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Abstract  
 Animal  behaviour  is determined  by  the  need  to  achieve  different  goals . Often  goals  can  be  

decomposed  into  a number  of  interim  tasks. Such goal -directed  behaviour  consists of  innate  and  
learned  components . It identifies  the  importance  of  computer  simulation  of  evolution  and  learning  of  
goal -directed  behaviour . 

We simulated  an  evolution  in the  population  of  learning  autonomous  agents . The environment,  where  
the  population  of  agents  evolved,  was represented  as a  binary  vector . Every time  step  the  agent  
modified  a  single  bit  of  the  environment . The environment  contained  a  number  of  competitive  goals  

and  subgoals  of  varying  complexity,  that  were  defined  as an  ordered  set of  changes  of  the  state  
vector . Each  goal  was associated  with  certain  reward  value  directly  proportional  to  its complexity . 
The reproductive  success of  the  agent  was proportional  to  the  accumulated  reward . The agent's  

behaviour  was controlled  by  a multilayer  neural  network  with  arbitrary  topology  (including  recurrent  
connections)  modified  by  evolution  and  then  learning . During  lifetime  of  the  agent  each  neuron  in 
neural  network  formed  a  prediction  of  expected  afferentation . Learning  arises through  the  formation  

of  new  functional  neuronal  groups  by  gradual  inclusion  of  "silent" neurons  if the  goal  cannot  be  
fulfilled .  
The simulations  for  the  stationary  and  quasistationary  environments  demonstrated  that  in the  latter  a  

much  wider  range  of  possible  behavioural  policies  and  higher  cumulative  rewards  were  observed . 
We conclude  that  in variable  environments  agents  with  the  behavior,  allowing  them  to  reach  a 
greater  number  of  goals,  have  an  evolutionary  advantage . However,  with  increasing  instability  of  the  

environment  over  a certain  level  we  observed  a  sharp  decline  in the  efficiency  of  evolutionary  
adaptation . By increasing  a  number  of  goals  and  the  growing  complexity  of  its structure  higher  
quality  of  learning  can  be  achieved . Moreover,  the  analysis of  internal  dynamics  of  the  evolutionary  

adaptation  was done . 

Theory of functional systems  
by P.K. Anokhin  
 

 
Functional system  is a set of distributed physiological elements 

which cooperate to obtain an adaptive result (goal) for the 
whole organism.  

 

ÅInnate repertoire of organismal 

functional systems are formed in 

the process of development 

(primary systemogenesis ) 

ÅResults (goals) of primary systems 

are determined by the 

genotype  

ÅIn the process of learning 

additional systems are formed to 

deliver an adaptive result in new 

conditions ( secondary 

systemogenesis ) 

ÅFormation of new systems is due 

to activation of «silent» neurons  
 

Environment  
 

Goal parameters:  

k ð complexity  

R(t) ð reward  

T ð recovery time 

of reward  

Goals hierarchy  Goal  

The environment  is represented as a 
binary vector:  
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The goal  is an  ordered  set of  
changes  of  the  state  vector : 
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1     - environment dimension;         - number of goals;  

    - goal complexity;       - number of different bits in the goal  
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Autonomous agent  
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Neuronal pools  

Agentõs neural 

network is divided 
into neuronal pools. 

The neurons from the 

same pool have 
similar connectivity.  

V ð  set of neurons;  
S ð  set of synapses;  
P ð  set of predictor connections that are used  
       to form predictions of the expected  
      afferentation . 

Evolution  
 

Agent genotype  Two types of structural 

mutation  

Kenneth  O. Stanley , Risto Miikkulainen . "Efficient  Reinforcement  Learning  through  
Evolving  Neural  Network  Topologies ". Proceedings of the Genetic and Evolutionary 
Computation Conference (GECCO -2002).  
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Pool duplication  

Fitness function  
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Penalty function  

(upon the size of neural network)  
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The synthesis and  selection  of  neuronal  

populations  that  will constitute  the  primary  

repertoire  of  agent  functional  systems are  

called  the  primary  systemogenesis . 

During  the  process  of  primary  systemogenesis  

the  endogenous  activation  of  neurons  is 

occurring  that  identifies  the  most  "connected"  

regions  of  the  neural  network . Then the  most  

active  neurons  and  synapses are  selected,  and  

predictor  connections  are  established  that  best  

predict  the  expected  afferentation . 
 

Development  
(primary systemogenesis ) 
 

Learning  
(secondary systemogenesis ) 
 

The main mechanism for detecting 

when learning is needed is the 
mismatch of the neuron  

The mismatch of the neuron is an 

inconsistency between neuron predictions of  

afferentations  and observed afferentations . 

Prediction is implemented with the predictor 

connections of the neuron that come from 

other neurons in network.  

During the process of learning the activations of 

silent neurons from the pool of mismatched neuron 

are occurred. Switched -on neurons are responsible 

for the differentiation between a new situation and 

the previous one in which the result was possible to 

achieve.  

Results 
 

Conclusions  
 Stationary and quasistationary  environment  
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Penalty function  

Internal dynamic of the evolution  
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We investigated  the  dependence  of the  goal -
directed  behaviour  evolution  according  to  
environment  stability  and  complexity . 

Å Agents,  that  evolved  in conditions  of quasistationary  

environments,  demonstrate  higher  level  of adaptation  and  

in most  cases  have  a wider  behaviour  repertoire  in more  
complex  environments ; 

Å With a high  environmental  variability  evolution  becomes  

ineffective ; 
Å Evolution  of the  population  occurs  gradually,  by  increasing  

the  number  of states from  which  the  goals  are  achieved ; 

Å Using the  penalty  function  significantly  increases  the  
efficiency  of evolution  and  reduces  the  size of the  final  

agentõs neural  network ; 

Å The rate  of environment  variability,  where  the  population  
reaches  the  maximum  reward,  increases  with  the  

environment  dimensionality . 


