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Abstract; Graphs are increasingly used in data management, knowledge discovery and information services. As an
important strategy of graph analysis and applications, graph embedding has become one of the subjects with great attention in
artificial intelligence. Starting from the challenges faced in graph embedding studies, this paper introduces the principal meth-
ods based on matrix decomposition,random walk and deep learning. Then, we introduce general test datasets,evaluation cri-
teria as well as typical applications widely used in graph embedding. Finally , we summarize the trend and future research is-
sues of graph embedding.
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Notation Description

G=(V,E)| G is the graph;V is the set of the nodes;E is the set of edges

v;e;; | Nodes v; v, eV (i##j ),an edge e; ; € £ connecting v; and v;
w Adjacent matrix with |V rows and VI columns
D Diagonal matrix with | V] rows and |VI columns
d Dimensionality of the embedding
Y Embedding of the nodes in G
Y, Embedding of node v;

Y, Source embedding of a directed graph

Y, Target embedding of a directed graph

L Graph Laplacian (L =D - W)
<Y,.Y;> Inner product of ¥; and Y,

S Similarity matrix of G

sfjl) ,sfl.z) First-order and second-order proximity between node v; and v,
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PRBIFSE H , AR AR R I e O 285 3 P9 46 P 0 A i, H
HTA 0 P2, — 2802 T P 38 9 e ik ke 5 1)
fi# ( Graph Laplacian Eigenmap Factorization) , 75 —28J&4H

LI P4 1943 ## ( Node Proximity Matrix Factorization)
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Matrix

Factorization Random Walk Deep Learning Others
LE[3 DeepWalk ¢ SDNE2] LINE!?]
CGEM Node2vec 2] DNGR'*! NEU!2
Isomap! 4! Metapath2vec?*) | GraphSAGE!?%) CDK !
LLE'S] - - DeepCasDo]
GraRep (20] - - TransE "]
HOPE!?"] - - DPMQ! 2]
Note: “-” means that the method is not concerned.
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. ) o . Structure and Global / Local
Method Adjacent Matrix Objective Function P o p 4 Ovtimizati
roperties Preserve ptimization
. Local structure,
LE W, =exp— |la - |/t miny (Y, = Y))*W, ) Local
’ i#] first-order proximity
W, = exp- |l - |2/ &,
Y N 2 Local structure
CGE _ maxy ) W,/ |Y, =Y. |> +o ’ Local
d = ( 2 Y, - Y])/(n(n -1)) Zj‘ ! ! first-order proximity o
7
. W;; is the sum of edge weights along the S Local structure, Clobal
somap min oba
! shortest path between node v; and v; first-order proximity
x4 ETVWRBCEERSBHEBRNFE
o . Matrix Factorization o ) Structure and Global / Local
Method Similarity Matrix Objective Function ) L
Methods Properties Preserved Optimization
w* = minz | X; Laor minz | Y, Local struet
LLE 7 agrange 7 ocal structure, Local
- 2 WX, | 2 Multiplier _ 2 WY, | 2 first-order proximity
J J
_ p-l
A=D"W, Global structure,
GraRep D { SW,, i=j SVD min | ¥ -Y.Y," | 1t - g Global
=47 .
0. i order proximity
Global structure,
HOPE S =M;'M, SVD min | ¥ -Y.Y," | 1t — gt Global
order proximity
x5 ETHNFENEBRNTE
) o ) Properties Global/Local
Method Random Walk Method Embedding Model Objective Function P q Ootimizati
reserve: ptimization
Hierarchical ming, - log p({v;_,,, Second order
DeepWalk Truncated random walk . o Local
Skip-Gram Uy Wi Ui | | @(0;)) proximity
Depth-first and breadth-first Skip-Gram with : S Second order
Node2vec P p. . maxy 2 [-logZ, + 2 f(ng) - f(u) ] L Global
random walk negative sampling wely nieNy(u) proximity
Meta-path-based Heterogeneous . Second order
Metapath2vec P ) & maxy Z 2 2 log p(e, 1 0;6) o Local
random walk Skip-Gram ueVieTye,eNy(v) proximity

F g -1i] KR (Node2vec) ) 1 2 3@ 1 ol i
Word2 vec #5 8Y 1fij G 7. 1) — o Bl AL 38 5 5 ¥, dd 3 o)
SR #& B 4G 4 U E ( Breadth-First Search, BFS) il
BRI {56 57 7E ( Depth-First Search, DFS) IR I [f) =
B, R R B 1Y 4 Jy 45 40 R0 Ry B A5 4. B D R

TR B AR, 45 & BES M DFS AR it Bl AL #7 &
¥ 5, il Skip-Gram #5806 A= 5 ) 7 iE Fr 31 2F 47 ik
A HAL G B — D HRRE R IR AT AL B, RE AR 4518 L AF
ISEAELT R Y SOE ERG IS R R e M S R e R Y AN
RAIA TR .
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AT R BRI A A ) o, RS B Bt 25 )
PR3 AP o A I EE A A L, LR R

ENC.V—>R*;DEC.R' xR">R"* (7)
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vV
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R 58 o, 0 ) S 37 40 R 1) R AL 5 € 2 402K oA
B0, FRVAIC AR N RSy A F50000 £ 5 AR D) B RS AT fiE 4%
U H .

