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Abstract

In this paper, we analysis the semi-supervised learning (SSL), which is adopted in order to train a deep learning-based
classification model using the small number of labeled data. The conventional SSL techniques can be categorized into consistency
regularization, entropy-based, and pseudo labeling. First, we describe the algorithm of each SSL technique. In the experimental
results, we evaluate the classification accuracy of each SSL technique varying the number of labeled data. Finally, based on the
experimental results, we describe the limitations of SSL technique, and suggest the research direction to improve the classification
performance of SSL.
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Fig. 1. The comparison of supervised learning and semi-supervised learning on two classes
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AEZ T4 9% 50,000 ﬂ 2E 974 10,0002 ResNet-28-2"15 AF8-31, 3lo]y detuEs FUsHA

32x32 A719] A FEe d=o] Stk AFdA+= 2 g-3to] g AP th Wide-ResNet= HEld 7]4He]

T 9% 50,0007 ZF 45,000 XJ% Tl A3, 5,000 T EYE A7 Zo] (depth)7t Zoj ol whet k<o)

Ao 7} (validation) 30 2 ARSIt SVHANS [4H o] L7} oJH YA A 0] 2 73} B-E (residual block)!'<]
3

1074 527 Q302 FAE 32:32 2719 A el LS RN BF A5 A7 A3l A4
olf NEZ & &9 9A 73257 7, Bl ~E 94 26,0324 o 285 Wide-ResNet-28-2 2173 7o] Zlo]&= 280]7, ¥
o7 FAFEo Utk £ FA A F 6593172 FH d E5 U9 &R T & 20t B dHde &=F
ARESEAL, YA 7,326 H 7t ARSI o HlolH Al ol ALHA skt Eﬂ o]&o] & HIolHE F&
EA golEo] sle HolHe T8 Aol S E 1,0007}, 5,00071 & AH&3S W& vlwst, Uy T
E 59 222 F=7 1,000 500070 thafA A3 G4 glol&o] Sl HlolEH=Z AREgtk ATzt [12]0014
1, F29 P A UnA FA QAL AR Aol & dERH Had /e BF AYEE gE £ AR
20l gl FlolE 2 ARSI Th FE (inference)ol &= HIAE StE 71ME 3 vaLekA o B =RolMe ot
A ARE AR Y 25 Aol AL ol Al F AE S 71%0 R A5S B8 a4 49
Eo AZ 94 YeERdth CIFAR-10 55, A4} 714 AAE F/HEIT E 194 AllS 7 2dS FdT
9 st FHAE Pl AL, SVHNS 45 U T G ARE AFE3E F0] 3, labeled only= &l 0] E-©]
B A% W4 dgeR PAEe ik 2l HlolElgr F&ol] ALgE Rolth. Wi A73nkst so)
[12]91M= & A% 85 71HS a9t & A48 3 9 stepu|E7t 71E =i gE7] Wil AR ZF =2l
A4 97hE AL AFAG: ole BF Yo B A ATE EF A5H da Aot AL F Ak 4 E
(complexity)7} TF& W2 AWM & A% g5y 71HE A& g5 71 ARl A8H stold Tt i 19
T e AR BF A vRE ) o) WEe A Fd & ok
ol oolel wEbA [12]e1A4 AlQtet wlE ATl Wide- 32004 IE < %ol AUA s AYTeEMN
1. 50| m2to|E
Table 1. Hyperparameters
Value
Method Key WRNet DNN
hearrtw.ing rate decay gOZO 000 202000
eration ) )
Common Batch 100 100
W 200,000 20,000
Initial learning rate 0.003 0.001
All, Labeled only Batch 200 200
_ [ Initial learning rate 0.0003 0.001
--model Max coefficient of ramp-up 20 1
Initial learning rate 0.0004 0.001
MTLe Max coefficient of ramp-up 8 1
EMA decay 0.95 0.99
Initial learning rate 0.003 0.001
Max coefficient of ramp-up 0.3 1
VAT Epsilon 6 8.3
Xi 100 10
Coefficient of entropy 0.06 1
EMUIO) Initial learning rate 0003 0.001
Max coefficient of ramp-up 1
Initial learning rate 0.003 0.001
pLIM Max coefficient of ramp-up 1 1
Confidence threshold 0.95 095

