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ABSTRACT Integrated sensing and communication (ISAC) has gained significant traction in recent
years, primarily because it allows existing communication infrastructure to support sensing applications
with minimal additional costs. In particular, millimeter-wave (mmWave) ISAC has the potential to offer
improved sensing performance in applications such as pose estimation and gesture recognition. For
complex sensing tasks and environments, data-driven sensing, which relies on deep learning, is becoming
increasingly popular and has shown promising results. However, deep learning models for these tasks
require large labeled datasets to achieve high accuracy. Dataset collection and labeling are labor-intensive
and time-consuming. Consequently, there is growing interest in leveraging unlabeled data to overcome
these challenges. To address this, we propose mmGAN, a semi-supervised method for ISAC-based gesture
recognition. We propose a novel loss function for mmGAN based on softplus, feature matching, and
manifold regularization to significantly improve gesture recognition performance. We evaluate mmGAN
on a 5G Orthogonal Frequency Division Multiplexing (OFDM) mmWave dataset comprising power per
beam pair measurements. When training both mmGAN and the supervised baseline with only 0.6% of
the labeled data, mmGAN demonstrates up to 25 percentage points higher accuracy than the supervised
baseline. Our method serves as a strong foundation for cross-subject transfer learning, demonstrating the
significant value of leveraging unlabeled data to enhance cross-domain sensing performance in ISAC
systems. Our results demonstrate that the proposed loss function achieves superior performance across
diverse subjects. Further, mmGAN significantly narrows the performance gap between semi-supervised
and fully supervised models on the publicly available Widar dataset. Moreover, we provide an interpretable
analysis of mmGAN performance through saliency maps and ablation studies, revealing key insights into
the model’s behavior and generalization. This work is the first to evaluate gesture recognition performance
in 5G OFDM mmWave ISAC systems using a semi-supervised learning approach, covering the entire
pipeline from testbed implementation to model evaluation.

INDEX TERMS 5G, beam sweeping, generative adversarial networks, GAN, integrated sensing and
communication, millimeter-wave, semi-supervised learning.

I. INTRODUCTION leverages existing communication infrastructure for various
NTEGRATED sensing and communication sensing applications such as gesture recognition [4], [5],
(ISAC) [I11, [2], [3] is an emerging technology that pose estimation [6], [7], localization [8], [9] and gait
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FIGURE 1. 5G OFDM mmWave ISAC gesture recognition system.

identification [10], [11]. ISAC is seen as a key enabler
for the future 6G networks [2], [12]. Moreover, recent
standardization efforts, such as IEEE 802.11bf for
Wi-Fi, further underscore the growing momentum around
ISAC [13]. Integrating sensing capabilities into the network
can transform it into a “perceptive network™” that gathers
environmental data. This will play a crucial role in envisioned
6G applications, such as digital twins, extended reality (XR),
and network-assisted mobility.

Millimeter-wave (mmWave) ISAC offers additional advan-
tages due to its high bandwidth and the use of large antenna
arrays, which enable improved sensing resolution [14].
Recent works in mmWave ISAC show promising results in
the sensing applications mentioned earlier [15], [16], [17].
Deep Learning (DL) has been a major driving force behind
the success of ISAC for such advanced sensing applications
[4], [5]. Data-driven sensing utilizing Deep Neural Networks
(DNNs) can automatically learn relevant features directly
from raw data, significantly reducing or even eliminating
the need for traditional signal processing. In contrast,
model-based approaches based on physical theories [18]
require efforts to build suitable models and find the right
model parameters. Moreover, model-based approaches do
not generalize well to complex and dynamic targets and
environments, as the modeling effort would be too complex.

However, ISAC-based applications relying on DL face an
important challenge. DL-based systems for ISAC rely on
fully supervised methods, requiring large amounts of high-
quality labeled data to achieve high accuracy. Collecting
labeled data is time-consuming, labor-intensive, and often
infeasible for applications such as gesture recognition, where
each gesture must be manually annotated. Moreover, wireless
signals lack cues that can be easily interpreted by humans,
which are found in image-based systems, making the
annotation process even more complex. As a result, obtaining
large and high-quality labeled datasets for ISAC applications
is challenging and costly [19], [20]. Consequently, ISAC
lags behind computer vision in terms of the availability of
large, publicly accessible datasets. This challenge is even
more pronounced for mmWave ISAC, due to the scarcity
of research-grade hardware and commercial-off-the-shelf
(COTS) devices operating at such frequencies.

In contrast, unlabeled data can be collected at a low
cost and continuously without the need for manual anno-
tation. The problem lies in harnessing this vast amount
of unlabeled data to improve the performance of ISAC-
based systems. Recent research emphasizes the potential of
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utilizing unlabeled data to build more generic foundation
models [21], [22], [23]. These models can leverage large
volumes of unlabeled data, adapt effectively to various tasks,
and reduce the risk of overfitting [24], a common challenge
when working with limited labeled data. Leveraging unla-
beled data helps mmWave ISAC systems overcome labeled
data scarcity, making them more scalable and adaptable to
diverse real-world sensing tasks.

In this work, we propose mmGAN, a Semi-Supervised
Learning (SSL) framework for mmWave ISAC-based gesture
recognition, focusing on in-domain scenarios. mmGAN
leverages 5G mmWave OFDM signals and Generative
Adversarial Network (GAN) for improved gesture recog-
nition (cf., Figure 1). We propose a novel loss function
for mmGAN based on feature matching [25], manifold
regularization [26], and softplus loss, to achieve stable and
effective semi-supervised training across diverse subjects and
under extremely low-label settings. We evaluate mmGAN on
a novel 5G mmWave OFDM dataset. Specifically, we extract
power per beam pair (PPBP) measurements from 5G signals
and input them into mmGAN for classification into one of
eight gestures or classes. To the best of our knowledge,
this represents a pioneering effort towards developing a
comprehensive 5G mmWave dataset for ISAC-based gesture
recognition.

We begin by establishing a supervised baseline using
a custom Convolutional Neural Network (CNN). We also
compare mmGAN to other baselines, such as ResNet18 and
a CNN with batch normalization (BN) layers. Then we use
the same CNN in the discriminator of mmGAN for a fair
comparison. Traditionally, in GANSs, the discriminator is a
binary classifier. However, we turn the mmGAN discrimi-
nator into a multi-class classifier that has dual functionality,
i.e., to assign correct labels to the data (standard classifier
loss) and to distinguish between real and fake data. This
duality results in a GAN loss that combines supervised loss
(label loss) and unsupervised loss, allowing the discriminator
to learn from both labeled and unlabeled data. We show that
the proposed loss function performs better than binary cross
entropy (BCE) and the loss proposed in works [25], [27].
mmGAN can therefore significantly improve gesture recog-
nition accuracy across diverse subjects. Moreover, mmGAN
beats Auto-Fi [28], a state-of-the-art self-supervised method
for Wi-Fi sensing, across all percentages of labeled data.
Additionally, we evaluate our method on the sub-6 GHz
Widar dataset [29], a widely recognized benchmark for
wireless sensing, where our approach demonstrates superior
performance. Furthermore, we go beyond accuracy metrics
and dig deeper to analyze mmGAN’s performance. We
examine its feature representations, report class-wise metrics
such as Fl-scores, and provide an interpretability analysis
with Explainable Al (XAI) that offers novel insights into the
model’s behavior and generalization.

A. CONTRIBUTIONS
The contributions of this work can be summarized as follows:
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1) 5G mmWave ISAC system: We are the first to develop
and evaluate a 5G OFDM mmWave ISAC system for
gesture recognition covering the whole pipeline, from
testbed implementation, dataset collection,! to model
evaluation. This contrasts most prior practical ISAC
works, which rely on Wi-Fi signals [4], [7], [30], [31].

2) Semi-supervised GAN framework (mmGAN): To
leverage unlabeled data, we propose mmGAN, a GAN-
based approach designed to enhance the generalization
of mmWave ISAC in label-scarce scenarios. Our design
enables mmGAN to utilize labeled, unlabeled, and
generated data for learning. This stands in contrast
with state-of-the-art GAN-based approaches, such as
W-GAN [30], WiGAN [32], and CSI4Free [33], which
do not support the use of unlabeled data. Leveraging
unlabeled data not only improves the decision bound-
aries of mmGAN for classification but also encourages
it to learn generalized representations, a step towards
foundation learning. Moreover, the discriminator of
mmGAN is a lightweight CNN that can be deployed
on resource-constrained devices.

3) Robust loss for low-label ISAC: We propose a novel
loss function for mmWave ISAC that combines the
advantages of softplus, feature matching, and manifold
regularization. This addresses the problem of unstable
GAN training, poor feature discrimination, and gen-
eralization across diverse distributions under low-label
settings. Further, the proposed loss ensures meaningful
gradient updates to the generator even when the
discriminator saturates, addressing the problem of van-
ishing gradients (such as in BCE loss). Consequently,
this results in better classification performance across
diverse subjects than BCE, Least Squares [27], and
feature matching loss [25].

4) PPBP-based sensing: In terms of ISAC, our work’s
novelty lies in the utilization of PPBP, rather than chan-
nel state information (CSI) or micro-Doppler. PPBP is
more robust (e.g., to phase noise) and practical (e.g.,
not requiring advanced synchronization). Moreover,
the PPBP measurements can be easily extracted from
the communication signals, rather than relying on
dedicated sensing packets. This makes our approach
especially suitable for ISAC, entailing no overhead or
additional resource utilization.

5) Comprehensive evaluation and interpretability: We
address the problem of quantitatively evaluating the
quality of the generated samples, which is made
more challenging by the difficulty of visualizing
radio signals compared to, e.g., images. To this end,
we reconsider the evaluation metric for GANs in
ISAC, adopting Fréchet Classifier Distance (FCD). We
dig deeper inside mmGAN and compute class-wise
metrics, and examine the internal feature space to

IThe dataset is available via https://ieee-dataport.org/documents/mmh
sense-multi-modal-and-distributed-mmwave-isac-datasets-human-sensing.
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gain additional insights. Further, we provide an inter-
pretable analysis of mmGAN’s performance through
XAI techniques by computing global saliency maps
that reveal the model’s attention, identifying the key
areas of focus, and performing an ablation study to
validate the importance. This provides novel insights
into the model’s behavior and generalization, which
prior GAN works on the ISAC lack.

