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Computing with soft robotic arm?
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Recurrent Neural Networks 

Feedforward NN (FNN) vs Recurrent NN (RNN)
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Input InputOutput Output

ÅActivation is fed forward from 

input to output via hidden layers

ÅCan approximate arbitrary 

nonlinear static maps with 

arbitrary precision

ÅStatic (e.g., image processing) 

ÅHas at least one cyclic path in 

synaptic connections (memory)

ÅCan approximate arbitrary 

nonlinear dynamical systems 

with arbitrary precision 

ÅDynamic (e.g., prediction tasks 

for time series)



ÅLearning is fast and stable! 

ÅFeasible for physical platform. 

Reservoir

inputs
outputs

Win

Wout

W

readout Adjust only the 

readout!

ÅNonlinearity

ÅMemory

(Good points) (Computational power)

H. Jaeger et al., Science, Vol.304. 

no.5667, pp.78ï80 (2004). 

ὡ ὢὢ ὢώ

ώ ὢὡ

Use ὡ for 

information processing!

Ὢὼ ÔÁÎÈὼ

Reservoir computing: basic settings



Two representative models in RC
Echo state network Liquid state machine

Herbert Jaeger Wolfgang Maass

ÅRandomly coupled network

ÅArtificial neural network 

(Sigmoidal function)

ÅEngineering oriented

ÅOften assume space

ÅPulse neuron

ÅNeuroscience oriented

Reservoir computing
Benjamin Schrauwen, 

Joni Dambre

(University of Gent)

H. Jaeger et al., Science, Vol.304. 

no.5667, pp.78ï80 (2004). 

W. Maass et al., Neural Comput 14 

(11): 2531ï60, 2002.

Let us unify the approach in the same umbrella!

H. Jaeger, Tech. Rep. No. 148. Bremen: 

German National Research Center for 

Information Technology (2001).
W. Maass, & H. Markram, H. Journal of computer 

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

Early 2000

Conception in around 

2005! 

Similar architectures can 

be found at least in 1990.

Jaeger, H. (2021). In Reservoir Computing. 

Springer Nature.



Typical settings
ÅOpen-loop

ÅClose -loop

multitasking
By attaching the readout weights, 

multiple functions can be emulated 

simultaneously! 

reservoir

W. Maass et al., Neural Comput 14 (11): 2531ï

60, 2002.

reservoir

Win

Wout

W

feedback 

loop
ώ = Çώ

ώ

readout

teacher forcing

Disconnect 

the loop!

ώ
ώ

ώ

+noise

+noise

+noise

target outputs

ώ
ώ

ώ

●▓ Ὢ●▓ȟ◊▓
◐▓ ‪●▓

*On-line learning 

(e.g. FORCE learning, Innate learning)

learning
●▓ Ὢ●▓ȟ◊▓
◊▓ ‪●▓

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



Soft sensing using material dynamics

ÅEmulating a laser displacement meter in a high precision!

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

R. Sakurai, et al., Proc. of 2020 3rd IEEE RoboSoft, pp. 710-717, 2020.

pressure

resistance
length

W. Sun, et al., Proc. of 2022 IEEE 5th RoboSoft, pp. 409-415, 2022.

N. Akashi, et al., Adv. Intell. Syst. 4: 2200123 (2022).



Reservoir computing meets flexible sensors

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

multi -tasking!

Multi -tasking is easy and learning is quick!

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



Designing locomotion patterns and switching them

ÅLocomotion through central pattern generators!

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

Ijspeert, 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.

walking

swimming

Coupled nonlinear oscillators

Sensory inputs



Locomotion control: emulating oscillators

ᾀὸ
◌

Training   

readout 

Weights 

with RLS

◊ÆÅÅÄ

╙

●ὸ

†
Ὠ●ὸ

Ὠὸ
●ὸ ÔÁÎÈὫ╙●ὸ ◊ÆÅÅÄᾀὸ ◊ ὸ
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ὔ
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◌ȡÒÅÁÄÏÕÔ×ÅÉÇÈÔÓȟὔ ρÍÁÔÒÉØ

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.



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

Output patterns

ESN dynamics

(from 10 nodes)

Input commands (three)

input (three)

RNN (N=200)

A B C

output patterns

(attractors)

A

C

B

Readout

High operability! K. Inoue, K. Nakajima, Y. Kuniyoshi, in Proceedings of NOLTA2018, 

pp. 412-414, 2018.



Switching embedded patterns in a 
periodic manner

ÅInternalizing the external control through feedback loop!

ÅShould estimate the duration of time for each pattern (switch 

in appropriate timing) using the same reservoir!

Output patterns

Adjusting feedback loop

(pre-trained)

Symbolic 
dynamics

(periodic)

◌



Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous behavioral switching 

via chaotic itinerancy. Science Advances 6 (46), eabb3989.



Designing spontaneous behavioral switching

ÅStep 1 : Behavioral patterns

ÅStep 2 : Periodic transitions among the patterns

(challenge: embed timer )

ÅStep 3 : Random transitions among the patterns

(challenge: embed timer + random number generators )

Step 3 is related to chaotic itinerancy!

