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TENLSE S S rh, fE %% >] (traditional supervised learning) MEmFFfam 2. M &) 20
— b SIHELL  FEAZAESE R, X T B SRt R — X R, 5] RGER N 23 A — AN/~ B (instance,
S R ) D 2 AR, [ PR 2 TR R ) S ezt G S RS ARid (label)
MIORER, EXFAFR] T —MEAR (example). TEHIA T —MRKIFEALEA YL (training set)
25, S RGFIHHF S ) FESEA S (BRG] S (BAsid2sm)D 2 HK
— AN, FE T AT DL R LR Cunseen instance) FIZRIFRIC. FEEHb, RBEARFE
AR, YARERILEE, W RGE WAL AIGRE{(x.p) | 1 <i <m}hZE @
[:X =Y, Hie e XA—AmBITy, € YAmGle FUBRZKEARC. TR STX GEA B,
BL—fAE N, BRI bRCE i, RIRR G I A TR A S T BRI

SR, LS SR RAAE A R B ME— RIS X, TR Re A 2 U W B 1@Fs
) — o TR ARt A B R, BERT LN ER T “/RE 7 X5, Wbl EE T “dE
P IXAKA, AZARIE ] BEE IR B T AU SO B AR A5 R TH S TR T “a5F 2K
e, T E 1) EGT S, BT ERE T “HE” EAK0, WA ERT “&7.
AR HE DN K. ZRMPITFIEARE, —ANMERATREE R R 2RI R B
R LUK ARG, —ERITTRES T 2 RME R OB R g IR, R B
Fo “HHA]”, S,

B BRI, 2 SCHEX GOl T AN TR M — 38 3, XA AT IR i) R B R A . B —1iE L
P G B8 2 STHEZE e LABUAR A (3R . O T B S B 22 SCHET R i LA (2 B U B, —FhR
BRI 77 2R iz G R R T — HAE RS, BIbRid 7. BT RIRER, fEh—F
2 UM G @ T E, 243185 >) (multi-label learning) HEZ2PC R IZ T 42 . TEAZHEZE T,
TG H—NROIR, oG] B 2T B EME— SR, 22510 B bR BT A&
FAR LI TR W Bl

* K AR FE K QAR RS (60805022). HE M A HAUTIE (200802941009) LK A H5 K3 #EAA
Ja SIS B



South Africa’s FIFA World Cup — a success at
home and abroad

Success, pride and unity — three words which are being used by the people of South Africa to describd
the effects that staging the 2010 FIFA World Cup™ bas had on their country. These feelngs are
supported by the pozitive expenence: of intermational fan: who vizited South Afinca dunng the event
2z highlighted in pozt-event research commissioned by FIFA

Back i December 2008, FIFA commussioned a six-wave study of South Afncan residents with the
aim of tracking public opizuon towards the tournament from the imitial build-up through to the final
wiastle and then beyond. The picture that emerged following the final wave of the survey 1s of 3
country that took pndema which was not only a huge success m
s own nght, but also an important event in terms of promoting national unty.

When azked in 2008 whether they thought the FIFA World Cup would be able to bnng the South
Afncan people even clozer together, 75 per cent of thoze azked said they behieved this wasa
possibility. The post-event findings suggest that the event strengthened this sentiment, with 91 per
cent of South Afncans clunung ther country 15 now move unafied. The post-townament results also
showed an upswang m natonal confidence, with nune out of ten feeling that thew country had a
stronger senze of self-belief post-townament and §7 per cent feeling more confident than ever before
in their nation’s capabilities

(@) —H3CRY (b) — g1
K1 2 R RHAM T

U, S h5ic 2 5] R 78 R EAE TR T 40 R4 4 2K (text categorization) 138 51 11 £ S ] i HABIEITT
T RIR G, ARG S HAR O 2 1 2 B s PO A 5 1 2 AR el
Fogmtans) | B g UOITINE A g e pp DOV 31 7 2 B . B S A A G, JEN
LK (2007 4E—2010 4F), 1E5HLas5 >THH R B —if B Fr4 i ICML. NIPS. ECML/PKDD. KDD.
ICDM. HCAI LLJ AAAL F, iy I “ 2451 (multi-label / multilabel)” 33X — < H 1] )16 3C
BRI T 30 5% . HbAh, 35 P 4F 7 JT 1) ECML/PKDD’09 LA} ICML/COLT 10 4% & T L1“ Learning from
Multi-Label Data” >y 8if¥] Workshop's ZFriC2 > OB 700 & 15 21 7 FE BRiLas 7 S FBUs 14
(Machine Learning) 1553, B T34t — 11 LA 2 AR10 2% 21 9 R L 482,

SR, ZARE S ST TN T2 SCHERT R I @A T N E L, IR
I BRALAS 5 o] FE— AN BB T A e AR TR 210 5 T B BRI — AN R, B egs i 2Rl
I ST EE RS, B ARC RPN RERR, SR AR LR R RE M 245
WS B, BRI 2 AR0 S o IR AT 7 R B R AR R

2. FIJHEZE
2.1 [E)RAE X

(BBEY = RUCE d BEHURBIEN, Y = {y1y2,- -y MUREE o MEBIOIRCEN. BE S
PRCIGED = {(z:.Yi) | 1 <i <m}, Hhz, € YRNAERBERE(@). 0, 20) T Y, CY

1 MLD’09 - http://Ipis.csd.auth.gr/workshops/mld09/ (in conjunction with ECML/PKDD 2009)
MLD’10 - http://cse.seu.edu.cn/conf/MLD10/ (in conjunction with ICML/COLT 2010)
2 http://mlkd.csd.auth.gr/events/ml2010si.html



NGz SR HERRRC, ¥ RGNS RN F IR A ZhRd K ah : X —2Y, 5T
e, W TAE— R Ble € X, 73 RTINS T 2Bl KPR c & h(z) C V.

