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Semi-supervised Learning Algorithm Based on Pointwise Manifold Structures and Uniform
Regularity Constraints

XU Yamin, LI Xiaobin and ZHANG Run

School of Mathematics,Southwest Jiaotong University,Chengdu 611756, China

Abstract MR (Manifold Regularization) provides a powerful framework for semi-supervised classification using labeled and unla-
beled datasets. Under the assumption of manifold, it enforces that similar instances should have similar classification results on
the sample graph. It is notable that the core of MR lies in the pairwise smoothing on the sample graph, where smoothing con-
straints are applied to all instance pairs.treating each pair of instances as a whole. However, the smoothness can be point-to-point
in essence,meaning that smoothness should be “everywhere” to correlate the behavior of each point or instance with that of its
neighboring points. Therefore, this paper proposes a novel semi-supervised learning algorithm based on pointwise manifold and
uniform regularity constraints(URC-PW-MR) , which achieves semi-supervised learning by constraining individual local instances
and introducing a fusion consistency regularization. This approach not only contains the pointwise nature of smoothness but also
introduces the importance of individual instance by considering each instance rather than pairs of instances. The significance can
be quantitatively characterized through factors such as local density. URC-PW-MR proposes a novel manifold smoothness realiza-
tion approach that achieves semi-supervised learning through dual constraints:individual local instance regularization and fusion
consistency regularization. Empirical evaluations demonstrate that URC-PW-MR exhibits more refined performance characteris-
tics compared with conventional MR frameworks.

Keywords Manifold regularization, Pointwise manifold regularization, Uniform regularity constraints, Semi-supervised learning
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DIHHA TR g HEA 1Y 28 U 5K
2) MR 20 3 158 2 iy /N A £ B8 P9 Ay — B B R
3) AR 4 =X () T SR AE S W5
OME G I X FT mini-batch BOHE W M #6125
SRR 6O Fik 3 TRA Sk BEAT IASCSR AN, JFAR i 45
REHEISH0,
o i 5 R0 B A 400 - 58 i 22 H /Nt A EOHE 0 A B 3 3R
B 5% (19 1548 B numepochs , 45 3 B A Y1 Zroad 72
IR B E 1 R .
i1 BlEREEE
A A BRI REAR G  CARICREASE S UL B epoch #4101 T
BRASUAEL R B w e (O Flw (O AR L £Cxi30) 4 488 5 45 T A A A, o 45
%40 B numepochs
it LT 2B 0 Y TR
1. BEALP) b LA 28 0
2. BAE
3. for each mini-batch B Do
Ao AT BRSO I 38 TR K
i 2 (3) 3158 mini-batch PECHE 19— Bk &
2 (O TS AU W
i 2 (5) 3155 mini-batch $3E (4 3 M5 45
H1 20 (6) 75 3 3 545 2% 19 I AR T, AR 4 451 2k BT A5 28 2 4
9. end for
10. B #]1% K $ > numepochs

o N o> Gl

I B PR ARG 0 4 37 0 AR B A LR LA B

DRElG T 2R ., (D32 R 2% 4 XA AR e Rk
A B DR AT R A8 i B 40 R E AR I B . () — BBk
RAETThR DA, B SRR AE R AR i B LR v iR &
BEPE . (3D M M A B BUE JE BE W3 B0 1) - o
e AR TR X B0 43 A i B0 BUR

) BUEHE MR SIS 5T . BUEZEFE W33 (L2 (4))
Tl BB T 1 — A JC R QBT . AR Bl A S A TR AU
SRR, T8 0% O bt P A TR) R AR o 451 2 R B BT DA T T A
B2 AL RE A3 B4R T

3 WEB S ST AE AL, O IR A T bR e AN T AR e B
RN ZRAL L BEA R T A BR 0T AR e B0 - R 1506 7 R i
TERRICBOAR T 7 o AEBOHE AR T AR B 3 5 T I
R L

/MR, il /NIt (Mini-bateh) Y1 25 i 75 2 A7
DA R0 i IR0 TR Bt o /0 N A o 38 1 RO AR B 4
il

