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Computing with soft body dynamics?
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Soft robotics text books
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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
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.

ISSN 1619-7127
SBN 978-981-13-1686-
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Reservoir computing:
basics



Recurrent Neural Networks
Feedforward NN (FNN) vs Recurrent NN (RNN)

Input O O Output
A ™~
st
"0 -
O 3 ;/,O
O O

« 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)

InputZ CE) .—O gtput
O\:\ %O
o o0
S NN

« 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 Eettings

33:12 — f(z wijxi—l + wgnuk)
j=1

Reservoir

M
W, Uk = Z;wi;ut:v}‘m f(x) = tanh(x)

~Jreadout  Adjust only the
RS readout!

Woue = (XTX) ' XTy

—————————
________
~~~~~~~~~~~~~~~~~~
<

N

\ l Use W,,.for
information processing!
H. Jaeger et al., Science, Vol.304. outputs p g

no.5667, pp.78-80 (2004). Y =XW,,;

(Good points) (Computational power)

 Learning Is fast and stable! f. Nonli T R
* No local minimum problem! oniinearity

» Feasible for physical platform. | © Memory )




Echo-state network (ESN) ESN

« number of nodes : N Input

* state of neuroniatt : x;(t)

* action potential of neuroniatt: a;(t)

* input : u(t)

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

_ | W) = Al o,
« input weights : wy, p(W) = max|A|

e activation function : f(a) = tanh(a)
« dynamics :

it + 1) = f(a®), @) = Z Wiy (£) + Wi ()

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.



Example of ESN dynamics
(N =200,p=09,=001) ., xt+D

0.004
0.002
0
1 0.002
' ' ' ; 0.004
33 | 1 0006
or U t) 0,008 \ . . .
08 I ~#73500 3520 3540 3560 3580 3600
04
03 [ ‘
02 1 ) 0.008 . . : :
0 ; : - 0.006 | ]
3500 3520 3540 3560 0004 |
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X4(t+1)

3520 3540 3560 3580 3600

0.008
0.006
0004 0.21
0.002 0.2

019
0.18
017

0.16 .
3500 3520

3500 3520 3540 3560 3580 3600 3540 3560 3580 3500

gu@®),u(t—1),..) = P(x(t + 1))
* Diverse dynamics within the reservolr!



Linear regression

Reservoir bias eadout N+1 nodes,
(N nodes) k sample data,
outputs corresponding

target data is
obtained!

Wout
(5} = XWout)

Data: X = : wo Target: y =

1 X,% N yk

~
/Wg”t\ 2(3’1 XiWout)2

Weight; w,,,, = | Wout wantip
minimigze !

S = ”y XWout”%/ )

—
5

:2 eee
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1 1
L = 5“)’ — XWoytll® = 5(3’ — XWout)" (v — XWoyt)

1
) YTy =y XWour = WoueXTy + Wi X" X Wy )

aj}L = %(—ZXTy + 2XTXwyye) = 0
out

-1
(note) — LWO”’: = (¥'x) Xy J

. . . N N

 Ridge regression is often used to avoid overfitting.

* Online learning scheme, such as recursive least squares,
can be also used.

\_ J




Typical learning procedures

Step 1. Data collection: Empirically A. Training

observe or artificially construct input- Teacher:
output time series (u(n), d(n)), n=1, 2,
..., I as teacher/training data and collect Model:
corresponding reservoir states i

out

Step 2. Training phase: Utilize teacher _
data to train a readout such that its B. Exploitation

output y(n) precisely reproduces/fits d(n) Input: u(n)
Correct (unknown)

Step 3. Test phase: Evaluate the OUIPUE e d(n)
Model: y(n)

generalization of the trained system, i.e.,

when it receives a different input A /\

sequence u(k) from the training input
