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<¥ 1> DQN7|HF o X 2o 7|H
Algorithm 1. DQN based Computation Offloading

Initialize main network Q(s, a|6)
Initialize target network Q(s, a|8")with weights 68’ = 6
Initialize the experience replay buffer
for each episode do
Initialize environment and state s,(t) for each agent n € N
for each time slot t € T do
for each agent n € N do
if random number <e€ :
Select action a,(t) randomly the CPU frequency and
power from the discrete action space in the MDP
else:
Select action a,(t) = max Q(s,a)
Execute the action a,(t) and receive reward 7,(t)
Store (s,(t), a,(t), 1, (t),s,(t + 1)) in replay buffer
Randomly sample a mini-batch of samples
Perform a gradient descent step via (8)
Update 6’ =6

<3 2> DDPG 7|WF e x=2d 7|
Algorithm 1. DDPG based Computation Offloading

Initialize critic network Q(s,a|89) and actor network u(s|6*)
Initialize target network with weights 8¢ = 62 and 9#' = g*
Initialize the experience replay buffer
for each episode do
Initialize environment and state s,(t) for each agent n € N
for each time slot t € T do
for each agent n € N do
Determine the CPU frequency and power by selecting an
action a,(t) = u(s|6*) + Au
Execute the action a,(t) and receive reward ,(t)
Store (s,(t), a,(t), 1, (t),s,(t + 1)) in replay buffer
Randomly sample a mini-batch of samples
Update the critic network and the actor network via (10)

and (9), respectively

Update the target networks via (11) and (12)
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