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 Vision tokens are the efficiency bottleneck in VLMs
• High-res inputs (e.g., LLaVA-Next) yield ≈2,880 vision tokens vs. <200 text tokens
• 70–90% of the token is visual → attention cost 𝒪((N+M)²), KV-cache explodes

 Prior token-dropping has complementary weaknesses
• Salience-based (attention scores / hidden norms):

→ Needs dense attention (Lim. 1), Salience-only (Lim. 2) → weak speedup, position bias
• Diversity-based (pivot selection):

→ Pivots cluster (Lim. 3), Hyperparam-sensitive (Lim. 4) → poor local coverage, unstable

✓ Can we preserve both salience and diversity? 
✓ Can we guarantee local coverage under tight budgets?

1. Motivation 2. Key Idea

 Temporal Shift → Solution for Lim.1 & 2
• Temporal shift: normalized hidden-state shift across model layers
• Attention-free salience → efficient and free of position bias

 Local Budget Allocation   → Solution for Lim.3
• Each region gets its own budget instead of one global budget
• A uniform floor guarantees every region keeps minimum coverage
• An importance-weighted term gives salient regions more budgets

 Diversity-Score Selection → Solution for Lim.4
• Rank tokens by distinctiveness (σ) and redundancy (μ)
• Keep the most distinctive, non-redundant tokens per region
• Robust without tuning pivot counts or distance thresholds

 Theoretical Guarantee   → Hausdorff coverage
• A minimum budget makes every region non-empty
• Adaptive budgets give tighter guarantees than uniform splits

3. Method — SPLIT

4. Experiments 5. Conclusion

Overall Architecture

Comparison on LLaVA-1.5-7B (88.9% token reduction)

 SPLIT preserves both salient and diverse visual tokens 
without missing regions uncovered

 Attention-score-free and threshold-free while ensuring 
local coverage under tight budgets

 SOTA efficiency–accuracy trade-off under extreme 
budgets on image & video VLMs

 No training required, plug-and-play into existing VLMs
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Eq. Temporal Shift
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✓ Temporal shift highlights salient regions across layers, unlike attention
✓ High pivot overlap shows pivot selection keeps redundant tokens
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Eq. Local Budgeting
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Eq. Diversity Score
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Eq. Hausdorff distance


