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Multi-label Text Classification Method Based on Label Semantic Information

XIAO Lin, CHEN Bo-Li, HUANG Xin, LIU Hua-Feng, JING Li-Ping, YU Jian

(Beijing Key Laboratory of Traffic Data Analysis and Mining (Beijing Jiaotong University), Beijing 100044, China)

Abstract: Multi-label classification has been a practical and important problem since the boom of big data. There are many practical
applications, such as text classification, image recognition, video annotation, multimedia information retrieval, etc. Traditional multi-label
text classification algorithms regard labels as symbols without inherent semantics. However, in many scenarios these labels have specific
semantics, and the semantic information of labels have corresponding relationship with the content information of the documents, in order
to establish the connection between them and make use of them, a label semantic attention multi-label classification (LASA) method is
proposed based on label semantic attention. The texts and labels of the document are relied on to share the word representation between
the texts and labels. For documents embedding, bi-directional long short-term memory (Bi-LSTM) is used to obtain the hidden
representation of each word. The weight of each word in the document is obtained by using the semantic representation of the label, thus
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taking into account the importance of each word to the current label. In addition, labels are often related to each other in the semantic
space, by using the semantic information of the labels, the correlation of the labels is considered to improve the classification performance
of the model. The experimental results on the standard multi-label classification datasets show that the proposed method can effectively
capture important words, and its performance is better than the existing state-of-the-art multi-label classification algorithms.

Key words: multi-label; text classification; label semantic; attention mechanism
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Fig.1 The overview of our model with text (length n) for input and predicted scores for output
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End
2.8 kK

LASA i il — 7652 X451 2% (binary cross entropy loss)ZSE Jy 45 2k B8 3, & ) 32 T 4 28 W 2% 43 28 31| 2R A T
45 A5 0% R BE SR
N |
Lioss = _zzyij log IOg(yij ) + (1_ Yij )IOQ log (1_ 9ij) 9)

i1 j-1

Hort N SCREBECR | AR 2RO BOR, §; € (0,10, yiye {0,130 A SR | NS ER | A bR O TIURR 26 AL SRR 2.
i TR 28 SR R I L SR b B 22 AR 28 SCAS 73 R R vl AT 530 1 RABR.

3 X

ARCAE 3 ANHE4E (Kanshan-Cup,EUR-Lex, AAPD) 5 5k XML-CNN. SGM. EXAM. Attention-XML
i FHIPA F6 45 P@K. nDCG@K it 4 H 1) VL AT YAk X B,
31 LWKE

311 Hdiske

ARIAFFHU T 3 A2 455843 2 A i  Kanshan-Cup. EUR-Lex f1 AAPD.

Kanshan-Cup(https://www.biendata.com/competition/zhihu/data/): B H7 [ &t K 4 X 17 25 2F & &0 K& A 5
PEAE AL 300 J3 Al AT 1 999 4> F A

EUR-Lex(https://drive.google.com/drive/folders/IKQMBZgACUmM-ZZcSrQpDPIB6CFKVIGTh): i — £ 71l %
T RR A R SO R, BB AV 2 A E R B SO B Sk, HIBREFI LA R BR L — LA E
19 314 AN SCA4 AN 3 956 AN rA%. 1 b S Ak g Bt 4 rh Il 24k 55 11 585 AN STRY, It LA SCHE EUR-Lex L 5K
Bk KR SE T 11 585 MUIZREE IR B

AAPD(https://drive.google.com/file/d/18-JOCIj9v5bZCrn9Clsk23W4wyhroCp_/view?usp=sharing): M\ arXiv
R T LR 245U Y 55 840 58 SCHEEL X 54 M RAS.

