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Modeling Temporally-Varying Network Structure

� Extend time-varying relational classifier (TVRC; Sharan & Neville ICDM’08)

� TVRC use a two-step modeling framework:
• Graph summarization: Used kernel smoothing to calculate weighted summary

graph at each time step
• Modified relational classification: Incorporate edge weights into classification to

moderate the influence of related attributes

11

TVRC Algorithm: Graph Summarization

� Let Gt = (Vt, Et,Wt) be the relational graph at time step t

� We define the summary graph GS
t = (V S

t , ES
t ,W S

t ) at time t as a weighted
sum of the graphs up to time t as follows:

V S
t = V1 ∪ V2 ∪ · · · ∪ Vt

ES
t = E1 ∪ E2 ∪ · · · ∪ Et

W S
t = α1W1 + α2W2 + · · · + αtWt =

t∑

i=1

K(Gi; t, θ)

� The α weights determine the contribution of each temporal snapshot in the
summary graph.

� We use an kernel function K with parameters θ to determine the influence of
each edge in the summary.
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TVRC Algorithm: Weighted Classification

� Extend statistical relational models to use weighted link information from the
summary graph

� Weighted Relational Bayes Classifier
• Relational Bayes classifiers (RBC; Neville et al. ICDM’03) extend naive Bayes

classifiers to relational settings with heterogeneous structure
• The RBC assumes that each relationship has the same influence in the model
• We moderate the influence of each relationship based on its weight in the

summary graph:

P (Ci
t |X, R) ∝

∏

Xm∈XG(i)

P (X i
m|C) ·

∏

j∈R

∏

Xk∈XG(j)

wt
ij · P (Xj

k|C) · P (C)

where wt
ij is the product of the weights in the summary graph GS

t on the path
from node i to the related node j.

• Complexity: O((t + m)E), where t is the number of time steps, m is the
number of attributes used for prediction, and E is the number of edges in the
summary graph GS

t
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TVRC Evaluation

� Compare with current state-of-the-art statistical relational models that do not
account for temporal dynamics in relationships.

� Evaluate on three real-world relational datasets (Cora, IMDb, Reality Mining)
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� TVRC with exponential kernel results in a 15-70% reduction in error
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Current work

� Modify TVRC framework for connection-level data
• Model relational neighborhood of connections
• Summarize temporal dynamics

� Develop anomaly-detection framework for relational intrusion detection
• Develop relational distance metric to express similarity among connection

subgraphs
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