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Abstract  Deep neural networks have achieved remarkable success in many visual representation
fields, such as object detection, recognition, etc. 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 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
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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 RelLSL., 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 Rel.SL
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.

Keywords  semi-supervised learning; few-shot labels; robustness; label propagation; feature

extraction
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=S/ (1—u") (10)
Fop foon GoOUERFEAR x AERIRL £, COYIZRAY 26
t—1 4> epoch I /Y %ty 1] . 5o HWAEA X 7E
epoch t—1 W AR - XIME . oo by 3l B AU HI LA ]
WS T ONREREAR x, € D RATG B A
0. 99, M % F KARZEREA x, € Dy ope BB N 0. 4.
3.3.2  HA{EL i B A IE SR Mg
SR TR BR 2 SCHR Bl 0 5 e, FRLAS RE A K L 4
TIAT — 5 W8 28 Al B T % I8 3 R I 2R Bt B
ARG SR R AR E P AR SRR — R A
i % A T SR BT Ao X o — R A 43 Sl SR H A
8y (B 53 A T I 0 B A AR A AT A Rl 5 L) k£ 7
s # 12 IE.
FLURHy , 38 AT ¥ 50K B9 SR Db 4 A BE AR TR
Softmax {4 A In] 5 #1778 BOM AT Y #4E -
Zip = pZi—n, =) [ (%)
&=z /(=) (11
HRAOFEM. £5 ) e IREREAR x, 78 1 1
FoCOVERIIEE t—1 > epoch B} Softmax By % A 1]
it O B sEANCER P DA T SR O B
BN B — D INGREATER T — epoch TEE T H
SR (15 BOMBUT 395 &, 25 » A% Sk i % 4
— AL b R L AT P S R AL B
Center,(c'):mean(é;), for argmax(éi):c (12)
ot Center, 2}y C X C 4 [, 5 — 47 Center, (¢) L3
T4 epoch ¢ TR 25 ¢ I 2K YT X A A A 1)
it B S RS A PR A A AL & IR TOAR AR AR
BTk T V€ Do RS 1 i () AR
SR R bR (13D X He A 70 A5 42 1E.
Lossme =0 | [y (x{) — ([ f,,, (x7) ]Center) |, (13)

o)



6 9] B . RelSL.J: T SEAR 800 £F 5 2 o) 12F W B 27 > 57 ik 1153

Hop f, DR € A S 5 2808 3 10 B R
A ] i o AR R . R DA R OE H . S5
LS SR ARl o Bl 25 DI 25 11 2047 A5 7R 75 2 5K o S Afy
S PR B IE T BE WIS R AT B L I A TR AT AT
¥ o BN I RS IR 4.1 75,

e FATT R AR BEA T Bk T OB AR 4 SSL &
B A B S bR vy R S (8)
Voo HARAZ () 1 1% G0 Wa B 0 O bR AN Lossy R 4T
Y2k 5 0t ) E FAT T 28 (13) o i 25 1 i A% A% 1E 101
L055me MAZ (7)) v —FE AT L AL, W] LAE d X T
£ R Ry I AR = i R W N U - e T TR
T2 1 SR W 121 Sl A T AT 450 2R ik b 1 398 05 I SR
BB L JF BT Mixup 2880408 3 58 07 2 [
FEE .

4 XWERKDH

SRy I W AR ST 4 AR i E SR 1 A vk e
P ARTTK: ReLSL W 24 F 347 19 2 W B K& 4y
KA %, {145 CIFAR-10/100, SVHN, STL-10 #l
Mini-ImageNet 845 £& . JF 75 S 8 19 SSL 54 1k HiE 42
Pseudo-label"” | FMCmatch™" | ReMixMatch"'® 1)
Je FixMatch™" 3% fth b 38 47 %F Hi . 28 5 76 404
££ CIFAR-10 } % FMCmatch F ) WRN-28-2,
40 FRAHE S5 B S BOR L [7] BF 2 BEOSCHR H Y
ARV E AELA T M2 g b AR SO 3.2 5 h ) (o)
B A ResNet-50; 20 (D HH) y=3,k=50;(3) H
B a=0.99; X ) HH ¢=0.5;(10) XX (A1)
() 0=0.99C€0. ). BHM AEDIRZETR E R ZRid 2
T — ORI EAR B RE AR H BRI «=5000/C, B
BEH N+ N, =5000, 2% 3 & [#H ¢ K 0.1, batch
size 512, S %48 epoch $H 60, H d=15. 762} W5
BN GRad B b A 46 RE Ak B 2R 5 =X A 2
BB e 0 2% 254 Y A0 i B T A ALy T HE .

