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Sequential Tag Recommendation

LIU Bing, XU Pengyu, LU Sijin, WANG Shijing,SUN Hongjian, JING Liping and YU Jian
Beijing Key Lab of Traffic Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044 , China

School of Computer Science and Technology,Beijing Jiaotong University, Beijing 100044 , China

Abstract With the development of Internet technology and the expansion of social networks,online platforms have become a sig-
nificant avenue for people to access information. The introduction of tags has facilitated the categorization and retrieval of infor-
mation. At the same time,the advent of tag recommendation systems not only makes it easier for users to input tags but also im-
proves the quality of tags. Traditional tag recommendation algorithms typically only consider tags and items,overlooking the cru-
cial role of personal intent when users choose tags. Since tags in a recommendation system are ultimately determined by users,
user preferences play a key role in tag recommendation. Therefore, we introduce the user as a subject,and by incorporating the
chronological order of users’ historical posts,modeling the task of tag recommendation as a sequential tag recommendation task
that is more aligned with real-world scenarios. To address this task.this paper proposes a method named MLP for sequential tag
recommendation(MLP4STR) , which explicitly models user preferences to guide the overall tag recommendation. MLP4STR em-
ploys a cross-feature alignment MLP framework for sequence feature extraction,aligns the features of text and tags to capture the
dynamic interests of users implicit in their historical post and tag information. Finally,it recommends tags by combining post con-
tent and user preferences. Experimental results on four real-world datasets show that MLLP4STR can effectively learn information

from users’ historical behavior sequences in sequential tag recommendation,and the evaluation metric F1(@5 shows a significant
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improvement compared to the optimal baseline algorithms.
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¢ —[h®t, W, +b, )
Hr W, W, € R* 7 b, b, . g8 € R ,DFRMNEHHA.
SR AT ML) R G R AE B B T R R A S — AN T
SR, 0T LI A 5 AE A 5 1 £ B R AT 3 o ) A R O
A o3 TR ML 075 35 5 00 M 47 R AE 5 S BU G F I RRIE AR S A
R EA P R E R RRIE R R .

hi=h+g,0d, +a0%, (8)
H, OR RO EZREE., B BHRBHRRELZIRE
RERIRAGIRZE B IHER

FOX s B = sigmoid (Ws I, 9
Hrpw eRrR,
2.5 HmEKEH

i Ja R I AH B B9 5638 SUKH pREVE R A 28 HE 2% B9 452K 1R
BORIN GRS,

L:—li‘ /yi:l(y,_klogf(x,,u,Je))Jr(l—yl,k)log(l—

P k) 10

Hor N FRINGEBIENEE. L R ENEE, v, €
(0, )RRE i MM FETERT TRk, v, =1 85 E
M FEAEWE R RZMARE,

3 KA

3.1 EWigE
3.1.1 #EE

A 4 A4 B S B8 4 . Physics, Academia,
Cooking I Android. [ ff #5042k H F 78 £k In] 2 B 3 Stack
Exchange., FRAT42 HUE 46 B8 48 1 (9 FH P Ot L 28 R it ]
F IR BUE RS T 5 AR P AR R R B ] HE 5 A
MABIEE . 4+ MEIRENSEITHE B NER 1 FH. £85I
YR VIR AR AR B A SO P 32 BT B 0 dRc S — IR
BN IR (SRR N S ' i vl I U R A (=S 11 = ]
1 T A 58 ek 1 s - 1 SR il R g e,

Table 1 Summary of experimental datasets

Y A& AP RPFY BE O XKRTH PHAE

R B OR#% O B& RWBH B%K KB HE

Physics 55716 883 4038 13.8 183042  206.6 3.2
Academia 14062 439 1850 7.6 43247 188.1 2.7
Cooking 10941 813 1338 8.2 35332 125.7 2.4
Android 49724 1277 1911 26.0 49724 134.5 2.5

3.1.2 M4
FRATT 38 B A A 2 M RE 0] B Tz R B A SRR
15 18 % Precision@k(P@k) , 3 1] % Recall@k (R@k) Fl F1-
score@k(F1@k) , & L40F -
1 Ahit (k);

P@K=4; ML an
M N
R@K=-L it ) (12)
M = tag;
__2.P@K + R@K ,
Fler="5G KT R@K (1%

Forb, MR TR MRS 1) I/ 5 e 3R 7R B30 HE 17 B 4 46 19 Bkt
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hit (k) ; FORFEMEIEEF AR EE s rag, RARIH ¢ SLBR
HAMREEA,
3.1.3 srrFok

