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Network Data is Everywhere

social network

power grid network

protein interaction network

metro network co-authorship network

Networks are powerful tools for representing the relationships and interactions
between entities in various disciplines

brain network



Social Network

social network platforms

top-10 influencers viral marketing

community detection fraud detection

n Social network, a type of complex network, includes people and their interactions
n Social Network Analysis (SNA) is a methodology of analyzing social structures with network

analytic techniques



Structural Hole Spanner Detection

SH Spannerinformation propogation public opinion mining

social innovation

n Structural hole spanners (SH Spanners) refer to the individuals act as brokers among
communities

n SH Spanners occupy unique positions, so they facilitate information and resources from
different groups



Tools for Network Analysis

2003 Shannon et al.

2006 Csardi et al.

2008 Aric et al.

2009 Bastian et al.

2014 Leskovec et al.

2016 Peixoto

network visualization

efficient network analysis

basic network analysis

network visualization

statistical network analysis

efficient network analysis



Discussions from Online Forums 
Stack Overflow Google Groups



Limitations of Existing Tools for Network Analysis

o Overlook some critical functions
§ Structural hole theory
§ Motif detection
§ Network embedding

o Support only a limited number of 
network formats
§ NetworkX for 5 types
§ SNAP for 2 types

o Inefficient at performing network 
analysis on large-scale networks
§ Example: betweenness centrality 

for 100 thousand nodes



EasyGraph

§ An open-source network analysis library
§ Code website: https://github.com/easy-graph/Easy-Graph
§ Documentation website: https://easy-graph.github.io/docs/index.html
§ Video tutorial website: https://easy-graph.github.io/docs/videos.html

Framework of EasyGraph 



Features of EasyGraph
vMultiple Types of Network I/O

Comparison of network analysis tools in terms of supporting different network I/O types



Features of EasyGraph (cont.)
vAlgorithms of SH Spanner Detection

SH spanner detection by AP_Greedy 



Features of EasyGraph (cont.)
vMethods for Network Embedding: DeepWalk, node2vec, LINE, and SDNE

Visualization of the results of four network embedding algorithms using t-SNE for Cora dataset

(A) DeepWalk (B) node2vec (C) LINE (D) SDNE

q The Cora dataset: 2,708 scientific publications and 5,429 citation links
q Each publication: 1,433 dimensional features, 1 of 7 categories

Cora network



Automated Testing and Releasing

GitHub Actions

v EasyGraph leverages smart pre-commit hooks for code 
formatting, linting and testing

v EasyGraph defines workflows to build and upload wheels

A continuous integration 
and continuous delivery 
(CI/CD) platform



Installation
v Easy Installation 

vCross-Platform Compatibility



Ease-of-Use APIs and Use Cases
v Definition & Operations: add_nodes, add_edges, edges, len, neighbors
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Example graph
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v Functions: bridges, single_source_dijkstra

v Functions: constraint (a SH spanner metric) 
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Ease-of-Use APIs and Use Cases

Example graph

Example graph
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v Case: Malicious User Detection on GitHub

Real-world Applications of the Structural Hole Theory

Phased LSTM + Attention Mechanism + SH Spanner Metrics 

IEEE Transactions on Knowledge and Data Engineering 2023

v Applications

Innovation

Information propagation

Influence maximization



Performance of EasyGraph
v Enhancement by Multiprocessing

betweenness centrality

performance

multiprocessing

Experiment Settings
• Ubuntu 22.04 LTS
• Python: 3.11
• Python-EasyGraph:1.0
• Function: betweenness 

centrality
• #Cores: 4,8,16

betweenness centrality



Performance of EasyGraph
v Comparison among EasyGraph, igraph and 

NetworkX Experiment Settings
• Ubuntu 22.04 LTS
• Python: 3.11
• Python-EasyGraph:1.0
• igraph: 0.10.6
• NetworkX: 3.1
• Function: Finding paths

performance

Python/C++ hybrid 
programmingfinding the shortest paths finding the shortest paths



Optimization Techniques
v Dirty flag design pattern (Xu et al., 2019)

v The singly-linked list data structure (Berdine et al., 2007)

v The segment tree data structure (Xu et al., 2020)

v The Radix sorting algorithm (Kristo et al., 2020)

We use the dirty flag to track the state of variables during network analysis

We apply this data structure to store information of adjacent nodes in a network

We introduce a segment tree in Dijkstra’s algorithm to implement the identification of the shortest paths

We choose this algorithm to optimize the k-core function

• Xu, J., Feng, D., Hua, Y., Tong, W., Liu, J., Li, C., Xu G., & Chen, Y. Adaptive granularity encoding for energy-efficient non-volatile main 
memory. Proceedings of the 56th Annual Design Automation Conference, 2019, 1-6.

