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Abstract

With the rapid advancement of Artificial Intelligence Generated Content (AIGC)
technologies, synthetic images have become increasingly prevalent in everyday
life, posing new challenges for authenticity assessment and detection. Despite the
effectiveness of existing methods in evaluating image authenticity and locating
forgeries, these approaches often lack human interpretability and do not fully
address the growing complexity of synthetic data. To tackle these challenges,
we introduce FakeVLM, a specialized large multimodal model designed for both
general synthetic image and DeepFake detection tasks. FakeVLM not only excels
in distinguishing real from fake images but also provides clear, natural language
explanations for image artifacts, enhancing interpretability. Additionally, we present
FakeClue, a comprehensive dataset containing over 100,000 images across seven
categories, annotated with fine-grained artifact clues in natural language. FakeVLM
demonstrates performance comparable to expert models while eliminating the need
for additional classifiers, making it a robust solution for synthetic data detection.
Extensive evaluations across multiple datasets confirm the superiority of FakeVLM
in both authenticity classification and artifact explanation tasks, setting a new
benchmark for synthetic image detection. The code, model weights, and dataset
can be found here: https://github.com/opendatalab/FakeVLM.

1 Introduction

As AI-generated content technologies advance, synthetic images are increasingly integrated into our
daily lives [1, 2, 3, 4]. Technologies like Diffusion [5, 1, 6] and Flux can generate highly realistic
images. However, synthetic image data also poses significant risks, including potential misuse and
social disruption [7, 8]. For instance, synthetic fake news [9, 10, 11] and forged facial scams [12, 13]
make it increasingly challenging to discern the truth and establish trust in information. In response to
these threats, the field of synthetic data detection has garnered widespread attention in recent years.
However, traditional synthetic detection methods typically focus on simple authenticity judgments
[14, 15, 16, 17, 18, 19], ultimately providing only a forgery probability or classification result. This
approach still has significant limitations in terms of human interpretability. As a result, users find it
challenging to understand the reasons behind the system’s decisions, affecting the decision-making
process’s transparency and trustworthiness.
The rapid development of large multimodal models has accelerated progress in synthetic data detection
[20, 21, 22, 23, 24, 25]. These models, particularly, can provide explanations for authenticity judg-
ments in natural language, thus laying the groundwork for enhancing the interpretability of synthetic
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detection. For instance, Jia et al. [26] explored ChatGPT's ability to assess synthetic data, highlighting
the potential of large models in this domain. LOKI [27] and Fakebench [28] further delved into the
capabilities of large models in o�ering explanations for image detail artifacts. However, these studies
primarily focus on pre-trained large models, utilizing strategies such as di�erent prompt wordings to
enhance model performance on this task rather than developing a specialized multimodal model for
this speci�c domain. Moreover, existing general large models still show a signi�cant performance
gap compared to expert models or human users in detection tasks.

Researchers have further explored and designed multimodal models speci�cally for synthetic data
detection tasks [25, 24, 27, 29, 30]. For instance, works like DD-VQA [23] and FFAA [24] focus
primarily on the performance of large models in Deepfake detection tasks, especially in the context
of artifact explanation. However, their performance on more general types of synthetic images still
requires further investigation. Other works, such as Fakeshield [20] and ForgeryGPT [22], e�ectively
examine the ability of large models to localize forgery artifacts and explain manipulated synthetic
data. However, artifacts in forged synthetic images often concentrate in transitional areas, exhibiting
more noticeable edge artifacts. In contrast, direct synthetic images are more likely to show structural,
distortion, or physical artifacts, highlighting signi�cant di�erences between the two. Additionally,
current large models still lag behind expert models in pure authenticity classi�cation. For example,
studies such as X2-DFD [25] and FFAA [24] attempt to integrate traditional expert-based synthetic
detection methods to improve classi�cation accuracy without fully unlocking the potential of large
models in synthetic detection tasks.

To address the challenges outlined above, we introduce FakeVLM, a large multimodal model specif-
ically designed for fake image detection and artifact explanation. FakeVLM focuses on artifacts
generated from synthetic image models rather than forgery artifacts. Moreover, it is not limited to
facing Deepfake tasks but extends to more general synthetic data detection. Notably, FakeVLM
achieves performance comparable to expert models based on binary classi�cation without requiring
additional classi�ers or expert models. Additionally, we introduce FakeClue, a dataset containing over
100,000 real and synthetic images, along with corresponding artifact cues for the synthetic images.
FakeClue includes images from seven di�erent categories (e.g., animal, human, object, scenery,
satellite, document, face manipulation), and leverages category-speci�c knowledge to annotate image
artifacts in natural language using multiple LMMs. Our main contributions are as follows:

ˆ We propose FakeVLM, a multimodal large model designed for both general synthetic and
deepfake image detection tasks. It excels at distinguishing real from fake images while also
providing excellent interpretability for artifact details in synthetic images.

