Machine learning-Based Predictive Beamforming for ISAC

V21 Systems
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Abstract

The project focuses on applying machine learning to beamforming design in Integrated

Sensing and Communication (ISAC) systems for 6G networks, particularly in vehicle-

to-infrastructure (V21) communication scenarios. In ISAC, efficient beamforming is

crucial, but precise channel tracking is resource-intensive. The proposed solution uses

historical channel state information (CSI) to predict the beamforming matrix that max-

imizes sum-rate while ensuring sensing performance. The approach combines an atten-

tion mechanism and an LSTM network to capture temporal dependencies in CSI data,

optimizing the beamforming matrix under power and estimation accuracy constraints

(Cramér-Rao lower bound). Simulation results show that the method achieves 80% of

the performance of an ideal case with perfect CSI, while reducing computational re-

sources needed for channel tracking. The study demonstrates that machine learning can

efficiently design beamforming for ISAC systems, making it a promising approach for

future 6G networks.

1. Introduction

Advancements in mmWave technology have led to the integration of radar and commu-

nication signals through shared spectrum use, enabling Integrated Sensing and Commu-

nication (ISAC) systems. These systems offer dual functionality, utilizing frequency
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bands traditionally reserved for radar. ISAC provides two key benefits: integrated gain,

which enhances efficiency by sharing resources like power, bandwidth, and hardware,

and coordination gain, where mutual assistance between communication and sensing

improves system performance. These advantages make ISAC crucial for applications

such as loT, smart cities, and Vehicle-to-Everything (V2X) networks [1].

V2X networks, vital for next-generation wireless systems, require high-speed, reliable

communication and advanced environmental sensing, such as detecting pedestrians and

obstacles [2]. By leveraging shared spectrum, base stations (BS) communicate with ve-

hicles while simultaneously supporting sensing tasks like tracking vehicle distance and

angles. This sensing data helps BS optimize beamforming angles, improving communi-

cation sum rates and ensuring quality of service (QoS). However, challenges arise due

to inaccuracies in channel and vehicle state estimation, prompting research into optimi-

zation techniques to address these issues.

Current ISAC algorithms are sensitive to errors in vehicle state prediction and often rely

on simplified movement models that fail to capture real-world dynamics. Traditional

beamforming methods struggle with the non-convexity of joint optimization problems.

Deep learning (DL), particularly deep neural networks (DNNSs), presents a promising al-



ternative due to their ability to model complex nonlinear relationships. DNNs have-
proven effective in tasks like beamforming design, signal detection, and channel estima-
tion [3], making them well-suited for optimization challenges with high accuracy and

efficiency.

This research focuses on an ISAC Vehicle-to-Infrastructure (V21) system, using a kine-
matic model to represent vehicle motion [3]. The communication and sensing problem
is framed as a non-convex optimization task, lacking a closed-form solution. To address
this, we develop a modified version of the learning framework proposed in [3], called
“AttLSTM”, to approximate the optimal beamforming matrix. The model processes past
echo samples from the previous 7 time slots as input and predicts the beamforming ma-
trix for the current time slot. Numerical evaluations show that the proposed model, us-
ing estimated channel data, achieves 80% of the performance of the optimal case with

perfect channel state information (CSI), while meeting the sensing constraints.

2. Research Methodology

2-1.  System Model

In this section, we use the model proposed in [3]. Consider a downlink ISAC V2I
network with a roadside unit (RSU) serves K single-antenna vehicles. The RSU is

equipped with a dual-function radar communication (DFRC) system with massive
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MIMO uniform linear array (ULA), which consists of N; transmit antennas and N,

receive antennas.

2-1-1. Sensing Model

In this ISAC V2I networks, we use the reflected signals, which carry the information of

sensing parameters, as the sensing model. The channel state information and estimated

motion parameters can be extracted from the echo signals.

2-1-2.  \ehicle Mobility and Observation Model

In the networks, we assume the directions of all vehicles are parallel to the road, then

we can characterize the velocity using the model

Vgn = Vgn-1t+ Avk,n—l'

where vy ,, is the average velocity of the k-th at the n-th time slot and Avy, ,,_, is the ve-

locity increment at the (n — 1)-th time slot. Assume vy ,~U (Viin, Viax), Yk, 1.

The observation model can be obtained by adopting the interference cancellation with

the reflected signals. Furthermore, the velocity of each vehicle and the distance between

the RSU and the k-th vehicle obey the observation models.

2-1-3.  Communication Model

The received downlink signal of vehicle k at time slot n can be expressed as
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where G = /N, is the antenna gain. a;.,, = a, ( ) is the path loss coefficient, in
which «, is the path loss at reference distance d, and ¢ is the path loss exponent.
Men (O)~CN (0, a7) is the noise of the k-th vehicle at time slot n. In this case, the

received signal-to-interference-plus-noise ratio (SINR) of the k-th vehicle at time slot n

can be expressed as
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where b , = G /ao(‘l;—'”)—(a” (Hk,n) is the channel vector between vehicle k and the
0

RSU at time slot n.

