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Introduction

The groundbreaking concept of massive multiple-input multiple-output (mMIMO) has evolved
into a mature, mainstream technology that effectively addresses the capacity demands of
fifth-generation (5G) wireless networks. By deploying arrays with more antennas than served
users, mMIMO achieves order-of-magnitude improvements in spectral efficiency using linear
processing techniques that exploit favorable propagation. This paradigm follows two primary
deployment strategies: co-located antenna arrays, standard in 5G, and geographically
distributed architectures, known as cell-free (CF) mMIMO. Both rely on coherent joint
processing to serve users, but CF architectures leverage a user-centric approach to eliminate
traditional cell boundaries.

The transition toward 6G introduces many physical layer challenges, each demanding
solutions beyond what classical signal processing can tractably provide. To address these
intractable complexities, machine learning (ML) has emerged as a necessary complement,
offering the ability to learn complex mappings directly from data. While 5G largely layered
Al/ML onto traditional pipelines, the 6G vision is more ambitious: embedding Al/ML natively
into the air interface to fundamentally augment or replace core physical layer functions.

Contextualizing this discussion within the 6G-MIRAI project framework, this deliverable
provides initial insights into the core physical layer developments carried out under Task 1.1
in WP1, featuring key contributions from Ericsson, KU Leuven, Apple, CNIT, and Telefdnica.

This collaborative work addresses these architectural transformations along two
interconnected pillars. The first concerns hardware impairments: mitigating power amplifier
nonlinearities via digital pre-distortion in the FR3 band and compensating for oscillator-
induced synchronization offsets (CFO/SFO) in distributed cell-free systems. These are
structural features of 6G deployments where Al/ML offers highly favorable complexity-
performance tradeoffs over classical mathematical modeling. The second pillar explores the
integration of machine learning into the physical layer design workflow. This ranges from Al-
driven channel estimation validated against empirical field measurements, to generative
modeling frameworks capable of synthesizing high-fidelity, site-specific channel realizations.

Underlying both pillars is a shared methodological question: under what conditions do data-
driven approaches offer genuine advantages over classical methods? Consequently, this
document explores the design choices in model architecture, training strategy, and validation
that will determine whether Al-native physical layer functions can meet the strict reliability
and efficiency requirements of future 6G deployments.
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1 Al/ML-based channel estimation and
prediction using real SRS data [Ericsson]

1.1 Introduction and Motivation

Accurate channel estimation is a cornerstone of modern cellular systems. In 5G New Radio
(NR), uplink Sounding Reference Signals (SRSs) are extensively used to estimate the uplink
channel and, under the assumption of channel reciprocity in Time Division Duplex (TDD)
systems, to enable downlink precoding and beamforming. As systems evolve toward 6G, the
importance of precise channel estimation is further amplified by several trends: the
continuous increase in the number of base station antenna elements, the move toward
extremely large antenna arrays, higher carrier frequencies, and more dynamic propagation
environments. These factors result in higher spatial resolution but also increase the

sensitivity of downlink performance to channel estimation errors.

While classical signal processing—based channel estimation techniques remain robust and
well understood, they are reaching their practical limits in highly complex scenarios,
especially at low signal-to-noise ratio (SNR) and for moving UEs (User Equipment). This has
motivated significant interest in Al/ML-based channel estimation methods, which have
shown promising denoising and prediction capabilities in simulation-based studies
[1.3,1.4,1.5]. However, the actual performance of such models when applied to real measured
data remains a key open question. The work reported here addresses this gap by describing
how real-world SRS measurements have been processed, cleaned, and integrated into a
simulation framework to enable a meaningful evaluation of Al/ML-based channel estimation
in a realistic setting.

1.2 Real SRS Measurement Dataset

The real data used in this work originates from a data collection campaign performed with
Ericsson products, where uplink SRS measurements were collected in an outdoor
environment. As illustrated in Figure 1-1, the data acquisition campaign was performed with
a moving UE, following a predefined route comprising line-of-sight (LoS), non-line-of-sight
(NLoS), and street-canyon propagation conditions (also NLoS). The carrier frequency was 4.9
GHz with a total measurement bandwidth of 100 MHz, corresponding to 3264 subcarriers with
a subcarrier spacing of 30 kHz.
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Figure 1-1: Measurement environment

At the 5G base station (gNB), a 4 x 8 rectangular antenna array with 32 antenna elements,
each comprising of a 3x1 dual-polarized (with polarizations of *45) subarray was used,
resulting in 64 antenna ports. The UE was equipped with two dual-polarized (horizontally and
vertically) omnidirectional antenna elements, resulting in four antenna ports in total, as
illustrated in Figure 1-2 and Figure 1-3.
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Figure 1-2: lllustration of the gNB antenna array used in the measurements.
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Figure 1-3: lllustration of the antennas of the test UE used for SRS transmissions

SRSs were transmitted without uplink power control at a fixed transmit power of 30dBm. An
SRS comb of 4 was configured, meaning that SRSs occupied 816 subcarriers uniformly spread
over the bandwidth. SRS signals for all ports were transmitted on the same subcarriers, and
separated via different cyclic shifts; refer to Sections 6.4.1.4.2 and 6.4.1.4.3 of [1.1] for more
details on the related signal generation. The SRS periodicity was 5 ms, corresponding to 10
slots.

The raw data consists of baseband uplink SRS measurements captured at the gNB prior to
any channel estimation. GPS information was available, allowing rough characterization of
the UE speed, typically ranging between 5 km/h and 17 km/h, most of the time around 7.5
km/h, along the route. The resulting dataset contains realistic impairments such as receiver
noise, missing SRS instances, and synchronization drifts, the last two of which are generally
absent from purely simulated channels. For simplicity, a single UE was active during the data

collection process, i.e., there is no interference.

1.3 Data Preprocessing Pipeline

To make the real SRS data suitable for training and evaluating Al/ML-based channel
estimation models, a dedicated preprocessing pipeline was developed in order to obtain
estimates of the channel at the SRS transmission instances from the baseband uplink SRS

measurements in the raw data.

The goal of this pipeline is twofold: first, to denoise the raw data and interpolate to non-
sounded subcarriers to generate a high-quality reference channel that can serve as a “genie”
channel in the simulator and to provide stable and well-conditioned inputs to the ML model.
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One can see this “genie” real channel as a replacement for classical channel models (TDL,
CDL, UMa, ...). This is feasible because, as shown in Figure 1-4, the SNR of the received SRS
is in general fairly high, i.e., higher than 5dB for the entire dataset and higher than 10dB for
most of the measurements. Figure 1-4 also illustrates noticeable SNR variations of the
received signal at the gNB. This variation is due to the uplink SRS signals being transmitted
without power control, which makes the received SNR dependent on the propagation
conditions and fast fading at the spot the test UE location.
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Figure 1-4: SNR of the received uplink SRS at all measurement instances

1.3.1 Denoising and Interpolation

Each measured SRS snapshot is initially available only on the SRS subcarriers. The denoising
of these measurements and interpolation to the non-sounded subcarriers relies on a
proprietary commercial-grade implementation. Subsequently, our work focused on ensuring
a consistent temporal interpolation method to retrieve the slots between SRS transmissions
and obtain a channel representation that is continuous and stable over time, which is
essential both for meaningful ML training and evaluation in a context of time prediction.

Since the proprietary implementation used during the measurement process did not have
strict requirements related to temporal domain processing, the raw SRS measurements were
found to exhibit some temporal inconsistency, mostly due to synchronization errors. A key
requirement of the preprocessing was to apply denoising and interpolation in a way that
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ensures temporal consistency of the channel across slots. In the absence of explicit
enforcement of temporal continuity, measurement impairments can cause consecutive
channel realizations to exhibit abrupt changes in delay-domain alignment or energy
distribution, which can severely degrade the performance of learning-based methods—
particularly for channel prediction tasks that rely on temporal correlations.

1.3.2 Synchronization Issues

Some synchronization issues were observed in the raw data, where consecutive SRSs exhibit
unexpected large shifts in the delay domain. We show such an instance in Figure 1-5 that
follows, where we show the Power Delay Profile (PDP) of the channel to one gNB port,
averaged over all UE SRS ports for two consecutive SRS transmissions. Notice that the PDP
of the channel corresponding to the second SRS transmission has a shift of around 40 delay
(iFFT) taps compared to the first one.
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Figure 1-5: Example of time shifts in the Power-Delay Profiles of the estimated channels for

consecutive SRS transmissions

These shifts are too large to be caused by the test UE movement (i.e. cannot be interpreted
as the signal arriving later because the UE moves away from the gNB) and are likely caused
by phase drift and imperfect time synchronization. To mitigate this, a calibration procedure
was introduced. For each pair of consecutive SRS measurements, the relative shift in delay
is estimated by minimizing the normalized mean squared error between their PDPs. For the
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example in Figure 1-5, after shifting the channel corresponding to the second SRS
transmission with the best shift, the PDPs will look like the following figure:
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Figure 1-6: Example of the outcome of the procedure of finding the relative shifts between PDPs, for
the instances illustrated in Figure 1-5.

Finally, relative shifts should be accumulated to obtain an absolute delay drift over time for
the n-th sample.

On a high level, the procedure can be summarized as follows (N is the number of total SRS
reception instances in the raw data):

For each consecutive pair (n, n+1) of samples (n=1,2,---N):

1. Calculate the best relative shift s[n]: s[n] = argmin ¥ (pdp[i — m,n] — pdp[i,n — 1])?
2. Calculate the cumulative shift to compensate for the n-th sample: cum_shift[n] =
Z’_:los[n’]

3. Apply the shift in the raw data.
However, this procedure results in very big cumulative shifts, which are unreasonable. For
instance, since all four ports are multiplexed via cyclic shifts in the same comb offsets (i.e.
SRS for all ports are transmitted on the same subcarriers) applying a cumulative shift of more
than 204 taps would swap UE ports, breaking the consistency in the data. To alleviate issues
like this and keep the data consistent, we introduce a re-normalization in the cumulative
shifts. In more detail, we split the cumulative shift in M segments, find the linear
approximation of the cumulative shift in each segment and re-center the value of the
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cumulative shift around this linear approximation in order to remove the linear trend; for data
point n, belonging in the i-th segment we have:
new_cum_Shift[n] = cum_shift[n] — (ali](n — x[i]) + b[i])
where ali], b[i] are the slope and intercept of the i-th segment and x[i] the index of the first

data point that belongs to this segment.

The issue with big cumulative shifts and the re-calibration described above are illustrated in
Figure 1-7.
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Figure 1-7: (Left) Cumulative shifts and piecewise linear approximation for re-calibration. (Rights)
Cumulative shifts after recalibration.

The corrected data is subsequently passed through the denoising pipeline described in
Section 1.3.1.

After all those preprocessing steps, the processed channel is reconstructed over the full
system bandwidth and time. This final interpolation step produces a channel estimate defined
on all subcarriers and slots, expressed in the antenna—frequency domain, which can then be
directly used by the link-level simulator as the real channel at the corresponding slot or used
as reference data for training and evaluating Al/ML-based channel estimation models.

1.4 Integration into the Link-Level Simulator

After preprocessing, the real channel data is integrated into a high-fidelity internal link-level
simulator, where physical layer procedures are simulated in high degree of detail and related
algorithms (e.g. for signal reception, demodulation, decoding) are close to those available in
commercial products. In this setup, the processed channel replaces the standard stochastic
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channel model. The denoised channel is treated as the genie channel, providing a high-quality
reference against which different channel estimation and precoding schemes can be
evaluated.

