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Unsupervised dimensionality reduction of multi-label learning
via autoencoder networks

YANG Wenyuan
(Fujian Key Laboratory of Granular Computing and Application, Minnan Normal University, Zhangzhou 363000, China)

Abstract: Multi-label learning is a machine learning framework that simultaneously deals with data associated with a
group of labels. It is one of the hot spots in the field of machine learning. However, dimensionality reduction is a signi-
ficant and challenging task in multi-label learning. In this paper, we propose a unsupervised dimensionality reduction
method for supervised multi-label dimensiona reduction methods via autoencoder networks. Firstly, we build the autoen-
coder neural network to encode the input data and then decode them for output. Then we introduce the sparse constraint
to calculate the overall cost, and further use the gradient descent method to iterate them. Finally, we obtain the autoen-
coder network learning model by deep learning training, and then extract data features to reduce dimensionality. In the
experiments, we use a multi-label algorithm (ML-kNN) as the classifier, and compare them with four other methods on
six publicly available datasets. Experimental results show that the proposed method can effectively extract features
without using label learning; thus, it reduces multi-label data dimensionality and steadily improves the performance of

multi-label learning.
Keywords: multi-label learning; dimensionality reduction; unsupervised learning; neural networks; autoencoder; ma-

chine learning; deep learning; feature extraction
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Table 1 Data description RNGEES
o N N S — P 1 p 1
HHEEE N4 AH M A P4
A: Arts 2000 3000 26 462 PO, 2l ad T 2 bR 1] 43 28 2% 0 )
B: Business 2 000 3 000 30 438 FRICEE R 5 PR R0 22 BE R JE & ZAnid 0 25 e
N J Ab
C: Computers 2 000 3 000 33 681 HITETE .
3 i
D: Health 2000 3000 32 612 ) Hi# 8 )
1 1
. . Rankingloss(f) = — e R Y1) S
E: Recreation 2000 3000 22 606 gloss(f) » ; 1207 {OLYINf (xy1) an
F: Reference 2 000 3000 33 793

SEG R, B MUAE B9k 5 4 Fhagk g 17
XT EE, X B A I 43 S e 2 A B 2 18 3 B A3 o AT
PCA B3P ARl 4 B 24 177 Je 3 4 £ 4552 LPP™
BAL L AR B R AR M LE R Y, DL R Z AR
IO K fk MDDM 553

T2 A B2 1 I 45— H ML-KNN 5530k 1 7
Zhridsr2E, k=10, 3L ML-KNN 553 76 Ji
WRAE S M IE N MEREE N S L, ik
Baseline, MDDM %3 #u = 0.5, LLP 55032 73 2R i)
4 3 4 42 T Y R il 48>0 5 ML-KNN 5k —
W k=10, B 4502 @ 7 vk K 2 20 4 [R) i 2
FESEAT XS E, B A R AR 6 B 4B L B R AE R
4EH 73 R 10%. 20% . 30%. 40% . 50% . 60% .
70%. 80%. 90%. 100%, 3£ 10 4~ E 43 LL AY S 56 % L
42 ZHRICFEITMIER

EZpmids S mErh, | TR DXL AR
B HA Z A28 50hm00, AL 48 W B 24 > b
M ERFRICITA 8 s ik HEH T 2% 2 R4
PIPERETT Y o R, BFSE T TAR R4 T — R 5]
ZEC P AE bR, — Ml S PR E AL, BT
FEA BIPEA 645 (example-based metrics)™ L J J
TR BB IEM#5 b5 (label-based metrics)?™, 7483
FERH 5 FFEbR, BISE0KS BE (average precision) .,
BB K (Hamming loss) ., HE 44 1 2% (ranking
loss), —#% 1% (oneerror) F174 7 (coverage), HAKY)
HEALWT,

1) V- 2Hs
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=P pz;m|

’ ’ 7 15
Z |{vIrank, (x;,y") < rank; (x,,y),y" € V)| (15)

rank; (x;,y)
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AR ZABRICHEF P90, HELE AR SEARIC Z 1 Y
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4) —HEiR

1 ¢
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L= ver
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B P R BERIE AT

