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Abstract The rise of 5G and the proliferation of smart devices have underscored the significance of
multi-access edge computing (MEC). Amidst this trend, interest in effectively processing
computation-intensive and latency-sensitive applications has increased. This study investigated a novel
task offloading strategy considering the probabilistic MEC environment to address these challenges.
Initially, we considered the frequency of dynamic task requests and the unstable conditions of wireless
channels to propose a method for minimizing vehicle power consumption and latency. Subsequently, our
research delved into a deep reinforcement learning (DRL) based offloading technique, offering a way to
achieve equilibrium between local computation and offloading transmission power. We analyzed the
power consumption and queuing latency of vehicles using the deep deterministic policy gradient (DDPG)
and deep Q-network (DQN) techniques. Finally, we derived and validated the optimal performance

enhancement strategy in a vehicle based MEC environment.
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Table 1. DQN-based task offloading code

Algorithm 1. DQN based Task offloading

Initialize Q-network Q with random weights
Initialize target Q-network Q' with weights from Q
Initialize experience replay memory D
for episode = 1, M do
Initialize state s
fort =1, T do
With probability €, select a random action a
Otherwise, select a = argmax, Q(s, a)
Execute action a, observe reward r and next state s'
Store transition (s, a, r, s) in D
Sample a random minibatch of transitions from D
Set y_j = r if the episode ends at step j+1, otherwise
set yj=r + 7y max_a Q(s', a)
Perform a gradient descent step on (y; -
respect to the network parameters
Every C steps, update Q' = Q
s=s'
end for
end for

Q(s, 2)* with

H 2. DDPG 7|8te| EjA3 =g ACE
Table 2. DDPG-based task offloading code

Algorithm 2. DDPG based Task offloading

Initialize actor network 7 and critic network Q
Initialize target networks 7' and Q' with weights from 7 and
Q respectively
Initialize experience replay memory D
for episode = 1, M do
Initialize state s
for t =1, T do
Select action a = x(s) + noise
Execute action a, observe reward r and next state s'
Store transition (s, a, r, s') in D
Sample a random minibatch of transitions from D
Sety;=r+ 7 Qs 7'(s))
Update the critic by minimizing the loss: L = (y; - Q(s,
)
Update the actor using the sampled policy gradient:
V_0r ] = ElV_a QGs, a) | s=s, a=n(s) Vor 1(s) | s=si
Update the target networks:
0 =70+ (1 - 1)o
s=s'
end for
end for
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