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<HE> Reinforcement learning
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2 D22 2A35stE(Reinforcement Learning, RL)CI JHE I} /I £ &t&5ote 0|2 £4! I=2QLICH 2odl=
SHME2 ASaE2 I 0|ES IR LD, Ot L NeIS2 24010, A M SHZ0A 228 = U= Yors §Mol=
A2 22 UG 2HE S Z = Markov decision process (MDP), Value—based methods, Policy—based methods,
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MDPE Oldliatl| fIoil Markov Process®t Markov
Reward Processo JHES i1, O WAl Areward,
discount factor, return2 &2/t 2I0IE MAEL=Z
I8! LC}.

MDP2l Al JE2 MAHELZ SHSELICEH
IHESZ, AR JIXl & <4=(state value function),
ME2l, MM (action), M (policy) S &2t QOIS
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Dynamic Programming

Planning, iterative policy evaluation, policy iteration,
value iteration

2H2IE22 &% (Monte Carlo)

DE eSS g, WM XSS At

Temporal Difference (TD)

Temporal Difference (TD), TD target, training
(update)

Monte Carlo & Temporal
Difference

Difference between MC and TD, Variance and Bias,
n-step TD

From prediction task to
control |

j S
0l =(prediction) 2MEZ Y0, =2 HM(policy)2
D] 28t MO(control) EMZ X6l YHHS
CtELIC.
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