• Berdine, J., Calcagno, C., Cook, B., Distefano, D., O’hearn, P. W., Wies, T., & Yang, H. Shape analysis for composite data structures. 
Proceedings of the 19th International Conference on Computer Aided Verification, 2007, 178-192.

• Xu, Y., Tong, Y., Shi, Y., Tao, Q., Xu, K., & Li, W. An efficient insertion operator in dynamic ridesharing services. IEEE Transactions on 
Knowledge and Data Engineering, 2020, 34(8):3583-3596.

• Kristo, A., Vaidya, K., Çetintemel, U., Misra, S., & Kraska, T. The case for a learned sorting algorithm. Proceedings of the 2020 ACM 
SIGMOD International Conference on Management of Data, 2020, 1001-1016.



Key Elements of EasyGraph 2.0 Overview 

EasyGraph (Core)

EasyGNN EasyHypergraph EGGPU



Ongoing Work #1: EasyGNN
v GNN Models with Message Passing 

Scheme

v GNN Applications

Drug discovery and synthesize chemical compounds Recommendation systemsSocial influence prediction

• GCN
• GAT
• GraphSAGE
• GRAND
• Graph Transformer
• ……

v Representative GNN Models



Ongoing Work #2: Group Interaction & Hypergraph Analysis
v Group Interactions are Everywhere

Collaborations of researchers

Group chats in WeChat

Tags in online Q&A sites 

v Hypergraphs Model Group Interactions

Hypergraph analysis
Ø structural metrics: degree, distance, etc
Ø hypergraph generators: random, uniform, etc
Ø hypergraph learning: HGNN [AAAI’19]
Ø ......

• Feng, Y., You, H., Zhang, Z., Ji, R., & Gao, Y. Hypergraph neural networks. 
Proceedings of the AAAI Conference on Artificial Intelligence, 2019, 33(1): 3558-
3565.

• Zhang, Y., Lucas, M., & Battiston, F. Higher-order interactions shape collective 
dynamics differently in hypergraphs and simplicial complexes. Nature 
Communications, 2023, 14(1): 1605.



Ongoing Work #2: Group Interaction & Hypergraph Analysis

uA Higher-order network describes the interaction involving multiple entities.

uHypergraph is one of the most typical representations of higher-order

relationships.

Hypergraph Simple network

paper1

paper2

paper3

Co-authorship networkWeChat groups

Group chats on WeChat



Ongoing Work #2: Group Interaction & Hypergraph Analysis
Ø Hypergraph analysis

Ø Hypergraph learning

The quantization and characterization of hypergraph structures at multiple scales
Ø Social science[1]，Biochemistry [2] ， Cybersecurity[3]

The node representation learning through HNNs
Ø Recommendation system[4] ，Trajectory prediction[5]， Natural Language Processing[6]

[1] Cheng K, Cheng X, Wang W. The determinants influencing bilingual instruction in Chinese higher education: a complex network analysis[J]. Humanities and Social 
Sciences Communications, 2024, 11(1): 1-12.
[2] Gallagher S R, Goldberg D S. Clustering coefficients in protein interaction hypernetworks[C]//Proceedings of the International Conference on Bioinformatics, 
Computational Biology and Biomedical Informatics. 2013: 552-560.
[3] Jia J, Yang L, Wang Y, et al. Hyper attack graph: Constructing a hypergraph for cyber threat intelligence analysis[J]. Computers & Security, 2025, 149: 104194.
[4] Xia X, Yin H, Yu J, et al. Self-supervised hypergraph convolutional networks for session-based recommendation[C]//Proceedings of the AAAI Conference on Artificial 
Intelligence. 2021, 35(5): 4503-4511.
[5] Xu C, Li M, Ni Z, et al. Groupnet: Multiscale hypergraph neural networks for trajectory prediction with relational reasoning[C]//Proceedings of the IEEE/CVF Conference 
on Computer Vision and Pattern Recognition. 2022: 6498-6507.
[6] Xu B, Qiao X, Lin H, et al. MPHDetect: Multi-View Prompting and Hypergraph Fusion for Malevolence Detection in Dialogues[C]//Proceedings of the 33rd ACM 
International Conference on Information and Knowledge Management. 2024: 4133-4137.



