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A survey of information network representation learning

LU Junhao, XU Yunfeng

(School of Information Science and Engineering, Hebei University of Science and Technology. Shijiazhuang. Hebei 050018,
China)

Abstract: The network representation learning algorithm represents the information network as a low-dimensional dense real
vector carrying the characteristic information of network nodes, and is applied to the input of downstream machine learning
tasks. With the development of machine learning and deep learning, network representation learning has been widely used due
to its powerful modeling capabilities and extensive applications. The network representation learning methods and their applica-
tion were summarized. Firstly. the current network representation learning methods at home and abroad were categorized into
different groups, including traditional methods, network structure-based embedding, embedding with attribute information,

and spectral-based Graph Convolutional Networks, spatial-based Graph Convolutional Networks and Graph Attention Net-

Wk B 39 :2019-12-31; & [8] H . 2020-03-17 ; 3¢ 4T 4 4« B 5 ik

HEWH . P E ST AEDH (201808130283) s # H A T8 fE U [ & A0 H (201801003011) ; ¥ b B} K 24 4% 57 3 42 (82/
1182108) sy b BF 4 K2 %5 58 5 25 KI5 YL B i BHIF I H (82/1182169)

S — ARG RN GBS 1995, 53 Il wg A 0B B g A L 35BN R 45 3 R 2 3D T I F SR

WIAEE F =g R # 4% . E-mail: hbkd_xy{@hebust.edu.cn

BREGEVEA AR S W2 R 2 2] ik SRR LT U R R 2 41, 2020, 41(2) :133-147.
LU Junhao, XU Yunfeng.A survey of information network representation learning[ J].Journal of Hebei University of Science and Techno-

logy,2020,41(2) :133-147.



134 Mo B R % %R 2020 4

works. Then various models were expounded, and the applicability and characteristics of the models were compared. Secondly.,
the related applications of network representation learning, including recommender system and biomedical field, were intro-
duced. Commonly used data sets are also given, and open source implementations of representation learning models and power-
ful graph deep learning libraries for reference were organized. Finally, the developing trend of network representation learning
was summarized and forecasted. Deep graph neural network, dynamic and heterogeneous network representation, and generali-

zation ability of network model will need to be further studied.

Keywords: computer neural network; network; representation learning; graph neural network; Graph Convolutional

Networks; graph deep learning library
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Fig.13 Visual illustration of the GraphSAGE sample and aggregate approach"**]
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Tab.2 Comparison of model applicability and characteristics

X

A

IR

Wik

1k . =R
AL A E HIER -E i
DeepWalk 0 0 0 ocvid ¥ skip-gram N F) B R, Ry (04 25 4 1) i A SRR TR
Node2vec 1 0 0 ovidy MAKSE p M. A WBEHLITE
Struc2vec 1 0 0 oV (RN ERR R SE/N
LINE 1 1 0 O Eld) THEE Y SR Z AR ABLRE L AT 2 K A I 4%
GraRep 1 1 0 oV 2 ) 24 19 42 JR R AE L AR ARS8 4l SVD
TADW 1 1 1 O VIIED Tl S5 SCA R AE R A 2% 2
CANE 1 0 1 - AT SR PR B S attention AL
] R 8 — W BRAR SR 20 i, il B 22 2 3000 Rz 1,
GCN 1 0 0 O E|d?»)
FRAETT IR L H T N A SR
GraphSAGE 0 0 0 5 445X 2 >
GAT 0 1 1 OCIVIFF'+|EIF") AR, FH attention HA W F R ES
T 1 RIRSCHE 50 RN A LHF
3 ERAHKBEEEUSH A IHK18]D
Tab.3 Summary of commonly used datasets(modified from reference[ 18])
Category Dataset Source # Graphs # Nodes # Edges # Features # Labels
Cora CHk[54] 1 2708 5429 1433 7
Citeseet SCHk[54] 1 3327 4732 3703 6
Citation
Pubmed SCHk[54] 1 19 717 44 338 500 3
Networks
dblp.uni-trier.de[111]
DBLP 1 — — — —
(aminer.org/citation)
BlogCatalog CHk[55] 1 10 312 333 983 — 39
Social
Reddit SCHk[48] 1 232 965 11 606 919 602 41
Networks
Epinions WWwWw.epinions.cpm 1 — — — —
PPI CHk[56] 24 56 944 818 716 50 121
NCI-1 SCHRLS7] 4110 — — 37 2
Chemical/ NCI-109 SCHRES7] 4127 — — 38 2
Biological MUTAG k(58] 188 7 2
Graphs D&.D SCHk[59] 1178 — — — 2
QM9 SCHkL60] 133 885 — — — 13
tox21 tripod.nih.gov/tox21/challenge/ 12 707 12
Unstructured MNIST yann.lecun.com/exdb/mnist/ 70 000 10
Graphs Wikipe-dia ~ www.mattmahoney.net/dc/textdata 1 4 777 184 812 40

