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Pseudo-labeling Algorithm Based on Optimal Transport for Deep Semi-supervised Learning
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!(Faculty of Computing, Harbin Institute of Technology, Harbin 150001, China)
*(Department of Automation, Tsinghua University, Beijing 100084, China)

Abstract: Deep learning has been widely employed in many fields and yields excellent performance. However, this often requires the
support of large amounts of labeled data, which usually means high costs and harsh application conditions. Therefore, with the
development of deep learning, how to break through data limitations in practical scenarios has become an important research problem.
Specifically, as one of the most important research directions, semi-supervised learning greatly relieves the data requirement pressure of
deep learning by conducting learning with the assistance of abundant unlabeled data and a small number of labeled data. The pseudo-

labeling method plays a significant role in semi-supervised learning, and the quality of its generated pseudo labels will influence the final
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results of semi-supervised learning. Focusing on pseudo-labeling in semi-supervised learning, this study proposes the pseudo-labeling
method based on optimal transport theory, which introduces the pseudo-labeling procedure constraint with labeled data as generation
process guidance. On this basis, the pseudo-labeling procedure is converted to the optimization problem of optimal transport, which offers
a new form for solving pseudo-labeling. Meanwhile, to solve this problem, this study introduces the Sinkhorn-Knopp algorithm for
approximate fast solutions to avoid the heavy computation burden. As an independent module, the proposed method can be combined with
other semi-supervised learning tricks such as consistency regularization for complete semi-supervised learning. Finally, this study conducts
experiments on four classic public image classification datasets of CIFAR-10, SVHN, MNIST, and FashionMNIST to verify the
effectiveness of the proposed method. The experimental results show that compared with the state-of-the-art semi-supervised learning
methods, this method yields better performance, especially under fewer labeled data.

Key words: semi-supervised learning; pseudo-labeling; optimal transport; image classification; deep learning
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FH, DA Bt e rp A S A0 FE AT VR Ak DA B e BRI 2.

5.1 SEWSLISIFMNiERR

ARATEVEGIN B0 I BN S, OISR E . MR IIGS BAASTILg, UL 58U S8 5 vk AT v
REXT LU AR VT A 7 0 25

o KiitE

SEG E TP K 4 Rl R4 K BR4E, S5 CIFAR-10. SVHN. MNIST. FashionMNIST. X -2 Wi B 2% 3] 7]
RS 55, ¥ 22 3 i A8 1A ) 43 A X SR SRR AT R 2y, RARBR b (5 8, DA MEBE . AR B R,

CIFAR-10"": #¥ia i N B 10 210 R BEEESE, I HALE 50000 YIZREHE A1 10000 A%, %
A BG4 32x32 RGB MR, 1% M i 52 B, FATHE B 45 H 43 BIBEHLIEL 40, 250, 4000 5K EUEAE N
AARCEE, FIARVE A TCARICECR, R a2 B Bl S5 4T 5 S Se SR 36

SVHNM™: 155 5 R 47 5 HE 48, 497k B840 32x32 RGB B1% 196 & —4 0-9 HIFTRifa 7. BiREa s
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73257 MINGREIR AN 26032 MSMEREHE, 5576 531 131 ANFMYIZREE. 42 883850 v &, BA15r BIBEALIME 40, 250+
1000 7k BUEAE A brid 8 48, AR AR5

MNIST™: P55 7 BG / FHAR 4R, FUR AN 0-9 Z [ %7, 354 60000 3K I 25 FEH{Z A 10000 3K 3k
B, [k B 28x28 B LI EHE. R B B 2 o0 1 B, AT M P BEHLIHE 40, 2504 1000 Tk EE1EN
BAREHB o EIRE, HRKE&EFHRENE N TR LE 5.

FashionMNIST!™: 484 0 B 10 A5 R MR2E BG4, B 60000 5K I ZR4EEE A1 10000 5K
MR ER, BI15 5 28x28 (3 E EIE. BATE M EHELE R FENIHHE 40, 250, 1000 7% EEA/ENH bRid 65
HAm e, RN TR 5 B 4E.

o SZHLYNY

WA E% 25N T RFELET A TE, 5T MNIST A1 FashionMNIST _EBIIR 75 :3RATME ] 4 /2 CNN RS54, 45
FEAR N Conv(1,32,3) — BatchNorm U, ReLU M — MaxPool (2,2) — Conv(32,64,3) — BatchNorm — ReLU —
(WRN) 28-271 85 K R E AT W9 2 11 2.