S)JNALSK AN B R R A . 3 B Sl kK (6) #E AT
TR A, 33 B ACHL AT LA R R R OR TR 48 % e I 2k 0
R vy EE M, DT B At ST R AL Y 43 2K MR RE L — Bt
IR g N

R T RAEXT HE S 56 ) — SO, T B R s A A £ A 7Y
RS AR S UG F S5 R 40T T 5% S0k (25 ] ) Wide ResNet-
28 AEN, 2k o) Tl R B 0. 999 BUE I R Bl 0. 02,
TEXT LS, S I — Bk B UDA DL #YI 4R/ BERT
KA 2 MR 36 B S SCA ) B30 00 B 5 SR P 0T AR
S RE AT [ R ERAE . 36T S8 RA, & 0K R R
B 092, 5 B 2 h 75,150,250, SCAS KR B A, [ 2 R 100,

AR I G (0,705 T3+ 5 oy o | LD

WAL FH 6 I 4 HE A7 58 LRI I B O
3 ZWigit

3.1 HiE#R
S U6 TE T $R Bk 1 4 MM L 43 ) AR B AR SR 4 CIFAR-
10, CIFAR-100 Fl SVHN, A} & 3 SCA K5 4 IMDB il Ya-
hoo! Answers F#EATS2I0 50, WER 1 Frsl,
1 BIRENA

Table 1 Datasets introduction

HE K EE  BiE% WRE FEEE X4
CIFAR-10 45000 5000 10000 32X32X3 10
CIFAR-100 45000 5000 10000 32X32X3 100
SVHN 65932 7325 26032 32X32X3 10
IMDB 63000 7000 25000 128 2
Yahoo! Answers 45000 5000 60000 128 10

& CIFAR-10(10 2838 FH#I A 4325, & 60000 3K 32X 32
1B F E5) , CIFAR-100 (100 A~ 4181 B T 2 14 2 )2 ik 1k i X
FRES FEARHEIAL S CIFAR-10 —30) ) SVHNGH# 2 600000 3K
BT T EUR B H L T RS B S 5O KM
R IMDB HL R PRI B £ (50 000 4% bin T8 17 T8 1 A9 3
AR HF 42K P 5 Yahoo! Answers(1460 000
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L BN BB R, B 10 AN, SRR AR £ 4y 2%
55 O T IPAG S AE A W B 2 S S s b i R L 8 R 19
T2 4 KB 43 U R AR 10 A AR 0 B L SR ) A I 2k b B
HIL e WD 35 B A S AR IC BN
3.2 XWIRES
3.2.1 AR IR BE

A FEES . 13th Gen Intel™ Core™ i7-13700H 2. 40 GHz,
HLAF RAM:32. 0 GB(31. 7GB Al ). ¥ % ID: EI8EAE56-
BBBF-45DF-9790-F9250C48FAA8, R4 K M. 64 (i i1k &
G5, BT x64 BT B,
3.2.2 HRHRE

¥EAE & 40 : Ubuntu 20. 04 LTS(64 1), Python i : Py-
thon 3.9.7, RE¥JHELR . PyTorch 1. 10. 0, CUDA 11. 3,
Hifh 2 : NumPy 1. 21. 2, SciPy 1. 7. 3, Matplotlib 3. 5. 0, Sci-
kit-learn 1. 0. 2,0penCV 4. 5.4, 525 T. B Jupyter Notebook
CH T AR5 3 38 1 82 36 90 57 5 TensorBoard CH T 0] ¥4k Y1l 45
) s Gt T RAE 21D,
3.2.3 AHEkE

Xt T PR 30308 4 P AR 280 batchsize= 32, NUM_LA-
BELED_PER_CLASS =50 (f B R & A 50, NUM _
CLASSES= 10, & i 48 J& A~ 8 k=7, Gauss ¥ 77 5 5 L
sigma=70.0,beta 43 1 28 alpha=0. 75, ¥ F 3C A B &
£, AN C BB A WAF beta 4370 . batch size =16, NUM_LA-
BELED=int(len(x_train_clean) * 0. 1)
3.3 XBRERSHH

