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mmWave Dual-Functional Radar-Communication
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Abstract—In the vehicle-to-everything (V2X) application
scenario, we propose a novel deep learning (DL) based
Hybrid beamforming (HBF) design for the dual-functional
radar-communication (DFRC) system with the millimeter
wave (mmWave) massive multiple-in-multiple-output (MIMO)
architecture, which enables real-time data exchange and
environmental perception. Crucially, the numerical simulations
reveal a significant reduction in bit error rate (BER), from 10−5

to 10−7 at the signal-to-noise ratio (SNR) of 0 dB compared
to alternative algorithms, underscoring its superiority in
ensuring data integrity and reliability during transmission. This
reduction in BER, alongside the 1 dB gain in sum-rate and 3
dB improvement in rad-com tradeoff beampattern, underscores
the comprehensive advantages of our DL-based HBF design
for DFRC systems over existing HBF designs, which provides
robust support for future intelligent transportation systems.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/8910

Index Terms—Hybrid beamforming (HBF), Dual-functional
Radar-communication (DFRC), Millimeter wave (mmWave),
multiuser multiple input multiple output (MU–MIMO), Deep
Learning (DL), Convolutional neural networks (CNN), Sum
Mean Square Error (sum-MSE), Bit Error Rate (BER)

I. INTRODUCTION

Dual-functional radar-communication (DFRC) systems
can simultaneously enable cooperative communication

and radar sensing, which is crucial to such applications as
vehicle-to-everything (V2X) in the sixth-generation mobile
communication (6G) era [1]–[4]. Meanwhile, as a promising
technology for a joint radar and communication system, HBF
has been extensively studied for trade-offs between radar and
communications performance ( [1], [4], [5] ).

There is a lot of deep research on related works of
HBF for MIMO systems, especially Multi-User Multiple-Input
Multiple-Output (MU-MIMO) systems, in which a base station
communicates with multiple users simultaneously at the same
time. [6] presents the performance evaluation of an amplify-
and-forward (AF) relay-assisted MU–MIMO downlink trans-
mission system for correlated fading channels. [7] presents two
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precoding techniques for a reconfigurable intelligent surface
(RIS)-assisted MU-MIMO double quadrature spatial modula-
tion (DQSM) downlink transmission system. Recently, deep
learning (DL) with well well-trained convolutional neural
network (CNN) provided a new train of thought for HBF
design in mmWave MIMO systems [8]–[11]. Literature [8]
presents a dynamic partially connected (DPC) structure-based
CNN hybrid precoding with a multi-user optimization algo-
rithm. An innovative DL-based hybrid precoding approach
is developed in [9] to maximize spectral efficiency (SE).
DL can conduct feature learning and hierarchical feature
extraction from data/signal sets [10]. However, the DL-based
algorithms do not consider radar sensing functions. Although
[11] investigates a DL-based optimization approach for joint
radar and communication (JRC) beamforming to enhance the
SE for communication users and guarantee the probability
of detecting targets, the study has only considered perfect
channel state information(CSI), which is not appropriate in
real scenarios [12]. It is necessary to seek a low-complexity
and efficient algorithm.

Based on the above literature analysis, we hope the DFRC
system can be robust to imperfect CSI, as the channel environ-
ment is often the case under Telematics systems. In addition, to
get a better HBF design, we try to improve the performance
of the CNN algorithm including the radar sensing function
as a constraint. Furthermore, we would like to improve the
computational speed of the CNN neural network and be able
to analyze all possible HBF design combinations based on a
large amount of data. The contributions of this paper are as
follows:

• A novel HBF design is proposed for the DFRC sys-
tem minimizing the sum-MSE of multi-user downlinks
while simultaneously satisfying a well-designed radar
beampattern. The proposed scheme is very close to the
performance of an ideal HBF scheme and possesses a 3
dB performance advantage over other existing algorithms
for radar communication integrated balanced beams.

• The HBF design is derived from a trade-off optimization
with penalty terms. An effective solution can be obtained
via a CNN-based method using a pre-designed optimal
matching search algorithm. The proposed CNN-HBF
algorithm provides a better improvement in BER and
rate sum compared to other existing algorithms, where
an SNR improvement of at least 2 dB and a rate sum
improvement of around 1 dB are obtained at a BER of
10−4.

• Sufficient large training data are used to make the CNN
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method robust to channels with imperfect CSI, which
improves the rate sum performance by an average of 5
dB compared to other algorithms at low SNR. Besides,
the introduction of the attention mechanism can reduce
the computation time by between 75% and 80%.

The remainder of the paper is organized as follows. Sec-
tion II introduces an HBF based DFRC system at the mmWave
band. Section III formulates the tradeoff problem between
communications and radar consideration. Section IV develops
an HBF design based on the DL framework with CNN. Sec-
tion V then presents the simulation results with comparative
analysis. Finally, Section VI summarizes the paper.