ˆ We introduce the FakeClue dataset, which includes a rich variety of image categories and
�ne-grained artifact annotations in natural language.

ˆ Our method has been extensively evaluated on multiple datasets, achieving outstanding
performance in both synthetic detection and abnormal artifact explanation tasks.

2 Related Work

2.1 Synthetic Image Detection

Traditional synthetic detection tasks are typically approached as binary classi�cation tasks [31, 26,
32, 33, 34, 35], treating them as either true or false, based on data-driven methods, with various
detectors such as CNNs [36] and transformers [37]. Some research [38, 39, 40] has explored methods
like learning anomalies in the frequency domain, reconstruction learning, and adversarial learning.
The focus of traditional synthetic detection tasks has mainly been on addressing the generalization
issue [15, 16], where the training and testing domains di�er, in order to counter the rapidly evolving
synthetic models. However, these methods only provide authenticity predictions without o�ering
detailed explanations behind the predictions.

Some works have gone beyond the fundamental true/false classi�cation problem, focusing on inter-
pretable synthetic detection. For example, gradient-based methods are used to visualize highlighted
regions of predictions [41, 42, 43]. Alternatively, model designs like DFGNN [44] enhance inter-
pretability by applying interpretable GNNs to deepfake detection tasks. Additionally, research has
explored the detection and localization of forgeries by constructing image artifacts or modifying
labels [17, 18, 19]. While these methods enhance model interpretability, using natural language to
describe the identi�ed reasons remains underexplored.
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Figure 1: Construction pipeline of FakeClue dataset, including data collection from open source and
self-synthesized datasets, pre-processing with categorization, label prompt design based on category
knowledge(Face M: Face manipulation), and multiple LMMs annotation with result aggregation.

2.2 Synthetic Image Detection via LMMs

Recently, the development of large multimodal models (LMMs) has been rapid [45, 46, 47, 48, 49, 50].
Models such as the closed-source GPT-4o [51] and open-source models like InternVL [52] and Qwen2-
VL [ 53] have demonstrated outstanding performance across various tasks, showcasing impressive
capabilities. In the domain of synthetic data detection, several works like [26], Fakebench [28],
and LOKI [27] have investigated the potential of LMMs, where these large models not only deliver
accurate synthetic detection judgments but also o�er natural language explanations for their true/false
predictions, enhancing the interpretability of synthetic detection. However, these studies mainly focus
on evaluating pretrained large models rather than training expert multimodal models. Furthermore,
existing general models still lag behind expert models or humans in detection tasks.

An increasing number of studies have further explored the use of LMMs for synthetic detection, such
as DD-VQA [23] and FFAA [24] have explored the performance of large models in the deepfake
domain. However, their performance on general synthetic images remains less explored. Fakeshield
[20], SIDA [21] and ForgeryGPT [22] investigate the ability of LMMs to detect/explain artifacts in
manipulated synthetic data. However, tampering artifacts (mainly transitional), while direct image
synthesis artifacts tend to involve structural distortions or other types of image warping, which
di�er signi�cantly. Furthermore, current LMMs underperform expert models in simple real/false
classi�cation tasks [25, 26]. For example, studies like X2-DFD [25] and FFAA [24] have combined
traditional expert synthetic detection methods with large models to improve classi�cation accuracy.

3 Dataset

3.1 Overview

We introduce FakeClue, a multimodal synthetic data detection benchmark for general and DeepFake
detection. It includes two tasks: synthetic detection and artifact explanation, requiring models to
determine image authenticity and explain its artifacts. FakeClue covers 7 image categories with over
100k samples. Utilizing a multi-LMM labeling strategy with category priors, FakeClue provides
image-caption pairs for the image and its natural language artifact explanation. It emphasizes direct
synthesis over tampered image artifacts. Training/test sets are randomly split; the test set contains
5,000 diverse image samples. Detailed dataset information is provided in the supplementary materials.

