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p多标记学习
– 经典算法

p⼤规模多标记学习
– 主流算法

p 总结
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#$%&'()*+

IF !"# = $%& AND '()>7* 
AND …+ THEN ,-. = /

!"0123

姓名 职业 年收入 … 好顾客

张三 教师 6 万 … 否

李四 公务员 7 万 … 是

王五 学生 2 万 … 否

周六 企业家 15 万 … 是

董七 演员 13 万 … 否

钱八 教师 8 万 … 是

!"

? = #
!"#$%

(&', ()*, 8+, …,  ?)
4567
89

$%&'()*learning algorithm+

4567
!label+
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#$%&'()*+

IF !"# = $%& AND '()>7* 
AND …+ THEN ,-. = /

!"0123

姓名 职业 年收入 … 好顾客

张三 教师 6 万 … 否

李四 公务员 7 万 … 是

王五 学生 2 万 … 否

周六 企业家 15 万 … 是

董七 演员 13 万 … 否

钱八 教师 8 万 … 是

!"

? = #
!"#$%

(&', ()*, 8+, …,  ?)
4567
89

$%&'()*learning algorithm+

4567
!label+

!"#$%&'()*+,-./0123
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,-./012

#$%&'()*+,+-

./ 01

#$%&'(234+56+78

4567%&'()*8,9./0123
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,-.()*+

!"0123
!"

? = [+1, -1, +1, -1, -1. -1]
!"#$%

(𝑥, ?)
4567
89

$%,-.&'()

4567:;
（label matrix）

+1 +1 +1 +1 +1 +1
+1 +1 +1 +1 +1 +1
+1 +1 +1 +1 +1 +1
+1 +1 +1 +1 +1 +1

𝑥!

𝑦! 𝑦" 𝑦# 𝑦$ 𝑦% 𝑦&

𝑥"
𝑥#
𝑥$
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n将多标记转化为单标记问题
p⼀阶⽅法: Binary Relevance (BR)
p⼆阶⽅法: Calibrated Label Ranking (CLR)
p⾼阶⽅法: Random k-labelsets (RAKEL)

n多标记学习专有算法
p⼆阶⽅法: Rank-SVM
p⾼阶⽅法: LEAD, ECC, CCE
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3#,-.()45

n将多标记转化为单标记问题
p⼀阶⽅法: Binary Relevance (BR)
p⼆阶⽅法: Calibrated Label Ranking (CLR)
p⾼阶⽅法: Random k-labelsets (RAKEL)

n多标记学习专有算法
p⼆阶⽅法: Rank-SVM
p⾼阶⽅法: LEAD, ECC, CCE
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Binary Relevance (BR) [Boutell et al., PRJ04] 

BR !"
p!"#q $%&'()*#+$%&',-./012345
67 y!	89, 1 ≤ 𝑗 ≤ 𝑞

p67#𝑦" &',:!";<=
l >?12𝑥#, @A 𝑌#" = +1 B 𝑌#$ = −1, C	𝑥# DE12
l >?12𝑥#, @A 𝑌#" = −1 B 𝑌#$ = +1, C	𝑥# DF12

G2HIJ#KL67MNOPDL$QR:%&'ST
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Binary Relevance (BR) [Boutell et al., PRJ04] 

BR !"
p!"#q $%&'()*#+$%&',-./012345
67 y!	89, 1 ≤ 𝑗 ≤ 𝑞

p67#𝑦" &',:!";<=
l >?12𝑥#, @A 𝑌#" = +1 B 𝑌#$ = −1, C	𝑥# DE12
l >?12𝑥#, @A 𝑌#" = −1 B 𝑌#$ = +1, C	𝑥# DF12

#$%&'()*+,-./01#23456789

G2HIJ#KL67MNOPDL$QR:%&'ST
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Binary Relevance (BR) [Boutell et al., PRJ04] 

BR !"
p!"#q $%&'()*#+$%&',-./012345
67 y!	89, 1 ≤ 𝑗 ≤ 𝑞

p67#𝑦" &',:!";<=
l >?12𝑥#, @A 𝑌#" = +1 B 𝑌#$ = −1, C	𝑥# DE12
l >?12𝑥#, @A 𝑌#" = −1 B 𝑌#$ = +1, C	𝑥# DF12

