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% AL EIE R

—_— N—
2022F b REFREBE = =
[BIX] 20225 £ A —MIE2022F LR FRIER

BUREFTRMITTEIEZHE (FiF: XXIV Winter Olympic Games; %iE: XXIVes Jeux Olympiques d'hiver) , #2022
FEILREFRER,

2015F7RA31H, EDH BHEH2022FLFRESNEMETRIER. IERBPDMINGE, EREAREEL EE—TEH
BEFEMEREHRMNEFTANCTENRNOET, LM 1952EMENRITEEN 2 ENREEIVFREE_MENERARN
EELTN

ERSHRORNFEE—MRETL FRRLTERREIMUET (1,

EREFRERRTIAT, 15M9W P, 100NN, JFBENKERE, KROBENS LHE, ERDHKROS
NELEHHE,

2017% 121502009229, JtR2022FLRARWEL MEHRRRIIM K, EXRE,

B2BEEERMIEEHNAT2018E2A25 AMATERHNEAEHNE., tRTTKBHSTEIRERIE, TEEE
BAWNILRER". 201858H8H, 2022F L RERANEHASERMSREERNNATEILREERT. 0 2018511
B16H, tRERATHEMANNENSRRERBIHSNERSARN,

2019F11B6H £, ItRERAZAIHEMERERRNDEBMR NAEILRERAZENMAKEAT,

2020F5H8H L9, tRERABEASMRLERERL® € ; 78308, “RRYE2REEEHERER 9 .

HARFIL: BH. . A AR Riza, L. KF

KEFR: FFEET S S I0HEKEK
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ZFritF A 1A

] % Frit o 3 B
2 xmpiss
/ S &3 (label matrix)

Yi Y2 V3 Ya Vs Ye

\\\ﬁ%i W% [iééii

xqy —>|+1|+1|+1|+1]+1|+1
x, —>|+1|+1|+1|+1|+1|+1
x3 —|+1| +1|+1|+1|+1]|+1

= _____— |[?2=[+1,-1,+1,-1,-1.-1
xqg —>| 1| +1[+1| +1|+1|+1 Y, FrE R [ |
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R A|FFIT
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TR LZCF S HE

B S ARICE L A BFRIC [
O—Ff/ 753%: Binary Relevance (BR)
O 757%: Calibrated Label Ranking (CLR)
O 56 5% Random k-labelsets (RAKEL)

B ZREEITHEE
Oy 7% Rank-SVM
O=0753%: LEAD, ECC, CCE
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B S FRC L A EFRIC B
O—Ff/ 753%: Binary Relevance (BR)
O 757%: Calibrated Label Ranking (CLR)
O 56 5% Random k-labelsets (RAKEL)

B ZREEITHEE
Oy 7% Rank-SVM
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Binary Relevance (BR) (Bouteli et al., PrI04]

EARRE: FZRI0F BN £ M rar 8y = 7 2% 7] &

BR & /%

O)|% q N2 xE LR, )M pRkEFARAANEAZES
Ty 1K, 1<j=<q

O 470 y; 7k & ml s A1
® i THEAX, WRY;; =41 HYy =—-1, W x; HEHAER
® X TAEAX;, WX Vi =—1H Yy =41, W x; AR
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Binary Relevance (BR) (Bouteli et al., PrI04]

EARRE: FZRI0F BN £ M rar 8y = 7 2% 7] &

BR & %
O)l% g kEed, BN pREFARANFEAZLS
R0 y,ﬁEIi—‘:lS]Sq
O 470 y; 7k & ml s A1
® i THEAX, WRY;; =41 HYy =—-1, W x; HEHAER
® X TAEAX;, WX Vi =—1H Yy =41, W x; AR

M, AR Z 4 k&N INE R T2 &4 T
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Binary Relevance (BR) (Bouteli et al., PrI04]

EARRE: FZRI0F BN £ M rar 8y = 7 2% 7] &

BR
O RE rREE EHEI ff
O R AR AR R R A

& e S N
Ritet, A FA 4B BI85 8L i
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]

EARBVC: KSR F ] By X AT & B 7 9] AL
W a2 HEF A A

Ol% qlq- D2 N KB R, G020 KEFXHAF T
&3 (viyk)1<j<k<q

O 4R 4% (v, i) D14 435
® X T AN, WA Y =+1 H Yy =-1, W x; HIEHFAE
® X THEAx, R Y =—1HVYy=+1Wx H AL
® ZHE A A — R AR FE AR
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]

