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An Improved Attention Mechanism Algorithm Model and Hardware
Aceleration Design Method
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(1. College of Information Engineering , Capital Normal University, Beijing 100048, China;
2. School of Mathematical Science , Capital Normal University , Beijing 100048, China)

Abstract: Aiming at the problem of increased calculation and delay that cannot be avoided in the application of con-
volutional neural network in the attention mechanism, this paper proposes an optimized CBAM (Convolutional Block Atten-
tion Module) algorithm model. Based on the traditional CBAM model structure, we analyze the hidden problems inside the
algorithm, and design an algorithm model that is more fit for the original intention of attention importance parameter extrac-
tion; at the same time, through the optimization of the calculation process, the amount of data calculation is reduced, and the
maximum parallel combination of operators is used; taking advantage of FPGA (Field Programmable Gate Array) to design
efficient and flexible parallel arrays, we design a hardware acceleration engine structure for the improved CBAM algorithm.
The experimental results show that compared with the traditional CBAM mechanism, the improved attention mechanism
can maintain almost the same accuracy as the original algorithm model. The hardware accelerated computing engine de-
ployed on the FPGA performs inference experiments at a working frequency of 180 MHz. After analysis, it can be found
that the design proposed in this paper can achieve a 10.2% increase in calculation speed for the attention mechanism circuit
and a 4.5% increase in inference speed for the VGG 16 network model with the same hardware resources.
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Y CBAM 52 .

LI T Cifar100 ZE 09 B 743 285050, 505
SR AR

ResNet34 [W 2% 5 1% 55 CBAM %12 45 4 9 Topl Hl
Top5 43 2H5 8 7354 79.71% F195.39% , ResNet34 [ 2%
5t CBAM 845 4 Y Top 1 Al Top5 432845 43 1)
4 79.56% F195.16% , A] LA H et 5 1 CBAM 533 m]
DA FE 5 1558 CBAM JL-F MR B9 43 G B, T AR
0.15% F110.23% , 3K B0 R A S Bl FRAT: 55 vh ] Z288 .

ResNet50 W 4% 5145 CBAM 515454 7T 2 Topl
F1 Top5 43 2545 FE 3531 4 79.34% F1196.01% , ResNet50 [
2% 50 ) CBAM B33 25 465 W] S8 Top1 il Top5 432
K BE Ay 91 K 79.42% 1 96.92% , 1l VL E o i S 1Y
CBAM 5332 7] LU 5 5 1% 55 CBAM JL-F-AH [\ 4 50 2K
J& LT B R 0.08% F10.91%.

F1 HEMBHER Cifarl 00 5 24 BxfLL

Model Topl-Accuracy/% | Top5-Accuracy/%
ResNet34+CBAM_org 79.71 95.39
ResNet50+CBAM_org 79.34 96.01
ResNet34+CBAM_ref 79.56 95.16
ResNet50+CBAM_ref 79.42 96.92

R2IEHT ImageNet-1K AR IE R 425y,
TR EE R R ZE TR

ResNet34 W 4% 51645 CBAM 55 545 4 7] 52 9 Top1
H1 TopS 53 2H5 E 43 34 74.01% F1191.76% , ResNet34 [
26 55 00k ) CBAM B30k 455 7] S 30 Topl 1 Top5 4326
K 2 5 K 72.52% F191.02%, W] UL & H ok ik IS 19
CBAM B3 ] LU FE 5 18 58 CBAM JL-T-AH [R] (14 53 2K
JE R BE R AN 1.49% Fi110.84% , 3% 5 5 HiE 45 R
B R 28 A5 [ B R 7 NI Rt i S BOR R — 5 E

F KRR B A S PR A BRAT: 5 o] 2 N

ResNet50 W 4% 51645 CBAM 45 5 45 4 7] 52 9 Top 1
F1 Top5 43 205 1 43591}y 77.34% F1193.69% , ResNet50 [
2% 5 00 CBAM B33 25 45 W] S 3 Top Fl Top5 432
K5 2y 9k 76.89% F1 93.36%, 1] LLF H 2k 5 1
CBAM 53 0] IR FF 514 58 CBAM JL-F-AH 7] i 53 2545
JE R BE 5 2 AN 0.45% F10.33% , 33 FE A 401 2% 7 52 bR
HEFRAT 55 ] Z AT

