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Lecture 10: Temporal Difference Prediction

Instructor: Raunak Bhattacharyya
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Policy Iteration

Section 4.3, Sutton & Barto

http://incompleteideas.net/book/RLbook2020.pdf
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Greedy Policy

Fig 4.1, Sutton & Barto

http://incompleteideas.net/book/RLbook2020.pdf


Generalised Policy Iteration

4 Section 4.6, Sutton & Barto

● Two simultaneous, interacting processes
○ Make value fun consistent with current policy
○ Make policy greedy w.r.t. current value function

GPI: Evaluation and improvement processes interact, independent of granularity

http://incompleteideas.net/book/RLbook2020.pdf
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Value Iteration

Section 3.4.2, Mausam & Kolobov

https://link.springer.com/book/10.1007/978-3-031-01559-5


Demo: Value Iteration

6 ReinforceJS, Andrej Karpathy

https://cs.stanford.edu/people/karpathy/reinforcejs/gridworld_dp.html


DP: Summary

7 From David Silver

Why don’t we do the above things with q-values?



Model-Free Prediction
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Model-Free Approaches
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● MDP model is unknown, but we can sample from it

● MDP model is known, but it’s easier to sample 

Climate models Robotic navigation

Robotic navigation in 
unknown envs

Advertising with 
unknown user behavior

Autonomous vehicle in 
traffic

Game playing



Monte Carlo Estimation 
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● Sample trajectories

● Store the obtained returns 

● Average

Setting Episodes and visits
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Temporal Difference

● Setting: Learn online, i.e. after 
every timestep

● Can learn from incomplete episodes



Temporal Difference Policy Evaluation
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No expectation, single sample

No reality, bootstrap



Visual: Dynamic Programming

13 From David Silver



Visual: Monte-Carlo

14 From David Silver



Visual: Temporal Difference

15 From David Silver



TD: Driving Example

16 Section 6.1, Sutton & Barto

http://incompleteideas.net/book/RLbook2020.pdf


TD: Driving Example

17 Section 6.1, Sutton & Barto

http://incompleteideas.net/book/RLbook2020.pdf


Random Walk
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Random Walk
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