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Abstract Deep neural networks have achieved remarkable success in many visual representation fields, such as
object detection, recognition, et.al. However, requiring the large quantity of well labeled data for training is one
of their most prevalent limitations. Many real-world classification applications are concerned with samples that
are not presented in standard benchmark datasets, and building large labeled dataset for each new task to be
learned is not practically feasible. Although enormous quantities of unlabeled data are accessible and can be
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collected with minimal effort, the data labeling process is still extremely expensive. Semi-supervised learning
(SSL) provides a way to improve a model’s performance with the surplus of unlabeled data when only limited
labeled data are available. However, when the labeled data is extremely scarce, the performance of the existing
SSL algorithms can be severely affected. For example, on the prevalent cifar-10 dataset, when each class is
supported by only one label sample, the accuracy of most SSL algorithms degrades seriously. The problem is
mainly manifested as: the initial informative information for classification is extremely limited, the model faces
cold-start problem; in the process of training, the proportion of pseudo-label noise is difficult to control and the
model has a much larger potential risk to be collapsed. In this paper, we propose a Reliable Label Selection and
Learning (ReLSL) framework, which tackles the problem semi-supervised deep learning facing when only
few-shot labeled image data is available. In brief, we exploit synergies among unsupervised learning, SSL and
robust learning to bootstrap additional reliable labels for robust network training. For the unsupervised learning,
it is used to ease the problem of cold-start under scarce labeled conditions. For SSL and robust learning, they are
used to obtain good learning performance in the presence of noise labels. To be specific, for our whole ReLSL,
we first implement Anchor Neighborhood Discovery (AND), an unsupervised learning algorithm to extract
features of all training samples, and then obtain their pseudo-label by applying graph-based label propagation
algorithm. Then, in order to screen out more reliable and informative samples, a pseudo-label learning and
calibration strategy is proposed that comprehensively considers the mean and consistency of the sample’s output,
and conduct effective screening of samples through Small-Loss theory. After obtaining the dataset with extended
labels, considering that a certain proportion of label noise is inevitably introduced into the training set, we
therefore propose two strategies to train a robust SSL model, namely, a Label-Smoothing strategy (LS) for
regularizing labels from being too sharp, thus reducing noise label interference to loss function; Mean-Shifting
Correction strategy (MSC) for reducing the risk of sample output deviation. As a result, the proposed ReLSL
achieves state-of-the-art performance on CIFAR-10/100, SVHN, STL-10 and Mini-ImageNet across a variety of
SSL conditions with the CNN-13, WRN-28-2 and ResNet-18 networks. In particular, our framework achieves a
6.78% accuracy boosting on CIFAR-10 with only 10 labeled data under WRN-28-2. Moreover, our algorithm can
achieve the test error of 6.3940.47% with only 100 labeled data under CNN-13, which is comparable to the one
with typical SSL under 4000 labeled conditions.
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Hrp Center, iy CxC [, %F—1T Center,(c)
RFE T AT epoch t T 25 ¢ Xt B 1 F 1% H
MR, BRES RIGA RS A R MG Tohs
BREAR
Rk, XT ) eDy it £ ()
AR AR R RE (13) W HBAT WA R IE .
gt (x) —([ fat) (x” )JCenter) 2 (13)
Hrp fgm(xi”)i%/%%EK%E%?&E%E‘J%‘Z
MR R, o MBERT, HLUEHIRIERL
Bl 5 LS SRuERAL, FE IR BET, BMAE
XA P BT A T BB HTRN, RE EE
WAEEA I o B NI, BARSHESIR 4.1 35,
g, TATED el A Bof 3 TP br%s SSL
EHA BB S R R vy B A (8) H
1y, FERAAR (7 KL g Bk k% loss,
R TIISR. SEEFEE, FRATHAZN (13)
E WAL ET loss,,, IIAAT(T) FH—FHBEATHAL
AR, STFa—Mhbrsfmg s uisl, &
TR B P AN R I SR 25 S T R A 46 O ik
g EAE NS, BAEENE, FEEXT Mixup 28
Htf 3 oy A R R E A