3.2 Construction of FakeClue

Data Collection: As shown in the data collection phase of Figure 1, FakeClue has two data sources,
including open synthetic datasets and our newly synthesized data for specialized types. For open
synthetic datasets, we extracted approximately 80K data from GenImage [54], FF++ [ 55] and
Chameleon [56], maintaining a 1:1 ratio of fake to real data. For specialized types of data, such
as remote sensing and document images, we generated the data ourselves. We collected remote
sensing images from public datasets [57, 58, 59, 60, 61, 62], using GAN and Di�usion-based methods
[63, 64], covering urban, suburban, and natural scenes. For document images, we adopted a layout-
�rst, content-rendering approach, generating synthetic images of newspapers, papers, and magazines
with real-world data sourced from the M6Doc dataset [65].
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Data Pre-Processing: At this stage, we �rst categorize the collected raw image data based on
authenticity labels. Since the data from GenImage and Chameleon lack category information, we
use a classi�cation model [66] to divide the data into four categories: animal, object, human, and
scene. The FF++ dataset corresponds to the face manipulation category, while the newly synthesized
satellite and document data also have clear category divisions. The distribution and proportions of
these categories are shown in Figure 1. The labels obtained during the data preprocessing stage will
serve as the foundation for the subsequent Label Prompt Design.

Label Prompt Design based on category knowledge: To overcome the hallucinations and limited
synthetic detection capabilities of large models, we inject external knowledge to aid in artifact detection.
Pre-processed authenticity labels serve as prior prompt knowledge. For real images, we analyze
the plausibility of the image as a photographic result, while for fake images, we focus on detecting
artifacts throughout the image. And classi�cation labels are used as category-speci�c knowledge. This
knowledge comprises prede�ned focal points and common artifact types pertinent to each category,
guiding the model's attention to key areas, such as the artifact detection cues for facial images, as
shown in Fig. 1. Accordingly, we design 14 distinct types of prompts to address various authenticity
and category labels. In addition, for synthetic images that may have high quality and no visible
artifacts (e.g., images from the Chameleon dataset), we use special prompts to prevent the model
from forcing interpretation (see Appendix H for detailed prompts for di�erent categories).

Multiple LMMs Annotation: To mitigate the bias or hallucination e�ects of a single multimodal
model, we adopt a strategy of annotating and then aggregating results from multiple high-performance
open-source large models. For a given imageI i from the set̂ I i `

N
i=1 , we �rst use three large multimodal

models�Qwen2-VL, InternVL, and Deepseek�to generate a set of candidate artifact captions
Ci = ^A 1

i ; A2
i ; A3

i `. Each caption Aki Ë Ci potentially highlights di�erent aspects of image artifacts.

To synthesize a uni�ed annotationA i from candidate captionsCi = ^A 1
i ; A2

i ; A3
i ` , we employ Qwen2-

VL for aggregation, denoted asM agg. This model is prompted with speci�c instructionsPinstr (detailed
in the Appendix H) to identify consistent artifacts acrossCi and remove redundant information. Thus,
the �nal aggregated annotation Ai for image Ii is obtained as:

A i = M agg.Ci ; Pinstr/ (1)

WhereAk
i is thek-th candidate caption forI i , andM agg aggregatesCi using promptPinstr (enforcing

consistency/non-redundancy) into the �nal annotation Ai .

The model extracts common points from multiple model responses, �lters out irrelevant observations
that appear in only one model (unless they are critical, like glaring artifacts) and organizes them
hierarchically by categories (e.g., texture, geometry, lighting), before outputting in a �xed format.

Table 1: Comparison with existing synthetic detection datasets (DF: DeepFake, Gen: General, Syn:
Synthesis, Tam: Tampering).

Dataset Field Artifact Annotator Category Number

DD-VQA [23] DF Syn Human 5k
FF-VQA [24] DF Syn GPT 95K

LOKI [27] Gen Syn Human ‚ 3k
Fakebench [28] Gen Syn Human ‚ 6k
MMTD-Set [20] Gen Tam GPT 100k

FakeClue DF+Gen Syn Multi-LMMs ‚ 100k

3.3 Comparisons with Existing Datasets

Table 1 presents a comparison of the synthetic detection performance of FakeClue and existing
evaluated LMMs datasets. FakeClue o�ers broader domain coverage and, unlike DD-VQA, is not
con�ned to DeepFake detection, featuring well-de�ned categories including specialized types like
satellite images and documents. In contrast, LOKI and Fakebench are limited by the number of
annotations and can only serve as evaluation sets. Compared to the recent MMTD-Set dataset,
FakeClue focuses more on directly synthesized image artifacts rather than tampered artifacts.
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4 Method

In this section, we �rst analyze the challenges of large multimodal models in synthetic image detection
(Section 4.1). Then, we provide a detailed description of the FakeVLM architecture (Section 4.2) and
training strategy (Section 4.3).

Figure 2: Overview of FakeVLM, our proposed framework for detecting synthetic images and
explaining their artifacts. Built upon LLaVA, FakeVLM integrates multiple captioning models to
assess key visual aspects.

