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Improving Memory Capacity of Hardware Reservoir
Computing by Multiple Feedback Loops
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Abstract: In order to improve the memory capacity of hardware reservoir computing (HRC) based on a single feed-
back loop,a HRC scheme based on multiple feedback loops is proposed. Adding extra loops can feedback the responses stim-
ulated by past input signals into the reservoir to increase the HRC memory capacity. Investigations on the performances of
HRCs based on a single and multiple feedback loops were carried out by numerical simulation for the memory capacity and
a NARMAS30 task which needs a long memory capacity. Results show that the HRC memory capacity is increased to 40. 2 at
ten loops from 18. 2 at a single loop when the node number is 50. For the NARMA3O0 task, the Normalized Root Mean
Square Error is decreased to 0. 09 at two loops from 0. 27 at a single loop when the node number is 1000. Therefore, specific
memory capacity needed by a task can be designed through setting the parameters of feedback loops, partially solving the a-
daptive problem of reservoir computing.
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pacity ;30th-order nonlinear auto regressive moving average (NARMA30)

2= AR b3, TS A A T B A T R A%
= FELRELE: PR — AN 4% ot 1 25 28 L 25 9 4 ) v ) 22

SR IR 2 P 25— FPIE AR TP AR S ALY\ e e 1 708 i A B L A L (AR, L

STRETRY. AL G5 (1) 338 U7 i 28 P 24 11 0 T R I8
18 Ay 7 AT k3 U i 28 19 2% )11 5 5 7 Jaeger' ! £E 2001
AR T AR S M 45 (Echo State Networks, ESNs) ,
Mass 252 7E 2002 4F 32 H T 9 (4R 25 #L ( Liquid State
Machines , L.SMs) . Verstraeten £=BI3ERE T ESNs il LSMs

Wk H 39 :2017-01-16 5 & (8] H 1] :2017-07-03 5 53 AR 2 i - T 223

A R AT VI . B v B R R
SRR ) 0000l 2 5 384 5 6 L A 55 1
S ARV B EL A6 550 BT b T A
7S BRI Rodan 551 BIFFE T 5t 150 5 B
BRI 2011 4 Appeltant 4 S TARLEHE LB X

HeTH  [EHR B RBHEH 4 (No. 61108004 ) 5 EHETHH VLA A 14 (No. 14PJDO17) 5 _E T R OL LR 5 063 A ) B 4 52 96 2% T R A3 ( No.

SKLSF02015-02)



o2 M AT 2 U PR AR i A e AL RE 299

AR GEA 6 W Sh & ma B, A — AR LAY SO —
IRFRAE LT Mackey-Glass YR HL A 8010 , B UK filf 25
it A B R 52 B 2012 4F, Paquot %' fI Larger
S RRIRL B8 PR 4 SIS 8L T e HL B A . B ARk th
L Fh At A i R s By

TR P B A 2 Tt G P 9 Tt R A DI A T 2R
PR — SR B A H , GEAR o BEHA 2 . e N 1A OB
PO ARL A5 I B A7 10 B AR Lt B [l A8 P 1
(Nonlinear Auto Regressive Moving Average, NARMA ) Hi}
[F) Fy 51 P 454 55 P R B M R 47 A9 PR RE, (HX S8 AT 55
i 2 HICICRE T+ o0 A R AR 2 DI RE I YA
5w, 4 NARMA3O0 i [ F7 51 FU0 , JHC 3t 1 B 25 i
JCRETIASJE TR 25 T K. 1 4 e 8 i 2 ) 32 12
RET, FRATTHR 1 1 5 T 22 J 15 0 295 4 1) Al Ak 95 il ok
PET7 58, FFRZTT SRAEICALRE S A NARMA30 L5514
PEREZEAT 107 FLII. 25 SRR W], 2 K 5t 21 B8 1 4 1tb
A2 RE ST I HAE NARMA3O 1F: 55 H ) B0 44 BE 24 7+
F P . A B Sl Bt 2 B IS, ]
PABEHF AT 55 1 TR e 8 1CAZ RE T, B 20 e T ik 4
Ml B3 A (] A A TEE R ), Ortin 452 G RGE T
Z S PRI, AELGS BT 4 /4 7 ¥R A 2D B ST A R
TR AT, Jo SR WA EIRAWT I HRGE.

