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1. Introduction

The future is always pictured with modern and fictional cars which are more like robots
than classic transportation means. This image is today somehow realized with autonomous
vehicles, and we are close to the futuristic transportation style more than ever. The market
of the Internet of Vehicles (IoV) was estimated to correspond to $96 billion in 2021, and
is approximately predicted to grow to $370 billion in 2028 [1]. This remarkable investment
justifies the ever-growing research attention shifted toward vehicular networks. A significant
number of advances are achieved every year in the fields of auto navigation, vehicular aug-
mented reality, autonomous driving, and intelligent object recognition [2, 3, 4]. All these new
applications are pushing the available infrastructures to their limits. They require Quality
of Service (QoS), while at the same time executing complex tasks on massive data captured
by sensors and communicating with the network.

Strict delay constraints are common in the above-mentioned applications, and this results
in high energy consumption. However, autonomous vehicles are powered by batteries, and
therefore, vehicles experience excessive pressure on the onboard resources. In order to relieve
the conflict between application demands and resource-constrained vehicles, Vehicular Edge
Computing (VEC) has been emerged as a promising computing paradigm [5, 6, 7]. With the
integration of Mobile Edge Computing (MEC) and vehicular networks, VEC supports IoV
by enabling the offloading of resource-intensive tasks onto MEC servers deployed on Road
Side Units (RSU) via wireless networks [8]. MEC servers can alleviate computation pressure
on the vehicle’s onboard resources and reduce the processing delay of these applications by
pushing the computation resources in proximity to vehicles. As a result, task offloading has
recently received increasing attention in VEC [9, 10, 11]. However, due to the unique char-
acteristics of vehicular networks, especially the high mobility of nodes and dynamic channel
properties, designing an efficient edge-based task offloading scheme is quite challenging.

There have been many efforts devoted to the task offloading in VEC to seek solutions
to the above issues and meeting the various performance requirements. Most of them have
employed the Q-learning algorithm, a model-free Reinforcement Learning (RL) method, as
a potential solution to solve offloading problems [12, 13]. However, they are slow in a huge
state space. The state space for vehicular task offloading environment can be vast and
high-dimensional due to the numerous factors involved. To address issues in Q-learning
methods, DQN algorithms, which approximate the Q-function using deep neural networks,
have emerged to prove their efficiency in solving offloading decision problems with huge
dimensional state and action spaces, where the agent can adapt well to complex environ-
ments via continuous interaction [2, 14]. However, the major challenge in traditional DQN
algorithms is the trend to overestimation which led to unstable training and low-quality
policy. As an alternative, Double DQN was proposed [15], which has two identical neural
network models, where one network is used to select the best action and the other is used
to estimate the value of that action. It could reduce overestimation by separating the max
operation in the target into action selection and action evaluation [16]. Deep Recurrent
Q-Network (DRQN) is also practical with Partially-Observable Markov Decision Process
(POMDP) [17]. In DRQN, a recurrent layer is added after the convolutional part of the
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original DQN to handle long term dependencies. Nevertheless, adding a recurrent layer to
a DQN makes DRQN trickier and longer to train compared to classical DQN.

DQN and its derivations were an important milestone; however, several drawbacks have
been identified, thanks to the extensive research. Consequently, many efforts have been
made to propose improvements to DQNs. Yet it is unclear which of these advancements are
indeed complementary, and can be integrated into a single agent to achieve state-of-the-art
performance. In this paper, we focus on making efficient task-offloading decisions for multiple
vehicles moving at a non-constant speed along the road. Vehicles generate computation tasks
at each time slot and RSUs can provide computing services for the vehicles moving within
the coverage radius. In order to reach an efficient solution to optimize joint delay and energy
consumption, we design a task-offloading algorithm that exploits the state-of-the-art DQN
variation designated Rainbow. Rainbow is an integration of six improvements to the DQN
algorithm, namely Double DQN, prioritized experience replay, dueling networks, multi-step
learning, distributional RL, and noisy nets [18].

The main contributions of this paper are summarized as follows.

• The speed of each vehicle is assumed to be non-constant while related work have mostly
simplified the case to constant speed.

• The speed of the learning process is improved by considering penalties for wrong
offloading decisions. In other words, when the vehicle is out of the coverage radius of
the selected RSU, a penalty is imposed on the agent.

• The optimization problem for computation offloading to simultaneously consider the
delay and energy consumption of vehicles is mathematically formulated.

• The target RSU is specified when the offloading action is suggested. In some related
work, it is only decided whether to offload or process locally.

• The direction of vehicles is taken into account when selecting the RSU to offload tasks.

• The agent makes offloading decisions for all moving vehicles in the network, while most
of the related work assume a single vehicle.

• Real traffic data, instead of synthetic data, is used to evaluate the performance of the
proposed algorithm. Extensive simulations are carried out to illustrate the efficiency
of the proposed algorithm compared to the state-of-the-art.