EARBVC: KSR F ] By X AT & B 7 9] AL
W a2 HEF A A

Ol% qlq- D2 N KB R, G020 KEFXHAF T
&3 (viyk)1<j<k<q

O 4R 4% (v, i) D14 435
® X T AN, WA Y =+1 H Yy =-1, W x; HIEHFAE
® X THEAx, R Y =—1HVYy=+1Wx H AL
® ZHE A A — R AR FE AR

WikEt, B = 5 KR AT RE, RIEEEHTAFTH T
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]

FFAE ] E X

——————

——————

http://cs.nju.edu.cn



http://lamda.nju.edu.cn

Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]

V1
Y2
BHIEHE x Cyy L > REARD

——————
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]

T I
Y1 J Y1 :_yi.! :_3’__!
Y2 2 ] V2 %
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]

pel

f

Y1 2 HEF |
¥s 4 —--------- > Y27 Vs T V1> Y3~ Va
= (BT S DA
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R A AE 11 x
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]

[+19+19_19_1]
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Calibrated Label Ranking (CLR) (riunkranz et al. MLI0S]

w2 RBEEHF
¥s 4 —--------- > Y27 Y57 Yy Z V17 Y37 Va
Y3 1 \\~\
Va 0 Yy BV ICAE A TR 25 &
Ys 3
Y1 O Yy — y - Y5 OI' Yy
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Random k-Labelsets (RAKEL) [Tsoumakas, TKDE11]

EARRK: FEZFILFI BN ZAEFICZ 42k P A & &

Label Powerset (LP) #71~ &
= Wb TR e e S e e R i
O 4t E AT, BEEEFES

k-Labelsets

O AL B k B91E (0 k=3), A5 H LP & %

O:@AR LMk WESL AN LPER FE TR EFRHEE
FEAT T
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Random k-Labelsets (RAKEL) [Tsoumakas, TKDE11]

v J Y1 i-_;i__; i-_; l_'
V2 i-_;__.; 2 L
REREx | 15,) |[REREn| (3] [#EEEx] ) [FEags] [
(110) (101) (010) (011)
% h k5 3] &

LP Model 1
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Random k-Labelsets (RAKEL) [Tsoumakas, TKDE11]
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Random k-Labelsets (RAKEL) [Tsoumakas, TKDE11]

l

KA 8 xq RAEF £ xp
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LP Model N
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Random k-Labelsets (RAKEL) [Tsoumakas, TKDE11]

LP Model | k-Labelset SNEERS
Y1 Y2 Y3 Ya Vs

hy 1, Y2, 53} 1 1 0 { }
hz {yz; Y3, Y4.} = 1 0 1 - y2' Y4-
hs OaYywysy - 0 - 1 1 \
F1E = 0.5
h4 {ylr ZY YS} 0 - - 1 0 I l—]/f ﬁ
1 A 12 2/3 0/2 3/3 1/2
M A FEASFAE H & x
Y1y2}:3?/3’2)’3% ? \QyLLYS ?
(110) (101) (010)
LP Model 1 LP Model 2 a LP Model N
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TR LZCF S HE

B S ARICE L A BFRIC [
O—Ff/ 753%: Binary Relevance (BR)
O 757%: Calibrated Label Ranking (CLR)
O 56 754 Random k-labelsets (RAKEL)

B ZREEITHEE
Oy 7% Rank-SVM
O=0753%: LEAD, ECC, CCE
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Rank— SVM [Elisseeff, Neur[PS’02]

EARBIR: BT RE D EMFRIE A5 % B

O%% j AMRIENE - %S, BESEHA (w,b)
ORE, % <w,x> +b>0 B, HEHSH | Mrith%

Rank-SVM 1t B 77

q

m 1 .
|’wj2+C'§:Y,|y.|[ E : hlnge(<wj—wk,$i>+bj—bk)]
121 @ e (]

2=k ,k)EY; xY;

= = \
B & S R A
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Rank— SVM [Elisseeff, NeurlPS’02]

Y1
Y2
r= T
Y3 -
BEAEx |
: Yy 14
Vs

%;fﬁﬁi‘ X1

A

(w1, by) f1(x1)
(w2, b2) » fa(xd)
Wz, bp) | f3(x1)
(W2, b2) | fa(x1)
(Ws,b5) > f5(x1)
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Rank— SVM [Elisseeff, Neur[PS’02]