BEFR AW ETEXMNER PR ERS R
BB PATIHE 4. 2~4. 6 /NI 0 B R 5 R EB
SRS R T BRI 4. T NI X AR 3
JIT 4 0 =S B A HE AT T Rl 5T 4 A DL IR
FHF SSL 1 ReL.SL S HE L 19 A R PE. T A L 50
¥J7E Ubuntu 18. 04 ¥ 55 58 B, K & % 2 HE B2
Pytorch 1. 5.1 LI ¢ TensorFlow 1.14.0, GPU }
GTX 1080 Ti &% RTX 2080 Ti.
4.1 HEESEET)

FEDNBR 2505 7 B B ReLSL B 0 8 S 8K

ARG HHY o B A8 1 58 S S B ik
B L R 1R TR DSBS B 40 A
WU bR ZEREA IR Bk 5K (K 0 TH) A E N Phbr 2
FEAS I B 2 B DR AR A0 AR A L A1) (00D B e i
B op o B R ORI A R (EL 3R 1 AT R
K2 ¢=0.5 B DR 245 TF 1E 8 5 b w5 5 G T
I JH 5 26 119 43 26 M Ay 8 o AR e DR T A AR SC T
AR F B E N 0. 5.

R1 ZoXMTHE 0 REERRE SK HIREREE
REBRERESLBRE AL 0D

s Dhbs 2 4 iR 2R BB HRE
0 1.34 7.87
0.5 1.12 6.93
Lo 114 7.22
5.0 1.22 7.38

FEHE TR W21 B U i B0 8 S H0h b
2 B H kCL () R R (13) A3 B E « AL
T 0. B FRATH BRI CIFAR-10 Yl 254 iy
SK A INAEA M T 5k, A 45K Tl %k, & 2
&R T RelL.SL BLILTE 40 F5%8 5544 WRN-28-2 |-
(10 2 W B 5 ) B IE 15 2% . [R) I R AR B8 b 25 4 1R R
W — I R (P AR 2 B BCH D . 25 8 38 Bt I ik
FTATVE XS B — A S B A BEL IR R $() —
W B 5o HIRE LS.

£2 ZExCorRoZMTH 40 REERNIRE

EIRZE R SSL WiFiRE CHLA 2 %)
«C\t 5o 0.1 0.2 Ir
1K (0. 20D 8.53 8.98 8.37
5K (1.12) 8. 02 9.23 7.58
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

R 2 AT P bR 28 S 80 50K B, H
ROR 22 BV 1) Oh B 28 27 ) 5 4 R & JF 61
FH BT 46 T 25 48 A 18 B B 25 2498 >4 1 I Zhbn
ZEAb PRI AR 1K AR A T TR IE 10061
FRICHER 2 AH T D, B B0 BRI 25 45 AR R A
M SK(1.12%) 5 10K (2. 44%). Bt 455 %5 A
SCERIAKE D bR 2 BB Bl 5K R AL ¢ SOALER
¥ o Y955 T2 2] 2 00 Bl & I 2k 00 30647 328 7 2 k.
BT =0 Ko=0 T X Lagm, W 4. 7 15,

4.2 CIFAR-10 #iIE&ENRKER

CIFAR-10 438 K/ R 32X 32 1 10 264k3} 60K
ik H AR EE L Hodr 10K 5K T 003k, 76 A %54l 42 00 il
TR AR AR A2 o 5 bR I G R 88 oR TR
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e i 2022 4