1t CIFAR-10 #l SVHN #4954 |, 43 i e X 250,500 F
1000 AFRICHEA X AR SC S 25 1 IR S v i 5 F AL vA A LU
B SCRERY AT R R R IEAG . TEAG S5 SR Bl dnk 2 Fk 3
H, %FTF CIFAR-100 4 45 . W ] 10 000 A~ #7518 £ 7%, Xf
JE S B v Y 5 AR AR B AR SRR (URC-PW-MR) #E 47 %
LS5

# 2 CIFAR-10 305 4E R FMARICREA T A4S iR %

Table 2 Error rate on CIFAR-10 dataset with different labeled
samples

%

AR

Methods -
250 500 1000
II 53.02 41.82 31.53
VAT 36.03 26.11 18.68
Mix Match 17.06 13.77 11.16
Mean teacher 47.32 42.01 17.32
SmoothMatch 14.40 12.99 10. 22
URC-PW-MR 13.03 11.99 10.02

M 2— R 4, T LI LT 4538 .

DA SCRETE 3 A FIRBOR H A bR 0 KO A [ A9 19
B P B B A R AR LA AR L AR A S [250 16
TOUT AR e 2 3 78 7 AR BTl — S T U A A
5 U TR 1 D) 5 et B A AR

2) 8 MR AERRAC AR AS B8 B0 ) I, A R R I BT e
%o XJE M T HZ 0 A R ICHEA D 70 a8 AT OB i &
RETEFRENEEFR. SEEREY.ME CIFAR-10 %

Pi4E I, Mean teacher 57 (9 5 15 3% b 25 °F [, 1 BH L% b
IC U B RO PR . 5 AR LG, AR SCERE A AT AR L ORI
FARE A B AT AL RO J o AT 920 T X A5 AR SR AR B AR,
FEoT R T B B0 OB S5 A . DR, A SR i B AR A AR AT
FEAB DB BT AR REBUR B RIBOR .

# 3 SVHN B4 EARRCHEAT iR %
Table 3 Error rate on SVHN dataset with different labeled samples

%)

Methods ik
250 500 1000
I 17.65 11. 44 8. 60
VAT 8.41 7.44 5.98
Mix Match 5.58 5.46 4.45
Mean teacher 5.85 5.45 5.21
SmoothMatch 5.11 5.04 4.23
URC-PW-MR 4.98 5.01 4.14

F 4 CIFAR-100 dia 4 I 10000 BEASKUF A4 IR 3R
Table 4 Error rate on CIFAR-100 dataset with 10000 samples

% #HIRE/ N
II 39.19
VAT 35.42
Mix Match 32.88
Mean teacher 37.17
SmoothMatch 32.23
URC-PW-MR 32.12

FH2 5.3 6 I 1, 5 X b B A0 L A SCRIE FE AN X
AEHRAE AR IEAT . FERRTE IMDB B4 4R 1, A B
ICFEAE N 20 B, A SCH B A A R R AU 11, 3706, W35 Ik
FHABEA , A PRICFEARECH 100 B LS 58 0 R BT
RE DR

F 5 A FEILAE IMDB LR FRICHE A BT 14 1 3R
Table 5 Error rates of the four algorithms under different numbers

of labeled samples on IMDB

%)
Methods kit
20 100
UDA 13.70 9. 50
BERT 32.50 19.59
SmoothMatch 12.27 8.96
URC-PW-MR 11.37 8.56

# 6 A FPEILLE Yahoo! Answer [N [FIFRICHEACEL T 1945 12 %
Table 6 Error rates of the four algorithms under different numbers

of labeled samples on Yahoo! Answer

%)
Methods RA
20 100
UDA 41.55 33.83
BERT 48.90 37.56
SmoothMatch 40.53 32.78
URC-PW-MR 40. 46 31.78

S 8 25 S R WY L AS SCAR R S S R T BN B R TR S5 A L AR
PRIRE A 7 Az AR BL A 1 DRI T AR A ) 350 50000 i - T

BERIE A SCE X T — B E N R B R T B

A AE ) 1] AL BB o R G A 7 T B 7™ A 2 S BRI i o A

RO A o] SR PERE L PR T — R AE A — B IE U 5 ) G
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