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Reservoir computing: basic settings
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information processing!
H. Jaeger et al., Science, Vol.304. outputs P g
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(Good points) (Computational power)

 Learning is fast and stable! (. Nonli i+ )
* No local minimum problem! onfinearity

» Feasible for physical platform. | ° Memory )




*Prerequisite: “reproducible response”

(target function) (reservoir computing)
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(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).
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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

Benjamin Schrauwen,

* Similar architectures Joni Dambre
can be found at least

" 1990. (University of Gent)




Genesis of liquid state machine
. wetware, liquid computer, liquid brain



Brain as a “wetware”

If you pour water over your PC, the PC will stop working. This is because
very late in the history of computing — which started about 500 million
years ago' — the PC and other devices for information processing were
developed that require a dry environment. But these new devices,
consisting of hardware and software, have a disadvantage: they do not
work as well as the older and more common computational devices that
are called nervous systems, or brains, and which consist of wetware.
These superior computational devices were made to function in a
somewhat salty aqueous solution, apparently because many of the first

creatures with a nervous system were coming from the sea. We still carry

" One could also argue that the history of computing started somewhat earlier, even before there existed any nervous systems: 3 to 4 billion
years ago when nature discovered information processing via RNA.

W. Maass. “wetware.” In TAKEOVER: Who is Doing the Art of Tomorrow (Ars
Electronica 2001), pages 148-152. Springer, 2001.



Implication of wetware

* Works in agquatic environment

* Wetware consumes much less energy than
any hardware that is currently available.

— effect of embodiment

Once computation “f” was implemented in the
real-world through a physical substrate, a novel
property/functionality is added.

— more than f



LIC]UId Computer (Natschlaeger-Maass-Markram)

 Brain is receiving sensory stream constantly. No stable states
(except a "dead state”).

 Like a water surface with constant external perturbations.
« Consider as a filter mapping input stream to output stream.

Image of the water “dead” state state 1 state 2
surface as a state ‘

input

readout
——— No input spoon->sugar  sugar->spoon
(question)
S i Only by checking the current state
liquid : > of the water surface, tell how many

sugar cubes were presented in the

1. perturbing water surface with spoon ~ Output last two seconds!

2. drop a sugar cube

T. Natschlaeger, W. Maass, and H. Markram. The "liquid computer": A novel strategy for real-time computing
on time series. Special Issue on Foundations of Information Processing of TELEMATIK, 8(1):39-43, 2002.



Liquid state machine: formalizing liquid computer

input w(-) LM Maass, W., Natschlager,

f.\l T., & Markram, H. (2002),
Neural computation,
l oo l l ﬁ Y ) 14(11), 2531-2560.
u(+) = \'\\:‘. i(_.) Maass, W., Markram, H.
vl e Journal of computer
e ?:‘0 and system sciences,
e / 69(4), 593-616, 2004.
K o Boyd S, Chua L (1985)
z™ (1) IEEE Trans Circuits
C; liquid Con Syst 32(11):1150-1161
M . [ ] | | [ ]
| | L": liquid filter
:\___‘____{f‘{“j‘{;‘?ﬁe_“f%)____{___:' xM: liquid state
M.
f": readout map
readout f
M —_ M
1] xM(6) = (LMu)(t)
output ¥ (t) (liquid state is a function of input)
T. Natschlaeger, W. Maass, and H. Markram. Special —_— M M ( ))
Issue on Foundations of Information Processing of y (t) - f (x t

TELEMATIK, 8(1):39-43, 2002.




Brain as liquid state machine

input

readout

T. Natschlaeger, W. Maass, and H. Markram. Special Issue on Foundations of Information Processing of
TELEMATIK, 8(1):39-43, 2002.

* Formulation is not based on neurons!



Liquid brain (Fernando-Sojakka)

Here we have taken the metaphor seriously and demonstrated that real water
can be used as an LSM for solving the XOR problem and undertaking speech
recognition in the Hopfield and Brody “zero-one” discrimination [2]. Doing so

Fernando, C., & Sojakka, S. (2003, September). Pattern recognition in a bucket. In European conference on artificial life (pp.
588-597). Springer, Berlin, Heidelberg.

