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— On-policy prediction with approximation
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Bridging Methods

e N-step methods bridge TD and MC
— D) — MC
— All online (model-free)
e Joday we talk about bridging to DP (model-based)

— IDMC — DP (e.g. VD

— Also called learning vs. planning

— Model-based RL does both

— computational efficiency vs. sample efficiency

e Recall TD(0) converges to certainty equivalence model

— So does Dyna
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2 distinct types of planning

e Model-based learning

— e.g. byna

e LOOkahead search
— e.g. Monte Carlo Tree Search (MCITS)
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Heuristic Search

e Good Old Fashioned Al (GOFAI)

e Rich area (even though the lbook minimizes it)

e Generally searches for a single path, not a policy
e Uses a relafional representation

e Main conference: ICAPS

e Not same as evolutionary search, black-box opfimization
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Summary So Far

e Bandits

e Markov Decision Processes (MDPs)

e Dynamic Programming (DP)

e Monte Carlo (MC)

e Temporal Difference (1D)

e N-step booftstrapping: TD — MC

e Planning and learning: TDMC — DP

e Next: value function approximation