The simulator uses the real channel snapshots at SRS instants and applies linear
interpolation to derive channel realizations for intermediate slots. This approach ensures
consistency with the operational constraints of 5G NR systems. By aligning the preprocessing
of real data with the assumptions made in the simulator, a fair comparison between Al/ML-
based channel estimation and classical baselines becomes possible under realistic
conditions.

1.5 Task to compare the performance

To compare the different channel estimation and prediction methods, the workflow illustrated
in Figure 1-8 is used. In this workflow, the received SRS signals are processed either by the
Al/ML-based model or by a reference baseline method. The resulting channel estimates—
after denoising and, when applicable, time prediction—are then used for precoding in the
downlink. The ultimate objective is to improve the downlink performance observed at the UE.
While intermediate key performance indicators (KPIs), such as mean squared error (MSE)
and SGCS, are used to assess the quality of the reconstructed channels, the downlink
throughput is considered the primary metric for evaluating the overall system-level

performance.
ML-based
channel
(‘I I’) estimation B formi ((I I’)
. . eamforming
O3 > e | Sy = | R

Baseline

channel
estimation

Figure 1-8: Channel estimation task workflow

Importantly, for the training and evaluation of the real data, different parts of the road will be
selected to avoid having training and validation to be too similar. Three sections, NLoS (13000
samples), Canyon (9000 samples) and LoS (5500 samples), will be selected for the inference
and those will not be used for the training as shown on Figure 1-9. Around 65000 samples
are used for the training.
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Figure 1-9: Visualization of the data collection setup

1.6 Ongoing Al/ML Training and Experiments

The processed real data is currently being used to train and fine-tune Al/ML-based channel
estimation models. The input to the ML model consists of several consecutive noisy SRS-
based channel estimates, captured at the gNB and expressed in the antenna—frequency
domain on the SRS subcarriers. These past observations provide the model with temporal
context, allowing it to jointly exploit correlations across antennas, frequency, and time. The
model output consists of both an estimate of the denoised channel at the time of the most
recent received SRS or an estimate of the channel at the subsequent SRS instance (here, a
prediction of the channel after 5ms), thereby enabling both denoising and time prediction.
Training is performed using a mean squared error (MSE) loss between the ML output and the
reference (denoised) channel at both aforementioned time instances, which encourages

accurate reconstruction while remaining compatible with downstream precoding use cases.

The architecture of the ML model is similar to the one used in [1.2] as illustrated on Figure
1-10. The two main advantages of this architecture are the usage of Convolution Neural
Network which allow to adapt the different dimension of the input and output easily and the
capabilities to handle large dimensional tensor as input and output (6 dimensions) while
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keeping the number of parameter small with the spatial separable convolution (As shown on
Main conv block on Figure 1-10).
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Figure 1-10: Al/ML architecture
A key objective of the ongoing experiments is to assess the respective roles of simulated and
real data in ML training. In particular, we will investigate training strategies that rely
exclusively on simulated data, exclusively on real data, and we evaluate all trained models on
real measured channels against 5G baseline. This will allow us to quantify how the use or
lack of real measurements impacts robustness and generalization, and to identify potential
mismatches between simulation-based training and real-world propagation conditions.

O‘St

w—= Training (NMSE) === Training (NMSE_current ===« Training (NMSE_futur) == Training (Training_loss)

Figure 1-11: Example of three validation losses (NMSE, NMSE, NMSE future) and the training loss

with simulated data
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During training, the behavior of the ML model is monitored through learning curves illustrating
the evolution of the training and validation losses over epochs. An example of such a training
curve is provided Figure 1-11 to illustrate convergence behavior. While those initial results
are only on simulated data, in addition to the standard MSE loss, we also start to explore
alternative loss functions that are more closely aligned with system-level objectives, with the

goal of improving robustness and performance under realistic channel impairments.

1.7 KVI

To evaluate the broader economic and operational viability of the proposed channel
estimation algorithm, its performance gains are translated into three critical Key Value
Indicators (KVls).

1.7.1 Energy Efficiency

This study can have direct impact of the energy consumption, both for the BS and the UE.
The number of uplink pilots can be reduced while keeping a good channel estimate, which
means that the UE will use less power overall. On the other hand, if the BS achieve a better
channel estimate, it can better beamform the downlink signal which will reduce the error and
thus reduce the energy consumption. Both situations can also happen simultaneously.

1.7.2 CapEX & OpEx

The use of Al/ML directly impacts both upfront deployment costs and ongoing management

expenses:

e CapEx:
o Hardware capable of running Al/ML model
o Al/ML training infrastructure (GPUs, compute for model development)
o Data collection campaigns (driving routes, field measurements)
e OpEx:
o Al/ML model retraining and maintenance as environments/conditions change
o  Compute costs for real-time Al/ML inference at the gNB

1.7.3 Data protection & Privacy

The channel estimation algorithm operates purely at the physical layer, and it does not
process, store, or transmit user-specific data. The data collection for the training can be
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impactful if data is coming from UE, but in this study we explore only real data collected

internally with internal device.
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2 Low  Complexity Al-Based Digital
Predistortion for FR3 Power Amplifiers
[KUL]

The evolution toward sixth-generation (6G) wireless systems is driving the exploration of new
spectrum allocations beyond the sub-6 GHz and millimeter-wave bands. The upper mid-band,
also known as Frequency Range 3 (FR3) and spanning roughly 7-24 GHz, has emerged as a
promising candidate for 6G due to its favorable balance between coverage and available
bandwidth [2.1]. A key challenge in this band is power efficiency: to meet demanding link
budgets at these frequencies, power amplifiers (PAs) must operate close to saturation, where
nonlinear distortion is most pronounced. Digital predistortion (DPD) is the standard technique
to linearize PAs in the digital domain, allowing efficient operation without sacrificing spectral
purity [2.2].

As signal bandwidths continue to grow, the memory effects of wideband PAs become
increasingly significant, requiring more complex DPD models. That is why this work targets
energy-efficient linearization for future 6G radio frontends operating in the FR3 spectrum. The
proposed approach combines feature-selection techniques with lightweight neural network
architectures to improve the tradeoff between linearization performance and implementation
complexity. Experimental validation is performed on two 15 GHz power amplifiers, with 100
MHz modulated signals. The measured data is available in [2.14].

2.1 State of the art

Traditionally, DPD has been implemented using truncated Volterra series, of which the
Memory Polynomial (MP) and Generalized Memory Polynomial [2.3] are the most widely
deployed examples. These models are attractive in practice because they are linear in their
parameters, admitting closed-form least-squares solutions with low complexity. However,
they rely on basis functions that can become highly correlated, limiting the scalability of
Volterra models [2.4, 2.5].

Recent work has shown that neural-network-based DPD can outperform conventional
Volterra-series approaches for wideband operation by learning nonlinear behaviors that are
difficult to capture using polynomial expansions [2.5-2.9]. However, these gains typically
come at the cost of significantly increased computational complexity, limiting practical
deployment in real-time radio hardware [2.6].
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In this work, we improve the complexity-performance tradeoff of NN DPD models by targeting
the input features. The main contribution is a feature engineering pipeline that combines the
LASSO regularization [2.11, 2.12] and MRMR ranking [2.13] to construct a compact,
maximally informative, and non-redundant input feature set from the same Volterra features
used in GMP models. The resulting Feature Selection NN-DPD achieves an improved
complexity-performance tradeoff, matching the baseline linearization accuracy while
reducing computational cost by up to 30%. We validate the approach using measurements on
two 15 GHz devices with 100 MHz wideband signals. To support reproducible research and
open benchmarking [2.9], the measured FR3 PA datasets used in this work are publicly
available [2.14].

2.2 System model

— DPD

in in in

Figure 2-1: DPD theory of operation

The operation of a DPD system, shown in Figure 2-1, is as follows: an oversampled
communication waveform x(n) is predistorted by a nonlinear DPD model, denoted by fpp, to
counteract the power amplifier (PA) nonlinearity. After predistortion, the waveform z(n) is
sent to the RF frontend, including the PA, after which an RF coupler provides a feedback

signal y(n).
z(n) = fpp{x(n)}
y(m) = fpa{z(m)}
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We implement an indirect learning approach to DPD training, where measured PA response
data are used to identify an inverse model that maps the PA output back to its input [2.15],
essentially performing post-distortion. Assuming that the PA behavior is sufficiently invertible
within the operating region of interest, the identified post-distorter can be used as a
predistorter by placing it before the PA. The predistortion function is implemented using
truncated Volterra series or neural network models. Each model has coefficients 8 , which are
optimized during the identification (or training) stage to minimize the mean square error
(MSE):

N
1
ming — Z x(n) = fope (Y(M)} "2
n=1

This minimization problem follows the indirect learning paradigm, where the pre-distorter
function should map PA output back to its input. The equation is solved in closed form using
ordinary least squares for Volterra-series models, whereas for NN-based models it is solved
iteratively using stochastic gradient descent.

2.2.1 Measurement system

The setup for wideband modulated measurements [2.16], pictured in Figure 2-2 consists of:
a microwave vector signal generator (VXG) and a vector network analyzer (PNA-X) for signal
generation and capture, bidirectional couplers, the device-under-test (DUT), an attenuator
(ATT) to limit output power, and a 50-Ohm load.

10 MHz REF

50 Q

Figure 2-2: Block diagram of the VNA-based measurement setup
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Each experiment employs a single-carrier input waveform with 100 MHz 64-QAM modulated
data, root raised cosine pulse shaping with factor ¢ = 0.35 and sampling at 1.28 GHz. Each
dataset is split into training, validation, and test captures with proportions of 33-33-33%,
respectively. DPD algorithm training and validation is performed in MATLAB, while the best-
performing models are validated on the actual measurement setup. The measured FR3 PA

response datasets are available at [2.14].

2.2.2 Performance metrics

After model identification, we use the normalized mean square error (NMSE) on a validation
dataset that was not used for model identification as the performance metric to compare
predistorters. Following the indirect learning approach, x(n) represents the true PA input,
which is the target waveform for NN DPD optimization, and z(n) represents the NN model
prediction:

LI lz(n) — x(m)I2

NMSE = 10 -log;p*—
I ()2

For the best-performing models, we measure the PA response to the DPD waveform and
report the error vector magnitude (EVM) and the adjacent channel leakage ratio (ACLR). Note
that the validation NMSE can be calculated for each trained model in simulation, while the
EVM and ACLR are system measurement metrics reported by the testbench equipment:

LI lyG) - x()?

LIV x()[?

EVM = 100-

P .
ACLR =10 - logy, (P ad) )

main

In the equations above, y(n), the output of the combined DPD-PA system, is normalized by
the mean gain of the PA, while Pyqj, Pnain represent adjacent channel and main channel
power, respectively. The measured EVM includes symbol recovery and equalization filtering
as implemented in the VNA instrument.

2.2.3 DPD algorithmic complexity

In addition to the performance metrics mentioned above, we evaluate the DPD algorithmic
complexity. Similar to [2.10], we focus on comparing the runtime complexity of DPD
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algorithms, as this is the most critical for real-time implementation. The complexity of offline
model training or online adaptation is not considered, as this functionality does not need to
run in real time.

Analysis of DPD complexity is typically limited to considering the number of real-valued
parameters in the DPD model [2.3] as an indicator of its memory cost. We use Floating point
operations (FLOPs) as a more accurate complexity metric and compare different DPD
algorithms in an implementation-agnostic way [2.10]. In this way, we compare the number of
computations to be performed by a hardware platform to execute the DPD algorithm, without
considering deeper implementation details such as parallelism or pipelining.

