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Abstract: In the real world, multi-label text has a wider application scemario ngle-label text. At the same time,
due to its huge output space, it brings a lot of challenges to the classifi .0@6 multi-label text classification problem

¥ftion Model (SGM) was applied to the multi-
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s proposed. The model was based on Encoder-Decoder

emory (Bi-LSTM) neural network+Attention was used to

algorithm, the semantic clusterin ecPwas further improved. DR-SGM was applied to the classification of multi-label
texts. The experimental results show that DR-SGM improves multi-label text classification results on the RCV1-V2, AAPD
and Slashdot datasets.

Key words: multi-label text classification; Sequence Generation Model (SGM); capsule network; Dynamic Routing

(DR); Bi-directional Long Short-Term Memory (Bi-LSTM) neural network
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iSOUP-Tree (1 Z R4 70 207 1 s 2K 4 OO B UINRAEA
BT SR AR A T L AR 4% BRI AR A, 4 iy 1 — A B TR
JIRERY B S5 28 43 ST s N B A B T BT R R
T i FIVRE I 53 ik ) IBE £5 HR A 2652853 7K Deep AE-MF

BE TR 2 ST BRI 2 AR5 SCAS 3 S 1 AR 0T 5 By
5 IFRA MRS AA RS HEEHFERAT T — 2L
. Baker 25" B T — Fh R T 3 AU 22 W 2% (Convolution

Neural Network, CNN) 244 (1) 45 45 Y 24548 SCA 3207
1% ; Kurata 55174 T — P80 19 25 105 2 3L 300 2 I 45 )
U AT 125 5 Shimura 555 —FEF XS R SCA ZHR% SCAR 43
J2 A R 25 0 45 S g, 325 R T 2001 =2 ) 1 J2 TR OC 2R i ke
T SCABARA B AR 5 Yang S5 4R T —F0a] DL S5 8
T PR 2 (A TR E 2 S HE S s SREE SR T — A B T
W 2R AR AR B O R T E BT 24528 03 AL 55 s Lin 517
BT XA i 225 2 SCAS A3 2 v B IR 28 2 [ 1 | & I B8 R i
PEFIRTY M, 25 IEAR A JL a8, $2 1 T & o —Fh B A s
2T VBT (T Y A5 B 28 O £ BBE T 5 He S5 5 48 DG HE L5 K
T 2 FVRAE FE PRI B LK | 318t — ol i 245 2 53 22 2T HE
48 ; Banerjee 55" AR SO R 43, i€ T —FbopT Y
LT B2 2 (R 502K HTrans o 390 42 iUE AR T 25
B AR GY AT FA R « Chen 252 1l 10K CNN 5 RNN
A1 DAl 3 4 R R0 R T SCAR T S, 913 5 RNN B AR 28 07
B 5 Yang 551 1 UCHE HKE 3 81 A B AR N T T 2205 4 SCAR 4y
285 Qin S5 HELE P51 A SRR SRR AN 2 H A%, UG RNN
e & AR

25 TR R 2 AT R B 2 1 1 T 244 S
LN SN ZHREE AR — ORI Y

S, (H AR Gt i R B e AR 2 TR E R
I [A] 2 OO A, M T AR AR B AR T A 3 . AR SO %
Jié

TR TAE

G
@gwmﬁmmmwm&ﬁ

SRREE SRR — A TR AR SR TE O SOAR | S
SCAR VB B2 g A 42 SOA RE A BR T 438
HbRAE . TR

TR SCARFEARZS B X = {1, %y, +++5 1, ), ST AL n A2
BIBBREZE LY = {yy, 2 -+, 1) BUH ZARE A8 D =
[y [V i < b, AREE 20 24T 55 10 H OBLEAI 254 D

F B AR C X — 21 WM TR A
WREEGY, 52 R,

N ARG bR 4 Z AR G, A SR T — bk T30
A% H1 B RNN P81 A L (DR-DGM) , LAIRAS B4 1) 24
BESCARIYRBCR
2.1 HEMESREITARST LR T EREER

7 5 A A5 T Seq2Seq (Sequence to Sequence ) J&t — it
Encoder-Decoder 2544 , 35z 7L F FHL &8 BHEAT 55 v, I8 24 1
WA T BRI o 32 AR S 3 e T P o 2 I 45 0 I
AR AZ KT SN e 8] 55—l K B gy gl e, Hor
TR J3E T 25 00 4% 3 6 2 RN, 85 I 9 LSTM Pft 28 R0 265 11 )
PG IR B IC R 4% (Gated Recurrent Unit, GRU) . Seq2Seq #5171
SEAANIE 1 FTR , T EASE =R

