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Abstract Consistency-based semi-supervised learning methods typically use simple data augmentation methods to achieve con-
sistent predictions for both original inputs and perturbed inputs. The effectiveness of this approach is difficult to be guaranteed
when the proportion of labeled data is relatively low. Extending some advanced data augmentation method in supervised learning
to be used in a semi-supervised learning setting is one of the ideas to solve this problem. Based on the consistency-based semi-su-
pervised learning method MixMatch,a semi-supervised learning method AutoMixMatch based on automated mixed sample data
augmentation techniques is proposed, which uses a modified automatic data augmentation technique in the data augmentation
phase,and a mixed-sample algorithm is proposed to enhance the utilization of unlabeled samples in the sample mixing phase. The
performance of the proposed method is evaluated through image classification experiments. In image classification benchmark
datasets,the proposed method outperforms several mainstream semi-supervised classification methods in three labeled sample
proportions, which validates the effectiveness of the method. In addition, the proposed method performs better with a very low
proportion of labeled data to the training data Conly 0. 05%),and the classification error rate of the proposed method on the
SVHN dataset is 30. 17% lower than that of MixMatch.
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Fig. 1 Augmented results by AutoAugment
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kT S8R A T A AR A BR A R LG TR BEAT SE TG A iR
HAARHEE 3 Frm i CIFAR-10 45 1% %, 78 6 Ar & AR & H iR
RATE B L BR T MixMatch #b ., Al 5 35 B9 55 52 258 3 AR % ¢
1, 7E SVHN 8 48 1 o 28 oL, 3k 2L b w5 07 T A IR
A, 4 20 52 36 K% MixMatch 54 305 36 A7 % e, & 2 41
T MixMatch Ml AutoMixMatch B b 845 9. [N 76 A 4R
2 RE AR BOBORAR A4 BT 5 BE B8 B Y AN [ A A 42 22 0] 1) 4
TR 22 S AR AR, G BR T 45 1 R - B4, 3R 2 i3
WHIH T 5 IEEHLE MM AR SRR EM L RER, §
MixMatch # H , AutoMixMatch 4 W & 19 o g, 5 2 48512 %
M 42.20% FRESNT 12.03% . FEAR T 30. 17% ., 3 BL3X Fh 45
S0 SRR AT BB 2, MixMatch {8 Bl #1388 B9 55 3 B0 A 3% 5% 7
B AL AR B A B D WG DL R 7 AR I 1 SRR AR I 22 Rk
Mg A0 AR . T AutoMixMatch % H e AutoAug-
ment, il 13 77 A (9 BE A (9 22 B 4 R BT B ER A B 3 B T
mi T+ TR Az Ak RE T .
2 SVHN Bd 4 76 TR I AT bR R A Lo 1) L i 5 iR R

Table 2 Error rateson SVHN dataset with lower labeled ratio

CRLAE s 200
Runs\Methods MixMatch AutoMixMatch (ours)
1 53.92 20.67
2 38.99 10.78
3 27.74 7.77
4 33.15 10. 24
5 57.22 10. 71
Average 42.20 12.03
4.3.3 HEkEk

AutoMixMatch 2R I T 2t ) AutoAugment LA & fi
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B A IR A A ® ¥ MixAug, I T B 4 # 3 W Auto-
MixMatch FIH & A8 43 B A 2801 A< 41 52 30 46 T B Sk 1
PRI 6 AR T k4 A R STk, 78 CIFAR-10 [ fli F
250 MRS REARFITIR

TH RS2 B 5 RN R 3 B g, o™« 7 ROR IR R R
MixMatch 3CHk H 3k 7% . XF F CIFAR-10 %4 £ . % Auto-
MixMatch TR A9 AutoAugment BY1FH M . 4% 152 5 M
10. 21 %848 mE 11. 51 % ; £ B Bk MixAug B9 15 BT , 45 1R %
M 10. 21 5618 mF] 10. 74 % 5 [R5 A B0 AutoAugment
M MixAug BTG 53R 100 21 % . Lb 5 00CR H PIF 5
PR AR AR, T Al S 36 1Y 45 R U B, SRl {1
AutoAugment B, MixAug #l DLEF 7 i it g, 0 AL =&
S5 6T L Sl folt Y HG i A o] — b vk 3R B0 R B AT, BRIE T
B HY AutoAugment Fl MixAug 785 8 i 219 7E H .

# 3 7E CIFAR-10 #U# 4 I /9 74 il F 52
Table 3 Ablation study on CIFAR-10 dataset

Ablation CIFAR-10
AutoMixMatch 10. 21
AutoMixMatch without MixAug 10. 74
AutoMixMatch without modified AutoAugment 11.51
MixMatch 11. 80 *

HRIFE PWBEFIPHET BN T ESIETRZ
2 SRV L AT X BB G R i v X B AR A R A R AR
EU 81 1 R A T i 4 ) A, A SC AR HE T2 B vk MixMatch
BBk kD5 3 AutoMixMatch, K B Ff B 2 o v /) 508 38 5
TR R A W IR b R RO R R A 2R e R
BIREAS , E I 5 S 1 2 > 8 58 5 A DG bR B R A 22 [ B — B0k
TE B 43 25 3 W S0HE 82 CIFAR-10 1 SVHN |- 374 i 42 77
R HERE , SCI0 45 B R W], AutoMixMatch 75 A [ 1Y A bR 25 kE
A He A5 F 1 43 24815 R BIL T MixMatch, I H 75 2 B9 3% A8 %
BT /D 5 R IR A 2 A SCHR R A 3 P bR 2 R AR E A A1
B OL T . BIZE SVHN SR £ iR B A SRR S RA
0. 05 Y0 B s A SC O 1 AT T AR A5 B 45 1 43 S AR 4 iR R AL
12.03%, b MixMatch BI45 IR F AR T 30.17%,

AR ST R TR A AT B AR T AR P T EIR R
T ] R ARG T B AR I 2 A T A 75 % B B SR D 3k R
T REES . MO KA SO ik B HAl 5 2645 45 b
AW,
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