ERAREI 2023 4F 4533 % 452 11.156-166

doi;10.3772/j. issn. 1002-0470. 2023. 02. 005

Bi-Attention : T [5] 2% i B9 40 £i7 B 18 51 X 28 N iR 7 %0

322 E R

RERK F

ko ARFH

(PERZRITEZATFAANEHERFEERELALRE  JLE 100190)
(FPEBFRAFITENAEEHAFR LI 100049)

i =

A RA R R AN ER N ZRT XN ERRANE S, REF IR

AEMBERAES LG T RANHS, AmIA N EE LR REwE RN EEAR
RENEREME I, BEEFIN EANEFIRZRE SR E LBE, AR T Bi-At-
tention 28 4 & iR B 4 A hu ik 7 & f# F 5 2% 89 TensorSketch 3= & DL X W E 4 ZALH, &
Stanford Cars $t 45 5 & 89/ 5 % % 91.6% , L WA R AHWEARE 1.2% , AR H
— A B ML A S 7 B3 LASSO IE b 5k ALY SR A2 M PR 4 U3 — L (BN)
BEFAEZENY REF, SRERLW LI %7 UK Bi-Attention # A Kk /)

R 1/4,
gl i)

0 3 &

AL U — PR LA BB 25 S W R A4 14
GO AT S5 T R X 52 ] — AR Z )
MR, 5 0 43 2600 RS A H R
LR RS2 22570 S v G ey 412 e 2400 BE PELBCRFATE
AR, AR FH 221 200 BE 8 531 A R A 44555 1 O 1k
B AR, SR i B i1 251 ) 2 AR ) 2
KLU R i 7 AT AT 58 52 e JBE s ] A2 2%
JE | JCUE B I S A B U R R AR e THL R E
KGR 2 R Zeamise s 15

SIS F W], BT A TR P 22 I 2 BT A AE R T
RINSEL, SCHR(8,10-14 45 i, 2358 — DI 2RI K
i I 2 A5 | T B2 5% (S8, (8 RE S8 R
BURHEWT I ELRER AL R R i B S0, (R
25 I L AT S S 2 R DR oo R ) R P
W28 S H0T B A S 2 TSR A AR BT, Jd i At
R BTAL 7 % v UK B AR R i R AR B, (A

20 R A 5 Attention; Z5H T A L1 EE N b 2435

r P U R T B0 BT A0 22 S 0 A BB 2R AT
TR, 1 52 4 BURE 22 9 2% (convolutional neural
network , CNN) M {3 5 2% A0 0 14 3 R 07 ¥ 45 oy 3 5L
HVRLEE 73 ERAIME RE T e, Ok A A 3 A
AR . PR ISR 4HORLE 3 24T S5 AR B B TU AR 2
BOERETE R

AR SCB R AR AR R IR B R
Y7V R ARLRE TR 0 28 455 B A BT R 2 BR A 28
WA b, B Bi-Attention 467 B RIS 43 2555 7 F
VIR B sh AR 45 )1 2505 %, PR RS 25 A
Hh 58 S B AT (A R e 2 B, AR SOy T
RGN 3 AN . (1) %3t T —Fh Bi-Attention
Htipr BE RO AY K BT A AR BE U AE Stan-
ford Cars ZU45 5 b IERRREE = 2] 91. 6% ;5 (2) 42
T —FPEET L1 IR AR A 34l i A 8 5 A I
)7 R45 Bi-Attention 4HREEE PR B, (3) 7E4H
B R B B PE £ Stanford Cars . CUB Birds 1 FGVC
Aircrafts |, Bi-Attention 15 8U J% 45 Il 25 7 B 40
AL FE PRI A] DA S 4 A5 09 R 46 1L .
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1 X T

1.1 2R B IR 5 42 ) 4 45 5

F1 AR 32 PRI RN AR AT 5T 32 2R T o s
> B 7RI RN A5 3] WS4 TR B2 i 28 ) Z5 A5 A
BRI R BR 1 R B 2R bR %8 Sk 75 Z AR S Y ]
PEARTESR B, DRI 552 P 37 5 950 38 #H W R 84 )1 2
AR i N N RGO bR 2 i . SOk 1] 42
Part-based R-CNN, =% RCNN & il If-4 G451 0
JRITRRAE AR B o DA DX U I £ 2 S MU Jmy Pk
MESEATHREG 028 2R BB R A7 3 T R il 2051 AY
Mask-CNN''™ 3 W 2% 7 1) J 12 0] FH LG Jm 3 o
TEAE OGS SSE RO bR A5 B EUG AT 5328, v
FAG &) 2SR AP B, AR AR LB A

WFFEN SRR AN 223055 W 2 > O vk, ATl
SN SR AR AR TEAR B, SCER[ 16 ] 42 7 45 %
b RS 4 A 6 L, DA —A> R B0 T30 4 AR Al
EMD ( earth mover’ s distance ) §ifi %€ H 5 H b1 8085 4
ALY T B 46 . SCER[ 17 ] 88 8 R ANE & 09 5 =X
XF XU CNN I RFIEEA T3 IF R wiplet loss
BRI, 55 W 27 O AT S Y e
PELL R /D BB, AR SCHE M A 00 B R ) A
TN 7 v — i s W o > 05 1 AR R AN 3 A
20 B BRI
1.2 REMEMZEBITE

2L JEE TRURIASE Y 52 o R 2 A A o B 45 L
bR T2 BRI RE 2 Ah b T 2 BT R A Y T
SEReS) , MR HEE TR AR SR B 0 R
FATSREFT1/10 000, H BTA K AR I8 A 5L
FRRUINE AT S AT SR R A Y
BAFE T