1) 4545 (Encoder) : BEUR IRTE F 541 , 1 I 4w A5 1y
— A E KR EA TSR TR 5 (5 R A

2) PR AL 7 TR A NSNS

3) it g (Decoder) : AR A Hh [ALAR A58 o, 74 2 fifp 2 ] 7



http://www.joca.cn
www.joca.cn

1886

P+ F AL R

% 40 %

RO, B2 A JU R T AR R A

(SRS i o)
Fig. 1 Architecture of sequence generation model
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Fig. 2 Decoder based on dynamic routing
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h,=LSTM (k. ,.e,) (3)

h.=[h;h,] (4)
Ttanh (W s, + U h.

« = exp (v, tanh (W,s, + U,h,)) (s)
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j=1
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Ho gy, )ACRMEA A0 y, o e i 5 5 25 1 42 )
AR

SRIGHE B i s, Fi A BB R G2 DA 3 9 D/R
W AR

dr, = DR(s,)

Hoh  DRICE NS BEiid #2 BAR N AL 2. 275,

5) Hith 2. R R A 2R S — A BRZEA
BNy, FEUR IR o R B A S i B 20 1) “ b 28 3 9 A
By, A AT

o, =W, f(W,dr, + Ve,
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W SCH AR 4R, A1 55 840 AN E ChR A B, Sk 544
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4.1

291 F, Bl HARME BnER 1R.
F1 HREEEHEER
Tab. 1 Detail of datasets
eI FEAKCRE SRR TIRREEL VI SOR K
RCV1-V2 804414 103 3.24 121
AAPD 55840 54 2.41 163
Slashdot 24072 291 4.15 64
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300 4t word2vec i) 1] 5, AS7E 3 b AR AT ERL 3R] F 4 0 0K .
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AL — 20 A P ) o 2R ), e A e R B A
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3) PR FE4E (Label Powerset, LP) : LP ¥ Z2HR28 22 3] [n)
b R 2o RN AT 2 . ERINGEIR bR S
B F AR T2 M abelset, B 1E 2 AR/ AT 55
LRI BRI AR ZME, SR 5 R 73 2 A A TR A

4)CNN-RNN'™: F FH] CNN il 4 4 Jm SCARFEAE 5 it A RNN
AT JR T SCRFER AR, [R5 JE AR 2 AR e

5)IF A BB RL (SGM) ™ ¥ 22 i 2 SCA 3 28 [ U 4
AR TS A R

6) SGM+GE (Global Embedding, 4 Rt A )™ ZEFE 41 4=
AR 3R 45 FH Global Embedding.

7)set-RNN (Adapting RNN to Multilabel Set Prediction, H
TE I RNN)' [ RERE 2R 48 SCA I3 2 [ A 4 A bR 45 17 51 A=
L, 2 1R i U R AT H b i RNN e & IR A5 2
T .

Hor s 1) ~3) SR AL Geplas o > J0k , B I B2 $2 71D o
WVER RS s 5 4)~T) 2 HET RNN TR L7 S 17

eS|

5.2 BBNBAKERNIWERSWN

JU2 S LR H B 7 P A AR R A D ]
AETCIE AT B B SCARTE X, I A i 2 n] BB S 30 HH 3
PRI, AR SO Bl 25 % p 1 B 5 B800] 52 B0 25 SR S e 2R A T T 4R
ZLERANFE 2 TR . 7E RCVI-V2 Fl Slashdot I, K255
1R R I HEECR 32/16 B BRI IF R0 . iAE AAPD B4 4k I,
12 I 2 50/ 5 T2 e 22 0 16/8 I A B8 R0 o B4 3¢
ALK, RCVI-V2 Fll Slashdot £ 4 i SCAN T 4 /)N, 7T BEFR 22
B2 HE VAT SUF B IR . A PN BRI 2 |
REAROL, WL TR HON £ MEREA S B TR I, X
A fiEJE N 2 A A T BN I OGTE A5 B X T
B E N
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Tab. 2 Effect of the number of capsules on experimental results

W2 Az
Bee e
e B F1 HL F1 HL F1 HL

RCV1-V2 AAPD Slashdot

16 8 0.883 0.0077 0.722 0.0242 0.539 0.0670
32 16 0.889 0.0071 0.721 0.0244 0.541 0.0667
64 32 0.888 0. 0.719 0.0244 0.541 0.0669
5.3 #EEEEE
£ RCWL-V2. Fl Slashdot Z 45 I, 43 5 FH F11E