Notation: Throughout the paper: a and A denote vectors
and matrices, respectively. The conjugate transpose, conjugate,
and transpose of a matrix are denoted as (·)H , (·)c and (·)T .
The trace, Frobenius norm of a matrix are represented as tr(·),
∥ · ∥F , the Euclidean norm of a vector is given as ∥ · ∥. And
A(mn) is the (m,n)th entry of a matrix, A† is the Moore-
Penrose pseudo inverse of A. In denotes the n × n identity
matrix. We use E[·] for statistical expectation. The N

(
µ, σ2

)
is a complex Gaussian random variable with mean µ and
variance σ2.

II. SYSTEM MODEL

The application scenario of mmWave DFRC with targets
located in the V2X communication environment can be de-
scribed in Fig. 1. We consider a DFRC system equipped
with NT transmitter antennas array, serving U users (receipt
vehicles) in the downlink while sensing Ntar target located in
the Infrastructure to Vehicles (I2V) communication environ-
ment. Each user is equipped with NR receiver antenna array
and both the antenna arrays at the transmitter and receiver
are uniform linear array (ULA) antennas. The DFRC system
serves multiple users by transmitting a single data stream
to each user, i.e., NS = 1 for each user. Thus, it follows
U ≤ NRF, where NRF is the number of RF chains used in the
DFRC system. For simplicity and generality, we define digital
beamforming as DBF and analog beamforming as ABF.

A. Channel Model

We assume that the u-th mmWave communication channel
(Hu) can be modeled as a cluster channel with a limited
number of scattered paths [13].

Hu = γ

Ncl∑
i=1

Nray∑
j=1

αijgR
(
θ(ij)

)
gT

(
ϕ(ij)

)
aR (θij)a

H
T (ϕij) ,

(1)
where aT (ϕ) and aR(θ) represent the steering vector at the
road infrastructure (RI) and user equipment (UE), respectively.
where γ =

√
NTNR/ (NclNray ) represents the normalization

factor with Ncl being the number of clusters and each of which
has Nray paths. NT and NR represent the number of antennas
at the RI and each user, respectively. αij denotes the channel
gain associated with the ith scattering cluster and the jth path
with i = 1, · · · , Ncl and j = 1, · · · , Nray. (θij/ϕij) is the
angle of arrival and departure (AoA/AoD) pair corresponding
to a certain path, which satisfies ϕij ∈ [−π/2, π/2] and θij ∈

Fig. 1. HBF architecture for mmWave DFRC in V2X.

[−π/2, π/2] for later set of the field of view (FoV). gR
(
θ(ij)

)
and gT

(
ϕ(ij)

)
are the antenna element gains related with

receive and transmit antennas, respectively. aT(ϕij) ∈ CNT×1

is the array response vector at the transmitter. By assuming
the ULA antenna for DFRC system, the nth element of the
steering vector aT(ϕij) is given as

[aT(ϕij)]n = exp

{
−2π

λ
pn sin (ϕij)

}
, (2)

where pn is the position of the nth antenna element in antenna-
axis and λ is wavelength. aR(θij), the array response vector
at the receiver, can be defined in a similar way as (2). Without
losing any generality, the first antenna element of aT(ϕij) and
aR(θij), respectively, is assumed to be the reference unit for
constructing (2).

B. Signal Model

As shown in Fig. 1, the DFRC system applies a low-
dimensional DBF FD = [fD1, fD2, · · · , fDU] ∈ CNRF×U to
process the signal streams to be transmitted. Afterward, a high-
dimensional ABF FA ∈ CNT×NRF realizes phase modification
of the transmitted signal at the RF front-end via phase shifters.
Thus, the transmitted signal by this DFRC system is

x = FAFDs, (3)

where s = [s1, s2, · · · , sU ] ∈ CU×1 with E{ssH} = IU . As
the ABF is realized by phase shifters, it is constrained by[
[FA]:,i [FA]

H
:,i

]
i,i

= 1. We make the following assumptions:

• The DFRC system uses the same transmit waveform;
• All the users know a priori about mmWave channel H

through pilot symbols at the DFRC system, i.e., perfect
CSI.

