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REINFORCEMENT LEARNING

▪ ADP mandates frequent updates to the system of equations U(s) for 

every state s, after each transition/observation.

▪ Not optimal if we have a large number of states.

▪ Useless for states that are unreachable from a spefic state on which

the transition was made.
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TEMPORAL DIFFERENCE LEARNING

▪ If an observation confirms that transitioning from a state s to another s’ 

occurs with a probability of 1, then

𝑈 𝑠 = 𝑅 𝑠 + 𝛾෍

𝑠′𝜖𝑆

𝑃 𝑠′ 𝑠, 𝜋 𝑠 𝑈 𝑠′ = 𝑅 𝑠 + 𝛾 𝑈(𝑠′)

▪ There’s no need to wait for the end of the trial to update U(s), we can 

update it using a factor or weight 𝛼;

𝑈 𝑠 = 1 − 𝛼 𝑈 𝑠 + 𝛼(𝑅 𝑠 + 𝛾 𝑈 𝑠′ )

▪ 𝛼 is a learning rate.
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TEMPORAL DIFFERENCE LEARNING

▪ From 𝑈 𝑠 = 1 − 𝛼 𝑈 𝑠 + 𝛼(𝑅 𝑠 + 𝛾 𝑈 𝑠′ )
▪ We derive learning rule of temporal difference as;

𝑈 𝑠 = 𝑈 𝑠 + 𝛼 𝑅 𝑠 + 𝛾 𝑈 𝑠′ −𝑈 𝑠
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TEMPORAL DIFFERENCE LEARNING

▪ Initially, U(s0)= U(s1)= U(s2)= U(s3)= 0

▪ Agent wakes up at S0: reward is -0.04 (U(s0)=-0.04)

➢ Agent executes the action as mandated by the policy

S0(-0.04) S0(-0.04)

U(s0)= 𝑈 𝑠0 + 𝛼 𝑅 𝑠0 + 𝛾 𝑈 𝑠0 −𝑈 𝑠0
-0.04+0.2(-0.04+(1*-0.04)+0.04)=-0.048 S0 R S1 R S2 R FS

𝛂 = 𝟎. 𝟐 𝐚𝐧𝐝 𝛄 = 𝟏

𝑼 𝒔 = 𝑼 𝒔 + 𝜶 𝑹 𝒔 + 𝜸𝑼 𝒔′ −𝑼 𝒔


