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1. Implementation Details

Our Deepfake-Agent framework integrates three special-

ized MLLM-based forensic experts. For the Image Edit-

ing Expert (Eedit) and Face-Swap Expert (Eface), we emply

FakeShield [6] and M2F2-Det [2], respectively. These two

experts are used without modifications to ensure fair com-

parison with baseline methods. Also, we build up our se-

mantic forgery expert and aggregator on LLaVA-7b [4] and

LLaVA-34b [4], respectively. Both of these two models are

fine-tuned using our proposed reinforcement learning ob-

jectives as described in Sec. ??. To assess the large model’s

capability in aggregating different forgery experts, we also

evaluate the performance of LLaVA-110B [3] in Tab. ??.

All these pre-trained model weights are summarized as be-

low:

• FakeShield huggingface.co/zhipeixu/fakeshield-v1-22b

• M2F2-Det huggingface.co/CHELSEA234/llava-v1.5-7b-

M2F2-Det

• LLaVA-7b huggingface.co/llava-hf/llava-1.5-7b-hf

• LLaVA-34b huggingface.co/liuhaotian/llava-v1.6-34b

• LLaVA-110b huggingface.co/lmms-lab/llava-next-110b

The Semantic-Forgery Expert (Esem) comprises two

MLLM proposers: GPT-4o [1] and Gemini-2.0 Pro [5]. We

employ their respective API endpoints with the same con-

figurations: we set the temperature parameter to 0.1 to en-

sure deterministic and focused responses while maintaining

some reasoning flexibility. The maximum output tokens are

configured at 512. Also, we use standardized prompts for

these two models to ensure the format is consistent, which

will be further illustrated in Sec . 2.

All experiments are conducted on a cluster of 8 NVIDIA

A6000 GPUs with 48GB VRAM each. Training the

semantic-forgery expert requires approximately 242 hours

for 4 epochs, while the forgery aggregator training takes

approximately 48 hours for 3 epochs. Inference through-

put averages 2.3 seconds per image during evaluation, with

batch size set to 1 to accommodate the large memory usage

caused by multiple MLLMs. Our implementation is based

on PyTorch 2.1.0 with CUDA 11.8 support. We utilize the

Transformers library (version 4.35.0) for all MLLM compo-

nents. For reinforcement learning optimization, we extend

the GRPO implementation with custom reward functions

tailored for forensic tasks. Additional dependencies include

OpenCV 4.8.0 for image processing and NumPy 1.24.0 for

numerical operations.

2. Prompt Engineering

Each component in our Deepfake-Agent framework em-

ploys specialized prompts. For the MLLM proposers in the

semantic-forgery expert, we employ a standardized prompt

that systematically guides the analysis of semantic incon-

sistencies. This structured prompt ensures consistent output

formats while systematically guiding the models to evalu-

ate multiple dimensions of semantic integrity, allowing each

MLLM to leverage its unique reasoning capabilities and

world knowledge. The exact prompt structure used for both

GPT-4o and Gemini-2.0 Pro is:

Forgery Analysis Prompt

Analyze this image for potential digital

forgeries by examining aspects such as

Do objects follow physical laws? Does

the scene make real-world sense? Are

there contradictions between different

objects?

Provide analysis in exact format:

Decision: [real/fake]

Reasoning: [2-3 sentence explanation]

Now analyze the provided image:

Adjudicator’s Initial Prompt

You are a forensic adjudicator

synthesizing multiple proposers’

opinions:

Expert Analyses:

Proposer 1 Analysis:

Decision: {T GPT-4o decision}
Reasoning: {T GPT-4o reasoning}
Proposer 2 Analysis:

Decision: {T Gemini decision}
Reasoning: {T Gemini reasoning}
Your task:

• Compare and evaluate both analyses

• Identify the most compelling evidence

and possible different opinions

• Provide unified decision with bounding

box

Output in exact format:

Decision: [real/fake]

Reasoning: [detailed synthesis]

Bounding Box: [x1,y1,x2,y2]

Now synthesize the expert opinions:
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The adjudicator in the semantic-forgery expert employs a

multi-stage prompting strategy that integrates outputs from

both proposers. The initial adjudication prompt combines

visual input with textual hypotheses from the proposers.

