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Abstract  There are extensive literatures related to traditional single-class and multi-class classi-
fication problems, in which each data point is assigned to one category. But in many applications,
a data point may belong to more than one category. This kind of problem is called the Multi-Label
Classification (MLC) problem. Due to the existing of label relevance, the traditional data-mining
methods cannot be directly applied to the MLC problems. This paper proposes a novel MLC algo-
rithm based on the random walk model, called Multi-LLabel Random Walk (MLLRW) algorithm.
Firstly, a multi-label random walk graph is built on the training set. As an unlabeled data ar-
rives, a multi-label random walk graph system will be built, on which the random walk process-
ing is carried out. After that, a probability distribution among all labels is obtained. At last, a
threshold learning algorithm is proposed based on the MLRW algorithm so that the final predic-
tion on each label is presented. Experimental results on actual data set show that the MLRW al-

gorithm provides an effective solution to the MLLC problems.
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B4y 25 (data classification) 25352 4 (data
mining) [} — /> 8 LB 5% 7 1. — H LA BUE o 2
[B) AN 7 32 3 T AT T2 R AR

1% G2 B4 43 25 1] B0 F 92 H A 2 n o) 6 4 2%
R A b R 23 B — 2 i R gk 2 1 R
— A 2R H AR AL FI R 2 R EE R R T
A 3% 2 ) R FR A BRL 43 2 [R)E (single-class
classification) o . {H 43 2% [n] 8 (binary classifica-
tion). AIARAR e 28 5 A 24> FEAL L 4y 28 IR
73 28 A A BETE 31X £ fig 18 2 1) v e £ — AR S i il
X 28 ) J g FRAE 22 43 25 [A) f8 (multi-class classifica-
tion). Z 73 2R [a] U A] DL B2 b b i A 58 5 26 1)
L. B 2 ) 22 3 2 [R) R G B Ry AR 45 2 )
/i (single-label classification). ‘& 11 4% 3C#F 5% B4
ZHRZ ) 25 (multi-label classification) [a] A & A<
o A DX

TE 52 B T 35 3k A7 A QR A O s — A5 B T
RE A I @ T 24> A [l 1 28 531 3% 28 B4 Wl R A 2
SRR BN Lewis ST TE T BKE AL 804414 %
B e B 34 A 50 I (R IR T 2.6 A ) Y 2R
™ 7E ACM Computing 3 K R FFIEE — 2%
o 11 ARG 81 A T AE & AT LA 5 S
BPEZ A AR5 5 Snoek 55 G 5 43 HT 43907
AU R S8 0 0 A B D e gk sk
B BOR G 101 A BR AR R B B A
FBEA 4.4 AR TR i bR 250 3R 1Y 43 26 1)
BEFRAE 22 45 28 2 25 ) 80 (DL s 1) . AL 5 11
PRAE TR S A L, 205 2 o R IR U AE TR B 3%
f DX 3] 28 59 8] i AH 5% 1 (relevance) 13t B 44
(co-occurrence) B3 BUE LI HAR 2 70 7 LA
RE A 4 10 B 22 6 48 43 25 ) e %)L 265 48 4y
8 [R) JU A 2 SR 24 A — SIS AL

Z AR 5T R IE Xk @ SR .

EX L O TSI R EWd 4
W ABHE A E] L CE X=R; — M g MRE N
RS GCE Y={A A, A I — DT m A4
YI B NGRS e AE

D={(x;,Y)|1<i<m, ;€ X,Y,CY} (1)

Horp g A ] X i) — D ggds . Y2 o
H SR 4E 4 (actual label set).

ZhRA 2 RS RIS IR EE D 27 ) 432k

BRI S X =27 A — DR KR c€ X T,
WA R SR E e ARG PL.CY 7Y P,
5 ox A ES Y. OB

Ty T s BB 28 3 28 ) 02 22 B 46 0 2 [R) ALY —
ARG G ARG L Y, [ =1 B, 245
20y R IR BLRAL R 22 73 2R IR L. 5 M, 2 g=1 I,
ZhR % o3 28 R UR AL by By 2 )

ZhR B HF Y [ R 5 22 R 28 73 2 1) B F6AH 56
() — 2 )@, HIE LAk e SCnF.