AR ST VR PT LA AT B0 AR A A Sk AL A K P e A
FHE 5 SCRRHE Rl & 32 TH iR 28 4 77 S B I ROR . AR SCRE L
T BAT PSRk (Y B 48 1l 7 A0 R AT X LU S 30 T B e BT R
P R S B A AR

TLSTM™M . ffi fi LDA = BB R 3R B 3 8 (5 8k 32 6 3
14 14 e 7 o DA T A1) 32 Rk 2 O SC B R 15 U8

ABCPH R F CNN it 28 9 45 0 2037 9 590 v 75 1 HL ) Ol
PRI JR AR RAE B LA AT AR A .

CANUT e e 28 W 2% i A T 3 & 1AL, DA 3 1 22
AT X 43 )RR AE

PBAMP L g3 T — A 56 F 07 B A9 7 322 ) A AL, oG g
F B b0,

HANMT R F VR B 28 5 4 28 90 45 4 Bk B 38 30 250 AN fi
B2 Gt B A 1 S A

PTM4Tag™* . fiff I F I 25 A% AL 38 47 R A 48 3, I8 7 2
it Ak S5 0 1] AT AR AL

KEICU™ . 5] AKHREE £ & kN2 IR & A 24
CCLST 4 A0 ) T 25 15 75 450200 1) 2 1) 25 R 42 B A3 JE 45 AE
3.1.4 AHEE

AR ST 1 AR AL (NLTK) #4743 i B 46 . 15 8

FAZ B 50000 A BR AR Ry 1l 2%, 5 B AL AU Y B2
KWK 512, BFFHH 0. 1, X F FrA A H B, 5] i A 4
R E R 100, GRU/LSTM 19 B2 K /MK & 256, 48 3C
R Adam FEALES L I 78 50 UE 45 28 R T 0 2 i B2 i 4 1k I
i,

3.2 tEgEXTLE

A SCHR A MLPASTR #1 7 fsf Fe B0 78 4 A4 1
PO PR 8 AR AR A0 TG AN 2 — 3R 5 B4, e O 45 2R A RL IR %
IR UGS R R bR,

MK HS2 B 45 BT LU, MLP4STR B W 4 T M A
Fk. Bl 4 ABERE L S REM R,
Fl@5 #6848 ¥ AR FA. 5o, & | E
PTM4Tag Ll J¢ KEIC Bt TR 45 8 . PTM4 Tag i H il
DI G5 A0 2 o) S R ARE 25 O R AE , I X6 AR ) A8 2 4% AiE S ok 47
SR AL R REAT RS . PRI R0 iE S R SRR T
XAAE B R BRI A B TS S AR 4 7 0 0 R HE 4T,
KEIC F| AN B I 5 T SCA SE R 0 9 25 %) A 25 4 2
WE T — @ EM. &0 B TR R SR R R
W L AE EUF T2 R T A 4 E L B A R B B
bl T R B AR A . MLPASTR & 56 8 F Bl 45 05 &5 4
R 3] SCARRRAE 9 2R AR L P A AT R B T B
9 PR A N4 S bR A M R W R . Bk, MLPASTR
AR T W E MR T

