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タコとイカ 異質な知性と体に秘められた謎|

ガリレオX第228回 (2020年9月27日)

https://www.youtube.com/watch?v=rn8wKflrm7Y

https://www.youtube.com/watch?v=rn8wKflrm7Y


Nakajima, K., & Fischer, I. (Eds.). (2021). Reservoir Computing: Theory, Physical 

Implementations, and Applications. Springer Nature.



鈴森 康一、中嶋 浩平、新山 龍馬、舛屋 賢 

編著、ソフトロボット学入門 -基本構成と柔
軟物体の数理-、オーム社（2023年1月19日）. 

ISBN: 978-4-274-22998-5

Koichi Suzumori, Kenjiro Fukuda, Ryuma

Niiyama, Kohei Nakajima, The Science of Soft 

Robots---Design, Materials and Information 

Processing, Springer Singapore, 2023. ISBN: 

978-981-19-5173-2



Recurrent Neural Networks 

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

• 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) 

• 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)



• Learning is fast and stable! 

• Feasible for physical platform. 

Reservoir

inputs
outputs

Win

Wout

W

readout Adjust only the 

readout!

• Nonlinearity

• Memory

(Good points) (Computational power)

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

no.5667, pp.78–80 (2004). 

𝑊𝑜𝑢𝑡 = 𝑋𝑇𝑋
−1
𝑋𝑇𝑦

ො𝑦 = 𝑋𝑊𝑜𝑢𝑡

Use 𝑊𝑜𝑢𝑡for 

information processing!

𝑓 𝑥 = tanh(𝑥)

Reservoir computing: basic settings



Two representative models in RC
Echo state network Liquid state machine

Herbert Jaeger Wolfgang Maass

• Randomly coupled network

• Artificial neural network 

(Sigmoidal function)

• Engineering oriented

• Often assume space

• Pulse neuron

• Neuroscience oriented

Reservoir computing
Benjamin Schrauwen, 

Joni Dambre

(University of Gent)

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

no.5667, pp.78–80 (2004). 

W. Maass et al., Neural Comput 14 

(11): 2531–60, 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
• Open-loop

• Close-loop

multitasking
By attaching the readout weights, 

multiple functions can be emulated 

simultaneously! 

reservoir

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

60, 2002.

reservoir

Win

Wout

W

feedback 

loop
𝑦𝑘+1= g(𝑦𝑘)𝑦𝑘

readout

teacher forcing

Disconnect 

the loop!

𝑦𝑘+1
𝑦𝑘+2
𝑦𝑘+3

+noise

+noise

+noise

target outputs

𝑦𝑘
𝑦𝑘+1

𝑦𝑘+2

𝒙𝒌+𝟏 = 𝑓 𝒙𝒌, 𝒖𝒌
ෝ𝒚𝒌 = ෠𝜓(𝒙𝒌)

*On-line learning 

(e.g. FORCE learning, Innate learning)

learning
ෝ𝒙𝒌+𝟏 = 𝑓 ෝ𝒙𝒌, ෝ𝒖𝒌
ෝ𝒖𝒌 = ෠𝜓(ෝ𝒙𝒌)

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



Soft sensing using material dynamics

• Emulating a laser displacement meter in a high precision!

• Using 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., Water‐Dynamics Monitoring Using a Flexible Resistive Sensor and Reservoir 
Computing. Small, 2407698, 2025.



Designing locomotion patterns and switching them

• Locomotion through central pattern generators!

• Switching 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

𝑧(𝑡)
𝒘

Training   

readout 

Weights 

with RLS

𝒖feed

𝑱

𝒙(𝑡)

𝜏
ⅆ𝒙(𝑡)

ⅆ𝑡
= −𝒙 𝑡 + tanh 𝑔𝑱𝒙 𝑡 + 𝒖feed𝑧 𝑡 + 𝒖𝑖𝑛(𝑡)

𝑧 𝑡 = 𝒘𝑇𝒙(𝑡)

𝜏: time constant,
𝒙: network state, 𝒙 ∈ ℝ𝑁

𝑔: nonlinearity parameter
𝑔 > 1: chaotic

𝑱:𝑁 × 𝑁 matrix, 𝑱 ~𝒩 0,
1

𝑁

𝒖in: input function, 𝒖in:ℝ → ℝ𝑁

𝒖feed:𝑁 × 1 matrix, 𝒖feed~[−1, 1]

𝒘: readout weights, 𝑁 × 1 matrix

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

• Internalizing the external control through feedback loop!

