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Dynamic Homogeneous Information Network

Number of edges

Time

» Micro-dynamics

» the formation process of network structures
» Macro-dynamics

> the evolution pattern of network scale



M?DNE

Temporal Network Embedding with Micro- and Macro-dynamics
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» Micro-dynamics Preserved Embedding

» a temporal attention point process

> Loni = = et 2ijoyee 108 p (i 4[H' (1), H/ (1))
» Macro-dynamics Preserved Embedding

» a dynamics equation

> Loy = Yoy (De(t) — A€'(t))



M?DNE—Micro-dynamics Preserved Embedding

A temporal attention point process
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(a) Micro-dynamics preserved embedding



M?DNE—Macro-dynamics Preserved Embedding

A dynamics equation
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(b) Macro-dynamics preserved embedding



M?DNE—E

xperiments

Trend forecast
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M?DNE—TODOQO?

Next TODO?

1908 2005 2012 2010
Social Media
Data Mining
Social Network
/ Social Capital
— y ! Social Networks
- / ‘ Complex Network
T ———
- Computatiofial Complexity
Flinctio !
1956 963 1970 197 1984 1991 1998 2005 2012 2019

» sudden/bursty evolution

» 2019-1JCAI-Evolving Graphs with Burst Detection
> heterogeneous point process

» 2017-NeurlPS-The Neural Hawkes Process
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Static Heterogeneous Information Network

Data Observation

Number of nodes
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(b) APT

two types of nodes connected via APC are unbalanced,

meaning an inequivalent structure

two types of nodes connected via APT indicate the similar
and compatible structural roles



Static Heterogeneous Information Network

Quantitative Analysis

Number of | Relations Number of Avg. Degree Avg. Degree Measures Relation
Datasets Nodes Nodes | (tu~t,) Relations Of tu of t, D(r)  S(r) | Category
PC 14376 10 71858 7188 005 AR
lf:“:rf(}?) e APC 24495 29 2089.7 7206 0.085 AR
DBLP i w7 8 bygids AP 11,794 29 29 10 00002 IR
Conthor ) o PT 88,683 62 107 17 00007 IR
onference APT 260,605 18.0 29.6 16 0.002 IR
User (U) 1,286 BR 2,614 10 13070 | 13070 05 AR
Service (5) 2 BS 2614 10 13070 | 13070 05 AR
Yelp Business (B) 2,614 BL 2,614 10 2904 2904 01 AR
Star Level (L) 9 UB 30,838 239 118 20 0.009 IR
Reservation (R) 2 BUB 526,332 4053 4053 10 007 R
PC 127,623 10 12636 | 12636 001 AR
:jt}}’lf;(& e APC 232,659 22 35156 | 15980 001 AR
AMiner AT e AP 355,072 22 28 13 0.00002 IR
ot ) 7 PR 392,519 31 27 11 000002 IR
APR 1084287 71 79 11 000004 | IR
1B 8,493 10 3861 3861 005 AR
gt‘:%n(-(?) ey UB 16,789 15 10679 7119 005 AR
Amazon  Jem @ S ur 23,493 15 27 18 00002 IR
B P T 39,528 46 18 26 00002 IR
urr 117,618 78 55 14 00003 IR
max[atu ,Jtv]
» a degree-based measure D(r) = —1—2=4
mlnldfu ,dtv]
> a sparsity-based measure S(r)

= Ntu X Ntv



Affiliation Relations and Interaction Relations

» Affiliation Relations
» ARs indicate one-centered-by-another structures, where the
average degrees of the types of end nodes are extremely
different. They imply an affiliation relationship between nodes.

> Interaction Relations
> IRs describe peer-to-peer structures, where the average degrees
of the types of end nodes are compatible. They suggest an
interaction relationship between nodes.



RHINE

Relation Structure-Aware HIN Embedding
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RHINE—D:ifferent Models for ARs and IRs

» Euclidean Distance for Affiliation Relations

» Nodes connected via ARs share similar properties[1,2]
» Euclidean distance meets the triangle inequality[3]

f(p,q) = Wpq pr - XqH% (1)

» Translation-based Distance for Interaction Relations
» Strong interaction relationships between compatible nodes
» IRs themselves contain structural information of two nodes[4]

g(u, V) = wy | Xy + Y, = X/ (2)

[1] K. Faust, Centrality in affiliation networks, Social networks, vol.19, no.2, pp.157-191, 1997.