Y1
Y2
r= T
Y3
REAEY ]
: Yy 14—
Vs

%;fﬁﬁi‘ X1

A

(w1, by) f1(x1)
(w2, b2) » fa(xd)
Wz, bp) | f3(x1)
(W2, b2) | fa(x1)
(Ws,b5) > f5(x1)

A
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Rank— SVM [Elisseeff, Neur[PS’02]

Y1

Y2

=T

:)’3 ]
REREY |

Iy4_ |:

122

Vs

%;fﬁﬁi‘ X1

A
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Wz, bp) | f3(x1)
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Classifier Chain (CC) [read, ECML PKDD"09]

AARE: BILACaEH7 7 X, AR AR IC Y BN E 5
J& 7 AR 10 B TR0 1 Bk

O FALE B — 5, 1 A AR T HE 7 o U7

O TH7 F5%E j MFID y), BEREARREN x| =

(%0 91, 920 o, Vi1 | £ 5 9 A kK AAFIDHI TN 4 £

http://cs.nju.edu.cn



http://lamda.nju.edu.cn

Classifier Chain (CC) [read, ECML PKDD09]

AEAR I BIARICE XD 7 X, AR A7 AR IC EY T E 58 5
J& 7 AR 10 B9 T 14 RE

@O

ECC: % T W /b £ i He 7| B R AL I,
o] £ R 2 AR HE DI, 24T B A
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Classifier Circle [Wang, Journal of Software’15]

EARRI: WA B SR A RI0E TR e A 2|
T EEEFNTICE 2k 8 Z A R R

W

2k 4 B AR P R A RERY R B
O wa A 2T E5F R0 2k & Z 5 0K
O X AR 10 5 2 K7 A SR
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LA F A F AN AT

A T A 45 4T
O £ 8 & A AT H 38 AT
O 32 [E] B R s A 48 47 B T 24

TR0 I 35 47
O 208 &Mt B8R
O & [l FrAsricae iy -F 3R 8 (B3 A F 5. W-FH)
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£ RIT % 3 % AT

Yi: B x; EEIARIDH &
P B AR x; TR B9 ARIE ] =

Subset Accuracy:
1 m
— P =Y;
m Zi:l[[ | ]]

FI 7 B A P FLSEART 1] & 0 TR B9 AR 1T W E e — 2R B AL
LT ICHE R 2 B, L3 — RIK

I

([true] = 1, [false] = 0)
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LA F A F AN AT

Yi: B x; EEIARIDH &
P B AR x; TR B9 ARIE ] =

Hamming Loss:

~y o o VA ETAESRE)

q

FIT 8T A AR R B LS AR AR T AR E A [/ B
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LA F A F AN AT

Yi: B x; EEIARIDH &
P B AR x; TR B9 ARIE ] =

One-error:

EZZ 1 [largmax f(x;,y)] € Yi] 1

yey

FAFEAR BTN E 1E Z & 5 AR IE A A8 AR 10 8y E
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& T AR CH P 48 A7

BRI Y R v R T

% j AR FSE(E
UEES TR

TE GBS TP, FP;
A% FN; TN,

B(TP;, FP, FN;, TN,) T M5, 4 1 i+ 5 18 51y — 4 % 3947

’W‘Jﬁﬂl TP; +TN;
Accuracy =B(TP;, FP;, FN;,TN;) = TP; + FP; + FN, + TN,

TP;

Precision =B(1'P;, F'P;, FN;, TN;) = TP, + FP,
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& T AR CH P 48 A7

r— — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — —

T — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — —

% 1M7L

Mx  HEx X AHEX
ME X TP FP; BE Mx TR FR
A%  FN, TN, FHx FN, TN,

Macro-averaging:

Bmacro = - B(TP;,FP;, FN;,TN;)

Micro-averaging:
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LA F A F AN AT

I A i V2542
O &8 & 4@ F 8310 38 47
O R 38 B AR 5518 8 618 89 ITF 0 4845

Vot FAL S — Rk B A T ARIC I8 AT, 40 micro avg. precision
Vo RAE S — I B A T AR RV 35 A7, 20 hamming loss
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£HRITE T ¥R R B R

