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Similarity-based methods or conventional ones,
which is better for graph embedding?
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Hlo]E Al. Amazon [10]> Amazon ¥ Alo]Eo|A =}
F &% TlehE AlEe] 2t CoCit [4-5] HlO]
B wlold, dolgwlol~ H A g5 Hoke] =i
ol =Xt} Cora [11]= HAFE Hg =F9 A&
1= dolge <A FAE YEpdnh
DBLP [12]i= 2006 13 o] o] wxe dlo]g wmjold U
dlolEjwo] 2~ Fof =ie] 91§ 1T} Linux [13]
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<E 1> HeolHA S
V| |E| #Labels Type
Amazon 30,000 62,642 71 undirected
CoCit 44,034 195,361 15 directed
Cora 23,166 91,500 70 directed
DBLP 21,177 124,065 11 directed
Linux 30,837 213,954 - directed
Live 11,755 160,046 7,086 undirected
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<3 2> Graph Reconstruction
CoCit Cora DBLP
0.0845 0.1249 0.0977
0.1918 0.2152 0.1311
0.0002 0.0012 0.0024
0.0867 0.1226 0.0990
0.0416 0.0019 0.0285 0.0118 0.0027
0.0223 0.0277 0.0410 0.0446 0.0878
0.0438 - - - - 0.3397
0.4446 0.2214 0.2476 0.1738 0.0636 0.7031
-: SNT(SimNet)& directed L) ol thal ugo] Er1s3t

Live
0.5211
0.3176
0.0207
0.5230
0.2235
0.2454

Linux
0.0605
0.0634
0.0001
0.0619

Amazon
0.1716
0.5361
0.0041
0.1699

DWK
DWN
GRV
N2V
NMF
FRD
SNT
VRS

Node Classification. ©] ZgL BE Lw-To ths]
o]Eo] %% dlolH AMESQl CoCit ¥ Cora °¥ 4
| F Atk 7 N9 dHeolH ME 77 ARE-SH]
H2AE AEZ =29 ¢%(q={1,3,579)2 U=
Agsta $d AEZ 2 =25 Ayt a9

g wme] W) 2428 98 44a0. 43

= =4S 98 Macro-Fl & H7} A& Ag3o)

<3} 3> CoCit Hlo]E Node Classification A &%=

1% 3% 5% 7% 9%
DWK 0.1213  0.1063 0.1182 0.1154 0.1123
DWN 0.1361 0.1410 0.1447 0.1406 0.1444
GRV 0.2292 0.2221 0.2152 0.2184 0.2184
N2V 0.1007 0.1011 0.1080 0.1095 0.1092
NMF 0.0423  0.0409 0.0395 0.0398 0.0410
FRD 0.1185 0.1043 0.1013 0.1028 0.1019
VRS 0.3062 0.3011 0.3019 0.3134 0.3179

<3 4> Cora Hl°]E| Node Classification A=

1% 3% 5% 7% 9%
DWK  0.1536 0.1797 0.1903 0.1887 0.1879
DWN  0.2646 0.2968 0.3033 0.3108 0.3153
GRV 0.3476 03324 0.3137 0.3222 0.3260
N2V 0.1709 0.1756 0.1792 0.1751 0.1721
NMF 0.0185 0.0580 0.0660 0.0625 0.0611
FRD 0.1535 0.1565 0.1487 0.1583 0.1544
VRS 0.4386 0.5050 0.5168 0.5177 0.5216

Link Prediction. 7} H|o|E AEo|A HXIE HE=Z
HA9 10%E FAAZ AAG Ao == uot
voll W3l Average(Avg.), Hadamard(Had.) 2 Weighted
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FEHI el EAlEtA] v I 7Y WA
o4 AER F29 2 A8 H ) Biased negative samples
(BNS) link prediction < directed 125 7} T 2
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Ttk o (100-9)% w4 AE2 99 2ol 724
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<3 5> Amazon ¥ Live "]©]¥] Link Prediction A3%=

Amazon Live

Avg. Had. L2. Avg. Had. L2.

DWK
DWN
GRV
N2V
NMF

0.5920
0.6316
0.5234
0.5824
0.4983

0.9488 0.7559 0.8908
0.9893 0.9956 0.9110
0.5395 0.5325 0.6339
0.9482 0.7615 0.8881
0.9949 0.9969 09184

0.7614
0.7489
0.6420
0.7627
0.7627

FRD
SNT
VRS

0.5652
0.5277
0.5546

0.9321 0.6794 0.9424
0.6280 0.9254 0.9432
0.9971 0.9964 0.9631

0.7898
0.7671
0.7897

A
=]

6> CoCit ¥} Cora ©l°]¥] Link Prediction A3=

CoCit Cora

Avg. Had. L2. Avg. Had. L2.

DWK
DWN
GRV
N2V
NMF

0.6299
0.6922
0.5994
0.6327
0.7295

0.6715 0.5773 0.7571 0.6690
0.7263 0.5759 0.8378 0.6388
0.5937 0.5664 0.6537 0.5691
0.6646 0.5706 0.7523 0.6642
0.6562 0.6772 0.7071 0.6772

0.6723
0.6889
0.6585
0.6728
0.6934

FRD
VRS

0.6933
0.6359

0.8978 0.6468 0.8641 0.5346
0.5061 0.4856 0.9722 0.8978

0.6227
0.7537
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DBLP Linux

Avg. Had. L2. Avg. Had. L2.

DWK
DWN
GRV
N2V
NMF

0.7644
0.7630
0.7044
0.7656
0.7507

0.7628 0.6703 0.6381 0.8626
0.7591 0.6246 0.7526 0.7191
0.7027 0.6273 0.7495 0.7075
0.7819 0.6821 0.6427 0.8609
0.6947 0.6912 0.8212 0.8215

0.8632
0.8456
0.7591
0.8527
0.7999

FRD
VRS

0.6953
0.7912

0.9047 0.6181 0.7699 0.7060
0.9661 0.8936 0.9665 0.8215

0.7594
0.8529

<3} 8> CoCit ¥} Cora "l©]¥| BNS Link Prediction gZ

e
H

CoCit Cora

Avg. Had. L2. Avg. Had. L2.

DWK
DWN
GRV
N2V
NMF

0.5581
0.5909
0.5504
0.5620
0.6149

0.5704 0.5366
0.6095 0.5374
0.5481 0.5338
0.5700 0.5316
0.5753 0.5886

0.5874
0.5936
0.5811
0.5863
0.7999

0.6284 0.5861
0.6746 0.5676
0.5776 0.5291
0.6264 0.5810
0.6012 0.5910

FRD
VRS

0.5904
0.5827

0.6908 0.5714
0.4990 0.5025

0.7594
0.8529

0.6832 0.5097
0.7385 0.7122

<3 9> DBLP ¥} Linux ®]°]€ BNS Link Prediction &%=

DBLP Linux

Avg. Had. L2. Avg. Had. L2.

DWK
DWN
GRV
N2V
NMF

0.6334
0.6323
0.6091
0.6326
0.6272

0.6221 0.5835
0.6334 0.5613
0.6085 0.5689
0.6255 0.5899
0.5899 0.5594

0.6781
0.6755
0.6290
0.6723
0.6482

0.5635 0.6761
0.6275 0.6074
0.6243 0.6022
0.5685 0.6749
0.6257 0.6581

FRD
VRS

0.5978
0.6505

0.7015 0.5594
0.7401 0.6989

0.6226
0.6755

0.6257 0.5993
0.7267 0.6500
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