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Abstract Aiming at solving the problem of author name ambiguity, we propose a novel name
disambiguation method based on encoding attributes and graph topology. A word2vec model is used
to construct document representation vectors by encoding the attributes of documents. The
relationship of documents is then encoded into the document embedding vectors by a graph auto-
encoder and similar documents are aggregated. To further improve the accuracy of the clustering
results, a graph embedding model is proposed to introduce the document-document network and
author-author network topology into the document vectors afterword, thus related papers are moved
closer. This method utilizes the information of document attributes and relationship networks at the
same time, finds document representation vectors using an unsupervised model and improves the

performance of name disambiguation. Experimental results on the real author dataset AMiner show
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that our method is superior to several state-of-the-art graph-based solutions.
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graph embedding
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Fig. 1 Name disambiguation on encoding attributes and graph topology
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Table 1 Related documents refer to one-hop co-author

X &
1 [ (P31,
2 [ = ey ) = |
3 X i 4 28 LB, A2, 22

W SCRAARALLE | I 5 A 2 OC R I 28 05 Bl A X
RYRAEM i Z v SR IN Z8 Z5 5 B T A
Deepwalk'"*" (GCN""" &5 A S b ¥ HEAE 5 1
L SORS— 35 0 28 F0 SRS - SCRY R 2%, SR 4R
A KRR SRS [
EFRRHEEE S i, WEIEE TR W%
G, = (Ao, AJEFFH ol M 4
e, € &, RAEH o, IUER o, ZIRIINI., e, HALTE
TE SN 2 MEBESVESCEREH |
SR Z [ f4 9C 28 AT LA h SORS - SCRY k9 2% Gy =
(D,ey) FmR, ey BER1FIRNEEERFR,
02 AR 2 SRR A LR SRR SR 3 R SC
RYI 7EIX 2 A SCRY BT 7R 5 s Z AN — 2%
i, R TTERFRE P ASCRYRRESF B B SR
TR Z R, Z 2 A it oI B OOR
& D s AR
N THEVEFR RRIIA SRR, TR IH
IS SCRY T LB R Bl SRS AR SCR i R M 2% G, =
(AU D, ) HTEESCFES, D ATHHE
SRS, A JE X SE ORI R A TEE RS, W
RN o, B d EEZ—, e, e 6,0 N1
Z,e; HO0, WEAR2 AR EIEREEEHAMK
WE S, A BN RSV # e S 1R
B R AR, 3X 2 A SCRY AR
SR ITHIBPERE R SS9 = 272 245
R i, SCRY ) IR B 28 i AR A 7 B i R Ak
Se NI AR SZARBLBE BRAZEE T 15 (SCRY% 0, SCRY
J) RABIE e NME SE, PR ER T RN A
P(S;j =S, ‘zi’zj’zz) = O'(S;d - Sﬁid)- (10)
X FRHHBOONES D, MR N
p(e)y= II o(si-s. (n

(d;,d) €Pgyy

(d[,d[) e N‘gdd

XTSRS = SR R 45 Ay B AR B R B LA
B R MR

Ly =min, — Inp(D). (12)
Al , W TAEE VRS S FIVER - ST 2% .
L, =min, - Ilnp(A), (13)

L,y =miny , — Inp(A,D). (14)
FbR 2 3 A MIZ8 1R NS (R B A SCRY R AE
BRIV RO
L=ming pLyg + Ly + Ly +ACTA[T+ [Z]3).
(15)
Hor, A B EEE MR, Z AERBOE 5 1)
T THIEE SCRY A M, 3 e I e PRl i AR SRS 36
Tk TP AL 1 SCHRJB PERRE B 3 A 28 1
FMEE .
2.4 R
XoF T D) 2% i ARSI 25 S 18 SCRY R AE ] £ 1
FZRERFBIE S ARSI A T i B
— N AR A — AR R IE TR 2 DR
SUZ IR EE B 0T 5 01 BE B s i, B30 R
1ESRAF . AR AR SR B B A AR T L5
BEDMHE

3 (FEL

3.1 (FE&EE

AR SCAH R AE R 2 AR R MBI 1248 R &
AMiner' " _FSRAEER 100 MEE 12 B0 5, B4
U 24 AR ] 2 5 3 A ik 4 A S BR 1R) SCRY , SRR SR
PEAEIAL S 27 128 FESCHRAT 1 066 ESLAEE

BSEEE I, CBOW A b SCRYSRAE ] &
AR E O 100, FlE LR SCE A 5, AR 4K
FI i e o, 39 SR 3 1 BB 25,56 1 )2 1A
B TN 45 5 1 4R 50K 200,55 2 2 1B 3 TR 45
IYERE I E N 100, 2% 2] %5k 0. 01, 154K 200 K.
LI 2 fix AR TRL i 2 3] 3250 0. 05, 1E W4k 254
7 0.01,
3.2 MERELEE

PO ESLE HAR SO S H AU LA 6T
PR (i 44 THIEL T i, Zhang 260 21 —Fh &
IR R RIS S TR A 2% 2T 9 5775 (Aminer )
R RPN TG ARG B A E fkE
A, TR IR A 2E 2 5k R A sh gt as
Zhang FI Hasan' " e & -VE& MEE - 308  SCRy-
SRS 45 A5 8 4 ARk ZS 0], GHOST A8
HERIER G ERR DB EH W N4
AT R IR AR T AR A Z R AE MR
SHEERIS, EEI RE A VEE FSREL
F14) 7™ DG 7 SRS Bl o7 Pl 42 B i A i 3 G
R SCRY T SR B — R



ThEEAE A BT R AR 2 i A PETH B) 1ek 24 T 55 7

365

A A pairwise Precision, Recall I F,
{6 BRI A T PERE LR ER . X 100 S THIELFE %
B EIT AR P, £ 2 BaaAFr
MBI ETE AMiner B054E ERODTE A5 5R, AT L
BE AR T kAR 15 MRS A 1
AR AR, 38 F) (B H Aminer 5% 425

R2 METEMENBZEETENREER

3.87% , ¢ Zhang 1 Hasan'"' (595 5 25% , It

GHOST A7yt

.

= 33.85% .

P 3 S NI B SO Bt A e i A SO 2%
5 Aminer 27 >] 5 B9 SCEY R AE 1] 8 1) 2 4E %5 6] 1]
WAL, B 3(a) 3 (b) HAN[A] BB R R AN ) 19 3L
SCARTE, B 3(¢) 3(d) NTIARRE i, TR

Table 2 Clustering results of different graph-based name disambiguation methods
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Fig. 3 Visualization of clustering results of different name disambiguation methods
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Fig.4 Comparison of clustering results on the document set of Rong Yu
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