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Supplementary Material

This supplementary material includes details of original
MLLMs, fine-tuning and inference settings, and datasets
used in fine-tuning. Furthermore, we provide the inference
parameter analysis and utility performance of both original
models and fine-tuned models. The contents are organized
as follows:
• §A.1 Details of original models
• §A.2 Details of downstream fine-tuning Datasets
• §A.3 Fine-tuning setting
• §A.4 Inference setting
• §B.1 Utility of the fine-tuning models
• §B.2 Impact on inference parameter settings
• §B.3 More multimodal datasets fine-tuned models
• §B.4 Experiments on more MLLMs
• §B.5 Tracking results under input transformations
• §B.6 Ablation study of more parameters
• §B.7 Sensitivity analysis of trigger selection
• §B.8 Robustness of system prompt variations
• §B.9 CLIP-like module stability evidence

A. Implementation Details

A.1. Details of original models
We choose LLaVA-1.5 [7] and Qwen2-VL [15] as the origi-
nal MLLMs to obtain derivative MLLMs, and then construct
triggers on the original MLLMs.
LLaVA-1.5. For LLaVA-1.5, we choose LLaVA-1.5-7B, a
MLLM of end-to-end training, which consist of a frozen
vision encoder CLIP ViT-14L [10], a visual language con-
nector with two linear layers, and a large language model
decoder LLaMA-2 with a total of 32 layers, and the 4096
hidden dimensions.
Qwen2-VL. For Qwen2-VL, we choose Qwen2-VL-2B-
Instruct, which enables the model to dynamically process
images of varying resolutions and also integrates multimodal
rotary position embedding, facilitating the effective fusion
of positional information. It is an end-to-end unified trans-
former architecture that integrates vision encoders and lan-
guage models, and consists of a vision encoder with a reso-
lution of 224× 224, and a language model Qwen2 [14].

A.2. Details of downstream fine-tuning datasets
In the experiments, we chose five downstream task fine-
tuning datasets to simulate various real-world scenarios. We
provide a detailed description of those datasets in the follow-
ing. Moreover, all train datasets were standardized into the
ShareGPT format, specifically designed to simulate natural

Table 8. Fine-tuning setting in the experiments.

Hyperparameter LoRA fine-tuning setting Full fine-tuning setting

Optimizer AdamW AdamW
Learning rate 2e-4 1e-5
Batch size 8 4
LoRA rank 16 /
LoRA alpha 32 /
Training epochs 3 3
Gradient accumulation 1 2
Dtype bfloat16 bfloat16
Lr scheduler cosine cosine
Warm-up epoch ratio 0.03 0.01

conversational flows.
V7W. Visual7W (V7W) [19] is a dataset designed for com-
prehensive image content understanding, specifically tailored
for VQA tasks. This dataset extends beyond raw images by
incorporating region-specific question-answer annotations.
It comprises 47,300 COCO-sourced images with 327,929
QA pairs, 1,311,756 human-generated multiple-choice ques-
tions, and 561,459 object groundings from 36,579 categories.
The questions, structured exclusively as four-option multiple-
choice items, are systematically organized around seven in-
terrogative types (What, Where, How, When, Who, Why,
Which), as shown in Figure 6.
ST-VQA. The ST-VQA [2] dataset comprises 23,038 images
from six diverse sources (including scene-text benchmarks
like COCO-Text and VizWiz, and general vision datasets
such as ImageNet and Visual Genome) to mitigate inherent
biases and enhance question variety. Each image contains
two or more scene text instances, ensuring multiple answer
options. The dataset provides 31,791 non-binary, unam-
biguous question-answer pairs requiring explicit reasoning
about textual elements within visual contexts. It is split into
training (19,027 images with 26,308 QA pairs) and evalu-
ation subsets for standardized benchmarking, as shown in
Figure 7.
TextVQA. TextVQA [13] is a standard benchmark for text-
based visual reasoning, requiring models to read and reason
about scene text within images to answer questions. The
dataset comprises 28,408 images and 45,336 questions. It is
split into training (21,953 images; 34,602 questions), vali-
dation (3,166 images; 5,000 questions), and test sets (3,289
images; 5,734 questions), as shown in Figure 8.
PaintingForm. The PaintingForm [1] dataset comprises
19,000 painting images paired with 50,000 expert analysis
paragraphs focused exclusively on visual characteristics of



Table 9. Utility performance of LoRA fine-tuned LLaVA-1.5 models.

