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1. Creation Details of Datasets
1.1. Violation Definition Criteria
To ensure consistency with major social media moderation
policies, the HiddenText-Tweet dataset defines five cate-
gories of policy violations. These definitions are aligned
with the overlapping standards of Twitter(X) and Facebook,
covering a wide range of harmful online behaviors.

1. Hate Speech. Content that attacks or degrades indi-
viduals or groups. Including:
• Insulting, dehumanizing, or hostile expressions targeting

race, ethnicity, or nationality.
• Derogatory remarks regarding gender, sexual orientation,

or gender identity.
• Prejudicial or exclusionary content based on beliefs.
• Discriminatory or humiliating speech toward individuals

with disabilities.
2. Violence & Threats. Content involving or promoting

physical harm, including:
• Direct or indirect threats of injury or killing.
• Description or encouragement of violent acts.
• Glorification or support of violence, terrorism, or riots.

3. Harassment & Bullying. Content intended to intim-
idate, humiliate, or repeatedly target individuals, including:
• Targeted insults, intimidation, or defamation.
• Public shaming or exposure of private information.
• Attacks on minors or vulnerable individuals.

4. Terrorism & Extremism. Content that supports or
promotes extremist ideologies, including:
• Promotion or praise of extremist or terrorist groups.
• Dissemination of related symbols or propaganda.
• Incitement of religious or ethnic violence.

5. Self-Harm & Suicide Promotion. Content that en-
courages or depicts self-destructive behavior, including:
• Encouragement or instruction of self-harm or suicide.
• Presentation of methods or suggestive language.
• Glorification of self-harm or suicide.

1.2. Models Used for Dataset Generation
Since advanced closed-source models such as ChatGPT
employ strict content moderation and cannot generate
the harmful content we require, our data generation pro-
cess mainly relies on open-source models, specifically
DeepSeek and Qwen2.5-72B. For the generation of sfull

i and
smask
i , we primarily use DeepSeek-V3.1, while for the gen-

eration of pscene
i , we mainly rely on Qwen2.5-72B.

In LumText, the diffusion model used is Qwen-Image.
In Comp Text and Obj Text, the diffusion model used is
RealisticVision V5.1 noVAE, and the ControlNet model is
controlv1p sd15 qrcode monster.

2. Implementation Details of the Performance
Experiments on Humans

All participants were university-educated undergraduates,
most of whom were proficient in English.

2.1. Harmfulness Perception with Humans
Two image–text posts were randomly sampled from each
CAMHARMTI category (Comp Text, Obj Text, Lum Text),
resulting in six samples in total. Participants were given
general instructions but were not informed of the presence
of camouflaged content. They were asked to determine
whether each post contained harmful information based on
its combined visual and textual cues. In total, 114 responses
were collected (17 from desktop users and 97 from mobile
users) to account for potential differences in display condi-
tions. The user interface is shown in Figure 1.

Figure 1. Participant interface for harmfulness perceptio.

https://huggingface.co/SG161222/Realistic_Vision_V5.1_noVAE
https://huggingface.co/monster-labs/control_v1p_sd15_qrcode_monster


Figure 2. Prompt used to filter dataset.



Figure 3. Prompt used to test LVLMs.



2.2. Camouflaged Text Recognition with Humans
Four participants were recruited, each assigned 300 image-
text posts (100 from each camouflaged type), and instructed
to carefully inspect the images to identify any camouflaged
words. The interface for the participant is shown in Fig 4.

Figure 4. Participant Interface for the HP Experiment.

3. Implementation Details of the Performance
Experiments on LVLMs

3.1. Data Filtering
To reduce model-specific moderation bias, we construct a
filtered test set using text-only inputs. For each tweet ti
with corresponding image texts sfull

i and smask
i , the model is

asked to classify both based solely on text. A sample is re-
tained only if sfull

i is classified as violating while smask
i is not,

ensuring alignment with the model’s moderation boundary.
The filtering prompts for each LVLM are shown in Figure 2.

3.2. Prompt for testing LVLMs
We use the following prompt, as shown in fig. 3 to test all
LVLMs.

3.3. LVLM Performance Across Violation Cate-
gories

We reported the accuracy of different LVLMs on various
violation categories across different scenes, and the distri-
bution is shown in Figure 5.

Figure 5. Category-Level evaluation of LVLM performance across
four scenes.
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Figure 6. Training loss curve for different settings.

Obj Text Comp Text Lum Text

0

20

40

60

80

100

C
T

R

Full Early Middle Late

Obj Text Comp Text Lum Text

0

20

40

60

80

100

H
P

Full Early Middle Late

Figure 7. Results of fine-tuning the full, early, middle, and late
layers of the visual encoder in LLaVA1.5-7B.

It can be observed that current LVLMs exhibit sub-
stantial variability in detection accuracy across different
violation categories. They perform well on clear categories
like Hate Speech and Violence, but accuracy drops for Ha-
rassment, Terrorism, and Self-Harm, where meaning is of-
ten subtle and depends heavily on context. It may be partly
because visually pleasant or uplifting imagery can reduce
the model’s sensitivity to harm-related cues, making viola-
tions in such contexts less likely to be detected. This shows
that while these models excel at recognizing obvious harm,
they struggle with more subtle or context-dependent forms.

