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Abstract—Ultra reliable low latency communication (URLLC)
in vehicular networks is crucial for safety-related vehicular ap-
plications. Mini-slot with a short packet that carries only a few
symbols is used to reduce the transmission time interval and en-
able quick scheduling for URLLC that requires extremely low
latency. However, a single air interface transmission of URLLC
packets may fail due to the high mobility of vehicles. Leveraging
multi-connectivity technologies, the real-time reliability of URLLC
can be greatly enhanced without relying on packet retransmission.
In this paper, we propose a multi-connectivity URLLC downlink
transmission scheme for vehicular networks, where the URLLC
packet is duplicated and transmitted over multiple independent
wireless links to improve packet reliability. Specifically, we de-
sign a multi-agent cooperative deep reinforcement learning algo-
rithm, called transformer associated proximal policy optimization
(TAPPO), to achieve real-time robust power allocation for multi-
connectivity URLLC with imperfect channel state information
(CSI). The transformer neural network architecture is employed
to share the information among multiple links serving the same
URLLC user and choose appropriate transmit powers, enabling
cooperation to ensure reliability while minimizing inter-cell in-
terference and energy consumption. Extensive simulation results
validate the effectiveness of multi-connectivity packet duplication
for URLLC and proposed TAPPO for power allocation.

Index Terms—URLLC, multi-connectivity, vehicular networks,
deep reinforcement learning, transformer.
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1. INTRODUCTION

LTRA reliable low latency communication (URLLC) is a
key technology for enabling safer and smarter transporta-
tion systems through vehicular networks [1], [2]. To enhance the
road safety of autonomous driving, vehicles need to receive both
environment and control information from vehicular networks
with high quality-of-service (QoS) [3], [4], [5]. The environment
information mainly comprises high-definition maps and beyond-
visual range sensing data, which enable vehicles to respond
quickly and accurately to dynamic situations. Its communica-
tion is latency-sensitive because the environment information
has a short validity period due to the high variability of the
environment. Furthermore, the control information from the
central controller of the intelligent transport system is extremely
crucial for safe driving. The control information needs to be
delivered to the vehicle with high reliability and low latency,
leading to a thirst for URLLC. In addition, URLLC is widely
needed as it enables new services and applications that can
improve productivity, safety, efficiency, and user experience.
In this regard, 3GPP defines URLLC as a case for the 5G
communication system with reliability criteria of 1075 packet
loss rate and user plane latency of less than 1 millisecond [6].
However, the high-speed mobility of vehicles introduces chal-
lenges for achieving reliable and timely data transmission in
dynamic and complex traffic scenarios. The requirements for
URLLC can be divided into two aspects: latency and reliability.
[7]. To achieve millisecond-level latency, the transmit time inter-
val (TTI) is further subdivided into mini-slots, and the URLLC
packets are downsized [8]. This reduces the delay caused by
air interface transmission and enables more rapid and flexible
scheduling at base stations. Moreover, to improve communica-
tion reliability, wireless networks can use redundancy to trade
reliability by transmitting the URLLC packet more than once
[9]. However, if these transmissions are scheduled sequentially
in time, they will incur inherent time delays, resulting in an air
interface delay of more than one TTL
Multi-connectivity is envisioned as a promising solution for
URLLC applications, since single-link transmissions may fail,
especially for transmitting short blocklength packets over high
dynamic vehicular channels with Doppler effect and unpre-
dictable short timeslot interference [10], [11], [12], [13]. With
the emergence of the cloud radio access network (C-RAN), the
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baseband unit (BBU) pool can synchronously control multi-
ple remote radio heads (RRHs), allowing for coordinated and
cooperative tasks between RRHs, such as multi-connectivity
[14]. To this end, we propose to use multi-connectivity to
transmit the same URLLC packet simultaneously on different
independent wireless links to the URLLC user in one mini-slot,
without increasing the air interface delay beyond one TTIL.
Multi-connectivity with packet duplication enhances the real-
time reliability of URLLC by exploiting the synergy of multiple
independent wireless links, since the packet is received if any
of these replicas from multiple links are decoded successfully,
rather than depending on a single link for reliability [15], [16].

Power allocation is a crucial issue for multi-connectivity
URLLC in a complex multi-cellular multi-user vehicular net-
work system, which is also challenging because it is difficult
to get perfect channel state information (CSI) from accurate
channel measurements in high speed motion environments [17].
The URLLC transmission link requires a high signal-to-noise
ratio (SNR) to meet its stringent quality-of-service (QoS) re-
quirement. However, simply increasing transmit powers will
cause many problems, such as high inter-cell interference and
excessive power consumption, especially in the case of multi-
connectivity [18], [19]. Therefore, the power allocation should
ensure the URLLC reliability requirements while minimizing
inter-cell interference and energy consumption. By using smart
power allocation algorithms, the efficiency and reliability of
communication systems can be enhanced. However, traditional
optimization-based algorithms are not suitable for this problem,
as they need to solve a non-convex problem for each mini-slot,
resulting in a very high processing cost that cannot be done in
real time [20]. On the other hand, although deep learning can
make decisions quickly, it is hard to adapt to dynamic active user
amounts caused by dynamic URLLC packet arrival. Most of the
neural network architectures require a fixed input and output
size, which is incompatible with dynamic active user amount
that changes the input dimension of environment observations
and output dimension of power allocation actions over time [21].
Therefore, the power allocation problem for multi-connective
URLLC in vehicular networks needs an effective approach that
can be accomplished in real-time and adopts dynamic active
users. To this end, we propose a cooperative multi-agent deep
reinforcement learning (DRL) framework for multi-connectivity
URLLC power allocation.