TERATI T T, R AR T ol 3 5 22>/ N Y
AR P A S D A 0 3 1 R I, B ) o AR K
IR RLAFAE K it 1945 BV 2 $E 3, 0 VGGL6/
19, XF FHZEEME , SCIR[ 18 | R RFL T A RS
RE 2 AF LAy, JF B R A A 1% 1Y ifE
BT, BEE MG, Toie e & R )
SRR R I3 AR 22 AR BT BT S iR 22, %)
IRV LY RIIES A LN

TESHER I, SR 19 ] 2260k 2 801
PR X BAUA S HOR AR, %07 VA I
SEAEACE S SRR 1 G 3 o % A 2R
i 2RI, Z )5 SR X S SRR R R R X — 28
S EAARAUE ; BR H low-bit S50 R 5 i, I H
uint8 4 float B 5, SCHR[20 ] $2 1 5 T k-means
BT, SCRR[ 21 ] 32 R 8-bit SE{E X
32-bit AL, SCHR[ 22 142 R 16-bit G 55 8UC
% 32-bit FEAHL SR 1-bit 2-bit 55 ik 5 AR I
T B T Ak 3L AR SR S 1 0 e R S A 7Y
T 75 2 AT LA 8-bit 16-bit TAL 7 IE45S i

FEASE TR BY R 7 T, A 2% ) £ AR B A 10 ]
DIBR b2 2% i Z S50, O TS R 465 1
FREAL AT D) 7E B 15 A b e AR AT, A B A 7
22 AT DR R B i 25 g Ak, o0 B sk T AR
JE LA 1Y 2 P AR 02 550 7% ( Basic Linear Algebra
Subprograms, BLAS) ZkM:EUZE S, B2 A1
TN s 405 SR A v E 1 RGBT 55, i L 4k
JE G AFOIMNAT: 55 7 2 T DR 240 0 B RRAE SR T TR
SRLRE KIS

2 Bi-Attention 25 k1 & iR B A A

AT EEA AR BRI BLR Bi-Attention Y
LT SRR BT S
2.1 Bi-Attention EEIZE#]

Bi-Attention 1% 2) Bilinear CNN #5581 > KL Rtk AfE
I A LT SENet [97E B ) 4 SORLH DL R I
DR B AR R B P 2k pRE, &1 1 J2& Bi-Attention
YHURLIE A3 SR Y A R B Y 4 A FEAS B R
PR, 55 1 EBA R e, ab BRI 2R g0k i 7
Bl A BR3P 5 2 #8532 Bilinear CNN
)2 R 22 D 24 8 ) | A BAZE O R AIE A B 565 3 3
ORI R 15732, %57 3 TR L Bilinear 44 1Y
TERE DTS, RIAT R A 35 A a1 DX 43 B Jg R AR AE 5 265 4
AT R BT, X — ER A TE I R B 4 &
Bt softmax 7328451 2% bR T W= IR B8 1) vt
TR AT JC BRI, A R BT A R0 2 bR B50R  Z5et
H
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CNN-A
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// :VJ ‘VJ P

\fl-f-
4 4N 4
\%(_/

CNN-B

Y WY
‘\Xl, \XZ/‘ \XN‘

e

v

[ Input batch } [CNN backbone}

Attention module

E 1 Bi-Attention &EI %14

BT HEE ALH B CNN BB G4 (i ] i B
P A R U8 A e i i, R I A
FENL PRI 2R 1 7 2, R B ORL B R A B e IX
A3 BERRAIE A3 T D3, 461 5 1 S 3 55 3 B, DA
A5 BT () I 28 FF A, 76 DR TEASE A M 1 22 1 [ B ks
BA TR et it — D fs Al ek, B2
BT TAIL A ) 25 455 L R 43 0 22 B Bt ( multi-stage )
B YNt P A . A SCER Y Bi-Attention R &
BEHILAR A T 1 R I ML A AT A B 5 5 T X
G TR AREIE AR, O — Jy T8I R B 2 2 () I 4% 3R
INREST, B IR AL A St AR Rz AR T
AR | 25 R TR AR S — B B AT i ]
U I 2R SRR S 2.2 R 3EAT A 4 Bi-Attention
BREAVLERE T (1 2 AL
2.2 Bi-Attention 1%
2.2.1 KUK CNN BT M2

I 1 7R, Bi-Attention 15575 1% SL Rl B T 9 4%
TXFRATBLHE CNN M 28, 225 E XS FRBLUEE Bilinear
CNN'™ RS T4 H 1 S — 0 T ) 240007 01 7
BRI 2 S HESE | T 45 A 2 TR 8 ) i, A
BT A e 2 HERA R W TR & I 25
WFFE R AT TALIR A CNN RIZ% | HR 2 EAE R B
FEORER LS BEAE S BIR R R R R Y
D)2 EUR SR R A5 B 5 R )2 1Y 4 PR R T
TG EAR Y BURFRIE . A SCIEHX ResNet 50 /E
BT W2 S R B PR A 285 44 (7% Y B 2R RN AL
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X RGP 2ETM R )2 B IR
FURHIE A K 22 1 52 B 3 S, AR F 6 1 3 ik 1
CNN £ ] LA B fige Ay 2 7 B Bl 1) 45 4 31 R R AR
ede 3R R AR 3 A AR R 2 R 5 Ry
fif, XFF Bi-Attention B X CNN W %% R H %2
I8 248 AN o S ) SR el 2 T 2 ) A7t RN SR DR
AT A , B AR AU LE PA T T ) 452 4 0 5 o) A% 5 1
Fr I E] 7S SCHE Y Bi-Attention HE 42 R ] 4279
B RUZILZHLH], B 2 FR B2 ResNet 50 145
ILZAE AL

conv5_4 CNN module

Ll A

ResNet-50 A ’ S
S conss_4

(< A

Input [> ResNet-50 ‘ [> DL
layer convs_4 layers

YA

ResNet-50 B ’