O http://mulan.sourceforge.net/datasets.html

O http://meka.sourceforge.net/#datasets

O http://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel.html
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http://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel.html
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A L ARInF Y]

b 2K 9E & B PRI K, £ ARI0F X [Pl R P AT I B E T DAk
BT AEEE A EA

I Data Continues to Grow Sharply WiIKIPEDIA

The Free Encyclopedia

@ English X

85% of growth from new types of ocart 5 660 000+ articles 1009 000+ &8

data with machine-generated

data increasing 15x Q Pycckuit Espafiol

L =

..‘ » enemted 2020: 1476 000+ cTtarten

Digital universe = 40 Zettabytes

1414 000+ articulos

BAE
1108 000+ £%

Deutsch
2 187 000+ Artikel

2014:
31% of enterprises managing more than 1 Petabyte Francais

Italiano

1 989 000+ articles 1 440 000+ voci

2012:
Digital universe = 20 Zettabytes

Portugués Polski
998 000+ artigos 1283 000+ haset

7 an, 25 2 B FHXIE SR B8 50 7 /M iD
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/

2 W % A iR BT E B A

P2 - Binary Classifier | Rank SVM LEAD Calibrated
Relevance Chain Label Ranking

B 8] & 2% O(NDL) O(NDL?) O(NDL?) O(NDL?) O(NDL?)

o N:J|AFEAL =
o D: BARFFE % E
o L: PRt/
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2 H % ARI0 A v B &

\
/

Binary Classifier | Rank SVM LEAD Calibrated
Relevance Chain Label Ranking

i ) & 2% B O(NDL) O(NDL?) O(NDL?) O(NDL?) O(NDL?)

o« N &R E
o D: FEARFFAE %
o L: FRIDANEK

L LA (WL =10°), B4 FE T EEENA!

http://cs.nju.edu.cn



http://lamda.nju.edu.cn

AMEZIFCF I HEa R

B One-vs-All Methods
O DisMEC

B Embedding-based Methods
O LEML
O SLEEC

B Tree-based Methods
O FastXML
O Parabel

B Deep Learning-based Methods
O XML-CNN
O AttenttionXML
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One-vs-All Method (DisMEC)

EARE: AL xE, FMCIGE— 1= RkER

HTARLEER S, HK A& ERA, AW E R T:

mm I|wel|3 + C’Z max(0,1 — s, W; X;))*

=1

£ w, HE AT AR S s, RTE i
BoAL % | MEITR B AR £,
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One-vs-All Method (DisMEC)

EARRE: RBAAICHERE, FMrelNE— =g KEA

HTARLEER S, HK A& ERA, AW E R T:

N
r?vien [[we||5 + CZ(max(O, 1 — 50, Wg Xi))
O mik: 47 #t—F w54, Effam T & M08 E Mo, 7
LR R FEAT 1 S8y 77 X e )1 S5 An s 3T AR
OF%: AT RIBERSEHE, XA BE AT 5800 H®
TRy AR [, 7T DA AT 3BT, AR AL gk B2 AR /D
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AMEZIFCF I HEa R

B One-vs-All Methods
O DisMEC

B Embedding-based Methods
O LEML
O SLEEC

B Tree-based Methods
O FastXML
O Parabel

B Deep Learning-based Methods
O XML-CNN
O AttenttionXML
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Low rank Empirical Risk Minimization (LEML)

AEARRE . BIRAE BT IR 2B IR R Bk, A (R Bk 28 1% - A

B BE 5K E
LEML HAF B T, 2 Z;%%%T}Zﬁbréﬁ% %El% (m%ﬁﬁ
8] 77 £ K Bk, A B Z 1RAR): X =" ¥R
) n L .l nnnnnnnnnn rix Embedding matrix Label matrix
Z = argmzin J(Z) = lelg(yija (®i;2)) + X-r(Z),
s.t. rank(Z) < k, (1)
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Low rank Empirical Risk Minimization (LEML)

SRE S [AE BT SR AR R R, R (RS A R
RAER 55

LEML EAff %, o Z RERMINIZZEE (& THFIC
8] 77 1E % 3K, lﬁtfﬁxmzfﬁk)

Z—argman ZZ@ Sz 2)) + X -1(2),

=1 j3=1
s.t. rank(Z) <k, (1)

A Z &k, A A Z=WH', £EiA W%Elffr’M%wﬁ

JoaW,H) = Y LY, x] Whj)+ (||W||F+|IH||F)
(4,7) €D
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Low rank Empirical Risk Minimization (LEML)

