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Optimization method for reservoir neuron selection based on
reinforcement learning

GUO Wei', YAO Huan'!, ZHANG Zhao-zhao®, ZHU Ying-qin®
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China; 2. College of Computer Science and Technology, Xi’an University of Science and Technology, Xi’an 710054,
China; 3. Department of Control Automatic, Center for Research and Advanced Studies of the National Polytechnic
Institute, Mexico City 07360, Mexico)

Abstract: The dynamic reservoir of the randomly generated echo state network (ESN) contains a significant amount of
redundant neurons, which leads to collinearity in the high-dimensional state space matrix of the network and subsequently
affects its prediction performance. In order to address this issue, this paper proposes a self-organizing choice ESN (SC-
ESN) structure optimization model based on reinforcement learning. The essence of the SC-ESN model lies in its
construction of multiple initial reserve pools, which is founded upon the idea of ensemble learning. The contribution
of each neuron in the reservoir pool to the network performance is then measured using mutual information, and the
decision mechanism of reinforcement learning is utilized to screen out effective neurons for network output. The purpose
of this optimization is to improve the network’s structure and prediction performance. Results of experiments conducted
on both manual and actual datasets show that the SC-ESN model proposed has a more streamlined structure while still
maintaining superior prediction performance compared to other prediction models.

Keywords: echo state network; mutual information; reinforcement learning; ensemble learning; structure optimization
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50 X 5 0.328 -4 8.227e-4 27(223)
100 x 5 16854  2319c-4 50 (441)
200 x 5 0323e-4  0451c-4 176 (824)
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FRAN AN R (14 )2 RS R, MG 3088 82 75 it 2 R 1
o 200 F 7 5% % RMSE Eb i )2 R <) 24 50 ) RMSE
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200 F TN 3% 22 B A 2 RUSE 24 50 () RMSE [ T
2 % ~ 91 Yo. T 75 A AH [F] (1 5N 12 RT A R AR
AR, AN 2 R ST 9504 100 #1200 B, MG %
5 42 (1) RMSE < X F#AK T 56 Y0 77 %0 F177 %o, Lorenz
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72, SC-ESN I 2 fiff J2 i e A Bl T 0 A 0145 B ARFAE 1)
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3.4 FUMIEBIMERERTEE

Nt — 5 B UE SC-ESN A5 2 [ 1% g, % SC 43 Syl
1F Mackey-Glass (MG) Al Lorenz & i I+J [8] J5> 71 ', ¥
SC-ESN 5 f£ 4 ESNU, 7% ESN (3 2, & )2 R ~F
100)>1, £ i ESN (inverse-free ESN, IFESN)I201, H
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5

xR ¥39%

BHZANTHZ A BIE KA ESN (GESN)!4 Fi 1 #f
Ittt GESN (particle swarm optimization GESN, PSO-
GESN)71, 5 e Ak [m] 75 4R 25 W) 4% BY £ 53 (pruning
algorithm for modular echo state network, PMESN)!!!
A1 14 & 3 IF W £k ESN (incrementalregu-larized ESN,
IRESN)Z81HE 47 X0F b S50 78 SRR AL Ll v 4 1
J7 MR 7 (RMSE) FIARAL J5 9 25 S5 46 K /N ik AT i £
R 3R AR,

R 3 TEHEE MG B E] 5 TN LE RECR

2% Tt 2 fifi )= Rt

B (RMSE) Hith gk
ESN 6.215¢e-4 300 300
DeepESN 5.853e-4 100 300
IFESN 4,958 e-4 2 383
GESN 3.521e-4 50 300
PSO-ESN 3.081e-4 50 300
PMESN 2904 e-4 50 164
IRESN 2.727e-4 300 148