SR E: X T1E CIFAR-10. SVHN Rl B 7 vk, N T BN AP 09 LA, 34 1ix B8 5 50k [14]
R SHOLE. BAARSRUL, L A= SHON 0.9 IIFRAERBENLE B T B (SGD) kNS, 2 IR E

Tnt

b A 3 ] N 1 = nocos(ﬁ), o IOV S5, SIS EL 0,03, ¢ ST I, T

WIZRAE AL IREL, T256 T e AR BN 2% (GLAHE 210 MERE IR, GAEREE AL & U5 i) 8RS 9 I SR 7Y
210 1R). P2 (R YI GRA AL AR A BB IR 1077, BRIL 2 48 T Ak s Bt g, X BLAS R 4R B0 AT 24 S me o e B
HEZHCN 0.999. Fr A HHE R (1A bR 0 Bl B0 RN B DY 64, T oA id B 58 1tk & RN A bR id 2 4R
() w i, FESESG TR BB 7, RN 448, J5 it 4R sbn %5 B A5 FE I [ 2 A « BN 0.95. T A Arid i 4
TARMTAFCE RIS A, = 1. T B B IAR S A U EBESE I A, IEMI R 2L A ¥ 500.
TESZIE MR, IEAREE BT 0 HIZE maxIterNum=1000, err_lower=1E-5. BBk, AT S2EG Fp s K — U IR L 15
S FARRI B3 D7 ik, BARSR: §938) SRIEBHE 4 ME R AN PR AINER S 0.5 IBEHLKF-HI%E ({4 CIFAR-10
MR AT, A5 SVHN); 385 048 ] RandAugment 50 9. X F7E MNIST. FashionMNIST _E#EAT AR
AR BT R IR L, PR SR U B AL B AT . RN AR T 66 RIZ I R BRI VIR 2 31 %y WEA
0.01, MZREIEARKEN 38400 GEEE 150 MEMRFE K, FAEAEE RALE DT 7 Em L IFII R 256 1)0). Briit
ZHN, GG B TR A INVE N ZRINE TR T X D bR A5 5L T B A5 FE AT IR e, PRI AN 15 3 T 5 A

o X b U5 S v AIbR

AR 5 B AT B i B AT A A B R R R AT LA, DAIRUE SRV A AL, D T TR AL, X
A TNE LR K.

BT LA B B 57k 1%28 058 7E CIFAR-10. SVHN %445 F i il WideResNet #E47 I ZRilll, 322
£1.3% M-Model®®, Pscudo-label”. Mean teacher™. UDAP®. MixMatch™. ReMixMatcht™ LA & H i 5 (R 1t 58
F FixMatch™,

BT hR A R 2 W 7 i %K )74 /E MNIST, FashionMNIST %#f 4 14 F CNN #EAT I ZRiiK, X b
779 Pseudo-label!”.

PEHRIBRE: X TR EEE AR, JAVEH B 7 IR/ X IR Top-1 #ERG A ATEAl bR dE. X TR E45,
W 3 RSE, 4 A E AR HE 2.

52 FUEEFIHFEME

TS 3R T R U795 #E CIFAR-10 1 SVHN ##5 45 b 5 LAE T M B O ik EAT X b %340 i H

WideResNet 28-2 W%, {8 28 3.4 5 h &5 & — B IE MR G 2 0B 5 S 7k R T IR AP, I BN LY
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HIJ7 702 2987 SOTA A2 5B v, A BT Pseudo-label. IT-model. Mean teacher 7E£#E 4 E A 250 4>
FREEIE LT RIAE, X BT H TR 40 MRZAE O T s 3.