2 fEEMitEAREE
2.1 fEgfEEnITE

T SEt A Tt = 2 A2 B A
HUZ WP L BTRT . B R G SRS Sy R
i i 7R -

- —H
- —— |
Input layer W, Reservoir out Output layer
3 B e 510 7R L0 W RN
x(n) =f(Wx(n-1) + W _u(n)) (1)

y(n) =f, (W,x(n))

Forpox (n) 55 n AZIHT RARES  u (n) HHIAG S,
y(n) b a5 WOW, W, 503l A i A i
AN B f D715 s B pR 8, — o XLy
TEBX BRI S, At R, — A 2 bR

il #8320 DA SR A AR T3 1
BB RAEBT B RIS S A IS 5, AR5
He it 25 1t R T ROIR S WO BT SO AERE B T
IRk 5 5 IR B RE T, . AUETHE B B,
HH T RASUAR 0 1Y mAR S B B AN i o A S A

T, K15
(W,)'=B°'T,, (2)
DT R o K s A 5 T A B A 2 1t () A
H At 4 s R ROIR S ISR BT RUIRAS AR B P, SR
JE RE T SRS R BRI R A5 21 04 S 1 AU B
W, oK i A5 P
P=BW,, (3)
AR B0 i 155 F0 H bnd 055 SR8 0 — Ak 07
172 ( Normalized Root Mean Square Error, NRMSE) , F
e PEA ik 5 R G R B RE™ . NRMSE 5 LN F
((y,(n) =y,(n))")
(o -y @
Hpy, (n) i 4G & 455y, (n) B E 5,
O Rt A,
2.2 BRIRIMEHEEM
it A8 A S P ) A AR — N R Lk
A5 NL FI—A BB At 4530, B 2 iRt 3R A
I 5 FH BERRAE S 0 B vh 5 B T A R R T R 5T
A AR AT 2 = AP B AR B A 5 R UIRES TS
AEFE. FETAL BRI B, IR IR (5 5 40t — 1 SRR DR it 7
IS B UGS ARG 5 — A mask {55 A, A4 R
LI NG mask 55020 T T RGeS FRAE, (i 4
b I A RN Y RUIRAS B, B A A
STEABME R, BUL TS AR M B A SRS R R 1Y
ARSI R, 705 AL BRI B, AR AR 3 1 JE 5 fIR S
A H bR A5 i AL

NRMSE =

B \ |

| B =

B . o N |
Input layer Reservoir Output layer

B2 fifi gt A S s
18t Mask £ BIH 7 IR S A6 — P 2
RN, BAF 7 %5 7' = (1 + 07, 36k N i
5 W R ER R 15 SRS B R

(n) = Fy(axy,, (n=2) +Bmu(n)), i=1

T _{FAVL(axi1(n—l)+Bmiu(n)), 2<i<sN
(5)

a0, (n) 5 n ASIFZIES 0 AT ROIRES, Fy, AR Lt

AR SRS BB w(n) HRIAE S, 0 NI

Bt A B A ASE AR m, A © AN ERAY mask {H.

3 ZRIRNEHEEH

BB A P i A b A0 AL BE T e A R Y. JE



300 B *

EE ¢ 2018 4F

B —A~ 2 2 A AN T B Y BB A, AT RAAE B A
T AR R AR A [ A 1t SR HCAZRE ). K
TUCRAR, AR T 2 SO 3R BE 1 o5 3 R 48, A&
3. BRI p K L AU B 4R o T LIAR
P B MAGCIZRE I SR IEATBETT. Sl g n S 5t 35, W] L
DRAT I 25 AN TR) A 280 18y i A A 5 A6 i 4 Tt o 7= 242 118 i)
I SRR, R TR AT B I 2 R AR S AR i
UL A R T L R K R L3 25 1 R R R E A
(] i 45 0, 105 R F 220 % A5 5 A ] B2 3l 3 Wi >4
it A6 Y B Sl 2, AT 72 5 i 4 b ) 1AL BE