4 SRS EER K S

SNAIE WA S S AT R 28 A ke S
P, ART9K ReLSL B2 T4 Rt AT 1 B R o
HAF%%, F CIFAR-10/100. SVHN. STL-10 £l
Mini-ImageNet %44, JEAERORTIY SSL SRIEAELE
Pseudo-label™, FMCmatch®”, ReMixMatch!®1L), %
FixMatchM™ JE il b 3547 6f EL it . 28 3o 78 Hodfe 4
CIFAR-10 Jzf%% FMCmatch T WRN-28-2, 40

loss,. =0

PR EA A TS HOAM, TR 2 B8 SR (1 AH
KIE, LU NI, A0 3.2 15 ¢() &
B N ResNet-50; A (1) i y=3, k=50; &
X3 Fa=099;: A (5 HHg=05; 2
X (100 KAzt (11 F1 4=0.99(0.4) . LAk,
TEPRRZEAR B I R i rp, A — AR B I B AR 2
FEA K H BILAN x=500C , BRI & % H
N+N.=5000, %% &N 0.1, batch size A
512, Mi%AR epoch # 60, H.d =15. 72U B
gt b, SRR, 4. HiESH
VB R R 28 &8 e 350 1L iR A A VA HE S

Bk, 4.1 k3 S A b ) S B SR
WEBTHE, 4.2, 430 4.4, 45 /N R ER
4 FhEUER o BAT S HAR R T I EIER I 4.6 /N1
XA SC T 0 = AN BT s AT T R AL A, DA
IGAUE AT SSL 1) ReLSL SyAMESL A &tk AT
SCEGHA/E Ubuntu 18.04 FRBE5E /K, TRFES: SIHESE R
Pytorch 1.5.1 UL )z TensorFlow 1.14.0, GPU 24 GTX
1080 Ti & RTX 2080 Ti-.

41 1REEESHFEY

TENPR AR EBT B, ReLSL Hik iz LS4
NAK (B) Fi)g. Bk, AR ELEEEHESH
st E R, £ 1R T ARBSECRET, X
40 MIERRZEREA IF PRI 5K (K AR TD MEN
DIPREREA I iR &P RIS IFEA L] (%) [
R ME AR, KA A R tE{E .
B2 1 AT LA I, 4 ¢ = 0.5 B D AR B hRid 1 26 i
i, SRR, H 0 o AR R AR B
DRI AEAS SO ARSI, K ¢ BN 0.5.

R F o EMTIE 40 FRERFAPIE 5K HIREHALR
ESRIRB AT LBEIRE (9)

S DRIt mACEITERHIRR
0.0 1.34 7.87
0.5 1.12 6.93
1.0 1.14 7.22
5.0 1.22 7.38

TER TR BN S, OB EC s
ZERHBHE C . A (9 KA (13) FTFHE AR
e ANERT o . Hik, TATEELG CIFAR-10
IR B 5K MNZGFEAR R TI0E, Ha 45K
Tk, £ 2 R T ReLSL 5VETE 40 25 R
WRN-28-2 [ B 5 S Ik 22, [AI 34 TR



8 it Bl IR

DIbREHR B — IR RN (DhinsE B 8ea D . %
EEZEE, B RRATE N R AN S SR
WM () — K, HHH 5 o HIERE N,

T2 ZxC. tRo#ETH 40 inBEHRKAIREEIRE
K SSL BIEIRE (%)

xC\r Ho 0.1 0.2 Ir
1K (0.20) 8.53 8.98 8.37
5K (1.12) 8.02 9.23 758
10K (2.44) 8.06 9.02 7.74
30K (9.06) 11.69 12.35 11.87
50K (15.00) 22.64 23.60 21.56