1) Communication Signal Model: The received signal of
the uth user followed by a digital combiner wu ∈ CNR×1 can
be viewed as a form with the downlink multi-user interference
(MUI) [14], which is formulated as

yu = wH
u Hux+wH

u nu

= wH
u HuFAfDusu +wH

u Hu

∑
i ̸=u

FAfDisi +wH
u nu,

(4)
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where the second statement is MUI for the u-th user, nu ∼
CN

(
0, σ2INR

)
is the complex gain additive white Gaussian

noise (AWGN) matrix and each item has power of σ2.
We notice that the power of MUI PMUI directly influences

the overall sum-rate [15]. It adds noise to form the interference
of effective signal, thus reducing the signal to interference plus
noise ratio (SINR), which is given by

Γu = V −1
u Gu, (5)

where Gu = wH
u HuFAfDuf

H
DuF

H
AHH

u wu is power of signal
with fDu being the sub-column of FD corresponding to the uth
user. Vu = PMUIu+Pnu is the covariance matrix summed by
the power of MUI and the channel noise, wherein the power
of MUI PMUIu =

∑U
i ̸=u w

H
u HuFAfDif

H
DiF

H
AHH

u wu and the
power of noise Pnu = σ2wH

u wu. It follows that the achievable
sum-rate of U users can be given as

R =

U∑
u=1

log2

(
1 +

P

NS
Γu

)
. (6)

Considering that MSE, which is relevant to the rate R, is
a direct performance measure to characterize the transmission
reliability, we will use this metric as the standard to measure
the performance of subsequent designs of the HBF.

2) Radar Signal Model: Suppose there are Ntar targets
to be sensed in the communication environment, which are
located in angles [θ1, θ2, · · · , θNtar

]. We regard the radar
targets as the virtual users of downlink communication and
assume that the radar channel is a line-of-sight (LOS) channel.
Therefore, the radar channel can be expressed as Hr =∑Ntar

n=1 αnaT (θn)a
T
T (θn). From (3), we note that FAFD

can be viewed as the transmit beamspace matrix. The signal
radiated towards a target located at θn direction can then be
modeled as

y(θn) = aTT (θn)x = aTT (θn)FAFDs. (7)

It follows (7) that power P (θn) of transmitting signal can be
derived as

P (θn) = aHT (θn)FAFDF
H
DFH

A aT (θn). (8)

It can be seen from (8) that the radar sensing purpose
of the DFRC system is only concerned with steering vector
and beamforming schemes. Once the beamforming FAFD is
designed, the energy of transmitting the signal is focused
on the direction of interest. Once a beamforming matrix
FR corresponding to the desired beampattern is obtained in
advance, the HBF FAFD can be designed to approximate FR,
thus to form closely a desired beampattern, which is given in
the following section.

III. PROBLEM STATEMENT

In this section, we study an appropriate HBF to meet the
following requirements:

• To minimize the sum-MSE of communication by design-
ing an HBF.

• To formulate a beampattern that matches multiple targets
sensing for radar.

• To satisfy the total power constraint at the transmitter
side.

We first introduce a desired beampattern design for the MIMO
radar-only system to meet the above requirements.

A. Radar Beampattern Metric of the DFRC System

Compared with the traditional phased array radar, orthogo-
nal waveform MIMO radar has a larger virtual array aperture
and a higher degree of freedom [16], [17]. The design of
the beampattern is equivalent to the design of the covariance
matrix of the transmit signal. According to [16], classical
convex optimization can solve such a beampattern design. For
a MIMO radar-only system, the normalized power PR(θ) of
probing signal x corresponding to target at direction θ can be
described as

PR(θ) =
P

NS
aHT (θ)FRF

H
R aT (θ). (9)

To make (9) approach a desired radar beampattern P (θ)d,
the authors in [16] formulate it as the following problem

min
FR

|P (θ)d − aHT (θ)FRF
H
R aT (θ)|2. (10)

Thus, the design of FR aims at making beampattern PR(θ),
which is defined in (9) approach to Pd(θ). Such a convex
least-squares problem can be solved by classical convex opti-
mization tools.

B. Sum-MSE Metric of DFRC System

We use the sum-MSE as an important metric to evaluate
communication performance. By recalling (4), a symbol esti-
mator denoted by a scalar factor β [18] is given as

ŝu =βwH
u HuFAfDusu + βwH

u Hu

∑
i̸=u

FAfDisi

+ βwH
u nu,

(11)

where β is the introduced dynamic inertial parameter that
meets β ∈ [0, 1]. The first item to the right of the equal sign is
the expected receiving signal of the uth user, while the second
and the third items represent the MUI and the AWGN. The
MSE of the uth user can be defined as E

{
|su − ŝu|2

}
. Thus,

the sum-MSE for U users is

E
{
||s− ŝ||2

}
. (12)

The total power of the transmitter satisfies the following
constraint

∥FAFD∥2F = tr(FAFDF
H
DFH

A ) = P. (13)

Although the above power constraint also involves two vari-
ables, it can be handled flexibly by the formula transformation
of β.

