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Background

* Video Large Language model(Video LLM)

- Video LLM2 VLM 1}
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statue is shown in the background, and the video also shows the city skyline in the background.
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Background

* Video Large Language model(Video LLM)

- Video LLM with Spatiotemporal encoder
- Vision encoder A frame?t2| 2HA & A X o 2 B E 5= Video LLM
3D Conve &0 Q17 g 2| spatial patchE spatiotemporal token2 2 H2t
23D RoPE= AFESH0] Zf vision tokenO| A7t S 57 X[ E &7 &G
-HEXM 2 2 Qwen2.5-VL, Qwen3-VL, Llava-Onevision-2 2 2 0| =X
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Background

* Video Large Language model(Video LLM)

- Benchmark for Video LLMs
-Video LLM2| Bt @[S &= B|C| 20 CHSHAM Video QA SHA d5 Bt
- ZEX 2 £ Video-MME, MVbench, MLVU, LongvideoBench 7} =X}
« Computational Limits of Video LLMs
-LLMZ2| X[2tEl context lengthZ Q15 RIF L2 S0{7t= token budgetO| XSt
r

- 2 visual token= LLM2| prefill H A&} KV-cache memoryE S 7t

Audio i
ﬂ Video-MME 1
2 |
How did the man wearing a bandage and holding an envelop, who appeared in the latter part of this video, sustain his injury? | ‘ it
A. One of his hands was hit by a firework while he was setting it off. | :
B. His arms got injured while he was attempting to put out the fire at a burning house. | . | A
C. His hands were injured from falling down to the ground while he was chasing Wayne’s motorcycle. | Vision/Au dlo Encoder
D. One of his arms was dragged down by a dog lured with food by Wayne, while he was insulting Wayne's father. |
| DDD y L[] 1] E -000pO0-000
Dragged down by a dog. The man wearing a bandage Chasing Wayne's motorcycle. Aburning house. Hit by a firework. | o« H x W tokens o T tokens T Tx Hx W tokens
[Option D] and holding an envelope. I
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Background

» Video token compression

= Pre-LLM token compression
- Token compressione= LLM & & O| T 0| M&5t= 4
= Vision Encoder”/| 4 Bt visual token & & 2 2t tokenZt=
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Background

» Video token compression

= Inner-LLM token compression
- Token compressions LLM 218 0|20 M &5= & &
;- LLM Q| attention mapOf| A|2] §8 = 0| &
' Text—visual interactioneD Z-&SI2 £ query-aware®t token selectionO| 7 fo
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Background

» Video token compression
- Hybrid token compression
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Background
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- = £F& @1 token compression Off RL O] Al Token selection= ¢ L 2{ At =0l

 Unified Spatiotemporal Token Compression for Video-LLMs at Ultra-Low
Retention [CVPR 26]

- Ultra-low retention= $| 9l spatial-temporal redundanc
P p Yy

ESgNHeZ 11
- M| 2tEl token budgets H|L| 22| Al 7 S0 20H 2 2 HiFot= &8 X ¢t

» KiToke: Kernel-based Interval-aware Token Compression for Video Large
Language Models [ICML 26]

- Low retention 0| A] &/ St= density/frequency 7|8t selection biass 2t=2}f
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Unified Spatiotemporal Token Compression for Video-LLMs at
Ultra-Low Retention [CVPR 26]
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Introduction

» Stage-based video token compression
- Video LLM B2 visual token2 £ Olot =2 AAMEFS
O

- Spatial Compression 1f Temporal compressionO| = &
of

- H|C| 2 token?t2| A&7t A E H&9| BtASHA| 28
- Ultra-low retention| A= EtAEHE q=0 2 QIst A EH AT} token allocationO| {212
ES