R FR, AR E 7GR & TE CIFAR-10 382 SVHN Fi4E L, W HAN 78 — e R E 1 6E
T, TCHRAERA 40 15 250 MEFRAEIE RSO N A BON I 2. B0, A1 I7ELE CIFAR-10 BA 40 4
FREBAR S LR, M FixMatch!" [ 5256 45 FARTHZ) 9%, A 1 5% 77 548 BAT 250 MRZEEIR 5 00 T
SEIG SRR [FIAE, 75 SVHN $HE4E LA AR IR 45 R, ASCHIEERA 40 MaB R IE L TR T
97.82% [FIHERf#, L FixMatch 75 250 MAR2EAEHL T 45 2R, AT VEAE SVHN B4 1A 1000 A br 2 AR
PRI BB, X EEIUA [ AR BB 2 21 i A SR T HE SR T FE A K, 7E CIFAR-10 HE4E B 4000 MFEA
fE LT HZ FixMatch #E#f A BT, X BIRATACZ S R TR 2 T3 B S C A B R E T
TRIAERA BE, T X LE bR 73 T BEARPE 2 045 R, (H 2 2 IR EEI8 7 245 R E, AR S5 L HA 5
AR, B, SRSk UL, FATTATER (VAR T BB 2% S LA 2L

£ FREBEARFN, ASCHEE A VB 2 5] FRE S % CIFAR-10, SVHN _E [ HERf 25T b (%)

- CIFAR-10 SVHN

40 250 4000 40 250 1000
I1-model™® — 45.74+3.97 58.99+0.38 - 81.04+1.92 92.46+0.36
Pseudo-label” — 50.22+0.43 83.91+0.28 - 79.79+1.09 90.06:0.61
Mean teacher” — 67.68+2.30 90.81+0.19 - 96.43+0.11 93.58+0.07
MixMatch™ 52.46211.50 88.95+0.86 85.58+0.10 57.45+14.53 96.02+0.23 96.50+0.28
UDAPY 70.95+5.93 91.18+1.08 95.12+0.18 47.37420.51 94.3122.76 97.54+0.24
ReMixMatch™” 80.90+9.64 94.5620.05 95.2840.13 96.66+0.20 97.08+0.48 97.35+0.08
FixMatch!" 93.013.30 94.99:£0.60 95.82:£0.10 96.06+2.29 97.77+0.25 97.88+0.16
Ours 94.68+0.54 95.19+0.27 95.79+£0.03 97.82+0.05 98.12:0.03 98.130.02

53 FBEINGERAMEERFERIH

T BE—IDRF FUAR SCHR H (R D AR A A T VAT Y W B % 2] I FR AR AR T, FRATT e B ST AR e e ARl
T4 Bt A B bR 21 BLHEAT T G dT, 43 BESE T /E CIFAR-10, SVHN FRHEHE S 2L A 40 M2 1
THEHLR, IS AR AR S IE R 2 . BIEE, ENERAE R 2RI 3 P, ARG SRAT I 7 v 2 B
21777 FixMatch [IFRZEAE RGEAT R B, B 1 JBAR T A G-2 45 1.

WIE 1(a)(b) Fior, X BIATIS b T 7 A8 ISRt 72 A B D bR 28 10 IE A 3%, B T A i B s 3R 47 bsvE
(PRI B 5 R R ) bR 28 B0 v FI0 1E 6 B bR 25 o5 BL. ] DU BIAH B3 FixMatch 5%, Bk T 78 CIFAR-10 (40
AIREE) BARAR b [R]YIZR36 43 IR S BRI A, B8k AR SO iR I IE I 2% 15 T FixMatch J7i4.

1.0 1.0
e}
- 09 | - 09
= -2
08t =08 |
— FixMatch — FixMatch
—— Ours —— Ours
0.7 d i 0.7 .
0 200 400 600 800 0 200 400 600 800
Epochs Epochs
(a) CIFAR-10 IEffi% (b) SVHN IEffi %

B 1 7F 40 DMRBEAEE, 2 0B 7 B 2t 72 b AR s pn s i i k) b (B4 CIFAR-10 A SVHN)