To calculate the complexity € of specific DPD models, we identify all operations performed in
the model and their associated FLOPs cost. For Volterra models, we follow the approach in
[2.10], splitting the complexity cost into basis construction and filtering: ¢ = Cz + Cr. For
NN models, we develop our own approach by summing the costs of input feature generation,
phase normalization preprocessing, the hyperbolic tangent nonlinear activation, and fully
connected layer matrix multiplication and bias addition.

Table 2-1 Computational complexity expressions in FLOPs per 1Q sample

Model Component Complexity expression
MP Basis generation Cupp=3+7+2(P—-1)
Filtering Cupr = 8MP —2
GMP Basis generation Compp =3+7+2(K,—1) +4(K, — 1M,
Filtering Comp,r = 8La(Ky + 2Ky M,) — 2
NN Phase normalization Con(D=6(I+1)
Fully connected layer Crc(1,0) =210
Tanh activation Crany (D) =101

This work considers two Volterra series approaches: the MP model with memory depth M
and polynomial order P; and the GMP model with memory depth L, = L, = L., polynomial
order K, and K, = K, and delay/advance memory M, = M. (notation from [2.3]). For both
models, we use even and odd-order envelope terms; although using only odd orders would
achieve lower complexity, the DPD performance was measured to be similar. The cost of
basis construction Cgz accounts for the generation of envelope terms of the form |x(n)|?, while
discounting any terms that can be taken from a delay line. The cost of Volterra filtering Cr is
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derived from the number of model parameters, which is M - P for the MP model and K,L, +
2K,M, L, for the GMP model.

We consider two neural network approaches to DPD: the baseline PNN [2.8] and the
proposed Feature Selection NN. Complexity formulations for all NN layer types are listed in
Table 2-1 above, where | and O represent the size of that layer's input and output. We count
6 operations for each complex multiplication in the phase-normalization operation, which is
applied to all input features and also to the output of the neural network [2.8]. In accordance
with low-complexity implementations of the Tanh activation, we set the number of operations
for this layer to 10 [2.17].

The tunable hyperparameters, including the number of neurons per layer and the number of
hidden layers determine the total complexity of NN model inference. Another hyperparameter
is k, the number of input features, as explained in Section 2.3 0. This is the input to the first
hidden layer of the NN model. To enable comparison across different complexities, these
model hyperparameters are tuned using Bayesian optimisation [2.18], and in Section 2.4 0 we
report the Pareto front of the best-performing models.

2.3 Proposed low complexity NN for PA modelling and DPD

The proposed approach, summarized in Figure 2-3, decouples the DPD problem into two
stages: an offline feature selection pipeline and a low-complexity neural network suitable for
real-time inference. We hypothesize that state-of-the-art NN DPD algorithms are generally
quite complex because they perform data-driven feature extraction during each inference.
Our proposed method decouples feature extraction from inference, thereby reducing
computational load.

Offline feature selection Low complexity Feature Selection NN
Feature generation ]
x;(n —m) Feature selection & ranking:
xo(n —m) 1. LASSO pruning: FC (..) FC
x(n — m)|P min||Xc — y|I% + Allc
| ( )| lin| yliz + Allelly ' Ly, (n)
x,(n = Dxg(n —m) 5, =il ¢ # 0} :
» L i Top-k ;
x(n = D) |x(n = m)| o
xo(n =D [x(n —m)|? 2. MRMR feature ranking: important |
¥ 1
I(x;;y) — Z I(x;; x;) features 5
NxF es St 1 ’ St_l vy T
Features X € R L \ | | b‘ = yo(n)

jest-1

Responses y € RV¥2

L [

Figure 2-3 Proposed feature selection approach to low complexity NN DPD

Co-funded by
the European Union



(Eli;l%)

6G-Mirai

The offline feature selection stage constructs a rich Volterra-inspired feature basis space and
then applies a feature engineering process to identify the most informative and least
redundant subset of features. The online stage consists of a compact real-valued neural
network that maps the selected features to the predistorted output. Since the feature
selection is performed once during model design and is not subject to real-time deadlines, its
computational cost is not included in the DPD runtime complexity model, where only the top-
k feature generation and NN model inference are counted.

In this section, we adopt the conventional machine learning notation, where x(n) is the NN
model input and y(n) denotes the NN target output. This corresponds to the notation for a PA
behavioral modeling task, while under the indirect learning framework [2.15] these signals
should be swapped such that the learned DPD model approximates the inverse PA
characteristic.

2.3.1 Feature Generation

The starting point for the feature basis space is a truncated Volterra-like decomposition of
the input signal x(n). Because the neural network operates on real-valued inputs, the complex
baseband signal is projected into its real and imaginary parts. For memory depth M and
maximum nonlinearity order P, each input sample contributes the following feature types:

xi(n—m),  xo(n—m)
lx(n —m)|P
x(n = Dxg(n —m)
xi(n = Dlx(n—m)IP,  xo(n—Dlx(n —m)[P

The features include a delay line that captures the linear memory of the DUT up to the M —
1 delayed sample; envelope terms that account for memoryless nonlinearity with odd order p;
cross terms that nonlinearly combine 1/Q terms at different memory depths; and cross terms
that combine instantaneous samples with envelope terms, similar to the GMP structure [2.3].
Together, these span a feature space with expressive power similar to that of a large GMP
model, with the important distinction that all features are real-valued scalars. Note that in a
typical NN DPD model, such cross terms are not used as an input, as their construction would
consume too much computational resources. The feature generation procedure yields a large
input feature matrix X € RV*F, where the total number of candidate features F scales
quadratically in M and P. The response matrix y € R¥N*2 holds the real and imaginary parts of
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the target signal. In the proposed feature engineering pipeline, the number of measured
training samples N is set to 15000, while we take M=200 and P=3, leading to F=321200
candidate features.

2.3.2 LASSO Feature Selection

A known limitation of high-order Volterra basis functions is their strong mutual correlation,
which makes it difficult to assess individual feature relevance [2.2, 2.6]. While linear least-
squares fitting in this setting is ill-conditioned, the LASSO (or ¢, regularization) promotes
sparsity and has relatively low complexity [2.12]. The LASSO objective combines the standard
least squares formulation with an #, sparsity penalty:

¢ = argglg&&r}llXc =yl + Allelly
Sp={i: & # 0}

Here ¢ is the sparse coefficient vector of the LASSO model fit on the data and S, is the subset
of selected features. The regularization parameter A is chosen via exhaustive search, aiming
for approximately 2000 surviving features after the LASSO stage. This stage significantly
reduces the candidate feature space before feature ranking.

2.3.3 MRMR Feature Ranking

The goal of this stage is to rank the selected features in S, by order of importance, so that

selecting the top Afeatures as inputs for the NN will result in the most informative and least

redundant features. We apply the MRMR algorithm [2.13], which applies a greedy selection

strategy, selecting in each iteration #one optimal feature i, to add to the set St. Starting from
= @, MRMR iterates as follows:

) 1
i, = arg ieg?es)%—l I(xi;y)—m 2 I(xi;x]-)

jest—l
St = St_l U it
where I(x;; y) denotes the mutual information between the feature vector x; and the output
and I(xi;xj) denotes the mutual information between features i and j. The greedy solution
produces a ranked list i;, and the top A features from this ranking are retained as the final
input to the neural network. The hyperparameter Ak directly controls the complexity-

performance tradeoff and is treated as a model hyperparameter subject to hyperparameter
optimisation. The optimal range for kis empirically found to be 100-200 features.
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2.3.4 Low-Complexity Feature Selection NN

We adopt the residual PNN architecture [2.7, 2.8] as the network architecture, replacing its
input with the feature vector of size 4, while keeping the phase-normalization operation for |
and Q inputs. The network produces outputs y,(n) and y,(n), from which the complex
postdistorter signal is constructed. By using a small 4 relative to the full feature set F, the
proposed pipeline can match or exceed the performance of an equivalently sized PNN while
operating at a fraction of the computational cost.

2.4 Simulation and measurement results

We analyze the complexity-performance tradeoff for the baseline DPD algorithms and the
proposed Feature Selection NN, using measured data from two DUTs that we make available
n [2.14]. To approximate the true performance-complexity tradeoff for each of the considered
DPD models, we run a hyperparameter search using Bayesian optimisation [2.18] and plot
the convex hull of hyperparameter combinations that result in optimal performance at minimal
complexity. Finally, we validate the proposed feature selection approach on the measurement
system and report the EVM and ACLR performance.

2.4.1 DPD modelling results

Our first analysis focuses on DPD performance on a 15GHz GaAs amplifier (part number
ADL9006), which offers wideband amplification from 2 to 28 GHz with a modest gain of 15
dB. Figure 2-4 shows the amplitude-amplitude (AM/AM) and amplitude-phase (AM/PM)
response for this device at our chosen operation point of -2 dBm input power and 10 dB

attenuation.

[EY
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Figure 2-4 Measured amplitude and phase response of the 1st DUT
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Figure 2-5 shows the DPD validation NMSE of different algorithms, as a function of the
memory footprint in terms of the number of real-valued parameters. It highlights the
remarkable performance of NN-based DPD algorithms, with both the baseline PNN model
and the proposed approach achieving an NMSE of -42 dB with 1600 parameters. The
performance of the MP and GMP baselines stagnates quickly for relatively low number of

coefficients.
o —MP |
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Figure 2-5 Validation NMSE as a function of DPD model size.
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Figure 2-6 Validation NMSE as a function of DPD computational complexity

Figure 2-6 shows the validation NMSE compared to DPD model computational complexity. It
shows the complexity gap between the PNN baseline and the proposed Feature Selection
NN. In fact, the proposed feature-based NN DPD model can significantly improve the tradeoff
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between NMSE and complexity, achieving -37 dB NMSE with only 595 FLOPs. For similar
NMSE performance, the PNN baseline requires 797 FLOPs, indicating the proposed approach
offers an approximate 25% improvement in FLOPs.

Our next analysis concerns the second DUT, a high-gain PA (part number 7LPA2G22G-43-
43-HS). This PA promises gain up to 53 dB over the frequency range of 2-22 GHz, sacrificing
linearity in the process. Figure 2-7 shows the AM/AM and AM/PM responses for this device
at -20 dBm input power and 30 dB output attenuation.
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Figure 2-7 Measured amplitude and phase response of the 2nd DUT.
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Figure 2-8 Validation NMSE as a function of DPD computational complexity for the 2nd DUT.

Figure 2-8 shows the validation NMSE as a function of complexity for this challenging
linearization task. The proposed feature selection NN improves the complexity-NMSE
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tradeoff in the low complexity region, achieving -34 dB NMSE using only 234 FLOPs, which is
a 32% reduction compared to the PNN baseline.

2.4.2 Measured DPD performance

Several candidate models covering the NMSE/FLOP tradeoff were evaluated experimentally
by generating predistorted waveforms and measuring the DPD performance on the first DUT.
The measured EVM and ACLR results are summarized Table 2-2, showing the FLOPs, the
number of coefficients, and the performance metrics for 7 measured DPD models.

Table 2-2 Measured DPD performance on the 1st DUT. ACLR is reported as the worst case of upper
and lower adjacent channels. The models used in FIGURE are highlighted in the FLOPs
column. The best NMSE, EVM and ACLR results are highlighted in the respective columns.