S5t o 2 MEHSH Q7 9lS

- ™A spatio-temporal token= StLt2| global budgetO| Al &

= ¢ What's happening inthe video? M Correct W Incorrect

: The video shows a person in a dark suit and hat entering a house. then exiting and approaching a red car,
opening its door, and evi entually getting into the driver's seat. The scene transitions to the person standing outsxde the
car, \\hxch has reversed away from the house revealing a damaged model house on the ground. The pe e
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e ~ |
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l

Frame 8 Frame 25

< Video QA examples>

N - | : A person dressed in a dark suit and mask is l : A person dressed in a suit and tie is seen
~ N seen running towards a burmmd) car, opemne its door, exiting a red car, stepping , and then
and then exiting the scene. bending down to pick up a miniature model of a house.
(@ Remove Temporal (2 Select Contributive = ” =
Redundancy Tokens a o - -
More Redundancy sts Ke\ Tokens Less Redundanc

Retain Key Tokens

T [1

Frame 17 Frame 25 Frame 17 Frame 25

< Stage-based token compression framework > < Selected Token by HoliTom > < Selected Token by USTC >
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Method

 Unified Spatio-Temporal Compression

. o L . - -
- T X visual token= StL}2| global retention poold| A SSfH 2 =2 HIL
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o . . o -+ o
- M| 7H =l token clustering 7|2t mergingd refill& S0 & =42 H&t
. =xx o A5
- LLM WE O M= text-aware merging2 2 query 7|8t F71 =2 +H
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Method

 Unified Spatio-Temporal Compression

= Pre-LLM Token compression stage
- Vision encoder®| CLS token2}2| attention scoreS 7|EF2 2 vision token2| =82 & LHEL

' Frame idx7t ¥ 2 ©AMOE AL HEE token retention poolE Ol

- 29| frameOf| A M =l token 22| cosine similarityS & ol token ZF2| diversity £ EF
- ME K| X| =22 token2| B2, recycle poolOf| A DPC-KNN= &l A retention poolOf| Bt H
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Unified Spatiotemporal Compression
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< Pre-LLM Token compression stage > | VD
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Method

 Unified Spatio-Temporal Compression

- DPC-KNN(Density Peak Clustering based on K-Nearest
- 7| Z9| Density Peak Clustering & 1 1F KNN =
-KNN H2| 2 Zf tokenO| = token=
- Local density 2} higher-density token”7t X| 2| H2|& 274 11
-2t OtE 02 e A 22| =l token= cluster center 2 41 EH

- =1t A%t token =L O0|AM T QO|M O 2 L Z2E|= clusterE

| :
pi=exp |~ Z d(vi,v)* |,

/ v; EKNN(v;)

5 _ | maxjz d(vs, v;)
.=

min;.,. >, d(v;,v;) otherwise

scores y; = pi X 0;

R HABTWUED < Density peak clustering score >
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if p; = maxy, p

ZofLt & O

DPC

< Clustering method comparison >

Neighbors)

gote o g2

DPC-KNN
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Method

 Unified Spatio-Temporal Compression

= Inner-LLM Token compression stage
- Text-to-visual attentionZ} cosine similarityS & €0l visual token2| query relevances &7}
- Attention Th= AFE Al &8 SH= RoPE 7|8 relative position biasE similarity score 2 = 2t
~-Query relevance score 2} similarity scoreE 2f Ol A top-k= retaining set= 41 EH

;s LI K] token 7t 7 AFSH retained tokendf average merging

LLM |
= ( Transformer Block K+1 )
!
= e EI_ _I_I_\ Vision Tokens
% | AT [EEE—{TTTIT] |
Retention Pool —> —T 2 — : | | yrazas m&gelectl Similarity-based Merging : D Text Tokens
- — [ ——_— Y Max |
'H score | |CIIIIO—=—
5 | g Seere |\ [T | Merged Tokens
US- | H T1-vScore |——Mi{-bl:|:|:|:|:|] : — T-VSim I
= [ S IS Myl I
L] N e / Pruned Tokens
SR - 0 O
o
Promo I . = LD 3
ompt Input —> Tokenizer —* — = Transformer Block K
pi Inp O i S C )
™
Vision Token Pruned Token Clustring Token [ | Text Token
< - [ >
R AU Inner-LLM Token compression stage VDS
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Method

