55 38 HH 6 M PERERKXKFFR Vol. 38 No. 6
2021 4F 11 H Journal of University of Chinese Academy of Sciences November 2021

XEHS :2095-6134(2021)06-0841-11

ETRAEFIQHENMREFEEFIFE

WA, EAE A

(1 P ERER R FHEER R, bt 100049; 2 o ERMF BEREHRZ 5 M P E A 5000 %, dbat 100190)
(12021 44 A 15 HWckE; 2021 45 A 12 H B HHT)

Yang Y L, Guo T D, Han C Y. Improving pseudo-labeling semi-supervised learning based on prototype learning[ J].
Journal of University of Chinese Academy of Sciences,2021,38(6) :841-851.

M E sk, T EMG) f— B0k N b iy ¥ B % 3] (semi-supervised learning, SSL)
FEWSTZNAFBRETRAG K, AW, b THREEEFE N RR”FA, HEA
HYy  % 3B I O AR A B AR AT DA R B, B AR A F A K T 4 AR & (pseudo-labeling, PL) #y
FWEFI R, BH —MAAAEENEA EE &S FFAEE EHE A (prototype attention layer,
PAL) Bl AE 4 2 W & B SR AE B Bl L S — MNEE RN BEA KA S A TREREF,
'U)J’Eﬁﬂ)ﬂEié’ﬁé@EET‘%‘E#%E,HT@EEﬁ’ﬂ%ﬁ)@?ﬁ‘LJ£ﬁ’ﬂ%ﬁ%%}?’”/\ﬁa/ﬁéﬁ’ﬂﬁ
FRAMPLA A S AT REFNIAE, Ax—HANAZ 2 A HFELBEEFIER

It 7% 2| 87 & 3% ( prototype attention improved pseudo-labeling, PAIPL) , 7 CIFAR-10 2 CIFAR-100
WEANFEESEMAEHTNR, 2B EREB[ETBERA, HHH, ERENBER
ol ok s S S PLCB?I‘[ M, X R AT RA W ERAR, NIRRT EHHR
R, BHFRUGERN B AW LN HHESL B EFIERE FELANKEE LHTIE,
BiE T B W By ALME f — AN AR BB B E B

KR BB AR MixUp; HEE A, B A %3]

FESES . TP391 X EKARERD ;A doi: 10.7523/j. issn. 2095-6134. 2021. 06. 015

Improving pseudo-labeling semi-supervised learning
based on prototype learning

YANG Yulong', GUO Tiande"”, HAN Congying"’
(1 School of Mathematical Sciences, University of Chinese Academy of Sciences, Beijing 100049, China;
2 Key Laboratory of Big Data Mining and Knowledge Management, Chinese Academy of Sciences, Beijing 100190, China)

Abstract In recent years, semi-supervised learning (SSL) methods based on image augmentation
and consistency regularization have been widely used and have achieved great success. However,
little attention has been paid to pseudo-labeling ( PL)-based semi-supervised learning methods
because of the “confirmation bias” problem, i. e., errors in the model are accumulated by wrong
pseudo-labels and thus difficult to be corrected. In this paper, we propose a feature refinement

model based on the feature space graph. The model learns a graph attention model on the feature
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space mapped by the neural network. We apply this model to the feature space to make use of the
information of the prototypes to refine the features. The pseudo-labels generated by the refined
features are randomly and linearly combined with the pseudo-labels generated by the prototypes
assignment to obtain new pseudo-labels. In this paper, we apply this module to two pseudo-labeling
semi-supervised learning frameworks and achieve significant accuracy improvements in several
CIFAR-10 and CIFAR-100 semi-supervised classification problems. In particular, we apply our
feature refinement model to the pseudo-labeling semi-supervised learning framework PLLCB and add
the proposed mutual mix supervision techniques to achieve good results on this framework. By
applying the proposed feature refinement module to several pseudo-labeling semi-supervised learning
frameworks and conducting experiments on several datasets, the proposed algorithm is demonstrated

to be universal and effective as an add-on module.
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Table 1 Accuracy comparison with previous methods
CIFAR-10 CIFAR-100
methods
500 1 000 4000 4000 10 000
. Supervised * 56. 02 64. 89 80. 47 45.26 58.39
Supervised .

