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VLM Inference Bottleneck and Visual Token Redundancy

« VLM Inference Bottleneck

- Transformer2| quadratic complexity

- Self-attention H4tEf = 25 E2 2| H& 0| B|d[of Lot = O|O|X|L} HIC|E B2 Z &= [ bottleneck o 2}
- KV cache overhead

- A4 EZ0| BEE245= KV cache/| KHA|St= | 22| 8 7F=0| =0tX throughputO| A S}=
- Prompt length

-LLMO| =& 7}5 ¢t context window LHO| A] A2y EZ 0| Xt X|5h= H|SO| L F HX|H S &S promptS X 2|5H7| 0=

Language Response X, 9%
Language Model Vlcuna

Projection or MLP H,
Tokenlzer Previous
Vision Encoder | Response
(e.g. ResNet, ViT) X, Image X, Language Instruction

W 6.{ ')6- ) 3_!: 2 VLM Framework (LLaVA) |
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VLM Inference Bottleneck and Visual Token Redundancy

* Visual Token Redundancy
- Spatial redundancy

-0[O| X| 2| 21Tt patch& = 7 ATt feature vectors 7t 2= patch/F D-72F Q&S 7HA[10 UX| A=
- Temporal redundancy
-H[L| 29| 3% ATt o) Zte| Betvt H0| 54 SFO|L AN 7 o2 Z2| 0 28 552l 2 MS

—

- Semantic density

_EHIAE EZ0| HB| A|ZL EZS A K75 = AN A QI context FX| 7t
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Token Compression Methods

 Before-LLLM vs. Inner-LLLM

E.g. Visionzip
- Before-LLM (Vision-based) = =
- Vision encoder 2 22 L= LML E MY T = projector THA O A SEt f_..; %
- = OO MA| 2| visual feature Th= = 11 redundancy | A < _'E B —
-LLME| & HIW layerF H token =7t 20 = JENO|7| Ij =0 82 21017t K& B S -

-Text queryS 27| 0| = E[7| I Z | query-agnosticO| 2 1= &
» Inner-LLM (Text-based)

-LLMO| L& intermediate layerOl| A| =&t Text-Based E.g. FastV

- Attention & LLM L FO0|M HAE EZ0} A EZ0| 2 4E0H ZUtE AHE S
HESEZS '-_—&IIOE)HEH L L}

Before-LIL.M

- —r b - . I
-G MY NoR Lot WL E el MY It = R W :
o o o 2 [
-Text query= 1St =M E|7] L= 0 query-aware2t 1 &t g - r -
= . +
. =
After-LI.M
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Token Compression Methods

* Pruning vs. Merging

- Token pruning
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FlashVID: Efficient Video Large Language Models via Training-free
Tree-based Spatiotemporal Token Merging!
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Introduction

 Motivation

7| = VLLM acceleration & 4] 2 H| C| 2 O| spatiotemporal correlation= & &=0| BFES

CVLLMS % JHo] TRy QoA eSS BiTh3 A2t E22 K 2|5f0f &
- LLM L F 2| self-attentiondf KV cache AFE S =S A|7|= 2°0I0| Z

- 7| & ' A2 spatial &

| temporal ARl = =& N2|5t7| W20 H|C| 2 §|O|E 7} 7t %l spatiotemporal correlation=

'« Spatial compression: Z 2| & L& 2| redundancy Tt | H

:': Temporal compression: 578 Z2{| 1= samplingoll |/
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(a) Number of merged tokens per frame with TSTM (orange) and TTM (blue)

under the same threshold, with average merging similarity differences be-
tween TSTM and TTM shown in green.
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Introduction

 Motivation

2

- 5| ¢F 0| 5St= AKX S 22{2t spatiotemporal S &

-H|C| 22| dynamic &
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Similarities Difference

(a) Number of merged tokens per frame with TSTM (orange) and TTM (blue)
under the same threshold, with average merging similarity differences be-

Frame Index

tween TSTM and TTM shown in green.
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Introduction

* FlashVID
UK ZR3 AL selectdt T 1 LS QAR HES HISH O 2 mergingdhs 2-stage H &
- ADTS (Attention and Diversity-based Token Selection)
;' H|E| 2 9| raw features= noisyotd Hi 4 & 52 =
s ERA 4 ZE| /oA 7Y THEE e EE2= FU82
2:TSTM EHHAIZ EO77| M E8E BV =2 E =
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(b) Process more video frames (c) FlashVID achieves SOTA performance

