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Background

* What is Token Pruning?
- Token Pruning2| 7{f &

“Transformer 2 E0| 918 E2 = «E = Q3 EZS MHSIH HAHSIE 7|H

- Attention H2AH2| complexity (O(N?)) =X & &t2lot0] T& S oFY
EE 22|
-Ranking
;' Importace 7/ |2t "= A (e.g., attention score)
-Filtering
o KW E2 /K| EE= threshold 7| 2F HE &
- Inference
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1) Chen, Liang, et al. "An image is worth 1/2 tokens after layer 2: Plug-and-play inference acceleration for large vision-language models." European Conference on Computer Vision. Cham: Springer Nature Switzerland, 2024.

Background

 LVLM Token Pruning
- LVLM2| computational bottleneck

-O| 0| X| S| M =7t === visual token =7} 49| 7}
- Visual tokenO| Y HO| L FE &= Xt X|SFX|BE, text 4 A| attention H| S 0| H =
- FastV) =%t

-LVLMO| Y &9| &
attent10n0| =245 &

=
9 layerO| Al = = &
—K':'._'WH layer/It K| = H & A

22 visual tokenO| X| ZF 2 E O] £ O] 2 == visual tokenOf| Cli{ St

of %)

=2 2%t visual tokens AHASH= 2 A2 HH|

AMo Z AMSIE| 0|2 5L X7t R% O|5}9Q| visual token M| A

0.02

Token Attention Illustration 0.03 \q

Layer 16 Layer 32

* System Prompt : 472x
* Image Tokens : 1x

* User Instruction: 3x

* Output Tokens : 12.8x

<+ Deep-Layer—+

0.03

’ * System Prompt : 2x
* Image Tokens: 1x
<Shallow-Layer~ - A

User Instruction : 3x &
* Output Tokens : 9x ——
0.001 0.01 . . . 1
. System Prompt (35) . User Instruction (135) Attention Allocation Attention Efficiency Attention Score

. Image Tokens (576) . Output Tokens (150) (Decoding Output Tokens) (Attention Allocation / Token Number)
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Beyond Attention or Similarity: Maximizing Conditional
Diversity for Token Pruning in MLLMs
[NeurIPS 2025]
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?

* Introduction
- 7| & pruning 24| | oHA|
- Attention-based (e.g., FastV)
:': Attention score’/| = EE Tt FX|ot= 82, A A4H L2 FAet EES0| BO|
== 420| & (Redundancy =Al|)
- Similarity-based
s« Feature/| FAISH EE2 MAHE 42, AFE A2 instruction?f 2 H =l S 9t
EZNA MAHE 2 =X (Context FA])
= Motivation
-thed| «sash EZ0| ot 2l CHASIHME EE0t 2tHE E2S A0t

- Conditional Diversity = &
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?

* Introduction

= CDPruner (Conditional Diversity Pruner)
-~ TH

(E-II =N = 7

S S

Z S} visual token2| CIFd = Z|CH 2t

-|[[

= Instruction

- DPP(Determinantal Point Process)& &%t Z| M2 24| 2 X{H 2|
-=73

s': Training-free: 22| h5 MH =2

s Model-agnostic: Ct&e MLLM OFZ |0 SA| HE 7ts

l_

Attention-based Similarity-based CDPruner \
Pruning Pruning (Ours)
- - - - -

Q: What is
special about
the spoon?

Input Image

A close-up photo of a meal at ICHIRAN. The chashu
ramen bowl with a spoon is placed in the center. The
ramen is seasoned with chili sauce, chopped scallions,
and served with two pieces of chashu. Chopsticks are
placed to the right of the bowl, still in their paper wrap,
not yet opened. The ramen is also served with nori on
the left. On top, from left to right, the following sides
are served: a bowl of orange spice (possibly garlic
sauce), a plate of smoke-flavored stewed pork with

= u W @ Attention-based Similartiy-based CDPruner

chopped scallions, and a cup of matcha green tea.
\_ Description
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?