The remaining of this paper is organized as follows. Section 2 discuses the related work
in the literature. Section 3 provides background information about deep Q-learning and
Rainbow algorithm. Section 4 introduces the system model, in terms of communication and
computational models, and formulates the optimization problem. In Section 5, a Rainbow
DQN-based algorithm is proposed to solve task offloading problem in vehicular networks.
Section 6 presents numerical results of the proposed approach, and finally, the paper is
concluded in Section 7, with also some guidelines for future research.
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2. Related Work

Vehicular edge computing is a promising computing paradigm that has attracted consid-
erable attention in recent years. Considering mobile nodes and the time-varying dynamic
networks, obtaining an efficient offloading strategy is challenging. In this context, task
offloading algorithms play a critical role in optimizing resource utilization and improving
system performance. Various approaches have been presented to solve task-offloading prob-
lems in VEC models [19, 20, 21, 22, 23, 24]. The high-dimensional state and action space
of task offloading in vehicular networks, coupled with the dynamic topology of the network,
can pose significant challenges in solving the problem. Due to the complex and dynamic na-
ture of the problem, heuristic algorithms or conventional optimization techniques may fail to
capture the full range of possible states and actions, leading to suboptimal performance. As
a result, more advanced techniques such as Deep Reinforcement Learning (DRL), which can
effectively handle high-dimensional state and action spaces, have become increasingly popu-
lar in this field [25, 26, 27]. Although DRL has been successful in handling high-dimensional
state and action spaces, conventional DQN algorithms may still face challenges in solving
task offloading problems in vehicular networks, due to the dynamic nature of the network.
Several improvements to DQN algorithms have been proposed to enhance their performance
in these scenarios. These advanced DQN algorithms have shown promising results in reduc-
ing the effects of high state and action space dimensionality, and effectively handling the
dynamic topology of vehicular networks [28, 29, 30, 31, 32, 33].

Although DQN algorithms have shown desirable results in solving vehicular task offload-
ing, there have been proposed some other approaches in recent years as well. Game theory
has emerged as a promising solution for task offloading in VEC systems, leveraging its ability
to model strategic interactions among multiple entities and optimizing system performance
under uncertain conditions. For example, the authors in [19] proposed a two-stage game
theory iterative algorithm to solve the problem of load imbalance in VEC systems with
RSUs. Apart from game theory, other heuristic methods have succeeded as well in partially
addressing this issue. The authors in [20] proposed an iterative algorithm based on reformu-
lation linearization and generalized benders decomposition methods to obtain the optimal
solution and a heuristic algorithm to provide a sub-optimal solution to minimize the total
task processing delay through Vehicle to Vehicle (V2V) and Vehicle to Infrastructure (V2I)
communication modes. Partial task offloading algorithms, such as the one in [21], are com-
mon, as well. An urban scenario under V2V and V2I communication modes was considered
in [21], and a partial task offloading algorithm was proposed to reduce the task execution
delay. Semi-definite relaxation is known to be an effective technique specially when facing
a high number of users and tasks. This technique was investigated in [22], where multi-hop
vehicle computation resources were leveraged to minimize joint response delay and cost.
Another attempt to bring heuristics into use is the online Lyapunov optimization-based
multi-decision-making algorithm presented in [23], where the problem of minimizing the to-
tal network delay was formulated as a mixed integer nonlinear programming. In order to
speed-up the solution, AI-based imitation learning was proposed with limited training sam-
ples. The problem of task offloading was formulated in [24] to minimize average delay in the
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multi-access edge computing system. An ant colony optimization algorithm was proposed
to find the best solution for task offloading, with a pheromone matrix initialization based
on the base station load and user-base station distance. The above-mentioned ad-hoc meth-
ods, may face limitations due to the huge state and action spaces, the dynamic topology,
and uncertain environments, and therefore, experience difficulties in optimizing the decision
making process.

Due to the high dimensional state-action spaces, and dynamic topology changes, most
recent work has focused on DRL algorithms. The authors in [25] have investigated the
resource allocation problem by considering cooperation between MEC and a central cloud
to guarantee the required response time in a vehicular environment. They utilized a DRL
approach to deal with the large state space and real-time network state transitions. In [26],
a multi-agent DRL-based algorithm was proposed to solve computation offloading problems
while minimizing latency, energy consumption, and cost. In another study, a shared of-
floading strategy was proposed, based on DRL, to solve the offloading problem considering
energy consumption and delay [27]. However, traditional DQN suffers from limitations in
solving vehicular task offloading problems due to overestimation and instability issues that
can cause suboptimal action selection and slow convergence. Additionally, traditional DQN
requires a large amount of training data, in dynamic vehicular environments, which can be
quite challenging.

Recent advances in the context of DQN algorithms have shown good potential in solving
task offloading problems in VEC systems. Double DQN is an extension of DQN that ad-
dresses overestimation of action values by using the target network to select actions, leading
to more stable training and better performance [28]. Dueling DQN improves the accuracy
of action value estimation by decomposing it into state value and advantage value, allowing
for more effective learning of the Q-function [29]. Prioritized DQN assigns higher priority to
more important experiences for replay, which can improve sample efficiency and reduce train-
ing time [30]. Distributed DQN extends the basic algorithm to distributed environments,
allowing for faster and more efficient learning [31]. Noisy DQN introduces random noise into
the network weights, encouraging exploration and improving learning [32]. Multi-step DQN
improves the learning process by taking into account multiple consecutive observations and
rewards, leading to more accurate value estimation and better performance [33]. Overall,
these advances on DQN have shown promising results in improving the performance and
efficiency of task offloading in VEC. However, they were typically designed and evaluated
independently.