Performance of FlashVID
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Methodology

 FlashVID Overview
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- ADTSE €9l informative and diverse?t £
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Methodology

e ADTS
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Methodology

« ADTS
« Step 2: Importance calibration (2/2)

- Event relevance calibration S
e
Attention and Diversity-based

oG EF0| H|C| 22| M| & Ol context2f LOFLE 22 0| /=X =X|=} Token Selection (ADTS)
'+ f, = GAP(E,) € RF*4 (GAP: Global Average Pooling) __-"-_ii
— *
4 ES0 =Y A E e RAIEE ALSH S, AFE - Seleat
= 1 wF T . ExN ir Calibrated Distance Matrices E
'i,:“Se:; i:1(Ev'fv ): il ER Y E E
- Step 3: Calibrated MMDP optimization : |
- Diversity (D el importance (Apcrsy, 53)5 225l MMDP2 solution Al 4t ; |
;' NP-hard =Xl 2l MMDPE& Greedy algorithm= A& Sl approximate solution == Sl
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Methodology

 TSTM
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Tree-based Spatiotemporal
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Methodology

« TSTM
. Step 1: Spatiotemporal redundancy tree -3 (2/2)

- A &HE similarity matrixE HFE 2 2 tree &
Tree-based Spatiotemporal

iE--” (I):! f9-| 7_Il- EE'O-” I:-IOH le-l L E'-” 2 O-”A-l 7|_ PSR A|_57|_ % E% p* EEII-A_II-I Token Merging (TSTM)
p* « argmax Slm(r D) || | 2| i
peR(f-1) +
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-O|If B3| 71 H| =Tt A= AASt= AO| OfL| 2t FALE 4L0| AFH Ho| = - Spatiotronl Rakidanoy T
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Methodology

 TSTM

- Step 2: Spatiotemporal redundancy compression

-Tree/t +FE F StLEC  treelf| FQ EZE=2 €2 HEE 71T A2 2 2HF0H merging T
S

Tree-based Spatiotemporal

2 2 tree0f] Z&HEl 2 = E 2 =2 mean pooling2 = aggregatedff StLIS| LHE EFC = HEt Token Merging (TSTM)

5 treel]| o 2= EE HIEZ2| 42 E token merging T L

:: O| & Sofl ZtE 7} OFH feature similaritys 7| =22 HHE =432 E|A3I6IHM &= Aggj;gatc
HNNOZ O3 EYUN ZH SHOIE BY AN O 202 RO UL HE [ i 1 |
TSTME i Ct SfLIO| O E E2 02 o= ;

WRNE TR

e Tree 22| & A %
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o
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Experiments

