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SafeLogo: Turning Your Logos into Jailbreak Shields via Micro-Regional Adversarial Training

1. Independent Defense Mechanism? (kRZ2 W1, S1;001
7G1n Minor W1, S3). SafeLogo is trained with a fixed002
safety instructions to activate and amplify the model’s in-003
trinsic safety alignments. The innovation of SafeLogo lies004
in the visual reinforcement in the image space. While jail-005
break attacks primarily target the textual space, SafeLogo’s006
tiny-size visual defense proves highly resilient to such at-007
tacks. The effectiveness of combined defense is confirmed008
in Table 5 of Sect. 5, where SafeLogo with safety instruc-009
tions outperforms any individual defense mechanism, in-010
cluding Adashield which is a SOTA textual defense [2].011

2. Mechanistic Explanation (kRZ2 W2; RznC012
W1). SafeLogo is grounded in attention mechanisms and013
cross-space defense: 1) It is well-established that even014
small perturbations can significantly influence model be-015
havior, particularly in attention-based models. Multiple016
works [3] have demonstrated how localized perturbations017
in both the visual and textual domains can influence018
the model’s output, particularly when the model relies019
on attention mechanisms that focus on relevant input re-020
gions. 2) Jailbreak attacks target the textual space to by-021
pass safety mechanisms. SafeLogo’s localized visual de-022
fense is inherently difficult to circumvent, as it operates023
independently from the text space. DAVSP and ECSO have024
shown that defenses in a modality (visual) can complement025
safety measures in another modality (textual) [1, 2].026

3. Benign Score Decreases (kRZ2 W3, Minor W1,027
S3). We acknowledge the trade-off, commonly observed in028
existing defenses [2, 4]. The balance can be optimized by029
fine-tuning the defense weight. As shown in Table 6 of Sec.030
5, moderate defense weights (95%) achieve a more favor-031
able balance, and is acceptable given defense performance.032

4. Logo Placement (kRZ2 S2; RznC Minor W1;033
7G1n W2, S2). With varied logo placements (Table 1),034
SafeLogo remains effective with consistently low ASR. It035
also shows low sensitivity to SafeLogo–harmful distance036
but high sensitivity to train-inference positional mismatch.037

Table 1. SafeLogo Placement Sensitivity.

Setting Train Infer ASR (%) Score
No Defense – – 18.33 39.2

Consistent

Bottom-Right Bottom-Right 0.67 37.7
Bottom-Left Bottom-Left 2.67 40.5
Top-Right Top-Right 3.17 37.3
Top-Left Top-Left 5.33 39.7
Center Center 3.70 36.4

Inconsistent Bottom-Right Top-Left 8.33 39.2
Bottom-Right Top-Right 1.67 38.6

5. Technical Innovation (RznC W4). Except the prac-038
tical effectiveness, SafeLogo introduce several technical in-039
novations: 1) We introduce a novel micro-regional adver-040
sarial training, which focuses on localized defense rather041
than traditional global perturbations; 2) Unlike typically ex-042
ploring a single attack, SafeLogo’s inner loop dynamically043

selects the strongest attack from a variety of jailbreak at- 044
tacks, achieving stronger and more generalized defense. 045

6. Other Instructions (RznC W2). Experiments (Ta- 046
ble 2) shows that SafeLogo remains robust with another 047
fixed or dynamic safe instructions (Adashield[2]). 048

Table 2. Dependence on Safety Instructions.

Training Inference ASR (%)
No Defense – 18.33
Fixed Instruction Fixed Instruction 3.70
Fixed Instruction Another Fixed Instruction 6.00
Fixed Instruction Dynamic Instruction 2.30

7. LLM-as-Judge (RznC W3; 7G1n W1, S1). Exper- 049
iment with different training and inference evaluators (Ta- 050
ble 3) shows that SafeLogo remains consistent robust. 051

Table 3. Results of Different Training/Inference Evaluators.

Training Evaluator Inference Evaluator ASR (%)
GPT-4 GPT-4 0.33
GPT-4 LLaMA-3 2.33

LLaMA-3 GPT-4 0.33
LLaMA-3 LLaMA-3 3.00

8. Visual Perceptibility Analysis (RznC Minor W2). 052
Quantitative evaluation using PSNR, SSIM, and LPIPS (Ta- 053
ble 4) confirms higher visual fidelity and unobtrusiveness. 054

Table 4. Perceptual Quality Comparison.

Method PSNR (dB) ↑ SSIM ↑ LPIPS ↓
SafeLogo 33.98 0.9835 0.019
DAVSP 8.17 0.1762 0.689

9. Clarification Suggestions (RznC S1, S2, S3). We 055
fully agree that these clarifications would further strengthen 056
the paper, and we will incorporate them in revised version. 057

10. Min–max Formulation (7G1n W3, S4). 1) Inner 058
maximization maxtjail∈Tjail(tharm) Ldefense(ϕ, x, tjail) (Eq. (4)) 059
is approximated by selecting the strongest attack t∗jail 060
from a finite pool. The discrete selection doesn’t require 061
gradient backpropagation. 2) After selecting, with the 062
fixed strongest attack t∗jail, gradients in Eq. (10) are back- 063

propagated for outer loop through the differentiable compo- 064
nents, consistent with standard AT and bilevel optimization. 065
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