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Background

» Video Token Compression

- Visual tokens £ A2 7|2 4 A0l

- Attention-based

- Attention scoreS O| 2l S E7 =

- Diversity-based
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Background

» Video Token Compression

- Attention | Diversity AtO| 2| trade-off
- Attention-based (saliency)
:': Attention score’/| 2 EES 4 EESIHA|TH FASt salient tokenO| Bt 41 EH

- Diversity-based (feature-space coverage)

:': Feature space= =/ CHESI= EE58 EESHX[TL SR EIME EH = U2
-VideoO| M= S € AM = A ZE=0]| et X[, 27|, 0] EetE =+ U=

:': Spatial similarity2F 2 = = temporal correspondence
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1) Fan, Ziyang, et al. "Flashvid: Efficient video large language models via training-free tree-based spatiotemporal token merging." arXiv preprint arXiv:2602.08024 (2026).

Background

» Video Token Compression
- Hybrid-based compression
-EZQ E8E, CHYY S EA 1B
- FlashVIDV [ICLR oral 2026]
-ADTS

-« Attention2 2 HH =l diversity score

Attention and Diversity-based Tree-based Spatiotemporal . Representative Visual Tokens l:‘ Text Tokens i
Token Selection (ADTS) Token Merging (TSTM) !
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Background
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- O| O] X| token compression= EH O, HIC| 22| A| St 552 CiF= A2 =Y
- & Z 2t training-free compression =X MZ CrE 2HE0| A 2ot + & E

* FastVID: Dynamic Density Pruning for Fast Video Large Language Models
- Temporal orderE FX|ot= = H|C|R2LE 58O = segment

- Segment L F 0| A density 7|82t mergingd attention 7| gt selection= Aol AlS 7t
s== MA

* UniComp: Rethinking Video Compression Through Informational Uniqueness
- Attention score L 4! information uniqueness& E& EZ= 7| =2 = XA

- Frame grouping, token budget allocation, spatial compression= oftLt2| 7| =2 = &g
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FastVID: Dynamic Density Pruning for
Fast Video Large Language Models
[Neurips 2025]
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Introduction

* Temporal & Visual Redundancy

- Temporal Context =Xl
-Video LLM2 O Z&i| S &AL = X2
-0 e A5d0| H|E|L O[30 S8
CEY Y M Y o AZS| ME B 2y

-EZ 2 =0|H2t T temporal structure= 7 X| Sl OF &t

Q: How do the players celebrate scoring the ﬁrst goal in this video?

eeling on the field and screaming.
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Introduction

» Temporal & Visual Redundancy
- Visual Context =Xl

-H|C| @ =& ¥} = SAISt visual tokenO| HHE XM O 2 =X
- Uniform Sampling

ES & 2HA 80| &
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1) Shen, Leqj, et al. "Fastvid: Dynamic density pruning for fast video large language models." Advances in Neural Information Processing Systems 38 (2026): 123553-123581.

Introduction

 FastVIDD
» Dynamic Temporal Segmentation (DTS)
-H|=zot A% TS A7 = MO 2 segment
- Density Spatiotemporal Pruning (DSP)
-Segment L§ 2| 55 EZ &F
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Method

* Dynamic Temporal Segmentation (DTS)

- Why Dynamic Temporal Segmentation?
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Method

* Dynamic Temporal Segmentation (DTS)

- Frame global feature

-ZF T 2| ) 2 SFLEQ| global feature ==

7|
=L =
-1 dl

P& Z2f| 19| cosine similarity A4t

t — COS(fL;fL+1); [ = ; F_ 1
«:j:»tl-7fé‘<”:f‘:'._4 o et |
- Segment & A| 41 EH

-S; + Z|lA segment = 22

LR QAR TP W 17 K MEs
328§ = argming._,T (T t; &g
=S, JH 2 Hzt §A
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ﬂ 41 TH8E D