& 2 ResNet50 fiEHLZE

2.2.2 EENINE

27 MAMC™® rP RIS A ) X 7 1%,
£ SE block FyFBIHIERE 1 in— A~ 2% 8 2 %
(3 7 7 B B I 48 T B TE T 0 T 4% A e,
B3R, WU AR 22 CNN TR 1) i 3 RRAE
He2id SE block Y 2 R )ZE (FC) 5 Sig-
moid JZ 1 “ Squeeze ™ W [, 2% >J FRAIE 380 38 1 1 220
B BlJE 2 Bl JE AR 5 FC A2 4 1) Excitation”
W4 4] 345 T AR R B AR B A RRIE, X
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LB g 4 8 Rl A BRI SRS A B ok B | EITAH
ALL3E T AP P SR S 21— | e ) i A P45 T
SRR R 3R n] X 23 R AEAE A 4R e R B B —
4k,

_____________________________

& 3 Attention 437 W & &5 [F

2.2.3 RPN Bilinear $H1F

TEH AT FR CNN 1) Bilinear 451F i3 #2
XL CNN RHAEsR SR 2 J5 15 21 1 R AIE 1) a2 2 K
15,358 10 TG, FRAE 1) SR R X T A
12 5 R 1 BT IR T A R, TR TR B RIS Bilinear
REAF 1 25 R AR BUE B2 11 Bilinear F71F . 445 &
15y SRR FOF,, HEBEEE n, 3T Tensor-
Sketch FIEXS F| F, YEE4R) Bilinear LA, % th 1)
FRAFYERE S d(d << n) . TensorSketch By 415t
%R,

&% 1 Tensor Sketch BE

BWIAN.F,,F, e R"

. ®(F,, F,) e R (d I FHELERE)
1. for k«<—1---2 do

if hy, s, BABIERAL, then

for i<—1--n do

2.

3.

4. M AL-e-d) BN ZS b, ]
5. ML =1, + 1] A EEPLAMAE A 2 s, (1]
6. done

7. F'. =¢(F,, h,, s,, n)

8. done

9. @& = FFT'(FFT(F,") OFFT(F,"))

10. BRELY(F, h,s, n):

11. y = [0, -, 0]

12. for i< 1---n do

13. yLhLil] = y[hLil] +sli] x F[i]
14. return y

B 1 B FFT 2 PR 7 AR 3 (fast Fou-
rier transformation, FFT)8 ¥, OB I0E Z [E )

SRR, L IRIAT S DA PRBSITY £ X Xk
k. ( Bilinear pooling) FI2=HM4 , AT LAFEARUEMERf 2
JUTF-TE4B 15 0 T K+ Bilinear 457 E A8 4 BEFE 5] 1000
AR
2.2.4  JBHREEBIR

AU S O R K 073k 8 2k X g — ki
YIZRESCHE T BSGT 1) TR 249 B ot JE el 20 ) 288 5]
FUGBEES 1 KL 5 OR [ 280 MR BE B8, Bk
TR 25 E A « FIFRZS y, BERIALE N 6,
BERIFIR N AT BB p, (v | x) , X TAEE— 5 A
B 2, x, BBRHRIETR Hye(py (v 1 x,), poly
| x,)) Fmin= (1) s,
Hye(po(y 1 %), po(y 1 x,))

= 2; (Po(y 1 ), po(y ] xy))?
(1)
Horb N OB R/ (batch size ) | 28RS 2
Bl 6,
M (1) AT RLE H TR Y B 2R S B
Xof i A BT Z T8] AN [) 26 RUG s i 1 3T Rk
BIRIARRIPE LI 32 20 o FH T4 ) R 2R 0 =Z [a) 1Y
PR TR A 45 45 2K PR AR L R Softmax 32 S
PR Loy FUBIHRVEIR Hy SERR A
L =Ly +AxHg (2)
o AR IE S E00R 4 SR E TR H o R
P RBCT I L, A B A XG S ECHE AN A28
PG A BE B8 2 OB
2.3 BTMEERIEE
Bi-Attention 1114 B o 4% 36 £ R H IR & 6 B
125 0 2 5 TR | A AR Il Fiad A2 7, JE T TmageNet
4 TR A ASE TRUAS T JR A RS L ) A 3 R S A
Y2k, AR FH ResNet 50 B IiE Bi-Attention 15 BIHE
BB R b 3 s T o R B TR B LA K
J | Bi-Attention A5 7Y [ AERf R 2 0 &

3 Bi-Attention A & 25 )| %

EFXTES 2 A5 IR ) Bi-Attention 27 H 5
R A FEA AT B XS IR BIRL AT 25, 2k
PERERIY Grad AR
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3.1 Bi-Attention %! [£ 45

Bi-Attention 1 {4 T [0 4 5 2 I FE K & 19 3
SBPCRAAEAE PR, U ResNet 50 $04 T — VAT 1] 45
YEFFEE 4 GFLOPs Fl1 103 MB (4R IEAEAEZS 6], A
THBE Bi-Attention A7 F| FHLAE T A7 FREA L
AR SCBETIEE VI 25 B 5 A3 9 455 B0 311 5 0 vk, I B Bi-
Attention H1XUFE A5 5 25 1 AR TTAR IR E S5
J Bi-Attention ZEF4 H1 3 T W 2% () TUAY T, SCHk
(251845 T 2 P oy Ay s, 4504 Ak B A (W I aot i
2% filter 3B channel B¢ R 2% T-45 44 sub-network ) Hl
RS AL A BT B (I B B A 5 IR 28 454 ) .
G5 F Ak B R T B R (R B S R A R I B A fe
(0 AR ZE R, Ry T BB 78 BUA (14 RE 18 7% R 4K
TFERGE LI Bl J /b X 5 A AR, AR Sk
A BT A 2R AT