C. HBF Design for DFRC System

In order to satisfy both downlink communications and the
radar sensing function of the DFRC system, we regard radar
targets as virtual users in line-of-sight channels and clusters
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Fig. 2. Block diagram of the CNN for HBF in mmWave DFRC.

contributing to real downlink communications. Specifically,
we meet the requirement of the virtual radar user by forming a
well-designed beampattern while that of the real communica-
tion users by minimizing the sum-MSE defined in (12). Thus,
the HBF design can be given as

minFA,FD,wµ
E
{
∥s− ŝ∥2

}
s.t.

 ∥FAFD − FR∥F ≤ σ,
FA ∈ F ,
tr
(
FAFDF

H
DFH

A

)
= P,

(14)

where FR is obtained by solving (10). The first constraint
is the consideration of radar beampattern with similarity
constraint factor σ. The smaller the σ is, the stricter the
radar constraint is. Hence, this work aims to estimate the
FA, FD that minimize sum-MSE with constraints of HBF
feasibility, transmit power and radar beampattern matching.
The first stage of the scheme considers the design of FD

assuming that FA is fixed. With a fixed FA, the constant
modulus constraint in (14) can be removed. This problem can
be effectively solved by numerical optimization techniques.
Here, the Lagrange functions and Karush-Kuhn-Tucker (KKT)
conditions are applied to obtain the optimal solution. The
Lagrange function of the problem in (14) is expressed as

L (FD, β, λ, µ) = E
{
∥s− ŝ∥2

}
+λ

[
tr
(
FA FD FH

D FH
A

)
− P

]
+ µ [∥FA FD − FR∥F − σ]

,

(15)
Where µ is the Lagrangian multiplier associated with the
DFRC constraint, i.e. µ ≥ 0. λ is a Lagrangian multiplier
related to the power constraint. Since it is an equality con-
straint, there is no range requirement for λ. By differentiating
the Lagrangian function and setting the result to zero, the
optimal solution can be obtained. According to [19], optimized
FD can be represented as FD = β−1Fopt, where Fopt is
an unconstrained digital beamformer, which is obtained from
SVD of channel matrix, and β is related to the transmit power
constraint tr(FAFDF

H
DFH

A ) = P . Hence, FD has a closed-
form solution as

F̃D =
(
FH

AHHWWHHFA+λFH
AFA

)−1
FH

AHHW, (16)

β =

√
tr
(
FAF̃DF̃H

DFH
A

)
/P , (17)

where H =
[
HT

1 , . . . ,H
T
U

]T
is an effective channel matrix of

all users, λ = σ2 tr
(
WHW

)
/P is the Lagrange multiplier,

and W = blkdiag {w1, . . . ,wU} is a block diagonal matrix

containing all the user’s combiners. An effective solution given
in [19] is

wu = λt, (18)

where T and J are obtained from a SVD operation that
βfHDuF

H
AHH

u = λgTH = λg1t
H with g1 being the first

singular value of g and t is corresponding singular vector.

By substituting the optimal FD into the objective function
of (14) and expanding the previous sum-MSE [18], we have

||s−ŝ||2 = tr

(
IU +

1

λ
WHHFA

(
FH

AFA

)−1 ×FH
AHHW

)−1
.

(19)

The radar beamforming similarity constraint of (14) can
be viewed as a penalty item and can be presented as a
minimization form such as

minFA tr((F̃A − FR)(F̃A − FR)
H), (20)

where F̃A is a function of FA that substitutes (16) into FAFD.
Therefore, the objective function (14) can be expressed as

min
FA

ρ tr((IU +
1

λ
WHHFA

(
FH

AFA

)−1 ×FH
AHHW

)−1
)

+ (1− ρ) tr((F̃A − FR)(F̃A − FR)
H),

s.t. FA ∈ F .
(21)

It is assumed that the angle ϕij decides the steering vector
aT(ϕij). In fact, FA is related to linear transformation of
aT(ϕij), the feasible set F can be represented as

F = {F(1),F(2), · · · ,F(SF )}, (22)

where Npath = num{Angle(NclNray) ∪ Angle(Ntar)},
F(sF ) = {aT(ϕl)}

Npath

l=1 , representing the number of scatterer
angles and radar target angles. According to [20], Vector
aTX {ϕl} can be the column of FA because aTX {ϕl} is a
vector with constant modulus and only phase change. We
need to design an optimal matching search algorithm to
traverse all nodes from the feasible set F of FA to find
the optimal solution of sF satisfying the objective function
in (21). By assuming that the angle of the radar target is
given randomly from the ϕl, l = 1, · · · , Npath, the steering
vector corresponding to the radar target is also included in
{aT(ϕl)}

Npath

l=1 . Once the number of paths of all users is given,
there are total SF = ANRF

Npath
possible nodes for searching the

optimal sF , where A denotes permutation operation. Now, the
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formula in (21) can be represented as

s̄F =min
sF

ρ tr((IU +
1

λ
WHHFA

(
FH

AFA

)−1

×FH
AHHW

)−1

)

