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A Joint Embedded Multi-label Classification Algorithm

LIU Hui-Ting" 2 LENG Xin-Yang?! 2 WANG Li-Li* 2 ZHAO Peng'?

Abstract Some existing classification algorithms become infeasible anymore, because most multi-label data contains
high-dimensional features or label information. To solve this problem, a joint embedded multi-label learning classification
algorithm named Deep AE-MF is proposed in this paper, which is based on denoising auto-encoder and matrix factoriza-
tion. The algorithm includes two parts: the feature embedding part uses denoising auto-encoder to obtain the nonlinear
representation of feature space learning, and the label embedding part directly learns the potential representation and
decoding matrix of the corresponding label space using matrix factorization. In order to get an effective classification
model, Deep AE-MF combines the two phases of feature embedding and label embedding to learn a potential space for
model prediction. To further improve the performance of the model, the negative correlation between tags is exploited
in Deep AE-MF. Experiments on different datasets show the effectiveness and robustness of the proposed Deep AE-MF
method.
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PTM Yefipth 2 br2ssr A8, FYERARE, &)
THMEGELIMEML S HPTM st R E,
QBT ZIUH K A T ARAE (A K R R R
T 255 1) 5 B AH 5K 1 A 5 #4275 (Label power-
set) 2 R BRI IR A5 0], NS I
B () 52 4 B v, T L3 W] BE A AR 2 25 S B AN
PR P TR R AR YRR Bk 30 MRS 4
WO T 55 AR B HE 7, (HiBHEF R M. AAM i@
i R AR WML ) R R e 2 Fn 252 ) [ A,
WMETF SVM Bty RankSVM k01 0 #f
kNN #f g IMLLA 83k R 51 4h 3 D3k
PR NBML 3080 530 0 pi 700 pg 345 e 0 T
B AR 2 B 2 3 T 2200 T AR 2 (R ok &R, 248 3|
BB S AE R R 2 Fp B 5 I, A AR R I
[E{HFE, PEREI ATk,

FE R B E Y (Principal component analy-
sis, PCA)BY | Ze¥E#) 54347 (Linear discriminant
analysis, LDA)B? & Rtk A (Locally linear
embedding, LLE)P3 24 fhifi A £ AR B4 T %
B FAT S5 FBE o R B ARTEARYE i A ap
[ IS FE Gt AR C MBI D, M T8
il PCA K LDA FTEHAPSI AR (kS 5 D),
AR T iR ZE.

AT fEYE PTM 5 AAM il r o) 8, 2% 3
FERE S BRI IR S, A SCPE T BT 5 B S B 25
(Stack denoising autoencoder, SDAE) Fl1%F [ 4)-fif
BRIk A 2 2] S35 Deep AE-MF, %5 A H
REETR B — N HAWZE X AR R, BBETER
R TA) 52 2% B 1) [ IRF R R AR 25 R 1 5k 2R B R B
SDAE Rk > B TR )2 T SUARYE SRR A [ 43
A 2N A AR ARG R R IR & FE— R 2L 22>, 153
— AR Z R A 5 BR BURVAXT I,
Deep AE-MF F£2% 3] B} 6865 )RR BE 3 B ARG
RN KRBT MR R, 5 AAM BUEEM AR,
Deep AE-MF {fi j} SDAE $ARXFFESAT T I
P>, 1538 TIRIZE L SUARR R, SR/ bR
A LBIEAM L, Deep AE-MF #47 SDAE Fl
W il P B A G RRALE 5 7 2 ) B A T IR ik A2
>, (AR I -5 o A A2 2] By B R s AT

1E Deep AE-MF Sk, FRIEFR 122 > FiIH
SDAE B8 X2 FHEAZ 30 VR 2 08 SO RR AT 2
—NIRJZE S AIRYE R TR AR 43 12 > W4
D R EURGE IR AR R C KRS D,
WEGR TSR AN B 38 1 G A R ) XU TR IR, Ak T
TS 5 RS T B AR S AR S R AR S AR
2R 2 AR B ARYE R R B R A — &, ISRk
HRAFIAR A BB IS 3L [F] 2% 3 I A5 B — AL S8 7E

TS [A) AR A B A ) RN By B, AR SCE E DTk
AR

1) Deep AE-MF HE%% G 7 SDAE 141
W73 gt 2 — Tl B8 B T R R 2 ) LR e 20 AR IR
2] 2R FEE.

2) FRAEfR ARG H SDAE REAGS A &y >
Bl 6/ pe A SR TS PVAIDRAN P

3) Deep AE-MF J73RFFRFAE R AFIAR 22 KA
BTG4~ RERS N AFIE S ARSE 2 Al 4k 2] — VA
BRI T A 6], B2 2 AR A Iz AL
PERE.

4) SLE I A 6 ASE R R S _EX H
10 FhZhr&E 7> RAIE, UEW] T i Deep AE-MF
TR A R

1 FxIfE

Bl LI P B AR 1) B, A5 B S BT B i %
JERG, (A8 E R B A mYE. oy XUAR %R
KL, AE— AR X AR R K E A AT AR IR
fiist, HAMC ] BB EEM A T e pmic i e . X4t
AR B, SEELA AT PTM A1 AAM 1)
ZAREES T AR AR T AT IS DR oAy 3k e Ty i g v
1o AR D, PIrRs ZE R IR A AN ] R Y.

KT R PR IR, SCHR [34] $2 A bR 2
() 7 7E B MO 5 20 i 5 A 1 — B 4544 FH T 2 A
25012 SCHR [35] SR A bR AR AR AR 2 1)
V. REEVE RO R FR R T SR AR
2 ) AR I TR AR AR Ao v 1) 1) .

T B IAG RHh  figt v 2 SR Y R 1 1) (R 7R
Bk KT 52 W) 5375 P 8 1) IR R, 4 E 2 Ok / o A 3
AR T ZhR%25 ). 4E 2200/ ik A ¥R K3
A3 RS BT RHIE R 4E B 208, (Feature space
dimension reduction, FSDR)M =23 1 5 T #5 2
H 4t i 2y ) (Label space dimension reduction,
LSDR)?*-281 fnl 1 (a) i, FSDR 1 5e4 & 2
FIFRIEZS 0] X S B RYE e =50 C, 51 C
HY ZEE B AW h(C); X AR MRS 5 5 ik
AT TR B, SEF 6T B ) i 4R Ak A ARG R,
TR W h(C) S8 4R, SCEt [19] 78 BR
I R S 0 5 g VA 0 s 3 a1 == O
T M BB 7 2ORF S A R ik 2 [B) e Ak R AR R A
23 6], AR TR EIRES. SCHk [20] 45 7E BR
MEZETR, B2 ] ) S AER 2 AH (R, AT i i 4k
BE L5 2 A5 3] — A =W 123 8], AN CAT PAY D
BT, IR ffUe T 2442 s e S 850 22 1 1) .
SCHR [19—20] ¥ R FH 4tk oy SO0 s 4R AR AT AIG
A A, 2 FE IS i, B s iR S
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Fig.1 [Illustration of models based on embedding method