FEWZEIT, RGN B TR LERES X x Y = R, Hifla,y)TUE
VERle B 2K RIbricy ) “BI5E (confidence)”. X T-45 7E M9 ae B Hoxt B AR HIFRiCESY
AR S RGASAESR R T Y IS bR 0 B BORIE, MAEARE T Y S FR 0 B
NE, BIf(z.y') > flz.y”) (v € Yy & Y)SSL. Mok, SSERES (-, B i A — A HET o
Blranks(-,-), ZHFREBH A WIAERE f(2.y) (v e V)BT REE{L2, .- ¢} b, 15
M y') > f(z. " )WOLE rank s (@, y') < rankg(z, y" )IREOL

R Z AR KA ) H LT DL ST RS (TR A EBIE R X — R,
hiz) =A{y| fle.y) > tx), y € YV} HAER, FTBIMEN x) I RGUMFRCA ] =008 “HK
(relevant)” dridfE &5 “TK Cirrelevant)” dricfe G . BIE MR HOEH 5y “ B K% (constant
function)”, (HARERMZ, BRZARICH AR ()T LU SE KBS (-, R d i T e Ofg5E
RAEERED K3, HEZFRCE BN “SricHEF (label ranking)” il BEPUE AT 2 A A

U SR BR 8 AN A RO R — N IAR AL, UL G i) B 2 ST RE R 1T A AR 2 b 2 S REZR (1 “
%1 (degenerated version)”. #R1M 75— J71H, Zhric2E0 “— Bt (generality)” 1SR YL iZ 1) @)
HMEFERRIEIN ERIRAE 2 hnic s > i e B O R B AE ot s TRl ok, RiVAe) H 42 18] B 2501
PRAC A & HOR B A b 28 18] B 8GR BB BOR GG . flan, Hhmid B EA 20 A Sulbrid it
(¢ = 20), WA REMIZEAIbRICES T —E T (11 2%,

N T ARSI BRI B 7 ) I K U 2 ST N AE, 27 2] RS R E A/ R AR IC 2[R “AHK
P Ccorrelation)” SRABIY I RER)EAT . B, R ORI —IREBRARAENFRC Py 5“5
JE7, Mz EHE BA 2 bRE “ IR0 BmTREvER 2 t8n: AR O — IR SO A ERlARIC “IRIR7,
DU SRS RN SR J& T3 IbRic “BUR” MnTReMER 2B, BRIk, 4nfar 78 43 ) A bR IC 2 18] B AR DG
SR IE BA I AR I 2 hRC S RGO HE T H SRR Z MM R AF TR, A MZh
05 7 i AR AR SR K BOAT A4y LR =20,

a) “—Wr (first-order)” HEmg: 1ZJEIMEIHIT B —H BRI ZWESRIC B FIAH N, ks
ZHRCAE ST IR R g ML T 2R 2RI, NTTASIE 2 A0 2 RS 12 TT IR Bs Hosk
LRI, H H T H 58 A RS AR S (B W] RRAETE AR DG, H R Gz A B AR U

b) “ K (second-order)” TFM&: 1% HEMSIH L 25 %L bR ic 2 (A1 AU AR S, WA brid 5
FARCZ AT R R, WML Z ML BR RS, WMMWEZIRCY I R/ . Z2ETEHT
FE— R B T Z MR CTE, B H RGZ IR EUL . SR, 24 ST 5 ) @ bzad
V6] B AT R R AR SRR, 2SR TTVE PR RERE 2 2 BIR KM o



c) “wmifr Chigh-order)” HEH&: %S HBEE I 5 2 S M AR ICH M, WALEE—FRd X e
T AR C IR, ALFE— PN LARICSE S A e S 4E, MG Z PRI RS, %K BR
AT ARSI I s e B S A B ) @ AR TE A e, (E A A A R AR A L, A DAAR B KRR 2 > ) R

W BRI, AN 2 AR 5 2T 1) R g SR B % B AR R . AREAESS 3 TR BT A KR
fsems, LR A AR 2 AR ) 5k

2.2 TN IERR

FEZbRC ST, TR RO BRI AT 2 AN SERC, RIS G i B 2 2] v
BAMCERRR, MRS (accuracy). EEUEZ (precision). 4% (recall) %5, TiEHEEM T £
WA RGBT . B, WPRFATHAERL T — RIVZFRIC PRI RIS, S HRE T P
KA, BB TREAR” (IPEA #6847 (example-based metrics) MIRLJ “ 56T 517 (3FAN 847 (label-based
metrics) 24,

BT HREARN Z AR C VPN T8 AR B Se i 5 70 RS AE N AR B2 SRBOR, SRR Al A 5
MiK4E B “HME (mean value)” fENRARIGE R, T 21 WK SRR, HEZICHESRL()
AR ZHRd RS = {(2:.Y)) | 1 < i < p}, HPYONFRIE TR ble; AR CES . W RIHET
FEAR I Z i PP F b L 4

® Subset accuracy:

subsetaccs(h) Z [h(x (@))

Hor, STEEME T, UrBOr [ BUER 1, SN[ ]EUER 0. ZIFA Hatr 125 2 1
MIbRIC S & 5 B IIFRC A A B EVIA IIREA A T LI B o 238 bm BUAE RO U] 2 Gk Rk
fit, HEE Asubsetaces(h) = 1. EAERKZE, Sbmc 2P aERERNbRC (R B,
S RGEAAT S 1S B SE MG RS AV AT, SERZITEAN R AR I BUE R 2R A

® Hamming loss:

P

hlosss(h) = Z h(z;)AY;| 2
=1

Hep, HTARTEERANES ZHM “XFRZE (symmetric difference)”, H 7| - | TREIES
[ty “#% Ccardinality)”. % VPR bR T SEREATE AN bRIE LR 5 00, RV DGRRIC A th IUAE
TR IFR 1C 8 & BTG AR 10t IAE TR AR LR A o IR PR IUE BN R G ReER AL, Hom AR
B Mhlosss(h) = 0. EFERIE, USTHFMFERNEE —NRARCH, hamming loss [#H