XFF Kanshan-Cup $cHfE 5 i &4 ) @, i 50 A B3] (¥ 1) &L, £ B 555 50 A 53] 4 B2 AN /2 50 /> 8R4 14
] RUBEAT VR O b7 0 T A 9 A HcHE B 1R SORY I 500 A 1] (¥ SRS £/ BE 4R 5 500 AN H 3], AN 2 500 /i 11
SCREATIR O #MFER LA T 3RS E R,

Table 1 Datasets used in experiments

=1 LI I R

Dataset Train Test Features Labels Avg. label per point Avg. point per label
Kanshan-Cup 2799967 200000 411721 1999 2.34 3513.13
EUR-Lex 11 585 3865 171120 3956 5.32 15.59
AAPD 54 840 1000 69 399 54 2.41 2 444.04

3.1.2 P dEAR

AV BEHE FE (precision at k,P@k). A — 1L 39t 2 i1 25 (normalized discounted cumulative gain at k, iy
nDCG@k) M Ay Pk i Lb B VAN 8 bR,y € 0,1} & SCRS b BLSE AR B, § e RY 2 (7] — SCRY A58 0 F5000 43 4 170
i, P@k. nDCC@k # )3z B FH7E 2 i 28 4 25 1] R vPAN v 58 N

1 k |
P@k:E y (10)

le (9)
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k I
y
DCG@k = _— (11)
.E%y) loglog(l +1)
nDCG @k = DCG@kl (12)

min(k|ylo)
z':1 log(l +1)

X T — A3, 1 (9) 2 B SEAR A AE TARZE 6 k AN ZR 5L |lyllo R TE L SEFRZE H & y FAH AR AN H 3R
TS ARA ORI P@K A1 nDCG@K, 4R 5 5t BT A SCRS SR ~F- 3518
3.1.3 XfEhEE:

N T TR IR IR H B A R, BT 13E 3% XML-CNN, AttentionXML., SGM., EXAM iX 4 F 53 B £ 4%
By H AR et LB,

XML-CNNU3L {5 Fi 35 FU 0 0 28 5 1 7 — A Bl 250 4k B 5 A 43 28 i) R, 2 4 P 36 B o 428 IR 4% Ak 38 S AR 4y
FIM AR IS,

Attention XML 3 F [ 78 5 WU B S0, 106 24 1 SRS A AR BR 88 25 ST 5 3 I SCRS R,

SGMPLs 22 b5 % 43 AT 55 1E — AN 5 510 25 1 il R, s N SR PR 2, 2 1 T £ 4 265 5 5.

EXAMICL{g F AR 2515 A5 B it — AN 52 12 3R R 2R B0 24 Rl SO A s A B3R 17540
314 ZHKE

XF T Kanshan-Cup i &2, F AT B P _E 52 (it (1) Fim] AT AR 25 kN e, Fe it RN ZE B k=256,%F T+ Wi, W,
BEE b=256,%F T oAb 95 A H 4 45, 8 Golvel M5 2 I 25 SCRS v 1 B3R RIBR 285, B N2 P k=300, %t T+ Wy, Wy, B
B b=300. 8 AR f F AdamPHEAT YII G, 146 5 21 5y 0.00L. %6 Eb BV v B 2 B3 A 1 4 JEURT 2 A iR 4 48 STk
ITE.
32 MR

ASCER ) LASA FIH Al 4 FhEVETE 3 A Kl SR T M 8 An 45 05 00 W36 2. 3% 3, iR g R MR 0R.

Table 2 The results of evaluation metrics P@K on four algorithms

F2 HNIEI POK TE 4 B BIGE R

Btk RREELA XML-CNN (%) AttentionXML (%) SGM (%) EXAM (%) LASA (Ours) (%)
P@1 49.68 53.69 50.32 51.41 54.27
Kanshan-Cup P@3 32.27 34.10 32.69 32.81 34.34
P@5 24.17 25.16 24.28 24.39 25.35
P@1 70.40 67.34 70.45 74.40 77.52
EUR-Lex P@3 54.98 52.52 60.39 61.93 63.72
P@5 44.86 42.72 44.87 50.98 52.32
P@1 74.37 83.02 75.67 83.26 83.99
AAPD P@3 53.88 58.72 56.75 59.77 60.02
P@5 37.78 40.56 36.65 40.66 40.89

