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Large vision-language model (LVLM) has great application potential.
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The substantial computational requirements of LVLMs limit their practical application.

For example, intelligent vehicles use embedded computing devices

(like AGX Orin) to provide intelligent cockpit services'.

However, limited computing resources and the requirement for real-

time computing may pose challenges.

We propose A-VL to reduce memory usage and computational load

without compromising performance for LVLMs.

1. https://www.nvidia.cn/self-driving-cars/partners/nio/



Introduction EE@ s & 4% 5| €3 NIO

Structure of Large Vision-Language Modal

Take Qwen-VL? as an example
Large Vision-Language Modal Workflow:

1. Encode the multimodal input into hidden features

QwenlLM ]

2. Use backbone LLM to generate answers

T
CrossAttn f‘v =

Language Response X , . . . : |
Language Model f¢, VIT

mﬁ(’f mmm @ High Resolution
Projection W 7 H, ?Hq

Vision Encoder

Vision Encoder VL Adapter LLM Total
1.9B 0.08B 77B  9.6B

X, Image Xq Language Instruction

Vision Encoder?

1. Liu, Haotian, et al. "Visual instruction tuning." Advances in neural information processing systems 36 (2024).
2. Bai, Jinze, et al. "Qwen-vl: A frontier large vision-language model with versatile abilities." arXiv preprint arXiv:2308.12966 (2023). 5
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Structure of Large Vision-Language Modal

Language Model f¢,

) )
Large Vision-Language Modal Workflow: Text W .
1. Encode the multimodal input into hidden features Encoder J N
2. Use backbone LLM to generate answers
N . W
Y/
Language Response X, . . . El:;zcgizr > J/
154

H

Z X ?Hq . o
v Tokens of different modalities are calculated for
X, Image Xq Language Instruction

Projection W

Vision Encoder
Attention relevance in the backbone LLM.

Vision Encoder?

1. Liu, Haotian, et al. "Visual instruction tuning." Advances in neural information processing systems 36 (2024).
2. Bai, Jinze, et al. "Qwen-vl: A frontier large vision-language model with versatile abilities." arXiv preprint arXiv:2308.12966 (2023). 6
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Structure of Large Vision-Language Modal

Large Vision-Language Modal Workflow:
1. Encode the multimodal input into hidden features

2. Use backbone LLM to generate answers Barformance belflsneck:
- The number of image tokens is large. LLaVA 1.6 model can

Language Response X, . . . often exceed 2000 tokens for one image.

Language Model f 5 - The large number of tokens brings large KV cache usage.

Projection W - H, ﬁHq
Vision Encoder

X, Image Xq Language Instruction

Vision Encoder?

1. Liu, Haotian, et al. "Visual instruction tuning." Advances in neural information processing systems 36 (2024).
2. Bai, Jinze, et al. "Qwen-vl: A frontier large vision-language model with versatile abilities." arXiv preprint arXiv:2308.12966 (2023). 7
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Token Importance:

Text-Aware Vision Attention Attention score for each token in each layer:
Pt | P2 | P3 | P4 | Ps | Ps | P7 | Pg P9‘ || & |4 ] H I h
System Input Image Tokens User Instruction St — § : At, / H
h=1
We use the attention score of the latest token to the previous * A attention weights assigned from the last token;
token to evaluate the token importance’. » [ :the index of the transformer decoder layers;

* h :indicates the attention head.

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.



Different modalities have different attention patterns.
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Different modalities have different attention patterns.
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Image Token Attention Characteristics

Characteristic 1: High Sparsity

Decoder 2

o
= e
=
: S
= S
| 0 Image Tokens ST Most image tokens are allocated little attention.
5 Decoder 16 &
2 I=
User Instruction: ; o 22 88% i tok . 800 ttenti
T e 5 . 88% image tokens receive > 80% attention
detail as possible what you g
observe in the picture. = o
50 Image Tokens 511 Setting:
- Decoder 32 o etng.
Token Number: = . _ 1
- System Input: 35 tokens LLaVA-1.5 7B model
- Image Tokens: 576 tokens « OCRVQAd ataset?
- User Instruction: 22 tokens —~
- Output Tokens: 129 tokens N o