SRE S [AE BT SR AR R R, R (RS A R
RAER 55

LEML EAr$an T, £ Z B F KRB HEE (F T 40
]
AUFIE A E 4 D, AR08 L, HZ € RP*E @ TR B
%, Bl Z = WHT, HWe IRDX" H € REF, H k«L,

BTl T B A 245 & A DXL B2 A (D + L)k.
A Z &fk, AR A Z=WH', £&# {/M%EWTTM%/Tﬁ

Jo(W,H) = EZKY@wﬁvh) (mwm+wﬂm0
(4,7) €2
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Tree-classifier (FastXML)

Pl = EEFIR, FEAAENH KT
AR P HEE TR e T 5
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Tree-classifier (FastXML)
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Tree-classifier (FastXML)

AEARE: AR WA AR X -2 B — T R

ST A B AN JER T4 A, FastXML & 3] 25 25 w ¥ B A X
D ET TR
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Tree-classifier (FastXML)

AEARRE: AT WA X 92 B — 57

T H e F A 3ErT T 45 &, FastXML H 7 & ﬁcézﬂT, HF wik
AR B TZF 3 4. M nDCG 3847 7] LAARAT 25 L By RE AR R 4
2|/ — &,

wrt. weRP,6e{-1,+1}",r",r” €II(1, L)
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Tree-classifier (FastXML)

T # B AN FERT T 45 4, FastXML B A7 B8 kézﬂT, HH wk
HARNSEZ T A TR nDCG 6 47 B LAARIC 2 LB BE AR R
2|/ — &,

—Cr Z (1—-96 HDCG@L(r ,Yi)

wrt. weRP,6e{-1,+1}",r,r~ €II(1,L)

BN T =, 275 wr, 8 KR
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Tree-classifier (FastXML)
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Tree-classifier (Parabel)

AEARRE: BARTICRERX 7 KRN T &,
R 18] 2R A oy AR B/ NBY IR, R )| SRR

Branching factor: K =3

Linear separators Root node
i insi 1 ={1,...
trained inside root node node abel§ S {1,...,L} ‘ ¢ Non-leaf node
A label partitions Sy, Sy, S
— A A ---------------- linear separators wg, Wy, W, W Leaf node
b
| w
/O~
¢ . ® Child a . Child b ’ Child c
O node labels S, node labels S, node labels S,

@ Label for Child a
B Label for Child b
A Label for Child c
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rained inside root node node labels S ={1,..., L}

Tree-classifier (Parabel)

AEARRE: BARTICRERX 7 KRN T &,
K 1] Eﬁ%%ﬁb%}%ﬁ?‘i/bé’v%lﬂ%ﬂ, )| Gt AR

O/t 2k B RREE,
Linear separators Root node Branching factor: K=3 ﬁn k_means 9\:‘ @[’L

. Non-leaf node
label partitions S,, Sy, Se

— linear separat Wa, Wp, We Leaf nod N o . . R
%\« O A7 1C 4B AR o 7] 318 2K 7
o 00 L . s s 7y word embedding, =% 25
S i G B A YRR AE B A7 2
O 7%k FERREXRE,
Gh Rk AR B AR R - B T

=
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Tree-classifier (Parabel)
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XML-CNN M %\ ﬁf 7]@ [SIGIR’17]

EARE: A AR EFERIK LT SRR RIR

wait
for
the | T 1 1 1 | heme _____________________________________________________________________________________________________________________
video e :D
and ] )
do | | |- L __: ................. D
N R - \A ..........
L = | I
it T f
| | | | | | | | | I
Representations of Convolutional layer Dynamic max Fully connected Fully connected layer
documents with word with multiple filter pooling layer for a with sigmoid output for
embeddings widths and feature compact large label space
maps representation and binary entropy loss
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XML-CNN W 2% 25 4 siciee1

EARE: A AR EFERIK LT SRR RIR

Representations of Convolutional layer Dynamic max Fully connected Fully connected layer
documents with word with multiple filter pooling layer for a with sigmoid output for
embeddings widths and feature compact large label space

maps representation and binary entropy loss

. ft. Binary Cross Entropy loss:

m1n —— Z Z [yz] 10g(0(fzj)) +(1- ylj) log(1 - G(ﬁj))]

11]

H#, o) Hsigmoid F 2L, © XA 541
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