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Semi-supervised Classification Model Based on Ladder Network and Improved Tri-training

MO Jian-Wen' JIA Peng'

Abstract In order to improve the classification performance of semi-supervised deep generation models, a new
model based on ladder network and improved tri-training algorithm is proposed. This model adds three classifiers to
the highest layer of the noisy coding layer of the ladder network, and improves the image classification performance
by combining the improved tri-training. First, the labeled data is divided into three parts by using a class-based
sampling method. The model adjusts the parameters by combining the labeled error of labeled data and the recon-
struction error of unlabeled data, and is trained to get three Large-margin Softmax classifiers. Next, the improved
tri-training algorithm is developed to add pseudo-labels to the unlabeled data, and different weights are assigned to
the new labeled data to expand the training set. Finally, the expanded training set is applied to update the model.
After the above practice, a weighted voting is performed on the classifier to obtain the classification result. The
characteristics of the ladder network obtained by this model have better low-dimensional manifold representations,
which can effectively avoid classification error caused by uneven distribution of sample data and enhance generaliza-
tion ability. The model is tested on the MNIST, SVHN and CIFAR10 respectively. In comparison with other semi-
supervised deep generation models, test results show that the model proposed in this paper has obtained state-of-the-
art classification accuracy over existing semi-supervised learning methods.
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W3 73, MR ARG EGE IR R 5, A
B A NMIE A R A B bR L SR AR
TeARiCE i — FHR RN RE, f e K s vERe.
X AR GE I~ M B 0y S ST SRR I B IR (Self-
training). TSVM (Transduced support vector ma-
chines). EM (Expectation maximization) 5%,
w5 B 5 SE LA A B 0 SR ST AR BUAET
[ i T HOREROR, AW LA A I 2R
P BE R B L AN W PR 2R )~ B 20 2R ST 7R,
B0 Chau 2512 456 HlZr$g HH Tri-Forest 5%,
fif g 1RSSR RN, L 560 S5 BEHLAR
MIEH T Rotation Forest, $EmEHrE 2 M, B
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i Cheung 51 454 IE WAL Z 50y BN 2007 iR 52
STAR-SVM (Self-training with adaptive regularization
for SVM), fiftfe 17 J5E S0 H5 45 A Pl A5 222 ) ) L.

WA IR 2 2 ST R T, TR 2 2 O T DAL iR K
HIAL & BE ) RALRE J) S RAIG PR SR 5, A2 BB
IR RN M. ERR A A H R
VAT ), R 5 A AR 2 I 2% (015 AR R e IR 4%
(Generative adversarial network, GAN)™ & %R
JE A SRR AT AT AR i 19X 28 0 B RS2 R A
AER) - 2 BE 7, BEG AR RN R R L. IE4Ek, ¥
20T 5T 25 I AR AN I 286 285 ) SR A S P 2 T B 4 2
S S HE AR RE HUAS A K 70 R AOCR . 0 Springen-
berg S MK bR B F XTI 28 4L, $2HY CAT-
GAN (Categorical GAN), & 8 1 W 2% 1 Il 25 iz
72, i RN B R IHESR SR 1 B )
PPt Salimans 5500 F 5l &5 # B2 X 28 4104K, 42
i Improved-GAN, "& 15 H 7 2% J5 8 — A~ 4r K ds,
IR 24 J5 15 27 200 ) &5 7T DL E B B0 70
JEL 0 R S A A R IR 00, B 1 AR AR AR Joit
AR R E TE. Fu S50 AR Bl 16 AR BE T 1
AR, FEH SSE-GAN (Semi-supervised encoder
GAN), EAEAE B0 R BRI — AN h &, E#E
ARG IFIR B R IR B ] T 2K, Bt — b e e
o NG L. ATl B R ) 2 S BEE S
IR SR 45 &, BREAS IR I 19 7 KRR
1 Pezeshki S0 41 1 155 A 8 A>Ghi  # F1— i
M as HIRRTE 2% . B RS I 5 B 70 28H RINE
RS TE s A SRS BT, (B R SCRE
FIHBX e E B, 2 J5, Rasmus 252 78 1 TAF #) 3%
fiti B3R TR S B s S M RE, AT
BT W 28 i b 1 e e SR AN I 0 2R 8%, IXRRR
B X 2 ANt N 4 4 ke ok, T A R A
B A5 2 R KA A ) i /I s 1) A 3 S Ak R 2% 2
B, SR B % 5] Zhao M HE A Z IR
H 2w a5 FH TR R W 4 b, XA 2 A RO AR, ]
Phoy 2] B 8 HARRAE, I A T AT AL EOW .
SR S PR RE A LN TR SV TGN
ZAEVESG R VA BENE AT B S A A D AR
BRIy as. HE, X IB R TR RE
FEI VIR AR PR IC B X 73 845 R AR

