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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 calculatiQn. With the
  rise of BigData, data become simultaneously large scale and streaming, whicli is
  the motivation to address incremental and parallel 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
i cost save (i.e., gain) of our algorithm with respect to batch retraining in handling

  graphedgeadding. ' "
    The proposed incremental max-flow is theri applied to upgrade an existing
  batch se)rii-supervised learning algorithm known as graph minicuts tQ 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 graph 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-oethe-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 processing

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 leaming 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 inrcremental stage. Both theoretical and experimental studies show

the equivalence of the proposed algorithm to batch wESVM in terms of !earning
effectiveness. In particular, -the algorithm demonstrates desired scalability and

clear speed advantages to batch retrainingi

  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.

                                       i

/

ii

N



｝氏 名1
LeiZhu

（論文審査結果 の要旨）

ビ ッグデー タ時代 を迎 え， 日々増加す る巨大 なデー タを効率 的 に処理 す る方法 ’

が求 め られ てい る．そ のた めの機械学習 の手法 に，追加 学習 お よび並 列学習 が

あ る．本研 究 は従来別 々に研究 され ていた これ らの要素 を統合 し，効 率 の良い

学習方 法 を提 案 した ものであ る．

本 論 文 で は まず は’じめ に，max－f！ow／min－cut問 題 の た め の追 加 学 習 法 を提 案 し

て い る． 通 常 ，max－flow問 題 で はネ ッ トワー クの変 化 にっ い て考 慮 しな い が，

現 代 の情 報 ネ ッ トワー クは時 間変 化 す る こ とか らそ れ に対 応 す る必 要 が あ る．

そ こで本 論 文 で は， バ ッチ学 習 と同 じ解 を与 え る こ とが理 論 的 に保 証 され た追

加 学 習 法 を提 案 し た． さ らに， この手 法 は准 教 師 あ り学 習 と組 み合 わ せ る こ と

でmin－cut問 題 に も適 用 で き る こ とを示 した ．

次 に追 加 学 習 法 を並 列 学 習 と組 み合 わせ る方 法 を提 案 して い る． こ こで は学 習

機 械 と してwESVM（weightedExtremeSupportVectorMachine） を利 用 す る

こ とで ， 新 規 デ ー タ をマ ー ジ す る追 加 学 習 と他 学 習 機 の結 果 を マ ー ジ す る並 列

学 習 を効 率 的 に組 み合 わ せ る こ とに成 功 した． さ ら に この 学 習 法 が バ ッチ 学 習

と同 じ解 を 与 え る こ とも理 論 的 に証 明 して い る．

以 上 をま とめ る と，本 論文 は ビッグデー タ時代 の情報処理 に適 レた追加 学習及

び並 列 学習 を統 合 した学習 アル ゴ リズム を提案 してお り， ビッグデ ー タ解析 の

発展 に資す ると考 え られ る． よって，博 士 （工 学） の学位 に値 す る もの と認 め

られ る．