BAN A SCXT T 3 TF FPGA & Aoy BB B 44
CBAM & v: FIMCHE T CBAM 351 (4 JH0RS 13, 45 L W R
2t JE ) CBAM 875 1T LLSEEE 0.36% 1Y/ Mg 4 Tt , FLik
L 4.2.2 955255 K oAt

K2 HEMBKER ImageNet-1IK LR XTEE

Model Topl-Accuracy/% | Top5-Accuracy/%
ResNet34+CBAM_org 74.01 91.76
ResNet50+CBAM_org 77.34 93.69
ResNet34+CBAM_ref 72.52 91.02
ResNet50+CBAM_ref 76.89 93.36

4.2 TEFEBERINEEIIE
4.2.1 IR

AR SCT DA T AL S A AR R, SR
Xilinx 23 A 9 VCU 18 /E A H AR 1F 5 , i | VHDL
B (A AR T 5 O A RTL B S % . SRR 2
BT A AE AT 0BT, BOERG R R 16 A SR
AR, #2000 PE BESI R/ INEL & R 64x64 (1 77 I X .
4.2.2 TEEIERY

H T FPGA JF &F & Wtk gt ik £ LA 13418
FUZ 5ANMAL)E 382 1 VG168 ML 454,
FEXFER 2~ 13 B BUZ AT 1 R AL B T e 3 A
A3 ST A A ORG24 SR 2 3 s
39, VGG16+CBAM _org /745 1 T #4548 CBAM ALl 5
VGG16 454 J1 30 2B 7F FPGA - & B S I 25 9 L VGG 16+
CBAM_ref 4742 2 ¥ 5 19 CBAM HLH 5 VGG16 4547
HRELE FPCAE- S LI 2h 5 . BT T .

HEPIRS X L - EImageNet-lKﬁTﬁi%J_‘,@ﬁH*Eﬁ
HIAESHL, AT IR 55 25 F R 1548 CBAM Al 5 CBAM
P BHORS B 528G, 45 AN 3 FTon . Al LU Y, MO IS 0
CBAM B2 T7E FPGA I 51 v DASCEL RS
JE /NI FE ST . AL 58 CBAM ML Top1 4% 154 76.87%,
e E J5 19 CBAM HLH Topl K5 B N 77.23%, 5288 T 24
0.36% #7115 CBAM ML TopS K 2K 94.52% , Gl I
CBAMAILH TopS 5 K 95.05%, S T #450.53% $27 .

st [ FF 45 5 B < 0 A% 48 CBAM AT it Ji5 ) CBAM
HEFERF[R RS, LA TAESUR R 180 MHz T, 25 S n ke 3
Jias . AL 58 CBAM AL B0 T, 2 — gk B B isf 8]
61.725 ms, H tf CBAM 5 i 8] 24 26.018 ms; 2 )5
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CBAM AL 4HEH— 3k & A1 E] 4 59.069 ms, Hirp
CBAM (5 R 29 23.362 ms. G530 Al 45, A SCHR: HH il 5
TH 5 SR B I ML L B AT LU 10.29% Y 11553
BE BTN VGG 16 IIZSASHRI AT U 4.5% s

FH W AT DL, A SCH H A 36T FPGA AYRE {213 65 Jin
B %, R I 5 9 CBAM &3k, W IR 3 516 55
CBAM By BoAR — B g HEAG 32 . [R] I, mf A S 4k 3
MR R, RO R AT

R3  VGC16 MR 53 A5 B FNHETR IR B M BE X EE

Model Topl-Accuracy/%

Top5-Accuracy/%

HEF BFERS /ms CBAM 1 EFER] /ms

VGG16+CBAM _org 76.87

94.52

61.725 26.018

VGG16+CBAM_ref

77.23( 1 0.36%)

95.05( T 0.53%)

59.069( | 4.5%) 23.362( | 10.2%)

5 it

AT T AL SE CBAM T3 7 7 4L i 092 5 A8 [ ik
B4 R T ) A3, 2 Y — e 2 ) CBAM B3 AR i HL
NAT A B S R R, et S B
BT AL R AT AR D T MLP R Y e
JZ B . R T A B AT 55 0 i R L AR S
WAt T —Fh I T FPGA AORE (A sk 7 5 S v i, Ak 7
KTz B AR R d> T e U Il i A R
I T SEPRAEETIRE . SCERE I, et 5 A B R ]
PATE PR A DA 4 oA A B o ks B RS B RTHR T, A 4L
WD IR B T FPGA B30 it 5 1
CBAM B o] DI4R 55 10.2% B 1 2 AL
JE K 4.5% B4 ELE

S Sk
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