Image Tokens 511

1. Liu, Haotian, et al. "Visual instruction tuning." Advances in neural information processing systems 36 (2024).
2. Mishra, Anand, et al. "Ocr-vqga: Visual question answering by reading text in images." 2019 international conference on document analysis and recognition
(ICDAR). IEEE, 2019. L
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Image Token Attention Characteristics

Image: Characteristic 1: High Sparsit
s Decoder 2 o g p y
& 1o
=
;: S
& o
| 0 Image Tokens ST Most image tokens are allocated little attention.
5 Decoder 16 K=
2 =
User Instruction: ; i 22 88% i ; 800 .
ElCsel e b tes roueh) 5 . 88% image tokens receive > Yo attention
detail as possible what you T
observe in the picture. = o
50 Image Tokens 511 Setting:
- Decoder 32 5 etng.
Token Number: = o _ 1
- System Input: 35 tokens LLaVA-1.5 7B model
- Image Tokens: 576 tokens « OCRVQA dataset?
- User Instruction: 22 tokens —~
- Output Tokens: 129 tokens N o

Image Tokens 511

Considering the high sparsity of visual attention, we designed an index for measuring the similarity of attention

weights that focuses on tokens with high attention scores, named p-percentile concordance index (PPCI)
12
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Image Token Attention Characteristics

Characteristic 1: High Sparsity
Suppose there are two attention scores
in different layers:

token 8 token 6
token 6 token 5
token 5 token 9
token 2 token 2
token 7 token 1
token 9 token 7
token 3 token 3
token 4 token 4
token 1 token 8

N tokens, N =9

Considering the high sparsity of visual attention, we designed an index for measuring the similarity of attention

weights that focuses on tokens with high attention scores, named p-percentile concordance index (PPCI)
13
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Image Token Attention Characteristics

Characteristic 1: High Sparsity
Suppose there are two attention scores
in different layers: We focus on the top 30% of tokens that allocated
Top 30% token set the majority of attention.

1

I token 8 token 6 :
token 6 token 5

I token 5 token 9 I

“ Token2 tokén = =
token 7 token 1
token 9 token 7
token 3 token 3
token 4 token 4
token 1 token 8

N tokens, N =9

Considering the high sparsity of visual attention, we designed an index for measuring the similarity of attention

weights that focuses on tokens with high attention scores, named p-percentile concordance index (PPCI)
14



Image Token Attention Characteristics

Suppose there are two attention scores

in different layers:
Top 30% token set

I token 8 token 6
token 6 token 5
I token 5 token 9

“ Token2 tokén = =
token 7 token 1
token 9 token 7
token 3 token 3
token 4 token 4
token 1 token 8

N tokens, N =9

Characteristic 1: High Sparsity

We focus on the top 30% of tokens that allocated
the majority of attention.

Top 30% token set in two sequence

A/\
1{8,6,5} N {6,5,9}|
0 =
30% PPCI S OTcli
{65} 2
T 30%x9 3 066

PPCI measures the similarity of the
attention scores of two token sequences.

Considering the high sparsity of visual attention, we designed an index for measuring the similarity of attention
weights that focuses on tokens with high attention scores, named p-percentile concordance index (PPCI)

15



Image Token Attention

Suppose there are two
in different layers:

Top 30% token set

Characteristics

Characteristic 1: High Sparsity
attention scores
We focus on the top 30% of tokens that allocated
the majority of attention.

e o= s S BeR SN NISE IS Fem S e 1
| toten g tgtﬁg g | Top 30% token set in two sequence
| oren ] ey
. lokenS @ g token9 1(8,6,5} N {6,5,9}]
Token™ ken - 30% PPCI = —— o
token 7 token 1 30%XN
token 9 token 7
token 3 token 3 = [ 16,5} | _2_ 0.66
token 4 token Top p% token set in two sequenc::’éﬂ%><9 3
token 8 0
token 1 -y o
N tokens. N = 9 2% PPCI | Ty NIy | PPCl measures the similarity of the
) 0 _ -

p% - N  attention scores of two token sequences.