Several studies [30], [34], [35] have employed GANs to
improve generalization. However, such works [34], [35]
concentrate on cross-domain scenarios (leave-one-user-out
settings). In contrast, our work focuses on in-domain
scenarios. In our setting, the labeled, unlabeled, and test data
belong to the same domain (same subject). Our objective
is to narrow down the performance gap with a fully
supervised baseline by leveraging a minimal amount of
labeled data. Specifically, we target extremely low-label
scenarios, such as a 5-shot setting [36], to demonstrate the
effectiveness of our approach. The evaluation of diverse
baselines, loss functions, and generator architectures reveals
notable findings, delivering important lessons for the research
community to advance data-driven generative research for
ISAC in SSL settings.

B. PAPER STRUCTURE

The remainder of the paper is structured as follows:
Section II explains the motivation behind SSL and the
utilization of unlabeled data. Section IIl reviews related
work on gesture recognition and SSL. Section IV provides
background on SSL, GAN, and Beam Sweeping. Section V
outlines the ISAC system model. In Section VI, we present
our method, mmGAN. Section VII covers the experimental
settings and results. Section VIII details the advanced studies.
Sections IX and X present the discussion and conclusion,
respectively. Finally, Section XI covers the limitations and
directions for future work.

Il. MOTIVATION: LEARNING FROM UNLABELED DATA
Current ISAC-based systems that utilize deep learning
require substantial volumes of labeled data to achieve good
performance. The process of labeling this data is both
costly and labor-intensive, as each training example must be
annotated [19]. Additionally, the expense of labeling data for
each new user or environment presents a significant obstacle
to deploying these systems. The complexity of labeling
varies across different ISAC tasks. For instance, person
identification involves straightforward labeling. In contrast,
labeling becomes more complicated for gesture recognition,
as it requires annotating multiple gestures, each repeated
numerous times. Pose tracking, on the other hand, demands a
camera synchronized tightly with the ISAC system to obtain
the ground truth accurately.

Our mmGAN addresses this challenge by utilizing a small
portion of labeled data and a large amount of unlabeled data
from the same domain. This differs from works that focus on
cross-domain settings [34], [35]. In the SSL setting, training
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examples such as gestures or poses are manually labeled
for a subset of the data or by employing auxiliary systems
such as cameras or other motion capture systems. The ISAC
system continuously gathers unlabeled data as users interact
with it. This data can be leveraged to further train the system,
enabling the model to learn valuable features without the
need for explicit labels.

By using a small portion of labeled data, we cut down
the time and expense required for annotation, making the
system much more practical. Moreover, as users interact with
the system, their behavior may vary over time, meaning that
the gestures might be performed differently or at different
paces, leading to a distribution gap between the training
and test data. By occasionally collecting unlabeled data
as performance declines, the system can adapt to these
subtle changes, ultimately improving accuracy. Learning
from unlabeled data has gained significant attention within
the research community, especially in the context of foun-
dation learning [23], where the focus is on leveraging large
quantities of unlabeled data to improve model performance
and adaptability to diverse downstream tasks. Learning from
unlabeled data allows the model to learn something generic,
and we hypothesize that our method trained in such a way
can therefore serve as a strong initializer for cross-subject
transfer learning [37].

lll. RELATED WORK

This section covers recent developments in gesture recogni-
tion with mmWave ISAC and the use of SSL techniques in
ISAC applications.

A. GESTURE RECOGNITION WITH mmWAVE ISAC

While the sub-6 GHz ISAC has advanced significantly,
progress in mmWave ISAC has been relatively limited. This
is primarily due to hardware costs and availability, limited
large-scale public datasets, and the complexities of data
collection, including high sampling rates and memory con-
straints. In this section, we examine the major contributions
to mmWave ISAC, particularly in the context of gesture
recognition. Yu et al. [16] made a pioneering contribution to
mmWave Wi-Fi sensing. The authors used mid-grained beam
Signal-to-Noise Ratio (SNR) for human pose classification.
A single user performed a set of 8 distinct poses. The
authors used a DNN to extract features from different poses
and were able to achieve around 89% accuracy in pose
classification. Bhat et al. [17] extracted mmWave CSI from
60 GHz Wi-Fi access points (APs). The authors collected a
dataset of 3 users performing a set of 8 poses. Microsoft
Kinect was used as a ground truth. Both pose regression and
pose classification were considered. A CNN was used to
map changes in CSI to different poses. The authors reported
93.6% accuracy in classifying poses on a combined dataset of
3 users. For pose estimation, the authors achieved an MSE of
0.0048 between the true skeletons and predicted ones using
mmWave Wi-Fi. Recently, Pegoraro et al. [20] published a
mmWave dataset for ISAC-based activity recognition. The
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authors used IEEE 802.11ay-compliant packets. Different
from the previous works, a 60 GHz SDR is used to collect
a dataset of channel estimates to perform human sensing
tasks. The dataset consists of 7 subjects performing a set of
4 activities.

While there has been limited yet promising research in
mmWave ISAC, studies such as those by Yu et al. [16],
and Bhat et al. [17] have focused on a small number
of participants, with only 1 and 3 users, respectively.
Similarly, Pegoraro et al. [20] included 7 users but restricted
their analysis to just 4 activities. In contrast, our work
addresses these limitations by collecting a comprehensive
mmWave dataset involving 8 users, each performing 8
distinct gestures that include both dynamic movements
and static poses, covering a wide range of motion types.
This provides more opportunities to study the domain gap
and improve transfer learning techniques. Moreover, while
the aforementioned studies focus on transmitting packets
compliant with mmWave Wi-Fi standards IEEE 802.11ad
and 802.11ay standards, our ISAC system utilizes the 5G
NR cellular OFDM waveform. To our knowledge, this is the
first study to leverage 5G OFDM mmWave communication
signals for gesture recognition. This forms the basis for
ISAC integration in future 6G standards. Moreover, existing
methods that depend on channel impulse response (CIR)
or CSI are not easily accessible on COTS devices without
requiring software modifications. In contrast, we leverage
PPBP robust to hardware imperfections such as phase errors.
PPBP is computed in hardware with minimal complexity,
is accessible to users on COTS devices, and addition-
ally reduces the complexity of the method and the size
of DNN.

B. SEMI-SUPERVISED LEARNING

In various fields, such as text, speech, images, and wireless
sensing, there is a vast amount of unlabeled data available,
while obtaining labeled data can be expensive. This has
sparked considerable interest in SSL [38], which leverages
both labeled and unlabeled data for training. Njima et al. [30]
propose a semi-supervised approach to enhance indoor local-
ization accuracy using Wi-Fi signals. They introduce two
solutions: one based on pseudo-labeling and another utilizing
a GAN. In the first approach, a DNN generates pseudo-labels
for the unlabeled data by leveraging the available labeled
data. These pseudo-labeled and real labeled datasets are then
combined to train a generic localization model. Coefficient
weights are applied to emphasize the most confident samples,
thereby increasing their impact on the training process. In
the second approach, the authors use a conditional GAN to
generate synthetic Received Signal Strength Indicator (RSSI)
data along with corresponding coordinates (labels). The real
and synthetic data are then merged to train a localization-
focused DNN, with coefficient weights employed to limit
the influence of the less confident samples. The proposed
methods improve localization accuracy by 10.11% and
8.53%, respectively.
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FIGURE 2. t-SNE embeddings of high-dimensional input data: In-domain distribution gap.

Recently, self-supervised learning has also been used in
Wi-Fi sensing to improve the performance of the downstream
classifier. Yang et al. [28] propose Auto-Fi, an annotation-
efficient method for human activity recognition based on
Wi-Fi signals. The Auto-Fi framework leverages contrastive
learning and mutual information and employs a novel
geometric structural loss, which helps Auto-Fi to enable
various downstream tasks. The authors use a traditional
contrastive learning approach, i.e., augmenting CSI and
generating two views, and then employing a geometric
structural loss. After unsupervised pre-training, a supervised
calibration module can transfer the knowledge to the required
downstream tasks. This method is similar to the work by
Chen et al. [39]. The method outperforms other SSL methods
on the UT-HAR dataset under 10-shot and 20-shot settings.
Similarly, Bocus et al. [40] present a self-supervised learning
framework based on contrastive learning to improve the
performance of the supervised method. The authors use
an Alex-Net-based encoder for unsupervised pre-training.
A Normalized Temperature Cross-entropy (NT-Xent) is
employed for contrastive loss. Supervised fine-tuning on a
small labeled dataset follows unsupervised pre-training. The
results reveal a 22% increase in macro F1 score when only
1.29% of labeled training samples are considered in the fine-
tuning stage.

The existing research demonstrates the potential of SSL,
particularly in enhancing the performance of supervised
methods by utilizing readily available unlabeled data.
Pseudo-label-based approaches [30] are highly sensitive to
noise, as the generated pseudo-labels can be unreliable.
Self-supervised methods [28], [39], in contrast, have shown
promising results in image classification but rely heavily on
strong augmentations like translation and rotation, which are
unsuitable for wireless signals, as the underlying semantic
content may not be preserved under these augmentations.
GAN-based methods offer an alternative by generating syn-
thetic data that mirrors the distribution of real data, thereby
helping classifiers establish robust decision boundaries with-
out relying on hand-crafted augmentations. Additionally,
GANs’ ability to learn complex data distributions makes
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them essential components in developing foundation mod-
els [23], a class of Generative Al designed to learn from
vast amounts of unlabeled data for tasks ranging from text
generation to image synthesis. Inspired by this, we propose
mmGAN, a GAN-based method to effectively leverage both
unlabeled data and a small set of labeled data for enhanced
mmWave gesture recognition. We propose a novel loss
function that combines the advantages of softplus, manifold
regularization, and feature matching, and show its advantages
against BCE and feature matching loss. To the best of
our knowledge, this is the first attempt to use GANs for
leveraging unlabeled data to improve ISAC-based mmWave
gesture recognition performance in in-domain scenarios.
Our method outperforms Auto-Fi [28] at all percentages of
labeled training data. Moreover, mmGAN shows improved
generalization in cross-domain transfer learning with limited
data from the target domain. Additionally, the discriminator
of mmGAN occupies only 0.57 MB of memory, with
only 150K parameters and an average inference latency
of 0.6 milliseconds, making it suitable to be deployed on
resource-constrained devices.