Table 3 The results of evaluation metrics nDCG@K on four algorithms

%3 N IERR nDCG@K 7E 4 Fhiik LI 45

LS WM FEFR  XML-CNN (%)  AttentionXML (%) SGM (%) EXAM (%) LASA (Ours) (%)
nDCG@1 49.68 53.69 50.32 51.41 54.27
Kanshan-Cup nDCG@3 46.65 51.03 46.90 49.32 51.36
nDCG@5 49.60 53.96 50.47 49.74 54.30
nDCG@1 70.40 67.34 70.45 74.40 77.52
EUR-Lex nDCG@3 58.62 56.21 60.72 65.12 67.22
nDCG@5 53.10 50.78 55.24 59.43 61.24
nDCG@1 74.37 83.02 75.67 83.26 83.99
AAPD nDCG@3 71.12 78.01 72.36 79.10 79.84
nDCG@5 75.93 82.31 76.21 82.79 83.78

S B 25 Bt E AT L HY LASA 7E P@K FI nDCG@k b (1) 45 S8 B B AL T Hofth 4 Fh)77% 78 EUR-Lex
L HERA A KB IR, XML-CNN FI Attention XML 77 15 BUAE 14 &5 SR 4 22, G I BRL 2 3K  F 7 vk 2 B4R

© TEBREEEEIEDT  htp/ www. jos. org. cn



1086 Journal of Software %% 4% Vol.31, No.4, April 2020

TESCRY 25 B X S e AT R 0 VI ZREE M) AR 2 L TE IR 3R A5 3 1) 25 R AR S tth, 3R R BR 2808 SUAE BRI SCRY
A I EXAM AT LASA BI85 I 23 78 Kanshan-Cup F1 AAPD 4R L AttentionXML Jy AR [A] bR 2% =)
AN ) SCRS R R BB 55 R B AR 25 (A DG 1, SGM 2 3] — AN SCRY R s SR TN AT A A 28, 10 25 R IR [RIBR 28 56
FERISCRE P BN EXAM I A8 B JZ IS 518 S5 hR 2 VCBC 15 49, 508 T IR 2 U =2 ) £ S AN AR 0 SR R
AT ELEATHITEBE 55 LASA M L2 5 E XML-CNN 7732, FLBE AT 25 18 N [7] B3] 1 57 R B2 R R (R A B 3
PREARZE BIRH DG, BT LATE 3 AN 4 b ) B A4 1k RIS T AR 002 7T L 7E 2 A 25 2 o0 b B TR 2808 T =
TR B8 2 >J AR AN b 25 97 (1 R 3 AR, AN T A7 6 %o 128t g 5 A A 282 25 30 R s (R SO R o il — B 1R T 4 28
PEBE.

N TR IB IR LASA 1) 35 1 58, AT 13 t-test AR IR AT BE MM, R 4 5IH T LASA 5 4 Mk
7E 3N BE4E i p 1, % 4 ATLLE 1 7E Kanshan-Cup 1 Eurlex Pi M dE4 b.p B39/ T 1075 5t g A
ARENZS AL AAPD b T 500558 % 00k, BT LS 3040 BV 22 J BN B T L R FRATT T A4S
LASA GHZAR TSk it b 75 vk, 9 BLTE BB A er 0 i 48 F B 3548 7 20 Sk Re.

