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Lecture 14
uInstrumental conditioning:

Actions of the animal determines which 
reinforcement is provided 

– Static Action Choice (direct rewards)
– Sequential Action Choice (delayed rewards)
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Static Action Choice
uAnimals develop policies (plans of action that 

increase reward)
u Example: foraging bee, blue and yellow flowers:
u Reward rb from probability density function (pdf) 

p[rb], reward ry from p[ry]
u Stochastic policy P[b], P[y]=1-P[b], parametrized as 

softmax functions with action values mb, my and 
exploration parameter β.

u Exploration-exploitation dilemma.
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Stochastic policy
uSigmoids

uAdjusting the parameters:
– Indirect actor: estimate nectar volume by delta rule
– Direct Actor: maximize expected average reward

uas follows:

)exp()exp(
)exp(][

mymb
mbbP

ββ
β
+

=



Andreas Wendemuth, Otto-von-Guericke-Universität Magdeburg, SS 2006
5

Indirect actor
uEstimate nectar volume mb = <rb>
uDelta rule (Rescola-Wagner): on blue flower, 

rb is received and mb was expected, so  change
with                       , the same on 

yellow flower. I.e. if the pdfs p[rb], p[ry] change 
slowly relative to learning rate, this converges. 

u exploration parameter β not changed.

εδ+→ mbmb mbrb −=δ
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Indirect actor-model
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Indirect actor-experiments
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Direct actor
umaximize expected average reward:

uUse

u Interpret 2 terms: choice of b/y flowers with P[b], P[y].
u Change mb by                                    if b is selected, and

if y is selected. For my equiv.    
u r* = mean reward
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Direct actor-model
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Ex 4
uStudy indirect and direct actors on a simple 

two-flower model where reward is given as in 
fig. 9.4.

uWhy do the models sometimes not converge? 
What can be done to prevent this?
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Sequential action choice
u(delayed rewards). Example: maze task

uPolicy evaluation
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Critic: Learning rule
uThe rat chooses action a at location u and ends 

up at location u‘:

uResult of policy evaluation:
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Policy evaluation: Model
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Actor: Policy Improvement
uCompare to direct actor: use rb-r*, here:

rb = worth of action = ra(u) + v(u‘)
r* = average worth = v(u)

uSo use softmax with

u
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Actor: experiments
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Ex 5
uStudy critic and actor on the simple maze task 

model which was given in the lecture.
uDo the models always converge? 
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Resumé of Chapter 9
u Classical conditioning: fixed rewards

– Rescorla Wagner Rule
– Temporal Difference Learning (Analytical Treatment)
– Linear rules and updates. 

u Instrumental conditioning: animal determined rewards
– Static Action Choice (indirect/direct actor)
– Sequential Action Choice (delayed rewards, critic/actor)
– Stochastic rules and updates. Animals chooses policy.

u In all cases, rewards / policies are learnt by rules.
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