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Problem Definition
• Given an attributed graph 𝐺 𝑉, 𝑅, 𝐸!, 𝐸" and 𝑘, 𝒌-AGC

(𝑘-Attributed Graph Clustering) aims to partition the node 
set 𝑉 of 𝐺 into disjoint subsets: 𝐶#, 𝐶$, ⋯ , 𝐶% such that
– nodes in the same cluster 𝐶! are close, otherwise distant
– nodes in the same cluster 𝐶! have similar attributes

𝑉: node set, |V|=n

𝑅: attribute set

𝐸!: edge set

𝐸": node-attribute
association set



Existing Work
• Edge-weighted-based clustering

– Build a weighted graph !𝐺 (weight is attribute similarity)
– Apply classic graph clustering on !𝐺
– No multi-hop information → inferior clustering quality!

• Distance-based clustering
– Build a distance matrix 𝐌 based on attributes/topology
– Apply classic data clustering (e.g., 𝑘-means) on 𝐌
– 𝑶(𝒏𝟐) time & space → inefficient & not scalable!



Existing Work
• Probabilistic-model-based clustering

– Assume structure, attributes, & clusters ∽ a distribution
– Infer a probabilistic model
– Costly optimization process → inefficient & not scalable!

• Embedding-based methods.
– Learn an embedding per node
– Apply 𝑘-means on the embeddings
– Are not specially designed for clustering & rely on

embedding quality → suboptimal clustering quality!



Challenges
? Formulate a quantitative objective to 𝑘-AGC which

Ø aims to optimize the clustering quality
Ø considers multi-hop (topology & attribute) relationships

between nodes

? Design techniques to solve the objective such that
Ø𝑂(𝑛$) materialization cost is not needed
Øoptimization process can be done efficiently



Objective: Attributed Random Walk
(ARW) Model

• At each step, an ARW from node 𝑣"
– w.p. 𝛼, stops at current node 𝑣'

𝛼



Objective: Attributed Random Walk 
Model
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Normalized attribute similarity of two modes
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Objective: Attributed Random Walk 
Model

• At each step, an ARW from node 𝑣"
– w.p. 𝛼, stops at current node 𝑣'
– w.p. 1 − 𝛼, jumps to
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P#[𝑣$, 𝑣"]

• w.p. 1 − 𝛽, an out-neighbor 𝑣" of 𝑣$ w.p.
P%[𝑣$, 𝑣"]

The probability that a ARW from stopping at :𝑣! 𝑣$



Objective: Average Attributed Multi-
Hop Conductance (AAMC)
• Conductance

• AAMC

Avg. conductance:
(a) 4/12; < (b) 4/10.

AAMC:
(a) 0.123; > (b) 0.105. ✓

×

v4 is mutually connected to &
shares 3 attributes with v2, v3

v2, v3 & v4 should be in
the same cluster

|cut(C)|: #edges crossing C and other clusters

The ratio of edges crossing C

|vol(C)|: #edges of nodes within C

the expected portion of attributed
random walks escaping from C



Objective: Objective Function

• Find k clusters 𝐶,, ⋯ , 𝐶- s.t. AAMC is minimized



Proposed ACMin: Basic Idea

optimal when F is the top-k eigenvectors of S

2
find Y such that approximates F

1

×
F F



Proposed ACMin: Find F

• Compute 𝐒
• Compute the top-k eigenvectors 𝐅 of 𝐒×

𝐅 is the top-k eigenvectors of !

orthogonal
iterations



Proposed ACMin: Find Y

• Alternative optimization
– Updating Y with X fixed:

– Updating X with Y fixed:

Find F Find Y Compute
AAMC of Y

no better than current best result

better Set Y as the
current best result



Experiments: Datasets and Setup

• 𝛼 = 0.2, 𝛽 = 0.35, #𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 = 200
• Competitors

– Distance-based: CSM, SA-Cluster
– Probabilistic-model-based: BAGC
– embedding-based (dim=128):

MGAE, CDE, AGCC, TADW, PANE, LQANR, PRRE



Experiments: Efficiency

• 𝑘 = 5, 10, 20, 50, 100
• y-axis is in log-scale
• ACMin is by up to orders of magnitude faster
• ACMin is the only method able to handle MAG-Scholar-C

(1.68 hours when 𝑘 = 5)



Experiments: Clustering Quality with
Ground-truth

• CA: clustering accuracy w.r.t. ground truth labels
• NMI: normalized mutual information
• AAMC



Experiments: Clustering Quality
without Ground-truth

• 𝑘 = 5, 10, 20, 50, 100
• AAMC & modularity



Thank You!



Comparison with Spectral Clustering

• Spectral clustering applies k-means to generate Y
• Spectral clustering optimizes

• In contrast, ACMin optimizes



Experiments: Convergence Analysis

• #iterations = 0,20,40,60,80,100,120,140,160,180,200
• ACMin-RI: ACMin without effective initialization of F


