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Abstract—An intelligent decision-making system enabled by
vehicle-to-everything (V2X) communications is essential to
achieve safe and efficient autonomous driving (AD), where two
types of decisions have to be made at different timescales,
i.e., vehicle control and radio resource allocation (RRA) decisions.
The interplay between RRA and vehicle control necessitates their
collaborative design. In this two-part paper (Part I and Part II),
taking platoon control (PC) as an example use case, we propose
a joint optimization framework of multitimescale control and
communications (MTCCs) based on deep reinforcement learning
(DRL). In this article (Part I), we first decompose the problem
into a communication-aware DRL-based PC subproblem and
a control-aware DRL-based RRA subproblem. Then, we focus
on the PC subproblem assuming an RRA policy is given, and
propose the MTCC-PC algorithm to learn an efficient PC policy.
To improve the PC performance under random observation delay,
the PC state space is augmented with the observation delay and
PC action history. Moreover, the reward function with respect
to the augmented state is defined to construct an augmented
state Markov decision process (MDP). It is proved that the
optimal policy for the augmented state MDP is optimal for the
original PC problem with observation delay. Different from most
existing works on communication-aware control, the MTCC-
PC algorithm is trained in a delayed environment generated
by the fine-grained embedded simulation of cellular vehicle-to-
everything communications rather than by a simple stochastic
delay model. Finally, experiments are performed to compare
the performance of MTCC-PC with those of the baseline DRL
algorithms.

Index Terms—Deep reinforcement learning (DRL), multi-
timescale decision making, platoon control (PC).
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I. INTRODUCTION

THE CELLULAR vehicle-to-everything (C-V2X) system
provides message delivery services for vehicular

applications using fourth-generation (4G) and fifth-generation
(5G) cellular connectivity [1]. Due to its ability to provide
ubiquitous coverage, high reliability, and low latency, the
C-V2X system is crucial for autonomous vehicles (AVs) [2].
Meanwhile, AVs are seen as a major driving use case
for enhancing C-V2X communications in six-generation
(6G) wireless system [3]. Designing vehicle control-oriented
C-V2X system falls into the category of networked control
systems (NCSs) research, where closed-loop control relies on
data transmission in communication networks [4].

In contrast to the conventional network design, the
performance of NCS is measured in terms of the efficiency
in accomplishing a control task rather than the network
performance metrics, such as throughput and delay [5], [6].
Compared with pure NCS, the ecosystem of C-V2X is more
complex due to the co-existence of safety-critical vehicle
control applications as well as nonsafety applications such
as infotainment. Since the latter type of applications usually
requires high throughput, an effective radio resource allocation
(RRA) mechanism is indispensable for assigning the limited
network resources to various applications, guaranteeing the
safety and efficiency of vehicle control tasks while maximizing
the throughput of nonsafety applications. For this purpose,
RRA in C-V2X systems should be control aware, taking into
account the control performance degradation due to the delay
or packet loss in control-related information delivery.

Meanwhile, the amount of control performance degradation
heavily depends on the robustness of vehicle controllers to
nonideal communications. Conventional controllers of AVs are
usually designed based on control theory under the assumption
of zero-delay and zero-loss communications [7], [8]. In order
to reduce the effects of communication impairments on control
performance, vehicle controllers should be communication-
aware, considering the statistical properties of random delay
and packet loss in C-V2X communications.

A. Collaborative Design of Communications and Control

The interplay between RRA and vehicle control neces-
sitates the collaborative design of communications and
control functions. Existing works mainly tackle the problem
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in two directions, i.e., control-aware communications and
communication-aware control.

1) Control-Aware Communications: Control-aware or task-
oriented communications aim at scheduling network resources
to achieve satisfactory control performance. In order to charac-
terize the significance of transmitted information in achieving
the control target, two cross-layer performance metrics are
often adopted to guide the optimization. The most widely
used metric is Age of Information (AoI) [9], which captures
the importance of information by measuring its timeliness
attribute. Meanwhile, another metric, i.e., Value of Information
(VoI), measures how much the recipient of the information
can reduce the uncertainty of the stochastic processes related
to decision making [10]. Since the co-design problem in this
research direction is tackled from communications perspective,
the considered controllers are normally quite simple and
are designed based on conventional control theory and ideal
communications assumption.

2) Communication-Aware Control: On the other hand,
communication-aware or delay-aware control aims at design-
ing controllers that are robust to communication imperfections.
Examples are networked control that analyzes the tolerance
of controllers to delay and packet loss using mathematical
models; and event-triggered control that determines whether
or not to sample and transmit system signals based on event or
time. Since the co-design problem in this research direction is
tackled from control perspective, nonideal communications are
usually modeled as either constant delay or stochastic delay
under coarse-grained surrogate communication models that are
control agnostic [11], [12], [13], [14], [15], [16], [17].

B. Motivations

While most existing works of NCS study the co-design
problem from either the communications or control perspec-
tive, it is our hypothesis that great benefits will arise from joint
optimization in a unified perspective, where both components
are designed using advanced technologies and are aware
of the necessary details of the other components. Vehicle
controllers are conventionally designed based on classical
control theory, such as linear controller, H∞ controller, sliding
mode controller (SMC), etc. [8], [18], [19]; while RRA in C-
V2X systems is traditionally studied using optimization theory.
One of the main limitations of such approaches is that rigorous
mathematical models are required, which are either inaccurate
or unavailable for real-world problems; or it is computationally
expensive to solve the models. Meanwhile, both vehicle
control and RRA are Sequential stochastic decision problem
(SSDP), where a sequence of decisions have to be made over
a specific time horizon for a dynamic system whose states
evolve in the face of uncertainty. As a promising approach to
solve SSDP, deep reinforcement learning (DRL) has attracted
considerable attention in recent years and has been adopted for
vehicle control and RRA as an emerging trend. DRL inherits
the model-free learning capability from reinforcement learning
(RL), which can learn an optimal control policy directly
from experience data by trial and error without knowledge
of the underlying SSDP model. Moreover, it deals with the

curse-of-dimensionality problem of RL by approximating the
value functions and/or policy functions using deep neural
networks (DNNs) [20], [21]. We believe that tackling both
vehicle control and RRA problems under a unified DRL
framework will better reveal the interdependency between the
two components and thus facilitate the joint optimization task.

Since the frequency of vehicle control and sampling [nor-
mally between 0.01 and 0.1 second (s)] is often lower than
that of RRA (e.g., 1 millisecond (ms) in C-V2X), the
joint optimization of RRA and vehicle control is generally
a multitimescale decision problem. The most straightforward
approach is solving an integrated full-space model contain-
ing detailed vehicle control and RRA submodels. However,
simultaneous derivation of vehicle control and RRA decisions
at multitimescales yields a large-scale optimization problem,
which is computationally infeasible even for modern machine
learning techniques. Our main goal in this two-part paper
(Part I and Part II) is to propose an efficient DRL-based
approach for multitimescale control and communications
(MTCCs) in the C-V2X system. To the best of our knowledge,
this is the first paper that jointly optimizes multitimescale
vehicle control and RRA decisions under a unified DRL
framework.

As there are a variety of control tasks for AVs, we will focus
on platoon control (PC) as an example use case. Meanwhile,
the modular nature of the proposed approach enables its
extension to other AV tasks. As a basic function of AVs, PC
aims to determine the control inputs for following vehicles
so that all vehicles move at the same speed while main-
taining the desired distance between each pair of preceding
and following vehicles [8]. Although PC can be performed
without information exchange between vehicles based on the
adaptive cruise control (ACC) functionality, the more advanced
cooperative adaptive cruise control (CACC) extends ACC with
vehicle-to-everything (V2X) communications and is capable
of improving the PC performance by reducing the intervehicle
distance while guaranteeing string stability [22].

C. Contributions

The main contributions of this two-part paper (Part I and
Part II) are explained in the following.