EX 2. CHMmAZE X bREESY Wil
BAESES D g 1 iR,

Z B HF Y R LR AR VI ZR 8 D o 2] iR %R
g: XXY >R, YA —DRIPEBIR c€ X I, %)
THEEN yeY 38— D815 RE g(x.y) JFRIE
EAERBONY A bR 2 EAT HERE L (A5 e HE
BESE ECRERN TR S5k S

AN [) B 6 R B T B8 e S EHR P 4 SR Y IR
M, ] 4 Precision/Recall/F-Measure, Subset accu-
racy, Hamming lLoss, One-Error, Ranking Loss,
Coverage ., Average Precision 251 (I, 5.1 ).

ZHREE 3 S 1) R 3 AT W RS ke Iy v < kT i)
RO AR 07 T AN TSR A I ik (LS 2 99).
AR T — A T B AL AE A R 2 AR R
B MLRW (A multi-label classification algorithm
based on the random walk model). EE Fipk G

(D37 — Bl 19 245 % 3 K516 MLRW,
MLRW 70 A 3 S8R I BR 1 RE A% 45 th 4 2K 4%
RGBT LSS & SRR R BIR L 25 Iz B B A
P 2 AL 32 0 A

(2) T MLRW Bk 42l 7 —F o K (2
25 % TT T LA TR 22 R 4 00 2 B b B 9 (B
T A]

(3) HEHR 4R By sSe g 45 3 R W], MLRW
Ry 28 A 2 2] 7 1 B AR AU TR 22 AR 28 43 2 ) i
N2 HR 25 HE e 1] L.

ASCHE 2 TS A S KRBT TAE: 45 3
TIRHS 4 14l gy 1 MLRW 53032 A8 {8 2 > O
P35 5 W4t MLRW B3k i AH G185 56 6 7 4
S0 T 1R SIS A5 5 5 B e B 4 .
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1k 1y 75 5 (Problem Transformation based meth-
ods, PT) 3% F 33 4% 4k 19 77 ¥ (Algorithm Adap-
tation based methods, AA).
2.1 ETFRE@HLNAE

PT K7 n) £ H bR & — 2% 502K 0
FOUR A B — A~ B — 21 B AR 45 23 2 TR AL, AT dz ] B2
A R BABR 2 43 28 T7 T A Ui )

BR(Binary Relevance) J&—Fh#L R8I 3 PT J7 s,
BB PR A T A — A ST A By 2R )
IR BEAFRZE LR — A S /70 2 s TR A
GRBE XS B 20 2R AR FEAT U SR, 3K Fh B30k 208 1 b
2 Z [ A AH R 2R AR TR R 24 Nl 1Y 0 265K
. SCHk 6 ]38 o 4% D1 (copy) Rl AL E #%5 I (copy-
weight) [ J7 % . %) BR #E 47 2l ik 4 Il 2R 4 5 v
) — R ZARERIRIR 0 I Z R B BB R 4G T
AH R A A

Hullermeier S5 ) 7 3% F b5 25 X He (pairwise
comparison) {732 J7 . Mk X AR G L E
PIPREE Z B IR R AL g (g — 1) /2 D Ip 2K 4.
NI RAFTE P DARZE A A Z 4R R R e A A X
S S RAE N A AR R R Rk E
B 2 4 S B 1 vh R A BE il 43 2K 4% (base classifier)
MR ZE N OGD))  H R ¢ (D) R 73 KARTE
WIS D by s SRR 52 J% B D)6 T A 4%
Xf HE ) 205 2 03 R I S Ay OCq(q—1)/2 +
t(D)).

