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Dynamic Tensor Decomposition via Neural Diffusion-Reaction Process
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Introduction

> Tensor Decomposition
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« Lustomer, Store, Proguct * Onfine Staore Transactions  * Tucker decomposition (Tucker, 1966

= Lacatan, Age, Gender * Socal Media User Behaviors = CANDECOMP/PARAFAL (CP)
~ Website, Location, Ads Type + Advertisement (8ck Log Data  decomposition [Harshman, 1370

= Latitude, Langitude, Elevaton + Glabal Cemate Data .
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» Underexplored Temporal & Structural Information

* Static and invariant latent factors

Ignore Time

Discretize Time

* Valuable temporal information
* Evolving properties of interactive entities

Time Factors

e Static and invariant latent factors cannot reflect evolving
oroperties of entities, e.g. user preferences, commodity
oopularity and patient health status

* Under utilized structural knowledge of the data

Dynamic Embedding Learning
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» Diffusion Process on Multi-Partite Graphs
* Capture correlations between related entities via diffusion process
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> Reaction Process of Individual Entities

 Formulate entity self-evolvement
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» Entry Value Generation

U0) = Uy

* Nonlinear tensor decomposition

me(t) =g (u}}1 (t),... ,u{f{ (t))

Experimental Results

» Simulation & Ablation Study

To capture underlying dynamics accurately, both diffusion and reaction processes are
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(a) Ground-truth: Mode 1 (b) NONFAT: Mode 1 (c) DEMOTE: Mode 1
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(d) Ground-truth: Mode 2

(e) NONFAT: Mode 2

(f) DEMOTE: Mode 2

» Trajectory Learning

> Prediction Performance

Improved performance
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CA Weather: 7x6x30x30, 15K
CA Traffic: 7x6x20x20, 30K
Server Room: 34x3x3, 10K
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(a) CA Weather

Enhanced prediction results with dynamic embeddings
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* Training Data

* Testing Data
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(b) CA Traffic (c) Server Room
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