TFIR 52 B BRI A5 AN 3R 4 B IR E 5 A TP IR IR B A5 38 5 Fron . fE3R 4 53R 5 BB 17—

S B A MRS A B T IR S B, DL K 9 KA PRI IR B 2 o) PR AT AR 5 3 P 2 o) Bl 52 S e R R R

Hop A3 5 W3 B9 Euler, PGL, Plato |81 R K 5 ~J JIE 3235 230 A 203+ 50, 61 45 58 R MUBE iy /9 46 31 53 1A
ﬂﬁ'éo
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Tab.4 Summary of open-source implementations
iR HE 44 4%
DeepWalk Python https://github.com/phanein/deepwalk
Node2vec TensorFlow https://github.com/aditya— grover/node2vec
Graphsage TensorFlow https://github.com/williamleif/ GraphSAGE
LINE C++ https://github.com/tangjianpku/LINE
TADW Matlab https://github.com/thunlp/tadw
CANE TensorFlow https://github.com/thunlp/cane
GCN TensorFlow https://github.com/tkipf/gcn
GAT TensorFlow https://github.com/PetarV—/GAT
LGCN TensorFlow https://github.com/divelab/lgen/
SDNE Python https://github.com/suanrong/SDNE
A5 BREFIFTREZL
Tab.5 Summary of graph deep learning library
P TR B 2 2] I A B (ER BRF Bz
DGL GCN, GAT, RGCN, LGNN, SSE, Tree-LSTM, DGMG, JTNN https://github.com/dmlc/dgl
StellarGranh GraphSage. HinSage, GAT. Attri2vec, GCN, SGC, APPNP, Node2vec.  https://github. com/stellargraph/stellar-
StellarGrap
Metapath2Vec graph
DeepWalk, LINE., Node2vec, GraRep, TADW., GCN., HOPE. GF,
OpenNE https://github.com/thunlp/OpenNE
SDNE, LE.
DeepWalk, LINE, Node2vec, GCN, GraphSage, Scalable-GCN, GAT,
Euler https://github.com/alibaba/euler
LsHNE, LasGNN
GCN, GAT, GraphSAGE, unSup-GraphSage, LINE, DeepWalk, Meta-
PGL https://github.com/PaddlePaddle/PGL
Path2Vec, Node2vec, SGC, Struc2vec, GES, DGI, GATNE.
Node2vec-Randomwalk, LPA, HANP, KCore, Pagerank, Metapath-Ran-
Plato https://github.com/tencent/plato
domwalk
CranhVi DeepWalk, LINE, Node2vec, TransE, RotatE, LargeVis, DisMult, https://github. com/DeepGraphlLearning/
sraphVite
ComplEx graphvite
PyTorch SplineCNN, GCN, NNConv, ECConv, GAT, GraphSAGE, AGNN, https://github.com/rustyls/pytorch_geo-
Geometric Node2vec metric
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