LP(Label Powerset) /&3 4b—F# T Z K
PT J5 k. B I 2R 80 b 00 45 Fhobn 28 45 9047 —
HE g Bt TR OB Y AR 4. 12 LP b, Z AR5 4L
i 0 LA IX B 7 U AL B AR 2 Bdle . LP SRk ) 1B 3
Bl RN BE TN KT AR 2 41 G . Read 5844 M2 73 A
FERYR B LP o, 25 X0 R o3 28 B a4 47 0 D isf s /T
PATSOI 54 & rhoR AR s LA B LP
TR ARG 35 ) O(min {27, m) (D)), 7]
PAIE 3 BT AL s B ALAR 4G M IR A R
FREAR A T BE L AEL ARG A s 82 A B
2.2 ETEERUNAE

AARTERN FEHbR 2, i e 2 A g
PR A3 SR L {8 L B 8 A0 B 22 bR 48 e SR Y
AA BIEA VT ILF

FT PR 2B ¥ AdaBoost. M1, Schapire
FW TIEH T 28 AdaBoost. MH 5
U R AR A 2 2 U R B AR B g AR
() B BR 25 I R B8O HI . 0 1 T Sk i P

Y U GRBCHE A B R T RS0 T AR I B T AL

N TE A28 G 9 46, m] LA FH 3] 22 B 28 43 256 [R] 7
W Zhang 25 NG & B X 22 bR 2 ol 19 42 )R 1R
Tl R 8 45 N TP 22 9T 9 2% RE B8 AL B 2 AR 2 4
Pt AR S AR AR L I AR 2 5 4] ) R
PIARZE IR A X AR A — B T 55 5h—
AN HLAR AT A8 [F] i H B

Z2 MLy RNN J7 ikl LR ] 3 22 65 4 23 25 1)
AU g0 Sk C12 ] A 44 9 MLANN 55 3%,
MLANN i i G231 75 % - 15 H 4 s 45 19t Ja .
HEA— DR R « B ARELES Y P
AR TR « AL MARAIREL 1)
R M« 2 B BEAIRE A

CA. 5 PSR w] T 2 AR %5 70 2K Il gl rp, H
g SORE BRI R P R Y s L T B 2 AR
K m L. Clare 8558 L2 HR%: 3 2 [n) & Hh /4 6

MLEntr()pyZEP(y)logp(y)Jr

(A—=pyNlog1—ply)),
1715 A58 T L 0 T 545 5 08 - DT X 22 4 46
P ST PSRRI AL 2 LY Bayes 555 w]
DA 3o 48 ot 5 T 22 Bn 4 o 2 Il .

AN FEFEB R ZARE 422 E 2, Tsoumakas
FRN T R AR R B — R R A
BR R B SVM 45 #E 4T k-fold 28 LI 25 s 72545
TR R BROSVM R S — 2l 4G
(GEINUES s S DEC g R S TR (PR AN S R
B 28 AR 2 il 5 2R
2.3 FMEMFERE

BE L 17 7E R Y S A AR . N — A el — R S
00 T 063 ok iy — 5K P81 A A T — D T ol g 4 LA
WA 1 — a3l BX AN IO B J T0UA  AME R o B
PLBkER C(teleport) 3] 18] AR AT — S TH L FR a Bk
¥ R AR AR R A — RO A AR
3 AT 2 TP R A — A O R [ B A AR T
AW AR — Ui Ak 8 A e 2 AU —
L RE. YR — B AR X AR A T
WSk W SUE L B AT LA 3] — A FRE AR S A

BEAL U7 A AU ) 2 I T 508 42 40 R IR 1Y) 5
I, PageRank 5315 ] LU A 2 BE AL E B8 1) —A>
F . Zhang S A28 A AT PF o 42 4 OC B
)1 Zha S AR T A W ICIR ZS Y B BIL i E A
Tz R T] DL T SCAR B 3% 2 (text summariza-
tion) L Tt 23 I 45 14 43 B 542487 AR ST i
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3 MLRW HIREF*IE X

