
Evaluation
① Output storage. 3 − 2152 × less than baselines 

② Link prediction. Multi-Lens outperforms all baselines by every metric.

Latent Network Summarization: 
Bridging Network Embedding and Summarization
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④ Inductive anomaly detection 
on temporal networks

③ Scalability. Multi-Lens 
scales well with the graph size.

① Multi-level feature extraction
• Relational operators A general approach to collect 

structural features in a subgraph. 
o Denoted as             .  
o E.g., 

• Relational functions The
composition of operators.

o Produce (non)linear features in 
multi-level subgraphs

o Stored as a part of summary
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② Histogram-represented context
o Represent feature vectors as histograms with fixed 

lengths.
o Distinguish with respect to node type, edge type & 

edge directionality.
o Aggregate through concatenation.
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embeddings

new graph
embeddings

③ Best-fit subspace vectors 
as latent summary  

Low-rank approximation (e.g., SVD).
o Level-l embeddings (not stored).           
o Level-l summary (stored)
o Stored to derive node embeddings.
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Multi-LENS 
summaries

Motivation
o Node-wise embeddings 

are expensive in storage 
& computation.

o Graph summarization 
achieves efficiency, but 
does not retain info to 
derive node embeddings 
for ML tasks.

Problem Given a heterogeneous graph 
G(N, M), latent graph summarization 
learns a compressed representation that 
captures the main graph structural 
information s.t.
o It is independent of graph size (N, M).
o It is capable of deriving node 

representations on the fly.

1st feature
    e.g., 
Degree

2nd feature
e.g., 

PageRank

1st feature 2nd feature

node type 1 node type 2 node type 1 node type 2

Multi-Lens
①

②

③

Complexity
o Computational complexity 

linear on the # edges.
o Only ① and ③ are stored.
o Easy to parallelize.

We propose the problem of latent network summarization 
that seeks to find a compressed graph representation 

that also retains the ability to derive node embeddings for ML tasks.
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