AR SR A AR B TR Bi-Attention Y
F M2 & ResNet-50 (A1 AT LA 8 ol HoAth V8 B 4
M MEEAAL ) o 24 S 1) 45 FE A 28 00 £ A5 78y
Lz H—1k (batch normalization, BN ) FI34
I R B IE BN, H BN B E S B BUS BAE —
NEARH I (BN #BAEE B RIBH 2RI Z5) , &
F BN i E B SRR R R R O R L
3.2°7 1 BN @8 B F AR . A SCE XS BN 45 4E Y
R AR S ik 72 b B 34k 6 55 B[R] R T
SERERIBTAR; , BRI 3.3 53T L1 1IENILY
PopS [N N7
3.2 #PEFI—UHEBERETF

B B A Y A A% X2 NCHW, Hir N 2
batch size . C J& i i& ( channel)) %¥ H . H & & JiF
(height) W 2 % B (width) , H 45 B 1) 2 B 4
JEIE K, K, K, K, , & B0 R F 4 BE 2 ) &
Zin oo o Lo Lo s W RIS LT B 5
BHNZ o X 2o X L X Lo o XK, x K x K, X
K,, HH Z, . =K, BEHE—BN) ik,
BN B = (3) Bis

Z, =vxj%+ﬂ (3)
Hrp, Z,, 7% BN #8/EMR HRAE, Z,, & BN $84ERY
i N FRAIE [ B0 2 4 B s B 0 R s ey 5
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o, BN A B AEE B9 (8 SR, v 5 B BN
JEI2: BB, 4y R B N T R, T
Ty BLERE 7, |, R N Ty, s T
BN /2 BRI BRI E S S K, T T
LR SIB 5,
3.3 L1 EM AR el e %

SCHR[26 ] $8 H AE 28 I 28 BRI 250 4y 2 X
BB AR TE—AF IR S5 i T s S5 S 80 /D
IF HLER 3 5 iR 2 e s A — 30, EEXT L)
IR ALY Bi-Attention 158 BYPAT Y| 2 i 25 AC L 4544 1k
BYAE, 45 78 F5 28 W L, A 0 Ak 5 B 18 55 Rk
&,

FEXS NS f(w; x) , BEBIAE I w, BB
B A x, FERIHY YR S i B 2R ¢ IREEAR A
RGN 1, BERRECH N, FEEER T y 1Y
mask HEFER TR vy BB BMBE, W5 mask 4 H
(Mg 1, 0373 X8 107 1308 3 PR -y B S TSR 0,
WIFR M. A L1 RS g ALE B R Ty B35
R AR (4)

L=3 I(flwsx),y) +ax X 1l

(4)

Horp A PSR L1 TE DA B 24 ok B, S B
PR ISR, | 4R R B, ELR G B9 R
SRR 2 PR

A 2 A5 B S — AN B RS AR 5 HUR
U AR 2 208 BN B Erh M e, 7ER0k2 h,
TSR AR AR B R A 2ok AR v A R RO Ak T SRR
B8 2% pR 8 28 A6/ T e, AT loss 45125 bR
Hictin A2 A 20 0 3 AR BOR 1D SRR [ 3 8T RLY
ST} A

Ei%2 Bi-Attention A BT 5
i : Bi-Attention F%! BYA AT P, [H{H €
Kt . BYREJE Y Bi-Attention #R7Y
8% loss 284k Al
B AL BRI T
for t«—1---N, do

if Al < €, then

TR BTAE R T

done

A L AW N =
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7. fort<«—t,,---N, do

8. iftmod T = = 0 and P AN H% then

9. BRG] e — N BT A p

10. BRIA R A TE Ry IEHE

11. AT A EE R Ty 1 p KNI y,

12. ST mask FEFEXTRLECN 1 ASRKT y,

13. JHBEAILER T % ( stochastic gradient descent, SGD)
gl s

14. done

4 LBERG M

AT IRk B U Y Bi-Attention 7E
kL FE R 1% B HE 5 Stanford Cars., CUB Birds #H
FGVC Aircrafis |- HIZUR .

4.1 MEEEERE

7RSS 06 56 UE RN X L B 4 e £ 5 5 R v
e RIRISREE BT 4 L FIASE Y FLOPs , X 2645
Wit

(1) BEARAERfHFE RN e i i  7E A0k B PR %L
Ptk R R

#ofaccuratesamples
#oftotalsamples

(2) MBS RO FR7R TR 2 ) BB S 40 R
/N, LIRS BE T n B S B g A7 il B0

(3) MY 4 A A T 4 i 5 P 45 A 1
TERE IR SR RN Y ]

original size
compressed size

accuracy =

compression rate =

(4) A FLOPs 38/ TR BE 2% > B (1) I A5 4L
BV, A FETRTE ML ARAE
4.2 EIHNKEIEE

WAL A1 BEE Bi-Attention 57 19 50 4R 4 tn 36 1
fi7n . Stanford Cars 42 4= I 4167 B Y1 500 8048 48 | 4%
5 GBS B R/ NAS— B, B AR 2 S
AR/ R 650 x 450 153 ; CUB Birds J2& 528 5
i g BE RO AR LA 200 28, AN 200K 2
% 60 ik, V4 A K /INK LR 650 x 450 B E;
FGVC Aircrafts J& CAT 45 i P 9 4D B2 UM B 42
I 100 2, AT 100 FRIEME P35 38
RRLH 1000 x 700 13X

x1 ErEEGRMNBESE

Hllite FRAR Yk Mk bz
Stanford Cars 16 185 8144,/8041 196
CUB Birds 11788 5994/5794 200
FGVC Aircrafts 10 000 3334/3333 100

DL 3 AN s A 1 FOR PR R 25 BAE A
BAF BINGR AR FAEA T FAE o v S5 HA 40
SMREER .

