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Abstract: In order to solve the problem of exact matching between scholars and articles, a new method of
author name disambiguation is proposed based on semi-supervised learning with graph convolutional network.
In this method, the SciBERT pre-training language model is applied to calculating the semantic embedding
vector of each paper with their title and keywords. Authors and organizations of papers are used to obtain the
adjacency matrixes of the paper’s co-author network and co-organization network. The pseudo labels are
collected from the co-author network to obtain the positive and negative samples. The semantic embedding
vector, adjacency matrixes and the positive and negative samples are used as input to be processed by Graph
Convolution neural Network (GCN). In semi-supervised learning, the embedding vectors of papers are learned
to be clustered in order to realize the name disambiguation of papers. The experimental results show that,

compared with other disambiguation methods, this method achieves better results on the experimental dataset.

Key words: Name disambiguation; Graph Convolutional Network (GCN); BERT language model

515
VRS Itk 4% B0 — B2 1E A AP R AN 2 AR 5

PGB, FRRI RS PE—E
A ) LR R A SRS R AR S8 A LA AR PR (K AR
Pho NHERECSC FZRT AN S T AL R R

HE AR, TR SRR B BOE K, =

Wk H#A: 2020-10-23; EEIEHA: 2021-00-23; P HIAR: 2021-11-10
*EEEH: BBt shengxiaoguang@ucas.ac.cn

HETH: BXRARR2IS(61702038), EFRitR %54
(15CTQ006)

Foundation Items: The National Natural Science Foundation of
China (61702038), The National Social Science Foundation of
China (15CTQ006)

g L@ ME— PR R X R, WOt g 5
TR B 4 RS (Open Researcher and Contri-
butor IDentifier, ORCID)!Y). Thomson Reutersft]
ResearchID/%§. $RTfT, A 44471R R G0 R H 6
AR, KERA R IR P ARELEE S iR
b RSl P CEB U S B RN 2 STl A (< 5 B
[ REATI SR 2 () A4 T B BT B, R E N A


http://radars.ie.ac.cn/CN/10.11999/JEIT200905

H12 REMRIGAE: T BB AR B 27 ST R SCAE 2 7] 44 T BT T 9 3443
I e R 22— H R IO T SO AR AR ) A A B 42 R 2 B BE S 5, R SO R R

AL ML A o7 2T B SR 1) R Bl 73 2 ), i)
SVMPLL R KM, i JRPIELEE 5 o) Bkt
ITAbH . BEAEREE R R, BoRBZ A
N TR R 2548 N 77 (Network Embedding) #3547
VR [ 4015 80T, AR SCE 0 Hh b BRORRAIE DA T
REEIF RS WA, BARIMEY R EM
FZE M 4% (Convolutional Neural Networks, CNN)
Pk ke, EEHEEY BRGS0
BESIAR T ECR R, T B AR A M 45 (Graph
Convolutional Network, GCN) H T e 2 b £
BAFERREMIES, FH T ET fFR
Fo) B RS AT B A ]
BT, AR TR T BREREIRE S
WIAEE F AW BT, MalE#. P, BH.
KA B EE B, HBIBERTIE URRTT L
MEBRMAE ML, REEFHBOTE, UREE
HHBCRILRCRBCR .
2 HEXRHR

Zhang®F N U 2 157 [7] 44 96 B W 58 07V E o N
P B TR R BT VA AR T B / B )T
J7ie

BT RE BT BT R R, AR SO R
AIE [ei) B2 2] SO 2 TB] PR PR B BR A, A PR RRAE [
FEIAAMFEZA, LR HE. Huang AP
T — AN R 255 HE SRR AR DR A2 PR TH B R,
I I Blocking H3 A4S 2 H AT FHALAL FRAE & ) (e
K, AEIAEL Sk SR B LA (LASVM)
TR SCZ IR B B A TDBSCANSE, . Yoshida
25 N0 —Fh LT bootstrapping ) P B B R R
ERBGE AR, HA I B REESE LA T
FERUR 2B BOR R A RHE. Han%s NP H T
TSV M DL 0 2 1) A B W 87, I
WICEAEE 8 H R 44 BREERFERT [ 44 7R &
7B Zhuf NS 2 2 52 0 07 AT [F) 44
HE, W A A HEmailfg B XCEEE. B3
B H AT B A IR R

BT R/ BT BT R L 4 A 2 4
ERAKALLENSMEE, HluFant A5 H
TR A AR SR R [R) 44 T BHESE GHOST,
AR RG], AR B AR HE s 2 1A AL
FEAZ K FIAC B T BARABURE P 0) ARABA P R B 2R
RSP FE AT B . TangE NWF] I B& 5 /R o] R BE
WL 48— MEAEHESE N (10719 s R A I R AE R AT 2
B Zhang®5 N H —FhFE T W2 A g T T7
%, WEREEAEE . MEFH- R RIS E,

R4 mmasial, DA 4 FBRVE BT %S5 . Hermans-
son%g N POFEH T — Bl I T Jay 0 4R 48 25+ 1) B 44 1)
SEARTH TV, BT R ARk 4 # A FH Graph Ker-
nelsTH 5 B AT S 2 [ ARUE, FEHSVMIAT 73
HAL% . Zhang®5 NR A 454 4 7 BB AR
NIRRT AT, RGP LRI B
% 7E AMiner 5 4t 7 B85 /5 00 H -2 AR 11
IH B )

ABILEEPIMEBOT AR, — 7R %
ARJEMAZ B WA E  SSBR SETE HOE XURFIE 7]
i, G ER R MFEN K RIS,
R T RIS HET IR, RRIEE B
1 H 1.

