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Computing with soft robotic arm?
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Nonlinear dynamics as computational device
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Soft body dynamics as computational device
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Natural Computing Series
Kohei Nakajima - Ingo Fischer Editors

Reservoir Computing
Theory, Physical Implementations, and Applications

This book is the first comprehensive book about reservoir computing (RC). RC is a
powerful and broadly applicable computational framework based on recurrent neural
networks. Its advantages lie in small training data set requirements, fast training,
inherent memory and high flexibility for various hardware implementations. It

'sp3 Jaysiy - ewifeyey

originated from computational neuroscience and machine learning but has, in recent
years, spread dramatically, and has been introduced into a wide variety of fields,
including complex systems science, physics, material science, biological science,
quantum machine learning, optical communication systems, and robotics. Reviewing
the current state of the art and providing a concise guide to the field, this book
introduces readers to its basic concepts, theory, techniques, physical implementations

and applications.

®
The book is sub-structured into two major parts: theory and physical implementations.
Both parts consist of a compilation of chapters, authored by leading experts in their
respective fields. The first part is devoted to theoretical developments of RC, extending —
the framework from the conventional recurrent neural network context to a more

general dynamical systems context. With this broadened perspective, RC is not
restricted to the area of machine learning but is being connected to a much wider class
of systems. The second part of the book focuses on the utilization of physical dynamical
systems as reservoirs, a framework referred to as physical reservoir computing.
A variety of physical systems and substrates have already been suggested and used
for the implementation of reservoir computing. Among these physical systems which
cover a wide range of spatial and temporal scales, are mechanical and optical systems,
nanomaterials, spintronics, and quantum many body systems.

This book offers a valuable resource for researchers (Ph.D. students and experts alike)
and practitioners working in the field of machine learning, artificial intelligence,
robotics, neuromorphic computing, complex systems, and physics.
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ISSN 1619-7127
ISBN 978-981-13-1686-9

9 739811’316869“

» springer.com

@ Springer

Nakajima, K., & Fischer, . (Eds.). (2021). Reservoir Computing: Theory, Physical
Implementations, and Applications. Springer Nature.
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Recurrent Neural Networks
Feedforward NN (FNN) vs Recurrent NN (RNN)
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« Activation is fed forward from
input to output via hidden layers

« Can approximate arbitrary
nonlinear static maps with
arbitrary precision

« Static (e.g., image processing)

« Has at least one cyclic path in
synaptic connections (memory)

« Can approximate arbitrary
nonlinear dynamical systems
with arbitrary precision

« Dynamic (e.g., prediction tasks
for time series)



Reservoir computing: basic settings

T __ ij .7 i
Reservoir L = f(E :w L1 +wmuk)
Jj=1
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Y = D Whth, f(x) = tanh(x)

1=0

, readout  Adjust only the
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information processing!
H. Jaeger et al., Science, Vol.304. outputs g J
no.5667, pp.78-80 (2004). 5} — XWout

(Good points) (Computational power)

e
- Learning is fast and stable! * Nonlinearity
 Feasible for physical platform. & Memory

J




Two representative models in RC

Echo state network Liquid state machine

H. Jaeger, Tech. Rep. No. 148. Bremen: W. Maass et al., Neural Comput 14

German National Research Center for (11): 2531-60, 2002.

Information Techno!ogy (2001). W. Maass, & H. Markram, H. Journal of computer
H. Jaeger et al., Science, Vol.304. and system sciences, 69(4), 593-616, 2004.
no.5667, pp.78-80 (2004).

Herbert Jaeger Early 2000 Wolfgang Maass
- Randomly coupled network - Often assume space B4
- Artificial neural network * Pulse neuron

(Sigmoidal function) * Neuroscience oriented &

* Engineering oriented

\(fonceptlon in around
2005!

Let us unify the approach in the same umbrella!

Reservoir computing

ra . Benjamin Schrauwen,
* Similar architectures can ;
be found at least in 1990. Joni Dambre

Jaeger, H. (2021). In Reservoir Computing. (University of Gent)

Springer Nature.




Typical settings
* Open-loop

(

multitasking ||

By attaching the readout weights,
multiple functions can be emulated

simultaneously! nput
WEm m 0 Wi N0 e men
I 1murr  rr mi 11 TIOmm non
ROEH T wem 1 e (e nmn
I 1l TER e 1 TR o 1 nm
Xp+1 = f(xp, ug)
reservoir

Vi = P(xx)

W. Maass et al., Neural Comput 14 (11): 2531—
60, 2002.

* Close-loop

~ _ ~ o~ W, learning
Xrr1 = [, Ug) | Wi \ —)
Uy = P(Xg)
_______ O
feedback | = g(yi) Vi
*On-line learning Yk loop Vier1

(e.g. FORCE learning, Innate learning)
Sussillo, D., & Abbott, L. F. (2009). Neuron, 63(4), 544-557.

