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Abstract

The rapid development of AI-generated content (AIGC) tech-
nology has led to the misuse of highly realistic AI-generated
images (AIGI) in spreading misinformation, posing a threat
to public information security. Although existing AIGI detec-
tion techniques are generally effective, they face two issues:
1) a lack of human-verifiable explanations, and 2) a lack
of generalization in the latest generation technology. To
address these issues, we introduce a large-scale and com-
prehensive dataset, Holmes-Set, which includes the Holmes-
SFTSet, an instruction-tuning dataset with explanations on
whether images are AI-generated, and the Holmes-DPOSet,
a human-aligned preference dataset. Our work introduces
an efficient data annotation method called the Multi-Expert
Jury, enhancing data generation through structured MLLM
explanations and quality control via cross-model evaluation,
expert defect filtering, and human preference modification.
In addition, we propose Holmes Pipeline, a meticulously
designed three-stage training framework comprising visual
expert pre-training, supervised fine-tuning, and direct prefer-
ence optimization. Holmes Pipeline adapts multimodal large
language models (MLLMs) for AIGI detection while gen-
erating human-verifiable and human-aligned explanations,
ultimately yielding our model AIGI-Holmes. During the in-
ference stage, we introduce a collaborative decoding strategy
that integrates the model perception of the visual expert with
the semantic reasoning of MLLMs, further enhancing the
generalization capabilities. Extensive experiments on three
benchmarks validate the effectiveness of our AIGI-Holmes.

1. Introduction
The rapid evolution of AI technologies like GANs [28, 43]
and Diffusion models [21, 73] has made generated images

highly realistic. While beneficial for digital art and film,
these technologies also pose risks such as misinformation,
privacy breaches, and deepfakes. Recent advancements in
diffusion models (e.g., FLUX [4], SD3, SD3.5 [22]) and
autoregressive techniques (e.g., VAR [87]) have further com-
plicated detection, highlighting the urgent need for effective
AI-generated image detection methods.

Recent studies [46, 63, 85, 91, 93, 100] have demon-
strated remarkable advancements in AI-generated image
detection. While these improvements are noteworthy, two
critical issues limit their application and generalization in
real-world scenarios: 1. Lack of explanation: Current
detection models are black boxes (Fig. 1(a) , making their
detection results difficult for humans to verify. The lack of
human-verifiable explanations leads to unreliable detection
results. 2. Lack of generalization: The rapidly evolv-
ing AIGC technologies (Fig. 1(c)) persistently challenge
their generalization capabilities. Therefore, developing ex-
plainable and generalizable AI-generated image detection
algorithms is becoming increasingly urgent.

Recent breakthroughs in Multimodal Large Language
Models (MLLMs) [13, 33, 34, 54, 69, 83, 99, 101, 106] offer
a promising pathway: their exceptional capabilities in com-
monsense understanding and natural language generation
enable semantic-level analysis of visual content. This makes
MLLMs a strong candidate for explainable and generalizable
AI-generated image detection algorithms. There have been
preliminary explorations of using MLLMs for AI-generated
images [5, 44]. However, merely employing MLLMs for
binary classification predictions does not fully leverage their
potential. We aspire for Multimodal Large Language Models
(MLLMs) to emulate the capabilities of the renowned de-
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Based on the provided fake image, here are the reasons why this image is fake: The texture of the
figure‘s skin and clothing appears unnaturally smooth and lacks the fine details. The overall tone of the
image is overly vibrant and lacks the natural variations in color and lighting. The shadows in the image
do not align with a single light source.
AIGI-Holmes (ours):
This is a fake image. It depicts a professional-looking female figure in a suit and tie, holding a blank
white card against a plain background.
Key Explanation: The hand holding the card appears to have an extra thumb, resulting in six fingers
instead of the typical five. Additionally, the fingers are disproportionately long and lack natural
curvature, giving the hand an unnatural and distorted appearance. The positioning of the fingers also
seems unnatural, further emphasizing the anatomical inaccuracies.

(b) (c)

Figure 1. (a): Comparison of AIGI-Holmes with existing methods, (b): A qualitative example to illustrate the effect of AIGI-Holmes. This
image is sourced from [24]. (c): AIGI-Holmes outperforms existing baseline methods on state-of-the-art generators under unseen settings.

tective Sherlock Holmes, not only by accurately identifying
the culprit but also by providing precise and corresponding
evidence, thereby offering human-verifiable explanations.