4.3 Bi-Attention ZR# iR 5l AR E S

ARG R RN B 32, B A A
B FE R O % TN R B, 0040 31 )5 ok 1 25 3448
WO 2 T 256 1583 SF L A5 46 iR 224 1R R B AL

GBI X TR R YR 224 1R R AL 5T MUk 224
BRP.OERS, BRI R N & SGD, Y
Yl 2 ) % (learning rate, LR) 7 B 9 W& Ry 45 X
IR, e SIERURELE N 80 000, Y54SR (ep-
och) 4 100 #1K,

& 4 FE 5 25 1 Bi-Attention f5% % 7 Stanford
Cars £HR4E 1N Zidh 2 A4 2 R LA B e ifl 22 A8 Ak
Bl N 4 F LS HhomT DU 3 6 455 31 2 o 7R o

aff
i - iR
t —— R
3
o
ﬁ
M 21,
K|
B |h
1A
A
A
0
0 20 40 60 80 100
NEZ A3
B4 g RrRkmEg
1.0 e
£
+
08 |
[
1
¥ 0.6
Z ]
&
0.4
: - g
021 —— R
1
0 20 40 60 80 100

WIZREE IR

5 g ERREREEL
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1K RBUETERIUR epoch B B & — 4 IO EUE,
55 2Z X6 iy A AR R ARG ; BB VI 2R 2R AT, 4
BB HRCEL, KA TES 20 1> epoch IR TR AE
Bi-Attention FEHZE MR AE I top-1 HERGE A 85. 8%
AT top-5 HERAZR N 96. 5% , L EIE T Bi-Atten-
tion AR AT ATHE 5 A Rk

HE—2E A SCFF Bi-Attention 45555 32 Vi 4k
JE UG A B A 1 AH WL 096 G SIE 56 91 Bi-At-
tention FEARITENG L EAY4RETE . ARSI AE RS HE40
SO 1Y FE D AR B R 5 7 VR T R — B R
H batch size 2y 64, 5 A5y 448 x 448 14 FR HY fii
ARG S 45 R R X L an e 2 Fiow .

%2 Bi-Attention 2 5 H BB G AR LL

Stanford CUB FGVC
Cars birds Aircrafts
ResNet 50° 88.4% 77.3% 84.6%
Bilinear CNN™’ 90.3% 80.9% 85.1%
MAMC-SE'®’ 89.6% 78.9% 85.4%
PC-ResNet?"! 90.5% 81.2% 85.2%
PC-Bilinear®”’ 90. 4% 82.1% 85.7%
Bi-Attention 91.6% 82.3% 88.0%

M2 AT LA H, Bi-Attention FEAUFE Stanford
Cars .CUB Birds Fll FGVC Aircrafts 35 £ - 1 1
RITHIH91.6% 82.3% F1 87. 0% , 5 H Al A5 HI A
3R Al

e 3 XF LU TR B A% 2 0 45 AR (1) TR
FEXTF AR B R B RE g e, B R 3 Tk
B, Bi-Attention FJ7EH %5 MAMC-ResNet 101, PC-
DensNet 161 SF#ERIAJ5F 2285 . 78 CUB Birds $4 4
|kt PC-DenseNet 161 2% 4. 5% , 7E Stanford Cars %
JE4E b H PC-DenseNet 161 2% 1.2% ,1E FGVC Air-
crafts 03R4 | b PC-DenseNet 161 22 1.3% , A Jf
_[-J2& PC-DenseNet 161 #l MAMC-ResNet 101 B8 T
R 2% 43 91 & DenseNet 161 F1 ResNet 101, H
DenseNet 161 il ResNet 101 [0 25451 58 55 F1 5 B HA
125 F ResNet 50, 4 3CH1 9 Bi-Attention 5 Y8 1
W 2% 25445 J& ResNet 50,

ASCHEH Bi-Attention #5781 3 EIE Sk T REASAE B
T2 R 375 & 8 40k FE 1R 5 455 AU | DenseNet 161
F1 ResNet 101 155 7% B 25 0] &2 2% % B i & 1
ResNet 50, JC ik 78 F- ML 45 L 0 ) 52 T A 80 &
TERA LI T B 3 — 20 e U ResNet 101 555 1 )

% 3 Bi-Attention £ 5 SOTA #EE AR ZERITLL

Ay HER R I UER R Bi-Attention #ERf %

MAMC-ResNet-101"% 93.0%

Stanford Cars ” 93.0% 91.6%
PC-DenseNet-161" .8%
. PC-DenseNet-161" . 8%

CUB Birds 86.8% 82.3%
MAMC-ResNet-101"°" 2%
) PC-DenseNet-161" 3%

FGVC Aircrafts 89.3% 88.0%

MAMC-ResNet-101

L5 G UF Bi-Attention A5 78 25 44 L K2 I 25 Ty vk 76 5 R
Z BRI 5T A AT AT
4.4 L1 EMWEBERINEE LR

A5 53 BT Bi-Attention 5 AU 7E A [A] F 5 B2 T 1Y
BERIYI RIS 25 2R

WERA RS HT ARYE L 2 P Ak AR BT R )
JER Bi-Attention FERI[Y BN 2 BH6 i 4L 88 K7 y
AN L1 IEMYIRAE AL, B A —ABEALR) 4h Ak A 5
A ARYE v (B KK/ Bi-Attention B85 HEAT B AL

— 162 —

e frh ARFE (4) BE LR L1, AL
HRSEES A BB SR 0.0001 , [RIAS 5 B 4 )R BTk L iR
40% ,

BRI FR A A S BB B AT ¢ batch size
W R 32 5 A BRIV By 224 K FHIEEIA
F T RN T AL B 1 2 ) ik o s ik
( momentum) Y SGD, momentum K/NEE N 0.9, %
200,01, B ZEW A 0. 0005 , 2 2] 3R 58 ) 5K W
R BOE R W, 5 R IE AR ECH 80 000, LIk