sequence u(n) by comparing an output
y(k) with the target output d(k).

Jaeger, H. (2002). Tutorial on training recurrent neural networks, covering BPPT, RTRL, EKF and the “echo state network”
approach (Tech. Rep. No. 159). Bremen: German National Research Center for Information Technology.



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 £
« Atrtificial 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

e . Benjamin Schrauwen,
* Similar architectures can

be found at least in 1990. Joni Dambre

Jaeger, H. (2021). In Reservoir Computing. (University Qf Gen’[)
Springer Nature.




Typical settings

sum of rates integrated over the past 30 ms

14 I r /‘ .
i 054 » L
« Open-loop [ LTIV A ViV
. . /= sum of rates integrated over the past 200 ms
: : multitasking /g 1
By attaching the readout weights, [ TN
. . o
mU|t|p|e funCtlonS can be emU|ated detection of a spatiotemporal pattern
i I Ly 1T
simultaneously! nput ﬂ ,|
R W0 W0 I 0 s —
N mrrm e T w1 detection of a switch in spatial distribution of rates
RULH TIO0E 0nn | | e mmin 14
M (OWE TUROE e (e 1 rm 051 ! \
| 1
— 0
xk+1 - f(xk) uk) spike coincidences: inputs 1 & 3, last 75 ms
. — reservoir "
Vi = Y (xp) s SN
\ | 0- ol < -
W. Maass et al., Neural Comput 14 (11): 2531— | spike coincidences: inputs 1 & 2, last 75ms
60, 2002. [ ']
0.5 - // U\
0 : h) X . ,
o] 0.5 1 1.5 2
time [sec]

* Close-loop

teacher forcing

AN AN P WO t ‘
Xk+1 = f(xk; uk) Wi L ‘ \\—\readout
Uy = P(Xg) b
_______________ <"\ target outputs
feedback - Yk+1 +N0i
= Vi , oise
*On-line learning Vi loop V= 80K %:kﬂ D|sconne|ct Yk+2 +noise
(e.g. FORCE learning, Innate learning) Viess the loop! Yk+3+noise

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



*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) | (e

(prerequisite)

* Reproducible response to the same input sequence!

* Reservolir 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 example

1
E.Q) Xp+1 = =5 X + U

1 1 1

k-1 k-1
w=(-3) tugey — U+t (=5) uo

| B _)100 Independent of k
Xk = Up—1 =5 Uk-—2 T
E.Q.) Xp41 = =X + uy

X = (D g+ =y + o+ (D g
No ESP
(No ESP examples)

e Limit Cycles, chaos (several techniques to use them as a reservoir)
* Non-stationary systems, systems having trends




Encoding memory as dynamics: yi+1 = g(ug -1, )

input output

Yk+1

Memory and
nonlinear
transformation are

within the dynamics!

Yk+1

Grigoryeva, L., & Ortega, J. P.
(2018). Echo state networks are

Random neural networksj universal. Neural Networks, 108,
495-508.




Case 1: Sensor emulations

J. Fonollosa, et.al., Sensors and Actuators B 215 (2015) pp.618-629

400 20
350 - 18 -
Gas 16 | [ I
: 7300 1 T
concentration  £,so .
of Methane £ 200 | 210 :
= . - = 8 -
and Ethylene =™ z -
kil WJ .
=L 2
0 T T T T 0 1 T 1 T
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Time (s) Time (s)
1 1
- ——S01 ——S02 e —
16 chemical gas oS3 su —22? —gig
Sensors e — =515 —s16

(not so sensitive
to Methane and
Ethylene)

Resistance (kohm)
S oWl 1 0D O
Resistance (ohm)
S W R YD
1 | l 1 1

0 5000 10000 0 5000 10000
Time (s) Time (s)

Emulate Methane and Ethylene gas sensors using 16
chemical gas sensors!




inputs

Sensory

values from
16 chemical
gas sensors

Ui

) readout  my|titasking

Reservoir
M 16
* Task Is to emulate Methane and Ethylene {: f(Z wix)_ +zw§g$
sensors out of 16 chemical gas sensors. =1 =1
* Node number is 100, W and W, are Jety iwi L
