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[Abstract]

We present an improved framework for stabilizing and reusing self-organized motor patterns discovered through
chaotic search in embodied neuromechanical systems. Based on the Embodied Chaotic Search (ECS) paradigm—
which enables the emergent generation of periodic motor patterns via neuro-body-environment interactions without
episode-based machine learning—our approach addresses the inherent limitation of pattern instability. The proposed
method introduces a two-stage process that decouples search and learning. Upon detecting a promising motor
pattern, external sensory feedback is suppressed to freeze the system’s dynamics, enabling stable learning of
inter-CPG coupling weights through adaptive synchronization. The learned weights are stored and can be reloaded
to reliably reproduce the pattern. Phase space deformation before and after learning is visualized, demonstrating
the convergence of multiple transient attractors into a single stable one. To reduce complexity, we replace the
rotation-center correction of prior adaptive synchronization algorithms with a bias-based learning mechanism
compatible with standard neural models. This framework improves the acquisition and memory stability of the
ECS system and highlights the potential of leveraging these patterns as initial policies for conventional machine

learning, as well as foundational motor primitives for high-level behavioral synthesis in robotic systems.

» Key words: Embodied Al, Self organization, Chaotic exploration, Central pattern generator,
Adaptive synchronization, Motor primitive, Neuromechanical system
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I. Introduction
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Fig. 1. An overview of chaotic pattern search and
acquisition for embodied neuromechanical system.
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II. Preliminaries

1. ECS Framework
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III. The Proposed Scheme

1. Adaptive Synchronization
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1.2 Learning with Bias for Coupling C(x)
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2. Mechanical System

2 agolxe] 2215 Alasle ol dEd b
A2 AREo| A Ana-ginz A 152 R
SQich. ALY 442 o) %7 (k=1000N/m) DAt
A2 1AF S| $sh wdh(strut) 2 A=, Al
=2 93t ‘28’02 A|AE HAAL Hill-type 2
el RRIRA)(13] 21 7Pdo] CPG S2jof o}
2} Aloje e 5 *;iﬁlﬂo*ﬁ}(k: 1+tanh(u)). A (4)olA

9] raw sensor?dl r& WashE 28 £87|(muscle

A0
=

-+

o i

1o 2 @ ot

proprioceptor)2] —]?_—%7;7 P AH(group la, b, 1
afferents: Vi, Fy, Lyy)2 HF2Z 2= 2JHH15].

ol

7 A RE 289 2A(IAE, A, Zojg 1
+40|(Fig. 29] 7t 25 Zo]9] 1/2)2 7kt 3holtt
[71(8]. ol=fst REZ vjfo=, Flg 2014} o] &
AE & (Linear MSD) ¥ 2XFd &% swimmer?} 3X};
2 tensegrity-style walker@] A 7P<] M= o2 g
A9] =2] A|ARI] tist Alagfolido] AIsgEQlTt.

r{)

R T A

Linear MSD system

1.5m
(@) ki () it i () =i e ()
£ & Xy 2 Xy 2
5| €re) > D o)
3 o o
& =1 & =t iy ()
Swimmer-2D

20m
@—’\/\/\/\/\/\/\/\/\/\_/ﬁ\/\/\/\/\/\/MM/\/—@
— 1
§ WAV'%W¢vv'w m

3
@ Z

Walker-3D

Fig. 2. Mechanical models for different embodiment. The
swimmer is actuated by three pairs of antagonistic
muscles, each pair driven by control signals of opposite
polarity. The strut is depicted as a thick gray line.

Table 1. System Environment
Item Value
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Search e=10 7 Tu = =1.6,7=8,2,=0.73
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Learning =0.125, 7, =1.6
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3. Experimental Results and Analysis
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Stabnllty Landscape (Orig |na|)

5 Stability Landscape (After Learning)

L)
E
=
v
o}
c
o
st
0
¢
o
@
i)
' ®
E
S
=

Normalized residence time

0 n 2n
pDiff 1-2

Chaotic Search « Performance Landscape & Trajecto

Trajectory

1.0

Chaoticity (u)

U —

pDiff 1-3
in
Performance

75 E
50 +— Ex

—F
25 054
.00

Search variables vs. time(cycle)

0sC output Vs, t|me(cyc|e)