P 745 Bi-Attention ; [H] [ 2¢ 3 (14 40T 32 T 000 28 i sk 925

epoch 4 100, & & Yl 2B 87 B % AR 2 thim 2
B e H0.5, 5 X Bi-Attention $HAT I Z: I} 57 A1 25
g R 4 fis,

M 4 Rl RIS Y TR 40% I, Bi-At-
tention FERIFEIMAAE bR R0 5 AR BRI L
SERPEHITE 19 LA 7E Stanford Cars BiE4E LT
PeA WERf B2k, 7E FGVC Aircrafts 204 5 b /20
AT, R Bi-Attention B E T M2 Res-
Net 50 #JH 4k 7 3 T ImageNet 045 48 Fl il 5 (14 £
i, BRI Gl i B B epoch B 20 JF R P04 T B
RIS 23 52 W B 700 (9 M A 2% ] B5F ) Bi-Attention
BRI () 25 # A2 ResNet 50 F4 A%, 4 LA SENet i
TR 28 25 0 B 3 R & — AN Mg 4, Jf B
BN W2 R )12, T LA G- o I X 1 L1 1E W
{18y A 3 B A

# 4 Bi-Attention 1 5 45 i R PE{EXT EE

JEARRIRL BRI MERRER AR
Stanford Cars 86.9% 86.7% 0.2%
CUB Birds 76.3% 75.2% 1.1%
FGVC Aircrafts  80.1% 80.5% -0.4%

10001
800 |
600
400
200

0 02

(a)A=0

(b) 1=0.000 01

i Bt A8 8 R 43 A0 O T R L1 IE X AR
B IE N T 1 52 W, A SCEG7E Stanford Cars $8 3
£ HEE3AANFMN L IEMSE A, 2980,
0.0001F1 0. 000 01 , H At 52 55 2 £ 15 i 5 i 1 PR 45
— &, WEAE AR RN A B B0 T B9 B Ak 1
HFBIZH A, 1T LD & B TR 3 5 A L1 2E D) %
P 2% B8R T AL B () 52

K6 (a) iR MR EA AN L1 IEN 2 R 4G
Bi-Attention B B AL 18 K1y 195040, £ 3%
B4R Bi-Attention R 28 SR L L 0.3 At
fiiste) 0 B, K 6(b)F(c) 3 FEm A =0.000 01
A =0.0001 #9 y B53A0, 24 A (EIE I, X Bz 1Y)
Bl oA U B ) 0 FE I BREA, BB S H0W R ik
PR, 2 A =0.0001 BHEET 0 (IS BIRZ,
X5 (4) LIk B AR —B, A0 T B TRk
AIATATIE

FEF L1 1E DU R 7 Ak 30 3 I 2 B A
R T 6 AN [] 72 32 %) i it Ak 2 55 IR X Bi-Atten-
tion AAIHEAT BY AL, B AL R B2 A, I B 1) = %k
i 22 R /N PR ) A AR R R R, 2 R

12000 ]

1750 |
1500 |
1250
= 1000 |
750 |
500 |
250 |
06 08 10 70 02 04 06 08 10
pe X

(c) A=0.0001

6 HRUBEETFSHE

SR L FHRAIE M A E L2 Bi-Attention £ %1 {I|
SRR B EH B Ry
4.5 L1 EMWEBERELRS T

15 3 MR AR T4 B e AEAS [ B8 22 R Bi-
Attention A= Y1 SRR | B 2H SLE P 431 15 B AN T
1) 42 JRy BY A B 40% .50% F160% .,

ST BE 3T 43 ) 0 e A A AN [] e S A A A
AN 4 R B A (T A A0 ME A 2 AR S 0

F FLOPs e U6 B e 4 55125 i PR Rl . BRI Zad 7
ZHE S 4.4 WP RECEREE -8, RS ~ KT
e HAR R S

S ~ 7 ] LA AIE 3 A3 5040 4
1 X T 40% F150% 942 JRy BTG, 6 B SRR AR
A R, — S BG4 IR A BT X0 1 2
5 FLOPs MY BYAL FL 73443518 20% 5 37%
XF T 60% B AL , R AAKSHE 4R (14 R 8400 2 - 1 7E

— 163 —



EHARGEIR 2023 4E2 A #5335 452 1)

2.5% } £, 18 Bi-Attention & R XJ N ) S 8w 5
FLOPs [ 8y AR IA 3 1 e T AL R AR 1Y) 50%
AR, B/INT 4 Jry (R HE R 28T LF- B 52 )

FE A PRI B B AU B AL L A5 0T 3% AR A 1y
HER R4 2% ~3% PIRLTET O | (H 2 R 48 L il g ik
B JF R ) — 2 | Bi-Attention BB PERE 1R AN,

#& 5 Stanford Cars _E Bi-Attention 12 5745 {4 EEXT L

R A W/ FLOPs(G) Wb
SRR A 86.9% 29.18 0 3.88 0
M 40% ALE - 87.1% 24.02 17.7% 3.03 20.3%
M 50% A E 86.7% 18.55 36.4% 2.42 36.3%
M 609% A & 84.5% 15.19 47.9% 1.95 48.7%
% 6 CUB Birds _I Bi-Attention &I 57 & 148X kb
R A W/ FLOPs(G) Wb
SRR A 76.3% 29.18 0 3.88 0
MBS 409% AL 75.9% 24.05 17.5% 3.02 22.2%
MBE 50% ALE - 75.2% 18.56 36.4% 2.42 36.3%
MBE 60% ALE  73.8% 15.21 47.9% 1.95 48.7%
%7 FGVC Aircrafts - Bi-Attention 1 574 4 8E X Lk
R SR E(M) 3 FLOPs(G) s
JER AR 80. 1% 29.18 0 3.88 0
MBS 40% ALE - 80.2% 23.83 18.3% 3.03 20.3%
M 50% FALE - 80.5% 18.38 37.0% 2.42 36.3%
MBE 60% LE  77.1% 15.01 48.6% 1.95 48.7%

