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Abstract— Integrated sensing and communication and millime-
ter wave (mmWave) have emerged as pivotal technologies for
6G networks. However, the narrow nature of mmWave beams
requires precise alignments that typically necessitate large train-
ing overhead. This overhead can be reduced by incorporating
the position information with beam adjustments. This letter
proposes a lightweight autorencoder (LAE) model that addresses
the position-assisted beam prediction problem while significantly
reducing computational complexity compared to the conventional
baseline method, i.e., deep fully connected neural network. The
proposed LAE is designed as a three-layer undercomplete network
to exploit its dimensionality reduction capabilities and thereby
mitigate the computational requirements of the trained model.
Simulation results show that the proposed model achieves a
similar beam prediction accuracy to the baseline with an 83%
complexity reduction.

Index Terms— Integrated sensing and communication (ISAC),
millimeter wave (mmWave), autoencoder, beam prediction.

I. INTRODUCTION

INTEGRATED sensing and communication (ISAC),
a promising technology to be included in the 3GPP

Release 19, is poised to be a key enabler for 6G systems [1],
[2], [3], [4]. By jointly optimizing the spectrum and hardware 
resources, ISAC systems enable a realistic co-design
of communication and sensing tasks [5]. Moreover, the 
millimeter-wave (mmWave) technology, offering significant 
improvements in spectral efficiency a nd s patial multiplexing 
capabilities, is essential for current and future wireless
systems [6].

Specific t o t he m mWave t ransmission i s t he n arrow nature 
of the beams, which necessitates precise alignments in order
to provide adequate coverage for users [7]. This technical lim-
itation emphasizes the importance of robust beam prediction 
techniques in mmWave-based communication systems. More-
over, the substantial training overhead required for in-band 
channel estimation, particularly in highly mobile scenarios,
poses a significant challenge for beam t racking. Nevertheless, 
given the imperative reliance of mmWave systems on line-of-
sight (LoS) links, exploiting user position information, e.g., 
global positioning system (GPS), has emerged as a promising
approach to reduce training overhead and facilitate efficient 
beam adjustments [6], [7].
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Fig. 1. A system model integrating the autoencoder beam prediction model
with mmWave ISAC system.

Furthermore, in recent years, application of machine learn-
ing (ML) has been proven to provide an effective solution
to numerous communication problems by enabling accurate
modeling with reduced complexity compared to traditional sta-
tistical models [4], [8], [9]. The capabilities of ML techniques,
in particular neural networks (NNs), in identifying the optimal
beam for a sensing-aided mmWave system are investigated
in [7]. While feed-forward NNs can effectively learn the
complex mapping between the user position and the optimal
beam, its computational complexity and memory footprint
hinder its deployment on resource-constrained equipment. This
highlights the need for more computationally efficient tech-
niques, as real-time processing demands on modern devices
continue to grow.

To fully leverage the capabilities of ML techniques for
beam prediction, in this letter we propose a new lightweight
autoencoder (LAE) architecture that significantly reduces
the computational cost of state-of-the-art models, achieving
approximately an 83% reduction in multiplications, additions,
and model parameters. We design a computationally effi-
cient LAE model, comprising only three hidden layers, and
systematically select its configuration parameters to ensure
robust generalization across multiple datasets that represent
diverse environments of mmWave ISAC systems. The key
contributions of this work are: (i) the development of a struc-
tured, low-complexity LAE tailored for beam prediction on
resource-constrained devices; (ii) a comprehensive complexity
analysis demonstrating substantial reductions in computational
requirements; and (iii) empirical validation showing that the
proposed model achieves prediction accuracy comparable to
NNs across a wide range of real-world scenarios.

II. SYSTEM MODEL AND PROBLEM DEFINITION

A. System Model

We consider a mmWave ISAC system that utilizes an
autoencoder for position-assisted beam alignment, as depicted
in Fig. 1. A single-antenna mmWave mobile unit (MU),
equipped with GPS, transmits its location information to an
autoencoder-based processing unit which aids an Nt-antenna

https://orcid.org/0000-0001-7234-7642
https://orcid.org/0000-0001-8528-0512


stationary mmWave base station (BS) in selecting one of
the B beamforming vectors, wb∈ CNt×1, from a codebook
W = {wb}B

b=1, in order to transmit a complex symbol x. The
received downlink signal can be expressed as y = hT wbx+n,
where h ∈ CNt×1 represents the channel vector between the
mmWave BS antennas and the mmWave MU antenna, and
n ∼ NC

(
0, σ2

)
is the complex-valued Gaussian distributed

noise with zero mean and variance σ2.