* Method
- CDPruner pipeline

1. Input: Visual tokens, Text instruction

2. Visual similarity calculation: A|Zf £ 72| cosine similarity & 2 H| At

H

3. Instruction relevance estimation: Text2} visual token Zt2| attention map= =244510| 2}
visual token2| SR & M=

s QWIS O] el ZUSHE MEZL QAL BT M4

= O O
5. Subset selection: DPP(Determinantal Point Process)& &off 271§ Lt 2 Z[Cl2tot=

E3 HEXISH MEH

6. Pruning: MEHE[X| Bi2Z EE X H = MLLM &

T™

-~

Ns AR

i/
H,[ ) dj (] *’ ( DPP
Tokemzer CDPrlmel ] r‘ | ‘ |
%

Language Instrucnon X, H, D D [:] [:] D [:]

Language Model [

RELLRR ((0]6)

[:][:][:] Visual Tokens PIOJectorg ltl L
1
000 e TOkc_ns. _ Vision Encoder f, §
.:I:‘ Feature Similarity T l1l
.:I:‘ Query Relevance Input Image X |
ﬂ HAE SR ” VDS
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?

e Method

- DPP (Determinantal Point Process)
-9t B2/801 4 “Fermion”0|2He YIRS 0| AZ 22 MERO] K| &
RG] 25 2H=0{ A
o= = Lol g S =
-FAIE AEL
-« I = visual token ‘8
Li;7F10] 7tk 20 s S 40| 7 AL oOf| 7172 M2 CHE S8 7
Exs ot M
;- O] 22T S(visual tokens)Zt M EHE 2HE P(S)= det(S)0]l H|
NVectorSO| BIABAE dets 00 7RI, M2 K TESE dot A X
= §* = argmax det(Ly)
HS RE ZYS B, WHAO| JHE A 2|5 MetE £ s

4

& (i, )OIl CHSH cosine similarityS Al 4F

ot

=

T
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?
* Method

= Insturction relevance
- Visual tokenZt 11 2{S}H O| 0| X| M © 2 0F L} S token= B H A &
s A2 e AN S ect HEILLCHE

-E& text Y ()

HL-H , . , _
i1y = m (Visual token: Hy,, Text embedding: H,)
Hg
- Normalization f )
S 1| x| 3|4 x| x O
e r—min(r) _ _
ST = max(r)—min(r) K DPP ‘ __%
el Tl 3 E
| 1 12
|

el . el
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?

e Method
» CDPruner

' Greedy algorithm= AF-2
vBtA O 2 X[ A2 63% 0| &2 92 EF

v Cholesky decompositiong A&}, O(nm?)77HA| =&
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2)

Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?
* Method

- CDPruner (Cholesky decomposition)
oy derprtn

L G Lg i Vu o 0
L - G b s oV Y U o
Ly G L Ui Ui U
L . = N - N ) A
- Uu E Lu &y = JLT b L i LLL 7‘%%&% 4 lbL-‘xQ_ ﬁ M-LL/") < _’/6] CL:P hl(’
KOV —os 5 = v 520 7
ol ol w2 Wy —\L)«‘ be = J L -0 3o s G 2§ (dt)™ g P!
I T Unlut U = L
U Ve = Ly Un Pti . X L L oo > 2 i
- Un = _L“ \;1“__‘/“ Cl,lcle_sl(j & QILL‘\ \]u 7 Vn, < /é)”{%;&t( /fji‘/ UZJ (
o
WL, | by 2 s A
14
W e 2wl st M (Gt g A
[V * o
Las (22 -Ust U

Lu ST . . 2y &2salh e
" o AL — ]L(Lﬁ‘ 53 g% aqoicl = &

- ansh () ﬁm& - (% % A 2Y)

T Mple Q9T w2 4L
A~ (4 g 482 Wb V) S5 L
— wnoCVs) - « lzmel 0(9101\ gx’, ég@?\ wL 2 g2 3 ’5“)
a g apsh e (Vi) 2|33 Z
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?

