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Motivation

• Hypergraphs naturally capture higher-order interactions, which are crucial in domains like collaboration 

networks, biological systems, and drug modeling.

• Existing generative models focus on simple graphs or assume specific hypergraph structures, limiting 

expressiveness and generalizability.

• Goal: Build a general, scalable, and learnable framework to generate realistic hypergraphs.
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In this paper, we propose HyperPLR, a novel framework for hypergraph generation, with the following key 
contributions:

1. Formulation of a new problem: We introduce the Weighted Clique Edge Cover (WCEC) problem for 
reconstructing hypergraphs from weighted projections, and propose a fast heuristic solution.

2. Unified three-stage framework: HyperPLR integrates Projection, Learning, and Reconstruction phases, 
enabling end-to-end generation of hypergraphs that preserve high-order structures.

3. Superior performance: Extensive experiments on five real-world datasets demonstrate that HyperPLR 
outperforms state-of-the-art methods across multiple hypergraph-level and projection-level metrics.
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Our Contributions
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HyperPRL Framework

As shown, a high-level overview of the HyperPLR framework consists of three core blocks: Projection, 

Learning, and Reconstruction, acting in the presented order.
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Hypergraph Projection

         
        

         

                                                               

Graph Projection. A graph projection, or clique expansion of a hypergraph is a transformation process that converts a 

hypergraph into a traditional graph. Formally, if ℋ = (𝑉, ℰ) is a hypergraph, the projection graph 𝐺 = Proj ℋ =
(𝑉, ℰ′), where ℰ′ consists all pairs 𝑣𝑖, 𝑣𝑗 ∈ 𝑒𝑖 for hyperedge 𝑒𝑖 ∈ ℰ.

Weighted Graph Projection. The weighted graph projection preserve how frequently vertices co-occur within 

hyperedges. Formally, given a hypergraph ℋ = (𝑉, ℰ), the weighted graph projection is to project ℋ into a weighted 

graph  𝐺𝑤 = Projw ℋ = (𝑉, ℰ, 𝑤).The 𝑤 is a weight function that assigns a weight to each edge 𝑒′ ∈ ℰ′.



6

Hypergraph Learning

Graph Structure Learning. HyperPLR employ CELL1 to learn the pattern of the original graph projection and 

generate new projection. CELL is a graph generative model working in the spectral space by removing 

redundant computation from NetGAN2. 

Graph Weight Learning. HyperPLR extend CELL by providing predicted weights on the sampled edges, where 

the edge weight predictor is a GCN. During the training phase, this predictor takes the vertex embeddings 𝑋(0) 

and the adjacency matrix 𝐴 as input, and outputs a set of new embedding  𝑋(𝑙): 𝑋(𝑙) = GCN(𝑋 0 , 𝐴), where 𝑙 is 

the number of basic GCN layers. The loss is the MSE between the predicted weights 𝑋(𝑙) ∙ 𝑋 𝑙 .

Solve optimization problem with 

rank constraint output graph

Solve eigenvector problem for score 

matrix

Covert score matrix into edge-

independent model

Input Graph Transition matrix
Graph Sampler



Reconstructing hypergraphs from their graph projections is a challenging task3. HyperPLR raises a novel 
Weighted Clique Edge Cover (WCEC) problem and an associated efficient algorithm Greedy Weighted Cover 
(GWC) in a hill-climbing manner.

WCEC Problem: Given a weighted graph 𝒢 with weight matrix 𝑊, it asks to select 𝑘 cliques from 𝒢, such that 
the distance d 𝑊, 𝑊′ ≥  0 between 𝑊 and 𝑊′ is minimized, where weight matrix 𝑊′ is derived from a new 
weighted graph 𝒢′ by stacking 𝑘 selected cliques.

In our setting, we let d 𝑊, 𝑊′  be the L1-distance:

d 𝑊, 𝑊′ = ෍

𝑖=1

𝑛

෍

𝑗=1

𝑛

𝑊𝑖𝑗  − 𝑊𝑖𝑗
′ .

where 𝑊𝑖𝑗 represents the entry of 𝑊 at 𝑖-th row and 𝑗-th column.
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Hypergraph Reconstruction



Source: SF Chronicle

Source: KTLA
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Experiment Result in visualization

Original Graph Weighted Projection Generating Graph Weighted Projection Reconstructing Graph Weighted Projection
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Experiment Result in graph metrics
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Thanks for your attention :)
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