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Abstract Extreme multi-label text classification(XMTC) is a challenging task that involves finding the most relevant labels from
a large and complex label set for a given text sample. Currently, deep learning methods based on the Transformer model have
achieved great success in XMTC. However, existing methods have not fully utilized the advantages of the Transformer model,ig-
noring the subtle local semantic information of texts at different granularities,and failing to establish and utilize the potential as-
sociations between labels and texts robustly. To address this issue. this paper proposes SemFA model—an extreme multi-label
text classification model based on semantic features and association-attentionthat leverages semantic features and association at-
tention for XMTC. In SemFA , the top-level outputs of multiple encoders are firstly concatenated as global features. Then,a con-
volutional neural network is used to extract local features from shallow vectors of multiple encoders. By combining the rich global
information and subtle local information at different granularities, more accurate and comprehensive semantic features are ob-
tained. Finally, the potential association is established between label features and text features using an association-attention
mechanism,and an association loss is introduced to continuously optimize the model. Experimental results on the Eurlex-4K and
Wikil0-31K public datasets show that SemFA outperforms most existing XMTC models,effectively integrating semantic features
and association attention to improve overall classification performance.
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Table 1 Information statistics of datasets

Datasets L Train Test L L
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Table 2 Comparison of model experimental results on two datasets
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Table 3 Ablation experimental results of each model on two
datasets
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Eurlex-4K Wikil0-31K
Model — — — - -
P@1 P@3 P@5 P@1 P@3 P@5
BERT 84.72 71.66 59.12 87. 60 76.74 67.03

SemFA-G 85. 41 73.59 61.78 88.05 77.08 67.69
SemFA-GL 85.62 74.15 62.35 88.39 78.34 69.07
SemFA-AA 85.82 74.18 62.35 88.56 77.56 67.80

2 3 Al LIF i .

(1) 4= Jay e A 2 B A A 8

SR BERT M I, SemFA-G 78 W4~ 538 4 1 i
ROMBAT 0.69%,1.93%.2. 66% Fl 0. 45%,0. 34%,
0.66% ., M T BERT B (1 5 2 4 15 , P £z 2 12 4 i 4 b
RE 1% 75 43 R 1R SCHR SOfE BRI T 52 4 O 3 09 o SUA
IE RS BRB A S PE R . AT 4. 4. 4 WHRAT R Z
J2 Gt B ) 4SS Y 1 6 1 5 T

(2) o HR R AE 42 B A b

5 SemFA-G # 8 Ml H . SemFA-GL # 8 75 7 4~ % 35 82
E R BT 0. 21%,0. 56% ., 0. 57% A1 0. 34%.,
1.26%,1.38% . S5EE M RFFIEH L, RESRHAE o T &
RIS DR EE R 19 35 A5 B B8 2 7 o 4l B (5 B DL 3R = 4 24k
BE . AR SR IR JR R AT 4 B2 T LA BBORE A v G B R Y ne



276

Com puter Science T HMLF2:  Vol. 50,No. 12, Dec. 2023

gram {7 B R 85815 AR AE. DL Eurlex-dK B, 4 & 4 fF
78 s Eurlex-4 K 8 4 o (9 BE A I R 58 42 02 58 3 149 4 F , 1 J2
A S BRI A, TR, JR) 4 A 4 B 0 AL A R R S
B 2 2 g 10 25 2 L o AU 4 0 4% R 0 2 BRI R
TRRIEAE O E B . 5 FE B M & R e a4, 3 THE R 4

HHET1.

Texts Labels

european_economic_area
protocol articl decis eea joint | protocol to_an_agreement
committe articl affect case law eea_joint_committee
court justic european commun ec_court_of justice

settlement_of disputes

commiss direct novemb amend
annex ii council direct eec market
cereal seed eec  commiss
european commun regard treati
establish ~ european  econom
commun regard council direct eec
june market cereal seed amend
commiss direct eec present
scientif  technic knowledg
appear ... ...

cereals seed
marketing_standard

decis ec european parliament
council  establish  multiannu
commun programm promot safer | child_protection internet
internet onlin technolog text eea action_programme
relev european parliament council | public_awareness_campai
european union regard treati | gn community financing
establish european commun articl
thereof regard propos --. ...

information_policy

Bl 4 Eurlex-4K #4714 &

Fig. 4 TIllustration of Eurlex-4K dataset

(3) R R = LKA sk ik

SRR BERT #H L, SemFA-AA #5175 1 A % 44 42
EE R BRI T 1. 1%, 2. 52%, 3. 23% A1 0. 96% .,
1.97%,0. 77% . RIW\IIREK , AR MRS Z BIfE S B K
B TS 25 0], AR ALY ST AR AR &5 22 ) ASAX 1) 2 2 7 AR 8L i L
FE T SCAS () v g B B AR AR ST L v SR B A W AE 1 1 LG
I, S 2% e B, AR SO A G I A 2 0 ALk AT LA g Sy A
I P AR 28 0 SCAR 22 (] 09 s 7 G TG L IR R WO AL AR A A, 42 e
LT[ 43 G BE L B0 UE T SC BT B ML A9 A o .

