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WHY DUET-VLM? accuracy retained

o . | | 0 accuracy retained 0 training time saved
Vision tokens dominate VLM compute. DUET-VLM first merges redundant visual tokens, then 67% fewer visual tokens >97 /0 899 fewer visual tokens 3 1 /o LLaVA-1.5-7B backbone
lets text saliency drop the rest inside the LLM

METHOD: TWO-STAGE TOKEN COMPRESSION
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Training uses the same compressed-token path as inference, so the model adapts to small visual budgets instead of treating pruning as a post-hoc trick. Fig. 3 DUET-VLM generalizes across LLaVA-1.5, LLaVA-NeXT, Qwen2.5-VL and Video-LLaVA backbones. Fig. 4 Video-LLaVA-7B: 93.4% of visual tokens dropped, only ~2% accuracy lost.

QUALITATIVE EVIDENCE

TAKEAWAY + LINKS
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. ' = ~ ; B d DUET-VLM is a plug-in token budget
needed for the qqery. controller.
The token budget shrinks, but It keeps accuracy high across image
semantically useful visual and video VLMs.

Query: What number is on the player's jersey? Salient tokens = [What, number, on, player, jersey, 7], Last token =7 Layer: 9/32 Query: What is the brand of this camera? Salient tokens = [What, brand, this, camera, 7], Last token =? Layer: 24/32

regions remain visible.
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