2-1-4. Transmission Protocol

In this research, we employ a transmission protocol for the system, where the predictive
beamforming matrix for the next time slot is determined in advance. In time slot n, the
RSU transmits data using the predicted optimal beamforming matrix obtained from time
slot (n — 1) and receives the signal echoes simultaneously.

2-2. Problem Formulation

Our objective is to maximize the average achievable communication rate by optimizing
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the beamforming matrix, subject to the power and sensing constraints. The optimization

problem can be formulated as follows:

K

rrv}/arlle log, (1 + SINRk,n(hk,n,Wk,n))]

k=1
K
1
Ez CRLB(Hk,n’ Wk,n)] <VYe
k=1

s.t. E

W% < P.
In this problem, W, is the beamforming matrix and h ,, is the channel vector. For
sensing performance constraint, we choose the average Cramér-Rao lower bound to
characterize the estimation accuracy. CRLB (Bk_n, Wk,n) denotes the Cramér-Rao lower
bound of estimations 6y, ,, given w,, ,,, respectively, which can be expressed as [3].
2-3. Machine Learning-Based Predictive Beamforming for ISAC
In this section, we used the ML-based predictive beamforming framework in [3], which
formulated the training loss. Then we introduce our proposed model to solve the

problem provided in the last section.

2-3-1. ML-Based Predictive Beamforming Framework for ISAC

Since the problem is a constrained optimization problem, however, DL methods cannot
handle such problems, so we transform the problem along with the constraints into an

unconstrained problem using the penalty method [6]. The problem can be rewritten as



follows:

K
max E[f(w,)] = rrv},axE [Z log, (1 + SINRy (R ) wk,n))]

A [max (o, E [%i CRLB (6, wk,n)] — y9>r
k=1
—Az[max(0, [[W,|I# — P)]?,
However, since the expectation of the sum rate and CRLB cannot be expressed as a
closed form, we employ the Monte-Carlo method to approximate the statistical

expectation value, which can be expressed as:

Ne Ne
B =5 f(W) =50 £ (90(957)).

The approximation holds when the number of Monte-Carlo experiments N, is
sufficiently large. g, (+) is the DNN-based mapping function between the input
historical channel data ﬂfl(") and the output beamforming matrix W,(f), w represents the
learning parameters of the DNN model and i = 1, 2, ..., N, is the index of the Monte-

Carlo experiment.

We define the loss function J(w) of the machine learning model:

Ne
1@ = =52 £ (9(2:°))
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Then, we use the machine learning method to obtain the optimal learning parameters w*

to minimize the training loss, i.e. w* = arg min J(w). Finally, the optimal
w
beamforming matrix W3, for any input channel data Q7, can be expressed as:

= Jo (Q7).

2-3-2.  Machine Learning Model for Predictive beamforming

Since the original problem is nonconvex and hard to analytically solve, we introduced a
DNN to optimize the predictive beamforming matrix. We use the channel data of the
past T time slots as the model input. For each time slot, it contains K attention modules
and a concatenate layer. The outputs of each time slots are fed into an LSTM module
and a fully connected layer.

For the training data, there are N, training samples for offline training. The training data
set can be expressed as X = {( o H(l)) (.Qfl(Z),H,(f)), (ﬁfl(Ne),H;Ne))}. Each
GHL

training sample contains the historical channel data Q5" = [H;‘) b HS) -

where H) = [}, h)

Ln "2

,hg?n] is the channel matrix for the n-th time slot, and the

current channel data H,(f). The loss function of the ML model can be expressed as

Ne Kk

J(o) = —i 2 log; (1 + SINRje( R W) (c)))
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~ Z crLB(60, W (9)) ~
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where W(fl) (¢) is the predicted beamforming matrix for the i-th Monte-Carlo
experiment and w(‘) 1, (¢) is the k-th column of W(,? (¢). With the loss function, we can
use the back propagation method to update the learning parameters while training the
network and minimize the loss.

The training hyperparameters and the block diagram of machine learning model is listed

at Table. 1 and Fig. 1.
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Fig. 1: The proposed ML model*

Table. 1: Hyperparameters of the ML model

Input: Historical channel data with size T X K X N; X 2

Layers Parameters Values

qi ki Size 2x1

v; Size Scalar
Attention Module Output size 32x1
Concatenate layer Output size 96 x 1
LSTM module Output size 64 X 1

Output: The optimal beamforming matrix [Re{W,,}, Im{W,,}] € RNex2K

3. Numerical Results

In the simulations, we set K = 3, Nt = Nr = 32. Moreover, we employ a 2D system to

describe this ISAC based V2I networks. Each of the vehicles is randomly positioned

with the mean initial location. We implemented three benchmarks to evaluate the

performance of the model. Our proposed model is labeled as “AttLSTM.” The

following contexts are the details of the other methods:

e Benchmark 1 (Upper bound): A genie-aided value which does not consider multi-

user interference and constraint. Perfect CSlI is used in this benchmark so that the

optimal beamforming matrix can be obtained. This value is viewed as the upper

bound of the performance of this problem.

