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Methodology
Our method is based on two components: Local-to-Global or Local-to-Local 
Matching (LM) and Model Ensemble (ENS)

Experimental Results

• Local-level Matching via Cropping

• Model Ensemble for Shared, High-quality Semantics

Critical properties of local mapping:

Different patch sizes capture complementary scales (objects vs. details). ENS fuses them, 
yielding perturbations with stronger, more coherent semantics compared to other methods.

• Re-Formulation under Local-
level Matching 

Closed-Source
Open-Source

Motivation: Investigations Over Failed Attacks

Our Attack Results

(1) Uniform-like Perturbation Distribution

(3) Vague Description

(2) Over-reliance on global similarity

Percentage of failed samples with value descriptions

Visualization of adversarial samples from different attack methods.

Comparison of different attack algorithms under different ℓ∞(�) constraints
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Ablation-local matching

Ablation-different budget constraints

Ablation on other image transforms 
with/without local-level matching 
confirms the effectiveness of matching 
locally for refined details. LM and ENS 
work in concert, producing more-than-
additive improvements Ablation on different image transforms. 

Ablation on LM and ENS. 

Our method achieves SOTA results under different constraints on 
imperceptibility (ℓ∞) and computation (steps)

Comparison of different attack algorithms under different optimization steps

GitHub & Website
• GitHub: https://github.com/VILA-Lab/M-Attack
• Website: https://vila-lab.github.io/M-Attack-Website/

https://github.com/VILA-Lab/M-Attack