[2] J. Yang and J. Leskovec, Community-affiliation graph model for overlapping network community detection, in
ICDM, 2012, pp.1170-1175.

[3] C.-K. Hsieh, L. Yang, Y. Cui, T.-Y. Lin, S. Belongie, and D. Estrin, Collaborative metric learning, in WWW,
2017, pp.193-201.

[4] A. Bordes, N. Usunier, A. Garcia-Duran, J. Weston, and O. Yakhnenko, Translating embeddings for modeling
multirelational data, in NeurlPS, 2013, pp.2787-2795.



RHINE—A Unied Model for HIN Embedding

Lenar= Y, >, > max(0,y+f(p,q) — f(p',q)].

SERAR <pvszq>€PAR<p,7qu/>e'Df4R

Lor=3 Y S maxi0y+gluv)— g V)]

reRig {u,r,v)EPR{U ,r,v')EP,

L = Leuar + LTHR



RHINE—Experiments

TABLE S
Performance Evaluation of Lnk Prediction.

DBLP (AA)  DBLP (AC) Yelp (UB) | AMiner (AA)  AMiner (AC) | Amazon (U1)
AUC R AUC R | Al FI_| AUC Pl AUC R | AUC P

DecpWalk | 09131 08246 07634 07047 | 08476 06397 | 0912 08471 07701 07112 | 05045
LINEIst | 08260 07233 05335 06436 | 05084 04379 | 0665 06274 07574 06983 | 08810
LINEZnd | 07648 06741 OKMO 0739 | 07509 06809 | 03808 0682 0789 07177 | 08879

08853 08331 08843 07720 | 08061 07M3 | 08119 07319 0842 07587 | 05014
ESm 0907 08129 07736 06795 | 06160 04051 | 08970 0825 0809 07392 | 08992

9160 0. 08966 07892 | 08653 07709 | 09141 08566 080% 07282 | 09012
metapath2vec | 09153 08431 0B97 DS0I2 | 07818 0591 | 09111 08530 08902 08125 | 05388
HERec | 09178 0823 08874 08132 | 07923 05742 | 09058 08514 0883 0B0G7 | 09295
JUST | 09018 08103 08174 07532 | 0771 0592 | 08823 0841 08045 07603 | 08955

RHINE 09315 08660 09148 08478 | 08762 07912 | 09316 08664 09173 08262 | 09561
RHINEM | 09421 08726 09218 08508 | 0879 07994 | 09460 08714 09207 08322 | 0.9634

TABLE 4

1 ang M1 mean Macro 1 and Miro F1. DW. - B
Lznd, LINE-1st, LINE-2nd, HIN2) [, [
) Node Claterng ) Lk Prectition © Ml it

Datasels | Metrics | TrRa | DW.  Ldst_ L2nd PIE_ ESim  HlVec mplvec HERec JUST | RHINE RHINEM

0% 06754 0737 0788 07723 08069 09073 0906 09005 08612 | 09261 09301
MaFL | 60% | 07285 0731 07338 07765 OSIGl 08K0 08N 08963 05733 | 09257 09387
ooLr 0% | 0775 M1 07559 OS2 O8N 081 0A76 09101 0S7A5 | 0934 095
% 0637 0750 07 0729 OS0D DSOS 0909 0000 0K | 09125 09237
M1 | 0705 0750 075 0775 08125 0825 08950 08915 08esd | 09051 09284
| 0750 om0 0750 0870 08750 08500 090  0%021 0875 | 09250 09508 : .
06708 0dn7 05w3 0597 099 0614 03613 05509 0558 | 06909 it i .
Ma-F1 06717 0SSl 0599 057 0680 0602 078 035 052 | 07021 07110 «
o 0675 0472 05301 0539 06 06075 037 05517 05701 | 0712 o708 -
0% (0672 06 0667 07297 07207 0732 07074 07265 Q6002 | 07476 07528
MiFL | 6% 0693 0657 068 0723 0738 0718 07171 07304 0601 | 0732 07598
5% | 0702 0609 077 0732 07% 0731 07208 07323 0695 | 07572 07634 @ Dtk e @sm
don Dol oo oo oses Qown 0w aws oo o | o o
MaFl | 60% | 0923 0956 0907 0973 0990 08961 0912 0992 i 0989 N
AMiner Son | Dos Uots Ok 0ol Oomlo aswer st 0ove Ooris | ows o N SEL
0% 09525 0971 0997 09754 0996 09958 09901 097 096si | 09501 09§ 3
MiFL | 6% | 09533 09527 09484 09813 09943 09962 09916 09953 09734 | 09845 09897 ®
0% | 09512 09569 09491 09874 09948 09965 09936 09048 098 | 09507 09912 .
0% [0%I8 096 0936 097 09713 0985 09BLE 09822 09732 | 09958 0999 z
MaFL | 60% | 0915 0901 09623 0975 0975 0986 0SB7I  09BIA 09766 | 09963 09972 .
Amazon 0% | 09703 092 09679 09711 09K 0992 OSK9R  D9KS 9801 | 09967 09978
0% | 096 09651 09658 09634 09689 09759 0986  09B5 09699 | 09561 09870
MiFL | 60% 09691 09672 09689 09678 09702 0SBl 0986 0978 0972 | 09961 09892 @ v @ i o
8% | 097 091 09714 0901 0973 09y 09 092 0376t | 09931 0% .,




