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Monte Carlo Method - mw
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TD- Bootstrapping
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Initialize Q(s,a),Vs € 8,a € A(s), arbitrarily, and Q(terminal-state,-)
Repeat (for each episode):

Initialize S

Choose A from S using policy derived from @ (e.g., e-greedy)

Repeat (for each step of episode):
Take action A, observe R, S’
Choose A’ from S’ using policy derived from @) (e.g., e-greedy)
Q(S, A) « Q(S, A) + a[R +1Q(S', A) — Q(S, 4)]
S5 A< A"
until S is terminal
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Q-learning (off-policy TD control) for estimating = ~ .,

Initialize {J(s,a), for all s € 8, a € A(s), arbitrarily, and Q(terminal-state,-) = 0
Repeat (for each -1.1_:|'eur_h_=..,
Initialize S
Repeat (for each step of episode):
Choose A from S using policy derived from @ (e.g., e-greedy)

Take action A, observe R, S’
Q(S, A) + Q(S, A) + a[R + ymax, Q(S',a) — Q(S, A)]
5 — 5

until S is terminal




Choose the action a in state s using epsilon-
greedy policy

Perform that action and move to the new
state s' and receive reward r

Update Q value of the previous state by

Q(s,a) = Q(s,a) + alpha [r
(s'a)-Qs,a) |

Choose the action a in
state s using epsilon-greedy policy

Perform that action and move to the next
state s' and receive reward r

Choose the action a' in a next state s' using
epsilon-greedy policy

Update Q value of the previous state by
Q(s.2) = Q(s.) + alpha [r +(zamma Q)(s'a)
-Qsa) ]
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