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tion networks are very dynamic, and even minor changes in nodes and edges can affect the entire structure and seman-

tics. In this context, a dynamic heterogeneous network representation learning method based on Hawkes process was

proposed. Firstly, the vector representation of nodes was obtained by utilizing the relational rotation encoding method

and attention mechanism, where the attention coefficients of adjacent nodes were learned. Secondly, the optimal

weighted combination of different meta-paths was learned to better captures the structural and semantic information

of the network. Finally, leveraging the time decay effect, time features were introduced into node representations

through the formation of neighborhood sequences, resulting in the ultimate embedding representation of nodes. Ex-

perimental results on various benchmark datasets indicate that the proposed method significantly outperforms baseline

methods. In node classification tasks, Macro-F1 average is increased by 0.15% to 3.45%, and NMI value in node clus-

tering tasks is improved by 1.08% to 3.57%.

Key words: network representation learning, dynamic heterogeneous information network, attention mechanism,

meta-path, Hawkes process
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U5k, B JTREE 3 e I DT R AL A
A RR BT, BETT A% 2] H AR S B — B A s (S
B RS R AR KRR, BRI EEE )
ST P 2% RAERL R, 5% Y DHNRHP 3@ i 2 o2 7
R B HOR NI [ RFAE 5 18 57 57 19 45 Hh 3 2t
AALAE B L
44 ZWKE

AT VAR R BT A 9256 4 7F Intel(R) Xeon(R)
Gold 6330(2.00 GHz) CPU, RTX 309024 GB)
GPU, 60 GB W {85 58 il 2k, P
JARRS A FH Python Al PyTorch HEZ2 S H .

DHNRHP #2835 S5 [ R LA, #isE LR
ZHORE: FARKEN0005, ERFREN
0.5, MUH FEJLBLE M 0.001, Hit kb HE K /) Batch-
size WEH NS, EREJKBMKERENS, JIEKE
hXEN3, TREARBEREN10. KT HRAYE

B, IMDb AN 512, ACM FIDBLP #4128, HMk&
AR S G IR, ASCRA FAEHLH, Ik
B AN 100 0T B 0 U R I 2 80k #%
KX SHFIR R SCREE TR AN SR E .
45 FTEHH

FENT ARSI, AR SR SRR B AL
RN RT3 28, JRH SEi g AR iUl 2R S m e
1158 B N 20% 40%- 60%-. 80%, W E Z sk
I, ALK ER 10K, FFHRAL RICTY
i o AT H Macro-F1 1 Micro-F1 1X 4 4~ A
FRPRRVPAL IR BIRY AT s RAT 55 B ERe,
TIGAE R WK 2.

f# 2 Al %1, DHNRHP 7£ 3 A [ (1) $ s 42
R EBLH TR T ATA X A PR . 5 H AT
FIRRAEZE 2] T e R 45 AR L, DHNRHP )
Macro-F1 Al Micro-F1 #§#5 /£ IMDb %4 4€ 4373l
Ferm 1 3.45% F13.29%; 1E ACM #dfli £E b7 il 32
= 7 0.15% F10.37%; 7E DBLP (4 4 b 45 5l 42
11 0.30% F10.18%.

S EE R I, GAT 1 R [R5 (R 4% R AE 2 2]
T, MELLAL B S 5 I 2% AN [R] 2R 1 T AN
2, RAEAE RO IR T 2% 2, BT
SURFE TR, X A AN FR B E R, H
i, 7R R S R R4 T LM RS %2 MPDNE
SRR REE F T R BT 4%, A DA SR [ 5 2
B2 1) (98 A0 DA R 32 S B B b [ () A8 4k, HLHG 3=
LR B MM S 1%, £ ZBkME SRR T 1H
AIRERBCN IR, Wt RE T IRIR 4T