» Experiments

- LLaVA-1.5-7B

- - - -
Method | VQAY  GQA  VizWiz SQA™¢ vQA™' POPE, MME MMB"™ MMB® MMVet | Ace.  Rel.
Upper Bound, All 576 bokens Jll]l]%)

LLaVA-1.5-7B | 785 619  50.1 69.5 582 | 859 | 15065 647 58.1 313 | 634  100.0%

Retain 128 Tokens (| T7.8%)
FastV (ECCV24) 71.0 540 519 69.2 s64 1 es2l 13689 630 55.9 270 | 585 92.8%
PDrop (CVPR25) 743 571 49.4 70.1 567 | 77.5 | 1444.1 62.3 55.3 276 | 603  95.0%
SparseVLM (1cML25) | 75.1 573 497 69.0 56.3 83.1 . 13993 626 56.9 297 | 610 963%
PruMerge+(2024.05) | 750 582  53.7 69.1 sao 1 g31 1 14081 61.8 55.8 304 | 612 96.8%
TRIM (COLING25) 754 584 516 68.6 522 | 853 14134 630 52.3 299 | 60.7 958%
VisionZip (CVPR25) 75.6 576 516 68.7 56.9 833 . 14369  62.1 57.0 316 | 61.6 97.6%
DART (2025.02) 747 5719 528 69.1 s63 1804l 14087 607 57.3 309 | 61.1  96.9%
DivPrune (CVPR25) 760 594 528 68.6 559 | 87.0 | 1405.1 61.5 54.8 306 | 617 97.5%
CDPruner (Ours) 76.6 599 528 69.0 56.2 877 , 14314  63.1 55.0 328 | 625 99.0%

Retain 64 Tokens LL 88.9!4:'}
FastV (ECCV24) 559 460  49.1 70.1 516 ] 355 9735 50.1 42.1 189 | 468 74.9%
PDrop (CVPR25) 563  46.1 46.3 68.8 49.2 408 . 9822 48.0 36.6 177 | 459 729%
SparseVLM(ICML25) | 669 520 494 69.2 s21 Deo7 | 11904 583 49.6 244 | 551 87.1%
PruMerge+(2024.05) | 713 554 537 69.5 520 ] 757 | 13168 596 52.1 280 | 583 924%
TRIM (COLING25) 724 566 511 69.0 49.7 859 _ 13509 609 48.2 248 | 586 91.6%
VisionZip (CVPR25) 724 551 52.9 69.0 sss 17701 13652 601 554 294 | 595 944%
DART (2025.02) 713 547 535 69.3 547 | 738 ] 1365.1 59.5 54.0 265 | 586 92.6%
DivPrune (CVPR25) 74.1 515 536 68.0 54.5 85.5 , 13347  60.1 52.3 28.1 | 60.0 94.7%
CDPruner (Ours) 754 586 534 68.1 ss3 | g7s | 14151 61.1 53.2 305 | 614 97.0%

Retain 32 Tokens| | 91.4}¢)
PruMerge+(2024.05) | 656 529 535 67.9 49.2 66.7 ., 1236.6  55.1 45.9 247 | 543 86.1%
TRIM (COLING25) 68.6 545 507 68.1 476 1 saol 12518 577 40.1 205 | 555 86.2%
VisionZip (CVPR25) 67.1 51.8 524 69.1 531 | 694 ] 12512 570 50.3 253 | 558 884%
DART (2025.02) 67.1 529 525 69.3 52.2 69.1 , 12733 585 50.0 250 | 560 88.6%
DivPrune (CVPR25) 712 549 533 68.6 s20 Dgisl 12849 576 49.1 263 | 580 91.3%
CDPruner (Ours) 73.6 570  53.1 69.5 532 879 | 1373.0 596 49.6 278 | 60.0 94.3%
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?