(R 2 K AR IR, dE— DR Rt X R IR R, Hi
T HE BB FRAE A B R W 7B AP fE. LSDR 24
TR 2 W2 0T e ZE Y B 25 1] e T4 1 1) — ik
A$AR, WE 1(b) PR, &Ik s b =
0] Y AT 20 BARLERAE =S 0] O B4 AT
H X 5 C ZIRIWGE h(X); 2R R FREE S5 0
AT, 5 AT h(X) 15 EMRLERR RN
WMEER, SRIHEN Q (D) 152 H A r i 4
ROSCHR [24] BUCRE TARE IR AN I G T2
PRI, BB AR IR R A AT IR, 1R
i 2ttt AR CS (Compress senseing) 5 A FR%S
2 AR AERR % 25 18] O, T38| ] CoSaMP E i)
TERE C RS R IR bR 25 25 (B 2R, A 2ot SCHR
[24] Bt WETE, SCHR (18] Rfin 2 A AR 23
SRR TR 1 R HEAT R A AL, 3 T DL S A
281y BLM-CS T M T T 2R %00 28, AR SCH
(18, 24] R %A I8/ Th X o 4E B I 119 2 AR 45
2] I TRIFE Y, (HRFEXHIRERR 2 25 8] C Ak
R JEAREE Z BTN K 2, KR T HAL R R M RE.
T3k [25] $ it PLST J7yA1E i aahR % = 0] 5 1%
YEHRZE A3 (A A AR I AR TP ] PCA BRYEROR, 15

X o A B2 1) R AT 24 DR ] B AR B AR 2 18] 1) 5%
F. SCHR (26] fi5th PLST J7 ik Aeidb s 4 i 2 it -
s FRAH S AR5 B AN A (A KRS,
kA PLST Jy ksl B8 CPLST J5ik, 7E)s
U & s () E AR Y A T 5 LA R AR A5 R, a0t
— AR AU RARIC R T A ER . SCRK [27]
feth FalE J7ik, fExt RAatn S/ FE2s ) Y 4240
1 FH AR M A3 B RAR IR 25 ()RR C R A i
Q; 5 PLST M1 CPLST J5 A0 1] 1 S 5N f A LE,
B A 224 D 0 ) B RSP DXL SRR (28]t
TR AR5, LSDR 5 FSDR #92 PAHRE]
—AEE HA RO ARER R 23 18 H AR, PR ST
Gi— YRR N ETH AR TT L.
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TAEM AR R (n: 2008, % ss) difrdk
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ShrZEE. L, 4305 Deep AE-MF J73K, Xf
PR AT 5 2 > 1 R B A L R a2 ), AE
HREr iR A5 o i AR, AN UBERERF AR AL I A etk 2
A TR AL S R, A RERI AR 8] Y K AR
PEAT TR I UARI AL, AT A 2 — A R U 2 s 25
Jr AL,
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2.1 EHENX

YA N AR R (2,9},
= {X, Y}, B X = [z, 2, ,zy] e RV Y
€ RN X FaBUREREEZ R, Y FBEBIRER
PR3], N 28RS AR AL, d 2RIk &
HIZERE, K JRbRas a4 X 52BIxT (2, y,),
x; BARE A « ASLHT Y RE &, g, NS
B o DB AR A, YHSAE
MR vi; = 1; B/, A vy = —1. FERBA)I 25
ARG — (20, Y,,) TR INGRIZBIRE,
ARG — R (Tiest, Yuos) Torn MHRSEHIRT, 20 F
Yoo A HIFE VN ZR5 I (5 1) S 430 6 B 1R R A0 )
T, Tiest M1 Ypose 2 BIFEIINZE-S I B S 051 X
IS BRI 25 [
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Neg(j, 1)z = ZI (ij # Yir) (2)

(1) Bt iy A5 B A AS [F) B n 2 7E a4
g LI R, BB A Sy 3 B R Y IE
FHEME (R =38 A R “IE R KX &R); X
(2) GEtt iy AT B A AN R A BR 25 e B0t 4 T i IR
FEFUEL, BB A Ry 3 B T Y A K
PE (B F BRI AR KR).

K 2 Deep AE-MF ByERFIARIK
Fig.2 The model of algorithm deep AE-MF

2.2 Deep AE-MF 5%

TEARE AT B B &S SR, 1
— M Zh5%5 5> 2051k Deep AE-MF. 1K 2 firR,
Deep AE-MF j&%T SDAE FlIH R4 i i e A ik
NSRSk [36) ATFIGEH SDAE X Jsd6s
TEAEME X R 5222, nS8— AN HAHRZEE W
R4ERIR L (RF Fo(X)); SRR 23 Mk D)2 o A 25
Y HESREIEE Y FERESENEERR C
KM HARWEAERE D (R1Y = CDT). FElZadfed, 4
WG (T, y,,) FIAF] Deep AE-MF B,
H SDAE FHEEFE 53 o3 A5 20 B A RRAE 5 AR 241G
#7238 K 7~, FF]FH CCA (Canonical correlation
analysis) 5 AKE P E X B FAGHEZS B R m il A e —
S, o BN B AR GEVE A E R BT B OR |/
N ZE M, DAL A 2% ) 31 5 38 1 i TE IR 4E
28] C. T&, Deep AE-MF J5 %1 HAR R A0 T
JiR:
Q = min \®; (X) + 32,(Y, C, D)+

a®s(Fe,C) +7P4(O) (3)

Hp, @ WFHEIR AR, @y RFRFIRAES]
ik, @3 248 X 5 Y BREmAS )L H 72 [H 45
&, @4 MZBRPZE © WIENA, ol 8. ALy
& H TP A R 2R i 24

4 Deep AE-MF B85 e 15, REAS AT
B AT B FRZE . BIFE Deep AE-MF #5241
B AL et T, BIE Tiese 1t SDAE H1 F,
MR RGE R M FOR, BE HAI A D -7
R AS B e A TG Yyt (B Yrosr = DFe(Trest))-
TR BRSO . PRSI BB A i A =4
A4 Deep AE-MFE ##7
2.2.1 FHERERANF S

N T BB R AER AR A ) X A RO A 2 A1
YRR AN 2SI L, HEAF AR R 3 MR IR X R,
1] SDAE XPFHEZEATR4E ik A2 >]. SDAE Jg—
FHEAE S AN ot s e R 2% dnla] 2 |k
w7, SDAE 58y 5 JZ M8, DA TEZE
B, ZEBIVZRFRZ NG IZE Fe, FHILIUZRFRZ J i
)2 Fa, A3CHUSDAE a2 B Fo(X) 1Eh X
X B AR AE R AE S 18] L AR, 1R ad A
PRUESR B A ROEAE =S W] L, 7EXF SDAE %J/\Hﬂm/\

F S e, 3 (3) W @1 BIAAPRHIEARZE A >
i) SDAE 7= A g5k, HPRAIE LR Bos:

O1(X) = |[Fu(Fo(X +2)) = X[l (4)
Hor, Xo€ RV 20 R AR A A 75 11 2 S A
FRAET i, e € RV S S i v 07 43 1 7 A= 11 e

