wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEFRREHEMERMIGHSTEXIES LRAR
RKfE, A, AR i

5IAEX

RERHE, B2, HR Gl ETRRESRENETIGNSREXESERRI]. HHENRE 2024,
51(1): 143-149.

WU Jiawei, FANG Quan, HU Jun, QIAN Shengsheng. Pre-training of Heterogeneous Graph Neural
Networks for Multi-label Document Classification [J]. Computer Science, 2024, 51(1): 143-149.

BN EEE (SERXINEE IE JENBEENE)

Similar articles recommended (Please use Firefox or IE to view the article)

A ZMAX LF I TG IGRA S ST 4755

Multimodal Pre-training Method for Multi-view Contrastive Learning and Semantic Enhancement

HENRSE, 2024, 51(1): 168-174. https://doi.org/10.11896/jsjkx.230700084

SemFA: BEFiE IS XTI ENHNAIIRS IRE A D HKEE
SemFA:Extreme Multi-label Text Classification Model Based on Semantic Features and Association
Attention

HEHNRIE, 2023, 50(12): 270-278. https://doi.org/10.11896/jsjkx.230300239

CodeBERT-based Language Model for Design Patterns

BRI, 2023, 50(12): 75-81. https://doi.org/10.11896/jsjkx.230100115

ET 2R EXM I F I HIR A E R ERL
Chat Dialogue Summary Model Based on Multi-granularity Contrastive Learning

HEHNRIE, 2023, 50(11): 192-200. https://doi.org/10.11896/jsjkx.230300241

ETFzO09imRinSaHtisismg
End-to-End Event Coreference Resolution Based on Core Sentence

HEHNRIE, 2023, 50(11): 185-191. https://doi.org/10.11896/jsjkx.221000078


https://www.jsjkx.com/CN/10.11896/jsjkx.230600079
https://www.jsjkx.com/EN/10.11896/jsjkx.230600079
https://www.jsjkx.com/CN/10.11896/jsjkx.230700084
https://doi.org/10.11896/jsjkx.230700084
https://www.jsjkx.com/CN/10.11896/jsjkx.230300239
https://doi.org/10.11896/jsjkx.230300239
https://www.jsjkx.com/CN/10.11896/jsjkx.230100115
https://doi.org/10.11896/jsjkx.230100115
https://www.jsjkx.com/CN/10.11896/jsjkx.230300241
https://doi.org/10.11896/jsjkx.230300241
https://www.jsjkx.com/CN/10.11896/jsjkx.221000078
https://doi.org/10.11896/jsjkx.221000078

http: /www. jsjkx. com

4 A A 2
O tﬁ-m sa;tg? DOI: 10. 11896/jsikx. 230600079

ETRABEHEMNZTINEHNSIREXETERAR

REMFE F & B B KM
LA AFT AR ART R A M 450002
BRI ERARFERERLRE LK 100190

(robin. wujw@ gmail. com)

B E SHEIBIEL—ABIHEAEMERLEMAROER EFR2HARREMREW LR, LAV SHFEX
Moy EFTEZRREIARAZIIGEEARES X THBERAFELEN., R, XRF 2L EA A THIEGELE L,
BLERERKREGRES A ARERT I EMALAKEZANGH LA RFLEN>AAEFRZELE AR W $4R5 LA
sEeERE, B . X PRE-—FHOATHFABNZRNERNLEN SHAREI > LT E, B FBEIMEIE L TH
BOFRAB RAAMNASRFIRNG T EH KIS L LK EZNGLR, BT FEFRERES AR BHERS S 4
By R ERNE, ERAEHKBEE LG THREREN. TR F E 69 5 £ Transformer 32 % 7 8%, bk BertXML 2 & 7
1.75% 06 MATCH 85 7 1.3%.,

KBR: ZHFELIB S, AKEFRANERL; RN%; KESH

FESES TP391

Pre-training of Heterogeneous Graph Neural Networks for Multi-label Document Classification

WU Jiawei' , FANG Quan’, HU Jun® and QIAN Shengsheng’
1 Henan Institute of Advanced Technology,Zhengzhou University,Zhengzhou 450002, China

2 National Laboratory of Pattern Recognition, Institute of Automation,Chinese Academy of Sciences, Beijing 100190, China
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two contrastive pre-training methods to capture the relationship between documents and their metadata,and improves the accura-
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Table 2 Results comparison of each model on MAG-CS dataset