 Unified Spatio-Temporal Compression

= Inner-LLM Token compression stage
-Bias from RoPE
' RoPE= query2t key= Token ¥ X|0f| L2} 2| M A[Z] CFF attention= A AF
'« Text Tokendt sequencO| A EH 2| B O Rl B2, attention B7F Z Ot X| = case =X
v Of2ll 2=} 20|, sequence & OHX|ZH0]| @ K|St tokenl| MEH=Z0| =S
oS =X & 22t SH7| I M Cosine similarity & & 0 1121510 score I(1) 2 AFE

N

|
AN ol .
%1.0 Text-aware Selection Frequency : Aqv = A[Nv i Nv] ’ Am - n;l:af{ AQU (31 '):
‘é 08 Last Token Selection Frequency 0.25 o | —
8 | = Textaware Attention Score 0_20§ : Sm (Uz) max — s
50.6 = Last Token Attention Score Ué 1 teT [lvslllIEl
L; 8 : Anorm __ Am B mln(Am)
204 § 1 m max(A,,) — min(A,,)
Q - 1
= < :
202 ¥ : Gnorm _ Sm — min(S,,)
o el max(S,,) — min(S,,)
Oy 50 100 150 20 250 w W i i
Token Index v L(v) = (1= A) - ADO (0) + A - SO0 ().
|
< Rotary Positional Embedding Bias visualization > < Final score formula>
R AB TSR VDS
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Experiments

« Experiments Settings

- Benchmark dataset
-MVBench: 207l H|C| 2 O[5l task 2t 4,0007 QA E temporal comprehension= H 7}
-EgoSchema: 32 Z0(2| 121 G411} sX[HCHQAZE & 7[H QI Q7 A= O[S E 7t
-MLVU: 320 M 2A| ZF O] &t o] FHOM F2- 2% M E & AM 5 97l tasks B}
-LongVideoBench: 3,7637H G &1t 6,67871 QAE 71 & 2| understanding s H=2 E7}
-Video-MME: 1128 H 1A|ZF S7HX| 2] Fgt H|C|2 O[3 555 B7t

= Backbone model

-LLava-onevision, LLava-video, Qwen-2.5-VL

= Baseline model

-Inner LLM method : FastV [ECCV 24]
-Pre-LLM method : VisionZip [CVPR 25], FastVid [NeurIPS 25]

- Hybrid method : HoliTom [NeurIPS 25]
A szugka VDS
S
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Experiments

» Comparison results
- Ultra-low retention ratio ((5%, 2%, 1%))0lA| 7| & 2| H=0| 2 A X5t
- K| Q2 W2 token budgetO| M2 S2OHA|SUH SEE 2O E HE

- B = retention ratiof| Al 7| & = BIHELC QAL A =2 ds2 24

AVg. T Method FLOPs FLOPs Retention | MVBench EgoSchema MLVU LongVideo VideoMME Avg. T

