E TR Electronics and Telecommunications Trends

Hej|2 24 ASX|S 9=

Brain—Inspired Artificial Intelligence

2MS (CH. Kim, kimcheolho@etri.re.kr) ALO|HE Q1A A Moloiqel /7| s &gt
O|ME (JH. Lee, jhlee0914@etri.re.kr) AL E3|Q1 Al o112

0|Mel (S.Y. Lee, sylee549@etri.re.kr) AtO|E{ =211 A o171

2= (Y.C. Woo, yewoo@etri.re.kr) ALO|H{E 2101 1Al ZQI1 12

Hi27| (O.K. Baek, ok.baek@etrire.kr) A0 3| Q111 Al ZHO01712] /011212
2I8|M (H.S. Won, hswon@etri.re.kr) AO|E{ Q101 1AL ZHQIO 191/ ALEY
ABSTRACT

The field of brain science (or neuroscience in a broader sense) has inspired researchers in artificial intelligence
(Al) for a long time. The outcomes of neuroscience such as Hebb’s rule had profound effects on the early Al
models, and the models have developed to become the current state-of-the-art artificial neural networks.
However, the recent progress in Al led by deep learning architectures is mainly due to elaborate mathematical
methods and the rapid growth of computing power rather than neuroscientific inspiration. Meanwhile, major
limitations such as opacity, lack of common sense, narrowness, and brittleness have not been thoroughly
resolved. To address those problems, many Al researchers turn their attention to neuroscience to get insights
and inspirations again. Biologically plausible neural networks, spiking neural networks, and connectome-
based networks exemplify such neuroscience-inspired approaches. In addition, the more recent field of brain
network analysis is unveiling complex brain mechanisms by handling the brain as dynamic graph models. We
argue that the progress toward the human-level Al, which is the goal of Al, can be accelerated by leveraging

the novel findings of the human brain network.
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EEG Electroencephalogram

ESN Echo State Network

ESP Echo State Property

fMRI functional Magnetic Resonance
Imaging

ICA Independent Component Analysis

LSM Liquid State Machine

LSTM Long Short—Term Memory

QNN Quantized Neural Network

RC Reservoir Computing

RL Reinforcement Learning

RNN Recurrent Neural Network
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