Method Rl;;::}ti;n VideoMME EgoSchema Lugg':zﬁm MVBench Avg,
~ Short Medium Long Overall Subset Total Score Rel. Acc (%)
LLaVA-OneVision Retention VideoMME EgoSchema LongVideo Avg,
Vanilla 100% 69.9 567 489 585 622 603 566 583 584 1000 Method "o o R , Bench M YBench
FastV 681 s47 168 565 604 578 554 S6.d 6.5 96.7 Short Medium Long Ovwerall Subset Total Score Rel. Acc (%)
VisionZip 68.8 573 48.2 581 63.0 604 56.4 578 58.2 a99.7 Vanilla 100% 72.6 61.4 499 61.3 60.2 583 58.9 68.0 6l.6 100.0
PruneVID 25% 67.3 54.8 47.2 564 61.0 58.1 554 56.8 56.7 97.1 FastV 69.4 57.0 51.2 59.2 00.2 571 54.2 066.8 59.3 96.3
FastVID 69.9 56.3 474 579 61.2 595 55.9 58.1 57.8 99.0 VisionZip 20% 69.6 57.2  50.2 390 58.6 566 36.3 6.4 59.6 06.8
FlashVID 71.2 570 493 592 634 604 56.8 58.0 58.6 100.3 FastVID 69.9 56.3 49,7  58.6 57.2 564 57.8 64.7 59.4 06.4
FastV 66.3 539 469 557 606 57.6 56.0 56.0 56.3 06.4 FlashVID 70.4 58.6 49.7  59.6 59.2 568 58.1 66.5 60.2 97.7
VisionZip 68.6 570 483 38.0 62.0 o600 554 57.6 577 8.8 FastV 63.7 54.7 49.3 559 586 549 51.1 63.6 57.3 91.6
PruneVID 209 67.2 539 48.2 564 632 60.2 55.2 56.2 57.0 97.6 VisionZip L0% 67.0 .7 476 564 55.8 555 54.5 64.3 57.7 93.7
FastVID 69.9 56.3 474 579 61.2 595 5359 58.1 57.9 | FastVID 66.3 536 490 563 56.0 556 554 62.3 5374 932
FlashVID 70.1 554 48.9 58.2 63.0 60.1 58.5 58.2 58.7 100.5 FlashVID 08.1 547 4940 573 574 559 57.1 65.5 58.9 95.6
FastV 6d.6 540 453 5346 598  56.6 54.8 35.0 55.2 04.5
VisionZip 15% 63.8 54.6 483  55.6 62.8  60.0 54.1 335 55.8 05.5 Comparison on QWCHZ.S-VL
FastVID 69.7 558 477 5717 588 589 56.7 58.2 57.9 99.1
PruneVID 67.2 52.8 46.7  56.1 6l.6 577 54.5 55.1 55.7 95.4
FlashVID 69.6 56.0 489 58.2 628 604 57.5 57.9 58.5 100.2
FastV 60.9 52.2 449 527 59.0 560 524 534 53.6 91.8
VisionZip 6.3 529 46.7 53.3 6l.6 585 494 54.8 54.0 92.5
PruneVID 10% 65.9 52.8 45.6 547 60.0 572 54.0 537 54.9 94.0
FastVID 68.1 557 478 57.2 S5B.B 587 55.7 57.0 57.1 97.8 - — — -
FlashVID 673 571 490 578 624 60.0 565 574 579 991 Method Retention o pg Vision Prefilling Time TTFT Ave.
Ratio It Encoding Compression LLM Forward Total Score Rel. Acc (%)
LLaVA-Video
Vanilla 100 77.0 621 533 /4.2 504 573 305 61.9 60.7 100.0 Vanilla 100%: 113.4 T85.0 - 1220.8 12208 (1.0=) 20058 (1.0=x) 589 100.0
FastV 693 583 499 5972 548 541 56.0 58 4 56.0 937 FastVID 25% 22.4 T85.0 28.6 273.2 301840y 10868 (1.8x) 58.0 98.5
VisionZip 0% 723 506 533 617 500 56.4 58.0 50 8 59.0) 972 FlashVID 10%% 8.6 T85.0 6.2 1331 193.3(6.3x) 978.3(2.1=x) 584 99.1
FastVID 74.6 60.8 523  62.6 57.0 55.0 57.1 60.2 58.7 96.7
FlashVID 74.1 600 523 622 584 5604 58.7 598 59.3 97.7 Efﬁciencv of FlashVID on LLaVA-OneVision
FastV 64.3 53.8 492 558 0.6 51.1 33.6 56.2 54.2 89.3
VisionZip 10% 69.4 57.9 51.2 395 544 539 54.5 58.5 536.6 03.2
FastVID 71.8 57.3 50.2  59.8 548 524 56.9 59.3 57.1 a4.1
FlashVID 72.2 59.1 51.2 609 572 549 57.7 593 58.2 95.9

Comparison on LL.aVA-OneVision and LLaVA-Video
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(a) LLaVA-OneVision with and without FlashVID (Example 1)

5 4

=
«
1K
=

g "Mm . ‘uv Question: What kind of communication is listed before Semaphore?
- ' ; cr Ml a | = T L LLaVA-OneVision C. Telegraph. ¥
‘Wig‘ l«= m w‘#fi'r - gs-- LLaVA-OneVision w/ FlashVID D. Pony express. «
T E 1l - / Flas ). Y express.
o
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(a) Visualization of TSTM (Example 1)

Question: What are the moves in the last scene of this dance?
LLaVA-OneVision B. Passe and then chasse x
LLaVA-OneVision w/ FlashVID A. Kneel down on one knee and lean back. V

(b) LLaVA-OneVision with and without FlashVID (Example 2)

i o1 =R " bl & |
| N — f: | e \ s :
= N o S A = A e

Question: Who fight versus the black dinosaur at last?