determined random. Only W, is adjusted. [ — &~

. M
* If Methane and Ethylene were functions of ymeth _ Zwi N
16 chemical gas, then there is a possibility | Ly ontmeth Tl

that the task can be performed f(x) = tanh(gx)
successfully! K /




Task performance

Task performance example (N=100)

250 | f | target _
200 | a SR04 ——
ethy ‘s | -
Ve mojﬁ" HHHH, |'
50 | -
0L ngn 1
50 ' ' ' '
22000 23000 24000 25000 26000 27000

Task performance example (N=100)
20 F target

5 | SR=01 —— |

meth | l |
CRE| B
0t | . | | — . ; .

22000 23000 24000 25000 26000 27000 28000 29000 30000

 Learning Is quick and performance is good.
« Can be used for edge computing device!




Soft sensing using material dynamics

Laser displacement meter

Air
Load cell \

PAM

Pressure
[MPa]

Pneumatic
Cylinder

Input Signals J>

Resistance
[Ohm]

Length
[mm]

L&

\_/ Resistance meter

Output Signal

1000 1100 1200 1300
timestep

target=——  case3 reservoir—

ZRIDGESTONE

Solutions for your journey

reservoir

oy

Adjust the
weights

input
pressure

Pressure
[MPa]

Input Signals

Resistance
[Ohm]

=
u 2 140
N 2 %g 130
R. Sakurai, et. al., Proc. of 2020 3rd IEEE RoboSoft, pp. 710-717, 2020. §4_ 120
W. Sun, et. al., Proc. of 2022 IEEE 5th RoboSoft, pp. 409-415, 2022. 49000 49050 49100 49150 49200
N. Akashi, et. al., Adv. Intell. Syst. 4: 2200123 (2022). timestep

target == case3 linear regression case3 reservoir —

« Emulating a laser displacement meter in a high precision!

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



Physics-informed RNN for indirect sensing

By + K(y —yo) + ¢ - sgn{y} = u

Air pump Displacement meter
Input Output
(a) Motion (b) Platform
pressure length g1 e g
212 s 2% poand /eSS
(force) £ ‘mg £ Boand /i
g 8 0.3§ = 8
g 6] 0.2? g 6 ¢
5 s §af 4
ESN-QZ; 5 : 01 g E > Contract
ESN-2°, s | B
_ ESN-2_ 2% 10 20 w2 4 50 2° o1 o2 03 04 o5
Hybl’ld ESN-29 Time step Input pressure (MPa)
ll:llggrnlg IIEESSE—-S 11 (c) Time sequence (d) Hysteresis loop
LSTIVI—22 Sun, W., Akashi, N., Kuniyoshi, Y., & Nakajima, K. (2022). Physics-
tg;m% informed recurrent neural networks for soft pneumatic actuators. |[EEE

Hybrid LSTM-23 Robotics and Automation Letters.

Hybrid LSTM-2§

Hybrid LSTM-27

GRU-2]

GRU-2

GRU-2]

Hybrid GF%U-25
Hybrid GRU-2

Knowledge-based
approach improves the
e GRU_z;.m 0.015 0.62 0.0=25 0.03 predICtlon accuracy In any
NMSE kind of RNN!




Reservoir computing meets flexible sensors

Umbrella \ e - Water mUIt|'taSk|ng|
| > | Wind  droplet
1
: // Fad 3 ) \ / 0.1.Reservoir node: 50
s OE % Estimation '
228 R , h 4 )
’/,’ \ \\\ ) /'..7(( \\ g
J74 Y P N I
/ ,//1 .- \\ A ;‘ .\\\.\\‘\., “3 g
e ' ' \ Resérv.dicr"‘é‘grﬁ) utin 5
o e e S e ' e 3 " b/v p g g_
Rain (water) droplet [ ﬁ £

Spectral radius
Flexible rain sensor with superhydrophobic surface

)
" : 1

1 1

1 1

: \ i Sensor data 9

1 1

! m : $ 0.1
1 T 1

I 1

i 1

- 1

I 1

1 1

Umbrella
________________________________________ ] . 0.06 NMSEaverag:u—‘:O'15

. . . . . | 7" Wind velocity ~5 m/s — 40 L
0 5 10 15 0 5 10 15 0 5 10 15
Time (ms) Time (ms) Time (ms)

S. Wakabayashi, T. Arie, S. Akita, K. Nakajima, K. Takei, A multi-tasking flexible sensor via
reservoir computing, Advanced Materials, 2201663, 2022.

Multi-tasking Is easy and learning is quick!



Case 2: Locomotion control

d MLR d <— Brainstem

J\ /L CPG model

R | / (spinal cord)

walking

(.|

R

19

PD controller

el