FHER 2 W51 MONPRZE S ECN 50K B, FL
ROR 2, RIS O AR 282 ) b i s I oA
BT IR UG TOAR S FEAR DR 25 3 85 4 B VI 2
ZENLHE L T EAR 1K P FRAE SR T AT ERTSE 100911
FRACHER %, HlT Dl MHOZIR, YIRS B
A 5K (1.12%) 5 10K (2.44%) ., Gid 458 % %5,

ASCER K DR ZE S BOR EON 5K, T R KL
BT o BETHEK, FHEEINGERITER =
e 2T =0 No=0 FHxFELazes, W 4.7 7.
4.2 CIFAR-108EE ML R

CIFAR-10 3% K /A 32X 32 1) 10 253t 60K
ik FAREIE, Hd 10K sk TR 7EAR SR 4E 1)
M fEr, AR%8 o] Hbs e Ml ghad #2 R A
BIMA. eI Bt fEd, A1 Al 4 Fh
SSL By 4t 1416 30N A At st R Ll o
UE AR STEE R Rl b 25 T — MR 4R A T 2 B 2 2T 1
PRI, FA TR AR 2 A S B 730 ¥ L 104 40,
100, 1K ¢ 4K A7, FEEINFEH T CNN-13
S WRN-28-2 &M 4% . Skieah R 3 I
WL AT 45 R E S Pk Z 3147 R, Wk 3 B,
Horp -7 ARETE T RS .

=3 RelSL BARBEE AL CIFAR-10 EMKIRERMEE (%)

CNN-13 WRN-28-2 (1.5M)
Jiik
40 100 1K 10 40 1K 4K

IT model™ 12.3620.31 23.0740.66 17.4120.37
MTE! - - 21554148 12.3140.28 17.3244.00  10.3640.25
SNTGE® 18.4140.52  10.9340.14

MT-SWAEF" 15.5840.12  9.0540.21

ISL-GAN®! 11.184020  8.7520.23

IcTi# - - 1548#0.78  7.2940.02 7.6640.17
UDAM 29.0545.93 29.0545.93  6.39#0.32  52740.11
MixMatch!?”! 6.84 475441150  7.75#0.32  6.2440.06
upst 8.1840.15  6.3940.02

MpL 3.8940.07
TC-SSLE 6.1540.23  5.0740.05
ReLaB+PL %! 11.4140.29 30.40+11.20 16.753.81

ReLaB+RMM! 30.79414.24 9.3542.71

pLM - 12834068  6.85#0.15  59740.15 55.6145.28 29.6545.71 6.2840.30
ReLSL+PL 10.8440.70  6.4640.16  5.780.17 27.0246.94 10.2340.91  6.5940.21  6.3420.14
FMCmatcht®! 26.60+4.19 11.8140.92 5872011  4.5440.06 46.9649.20 235947.45  6.4840.13  4.6640.12
ReLSL+FMCmatch  7.6440.36  6.39#0.47  5.63#0.23  4.630.06 23.6248.00 6.9140.38 561021  4.4320.09
RMMEE 58.8041.98 31.3644.37 5732016  5.1440.04
ReLSL+RMM 24.7247.88 81904065 5.7540.18  4.7240.08
FixMatch(™" ~40.00 11.3943.35 4.3140.15
ReLSL+FixMatch 24.89:8.24 6.9440.44 511010  4.3420.13

HIZ 3 T LARLER 2, A SCHrHE Y 1) ReLSL PEfE

FEIUA OB FARBLA b A48 R E ) B R F T



L A% ReLSL:ZE T EMRZIER 55 M W I HE 9

WA B TE . R, RelLSL SETEN/DFRES W
BAME PSRRI ENEE . ENF 10 Me%
FEAH) WRN-28-2 #:7 |, A SCEIFRAE T 5B
ReLaB P45 iR F T T 6.78%(23.62 VS. 30.40);
TEALH 40 MrBRERZMET, Wi RZE TR T
2.44% (6.91 VS. 9.35); £ CNN-13 4! [ f) 100
PRAEFAF T, MR ZE O] 5 B 595 4K 2R A
FF (6.39).

