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§ Goal: Learn representation (features) for a set of graph 
elements (nodes, edges, etc.)

§ Key intuition: Map the graph elements (e.g., nodes) to the 
d-dimension space

§ Use the features for any downstream prediction task

Many examples: deepWalk, node2vec, GCN …etc





e.g., Deepwalk, GraRep, node2vec, Line, etc.
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No guarantee that nearby vertices are structurally similar



Graph&Clustering&

Roles& Communities&

Input&Roles are sets of nodes that are 
more structurally similar to nodes 
inside the set than outside

à Based on structural similarity

Communities are sets of nodes 
with more connections inside the 
set than outside. 

à Based on proximity, density
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star/hub)role
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§ Roles based on structural similarity
• Communities based on proximity, density

§ Roles globally distributed
• Communities are local

§ Roles generalize
• Communities do not generalize across graphs 

(for graph transfer learning tasks)



Goal: Find d-dimensional embeddings of nodes that preserve 
structural similarity

Based on structural properties of nodes + attributes (if any)

Properties warranted by approach:
• General & unifying framework

• Methods generalized via framework are 
representationally more powerful

• Space-efficient



q Step 1:Mapping vertices to vertex-roles.

q Step 2: Sample Feature-based/Attributed Random walks.

A feature-based/attributed walk of length L is a sequence of adjacent
vertex-roles

induced by a randomly chosen sequence of indices

generated by a random walk of length L and a function

q Step 3: Model the conditional probability that relate each vertex-role to
the roles of its context.
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§ Embeddings can be learned using basic Skip-gram model 

§ Other existing or future RW-based embedding methods 
can be easily generalized via the proposed framework

Existing/future 
RW-based method

Collect / use attributed 
random walks… …

Examples: DeepWalk, node2vec, metapath2vec, struct2vec, and deep graph 
models, e.g., GRAM
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Prediction Average improvement in AUC of 16.5%



Space-Efficiency role2vec requires on average 850x less space
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§ Introduced notion of feature-based/attributed walks

§ Proposed a generic framework for learning role-based 
embeddings based on this notion

§ Learns universal functions that can generalize across 
networks/graphs à Useful for inductive & graph-based 
transfer learning

§ role2vec achieves a mean gain in AUC of 16.5% while requiring 
850x less space than existing methods
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