UL 750 B U 6 AR o AT B PR 4 i SSL
SERAE S 3 AT X R B B0
AR B B4 B M T W 2 T
HITATH b2 HE A BB BT 4 10,4010,

1K F 4K #3F 47 00458, I A ok 28 7 CNN-13 I
WRN-28-2 15 A& T W 4%, 5256 25 ¥ B 3 YR BE AL
BATE R SR 22 AT R L N 3R 3 i,
R AV = WL D2 PO N A

% 3 RelSL HiERE#HEIELE CIFAR-10 LK iR £ ZE 3Tt CBAT: 960)
) CNN-13 WRN-28-2 (1. 5M)
Jrid:
40 100 1K 4K 10 40 1K 4K
I model?J — — — 12.3640. 31 — — 23.07+0.66 17.41+0.37
MTL20] — — 21.5541.48 12.3140.28 — — 17.3244.00 10.36240. 25
SNTGL#6] - — 18.4140.52 10.93+0.14 — — — —
MT-SWAL37] — — 15.58+0.12  9.05=+0. 21 — - — —
ISL-GANL2 - — 11.1840.20 8.75+0.23 — — — —
1CT22] — — 15.4840.78 7.29+0.02 — — — 7.6640.17
UDAL] 29.05+5.93 — — — — 29.0545.93  6.3940.32 5.2740.11
MixMatchl29] — — — 6. 84 47.54+11.50 7.754+0.32 6.2410.06
UPS38] 8.181+0.15 6.3940.02 — - — -
MPL[28] — — — — — — — 3.8940.07
TC-SSLEY] — — — — — — 6.15+0.23 5.0740.05
ReLaB+ PLL26] — 11.4140. 29 — — 30.40+11.20 16.75+3.81 — —
ReLaB-+RMML26] — — — — 30.79+14.24 9.35+2.71 — —
pLi — 12.83+0.68 6.854+0.15 5.97+0.15 55.614+5.28 29.65+5.71 — 6.2810. 30
ReLSL+PL — 10.84+0.70 6.46+0.16 5.78+0.17 27.02+6.94 10.23+0.91 6.59+0.21 6.34+0. 14
FMCmatch[3° 26.60+4.19 11.8140.92 5.87+0.11 4.5440.06 46.96+9.20 23.59+7.45 6.4840.13 4.6640.12
ReLSL+FMCmatch  7.6410.36 6.391+0.47 5.631+0.23 4.6340.06 23.621+8.00 6.911+0.38 5.61+0.21 4.4330.09
RMMCL6] — — — — 58.80+1.98 31.36+4.37 5.734+0.16 5.1440.04
ReLSL+RMM — — — — 24.72+7.88 8.19%+0.65 5.75+0.18 4.7240.08
FixMatch(14] — — — — 240.00 11.3943.35 — 4.31%0.15
ReLSL+ FixMatch — — — — 24.89+8.24  6.9410.44 5.11+0.10 4.3440.13
R 3 AT O ES R, A SCRT 2 1 19 ReL.SL PR 40— ,
BT SRS A B0 46K M4 B A P R 2y o —— K
5 B TY 590 ReLSL 5 uk A0 D bRss K W 4 3 10K
Y £ - 3 30F G — —+—-15K|
PE R AP RERR TH B O B 2. FEAA 10 AR FEA Y i\ —0--20K
2 5 s . X o :
WRN-28-2 B/ |-, A SR LA T e B i) RelaB o 4
\ - !
THIEER R T T 6.78% (23.62 VS. 30.40); 76 4L 5ol
40 AR REAR S fF R BRI T T 2044 -
(6.91 VS. 9.35);7F CNN-13 #5#/ |11 100 R4
TR 25 2 AT 5 MR 4K SRR R (6. 39). So-t-4--Q
7 N — S N =&
HAF — M2 T ReLSL 7E PR 0 FEAS 2 45 50* - o o i
i — A B — R A bR I B « B Y 500, 1 4 T AR
5 52 2] e o 2L 1) £% r L 2 A A A B4 o e s . s e
WA B2 WG bR % 1 A5 05 J0H S 05 28 4 A RUBUE B 2 1K FRARE A 2K W 40 T A B O AT 25 2 5

i 1K A, Hol 3R T o R I S 38 o SE G WL AR, 7E
WA IKARC AR B2 T . &t —E R
(AL H TBT .95 0 LA B R bRicHEAR T BHA T IEM
Fric . i o BF ) ReLSL A1 56 5 W& 1 F 9 A ' (. IF
H A 1K 5L 5 28 50 1 2 0B 2 > 45
T AN A2 S B PR X ) Y 5