Al

Input: Four mechanical components
with motors in each side, perturbing
the water surface.

A
..[
’;

Stimuius B

I\

¥

| /' State: Web cam image with

/*,nl;;. preprocessing such as discretization

Jf 7. togrid (320 % 240 pixels, 5Hz).

v Sy Y-

"7 r  — ‘ &N

(tasks) The liquid brain

« XOR task: perturb with “left motors™=(1, 0), "right motors”=(0, 1), "both motors/
none”=(1, 1)/(0, 0)

« Speech recognition: sound data "one”, “zero” are temporary discretized into 8
segments. After applying finite time Fourle transform, discretizing frequency into 8

segments. Using 8 X 8 matrix as input.

Output: Perceptron with 50 nodes

LE 1]



Results: XOR task
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Results: Speech recognition
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Physical reservoirs ... ey

060501, 2020.

Liquid brain ~ Cultured neural networks

Epwater Iree ﬂ ol w8
cultured O -
T mm -
neural networks
(ot
@ .
~ 80 130
X
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 bOtS Y. Yada, et al., Appl. Phys. Lett., 119(17), 173701 (2021).

Randomly added

Miura-ori Reservoir masse

. . ‘
borigami-gobots e ;
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 rOb%
P. Bhovad, et al., Sci. Rep. 11(1), 1-18 (2021).




PRC for neuromorphic devices
Photonic reservoirs In-Materia reservoirs
al

Readout
photodiode

AD—{igitise]
2,

Optical
attenuator

Combiner

Feed back

Amplifier photodiode
L. Larger, et al., Opt. Express 20, 3241 (2012). E. C. Demis et al. Nanotechnology 26:204003 (2015)
D. Brunner, et al., Nat. Commun. 4, 1364 (2013). A £ Stieg et al. Adv. Mater. 24:286-295 (2012).
K. Vandoorne, et al., Nat. Commun. 5, 3541 (2014). M. Cucchi, et al., Science Advances, 7(34), eabh0693 (2021).
L. Larger, et al., Phys. Rev. X 7, 011015 (2017). Y. Usami, et al., Adv. Mater. (2021).

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

Quantum reservows

(@) Quantum reservoir computing p 1 Higher-order
Inpu T,[m(,)m quantum reservoir
o 4 ‘éééz\ CIasSch p3 = e hp
E a e @
s & Telps(00]
(=] s
E E}w‘: “(l) @
' = & o‘?e
, X R
. " @
Xaata X Wour = Your Ytarget @ _?r[;z»z)ojl
J. Torrejon et al., Nature 547, 428 (2017). K. Fuijii, K. Nakajima, Phys. Rev. Appl. 8: 024030 (2017).
T. Furuta, et al., Phys. Rev. Appl. 10, 034063 (2018). K. Nakajima, et al., Phys. Rev. Appl. 11: 034021 (2019).
S. Tsunegqi, et al., Appl. Phys. Lett. 114, 164101 (2019). S. Ghosh, et al., Adv. Quantum Technol. 4: 2100053 (2021).
N. Akashi, et al., Phys. Rev. Res. 2: 043303 (2020). Q. H. Tran, K. Nakajima, Phys. Rev. Lett. 127: 260401 (2021).

Lee, O., Wei, T., Stenning, K.D. et al. Nat. Mater. (2023). T. Kubota et al., Phys. Rev. Res., 5(2), 023057 (2023)..



Brain Organoid Reservoir Computing

...We lillustrate 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 —

Cai, H., Ao, Z., Tian, C., Wu, Z., Liu, H., Tchieu, J., ... & Guo, F. (2023). Brain
organoid reservoir computing for artificial intelligence. Nature Electronics, 6(12),
1032-10309.