+ (1− ρ) tr((F̃A − FR)(F̃A − FR)
H)

s.t.FA = F(sF ),
(23)

where q̄F denotes the optimal node after traversing all nodes
that provide the minimum sum-MSE. For the optimal matching
search algorithm solving (23), we give the specific steps in
Algorithm 1. Different from [14], we consider all possible
arrangement combinations of different paths to traverse all
nodes from the feasible set F of FA to find the global
optimal solution satisfying the objective function in (21). The
complexity of the algorithm increases with the number of
transmit antennas and scatterers. Besides, obtaining the real-
time solution to the problem in (14) is impractical due to
the complexity of several matrix variables. To reduce the
complexity and the need for the array of responses, in the
following sections, we propose a CNN-based approach.

Algorithm 1 Optimal matching search for desired HBF
Input: {Hu}Uu=1, Frad, ρ, P
Output: FA,FD,W

for 1 ≤ qF ≤ QF :

FA = FqF ;

Initialize FD = β−1Fopt.

Compute W according to (18);

Compute FD according to (16).

Incorporate radar beampattern constraints as penalty terms in
communication objective.

Compute objective function of (23), which is denoted as
MSEqF .

end for qF ,

q̄F = argminqF MSEqF .

FA = Fq̄F .

IV. PROPOSED SOLUTION

In this section, we leverage a CNN framework (as shown
in Fig. 2) and corresponding training mapping model [21] for
solving (23). We assume that the radar targets are a subset
of the effective scatterers in the communications channel H.
We use Algorithm 1 to get the finite input-and-output pairs for
supervised learning of CNN, which provides labels containing
optimal FA and FD. We use the classical block-fading channel
model as a model of the mmWave channel and use it as the
input of CNN. The well-trained CNN provides a nonlinear
mapping from the channel matrix H that contains information
of radar reference beamformer FR to the analog beamformers
q̄F (FA), which covers the predicted FD obtained by a closed-
form solution. Then, the attention mechanism helps the system

focus on the heavier analog beamformers q̄F (FA) and ignore
the parts with lower weights.

A. Deep Neural Network Architecture

The CNN framework consists of at least 10 layers. We take
the 3@NT ×NR channel matrix as the input of the first layer,
where 3 means that there are 3 input channels, which is the ab-
solute value of H, in-phase component R{H} and orthogonal
component I{H}. At the same time, the label of supervised
learning is obtained by Algorithm 1 to minimize sum-MSE.
The label can be denoted as (X, z), which is the input-output
pair. The output layer of CNN is Fq̄F ∈ CNT×NRF can be
given as z = ∠

{
vec (FA)

T
}

∈ CNTNRF , where ∠ is an
angle conversion function. After the CNN online prediction
obtains the required HBF matrix data, FA is angularised and
converted into angle data. The neural network output is the
most available node in the selectable set. The second and
fourth layers are convolution layers each with 256@3 × 3
filters. The original signal features can be enhanced and the
noise can be reduced through convolution operation. Each
convolution layer is followed by a normalization layer, and
the activation function (modified linear unit Relus) is used
to correct the negative number to 0 to normalize the image
after convolution. Next, there are two fully connected layers
to implement classification, which are located in the sixth
layer and the eighth layer, respectively with 1,024 neurons in
each layer. After each fully connected layer, a dropout layer
is connected with 50% probability, respectively, to prevent
overfitting. The complexity of CNN increases with the increase
of parameters and layers, which is

L2
c

(
2Lconv(rc+ 1) + 2(Lfc + 1)× 50

100

)
, (24)

where Lc = 3 is number of channels, and Lconv@r × c =
256@3×3 represents Lconv filters with size of 3×3 in both two
convolutional layers. Lfc = 1, 024 is the number of units in
each fully connected layer. 50

100 represents the drop probability
of dropout layer. Thus, there are a total of 55,305 parameters
in this CNN network.

Fig. 3. Offline training and online prediction.

B. Training

The robustness of the user channel is the premise of the
performance guarantee for a large-scale mmWave MIMO sys-
tem. Hence, we must input several synthetic noise interference
channels into the CNN network in the training procedure. The
offline training and online prediction are shown in Fig. 3.
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Specifically, we randomly generate M different channel im-
plementations. After that, we synchronously add N different
noise interference terms to each channel. Thus, the SNR of the
training data is defined as SNRTRAIN = 20 log10(

|[H]i,j |2
σ2

TRAIN
).