However, two key challenges hinder MLLM’s effective
use in AI-generated image detection: 1). Training Data
Scarcity: As shown in Tab. 1, existing AI-generated im-
age detection datasets, such as CNNDetection [90], GenIm-
age [110], and DRCT [7], consist solely of visual modali-
ties and lack instruction fine-tuning datasets suitable for the
SFT(Supervised Fine-tuning) phase of MLLMs. Although
FakeBench [53] and LOKI [102] make initial attempts in
this field, the use of GPT-4o [1] and the high cost of human
labor limit the expansion of these datasets, rendering them
unsuitable for SFT of MLLMs. 2). Suboptimal Super-
vised Fine-Tuning. Simply training MLLMs on Supervised
Fine-Tuning datasets (even with explanations) often leads
to sub-optimal performance (as shown in Tab. 3 and Tab. 4).
Possible reasons include: 1. MLLMs exhibit somewhat in-
sufficient capabilities in image classification tasks [105] and
low-level perception [96], which are often closely related to
the generalization of AI-generated image detection. 2. SFT
models may mechanically replicate explanation templates
without genuinely understanding the underlying causes of
artifacts or semantic errors.

To address the issues with the training dataset, we first
introduce two key datasets: Holmes-SFTSet and Holmes-
DPOSet. The Holmes-SFTSet provides 65K images anno-
tated with explanations across high-level semantic dimen-
sions (e.g., physical inconsistencies, anatomical errors, and
text rendering flaws) and low-level artifacts (e.g., overall
hue, texture, edges), rigorously refined through cross-model
validation and expert-guided filtering to ensure alignment
with human-verifiable evidence. To further the critical need

for human-aligned judgment in AI-generated image detec-
tion, we introduce the Holmes-DPOSet by constructing con-
trastive explanation pairs through Positive/Negative prompts
on 65K images from the Holmes-SFTSet, along with itera-
tive expert corrections for an additional 4K image explana-
tions, effectively bridging the gap between model perception
and human reasoning.

Building upon this training dataset, we propose the
Holmes Pipeline, which introduces three key stages to en-
hance the generalization and interpretability of AIGI detec-
tion through systematic MLLM fine-tuning to address the
issue of Suboptimal Fine-tuning. The process begins with Vi-
sual Expert Pre-training, which leverages the Holmes-SFTset
to rapidly adapt the visual encoder through binary classifica-
tion, establishing domain-specific feature extraction. Follow-
ing this, Supervised Fine-Tuning enables MLLMs to not only
detect synthetic content but also generate human-verifiable
explanations. This stage addresses the “black box” limita-
tion of conventional binary classification approaches. Finally,
Human-aligned Direct Preference Optimization [71] utilizes
the Holmes-DPOset. This stage fundamentally reshapes the
reasoning patterns of MLLMs by learning from preference
samples, ensuring that the interpretative results align with hu-
man judgment standards rather than suboptimal fine-tuning.
During inference, our collaborative decoding strategy inte-
grates the model perception of the visual expert with the
semantic reasoning of MLLMs, creating a dual-channel ver-
ification process that enhances the generalizability of our
approach. Our method demonstrates superior performance
over state-of-the-art approaches in AI-generated image de-
tection, while producing human-aligned explanations that
enhance detection reliability.

In summary, our contributions are threefold:
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• Dataset: We introduce Holmes-SFTSet and Holmes-
DPOSet, the first explanation-rich datasets that include
human-verifiable evidence through semantic annotations
and contrastive preference pairs, addressing the critical
training data scarcity in AI-generated image detection.

• Methodology: We propose the Holmes Pipeline, a sys-
tematic training pipeline for multimodal large language
models (MLLMs) that includes visual expert pre-training,
explanation-aware supervised fine-tuning, and human-
aligned direct preference optimization. This pipeline syn-
ergizes model perception with semantic reasoning through
novel collaborative decoding during the inference process.

• Performance: Our method achieves state-of-the-art de-
tection accuracy on three benchmark datasets and pro-
vides human-verifiable explanations, demonstrating supe-
rior generalizability and alignment with human judgment.

2. Related Work

2.1. Detection of AI-Generated Fake Images
With the advancement of AI-based image generation tech-
nologies, numerous detection methods have emerged, fo-
cusing on training on a single AI-generated image method
and generalizing to a wide range of AI-generated images.
CNNSpot [91] finds that classifiers trained on ProGAN [42]
can generalize to unseen GANs using data augmentation.
FreDect [25] detects anomalies in the frequency domain of
GAN-generated images. Recent methods have explored new
perspectives for better generalization. UnivFD [66] proposes
to use pre-trained CLIP-ViT [70] features, generalizing to
out-of-distribution (OOD) data through nearest neighbor
and linear probing. DIRE [93] introduces Diffusion Re-
construction Error (DIRE), distinguishing real images from
Diffusion Model (DM)-generated images by measuring re-
construction errors. DRCT [6] introduces Reconstruction
Contrastive Learning (RCL), enhancing generalization by
generating challenging samples. PatchCraft [109] detects
generated images by segmenting them into small patches,
applying SRM filters [26], and examining pixel correlations.
NPR [85] introduces neighboring pixel relationships, iden-
tifying generated content by analyzing local pixel distribu-
tion patterns during upsampling. AIDE [100] develops a
two-stream framework using both frequency and semantic
information. Despite their acceptable performance, these
detection methods cannot explain their underlying principles
and struggle to generalize against advanced AI-generated
techniques.