A unicellular organism as a reservoir!
NewScientist

News Podcasts Video Technology Space Physics Health More * Shop Courses Events Tours Jobs & Sign In Q Search

Biological computer made from
single-celled organisms can crunch
data

Tetrahymena reservoirs

Wou
S @ —le— @~ cakounss|
_Es| Q< Q ‘
Temperature 83
ssssss HE=S \
o
5 ~ == \
® € 5 T @— \
2060 ’ ®
g 35 -0—Q@__ | t
£ 3
= — ~
e2( b O~ cetlo
L ] { Q{ ®
X ~ ‘{" s @B E T
Microscope (x40) 25 G SO0
F  — Temperature (input)  — Med. nutrient 1 Low nutrient 1 — High nutrient 1 — Response to different inputs
— Temperature (medium) — Med. nutrient2 — Low nutrient2 — High nutrient 2

M. Ushio, K. Watanabe, Y. Fukuda, Y. Tokudome,
K. Nakajima, Computational capability of
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Common-signal-induced synchronization in
ecological dynamics: Tetrahymena thermophila

Medium nutrient concentration - Run1

Input temperature
25 1

20 1
154
10 -

0 500 1000
Medium temperature

22.51
20.0 4

17.51
15.0 1 .

500 1000

Medium nutrient concentration - Run2 Run1
0.51

0.01

Reservoir state or Temperature (°C)
o

-0.51

0 500 1000
Run2

0.51

0.01

-0.5 1

0 500 1000
Time (min)

M. Ushio, K. Watanabe, Y. Fukuda, Y. Tokudome, K. Nakajima, Computational
capability of ecological dynamics, Royal Society Open Science, 10(4), 221614, 2023.



Prediction of fish population dynamics (Flatfish)

Forecasting 19 weeks future by Tetrahymena reservoir

o
o 21
Input temperature +
F o
L 1
G 25 8
Szo -5) 04
g1 [
o S
E o
S 817 washout
L T - 0 100 200

Time (min)

Week ID

Low nutrient concentration Medi ! High nutrient concentration

M. Ushio, K. Watanabe, Y. Fukuda, Y. Tokudome, K. Nakajima, Computational
capability of ecological dynamics, Royal Society Open Science, 10(4), 221614, 2023.



. L - f? Nakajima, K. (2020). Physical reservoir
W h at I S S p e C I fl C I n P RC f computing—an introductory perspective.

Jap. J. Appl. Phys., 59(6), 060501.

A (phase 0) 7 readout B (phase 1) readout
input
O IRESe
u(t) -
input target (T) output

Tw),u(t—1),..) = P(p),ult—1),..))

C (phase 2)

physical system \

physical system

Yofs
physical system (iii) /-~ @

physical system

readout physical systems: function + its property

. (1): ¢ + "extremely fast processing”
L \ output (ii): ¢ + "robust to radiation”

O D (iii): ¢ + "applicable to quantum tasks"
input A

A: Inferring the computational power of physical systems.
B: Physical properties of a computer.

C:. Exploiting a physical substrate that is not made for
computation for computation.



Physical reservoir
computing for soft robots



Embodiment

information self-structuring

controller

motor Sensory
commands feedback

body dynamics / morphology

mechanical system sensory system

internal
physical
stimuli

mechanical external

hysical

movement feedback P _ FSIC:?I
stimuli

task-environment

(R. Pfeifer et al., Science, 2007)

The behavior of robots (or animals) is generated by the dynamic
coupling between the controller (brain), the body, and the environment!




Passive dynamic walker

(Andy Ruina Cornel Walker from YouTube)

T. McGeer, I. J. Robotic Res. 9(2): 62-82, 1990. OIhIdl
M. J. Coleman et al., PRL 80: 3658, 1998. nly physical dynamics:
S. H. Collins et al., Science 307: 1082—-1085, 2005.

Functionality can be partially outsourced to the body!




Dead trout

| Liao Labox;

UniversityfofgElorida
liaolab.com

Liao, J. C. (2004). Journal of Experimental Biology 207(20): 3495-35060.
Liao, J. C., et al. (2003). Science, 302(5650), 1566-1569.

« Exploiting body morphology, fluid dynamics, and resulting
repulsive force induced by vortex, dead fish can “swim’!