In this paper, we present a novel multi-connectivity scheme
for downlink URLLC transmission in vehicular networks, along
with a robust power allocation approach based on a cooperative
multi-agent DRL algorithm. Specifically, we consider a dynamic
multi-cellular multi-user vehicular network downlink scenario
where the communication resources are shared by both URLLC
and latency-sensitive services. Our multi-connectivity scheme
employs the non-coherent transmission, which duplicates the
URLLC packet and transmits its replicas over multiple in-
dependent links simultaneously to the same URLLC user. In
this case, the URLLC packet transmission fails only if all the
independent links fail. We quantify the reliability of each link
with the reliability definition for the short blocklength regime. To
leverage the fast computation of neural networks, we formulate
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the power allocation problem for multi-connectivity URLLC
as a multi-agent DRL framework with a variable number of
agents, where each link acts as an agent, so that it can adopt the
dynamic link amount. To achieve cooperation among multiple
URLLC links, we use the transformer neural network architec-
ture to enable information sharing among related agents and
design a reward function that aligns with the common goal
of all agents. Furthermore, we demonstrate the improvement
of multi-connectivity for URLLC and the effectiveness of our
algorithm through extensive simulations. We summarize the
three main contributions of this paper as the following:

® We investigate the multi-connectivity transmission scheme

for downlink URLLC transmission in vehicular networks,
in which the URLLC packet is duplicated, and its replicas
are transmitted over multiple independent wireless links
simultaneously. The URLLC packet latency is reduced by
using mini-slot, and the real-time reliability is enhanced by
redundant transmission in one TTIL.

e We formulate the power allocation problem for multi-

connectivity downlink URLLC in vehicular networks as
a multi-agent DRL problem, where each URLLC link is
regarded as an agent. The number of agents can be varied
in each step to accommodate dynamic network users, and
transmit powers are computed in parallel using the fast
forward propagation of neural networks.

® We design a cooperative multi-agent DRL algorithm,

named transformer associated proximal policy optimiza-
tion (TAPPO), for robust power allocation with imperfect
CSI. The transformer associates the links that transmit the
same URLLC packet to the same user, enabling cooperative
actions by information sharing. In addition, we utilize a
Gaussian random sampling process to implement fuzzy
action decisions to improve algorithm robustness. Further-
more, a common reward is assigned to all agents to avoid
detrimental competition.

The rest of this paper is structured as follows. Section II
reviews the related works on URLLC and DRL. Section III
describes the system model of multi-connectivity URLLC in
vehicular networks. The DRL structure and the proposed TAPPO
algorithm are presented in Sections IV and V, respectively.
Section VI shows the simulation results, and Section VII con-
cludes this work.

II. RELATE WORK

For the intelligent transportation system (ITS), the control
center needs to accurately monitor the traffic status and schedule
itinreal time, and the vehicles also need to share timely informa-
tion through vehicular networks in order to drive autonomously
and avoid dangerous [22], [23], [24]. Many of these applications
need reliable and timely data transmission, but URLLC is a
key challenge in vehicular networks. As a result, URLLC draws
considerable interest from both academic and industrial sectors
[25], [26]. In general, communication resources are limited and
crucial for meeting the extreme requirements of URLLC, so
accurate communication modeling and tailored system design
are essential [27]. Traditionally, the reliability of URLLC is
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measured by the SNR with a basic assumption that the packets
are transmitted successfully if Shannon’ s capacity is above
a required data rate, and otherwise, the transmission fails if
the SNR is below the threshold [28]. However, this assump-
tion does not hold for the short packets in URLLC as the
decoding error probability should be taken into account [29],
[30]. In the short blocklength regime, the achievable rate and
the decoding error probability may be underestimated if the
Shannon’s capacity is directly applied. Recently, many works
have been carried out with the decoding error probability in the
short blocklength regime [31]. For example, a bipartite graph
and a non-cooperative game are used to jointly optimize the
power consumption and the network stability in a mobile edge
computing vehicular network with inter-cell interference [32].
To reduce computational overhead, a deep learning framework
is developed as an approximate optimal resource allocation
strategy for various QoS requirements, including URLLC, in
cellular networks, where the total power consumption of the
base stations is minimized by optimizing transmit power and
bandwidth [20]. Besides, network slicing for enhanced mobile
broadband (eMBB) and URLLC is enabled by a mini-slot based
transmission with punctured scheduling techniques, and a hier-
archical deep learning framework is designed to solve the slicing
problem while addressing the traffic dynamics [33].

Multi-connectivity with packet duplication is a promising
technique to enhance the reliability of URLLC in vehicular
networks [34]. The basic idea of packet duplication is to create
multiple copies of a packet and send them simultaneously over
multiple independent channels. It is demonstrated that redun-
dancy transmission with packet duplication makes it possible to
simultaneously satisfy the latency and reliability requirements
without increasing the complexity of the radio access network
of C-RAN [9]. In addition to URLLC, packet duplication can
also be used with dynamic control to improve transmission ro-
bustness during mobility and radio link failures. The expression
for the probability that multi-connectivity meets the reliability
demand of the URLLC user is derived and a low-complexity
algorithm is proposed to jointly select the coding scheme, the
modulation, and the set of cooperating base stations [35]. The
study of a framework that leverages multi-connectivity to in-
crease the maximum communication distance while satisfying
the network availability requirement is conducted, in which each
packet is transmitted by both device-to-device and cellular links
[15].

Deep learning approaches have been viewed as promising
methods of creating enabling technologies for URLLC in up-
coming networks [31]. Long short-term memory (LSTM) net-
work is a model that can capture features in sequential data,
where the current output is influenced by the information of
previous inputs [36]. A multi-agent DRL algorithm with a se-
quential actor-critic model is proposed to optimize the delay and
reliability satisfaction packets in the multi-connectivity cellular
network, by making packet duplication decisions according to
the observations of the communication environment, such as
load, channel state, and interference [37]. Moreover, since the
LSTM can only pass information in one direction, the stacked
bidirectional LSTM model is developed to allow the neural
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network to capture the bidirectional information. It can serve
as an effective supervised deep learning approach to forecast
data traffic on a large timescale from traffic patterns and then
allocate resources to radio access network slices [38]. Further-
more, attention mechanisms have been widely used to perform
various machine learning tasks due to their adaptability and
effectiveness in modeling dependencies. The transformer is a
powerful neural network architecture that can share information
and capture correlations between data blocks [39]. A DRL-based
algorithm with the transformer as its backbone is proposed to
optimize the QoS of video followers and the energy efficiency
by jointly performing uplink transmission and edge transcoding
[40]. Besides, some multi-agent DRL based on deep determinis-
tic policy gradient (DDPG) is studied for power allocation tasks
with continuous action space, however, their robustness under
imperfect CSI conditions may be limited [41], [42].

III. SYSTEM MODEL

This section introduces the system model, channel model,
and communication model of both latency-sensitive service and
multi-connectivity URLLC service.