HRV NG RIRZ 2/ o f

® One-error:

one-errorg(h) Z[[[drgmdxug} flziy) ¢ Yi] (3)
i=1

He, [ )N E 2R K80 (X N RSB R B AZPEN R T 5 SRR S bR
FeFeldr, P al s iim AR i AN & T AR LR S IS DL 2SR IR BUE BN R Gt R, His
B None-errorg(h) = 0. EHAFERERZ, ASTREMERNEHE —DFAFRCH, one-error Af
NG r KR T

® Coverage:

P

1
coverageg(h) = — max ranks(x;,y) — 1 4)
ges(h) = 5 3 maxranky(i,y) -

Horb, rank (-, ) S SHERELS (-, - )W BLROHEFF 8. VAN R FR T 25 SAEREA I AR D
PR sI e, E i PA M OARIC P G A R IR BT DL o TR AR IUE BN I R S R, e

Acoverageg(h) = ‘})Z‘:’ Y =1,

® Ranking loss:

P
tosss(h) = = Z y— ') | fmiy) < flaiy”), (v,y") € Yix Vil (5)
i=1

”d

Hor, YoNEAYAEFRHCE RV E “Hh4E (complementary set)”. Z 1P 18R T % AEREA
IS FRICHE T 7 51 ILHE A R S O, BIE AR e EHE 7 2 A0 AL T A AR IE 2 1T - 138 bx
HUE BN R ek aedk i, Ha e Nrlosss(h) = 0.

® Average precision:

H{y' | ranks(xy’) < ranks(x;,y), y € Yi}|
(h) . sla Y)s i 6
avgprecg(h) Z v Zue} rank; (@i y) (6)

VPN FEAR T B SAEREAR I bl 7 40 b, HEAEAR OCBR 10 B AR AT A bR id 1)
T IZARPRUE R N RS R AL, HaR A Navgpreeg(h) = 1. EAERRZ, 2R
LTS BRI, T RS E AN TR RGIRE SR R HE R,

HETHAMZ RPN Tan A, T2 0 2 A0 PR Febs B iy & 20 a8 e A 200 b
XIRLE) “ 285325 (binary classification)” 2R, A5 1R BIHAEFTA A L “¥I{E (macro-/micro-
averaged value)” TEARAMLER . HELHRICIRES = {(z,. V) | 1 <i < p}, SFTHiANE5



yi (1< j < @E, 2R&Gh(EIZIN BB =30 Ftkrenl thin UG- AT %)

® I'pP; (“H” IEFIMA4L, #true positive instances) :

TPy =[{zi|y; €Yi Nyj € hzi). (x;.Vi) € S} 7
® P (“fhy” IEHIf/ N4k, #false positive instances) :

FPy=Hwi |y ¢ Yi A yj € h(zi), (x:.Y;) € S} (8)
® I'N; (“YL” M)/, #true negative instances) :

TNj=Ha: |y € Yi Ny & M), (x:.Yi) € S} )
® ['N; (“fy” HuFIfIN4L, #false negative instances) :

FNj={zi|y; €Yi Ay & hxi). (®:.Y;) € S} (10)

#:0(7)-RQA0) I &1, TP, + FPj+ TN; + FN; = piar. HAERNZ, Gy —Hndk
PEREFE AR AT B A E DA Gt i, B

TP+TN;
Accuracy = B(TP;, FP;. TN}, FN}) = 1pppon 57y, (11)
Precision = B(T'P;, FP;, TN, FN;) = rp b (12)
Recall = B(T'P;, FP;,TN;, FN;) = % (13)

KT, 4 B(TP,. FP,. TN;, FN;)RF 2 S Gtk A 0 Somh = 0 Kbk gt bz, 1)
ST K (04 B bR T ST B R A7 R

® Macro-averaging:

1
B macro —

Z B(TP;, FP;,TN;, FN,) (14)
j=1

)

® Micro-averaging:

q q q q
Bricro = B 2’11-?;', ZFPJZI;VJZFN} (15)
i=1 J=1 Jj=1 J=1

Hrr, macro-averaging 2o T At ERGIES AN LR ERE, A5 PR ATE 28 L RIsAME
ENIR A BT, HIEAR AR NS R A EALE . AR, micro-averaging & 20K &2k
ST RARI, ARG P SRIF I M REAE N i 2 g5 S, LR A SRR & M REA IR T4 [R] IR B EE



SHIRE, OA KSR TR B8 2 T 300 ) 2 PRl PR Fa AR 2 AN 5 B 00 T e &2 2
Rz tEse. HETIEAAAEEH TArA R “i@Ar (general-purpose)” 2 bric PFAT FEFxR,
FR PR T BARR) 2 2ME S5 B0, X T “r3& C(classification)” fE551M &, RAEE T AR
Mr4aFr W hamming loss I RELLEL A& AT “AEZ (retrieval)” (E55TM 5, K2 TR EPFN
Fehrn micro-averaged precision A GELLEAid . BRI AN, S FRER Z B¢ R A B, Wttt
Horh— e b 75 RS IR D06 oA — 2R bR, 6T 5 T R AE T AR H A iE B P