*  Benchmark 2 (Random Beamforming): The elements of the beamforming matrix

1 To make the diagram simple, we only demonstrate g, for the attention module. The evaluation of all
output elements is described above.
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are randomly set. This method only considers the power constraint.

*  Benchmark 3 (HCL-Net): The ML model proposed in [3], which uses a CNN (one

convolutional layer, one pooling layer and one flatten layer) and an LSTM block to

solve the problem. This method considers both power and sensing constraints.

For our model, the number of training data and test data are set as 8,000 and 2,000,

respectively. The number of epochs is 15 and the batch size is 16. Besides, each point in

the results is obtained through averaging over 2,000 Monte Carlo realizations.

3-1. Communication Performance

The achievable sum rate of these methods and the ML model is shown in Fig. 2.
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Fig. 2: The average achievable sum-rate under different power constraints
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The results show that the average achievable sum rate increases with transmit power, as

higher power enhances signal strength and SINR, improving communication

performance. The AttLSTM model outperforms random beamforming, which neglects

vehicle positions and movement, and achieves performance similar to HCL-Net,

indicating that the attention mechanism effectively captures spatial channel features.

Furthermore, the attention module requires fewer parameters, reducing offline training

complexity compared to CNN-based models. Notably, AttLSTM achieves 80% of the

upper bound performance, demonstrating its ability to accurately predict the

beamforming matrix by extracting spatial and temporal features from historical channel

data with lower complexity.

3-2. Sensing performance

In this part, we investigate the sensing performance of our proposed model and other

ML models. The CRLB of the estimated angle of different models under different power

budgets are shown in Fig. 3:
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Fig. 3: The square root of CRLB of angle under different power constraints

The square root of the CRLB for angle estimation, representing the standard deviation

of the error (which must be below 0.1 rad), is satisfied in all cases. Sensing performance

improves with higher transmit power due to better SINR, enhancing accuracy. The

AttLSTM model slightly outperforms HCL-Net in sensing, demonstrating the attention

mechanism's ability to effectively capture spatial features of the channel.

4. Conclusion

In this research, we formulated the communication problem as an optimization task and

applied a machine learning-based solution. An attention-LSTM architecture was used to

capture both spatial and temporal channel features. Simulation results show that the

communication performance of our proposed model is comparable to the genie-aided

benchmark. Additionally, our model demonstrates strong sensing capabilities,
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maintaining robust performance even with low power budgets. These findings highlight
that our model effectively balances communication and sensing objectives, performing
competitively with other machine learning-based models.

5. Review and Reflections

é_fé;’ygﬂ;z ¢ A x% TOILER AT N AR B ARG g’ﬁﬁﬂ;z A RE R iR vh o

TR LB PTAIE Y G L A B AP AR R e R B R
< ua%.@ = R IPE S NPUNE SRR s A0 il «}; B 03 AR B enArEi o B FE g ARE o
AP R TR AP R TF RF Y R AABRT 0

Mg it 2 S EFY OF TG Aie BB P LERY o AP LT

HB o 2 BB R DGR I PHHE R RS 1 (PR BEA L 4 TP

FoEELREUF ot o S S METIP L AL G v F S
AP BT E PR, Lo B P T o $0 & s A

MARB A a2 > FiEie=x i 4L o "f P JTEA AP RARE 2 o ol K

[LFEZ b 4 P e % o B SRifREE B P Smedi o 4 L E A

(RSP S

6. Reference

[1] F. Dong, F. Liu, Y. Cui, W. Wang, K Han, Z. Wang, “Sensing as a Service in 6G

Perceptive Networks: A Unified Framework for ISAC Resource Allocation,” IEEE

15



Transactions on Wireless Communications, vol. 22, no.5, pp.3522-3536, May 2023.

[2] X. Zhang, W. Yuan, C. Liu, J. Wu, D. W. K. Ng, “Predictive Beamforming for

Vehicles with Complex Behaviors in ISAC Systems: A Deep Learning Approach,”

2024, arXiv:2202.03811.

[3] C. Liu, W. Yuan, S. Li, X. Liu, H. Li, D. W. K. Ng, Y. Li, “Learning-Based

Predictive Beamforming for Integrated Sensing and Communication in Vehicular

Networks,” IEEE Journal on Selected Areas in Communications, vol. 40, no.8, pp.2317-

2334, August 2022.

[4] R. Wang, F. Xia, J. Huang, X. Wang, Z. Fei, “CAP-Net: A Deep Learning-Based

Angle Prediction Approach for ISAC-Enabled RIS-Assisted V21 Communications,”

2022 IEEE 22nd International Conference on Communication Technology, pp. 1255-

1259, 2022.

[5] F. Liu, W. Yuan, C. Masouros, J. Yuan, “Radar-Assisted Predictive Beamforming for

Vehicular Links: Communication Served by Sensing,” IEEE Transactions on Wireless

16


https://arxiv.org/abs/2202.03811

Communications, vol. 19, no.11, pp.7704-7719, November 2020.

[6] P. E. Gill, W. Murray, and M. H. Wright, Practical Optimization. San Diego, CA,

USA: Academic Press, 1981.

17