A. System Model

We consider a multi-connectivity aided orthogonal frequency
division multiple access (OFDMA) downlink vehicular net-
work system with C-RAN architecture, where each user (UE)
can connect to one or more RRHs with multiple independent
wireless links to receive data packets simultaneously. Note that
a wireless link among multi-connectivity of the same UE is
defined as a connection between the UE and an RRH on a
sub-carrier. We apply the non-coherent transmission technology
for multi-connectivity, which allows these links of the same
UE to use different frequency sub-carriers and to transmit any
data packet at any time independently of the other links. In
other words, the multi-connectivity links of the same UE are
physically uncorrelated and independent of each other in the
radio access network. In our model, we consider two specialized
QoS services required by vehicular network UEs, including
latency-sensitive service and URLLC service, and UEs may
require these two services simultaneously. For latency-sensitive
services, a maximum air interface transmission delay should be
satisfied. For URLLC services, packets should be transmitted
within one mini-slot immediately after arrival, to avoid the
queuing delay and the transmission reliability probability should
be higher than a required threshold, such as 99.999%.

The system model is illustrated in Fig. 1, where there are
B RRHs serving K UEs with the ability of multi-connectivity.
The latency-sensitive packet is transmitted over a single link
until the packet transmission is completed and is not affected by
the mini-slot concept. The URLLC packet is transmitted over
multiple links using different sub-carriers simultaneously and
independently to enhance the packet reliability within one mini-
slot TTI. For each downlink connection link, we can divide all
RRHs into two types based on whether they serve this UE or
not: the transmission RRH and the interference RRH set B'.
The UE may receive inter-cell interference if the RRHs in B! are
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System model.

serving other UEs on the same frequency sub-carrier. Therefore,
allocating suitable transmit powers for wireless links to mitigate
inter-cell interference is crucial for meeting stringent URLLC
QoS requirements.

B. Channel Model

The downlink channel is a multiple input single output
(MISO) channel, where the RRH has N+ transmit antennas
and the vehicle has a single receive antenna. The duration of
one mini-slot TTI and the bandwidth of each subcarrier in the
OFDMA system are denoted by 7 and W, respectively. The
noise power on each subcarrier is 0. The channels are block
fading in both frequency and time domains. Each RRH has
N¢ sub-carriers in total, and all RRHs are using the same
frequency range. We assume the channel state information (CSI)
is imperfectly estimated and the maximum ratio transmission
(MRT) is applied for precoding at RRH based on the estimated
CSIL

Due to the high mobility of vehicles, the Doppler shift greatly
influences the small scale fading of vehicular channels. More-
over, the CSI of high dynamic vehicular channels is obtained
with latency due to the channel estimation process. Therefore,
for the channel estimation model, we assume the RRH can only
obtain the estimated small scale fading, fl, with the error e,
which are both independent identically distributed and subject
to CN(0, 1). The small scale fading of the vehicular channel is
modeled with the first-order Gauss-Markov process, and the real
small scale fading of the vehicular channel can be represented
as [17], [43], [44],

h = /3?h+/1— B, )

where 3 € [0, 1] is the channel estimation error coefficient that
indicates the estimation accuracy. Specifically, 8 = 1 represents
a perfect channel estimation case and 8 = 0 represents a case
in which there is no information about the channel CSI. Based
on the Jakes statistical model for fading channel, the channel
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estimation error coefficient is given as,

B = Jo(2mfpT), @)

where T is the channel feedback latency, fp = v f./v. denotes
the maximum Doppler frequency with v as the vehicle speed, f.
as the carrier frequency and v, = 3 x 10% m/s as the speed of
the light. Jo(-) represents the zero-order Bessel function of the
first kind and is defined as,

S ()1 oy
Jo(x) = Z m (5) . (3

q=0

We apply the MRT for the preceding based on the estimated
small scale fading h. The precoding weights at the b-th RRH for
the k-th UE on the n-th subcarrier are calculated as,

@by,
/@b b bnll2

where hj, s the conjugate transpose of hy ., and

[+ /ak7b,nﬁ;€7b7n| |2 is the 2-norm of /ak7b)nﬁk7b7n.
In our vehicular network model, the useful received signal
power ¥y p n at the k-th UE from the b-th RRH on the n-th

subcarrier can be represented as,

Wi bn 4

)5

2
Yebon = Qbn Nk b Wi b | Prpons ©)

where a5, is the large scale channel gain, hy, 3, ,, € CNT is the
channel coefficient, wg ; , € CNT is the precoding weights for
N transmit antennas at RRH, and Py, ;, ,, is the transmit power.
The interference received signal power at the k-th UE on the
n-th sub-carrier is,

2
Ve = Dk |0k 10 W] * P prn, (6)
leBt

where a5, and hy, ; ,, are the large scale channel gain and the
channel coefficient from the [-th interference RRH to the k-th
UE on the n-th subcarrier, respectively. w; ,, and P, ,, are the
precoding weights and the transmit power at the [-th interference
RRH on the n-th subcarrier, respectively. p;, is the binary
spectrum allocation indicator with p;,, = 1 implying the [-th
interference RRH is serving another UE on the n-th subcarrier
and p; , = 0 otherwise.

C. Latency-Sensitive Service

The latency-sensitive service is used for transmitting the
environment information of vehicles. The more comprehensive
and real-time environmental information available, the more
rational and safe driving decisions can be made by intelligent
vehicles. Therefore, all vehicles are eager for more real-time
environmental information, and we assume the latency-sensitive
data packets are consecutive and continuous.

The latency-sensitive service uses the traditional single-
connectivity method. The transmission rate of a single latency-
sensitive service link between the k-th UE and the b-th RRH at
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time ¢ is measured by the Shannon’s capacity, which is given by,

Yk,b,n > ’ %

Yk,n + 02

Ny

ca’lﬁ: z:Wlog2 (1 +
n=1

where y. p., is the received signal at the k-th UE from the b-th

RRH on the n-th subcarrier, IV, ,f is the number of sub-carriers

allocated to the k-th UE. We mathematically model the latency

requirement of each latency-sensitive packet as,

Tk b L t
{ Crlp = ak b (8)
Tk,b S Tmaxa

where aﬁ » 1s the packet length, T}, 5, is the time length used for
the packet transmission and 71« is the expected maximum air
interface transmission delay.

D. URLLC Service with Multi-Connectivity

The URLLC service transmits the control and emergency
information that requires ultra reliability and low latency. The
packetarrival process of URLLC packets of a UE can be modeled
as a Bernoulli process [45]. To minimize the delay caused by the
long frame structure, we divide the time resources into mini-slots
and shorten the data packet length to fit the mini-slot. These
mini-slots reduce the air interface delays and enable a more
flexible scheduling mechanism with lower scheduling delays.

