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Research on Node Learning of Graph Neural Networks Fusing Positional and Structural
Information

HAO Jiahui, WAN Yuan and ZHANG Yuhang
School of Science, Wuhan University of Technology, Wuhan 430070, China

Abstract Graph neural networks are powerful models for learning graph-structured data,representing them through node infor-
mation embedding and graph convolution operations. In graph data, the structural information and positional information of nodes
are crucial for extracting graph features. However, existing GNNs have limited expressive ability in simultaneously capturing po-
sitional and structural information. This paper proposes a novel graph neural network,named Positional and Structural Informa-
tion with Graph Neural Networks(PSI-GNN). The core idea of PSI-GNN lies in utilizing an encoder to capture the positional and
structural information of nodes and embedding these information features into the network. By updating and propagating these
two types of information within the network, PSI-GNN effectively integrates and utilizes positional and structural information,
providing an effective solution to the aforementioned problem. Additionally, to accommodate different types of graph learning
tasks , PSI-GNN assigns varying weights to positional and structural information based on the specific downstream tasks. To vali-
date the effectiveness of PSI-GNN, experiments are conducted on multiple benchmark graph datasets. The experimental results
demonstrate that PSI-GNN achieves a maximum improvement of approximately 14 % on node-level tasks and approximately 35 %
on graph-level tasks. These results confirm the effectiveness of PSI-GNN in simultaneously capturing positional and structural in-
formation.

Keywords Graph neural networks, Positional information, Structural information, Laplace position encoding., Adamic-Adar struc-

tural encoding
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OGBN-PROTEINS FEH BEHE L. T A REA T, 1B
RREHAFRZH ARG ALY FE LML,
OGBN-PRODUCTS #( 4% 4 J2& W I b 5™ & 2 7] g S5 ) 4% ,
AR R AE T 3 B 7 RN X A R R
T 3K

X F B AT 55, R B [l K/ Y 4 F 8006 46 (0 46—
AP Il 09 B B CZINC B 52700 L1 A 4 M i 4%
# 4 (OGBG-MOLTOX21 #{ #% 4 #1 OGBG-MOLPCBA #{
ALY, L K REDDIT-THREADS ¥ 4 4%, H
BETUI R e BT R 2 A R RS, R T B 4 xR 2
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TOX21 $8E £ . 0 F7 4 ST 55 19 F 35 ROC-AUC 1 8 PEA
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Table 1 Datasets information
A% BAEN T A B ik % % -3¢ K& AR
CiteSeer 3327 9228 1 5 ACC
OGBN-ARXIV 169343 1166243 1 40 ACC
OGBN-PROTEINS 132534 39561252 1 121 ACC
OGBN-PRODUCTS 2449029 61859140 1 47 ACC
OGBG-MOLTOX21 25.50 27.50 7831 2 ROC-AUC
ZINC 23.16 49. 83 12000 R(D MAE
REDDIT-THREADS 23.93 24.99 203088 2 MAE-AUC
OGBG-MOLPCBA 26 28.10 437929 2 AP

R G FR B EHA n A S5 0 3 B 4

T VAl AR SCT R R PSIEGNN B AL, ] Ga-
ted GONPY BRI S PSI-GNN [ S A B R, % PSI-GNN 5
HAbSEHE D) GNNs 45 8 317 LB, X b 7 v A 45 - 181 45 FUM
2 (GCNDOPY | | 73 & f1 M 4% (Graph Attention Networks,
GAD ") " Transformer(Graph Transformer, GT)®? %73
7 J1 ™ 4 (Spectral Attention Networks, SAN)M* | Graphor-
mer® | B [6] 44 M 4% (Graph Isomorphism Networks, GIN) |
DeeperGCN®™ | J& ] 48 J& 8 4 (Principle Neighborhood Ag-
gregation, PNA)® 47 [i] & W 2% (Directional Graph Net-
works, DGN)E™ | NOSMOGP® | AgentNet!**) | SignNet'"' |
A-DGNs"“1, DL K & 5% ¥E il B 4 (Graph Sample and Aggre-
gate, GraphSAGE)[¥

4.2 ERWHERSITiE

2 MK 3TN T AES T SR E DA 55 b B
RUFNA SCT7 i PSFGNN By I 25 2 (L v PSFGNN-ILPE %
AN 7 17 B4 5 E) PSI-GNN A5 7 o, [ £ # , PSI-GNN-
AASE FR UK 455 B mim 2B ), g5 R0, M X T
WA B GNNs #E, PSI-GNN /g 7 B E R T+,