LLaVA-OneVision C. A King Kong. x

L]

.'1\‘:‘ . ;‘ .‘
). WRL Tl

LLaVA-OneVision w/ FlashVID D. A dragon V

=5 AndEunaum

(c) LLaVA-OneVision with and without FlashVID (Example 3)

5

R, 2

—

Question: which smart phone is advertised on the screen of the laptop?

LLaVA-OneVision B. iPhone 14 Pro. x
i
j"— LLaVA-OneVision w/ FlashVID D. iPhone 6s. \/
(c) Visualization of TSTM (Example 3) (d) LLaVA-OneVision with and without FlashVID (Example 4)
Visualizations of TSTM Qualitative Comparisons
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Introduction

 Motivation

7|Z VLM token pruning H'EHE2 VQA taskO| M= &2 5= EO|X|BF VG taskO| Al = 50| =254

-off Q= EA5t7| 25l empirical analysis T

- VQAT= 0|0 X[ 2] semantic Y2 E EHRE SHX|Bt vG= EZ 7t9| spatial integrity 7| E =

Avg Tokens Method Refcoco-test Refcoco+-testA Refcoco+-testB  Refcocog-test

- Simple baselines versus advanced pruning methods
576 LLaVA 58.30 59.43 38.88 48.50
= b} EH ML = 4Ol

7| E pruning 'S £ VG taskOf| A 2 s Xot& E¢ FastV 10.34 8.53 9.83 8.87
: o C E2 452 o e ——

(@) 1s10n£1p . . . .
20|29 average poolingO| & E2 d5= £ & Pooling 23.01 24.37 15.04 19.69
= : = L @) -+ = FastV 2.73 1.17 1.02 2.19
Poohng g O| Spatlal tOpOIOgyE O'l 78 H ‘I‘I'Xl 0}7 | [[H?_— 64 Sparse VLM 1.04 0.96 1.28 0.61
VisionZip 4.04 3.73 3.86 3.38
Pooling 12.01 12.20 7.55 11.40

Comparison on RefCOCQO series, LLLaVA1.5-7B

Finding 1 Advanced pruning methods provide limited benefits over simple baselines on VQA
tasks, whereas all methods suffer systematic degradation on grounding tasks, with average pool-

ing achieving the best performance.
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Introduction

* Motivation
« 7| & VLM token pruning & 8l &2 VQA taskO| M= T2 5= EO[X|T VG taskO| M= d50| 2=
- Unveiling task-dependent visual processing pipeline

- Attention flow2} gradient &4
s O] answerE decoding® [l OFX|2 EZ0[ A EEE0| Ot HSSH=A] A4t

'« EF=ot attention mapte Tt OFL| 2} gradient-weighted attention= AFEoH &N 21} 0| 50| 7|Got= S & Efgf
O:I 7| M gradient= S lLM| s AlLtEl= 2T =5 20| Tt 57 layer?| attention map2| gradient 4
= Mid layerOl| Al VG task2| 8% gradient-weighted attentionO| &5 5t= BIH VQA taskOl| Al = B8 H 2 O|EL 7| &
Lastto-Vision  Vision-to-Vision  Text-to-Vision Last-to-Text

0.
e | e YTUA e Y e WU,

i

' 045
07 1 0.4

M\.lrumodal

06 ! i 035
0.5 i 3
04 | ':':

1 ;
0.3

] 0.15
0.2 : [¥1
[N .05
[] ! 0

357 9 1131517192123 25 n 1357 9111315171921 3

0.5

e e WA

Attn o
Flow -

19212325271 49 N

Grad !
Attn s

(BRERERRER 0CCCCRC R

]
12123252729 N

1921 23 2527 29 N

9 11131517
(a)

R é.‘ 24 CH 6'; o Attention Flow and Gradient Analysis on LLaVA1.5-7B @DSL
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Introduction

 Motivation

7| & VLM token pruning B HE2 VQA taskH| M= £2 g2 EO|X| 2 VG taskO| A= d 50| &2t

=
- Unveiling task-dependent visual processing pipeline H(v;) = — fp(vjm) log, p(vy[v).  VAE = —1— ZN: H(v,)
-VAER} OCCE &8¢ STH X & &4 | oce(©) = Vol
.= Visual Attention Entropy (VAE) Rl
v A2} attentionO| globalot Al A UA=X[ (F2 ) 2 localet FHO| HSE[O U=X] (2 ) =KX=t
vViT Q12 9| layer/7} A EFF VAEZ} &4, = X8 globalityE 1 2{StC} M Xt fine-grained feature === T2t