YVik+2

sum of rates integrated over the past 30 ms
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sum of rates integrated over the past 200 ms
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detection of a spatiotemporal pattern

iy i1
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0
detection of a switch in spatial distribution of rates

0.5 ! 1
| 1
0
spike coincidences: inputs 1 & 3, last 75 ms
14
0.5 = . ’
- \ \ ’\
0 4 " ~—
spike coincidences: inputs 1 & 2, last 75ms
1+
\
0.5 £ NR
s 1
0 ‘ A : ‘ .
0 0.5 1 1.5 2
time [sec]

teacher forcing

readout

- y_target outputs

Yk+1 +noise
Yk+2 +noise
Yk+3 +noise

Disconnect
the loop!



Soft sensing using material dynamics
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©
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SR
R. Sakurai, et al., Proc. of 2020 3rd IEEE RoboSoft, pp. 710-717, 2020. g 120
W. Sun, et al., Proc. of 2022 IEEE 5th RObOSOft, PpP. 409-415, 2022. 49000 4gb50 49‘100 49‘150 49200
N. Akashi, et al., Adv. Intell. Syst. 4: 2200123 (2022). timestep
target = case3 Ii_near regression case3 reservoir —

« Emulating a laser displacement meter in a high precision!

» Using conducting rubbers and do not need to attach the rigid
sensors!



Reservoir computing meets flexible sensors

T Ssa—— : f Water multi-tasking!
: > Wind droplet 0.1, Reservoir node: 50
/l _______ I\ \ '
/ e 5 Estimati4 5
/” \\ ~ v ‘E
’/ \ (\ -
" ‘ N e g
11’ \\ ,'" 7NN
P s \ l .\‘\\\ ! £
/” \\ \ (,‘\. =
" . \ e ..’-\\A/ '“) g_
. c . S [ — . Reservoircomputing <
i Rain (water) droplet. . a4 - E =
E g , E s Sensor data 20_1 ) 15
: | I\ Spectral radius
i Flexible rain sensor with E o
! superhydrophobic surface I
: Umbrella : Time (s) N 0.06 NMSE averaqe0'15

— 10pL |
— 20 L
2 18 —— 30 L
0 IWind velocity ~0 m/s — 40 pL " Wind velocity ~2.5 m/s - 40 pL . ind velocity ~5 m/s — 40 pL
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S. Wakabayashi, T. Arie, S. Akita, K. Nakajima, K. Takei, A multi-tasking flexible sensor via reservoir computing,
Advanced Materials, 2201663, 2022.

N. Seimiya, K. Uehara, et al., Water-Dynamics Monitoring Using a Flexible Resistive Sensor and Reservoir
Computing. Small, 2407698, 2025.

Multi-tasking is easy and learning is quick!



Designing locomotion patterns and switching them

d MLR d <— Brainstem
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Coupled nonlinear oscillators

lispeert, A. J., Crespi, A., Ryczko, D., & Cabelguen, J. M. (2007). From swimming to walking with a salamander robot driven by a
spinal cord model. Science, 315(5817), 1416-1420.

« Locomotion through central pattern generators!

« Switching the locomotion patterns via external stimuli! (e.g., sensors or
external controllers)



Locomotion control: emulating oscillators

ﬁcime constant, \

Z ( t) x: network state, x € RV
g:nonlinearity parameter
W (g > 1:chaotic)

1
J: N X N matrix, J NN(O'N>

) . . . . N
Uip: input function, uj: R - R

Training
readout
Weights

with RLS

Ufeed: N X 1 matrix, ufeed~[—1, 1]

Weadout weights, N x 1 matry

Inoue, K., Nakajima, K., Kuniyoshi, Y. Proceedings of NOLTA2018, pp. 412-414, 2018.