Method FLOPs FLOPs Retention | MVBench EgoSchema MLVU LongVideo VideoMME 8 (T). Ralio) Ratlo 4 + 1 Bencht 1 |Score
(T)| Ratio] Ratio T 1 % Bench 4 core 7o LLaVA-Video 7B [46]| 809 100%  100% | 60.4 572 533 589 643 [ 588 100
FsatV [4] 102 12.6% 100%/2% 429 41.0 343 45.6 48.1 424 721
LLaVA-OV-7B [11]| 414  100% 100% 583 60.4 471 56.4 58.6 56.3 100 VisionZip [35] s 19% 2% 438 393 335 458 484|422 718
FsatV [4] 79 19.1% 100%/10%| 532 55.9 41.6 52.1 52.7 511 90.8 = 1% aane | w3 des s w2 ns @S B
VisionZip [38] 4.0 9.6% 10% 535 58.0 425 49.3 534 513 912 Qurs (wio M) 81w % ﬁ %7 a3 ﬁ £58 |46 821
LLaVA-Scissor [27] 4.0 9.6% 10% - 57.5 - e 55.8 o = FsatV [4] 97 119% 100%/1% | 422 388 3Ll 45.0 46.0 406 69.1
FastVID [25] 4.0 9.6% 10% 55.9 58.7 42.6 56.3 57.3 542 96.2 VisionZip [ 35] 12 15% 1% 423 368 300 456 470 | 405 689
HoliTom [23] 34 82% 10%/5% | 573 61.2 451 563 568 | 553 983 HolTom [24 I 1a% 1m0se| ded 4Ll 89 s 517 | 454 72
Ours (w/o M) 40 9.6% 10% 57.4 60.5 447 57.4 56.6 553 983 Qurs (wio M) 12 15% 1% | 479 4B 00 489 36 | 472 803
Ours 34 82%  10%/5% | 517 606 455 564 566 | S84 A oo e e e s o s
FastV [4] 64  155% 100%/5% | 512 539 358 479 497 | 477 847 g‘:‘i,‘;’n"?m §§§ Iff: “"gﬂf . 333 i"n:; sgé i%ﬁﬁ 36 | 04 768
VisionZip [38] 22 5.4% 5% 452 519 374 46.4 48.2 458 814 bl ' o M ps 2 232 02 369 | 323 816
LLaVA-Scissor [27]| 22  54% 5% - 56.6 - - 533 i Ours (o) om i | mb de o d k3 ms B3 o
FastVID [25] 22 54% 5% 53.0 57.1 42.1 51.1 542 515 915 i 0% o Rl o ol & 4 [
HoliTom [23] 20 47% 5%25% | 556 60.5 40.6 53.6 542 | 529 940 5?:%"2;}, 8 Er Rl B S ST v I SRt S e
‘astVid [25 .05 3% K 36.2 20. 20. X 35.0 30. .
Ours (wio M) 22 54% 5% | %4 595 425 3T 550|334 oa9 Ry fom b w | oaeoms om0 w o
Ours 2.0 47%  5%I2.5% 56.4 60.2 42.8 54.5 54.7 53.7 954 Ours (wio M) 005 13% 1% 418 232 232 434 82| 340 859
— — Ours 0.05 13%  1%/0.5% 42.2 242 231 4.1 40.6 M8 879
FastV [4] 55 13.3%  100%/2% 49.0 50.6 34.1 47.1 473 456 81.0
VisionZip [38 12 29% 2% 41.7 47.6 31.8 45.1 459 | 424 753 < LLava-Video Results >
FastVID [25 12 2.9% 2% 48.0 52.3 37.6 473 49.2 469 833
HoliTom [2:‘] 1.1 2.6% 2%I1% 52.6 ﬂ 374 48.5 517 494 87.7 Retention , . LongVideo . Avg. T
Ours (w/o M) 12 2.9% 2% 529 ﬂ 39.5 51.0 513 50.4 89_5 Method Ratio MVBench EgoSchema MLVU Bench VideoMME | o ™ o
Ours 1.1 2.6% 2%/1% 52.8 57.6 40.3 50.8 51.8 50.7 90.1 Qwen25-VL[2] | 100% | 630 528 385 55.0 575 | 534 1000
FastV [4] 52 126% 100%/1% | 482 488 323 455 462 | 442 785 ronar | i S e | o s
VisionZip [38] 0.9 2.1% 1% 40.8 438 29,7 444 443 406 72.1 Ours(w/o M) 2% 54.1 118 327 454 48.1 456 855
FastVID [25] 0.9 2.1% 1% 453 47.8 324 46.1 47.0 437 77.7 Ours 2% kN N 318 456 48.1 45 B3
HoliTom [23] 08  20% 1%/0.5% 49.6 52.9 33.9 48.1 49.0 46.7 82.9 VisionZip [35] 1% 46.1 423 2538 418 414 395 740
Ours (w/o M) 09  2.1% 1% 50.5 53.3 344 49.1 49.8 474 842 FastVID [25] 1% 412 a5 24 sl 41| 4L 769
Ours 08  20% 1%/05% | 505 $38 344 488 492|413 841 om™™ | % | HS Bf s aa ws | e 78
” P < LLava-OneVision Results> < Qwen2.5-VL Results > VDS
KA1
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Experiments
 Ablation study