Table 4 Statistical significance (p-value) obtained by LASA vs. four baselines in terms of P@1
F 4 LASA 5 3 MELTTIEE P@L ERIG B E S (p 1H)

Kt vs. XML-CNN vs. AttentionXML vs. SGM vs. EXAM

Kanshan-Cup 4.72E-09 3.24E-05 7.89E-07 1.59E-05

EUR-Lex 1.21E-08 2.83E-09 7.35E-09 4.60E-05
AAPD 8.86E-10 0.014 5.72E-08 0.019

33 EAAEAREMEMRE TR

9 T k5 UE B RR 2R T SO R IHL G SR T o M e A A AR R SR () S, A SO B A I AR 2 S R
) XML-CNN F1 AttentionXML J7¥:7E EUR-Lex %4548 F 5 LASA HEAT S2Be X bG8 2, AT EUR-Lex £4
AT 0T, 2 JEZR T EUR-Lex #U4E SR AR 2 A2 4 A ] 2 W] DU Y, R AT ZR 7E 5 YR DU BUAR 2 o B 44
[ 55%7c £ AR BT ERAE 37 LA 5 90%, 78 T 1) 10% A B A %6 H B AR 28 31 - DA b 43 A 485 51, AT LLAS 0
EUR-Lex $iE 4 A& KRR RIRZ. H LA STUE EUR-Lex $UdE 4£4% R AR 2 H BU R R 43 3 B 56 1 Hesdhs
HIAR2S H LR R /N T-55 T 5,58 2 YU I A7 25 tH U 7E 5 A1 37 22 10), 28 3 HUR AR H LA 8 5 37 IRy &
B.A T BEAEAS [F bR 2540 26 R SR 0 43 2Rk B8 AR SO 5 3 Rl VAL — BB T K P@K fH. 8 3 /& XML-CNN,
AttentionXML F1 LASA TEAS FAR2E 4% b P@k {H XT HE.

800

|

600 Growp,  3T<F=764
- P=10.00%
=
2 400
=
£ I

200 |

Group, F=5 Gronp, 5<F=3
P=54.65%
‘] " il . ke _ A_. = s " " e
0 500 1000 1500 2000 2500 3000 3 500 4000

Label index
Fig.2 Label frequency distribution diagram
Bl 2 FRiesindiosr1n #

M 3T LLE H LASA TE 3 P B3 RE IR B 8 R (L) 0 T AN AIEE H B AR 28 (B 28 4 2% <5), A 3
HEEAE P@3.P@5 _FEUE T E KR TE X EE XML-CNN,LASA 7 P@3.P@5 _F [1)HE B H2 7145 5 /& 235.79%
F 257.14%; % Lt Attention-XML,LASA 7E P@3.P@5 b FIFE FEHE T 735 8 112.67%F1 245.30%, 5246 45 Sk 1,
AN () S B AT S 7 AR A 25 AN Y 187 VD i, AT $R T 22 A 2 4y S b BB AR A I TR R EE.(2) KT 2 Bk
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BE (G<hr B R <37), A ST H L 25 BRIt T XML-CNN Al Attention-XML, b8 XML-CNN,P@k(k=1,3,5)
L3R TR B 4 2 49.35%. 47.99%. 47.57%;Lk#¢ Attention-XML,LASA 7& P@k(k=1,3,5) L ({32 FF 437 &
53.94%. 80.31%. 95.33%.(3) X T A% H I AR 2 (b B % =37), AT BIVEAE 45 R L35 T XML-CNN
AT Attention-XML. LA b5 S B AR SCHR 1 I BVETE 3HUHR B AU S A i) 45 SR AT E B T 86 T FR 2518 UK
R IV REUE A S BT SCA I 0 FEPE R HL AR AR5 1 HURIEE 2 S R ROSRFRIE LR BLEBH T LASA R
5 Ak A TR 22 BR 2 4 2 R R R 25 1) 1) R, 4 A TR IR 2 3 o R 8 D AT B A R SRS HR A SR B 43, AT
BN T BRAEAE B BSOS N A E B B AT AE 06 R, 0 F R X T R e N A 2 IR A 2, B AR I R S 2>
LR AR V8 ORI SORY P 25 1938 SOR TR AR SR AE 09, 38 HLAS 58 2 OB T V11 45 S 8] 1Y) B 38 i 38 S ok P i 18 (191
SR FR NI AR T AR 25 1 T30 2 e

