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Computing with soft robotic arm?




Ccontents

1. 10/31: Reservoir computing

Nonlinear dynamics as computational device

2. 11/7: Physical reservoir computing

Soft body dynamics as computational device

The report topic will be announced at the
final lecture (11/7)!
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Octopus arm computer

Ommdafi @5 s (2020 6 )

BR AlOBE

NG I A
A a—2A—

FOBREEDY, BRI THMTEHZT@TS

FEHRCEMDO G EOWRROBEERBLTHEL
AR FTHRPRERGTTIHEHEEFHDBBLE

R AT
o PRRES T wsonn)

FARIAVEA—F~ SIORBWEN
TY REGTRANGEDECLY, ATOZD
2. ASORMGHTEMST, BRZHAS
EEYET S,

m swissinfo.ch

Swiss perspectives in 10 languages

Next generation of
robots will have a gentle
touch
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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.

buiindwioy 110n1a59Y

ISSN 1619-7127
ISBN 978-981-13-1686-9

9 739811’316869“

» springer.com

@ Springer

Nakajima, K., & Fischer, I. (Eds.). (2021). Reservoir Computing: Theory, Physical
Implementations, and Applications. Springer Nature.
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Introduction to Science of Soft Robots RyumaNi'yama
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Recurrent Neural Networks
Feedforward NN (FNN) vs Recurrent NN (RNN)

Input O O  Output
A~ ™
O S0 i O
e
e ™
O 3 :/,O
O O

A Activation is fed forward from
Input to output via hidden layers

A Can approximate arbitrary
nonlinear static maps with
arbitrary precision

A Static (e.g., image processing)

Inpg{ Ca/O gtput
N %O
A Yy
O O >0
N \O& / P~

AHas at least one cyclic path in
synaptic connections (memory)

A Can approximate arbitrary
nonlinear dynamical systems

with arbitrary precision

ADynamic (e.g., prediction tasks
for time series)



Reservoir computing: basic Eettings

Reservoir

33:12 — f(z wijxi—l + fwgnuk)
j=1

M
W, Yk = Z w,, T, @A) OA IE
Win i=0
L readout - Adjust only the
____________ readout!
\\ W (d®) &
: \ Usew for
Inputs _ \ outputs l information processing!
H. Jaeger et al., Science, Vol.304.
no.5667, pp.78i 80 (2004). W W

(Good points)
ALearning is fast and stable!

AFeasible for physical platform.

(Computational power)

4 _ _ )
ANonlinearity
AMemory




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): 25311 60, 2002.
Information Technology (2001).

_ W. Maass, & H. Markram, H. Journal of computer
H. Jaeger et al., Science, Vol.304.

5667 787 80 (2004) and system sciences, 69(4), 593-616, 2004.

no. , Pp. 7ol )

Herbert Jaeger Early 2000  Wolfgang Maass

A Randomly coupled network A Often assume space E¥&

A Artificial neural network A Pulse neuron 3
(Sigmoidal function) A Neuroscience oriented g

A Engineering oriented

\(fonceptlon in around
2005!

Let us unify the approach in the same umbrella!

Reservoir computing

e . 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
AOpen-loop

By attaching the readout weights,
multiple functions can be emulated

multitasking

simultaneously! nput
W o W N .
Taly [N u T 1y [0 LI e
RULH P qem 1 i e i
AT} ) O R IRl N F A R AN

W. Maass et al., Neural Comput 14 (11): 25311
60, 2002.

AClose -loop

' feedback

w loop

(e.g. FORCE learning, Innate learning)

Sussillo, D., & Abbott, L. F. (2009). Neuron, 63(4), 544-557.

*On-line learning

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
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detection of a switch in spatial distribution of rates

1 1
| 1
coincidences: inputs 1 & 3, last 75 ms
~ . ,
- \ \ ’\
coincidences: inputs 1 & 2, last 75 ms
\
- A
)
T h) T T 1
o] 0.5 1 1.5 2
time [sec]

teacher forcing

readout

target outputs

W +noise
W +noise
W +noise

Disconnect
the loop!



Soft sensing using material dynamics

. A, os
Laser displacement meter o 7T 04
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Solutions for your journey

reservoir target=—=  case3 reservoir—

. Adjust the
input weights

pressure

o
Pressure
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SR
R. Sakurai, et al., Proc. of 2020 3rd IEEE RoboSoft, pp. 710-717, 2020. 3 7 120
W. Sun, et a'., Proc. of 2022 IEEE 5th RObOSOft, PP. 409-415, 2022. 49000 4gb50 49‘100 49L150 49200
N. Akashi, et al., Adv. Intell. Syst. 4: 2200123 (2022). timestep
target —— case3 linear regression case3 reservoir —

A Emulating a laser displacement meter in a high precision!

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



Reservoir computing meets flexible sensors

Umbrella I

Flexible rairT sensor with
superhydrophobic surface

Umbrella

. . Water
droplet

4 ind velocity ~0 m/s

multi -tasking!
0.1 Reservoir node: 50

Input magnitude

Spectral radius

. NMSE average

T " ﬁ'\"
JEGANR p
'l,‘ ‘ 5 f"'?‘:","'z' N

Wind velocity ~2.5 m/s

—— 40 uL

0.15

—— 20 L
——30L
ind velocity ~5 m/s — 40 pL

—— 10pL ]

0 5 10 15
Time (ms)

0 5 10 15
Time (ms)

0 5 10 15
Time (ms)

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., WaterZDynamics 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
J\ /L | J\ /L CPG model
[ | | (spinal cord) )
: < walking
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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.