PR, FMENPTTRESEO0 51 20, X +c €
RN I AR RS R, Fu(F.(X +¢)) 2
SDAE pyfitilifa s, || - |- s2fa M B rbriife (R
M P340, b TR E, BrIERRui e, 76 i
wH (X +e) B X R
2.2.2 IRFRERNES]

wE 1(b) Frx, BAMKZ BRI A
MIEGRIY P SR Q WIS Ay, T
D B T MR B Rt R gL P, (HET
HEFP R A 1 1) 2 UG A pR B ] BE AR B — AR
2 AUERARE I A SR AL, 5940 TRLBL RO RE. N
TSR RP XU, AR SORARAE A 8] Y BT TR R
AN — AR R R R AR5 Y ARG ik
AR C AT RS AERE D[R] e X e 45 25
Z IR RZIATIRE. HTHREXT Y EWHGE
Y 5 C. D zRMZESSHER/NMe, X (3) 1
O,(Y,C, D) XY 5 C. D Z[azRmfink, B

AL N R
AV, C,D) =" 3 (yy—cfd)’ (5)
1,j yijEPos(x;)
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Y R,y 2R Y T ATE M
JEM, C = [er,65,--,en]” € RV B Af
ZEHR NS S R AR R A MR AR B Y XN
B EER, ¢ BRBAESHEER C K
5, D = [di,do, - ,d] € RF* JU) 2 5 B 4
BRI C R, d; 248872 E %R
R D W5 g 5, Pos(x;) 216 = &AMIRESE
. KT R, BRAERR A UL, FEEE R R MiL ik
FHRITER IR C = [er 60, ]’ € RV Fl
D=ldydy, - ,dg]" € RE*,
223 HHFAESHEBEEBRANES]

AT REILE R A C B I, C B
) A e N 5 S R R 2 S SRR S ECT. A
Ui CCA BAK X 5Y BEMALE &, I
i T EAEARYE 2 R B A e A e M, PAGAS 2 — 1
HEEAE 72500 C $2 B8R T RE. 1ERAH X 151
B (BN, ARHESE X KHEFRZEREY) 1
WREG T AR ITVE, CCA FE % KA 18 1Y 3% 5
25 6] ) AH P R R 2 X Y B s W e W, R Ek
KAk corr(WE, W), 44§ DNN (Deep neural
network) Huft CCA HXf . i > Gt 5 52 bR B
HASE| T DCCA Jrik. %R ARSIk
SJFIRECH S DNN A BA R H bR 2 248

FEAICH, O5(F,, C) TR AERIR S FE MG
HEVRAE TR TP ZE SV, BRS SEHMEZ BRI
A, Xt @s(F.,C) i CCA HARIFMAESFZY
BT Dy (F,, C) fAEW FHER:

Oy(F,, C) = ||F.(X) = C|I3
s.t. EN(X)F,(X)=C"C=1, (6)

F. 5 SDAE Hi4is )z, F.(X) € RV 245 X
2l Fo R EZEERR, I, € R &A1
FERE, s WPRFTEZSRIMZERE RN, C € RV 245
XHAR AR A A AP FE 25 1) 7R . i SRR [38] )
0, 3 (6) AMUEARIENEESE R TAriE CCA JrikRy
R RACAHKCNESIRE, 1 HLRE A (BB I T e 7 vk A
e NE 2 CiRR

2.3 Deep AE-MF+neg

SRR A T LB AR A SR
MbRERCER DT 2, P, 7EXS Deep AE-MF #57
i | 2 s i i s A Y1 e S ) S
PREEIR] I IEAH AR EL) S BEXH R A8 8] A TEAH A5 2
BEATABARZ S, BRI TR R TERE; SR, X
BT SRR DT 2 A, AAE R E A
BUAE S (BIARZETR i sk AR E). 8 T B A 2ot
A ARZE 6] (41X Fh 04 A5 2, AR 3CHE Deep AE-
MF 58 5| ABREE ORAE S, S AR SE B R

FOR R DA AR H I AR 2R ) RTR
FERY BAR 7 RIS 1. 45450 (3) ~ 2 (6) Deep
AE-MF-+neg 1 H b el £in] 2R 4

Q = min A || Fy(F.(X)) — X[ +

| Mres(y — D)%+
a|[Fo(X) = Ol + 7®4(O)
s.t. EN(X)F.(X)=C"C=1, (7)

F, Ml Fy 5354 SDAE i g it 2 F1 A 05 )=,
F.(X) € RV 45 X &l F. 58004 %%,
C € RV, D € RF* 43 545 X bR 45 R B 25
> B AR =5 W) R 5 RS R, R M =
[mrllegamgegv"' 7mnNeg] e RV*K %Hﬂ%ﬂi 1 éEﬂ
A ADEBIE AR J SOl REERIARAE 5, W
Mregli, g] = 1; /W, M <&[i,j] =0, I, € R &
—NERLLAERE, s MR AREZS Y 4ERER /], ©4(O)
FORMSERIIE N, HPEA A DL (8).

©.(0) =D (IWill5 + l1Bil13) + > lidill; ()

l j=1

XL Wi by 235145 SDAE srag 2 AU A A
e, 1 <1<5,d; D W5 j 5. [, Deep
AE-MF 9 H bz e #on] 2 in ~ g K

Q = min A | Fu(F.(X)) - X7 +

Bl|M(Y — D)%+
a||F.(X) = C|7 +v24(0) 9)

XHEW M 5K (7) o M e FFrAE, Deep AE-
MF BEAES S R HEAT OREE, JEFE M ek R
SEARER NGB & A WA 5%, RI45E ¢ 58
Bl AR j W, A Mli, j] = 1; &0, Mi, j] = 0.
2.4 REURL

N T e 15 5] Deep AE-MF F1 Deep AE-
MF+neg #, FHZxIA (9) 5 (7) HATHAL
22>, X (3) ] IR I SR ) Y S G R OR
®1(X). ©2(Y,C, D). O3(F,,C). 24(O) 73l /21
FRERAE R A PR, ARZEARGE IR AR, T Al
P, S NI

PA Deep AE-MF R4 404k, Deep AE-MF
B A SR SDAE AR G4 il -84, %1T SDAE
WS EiA, SHA R DNN BRI A 7 vE—
BB BE TR B TR T 40 R 43 1 S U
AR H AR AR ETRVE. AL 2 FiTs (9) W DA i,
(X)) Fl @s(Fe, C) WHEEE T SDAE #5241
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tk, ®,(Y,C, D) Fil ®5(F.,C) N2 T4
IR AL, @4(©) KR A2 1E WAL, e PR
I3 S B 2 A R 5 380 0T B R

YT R RS 8 e; M d; AT 4L, B
SeZghE SDAE S8, SRERIE (9) 4051
WHRL S e M d; WHEE, ¢; 1 d; BEHWT
JrR:

C, =C; — n(DTMlD + OéIS)_l'

dj :dj —TI(CTMJC+’YI5)7ICTM]Y] (11)

Hep, M; = diag{m;, m, - ,mic} € RF*K &
M; = diag{mij, ma;, -+ ,mn;} € RN 5512
A FE M e 7. 55§ 504 oy kA 4R
Wi, 5ilE M = [my,my,--- ,my]" € RVXE ¢ =
l1,¢0, - sen]” € RV D = [dy,dy,--- ,dx]" €
RA %Y, = (Yi1, Yo, -+, Yig)T € RFX B ilign%s
FEFEY 095 @ Ard k.

KT SDAE #&¥ W, Fl b, 38, B R«
C 1 D B4 HiE, H245 6 H B % 322 > R
SDAE Wiy 2S5 o, BESEEHNT
FiR:

ow,

Hrp, F, 245 SDAE Hifgeid )2, F,; W24 SDAE
WIFRIGJZ, 0 &S EH I 2 ) .