σ2
TRAIN is the variance of synthetic noise. Therefore, the

number of training data is K = M × N . The generation of
training data D is summarized in Algorithm 2. The realization
of H includes the channel of all users. In addition, we also
introduce synchronization noise to enhance the robustness of
subsequent training thus improving the fitness of the imperfect
CSI of the channel.

Algorithm 2 Generation of training data for CNN
Input: Nc, Ni, SNRTRAIN .
Output: Training data D
Initialize Nc random mmWave channel matrices Hm,m =
1, · · · ,M , the feasible solution set Fm of FAm is given by the
corresponding array steering vector aTm, k = 1.

for 1 ≤ m ≤ M :

for 1 ≤ n ≤ N :

Add synchronization noise with variance σ2
TRAIN to Hn;

Obtain Fm,n
A = Fm,n

q̄F
according to Algorithm 1.[

[X(k)]:,,,1
]
i,j

=
∣∣∣[H(m,n)]i,j

∣∣∣,[
[X(k)]:,:,2

]
i,j

= R
{
[H(m,n)]i,j

}
,[

[X(k)]:,,3
]
i,j

= I
{
[H(m,n)]i,j

}
.

zk = ∠{vec(F(m,n)
A )T }

k=k+1.

end for n:

end for m:

Training data is constructed as D = (D(1), · · · ,D(K)).

In particular, we generate M = 6000 for U = 3 users.
30% and 70% of them are used as validation and training
data, respectively. The hyperparameter needs to be set ac-
cording to the effect of the validation set. The criterion of
N = 100 adding synchronous noises is given according to
SNRTRAIN ∈ {10, 20, 30} dB. Different levels of SNRTRAIN
take into account the different severities of channel damage.
The loss function is defined as

Loss =
1

K

K∑
k=1

(
z(k) − f

(
X(k)

))2

, (25)

where f(X) represents the nonlinear transformation of X.
The stochastic gradient descent (SGD) algorithm is applied
in neural networks to alleviate the high computational cost of
backpropagation in the whole training set. In simulations with
100 Monte Carlo trials, test data is added with synchronous
noise with SNRTEST = 20 log10

(
|[H]i,j |2
σ2
TEST

)
. We set Hu

with Npath = 20 for each user and ϕ ∈ [−90◦, 90◦] in
Algorithm 1. So the data contains enough randomness to

train the corresponding network. The above steps can be
simplified as those in Fig. 3. Here, the training order is
NR×NT ×3×M×N×len(SNRTRAIN). We give an example
of iteration time in Table I.

TABLE I
ITERATION TIME

epochs Iteration time(s) validation RMSE Loss
1 1 0 15.86 111.3286

17 50 1 0.81 0.2589
34 100 1 0.33 0.0506
50 150 2 0.31 0.0426
67 200 3 0.30 0.0373
84 250 4 0.29 0.0320

C. Prediction

The purpose of training is to obtain the weight of a neural
network, which provides CNN with judgment and prediction
power. In order to make the prediction more accurate, the
amount of trained data is very large. Therefore, we introduce
the attention mechanism to reduce the computational com-
plexity of the prediction phase by biasing the system towards
information that is more favorable to judgment.

The attention mechanism is mainly divided into three stages:
In the first stage, the practical channel matrix H is taken as the
input, and the similarity score Si between H and the channel
information X(k) in the training data D(k) is calculated. In
the second stage, the original score Si of the first stage is
normalized to obtain the weight coefficient ai. The third stage
is the weighted summing of the analog beamforming q̄F (FA)
according to the weight coefficient.
ai is also known as the attention distribution, which repre-

sents the attention to the ith training data X(i) based on the
input data H. Motivated by [27], the soft attention model can
be expressed as

ai = F
(
H,X(i)

)
=

exp
(
f
(
H,X(i)

))∑K
j=1 exp

(
f
(
H,X(j)

)) (26)

where the practical input channel matrix H and the channel
information X(i) in the training message are the query vector
and the key vector in the attention mechanism, respectively.
And the scoring function f

(
H,X(i)

)
can be expressed as

f
(
H,X(i)

)
=

(
X(i)

)T
H

√
d

, (27)

where d represents the dimension of the key vector. The third
stage we need to do is obtaining the important information
based on the distribution of attention. At this point, we use a
”soft” information selection mechanism to summarize, which
can be expressed as

att
(
H,X(i)

)
=

K∑
i=1

ai · zi. (28)

Finally, according to the attention mechanism, the system
focuses on the parts with heavy weights and predicts the
optimal simulated beamforming q̄F (FA).
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TABLE II
COMPARISON WITH OTHER DESIGN

Ref mmWave Functions BF way antennas Com SE
(bps/Hz)

Rad BG
(dB)

EE
(bps/Hz/J)