A Locomotion through central pattern generators!

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



Locomotion control: emulating oscillators
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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), eabb39809.

,gbo o OA[MHE® OprAR O 0)
a0 = e0

Training
readout
Weights

with RLS

.1_




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

Output patterns

T T BB

i input (three)
TR "

t=1.0

TR cip
WWWWWWWW 1 Readout
P | =
! I

! I

En o | ()]
* (&S ()]
! I

AN | -

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

: - (from 10 nodes) ‘e==—m—-—aaa /
H |g h Operabllltyl K. IrlolLée;uKA.f I\Izatl)klaéima, Y. Kuniyoshi, in Proceedings of NOLTA2018,
pp. -414, .




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)  4(5)

Output patterns

chaotic ESN

(pre-trained)

A Internalizing the external control through feedback loop!

A 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), eabb3989.




Designing spontaneous behavioral switching

transition
7 N\ W
behavioral pattern

(

ﬁStep 1: Behavioral patterns N
AStep 2: Periodic transitions among the patterns
(challenge: embed timer )

AStep 3: Random transitions among the patterns
K (challenge: embed timer + random number generators ) /

Step 3 Is related to chaotic itinerancy!



What Is chaotic itinerancy?

S B phase space First found 1 n
I A " AOptical turbulence
[K. Ikeda et. al., 1989]
= | #;-—h-dlmmmrlul
A " N e, AA globally coupled
/ 1 chaotic system
X [K. Kaneko, 1990; 1991]
righ- dmension ANonequilibrium neural
e " networks
[Kaneko, Tsuda, 2003] [I. Tsuda, 1991; 1992]
FIG. 1. Schematic reprezentation of chactic ihmerancy.
(Features)
AFrequently observed in high-dimensional Propose a
nonlinear dynamical systems - scheme to

ASeemineg random transitions among
guasi-attractors

design CI!




Spontaneous behavioral switching in robots

Behavioral switching
Right to Left (50 %)

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

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

Left to Right (50 %)

Vertical

-1.0 . 1.0
Horizontal

Namikawa, J., Nishimoto, R., & Tani, J. (2011). A
neurodynamic account of spontaneous behaviour. PLoS
computational biology, 7(10), €1002221.

Network architecture

Activation dynamics of the unit
ngher-level networB\(TS; 20) et = —u+ W) +1

Or—-o‘_o "\\0
Q‘Daé_\c[.&;\o T : time constant (x is s, m, or f)
/
t v

u : potentials of neural units
4 o A—-—O-\‘
(4]
-

W weight matrix
[ activation function of the unit
I
Middle-level network (T, = 20)

: bias vector

Gate

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

§—

Lower-level network (T = 2)

3 y ' (modular networks)

ADeterministic chaos self-organized to generate

stochastic processes.

AUsing hierarchical modules beforehand!



Switching patterns autonomously

Adjusting feedback loop
(softmax)

fsoftma.x (33)

\
I
I
I
I
I
I
I
I
I
!

o

Symbolic
dynamics

(periodic)  4(5)

Output patterns

chaotic ESN

A Internalizing the external control through feedback loop!

A 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), eabb3989.




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!



*Prer eqruapsriacuc inb |

(target function) (reservoir computing)
W Q6 b B
N
e WA wt We want to emulate
[QOI”O B ] ](Iearn) f un

(prerequisite)

AReproducible response to the same input sequence!
AReservoir states should not depend on the initial condition!

6 hh B

(echo state property (ESP))

(common-signal-induced synchronization/

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

E.g.) w -0 0
( ‘) O -0 E ( ‘) O
lEO Mo ] Independent of initial state
CooTYF ¢ 0 M B
E.g.) w w O
(P 6 6 E (p ©
No ESP
= O o FB FIJL) WQ

[AChaotic dynamics, | i mi-Ht cchI




General solution of ® Qo ho
h B}, eg Oggﬁo hQ

Has ESP. It can be reliably used as reservoir!
Aeg ~ Omhi hQ
No ESP. Depends on both initial state and inputs.
Aeg ~ Oghd ghto hO
_NoESP. Mul ti1 pl e 1T nputs cas

[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:

ASpontaneous 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), L0O32058.

Alntroduce time invariant transformation

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

ADesigning 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.

AChaotic 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:

ASpontaneous 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.

Alntroduce time invariant transformation

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

ADesigning 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.

AChaotic 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., Imal, Y., Tsuneqi, 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
® ~N @ ® B f(:l: )_’ [
AN - : L
& L ® L
(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
el
S RS R
X
0.0 —
Xt __ [Tt COS 9,5
;]  \resiné, Degree of input
- () 1 2 mm 3

Te4l = Pre + (4 ouy

ANon-ESP reservoir is still processing inputs!
Almproving 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.

ATime-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