Bl 2 Sy 1K W] 6 br 2 0 A B S5 00 DA &
ReL.SL+ FMCmatch 5 % ) WRN-28-2 [ 4% 45 #4
oK E BRI E O 1K 5K 10K 15K RA K&
20K I (12 W B 2 o i BRAR TR R S 42 . Horp 1K
SR 2 B0 R A AL B R )5 iR FMCmatch.

X A5 T A S H 5

RN PAIB SR BU R N TRV o e e 2 N s o ()
3 — A5 i T R TR I WA SR B L AR T MG e 2% 0fE
HATY Y 15 AE — A A 8 19 K- T 2 59 P AR
B 2 AE— i T JE b5 B O OF H L BRI E
WOIPRZEREA RS AK 50T Bbs 2 45 R 557 (3
2959 100 70) « LK ZAF T A2 B At 5 39473 I vk 3k 2]
AK ZEAF T B9 K- 50 R T 45 25 15 e e i A 5
B DI BR AEAEAS 5 SRR AR AR ELAT 50500 A OGPk LS B
5 R I ANRE IR 3 58 AR ALl PR AR A 1 K-



6 4 B OMAF . Rel.SL.: kTl SE bR £ 1527 > 1 F W % I F ik 1155
— Bk 14]. 016 K% [26], Fefi1% 58 90 o : : , , N
T 8 A EEARSFEA F A TR AR I, & 3 X 80““‘"“'&%};&}1
S B VEAT Tl MAL e 7S A2 B A A N R AR 70 | =&+ ReLSL+FMCrmatch $

TR 55, 2~ 7 215 FE WL RO AR AL & 4
2 A X ReL.SL + FMCmatch % 3 5 ReLaB,
RMM J FixMatch 7 8 412 Wi B 4 11 F I3 4 i
N 4 (R ] WRN-28-2 %), 1] L& 5],
15 8 I EARBREAR AT A SR & A
AR R e e BACRPER 10 AR R T
(41 1), ReLSL+FMCmatch & A] % ] 2 % 2% % &
1020 AR BbAh  FATT4k 2 7E CNN-13 W48 T E 4T T
BEML 10 525 A4S X Lb S 86, 5250 25 SR R WA F
FMCmatch ff) 48.03 = 5. 11 4% % %, A& L 1Y
ReLLSL+ FMCmatch FE{IK & 25. 28 £7. 95, #F —
TE W AR S5 ¥ 1) 3 1 R .

L HRE G
B3 HZE1 /I\T/ﬁéﬁzl-‘E"J#Eﬁ*‘é‘%gﬁﬂ"]%ﬂwl%ﬁ%

Mo M W D

%
40+ X !
!
30k Xt o 1
Rty /
20k /./ O--—-—- T )
B, o7
10¢-"~
0 n
1 2 3 5 6 7 8

Bl 4 8 ARZEAEA TR 24 B I 4 4 % A X HL &5 R

4.3 CIFAR-100 %35 £ 0% & B
5 CIFAR-10 2440, CIFAR-100 455 K/ 32X
32 [ 60K 8K [ AR 14, 3L 100 42, Hip £ 8 10K
SRAEA ] T TR AR 45 1L e 48 A YR B I R 7R
oo R BRI 5000/ C. 760 W B I Zrak 72, 3R
T IFIFEZE F 4 Fh SSL AL HE BRI 11090 JEA T
T 5 5T E . S 58 H A SRR X e A AR 2 B — i 2k
T2 B ST 0B R B FRATT R AR AR A B A
”Umﬁﬁ 100,400, 2. 5K, 4K F 10K (x=10000/C)
PEAT I K, IF Ho R BF3E A T CNN-13 J2 WRN-28-
135 8¢ WRN-28-128 E & T M. i T iz 5
SRR AL SIS 25 SR I 3 IR B LIS AT 45 SR
H5 PR UE 2207 R . an e 4 B, Horp o K 70 %
LA Bk IR T SCE 5] 30 2 BORM OGSOk, & b
PL* RelLaB* 5 ReLSL+PL*E$i§fr§&%ﬁ % B
D7 EEE A WRN-28-2(1. 5M) _F 5174

