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What’s Multiplex Heterogeneous Network?

Heterogeneous Network Multiplex Heterogeneous Network
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𝒢 = 𝒱, ℰ , with 𝜙:𝒱 → 𝒪, 𝜓: ℰ → ℛ
and 𝒪 + ℛ > 2

If 𝒪 + ℛ > 2, and existing different types of edges
between same node pairs.

click

buy

add-to-cart

add-to-collect

E-commerce 
Network

U

I

U1

U2

U3

I1

I2

I3



Challenges
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• Heterogeneity vs. Multiplexity

 Diverse types of nodes and edges.

 Multiple interactions between the same node 

pairs.
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Challenges

• Heterogeneity vs. Multiplexity

 Multiple types of nodes and edges.

 Multiple interactions between the same node 

pairs.

• Accurate Meta-path design (MAGNN, etc.)

 Different length.

 Different interaction order.

• Embedding efficiency

 Unable to handle large-scale network data
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Architecture of Proposed MHGCN

Distinguish the importance of the relations Automatically capture meta-path information



Multiplex Relation Aggregation

 Decoupling multiplex networks

 Weighted aggregate sub-

networks.

 Extracting node attribute 

features

Adaptively adjust the relation-

aware weights during training.
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How to Automatically Capture Heterogeneous Meta-paths?

1-length meta-path 
information.

2-length meta-path 
information.

 Distinguish the importance of different relations.

 Automatically capture the meta-path information. 
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Multilayer Graph Convolution Module
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Multilayer Graph Convolution Module
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Adjust the influence of 
meta-paths with different 
lengths 

𝐇(𝟏) = 𝔸 ∙ 𝐗 ∙ 𝐖(𝟏)



Multilayer Graph Convolution Module

𝐇 =
1

𝑙
෍

𝑖=1

𝑙

𝐇(𝑖) =
1

𝑙
෍

𝑖=1

𝑙

𝔸 ∙ 𝐇(𝑖−1) ∙ 𝐖 𝑖
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…

𝐇(𝟏) = 𝔸 ∙ 𝐗 ∙ 𝐖(𝟏)

U I

I

U I

U U I

…

𝐇𝐔𝟑

𝐇𝐔𝟏

𝐇𝐔𝟐

𝐇𝐈𝟏

𝐇𝐈𝟐

𝐇𝐈𝟑

𝐇𝐔𝟑

𝐇𝐔𝟏
𝐇𝐔𝟐

𝐇𝐈𝟏

𝐇𝐈𝟐
𝐇𝐈𝟑

𝐇(𝟏)

∑𝐇(𝟐)

𝐇(𝒍)

𝐇𝐔𝟑

𝐇𝐔𝟏
𝐇𝐔𝟐

𝐇𝐈𝟏

𝐇𝐈𝟐
𝐇𝐈𝟑

ℒ

ℒ

Unsupervised

Semi-supervised

…

𝐇(𝟐) = 𝔸 ∙ 𝐇(𝟏) ∙ 𝐖(𝟐)

U

I

U
U
U
U

U
U
U

I

UI
I
I

I
I
I
I

𝐇(𝒍) = 𝔸 ∙ 𝐇(𝒍−𝟏) ∙ 𝐖(𝒍)

…

𝑙

U I U…
𝐇𝐔𝟑

𝐇𝐔𝟏
𝐇𝐔𝟐

𝐇𝐈𝟏

𝐇𝐈𝟐
𝐇𝐈𝟑



Multilayer Graph Convolution Module
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Experiments: Datasets and Baselines 

 Two multiplex heterogeneous networks.
 Three heterogeneous networks.

• Five homogeneous network embedding methods. 
• Five heterogeneous network embedding methods. 
• Eight multiplex heterogeneous network 

embedding methods.



Experiments: Overview

• Two downstream tasks

Link Prediction: vs. 15 baselines 

Node Classification: vs. 17 baselines

• Ablation Study

Verify the effectiveness of each component of our MHGCN.

• Parameter Sensitivity

Verify the sensitivity of three important parameters?

• Model Efficiency Analysis

Evaluate the efficiency of our proposed MHGCN?



Link Prediction

average
5.68%
gains

MHGCN achieves average gains of 5.68% F1 score in comparison to the best performed GNN baselines 
across all datasets.



Node Classification

11.22% improvement on Macro-F1 
14.49% improvement on Micro-F1
23.23% improvement on Macro-F1 
22.19% improvement on Micro-F1



Ablation Study

• MHGCN-R does not consider the importance of different relations. 

Demonstrate the crucial role of our designed multiplex relation aggregation module.

• MHGCN-L uses only a two-layer GCN to obtain the embedding

Reflect the importance of our multilayer graph convolution module.
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Parameter Sensitivity

• 1-length and 2-length meta-path already effectively capture the topological structures of network.

• Achieve the best performance when embedding dimension 𝑑 = 128.

• Achieve the stable performance within 80 rounds on all tested datasets.



Model Efficiency Analysis

• Adopt the idea of simplifying graph convolutional 

networks

• Ensure efficiency with high performance

 135 times faster than HAN on AMiner.

 21 times faster than GTN on Alibaba.



Conclusion

• We propose an effective graph convolution network model for attaibuted 

multiplex heterogeneous networks. 

• Our model can well deal with the multilayered nature of multiplex networks 

and distinguish the importance of different relations in heterogeneous 

networks. 

• Our model can automatically capture the useful relation-aware meta-path 

information in multiplex heterogeneous networks. 

• Experiments on five real-word datasets demonstrate the effectiveness and 

efficiency of the proposed model. 
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