L5 1 TR, 4 R R AE B B L JR) S AR AE B BN 5€ B 1 B T AL
Tl 54 B T 42 TH B 43 JEAE BE 2 =5 O IR VR ST I, BB 1 g
kB E A
4.4.4 3 BB

N T B UEAR S 4 JR RRAE 4R BUZ 5 5 0 4 F B2 B2 i
) BERT £ J2 g fith ¢ [ CLS] 1] &t 1) BF 422 i 113 BE A% 4 & 43 26
B 55 4 U S B Y 5 SURRAE L AR SR R R 2 B0 £ )2 G
T DF e AT — AU H 328 . TR 32 R SRR A B B 4 AU
KNI FEM AL 4 2 R L 10 22 2 gm0 it A7 5 b S g ST
s RNE 5 s, B S5 WA, £ 2 D R B S
W A5 AR 1 R R . AR SIS 25 SR A AT Y 2 2 e A D B 2
A 5 B BRI 43 RO R AR L 02 £ 2 4 0 P 2 R0
HE R Ay ORI R IR R . mF
Z 2 G 5 vh T 4 B 09 1R SOE BOF AR 58 A 5 MR 9, L
TR AL — i M ICAE B R B WG e, TC A s Bk
S B AR S RS, TSR E R AL

HHMZ Z M B ZHC8 5 )=,

87.00 750
86.75
748
86.50
8625 ”
£ = 746
= 8600 &
? . g
N a5 744
8550 742
85.25
85.00 740
4 5 6 7 8 9 10 4 5 6 7 8 9 10
Layers Layers

(O RFEZETH P@1

630

(b) REEHTH P@3 {4

628

626

P@5%

624

622

62.0
4 5 6 7 8 9 10

Layers
(O RFEE T P@s H
€15 2 )2 g it 2 B0 5
Fig.5 Impact of the number of multi-layer coding layer
4.4.5 BE 5

g Y2 U A B B R P A SO AR B v 5 A 14 AR
KBEHEAT T 0P8 22 42 R e AR AR AR R AR 1Y Al A 280
a F1 8.

AR SCE o A 4R R AE LR AR AR T LAAR BUSE R R
FEOT B SCRRAE . IR S8 o T B XA R 19 52
M), A% SCHE A B8 A [ S8 AT e . I e,
o« WBN 1WA BT I, SLIAS A 6 R,

870 760
755
868
750
866
8 £
® ® ™5
R 864 &
740
862 735
860 730
0 01 02 03 04 05 0 01 02 03 04 05
A g

(AR BRI P@1{H (AT BT P@3 fE

63.00
62.75
6250

6225

P@5%

62.00
6175
6150
61.25

61.00

0 01 02 03 04 05

4
(AR BT P@S5
K6 mhGSEmMEmN
Fig. 6 Impact of fusion parameters
Hi Pl 6 T A SRR AE LR B A A 19 Bl A S 80— R
S AR RN U ) S T 2 S [N )
0.2 W LAY 73 B CR B L. 3 3R W] Jay B 4% AR AR Dy 42 )



FARIR L GF : SemFA 5 TR URRIE 5 I 5 7 19 R 2 5 28 SCA S R

277

AT ) i 105 8 o 0 R RE A A A L T 2 AR —
SERESR oy SR RE . ON P B BRI TR B S il
FIATEZ BN I T PR S R ROR . il 3 455 X oy

Mr AR SCHE— i Bl 0. 2 HIRLG 2 B9 B 4 R BR AT 45 JR) 348
SEAE B Rl
BHRIE X EAEN XMTC %A e84 #IFH Trans-

former #5584 fRy {10 35T 20 W 1 Jm 50 1 SO AR 2 FIOR RE AR e b
525 ) SCAS 5 b5 2 22 [8] B4 18 7 O BB B9 ()L, AS SCER I T —
Fift 5 1 SCRPAE 55 SR TR T80 9 MU 2 4 2 SCA 7 S5 Y
SemFA, HARf UL, i 4 B0 7 41 R & Y 42 Jm 45 AT A 2 Al
E 38 25 A 15 U 2 I 2% 5 TN 8 0 3 U A 1) ik R 4R
IO [RDRL BE R 40 B0y R SR AR AIE o 2558 2 A 22 R R B RIAS 1)
KL AR A JR B A LA BT S A3 SR AR A IR SCRRE . H
/P BUP S F % S EJ‘JHL%HHBQHHJ 2 e Ak A N7 R T A A
AR 45 SCAS R AIF 22 110 159 85 A S 15 AN W 012 AL 8 82 8 8 20 R
HE. R AYSCIIEM] 1 AR SCHE B SemFA A5 2 (1 A7 2 1 #I
LM i&@%,ZV'\‘”‘A%@L_WHFF?XI‘J%’%%I/\é’l\jﬁiﬂm
BERTE SR R Rk TR 45 45 DU A A LR [ o 2 ) % ik
W5