*WRNet: Wide-ResNet-28-2
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E 2. Wide-ResNet-28-201A | 4g 27 M3tz = NFEE Zo|t wero 7 Faly] we 23
:::,{,iri: w;:]aRses;f:\lc;t_lgg_;)ccuracy of benchmark method (Backbone BAZE 298 & go [12]01]/\1_‘1:_ w3l b o} whab,
AEZT 7k 7Y o]y e AAT EAE AAY 5 2

¥ Labels w0 oo 5000 £ ko] Aotk AR F Ak Sy 7Y E @
Al 0.9252 0.9678 ol5o] Sl HIolET AMEIS W B} Fo B A5
0O MM gy e el 2 0% 294 02
MTEE! 0.6672 08505 09371 09447 Atk FrH R, 7)1Ee) F A X sk 71HILE 137]9)
VATS! 0752 08735 09411 09519 So® 749 72 277 (deep neural network: DNN)!”
B Gem Game  omes omp U AVZMSEA A85ISl CRIARIO 2 SVAN H°
pLi] 07114 0.8570 09287 0.9500 B AEd tgt B7F AeS vlugith & 32 13719 52
2 o]F0]x A173H¢]l DNN 249 222 HojZrh 43

BH 299 o3 FA4 WsAlzl VATY 5] vty of A&% stoly mebuEE & 13 2tk VAT 7|4l A
08 71 S5 AL FAT 5 Aok webd, QB g A HOIE AE CIFAR-105} SVANe] &+ A =
3t el E adH AES AAE Ho] 7B 7 ©128 AEE IS A ARH e A7 8, 32%
28 Agal Ak AY Aol & 4 Aol EMe]  ABAT A F AR S 7HTeIA ARgRE el
73S GolEo] Qi HolHu ALHS Yrrt e g AUEHE T ALBo, T F ks Sl wiA
AL E HojFt) o] EMAAE Zdl| tigt 2171 a7 2 gy Ho|EV} tha TELE =R A Fehes

E 3. DNN 2z 72zl
Table 3. The architecture of DNN
Name Description Output size
Input 32x32 RGB images -
Transform Gaussian noise ¢ = 0.15, Random flip, Random crop 32x32
Conv__1 128 filters, 3x3, pad=‘same’, BN (128), LReLU (a = 0.1)
128 filters, 3x3, pad=‘same’, BN (128), LReLU (a = 0.1)
128 filters, 3x3, pad="same’, BN (128), LReLU (a = 0.1)
pool Max pooling (2x2) 16%16
drop Dropout (p=0.5)
Conv__2 256 filters, 3x3, pad="‘same’, BN (256), LReLU (a = 0.1)
256 filters, 3x3, pad='same’, BN (256), LReLU (a = 0.1)
256 filters, 3x3, pad='same’, BN (256), LReLU (a = 0.1)
pool Max pooling (2x2) 8x8
drop Dropout (p=0.5)
Conv__3 512 filters, 3x3, pad="valid’, BN (512), LReLU (a = 0.1) 6x6
256 filters, 1x1, BN (256), LReLU (a = 0.1)
128 filters, 1x1, BN (128), LReLU (a = 0.1)
pool Global average pooling (6x6 — 1x1) 1x1
Qutput Fully connected (128 — 10). softmax 1x10
*Conv: convolution layer, BN: batch normalization!'”, LReLU: leaky ReLU!"
T 4. DNNOM H|m i 2F7 Maiz
Table 4. The classification accuracy of benchmark method (Backbone network: DNN)
Dataset # Labels Labeled only II-model'" MT VAT EMH™ pLtH
CIFAR-10 1000 0.5978 0.6088 0.6256 0.7209 0.6067 0.6157
SVHN 1000 0.8576 0.8786 0.8836 0.8476 0.8867 09210
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