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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)!



Reservoir computing: basic Eettings
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H. Jaeger et al., Science, VoI.304.\ outputs information processing!
no.5667, pp.78i 80 (2004). W OW
(Good points) (Computational power)

Al earning is fast and stable! /AN ! " )
ANo local minimum problem! onlinearity
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(target function) (reservoir computing)
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AReproducible response to the same input sequence!
AReservoir states should not depend on the initial condition!
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(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).



contents

1.Genesis of liguid state machine

2.Physical reservoir computing



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 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.78i 80 (2004).

Herbert Jaeger Early 2000 Wolfgang Maass
A Randomly coupled network A Often assume space
A Artificial neural network A Pulse neuron :

(Sigmoidal function) A Neuroscience oriented g

A 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

11990 (University of Gent)




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



Brail n as a nwet war

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

1 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. 0 wet WIAKE©OVER: Who is Doing the Art of Tomorrow (Ars
Electronica 2001), pages 148-152. Springer, 2001.



Implication of wetware

AWorks in agquatic environment

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

Y effect of embodiment

Once compmt amaison mpl ement
real-world through a physical substrate, a novel
property/functionality is added.

Y more than |}



LICIUId Computer (Natschlaeger-Maass-Markram)

ABrain is receiving sensory stream constantly. No stable states
(except a odead stateo).

ALike a water surface with constant external perturbations.
AConsider as a filter mapping input stream to output stream.

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

state 2

input

readout
—— No input spoon->sugar  sugar->spoon
(question)
TR 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 -~ = conds!
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 liqguid computer

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

f.\l T., & Markram, H. (2002),
Neural computation,
l vt l l ﬁ Y (0 14(11), 2531-2560.
u(-) . \N\:‘. Y Maass, W., Markram, H.
A Journal of computer
. ?» and system sciences,
e /" 69(4), 593-616, 2004.
i M Boyd S, Chua L (1985)
- z (t) IEEE Trans Circuits
s liquid Cn Syst 32(11):1150i 1161
IA)

R | U : liquid filter

1 A

| liquid state x(t) ! (b : I|qU|d State

R A A N 2 B .
eadout | Q : readout map
Dol »@© 06 o
output W O (liquid state is a function of input)

T. Natschlaeger, W. Maass, and H. Markram. Special (A’(b) "Q (b ((‘))

Issue on Foundations of Information Processing of
TELEMATIK, 8(1):39-43, 2002.




Brain as liguid 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.

AFormulation 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 atrtificial life (pp.

588-597). Springer, Berlin, Heidelberg.
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(tasks) The liquid brain
A XORtask: perturb with
noneo=(1, 1)/ (0, 0)
A Speech recognition :sound dat a

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

State: Web cam image with
preprocessing such as discretization
to grid (320x 240 pixels, 5Hz).

Output : Perceptron with 50 nodes

Al eft mot wrbd=h( ot @

ooneo, Nnzer oo ar e

segments. After applying finite time Fourie transform, discretizing frequency into 8

segments. Using 8x 8 matrix as input.



Results: XOR task
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Results: Speech recognition
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Physical [ @ Eod Tt mprs g

060501, 2020

quwd brain - Cultured neural networks

) i =
cultured - o
17 mm <

neural networks

80 130

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).

SOft rObOtS Y. Yada, et al., Appl. Phys. Lett., 119(17), 173701 (2021).

Randomly added

Miura-ori Reservoir masse

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 I’Ob(&
P. Bhovad, et al., Sci. Rep. 11(1), 1-18 (2021).




PRC for neuromorphic devices
Photonic reservoirs In Materia reserv0|rs

Readout
photodiode

AD—{igitise]
2,

Optical
attenuator

Combiner

Feedback

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. Z. Stieg et al. Adv. Mater. 24:286-293 (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(,)o ] quantum reservoir
- , 8 "\ CIaSSlCaI 3 — e ~TH; p:
: % &= |
= - Trlps()0)]
3 % “‘” >
' = - / c}‘?g
o ¥
data L p;;) e~y etH:
Xaata X Wour = Your = Ytarget @ Tr[p2>(>r)0,-]®
J. Torrejon et al., Nature 547, 428 (2017). K. Fujii, 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. Tsunegi, 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

éeWe 1| |l ustr
practical potential of
this technigue 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),
1032-1039.



A unicellular organism as a reservoir!
NewsScientist

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
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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
0.0

-0.51

Reservoir state or Temperature (°C)
o

0 500 1000
Run2
0.51

0.0

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



. o - Nakajima, K. (2020). Physical reservoir
W h at I S S p e C I fl C I n P R C ? computingd an introductory perspective.

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

A (phase 0) 7 readout B (phase 1) readout

input

Q'_'.‘: ______ _ V- @

u(®)

physical system (i) .

input target (T) output

Tw),u(t—1),..) = P(p),ult—1),..))

C (phase 2)

physical system \

physical system

physical system (iii) /-

physical system

readout physical systems: function + its property

( (1): ¢ + "extremely fast processing”
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 reservolr
computing for soft robots



Embodiment

information self-structuring

controller

motor
commands

Sensory
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. Olhldl
M. J. Coleman et al., PRL 80: 3658, 1998. nly physical dynamics:
S. H. Collins et al., Science 307: 10821 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): 3495-3506.
Liao, J. C., et al. (2003). Science, 302(5650), 1566-1569.