4.1 Re-thinking LMMs' Challenges in Synthetic Image Detection

Recent studies have shown that directly using LMMs for synthetic image detection still face signi�cant
challenges [27, 28, 26]. Although large models possess strong text explanation capabilities, when
tasked with determining whether an image was AI-generated or identifying forged images from a
set, pretrained LMMs often fail to achieve satisfactory performance. This phenomenon highlights
the di�culty of relying on LMMs for authenticity judgment, which is closely related to the fact that
these models are not inherently designed for synthetic data detection tasks. Nevertheless, through
extensive pretraining tasks, multimodal large models have developed strong visual feature extraction
abilities and alignment with text. This raises the question: do the internal representations of these
large models potentially encode information that can distinguish real images from synthetic ones?

Figure 3: Comparison of synthetic image detection
approaches on LOKI and FakeClue datasets: (1)
QA with Frozen LMMs (no training), (2) Frozen
backbone + linear probe (only linear layer trained),
(3) Direct Real/Fake QA tuning, and (4) VQA with
artifact explanations tuning.

Inspired by Zhang et al. [67], we explored a
simple yet e�ective method on FakeClue: ex-
tracting visual features from the last layer of a
pre-trained LMM and training a lightweight lin-
ear classi�er to determine image authenticity. If
the representations learned by the model indeed
contain discriminative information related to au-
thenticity, even a simple classi�er can perform
initial detection using these features. As shown
in Figure 3, the results con�rm that the LMM
has potential in distinguishing authenticity. How-
ever, in contrast to the conclusions of Zhang et al.
[67], framing the task as "Does the image look
real/fake?" by using �xed answers like "Real"
or "Fake" not only limits the model's ability to
provide textual explanations but also results in
suboptimal performance. This is likely due to large models' challenges in aligning complex visual
content with such binary answers. Building on the dataset we constructed, we found that framing
the task as visual question answering, where the model is required to provide not just �Real�/�Fake�
answers but also explain the image �artifacts�, leads to better alignment between the response text
and the image content in Figure 3 (For detailed results, please refer to Appendix B). This approach
not only improves the performance of artifact explanation but also signi�cantly enhances the overall
performance of synthetic image detection.
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4.2 Model Architecture

Our approach follows the architecture of LLaVA-v1.5, as illustrated in the framework diagram (see
Figure 2 in the top-right corner), which consists of three core components: i) a Global Image Encoder,
ii) an MLP Projector, and iii) a Large Language Model (LLM). We detail each component as follows:

Global Image Encoder: We employ the pretrained vision backbone of CLIP-ViT(L-14) [68] as our
global image encoder. The encoder processes input images with a resolution of 336Ö336 to preserve
synthetic artifact details, resulting in 576 patches per image.

V = CLIP-ViT.I/ Ë R N•d v (2)

where N = HW
P2 denotes the number of patches (P = 14), and dv = 1024 the feature dimension.

Multi-modal Projector: A two-layer MLP adaptor bridges visual and textual modalities:

H = GeLU.V W1 + b1/
Z = HW 2 + b2

(3)

whereW1 Ë R1024•4096, W2 Ë R4096•4096 are learnable parameters. The projected featuresZ Ë
RN•4096 combine with text embeddings of the task prompt P through concatenation.

Large Language Model: We utilize Vicuna-v1.5-7B, a 7B language model, as our base LLM.
Vicuna-v1.5 is renowned for its strong instruction-following capabilities and robust performance
across diverse tasks. To further enhance its reasoning abilities on synthetic data, we perform full-
parameter �ne-tuning, optimizing the following objective:

L.�/ = *
TiÉ

t=1

log p�
�
ai;t Ý ai;<t ; [Z; E.P /]

�
(4)

whereE.�/ denotes text embeddings. We update all parameters� of the LLM during training, enabling
full adaptation to synthetic data reasoning while preserving original instruction-following capabilities
via full-parameter optimization

By integrating these components, our pipeline leverages the strengths of multimodal models and
�ne-tunes LLaVA to achieve robust performance in detecting and explaining synthetic data.

4.3 Training strategy

As described in the construction process of FakeClue, we leverage category knowledge and utilize
multiple LMMs to annotate image artifacts in natural language. As shown on the left side of Fig. 2,
we obtain high-quality artifact descriptions as target outputs for the model. Then, we use the QA pairs
obtained after the multi-model annotation and summarization steps as our training data. Each data
sample consists of: (1) an imageI ; (2) a standardized promptP: "Does the image look real/fake?";
(3) the aggregated answer A from the multi-model annotations.