» Experiments

- LLaVA-NeXT-7B (High resolution)

Method | vQAY?* GQA  VizWiz SQA™C vQA™ POPE MME MMB™ MMB"™ MMVet | Ace.  Rel
Upper Bound, All 2880 Tokens (100%)
LLaVA-NeXT-7B | 813 625 552 67.5 60.3 86.8 1511.8 658 57.3 400 | 652 100.0%
Retain 640 Tokens (| T7.8%)
FastV (ECCV24) 770 589 539 67.4 58.1 79.5 14126  63.1 53.5 39.5 | 622  95.6%
PDrop(CVPR25) 79.1 600 538 66.7 57.8 83.8 14759  64.1 552 367 | 63.1  96.5%
SparseVLM (IcML25) | 792 612 536 67.6 59.7 853 14568 659 58.6 36.1 | 640 97.9%
PruMerge+(2024.05) | 782  60.8 579 67.8 54.9 85.3 14802  64.6 57.3 327 | 634  96.6%
TRIM (COLING25) 783 621 54.8 66.9 54.8 869 14718  66.8 55.8 378 | 638 97.6%
VisionZip (CVPR25) 79.1 612 571 68.1 59.9 86.0 14934 658 58.1 389 | 649 99.5%
DART (2025.02) 783 613 570 68.2 59.5 85.0 14502 649 57.1 369 | 64.1  98.2%
DivPrune (CVPR25) 793 619 557 67.8 57.0 869 14697 658 57.3 380 | 643 98.5%
CDPruner (Ours) 799 626 556 67.9 584 87.3 14745 663 575 419 | 651 100.1%
Retain 320 Tokens (| 88.9%)
FastV (ECCV24) 61.5 498 513 66.6 52.2 495  1099.0 534 425 200 | 502  76.9%
PDrop(CVPR25) 66.8 504 497 66.7 49.0 60.8 11715 555 447 240 | 526 80.3%
SparscVLM(ICML25) | 746 579 542 67.2 56.5 76.9  1386.1 63.1 56.7 328 | 609 933%
PruMerge+(2024.08) | 753 588 577 68.1 54.0 795 14443  63.0 55.6 314 | 616  94.0%
TRIM (COLING25) 749 599 535 66.2 50.2 86.5 14438 635 51.0 327 | 6.1 92.9%
VisionZip (CVPR25) 762 589 562 67.5 58.8 823  1397.1 63.3 55.6 358 | 624  95.7%
DART (2025.02) 757 595 568 67.5 57.6 81.0 14195 642 55.7 357 | 625  95.8%
DivPrunc (CVPR25) 7712 6Ll 55.6 67.7 56.2 847 14233 639 551 348 | 628  96.0%
CDPruner (Ours) 784 616 558 67.8 57.4 872 14530 655 55.7 379 | 640 98.0%
Retain 160 Tokens (| 94.4%)
PruMerge+(2024.08) | 705 562 572 66.9 50.3 71.1 12896  58.0 48.9 293 | 573 81.7%
TRIM (COLING25) 710 574 529 65.5 45.8 848 12758 616 452 296 | 578 81.7%
VisionZip (CVPR25) 714 552 555 67.9 55.0 749 13278 586 50.4 323 | 588  90.0%
DART (2025.02) 725 568 567 67.8 54.9 753 13254 620 53.6 322 | 598 91.7%
DivPrunc (CVPR25) 750 593 56 67.1 54.1 80.0 13566 629 537 320 | 60.8 92.9%
CDPruner (Ours) 767 608 552 67.5 554 86.8 14253 642 53.8 362 | 628 96.0%
ﬂ AT VDS
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?