Fig. 3. Search—acquisition process of linear MSD system

2, 7 RI-Q] Mgl 5242 50x50=25003]9] AlEHo]
A ARz RE Akt ARAINE} Bt Fol&=5 Y
BT S/ o 9E2 VIR 2=l 2A 41A
REEL Ol He ¥
(performance landscape)it V4 ®A|SH ZAxto|ct A
SAE Al alig AR RS WAA BRI
o, I 2YAAE & Ag MSD 22 9
22 AA" 179 7]57d50] LA
$50=8 Fofgt gaussian LS F9l]
o] 20| WE XA, 4r) FHES &
BRaeit ohxjet % 7o) A 1
oMel Z8 WAS 9 CPG 2 Wl
A AT 25 The B e
2 oo 9_7]—[[:] x}xﬁxq AT u_HE%

(search trajectory),

Stability Landscape (Original) . Stability Lands:ape (After Learning)

D
o

@
£
£
m
S
2
]
D
]
o
-
@
H
)
£
=
S
z

0.9

0.6

03

o
£
=
o
o
c
[}
=2
@
L
°
@
o
®
£
=
<]
=

1 in 2
pDiff 1-2 pDiff 1-2

Chaotlc Search

Trajectory
(=)
——::: | 3

y = @
( T ™ £
‘m g —~ ©
. °E &7 3
g 2 £
&

.00

Search variables vs. time(cycle)

50 60 70 8 90 100 1I0 120 130 140 150 160 170
OSC output vs. time(cycle)

Fig. 4. Search—acquisition process of Swimmer—2D

- Stability Landscape (After Le

0.6 0.9

0.3
Normalized residence time

Normalized residence time

in
pDiff 1-2 pDiff 1-2

Chactic Search . Performance Landsag ,&VT"aJ,EFtQ,

Performance

Search variables vs. time(cycle)

80 90 100 110 120 130 140 150 160 170 180 160 200 210
OSC output vs. time(cycle)

Fig. 5. Search—acquisition process of Walker—3D



A Framework for Learning and Reuse of Motor Patterns Emerged from Embodied Chaotic Search 67

RIS &S ot

p
=)
rm
=
=
o
)
Ra)
gl"O
'11
2
o
=
i

AR7He 858 Bola g, ol Al (10)9] A4 Ao]
EJo] Z7HA xjcho] opd, ZAIARIS Q=S HIX|517] 9
ol R ARPISE S0 oF 4-5 A5 Z7]0] B A
Mo g Zhashe wlo]7] mlEolch AR 452 7]
&0 o2 uAlet Alss Zsp] ool =2A 284
El= 710 dse ARt delsitete = o] 3717 24t

3
‘gol HolA =t 1 ZAxt, BA aPgofA] Foet miEol
e Y 452 A0 FHESHA] Rt 1ol
Ho= Hojefs Aol BRIt ¥t
/\loﬂ YA ol IR THE
73%011% *E‘APJ 50l Bt 7IHRIE AEH o= A
Elo} Alo]go] o @2 AtdE i, AFA R sy TTHo]
FgM oz st o] RAIED BAE HEHe] shool &

H
o
i)
o
ru
-IOI'
H:
=

25 0]30] QY RN, 710 The] BAL B
Fohyl FEsb AL SS9 WEigto] U3t oY T
oo Wi g 2QIE 4 9lon, ol Ei-HA-7|o]

=
o] g7lo] Tpgo] HEHoR LYENSS ol
25 7%= 2E59] Swimmer-2DeF Walker-3D AlA
Ho| Ao 23 AEAe ols4Rd Tig wAgte

2 S7ETiel. 5 AS0IN BE oMy Qoint 2o
= ]
o

o
Swinmer-2D(Fig. 4)2] P94 A|golAt Rl 27)
of oy o] 7b FERH o0 ol fo] o] A
_]

o
oloh QAR $A1A SRS Holt HESoI) s
A A 7 R0 A Helitoo! Bole 209
ol F7he Aol FAIICL FAN YA
95 I Beole MY voll ol A4rel $)
AT @73 Gl 2 4 k. BAAAS AR 1
s T AN 71 02 RAIEID, olg o &
ol sl mlo] SU% B ARk

Walker-3D 2%(Fig. 502 AX-X|H HEo| u}2
Q% nparie] g JbY AR oM XS
o AL Slat slol s S e} etd ebgt
o] = WEStH, o] 2 5} o Fole mshel
. 3-strut tensegrity
02 H|gAA 23 oA
\:1 o —}1:1 47H4 Al
q9le Bolt) o|2 3

i

T+ 7R 28 H3fnjglo] WL Q= AMlE o
50] in-phase® &Alo|t| 4% & A7yt H
9] P Rpo|2 FAlek= YA (/g5 A7
¥9). =M= <50l anti-phasez gAlo|0{ oF
ol w2 HojRre WAo|tHF ZA B2 +
g % As2 Ua X9 mpHspr A2
anti-phase Tj&lo]A] Aol o Qe {AEQITY.