Soft robotics: Robots made of soft materials

Octopus
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Good points
Deformability
Interactional safety

Soft robots

Y

‘\\\-\‘T

w
w
=4

a. Cianchetti, M., et al., Mater. Sci. Eng., C, 31, 1230-1239, 2011.. b. “Robotic Octopus
Takes First Betentacled Steps”, IEEE spectrum, 9 Apr 2012. c. “GoQBot: A caterpillar-
inspired soft-bodied rolling robot.”, Lin, H.-T., et al., Bioinsp. Biomim., 6(2), 2011. d.
"Camouflage and Display for Soft Machines", Morin, S.A., et al., Science, 2012, 337, 828-

832. e. "Multi-Gait Soft Robot", Shepherd, R.F., et al., PNAS, 108, 20400-20403, 2011. f.
Nature 536, 451-455 (2016)



Octopus swimming robot (sculling)

( Sculling’ Inspires Creation Of Robot Octopus IEEE spectrum, 2013, by
Sfakiotakis, M., Kazakidi, A., Pateromichelakis, N., Tsakiris )




Multi-gait soft robot

( "Multi-Gait Soft Robot", Shepherd, R.F., et al., PNAS,
108, 20400-20403, 2011)




Octopus-inspired sensorized soft arm
for environmental interaction

Electronic-integrated

Soft Octopus Arm Electronic embedded
terminal gripper )ﬂ"e q

Zhexin Xie et al. ,Octopus-inspired sensorized soft arm for environmental interaction.
Sci. Robot.8,eadh7852(2023). DOI:10.1126/scirobotics.adh7852




Octopus-inspired reaching and fetching control

A Reaching motion

Reaching

E 150

Modeled reachihg ' ' L '

100F

y (mm)

e

Withdrawing

ok,

0 ' 50 ' 700 ' 750

£ 3
X (mm) ‘,;-3‘ 3
S ‘Q.,,d \ —
G ﬂ‘m‘f 10 cm
Reaching {

to object =zl [

Pneumatic actuators!



Octopus reaching

Movie S6

Biology octopus reaching motion

Octopus-inspired sensorized soft arm for environmental interaction

Z. Xiet, F. Yuant, J. Liut, L. Tiant, B. Chen, Z. Fu, S. Mao, T. Jin, Y. Wang, X. He, G.
Wang, Y. Mo, X. Ding, Y. Zhang, C. Laschi, L. Wen*




Movie S9

Robotic octopus arm reaching and grasping an
object

Octopus-inspired sensorized soft arm for environmental interaction

Z. Xiet, F. Yuant, J. Liut, L. Tiant, B. Chen, Z. Fu, S. Mao, T. Jin, Y. Wang, X. He, G.
Wang, Y. Mo, X. Ding, Y. Zhang, C. Laschi, L. Wen*




Movie S1

Human controlled underwater 3D manipulation of
the robotic octopus arm

Octopus-inspired sensorized soft arm for environmental interaction

Z. Xiet, F. Yuant, J. Liut, L. Tiant, B. Chen, Z. Fu, S. Mao, T. Jin, Y. Wang, X. He, G.
Wang, Y. Mo, X. Ding, Y. Zhang, C. Laschi, L. Wen*




Soft robots are difficult to control!

Bad points
*Nonlinearity
‘Memory

Soft body dynamics
Excellent match?

Reservoir

Reservoir computing

*Nonlinearity
‘Memory



Physical Reservoir Computing

50
Q >
c © motor command
— bending sensor
=
Q
Z @ servo motor
D
9 passive
silicone arm
il
| S
O O
O T
C @©
— O
—

K. Nakajima et al., Front. Comput. Neurosci., 7 (91), 2013.
K. Nakajima et al., J. R. Soc. Interface 11: 20140437, 2014.
K. Nakajima et al., Scientific Reports 5: 10487, 2015.

K. Nakajima et al., Soft Robotics 5(3): pp.339-347, 2018.

Soft body dynamics as
computational resource!