SC-ESN 2.173 e-4 1003 48

=4 A[EHER Lorenz B8] 517N 45 SR EL 4%

W 52 fik 2R

A (RMSE) Wi s
ESN 4.177e-4 300 300
DeepESN 4.019e-4 100 300

IFESN 3.702e-4 2 87
GESN 1.789 e-4 50 300
PSO-ESN 1.590e-4 50 300
PMESN 1.588¢-4 50 196
IRESN 1.362¢-4 300 165

SC-ESN 1.321e-4 100x3 58

MR 3FIFK 4 0] LLFE H, SC-ESN 7E MG #l Lorenz
FPEAE A D i 2 TG TR R, TR 22 RMSE
57 b L Ath 00 A5 2R IG5k MG 085 1T 7 : SC-ESNAY
5 48 N 22 T, AN 7 BEA i 2 1116 %o, FL T 5% 22
RMSE Lt A% 48 ESN 2 15 T 65 %o, AH Xt T f5 A8 T I A5
A IRESN # &= T 20 %; 1fij Lorenz 3 #f %, SC-ESN 1Y
5 58 AN 22 7T, AN 7 BEA i )2 11 20 Yo, FE TN 1 22
RMSE AL SE ESN #2517 68 Yo, AHX T 45 ¥4 f AL
IFESN 2 5 T 64 %o, %t - e A8 7001 4 7 IRESN #2
11 3 %, Ut B SC-ESN REHE i W 25 [ 14 G, I H 38 1
g )2 ] DA AS [T 55 75 SR 2E A7 A0 B ) 45 # A 4.
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PM 2.5 PR B/, AT DLTE 28 S B VR AR K B 1], 24
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1= 0.9, Wi Z = 0.01.
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FH 1] 7 A 8 \T LA Y, A SCHE H 19 SC-ESN 45
A% PM 2.5 4 1 SR8 B AR s 40L& B2, s T
PM 2.5 [¥)7E 3, [F] I T30 5% 22 /0, AT 3 B A B 28 1)
T R B

T I8 AIE SC-ESN P B, 75 PM 2.5 %3
£, SC-ESN XA A it J2 R~T T ESN AR AL 25 S tn
SHiN. ISREG 25 ] DUE Y, i )2 1) i 28 RT#EAS
() FE ek /N, 24 R BN i S g AT AL, i )2 ()
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k. 17 il o A RS 0000 3 . B B B v i 80 %o [ i

%5 ETSC-ESNHAREEERTRIFMm (PM 2.5)

2 BHIIRE RMSE) B

R TEE A% R &1
100 x 1 0.0601 0.1022 99 (1)
200 x 1 0.0524 0.0596 198 (2)
100 x 2 0.044 8 0.0519 90 (110)
200 x 2 0.0365 0.0609 190 (210)
100 x 3 0.0340 0.0511 59(241)
200 x 3 0.0264 0.0554 150 (450)
100 x 4 0.0319 0.0530 64 (336)
200 x 4 0.0247 0.0542 143 (657)
100 x 5 0.0301 0.0529 68(432)
200 x 5 0.0203 0.0509 139(861)

6 IEHEEIPM 2.5 (8] B 5 TN LE RECE

o 24 e 2 28

LAY (RMSE) VIt s
ESN 0.063 1 300 300
DeepESN 0.0527 100 300
IFESN 0.0349 2 120
GESN 0.0454 50 300
PSO-ESN 0.0401 50 300
PMESN 0.0397 50 187
IRESN 0.0372 300 158

SC-ESN 0.0340 100x3 58

JE R E T, B T AR A A TS B 4 ook AT I,
TOUI T REAS B4R . 5 AN () 00 T ASE B gk AT 0T L,
% 6 T 7~, SC-ESNAX 75 59 AN 41 48 76, AN |5 ANt 2
£ 20 Yo, T35 22 RMSE EU A% 48 ESN #2551 T 46 %,
FESK T 485 1) B 17 Ao AR B A1 TR0 A5 B TFESN 2 i T
2 %, 15t B SC-ESN B 7E fix ] #4145 25 7 B %
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