3. FIHEZ
3.1 BEEpH

—RME, BAENTFURNLES I RO R, X — SO T 2 ARE S A A A H AT
CZMIE 7 RERZ IR0 ISR, BRRE KRBT A MiE:

a) “In] % (problem transformation)” J5ik: 2Rk IEA DA Z @ I 6 Z PRI ghpEA
BEATACBR, ¥ 2 bR ic 2% 20 1) R oy e ORI 2% 20 1) BRUBEAT SR A ARRIE 2 3] BB — M 7
Binary Relevance'®, %774 2 bric 2 o] il k64 Jy “ —254»2% (binary classification)” fil UK fif;
— 1757 Calibrated Label Ranking®®®, %7736 2 bRic 2 2] A6y “HRiCHERS (label ranking)”
)RR A iR 7775 Random k-labelsets™, %774 2 bRic 5 31 16y “ 2264925 (multi-class
classification)” 7] #UK i o

b) “HykiER Calgorithm adaptation)” J7ik: %2877V i3 A AR 2l i o 5 F B o7 >0 Bk
BEATECHE, I B T 2 AR R 2% 3] o AR ST — B 7k ML-KNNPT, 3051308 «
PE22>3] (lazy learning)” 53 k T ARHEAT it LUE B 2 bRic B — 7 Rank-SVMM, % 77755
“W%%3] (kernel learning)” %i% SVM HEAT Bt LAIE R 2 bRiC 8 s ik 279k LEADP, % 5iduks
“OUrHrEA>] (Bayes learning) $32:” Bayes W48 HEAT Bt DAIE B 2 bRic B

Per) UL, S TR A% O SO E N B (fit data to algorithm)”, AR 3.1 /NT
W AT =P T2 AR MBS BEE N ER O R “BUE R IE MR (fit
algorithm to data)”, A& 3.2 /NP ARTIA I =R I T2 R AR R R .

3.2 “io)@EgIR” HiL
3.2.1 Binary Relevance

RPN ¥ NSy B 2 A eke Rl T k2 A/ v VAL R ] L S S 2 e S5 N |
R AT 25 1A Y ) — A2 AR P
BT 21 W SRR, HEZIILNAEED = {(x. Vi) |1 < i <m), HPYOURE TR,



AR IC A HARRUL, T2y, (1 <j <q)iiE, Binary Relevance ik et 5
2 ha g At e S| 2

Dj = {(xi ¢(Yiy)) | 1 < i < m) (16)

+1, ity €]
where ¢(Yi, y;) =

—1, otherwise

BTk, Binary Relevance BV R EM R EEBING K KEg XA =R, {
g;  B(Dj)e MR W, X TAE—ZARCHEAR(x,. V), wlle bS5 q DR RESHE . i,
T ARy, € Yili &, @ /e85 2850 K g, (R0 BT IEG]: X T Kbridy, € Vil S, @k
W3 =5 et g (X RLT R IR TRFR A “ 28 Xl Ccross-training)” 2,

LEMRRB B, %K Wonflz, Binary Relevance Hykil i S K Jy AU H 2K BIFR DAY

Y ={y; | gj(x) >0,1<j<q} (17)

ERERIR, B R R H A ER, B2 SBERETRRCES Y N E. N T
G X R L & 4, AT RUR 40 R f4) T-Criterion v U PR AT H

YV ={yjlgjl®) >0, 1<j<qp Uly | J* = argmax,;<, gj(®)} (18)

BEEF, T 2R as i o O, TR IE R & Y Hol & A i AE “ Bk (least negative)”
(25 BIFRIE. B T iR T-Criterion #EIZ 4k, Boutell 25 NEUEALS H T HE — e T % — R 4p a8
fiy t A 5 DR AR L AR B U HEN,  ELAREH T 7T 2 WAH R STk -

3.2.2 Calibrated Label Ranking

TR IEVE ) F A B AR K 2 AR o o W R AL ARG HE R [ AL, e AR id HE PR O LA
(pairwise comparison)” 77 2t s,
XFEA q NRAHFRC S B E, B RN RERIFRICECN (v, ue) (1< J <k <q), KH
B LU 77 SR P2 A 3 g (g — 1) /24 380026488 . BAMORYE, X T AR ICECR (g5, g )T > B0
(BRSSP By (AP GRS AL D § VAL I <3 ][ 7K =

Dy = {(zi, v (Y, yjswe)) | 6(Yisyg) # o(Yiur), 1<i <m} (19)
+1, if ¢(Yi.y;) = +1 and ¢(Y;, yp) = —1
where dJ(K*yJ y-‘-) =
=1, if ¢(Yi,y;) = —1 and ¢(Y;, yp) = +1

Hrr, H7oC, HE XX (16)Frax. FT ik, Boo BGE R R M — 2 I JR BN "Rk



g X = R, Blg « B(Djp)o HILAW, W TAE—ZRdiEAR (e, Y), ~le 42 5|y
TR b, W Ty ) €Y x Y (5 < kMRS, @ EAIE T 8 g ()
XFRLTIEG]: X Ty, un) € Yi x Vi (J < B)RIEBIN S, @ MG 3850288 g5 ()RR T 5l o

FEMREY B, X T K Wor {5, Calibrated Label Ranking ik & 564 252045 Ll 2 Mg (g — 1) /2

TR, BENZORBIFE R ERRC B “BEE (votes)”:
7—1 ¢ .
(o) = 3, lowg@) <0l + 37 loe(@) > 0] (1<5<q) (20)

RO A, Y1 (@, yy) = qlg — 1)/2850. BT 2.0 WIFFSEmR, 2 f(x,y;) = C(=,y;),
YUy R A A R R HE e B8 B ran e ¢ (-, )0 BRIC 23 [ Y B I A SRR IC SEILHER - 24 f (2. ) = f(z. y")
i, bRty 5y AR HE AL B B L .

EARERRE, AR e B0E BARTT LA 2R S (-, ), SEDIR A AR iHERe . (2 2.1 75
Fis, N TR BA M ZARIC 2R (), 070 AH S B R B (), AR RS R PP 3 “ =
43 (bipartition)” NAHIARICES 5L KIRICES « AT LEBT LLEIHESL N SLli% H A%, Calibrated
Label Ranking X AR Z AR AR (2, , Y IIA—A “Biltsid Cvirtual labeD” v, ZRE AR ICH)
TE AL 2 M SCARL R & 5 T ORAR LA Z A A “ AT %5 Cartificial splitting point) ™
BAiE UL, ERMCHET AT, BARICRAL T A AR IC G, FEALT A T RARIE R .

