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[1] Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017)

Background

 Transformer[1]
Query, key, value Zt0] similarityS 7|2t 2 = feature representation= =2

. £7 tokent M Y H O 2 EXYBLE token O] A E DHBIEE globaldt S-S
10 2{SL0] featureE =Y + ULCt= FHO| UAS
- XA O] KM2| 200 A M-S M| A2, vision =O0FU| M = CHYStH task M E2 M 5S
B
t
Linear
i
Concat
Scaled Dot-Product DA h
Attention
.‘: - I t - .‘. -
Linear Linear Linear
¥ r] ¥
V K Q
Multi head self attention
R SB 8L | VDS \
3 LAB

SOGANG UNIVERSITY



Background

« Embedding

- Input patch= flatten®t = linear projection= O|-& 3l patch embedding =3

- PatchS CHE S} = feature= 1d tokenl| HEZ HE A

- Linear projection &14t=2 MLP layer EE= 1x1 convolution2 2 =3 7}

L
o
Patch(P, P, 3)
Img Img i FP E
Split Flattening Patch Position z
’ patch pattch —— embedding ———— embedding ——
— —_— >
(H.W,3) (H,W.,3) (L, Co) (L. C) (L,C)
FP E
. X E tch . + Epos
L=2Y " patchol 7§+ : o :
P P
Co= P+*Px*C :patch H& + (L Cy) (L.C) (L,C)
C : hidden channel size (Co, )

Embedding overview

R sl yd R nl

I VDS \
SOGANG UNIVERSITY 4 LaB



Background

 Self attention

- Learnable parameter 2 linear projection=2
- Query, key?t2| &ALk (Key - Query.transpose)

q,k,v] =zUg,

A = softmax (qkT / \/D_h)

SH510] query, key, value 24
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Alexey Dosovitskiy et al. An image is worth 16x16 words: Transformers for image recognition at scale. In ICLR, 2020.

Background

« Vision Transformer[1] architecture M| & %
- Patch sizeS 16x162 2 &7 5}0{, patch embedding A| 168 down-sampling <=2
- Transformer encoder blockO| L& BtE | =

- Transformer encoder block2 self-attention 5! feed-forward layer2 Tt &0 QS

Vision Transformer (ViT) Transformer Encoder
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[class] embedding Linear Projection of Flattened Patches
I i R I
Embedded
Vision transformer architecture
R S T B | VDS \
LAB

S—

s s
SOGANG UNIVERSITY 6



[1] Marin, Dmitrii, et al. "Token pooling in vision transformers.”, WACV, 2023.

Token pooling|1]

o =2 AT} self-attention O| A 2| quadratic complexityS 7i 4157 </ 5H
(@)
AL 210 US
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QKV proj. O(LNM?) 12.25 4.18 1.05 0.26 DeiT-§ attention
O proj. O(LNM?) 4.08 1.39 0.35 0.09 Flops RV
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HAB SR Token pooling via cluster analysis of token representations
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Token pooling

L
=2
=)
il
#‘
D
]
(=
3
=
=2
3
o
c
-
o
QD
oD
(@]
<<
rot
5
g
(9]
-
1o
|
9'_|-
o
=
on

- [F2 A attention2] output redundant information= 72! similargt token=a £ &
1

N
Oy, = ARV}, such that o(q) = ZEXD(Q’Q - k;) v;.
Ap = softmax(QhK;—/\/E) e RVXN Z(q) i=1

1 N o 2
o(q) = ZBXP(—EHQ—MH )'U'i
i=1

2'(q)4
= z,(lq)fexr:(—gllq - k||2) (its(k - kf)w) dk
=1
- z’(lq) G(q; clr) «S(q; K,V), (7

] 2
b B
. = ]
]
q =
1 | =
1 s - | 3 -
LR I B

VDS

LAB



Token pooling
« 12 A transformer block T/ 0| X| 2t3}= token pooling & B = X &5}=
TEE X ¢t
- 7| & efficient vision transformer 0| A self-attention0|| F==5}=
- O| I redundant®t tokend{| CHSH A token= &0|= 0| S A
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[1] Goyal, Saurabh, et al. "POWER-BERT: Accelerating BERT inference via progressive word-vector elimination." International Conference on Machine Learning. PMLR, 2020.

