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ABSTRACT

Currently, a majority of artificial intelligence is used to secure big data; however, it is concentrated in a
few of major companies. Therefore, automatic data augmentation and efficient learning algorithms for
small-scale data will become key elements in future artificial intelligence competitiveness. In addition, it is
necessary to develop a technique to learn meanings, correlations, and time-related associations of complex
modal knowledge similar to that in humans and expand and transfer semantic prediction/knowledge
inference about unknown data. To this end, a neural memory model, which imitates how knowledge in
the human brain is processed, needs to be developed to enable knowledge expansion through modality
cooperative learning. Moreover, declarative and procedural knowledge in the memory model must also
be self-developed through human interaction. In this paper, we reviewed this essential methodology and
briefly described achievements that have been made so far.
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(a) Skip-gram model (b) Subword based Skip-gram model (SSGM)
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A3C Asynchronous Advantage Actor—Critic

BoW Bag of Word

CNN Convolutional Neural Networks

FOIL First Order Inductive Learner

GAKE Graph Aware Knowledge Embedding

GAP Global Average Pooling

HolE Holographic Embeddings

LSTM Long Short—Term Memory

OLLIE Open Language Learning for Infor—
mation Extraction

PSL Probabilistic Soft Logic

ROI Region of Interest

SSGM Subword based Skip—Gram Model

SSTM Subword based Skip—Thought Model

TPO Time, Place, Occasion

TransE Translating Embeddings

WOE Wikipedia—based Open Extractor
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