
Paper Code

GraphMoRE: Mitigating Topological Heterogeneity 

via Mixture of Riemannian Experts

Zihao Guo, Qingyun Sun*, Haonan Yuan, Xingcheng Fu, Min Zhou, Yisen Gao, Jianxin Li

Email: guozh@act.buaa.edu.cn
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◼ Graphs are everywhere in the Real-world

Social network Traffic network Knowledge graph

Chemical molecules Communication networkCo-purchase network
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◼ Graph Learning in Euclidean Space

Representative GNNs

GCN

GraphSAGE Graphormer

GAT

……

Most existing graph representation learning methods embed graphs into Euclidean space. However, …

Node Classification

Link Prediction

Community Detection

Graph Classification

Graph Generation

……
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◼ Distortion in Euclidean Space

[1] Constant curvature graph convolutional networks. Bachmann, B´ecigneul, and Ganea. ICML 2020.

However, embedding in Euclidean space causes serious distortion for certain structures.
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◼ Riemannian Manifold and Constant Curvature Spaces

Riemannian representation learning has the ability to naturally represent different topological structures.
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◼ Topological Heterogeneity in Graphs

➢ Single constant curvature space

• insufficient to adapt to topological heterogeneity

➢ Mixed-curvature space (i.e. product manifold)

• still homogeneous with the globally uniform curvature [2]

[2] Heterogeneous manifolds for curvature-aware graph embedding. Di Giovanni, Luise, and Bronstein. ICLR 2022 Workshop on GTRL.

➢ Our method

• directly constructs personalized heterogeneous manifold 

for different geometric properties

➢ Some other methods

• depend on the global curvature to some extent
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◼ Major Challenges

Methodology

➢ Topology pattern identification issue

• The topological patterns of substructures are often not explicitly expressed and vary with resolution.

➢ Optimal embedding space selection issue

• The appropriate type of Riemannian space and the optimal curvature vary from different topological 

properties. Moreover, the substructure is still complex and difficult to classify as a single type. 
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◼ Framework of GraphMoRE (Graph Mixture of Riemannian Experts)

Methodology
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◼ Framework of GraphMoRE

Methodology

➢ Diverse Riemannian Experts

• introduce MoE to model the complex geometric properties

• the experts can naturally correspond to different curvature spaces and construct personalized mixed 

curvature spaces for different nodes

• consider the diversity of experts in terms of both the type of curvature spaces and the degree of 

curving in space
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◼ Framework of GraphMoRE

Methodology

➢ Topology-aware Gating Mechanism

• from the perspective of local topology characterization

• estimating the geometric properties around each node through multi-resolution local topology 

sampling and encoding

• the distortion guided gating module can adaptively route different nodes to the appropriate 

embedding space
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◼ Framework of GraphMoRE

Methodology

➢ Mixture and Alignment of Experts

• fuse the output of Riemannian experts with the expert weights

which are assigned based on the local geometric properties

• integrate the expert weights of nodes for embedding alignment

• calculate the pairwise distance in an aligned embedding space
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◼ Overall Training Pipeline of GraphMoRE

Methodology
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◼ Experimental setup

Methodology Experiments

➢ Datasets

• Real-world graphs (Cora, Citeseer, PubMed, Airport, Photo)

• Synthetic graphs (Syn.Small, Syn.Middle, Syn.Large) 
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◼ Performance on Real-world Graphs

Methodology Experiments

➢ GraphMoRE achieves superior performance among 9 baselines.

Euclidean methods

Riemannian methods
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◼ Performance on Synthetic Graphs & Ablation Study

Methodology Experiments

➢ GraphMoRE significantly outperforms other baselines on synthetic graphs. 

➢ As the scale of datasets increases, the performance of other baselines declines to varying degrees, while 

GraphMoRE consistently maintains excellent performance.
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◼ Comparison and Visualization of Embedding Distortion

Methodology Experiments

➢ GraphMoRE has the lowest average embedding distortion, indicating the excellent expressive ability for 

topological heterogeneity.
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◼ Paper Highlights

Methodology Experiments

➢ We propose analyzing topological heterogeneity from the perspective of local topology characterization, 

construct personalized embedding spaces for nodes, and provide an alignment strategy to calculate 

pairwise distances, to minimize the distortion of heterogeneous topologies.

➢ To the best of our knowledge, we are the first to introduce the MoE into Riemannian representation 

learning to address the problem of topological heterogeneity.

◼ Future Works

➢ Topological heterogeneity also constitutes a critical challenge for graph foundation models, which are 

expected to uniformly handle a wide variety of diverse graph data. Graph Riemannian MoE provide a novel 

architectural perspective for GFMs.

➢ Future work will further explore the potential and broader impact of Riemannian MoE in enhancing the 

ability of GFMs to uniformly handle diverse graph data from a wide variety of types and domains.
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