To the best of our knowledge, no prior studies have explored the full potential of inte-
grating recent advancements in DQN to enhance the optimization and acceleration of task
offloading decisions. In this regard, we propose a novel approach that leverages the Rainbow
algorithm, which is a combination of six state-of-the-art DQN enhancements. Our approach
aims to minimize the delay and energy consumption in task offloading decisions while also
taking into account the vehicle’s direction. Through this integration, we aim to demon-
strate the significant benefits of using the Rainbow algorithm for improving the efficiency
and effectiveness of solving task offloading problems in vehicular networks.
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3. Background Information

This section provides an overview of deep Q-learning to establish a foundational un-
derstanding for the proposed approach presented in this paper. Afterward, we focus on
the Rainbow algorithm which has demonstrated significant successes in solving problems in
complex environments. We also emphasize its effectiveness in solving the problem of task
offloading in the vehicular networks.

A. Deep Q-Learning

Q-learning is a well-known classical Reinforcement Learning (RL) algorithm that aims to
find the optimal policy by estimating the Q-value of each state-action pair [34]. The Q-value
function Q(st,at) estimates the expected discounted cumulative reward for each state-action
pair. The Q-learning algorithm learns the optimal Q-value function by iteratively updating
the Q-values based on the Bellman equation,

Q(st,at) = Q(st,at) + α

[
rt + γ ·max

at+1

Q (st+1, at+1)−Q (st, at)

]
, (1)

where st is the current state in time step t, at is the action taken in time step t, rt is the
immediate reward received after taking action at in state st, α is the learning rate, γ is the
discount factor, st+1 is the next state, and finally, at+1 is the action that maximizes the
Q-value in the next state st+1.

The main limitation of Q-learning is that it can achieve the optimal policy when the state
and action spaces are small. With regard to the continuous state space in our proposed
approach, we have infinite possibilities, and therefore, a huge state space. Consequently,
traditional Q-learning algorithms may not be able to find an optimal solution. To tackle
this challenge, we utilize DQN, which integrates neural network techniques in Q-learning to
replace ordinary neural networks and extract high-level features from raw input data [35].
Deep neural network is used to approximate the action values for a given state st, input
of the neural network, which can support state and action spaces with larger dimensions.
To avoid overestimation and stabilize the learning process, DQN uses two neural networks;
one is the main network used to represent the Q function, denoted as Q (st, at|θ), where θ
represents the weight parameter of the main network, and the other is the target network
used to represent Q

′
function, denoted as the Q

′ (
st, at|θ

′)
where θ

′
represent the weight

parameters of the target network.
In the following, we describe the key components of the DQN algorithm, including action

selection, experience replay memory, and DQN network training. We discuss how these
elements work together to enable an agent to learn effective policies in a wide range of
environments.

• Action selection. The agent needs to balance between exploiting its current knowl-
edge, i.e., taking the action with the highest Q-value, and exploring new actions that
might lead to even higher rewards. To do this, the agent uses an exploration strategy
called ε-greedy. At each step, the agent chooses an action with the highest Q-value
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with probability 1 − ε, the exploitation part, and selects a random action with prob-
ability ε, the exploration part, based on the current state to avoid reaching the local
optimal point, as shown in Eq. (2).

at =

{
arg maxat Q (st, at) with probability 1− ε
Randomly choose from action space with probability ε

(2)

• Experience replay memory. Experience replay memory refers to a technique used
to improve the efficiency of the learning process by storing and reusing past experiences
of an agent in its interactions with an environment. Each experience typically consists
of the agent’s current state, the action it took, the resulting reward, and the next state.
During the learning process, the agent can randomly sample experiences from the re-
play buffer and use them to update its Q-values, which estimate the expected future
rewards for taking different actions in different states. By randomly sampling experi-
ences from the replay buffer, the agent can break the correlation between consecutive
experiences and reduce the likelihood of getting stuck in local optima. Experience
memory is a powerful technique that has been shown to improve the efficiency and
stability of DQN learning, enabling agents to learn from past experiences and avoid
overfitting to recent experiences.

• DQN network training. Finally, the DQN network is trained by minimizing the
square temporal difference error between the target value of the target network and the
estimated value of the main network. Therefore, the loss function is defined as Eq. (3)

Lt (θt) = (yt −Q (st, at|θt))2 , (3)

where yt is the target value of the target network for time step t, and Q (st, at|θt) is
the estimated value of the main network with parameters θt. Also yt can be defined
by Eq. (4).

yt = rt + γmaxQ
′
(
st+1, at+1|θ

′

t

)
. (4)

DQN is still facing major decision-making challenges in dynamic environments, hence
since the introduction of DQN, several independent improvements have been made by
the DRL community. However, it is not determined which of them can be integrated
to provide the state-of-the-art DQN learner. In our case, we exploit Rainbow which
is an extended DQN that combines several improvements into a single learner. DRL
algorithms like Rainbow are particularly well-suited for this kind of task offloading
problem, because they can learn to make decisions on complex and dynamic environ-
ments.
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B. Rainbow

In this section, we briefly introduce the improvements of the Rainbow algorithm com-
pared to the DQN. For more information about the Rainbow algorithm refer to [18, 36, 37].

