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Lecture 12
uClassical conditioning

– Rescorla Wagner Rule
– Temporal Difference Learning
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Classical Conditioning
uClassical: Reinforcers delivered independently

of actions taken by the animal

uStimulus u
uExpected reward r, R
uWeight w
uPredicted reward v
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Rescorla – Wagner rule (1972)
uAnsatz (multiple stimuli u):  v = w * u
uMinimize square error (stochastic gradient) 

<r - w * u>2

uRule:               with               .
Has form of a delta-rule (same derivation)

uIf steps are small, solution like differential eq.:
with

uw δε=Δ vr −=δ

wCuuw *−== r
dt
d

w δτ
TuuC =
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Ex 1 (Similar to Cha. 6 / Ex 2):
u Show that the differential Rescorla-Wagner rule 

has the solution

where the constant scalar a and the constant vector      (perpen-
dicular to u) have to be chosen according to boundary conditions.

u Solve for a and       :
1) at t=0, with w(t=0) = 0, 

then evolve for t=0...t1, with r=1
2) new a for t >t1, with r = 0, then evolve

u Compare with fig.9.1 (following page)
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Behaviour
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Other features
uBlocking: Second stimulus is blocked by a 

trained first one (no δ)
uInhibitory conditioning:  Second stimulus is 

presented together with trained first only in 
absence of reward, inhibits a trained first one 
(0 <w1 = -w2)

uOvershadowing: Sharing reward between two 
stimuli (0 <w1 = w2)
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Full list of other features
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Ex 2
uFor the list of features on the previous page, 

show which (all?) of these can be explained by 
the Rescorla-Wagner rule with 2 weights.

[Hint: follow the examples which were given]
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Temporal Difference Learning
uTotal trial time T
uPredicting Future Reward
uStimuli u  over a range of time are weighted:

(Sutton and Barto 1990)
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Rule derivation (Dayan 1992)
uError function:

uStochastic gradient

uRule                               ; 
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Introducing temporal difference
uHave                                        where

i.e. prediction is used in formula again.
uHence prediction error 

where                                is called the 
temporal difference term.

uAllows to predict future rewards.

)()()(
0

tvtrt
tT

−>+<= ∑
−

=τ

τδ

)1()())1(()()(
)1(

00

++>=++<+>=+< ∑∑
+−

=

−

=

tvtrtrtrtr
tTtT

ττ

ττ

)()1()()( tvtvtrt −++=δ
)()1()( tvtvtv −+=Δ



Andreas Wendemuth, Otto-von-Guericke-Universität Magdeburg, SS 2006
13

Example(1): u(t=100) = 1, r(t=200)=1
uNeed to learn R(t): 

0 (t<100), 1 (t=100..200), 0 (t>200)
uFirst trial: w(t) = 0, v(t) = 0. Hence δ(t=200)=1

and
uSo we have the first predictor w(100)=ε and

uThis predicts only at t=200.
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Example (2): u(t=100) = 1, r(t=200)=1

uSecond trial:
t=199:

t=200:

uPredictor: 
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Example (3): u(t=100) = 1, r(t=200)=1

starts predicting 1 step earlier, at t=199
uThird trial: t=198:

t=199:

t=200:

uP.: 
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Temporal difference conclusion
uWith every trial, the prediction starts 1 step 

earlier. 
uThe prediction mass also moves to earlier 

times. This happens the faster, the larger ε.
uExample: ε =1: )100()(1 −= tutv

)99()100()(2 −+−= tututv

)98()99(2)100()(3 −+−+−= tutututv
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Ex 3
uStudy temporal difference learning with a 

program. 
uExplain the behaviour of figure 9.2 (next page)
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Effects of temporal difference learning
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Next lecture: Instrumental 
Conditioning
uActions of the animal determines which 

reinforcement is provided 
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