LG ARG T T 1 6 SR L) KA S
-% IR A RN R 3 R, RN AT AR, H
W, S WA R RE B, HL ) TE S AR
F3 XWHER
Tab. 3 Results of experiments
Hm RCV1-V2 AAPD Slashdot
F1 HL F1 HL F1 HL
BR 0.858 0.0086 0.646 0.0316 0.484 0.0736
cC 0.857 0.0087 0.654 0.0306 0.480 0.0728
Lp 0.858 0.0087 0.634 0.0312 0.516 0.0708
CNN-RNN  0.856 0.0085 0.664 0.0278 — —
SGM 0.869 0.0081 0.699 0.0251 0.528 0.0681
SGM+GE ~ 0.878 0.0075 0.710 0.0245 0.532 0.0675
set-RNN 0.838 — 0.720 0.0241 0.538 —
DR-SGM 0.889 0.0071 0.722 0.0242 0.541 0.0667

IFR 3T LA ) (Rl A 3R A% TP N R AR L) 4
RCV1-V2  AAPD D)} Slashdot £t3 £E I, DR-SGM A iy A5
A3 DA o AR S 35 o B AR ER B T A R sOR A A
AAPD B -, H: HL H set-RNN BRI g 3#b— 25 K 1 0. 4%
SRTIAHXT T SGM+GE 15 83 (75 H B Al B2l ) , 7E RCVI-V2 5
e b H PR T T 1. 25%, HLAR T T 5. 3% 75 AAPD %
PREE I Slashdot BE4E &, H FIERM HL YA — E BT

NI SE R TR 2% 20 7 vk (AL 45 AR 3C 42 H 1) DR-SGM
L} CNN-RNN ., SGM Hl set-RNN) AHEAE 55 5 1 (4245 BR . CC
MLPAE), TEEA E LML T LR L5 kAEw R T
FRAE TR, 1 42 2% O R AIF T RE AR A ok BB TAE RN T 45
PEFE BRI AU o X F— S8 24 I 10, 1% 52 7 vk T HRAE T
FEAY R R DO AT AR B . TR 2 20 7k mT LA A Sl E
FRAE, 8 A TH bR T RRAE TR R 19 F I S, Ah , Baie 48



http://www.joca.cn
www.joca.cn

%78

EFHREF A THEKGFIARBERG SAFE A £ 7k 1889

Slashdot . RCV1-V2, AAPD 1 & 5 25 8243 51 7 291,103, 54,
FEAF BT A T HABARAE P45 30 = A MR
Slashdot 732845 5 8 9% T ASFRAR, H S T G JERp AR Bt 5
PR B ARPERL . Slashdot BFRZE & RCV1-V2 (13 3 4%,
AAPD 5 f5 2 , A 2 HAEA & KA RCVI-V2 1Y 29 1/30,
AAPD 929 1/2, BRI 2R AR AR 5t AN 2 LA TG E JE K A 4 45
B, TRV SCAR K BE S, REATTHE A3 SUAR B/, DR 36 A 4 26 0
MR 2% . SR 28 RCVI-V2 B FR 25 BUE AAPD B9 24 2
i, HoOy B A B AR T AAPD o dls 45, X AT fig &2 [ o
RCVI-V2 B A AR 2, K252 AAPD 19 15 4%, R itk
BITIRENS 2= ) BN 2, T3 2SRRI it vl Il
SR SRS ST TE R RE AR R RO EAR A, R, R84
AR R R AR R &

A PR 24 IR S, th FAE 2 hR 8 SUR 264155
T PRSI E M L B A B2 — R B MR 2
BRSSO B HOR T X, T CNN-RNN R 35 % &
FIFRZE M A W], {H DR-SGM A5 153 1 LSTM 435 44y 4 Bt
PREETH , B— N E R % 18 T Z b2 15 2.,
AT T H A I RUR s DR-SGM A5 H S 52 T SGM+GE
BERISEAT A AL , AR T JBLEG 19 SCM A5 1 5 SGM+GE K& B 847
—EVERE L BT DR AT REAE T, ShAs i b 7 T RRASH A1
TR SCA TP 3 =T 43 Gy AR AL B AF B R R 3
BHHBREEILZET 2RSE N T R— B 20 O E R
X Ji T S 220 B 2 ), AT AR ARG RININ A 3 445 A s i ) 22 7 i
. set-RNNFLALH 1 H02% 7 PAG OB RO R0 i A ELA