RHINE—TODO?

Next TODO?

> Integrate measures and model design?

» 2018-KDD-Easing Embedding Learning by Comprehensive
Transcription of Heterogeneous Information Networks
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Dynamic Heterogeneous Information Network

Dynamic HIN Embedding with Meta-path based Proximity

Author(A)  Paper(P)  Conf(C) Term(T) Network Embedding U(*)
T
191 Changed Embedding AU
et
APCPA
ifo[ias] Perturbation
&
sos 199
41 3 Joss Network Embedding U(*+1)
T

» effectively preserve structure and semantics in a dynamic HIN

» efficiently update node embeddings without retraining



StHNE

Preserve the meta-path based first- and second-order proximities to
encode structure and semantics in HINs

Author(A) Paper(P) Conf.(C) Term(T)

> pl" (vi,vg) = Wi luj — ujf3
2

> py (vp, N (vp)") = H“p — 2 v eN (v)" W,’,ZuqHz



Optimization with Spectral Theory

Lo =5 wu - w3 =2tr (UTLmu)

V,',VJ‘GV
7= llup— 3 whugll}=2tr (UTHmu)
vpEV vgEN (vp)™

L=tr (UT(L + 7H)U>

(L +yH)U = DAU

StHNE reduces to the generalized eigenvalue problem!



DyHNE

Matrix Perturbation in DyHNE

(L + AL +vH +yAH)(U + AU) = (D + AD)(A + AA)(U + AU)

A\ = u] ALu; + yu; AHu; — \u] ADu;
d+1

Au; = E Oz,'jUj

j=2j#i

AED = A L AN, U =y 4 AU



DyHNE—Update

AN = u] ALu; — \ju] ADu;
{ qT ] NT ]
+y d W = )T AWY; + (AW, T (W — |)u,}

uJ-TALu,- - )\,-ujTADu;
A=
’y {[(w —uj]" AWy, + (AWu)) T (W — |)u,-}
N —

Qijj =

_l’_

Time complexity of (W — Nu; : O(ed)



DyHNE—Acceleration

AN = C(i, 1)+~ [A(:, NTB(, i)+ B(, ) TA(, i)}

C( 1) + 7 [AG) "B 1) + B(:,j) TA( )]
X — A

Qi =

d+1

t+1) Z/BU At —f—Bt( )) (3)

Time complexity of A(:, i) = (W — lu;: O(d?)

Overall, the time complexity of DyHNE is O(T(f+g+Ny)d?).



DyHNE—Experiments

Time Cost (s)

Specdup Ratio

Time Cost (5)

Fig. 4: Efficiency of the DyHNE compared to basclines.

= DANE * DANE
+ DHPE + DHPE
* DyHNE 54 | o DyHNE
R
- S
o
£
36
DD S S S S
9 30
12 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 67 8 9 10
Time Steps Time Steps Time Steps
(@) Yelp (b) DBLP (c) AMiner

10 StHNE-ret
* DyHNE
s
5 6
1.
&
2
0
oo 20 s 10 10 20 o 20 s 10 150 200 0 2 s 10 10 20
Embedding Dimensions d Embedding Dimensions d Embedding Dimensions d
(@ Yelp (b) DBLP () AMiner
Fig. 5: The speedup ratio of DyHNE.
@10 = 20 R B o
© 4100 & d=150 o d200 + d=100 & d=150 e d-200 L 4100 & d-150_ a9
58 -
EE) s
3 6
W i :
FH DD
e B JEDERERERERY
e r 2
e MM
i —————
0 0
I 203 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 910 203 405 6 7 8 9 10
Time Steps Time Steps Time Steps
(@) Yelp (b) DBLP () AMiner

Fig. 6: The running time w.r.t embedding dimensions.
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DyHNE—TODO?