# 2 TEMNIEARAE Physics B0 4 b9 H 4%

Table 2 Comparative results of evaluation metrics on Physics dataset

VS P@1 R@]1 F1@1 P@3 R@3 Fl@3 P@5 R@5 Fl@5
TLSTM 52.3 20.2 29.2 36. 6 39.7 38.1 27.9 48.9 35.5
PBAM 60. 2 23.2 33.5 41.6 44.9 43.2 31.2 54.9 39.8
HAN 57.4 22.2 32.0 39.3 42.6 40.9 29.9 52.6 38.1
ACN 54.3 20.7 30.0 36.1 39.0 37.5 27.3 48.2 34.9
ABC 64.1 24.8 35.8 44.6 48.3 46. 4 33.6 58.7 42.7
PTM4Tag M 27.8 39.9 49.5 53.8 51.5 37.1 65.0 47.3
KEIC 70.7 27.6 39.7 w 54.2 5270 ﬂ 65.8 ﬂ
MLP4STR 73.8 29.2 41.8 51.7 55.9 53.8 38.6 67.3 49.0
# 3 PN IEFRTE Academia RUHR AR Y X L 45
Table 3 Comparative results of evaluation metrics on Academia dataset
Ik P@1 R@1 F1@1 P@3 R@3 F1@3 P@s R@5 F1@5
TLSTM 43.8 17.9 25.4 30.3 36.4 33.0 22.9 45.2 30.4
PBAM 48.3 19.8 28.0 31.8 37.4 34.4 24.4 47.3 32.2
HAN 42.2 17.1 24.3 27.6 32.4 29. 21. 4 41.5 28.2
ACN 38.1 15.1 21.6 26.0 30.1 27.9 20.1 38.5 26.4
ABC 58.2 24.2 34.2 39.8 47.5 43.3 30.2 58.7 39.8
PTM4Tag 62.2 26.0 36.7 42.6 50.2 46. 1 31.5 60.9 41.5
KEIC 642 268 3.8 435 521 474 321 621 423
MLP4STR 65.8 27.6 38.8 44. 4 52.8 48.2 32.9 64.0 43. 4
F 4 IEMIEARAE Cooking BUIE4E I B9 X L 45 51
Table 4 Comparative results of evaluation metrics on Cooking dataset

RS P@1 R@1 F1@1 P@3 R@3 F1@3 P@5 R@5 F1@5
TLSTM 31.5 15.0 20.3 19.7 27.0 22.8 14.9 33.4 20.6
PBAM 32.4 15.3 20. 8 20.4 27.8 23.5 15.4 34.2 21.2
HAN 20.0 8.9 12.4 13.7 18.3 15.7 10.7 23.6 14.7
ACN 19.3 8.7 12.0 12.3 16.3 14.0 9.5 20.9 13.1
ABC 60.5 29.0 39.2 37.0 50.5 42.7 58.4 36.2
PTM4Tag 69.1 33.7 45.3 41.9 57.1 48.3 28. 63.9 39.7
KEIC 70.5 w M E 58.5 49.6 29.4 m E
MLP4STR 72.6 35.5 47.7 44.0 60.0 50.8 30.9 68. 4 42.6




148

THEPLEE Vol. 52,No. 1,Jan. 2025

Com puter Science

F5 WM IEARAE Android B 5 F 0% L &5
Table 5 Comparative results of evaluation metrics on Android dataset

VS P@1 R@1 Fl@1 P@3 R@3 F1@3 P@5 R@5 Fl@5s
TLSTM 15.2 7.1 9.7 9.9 13.7 11.5 7.7 17.4 10.7
PBAM 21.4 10.0 13.6 14.0 19.0 16.1 10.8 23.7 14.8
HAN 14.0 6.4 8.8 10.5 14.1 12.1 8.3 18.1 11.3
ACN 15.1 7.0 9.6 10.4 13.6 11.8 8.3 17.8 11.3
ABC 45.1 21.8 29.4 27.3 37.2 31.5 19.8 43.9 27.3
PTM4Tag  54.9 26.5 35.7 32.3 43.3 37.0 22.9 49.7 31.3
KEIC 553 264 35.8 333 447 382 285 5.0 321
MLP4STR 56.3 27.4 36.8 33.9 45.7 38.9 23.7 51.7 32.5

3.3 HETR

T HE— ST MLPASTR H 56 S 45 e 1) 52 Wiy L A SC ik
TTHA SR, B9 T 5 51 @ BT H (seq) . I T AR & 15 B
(tag) F1JJ7 52 SCAAE B (doc) Xf Fe K P FE AU 2 . 7E Cooking
M Android M BHEE ExF F1@1.F1@3 M F1@5 {4 45 4%
HEAT T X b S RN 4 TR .

52
== MLP4STR(W/0 seq)

50 ™ MLP4STR(w/o tag)

= MLP4STR(w/o doc)

== MLP4STR
181
461
44
°l -
40

F1@1 F1@3 F1@5

(a) Cooking

42

== MLP4STR(w/0 seq)
" MLP4STR(w/o tag)
% MLP4STR(w/0 doc)

= MLP4STR
.
N
34
: = I
F1@3 F1@5

F1@1

40 -

(b) Android

B4 WA B LT SR F1@K X L4
Fig.4 F1@K comparison results of ablation experiments on

two datasets

BT I BB seq BEH, ELHEUUH ML R Z )5 L B 1Y
F1@5 23 BT T 2. 4% F0 1. 4% X B 3E T % 57 s 91 A7
J 5 LA e (3 A A o AR AUAUA FH P P b7 SR bR A A B k3 D
S A AT A & PR S AR G IR R B T R
SR 0 s b 2 A5 BRI b 5 B EAT S A AR . 8
T3 X6 17 AR A A BN D S A A s SRR T
S B ) P A e A ST T o g Y RS S R
3.4 BYEHBEST

e T T B AR IR 55 T A 7 S A L AT I A A Y e
T T AR B SIS B bR S i AR AR, SR &
BT Cooking M Android BiA i 4E  HIKIIE 5 Fiw.

