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Q(s,a) = Q(s,a) + a(R +y - max,Q(s, a) — Q(s, a,))*
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Q-learning (off-policy TD control) for estimating © = 7.,

Initialize Q(s,a), for all s € §,a € A(s), arbitrarily, and Q(terminal-state,-) = 0
RHepeat (for each episode):

Initialize S ' \
Repeat (for each step of episode): ’l
Choose A from S using policy derived from @ (e.g., e-greedy) l" o \
Take action A, observe R, S’ ‘
Q(S, A) « Q(S, A) + a[R + ymax, Q(S',a) — Q(S, A)]
s . ! . . o
S+ 5 [ A
until S is terminal ". /
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Q(s,a) = Q(s,a) + af( —Q(s a)) [
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Initialize Q(s,a,w) with arbitrary W.
. Repeat (for each episode):
For epoch in epochs (for each game): Taitialize §

Repeat (for each step of episode):

I N |t|a I VRS "f_;ln:_u.:»_-'.r::'- —l from S using policy derived from @ (e.g.,

lake action A, observe R, 8’

e-greedy)

: : : . Q(S, A) + Q(S, A) + a[R + v max, Q(S', a) — Q(S, A)]
While s is not Terminal: SO B I OGS

until S is terminal

Choose A From S using Q and e-greedy : .
Interact with environment and get S, A, R, §’ \

Calculate Q(S, A, W) (forward) PR 4

Calculate loss with MSELoos :
If s” is Terminal: loss = (R — 0(S, 4, W)) v [,
else: loss = (R +v -max,0(S', A, W) —0(S, A, W))
Calculate gradients (backwards): loss. backward() /
Update W : Optim.SGD. step()
S =Y

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

Initialize Q(s,a), for all s € §, a € A(s), arbitrarily, and Q(ferminal-state,-) =0
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Calculate loss with MSELoos : I
If s’ is Terminal: loss = (R — Q(S, 4, W’ / ;

else: loss = (R +v -max,Q(S', A, W) — Q(S A W))
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Initialize Q(s,a,w) with arbitrary W.
Initialize replay-buffer RB with size N.

For epoch in epochs (for each game): v
Initialize s [\ \e 9
While s is not Terminal: X 3\ ".

Choose A From S using Q and e-greedy \ R\ 4
Interact with environment and get S, A, R, S’ \
Store transition in RB / \ N X
sample random minibatch from RB i A%
for each sample:
Calculate Q(S, A, W) - forward v \
Calculate loss with MSELogs :
If s’ is Terminal: loss = (R — Q(S, 4, W)) 2 / A\
else: loss = (R +y - max,Q (S, 4, W) —0(S, A, W)) : A
Calculate gradients (backwards): loss. backward () \
Update W : Optim.SGD. step() /"
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Initialize Q(s,a,w) with arbitrary w. "
Initialize Q(s,a,w ™) with arbitrary w~. e | 3
/ \\ ‘\\ | %
Initialize replay- buffer RB with size N. 2
For epoch in epochs (for each game): / \ \ |t
Initialize s \ - \\ \ | [
While s is not Terminal: \\\' j
Choose A From S using Q and e-greedy \ W 5
Interact with environment and get s, a, r, s’ / " \\V
Store transition in RB X
s =5 / | *
sample random minibatch from RB -

Calculate Q(s, a, w) - forward
Calculate loss with MSELoos :

If s’ is Terminal: loss = (r —Q(s,a, W)) 2 - | \
else: loss = ir +v -max,0(s’,a,w™) — Q(s, q, w)) |
Calculate gradients (backwards): loss. backward () |

Update W : Optim.SGD. step()

Every Cepochs w™ « w
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Algorithm 1 : Double Q-learning (Hasselt et al., 2015)

[nitialize primary network ()4, target network (., replay buffer D, 7 << 1
for each iteration do

for each environment step do

\ 4
(Observe state s; and select ay ~ w(a;, 5¢)

Execute a; and observe next state s, ; and reward r; = R(s;,a;)
Store (s;, a4, 7, %41 ) In replay buffer T
for each update step do
sample e; =

I I: 'I‘r iy :ll t a I-I‘l 5 ."'-I-I +l :l o D

Q* (s, a) = 1y

v (g I::.‘.-',n+] AT gImar,, Qo (5, 11 ')
Perform gradient descent step on (0% (s, a;:)

(ol st e ))”
Update target network parameters:
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