Inoue, K., Nakajima, K., Kuniyoshi, Y. (2020). Designing spontaneous behavioral switching
via chaotic itinerancy. Science Advances 6 (46), eabb3989.

dx(t)
T

= —x(t) + tanh(gJx(t) + Ugapqz(t) + Uy (1))
z(t) = wlix(t)



Designing attractors according to inputs
(e.g., embedding CPGs into dynamics)

Output patterns

T T DIGI®

| input (three)
T \

t=1.0

TR cip
WWWWWWWW 1 Readout
_ 4 X
TV |
! I

| | I
! I

WA & -

-4 -3 -2 -1 [¢] 1 2 3 4 : Output patterns :
Input commands (three) ESN dynamics | (attractors) |

: 1 (from 10 nodes) ‘~=—=——m——a- /
H IJ h ope rabil Ity' K. Inoue, K. Naok1aéima, Y. Kuniyoshi, in Proceedings of NOLTA2018,
pp. 412-414, 2018.




Switching embedded patterns in a
periodic manner

Adjusting feedback loop
(softmax)

fsoftma.x (':C)

A
I
I
I
I
I
I
I
I
I
]

o

Symbolic
dynamics

(periodic)  *(5)

Output patterns

chaotic ESN

(pre-trained)

* Internalizing the external control through feedback loop!

» Should estimate the duration of time for each pattern (switch
In appropriate timing) using the same reservoir!



Step 2

Periodic symbol
transition

Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous behavioral switching
via chaotic itinerancy. Science Advances 6 (46), eabb39809.




Designing spontaneous behavioral switching

transition
7 N\ W
behavioral pattern

(

(Step 1: Behavioral patterns N
» Step 2: Periodic transitions among the patterns
(challenge: embed timer)

« Step 3: Random transitions among the patterns
\_ (challenge: embed timer + random number generators) -

Step 3 is related to chaotic itinerancy!



What is chaotic itinerancy?

Schematlc Reprezentation of Chaotle Rinerancy

in phase space F|rSt fOUﬂd |n

SR "« Optical turbulence
[K. Ikeda et. al., 1989]
high-dimensicnal
chaos | + Aglobally coupled
chaotic system
Xi2) [K. Kaneko, 1990; 1991]
high-dimensions! * Nonequilibrium neural
T - networks
X [Kaneko, Tsuda, 2003] [I. Tsuda, 1991; 1992]
FIG. 1. Schematic reprezentation of chactic ihmerancy.
(Features)
* Frequently observed in high-dimensional Propose a
nonlinear dynamical systems - scheme to

« Seemingly random transitions among
guasi-attractors

design ClI!




Spontaneous behavioral switching in robots

Behavioral switching
Right to Left (50 %)

| Right to Center (50 %) Left to Center (50 %)

B —

Center to Left (50 %)

T Center to Right (50 %)

Left to Right (50 %)

[

Vertical

|

BOW W ‘
‘ i

. 1.0
Horizontal

y‘ “
” 4

Namikawa, J., Nishimoto, R., & Tani, J. (2011). A
neurodynamic account of spontaneous behaviour. PLoS

computational biology,

7(10), €1002221.

Network architecture

Higher-level network(Tg 2 20)

(O

=N

o

Iy

~

t v

ER

Middle-level network(T,, = 20)

Activation dynamics of the unit
T4 =—u+Wflu)+1

T : time constant (x is s, m, or f)
u : potentials of neural units

: weight matrix

[+ activation function of the unit
I : bias vector

Gate

S(t+1), M(t+1)

éLower-Ievel network (T, = 2)
; (modular networks)

* Deterministic chaos self-organized to generate

stochastic processes.

 Using hierarchical modules beforehand!



Switching patterns autonomously

Adjusting feedback loop
(softmax)

fsoftma.x (33)

\
!

-—-----‘,
\-----#

Symbolic
dynamics

(periodic) u(s)

Output patterns

chaotic ESN

Internalizing the external control through feedback loop!

Should estimate the duration of time for each pattern (switch
In appropriate timing) using the same reservoir!

Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous behavioral switching
via chaotic itinerancy. Science Advances 6 (46), eabb3989.



Step 3
Designing

chaotic itinerancy

Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous behavioral switching
via chaotic itinerancy. Science Advances 6 (46), eabb39809.




Learning bifurcations from limited examples through
extrapolation

a Training b Predictionc: 0 — 5 c Prediction ¢: 5 — 0 d Predictionc: 0 — 5
p=23
p=24
X3 5
\ |
\/ ‘ c
X, 0
Xl
e f

Training on 1-cycle

// i \(_\ 5|
(/’v/ e e
- \ r
= SN

N 955 - L

2-cycle (not trained)

100.3 —— > 998 .
Predicted

1 1002 —— X3 redicte
% 1001 —— " _ . : 1 . J ]
’ 100.0 e p: 100.3 100.0 99.7 99.5 99.57 99.53

X c: 0 3 6 8 R 7.7

Kim, J. Z., Lu, Z., Nozari, E., Pappas, G. J., & Bassett, D. S. (2021). Teaching recurrent neural networks to infer global
temporal structure from local examples. Nature Machine Intelligence, 3(4), 316-323.