% 4 RelSL EERRIHE XTI CIFAR-100 EiKiR E Exttt CHLA 2 %)
. CNN-13 WRN-28-135(26M) 5 WRN-28-128(24M)
i 2. 5K 4K 10K 100 400 2. 5K 10K

I model?’ 57.25+0. 48 — 39.19+0. 36 — — 57.25+0.48  37.8840.11
MTL20] 53.91+0.57  45.36+0.49  36.08+0.51 — — 53.9140.57  35.83+0.24
SNTGL36] — — 37.9740. 29 — — — —
MT+ LPpLe — 43.734£0.20  35.9240.47 — — — —
MT-SWAL7] — — 33.6240. 54 — — — —
upstssl — 40.77+0.10  32.00=%0. 49 — — — —
MixMatch!2] — — — 67.61+1.32  39.94+0.37  28.31+0.33
TC-SSLL — — — — — 31.95+0.55 22.10%0.37
Rel.aB+PL*[26] — — — 73.88+1.52 57.29+1.17 44.48+1.01 —
ReLaB+RMM *[26] — — — 68.93+1.97 48.87+1.08  36.46+0.34 —
PL*[11] — 37.5541.09  32.15%+0.50 88.2340.32  67.5740.58  45.42+0.68 —
ReLSL+PL* - 36.25+0.79  31.9410.49 72.79+1.84 53.68+0.81 40.11+0.70 31.25%+0.34
FMCmatcht#0J 43.974-0.64  36.0140.61  29.55+0.38 77.9141.48  46.9770.43  29.08%0.62  26.2640.53
ReLSL+FMCmatch 40.25+0.62 35.081+0.40 30.197+0. 36 66.90+1.45 44.28+1.21 28.934+0.76 25.91%0.73
RMMLI6] — — — 81.1842.36* 44.2842.06  27.434-0.31  23.03=%0.56
ReLSL+RMM — — — 67.44+1.98* 42.59+1.27 27.354+0.35 23.10+0.70
FixMatch-14) — — — — 48.85+1.75  28.2940.11  22.60+0.12
ReLSL~FixMatch — — — — 45.22+1.07 28.4340.34  22.39%0.12
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% 4 rPWLEE 3], 78 CIFAR-100 BdE 46 |, A
SCHT A A ReLSL P g 76 B A S 38 1 BR il 1y
ARG W B 451 F ¥ P $& F. W) #F 4th, ReLSL
BETEM DR B R B AP TR A & B &M
$ETF. AHEIE T WRN BRI A B — 28 A
L AR REAR B ST AR H B 10401
MR 22 R R (L3R 4 88 5 5. 5 I E A, 7E
CNN-13 M2 4546 B 100 FRZEFEAR S5 T  ReLSL+
FMCmatch % T FMCmatch 5 358 0 128 035 25 th
84.1940.71 FFEZE 71.18+1. 33, [AFEH, X 51
B FE AR 5 AH X e R B, AR SO VR 0 IR 2
AW, anfE WRN-28 #2811y 2. 5K Jz 10K #r
BAME T A SCHEE 5 RN R 2 K T T
G4 25 IS BB AL BN 2R 0 I 3 DL SR 2 5
HMERBAAAE — & B W2 & By, Ak, 784 v 3k
PERY 4 FpEEZEAEZE b, PL 5 FMCmatch 3 K & ]
AutoAugment 277 AT R EHE 1S 9 L 10 S5 P A 0]
R TR H PL AX T /5 =& 75 WRN AR |-
YEF 7 W k% g i WRN-28-2, £ 3 5256 %) b A LA

