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Adaptive Graph-Based Semi-Supervised Learning Method
MEI Song-Qing :

(Dept of Information management and information system Guangzhou Medical University, Guangzhou 510182, China)

Abstract: In most graph-based semj—superviséa methods, graph structure is often set in advance, which leads to the fact
that the algorithm can’t learn an optimal graph in the process of label propagation. Therefore, this paper proposes a
method called Adaptive Graph-based Semi-supervised Learning Method (AGSSLM). This method can learn the optimal
graph and label simultaneously by using the iterative optimization method. Moreover, this method can also obtain higher
classification accuracy with fewer labeled samples. The experimental results validate the effectiveness of this method.

Key words: semi-supervised learning; label Propagation; optimization algorithm; classification accuracy

FEBLS N F AR, PR N A0S T R 249 KA FR 2 1)
Bl oA, R IE A S0k, b
TR AE AR Y ey T A JRE IR AR, W48 B RARICRR 28 1Y
Bys R T BT, R RO AR A B AR B R
A, 2 ) B B RARME A B I AL RE s ST

T, SR A AT AR 28 IO FEAS, 451 1 S8

K-means 5L, AMUAFA BG4 FEE AL, 1 HL
ﬁ%Tiﬁ%ﬁﬁﬁ%ﬁ$.¥%§#Eﬁ%m%$
PUAE— 8 PR R v TR M8, K S
FRAC HIREA A A b e R AR, {32 ) S B HL
BHRWBIZACEE ). BT, 70 bR 2 ] a0, TR
TREMFH ML, W A8 AL FE, ) i
B LT, K-means £ 56 & K R HE2%,
2 B A S AN B Ay SR (A AR 43 TG LA ) A A
1 FLIEEE SR 2% 3] B — A ek B D e d /.
BT B 5 2 7RSSR REAR RO

@ Wkt [A]:2013-07-18; W BIME S [7]:2013-09-09

T AL L, SRR L — R 5
{5 ST T 2 2 S M AR i st
213 3R, ST B SR T, zhou™ A
FUF K-TAS R E. LE ) 0 R 4
el LIS T DR AR, B, T A
AR s — R TUAR (RRRAL, A7 R 1 P
B, T T R MR S i, P R B
ST TR PE R, ST R T 8 BT F EL ey —

JSE, L 3 X P A R o 1 R A 5 S A S x
BCEARGUK, SCHRIOIFIA e-norm o M s AN AURK )
PRI T er-norm B ) 21 B2 3 7 VA

Gaussian-Laplacian iF U4k (GLR)MHESL L —>2f
W23 2 SR, TP 04 2% 30
AL TUAEAS. GLR MEALRIET LU AR A
1T SRR A R BeAH [R]; AH [R]85 6 v ) SUbR 2 AH ).

Software Technique « Algorithm #{FHA « 53 173

© MRS

http:/fwww.c-s-a.org.cn



R[N VA

http://www.c-s-a.org.cn

2014 4 234 55 2 W

B JR i 5 A SR AR A I

Bt TR AR A AL £ AN HERB B, 454 GLR #E
BE R SCHRE R T S Y R 2 B A ) Tk
(AGSSLM). — J5 11 | FH i 40k 11 B 5 s Mp 22 ] — A
SR 1A 1 43 28 R HOK ) R AR FEAR IR A, o)
— 73 T FH 2 RO T P 3 o 0 Sk i AR 4R D s s i
oy g 1) VR o R g, A2 >0 I 1 PR3t vy 107 AN 25 K
SRR B B b . ik BZH P, =T A
IR AL 7 1A 45 B 27 ) D i e g [l i 27 > 2]
— AN R AT — AN 43 S R 5L

1 BT HEMNE B A2 S U5k
(AGSSLM)
ST R B S A R B A
BT n AFEAR, X =L, X0 X Xy gy € R
Surb, x, ~{oc} WECARR IO, Ui R

%ém:@zw@.x;{nxﬂ%%ﬁﬁ%ﬁﬁ

—BEBLR, 10 0. BRSO B B
BB BE, JE 3K o7 3 T R B A 2 STRE S, XA
[ AR LS — BRI, R AR R R A, ] LUARE
R AU T [ G = (7, ), Mo v BRI
MG, E AU, & %&ile,, e E A4
B w,,, & IS x, B, 2 T FIAT U . KEAB(KNN)
S W TR i R A

UL xS x, 19 K A L, J2 x, 19 KA, HOu R

2
=]

MR Ew,, =e >
B w, =0, BT I BRI B L R 1
76 G LA RIAEL R, Mt T
H o6 5 "