S S 5 I 4% AR % T A 08 U7, HANL
SeHGNN. HetGTAN Fl OSGNN %5 [7] Jiii [F 4% & fiF
JEA BT, H5ASCETR /775 DHNRHP
FHEE, AR L, ot HFEEE: HANKE
B AIHLEI N F 5725 B4 ;. SeHGNN 1§ A
REFVERGHHREWEL, BKTESRN
M, [ 5] ANFE T Transformer 18 SRS A b,
RlE R H AN A TR AR IURFAE . HetGTAN 18IS 5E
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FT2 PESLELER
, e MRS 5
BN
G/ S PR R bR ] GAT M’DNE HAN HetGTAN SeHGNN OSGNN DHNRHP
IMDb Macro-F1 20% 54.81% 51.88% 57.61% 60.19% 60.33% 60.91% 65.33%
40% 55.09% 52.39% 57.75% 60.92% 61.69% 60.77% 66.54%
60% 55.71% 53.67% 57.66% 61.18% 62.51% 60.34% 66.71%
80% 55.40% 53.98% 57.23% 61.25% 63.13% 60.79% 66.58%
Micro-F1 20% 55.02% 54.72% 57.82% 60.23% 60.53% 61.13% 65.41%
40% 55.56% 55.43% 57.98% 60.90% 61.95% 61.03% 66.57%
60% 55.91% 55.82% 57.87% 61.51% 62.70% 60.58% 66.79%
80% 55.67% 55.91% 57.46% 61.72% 63.38% 61.01% 66.67%
ACM Macro-F1 20% 89.59% 87.41% 90.01% 90.05% 91.46% 93.04% 93.11%
40% 89.77% 87.53% 90.82% 90.62% 91.61% 93.29% 93.29%
60% 89.72% 87.95% 91.51% 91.89% 91.78% 93.39% 94.45%
80% 89.42% 88.02% 91.71% 92.36% 92.18% 93.40% 93.55%
Micro-F1 20% 89.47% 87.46% 89.89% 90.01% 91.38% 93.12% 93.16%
40% 89.65% 87.62% 90.73% 91.32% 91.59% 93.19% 93.33%
60% 89.60% 87.83% 91.37% 91.85% 91.68% 93.29% 94.57%
80% 89.29% 87.97% 91.56% 92.21% 92.19% 93.31% 93.68%
DBLP Macro-F1 20% 66.92% 90.48% 91.69% 93.64% 94.45% 94.76% 94.80%
40% 73.23% 90.65% 91.84% 93.89% 94.32% 94.88% 95.02%
60% 77.17% 90.92% 92.01% 94.15% 94.41% 94.83% 95.28%
80% 78.20% 91.34% 92.15% 94.42% 94.57% 94.95% 95.25%
Micro-F1 20% 76.98% 91.09% 92.30% 94.32% 94.53% 95.05% 95.21%
40% 79.61% 91.22% 92.46% 94.56% 94.61% 95.15% 95.37%
60% 81.62% 91.49% 92.65% 94.69% 94.87% 95.23% 95.56%
80% 82.22% 91.71% 92.78% 94.76% 94.93% 95.31% 95.49%

T RURIA 5 S8 Y 1) AR e R 5 G 3 K A B e I
P, RANGIEEP RIS 2. OSGNN MK 5
MG R R 2 AT B T R ST B AR
B — A5 B . 3X 4 Fh 5 25 BL7E 3 30 X 4%
SERE R SE UE R LA FRE, MREscE
8%, (AR T W% d I EhE k.
DHNRHP MU 3% F 9¢ 5 i e g i AN 72 AL 2% 2
RN, AR AN ERCR, EHRE
S 9 25 5 R R SUAE R EI I, LN T B R4
fIE DA L& RUB RN G RIS, X A1
DHNRHP 74 2 5y 25 0 25 5 5053 AT 55 I R I H
o, AR RN 3 E A
AN, AT ACM F1 DBLP ¥4 4, IMDb
IR R, IMDb Bl 4 RFIE 2 A5
FHXS R BT, T BB AL DL AR AR ECE RS B .
46 TIREE
FENT RS g, A SO K-means 4T

TRRIMES, A EAE 5 NMI A 5
IEFR A ARIVE N s BB IR VPN F8 45,
UEVE Al DHNRHP 1) 5L 2, TR B4R
W23,

FHEE 3 A1, Frit 7% DHNRHP 7575 55 R 2%
155 BUAS B AL IR . DHNRHP 5 24 i %o LS
R d A 4 AR L, DF A $5 bR NMI AT ART 7E
IMDb # 45 4 b 73 AR T+ T 3.57% 1 1.19%; 1E
ACM ## 5 E 73 3R TH 1 1.08% H10.43%; 1E
DBLP #4545 E o338 Tt 1 2.81% F13.19%. X i
— 5 U B 7E SifE B S 0T I 48 25 d FE (S B[R]
I, kT [A) g ARRE,  5I ON I [A)RRAE 2 4 2
(17, BeAE S REAS B TE AP I Tt
47 HELSCIE