:;: <"=>?@ABC

D;: EFGHIJ, KLMNOLPQ

#$%&'()*+,-./01#23456789

G2HIJ#KL67MNOPDL$QR:%&'ST
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Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

GRSTU!"
p!"#q(q – 1)/2 $%&'()*#+$%&',-./06
U> 𝑦", 𝑦$ , 1 ≤ 𝑗 ≤ 𝑘 ≤ 𝑞.

p6U> 𝑦", 𝑦$ !";<=
l >?12𝑥#, @A 𝑌#" = +1 B 𝑌#$ = −1, C	𝑥# DE12
l >?12𝑥#, @A 𝑌#" = −1 B 𝑌#$ = +1, C	𝑥# DF12
l VWXYZ[\]^_`:12

G2abJ#KL67MNOPD+>6U:cdST
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Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

GRSTU!"
p!"#q(q – 1)/2 $%&'()*#+$%&',-./06
U> 𝑦", 𝑦$ , 1 ≤ 𝑗 ≤ 𝑘 ≤ 𝑞.

p6U> 𝑦", 𝑦$ !";<=
l >?12𝑥#, @A 𝑌#" = +1 B 𝑌#$ = −1, C	𝑥# DE12
l >?12𝑥#, @A 𝑌#" = −1 B 𝑌#$ = +1, C	𝑥# DF12
l VWXYZ[\]^_`:12

#$%&*+,-.VWXYZ[&\]4[^SGHTU

G2abJ#KL67MNOPD+>6U:cdST
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Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

efgh 𝒙

𝑦%

𝑦&

𝑦'

𝑦(

𝑦)

8967

8967

8967
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Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

efgh 𝒙

𝑦%

𝑦&

𝑦'

𝑦(

𝑦)

i967

i967
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Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

,-./ 𝒙𝟏

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟐

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟑

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

L67MN!"jklmn

,-./ 𝒙𝟒

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

http://lamda.nju.edu.cn


http://cs.nju.edu.cn

Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

,-./ 𝒙𝟏

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟐

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟑

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟒

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

%&'MN,

[+1,+1,-1,-1]

𝑦% vs. 𝑦&
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Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

,-./ 𝒙𝟏

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟐

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟑

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟒

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

%&'MN,

[+1,+1,-1,-1]

𝑦% vs. 𝑦&
[+1,-1,+1, /]

𝑦& vs. 𝑦'…
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Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

,-./ 𝒙𝟏

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟐

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟑

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟒

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

%&'MN,

[+1,+1,-1,-1]

𝑦% vs. 𝑦&
[+1,-1,+1, /]

𝑦& vs. 𝑦'… …
[+1,-1,+1,-1]

𝑦( vs. 𝑦)
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Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

𝑦% vs. 𝑦& 𝑦& vs. 𝑦'… … 𝑦( vs. 𝑦)

op12efgh 𝒙

-. /0

𝑦! 2
𝑦" 4
𝑦# 1
𝑦$ 0
𝑦% 3

cd 𝑦& ≻ 𝑦) ≻ 𝑦% ≻ 𝑦' ≻ 𝑦(

qrstLu$
67v?

𝑦! or 𝑦"
𝑦%

𝑦" or 𝑦#
𝑦&

𝑦$ or 𝑦%
𝑦)
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Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

,-./ 𝒙𝟏

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟐

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟑

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟒

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

%&'MN,

[+1,+1,-1,-1]

𝑦% vs. 𝑦+
[-1,+1,-1,+1]

𝑦' vs. 𝑦+… …
[+1,-1,+1,-1]

𝑦) vs. 𝑦+

𝑦* 𝑦* 𝑦* 𝑦*

http://lamda.nju.edu.cn


http://cs.nju.edu.cn

Calibrated Label Ranking (CLR) [Fürnkranz et al. MLJ08] 

𝑦% vs. 𝑦& 𝑦& vs. 𝑦'… … 𝑦( vs. 𝑦)

op12efgh 𝒙

-. /0

𝑦! 2
𝑦" 4
𝑦# 1
𝑦$ 0
𝑦% 3

wxy:cd
𝑦& ≻ 𝑦) ≻ 𝑦+ ≻ 𝑦% ≻ 𝑦' ≻ 𝑦(

𝑦! or 𝑦"
𝑦%

𝑦" or 𝑦#
𝑦&

𝑦$ or 𝑦%
𝑦)