The subsequent causal self-verification phase uses a coun-

terfactual prompt to validate the forgery evidence:

Adjudicator’s Self-Verification Prompt

Previous Analysis:

Decision: {previous decision}
Reasoning: {previous reasoning}
Bounding Box: {previous bbox}
Counterfactual Assessment:

Temporarily ignore the region specified

by the bounding box and re-evaluate the

image.

Critical questions:

• Does the image appear authentic

without this region?

• Is this evidence causally necessary

for your decision?

Provide analysis in exact format:

Decision: [real/fake]

Reasoning: [causal explanation]

Verification: [confirmed/refuted]

Now perform the counterfactual

assessment:

The forgery aggregator utilizes a system prompt that

structures the fusion of multiple expert opinions, ensuring

that the aggregator produces well-structured outputs with

clear reasoning traces. The prompt is as follows:

Aggregator Prompt

You are a forensic aggregator analyzing

outputs from three experts:

Expert Outputs:

[PS Expert]: {T ps}
[Face Expert]: {T face}
[Semantic Expert]: {T semantic}
Analyze their arguments and provide your

final assessment:

• Compare the expert reasoning and

identify the most credible analysis

• Resolve any conflicts between expert

opinions

• Provide your final verdict with clear

justification

Output format:

Final Decision: [real/fake]

Integrated Reasoning: [detailed

explanation]

Now synthesize the expert analyses:

Table 1. Single proposer in the semantic-forgery expert. Per-

formance measured on Deepfake-Eval-2024 test set. [Key: Acc.:

acurracy, F1: F1 score; Pre.: Precision; Rec.: Recall.]

Configuration F1 Prec. Rec. Acc.

GPT-4o 79.3 83.5 75.6 76.2

Gemini-2.0 Pro 77.8 81.2 74.8 74.9

Both proposers 82.6 88.1 79.2 79.6

Table 2. Comparison of different aggregation strategies on the

multi-domain forgery test set. [Key: Acc.: acurracy, F1: F1 score;

Pre.: Precision; Rec.: Recall.]

Aggregation Acc. F1 Pre. Rec.

Majority voting 72.5 82.1 70.1 77.4

Confidence weighting 75.1 82.2 77.4 67.2

RL-based (ours) 84.2 90.9 90.4 91.6

3. Additional Ablation Studies

We conduct additional ablation experiments to further vali-

date our design choices and understand the contribution of

each component.

Semantic Expert with a Single Proposer. We feed the

trained aggregator in the proposed semantic-forgery ex-

pert with responses from only one proposer. As shown in

Tab. 1, using both GPT-4o and Gemini-2.0 Pro as proposers

achieves the best performance (82.6 F1-score), outperform-

ing single-proposer configurations. The GPT-4o only con-

figuration achieves 79.3 F1-score, while Gemini-2.0 Pro

alone reaches 77.8 F1-score, demonstrating the comple-

mentary nature of different MLLMs’ world knowledge and

reasoning styles.

Alternative Aggregation Strategies. We compare against

several baselines: majority voting, confidence-weighted av-

eraging, and a transformer-based fusion network. As shown

in Tab. 2, our RL-based aggregator achieves superior perfor-

mance (84.2% accuracy, 90.9 F1-score) compared to these

alternatives.

Self-Verification Iteration Number. We experiment with

maximum iterations ranging from 1 to 5 and find that 3 iter-

ations provide the optimal balance between localization ac-

curacy and computational efficiency. Beyond 3 iterations,

we observe diminishing returns with minimal improvement

in evidence localization quality while inference time in-

creases linearly. This configuration achieves 87% human-

evaluated localization quality while maintaining reasonable

inference latency of 2.1 seconds per image.

4. Additional Visualizations

Self-Verification. Fig. 1 illustrates additional examples

where the red bounding boxes gradually localize the forgery

evidence. It is worth mentioning that in the last example,



Figure 1. Additional self-verification localization examples.

Figure 2. Human assessment scores distribution. The x-axis de-

notes 3 different iterations.

our proposed method claims forgery in the first two rounds,

but in the third round, it changes its decision back to the real

and returns the image without a bounding box.

Human Assessment. Tab. 1 in the main paper shows each

round’s annotation qualities, and Fig. 2 illustrates the de-

tailed human preference scores regarding each iteration of

forgery evidence. We observe that the annotator’s opinion

diverges at the first and second rounds since the forgery lo-

calization quality can be similar sometimes, while all the

third round’s bounding boxes are regarded as the best in de-

scribing the forgery evidence.
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