Next TODO?

» the dynamic evolution of heterogeneous information networks
» different types of nodes have different evolution trends
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Application—Cold-start Rec.

: Content-based HIN-based
User (U) Movie (M) ]‘;lcr‘:crt (()‘r‘)(lf; { Ager2s; U3M3a2M2 (UMAM)
;| Gender: Male u d
: 3m3d1m1 (UMDM)

@
T
us
(b) Data-level alleviation

meta-learned prior _meta-training

’
e b
\ meta-testing 1 —w

T
:/ @ i _e-""T Uz
e ~=ka
A '

-7

=

[N ——

adaptation

—_——— 0 \_ -

(a) An example of HIN : (¢) Model-level alleviation

» Data-level alleviation

» Model-level alleviation



MetaHIN

Meta-learning on HINs for Cold-start Recommendation

Semantic-enhanced Support Set Sy, smbedding e Backpropagation on
" query set in m ini

ation I - 1

ontexts ST, Initi
UMD !

item Context
e, Y i
0= {6,w} ma Ageregation.
Adaptation :

on supportset .

user

Sema P1 = UM 1
P2 = UMAM 1
Ps = UMD 1 i
| !
Semantic-wise adaptation Task-wise adaptation _ ! Base Model |
== ===~ Wrtlossonsupportset =~ wrt.loss on support set = _ i
ey e Jo =196, h} |
(@) Semantic-cnhanced Task Constructor (b) Co-adaptation Meta-learner

> capture the semantics on HINs in the meta-learning setting

> learn the prior knowledge that can be generalized to work with
multifaceted heterogeneous semantics



MetaHIN—Semantic-enhanced Task Constructor

Each task is to learn the preferences of one user.

Su=(SR.SP).
Sﬁ = Uiesﬁ Cf.i‘

i = U :J € items reachable along p starting from u-i}.

(a) Semantic-enhanced Task Constructor

> support set: calculate loss on the support set for the
adaptation of the global prior

> query set: backward propagated w.r.t. the loss on the query
set and evaluate performance



MetaHIN—Co-adaptation Meta-learner

Backpropagation on
Embedding cTTTTTTTTTTT T T T uery sc'( illpln:(B-(raillin ______________
Initialization I uen s !

User

! item Context .~ __item Preference

Y 5 5 6
e - e
0 ={o,w} q i i, P  Predieton(query
0ss

Adaptation
7
support Fusion
loss

on support set

Optimization p1=UM

on query set P2 = UMAM |
or = {d‘)lu’;‘wﬁ; P3 = UMDM :
>
1 Semantic-wise adaptation Task-wise adaptation ! Base Model
T T T 7T 7T wnrtloss onsupportset — ~ T w.rt. loss on support set — _
PL wﬁ;%w f@-{g¢7hw}

uy

(b) Co-adaptation Meta-learner

» Base Model fy = (gy, h.) parameterized by 6 = {¢,w}
» Co-adaptation

» semantic-wise adaptation
LT, (w,xP,ST LT, (w,xP,8R) oxP
QSP:QZ)*OZ Tu( uu):(b*a Tu( pu u)ﬂ
u= ¢ ¢ o o9
> task-wise adaptation

aL P, p<5>7573
wﬁ:wp_ﬁg TU(wa:jz U)




MetaHIN—Experiments

Seenario

Existing items
for new users
(User Cold-start or UC)

New items

for existing users
(Item Cold-start or IC)

New items
for new users
(User-Item Cold-start
oruIC)

Existing items
for existing users
(Non-cold-start)

MAE
07027

MovieLens
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{8) Bffect of meta-learning.
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[ RER T P

rSes— Dk MoveLans Yoo Dok it e

o) E .

HERec
DropoutNet
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DropoutNet
MeteEmb
MeLU

MetaHIN

Figure 5: Analysis of MetaHIN using various ablated models.

() Impact of semantic-wise (s) and task-wise adaptation steps (1)

(1) Impact of user embedding dimensions.

Figure 6: Analysis of parameters in MetaHIN.



Application—Friend-enhanced Rec.