SOGANG UNIVERSITY 12

FO] Z[ 2 c7H 2| segment S

VDS

-
‘D
m



Method

 Density Spatiotemporal Pruning (STPrune)
- Attention-based Token Selection, ATS

E3tE2e YR Yl M
-2 K| A salient detail EE
- Attention score’| == E22 mergingotX| E11 FX|
- Density-based Token Merging, DTM
-FASED BHEXOI EE2E A EF0| B
-Segment2| M| A 2! visual context 2 &
« STPrune
-DTM2 2 5= YEE HLOLL, ATSE ol 58 =

- Token mergingd} token selectiong 2t7Hl ALE
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Method

 Density-based Token Merging, DTM

= Density-based Anchor Token Selection

-2t anchor frame LHE A CHEXCl EZ MEH
_EY% HjZ E20 HEN O HEELE B WX

— L |

-HEdia HEdE A0 &= EE IH

—

= Local Density p;
-E2 ZE0| SAISH £20| Y0jLt BO| EXYBHEX|
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1
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Method

 Density-based Token Merging, DTM

- Distance to Higher-density Token §;
-E2 07t H B =2 E20 SO B0 (U

-8; = gnln d(vi,v)) (0 2 =2 EZ0| A= 8
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Method

 Density-based Token Merging, DTM

- Anchor Token 41 EH
-Score(v;) = p;6;
FHERS T OE (1)
Het S0l +2E (5 1)

e S
- B3It =2 EZ 2 anchor token2 = M EH
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Method

» Similarity-based Assignment & Anchor-centric Aggregation

- Similarity-based Assignment
-Segment0f &= 2 E TS| EE

-2t EZ8 TR @ AFSE anchor tokenO|
- Cosine similarity 7| &

= Anchor-centric Aggregation
- Anchor2| ?|X| SE& 7 X|SIHA merging L1
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Similarity-based Assignment Anchor-centric Aggregation

I)ensity-based Token Merging (ours)

<Similarity-based Assignment & Anchor-centric Aggregation>
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Experiments

» Comparison results
- LLaVA-OneVision
~9.7% token retentionO| M &l & &-52| 98.0% =X
- LLaVA-Video
~9.5% token retentionO| M &l & &-52| 94.7% FX|
- Qwen2-VL

- 9F 24.99%, token retentionOf| A| &2 H-52] 96.2% FX|

Retention  # Newline . . LongVideo VideoMME Avg. Acc.
Methiod RatioR  Tokens 1TLOPS™ | MVBench Bench MLVU —tverallShort ~Long | Score %
_ Vanilla 100% 832 1032 60.4 59.6 703 641 769 534 | 636 100
Method R;:f;g';",“ TFLOPs | MVBench LDI';EI“’;E“ MLVU Sho‘:dm-‘&hﬁum Tong Sg‘;ﬁ- ACf&- DyCoke [41]cver2s 32.1% 256 27.1 593 57.9 657  61.6 746 SI.1 | 61.1 961
) 2 A ) ! t ! ) FastV [6]ecovas 100%/25%  832/568.7 292 580 583 639 610 713 510 | 60.3 948
o~ i~ o~ ~] ~3 )~60mi
DTS 1| s | Sholbinn | IREVDD oA | SREN | & it VisionZip [5llcverzs | 24.9% 64 19.5 56.4 54.1 62.1 586 663 512 | 578 909

— LVH[TI\I\“ 1'90;; ﬁﬁ gg‘;‘ 222 g§f :g? gg? 222 igg gzz ,)l‘_lfl; VisionZip* [51]cypre2s 24.9% 64 19.5 583 583 66.6 619 733 522 | 615 967

yLoke ICVPR'25 320 213 = 204 = . - 20. 0. a - ‘Coke SRR 259 2 20. 50. 53.1 .9 56. 5. 9 542 5.2

FastV [6lpccvas T00%/25% 1345 537 355 (] 562 80 36 6.0 570 06.1 DyCoke [41]cypre2s D% 08 L 0.8 30 20 ol 038 483 | 212 @