A

C

B

behavioral pattern

transition

External control

Internal dynamics



What is chaotic itinerancy?

ÅFrequently observed in high-dimensional 
nonlinear dynamical systems

ÅSeemingly random transitions among 
quasi-attractors

(Features) 

First found iné 

Propose a 
scheme to 
design CI!

ÅOptical turbulence

ÅA globally coupled 
chaotic system

ÅNonequilibrium neural 
networks

[K. Ikeda et. al., 1989]

[K. Kaneko, 1990;  1991]

[I. Tsuda, 1991;  1992][Kaneko, Tsuda, 2003]



Spontaneous behavioral switching in robots

ÅDeterministic chaos self-organized to generate 
stochastic processes.

ÅUsing hierarchical modules beforehand!

Namikawa, J., Nishimoto, R., & Tani, J. (2011). A 

neurodynamic account of spontaneous behaviour. PLoS

computational biology, 7(10), e1002221.

Network architecture

Behavioral switching



Switching patterns autonomously

ÅInternalizing the external control through feedback loop!

ÅShould estimate the duration of time for each pattern (switch 

in appropriate timing) using the same reservoir!

Output patterns

Adjusting feedback loop

Symbolic 
dynamics

(periodic)

◌

Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous behavioral switching 

via chaotic itinerancy. Science Advances 6 (46), eabb3989.



Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous behavioral switching 

via chaotic itinerancy. Science Advances 6 (46), eabb3989.





*Prerequisite: ñreproducible responseò

ÅReproducible response to the same input sequence!

ÅReservoir states should not depend on the initial condition!

(target function)

ώ Ὣόȟό ȟȣ

(prerequisite)

(reservoir computing)

●▓ Ὢ●▓ȟό

ώ ‪●▓

Ὣόȟό ȟȣ ‪●▓

●▓ ꜚό ȟό ȟȣ

We want to emulate 

(learn) function ñgò!

Ὢ●▓ȟό Ὢ●▓
ᶻȟό π

(common-signal-induced synchronization/

Negative conditional Lyapunov exponents)

(echo state property (ESP))

Z. Lu, B. R. Hunt, E. Ott, Chaos 28, 061104 (2018).

H. Jaeger, GMD Technical Report. 148 (2001).

I. B. Yildiz, et al., Neural netw. 35 (2012). 

G. Manjunath, et al., Neural comp. 25 (2013).



One dimensional and linear examples

ὼ▓ ὼ ό ό Ễ ό

ὼ▓ ό ό Ễ

ËO Њ Independent of initial state

E.g.) ὼ ὼ ό

ὼ▓ ρ ὼ ό ό Ễ ρ ό

E.g.) ὼ ὼ ό

No ESP

ÅChaotic dynamics, limit cycles, trends, noise, é No ESP!

●▓ ꜚό ȟό ȟȣ

●▓ ꜚό ȟό ȟȣȟὼȟὯ



General solution of ὼ Ὢὼȟό :

Å●▓ ꜚ◊▓
Has ESP. It can be reliably used as reservoir!

Å●▓ ꜚ◊▓ȟὼȟὯ
No ESP. Depends on both initial state and inputs.

Å●▓ ꜚ◊▓ȟ◊▓ȟὼȟὯ
No ESP. Multiple inputs case, such as noiseé

◊ ό ȟό ȟȣȟό , ●▓ ꜚ◊▓ȟὼȟὯ

Are these dynamics useless for computation?

-> Recent hot topic!

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

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









Attempts to use chaotic dynamics:
ÅSpontaneous behavioral switching

ÅIntroduce time invariant transformation

ÅDesigning shape of chaotic attractors 

ÅChaotic dynamics as deep NN

Kubota, T., Imai, Y., Tsunegi, S., & Nakajima, K. (2024). Reservoir Computing 

Generalized. arXiv preprint arXiv:2412.12104.

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

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

Kabayama, T., Komuro, M., Kuniyoshi, Y., Aihara, K., & Nakajima, K. (2025). 

Crisis-induced intermittency in reservoir computing. Physical Review 

Research, 7(3), L032058.

Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous 

behavioral switching via chaotic itinerancy. Science advances, 6(46), eabb3989.

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:
ÅSpontaneous behavioral switching

ÅIntroduce time invariant transformation

ÅDesigning shape of chaotic attractors 

ÅChaotic dynamics as deep NN

Kubota, T., Imai, Y., Tsunegi, S., & Nakajima, K. (2024). Reservoir Computing 

Generalized. arXiv preprint arXiv:2412.12104.

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

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

Kabayama, T., Komuro, M., Kuniyoshi, Y., Aihara, K., & Nakajima, K. (2025). 

Crisis-induced intermittency in reservoir computing. Physical Review 

Research, 7(3), L032058.

Inoue, K., Nakajima, K., & Kuniyoshi, Y. (2020). Designing spontaneous 

behavioral switching via chaotic itinerancy. Science advances, 6(46), eabb3989.

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

ÅNon-ESP reservoir is still processing inputs!

ÅImproving ESP at readout layer! 



ESN example with DNN readout

ÅTime-invariant transformation using DNN!

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





Emulating Rossler attractor with Lorenz 96