Ongoing Work #2: Group Interaction & Hypergraph Analysis
v Hypergraph function framework v Running time of EasyGraph and other 

libraries

v Hypergraph function comparison 

HGNN 
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v Memory cost of EasyGraph and other libraries
Reduced by 
about 35.3%

Reduced by 
about 69.2%



Ongoing Work #2: Group Interaction & Hypergraph Analysis



Ongoing Work #3: GPU-Enhanced Network Analysis 
v GPU-based Performance Optimization

• Sha, M., Li, Y., & Tan, K. L. GPU-based graph traversal on compressed graphs. Proceedings of the 2019 International Conference on 
Management of Data, 2019, 775-792.

• Guo, W., Li, Y., & Tan, K. L. Exploiting reuse for GPU subgraph enumeration. IEEE Transactions on Knowledge and Data 
Engineering, 2020, 34(9), 4231-4244.

• Sao, P., Lu, H., Kannan, R., Thakkar, V., Vuduc, R., & Potok, T. Scalable All-pairs Shortest Paths for Huge Graphs on Multi-GPU 
Clusters. Proceedings of the 30th International Symposium on High-Performance Parallel and Distributed Computing, 2021, 121-131.

Ø closeness centrality
Ø betweenness centrality
Ø k-core centrality

Selected Network Analysis Metrics 

Selected Network Analysis Algorithms 

Ø graph traversal
Ø graph sampling

performance



Ongoing Work #3: GPU-Enhanced Network Analysis 

EGGPU Framework

User Interface Layer

Middleware Layer

Computation Layer

n Developed in Python
n Provides Python API
n Relays commands to the following layer

n Built with C++
n Intermediary between the two layers
n Includes a graph container responsible for

the loading, storage, and transformation of
graphs

n Powered by CUDA C/C++
n Supports various network analysis

functions, including betweenness
centrality, k-core centrality, and SSSP



Ongoing Work #3: GPU-Enhanced Network Analysis 
v GPU-based Performance Optimization

Experiment Settings
• Ubuntu 23.10 LTS
• Python: 3.10
• Python-EasyGraph:1.2
• Function: betweenness 

and k-core centrality
• GPU: GeForce RTX 4090

betweenness centrality k-core centrality

Reduced by 
about 99.5%
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Ongoing Work #3: GPU-Enhanced Network Analysis 

K-core centrality

Performance 
Comparison
n nx_cugraph:

9.36x-28.49x
n Gunrock:

1.31x-14.32x
n EG(CPU only):

2.23x-23.07x
n igraph:

2.14x-17.65x

Gunrock



Awards and Media Coverage

Shanghai Open Source Innovation 
Outstanding Achievement Award (Grand Prize)



Awards and Media Coverage (cont.)

WeChat Official Account: Cell Press

WeChat Official Account: Swarma Club



Feedbacks



Limitations
v EasyGraph does not currently support some 

less-popular functions such as is_homorphic, 
LFR_benchmark_graph, and hypercube_graph, 
which NetworkX has already implemented

v EasyGraph does not currently focus on 
functions for comprehensive visualization, 
which are provided by Gephi and Cytoscape

v EasyGraph  has not yet incorporated some 
advanced network types such as dynamic 
networks, bipartite networks, and heterogeneous 
networks. For might want to use other libraries 
for these networks.



Conclusions and Future Work

üEasyGraph supports more formats of network data than other tools
üEasyGraph offers important specialized functions such as SHS detection and 

graph embedding
üFor networks that contain more than thousands of nodes, EasyGraph

outperforms other tools on several important network analysis tasks

Future Work

Conclusions

Ø Extend EasyGraph to support more types of networks
Ø Track and implement more important algorithms for SNA
Ø Deploy EasyGraph as a cloud-based web service



T h a n k  y o u !

Yang Chen
https://chenyang03.wordpress.com/

Big Data and Networking (DataNET) Group
Fudan University