[16] No Rad DBF SQP 16× 16 N.G. 7.4 N.G.
[20] Yes Com HBF OMP 64× 16 16.3 N.G. 0.54
[14] Yes Com HBF Quantized

Codebooks
64× 16 17 N.G. 0.69

[22] Yes Com HBF PE-MO 64× 16 19.4 N.G. 0.68
[23] No Rad-Com DBF Lagrangian

method
16× 4 4 6.2 0.67

[18] Yes Com HBF MLP 64× 16 21.2 N.G. 0.70
[24] Yes Com HBF two-stage 64× 16 20.1 N.G. 0.69
[25] Yes Com HBF DNN 64× 16 21.7 N.G. 0.70
[26] Yes Rad-Com HBF TAltMin 64× 16 14.9 12 0.69

Proposed Yes Rad-Com HBF CNN 64× 16 22.3 14.2 0.71
N.G.: Not given by the reference; BG: Beampattern gain; EE: Energy Efficiency.
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Fig. 4. (a)Sum-rate vs SNR, (b)BER based on QPSK modulation, (c)Sum-rate vs SNRTEST .
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Fig. 5. (a)Radar beampattern vs penalty factor, (b)Radar beampattern vs desired, (c)Radar beampattern vs other algorithms.

V. RESULTS

In this section, simulation results are given to evaluate
the performance of the trained CNN framework called CNN-
HBF. We treat the radar constraint as a penalty term into the
objective function and set a penalty factor ρ. The performance
of radar improves with the increase of ρ. In particular, ρ = 0
and ρ = 1, represent the communication-only and the radar-
only case, respectively. For the CNN training, the parameters

are set as M = 600, U = 3, N = 100. The input of
CNN is set as NT = 64 and NRF = U for the transmitter,
NR = 4 for each user. We model the mmWave channel
similar to [13], where we set Npath = 10 for each user with
Laplacian distributed azimuths of arrival and departure (AoAs
and AoDs), which are randomly distributed in the interval of
[−90◦, 90◦]. The average power is allocated to every cluster.
The angles of the radar targets randomly select three from the
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Fig. 6. Under NT = 64, NRF = NS = 3, (a)Rad-Com tradeoff beampattern, (b)Rad-Com tradeoff between radar beampattern MSE MSER

and sum-rate of downlink communication, (c)Attentional mechanism distribution model.

angles of the cluster. This means that radar targets are also
contributors to communication path propagation. The learning
rate of the SGD algorithm is r = 0.005.

The comparisons between the HBF design used in the
DFRC system and other similar works are summarized in
Table II, where EE = Rrate

Ptotal+NRFPRF+NPSPPS
, Ptotal is the

total power, PRF and PPS, respectively, represent the power of
RF chains and phase shifters. Note that NPS = NT×NRF and
NPS = NT correspond to full-connected and part-connected
MIMO structure, respectively [28]. The EE of hybrid beam-
forming depends on the efficiency of the signal processing
algorithms, the design of the antenna array, and so on. The
massive MIMO technique can improve the communication
quality without increasing the transmit power, thus indirectly
improving EE. More importantly, CNN greatly enhances the
efficiency of signal processing algorithms while bringing the
output closer to the most optimal solution. In Table II, our
proposed method possesses an EE that is not inferior to
other methods while balancing the communication and radar
performance. The reason why our method achieves higher
EE is because we use CNN to solve FA compared to other
methods. While improving the efficiency of the algorithm, the
designed ABF is also closer to the optimal solution. In contrast
with other HBF methods, the proposed HBF architecture for
the mmWave DFRC system is the most promising way.

A. Downlink Communication Performance

First, we evaluate the spectrum efficiency of communication
achieved by proposed design methods of HBF in the DFRC
system. Here we set U = 3 downlink communication user.
Besides, the number of RF chains at the transmitter is equal
to NR = 4 as a fully digital combiner is used on the user
side. For the transmitter, we set NT = 64 and Ns = U = 3,
which meets the minimum requirement that NRF ≥ NS [29].
As the training of CNN is based on Algorithm 1, i.e, H with
no noise, we take the HBF from Algorithm 1 as the ‘BEST’
case of CNN-HBF. The negative SNR value is introduced to
verify the performance of the proposed algorithm in the case
of a poor signal-to-noise ratio.

Fig. 4a shows the SE under different SNRs (-20 dB, 20 dB).
We compare the performance with ρ = 0 of the algorithms

with a fixed value of SNRTEST. Obviously, in the process of
training CNN, when the synchronization noise is added to the
input channel with SNRTEST = 10 dB, proposed CNN-HBF
has a better performance in sum-rate metric as compared to
other algorithms [12], [24].