1) Unified DRL Framework for Multitimescale Control
and Communications: The time horizon is divided into
control intervals, where each control interval consists of
multiple communication intervals. Instead of employing
the full-space approach with formidable computation
complexity, we decompose the problem into two sub-
problems, i.e., a) communication-aware DRL-based PC
and b) control-aware DRL-based RRA. We propose the
MTCC-PC algorithm to learn the PC policy assuming
an RRA policy is given, and the MTCC-RRA algorithm
to learn the RRA policy assuming a PC policy is given.
Finally, a sample- and computational-efficient approach
is proposed to jointly learn the PC and RRA policies by
training MTCC-PC and MTCC-RRA algorithms in an
iterative process.
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2) Integrated DRL Model Capturing the Interplay Between
RRA and PC: We conceive a communication-aware DRL
model for PC and a control-aware DRL model for RRA,
both of which are integrated parts of the multitimescale
decision framework. Specifically, we augment the PC
state space with the observation delay, which serves as a
bridge between the PC and RRA models. Moreover, we
incorporate the advantage function of the PC model in
the RRA reward function, which quantifies the amount
of PC performance degradation caused by observation
delay. Finally, we augment the state space of RRA
with control input history for a more well-informed
RRA policy. Since both PC and RRA are formulated
into DRL models, it is much easier to fully consider
the interplay between them. Specifically, the MTCC-PC
algorithm is trained in a delayed environment generated
by the fine-grained embedded simulation of C-V2X
communications rather than by a simple stochastic delay
model. Moreover, the RRA decisions in the MTCC-
RRA algorithm are made based on the “VoI per control
interval,” which provides a finer-grained VoI compared
with the existing VoI calculation methods.

3) Efficient DRL Solution Addressing Random Observation
Delay, Multiagent, and Sparse Reward Problems: To
improve the performance of PC in the face of random
observation delay, we augment the PC state space with
PC action history and prove the Markov property of
the augmented state. Moreover, we define the reward
function for the augmented state to construct an aug-
mented state Markov decision process (MDP), and prove
that the optimal policy for this MDP is also optimal
for the original PC problem with observation delay.
To deal with the multiagent problem in the MTCC-
RRA algorithm, we apply the reward shaping technique
to design an individual reward for each agent, so that
they can deduce their own contributions in the global
reward. Moreover, to tackle the sparse reward problem
in RRA, we use a reward backpropagation prioritized
experience replay (RBPER) technique [23] to improve
training efficiency.

D. Organization of the Two-Part Paper

The organization of this two-part paper is shown in Fig. 1.
First, the multitimescale decision system model is introduced
in Part I. Then, in order to jointly optimize the multitimescale
PC and RRA decisions using DRL, we assume that an RRA
policy is given and study the communication-aware DRL-
based PC in Part I. Next, we assume that a PC policy is
available and focus on the control-aware DRL-based RRA
in Part II. Finally, the joint learning approach that iteratively
learns the PC and RRA policies is provided in Part II.

The remainder of this article (Part I) is organized as follows.
Section II introduces the related work. The MTCC system
model is presented in Section III. Subsequently, Sections IV
and V introduce the communication-aware DRL model for PC
and the corresponding DRL solution, i.e., MTCC-PC algo-
rithm, respectively. Then, Section VI conducts experiments

Fig. 1. Organization of the two-part paper.

to demonstrate the effectiveness of the proposed algorithm.
Finally, Section VII concludes this article.

II. RELATED WORK

A. RRA in C-V2X Systems

Existing works on RRA in C-V2X systems can be cat-
egorized into traditional methods and DRL methods. While
traditional methods seek solutions to RRA based on clas-
sical optimization theory [24], [25], [26], [27], [28], [29],
DRL methods have gained increasing attention in RRA
research [30], [31], [32], [33], [34], [35], [36], [37], [38],
[39], [40] due to its success in learning decision-making
policies in a variety of fields recently. There are two typical
working modes in C-V2X, named vehicle-to-infrastructure
(V2I) and vehicle-to-vehicle (V2V). It is generally considered
that V2I links are mainly used to carry high bandwidth content,
while V2V links are mostly used to deliver safety-critical
messages [35], [36], [37], [41], [42], [43]. Therefore, the
objective of RRA in most existing works is to efficiently share
the frequency spectrum between V2I and V2V links, striking a
tradeoff between maximizing V2I throughput and minimizing
V2V delay.

Due to the scalability issue of the centralized solution,
many works formulate RRA as multiagent RL (MARL)
problems where each V2V agent can only observe its own
local state. To solve MARL, the independent learner (IL)
approach that directly applies single-agent RL algorithms has
been adopted by a few works [30], [31], [32], [33], [34].
While IL is simple and scalable, the concurrent exploration of
multiple agents can lead to nonstationarity issues, especially
for DRL algorithms with experience replay. To deal with this
challenge, the fingerprint-based technique is adopted in [35]
and hysteretic Q-learning and concurrent experience replay
trajectory approaches are leveraged in [37]. In [38], the mean-
field game theory is used to enhance scalability and reduce the
complexity of MARL solutions. However, another important
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issue in MARL, namely, the credit assignment problem, is not
considered in the above works.

While most RRA algorithms in C-V2X are agnostic to vehi-
cle control tasks, a few algorithms are specifically designed
to support PC applications. The fingerprint-based deep Q
networks (DQNs) algorithm similar to [35] is used in [36]
for platoon-based C-V2X system. AoI-aware RRA algorithms
are proposed in [39] based on the multiagent deep determin-
istic policy gradient (MADDPG) algorithm. Xu et al. [40]
formulated a multiobjective RRA problem, which is divided
into a set of scalar optimization subproblems that are modeled
as the partially observable stochastic game (P-OSG) and
solved by the dual-clip proximal policy optimization (CD-
PPO) algorithm. By modeling the network traffic based on
message delivery characteristics of PC, the above works have
designed efficient RRA algorithms that can better support PC
applications. However, the optimization objectives are either
delay, AoI, or transmission success ratio, which fail to capture
the extent to which the PC performance will be degraded by
receiving stale information.

B. Delay-Aware PC and DRL-Based PC

The existing works on delay-aware PC mainly focus on
designing platoon controllers that are robust to communica-
tion delay, and deriving the upper bound of communication
delay satisfying the internal and string stability for the
controllers [11], [12], [13], [14], [15], [16]. These works
have achieved impressive results on improving PC tolerance
to communication delay. However, the delay models are
abstract and simple, which cannot accurately reflect the delay
distribution induced by the advanced RRA mechanisms in
C-V2X communications. Moreover, the platoon controllers
are designed based on classical control theory, and thus
have limited capability in dealing with the uncertainty and
randomness of the environment.

In order to better cope with the uncertain driving environ-
ment, nonlinear vehicle dynamics, and real-time application
requirement, some recent works study DRL-based PC [44],
[45], [46], [47], where deep deterministic policy gradient
(DDPG) is the most widely used algorithm. However, these
works do not consider communication delay when the vehicles
share the driving information.

In the field of theoretical research on RL, there have been
some works on how the agents make decisions when delays
occur in one or more forms, including observation delay, action
delay, and reward delay. The pioneering work of [48] considers
constant delay scenario, and reformulates the decision process
with delays into an augmented state MDP without delays,
where the action history is included in the augmented state.
The history horizon is from the time step when the delayed
observation was generated to one-time step before the current
state. However, since the assumption of constant delay is
usually unrealistic, recent works in this area mostly focus on
the random delay scenario.

To solve the problem of uncertain augmented state dimen-
sion when the random delay occurs, [49] and [50] assume that
the MDP freezes from the perspective of the agent, i.e., the

agent does not take any new actions till the most recent state
becomes observable. This may not be possible in practice
when the agent must take new actions to interact with the envi-
ronment at each time step. To deal with random reward delay,
the authors augment the state with the time step at which the
last observed delayed state was first observed. Moreover, they
show that action delay and observation delay are equivalent in
the sense that their respective decision processes with delay are
both reducible to the MDP with the augmented state. In [51],
the delayed time steps after observing the last delayed state is
included in the augmented state. However, the authors do not
mention how to solve the problem of the uncertain augmented
state dimension. Moreover, it is assumed that multiple data
packets cannot arrive simultaneously at the same time step,
which is not the case in C-V2X communication. Different
from the above works, [52] augments the state with the action
history from maximum delay to the previous time step, which
solves the uncertain augmented state dimension problem. The
observation delay at each time step is also included in the
augmented state. In our work, the augmented state is in a
similar form to that defined in [52]. Moreover, we provide
rigorous proofs of the Markov property of the augmented
state, and of the functional equivalence of the augmented state
MDP with the original decision process with delay, which are
lacking in [52].