B. Problem Definition

Considering the received signal power as the evaluation
metric, the optimal beam maximizes the expected received
power P = E

[
|y|2

]
at the designated user. Consequently,

the ideal beamformer w⋆ is selected to receive the maximum
power P at the BS, and the problem can be formulated as

w⋆ = arg max
w∈W

∣∣∣hT w
∣∣∣2 [7]. The typical challenges associated

with acquiring the channel information h, and the reliance
of mmWave systems on narrow, directional beams and LoS
paths, motivate using real-time position information as an
alternative to the direct channel estimation for the beam
selection, i.e., bypassing the explicit estimation of hT [7]. The
problem now shifts to approximate w⋆ by estimating ŵ that
maximizes P (ŵ = w⋆|p), where p = (glat, glong) denotes
the 2-D position vector, with glat and glong as the latitude
and longitude GPS coordinates, respectively.

By collecting proper observations of the position and
corresponding optimal beam pairs, ML techniques can be
effectively utilized to learn the mapping between posi-
tion and beam. Using a captured Q-labeled dataset, i.e.,
Q =

{(
pq,w⋆

q

)
: q = 1, · · · , Q

}
, an ML algorithm can

estimate the class probability vector C ∈ {c1, · · · , cB},
with cb = P (wb = w⋆) and b ∈ {1, · · · , B}, in order
to choose the beamformer with the highest probability,
i.e., ŵ = wb̂, b̂ = arg max

b∈{1,··· ,B}
cb.

III. PROPOSED AUTOENCODER (AE) ARCHITECTURE

An AE is an NN architecture composed of two primary
components: an encoder and a decoder [10]. Typically, the
encoder compresses the input data into a compact latent code,
while the decoder aims to reconstruct the original data from
this latent code. The training objective is to minimize the
reconstruction loss, which measures the discrepancy between
the reconstructed and original data.

In this work, we utilize the dimensionality reduction proper-
ties of an undercomplete AE structure, wherein the code space
has fewer dimensions than the input space, to learn a compact
representation of the data that captures the most pertinent
features, leading to a low-complexity model. Moreover, our
proposed model is a lightweight AE named LAE, composed
of three layers, with the middle (latent) layer shared between
the encoder and decoder, as depicted in Fig. 1.

Given that the input features represent user positions (two
correlated values) and the target is a single beam index,
the beam prediction problem is inherently low-dimensional.
To ensure minimal information loss during compression, a
2:1 ratio is chosen between the encoder/decoder layers and

Fig. 2. LAE design and selection workflow.

the latent layer, after evaluating both 2:1 and 4:1 ratios and
determining that 2:1 provides better performance. To further
balance complexity and accuracy, we conducted systematic
experimentation and analysis across multiple autoencoder
configurations, ultimately selecting two lightweight models,
namely LAE-636 and LAE-424, that offer favorable trade-offs
between computational complexity and predictive accuracy.

Specifically, LAE-636(j) is a 3-layers AE that utilizes a 2:1
compression ratio and a latent dimension of 3j, resulting in
an architecture with 6j, 3j, and 6j hidden neurons in the first,
latent, and last layers, respectively, where j is a predetermined
number of hidden neurons. LAE-424(j) follows a similar
structure but with a latent dimension of 2j. As examples,
LAE-636(10) is a basic AE with an initial layer consisting
of 60 neurons, a latent space dimension of 30, and a final
layer comprising 60 neurons, while LAE-424(10) is an AE
with a 40-20-40 structure.

Finally, we trained and tested the models on nine datasets
collected under diverse conditions, including variations in time
of day, weather, and data volume. This demonstrates the
robustness and generalization capability of the proposed LAEs
while reducing the risk of overfitting to any specific scenario.
The LAE design and selection workflow is shown in Fig. 2.