3.1 BENLEEBE B E K

MLRW 53k B e IRt & D MR d 48 )%
25 (6] R IR 22 28 W L T A L. AT 8 T i AL U A 5
T4 S DR R TR 3 e 5 T Y 3 T
b 2 1 1] S A AR 22 ) 08 A S A i 2 A 2 o A5
Z B AR M. MLRW A SR B 2 D &£ A D h
W R IR B R« € X WS o8 B A i) — 4> 0.
RPN 0y BATH R B4R 28 WK X
YN ZRBE X L B TS, o: o, AR B 20A M. B
Ngdes DO PR Wi lgE s D Tl

2 i 25 B HL U AE B IE A -
G=(V,E) (2)
V=Av|x. € X, 1<i<m} (3)

E={(v;»v)) |vi»v, €EV,Y.NY,#ZT,i#j} (4

INTERE AT A SCAR TR W84 o, R I 2k
Bt o AEBEDLIEE B b5 0 i T 4, 20 (3D 3%
ANEEDINGEAE KX G R — DT 0, X
ST AL T G TS V.

&Rk FRATTH A BEPLIE E 18 G b it A AR P
WA= (5) 32 /9 BE B A I 25 80408 ) Bz T8 S 7E
i 23 (8] P Y B R L ICAE dis Coiaoy) o AR SOR TG BE
B Ay B R R

JO, V; = V;
W, =<, viFv s (v,v,)@EE  (5)
ldis("u,»,vj), v;7v; s (v50;) €F

AR — et al MR E I G & m i, ik G
TAFTEA BT 01 1B W B AR SR S Y T AFTE AR
BN ARE TG Ry R Sy B Y
A — b 4. B AT LUR IR G by i i
D HREES Y R mRE B AN T4,
FEX AT 30 ] MLRW Sk, P, A SO
THT (14 PN 25 8TR 56 T 18 G o 4 3l X — i 32 e T

B, e —MREER Y="{A.4 . JI%%
R 6 A% ik DL UGBS o x a0 f
FAIR BIARZE Ay, DR 3 A PP AH B L JEHEENTTHY
AU R 3K 3 > B i AL 1] B 7R i A 23 [a] R
Y WS- i [ SN SP S o o I = S 7 WO
FEETw P A % W d I 2R 4R & D = (Y BE DL
KN 1 frR.

=1 Jlg%EE DR

FEAE 1) WS
1 X1 Y, ={A}
2 X2 Yzz{/h}
3 X3 Ys={A1.4;}
4 Xy Y1:Mz>
5 X5 Ys={As}
6 X6 Ysz{/\ﬂ

L kSRS D X RLHY 1A

AL B AL U A A5 78 TG vk B v H T AR 48
(R BABR 25 3 S [R) L. T SR B 25 B 4h W i o BE L
Tie 7 P o A5 380 0 2 2 AN 1 R X A il A B ML
AR IR B S (WL B 1) . SR T 5 22 4 25 B 4
S5 0y BB ML A LBl J il AL I8 5 52 78 A W SIS
PRI 17 A5 DAY F .
3.2 ZHREHIKEELRE
3.2.1  FlALIEE o
BEBLIT L S 7 7 2 4 A A S SR HL B P
(adjacent matrix) , ¥ U5 HE R /0 i v &= 50 » Bk K A=
MWL a(teleporting probability) , & A= Bk 5% i} Bk 55 3
V] v A A T 1 A 238 0 A 1) o . B O E S R S
R B LB AE 28 53 [l S e AR s U s IR T
s=(1—a)*PTes,+ad, 0<<a<<l (6)
e i s R 6 A s, e & %R (6)
B B i A 8 53 A ] B G AR L e
=(1—a)*P"emta-d (D
D) B A A i A 238 0 A7 1] 4t
Sy 7 I C6) T A B T A A [ WO AR
FEAE MR P A AR R T B TR oW 7E o 1Y BT A 4R

