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Abstract:

purpose of dealing with difficulties in the training of the traditional recurrent neural networks. The main idea of the reservoir com-

A novel training method for recurrent neural networks, which is called reservoir computing, was proposed with the

puting is training only parts of the connection weights of the networks, and generating the rest parts randomly. The connection
weights generated randomly remain unchanged during the training process. Then training process of the network can be carried out
by solving a linear regression problem. The reservoir can be considered as a temporal kernel function which extends the applications
of the reservoir computing. In fact, the reservoir computing is not only a modification of the training algorithm to recurrent neural
networks. In this paper, we firstly introduce the mathematical model of the reservoir computing and analyze the current related re-

searches and applications in detail in the view of reservoir adaption which has attracted much interest of the researchers recently.
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x(n+1)=(1-aAt)x(n) + Aif(Wu(n+1) + Wx(n))
RIS AT P2 RS H Ar o, b Ar o B AL
S 18] 15 % -5 28 8 68 1) K000 FE AL, @ MR decay rate™™
WAL TE S 2 RS AL o BIREHLES T FEIL1E
SR EE XA AN 0 0 HL S A A A RO R (H
SCEEBAEAE ) JEAT I 8] 7 81 43 26 ) UK B uE B T %
7 BT B (A 2R Rl 0) 1171
3.3.3 Intrinsic Plasticity 75 %

T, 32 3 26 R 22 50 W) i 22 TR HAT 4 T B8
(plasticity) W3 Kk, —Zm i A e S5k ( Plasticity Pa-
rameters ) M TTIT 328 21 3 55 % 25 3l o7 M ) 7 i AR R T
?2@1:'/;1‘?[9,36,51 -54]

SCHR[9,51, 52 148 H i AR DT e 2 — 3y, | e
BAESE A M2 I0H 5] A IP(Intrinsic Plasticity) 2%, 8%
JaXF IP ZEHATOUAL , A B A5 2 i 25t v ph 22T
A EE A e R A, DT 592 B 4 £ AN 485 1 e 2 1Y
G B0 B0 AR IS SCER ST EEXT 19 )2 Fermi 7Y
PRZETC, ARAR Y R A2 (5 P 28 ot T DA 48 $iooi A,
ST AR TP A BELRS R BRI A7 v SCHk[9] 5
SCHR (52 ]9 S8 AR — S0, HUZ SCRL9 JEE R BT 1 DI
PRI than, {5l Pt 28 50 i AN 15 90 20 A1, )R S N7 B 2
T REACACTT I . TR s 3 X i 8 T i A SR X T
v 53 A R0 B R 4341 0 22 5 EA T T e

FEXS PR RAE A , 73 0 5 52 M 48 1)iC 12 RE ) VAR
PEIEITRE ST, TER] 1 IP A4 7 i 4 B ESNs #5A AN [F]
TREE 4R 0T T8 35 UM B (0 LS00 I Sy — A f
SR %7 B B A B AL R N T 1 A A — 2
[F) R, U322 7 s AT i B 0 A1 AR K00 A, T SE B
b B 2 R 4 A KITCRE N 0L 5 Ah %07 HBE
FEXTS LA 1P ZHGHEAT R AL, T 0T it A b At 2 8500
REAE S AR 1) Bl AL A B2 T R SR L X R I 9 N D1 42
T 2B ST 1

4 NMATEHAR

VE by 8 i 28 0 28 31 9 50 12 1) 5 i 4 i 1153
B 1A HC 2 B % 1 FH 5 B (1) 7 3] 0 i) A5 380 oy FH
HbRHE)T BN TR S 402 AR R AT AR RGER
L9 3 A Gl INIERE A S/ N EE SUE 3 SRl E A
FH&E

SCHRL 13 JEH X YR g s [va) 17 1) F 00 ] 250 , SR P 48 L7
ESNs 77, 7E X Mackey-Glass PR SE R T |,
PR R B B DA HA 5 YA $ v 1 2400 . 20U, 4

ESNs [ I [ 7 00 144 Sk ik A STk (1,10 ~ 15
.

SCHR 26 JET X A SN T 40 R AN B A W 5 1
IR 22 (AR 4 DR o BB 47 o] ) L, Bk T 30 R 456 U ¥
MR ARS 2%, BT R 5 il 45 . R 1 meta-leamning” 5
W B 25 ESN 4%, I I L s A H £ S8
FF DR T Bl 2 350 U 2 ) 245 )11 G TR L S T 4 2 80K 5
B ) ) A0 At S AL M) P i vl 3 530 A ke 1) 422 ] i)
R AT ML s

SCHR[43 13718 1 [l A R 28 R 2% 1) S IR A2 BE ) 1]
R, I T 268 1 J I I A2 BE ik e 2l 25 2GR ) 1)
RIS ARN IR AT SCHR[32 ] . SCHR [44 15X 0 288 i A\ — i B
A 2 REFRE , 32 2 AR 1 [T IR A ) 4%, FH T ik o
NS RG22 ) RUBE (). SRR (25 J6r 28 3 [l 7R
M TR T EUG A GRS 1 R R RCR ,
FIFH ESNs 1 H 11 32 22 v IR A% Gt i3k U5 #2819 2% [ 2
SR RE LU 1 [ A

fitt 8 W5 VR A SE A 2 AR L b
O 44 1) LU RIS AR AR DR 2 A o ol 35 52 3 = 1) O
U5 Matlab T HAG'Y 3% T B L3565 45 0 53 7 16 1
FEASL B, SR M 5 B8 i A5 T AR T A Y i
SIS RO 32 SRR T RE s SCRF Rl 22 on S B AL A
B 220 (L OB IE D) F1 Spiking #H£8 T . 53 41,
Jaeger tWAZBL T FE A ESNs D fE , FH2 LI R ) Matlab T
FLAEL AR AT C + + SEBEA9 B T HL AT L& % Sk
[63].

FIRI, & T A5 o H 58 0 i A A 0 SE i 2 28 4
L. SCHR[ 64 1B X & 5 5 PO R R B, X3
PR R AR A, A AR S IR A 5
Dtk R Spiking i IF o 25 190 4 B8 5 B 7 5 A
P, X LSMs 1 52 30 J7 s &5 0 B8 O B, SR T R AT 7
B W (T E 7 =R 2 b el 1 IS 2 g i S/ 28 TR Ty 1
S TSR B [ B, T AT 48 o 22 A R B
&, R 2 BURADL P 28 T0 A Tt S92 A 4l 0 2%, 5 DA
ZETTIN i A T T A S W — S AR, A
5 HE T & s A A T3, X TR R 9 B o2
ASFIE . SCHR39 15T X iZ m] A, 48t 1 56 T B HLA i
296 (Stochastic Bitstream Neurons ) f4 15 £ £5 1 22 45, T
KR A T it 45 TSR A A S B A

R IR T A AN S i b 55 07 92 I ) —
B3, SEAEH R 47 09 M 2810 12 5 g R B g g DA R
G55 AT AR 0 A A T T B T I A N I b
FHENAS [ (4 F2 AR 75 40038 . ] LA WG RE 1% G0 10 4 22 ) 4%
F187 IO P S A K 2 S O i L B O 0 A T
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