N T AR B R A BRI 4y R R, A
SCAERR I M S ARSI SRt b, 0B 1 AS R 9 A A 4
W0 2 45 K0 55 SR BB A 2 T T BBR 3R, JF 3t — 200 ig
T or FEEUR BB R 73 RS FE RS2, $ ) —
Toft 355 0 T ) 24 R 50 = N R0 1) 2 B B 70
4 (Ladder network and tri-training semi-super-
vised classification, LN-TT SSC). % 7L T M
ZRHE ZRAT MR G 50 2 X B R SR AN AN 3 A RAs, AR

BUEE ) = IR0 2 s R 2r R RE. ¥ %G, 2R T
FERHFE T R A bR CEEE 2 3 4, 56 Rbw
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Large-margin Softmax F&fili 7325 8%; SR 5, H ootk
() = INZRiE0T ARAR IS B IS T, 7RO ARAE, X i
A3 B B F RSB A FBCE S, 5 78R
WIZREE, BEHTRAL R4, Hom, XHZRTE 73
RTINS, 19 R & 45 R

1 LN-TT SSC {&=#!

N T EEA R FABE T I £ HE SR 1) 27 20 fig 2 A =)l
SEVEN 25860, $RH LN-TT SSC #8Y. 7ERATE
WA 2 HE A TR 2 D 1) S i SR TR O B S0 KRR, A S
BBk =R R IR m R 7 R . A S Ay
WE 1 R, FEQRF IS R SRR

LN-TT SSC BRI it B an i 1(a) Ao,
EFE Pk PRI T I 28 R AN Xt iR =) Ri%. B 1(a)
i, S RATIEAFRCIIZREE; Xo RARIRICEEE; n
BN g . Z(0) | Z(L) A2 g 5 i e
g\ R IEE R K Z(D) REEME IR v RH
MRImAL I PR AR 2R E; LM-
Softmax #& Large-margin Softmax R%; g, &N
B4 F. LM-Softmax AbBEA5 B| AIRFE & Ay
IR RAR; Li o, Lioy &8 RIbRICEERE. dudtiy
BRI HELLILA 3 AL S A R gmht &% ffhs
A ANTCE g, Hrh Rt as RIS 2R H] VGG g
B IT RN AR g i 28 5 245 B RHIE AR il
BRERIERE (Skip connection) WS FXF N 1 L 5
b, T T M 2 L) 8 DU SO D 25 R 4T T BRI Rk
SRR R B WU ACR. 73 8A8UH Large-mar-
gin Softmax 1418 A M 2k B 2. 7R I 2RI
T 56K BT A T A A id B 7 8 3
B S1, Sa, Ss, B WA RGN SREHE S; 73
SaARICEHE Xy AR SAESE, DI FRiC
B BIAR RS AT R AR 1C B 1 B A 0 AR S 5 1)
77 AL FERAEE M 2524, FFIZRF3) 3 4> Large-mar-
gin Softmax FERNIIZEES hy, he, hs. 280G, HEGHER
S YIZRETN AR SR I ETE Xy, ISIIONARZE, 5T 7
I H T ARG SR (Li_a, Li_y) 23 Bl — MRUE w,
R bR i EARS 78 46 I 2R 5 S Bt 3 2845

LN-TT SSC A e s it F2 un 1(b) Fiow.
L(b) W, hy EEFG RS, H R
LN-TT SSC LR %8 57 58 i 43 38285 by DALBLEE
15215748 H, T NI EHE, 2 N TR mis s, 15
P A )7 K5
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N1 =100, Ny = 1000 ™A FricEEEA B4,
HAR AT e HdE.

SVHN #7115 #dE5: SVHN 55 73257 Ml
SRFEAR 26 032 MR FEA. BB AR ERE, K
/INAI32 x 32, WK A BH A EE 2 AT, B
PEIA% 25 9] LARUA 1) 1F o i it 238 SOk [8—-11,
19], MIIZRFEA 23 L HL Ny = 100, Ny = 1000
MNEVRCEIEER MBI, HAaNTErRicEdE.

CIFAR10 HZAEGHHEL: CIFARIO H 10 1
5, A4 50 000 N UIZRFEAFT 10 000 AP0
A B EEREE, K32 x 32. CIFAR10 %
P A B R R R B B S, Bz e 2 e
BOK, I LB R, BT LS5 SCHR (8, 10-11, 17,
19-21], MUIZRFEA F 73 Hil I HL Ny = 2 000, N, =
4 000 M bR iC BRI ER W EIIZE, R NTohmic 5.

SEIGAE A K Intel Xeon E5-2687W CPU,
32 GB WAEH GTX 1080Ti GPU “F&; #f:%H Win-
dows R 4t, python i 75, tensorflow I & 2% S HESL.

