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* Python : numpy

« Paddle :
https://www.paddlepaddle.org.cn/documentation/docs/zh/beginners_guide/index_cn.html
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Graph Neural Networks: A Review of Methods and Applications nhitps://amiv.org/pdf/1812.08434.pdf

A Comprehensive Survey on Graph Neural Networks htips://aniv.org/abs/1901.00596
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«  TNFESLE : DeepWalk, node2vec, GCN, GAT, GraphSAGE ( X AFHRSCERRES )
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« DeepWalk. "DeepWalk: Online Learning of Social Representations "  htips://aniv.org/pdf/1403.6652.pdf
« GCN. " Semi-supervised Classification with Graph Convolutional Networks"  hitps://arxiv.org/pdf/1609.02907.pdf
«  GAIT. "Graph Atftention Networks" https://arxiv.org/pdf/1710.10903.pdf
« GraphSAGE. "Inductive Representation Learning on Large Graphs"  https://arxiv.ora/pdf/1706.02216 pdf
« https://github.com/thunlp/GNNPapers
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A Semi-supervised Graph Attentive Network for Financial Fraud Detection
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a: Graph Construction from a Point Cloud c: Bounding Box Merging and Scoring

Detected object bounding ding !
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Point-GNN: Graph Neural Network for 3D Object Detection in a Point Cloud
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Github: https://github.com/PaddlePaddle/PGL

API#Y : https://pgl.readthedocs.io/en/latest/ Paddle
" - . . n Graph
A9t IRELE B MR e T HE W= .
BER FIRE BAFE& ERIMIZ TN EHHEtE aer- Open Graph Benchmark Learnlng
PHREFE SHRNERE ZRllLgk b a Kb % | SH
WERER HERRRE SRR SHRAE~Meta Path

FfMessage PassingX/l#l

DeepWalk, Node2Vec. Struc2Vec. LINE,
GES. Metapath2Vec, Metapath2Vec++.
1
MERE Multi-Metapath2Vec++

GCN. GAT. GraphSage., SGC. DGI.
STGCN. GIN, PinSage. GNN-Index. ‘%‘3‘&
ERNIESage TransE, TransR. RotatE

HTF LoD Tensor

I TERREEX
GATNE Unsup GraphSAGE
SAmERED 1532758 L
: : : i RNESHRES|EE ,
FEXEMKE  Message Passing API GraphE¥ Scatter-Gather  Z#HEFEREF  ETFLodTensorHE2RS SRHZT R, BIZENER)I%
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i#z5Graph Neural Network#[
Graph RepresentationEgiintEE



https://github.com/PaddlePaddle/PGL
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1. ZERGE

# construct a graph

num_nodes = 4

edge_list = [(0,2), (2,1), (1,0), (3,2)]

g = graph.Graph(num_nodes=num_nodes, # =%\
edges=edge_list, # 105F
node_feat=None, # PEYHE, 9IRS
edge_feat=None) # OYHE, AR

2. FMessage Passingf/l#ll} , RFEESend/RecvEEINERILE
# define message function ‘ ' ' ' ‘ '

def send_func(src_feat, dst_feat, edge_feat): send
# In this tutorial, we return the feature vector of the source nodes.