Model FLOPs Coefficients NMSE [dB] EVM [%] ACLR [dBc]
No DPD - - - 2.5 -33.09
PNN 360 128 -32.80 1.88 -39.95

787 287 -35.18 1.54 -41.05

1839 725 -37.44 1.39 -39.03

2491 911 -41.11 1.39 -41.42
Proposed 407 98 -35.38 1.38 -43.81

939 344 -37.67 1.24 -41.24

1768 650 -41.16 1.08 -41.88

Table 2-2 shows that the proposed Feature Selection NN consistently achieves lower NMSE
and EVM compared to a PNN model with the same complexity; for example it achieves 1.38%
EVM with only 407 FLOPs, with the baseline PNN achieving 1.88%. The proposed Feature
Selection NN achieves the lowest worst-case ACLR, up to 10 dB lower than the amplifier
without DPD and 3.8 dB lower than a comparable PNN model.
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Figure 2-9 Measured output spectrum after applying NN DPD algorithms with approximately 400
FLOPs.

Figure 2-9 shows the measured spectrum after DPD linearization using the PNN and
proposed models with approximately 400 FLOPs (the corresponding FLOP numbers are
highlighted in Table 2-2). The proposed feature selection NN approach achieves the lowest
ACLR in this comparison. Finally, Figure 2-10 shows the measured EVM as a function of
model complexity, highlighting the excellent linearization capability of the proposed approach.
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Figure 2-10 Measured EVM of different DPD algorithms

2.4.3 Conclusion

This work proposed a Feature Selection Neural Network for low-complexity DPD operating in
the FR3 frequency band, achieving an improved performance-complexity tradeoff compared
to Volterra and Phase-normalized Neural Network baselines. Compared to the baseline, the
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proposed approach reduces the computational cost by up to 30%. The method is validated
using measured EVM and ACLR performance on a 15GHz amplifier. Topics for further work
include the inspection of the selected features, possibly leading to more interpretable neural
network DPD algorithms, and measurement of DPD performance on the second DUT (the
high gain 15GHz PA). The measured FR3 PA response datasets used to support this work are
openly available at [2.14].

3 Generative Machine Learning for Wireless
Channel Modeling [Applel

3.1 Introduction and Baseline Methodologies

Accurate channel modeling is a cornerstone of modern cellular system design. Channel
models serve as the foundational bedrock for benchmarking, analyzing, and validating every
stage of wireless communication system development. Traditionally, the physical layer design
process relies heavily on analytical, geometry-based stochastic channel models (GSCMs),
such as the Clustered Delay Line (CDL) and Tapped Delay Line (TDL) frameworks defined in
3GPP TR 38.901 [3.1]. These conventional models utilize pre-defined delay profiles, angular
spreads (angle of arrival and departure), and specified statistical distribution functions—such
as Rayleigh or Rician fading distributions—to simulate signal propagation through a generic

environment.

While CDL and TDL models are exceptionally convenient for rapid algorithm benchmarking
and standardization, they inherently target generic, generalized scenarios. They rely on
various underlying assumptions and mathematical simplifications to maintain computational
tractability. Furthermore, to validate or tune these models for specific new environments
(such as a specific factory floor, a specialized vehicular deployment, or novel indoor
architectures), engineers must conduct extensive physical channel measurement campaigns.
This empirical data collection is famously time-consuming, laborious, and highly susceptible
to instrument malfunction, resulting in noisy, sparse, or incomplete datasets [3.2].

These practical limitations have driven a paradigm shift toward partially or fully deferring the
task of channel modeling to Machine Learning (ML). Unlike traditional models that force data
to fit pre-defined parametric distributions, ML approaches can process raw empirical or
complex ray-tracing data to autonomously discover the intricate, multi-dimensional
distributions governing the channel. Generative ML offers a mechanism to not only learn
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these distributions but to stochastically generate infinite, high-fidelity channel realizations
that supplement or replace traditional analytical pipelines.

3.2 Generative vs. Discriminative Machine Learning in Channel
Modeling

When applying machine learning to physical layer problems, it is crucial to select the correct
architectural paradigm. Earlier efforts in the literature occasionally employed discriminative
ML models; however, generative ML has proven vastly superior for the specific task of
stochastic channel modeling [3.3].

Discriminative models are mathematically optimized to capture input-output mappings and
target conditional probability distributions, such as P(Y | X). They are highly effective for
classification or regression tasks. However, they are inherently deterministic in their mapping
and cannot be continuously sampled to create diverse, realistic variations of a channel

environment.

In contrast, generative ML models focus on learning the fundamental probability distribution
of the training data itself, denoted as P(data). Because they model the complete underlying
distribution, generative networks can be sampled using latent input noise, denoted as z, to
generate entirely new, realistic data instances ¥ that follow the true empirical distribution x ~
P(data). Furthermore, because they represent the joint distribution of the data, generative
models are significantly better equipped to handle missing or corrupted measurement data,
effectively "filling in" gaps where physical sounding equipment may have failed.

3.3 The Role of Generative ML in Channel Modeling

Generative machine learning models must behave as stochastic processes. Relying on latent
input noise, denoted as z, these models can be continuously sampled to fulfill the task of
channel modeling. As illustrated in the architectural paradigms in Figure 3-1, there are two
primary approaches for leveraging these generated stochastic samples:

Approach 1: Parameter Generation for Analytical Models In this approach [3.4], an
analytical channel model of interest (e.g., a 3GPP CDL model) is pre-selected for a specific
scenario (e.g., outdoor, office). The ML model's goal is to stochastically generate realistic
instances of channel filter parameters—denoted as h—that parameterize the analytical
model. Examples of h include angles of arrival/departure, path gains, or impulse responses.
The parameterized channel model then acts as a deterministic filter through which the
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transmitted signal x is filtered to produce the output received signal v. Furthermore, tunable
conditions u (such as antenna location) can be provided as auxiliary inputs to the ML model.

Approach 2: Black-Box Emulation In the second approach [3.6], the ML model behaves like
the stochastic channel itself. Instead of generating intermediate physical parameters, it
directly produces instances of the received output signals v. Specific scenarios and
conditions u (e.g., environment type, velocity) are likewise provided as inputs.

Approach 1: Traditional channel model optimization

Scenario 3: Vehicular
Scenario 2: Home
Scenario 1: Office Latent

input Channel filter
Conditions ) Example parameters: angles
E.g. antenna location Channel filter of arrival and departure, Received signal
u ML model m’ path gains, channel impulse v
response, etc. s
(E.g. digitized voltage levels

at the received antenna)

Transmitted signal
X

Approach 2: “Black-box" emulator

Latent  Channel filter
input
Transmitted signal =

X

Received signal
v
(E.g. digitized voltage levels
at the received antenna)

Conditions
E.g. antenna location, velocity,
type of environment, etc
u

Figure 3-1 The role of Machine Learning (ML) in channel modeling. Top: traditional channel
model optimization. Bottom: black box approach.

3.4 Alternative Generative Architectures: GANs and Probabilistic
Models

To execute the stochastic generation required by Approaches 1 and 2, two fundamentally
different types of generative ML models are evaluated: Generative Adversarial Networks
(GANs) and Probabilistic Models.

While most current literature employs GANs due to their efficient sample generation via deep
learning techniques (e.g., gradient descent), probabilistic models are studied in parallel.
Recent advancements have yielded highly efficient learning algorithms for probabilistic
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networks, and they offer the distinct advantage of enabling tractable mathematical queries
beyond simple sampling, such as marginal computation and Maximum A Posteriori (MAP)
inference. Both architectures are fully equipped to perform the stochastic sample generation
of interest.

3.4.1 Generative Adversarial Networks (GANs)

Generative ML models aim to capture the distribution of the training data (P(data)). As such,
they can be sampled to generate realistic data instances (i.e. the sampled data instances %
should resemble real samples drawn from the training data distribution x~P(data)). In
contrast, discriminative ML models are optimized to represent an input-output mapping and
thus target a conditional distribution, such as the one used for classification P(Y|X), where Y
is the target variable or output (for example a class), and X is the observed input (for example
a sensor measurement). Furthermore, generative models are better equipped to handle
missing data (since they model a joint distribution, they are capable of “filling in” missing
inputs), a characteristic highly relevant to noisy and incomplete channel measurement
campaigns.

Most of the current approaches for generative ML in channel modeling exploit Generative
Adversarial Networks (GANs) [3.6]. As depicted in Figure 3-2 (a), the training stage of these

models comprises two elements:

The Generator (G): Usually implemented as a neural network, it maps a latent noise
sample z to a synthetic sample & that is meant to resemble samples from the training data
distribution.

The Discriminator (D): Also a neural network, it must determine if the input it receives is real
(drawn from P(data)) or fake (created by the generator G(z)).

The goal is to teach the generator to fool the discriminator into thinking that the sample it
produces is real. This is accomplished by learning the parameters in the networks through
the minimax game shown in Figure 3-2(b). The discriminator’s loss function (J) is optimized
to discern fake from real samples, while the generator's loss (J©) minimizes the

discriminator’s probability of being correct.
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a) Input noise Generator G() Discriminator D(G(2))
z Giz—ox Sample & D:x - [0.1] Is % real of fake?
X~ I:’(data)
Generator loss function Discriminator loss function
G) _ D D) _
Goal: Minimize D's Goal: Real samples —1 Fake samples—0

probability of being correct

Figure 3-2 Generative Adversarial Network (GAN). a) Structure of a GAN. b) Loss function
of each element.

For the basic GAN formulation, the loss functions driving this adversarial optimization are
standard cross-entropy formulations. The discriminator's loss J®) and the generator's
loss J(@ are expressed as:

J® = —E-paatay[log D (x)] — E,[log(1 — D(G(2)))]
J© = —E,[log D(G(2))]

In the context of wireless channel modeling, literature shows the generator optimized to
produce realistic channel samples h, targeting different frequency bands. For example, 0
models a static MIMO wireless channel as a distribution of time-domain band-limited impulse
responses using a 3GPP TDL dataset. In [3.2], authors augment the GAN with a Long Short-
Term Memory (LSTM) network to encode time dependencies for indoor channels.
Alternatively, the generator can emulate the channel’s behavior as a black box to directly
produce received samples [3.5]. An extension of this is proposed in [3.6], utilizing a variational
architecture for the generator to improve the captured black box distribution.

Wasserstein GANs with Gradient Penalty (WGAN-GP)

While original GAN formulations rely on logarithmic cross-entropy loss, this architecture
utilizes a Wasserstein GAN with Gradient Penalty (WGAN-GP) to improve learning
performance and stability [3.7, 3.8]. A WGAN removes the logarithms and instead uses a
linear output (often called a "critic") to measure and minimize the Earth Mover's
(Wasserstein) distance between the real and generated data distributions.

The WGAN-GP optimizes the following loss functions, where the discriminator
loss L®) includes a gradient penalty term to enforce mathematical stability (Lipschitz
continuity), and the generator loss L@ seeks to maximize the discriminator's score for the
generated samples:
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L® = Ey[D(®)] — Ey[D()] + AE;[(1l V5D (D) 11— 1)?]
L = —Eg[D(®)]

Discriminator D

Generator G

Wasserstein
Loss functions

Lg=—E; p[DF, )]

Latent inputs
z ~ AH(0,1)

Magnitude
calculation

Figure 3-3 Wasserstein Generative Adversarial Network (WGAN) with gradient penalty (GP)
and magnitude sample augmentation.

Sample Augmentation for Complex Signals: When generating complex-valued signals,
black-box WGAN-GP models often struggle to accurately characterize small output values.
To solve this, a sample augmentation technique is applied. The generator outputs a complex
vector constructed by concatenating the real and imaginary values. This vector is further
concatenated with the magnitude of the corresponding complex number before being fed to
the discriminator. This augmentation is applied to both the generated data y and the ground
truth training data y:

y = [?re: yim' I ? |]
y= [YTe' Yimrl y I]

Once trained, the generator's samples y map either to channel filter parameters (9 — h for
Approach 1) or directly to received signals (§ — v for Approach 2).