5) # 1

1 P
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B, I PR IR B R A Y S0 R 0 HE 44
T AR BRI T N 3R T e A R B LA A AT L
A 5IZE A PRIL
43 IR

5 RV RS AL 6 NEE, 7R 6 N2 AR
CEHE L L S TR R bR E AT 0 LS5, S5
I 45 SR SR IR 4% 2~6,

F2 RREBRERENTHBEE

Table 2 Average precision of different algorithms

M A B C D E F

Baseline 0.5093 0.8798 0.6334 0.6812 0.4544 0.6193
PCA 05334 0.8762 0.6592 0.7233 0.5259 0.663 9
LPP 05163 0.8746 0.6309 0.6926 0.487 8 0.6356
LE 04963 0.8656 0.6212 0.6869 0.4560 0.613 1

MDDM 0.5575 0.8869 0.6730 0.7004 0.5106 0.654 6

MUAE 0.5359 0.8893 0.6787 0.7153 0.5293 0.662 6

2 VEN P YR AR PRI S I 25 2R, Rk
(B2 R T, B I A R R R OR . LI A
B B8, MUAE J5 157 Business, Computers ., Re-
creation — MRS FHFBUSIRAF45 R, PCA 7E Health
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AE Arts B4R OIS S i 45 2R o REUEAEF 1Y
WG HE US4 i 52 30 25 R, 33X BT H 4 A TR B2 )
2R Re 8 I [ A ) B AR BB FRIE, e B
1) Z2 bR ic B S L R A% 1 0 W B Oy T U B Y
FEAERIOR

T3k, 4 D VENFE AR A3 IR TRk | HEA i
g —EE IR T, TR PR EUE BNV, 3R 3~6 41
IR 4 BN 8 PR 0 25 IR S 45 R, medf
285 S SRR 7R . MUAE 33k Ui B a5 di 4
AR 303,02, 2, 4 DR AP 25 R WoR
th MUAE J7 36 BUAR I b oAt 4 Fh 38k RS e 5
At

x 3 AEFEERERINRHRK

Table 3 Hamming loss of different algorithms

7R PRI AR A U BT, MUAE
ORGSR v HARCE AR, B0 KR B2 22 4k, T LPP
I LE 31X WA 503 B A e 24 71 0 LU 3 kS B2
Mg T

x5 FRBEFEN—FIR

Table 5 One-error of different algorithms

() A B C D E F

Baseline 0.6327 0.1213 0.4367 0.4207 0.706 7 0.4730
PCA 05883 0.1227 0.4120 0.3550 0.6067 0.4243
LPP  0.6270 0.1200 0.4423 0.3933 0.6517 0.4523
LE  0.6498 0.1350 0.4520 0.3807 0.6950 0.4757

MDDM 0.5557 0.1183 0.3927 0.3940 0.6263 0.4357

MUAE 0.5910 0.1171 0.4120 0.3640 0.6197 0.423 6

) A B C D E F

Baseline 0.0612 0.0269 0.0412 0.0458 0.0618 0.0314
PCA 0.0592 0.0279 0.0374 0.0392 0.0584 0.027 6
LPP  0.0603 0.0272 0.0408 0.0427 0.0592 0.030 6

LE 0.0617 0.0282 0.0421 0.0433 0.0610 0.0316

MDDM 0.0585 0.0262 0.0373 0.0408 0.0596 0.029 1

MUAE 0.0593 0.026 0 0.0365 0.0402 0.0581 0.028 3

Ro6 TREBEHFENES
Table 6 Coverage of different algorithms

) A B C D E F

R4 TEBESZHAEBIREK
Table 4 Ranking loss of different algorithms

Baseline  5.445 2.185 4.416 3.305 5.097 3.542
PCA 5.189 2315 4220 3.080 4.507 2.999
LPP 5368 2377 4492 3265 5.036 3.361

LE 5.584 2.468 4.599 3477 5225 3.559

MDDM 4871 2.071 3.986 3.096 4.578 3.071

MUAE 5195 2.065 4.175 3.092 4.501 3.009

(@) A B C D E F

Baseline 0.1520 0.0374 0.0922 0.0605 0.1912 0.0919
PCA 0.1414 0.0415 0.0859 0.0543 0.1657 0.076 2
LPP 0.1487 0.0432 0.0927 0.0607 0.1875 0.087 0
LE 0.1565 0.0455 0.0965 0.0642 0.1978 0.092 4