In wireless connections for URLLC packet transmission,
transmission reliability must be taken into account in addition to
the transmission rate. URLLC packets are typically small (e.g.,
32 bytes) and use short blocklength channel coding to meet the
mini-slot requirement. However, the decoding errors in small
packets cannot be ignored, and Shannon’ s capacity alone is
not sufficient to evaluate their transmission reliability. Based on
the Normal Approximation of the achievable rate in the short
blocklength regime [46], [47], the achievable rate of the MISO
channel can be approximated by,

W Yk,b,n

U

~ — 1 1 6 n 9
c an{n( +7kn+02) \ QG kb,

)
where y1. p, 1s the received signal at the k-th UE from the b-th
RRH on the n-th subcarrier, 7y ,, is the interference signal at
the k-th UE on the n-th subcarrier, 7 is the data transmission
duration, dy, p», is the decoding error probability, €2 is the channel
dispersion that quantifies how much the channel varies randomly
compared to a fixed channel with the same capacity [48], which
is given by,

1

Yk,b, 2
( + Vie,n +<T )
Note that € is accurately approximated to 1 when the SNR is
higher than 5 dB and this approximate condition can easily be

achieved in cellular networks, especially for URLLC service
[29]. Q¢ () is the Gaussian Q-function defined as,

) /OC L
xr) = —c 2 .
z V2

Q=1- (10)

Y
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Then, the decoding error probability of a URLLC transmission
packet between the k-th UE from the b-th RRH on the n-th

subcarrier can be derived as,
a?,n2
Okpn = Qa {\/TW [Zn (1 + 7:7/:’1”02) - ]z_l;/v ] } ,
12)
where ag’ , 1s the packet length of the URLLC packet.

We employ packet duplication for multi-connectivity
URLLC, in which a URLLC packet is duplicated and simultane-
ously transmitted to the UE over multiple independent wireless
links of different sub-carriers within the same mini-slot [11].
The rationale behind packet duplication is to trade off delay
and reliability by exploiting transmission redundancy. In packet
duplication multi-connectivity URLLC, the URLLC packet is
only lost if all the transmissions on different links fail concur-
rently. Since the decoding failure of each link is an independent
and unrelated event, the transmission failure probability of a

URLLC packet with packet duplication multi-connectivity can
be derived as [9],

My
A= ] 67 n: (13)
m=1
where MU is the number of links that are used to transmit a
URLLC packet simultaneously for k-th UE, 3%, |, is transmis-
sion failure probability of the m-th link of the k-th UE. Finally,
the reliability of the k-th URLLC UE with multi-connectivity
can be expressed by,

Up = —logio(Ak).

In this expression, { is a positive number that means how many
“9” are there in the reliability percentage, for example, U = 5
representing 99.999% reliability of a URLLC packet.

(14)

IV. DEEP REINFORCEMENT LEARNING FRAMEWORK AND
PROBLEM FORMULATION

In this section, we explain how to formulate the problem of
power allocation for multi-connectivity URLLC in vehicular
networks using a DRL framework. We also provide a detailed
description of the key elements of our DRL framework.

The structure of our DRL framework for power allocation
of multi-connectivity URLLC is illustrated in Fig. 2. It mainly
comprises five components: environment, agent observation
state, agent action, reward, and memory. The environment is
a simulator of a physical world communication system that in-
cludes latency-sensitive service and URLLC service. The packet
arrival of URLLC is dynamic, which leads to a dynamic number
of active URLLC links in each time slot. However, conventional
DRL requires fixed input and output sizes and cannot adapt to
the state and action space dynamics. Therefore, we address the
challenge by converting it into a multi-agent DRL problem,
where each active URLLC link is treated as an agent with a
fixed state and action space. All agents have the same state and
action space, and the number of agents in the environment at
each time slot matches the number of URLLC links. In this
way, dynamic changes in the number of active URLLC links
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Fig. 2.  Deep reinforcement learning framework.

only influence the number of agents in the environment, and do
not require changing the state and action space. Note that all
the agents share the same neural network parameters as their
brains. The parameters of both actor and critic neural networks
are periodically updated with the memory data.

A. Environment

The environment of our DRL framework comprises five
components: RRHs, vehicular network UEs, wireless channels,
central controller, and reward manager. The RRHs and vehicular
network UEs are located on the map according to the simulation
settings, and their channels are generated based on their positions
and channel models. The environment is a time-discrete simu-
lator, and it is updated every mini-slot. At first, the central con-
troller located at the BBU pool of C-RAN receives and updates
the transmission demands of both latency-sensitive and URLLC
packets. For the latency-sensitive packet, the controller selects a
sub-carrier with the highest channel gain to start the transmission
and keeps the same sub-carrier and transmitting power until this
packet is successfully transmitted. For the URLLC packet, the
controller chooses multiple independent sub-carriers with the
highest channel gains from all the available sub-carriers to es-
tablish multi-connectivity. Note that with the help of the C-RAN
architecture and the BBU pool scheduling, multiple URLLC
links of a UE at the same mini-slot can be connected to one or
more RRHs. These multi-connectivity URLLC links transmit
the replicas of one packet to the target UE with the transmit
power determined by the proposed DRL algorithm. Then, the
transmission is simulated with the MRT precoding based on
the estimated channel CSI. Finally, the reward manager gives
the reward for the current mini-slot based on the consideration
of three aspects: latency-sensitive packet delay, URLLC packet
reliability, and transmit power.

B. Agent Observation State

The environment has many active URLLC links in every mini-
slot. Each URLLC link observes the environment independently.
Each URLLC link observation comprises three components:
the channel estimation error coefficient 5 of the URLLC link
channel, the channel gains for the sub-carriers operating on the

same frequency of all RRHs, and the transmission demands for
the sub-carriers operating on the same frequency of all RRHs.