% X o

[1] MIRI M,DOWLATSHAHI M B, HASHEMI A, et al. Ensem-
ble feature selection for multi-label text classification: An intelli-
gent order statistics approach[]]. International Journal of Intel-
ligent Systems,2022,37(12):11319-11341.

[2] WU H X,HAN M,CHEN Z Q.et al. A review of multi-label
classification under supervised and semi-supervised learning[]].
Computer Science,2022,49(8) :12-25.

[3] DEKEL O,SHAMIR O. Multiclass-multilabel classification with
more classes than examples[ C]// Proceedings of the Thirteenth
International Conference on Artificial Intelligence and Statistics.
JMLR Workshop and Conference Proceedings,2010:137-144.,

[4] SUN Y.LV H,LIU X,et al. Personalized recommendation for
Weibo comic users [ C] // 2018 Wireless Telecommunications
Symposium. 2018 :1-6.

[5] LIK Y,CHEN Y,NIU S Z. BERT-based text classification al-
gorithm for social e-commerce [ J]. Computer Science, 2021,
48(2) :87-92.

[6] CHANG W C,YU H F.ZHONG K,et al. Taming pretrained
transformers for extreme multi-label text classification[ C] //
Proceedings of the 26th ACM SIGKDD International Conference
on Knowledge Discovery &. Data Mining. 2020:3163-3171.

[7] AGRAWAL R.GUPTA A,PRABHU Y.et al. Multi-label lea-
rning with millions of labels: Recommending advertiser bid-
phrases for web pages[ C] // Proceedings of the 22nd Interna-
tional Conference on World Wide Web. 2013:13-24.

[8] PRABHU Y,VARMA M. Fastxml: A fast,accurate and stable
tree-classifier for extreme multi-label learning[ C]// Proceedings
of the 20th ACM SIGKDD International Conference on Know-
ledge Discovery and Data Mining. 2014 :263-272.

[9] BABBAR R,SCHOLKOPF B. Dismec:Distributed sparse ma-

chines for extreme multi-label classification[ C]// Proceedings of

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

the tenth ACM International Conference on Web Search and
Data Mining. 2017.:721-729.

BHATIA K,JAIN H,KAR P, et al. Sparse Local Embeddings
for Extreme Multi-label Classification[ C]// Annual Conference
on Neural Information Processing Systems. 2015:730-738.
TAGAMI Y. Annexml: Approximate nearest neighbor search
for extreme multi-label classification[ C]J // Proceedings of the
23rd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. 2017 :455-464.

VASWANI A,SHAZEER N,PARMAR N, et al. Attention is
all you need[ C] // Advances in Neural Information Processing
Systems. 2017:5998-6008.

DEVLIN J,CHANG M W, LEE K, et al. Bert: Pre-training of
deep bidirectional transformers for language understanding[ ] ].
arXiv:1810. 04805,2018.
LIU Y.OTT M.GOYAL
mized bert pretraining approach[J]. arXiv:1907.11692,2019.
YANG Z,DAI Z,YANG Y.et al. Xlnet:Generalized autoregres-

N,et al. Roberta: A robustly opti-

sive pretraining for language understanding[ CJ // Advances in
Neural Information Processing Systems. 2019:5753-5763.
CHANG W C,YU H F,ZHONG K, et al. Taming pretrained
transformers for extreme multi-label text classification[ C] //
Proceedings of the 26th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining. 2020:3163-3171.
JIANG T,WANG D,SUN L,et al. Lightxml: Transformer with
dynamic negative sampling for high-performance extreme multi-
label text classification[ C]J // Proceedings of the AAAI Confe-
rence on Artificial Intelligence. 2021:7987-7994.

MITTAL A,DAHIYA K,AGRAWAL S,et al. Decaf: Deep ex-
treme classification with label features[ C] // Proceedings of the
14th ACM International Conference on WebSearch and Data
Mining. 2021:49-57.

YEH C K, WU W C,KO W J,et al. Learning deep latent space
for multi-label classification[J]. arXiv:1707. 00418,2017.
ZHANG W,YAN J, WANG X, et al. Deep extreme multi-label
learning [ C] // Proceedings of the 2018 ACM on International
Conference on Multimedia Retrieval. 2018:100-107.

