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Figure 5: Clustering Quality vs. Hierarchy Level (DS3)

sufficient for each site to compute reliable cluster cen-
troids. An interesting observation is that there is a
slight plateau between the centralized case (#sites = 1),
and a point where the data is finely partitioned (#sites
> some s), after which quality degrades rapidly. This
plateau provides a clue on the relation between the data
set size and the number of sites, beyond which we should
not increase the number of sites without increasing the
data set size.

Figure 4 shows the speedup of the distributed
algorithm. Speedup is calculated as ratio of time
taken in the centralized case to the time taken in the
distributed case. The figure clearly shows that the
HP2PC algorithm exhibits decent speedup, although
not linear.

To test the effect of hierarchy height on clustering
quality, we performed experiments on a network of size
250 nodes, height of 5, on DS3, with β = 0.2 applied
to all levels. We compared the results to flat k-means
performed at each level of the hierarchy, and taking the
average over all neighborhoods on that level. Figure 5
shows the quality achieved at each level, and compares
it to the average k-means quality at the same level. We
notice that HP2PC degrades in quality as we go up
the hierarchy, which is predictable, as we only perform
meta-clustering based on cluster centroids of the lower
levels. However, it is clear that at level 0 we can achieve
very close quality to the centralized k-means algorithm.

We can conclude that there is a tradeoff between
quality of clustering and hierarchy height. If our goal
is quality, we should maintain a low level hierarchy,
optimally setting the network to one neighborhood,
sacrificing running time. On the other hand, if our goal
is speed, we should aim for fine-grained neighborhoods
and taller hierarchies; sacrificing clustering quality.

6 Conclusion and Future Work
In this paper we introduced a novel architecture and
algorithm for distributed clustering, the Hierarchically-
Distributed Peer-to-Peer Clustering model (HP2PC),
which allows building hierarchical networks for cluster-
ing data. We demonstrated the flexibility of the model,
showing that it achieves comparable quality to standard
k-means. For future work, we are investigating the pos-
sibility of making clustering bi-directional; i.e. clusters
at lower level neighborhoods of the hierarchy should be
affected by their immediate higher level clusters. We
believe that this will create an opportunity for better
global clustering solutions, but on the expense of com-
putational complexity.
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