Suppose that the j-th URLLC link is serving the k-th UE with
the serving RRH on its n-th frequency sub-carrier. The channel
estimation error coefficient of the j-th URLLC link is denoted as
f3;. The state of the b-th RRH is denoted as sy, = {gk,b,n, db,n }»
where gy 4 », 1S the channel gain from the b-th RRH to the k-th UE
on the n-th frequency sub-carrier, dp,, is URLLC transmitting
packet length of the b-th RRH on the n-th frequency sub-carrier.
Note that if the n-th sub-carrier of the b-th RRH is vacant, g, ; »
and dy,, are both set to 0. If n-th sub-carrier of b-th RRH is used
for latency-sensitive service, gy, »,», is the channel gain and dy, , is
set to 0. Otherwise, gy p.», and d, ,, are their normal values. With
the above definitions, the observation state of the j-th URLLC
link is a combination of s, ,, of all RRHs and §3; as,

Sj = {8177“...781,7”7...7San,ﬁj}. (15)

The dimension of one URLLC link state S is 2B + 1. Then,
sp,n in S; will be ordered by their distance between the b-th
RRH and the j-th URLLC link serving RRH from smallest to
largest. So that the sy, ,, of the j-th URLLC link serving RRH is
always fixed at the first position observation vector. Finally, the
environment states at time ¢ is given as,

St == {Sl,...,Sjw..,S.]}, (16)

which is a combination of all the observations of active URLLC
links.

C. Action

The actions of agents are the URLLC link transmit powers.
The action of the j-th URLLC link is in one dimension and de-
noted as a;, representing its transmit power at the serving RRH.
Since the transmitting power is limited by the physical world, a;
is a continuous variable within the range, a; € [a™", a™]. All
the agents calculate their actions simultaneously with the same
policy 7 based on their observation states. The total actions at
time ¢ can be denoted as,

Ay ={aq, ... (17)

e G}

which is acombination of all transmit power of all active URLLC
links.
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D. Reward and Problem Formulation

The flexibility of the DRL reward makes it effective in ad-
dressing problems with complex objectives. When the designed
reward aligns with the desired objectives, the performance of
the communication system can be enhanced. In our multi-agent
DRL framework, to encourage agents to cooperate effectively
rather than engage in a harmful competition situation, we let all
agents share the same reward which indicates the overall perfor-
mance of the communication system. In this way, when choosing
actions, the agents have to take into account their impacts on
other agents as well as the performance of the whole system.
Therefore, the agents need to learn a cooperative policy that not
only satisfies their own QoS requirements but also reduces the
interference to others, leading to the optimal resource allocation
solution of the vehicular network communication system.

In the power allocation problem of multi-connectivity
URLLC links, our objective consists of three components:
maximizing the QoS guarantee rate of the multi-connectivity
URLLC packet reliability, minimizing the air interface delay of
the latency-sensitive packet, and minimizing the total URLLC
transmit energy. Each of these components is represented by a
sub-reward that is mathematically expressed by a linear piece-
wise function, f(-), with its maximum value normalized to 1.
The reward of the k-th URLLC UE at time ¢ is denoted as Ry, . It
is used to ensure that the multi-connectivity URLLC reliabﬂity
U, ), is greater than 5 (representing 99.999% in percentage)
but not too much since redundant reliability leads to wasted
communication resources. The function RE v = YUy p) is an
increasing and then decreasing function, and it reaches the
maximum reward 1 when U j, = 6. For all URLLC UEs at time
t, the average reward about URLLC packet reliability is given
by,

KU
__ 1 t
RY = —=5 > [ th), (18)

k=1

where K is the total number of URLLC UE at time ¢. The
reward of the k-th latency-sensitive UE at time ¢ is denoted as
R,I; «» and it is a function of the air interface packet delay T3 .
The function R{jk = fL(T; 1) assigns a reward of 1 when T}
is less than 1 ms, and then it decreases as T} j, increases. For
all latency-sensitive UEs at time ¢, the average reward about
latency-sensitive packet delay is given by,

Ky

% ZfL(TtA,k)a

k=1

RF = (19)

where K} is the total number of latency-sensitive UEs at time
t. The reward of the j-th URLLC link’s transmit power at time
t is denoted as RE ;- Itis used to encourage URLLC links not
to choose extremely high transmit powers, which may lead to
high energy consumption and high inter-cell interference. The
function R;; = f¥ (ar,;) assigns a reward of 1 when a; ; is less
than a transmit power threshold, and then it decreases as a; ;
increases. The average reward about all URLLC link transmit
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powers at time ¢ is given by,

Je

— 1
R = > f7(asy),

Jj=1

(20)

where J; is the total number of active URLLC links at time ¢.
The total reward at time ¢ is a weighted sum of the above three
sub-rewards, and it is calculated as,

Ri = AuRY + ArLRF + ApRP, 1)

where Ay, A, and Ap are the weights of each sub-reward,
respectively. Finally, the problem is formulated by designing the
reward function R, and the goal of the solution is to maximize
the total reward.

V. MULTI-AGENT COOPERATIVE DRL

This section introduces the TAPPO algorithm for power allo-
cation. We first describe the design rationale and neural network
model structure of TAPPO, which enables cooperation among
multiple agents. Then, we explain how to train the model using
the proximal policy optimization (PPO) algorithm, a reinforce-
ment learning technique.

A. Cooperative Mechanism of TAPPO

Our algorithm enables two levels of cooperation among multi-
ple agents: global and partial. Global cooperation reduces inter-
cell interference by sharing a common reward among all agents.
This cooperation is between all agents and is achieved by encour-
aging all URLLC links to choose a lower transmit power. Partial
cooperation enhances the reliability of each multi-connective
URLLC packet by allowing agents serving the same UE to form
asmall group and exchange information while making decisions.
This cooperation is achieved by the sophisticated transmit power
balancing within each group of agents for the same URLLC UE.

The reliability of a URLLC packet transmitted over multiple
links depends on the synergy of these links, which cooperate to
meet the URLLC QoS requirement. Therefore, itis not necessary
for each link to achieve the QoS individually, but rather to
coordinate with each other. For instance, if one link experiences
a poor channel condition, increasing its transmit power may not
improve its reliability, but may increase the power consumption
at the RRH and the inter-cell interference. However, if the link
shares its state information with other links serving the same
UE, those links can adjust their transmit powers cooperatively,
such as lowering the power for bad channels and raising the
power for good channels. Without state information sharing,
these links can only assume that the other links have average
channel conditions. Hence, information sharing is crucial for
enabling sophisticated cooperation among these links to ensure
reliability while saving energy.