A T R R S 5 SR M 1 5 1 7ECIFAR-100 |
(M BB 2 BT O 58 B R ) A A 5 g A, n] B B B
AR AR IS R, AR X LIRS A
5 BIENE SRR A b gE.
4.4 Mini-ImageNet £ #E & ik 45 R
Mini-ImageNet 44 £ % #£ H ImageNet,
£ 75 60K Gk HE N 84 X 84 1y 100 2 H AR B %,
Horp 10K 5k A F 003K, 5 LA A B0 42 AN ), AR
VGRS EPONTNI=ACER D i Sl S LN T = R M v
i R OR SV B . 5 CIFAR-100 FH[A] , 78 bR 45
% Y e R MRS TN Zh ot R P o R T BRI 72
BUNGRd fh  IRATIE 2 A2 7 s 4 gl
BOUE Y SSL SR HEZR 0 JEA T X 1k 0 3 5 % L.
R T GE A SO T bR & AT R B, K
AR5 2 FEAS 870 3 8 100,400, 1K 4K J
10K (x = 10000/C) 3t 43 W X, IF H [/ 0 & 1
WRN-28-2 f ResNet-18 1E 58 T I’ 4% 5 B gE 47
R IR A5 R 3 IR BEHLIS AT 45 AR M 5 AR
M2 AT IR, ANk 5 iR,

H 4t

NN

% 5 RelSL HiE R R #HHEETE Mini-ImageNet £ IIiK 1R £ E 3t Lk (BT %)
. WRN-28-2 ResNet-18
2 100 400 1K 4K 4K 10K

MTL20] — — — — 72.5140. 22 57.55+1. 11
MT-+LpLs) — 72.78+0. 15 57.35+1. 66
LpLis] — — — — 70.29+0. 81 57.58+1.47
ReLaBl?6] 81.50%0.73 69.25+0.78 62.18+0.92 48.53+0.58 — —

pLL 90. 89+0. 62 85. 00+0. 94 75.47+0. 52 48.53+0.58 56.49+0. 51 46.08+0. 11
ReLSL+PL 79.11%0. 64 68.89+0. 96 61.78+0. 83 48.89+0. 60 55.78+0.52 46. 9440, 44
FMCmatch( ") — — — — 52.7940. 30 41.25+0. 11
ReLSL+FMCmatch — — — — 52.53+0. 44 41.6140. 13

WAIEBA K TAE. R 5 LRPEHAWNASET
2%, Bl WRN-28-2 5 ResNet-18 J&JFAH & 5256, H
O WRN-28-2 F T 1 2 b5 % 55 140 1 B9 %) bE 52 5
ResNet-18 % ] F # HL 2 W5 B 25 10 8 19 Pk RE A
. H1 2% 5 AT FEMR D AR B AT L AR SCOT AR F
T H HT BRSO AR 2 B 2 TR R e M R
7 [R)AE 3 Bl 35 AR 25 40 H 9 3 22, ReLSL AR HIJF A
B I 3 L SR A SO R R R S RO LR
S 50 A2 [ A8 1Y 0 BT X6 B A A2 2% 1 B e AR E AT R 2
BOR UK 25 3845 3 B 2 i ROR R T
4.5 STL-10 HFEEN XL R

STL-10 %t P& FE A5 K £ B ImageNet, fJ &% 5K
K> PR 96 X 96 [ 10 A bR 2 I ZR %4 . 100K
K ICHR 25 B LA K 8K gk B . S 1A R
FEATH F TR 14 v A diE R 0 BB M 45 240
wHE %A WRN-37-2(5. 9M) R 4% K 1K b2 kE AR

VAT, B STL-10 JB 4 AR 25 BE A JA B H
5K, I, A S i «C B K 2K L5 o bR 28
e A 2] 3 FEAH X 4y BE Ak, B T &AM 100K TG AR
SEBPEAEA AT 10 25 LLAI 9 28 5 8 g - R e L 7 B
P2 2] 5 bR e b B8 b JF S XT84 B AT Ak
L SEER A5 R AR 6 iR,

