











y [  CG [ SVG ] PG \ GD \ CCL
’ Adjacency Matrix Size ‘ O(N?) ‘ O(NsuN) ‘ O(N?) ‘ O(NZ.,) ‘ O(NZ)
Preprocessing O(NlogN) O(mN?k) O(1)
Adjacency O(mN?Ns,) | O(mNNZ) O(mNNg,) O(mNZ,,Ny) O(N2)
Connected Component O(N?) O(NsyN) O(N?) O(NZ.,) O(NZ)
Remaining Clustering O((N — Ngy)Nsy) O(N — Ngep) O((N — Ngy)Nsyv)
Total Asymptotic Time | O(mN?Ns,) | O(mNNZ) | O(N? +mNNs,) | O(mN?(k + Nsy)) O(NNy,)
Preprocessing 0 0 0.04 50.74 0.54
Adjacency 32.51 24.78 6.43 63.13 0.16
Connected Component 1.13 0.22 0.04 0.03 0.0005
Remaining Clustering 0 0 0.002 0.003 0.001
Total Execution Time 33.64 25.00 6.52 113.90 0.702

Table 2: Worst-case asymptotic running times for a single ¢ value and average execution times for 22 ¢ values in
seconds, where k is the number of iterations for GD to converge to a SEP.

4 Conclusion and Future Work

Existing SVC cluster labeling algorithms, such as CG,
SVG, PG, and GD, sample a line segment to decide
whether a pair of data points is in the same cluster.
This creates a tradeoff between cluster labeling time and
clustering quality. Our Cone Cluster Labeling method
uses a novel covering approach that avoids sampling.
Using the geometry of the feature space, we find an
approximate covering for the intersection of the minimal
hypersphere and the surface of the unit ball. This maps
to an approximate cover of the contours in data space.
The cover uses hyperspheres in data space, centered
on support vectors. Without constructing the union
of these hyperspheres, data points are clustered quickly
and effectively.

Cone Cluster Labeling quickly produces high-
quality clusterings. Our experiments suggest that it op-
erates well even in high dimensions. Future work will
seek tighter and more complete coverage in the feature
space and data space. We would also like to reduce
the size of the kernel width value at which this method
produces its best clustering.
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