A

|
. . | FLOPs I VideoMME
Attn Sim  Cluster | MVBench EgoSchema MLYU LoneVideo - vigeqvivig | O?Zg' T% | Method ‘ Frames | )" |"Short Medium Long Total
. Bench b Vanilla[11] 16 190 | 682 538 482 567
v 414 46.6 30.8 447 453 418 742 1 HoliTom [23] 64 17 63.0 53.9 463 544
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= Spatio-Temporal Compression
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KiToke: Kernel-based Interval-aware Token Compression for
Video Large Language Models [Arxiv 26]
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Introduction
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- Density / Frequency Bias
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Query: What is the color of the pencils that individuals are grasping for drawing in the video?  A. Green. B. Red. C. Yellow. D. Blue.
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Query: Which color are the mountains in the video?
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» KiToke
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» Kernel-based Diversity Estimation
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» Kernel-based Diversity Estimation
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» Temporal Interval Construction
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- Token-level scoring ( appearance 2}
‘- Position-aligned difference : adjacent frameOf| Al & &2t 2/ X| 2] token?t2| H ot =7
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- Deviation-based scoring ( motion #H3t =8 )
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Method

* Interval aware Token merging
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Experiments

» Experiments Settings

- Benchmark dataset
-MVBench: 207l H|C| 2 O[5l task 2t 4,0007 QA E temporal comprehension= H 7}
-MLVU: 320 M 2A| ZF O] &t o] oM F2- 2% M E & AM 5 97l tasks B}
-LongVideoBench: 3,7637f ¥& 1t 6,67871 QAE 7l F&9O| understanding s 8= E7}
-Video-MME: 11 =88 1A|ZF S&7HX[ 2] S H|E2 0|3 s&H= B/t

» Backbone model

-LLava-onevision, LLava-video, Qwen3-VL

= Baseline model
-Inner LLM method
s« FastV [ECCV 24]
-Pre-LLM method

::VidCom? [ACL 25], VisionZip[CVPR 25], PruneVID [CVPR25] FastVid [NeurIPS
ﬂ AT SR VDS
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Experiments