3 ETEERFLEEFIMNEERZHELE

&

Pl 45 AR o 8 [0 245 S — B oy L 2R 1) ] o 2 T
%o BB I B S R ARV E R T s AR AIE
) AT s ] B S M S A e — S, 9 SRR )
EHAT UREGREEE, podid BEaA HIGT
AR E ARHE R E, AR SR
AL R [ 2 2Y . i REIE F T3[R 44 TH BT
2 R B0 SO A B DGR 2 W 4% il i S
TR 288 AN W7 B BT ARFAIE ) 2 SRR SCER AT 55

RETXR—EK, ARE—METESRER
BRI MMEE RIAHEE T ERERME LR, &
g6, KIRSCEE . BT AR SCARTI N Pl S I 25
U BISciBER TH AU 15 21 53 4 10 SCHI1E X3RN ) &
Hk, RIS SCHIVEE RNLR S BRI S S TEM
G P RN 4, 73 SRS s R E, A
WA EM L P RENIREE, SRR IERE ARG R
AL, BAAHER CHBERTIE LR &, X A1E
IR 28 R SCATLA SRR 26 DL R IE S SR REARERAE %
A, FIHEGHRMENEHT R, SR80
IRAT R B )a i EIREER R BRI
T A BRI 4y, S SR TR 44 T
3.1 EFBERTHIIZGRBAILIE N TR

FH T 5T N G375 — BRI TA] P (A9 58 77 1) AE G A
SE, WIIEH . CBA. FE. HARY) AR E
ARFE ] T 3R AEE A L NS A T IX 20
HAFRARFESERE . BAr, Sz HR SRR
w7 A HEn-gram, NNLM, word2vec%s.
20184EGoogle Kl T BERTTRIIZIE SR, 1F
HRE T B 11ME S ERIERIHT TR S . b
J5, Beltagy®s NP T % 7T 9 RHE S TR 1)
SciBERT I ZRTE S MR, Hd M TR 185



3444 B 7 5 F

e
HE

i 43 %

P1 ——
bl —»ScBERTH %> b —5
Sl HER pie—=

WS 3
%%ﬁ%x\\\

(g, WCATERS | EERAL

L
kU “/// L 23
D WEERE e,
D e SEE
ik A it

1 BFFTAESE

HARE 5 AR S . AR PR SOUARRHE, &
BRI E . RBEAE N SRR, FH
SciBER T Y 15 2143 18 SCHTE SRR Al & o

BB 18 ST B RN 8 TR B 3RS 1 A) 1
ANNd, W BERT%i A HNICLS,d,SEP], CLSAH!
SEPFRRFF 7 E RH)F BRI IGFF R - B 75, &0t
i 3R 15 4) F Htoken 7 #1{toky, toks, -+, tokn }, K
W NFIBERTHL A i, BERT BAX ] Trans-
former i1 Encoder E A5 A (1) JE A% 2H 5 e (40 ]2
HBERTZ), REWHCA A EH LA J7 A 1
BN SE BTN, R 2 ke L AT
ZZ MR I, a3 258 8 8 SURHIER)
R, B OiZIe SCE R E, BN
ds, FMEAEHABERTHENRE S G768, id
HNH . WA B[R 4R 318 SCEE A IS R R A &
WMEXaxk = (ds1,ds2,,dsk), HAdsi Nk
WICIE R AE, KW XHHE.

3.2 WM ATEME YL KB LEHIE

RRAFF RS B L RS B, AR 4y
KA A S AE 45 Yoo R STHLAA IR N 25 } i,
WEI3FTR .

EXL: BXAEML e =< Pya >RIER L
TR ZEMAEERR, HPPRRMEE T G,
TRBBAWL, R R MAERRIAE
By WSO B PO oz 18] ARV A 2 1 3 ()
GEFEHERTL, WE XM ST BRI X
AAEM S P AE a2,

EX2: WIXHIMKEMN LS } oo =< P,i >RAER
T R A I B R &, iR PERIR I 4% R 8
RUEE, WREREURW L, aRIR T s (A LAY 9%
BB A, SRRSO S PO P B A7 AEAH [R5

[CLS] Title + Keywords [SEP] TN =
L A
tok, tok, s toky Token)z

BERT 2

<L eiE R nd
[0000000000000000)| itk

K 2 ZEFBERT B ZAER MR 301 CRoR

(a) W AEM L

Pl 3 S0 VE R 4 FITLAL SR IR ) 2%

(b) HURIFRTRI 25

FI e B A U3 PR A1 ST R AE W AL S B I 26
EAE 1120

FH I 23 0l A8 7 i 32 18] ) TG ARG 7] ] @ B
Gcir HAca M A5l 3R 7R 18 SCEAE W 45 R 18 STHL
T TR I 25 PR AR 42 R o



12

REMRIGAE: T BB AR B 27 ST R SCAE 2 7] 44 T BT T 9 3445

RT3 BGON I ZRI VI 46 br 2 E 4w, A S0
ORI SO 4 R RES . @It SRR
RN KRR R, 0] LR IAFEA RS AR & R
PAEE N E— NIREZE AR LL [E LRI & 58K, Ak
AR STEAE P 28 gea RN BRAS o BARAE g
XA € E B AERIIAGE S, Blide;E K
Fea FIAREZAERE R A1, [FI BEALR A R S5 AT
Tlfﬁ/‘]iﬂé%ﬁeij €&, Eﬂ&j@@ﬂcaﬁ‘]@ﬁ%%ﬁﬁi*ﬁ
0. K& ARNIERAL, EAENTEARE.