PR, B —ANET ARSI (v, yv) (1 < j < ), Calibrated Label Ranking Hy2:K 75 7 A4 1)
q(g — 1) /202K RBEEA b, BUUMIGRg ™ 20 2K88 . BARCRUL, X TARd By, g )T &
LR PR REA W P P e 3175 8

Djv = {(zi, (Vi yjsov)) [ 1 < i <m} (21)
+1. if Y € Y;

—1, otherwise

where (Y, yj,yv) = {

ST, Calibrated Label Ranking 5%k H =285 2] Bk Bl 2 5 B AR 10 0 B 1) =28 7 K8 4%
giv: X =R, Blgjv « B(Djv). BETHRBIH RS RSEgv() (1 <j<q), nJ#(20)H) FA
L EHT R R A SRR b AR R

Cl,y;) = Cla,y) + [ggv(e) > 0] (1< <q) (22)
Wb, A HR MR Bl R bR E AR
Claaw) =30 lov(e) <0] (23)

BT 21 58N, 2 f(x,y;) = C(z,y) Bi(@) = (2, yv), ARSI B2 bR K8



hx) = {y; [ (@) > Tl yv), 1<7 < q} (24)

AR, ML) 5 RAG)E L 44D,y EI Yy Binary Relevance BL:Ff A 03
Z-4ED;. Ik, Calibrated Label Ranking 5% 7] LA VR AL H FFRiCBC A K1F g (g — 1) /2=
HERILR b, #E—45 5]\ Binary Relevance &5 K51 g AN 2K 2588, DU Bh 22 ST % 1 58 ),

3.2.3 Random k-Labelsets

BRI A B ARG Z AR A0 5 21 I AL 9 2 200 IR ) “ 4R R (ensemble)”, AEACH)
NG SR BT AR AT A IR VI —ANBEHL T4, JFRA “Label Powerset” 97 kAT #i&%.

fETHLHh 5, Label Powerset (f&1ic A LP) J&— M EDWLILAE 2 b1 5 o1 1] e 4 D 22 2893 1) L i)
Jiike WFAE g M ONHARC YIS, BEZPCIGED = {(2.,Y;) | 1 <i < m}, ATAT
LA I ZREE LI B — R FRIC AL A B AE A “B2E (new class)”e ANR—Mehk, oy :2Y -+ NKy
PRICAS IRV RS & HRBOE R0 “ 4R Cinjective function)”, oy 5oy RLf 38
A% Cinverse function)”. #4G, LP AR IRIGHI ZARCUIZEDHEA NI ZE (Frid)
SRR

={(zi,op(Yi)) |1 <i<m} (25)
Hot, Rl DY A H
A(DY) = {oy(Yi) [ 1< i < m) (26)

= R
H.K%’

A(DY)| < min(m, 2B SEF U, LP PR AR S22 HE MG B KA 208
gh X = ADL), Bigl, « M(DY)o ikl |, 5 TAE— ZARCREAR (2, Vi), e, W bRd A
FESCUS ey PNV ONE e 2SS e S

MR B, A TR IR, LP R T R B A e Y

Y =0 ((])( )) @7)

ERERENE, B LR LP JNERT LU 2 FR10 5 > 10 A 9 2 2895 SR nl AT SR AR, (R /2 %052
TAEPA FEEPGE. B, hal26) &aN@7) el A, LP {CRE T 7E Il 248t B 28 Anid 26 &
(BI{Y; | 1 <i<m]), XFHELARICES RS AR B IR R 6 vk Eah s 2k,
UFRCA A VBORR, HAES SEREAADL K, T SBH 5 EE DL AR ISR REA T 2

HZ RN RABINER IR =
N T FE5 AR LP J7ik 1 S B AL A IR RIS 5 IR A7 AE I BREE , Tsoumakas 55 Viahavas #2 i 1
Random k-Labelsets 5%, £54& “HR2%>] (ensemble learning)” A 5 LP J5 iR AR bric 2 > i)



M, HEERO RN —ANBEHL “k-bRiCHE (klabelsets)” T LP J7i, 36442 Uil pi
% K00 BT R DA BRI . e, “KebRicdR” RAFICERY AT, B8 kA
FAFRL.

WY R VITE “kbRicse” PRmRISES, RV = (1), RR—HE, dyd
I LA “kbRIcge™ YR, MYF(I) C Y, (VD =k, 1<I<(]). RALRE)MFITS
For, AFYROTE, LERA LP J7ikm B Jehid 5 2 3 B 2k

Dy = { (2i: oy (0 Y* 1)) ’ 1<i<m) (28)
S, HHRED],  H R K
zx(D;k(,)) = {oye(YinVE(D) [ 1< i <m} (29)

BT, R 2 H R MUN S Ie5 KBk g, o X~ A(DL, o) Eﬂg;kw - M(D;km)o

Ak, % Random k-Labelsets HiEFT I MA/NA n, BIEFXE n DAL “k-FricdR”
(VR0 YRV BI LP Jik, FEUHIBLIIZ KA RB gL ()0 Gy, b BETUE, 3
TR ARG 2, FREA IR T Gt &

@y =Y [meVi)] (1<j<q (30)

.U'('T: yj) = ZT=1 |:|:yj € g;i(h) (gi;k(h)(m))iﬂ (1 << q) (31)

Hr, (e, v H TR TR A SERIbR Iy, B AR ORI T (e, yy ) T Siit 5 T EE e R
PR IC Yy, LR SERR R HE T 21 RS RR, 2 f(x,y;) = e, y;)/r(@, y;)Bi(x) = 0.5, M
AIAS BT R K 2 bRid 7 KA

h(z) = {y; | (. y;)/7(x,y;) > 0.5, 1 <j<q} (32)

BA)TEL, AR y; S PR B SO I O BRI B, RIS R 92 R R A
Kirid. —RmE, WTH n A “kARicL” ERIERINTE, SAKAPRICHTRER 2 1 KR
BT 2IEnk /q. Random k-Labelsets SLEAERERIERINBLE L = 3.n = 2¢, BB RAIPRIC R
KBTI T EIMEN 6.

