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Algorithm Y, = LGC(V, E |Y))
Input: Graph (V,E),labels Y \
Output: labelsy |

viaDii :iji,j

S — D—I/WD—I/Z

Y, =0

YOy, ]t=0

Repeat

Y " =aSY ' +(1-a) °
t=t+1

UntilY ) Converges
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Algorithm [y, ] =ML -KNN(T,K,t,s)
%Computing the prior probabilities P (HbI )
(h)for l ey do

I m I I
@ PHD =5+ %)/ @s+m) ; p(Hy) =1-p(HY)
%Find Posterior probabilities P(EJ! | Hg)
(3) Identify N (x;), i €{,2,..,m};
@) for l ey do
(5) for j €{0,1,...,k} do
©) c[j]=0; cTjl=0;
(7) for i €{1,2,....m} do
® 5=Cqh=2" i Ya®
) if (y,;(1)==1) then c[5]=c[5]+]1;
(10)else c'[8]=co]+];
(11) for j €{0,1,...,k } do

(12) PES | HD) =+l i/ (sk+D+ Y cp)

(13) P(ES | H) =(s+¢TiD/ (sk+D+D " cTp)

%Computing Y; , I't
(14) Identify N (t);
(15)for I ey do

16 Ch= . Yal:
(17) ¥y (1) =argmax,_ P(HA)P(EIQU) | Htl))§

P(HP(EE,, IH!)
> P(HyP(EL,, [H)

be{0,1}
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Algorithm Y=LGC+ML-KNN(X, Yy, k, t)

%Transductive step:
X =[X], X,];%XI: labeled, Xu: unlabeled samples
Y =LGC(X, Y)

%lmprovement step:
Y, = ML-KNN(X, k ,X,, s)
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23 Accuracy

24 Precision

25 Recall

26 F-measure

27 Average Precision
28 Ranking Based
29 Example Based
30 Label Based
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dataset | #instance | #attribute | #label | l.c Domain
Corel5k 4834 500 43 3.5 image

Yeast 2417 103 14 4.2 | biology

Scene 2407 294 6 1.07 image

L.c: label cardinality

[VA] ) a5 Corel 5k _J—olo3ls e gazes :Corel 5k
o Uaw s paaad 8 aS Cad disad 00 v 0 hyls coddoslaul
TR E U P U R PO P AU DU
S A L gl e ol blob"" fUSJA &S Lloddghoad 55~
S or 0313 QLI ad g O v el SH sl b S e
e 3l Y0 L o S0lee ) sbas 03l 45 sazes ool e
S eSSl Sl calie a8 5 ol 4 oeal 03, 5
FATYF 50505 FY cole s .rrz.:\f)ts Lok oslisl 5L Yo
.ﬁ;a;u;w\ 1y o guad
Gt (S509 V0¥ L gl YFVV ol a8 gazes ol 1Yeast
L b gie psbas el pa 5 bz IS\ F S

21 Central limit theorem
22 Binary Large Object (BLOB)
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32 Confidence Interval



