










Proof. Let G be the original graph and let us denote the
graph after edge insertion and deletion asG′. ContractCu

andCv in G andG′, and call the contracted graphsH and
H ′ respectively. Since all the edge insertions and deletions
are within Cu and Cv, H = H ′. Min-cut tree ofH and
H ′ are therefore identical and is same as the min-cut tree
T of G after contractingCu andCv in T (by Lemma 3.3).
Since contraction ofCu and Cv in T , does not affect the
other communities, the proof follows.

Observe that, addingt in G, asin basicCut Clustering
Algorithm, and contractingV − S, has the same effect as
contractingV − S first in x and then adding an edge(t, x),
of weight α|VS | in the contracted graph. In the contracted
graph, the contracted clusters,x, form a singleton cluster
(follows directly from Lemma 3.4). With these observations,
the claim of the algorithm under CASE 3 now follows from
Lemma 3.4 and the correctness proof of theCut Clustering
Algorithmof [3].

The proofs of maintenance of clustering quality over
edge deletions and vertex insertions and deletions are similar
and omitted for brevity.

Heuristic to Improve Time Complexity A Heuristic
may be applied to improve the time complexity of each
update toO(k2). It employs marking a special vertex of
each cluster as “prime” and computing the first minimum
cut with the prime vertex as source (of the cluster involved),
while computing the partial minimum cut tree. After that the
heuristic of [3] is followed. The details of this may be found
in [9].

4 Experimental Results

The results of a preliminary experimental study on our
dynamic clustering algorithm demonstrate the superiority of
our algorithm in terms of cluster quality and computation
time over theCut Clustering Algorithm(Section 2) [3] and
the recent multi-level algorithm (MLKM) [2].

We use the test graphs1, listed in Table 1, as inputs in
our experiments. They are obtained from various applica-
tion domains and have been used as benchmark for testing
MLKM algorithm [2] and METIS [7]. From each of these
graphs, we randomly choose edges one by one and present it
as the recent update to the algorithms under comparison. The
detailed results of the experiments and comparison analysis
may be found in [9] and are not given here for lack of space.

5 Conclusion

We present a dynamic algorithm for graph clustering, using
minimum cut tree. To the best of our knowledge, no other
dynamic clustering algorithm is known for graphs, using the
bicriteria of [3]. For evolving graphs, our algorithm runs
much faster than theCut Clustering Algorithm[3] and the

1http://staffweb.cms.gre.ac.uk/∼cwalshaw/partition

Graph # vertex # edge Description
finite element

DATA 2851 15093 mesh
finite element

3ELT 4720 13722 mesh
finite element

UK 4824 6837 mesh
ADD32 4960 9462 32 bit Adder

finite element
WHILAKER3 9800 28989 mesh

finite element
CRACK 10240 30380 mesh

finite element
FE-4ELT2 11143 32818 mesh
MEMPLUS 17758 54196 memory circuit

BCSSTK30 28294 1007284 stiffness matrix

Table 1: Benchmark Graphs for Testing

recentmulti-level algorithm (MLKM) [2]. The clustering
quality is identical to that ofCut Clustering Algorithm[3]
and comparable to MLKM. The time complexity of cluster
maintenance over updates, depends superlinearly on the
cluster size. Reducing update time to sublinear of the cluster
size or independent of it, is still open.
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