ZERAL TR W 25 45 A ( Structural Deep Network Em-
bedding, SDNE) ™ it —FIiRFE (1 sh 4t , 145 9 2%
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H bR BREOR AT B A i A Il i, B 65K K2 19 ik
Al R O &, BRI R R B B T REL
O BN TR A AL B AN TR B 2 2 L. 32007 T RE DR 45 &
) — B R B AR AP (R T T R T s R B s
T RN, Bz IG5k 592 30 R 1) 1 £ B

FET TR E Bl 22 ™ 45 (1) |8 2 7R %% 2] (Deep Neural
Networks for Learning Graph Representation, DNGR) "’ J&
S BEHLIE W IR BE A B g i g 1) vk, B R A
BRARMERRAE T7 1 T AR A R AR 2 e 25 4 1y 1], LA
A WAL A < BB 78 90 53 105 A JSOAE 38 3 3% [ ( Proba-
bilistic Co-Occurrence Matrix, PCO Matrix ) , fy #f 2 $L 3
TS R B A B A M (PPMIT Matrix ) |, A% 2 e T
B b d A B A = B A AL Y B i A % S RE
A 52 IR AFAE FNAR LML 2548, SR ] PPMI Matrix, jik
B R TCARSCTT AR A SR, TR BE 2 2 BRI S 4%
520, Joi S P i 3 o TR

FL T F RAEFN R A B E A ( Graph SAmple and ag-
greGatE, GraphSAGE ) ™" LA FHI Y A% AR RFAE 5 8, 3 o i
R A B R0 26 A T 1 T A BB T IR A A T
I RESE I SR A1 1 TR DR R R ALE A5 B AN
SRR B, BAAPBR A4 S0 BE DSl I 1) 7 =%k ]
HBREAN T SR b TR B QR AT T AT SR, F SR S RO
AT AR SR (R BT 2, AR
BRI AE BUHT I A ) . (U, RAETREE & KT 2 B,
PEREW] 2RI, BE A R AR ERFER 1, HRE G TEA
][ ESeEL L PR RE , H ETTIAS DA

x6 ETREFINERNFGE

Method Deep Learning Objective Structure and Global/Local
etho
Model Function Properties Preserved Optimization
2 Local and global structure,
SDNE Autoencoder 2 I DEC(Y;) ,s; || 2 . & o Local optimization
vieV first and second order proximity
Stacked denoisin 2 Global structure,
DNGR & 2 | DECCY;) s, | 5 Global optimization
autoencoders vieV 1** — k™ order proximity
Graph Global 1 g
slobal structure, 1% — ™
GraphSAGE convolutional 2 C(DEC(Y;,Y;) ,5(v;,v;)) oAl sHuete Global optimization
visvjeV order proximity
network
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FUAB PR T ¥, 32 SR AE B IR R A T 9 &
DA T H A IS sl A 1) P A T 3%

FET M40 % BEATL U AE AR BE 5 T B9 TR A
JEITHE:, BEA S E M2 LINE ( Large-scale Information

Network Embedding) "' F1 NEU ( Network Embedding Up-
date) "' 22, LINE 3@ 33 KL #(F ( Kullback-Leibler Diver-
gence) , 3/ MU T QB4R P A= J80 A 1 R5ORHRBE S 23 A1 R e
RN A B8 20 A1 22 (] A L e 28 552 B IR ik
AR IRAGAL. NEU A5 1 44 3 AH B AR 142 R ek 248 1 9 2%
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TRAL TR, IR T LLF 4598 4 3 o i B L S A 7Y
FEARUREL A PT LA 2 i 10 2% i A 18 Joi ok 5 0 b 7 55 8 B
LA %] T RIS ) 28 I A5 R 4

S5 BB B R A 7 %, 2 A5 CDK( Con-
tent Diffusion Kernel ) ™’ I DeepCas ( End-to-end Deep
Learning Architecture ) ™). CDK J& 32 I #8415 3 1% ¥ 5
(Heat Diffusion Kernel ) ¥ & 7 A 6] {2 B 2% Bf ( Informa-
tion Cascade) F4% AP A9 Al A B RG2S 8], FHBEHIL
BEIE T Rk A H b o8 80, A5 RSB B A2 b Bl
PR R TE RS R R [6] i Y R B 0 40T DeepCas J&:
He—E DGR A, L2 > 1T 1R #5558 GRU
( Gated Recurrent Unite ) 5 54 iz A B — > [m] & %5 6], FH
TN P v i B R Y 0

BT HH R R 1Y Bl A 7 vk, 322 DL R A
(Relationships as Translations in The Embedding Space,

Transk) " A0 3%, 52 5] Word2vee H1i] [i] 125 ] F- 5%
AASBG RS % , Bordes 45 31 T TransE #R K1
PR Y18 SO R 7 VR ] 3 [1] A S 44K o) 52 6] 11
BRSPS TR B 0 HRTA R R T SE AR
F TransE JEAT 47, 40068 e oE (9 BEALAT TransH™ |
TransR \Transt] \TranSparsem] p il KGZEDQ]%:.