MDDM 0.1326 0.0347 0.0826 0.0557 0.1698 0.078 1

MUAE 0.1405 0.0387 0.0806 0.0554 0.1649 0.076 2

CEA BRI A T R I, AR A e ik
AT 70 W B R AR SR, b TG W B A 7k R A A TR A
)RR, XN 12 A 55 T H G i i B AR 1 T 45
¥, HLBE B M O B A B B R AR, BT DL
U S AE R

R T #E— 25 BT A GBS TEAS [ B4R 43 LY
PERE, DL4E BRI 10% TFAR, K DL 10% i34
£ 100%, 1041, Z5RUE LR, K 3 2
- Y0KG B Bl R AR B 4E 1 4 AR L OC R, MUAE 7E
6 A A L LA 3k RE BTSSR B . IR 3

T4k, BRECYE 5 Business #1 1 = A 5 A~ B
£, A BRI R IE RS E o BN LT,
- EAORG B 1 S 56 45 SR AT L Baseline A 45 47, iX
P W K o0 B AR 0 SE AEFE U AR I RRIE, & 5
PRI RRAE T A BR T JURFRAE, WL, £
PRic Bs B4 5, 2 200K B R mi 45 2R 6] #2519
P

Hax 4 4abr, DDLU HERA B L —55
RN 55, BERRAE R AR A o L AR L E R B R TE
& 4~7 Hr, 3X 4 FpAg BN R g . B 4~7 BoR
B bR IERE, B | MUAE J5 ¥ b Hifth 4 Fh 5 :
I, M4, BIRAR RN, R MUAE J5 ik
FRE AT .

LG Z PR B 5 A48, MUAE J7 ik 45
R b H A 4 By vk RN L o R vE O, T Ho7E 45 4
PERURE B 43 LU 00T Bon B iR e k. S8
U 25 SRk — LR, A g 9 2% 1 2k H bR 7R 45
FE4E T 40 LLIE LT, B8 PR 45 55 28 42 BUAT 19 204
FRAE



« 814+ B OB R & ¥ W %1345
58 X107 __ Bageline - LPP - PCA 89.510° __ paeline - LPP - PCA
sl -«-LE  MDDM —e-MUAE 2901 “«.LE  MDDM —o- MUAE

e, e, msss|
52 puid
T S — . .{\’88'0“/ ——
P SN ) N
46 - 87.0+ 7 T e
44 n n n n n n n n 3 865 ’ 1 1 1 1 1 1 1 1 J
10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100
FEIERRAE 53 L% FRIERRAE o3 H/%
(a) Arts (b) Business
x102 — Baseline LPP PCA x102 —Baseline LPP PCA
;6; “«-LE ~ MDDM —»MUAE 681 ~+-LE ~ MDDM -~ MUAE
52 661
50 264+
iF 48 £¢
gy 7 O
] 60t o
38 1 1 1 1 1 1 1 1 J 1 1 1 1 1 1 1 1 ]
10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 10
FRIERRAE 5 53 L% FRIERRYE 53 H/%

(c) Recreation

&3

(d) Reference

FHEERSERERSETULXR

Fig. 3 Relationship between average precision and percentage of features

——Baseline LPP PCA
63.0 %1073 -+-LE MDDM —e- MUAE
62.5f J—
620f
® 615F A ,,4“\\\ e
X 61.01 H
= 60.5F
X600t
59.5¢
59.0
58.5 L L L L L L L N 3
10 20 30 40 50 60 70 80 90 100
FHIEREAEE 73 L/%
(a) Arts
. —Baseline LPP PCA
657107 ..LE ~ MDDM -~ MUAE
64 [
L
63 T
62 - "
= e gl
;i( 61t
60
SQ‘W

58

165 |

P S e ,

145 ;—__,—"'///‘\\\‘\‘\o———t”’.\‘\t”"