3.4.2 Probabilistic Models: Dynamic Bayesian Networks (DBNs)

The probabilistic model of choice for this parallel approach is a Bayesian network. Bayesian
networks compactly encode joint probability distributions by exploiting conditional

independence assumptions between variables.
The model comprises two main elements:
Graphical Component: Specifies the conditional independence assumptions.

Parameters: Represented through Conditional Probability Tables (CPTs), defining
relationships such as P(yeq1 | yt)-
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Unlike GANs which use adversarial optimization, the parameters of a Bayesian network are
learned through Maximum Likelihood Induction, resulting in a model structured to
mathematically maximize the probability of observing the given training dataset.

Encoding Time Dependencies for Channels: To capture the time-varying nature of wireless
channels, the system employs a Dynamic Bayesian Network (DBN). This type of network
explicitly encodes time dependencies. In this implementation, it uses a first-order Markov
assumption where the current value of the channel depends only on the immediately
preceding value.

Sampling the DBN Bayesian networks are sampled by mapping random latent inputs z €
(0,1) to specific output values of y, following the probability intervals defined in the CPTs.

The generation process operates sequentially:

A first latent random value is drawn (e.g., z; = 0.21). If this is smaller than a learned
probability threshold in the CPT (e.g., 0.8), the model assigns a specific state to the current
sample, defining y, = 1.

For the next time step, the network evaluates the conditional distribution based on the
previous assignment, specifically evaluating the CPT for P(y;41 | y: = 1).

A second latent sample z, is drawn. Depending on which probability interval z, falls into
within that specific conditioned distribution, the next sample is assigned to y;,;.

Similar to the GAN approach, the samples generated when using Bayesian networks for
Approach 1 map to channel parameters (Yt,i - h,;), whereas the samples for Approach 2 map
directly to received output signals (y,; = v;;).
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Pr(yp Yer1s Vir2s - - - ) = PODPYrs1 | YIPOia | Y1) - - -

E.g. binary
variables

P(y,=1)=08

PGy ly,=1)=0.6
Pyl =2)=09

Probabilities can be learned
from data through e.g.
Maximum Likelihood
Estimation (MLE).

y=1{12}

Sampling the DBN:

Samples from a
uniform distribution

Vi

YVe+1

Vi

7 =021 —y =1 Because 0.21<0.8

=07 ———— y,,;, =2 Because 0.7>0.6

7 =085y —2 Because0.85>0.8

H= 0.2

Y+1 =1 Because 0.2<0.9

Generated output samples:

(

&
(k3R)

6G-Mirai

Figure 3-4 Probabilistic model description. Top.: example of a Dynamic Bayesian Network (DBN).

Bottom. sampling a DEN. This example shows binary variables, but our experiments

consider a larger range of values selected through hyperparameter search (see Annex B).

3.5 Scenario-Specific Modeling and Domain Adaptation

A major challenge in analytical channel modeling is configuring the channel for highly specific

environments (e.g., a specific office layout, a factory floor, or a specific vehicular velocity)

when empirical data for that exact setup is scarce. Generative ML addresses this through

Conditional GANs and Transfer Learning.

3.5.1 Conditional GANs (cGANSs)

In an unconditioned GAN, there is no control over which specific channel state or environment

the generator produces. By providing an auxiliary conditioning variable u to both the generator

and discriminator, the output can be strictly controlled.
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~p, X~Pdata
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Auxiliary inputs

Figure 3-5 Unconditioned GAN (top) and conditional GAN (bottom).
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The conditioning variable u can represent discrete environments (e.g., bedroom vs. kitchen),

continuous physical parameters (e.g., vehicle velocity), or antenna placements (e.g., eyesight

level vs. ceiling mounted). The generator combines the latent noise z and the condition u into

a joint hidden

representation to output a scenario-specific channel realization.

3.5.2 Transfer Learning for Data Scarcity

Training a high-fidelity channel model from scratch requires massive datasets. Transfer

learning enables "domain adaptation,” allowing engineers to leverage widely available,

generic data to train a model for a highly specific, data-scarce environment.

Z

—

Auxiliary inputs

Generator G*' trained
on source domain

Generator G*' fine tuned
on target domain

Z

—

(YSTC ~p GSTC
Hor ¥ Sigt

Auxiliary inputs e or §

Eg. u

« Room: e.g. bedroom or

living room

Transfer

Eg.
« Fine tuning

« Batch statistics
adaptation

- Etc

Eg.[1]

« Channel filter.
parameters H*"¢

Eg.[1]
« Channel filter

Eg.

« Room: e.g. meeting
room or office

« Received signal
S‘,SVC

pee G

Office environment

Home environment

Figure 3-6 Transfer Learning setup from Source Domain to Target Domain
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The process works as follows:

1. Source Domain Training: A GAN is pre-trained on a rich source dataset, such as
massive synthetic datasets generated using standard 3GPP generic CDL models (e.g.,
generating 10,000 samples of generic indoor environments).

2. Fine-Tuning: The pre-trained weights of the Generator and Discriminator are
transferred to a new model. The seminal work on GAN transfer learning demonstrated
that fine-tuning a pre-trained GAN requires roughly two to five times fewer data
samples to achieve high-fidelity generation compared to training from scratch 0.

3. Target Domain Adaptation: The model is then fine-tuned using a very small dataset
from the target domain. Recent works have successfully leveraged this fine-tuning
scheme for GAN-based channel models, utilizing a generic 3GPP model as the source
domain (e.g., 10,000 samples) and successfully adapting it to a specific indoor corridor
target scenario with a highly limited dataset (e.g., ~6,000 samples).

Selecting the appropriate source domain is critical to this process. It is often guided by
minimizing analytical metrics—such as the Fréchet Inception Distance (FID)—between the
generic source data and the target empirical measurements to ensure domain closeness prior
to fine-tuning [3.9].

3.6 Generative ML tradeoff exploration: SISO 3GPP TDL-A
benchmark

The initial exploration proposed in this contribution considers the 3GPP TDL-A model
described in [3.1] to generate the datasets used to design, train, and evaluate the different
approaches described throughout this document. The main goal is to illustrate all considered
approaches with a tangible example and start exploring some of the induced tradeoffs from
the point of view of performance and model complexity (training- and inference-wise).

3.6.1 Dataset generation

Inspired by the experimental setup in [3.4] , we consider a TDL-A static (Doppler shift = 0Hz)
SISO channel with a long delay spread of 300 ns and a bandwidth of 30.72 MHz. The input
signal at the transmit antenna is a digital impulse with unit power and the channel is sampled
at a rate of SR=30.72 MHz for 5 ps (long enough to capture all multipath components).
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We used the TDL-A model to collect a synthetic dataset with N = 2000 samples and used the
variables outlined in 7abl/e 3 for each approach. Note that we implemented two variants of
Approach 1, where we either learned the linear finite impulse response filter (h®) or only the
multipath gains that parametrize that filter (h), as shown in Figure 3-7. We are working
with a static channel (thus, an LTI system), so the output v for Approach 1 is calculated
through the convolution of the transmitted signal x and the impulse response (which is the
channel filter).

Table 3. Dataset information.

Approach Dataset Dimensions
characteristics

Approach 1 (traditional), D(y1y:h® L=23, path gains corresponding to the TDL-A
path gains (See Figure e cN model [3.1].
4).
Approach 1 (traditional), D(1):h® F=102, length of the path filter impulse
impulse responses (See e cF*N responses.

Figure 4).

Approach 2 (black box) D(yy: v € C*N S=154, length of the received output signal v
(30.72MHz x 5 ps).

For all experiments, we used 1000 samples for training and 1000 for validation (the only
hyperparameters we tuned where the optimal number of learning epochs and whether to use
one or two hidden layers, as discussed in Appendix 3.A).
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Approach 1: Traditional channel model optimization

Scenario 3: Vehicular
Scenario 2: Home

Scenario 1: Office Latent
input

Channel filter

Conditions
E.g. antenna location
u

Example parameters: angles

Channel filter of arrival and departure, Received signal
path gains, channel impulse

parameters h response, etc.

ML model
GAN or
probabilistic

\
(E.g. digitized voltage levels
at the received antenna)

Transmitted signal
X

Channel filter
X N Vv
(impulse
responses) "L
. h@
_ Path dai D1 h®
Analytical channel model ath gains | |
Random process Physical @ p®
(e.g. sum-of- —=>--—»{ channel effect —» ... @ -
sinusoids) modeling

Figure 3-7. lllustration of the two types of channel parameters for Approach 1, as described
in Table 3.

3.6.2 Model characteristics and architectures

The GANs used for all approaches are WGAN-GP and both the generator and discriminator
were multilayer perceptron (MLPs) with a dense input layer, a hidden layer and an output
layer. We used RelLU activations and 100 units in each layer. A detailed description of the
models’ architecture can be found in Annex A. Note that, since we always consider the same
type of transmitted signal x, we omit it as an input to the generator for now. Although this can
be implemented as a one-hot encoding or other type of appropriate embedding. We leave this
discussion for a future contribution.

The probabilistic approaches used two variants of Bayesian networks: the black box and
traditional-impulse response approaches relied on DBNs, whereas the traditional-path gains
approach relied on a fully factorized Bayesian network as we are only learning coefficients of
the multiple paths and there is no time correlation to encode in this scenario. Additional
details can be found in Appendix 3.B.
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Table 4 summarizes the model characteristics:

Table 4. Model characteristics.
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Approach name

Model architecture

Detailed description

Approach 1
(traditional)

Path gains, GAN.

WGAN-GP without
magnitude augmentation

(see Figure 2).

See Tables A.1 and
A2

Impulse responses, WGAN-GP with See Tables A.3 and
GAN. magnitude augmentation A4
(see Figure 2).
Path gains, Fully factorized model. See Appendix 3.B
probabilistic.
Impulse responses, DBN. See Appendix 3.B
probabilistic.
Approach 2 GAN WGAN-GP with See Tables A.5 and
(black box) magnitude augmentation A.6
(see Figure 2).
Probabilistic DBN. See Appendix 3.B
3.6.3 Results

We analyze the results of all approaches by comparing the ground truth output samples

v with the set of 1000 generated received output samples ¥ € €C5*1990, Recall that the models

in Approach 1 generate ¥ by passing the input x through the channel parametrized with the

sampled channel parameters h (see e.g., Figure 3-7), whereas the models in Approach 2

directly generate .

For example, Figure 3-8 a) shows an example of the magnitude of the 1000-sample ground

truth dataset (Jv|), and Figure 3-8b) shows the magnitude of the dataset generated (|9 |) by

Approach 2 (black box WGAN-GP). For the time axis, which starts at 0 seconds, we assume

ideal synchronization at the first path since we are mostly interested in studying magnitude
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and power of the received signal v at this stage. This is true for the rest of the results in the
remainder of this document. Figure 3-8c and Figure 3-8 d show, respectively, the mean and
standard deviation over the datasets’ power. We consider both mean and standard deviation
as we want to evaluate the quality of the sampled distribution P(®), as is also discussed
throughout 7able 5.

a) Ground truth samples c) Mean power comparison
[v|

E[lvI?] vs E[|D]?]