Supervised (M) * 62. 49 71.14 84.02 47.55 60. 97
r-model %) - - 87.64 - 60. 81
Mean Teacher! "’ 72.55 80. 96 88.59 54. 64 63.92
Consistency Dual Student!'®) - 85. 83 91.11 - 67.23

1crh® - 84.52 92.71 - -

MixMatch "’ 90. 35 92.25 93.76 - -
Lpi2] 67. 60 77.98 87.31 53. 80 61.57
LP+MT 2! 75.98 83.07 89.39 56.27 64. 08
) Soft Self-training * 64.92 78.05 89. 10 53.40 62.03

Pseudo- Labeling ]

PAIPL-S( ours) * 68. 10 79.96 90. 31 54.98 64. 30
prLcg 91.20 93.15 94. 05 62.45 67.85
PAIPL-P (ours) * 92. 89 93.38 94.18 65.04 71.74

VE M R MixUp IENIAE , ™ FRACSC iS50

H] PAIPL X 2 i Phdm 28 2 Wi 2= S HEZR AR 2 A1
GO

FATH PAIPL-P 5 7E CIFAR-10 F1 CIFAR-
100 H i 13-CNNY B g o fh vk AT LA
JRUAE B /N LR DA B A 1) B T Ak B AT ]
PRI  PAIPL-P 7R BUS T8 S 145 5
ICT A MixMatch @it 5] A MixUp, ZZfif 12 W&
2 ) AR . PLCB AMYGIA T MixUp, i
T T 2850 43 A %k 55 R0 B /MU ST 2 89 HL
AR, PAIPL 5IA T EE 2 HIEAE S, i ik15
PR PRSI . X R IAASCHR S AU
Gefr T PIRR SR 2 A i i (] R
3.3 HRLLI®

18 1 7 fill 5256 (ablation study ) , 3 PAIPL
A R B RO, R 2 /R T PAIPL-P 1E
CIFAR-100 |- F4{di FH 4 000 F11 10 000 45 FR2E %1
PRy SEE . BT PAIPL-P 235 T PLCB ek,
ASCE SR 25 R 5 PLCB MEATHAR . 7 PLCB 1Y

2 HEIWER
Table 2 Results of ablation study

ethods CIFAR-100

4000 10 000
Supervised * 45.26 58.39
Supervised( M) * 47.55 60. 97
pLCB! 62.45 67. 85
PLCB+PAL” 64.42 70.78
PLCB+MM * 63.08 68.72
PAIPL-P * 65.04 71.74

T AEA 4000 F110 000 A IREEAEA N CIFAR-100 _F#E4T

LAl b B T 2 A AR T2 (PAL) #l
HHEIRAWE (MM) ,

Sl R & e | S SO E = o 2
(Supervised) HEE1S BN BALHER 2R, 7£H WE
22 o A MixUp J&5 ( Supervised (M) ), H T
MixUp f91EWIfb 223K 0 5 o -1, 45 SR A5 31 T ek
. PLCB IMA T JCAR &5, U B 2p W2 >
FESE 58 W A H MER R A KA 5
AR SCE A3 0 A B D7 )2 (PLCB+PAL) |, AT LA
AT PLCB TR I HERG R, X & TR AT R
NERME T HEZ I RIEAR B, AU X,
BIGHME B, A EIRA W E (PLCB+MM) ,
S5ET 2 AN RIS, e PLCB ER A T 2
T, AFRE X SRS v B R A R A B R AR 5
K 2 PR [ IS (PAIPL-P) 153 T i 41y
£

4 SLWERHH

e ER PAIPL WA &, K4 i T
PLCB Fl PAIPL-P 5 B it 26 Fi4id 25 i1 4. PLCB
PRI R AR T B, RS B 78 2% 21 R 5 2 Ik
FRERTRRZE LT AR SR 2 A 2 R RS it
KRS RN R T, i PAIPL-P ARG B AN 48 5
XU E YIS 1 PLCB B T 5 480 4 1) |, i
HIRE PAIPL-P #2441 T Ik PLCB 7 4 1 IE
ik,