23UA L 55 i @l OIS 5 e 5SS aed 5 oS5 o505

S92 90 S ey 9 3lEdoy i) S amslie £ Jgd>

s g0 s B9,y 9 olgiee S AP Hlue anglie ¥ Jgus

ML-KNN | 0.182+0.025 | 0.74+0.028 | 0.207+0.026 | 0.595+0.032

RL ‘ AP ‘ HL | Micro F1 Label rate 0.02 ‘ 0.04 ‘ 0.06 0.08
Corel5k
Corel5k, labeled: 500, unlabeled: 900, test 600
FS-MLSS- ML-KNN | 0.29+0.013 | 0.298+0.013 | 0.315+0.014 | 0.316:0.014
. +0. . 10, . +0.! . +0.
KSC 0.173£0.03 10.789+0.033 | 0.168+0.03 |0.591+0.039 TRAM | 0.29+0.013 | 0.3+0.013 | 0.3320.014 | 0.34+0.014
+ =+ =+
TRAM 0.2+0.032 10.751£0.035 1 0.201£0.032 | 0.553+0.04 Boostext | 0.26+0.012 | 0.27+0.013 | 0.292+0.013 | 0.31£0.014
ML-LOC | 0.171£0.03 | 0.682+0.037 | 0.176:0.03 | 0.548+0.04 dip 03320013 | 03450.014 | 03620014 | 0.37820.014
ML-KNN | 0.209£0.033 | 0.75+0.035 |0.205+0.032 | 0.35+0.038 Proposed | 0.365£0.014 | 0.368+0.014 | 0.374+0.014 | 0.366:0.014
Proposed | 0.184+0.031 | 0.789+0.033 | 0.171+0.03 | 0.618+0.039 Scene
YIRS Scene, labeled: 500, unlabeled: 711, test 1196 ML-KNN | 0.658+0.019 | 0.735£0.018 | 0.75£0.018 | 0.79:0.017
KSC 0.477+0.028 | 0.576+0.028 | 0.199+:0.023 | 0.42+0.028 TRAM | 0.734+0.018 | 0.7730.017 | 0.8120.016 | 0.82+0.016
TRAM | 0.514+0.028 | 0.552£0.028 | 0.2130.023 | 0.386::0.028 Boostext | 0.746+0.018 | 0.795£0.016 | 0.82+0.016 | 0.822+0.016
ML-LOC | 0.497+0.028 | 0.516:0.028 | 0.1950.022 | 0.4030.028 dip 0.745£0.018 | 0.79+0.017 | 0.82+0.016 | 0.822+0.016
ML-KNN | 0.522+0.028 | 0.531:£0.028 | 0.221=0.024 | 0.342+0.027 Proposed | 0.76£0.017 | 0.79320.017 | 0.816+0.016 | 0.823+0.016
Proposed | 0.105:0.017 | 0.832+0.021 | 0.106::0.017 | 0.6960.026 ML-KNN | 0.685£0.019 | 0.704£0.019 | 0.71+0.019 | 0.715+0.019
Yeast, labeled: 500, unlabeled: 1000, test 917 TRAM | 0.705+0.018 | 0.72120.018 | 0.725+0.018 | 0.73+0.018
FS-MLSS- Yeast
KSC 0.18£0.025 | 0.751£0.028 | 0.199:£0.026 | 0.626:0.031
Boostext | 0.68+0.019 | 0.695+0.019 | 0.698=0.019 | 0.705-0.019
TRAM | 0.181£0.025 | 0.744+0.028 | 0.218+0.027 | 0.6330.031
dlp 0.7130.018 | 0.725£0.018 | 0.73+0.018 | 0.735+0.018
ML-LOC | 0.338£0.031 | 0.7120.029 | 0.199£0.026 | 0.619+0.031
Proposed | 0.714+0.018 | 0.71120.018 | 0.7270.018 | 0.733+0.018

Proposed | 0.178+0.025 | 0.742+0.028 | 0.211+0.026 | 0.642+0.031

sop s P

S bs SeS @ pslad i o) o dlie ol o
S i 6L sl S 5 ol aed 5SL
B Ly uslad gy o 2Uls 4§V.3>\> Syl S5 ey
Gars besls s glats 4 s VL e
laesls aegozes 555 p S 2D L o) e hlel ol
» 5 3,05 Corel5k ,Scene ,image b ,i5las aass
o Sl (658050 sacnlus ¢ > &S Y east o3ls 4s sazes (55
305 5s bty 3en 5 Jad B bl

o 4 L 53 e sl Ml 5l S Sl 4 ar g
s 558 a3 53 oz Gs OBBI 1 eslisid 6o
SRSk Jde Sl el b landls Lol alie s Lol
Lold 03 ) ez 05 O8I SIS me )US ae
O3> (51 Sladsl iz s 35 b s o> s ) ol
sl 03 OBsls pl oledbl 3 =S et e O3
<ds b @L:S S5 ol 6(,::50:&:\.&\ MLKNN  soailb
aads ol asgares S5y GObe 5 s Dl
Sy bl 1> sas e ol Scene 5 corel5k
Jhzl awlws wlul 5 & el o 4 MLKNN
L a5 S S dged 2 S0 0luas 53 iz
L (golgntny o (U153 ey 350 | Uil ol 35 a5
Sl s ) e s cl rf;.mqg-ﬁ RSN FPTATCIN
L s MLKNN %5, o&sls slass SV PP W s