C. Joint Optimization of RRA and PC

While the RRA and PC problems are studied separately
in the above works, some recent literature tackles the co-
design of them. Most works fall into the class of control-aware
communications or communication-aware control, emphasiz-
ing the novel design of either communications or control while
considering the requirements or constraints posed by existing
control or communications mechanisms.

For control-aware communications, [53] derived sufficient
conditions to meet platoon stability of a sampled-data feed-
back controller, which is used for parameter design of
event-triggered communication mechanisms. In [29], the com-
munication delay constraints that guarantee plant stability and
string stability are first derived for a nonlinear controller, and
the obtained delay constraints are used to guide RRA.

For communication-aware control, a nonlinear consensus-
based platoon controller was proposed in [17] based on
the probability of successful communication inferred from
the carrier sense multiple access with collision avoidance
(CSMA/CA) mechanism. Zeng et al. [54] first derived an
approximate expression for the probability that the wireless
system meets the control system’s delay needs, and then
optimizes the control parameters of the optimal velocity model
(OVM) to maximize the probability. In [55], PC is modeled
as a consensus problem, where the parameters of a linear
controller are dynamically adjusted according to different
information typologies (IFTs) and delays.

Finally, several research works consider the novel design
of both PC and communication mechanisms. Hong et al. [56]
designed a modified distributed model predictive controller
(DMPC), which takes into account the set of vehicles whose
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Fig. 2. Multitimescale decision-making framework.

messages are successfully received. Moreover, a commu-
nications approach to select relay vehicles to forward the
information of the leading vehicle is proposed, which aims at
maximizing the minimal average signal-to-noise ratio (SNR)
among the vehicles in the platoon. In [28], the PC and
RRA are jointly optimized in order to minimize the tracking
error while guaranteeing the minimum SNR requirements
of V2V communications and string stability of the platoon.
Since the optimization problem is nondeterministic polynomial
hard (NP-hard), it is decomposed into separate RRA and PC
problems in two stages. The bipartite graph matching method
is first used to approximate the subframe allocation scheme,
and then the parameters of a linear controller are optimized.
Both [28] and [56] consider nonideal communications in terms
of reliability instead of delay. Instead of focusing on the impact
of communication impairments on PC, [57] contemplated the
interplay between PC and communications from a different
perspective and attends to the effect of PC inputs on the
reliability of V2I communications through vehicle mobility
behaviors. A joint optimization scheme based on MPC was
proposed for RRA and PC, with the aim of maximizing the
communication reliability of V2I and minimizing the traffic
oscillation of PC. Our work differs from the above research
in considering that the control and communications decisions
are usually made at different time scales. Moreover, the co-
design is performed under a unified DRL framework, which
does not suffer from model inaccuracy or high computational
complexity as in conventional control theory, optimization
theory, or MPC.

III. SYSTEM MODEL

We consider a platoon with a number of N > 2 vehicles,
i.e., V = {0, 1, . . . , N−1}. All vehicles communicate with one
another using C-V2X communications. The important symbols
used in this article are summarized in Table I.

A. Multitimescale Decision-Making Framework

As shown in Fig. 2, the PC problem is considered within
a finite time horizon, which is discretized into K equal-length
control intervals indexed by k ∈ K = {0, 1, . . . , K − 1}. The
duration of each control interval is T milliseconds (ms). The
vehicle control input (commanded acceleration) aCL

i,k for any
vehicle i ∈ V is applied at time kT and holds constant within
time period [kT, (k+1)T). In the remainder of this article, we

will use xk := x(kT) to represent any variable x at the control
interval k.

At each control interval k, the PC module of each following
vehicle (i.e., follower) i ∈ V\{0} determines the vehicle control
input aCL

i,k based on the observations of the system state. The
vehicle driving status is sampled at time kT (i.e., the sampling
period is T ms). Specifically, the position pi,k, velocity vi,k,
and acceleration acci,k of follower i are measured locally by
the fusion of inertial navigation and global positioning system
(GPS). Here, pi,k represents the 1-D position of the center of
the front bumper of vehicle i at control interval k. Additionally,
each follower i can obtain the driving status pj,k, vj,k, and accj,k

of the other vehicles j ∈ V\{i} via V2V communications.
We adopt the predecessors following (PF) IFT [29],

[47], [58], where the collaborative adaptive message (CAM)
ci−1,k = {pi−1,k, vi−1,k, acci−1,k} of the preceding vehicle
(i.e., predecessor) i − 1 ∈ V\{N − 1} are transmitted to the
follower i. For this purpose, each control interval k is further
divided into T communication intervals indexed by t ∈ T =
{0, 1, . . . , T − 1} on a faster timescale. Each communication
interval has a length of 1 ms corresponding to the subframe
duration in C-V2X communications. The vehicles transmit
CAM at time kT + t, k ∈ K, t ∈ T , where the corresponding
communication interval is represented as (k, t). Dynamic
scheduling is considered, where the C-V2X communication
module makes RRA decisions at each communication interval
(k, t). In the integrated model, temporal integrity is maintained
by (k, T) = (k + 1, 0). In the remainder of this article, we
will use x(k,t) := x(kT + t) to represent any variable x at
communication interval (k, t).

Since the PC decisions are made with a coarse time grid of
every T ms, while the RRA decisions are made with a fine
time grid of every 1 ms, we have a multitimescale decision-
making problem.

B. Platoon Control Module

Each vehicle i ∈ V obeys the dynamics model approximated
by a first-order system. The state space model in discrete time
is derived on the basis of forward Euler discretization

pi,k+1 = pi,k + Tvi,k (1)

vi,k+1 = vi,k + Tacci,k (2)

acci,k+1 =
(

1 − T

τi

)
acci,k + T

τi
aCL

i,k (3)

where τi is a time constant representing driveline dynamics.
The first-order-system approximation in (3) is widely used in
platoon controller design, which is obtained by first formulat-
ing a nonlinear model and then applying the exact feedback
linearization technique to convert the nonlinear model to a
linear one [7], [59], [60]. In order to ensure driving safety and
comfort, the following constraints are applied:

accmin ≤ acci,k ≤ accmax, aCL
min ≤ aCL

i,k ≤ aCL
max (4)

where accmin and accmax are the acceleration limits, while aCL
min

and aCL
max are the control input limits.
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TABLE I
SUMMARY OF IMPORTANT SYMBOLS USED

The headway of follower i at control interval k, i.e., bumper-
to-bumper distance between follower i and its predecessor i−1,
is denoted by di,k with

di,k = pi−1,k − pi,k − Li−1 (5)

where Li−1 is the body length of vehicle i − 1.
We adopt the constant time-headway policy (CTHP), where

follower i aims to maintain the desired headway

dr,i,k = ri + hivi,k (6)

where ri is a standstill distance for the safety of follower i
and hi is a constant time gap of follower i, which represents
the time that it takes for follower i to bridge the distance in
between the vehicles i and i−1 when continuing to drive with
a constant velocity.

The tracking errors, i.e., gap-keeping error epi,k and velocity
error evi,k of follower i are defined as follows:

epi,k = di,k − dr,i,k, evi,k = vi−1,k − vi,k. (7)

C. C-V2X Communications Module

As shown in Fig. 3, we consider a typical urban C-V2X
network, where V2V links coexist with V2I links. A V2I link
connects a vehicle to the base station (BS) and is used for
high-throughput services. According to the PF IFT, a V2V
link connects a pair of predecessor and follower for periodic
transmission of CAM. The link between vehicle i and i + 1 is
denoted as V2V link i. The set of N − 1 V2V links can thus
be represented by V\{N − 1}.