0|9} Zro] AJAEIQ] BArA Ul 2a].3k4A Rlojo &
ot BE RHEEE FEAeR 4% HAYUES &
sto] 7t A A Ao YA S1HE AR o R =L
ot /dsut QHd/do] B mifozo] A U
off W= e

L=

2 ' ‘j_*o“ B o
o AT gy T T
LA o2 A Hn

Da)
=

[0 K d

Hu ox

Al
OFAI A
v O 1

o

> =
2 e
N
Pior
a2
i)
b
L

D> roh
_l'ﬂ
rlr
Mo
offl
£ q
_VE
11]{e]
O
ro
ox,
d
O
el

rOl‘
ol
PN
= =
o 19
w2
t
L (@)
> (./)
ro
o
u:E
o
ol
1%
i)
ok
_,d
)
o
Q

ol
—_
ol
I
105]
~
l—D:
o
|>
(o]

> Lo ) ofm
|u
i
od
o
=
N
P
o
1
1o
U
rm

ofn n:’
_15% Jn :
o
% M
e
)
>
i
2
=
Iz w
)
on HI
g i
oy =
=
r%& l‘{
2
= &
O|r‘ rm
0% o
o
)
1T o3
)
‘O,

y LR o
N
=
15
ogh
4
fu
R

2 -

e A
=
E

cor=n

ng{ O.II\JL

— N

ofm
i)

b

ko -

L -E o2t
g
i) we
1 Jul
ao o mo
[ )
o2
SRS
o, 12 mo ¥
I N
=,
r2
p
T
rl
zE
i)

9!:
L2 o

a2
|7 oo

>
[ >
o
15
r_l
i
5 =
M

o]
a

NOr
N
olr
oo
o
h
2
M
0

ol

o

)

Tzt 273 Alolof| FHsHA
2 A 7R E AR
=& EAIsHA| E]of CP
o= mEjo] M ‘_}
2 A9 i =z
mElo] oS

‘gl_:

)
re J
2

ol oo KU 4% o

=2

ek =
i
2k
2 &
S 1o rm
do £ 2
o,
opy
e
[ )
|o

ol
2

ro

u
£
ol
o
o
~

e
o j ol

Ir

b}
=
i)

|o

fu

o2
i)

g
i)

JLI
iti‘
[
[
i =

o ri
oft min
fujo
(@]
g
@
N

tu
tor

N

=

It
g'h
o
IS
|-‘ U
~

)

2
i)
= o r
Eiodn
Hi
A

;

o]

nel

ogh

b

oL

oo

2

-

30

rr

)

rE

o

=

ok

2

£ o
ox,
o
19

fo
ox,
B

D)

re
re
rr
OO
I
%‘
for
o
e
o
4o

o 9

=2

d

=

rE

b
s}
pe e ek

k1l oE

5
i)
= e
)
tu
2 L

el 22 B4l S A 4 9IF. ke 24 o)
¥A2E CPGE] ]t chaos BfetulEl(z, )7} Lo, o



68  Journal of The Korea Society of Computer and Information

o%awr Bosick

Fe ALoM = ol2fet st Aot S0 T
9o =S AANCR A9ste Hot AAetd
BA-cls LdHAE HRT a0t o B G5
AT 2R FAE A oM E SAE & =S,
O] =S HES Opefel 22 dS et AlAR TN
= 5ol Aletd 2 B4 7N Aloj] Hasdit W8S
st w2 Aol

ACKNOWLEDGEMENT

This work was supported by the National Research
Foundation of Korea(NRF) grant funded by the Korea
government(MEST) (No. RS-2020-NR053396).