I 1 ) 2O B, G 2 B0t 47 o B A Ak,
A A%~ >) Bl Deep AE-MF #2284, %} Deep AE-
MF+neg #EATH4L 242 B, KR (10) 5 (11)
HORE I M R M Bk M R MG R
Deep AE-MF4neg fy2= > idfEh RS LAY 1 5
BYE 20 BYE 1 AR ARSI AT SRR A HUR
FEAR R LA AR, A H B (2) 58]0 TR e
HiE Neg X528 A MFR 2 RS B bR, RAf
AEUREHLA L. 5% 2 #8152 Deep AE-MF+neg
2> AR, B ARRHIES R X SR Y
AR SEAE. 158, RN Z miwa i iy

T BE R PR 1); B, mBk 1A mneE
KRR Mree (IR 2); K5, i AS SR
A LE S R AT AR (RIX (7)), &R
X (10) ~ 3 (13) X HArek %t (7) S Httr
AR, A H AR R B A PR AL s N T —
SE B (Bs) sk B ERIERIE (PTR 3). 4H
RS SERUG, TR R B T iest, 7] H
Yeest = DFe(@rest) BI77 AT FS R AR50 (.

B 1. nEMARETE

N BRI Y, FRERCE K, BRSO R
N.

W BRGNS PEAE R Mes.

S} 1. i (2 MY AR Neg €
RKXK.

B 2. WL ADTEE Mee € RVK.

TR’ 3. A Y 5 Neg #EATRAE, 153 M es
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3.1 HBURGHR SRR

AT B R A SCHE 9 Deep AE-MF FI Deep
AE-MF-+neg Jry&mPERE, EHLT 6 D224k
I 4 DEAT S 56 3K, 4> %A enron. ohsumed! .
movieLens? . Delicious, EURLex-4K? #1 TJ4, Hr
Al 5 MRESCRAM Z RSB IRE, & MNE
HSCRRVEREE. 5T enron. ohsumed . movieLens
T X 4 ANBHR LR IR R, AT REE
T L, T — 2 XX SR AT AL, X T
SO A B SRR AT AL RS, IR R 4 P 45
) TSI BT 20 3R] B9 LR K — S SRR AR AT S
85, A SRR ) i R R FEIX HLAE A 8 000 4
PIRAEHEAT R, AT SRR R B, 2PIR Y
AL FRHESCORAAR R, A H T SO Z AR B 95T
HZEREVE R, FETALIL Z Fi, FRAT T Se AT 4
Vi, 4] SR A A R SC i) TH ANST 5. ek
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Delicious ##ia e 2 Ak R ih F A5 8dE, BUfEk 2 7o
T HE A KRFIHE R

Hof, PIRRES = & 20 sy = +1),
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PR, MR ER, Eh 15w, 5K 0.

'http://meka.sourceforge.net/
2https://grouplens.org/datasets/movielens/

3http://manikvarma.org/downloads/XC/XMLRepository.html

4http://tjzhifei.github.io/resource.html
Shttps://github.com/NLPchina/ansjseg

K1 ZIREEAREM LT

Table 1  Multi-label datasets and associate statistics
iEITS PREEL SigR RHERR MRS CTIIRRICER
enron 53 1702 8000 0.0637 3.378

ohsumed 23 13928 8000 0.0720 1.663

movieLens 20 10076 8000 0.1020 2.043

TJ 9 5892 8000 0.2001 1.801

Delicious 983 16 105 500 0.0193 19.03

EURLex-4K 3993 19438 5000 0.0013 5.31

3.2 TEOEN

ZbRicae LR, RS SE AT e R A 2
AFNbREE, R, 5HRES RGM I, 245
S 5] R RV HE AR A sl B H
A IR, ©F 2 M P40 e R4 & FF 7 iz i T
W Z %5 RGN MR ILEIPAT 5 Fho
MU, B hamming lossPY . 3 T#5219 Macro-
Fl-label (8#r Macro_F1) 5 Micro-F1-label (mi#x
Micro F1)H0 EFREASHY F1 {H") J Preci-
sion at top K (PQK)?, ji 1P 45352 > R %50
IVERE. FEX 5 DI HENI P, J5 4 DREBORFRR
B PEREBRGT, LA R R 15 mes 1 AE
BB NN AL P RE BT, S LSS RAE R 0.
3.3 BHKRE

AT Uk A SCHE ) i 35 Deep AE-MF
5 Deep AE-MF+neg 1A 301, F Deep AE-
MF fil Deep AE-MF+neg H¥:5 10 N2 &
38y, B BRP! LS_MLEPY | CCA-SVME2 | CCA-
ridge?, PLST??!, CPLSTR  FalER™ | LEMLI?® |
PD-sparsel*¥ | f1 ML_CSSP*4 3 47 52 3 b
. XFHAEER 4 o8 =25 BR REM R LML
] B % fk %5, LS_ML. CCA-SVM. CCA-ridge
HER 23 T RE A/ (FSDR) L 5k
ML_CSSP. PLST. CPLST. FalE. LEML. PD-
sparse NJEE TR A /208 (LSDR) B 5,
Hrp LEML. PD-sparse F 32 4F X 4% FR £ AR 4
R ETE. W AR & EE 2 T MatLab 52
Muy, Hr BR H¥EEE SVM E R H 5 7 245
%t LS_ML, CCA-SVM #l CCA-ridge =471
SR E I T I SCHR [27) SRS R BE. X T
ML_CSSP. PLST. CPLST. FalE. LEML. PD-
sparse YA, S B4 B R SCHER o BRIAE
AT W B R T A SCHE 1 Y Deep AE-MF Jy
5, SDAE (] 5 JZ1 M % 454y, Hrpae3 %
% B A /7 B 2 {0.0001,0.001,0.01,0.1}, % T
AR SE A o B By WETEE N
%) {0.001,0.01,0.05,0.1,0.5, 1,5, 10, 50, 100, 500,
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PREEARL LIREE R R B EBRT S
A=100, =1, a =50,v=0.1, s = 0.6K, 23]
#n = 0.001 itf, Deep AE-MF J5 3k A B A A
TEMTERE. 4 T RERE 7800 AR BR8] 1 X &R, Deep
AE-MF+neg #8245 & T HR%5 )1 G0 1 (FE3E
) 7R SEIREGA R A I B BRZE 8] 1 G 5K
P (ARIEE) 15 B REASHRTHEL LR AE.

34 SSWHEBRSHN

K¢ Deep AE-MF Fil Deep AE-MF+neg 5 HAth
10 fhi W Z PR BR. CCA-SVM., CCA-
ridge. LS_ML., PLST. CPLST. ML_CSSP. FalE.
LEML #1 PD-sparse #7550 0. #8418 5 Fhirdy
Fa, RI~FRT 4RI T AR HESH
i 10 Fpoof L BAVATESR 1 P8R 4R ERgTEdi i Scm
g5, XTI g R T IR R (5 Rongh
ST EERE).