Datesets V7W (ACC) ST-VQA (ACC) TextVQA (ACC) PaintingF (BLEU / ROUGE) MathV (ACC)

Before fine-tuning 0.6% 21.9% 15.6% 4.9% / 8.8% 27.1%
After fine-tuning 37.9% 65.2% 51.3% 13.3% / 15.9% 57.5%

Table 10. Utility performance of LoRA fine-tuned Qwen2-VL models.

Datesets V7W (ACC) ST-VQA (ACC) TextVQA (ACC) PaintingF (BLEU / ROUGE) MathV (ACC)

Before fine-tuning 0.8% 29.8% 23.9% 7.6% / 11.9% 7.0%
After fine-tuning 37.9% 47.7% 78.7% 13.4% / 16.2% 66.6%

Table 11. Utility performance of full fine-tuned Qwen2-VL models.

Datesets V7W (ACC) ST-VQA (ACC) TextVQA (ACC) PaintingF (BLEU / ROUGE) MathV (ACC)

Before fine-tuning 0.8% 29.8% 23.9% 7.6% / 11.9% 7.0%
After fine-tuning 36.5% 88.8% 78.6% 13.5% / 15.9% 86.0%

artwork. Designed to advance multimodal AI for deep un-
derstanding of artistic elements, as shown in Figure 9.

MathV360k. MathV360K [11] is a comprehensive multi-
modal benchmark synthesized from 24 open-source datasets
to advance mathematical visual reasoning. Curated through
a rigorous selection process, the dataset originates from
40K high-quality images filtered by visual clarity and cog-
nitive complexity. Each image is enriched with 360K di-
verse instruction-tuning pairs targeting five high-level rea-
soning domains: Figure Question Answering (FQA), Geom-
etry Problem Solving (GPS), Math Word Problems (MWP),
Textbook Question Answering (TQA), and Visual Ques-
tion Answering (VQA). This multi-domain architecture ad-
dresses critical gaps in existing resources by enhancing im-
age comprehension and mathematical reasoning capabilities,
as shown in Figure 10.

A.3. Fine-tuning setting

For both full and LoRA [5] fine-tuning settings, the detailed
training configurations are summarized in Table 8. All LoRA
fine-tuned models are evaluated in their merged form. For
Qwen2-VL, multimodal downstream task fine-tuning is con-
ducted based on the LlamaFactory [18] project.

A.4. Inference setting

We use “generate” function for LLaVA-1.5’s inference in all
experiments. We set inference parameters such as temper-
ature at 0.5, Top-p at 0.5, num-beams at 1, and max-new-
tokens at 128. For Qwen2-VL, we use default inference
setting with max-new-tokens at 128.

B. Additional Experiments

B.1. Utility of the fine-tuning models

We test the utility performance of our two original MLLMs
before and after LoRA fine-tuning on downstream task
datasets. For full fine-tuning, we report the utility perfor-
mance of Qwen2-VL before and after fine-tuning on down-
stream task datasets. As detailed in Tables 9, 10, and 11 fine-
tuning substantially enhanced MLLM performance on target
tasks. This indicates that there has been a significant change
through fine-tuning the model parameters, demonstrating
that fine-tuned models effectively simulate real-world appli-
cation scenarios. Evaluation was conducted on 5,000 ran-
domly sampled test/validation instances from each dataset.
For dataset V7W, ST-VQA, TextVQA, and MathV360k, we
computed accuracy (ACC) based on answer correspondence.
For the dataset PaintingForm, we evaluated BLEU [9] and
ROUGE [6] scores.

B.2. Impact on inference parameter settings

In practical model deployment, the performance of trigger
tracing may vary due to the randomization effects caused
by the configuration of sampling parameters such as tem-
perature and top-P during downstream model inference. We
test two fine-tuned variants of LLaVA-1.5 and Qwen2VL
across temperature and Top-p values ranging from 0.1 to 1.0
in 0.1 increments. As shown in Figure 11, the results show
that the ASR fluctuation stayed within ±1 %, confirming
that AGDI is resilient to inference randomization, such as
sampling parameter variation.



Figure 6. Examples of Visual7W dataset.

Figure 7. Examples of ST-VQA dataset.

Figure 8. Examples of TextVQA dataset.