Our model, initialized from LLaVA-1.5 7B weights [45], underwent full-parameter �ne-tuning on our
constructed QA dataset. The training is conducted for two epochs on eight NVIDIA A100 GPUs with
a batch size of 32 per GPU using a 2e-5 learning rate with 3% linear warmup and cosine decay. This
full �ne-tuning adapted the model to synthetic data detection/explanation nuances while preserving
its general instruction-following capabilities.

5 Experiment

In this section, we introduce three additional datasets used in the experiments, alongside FakeClue,
and describe our experimental setup. We then present FakeVLM's performance on general synthetic
and DeepFake detection tasks, as well as its ability to explain image artifacts. Finally, we conduct
ablation studies and further exploratory experiments to assess the model's performance.
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5.1 Other Benchmarks

LOKI [ 27] is a recently proposed benchmark for evaluating multimodal large models in general
synthetic detection tasks. Beyond just distinguishing real from fake, LOKI also includes human
manually annotated �ne-grained image artifacts, enabling a thorough exploration of the model's
ability to explain image artifacts. This inclusion allows us to verify, to some extent, whether our
model's perception of artifacts aligns with human cognition.

FF++ [ 55] is a widely used benchmark dataset for facial forgery detection, containing face images
and videos generated by di�erent types of forgery techniques. The dataset includes forged data created
using four common forgery methods: DeepFakes, Face2Face, FaceSwap, and NeuralTextures. We
used the commonly employed C23 versions.

DD-VQA [ 23] is a new face-domain artifact explanation dataset leveraging human common-sense
perception for authenticity assessment. It features artifacts like blurred hairlines and unnatural skin
shadows. Built on FF++ data, DD-VQA employs manual artifact annotations in a VQA format,
requiring models to answer common-sense questions about artifacts.

5.2 Experimental setup

Task Settings. LOKI serves as the evaluation set, while training is conducted on the FakeClue dataset,
with testing performed on LOKI. For FF++ and DD-VQA, we use their default training-test splits
for evaluation. Evaluation metrics cover two tasks: detection and artifact explanation. Classi�cation
accuracy is represented by Acc, Auc, and F1 scores, while artifact explanation accuracy is measured
using CSS and ROUGE_L.

Compared Baselines. For tasks requiring both synthetic detection and artifact explanation (e.g.,
FakeClue, DD-VQA, LOKI), we compared various general-purpose LMMs, including closed-source
models like GPT-4 and open-source ones such as Qwen2-VL, LLaVA, InternVL2, and Deepseek-VL2.
We also included the Common-DF method from the DD-VQA dataset. For pure synthetic data
detection, we further compared with recent SOTA expert methods.

5.3 Universal synthetic detection

Table 2 compares FakeVLM with leading general-purpose LMMs and expert models, demonstrating
its superior performance in both synthetic detection and artifact explanation. Speci�cally, compared
to the current powerful open-source model Qwen2-VL-72B and leading expert model NPR or AIDE,
which is also trained on FakeClue, FakeVLM achieves an average improvement of 7.7% in Acc and
3.6% in F1 on both FakeClue and LOKI. Additionally, LOKI includes an extra evaluation metric for
human performance, with an Acc of 80.1%, whereas FakeVLM achieves an Acc of 84.3%, surpassing

Table 2: The experimental results on the FakeClue and LOKI datasets include both Detection and
Artifact Explanation performance. < denotes methods trained on FakeClue.

Method FakeClue (Ours) LOKI Evaluations (ICLR 2025)

Acc ~ F1 ~ ROUGE_L ~ CSS ~ Acc ~ F1 ~ ROUGE_L ~ CSS ~
Deepseek-VL2-small [69] 40:4 54:2 17:1 50:4 25:3 38:7 16:4 39:1

Deepseek-VL2 [69] 47:5 54:1 17:2 50:5 43:1 39:2 16:9 38:8
InternVL2-8B [52] 50:6 49:0 18:0 58:1 52:6 34:0 17:9 47:2
InternVL2-40B [52] 50:7 46:3 17:6 55:2 50:7 37:6 18:4 47:3
Qwen2-VL-7B [53] 45:7 59:2 26:6 56:5 57:1 35:0 18:2 38:4
Qwen2-VL-72B [53] 57:8 56:5 17:5 54:4 55:4 40:9 17:3 43:2

GPT-4o (2024-08-06) [51] 47:4 42:0 13:4 40:7 63:4 57:2 14:7 35:4

CNNSpot [70] 43:1 9:8 - - 43:1 11:4 - -
FreqNet [71] 48:7 39:3 - - 58:9 50:6 - -

Fatformer [72] 54:5 45:1 - - 58:8 48:4 - -
UnivFD [15] 63:1 46:8 - - 49:0 35:8 - -
AIDE< [56] 85:9 94:5 - - 65:6 80:2 - -
NPR< [73] 90:2 91:6 - - 77:4 80:0 - -