H(f)=aC(x,)+pS(f) (1)

Horp C (o) F T B EARIC (R 50 10 b 2 5 T s

M ZEAE. S () AR A8 IR S . BT Rk

B, GLR MEZLIE i /MU LA H bR BRECR 2% 2] —A
IR R

f=arg mfln ;(fl _yl_)Z + A/ 2);;(f, _f/_)z W (2)

Hob y, =Dy vose vl A RBEREA PR EE [0 AL,

174 AR « 503 Software Technique * Algorithm

LW w,, =0, ESCERRIT A, B

yj[ :1ﬁﬂ%x,ﬁiﬂyﬂﬁj§’§, 7I[II:IJ_I\IJ yﬁ =0 fj"jéj\ﬁg[ﬁ,
W AR AR T ) bR %k k =argmax(f);) |
ke{l,2,..c}, GHEARVRCRHE k28, HA(2)=05 i

W) (fi= £ w, =T L) 1y i, It

i=1 j=1

HL=D-w ZEPE R, weR™ & KR E
fe, D= diag(ziwl[,..., w,).

T SR SRR R R h, RO L JEM
ARAR 2400 5t 20 3 6 7 AR 7, i EL— 2 e
el — A (RN T AR [, e 2 40 253
0P AT A, 1 g DN R o, sk e
[ R b e, S AR, R T R 2SR
REE A 3 2 WM%R, v d =], -w, | 25,
(UL T 55 2L 10 w,, 2 DB 2. TSR 25t K,
T 2 W N T B BN R I 4 UL,
5 L 15 D W ST, R T L 3
R 425 5] AN TE 0 BRI £ Wk L A2k
085 U5 1 Pl R B, 5 P ST e A A5 1
B pc LW L-Z) . e syseem LA K
$f, SR TG H A7

R A e I

TN A AP 3)

Befh st )

(f L)z argmind7r{(f, - 7))/, = ») }+ ATr (11 ")
w4 TH(L-L)(I-1)' 1 @

L L

uu

KR, LR AR z:{ L, L}

F=Lf £]0 BB O ABATRRAS IR, (), X

RBRCFRERIE. £ X AT AR ZEFE A KT . (14 T30 R
B, £ RN TCRREEFE AT I (K P00 bR K. 33E— 2 H(4) 2K
Fete

Uﬁhzwwgmﬂﬂﬁ—KXﬁ—KY}hUVUﬁﬂ]

L~11 I:m fIT 7 7 T
& v

u

© THEFEEBRETN

http:/fwww.c-s-a.org.cn



2014 4F 234 F 2 W http://www.c-s-a.org.cn

i EONL R g N

HAREEG) P S H AL, RAERKM  with local
A7 G AR AR I L Ay 2Rk 8 £, HOoD BN R
(1) %€ f; HFsRECE R
I:=argijn{ﬂiTr(fifT)+/12Tr{(Z—L)(Z—L)T}} (6)
Bf LSRG IFET 0, 5 N aUor
zifffmz(zi—zL):o @)

and global consistency, LLGC)™.

v

FEATFERE, =0

v

IR (D WL

B L=0-@I2) (41 4) " f
(2) #e L, XLy, HEREREAR K

f =argmingTH(f, =)/, ~1)'}-

+%ﬂ{h&ﬁﬂ§i ?ﬂ{fﬁ}

XFAKRSIFET 0, A7 Uk \
(AL + L.l ) At /, = =0 ©)
= f;: e, _ﬁ'LTIuL"uuA‘l :
N
ﬂq(fziu _ﬁzluiuu_liluT)Jrﬁ -Y =0

-1

~

8)

(10)

= f] = (1/ ﬂ‘.l.)Yl (L~11 _ZluLuuilLNIuT)

25 (9)(10)2, mILAeskit A, FRSK i £
AGSSLM Fykmastn e
IR 1 WA f o AR R, E =0;

v

v ot [
Db \

R 2L

2 10(10) TH5f,

v

X 9) THELE,

v

T (8) HIFf . £OAf

v

I @)~ £ ~DJ <0.001
[E@®)-Ze-| <0.001

0% 2: Repeat
(@) T I HAL R PR ZRo L 4 E
(b) #%HL(9)(10) 15T f1, £, I HA I HEHLRE f;