B.3. More multimodal datasets fine-tuned models

Tracking the copyright of models fine-tuned for diverse
downstream tasks is essential for strong MLLM copyright
protection. To further evaluate our method’s robustness, we
conduct validation across five prevalent task domains: re-
mote sensing, medical, scientific, autonomous driving, and
finance. Specifically, we select RSVQA [8], DriveLM [12],

FinVis [17], PathVQA [4] and SciVerse [3]. The details of
these five datasets are as follows:

• RSVQA is the first remote sensing VQA dataset con-
structed by automatically extracting information from
OpenStreetMap. It comprises two versions based on low-
resolution Sentinel-2 satellite imagery and high-resolution
aerial imagery, respectively, and covers five types of



Figure 9. Examples of PaintingForm dataset.

Figure 10. Examples of MathV360k dataset.

(a) LLaVA-1.5 (ST-VQA). (b) LLaVA-1.5 (PaintingF). (c) Qwen2-VL (ST-VQA). (d) Qwen2-VL (PaintingF).

Figure 11. Hyperparameter analysis results of inference settings (Top-p and temperature). (a)(b) ASR on ST-VQA and PaintingF for
LLaVA-1.5; (c)(d) ASR for Qwen2-VL.



Table 12. Copyright tracking performance on more multimodal downstream models.

Qwen2-VL InternVL3.5Method Pathvqa DriveVQA FinVis RSVQA SciVerse Pathvqa DriveVQA FinVis RSVQA SciVerse
Ordinary 41% 52% 50% 55% 69% 30% 27% 26% 36% 46%
RNA 39% 43% 43% 46% 54% 29% 19% 17% 30% 35%
PLA 55% 76% 72% 76% 86% 40% 46% 52% 64% 73%
AGDI 58% 80% 77% 79% 88% 45% 50% 57% 70% 76%

question-answer pairs: counting, existence, area estima-
tion, comparison, and urban-rural classification.

• DriveLM is a graph-structured VQA dataset for au-
tonomous driving, available in both real-world and simu-
lated versions. By integrating semi-regularized with fully
automated annotation, it achieves superior scale, coverage,
and logical complexity over existing benchmarks, offer-
ing a generalizable platform for training and evaluating
vision-language models in autonomous driving domain.

• FinVis presents the first two-stage multimodal instruction
dataset designed for financial chart analysis. Featuring a
pretraining stage for vision-language alignment on histori-
cal charts and an innovative instruction-tuning stage that
incorporates future data for forecasting, the dataset is struc-
tured as image, instruction, answer triplets. It provides
comprehensive support for professional tasks including
chart description, financial question answering, and trend
prediction.

• PathVQA is a medical visual question answering dataset
derived via a semi-automated pipeline from textbooks and
digital libraries. It is designed to simulate the American
Board of Pathology examinations, with open-ended clini-
cal questions constituting 50.2% of its content.

• SciVerse introduces a multimodal scientific assessment
dataset spanning physics, chemistry, and biology. It ana-
lyzes LLM capabilities in knowledge, vision, and reason-
ing by varying the knowledge and visual complexity of
the problems. This is paired with a novel scientific CoT
evaluation strategy to progressively pinpoint knowledge
and logic errors, providing deep diagnostic insights into
models’ problem-solving gaps.
In the fine-tuning setup, we employ the full training set

for PathVQA, whereas a 30k-sample subset of the train-
ing set is used for each remaining dataset. As shown in
Table 12, we report the ASR of LoRA fine-tuned variants
of Qwen2-VL-2B-Instruct and InternVL3.5-2B-HF. The re-
sults demonstrate that AGDI achieves superior copyright
tracing performance compared with the baselines across a
wide range of multimodal and fine tuning scenarios.

B.4. Experiments on more MLLMs

We also evaluate the copyright tracking performance on the
advanced MLLM such as InternVL3.5 [16]. InternVL3.5 is
an open-source multimodal model series featuring a ”ViT-

MLP-LLM” architecture that significantly enhances reason-
ing capabilities via cascade reinforcement learning and in-
novatively introduces a Visual Resolution Router (ViR) for
dynamic visual token compression together with Decoupled
Vision-Language Deployment. We report the ASR on the
InternVL3.5-HF 2B and 8B parameter scale models. As
shown in Tables 13 and 14, consistent performance con-
firms that our method generalizes effectively across different
architectures and increasing parameter scales. These re-
sults demonstrate that the effectiveness of our method is
not limited by model size or architecture, exhibiting strong
generalization to fine-tuned models.

Table 13. Copyright tracking performance on InternVL3.5 8B
fine-tuned models.