Jai IO s R — A TS B S o BT D) i 35X A
TH 8RB 25 A0 AT, 2 (8) B s
(O, wW;; =00
Mij: Wij , oo (8)
11mﬁx {wy, |wkj #oo}’ wij 7

X M AT 0 — Ak B

;M —avg M, }
Mi/_—std,{M;,-} 9
i Mi]/ (10
S,

L 35 40 A K e P 0k B A 9 40 B
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3.2.2 ZARZBENLUTE I R 5

A AR B o B A XY TR
IEAE « . MLRW K L w A 0 B a3 5 T g UK Bl BIL 357
FEAR R, ELACH RS R YO BE AL U AE AR IR
w 5T BA DR A R 21 2 45 2 BE DL I 5L
B G AT X LIS (G k=12, )5
SN Z2 AR REHL T AE B AR 51 CUn &L 2 B ).

(b)
B AR IF B R o W OB o X RE B RAEAE w0 () w
E/E\*’é”ﬁ‘% /11 Eg)ﬁ(vl s U2 9U3)*Hj§ J%@“Bi?] Gl ;(b) %7]‘
u L:J/E\*ﬁ*/lﬁ\%: Az E@)ﬁ“’s 2 Uy 2 Us 71/6)*!;”5 »1%@“5 G,

& 2

EX 3. CHZEERILIER G AREER
Y R AR KRB 2 WE S G Mle T Z
RN E I RIIN T =Gy [k=1,2,.q),
Hep

Vi=VU{u} (12)
Ek:EU{(u,'vi)\MGY”lﬁiﬁm} (13)

o, w 2R B o X R Y TR o o I 2 B
XTI Y o I B SR B R A
FETR L IRATA T oA~ B LL w e 5500 H
AT 3. 2.1 1 PR R A ENLIEE 2L B e, FATIE
T BT EARIG  fE so. BT 80 s — A m 4E A
B.CEMSE A ILERR
disCu,v;), (u,v;)€E,
O’ ;H\:I_E:
%t oA 2L F 20 (8) ~ (10D iy 7 8 AT A — 4k B
BRG] &= 5.
TEA SO FRATBR B P FE AT e o e ik e 1) 14
PP B TO A ) ABE 582 A A5 1 45 21 Bl ML Bk A 3
B0 A5 A ARE 238 40 A [

s, (1) = (14)

d:(l L. 1) (15)

m'm’ m
BEAh  FRATIEAF AN @ 19— ML A 0. 1580, A
S S 36 0 R o IBUIEL R 45 2R 1 5 ) AT
2L RATE 215 3] 1 BEAL I E o R 0 B
AN K EACAZ ) s w LIS S48 4 53 A )
s, amad 2 AR 6) B E WS WA R A
RS T b o A 2 NI 37 N7 i 4 & e s DVALE
TR o 55 FA RS A 18 B50H0 % 17 19 TG0 % e Ak
<A LA w JO R SEE BN E G A TR Y
FATHER. FRATR % A0 A
Plv, | x<<A)=n(i), 1<i<m (16)
Hp,n(DFRR MmN o 5 ¢ ADICR .8 bR %Xt
IO (1) s BB 5 P ARE 23R 1) - 4L B DA e R A A
i I 1 G i 9 7 3 AR 28 A9 7 2 2R AR
P, €Y, |a<A)=avg{P(v |x<<A) A €Y}
17
3.2.3  ZRAFHEARAEIAY
HR A A R R, R Ay K80 « HA IR A,
AL AT DR FTA T A5
PLEY )= D) PLEY, [x<A)P(x<A)

(18)
PRI FRATT I 77 225K R s 5 B A AR 2 A R
FHAB A SE I3 P (2 <<A,).