• Double DQN. One challenge with traditional DQNs is their tendency to overestimate
action values, leading to suboptimal values and a low-quality policy, particularly in
complex environments such as vehicular networks. This overestimation bias can result
in slow convergence and suboptimal task-offloading decisions, leading to larger time
and energy consumption. To address this issue, Double DQN has been proposed as
a means of reducing overestimation bias due to estimation errors. By separating the
selection and evaluation processes, Double DQN allows one process to be used for
selecting actions, while the other is used for estimating their values. This approach
effectively decouples the action selection and value estimation processes, which has
been shown to reduce overestimation bias and improve the overall performance of the
agent [15, 18, 28].

• Prioritized experience replay. In a traditional DQN, the agent stores all of its
experiences, i.e., the state, action, reward, and next state transitions, in a buffer, and
then samples a random subset of experiences from the buffer to train its Q-network.
However, each transition tuple saved in memory (st, at, rt, st+1) has a different level of
priority due to the different times of their occurrence. For instance, transition data
during the daytime has a higher priority than at night due to higher traffic. Thus,
the agent selects the training data according to their priority instead of selecting
them uniformly at random from experience replay memory. Prioritized experience
replay assigns a priority to each experience based on the amount of knowledge that
the agent can learn from the experience and samples experiences from the buffer in a
way that prioritizes experiences [30, 36]. The key idea behind prioritized experience
replay is that some experiences may be more valuable for learning than others. For
example, experiences that led to unexpected outcomes or large rewards may be more
informative than experiences that did not. By assigning priorities to experiences, the
agent can focus on the most valuable experiences and learn more efficiently from them.
In the context of vehicular task offloading, prioritized experience replay could help the
offloading system learn more efficiently from its experiences.

• Dueling networks. The Dueling DQN architecture represents an important ad-
vancement in value-based RL that addresses the limitations of traditional DQN. In
traditional DQN, a neural network is used to estimate the Q-values of each possible
action given a state. However, the Dueling DQN splits the network into two streams:
one for estimating the value of the current state and another for estimating the ad-
vantage of each possible action [29, 37]. By combining these two streams, the Dueling
DQN is able to more accurately estimate the Q-values of each possible action in a given
state. This is particularly important in situations where many actions have similar
values, as the advantage stream allows the agent to better differentiate between them.
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Furthermore, it is unnecessary to know the value of each action at every time step.
For instance, in a vehicular network, it is not necessary to know which action to take
until vehicles have a task to process. In order to optimize computational efficiency, it
is often preferable to neglect the exhaustive exploration of all possible actions in states
of interest.

Moreover, the Dueling DQN architecture can be effectively used for real-time optimiza-
tion of vehicular task offloading scenarios. By training the network with a dataset of
such scenarios, the agent can learn to optimize the allocation of tasks based on the
current state of the system. This can result in faster and more energy-efficient task
completion. The use of Dueling DQN, in this context, allows the agent to more ac-
curately estimate the value of each possible action, leading to better task offloading
decisions.

• Multi-step learning. In traditional DQN algorithms, the agent updates its Q-values
based solely on the immediate reward received after taking an action. However, in
multi-step learning DQN, the agent receives a sequence of rewards and takes a sequence
of actions before updating its Q-values. This approach estimates the expected reward
for the next n steps, allowing the agent to incorporate information about future rewards
beyond just the immediate reward [18, 33]. In vehicular networks, multi-step learning
enables agents to look ahead and consider the future impact of their decisions on system
performance. By predicting the likelihood of future task arrivals and offload decisions,
the agents can make decisions that minimize energy consumption and latency over
multiple steps. By considering multiple future rewards, the agents can learn to make
more efficient and effective decisions in the long run. The resulting improvement in
the learning process can reduce variance, increase efficiency, and improve robustness
to noisy rewards and environmental stochasticity.

• Distributional reinforcement learning (Distributional RL). Traditional DQN
algorithms predict the expected return reward as a scalar value to determine the op-
timal action in each state. However, this approach has limitations in highly dynamic
environments, such as vehicular networks, where multiple possible outcomes exist for
each action. To address this challenge, Distributional RL has been proposed to learn
the entire distribution of the expected return, which can gain more insights and knowl-
edge for the agent, leading to a much faster and more stable learning process [31, 37].
This approach enables the agent to consider multiple possibilities effectively, resulting
in more informed and robust decision-making in the face of uncertainty.

• Noisy nets. One of the primary challenges in traditional DQN is the exploration
limit imposed by the ε-greedy technique. This technique requires the execution of
numerous actions to collect initial samples for training the network. In highly dynamic
and complex vehicular networks, the agent must explore various offloading strategies
to identify the optimal one. Additionally, the agent needs to learn how to predict
and control unknown and often stochastic environments. To address this challenge, a
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variant of DQN called noisy nets has been proposed, which incorporates exploration
by introducing noise to the network’s parameters [32, 36]. The key idea is to encourage
the agent to explore more by making the Q-values less deterministic, and hence less
prone to overfitting. Noisy DQN can facilitate exploration and prevent the agent
from overfitting to its past experiences, resulting in better performance and faster
convergence to the optimal solution.

4. System Modeling and Problem Formulation

A detailed look into the target system and assumptions is essential before describing the
proposed approach. In this section, each aspect of the system, namely network, commu-
nication, and computation, is modeled with parameters and variables that are directly or
indirectly related to the time and energy consumption, to avoid complexity and at the same
time increase the suitability of the solution. Finally, the problem is formulated to optimize
the time and energy consumption of the task offloading scheme in a vehicle.