Physical platform

A silicone-based
soft robotic arm

Bending
sensor




Experimental setting

i input close-loop
— ey (controller) e—. .- Output
| i body |
(Computational scheme) g g
o ; ; |
i R A environment
! linear : i i
i 0 : ' I
. I > | : | '
mput : _, ) , output L o e e e e e e e e e e 1
O_,;_ o> _:_,O physical dynamics!
i tank‘)/ ;_ : / \
= & Can reveal the expressive

wpu s e | pOWeT “f” of physical dynamics!

|
O—): task to be emulated :;—)O \_ J
|




Evaluate the computational power of the arm
Open-loop

Boolean functions:

____________________________

U=t’,

’

 etor commay | @ 1 1 0010 1 0 0
s oo v
e LUl
""O m(®) . i
: S A T T N
| I N-bit
O /& : riv o Random binary input I(t').
*—>O A symbol t’ takes T4,

blas

: timesteps.
(multitasking)

K. Nakajima et al., J. R. Soc. Interface 11: 20140437, 2014.
Implementing Boolean function emulation tasks!



Arm behavior with t_,.=5

arm motion
memory

short-term

x(t)

e
-
0=
E0
Bw
)
)
c £
O =
)

N-bit parity
checker

' 2470 2480 2490 2500
timeste 125 1266
i 22 $6_——s8 ——s10 — target output —— system output

K. Nakajima et al., J. R. Soc. Interface 11: 20140437, 2014.




K. Kagaya, B. Yu, Y. Minami, K. Nakajima, in

|
E S P N th eo Cto US Al  Fesecdnssorzoz e sin imomations
Conference on Soft Robotics (RoboSoft), pp. 224-230,

2022.

air-air air-tap sea-tap tap-tap

Injecting identical input series to different environmental conditions:

air, sea water, tap water

Common-signal-induced synchronization observed in
the tap water condition but not in the air condition!




How does octopus arm store memory?

Only from current arm’s shape, infer previous inputs!

« Can infer previous inputs from arm’s shape!
* Rigid stick does not have this property!




Closed-loop control:
embedding motor program into the body

(Oscillatory pattern)

1 2
x(t) = 5 (sgn(sin( 1

I
imotor command

t))+1)

—

I square

static
linear

Similar motor command with
octopus swimming robot!

4 - L
\ . l
: ! O(1)
iput 2 output (=g(+1))
". 0
O+ > —O :
: J
|
I
I
| |
I
1

I
I
I
I
10 |
I
I
I
I

* No addition of memory from external controller!
* Autonomous behavior control by closing the loop!
* |nvestigate its robustness!




Closed loop control with T, ... =10
sensorlmotor time serles

arm motion

180 200
S8 =——s10

quuare:1 0

K. Nakajima et al., J. R. Soc. Interface 11: 20140437, 2014.



Closed loop control with t
(manual perturbation)
" sensorimotor time series

square

arm motion

quuare:1 0 m\)"\ Y’ ‘"\ N }

2300 2320 2340 2360 2380 2400

K. Nakajima et al., J. R. Soc. Interface 11: 20140437, 2014.



Closed-loop control: analysis

Motor and sensory time series

1
—~~
e
N

<
0
900
=750

N

9 600

450
900

T 750
600

150 200

1012141618 2022 24

sl

0

with perturbations

VA "f' T

—s4

- S8
w510

2600 2650 2700 2750t 2800 2850 2900 2950

*Can embed closed-loop control!

\WWhen t gets long, memory
disappears!

*Robust against external noise!




Fish robot based on PRC iiiainis s,

Artificial Life, pp.92 (9pages), 2021.

Lever
Water tank :

Environmental
state

S~~~ A~~~

P~ T~ T T~ T~

o~~~ T~~~

®
T TR N
o DR Sensory outputs R
Interaction >
e —/
between the robot
S R Update b, W
and surrounding : . . . :
water T Fixed b, W 83.0 83.5 84.0 84.5 85.0
=1
= 90+
= 70
< 50 T T T T T
83.0 83.5 84.0 84.5 85.0
Time [s]

Closed-loop control can be
successfully embedded!