Fig. 4b shows the bit error rate (BER) versus SNR for
the proposed CNN-HBF and other methods. Compared to
alternative algorithms, a significant reduction in BER can be
obtained from 10−5 to 10−7 at the SNR of 0 dB. In other
words, SNR improvement of at least 2 dB and a rate sum
improvement of around 1 dB are obtained at BER of 10−4.
The curves are consistent with the previous analysis.

Fig. 4c represents the results of the performance of sum-
rate versus different numbers of SNRTEST. This represents
the robustness of different algorithms to channel destruction.
Among them, ‘DBF’ represents the situation without interfer-
ence, and ‘BEST’ denotes a channel that is not destroyed,
which is the sum rate obtained from Algorithm 1. As can be
seen, the CNN-HBF scheme is more robust.

B. Radar Beampattern Performance

In the process of CNN training, we regard radar targets as
the identifiable scatterers contributing to the downlink com-
munication under the angle extracted from [−90◦, 90◦] with
quantification of 5◦. We mainly compare the anti-jamming
performance of the three algorithms, i.e, CNN-HBF, PE-MO,
and OMP methods [30] under NT = 64, NRF = NS = 3,
SNRTEST = 20 dB.

Fig. 5a shows the impact of penalty factor
on radar beampattern MSE, which is defined as∑Ntar

n=1 (Gd (θn)−GDFRC (θn))
2 according to [31], Gd

is defined as (10) to represent the ideal beam pattern formed
by the DFRC system for the target to be sensed. GDFRC
denotes the beampatterns formulated by the DFRC system.
The proposed algorithm radar beampattern is superior to
OMP and similar to PE-MO.

Fig. 5b shows that the transmit beampattern of the proposed
cnn-HBF based on directional radar pattern design compares
with the desired radar pattern obtained by classic Least-
Squares techniques [17]. It can be seen that the proposed
algorithm is close to the best case.
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Fig. 5c shows that the robustness of the CNN method is
better than the PE-MO and OMP methods.

C. Radar-Communication Tradeoff Performance

In this subsection, we set different weighted factors ρ to
denote a tradeoff between communication and radar functions.

In Fig. 6a, we show the performance of radar beampattern
with ρ = 0.5. Since the radar target is included in the scatterers
and the angle gain assigned to each scatterer satisfies the
uniform distribution of [0, 1], the tradeoff beampattern high-
lights energy concentration on three radar targets. The tradeoff
beampattern highlights energy concentration of the proposed
algorithm is better than the OMP and PE-MO algorithms.

In Fig. 6b, we display a more intuitive tradeoff between
radar beampattern mean squared error (MSER) and commu-
nication sum-MSE. For the fixed radar beampattern MSE, the
sum rate of communications improves with the increase of
SNRTEST.

Fig. 6c shows the attention distribution probability of the
part of the simulated beamforming and the practical channel
matrix with an obvious correspondence. It can be seen that
a particular channel matrix is only highly correlated with the
corresponding analog beamformer.

TABLE III
PERFORMANCE LOSS FOR HBF DESIGN

Algorithm NS γF Time(s)
1 0.012 0.020

Proposed CNN 2 0.009 0.022
3 0.006 0.025
1 0.010 0.095

CNN Without Atttenion 2 0.008 0.101
3 0.005 0.981
1 0.032 0.850

PE-Mo 2 0.019 0.915
3 0.008 0.920
1 0.032 8.305

OMP 2 0.032 8.305
3 0.025 8.578

D. Comparison for HBF Cost Function and Computation
Time

In order to further study the effect of the proposed algorithm
on the design performance of the beamformers, a cost function
is used to measure the approximation between the hybrid
beamformer estimated by the algorithm and the unconstrained
beamformer. The error between the unconstrained precoder
FAFD and the estimated precoder Fopt is defined as γF =
∥Fopt − FAFD∥F / (NTNs). In Table III, error effects of
three hybrid beamforming algorithms are listed in the case
of NS = {1, 2, 3},U = 3, NTX = 64, NRX = 4, NRF =
3,SNRTEST = 20 dB. As can be seen from Table III,
compared with other algorithms, the error of the algorithm
based on the CNN precoder is smaller with a faster computing
speed.

VI. CONCLUSION

In this paper, we investigate a CNN-HBF design using a DL
framework. The simulation results indicate that at least 2 dB
SNR gain is obtained compared to other methods at the same
BER. At the same time, the method improves the sum rate of
at least 1 bit/s/Hz/W over the existing algorithms at the same
SNR. The sum rate is stabilized at 20-22 bit/s/Hz/W when the
channel interference power is increasing, and the algorithm is
robust to channel interference. And the radar communication
compromise beam map outperforms other algorithms and is
closest to the best case. In future work, we can further consider
the performance metrics on the radar side to optimize the beam
design as a way to adapt to the needs of radar communication
application scenarios such as Telematics.
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