~

Input

K3 ZROSEME TS Rt R SR B
Ny N 1
SRR BRSO Jor, = (1% 107,

KSR 7', =N, (1 + 07, N, FR g N, 021
R A 5 7 A 1 T A [, OO 78 4 5 15 B
REAF it 2 M 9 RS SR T R

Fy(axy,, (n-2)

+ayxy,,y (n=N, - 1)

+Bmu(n)), i=1
Fo(ax,_(n-1)
x(n) =9 +oaxy, y(n-N -1)
+pmu(n)), 2<i<N,

Fy(ax,_ (n-1)
+a2xi-w‘(n_N|>

+Bmu(n)),

N, +1<i<N

(6)
Ao IR B 4, HES BN S XS
X (5)—F
PABEISHE , Bk 25 16 A0 0 45 dtb v 388 0 — A S 15438
T RCRAS SR J7 A 1 0 B ek Bont 2 2 — B, AT Al
AR AR A M AL I RE 1, R Tl S 1 B i A Tt
XA I 22 A0 25 i A ICAZ RE . A, AT LAAR JiE A
F5 AT RE ) I BARZESR B R B3 (9 R0 AR R
VALK S A5t 4, B0 Ak Rk 2 b 3530 14008 O )

XA A = o B it RO LS B A
I ENEE(NE<iiPEr o g eI AT vsAp i u s | g2
HRAT LUKE B A5 77 A G ) O B T A [
b C AR iDL AN R R AL R TN DI EE S O
7T M SRt 2 T A9 A2 RE T TR, S B B 5 A, i =
Tl BE - 28 1t O S RE 3 AR AT ARG 31 2 5.

4 (HEZR

2R FRA AL LI LA A T R ], 4 BN A
ARSI 45 1 BT RE S M A TR B K
TCAZAE J1 9 NARMA30 1T 45 v 6 B 00 41 B 1y 17 2L 45 SR
4.1 121Z8E

AL LR AL S w(n) R hsT [E 4y
i (g BEHLAS H AT 45 M TAL kI IR) A R A 5, B
y.(n) =u(n-k) ,iciZRE S} M[y,] = 1-NRMSE[ y, ].
AR At 0 A 2 A B TR S R B A S A e 3Rl
A2, 0% 137 T2 B 1 SR 1. AR ) 25 i AL A L 1042 B
J1 AR, AT L i A IO AZ BE T 28 02 RE
FI IR S T i A it Y A2 RE T Bl R TR] ) AR Ak F
1 b U R L BITE55 K, il 4 b s A2 g

35S M = 2 My, ], 32b5 b — R EHAL A A

TR I
FGB YO < 1RO S0, 4 A28
0.5 F B 25 4 0. 43, i B 0. U A5 e (n)
[~ 15 BB S R
SETIEACAE AT, 15 10 ABEHL A 69 Ol E iR
AR 4 () B 2R T 10 YW A P54 fi
B AR RIS L A 4 (o) AT LU th B
ATLIIFHEIZAL 17 A 5 0 A 2 B
B R, B8 % R R ICIL T T A B
FIEICAE IR 18. 2. FRELE SO -1 1 4 2%
PR X R BT EAL B A T AL B 1R, 1110
AR, HL W7, 15 mask (55 T 7 B 7
=10 Hfj=1,2:0010, A SR T U 3 2

90043, [FIRELE 10 A4S BEAL™ A i 8 4 B EA 7,
LURMIE 4 () FroR. AT LA Y 10 A4S B 46 A £l
B IICTILRE J7 M 2t M8 T FE Y, ST I RE 1 1Y
FE{E N 40. 2. A LU ISR HL A A, 10 A R IBEER
4 ' LA 2 o ) T RE D A5 3 8 4R
4.2 NARMA30 &

NARMA30 {E:55 1, B oy A o -

29
Y. = 0.2y, +0. 04y"[ 2 yn_i] +1.5u,u, ,, +0.001
i1=0

(7)



o2 M AT 2 U PR AR i A e AL RE 301

0.8

0.6

0.4 -

M()