IV. DATASET ANALYSIS AND BEST LAE
CONFIGURATIONS SELECTION

A. Dataset Analysis

In this work, we utilize the dataset from [7], which is
part of the comprehensive DeepSense dataset for 6G learning
research [9]. All nine scenarios outlined in [7] are employed
to conduct a thorough evaluation of the performance of the
proposed LAE models in comparison to the baseline in [7],
namely FCN3(256).1 Two units were used to collect the
dataset, emulating the mmWave ISAC system shown in Fig. 1.
The first unit, a stationary mmWave BS equipped with a
16-element 60 GHz-band phased array, outputs a 64-element
vector, along with the received power at each beam.2 The
second unit, a mobile vehicle, represents the MU and is

1We select FCN3(256), a three-layer NN with 256 hidden neurons, as a
baseline due to its superior performance within the evaluated ML models [7].

2The first unit includes additional hardware like cameras and radar, but this
work focuses on position-to-beam mapping using beam power data and GPS
coordinates. The BS uses analog beamforming with a 16-element phased array,
selecting one beam from a 64-beam codebook per user. The dataset is single-
user, as per the testbed design. Details on the hardware and system setup are
in [11]. Extending this framework to multi-user beam prediction is a promising
future direction requiring additional data and system-level considerations.
Moreover, future work could explore sensor fusion approaches, such as
integrating GPS with inertial, radar, or vision sensors, to improve localization
robustness and beam prediction accuracy under varying localization precision
and environmental conditions [9], [13].



TABLE I
FEATURES OF THE NINE DATASET SCENARIOS FOR STREET-LEVEL

MMWAVE COMMUNICATION [9], [11]

equipped with a 60 GHz omni-directional mmWave trans-
mitter and a GPS receiver capable of outputting 10 location
measurements per second and supports real-time kinematic
(RTK) for centimeter-level accuracy. However, since the exact
GPS mode used during data collection is not specified,
we conservatively consider a typical differential GPS accuracy
(∼2.5 m) as the upper bound during model training. However,
it worth mentioning that the proposed model is trained on
real-world data collected under these conditions, allowing it
to implicitly learn and adapt to the inherent imperfections in
positioning accuracy. Finally, the dataset was collected from
multiple locations across the Arizona State University campus,
capturing a diverse range of real-world scenarios.

A summary of the features and the number of data samples
collected for each scenario is presented in Table I. As can be
observed in this table, the nine scenarios encompass a diverse
range of operating conditions, with each scenario comprising
hundreds to thousands of data samples. Scenarios 5, 6, and
7 present the most challenging conditions for training ML
models. The dataset for scenarios 6 and 7 contains a limited
number of captured samples, which can potentially constrain
the learning capabilities of ML algorithms, particularly those
whose performance is significantly influenced by the size of
the training dataset, such as NNs. Further, the data collected
for scenario 5 was acquired under rainy weather conditions,
which can degrade the mmWave signal propagation due to
increased absorption and scattering losses. This can lead to
noisy data, making it more difficult for the ML algorithms to
learn the underlying position-beam mapping function.

Finally, it is important to note that although no dataset can
fully represent all possible deployment scenarios, by training
and testing the model across this diverse set of conditions,
we ensure that the learned representations are not tailored
to any single data distribution. Instead, the model learns
to capture underlying spatial and propagation patterns that
are common across environments, resulting in a generic and
deployment-ready solution.

B. Best LAE Configurations Selection

1) Configuration (1): LAE-636: In this analysis, we exam-
ine the LAE-636 structure with a range of hidden neu-
ron values j = {20, 21, . . . , 30}3 and compare the

3We tested other neuron structures outside the range of 20-30 for AE-636
and 30-40 for AE-424. However, these structures either performed worse or
similarly to those within the specified ranges, while also being more complex.
Therefore, we focused our analysis on the 20-30 range for AE-636 and 30-40
range for AE-424.

achieved performance, i.e., top-1 beam prediction accuracy,
of each structure to the baseline FCN3(256). Figure 3 (left
plot) presents a heatmap illustrating the accuracy differences
between the baseline and the tested LAE-636 structures for
each of the nine scenarios described above.

