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Recent Visual Cropping Approaches

Previously proposed techniques have one of the following key limitations:
1. Task-specific fine-tuning and multiple MLLMs needed (SEAL [1])

2. Exhaustive tree searches due to uninformed search strategies (DC?, ZoomEye [2-3])

How FOCUS addresses existing key limitations?
1. Training-free localization using MLLMs’ KV cache for question-relevant regions
2. Text-guided, object-aware cropping without exhaustive search

3. V-V pseudo-attention replaces Q-K weights for compatibility with efficient attention
3. Incompatibility with modern attention mechanisms like FlashAttention (ViCrop [4]) e N
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