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Proposal of a Memory Model using Deep Learning
Based on the HippocampusCerebral Neocortex System.
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As deep learning is rapidly emerging as a robust machine learning architecture, it is considered to share many
features with the cerebral neocortex. Therefore, it is essential to bring the computational insights of deep learning

into the field of brain modeling.

In this paper, we propose a memory model which focuses on the path from

the hippocampus to the cerebral neocortex by implementing deep learning and associative memory to discuss the
relationships with human memory and extend the framework of deep learning.
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NTHRETR Rk A 7057 B TREBICAE B L7oPRIIR AT D
NTHY, < OIRERLKIMEFTE 2 ETREDET LD H <
MHIE I TE T [Treves 94, McClelland 95, K&k 94]. =+
TOIETI, RIHTREIRE T 2 W <O DR a3 51k
JE*%E (Deep Learning) 3 FEHEZEDH TV 5.
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ETVITAEIPAPEEE M, TS O T b ARt & f s
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AR TIIEFR DT TR L T 2B #E Kb
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AR 721282 % % Echo State Network RBM(ESN-RBM)
FOZEN G & AEG DT IL-ESN-RBM IZ2WTHEAT 5.
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el (ZHEN) 2T 2R S T,

2.2 ESN-RBM

RBM % RSN S/ AWFSEE I E TIZWN S DOVIER
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J = binomial(E?) (2)

binomial(p) 1L p(0 < p < 1) DR T 1 %, 1 —p OSSR
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M(t+1) = z(t)J + M(t)(1 - J) (3)
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I TIRBEEY 2a— N E AV ERICOVWTRT. 32432 7
EADOETG 16 7 L — L5 O R E)E 2 7 L 72 ESN-RBM
W2kt LT, R CHEhiE % 4 BhEFE T AT L.

RBM OE[E$51% 2,000 [B], #5503 0.001, Rk 30,
ESN @ U #/3—1% 100 il TIT o 72354, §64 7 L—L0H
TEMENTEZDIZ28 7L —LThoT2. ZDX 5 BRFEREND
b, MET Va2 — NI Lo THERIEMP TE D Z ERRBIN
Tn5.
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