In addition, we employed the minimum-maximum differ-
ence (MinMaxDiff) evaluation metric to determine the largest
accuracy difference between the baseline and LAE structures
for each scenario. Besides, the minimum-average difference
(MinAvgDiff) metric was used to further differentiate the
models by calculating the average of the accuracy differences
between the LAE structures and the baseline across all the
entire nine scenarios. The former metric identifies the model
with the largest accuracy drop, while the latter provides an
overall assessment of the model’s performance relative to the
baseline, taking into account both gains and losses across
all testing scenarios. The MinAvgDiff metric also considers
the individual accuracy gains of the LAE structures in spe-
cific scenarios. For instance, LAE-636(30) exhibits accuracy
gains of 1.32%, 0.33%, and 0.74% over the baseline in
scenarios 3, 7, and 9, respectively, demonstrating performance
advantages not evident in the MinMaxDiff metric.

Finally, LAE-636(30) is selected for further analysis due
to its optimal performance in terms of both MinMaxDiff and
MinAvgDiff, as shown in Fig. 3 (right plot).

2) Configuration (2): LAE-424: Similarly, the performance
of the LAE-424 structure was assessed for a range of
hidden neurons j = {30, 31, . . . , 40}. The achieved top-1
beam prediction accuracy of each structure was compared
to the baseline FCN3(256) model. Figure 3 (middle plot)
provides a detailed comparison of the accuracy differences
between the examined LAE-424 structures and the base-
line for each scenario. The LAE-424(38) and LAE-424(32)
structures are selected as they exhibit the lowest Min-
MaxDiff and MinAvgDiff, respectively, as shown in Fig. 3
(right plot).

In the analysis of Fig. 3, hyperparameter tuning is performed
to optimize the LAE models. The following hyperparameter
spaces are explored: batch size (BZ) = {4, 8, 16, 32, 64, 128},
learning rate (LR) = {0.0001, 0.001, 0.01}, and activation
function (AF) = {Sigmoid,ReLU}. The optimal hyperpa-
rameter values are found to be BZ = 16, LR = 0.01, and
AF = ReLU .4

V. RESULTS AND DISCUSSION

A. Numerical Results

In this subsection, we analyze the top-1 and top-k beam
prediction accuracies to evaluate the performance of the
proposed LAE models in comparison to the baseline. The
large number of employed beams (64) transforms the beam
prediction problem into a challenging multi-label classifica-
tion task. As such, to provide a more lenient measure of
performance and assess model robustness, we include both

4Notably, the main framework code and the datasets employed in this study
are publicly accessible online [7], [11].



Fig. 3. Accuracy differences [%] between the baseline, i.e., FCN3(256), and configuration (1), i.e., LAE-636, (left) and configuration (2), i.e., LAE-424,
(center). MinMaxDiff and MinAvgDiff values for both LAE-636 and LAE-424 configurations (right).

Fig. 4. Top-1 beam prediction accuracy for the LAE and baseline models.

top-1 and top-k5 beam prediction accuracy as performance
indicators. In addition to the analysis of beam prediction
accuracy, we analyze the power loss between the predicted
and actual beams, and the effect of changing the codebook
size on the model performance.

Utilizing the aforementioned dataset, we optimize the LAE
structures to achieve performance comparable to that of the
baseline across the entire range of the real-world scenarios.
Figure 4 shows the top-1 beam prediction accuracy of the
pre-selected LAE models, i.e., LAE-636(30), LAE-424(38),
and LAE-424(32), compared to the FCN3(256) baseline, for
all scenarios. As depicted in Fig. 4, the selected LAE models
perform similarly to the baseline across all nine scenarios.
Moreover, Fig. 3 demonstrates that the three LAE models
achieve a minimal accuracy gap of up to 2.47% relative to
the baseline.

Additionally, Fig. 5 provides a comparative analysis of the
top-k beam accuracy for the different models, with a focus
on scenario 5 (rainy conditions), scenarios 3, 6, and 7 (small
datasets), and scenario 9 (large dataset). As depicted in Fig. 5,
the LAE and the baseline models exhibit similar generalization
patterns, emphasizing the comparable performance achieved
by the proposed LAE architecture. We select the LAE-424(32)
model for the upcoming analysis as it attains the closest
performance to the baseline in terms of both top-1 and top-k
beam prediction accuracy.