X AT B 52 B e A A7 7 BT R RS 9224k

A TE b 3 B 4 1 A BRY S AR /N, 77
Stanford Cars (#3545 [ Bi-Attention 15578 8 4% 45
b, g g RN R 7 s, B 4 JR Y AL I L 41
FRHG R B S s £ 7 2 B2 M /)

160
140
120
100
80
60
40
20

140.1

133.4

BRI RS AT /M

0% 30% 40% 50% 60% 70%

KLk A R B B
B7 AEEHEETHEEER KN

D56 E X Bi-Attention A% AT 2 L AR 5T

— 164 —

BRI S5, 3 35 A BT R T DL — 25 s 46 ) 2k
Bi-Attention 5 5 A 3 B R 14 1T 46 LU 00K JEE 468 2%
offir, MRAEIEE 2 RO IR, 18 i A R AR OBy 5
B WL —FE BY ALY Bi-Attention BRI HERG 5
FEAREE . ARSI A —F BT RS B 10 4R B A B fE
¥9709 50% , Fol it B 5 A SR 35— 2, IR AR N
8 FIIEL 9 firs

100

80

60

HETR %

40

20

4.6
R0 RIKL FRIR2 RIR3 RIR4 BIRS RIK6

B8 ZREREMETLHE



P 745 Bi-Attention ; [H] [ 2¢ 3 (14 40T 32 T 000 28 i sk 925

JE4E L
)

0
B0 RIR1 RIR2 O BIR3 RIR4 BEIRS REIRG6

B9 ZRERESRLTLMLE

MK 8 FIPE 9 HRRI %N, X} T Bi-Attention #55 f)
P40, BEE BT AR YR A 3G I, #5580 7 H 40 L 32 i 1
K R ) YR 58 W /)N, > e e — AR R (R IR
5) B, ERf 2 BT R Bk X U 4 AR
RUR 32 BURL e R B . o3 AME vl LR B, X 1
Bi-Attention #8Y | 7E Wi 2451 2K v] 4252 B9VE 5%
Z W R K B 4 L AT AR BT 4 500 R4,
Bi-Attention 8 K/ NEHA R IRAR 1) 25% |, i — 2
BSUE T Bi-Attention B 4 Y| 25875 9 S HIE

AR SR B IF Bi-Attention 575 i 8 75 1 A B
AR Model 4B I (g PEfE, 32 2203 45 45 O ZE 3R
7 8HIA T Bi-Attention BEAIFE Stanford Cars £l 4
EARPAT AL MR 409 FCE LUK MR 509% FLE 1)
BEAUHEIRTHRE , SC 00 W, A SCHR T ISR B A
AT DA R IR R 24 2 A% [R] A AR AR (14 1 B AR

A

% 8 Bi-Attention A EMER_FHIEITIRE

JEIR/ms WEHR/ %
R /GL s 186 86.9
B 40% A & 112 87.1
MR 509% L & 98 86.7

5 %

FHET A 25 Do 28 RS TR P BE S RGBTl ARSIt
T Bi-Attention IR IR IR AT L1 IR
D AU 2RI 8Y AL 2507 7%, I8 2D Bi-Attention 4T
BEAL I AT (R I [B) R 2 RV AR YRR B EE S 0 1,

1t Stanford Cars ,CUB Birds il FGVC Aircrafts %5
£ FITERRR A58 91. 6% .82.3% #187.0% , M
A R AR SRR 25 1% ~4% , 3 F L1 IEN
TR B SRR 45 I 2507 7% , 7E AR IIE Bi-Attention
PR HER R IR A Z BRI, SEBL T |2 4 1
AIEARRCR I

&% ik

[ 1] ZHANG N, DONAHUE J, GIRSHICK R, et al. Part-
based R-CNNs for fine-grained category detection[ C] //
European Conference on Computer Vision. Zurich;
Springer, 2014 . 834-849.

[ 2] BRANSON S, VAN HORN G, BELONGIE S, et al. Bird
species categorization using pose normalized deep convo-
lutional nets[ EB/OL]. (2014-06-11) [2021-09-24]. ht-
tps : // arxiv. org/pdf/1406. 2952. pdf.

[ 3] ZHANG X, XIONG H, ZHOU W, et al. Picking deep
filter responses for fine-grained image recognition| C ] VA
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Las Vegas: IEEE, 2016
1134-1142.

[ 4] LINTY, ROYCHOWDHURY A, MAJI S. Bilinear CNN
models for fine-grained visual recognition[ C] // Proceed-
ings of the IEEE International Conference on Computer
Vision. Santiago: IEEE, 2015, 1449-1457.

[ 5] KRAUSE J, JIN H, YANG J, et al. Fine-grained recog-
nition without part annotations [ C ] Y Proceedings of the
IEEE Conference on Computer Vision and Pattern Recog-
nition. Boston; IEEE, 2015, 5546-5555.

[ 6] SUN M, YUAN Y, ZHOU F, et al. Multi-attention
multi-class constraint for fine-grained image recognition
[C] Vi Proceedings of the European Conference on Com-
puter Vision (ECCV). Munich; Springer, 2018 805-
821.

[ 7] FUJ, ZHENG H, MEI T. Look closer to see better: re-
current attention convolutional neural network for fine-
grained image recognition[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu: IEEE, 2017 . 4438-4446.

[ 8] CHENG Y, WANG D, ZHOU P, et al. A survey of mod-
el compression and acceleration for deep neural networks
[ EB/OL]. (2017-10-30) [ 2021-09-24]. https: // arxiv.
org/pdf/1710. 09282v2. pdf.