2.2. Multimodal Large Language Models
Recent advancements in multimodal language large mod-
els (MLLMs) have enhanced Image Forgery Detection and
DeepFake Detection, enabling interpretable methods. In
DeepFake Detection, DD-VQA [106] and FFAA [34] pi-

#Generators #Image Explanation Pref. Data
CNNDetection [90] 11 720K × ×

GenImage [110] 8 1M+ × ×
DRCT [7] 16 2M × ×

WildFake [31] 21 3.5M+ × ×
FakeBench [53] 10 6K ✓ ×

LOKI [102] 10 3K ✓ ×
Holmes-Set 18 65K+4K ✓ ✓

Table 1. Comparison between AI-Generated Image Detection
Datasets. “Pref. Data” refers to human-aligned preference data.

oneer the use of MLLMs, leveraging human and GPT-
4o [35] annotated datasets to train models based on In-
structBLIP [20] and LLaVA [61]. In Image Forgery De-
tection, FAKESHIELD [99] combines MLLMs with a visual
segmentation model (SAM [45]) for explainable detection
(e-IFDL), using a GPT-4o-enhanced dataset (MMTD-Set).
ForgerySleuth [83] uses MLLMs with a trace encoder to
detect tampering and generate detailed analyses, creating
the ForgeryAnalysis dataset. For Text Tampering Detec-
tion, TextSleuth [69] builds a large dataset (ETTD) using
GPT-4o, employing a two-stage analysis paradigm and fu-
sion mask prompts. These works primarily focus on con-
structing domain-specific SFT datasets for suboptimal fine-
tuning, while neglecting alignment with human preferences.
Our method introduces a human-aligned preference dataset,
Holmes-DPOSet, and employs Direct Preference Optimiza-
tion [71] to address the suboptimal fine-tuning issue.

Additionally, some works have explored simple multi-
modal methods for detecting AI-generated images. Liu et
al. [59] enhanced the generalization of the detection method
by considering the text encoding embeddings of CLIP and in-
troducing frequency-related adapters into the image encoder.
AntiFakePrompt [5], Bi-Lora [44], and Jia et al. [36] rede-
fine the detection task as a visual question-answering task,
combining vision-language models to improve performance
on unseen data. Our work not only achieves state-of-the-art
generalization detection accuracy but also provides further
clues as to why an image is or is not AI-generated.

3. Method
3.1. Data Pipeline
Overview of Data Pipeline. As shown in Fig. 2, our data
pipeline consists of four components: Data Source, which
includes Data Collection and Image Generation for gathering
images to be annotated. These images are then sent to the
Automated Annotation section. Subsequently, the annota-
tions are refined in the Preference Modification stage based
on expert feedback. Finally, we conduct a Comprehensive
Evaluation to assess the model’s generalizability and inter-
pretability. In the following sections, we will introduce the
detailed methodologies for each component in sequence.
Data Source. To ensure a diverse dataset with various types
of forgeries and defects, as shown in Fig. 2, we initially
selected 45K images from existing large-scale AI-generated
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Figure 2. Details of the Holmes-Set Construction. The figure illustrates our data pipeline, consisting of four key components: Data Source
(including Data Collection and Image Generation), Automated Annotation, Preference Modification (based on human expert feedback), and
Comprehensive Evaluation (to assess model generalizability and interpretability).

image detection datasets such as CNNDetection [90], GenIm-
age [110], and DRCT [7] for image description and forgery
explanation. To reduce annotation costs, as in previous
work [34, 69, 83, 99], we consider using open-source mul-
timodal large language models(MLLMs) for annotation. A
key challenge in constructing annotated explanation datasets
by MLLMs for AI-generated images lies in two primary
aspects. First, unlike deepfake detection and image forgery
detection, AI-generated images often lack corresponding real
images, complicating annotation efforts through MLLMs.
Second, existing MLLMs exhibit limited capability in an-
alyzing fine-grained forgeries within AI-generated images,
as evidenced by recent studies [53]. This limitation likely
stems from systematic gaps in domain-specific knowledge
related to AI-generated image forensics within the training
data of MLLMs. Such knowledge deficiencies may prevent
MLLMs from reliably identifying common artifacts in AI-
generated content, thereby introducing risks of incomplete
or inaccurate annotations.
To mitigate the risk of the inaccurate and incomplete annota-
tion results, inspired by [39, 40], we employed expert-guided
methods to filter out 20K images with common AI-generated
defects, such as text [10, 50], human bodies [23], human
faces [34], projective geometry [74], common sense [27],
and physical laws [64], from existing datasets. In sim-
ple terms, we use expert small models capable of identi-
fying these defects to filter out the images, and then employ
MLLMs to determine the presence of these defects. Addi-
tionally, due to the lack of attention to commonsense and
physical law defects in existing datasets, we supplement the
dataset with images generated from [27, 64], as shown in the
Image Generation part of Fig. 2. For these images contain-
ing common AI-generated defects, we can design targeted
prompts to avoid potential annotation hallucinations, thereby
reducing the need for extensive human labor in the annota-