3.4. Results of Four CTR-HPC Task Combinations
We summarized the results of all models on the four
CTR–HPC task combinations, as shown in Tabel 1. The
observed phenomena and conclusions are consistent with
those presented in the main text.

4. Comprehensive Analysis of Grad-CAM Re-
sults

We performed a Grad-CAM analysis on Qwen2.5VL-7B
and LLaVA1.5-7B. Specifically, we computed the average
attention over output tokens and visualized the attention
heatmaps across different layers of the visual encoder. By
comparing the attention distributions before and after fine-
tuning, we observed that the highest layers produce nearly
uniform attention, resulting in fully red Grad-CAM maps
with limited interpretability. Therefore, for both Qwen and
LLaVA, we selected layers 0, 10, and 20 for visualization.
The results for the Comp Text, Obj Text, and Lum Text
scenes are shown in Figure 8.

We observe that for Comp Text and Lum Text, the fine-
tuned models tend to capture a more global view in the early

layers compared with their pre-fine-tuning counterparts. In
contrast, for Obj Text, the attention distributions across lay-
ers show no clear differences before and after fine-tuning.
Subsequent layer-wise fine-tuning experiments further sup-
port these findings: for Comp Text and Lum Text, the shal-
low layers—responsible for capturing global context—play
a more critical role, whereas for Obj Text, fine-tuning dif-
ferent layers yields largely similar outcomes.
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Figure 8. Grad-CAM for Qwen2.5-VL-7B and Llava1.5-7B on
Obj Text and Lum Text, before and after SFT.

5. Full Results of Layer-wise Fine-Tuning
Here, we present the remaining layer-wise fine-tuning re-
sults, including those for LLaVA, whose behaviors are con-
sistent with Qwen. The complete layer-wise results are
shown in Figure 7, and the corresponding fine-tuning train-
ing curves are provided in Figure 6.



Table 1. Results of four CTR–HP task combinations on.

Scene/Model
Qwen2.5VL-72B

ctri = 0 ctri = 1 ctri = 0 ctri = 1
hpi = 0 hpi = 0 hpi = 1 hpi = 1

Plain Text 35.01 26.41 2.97 35.61
Obj Text 53.12 12.46 7.42 27.00
Comp Text 76.85 0.30 22.55 0.30
Lum Text 78.04 3.86 18.10 2.67

Bagel

Plain Text 1.09 17.17 0.27 81.47
Obj Text 29.70 4.09 14.44 51.77
Comp Text 67.85 0.27 31.88 0.00
Lum Text 64.58 3.00 32.43 2.72

Qwen2.5-7b

Plain Text 0.00 5.40 0.00 94.60
Obj Text 20.57 2.83 9.00 67.61
Comp Text 69.15 0.00 30.33 0.51
Lum Text 64.78 4.88 30.33 4.88

Qwen3-30B

Plain Text 0.00 21.27 0.28 78.45
Obj Text 15.19 13.26 0.83 70.72
Comp Text 98.62 0.00 1.10 0.28
Lum Text 92.27 5.80 1.93 5.25

Lava1.5-7B

Plain Text 24.13 15.14 9.46 51.28
Obj Text 35.57 13.40 10.31 40.72
Comp Text 71.13 1.55 26.80 0.52
Lum Text 65.46 4.64 29.90 4.12

Lava1.5-13B

Plain Text 15.44 16.14 7.37 61.05
Obj Text 22.81 19.30 7.37 50.53
Comp Text 60.70 0.35 38.95 0.00
Lum Text 55.79 7.72 36.49 7.02

Gemma3-27B

Plain Text 0.00 3.92 3.61 92.47
Obj Text 10.54 4.82 2.41 82.23
Comp Text 77.41 0.00 22.29 0.30
Lum Text 75.90 5.42 18.67 5.12

Kimi-VL-3B

Plain Text 18.45 32.04 2.59 46.93
Obj Text 33.66 19.09 6.15 41.10
Comp Text 80.58 0.00 19.42 0.00
Lum Text 74.43 6.15 19.42 5.18

Gemini

Plain Text 0.00 31.99 1.26 66.75
Obj Text 13.60 18.14 2.02 66.25
Comp Text 92.19 0.00 7.56 0.25
Lum Text 86.15 3.78 10.08 3.02

gork

Plain Text 0.50 6.80 1.76 90.93
Obj Text 8.82 10.33 2.52 78.34
Comp Text 93.70 0.00 5.29 1.01
Lum Text 83.12 8.82 8.06 7.56

chatgpt-4o

Plain Text 0.00 26.82 0.00 73.18
Obj Text 9.38 22.14 0.00 68.49
Comp Text 99.48 0.00 0.26 0.26
Lum Text 89.32 6.77 3.91 6.25
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