T FastVID 24.9% 64 19.5 593 583 677 626 749 520 | 620 975
VisionZip [ |eypezs 25% 1073 537 512 58.5 541 61.6 534 472 544 917 FastVID S ey 5 209 piat 686 636 749 537 | 624 981
VisionZip® [3] Jovprs 256% 1073 6.6 557 648 580 686 517 477 588 99.1 L il 24 : 24 & S8 - £ - 3
DyCoke [41cvms 5 1073 195 81 558 510 oLl 186 s 511 862 FastV [6]gcevas 100%/10%  832/311.8 162 558 554 580 579 676 486 | 570 896

FastVID 25% 10.73 56.5 56.3 64.1 58.0 69.9 56.6 47.7 587 99.0 VisionZip [S1]cver-2s 9.5% 64 7.3 46.3 46.6 52.2 49.5 542 443 | 487 766

FastV [6lrcovas T00%720%  11.38 531 6.6 612 6.2 68 536 72 570961 VisionZip® [51]cver'2s 9.5% 64 73 56.6 536 617 587 676 50.1 | 577 907
VisionZip [5lcver:2s 19.9% 8.46 530 50.0 571 53.0 60.8 510 471 533 900 FastVID* 9.5% 64 7.3 583 56.2 639 596 709 507 | 595 936
VisionZip” [1]everas | 19.9% 8.46 55.8 55.4 64.2 58.0 68.6 510 483 | 584 985 FastVID 9.5% 508.2 10.5 585 56.5 649 607 717 512 | 602 947

FastVID 19.9% 846 56.3 57.1 63.9 57.9 69.3 56.7 417 588 99.1
FastV [6]gccvas 100%/15%  9.35 532 549 508 547 65.1 534 457 557 030 .
VisionZip |51 |everezs 14.8% 6.23 503 46.9 544 495 558 49.3 433 503 848 _
VisionZip® [51 evprzs 14.8% 6.23 543 539 63.1 555 63.0 54.4 49.1 567 956 <LL3VA VldeO>
FastVID 14.8% 6.23 56.0 56.2 63.2 57 69.3 56.2 474 583 983
FastV [6Jecov s 100%/10%  7.36 517 521 577 524 609 HE 150 535 902 ) .
VisionZip [5 | |evpreas 9.7% 404 144 435 515 460 50.4 158 418 164 783 -
VisionZip* [51Joveras | 9.7% 104 517 483 597 528 594 520 169 531 896 Method # Token TFLOPs \ VideoMME
PruneVID® [16]acras 10.1% 4.23 542 538 623 55.9 66.4 529 48.3 566 954 { Short  Medium  Long Overall
FastVID 9.7% 404 559 56.3 62.7 573 67.4 56.0 486 | 581 980
PruneVID [16]acias | 10.1%/3.9% 258 4.1 518 62.3 35.5 67.1 518 417 559 943 Vanilla ‘ 13447.1 100% | 1240  100% ‘ 74.1 60.4 543  63.0 100%
FastVID+FastV [6] | 9.T%/3.6% 247 550 53.6 61.9 56.3 66.1 548 48.1 567 956 FastV [6lpccyas 3437133618 100%5% | 313 253% Out of Memory
. VisionZip* [51]cvpras 33493 24.9% 241 194% | 709 563 483 585 92.9%
<LLaVA-OneVision> PruneVID* [16]acr:as 3460.6 257% | 250 20.1% | 667 540 481 563 89.4%
FastVID 3349.3 24.9% 24,1 194% | 72.7 58.3 50.7 60.6 96.2%
<Qwen2-VL>
" VDS
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UniComp: Rethinking Video Compression Through
Informational Uniqueness
[CVPR 2026]
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1) Yuan, Chao, et al. "Unicomp: Rethinking video compression through informational uniqueness." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2026.

Introduction

 Information Uniqueness

- Attention-based Compression2| 2+

- Attention score’| &= salient tokens M E&E
- 2| & OtC} 3 AFSH salient tokenO| HHE- 41 EH

- X|2tEl token budgetO| 5= HEO| &=

- UniComp!