Considering the high sparsity of visual attention, we designed an index for measuring the similarity of attention
weights that focuses on tokens with high attention scores, named p-percentile concordance index (PPCI)

16
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Image Token Attention Characteristics

Characteristic 2: Heterogeneity among Layers

leferent Layer
100 I L T T T T LN L DL LI ML ]
_ B top 20% tokens top 40% tokens |
80 + top 30% tokens BN top 50% tokens -
]
- [ Sg¥"nm ) ' 0
S 6of l...........|.l.......l. T Less than 70% of the tokens in the top 50%
§ " [ . of the attention scores between each layer
A N ’ _
_ and the first layer are the same.
20 [ i
N
5 10 15 20 25 30

Decoder Layer Index

The correlation of attention between the first decoder layer
and each subsequent decoder layer.

The attention distribution of each layer is not similar.
17
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Image Token Attention Characteristics

Characteristic 2:

leferent Layer
100_""[' T L AL L
B top 20% tokens top 40% tokens |
80 + top 30% tokens BN top 50% tokens
[ m ] 1st Layer
X 60 l..ll s onpngiignngin._ My B,
=g Ll LT bt | (1] .. -
%3 L
A 40r ]
20 - .
[ 16t Layer
o
5 10 15 20 25 30
Decoder Layer Index
The correlation of attention between the first decoder layer
and each subsequent decoder layer.
32nd Layer

The attention distribution of each layer is not similar.
We need to compute important tokens for different layers.

Heterogeneity among Layers

Attention Distribution in Diff. Layer
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Image Token Attention Characteristics

Characteristic 3: Continuity in Sequence
Different Generated Token Step

M top 20% tokens top 30% tokens top 40% tokens M top 50% tokens
100 v ocoder Layer 1

80 |

— .~ Top 50% tokens always be focused

11— Top 30% tokens attention is slowly shifting

Generated Token Index

19
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Image Token Attention Characteristics

Characteristic 3: Continuity in Sequence

Different Generated Token Step

M top 20% tokens top 30% tokens top 40% tokens M top 50% tokens During sequence generation,
g R R e Decosor Layer TUUen

attention is continuous in the short term (focusing

80 | | on similar tokens), but it can shift.

— .~ Top 50% tokens always be focused

11— Top 30% tokens attention is slowly shifting

Generated Token Index

20
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Image Token Attention Characteristics

Characteristic 3: Continuity in Sequence
Different Generated Token Step

I top 20% tokens top 30% tokens top 40% tokens M top 50% tokens
100 'Delch?rllfayqull _

During sequence generation,

1 T T T T [ T T T T T

attention is continuous in the short term (focusing

80 | on similar tokens), but it can shift.

Using only 30% top attention image tokens ensure
99% samples generate 3 tokens that identical to

those of the raw model.

- LLaVA-1.5 7B model
-  OCRVQA dataset

Generated Token Index

21
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Image Token Attention Characteristics

Characteristic 3: Continuity in Sequence
Different Generated Token Step

I top 20% tokens top 30% tokens top 40% tokens M top 50% tokens
100 'Delch?rllfayqull _

During sequence generation,

1 T T T T [ T T T T T

attention is continuous in the short term (focusing

80 | on similar tokens), but it can shift.

Using only 30% top attention image tokens ensure
99% samples generate 3 tokens that identical to

those of the raw model.

- LLaVA-1.5 7B model
-  OCRVQA dataset

Used token in each step is few but may shift.

22
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Text Token Attention Characteristics

0.7 +

0.6

0.5 |

04

0.30 |
0.25 F
0.20 F
0.15 |
0.10 F

0.05 £y

Image Tokens

Std
Min-Max

Average

Generated Token Index

User Instruction

Average

Std

M- Max ]

0 50 100
Generated Token Index

As the number of generated tokens increases,

We also observed this phenomenon in LLaMa 2, which is a language model.

Therefore, we keep the recent token and the most important remote token, like the KV

cache compression method in language model.

SUS30], paleIouan

-

the attention of remote tokens decays rapidly;
Model allocates more attention to the recent tokens;

a small number of important remote tokens are allocated attention.