02 F

0.0 | 1

02 L L L L L L
0 10 20 30 40 50

Delayed input steps
(a) Single feedback loop

1.0 - ——
05| %

%,
=1 %ﬁ
5

0.0 -
010 20 30 40 50
Delayed input steps
(b) Ten feedback loops

P4 R[] SO D HL A A BT A RE T I 2%

A, o ABR . S8 R S (7) AT LA
585 1 IRFIED 046 Hy SRS n ) A O
K% IS n - 29 AR 04 A s 5 A8 IE R
595 m AT A8 8 B BT 29 A4 )5 O 1 5
L3RR o4 40 98 08, XA 2 £ T 0 T2
1S, 90 AR B ST - 7]
f A, SRS 1 ~29 IR 94 A

FA NARMASO E45 3% — 5 40 3 T 9942 12t
ST IR 1 41 10 A B EH i
R0 R SRR SE . Ty 2 SN R 0
Lt s, OISR 5022 S DU SFE 2X. L5F H0  0
= (140 7, RIF A7 =9(1 +0) 7, FiA-5F 1
S 2 340 0. 215, WA~ S AR A 19 516 HL A 6 b P 39 A
RAST IR
sin(a,xy,, (n-2)

+a2x1\‘+i—9(n - 10)

+Bmu(n)), i=1
sin(o,%,_,(n-1)
x,(n) = +a,%y,, o(n—-10) (8)
+Bmu(n)), 2<i<9

sin(a,x;, ,(n-1)
+0‘2xi79(n -9)

+Bmu(n)),

10<si<N

B TR UL IS B, R T R HE SR
BCEYIANA 1 AR P AR 1 R, AT LA
H AR B R I PR O LA A T, D7 %6 1 /E NARMA30
55 Hh 4 B0 A BE O R A B W] R Bl s, T OT & 2 7R
NARMA30 55 b i J000 P RE U 45 3] 1 {25 42 71 45501
S HE T RN 1000 B, 1 A 05t BRI i A it ) T
NRMSE | [#5] 1 0. 09, i i th 5 H At JL-F- 58 2
—ECT WS Ca) From s TS ot B0 6% 2 1t 14 B0
NRMSE 2y 0. 27 , 300 it A1 F AR i i A0 28 B, A

5(b) .
F1 ZMARERIRIFER S B AEZ B NARMA30 Hi
1E 5y NRMSEs
Single feedback  Ten feedback ~ Two feedback
Node number
loop loops loops
50 0.85 0.82 0.4
100 0.72 0.70 0.25
500 0.42 0.40 0.15
1000 0.27 0.25 0.09
0.5
——————— Target output
Predicted output
04
03
E
<
> 02F
0.1+
0.0 -
1 1 1 1 1 1
0 10 20 n 30 40 50
(a) Two feedback loops
0.5
""""" Target output
Predicted output
0.4
03
E
<
>
0.2
0.1+
0.0 -

o 10 2 30 40 50
(b) Single f:edback loop
Fls ATl R BRI GHL  # I TENARMA30
55 T ek S 1 5 E b
N T TR X5 58 2 (e L st AT T E
AESIINR, f3- 2 BiCAZ R i Z P 6 o, rTRLA
ICAZRE ) 2 A7 7 A R B L RIS RE T S T IR
BT R AU w, Fw, o HOICALRE ST ARG, T X X
P A RIICIZIE 2 NARMASO {155 75 219, [N i 7



302 B *

EE ¢ 2018 4F

% 2 /£ NARMA3O0 {F:55 P BE 05 AT 5 4 (1 0 1 . &
6 MICTLRE F7 T 27 A 1Y B B 2L 14 ) s it < B 4 3t
ICAZRE ST Y 26 I AN 2 BB FALI8 T e, & T DL S e
Tt BIBE P 25 1t 11242 RE Ty M 4 m] AREBsEE . DRt T
AR HAAAT: 55 X112 14 RE T3 1 RN ], 6 il 45 1t #r)
ICACRE ST LR AT B R BT, W80 70 A e 2 358
P18 325 7 P ) A

1.0002 -

0.9996 |- \ \ \.
0.9990 |- 1 \ \

0.9984

M)

