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ABSTRACT

Machine learning is a highly promising tool to design the physical
layer of wireless communication systems, but it usually requires
that a channel model is known. As data rates increase and wireless
transceivers become more complex, the wireless channel, hard-
ware imperfections, and their interactions become more difficult to
model and compensate explicitly. New machine learning schemes
for the physical layer do not require an explicit model but implic-
itly learn the end-to-end link including channel characteristics and
non-linearities of the system directly from the training data.

In this paper, we present a novel neural network architecture
that provides an explicit stochastic channel model, by learning the
parameters of a Gaussian mixture distribution from real channel
samples. We use this channel model in conjunction with an au-
toencoder for physical layer design to learn a suitable modulation
scheme. Since our system learns an explicit model for the channel,
we can use transfer learning to adapt more quickly to changes in
the environment. We apply our model to millimeter wave commu-
nications with its challenges of phased arrays with a large number
of antennas, high carrier frequencies, wide bandwidth and complex
channel characteristics. We experimentally validate the system
using a 60 GHz FPGA-based testbed and show that it is able to
reproduce the channel characteristics with good accuracy.
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1 INTRODUCTION

Machine Learning (ML) has proven to be a very powerful tool in
diverse areas such as language processing and image recognition,
where it is difficult to design conventional algorithms. In network-
ing, ML has been widely applied at higher layers, for example for
resource allocation optimization and traffic prediction [34]. In con-
trast, wireless physical layer designs typically use conventional
discrete and highly optimized signal processing blocks with well
defined functions to cope with the multiple impairments of com-
munication channels. Modulation, coding schemes and equaliza-
tion techniques are optimized under the assumption of Gaussian
noise processes and simple non-linear models [33], with the aim
of simplifying hardware implementation. While such designs do
not take into account possible interactions between non-linearities
and residual errors of individual blocks, they work well for current
wireless networks and allow to operate links close to their theoreti-
cal capacity. However, hardware imperfections and non-linearities
become more and more difficult to model and compensate explicitly
as communication environments become more complex and radio
hardware is scaled to higher and higher data rates and frequencies.
This is exacerbated by the constraints imposed by integration in
consumer devices and the mandate of a cost-efficient design. The
above considerations inspired the application of ML to the physical
layer. ML has been used for modulation recognition [3, 21, 25, 29],
encoding and decoding [2, 11, 20-22, 32], channel estimation [28]
and equalization [6, 12, 15, 31]. The first proposal to design end-to-
end communication systems using deep learning models was pre-
sented in [21] where the authors discuss how to learn a transmitter-
receiver architecture represented as neural networks (NN) for a
specific channel model using an autoencoder structure. An autoen-
coder learns an efficient representation or encoding of data that
is subjected to noise, together with a reconstruction mechanism
that aims to regenerate the data as close as possible to the original
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input. The autoencoder is trained using the Stochastic Gradient De-
scent (SGD) method [13] to optimize a loss function (e.g., bit error
rate (BER)), using a differentiable model for the channel in order to
perform backpropagation. Such model-aware systems require an
analytical function of the channel as input, for example using an
Additive White Gaussian Noise (AWGN) channel or simple models
for phase offset and Carrier Frequency Offset (CFO) [11]. However,
as the channel becomes more complex due to interference, hardware
imperfections, and quantization effects, building realistic analytical
functions becomes difficult, and they may no longer be differen-
tiable, restricting the use of the backpropagation algorithm. In some
cases, models for hardware effects and the channel itself are not
even known, such as in molecular communications [19]. Recently,
model-free approaches have been proposed that do not require a
channel model as input. Instead, in [22], a differentiable channel
model is learned from channel data using Generative Adversarial
Networks (GANs). However, this mechanism is only evaluated for
simple simulated AWGN and similar channels, but not for practical
real-world channels. Further, it may be difficult to generalize the
architecture to more complex channels [10]. Another approach was
presented in [2], introducing a different training method in which
the end-to-end learning is done by sampling the channel, but no ex-
plicit channel model is obtained. One of the benefits of learning an
explicit channel model is that transfer learning can be used to speed
up the training on time-variant channels using previous knowledge
to make the system robust to environment changes. Learning ex-
plicit channel models is also interesting in the case of molecular
communication to drive the design of better nanoscale networks.
Here, we will focus on millimeter-wave (mm-wave) communica-
tions, where the increase in carrier frequency and bandwidth is
pushing Radio Frequency (RF) hardware to its limits and complex
calibration methods are used to ensure good performance. More
specifically, Giga-sampling rate converters with limited resolution,
as present in mm-wave hardware, introduce non-negligible quanti-
zation effects [8]. Besides, power amplifier non-linearities are more
harmful and high carrier frequencies introduce critical CFO and
phase noise effects [8, 9]. Last but not least, mm-wave communi-
cation hardware usually integrates phased antenna arrays with a
large number of antenna elements to deal with the high path-loss
by means of beam forming and to exploit spatial diversity in multi-
input multi-output (MIMO) systems. Such large antenna arrays
require complex calibration methods to ensure matching between
the phase shifters and amplifiers of antenna elements [5, 27]. While
careful optimization of each hardware component independently
can partially abate the hardware imperfections, this magnifies the
design complexity, and increases time-to-market and costs. Future
THz frequency systems further exacerbate this situation and make
ML a highly attractive tool to design and optimize end-to-end com-
munication systems.