3.3 BERERENARTES

I AP R R E T A B8 SCIBERT
AR AR MR ST BRI 25 DL Jo
1IE. fFEAR%E., IR E, FHEGRERE
FEE— P S — NS RN . RIS R
2 R A N NBERTE W E/RHEX . B3
BAEM AR MR Aca W UL BRI 25 AT F2 00
FEAcio

ST CAEM 2 0car 10 Aca 9 IE AL 4835
e, MZEREERERN

lew = Ao (Auxwir) W (1)

Hop, Wit Wl NS 1EME22RF5¥% 25
., o AReLUBIERE, Zea NIRICHEERIZE T 1A
A R [

KT SCHUHI IR R 28 Yoo, A0 A s TE AL
IR, PIRREGRERRN

Zoi = Apic (Am-XWfi) Wi 2)

Hep, WP WS RN 1EME 22/ I B35,
Z i N SCHURI SRR X 45 77 0] B 5 P RN TR
N T G AR B e SCEOEE S BIEA, A
LRI —ANEEEEZE, MBERTIE X RRH &
X AT, SRS IR R R &
Zpe =UX (3)

Hrh, UNEERZENZE, Zve N TBERTIE
MR RUIRA R RN
HH RIS T35 M AT R AR N Zeas Zeifll
Zpe, MAAIX3ANTTIAIHI BRAN RN N R AR
T AR T IR S
Z = ($1Zeca + B2Zci + B3Zbe) /(B + B2+ B3) (4)

Hrr, Bi, BBy AN ESEL, AEFNE
ZrH1280.001, 1, 3.

B 22 2T B AR A MU IEREARSE Y A%
PERIEE S, A B R AR AR B o SO B BE

L=lam Y d(Z;,2Z;)—(1-lam) > d(Z;, Z;)
€;j €&+ € €€~
(5)

Ho, d(-)NEEES A, SRR ICEE S5, lamy
S HL

X IR IR AR B AR Z, R X
BB EER B A M ST IR K. R IREER
REVER—MERMPIRFETE, XTI
BRI VLM E TR 8 S AR A A, T
NET 20— ORI B3 (B, & T AR
A 2 T BT 25
3.4 BERIE

BT FRWE RS R BLAR T, AT T
FIFURMISZIE T, PUA AR R SCHE S N
N PATHEIE R X IR IR RE S
4 LIGLE

4.1 SCISHHRE

H TSRS SORIEAR, @WOondis S AaE
FEAE B> BN ARG B o T RS Bl A K v
1, AN 43 ST EE 2 ] — 3 S MU AR AR A7 A AR
W45 Beah, o2 AR R 5% v i g —
ANF S SCHUR (AR 2 BB . AR N T
RESEBE S AR G — b H o “A K, #t—F

® 1 ETEERFEEF INEERREREX

BN RBEERIEGP
Hith: B 3Cunid /5 AR Bicluster_out4l &

(1) FTe ST, RAFME—AR IR fFunid, bR, SCEEE .
L WA, EESIR. ISR,

(2) HHR TR B0 SESCRE e R TR T LT

() P AN S B ] ) 4 3 SCAR ) 1) R A W BER TS Y 1) 4
N HHHREBERTIE LE R A& X

(4) WP IR, MBRSTNG eafl}ei, BILATERRFML
MRBEK R, PP Acafl Acs;

(5) MIRSCAEMZE feah RAEDFRSS, TRAFIE. FBEALES A

&

(6) BAIWIUGAL, THIR GONYIZR

(7) for epoch in range(nums_ epoch):

(8) AR (1) PAT B

(9) RIER )BT B

(10) MAERB)PITEEREEH;

(11) HRAE R (4) 36845 2 2

(12) HRH 20 (5) THEL 40 K BR B I 17 A 38 B P2 S S 5001

IF1) B 5

(13) RIMALHEE B S5

(14) end for

(15) FIFIINZRJG B B 28 307 /R Z 31T Agglomerative
Clustering() %3




3446 B 7 5 F

2 %

43 %

IR F AT BRIAEE . 9, RPN ATFAR
Kt PESRAT I S SRR SOy SE IR B, R AT
PR TR EAT SEER IR . B 5 E R R
B XL, R B FH L R, B
856112 N /] 44 T i ek 44 (& Bm % W 228544 3 i )
52/ [A) 73 SCHLAE [R] 44 3 ik 42 (SEBR X R 10844
Jifi) o AN H B AL B 20450 T B 2 (SEBRAT 96 44
I VR IASE (2)