54212, BT ReLSL ZEfhbric FEA I £
G — 8 — KM bridEE « B 500, TXT
HERZHIIEPRE R 56T, O GRS A B
o IK B, HRRR T A . i SEIR g,
ERA 1K bridFEARR RN B 22, &l —Ef
BRI H, 95% L B RARCEEARC A T IE
WakRic, TULES ) ReLSL AHIC SIS AE F 3 F A 2 .
JFH, TEHA 1K B AR E R () 2 B 2 31 %
PR, A CANSZ IS Bl PR 1) R 520 .

2 N 1K WIEARZERE A B A DL
ReLSL+FMCmatch 577%:/f] WRN-28-2 (&% 454,
B PR EE AR E N 1K, 5K, 10K, 15K DLK&
20K i {2 W B 2 ST FE A R RIS 2k, Forb 1K
SR B ) S92 RN JR 45 FMCmatch.

40,

—A— K
—+— 5K | 1

!

!

!

!

!
i
!
!
!

0 100 200 300 400

AR
B2 1K AREEREAS MBS ANF) D b2 o oS T
WSk it

H ] 2 mT A, @ AN B RO AR 2R AR LA T
B DR TR AT SO B, SR T L R A R R
AHAEFFAE — AN AR [ 5 KT, T 22 D b 28 )
S —EREE LR AR . R H, REERDY
PREFEARBEE 4K S50 T IR e 45 R EF (33
~100%), 1K Z&AF T - I B iR R A Tovkak ) 4K
FAE TR o 5 RIAE TARSEAR Jeid 72 B ivs & 1)
PR ZEFEAR S JE bR R AR B A BE A e, Hsbr
& R B A FRIL B 58 A B LI U B AR 17K

4, S CHER[14]. [16]0%[26], FeAlTH %

T 8 [ EFRBAEA AT PR R . & 3 X
8 AT T LRI, M &R T AN B
RIS, 2-7 HERYLPOESCRMELL. B 4
#: A ReLSL+FMCmatch $3%: 5 ReLaB. RMM
J% FixMatch 7% 8 41 I B 25 A T MBS % e 0t Ll &5
B (R WRN-28-2 M%), nJLAIER], 7F 8 4~
BEARSFEARFAM T, AR CEIEAE B BAR
B s, 7F B HARR M) 10 AREEAME T (L D,
ReLSL+FMCmatch b a] il i 2 2 10% LA T o
AR, FRATZkEEE CNN-13 2% T H#E4T T REFL 10
AR L, LR R REMHET
FMCmatch (] 48.0335.11 4%, A HH
ReLSL+FMCmatch [#{k £ 25.2847.95, —51FHA
AR S5 1 R 3 PR A B R

WLORE 8
B3 R TR I SR A AR I 2R 8

HiE 4

R

—+— RMM

80 [ t SR FixMatch 7
ReLaB 9
70r | ---0—-- ReLSL+FMCmatch| ;
< 60r £
S e
s T I
,D‘H_é _______ R ZIEEAA A I.I
4z 400 x /
30F . x !
Py /
5 /./ ''''' G = o
e o7
L@
o | I
1 2 3 4 5 6 7 8
He

B4 8 ZARBREA T M B MR S R Zo) L 5 S
4.3 CIFAR-1008E&E MR LR

5 CIFAR-10 2418k, CIFAR-100 f & k/NA 32
X 32 [ 60K 5K HARKEIME, £ 100 M2k, Ho{rE
10K FRFEARH TR 7EARZEAL et dE B Y I 25
RS, « RABRINE5000/C . 7E MBI



10 it Bl IR

FErh, FATFREILEIT 4 ff SSL Sk gl 14 16, 30]
AT SRR S5 b o 58 AR SCEF X Rl AR 25
Je— MR T B 2 S AR I, AR AR
FEAS S B0 I3 B Y 100, 400, 2.5K. 4K K 10K
( £=10000/C > AT KX, FH HRFRBEH T
CNN-13 &% WRN-28-135 5 WRN-28-128 {F & T
WIS, i TIs EHERK, AL 4s AL 3
KBNS AT 45 R E SR 23T R, Wk 4
Fir,  He g Ko % B 4 BRI 1 R SC ek 5] 3.
S WA CHR, FH PL*. ReLaB*5 ReLSL+PL*
kg Kot B> 5 A B AUE v WRN-28-2 (1.5M)
ERIBITE R