SR 7N PAIPL-P 1Y t-SNE'™ [ 4 ] Wi 1k
45 T8 500 MR REAN CIFAR-10 F Il %k
BEAY IFKe T A IS0 A RS SRR AE 2 ], RR AR



%6 1) PRI, 26 ST ST ST WO 1Y Db e B 3 ik 849
t-SNE visulization of PAIPL
95
731 * &hadk;
9.0 & o
501 S,
8.5 e L
201 ¥ e Ty e : 1
8.0 %“ 'Aﬂhgé. “ﬁ "A‘ 3:“} -"n
: CERT AT e
75 v, WL -
25 & LT
7.0 .
07 { o dis- w
6.5 S
~751 %
0 50 100 150 200 250 300 350 400 k' ‘M': i
(a) VIZRBK i 2% -100+ " "
=73 -50 -25 0 25 50 75
90 AR BUE IR RN, ZAIEFRRF R R R
80 B 5 WX EEAHER t-SNE AT L& R
70 Fig.5 Visualization result of t-SNE of test sample features
o1/ K, X7 PAIPL %= 2 (0 JF 8 m] DL AE & 1
50 FER LG, RN R 2T LR AR AR 702K
40 O E A 2R R R Hl AR SN 2, T DL PATPL 7
0 50 100 150 200 250 300 350 400 CIFAR-100 E/‘Jiﬁﬂf [:BT’:E CIFAR-10 LE@E&J}EEbH
(b) VIZRRH1E 1t 2 iR
“ > < = -
50
(a) BB 1 R AL UREA (b) SR ELEARREA
40
0 N e
20 () FBIFRBLEATFEA (d) 4R BT AR A
10 6 YHIEGES RELE AR

0 50 100 150 200 250 300 350 400
(o) BURRE 5 il 2
SCIRTE 4 000 A ARZEWRT CIFAR-100 LT,

E 4 PLCB 70 PAIPL B £ttt
Fig.4 Comparison curves between PLCB and PAIPL ( ours)

fia] £ 0 AR [ HE R -SNE e 5 3 4 23 ]
KI5 7R T t-SNE M RTALZE R i 1 Jt AR
fT e R BRI I HBCh A0 4)
ATEREA RIS I, X FRIR2 > W SR AU e JHAR /D
() AR | 35 - 1l 28 36 R 40 1 B4 i JE . PATPL
FIFH 25 21 200 S B2 BB R 19 2 R i 45
BT MixUp #9757, 41 MixMatch #l PLCB,
HRRAHFH O E B

K6 JEn T RHLX AR A [ RRAE 25 [8]
BB A REAS R . B SR HTAT 500 M R4S
BAEH) CIFAR-10 B IZRAEA | I8 iir A I iR
AW BRRRIEAS ], AR 2 AN AR AS B
Pk ke, B4 TR Rl A PR AE B AR ALL, AN [
J AU JE Rl A LS, AR OR A TRl —26 Bl ok 25 /e i

Fig. 6 Images near different prototypes of airplane class

e T A BOR A W B 2 T AR LB,
PAIPL "5 2 53 3, £ R IMA R B & )
s IO e U S e ]| EZT R I P o
FEPRRRZ I W T ek il 8, SR, B 25 I 2R
HEAT BB 2 EHA AR IR 520, o — 03 S 02
RN T 42| 7 N = S e R B S L | 2
257 S T 2 1) SRR A T O, 4 SR A 2
Bl N 2R304 T, R T 29 BB A 1 I 25 %93 32
SR R TR [HYIZR S W R R B A o Tl 43 32
Mo BT I IS . BT AAS Sl 2k
PEFHRARAFPIIREE . AEVNZRWI A, 4> 43 S
0 1] 32 Bk A% S M i TG R b
HE 2 A0 ST A BEATLZR 1 4 % R
L TIN

5 e

RS —FioB R A R AL B IE AT PAL, X
PRFAEAG TEAR B R L2 8 AR DR 28 i =



850

SRR B

iz %5 38 4

STHERR T JESMHEIRA MBS SR T R
) M PR A W B 2R 2] Bk . PAIPL ALy
2 45 1) FHF BOGERRAE A9 AT 5 ) B B R 3 3

2 :2) 45 508 IR R AE O bn 2 s AL 5 e O A
S EIR A MBS . ASSCH PATPL B3 hy FH 21 2
FRAS ] PR 25 20 W B 2 ST HE SR I AR AR 25 1Y)
HIINZRAEZE R O bR 45 B PLCB FESE 153 2 Ffff
(D bR 26 W B 24 2] 534k PAIPL-S Al PAIPL-B,
SR ZE R R PAIPL-P A8 T &8 0 Dh bR 25 07
F—SCH I ENE T, ARPEA ST AR 5T AT LA
PhbRZE T ] LA — S 2607 i — B Fef
Brep iR B AR . AR TAERT LAl A5
R 2 %) 5 R 5 Y P T Ak 3K SR AR T )
B AT DA R 1 W B 2 ) B R B A 3 o

WS,

S 3tk

Ouali Y, Hudelot C, Tami M. An overview of deep semi-
supervised learning[ EB/OL]. arXiv: 2006.05278. (2020-
07-06) [ 2021-04-157]. https: //arxiv. org/abs/2006. 05278.
Oliver A, Odena A, Raffel C, et al. Realistic evaluation of
deep semi-supervised learning algorithms [ EB/OL]. arXiv:
1804.09170. (2019-06-17) [ 2021-04-15]. https: // arxiv.
org/abs/1804. 09170.