FakeVLM 98:6 98:1 58:0 87:7 84:3 83:7 20:1 58:2
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Figure 4: Synthetic image detection cases, covering animals, people, objects, documents, and remote
sensing (red denotes incorrect, green denotes correct detection). FakeVLM outperforms GPT in
precision, comprehensiveness, and relevance, demonstrating superior detection and interpretation.

human performance. This is likely attributed to FakeVLM's ability to capture deep, image-level
features that are imperceptible to the human eye for accurate authenticity judgment. Moreover,
FakeVLM's strong ROUGE_L and CSS scores on the human-annotated LOKI dataset highlight
alignment with human artifact perception, a noteworthy achievement given its training on entirely
LMM-generated data, which is largely thanks to our meticulously designed data annotation pipeline.

Figure 4 presents FakeVLM's qualitative evaluation. FakeVLM identi�es synthesis issues (e.g., visual
artifacts, texture distortions, structural anomalies) with detailed natural language explanations. Unlike
probability-threshold methods, FakeVLM's intuitive, interpretable descriptions, enhance detection
transparency, enabling con�dent and reliable synthetic content assessment.

We also present the generalization experiment results of FakeVLM on DMimage [74] in Table 3,
following Huang et al. [21]. The experimental results show that the performance gap between
FakeVLM and other expert models is not signi�cant, with FakeVLM even outperforming some of
them. FakeVLM does not rely on additional classi�ers or expert models, yet it achieves performance
comparable to or even exceeding that of expert classi�ers while retaining its language capability for
artifact explanation. This demonstrates the potential of large models in synthetic detection.

Table 3: Comparison with other detection methods on the DMimage [74] dataset, using the original
weights for each method.

Method Real Fake Overall

Acc F1 Acc F1 Acc F1

CNNSpot [70] 87.8 88.4 28.4 44.2 40.6 43.3
Gram-Net [75] 62.8 54.1 78.8 88.1 67.4 79.4

Fusing [8] 87.7 86.1 15.5 27.2 40.4 36.5
LNP [76] 63.1 67.4 56.9 72.5 58.2 68.3

UnivFD [15] 89.4 88.3 44.9 61.2 53.9 60.7
AntifakePrompt [77] 91.3 92.5 89.3 91.2 90.6 91.2

SIDA [21] 92.9 93.1 90.7 91.0 91.8 92.4

FakeVLM 98.2 99.1 89.7 94.6 94.0 94.3
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5.4 DeepFake detection

We evaluate FakeVLM's performance on DeepFake detection, with results on DD-VQA presented in
Table 4. FakeVLM surpasses both general-purpose multimodal models and the specialized vision-
language model, Common-DF, with improvements of 5.7% in Acc, 3% in F1, and 9.5 % in ROUGE_L.

Table 4: The experimental results were evaluated on the DD-VQA datasets. Common-DF-T and
Common-DF-I represent text or image contrastive losses, respectively, while Common-DF-TI denotes
both text and image contrastive losses.

Method DD-VQA (ECCV 2024)

Acc ~ F1 ~ ROUGE_L ~ CSS ~
InternVL2-8B [52] 56:9 53:1 14:3 51:1
InternVL2-40B [52] 52:5 57:7 22:2 54:5
Qwen2-VL-7B [53] 45:7 58:9 26:6 56:5
Qwen2-VL-72B [53] 59:5 57:9 20:5 56:6

GPT-4o [51] 53:2 31:7 13:0 42:7

Common-DF-T [78] 83:7 87:6 57:7 -
Common-DF-I [78] 84:9 88:4 58:8 -
Common-DF-TI [78] 87:5 90:1 60:9 -

FakeVLM 93.2 93.1 70.4 86.6

Table 5 shows FakeVLM's evaluation on the FF++ DeepFake detection dataset, including sub-
categories like DeepFakes, Face2Face, FaceSwap, and NeuralTextures. The experimental results
demonstrate that FakeVLM continues to exhibit strong performance in these tasks, comparable to
or even surpassing leading deepfake expert models. It not only leads in overall detection but also
exhibits balanced performance across categories, avoiding over�tting.

Table 5: Performance evaluation of FakeVLM on the FF++ DeepFake detection dataset. The results
highlight FakeVLM's robust detection performance, on par with or outperforming top expert models.