AN RN T =R A RRIEN) I " B 2 hrid ¥ S 5k, B—BiJridk Binary
Relevance!®. P77 Calibrated Label Ranking™ L & #1771 Random k-Labelsets!®®), [tz 45,
IR A7 HoAl — ST i e g — By PIEY. i EIOT) g ey BSOS 2 g e ST 0k
BRF iR, X BT — /.
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3.3.1 ML-kNN

o
{E A%LA\ ’

,;EN/E'\[ZY] .

ZEE R A AR R “K 346 (k-nearest neighbors)” 73 28uEN, Gt i SREA IR HIbR10

Bid “H RAJEIRMEZE (maximum a posteriori, f&ic A MAP)” ()77 s0HEH R W= (K Fric

WEZFCINGED = {(2,.Y:) | 1 < i < mIAS R WRGl2, BBEN (2)/RE 2BV ZET 1 k

Cj= Z(w*\Y*)é N )[[y-f' €v7]

MMLABHEA R TR Sy, (1<) < )i H, MLKNN SRR ST 15
M ERTRL, OB T A (@)l y, (R AR RRIE R A4

(33)
AR 2 bRid o 2K s

e, YRR A KRy X, P(H, | O RSN () C MR B %
Uy, H ST IR RS IR, P(~H, | O RSN () 7 O MR LA KB iy, I

sz:ﬁkzﬁg)ﬁgﬁﬂ%io BT 2.1 I SRR, /‘\f(.'l} JJ,) = P(Hj | Cj)/P(ﬁHj | Cj)ﬂt(a:) = 0.5,

h(z) = {y; | P(H; | C;)/P(~H; | C;) > 0.5, 1 < j < ¢}
R, B (@, ) TS A

(34)
BB, MRRIERP(L, | C) K TIRKBRP(- I | C))f, BRIy BT, 36T U
| P(H; | C;) P(H;)-P(C; | Hj)
f(ﬂL y_]) P(ﬁHj | CJ) ]P(—lHJ) ]P)(C_} | _'Hj)
Sosk, BT, 5B~ IT, ) BHRFE S H S R KB, B(C, | ) 5(C |~ I

(35)
RN H LS AL, N (@) B CAFEARA AR Sy, AR .

s+ }ﬂ,
P(H;) = =

[y; € Yi]

sX24m

ERERERR, BRI MR UL 2 R T Tl ZRdilid “ B 114 (frequency counting)”
R AT Ak BARRYE, Sel T Dot an s S 45

P(-H;) =1 -P(H;)
s WHE A 1 XN Laplace “TH

(1<j<q)

. (36)
Hor, “Pi (smoothing)” 2%k s F A& “¥5) 4041 Cuniform prior)” ZEMEZR A v RCEE, @

5 AT, SRR A A T I AR A 2k — 28 X T ARy (1 < j < @)
> ML-KNN S0 e AN S s DU R, P BB S 6T k+ 1 AT



rilrl =3 Ty evil-[@) =r]  (0<r<k) (37)
=" Ty ¢ vl-[e) =] (O<r<h )

where §;(x;) = Z \.,(m‘_)[yj evY”] (39)

(z*,Y*)EN
e, 5RR(E3)EML, REO)HE SIS, () BeEF T H A IIGREARL kT4, Hy 1N bR i
AR ARBEH, [P 45EE T BT RRICy, FLEC K AR AAIERT r AN AR AT BRIy BV SR A
W, R [AGET AR bRGy, B GRS A ¢ ANE AR A By O R AR L ST, %
PR T B 7R A T 4

s+ k;[C] )
P(C; | H)) = s 1<j<q0<C<h) (40)
(G5 [ Hj) = — TESTES S ( ;
P(Cj | ~H;) = i) (1<j<q 0<Cj<k) (41)

5% (k+1) + X7y #jlr]

BUIT, B A5 Se I % (20(36)) A K 25 1E M2 (3K (40) 5 20(41)) RN 30(35), RIAT 3T (34) B RIFT FH I
EZINTb s

HAF 322, B ML-KNN SR T — W S8R SR Al 2 bric 2% 2] o) @i, RPZEASE AU g id
o ZBEBRIC R A L2 o SR, FETZEE R EAEAR, Ry DL R T R A B S T DA
SEHL . BN, TER E A H RS OLE, ATUARIEC,, Co, - -+, C, P2 & 1S EoRIEAT MAP #EE (1
AL B C U, B f (,y;) = P(H, | C1.Cav- -+ ,Cy)/P(~H, | C1.Co.e v Cy)e LM, 18
[E 23 E. HUlermeier #3245 5224 W. Cheng #5 iR BLEE & S0 ML-KNN SEdi T eladt, %S0k
2009 4ERRIFL A2 3] S iR 22 R 1 SO I AR F BIBUE T (Machine Learning) & %),

3.3.2 Rank-SVM

2B FE A AR SR “ B K AL IR G (maximum margin)” SE0g, & —41 k7 288 DL/
1 3R(5) T i ranking loss PR TR FR, @I TN “AZH05 (kernel trick)” Ab B 4E £G4 4325 ] i,