Token pooling

« Down-sampling method
- Grid-downsampling

_J|ECNN E 01|*1 A|._ELE|E £ 73 gird £H2 2 convolution S poolingS X 238l A
downsampling= =& 5= & &

- Score-based token downsampling [1]
- AttentionO| = =l featureE CH &I 2 £ &2 score®| tokenHS HAE
- 24 layer E 2 K7H2| token= =745 1 token pruning

- Proposed token pooling

- Feature = L& 2 = clustering= M &30 2} token2| =& E = pooling= M &

N e sclected tokens A % selected cluster centers
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token f token f
R A CHda Score-based token downsampling 2211t &| 2+S}= token pooling 2 & | VDS \
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Token pooling

« Clustering

- Clustering= cluster 7H==

E20| 158 gyt

|
- K-means clustering : 80|
g2 M2 38

- K-medoids : K-means &t & L 0|= gl

Yo O SUEE AL E

o
- Weighted clustering : & & O| &
HHH S ALR
o d= o

(d) (e) U]

n 4%t 8k lterationOf| [HE clustering 1HS
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Token pooling

« Token pooling 2t
- 7| & DeiT 225 0|83} training =

- HENS token2| 7= kE Z7835L7| ®I5H, Ol F & =+ U= layerg &f RTH =
finetuning = &

- KOl &==0] clustering= 3t11, O|F O| &3l downsamplings &
- =0]= 220 CHsh CHA| finetuning 2
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Token pooling

« Experimental results

- Downsampling 22 H|

- Lt ot k selection 7[EF M & 7| &0 £2 €55 20| = score-based downsampling
(POWER-BERT)2t H| 35t L2t 52 E Y
80 | :
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SOGANG UNIVERSITY 13

R sl yd R nl | VPES \



Token pooling

« Experimental results
- K| OtSH= BEHH O clustering 7| B 7H2| M& H| L
- 2= cluster 7|t 2 A O] score 7| B Ol POWER-BERT EL £2 d52 E Y
|.

- Clustering 7| & Z+0{l = weighted k medoids clustering 7| 0| 7} 40| 5
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g 76 1 (Ours) K-Medoids
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[1] Bolya, Daniel, et al. "Token merging: Your vit but faster.”, ICLR, 2023.

[2] Lee, Heejun, et al. "Sparse Token Transformer with Attention Back Tracking." The Eleventh International Conference on Learning Representations. 2022

Token Merging|1]

« 7| token reduction 2

- Pruning

- Model 2| weight= & SR =7t &2 weight2| AAS MAHot ZEt St= 78

- Token pruning

- Token EtQ| £ | 0| B £ CtF = transformerOf| Al AR = 7| H
-DEHo| ABOZ AR L= tokens SO A SLSHX| AL E

before pruning after pruning

pruning ____
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Pruning 7} & &=
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Token Merging

« 7| token reduction 2

- Pruning 2| £H

-Pruning@ £ Qlot E &=40| & (ds Xot7t
-RES NotsA7I= 80| & (R R 2 hyper parameterS ' 3)
-HEZ 2S5 0|0 HEY = 8lS

after pruning
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pruning
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Token Merging

« Combining token
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rlo
A
0jo

- Token reduction= ot= A= EX|TF, combining o= Y
- Token poolingO| & =&2| 2t 7H& FAL
- Token pooling2| A
- K-means 7|2t 2A 2 jterationOf| 2 +FE| D2 =
- Pretrained model 2t= 0| &3 A XM =2 SESHA| g