% 4 AT AL EEF], F CIFAR-100 ##i4E , A&
ST ReLSL PERETEINA B Hk & L
KB B2 NI A st [FffHL, RelSL
BRI D IR IR B A TR EE R ED
PeFto MBI T WRN EEHEAY, fE4—20M
A 1 MRERERPIFM T, ACEEGH BT 10%

FRIR 2 R (IR 4 |5 5 51D, SR,
fE CNN-13 M5 4501 100 bR KT,
ReLSL+FMCmatch AH#: T FMCmatch L2551t
RZH 84.1940.71 NP4 71.18+1.33. [AIFEHL, 4
FrRic B A S A 7 I, ARSI R 4
THFAEA &, nfE WRN-28 %! T 2.5K J2 10K
WREFAE T, ARCEESHEEEAN R ZEER DT
4RI, R B A B I 2R 1) 3N DL KR 2 5
M, JCHEREAETE— WA R A E . thAh, TEAR
TIHRER 4 PPEEZEAESEH, PL 5 FMCmatch 3k
KH AutoAugment 28 77 VLT S EURIG 0E, 11 /S PR
FHOUSEH T e sEms, H PL MX T /5 =% 7 WRN
FR IR T N B WRN-28-2, £85d 556 X6
EACIRV S T S R 1 - R
CIFAR-100 LI RERILE NI, HRMIBIA 45
Pt AT 5 B BV R AR BEAR B R 2, HARSOy
HIFARE OF & FES R A oE

4 RelSL B R BFE AT CIFAR-100 MR IREZ XL (%)

B CNN-13 WRN-28-135 (26M) B{ WRN-28-128 (24M)
e 2.5K 4K 10K 100 400 2.5K 10K

IT model’® 57.2540.48 39.1940.36 57.2540.48  37.8840.11
MTE! 53914057  45.3640.49  36.0840.51 53.914).57  35.8340.24
SNTGF 37.9740.29

MT+LPIE 43.7340.20  35.9240.47

MT-SWAPF™ 33.6210.54

upst 40.7740.10  32.00240.49

MixMatch!?! 67.6141.32 39.9440.37 28.3140.33
TC-ssLM 31.9540.55  22.1040.37
ReLaB+PL* 73.88+1.52 57.29#1.17 44.48+.01
ReLaB+RMM*[! 68.9341.97 48.87+1.08 36.4640.34

pLx [ 37.5541.09  32.1540.50 88.2310.32 67.5740.58 45.4210.68

ReLSL+PL* 36.2540.79  31.9440.49 72.79+1.84 53.6840.81 40.11#0.70 31.2540.34
FMCmatcht®”! 43.9740.64 36012061 29.5540.38 77914148 46.9740.43 29.0840.62  26.2640.53
ReLSL+FMCmatch ~ 40.2540.62  35.0840.40  30.1940.36 66.90+1.45 44.28+1.21 2893076 25.9140.73
RMMU! 81.1842.36* 44.2822.06 27.430.31 23.0320.56
ReLSL+RMM 67.4441.98* 4259427 27.3540.35 23.1020.70
FixMatch(™" 48.8541.75 28.2940.11  22.600.12
ReLSL+FixMatch 45224107 28434034  22.3940.12

4.4 Mini-ImageNet¥#B &M% R

Mini-lmageNet 344 KA H ImageNet, Fit
f15 60K 5K #E3 N 84 X 84 1) 100 24 H AR 1K1,

