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Incremental Learning of Time Series Data by Recurrent Neural Network
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A dilemma of plasticity and stability exists in the incremental learning by neural networks. This dilemma originates the
fact that neural networks usually employ continuously distributed representation. To solve this dilemma, it is necessary to
improve one neuron’s discrimination ability to input configurations. We propose the Recurrent Neural Network that consisted
of the neurons whose discrimination ability is improved by the maximum calculation on the dendrites. The proposed model

succeeds in the incremental learning of time series data.
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2.1 Activation Algorithm
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Fig. 1: The proposed architecture.
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2.2 Learning Algorithm

ATT u@®) ISR BIELWHAZE yI(t) AT LD T%E y(1)
LDy & oy(t) BT HILICRY, FEADES WO,
WO W 2y g7 B L OHIE DT LTV R LT F ok
HNTBODPAITHTEND. 22T, y)=1 725 k % k* L, j*
1 (10) 12EkoT k* IZXIST 20 ONRRESID. FFRIZ,
i* 13X (7) 2L T j* IZRIET DL OBRES N, p* X
XPOL(0)=1 725 p 5B, Fiz, @0, (i) 00 g glow,
o IXEEK THD.

(L1) yg(8) = 1 DA (not miss) :

WO 1) = WO @) + 100« 14 201)  (13)

W 1) =W (0) + 0« (14207 (1) (14)
(L2) yr.(t) = 0 DA (miss) :
Wk(*oju*t)(“l) - Wk(f}ﬂt)(t) — glour) (15)
w 1) = Wi ) - s (16)

(L3) &TD Kk IZ2W\W Ty, (t) = 0 DA (no output node
fire) : yF () = 172D k ZHF72IT k> EL, ZD k* (IZxhid 5 j*
Ei*IZoONWT,

(17
(18)

WO t+1) = WSO W) + ¢ « (14 224 (1))
WD) =W + ¢« 1+ (0)

7220, 1 2RIORLA T AT AO M SR ETIELD) 2725
A, (L2) & (L3) 1FFETENT, RDVIZTRROL2)® & (L3)°
NEITEN, BRRENSOIMFIMEDFE SR ILEND.

(L2 yr(®)=0 2222 TD kIZ2NT y(t—1) =
yi(t—1) OBA:

W (1) = W@ + 50O (19)

(L3 &2TD Kk 12N Ty, () =0 ORTD k ITOWT

yet—=1) = yf(t = 1) DBE: yl () =125 k ZHF7=IT K

EL, ZOKIHIGTD | &0, p# p* BT RTO plcon

<,
WP (t+1) = W) + g (20)

FEGOELOEBITROA (21) L (22) TROENDHED
(2, BHORBEDRFSNDINATOND,

Yk Wkﬁ.out)(t +1) =3, m{if’“‘)(t) = qlou)
W e+ 1) = 2w = al

L

(21)
(22)

L7=M3o T, HDOFEE DEANERIND LB #H T 2EADRE
B D THZLICRD. 2, ADELTITNLEN
o<W <1, 0w ™ <1,0 < WP <1 BT
IZ35.

3. YZal—iavifER

RNND 23RS T —Z & BINFE /e THAHI LTIl —
ar CHERT D, FE MO A1 —4r AT Fig.2 D 3FEEH
FHWE. ADEEHIEE  —RofEfiile, HRED /) —
FOMEIL32 &9 5.

correct outputs of A
16

correct outputs of B
16

correct outputs of G

T
14 14 T 147 I
12 1za | 12 1
10 10 g 10 N
I i
; EESHEE" “o Rt o
8T | ] 6
sem 4 4
2 T 2 2
11 i
2 4 6 8 10 2 46 8 10 2 4 6 8 10
inputs of A inputs of B inputs of C
16 A 16!#
o 14 14 (T 18]
<1 T2 mE 12
g1 10 ImE 10
5 i e
% o0 I 6 6 11 ]
B 40 4 4T T
-] T 2# 2 O
Tl i 1T
2 4 6 @ 10 2 4 6 8 10 2 4 6 8 10
time

Fig. 2. The learning set of time series.
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Fig. 3. Experiment 1. Learning curves.
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Fig. 4. Experiment 1. Results of the learning.
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Fig. 5. Experiment 1. The evolution of the weight.

3.2 Experiment 2
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Fig. 6. Experiment 2. Learning curves.
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Fig. 8. Experiment 2. P;(t) and Rj; (t) of eq.(5) and eq.(6) at
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Experiment 2. The evoluation of the weight

IZHTIREEE D p=16 LIS D/ —RNHOMFIMEDRE &2 i F
4% (Fig.9-H F).
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IHETHRROIFIEIC BT 28mIE, DMEBEVDE
HE\CL-oTEEND LIS 7, activation rule |2t~ TARK ST
activated pattern (2B 325 @ 5 H > TH - 72 (Rumelhart,
1986) . L»L, BN E o SEBIZ IV T, activation rule T
1372<C learning rule(plasticity) DR E25, WHIPEEZ LU/
<TUEZRBR0.

ZITHM D=2 —u  BEIC ko TAM S D activated
pattern 726 B ZHEL, & DD=a—nl b I T Al REIR AT
PRE—NZBEITTHRED. HHOE DD =a—na 3RS
BB W THEEOBEN - IFIEOL T 7 AR G225, €
NHDYFTARESEME T EPSP, IPSP 23841, MHkZk
X soma TOFEBAIREIR T, BT INENRRESIL, H
hpttbnsg. ZO=a—arnbR T, TO=a—arE% K
WL HEMEDHD EPSP, IPSP DA A doH 57— BN
ETEDN, £OXH— 2% intrinsic distributed
representation &4 S1F &5.

IBINEEE 0 3EITIE, 20 intrinsic distributed representation
DY AR (S hfelk) NWEERZENZRT-F. 37eb b intrinsic
distributed representation D ZARMEAY NEIF IR, THTRI G L7
% intrinsic distributed representation M#iFHAN KR &L /20, FEHEL
LT, ZD=a—nr DR KERET DT T AEEDPRESE
{ELCLEH. #1T intrinsic distributed representation £ EEM:
MR ET X, T L &7 5 intrinsic distributed
representation Z/NS<720, FEREL T, BHESNDHY T 7 ARE
G085,

FTex DT AT, BHIRZERIZETS MAX EHEAEET
%Z LG, intrinsic distributed representation ™ Z kA ) X
, FERLLUCHRIT =2 OB MN%EEEER L. 4%, 7
NS Rz =2 — TV Ry N — 7 O FIPE A i im LTz
HIZIX, 20 intrinsic distributed representation M ZAEMED E
HAGIZE T DM BB THD.
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