-CIE token2 2 2 & 753t HE — redundant information
-CH2 token2 2 CHA|St7| 0{ 212 "E E — unique information

-FCE FY

J|E2L), BEO LN 7tsdE 7=l E &=

L l
¥ I

miss info C°$°92
® Q: What are the colors of the
three cups from left to right:
diverse o0 U
redundancy ‘ v
x \/

Attention-based

VisionZip: The colors

Uniqueness-based

UniComp: The colors of

of the three cups are the three cups from left
silver, green, and black. to right are white, beige,
and green.

SOGANG UNIVERSITY 20
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Introduction

e UniComp Overview

- Information Uniqueness-driven Compression

~HOoO + _I'|

- FrameX} token2| &= StLI2 uniqueness criterion2 =2 S
-Frame Group Fusion (FGF)
A E O 2 S5 El frame= semantic group2L £ 8
-Token Allocation (TA)
' Frame uniquenessO|| [F2} 2 K| token budget= XS Hil =
- Spatial Dynamic Compression (SDC)

- Unique token= 41 E#5t 11 =8 redundant token= EHel

Spatial Dynamic Compression
ion

Frame Group Fusion

doig

=
S 3
= [
s
Iy L5 g
w0 o

S
8
SHE
o n

DIDBIEIBIBIB GBI Gl

” A e K-k <UniComp pipeline>
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Method

 Information Uniqueness

= Pairwise Information Uniqueness

- & token AFO| 2| cosine distance = uniqueness 3 2|

-FAMEZL 2255 22 uniqueness
-C}Z tokent T+E & =5 =2 uniqueness

U =1 — ———
< Uij llcill 2|21,

- Token-level Uniqueness
- Token x; 2F T A token AFO|2| H+ uniqueness
-E=2U; » L2 token2 2 CHASH| 022 HE
-HF2U; - TH tokent SEE[= ZE

1 oN 1 oN xiij

U =S lj=w =1 -+ I= il 1251,

g ST .
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Method

* Optimization Objective
= Ideal Objective
- 173 &l token budget KO| A TH| BEEZ 7[E & EES|= subset S A1 EH
- MEREl tokenTH 2 2 22 token HEE X|CHo S &
~Information loss& conditional entropy = H
S =argminH(X|S)
- Practical Approximation
-Conditional entropyS & A|4totdl [ X 3t5t7|= O 7|0 Tzt
;: L2 E24) B| =S OfM| 7hsot, CHE E24F Ch=H OfAM|SH7| O Z Lt
-Token 7! cosine distance= information uniqueness. = Al-&

-Uniqueness/} =& token E&

- MZE G ASt token redundant token 2 £ THEHSHO] B et
XT.X"
U lcill 2|21,

S
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Method

* Frame Group Fusion (FGF)

» Temporal Redundancy Compression
-2} frame2| visual token= average pooling®t 0| global feature ‘4
-H|E|RE A[ZF &=ACH Z sequential scan
- AKX framet XY group2| A representative frame H| 1
-Uniqueness”} threshold 2CF H O M Z Y groupd| £
-X}0|7} 3™ M 22 semantic group -3

32 frames RVPRVER S ik .’ H f!n )

Frame Group
Fusion
13 frames

ﬂ 41 TH8E D

SOGANG UNIVERSITY 24

.I




Method

» Token Allocation (TA)

. Uniqueness—aware Token Budget Allocation

-FGF 0|2 &2 representative frame 7t global uniqueness Al At
~CHE framedt T EE| & frameOf| O B2 token &Y
-SEE7t &2 frame0l= 2 token T

- ™A token == TOKEN, ., = 173

Frame Group

Fusion
13 frames
60
Token
Allocation 50
40
1 5 6 8 12 14 18 22 28 29 30 31 32
<TA>
R AW THEE D VDS
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Method

 Spatial Dynamic Compression (SDC)

- Frame-wise Spatial Compression
-2} frame LHS O] A token-level uniqueness Al At
- ViT OFX[ S} attention layer2| Key feature At-E
- Uniqueness”/} &2 token? E{ representative token 2 2 41 EH
- 7 Aret = token M| SHA| 10 representative tokenOfl merging

