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OIST Neural Computation Unit
How to build adaptive, 
autonomous systems

robot experiments

How the brain realizes 
robust, flexible adaptation

neurobiology



Outline

Reinforcement Learning

Can robots create their own reward function?

Value function and basal ganglia

Mental Simulation

Model-based action planning 

Dynamic Bayesian inference

Patience, confidence and serotonin



Learning to Walk
(Doya & Nakano, 1985)

Explore actions (cycle of 4 postures)

Learn from performance feedback (speed sensor)



Barto, Sutton, Andersen (1983)



Reinforcement Learning

Learn action policy: s ® a to maximize rewards
Value function: expected future rewards

V(s(t)) = E[ r(t) + gr(t+1) + g2r(t+2) + g3r(t+3) +…]
0≤g≤1: discount factor

Temporal difference (TD) error:
d(t) = r(t) + gV(s(t+1)) – V(s(t))

environment

reward r

action a

state s

agent

gV(s(t+1))



Reinforcement Learning
(Morimoto & Doya, 2000)

Learning from reward and punishment

reward: height of the head

punishment: bump on the floor



Cyber Rodent Project (Doya & Uchibe, 2005)

What is the origin of rewards?

Robots with same constraint as biological agents

Self-preservation
capture batteries

Self-reproduction
exchange programs
through IR ports



Vision of Cyber Rodents
Robot eye view



Learning to Survive and Reproduce
Catch battery packs
survival

Copy ‘genes’ by IR ports
reproduction, evolution



Robots

Virtual agents
15-25

Population

w1, w2, …, wn

Genes

Embodied Evolution (Elfwing et al., 2011)

Weights for top layer NN

Weights shaping rewards

Meta-parameters
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Figure 1. Two physical robots with six energy sources and the neural network controller.
(a) The Cyber Rodent robots used in the experiments were equipped infrared communication for the
exchange of genotypes and cameras for visual detection of energy sources (blue), tail-lamps of other
robots (green), and faces of other robots (red). (b) The control architecture consisted of a linear
artificial neural network. The output of the network was the weighted sum (

P
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) of the five
network inputs (x

i

) and the five evolutionarily tuned neural network weights (w
i

). In each time step, if
the output was less or equal to zero then the foraging module was selected, otherwise the mating
module was selected. The basic behaviors were learned from by reinforcement learning with the aid of
evolutionarily tuned additional reward signals and meta-parameters. The foraging module learned a
foraging behavior for capturing energy sources. The mating module learned both a mating behavior for
the exchange of genotypes, when a face of another robot was visible, and a waiting behavior, when no
face was visible.



Evolution of Shaping Rewards
Vision of battery Vision of face



Polymorphism within Colony
(Elfwing et al. 2014)

Foragers and Trackers Evolutionaly stability
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Figure 2. The Correlation between the average mating learning performance and the
average fitness in the final 20 generations in all experiments. The learning performance was
estimated as the number of time steps the mating behavior was selected divided with number of mating
events. The seven types of markers indicate the number of energy sources in the environment for each
simulation.

(a) (b)

Figure 3. Example trajectories of the learned behaviors for the roamer strategy and the
stayer strategy. (a) The roamer ignores the tail-lamp of the mating partner and executes the learned
foraging behavior to capture the energy source. (b) The stayer executes the learned waiting behavior
and adjusts its position according to the trajectory of the mating partner.
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Figure 4. Difference in genotype, phenotype, and behavior between the roamer (green)
and stayer (red) subpopulations for all individuals (1600) in the final 20 generations. (a)
The distribution of values of the bias weights (x1) and the face distance weights (x5). (b) The
histogram of average waiting threshold values, Ē

m

. (c) The mean percentages of the lifetimes, with
standard deviation, the individuals spent executing the three basic behaviors.
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Figure 5. Average number of number of mating events, average proportion of mating
events with stayer mating partners, average energy level at the mating events, and average
fitness, as functions of the stayer proportion in the population, for the roamer (green solid
lines with circles) and stayer (red solid lines with circles) subpopulations. (a) The dotted
lines show the best linear fit for the two subpopulations and the black line shows average values for the
population as a whole. (b) The dotted lines show the best linear fit for the two subpopulations and the
black line shows average ratio of the number of roamer mating events to the number of stayer mating
events. (c) The dotted lines show the constant approximations as the average values over all phenotype
proportions. (d) The dotted lines show the estimated fitness values using Equations 6 and 8.
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Reinforcement Learning

Predict reward: value function
V(s) = E[ r(t) + gr(t+1) + g2r(t+2)…| s(t)=s]
Q(s,a) = E[ r(t) + gr(t+1) + g2r(t+2)…| s(t)=s, a(t)=a]

Select action
greedy: a = argmax Q(s,a)
Boltzmann: P(a|s) µ exp[ b Q(s,a)]

Update prediction: TD error
d(t) = r(t) + gV(s(t+1)) – V(s(t))
DV(s(t)) = a d(t)
DQ(s(t),a(t)) = a d(t)

How to implement these steps?

How to tune these parameters?



Basal Ganglia for Reinforcement Learning?
(Doya 2000, 2007)

Cerebral cortex

state/action coding

Striatum

reward prediction

Pallidum

action selection

Dopamine neurons

TD signal

Thalamus

d

V(s) Q(s,a)

state action



Fixed and Free Choice Task
(Ito & Doya, 2015, J Neuroscience)
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Neural Activity in the Striatum
(Ito & Doya, 2015)
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Figure 7. Model-based analysis of action value and state value 

Action value
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Action/State Value Coding Neurons
(Ito & Doya, 2015)
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Figure 7. Model-based analysis of action value and state value 



Basal Ganglia for Reinforcement Learning?
(Doya 2000, 2007)

Cerebral cortex

state/action coding

Striatum

reward prediction

Pallidum

action selection

Dopamine neurons

TD signal

Thalamus
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Bounce Up and Balance by PILCO
(Paavo Parmas)

1st try 2nd try 8th try



Model-free/Model-based Decisions
Model-free

No prior knowledge

Learn from experience

state–action–reward

values of states/actions

Simple, but slow learning

Model-based
Internal model of the world

state, action ® new state

state, action ® reward

Mental simulation

action planning

find the best action sequence

hidden state estimation

cope with noisy observation

Flexible, but heavy load