Android $H 4 197 3 FH 0 D s R ALK B Ol 26, 7R 1%
BEEE L F1@5 fy 45 76 7 L7 5K B 25 I ik 5 IE 18
Cooking #4845 *P -3 F /i s P A& i 8. 2, #E 1% B e 4
L F1@5 M85 A3 7 s 5 KR 2 8% TR T
FErgash . SRR UL ST 4 SR K B O S B B R K
BERS AT LB e 25 . X = T A0t e e

FEA KSR BOR AU 5 7 50 T R, R R A A B
S AR B AR B R R S8 A R R R T 2 T B
BORTRE.

4240

1235 | A MLP4STR
4230 A
4225
w
® 4220
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S s
A
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4205 Ve
4200 - A
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Length
(a) Cooking
318
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5 MLP4STR 76 i st F 51K BEAS [7] B ) 52 s 50 2R
Fig.5 Performance of MLPASTR with different historical sequence
length
3.5 RIS

o 7B B A 1 T LA A A A B P O 4 R SO
BOYR AR PR — R SORS R AR [ B30 3 B TR0 45 R E AT R .
P8 6 Bi7i » Post2 Jg M 46 P ) — 5 0 1, Postl %I T
KA HE P R A B T

Postl: Does Huawei-u8160 support USB host? 1 have a Huawei-
u8160(A. K. AVodafone 858) which is running Cyanogenmod 7. 2. 1
was wondering if it supports USB host so I can connect a keyboard
or a Flash drive.

Tag: cyanogenmod; usb-host-mode ; huawei-u8160;

Time:2012-06-21

Post2:where can I find fuse. ko file for my Huawei-u8160 ? I have a
Huawei-u8160 running Cyanogenmod 7. 2. I have been looking for
the fuse. ko module for my phone,but whenever I find anything, ter-
minal emulator tells me that it is incompatible! T want it to enable
NTFS file system support using this tutorial So I was wondering
where I can find the appropriate fuse. ko module.
Tag:cyanogenmod; huawei-u8160;ntfs; Time:2012-09-16

MLP4STR Result: cyanogenmod; huawei-u8160 ; root-access;

PTM4Tag Result: cyanogenmod; root-access; partitions;

6 HRAEETE SRR B

Fig. 6 Example of tag recommendation results
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Al L& BUAS SO I N Post2 HEFE I T B ASFR 28 “cy-
anogenmod” Fll “huawei-u8160”, {H & PTM4Tag (AL IESE T
— R4, PTM4Tag {38 11 X Post2 B P 25 BRAF 347 ¥ 45
HEFE T AENS 28 RN AF & P e 4 ) bR 28 . MILPASTR 7
A AFESIAE BG I H Postl H BT & B B9 JH P fi 4 42 B
Fe It T8 S A0 F bR S T R,

GHRIE ALERRLIFIREHREES ., HZIRIIRE
i AE R 3 A A T DL R T & A A S S I R T
— PPN T L s AR B AT S5 R T —Fh R U
AR PR Gr T 51 5 R AR 4 HE 7E 9 5 1 MLPASTR, 3%
FH— Rl 5 R AE X 55 A9 MLP % 51 45 i B BOHE 22, % SCAR 0 b
8 1 R AE X 57, IR R 7 S G 1R B T S AR A A R
Bt W P sh S 24, B R 456 0T N A P R A AT
PR, 4 DR E LSRR RN,
MLP4STR RE M A 2 2 > 5 510 AR 28 4 22 /9 F ™ D5 047 R
JF31

2 % X #

[1] KRESTEL R,FANKHAUSER P.NEJDL W,et al.Latent
dirichlet allocation for tag recommendation[ C] // Proceedings of
the ACM Conference on Recommender Systems. New York: As-
sociation for Computing Machiery,2009:61-68.

[2] BELEM F M,ALMEIDA ] M.,GONCALVES M A. A survey on
tag recommendation methods[]J]. Journal of the Association for
Information Science and Technology,2017,68(4) :830-844.