=+l K1 kiR
Until
lr@)-re-yf <0001 « SEI TP ) 8 S B4 UCI g, USPSIol%y
o \ " (161 4t £ 1171 HAKA
"L(l)—L(t—i)”ZSO.OOl ik, COI‘I,_ ﬁﬁﬁﬁu DIGITI™ i, & 1 HikA
y ¥ T S HHE S RIRHL.
AGSSLM Sy e B 1 s, ®1 ORI A
LGRS Ak | R | BH
2 ;Q%Xﬂ’ Hﬂ%nﬁ\*ﬁ‘ Balance-Scale 4 3 625
TR AGSSLM Sk RtE, ALY _Son 0z
B F 0 0 0 T PR 00 B SV EAT L e, e
ass
W GLR, k& 1 28 4% i 5 7% (Linear neighborhood
‘ lonosphere 34 2 351
propagation, LNP)™, = kti L1k (Gaussian random field, USPS o1 | 2 | 1500
GRF)!™, %4 i 55 /s — 3¢ (Laplacian regularized least colL sa1 | 6 | 1500
squares, LapRLS)™ 1%~ s # M1 42 Jaj— 257 (Learning DIGITL 241 | 2 | 1500
Software Technique « Algorithm #{FHA « 53 175

L

© TTEASEEAREET  hip//www.c-s-a.org.cen



R[N VA

http://www.c-s-a.org.cn

2014 4 234 55 2 W

AR T I R i ) 4 £ 40 i A2
PR RENLEIP). X T Lk & e 3 40 A4
PEARIEFE K AR, THARGE, tHEEIRS R L. &
FELARRA KNN k. fEFT A ks K RS
{5,8,10,12,14,16,18,20, 25} Hhik KX ; A (114% ok 5L
EHEZ, S8 o WNES {24,2°,22,24,2°,24,2%)
kG AL = D-w iFE R RS L, HAR
i ok B T 28 1 = 1T (http://www.cad.zju.edu.cn/home/
dengcai/Data/MLData.html). X%+ 25 4. 4, WES
{0.01,0.05,0.1,0.5,1.0,1.5,2.0,2.5} FF B HX. [ g S 56 (1)
T ZRE, 7E UCI (1) Balance-Scale, Sonar Al TTT %1
PadE b, HBEALHIE 30%, 50%F1 70% K EA A A I 2k
R, JRMFEARME D IMRRAE, BE1T 50 XIS 525,
I HAd s 38 73 FUER 2 TR HEZEAE O S & 1) PPN B
HE(IT AT LI A e A I 1 S 2 & B aiAT 50K SE5).
AR 2. A% ‘

K2 SRR BT MR R bR
FR2E GLR LNP
EFig
30% 84.50 £ 0.07

AGSSLM

Balance-Scale Sonar TTT

85.01 1+ 0.77 | 86.67F 0.01

50% 89.02 + 0.03 90.98 + 0.05 | 91.02F 0.68

70% 92.18 &+ 0.44 93.631 090 | 94.70% 0.82

M 2 WTLAEH, 15 3 B UCH Btk b, LAl
F GLR F1TLNP 772, AGSSLM J5 iE 0043 T doeif- 1 Sz 4
BOR. ATLUE H, AGSSLM . AEXIAS A B 45 138 I s
)T — A AR R B R — AN Sk, R
AGSSLM BEMHE L Ry AR b DA 7 Pl bR 25

h T HE— KA AGSSLM A AE /b AT hr s
GRFEARNG LT A, B TTT Bl 4240, R4
P RHHLE I ¢ = 50 N A AR REARNE N INZRER, R
R AR, HEAT 10 OMSTEISRES, i0 T
OISR R FIbRUE 22 VB0 PR bsifE. 5K 3 R 2 45
T A BRI r RSG 2 L, R 3 A 2 T
DA BRAESIEEE COIL |- AGSSLM Sikmg b 147
W5 LLGC 4, fr HAb M Ha 46 b, AGSSLM Sk #R L
TS, FEREN T DIGITL #4E4E, DIGITL (1)
SPE oy R UER R T AL LLGC 2L 2%. MR 3 il
Bl 2 g T LU H, 7R8I bR IR A O T,
AGSSLM  $7ykAB fe I A3 LE R SR ST 8 AR (1 P 38 432K
HERf 2. A8 I A IR S8 56 R FH 5228 Okt # dm A
WS HA G, P DLt 45 AR T304 1) 93 3K
HERf . BE— 20l AT i £ R L 1K 2 A & 3R AT IR
AR,

105

100

95

a0

1»

25 —

T

1]

&0

—+—1U5E3

k]