% 3 BRE % Deep AE-MF Hil Deep AE-
MF+neg 7 6 MR £ P A 4 DR EM
T YA A & B/ ) hamming loss 8, BIA %
AR PERE, T HAEX 4 MRS TR 3 AN
TIRMERBEIEDNEE 3% ~ 10% AWM
BEIR 5. {H ¥ ohsumed Hl Delicious FHEET

RFEMINE, SRMERMLA 1.5% AR,
M T B4 Ml AR i, ohsumed i & 45 %5 1) -
Y% BEAH LT A g PR 4E /)N, Delicious $E4E1)
FRAE4E BE R /N, #F movieLens %(#z 7, Deep AE-
MF+neg #PERERS LT Deep AE-MF {:6E, J5 A
2 Deep AE-MF+neg %A 1% Deep AE-MF TEFi
DU B 30715 B 43 B AR 2 T A —1, FE£ e
FRZR —1 A% 1 Fr o B9 be 2 JE 5 Ry, SO R
FREEF N —1, B A R > fm a5 iR % (R4S 3
hamming loss /). M 6 EE S LE & 45
K E, Deep AE-MF Fil Deep AE-MF+neg 21
FHX A

M 4 Y5 R AT PAF i Deep AE-MF #I
Deep AE-MF+neg X #h 7 VA 7E 6 %4l & L
BIWAS T B a5 38, LT A moxs le 5k, %M
SDAE 223153 iy dE et FI T A M fig
(e, Ho Deep AE-MF+neg 75 ¥ 47F Deep
AE-MF J73, v B i ) R 28 i forE 6 i (FE 3k
M) 5B m A ERE. MR 4 TP E
BR JiEERE R 22, TR T AT VA P RE AR HE
e A

MEDS PR EREERE Deep AE-
MF #1 Deep AE-MF+neg 75 ¥£ 7£ movie-
Lens. TJ. enron., Delicious f EURLex-4K X
5 MR FHUS T B TERE, HAE Delicious #il
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Table 2 The number of characters in a multi-label dataset
HUEAR AN AR L)
50 PAY 50 ~ 100 100 ~ 200 200 ~ 400 400 ~ 800 800 AL
enron 0.437133 0.287309 0.165100 0.052291 0.014101 0.0440658
ohsumed 0.591008 0.325526 0.082473 0.000992 0 0
movieLens 0.427197 0.558372 0.014431 0 0 0
TJ 0.134589 0.354888 0.339613 0.159708 0.011202 0
7 3 JEThamming lossiyERE L8
Table 3 The hamming loss of ten multi-label algorithms with respect to different data sets
Bk RsE enron ohsumed movieLens TJ Delicious EURLex-4K
BR 0.0771 0.1484 0.1992 0.2923 0.0185 0.0032
CCA-SVM 0.1593 0.2148 0.3116 0.3764 — -
CCA-Ridge 0.1549 0.2140 0.3045 0.3268 - -
LS_ML 0.1000 0.2119 0.2474 0.2842 — —
PLST 0.0843 0.1510 0.2186 0.2906 0.0183 0.0037
CPLST 0.0841 0.1512 0.2186 0.2906 0.0182 0.0038
FalE 0.0841 0.1505 0.2188 0.2882 0.0183 0.0038
ML_CSSP 0.0836 0.1479 0.2075 0.2804 0.0181 0.0036
Deep AE-MF 0.0518 0.1693 0.1416 0.1891 0.0310 0.0013
Deep AE-MF+neg 0.0509 0.1630 0.1445 0.1869 0.0279 0.0012
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4  EF Micro-Fl-label fEfE 8
Table 4 The Micro-F1-label of ten multi-label algorithms with respect to different data sets

Fk BdEsE enron ohsumed movielLens TJ Delicious EURLex-4K
BR 0.3451 0.1137 0.3308 0.4281 0.1370 0.1294
CCA-SVM 0.2622 0.1528 0.3058 0.4355 - -
CCA-Ridge 0.2744 0.1509 0.3074 0.4344 - -
LS_ML 0.3417 0.1531 0.3633 0.4931 - -
PLST 0.3638 0.1589 0.3639 0.4781 0.1911 0.1540
CPLST 0.3643 0.1577 0.3642 0.4787 0.1911 0.1534
FalE 0.3643 0.1593 0.3607 0.4839 0.1911 0.1539
ML_CSSP 0.3606 0.1543 0.3532 0.4850 0.1860 0.1534
Deep AE-MF 0.5475 0.1642 0.3968 0.5421 0.2757 0.4913
Deep AE-MF+neg 0.5531 0.1962 0.4122 0.5632 0.2775 0.4936

%5 ET Macro-Fl-label FyVERELLE
Table 5 The Macro-F1-label of ten multi-label algorithms with respect to different data sets

FVE B enron ohsumed movieLens TJ Delicious EURLex-4K
BR 0.0923 0.0656 0.2066 0.4146 0.0338 0.0371
CCA-SVM 0.1045 0.1150 0.2572 0.4282 — -
CCA-Ridge 0.1019 0.1134 0.2556 0.4488 - -
LS_ML 0.1158 0.1141 0.2971 0.4832 — -
PLST 0.1149 0.0884 0.2742 0.4717 0.0460 0.0507
CPLST 0.1149 0.0863 0.2744 0.4725 0.0462 0.0514
FalE 0.1147 0.0863 0.2609 0.4647 0.0461 0.0506
ML_CSSP 0.1147 0.0793 0.2375 0.4580 0.0437 0.0492
Deep AE-MF 0.1356 0.0960 0.3394 0.5440 0.1316 0.1477
Deep AE-MF+neg 0.1384 0.1011 0.3455 0.5629 0.1324 0.1483

F6 HT FLIHREILE
Table 6 The F1 of ten multi-label algorithms with respect to different data sets

BVE B enron ohsumed movieLens TJ Delicious EURLex-4K
BR 0.2885 0.1046 0.2705 0.4482 0.1280 0.2061
CCA-SVM 0.2758 0.1354 0.2982 0.4191 - -
CCA-Ridge 0.2937 0.1344 0.2983 0.4360 - -
LS_-ML 0.3510 0.1352 0.3523 0.4821 - —
PLST 0.4029 0.1343 0.3158 0.4753 0.1650 0.2502
CPLST 0.4036 0.1330 0.3164 0.4758 0.1651 0.2503
FalE 0.4000 0.1327 0.3171 0.4738 0.1650 0.2502
ML_CSSP 0.3814 0.1318 0.2854 0.4799 0.1632 0.2419
Deep AE-MF 0.4491 0.1489 0.3307 0.4677 0.2138 0.4291
Deep AE-MF+neg 0.4582 0.1491 0.3381 0.5013 0.2310 0.4365

EURLex-4K 5% 3 K450 AT 10% K£H1
PEREPE 15 7E ohsumed ™, B TREEHRA M JLF T
VERUS T R RYEE R, t Deep AE-MF {425
T 1.5% ity HRAEHADEIEE FAPERES Deep
AE-MF #1 Deep AE-MF+4neg J7 A0 LB R £.