[ 3] Chen T, Kornblith S, Swersky K, et al. Big self-supervised
models are strong semi-supervised learners[ EB/OL]. arXiv;
2006. 10029. (2020-10-26) [ 2021-04-15]. https: // arxiv.
org/abs/2006. 10029.

Xie Q Z, Luong M T, Hovy E, et al. Self-training with noisy
student improves ImageNet classification [ C] /2020 IEEE/

[4]

CVF Conference on Computer Vision and Pattern Recognition
(CVPR). June 13-19, 2020, Seattle, WA, USA. IEEE,
2020 10684-10695.

Ibrahim M S, Vahdat A, Ranjbar M, et al. Semi-supervised
semantic image segmentation with self-correcting networks| C ]
// 2020 IEEE/CVF Conference on Computer Vision and
Pattern Recognition ( CVPR). June 13-19, 2020, Seattle,
WA, USA. IEEE, 2020. 12712-12722.

Ouali Y, Hudelot C, Tami M. Semi-supervised semantic
segmentation with cross-consistency training [ C ] // 2020
IEEE/CVF Conference on Computer Vision and Pattern
Recognition ( CVPR). June 13-19, 2020, Seattle, WA,
USA. IEEE, 2020. 12671-12681.

He J X, GuJ T, Shen J J, et al. Revisiting self-training for
neural sequence generation [ EB/OL]. arXiv: 1909. 13788.
(2020-10-18 ) [ 2021-04-15 ]. https: // arxiv. org/abs/
1909. 13788.

Chen L X, Ruan W T, Liu X Y, et al. SeqVAT: virtual

adversarial training for semi-supervised sequence labeling[ C ]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

//Proceedings of the 58th Annual Meeting of the Association
Stroudsburg, PA,
USA: Association for Computational Linguistics, 2020 8801-
8811.

for Computational Linguistics. Online.

Li YT, Liu L, Tan R T. Decoupled certainty-driven consi-
stency loss for semi-supervised learning [ EB/OL . arXiv:
1901. 05657. (2020-07-31) [ 2021-04-15]. hittps: //arxiv.
org/abs/1901. 05657.

Tarvainen A, Valpola H. Mean teachers are better role
models: weight-averaged consistency targets improve semi-
supervised results [ EB/OL ].
1703. 01780. (2018-04-16) [ 2021-04-15]. htips: // arxiv.
org/abs/1703. 01780.

Arazo E, Ortego D, Albert P, et al. Pseudo-labeling and

deep learning arXiv:

confirmation bias in deep semi-supervised learning[ C]//2020
International Joint Conference on Neural Networks (I[JCNN).
July 19-24, 2020, Glasgow, UK. IEEE, 2020: 1-8.

Zhang H, Cisse M, Dauphin Y N. Mixup: beyond empirical
risk minimization[ EB/OL]. arXiv; 1710.09412. (2018-04-
27)[2021-04-15]. https: //arxiv. org/abs/1710. 09412.
Velickovié¢ P, Cucurull G, Casanova A, Graph
attention networks [ EB/OL]. arXiv: 1710.10903. (2018-
02-04) [ 2021-04-15]. https:: //arxiv. org/abs/1710. 10903.

et al.

Riloff E, Wiebe J. Learning extraction patterns for subjective
expressions [ C ] // Proceedings of the 2003 Conference on
Empirical Methods in Natural Language Processing. July 11-
12, 2003, Sapporo, Japan. Association for Computational
Linguistics, 2003 105-112.

Laine S, Aila T. Temporal ensembling for semi-supervised
learning [ EB/OL ]. 1610. 02242. ( 2017-03-15)
[2021-04-15]. https; //arxiv. org/abs/1610. 02242.

Ke Z H, Wang D Y, Yan Q, et al. Dual student: breaking

arXiv:

the limits of the teacher in semi-supervised learning[ C] //
2019 IEEE/CVF International Conference on Computer Vision
(ICCV ). October 27-November 2, 2019, Seoul, South
Korea. IEEE, 2019: 6728-6736.