=)

ower [dB]
8

Magnitude

A

Ground truth

/
b y '
S

Generated
1A

i) N i ZANONER L 1
0 0.5 1 1.5 2 25 3
Time [s]

= | . . A ,
05 1 15 2 25 3 35
Time [s] x10®

d) Standard deviation power parison
a[lvl*] vs a[|DI?]

b) Black box WGAN-GP, generated samples
7]

Magnitude

Ground truth
——— Generated

= SRSSS LT AN R AVA L B2 i I L L . A\ ,
0 0.5 1 1.5 2 25 3 3.5 0 0.5 1 1.5 2 25 3 3.5
Time [s] %10 Time [s] «10°8

Figure 3-8.Generated dataset evaluation. a) Ground truth dataset magnitude |v|. b)
Generated dataset magnitude |9|. ¢) Mean and d) standard deviation over the power

(comparison of ground truth vs generated samples).

Figure 3-9 compares the mean power of all approaches to ground truth. Note that the power
peak arising around 3 us corresponds to a large distance scatterer in the TDL-A model. For
all GAN-based approaches, we trained the models for 10000 epochs with a variation of 1 or 2
hidden layers and selected the best performing model by relying on the validation dataset
(more details are found in Appendix 3.A). This qualitative comparison shows that, overall, all
approaches succeed at characterizing the mean behavior of the stochastic channel. Although
it can be observed that probabilistic models tend to outperform the GAN-based approaches

in the characterization of the mean.

The qualitative analysis above is complemented by the performance analysis in Table 4, which
compares the absolute error of means (ME), the absolute error of standard deviations (SDE),
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model sizes, and training and inference time. Specifically, let ugr = E[|v|?] and us = E[|9]?]
be the mean powers illustrated in Figure 5 ¢) and o4 = o[|v|?] and og = o[|D|?] be the
standard deviations in Figure 5 d). Then ME = %Zle |uer — us| and SDE = —Z _1|ogr — ag| in
dB. Note that the errors were rounded for a fairer comparison due to the stochastic nature of
the model evaluation. Overall, probabilistic models tend to have the lowest statistical
deviation when compared to the ground truth. This is expected as the probabilistic model
encodes an analytical expression for the distribution of the ground truth data, whereas the
GAN approaches learn to map latent inputs to realistic output samples and do not directly
represent the distribution of the ground truth data. Overall, the statistical error differences
between the models considered in this contribution is not significant, given the simplicity of
the synthetic dataset under consideration.

In terms of model size, the smallest one is the traditional probabilistic path gain approach, as
it encodes a fully factorized distribution. However, it is worth noting that the size of GAN-
based models could significantly be reduced by using common weight pruning and
quantization techniques [3.10], which aim at reducing the redundancy of the model. Finally,
note that the training time of probabilistic models are orders of magnitude shorter compared
to the GAN-based models, due to the adversarial approach. On the other hand, inference time
is much shorter for GAN based approaches, as sampling is reduced to evaluating the
generator (a rather shallow MLP), whereas probabilistic model sampling requires more logical
operations (e.g. comparisons with intervals and search for the appropriate conditional
distributions). The black box GAN approach requires a shorter inference time compared to
the traditional GAN approaches as there aren’t any overheads associated with passing an
input signal through the inferred filter as is the case with the traditional approaches (like in
e.g. Figure 3-7).

1 Note also that we did not perform a comprehensive process of neural architecture search. It is likely that the
traditional approaches would results in a smaller model if we would engage in a such a process.
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Figure 3-9. Mean power of the different approaches compared with the ground truth.

Table 5. Result overview. The best performing method per metric is highlighted in bold.

o o Traditional | Traditional
Traditional | Traditional
| GAN probabilistic | Black Black  box
GAN probabilistic | _ o
) ) (impulse (impulse box GAN | probabilistic
(gains) (gains)
response) | response)

Error of

-36 dB -38 dB -36 dB -40 dB -38 dB -40 dB
means (ME)
Error of
standard

o -42 dB -41 dB -42 dB -43 dB -41 dB -42 dB

deviations
(SDE)
Model size
(number of | 24.8k 11.8k 40.8k 68.7k 51.3k 68.8k
parameters)
Training
_ >1h 33s >1h 46s >1h 7.6s
time
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(9800 (10000 (9800
epochs) epochs) epochs)
Total
inference 0.17 s 0.18 s 0.15s 0.30s 0.07 s 0.33s
time

3.6.4 Discussion

Traditional vs black-box approaches

- Black box approaches directly learn to represent a distribution over the output samples
so they can approximate the ground truth distribution more faithfully.

- However, it may be challenging to design black box models without encoding prior
knowledge of the channel behavior.

Probabilistic vs GAN-based approaches

- Probabilistic models learn analytical expression of the distribution and may therefore
perform better than GANs.

- However, for probabilistic graphical models like the ones used in this contribution, we
need to have a good understanding of conditional independence assumptions between
the variables in the system (they might also not scale well for more complex scenarios).
Neural network-based approaches do not rely as much on model handcrafting (except
for hyperparameter tuning and neural architecture search, which can be automated)
since relevant patterns and distributions tend to be extracted directly from data.

- Both types of models face learning challenges: for probabilistic models the learning
algorithms can be very complex and become intractable. For GANs, architecture search
and hyperparameter tuning is computationally very costly. Adversarial learning is also
known to be unstable.
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3.7 Conclusion

Generative Machine Learning provides a robust and flexible framework for overcoming the
limitations of standard 3GPP CDL and TDL stochastic channel models. By utilizing
architectures such as Wasserstein GANs (WGAN-GP), Conditional GANs, and Dynamic
Bayesian Networks (DBNs), engineers can address the complex distributions of wireless
propagation. Furthermore, techniques like Transfer Learning offer a viable path to solving
data scarcity, allowing baseline generic models to be fine-tuned for highly specific

environments without the need for exhaustive, expensive measurement campaigns.

However, as illustrated through these dual architectural paradigms, there is no single machine
learning approach that universally outperforms the others; rather, physical layer design now
requires navigating a distinct set of engineering trade-offs. Generating analytical filter
parameters (Approach 1) preserves physical interpretability and backward compatibility with
traditional simulators, whereas end-to-end signal emulation (Approach 2) reduces
mathematical parameterization but acts as an uninterpretable black box. Similarly, while
GANs provide highly efficient continuous sampling, probabilistic models like DBNs must be
maintained in parallel to enable exact mathematical queries and MAP inference.

As the industry moves toward next-generation 6G network design, two primary challenges
remain for the deployment of ML-based channel modeling:

1. Validation: Establishing a rigorous methodology to validate these ML models is
difficult, particularly because the "traditional" analytical channel models used as
baselines are themselves still under continuous development for higher frequency
bands.

2. Data Sourcing: Despite the mitigation offered by transfer learning, successfully
training foundational generative models requires sourcing massive volumes of high-
quality, high-fidelity empirical measurement or ray-tracing data, which remains a
significant logistical bottleneck.

Addressing these trade-offs, refining domain adaptation techniques, and establishing
standardized validation datasets will be critical next steps in the ongoing development of Al-
native physical layer design.
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Appendix 3.A GAN-based model architecture

Traditional GAN path gains: Note that this model does not require the magnitude
augmentation shown in Figure 3-3. It suffices to feed the concatenated real and imaginary
vectors to the discriminator. £ stands for number of taps (7ab/e 3). dgrent is the dimension of
the input z For all models, it is equal to 100.

the European Union

Table A.1: Traditional GAN path gains generator architecture

Operation Kernel Size | Output Shape
Input z ~ N(0,1) (n, digtent)
Dense 1 (d)gtent, 100) (n,100)
RelLU (n,100)
Dense 2 (100,100) (n,100)
RelLU (n,100)
Dense 3 (100,L x 2) (n,L x2)

Table A.2: Traditional GAN path gains discriminator architecture

Operation Kernel Size | Output Shape
Input yor G(2) (n,L x2)
Dense 1 (L x2,100) (n,100)
ReLU (n,100)
Dense 2 (100, 100) (n,100)
ReLU (n,100)
Dense 3 (100,1) (n,1)
Sigmoid (n,1)

BGSNS




Traditional GAN impulse responses: Fis the filter size (see 7able 3).

Table A.3: Traditional GAN impulse responses generator architecture

Operation

Kernel Size

Output Shape

Inputz ~ N (0,1)
Dense 1
RelLU
Dense 2
RelLU

Dense 3

(dlatentv 100)

(100, 100)

(100,F x 2)

(n, digeent)
(n,100)
(n,100)
(n,100)
(n,100)

(n,Fx2)

Table A.4.: Traditional GAN impulse responses discriminator architecture

Operation

Kernel Size

Output Shape

Input yor G(2)
Dense 1
RelLU
Dense 2
RelLU
Dense 3

Sigmoid

(F x 3,100)

(100, 100)

(100,1)

(n,F x3)
(n,100)
(n,100)
(n,100)
(n,100)
(n,1)

(n,1)

Black box GAN: Sis the length of the output sample v (see Table 3).
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Table A.5: Black box GAN generator architecture
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Operation Kernel Size | Output Shape
Input z ~ N (0,1) (n, digeent)
Dense 1 (digtent, 100) | (n,100)
ReLU (n,100)
Dense 2 (100,100) (n,100)
ReLU (n,100)
Dense 3 (100, x2) | (n,Sx2)
Table A.6 Black box GAN discriminator architecture

Operation Kernel Size | Output Shape

Input yor G(2) (n,Sx3)

Dense 1 (S x 3,100) | (n,100)

ReLU (n,100)

Dense 2 (100,100) | (n,100)

ReLU (n,100)

Dense 3 (100,1) (n,1)

Sigmoid (n,1)

Appendix 3.B Probabilistic Model architecture

Traditional probabilistic path gains: this model is a fully factorized distribution. That is:
P(hy, hy, ..., hy) = P(hy)P(hy) ...P(hy). The values of each h; are discretized into 256 bins,
selected through hyperparameter search. We trained one model for real values and another

one for the imaginary values.
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Traditional probabilistic impulse responses: We used a DBN like the one illustrated in
Figure 3. Thatis P(hy, hy, ..., hy) = P(hy)P(hy|hy) ...P(hg|hp—1). To discretize the values of h;,
we used an automatic binning algorithm that returns bins with a uniform width. We also
trained one model for real values and another one for imaginary values. In the future, we will
consider merging them by exploiting conditional independence assertions or working directly

with complex values.

Black box probabilisticc We followed the same as above: Py, v,,..,05) =
P(w)P(vz|v1) ... P(vs|vs_1).

4. Synchronization in Cell-Free Massive MIMO
networks [CNIT]

4.1 Introduction and motivation

Unlike conventional mMIMO systems relying on a single co-located antenna array, cell-free
(CF) mMIMO distributes many access points (APs) geographically, all serving the same set
of user equipment (UEs) through coherent joint processing [4.1]. A critical prerequisite for
achieving the promised spectral-efficiency gains is that all APs operate with a common time
and frequency reference. In practice, each AP is driven by its own local oscillator, which
introduces unknown carrier frequency offsets (CFOs) and sampling frequency offsets (SFOs)
relative to the other nodes. These hardware impairments cause the effective channel to drift
in phase across OFDM symbols, progressively destroying the phase coherence that underpins

joint beamforming and interference suppression.

This section investigates network-wide synchronization in CF mMIMO systems employing
OFDM transmission. We describe the signal model accounting for the joint effects of CFO
and SFO, implement the distributed synchronization algorithm proposed by Rogalin et al.
[4.2], and present numerical results evaluating the algorithm performance under different
anchor-placement strategies, network sizes, and numbers of synchronization pilot bursts.