AT I T BT — AR A S i — D I E
DHNRHP J5 15 7 84 08 &k, 4 e ACM
FIDBLP X P N8 5 BT T A OGR4 S5
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#=3 TRRAER
HaEse  IENER GAT M2DNE HAN HetGTAN SeHGNN OSGNN DHNRHP
IMDb NMI 7.84% 8.87% 10.79% 13.91% 13.21% 15.75% 19.32%
ARI 8.87% 8.95% 11.11% 13.25% 14.89% 17.48% 18.67%
ACM NMI — — — 71.56% 65.34% 73.43% 74.51%
ARI — — — 75.32% 67.79% 77.76% 78.19%
DBLP NMI 70.73% 75.08% 77.49% 79.63% 81.20% 79.69% 84.01%
ARI 76.04% 76.52% 82.95% 84.58% 85.03% 84.21% 88.22%

(1) DHNRHP_gru 75 76 845 S48 9 i 77 =X
PR & GRU e

(2) DHNRHP_Istm % 75 7t #% 1% 52 51 4 5 77
LRI LSTM J7 e

(3) DHNRHP_linear & 71~ 7C #4552 451 4 5 77
Ak PERT /& Linear 773,

(4) DHNRHP_avg 7~ 70 #1554 4 5 75 X
HEPENT 2 average 17 7.

(5) DHNRHP_haw % 7~ 1% J7 V£ 4L B 7 BT {5
BN e S SE R OP S GiRURE =Wk Kl i ey
AR TC AR SR I AR I 5% v 1) I TR SRR 24
ANFE &,

ACM FI DBLP £ 45 4 - ¥ @i 72 115 40 2
M R RAE R & 3. E4pR. K3,
Bl4nfLIEH, fE)LF w57 L #E E, Ro-
tatE 4 fd 7 R I me A . AR SR K 2 b -
(1) GRUFILSTM F EAE A BEA 75 BT 51 &
DL, T T ARSI RTE S BF A, &
PESZB RS, RAZIR: (2 TEANFETCEAR P B
i A5 B, Linear /715 A average 7775 5 & K A5
B MHLZF, RotatE 4ifith /7 2 Ae 5 4 T Hh 4 42
TR AR PR s B A ZE ), AT A R
IR R R IR J13CHF . Rl e R i fE B
W 2% RS R R, X R AT K45 B R TR
FHRAI M RE S SCE T, phAh, WTLLREL, SR
(VRFAIE, {3 FH 28 o 30 R 4Dk 1] i il e P o s A
BB RTH1 . v] LS G A R S A S X 2 1
B2 25 e it

DHNRHP_gru 7772 DHNRHP_Istm \\S\DHNRHP_linear
SSSSDHNRHP avg IBMDHNRHP haw[ __ [DHNRHP
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DHNRHP_gru DHNRHP _Istm 8NN\ DHNRHP _linear DHNRHP_gru DHNRHP_Istm S\ DHNRHP_linear
400, PESDHNRHP avg MEDHNRHP haw [ |DHNRHP 900, [RS5DHNRHP avg MEIDHNRHP haw [ | DHNRHP
0 0
75%}- N 87%}- .
E% \ E% QVQ’O’{
$ 8 =\ 5 tw&
XXX KSR
P N\ N\ by N
: 70% R S 84%L o
i N s = \:‘:’:':
ey \»‘o;w \:’:‘:‘I = \“:‘5
RS Soded N P
\’0’0’0‘ \»’0’0’4 \ \».0‘”
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N N\ N N
XX \»:0:03 6 \:‘:’:’:
N ’\me \@z NS
\& - N
60% DA 9% 78% DA
NMI . B NMI i B ARI
PR AR PR SRR
(a) ACM (b) DBLP
K4 ACM H1DBLP i 62 by s 78 (015 s 3R
WA I 22 %7 ob 521
48.1 FIRAEXRFE KW ERFNA BT IENL, (HA]fe 2B AR

SRR E R R GURE ST Bl E 5. El6
FiRe S AREBHSEE DK, bk T
. BRI S R E R InE sk, 25 S 20
G REARRE, HELEWSG BN%IRE
WSz, EEBT4RfRElg. Hit, &
1 2% 2] S B A BT L I 25 B8 4 A S4B 4 )
. HEISTTLUEH, FEBATES %N
0.005 I, MR R b fE: .