135 |

10 20 30 40 50 60 70 80 90 100
FAERELE E 4 /%
(c) Recreation

& 4

——Baseline LPP PCA
29.0 2107 -+-LE MDDM —-MUAE
28.5+
&K28.0F
i
%‘27‘5
227.0
26.51
26.0 L L L L L L L L 3
10 20 30 40 50 60 70 80 90 100
FHIERELEE 53 L/%
(b) Business
——Baseline LPP PCA

3625107 L 1E

341
Kyl o 7

=

=
"%30'

BN

MDDM —-MUAE

AR
PLEEEE

6
10 20 30 40 50 60 70 80 90 100

FHERELE F 43 /%
(d) Reference

AR R B EFE B S LE T X R

Fig. 4 Relationship between Hamming loss and percentage of features

LPP PCA

x103 — Baseline
[ MDDM - MUAE

-+-LE

L L L L L

30 L L L ]
10 20 30 40 50 60 70 80 90 100

FEAERELE 53 /%
(a) Arts

46 107 —Baseline LPP PCA
f._ -+-LE MDDM ---MUAE
L T
‘i{42(
5—540,
R
=38 -
36+
34 L L L L L L L L J
10 20 30 40 50 60 70 80 90 100

FAEREAE E 43 /%
(b) Business



W30t ZhRicar ] F it 9 25 G B 4E R 2 T

« 815

——Baseline LPP PCA
MDDM ——MUAE

2107 1E

L L L L L L L

16 L J
10 20 30 40 50 60 70 80 90 100
PRI LR 1 23 LE/%

(c) Recreation

<1073 —Baseline LPP PCA
105 ¢ -«-LE

MDDM —e- MUAE
w0or :
KOSt e
i% 90
= 85|
o S S

75 1 1 1

10 20 30 40 50 60 70 80 90 100
RHAERELE T 73 1L/ %

(d) Reference

B5 HRMEABEHERERTSILELXR

Fig.5 Relationship between ranking loss and percentage of features

%102 —Baseline LPP PCA
57 -«-LE ~ MDDM - MUAE
70

%65 pom o e Bt s

L L L L L L L

55 1 J
10 20 30 40 50 60 70 80 90 100
FHEREAE 43 /%

(a) Arts

X102 ——Baseline LPP PCA
80 -«-LE MDDM -+~ MUAE

Hi
-
(=]
Tt T T T T
1
!
A
\
\
\

10 20 30 40 50 60 70 80 90 100
FROERELE T 53 /%
(c) Recreation

%1073 ——Baseline LPP PCA
145 ¢ -«-LE ~ MDDM —MUAE
140
oK 135t
42130

] 125
120

e ———
10 20 30 40 50 60 70 80 90 100
FAEREAE 43 1L/%
(b) Business

102 ——Baseline LPP PCA
54¢ -«-LE

MDDM -« MUAE
521
» 50+ ST
B ag L ol
ﬂ{11546 :
44}

40— t .
10 20 30 40 50 60 70 80 90 100
FFAEREAE B3 L%
(d) Reference

Bo6 —HRMFHEMRETIILELXR

Fig. 6 Relationship between one-error and percentage of features

6.2 F—Baseline LPP PCA
“|-+-LE MDDM —o-MUAE

6.0
5.8
#E2 5.6
W54
5.2
5.0
10 20 30 40 50 60 70 80 90 100
FRIERRAE 43 L%
(a) Arts

5.8 r—Baseline LPP PCA

56L-+-LE ~ MDDM —s— MUAE

54t e
4 52 I TTTenT
®Ws50F

4.8M
4.6
44l
10 20 30 40 50 60 70 80 90 100
R | 4 /%
(c) Recreation

25 ——Baseline LPP PCA
“t<s-LE MDDM —-MUAE

2.4 .~ ’,.\\\"/,,u‘\\'____._‘__.

t-——a”

20—
10 20 30 40 50 60 70 80 90 100

FHIEREAE S 7 /%
(b) Business
4.0 r —Baseline LPP PCA
38l -+-LE ~ MDDM - MUAE
. N e e i
#
= 34+
32¢
3.0..’_,/’\0\0—01‘\/\‘