Hrp 10K 5k TR 5L ERANEUREARF, &
BHRGEARRI I = EAME LA 2, IF B R B S
o B R ARSI . 5 CIFAR-100 AH[E], 7EAR%%



B OFHAE: ReLSL:JE T I SERRSEIE S 55 2] 1 M B = > Bk 11

FE e AR ARSI S R P w SRFHERIME . e
BNt d, WATEM 2 fOE RS 2
I () SSL BEHE R SO AT 4 o 8 5 %) B
NT RSO T DR FAF NI RERDI, &
TR AR 2R A B e B 100, 400, 1K, 4K

K 10K (x=10000/C > #EATMlR, I H [H%H
7 WRN-28-2 X ResNet-18 {F A T 4 iR k4T
AR, SRIRgs R 3 RBENLIZ 1T 45 RINIHE S
WEZ AT RN, W3R 5 Fis.

%5 RelSLEZERBIEEL Mini-ImageNet EMRIRERITEL (%)

WRN-28-2 ResNet-18
Jrik
100 400 4K 4K 10K

MTE! 72514022  57.55#.11
MT+Lplel 72.7840.15  57.35+1.66
Lplel 70.2940.81  57.58-1.47
ReLaB®! 81.5040.73  69.254).78 62.1840.92  48.530.58

pLiY 90.8940.62 85.0020.94 75474052 48534058 56.4940.51  46.0840.11
ReLSL+PL 79.1140.64 68.8940.96 61.7840.83  48.8940.60 55.7840.52  46.94:0.44
FMCmatch!™! 52791030  41.2540.11
ReLSL+FMCmatch 52.5340.44 41.6140.13

KIEBA FOC TAE, K 5 sLidis HmANE T
k%%, B WRN-28-2 5 ResNet-18 J& A< 525 .
Fort WRN-28-2 FH T AR/ FR2E 5644 T [0 bS58,
ResNet-18 3= % -4 # e M BF 2% A 1 1tk BEAS I
B 5 A, (ERMDAREZME TN, RCTIEBE] T
H TR X I A1 W o R i ) e R B . T
FREHE, FEEPRZSEH %, RelLSL 1FH3H A8
o XEFEMRE, ACHTEHIESERELT
SETEAEE N, TE N R AR TS
BN 2 343 5 B2 ORIt
45 STL-10HEEMRLER

STL-10 i SE05KAE H ImageNet, 175 5K 5K
IYHERN 96X 96 [ 10 KA PRI EHE, 100K
TR ICHRZEE UL S 8K KM E s . v T A,
TRATHS FH SCHR (1417 P B0 Kl 2y S i 2% 2 80
WH, %A WRN-37-2 (5.9M) PI2% K 1K FRFE
AHATINR . BT STL-10 JRIGFRZAEA S HUN N
5K, Ak, A «C REN 2K LS L
i 2 SRR M X 4y . B4, BT AIANE 100K
TS EIRFEARA 10 FELUAMOE A, Rk,
TE D BR 25 2 21 5 b 2 b 2 o A S 36 350 43 5080 3t
ITAbEE . SEIGEE UK 6 Fin.

& 6 nfAl, 7F 1K fRicd&thE ~, AR
Ji RMM % FixMatch A7 & oA 1345 frde
Tt FIREFRERAN, B TASCHTRY BT
BEMSHRE LR AEET KENMKEERS

A, HARSGH 0 AR K Pl e S RO B Y
X b SEI R R IR, R, ASCRVEEA A b
HAfrbs, HAEREVLRA — & MIT 20

< 6 RelSL B E MBS AT STL-10 M IRERITEL (%)

WARPA MR 2 2
IT model™® 26.2340.82
Pseudo-Labeling™ 27.99+0.80
FixMatch(4] 7.9841.50
ReLSL+FixMatch 7.6141.29
RMMLE] 5.2340.45
ReLSL+RMM 5.2040.44