' Object-Centric Cohesion (OCC)
vEZS0] 24X GT ANt LOfL EX=XE IoUZ %’Ha X

= O | B VIT-VAE
e Vision Encoder : LLM Decoder koAl
K C) — — |_ K (e ‘ i Boundary —
vO|= 22 0| SEFE 0| A object- levelo| representations &3 oHCt= S A i | T e
o S
Ve : . . T : ~\ o/ . ¥ . , .
Finding 2 Visual processing in VLMs unfolds through a multi-stage pipeline, progressing from Ny 2 | > Sl .
global semantic integration to fine-grained object-centric focus, with task-specific reliance on VE JGEEEEL____JdEEEE-.
vision tokens. Grounding tasks require heightened visual integration during middle stages for CELELEF PSSP
\Epatial reasoning, in contrast to the reduced demands in image understanding tasks. y. Layer-wise Analysis of VAE and OCC on
LLaVA1.5-7B
R HE LD &: uDsL
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1) YANG, Sengqiao, et al. Visionzip: Longer is better but not necessary in vision language models. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 19792-19802.
2) CHEN, Liang, et al. An image is worth 1/2 tokens after layer 2: Plug-and-play inference acceleration for large vision-language models. In: European Conference on Computer Vision. Cham: Springer Nature Switzerland, 2024. p. 19-35.
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. 7| VLM token pruning 4 B2 VQA taskOl A1 = £ 452 2O|X|BH VG taskO A= 450 S

- Reconstructing the global reference frame
;= 7| & pruning & &= 0| 2ff spatial @ 2 = 2| &=5t=X| positional embedding (PE) X 2| &4/ 9| ZtM Of| A F 4
- Pruning A| PEQ| 37}X| &
::: PERC (Position Embedding Range Compression) e.g., VisionZip"
vPruning & H= EE=2= |78 K7HA| CHA| mappingoll &= G@EHo = Y=

v7|ZE global ZtHA & 2t &4

:': PESP (Position Embedding Sparse Preservation) e.g., FastV?
e EZE0| Q2 7bX| D UE Hf /X AHAZ Qi 2 §X)

vZE AN = E2SHK] B sparse®t & Bl 7t E[ O spatial continuity 7} 771 &

&)
° v missing

;' RPME (Relative Position Mapping Extension) — proposed 7 :
Jete E2S0| ATiE Ol 2|2 QXIS A 0|2 FA| 0|0|X| 27of T
OFA| linear mappingolf 2k% .
v7i & AiX[= histogram eqalizationO| 2 = Aot global frame= = & Of Different PE Strategies

DEo| 00X MH B7tAS =g
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 Motivation

7|Z VLM token pruning &

I:II-H-I

- Reconstructing the global reference frame

E2 VOA taskO| A= 2

A
o

s= 20[4]

OF

VG taskH Al = %

= QX —
LHEM Ol 7| & HHZ 0Ol visionZip (PERC &A1)t Fastv (PESP & AN 0f| |2t RPMEE M4l ds =
CALS =0l & = Ol 5L = o H=
A i d50| FAE[= A2 = QI5H spatial continuityE = & ot= A 0| VG task0l| ==0| 2= 43
Refcoco Refcoco Refcoco+ Refcoco+ Refcoco+ Refcocog Refcocog -
Method -test -val -testA -testB -val -test -val GQA MMB ¥Qavl MME
Vanilla 5830 56.42 59.43 38.88 46.32 48.50 48.82 61.9 64.7 78.5 1862
Average 64 Tokens
VisionZip-fix ~ 11.57 (+7.53) 10.50 (+6.69) 27 (+5.54) 7.57 (+#3.71) 8.62(+5.12) 8.19 (+4.81) 831 (+5.10) 556(+0.5) 618(+1.7) 706(-1.8) 1700(+10)
Fastv-fix 452 (+1.79) 4.11 (+2.10) B4 (+2.67) 275(+1.73) 4.31 (+1.90) 4.17 (+1.98) 422(+2.21) 462(+0.1) 478(-0.2) 541(-09) 1247 (-8)
Pooling 12.01 11.84 12.20 71.55 10.50 11.40 0.85 - - - -
Average 128 Tokens
VisionZip-fix 21.39 (+16.90) 21.04 (+16.93) 1996 (+15.90) 13.45(+8.59) 16.10(+12.22) 15.69 (+12.19) 1552 (+12.04) 58.5(+0.9) 63.4(+1.4) 743(-1.3) 1751 (-10)
Fastv-fix 13.41 (+3.07) 13.24 (+3.11) 11.69 (+3.16) 1229 (+2.46) 14.55 (+3.31) 12.02 (+3.15) 11.87 (+3.45) 513(+0.8) 57.7(+1.6) 603(-1.5) 1494 (+4)
Pooling 2301 2267 24.37 15.04 17.88 19.69 19.03 - - - -

