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Abstract
Hypergraphs have emerged as a powerful tool for 
representing high-order connections in real-world 
complex systems. Similar to graphs, local structural 
patterns in hypergraphs, known as high-order 
motifs (h-motifs), play a crucial role in network 
dynamics. In this work, we aim to advance our 
understanding of such complex high-order dynamics 
by introducing and formalizing the problem of h-
motifs prediction. To address this task, we propose 
a novel solution that leverages both high-order and 
pairwise to capture hyperedges correlation within h-
motifs. A key component of our solution is the 
generation of non-trivial negative samples. designed 
to generate close-to-positive negative samples.

Table 1. Performance comparison of prediction methods across all 26 h-motif types.
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Figure 1. Differences between the graph and the 
hypergraph models.
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Problem Formulation

Figure 2. A high-level description of the h-
motif prediction problem.
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Figure 3. The  deep neural network architecture employed in the proposed h-motif framework.

Datasets

h-motif type

Figure 4. Dataset statistics - # Nodes, # 
Hyperedges, # Clique expansion edges and h-
motifs distribution on the chart.

https://github.com/hypernetwork-research-group/motif_representation_learning

Let  be the set of all possible h-motifs 
of type  that can be formed by any three hyperedges 
involving nodes in . Let  be the subset 
containing all the instances of type  observed in  and 

 be the set of all h-motifs in .
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In our experiments, networks were divided over hyperedges, allocating 80% of the data for the training 
set and the remaining 20% for the test set. Due to computational constraints, we limited the h-motif 
positive sampling algorithm to a maximum of  h-motifs selected at random.|M+

t | ≤ 10K

We conducted our experiments on the following 
four real-world networks:

Finally, let  be a sub-hypergraph of , with 
, where the set of observed h-motifs  in  is 

strictly contained in , i.e., some h-motifs of type  
are missing in . 
The h-motif prediction problem consists in predicting 
whether a given h-motif  will appear in 

 or not. 
In this, we frame this problem as a classification task 
where our goal is to learn a scoring function 

, predicting the likelihood that a h-
motif  of type  occurs in .
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Ē ⊂ E M̄+

t H
M+

t t
H̄

m ∈ Mt∖M̄+
t

M+
t ∖M̄+

t

ψMt
: Mt → [0,1]

m t M+
t

https://github.com/hypernetwork-research-group/motif_representation_learning