~Frame'# budget K, 0| == St selection &

Spatial
Dynamic
Compression
<SDC>
Bondka VDS
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Experiments

» Comparison results
- LLaVA-OneVision
- LLaVA-Video
- Eagle2.5

Method Short Setting Long Setting
F/R LVB MLVU| F/R LVB MLVU
Method Frames/Retain Ratio | LongVideoBench EgoSchema MLVU VideoMME | Avg. Acc (%) VisionZip 64f/10% 52.2 62.7 256f125% 57.2 70.1
Vanilla 32/ 100% | 56.3 60.4 64.7 584 | 5995 1000 HoliTom 64{/10% 54.8 63.3 |256f/25% 573 69.8
FastV [3] gcovas 32f/25% 56.4 60.4 61.5 56.1 58.60 97.7 UniComp 64f/10% 56.2 65.5 |256f/25% 58.8 71.0
Pdrop [35] cvpreas 32f/25% 56.7 58.0 - 56.4 - -
ey‘C"kZCT‘”I CVPR2S 353323 gg-g 233 22-;‘ g;;‘ 2382 ]9026% VisionZip 64f/25% 56.3 65.6 |320f/20% 56.6 70.2
P Dl oveess 32 25% 3 %y @8 B2 9% 10 HoliTom 64f/25% 57.5 66.6 |320620% OOM OOM
FastVid [75] seurtps- 32f125% 56.3 59.3 64.1 58.0 5943 99.1 i
H‘:;IliTz)ml {_IllNhlﬁfszs 32f/25% 56.7 61.2 64.7 58.6 60.30  100.6 UniComp 64f/25% 580 669 |320620% 579 70.3
UniComp 32(/25% 57.6 61.6 65.0 58.9 60.78 1014 i
VisionZip [37] cverzs 32f/20% 55.2 59.8 64.2 57.9 59.28 989 <LLaVA-Video>
o WIS 3981 20% i 323 63.9 59 |so0 odo
FastVid [25] sewrps: 3261 20% . 58.3 3. 9 ) X . .
H‘:)ﬁT:)mI—[T_IJJNMiﬁfZE 3561 30% 571 610 035 586 | 60.05 1002 Method  Frames/Retain | All Short Medium Long
UniComp 32f/20% 577 611 64.4 58.7 60.48  100.9 -
VisionZip [37] cvwas 3207 15% 544 598 631 S6.1 (5835 973 Vanilla 641/100% [689 806 671 391
Pt | e Dot/ 13% S0 27 @2 By |wes oaa VisionZip  128f/50% |67.8 789 651 594
HoliTom [24] neurips 25 320/ 15% 56.4 61.2 62.9 57.3 5945 99.2 HoliTom* 128f / 50% 684 81.0 65.4 58.9
UniComp 32f/15% 574 60.9 64.3 584 60.25  100.5 UmComp 128F/50% 70.1 81.4 69.0 59.8
VisionZip [37] cverias 326/ 10% 493 58.0 59.7 53.4 55.10 919
gmpg,‘éif,l}]-‘l AcL2s ;g” :gpf ggj' ;§§ g%}; ;9,‘{ 23(},; 3;2 VisionZip 256f/25% 66.3 76.0 64.0 58.9
astvid | 25| Neurlps'25 o . .3 2. - 28, - : £
HoliTom [24] Neutps'2s 32f /106 56.3 61.2 61.3 56.8 5890 982 HOl_lTUmT 256£/25% | 679 78.7 65.4 59.4
UniComp 32f/10% 57.6 60.5 63.1 58.0 5080 99.7 UniComp  256f/25% |704 80.8 69.7 60.8
<LLaVA-OneVision> Visi_onZip 512f/12.5% |65.0 729 62.9 59.2
VA-O HoliTom*  512f/12.5% |67.4 779 654 589
UniComp 512f/12.5% |70.7 80.3 69.3 62.4

<Eagle2.5>
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