FrPA, A5 6 DR EAEAT S8 G PEBE R FEBE, Deep
AE-MF Hil Deep AE-MF+neg JriEHEE T, R
AT ETRA IR EAHHE T A E, BR &2
M6 FHERZERE: Deep AE-MF
Deep AE-MF+neg 7 enron, ohsumed. Delicious
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Table 7 The PQK of six multi-label algorithms with respect to different data sets
Feinde EURLex-4K Delicious
BEEEN /5y: LEML PD-sparse Deep AE-MF Deep AE-MF+neg LEML PD-sparse Deep AE-MF Deep AE-MF-+neg
pa1l 0.6340 0.7643 0.8078 0.8104 0.6567 0.5182 0.6633 0.6754
pa3 0.5035 0.6037 0.6821 0.6893 0.6055 0.4418 0.6095 0.6123
Pa@5 0.4128 0.4972 0.5764 0.5805 0.5608 0.5656 0.5764 0.5834

J¢ EURLex-4K FHUS T B 4Fr9 458, (B4E movie-
Lens %#5 4+ Deep AE-MF #il Deep AE-MF+neg
IHEE R AL SR R T 2otk 5 AR5 b1
LS_ML J5 YA R % % 455~ SE 90 5 A I AR 25 R AT BB
AR, 55 LS_ML A HeA SOy g7 3t A ZE 2 %
M 1.5%. MFHHEE TI, Deep AE-MF+neg
T8 —fLE, Deep AE-MF WHEE T H [E AR HY
7, Rt LSDR U VEAE RS 4 5 24 I
A FEER BB R R T AR X R A5 B, 5 Deep
AE-MF # b RE % 6 2] — AT A RN 7E IR ZE AR
geosial. MeEaPERE L, Deep AE-MF 1 Deep AE-
MF +neg {158 56T X% b aAE, JoE BR kA
FSDR AU 7.

7 HEE R A K Deep AE-MF Al Deep
AE-MF+neg 51l fR 2 AR%5 71 FEVETE AR B I
KB P eI gh A, FEVERE LT, R IRZ
R4 250 I i BE i) PQK (Precision at top
K). 525 25 R BoR M BUAF M K (A1}, Deep AE-
MF #1 Deep AE-MF+neg ¥JHui5 T LM 45 R, &
BT A SCHE i R R B R A R R 25 A R i e
)@, HA BN YERE.

R 3~FRT A 5 PR IR E I Se R 45 R
N, FEH ) Deep AE-MF #l1 Deep AE-MF+neg )
FYEM AT HA A, TR AR A LSS o fE g,
SDAE 1538| e tRn Fo(X), MM B
PR ER RN C RS D, A H 7223
HH—MZACRE S AP 1) o3 FAR AL, R AT DA
it Deep AE-MF+neg 118 JL-F-—H AL T Deep
AE-MF, R BIFEXF A 28 ik A B 1) B 2 22 [] 1) - 3
PUF B AT A — 25 m A PR RE.

AT HEGE E R ) S S O AT
6 PMEIRER ISR, R B EEKEH 5% 1Y
Student’s t test*. 7 Deep AE-MF 5[ Deep
AE-MF+neg #hpy 53500 kG 5 i, PA Deep AE-
MF [FPERE 2 T 804 T H L AR nd BB A M R
&, A Deep AE-MF {4k B 4T X be 3832 42 g
YER ek, M3 8 af PAF t} Deep AE-MF
HEAX HEETE 6 MRS L P {E, 7£ ham-
ming loss | HA—MZKT 0.05 (BISCHE R kik);
1 Micro-Fl-label T P {H¥/MF 0.05, HIY

S #F Deep AE-MF {1 RE 2 47 T H X WWERVE; 18
Macro-F1-label b, {CHPIAS P {EH2 KT 0.05; £
A AT Deep AE-MF BYMEREDL T HAM S %, X
F Deep AE-MF 5 Deep AE-MF+neg 4 GE5 56
I, DA PEREA A T i, M 8 Hu AE
1 3 PP ENS 6 M EdE&E B, 18 A~ P fHp A
A2 ARKT 0.05 (SCRelafR), BIAAH =%
PvERE A B ERN. it test LR 50T
B EAS S H VA A R

3.5 BHSR
3.5.1 8% a BT

AT RIS o X Deep AE-MF 1 REIT) 5%
W, 7€ {1, 5, 10, ---, 1000} 1 i&HEAS [m) L #E 47 5%
B, A SCEWA SRS O =R e o7 ORISR
S o PSR VERE RSO, S5 R WE 3 .

ME 3 B PAF Y, X hamming loss ¥£ enron
LTI PIAERAE b, BEE o BU3I, dhZ /e NI
I (RIPERRSE BN, T B TR
Macro_F1 fil Micro_F1 ¥£ enron f1 TJ P 4dE4E
b, BEE o W, fhZese BRI (RIMEGESE B
THH ).

M 3 AT AR @ = 50 Fffich, 7E enron £
TJ ERIAU A iR R e, 8 b ml PAIAA,
2o < 50 W, FRAEFIFRZER A i AT &7 L 3 /),
B PR EIR R RARS, o T EX PR 2 A Y
YR, TE5 AR IR R 2510 C B AR RE 7853 Fl
RFFIEE B 24 o > 50 B, FRAEFIAR A i AT
B B EE K, SRBARR A ik A AR 22 ) FRE TE fE %
ANCe T o S A EE S R = SO it 2 P g
oSl Y By, SECT Y BE A EE R
. LR A0 SEIR S5 AT 434, EE o = 50 1E M
ZHUYH.

3.5.2 B¥ s NERMSH

N HEE Il Deep AE-MF EfiE fi £ i O 7%
TEZSHYESE s 6, 78 {0.1K,0.2K, -, K} Hik#f
AN s (EBAT SR, Hot K FonBndetn 2 i ML
AR SCAE WA 4 A =Rl A0 J7 SORBIETE S £
s XTSEER PERERYSZ I, GERANM 4 Frs.
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28 Student's t test 45 P 1 (IHFER P (H KT 0.05)
Table 8 P value of Student's t test results (Bold indicates that P value is greater than 0.05)

