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Fig. 2.1: The agent-environment interaction in reinforcement learning.
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Initialize Q(s;0a;) arbitrarily (s;:stated a;:action)C
Repeat(for each episode):
Initialize s,
Repeat(for each episode):
e Choose a; from s; using policy derived from
Q(s:0ay) (e.g..e-greedy)U
e Take action a;[] observer state s;[]
observer reward r;[]
e Update the equation (2.1)0
® 5 — Sl
until s is terminall]

Table 2.1: Algorithm of Q-learning[]
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