20T B B SCR AL TE3TR35, A
SCWSC24735, PR IC1280%, ST A
BYCTCEE, BAYEOCE B KR SCE TH29215
FESEIOHGT, SR BOL SCHEAT AL, b k44
Gi— NI A, R B RE s SR g —
NIECHM 4, X gl . 2 SoBia)
AR FR, A8 R E B R APV R b SR
NI, FFg—MEAEE . =R R TR
4.2 EWERSTH

ALY KB N Python3.6, CUDA
10.01, f##HPyTorch 1.1.0, Transformers 2.1.1,
Gensim 3.8.1, Numpy 1.18.1% T A, {355 R
Intel Xeon T #%4bH 2. 64GBH 7. NVIDIA Ge-
force RTX 2080Tif& o
4.2.1 5EMGEILLS

NEEEVEM AT, 730 544 B2 RN
HBEITED, 24 2R N TH B P DL e T4
AR 3 R 3 I S it 1] 55 0 U 1) ek i B 7 R AT L
2. EHE MK Pairwise Precision, Recall,
Fl-scorefE AL TENR, S RANEL3PIR.

MFE3AT AR, A SCTTRAE 20 5 T B
LIS FAESS RIS T R RCR, JFHAERTA T
RS B4R br L BAS 7RISR, FUEAME

&2 FRHBEEMRAE

. HE . H®E
i WX - 4 W feE%

Tao Huang 167 2 Yunshan Wang 46 2
Haibo Li 132 3 Liang Wang 119 6
Ming Li 312 10 Lin Wang 56 2
Wei Li 27 2 Gang Xiong 151 2
Jia Liu 29 2 Jun Yang 395 7
Jie Liu 30 2 Peng Zhang 237 10
Jing Liu 277 6 Tao Zhang 939 9
Jun Liu 228 7 Xu Zhao 131 3
Yun Liu 169 5 Feng Zhao 122 6
Bin Wang 201 8 Ming Zhu 31 2

U https:/ /api.fanyi.baidu.com/

FoAh3Fh 757253 BIHR T T3.57, 2.77132.98. B4 ]
WX 25 ik N JH B VETE FAE S (Jia Liu, Jie Liu, Jun
Liu, Yunshan Wang, Xu Zhao) " 8 B AR H AR .
Z e 25 AR N BT VETE AR 45 (Wei Li, Bin
Wang, Lin Wang, Ming Zhu) 1 JH B 2R E AL .

AREIH B8 SRR ELBR, ARSI AR R SR
B KMIESS (InTao Zhang, Jun Yang, Ming Li) |
RORIF T HoAl T77% . AR IR SCRBUNIAESS (Wel
Li, Jia Liu, Jie Liu, Yunshan Wang, Lin Wang,
Xu Zhao, Ming Zhu) b [ 44 &l X &4k N JH B VA0
ZYEMNZRARNTH BOTTVERI BRI, A7

MARFIH B ) B R, R 2 1 ) LA
%Ming Li, Peng Zhang, Tao Zhang b, A )7k
Ak, T FEE A P D 2 R NV BT VEAE T B S s b
{£4%5 Jia Liu, Jie Liu, Yunshan Wang I8, £ 4k
W 2% 1R N BT VR AE T B D A 55 Wed Li, Lin
Wang, Ming Zhu FHAR, A7 IELEH BB
b Tao Huang F1E55 AR EARL

L3t HLIBGR SRR 502 1) b %A1 55 1O v 1
RO, ARSCTTERENYEE R, BT LLER& R I
I, FRUIH A R AT 4060 X 73 fig ) A3 FUR
Ab P RE
4.2.2 (AHSIRR T

R PP A AR SCASE P A B % 4 BSR4 TE SRS R I 4R
23 B FIBERTAR B 7155048 SC5 /USSR
AN ERET IR, WoE il X E N 03 HAUE A
LM EEE MU R RIEAT RIS, USSR
EAEHIPIAN AT, RIS AR R 45500 749 e 1) AR
WG HATIRSCREE, W R RPN

FAZE R B - 0 FA SCAAE R oR A R R
W, RRGRTEIFEN57.03, A EEH
W 2 B 5 /R % SRR AR AR REAT AL fE, ~F
BFUVESETE 724.51. WERGUE T EIGRR M 2411 55
HE LA A AL 2% B ATV B, PR UE N
75.76, AU F SCRE SRR A B R ORI,
RIPRCREZE, XUHIBE S 1E R R AP <
WRHEAT B A AR o ST TR 2 () 44 W B sk v T
W SUA 5 B SCARHAE .
4.2.3 WXXARBNRTTH

VAR FH A R 5 AR BEAT 18 SUARTE R
AN BT BCROR AR SCAE S otk 4 B o i) A
Word2Vecti !, Google) BERT-base-uncasedZ&
i ) A AIBER T-base-multilangual-un-
cased Z i 5 MG A . 15 T KHH XCBERT-
wwm-ChineseFil Il 255 8 LA K BH£ 18 SCSciBERTHR
TIPS, XLEs RUNESFm. MWord2Vec,
BERT-base-multilangual-uncased, BERT-wwm-


https://api.fanyi.baidu.com/

F12H REBEGSE: BT EIG R IB 2 oT BOR SO 35 IR 424 W BT 1 7 3447
%3 FHLWLER(%)
A5 ARG ONG E2 TSNS TR 7 i
e Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1