[ 9] SAINATH T N, KINGSBURY B,SINDHWANI V, et al.
Low-rank matrix factorization for deep neural network
training with high-dimensional output targets[ C] /2013
IEEE International Conference on Acoustics, Speech and
Signal Processing. Vancouver: IEEE, 2013 6655-6659.

[10] HE Y, LIN J, LIU Z, et al. AMC: AutoML for model
compression and acceleration on mobile devices [ C ] //
Proceedings of the European Conference on Computer Vi-
sion (ECCV). Munich: ECCV, 2018 784-80.

[11] LOUIZOS C, ULLRICH K, WELLING M. Bayesian com-
pression for deep learning[ C] // Advances in Neural In-
formation Processing Systems. Long Beach: Curran Asso-
ciates Inc. , 2017, 3288-329.

— 165 —



AR IR

2023 4F2 H 533 % 21l

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

WEN W, WU C, WANG Y, et al. Learning structured
sparsity in deep neural networks[ C] // Advances in Neu-
ral Information Processing Systems. Barcelona: Curran
Associates Inc. , 2016 2074-2082.

LUO J H, WU J, LIN W. Thinet: a filter level pruning
method for deep neural network compression| C] // Pro-
ceedings of the IEEE International Conference on Com-
puter Vision. Venice: IEEE, 2017 5058-506.

KIM'Y D, PARK E, YOO S, et al. Compression of deep
convolutional neural networks for fast and low power mo-
bile applications [ EB/OL ]. (2016-02-24 ) [ 2021-09-
247, htips: // arxiv. org/pdf/1511. 06530. pdf.

WELX S, XIECW, WU J, et al. Mask-CNN: localizing
parts and selecting descriptors for fine-grained bird spe-
cies categorization[ J ]. Pattern Recognition, 2018, 76
704-714.

CUI'Y, SONG Y, SUN C, et al. Large scale fine-grained
categorization and domain-specific transfer learning[ C ]
// Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition. Salt Lake City: IEEE,
2018 4109-4118.

XIONG F, GOU M, CAMPS O, et al. Person re-identifi-
cation using kernel-based metric learning methods[ C ] //
European Conference on Computer Vision. Zurich: EC-
CV, 2014 1-16.

DENTON E L, ZAREMBA W, BRUNA J, et al. Exploi-
ting linear structure within convolutional networks for effi-
cient evaluation [ C] // Advances in Neural Information
Processing Systems. Montreal; MIT Press, 2014, 1269-
1277.

ZHU C Z, HAN S, MAO H Z, et al. Trained ternary
quantization[ EB/OL]. (2017-02-23)[2021-09-24]. ht-

[20]

[21]

[23]

[24]

tps : // arxiv. org/pdf/1612. 0/064. pdf.

HAN S, MAO H Z, DALLY W J. Deep compression:
compressing deep neural networks with pruning, trained
quantization andhuffman coding[ EB/OL]. (2016-02-15)
[2021-09-24 ]. hitps; // arxiv. org/pdf/1510. 00149.
pdf.

VANHOUCKE V, SENIOR A, MAO M Z. Improving the
speed of neural networks on CPUs[ C] //Deep Learning
and Unsupervised Feature Learning. Granada: NIPS,
2011.1-8.

GUPTA S, AGRAWAL A, GOPALAKRISHNAN K, et
al. Deep learning with limited numerical precision[ C] //
International Conference on Machine Learning. Lille:
JMLR, 2015 1737-1746.

PENG H, WU J, CHEN S, et al. Collaborative Channel
Pruning for Deep Networks [ C] // International Confer-
ence on Machine Leamning. Long Beach: JMLR, 2019,
5113-5122.

ZHUANG Z, TAN M, ZHUANG B, et al. Discrimina-
tion-aware channel pruning for deep neural networks[ C ]
// Advances in Neural Information Processing Systems.
Montreal ; Curran Associates Inc. , 2018 875-886.
ACHILLE A, ROVERE M, SOATTO S. Critical learning
periods in deep networks[ C ] // International Conference
on Learning Representations. New Orleans: ICLR, 2019.
FRANKLE J, SCHWAB D J, MORCOS A S. The early
phase of neural network training[ EB/OL]. (2020-02-24)
[2021-09-24]. hitps: //arxiv. org/ pdf/2002. 10365v1. pdf.
DUBEY A, GUPTA O, GUO P, et al. Pairwise confusion
for fine-grained visual classification[ C ] // Proceedings of
the European Conference on Computer Vision (ECCV).
Munich; ECCV, 2018; 70-86.

Bi-Attention: acceleration method for fine-grained
classification network toward edges

ZHONG Qiaoling, WANG Xiao, ZHANG Zhibin, LI Bing, CHENG Xueqi
(Key Laboratory of Web Data Science and Technology, Institute of Computing Technology ,
Chinese Academy of Sciences, Beijing 100190)
(School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

A fine-grained classification task is an image classification task that recognizes objects with minor differences.
Deep learning models have achieved great improvement in these fine-grained classification tasks. However, the ex-
isting fine-grained networks ensemble multiple models. It is hard to deploy these networks on the edges with limited
resources, such as mobile phones and drones. In this paper, a method to accelerate model for fine-grained classifi-
cation toward edges is proposed, called Bi-Attention. The efficient TensorSketch operation and share weights are
used within the model. It can be achieved an accuracy of 91.6% and a better accuracy of 1.2% than the existing
state-of-the-art models on Stanford Cars dataset. A structured-pruning training method is proposed to prune the un-
important scale factor in batch normalization ( BN) through LASSO regularization. The experimental results show
that it can be reduced the size of Bi-Attention model up to 1/4.

Key words: fine-grained classification, Attention, structured pruning, LASSO regularization, edge
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