[3] XU P Y,LIU H F,LIU B. Survey of Tag Recommendation
Methods Journal of Software[ ] ]. Journal of Software, 2021,
33(4):1244-1266.

[4] SUN]JS,ZHU M Y,JIANG Y C,et al. Hierarchical attention
model for personalized tag recommendation[ ]J]. Journal of the
Association for Information Science and Technology, 2021,
72(2):173-189.

[5] SONG Y,ZHUANG Z M, LI H J,et al. Realtime automatic tag
recommendation[ C] // Proceedings of the 31st Annual Interna-
tional ACM SIGIR Conference on Research and Development in
Information Retrieval. New York: Association for Computing
Machiery,2008.:515-522.

[6] XIA X,DAVID L,WANG X Y,et al. Tag recommendation in
software information sites[ C] // Proceedings of the 10th Wor-
king Conference on Mining Software Repositories(MSR). Pisca-
taway : IEEE Computer Society,2013:287-296.

[7] WU Y,YAO Y.XU F,et al. Tag2word: Using tags to generate
words for content based tag recommendation[ C] // Proceedings
of the 25th ACM International on Conference on Information
and Knowledge Management. New York: Association for Com-
puting Machiery.2016:2287-2292.

[8] WU Y.XISQ.,YAO Y.et al. Guiding supervised topic modeling
for content based tag recommendation [ J]. Neurocomputing,
2018,314:479-489.

[9] TANG SJ,YAO Y,ZHANG S W, et al. An integral tag recom-
mendation model for textual content[ C] // Proceedings of the

AAAI Conference on Artificial Intelligence. Menlo Park: AAAI

[10]

[11]

[12]

[13]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

[2z]

[23]

Press,2019:5109-5116.

LEI K,FU Q A,YANG M,et al. Tag recommendation by text
classification with attention-based capsule network[ ] ]. Neuro-
computing,2020,391:65-73.

LI Y,LIU T,JIANG J.et al. Hashtag recommendation with
topical attention-based lstm[ C]// Proceedings of the 26th Inter-
national Conference on Computational Linguistics: Technical Pa-
pers. New York: Association for Computing Machiery, 2016
3019-3029.

HASSAN H A,SANSONETTI G,GASPARETTI F,et al. Se-
manticbased tag recommendation in scientific bookmarking sys-
tems[ C]// Proceedings of the 12th ACM Conference on Recom-
mender Systems. New York: Association for Computing Machie-
ry,2018:465-469.

HE ] D,XU B W, YANG Z,et al. PTM4Tag: Sharpening Tag
Recommendation of Stack Overflow Posts with Pre-trained
Models[ C]// Proceedings of the 30th IEEE/ACM International
Conference on Program Comprehension. New York: Association
for Computing Machinery,2022;1-11.

CHEN Y C,LAI K T, LIU D, et al. Tagnet: triplet-attention
graph networks for hashtag recommendation[ J]. IEEE Transac-
tions on Circuits and Systems for Video Technology, 2021,
32(3):1148-1159.

FENG K,LIU T,ZHANG H,et al. Tnod: Transformer network
with object detection for tag recommendation[ C] // Proceedings
of the 2023 ACM International Conference on Multimedia Re-
trieval. 2023:617-621.

LI L, WANG P, ZHENG X, et al. Dual-interactive fusion for
code-mixed deep representation learning in tag recommendation
[J]. Information Fusion,2023,99:101862.

WANG L,LI Y. KEIC: A tag recommendation framework with
knowledge enhancement and interclass correlation[ J]. Informa-
tion Sciences,2023,645:119330.

SIGURBJORNSSON B,ZWOL R. Flickr tag recommendation
based on collective knowledge[ C7// Proceedings of the Interna-
tional Conference on World Wide Web. New York: Springer,
2008. 327-336.

NGUYEN H,WISTUBA M,GRABOCKA J.et al. Personalized
deep learning for tag recommendation[ C] // Proceedings of the
Pacific-Asia Conference on Knowledge Discovery and Data Mi-
ning. Berlin: Springer,2017:186-197.

MAITY S K,PANIGRAHI A,GHOSH S,et al. DeepTagRec: A
content-cum-user based tag recommendation framework for
stack overflow[ C]// Proceedings of European Conference on In-
formation Retrieval. Switzerland, Springer,2019:125-131.
QUINTANILLA E,RAWAT Y,SAKRYUKIN A,et al. Adver-
sarial learning for personalized tag recommendation[ C]// IEEE
Transactions on Multimedia. Piscataway: IEEE Computer Socie-
ty,2020,23:1083-1094.