Further, a rigorous metric for assessing system perfor-
mance is the power loss between predicted and actual beam;

5Regardless of the primary objective of identifying the most effective beam,
i.e., the top-1 predicted beam, the selection of subsequent beams can still
contribute to covering the designated user, although they are not the optimal
choice.

the average power loss L can be expressed as L[dB] =
10 log10

(
1
Q

∑Q
q=1

P q
w⋆−Pn

P q
ŵ−Pn

)
, where P q

w⋆ and P q
ŵ are the

ground truth beam and predicted beam powers, respectively,
and Pn is the scenario noise power [7]. Table II presents a
comparative analysis of the power loss for both the selected
LAE-424(32) model and the baseline model. As inferred
from the table, the proposed LAE-424(32) model exhibits
comparable performance to the baseline across the entire range
of scenarios and it further outperforms the baseline in five
scenarios, i.e., scenarios 1, 4, 6, 7, and 9.

Finally, we evaluate the top-1 beam prediction accuracy of
the proposed LAE-424(32) and baseline models for different
codebook sizes in Fig. 6. The figure shows that the proposed
LAE-424(32) model acquires similar performance to the base-
line across different numbers of employed beams. Notably, the
proposed LAE-424(32) model exhibits superior performance
to the baseline for a greater number of scenarios when smaller
codebook sizes are employed.

B. Complexity Evaluation

An NN-based model constructed from a set of fully-
connected dense layers S requires a total number of
parameters equal to θD =

∑
S
i=1θdi, with θdi =

mhd
di

(
2mhd

d(i−1) + 1
)

, where mhd
di is the number of hidden

neurons in layer i and mhd
d(i−1) is the number of hidden

neurons in its previous layer i− 1 [12]. Similarly, the number
of required multiplications (MUL) or additions (ADD) can be
computed as

∑
S
i=1m

hd
di mhd

d(i−1) [12].6

Table III presents the complexity reduction achieved by the
candidate LAE models compared to the baseline. As can be
seen from the table, the highest complexity reduction of over
83% in terms of the number of multiplications, additions, and
memory requirements, i.e., model parameters, is offered by
the LAE-424(32) model. The remaining LAE models also
demonstrate significant complexity reduction, ranging from
approximately 70% to 77%.

Eventually, the proposed LAE-424(32) model offers a sig-
nificant complexity reduction of over 83% compared to the
baseline, while maintaining a high level of performance with
less than 2.5% loss in beam prediction accuracy as evident
from Table III. Furthermore, LAE-424(32) has an average

6Both the FCN3(256) and AE models employ a ReLU activation function,
which is assumed to require a single floating-point operation [12]. Conse-
quently, the computational cost associated with ReLU activations is neglected
in our calculations.



Fig. 5. Top-k beam prediction accuracy for scenarios 3, 5, 6, 7 and 9.

TABLE II
POWER LOSS FOR THE PROPOSED LAE-424(32) AND BASELINE MODELS

Fig. 6. Top-1 beam prediction accuracy at different codebook sizes (number
of beams) for the proposed LAE and baseline models.

TABLE III
QUANTITATIVE COMPARISON IN TERMS OF

COMPLEXITY AND ACCURACY

accuracy degradation of only 0.55% compared to the baseline
across all tested scenarios, as indicated in Table III, which
demonstrates the model’s ability to generalize to different
environmental conditions, highlighting its robustness and real-
world applicability.

In summary, this work introduced an optimized LAE archi-
tecture for beam prediction in mmWave ISAC systems, with
the LAE-424(32) model emerging as a particularly effec-
tive configuration. Through systematic structural tuning and
parameter selection, the model achieves accuracy on par
with the baseline while delivering substantial reductions in
computational and memory demands, demonstrating the effec-
tiveness of architectural optimization in enabling lightweight
and practical deployment.

VI. CONCLUSION

In this letter, we proposed a lightweight autoencoder (LAE)
model for position-assisted beam prediction. The proposed
LAE model, constructed from an undercomplete structure
with only three layers, leverages dimensionality reduction to

efficiently learn the mapping between position and beam.
Evaluated on a comprehensive real-world dataset encompass-
ing nine distinct mmWave ISAC communication scenarios,
the proposed model demonstrates comparable performance to
the baseline, achieving an average beam prediction accuracy
loss of only 0.55% while significantly reducing computational
complexity by over 83%.
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