We consider that there are M V2I links (uplink considered).
Without loss of generality, we assume that every V2I link
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Fig. 3. Illustration of C-V2X network for the urban environment.

m ∈ M = {0, . . . , M − 1} is preassigned subchannel m with
constant transmit power PI

m [35]. In order to enhance spectrum
utilization, one or more V2V links can reuse the subchannels
of the V2I links for CAM transmission. We use the binary
allocation indicator θi,m,(k,t) ∈ {0, 1} to indicate whether V2V
link i occupies subchannel m at communication interval (k, t)
or not. Moreover, we consider that each V2V link i occupies
at most one subchannel, i.e.,

∑M−1
m=0 θi,m,(k,t) ≤ 1.

At the beginning of each control interval k, each vehicle i
samples its driving status to form the CAM and buffers the
CAM in a queue before transmitting the data to the following
vehicle i + 1. In each communication interval (k, t), each
vehicle i transmits the data in its queue according to the local
RRA decisions.

1) Channel Gain: The instantaneous channel gain of V2V
link i over subchannel m (occupied by V2I link m) at com-
munication interval (k, t) is denoted by Gi,m,(k,t). Similarly, let
Gm,(k,t) denote the channel gain of the V2I link m; Gi,B,m,(k,t)

the interference channel gain from V2V link i transmitter
to V2I link m receiver; GB,i,m,(k,t) the interference channel
gain from V2I link m transmitter to V2V link i receiver; and
Gj,i,m,(k,t) the interference channel gain from the V2V link j
transmitter to the V2V link i receiver over the subchannel m.

2) Signal-to-Interference-Plus-Noise Ratio (SINR): The
SINR γm,(k,t) of V2I link m and the SINR γi,m,(k,t) of V2V
link i on subchannel m at communication interval (k, t) are
derived by

γm,(k,t) = PI
mGm,(k,t)

σ 2 +∑
i∈V\{N−1} θi,m,(k,t)PV

i,m,(k,t)Gi,B,m,(k,t)
(8)

and

γi,m,(k,t) = PV
i,m,(k,t)Gi,m,(k,t)

σ 2 + Ii,m,(k,t)
(9)

respectively, where PV
i,m,(k,t) is the transmit power of V2V link

i over the subchannel m at communication interval (k, t). σ 2

is the power of channel noise which satisfies the independent
Gaussian distribution with a zero mean value. Ii,m,(k,t) is

the total interference power received by V2V link i over
subchannel m, where

Ii,m,(k,t) = PI
mGB,i,m,(k,t)

+
∑

j∈V\{i,N−1}
θj,m,(k,t)P

V
j,m,(k,t)Gj,i,m,(k,t).

3) Instantaneous Data Rate: The instantaneous data rates
rm,(k,t) and ri,(k,t) of V2I link m and V2V link i at communi-
cation interval (k, t) are, respectively, derived as follows:

rm,(k,t) = W log2
(
1 + γm,(k,t)

)
(10)

and

ri,(k,t) =
M−1∑
m=0

θi,m,(k,t)W log2
(
1 + γi,m,(k,t)

)
(11)

where W is the bandwidth of a subchannel.
Let rCAM

i,(k,t) denote the transmission rate of V2V link i in
terms of CAM at communication interval (k, t), which is given
by

rCAM
i,(k,t) = ri,(k,t)

Nc
(12)

where Nc is the constant CAM size.
4) Queuing Dynamic: Each vehicle i ∈ V\{N − 1} except

for the last vehicle N −1 has a buffer to store its CAM, where
the buffer capacity is NQ in the number of CAM. Let qCAM

i,(k,t)
denote the queue length of vehicle i in the number of CAM
at communication interval (k, t). If the queue length qCAM

i,(k,t)
reaches the buffer capacity NQ, the subsequent arriving data
will be dropped. The queue process evolves as follows:

qCAM
i,(k,t+1) =

⎧⎪⎪⎨
⎪⎪⎩

min [NQ, max
[
0, qCAM

i,(k,t) − 10−3

× rCAM
i,(k,t)] + 1], if t = 0

max
[
0, qCAM

i,(k,t) − 10−3 × rCAM
i,(k,t)

]
, otherwise.

(13)

At each communication interval (k, t), the queue length
qCAM

i,(k,t+1) is decreased by 10−3 × rCAM
i,(k,t), which is the num-

ber of CAM transmitted during the communication interval.
Meanwhile, at every communication interval (k, 0), the queue
length qCAM

i,(k,t+1) is increased by 1, since vehicle i samples the
driving status for control interval k and buffers the generated
CAM. In addition, the CAM that is not fully transmitted during
control interval k will continue to be transmitted in the next
control interval k + 1.

D. Correlation Between Platoon Control Decisions and
Radio Resource Allocation Decisions

In our system model, each vehicle i ∈ V\{0} makes PC
decisions on the control input aCL

i,k at every control interval k ∈
K. Moreover, each vehicle i ∈ V\{N−1} makes RRA decisions
on subchannel allocation {θi,m,(k,t)}m∈M and transmit power
{PV

i,m,(k,t)}m∈M at every communication interval (k, t), where
k ∈ K and t ∈ T . It is important to note that the PC and RRA
decisions are closely related to each other.

At the beginning of each control interval k, each follower i ∈
V\{0} determines aCL

i,k based on its own driving status as well
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Fig. 4. Schematic diagram of the relationship between observation delay τi,k
and queue length qCAM

i−1,(k−1,T)
.

as the driving status received from its predecessor i − 1. Let
τi,k be the observation delay of follower i at control interval k.
Thus, ci−1,k−τi,k = {pi−1,k−τi,k , vi−1,k−τi,k , acci−1,k−τi,k} is the
most recent available delayed CAM at follower i, which
correspond to the position, velocity, and acceleration sampled
at predecessor i − 1 in control interval k − τi,k. Therefore, the
observed driving status of vehicle i is defined as follows:

xi,k−τi,k = {epi,k−τi,k , evi,k−τi,k , acci,k−τi,k , acci−1,k−τi,k} (14)

where epi,k−τi,k = pi−1,k−τi,k −pi,k−τi,k −Li−1−dr,i,k, evi,k−τi,k =
vi−1,k−τi,k − vi,k−τi,k . Note that although follower i has the
undelayed observation on its own pi,k, vi,k and acci,k, the
observation xi,k−τi,k is defined based on pi,k−τi,k , vi,k−τi,k , and
acci,k−τi,k to be aligned with the delayed information from its
predecessor i − 1.

The observation delay τi,k depends on the transmission
delay of CAM over V2V link i−1, which can be derived from
qCAM

i−1,(k−1,T) or qCAM
i−1,(k,0) as follows:

τi,k =
⌈

qCAM
i−1,(k−1,T)

⌉
+ 1 =

⌈
qCAM

i−1,(k,0)

⌉
+ 1. (15)

An example is given in Fig. 4 to illustrate the relationship
between the queue length and observation delay. Assume the
queue length of predecessor i−1 at the end of control interval
k−1 is 0.5 CAM of ci,k−1, i.e., qCAM

i−1,(k−1,T) = 0.5. This means
that the CAM ci,k−1 generated by the predecessor i − 1 at
control interval k − 1 is not fully received by the follower i.
At control interval k, since the follower i cannot interpret an
incomplete CAM of ci,k−1, it has to make decisions based on
the last fully received CAM, i.e., the CAM ci,k−2 generated
by predecessor i − 1 at control interval k − 2. Therefore,
the observation delay is τi,k = �0.5� + 1 = 2. The delayed
observation for follower i at control interval k is xi,k−2.

Please note that (15) no longer holds when the queue length
qCAM

i,(k,t) reaches the buffer capacity NQ and the subsequent
arriving data are dropped. In this article, we consider the case
when NQ is large enough and the packet dropping probability
is negligible. We leave the consideration of dropped packets
to future work.