Fig. 3 shows the neural network model of the TAPPO, which
uses a transformer encoder layer to share information among
the URLLC links of the same UE. The transformer’ s key mech-
anism is the multi-head attention based on self-attention. This
mechanism can determine the importance of each component
of the input vectors and direct the neural network to focus
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Fig. 3. Neural network model of TAPPO.

on the critical component when creating the output vectors. It
is an effective method for extracting features and transferring
information between modular data vectors. Therefore, the trans-
former is suitable for information sharing among agents because
it can aggregate and exchange information between two agents
within the group.

The process of power allocation with TAPPO is given in
Algorithm 1. At first, for all the active URLLC links, the links
that are serving the same UE are combined into a group. Then,
we apply the TAPPO model to each group of URLLC links. The
mathematical computation process of TAPPO is given below for
a group of URLLC links as an example. We assume that there are
M links serving a multi-connectivity URLLC UE in total and
denote each of the URLLC link states as a data vector, S;,,. They
are first encoded by a multi-layer perceptron (MLP) separately
and identically,

Ep = (Spwh + 2Ywi 4+ 22, m € {1,..., M}, (22)
where w}, 2%, w3, 2% are deep neural network parameters. Then,
the input of the transformer is obtained by grouping vectors
E,, into a matrix, F = [FEy; Es; ...; Ep]. The first part of the
transformer is a self-attention layer, which initializes with 3
weight matrices wy, wy, w, as its neural network parameters.
In the first step of self-attention calculation, three matrices are
obtained by respectively multiplying the input matrix with three
weight matrices as,

Q = Fwg,
K = Fwy, (23)
V = Fw,,

where ), K, and V represent the query, the key, and the value
of the self-attention layer. Then, the outputs of the self-attention
layer are obtained as,

T
T(Q, K,V) = softmax (QK ) V, (24)

Vi
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where dy is the column number of @) and K, softmax(-) is an
activation function that turns a vector into another same-size
vector with the values of vector elements summing to 1. The
self-attention layer is further refined by adding the multi-headed
attention mechanism, which enhances the model’s ability to
focus on different positions and provides the attention layer with
multiple “representation subspaces”. Specifically, we linearly
project the query, key, and value matrices h times with differ-
ent, learned linear projections. The multi-head self-attention is
computed as,

M(Q, K, V) = concat(Hq, ..., H;)w,, (25)

where w, is a neural network parameter, H; is one of the self-
attention head given as,
H; = T(Qu, KwlS, Vw)),

i

(26)

where w? , wX and w}" are projection neural network weight

matrices of (), K and V. After that, a fully connected feed-
forward network, which consists of two linear transformations
with a ReLU activation in between, is applied to each vector
separately and identically. Then, the output of the transformer
layer is obtained and denoted as, D = [Dy; Ds;...; Dys]. The
output of the transformer layer is in the same data structure
as its input and each vector has contained the information of
others. Each vector is decoded by another MLP separately and
identically as,

al, = (Dpws + 22w + 2t m e {1,..., M},

m

27

where w3, 23, wj, 2% are neural network parameters, a,, is the

mean action value of m-th link. At last, the action is obtained
as,

Am = N(a/ma 77)7

where N (al,,n) represents a random sample drawn from a
Gaussian distribution with mean a/,, and standard deviation 7.
The actions of links in this group have been made simultaneously
and cooperatively.

(28)

B. Training Algorithm of TAPPO

We train the TAPPO with the PPO algorithm, which is an
actor-critic mechanism, combining the advantages of both value-
iteration and policy-iteration methods. It updates two networks
during the training process: the actor and the critic. The actor
network takes the state as input and outputs the action prob-
ability distribution. The critic network evaluates the action by
computing the value function. In our training process, the critic
network has a similar structure as the actor network, except that
it has a one-dimensional output. Since the state of a URLLC UE
is independent and uncorrelated across different time slots, we
set the input of the critic network to be the same as the state input
of the actor network. They both take data from the memory and
update each other.

Traditionally, a set of DRL training samples is obtained by
interacting between agents and the environment, which is a
relatively slow process, and they are only used to train the
network once. PPO improves the sample efficiency by using
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surrogate objectives to regularize policy updates and enable
the reuse of training data. The surrogate objective prevents the
new policy from deviating far from the old policy. We use
an importance sampling estimator to compensate for the gap
between the training data distribution and the current policy
state distribution, which is the probability ratio term defined
as,

mg(as|st)

0014 (at |st) ’

r4(0) = (29)
where 7y is a stochastic policy and 6 represents the total neural
network parameters. The clipped probability ratio, which pre-
vents the policy from deviating too much from the old policy
by limiting the ratio r(#) to a certain range around 1, is given
by,

rP(9) = clip(ry(0),1 — €,1 + €)

1—¢ m(0)<l—ce
=146 1(0)>1+e¢, (30)
r+(0), otherwise

where € is a hyper-parameter. It alters the surrogate objective by
clipping the probability ratio, removing the incentive to r(6)
outside the interval [1 — ¢, 1 + ¢]. It ensures that the old and
new policies are at least in close vicinity, and abrupt updates
are not allowed. Besides, to enhance the algorithm’s exploration
capabilities, we generally add a policy entropy to the actor’s
loss and multiply it by an entropy coefficient, 1, such that the
entropy of the policy is as large as feasible while optimizing the
actor loss. A policy, denoted as 7, has maximum entropy when
all actions have equal probabilities and minimum when it favors
one action over the others. This avoids early convergence of the
policy to a single action and promotes exploration. The policy
entropy is defined as,

H(m(-|s0)) == mla|s)log(m(a|s)

= Eq,r [—log (7 (az | 5¢))] .

Our goal is to minimize the training loss, which contains two
parts, and is given as,

L(0) = —Eq[min(ry(6) Ay, ¢ () A)] — pH (m (- | 50))
(32)
where A, is an estimated advantage function at time step ¢ and it
is equal to the reward given by the environment minus the value
given by the critic.