A. Network Model

We consider a vehicular network consisting a road where M RSUs, denoted as a set
R = {1, 2, · · · ,M}, with specific communication coverage radius rrsuj , 1 ≤ j ≤ M , are
equidistantly distributed. Each RSU is equipped with an MEC server which provides com-
putation capability for vehicles in adjacency via the wireless channel. It is assumed that all
moving vehicles are always within the range of at least one RSU. Vehicles, denoted as a set
V = {1, 2, · · · , N}, where N is the total number of vehicles, are moving along the road at
varying speeds generating indivisible compute-intensive tasks at each time slot. Each task of
vehicle k, 1 ≤ k ≤ N , is modeled as Tk,i = {ck,i, ak,i, dk,i}, where ck,i stands for the number
of CPU cycles required to complete the task i, ak,i denotes the input data size, and dk,i is the
maximum acceptable time to fulfill the task from the moment task i is allocated. Produced
tasks are either processed locally or offloaded to an RSU within the communication range
via a wireless channel. Let xjk,i ∈ {0, 1} denote the binary offloading decision variable, where
x0
k,i = 1 means that the computation task i of vehicle k should be processed locally, and

xjk,i = 1 means that vehicle k will offload task i to the RSU j.

B. Communication Model

When xjk,i = 1, the computation task will be offloaded to the RSU j because vehicle k
cannot meet the low-latency demand of the task i, due to the lack of necessary computing
resources. We assume that there is one mode of communication in the vehicular network, i.e.,
V2I, and each vehicle communicates with RSUs through a direct wireless link. According
to the Shannon formula [38, 39], the data transmission rate between vehicle k and RSU j is
calculated according to Eq. (5)

trk,j = B.log2

(
|h|2.ptr,k

σ
(
distancekj

)ω̄
)
, (5)
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where B denotes channel bandwidth, h is the channel fading coefficient, ptr,k stands for the
transmission power of vehicle k, σ represents the power of Gaussian white noise, ω̄ denotes
path loss exponent, and distancekj is the distance between vehicle k and RSU j which can
be expressed by Eq. (6)

distancekj =
√

(xk − xj)2 + (yk − yj)2, (6)

where xk and yk denote the coordinates of vehicle k while xj and yj denote the coordinates
of RSU j. The time and energy consumed to transmit task i of vehicle k to RSU j are
computed using Eq. (7) and Eq. (8), respectively.

Timecomm,j
k,i =

ak,i
trk,j

, (7)

Energycomm,j
k,i = ptr,k.T ime

comm,i
k,j . (8)

C. Computation Model

In our proposed computation offloading model, the task can be either accomplished by
the vehicle locally or executed by one of the RSUs in proximity, so in the following, we discus
both of these models.

C.1. Local Computing

For x0
k,i = 1, computation task will be processed locally on vehicle’s own resource. The

time consumed to process the task i by the vehicle k can be calculated by Eq. (9)

Timelock,i =
ck,i

f vehicle
k

, (9)

where f vehicle
k denotes the computation capability of the vehicle k (in CPU cycles per second).

The corresponding amount of energy consumption for computing is expressed as Eq. (10)

Energylock,i = pk.T ime
loc
k,i , (10)

where pk represents the local computation power of the vehicle k and is formulated by Eq. (11)

pk = Lk

(
f vehicle
k

)3
, (11)

where Lk represents the effective switched capacitance coefficient depending on the chip
architecture in the vehicle k [40].

C.2. Edge Computing

When the computation task is hard to be processed locally under the time constraints,
the vehicle transmits the information to one of the adjacent RSUs. After fulfilling the task
computation, the result is returned back to the vehicle. However, the result size is usually
small and the RSU’s downlink rate to the vehicle is often high enough. Therefore, the energy
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and time consumed for sending back the result are neglected [41, 42]. The total time for
executing task i of the vehicle k on the RSU j is computed by Eq. (12)

Timeedge,jk,i =
ck,i
f rsu
j

, (12)

where f rsu
j denotes the computation capability of the RSU j (in CPU cycles per second).

While the RSU is processing the task, the vehicle should wait until the result gets pre-
pared and returned back. During this time period, we assume that the vehicle is in standby
mode and the power consumption of this mode is denoted as pidle,k. The corresponding
energy consumption of the vehicle k is:

Energyedge,jk,i = pidle,k.T ime
edge,j
k,i . (13)

D. Problem Formulation

We formulate the optimization problem, with the aim of jointly minimizing the total
delay and energy for all vehicles moving within the network, by making offloading decisions
for each vehicle. In this paper, we assume that all MEC servers have equal computation
resources evenly shared between all vehicles in the network. Total time and energy consumed
to process task i of vehicle k can be attained by Eq. (14) and Eq. (15), respectively.

Timecomp
k,i = Timelock,i .x

0
k,i + ΣM

j=1Time
edge,j
k,i .xjk,i, (14)

Energycomp
k,i = Energylock,i .x

0
k,i + ΣM

j=1Energy
edge,j
k,i .xjk,i. (15)

Total time and energy consumed to transmit task i of vehicle k can be attained us-
ing Eq. (16) and Eq. (17), respectively.