𝑦) vs. 𝑦+
𝑦% or 𝑦&

𝑦% vs. 𝑦+
𝑦! or 𝑦&

𝑦+	z:67{D|o}A
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Random k-Labelsets (RAKEL) [Tsoumakas, TKDE11] 

Label Powerset (LP) :XZ
pi~|o!";���:67��
p�67jh��*#�~����

G2abJ#KL67MNOPDL$�67L&'ST:;�

k-Labelsets
p��st k :� (@ k=3), �y�- LP �~
p��stL$ k, <�L$ LP (),�����~���~
��|o
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,-./ 𝒙𝟏

𝑦"

𝑦#

𝑦$ ,-./ 𝒙𝟐

𝑦"

𝑦#

𝑦$ ,-./ 𝒙𝟑

𝑦"

𝑦#

𝑦$ ,-./ 𝒙𝟒

𝑦"

𝑦#

𝑦$

L&'MN,

LP Model 1

(110) (101) (010) (011)

Random k-Labelsets (RAKEL) [Tsoumakas, TKDE11] 
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L&'MN,

LP Model 1 LP Model 2

,-./ 𝒙𝟏

𝑦#

𝑦$

𝑦%

,-./ 𝒙𝟐

𝑦#

𝑦$

𝑦%

,-./ 𝒙𝟑

𝑦#

𝑦$

𝑦%

,-./ 𝒙𝟒

𝑦#

𝑦$

𝑦%
(100) (011) (100) (111)

Random k-Labelsets (RAKEL) [Tsoumakas, TKDE11] 
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L&'MN,

LP Model 1 LP Model 2 … LP Model N

…

,-./ 𝒙𝟏

𝑦"

𝑦%

𝑦&

,-./ 𝒙𝟐

𝑦"

𝑦%

𝑦&

,-./ 𝒙𝟑

𝑦"

𝑦%

𝑦&

,-./ 𝒙𝟒

𝑦"

𝑦%

𝑦&
(101) (110) (001) (010)

Random k-Labelsets (RAKEL) [Tsoumakas, TKDE11] 
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LP Model 1 LP Model 2

…

… LP Model N

op12efgh 𝒙

LP Model k-Labelset 1234

𝑦! 𝑦" 𝑦# 𝑦$ 𝑦%
ℎ! {𝑦!, 𝑦", y#} 1 1 0 - -
ℎ" {𝑦", 𝑦#, y$} - 1 0 1 -
ℎ# {𝑦", 𝑦$, y%} - 0 - 1 1
ℎ$ {𝑦!, 𝑦$, y%} 0 - - 1 0
567/0 1/2 2/3 0/2 3/3 1/2

𝑦!𝑦"y# ?
(110) (101) (010)

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

𝑦"𝑦#y$ ? 𝑦!𝑦$y% ?

�� = 0.5

{𝑦&, y(}
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3#,-.()45

n将多标记转化为单标记问题
p⼀阶⽅法: Binary Relevance (BR)
p⼆阶⽅法: Calibrated Label Ranking (CLR)
p⾼阶⽅法: Random k-labelsets (RAKEL)

n多标记学习专有算法
p⼆阶⽅法: Rank-SVM
p⾼阶⽅法: LEAD, ECC, CCE
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Rank-SVM [Elisseeff, NeurIPS’02]

!"_`
pD� 𝑗 $67!"%&',*#()�jD 𝑤", 𝑏"
pop�*#�#< 𝑤", 𝑥 > +	𝑏"> 0 �*#/�D5� 𝑗 $6789

G2abJ#�� Pcd¡¢D+$67!"\$&',

Rank-SVM  P£6

!"9:;<= >?@ABC
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Rank-SVM [Elisseeff, NeurIPS’02]

,-./ 𝒙𝟏

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟏

(𝑤", 𝑏")

(𝑤#, 𝑏#)

(𝑤&, 𝑏&)

𝑓"(𝑥")

𝑓#(𝑥")

𝑓&(𝑥")

(𝑤#, 𝑏#)

(𝑤#, 𝑏#)

𝑓$(𝑥")

𝑓%(𝑥")
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Rank-SVM [Elisseeff, NeurIPS’02]

,-./ 𝒙𝟏

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟏

(𝑤", 𝑏")

(𝑤#, 𝑏#)

(𝑤&, 𝑏&)

𝑓"(𝑥")

𝑓#(𝑥")

𝑓&(𝑥")

