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Semantic Contrastive Learning Algorithm Based On Attention Mechanism

CHEN Junfen, LU Qiaoli , XIE Bojun *, SUN Jinsong
(Hebei Key Laboratory of Machine Learning and Computational Intelligence, College of Mathematics and Information Science,
Hebei University, Baoding 071002, China)

Abstract: Inappropriate data augmentation in contrastive learning may lead to distortion of semantic information, and there is a huge
semantic gap in semantic information about the same image under different types of data augmentation. In addition, the Convolution-
al Neural Network (CNN) has a strong preference for textures and cannot accurately learn the deep semantic feature representations
required for downstream tasks. In response to the above issues, we propose a method—Semantic attention contrastive learning meth-
od (SACL). SACL first utilizes convolutional neural networks to extract features, and then the attention module mines global fea-
tures to obtain higher-level semantic features, achieving the supplementation of low-level features and semantic fusion of deep fea-
tures. Secondly, the positive and negative sample pairs are constructed using completely different data augmentation methods, and
the positive samples generated by weak enhancement (geometric augmentation) and the negative samples generated by strong en-
hancement (texture augmentation) are compared to obtain the image input with more significant differences. Gridding augmented
view increases the number of positive samples and accelerates network convergence speed. We verified the effectiveness of the pro-
posed semantic contrastive learning algorithm on four datasets, and the results showed that the average accuracy of the ImageNet-
100 dataset can reach 78.3%, which can effectively improve the classification accuracy of the model.
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Fig. 1 The visualization of the weak augmentation (top) and strong augmentation (bottom) of an image
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Fig. 2 The structures of three typical contrastive models



84 PN === Q2PN s = I0Y)

47(1) 2024

WNE T BFEA, B DL 2 5 230 m — A 28 0 1 5%
P, 1A T AR ML . T Chen 8 X} 1
FEAS 47 B8 38 ol B2 1 00 o A 2% — A A%
HE 28 (%) 9 00 M R 7 =X, O f# Ut GAN (Genera-
tive Adversarial Networks ) 120 i i) #85 X R [ )
L, Seyfi %5 [a] FF 25 15 21 B 20 W 19 B R AR X B
0 A BAE T, 38 5] A — 38 X — ok E
et 2, % Ar e — BT R B A T A R (i
X))o ZUWH K, 22X b o B OE TR R
OISR AN [R) A 5 1 o O 5K, I 2 i i
SAF B A% 1)

1.2 EFCNNHIEXRE

RGN AEE TSN IR
CNN 9 [] i, 0 575 52 2% i A5 =X 0 Ot 1 Il 5
B, X HmEREMIFAE R, GBI ENK
N BRET, MRk s hiE L
B X OR AT R 4 00 2, MBS B CNN 25 %)
2 AR GUR AR, R R ) 2 B A 2 T R D 4
Ew .

AN TR 1y AR #5678 i i D CNIN i 22 19 1]
R, Zhu 88 0RE BEGR A E B  aS n 2 H R
Y2 CNN LA Gl ) — R S R T
TR BE CNN JZ 3 o) 5 2 35 58U RO T 4 4 &
B N AL s R, MILZ T, AR
P58 AR AR G T R IR IR , 45 R R B, 7
s NI M0 T N2, 3k 5 R 25 TR B
25 [ 245 S B AR 4l P AR 1) TR AR 0 285 4 X RS A T
5128 . Geirhos 481l TR FBE CNN A5 U O Jii /R
or PR 22 , 1 F ImageNet %095 £ 19 72 2016 hig
A AT S5, A L B R R R S0 A Y K
WA, MR mAERRANEEEG, A
2 G, B JE X LR R R s B R
B — B AR R ar . R & R
CNN E g 53 KA se B AR, il FH S T 47

ks 25 JLE S T CONN FE R I b, £
K VE IR A SCHE AN R T AR .