FE T BB e 1 18] i A 5 vk o, DPMQ ( Distance-
Based Pattern Match Queries) ™ RUBICHE 2 A= % 11 [ 5
J5 M LLR (Linial , London and Robinovich) "*"*" Jy pk 4y,
5 [ o 8 i) 4 1] e oA X DG T A ) [ 3 2 A i )
% (] H BT R B 1Y 22 1] R 45 (Multi-way Joint ) [A)#1,
P T AR R, BT L a2 Tl R R Y
TSI B2, kT IR A [ it 22 J) F) B B 92 A
VT FC A9 2 1A > T Dl A o, A i 4h R AR 0 4.

®7T BEHRAMKBES

) Biology
Graphic Social Network Language Network Collaboration Network
Network
Property
KARATE |BLOGCATALOG| YOUTUBE | FLICKR WIKIPEDIA HEP-TH ASTRO-PH Cora PPL
IVI 34 88,784 1,157,827 105,938 1,985,098 27,770 18,772 24 911 3,890
IEI 78 4,186,390 |4,945,382 | 2,316,948 1,000,924 ,086 352,807 198,110 582,021 38,739
Avg. degree 4.59 94.31 8.54 43.74 1008. 44 25.41 21.11 46.73 19.92
No. of labels 4 39 47 - 7 - - - 50
Weighted /
Unweighted | Unweighted | Unweighted | Unweighted Weighted Unweighted | Unweighted | Unweighted | Unweighted
Unweighted Graph|
Directed /
Directed Undirected Directed Undirected Undirected Directed Undirected Directed Undirected
Undirected Graph
x8 E#HNERTIER
Application Node Classification Node Clustering Link Prediction Graph Reconstruction Visualization
Homogeneity AUC MAP
Micro-F1
Completeness Precision@ k
Evaluation Metrics t-SNE
NMI MAP Precision@ k
Macro-F1
Silhouette_Score F1-Score

4 WL HEESTNIRE

PR AR 5T Fh, TR 08 PET i AR ) 4 i A o
SRS N I XK Hhe B R A v R 0 IR A
Wa B AR AT I 2% T R 45 1 0 45 R A ) T 4%
R AR DR B f & 2 Rl R PR 5L, A /T8
T A AL/ JCAEE P A Hp 4 i RO i i R
IRERCLA BT SR B RS R T 4 i T KARATEY
BLOGCATALOG? . YOUTUBE® [ % FLICKR® %4k 55
48R4, WIKIPEDIA®® 15 35 [ 4 §U 42 4 , HEP-TH® |

ASTRO-PH® Cora® %4 VEM 4 B3 4E , L) )z PPI®( Pro-

(@  https://en. wikipedia. org/wiki/Zachary% 27s_karate_club

@ http://socialcomputing. asu. edu/datasets/BlogCatalog

@ http://socialnetworks. mpi-sws. org/data-imc¢2007. html

@  http://snap. stanford. edu/data/web-flickr. html

® http://downloads. dbpedia. org/3. 9/en/long_abstracts_en. nq. hz2

© http://downloads. dbpedia. org/3. 9/en/article_categories_en. nq. bz2
(@  http://konect. uni-koblenz. de/networks/ cit-HepPh

® http://snap. stanford. edu/data/ca-AstroPh. html

© http://wwwlovre. appspot. com/support. jsp

0  http://konect. uni-koblenz. de/networks/maayan-vidal
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tein-Protein Interactions ) 4= 4 [ 48 B4R 45
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SNE ( t-distributed Stochastic Neighbor Embedding) "**’ %}
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1 NEU 43 5| i LE ( Linear Regression) 1 SVM ( Support

Vector Machine ) 73 88 XTI AR 7325 AR HE PN A7 Mi-
cro-F1 Fl Macro-F1,NEU HI Metapath2vec 7E 7 5, 4325 45
R E R

(2) 1 s RS A FE I T 45 0 A T s A
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HEAE AT 5570 ML B I 45 A5 NMI, Metapath2vec il
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Application Classification
Graph Embedding Methods
Node Classification| Node Clustering Link Prediction | Graph Reconstruction Visualization

LE™! - Vv - - -
CGE!™! vV vV - - Vv
Matrix Isomap: ] - vV - - -
Factorization LLELS] - \V - - -
GraRep!?"! Vv VvV - - vV
HOPE'?!! vV - Vv Vv -
DeepWalk ¢ vV - - - -
Random Walk Node2vec:?! vV - 2 - -
Metapath2vec' 2] vV VvV - - VvV
SDNE!2* vV - \ Vv Vv
Deep Learning DNGR%! - vV - - v
GraphSAGE 2] VvV - - - -
LINE %" vV - vV - vV

Others
NEU!2 vV - vV - -

Note: “V/” means that the graph embedding method could be used for the specific application,and “ - otherwise.
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