(𝑤#, 𝑏#)

(𝑤#, 𝑏#)

𝑓$(𝑥")

𝑓%(𝑥")
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Rank-SVM [Elisseeff, NeurIPS’02]

,-./ 𝒙𝟏

𝑦"

𝑦#

𝑦$

𝑦%

𝑦&

,-./ 𝒙𝟏

(𝑤", 𝑏")

(𝑤#, 𝑏#)

(𝑤&, 𝑏&)

𝑓"(𝑥")

𝑓#(𝑥")

𝑓&(𝑥")

(𝑤#, 𝑏#)

(𝑤#, 𝑏#)

𝑓$(𝑥")

𝑓%(𝑥")
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Classifier Chain (CC) [Read, ECML PKDD’09]

!"_`

p��¤�\$c¥*#{D67c¥:¦d

p>?c¥§:� j $67#𝑦", ¨©12efD 𝑥#1 =

𝑥#, :𝑦%, :𝑦&, … , :𝑦"2% ,ª§ :𝑦$ D� k $67:|o}A

G2HIJ#��67«¬c¥­¬*#®-zd67:|o�¯°
yd67:|o±²
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Classifier Chain (CC) [Read, ECML PKDD’09]

𝑦% 𝑦& 𝑦3…

ECC: D³´u¤�c¥:��±, 
µ¤�L$67c¥¦d, ��;�

G2HIJ#��67«¬c¥­¬*#®-zd67:|o�¯°
yd67:|o±²
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Classifier Circle [Wang, Journal of Software’15]

G2HIJ#¶·¸}<¹º+$67»¼½¾&®-¿
³À5+$67�&',ÁÂ:9Ã

…

&',¸8Ä&',«: ÅJ
p¾&®-¿³À5+$67�&',ÁÂ:9Ã
p>67MN½dXÆÇ

𝑦3
𝑦%

𝑦&
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,-.()6789:-

abcd0efgG
p�QD+$op12È�É6
pÊËÌÍop12É6:ÎÏ�

abGH0efgG
p �QD+$67È�É6
p ÊËÌÍ67É6:ÎÏ� (ÐÑÒÎÏÓÔÎÏ)
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,-.()6789:-

𝑌$: cd 𝑥$ hB0GHij
𝑃$: cd 𝑥$ 1#0GHij

Subset Accuracy:

ÌÍ12§ÕÖ67gh×|o:67ghØÙ\Ú:ÄÛ.
�67jhÜL�, ÝÉ6\ÞÜß
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,-.()6789:-

𝑌$: cd 𝑥$ hB0GHij
𝑃$: cd 𝑥$ 1#0GHij

Hamming Loss:

ÌÍ12§+$ÕÖ67×|o67Xà:ÄÛ

(       : �X8à:áâ)

http://lamda.nju.edu.cn
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,-.()6789:-

𝑌$: cd 𝑥$ hB0GHij
𝑃$: cd 𝑥$ 1#0GHij

One-error:

+$12§|oâã�ä�:67DX8967:ÄÛ

http://lamda.nju.edu.cn
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;<-.%89:-

8 j 9-. :;<

=> ?=>

12< => 𝑇𝑃& 𝐹𝑃&
?=> 𝐹𝑁& 𝑇𝑁&

�$67:åæçè

𝐵(𝑇𝑃", 𝐹𝑃", 𝐹𝑁", 𝑇𝑁")élêåæçèÈ�ë¿:%&'É6

Û@:
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;<-.%89:-

8 1 9-. :;<

=> ?=>

12< => 𝑇𝑃! 𝐹𝑃!
?=> 𝐹𝑁! 𝑇𝑁!

ÌÍ67:åæçè

8 q 9-. :;<

=> ?=>

12< => 𝑇𝑃' 𝐹𝑃'
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Macro-averaging: 

Micro-averaging: 
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p http://mulan.sourceforge.net/datasets.html

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

p http://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel.html
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p多标记学习
– 经典算法

p⼤规模多标记学习
– 主流算法

p 总结
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n One-vs-All Methods
p DisMEC

n Embedding-based Methods
p LEML
p SLEEC

n Tree-based Methods
p FastXML
p Parabel

n Deep Learning-based Methods
p XML-CNN
p AttenttionXML
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One-vs-All Method (DisMEC)

G2HIJ#VW6789±*#+$67!"\$%&'()