(€29

VI. SIMULATION RESULTS AND ANALYSIS

In this section, we first present the system scenario settings
and the simulation parameters. Next, we study different stan-
dard deviations of the Gaussian random sampling process for
TAPPO, and compared TAPPO with DDPG, showing the advan-
tage of fuzzy power allocation. Then, we present the improve-
ment of multi-connectivity by comparing single-connectivity
and double-connectivity. Moreover, we compare our proposed
TAPPO algorithm with conventional PPO and analyze the co-
operation benefits of information sharing among related agents.
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Algorithm 1: TAPPO for Power Allocation.
Input:
TAPPO model with trained parameters
Total states, S; = {51, ....S},...., S}
Output:
Total actions, A; = {a1,...,q;,...,as}
1: Combine states of links serving the same UE into a group
2: for all URLLC UE link groups do in parallel
for all S,,, do in parallel
Encode S,, to E,, by MLP
end for
Group vectors F,, into matrix F
Exchange information between links by transformer
Split matrix D into vectors D,,
9: for all D,, do in parallel

o A A

10: Decode mean action value a/,, from D,,, by MLP
11: Get action a,, by Gaussian random sampling

12:  end for

13: end for

14: Match actions with URLLC links

15: return Total actions A; = {aq, ...

Qe G}

A. Experiment Setting

We consider a road cross scenario with multiple RRHs and
multiple UEs in a 600 m x 600 square area. Two roads are
horizontally and vertically located with their intersection at the
center of the area and divide the whole area into four small
square blocks. Four RRHs are located at the center of each small
square block. The vehicles are randomly distributed on the roads
according to the spatial Poisson process. We assume that each
RRH has 30 sub-carriers and all the RRHs operate on the same
frequency range. The pass loss model is 128.1 + 37.6log;(d),
where d is the distance in km. The shadowing follows a log-
normal distribution with a 5 dB standard deviation. The channel
feedback latency is 3 ms. We assume that the URLLC packet
length varies from 32 bytes to 64 bytes with a uniform distribu-
tion. The transmission of a URLLC packet fails if its reliability
is lower than 99.999%. Other simulation parameters are listed
in Table I [6].

Since the environment in our simulation is endless, we set
the maximum step of each episode to 15000 steps. During
the training process, instead of storing all the information, we
randomly store the information of two UEs in memory. We
update the actor and critic neural networks 10 times with the
data memory of every 1500 steps. The hidden layer of the neural
network has 64 units and the activation function is tanh. To
ensure that the neural network features are on a similar scale
and improve the training performance, we linearly normalize all
the input and output features into the range from —1 to 1. We
conduct our simulation on a 12th Gen Intel Core™ i7-12700H
with PyTorch 1.10.

B. Advantage of Fuzzy Power Allocation

In this subsection, we evaluate the performance of TAPPO
with different standard deviation 7 for the Gaussian distribution
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TABLE I
SIMULATION PARAMETERS
| Parameter | Value \
Carrier frequency 2 GHz
Bandwidth of each subcarrier W 1 MHz
Length of TTI 7 0.125 ms
Noise spectral density -174 dBm/Hz
Transmit power of URLLC link [0, 30] dBm
Transmit power of latency-sensitive link 15 dBm
URLLC data packet size [32,64] bytes
Latency-sensitive data packet size 300 bytes
Expected URLLC reliability 99.999%
URLLC demand 1000 packets/s
Vehicular speed range [0, 54] km/h
Square map size 600 m
Distance between road and RRH 150 m
RRH antenna height 25 m
Vehicular antenna height 1.5m
Total training step 150000
Mini-batch size 128
PPO clip parameter € 0.5

random sample. Moreover, we compare their performance with
DDPG, which is a DRL algorithm that learns deterministic
policies for given states to address problems in continuous action
spaces, commonly applied in communication power allocation
problems [41], [42]. The simulation parameters are set to 8
transmitting antennas at each RRH and 40 vehicles in total.

Fig. 4 shows the variations of reward, URLLC failure per-
centage, and latency-sensitive packet delay during 4 different
training processes of TAPPO and DDPG. Specifically, we eval-
uate 3 different standard deviations 7, including 0.1, 0.4, and 0.8,
for the Gaussian distribution random sample of TAPPO. In the
comparison of TAPPO algorithms with different parameters, we
can see that the best overall performance is obtained by using 0.4
as the standard deviation. Therefore, we will choose 0.4 as the
standard deviation for the following experiments. In addition, in
comparison with the DDPG algorithm, TAPPO achieves better
performance in terms of reward, URLLC failure percentage, and
latency-sensitive packet delay.

PPO with Gaussian distribution random sample offers a fuzzy
power allocation approach for high mobility URLLC commu-
nications, where obtaining accurate CSI is challenging. In ve-
hicular networks, the high mobility of vehicles makes it difficult
to perform accurate channel estimations. This also affects the
computation of optimal transmit powers, as it is not feasible to
derive an accurate solution based on inaccurate feedback data.
In other words, the inaccurate CSI limits the network controller
from performing the accurate transmit power allocation in vehi-
cle networks. Therefore, we use a fuzzy approach to cope with
the uncertainty of the observation. As shown in the experimental
results, the deterministic power control schemes, such as DDPG,
are not well adapted to high mobility communication environ-
ments, as they are attempting to find deterministic solutions
relying on inaccurate CSI estimation. Our fuzzy power control
scheme can overcome the effect of inaccurate CSI and improve
the robustness of the system.

C. Improvement of Multi-Connectivity

In this subsection, we evaluate the performance of multi-
connectivity for enhancing URLLC reliability with varying
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Fig. 4. Performance variation during training process.

numbers of vehicles from 10 to 40. The simulation parameters
are set to 4 transmitting antennas at each RRH. For a fair compar-
ison, we apply the TAPPO algorithm to both single-connectivity
and double-connectivity scenarios.

Fig. 5 illustrates the variation of URLLC failure percentage
during the TAPPO training process under different numbers of
vehicles and different connectivity scenarios. The y-axis for
the cases of 30 and 40 vehicles is plotted in a logarithmic
scale for better clarity. The figure shows that for the single-
connectivity scenario, the URLLC failure probability is high
at first but gradually decreases and eventually converges to a
lower level. In contrast, the double-connectivity scenario has
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significant advantages at the start and the URLLC reliability also
improves over the training iterations. Moreover, as the number
of vehicles increases, the URLLC reliability performance of the
two scenarios becomes more similar. In summary, we can ob-
serve that double-connectivity can enhance URLLC reliability
as the TAPPO training process progresses, regardless of the
number of vehicles. However, the performance gain provided
by double-connectivity diminishes as the number of vehicles
increases.