Friend-enhanced

Recommendation  Only friend referral

Friends explicitly

& Friend Referral $% : items : /n
Apple reveals = = P Q@ I : l‘e,-es
new AirPods Pro, i : ls o
available Oct. 30! - st»s SEA 7
Apple Inc.  Jen SnepSE : 8r o
Y g % H [ Airpods Disneyland F" ¢
- i el : -~ ()
Tom Lily Jack : (] P G "dsa
: —— 4 v
Ten must-play items. —~ S~ % |
at Disneyland! o i(‘Tom is a tech bxpcrl\\ g
Do, Depsin| > mdlamagoro )} @ @R
- i( Disneyland with my<1 Tom Lily |
° S : Lil expert; spouse) |
ot et S :\\ spowse B / (G (e };
: 1
!

will Tom Lily

» only recommends to the user what his/her friends have
interacted with
» friends are high-quality information filters to provide more
high-quality items
» all friends who have interacted with the item are explicitly
displayed to the user attached to the recommended item
» explicit social factors and the interpretability for user behaviors.



Friend-Enhanced Recommendation

» Friend Referral Circle (FRC)
Given an HSG G = (V, £), we define the friend referral circle
of a user u w.r.t. a non-interacting item i (i.e., (u,i) ¢ ER) as
Cu(i) ={v|{u,v) € EeN(v,i) € Er}. Here v is called an
influential friend of user u.

» Friend-Enhanced Recommendation (FER)
Given an HSG G = (V, ) and the FRC C,(i) of a user u
w.r.t. a non-interacting item /, the FER aims to predict
whether user u has a potential preference to item /. That is, a
prediction function y,; = F(G,Cy(i); ©) is to be learned,
where y,,; is the probability that user u will interact with item
i, and © is the model parameters.



SIAN

Social Influence Attentive Neural Network for Friend-Enhanced

Recommendation

Predictor

Coupled Influence
Representation
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- VR o
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SIAN—Attentive Feature Aggregator

o — v
Will Tom Lily
P Bagpsin

Jerry = == == === = —p> Disneyland

-

..mEm

AN 11
"\ Type-level
Attention

e
2
£s
Ariicle €D .- i User €D ... P Media SE
N Ny o g
> =
= 8
(L1 = oo
EEE o <
DE T ) £
Disneyland <

Inc.

Airpods

> Node-level Attentive Aggregation
p!, = ReLU (Wp (Zkej\fj akuxk) + bp)

> Type-level Attentive Aggregation
h, = ReLU (Wh, Y- 7 Bupl, + bh)
5 exp (atT [pf} OPRE--Bp,L Tl])

Y Sy en(a) [piepio-opi )




SIAN—Social Influence Coupler

Predictor

Coupled Influence
Representation

Influence Coupler

Friend Referral
™ Circle
- e -
P Wwill Tom Lily

P “Benepsica
— ey — — — == — —p D15ne§la.nd

Social Influence Coupler

» Coupled Inuence Representation.
Civ,iy =0 (Wc(b (hv, h,') + bc)

> Attentive Inuence Degree.
dl,M— viy = 9 (W2 (o (W1¢(cy i, hy) + by)) + b2)
hui = > vec, (i) dueiv,inCiv,i)