» Experiments
- Efficiency analysis of different methods on LLaVA-NeXT-7B

Method # Tok FLOPs  Prefill Time Decode Time KV Cache GPU Memory Score
etho oken (T) (ms/token)  (ms/token) (MB) (GB) (F1)
LLaVA-NeXT-7B 2880 417 246 20 1440.0 16.7 86.8
FastV (Eccv24) 320 4.4 (x9.5) 54 (x4.6) 23(x1.2) 160.3 15.6 49.5
PDrop (CVPR25) 320 4.5 (x9.3) 55 (x4.5) 24 (x1.2) 160.2 15.6 60.8
Sparse\"LM (ICML25) 320 4.5 (x9.3) 71 (x3.5) 25(x1.1) 161.2 18.6 769
VisionZip (CVPR25) 320 4.2 (x9.9) 38 (x6.6) 22 (x1.3) 160.0 14.8 823
DivPrune (CVPR25) 320 4.2 (x9.9) 38 (x6.6) 22 (x1.3) 160.0 13.8 84.7
CDPruner (OQurs) 320 4.2 (x9.9) 38 (x6.6) 22 (x1.3) 160.0 13.8 87.2
= Ablation study
VQAV2 GOA MMVet
T o E— e —— I 88 .
. 87 ) N T
i' 2 22 sy
73 ® - gsi g 0
27 ; 2 r w1 B4 v 79
27l —#%— CDPrumer | 2371 % —#— CDPrumer | ool 4/ —#— CDPrmer | =, —#— CDPruner
ol 4 DFPruner 56 i/ 4 DPPnmer / 4 DFPruner _1 4 DPPrumer
4 ¢ DivPrme 55 #— DiPrme 2 #— DivPrume 2' i #— DiPrune
M R 50 0 20 W W 1 S 1] S TO0 L L ] = o 30 30
Visual Token Number Visual Token Number Visual Token Number Visual Token Number
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2) Zhang, Qizhe, et al. "Beyond Attention or Similarity: Maximizing Conditional Diversity for Token Pruning in MLLMs." arXiv preprint arXiv:2506.10967 (2025).

CDPruner?

e Conclusion

7|E oA 3=
- Attention 7|82 S 5/4 EX|2t Similarity 7| 2t2| &3 FA| ZX| & SA|0]| S &5+

—e

g2 &4 32

- CDPruner K|t

-AEAF £ —-—(1nstruct10n)J_|' | At S g o 2 U R CrFd(Conditional Diversity)'
NE =8
S LEEE
-DPP(H B A H 1) E 8ol JEZ 0} AitdE SA0 Z[CHetste E2 R adY
ME
O 9 M
I OO O
-HEO[ MEE50| HQ Q= Training- free BfAI0|H, C}SE MLLM OFZ7|EIX O SA| HE
s
R AE Uk . VDS
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SparseVILA: Decoupling Visual Sparsity for
Efficient VLM Inference
[ICCV 2025]
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3) Khaki, Samir, et al. "SparseVILA: Decoupling Visual Sparsity for Efficient VLM Inference."” Proceedings of the IEEE/CVF International Conference on Computer Vision. 2025.

SparseVILAY

* Introduction

- VLM Inference2| & THA|
- Prefill Stage (Context Encoding)
= OO K| e 'l AE I8 Z X 2|50 KV Cache ‘& (Compute-bound)
-Decoding Stage (Generation)

- EZ S StLY Ad (Memory-bound)

7| E ot
- Visual tokenO| L5 O} prefill THA Q] A AFZF DL}
-Decoding TFA[O|A] Z! contextZ @IS KV cache M| 22| £F A £ & X5}
- 7|2 pruning= ot H N AHSIH S+ 27t
;' Multi-turn CH2HO| A O HE & &0{H &

R AT THSED VDS
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3) Khaki, Samir, et al. "SparseVILA: Decoupling Visual Sparsity for Efficient VLM Inference."” Proceedings of the IEEE/CVF International Conference on Computer Vision. 2025.

SparseVILAY

* Introduction

- SparseVILA’s Decoupling

- Prefill THA|2F decoding THA| 2] sparsity M =2 =2
s: Prefill: " S 28
;: Decoding: "AAM" 27 (H ot HET O1F)

=H
X7 K2 &= wa
-Multi-turn L2} 53 FX|
AE

-/ H|C| et & X2l 7ts

of
—_
o
k=]
oo

Multi-Round Performance Image-Centric Evaluation Long-Context/Generation Performance
o O Query Aware o Query Agnostic ChartQA 2 Frames: 256 || CTX: 64K
R 5 2.2xF
- SparseVILA ® 2 -2x Faster
J 1.4x Faster| o
[} o B LT T T T T T SRR, 1
: 9 2
E [ ] SparseVLM b
o
> 57 =
= o o
= (o]
= 53 EREES (%] Vanilla SparseVILA HIRED VisionZIP  FastV SparseVLM
= o o SparseVILA retains long-context performance by
2 / . decoupling sparsity
2. 49 PruMerge / — 20 !
9 FastV - - g Zam”aVILA Lossless
as @
3 as o InfoVQA DocVQA E 24 parse lem e TEr
1850 1900 1950 2000 2050 2100 O FastV O VisionZip © PruMerge < SparseVIM & SparseVILA 5 07 Performance
Total Latency (ms) SparseVILA achieves a 5.9% margin imp! on imag ic tasks Correct Detail Context ~ Temporal Consistency
g VDS
R HAY NSk
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3) Khaki, Samir, et al. "SparseVILA: Decoupling Visual Sparsity for Efficient VLM Inference."” Proceedings of the IEEE/CVF International Conference on Computer Vision. 2025.