REFERENCES

[1] R. D. Beer, “Dynamical approaches to cognitive science,” Trends
in Cognitive Sciences, Vol. 4, No. 3, pp. 91799, 2000. DOL:
10.1016/s1364-6613(99)01440-0

[2] R. Pfeifer and J. Bongard, How the Body Shapes the Way We
Think: A New View of Intelligence, MIT Press, 2006.
https://doi.org/10.7551/mitpress/3585.001.0001

[3] M. Wilson, “Six views of embodied cognition,” Psychonomic
Bulletin & Review, Vol. 9, No. 4, pp. 625-636, 2002. DOI:
10.3758/bf03196322

[4] A. J. Ijspeert, “Central pattern generators for locomotion control
in animals and robots: A review,” Neural Networks, Vol. 21, No.
4, pp. 642653, 2008. https://doi.org/10.1016/j.neunet.2008.03.014

[5] F. lida and F. Giardina, “On the Timescales of Embodied Intelligence
for Autonomous Adaptive Systems,” Annual Review of Control,
Robotics, and Autonomous Systems, Vol. 6, pp. 95-122, 2023.
https://doi.org/10.1146/annurev-control-063022-094301

[6] Y. S. Shim and P. Husbands, “Chaotic Exploration and Learning
of Locomotion Behaviours,” Neural Computation, Vol. 24, No.
8, pp. 21852222, 2012. DOL: 10.1162/NECO _a 00313

[71 Y. Shim and P. Husbands, “Incremental Embodied Chaotic
Exploration of Self-Organized Motor Behaviors with Proprioceptor
Adaptation,” Frontiers in Robotics and AL Vol. 2, 2015. DOL

10.3389/frobt.2015.00007

[8] Y. Shim and P. Husbands, “Embodied neuromechanical chaos

Chaos: An Interdisciplinary
Journal of Nonlinear Science, Vol. 29, No. 3, p. 033123, 2019.
https://doi.org/10.1063/1.5078429

[9] Y. Kuniyoshi and S. Suzuki, “Dynamic emergence and adaptation
of behavior through embodiment as coupled chaotic field,” in Proc.
IEEE/RSJ Int. Conf. on Intelligent Robots and Systems (IROS),
Vol. 2, pp. 2042-2049, 2004. DOI: 10.1109/IR0OS.2004.1389698

[10] Y. Kuniyoshi and S. Sangawa, “Early motor development from

through homeostatic regulation,”

partially ordered neural-body dynamics: experiments with a
cortico-spinal-musculo-skeletal model,” Biological Cybernetics,
Vol. 95, No. 6, pp. 589-605, 2006. https://doi.org/10.1007/
$00422-006-0127-z

[11] K. Doya and S. Yoshizawa, “Adaptive Synchronization of Neural
and Physical Oscillators,” in Advances in Neural Information
Processing Systems, Vol. 4, Morgan-Kaufmann, 1991. https://
dl.acm.org/doi/10.5555/2986916.2986930

[12] C. Pehlevan, F. Ali, and B. P. Olveczky, “Flexibility in motor
timing constrains the topology and dynamics of pattern generator

” Nature Communications, Vol. 9, p. 977, 2018. DOIL:10.
1038/s41467-018-03261-5.

[13] O. Ekeberg, “A combined neuronal and mechanical model of
fish swimming,” Biological Cybemetics, Vol. 69, No. 5, pp. 363~
374, 1993. https://doi.org/10.1007/BF00199436

[14] M. Sfakiotakis and D. P. Tsakiris,
Environment for Undulatory Locomotion,” International Journal
of Modelling and Simulation, Vol. 26, No. 4, pp. 350—358, 2006.
DOI: 10.1080/02286203.2006.11442388

[15] A. Prochazka, “Chapter 11 Quantifying Proprioception,” in

circuits,

“Simuun: A simulation

Peripheral and Spinal Mechanisms in the Neural Control of
Movement, M. D. Binder, Ed., Progress in Brain Research, Vol.
123, pp. 133-142, Elsevier, 1999. doi:10.1016/S0079-6123(08)
62850-2

Authors

Yoonsik Shim received his B.S. degree in
Mechanical Engineering and M.S. degree in
Computer Science from Korea University,
Seoul, Korea. He earned his Ph.D. degree in

Informatics from the University of Sussex,

United Kingdom, in 2013. He is currently an Assistant

Professor in the Department of Game Engineering at Pai

Chai University, Daejeon, Korea. His research interests
include  bio-inspired  adaptive  robotics, = computational
neuroscience, chaotic neurodynamics, self-organization, and

evolutionary robotics.



