SPLIT-VLM: Salience-Guided Partitioning towards Local Coverage s,
I[)SL KE I for Importance-Aware Token Dropping in Vision-Language Models ICM L
Seungil Lee'?, Gilha Lee', and Hyun Kim'
Seoul National University of Science and Technology, 2Korea Electronics Technology Institute

International Conference

\nteH\gem Digital Systems Design Lab. On Machine Learning

2. Key Idea

» Vision tokens are the efficiency bottleneck in VLMs
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High-res inputs (e.g, LLaVA-Next) yield 2,880 vision tokens vs. <200 text tokens i e e .
70-90% of the token is visual — attention cost O((N+M)?), KV-cache explodes L PR
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» 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):
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— Pivots cluster (Lim. 3), Hyperparam-sensitive (Lim. 4) — poor local coverage, unstable Attentionscore  Layer 2 Layer 8 Layer9 Layer 21 Layer 22 Overlap88.9%  Overlap 94.4%
v Can we preserve both salience and diversity? v Temporal shift highlights salient regions across layers, unlike attention
v Can we guarantee local coverage under tight budgets? v High pivot overlap shows pivot selection keeps redundant tokens
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text  vision ’ Eﬁ ﬁ"é E - Robust without tuning pivot counts or distance thresholds Eq. Diversity Score
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Sim matrix Diversity score . . . ; .
Overall Architecture . Adaptive budgets give tighter guarantees than uniform splits Eq. Hausdorff distance

4. Experiments
Method GQA | MMB | MME | POPE | SQA |VQAtxt| Avg. | Total | Prefill | Speedup | . . .
. somll] Method Token FLOPs m Prefill * SPLIT preserves both salient and diverse visual tokens

Vanilla 61.2 63.1 14777 854 68.1 48.7  100% without missing regions uncovered
H . . [»)
HiRed 54.0 503 12975 78.0 66.3 392 86.8% Vanilla 2880 46:34 28:59 100% 87.7 1.00x 1.00x

GreedyP 550 552 1365.1 826 646 403 91.0% G.’eedy" 320 | 31:17 | 12:02 | 22.3% | 854 | 1.49x | 241x ) gt:s;‘::’?lg;zc;;i':f:ri?gi:T:;gg:g'free while ensuring
DivPrune 584 586 13621 837 673 408 917% DivPrune 320 26:34 10:57 19.8% 86.0 1.75x 2.65x
DART 55.1 59.7 1357.6 82.6 67.9 40.7 91.4% DART 320 27:28 11:19 24.8% 85.6 1.70x  2.56x
Ours 59.0 60.1 13755 845 686 415 92.8% Ours 320 25:52 10:31 19.8% 86.2 1.80x 2.76x
Comparison on LLaVA-1.5-7B (88.9% token reduction) Inference costs in LLaVA-Next-7B (POPE)

= SOTA efficiency—accuracy trade-off under extreme
budgets on image & video VLMs

= No training required, plug-and-play into existing VLMs