IV. BACKGROUND
A. SEMI-SUPERVISED LEARNING
In classical machine learning problems, we have a set of
M ordered labeled data points Dy = {(xy, ym)}%zl, where
each x,, is the data and y,, is its corresponding label. Dy,
essentially represents the labeled data. Based on this ordered
pair, supervised algorithms attempt to learn a function or
mapping f : X — Y such that for a given input x € X,
the predicted output y = f(x) is as close as possible to the
true label y for any unseen data point x'. However, in many
real-world problems, we also have access to U unlabeled
data points, Dy = {xu};j=1 such as test data, on which we
want to make predictions. Although the labels y are unknown
for these data points, the features can still be useful for
improving the model, especially in SSL or unsupervised
learning settings.

Leveraging both labeled and unlabeled data in machine
learning offers significant advantages, such as reducing the
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FIGURE 3. GAN architecture: Generator generates fake data while discriminator
tries to identify fake and real data.

costs and time associated with data labeling, enhancing
model generalization to unseen environments, and improving
classification accuracy. Figure 2 shows the t-distributed
stochastic neighbor embedding (t-SNE) [41] of high-
dimensional PPBP data for one of the subjects, from the
collected dataset. The blue dots denote labeled samples, the
green dots denote the test data, and the red dots indicate unla-
beled samples from the same domain (subject). A classifier
trained exclusively on the limited labeled blue points is likely
to exhibit poor generalization to the unseen green points,
even within in-domain scenarios, due to the distribution
gap. In contrast, incorporating unlabeled data that follows a
similar distribution to the unseen test data can significantly
improve the robustness and accuracy of the classifier. SSL
attempts to construct a classifier where the number of M data
points is significantly smaller than the number of U points.

B. GENERATIVE ADVERSARIAL NETWORKS (GANSs)
GANSs [42] consist of two neural networks, a generator, and
a discriminator, competing against each other and improving
at the cost of the other. In classic GANs (cf., Figure 3),
the generator tries to generate high-dimensional synthetic
data while the discriminator aims to separate the generated
and real distribution. Based on the feedback from the
discriminator, the generator improves its output and finally
can generate data that is indistinguishable from the real data.
The generator, G, takes random Gaussian noise (z) as an
input and generates a high-dimensional output G(z) such as
an image, audio signal, or wireless signal. On the other hand,
the discriminator, D, has access to generated and original
data and is trained explicitly using the pseudo labels (domain
labels) associated with the generated and original data. The
discriminator is usually a binary classifier that outputs the
probability of a sample being real. Ideally, the discriminator
produces an output close to 1 for real samples and near O for
generated or synthetic ones. The generator has to generate
realistic synthetic data to fool the discriminator. Once the
GAN training converges, the discriminator can ideally no
longer distinguish between the two data. After training, the
discriminator can be discarded as it was used just to train
the generator. The trained generator can then generate highly
realistic and diverse synthetic data.

The discriminator is essentially a binary classifier whose
goal is, for example, to produce 1 for a real sample (x) and
0 for a sample coming from the generator G(z). So, we can
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use BCE loss to train it. The standard BCE loss is defined
as follows:

Lece(y,9) = —[ylog(®) + (1 =y log(1=3)] (1)

where y € {0, 1} is the true label and ¥ is the predicted
probability. For a real sample x with label y = 1, the
discriminator’s loss becomes:

Lp(x, 1) = —[1-1og(P() + (1 — D log(1 — D)) ]
= —log(D()) @)

So, the discriminator should minimize log(D(x)) which
is minimized if D(x) — 1.

For a fake sample G(z) with label y = 0, the discriminator
loss becomes:

Lp(G(2),0) = —[ 0 - 10g(D(G(2)))
+1-log(1 = D(G(@)) ]
—log(1 = D(G(2))) 3)

Here, the discriminator should minimize —log(l —
D(G(z))) which is minimized if D(G(z)) — 0. Combining
the two losses, the overall discriminator loss is:

Lp = —1log(D(x)) — log(1 —D(G(2))) “)

The goal of the discriminator is to minimize this loss.
Removing the negative sign converts the minimization into
a maximization problem. Hence, the final discriminator loss
for a single data point can also be written as:

Lp = max [log(D(x)) + log(1 — D(G(2)))] (5)

On the other hand, the generator’s loss has only one term,
as it does not get to see the real samples:

Lg = min [ log(1 — D(G(Z)))] (6)

The generator’s goal is to fool the discriminator so
that D(G(z)) — 1, i.e., it wants to minimize its loss by
maximizing the discriminator’s output for fake samples.
This encourages the generator to produce samples that the
discriminator classifies as real.

This optimization of GAN is a two-player min-max
problem [43]. The aim is to reach the Nash equilibrium [44],
a point where no player can improve by changing its weights.
The overall objective of the GAN is:

max mgin V(D,G) = Expyuw|log(PK)) ]
+ Eemp, o[ log(1 = DG@)) ] (7)

where V(D, G) denotes the overall loss function, [E, is the
expected value over all real data instances, and [E; is the
expected value over all random inputs to the generator.
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C. BEAM SWEEPING

Large antenna arrays at 5G mmWave frequencies enable
highly directional communication through narrow beams,
effectively mitigating significant propagation losses [14]. To
support this, mmWave systems utilize a technique called
beam sweeping [45], [46], [47], where the base station
periodically transmits beams in all directions. This process
allows the end user to identify and connect with the strongest
beam for reliable communication. Beam sweeping is an
integral feature of the 5G mmWave standard, allowing access
to beam signal-to-noise ratios (SNRs) without incurring
additional overhead, unlike CSI or micro-Doppler measure-
ments. These SNR values serve as reliable indicators of
channel quality and can be effectively utilized for sensing
applications.

Figure 4 shows the 5G OFDM radio frame, consisting
of 10 milliseconds duration [48], and the synchronization
signal block (SSB) beam sweeping mechanism in the 5G
system, where the base station (gNodeB) transmits an SSB
beam in different directions that helps the user equipment
(UE) find the best beam. SSBs are sent in a time division
manner, with each SSB beam having an associated unique
number, i.e., SSB index. The default beam scanning period
is 20 milliseconds. Each round of SSB beam scanning takes
5 milliseconds. The maximum number of beams depends
on the central frequency. In the case of FR2 (24.25 GHz
to 71.0 GHz), the maximum number of beams is 64. The
UEs measure the SSB signal through wide beam scanning to
determine an optimal beam for communication. For example,
according to Figure 4, UE1 selects beam 2 and UE2 selects
beam 0 as an optimal beam. This periodic beam sweeping
process, designed for link establishment and beam alignment,
captures rich spatial and temporal information about the
propagation environment. Consequently, it can be leveraged
for environmental and human sensing.

V. ISAC SYSTEM MODEL: PPBP AS A SIGNAL FEATURE

Figure 1 illustrates the proposed system pipeline for gesture
classification using mmWave signals. The system consists of
bi-static 5G mmWave nodes functioning as transmitter (Tx)
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and receiver (Rx). We use two Sivers mmWave evaluation
kits (EVK06002) with a front end supporting a frequency
range of 57-71 GHz. The EVKs are controlled using Radio
Frequency System-on-Chip (RFSoC). The system imple-
ments a 5G-NR OFDM waveform consisting of SSB and
random data over a single carrier with 792 subcarriers.
The subcarriers are spaced 960 kHz apart, having a total
bandwidth of approximately 760 MHz. The Tx continuously
transmits a single frame of 10 milliseconds as per the
5G standard. Each frame consists of 10 subframes, and
each frame is made up of 112 OFDM symbols with a
Cyclic prefix (CP) of varying length (in symbols) and
a 1024-point Fast Fourier Transform (FFT) block. Beam
sweeping is performed across 50 Tx and 56 Rx beams,
with 2 OFDM symbols transmitted per beam pair during the
process.

The RFSoC has been configured to sample the received
signal in such a way that exactly two OFDM symbols—
minus the corresponding CPs—exist per Tx-Rx beam pair.
We configure RFSoC to convolve the raw time domain
Rx signal with its counterpart, the raw time domain Tx
signal without the CPs. The RFSoC uses an efficient
convolution implementation using FFTs; hence, it computes
the convolution block-wise, with each block having a size
at most equal to the FFT size (1024 samples). We use the
convolved signal to compute a 50x56 power grid. This is
achieved by first computing the power of the convolved
signal, then averaging over the number of samples and
OFDM symbols to obtain an array of average PPBP. Finally,
the grid is obtained by reshaping the resulting array into a
matrix of size 50x56. The time-series representation of the
power grid captures the unique characteristics of the gesture,
which is then provided as input to the mmGAN for gesture
classification.

Since the grid is formed from beam-specific measure-
ments, the choice of beamwidth directly impacts both
performance and efficiency. The 60 GHz Sivers EVK
employs a 16-element horizontal phased-array antenna
(PAA). The vendor’s predefined beamforming codebook
includes a set of beam patterns (BPs) with an approximate
half-power beamwidth of 6°. The narrower the beam, the
higher the spatial resolution, but then it also means more
beams are needed to cover the target area. The smaller
beamwidth can result in more detailed information about
the user’s gesture at the cost of increased computational
complexity. Further, sensing resolution is also affected by the
number of Tx and Rx beams and the rate of beam sweeping.
A higher sweeping rate improves temporal resolution, while
a larger number of beams enhances spatial resolution, leading
to a higher spatio-temporal sensing accuracy. However, this
may reduce communication throughput due to the increased
time spent on beam sweeping operations. We plan to quantify
this trade-off in future work. In this work, our focus is on
the sensing aspect of ISAC.

Most existing works [4], [20], [34] employ complicated
inputs to the DNN, such as CIR, CSI, and micro-Doppler,
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two distributions apart.

which are not readily available in COTS devices and
complicate the size of the DNN. While CSI is part of the
Wi-Fi 802.11 standard, obtaining it often requires firmware
modifications or special drivers, making it less accessible
to non-expert users. Furthermore, in bi-static or multi-static
configurations, such setups require tight synchronization
in terms of timing, carrier frequency offset (CFO), and
clock, between Tx and Rx [49], [50]. Moreover, most
micro-Doppler-based approaches require fixed inter-frame
spacing, which is not always feasible, or rely on sparse-
based methods [51], which involve significant computational
complexity. Additionally, the presence of phase noise or
phase offsets in the received signal necessitates careful
recalibration of the phase component. In contrast, our system
relies on simple power measurements, which are computed in
hardware with very low complexity and readily available to
users in COTS devices, and does not require any calibration
or sanitization. Finally, it results in reduced complexity of
the DNN.