MLLM Method V7W ST-VQA TextVQA PaintingF MathV

InternVL3.5-8B
Ordinary 14% 21% 15% 9% 16%
RNA 16% 22% 15% 11% 20%
PLA 44% 55% 46% 31% 49%
AGDI 58% 63% 62% 45% 58%

B.5. Tracking results under input transformations.
We report the copyright tracing results of our method under
several common input level perturbations, including JPEG
compression, Gaussian noise, and image resizing, to eval-
uate the robustness of the generated trigger images. The
maximum magnitude of the Gaussian noise is set to 5, and
the resized image resolution is fixed at 256. In Table 15,
results on LLaVA-1.5 variants demonstrate that our method
exhibits robustness against input transformations.

B.6. Ablation study of more parameters
We add the ablation study for parameter λ and fine-tuning
epochs in Figure 12. The results in Figure 12a show consis-
tent and stable performance across various λ values, demon-
strating the robustness of our method to this hyperparameter.
The results in Figure 12b shows that ASR stabilizes with
more finetuning, proving increased scale cannot bypass our
protection. Our setup aligns with practical scenarios relying
on lightweight methods. Furthermore, given the trade-off
between cost and utility, aggressive operations like full re-
training are impractical because they degrade the model’s
performance and commercial value.



Table 14. Copyright tracking performance on InternVL3.5 2B fine-tuned models.

LoRA Fine-tuning Full Fine-tuningMethod V7W ST-VQA TextVQA PaintingF MathV V7W ST-VQA TextVQA PaintingF MathV
Ordinary 25% 38% 32% 12% 23% 35% 38% 30% 21% 30%
RNA 23% 40% 30% 10% 20% 33% 40% 31% 18% 26%
PLA 39% 53% 45% 23% 34% 46% 53% 42% 38% 45%
AGDI 42% 55% 47% 30% 41% 49% 56% 44% 49% 51%
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Figure 12. Ablation study for λ and fine-tuning epochs: (a) The impact of loss function parameter λ on tracking performance; (b) The
impact of downstream fine-tuning epochs on tracking performance.

Table 15. Copyright tracking under input transformations.

V7W ST-VQA TextVQA PaintingF MathV
Original 64% 56% 36% 79% 30%
Resizing 42% 40% 26% 53% 19%
Gaussian 60% 53% 31% 73% 27%
JPEG 40% 39% 24% 42% 16%

B.7. Sensitivity analysis of trigger selection

We provide a sensitivity analysis of trigger selection for copy-
right tracking performance. Table 16 shows that tracking
results depend more on the specific model than the trigger
pairs. Furthermore, we use five diverse QA pairs and 200
random images per pair to prevent bias and ensure consistent
results on the models.

Table 16. ASR on 5 different QA pairs.

QA1 QA2 QA3 QA4 QA5

V7W 63% 75% 70% 68% 37%
ST-VQA 58% 62% 44% 61% 48%
PaintingF 81% 86% 69% 93% 62%

B.8. Robustness of system prompt variations
In real-world scenarios, malicious users or downstream de-
velopers usually modify the system prompt. We test the ASR
on the fine-tuned models under system prompt variations.
We design two system prompt as follows.
• As a clinical psychologist, use an empathetic tone and

prioritize asking questions to guide emotional expression
before offering advice.

• As a technical interviewer from a top tech firm, evaluate
the candidate’s programming basics and provide feedback
after each answer.

Table 17 shows consistent ASR across different models be-
fore and after system prompt modifications. These results
confirm system prompt robustness of AGDI.

Table 17. System prompt experiments on LLaVA-1.5 LoRA vari-
ants.

V7W ST-VQA TextVQA PaintingF MathV
Original 64% 56% 36% 79% 30%
Sys prompt1 61% 53% 32% 73% 26%
Sys prompt2 63% 54% 32% 74% 25%

B.9. CLIP-like module stability evidence
We measure the similarity drift between 200 triggers and
target texts across various fine-tuned models. As shown in



Table 18. Average similarity drift(%) on the fine-tuned models.

Similarity drift Pair1 Pair2 Pair3 Pair4 Pair5
Base→ V7W 4.4% 9.3% 1.0% 2.1% 6.1%
Base→ MathV 6.9% 7.1% 3.3% 0.5% 1.2%

Table 18, the minimal cosine similarity drift strongly sup-
ports the CLIP-like semantic stability assumption, confirm-
ing that AGDI’s gains stem from exploiting intrinsic model
properties.
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