» Comparison results

Ultra-low retention ratio| Al 7| & Hl

KiToke= global redundancy= & O K| 2tEl token budget= 22X 2=
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Retention LongVideo VideoMME Average Retention LongVideo VideoMME Average
Method Ratio | MVBench iy MWW  —Gremli Shot Mediom  Long | Score % Method Ratio 7 ‘ MVBench P8 T MWVU - —Gicall Shoi Medium  Long | Score %
Duration 16s 1~60min 3~120min  1~60min  I~3min 3~30min  30~60min Duration 16s 1~60min 3~120min  1~60min 1~3min 3~30min  30~60min
LLaVA-OV-7B 100% | 583 56.6 63.1 584 70.3 563 48.6 59.1  100% LLaVA-Video-7B 100% | 604 58.7 674 642 772 622 531 | 627 100%
FastV (Chen et al., 2024) 100%/25% 572 55.0 60.8 57.3 70.0 54.0 479 576  97.5% FastV (Chen et al., 2024) 1009%/25% 578 574 65.5 62.5 732 61.7 527 608 97.0%
DyCoke (Tao et al., 2025) 25% 574 538 584 539 64.1 527 448 559  94.6% DyCoke (Tao et al., 2025) 25% 56.6 56.2 56.8 59.4 723 56.0 49.8 572 91.2%
VidCom2 (Liu et al.. 2025) 25% 570 553 624 58.4 69.1 57.0 49.2 583 98.6% VidCom2 (Liu et al., 2025) 25% 570 56.5 586 614 732 60.7 50.2 584 93.1%
PruneVID (Huang et al., 2025) 25% 56.8 55.6 628 569 68.7 54.1 48.0 580  98.1% PruneVID (Huang e 025) 25% 562 517 63.7 599 724 56.9 50.3 504 04.7%
VisionZip (Yang et al., 2021 25% 58.1 56.4 625 58.1 69.1 57.3 479 588 99.5% VisionZip (Yang et al., 2025b) 25% 56.4 56.4 64.2 614 738 59.4 511 596 95.1%
FastVID,_(Shen et o 2 25% 58.0 56.0 61.7 582 703 56.4 479 585 99.0% FastVID (Shen et al., 2025) 25% 592 57.3 645 63.7 752 62.6 534 612 97.6%
KiToke (Ours) 25% 58.4 57.4 634 58.3 70.0 56.1 48.8 594 100.5% KiToke (Ours) 25% 587 58.2 66.5 62.1 74.6 608 510 614  97.9%
FastV (Chen et al.. 2024) 100%/10% 53.0 50.7 57.1 53.6 63.0 51.9 46.0 536  90.7% FastV (Chen et al., 2024) 1009%/10% 514 53.1 618 59.2 69.4 582 50.0 564 90.0%
VidCom?2 (Liu et 25) 10% 525 505 58.0 533 61.8 514 46.8 536  90.7% VidCom?2 (Liu et al., 2025 10% 508 50.7 548 56.9 64.6 570 49.2 533 85.0%
PruneVID (Huang et al., 2025) 10% 55.7 54.5 60.7 562 66.9 53.6 482 568  96.1% PruneVID (Huang et al., 2025) 10% 541 55.2 610 573 68.9 547 482 569 90.7%
VisionZip (Yang et al., 2025b) 10% 55.6 527 59.4 55.6 64.9 54.6 474 558  94.4% VisionZip (Yang et al., 2025b) 10% 550 52.1 583 59.0 69.7 574 498 560 89.5%
FastVID_(Shen et al.. 2025) 10% 573 55.5 61.1 571 67.7 55.7 479 577 97.6% FastVID (Shen et al., 2025) 10% 57.1 55.7 61.6 60.6 7.2 593 513 588 93.8%
KiToke (Ours) 10% 57.2 574 62.1 56.0 663 54.4 47.1 582 985% KiToke (Ours) 10% 572 570 65.1 59.1 70.7 517 49.1 596 95.1%
FastV (Chen et al., 2024) 100%/5% 499 483 55.4 515 58.0 509 457 513 86.8% FastV (Chen et al., 2024) 100%/5% 490 50.3 577 557 64.4 554 473 532 84.8%
VidCom2 (Liu et al.. 2025) 5% 46.9 474 536 494 55.7 494 43.1 493 834% VidCom2 (Liu et al., 2025) 5% 465 410 525 528 57.9 534 471 497 793%
PruneVID (Huang et al. 025) 5% 543 539 59.7 54.0 63.3 51.6 470 555  93.9% PruneVID (Huang et al., 2025) 5% 521 525 583 55.3 663 522 474 547 87.2%
VisionZip (Yang et al b) 5% 519 48.6 56.6 524 59.9 516 459 524 88.7% VisionZip (Yang et al., 2025b) 5% 531 48.1 518 56.7 64.9 56.8 484 524 83.6%
FastVID (Shen et al., 202: 5% 548 527 573 54.6 64.6 53.0 463 548 927% FastVID (Shen et al., 2025) 5% 55.0 51.8 58.0 58.0 68.3 573 484 557  88.8%
KiToke (Ours) 5% 552 549 60.8 54.1 63.0 522 47.1 562 951% KiToke (Ours) 5% 55.6 557 625 574 69.3 549 480 578 922%
FastV (Chen e 2024) 100%/1% 438 46.7 517 48.0 527 48.8 427 476  80.5% FastV (Chen et al., 2024) 1009%/1% 46.7 46.1 51.3 51.0 56.3 511 45.7 488 778%
VidCom2 (Liu et 1% 392 417 457 417 420 421 409 421  712% VidCom2 (Liu et al., 2025) 1% 419 444 49.1 456 46.9 474 424 452 721%
PruneVID (Huang 025) 1% 46.0 467 53.7 48.0 520 417 443 486  822% PruneVID (Huang et al.. 2025 1% 440 474 528 496 53.8 497 452 485  77.4%
VisionZip (Yang et al., 2025b) 1% 426 439 52.1 46.5 49.6 473 21 463 78.3% VisionZip (Yang et al., 2025b) 1% 433 459 506 49.7 534 510 446 474 75.6%
FastVID_(Shen et al., 2025) 1% 457 46.1 519 469 523 46.4 418 476 80.5% FastVID (Shen et al., 2025) 1% 450 48.2 520 511 58.0 503 45.0 49.1  78.3%
KiToke (Ours) 1% 525 511 56.9 502 574 493 438 527 892% KiToke (Ours) 1% 490 519 558 523 60.0 513 457 523 834%
< LLava-OneVision Results > < LLava-Video Results >
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Experiments

