














Proof. Let G be the original graph and let us denote th o
graph after edge insertion and deletion(és ContractC,, ? Graph f# vertex| # edge Eﬁf’:gﬁ;fqgm
andC, in G andG’, and call the contracted graplis and | DATA 2851 15093 ][nesh :
H' respectively. Since all the edge insertions and deletion Inite element
are withinC,, andC,, H = H’'. Min-cut tree of H and 3eLT 4720 13722 mﬁtséhelement
H'’ are therefore identical and is same as the min-cut tred&JK 4824 6837 mesh
T of G after contracting”,, andC, in T' (by Lemma 3.3). | ADD32 4960 9462 %32 bit ,?\dder
Since contraction of’, and C, in T, does not affect the Inite element
other communities, the proof follows. O WHILAKERS | 9800 28989 ﬁr?]?éhelement
Obsere that, adding in G, asin basicCut Clustering | CRACK 10240 | 30380 mesh
Algorithm, and contracting” — S, has the same effect as -, 72 11143 | 32818 mlégehelement
contractingV’ — S first in z and then adding an edgg x), -
of weight a|Vs| in the contracted graph. In the contracted MEMPLUS 17758 | 54196 m_emory CII’CU-It
graph, the contracted clusters, form a singleton cluster LBCSSTK30 | 28294 | 1007284] stiffness matrix
(follows directly from Lemma 3.4). With these observations,
the claim of the algorithm under CASE 3 now follows from Table 1: Benchmark Graphs for Testing

Lemma 3.4 and the correctness proof of @t Clustering
Algorithmof [3].

The proofs of maintenance of clustering quality ovéecentmulti-level algorithm (MLKM) [2]. The clustering
edge deletions and vertex insertions and deletions are sinffadlity is identical to that oCut Clustering Algorithn3]

and omitted for brevity. and comparable to MLKM. The time complexity of cluster
Heuristic to Improve Time Complexity A Heuristic maintenance over updates, depends superlinearly on the

may be applied to improve the time complexity of eagHuster size. Reducing update time to sublinear of the cluster

update toO(k?). It employs marking a special vertex ofize or independent of it, is still open.
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5 Conclusion

We present a dynamic algorithm for graph clustering, using
minimum cut tree. To the best of our knowledge, no othe
dynamic clustering algorithm is known for graphs, using th
bicriteria of [3]. For evolving graphs, our algorithm rung, g,
much faster than th€ut Clustering Algorithn[3] and the

Thttp://stafweb.cms.gre.ac.uk/~cwalshaw/partition
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