return src_feat['h'] I I . I I I

# define reduce function
def recv_func(feat): recv "I'H'l "I'Hl'
# We sum the feature vector of the source nodes. g r —
return fluid.layers.sequence_pool(feat, pool_type='sum') v
@ =/ @ —
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1 DeepWalk DFSBEHLFENRTRFES 17 DeeperGCN REEETANLE
2 node2vec A DFSKBFSHFRTFES 18 GCNII FREESFAME
3 LINE BT, ZHdeEiRRFS 19 APPNP #54 GCN # PageRank HfEHB1EEY
4 struc2vec ETEELNERRFES 20 MixAggGNN Bif : EFRARARBNEHEMLE
5 metapath2vec BEFuiReEnERrE> 21 GNN-Index B : EaE NS IBARRNEHRERSE
6 Mulit-metapath2vec++ B : BETTHBRANERES 22 ERNIESage B | E8T0)|4nE AR B R4S
7 GES IAB RFHENERRFEI A 23 UniMP B : f—inS GBI E S NBRIR—RE
8 GATNE SHENEERRES 24 Distribute_DeepWalk DT BEVLFE
9 GAT EFAttentionfI BTN 25 Distribute_GraphSAGE S GrapSAGE
10 GCN EEFAMLE 26 Distribute Pinsage oz Pinsage
11 GIN E =M% 27 Distribute_GIN HHIGIN
12 SGC EHREETRRES 28 Distribute_metapath2vec $7%E, metapath2vec
13 GaAN S| JiE Attention HAIRIEEFARL 29 TransE Translating Embedding
14 SAGPool ETF self-attention UEHKIER 30 TransR EFRelationFgfYTranslating Embedding
15 STGCN A2 ESFAMLR 31 RotatE ETRelational RotationfiyTranslating Embedding
16 GraphSAGE BT EREN AT EE AN 32 BigBird Sparse Transformer
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<html> ) docume”)‘
<head></head> ﬁﬁ . 4 ﬁ

<body> ——
<l-xxx-->

<h1>aaa</h1":>
<p class >

bbb
</p> ﬁ (aaa) (bbb clasg

</body>
</html>

Graph

Pooling Projection

() 0.23
> —
_— 0.77
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1. ERNIESage: EithEENEBZ A , FTECOLING 2020 Text Graph-14 m&EHPFREE— ;

1 webbley 09/21/20 Baidu PGL 0.6033 (1)
2 alvysinger 31 06/25/20 0.5843 (2)
3 aisys 9 07/10/20 0.5233 (3)
2. UniMP: 108 EEHEMEOGBIEE =K INE T R KEUESERIFT SOTA ;

Leaderboard for ogbn-products

The classification accuracy on the test and validation sets. The higher, the
Package: >=1.1.1

Rank Method Test Accuracy  Validation Accuracy Contact

S R HRRUH TR

Leaderboard for ogbn-proteins

The ROC-AUC score on the test and validation sets. The higher, the
Package: >=1.1.1

1 UniMP 0.8256 + 0.0031 0.9308 +0.0017

Leaderboard for ogbn-arxiv

The classification accuracy on the test and validation sets. The higher, 1|
Package: >=1.1.1

Rank Method Test Accuracy Validation Accuracy Contact

Rank Method Test ROC-AUC Validation ROC-AUC Contact

1 UniMP_large 0.7379 +0.0014 0.7475 + 0.0008 Yunsheng Shi (PGL team)

1 UniMP 0.8642 + 0.0008 0.9175 + 0.0006

Yunsheng Shi (PGL team).
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IRE{EI——i@iE PGL HIGCN #1 DeepWalk PPEE

Paddle &Z%£$55| : 1¥I5°&%& PaddlePaddle EX

pip install paddlepaddle - 1.8.5
pip install pgl
git clone - depth-1 https: 'github.com PaddlePaddle PGL

cd PGL examples gcn
python train.py

pE =

1. IR pip L=ATIBEIMLRE)ER

- [ERBFEIR

« https://pypi.org/ & whiBaFRIBE LR

2. WRPIRLE T

- BT s .

3. ¥z python K18 : conda HEMESKR : 7 AlStudio IREREE ~

conda create —n Paddle python 3.6

conda activate Paddle
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G = (V,E)

V=(1, 2, 3, 4}
E={12, 21, 14, 41,
24, 42, 34, 43}

ar

V=(1, 2, 3, 4}
E={14, 21, 42, 43}

/ -lj/\\\ \
F&(degree) B E(neighbor)
degree = 3 neighbors =1, 2, 3
degree = 3 _
indegree = 1 predecessor = 1

outdegree = 2

successor = 2.3

- www.paddlepaddle.org.cn
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