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)



Reservoir settings: continuous time ESN

ﬁcime constant, \

x: network state, x € RV
g:nonlinearity parameter
(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

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

T dz(tt) = —x(t) + tanh(g]x(t) + Upapqz(t) + uin(t))

z(t) = wlx(t)



Embedding three limit cycles
according to corresponding inputs

Output patterns

input (three)

t=1.0

AN 1RNN (N=200) ,

output patterns |

(attractors) |

(from 10 nodes) ‘“emmmmmm—m—a—- ’

High Operability! ] e, nana vy o

M
. Mg I
ARl

Input commands (three) ESN dynamics

—------g



Emulating chaos and spatiotemporal dynamics

» Mackey-Glass attractor
1.5 T :

; i

0.5
0

500 1000 1500 2000 2500
dx(t) 0.2z(t — 1)
dt  1+x(t—7)10—0.12(¢)

» Lorenz attractor (first coordlnate)

20

:ZM\NW\/\N\/\W \ ‘”. \f\| f\

-20

(=]

1
500 1000

dx

E—P(y—l')

dy = —xzZ+rx

dt 4
d

d—i:a:y—bz

[H. Jaeger+, 2004, Science]

Kuramoto-Sivashinsky equation

dy dy d*y dy n (27r33)
— = — — cos(——
at ~ Ydr  dzz  dzt P A\
le ¢ ¢ ¢ w9 ¢ )
T ]
Ri ‘ R; " Rita ‘

T8 Ym@m? 5 & v F

[J. Pathak+, 2018, PRL]



Switching chaotic attractors via sensory inputs

- : S. Steingrube, M. Timme, F. W ~org otter, P.
[DeadIOCk aVOIdanCe Wlth ChaOS ! J Manoonpong, Nature physics 6, 224 (2010).

« Stepl: design two chaotic attractors
« Step2: switch them according to inputs

Lorenz attractor

Chaotic dynamics!
[ )

Closed-loop
A=1
B=-1
 ——
Input \RNN (N=1000)) readout %
A it
LCheCk what is generalized in} o
-15 Liuet al. Chaos,
: " Liu attractor ons and Fractals
different InDUtS! S 22 (%3(354) 1%51—;0:'%8




Lorenz attractor

ESN dynamics (from 10 nodes)

Output patterns

[ 90

[ 80

| 50

[ 30

2 [ 20
= ———— ———— T 10
740.30_2&100 10 20 39 40 —a0 -30 -20 -10 0 10 20 30 40
input: -1.00
t =47
Input commands (-1: Lorenz)
0.0
0.5 1 |
1.0 T T T T
—4000 —3000 —2000 —-1000 0

’__________‘

B

¥
=

Input

RNN (N:lOOO)
Readout

\-----—

output patterns
(attractors)



Liu attractor

Output patterns

[ 90
[ 80
[ 50

[ 30

[ 20

10

o _ap -30 -20 -0 ©0 1o 20 30

Input commands (1: Liu-attractor)

0.0

ESN dynamics (from 10 nodes)

00000

00000

0.5 1

1.0

—-4000 —-3000

—-2000

-1000

Input

~
J

RNN (NZlOOO)
1 Readout

6)

\—-----’

output patterns
(attractors)

’__________‘



Interpolation and generalization

ESN dynamics (from 10 nodes)

Output patterns

[ 80

| 70

| 50

[ 30 =

l_

RNN (N=1000)

Readout I

\
=———— ' 10

—403020.10 ¢ 4 2030 49 _g9 -30 -20 -0 0 1o 20 30 40 . " ————————— \‘
1 1
input: 0.00 : |
t = -4953 —9’000 —3‘000 —7600 —6600 00 I :
0.0 : |
|

5 |
o I | output patterns |

- T T T T I
1o -9000 —8000 —7000 —-6000 —=5000 I (attracto rS) :
\ /

Input commands (-1: Lorenz, 0: no input, 1: Liu-attractor)

Flexible control of attractors




Designing spontaneous behavioral switching

transition
7 N\ W
behavioral pattern

(

4 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

I A "« Optical turbulence
[K. Ikeda et. al., 1989]
= | #;-—h-dlmmmrlul
A " N e, » A globally coupled
/ 1 chaotic system
X [K. Kaneko, 1990; 1991]
high-dimensional * Nonequilibrium neural
e " networks
[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 CI!




Spontaneous behavioral switching in robots

Behavioral switching
Right to Left (50 %)

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

R

Center to Left (50 %)

T Center to Right (50 %)