R AW CHEE

SOGANG UNIVERSITY

Position Reconstruction Experiment Analysis on LL.aVA1.5-7B

Finding 3 The degradation of VLMs on grounding tasks 1s principally driven by the loss of Global
Spatial Reference Frame within token pruning strategies, which can be restored by preserving
global position embedding.
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- Attention blocking experiment
:LLaVA-1.57B 2 29| layerE 4tHA 2 LIF+=10

vVision-to-vision: A|Zf EZ7]|2|9| AT AtE

vLast-to-vision: OFA|8F

vText-to-vision: EIAE EZO| A|ZFEZ

R AW CHEE

SOGANG UNIVERSITY

E2 VOA taskO| A= 2

prediction EZ0| A|Zf E

M=o

O o=

HO|X| 2t VG taskO| Al =

Z X £ block

SHE
N=

Vision to Vision Text to Vision Last to Vision
Bi?l{;rl;id GQA MMB Refcoco-test | GQA MMB Refcoco-test | GQA MMB  Refcoco-test
Original | 61.9 64.7 58.30 61.9 64.7 58.30 61.9 64.7 58.30
0-7 60.5 61.62 18.17 3938 51.63 54.75 62.55 64.26 57.85
8-15 552 57.98 2.64 5332  46.39 14.11 62.47 64.08 2.01
16-23 | 58.44 62.37 19.27 61.04 62.45 15.94 61.32 64.26 64.52
24-31 58.81 62.37 19.31 61.12 63.05 15.08 62.12  64.17 59.10

Attention Blocking Experiments on L1.aVA1.5-7B

i d4s

fFiﬂdfﬂg 4 Attention blocking experiments further reveal that grounding tasks primarily rely o

two sets of information: 1. Abstract semantic information continuously extracted from text to-
kens to visual tokens; 2. Precise positional information was extracted from the model’s mid-stage.
Meanwhile, most VQA tasks predominantly depend on abstract semantic information extracted

.

from text tokens to visual tokens during the model’s early to mid-stages.

=

/
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Methodology

e Nuwa

. Global spatial reference frame= Z|Ci e &

- Local salience= A| o} ™ A{ vision-centricO 1! cohesive Ot /| redundant information aggregation =2

- Textual semanticsOl| 7| 2t5l task-relevant E2= 1 EHSH7| 2|2t text-modulated fine-grained filtering & &

R AW CHEE

SOGANG UNIVERSITY
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Of= pruning 7| & | ¢t

2l coverageE H Y S| 9Tt spatial uniformity

1. Separation & 2. Alignment

Info capacity
S
Visual attn @
n
<
SALIENCE SCORE

3. Region Cohesion

m Text Semantic Pruninﬂ

Text-Visi
Similarity

[ racne

e 00

4 Prefilling Time
Niwa 7B 46 ms
Niuwa 13B 57 ms

Vanilla 7B 124 ms

Vanilla 13B

VOQA Task: ) -
([wmsmmus?) | =
Grounding Task: | %
[Imtethecatcher] =

Japoduy
UOISIA

{ (@

Text-Vision Alignment

- 2T 1
Layer 32 3 L 32 Ve
-~ e ban

Layer 0

Layer-wise Decode Process
(b)

-

Niiwa Framework
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Methodology

» Stage 1: Spatial Cohesion Pruning in the Vision Encoder
S EEE EESIHM AL E2S 5
- Separation via grid partitioning
-HEH E2 grid T = {ty, ty, ..., ty2}5 M x M7l 2| non-overlapping local regions R; ; = Lt=

A O|O|X| & sHHO| M2|SHH K| HE It 430]7| E0] global coordinate systemS 3 X|5}7| 9|8t