3GPP Release 18 introduces several enhancements in
beam management and positioning that form a solid basis
for power-based sensing methods. Our gesture recognition
approach builds directly on these mechanisms, using only
per-beam received-power measurements that are already
available through standard beam-sweeping and measurement
processes. Our methodology does not modify the 5G protocol
stack and can operate with existing measurement reports
(beam sweeping). As such, it is fully compatible with current
and upcoming 5G-Advanced systems and could naturally fit
within the sensing and beam-management framework being
developed toward Release 19.
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VI. METHODOLOGY

In this section, we present mmGAN, a method to improve
the performance of a downstream classifier in label-scarce
ISAC systems, specifically in in-domain scenarios, where
the labeled and unlabeled data belong to the same domain
(same user). Figure 5 illustrates the schematic representation
of our SSL framework, where the objective is to boost
the classification performance of the downstream classifier
(discriminator). In this SSL setting, we transform the binary
discriminator of a GAN into a multi-class classifier. Now
the roles are reversed, as by the end of the training process,
the generator can be discarded, having served its primary
role of assisting the discriminator during training. The gen-
erator acts as an auxiliary source of information, providing
the discriminator with additional unlabeled training data.
Traditionally, in GANS, the discriminator’s primary function
is to distinguish between real and fake inputs. However, in
the proposed mmGAN framework, the discriminator takes
on a broader role: it not only identifies whether inputs are
real or fake but also learns to predict class probabilities
for the original dataset [25]. This expanded role allows the
discriminator to be trained on three types of data: labeled
data Dy, unlabeled data Dy, and generated data G(z), all of
which contribute to improving classification performance.

This work involved human subjects in its research. Approval of all ethical
and experimental procedures and protocols was granted by the University
of Antwerp Ethics Committee for the Social Sciences and Humanities (EA
SHW) under Application No. SHW_2023_313_2. Informed consent was
obtained from the participants.
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A. mmGAN

The discriminator (cf., Figure 5) is a lightweight CNN
borrowed from baseline CNN (cf., Section VII-B) except
for using LeakyReLU activations instead of ReLU as per
standard practices for training GANSs [52]. The filters double
every layer to increase the capacity of the network as the
spatial dimensions of the input shrink. The discriminator then
outputs logits (raw scores) for each class, and an additional
linear layer is used to compress this information into a
single logit, with a sigmoid activation applied on top of it.
This approach, based on BCE loss, does not show good
classification performance. As such, we instead propose an
improved solution based on the work by Salimans et al. [25].
We turn the discriminator into a 9-class classifier, 8 real
classes (for 8 gestures), and one for the fake one. However,
the softmax distribution in such a case is overparameterized,
and the unnormalized logit (Ifxe) for a sample to be fake
(coming from the generator) can be set to 0. The probability
of it being real becomes:

Z(x) Z()

== = )
() +expllrake)  Z@) + 1

p(x)

where Z(x) = Z,’;l exp [lx(x)] is the sum of unnormalized
probabilities, x represents the input (cf., Equation (7)), and
K represents the number of classes. So, after the final
layer of the baseline model, we use Equation (8) as a final
activation function to get the probability of a sample being
real. However, keeping everything in exponential-space leads
to the problem of exploding activations [53], where Z(x)
becomes very large and approaches co. As a result, p(x)
is no longer bounded between 0 and 1. We solve this
problem by computing the activation in log-space, as it is
numerically safer, and we can represent very small numbers.
We can therefore compute the loss of the discriminator from
Equation (7) as:

Z(x)
LD = _E)c’\'[?data(x) |:10g<Z(T):—1> }

2(6(2)
B Ez”pz(Z)[l(’g(l T Z6@) + 1)} ©

Simplifying the right-hand side of the equation further:

Lp = _]EXdiata(x) [ lOg(Z(x))]
+]Exwpdala(x) [ log(z('x) + 1)]

1
—Eip. |: log <W> i|
= —Er [ 102(Z(x)) ]

FExpgya (0 [ SOftplUS(Z(x)) |

+E . (5[ s0ftplus(Z(G(2))) | (10)

where Lp denotes the unsupervised discriminator loss. The
softplus function has a smoother and linear gradient and
does not suffer from a vanishing gradient, unlike the BCE
loss. The first two terms in Equation (10) represent the
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discriminator loss on real unlabeled data, while the third
term represents the discriminator loss on generated data. On
the other hand, for the generator loss, only the second term
of Equation (7) is relevant, as the generator does not get
to see the real data. Therefore, the generator loss can be
defined as:

Z(G(2)

Lg = EZ“’PZ(Z)[IOg(l - Z—(g(z)) T 1)]
=Eoup,0[ —102(Z(G(2) + 1]

Lg =FEp,0 [ —softplus(Z(Q(z)))] (11)

Lg denotes the generator loss. Our generator architecture,
Residual-G (leveraging residual connections), is an adap-
tation of the model from the work Zhu et al. [54]. It
consists of an encoder, transformer, and decoder blocks
(cf., Figure 5). The blocks depict the kernel size (AxA)
and output features or channels (F.). Initially, the input
is processed through a convolutional layer, with output
features Fc = 64, A = 7, and stride (s) of 2, followed
by instance normalization and ReLU activation. For brevity,
normalization and activations are not shown in Figure 5. The
encoder block then reduces the input’s spatial dimensions
(z,w) while increasing the number of channels. This block
consists of two convolutional layers, each followed by
instance normalization and ReLU activation, which compress
the input data and extract essential features. To address the
loss of information during compression and reconstruction,
we introduce a transformer block after the encoder. This
block includes residual connections to preserve information
across layers, comprising two residual blocks, each with
two convolutional layers. These connections ensure that
important details from the compressed data are retained
and effectively utilized. Finally, the decoder block utilizes
transpose convolution layers to upsample the data back to
its original dimensions. The process concludes with a final
convolutional layer followed by a Tanh activation function,
which scales the output to the range of —1 to 1, matching
the original input’s scale.

Furthermore, we  incorporate  manifold regular-
ization [26] and feature matching [25] to the
discriminator and the generator losses, respectively. The
regularization forces the discriminator to yield similar logits
for nearby points in the latent space in which z resides and
prevents the discriminator from overfitting. It is implemented
by slightly perturbing z and computing the discriminator’s
and generator’s output one more time. The regularization
can be implemented as:

Lyr = MSE(D(G(2)), D(G(Z))) (12)

where 7/ = z+ N (i, o) represents the perturbed noise, and
MSE refers to the mean squared error. We perturb z using
o = 1074 Larger o values (> 10~%) resulted in stability
issues during training. For the generator, feature matching
regularization has been shown to be highly effective, espe-
cially in stabilizing training and ensuring faster convergence.
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The feature matching objective encourages the generator to
match the statistics of the real data. The generator tries to
minimize the statistical difference between the features of the
real images and the generated images. Feature matching can
be implemented by taking the output of the final convolution
layer of the discriminator (feature extractor) on fake and
real data and minimizing the distance between them, usually
using mean absolute error (MAE).

Lry = MAE(Dr(x), Dr(G(2))) 13)

where D represents the backbone or the feature extraction
layers of the discriminator. The overall loss for G and D
becomes:

Lp = ALp + AyrLyr + (1 — M) Lcg
Lgr = Lg + ArmLryu (14)

where Lcg is the standard cross-entropy loss, Ayg is a
hyperparameter controlling the weight of the regularization
loss (Lygr), Arm represents the hyperparameter that controls
the weight of the feature matching loss (Lrp), A controls
the weight between the unsupervised and the label loss,
Lp represents the total discriminator loss and Lg: refers
to total generator loss. The combination of softplus loss,
manifold regularization, and feature matching improves both
training stability and generalization, leading to more effective
performance across different subjects (cf., Section VIII-A).
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Figure 6 shows the schematic representation of our
methodology, including data preparation, mmGAN training,
and inference. Data is divided into train, test, and validation
sets. Afterwards, the datasets are normalized. Finally, labeled
and unlabeled dataloaders are created from the training set.
At inference, only the mmGAN discriminator is relevant for
testing.

VIl. EXPERIMENTAL RESULTS

This section details the measurement setup, neural
network architectures, and supervised and SSL con-
figurations. We compare the performance of mmGAN
against Auto-Fi [28], a state-of-the-art self-supervised
method for Wi-Fi-based gesture recognition. Finally, we
present results related to transfer learning and an ablation
study.

A. MEASUREMENT SETUP

We set up our ISAC system in an office environment. The
EVKSs are positioned on a cabinet in a corridor, where
the subject performs various gestures at the red marked
line as shown in Figure 7. Depending on the gestures the
subject makes, we see unique patterns in the power grid
(cf., Figure 1). Figure 1 illustrates the gestures we consider,
motivated by the prior works [16], [55]. We include dynamic
gestures (gestures involving continuous motion over the
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TABLE 1. Description of the 8 gestures used in the experiments.

ID Gesture Name

AU Arms Up

AW Arms Wide (Arms Open)
E Empty (Standing Still)
PP Push Pull

LHU | Left Hand Up

LL Left Lean

RHU | Right Hand Up

RL Right Lean

5G mmWave RfrsoC
Tx & Rx

FIGURE 7. Experimental settings and environment.

10-second window) such as push-pull, arms up, left hand
up, right hand up, and arms wide, along with static gestures
such as right lean, left lean, and empty or standing still
(cf., Table 1). Each user performs a single gesture repeatedly
for a 10-second interval. Due to memory limitations in the
RFSoC, extending this interval beyond was not feasible.
We collect gestures from 8 distinct users spanning diverse
age groups (29-50 years), height (1.73 to 1.88 meters),
and body morphologies to capture realistic variability in
human motion. Each participant performs gestures at a
natural pace for 10 seconds, introducing natural diversity
in execution speed and style. Seven such repetitions are
conducted for data diversity and robustness. This ensures that
the network is exposed to diverse data distributions, as each
repetition exhibits distinct characteristics such as execution
speed and style. The variations in body shape and gesture
dynamics across different subjects influence PPBP and
ultimately the downstream classifier. By incorporating this
diversity, our dataset better reflects real-world heterogeneity.
Moreover, the gestures considered remain representative
of a broad range of Human Computer Interaction (HCI)
applications.

