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Problem Statement

Graph Clustering: 
Partition the vertices of a graph into disjoint sets such 
that each partition is a well-connected/coherent 
group.

Applications:
• Discovery of protein complexes *Snel ‘02+
• Community discovery in social networks 

*Newman ‘06+
• Image segmentation *Shi ‘00+

Existing solutions:
• Spectral methods *Shi ‘00+
• Edge-based agglomerative/divisive methods *Newman ‘04+
• Kernel K-Means *Dhillon ‘07+
• Metis *Karypis ’98+
• Markov Clustering (MCL) [van Dongen ’00+
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Markov Clustering (MCL) *van Dongen ‘00+

The original algorithm for clustering graphs using stochastic 
flows.

Advantages:
• Simple and elegant.
• Widely used in Bioinformatics because of its noise tolerance 
and effectiveness.

Disadvantages:
• Very slow. 

- Takes 1.2 hours to cluster a 76K node social network.
• Prone to output too many clusters.

- Produces 1416 clusters on a 4741 node PPI network.

Can we redress the disadvantages of MCL while retaining its 
advantages?
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Terminology

• Flow: Transition probability from a node to another node.
• Flow matrix: Matrix with the flows among all nodes; ith 

column represents flows out of ith node. Each column sums 
to 1.
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The MCL algorithm

Expand: M := M*M

Inflate: M := M.^r (r usually 
2), renormalize columns

Converged?

Input: A, Adjacency matrix
Initialize M to MG, the canonical 
transition matrix M:= MG:= (A+I) D-1

Yes

Output clusters

No

Prune

Enhances flow to well-connected nodes 
as well as to new nodes.

Increases inequality in each column. 
“Rich get richer, poor get poorer.”

Saves memory by removing entries close 
to zero.
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The Regularize operator

Why does MCL output many clusters?
Due to overfitting; it does not penalize divergence of flows 
between neighbors.

Remedy: Penalize divergence in flows between neighbors. 
Minimize penalty at each node.

M’(:,i) = argmin S(i,j)eE MG(j,i) * D(M(:,i)||M(:,j))

KL Divergence 
between i and j.

Closed form solution: M’(:,i) = S(i,j)eE MG(j,i)M(:,j)

This update defines the Regularize operator. In matrix notation,
Regularize(M) := M*MG

= M*(A+I)D-1
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The Regularized-MCL algorithm

Regularize: M := M*MG

Inflate: M := M.^r (r usually 
2), renormalize columns

Converged?

Yes

Output clusters

No

Prune

Takes into account flows of the 
neighbors.

Increases inequality in each column. 
“Rich get richer, poor get poorer.”

Saves memory by removing entries close 
to zero.

Input: A, Adjacency matrix
Initialize M to MG, the canonical 
transition matrix M:= MG:= (A+I) D-1
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Multi-level Regularized MCL

Input Graph

Intermediate 
Graph

Intermediate 
Graph

Coarsest Graph

. . . . . .

Coarsen

Coarsen

Coarsen

Run Curtailed R-MCL,project flow.

Run Curtailed R-MCL, project flow.

Input Graph

Run R-MCL to convergence, output clusters.

Faster to run on 
smaller graphs first

Captures global 
topology of graph

Initializes flow 
matrix of refined 

graph
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Comparison with MCL

• All three methods run with 
inflation parameter r=2. 

• R-MCL and MLR-MCL 
output fewer, and better 
clusters.

• MLR-MCL is on average 96 
times faster.

• On the 76K node Epinions 
graph, MLR-MCL’s run time 
is 26 secs compared to 
MCL’s 1.2 hrs.

MLR-MCL is much faster than MCL, and outputs higher quality clusters.

(Lower is better)
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Comparison with Graclus and Metis

Quality: MLR-MCL improves upon both Graclus and Metis

Speed: MLR-MCL is faster than Graclus and competitive with Metis

11



Scalable Graph Clustering using Stochastic FlowsVenu Satuluri and Srinivasan Parthasarathy

Evaluation on PPI networks

Yeast PPI network with 4741 proteins and 15148 interactions. 
Annotations from the Gene Ontology database used as ground truth.

MLR-MCL returns clusters of 
higher biological significance 

than MCL or Graclus.
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Conclusions

• Regularized MCL overcomes the fragmentation problem of 
MCL.

• Multi-level Regularized MCL further improves quality and 
speed of R-MCL.

• MLR-MCL often outperforms state-of-the-art algorithms, both 
quality and speed-wise, on a wide variety of real datasets.

Future Directions:
• Novel coarsening strategies
• Extensions to directed and bi-partite graphs.
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Thank You!
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