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Developmentdlepigeneticsystems

ADevelopmental/epigenetic systems are systems which, given innate
materials/structures/properties/mechanisms/capabilitieggrow as a result of the
dynamical interactions between the components of this innate equipment among
themselvesandwith their environment

C Developmentaprocesses thesegrowth processes

Aln biological organisms, these interactions take place simultaneously at many
organizationalevels

e.g. at the level of individual cells through for e.g. differentiation processesesulting
from dynamicalpatterns of geneexpressionthat dependon the chemicalenvironment
within and outsidethe cell;

or atthe levelof cellassembliesvhichdynamicallyinteractamongthemselvesand with
the physicalenvironmentto generateorgans(e.g. through interaction with gravity), or
for e.g. to learnimmuneresponsespr to maturatefor e.g. neuralsystems

or at the behaviorallevel of the whole organismswhich neural and learning system
interact with the physicaland socialenvironment,to generatefor e.g. locomotion or
language

ANot only biologicalsystemscanbe developmental g.g. galaxiesor universes
A Developmental/epigeneticoboticsC  studyof bio-inspiredgrowth processes
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Developmental processes involve compleiysico
chemicg dynamical systems, both in embryogenesi:
andepigenesis

C Selforganization phenomena

C Constrains the space of forms and structures: no
~ all forms are equally easy to generate from physical
1 matter/are possibleC Constrains evolutionary searc

| 4. = Eyodevoapproach both for biological
2 | RRA ya)@@]@ﬁ@};{ﬁ]dscape understanding AND engineering efficiency

Borenstein E. &rakauerD. CAn end toendlessforms: epistasis phenotypedistribution bias andnonuniform
evolution PLoSComput.Biol 4, e1000202 (2008)
Raff, R. AWritten in stone: fossils, genes aettocdevo. Nature Rev. Genes, 911¢920 (2007)



One nonstandard bridges between
research on evolutionary and
developmental systems: the role of
openended search mechanisms



4 types of(re-)searchin
(computational/mathematical)
evolutionary and developmental systen

Evolutionary systems:

1) Taskspecific optimization problems for engineering purposes;

2) Modeling work for understanding better the origins of structures and complexity in
phylogeny/biological evolution;

Developmental systems

1) Taskspecific learning problems for engineering purposes;

2) Modeling work for understanding better the formation of structures in
sensorimotor/cognitive/social development;

C These four types of research can be formulated in a unified formal framework;

C Yet, very different goals, anthderlying technical differences that lie mainly in the
kind of search process they are associated with;

C In spite of strong differences in objectives, recent results show how strong synergi
can relate them;



A common underlying formulation

AA (discreteor continuous)state spaceS(e.g. sensoristate and memoryof a robot)
AA (discreteor continuous)actionspaceA (e.g. motor commandsof a robot)

AAtransitionfunction W : S(t)3 A%) - R(t +1)

AA parameterizedactionpolicy pq

AA re\_/vard/value/fitness function

S- A,&U(R(t))i(R(t),S(t),A(t),H)- R(t+1))

or R:S? A-
oo R:H- A (fitneddfR(1)): (R(), (), At), H) - R(t+1)
whereone hagypically H = A(0),..., A(N)

with abehaviourafunction B:p, - H
Arising from a developmental functioD :q - p,

AAN optimization procedure (evolutionary algorithms or model learning with
approximate dynamic programming/stochastic optimal control) that find a policy

such that g =argmaxR(B(D(q)))  (evosystems
q

Alt) =argmax § g'R(nN)  (devolearningsystems

a A =t
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Examples of engineering/tashpecific

evolutionary problem
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TuciE., Massera GNolfi S. (2009)Activecategoricalperception in arevolvedanthropomorphicroboticarm. IEEE
International Conference oRvolutionaryComputation (CEC3pecialsession orkEvolutionaryRobotics.

Hornby G.S.TakamuraS.,Yokong J.,HanagataO., Yamamoto, T. arkljita M. (2000).EvolvingRobustGaitswith
AIBQ |IEEHnternational Conference on Robotics and Automatmm 30403045.
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Example®f engineeringfaskspecific
developmentalproblem

forward speed of the robot
isthe ballin the cup?

Kober J.; Peters, J. (2009). Policy Search for Motor Primitives in RobBal@s)ces in Neural Information Processing
Systems 22 (NIPS 2008), Cambridge, MA: MIT.Press

Policy Gradient Reinforcement Learning for Fasadrupedal.ocomotion Nate KohlandPeter StonelnProceedings of the
IEEE International Conference on Robotics and Automation, ppg2629, May 2004.
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