Tao Huang 98.29  97.20  97.74 87.32 82.90 85.05 90.12 86.20  88.46 73.53  29.33  41.93
Haibo Li 87.57  93.77  90.56 86.58 87.22 86.89 80.06  78.68 79.82 4277 58.06  49.25
Ming Li 92.25 83.30 87.55 60.01 62.95 61.44 74.64  70.03 72.65 15.78 79.62 26.33
Wei Li 73.37  65.61  69.27 78.70 70.37 74.30 80.14  77.35 78.24 52.16  83.07  64.08
Jia Liu 56.82  84.03 67.8 92.59 84.03 88.11 88.23  78.65  82.78 58.62 60.01 73.91
Jie Liu 74.29 53.61 62.28 100.0 100.0 100.0 80.12 70.30 76.24 72.20 64.26 68.0
Jing Liu 92.63 66.91  77.69 76.96 54.26 63.65 78.11 56.47  64.94 3547  60.16  44.63
Jun Liu 91.45 74.57 82.15 98.12 95.07 96.61 96.42 80.20 88.23 59.72 96.63 73.81
Yun Liu 99.33  99.72  99.52 97.30 87.35 92.06 91.84 8242  86.21 48.39  62.36 54.49
Bin Wang 91.13 47.09 62.09 81.16 31.51 45.39 94.39 49.20 64.69 49.38 61.51 54.78
Yunshan Wang 85.8 81.92  83.82 93.01 90.21 91.59 87.01 84.18  86.53 51.30  60.01 57.81
LiangWang 82.92  76.06  79.34 50.77 57.01 53.71 62.65 60.27  61.38 20.74  66.77  31.65
Lin Wang 62.75 82,53  71.30 63.73 86.54 73.41 66.19  88.20 76.69 64.23  90.42 75.11
Gang Xiong 99.00 89.21 93.85 98.43 84.30 90.82 94.33 89.21 92.30 83.70 42.35 56.24
Jun Yang 94.42  83.46  88.60 74.35 71.84 73.08 78.81 75.25 77.59 20.37  32.61 25.07
PengZhang 75.36  70.76  72.99 48.74 40.60 44.30 56.30 5843  57.38 16.09  62.81 25.62
Tao Zhang 99.02  89.50  94.02 80.12 73.04 76.41 88.23  86.52  87.11 42.99  29.06 34.67
Xu Zhao 89.97  66.54  76.50 99.22 95.54 97.35 90.67  86.15  88.46 61.38  81.91 70.18
Feng Zhao 92.25 89 90.59 86.14 78.16 81.96 83.92 80.54  82.78 2749  62.33 38.15
Ming Zhu 81.57 84.90 83.20 81.57 84.90 83.20 83.12 85.29 84.22 58.29 41.63 48.57
Py 86.01  78.98  81.54 81.75 75.88 77.97 82.27  76.18 78.84 4773 59.29  48.96

% 4 BEHERIERTIE (%) BEAh . PRl 18 SO Ja X T SRR R

Avg-Pre Avg-Rec Avg-F1 Dﬁ ’ 63\%” %‘I_Xﬂ‘f@ H N %%ﬁlﬁj N jﬁ g N ﬁ }WL&% ﬁg *ﬁ E(J

WRLTRIGE o oo oo AR, SREROReR. A%

. I 2 LT L B P 6 0 9 B R B T

e s o, REMEGEEZNEL, BB T

Z3s 86.01 78.98 81.54 TP, 1A H R O TR A A ek e 1A A R R

Chinese 3/MBEAYEFXT Ji 46 o 9 SC 0 SO H R OBk
AT TE LR 1525 T BUF H BER T-base-mul-
tilangual K AT R BT . 1% EEBER T-base-un-
cased fMISciBER T H Y41 X 18 S J A FIEH P8 i 1) 9
SCEUH s 1A 1 9256 B R SciBER T A [ $0A T 2%
RBT, I+ H BRI R B

=, DRI RO A

4.2.4 $FENED
TERGRE NN Ghrh, BT A RR

FEMA T AEXRR PR, 18RRI T

F R S IRAE R, WAR4). HAgE—1m

AN ES L, BMfs. EILHAEAFK

REEACE TR O SEs, P —HEMmAs, SR

* 5 ERARAIE R TRBH R LRI (%)

gl Avg-Pre Avg-Rec Avg-F1 P& N
Word2Vec 47.73 65.24 51.22 IR A
BERT-base-multilangual-uncased 45.68 67.07 54.35 R IRA
BERT-wwm-Chinese 48.07 63.88 51.66 IR A
BERT-base-uncased 46.60 71.58 55.34 L
SciBERT 52.20 66.26 57.03 FIL




3448 B 7 5 F

e
HE

i 43 %

ZiRE 4R, %61 =0.001, By = 14183 =3I}
THBCSCR R AT -

TE V] 2 A2 A ] DL B BE At 79 AN AR B
PERER 2 B oK. @5 r7x, fELiang Wang,
Tao Zhang, Ming LiflFeng Zhao 41 F1/£%,
BINT T FERI0.01L R b e R A 2, IF H
FE0.0010F IE B iR, 512 s BRI R AE T[]
— NN EANEE R BRSSP AH R 1) & 1
o, BEHERFEAC. W (5)H 0k ok Fo A 2 2L
lam ¥y % L S2 56 25 R an 6 frar, 2lam = 0.68 458
A
5 GRE