© PEBEERKCEIFR  htps/www. jos. org. cn



B F AT RMAR IR X MR S AR A R 5205

1.0 1.0
~\J
a 09 t a 09 t
5 &
E E
& 08 | & 08 |
— FixMatch — FixMatch
—— Ours —— Ours
0.7 . . . . 0.7 . . . .
0 200 400 600 800 0 200 400 600 800
Epochs Epochs
(c) CIFAR-10 7 [u] 2% (d) SVHN A [a]%
1.0 1.0
o 09t o 09+
g g
e e
0.8 F 0.8 F
— FixMatch — FixMatch
—— Ours —— Ours
0.7 . . 0.7 . . .
0 200 400 600 800 0 200 400 600 800
Epochs Epochs
(¢) CIFAR-10 HEff% (f) SVHN Vi %

Bl 1 7E 40 MRZEEAERT, B ik Zrid B2 Hh Az s D i 24 % bl (546 CIFAR-10 AT SVHN)(55)

B 1(e)(d) X b5 vk IE R bR &S 1 4 [ 38, RIS T o AR E B0 2 s e A A bR 25 55 B -5 0 b B5ods 42 8 S L
B IWAB B Z 00 L5 RRE, AL VATE R B R J7 A #5 W AL, A LG FixMatch 7579% R LARE %A= i 58 22 (9 1F
WbR 225, AT BE 05 3 o B A e W B 22 ST 3R B IE QAT T, 0 1(e)(D) Fraw, 13 F BAT ikt 472
BENZRMARZE MR AR | B B v .

25 LA, I ZRS FR I A B O R B DR, I RATIN A5 23 AT DA R 2 A B, 1T DAAR AR 22 (H IE AR 25
A, B AR RO BT PR B TN B AN, T AT UGS AR B BE A% 2 o B BE 2 (045 2, LIk B0 S 4 (R AR
5.4 TARREER A AT

AFTFE MNIST 1 FashionMNIST #4558 FghA7 5250, F3AT1 0 T735 5 48 G 1) DA 28 A2 i 7 1A T X B, AR
MG E AR S O bR B A BRI R, 9 T BRIESEIG 1 AP, BT SR I0 4 —f ] CNN LR AESE, HEi— ik
HEE HRAS A A AR B I AT VI 5, ANELFE — B0k 1R WS 2 AR Ak S8 o B B FH A SOR 28 A LA 77 7 B AR HE 4L
AR A R 4

IR 2 R, AR SCHIRRESE AL 7 1A T4 BRI BR 2 A2 iR 7 v #f S BT8R 7, 7E MNIST. FashionMNIST -
) ST 5 B P T3 (R AR 25 AR BT 95, B, T MINIST $udf4k, 710 B 40 MR HUR TSR, A0y
TR B 2 45 B LU 5 T 4 3%, 3 Pseudo-label 7E B4 250 ANA FRZHE BT L T R S2Ib 45 5.

T2 AVONARZEAE RGFHEAT 2 B 22 5] #F MNIST. FashionMNIST _EIRAERG R T EL (%)

" \ PR
KRtk ik 40 250 1000
MNIST Pseudo-label 94.68+0.21 98.07+0.08 98.21+0.05
Ours 97.86+0.07 98.25 +£0.10 98.42 +£0.07
P -label .16 +0. 2.03 £0.11 4.99 £0.
FashionMNIST seudo-labe 66.16 £0.05 82.03 +0 84.99 +£0.07
Ours 73.04 £0.29 82.12 +£0.07 85.21+0.17
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K 2 JB7R T X} Pseudo-label FIFRATTI 26 T S A A% i I DA AR 28 A2 BT VE IR T AAL 45 51, 161 2(a) 9 Pseudo-label
J7id:, P 2(b) T B AR R (K O bR A AR R M -SNEMIRT /E MNIST Hdi 05 B 40 M FR%s
RGO R BT EEAT A BN ZRR R M AR B AR AR AT AT AL R R, AN B AR 1 AN
MATARAG S S AT DUE B, AL 481 Pseudo-label J7VEFE LG L N AR I R RER LK EX IR, &K AfFELE
Tz, MARATTI 7 AT US55 i R R 3R, &3 BN R AR HLREBUONIS M X o 52K,

30 ¢
20 +

10  omf
0+

30 ¢

20 ¢

10 @.‘

S = N W A AN NN X O

=30 20 -10 O 10
(a) Pseudo-label

K 2

5.6 EMMESIHEES
(1) Sinkhorn H ki Ll tE

* »