4.2 OFDM with synchronization errors

Let fy and f; denote the nominal carrier and sampling frequencies of all network nodes. Due
to hardware imperfections, the actual carrier and sampling frequencies of node i, denoted by
foi and f;;, deviate from their nominal values because of CFO and SFO. We assume that the
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nominal sampling and carrier frequencies at each node are derived from the same local

oscillator, namely:

fOl—K>>1

fSl
where k is a hardware-dependent constant, independent of i. The sampling frequency

is expressed as

fS,i = f:S‘ + ei;

where g; < f; represents the SFO at node i. Consequently, the CFO is equal to xe;. In addition,
each node operates on its own local time axis, which gives rise to a timing offset (TO). As
long as the relative TO between nodes remains within the cyclic prefix (CP) of the OFDM
symbol, it is inherently compensated. Therefore, the primary challenge is to mitigate the
continuous drift caused by SFO and CFO. To understand how these hardware impairments
manifest themselves in the network, we first examine the discrete-time received signal.
Consider the transmission of a sequence of OFDM symbols from a transmitting node i to a
receiving node j. At the receiver, the sampling frequency is affected by an offset, so that the
discrete-time axes of the two nodes are misaligned. Over a single chip interval, this time
difference is negligible. However, when accumulated over many OFDM symbols, the SFO
behaves as a timing misalignment that grows linearly with the OFDM-symbol index m.
Assuming that the TO is significantly smaller than the cyclic-prefix duration, i.e.,
(|z: = 7| « TsN,p), where ; and 7; are the nodes TO, Ty is the nominal sampling period and
N, is the cyclic-prefix length, inter-block interference between consecutive OFDM symbols
is avoided. In practical CF mMIMO networks, the CFO between nodes is much smaller than
the subcarrier spacing, i.e., |f0,i —fOJ-|NTS « 1. The resulting phase rotation is approximately
constant across the subcarriers of a single OFDM symbol. This approximation is equivalent
to neglecting inter-carrier interference (ICl), allowing us to account only for the discrete
phase increments between consecutive OFDM symbols.The effective frequency-domain
demodulated signal on subcarrier v can then be written as the following multiplicative model:

Yl—)] [ml V] = Hi—)j [V]Xi [my V]Ei,j [ml V]

Here H;;[v] denotes the nominal frequency-domain channel response that would be
observed in an ideal system without synchronization errors. The joint effects of TO, SFO, and
CFO are captured by the multiplicative phase-rotation term:
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Byl = exp  ~j2n ] (= 1)) x e (s2n 3] 5 - 8)m)
x exp(j2n(A; — A;)m)
with v € {~N/2,...,N/2 — 1} and where we define the normalized TO, SFO and CFO as
w21, 82 (N+Ny)Tee, A2k,

respectively. Because E;j[m,v] depends on the symbol index m, the effective channel
becomes inherently time-varying:

Hl—)] [m) V] = Hi—)j [V] Ei,j [m; V]

When CFO and SFO are absent, the effective channels are constant over the coherence
interval and depend only on the subcarrier index. Standard channel estimation and coherent

combining can then operate as intended. In the presence of offsets, two distinct degradation
mechanisms arise:

e Channel estimation mismatch: the pilot symbol is transmitted at m = 0, so the
estimate captures the channel at that instant. For subsequent data symbols (m > 0),
the effective channel has drifted by the phase factor E; j[m,v] # 1, making the stored
estimate inconsistent with the actual channel.

o Coherence loss across APs: different APs have different offsets §;, so their received
signals accumulate different phase rotations over time. This breaks the phase
alignment required for coherent combining across the distributed array. The resulting
degradation worsens as mincreases and and is most severe for interference-aware
combiners, such as MMSE, P-MMSE, and P-RZF, which rely on accurate inter-AP
phase coherence.

4.3 Synchronization algorithm

We assume that the APs in the CF mMIMO network form a connected directed graph £ =
{1,...,L}, with edge set €={(1j)I1l,j€L}. An edge is present whenever the SNR, or
equivalently the inverse physical distance, between 1 and j exceeds a predefined threshold.
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Figure 4-1 Signalling flow of the network-wide synchronization algorithm

At the time of network deployment, a subset of "anchor" APs, denoted as A € L, is selected
to form a connected cover of the network graph. This imposes two relaxed connectivity
requirements:

1. The subgraph induced by the anchor nodes is connected, meaning that every anchor
AP 1 € A has sufficiently high SNR to at least one other anchor AP.

2. The anchor density is sufficiently high such that every non-anchor AP j € £\ A has at
least one anchor in its immediate vicinity.

During special synchronization slots periodically inserted into the frame structure, the anchor
APs exchange pilot signals. To mitigate co-pilot interference among neighbouring anchors, a
pilot reuse scheme ensures that each anchor transmits a pilot sequence orthogonal to those
used by its neighbouring anchors. When anchor 1 transmits its pilot, a neighbouring anchor j
captures it and computes a local relative maximum-likelihood (ML) estimate of their offset
8, = 8 —8; + §;,, where §;, denotes the estimation error. These noisy timing and frequency
estimates are sent through the wired backhaul to the central server (CS). The CS retrieves
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the global correction factors that each anchor must apply in order to synchronize to a common
reference, such as one of the anchor nodes. To this end, the CS minimizes a global weighted
least-squares (WLS) cost function, where the weights are ideally chosen as the reciprocal of
the MSE of the corresponding link estimate. If the MSE values are unavailable, equal weights
can be used. Because this system represents relative differences, it is underdetermined. The
CS selects a reference anchor node 1 (usually acting as the global clock), defines the corrected
vector §°°"" = § — &;, and removes the column and row corresponding to 1 to form the reduced
matrix. The correction factors are then computed through the WLS solution and sent back to
the respective anchor nodes. Each anchor applies the following phase rotation to align its
operations with the reference frame:

- _ v
E;j(m,v) = exp (—]21‘[ (1 + NscK> S m).

Once all anchor APs are phase-aligned through the centralized WLS step, the remaining non-
anchor APs in the network j € L\ A must also be synchronized. They achieve this by
synchronizing to their closest newly aligned anchor AP through a local master-slave scheme
[4.3]. The same principle extends to the UEs, which synchronize to their serving AP from the
uplink pilots they already transmit; the serving AP estimates the relative offset and feeds back
the corresponding correction factor. The overall signaling flow is summarized in Fig 4-1.

4.4 Cell Free Setup

To quantify the impact of the hardware impairments described above, we must observe how
the time-varying phase mismatch degrades the system's ability to decode user data. Let us
consider the uplink data transmission phase in a centralized Cell-Free mMIMO architecture.
During uplink data transmission, all APs receive a superposition of the signals sent from all
K UEs. On a given subcarrier v.and OFDM symbol m, let s;(m,v) be the data symbol
transmitted by UE k, with an uplink transmit power per subcarrier of n,.. The received signal
at AP 1is given by:

K

W) = D i hia (B (m,v)sim,v) + wi (m,v)

k=1

Where wi(m,v) ~ €N (0,0, ) denotes the additive white Gaussian noise (AWGN) at AP [, and
the effective channel incorporates the continuous drift E;(m,v) caused by SFO and CFO. In
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a centralized processing framework, each AP forwards its received signals to the Central
Server (CS) via the fronthaul network. By stacking the received vectors from all L APs, the CS
forms the collective received signal y''(m,v). To decode the data from UE k, the CS applies a

collective combining vector vy (v).

The critical issue arises from how the combining vector v (v) is computed. Regardless of the
chosen strategy (e.g., Maximum Ratio, MMSE, or Zero-Forcing), the combining vector is
designed using the static channel estimate h,(v) obtained during the pilot training phase at
= 0. Therefore v (v) is completely ignorant of the OFDM symbol index m. Conversely, the
actual data transmission experiences the drifted, time-varying collective channel hj(m,v). We
can evaluate this degradation using the Use-and-then-Forget (UatF) bound [4.1]. By
replacing the static channel with its time-varying counterpart, the effective Signal-to-
Interference-plus-Noise Ratio (SINR) for UE k on resource element (m,v) becomes:

M| E{wi )M (m, )}

SINR ,V) =
O e E (e 7]~ 1 (O G + Bl

The corresponding achievable uplink spectral efficiency (SE) is then given by:

N
SE (m,v) = N—ulogz(l + SINRy (m, v)) [bit/s/Hz].
Cc
Ngc—1
SEk = Z SEk(m V)
where N, is the number of uplink data samples and N, is the number of resource elements

per slot.

The synchronization protocol consumes a total of Lgy, * (Npyrst + Ng;) OFDM symbols, where
Lan is the number of anchor nodes (assuming a fully connected network), Ny, is the number
of pilot bursts emitted by each anchor, and N is the guard interval in symbols (we assume it
equal to zero for simplicity).

4.5 Numerical Results

We evaluate the system performance averaged over 100 independent network realizations,
each with 100 independent channel realizations, using QuaDRiGa [4.4]. Specifically, the
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3GPP_38.901 _UMi LOS parameter set is adopted, corresponding to the Urban Microcell
(UMi) Line-of-Sight (LOS) scenario defined in the 3GPP TR 38.901 v17.0.0 standard [4.5].
APs and UEs are distributed according to spatial densities over a square coverage area. The
primary simulation parameters are provided in Table 4-1.

Table 4-1. Simulation parameters.

Parameter Value Parameter Value

Carrier frequency = 3GHz Uplink pilot power P, = 40dBm
NR numerology u= 4 AP density Ly = 1000/km?
index
Subcarrier spacing Af = 240kHz Antennas per AP N, =4
Number of N, =128 UE density K; = 400/km?
subcarriers
System bandwidth B = 30.72MHz AP-UE height diff. h =10m
CP length Ng, =10 Noise figure F = 8dB
CIR support length W =N, Offset €; = 10ppm
Pilot subcarriers N, = 64 Mult. Factor Kk =F,/B

4.5.1 Fixed Anchor node placement

As a first experiment, we evaluate the simplest anchor configuration, consisting of four
anchors placed at the corners of a square centered in the coverage area, with all remaining
APs and UEs randomly deployed. This geometry provides good spatial coverage of the anchor
set by construction. A single pilot burst per synchronization period is used. The main metric
is the UatF-bound SE as a function of the OFDM-symbol index m within the coherence slot,
compared against the no-synchronization baseline. Figure 4-2 shows that this simple
placement recovers a significant portion of the offset-free performance. The SE no longer
collapses immediately but instead decays slowly, reflecting the small residual phase
distortion left after the correction step. The decay rate remains significant for MMSE
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Figure 4-2. SE versus OF DM-symbol index m for the fixed four-anchor square placement
with one pilot burst. MR and MMSE combiners are shown and compared with the no-

synchronization baseline.

combining, whereas for MR combining the SE stays almost flat. This confirms that

interference-aware combiners are more sensitive to residual offsets.

4.5.2 Impact of number and Anchor selection

The fixed-placement experiment naturally raises the question of how the number of anchors
and their topological placement affect system performance. To investigate this aspect, we
compare deterministic placement with random selection for configurations with two and four
anchors. For the deterministic four-anchor case, we retain the central square formation. For
the deterministic two-anchor case, we divide the square coverage area into two equal
rectangular halves and place one anchor at the geometric centroid of each half. We focus
exclusively on MMSE combining.
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Figure 4-3. SE versus OF DM-symbol index m for different numbers and positions of anchor
nodes in a 100 m x 100 m area, with one pilot burst and MMSE combining.

