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Prediction:
Estimate the value function of an unknown MDP —

First-Visit Monte-Carlo Policy Evaluation
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_ Control:
Optimise the value function of an unknown MDP
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So what we‘ve been talking about is the same thing: “discrete case” or called lookup table

Value Function Approximation __

(Calculate w)

l

a. Linear combinations of features: GD/LS
b. Neural network

c. Decision tree

d. Nearest neighbour

+ training method {
e. Fourier / wavelet bases

“Compound” Algorithm
Prediction — GD + 3 MC(on/off), TD(0)(on),
LS+ b MC(on/off), LSMC(on/off), TD(on), LSTD(on/off)
b+Db DON
Control — GD + a MC, Sarsa, Gradient Q-learning
LS+ Db MC, Sarsa, LSPI

What we do is using Approximate in place of “previous

a. Incremental method

b. Batch method

V. ,qz ” and using training method to get w



Other form of table

Prediction

On/Off-Policy  Algorithm  Table Lookup Linear Non-Linear
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On/Off-Policy  Algorithm Table Lookup Linear Non-Linear

MC v v v

) LSMC v v -

On-Policy ™ v v X
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Control
Algorithm Table Lookup Linear Non-Linear
Monte-Carlo Control v (V) X
Sarsa v (V) X
Q-learning v X X
Gradient Q-learning v v X
(v') = chatters around near-optimal value function
Algorithm Table Lookup Linear Non-Linear
Monte-Carlo Control v (V) X
Sarsa v (V) X
Q-learning v X X
LSPI v (V) -

(v') = chatters around near-optimal value function