28 L L L L L L L L S
10 20 30 40 50 60 70 80 90 100
FAAEREAE E 73 /%
(d) Reference

B7 BERBERERSETUXR

Fig. 7 Relationship between voverage and percentage of features



+ 816+ O R

S 1 513 4

5 #AKiE

B X Z bR ic s ~] 1 Rde 2 ) AU Y 1 2
P 255 24 K 2 15 7 0%, G e B O vk A AT MR B Y
ZARiCE A FRYE . Sl SRR YR T T A
I DR I 5 ) IS RE H o7 ) ML IR U A il e 4
fiE, oA K 4k 132, 15 HC At I W 7B AR i e 24 A 2
Pric A B AT A L, U T B I SOR,
TEAS A LR TS 00 T, BRAEPEREFRatelr . B
— 2 AR, K il FHAZ 70 1 2 A% 0 18 19 24 ) 0 455
Xt 22 b i A0 PR S5 B a2 A 0 M R A AT
5T

S 3k

[1] ZHANG Minling, ZHOU Zhihua. A review on multi-La-
bel learning algorithms[J]. IEEE transactions on know-
ledge and data engineering, 2014, 26(8): 1819-1837.

[2] TSOUMAKAS G, KATAKIS I. Multi-label classification:
an overview[J]. International journal of data warehousing
and mining, 2007, 3(3): 1-13.

[3] WU Fei, WANG Zhuhao, ZHANG Zhongfei, et al. Weakly
semi-supervised deep learning for multi-label image an-
notation[J]. IEEE transactions on big data, 2015, 1(3):
109-122.

(4] LI Feng, MIAO Duogian, PEDRYCZ W. Granular multi-
label feature selection based on mutual information[J]. Pat-
tern recognition, 2017, 67: 410—423.

[5] ZHANG Yin, ZHOU Zhihua. Multilabel dimensionality re-
duction via dependence maximization[J]. ACM transac-
tions on knowledge discovery from data, 2010, 4(3): 1-21.

(6] FRFIRY, 2 IE. —Fh 2 bric ol i id 98 2URF AL FRAE
ZR0). B BER G2, 2014, 9(3): 292-297.

GUO Yumeng, LI Guozheng. A filtering framework fro
the multi-label feature selection[J]. CAAI transactions on
intelligent systems, 2014, 9(3): 292-297.

[7] JINDAL P, KUMAR D. A review on dimensionality re-
duction techniques[J]. International journal of computer
applications, 2017, 173(2): 42—46.

[8] OMPRAKASH S, SUMIT S. A review on dimension re-
duction techniques in data mining[J]. Computer engineer-
ing and intelligent systems, 2018, 9(1): 7-14.

[9] YU Tingzhao, ZHANG Wensheng. Semisupervised multil-
abel learning with joint dimensionality reduction[J]. IEEE
signal processing letters, 2016, 23(6): 795-799.

[10] YU Yanming, WANG Jun, TAN Qiaoyu, et al. Semi-su-
pervised multi-label dimensionality reduction based on
dependence maximization[J]. IEEE access, 2017, 5:
21927-21940.

[11] ZHANG Minling, ZHANG Kun. Multi-label learning by
exploiting label dependency[C]//Proceedings of the 16th
ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. Washington, DC, USA,
2010: 999-1008.

[12] ZHANG Minling, ZHOU Zhihua. ML-KNN: a lazy learn-
ing approach to multi-label learning[J]. Pattern recogni-
tion, 2007, 40(7): 2038-2048.

[13] BALDI P. Autoencoders, unsupervised learning and deep
architectures[C]//Proceedings of the 2011 International
Conference on Unsupervised and Transfer Learning
Workshop. Washington, USA, 2011: 37-50.

[14] BOURLARD H, KAMP Y. Auto-association by multilay-
er perceptrons and singular value decomposition[J]. Bio-
logical cybernetics, 1988, 59(4/5): 291-294.

(151 oo, A& R, S5 SCHE, 45, PREES: ) Jr T ptE R[],
BRERGFAM, 2016, 11(5): 567-577.

LIU Shuaishi, CHENG Xi, GUO Wenyan, et al. Progress
report on new research in deep learning[J]. CAAI transac-
tions on intelligent systems, 2016, 11(5): 567-577.