tion process. Further details of the image collection process
are elaborated in the Appendix C.
Automated Annotation. We design the automated annota-
tion system named Multi-Expert Jury, comprising four open-
source multimodal large language models (MLLM-Experts):
Qwen2VL-72B [89], InternVL2-76B [16], InternVL2.5-
78B [15], and Pixtral-124B [65], to ensure high-quality data
annotation. The system employs three tailored prompts:
1. General Positive Prompt as shown in Fig. 6 and Fig. 7:
Annotates 45K randomly selected images using high-level
(e.g., anatomy, physical laws) and low-level (e.g., texture,
clarity) criteria (see Fig. 1). 2. General Negative Prompt
as shown in Fig. 6 and Fig. 7: Generates adversarial annota-
tions by asking questions contradicting image authenticity,
forming natural positive-negative pairs with the General Pos-
itive Prompt annotations to construct the Direct Preference
Optimization (DPO) dataset D1. 3. Specialist Prompt as
shown in Fig. 9, Fig. 10, Fig. 11, Fig. 12, Fig. 13: Guides
MLLM-Experts to annotate 20K expert-filtered defective
images, focusing on generation defects (e.g., commonsense).
To ensure annotation quality, we adopt an MLLM-as-a-judge
approach [8], where MLLM-Experts cross-evaluate each an-
notation. Only annotations with top consensus scores are
retained in the dataset.
Preference Modification. The constructed SFT dataset can
be directly used for coarse-grained alignment. However,
there may be instances where models mechanically replicate
explanation templates without genuinely understanding the
underlying causes of artifacts or semantic errors. To further
address this issue and narrow the gap between model percep-
tion and human reasoning, we introduce the Holmes-DPO
dataset. We manually annotate an additional 2K data sam-
ples from the same sources as the training set. During this
annotation process, we provide the outputs of the SFT model
and ask humans to offer modification suggestions, such as
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Figure 3. Overview of AIGI-Holmes. We enhance LLaVA [61] with NPR [85] visual expertR and the Holmes Pipeline, featuring three
training stages: Visual Expert Pre-training, SFT, DPO, and a collaborative decoding strategy during inference.

supplementary correct information, removal of incorrect or
irrelevant explanations, and other modification opinions. We
then use Deepseek-V3 [57], an advanced open-source large
language model, to modify the original responses of the SFT
model based on the suggestions of human experts, resulting
in new, more human-aligned correct explanations. The hu-
man experts consist of three authors and two annotators who
are strictly guided by us (we reference [39, 40] to create
annotation documents for training and guiding the annota-
tors). In addition, we use MLLMs and specialist prompts
to modify responses to 2K filtered images with known spe-
cific defects. We add the pairs of samples before and after
modification to the DPO dataset D2.

Comprehensive Evaluation. We evaluate the model’s capa-
bilities from two perspectives: detection and explanation. 1.
For detection, we output the probabilities of the real/fake
tokens to calculate Accuracy (Acc.) and Average Precision
(A.P.). 2. For explanation, we use 1K test samples contain-
ing Ground Truth, which have been reviewed by annotators
for deficiencies in explanations from a professional perspec-
tive and corrected uniformly by the Deepseek-V3 model.
We calculate metrics such as BLEU [67], CIDEr [88], ME-
TEOR [3], and ROUGE [55] to measure the quality of the
explanatory text output by the model. Additionally, we em-
ploy multimodal large model scoring and human preference
evaluation methods for assessment. For MLLM scoring,
we refer to [8], using a prompt that considers relevance,
accuracy, comprehensiveness, creativity, and granularity to
compare and score the model’s responses. For human evalu-
ation scores, we sample 10 images for each type of forgery
from P3, resulting in a total of 100 images. The comparative
models generate explanations for these test images, and we
use pairwise comparison, as referenced in [17], to calculate
the ELO ratings for each model’s explanations.

3.2. Overview of AIGI-Holmes
As shown in Fig. 3, for the architecture, we augment the orig-
inal multimodal method LLaVA [61] with a low-level infor-
mation NPR [85] visual expertR. For the training methodol-
ogy, we introduce the Holmes Pipeline, which includes three
key training stages: The visual Expert Pre-training Stage, the
SFT Stage, and the DPO Stage. During the final inference,
we employ a collaborative decoding strategy to merge the
predictions from the visual expert and the language model.