AExploiting body morphology, fluid dynamics, and resulting
repul si ve force 1 nduced by



Soft robotics: Robots made of soft materials
Octopus Soft robots
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(EU project: ICT-FET OCTOPUS Integrating Project)

Caterpillar -inspired soft robots

Good points
Aeformability | >
Anteractional safety TIECEICES 0

Takes First Betentacled St ep &o0oQBotl AcEdpillarp e ¢
inspiredsoftbodi ed r ol | i n-§, erab, Bioirisp. Bigmini, 6(R), 2014l. 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, 4511 455 (2016)




Octopus swimming robot (sculling)

(Scullingd I nspires CiEERdpectoum, 208, byRo b 0 |
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
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e

Withdrawing
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2
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pl ety e
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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
ANonlinearity
AMemory

Soft body dynamics

Excellent match?

Reservoir

Reservoir computing

ANonlinearity
Aemory



Physical Reservoir Computing

| 5

input
laye

reservoir

motor command

— bending sensor

@ servo motor

passive
silicone arm

K. Nakajima et al
K. Nakajima et al
K. Nakajima et al
K. Nakajima et al

., Front. Comput. Neurosci., 7 (91), 2013.
., J. R. Soc. Interface 11: 20140437, 2014.

., Scientific Reports 5: 10487, 2015.
., 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

_ input close-loop
— i i body ;
"Q
I motor : i i
! command I 1 i
> | :
i R A environment
i iinear : i i
: f ) ' e
input i _; ; | output L e e e |
O_>i. 12 =0 physical dynamics!
: tank‘)/ ;_ : / \
= & Can reveal the expressive

mput I___________________________________________-'I output p O W e“@ ﬁ f p h y S I C |

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




Evaluate the computational power of the arm

Open-loop

___________________________

! motor comman

mput 1

bias

1
1
1
1
1
static |

[
I linear

/L|

Boolean functions:

1
ttl

: I(t") 1 1 O ‘1 O 1 0 0 ’
S EERRE. llt
> m(t)o el )
' I 5>t
'EﬁARandom bi nar
>>OAA symbol (g, 6

: timesteps.

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

Implementing Boolean function emulation tasks!




Arm behavior with U,...=5

arm motion

short-term
memory
o) O{) Of(t)

~
.
~—
pd

O(t) Of(t)

N-bit parity
checker

sensorimotor
time series

2470 2480 2490 2500
P — - pp— — target output —— system output

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




n K. Kagaya, B. Yu, Y. Minami, K. Nakajima, in
E S P 1IN th e o CtO US Al Froseins of 2022 e sin inemation
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:

alr, 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 fromc ur r e n shameriniedomevious inputs!

ACan infer previous inputs from a r mshape!
ARigid stick does not have this property!




Closed-loop control:
embedding motor program into the body

(Oscillatory pattern)

1 2T
r(t) = 5('5'.‘5?'”-(5111(,- l

|
I
I
|
I
|
|
I I square
|
I
|
|
|
I
|

t))+1)

static
linear

O(t)
2 poutput (=1(t+1))

iput

o

- Similar motor command with
. octopus swimming robot!

A No addition of memory from external controller!
A Autonomous behavior control by closing the loop!
A Investigate its robustness!




=10

sensorimotor time series

« » ‘l ." " 1 T

-— target output = system output

-Sguare

Closed loop control with

arm motion

180 200
S8 =——s10

quuare:1 0

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



Closed loop control with =10
(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 with perturbations
! T T T T T T T T — o(t)
91 - ] A1 = m(t)
< S = b(t)
ot | 0
900 O S S e S I i L NI A e DN = S%
8750 \/ \/ ‘ \ ( ; V ./ \ )| — 25
P 600 —S7
450 =9
900 — 52
— V| =S4
T 750 | s6
= S8
600 — 510
150 200 2600 2650 2700 2750 2800 2850 2000 2950

ACan embed closed-loop control!

ANhen Ugets long, memory
disappears!

X(t)

ARobust against external noise!

1012141618 2022 24



F | S h 'O b Ot b ase d on P R C XLTFOéiiz(ifzall;’Ti?m: E%Zefgigﬁfigrfzﬁ on

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

Lever
Water tank . Environmental
state
ntiin Target motor command
T / I
T 9 Estimated motor command
| 1®
el B s
o T Sensory outputs | =
Interaction >
between the robot I
- PO Update b, W
and surrounding : . . . :
water it Fixed b, W 83.0 83.5 84.0 84.5 85.0
=i
= 90
= 701
< 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
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Spine as a reservoir
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Information processing scheme

(embedding closed-loop control)
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0 % timestep ' Q. Zhao et al., Proceedings of 2013 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS), pp. 1445-1451, 2013..

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




Wing as a reservolr

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 State Tvpical classificati it
. . I ITl onr
Embedding strain sensor . yp fa ¢ asv‘vfdl cation results P
into the Wlng §§ (No wind) =D0— —B— e = =
(a) Principal component afalysis $s Front view i Top view R
ﬁ 6 i 6 2 6 6 4 6 5
g O n s Natural ;
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g 0 .L. ord e clusters - VVVV\J
=8 'r . gg oo
] -\ -20
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E 0 A , gé ;-:"'_W ¥ L1 T ' 3
@ qoL,__ ¥ 000 £g o | |
20 10 0 10 20 30 40 e ~° ool — e
Principal component 1 £5 o
3 £ 804
Class: 1@ 20 30 405060 -3 IR “ ,
P i s) Y i is) g s) o 'nmz s] = *nmz 1s]

ADetecting wind direction with 0.915 accuracy!
AWing dynamics as a natural classifier of wind direction!



Re mOte fese rVO| IS Flexible strain sensor i

K. Tanaka, et al., Adv. Intell. Syst. 2100166, 2022. Gallfetan Z = =4 v' Ag electrodes

Silicone rubber

/" CNT strain
© sensor

Active §- - Passive:
silicone silicones

computational resource ?
synchronize?

z Physical objects in spatially distance
place can be used as a reservoir!

z Generalized synchronization
induces self-organized remote
reservoirs! (extending body)

z Interaction modality changes the
computational capability!

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