* Only by learning several attractors, the reservoir
system can learn entire bifurcation structure!



*Prerequisite: “reproducible response”

(target function) (reservoir computing)

{ Xp+1 = f(Xp, ug)

S

= g(uy,, Up_+, ... A
Vierr = (e ez, ) Vi1 = Y(Xp+1)
N .

T W tt lat
Qe ) 2 P(Easr) | (oo

(prerequisite)

* Reproducible response to the same input sequence!

* Reservoir states should not depend on the initial condition!

f(ka uk) - f(x;k(’ uk) ~0 «— X = ¢(uk—1'uk—2' )

(common-signal-induced synchronization/ (echo state property (ESP))

Negative conditional Lyapunov exponents) H. Jaeger, GMD Technical Report. 148 (2001).
l. B. Yildiz, et al., Neural netw. 35 (2012).

Z. Lu, B. R. Hunt, E. Ott, Chaos 28, 061104 (2018). G. Manjunath, et al., Neural comp. 25 (2013).



One dimensional and linear examples

1
E.Q.) X1 = — 35Xk + U

1 1 1

k-1 k-1
= (3) tugey — U+t (=5) uo

1 K= oo Independent of initial state

1
Xpg = Upq — T Up—p oo
f s Xk = ¢(uk—1'uk—2"")

E.Q.) X41 = —x + ug
xp = (D g Fup g =y + o+ (D g
No ESP

X = P(Ug—1, Ug—2, -, X0, K)

[- Chaotic dynamics, limit cycles, trends, noise, ... No ESP! J




General solution of x;.1 = f(xg, ug):
U, = {uk—l)uk—Z' ""uO}l Xk= ¢(uk' xO'k)

e X= P(uy)

Has ESP. It can be reliably used as reservoir!

* Xp= P (U, xo, k)
No ESP. Depends on both initial state and inputs.

_ /
* Xp= Pp(uy, Uy, X, k)
_ No ESP. Multiple inputs case, such as noise...

Are these dynamics useless for computation?
-> Recent hot topic!

Kubota, T., Imai, Y., Tsunegi, S., & Nakajima, K. (2024). Reservoir Computing Generalized. arXiv preprint arXiv:2412.12104.

Kubota, T., Takahashi, H., & Nakajima, K. (2021). Unifying framework for information processing in stochastically driven
dynamical systems. Physical Review Research, 3(4), 043135.



Chaos and Lyapunov exponent

1d-DS x(n+1) = f(x(n))

How the tiny distance expands through n iteration x(r) +o(1)

()| = |6(0)[e*"

1 [e(m)]
A=—In
|16(0)] = 0,n — oo < Ol =1lo(0)| e

UIEON )

(Wikipedia)

» Sensitive to initial condition!

« Small perturbation expands exponentially,
characterized by positive Lyapunov exponents!



Echo-state network (ESN) ESN

» number of nodes : N Input

» state of neuron i att : x;(t)

» action potential of neuroni att : a;(t)

* input : u(t)

» internal weights : w;; [Spectral radius of W o }
N

W) = A, o,
* Input weights : w;, p(W) = max{|4,|

» activation function : f(a) = tanh(a)
» dynamics :

Xt +1) = fa(®), a®) = Z Wity (£) + Wint(£)

Jaeger, H. (2002). Tutorial on training recurrent neural networks, covering BPPT, RTRL, EKF and the" echo
state network" approach (Vol. 5, p. 01). Bonn: GMD-Forschungszentrum Informationstechnik.



Bifurcation of ESN and its memory capacity

25 1 1 L L 1 1 L 1 1
0 02 04 06 08 1 12 14 16 18 2

-. c _ log(s 2)_
_|chaos _ N (=13 3) (Input scaling)

A" 4 (C  Cis maximized around
i the bifurcation point!
[ log(sz). (C is normalized in the left plots)
“l _.="(Input scaling)’

I 1
6 -5 -4 -3



Attempts to use chaotic dynamics:

» Spontaneous behavioral switching

Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous
behavioral switching via chaotic itinerancy. Science advances, 6(46), eabb39809.