3.3. Architecture
Many existing methods use LLaVA [61], a Multimodal Large
Language Model (MLLM) with strong multimodal under-
standing capabilities, as a baseline. However, this architec-
ture faces several challenges: 1. Limited performance when
dealing with classification problems [105]. 2. Inefficiency
in handling low-level information [96], which is crucial for
AIGI detection. To address these challenges, we augment
the CLIP visual encoder F used in LLaVA with a low-level
information NPR [85] visual expertR. Given an image input
Ximg, we extract visual features fimg and fnpr through F
andR, respectively, as shown in the following equations:
Xnpr = NPR(Ximg); fnpr = R(Xnpr); fimg = F(Ximg). (1)

Subsequently, the features are injected into the large lan-
guage model through a projector and text embedding ft,
producing the final output H. This process is represented by
the following equations:

H = LLM(proj([fimg, fnpr]), ft). (2)

3.4. Holmes Pipeline
Visual Expert Pre-training Stage: To transform the MLLM
into an expert in the AIGI detection domain, we need to en-
sure that the visual expert provides a certain level of general-
ization capability and detection accuracy. Therefore, before
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Question:Is this image real/fake?
AIGI-Holmes: This is a fake image.
Image Description: The image depicts a man in a suit and tie sitting on
a pink piggy bank. The man is clapping his hands and smiling broadly.
The background is a solid light pink color. The man appears to be in a
celebratory or joyful mood.
Key Explanation: The anatomical errors present in this image are as
follows:
1.Abnormal Hand: The hands depicted have an incorrect number of
fingers. Specifically, there are more than the typical five fingers on
each hand. Additionally, the fingers appear to be distorted and
disproportionate, with some being unusually elongated or misshapen.
These anomalies are not typical of human anatomy and suggest
manipulation or generation by AI….

Human Body

Question:Is this image real/fake?CommonSense

Question:Is this image real/fake?
AIGI-Holmes: This is a fake image.
Image Description: The image depicts a tablet displaying a map of a green region with a
red border, placed on top of a spread-out map. The tablet screen shows detailed
mapping information with various labels and markings. The spread-out map beneath
the tablet appears to be a traditional paper map with similar geographical details. The
background is slightly blurred, suggesting a focus on the tablet and the maps.
Key Explanation: In the provided image, there are several areas containing text and
symbols:
1.Text/Symbols: Area in the center of the tablet screen (small text and symbols).
Significant blurriness and distortion, rendering the text and symbols unreadable.
2.Text/Symbols: Area on the bottom of the paper map (various markings and symbols).
Blurriness and lack of clarity, making it difficult to distinguish meaningful text or
symbols.

Text&Logos

Question:Is this image real/fake?
AIGI-Holmes: This is a fake image.
Image Description: The image shows a young blonde woman with green eyes in a floral
black sleeveless top, standing indoors with a couch and artwork in the softly lit
background, looking slightly to the side with a neutral expression.
Key Explanation:
1.Overly Perfect Facial Features: The woman's facial features appear almost too
perfect, lacking the minor imperfections and asymmetries that are natural in real
human faces. Her skin is flawless, and her eyes are perfectly symmetrical
2.Unnatural Skin Texture: While her skin appears smooth and flawless, there is a lack
of natural texture and variation that is typically present in real photographs.
3.Makeup: The woman's makeup is perfectly applied, with no smudges or
imperfections. While this is possible in real life, it is often a sign of AI generation,
where every detail is rendered with precision, including makeup application.

Human Face
AIGI-Holmes: This is a fake image.
Image Description: The image depicts a glass jar with a candle inside it.
The jar has a blue substance at the bottom, and the candle is lit,
emitting a soft glow. The background is plain and neutral, allowing the
jar and candle to be the focal point.
Key Explanation: This image violates chemistry common sense. Here
are the reasons:
1.Oxygen Supply: A candle needs oxygen to burn. In a sealed jar,
oxygen depletes quickly, extinguishing the candle.
2.Combustion Byproducts: Burning produces carbon dioxide and water
vapor, which accumulate in a closed system and extinguish the flame.
3.Heat: A burning candle generates heat, could raise the temperature
and potentially cause the jar to break, which in a closed jar…

Figure 4. Qualitative results of AIGI-Holmes on AI-Generated images. These images are from [7, 24, 52].

the general LLava training paradigm, we introduce a pre-
training stage for the visual expert. We employ LoRA [32]
to efficiently fine-tune CLIP-ViT-L/14, setting r = 4 and
α = 8. The CLS features fcls extracted by CLIP are fed
into an MLP to obtain classification results. Simultaneously,
we independently adjust the NPR-based ResNet. Follow-
ing [85], we only use the first two layers of ResNet to extract
the features fnpr. Similarly, an MLP is used to obtain clas-
sification results. For ResNet, we perform full parameter
fine-tuning. We use binary cross-entropy loss lbce to adjust
the visual expert, as shown in the following equation:

yclip = MLP(fcls), ynpr = MLP(fnpr),
lclip = lbce(yclip,y), lnpr = lbce(ynpr,y).

