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Background

« Transformer
- Query, key, value Z+0f| similarityE 7|2t 2 = feature representations =24
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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}
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Background

 Self attention

- Learnable parameter 2 linear projection=2

S query, key, value ‘8-S
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Background

e Multi head self attention
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Background

e Multi head self attention

Dot product

Attention weight
(HW x HW x head)

Value (HW x C)

(HW xHW)(HW x C/head)

-

Output
(HW x C)

VDS

-
>
|UJ



2

Background

« Vision transformer(ViT) Atk
- Self attention computational complexity of ViT : 2(hw)?C - O((hw)?C)
- hw : patch 7l ==(L), C : hidden dimension
- Computational complexity A4
2o (hw X €)-(C x hw) A2 1” - (hw)2C
st (hw X hw) «(hw x C) GAH1EH -
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[1]Wang, Wenhai, et al. "Pyramid vision transformer: A versatile backbone for dense prediction without convolutions." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2021
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« Pyramid vision transformer(PVT)

- Query - key.transpose = A = (hw X C)-(C X };—V:) = (hw X e
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Background

 Pyramid vision transformer(PVT)

(hw)?
R2

- Self attention computational complexity : 2 C - O(hw?()

~ hw : patch 7H==(L), C : hidden dimension
- Computational complexity A4t
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[1] Graham, Benjamin, et al. "Levit: a vision transformer in convnet's clothing for faster inference." Proceedings of the IEEE/CVF international conference on computer vision. 2021.
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[1] Yu, Weihao, et al. "Metaformer is actually what you need for vision." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022

Background

» 0| O| 20| &= transformer 7| Et2| CHot Bt ZEO| S
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[1] Li, Yanyu, et al. "EfficientFormer: Vision Transformers at MobileNet Speed." Nips (2022).
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Efficient attention
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- Self attention= =2 [If quadratic®t computational cost7} ‘2’4
- Vision transformer(ViT) : 2(hw)?C - O(hw?()
C - O(hw?()

- Pyramid vision transformer(PVT) : 2

- &, Ol &k = (token2| 71 %) Of| quadratic SFA| computational cost”Zt 2

Z

(£,€) 0 (L,C)

Z

T Wo — Query
LC
@0 .0 ) softmax (QTIE'T) =A
7, (L,1)
; x Wi =— Key

AV — AV+V

|

(hw)?
2

x Wy — Value

(L.C)

(L,C)
C,.C
€0 [

VIiT architecture

Query (hw X C)

&c

Zi41
MLP — +—
| | )

=A ) A-V =MLP %

softmax(Q - K'T)
Linear v
Embedding feature projection (E X2 x C) 1
(hw X C) Key (hw X C) (hxwxC) ROR
Key (— xC)
E
Lincar reshape Spatial re ld ctio
projection (convolu uon)
(hxwxC) (-><—><C) Value’ (—><C)
Value (hw X C) R7R R?
— — —
reshape Spatial reductiol reshape I
(convolution)

PVT architecture

AH
o



[1] Shen, Zhuoran, et al. "Efficient attention: Attention with linear complexities." Proceedings of the IEEE/CVF winter conference on applications of computer vision. 2021

Efficient attention

o Attention with linear complexity[1]
- self attention &4t
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[1] Katharopoulos, A., Vyas, A., Pappas, N., Fleuret, F.: Transformers are rnns: Fast autoregressive transformers with linear attention. In: ICML (2020)

Efficient attention

« Attention with linear complexity
- Multi head self attention &4t

-A(Q ,K ,V )=softmax(%)V
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Efficient attention

« Attention with linear complexity

- Multi head self attention & At

-A(Q ,K ,V )=softmax(%)v
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Efficient attention

« Attention with linear complexity
- Multi head self attention At
- (QrKp)Vy S - O(T?D)
- Qn(Kp Vi) Stt - O(D?T)

mm Efficient attention
e Non-local

412
GMACC

W Efficient attention
. Mon-lecal 17GE .
101;

10“:—

].U] 1
107 e
(=]
o= =
S =
£ alo
L o
= 5
()
108
10¢
10’

108

Bl 124 256

Side length of image Side length of image

Resource requirements under different input sizes

19




Results
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EA module Non-local module
Layer(s) Box Mask Mem. Comp. Box Mask Mem. Comp. Inputsize
None 394 351 0 0 394 351 0 0 N/A
res3 40.2 360 413M 121G 403 359 122M 374G 56 x 80
res4 40.2 359 195M 396M  40.1 360 245M T4EM 28 x 40
fpnl 399 358 220M 528G OOM OOM 208G 602G 224 x 320
fpn2 39.7 357 5351M 132G OOM OOM 134G 423G 112 x 160
fpn3 397 355 138M  330M 39.8 355 940M 286G 56 x 80
fpnd 39.7 354 346M B2l6M 39.5 353 846M 234M 28 x 40
fpn5 396 353 877K 206M 394 352 1.17TM 284M 14 % 20
res3-4+fpn3-5 40.6 362 T89M 224G  40.7 363 250M 762G N/A
res3-4+fpnl-5 41.2 367 354M 885G OOM OOM 224G 712G N/A

Comparison between the efficient attention and non-local modules on MS-COCO

2017 object detection and instance segmentation.
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[1 ]Bolya, Daniel, et al. "Hydra attention: Efficient attention with many heads." arXiv preprint arXiv:2209.07484 (2022).