Miyato T, Maeda S I, Koyama M, et al. Virtual adversarial
training: a regularization method for supervised and semi-
supervised learning [ J ]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2019, 41 (8). 1979-
1993.

Verma V, Lamb A, Kannala J, et al. Interpolation consi-
stency training for semi-supervised learning[ C ] //Proceedings
of the Twenty-Eighth International Joint Conference on
Artificial Intelligence. August 10-16, 2019. Macao, China.
International Joint Conferences on Artificial

Intelligence Organization, 2019: 3635-3641.
Berthelot D, Carlini N, Goodfellow T J, et al. MixMatch; a

California;

holistic approach to semi-supervised learning [ EB/OL ].
arXiv; 1905.02249. (2019-10-23) [ 2021-04-15]. htps: /
arxiv. org/abs/1905. 02249.

Xie Q Z, Dai Z H, Hovy E, et al. Unsupervised data



5% 6 10 W, 46 3 T I A2 5] ik D 2 e B 2 S Bk 851
augmentation for consistency training [ EB/OL ]. arXiv; CVF Conference on Computer Vision and Pattern Recognition.
1904. 12848. (2020-11-5) [ 2021-04-157. hitps: // arxiv. June 18-23, 2018, Salt Lake City, UT, USA. IEEE, 2018.
org/abs/1904. 128438. 5552-5560.

[21] TLee D H. Pseudo-label; the simple and efficient semi-super- [27] Grandvalet Y, Bengio Y. Semi-supervised learning by entropy
vised learning method for deep neural networks [ EB/OL]. minimization [ C ] // NIPS04; Proceedings of the 17th
(2013-07) [ 2021-04-15]. htips: // www. researchgate. net/ International Conference on Neural Information Processing
publication/280581078 _ Pseudo-Label _ The _ Simple _ and _ Systems. December 13-18, 2004, Vancouver, British
Efficient _ Semi-Supervised _ Learning _ Method _ for _ Deep _ Columbia, Canada. MIT Press, 2004 529-536.
Neural_Networks. [28] Iscen A, Tolias G, Avrithis Y, et al. Label propagation for

[22] Zhuang C X, Zhai A, Yamins D. Local aggregation for unsu- deep semi-supervised learning [ C ] // 2019 IEEE/CVF
pervised learning of visual embeddings[ C]//2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition
International Conference on Computer Vision ( ICCV ). (CVPR). June 15-20, 2019, Long Beach, CA, USA.
October 27-November 2, 2019, Seoul, South Korea. IEEE, IEEE, 2019. 5065-5074.

2019 6001-6011. [29] Chen T, Kornblith S, Norouzi M, et al. A simple framework

[23] Kuo C W, Ma CY, Huang J B, et al. Manifold graph with for contrastive learning of visual representations [ EB/OL ].
learned prototypes for semi-supervised image classification arXiv: 2002. 05709. (2020-07-01) [ 2021-04-15]. https: //
[EB/OL]. arXiv: 1906.05202. (2019-06-13) [ 2021-04- arxiv. org/abs/2002. 05709.

157. hitps: //arxiv. org/abs/1906. 05202. [30] Zhang Y, Xiang T, Hospedales T M, et al. Deep mutual

[24] Srivastava N, Hinton G E, Krizhevsky A, et al. Dropout; a learning [ C ] //2018 IEEE/CVF Conference on Computer
simple way to prevent neural networks from overfitting [ J]. Vision and Pattern Recognition. June 18-23, 2018, Salt Lake
Journal of Machine Learning Research, 2014, 15. 1929- City, UT, USA. IEEE, 2018. 4320-4328.

1958. [31] Athiwaratkun B, Finzi M, Izmailov P, et al. There are many

[25] Salimans T, Kingma D P. Weight normalization: a simple consistent explanations of unlabeled data; why you should
reparameterization to accelerate training of deep neural average [ EB/OL ]. arXiv: 1806.05594. ( 2019-02-21)
networks [ EB/OL ]. arXiv: 1602.07868 ( 2016-06-04 ) [2021-04-15]. https: //arxiv. org/abs/1806. 05594.
[2021-04-15]. https: //arxiv. org/abs/1602. 07868. [32] Van der Maaten L, Hinton G. Visualizing data using t-SNE

[26] Tanaka D, Tkami D, Yamasaki T, et al. Joint optimization [J]. Journal of Machine Learning Research, 2008, 9(86) :

framework for learning with noisy labels [ C] /2018 IEEE/

2579-2605.