46 SVHNEUEREMRER

SVHN #d 4 REE FA1IE TS, &R
WFRJE, JEAK 0 & 9 4t 10 K¥r. BiEsEIas
73257 K43 HEFR N 32X 32 HIII 2R LA K 26032 5k
DREAE . ARECT BT =AM E4E, SVHN Ef2E3]
RSN AT BB iy, ATIEA 2
Fih SSL I HE 420 SO AT B R S b . N T
R AR SORE T 8 Tl 2 M B AR A R AR R R IR DL K
FEER I A1, FRATHE AR 2R A o B B
40,250,500, 1K #EA7 M1, I B [FBT g H 7 CNN-13
K WRN-28-2 1E o T4, spig s ifank 7
v
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7 RelSL B AN RFTE AT SVHN EMIRIRERIEE (%)

CNN-13 WRN-28-2 (1.5M)
Jiik
250 500 1K 40 250 1K

IT model® 6.6540.53  4.8210.17 18.96:1.92  7.540.36
MTE! 4354050 4184027  3.9540.19 3574011  3.4240.07
SNTGE 4294023  3.9940.24  3.8640.27

ICT[22] 4784068 4233015  3.8940.04 7.660.17
ISL-GAN! 3594020  3.4840.08

MT-TSSDL?I 4094042 3902027  3.3540.27

MPLE 1.990.07
UDAM 52.63420.51  5.6942.76  2.4640.24
MixMatch?! 3.59 3.39 425541453 3984023  3.5020.28
FMCmatcht*! 3.3940.13  3.3840.07  3.1840.08 3944011  2.9040.19
ReLSL+FMCmatch ~ 3.3440.14  3.3420.10  3.230.08 3.9240.11  3.0120.07
RMM€] 3.344020  2.9240.48  2.6540.08
ReLSL+RMM 3.1640.25  3.0040.28  2.69+0.09

HIZ 7 ATCOWEE R, A SR LA SE LY
FOERFTHFAN R . FHZRFET SVHN 3 K5
FHAMESS, MY E i, 15 H AT

s, Blo=0, F7~ AN ReLSLw/o MSC.

#8 CIFAR-10 100 ¥R AT Rel SL B HRESLIG 45 R

Jrik S

BB IOHESN T, 1L 40 AFREREAN A p— rom0 a5
BT RMM B I9RE % LR 3.34, T ReLSL wio PL 19634076
RARA RIS T IRAE, SRR small-Loss 514055
4.7 HEASCIR SrHR ReLSL w/o CT 7.90:0.42
O T BRIE AR S R0 b2 2 e R ReLsL. o sid 743037

R 2] BT h ) = RO 2 I R, A 14 ReLSLwioLS 725031
HEAT RSN, SR 3 KBNS AT RIS it ReLSL wlo MSC 799039
ReLSL+FMCmatch 6.9140.38

R S Ar e Z A TN, WK 8. HERIAL
PRSI BRI R, BT SGESE CIFAR-10 |
I 40 NMIRBEREAR I D AR A T I o) 3R
B, BT M 24 RL %% FMCmatch R ff) WRN-28-2.,
ELfkth, BRJE4E ReLSL+FMCmatch 4k, A%
W

(1) EBpArZett G S NhR2E 2] S e PR,
227~ N ReLSL w/o PL;

(2) J546 Small-Loss #Lill, 7~ Small-Loss;

(3) £z (5) Hry—HEsm, B
loss,,, = Loss, , %7~y ReLSL w/o CT;

(4) LA (6) FIT 2T, F7n A ReLSL
w/o std?;

(5) {E- M B o > b e rh K BRAR 2519 SR s
Blz=0, %7~ ReLSLw/oLS;
(6) fEA M B )R v R ERIE I B A2 IE

FHE 8 FI A, ANSCHEIAHEZS BT H ) =AM
WOSEB R R R B R TTk . HARHL, B
ReLSL w/o PL 25 5 RJ 1, DhAReSE 2% 2] 545 i SRuE
ReLSL HyEMBIRIEMR D ARSE S5 4F R B ) 1)
RORSET OV R . R FTE T I B R IE SR L AR
B KPR SR REAGRFAE, 1 52 B AR A Y]
X TCAREREAR AT bR g, £HXF Small-Loss
bz e Sms m HE— D Pk 45 A 5 FE AR 2 IR A T
FAE BB TR BREABAT bR L. thAk, K8
ReLSL w/o LS } ReLSL w/o MSC HH# T i &R A
] ReLSL+FMCmatch 3 — g R R R, H
H MSC RIS 20 B R R % . 5 k[A]RY, ReLSL w/o
PL A% T )8 44 FMCmatch 965 5 &5 511 T B%,
I HE— PR LS K& MSC 613 S0 15 R .