St F T S HRAT S5 LB MR E B e T . i
Ah AL EAE BT R AR B R T MG R, R
i A2 B AN 25 4 {5 I8 B AT DA 3R A5 de A 1 45 3 . AR SO A 7
CiteSeers OGBN-ARXIV, OGBN-PROTEINS Hl OGBN-
PRODUCTS #i 4& L oh 0 JI 4 & 17 9. 3%, 4. 2%,
14. 1% 5.3%,
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Table 2 Results on node-level tasks
ACC
Model CiteSeer OGBN OGBN ()GBN‘
ARXIV PROTEINS PRODUCTS
GCN 0.7434+0.010 0.71740.003 0.713-+0.004 0.756+0.002
GraphSAGE 0.743+0.012 0.71540.003 0.78140.002 0.7837+0.002
GIN 0.731-+0.003 0.707-+0.002 0.763=+0.001 0.781+0.004
GAT 0.746+0.005 0.732740.001 0.7984+0.003 0.795+0.006
NOSMOG 0.73840.015 0.717240.003 0.769740.001 0.785%40.004
AgentNet 0.73240.013 0.71540.001 0.76740.003 0.78140.003
PSI-GNN-ILPE 0.80120.003 0.752740.003 0.795240.004 0.81940.004
PSI-GNN-AASE 0.79540.038 0.74540.002 0.78240.003 0.808+0.001
PSI-GNN 0.805%0. 005 0.759%£0.003 0.813+0.004 0.82410.007
*3 HERGALSF LNL
Table 3 Results on graph-level tasks
OGBG-MOLTOX21 ZINC REDDIT-THREADS OGBG-MOLPCBA
Model ROC-AUC Model MAE Model MAE Model AP
GIN 0.749140.0051 GCN 0.367+0.011 GCN 0.7537+0.002 GIN 0.2266+0.0028
GCN 0.7529+0.0069 GAT 0.3842£0.007 GCN-VN 0.804=+0.001 GIN-VN 0.2703240.0023
GCN-VN 0.7746+0.0086 GT 0.226=+0.014 GIN 0.8144+0.002 DeeperGCN 0.2781+0.0038
GIN-VN 0.775740.0062 SAN 0.13940.006 GAT 0.825+0.001 PNA 0.2838+0.0035
GatedGCN 0.774340.007 3 Graphormer 0.1224+0.006 DGN 0.8307+0.002 DGN 0.2885+0.0030
SignNet 0.7795+0.0054 SignNet 0.0974+0.006 SignNet 0.886+0.003 SignNet 0.286240.0070
A-DGNs 0.7783740.0034 A-DGNs 0.10740.004 A-DGNs 0.868=+0.002 A-DGNs 0.2851+0.0042
PSI-GNN-ILPE 0.7789+0.0028 PSI-GNN-ILPE 0.098=+0.005 PSI-GNN-ILPE 0.873£0.001 PSI-GNN-ILPE 0.2853+0.0031
PSI-GNN-AASE  0.781840.0072 PSI-GNN-AASE 0.09140.002 PSI-GNN-AASE 0.889=+0.001 PSI-GNN-AASE  0.2875+0.0027
PSI-GNN 0.7824%£0.0055 PSI-GNN 0.0870.004 PSI-GNN 0.9030. 002 PSI-GNN 0.2883+0.0025
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Table 4 Positional and structure-aware scores

Dataset Position Structure
CiteSeer 0.5907 0.4039
OGBN-ARXIV 0.5569 0.4431
OGBN-PRODUCTS 0.6393 0.3607
OGBG-MOLTOX21 0.4396 0.5604
ZINC 0.4705 0.5295
OGBG-MOLPCBA 0.3513 0.6487
0.70
OGBG-MOLPCBA
065 [ ]
& 060 0GBG MOLTOXz1
055 ZINC
4 )
2 050
® OGBN-ARXIV
g M OC;icScer
040
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B R R

T3 0 5 02 b SR 3 A 43

Fig. 3 Positional and structure-aware scores
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Table 5 Ablation test results

OGBN-ARXIV ZINC
Model
Test ACC Test MAE
PSI-GNN 0.759+0.003 0.087+£0.004
PSI-FI-GNN 0.741+0.007 0.103=0.002
PSI-F-GNN 0.734%£0.005 0.117+£0.004
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Fig. 4 k-value results of OGBN-ARXIV dataset
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Fig. 5 k-value results of ZINC dataset
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