- Alignment via salience identification
-Z27 B9 L{O| Al §EZFO| 71& BE2 benchmark tokens I3 1 Ef
'« TheS| CLS E2 9] attention score B EH 412 layerO| Al B E 7} S| A A= &4 =X
[CF2} A information capacitys= LIEFL = Key Bl B 2] L2 Norm= 270 11218t salience score S(t;) Al 4t

2 S(t) = ags,; - | | ki |2
Stage 1 1. Separation & 2. Alignment 3. Reglon Cohesmn

Info capacity s sumeras K I

Visual attn Q

$

SALIENCE SCORE  [CEE i A B

ﬂ‘ Y THEED Stage 1
SOGANG UNIVERSITY . %‘ UDSL
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Methodology

» Stage 1: Spatial Cohesion Pruning in the Vision Encoder
- Aggregation via spatial proximity
-Benchmark token=0| THO| CtE EZ=2| §E E S0l aggregateot= 1S
-Benchmark token= ‘40| 2t &= A 52 = LI+0] role assignment =3
: Pillar tokens T»: Benchmark Token & ||k || (L2-norm) 40| &% 25%¢0 EZ
vTask-agnosticot | 2L 2 Z2ot EF H1 U= 2&E0| =5 Register EEMEH )
vIGEtA o= Akl el 4l AU ZE fX[otl L2 E22 SEE AX Ba
'« Collector tokens T: LI X| benchmark tokens

vrH EES2| HE E aggregatedl local EEE LHHSI= S +=H

Stage 1 1. Separation & 2. Alignment :
,?E

Info capacity
o

-|oeee

Visual attn (¥ - B8 PEU AESE
SALIENCE SCORE 0 & 1

.

m é.‘ 2t CH 6'..‘.'_1 Stage 1
SOGANG UNIVERSITY - %‘ UDSL
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Methodology

» Stage 1: Spatial Cohesion Pruning in the Vision Encoder
- Aggregation via spatial proximity
- T = semantic similarity 2} spatial proximity= &A|0l| 11245l weighted aggregation HE 2 T=H HE S
;- Semantic similarity A;;: T EZ 79| cosine similarity
vA;j = ReLU (sim(v,;,vj)))

;' Spatial proximity P;;: =& HE|7F BOX|H 7HE X & K5 st

vP;j =1 — max (1, d(pi’pj))

dthresh

| X[2] 27t H0[= A X

—0

10
|m

bal

I
M
T
I
ot
IS

Gl O] £ =l benchmark token V5 &8

vW:: = 51] lf ti € TP Stage 1 1. Separation & 2. Alignment 3. Region Cohesion
ij — e

:': &|F aggregation weight W; j rEZE=S

A . P . lf t E T fem o R RAT ™ o
tjs U l C Info capacity Nl NENeNEE =1 ®
s R e R :
Visual attn Q - :_:"Z - 4 3 : ,
o o o O e e A 1®
SALIENCE SCORE  [EEEEEL LRt a

P s zonga e & uDsL
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Methodology

» Stage 2: Text-modulated Pruning in the LLM
B HE Gl AL BEE HA St A0 55 0|0 LLM2| intermediate layerOf| A =28
- &M empirical analysis@t 20| Z=8F X A| LLM L £ 0| A{ multimodal interactionO| &+=9°| Y O{LtX| Z=Ct0 =%
- Holistic textual query vector derivation

-BlAE QA= the average poolingdfl StLC| L& HlH g = B

| 1
0 =~ Nk=1 9k
- Relevance scoring
-4 A4 E2 v,0] gQF EOFLr #EHO| R=X] A4t
Ol A|ZH EZ 2 projection layerS AKX Bl AEQF & ATt embedding space = mapping = 2 EHf

:': Relevance score R;i= cosine similarity. = 3 2] m -

Text Semantic Pruning

» Top-K selection
-R7FE2 EMUE Y9 Kpipg 71Ol A2 220

Text-Vision
Similarity

Lo ]
e )

F
L4

W 6.‘ 24 ' al;_,:_)_ Stage 2
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o
main metric Prefill-Time
EX]) el'lments Method | Avg Token | rppops) (MFLOPs)  (ms)
Vanilla | 576 | 5.9730 0 124
FastV 64 0.8341 4.7185 92 | 26%