—#—C0IL

a0

DIGITL

MERET St

45

Flass

—#—[onosphere

40

= Sonar

35

30

25

20
15

1a

GFF LLGC

LapFLS AGISLN

2 AEAEEESE EAN ISR S SAER 0 L i 2k

176 #AM4R - 5ik Software Technique * Algorithm

© TEBEEEIKETN

http:/fwww.c-s-a.org.cn



2014 4 K234 55 2 W

http://www.c-s-a.org.cn

i EONL R g N

R 3 NN B 2 AR AR bR e 2

pieiE S GRF LLGC
usPS 89.72F 0.21 | 93551 0.29
colL 77.90 = 056 | 82.01% 0.43
DIGITL | 9566 0.71 | 94.85F 0.50
Glass 54.98F 254 | 59.80 %+ 1.03
lonosphere | 84.00 % 2.00 | 87.67 %+ 1.01
Sonar 72441078 | 75991 0.82
UsPs | 88.89F 0.56 | 93.89F 0.22
colL 70.76 = 0.53 | 82.00% 0.05
DIGITL | 91.54F 048 | 96.01 % 0.29
Glass 62.00+ 0.78 | 62.33+ 1.12
lonosphere | 83.64+ 098 | 87.72+ 1.35
Sonar | 72.43%0.22 | 76.05X 0.36

3 4iip

ARSCH Tl BRI 8 2 ) Uik, L
BT B e WO o S VR I A . % 1
B8 130 7 ] I 25 5] — AN BRAR 0 LR A0 KR B b
P STV S ), R T R AR R T, sk
U 2 PRI K0 R T %07 R R A oA T R i
e W ST TV K A AR, R AR D 1 5
£°F, AGSSLM L HA U e 4h ). E— Do
- o] S T A b ST — AN e I P S A, e e L
HE AR RK PR R ¢, SRS 0, S BOR B2 5]
I 1) B 55 45 2L BOR AE E NSRBI R 2 R 2 5
RS

2% 30k

1 Wei J, Pang H. Local and global preserving based semi-

supervised dimensionality reduction, method. Journal of
Software, 2008, 19(11): 2833-2842. &

2 r*i%?ﬁﬂ%?i&?ﬁ%?@ﬁ}z%ﬂéﬂé‘l‘@z%%.ﬁ#%ﬁ?&,
2008,19(11):2803-2813.

3 TREERL B R BIRAA L BE T R 2 SRR T 2 e e R
S BT A4, 2008,19(11):2791-2802.

4 EEE R G R R K 2 KRR
B R 24417,2008,19(11):2814-2821.

5 RARFy 0 2R I T RT A o R SR AR I B e AR
2008,19(11):2843-2852.

6 Yang SH, Zha HY, Zhou SK, Hu BG. Variational graph
embedding for globally and locally consistent feature
extraction. In: Buntine W, ed. Proc. of the European Cone on
Machine Learning and Knowledge Discovery in Databases:
Part II(ECML PKDD 2009). Berlin, Springer-Verlag. 2009.
538-553.

7 Zhao Z, Liu H. Spectral feature selection for supervised and
unsupervised learning. In: Ghahraman"i' Z, ed. Proc. of the
24th Int’1 Conffon Machine Le;rning(ICML 2007). New
York, ACM. 2007:1151-1157.

8 Wéng F, Zhang CS. Robust self-tuning semi-supervised
learning. Neuro Computing, 2007, 70(16-18): 2931-2939.

9 Yan SC, Wang H. Semi-supervised learning by sparse
representation. Proc. of SDM. 2009. 792-801.

10 Belkin M, Matveeva L, Niyogi P. Regularization and
semi-supervised learning on large graphs. Lecture Notes in
Computer Science, 2004, 3120: 624-638.

11 Wang F, Zhang CS. Label propagation through linear
neighborhoods. IEEE Trans. on Knowledge and Data
Engineering, 2008, 20(1): 55-67.

12 Zhu X, Ghahramani Z, Lafferty J. Semi- supervised learning
using Gaussian fields and harmonic functions. Proc. of the
International Conference on Machine Learning. 2003.

13 Belkin M, Niyog:i P, Sindhwani V.%Manifold regularization: a
geometric. framework. for learning from labeled and
‘urilabeled examples. Journal of Machine Learning Research
7,2006: 2399-2434.

14 Zhou D, Bousquet O, Lal T, Weston J, Scholkopf B.
Learning with local and global consistency. Advances in
Neural Information Processing Systems 16, 2004: 321-328.

15 Asuncion A, Newman D. UCI Machine Learning Repository.
2007. http://ergodicity.net/tag/machine-learning/.

16 http:/iwww.cad.zju.edu.cn/home/dengcai/Data/ML Data.html.

17 Chapelle O, Scholkopf B, Zien A. Semi-supervised Learning.
MIT Press. 2006.

Software Technique « Algorithm A « &3 177

© TERERE TN

http:/fwww.c-s-a.org.cn



