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1 Sarsa?} Q-learning

1.1 Windy Gridworld

Windy gridworld®= (Sutton WA AGEA] 6.5) t}-2 183} ZHo] 8 x 7 Grid world
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1.2 Sarsa®} Q-learning73&d

219] Windy gridworlde]] tjsjA] epsilon-greedy actionE ©]-&3t L Sarsal}
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Sarsa (on-policy TD control) for estimating @ = g.

Initialize Q(s, a), for all s € 8,a € A(s), arbitrarily, and Q(terminal-state,-) =0
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, 4) & Q(S, 4) + a[R +1Q(S', A') — Q(S, A)]
S 58 A A"

until S is terminal

Q-learning (off-policy TD control) for estimating = ~ 7,

Initialize Q(s, a), for all s € 8,a € A(s), arbitrarily, and Q(terminal-state,-) = 0
Repeat (for each episode):
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(5,a) — Q(S, A)]
S« 5
until S is terminal

1.3 Sarsa®} Q-learningsts 23} 39l
Sarsa®} Q-learningZt2}o] tsf A sttt Aol Q values®t optimal policy+= &
&0l ol 2 A7Stal o] 5 E25h= python codeE AH/J5HA 2.
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1.4 Sarsa®} Q-learning A& oA

Sarsa®}l Q-learning2 A]E#o|A5}o] thLa}t ZHo| time stepsE=E 43P = epi-
codes5=o]| TSt curvesE H|WSFA] 2. (SFLe] 18T of| A Sarsa®} Q-learning
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2 Deep reinforcement learning

H BAof| A= Breakout A Y 2] actione s+455}7] €3l Convolutional network-2
0]-83t deep reinforcement learning2 &gt
0482 o] 918 eFFoF 5} pygame FEo]Th,
https://github.com/aknuck/Atari-Breakout
iz 9ol Z=E AA|ste] A3t Al S-S offjet At

Breakout

T th29] breakout ZEE A= H ot
https://github.com/johncheetham/breakout
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2.1 DQN (Deep Q-network) ¢

DQN-2 Experience replay® (s,a,r,s')2 4% replay memory DE Y11,
o]|2 8 random mini-batch D;E MEFste] Dol ek th& loss function
(squared error)E Z0| L& network?] parameters st55h= Zo|t}.

Li =Eg 4 s5p, [1+ymazeyQ(s',a’s woia) — Q(s, a, w)]

2.8 DeepMind2] DQN =Foj A 7|&% <5 algorithmo]|t}.
(https://www.cs.toronto.edu/~vmnih/docs/dgn.pdf)

Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory D to capacity N
Initialize action-value function () with random weights
for episode = 1, M do
Initialise sequence s; = {z;} and preprocessed sequenced ¢, = ¢(s1)

fort=1,Tdo
With probability € select a random action a;
otherwise select a; = max, Q*(¢(s;), a; )

Execute action a,; in emulator and observe reward r; and image x4,
Set 5441 = St;Qt, Ty and preprocess Gre1 = (5t41)

Store transition (¢, ag, r¢, ¢re1) in D

Sample random minibatch of transitions (¢;, a;, 7, ¢;4+1) from D

Set 1. = N for terminal ¢,
vi= ri +ymaxy Q(dji1,a’;0) for non-terminal ¢; 4,
Perform a gradient descent step on (y; — Q(¢;,a;; 6))* according to equation 3
end for
end for
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1. pytorch 1.00]4 o)l A S8 = x & 2451} (linux ubuntu S21E)




2. convolutional networks®] @ Rd 1x= 347 & AL 2 A435] {LAs1HA
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2.2 DQN (Deep Q-network) Z-&

DQN-& #-85}# A Training epochso] AaP=Ho| wlal Average reward curvsS
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2.3 DQN (Deep Q-network) #-g: Breakout A& o]A

DONE B9} srHl AakE AR 7, ol 2uske] srE Agent7] Salh
actiono]| @2} breakout”} play =5 AlEe]|o]A codeE AH/doHAl 2. (A5t
Agent 9] actiono] w2} atari breakout”} A5 © &2 play = ofof §F)

2.4 Actor-Critic model &

Actor-critic model-2 value network v(S, w)2} policy network (S, 8) 3 value
network 2] parameterE 7§41 = TD-learning<, policy network ] parameter
£ 7341 o= policy gradient®] q et Al advantage function A™ (s,a)S At
&3t th29] policy gradientE AR&-3tTh.

VJ(0) = Ey, [Vlogn(a|St, 0)A™ (S, a)]

Actor-critic model @] S+<5 algorithm-& t}-2-3F Zre} (Sutton WA 13.54 %)

v(S,w)H Q(s,a,0)& 93| convolutional networks®.g& FA5}o] w, 0
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ERNETENTY

o, opE7ER] 2 Actor-critic model-2 o] = Al of| = 28 4= 9] & & modular-
ityE A 5}=5 S}al, Atari breakout code: state image ¥ reward& FE5}7]
o) H8s] 5 2 SekA 0.

OE 2712 DQNI FASHAl A 2.

2.5 Actor-Critic model -8 9 X & o]

npb7E2] 2, Actor-Critic model-& 2-8-51H A] Training epochs©] Z18§E of| w}z}
Average reward curvsE 12|11, o]F DQNY} H| W 5HA] Q.

ERt, Actor-Critic model2 5dfl S5 AE A4t &, o]5 =45t o
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6. Actor-critic model& ©]-8-3F Breakout E|AE: simulation (AHg A8
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