TEASCH AT v m R HA BR 2 A B B0 X g
o0 B4 ~F- 347 B 5 Ok 20 1] 3K A i 6 4B 48 RSP 34 B g
AR, D)2 51 5 RE 230 1 i B /DN S ot B O —
A B AR L SOAE

w(x <<A) =avg{dis(x,v)|AEY,} (19)
miJE - 2R TF 2 (8) ~ (10) By 5 857 2 (19) #EA7
H—A, Bl a] 15 3 B s 19 S 5 A P (2 <<A) 45 H
A (18) 15 B fi 28 1 WE 238 53 A1 45 2L

MLRW 53k 2 AL R an 18 3 .

3.3 EE#

P& AR B 348 7 2 49 2 B00R BT AR s 8
ICAE o FRATR B IR AR th in 28 1 A R ) B G
PP R BSCE 2 RGN 330 KAy - 28 A4 o 28 DG Bk
IEHE S OGne/ @) S WEA SAFEA D Ol /@)
K Gy BB On*? /2¢). LT IE HE G
R S BB ¢ 1 R B KL 2 e =g i
MLRW 533 1% 25 (8] 75 #6 P skl b Fh. PR, e AT oxt &
G AT IR Sy AL DARRAR S 1 19 23 ] T 4.

EX 4. CHEG=V.E) . H MR EE G N
W. WK G /Y Top-k BYECAR 52 X AT v €
VK HARSCHE B B A 3 { Corvop) |15 (ops0p) €
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E} FBHARE W, HEFy . R B BCE B/ (RIS
BRI I k2530 R B G AP B,
FEATREAE A ST B FR 3 0] B AL A 52 0 AT 1.

& 1. ZHRERMILIGER Y MLRW.
A WEEARES D, LB & AR o,

KATEB o EERY
it 2 BAY hWEMRENBER M P, €Y,
MLRW(D,a,z,Y)
1. ¥lafb e PC.PP / /W R AE S AR R SR AR
2. F4) s AL s ) A5 O AR R A3 A 1) 2t d / /30 (15)
3. for k<1 to ¢ do
R4 D, . A 44 385 FEHLIFE K G
A Ge it SR SR 5 [ P //K(8)~ 10
AR Go 5 Bl LR AE B0 4R 1) it s /7214
N7 FH BE AL I A A R A L 2 R MR A 1) L A Q:
Q(ND=PAEY, |x<<A),j=1,2,,q //F(16)~(17)
8. K Q RAFEIEAL PC H B) PCLE]=Q
9. HHELTMFIHRAEAELL PP b . PPLr]=P(x<<A)
10. end for
11. foreach A; €Y do
11. M4 PP, PR TSR P(X €Y /(18

12. end for

//3 A1) ~(13)

~N O U1

Kl 3 ZhRZEREPLEE R % MLRW

4 HEHEFIFE

18 Y A — R 7 BB « W, AR
th o HA B FR 25 WL A 00 A . i b S AR o0 A, AT
DI E)— A HE P JE bR 5 5. eI O T E B
PRSI 30 T 2 B AR 4 4 — A B R
RRTBEREEGER « (BIIREELES P..

ZhR 2 51 25 Y (BB O 0] AL Rl AR AR 3] TN
IR 7 Z W5, i, Fan 2542 1 7 SCutFBR &
B Tang 8 AN$2 T 56 F I 2R 8008 19 190 2 )
RN AR S (A S TR 5
TR0 23 28 7 VR AR S 6 AT A LA I i 80CR

A SCHEET MLRW 55k 45t — OB (9 1 {8 2
g5k Bk, E RTINS D HEATRENLR A,
AR FESE S DX DA R — AN B L DL 4
JO7 B8 T A s A T MLRW 85032 i X0 (18) m] LA
B —A> g 4k /LA 0 A ) i G2 AE P TR FAT]
il | D" | A i 23 ok 0 R 3R AR B — A g 4B
13 B {H (accept threshold) u] & Fl—1> ¢ ZERIHE 4
& & (reject threshold) [a] & . 23 HicAE P, P, . 1

P,(j)=avg{P;(j) |z, €D A, EY,} (20)