» Comparison results

=
=

. =
IE 2 2 compression overhead =

Retention LongVideo VideoMME Average
Method Ratio y MVBench BEnch MLYU Overall Short  Medium Long Score g‘}{:
Duration 16s 1~60min ~ 3~120min 1~60min 1~3min 3~30min 30~60min

Qwen3-VL-8B 100% | 68.5 625 714 68.7 799 61.0 59.1 ‘ 678  100%
DyCoke (Tao et al., 2025 25% 59.1 573 629 64.0 754 623 542 608  89.7%
VidCom?2 (Liu et al.. 2025) 25% 64.1 60.3 66.3 66.3 762 63.0 578 643 94.8%
PruneVID (Huang et al., 2025) 25% 584 59.2 655 62.5 729 603 543 614 90.6%
VisionZip (Yang et al.. 2025b) 25% 639 60.4 67.0 65.4 76.4 628 569 647 954%
FastVID (Shen et al.. 2025) 25% 65.1 597 682 63.5 743 614 548 641 945%
KiToke (Ours) 25% 652 615 69.5 65.8 716 639 56.0 655 96.6%
VidCom?2 (Liu et al., 2025) 10% 45 M7 60.3 616 703 394 549 578 85.3%
PruneVID (Huang et al., 2025) 10% 538 554 60.0 56.8 65.6 536 513 565 833%
VisionZip (Yang et al.. 2025b 10% 582 345 63.1 59.0 613 576 522 587  86.6%
FastVID (Shen et al.. 2025) 10% 9.7 36.6 4.5 61.0 711 58.8 331 605 89.2%
KiToke (Ours) 10% 60.5 38.6 67.0 628 743 612 529 622 9L7%
VidCom?2 (Liu et al., 2025) 5% 492 50.7 55.0 56.7 63.6 549 518 529 18.0%
PruneVID (Huang et al., 2025) 5% 498 339 578 538 614 514 484 538 194%
VisionZip (Yang et al., 2025b) 5% 517 49.6 572 55.5 60.7 538 521 335 189%
FastVID (Shen et al.. 2025) 5% 43 334 60.9 511 05.0 56.6 316 566 83.5%
KiToke (Ours) 5% 571 56.7 63.7 59.9 69.8 56.7 533 593 875%
VidCom?2 (Liu et al., 202 1% 417 453 472 46.4 453 46.8 47.1 451 66.5%
PruneVID (Huang et al., 2025 1% 426 48.1 521 484 521 472 458 478  105%
VisionZip (Yang et al.. 2025b) 1% 414 458 494 471 482 462 46.8 459 61.7%
FastVID (Shen et al.. 2025) 1% 440 465 340 495 538 488 46.0 485 71.5%
KiToke (Ours) 1% 482 50.7 36.3 536 60.9 502 49.7 522 T.0%

