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Abstract

Incremental and parallel are two capabilities for machine learning algorithms to
accommodate data from real world applications. Incremental learning addresses
streaming data by constructing a learning model that is updated continuously in
response to newly arrived samples. To solve the computational problems posed
by large data sets, parallel learning distributes the computational efforts among
multiple nodes within a cloud or cluster to speed up the calculation. With the
rise of BigData, data become simultaneously large scale and streaming, which is
the motivation to address incremental and parailel incremental (PI) learning in
this work.

This research first considers the incremental learning alone, in the graph max-
flow /min-cut problem. An augmenting path based incremental max-flow algo-
rithm is proposed. The proposed algorithm handles graph changes in a chunking
manner, updating residual graph via augmentation and de-augmentation in re-
sponse to edge capacity increase, decrease, edge/node adding and removal. The
theoretical guarantee of our algorithm is that incremental max-flow is always
equal to batch retraining. Experiments show the deterministic computational
cost save (i.e., gain) of our algorithm with respect to batch retraining in handling
graph edge adding.

The proposed incremental max-flow is then applied to upgrade an existing
batch semi-supervised learning algorithm known as graph minicuts to be incre-

mental. In batch graph minicuts, a graph is learned from input labeled and
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unlabeled data, and then a min-cut is conducted on that graph to make the
classification decision. In the proposed modification, the g‘raph is updated dy-
namically for accommodating online data adding and retiring. Then the proposed
incremental max-flow algorithm is adopted to learn min-cut from the resulting
non-stationary graph. Empirical evaluation on real world data reveals that the
proposed algorithm outperforms state-of-the-art stream classification algorithms.

In the incremental max-flow, the training speed is not satisfactory when the
data set is huge. A straightforward solution is to combine parallel data I;rocessing
with incremental learning. Previously, parallel and incremental learning are often
treated as two separate problems and solved one after another. Alternatively
in this work, these two learning problems are solved in one process (i.e., PI
integration).

To simplify the learning, this research considers a base model in which incre-

mental learning can be implemented by merging knowledge from incoming data

‘and parallel learning can be performed by merging knowledge from simultaneous

learners (i.e., in knowledge mergeable condition). As a result, this work devel-
ops a parallel incremental wESVM (weighted Extreme Support Vector Machine)
algorithm, in which the parallel incremental learning of the base model is com-
pleted within a single process of knowledge merging. Specifically, the wESVM is
reformulated such that knowledge from subsets of training data can be merged
via simple matrix addition. As such, the proposed algorithm is able to con-
duct parallel incremental learning by merging knowledge from data slices arriv-
ing at each incremental stage. Both theoretical and experimental studies show
the equivalence of the proposed algorithm to batch wESVM in terms of learning
effectiveness. In particular, the algorithm demonstrates desired scalability and
clear speed advantages to batch retraining.

In the field of data stream knowledge discovery, this work investigates incre-
mental machine learning and invents a wESVM-based parallel learning and in-
cremental learning integrated system. The limitation of this work is that PI
integration applies only to models that satisfy the knowledge mergeable condi-
tion. Future work should investigate how to release this constraint and expand
PI integration to other models such as SVM and neural network.
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