ssz g0 6o B,y 9 olgiee B9y (Micro F1) awslis 0 (gl

‘ 0.04 ‘

Label rate 0.02 0.06 0.08
CorelSk
ML-KNN | 0.025+0.004 | 0.015+0.003 | 0.025+0.005 | 0.03+0.005
TRAM 0.18+0.011 0.2+0.012 | 0.22+0.012 | 0.2354+0.012
Boostext 0.13+0.01 0.15+0.01 | 0.16+0.011 | 0.162+0.011
dlp 0.24+0.012 | 0.245+0.012 | 0.247+0.013 | 0.25+0.013
Proposed | 0.261£0.013 | 0.258+0.013 | 0.277+0.013 | 0.276+0.013
Scene
ML-KNN | 0.25+0.017 0.4+0.02 | 0.51240.021 | 0.57+0.021
TRAM 0.51+0.02 0.6+0.02 0.648+0.02 | 0.672+0.02
Boostext 0.508+0.02 | 0.595+0.02 | 0.645+0.02 | 0.675+0.02
dlp 0.54+0.02 0.63+0.02 0.65+0.02 | 0.67540.02
Proposed | 0.552+0.02 0.635+0.02 | 0.664+0.019 | 0.682+0.019
Yeast
ML-KNN | 0.535+0.02 0.55+0.02 0.56+0.02 | 0.578+0.021
TRAM 0.58+0.02 0.618+0.02 | 0.627+0.02 | 0.63+0.02
Boostext 0.55+0.02 0.56+0.02 | 0.558+0.02 | 0.568+0.021
dlp 0.598+0.02 0.62+0.02 0.63+0.02 | 0.63840.02
Proposed 0.601+0.02 0.582+0.02 | 0.603+0.02 | 0.617+0.02




[7]

(8]

(9]
(10]
[11]

[12]

[13]

[14]

[15]

[21]

Z. G. J. L. X. Zhu, "Semi-supervised learning using
Gaussian fields and harmonic functions," Proceedings of
the Twentieth International Conference on Machine
Learning (ICML), Washington,, p. p.912—919, DC,
2003.

X. Z. G. a. J. D. L. Zhu, "Semi-supervised learning

"
’

using gaussian fields and harmonic functions."
Proceedings of the 20th International conference on
Machine learning ICML-03)., 2003.

M.-L. a. Z.-H. Z. Zhang, "ML-KNN: A lazy learning
approach to multi-label learning."," Pattern recognition
40.7, pp. 2038-2048., 2007.

F. e. a. Nie, "A general graph-based semi-supervised
learning with novel class discovery." .," Neural
Computing and Applications 19.4, pp. 549-555, 2010.
L. a. G. Y. Feng, "Semi-Supervised Classification Based
on Mixture Graph."," Algorithms 8.4, pp. 1021-1034.,
2015.

K. a. Y. S. Crammer, "A new family of online algorithms
for category ranking."," in Proceedings of the 25th annual
international ACM SIGIR conference on Research and
development in information retrieval. ACM, 2002.

X. S.Zhu, "Multi-labeled classification using maximum
entropy method,in," Proceeding sof SIGIR, p. pp-274—
281., 2005.

F. R. J. a. R. S. Kang, "Correlated label propagation
with application to multi-label learning."," in Computer
Vision and Pattern Recognition, 2006 IEEE Computer
Society Conference on. Vol. 2. IEEE, 2006.

G. e. a. Chen, "Semi-supervised multi-label learning by
"in Proceedings of the 2008
SIAM International Conference on Data Mining.
Society for Industrial and Applied Mathematics, 2008.

T. J. Z. X.-S. Z.-].Zha, "Graph-based semi-supervised
learning with labels,,"
J. Vis. Commun. ImageR epresent.20, p. 97—103, 2009.

T. M. Mitchell, Machine learning. WCB, 1997.

K. B. N. d. F. a. D. E. P. Duygulu, "Object recognition

as machine translation: Learning a lexicon for a fixed

solving a sylvester equation."

)

multiple

image vocabulary.pages," in In Proceedings of the 7th

European Conference on ComputerVision,,
Copenhagen, Denmark,, 2002.
X. M. K. N. a. Z.-H. Z. Kong, "

multilabel learning via label set propagation.”

"Transductive
" I[EEE
Transactions on Knowledge and Data Engineering 25.3,
pp- 704-719., 2013.

F.Sebastiani, 'Machine learning in automated text
categorization,," ACM Compu. Surv. 34 (1), p. 1—47.,
2002.

G e a "An

comparison of methods for multi-label learning.","
Pattern Recognition 45.9, pp. 3084-3104., 2012.