In this article, we consider all the generated CAMs are
buffered and transmitted sequentially. Another popular buffer
management strategy is to replace any old CAM that has not
yet been fully delivered in the previous control interval with
the newly generated CAM at the beginning of each control
interval. We adopt the current strategy since the probability of
successfully transmitting a partially transmitted CAM is larger
than that of transmitting a completely new CAM due to the
smaller amount of data left to be transmitted. However, our

proposed MTCC framework can be applied with other buffer
managements strategies with the change of (13) and (15).

The correlation between PC decisions and RRA decisions
can be analyzed from the following two aspects.

Impact of RRA on PC: The PC decisions are made with the
target of optimizing the PC performance, which is affected by
the observation delay τi,k. Meanwhile, τi,k is determined by
qCAM

i−1,(k−1,T) according to (15), which in turn depends on the
RRA decisions {θi,m,(k′,t)}k′<k,m∈M and {PV

i,m,(k′,t)}k′<k,m∈M
according to (8)–(13). Different RRA decisions lead to diverse
stationary distributions of observation delay. Therefore, the
PC decisions should be optimized under the stochastic delay
distributions stemmed from the de facto RRA decisions.

Impact of PC on RRA: The RRA decisions are made
with the targets of: 1) maximizing the V2I throughput and
2) minimizing the PC performance degradation due to delayed
observation. Unfortunately, these two targets are contradictory
with each other and an optimal tradeoff should be struck.
The tradeoff heavily depends on the impact of observation
delay τi,k on PC performance, which in turn is affected by
the PC decisions. Better PC decisions lead to higher tolerance
to observation delay, which means that larger V2I throughput
can be supported with negligible penalty to PC performance.
Therefore, the RRA decisions should be optimized with aware-
ness of the impact of observation delay on PC performance
under the de facto PC decisions.

IV. COMMUNICATION-AWARE DRL-BASED

PLATOON CONTROL

We assume that the RRA policy πCM is available and
focus on learning the PC policy πCL

i , i ∈ V\{0}. The PC
problem with observation delay is essentially a Random Delay
Decentralized Partially Observable MDP. Each follower i ∈
V\{0} is a PC agent, which makes a local and delayed
observation at each control interval k, and decides on its local
actions to maximize its expected cumulative individual reward.
The cumulative reward is normally referred to as the return in
the RL literature.

A. PC State

The state for each PC agent i at control interval k is defined
as follows:

SCL
i,k =

{
xi,k−τi,k ,

{
aCL

i,k′
}k−1

k′=k−τmax
, τi,k

}
(16)

where τmax is the maximum observation delay that depends on
the maximum queue length NQ, i.e., τmax ≥ τi,k. The delayed
observation of driving status xi,k−τi,k is augmented with the
last τmax actions {aCL

i,k′ }k−1
k′=k−τmax

of PC agent i. Moreover,
the observation delay τi,k is included since it provides useful
information to the control agent on how old an observation is.
More importantly, τi,k serves as a bridge between the control
and communication modules. For PC agent i to be aware of
the observation delay τi,k, the predecessor i−1 needs to share
its queue length qCAM

i−1,(k,0) at the beginning of each control
interval k via control signaling. This is possible in the C-V2X
system, since the queue length can be contained in sidelink
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control information (SCI) transmitted in the physical sidelink
shared channel (PSSCH).

B. PC Action

The control input, aCL
i,k ∈ [aCL

min, aCL
max] of each PC agent i is

regarded as its PC action at control interval k.

C. PC Reward Function

The objective for each PC agent i is to minimize its own
gap-keeping error epi,k and velocity error evi,k while penalizing
control input aCL

i,k and the jerk to reduce the fuel consumption
and improve the driving comfort, respectively. Note that the
jerk is the change rate in acceleration, which is given by

ji,k = acci,k+1 − acci,k

T
= − 1

τi
acci,k + 1

τi
aCL

i,k (17)

where the second equality is due to the forward Euler dis-
cretization of (3).

The individual reward for each PC agent i is given by

RCL
i,k

(
xi,k, aCL

i,k

)

= −
{∣∣∣∣ epi,k

êp,max

∣∣∣∣+ α1

∣∣∣∣ evi,k

êv,max

∣∣∣∣+ α2

∣∣∣∣∣
aCL

i,k

aCL
max

∣∣∣∣∣+ α3

∣∣∣∣ ji,k
2accmax/T

∣∣∣∣
}

(18)

where êp,max and êv,max are the nominal maximum control
errors such that it is larger than most possible control errors.
α1, α2, and α3 are the positive weights and can be adjusted
to determine the relative importance of minimizing the gap-
keeping error, the velocity error, the control input, and the
jerk.

The expected return JCL
i of PC agent i under policy πCL

i
can be expressed as follows:

JCL
i = EπCMEπCL

i

[
K−1∑
k=0

γ kRCL
i,k

]
, 0 ≤ γ ≤ 1 (19)

where γ is the PC reward discount factor and πCM is the de
facto communication policy.

Remark 1 (Impact of Communications Policy on Control
Performance): In (19), the expectation is taken with respect
to the probability distribution of the state-action trajectories
when the PC agent i follows policy πCL

i and the RRA policy is
πCM. The RRA policy πCM affects the PC performance since
it determines the observation delay τi,k, which is a part of the
augmented state SCL

i,k . In other words, πCM has an important
influence on the state transition probabilities of the RD-Dec-
POMDP model.

The objective of the PC problem is for each PC agent i to
find the optimal policy πCL*

i under delayed observation that
maximizes its individual expected return JCL

i , i.e.,

πCL*
i = arg max

πCL*
i

JCL
i , ∀i ∈ V\{0}. (20)

V. DRL SOLUTION

The DDPG algorithm [61] is utilized to solve the PC
problem, which is the most extensively used algorithm in the
existing DRL-based car-following controllers. Since DDPG is
designed to solve MDP problems, it is questionable whether
the algorithm is suitable for solving the RD-Dec-POMDP
problem of PC. In the following, we discuss the adoption of
DDPG in the multiagent setting and random delay setting,
respectively.

A. Multiagent Problem in DRL-Based PC

The PC problem corresponds to a Dec-POMDP and lies in
the multiagent domain. Although there are various multiagent
algorithms such as MADDPG [62] for applying RL to
multiagent systems, we adopt the IL approach where each
agent learns independently using DDPG. The reason for
choosing IL is due to its simplicity and scalability. More
importantly, the nonstationary environment issue for IL is
greatly alleviated in the PC problem, since it is proved in [63]
that only the actions of its predecessors but not the followers
will affect the environment of a PC agent. Furthermore, the
credit assignment issue in multiagent problem does not exist
for our PC model, as each agent optimizes its individual return
instead of the global return that is the sum of individual returns
over all the PC agents.

B. Random Observation Delay Problem in DRL-Based PC

The theoretical foundation of the DDPG algorithm is
the deterministic policy gradient (DPG) Theorem [61], [64],
which shows that DPG is the expected gradient of the
action-value function for any MDP whose corresponding
gradients exist. By the discussion in Section V-A, we can
approximately consider that the undelayed driving status
xi,k at PC agent i is Markov, i.e., p(xi,k+1|xi,k, ai,k) =
p(xi,k+1| . . . , xi,k−1, xi,k, ai,k), ignoring the impact of the pre-
decessors’ actions on xi,k+1. However, each PC agent i can
only observe the delayed driving status xi,k−τi,k instead of xi,k,
where xi,k−τi,k is no longer a Markov state. It is proved in
the following Theorem 1 that SCL

i,k becomes a Markov state
by augmenting the delayed observation of driving status with
action history.