X T B MINTST a4, W4 5t R A 11
RO R H 9 NERUZE, 3 ML E R 1 A4
BEEH K. X E 24 SVHN. CIFAR10 $¥E4E,
WAL ZE R VGG-191 /1 16 NEFZ. 5 ANtk
TZ AN 3 A TER Z ARk, T Rl #oh B X S 40
KANHIRC RS, o453 2 4 AR &5 M R 1 it
—b bR, HEBE RO 100, 7546, sEEg ok
I T3 U0 R SR AR SR AL RS, LSS 2
FEME. A PRIER Y (U SIOE FE R F F8 B0 Dk it 7
AEH 213, IF HE LAIE6F 21 %08 0.02 (MNIST),
0.003 (SVHN), 0.003 (CIFARI10). 5256 i B ik
120 4 epoch (MNIST), 150 /> epoch (SVHN, CI-
FAR10).

2.2 SLIGZER

R T 355 A R G i 6 45 X 4% 25 R LA [F)
I3 AR bR BN BB 43 NS FE (1) 5 ), WL 2
HfE e SVHN (I 2k R AL 1000 N FRICHE
A) A CIFARIL0 (IZREEH RFE 4000 M ARICHE
A), DA AESE (T AL Softmax 325 (1) 45
G R) NFEEME, ACHREPIMIRE TR, THRA:
AMEF VGG-19 M2, g fift i 35 25 74 K F 1T A2
7% B: Ml Large-margin Softmax $i1 2%, 1
£ Softmax #1255, SLIREE R UK 1FR.

#1878, LN-TT SSC # 7 i Z i w1 X
MR 7 KGR T LUK I VGG-19 W 2%
A Large-margin Softmax i 2K # A&2& $2& 151 184 P e

# 1 LN-TT SSC M 5 )5 EAE SVHN Al
CIFAR10 H¥E 5 L5 28 5 (%)

Table 1  Classification accuracy of LN-TT SSC model
and hybrid scheme on SVHN and CIFAR10 (%)
pi Bitl SVHN CIFAR10
FEAESLLG (T 4 softmax) 88.75 83.56
7% A (I + LM-Softmax) 91.35 86.11
% B (VGG19 + softmax) 89.72 84.73
LN-TT SSC 93.05 88.64

EE K&, /£ SVHN Ml CIFAR10 %454 L,
VGG-19 M2 it 223 78 0.97% M 1.17%,
Large-margin Softmax 157 2k ] i 28 73 il 4 2.6%
A 2.55%, Wid &5 G XA ER, SN 4.3% A
5.08%. LI g5 R R, FIH VGG-19 M2l Large-
margin Softmax i1 5% 45 & B8 A5 N 2 B 5
SR SR ), IR HER AT LN-TT SSC #AY T A
AR

2.3 SKBSHR

R T BB I ZRROCR, X MNIST ##is £
BEHLIEHL 2000 A Aric 2086 A t-SNEPY Xt 285k
Large-margin Softmax B4 J5 1 EUG R E3E4T
Bede, 130K 2 o mm . WEEnT DUR I,
LN-TT SSC BRI 25 Ji5 15 2 (6 T WX 45 B REAE 73
AR RNE, R 2 8 X 5 MR, 7] L
R TR 7, DR R A AR B4R 2 A AN 3 T 3 B 40 2K R
7, PEr R o R B

2 S,
AN
i b ? A ‘S |

ONESIES

(a) Before network training

K2 MNIST dfs (AT &on &
Fig.2 A popular representation of MNIST
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Table 2 Classification accuracy on MNIST dataset (%)
B N1 = 100 N3 = 1000
Ladder network™! 98.88 99.06
CAT-GANH 99.09 99.11
Improved-GAN" 98.58 99.15
GAR!™ 98.92 99.21
SSE-GAN!"™ 99.10 92.23
LN-TT SSC 99.14 99.30
# 3 SVHN H¥usE LI RE (%)
Table 3  Classification accuracy on SVHN dataset (%)
B N1 = 100 Nz = 1000
Ladder network!"! 75.50 87.06
CAT-GANF 77.68 88.90
Improved-GAN® 81.57 90.78
GARM™ 80.87 92.08
SSE-GAN™ 81.08 92.92
LN-TT SSC 82.13 93.05

* 4 CIFARIO B¥a%E LA (%)

Table 4 Classification accuracy on CIFAR10 dataset (%)
A Ny = 2000 N2 = 4000

Ladder network™" 76.56 79.68
CAT-GANW 78.83 80.42
Temporal-Ensembling"” — 87.84
GAR™ 82.10 83.35
SSE-GAN! 83.66 85.14
VAT® 82.88 85.61
LN-TT SSC 84.14 88.64
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