FRFEME 4, H I, HiXF T DR-SCM, BE7EA &
77 TG IR b £, , PR F LA 235 S st — 25

M ITEEM L, DR-SGM #FREUS T4
6 %iE

A SCUT K 7 30 A B R R T 2 A 4 SCAR A3 2R Y B
R W AR ARG BN — AR T HN A IR, AN TR LA
FE I SRR S8 2 A0, A SO SR T % P 24 JELAEL g sl 2 B oy g A °F
FE oA R B i e 4548, A T DR-SGM AR AL . 7E Encoder
2, 18 1 il 1] BILSTM+Attention 4514 5 K FREE 218 A5 E. 5
TE Decoder 2, ¥4 i1 T 2h A& B th R A Z R G UGB, 40
SN AR T SCA TR Ay - 43 G — AR R LB AR S IR B
S TEA R N L B S B R S T — R R T
G B A BRI ZE W R TE R T L, AR T 2h A B R 4
b, by ik e i 3 AR R SR B ), SR sparsemax fU
Softmax ; Ay Il 58 A1 J2 i % 3] 15 J2 e 4 1) S 2 1, 5 AR
F B 16BN I A R HEAT IR AR INAL . BEAh, T ) 24545 S
ARSI AR, i 5E T T DR-SGM (1 ZAR%E CA P, 5
s AR R L 7 A BEERL AL R SO Y DR-SGM AU IR
13T B 23R

TEZBREE SCAR AT TR A VT 2 I EAR PR E , Bl
75 A AR TR B AR bR 28 05, T R S AR 0 bR 2 4R

JETCIF 1Y 5[] N 2245 28 SCAS Hh AR TR A7 AR I AR A A X i A 195
B N B8 432 T AR A8 A 1 i T 1 2 ™ B 52 M) 3 AR AR 114 43
S Z 3k (References)

[1] JOHNSON R, ZHANG T. Deep pyramid convolutional neural net-
works for text categorization [ C]// Proceedings of the 55th Annual
Meeting of the Association for Computational Linguistics. Strouds-
burg, PA:
562-570.

Association for Computational Linguistics, 2017:

[2] WANG B. Disconnected recurrent neural networks for text categori-
zation [ C ]/ Proceedings of the 56th Annual Meeting of the Associa-
tion for Computational Linguistics. Stroudsburg, PA: Association
for Computational Linguistics, 2018: 2311-2320.

[3] YANG Z, YANG D, DYER C, et al. Hierarchical attention net-
works for document classification[ C ]/ Proceedings of the 2016 Con-
ference of the North American Chapter of the Association for Compu-
tational Linguistics: Human Language Technologies. Stroudsburg,
PA: Association for Computational Linguistics, 2016: 1480-1489.

[4] CHEN G, YE D, XING Z, et al. Ensemble application of convolu-
tional and recurrent n
tion [C// Proc
Neural Network§, Pisgat®way: IEEE, 2017: 2377-2383.

[5S] YANGP SUY& , LI W, et al. SGM: sequence generation model

networks for multi-label text categoriza-

of W17 International Joint Conference on

¥l classification [ C ]/ Proceedings of the 27th Interna-

)
O@Conference on Computational Linguistics. Stroudsburg, PA:

Association for Computational Linguistics, 2018: 3915-3926.

[6] QINK, LIC, PAVLU V, etal. Adapting RNN sequence prediction
model to multi-label set prediction [C]// Proceedings of the 2019
Conference of the North American Chapter of the Association for
Computational ~ Linguistics: Human Language Technologies.

Stroudsburg, PA:

2019: 3181-3190.

[71 ZHOU W, YU Y, ZHANG M. Binary linear compression for multi-

Association for Computational Linguistics,

label classification [ C]// Proceedings of the 26th International Joint
Conference on Artificial Intelligence. San Francisco: Morgan
Kaufmann, 2017 : 3546-3552.

[8] WA, A, FYICHR . T B XL /3 228 B Y 22 BRI
SESTLT]. WL R R (T2 ) |, 2019, 53(11) :2110-
2117. (HUTL, WANG H B, YIN W D. Multi-label news classifi-
cation algorithm based on deep bi-directional classifier chains[J].
Journal of Zhejiang University (Engineering Science) , 2019, 53
(11): 2110-2117.)

[9] OSOJNIK A, PANOV P, DZEROSKI S. Multi-label classification
via multi-target regression on data streams [J]. Machine Learning,
2017, 106(6) : 745-770.