0.9978 |-
0.9972 |-

0.9966 |- -
L 1 1 I

0 5 10 15 20 25 30
Delayed input steps

Ko PIASRAGFRGHL i st T 12 B8 Sy itk

PR 5 58 B B0 45 SR Ud B, B8t B0 O AN 2 il 22
b BEAJETCAE B 2 1 L A B RE S st A AT 55
A ST ERICIC R T FEAR T % 5 b O PERE. B L, 10
BB IR AT B TUNORS BE SR T A S B3R 25 AF T
TR E. IR 2 B B 5 36 9 IC A2 fE 7 & 55 NAR-
MA30 {155 YL I RE 7 it KA VE BC i) Do, 28 AHLAR
{155 XL BE A1 B 7 SR 55 45 4 T] B0 7 T 255 5 08
TEIH AL 55 LI RE I T SR 32 T, e 2 ml RE A0 1Y
S IREL

5 #Hit

BT B S 5 PR RE 0 A I 1L BE T A A TR) AL
TR 7T 2 OB A M B v B PR A i A2 RE T Y
J7 . %7 BAT LU G R SO # it iC A2 B T R i
Z JUGIE R A T A ICAZRE AR B T I B .
T2 A, AT DURYE AT 55 X L1 B8 J1 (i sk i3
T AR ICAZ RE 7 M2, 42 w5 1 A T XTI AT 55 1 Ak
BHRE ST, NICIZRE J) A1 E , 38 73 fifp DR it 4 b T3 1) 3 1
P ]

SRINT, G0 B 5 3h — € AR E B 1 i 45 T A9 25
HSZ I TR 5 2 T 22 6 7 BB AR g — P AN A% 18
ELA A I8 L3 I 39 0~ S OGO i 55 1o ot
il # t E SEEL X T LIS L2 RE N TR AL S5, 2
S It s it i R B B R (AT — DR,
A3 g AN () A ORI B2 9 5 B 30 AT 95 2R 47 0
1, T BT 55 19112 RE T 7 3K

S & 30k

[1] Jaeger H. The “Echo State” approach to analyzing and
training recurrent neural network [ R ]. Bremen: GMD-Ger-
man National Research Institute for Computer Science,
2001. GMD Report 148.

[2] Maass W ,Natschlager T. Real-time computing without sta-
ble states: A new framework for neural computation based
on perturbations [ J ]. Neural Computation,2002,14 (11):
2531 -2560.

[3] Verstracten D, et al. An experimental unification of reser-
voir computing methods [ J ]. Neural Networks, 2007, 20
(3):391 —403.

[4] Jaeger H, Haas, H. Harnessing nonlinearity ; predicting cha-
otic systems and saving energy in wireless communication
[J]. Science,2004 ,304 (5667 ) :78 - 80.

[5] Jaeger H, et al. Optimization and applications of echo state
networks with leaky-integrator neurons [ J |. Neural Net-
works,2007,20(3) :335 -352.

[6] Ozturk, et al. Analysis and design of echo state networks
[ J]. Neural Computation,2007,19(1) ;111 - 138.

[7] Li D C,et al. Chaotic time series prediction based on a no-
vel robust echo state network [ J]. IEEE Transactions on
Neural Networks and Learning Systems,2012,23(5) :787
-799.

(8] 5%, &5 BOM) Il AR M 45 [ ], 724k, 2011, 39
(7) :1538 — 1544.

Peng Y ,et al. Fuzzy echo state networks[ J]. Acta Electron-
ica Sinica,2011,39(7) ;1538 — 1544. (in Chinese)

[9] Shi Z W, Han, M. Support vector echo-state machine for
chaotic time-series prediction [ J]. IEEE Transactions on
Neural Networks,2007,18(2) :359 —372.

[10] g, 5. it # hoDR 25 2 ) 3 49 5 9 ol g () 7 571 952 00

[J]. Y3244 ,2007,56 (1) 143 - 50.