w= Attention XML 0.40 == AttentionXML 0.7 we Attention XML
0.06 [ mm CNN-XML = CNN-XML . Ours == CNN-XML
« Ours 0.35 Ours 0.6
0.05
% 0.30 0.5
0.04 51
0.25 0.4
2L : 0.20
0.03 0.3
- 0151
s F 3
010} 0
0.01 . 0.05 0.1
0.00 h- - . 0.00 0.0
P@1 P@3 P@5 P@1 P@3 P@s Pl P@3 P@s
(a) Groupl1-Precision (b) Group2-Precision (c) Group3-Precision

Fig.3 P@K for Group-1,2,3 on EUR-Lex
3 EUR-Lex I 3 %l POK fH
3.4 EEWILHIR
TE T R — SCAY A 7S TR B 28 B, SR AR A B 1] 1) B S PR AN R R [ 11,08 77 IF B4 HE ) 509278 TR0 AR
B 25 I e 9% 48 SR AS [R] SR B R, AR SO B8 AAPD HECHS — 3 OB, K [R] — SR v AS [R] AR 2 0T 57 f B 3] AL
H AT EEAT RO A0 B 4 P, I QA B 1) AR L TR0 AN A [5) (RFR 25 IF, Xof SO r L] ) OGRS —
FE IR, P €0 R 1 B3] Dy 2 T A 25 B8 N o6 v 1A R MR A, AT W] BLAE H #R 25 “Computer Vision™ B 5G VE 2 8]
“person reidentification,image pixel”%s,iMi#r25“Neural and Evolutionary computing” | 5 5% “neural ,network” 2
FATA], AN [ R 28 DR SO RS 1 A [R50 43, AT AF B 77 A ST B0925 1) 58 s DR SO R MR 2 25 2 — AR I SCRS R R
e fiF G S R L.

Various hand crafted features and metric learning methods prevail in the field
proposes a more general way that can learn a similarity metric/fram mese deep neural network | the

proposed method can jointly learn the colorf@atire) texture feature and metricin a unified fra the metwerk has a symmetry structure
with two sub networks which are connected by cosine function to deal with the big variations of |person

n compared to these methods | this paper

(a} Visual analysis the label “Computer Vision™

Varieus hand crafted features and metric leaming methods prevail in the field of person reidentification compared to these methods , this paper
proposes 3 more genaral way that can learn a similarity metric from image pivels directly by using a siameze the
proposed method can jointly learn the color feature , texture feature and metricin a unified fra has a symmetry structure
with twe sub netweorks which are connected by cosine function to deal with the big variations of persen images

(b} Visual analysis the label “Newval and Evelutionary Computing”

Fig.4 Key words captured by LASA
Bl 4 A [RAR 25 2K 11 8 23 VT
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4 B2

ARSCAR Y T — B (7R L 25 21 J5 2R AR B 2 s 25 SCAR 73 98 ) JBL, 26 b 26 18 ST i Sy HL 0 22 s 25 S0
Ir KRB R Bi-LSTM RAG S0 rh 3] A B R, 2 Ja 3 b 281 UM B3R A5 3 1a OB, O A hR 2 2
2 AN E B SORER R A TG H At 20 SRT7E BAT I D5 A P BT I 3 (1) 38 I bR 26 S5 3RS 30
rh LR B ASLEL; (2) B0 SO AN [RIBR RS, 27 ST 5 58 I SCRS 30 S 06 45 R AR W, LASA RERS A 20 A B 22 FR 26 5C
Ay K 8, HRERE — 0 S THE R ARSE b T RE.

FEHE TN R AR o BRATREAE 2 45 25 S0 73 100 L 25 FE AN [RIRE B (A3 35 0 ML) 0 S e ek A e har B F) 3
B IHU 5 50 5 A 5 A0 SO T SO 2, AT o 28 A 2t T 00 A 25
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