S = N W kA W O 0 O

ol . :
« » 3
l
—10 |, -
20 # *
, =300 , , , A , ,
30 30 —20 -10 0 10 20 30

(b) Ours

t-SNE HJ #ffb &5

ARV DI FRRE A e S 2 30 S AE MINIST (40 /MARAS) LI 2545 21 9 45 SR B iR e 1) — 4o 1Y

Sinkhorn-Knopp HiEH A (11) HFIENSE A FIMEMK, FVEA 3 00157 0L A Bz T T s D0 A% i 1) 8 1) AR,
fH /23X £ 530 Sinkhorn-Knopp & AQ KB I, AT 51 N B4 )it St ). DRk, ik £ — AN 24 1)
Sinkhorn IF U325, BATE CIFAR-10 3B 4 B A 250 Mhr2e B 1S ol T BEAT X Lbse o, Bude 1 4 F A1
BT R R AR 2 A gt AT 2 MR B S ST AR Y, 43 BIAE Sinkhorn IEMITZ 4L A & 5. 100, 500 1000 )
TR, B A 0 TR, B IS ae 45 SR an B 3 B, AT VT S S HERA BT, AR SCHE SR i % 4% A = 500 1F

A Sinkhorn-Knopp 592 [ 1E M 52 44

96.0

Top-1 accuracy (%)
Nel
wn
f=l

945

94.0

200 400 600 800
Weight of Sinkhorn regularization:

1000

K3 f£ CIFAR-10 B 250 My 51500 T, AR Sinkhorn-Knopp 1E U Z$ 1% B 11 Zk45 B R AER R0t L
Q) IrHEER
ASCHRE )3 T R AU AL S B AR AR T v, A b T e A R OB A R O AR 2%, ] DIAR S Hb AR £ 2 1 B¢
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#1205 AT RMAEM LR EF BB F I hARst R Ex 5207

5 2R AR R TE AR A R D AR R O R R, RS B R A AR R 45 R AT T EUUSN G IS T R A A% a1
FREC SRR, 20882 5 NBSN I TH S TR]. A, O 7 W TS0 o SART, AT A A S A A R i 4 B kAT
B S ST N ZR K T SIS RDEAT e T 5, -5 B A P AR 2R 00 5 REEAT T S R VI 2R ) BEAT X L.

FATVGETT T A7V 2208 L AT PSR 000 2 SR AT > B 2 = AR 1) o b, ARSI 4E CIFAR-10 %5
Pt bR EAME ] 21.06% HIRSA], SVHN W T 13.73%. A J7 T8 1 4744 — 58 () T S5 0T 1), 46 HCSE im0 3 1 Oy
PRZE.

6 & 25

X M B 2 DY TR U, DR R A IR L O — AN B B A B 73, AU AR B 2 2T R AR v B D bR 2
A RRTTIERTFE, B ERENSE I AL DR a8 AL T ik, v Tohmic Bs AL s AR . DR DA AR, DLAH B 3 f o
B TR PR RE ST AR T 2 T e A% S B ) DO AR 25 A 5 5. %05 39 5 NSRBI B2 73 AT LR,
PABANSI N RCAE BAERRSE AL N 24T 51 2, DUWRERS AL D AR RO BT . Brub 2 ob, JRATI4A B RERE 1 iR Y
P A LI R B — MRAC SR AR, T B e A 4 R0 IE A 45 DAIE . S8 il R #ft, 72280 S 87 20 R VA S A i %
F R LIACT B Dy bR R 25 Bl ) RS AT DL+ T 0 3t e Sl i D0 A% i 3 D0 A 10 L. 2% 18 8 DA I PR T SR RT 4T 12K, 384T
#E—£5] N\ Sinkhorn-Knopp HIEHEAT KA AL AL S LA 171, b b ] DABROE AT 31 e 4 1 D bR 22 45 1. Ak, A
g 7T RO AREE A T AT S B MU S I B AR AR . i E, BATE R R > R 4R
HEAT SEIR I 1 3R T2, I S D b 2 A S 40 7 R REAT SR U 0 AT, SR A SR S IR o BB A S T iR AT
ELAL, BRAIE 1 PSR SEIA A R
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