[16] VINCENT P, LAROCHELLE H, LAJOIE 1, et al.
Stacked denoising autoencoders: learning useful repres-
entations in a deep network with a local denoising cri-
terion[J]. Journal of machine learning research, 2010,
11(12): 3371-3408.

[17] YU Ying, WANG Yinglong. Feature selection for multi-
label learning using mutual information and GA[M]//
MIAO D, PEDRYCZ W, SLEZAK D, et al. Rough Sets
and Knowledge Technology. Cham: Springer, 2014:
454-463.

(18] RJE. ZARICY¥ WIS LRAR ], THEHL TR 5N,
2015, 51(17): 20-27.

YU Ying. Survey on multi-label learning[J]. Computer
engineering and applications, 2015, 51(17): 20-27.

[19] Beifi, BTG AR, kR, 55, LT8R S 1) 2 hric 4y

FAEFIERE P (0], AT S R i, 2015, 52(1):
56-65.
DUAN lJie, HU Qinghua, ZHANG Lingjun, et al. Feature
selection for multi-label classification based on neighbor-
hood rough sets[J]. Journal of computer research and de-
velopment, 2015, 52(1): 56-65.

[20] DOQUIRE G, VERLEYSEN M. Feature selection for
multi-label classification problems[C]//Proceedings of the
11th International Conference on Artificial Neural Net-
Works Conference on Advances in Computational Intelli-
gence. Torremolinos-Mjlaga, Spain, 2011: 9-16.

[21] LAMDA. Data & Code[EB/OL]. Nanjing: LAMDA,
2016[2018.03.20]. http://lamda.nju.edu.cn/Data.ashx.

[22] WOLD S, ESBENSEN K, GELADI P. Principal compon-


http://lamda.nju.edu.cn/Data.ashx
http://lamda.nju.edu.cn/Data.ashx

55 54 B30T ZHhRI0 5~ 1 2 b 19 2% T i B A K 2 g - 817«

ent analysis[J]. Chemometrics and intelligent laboratory an ensemble method for multilabel classification
systems, 1987, 2(1): 27-52. [M]/KOK J N, KORONACKI J, MANTARAS R L, et al.
[23] HE Xiaofei. Locality preserving projections[M]. IL, USA: Machine Learning: ECML 2007. Berlin Heidelberg:
University of Chicago, 2005: 186-197. Springer, 2007: 406-417.
[24] BELKIN M, NIYOGI P. Laplacian eigenmaps for dimen- .
P senmap EE B 9T

sionality reduction and data representation[J]. Neural
computation, 2003, 15(6): 1373—-1396.
[25] SCHAPIRE R E, SINGER Y. Boos texter: a boosting-

based systemfor text categorization[J]. Machine learning-

W3, B, 1967 4EA4, BI# 2,
L, T 1 PR~ 2hR
5] B LSS . kR
SEARW I 20 Ak o

special issue on information retrieval, 2000, 39(2/3):

135-168.

[26] TSOUMAKAS G, VLAHAVAS 1. Random k-labelsets:

MR B AV RE T FEEFR 2 (1CBDSC 2019)
2019 2nd International Conference on Big Data and Smart
Computing (ICBDSC 2019)

The Organizing Committee is pleased to announce that 2019 2nd International Conference on Big Data
and Smart Computing (ICBDSC 2019) will take place in Bali, Indonesia on January 10-13, 2019 as a work-
shop of ICSIM 2019.

The conference is addressed to academics, researchers and professionals with a particular interest related to the con-
ference topic. It brings together academics, researchers and professionals in the field of Big Data and Smart Computing
making the conference a perfect platform to share experience, foster collaborations across industry and academia, and
evaluate emerging technologies across the globe.

ICBDSC 2019 is co-organized by Universitas Pendidikan Ganesha (Undiksha), Indonesia and Kalbis Institute, In-
donesia.

As a workshop of ICSIM 2019, accepted papers of ICBDSC 2019 will be collected in ICSIM 2019 conference pro-
ceedings, which will be submitted for indexing in Ei Compendex, Scopus, Thomson Reuters Conference Proceedings
Citation Index etc. major data bases.