Closed-loop control for quadruped robot

Pattern
Force sensors Generator

RS0 (]

up \ OF ()

Down| O,? (f )

Zj,:wjjsj(r)
ZJ: WS S (1) Right Of(f)
» . / . - j=1 T J .
',E Spine as a reservoir 5 Zi:wijj(I) Left | 0 ()
s : ) " \Linear readout /
vertebra  intervertebral d
SOft Sp|na| Stru Ctu re M.otor command sent to '[].le spine
Information processing scheme
Quadruped robot (embedding closed-loop control)

Demonstrating “Spinal Engine” hypothesis!

called “Kitty” “I

Bounding
e

WY/

T | O T P A N |

% 1 : ==
P g e s
S e

* timestep' Q. Zhao et al., Proceedings of 2013 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS), pp. 1445-1451, 2013..

10

« Embedding multiple gait patterns (bounding, trotting, turning) in spine dynamics!
» No controller! Soft spinal dynamics are exploited to generate the motor pattern!




Wing as a reservolir

a Parylene Graphene

Tanaka, K., et al. (2021). Flapping-Wing Dynamics as a

Natural Detector of Wind Direction. Advanced Intelligent

Systems, 3(2), 2000174.

Flat state Bending ~ Tvpical cl ificati It
Embedding strain sensor . yplcsza c asv‘vi,'l'ca 'on results _
X IntO the Wlng ) §§ (No wind) m =l iﬂ:‘- dl éﬂ:/
(a) Principal component analysis £s i Top view "
§ 6 1 6 2 6 6 4 6 5
e ».  Natural
g 00 ;,—--g-:;:, clusters!| , .
] ﬁ, -20
g 1n | t g?_ r‘:' vi 1.} 0.2 ﬂmg . 02 -02 “mO. sl 02 -02 ‘nm‘: » 02 -0.2 'I'lm% » 02 -02 ﬂml: sl 0.2
E 0/ . _g‘% ;-E "_W ¥ o
« g0l ¥ §1 =y m ] [ |
20 -0 0 10 20 30 40 e ~° oo — — — —
Principal component 1 £5 o
gE 8 04
Class: 1@ 20 30 405060 3 RO u ,
P i s) 0 Tl is) g s) e nmz is] J = Time is]

 Detecting wind direction with 0.915 accuracy!
* Wing dynamics as a natural classifier of wind direction!



Remote reservoirs  Fiexile strainsensor

K. Tanaka, et al., Adv. Intell. Syst. 2100166, 2022. Galinetan ' & . Ag electrodes
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computational capability!

T. Kubota, et al., Phys. Rev. Res. 3: 043135, 2021.




To be released soon...
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K. Goto, K. Nakajima, H. Notsu, Twin vortex computer in fluid flow,
New Journal of Physics 23: 063051, 2021.

WFEBMNENBDTHITEHERUIEREANFRK !
ALV UBIFESPZE-HZULNDO T, YHFN—&ELTEZ ALY,
‘. ANELTIHZE! AXNFIATES !




MBRANDT I FY—X
_’|ﬁ$|§ki-=t L’C"ﬂﬂ# <

_ jj)[/?//lgl j
} (stable input) -

_ﬂf“t'i*? Meeﬁ&;_
r _ (reservoir)
sﬂ\ﬁhifﬁ%ﬁﬁﬁﬁémﬂooo

7:1 LR VBIEESPZH =L \D T H/i—£&
LTIEEZAGEVAT=O, FITTEETZADEL
THEE,

s RKRIEUFN—ELTARE—RIEREEA




Statement:

“By incorporating soft materials, the body can
be used as a computational device!”

'« Distributed computation — open-loop
| « Embedding motor program into the body — closed-loop

Body structure of robots (animals) is
not “random” but has specific
morphology.

— Explore “why” from
computational perspectives!



