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Figure 4: The left panel shows the overall runtime
of SVM, KNN, HLSVM, SLSVM, and PSVM. The
right top panel shows the runtime of PSVM during
clustering. The right bottom panel shows the runtime
of each method when predicting the class labels of test
examples.

panel shows a more detailed runtime analysis for PSVM.
It compares the time needed to perform the MagKmeans
clustering (represented by the PSVM-clustering line)
and the time needed to build the LSVMs of different
clusters (represented by the PSVM-LSVM line). The
result suggests that PSVM spends the majority of its
time clustering the training data. Furthermore, if the
clustering time of PSVM is discounted, then the time
needed to train the multiple linear SVMs of the clusters
as well as to apply the models to the test examples
is faster than training and testing times for nonlinear
SVM, as shown in the right bottom panel of Figure 4.

To summarize, the SLSVM algorithm generally out-
performs both SVM and KNN but at the expense of
incurring a much higher computational cost. PSVM
is able to improve its computational efficiency, while
achieving comparable accuracy as the SLSVM algo-
rithm.

6 Conclusion and Future Work

In this paper, we proposed a framework for Localized
Support Vector Machine, which utilizes a weight func-
tion to constrain the maximum weights that can be as-
signed to training examples based on their similarity
to the test example. We tested our LSVM framework
on a number of data sets and showed that its soft ver-
sion (SLSVM) outperforms both KNN and nonlinear

SVM in terms of model accuracy. Nevertheless, SLSVM
is computational expensive since it requires training a
separate model for each test example. To overcome
this problem, we propose an approximation algorithm
called PSVM, which reduces the training time by ex-
tracting a small number of clusters and building linear
SVM models only for the clusters. Our analysis further
showed that PSVM outperforms both KNN and SVM
and is comparable in accuracy but much more compu-
tationally efficient than LSVM. In the future, we plan
to expand our framework to multi-class problems. For
MagKmeans, this can be accomplished by modifying
the clustering criterion to maximize the cluster impu-
rity. We will also investigate the possibility of using
other clustering algorithms such as spectral clustering
to further enhance the results.
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