Timecomm
k,i = ΣM

j=1Time
comm,j
k,i .xjk,i, (16)

Energycomm
k,i = ΣM

j=1Energy
comm,j
k,i .xjk,i. (17)

Considering the communication and computation models introduced in Section 4.B and
Section 4.C, the total cost imposed on each vehicle is calculated by Eq. (18)

Costk = ΣI
i=1

(
αk.
(
Timecomp

k,i + Timecomm
k,i

)
+ βk.

(
Energycomp

k,i + Energycomm
k,i

)
+ Penaltyk,i

)
,

(18)

where I is the total number of tasks generated by vehicle k, and αk, βk ∈ [0, 1], under
constraint αk + βk = 1, are weighting parameters expressing the importance of delay and
energy consumption while making decision for each vehicle, respectively. It is worth noting
that all operands in the cost formula of Eq. (18) have been normalized using the min-max
method. Normalization is a crucial step in our proposed approach, as it ensures that all
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operands are on the same scale and have a similar impact on the final result. By using the
min-max method, we can ensure that all operands are scaled to a range between 0 and 1,
making them easier to compare and combine. We also consider a penalty for situations where
a wrong offloading decision is made for a task, which accrued when the distance between
the selected RSU and the vehicle is more than RSU’s communication coverage radius. The
penalty makes the agent learn which nodes to offload tasks to. Consequently, we define the
penalty as the maximum cost that can be imposed to the vehicle by offloading decisions as
follows.

Timecomp
max =

maxk,i (ck,i)

minj

(
f rsu
j

) , (19)

Energycomp
max = pidle.T ime

comp
max , (20)

Timecomm
max =

maxk,i (ak,i)

mink,j (trk,j)
, (21)

Energycomm
max = ptr.T ime

comm
max , (22)

Penaltyk,i =


0 distancekj ≤ rrsuj

αk. (Time
comp
max + Timecomm

max ) +

βk. (Energy
comp
max + Energycomm

max ) distancekj > rrsuj

(23)

For each task i generated by vehicle k, for which a wrong offloading decision is made,
Timecomp

max and Energycomp
max denote the maximum possible delay and energy consumption

to process the task in remote processing mode, respectively. Furthermore, Timecomm
max and

Energycomm
max represent the maximum possible delay and energy consumption to transfer the

task data to the RSUs, respectively. With the above cost model, we formulate the computa-
tion offloading as an optimization problem with two constraints that aims to minimize the
weighted cost of the system in terms of delay and energy as Eq. (24)

min
x

ΣN
k=1Costk

ΣM
j=1x

j
k,i = 1 c1

xjk,i ∈ {0, 1} c2,

(24)

where c1 denotes constraint on offloading decisions and guarantees that each computation
task can be processed only once while c2 denotes that offloading decision variable is binary.

In order to solve this optimization problem, it is necessary to find optimal values for de-
cision variables xjk,i. Since offloading decision variables are binary, the optimization problem
is not convex. Moreover, we assume a realistic environment where the state of the network
dynamically changes. Consequently, the operator needs to collect a large amount of system
state information and make the global decision on offloading operation based on the current
network’s state. Therefore, we apply Rainbow to solve this problem in the following section.
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Figure 1: Calculus of the angle between the vehicle’s movement vector and the distance
vector.

5. Proposed Algorithm

A mapping from task offloading decisions in a vehicular network into a DRL formulation
includes some key elements. A state space, an action space, and a reward function are
necessary for complete mapping. This section starts with the characteristics of these elements
and proposes a Rainbow DQN-based algorithm afterward to solve the task offloading problem
in a dynamic vehicular network.

A. Definition of the State and Action Spaces, and Reward Function

At each time slot t, the agent reads important parameter assignments, namely, the
state definition. One of the key steps of learning algorithms is to find an appropriate
representation of the state space. The most intuitive parameter is the distance from the
vehicle to each of the RSUs. Moreover, the angle with which the vehicle is deviating from
each of the RSUs is also included here, in the state definition, as it is important for the
agent to learn how likely is for the vehicle to get closer or further away from the RSU in
the near future. We assume that the offloading decisions depend on the distance and angle
of movement of each vehicles with all RSUs in the network. The state space is defined as
st = {distancekj,t,Ωk

j,t, 1 ≤ j ≤ M, 1 ≤ k ≤ N} in tth time slot, where distancekj represents
the distance between kth vehicle and jth RSU and Ωk

j,t represents the angle of the kth
vehicle’s direction with regard to the jth RSU. In order to determine which roadside unit
should be selected for offloading, we employed a vector-based approach that accounts for
both the vehicle’s movement direction relative to the east direction and the position of the
RSUs. To do so, we first transform the angle of the vehicle’s movement to a two-dimensional
vector using Eq. (25), where anglevehicle,k shows the clockwise angle of vehicle k from the
east direction, expressed in radians

[xangle,k, yangle,k] = [− sin (anglevehicle,k) , cos (anglevehicle,k)] , (25)
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where [xangle,k, yangle,k] is related to the direction vector of the kth vehicle, shown by the
green vector in Fig. 1. In the next step, the distance vector from the vehicle to the RSU,
shown by the red vector in Fig. 1, can be computed as Eq. (26)[

xRSU,j
vehicle,k, y

RSU,j
vehicle,k

]
= [xj − xk, yj − yk] , (26)

where
[
xRSU,j
vehicle,k, y

RSU,j
vehicle,k

]
is the distance vector of the kth vehicle to the jth RSU. Finally,

the angle between the vehicle direction vector and the distance vector can be computed
by Eq. (27).

angleRSU,j
vehicle,k = cos−1

 xangle,k · xRSU,j
vehicle,k + yangle,k · yRSU,j

vehicle,k√
x2
angle,k + y2

angle,k ·
√
xRSU,j
vehicle,k

2
+ yRSU,j

vehicle,k

2

 . (27)

In time slot t, and state space st, the agent takes an action in the action space. To address
the high computational requirements of the Rainbow algorithm for vehicular task offloading,
we propose utilizing an RSU among all, as the agent, due to its superior computation
capabilities compared to vehicles. In the VEC network considered herein, the agent needs
to decide whether to process a task locally or to offload it to an RSU. Hence, the action
space is defined as at = {

(
xjk,i
)
t
|k ∈ N, j ∈M, i ∈ I}.