• Should 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)

𝒘



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

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



Designing spontaneous behavioral switching

• Step 1: Behavioral patterns

• 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!

A

C

B

behavioral pattern

transition

External control

Internal dynamics



What is chaotic itinerancy?

• Frequently observed in high-dimensional 
nonlinear dynamical systems

• Seemingly random transitions among 
quasi-attractors

(Features) 

First found in… 

Propose a 
scheme to 
design CI!

• Optical turbulence

• A globally coupled 
chaotic system

• Nonequilibrium neural 
networks

[K. Ikeda et. al., 1989]

[K. Kaneko, 1990;  1991]

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



Spontaneous behavioral switching in robots

• Deterministic chaos self-organized to generate 
stochastic processes.

• Using 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

• Internalizing the external control through feedback loop!

• Should estimate the duration of time for each pattern (switch 

in appropriate timing) using the same reservoir!

Output patterns

Adjusting feedback loop

Symbolic 
dynamics

(periodic)

𝒘

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: “reproducible response”

• Reproducible response to the same input sequence!

• Reservoir states should not depend on the initial condition!

(target function)

𝑦𝑘+1 = 𝑔(𝑢𝑘 , 𝑢𝑘−1, … )

(prerequisite)

(reservoir computing)

𝒙𝒌+𝟏 = 𝑓 𝒙𝒌, 𝑢𝑘
ො𝑦𝑘+1 = ෠𝜓(𝒙𝒌+𝟏)

𝑔(𝑢𝑘 , 𝑢𝑘−1, … ) ≈ ෠𝜓(𝒙𝒌+𝟏)

𝒙𝒌 = 𝝓(𝑢𝑘−1, 𝑢𝑘−2, … )

We want to emulate 

(learn) function “g”!

𝑓 𝒙𝒌, 𝑢𝑘 − 𝑓 𝒙𝒌
∗ , 𝑢𝑘 ≈ 0

(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

𝑥𝒌 = −
1

2

𝑘−1
𝑥0 + 𝑢𝑘−1 −

1

2
𝑢𝑘−2 +⋯+ −

1

2

𝑘−1
𝑢0

𝑥𝒌 = 𝑢𝑘−1 −
1

2
𝑢𝑘−2 +⋯

k → ∞ Independent of initial state

E.g.) 𝑥𝑘+1 = −
1

2
𝑥𝑘 + 𝑢𝑘

𝑥𝒌 = −1 𝑘−1𝑥0 + 𝑢𝑘−1 − 𝑢𝑘−2 +⋯+ −1 𝑘−1𝑢0

E.g.) 𝑥𝑘+1 = −𝑥𝑘 + 𝑢𝑘

No ESP

• Chaotic dynamics, limit cycles, trends, noise, … No ESP!

𝒙𝒌 = 𝝓(𝑢𝑘−1, 𝑢𝑘−2, … )

𝒙𝒌 = 𝝓(𝑢𝑘−1, 𝑢𝑘−2, … , 𝑥0, 𝑘)



General solution of 𝑥𝑘+1 = 𝑓(𝑥𝑘 , 𝑢𝑘):

• 𝒙𝒌= 𝝓(𝒖𝒌)
Has ESP. It can be reliably used as reservoir!

• 𝒙𝒌= 𝝓(𝒖𝒌, 𝑥0, 𝑘)
No ESP. Depends on both initial state and inputs.

• 𝒙𝒌= 𝝓(𝒖𝒌, 𝒖
′
𝒌, 𝑥0, 𝑘)

No ESP. Multiple inputs case, such as noise…

𝒖𝑘 = 𝑢𝑘−1, 𝑢𝑘−2, … , 𝑢0 , 𝒙𝒌= 𝝓(𝒖𝒌, 𝑥0, 𝑘)

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:
• Spontaneous behavioral switching

• Introduce time invariant transformation

• Designing shape of chaotic attractors 

• Chaotic 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:
• Spontaneous behavioral switching

• Introduce time invariant transformation

• Designing shape of chaotic attractors 

• Chaotic 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

• Non-ESP reservoir is still processing inputs!