enron ohsumed movieLens TJ Delicious EURLex-4K
hamming loss
BR 1.87TE—5 1.02E—-3 7.03E—6 2.94E-7 1.32E—-5 9.64E—-3
LS_-ML 2.93E-5 1.27TE—4 5.92E-7 3.28E-7 - -
CCA-SVM 3.38E—8 2.04E-6 4.47E-T7 4.55E—10 - -
CCA-Ridge 5.34E—-9 6.01E—6 2.33E-7 3.97TE-T7 - -
Deep AE—MF PLST 2.41E-8 2.91E-3 8.36E—12 3.04E—-9 8.04E—6 4.67E—4
CPLST 2.43E-8 3.04E-3 2.05E-5 1.32E-9 5.01E—6 9.75E—4
FalE 3.62E—9 5.83E—4 1.25E—-11 3.09E—-9 1.61E-5 5.38E—4
ML_CSSP 9.35E—8 8.36E—2 8.18E—-7 7.93E—10 3.08E—6 4.29E-3
Deep AE—MF+neg 1.90E—-5 7.39E—-4 3.89E-7 2.73E—-4 3.21E-3 1.09E—-1
Macro-F1-label
BR 4.85E—10 3.01E-6 1.73E-7 3.61E-7 2.63E—-9 3.12E-9
LS_ML 4.03E—-10 1.25E—-1 3.26E-7 4.11E-8 - -
CCA-SVM 3.19E-8 5.48E—2 3.21E-7 3.37TE—-9 - -
CCA-Ridge 6.06E—11 4.84E—4 1.51E-5 3.01E—6 - -
Deep AE-MF PLST 1.51E-9 2.23E-3 1.93E-5 6.64E—-7 4.38E—-8 4.13E—-12
CPLST 1.42E—-9 5.19E—-3 5.21E-5 1.03E—6 8.21E—-9 1.62E—11
FalE 1.72E-10 3.99E—-2 1.83E—5 5.11E-7 2.26E-7 1.45E—-10
ML_CSSP 1.64E—10 4.12E—4 4.03E—6 3.03E—-7 6.63E—9 8.11E—-11
Deep AE—MF+neg 1.61E-5 5.51E-7 8.11E-2 3.09E-7 1.18E-3 2.34E—-4
Micro-F1-label
BR 1.62E-8 2.82E—-5 2.34E—-8 5.07E—11 1.35E—8 9.95E-9
LS_-ML 3.90E-7 1.54E—-4 2.75E-7 1.31E-10 - -
CCA-SVM 2.74E-7 5.75E—4 4.25E—-9 6.72E—9 - -
CCA-Ridge 2.70E-7 1.84E—4 4.85E—-8 1.06E—-10 - -
Deep AE—MF PLST 5.01E—6 8.47TE—-3 9.98E—-9 2.71E-10 5.21E—-8 1.02E-9
CPLST 7.08E—6 6.36E—3 4.18E—9 4.14E-11 5.08E—8 1.73E—12
FalE 1.40E-5 5.86E—3 1.61E-9 1.08E—10 5.35E—9 4.44E-10
ML_CSSP 6.03E—5 3.01E—4 2.84E-9 6.08E—12 5.86E—-T7 2.21E-9
Deep AE—MF+neg 1.2E-2 3.31E-3 8.03E—-5 3.45E-8 4.21E—-4 2.21E-3
0.250 - B 06 - T 06; o
g 025 Zi _ Zj
o o =
£ 0.200 - §I 03 L g o3
£ 0175 = 027 = 02
0.1+ 0.1
0150 03050 70 100 300 500 7001 000 0 57703050 70 100 500 500 7001 000 0775 70 30 50 70 100 3005007001 000
a a a
(al) Hamming loss fH (a2) Macro_F1 {f (a3) Micro_F1 18

(al) Hamming loss value (a2) Macro_F1 value (a3) Micro F1 value
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Fig.3 The performance of Deep AE—MF on data sets TJ and Enronis with respect to different values of

« and different metrics
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Fig.4 The performance of Deep AE—MF on data sets EURLex-4K and enron with respect to different values of s/K

and different metrics

ME 4 7] PLFEH, %FF hamming loss FE
EURLex-4K f1 enron Wi PMEUIE4E -, FEE s 1Y
B, M BRI (BERe e B R
F); 1 3T Fr% 89 Macro F1 il Micro F1 ¥¢
EURLex-4K fl enron W PEiE&E L, BEE s 193
o, M Sk se B R (RIVERRSE BT R,
A ERE 4 PRLEEsE R, EURLex-4K #1 enron
fE s BUE N 0.6 K [Tt 33k B AR RE, Rtk

B s R 0.6K 1R nBUE.
4 ZhEig

AR BT SDAE MM I 252502
Bk Deep AE—MF } Deep AE—MF+neg Deep
AE-MF Hiki@dxf SDAE Fi MF AT 515 51
— AMFRAE AR 25 AR Ao S HESE, b@Zﬁxﬁ
HH AL A L 56 Z2 2y ) I ) AR A )



10 44

R B IR AR SR KR

1981

H.

Deep AE—MF+neg FyETE: > i F| HRZE 2

IR SR ¢ (IEIEBE) 5 BAS AL B MR8 A2
A ARG i 28 52 B A PERE. SRR &GRSR, Deep
AE—MF J Deep AE—MF-+neg LT3 LHIE, fiE
AR T AN KRB ARE I RATSS

10

11

12

13

References

Gong Y C, Ke Q F, Isard M, Lazebnik S. A multi-view em-
bedding space for modeling internet images, tags, and their
semantics. International Journal of Computer Vision, 2014,
106(2): 210—233

Cambria E. Affective computing and sentiment analysis.
IEEE Intelligent Systems, 2016, 31(2): 102—107

Zhang Chen-Guang, Zhang Yan, Zhang Xia-Huan. Normal-
ized dependence maximization multi-label semi-supervised
learning method. Acta Automatica Sinica, 2015, 41(9):
1577—1588

(3Rt akae, SKEWK. R RIVEALHAE 2 bric e g 2 2] O k.
B3k, 2015, 41(9): 1577—1588)

Poria S, Cambria E, Bajpai R, Hussain A. A review of af-
fective computing: from unimodal analysis to multimodal
fusion. Information Fusion, 2017, 37: 98—125

Boutell M R, Luo J B, Shen X P, Brown C M. Learning
multi-label scene classification. Pattern Recognition, 2004,
37(9): 17571771

Wu Q, Ye Y, Ho S S, Zhou S. Semi-supervised multi-label
collective classification ensemble for functional genomics.
BMC Genomics, 2014, 15(S9): S17

Kazawa H, Izumitani T, Taira H, Maeda E. Maximal margin
labeling for multi-topic text categorization. In: Proceedings
of the 2005 Advances in Neural Information Processing Sys-
tems. Vancouver, Canada: The MIT Press, 2005. 649—656

Hiillermeier E, Fiirnkranz J, Cheng W W, Brinker K. Label
ranking by learning pairwise preferences. Artificial Intelli-
gence, 2008, 172(16—17): 1897—1916

Zaragoza J H, Sucar L E, Morales E F, Bielza C, Larranaga
P. Bayesian chain classifiers for multidimensional classifica-
tion. In: Proceedings of the 22nd International Joint Con-
ference on Artificial Intelligence. Barcelona, Brazil, 2011.
2192—-2197

Elisseeff A, Weston J. A kernel method for multi-labelled
classification. In: Proceedings of the 2002 Advances in Neu-
ral Information Processing Systems. Cambridge: MIT, 2002.
681—-687

Xu J H. An extended one-versus-rest support vector ma-
chine for multi-label classification. Neurocomputing, 2011,
74(17): 3114—3124

Zhang Min-Ling. An improved multi-label lazy learning ap-
proach. Journal of Computer Research and Development,
2012, 49(11): 2271-2282

(RELR. — P B2 ARC e > Jk. THENUBFTE 5 K, 2012,
49(11): 2271—-2282)

Zhang M L, Penia J M, Robles V. Feature selection for multi-
label naive Bayes classification. Information Sciences, 2009,
179(19): 3218—3229

14

15

16

17

18

19

20

21

22

23

24

25

26

27

Guo Y, Wu QY, Deng C R, Chen J, Tan M K. Double for-
ward propagation for memorized batch normalization. In:
Proceedings of the 32nd AAAI Conference on Artiflcial In-
telligence. New Orleans, USA: AAAT Press, 2018.

Li L, Wang H F. Towards label imbalance in multi-
label classification with many labels[Online], available:
https://arxiv.org/abs/1604.01304, May 24, 2018.