Method FF++ (ICCV 2019) - AUC(%)

FF-DF FF-F2F FF-FS FF-NT Average
FWA [79] 92.1 90.0 88.4 81.2 87.7

Face X-ray [80] 97.9 98.7 98.7 92.9 95.9
SRM [81] 97.3 97.0 97.4 93.0 95.8
CDFA [82] 99.9 86.9 93.3 80.7 90.2

FakeVLM 97.2 96.0 96.8 95.0 96.3

5.5 Ablation Study and More Exploration

Impact of explanatory text. To validate the e�ectiveness of our explanatory VQA text paradigm, we
conduct ablation experiments comparing two variants under the same training settings: (1) LLaVA +
Linear Head: Full parameter �ne-tuning with a linear classi�cation head trained for binary prediction;
(2) LLaVA + Explanatory Text: Training LLaVA to generate explanatory answers instead of �xed
labels. Both variants trained on FakeClue, tested on LOKI; all parameters trainable. As shown
in Table 6, the explanatory text paradigm demonstrates advantages in out-of-distribution (OOD)
generalization on the LOKI benchmark.

Table 6: Ablation study comparing linear classi�cation and explanatory text paradigms.

Method LOKI Evaluations (ICLR 2025)

Acc ~ F1 ~ ROUGE_L ~ CSS ~
LLaVA + Linear Head 81.6 77.8 - -

LLaVA + Explanatory Text 84.3 80.1 60.9 58.2
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Performance on Real Images. In practical applications, authentic images dominate, necessitating
models that can avoid misidentifying artifacts and incorrectly �ltering genuine images. Fig 5 illustrates
FakeVLM's real image performance, showing it integrates features like object structure, lighting,
color, and �ne textures for authenticity assessment. This holistic approach enhances the model's
reliability and robustness in distinguishing between synthetic and real images. Additional experiments,
including robustness studies on image perturbations, are provided in Appendix C.

Figure 5: Performance of FakeVLM on real images.

6 Conclusion

The rapid growth of AI-generated images has posed challenges to the authenticity of information,
driving the demand for reliable and transparent detection methods. As image synthesis detection
techniques have advanced alongside large multimodal models (LMMs), approaches have shifted from
non-LMMs to methods based on LMMs. Our proposed FakeVLM is a large model that integrates both
synthetic image detection and artifact explanation. Through an e�ective training strategy, FakeVLM
leverages the potential of large models for synthetic detection without relying on expert classi�ers. It
performs well in both synthetic detection and artifact explanation tasks, o�ering new insights and
directions for future research in synthetic image detection.
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NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re�ect the
paper's contributions and scope?

Answer: [Yes]

Justi�cation: The main points presented in the abstract and introduction of the paper accu-
rately re�ect the contribution and scope of the paper.

Guidelines:

ˆ The answer NA means that the abstract and introduction do not include the claims made
in the paper.

ˆ The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

ˆ The claims made should match theoretical and experimental results, and re�ect how
much the results can be expected to generalize to other settings.

ˆ It is �ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justi�cation: The limitations of this paper are discussed in the Appendix F.

Guidelines:

ˆ The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

ˆ The authors are encouraged to create a separate "Limitations" section in their paper.
ˆ The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci�cation, asymptotic approximations only holding locally). The authors
should re�ect on how these assumptions might be violated in practice and what the
implications would be.

ˆ The authors should re�ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

ˆ The authors should re�ect on the factors that in�uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

ˆ The authors should discuss the computational e�ciency of the proposed algorithms
and how they scale with dataset size.

ˆ If applicable, the authors should discuss possible limitations of their approach to address
problems of privacy and fairness.

ˆ While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci�cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justi�cation: This paper does not involve the proof of the theory.

Guidelines:

ˆ The answer NA means that the paper does not include theoretical results.
ˆ All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
ˆ All assumptions should be clearly stated or referenced in the statement of any theorems.
ˆ The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

ˆ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

ˆ Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it a�ects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justi�cation: All the contents mentioned in this paper can be reproduced through the content
in this article

Guidelines:

ˆ The answer NA means that the paper does not include experiments.
ˆ If the paper includes experiments, a No answer to this question will not be perceived well

by the reviewers: Making the paper reproducible is important, regardless of whether
the code and data are provided or not.

ˆ If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or veri�able.

ˆ Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might su�ce, or if the contribution is a speci�c model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

ˆ While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors
are welcome to describe the particular way they provide for reproducibility. In the
case of closed-source models, it may be that access to the model is limited in some
way (e.g., to registered users), but it should be possible for other researchers to have
some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with su�cient instructions
to faithfully reproduce the main experimental results, as described in supplemental material?
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Answer: [Yes]

Justi�cation: The code, model weights, and dataset can be found here:
https://github.com/opendatalab/FakeVLM.