Theorem 1: Markov property is ensured for the
augmented state SCL

i,k , i.e., p(SCL
i,k+1|SCL

i,k , aCL
i,k ) =

p(SCL
i,k+1| . . . , SCL

i,k−1, SCL
i,k , aCL

i,k ).
The proof of Theorem 1 is given in Appendix A.
The reward function RCL

i,k (xi,k, aCL
i,k ) defined in (18) is a

function of the undelayed observation xi,k instead of the
augmented state SCL

i,k . In order to construct an MDP for the
delayed observations, we define the delayed reward function
R̃CL

i,k (SCL
i,k , aCL

i,k ) for each follower i ∈ V\{0} as the expected
reward obtained by PC agent i in augmented state SCL

i,k , i.e.,

R̃CL
i,k

(
SCL

i,k , aCL
i,k

)
= Exi,k

[
RCL

i,k

(
xi,k, aCL

i,k

)
|SCL

i,k

]
. (21)

Now we construct the augmented state MDP M̃i =
(SCL

i,k , aCL
i,k , R̃CL

i,k , p, γ ). Note that under M̃i, the expected return
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J̃CL
i of PC agent i under policy πCL

i is written as follows:

J̃CL
i = EπCMEπCL

i

[
K−1∑
k=0

γ kR̃CL
i,k

]
, 0 ≤ γ ≤ 1. (22)

Thus, the optimal policy for M̃i is given as follows:

π̃CL*
i = arg max

πCL*
i

J̃CL
i , ∀i ∈ V\{0}. (23)

The following Theorem 2 states that the optimal policy
π̃CL*

i for the augmented state MDP M̃i is the same as the
optimal policy πCL*

i in (20) for our PC problem under delayed
observation.

Theorem 2: If the initial distributions of p(xi,0) and
p(SCL

i,0 ) satisfy

p
(
xi,0
) = p

(
SCL

i,0

)
EπCM EπCL

i

[
1
(
xi,0
)|SCL

i,0

]
(24)

we have

J̃CL
i = JCL

i , π̃CL*
i = πCL*

i (25)

The proof of Theorem 2 is given in Appendix B.
Based on Theorem 2, the optimal PC policy under delayed

observation πCL*
i can be derived by solving M̃i. For this

purpose, we apply the DDPG algorithm and the DPG for M̃i

is given in Lemma 1.
Lemma 1: The DPG for the augmented state MDP M̃i is

�θ
μ
i

JCL
i (μCL

i ) = E

[
�θ

μ
i

μCL
i

(
SCL

i,k |θμ
i

)

�aQCL
i

(
SCL

i,k , a|θQ
i

)
|a=μCL

i (SCL
i,k |θμ

i )

]
. (26)

The proof of Lemma 1 is straightforward as M̃i is an MDP
for which the DPG Theorem can be directly applied.

In order to sample the DPG in (26), we need to evaluate the
action-value function QCL

μθi
(SCL

i,k , aCL
i,k ) of the augmented state

MDP M̃i. Based on the following Bellman equation:

QCL
μθi

(
SCL

i,k , aCL
i,k

)
= Exi,k

[
RCL

i,k

(
xi,k, aCL

i,k

)
|SCL

i,k

]

+ γ ESCL
i,k+1

[
QCL

μθi

(
SCL

i,k+1, μθi(S
CL
i,k+1)

)
|SCL

i,k , aCL
i,k

]
(27)

the PC agent i can sample the undelayed reward RCL
i,k (xi,k, aCL

i,k )

and next state SCL
i,k+1 at control interval k, and calculate the

temporal-difference (TD) target as follows:

yi,k = RCL
i,k

(
xi,k, aCL

i,k

)
+ γ QCL

μθi

(
SCL

i,k+1, μθi(S
CL
i,k+1)

)
. (28)

Remark 2 (Assumption of Undelayed Reward): We assume
that there is no reward delay, i.e., the reward RCL

i,k (xi,k, aCL
i,k )

based on the current driving status xi,k is available to the PC
agent during training at each control interval k. This is possible
since learning can be performed in a simulator or a laboratory
in which the undelayed reward is available. After the agent
learns the PC policy, the reward is no longer needed during
execution when the undelayed reward is not available.

C. MTCC-PC Algorithm

Based on the above discussion, the MTCC-PC algorithm is
proposed. Each PC agent i adopts the DDPG algorithm given
in [61]. Specifically, DDPG develops both a pair of actor and
critic networks, i.e., μCL

i (SCL
i,k |θμ

i ) and QCL
i (SCL

i,k , aCL
i,k |θQ

i ), to
derive the optimal policy μCL*

i (SCL
i,k |θμ

i ) and the corresponding

action-value QCL*
i (SCL

i,k , aCL
i,k |θQ

i ), respectively. A copy of the
actor and critic networks are created as target networks,
i.e., μCL’

i (SCL
i,k |θμ′

i ) and QCL’
i (SCL

i,k , aCL
i,k |θQ′

i ), to calculate the
target values. To enable stable and robust learning, DDPG
uses experience replay, and the networks are updated using
minibatch samples from the experience buffer. During training,
the sampled DPG ascent on QCL

i (Si,k, μ
CL
i (Si,k|θμ

i )|θQ
i ) with

regard to θ
μ
i is used to train the actor network, and the critic

network is trained by minimizing the root mean square error
(RMSE) Li,k = yi,k − QCL

i (SCL
i,k , aCL

i,k |θQ
i ) using the sampled

gradient descent with respect to θ
Q
i . We refer the interested

readers to [61] for the details of the DDPG algorithm.
In the following Remarks 3 and 4, we highlight two

important design details of the MTCC-PC algorithm.
Remark 3 (Finite-Horizon Problem in DRL-Based PC):

The PC problem in Section III-A considers a finite horizon
with K control intervals. However, the optimal policies are
normally time dependent in a finite-horizon setting, while
DDPG is designed to solve the infinite-horizon or indefinite-
horizon problems, where the learned policy is the same for
every time step [21]. In order to deal with this problem, we set
the target values of DDPG in the last control interval K −1 to
be derived by (28) in the way as for the other control intervals,
i.e., the sum of the immediate reward and the discounted target
Q value of the next state instead of only the immediate reward
RCL

i,K−1(xi,K−1, aCL
i,K−1). Thus, the PC problem is transformed

from a finite horizon problem to an infinite horizon problem.
Remark 4 (Simulation of Delayed Environment When

Training MTCC-PC): The proposed MTCC-PC algorithm is
trained in a delayed environment generated by the simulation
of C-V2X communications with de facto RRA policy rather
than by a coarse-grained stochastic delay model. This is to
ensure the delay distribution in the training environment is the
same as that in the execution environment in practice.

VI. EXPERIMENTAL RESULTS

In this section, we design experiments to demonstrate that
the proposed MTCC-PC algorithm outperforms the state-of-
the-art communication-aware control, where the former is
trained by a delayed environment generated by the fine-grained
embedded simulation of C-V2X communications while the lat-
ter is trained by a simple stochastic delay model. Specifically,
the baseline algorithm is random delay-aware PC (RD-PC),
where the observation delay when training DRL-based PC
is assumed to follow uniform distribution within the delay
set {1, 2, 3, 4, 5}. In addition, to demonstrate that MTCC-
PC can improve the PC performance by augmenting the PC
state with action history, we design a baseline algorithm,
namely, PC without augmented state (PC_wo_AS), which is
the same as MTCC-PC except that the state only includes
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TABLE II
TECHNICAL CONSTRAINTS AND OPERATIONAL PARAMETERS

OF THE PC AND RRA ENVIRONMENT

the delayed observation of driving state xi,k−τi,k . MTCC-PC,
RD-PC, and PC_wo_AS are both trained for 10 000 episodes
and tested where C-V2X communications are implemented
with the random RRA policy. Therefore, the induced delay
distribution is the same for RD-PC, PC_wo_AS, and MTCC-
PC when evaluating their performance.

A. Experimental Setup

1) Driving Data for Leading Vehicle 0: All the DRL
algorithms are trained/tested where the velocity profile of
leading vehicle 0 is obtained from the open-source driving data
in [65]. Specifically, the driving data from the next generation
simulation (NGSIM) data set [66] was first obtained, based on
which the car-following events were extracted by applying a
car-following filter as described in [67]. In our experiments,
the velocity of the leading vehicle 0 in each control episode
follows the corresponding data of the leading vehicle in one
car-following event, so that the real-world PC environment
with uncertainty can be simulated. We used 900 car-following
events, 800 of which are used for training, and 100 for
testing.