%R 6 ReLSL HikR&EME LT STL-10 MR E ZE 5T L

CHLAE 2 90)

VRS DA 25 3%
I modelt?] 26.2340.82
Pseudo-Labeling %] 27.9940. 80
FixMatch'*J 7.9841.50
ReLSL+ FixMatch 7.61+1.29
RMMLL6] 5.234+0.45
ReLSL+RMM 5.20%0. 44

Hi 6 AT 75 1K ARIC A AF T A SO ik 7E I
A RMM [ FixMatch #5884 R St filh |- ¥4 fr 42



6 B OFH% . ReLSL. T Al G RR%EHEHE 15 2 > 10 0 Wi P 2% o) 5 i 1157
Tt FIRETS BRI o TASCIT R RE Tk SRRy 3232 iU ZR Bt L &% 26 032 ki 4k

TERE SR B I BOA 20 R A R 4 K 5
s EARSC A X LEBERL rp i i Al S RO B
X SR R AR R G L AR SRR A A AR | B AY
PR, HAERED) RA — & i T 25 ).
4.6 SVHN HiE&EMLER

SVHN #flade x4 A A8 [ TS 2l VI S84k
U JER0 2 9 3t 10 880 BRI 73257 5k

. M TR = A BE 45 . SVHN B 24 2 4T 55 A X
. TE B IR B, FeATIE ] 2 Fh SSL Ak
HEZREC S AT AT XTI IR 5 % EL. S T 58 AR SO T
A5 B SR R B DL R LA - FR
TR B A B85 15 B 40,250,500, 1K # 17
MR I BRI BT 7 CNN-13 }2 WRN-28-2 /£ /5
T WL AR SE G 25 AN 7 PR,

# 7 ReLSLEEREFHEEE SVHN LR iR E R 3T (BT . %)
CNN-13 WRN-28-2 (1. 5M)
I3k -

250 500 1K 40 250 1K
II model*- — 6.6540.53 4.824+0.17 — 18.9641.92 7.54+0. 36
MTE20] 4.35+0. 50 4.18+0. 27 3.954+0. 19 — 3.5740.11 3.42+0.07
SNTGL36] 4.2940. 23 3.9940. 24 3. 86+0. 27 — — —
ICT[22] 4.7840. 68 4.2340.15 3.8940. 04 — — 7.66+0.17
ISL-GANL25] — 3.5940.20 3.48+0.08 — — —
MT-TSSDLI21] 4.09+0. 42 3.90+0. 27 3.3540.27 — — —
MPLL28] — — — — — 1.9940. 07
UDAL3] — — — 52.63+20.51 5.6942.76 2.4640. 24
MixMatch!29] 3.59 — 3.39 42.55414. 53 3.9840. 23 3.5040. 28
FMCmatcht30 3.3940.13 3.3840. 07 3.18%0. 08 — 3.9440.11 2.90%+0.19
ReLSL+FMCmatch 3.3440.14 3.3440.10 3.234+0.08 — 3.9240.11 3.01+0.07
RMMLIE] — — — 3.3440. 20 2.92+0. 48 2.65+0.08
ReLSL+RMM — — — 3.16%0.25 3.00+0. 28 2.69+0. 09

HI3R 7 Rl DLW B, A SCOR 0 0 AT Sk 2k R 7Y
BRI F AU B, EEETE T SVHN 35 & 5k
FAHAE 55 AT P AR T S 17 B 7 B T3R5
P R AR HE S T AT 40 ADFRBAEAS 12 M5B %
fF T RMM BRI IR E R 2 3. 34, TGI8 245
BN Y3 S B U I AR AR L AR RN .