23
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L] Core Token Cache .| Secondary Token Cache
J Minor Token Cache A _Inactive Cache

Adaptive Text-Aware Vision Attention

______________________________________________________________________

; | Layer 1 Layer2 Layer 3 : Layer L-1 Layer Li

: 1[0 O m o] (O]

_ . Prefill Phale [-| | = SENEE
Prefill Phase: Delete a small amount of completely redundant =i = - o b= I e e Lol I
: | :

image tokens in the shallow layer (P% tokens) : s = B : U I
""""""" Sty il g ot ul iy e gl gy . i

25



Design of A-VL

. . o . '] Core Token Cache | Secondary Token Cache |
Adaptive Text-Aware Vision Attention | O Minor Token Cache @ Inactive Cache |
i Layer 1 Layer2 Layer 3 Layer L-1 Layer L
: O O O ol (O] :
_ : Prefill Phase |—| | — =NE
Prefill Phase: Delete a small amount of completely redundant S > S = o L b g L
image tokens in the shallow layer (P% tokens) i | S = o0 |

Redundancy Recognition: Tokens are divided into three
types of importance based on attention scores:

- Core: Most relevant to the current query.  C% tokens
- Secondary: Potentially useful for future. S% tokens

- Minor: Least relevant, evicted from cache. other tokens

26
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Adaptive Text-Aware Vision Attention

Decode Phase: Adaptive Attention
- Core: Most relevant to the current query. €% tokens
- Secondary: Potentially useful for future. S% tokens

- Minor: Least relevant, evicted from cache. other tokens

Evicted minor tokens for each layer.

Observation: Heterogeneity among Layers

Keep secondary tokens in memory, and only core

tokens are computed at each step.

Observation: Sparsity & Continuity in image tokens

L] Core Token Cache .| Secondary Token Cache
[0 Minor Token Cache A Inactive Cache
3 Layer 1 Layer2 Layer 3 Layer L-1 Layer L
: O Il ] Hl o
. Prefill Phase |- O [ [ Of
; L—>»{] 2 | ] SEEETEETEREEE 0|
E O O o & X X[
Cl [ L] ] O

Token-wise Eviction o oo Ho Fo o |
------------------------------------------------------------------------ E
: O v O I
j  Dparse z—C S [ ————— >pl—>m |
+ Decode Phase |~ v % O] IRk

K steps : : : : - 5'
] B e E

27
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. o o . L] Core Token Cache .| Secondary Token Cache
Adaptive Text-Aware Vision Attention O Miner Token Cache T Inactive Cach
- Layer 1 Layer2 Layer 3 Layer L-1 Layer L
! O O O s EE
. . : Prefill Phase |H| |E - N
Decode Phase: Adaptive Attention : S > S P o b= I—— e e (ol I
- Core: Most relevant to the current query.  C% tokens i g3 O 2 =l RISl
- Secondary: Potentially useful for future.  $% tokens T,f’f(f’_n_'_“_”_s_e_fa_‘f‘f_tf(_’r_l_‘ﬁ_____’ff’ _________ S > "& =
. : : O (% O v v S
- Minor: Least relevant, evicted from cache. i Sparse > L | > _, ,;j s
+ Decode Phase |~ v O ol g
E K steps : 5'
S S 5
Regularly update the core token set to ensure that T = m T =TT == §
L i Update 5l |5 4~ I >Ot>{| |8
attention is always accurate.  ypdate every K steps : Decode Phase | O 0 0 ol
_ o - ﬂﬁ&é’té’éb}é'fék'e}a"d"""("} """"" o ro o
Observation: Attention is slowly shifting ettt ittt ;
. Sparse O O
' Decode Phase |[1—> A L] EEEEEEEEEEEEE » L] >
' K steps % % v U U '

________________________________________________________________________
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Adaptive Text Attention

Since the text attention pattern is similar to language models,

we use KV cache compression method in LLM, H,O1, to evict history tokens.