B RGH g MEEDEBW = {(w), b)) | 1 <j < ¢} Hbw, € RENEE j AR
“BUEIAE (weight vector)”, Tib; € RAYEEE j 2RI NH “MWE (bias)”. T 2.1 FWHIRF SRR,
L f(x,y;) = (wj, ) + by, HTFEHREFENR. GE20NEED = {(z.Y;) |1 <i <m},
Rank-SVM S8 Sedi i 7 € 3% 2] RGEREAR (. Vi) B 5 2510 b«

(’LUJ' — Wi, .’E,;) + bj' - b_tf (42)

min
(yj-ur) €Y x Vi [|w; — wy]

oo, T HISRRIC g LA T bR Ty T 2, H B 14 P T 9w, — . @) + b; — by = 0,



R 0 (42) % FEREA (x, Vi ER “MIR-ToR” FRic BB O T 20 8 - I f e, f i ME €
SCNREARR) 72K IAI0G . FE T, 2% RGAEINZRAE D L1 7 28 A xS BT

] . (wj—wk,:c.;)+bj—bk,
11111 min

~ (43)
(:,Y:)ED (yj.u5)EYixY; ||wj — w||

BRI R, Lot SV e K R IUE MIE, B w; — wy ;) + by — by > 0 (1< i < m,
(i ue) € Yi x Vo)L, HEsBH, EEHEHESERW = {(w).b) | 1< j < ¢} BHGHTIEY
B4, T (w; — i i) + by — b > 1 (1< < m. (yj.yp) €Y x Vi) RAL, BAZTEREA
(€, Y*) € DR(yje.yp) € YV x VHEZRIUED . B, i AAb a8 (43) s B4 4 35 a1 g T 2
AR AR AL

1
max min min 1 (44)
W (2. Y)€D (y;u0)€Vix¥; [|wj — wi|

subject to: {wj —wg. @) +b; — b > 1 (1 <i<m.(yj.u) €YixY))

VEIIRE A 0576 5, BT R AbR Ty v (g £ o) TFTE(2.Y) € DIy ) €Y X V-
B, RO FRRIR S T maxw ming < ey e ABIOTRA IS (6

. 2
L 4
W, e *

subject to: {wj —wp, @) +b; — b > 1 (1 <i<m.(yj.yx) €YixY;)

N T 5 IR (45) H max BT A IS B R 3, Rank-SVM SL020K 2 500 5 R SR A7 A ABL,
R EIR AL i R AL«

. q 12
min > (46)
subject to: {w; —wg,x;) +b; — b, >1 (1 <i<m.(yj,m) €YixY;)

N T REE S BT K (46) BT AR TCIE 7e A 2 ITE 0L, A5l “FaibAz & (slack variables)”
S R R AL )

. q ) 2 m ]_ o
g > eilP Oy G 2 S )

(4j .y )EY;xY;

subject to:  (w; —wy, @) +b; — b, > 1 =&
L =0 (L<i<m,(yj ) €YixY))

H, E={&r | 1<i<m. (yj.ye) € Y; x VPR RES . d EwT W, s0@7)dhFmm B iz



PRECEH AN SR ANTRZE . Horr, 55— T06 R T2 2] RGAEIZREE B 17 J51AIBG  (model complexity),
BTN T ) RGAE IR EE AR ZE (ranking loss), 2281 C FHTF47 3R B I5RT H b ok %
RIS .

EAERRE, @)X BT —NEA N H R B2 AR« R (quadratic
programming)” [, EHAUAUREL VMBI TREA K. N TR RG R A AR L 2Kme ),
A DU 5 N @7 A s “xHETE 0 (dual form)” SRg, FARAHST R 2 WL SCHR[36] -

FT 2.1 WHIFF SRR, Rank-SVM SRR R 1Rk 80 77 20 BB R e (). Bk, &
t(zx) = (w*, f*(z)) + bR L. Hd, £ (x) = (flz.m), -, flz,y))T € RON q 4EJ@ Tk
&, HosxToRREESLM L. AR, w* e RCY g HBUEINE, b e RN
& . HENEED = {(x:.Y:) | 1 <i <m}, Rank-SVM {ii FI Lt /N 3 idsRARM R S 3

min Z:”:l ((w*, f*(x;)) + b* — s(x;))? (48)

{w* . b*}
where s(a:) = argminger ({5 |55 € Y, £(@145) < all + Hok | v € Vi f(i ) > )

M, s (2 ) AT RE AU BT — A Se X a], SR BGZIX A e B e (48). 2%, T
X (@47) 5 @8I, W] 45 2 T 5 1 2 ARiC 7 2K 4s

hiz) = {y; | (wj, z) +b; > (w”, f*(x)) +0°, 1 <j<q} (49)
3.3.3 LEAD
ZEER A AR LT« DIt R 4% (Bayesian network)” X bRic 2 18] (IAH G HEAT A,

IR PRI DL SR S UL D 4 A 4% e s ke >3 20,

T 21 WM S8R, WAEE d 4Rpl =, YREREE o MEBIMbmcasE, W22 245
L RAIIEZ AR 8N - X — 2Y 0 WU ST M R E , ZAT 55 0 T3S S o0 1
ply | @) ATERE, Hbhe c YREBHRRTY = (y1, 0.+ L)' € {0, 1} AEbRIC R &, H
BRI TR EENRERRE (g =D BRREE (g, =0 &) HERRIC.

ARBAFAE LT 2% S5 K GRAE IR 5 26 A A W ply | o) PTAH RIS 3 i D o R T 5

ply @) =] _ | paj.2) (50)

Horpa MERbR ISy, VU LR S GRS L[ “ 245 ik & (parent labels) 7.