2) Parameter Setting: The technical constraints and
operational parameters of the PC and RRA environment
are given in Table II. In general, the parameters of the PC
environment are determined mainly using the values reported
in [60] and the urban case defined in [41]. Each control episode

TABLE III
HYPER-PARAMETERS OF THE DRL ALGORITHMS FOR TRAINING

is comprised of 120 control intervals (i.e., K = 120), where
each control interval is set to T = 0.05 s [58], [68], [69].
As the number of vehicles simulated in the existing literature
on PC normally ranges from 3 to 8 [44], [45], [46], we
set the number of vehicles to N = 5. We initialize the
driving status for the platoon with 2-D positions {pV,i,0}N−1

0 =
{(416, 427.5), (399, 427.5), (383, 427.5), (366, 427.5), (350,

427.5)}, {vi,0}N−1
i=0 = {10, 10, 10, 10, 10} m/s, and

{acci,0}N−1
i=0 = {0, 0, 0, 0, 0} m/s2. Note that the 2-D positions

{pV,i,0}N−1
0 are used for RRA and the corresponding 1-D

positions {pi, 0}N−1
0 = {416, 399, 383, 366, 350} are used

for PC. For the V2I vehicles, we initialize them with
2-D positions {pI,i,0}1

0 = {(391, 434.75), (358, 434.75)} and
constant velocity 10 m/s. The nominal maximum control
errors in the reward function (18) are set to êp,max = 10 m
and êv,max = 10 m/s so that it is larger than most possible
control errors during training for all DRL algorithms. For the
parameter setting of the RRA environment, we mainly follow
the experimental setup in [35] for channel models of V2I
and V2V links. The bandwidth of each subchannel is set to
W = 180 kHz.

The main hyper-parameters for training are summarized
in Table III. The values of all the hyper-parameters were
selected by performing a grid search as in [70], using the
values reported in [61] as a reference. RD-PC, PC_wo_AS,
and MTCC-PC algorithms have the same network architecture
for DDPG, which has two hidden layers with 256 and 128
nodes, respectively. The sizes of input layer is decided by the
PF IFT. Moreover, an additional 1-D action input is fed to the
second hidden layer for each critic network. The soft target
update is implemented with a parameter of 0.001.

B. Performance Comparison of MTCC-PC, RD-PC, and
PC_wo_AS

1) Performance for Testing Data: The individual PC
performance of each follower i ∈ {1, 2, 3, 4} as well as the sum
PC performance of the four followers are reported in Table IV
for MTCC-PC, RD-PC, and PC_wo_AS, respectively. The
individual and the sum PC performance are obtained by
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TABLE IV
PC PERFORMANCE AFTER TRAINING WITH NGSIM DATA SET IN ONE ITERATION. WE PRESENT THE INDIVIDUAL PERFORMANCE OF EACH

FOLLOWER AS WELL AS THE SUM PC PERFORMANCE OF THE FOUR FOLLOWERS FOR MTCC-PC, RD-PC, AND PC_WO_AS, RESPECTIVELY

Fig. 5. Sum PC Performance during MTCC-PC, RD-PC, and PC_wo_AS
training in one iteration. The vertical axis corresponds to the average returns
over 10 test episodes. The dark curves correspond to smoothed curves and
the light color curves correspond to the original curves.

averaging the returns of the corresponding followers and
the sum returns of all followers, respectively, over 100 test
episodes after training is completed. Note that the return
is the cumulative PC reward given in (18) of one control
episode. Compared with RD-PC and PC_wo_AS, MTCC-PC
consistently shows better individual PC performance for each
follower i ∈ {1, 2, 3, 4}. Moreover, MTCC-PC outperforms
RD-PC by 51.76% in terms of the sum PC performance
of all followers. It demonstrates that training in a delayed
environment generated by embedded simulation of C-V2X
communications rather than by a simple stochastic delay
model can improve PC performance. In addition, MTCC-PC
outperforms PC_wo_AS by 46.46% in terms of the sum PC
performance of all followers, demonstrating that ensuring the
Markov property by augmenting the PC state with action
history can significantly improve the PC performance.

2) Convergence Properties: The sum PC performance of
MTCC-PC, RD-PC, and PC_wo_AS algorithms are evalu-
ated periodically during training by testing in a delayed
environment with fine-grained simulation of C-V2X com-
munications under random RRA policy. Specifically, we run
ten test episodes after every ten training episodes and aver-
age the sum PC performance over the ten test episodes as
the performance for the latest ten training episodes. The
performance as a function of the number of training episodes
for MTCC-PC, RD-PC, and PC_wo_AS is plotted in Fig. 5.
It can be observed from Fig. 5 that the performance of
MTCC-PC is consistently better than those of RD-PC and

PC_wo_AS during the whole training episode. In addition,
the performance curve of RD-PC exhibits significantly larger
oscillation during all the training episodes compared to that
of MTCC-PC, demonstrating that the convergence of RD-PC
is relatively unstable. Moreover, MTCC-PC has a significantly
higher convergence rate than RD-PC and PC_wo_AS, as the
performance of MTCC-PC converges at around 600 episodes,
while those of RD-PC and PC_wo_AS converge at around
8000 and 3000 episodes, respectively. As explained above,
MTCC-PC performs better than RD-PC since it is trained in
an environment whose delay distribution is identical to that of
the testing environment. Moreover, the faster and more stable
convergence of MTCC-PC over RD-PC is also attributed to
the fact that the observation delay in C-V2X communications
is correlated between adjacent control intervals, while those
generated by the uniform distribution are independent between
control intervals. In addition, MTCC-PC performs better than
PC_wo_AS since it ensures the Markov property of the
augmented PC state SCL

i,k .
3) Testing Results of One Episode: To further examine how

the performance improvement of MTCC-PC over the RD-
PC and PC_wo_AS algorithms in Table IV is reflected in the
physical system, we focus on a specific test episode with 120
time steps and plot the tracking errors epi,k and evi,k of each
follower i ∈ V\{0} as well as the acceleration acci,k and
control input aCL

i,k of each vehicle i ∈ V for all time steps
k ∈ {1, 2, . . . , 120}. The results for MTCC-PC, RD-PC, and
PC_wo_AS algorithms are shown in Fig. 6.

Fig. 6 shows that the performance differences among the
algorithms are manifested in the speed of convergence to
the steady state and the oscillations of the tracking errors,
acceleration, and control input. In general, the speed of
convergence to the steady state in RD-PC and PC_wo_AS for
all followers is significantly slower than those in MTCC-PC.
Also, the tracking errors, acceleration, and control input in
RD-PC and PC_wo_AS have larger oscillations than those in
MTCC-PC for all followers.

Specifically, epi,k for each follower i ∈ V\{0} in RD-PC
reduces to 0 m (at around k = 100) later than in MTCC-
PC (at around k = 70). It can be observed that there are
positive gap-keeping errors for followers 1 in PC_wo_AS
up to the end of the episode. The velocity error evi,k for
follower i in RD-PC has larger oscillations than those in
MTCC-PC, especially from k = 20 to k = 110. evi,k of
follower 1 in PC_wo_AS has a slower convergence speed
to 0 m than that in MTCC-PC. Regarding acci,k and aCL

i,k ,
the oscillations in RD-PC are larger than those in MTCC-PC
for all followers i, especially at k > 20. In addition, RD-
PC also has many more large jerks than MTCC-PC, which
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(a) (b) (c)

Fig. 6. Results of a specific test episode. The driving status epi,k , evi,k , and acci,k along with the control input aCL
i,k of each follower i are represented as

different curves, respectively. (a) MTCC-PC. (b) RD-PC. (c) PC_wo_AS.

greatly reduces driving comfort. PC_wo_AS also has larger
jerks than those of MTCC-PC, especially at the beginning of
the episode and at around k = 40. Although MTCC-PC has a
better performance compared to RD-PC and PC_wo_AS, there
are still many small jerks for aCL

i,k , especially for followers 1
and 2. This is because MTCC-PC is based on a random RRA
policy for C-V2X communications.