WuQY, YeY M, Zhang H J, Chow T W S, Ho S S. ML-
TREE: a tree-structure-based approach to multilabel learn-
ing. IEEE Transactions on Neural Networks and Learning
Systems, 2015, 26(3): 430—443

Wu Q Y, Tan M K, Song H J, Chen J, Ng M K. ML-
FOREST: a multi-label tree ensemble method for multi-
label classification. IEEE Transactions on Knowledge and
Data Engineering, 2016, 28(10): 2665—2680

Kapoor A, Jain P, Viswanathan R. Multilabel classification
using Bayesian compressed sensing. In: Proceedings of the
2012 Advances in Neural Information Processing Systems.
Lake Tahoe, Nevada, USA: NIPS, 2012. 2645—2653

Park C H, Lee M. On applying linear discriminant analy-
sis for multi-labeled problems. Pattern Recognition Letters,
2008, 29(7): 878—887

Ji S W, Tang L, Yu S P, Ye J P. Extracting shared sub-
space for multi-label classification. In: Proceedings of the
14th ACM SIGKDD International Conference on Knowl-
edge Discovery and Data Mining. Las Vegas, USA: ACM,
2008. 381—389

Yu S P, Yu K, Tresp V, Kriegel H P. Multi-output regular-
ized feature projection. IEEE Transactions on Knowledge
and Data Engineering, 2006, 18(12): 1600—1613

Wang J, Yang Y, Mao J H, Huang Z H, Huang C, Xu W.
CNN-RNN: a unified framework for multi-label image clas-
sification. In: Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas, NV,
USA: IEEE, 2016. 2285—2294

Nam J, Kim J, Mencia E L, Gurevych I, Firnkranz J. Large-
scale multi-label text classification  revisiting neural net-
works. In: Proceedings of the 2014 Joint European Con-
ference on Machine Learning and Knowledge Discovery in
Databases. Berlin, Heidelberg, Germany: Springer, 2014.
437—452

Hsu D, Kakade S M, Langford J, Zhang T. Multi-label pre-
diction via compressed sensing. In: Proceedings of the 2009
Advances in Neural Information Processing Systems. Van-
couver, Canada: MIT Press, 2009. 772—780

Tai F, Lin H T. Multilabel classification with principal la-
bel space transformation. Neural Computation, 2012, 24(9):
2508—2542

Chen Y N, Lin H T. Feature-aware label space dimension re-
duction for multi-label classification. In: Proceedings of the
2012 Advances in Neural Information Processing Systems.
Lake Tahoe, Nevada, US: NIPS, 2012. 1529—1537

Lin Z J, Ding G G, Hu M Q, Wang J M. Multi-label classi-
fication via feature-aware implicit label space encoding. In:
Proceedings of the 31st International Conference on Ma-
chine Learning. Beijing, China, 2014. 325—333



1982 H 3l

e

¥ 45 %

28

29

30

31

32

33

34

35

36

37

38

39

40

41

Yu H F, Jain P, Kar P, Dhillon I. Large-scale multi-
label learning with missing labels. In: Proceedings of the
31st International Conference on Machine Learning. Beijing,
China: ACM, 2014. 593—601

Tsoumakas G, Katakis I. Multi-label classification: an
overview. International Journal of Data Warehousing and
Mining, 2007, 3(3): 1-13

Fu Zhong-Liang. Cost-sensitive ensemble learning algorithm
for multi-label classification problems. Acta Automatica
Sinica, 2014, 40(6): 1075—1085

(B R 28RN U B E ) B B3R, 2014,
40(6): 1075—1085)

Abdi H, Williams L J. Principal component analysis. Wiley
Interdisciplinary Reviews: Computational Statistics, 2010,
2(4): 433—459

Pudil P, Somol P, Haindl M. Introduction to Statistical Pat-
tern Recognition (Second Edition). San Diego: Academic
Press, 1990. 441-507

Roweis S T, Saul L K. Nonlinear dimensionality reduc-
tion by locally linear embedding. Science, 2000, 290(5500):
2323—-2326

Tsoumakas G, Katakis I, Vlahavas 1. Effective and efficient
multilabel classification in domains with large number of
labels. In: Proceedings of the 2008 ECML/PKDD Work-
shop on Mining Multidimensional Data. Antwerp, Belgium:
Springer, 2008. 53—59

Tsoumakas G, Vlahavas I. Random k-labelsets: an ensem-
ble method for multilabel classification. In: Proceedings of
the 2008 European Conference on Machine Learning. Berlin,
Heidelberg, Germany: Springer, 2007. 406—417

Tang Chao-Hui, Zhu Qing-Xin, Hong Chao-Qun, Zhu
William. Multi-label feature selection with autoencoders
and hypergraph learning. Acta Automatica Sinica, 2016,
42(7): 1014—1021

(RFRates, A, LR, Uil BLT [ gmid BOt I 2 2] i 2 Am
FRIEVEE. BB b2k, 2016, 42(7): 1014—1021)

Zhang Y, Schneider J. Multi-label output codes using canon-
ical correlation analysis. In: Proceedings of the 14th Inter-
national Conference on Artificial Intelligence and Statistics.
Ft. Lauderdale, USA: JMLR, 2011. 873—882

Wang W R, Arora R, Livescu K, Bilmes J. On deep multi-
view representation learning. In: Proceedings of the 32nd In-
ternational Conference on Machine Learning. Lille, France:
Omni Press, 2015. 1083—1092

Schapire R E, Singer Y. BoosTexter: a boosting-based
system for text categorization. Machine Learning, 2000,
39(2—3): 135—168

Yang Y M. An evaluation of statistical approaches to text
categorization. Information Retrieval, 1999, 1(1—2): 69—90

Godbole S, Sarawagi S. Discriminative methods for multi-
labeled classification. In: Proceedings of the 2004 Pacific-
Asia Conference on Knowledge Discovery and Data Mining.
Berlin, Heidelberg, Germany: Springer, 2004. 22—30

42

43

44

45

Yen I E H, Huang X R, Ravikumar P, Zhong K, Dhillon
I. PD-Sparse: a primal and dual sparse approach to ex-
treme multiclass and multilabel classification. In: Proceed-
ings of the 2016 International Conference on Machine Learn-
ing. NY, USA: ACM, 2016. 3069—3077

Bhatia K, Jain H, Kar P, Varma M, Jain P. Sparse local em-
beddings for extreme multi-label classification. In: Proceed-
ings of the 2015 Advances in Neural Information Process-
ing Systems. Montreal, Canada: Cornell University Library,
2015. 730—738

Bi W, Kwok J. Efficient multi-label classification with many
labels. In: Proceedings of the 2013 International Confer-
ence on Machine Learning. Atlanta, GA, USA: ACM, 2013.
405—413

Demsar J. Statistical comparisons of classifiers over multiple
data sets. The Journal of Machine Learning Research, 2006,
7: 1-30

XEE LR RIBEE, WL T2
FEIT T J L 2], Bs Az, ARGl AR
YE#. E-mail: htliu@ahu.edu.cn

(LIU Hui-Ting Ph.D., associate
professor at Anhui University. Her re-
search interest covers machine learning
and data mining. Corresponding au-
thor of this paper.)

R ZROCF LR A B
FEIT LR ), SRR

E-mail: Ixy_un@126.com

(LENG Xin-Yang Master student
at Anhui University. His research in-
terest covers machine learning and text
categorization.)

EMF RO B
T R AL g ), Bn gz .

E-mail: wll9267@126.com

(WANG Li-Li Master student at
Anhui University. Her research interest
covers machine learning and data min-

ing.)

B W RO RIS, Mt R
FET AL >, B RE S B AL
E-mail: zhaopeng_ad@163.com
(ZHAO Peng Ph.D., associate pro-
fessor at Anhui University. Her re-
search interest covers machine learning

and intelligent information processing.)