96%

--#-- Macro-F1
—%— Micro-F1

95%

94%F

FI
L

93%

92% - ~a
91% : :
0.001 0.005 0.01 0.1
Sk

K5 23] BB b

T2 R A GEARAE I G v B AL 25 7 40 20 D) 2 4
m AR E . — it BV ERERA D)
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FE MK, mE e TLAE T, FIAHAAER
RENOSH, HAPCREAE.

96.0%

--#-- Macro-F1

—— Micro-F1

95.5%

95.0%

e
— 0,
= 94.5%

R

94.0%}
L
93.5%}
93.0% L L .
0.2 0.3 0.4 0.5 0.6
Fh&K
Bl6 F kUit 5T
482 WMNBEZFF L KER

RN Z A0 7 SR U A 20 M i 81 7
B8 i o MR X Hidi (2R s e J) AN RIS B A 1k
R KRN LEFL I . R, 7R B R EE 2
g L S AR . B 7 RTBUE
BEE HRNGERZ ZHE K, FLEBHRTE, S
YEPEZ N 128 1), RO H, B4R &
RERSCR AN I T FAHERN, —J7m, e



iuﬂﬁﬂ%%k

«90 -

HIYEE 2 S EOFF ARG N, F R 2 AR
AYIZRI 1] 5 — D51, BEAE N GEBE R 3 i,
BAMER G EME, FINEZERSE.

96.0%
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6] 73 A7 5 AR BEAR O, T HAS [R) 28 3 (49
AR A LR, AR R 2845 2 8] (119 iR AR
BN, HE ML, DHNRHPRURE M, Y
TE IR IR B RR IR 8715 s AR S AFAE 0 99 28 X
R, A AT S OSGNN /b, H AT A [HE A AT
AR R) )3 AR R R 2 I o X R B T V2 AN
[F) 2R (45 A R RE T, KR A F)
TR FAEFMELES Wz . FIRGERE
PAZH], DHNRHP J7V% 2% 2] IR 4E T A A
R B E RN, T HA TSt T 1%
SRR o T A R PR AR PR RS UL R AN
SR R T AL, DHNRHP 57 524 T
S PR T K SRR, DR TR RE S A,
W P ERE R B

5 ZHRIE

AROCPR T — AT s i AR 3 A
JE W 48 RAE % 2] J7 1k, 1% 7 VEAE s IR J7 1k
RGN A BRI R BEATH B TR TR
o) T A DA R BT A T R A B R PR
PR W eSS NN N33 T TN
TR T B R EE B 7 e R A R OR I AT AR
fill &, DHNRHP MY 7R 73 % 115 . 1H XM
N [R)IX 3 AN B (9 DG, I SBT3 45 55 Y
25 RN RS R A A . 1O R S
i 0 B A N R g A U7 SRR = DL, IR
MBS, AR T AT SRR K,
A T RIS, BLER S R
FREMSREMANE E R B, 5K
TEPR AR, 8 I AR Y T B TR RRAE 5N
W RN, A SRR T S AR s
VAL )R, A A AN R T M I SE R B 2
ik, 7EIMDb. ACM 1 DBLP iX 3 4™ 2 5 4 4
£ LTI, 4 RIUE T A SRR U7 ik
DHNRHP FH T FOAS RS 75 15 5 0 R AR 2K 4%
B4 B PR R, PRI T I IR JE i 2 O 2 itk A

SRS A 1E -

AR IR B 5T K B R AR LR B U T RR 4L
PG FN 3 e B 25 57 R W 48 RAL % 2] Oy ik B AL
UPAR] E DR RS B0 25 7 5T X 2 b v R S RALE
A, T XoF Bl A5 S 5 I 4% 45 ) T R Bk R A SR S
Qb B KRS AR 1) 52 AR T B DA R O T SR S s
MW TE 25, DU AE W 0 S BRI 2% R B, AT
FEAT 5 NG RS, BRI sl B AL
HIRIE, B REASF A B R R e, DL
4 TH] A B b 46 4 57 TAE B 48 R I B A AR AL
RN B i FL A0 A, B 2 3 JR0E S B 2 FH o
FRY I 12 1)
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