(3)

SFT Stage: After obtaining the pre-trained visual expert,
we integrate it into the large language model. To guide the
model to output explanations related to whether an image is
AI-generated, we perform SFT on the Holmes-SFT dataset.
In this stage, consistent with previous methods, we freeze
the visual expert while keeping the linear projector and the
LoRA components of the large language model trainable.
We optimize these parameters using the autoregressive text
loss ltxt:

ltxt = lce(H,Htxt). (4)

DPO Stage: To further enhance the ability of the SFT model
to produce high-quality, human-aligned explanations, we
perform human-aligned direct preference optimization on
the previously constructed Holmes-DPOSet. Specifically, we
sample preference pairs {yw}, {yl} ∼ D from the Holmes-
DPOSet, where D = D1 ∪ D2. We then optimize the model
using the DPO loss as shown in Eq. 5.

LDPO(ϕ) = −E(x,yw,yl)∼D

[
log σ

(
β
(
log

πϕ(yw|x)
πbase(yw|x)

− log
πϕ(yl|x)
πbase(yl|x)

))]
,

(5)

where σ and β have the same meanings as in the first round.
πϕ(y|x) denotes the policy model to be optimized in the
second round, with parameters ϕ. πbase(y|x) is the model
after the first round of preference optimization. During the
preference optimization stage, we keep the visual expert
frozen, allow the projector to be trainable, and use LoRA to
train the large language model part.
Inference Stage: We propose Collaborative Decoding,
which aims to utilize both our MLLM and its pre-trained
expert to jointly decide the authenticity of an image during
inference, thereby enhancing the generalization and detec-
tion accuracy of AIGI-Holmes. Specifically, we adjust the
logit values of the tokens corresponding to “real” and “fake”
in the model’s output. We denote the logit value for “real” as
logit(y = 0) and the logit value for “fake” as logit(y = 1),
for k ∈ {0, 1} as shown in Eq. 6:

logitnew(y = k) = α · logitraw(y = k)

+ β · logit(yclip = k) + γ · logit(ynpr = k),
(6)

where α = 1, β = 1, and γ = 0.2 are the weights assigned
to the three prediction results. Through collaborative de-
coding involving the pre-trained visual expert, we retain the
predictions of the MLLM while preventing it from overfitting
to existing forgery types, thereby improving the detection
accuracy of the MLLM in unseen domains.

4. Experiment

4.1. Experimental Setup
Datasets. To comprehensively evaluate the generalization
capabilities of existing methods, we conducted experiments
under three settings: Protocol-I, Protocol-II, and Protocol-
III. For Protocol-I, we trained on the 4-class (car, cat,
chair, horse) subset of the CNNDetection dataset, which
was widely used in earlier studies, and evaluated the detector
on the general and comprehensive benchmark AIGCDetect-
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Method
Janus Janus-Pro-1B Janus-Pro-7B Show-o LlamaGen Infinity VAR PixArt-XL SD3.5-Large FLUX Mean

Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P.

CNNSpot 70.0 86.0 70.9 85.8 85.0 93.6 72.2 86.0 61.9 71.4 86.8 94.6 59.9 75.0 78.2 90.1 63.8 81.1 79.9 92.0 72.9 85.6
AntifakePrompt 72.2 87.4 84.3 94.0 84.8 93.1 86.2 95.5 96.2 99.4 83.6 94.1 90.7 95.6 81.7 92.8 92.8 97.8 66.1 80.8 83.9 93.1
UnivFD 87.6 97.8 96.9 99.5 96.4 99.5 85.9 97.4 93.1 98.6 79.2 96.2 64.3 85.9 75.7 94.4 87.8 97.8 69.6 91.4 83.6 95.9
NPR 51.2 55.9 69.5 75.1 73.9 77.9 93.7 99.6 93.5 99.4 93.8 99.9 85.9 91.2 93.4 99.1 91.6 97.7 93.6 99.5 84.0 89.5
LaRE 70.8 99.3 74.7 97.5 95.6 99.7 80.0 99.0 91.6 99.6 77.9 99.6 98.8 100.0 82.2 99.7 94.1 99.5 84.3 99.0 85.0 99.3
RINE 89.9 98.3 98.7 99.9 97.2 99.6 98.8 99.9 99.1 100.0 99.2 99.9 85.0 97.9 98.9 99.8 97.8 99.7 97.1 99.7 96.2 99.5
AIDE 91.2 99.1 98.9 99.9 97.8 99.8 98.0 99.8 99.4 100.0 98.7 99.9 93.6 99.3 98.6 99.9 99.4 100.0 94.4 99.5 97.0 99.7

AIGI-Holmes 97.3 99.9 99.0 99.9 98.0 99.9 99.8 99.9 99.9 100.0 99.9 100.0 99.6 100.0 99.9 100.0 99.4 99.9 98.7 99.7 99.2 99.9

Table 2. Evaluation on the P3. All baseline results are trained on our training set to ensure a fair comparison.