Kabayama, T., Komuro, M., Kuniyoshi, Y., Aihara, K., & Nakajima, K. (2025).
Crisis-induced intermittency in reservoir computing. Physical Review
Research, 7(3), L032058.

e Introduce time invariant transformation

Kubota, T., Imai, Y., Tsunegi, S., & Nakajima, K. (2024). Reservoir Computing
Generalized. arXiv preprint arXiv:2412.12104.

* Designing shape of chaotic attractors

Kabayama, T., Kuniyoshi, Y., Aihara, K., & Nakajima, K. (2025). Designing chaotic
attractors: A semisupervised approach. Physical Review E, 111(3), 034207.

* Chaotic dynamics as deep NN

Liu, S., Akashi, N., Huang, Q., Kuniyoshi, Y., & Nakajima, K. (2025). Exploiting
chaotic dynamics as deep neural networks. Physical Review Research, 7(3),
033031.



Attempts to use chaotic dynamics:

» Spontaneous behavioral switching

Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous
behavioral switching via chaotic itinerancy. Science advances, 6(46), eabb39809.

Kabayama, T., Komuro, M., Kuniyoshi, Y., Aihara, K., & Nakajima, K. (2025).
Crisis-induced intermittency in reservoir computing. Physical Review
Research, 7(3), L032058.

e Introduce time invariant transformation

Kubota, T., Imai, Y., Tsunegi, S., & Nakajima, K. (2024). Reservoir Computing
Generalized. arXiv preprint arXiv:2412.12104.

* Designing shape of chaotic attractors
Kabayama, T., Kuniyoshi, Y., Aihara, K., & Nakajima, K. (2025). Designing chaotic

attractors: A semisupervised approach. Physical Review E, 111(3), 034207.

* Chaotic dynamics as deep NN

Liu, S., Akashi, N., Huang, Q., Kuniyoshi, Y., & Nakajima, K. (2025). Exploiting
chaotic dynamics as deep neural networks. Physical Review Research, 7(3),
033031.




Generalized RC

Kubota, T., Imai, Y., Tsunegi, S., &
Nakajima, K. (2024). Reservoir
Computing Generalized. arXiv preprint
arXiv:2412.12104.




RC generalized through time-invariant transformation

a b _ Time-
Input Reservoir Output Input Reservoir Invariant  Cutput
Transformation
L ® ® @
® ~ @ ® — R
.- P I fle)
& & ® &
(o State T+ Yy Uy State &y without ESP Y,
Time-Invariant .
' ' ' Output
Oscillatory Dynamics Rreservow State :ft Transformation _ put y R
(X, o) 050
ool
PSS
S LS e
X
0.0 —
Xt __ [Tt COS 9,5
;]  \resiné, Degree of input
Ti41 = Pre + [+ Uy =0 1 2 -3

* Non-ESP reservoir is still processing inputs!
* Improving ESP at readout layer!



ESN example with DNN readout

C ESN without ESP

Yy
230 s

115 B

Kubota, T., Takahashi, H., & Nakajima, K. (2021). Unifying framework for information processing in stochastically driven
dynamical systems. Physical Review Research, 3(4), 043135.

 Time-invariant transformation using DNN!



Echo State Networks
with Time-Variant States

Solving NARMA10 Task




Emulating Rossler attractor with Lorenz 96

Rdossler
Ui
U2
U

Lorenz 96




18t Attractor Embedding Task:
Rossler Model into Lorenz 96




2"d Attractor Embedding Task:

Lissajous Curves into Lorenz 96




Emulating KS model using Lorenz 96
| et

. 2.5
d Training phase _____ Lorenz 96
- = 0.0
3 -2.5
u [T g — 9
......... m u
2
A
~
........ O
2.5
g 0.0
=
=
) —2.5
o> —|
1 u
-
&
'®) 11
0

* Emulating spatiotemporal chaos using spatiotemporal
chaos!



3rd Attractor Embedding Task:
Kuramoto—Sivashinsky Model

into Lorenz 96




note

« Experimenters of PRC are already introducing the
time-invariant transformation unconsciously in the
name of post-processing (detrending, Hilbert
transformation, noise averaging, etc.)

* Time-invariant transformation can be considered
as a generalization of these post-processing
procedures.



Designing the shape of
chaotic attractor

Kabayama, T., Kuniyoshi, Y., Aihara, K., &
Nakajima, K. (2025). Designing chaotic attractors:

A semisupervised approach. Physical Review E,
111(3), 034207.




