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» Dynamic Watermarking for LVLMs: AGMark is a vision-
language aligned dynamic watermarking framework. It extracts
semantic-critical weights via attention guidance and adaptively
partitions vocabulary with uncertainty-aware evidence
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Fig. 4: Line charts depict length-wise performance retention across response token lengths ranging
from 60 to 200 tokens, evaluated using: Perplexity (Left), BertScore (Middle), and CHAIR (Right).




