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Introduction

* Problem: Inferencing with multi-layered graphs — different relational
structure exists in each layer for the same set of nodes.

» Goal: Obtaining concise embeddings that preserve the multi-view
relationships.

Node embeddings for
inferencing tasks:

* node classification

* link prediction

Lunch Social Network  Friend * community detection

* Challenges: Heterogeneity in the relationship types, varying levels of
sparsity in different layers and scalability with increasing number of layers.

= Solution: A scalable embedding approach based on Deepwalk-style
optimization and refinement to encourage cohesive community formation.

Prior Art

» Single-layer graph embedding algorithms:
« Scalable approaches based on distributional hypothesis [1]
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= Multi-layered graph embedding algorithms:
« Modularity-based approach for community detection [2]

Stage 2: Refinement

» Arefinement stage to fine-tune the learned embeddings based on two
loss terms:

Proxy clustering loss Multi-Slice Modularity Loss
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= QObtain refined embeddings using the proposed losses — Embeddings are
initialized using a simple reconstruction loss
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Experimental Results

Task 1: Node Classification
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« Scalable multiplex network embedding [3]
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Stage 1: M-DeepWalk
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= Explicitly model inter-layer dependency by constructing supra-graph and
then perform M-DeepWalk to learn the embeddings

Define inter-layer edges based on
Jaccard Coefficient:
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Congress Votes 99.8 92.4 98.4 - 100 100

Mammography 80.6 80.2 785 | 743 81.3 81.5
Balance Scale 90.9 89.3 91.1 82.4 81.5 92.1

Task 2: Link Prediction

Dataset / Method
AUROC DeepWalk Node2Vec Proposed

Leskovec-Ng 0.84 0.71 0.84
Reinnovation 0.99 0.99 0.99
Congress Votes 1.0 1.0 1.0
Mammography 1.0 : 1.0 1.0
Balance Scale 1.0 : 1.0 1.0
LAZEGA 0.88 0.8 0.91
C.ELEGANS 0.93 0.89 0.94

Task 3: Multi-layered Community Detection
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