SparseVILAY

e Method

- Prefill stage
-APEXLE HEE 8112 O5St= EHA
-Query-agnostic pruning
' Vision encoder| A{ L= attention score map 7|8 pruning
‘jEText(query)7|' =0127| ™, O|O|X| encoding THAO|A] A| A 5= K| A
- Mean-column sum= A0 EE2| 52 % 5

vCHE EZS50| olid E25 L0tLt attendSh= 4ot B4

= —
- Visual Saliency S; T T T T e
|
| |
_ (h) I

Ji —_Zh 12 : i
: ol
- Pruning ! E; :
! S - 1

S 7|1 F B E2 N7 l -
5, 7|E 819 B2 H A o | o m o
: Query Agnostic x :
i u Context Stage Pruning - u :
1

R B THSED N | VDS I
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3) Khaki, Samir, et al. "SparseVILA: Decoupling Visual Sparsity for Efficient VLM Inference."” Proceedings of the IEEE/CVF International Conference on Computer Vision. 2025.

SparseVILAY

* Method
- Decoding stage

-AMH R S £l

= T THA|

- Query-aware pruning
s A EHA| (decoding) Ol A SR} R 20f = QS

EZE

=M O 2 retrieval

:': Query(text) 2} key 72| attention scores Al 45t M7

-Query-aware saliency(S jde )

. cdec _ 1
1S

H v yaishpe®™
B HXLQ Zh:12t=1Welghts .

t,]

'+ B & head2t B =

2 E3E0| A2
AOHLL LRFITLE B
A

£2i8
;' Saliency /| =

AlH| attention

&2 g4 k-
SOGANG UNIVERSITY 21
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3) Khaki, Samir, et al. "SparseVILA: Decoupling Visual Sparsity for Efficient VLM Inference."” Proceedings of the IEEE/CVF International Conference on Computer Vision. 2025.

SparseVILAY

e Method

- Decoupled Prefill-Decode Visual Sparsity
- Prefill sparsity (static)
- 0|0|X| AHH|Q) B2 RHBHD, 3 B A6t BTLHY (24 pruning)
O 2 2| (KV cache) & 2F0f 7|0
-Decoding sparsity (dynamic)
CE20| 23 s e 0 WE Y, 0f wmblCh CH2A N
s FE SR Y0 7Y
Context Stage Multi-Turn Decoding Stage

_
ST HIIIIIII

"_’MII i
M

4
s, 0 AN |
n Context Stage Pruning B Decoding Stage Pruning
Query Pre-filling Attention Decoding Attentien
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SparseVILAY

e Method

- Token categories analysis

-Visual Attention Sinks

s A E0AEGI0 M SR ER (

0ot

A R
-Retrieval Tokens

=g AF0E 8-S 0t= EF2 (Query-aware THA|Of| A A1 EH)

Context Stage Sparsity

Decoding Stage Sparsity

Prompt 1: Tell me about the car in the image.

