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Graph generation is critical for tasks like drug discovery, circuit design, etc. 
Diffusion/flow-based graph generation has achieved solid performance 
The problem: 
• Flow methods rely on building a probability path between reference and data 

distributions via independent linear Interpolations in nodes and edges.
• Graphs are relational, not independent collections of nodes and edges.
• Irregular paths lead to poor velocity estimation and weak convergence.

Overview

Our solution:
• Introduced GraphMRF based graph representation for coupled node-edge 

evolution.
• Derived Bures-Wasserstein graph interpolation and closed-form velocity fields.
• Proposed BWFlow for smooth, graph-aware flow matching.
• Extended the framework to discrete graph generation. 

Solution

Bures-Wasserstein Flow Matching for Graph generation

Flow Matching

• Drawing Samples from a data distribution 𝑝1 and a reference distribution 𝑝0

• Construct a probability path between 𝑝0 and 𝑝1 to get 𝑝𝑡

• Train a model to reconstruct the probability path via approximating 𝑝1∣𝑡 , or velocity 𝑣𝑡.
• Sampling ng from 𝑝0 and transforming it through the learned velocity to get samples follow 𝑝1 
Graph Markov Random Fields

• Let 𝐺 = 𝑉 𝐸  denote a graph with node features 𝑥𝑣 ∈ ℝ𝐾 ,weighted adjacency matrix 𝑊, degree 
matrix 𝐷 = diag 𝑊𝟏  ,and Laplacian 𝐿 = 𝐷 − 𝑊. 

• The GraphMRF formulation is

𝑝 𝐺 𝐆 = 𝑝 𝑋, 𝐸; 𝐗, 𝑊 = 𝑝 𝑋; 𝐗, 𝑊 𝑝 𝐸 𝑊 ,

𝐸 ∼ 𝛿 𝑊 , vec 𝑋 ∼ 𝒩 𝐗 Λ† , 𝐗 = vec 𝑉†𝜇 ,  Λ = 𝜈𝐼 + 𝐿 ⊗ 𝑉⊤𝑉.

• Here, ⊗denotes the Kronecker product, vec ⋅ denotes vectorization, and 𝐼 is the identity matrix.

Optimal Transport between graphs: Bures-Wasserstein distance

• We measure the optimal transport discrepancy between two graphs 𝐺0and 𝐺1with a Bures-
Wasserstein distance in the GraphMRF space. 

• The distance combines a node-feature term and a graph-structure term:
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BW interpolation

• The 𝐺𝑡  by interpolating between 𝐺0 and 𝐺1 in the BW geometry. 
• The graph evolves as
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• This produces a smoother probability path than standard linear interpolation.

Bures-Wasserstein Velocity

• The velocity field that drives the graph from the intermediate state 𝐺𝑡toward the target 
distribution. For node features, the velocity is

𝑣𝑡(𝑋𝑡 | 𝐺0, 𝐺1) =
1

1 − 𝑡
𝑋1 − 𝑋𝑡 .

• The velocity field for graph structure

𝑣𝑡(𝐸𝑡  | 𝐺0, 𝐺1) = ሶ𝑊𝑡 = diag ሶ𝐿𝑡 − ሶ𝐿𝑡 .

Experiment Results

• BWFlow on plain graph generation and molecule generation

• BWFlow improves training and sampling dynamics. It first explores more out-
of-distribution regions, then moves smoothly toward the data distribution. 

Future Work

• Extending the framework to multiple edge or relation types .
• The GraphMRF prior is most beneficial for graphs with narrower spectral 

spread, which may explain weaker gains on tree graphs. 
• Scalable interpolation methods and more general graph priors.
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