Left to Right (50 %)

1.0

5 .
RV \Y
g L N S(t), M(t)

A A &
i
1.0
-1.0 . 1.0
Horizontal

| X !

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

Higher-level network(Tg 2 20)

Middle-level network(T,, = 20)

T =-u+Wflu)+1
r _ :‘—O I !
o 0 . .
g ‘) o~ :_:O T : time constant (x is s, m, or f)
- 1 J u : potentials of neural units
W weight matrix
4 »—0Q )
0 3 C[-\o f ¢ activation function of the unit
% — I : bias vector

Gate

§—

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

Lower-level 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)

\
I
I
I
I
I
I
I
I
I
!

o

Symbolic
dynamics

(periodic)  #(5)

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), eabb39809.



t=10 network |
symbol: AAAAAAAAAA |

dynamics
(input ESN)
output '
dynamics _
(3 symbols) network -
dynamics

(chaotic ESN)

symbol dynamics

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



Periodic transitions are embedded!

A Output dynamics B Output dynamics

P ‘

(M, Limate, Lou) = (3, 1000, 1500)
“A-B-C” switching every 2000 ms

Network dynamics

. '3 L P A a4
. Ly ) F : .
. “‘ '-J - \ -- 4
- f X o . ;i . .
. o ) LR 4 TS Y . e~ o, aandeah §
B TR & e PP STINGTR | PN et L.’ Fo3
- o L Ry - %
| r— ;1* v_.n\’ L 3 : o3 ::4!‘ o~ L:.‘_ & "! R s
b3 T T T P %], gy
4 s . LI
w A R+ % _n~“«",“'.
. e R, S v %s

Xin

: (M, Linnate, Lowt) = (10, 1000, 500)
“A-B-C-D-E-F-G-H-I-J” switching every 500 ms
Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Science Advances 6 (46), eabb3989.

XCh

Can harness complex dynamics and design patterns!



Step 3

Designing
chaotic itinerancy

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




Designing transition probabillities

Stochastic pattern 1

=1.0

4000

-0.8
3000

0.6

Period

2000
04
1000
0.2
0
0.0 A B C
1.0
0g 4000
06 3 3000
0 & 2000
1000
=-0.0 0 A B C
A B C

Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Science Advances 6 (46), eabb3989.

Transition probability and duration for each
pattern are designed successfully!



Learn | N g b |fu rCa.tI on Kim, J. Z., et. al., (2021). Nature

Machine Intelligence, 3(4), 316-323.

b

Trainin Predictionc: 0 =5 < Predictionc:5—= 0 d Predictionc: 0= 5
g
p=23
p=24
X3
X3
Feed-back loop
96.5 ® ran
X.' o ® 4
1 £
A
£
I
£
’ Z
X5
True
955 | ®
X5 Predicted T~
. . - ~
Bifurcation e , , N . .
parameter il 100.3 100.0 9.7 995 99.57 99.53
c . N c: 1] 3 6 8 7.3 7.7

* Reservoir can learn bifurcation structures only by
presenting training data from limited parameter range!



Case 3: Timer task

R. Laje et al. Nature Neurosci. 16: 925-933 (2013). If the input (U(t)) IS switched “on”,

H. Jaeger GMD Report 152 (60 pp.) (2001). PE -
H. Jaeger GMD Report 148 (43 pp.) (2001). ShOU|d OUtpUt 1 after T tlmeStep!

Reservoir cov?(0,(t), 0.(t))

02(05(£))a%(0:(1))

O, (t): system output
0. (t): target output

M(z) =

. . . N
* Press the stopwatch in exact timing with your eyes closed!

« Should recognize a duration of time!
* Requires memory to perform the task!
N %




Task performance o
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Water surface as a reservoir!

Cornstarch (Non-Newtonian fluid)

“Physical reservoir computing”



“Physical liquid state machine”
K. Nakajima, T. Aoyagi, The Memory Capacity of a Physical Liquid State
(Overall system)

Machine, IEICE Technical Report vol.115. No.300, pp.109-112, 2015.

i [ 1 | |
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)