• Improving ESP at readout layer! 



ESN example with DNN readout

• Time-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







Emulating KS model using Lorenz 96

• Emulating spatiotemporal chaos using spatiotemporal 
chaos!





note

• Experimenters of PRC are already introducing the 
time-invariant transformation unconsciously in the 
name of post-processing (detrending, Hilbert 
transformation, noise averaging, etc.)

• Time-invariant transformation can be considered 
as a generalization of these post-processing 
procedures. 



Designing the shape of 
chaotic attractor
Kabayama, T., Kuniyoshi, Y., Aihara, K., & 

Nakajima, K. (2025). Designing chaotic attractors: 

A semisupervised approach. Physical Review E, 

111(3), 034207.



Scheme: using break down of ESP 

• “Skeleton” provides template shape and the break 
down of ESP brings chaoticity!



Shape of chaotic attractors can be 
easily designed!

• Especially useful when the equation is not there!

• Even with random realization of ESN, success ratio 
~ 90% (with Lissajous-curve skeleton) 



Pe
ri
o
d
ic

ES
N

Cf. Application scenario in control
• Chaotic robot motor command to avoid stuck[2]

• Pseudo-periodic signal for synchronization[3]:
◆Periodic-driven system with multiple-period response

◆Replacing driver with weak-chaotic one

◆ex. skeleton-driven ESNs vs. ESN-driven ESNs

47

[3] T. L. Carroll and L. M. Pecora, Using 

chaos to keep period-multiplied systems 

in phase, Physical Review E 48, 2426 

(1993).

[2] S. Steingrube, M. Timme, F. Wrögötter, and P. 

Manoonpong, Self-organized adaptation of a 

simple neural circuit enables complex robot 

behaviour, Nature physics 6, 224 (2010).



Crisis induced intermittency in RC

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

intermittency in reservoir computing. Physical Review Research, 7(3), L032058.



Exploiting Chaotic Dynamics 
as Deep Neural Networks.

Liu, S., Akashi, N., Huang, Q., Kuniyoshi, Y., 
& Nakajima, K. (2025). Exploiting chaotic 
dynamics as deep neural networks. Physical 
Review Research, 7(3), 033031.



Natural systems vs Large Language Models

• Evolved systems according 
to their ecological niche

• Trained through huge amount 
of sentence data (e.g. BERT: 
masked language modeling 
task) 

Transformer 

Large language models as a reservoir



Butterfly Behind LLM

• Transient chaos exists in 
pretrained LLM!

Inoue, K., Ohara, S., Kuniyoshi, Y., & Nakajima, K. (2022). Transient 

chaos in bidirectional encoder representations from transformers. Physical 

Review Research, 4(1), 013204.



5/15 東大よりプレスリリース

https://ircn.jp/pressrelease/20250515_takamitsu_watanabe

https://ircn.jp/pressrelease/20250515_takamitsu_watanabe


LLMの情報処理は感覚性失語症の脳活
動と似ている！？

• エネルギー地形解析を失語
症患者の脳活動とLLMのダ
イナミクスにおいて解析！

• LLMの内部状態はウェル
ニッケ失語症に代表される
感覚性失語症に似ている可
能性がある

T. Watanabe, K. Inoue, Y. Kuniyoshi, K. Nakajima, K. Aihara, Comparison of large 

language model with aphasia, Advanced Science, 2414016, 2025.



Dynamical system as feed-forward 
neural networks

Expansion property (no ESP) is rather 
useful for separation (classification)? 

No ESP

(e.g., chaotic)

ESP



Feed-forward ESN

• Iteration timesteps as layers of deep neural networks 
(DNN)!

• 𝑊𝑖𝑛, 𝑊𝑜𝑢𝑡are trained through BP

• 𝑊𝑖𝑛determines how to set the initial conditions



Implementing MNIST classification task

• Memory of initial conditions are rather required!

(= broken down of ESP)

• Chaos generates high separability!

t=0 layer t=T layer



Performance and convergence time

• Lyapunov time characterizes the optimal timesteps 
(layers) of the network in chaotic region

high

low

long

short



High performance similar to DNN

• Chaotic dynamics has a potential to be used!



To be continued on 11/7
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