Han M, et al. Reservoir neural state reconstruction and
chaotic time series prediction [ J ]. Acta Physica Sinica,
2007,56(1) :43 —=50. (in Chinese)

[11] Zhao Q C, et al. Performance optimization of the echo
state network for time series prediction and spoken digit
recognition[ A ]. 11th International Conference on Natural
Computation[ C |. Zhangjiajie :2015. 502 - 506.

[ 12] Bozhkov L, et al. Reservoir computing for emotion valence
discrimination from EEG signals [ J ]. Neurocomputing,
2017,231(ST) ;28 -40.

[ 13 ] Malik Z K, et al. Multilayered echo state machine; A novel
architecture and algorithm [ J]. IEEE Transaction on Cy-
bernetics,2017,47(4) :946 —959.

[14] Zhong S S, et al. Genetic algorithm optimized double-res-

ervoir echo state network for multi-regime time series pre-



o2 M AT 2 U PR AR i A e AL RE 303

diction[ J ]. Neurocomputing ,2017 ,238 ;191 —204.

[15] Rodan A, Tino, P. Minimum complexity echo state net-
work[ J]. IEEE Transaction on Neural Networks,2011,22
(1).:131 —144.

[16] Appeltant L, et al. Information processing using a single
dynamical node as complex system[ J]. Nature Communi-
cations ,2011,2 :468.

[17] Paquot Y, et al. Optoelectronic reservoir computing [ J].
Scientific Reports,2012,2 .287.

[18] Larger L, et al. Photonic information processing beyond
Turing: an optoelectronic implementation of reservoir
computing [ J ]. Optics Express, 2012, 20 (3 ). 3241
—-3249.

[19] Duport F,et al. All-optical reservoir computing[ J]. Optics
Express,2012,20(20) ;22783 —22795.

[20] Ortin S, et al. Photonic single nonlinear-delay dynamical
node for information processing[ A ]. Conference on Sem-
iconductor Lasers and Laser Dynamics V[ C]. Brussels:
2012. 843214.

[21] Hicke K, et al. Information processing using transient dy-
namics of semiconductor lasers subject to delayed feed-
back [ J]. IEEE J Sel Top Quantum Electron, 2013,
19,1501610.

[22] Qin J,et al. Optical packet header identification utilizing
an all-optical feedback chaotic reservoir computing [ J ].
Modern Physics Letters B,2016,1650199.

[23] Nakayama J, et al. Laser dynamical reservoir computing
with consistency ; an approach of a chaos mask signal[ J].
Optics Express,2016,24(8) :8679 —8692.

[24] Zhang H, et al. Integrated photonic reservoir computing
based on hierarchical time-multiplexing structure[ J ]. Op-
tics Express,2014,22(25) ;31356 - 31370.

[25] Dejonckheere A, et al. All-optical reservoir computer
based on saturation of absorption[J], Optics Express,
2014,22(9) :10868 - 10881.

[26] Salehi M R, Dehyadegari L. Nanophotonic reservoir com-
puting for noisy speech recognition[ J]. Opt Quant Elec-
tron,2016,48 .281.

[27] Duport F, et al. Fully analogue photonic reservoir comput-
er[ J]. Scientific Reports,2016,6:22381.

(28] &5, % ff s Wi S aR [ V], v 727 4, 2011, 39
(10) :2387 -2396.

Peng Y, et al. Survey on reservoir computing [ J]. Acta
Electronica Sinica,2011,39 (10) ;2387 - 2396. (in Chi-
nese)

[29] Ortin S, et al. Information processing using an electro-op-
tic oscillator subject to multiple delay lines[ A ]. Munich
[C]. Germany :IEEE,2013.

[30] Schrauwen B, et al. Improving reservoirs using intrinsic
plasticity[ J ] . Neurocomputing ,2008,71 ;1158 = 1171.

= EZ B,1989 5 A A, L E
NGB BEFE A, 2011 AR S0l F LU S R 24 35
T LA BE. ERN AR & TS R S F
PESEB T 5805 Th 5.

E-mail : 13546720226 @ 163. com

F ORUBREEE) L 197241 A4,
RPN, B TR W, B,
ARSI, EFEMOIE A DL R AR D)
J12% B Ge K T TR BIFSE.

E-mail ; nfang@ shu. edu. cn