Qwen A€ 22O A= llava A/ €1} H| W51 5L
S 2Ot retention ratioOf| A| B & & token =2 LLM FLOPs=
KiToke= 7HH{ 2 &
10% retentionOl| A| 6.8, 1%0]| M= 12.5x 2] total prefill speedup= =S

—e
ot

7
=

OFALS H

oNe)
S

| A3k

®)
[

) Prefill Time (ms) .

Method # Token TFLOPs Compression LLM Forward Total Avg. Acc.
Vanilla 6272 48.82 | - 448.0 448.0 (1.0x) I 59.1 (100%)
VidCom?2 627.0 4.17 70.7 53.1 123.8 (3.6x) | 53.6 (90.7%)
PruneVID 628.8 4.18 81.2 53.9 135.1 (3.3x) | 56.8 (96.1%)
VisionZip 640.0 4.26 76.4 56.5 132.9 (3.4x) | 55.8 (94.4%)
FastVID 639.8 4.26 15.3 56.1 T1.4 (6.4x) | 57.7 (97.6%)
KiToke (ours)  627.0 4.17 13.1 53.1 66.2 (6.8x) | 58.2 (98.5%)
VidCom?2 63.5 0.43 70.8 243 95.1 (4.7x) | 42.1(71.2%)
PruneVID 67.2 0.44 81.0 24.5 105.5 (4.2x) | 48.6 (82.2%)
VisionZip 64.0 0.42 76.5 23.9 100.4 (4.5x) | 46.3 (78.3%)
FastVID 62.9 0.41 15.2 237 38.9(11.5x) | 47.6 (80.5%)
KiToke (ours) 62.0 0.41 123 23.6 359 (12.5x) | 52.7 (89.2%)
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Experiments
 Ablation study

% :

- Ablation study

~Merging A|O|, Avaerage pooling=

- Sampling methodOf| €

~ Stochastic sampling method 2| Z
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-+ Pivotal sampling : token 7} &
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Average Performance (%)
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QELt

Z 1t Merging O| Pruning &8 2 R2|3H HS =2

St= A 2L} weighted poolingO| 2|

! O] A, Stochastic samplingO| Top-k 2411 H| W S0 2=
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< Kernel parameter ablation study >
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= 22 8%, 295 ds0| X}
= 240 4%, 25|28 §50| X5
Row Interval Token Merge | MVBench  LongVB  MLVU  VidecoMME  Average
1 X X 519 473 53.6 48.6 50.3
2 X Uniform 51.6 49.1 55.6 495 514
3 X Weighted 519 49.4 56.0 499 51.8
4 Cluster Weighted 518 49.7 56.3 49.7 519
5  FrameSim.  Weighted 519 50.7 56.6 50.0 523
6 Ours Uniform 523 49.8 55.8 50.1 52.0
7 Ours Weighted 525 511 56.9 50.2 527
< Ablation study >
Method | MVBench  LongVB MLVU  VideoMME | Average
Top-K 51.6 49.4 56.0 49.6 51.7
Multinomial Sampling | 52.5 (£0.26) 49.7 (0.51) 56.6 (x038) 50.2 (x0.31) | 52.3 (x0.23)
Pivotal Sampling | 52.6 (£0.25) 51.1(x0.25) 57.0 (£0.29) 50.3 (20.29) | 52.7 (x0.16)

< Sampling method ablation study >
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