<o I finetuning2 R E Sh= A2 OFL| X2 finetuning2 X &5HX| %S 42 0%
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—4— WK-Medoids, no finetuning 712 Ours (on DeiT-e252)
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Token Merging

« Token merging 2t

- 7|Z9] token pooling B 1t CF2 A| attentiont MLP layer AFO|O{| A token
mergingS X2
ging=S X8

- O| = attention LH 0| = feature= A& Al merging2 token= 28 S}H7| 2
sz Attention LH 2| HEE 28510 H & 2
- 2F training A0 ToMeS X EotCtE, et e EE S 7(82 2 Y E S propagation?

o
Ol =
Qe PE

with proposed
Token Pooling

e
f A

b) Transformer Block + Token Merging |—
X Attention —+—ToMe — MLP  —(+ v]

ETESTU

Token merging

OO0 0Q0
C0O000O0
sl yd R nl
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Token Merging

o Token Zt2| similarityS OB A 7+ A K|
- Transformer2| &7t feature= Zf token2| S
- ZH I X| Yol EX S 2t S| encoding
- O| = similarityE T-St=0 S25HX| %2 token E 7t Zehet = UZ
- Self-attention 2 2 8| 4

- Attention LIl £ 2| key feature= queryZt2| similarityS T75t= 5 25 £ 0, Zf tokenOf|
EotEl MEE summarize &
- kA | otst= B2 key featureE O|- 83 A similarityE +&

2 0|2 E| SAISH HEE Z5H5H= tokenS AN

?
g 25| encode™ =7t A S

ox T

—

feature  acc im/s function acc 1m/s

‘b)/:rransforrnerBIockfrTokenMerging B }‘:pre 83.02 186.8 EUCI 84‘26 1825 aggregate ace ln-ul"s

A X0 8370 1828 icine 84.25 1829 concat 8432 1803
\ 0K BB ot 8278  183.0

i “ 1A 0 84.04 1828 0 . ot mean 84.25 182.9
V 83.80 1829 softmax 82.00 183.0

Feature choice Distance function Head aggregation

A |VDS \
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method acc 1m/s

1 keep one 81.01 185.4

TOken Merglng max pool 83.50 184.6
_ _ _ avg pool 83.57 183.8

« Bipartite soft matching weighted ave  84.25 1829

- Token= spatial F2 = oF T/ 2{X|A HZOI7IHAM 0| 2¢t
- SimilarityE 7|9t 2 TI& F Aot
- Edge S0l similarity scoreE 7%=

- 0§ 7| M r2 reducing St 42 token?2| 7H=

- Matching©O| =l token ZF0i| combine=

o
- Weighted average pooling & 20| 71 £2 452 2 ¢

fujo

Combine method

c) Bipartite Soft Matching / \
(00 9 8> ~ O 00 )
olo, Q0
Q — &8 T &8 — Q —™* 00
QO O O O O O '®)
CO o—=O O O © O
Step 1: Assign  Step 2: Draw one edge from  Step 3: Keep the top Step 4: Merge Step 5: Concatenate
Tokensto SetA  tokensin SetAandtheir  rmost similaredges.  connected tokens.  the sets back together.
\ or Set B, most similar token in Set 5. /

Bipartite soft matching &'& 1%
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Token Merging

« Token merging2| & =H % =%
-T2 M8 HEQIR ViT-Large/le6 ZE S ALE

- MergingZ token = r=82 £ 0 247l 2] layerOf| A 98%2| EZ2 XM 2 2 reduce

YT 4 gl wrEN ol X2 Ty

- Token mergingO| HEIH o = Tl

- M| tSh= 2 reducee token2| 7H == rOfl CHSH token merging= 2= 20| Of(L) 0| A
MAI™oZ Al

= 0| = pre-trained networkOf| 9.“1”'.@% =T US

EI

A a) Gradually merge tOk?”? in each F"OCK R % selected cluster centers
it
)
2
\_ Imag * Patchfied  Block 11 Block 22 Block 32 Y,
token f
Transformer blockOl| [Zt2} token merging visualization Token poolingOi| A AHE3t cluster &'E
’! 517 & VDS
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Token Merging