<
«

SU930], PRIBIauUan
EEEEEE

Description of parameter

We only keep a cache of length T% of the original text sequence ——

S% The proportion of secondary image tokens
C% The proportion of core image tokens

K Update the core token set every K steps
P% Image tokens retained in prefill phase
T% The proportion of retained text cache

1. Zhang, Zhenyu, et al. "H20: Heavy-hitter oracle for efficient generative inference of large language models." Advances in Neural Information
Processing Systems 36 (2023): 34661-34710. 29
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Implementation of A-VL

To achieve adaptive attention, we need

- Cache selection and eviction: execute concurrently with
inference, ensuring efficiency without waiting.

- Selective calculation: Only the core tokens are calculated

at each step.

30
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Implementation Of A'VL s _6];1; """" I;e-yT_ Eaiate et -V;ll:e ------------- |
To achieve adaptive attention, we need CEEEEE X X r1 = [
- Cache selection and eviction: execute concurrently with i b J

=<

inference, ensuring efficiency without waiting.

n' core tokens,
n'Sn

EEEEEEE _ % HHﬂ —

Pay attention to | |
necessary tokens n

- Selective calculation: Only the core tokens are calculated 1

at each step. I

31
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Implementation Of A'VL s _6];1; """" I;e;T- Eaiate et -V;ll:e ------------- |
To achieve adaptive attention, we need CEEEEE X X r1 = [
- Cache selection and eviction: execute concurrently with i b J

=<

inference, ensuring efficiency without waiting.

n' core tokens,
n"cSn

[(TTTTT]x _ % H‘ﬂﬂ o

Pay attention to
necessary tokens n

- Selective calculation: Only the core tokens are calculated 1

at each step. I

Slicing the cache before matrix multiplication intro duces a
performance bottleneck, because the core caches are not
stored contiguously in memory.

32
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Implementation Of A'VL s _6];1; """" I;e;f Eaiate et -V;ll:e ------------- |
* | |
To achieve adaptive attention, we need EEEEEER X H = DT
- Cache selection and eviction: execute concurrently with i b = J J

inference, ensuring efficiency without waiting.

n' core tokens,
n'Sn

[(TTTTT]x _ % H‘ﬂﬂ o

- Selective calculation: Only the core tokens are calculated 1

at each step. :
———————————————————————————— a Pay attention to
‘h(_J
necessary tokens n'
. 4 - —e— Full cache computation -
§ - Slice and multiply
: Custom CUDA op
S 2t h
By
!
we develop a CUDA operator that allows multiplication with selected N i
rows or columns of the second matrix, eliminating the need for slicing. 0 5 10 15 20 25 30

Batch Size
33
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Performance Guarantee

Model | Method | DocVQA  TextVQA OCRBench Nocaps Flickr30k VQAv2 Avg.
Original | 31.20 48.67 20.60 101.88 7381 76.52  58.78

FastV | 2735 47.16 19.30 101.06 7299 7486 S57.12

LLaVAL57B | ‘gogy 30.34 4822 20.40 10223 7353 7649 58.54
Our 31.26 48.44 20.90 10267 73.81 76.52  58.93

Original | 3539 52.86 22.50 10753 79.69  77.97  62.66

FastV | 3027 50.64 20.60 10641 7888  76.65 60.57

LLaVA1513B | ‘pog 33.86 52.72 22.30 10711 7915 77.96 62.18
Our 35.22 52.97 22.40 10752 7979  77.97  62.65

Original | 74.43 64.65 53.10 88.18 6845  80.01 71.47

FastV | 67.69 63.15 4830 8621 6673 7958  68.61

LLaVA167B | ‘pop 72.01 64.15 51.10 88.63  68.61 79.97 7075
Our 74.46 64.69 52.00 88.14 6838  80.02 7128

Original | 77.23 67.06 53.90 88.12  66.67 8093 172.32

FastV | 7026 65.14 49.10 8778 6596 8048  69.79

ITava 1608 | “mop 75.85 66.58 53.00 8833  66.71 80.91  71.90
Our 77.30 66.97 53.90 87.68 6652  80.94 72.22

Original | 68.65 61.10 49.10 5892  59.01 7917 62.66

—— FastV | 5145 52.85 38.60 5873 5784 7605 5592
H20 65.84 60.59 46.60 5006 5939 7916  61.77

Our 68.09 60.66 49.10 5846  58.88  79.16  62.39

Our method achieves nearly lossless performance and our average performance is
better than the other two baselines.