Hydra Attention|[1]

e Multi-head attention

T
- A(Qp, Ky, V) = softmax(Q\'}gh)Vh vh e {l,.. H}
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Hydra Attention

e Multi-head linear attention

+ AQn K Vi) = (#@)S(KD) ) V= (@) (@(KEIWV)  VhE(L, ..., H}
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v 7| & self attention 2 head 7H==7} 127}| O| &2 E{ H-50|
E|A

B Linear attention2| 4 H=7687/} K| A &t5| Latx
ASFHOoz 2N

EI-I

Ho| 2as

O
| #XIE= A

rir

0]

o

Method

e —e
e \ =@~ Softmax Attention

=#§- Cossim Attention

,,,
@
S

\0
/

Top-1 Accuracy
3
=
//.

| \.-\ x.—____x
76% ; Sx—x

1 3 6 12 24 48 96 192 384 768
n g ﬂ.‘-—n— Heads VDS
LAB

SOGANG UNIVERSITY 22



Hydra Attention

e Multi-head linear attention

- 2M AH0| o3l head7i{5=E channel(token dimension) 2} S 8} A 2HE = e K| ot
- AQn Kn, Vi) = (6(Qn)B(KT) ) V= 9@ (S(KIV)  YhE (L, .., H}

- Q19| Al HIEL O 2 head7) = token dimension2t & LSt &FH Z headOf] &S &=
dimension©O| 10| &
2 Qn, Kp, Vi, € RT*T = vector 7} &
- Hydra(Qp, Kn, Vi) = ¢(Qn) O Xi=1 9 (Kp) O Vy
== O : element wise multiplication
- Key 3 value vectorOf| CH2H L & 2 =3 Dt scalargt O] querydl| &5 X| = S EN

Method
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Hydra Attention

e Multi-head linear attention

head
C/head —»

Key(HxXW x C)

4

Value (H x W x C)

Key (HW x C)

Value (HW x C)

Query (HW x C)
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Hydra Attention

e Multi-head linear attention

- 2M AH0| o3l head7i{5=E channel(token dimension) 2} S 8} A 2HE = e K| ot
- AQn Kn Vi) = ($(@0B(KD) ) V= 9@ G(KD)V2)  VhE(L, .., H}

- 2|o| =Al2 HIELO 2 head7H4=2 token dimensionZ} S YL SHA FH 2t headOf] EHEHE!
dimensionO| 10| &l
22 Qn, Ky, Vi, € RTX1 = vector 7} &
- Hydra(Qp, Kn, Vi) = ¢(Qn) O Xi=1 9 (Kp) O Vy
== O : element wise multiplication
- Key 3 value vectorOf| Cff et LM = =25t scalar 4t O] querydi| &3l X| = S EN

QKT V Q‘ e ‘ ) KV
Standard Attention Linear Attention Hydra Attention
0(T2D) \g O(TDZ";H] \g O(TD)
N
Kernel Trick Hydra Trick
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Hydra Attention

» Multi-head linear attention
- 24 AH 2| H5H head7il5=Z channel(token dimension) 2} & 2 5}A 2= = B K| o

- Hydra(Qp, Kn, Vi) = ¢(Qpn) O Xi=1 ¢(Kp) OV
s Qp, Ky, Vy, € RTX1
= O : element wise multiplication
- Key 2 value vectorOf| Cif ot Li &S =2l ot scalarg O] queryOfl &A= EN

- Hydra attention2| & A2
= 3T_ (KD Q VE HAA (IXT)«(T x1) L0l HEH - TH
22 p(Qp) OA ALEA] (Tx1) - (1x1) A0l HEH - TH

Z 1¢(Kh)®Vh_A
kA & o1 AN 2TH

- - O

;: M H=DO|2Z 2TD — O(TD)
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Hydra Attention

« Complexity H|xl

A(Q,K,V) = softmax (ng> V

- 7| self attention complexity O(T2D)
- Linear attention complexity O(TD?) A(Q,K,V;0) = ¢(Q) (6(K)TV)

T
- M| 2t5t= Hydra attention complexity O(TD) Hydra(Q, K, V; ¢) = ¢(Q) @ S K)oV

t=1

L VDS
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Hydra Attention

* Results
Method Accuracy (%) FLOPs (G) Speed (im/s)
Standard Attention [32] 79.57 17.58 314.8
AFT-Simple [37] 74.02 (-5.55) 16.87 (-4.0%) 346.1 (+9.9
PolyNL [7] 73.96 (-5.61) 16.87 (-4.0%)  353.8 (+12. 4
Hydra (2 layers) 80.64 (+1.1) 17.46 (-0.7%) 3219 (+2.3%)
Hydra (8 layers) 79.45 (-0.12) 17.11 (-2.7%)  334.8 (+6. '3”
Hydra (12 layers) 76.40 (-3.17) 16.87 (-4.0%)  346.8 (+10.2%
Results for different attention methods in a DeiT-B
Method Accuracy (%) FLOPs (G) Speed (im/s)
Standard Attention [12] 81.33 55.54 92.5
Hydra (2 layers) 81.92 (+0.59) 54.52 (-1.8%) 96.3 (+4.
Hydra (7 layers) 81.26 (-0.07) 51.96 (-6.4%)  106.8 (+15, -l'
Hydra (12 layers) T7.85 (-3.48) 49.40 (-11.0%)  117.6 (+27.1% J
384px Fine-Tuning
R S T B VDS
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Conclusion

« Self attention2| complexity 278 9| A Zk3}t 7| T A}

« XY self attention 5! cross attentionO| CtQF
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