. - - .
" i
- d - d J
" " | [~ " (™S " .
'I 'I { '| { ili i\

1.3 CNNEAEBIAFMITAZER

C i/ 7 & TR SN A s O\
AL 343 A A5 25 B4 I i 18] 7 fa S R A 2
MENFNAME R R HARR U nE 3
Jrs , N2 AR B /03 43 10 R S v R 21 L
T A B EAG B BT RS IUIR D B B
B MAE SRR T BE AR IO 248 = LA ih L
5 B, 1M CNN 2 3 AH B2 i) 4 55 58 507 5,
TR — AR AN F 0 2T . X TR A
R BT ONN By XT 2 2] B 2y g 2e 2 R
T LA, M IR 1 SR IR )2 R AR R 0 R R
TERAE D5, TR R P A 0 T X i ik SRy
IE ) 2 2, 3 o 45 A5 U FF & R 1 O T A T R
B, MR B 5 N RE
O, AT DL H AR A b R B R Ze g s P 2 H IX
B AR AR R of 7 3R AT R R E
55 4k 0 FH A7 A, DA T RS 3] AR A1E 077 228 R0 2 5 1Y 2%
I AR R 2 1) 4 DR i SO B, s 42 R
FRAER 22
1.4 FEHNE

N DL AR A SO e 2 22 1 s b 4R
B9 H A X, BE Tk — U ER A5 AR T B L
ol AR E N, B AR R R
ARG WX — 5. Ho %W e Je i i 7l i
BEMMEE, I L8 T SENet, & 5 45 R AE
Pl sk AT DA g Sy T 2 ) 0 A EAR R OC &R L E
B 2 2] b i 3l T8 AE , P R — bR X 5
B4R 1) B O O BE B , AT X 4 )R - 23t b
B A AIE E 47 38 B T, 25 R R HLROR B
CBAM ( Convolutional Block Attention Module ) "¢’
it 5 KA R SR A S HAE B i, i —
A UE B T X — 45 7% ; Non-local ( Non—local Neural
Networks ) "7/ Sk 17 38 /2 X A0 38 A5 B B9 AR §81 , S
AT A H AR AE S A S B AT Y
A& H. A 3R L 4 R B AR R X AT
AR, A R H AR K B R 09 R AR AR R, H [ B

3 CNNG AT 5 B AREEE ) Al
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[ Eparams = [ p.params = SERIHRL

Jor z in loader :#INE—> mini batch WFEAR
rlx2=aug(x),auglx) FHATEHRIGR
x1_s,a2_s=splix1),splitx2) FMEEAL : NXCXHXW—>ANXCX
(H/2)X(W/2)

vl v2=f l0)x1_s),f n(a2_s) 4T IR EFFR [a] iR
el,e2=combine(vl),combine(v2) E44

zl_ex2_e=[yl1:)(el) ./ yl1:)(e2) HAELEM AL ACRTIM Sk Ab
i

2L22=/1a1),/ (a2) HHEHIRMLE RIS AL 3
loss=(ctr(z1_e,22)+ctr{z2_ex1))/2  #XIFRIK

loss.backward()

updata(f n.params) = FERAMDAFSET EHT
[&params=m*f_E.params+(1—m)*f gl:2] params & Bigdni5
ARSI R

£ A FEA RS L

loss=0

for_zinz_c:
logits=mm(_z,z.£0 ) Fmm: FiFFE%
loss+=CrossEntropyLoss(logits/t,labels)

return loss / =len(z_e)

S AR T, 3.3 3.4 719 g3 il O BdlE AR RN TE )
R ) X0 bE 2 0 25 %, T Rl S B 25 2R WL 3.5 .
3.1 HuR&E

SEE R T A E A P AT B PR B
%, 435 & CIFAR-10 . CIFAR-100 , STL-10 | Al
ImageNet-100,

]2 BAELENE ARG
Table 2 Detailed description of the datasets

Dataset Class Size Training Set  Testing Set
CIFAR-10 10 32X32 50 000 10 000
CIFAR-100 100 32X32 50 000 10 000
ImageNet-100 100 224 X224 100 000 30 000
STL-10 10 96X96 5000 8000