The reward function is defined to address the objective of the optimization problem. Our
objective is to minimize total delay and energy consumption for all vehicles in the network,
while the goal of the agent is to achieve the maximum reward. Therefore, the reward function
should negatively correlate with the objective function. We have also assumed that if the
processing time of a task exceeds its deadline, it is considered as a failed task. The agent
gains a reward rt at the tth time slot, by taking the action at when in the state st, in
order to maximize long-term cumulative reward. To this end, we define the reward function
as Eq. (28).

rt =
(ntasks − nfailed)

ΣN
k=1Costk

, (28)

where ntasks denotes the total number of tasks generated in tth time slot, while nfailed denotes
the total number of tasks failed due to the longer execution time than their deadlines.

Based on the discussion given in Sections 3 and 4, and the formulation above, we design
the task offloading Algorithm 1 based on Rainbow. In the first step, we initialize the replay
memory, the number of time slots and episodes, the main network, and the target network
(line 1). Then, all generated tasks by vehicles are stored to process (line 4). The next
part is to select the best action using the ε-greedy technique (line 5). After the action is
accomplished, the agent observes a new state and reward, and the tuple (si, ai, ri, si+1) is
stored as a transition in replay memory in order to train networks (line 6). Then, the agent
samples some of the data as a batch from experience replay memory based on their computed
complexity to train networks (line 7). The target value yi is calculated for each transition
(line 9). The algorithm minimizes the loss function Lt (θt) by updating the parameters of
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the main DQN network, θt (line 10). For a fixed number of time slots, the algorithm updates
the parameters of the target network, θ

′
t, to match the current parameters of the main DQN

network, θt (line 11).

Algorithm 1: Rainbow DQN-based algorithm

Input:
Initial parameters of the main DQN network and the target network,
The replay memory D.

1. for episode = 1 to E do

2. Initialize state s1

3. for t = 1 to T do

4. Store tasks resulted from the application decomposition, produced by vehicles

5. Choose action at based on the ε-greedy policy

6. Carry out action at, and observe the new state st+1 and rt
7. Calculate complexity of transitions and extract a batch of i transitions from the

memory D < si, ai, ri, si+1 >

8. for all (si, ai, ri, si+1) in D do

9. Calculate the target value yi
10. Minimize loss function Lt (θt), by updating θt

11. Update θ
′
t with θt in every fixed number of time-slots

6. Performance Evaluation

In this section, the performance of the proposed algorithm is evaluated through a sim-
ulation of a real traffic data. For comparison purposes, various DQN-based algorithms are
also implemented and simulated to verify the suitability of the Rainbow algorithm.

A. Experimental Settings

We carry out our simulations on a real scenario using the vehicle trajectory data set of two
hours (7:00 a.m. to 9:00 a.m.) on a circular road in Crete, France [43]. As shown in Fig. 2,
it includes a roundabout with 4 entrances and exits, multiple two-lane or three-lane roads,
one bus road, four-lane change points, and 15 traffic lights. We consider the trajectory of
three vehicles, N = 3, driving at variable speed. The CPU computation capability of each
vehicle is 20 GHz in our experiments. We assume M = 5 RSUs are distributed among
the road at equal distances with communication range of 125 m, with a CPU computation
capability of 100 GHz. Moreover, the bandwidth is set to 2MHz. It is also assumed that
the computation intensity of each task is 600 cycles/bit, and the input data size follows a
uniform distribution within [1, 8] MB. The service latency allowed for each task is 1.7 s. It
is worth mentioning that all experiments were carried out on a computer system with an
Intel(R) Core(TM) i7- 3610QM 2.30GHz processor and 4GB of main memory running an
x64 Windows 10 operating system.
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Figure 2: Vehicles route map

The proposed Rainbow DQN-based algorithm together with three state-of-the-art algo-
rithms, namely Double DQN [44], DQN [2], and DRQN [45], are implemented by using
PyTorch1; a machine learning framework based on the Torch library used for applications
such as computer vision and natural language processing. The learning rate, discount factor,
size of the mini-batch, and the replay buffer are set to 10−3, 0.9, 64, and 2000, respectively.
Herein a fixed number of time slots is considered and its value is set to 320. A detailed list
of the parameters and their values are provided in Table 1.