ASCHR P BT B S B ST R ST
VEF R AW BT, T B AR 0 242 1 2% 78 o 1

6 HIAELARNEBIHIELERITEL (%)

Avg-Pre  Avg-Rec  Avg-Fl1

WH . KA 52.20 66.26 57.03

WH . . MR AR 49.43 67.25 55.16
WH . SR, 50.75 58.87 52.98

90

80 r

€ (%)

70

Jm

60 r

50 L

D T e e e

WESEL (B,, Bo, Bs)

Pl 4 AU A PR T

100

80

X 60
vy

52‘3 40 —&— Liang Wang
—®— Tao Zhang
20 Ming Li
Feng Zhao

0

NN NN
AP
NSRN S
R\

WEZE (6,, Bo, Bs)

NS

5 BUBE I A v L

90

85

€ (%)

80

Sm

_—a

# \

75 | —*—Avg-Dre -a
—m— Avg-Rec o
Avg-F1
70 —

0.10.20.30.40.50.60.7080.9
WA ZHlam

6 PRI S am*T LI 45 3

B 2107 T LS A e/ 2 [R) 44 T8 B m) fL. 1077k
— 5 H A T SRR 3 R H ARG B
ERSOE R M E, 57— AR SCmEE
MHLAAE DAY IE L Z (A1 R R M 4%, #R S0 X
T ) 2 R R 28 Q004 PR AR Ay PR S R 28 X 4% (1)
ANTF RN B 25T, @i A AE M4 R E D FREE
BRAF IEFE A S A AARE AR R T B R 2R 400 2K 1R
£, Ak IREE S SRR SO SR RN R R ) B
TR

JE X b SIS AT DA R AR ST VAR b At 32
AT DB A S B SR, EAN R SCRUBERA T 15
o b )& SR ST ARBRRE Y B . ARSCEXT L T
ARRHETE A m I 5 B AR/ HL o R I 2%
B AR 22 ) AN AL DTk, AN RS SRR
SCATEE PSR X B8R 2 m, R4
XITEEA MR g, DUyt — i 5Tl
BUH RS % .

AW FRWAFAE— LA (1) BT A5
[ ) RO SR & B2 AR N A, 1 ARLE W A
£ UDBLP, Arnetminer, CiteSeerX %5 I J& 52
B (2) AR SCITIEAUINEAE P28 BE LR 5O br 2
PAFRRE I 27 2] LA S s 43 i A A Tk — At 5 f 5K
s (B)ARSCTEMIPAT R A ik — 2k, U
SRR T OB R A . X L7 TR RO
N RAIE T A

2 % x|

[1]  ORCID. What is ORCID[EB/OL)]. https://www.lanl.gov/library /
scholarly /orcid.php.

[2]  Thomson Reuters Company. What is ResearcherID?[EB/OL].
https://libanswers.lib.xjtlu.edu.cn/faq/240918, 2020.

[3] HAN Hui, GILES L, ZHA Hongyuan, et al. Two supervised
learning approaches for name disambiguation in author
citations[C]. Proceedings of the 4th ACM/IEEE-CS Joint
Conference on Digital Libraries, Tuscon, USA, 2014:
296-305. doi: 10.1145/996350.996419

[4]  MALIN B. Unsupervised name disambiguation via social


https://www.lanl.gov/library/scholarly/orcid.php
https://www.lanl.gov/library/scholarly/orcid.php
https://libanswers.lib.xjtlu.edu.cn/faq/240918
10.1145/996350.996419
https://www.lanl.gov/library/scholarly/orcid.php
https://www.lanl.gov/library/scholarly/orcid.php
https://libanswers.lib.xjtlu.edu.cn/faq/240918
10.1145/996350.996419

12

REMRIGAE: T BB AR B 27 ST R SCAE 2 7] 44 T BT T 9

3449

[5]

(6]

(7l

(8]

(9]

(10]

(11]

network similarity[C]. Proceedings of the SIAM Workshop
on Link Analysis, Counterterrorism, and Security, Newport
Beach, USA, 2005: 93-102.

HAN Hui, ZHA Hongyuan, and GILES C L. Name
disambiguation in author citations using a K-way spectral
clustering method[C]. Proceedings of the 5th ACM/IEEE-
CS Joint Conference on Digital Libraries, Denver, USA,
2005: 334-343. doi: 10.1145/1065385.1065462.

ZHANG Yutao, ZHANG Fanjin, YAO Peiran, et al. Name
disambiguation in aminer: Clustering, maintenance, and
human in the loop[C]. The Twenty-Forth ACM SIGKDD
International Conference on Knowledge Discovery & Data
Mining, London, UK, 2018: 1002-1011. doi: 10.1145/3219819.
3219859.

ZHANG Baichuan and AL HASAN M. Name
disambiguation in anonymized graphs using network
embedding[C]. The 2017 ACM on Conference on
Information and Knowledge Management, Singapore, 2017:
1239-1248. doi: 10.1145/3132847.3132873.

Wik, BIAE. BT SO IR B TR N 25 i AR AR AL ().
M7 515 B 24), 2019, 41(8): 1992-2000. doi: 10.11999/JEIT
181097.