HUANG X,CHEN B.XIAO L,et al. Label-aware document
representation via hybrid attention for extreme multi-label text
classification[ J ]. Neural Processing Letters,2021,54(5) ;3601
3617.

MA Q, YUAN C, ZHOU W, et al. Label-specific dual graph
neural network for multi-label text classification[ C] // Procee-
dings of the 59th Annual Meeting of the Association for Com-
putational Linguistics and the 11th International Joint Confe-
rence on Natural LLanguage Processing. 2021:3855-3864.
LOZAMENCIA E,FURNKRANZ ]J. Efficient pairwise multila-
belclassification for large-scale problems in the legal domain
[C]//Joint European Conference on Machine Learning and
Knowledge Discovery in Databases. 2008:50-65.

ZUBIAGA A. Enhancing navigation on wikipedia with socialtags
[J]. arXiv:1202. 5469,2012.

YEN I E H, HUANG X,RAVIKUMAR P, et al. Pd-sparse: A

primal and dual sparse approach to extreme multiclass and mul-



278

Com puter Science

HHEPLENE Vol. 50,No. 12, Dec. 2023

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

tilabel classification[ C]// International Conference on Machine-
Learning. 2016:3069-3077.

PRABHU Y,KAG A,HARSOLA S.et al. Parabel: Partitioned
label trees for extreme classification with application to dynamic
search advertising [ C] // Proceedings of the 2018 World Wide
Web Conference. 2018:993-1002.

LIU J,CHANG W C,WU Y,et al. Deep learning for extreme
multi-label text classification[ C] // Proceedings of the 40th In-
ternational ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval. 2017:115-124.

YOU R,ZHANG Z,WANG Z,et al. Attentionxml: Label tree-
based attention-aware deep model for high-performance extreme
multi-label text classification[ C]// Advances in Neural Informa-
tion Processing Systems. 2019:5571-6362.

WANG B,CHEN L,SUN W, et al. Ranking-based autoencoder
for extreme multi-label classification[ J]. arXiv: 1904. 05937,
2019.

DU C,CHEN Z,FENG F,et al. Explicit interaction model to-
wards text classification[ C] // Proceedings of the AAAI Confe-
rence on Artificial Intelligence. 2019:6359-6366.

ZONG D M,SUN S L.BGNN-XML:Bilateral Graph Neural
Networks for Extreme Multi-label Text Classification[ ] ]. IEEE
Transactions on Knowledge and Data Engineering,2022,35(7) :
6698-6709.

WANG Q,SHU H,ZHU J. GUDN a novel guide network for
extreme multi-label text classification[ J]. arXiv: 2201. 11582,
2022.

SHEN J,QIU W,MENG Y,et al. TaxoClass:Hierarchical
multi-label text classification using only class names[ C] // Pro-
ceedings of the 2021 Conference of the North American Chapter
of the Association for Computational Linguistics. 2021: 4239~
4249,

ZHANG Q W,ZHANG X, YAN Z, et al. Correlation-Guided
Representation for Multi-Label Text Classification[C] / IJCAL

[35]

[36]

[37]

[38]

[39]

2021:3363-3369.

XIONG J, YU L,NIU X,et al. XRR: Extreme multi-label text
classification with candidate retrieving and deep ranking[]]. In-
formation Sciences,2023,622:115-132.

ZHANG J,CHANG W C,YU H F,et al. Fast multi-resolution
transformer fine-tuning for extreme multi-label text classifica-
tion[ CJ // Advances in Neural Information Processing Systems.
2021:7267-7280.

KHANDAGALE S, XIAO H.,BABBAR R. Bonsai: diverse and
shallow trees for extreme multi-label classification[ J]. Machine
Learning,2020,109(11):2099-2119.

ZHANG R, WANG Y S, YANG Y,et al. Long-tailed Extreme
Multi-label Text Classification with Generated Pseudo Label
Descriptions[ J]. arXiv:2204, 00958,2022.

HAN S,CHOI E,LIM C,et al. Long-tail Mixup for Extreme
Multi-label Classification[ C]// Proceedings of the 31st ACM In-
ternational Conference on Information &. Knowledge Manage-

ment. 2022:3998-4002.

WANG Zhendong, born in 2000, post-
graduate, is a member of China Com-
puter Federation. His main research in-
intelligence,

terests include artificial

natural language processing and finan-

I cial security.
WANG Bailing, born in 1978 ,Ph.D, pro-
fessor, Ph.D supervisor,is a member of
‘. China Computer Federation. His main
‘ research interests include industrial In-
ternet securityinformation security and

financial security.

(STAE S - T 47D