Benchmark [108] (P1). For Protocol-II, we trained on the
training set proposed by AntiFakePrompt [5] and tested on its
proposed test set, which includes 18 types of forgeries. For
Protocol-III, we trained on the dataset containing various
Diffusion methods proposed in Sec. 2 and tested on images
generated by the latest unseen autoregressive visual gener-
ation models Janus [95], Janus-Pro [12], VAR [86], Infin-
ity [30], Show-o [98], LlamaGen [82], and the state-of-the-
art diffusion models PixArt-XL [9], FLUX [4], SD3.5 [22]
(P3). Each of the above test sets contains 5K real images
from COCO [56] and 5K generated images corresponding
to the generation methods.
Implementation Details. During the pre-training phase of
the visual expert, we fine-tune CLIP-ViT/L-14 using LoRA
(r = 4, α = 8) and fully fine-tune the first two layers of ResNet
with NPR as input. The training is conducted for 5 epochs
with a batch size of 32. During the SFT phase, we fine-tune
LLaVA1.6-mistral-7B [60] using LoRA (rank=128, α=256)
while fully training the domain label generator. This model
is trained for 3 epochs with a learning rate of 5e− 5, a batch
size of 16, and a gradient accumulation step of 1. During the
DPO phase, we use LoRA (rank=48, α=96) with a learning
rate of 5e−7, a batch size of 4, a gradient accumulation step
of 2, and β=0.1, training for 2 epochs.
Comparison Baselines. We compare various baselines in
the main text including CNNSpot [91], NPR [85], AntiFake-
Prompt [5], LaRE [63], RINE [46], AIDE [100]. Additional
baseline methods will be introduced in the Appendix D.1.

4.2. Comparisons with SOTA Detection Methods

Protocol-III. The quantitative results in Tab. 2 show the
classification accuracy of various methods and generators
within the range of P3. All methods were retrained on our
proposed training set to ensure a fair comparison. The test
images were generated by unseen state-of-the-art autoregres-
sive visual models and diffusion models. On this challenging
benchmark, AIGI-Holmes achieved SOTA results, with ac-
curacy improvements of 15.2%, 3.0%, and 2.2% over the
previous best methods NPR, RINE, and AIDE, respectively.
For the detection accuracy on the best autoregressive visual
generation techniques and diffusion model representatives
VAR and FLUX, our method surpassed the best methods by
6.0% and 1.8%, respectively. These three different training

settings emphasize the excellent generalization ability of
our proposed AIGI-Holmes. The results of Protocol-I and
Protocol-II can be found in the Appendix D.3.

4.3. Comparisons with SOTA MLLMs
As demonstrated in Tab. 3, we conduct a quantitative com-
parison between the textual explanations generated by AIGI-
Holmes and those produced by state-of-the-art (SOTA) mul-
timodal large language models (MLLMs). To ensure a fair
comparison, the explanations from the baseline models are
obtained under the General Positive Prompt query. Our
method achieves the highest metrics across nearly all evalu-
ated aspects. For instance, compared to the state-of-the-art
closed-source model GPT-4o, our model’s output achieves a
BLEU-1 score of 0.622, which is an improvement of 0.189
over GPT-4o’s score of 0.433. Additionally, for human pair-
wise scoring, our model achieves an ELO Rating of 11.420,
surpassing GPT-4o’s score of 10.271 by 1.149 points. A
selection of model outputs is illustrated in the Appendix E.
This result indicates that existing MLLMs have the potential
to provide reasonable explanations for AI-generated images.
However, due to the lack of targeted downstream task train-
ing and the relatively small number of synthetic images
included in the dataset, they are unable to perform more
precise analyses in the task of explainable AIGI detection.
Our method effectively fills this gap.

4.4. Robustness Evaluation
In real-world scenarios, AI-generated images often en-
counter unpredictable perturbations during dissemination,
which can lead to the failure of existing AI detectors. Within
the range of P3, we applied several common perturbations
found in real-world scenarios: JPEG compression (QF=75,
QF=70), Gaussian blur (σ = 1, σ = 2), and downsampling
(×0.5). As shown in Tab. 5, the performance of all meth-
ods significantly declines under these distortions. However,
AIGI-Holmes achieves higher detection accuracy compared
to other baseline methods in these challenging scenarios. A
possible reason is our use of the pre-trained CLIP method,
which, as indicated in [18], demonstrates good robustness
when used as a backbone for AI image detection methods.
Additionally, MLLM focuses more on high-level semantic
features, reducing the model’s reliance on low-level arti-
facts that are crucial for AI-generated image detection in
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MLLM Automatic Metrics MLLM-as-Judge Evaluation Human.