Prompt 2: Tell me about the deer crossing the road

SparseVILA: "The car in the image is a blue sports car, possibly a Mazda RX-8, SparseVILA: "In the image, a deer is crossing a road in front of a car. The deer is walking
driving down the road.

across the street, and the car is waiting patiently behind it ... this moment highlights the
importance of being cautious and aware of wildlife while driving...”
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SparseVILAY

e Method

- Efficient Implementation
-FlashAttention2 AP
-Dynamic recomputation & Compact KV Cache
;' B2 S pruning®t O] sparsedtH H|AEKH HZO 2 QIS K 22[= S27F =8 F
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SparseVILAY

» Experiments

- LLaVA-NeXT-7B

Sparsity (%) Speedup
Prefill Decode Prefill Decode Overall

CQA DVQA GQA IVQA MME POPE SQA TVQA

LLaVA-NeXT-7B - - - 507 744 642 377 18461 859 703 612
+ FastV 83 0  326x 124x 137x 373 544 606 31.8 17752 828 675 57.1
+ SparseVLM 83 0  326x 124x 137x 377 544 608 314 17807 840 675 58.1
EPRrop. o 03 o L LB9x L0 124 AlS A48 629 205 18092 861 _69%1 510
{ SparseVILA 67 50  259x  127x  138x 418 60.8 634 333 18184 859 680 60.21
+ PruMerge 83 0  434x  127x  143x 269 369 61.1 285 17532 83.6 667 546
+ HIRED 83 0  434x 127x 143x 297 416 624 282 1777.1 817 677 559
EVSonZige e B e L A3 L2 13k, 34l 512 6L2 306 12603 83 074 58T

SparseVILA 67 90 259%x  133x  144x 399 544 634 308 18278 86.1 58.91

68.0

- Video
Sparsity (%) Speedup MLVU Video-MME (w/o subtitle)
Prefill  Decode Prefill Decode Overall m-avg Short Medium Long Overall
LongVILA-7B - - - - - 72.4 68.9 58.1 52.0 59.7
+ HIRED 86 0 4.9x 1.5x 2.1x 70.2 68.0 54.6 49.6 574
+ VisionZip 86 0 4.9x 1.5x% 2.1x 73.1 66.6 551 50.9 57.5
+ SparseVILA 75 94 3.6x 1.7 2.2x 74.4 70.6 58.6 51.7 60.3
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» Experiments

» Multi-turn

Vanilla SparseVLM FastV SparseVILA 1o
0.0 0.0 0.0 0.0
2 200 20.0 20,0 200 08
£ a0 0.0 200 0.0 z
E €0.0 60.0 60.0 &0.0 E
_gaou 80.0 80.0 20.0 02
810[} 0 100.0 100.0 100.0 I
0.0
LI TR R B R S P P e PP P P LR R R R R LI R T R
Frame Count (#) Frame Count (#) Frame Count (#) Frame Count (#)
- Efficiency Analysis
Attention Kernel Multi-Turn Scaling
B vanilla [ HIRED B VvisionZIP i
E Fastv M SparseViM [l SparseVILA & g W Context Ml Generstion
025 0.40 S 3.6xFacter
E 01982 SRR 104 B 194 B 194
g o = 3 en ko B (s s )
3 E 0
>m E‘ 0.13 0.20 8 0 1.7 Rounds Faster
£ = g 1104
9 3 0.06 0.10 g 30 55.2 g
= 276 .
0.00 0.00 - 0
Video (64K) V-NIAH (128K) = R-0 R-1 R-3 R-0 R-1 R-3 R-0 R-1 R-3
0.08 £ 500
'|' £ 2.6x Faster
o 0.06 Zas0
x 2 | 3 KD B
’F., £ oos Faster -0
= g I 5 1 Round Facter
g § 003 &
= 8 5 3
© 2 .
= 0.02 g o
0.00 R-0 R-1 R-3 R-0 R-1 R-3 R-0 R-1 R-3
Image (3K) Vanilla Query Aware + Re-Prefill SparseVILA
- VDS
HABTHE
SOGANG UNIVERSITY 26

-
=
m



3)

Khaki, Samir, et al. "SparseVILA: Decoupling Visual Sparsity for Efficient VLM Inference.” Proceedings of the IEEE/CVF International Conference on Computer Vision. 2025.

SparseVILAY

e Conclusion
7| oA 22
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- SparseVILA K| 2F
- Visual sparsity & A|Z 2 prefillZ} decoding THAI 2 &2|5t= M E2 decoupled
framework = Xﬂm

- Prefill stage

O|OX| 212 EHAOAM = Al AE 552 M AHSH=E query-agnostic pruning=
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-Decoding stage
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