Pneumatic artificial muscle as a reservoir
2024/04/25 Press released from Kyoto U. and U. Tokyo
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N. Akashi, Y. Kuniyoshi, T. Jo, M. Nishida, R. Sakurai, Y. Wakao, K.
Nakajima, Embedding Bifurcations into Pneumatic Artificial Muscle. Adv.
Sci. 2024, 2304402.



Pneumatic artificial muscles as a reservoir

A

Reservoir

Output

Reservoir computing

" Open loop
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reservoir computing
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Akashi, N., Kuniyoshi, Y., Jo, T., Nishida, M., Sakurai, R., Wakao, Y., & Nakajima, K. (2024). Embedding
bifurcations into pneumatic artificial muscle. Advanced Science, 2304402.

ZRIDGESTONE

Solutions for your journey

* Exploiting hysteresis positively!



Emulating oscillators BRIDGESTONE

Solutions for your journey

Experiment 2
Closed-loop attractor embedding

Akashi, N., Kuniyoshi, Y., Jo, T., Nishida, M., Sakurai, R., Wakao, Y., & Nakajima, K. (2024). Embedding
bifurcations into pneumatic artificial muscle. Advanced Science, 2304402.



Emulating chaos ZBRIDGESTONE

Solutions for your journey

Chaotic attractor embedding

Akashi, N., Kuniyoshi, Y., Jo, T., Nishida, M., Sakurai, R., Wakao, Y., & Nakajima, K. (2024). Embedding
bifurcations into pneumatic artificial muscle. Advanced Science, 2304402.



No need to run oscillators in the computer

Limit cycle

Logistic map

Van der Pol
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Akashi, N., Kuniyoshi, Y., Jo, T., Nishida, M., Sakurai, R., Wakao, Y., & Nakajima, K. (2024). Embedding
bifurcations into pneumatic artificial muscle. Advanced Science, 2304402.



Embedding bifurcation SRIpGESTONE

Experiment 4.
Closed-loop bifurcation embedding

Akashi, N., Kuniyoshi, Y., Jo, T., Nishida, M., Sakurai, R., Wakao, Y., & Nakajima, K. (2024). Embedding
bifurcations into pneumatic artificial muscle. Advanced Science, 2304402.



' ' ZRIDGESTONE
Embedding multiple attractors
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* Multiple untrained attractors can be obtained only by
presenting a few attractors through underlying bifurcation!
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# 54 : Nature Communications

%8 4 : Harnessing Natural Embodied Intelligence for Spontaneous Jellyfish Cyborgs
Z=3& 4% : Dai Owaki, Max Austin, Shuhei lkeda, Kazuya Okuizumi & Kohei Nakajima
DOI : 10.1038/s41467-025-59889-7

URL : https://www.nature.com/articles/s41467-025-59889-7



Biohybrid robotics: Jellyfish cyborg

VIE Tags & Electrical Stimulation
=1 ST =1 | | .‘cﬁxo\m ‘{'V R Cooper wire UF50um

o= -

Foaming material

/ Duration [s]

https://www.youtube.com/watch?v=6kr4lI3FdMU

Controllability and spontaneity



https://www.youtube.com/watch?v=6kr4Il3FdMU

Measuring transition from living to non-living...

Characterizing its dynamics and computational anatomy
Bowei Yu, et al., ALIFE2025 (accepted).
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Natural systems vs Large Language Models
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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).
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transformers. Physical Review Research, 4(1), 013204.
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Al overconfidence mirrors human brain condition

A similarity between language models and aphasia points to
diagnoses for both

Research news


https://ircn.jp/pressrelease/20250515_takamitsu_watanabe
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Hal9000 : 20014 Dk (1968)

“I'm Sorry, Dave, | can't...”




Report topic

-
Consider your own physical reservoir based on a soft
robot. Discuss its setup, functionality, and advantages

In detalil.
\_

J

* Include following points in detail: Setup (I/O), tasks
(application scenario), advantages against software
Implemented reservoir computing.

* [t is OK to use already proposed physical reservoir
computing if you use original way of usage.

* One or two pages in A4 size and submit with pdf format



Thank yout!
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