B. EXPERIMENTS: SEMI-SUPERVISED LEARNING

1) CONSIDERED DL APPROACHES: MODEL
ARCHITECTURES

We evaluate a custom CNN baseline, standard ResNet-18,
and a version of the custom CNN that includes BN layers.
For the custom baseline, we tune the number of layers,
filter size for each layer, and other hyperparameters such as
learning rate and number of epochs. After tuning, our custom
baseline consists of three convolutional layers, each followed
by ReLU activations. Finally, dropout with probability 0.4
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and a linear layer is employed to output a score for
8 gestures (cf., Figure 5). In the custom baseline with BN,
each convolutional layer is followed by a BN layer to
improve performance according to standard practices [56].
The motivation to choose ResNetl8 is due to the complex
architecture and skip connections that counter the problem
of vanishing gradient while training a deeper model [57].

We empirically determine the optimal parameters for
the Residual-G, including the number of downsampling
and upsampling blocks, as well as the output features.
These settings are consistently applied across experiments
using various percentages of labeled data. After tuning, we
found that Residual-G, with 2 downsampling, residual, and
upsampling blocks and 64 features, performed best on the
validation data. Moreover, we compare the performance of
our mmGAN with a self-supervised method, Auto-Fi [28].
In the latter, we tune the architecture of the backbone, the
hidden neurons (output of the last layer of the backbone),
and the complexity of the classifier. After tuning, we find
the backbone architecture the same as the baseline CNN,
512 hidden neurons, and the non-linear projection head
(classifier) with two linear layers performs best on the
validation data.

2) FULLY-SUPERVISED TRAINING SETTING

We first train a custom CNN model in a fully supervised
setting, meaning that the model has access to 100% of the
labeled data. The CNN is trained subject-specific. The input
data is of shape u x v x z x w, where u = 8608 denotes
the number of examples, v = 20 denotes the time samples,
and z = 50 and w = 56 represent the number of Tx and Rx
beams, respectively, per subject. We split the entire dataset
into 70% for training, 10% for validation, and 20% for
testing. We scale the data to [-1,1]. The test data is left
unseen to the classifier. The model is trained for 600 epochs
using the cross-entropy loss function.

3) SEMI-SUPERVISED TRAINING AND
HYPERPARAMETER SETTING

In our SSL setup, we divide the 70% training data into
labeled and unlabeled subsets. We create labeled data
comprising 0.6% to 26% of the original training data,
corresponding to 5 and 200 labeled samples per class, with
the rest of the training data treated as unlabeled. Note that the
labeled data is created randomly without any label selection
strategies, and the same labeled data (using a fixed seed) is
used for all the models, including the mmGAN. The baseline
models are trained on the labeled dataset for 600 epochs,
as further training did not yield improvements in validation
accuracy. We use the Adam optimizer [58] with a learning
rate of 3 x 10™* for the three baselines. We monitor the
validation accuracy and save the model with the highest
validation performance. The best-performing model is then
evaluated on unseen test data. Similarly, we train mmGAN
for 600 epochs using the same labeled data as the baselines,
along with the additional unlabeled data. The learning rate
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TABLE 2. Key hyperparameters, search ranges, and selected values for each model.

Model Hyperparameter Search Range Selected Value
CNN #Conv layers 2-5 3
CNN Filter sizes 16-256 [32, 64, 128]
mmGAN-G #Down/Up blocks 1-3 2
mmGAN-G Base features 32-128 64
mmGAN-G/D  Learning rate 10-3-10-6 2x 1074
mmGAN A {0.1, 0.3, 0.5, 0.9} 0.5
mmGAN ArM 10-2-10-6 104
mmGAN AMR 1072-10—6 10-3
Auto-Fi Learning rate (Pre-training) 10-4-10—6 10-6
Auto-Fi Learning rate (Fine-tuning) 10-4-10—6 10-°
Auto-Fi Hidden states 128-512 512

is set to 2 x 107 for both the generator and discriminator,
with the hyperparameters A set to 0.5, Ayg to 1 x 10_3,
and Apy to 1 x 107*. We train our GAN subject-specific,
as is the case with the baseline models. For Auto-Fi, we
tune the learning rates for each training phase, setting it to
1 x 107 for self-supervised pre-training and 1 x 107> for
supervised fine-tuning. The hidden states were set to 512. We
also tune the number of epochs. The self-supervised stage is
trained over 400 epochs, and the supervised fine-tuning stage
runs for 600 epochs. All hyperparameters and the number of
epochs were selected based on the best validation accuracy.

Hyperparameter-tuning strategy: Table 2 summarizes the
key hyperparameters for the baseline CNN and mmGAN
models, with the search ranges and the selected values. We
used a random search over a predefined hyperparameter
grid and selected the configuration that achieved the highest
validation accuracy across diverse subjects. For the baseline
custom CNN, we varied the number of convolutional layers
between 2 and 5 and filter sizes for each layer, ranging from
16 to 256. For the mmGAN generator (mmGAN-G), we
explored 1 to 3 upsampling and downsampling blocks, and
the number of features in the first convolutional layer (base
features) between 32 and 128. The learning rates for the
generator and discriminator (mmGAN-G/D) were explored
within the range of 1073 to 107°. Additionally, the weighting
parameters were tuned over ranges, A € {0.1,0.3,0.5, 0.9},
while Apy and Ayg were varied between 1072 and 107°.
Similarly, we tune the learning rate for the self-supervised
pre-training and supervised fine-tuning stage between 10~
to 107°. The hidden states, encoding the representations
learned during pre-training, were set between 128 and 512.

4) RESULTS

Figure 8 shows the performance of three baselines, a
fully supervised model, Auto-Fi, and the proposed method,
mmGAN. The x-axis shows the percentage of the labeled
data, and the y-axis represents the model’s accuracy. S1-S8
represents the 8 subjects under evaluation. A dashed hor-
izontal red line indicates the performance of the fully
supervised method. We can see that the fully supervised
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model achieves >96% accuracy for all 8 subjects, demon-
strating the potential of 5G mmWave ISAC for gesture
recognition. Additionally, we apply background subtraction
(clutter removal) [59] as a pre-processing step on the data
before inputting it into the CNN. The background data is
collected in an empty environment and subtracted from the
input data. However, we do not notice any performance
improvement. While background subtraction has shown
significant performance increases for signal processing-based
methods, we believe that deep learning-based methods can
extract relevant features without the need for this additional
calibration.

Figure 8 also shows the baseline models’ performance
for subjects S1 to S8 in SSL settings. Generally, ResNet18
underperforms compared to both versions of the Custom
CNN. Across different percentages of the labeled data,
the Custom CNN without BN achieves the highest accu-
racy, while the version with BN exhibits intermediate
performance. However, as the amount of labeled data reaches
26%, ResNetl8, and the Custom CNN with BN outperform
the Custom CNN without BN for most subjects. We expect
this trend to persist as more labeled data becomes available,
leading to reduced overfitting.

The weaker performance of ResNet18 in low-data settings
can be attributed to its complexity, which leads to overfitting
on limited data, reducing its generalization to test data.
Moreover, our results suggest that BN layers should be
avoided in low-label settings, as seen in the performance
drop of the Custom CNN with BN. The latter demonstrates
lower accuracy with sparse labeled data compared to a CNN
without BN. This is likely due to BN memorizing training
statistics rather than generalizing when training data is
limited and not fully representative of the test set. However,
as the amount of labeled data increases, the performance
gap among baseline models narrows significantly, and both
ResNet18 and the Custom CNN with BN show improved
accuracy, with ResNetl18 ultimately surpassing the other
baselines for most subjects at the highest percentage of
the labeled data (26%). To ensure a rigorous evaluation of
our SSL method, we compare its performance against the
best-performing baseline. This methodology allows us to
benchmark our approach accurately.

The red solid curve in Figure 8 shows the performance of
mmGAN. mmGAN significantly improves the performance
of the baseline CNN. For example, for subject S4, mmGAN
achieves 95% accuracy, only 4.5 percentage points (pp)
less than the fully supervised model trained using 100%
labeled data. We achieve the same performance on S4 as
the custom baseline CNN while using 7 times fewer training
data (at 0.6% labeled data). For S3 also, we see nearly
25 pp jump in accuracy compared to the best baseline
at 0.6% of labeled data. We notice that the smaller the
amount of the labeled data, the more the improvement.
For all percentages of labeled data shown in Figure 8, the
GAN-based method outperforms all the baselines, except
for S5 at 200, the ResNet-based baseline leads by 0.6
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pp, and for S8, we notice the same performance for the
ResNet-based baseline and mmGAN. As expected, the gap
between the best-performing baseline and mmGAN narrows
down as the amount of labeled data increases. However,
depending on the subject, the performance improvements
vary due to the domain gap between the subjects that arises
from the body characteristics and the way gestures are
performed.

Additionally, the discriminator of mmGAN is a
lightweight CNN occupying only 0.57 MB of memory
with an average inference latency of 0.6 milliseconds.
This also enhances energy efficiency, making it suitable
for deployment in resource-constrained devices. Overall,
mmGAN can substantially improve the performance of ISAC
systems for gesture recognition. Variations in performance
across subjects stem from the distribution gap, reflect-
ing the varying complexity of the task for different
individuals.

mmGAN consistently outperforms Auto-Fi. For instance,
for subject S6, the improvements are 18 pp and 11 pp
at 0.6% and 2% labeled data, respectively. While Auto-Fi
outperforms the baseline CNN’s performance at low-label
percentages, its effectiveness decreases as the amount of
labeled data increases, ultimately falling short of the top-
performing baseline. We believe that Auto-Fi and other
self-supervised learning methods require strong augmenta-
tions and a significant amount of unlabeled data [39], [60].
These augmentations are often carefully designed for specific
data types and tasks. Currently, Gaussian noise is the primary
augmentation applied to wireless signals, highlighting a
need for further research into effective, domain-specific
augmentations.
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C. TRANSFER LEARNING

In this scenario, we assume access to a small fraction of
labeled target data and aim to assess whether our mmGAN
can generalize more effectively across different subjects.
Specifically, we fine-tune two neural networks: baseline
CNN and the mmGAN. For each subject, we train the two
networks with 0.6% of the labeled data. Then we use the
trained baseline CNN and mmGAN as a starting point and
train it on every other subject (cross-domain) using 4% of
the target labeled data. We fine-tune the whole network on
the target labeled data for 400 epochs and then select the
best model according to the validation accuracy. Figure 9
shows the results of fine-tuning the baseline CNN (best-
performing) and mmGAN on cross-domain target data. The
X-axis shows the subject under evaluation, and the Y-axis
represents accuracy. Each boxplot then shows the distribution
of accuracy for a given subject when using other subjects’
data to train the two models. The fine-tuned mmGAN can
generalize better. For all subjects, the median accuracy of
fine-tuned mmGAN is always higher than the fine-tuned
baseline. Moreover, for most subjects, the minimum accuracy
of fine-tuned mmGAN is greater than the maximum of
the fine-tuned baseline. Thus, mmGAN serves as a strong
foundation for cross-subject transfer learning, improving
the model’s ability to generalize and perform well across
different subjects.