B. Experimental Results

For comparison and analysis purposes, multiple criteria, namely, task failure, time, and
energy consumption are considered with regards to changes in different parameters. Re-
sults are then depicted for the proposed algorithm and all of the state-of-the-arts. Fast
convergence to high reward values is an indicator showing how effectively the iterations of
the algorithm are proceeding. The convergence curve of the cumulative average reward is
plotted for 150 episodes in Fig. 3. As shown in this figure, within 150 episodes, and in the
first 10 iterations, the presented Rainbow DQN-based algorithm shows a faster convergence
speed and gets the highest reward in comparison with the other benchmarks. DQN and
Double DQN follow the same pattern approximately in the learning process while DRQN
cannot converge well during this period due to its recurrent layer, which requires a longer
time to train.

Next, the three main criteria are studied for the algorithms. Fig. 4 to Fig. 6, respectively,
show the average task execution time, average energy consumption, and task failure rate
versus the computation capability of the MEC servers deployed in the RSUs. According to
the plots, Rainbow outperforms other algorithms by a significant margin and realizes better
outcomes for the objective function. Meanwhile, Double DQN has a better performance

1https://github.com/pytorch/pytorch
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Parameter Value Description

M 5 Number of RSUs
N 3 Number of vehicles
I 3 Number of tasks in each time slot
σ −110 dbm Gaussian white noise
ω̄ 2 Path loss exponent
h 1 Channel fading coefficient
Lk 10−27 Effective switched capacitance coefficient of vehicle k
Ptr,k 1.3 watts Transmission power of vehicle k
Pidle,k 0.2 watts Power consumption of standby mode of vehicle k
E 150 Episode size
T 185 Number of time slots
B 2 MHz System bandwidth
dk,i 1.7 s Deadline of task i generated by vehicle k
ak,i 1− 8 MB Data size of task i generated by vehicle k
f vehicle
k 20 GHz Computation capability of vehicle k
f rsu
j 100 GHz Computation capability of RSU j

Table 1: List of parameters and their values in the experiment

Figure 3: Convergence of the training stage for the proposed Rainbow DQN-based algorithm
and three DQN-based algorithms
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Figure 4: Total task processing delay against RSU capability

compared to DQN due to alleviating overestimation, and DRQN has the highest task ex-
ecution time compared to the other three methods due to the lack of adequate time for
training.

It is important to understand how different algorithms succeed in controlling the task
failure rate when deadline intervals are too tight or too loose. This is illustrated in Fig. 7,
where Rainbow is performing better than the other DQN-based algorithms, more specifically
when the tasks are more time-sensitive. As can be seen in Fig. 7, when deadlines are tight,
the superiority of the presented Rainbow DQN-based algorithm against the other algorithms
is much clear.

The effect of increasing data size, on delay and energy consumption, is also investigated
herein, and is depicted in Fig. 8 and Fig. 9. Expectedly, the energy consumption and
execution time increase with the increase in the data size. For an input data size of 4 MB,
the latency and energy of all algorithms are almost the same. The reason is that all schemes
prefer to process tasks locally while ignoring capabilities of RSUs. At increased data sizes,
Rainbow shows better performance and keeps the energy consumption and latency levels
lower even when facing more complex tasks, since its gap with the other methods increases
gradually.

Finally, the behavior of the two main factors, energy and time, is assessed when the
bandwidth capacity is changing. In Fig. 10 and Fig. 11, with an increase of the network
bandwidth, less time and energy will be spent on offloading tasks to the roadside units,
and this ultimately leads to a reduction in energy consumption and total time in all four
algorithms. According to the results, the proposed Rainbow DQN-based algorithm is keeping
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Figure 5: Total task energy consumption against RSU capability

Figure 6: Task failure rate against RSU capability
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Figure 7: Task failure rate against the deadline

Figure 8: Total task processing delay against the average data size
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Figure 9: Energy consumption of task processing against the average data size

lower consumption values and more optimal latency levels, even facing the limited bandwidth
of 1 MHz.

7. Conclusions and Future Work

In this paper, we focused on designing an efficient task offloading algorithm in vehicular
edge computing networks in order to jointly minimize delay and energy consumption by
taking advantage of MEC servers deployed on RSUs. In order to address the high mobility
of vehicles and the complex dynamic vehicular environment, we leveraged Rainbow which is
an integration of independent advances on DQN to obtain a fast learning process and efficient
decisions. In order to evaluate the effectiveness of the proposed algorithm in comparison
with state-of-the-art DQN algorithms, extensive experiments were conducted on a real-world
traffic data. The proposed task offloading algorithm shows a better performance, 18% and
15% improvement in energy consumption and delay, respectively, compared to the state-of-
the-arts.

While offloading the whole task to the RSU is the more usual case and is completely
realistic, in some scenarios the vehicle divides a complex task into multiple sub-tasks and
locally processes only a portion of them. In such a situation, it is important to keep track
of the task dependency graphs while distributing tasks in order to successfully combine the
results. Therefore, a possible future work is to develop a dependency aware task offloading
algorithm. Adding load balancing and utilization concerns among the RSUs could be another
field of the further study.
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Figure 10: Total task processing delay against the bandwidth

Figure 11: Energy consumption of task processing against the bandwidth
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HIGHLIGHTS

> We propose a Rainbow-based task offloading algorithm for vehicular networks.

> Rainbow is a deep Q-learning algorithm combining some improvements to Deep
Q-Network.

> The proposed algorithm aims to jointly minimize average delay and energy con-
sumption.

> The performance of the proposed approach is evaluated using real-world traffic data.

> Experiments demonstrate significant improvement achieved by the proposed algo-
rithm.
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