(EAFER S, T U 0 DU B 25 45 M 5 21 Uik, B VIR Hh 2 =0 T a5 11 DL 7 ) 2%
SEWg BT P T T IR MERT 1) GEhgSE S SA T A B R A R LA R, bR il
WO SRR (continuous variable)” TikridnlEy WA “E#HEE (discrete variable)”; 2) J&M



) e (YR FEAT AR I &, B AnFE SCR 4y 2R i b ) AR S A LT HEJUAAN B B, Bk
P PR HE A7 AE L S22 B T B R ) B2 5 DU 0 46 54 25 20T 51 A2 FR) . [RIE, LEAD SR A
— b A 77 2 ST AR R 1 B TR IO A TE BRSO, R T A A S A DL S0 X 2% R AR I
[ P A D PR AT A

BT LIRFER, LEAD HIER AT

Step 1: HXARICERY PNy, (1 <j < q) ETINGED; (X(16)) MALHIEH N
=R Hedtg, - X — R, FHHMBITIR Ze,; = [g5(z:)] — [y; € Vi] (1 <i <m);

Step 2: FETFUI R Z e, 5 S1 15 3 DU 26 2544 G

Step 3: HFXPEE— DRIy, Koy IRE sk A pa, SBIEE G2 A AN R, T IIZRE
DHIEHIN KN K g! c xUpa; — Ro K1, Hpa; (2) &2 MFRC A EAERE fE frpa, LK)
P, DT = {((xi pa;(x:). ¢(Yi,y;)) [ 1 < i <l

Step 41 ZEARWRGE], BT VIR L R GRTIfRE B “ARiciF (causal order of labels)”,
5K 8 gt (VUSRS & 2 | pa jERTTUIH B IR L S

MRE, LEAD BUERAW T IIARER AL 1) Aid Z RIS T DU i 1 220 H
FEMRIIR IR 2) T D7 0 4 S5 44 W] LASB 2 BR 0 IR SR RO DG, G rhopE DG T 2T B 4 e
BRI EA RS S ERE: 3) BUEMBR R A SR C A ] PRSI N BRI R R

KN RNNE T =MEFEREER “FEiREN” B L hrid I8, W—maiE
ML-KNNPL =757 Rank-SVMEHLL 2 &b 7778 LEADPE, [k #b,  H BT AZ1E Hofth— et 1
CEEERL [ —pyPIRARE — pn (SIAOIILTIONAONAN ) g ey BOI42) g ey e ST v L RCTAS R, X LR
A —— 4.

4. EE5RIVE

AFEFENGE T Zhrd S SRR E X IR EZ R, AR UL AR
SO)EE . EARE RIS, AERTRAREZ bRl e ST HEZE R b, TR ATION A T PR AT T
® “IRE/95” Frid: fERELELLT CEHRMANTARID), X REPMAE BAFAER S, NS

SR T X RAERTA—E N “FSE (valid)” Aric W S —J5TE, fEReE T (g
NIHRD), WHREBRCE RAFAEBR, M PSR T3 R kR A ol ey H B e ric ™.

® RAFiCHE: ERSCIF A, AR ARV AR SRS KB R AR LA . Bk, £
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HIHRAY HIReER S HE

http://www.ecmlpkdd2009.net/program/tutorials/learning-from-multi-label-data/ (In conjunction
with ECML/PKDD 2009)

http://lamda.nju.edu.cn/ (LAMDA Group at Nanjing University, China)

http://mlkd.csd.auth.gr/ (MLKD Group at Aristotle University of Thessaloniki, Greece)
http://www.uni-marburg.de/fb12/kebi/ (KEBI Lab at Philipps-Universit& Marburg, Germany)

Tutorial

Active Groups http://www.ke.tu-darmstadt.de/ (KE Group at Technische Universit& Darmstadt, Germany)
http://rakaposhi.eas.asu.edu/ai/ (Al Lab at Arizona State University, USA)

http://www.cse.msu.edu/~rongjin/ (ML Group at Michigan State University, USA)
http://research.microsoft.com/en-us/groups/mcg/ (Media Computing Group at MSRA, China)

http://mulan.sourceforge.net/index.html (The MULAN [63] open-source Java library for learning

from multi-label data)
Software

http://cse.seu.edu.cn/people/zhangml/Resources.htm#codes_mll (Matlab codes for learning from

multi-label data)

http://mulan.sourceforge.net/datasets.html (Data sets from MULAN project)

Data Sets http://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel.html (Data sets from LIBSVM)

http://meka.sourceforge.net/ (Data sets from sourceforge.net)

http://www.citeulike.org/group/7105/tag/multilabel (Bibliographic information on more than 100

Online Bibliography
multi-label literatures maintained at CiteUL ike.org)

FRCS ST, BT SRR 2 R0, B0 R 5 RN E AR R IR . Bk,
TR 0 060 5 T SRR KR 1 22 A0 25 ST AT 0, 1 % 30 Cactive) " 25 bt 3 =) Lollnselissliso)

“oRUs B HE (semi-supervised/transductive)” £ fid 3% 5 BUEA s

® Ui m AR AR T OO R ARG B AR AR B ST L e,
YrFE 2 fan TR TF 2 hRic 7 S HORSK g AH R R R Re /) RA o EE s . HEl, c&ahmy—
BELT “IdyE (filter)” HEmglOIBIBA |« g (wrapper)” g BAIBOIL) Jp i kg4 7 IR A g T
(2 bric B4t T .

® B : Al Y, RSO SPIA BRI S L. —J7H, Abrid 2
AEKELEDFRICH, #B2HRI0S S IR W 5wl 77 vk e g PRIRIeAel, - 53 — 55, 24
WGREE R AL KBRS, 50 2 bric 5 ) BE W — B J5 i v 7R SRR R 5 BVE AR 2 TR DR R AL
iR TN

BT AT 1 IRBIRIM S EARIES AN (HIVE 1,2), £ 1EAH 75 2F00% L — i

NBIR, UMLERE 25 OB I R DR LI, A, A5 RJEREER
IR A, ZARIESE ST OB T TARRE i — RN R, B MBI TR & AW EL
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