Guidelines:

ˆ The answer NA means that paper does not include experiments requiring code.
ˆ Please see the NeurIPS code and data submission guidelines (https://nips.cc/

public/guides/CodeSubmissionPolicy) for more details.
ˆ While we encourage the release of code and data, we understand that this might not be

possible, so �No� is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

ˆ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

ˆ The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

ˆ The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

ˆ At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

ˆ Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi�cation: This paper explains all the training and testing details.

Guidelines:

ˆ The answer NA means that the paper does not include experiments.
ˆ The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
ˆ The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical signi�cance

Question: Does the paper report error bars suitably and correctly de�ned or other appropriate
information about the statistical signi�cance of the experiments?

Answer: [No]

Justi�cation: The experiment in this paper does not de�ne clear error bars, but variable
factors such as training/test set division and initialization do not signi�cantly a�ect the
experimental results of this paper.

Guidelines:

ˆ The answer NA means that the paper does not include experiments.
ˆ The authors should answer "Yes" if the results are accompanied by error bars, con�dence

intervals, or statistical signi�cance tests, at least for the experiments that support the
main claims of the paper.

ˆ The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

ˆ The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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ˆ The assumptions made should be given (e.g., Normally distributed errors).
ˆ It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
ˆ It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not veri�ed.

ˆ For asymmetric distributions, the authors should be careful not to show in tables or
�gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

ˆ If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding �gures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide su�cient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the
experiments?

Answer: [Yes]

Justi�cation: The computational resources required to reproduce the experiments are pro-
vided in this paper.

Guidelines:

ˆ The answer NA means that the paper does not include experiments.
ˆ The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
ˆ The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
ˆ The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justi�cation: The research conducted in this article complies with ethical standards in all
respects.

Guidelines:

ˆ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
ˆ If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
ˆ The authors should make sure to preserve anonymity (e.g., if there is a special consider-

ation due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justi�cation: This paper focuses on the detection and interpretation of synthetic images,
which helps to alleviate the adverse e�ects of synthetic images on society as discussed in
Appendix G.

Guidelines:

ˆ The answer NA means that there is no societal impact of the work performed.
ˆ If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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ˆ Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake pro�les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci�c
groups), privacy considerations, and security considerations.

ˆ The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

ˆ The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

ˆ If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the e�ciency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [No]

Justi�cation: This paper does not take any safeguards against such issues.

Guidelines:

ˆ The answer NA means that the paper poses no such risks.
ˆ Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety �lters.

ˆ Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

ˆ We recognize that providing e�ective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith e�ort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi�cation: The lience and terms of use of the assets used in the paper are explicitly
mentioned and properly respected.

Guidelines:

ˆ The answer NA means that the paper does not use existing assets.
ˆ The authors should cite the original paper that produced the code package or dataset.
ˆ The authors should state which version of the asset is used and, if possible, include a

URL.
ˆ The name of the license (e.g., CC-BY 4.0) should be included for each asset.
ˆ For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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ˆ If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets,paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

ˆ For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

ˆ If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [No]

Justi�cation: New assets introduced in the paper are not yett documented in the documenta-
tion.

Guidelines:

ˆ The answer NA means that the paper does not release new assets.
ˆ Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

ˆ The paper should discuss whether and how consent was obtained from people whose
asset is used.

ˆ At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip �le.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justi�cation: The paer does not research with human subjects.

Guidelines:

ˆ The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

ˆ Including this information in the supplemental material is �ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

ˆ According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justi�cation: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

ˆ The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

ˆ Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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ˆ We recognize that the procedures for this may vary signi�cantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

ˆ For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti�c rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justi�cation: LLMs are just used for editing.

Guidelines:

ˆ The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

ˆ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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Appendices

A Dataset visualization examples

Figure 6 shows some example images from the FakeClue dataset, which includes seven major cat-
egories. Our dataset also contains a rich variety of synthetic images with di�erent qualities and
resolutions, some of which exhibit noticeable artifacts, while others are di�cult to detect with the
naked eye. The typical artifact characteristics vary across di�erent categories of images, which is why
we use di�erent prompts tailored to each category in order to enhance the model's ability to capture
these artifacts.

Figure 6: Real and fake image examples from the FakeClue dataset, categorized by Document, Object,
Animal, Human, Scene, Satellite, and Face Manipulation.

B Di�erent training strategies

We explore di�erent training strategies on FakeClue and evaluate them on both the FakeClue test set
and the additional LOKI test set. As shown in Figure 7, a simple linear layer can partially activate the
large model's capability in synthetic detection. Compared to the direct Real/Fake QA approach, the
VQA format, which includes artifact explanations alongside authenticity judgments, achieves the best
performance. This improvement is likely due to better alignment between visual image content and
textual explanations.

Figure 7: Performance of di�erent training strategies.
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