BLEU-1 ROUGE-L METEOR CIDEr Qwen2VL-72B InternVL2-76B InternVL2.5-78B Pixtral-124B ELO Ratings

Qwen2VL-72B 0.314 0.227 0.292 0.003 3.874 3.612 4.002 3.163 8.432
InternVL2-76B 0.362 0.224 0.289 0.006 4.042 3.807 4.006 3.463 10.111
InternVL2.5-78B 0.275 0.221 0.293 0.007 4.012 3.531 3.954 3.101 8.623
Pixtral-124B 0.428 0.270 0.302 0.010 3.967 3.990 4.140 4.213 10.472
GPT-4o 0.433 0.308 0.306 0.005 4.102 4.010 4.032 4.010 10.271

AIGI-Holmes(w/o DPO) 0.445 0.315 0.317 0.023 4.119 3.918 4.150 4.130 10.670
AIGI-Holmes(w/ DPO) 0.622 0.375 0.311 0.107 4.196 4.011 4.189 4.227 11.420

Table 3. A comprehensive comparison of the explanations for AI-generated images between pre-trained SOTA
MLLMs and AIGI-Holmes. The abbreviations “w/o” stands for “without”, and “w/” stands for “with”.

VEP-S DPO CD P1 P3

83.3 90.1

✓ 84.8 92.3

✓ 86.8 97.2

✓ ✓ 87.4 97.6

✓ ✓ 90.8 98.9

✓ ✓ ✓ 93.2 99.2

Table 4. Ablation Study of
core model components.

Method JPEG Compression Gaussian Blur Resize
QF=75 QF=70 σ = 1.0 σ = 2.0 ×0.5

CNNSpot 63.5 62.4 64.5 61.7 59.9
NPR 52.2 51.6 56.8 53.4 74.3
UnivFD 84.7 84.0 81.0 74.9 86.3
LaRE 62.0 63.0 54.3 54.2 51.1
AntifakePrompt 80.1 79.7 78.2 77.6 74.5
AIDE 92.8 92.3 91.9 90.7 89.2
RINE 92.4 91.1 94.2 92.8 92.3

AIGI-Holmes 99.0 98.7 98.3 97.9 95.9

Table 5. Robustness of Classification Accuracy on JPEG Compression, Gaus-
sian Blur and Resize of AIGI-Holmes. The classification accuracy (%) aver-
aged over 10 test sets in P3 with specific perturbation.

Figure 5. Robustness of the explanation on JPEG Compres-
sion (QF=70), Gaussian Blur (σ = 2), and Resize (×0.5)
of AIGI-Holmes.

other methods. These artifacts are often susceptible to unpre-
dictable perturbations in real-world scenarios. Additionally,
as shown in Fig. 5, under these degradation conditions, the
evaluation metrics for model explanations such as BLEU-1,
ROUGE-L, METEOR, and CIDEr did not exhibit significant
declines. This indicates that the explanations generated by
the model remain focused on high-level semantic informa-
tion related to the image content and are not overly affected
by these degradation conditions.

4.5. Ablation Study
We conduct ablation experiments on the main innovative
methods of AIGI-Holmes: Visual Expert Pre-training Stage
(VEP-S), DPO, and Collaborative Decoding (CD), as shown
in Tab. 4. The results demonstrate a significant improvement
in accuracy when using the Visual Expert Pre-training Stage
compared to the original llava paradigm, with detection ac-
curacy increasing by 3.5% and 7.1% on P1 and P3, respec-
tively. Adding DPO and Collaborative Decoding on this
basis further enhances accuracy. Specifically, DPO helps im-
prove the model’s accuracy by 0.6% and 0.4% on P1 and P3,
respectively, while Collaborative Decoding in conjunction
with the Visual Expert Pre-training Stage boosts accuracy
by 4.0% and 1.7%. The combined use of these approaches
results in improvements over previous combinations, achiev-
ing approximately a 10% increase in accuracy compared to
the baseline method. These experiments demonstrate the
effectiveness of our design. After employing the DPO stage,
a comprehensive improvement in the quantitative results
of model output explanations is observed, particularly with

an increase of 0.75 points in human-scored ELO Ratings
compared to the SFT model. This indicates that DPO is an
effective post-training method for enhancing the quality of
model output explanations to better align with human prefer-
ences. Results of other ablation experiments can be found in
the Appendix D.4.

4.6. Qualitative Results
Fig. 4 showcases the detection and explanation results gen-
erated by AIGI-Holmes on various AI-generated images. It
can be observed that our method produces precise expla-
nations for defects across different AI-Generation modes.
More visual results can be found in the Appendix E.

5. Conclusion
In this work, we introduce Holmes-Set, the first explanation-
rich dataset with human-verifiable semantic annotations and
contrastive preference pairs, addressing the critical data
scarcity in AI-generated image detection. Besides, the pro-
posed Holmes Pipeline systematically integrates visual ex-
pert pre-training, explanation-aware fine-tuning, and human-
aligned preference optimization, synergizing model percep-
tion with human reasoning. Extensive experiments demon-
strate our AIGI-Holmes’ state-of-the-art detection accuracy
and human-aligned interpretability. These contributions
advance explainable and generalizable AIGI detection for
rapidly evolving AIGC scenarios. We hope our dataset and
methodology will inspire future research toward building
more trustworthy AI-generated image detection systems.
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