35
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Memory Usage of KV Cache
Settings Stored Used KV Cache
Model S% C% K P% T% | Cache Cache Memory DocVQA TextVQA OCRBench Nocaps
S - - - - 1100% 100% 339MB | 31.20 48.67 20.60 101.88
Llava | 40 - - - - | 46% 46% 1S6MB | 3126 48.44 20.90 102.67
158 42 55 & 80 = | 5o d4op ioME | > ukes oo oo
~ = - (4 (o) . X A -
Description of parameter 45 30 3 90 50 | 48%  38%  163MB | 30.92 48.46 2050 10222
— S - - - - [ 100% 100% 529MB | 3539 57.86 22.50 107.53
Param. Description [Lava | 40 - - - | 4% 46% 243MB | 3537 52.86 22.20 107.61
S% The proportion of secondary image tokens 15 13B 45 30 3 - - 50% 40% 265 MB 35.22 52.97 22.40 107.52
C% The proportion Of core lmage tokens ’ 45 30 3 90 - 50% 40% 265 MB 35.46 52.83 22.30 107.60
K T —— i — i —— 45 30 3 90 60 | 48%  38%  254MB | 3543 52.84 2230 107.59
T S - - - - [ 100% 100% 1179MB | 7443 64.65 33.10 88.18
?2’ !thggig)l;‘igi;e(t)?‘;’;i;’egrfe Ttl fif: LLaVA | 40 - - - - | 43% 43% S507MB | 7429 64.76 51.20 88.14
i prop 167B | 45 30 3 90 - | 47% 36% 554MB | 7446 64.71 51.90 87.43
45 30 3 90 70 | 45% 35% S531MB | 7444 64.69 52.00 87.45
T - - - - [ 100% 100% 1841MB | 7723 67.06 53.90 88.12
LLaVA | 40 - - - - | 43% 43% 792MB | 7730 66.97 53.90 87.68
1613B| 45 30 3 90 - | 4% 36% 865MB | 7697 67.06 54.40 87.59
45 30 3 90 70 | 45% 35% 828MB | 7697 67.06 54.50 87.59

Our method maintains lossless performance with less than 50% cache stored and only 35% used in computations.

The decode latency is only 50.5% of the original.

Notably, our method does not utilize the entire stored cache for computations, thus reducing the computational load compared to other methods.

36
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Memory Usage of KVCache Different Param. S Different Param. C
30 ] [ —— No update |
30.5 - i
4 <
2 Z 300 [ ]
—— Adaptive Attention | =5 ]
L 20 [ === Origin Model 7 - =7 1
Description of parameter o 0% 0% ok 0k o T T
s g P ti f i he Proportion of image cache
Param. Description ey N ity miee] i abbetion (0]
S% The proportion of secondary image tokens
C% The proportion of core image tokens :
K Update the core token set every K steps Different Param. T & P
P% Image tokeqs retained.in prefill phase . [ L ——— g ]
T% The proportion of retained text cache : ]
2 30 .
<Zﬁ I === Origin Model ]
99 ] —— Different T% ]
Different P% ]

50%l — 160%. ll ITO%‘ — .80%1 — IQD%
Proportion of cache size (T/P)
As the amount of cache allocated and utilized for calculations decreases, the quality of the model's output degrades.

Users can make their selection based on the trade-off between efficiency and accuracy requirements. 37
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Conclusion

The Take-Home Message

1. Large vision-language models exhibit significant redundancy, particularly in the vast number of visual tokens.
2. Different modalities have different attention patterns. The image token will be continuously allocated attention.

3. The number of tokens used at each step is small and gradually shifts. We can compute only the most critical

tokens at each step.

4. Slicing matrix may pose a performance bottleneck due to memory non-contiguous, making it crucial to

optimize this process at the CUDA level for efficiency.

39
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