B OAISE: ReLSL:ETRIFEFRZRIARE 52 W B S 1 Bk 13

WAL, TESRES AT, ART vy 21 1) 5
B FMCmatch, ASCH 1%L ReLSL+FMCmatch
WINT RS IS PR DAL “ O bReEs 2]
bR ” AN BN SRR, 9252 2% B ARG 1y o
Horb, TERHESEE B, A SCIEAE TR 1711 25
H, FEEENL, HTASCTAEREFENIRS
M52 2] B 22 I B, (R, TERFIE S AR 11
W25 R o0 A — SRR R A 75 I 25— URRFAIE 32 UM
25, HIR, BRI FEA (1) - (3) LR
KA R AR AT, Rz i 5% 2
BEANTE . FRR, fEDMARZE % ) Shn e B, AT
Small-Loss 738, HITASCTHE 5 4(x) - (%) »
IRl LB ) 52 2% B RO i — %, (B SR P IR
PIIZ5 epoch F&s /b, SRR s b TR FEALZ1A 30 24
(RTX 2080 Ti). #fa, fE-HERIAIIZRN B,
AICFFAR B T LSRR AT 0, A 1
LS Jz MSC I ZR5ms, it AH oG mhseiGurse,
AAIN TR) T FEAR BT I 1A% 7 1T 5 08 i) 2B AN

5 MsEsmeE

AWM T — MRS ERES ¥ ) HIE
ReLSL, HTEM/>EFRAEHAE 254 N 2HATAH 2
Pl BURFE S 2] o I PR SR G 25 B AR S
P e T7 RN E HEREG . BRI g DL S 3
B IE SRR, 75 I B X 4 A8 i LAtk |
ReLSL i K M0 FEAE T AE AR D A5 25 G H s 264
I B 2 ST R e . LA, B gz
3R ) CIFAR-10/100 . SVHN . STL-10 .
Mini-ImageNet % 4% %4 & CNN-13. WRN-28 .
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Background

Deep learning typically requires a large amount of labeled
data to make fully supervised learning. However, labeling data
is an expensive process for every new task, and fully exploiting
unlabeled data to assist deep learning has been an important
research direction to address this issue. Semi-supervised
learning (SSL) provides a way to improve a model’s
performance with unlabeled data when only limited labeled
data are available.

However, when the labeled data is extremely scarce, the
performance of the existing SSL algorithms can be severely
affected. The problem is usually manifested as: the initial
informative information for classification is extremely limited,
the model faces cold-start problem; In the process of training,
the proportion of pseudo-label noise is difficult to control and
the model has a much larger potential risk to be collapsed.

This paper addresses the problem of semi-supervised deep
learning under the extremely scarce labeled condition. Through
introducing ReLSL, a reliable label selection and learning
framework, we further narrow the gap between the accuracy of
semi-supervised learning with scarce labeled condition and
fully supervised learning. In brief, we exploit synergies among
unsupervised learning, SSL and robust learning to bootstrap
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additional reliable labels for robust network training. For the
unsupervised learning, it is used to ease the problem of
cold-start under scarce labeled conditions. For SSL and robust
learning, they are used to obtain good learning performance in
the presence of noise labels. As a result, the proposed ReLSL
achieves state-of-the-art performance on CIFAR-10/100,
SVHN, STL-10 and Mini-ImageNet across a variety of SSL
conditions with the CNN-13, WRN-28-2 and ResNet-18
networks.
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