+?67jhÜL, ,-.-/±(), ª P£6@0:

ª§, 𝒘= D� l $67:/±():�j, 𝑠=*  él� i $
125� l $673489.
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One-vs-All Method (DisMEC)

+?67jhÜL, ,-.-/±(), ª P£6@0:

p1ù: D³�\21ù!", Bë3?+$6784QR, µ
û.-��È�:­¬1ù!"×op�5.

p67: D³´u()�jh, {89�:�;&�j&<= 
>:?@AB, µû��CD, >()±²EFGH.
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Low rank Empirical Risk Minimization (LEML)

G2HIJ#abef¿67:�EçèßI, ®-ßIçè&J
´u()�jh

LEML £6Kj@0, ª§ Z 3LMJ:�Eçè (+?67
ÂN=9O, ,-ab Z ßI):
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Low rank Empirical Risk Minimization (LEML)

LEML £6Kj@0, ª§ Z 3LMJ:�Eçè (+?67
ÂN=9O, ,-ab Z ßI):

, Z ßI, ,-µûP 𝑍 = 𝑊𝐻>, ]^ P£6µûélD: 

G2HIJ#abef¿67:�EçèßI, ®-ßIçè&J
´u()�jh
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Low rank Empirical Risk Minimization (LEML)

LEML £6Kj@0, ª§ Z 3LMJ:�Eçè (+?67
ÂN=9O, ,-ab Z ßI):

, Z ßI, ,-µûP 𝑍 = 𝑊𝐻>, ]^ P£6µûélD: 

Pef$�D D, 67$jD L, Í𝑍 ∈ ℝ?×A. ��ßIa
b, Q 𝑍 = 𝑊𝐻>, ª§ W ∈ ℝ?×$, 𝐻 ∈ ℝA×$, 且	k≪L, 
ÌûLRMJ:()�jhê 𝐷×𝐿´uD 𝐷 + 𝐿 𝑘.

G2HIJ#abef¿67:�EçèßI, ®-ßIçè&J
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Tree-classifier (FastXML)
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Tree-classifier (FastXML)
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Tree-classifier (FastXML)

>?c§:+$de]}b , FastXML MN&', w K12`
&¿f]ab

G2HIJ#678^:12_`&¿à\$]ab
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Tree-classifier (FastXML)

>?c§:+$de]}b , FastXML £6Kj@0, ª§ w K
12`&¿f]ab.  P nDCG É6µû67'^:12`&
¿à\ab.
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Tree-classifier (FastXML)

>?c§:+$de]}b , FastXML £6Kj@0, ª§ w K
12`&¿f]ab.  P nDCG É6µû67'^:12`&
¿à\ab.

g-hi P­~, &0> 𝒘, 𝒓, 𝜹MJ
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Tree-classifier (FastXML)
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Tree-classifier (Parabel)
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Tree-classifier (Parabel)

G2HIJ#��K67n'`&�X8h:];*#
KSTOPDo(kH:]ST*#1ù!"�5

p67n': ��n'�~, 
@ k-means Ö�

p67efél: µ��'0
: word embedding, �Ý'
12:efÏ�ë¿

p&': ë¿n'}Ay, !
"&',K12`&¿]
ab
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Tree-classifier (Parabel)
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p67n': ��n'�~, 
@ k-means Ö�

p67efél: µ��'0
: word embedding, �Ý'
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XML-CNNJKLM [SIGIR’17]

G2HIJ#®-vwx{yt]0z�{:9O
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XML-CNNJKLM [SIGIR’17]

G2HIJ#®-vwx{yt]0z�{:9O

 P Binary Cross Entropy loss:

ª§, σ(⋅) DsigmoidKj, Θ D()�j.
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p多标记学习
– 经典算法

p⼤规模多标记学习
– 主流算法

p 总结
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PL

n多标记学习
p⼀阶⽅法: 忽略标记之间的相关性
p⼆阶⽅法: 考虑两两标记之间的相关性
p⾼阶⽅法: 同时考虑多个标记之间的相关性

n ⼤规模多标记学习
p One-vs-All ⽅法:忽略标记之间的相关性, 可并⾏加速
p Embedding-based ⽅法: 考虑标记相关性,如低秩假设
p Tree-based ⽅法: 训练和推理速度快
p Deep Learning-based ⽅法: 精度⾼
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