Vanilla CVPR'24 | 619  64.7 36.3 1862 785 58.2 859 69.5 586 31.1 100% isionZip 64 0.6461 8.9128 45 | 63%
FastV ECCV'24 | 527 61.2 34.3 1612 67.1 52.5 648 673 571 277  89.53% . .
PDrop CVPR'25 | 57.1 632 34.1 1766 74.9 56.1 823 702 547 305  95.87% Efficiency Analysis
%parseVLM ICML25 | 57.6 625 33.8 1721 75.6 56.1 83.6  69.1 558 31,5 96.11%

isionZip ~ CVPR'25 | 593  63.0 36.6 1782 76.8 57.3 853 680 564 317 98.26%
Niiwa - 609 64.3 35.5 1834  75.9 57.4 864 682 59.7 305 98.80%

Average Token 128 | 77.8% SALAAES

FastV ECCV'24 | 496  56.1 34.9 1490 618 50.6 596 602 559 28.1  85.04% N““.’al"."“fh rich [
PDrop CVPR'25 | 56.0 61.1 34.2 1664 735 55.1 823 699 333 308  94.32% Spatial information AR
SparseVLM  ICML'25 | 56.0  60.0 33.8 1696  73.8 54.9 80.5 67.1 534 300 93.36%

isionZip ~ CVPR'25 | 576  62.0 37.9 1761 75.6 56.8 832 689 549 326 97.63%
PruMerge ICCV'25 | 57.8 39.6 36.2 1712 74.7 54.3 815 676 - 304  95.06%
Niiwa - 602 634 35.8 1828  75.1 57.0 855 678 587 298  97.87%

Average Token 64 | 88.9%

FastV ECCV’24 | 46.1  48.0 34.0 1256  55.0 47.8 596 51.1  S1.9 258  79.36% Niiwa-w/o
PDrop CVPR'25 | 419 333 26.5 1092 57.3 45.9 559  69.2 400 249  71.56% : Region
SparseVLM  ICML'25 | 53.8  60.1 35.44 1589 68.2 53.4 775 69.8 51.1 249  89.93% , <
VisionZip ~ CVPR’25 | 55.1  60.1 36.2 1690 724 55.5 770 690 522 3.7 93.99% Locate the man on the right anror. . W
PruMerge ICCV'25 | 554  59.6 35.8 1616 713 52.0 757  69.5 - 280 91.71% in this image and output the Region selection. N8
Niiwa - 583 620 36.4 1706  72.8 54.9 830 675 5644 282  9491% bounding box coordinates in

JSON.

VOA Performance Comparison on LL.aVA-1.5 7B

Method Source | Refcoco-test Refcoco-val Refcoco+-testA  Refcoco+-testB  Refcoco+-val Refcocog-test Refcocog-val avg
Vanilla CVPR24 58.30 56.42 59.43 38.88 46.32 48.50 48.82 100% Accurate target
Average Tokens 192 | 66.7 % positioning.
FEATHER* ICCV'25 27.7 - 24.7 - - 27.2 - 48.38%
Niiwa - 47.91 46.12 43.18 31.86 37.68 37.64 37.90 79.29%
Average Tokens 128 | 77.8%
Fastv ECCV'24 10.34 10.13 8.53 9.83 8.16 8.87 9.10 18.55%
SparseVLM  ICML'25 6.27 6.17 579 422 0.85 6.35 6.47 12.84%
VisionZip CVPR’25 4.49 4.11 4.06 4.86 3.88 3.50 3.48 8.1% ” ‘
Niiwa - 45.09 43.69 42.63 28.98 3532 36.59 36.00 75.20% Niiwa-w/o
Average Tokens 64 | §88.9% Region
Fastv ECCV'24 2.73 2.01 1.17 1.02 241 2.19 2.01 3.81% Skewed toward
SparseVLM  ICML'25 1.04 L0l 0.96 1.28 0:96 0.61 0.66 1.88% Lok IR persin On Ehe o orer aft
VisionZip ~ CVPR'25 4.04 381 3.73 3.86 3.50 3.38 321 7.28% button left in this image RERE
Niiwa - 29.43 28.60 28.22 17.47 2222 2181 2142 47.19% and output the bounding
box coordinates in JSON.

VG Performance Comparison on LLaVA-1.5 7B

Comparison of Regional Partitioning

AR CTHE-D
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