Scheme usmg break down of ESP

cd e f g
Input
Train

Skeleton
C
Cc
MLE
------- 0 <-4 01
RERER= —p S
p(P) p p(E) :
0.0 —-i———-l———-i————l————l—';'— 1 oy e o i o . o S
1.280 1.285 1.290 1.295 1.300

Inner activity

Chaotic trajectory

« “Skeleton” provides template shape and the break
down of ESP brings chaoticity!



Shape of chaotic attractors can be
easily designed!

A; : é \w
« Especially useful when the equation is not there!

 Even with random realization of ESN, success ratio
~ 90% (with Lissajous-curve skeleton)



Cf. Application scenario in control

e Chaotic robot motor command to avoid stuck!4
« Pseudo-periodic signal for synchronization!s!:

@ Periodic-driven system with multiple-period response
€ Replacing driver with weak-chaotic one

& ex. skeleton-driven ESNs vs. ESN-driven ESNs WVWW
Driver Receiver § ' ' ' .
% I : L L

[2] S. Steingrube, M. Timme, F. Wrogotter, and P.  [3] T. L. Carroll and L. M. Pecora, Using
Manoonpong, Self-organized adaptation of a chaos to keep period-multiplied systems
simple neural circuit enables complex robot in phase, Physical Review E 48, 2426
behaviour, Nature physics 6, 224 (2010). (1993).



Crisis induced intermittencv in RC

Kabayama, T., Komuro, M., Kuniyoshi, Y., Aihara, K., & Nakajima, K. (2025). Crisis-induced
intermittency in reservoir computing. Physical Review Research, 7(3), L032058.



Exploiting Chaotic Dynamics
as Deep Neural Networks.

Liu, S., Akashi, N., Huang, Q., Kuniyoshi, Y.,
& Nakajima, K. (2025). Exploiting chaotic
dynamics as deep neural networks. Physical
Review Research, 7(3), 033031.




Natural systems vs Large Language Models

Qutput
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[1] Vaswani, A., et al., (2017). Attention is all you need. Advances in neural information processing systems, 30.

Image from https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4aB45aa-Paper.pdf

Harcourt, Inc.

_ * Trained through huge amount
» Evolved systems according of sentence data (e.g. BERT:

to their ecological niche gg%(ed language modeling

Large language models as a reservoir




Inoue, K., Ohara, S., Kuniyoshi, Y., & Nakajima, K. (2022). Transient
chaos in bidirectional encoder representations from transformers. Physical
Review Research, 4(1), 013204.

Butterfly Behind LLM
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Dynamical system as feed-forward
neural networks

No ESP
Expansion (e.g .y ChaotiC)
Behavior
e 4 ,
® Linear Projection @O

—

Ie Linear Projection
) Separated Output
?o% ’
Data

Linear Projection !
ﬁ QP /%

Combined Output

Dynamical System

Contraction
Behavior

State Evolution

ESP

Expansion property (no ESP) is rather
useful for separation (classification)?



Feed-forward ESN

1) = F(Wz(t))
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* [teration timesteps as layers of deep neural networks
(DNN)!

s W, W,,+are trained through BP
» W;,,determines how to set the initial conditions



Implementing MNIST classification task

t=0 layer

Non-chaotic FFESN
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Iterating step_

t=T layer
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« Memory of initial conditions are rather required!

(= broken down of ESP)
» Chaos generates high separability!



Performance and convergence time

high long
Lyapunov time Lyapunov time
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* Lyapunov time characterizes the optimal timesteps
(layers) of the network in chaotic region



High performance similar to DNN

System High.(7%) Avg.(7)
Linear Regression 92.52 92.48
MLP (N = 500) 97.53 97.45
FFESN (p = 0.9, N =500, T = 1) 08.16 98.08
FFESN (p = 1.0, N =500, T =1) 98.26 98.12
FFESN (p = 1.8, N =500, T = 2) 98.34 98.23
Lorenz 96 (F = 0.5, N = 500, T' = 0.4) 98.29 98.17
Lorenz 96 (F = 4.75, N = 500, T' = 0.2) 98.20 98.02
CNN (N = 600) 98.77 98.69
CSTOs (N =600, Acp, = 17.8 Oe, T = 300 ps) 98.43 98.33
Deep CSTOs (Acp = {10,0.1,10}, T" = 100 ps) 98.56 98.33
CNN + CSTOs (N = 600, cp = 745 Oe, T' = 200 ps) 99.05

99.00

MLP and CNN all have only one hidden layer with N neurons.

» Chaotic dynamics has a potential to be used!



To be continued on 11/7
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