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Graphs are a universal language for describing and modeling complex, large-scale systems. Network 
data are ubiquitous across diverse application fields such as social networks, bank-asset networks, 
brain networks, molecular networks in drug discovery, protein-protein interaction networks in 
genetics, etc. Graph analytics has become an exciting and impactful research area in recent years. 
However, traditional methods are largely based on extracting handcrafted graph topological features 
directly from the adjacency matrices. When we apply these methods to large-scale network analysis 
in industrial systems, they may suffer from high computational cost and excessive memory 
requirements due to the challenging and inevitable high-dimensionality and emerging heterogeneous 
characteristics of the original networks. Recently, neural network-based graph embedding techniques 
have shown a remarkable capacity to convert high-dimensional sparse graphs into low-dimensional, 
dense, and continuous vector spaces, where graph structure properties are maximally preserved. The 
nonlinear and highly informative graph embeddings (or features) generated in the latent space can be 
readily used to address different downstream graph analytic tasks (e.g., node classification, link 
prediction, community detection, and recommender systems). The main aim of graph embedding 
methods is to encode nodes into a latent vector space based on neural networks, i.e., pack every 
node's properties into a vector with a smaller dimension.  However, all recent methods in dynamic 
graph embedding focus on learning each node as a deterministic “vector”, thus, they cannot capture 
the important graph node hierarchical structure property and the crucial evolving node uncertainties in 
the latent space.  I will present two graph embedding approaches with effective uncertainty 
quantification. The first one, Graph2Gauss (G2G), is a general density function embedding, while the 
second one is a hyperbolic embedding, more appropriate for hierarchical data such as knowledge 
graphs. The uncertainty is captured by the learned multivariate Gaussians assigned to each graph 
node. I will present applications of G2G for the static functional connectome in Alzheimer’s disease 
using fMRI and MEG data. I will also present more recent developments on extending these methods 
for dynamic graphs, and demonstrate scalability and state-of-the-art accuracy in eight different 
benchmarks from graphs involving 100 nodes to large-scale graphs of about 100,000 nodes. 
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quantification, and biomedical imaging data analysis for diverse applications. 
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