ZHANG S W,YAO Y,XU F,et al. Hashtag recommendation
for photo sharing services[ C] // Proceedings of the AAAI Con-
ference on Artificial Intelligence. Menlo Park: AAAI Press,
2019:5805-5812.

KANG W C,MCAULEY J. Self-attentive sequential recommen-



150

THEPLEE Vol. 52,No. 1,Jan. 2025

Com puter Science

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

dation[C] // 2018 IEEE International Conference on Data Mi-
ning (ICDM). Piscataway: IEEE Computer Society, 2018: 197~
220.

ZHANG T T,ZHAO P P,LIU Y C,et al. Feature-level deeper
self-attention network for sequential recommendation[ C]// Pro-
ceedings of the Twenty-Eighth International Joint Conference on
Artificial Intelligence. San Francisco: Morgan Kaufmann, 2019
4320-4326.

ZHOU P L,YE Q C,XIE Y Q.et al. Attention Calibration for
Transformer-based Sequential Recommendation [ C] // Procee-
dings of the 32nd ACM International Conference on Information
and Knowledge Management. 2023:3595-3605.

SUN F,LIU J,WU ]J,et al. Bertdrec: Sequential recommenda-
tion with bidirectional encoder representations from transformer
[C]// Proceedings of the 28th ACM International Conference on
Information and Knowledge Management. New York: Associa-
tion for Computing Machiery,2019:1441-1450.

ZHENG J,RAMASINGHE S,LUCEY S. Rethinking positional
encoding[ J]. arXiv:2107. 02561. 2021.

LI M,ZHAO X,LYU C,et al. MLP4Rec: A pure MLP architec-
ture for sequential recommendations[ C] // Proceedings of the
Thirty-First International Joint Conference on Artificial Intelli-
gence. San Francisco: Morgan Kaufmann,2022:2138-2144.
EKAMBARAM V.JATI A.NGUYEN N,et al. TSMixer:
Lightweight MLP-Mixer Model for Multivariate Time Series
Forecasting[ C] // Proceedings of the 29th ACM SIGKDD Con-
ference on Knowledge Discovery and Data Mining. New York:
Association for Computing Machiery,2023:459-469.

DEVLIN J,CHANG MW, LEE K, et al. Bert: Pre-training of
deep bidirectional transformers for language understanding
[C1// Proceedings of the 2019 Conference of the North Ameri-
can Chapter of the Association for Computational Linguistics:
Human Language Technologies. Stroudsburg: Association for
Computational Linguistics,2019:4171-4186.

KUMAR S,SHIVANI A, AKHTAR M S.et al. When did you

[32]

[33]

[34]

[35]

become so smart, oh wise one?Sarcasm Explanation in Multi-
modal Multi-party Dialogues[ C] // Proceedings of the 60th An-
nual Meeting of the Association for Computational Linguistic.
2022:5956-5968.

LIMY,ZHANG Z J,ZHAO X Y,et al. AutoMLP: Automated
MLP for Sequential Recommendations[ C] // Proceedings of the
ACM Web Conference. New York: Association for Computing
Machiery,2023:1190-1198.

LIANG J H,ZHAO X Y,LI M Y, et al. MMMLP: multi-modal
multilayer perceptron for sequential recommendations[ C]//Pro-
ceedings of the ACM Web Conference 2023.2023:1109-1117.
GONG Y Y,ZHANG Q. Hashtag recommendation using atten-
tion-based convolutional neural network[ C]// Proceedings of In-
ternational Joint Conference on Artificial Intelligence. San Fran-
cisco: Morgan Kaufmann,2016.:2782-2788.

SUN B,ZHU Y Z,XIAO Y K,et al. Automatic Question Tag-
ging with Deep Neural Networks[]J]. IEEE Transactions on

Learning Technologies. Piscataway: IEEE Computer Society,

2019:29-43.

LIU Bing, born in 2000, master, is a
student member of CCF(No. P2313G).
Her main research interests include tag
recommendation and multi-label lear-

ning.

JING Liping, Ph.D, professor,is a pro-
fessional member of CCF(No. 18443S).
Her main research interests include ma-
chine learning and its application in ar-

tificial intelligence field and so on.

(GUAL S 3 2 W)