S. a. J. A. S. Mehrkanoon, "Multi-label semi-supervised

)

Madjarov, extensive experimental

"o

learning using regularized kernel spectral clustering.”,

A e w03l (5, a0 g ‘6":’1’;@:‘?“

eSS LA, (6 Sl CBs i ki R s sy ple
5 ke b Lal Coin (sl 4 Oy Sl S
o bjlae plas 3 5 03l 13 platllcss ) s gl sl
Sl s 'V‘*"”j" slie (g3l 5 - Loy dsg Jald cod
55043 83 glrosls ae pazs 555 2 12l JU ki Sl s
Sa5LE a5l O3 ae gazes 1 lize Glas el b 5 Wlas
S ) Koo 3)lse b s S0

o U aad 5L LI dslewy Lo (ST oSl Sos G
fanl sl il gl s, b s eag oW (1S
205 55 Lol 555 &S ol (650 03) ez OF Gl ono
b o Lo Jha) g B bl ol s diyls s 5 g6l
Pl Gy pramed 350 ol Coeal DLP WIS A,
lalee 281 55 mehrkanoon _olaal (i) U awslis
el 03500 Jor g sl SCENE 0313 48 50z 55 5 5 Sen
oz 2050 0dial G g5 Olgews o35 cpl 03 OIS e 4l
€ 6“&;’»{5‘ 3 AL cald glaslas 5l eslinal slo)l 3
tod (85 Sz S s 2 et 5 KNIN 5 (gl
doder Sla g ) 5 ez ki Slacas s 65, (5ol
A 0y 9> O:"J"

SIE e ¥

s 7S5 BT ,01,8 Aslul 1 pils e Y 5 Ll )
(el daadows 583 5 Lyl omes oK1 sl ol s
SLaisy sosas 53 6 Sl dgd s o oKl skl
osllsyge 08B acgemes ol aed L;J:fskf
o les ol 03 g0 1,1 (sukiacs ) (sla ploaly

8‘,0/\

[1] M.-L. a. Z.-H. Z. Zhang, "'A review on multi-label
learning algorithms."," IEEE transactions on knowledge
and data engineering 26.8, pp. 1819-1837., 2014.

[2] X. Zhu, "Semi-supervised learning literature survey,"
2005.

[3] B.a. ]J. T. Wang, "Dynamic label propagation for semi-
supervised multi-class multi-label classification."," Pattern
Recognition 52, pp. 75-84., 2016.

[4] S.H. a M.]. Amiri, "Automatic image annotation using
semi-supervised generative modeling." Pattern
Recognition 48.1, pp. 174-188, 2015.

[5] M. e a

compact

)

Zhao, "Automatic image annotation via

graph  based learning.",
Knowledge-Based Systems 76, pp- 148-165., 2015.

[6] O.B.T.L. J. W.B.S. D. Zhou, "Learning with local
and global consistency," Advances in Neural Information
Processing Systems (NIPS), 16, MIT Press,

Cambridge, MA, 2004.

semi-supervised

vol.



23La 355 iz p 6l OIS 5 o 55U aed 5 S5 s

Neural Networks (IICNN), 2016 International Joint
Conference on. IEEE,, 2016.

[23] M. D. Smucker, J. Allan and B. Carterette, "A
comparison of statistical significance tests for information
retrieval evaluation," in Proceedings of the sixteenth
ACM conterence on Conference on information and

knowledge management, 2007.

Lyl bt )lS 5 lidylS g i
e o8l 51 3 gl kigs a3 3 I,
03503 1 VFVE VTVE Lo 53 Cans
b ey 3 ) panasS 6585 phis
ok 65 ol s oKl 5 esle
a5y b sl Jlo s bl et Juamlif
e oKl e Sla sae gLl
s ol ol (S sl b,y Olesdss 53 5 ey L

AL o sl @ Jsiie Sy 5 sl A5 plenr

2 s Ll g e p o
SEAYAY e ps SaelS edige ad)
G55 5 Ayl el )8 5 olesl oKl
SAYAY GWle o il e 53 1) 355
03405 J3 wyds w3 s 31 VTAA
FaeedlS kg 058 Slobial sl ol
2 s a Gl Lew Jep oiils
Dol Oeile 5 Ol dadga BLol (il SA0L e )

el Iprdin GA5LD (ld 0L (iamen 5 o 5 a5 g

oy 5o 1y 0 15,8 galls 7 oome
.J.:.g.& ‘53 QM‘Q )‘ \Y’/\f de )>)|4..9|
oy b 3}5- ww)lfj Olden QL_{)L&'
03 g3 3 Olher (63,558 ole f—_— o Kisls
b ot 02 (Fran i IS GaelS
il 03 panalS s sl sl Ol Lo e o850 31 45 Ul
Sl b 5 o3 o8l ) SaalS ks usss ke s sg s
oS sl 5 ile 6J;.>L3 039 3> A 4 5 JSL e Oldes
.QJJ};;&A;.J)W}JMUﬁj