SIAN—Behavior Prediction and Model Learning

ho =0 (WOz (‘7 (W01 ([hu @ h, ® hi]) + b01) + b02)
Jui = sigmoid (wjho + by>

- Z (yui|0gyui+(1_yui)log(l_yui))—i_)‘HeH%
(u,i)EER



SIAN—Experiments

Male in Influence M Male in Background

1 in Influence

0.8545 | 0.8623 | 0.8304 | 0.8416 | 0.8578 | 0.8594 Location-1 in Background

mctapath2vcc 0.8709 | 0.8901 | 0.8593 | 0.8648 | 0.8609 | 0.8783

Dataset! Model | AUC | F1 Accuracy
| | d=82 | d=64 | d=32 | d=61 | d=32 | d=61 8 Highauthority in Influencell High-authorty in Background | # Elderly inInflunce 1 Elderly n Background
Mid-authority in Influence Il Mid-authority in Background Mid.aged in Influence Mid-aged in Background
0.6704 | 0.6876 | 0.6001 | 0.6200 | 0.6589 | 0.6795 W Low-authoriy in Influence Bl _Low-authority in Background | Ml Youthn Influence M Youth in Background
Deevaalk 0.7693 | 0.7964 | 0.6024 | 0.6393 | 0.7001 | 0.7264 o wof
0.7903 | 0.8026 | 0.6287 | 0.6531 | 0.7102 | 0.7342
metapabhlvec 0.8194 | 0.8346 | 0.6309 | 0.6539 | 07076 | 0.7399 B
DeepWalk-+fea | 0.7899 | 0.8067 | 0.6096 | 0.6391 | 0.7493 | 0.7629 5
Vel node2vec-+fea | 0.8011 | 0.8116 | 0.6634 | 0.6871 | 0.7215 | 0.7442 8 o4
P | metapath2vec+fea | 0.8301 | 0.8427 | 0.6621 | 0.6804 | 0.7611 | 0.7856 )
GON 0.8022 | 0.8251 | 0.6779 | 0.6922 | 0.7602 | 0.7882 é 04
GAT 0.8076 | 0.8456 | 0.6735 | 0.6945 | 0.7783 | 0.7934 g
HAN 0.8218 | 0.8476 | 0.7003 | 0.7312 | 0.7893 | 0.8102 £ 02
TrustMF 0.8183 | 0.8301 | 0.6823 | 0.7093 | 0.7931
DiffNet 0.8793 | 0.8920 | 0.8724 | 0.8923 | 0.8698 OO Lowaithority - Mid-author High-authorty Midaged
| SIAN 0.9486%(0.9571*0.8976%|0.9128* 0.9096*|0.9295* User group User group
(@) Authority (b) Age
MLP 0.7689 | 0.7945 | 0.7567 | 0.7732 | 0.7641 | 0.7894
Dcchalk 0.8084 | 0.8301 | 0.7995 | 0.8054 | 0.8205 | 0.8464 B Female in Influence B FemleinBukgroms | | Losaioo2inlalence B Locaton 2 in Bckgroud

DecpWalk-fea | 0.8535 | 0.8795 | 0.8347 | 0.8578 | 0.8548 | 0. sags .
Doub: de2vec+fea 0.8994 | 0.9045 | 0.8732 | 0.8958 = 0.8896 '§ 08
U0 metapathovec-fea | 0.9248 | 0.9309 | 0.8998 | 0.9134 | 0.897 | 0 9104 &
=
GON 0.9032 | 0.9098 | 0.8934 | 09123 | 0.9032 | 09112  §°°
GAT 09214 | 0.9385 | 0.8087 | 0.9103 | 0.8998 | 0.9145 5
HAN 0.9321 | 09523 | 0909 | 09221 | 09008 | 09205 g 04
TrustMF 0.9034 | 0.9342 | 0.8798 | 0.9054 | 0.9002 £
DiffNet 0.9509 | 0.9634 | 0.9005 | 0.9259 | 0.9024 £
| STAN 0.9742*(0.9873+(0.9139*|0.9429% 0.9171%(0.9457* 0
Male Locaion-1 Locaion-2
MLP 0.5094 | 0.5182 | 0.1883 | 0.1932 | 0.2205 | 0.2302 User group User group
DeepWalk | 0.5587 | 0.5636 | 0.2673 | 0.2781 | 0.1997 | 0.2056 (©) Gender (d) Location
node2vec 0.5632 | 05712 | 0.2674 | 02715 | 0.2699 | 0.2767
metapath2vec 0.5744 | 0.5834 | 0.2651 | 0.2724 | 0.4152 | 0.4244
1 06
DeepWalk-+fea | 0.53301 | 0.5433 | 0.2689 | 0.2799 | 0.2377 | 0.2495 g
Fwp | node2vectfea | 05672 | 05715 | 0.2691 | 0.2744 | 0.3547 | 0.3603 s 08 048
‘metapath2vec-+fea | 0.5685 | 0.5871 | 0.2511 | 0.2635 | 0.4698 | 0.4935 g o6 036
GCN 0.5875 | 0.5986 | 0.2607 | 0.2789 | 0.4782 | 04853 5 o4 024
GAT 05944 | 0.6006 | 02867 | 0.2912 | 0.4812 | 04936 %
HAN 05913 | 0.6025 | 0.2032 | 03011 | 0.4807 | 0.4937 £ °2 012
TrustMF 0.6001 | 0.6023 | 0.3013 | 0.3154 | 0.5298 | 0.5404 o Neighbor Type Neighbor Type ’ Neighbor Type
DiffNet 0.6418 | 0.6594 | 0.3228 | 0.3379 | 0.6493 | 0.6576 @ Yelp () Douban (©FWD

SIAN 0.6845*|0.6928*(0.3517*|0.3651* 0.6933*|0.7018*
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