An important requirement for PC is to guarantee string
stability. When oscillations of the preceding vehicle are attenu-
ated by following vehicles upstream of the platoon, the platoon
is considered string stable. For example, as shown in Fig. 6(a),
the amplitudes of the oscillations in epi,k, evi,k, and acci,k

for each follower i ∈ V\{0} are smaller than those of their
respective predecessors i − 1 in MTCC-PC. The reduction in
oscillation amplitude demonstrates the string stability of the
platoon. The string stability of the platoon is not satisfactory
for RD-PC and PC_wo_AS in Fig. 6(b) and (c) since the
amplitudes of the oscillations in acci,k of RD-PC for follower
3 are larger than those for follower 2 at around k = 58, and
the amplitudes of the oscillations in acci,k of PC_wo_AS for
follower 1 are larger than those for leading vehicle 0 at around
k = 42. The reason why MTCC-PC performs better in terms
of string stability than RD-PC and PC_wo_AS is due to the
definition of the reward function RCL

i,k in (18). While the first,
second, and fourth terms in RCL

i,k aim to minimize the absolute
value of epi,k, evi,k, and acci,k, the third and fourth terms aim
to minimize the value of the control input aCL

i,k , which will
result in smaller oscillations of epi,k, evi,k, and acci,k. Since
MTCC-PC achieves better PC performance than RD-PC and
PC_wo_AS in terms of the expected cumulative reward JCL

i
in (19), it has a higher probability of satisfying the string
stability than RD-PC and PC_wo_AS.

VII. CONCLUSION

In this article, we have decomposed the MTCC problem
into a communication-aware DRL-based PC subproblem and a

control-aware DRL-based RRA subproblem. In order to solve
the PC subproblem, we have augmented the PC state space
with the observation delay and PC action history, and defined
the reward function for the augmented state to conceive the
augmented state MDP. We have proved that the optimal
policy for the MDP is also optimal for the PC problem
with observation delay. Finally, the experimental results have
demonstrated that:

1) training in a delayed environment generated by embed-
ded simulation of C-V2X communications in MTCC
rather than by a simple stochastic delay model can
improve PC performance, since the delay distribution
during training complies with that during execution in
practice;

2) the PC performance can be improved by augmenting
the state with the action history. In Part II of this two-
part paper, we will propose the MTCC-RRA algorithm
to learn the RRA policy and design a sample- and
computational-efficient training approach to jointly train
MTCC-PC and MTCC-RRA algorithms in an iterative
process.

APPENDIX A
PROOF OF THEOREM 1

First, we have

p(SCL
i,k+1|SCL

i,k , aCL
i,k )

= p

(
xi,k+1−τi,k+1 ,

{
aCL

i,k′
}k

k′=k+1−τmax
, τi,k+1|xi,k−τi,k

{
aCL

i,k′
}k−1

k′=k−τmax
, τi,k, aCL

i,k

)
. (29)

According to (13), we discuss the following two situations.
1) If τi,k+1 = τi,k + 1, we have xi,k+1−τi,k+1 = xi,k−τi,k .

Therefore

Authorized licensed use limited to: University of Waterloo. Downloaded on May 14,2024 at 01:43:48 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: MULTITIMESCALE CONTROL AND COMMUNICATIONS WITH DEEP REINFORCEMENT LEARNING—PART I 15399

p
(

SCL
i,k+1|SCL

i,k , aCL
i,k

)
(a)= p

(
τi,k+1|τi,k, xi,k−τi,k

)
1
{{

aCL
i,k′
}k

k′=k+1−τmax

=
{

aCL
i,k′
}k−1

k′=k+1−τmax
, aCL

i,k

}

= p
(
τi,k+1|τi,k, xi,k−τi,k

)
(30)

where the indicator function 1{X} is 1 when X is true and 0
otherwise. p(τi,k+1|τi,k, xi,k−τi,k) in (a) holds since the obser-
vation delay τi,k is derived from the queue length qCAM

i−1,(k−1,T)

according to (15), where qCAM
i−1,(k−1,T) is related to transmission

rate of V2V link i−1 according to (12), which further depends
on the observed driving status xi,k−τi,k .

2) If τi,k+1 = τi,k − d, 0 ≤ d ≤ τi,k − 1, we have

p
(

SCL
i,k+1|SCL

i,k , aCL
i,k

)

= p
(
τi,k+1|τi,k, xi,k−τi,k

)
1
{{

aCL
i,k′
}k

k′=k+1−τmax

=
{

aCL
i,k′
}k−1

k′=k+1−τmax
, aCL

i,k

}

p

(
xi,k+1−τi,k+1 |xi,k−τi,k ,

{
aCL

i,k′
}k−(τi,k+d+1)

k′=k−τi,k

)

(a)= p
(
τi,k+1|τi,k, xi,k−τi,k

)
∑

xi,k−τi,k ,...,xi,k−(τi,k−d+1)

{
p
(

xi,k−(τi,k+1)|xi,k−τi,k , aCL
i,k−τi,k

)

p
(

xi,k−(τi,k+2)|xi,k−(τi,k+1), aCL
i,k−(τi,k+1)

)
.

. . . p
(

xi,k−τi,k+1 |xi,k−(τi,k−d+1), aCL
i,k−(τi,k−d+1)

)}
(31)

where (a) holds since we approximately consider that the xi,k

at PC agent i is Markov and therefore the probability of mul-
tistep transition p(xi,k+1−τi,k+1 |xi,k−τi,k , {aCL

i,k′ }k−(τi,k+d+11)

k′=k−τi,k
) is

also independent of statue history {. . . xi,k−τi,k−1}. In summary,
the above derivation demonstrates that SCL

i,k+1 only depends on
the current state and action pair {SCL

i,k , aCL
i,k } but not the history

{. . . , SCL
i,k−1}. Therefore, the Markov property is proved for the

augmented state SCL
i,k .

APPENDIX B
PROOF OF THEOREM 2

According to (22), we have

J̃CL
i = EπCM EπCL

i

[
K−1∑
k=0

γ kR̃CL
i,k

]

= EπCM EπCL
i

[
K−1∑
k=0

γ kExi,k

[
RCL

i,k

(
xi,k, aCL

i,k

)
|SCL

i,k

]]

= EπCM EπCL
i

⎡
⎣K−1∑

k=0

γ k
∑
xi,k

p
(

xi,k|SCL
i,k

)[
RCL

i,k

(
xi,k, aCL

i,k

)]⎤⎦.

(32)

In order to prove that J̃CL
i = JCL

i , and according to the
definition JCL

i in (19), we must prove that

EπCMEπCL
i

⎡
⎣K−1∑

k=0

γ k
∑
xi,k

p
(

xi,k|SCL
i,k

)[
RCL

i,k

(
xi,k, aCL

i,k

)]⎤⎦

= EπCM EπCL
i

[
K−1∑
k=0

γ kRCL
i,k

(
xi,k, aCL

i,k

)]
. (33)

Since both sides of (33) calculate the expected sum of
undelayed reward RCL

i,k (xi,k, aCL
i,k ) between control intervals

[0, K −1], the equation holds if the probability distributions of
the trajectories (xi,0, aCL

i,0 , . . . , xi,K−1, aCL
i,K−1) are the same on

both sides of (33). Since both sides follow the same PC policy
πCL

i and RRA policy πCM, we only need to make sure that the
distributions of the initial state xi,0 are the same on both sides.
Note that the distribution of xi,0 on the LHS of (33) depends
on Si,0, i.e., xi,−τi,0 before control interval 0. Therefore, given
the distribution of xi,0, i.e., p(xi,0) on the RHS of (33), if the
distribution of Si,0, i.e., p(SCL

i,0 ) satisfies (24) in Theorem 2, the
resultant distribution of xi,0 on the LHS of (33) is the same
as that on the RHS.

Since we have proved that J̃CL
i = JCL

i , it is obvious that
π̃CL*

i = πCL*
i according to (20) and (23).
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