Dataset Method P@1=nDCG@1 P@3 P@s5 nDCG@3 nDCG@5
XML-CNN 0.8656+0.0010 0.7028+0.0010 0.5756+0.0010 0.7842+0.0009 0.7407£0.0010
MeSH ProbeNet 0.8738+0.0016 0.721940.0059 0.592740.0075 0.8020+0.0048 0.7588+0.0067
AttentionXML 0.90352£0.0009 0.7682+0.0017 0.644140.0020 0.8489+0.0016 0.8145+0.0020
Star-Transformer 0.8569+0.0011 0.7089+0.0010 0.5853+0.0011 0.7876+0.0008 0.7486+0.0011
BERTXML 0.901140.0027 0.7532+0.0015 0.6238+0.0020 0.8355+0.0025 0.7954+0.0024
MAG-CS Transformer 0.8805+0.0007 0.732740.0006 0.6024+0.0010 0.8129+0.0008 0.7703+0.0010
MATCH-NoHier 0.911440.0014 0.7634+0.0012 0.631240.0013 0.8486+0.0006 0.8076£0.0009
MATCH 0.9190+0.001 2 0.7763+0.0023 0.6457+0.0030 0.861040.0022 0.8223+0.0030
PGMLDC-NoGraph 0.9195£0.0010 0.7775+0.0012 0.6463£0.0040 0.8606+0.0016 0.8240£0.0020
PGMLDC-NoCBLoss 0.9208+0.0015 0.7805+0.0008 0.6493+0.0010 0.8656+0.0006 0.8270+0.0010
PGMLDC 0.9238£0.0007 0.7872£0.0010 0.6543£0.0013 0.8703£0.0009 0.83324+0.0013
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Table 3 Results comparison of each model on MAG-CS dataset

Dataset Method P@1=nDCG@1 P@3 P@5 nDCG@3 nDCG@5
XML-CNN 0.9084+0.0004 0.7182+£0.0007 0.5857£0.0004 0.7790£0.0007 0.70752£0.0005
MeSHProbeNet 0.9135+0.0021 0.7224740.0066 0.5878+0.0070 0.7836+0.0057 0.7109+0.0065
AttentionXML 0.9125740.0003 0.741440.0017 0.6169+0.0016 0.7979+0.0013 0.7341+0.0013
Star-Transformer 0.8962+0.0023 0.6990£0.0014 0.5641£0.0008 0.761240.0015 0.68690.0011
BERTXML 0.9144+0.0014 0.7362740.0046 0.6032+0.0050 0.7949+0.0038 0.7247+0.0045
PubMed Transformer 0.897140.0050 0.729940.0029 0.6003+0.0018 0.7867+0.0034 0.7178+0.0027
MATCH-NoHier 0.915140.0022 0.7425£0.0041 0.6104£0.0047 0.8001£0.0037 0.731040.0044
MATCH 0.9168+0.0013 0.751140.0029 0.6199+0.0029 0.8072+0.0027 0.7395+0.0029
PGMLDC -NoGraph 0.917940.0023 0.752340.0025 0.6232+0.0023 0.811440.0025 0.7432+0.0030
PGMLDC -NoCBLoss 0.9181£0.0014 0.7587+0.0030 0.6285+£0.0019 0.8160£0.0020 0.7485£0.0023
PGMLDC 0.9209£0.0022 0.7617%0.0019 0.631940.0024 0.8210%0.0034 0.7510%0.0021
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Table 4 Experimental results comparison of different balancing coefficients A on MAG-CS dataset

Dataset A P@1=nDCG@1 P@3 P@5 nDCG@3 nDCG@5
0.050 0.920340.004 2 0.7628+0.0021 0.634240.0012 0.8513%+0.0013 0.819740.0032
0. 750 0.9229%0.0013 0.7753%0.0012 0.6472240.0024 0.864040.0011 0.823040.0016
0. 100 0.923810.0007 0.787210.0010 0.65431+0.0013 0.870310.0009 0.83321+0.0013

PubMed 0.125 0.9219+0.0013 0.7729+0.0020 0.6423+0.0021 0.862640.0013 0.8210£0.0013
0. 150 0.9191x0.0017 0.753240.0035 0.6310£0.0022 0.848540.0015 0.812340.0017
0. 200 0.9167=£0.0011 0.7427 £0.0012 0.622440.0036 0.822940.0013 0.800340.0024
0. 300 0.913140.0026 0.7313£0.0009 0.61722+0.0025 0.8135+0.0028 0.794240.0015

£ b PGMLDC #8 RUTE P A K 4 _E 35 0 T 7 A X Lo s
A, HL 2 4501 A 451 J o HOR P A 28 ) 2% Y TH Rl SE R 45 2R 1Y
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Table 5 Experimental results comparison of different balancing coefficients A on PubMed dataset
Dataset A P@1=nDCG@1 P@3 P@5 nDCG@3 nDCG@5
0.050 0.918440.0012 0.732840.0010 0.6156=0.0010 0.804240.0009 0.7207+£0.0010
0. 750 0.9199+0.0025 0.7423+0.0016 0.621140.0014 0.81104+0.0021 0.731040.0012
0. 100 0.920940.0022 0.7617£0.0019 0.6319£0.0024 0.8210£0.0034 0.7510£0.0021
PubMed 0.125 0.9195+0.0003 0.7564+£0.0027 0.6299+£0.0016 0.819940.0023 0.749140.0013
0. 150 0.9162=+0.0013 0.7440+0.0024 0.6141+0.0018 0.801240.0015 0.7169+0.0011
0. 200 0.9147+0.0024 0.7362+0.0046 0.6032+0.0050 0.7949+0.0038 0.710740.0045
0. 300 0.911940.0051 0.729240.0019 0.6003£0.0018 0.786740.0034 0.7038£0.0027
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