P.(j)=avg{P,(j)|x;ED A, &Y,} (21)

Hrp P, (DR mE PR ) ADIoR. HE3KE.
i 2% 1Y 180 L 1) e DAy X A R L ) OF 2

r=avg{P,,P,} (22)

HEA— DRI E e Ak 1A
B o BA R AR MR TR S B E P
B2 L T 5 BB 2 9 A G

5 HiEwWit

5.1 st
EIE 1. MLRW & 3 2k s,
N

(DR Am i d P A EIEEITR.IFH 0<
a<1, FF LT = ST IR BEALBEER 2] 1K G, i AE
ERAR R AT RERY, B AR AR B P2 A AT Y
(irreducible).

(2) BB L & o 3l g 3 5 — TS R IR
ki Iy 8 3 A TH s FIr o 8 20 B0 AN B 2 7Y 5 R A B
B AL 5o A 0 — 1 3E A 919 3 72 Caperiodic).

(3) WAR Y B AT B — A T Bl I 5 s n]
RETEAT PR A B0 000 73X AN T8 » HLFFUH I =2 i
2533 0 2 BUR N 58 2 A [R] 1) (positive recurrent).

LB 3 gL RIS MLRW 53 & 4% 85 0
251 Cergodic) ™ WL B30 2 J2 WAL SR . BV 7E 1] &

7 B (D). JEEE.
5.2 EZESW
EIE 2. MLRW & &% § a8 & F K

OCqlogm) .23 A RN OCq | E D). Hod . g s br
BB Y WIUNE RmmilgGEs D ikl
i B G RS m SRR AR,

WAL AR LR 3~6 [TIEIR I L i
255 6 A7 BEALIEAE /Y AR B E . MR STk 21,
MLRW 555k B AL E 1 3% AR B Oog | E|) =
OCogm). |Y|=q,fft MLRW 53 i) I 1] 52 2% i Ky
OCqlogm).

Bk 1 il EAEAE AR O R RS A B PLBE ALK
B it d AU ARE B9 HE A 0 A ) i s EUH o F
A For  EERESEIE PR R/NAE T Goh B H
Bk mZ 24 N OCn+m~+|ElDg+1+D . H
T G ifim It LS 25 [ 52 42 B OCq | E D TERE.

6 3£ If

6.1 HEEMEERE
AR yeast B 4D, iz B 4 2 XF L EE

O  FPEE A FE http: //mulan. sourceforge. net/datasets. html
T
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Background

The traditional single-class and multi-class classification
problems have been well studied in recent years. Because a
data point can only be assigned to one category, both of these
two kinds of problems are called the Single-Label Classifica-
tion (SLC) problem, collectively. But in many practical ap-
plications, a data point can be assigned to more than one cat-
egory. This kind of problem is called the Multi-Label Classi-
fication (MLC) problem. The existing of label relevant makes
the MLC problems quite different from the traditional SLC
problems. As a result, the classic SLC solutions cannot be
directly applied to MLC problems. Generally, there are two
kinds of MLC solutions. The Problem Transformation based
(PT) one and the Algorithm Adaptation (AA) based one.

This paper proposes a novel multi-label classification al-
gorithm based on the random walk model, called MLRW.
Firstly, a multi-label random walk graphic system is built on
the training set, by which we aim to map the multi-labeled

data points into graphics. And then, the random walk model
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is applied on these graphs. After that, a probability distribu-
tion among all labels is obtained. Up to now, the MLRW
provides an effective ranking solution to the ML.C problems.,
but it is expected to learn a threshold to transform the rank-
ing solution to a classification one in which the authors decide
whether the unlabeled data contains each label. Thus a
threshold learning algorithm is proposed based on the MLRW
algorithm. With this threshold and aforementioned ranked
result, MLRW provides a complete solution to the MLC
problem. Experiments show that the MLRW algorithm pro-
duces an effective solution to the MLC problems.
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