VIIl. ADVANCED STUDIES

This section details extended experiments such as ablation
studies, performance evaluations across diverse data distri-
butions, analysis on the Widar dataset, and performance
metrics, including insights from interpretability analysis.
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A. ABLATION STUDY

1) ARCHITECTURE OF THE GENERATOR

Since the discriminator in the GAN shares the same
architecture as the baseline Custom CNN, the role of
the generator becomes critical in refining the decision
boundaries. By generating diverse and realistic synthetic
data, the generator challenges the discriminator, ultimately
helping it to better distinguish between real and generated
samples, which leads to improved classification performance.
In this section, we compare the performance of Residual-G
with a popular architecture choice for the generator based
on DCGAN [61], [32]. We tailor the DCGAN generator to
our dataset. The adapted DCGAN generator consists of a
noise mapping layer, followed by a ReLU activation layer.
The architecture further consists of 3 convolution transpose
layers, two of them followed by BN and ReLU. The final
transpose layer is followed by Tanh activation. We compare
the performance of the two generators at the smallest label
setting (0.6%). Table 3 shows that the proposed Residual-G
(R) outperforms the DCGAN-styled generator (D) in terms
of accuracy (Acc) for different subjects (Subj). This improve-
ment is due to the more complex architecture of Residual-G
and the use of residual connections, which address vanishing
gradient issues, allowing for better gradient flow and feature
reuse. In contrast, the simpler DCGAN generator struggles
to generate realistic data.

Evaluating GANs can be particularly challenging [62],
especially with wireless signals, as there is no straightforward
method for visualization like with images. To compare the
performance of the two generators, we calculate the Fréchet
Inception Distance (FID) [62], [63] as a quantitative measure
of their output quality. FID is a metric used to evaluate the
realism and diversity of data generated by GANSs. It measures
the similarity between the distributions of real and generated
data by comparing the statistics (mean and covariance) of
feature representations extracted from a pre-trained neural
network. A lower FID score indicates that the generated data
is closer to the real data in terms of quality and variety. FID
is computed as:

1
FID = |lug — nal? + tr(zR + 26— 2(%kTe)?) (15)

where R and G are real and generated embeddings obtained
from a pre-trained model, ug and wg are the means of the
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TABLE 3. Comparison of accuracy (Acc) and FCD at 0.6% of the labeled data:
DCGAN generator (D) vs proposed residual generator (R).

Subj. | Acc D) | Ace (R) | FCD (D) | FCD (R)
S1 57.14% 68.23% 335 4.5
S2 54.35% 68.40% 310 45
S3 60.56% 83.27% 58.8 25.1
S4 77.93% 95.01% 357 47
S5 67.47% 77.40% 267 16.7
S6 67.04% 77.0% 131 26.33
S7 50.69% 69.03% 8.1 2.8
S8 58.76% 71.00% 113 132

vectors R and G, respectively, and g and X represent the
covariances of these vectors. For images, the embeddings
are typically obtained using a pre-trained Inception network
(trained on image data). In contrast, in our case, the
embeddings R and G are extracted from the baseline Custom
CNN model (pre-trained at 0.6% of the labeled data) by
performing forward passes on the real and generated data,
respectively. So, in our case, we refer to FID as FCD
(Fréchet Classifier Distance). FCD is calculated for both
generators across all subjects. For reference, we also compute
the FCD between the unlabeled data and the test data as
a sanity check, where we anticipate the FCD to be close
to 0. Additionally, we assess the FCD between the unlabeled
data and random data, expecting this value to be very
high. For example, for S4, the FCD between the unlabeled
and test data is 0.34, while the score between the random
and unlabeled data is 415. Similar trends hold for other
subjects.

Table 3 also shows the FCD comparison between the
DCGAN generator (D) and Residual-G (R) at 0.6% of the
labeled data. FCD was calculated using 10000 generated
samples in all the cases. Residual-G achieves a significantly
lower FCD score compared to the DCGAN generator across
all subjects, demonstrating its effectiveness in preserving
both the realism and diversity of the generated data. It’s
important to note that an FCD score close to 0 is not
ideal for GANs, as it would indicate that the model is
simply memorizing or copying the data, rather than learning
meaningful representations. This metric provides a deeper
insight into why Residual-G surpasses the DCGAN generator
in performance. Training GANSs poses significant challenges
and often leads to instability, stemming from the adversarial
dynamics between the two competing neural networks. This
instability has limited the widespread adoption of GANSs in
ISAC research. Choosing an optimal generator architecture
is essential for stable training and improving the accuracy of
mmWave ISAC gesture recognition, particularly in settings
with limited labeled data.

2) LOSS FUNCTION

We compare the performance of the loss function proposed
in Section VI against the widely used BCE and Least Squares
loss (LS-GAN) [27], [64]. The works [34], [35] primarily
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address cross-domain settings, making a direct comparison
with mmGAN infeasible. However, both approaches formu-
late adversarial loss using binary cross-entropy (BCE).

We utilize the same Residual-G and the same discrimina-
tor, with the only modification being the addition of a linear
layer followed by a sigmoid activation, as the BCE loss
function requires the input to be a probability. Consequently,
both the generator and discriminator losses are formulated
using BCE loss. Figure 10 shows the generator loss using
BCE loss and the proposed softplus loss for one of the
subjects at the smallest label setting (0.6%). The softplus
generator loss is bounded. In contrast, the generator loss
using BCE keeps exploding. This divergence in the loss
behavior implies that the generator is struggling to produce
samples that sufficiently challenge the discriminator. This
is because the cost function that approximates the min-max
game using BCE loss has plateaus (vanishing gradient) when
the two distributions (real and generated) do not overlap. As
a result, the generator does not get feedback to improve. On
the other hand, using the softplus loss allows the gradients to
remain informative even when the two distributions are far
apart. Some studies [25], [65] suggest employing the feature
matching loss in the generator to stabilize GAN training
and enhance convergence speed. Based on this, we disabled
the softplus loss for the generator and applied only feature
matching, while keeping the discriminator loss unchanged.
Figure 11 shows the accuracy of mmGAN when employing
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different loss functions: LS, BCE, feature matching, and
the proposed loss (with 0.6% labeled data). For feature
matching, a notable improvement can be seen compared to
LS and BCE. However, in general, the three losses fall behind
the proposed loss in terms of accuracy. The proposed loss
achieves an improvement ranging from a minimum of 6 pp
to a maximum of 18 pp compared to the feature matching
loss. In conclusion, the proposed loss function provides the
best performance.

B. PERFORMANCE UNDER DIVERSE DATA
DISTRIBUTIONS

Our mmGAN is designed to be person-specific since wireless
sensing systems can be fine-tuned or calibrated to the specific
subject. In most practical applications, e.g., extended reality
(XR) and personalized HCI systems, ISAC models should
generally have a short calibration phase to be adapted
to the target user to maximize performance. This process
may involve collecting a small amount of labeled data
from the target user, together with continuously acquired
unlabeled data, to enhance generalization. Moreover, users
may naturally vary their gesture execution over time,
for instance, in speed or motion dynamics. Periodically
incorporating new labeled and unlabeled samples allows
the model to remain adaptive and robust. Consequently,
mmGAN is well-suited for personalized ISAC applica-
tions, where user-specific fine-tuning is both feasible and
beneficial. Note that state-of-the-art pose estimation or
gesture recognition systems, such as those based on depth
cameras with markers, generally also have a calibration
phase.

In this section, we examine the impact of diverse data
distributions on the performance of mmGAN. We conduct
two experiments: in the first, data from three users is
combined, and in the second, data from all users is
aggregated. It is important to emphasize that in both
scenarios, the validation and test sets are drawn from
the same set of users as the training data. Our results
highlight that mmGAN’s performance tends to slightly
decline as the diversity of the training data increases.
Additionally, we evaluate the model’s performance on unseen
users, further demonstrating the challenges posed by data
diversity.

1) 5-SHOT LEARNING WITH 3 SUBJECTS

We combined data from subjects S3, S4, and S6, utilizing
5 labeled examples per subject, resulting in a total of
120 (5 x 3 x 8) labeled examples, with 8 representing the
number of classes. Both a baseline model and mmGAN
were trained following the steps outlined earlier. On the
test set consisting of the three subjects, the baseline model
achieved the best accuracy of 68%, while mmGAN reached
82.18%, reflecting an improvement of 14 pp (cf., Figure 12).
In theory, we expect improvement closer to 23 pp, the
average performance of the mmGAN on the 3 subjects (cf.,
Figure 8). However, the diversity in data distribution poses
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TABLE 4. Comparison of accuracy of the baseline model and mmGAN trained on S3,
S4, and S6 and tested on the test set of unseen subjects: zero-shot settings.

Subj. | Accuracy (Baseline) | Accuracy (mmGAN)
S1 47% 60.2%
S2 45% 63%
S5 42% 48%
S7 48% 60.1%
S8 47% 60.05%

challenges for achieving greater performance improvements,
which is also evident in the baseline model’s reduced
performance.