As shown in Figure 4-3, for a 100 m x 100 m area, using four anchors in the deterministic
square formation achieves the highest SE. Randomly distributing four anchors results in a
noticeable performance penalty, yielding an SE curve that is nearly identical to that obtained
with the deterministic two-anchor configuration, i.e., the split-area placement. Finally, two
randomly placed anchors provide the worst performance. This result highlights the need for
deliberate anchor-selection algorithms to maximize the network SE. Furthermore, we
evaluate the impact of network scaling by increasing the physical area to 141 m x 141 m,
thereby approximately doubling the total area while maintaining the same node density. As
illustrated in Figure 4-4, the performance gap between the deterministic square placement
and random selection, which is clearly visible in the 100 m x 100 m area, completely vanishes
in the larger area. Since the distance between deterministically placed anchors increases with
the area dimensions, the inter-anchor estimation quality degrades to the point where
structured placement offers no advantage over random selection. This indicates that
maintaining synchronization performance in larger areas requires increasing the number of
anchor nodes, rather than simply optimizing their placement.
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Figure 4-4. SE versus OFDM-symbol index m for four anchor nodes with different
placements and area sizes, with one pilot burst and MMSE combining.

4.5.3 Impact of multiple pilot bursts

Finally, we analyze the impact of synchronization overhead, specifically the number of pilot
bursts used by the anchors to estimate their relative offsets. Transmitting multiple bursts
improves the statistical quality of the WLS estimate but consumes valuable symbols within
the coherence block.

As shown in Figure 4.5, for the deterministic square distribution, increasing the number of
pilot bursts from one to two yields a noticeable SE improvement, whereas a third burst
provides diminishing returns. However, under random anchor distribution, an interesting
trade-off emerges: the temporal cost of allocating three bursts per anchor outweighs the SE
gain provided by the improved phase estimation. This result shows that simply increasing the
synchronization overhead does not necessarily improve system-level performance, and that

the optimal number of bursts is strongly coupled with the underlying anchor topology.
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Figure 4.5. SE vs. OFDM symbol index m for 4 AN with different selection and different
bursts. MMSE combiner.

4.6 KVI

To evaluate the broader economic and operational viability of the proposed synchronization
algorithm, its performance gains are translated into three critical Key Value Indicators (KVIs).

4.6.1 Energy Efficiency

Because the physical infrastructure (the number of active APs and served UEs) remains
unchanged, the network’s baseline power consumption is constant. Accurate synchronization
prevents the collapse of the network's phase alignment over time, unlocking a clean gain in
Spectral Efficiency. The improvement of data throughput within this fixed power budget
results in superior energy efficiency per transmitted bit.

4.6.2 CapEX & OpEx

The synchronization strategy directly impacts both upfront deployment costs and ongoing

management expenses:
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e CapEx: The distributed synchronization algorithm allows the network to utilize low-
cost, commercial-grade local oscillators rather than requiring expensive, ultra-precise
ones at every AP.
e OpEx: The selection and density of anchor nodes must be optimized to minimize the
signaling overhead required for synchronization parameter estimation, directly
reducing the network's long-term operational costs.

4.6.3 Data protection & Privacy

The proposed synchronization algorithm operates purely at the physical layer, exchanging
reference pilot bursts and localized hardware offset estimates between nodes. It does not
process, store, or transmit user-specific data, having no adverse impact on data protection
and privacy compliance.

5. Site-Specific MIMO Channel Generation via
Diffusion and Flow Matching [Telefdnical]

5.1 Introduction

Recent advances in generative artificial intelligence (GenAl) enabled the development of
data-driven models capable of learning complex high-dimensional probability distributions.
Among the most promising approaches are diffusion models [5.1] and flow matching models
[5.2], which have recently demonstrated state-of-the-art performance in image synthesis,
video generation, and scientific modeling tasks [5.3]. These models are particularly attractive
for wireless communications because they can learn realistic channel distributions directly
from site-specific datasets while preserving spatial and propagation-dependent
characteristics [5.4].

In the context of 6G, accurate channel generation is becoming increasingly important for the
training and validation of Al-native radio functions. However, obtaining large-scale channel
datasets through measurements or ray-tracing simulations is computationally expensive and
time consuming. Generative models provide an attractive alternative by learning the
conditional distribution of wireless channels and synthesizing realistic channel realizations

for unseen user locations.
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In this work, we investigate two conditional generative approaches for site-specific MIMO
channel generation: Conditional Denoising Diffusion Implicit Models (cDDIM) [5.4] and
Conditional Flow Matching Models (cFMM).

Both approaches generate beamspace MIMO channels conditioned on the user equipment
(UE) location, enabling the synthesis of spatially consistent wireless channels adapted to the

propagation environment.

Figure 5-1 below shows a general overview of the problem setup. Initially, we use UE locations
c = (x, y) as conditioning to the GenAl models. Then, both models start from random noise
and with the UE location c it generates a realistic CSI channel matrix. Once trained, these
models can be used for data augmentation to increase the number of samples. This
augmented dataset can later be used in downstream tasks to train additional ML models.

1. Conditioning Input 4. Data Augmentation

UE Location ¢,
cation ¢, At each UE location ¢, ,

Qs o BBO-
Cry (¥, v)
@ Base el
Station
® 2. Generative Model § — 3. Sampling — (BS) n .
Latent noles Gon;;ltod Channel
o ~N(0, T) \Deampios)
‘ ‘ T « g C] Sparse Synthetic Data
; Synthetic Data
l_il D (Generated Samples)

RS Heams Low
Sampling via diffusion steps Augmented dataset with high-fidelity
Shared U-Net Backbone or ODE solver synthetic channels

Figure 5-1 General overview of the problem setup.

5.2 Methodology

To generate site-specific datasets, we first reconstruct an urban environment in London using
OpenStreetMap [5.5] data and perform ray-tracing simulations with the Sionna RT
framework. Channel datasets are generated for both 3.5 GHz and 28 GHz carrier frequencies
under line-of-sight (LoS) and non-line-of-sight (NLoS) propagation conditions. Figure 5-2
below shows the transmitter position and the 100-meter radius where the UEs will be placed
uniformly in LoS and NLoS settings.
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Figure 5-2 Scene overview with the Transmitter Tx placed in the center and the 100 meters

radius where the UEs locations are located.

The generated MIMO channels are transformed into the beamspace domain using discrete
Fourier transform (DFT)-based beamforming matrices. This representation exposes the
angular structure of the propagation environment and allows the generative models to learn
spatial beam characteristics more effectively.

Both ¢cDDIM and cFMM are conditioned on the UE coordinates, allowing the generated
channels to adapt to the spatial location of the receiver. The conditioning information is
injected into a shared U-Net-style neural network [5.6] backbone through learned
embeddings. Using a common neural architecture ensures that the comparison between
diffusion and flow matching is driven primarily by the underlying generative paradigm rather
than by differences in network capacity.

Co-funded by
the European Union



(5E5|%)

6G-Mirai
The cDDIM model learns to progressively remove Gaussian noise from corrupted channel
samples through an iterative denoising process. In contrast, the cFMM model learns a
deterministic velocity field that transports Gaussian samples toward the target channel
distribution through ordinary differential equation (ODE) integration. Compared to diffusion
models, flow matching can often achieve competitive generation quality with significantly
fewer sampling steps, enabling lower inference latency.

To evaluate channel generation fidelity, we consider two complementary metrics:

e Beam Index Distance: measures the discrepancy between the dominant beam
indices of the generated and reference beamspace channels.

e Cosine Similarity: evaluates the similarity between the full beamspace power profiles
of the generated and reference channels.

Together, these metrics assess both the dominant angular direction and the overall spatial
beam distribution of the synthesized channels.

5.3 Results: Channel Generation Fidelity

The CDF in Figure 5-3 shows the cumulative distribution function (CDF) of the cosine
similarity between the generated and reference beamspace power profiles for both cDDIM
(blue) and cFMM (red) across 3 different propagation settings: 28 GHz with LoS only, 3.5 GHz
with LoS only and 3.5 GHz LoS+NLoS with both UEs combined. A high cosine similarity value
indicates that the generated channels preserve the angular power distribution of the

reference channels more accurately.
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Figure 5-3 Fidelity experimental results of the cDDIM and cFMM models.
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Overall, both generative models achieve high beamspace fidelity, with most generated
samples exhibiting cosine similarity values above 0.8. The best performance is obtained for
the 28 GHz LoS scenario, where both ¢cDDIM and cFMM produce highly concentrated
distributions near a cosine similarity of 1.

For the 3.5 GHz LoS scenario, both models maintain a relatively strong performance, although
the distributions become slightly broader due to the richer multipath propagation
characteristics at sub-6 GHz frequencies. In this case, we observe a clear performance gap
between the cDDIM and cFMM: ~80% of the samples generated by the cDDIM have a cosine
value of >0.8 while for the cFMM it's only ~50% of the samples with values >0.8. This
indicates that the cFMM could need larger training or more steps in the ODE solver.

The most challenging scenario corresponds to the 3.5 GHz LoS+NLoS dataset, where the
channel distribution exhibits significantly higher spatial variability. Nevertheless, both models
remain capable of reproducing realistic beamspace structures. The cDDIM model achieves
slightly stronger overall fidelity in this setting, with a larger fraction of samples above 0.6
cosine similarity. The cFMM model exhibits a broader distribution but still maintains high
similarity values for the majority of generated samples.

In Figure 5-4, we show a similar CDF plot but this time the x-axis is the UPA Beam Index
Distance. Recall that this metric measures the discrepancy between the dominant beam
indices (i.e., larger distance equals to larger discrepancy). For the easiest scenario of 28 GHz,
we observe that >80% of the samples have a distance of 0 for the cDDIM, indicating that the
strongest beam matches exactly with the one from the ground truth. The performance in the
other settings degrades mercifully as the complexity of the scenario increases. Similarly, the
cFMM has a similar trend but with a slightly lower number of samples with distance O.

cFMM
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i, 0.6
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© 04 (-4t een cDDIM 28 GHzLoS |  =eeen cFMM 28 GHz LoS
0.2 == c¢cDDIM 3.5 GHz LoS == cFMM 3.5 GHz LoS
) cDDIM 3.5 GHz LoS+NLoS = cFMM 3.5 GHz LoS+NLoS
0.0
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UPA Beam Index Distance UPA Beam Index Distance

Figure 5-4 UPA Beam Index Distance results of the cDDIM and cFMM models.
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These results confirm that both ¢cDDIM and cFMM successfully learn the site-specific spatial
structure of the wireless channel distribution. In addition, the results highlight that cFMM can
achieve fidelity levels comparable to cDDIM while requiring substantially fewer sampling
steps and lower inference latency, making it particularly attractive for fast channel synthesis
and Al-native wireless applications. Overall, the results demonstrate the potential of diffusion
and flow matching models as efficient Al-native tools for site-specific wireless channel
generation and dataset augmentation in future 6G systems.

5.4 Impact on Key Value Indicators

The proposed site-specific MIMO channel generation framework based on cDDIM and cFMM
contributes to improved energy efficiency by reducing the dependence on computationally
intensive ray-tracing simulations and large-scale measurement campaigns. Once trained, the
generative models can rapidly produce realistic channel realizations, enabling faster
evaluation and optimization of Al-native air interface algorithms with a lower computational
footprint.

In addition, the proposed approach can significantly reduce the CapEX & OpEX costs,
associated with channel characterization and network planning. By generating high-fidelity
channel realizations from a limited set of measurements, the need for extensive field
measurements and repeated simulation campaigns is reduced. This can accelerate network
design, testing, and optimization processes while lowering operational costs throughout the
network lifecycle.

Finally, the use of generated channels can increase data protection by reducing the need to
share or store large volumes of measurement data collected from operational networks.
Furthermore, generative models enable data augmentation and sharing across stakeholders
without directly exposing raw measurement datasets, supporting privacy-preserving
research and development activities.
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