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Quick Overview
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• Interac(ons(events) in real-world applica(ons o5en involve mul(ple 
en((es

• For example, consumers’ ac1vi1es can be viewed as interac1ons 
between customers, service items and providers

Event Tensor mul$ple events for each entry
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Overlooked Sparsity

• The underlying sparse structure of data: the occurred interactions are far less than the 
possible interactions among all the participants. 

• Current Poisson tensor factorization methods ignore the sparsity and assume dense
tensor structures.

• Sparse tensor (hyper- graph) processes (STP) (Tillinghast and Zhe, 2021) provides an
efficient way to incorporate the sparsity as a prior.
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Nonparametric Embeddings of Sparse High-Order 
Interaction Events 

•Major Contribu,ons:
• Model: We hybridize the recent sparse tensor (hyper-graph) processes (STP) 

(Tillinghast and Zhe, 2021) and matrix Gaussian processes (MGP) to develop a 
sparse event model.
• Theory: We use Poisson tail esFmate, Bernstein’s inequality and L’Hôpital’s

rule to prove strong asympto0c bounds of the sparsity ra0o, including both a 
lower and upper bound. 
• Algorithm: We use the sFck-breaking construcFon of the normalized 

hypergraph process to compute the embedding prior, and then use batch-
normalizaFon and variaFonal sparse GP framework to develop an efficient 
and scalable model esFmaFon algorithm.
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Sparse Structure Prior – STP 
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• Matrix Gaussian process (MPG) (Rasmussen and Williams, 2006) for
rate func(on

Matrix Gaussian Process
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• Strong asympto-c bounds of
the sparsity ra-o, including both 

a lower and upper bound

Theoretical Analysis of Sparsity 
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• Stick-breaking construction for sparse prior

• ELBO with sparse variational Gaussian process framework:

• Stochastic mini-batch optimization 

Algorithm – Model Inference
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Experiments – Loglikelihood
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Experiments – Pattern Discovery
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Conclusion
• We have presented NESH, a novel nonparametric embedding 

method for sparse high-order interaction events. Not only can our 
method estimate the complex temporal relationships between the 
participants, our model is also able to capture the structural 
information underlying the observed sparse interactions. Our 
theoretical bounds enable convergence rate estimate and reveal 
insights about the asymptotic behaviors of the sparse prior over 
hypergraphs or tensors. 
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