3.2 KBTS

W2 Zaty 6 FH ok 1 19 SE-ResNet-50 /E &
JIT 5 BCHE 4 0 A 5 2 BN g RN T 2R g
ez MLP, 5 MLP f1 3 )2, &% 2 4
FEJE 2048 4, B — A i E AL S BN, H i
SRR S ReLU . T MLP A # 2 |
B = A BN 24 , 4 i 2 A BN T Re-
LU, 0 25 /9 % A R HS 48 5 4R J2 2 048, =t

W2 AE B R 512, W 2R 0E T ORCE
1X10* /) SGD ek s . sh ¥ & 0.99, iR JZ <
BCE 0 0.2, 18 1] 2X2 P4 Ak b 307 X 90 4 Ak
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i LARS (Layer-wise Adaptive Rate Scaling ) {ift
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128, I ZrHe % 100 /N8 4 - xF T CIFAR-
10, CIFAR-100 , STL-10 % 4if 4 , 15 & it b 2K
/NHy 128, I k%S ECh 2000
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Table 3 Linear classification accuracy of several contrastive

models on the datset

CIFAR-10  CIFAR-100  STL-10
PIRL™” 55.78 31.55 50.26
SimCLR"™ 52.58 21.26 44.50
BYOL(Bootstrap

Your Own Latent)®! 8014 o828 888
Simsiam*”’ 75.58 49.21 71.78
MoCov2!” 82.35 53.44 81.25
SACL 83.74 58.90 84.90
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i T = Fh A8 fK . SE-PRE (the SE block is moved
before the residual unit) ; #£t . SE-POST (the SE
unit is moved after the summation with the identity
branch) ; it | SE-Identity (the SE unit is placed
on the identity connection in parallel to the residual
unit) B . NFR 4 AR 858, 2805 5k 25 M 4%
46 2 bRk SE 5 A =AM LA M de
WS v ) DA B, TR bt A0k 4 2 R A 1 1 SE AR HR

R4 HEFASEBORAERF L4465 X T oy E# &

I I I
BYOL  SwAv PCL

%24
5 1 ImageNet—100 b Z&M5r 205 B2 i

Fig. 5 Comparison of the linear classification accuracy on
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Table 4 Accuracy of the residual modules and SE modules

using different combinations

Top-1Ace/% 780  77.77
Top-5Ace/%  94.0 9357

SE

77.25 77.84
93.65 93.85 R R EEN .
SE

SE-PRE SE-POST
6 FRIEBHUR SE BRIy 4E G 7

SE-Identity

Fig. 6 Multiple combination modes of the residual module and the SE modules block

RS RREBALZTHE

Table 5 Classification accuracy of the different batches

TEm = 0.99 B, K BE B 5 K 78.0% , m 55 K
FERR LB W IR, 2 m << 0.5 IR TR 35t . 3%
Combination SE  SE-PRE SE-POST  SE-Identity %{%:‘%‘Egﬁméﬁ.gﬁﬁg’%&%ﬂ a*/_‘ﬂméﬁ FF) 9 45 25—
b e =, R H bR R4 G B s I 2 —

Dataset CIFAR-10 CIFAR-100 STL-10
Batchsize 32 64 128 32 64 128 32 64 128
Ace/% 55.78 78.25 83.74 21.55 41.26 58.90 71.87 79.68 84.90
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Fig. 7 Classification accuracy of the different temperatures
on (a) CIFAR-10 and (b) CIFAR-100 datasets
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Table 6 Classification accuracy of the different momentums m

m <05 06 07 08 09 099 099 1

Acc/% 0 40.36 50.37 57.34 66.17 78.00 73.13 51.21

KT BRINGRIM > EAR

Table 7 Classification accuracy of the longer epoches

Model MoCoV2 SACL

Epoch 200 400 800 200 400 800

Acc/% | 53.44  59.62  63.74 | 58.90  62.26  65.83

43 A YN S5 B[R] A9 5% )« 2% 3k {4 Ay il
IR ] 72 CIFAR-100 X A6 B R A7 L MEPEAl o 4
KT, MR Z kAT, SACL #E
eI SR A T MoCoV2 (Momentum Contrast V2) o
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BIL A XoF 22 Jr AR 1 AT A 42 4 R R 2 Y
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e A B 22 1) 4 i - 64 5088 3 i T 50 D o
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