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A :={left, right, accelerate, brake, none}.
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self.conv = nn.Sequential(
.Conv2d(1input_shapel[o], 32, kernel_size=8, stride=4),
.ReLU(),
.Conv2d(32, 64, kernel_size=4, stride=2),

.RelLU(],

.Dropout(8.5),

.Conv2d(64, 64, kernel size=3, stride=1),
.ReLu()
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conv_out_size = ._get_conv_out(1nput_shape)
.fc = nn.Sequential(
nn.Linear(conv_out size, 512},

nn.RelLU(), _
nn.Linear(512, n_actions)
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et _conv_out( , shape):
.conv(torch.zeros(1
int{np.prod{o.si1ze()

*shape) )

1)

#F > 518 view() function > ¥ 1 BBy PR OE B R 2 - L andicdy o
Bk > ~ % F - tensor of shape(2,3,4,6) > % :iE view &:ﬁitmﬁi;!?
oo AP E g S 2D fhtensor 0 B 51| 72 {7 view(2,72) o gt = Tk
B ¢ 2\ 79 ¥ 4D tensors(batchsize, color channel, B % & 'ff B
2D tensor I i A ¥ JE{¥ % - B input batch £ Q-value °

= ~ Natural DQN and DDQN

At gt & 12 DDQN model % i 0 A/ % DDQN % » 7 4
/i % 22 DDQN # 2 ¢ Natural DQN model © 5 £ > Natural DQN %z
* 9 Deep Q-learning model 4 » 7 — Target Q it » ~ ,T%{i«:“
FPHEQEPMER* & Target Q oty » P e i 7> Target Q &
l’f’ 0 Q B L o 2B Target Q R fic i d ¢ e Q R
- BPER {3716 > T4 © T Target Q 5 - 12T §_Natural
DQNéﬁﬁEﬁé,%:
Algorithm 1: deep Q-learning with experience replay.

(1)  Initialize replay memory D to capacity N
(2)  Initialize action-value function Q with random weights 0

\

(3)  Initialize target action-value function 0 with weights 0~ =0
(4) For episode = 1, M do
(5) Initialize sequence s, = {x, } and preprocessed sequence ¢, =¢(s,)
Fort=1,T do
(6) With probability ¢ select a random action a,
otherwise select a, =argmax, Q(¢(s;),a; 0)
(7) Execute action a, in emulator and observe reward r, and image x; + ,
(8) Set 5,4y =5;,@;.%,+, and preprocess ¢, ., =¢(s;41)
(9) Store transition (¢,.a¢,r,¢,.,) in D
(10) Sample random minibatch of transitions (4',.(1,.r,.t/l,+ 1) from D
{ ] if episode terminates at step j+ 1
(11) Scty,: . p , 3
rj+7 maxy Q((/), a0 ) otherwise
(12) Perform a gradient descent step on ( Q(‘ll .aj; U) >- with respect to the
network parameters
(13) Every C steps reset 0=0
End For

End For
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_v).gather(1, actions_v.unsqueeze(-1)).squeeze(-1)
net(next_: s v).max(1)[1]
next_state .u

tgt_net(nex ates_v).gather( 1, next_state_acts).squeeze(-1)
|| =

o xt s até vals.detach()

expected_state_action_values = next ate_values

GAMMA + rewards_v
eturn nn.MSELoss() (state_action_values, expected_:

ate_action_values)
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