« Experimental results
- ViT-Large/162| accuracy+= 85.86, image/sec : 93.3 Of| CHSHA{ ZI3H

- masked autoencoder (MAE) & 81O 2 st&
- Token pruning & 812 HEX|TH 45 44 =

-z ot HEE 210 Q= tokens K| KHE|7| I E

©

=
(]

=~
- Token merging & & clustering 7| 29Fo] &2 pruning 2 CF 2F7H LI2 HetE E
HO[X[ZFMe| £E=7F =8 F

- 2|o| EHH 2 finetuning 2 ZR ZE &
- | 2tot= B2 greedy matching 2 bipartite matchingOl CHSH A A

= O
- Greedy matchingO| bipartite matching £ C} 2f 7+ H&ts|X| 0t XM o2 Tl
e EIES= e

style algorithm acc im/s —
prune random 79.22 1844 <Se iy matchadl
prune attn-based 79.48 183.8 us

merge kmeans (2 iter) 80.19 169.7

merge kmeans (5 iter) 80.29 147.5

merge greedy matching 84.36 1794
merge bipartite matching ~ 84.25  182.9

Matching 20| (I E &

g Ay k-t Greedy matching
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Token Merging

« Experimental results
- Token merging 7| E M50 viT 22 2 7|2t
throughput= 74 Al 2t 24
- &2 2 E (VIiT-B, S, Ti)O| A= 4~5 % =& X6}
-7t 2 RE =07 3= E M5t

o
= —

2t

2 BlO| 25 28 7HE <

o SO X
-0l= 2 220| § Z O feature 2| LI X QI HZAZ allowd}t0f merging2| &= =0|7|
Iy &
= ML= SE= Sk A OlS
- Finetuning A| Z&2t0f| & ds5XNoHE 7He = U3
85 | gl T 86 R S—
o) — VIT-L/16 @ 384 - TSI~
9 —vruleessd L T e 2 Model .
280 | Z Wrane ‘:’, 84 | — viT-H/14
g — ViT-5/16 b — ViT-L/16
S 75 | — VIT-Ti16 582 | — ViT-B16
< Mode g Mode “
-». OfftheShelf g0 | —w- Off-the-Shelf LA
70 —e— Trained \
32 64 128 256 512 1024 2048 4096 X
Throughput (im/s) 32 64 128 256 512
Throughput (im/s)
ViT 22 (AugReg) 37| 2 ToMe { & g5 =4 VIiT Z2(MAE) 37| ToMe M & g5 24 &
Finetuning 21}
R AW THED | VDS \
SOGANG UNIVERSITY 23 Las



Token Merging

« Experimental results

CtH=EE HOE

7= SOTA REE H| IS I, BEE U= X2H
model input| acc  gflops  1m/s
Eff-B5 456 | 83.6 99 169+
VIT-BMAE 224 | 836  17.6 309
Swin-B* 224 | 840 154 278
CSWin-B 224 | 842 150  250*
MViTv2-B 224 | 844 102  253%
ToMe
VIT-LYAY 224 842 223 241
ViT-LY¥ 224 851 310 183
VIT-LME 224 | 8577 61.6 93
Eff-B6 528 | 84.0  19.0 96
MViTv2-L 224 | 853  42.1 81
ToMe
VIT-HYE 224 861 726 81
VIT-H )2 224 865 929 63
VITHMAE 224 [ 8697 1674 35
SwinV2-H* 224 | 857 1181 49
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Token Merging

« Experimental results

- Token merging visualization Z 1t 2 QIS 2 ™M O[O X| 2] FAlet 222 mergingt

= S oF A o
ZNHE EOIE 4+ 9IS

PR Admnsa | VDS \
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Conclusion

« Token2 =0[2{1 & M pruned Z 2 X], merginge Zd 21 X|Of| CHoF A
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