REND /S —>
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: Y \
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Dynamics of the water surface as computational
resources!
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16
(Step response) H
> 13 |
12+
11
1
15|
X 13 |
12 +
71 ¢
1
15|
X 13 |
12+
171 ¢
'] a
16 ¢
Response 15 |
14 +
curve X3
according to R
one shot from el
down to up <15 |
with motor 13 i
intensity m! - 0 50 00 . 150 200 250 300
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-

For each grid, the summation of all the rgb values of the

pixels are used for grid state x!

Time series depends on the strength of the motor command! )




PRC as an interdisciplinary field

Machine learning

Time serieg forecasting
Learning dynamical systems

Bifurcations,
synchronizatic
and chaos

Nonlinear

dynamics Biology, materials,

physics



Physical reservoirs ...  oioypasmee s 5 A e 5

060501, 2020.
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C. Fernando et. al., Lec. Comp. Sci. 2801 (2003). M. R. Dranias, et. al., J. Neurosci. 33, 1940 (2013).

T. Kubota, et. al., Lect. Comp. Sci. 11731 (2019).

S Oft o b Ots Y. Yada, et. al., Appl. Phys. Lett., 119(17), 173701 (2021).

Randomly added

Miura-ori Reservoir masses

Marker

for Input

Q Zhao et al., Proceedings of IROS, pp. 1445-1451 (2013).
K. Nakajima et al. J. R. Soc. Interface. 11: 20140437 (2014).
K. Caluwaerts et al. J. R. Soc. Interface 11:98 (2014).

K. Nakajima et al. Sci. Rep. 5: 10487 (2015).

K. Nakajima et al. Soft Robotics 5: 10487 (2018). quadruped ro b%
P. Bhovad, et. al., Sci. Rep. 11(1), 1-18 (2021).




PRC for neuromorphic devices

Photonic reservoirs

Readout
photodiode

Amplifier

Feedback
photodiode

L. Larger, et. al., Opt. Express 20, 3241 (2012).

D. Brunner, et. al., Nat. Commun. 4, 1364 (2013).

K. Vandoorne, et. al., Nat. Commun. 5, 3541 (2014).
L. Larger, et. al., Phys. Rev. X 7, 011015 (2017).

M. Nakajima et al.. Nat Commun. 13, 7847 (2022)

J. Torrejon et al., Nature 547, 428 (2017).

T. Furuta, et. al., Phys. Rev. Appl. 10, 034063 (2018).
S. Tsunegi, et. al., Appl. Phys. Lett. 114, 164101 (2019).
N. Akashi, et. al., Phys. Rev. Res. 2: 043303 (2020).

Lee, O., Wei, T., Stenning, K.D. et al.

Nat. Mater. (2023).

(a)
Inpu

In-Materia reservoirs
al

E. C. Demis et al. Nanotechnology 26:204003 (2015).

A. Z. Stieg et al. Adv. Mater. 24:286-293 (2012).

M. Cucchi, et. al., Science Advances, 7(34), eabh0693 (2021).
Y. Usami, et. al., Adv. Mater. (2021).

Quantum reservows
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K. Fujii, K. Nakajima, Phys. Rev. Appl. 8: 024030 (2017).

K. Nakajima, et. al., Phys. Rev. Appl. 11: 034021 (2019).

S. Ghosh, et. al., Adv. Quantum Technol. 4: 2100053 (2021).
Q. H. Tran, K. Nakajima, Phys. Rev. Lett. 127: 260401 (2021).
T. Kubota et al.,Phys. Rev. Res., 5(2), 023057 (2023)..




Brain Organoid Reservoir Computing

...We lllustrate the
practical potential of
this technique by
using it for speech
recognition and
nonlinear equation
prediction in a
reservoir computing
framework.

Astrocyte

Brainoware

System setup Neural progenitor cell —

Cal, H., Ao, Z., Tian, C. et al. Brain organoid reservoir computing for artificial
intelligence. Nat Electron (2023). https://doi.org/10.1038/s41928-023-01069-w



To be continued on 11/8!
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