2) ZERO-SHOT CROSS-DOMAIN SETTINGS

We expect better performance on unseen subjects compared
to the baseline, as training on unlabeled data should allow
mmGAN to learn more generalized features. To evaluate this,
we test its performance on unseen subjects in a zero-shot
setting, where no data from the target domain is available,
neither labeled nor unlabeled. Table 4 shows the performance
of mmGAN tested on left-out subjects. It is evident that
mmGAN consistently outperforms the baseline on unseen
subjects. Except for S5, mmGAN achieves an improvement
of over 12 pp on all other subjects.
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FIGURE 14. Performance of mmGAN on the Widar dataset.

The variability in performance arises due to significant
differences in data distribution between training and unseen
subjects. To quantify the distribution gap, we compute the
Wasserstein Distance [66], which is a measure of similarity
between two distributions. We compute the distance class-
wise in the PPBP domain between the training and zero-shot
subjects. Figure 13 shows the average Wasserstein distance
for zero-shot subjects, averaged over 8 classes. We see
that for subject S5, the distance is larger compared to
other subjects, 19% larger than S1 and 7% larger than
S8. In contrast, subjects with lower distances obtain higher
accuracy. For example, S7 and S8 have similar distances
and similar accuracies. While Wasserstein distance provides
a quantitative measure, other factors, such as model biases,
also play a role in zero-shot performance.

3) COMBINING ALL DATA, 8 SUBJECTS AND 10-SHOT
PER SUBJECT

Finally, we aggregate data from all subjects and evaluate the
model on the test set for the same subjects. Specifically, we
select 10 labeled examples per class per subject, treating the
remaining data as unlabeled. Given the increased dataset size
in this setup, we apply dimensionality reduction techniques
to decrease the computational complexity of GAN training,
particularly for the generator. We evaluated several dimen-
sionality reduction techniques, including linear methods
like Principal Component Analysis (PCA) and nonlinear
approaches such as kernel PCA [67] and Uniform Manifold
Approximation and Projection (UMAP) [68]. However, these
methods struggled to maintain the semantic structure of the
data, likely due to inherent assumptions, such as linearity,
that do not align with the underlying data distribution.
Additionally, the computational complexity of UMAP makes
it impractical for real-time applications. As such, we instead
compute the temporal average of the PPBP (across the time
index) to reduce the complexity of the data and restrict the
dataset to 50 receiver beams. This preprocessing reduces the
dataset dimensions to u X 1 x v x w, where u is the number
of samples, and v = w represents the spatial dimensions.
This significantly speeds up GAN training. We train the
baseline models and mmGAN on the combined dataset. The
best baseline model achieves an accuracy of 72%, whereas
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mmGAN achieves an accuracy of 80% on the test set (cf.,
Figure 12). This shows that even in diverse data distributions,
mmGAN can fairly improve the accuracy of ISAC systems
for gesture recognition.

To summarize, mmGAN improves performance under
diverse data distributions both in in-domain settings and
cross-domain settings. We believe that data processing
and dimensionality reduction can be key to improving
performance under diverse data distributions, and we leave
it as a part of future work.

C. EVALUATION ON WIDAR DATASET

We further evaluate mmGAN on the significantly larger
multi-person, multi-environment publicly available Widar
dataset [31], [69], which comprises 43,652 data points
spanning 22 distinct gesture categories. To facilitate SSL,
we partition the dataset into labeled and unlabeled subsets.
Specifically, we allocate 100, 200, and 600 labeled samples
per class, corresponding to 6.7%, 13.4%, and 40.2%, respec-
tively, of the training set, which consists of 32,371 samples.
Figure 14 shows the gesture classification accuracy of the
best baseline model, AutoFi, and mmGAN on the Widar
dataset for different percentages of labeled data. We also train
the baseline model with 100% labeled data. From Figure 14,
mmGAN significantly improves the classifier’s performance
for gesture recognition compared to the baseline model,
while Auto-Fi struggles with the performance augmentation.
This is because Auto-Fi’s strengths do not align when data
comes from different domains (environments). In contrast,
mmGAN achieves an accuracy of 62.2% using only 40.2%
of labeled data, falling just 7 pp below the performance of
the baseline model trained with a fully labeled dataset (100%
labeled data 69.25% [69]).

D. INSIDE mmGAN: PERFORMANCE ANALYSIS
1) STATISTICAL SIGNIFICANCE: P-VALUE

We perform a statistical significance test to reveal whether
the performance difference between the models, baseline
CNN and mmGAN, is due to genuine improvements or
random chance. For brevity, we report results on the S4
data. However, similar results hold for other subjects. Table 5
shows the accuracy for the baseline model and mmGAN at
different percentages of labeled data. i denotes the mean and
o denotes the standard deviation over five runs. A indicates
the difference between the accuracies. The p-value [70] quan-
tifies the probability that the observed differences occurred
purely by chance. The p-values are compared against a
predefined significance threshold, commonly accepted value
of 0.05 or a more stringent 0.01. From Table 5, we see
that mmGAN outperforms the baseline model, particularly
at the lowest label settings (0.6%). At all percentages of
labeled data, the p-values are significantly smaller than the
widely used 0.01 (1%) significance threshold. Therefore,
the performance improvements are considered statistically
significant.
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TABLE 5. Baseline vs. nmGAN test accuracy on S4 (mean u+ standard deviation
over five runs).

Baseline mmGAN A p-
#Labels (%) ((7==xc))] (u =+ o) (pp) value
0.6 71.70 £1.37 94.81 +£0.24 23.11 0.0017
1.9 87.27+1.65 96.02+0.94 876  0.0045
4.5 92.53+0.79 96.59+0.76  4.06  0.0055
10.3 95.29 +0.87 97.98+0.37  2.69  0.0048
25.8 97.38 £0.23 98.63+0.12 1.25  0.0003

TABLE 6. Comparison of baseline vs. mmGAN across 8 gestures for S4.

Baseline ‘ mmGAN
Gesture
P R FI | P R Fl

AU 0.663 0.840 0.741 | 0961 0961 0.961
AW 0.715 0.619 0.664 | 0.843 0960 0.897
E 0.808 0.861 0.833 | 0.995 0967 0.981
LHU 0569 0.712 0.632 | 0.928 0980 0.953
LL 1.000 0.946 0972 | 0.995 0980 0.988
PP 0.738 0452 0561 | 0975 0.848 0.907
RHU 0.562 0.576 0.569 | 0.945 0974 0.959
RL 0.892 0912 0902 | 0986 0940 0.962
Accuracy 0.734 0.950

2) T-SNE EMBEDDINGS AND CONFUSION MATRIX

In this section, we analyze in detail the performance metrics
of mmGAN against the baseline model. We report addi-
tional metrics beyond accuracy and discuss how mmGAN
augments the accuracy. For brevity, we report results corre-
sponding to Subject S4 at the lowest label setting (0.6%).
We investigate metrics such as precision, recall, F1-scores,
and t-SNE representations of the final layer of the mmGAN.
We thoroughly compare it with the best baseline classifier.

Table 6 shows the evaluation metrics (precision P, recall
R, and F1) of the baseline model against the mmGAN-aided
classifier (discriminator). We see that for the 8 gestures, even
though the baseline model obtains an overall accuracy of
73.4%, the class-wise Fl-scores vary significantly. We see
that static gestures such as E, LL, and RL achieve high
accuracy scores as far as the baseline model is concerned.
In contrast, dynamic gestures such as PP, LHU, RHU, AU,
and AW obtain lower Fl-scores, indicating that the baseline
model requires more data to learn their complex temporal
patterns effectively. This is because dynamic gestures exhibit
a higher degree of variability in execution speed and
orientation, resulting in multimodal distributions. On the
other hand, mmGAN attains F1-scores above 0.89 across all
gestures. This suggests leveraging unlabeled data helps the
model to learn more robust and temporally consistent feature
representations. Thus, mmGAN enhances feature represen-
tation and class separability. This is further illustrated with
t-SNE embeddings (cf., Figure 15) and confusion matrices
(cf., Figure 16) of baseline and mmGAN.
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FIGURE 16. Comparison of confusion matrices for Baseline and mmGAN on S4 test data.

Figure 15a and Figure 15b show the feature represen-
tations of the final layer for the baseline model and
mmGAN, respectively. We can clearly see that the features
are well separated for mmGAN, and classes can be easily
distinguishable, indicating that the generator effectively aids
the discriminator in learning more discriminative and refined
decision boundaries. On the other hand, for the baseline
model, the classes are not well separable due to limited
labeled data and the inability of the model to separate clusters
effectively.

Similarly, Figure 16a and Figure 16b show the confu-
sion matrices for the baseline and mmGAN, respectively,
including the support (number of examples per gesture) on
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unseen data. mmGAN substantially reduces misclassifica-
tions across most classes. These results highlight the benefit
of mmGAN in improving feature discrimination and overall
classification performance.

3) INTERPRETATION THROUGH BEAM PAIR
IMPORTANCE: XAl

To further gain insights into the model’s performance, we
analyze the internal feature representation of the model using
an XAI approach. In particular, we examine the importance
of Tx-Rx beam pairs and visualize the corresponding global
saliency heatmaps [71] for both models on the S4 test dataset.
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Figure 17a and Figure 17b show the beam pair global gO-S
(averaged over all classes) saliency maps for the baseline and 8
mmGAN model, respectively, highlighting the regions each <o6
model relies on most. Global saliency maps are obtained % 4
by aggregating information across all gestures. These maps 2 0.4
illustrate where the baseline and mmGAN models focus ﬁ
their attention, revealing the critical Tx-Rx beam pairs for ©0.2
their classification decisions. We can see that the baseline
map is more concentrated on a few hotspots, which likely 0.0—¢ 1o 20 30 20 50

represent the line-of-sight and a few dominant non-line-
of-sight components. On the other hand, mmGAN has a
more distributed heatmap reflecting richer spatial information
from a wide range of beam pairs. These contributions more
likely come from weaker multi-path components affected
by the gestures. mmGAN, therefore, has a more distributed
understanding of the classification task. Thus, the generator
training encourages the mmGAN model to extract relevant
features from weaker paths in addition to the primary path,
resulting in improved generalization.

Further, we perform a global beam pair importance
ablation for both models. After computing the global saliency
map, which highlights the most critical beam pairs for
classification, we selectively perturb the top-K% beam
pairs (with K = 1,2,...,50) and record the classification
accuracy. The perturbation is done by replacing such beam
pairs with random uniform noise, effectively destroying the
information they carry. Note that there are 2800 beam pairs
(50 x 56), and we perturb the top 1400 (50%).