GATI Shan and BAO Zhongyun. Banknote recognition
research based on improved deep convolutional neural
network[J]. Journal of Electronics & Information
Technology, 2019, 41(8): 1992-2000. doi: 10.11999/JEIT
181097.

FRE, PR, B, S 8 S0 T 4 L A R iR
BRI ). BT5EE2IR, 2021, 43(4): 974-981. doi:
10.11999/JEIT200031.

LU Junyan, JIA Hongguang, GAO Fang, et al.
Reconstruction of digital surface model of single-view
remote sensing image by semantic segmentation network[J].
Journal of Electronics & Information Technology, 2021,
43(4): 974-981. doi: 10.11999/JEIT200031.

NGBS, SZEER, TR, 45, R T 2 UEY R R SR A S I
BRI RAT[T]. 515 B4R, 2017, 39(9): 2048-2055.
doi: 10.11999/JEIT160975.

SUN Xiao, PENG Xiaoqi, HU Min, et al. Extended multi-
modality features and deep learning based microblog short
text sentiment analysis[J]. Journal of Electronics &
Information Technology, 2017, 39(9): 2048-2055. doi: 10.
11999/JEIT160975.

AN, BRfAE, SEA. BESREIERST TR T]. Tk
AR HARBLZE AR, 2020, 59(2): 1-14. doi: 10.13471/j.cnki.
acta.snus.2020.02.001.

ZHENG Ruigang, CHEN Weifu, and FENG Guocan. A
concise survey on graph convolutional networks[J]. Acta

Scientiarum Naturalium Universitatis Sunyatseni, 2020,

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

59(2): 1-14. doi: 10.13471/j.cnki.acta.snus.2020.02.001.
WRUKUK, HRHE, RN, 5. EERIE MK SRR [T]. 5N
24k, 2020, 43(5): 755-780. doi: 10.11897/SP.J.1016.2020.
00755.

XU Bingbing, CEN Keting, HUANG Junjie, et al. A survey
on graph convolutional neural network[J]. Chinese Journal
of Computers, 2020, 43(5): 755-780. doi: 10.11897/
SP.J.1016.2020.00755.

B3R, BRRA. TR HERE RGBS [T]. AR,
2020, 31(4): 1101-1112. doi: 10.3969/j.issn.1000-9825.2020.
04.016.

GE Yao and CHEN Songcan. Graph convolutional network
for recommender systems[J]. Journal of Software, 2020,
31(4): 1101-1112. doi: 10.3969/j.issn.1000-9825.2020.04.016.
F5E, B0, TR, & ETIREEETINE MM 2 A% 25 5 1R
REB 2071, BT S5EE 5K, 2019, 41(5): 1098-1105.
doi: 10.11999/JEIT180628.

WANG Xin, LI Ke, NING Chen, et al. Remote sensing
image classification method based on deep convolution
neural network and multi-kernel learning[J]. Journal of
Electronics & Information Technology, 2019, 41(5):
1098-1105. doi: 10.11999/JEIT180628.

HUANG Jian, ERTEKIN S, and GILES C L. Efficient
name disambiguation for large-scale databases[C]. 10th
European Conference on Principles and Practice of
Knowledge Discovery, Berlin, Germany, 2006: 536-544. doi:
10.1007/11871637 _53. doi: 3.

YOSHIDA M, IKEDA M, ONO S, et al. Person name
disambiguation by bootstrapping[C]. The 33rd International
ACM SIGIR Conference on Research and Development in
Information Retrieval, Geneva, Switzerland, 2010: 10-17.
doi: 10.1145/1835449.1835454.

ZHU Jia, WU Xingcheng, LIN Xueqin, et al. A novel
multiple layers name disambiguation framework for digital
libraries using dynamic clustering[J]. Scientometrics, 2018,
114(3): 781-794. doi: 10.1007/s11192-017-2611-8.

FAN Xiaoming, WANG Jianyong, PU Xu, et al. On graph-
based name disambiguation[J].
Information Quality, 2011, 2(2):
1891879.1891883.

TANG Jie, FONG A C M, WANG Bo, et al. A unified

Journal of Data and

10. doi: 10.1145/

probabilistic framework for name disambiguation in digital
library[J]. IEEE Transactions on Knowledge and Data
Engineering, 2012, 24(6): 975-987. doi: 10.1109/TKDE.
2011.13.

HERMANSSON L, KEROLA T, JOHANSSON F, et al
Entity disambiguation in anonymized graphs using graph
kernels[C]. The 22nd ACM International Conference on

