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Parallel Boosting with Stream Kernel Machine
Ayaniko NimMit! and Osamu Konisurf!

Kernel-based Support Vector Machines (SVMs) have strong theoretical foun-
dations and excellent empirical successes. The performance for the real data
stream with the evolutionary changes is however not enough. Thus it is an im-
portant challenge to improve the performance. On the other hand, the kernel
methods have be extended to input structured data such as string or graph. The
classification using the kernel methods with structured form outperform vector
form. This paper proposes non-linear classification approach to consider data
stream as structured data by extended kernel methods. This structured data is
constructed with the arrived online data and some historical information of the
data stream. Then, the features of the data stream’s evolutionary changes are
obtained, and kernel function is built with the features. We call this a stream
kernel. In the experiment, we apply the stream kernel to non-linear SVM, and
differentiate normal use and illegal use for about 700,000 real credit card data.
Our approach achieves that training time and evaluation time became faster
than non-parallel SVM, and a number of the false classification decreased.
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Fig.1 Learning by boosting.

Algorithm Boosting(T',M)
1. Fork =1to N
.Fori=1to M
fi = weak learned model from T with distribution D;
For k =1to N
Reset w(x) using f;(zk, w) and yg
D41 = updated distribution by w

. For each new query instance ¢

© W N oo e w

. F = ensemble model from all f and w
10. Class(q) = F(q)

where:
T is the training set
N is the number of training set
M is the number of samples drawn from T

02 00000000D0O00000
Fig.2 Boosting algorithm for classification.
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Fig.3 Learning by parallel boosting.
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Algorithm ParallelBoosting(T',M)
1. Fori =1to M
2. S; = random sample drawn from T'
3. fi = weak learned model from S;
4. F = ensemble model by weighted summation of all f
5. For each new query instance g
6. Class(q) = F(q)

where:
T is the training set

M is the number of samples drawn from T

04 0O000O0OOO0OOOOOOOODOODO
Fig.4 Parallel boosting algorithm for classification.
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Table 1 The parameters used in the experiment.
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Table 2 Credit card dataset in our experiemnt.
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Table 3 Relation between amount of data and number of weak learner.
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