adapter.

A. Implementation Details
A.1. Definition of Information Flow S

In Sect.3.2 and Sect. 5.7 of our paper, we employ the saliency technique (Simonyan et al., 2013) to reveal the intrinsic
attention-interaction patterns between different feature types within the LLM. Following standard practice, we apply the
Taylor expansion (Michel et al., 2019; Wang et al., 2023a) to compute the saliency score for each element in the attention
matrix:

Il =
∑
h

|A⊤
h,l

∂L(x)
∂Ah,l

|. (10)

We denote Ah,l as the attention matrix produced by the h-th head in the l-th layer, with x representing the model input and
L(x) the task-specific loss function (e.g., the autoregressive loss used during LLM training). By averaging the saliency
results from all attention heads, we derive a layer-wise saliency map Il. Each element Il(i, j) quantifies how strongly
information from the j-th token influences the i-th token. Inspecting Il reveals how features from distinct positions interact
internally within the LLM. To systematically characterize these interactions, we further introduce quantitative indicator
described below.

Ss→t denotes the mean significance of the information flow from s to t:

Ss→t =

∑
(i,j)∈Ps→t

Il(i, j)

|Ps→t|
, (11)

Ps→t = {(i, j) : i ∈ [1, Ps], j ∈ [1, Pt]}, (12)

where Ps and Pt denote the sequence lengths of the two different types of features. For example, SN→C denotes the mean
significance of the information flow from NPR to CLIP-ViT, where Ps and Pt correspond to the sequence lengths of the
NPR and CLIP-ViT features, respectively.

A.2. Constructing the Training Dataset.

To construct the training set, we employ ChatGPT (Achiam et al., 2023) to provide question templates (e.g., “Is there any
indication that this photo is real or fake? Just answer Real or Fake.”) and restrict the model to output only “Real” or “Fake”
during training. This constraint encourages the model to concentrate strictly on task-relevant signals, avoiding unnecessary
computation on irrelevant tokens and substantially improving inference efficiency.

A.3. Model Implementation Details

In our TranX-Adapter, both artifact and semantic features are projected into a shared 512-dimensional latent space, i.e.,
d = 512. For TOP-Fusion, we adopt the Sinkhorn algorithm (Cuturi, 2013), which iteratively updates the dual scalings
using stable log-sum-exp operations over the KL-based cost kernel. For semantic encoders lacking an aligned text encoder,
we introduce a lightweight pretraining strategy that attaches a linear prediction head and fine-tunes only this head. This
design efficiently aligns the prediction head with the semantic encoder, enabling reliable logits that indicate whether an
input image is “fake”. For X-Fusion, we employ N cross-attention layers, with N = 3 as the default configuration.
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A.4. Training Details

During our experiments, we observe that the model exhibited a tendency to overfit to image resolution (Chen et al., 2025).
To address this issue, we resize all images fed into CLIP-ViT to 256× 256. This adjustment effectively mitigates resolution-
induced bias and simutaneously reduces GPU memory consumption during training. The detailed training configuration is
provided in Table 8. For GenImage, we find that detection performance tends to overfit to image resolution. Therefore,
during training, we apply data augmentation to a subset of images by cropping them to a fixed solution of 512×512 (Guillaro
et al., 2025). For RRDataset, we follow Li et al. (2025) by pretraining on GenImage and fine-tune on the RRDataset-subset
where images are resized to 512× 512.

Table 8. Training settings across different training sets.

GenImage SD1.4 GenImage All RRDataset
Batch size 24 24 24
Learning rate 5e-5 5e-5 5e-5
Epoch 3 1 9
Warmup ratio 0.03 0.03 0.03
Optimizer AdamW AdamW AdamW

B. More Experimental Results
B.1. Generalization Analyses with Artifact Encoder

In Sect. 3 of our paper, our pilot study reveals that the artifact features extracted from NPR exhibit high intra-feature
similarity, which limits the model’s ability to effectively convey texture-level artifact cues into semantic features. To
further validate this finding and demonstrate that the proposed TranX-Adapter is not restricted to NPR, we additionally
conduct experiments using a VAE-based artifact encoder (Cheng et al., 2025; Kingma & Welling, 2013). Specifically, we
follow Cheng et al. (2025) to capture the artifact cues, by feeding an image to the VAE and differencing the reconstructed
image with the original one. And then we use ResNet-50 (He et al., 2016) to extract artifact features.

(b) (c)(a) 

C
o
si

n
e 

S
im

il
a
r
it

y
 V

a
r
ia

n
ce

Uniform

Figure 8. Representational disparity between CLIP-ViT and VAE-based artifact encoder, and the corresponding information flow
S from Artifact → Semantic. (a) variance of cosine similarities across image patches, (b) Relative entropy of attention maps and (c)
visualization the significance of information flow S from Artifact → Semantic.

As shown in Figure 8 (a), the artifact features extracted by the VAE-based encoder also exhibit pronounced intra-feature
similarity. Furthermore, Figure 8 (b) shows that the VAE → CLIP yields consistently high entropy. These observations
further corroborate the generality of our findings. As illustrated in Figure 8 (c), we visualize the mean significance of
information flow Sart→sem, and observe that the use of our TranX-Adapter substantially enhances the fusion between the
artifact features and semantic features.

To verify that our TranX-Adapter is also applicable to the VAE-based artifact encoder, we conduct experiments on both
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Table 9. Cross-dataset accuracy under the Protocol II setting. For Chameleon, we train on full GenImage dataset. The “VAE” denotes
the VAE-based artifact encoder.

Chameleon RRDataset

(All GenImage) Ori. Trans. Re. Overall
LLaVA-1.6-mistral 7B +VAE

w/o TranX-Adapter 79.3 96.5 94.8 76.8 89.4
w/ TranX-Adapter 83.8 96.5 94.4 82.7 91.2

Qwen3-VL 2B + VAE
w/o TranX-Adapter 83.1 97.8 93.5 75.0 88.8
w/ TranX-Adapter 86.5 98.0 96.8 81.3 92.0

Chameleon (Yan et al., 2025) and RRDataset (Li et al., 2025) using LLaVA-1.6-mistral 7B and Qwen3-VL 2B. As shown in
Table 9, our TranX-Adapter delivers consistent improvements across different artifact encoders.

C. Case Study
Figure 9 visualizes examples on the Chameleon dataset using LLaVA-1.6-mistral 7B with NPR as the artifact encoder.
Without TranX-Adapter, attention is diffuse and fails to highlight meaningful artifact cues, leading to incorrect predictions.
With TranX-Adapter, attention becomes more structured and discriminative across both feature types, enabling correct
identification of real and fake images.

w/o TranX-Adapter: Fake

w/ TranX-Adapter: Real

w/o TranX-Adapter: Fake

w/ TranX-Adapter: Real

w/o TranX-Adapter: Fake

w/ TranX-Adapter: Real

w/o TranX-Adapter: Real

w/ TranX-Adapter: Fake

w/o TranX-Adapter: Real

w/ TranX-Adapter: Fake

w/o TranX-Adapter: Real

w/ TranX-Adapter: Fake

Image
Attention Map 

w/o TranX-Adapter

Attention Map 

w/ TranX-Adapter
Prediction

Figure 9. Qualitative evidence illustrating the effect of TranX-Adapter on attention patterns and prediction quality. For each input
image, we visualize the attention maps derived from CLIP-ViT and NPR under the w/o TranX-Adapter and w/ TranX-Adapter.
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