Figure 18 shows the ablation study on the beams for the
two models. For the baseline model, perturbation of the top-
1% beams causes a drop in accuracy to 42% from 73.4%. As
the ablated beams reach 10%, the baseline accuracy further
drops to 24%. At 50% ablated beams, the accuracy is around
12%. On the other hand, mmGAN sees a sharp decline in
accuracy at the top-2% of the ablated beams; the accuracy
drops from 95% to 18% (42% at top-1%), suggesting the
fact that it relies heavily on critical beams. While mmGAN
is more sensitive to perturbations, it is more interpretable.
The model’s decisions are highly focused on critical beams,
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Top-K% Ablated Beams

FIGURE 18. Ablation study on global beam pair importance.

allowing for easier post-hoc identification of critical beams
for each gesture and providing a more transparent view
of learned representations than the baseline counterpart.
In general, both models experience a sudden drop in
accuracy as the top-K% beams are perturbed, suggesting
that the top-K% beams are correctly identified. This can
result in efficient pruning techniques [72], resulting in low
computational cost and latency for real-time applications.

E. TRAINING COMPLEXITY

We acknowledge that the performance improvements
achieved with GANs come at the cost of increased training
complexity. This is because of the adversarial training that
involves two neural networks competing with each other.
Further, usually the generator is more complex than the
discriminator. This is because the generator’s role is to
generate high-quality synthetic data capable of challenging
the discriminator. As a result, GAN training has a high
computational cost, requires careful hyperparameter tuning
and careful monitoring to ensure convergence, in comparison
to standard supervised training. Moreover, due to the
generator’s complex architecture, the inference cost is also
high in terms of memory footprint and latency, compared to
simpler supervised models.
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We train mmGAN using one NVIDIA A100 80GB GPU
with the PyTorch deep learning framework and CUDA 12.2
on Linux 5.15, and 48 CPU cores (96 threads) and Python
3.11.8. The training process took 4 hours and 49 minutes
to complete. However, we envision the GAN training
process to occur in the cloud, where sufficient compute
resources are available. In contrast, the model deployed
on the edge device is a lightweight discriminator with
only 150K parameters, making it significantly smaller than
standard architectures such as ResNet-18, which has 11.2M
parameters, occupies 42 MB of memory, and achieves an
average inference latency of 2.2 milliseconds. Latency was
determined by performing ten forward passes through the
model and reporting the average execution time. Instead, our
discriminator model has a memory footprint of only 0.57 MB
and an average inference latency of 0.6 milliseconds, making
it approximately 74 times smaller and 3.7 times faster than
ResNet-18.

IX. DISCUSSION

Our extensive investigation reveals that mmGAN can sig-
nificantly benefit mmWave ISAC systems by effectively
leveraging labeled, generated, and unlabeled data.

Low-label performance: First and foremost, mmGAN
improved the gesture recognition performance across diverse
subjects in extremely low-label settings. For example, at
0.6% of labeled data, the classification accuracy for subject
S3 was enhanced by 25 pp. For subject S4, mmGAN
achieved the same performance as a supervised baseline but
was trained with seven times less data. Similarly, for S6, the
gains were 21 pp. Our results indicated that the performance
gains were most significant when the fraction of labeled data
is small and the amount of unlabeled data is large, and these
gains gradually decreased as the difference between labeled
and unlabeled data is reduced.

Subject-specific differences: However, these gains varied
across subjects due to differences in their gesture execu-
tion and body characteristics, which resulted in distinct
data distributions. We quantified these distributional gaps
using the Wasserstein distance to explain the observed
performance variations. We found that the subject with
a larger Wasserstein distance resulted in lower accuracy
under zero-shot settings. For example, subject S5 had lower
accuracy because the distance was 19% larger than S1 and
7% larger than S8. In future work, we plan to further quantify
these person-specific gaps using multiple metrics, such as
the Structural Similarity Index, examining both the PPBP
and feature domains.

Diverse data distributions: Our results further showed
that, even under diverse data distributions and challenging
scenarios such as 5-shot and 10-shot learning, mmGAN
improved baseline performance by 14 pp and 8 pp for
experiments involving 3 and 8 subjects, respectively. In
zero-shot settings and no access to target labeled data,
mmGAN also improved the gesture recognition performance
(5 to 18 pp).
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Transfer learning: Further, mmGAN also served as a
strong initializer for cross-subject transfer learning. Both
mmGAN and the baseline were fine-tuned using 4% of the
target labeled data, and mmGAN adapted more rapidly to
new subjects, achieving higher median accuracy than the
baseline across all subjects.

Generalization and comparison: Additionally, we demon-
strated that mmGAN outperforms the state-of-the-art
self-supervised method, Auto-Fi, on the 5G OFDM dataset
as well as the publicly available Widar dataset. On the Widar
dataset, mmGAN’s performance was only 7 pp lower than
the baseline trained with 100% labeled data, while mmGAN
used only 40% of the labeled data.

Inside mmGAN: We analyzed the mmGAN model to reveal
its internal feature representations and reported detailed
metrics beyond accuracy, class-wise F1 scores, along with
an interpretability study that offers deeper insights into the
model’s behavior and generalization. We further quantified
differences in classification performance between static and
dynamic gestures. We found that under low-label-settings
baseline model suffers from poor performance as far as
dynamic gestures are concerned, whereas mmGAN achieved
a substantial accuracy improvement across all gestures.
mmGAN’s saliency maps showed attention on distributed
beam pairs, suggesting that unlabeled data helps the model
to capture secondary multipath components relevant to the
gestures, which the baseline model completely misses. We
also identified the most critical beam pairs for the baseline
and mmGAN models and performed an ablation to validate
their significance. This can be used to develop efficient
pruning techniques for creating lightweight models.

Edge efficiency: Further, we emphasized that GAN train-
ing can be computationally expensive. However, in our
case, only the lightweight discriminator is deployed during
inference. The mmGAN discriminator occupied only 0.57
MB of memory with an inference time of 0.6 milliseconds,
resulting in a model that is 74 times smaller and 3.7 times
faster than ResNet-18.

X. CONCLUSION

In this work, we proposed an SSL method, mmGAN, to
enhance the performance of mmWave ISAC systems for
gesture recognition in label-scarce settings. We proposed
a loss function that integrates the advantages of softplus,
feature matching, and manifold regularization to significantly
improve gesture recognition performance across diverse
subjects. To evaluate mmGAN, we developed a testbed with
5G mmWave OFDM signals and extracted PPBP as a sensing
feature. The time series of PPBP was provided as input to
the mmGAN. We benchmarked mmGAN against rigorously
evaluated baseline models to ensure a fair and comprehensive
performance comparison, including the state-of-the-art self-
supervised method, Auto-Fi. mmGAN was evaluated on
the 5G OFDM dataset and the publicly available Widar
dataset. Our results showed that by leveraging unlabeled
data, mmGAN improved gesture recognition performance
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in both subject-specific and diverse data scenarios, reduced
dependence on labeled data, and generalized effectively
across multiple subjects, served as a strong initializer
for transfer learning, representing a step forward toward
foundation learning in mmWave ISAC systems.

XI. LIMITATIONS AND FUTURE WORK

mmGAN is trained on a subject-specific basis. In such set-
tings, the performance improvement is substantial. However,
when data from multiple subjects is combined, there is
limited improvement in performance due to diverse distribu-
tions. For example, when data from all users is combined,
there is only an 8 pp improvement in gesture recognition
performance. This is inherently due to the complexity of the
dataset. We consider addressing this challenge in future work.
Additionally, GAN training can be computationally intensive,
but this challenge can be mitigated by offloading the training
process to the cloud. In such a setup, only the lightweight
discriminator is deployed on the edge device, enabling faster
inference times compared to diffusion models.

Diffusion models: Diffusion models [73] are a class of
generative models designed to produce data that closely
resembles the training data. They operate by progressively
adding noise to the data through a forward Markov chain,
effectively transforming the data into pure noise. The model
then learns the reverse process, a backward Markov chain,
to denoise the noisy data, reconstructing the original data
distribution. This two-step approach ensures that the model
captures the underlying data distribution, enabling it to
generate realistic samples from noise. Diffusion models
have achieved success in many applications such as com-
puter vision, natural language processing, and multimodal
modeling [73]. However, their effectiveness comes with
challenges: they require large quantities of high-quality data
to train effectively, and their iterative sampling process
is computationally expensive, often involving thousands of
steps to generate a single output. This high computational
complexity demands substantial hardware resources and can
lead to slower generation times compared to other generative
models such as GANs or Variational Autoencoders (VAEs).
Moreover, recent studies have suggested that the generated
data from diffusion models leads to degraded classifier
performance [74]. We consider evaluating diffusion models
in future work.

Rotation and translation artifacts: We further want to
extend our analysis by collecting data where the subject’s
orientation is varied. Unlike images, we cannot artificially
apply translations or rotations to wireless data, since such
operations change the semantic meaning of the PPBP
measurements. Our current results already show strong
performance across diverse data distributions, and we expect
that such transformations would mainly create a different
distribution that the generative ability of mmGAN can also
handle. We leave a detailed evaluation of this aspect for
future work, as this would require collecting additional data
with rotated subjects.

VOLUME 7, 2026

Domain adaptation: Further, we aim to improve
performance on cross-domain settings without using target-
labeled data. We plan to combine our approach with
adversarial domain adaptation techniques [75], such as
feature alignment or pixel alignment, such as CSIGAN [34],
to improve the performance on target data without using
labels (unsupervised domain adaptation). However, these
approaches often face challenges due to semantic mismatches
across domains, for example, the source features or examples
of one gesture may be mapped to the target features
or examples of another [76]. Furthermore, CSIGAN [34]
focuses on learning a one-to-one mapping across domains,
whereas recent research highlights that distributions are
inherently multimodal [77]. More research is needed in this
direction, and we leave it as part of future work.

Sensing and communication trade-off: ~Moreover, our
dataset could be used to analyze the trade-off between ges-
ture recognition (sensing) and communication performance,
specifically examining how the number of Tx and Rx beams,
both in space and time, impacts the sensing performance and
communication overhead in ISAC.
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