Fig. 6 shows the average URLLC failure percentage for
60000 testing iterations under different connectivity scenarios
and different numbers of vehicles. Compared with the single-
connectivity, the double-connectivity can reduce the URLLC
packet failure occurrences by 59.20%, 53.20%, 44.74%, and
11.78% for the number of vehicles increasing from 10 to 40,
respectively. It can be observed that the URLLC reliability
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performance gain of double-connectivity is significant under
light communication loads. By transmitting duplicate URLLC
packets over two independent links, the URLLC transmission
is deemed successful if at least one link successfully transmits
the packet, thereby lowering the URLLC failure percentage.
However, the URLLC reliability performance gain declines as
the number of vehicles increases. This is because the double-
connectivity scenario with heavy communication loads causes
more severe inter-cell interference due to the limited total spec-
trum resources, thus resulting in a higher failure rate in each
link. Therefore, double-connectivity is especially suitable for
resource-rich scenarios and can effectively enhance the URLLC
transmission reliability.

D. Cooperation Performance of TAPPO

In this subsection, we evaluate the effectiveness of the pro-
posed TAPPO algorithm in the double-connectivity scenario
with varying numbers of vehicles from 10 to 40. The simulation
parameters are set to 4 transmitting antennas at each RRH. We
use the PPO as a baseline algorithm, in which the actor and critic
networks are 4-layer fully connected deep neural networks and
there is no information sharing among agents.

During the training process of the 20-vehicle case, the vari-
ation comparisons of training reward and URLLC failure per-
centage between typical PPO and proposed TAPPO are shown
in Figs. 7 and 8, respectively. Fig. 7 demonstrates that the
training reward of TAPPO can eventually converge to around
0.895, while PPO only has a stable training reward of around
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0.866. Fig. 8 indicates that as the training process progresses,
TAPPO can achieve a much lower URLLC failure percentage,
that is, around 0.2%, while PPO can only reduce the URLLC
failure percentage to about 0.7%. From these two figures, we can
observe the superior performance of TAPPO in enhancing the
training reward and URLLC reliability compared to the typical
PPO algorithm.

Fig. 9illustrates the average URLLC failure percentage for the
60000-step testing process under different learning algorithms
and different numbers of vehicles. It can be observed that after
training, our TAPPO algorithm can lower the URLLC failure
percentage to about 0.7% in the testing process in compari-
son with the typical PPO. Specifically, the proposed TAPPO
algorithm can further reduce the URLLC failure occurrences by
76.00%, 74.67%, 62.65%, and 57.65% compared with PPO for
the number of vehicles increasing from 10 to 40, respectively. As
the number of vehicles increases, both PPO and TAPPO become
slightly less effective since the communication loads increase,
but the communication resource is limited. In summary, the pro-
posed TAPPO algorithm has an advantage over the typical PPO
algorithm regardless of light or heavy overall communication
loads.

Fig. 10 illustrates the cumulative distribution function (CDF)
of URLLC packet reliability ¢/ of both PPO and TAPPO in the
20-vehicle and 40-vehicle scenarios. The maximum URLLC
link reliability ¢/ for a single link is set to 10 so that the maximum
URLLC packet reliability in the double-connectivity scenario
is 20. To see a clearer comparison, we zoom in on the part
of the curve between 0 and 10 and plot it in a sub-figure.
When U = 5, the CDF of TAPPO is lower than PPO, meaning
that TAPPO is better at ensuring the successful transmission of
URLLC packets. For the part of ¢/ > 10, the CDF of TAPPO is
much higher than PPO, meaning that TAPPO has fewer packets
with excessively high reliability compared with PPO. Since
the goal of URLLC is to achieve 99.999% reliability, we do
not need excessively high reliability, which may be a waste of
communication resources and bring high inter-cell interference.
TAPPO can enable cooperation between different URLLC links
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that are serving the same UE. TAPPO allows links to know
their mutual status by information sharing and cooperatively
allocates the transmit power of multiple links to ensure reliability
without wasting resources. TAPPO has an advantage in solving
the multi-connectivity URLLC power allocation problem since
it achieves sophisticated collaboration among multiple URLLC
links of the same UE.

Fig. 11 illustrates the probability distribution of the chosen
transmit power for the 20-vehicle case under different learning
algorithms. Note that the green part is the overlap region of
two bars. We can observe that PPO has a higher probability of
choosing higher transmit power. In contrast, TAPPO generally
chooses lower transmit power. Quantitatively, TAPPO consumes
only 46.31% of the transmission energy compared with PPO.
The reason is that by the information sharing between multiple
links, TAPPO can obtain the channel state of other links, so
the transmit power of multiple links can be jointly allocated,
avoiding all the links choosing high transmit power. For ex-
ample, by information sharing between the links serving the
same UE, they can adjust their transmit powers cooperatively,
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such as lowering the power for poor channels and raising the
power for good channels. The relatively lower transmit power
choices in TAPPO lead to lower inter-cell interference than PPO,
which is essential for the aforementioned URLLC reliability
improvement. Meanwhile, the latency-sensitive packet delay
reduction can also benefit from the lower transmit power.

Fig. 12 illustrates the average air interface packet delay of
latency-sensitive packets of different learning algorithms with
varying numbers of vehicles from 10 to 40. It shows that the
aforementioned URLLC reliability improvement brought by
TAPPO does not compromise latency-sensitive packet trans-
mission performance. In fact, TAPPO can also reduce the air
interface packet delay for latency-sensitive packet transmission
compared with PPO by choosing lower transmit powers. In
summary, the proposed TAPPO algorithm can enhance the over-
all system communication performance, both for URLLC and
latency-sensitive packet transmission.

VII. CONCLUSION

In this paper, we have proposed the multi-connectivity scheme
for URLLC in vehicular networks, where a URLLC packet is
duplicated and transmitted simultaneously over multiple inde-
pendent wireless channels and its reliability depends on the
synergy of these links. A real-time power allocation approach
is needed to ensure reliability and accommodate dynamic users
while considering diverse QoS and inter-cell interference. To this
end, we have formulated the power allocation problem as a multi-
agent DRL framework and proposed a cooperative multi-agent
DRL algorithm called TAPPO that uses a transformer to share
information among partial agents. Extensive simulation results
have verified the benefits of introducing multi-connectivity into
URLLC and the effectiveness of the proposed power alloca-
tion algorithm. The multi-connectivity scheme with TAPPO
as the power controller algorithm provides a feasible way to
improve network availability in vehicular networks. Moreover,
our method is robust to imperfect CSI and is applicable to
other general URLLC scenarios. In the future, we will explore
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network virtualization for enhancing the performance of multi-
connectivity URLLC in vehicular networks.
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