[10] Z=JEE, BB, He, 5. HT5] M 2 bR 00 2001
[J]. HEEHLN AL, 2018, 38(10) : 2807-2811, 2821. (LIZ Y,
WANG J C, LEL M, et al. Multi-label classification algorithm
based on gravitational model [J]. Journal of Computer Applica-
tions, 2018, 38(10): 2807-2811, 2821. )

[L1] X Wit , TR, 45 G IR AR SR8 R LT
B 3hfk2E4R, 2019, 45(10):1969-1982. (LIUH T, LENG X Y,



http://www.joca.cn
www.joca.cn

1890

P+ F AL R

% 40 %

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

WANG L L, et al. A joint embedded multi-label classification al-
gorithm[ ] |. Acta Automatica Sinica, 2019, 45(10):1969-1982. )
BAKER S, KORHONEN A. Initializing neural networks for hierar-
chical multi-label text classification [ C]// Proceedings of the 2017
Conference on Biomedical Natural Language Processing. Strouds-
burg, PA: Association for Computational Linguistics, 2017:
307-315.

KURATA G, XIANG B, ZHOU B. Improved neural network-
based multi-label classification with better initialization leveraging
label co-occurrence [ C 1/ Proceedings of the 2016 Conference of
the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies. Stroudsburg, PA:
Association for Computational Linguistics, 2016: 521-526.
SHIMURA K, LI J, FUKUMOTO F. HFT-CNN: learning hierar-
chical category structure for multi-label short text categorization
[clyn Proceedings of the 2018 Conference on Empirical Methods in
Natural Language Processing. Stroudsburg, PA: Association for
Computational Linguistics, 2018: 811-816.

YANGY Y, LINY A, CHU H M, et al. Deep learning with a re-
thinking structure for multi-label classification [EB/OL]. [2019-
03-12]. https://arxiv. org/pdf/1802. 01697. pdf.

REE BN HE T RS IR TR MM R AR 26
[J]. TFEHLIFE 5 &, 2018, 55(8): 1751-1759. (SONG P
JING L P. Exploiting label relationships in multi-label classifica-
tion with neural networks [J]. Journal of Computer Research and
Development, 2018, 55(8): 1751-1759. ) .
LIU J, CHANG W C, WU Y, et al. Deep learning for extreme
multi-label text classification| C 1/ Proceedings of the 40th
tional ACM SIGIR Conference on Research and Devel
formation Retrieval. New York: ACM, 2017
HE Z, YANG M, GAO Y, et al. Join

tefa-

and label correlations with missing lal
Knowledge-Based Systems, 2019, 163: 1
BANERJEE S, AKKAYA C, PEREZ-SORROSAL F, et al. Hier-
archical transfer learning for multi-label text classification ey

Proceedings of the 57th Annual Meeting of the Association for Com-

.

[20]

[21]

[22]

[23]

[24]

ol

putational Linguistics. Stroudsburg, PA: Association for Computa-
tional Linguistics, 2019: 6295-6300.

ABVE . HETRERHCIZ ML ZHAR%ESCAR 732D 1. B - i
VLK%, 2017. (XIONG T. Multi-label text classification based
on long short-term memory network [ D ]. Hangzhou: Zhejiang Uni-
versity, 2017. )

SABOUR S, FROSST N, HINTON G E. Dynamic routing between
capsules [ C]// Proceedings of 31st International Conference on
Neural Information Processing Systems. Red Hook, NY: Curran
Associates Inc. , 2017: 3856-3866.

YANG M, ZHAO W, YE J, et al. Investigating capsule networks
with dynamic routing for text classification [ C ]/ Proceedings of the
2018 Conference on Empirical Methods in Natural Language Pro-
cessing. Stroudsburg, PA: Association for Computational Linguis-
ties, 2018: 3110-3119.

GONG J, QIU X, WANG S, et al. Information aggregation via dy-
namic routing for sequence encoding[ CJ// Proceedings of the 27th In-
ternational Conference on Computational Linguistics. Stroudsburg,
PA: Association for Computational Linguistics, 2018: 2742-2752.
MARTINS A F T, ASTUDILLO R F. From softmax to sparsemax:

a sparse model of atigfitioRyand multi-label classification[ C ]/ Pro-
ceedings of 3 nteRational Conference on Machine Learning.
New York: JMQ, 2016: 1614-1623.
(o
his v s partially supported by the National Natural Science
o

f China (51679180).

WANG Minrui, born in 1995, M. S. candidate. Her research inter-

ests include natural language processing.

GAO Shu, born in 1967, Ph. D., professor. Her research interests

include intelligent computing and semantic recognition, data analysis

and application.

YUAN Ziyong, born in 1995, M. S. candidate. His research inter-

ests include natural language processing.

YUAN Lei, born in 1997, M. S. candidate. Her research interests

include natural language processing.



http://www.joca.cn
www.joca.cn