Information & Knowledge Management, San Francisco,


10.1145/1065385.1065462
10.1145/3219819.3219859
10.1145/3219819.3219859
10.1145/3132847.3132873
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT200031
http://dx.doi.org/10.11999/JEIT200031
http://dx.doi.org/10.11999/JEIT200031
http://dx.doi.org/10.11999/JEIT160975
http://dx.doi.org/10.11999/JEIT160975
http://dx.doi.org/10.11999/JEIT160975
http://dx.doi.org/10.11999/JEIT160975
http://dx.doi.org/10.13471/j.cnki.acta.snus.2020.02.001
http://dx.doi.org/10.13471/j.cnki.acta.snus.2020.02.001
http://dx.doi.org/10.13471/j.cnki.acta.snus.2020.02.001
http://dx.doi.org/10.13471/j.cnki.acta.snus.2020.02.001
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.3969/j.issn.1000-9825.2020.04.016
http://dx.doi.org/10.3969/j.issn.1000-9825.2020.04.016
http://dx.doi.org/10.3969/j.issn.1000-9825.2020.04.016
http://dx.doi.org/10.3969/j.issn.1000-9825.2020.04.016
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
10.1007/11871637_53
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
10.1145/1835449.1835454
http://dx.doi.org/10.1007/s11192-017-2611-8
http://dx.doi.org/10.1007/s11192-017-2611-8
http://dx.doi.org/10.1145/1891879.1891883
http://dx.doi.org/10.1145/1891879.1891883
http://dx.doi.org/10.1145/1891879.1891883
http://dx.doi.org/10.1109/TKDE.2011.13
http://dx.doi.org/10.1109/TKDE.2011.13
http://dx.doi.org/10.1109/TKDE.2011.13
10.1145/1065385.1065462
10.1145/3219819.3219859
10.1145/3219819.3219859
10.1145/3132847.3132873
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT181097
http://dx.doi.org/10.11999/JEIT200031
http://dx.doi.org/10.11999/JEIT200031
http://dx.doi.org/10.11999/JEIT200031
http://dx.doi.org/10.11999/JEIT160975
http://dx.doi.org/10.11999/JEIT160975
http://dx.doi.org/10.11999/JEIT160975
http://dx.doi.org/10.11999/JEIT160975
http://dx.doi.org/10.13471/j.cnki.acta.snus.2020.02.001
http://dx.doi.org/10.13471/j.cnki.acta.snus.2020.02.001
http://dx.doi.org/10.13471/j.cnki.acta.snus.2020.02.001
http://dx.doi.org/10.13471/j.cnki.acta.snus.2020.02.001
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.11897/SP.J.1016.2020.00755
http://dx.doi.org/10.3969/j.issn.1000-9825.2020.04.016
http://dx.doi.org/10.3969/j.issn.1000-9825.2020.04.016
http://dx.doi.org/10.3969/j.issn.1000-9825.2020.04.016
http://dx.doi.org/10.3969/j.issn.1000-9825.2020.04.016
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
10.1007/11871637_53
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
10.1145/1835449.1835454
http://dx.doi.org/10.1007/s11192-017-2611-8
http://dx.doi.org/10.1007/s11192-017-2611-8
http://dx.doi.org/10.1145/1891879.1891883
http://dx.doi.org/10.1145/1891879.1891883
http://dx.doi.org/10.1145/1891879.1891883
http://dx.doi.org/10.1109/TKDE.2011.13
http://dx.doi.org/10.1109/TKDE.2011.13
http://dx.doi.org/10.1109/TKDE.2011.13

3450 T o5 fF B ¥ Wi 543 %
USA, 2013: 1037-1046. doi: 10.1145/2505515.2505565. embedding based method for author disambiguation[C]. The
[21] KIPF T N and WELLING M. Semi-supervised classification 27th ACM International Conference on Information and
with graph convolutional networks[J]. arXiv: 1609.02907, Knowledge Management, Torino, Italy, 2018: 1735-1738.
2016. doi: 10.1145/3269206.3269272.
[22] DEVLIN J, CHANG Mingwei, LEE K, et al. BERT: Pre-
training of deep bidirectional transformers for language RERG: 5, 1989%F4E, WA, BRI MIABCE BRZE. AL
understanding[EB/OL]. https://arxiv.org/pdf/1810.04805. e
pdf, 2019. E OB f, 198294, RIFTSUIR R, BT 9IRS iR
[23] BELTAGY I, LO K, and COHAN A. SciBERT: A 1298,
pretrained language model for scientific text[C]. The 2019 B 1 B, 198144, WHAIE S, WEA S o KEUE SHLE
Conference on Empirical Methods in Natural Language Bhie.
Processing and the 9th International Joint Conference on * O 2, 19694, HR, WHRITHMABTESAE. BEK
Natural Language Processing, Hong Kang, China, 2019: EFZ .
3615-3620.
[24] XU Jun, SHEN Siqi, LI Dongsheng, et al. A network- TR BR O


10.1145/2505515.2505565
https://arxiv.org/pdf/1810.04805.pdf
https://arxiv.org/pdf/1810.04805.pdf
10.1145/3269206.3269272
10.1145/2505515.2505565
https://arxiv.org/pdf/1810.04805.pdf
https://arxiv.org/pdf/1810.04805.pdf
10.1145/3269206.3269272
10.1145/2505515.2505565
https://arxiv.org/pdf/1810.04805.pdf
https://arxiv.org/pdf/1810.04805.pdf
10.1145/3269206.3269272

	1 引言
	2 相关研究
	3 基于图卷积半监督学习的作者同名消歧方法
	3.1 基于BERT预训练模型的论文语义表示
	3.2 论文合作网络和机构关联网络构建
	3.3 图卷积半监督节点表示学习
	3.4 算法流程

	4 实验结果
	4.1 实验数据
	4.2 实验结果与分析
	4.2.1 与其他方法对比分析
	4.2.2 组件贡献分析
	4.2.3 论文文本语义表示分析
	4.2.4 特征权重分析


	5 结束语