4.7 HEAEW S

N T BAEAR STEF R AR A BR 2 SRR 2 MR TR
2 [w) BRI 4 ) = AR R A RO L AR TR
IS, 45 R A 3 WALz 47 i i 1 a5 %8
ISR B b M 22 R AT S W3R 8. B I B A S K
SEI B B P R e A 6 3 AE CIFAR-10 |3
40 NFRBREAR B D ARZ S R R B 2 ) R
T W 48570 1% % FMCmatch F f§ WRN-28-2. H
1R, B R A ReLSL+FMCmatch 4, AR 3

(1) £ B bp 2 A% Je S O br % 2 2] 5 b5 08 2 3R
/8N RelLSL w/o PL;

(2) J5i s Small-Loss #L% , 2675 4 Small-Loss;

(3) EBRA G Ay — B MRS I, B lossr =
Losse s 3678 N ReLLSL w/o CT;

(4) 2B 6) H i Jr 200, /R i ReLSL w/o
std?;

(5) 12 i 2 ) o 2 v 26 B A 45 F T SRt

Bl r=0,377~ ReL.SL w/o LS;
(6) 72 Wi B2 3 2 A v 25 B 34 {8 O B8 A 1E R
W . Bl 6 =0.3 758 ReL.SL w/o MSC.

& 8 CIFAR-10 100 /R ZEH AT RelLSL HiLHBMIIER

ik WRE
FMCmatch 23.5947.45
RelLSL w/o PL 19.63+0.76
Small-Loss 8.51+0.58
Rel.SL w/o CT 7.90+0. 42
ReL.SL w/o std? 7.43+0.37
Rel.SL w/o LS 7.25+0.31
ReLL.SL w/o MSC 7.39+0.39
ReLSL+FMCmatch 6.91%0. 38

Y8 8 AT, AR SO A 4R rp B R Y = A
BEASTE B R B R R R B A STk, B R M,
ReLSL w/o PL &5 0] 1, Ph b 2 2% > 5 b5 1 0K s
X ReLSL 8k BRI AEAR D AR 2 5500 T 2 B 7
A AICR B T S5 o BH . JHG JRE L 7 1 TG B R AE B2 B
FIE B K B2 i A5 A A R AIE o 1T 3 T [T Y b 25 A% e
AP TCR AR A AT W) 20 A5 0 S EE X Small-Loss 1y
WU A S W AT E— 2 Pk 25 G 5 SRR 45 IE B
R BB 0 T b 2 FE A HE AT P, ek, R 8
ReLLSL w/o0 LS & ReL.SL w/o MSC % T i & IRk
KB ReLSL+FMCmatch ¥4 — & #E#f X 0B 1k,
Horp MSC 5 W& 52w 57y & 3. 5 itk [W) B, ReLSL
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w/o PL #H %8 T 5 154 FMCmatch th 4 & 4 1% 1
TR T E— 2 3F B LS & MSC A 37 56 W 19 4

WG Ab o R SR 52 2 B T T AR T o 3 i 1
LR FMCmatch, 48 & 3 ReLSL+ FMCmatch %%
INTREAE PRI bR 2 A Y7 DL R P AR 4 2 2 5
E TP BAN I ZRBE g B0 52 2 FE A Ay o
FEFEAE B B, A SR SCER L7 1 I 2505 =K.
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e We B2 o) B B DR o 7 R B S N 5 b X
— R AT LR — DR IE SR IR 2% LR b %
e Yead B (1) ~ (3) SE PR JET R R 1) % 36 2Ltk
TN, R iz 5 52 2 B 22 g N it RO TR D A
227 o Sibr e By Be . AHEE T Small-Loss 720, 1 T
KT EIE ¢ (x) —$(x,) . I ] & 2% BF K 3%
B — % B2 JE E A B Pl 2k epoch Bk b, S
b7 i B (B T #E A 294 30 min(RTX 2080 TO). ¢ )5 »
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)R R RO WA B L A R

AR LT AR A SRR SR AT A R g — 2P R A O
H IR % 5 A ik — D30 . R ARk AR, 3K
TR TR 2% O el kB30 3k ) R 28, K R ]
E (14 TC W B R E B U L DL A 3 Sy B B Be iy
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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 Rel.SL., a reliable label selection and
learning framework, we further narrow the gap between the
accuracy of semi-supervised learning with scarce labeled
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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 Rel.SL 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
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