In this paper, we propose a model-free ML approach to obtain
the explicit stochastic channel. The proposed neural network can
accurately learn complex stochastic channel models and, together
with previous works on synchronization, equalization [2] and con-
tinuous transmission [11] improves the current state of the art
of end-to-end optimization algorithms. Our main idea is to learn
the conditional distribution of each symbol of the constellation
proposed by the transmitter (the encoder) using a neural network

to estimate the parameters of a mixture of Gaussian distributions,
known as Mixture Density Network (MDN) [4]. This approach al-
lows us to learn the channel model from data, while remaining
differentiable when it is introduced in the autoencoder structure,
since it remains in the form of a neural network. We prove the
convergence of the neural network output to the real channel dis-
tribution, since its loss function is convex with a minimum value
equal to the distribution’s entropy when the output distribution
equals the target. In contrast, with GAN-based approaches the con-
vergence during training does not have a direct statistical meaning.
We study the capability of the proposed network to approximate
simple channels and then extend the analysis to practical real-world
mm-wave channels by means of experiments with an FPGA-based
60 GHz platform [16]. We compare the performance of an end-to-
end autoencoder trained with our mixture density neural network
to that of an autoencoder using a known channel function, and
show that they have the same performance over an AWGN chan-
nel. In addition, we show that having an explicit channel model is
beneficial to rapidly explore the channel and adjust to changes in
the environment.

2 RELATED WORK

In recent years, ML has been applied to wireless physical layer
design, showing that it is a promising and exciting new field with a
range of potential applications. It can be used, for example, for mod-
ulation recognition with Deep Learning (DL) using classification
techniques [3, 25, 29]. Equalization and sampling synchronization
have been explored in [6, 12, 15, 31]. In this paper, we focus on
end-to-end training of communication systems by means of au-
toencoders [2, 11, 20-22, 32]. It is also of interest to molecular
communications [19]. For example, [23] provides a physical end-
to-end model for the emission, diffusion and reception processes,
whereas [7, 18] model them using a machine learning approach.

Autoencoder training methods can be divided into two cate-
gories: i) model-aware, in which a channel function is defined ana-
lytically and the training evaluates this function and ii) model-free,
in which no analytical function of the channel is needed and the
channel is instead approximated from the data itself.

2.1 Model-aware approach

In [21], the authors use an additive noise layer to replicate the
effects of an AWGN channel, showing that the autoencoder can
perform as well as Quadrature Phase Shift Keying (QPSK). In the
design proposed in [2], the autoencoder is able to outperforms
QPSK by learning a channel coding that encodes multiple symbols
together for AWGN and Radial Basis Function (RBF) channels.

A more complex channel model, considering up-sampling, pulse
shaping, constant sample time offset, constant phase offset, CFO and
AWGN is used in [11]. It mimics the effects of a transmitter and re-
ceiver without perfect synchronization and with a mismatch in their
oscillator frequencies. After training the autoencoder with these
parameters, the receiver network is fine-tuned based on real data.
However, when tested with real hardware implementations, the use
of inaccurate channel models leads to performance loss compared
to conventional modulation schemes such as M-ary Quadrature
Amplitude Modulation (M-QAM).



2.2 Model-free approach

The first approaches to learn a differentiable channel model were
presented in [22, 32]. They are based on variational GANs to learn
the stochastic channel distribution. GANs [14] are formed by a
generator network and a discriminator network that are commonly
used in image generation. The generator produces channel sam-
ples from a random noise input trying to “fool” the discriminator
with these samples. The discriminator is optimized to differenti-
ate between real and generated samples. Variational GANs extend
this concept by adding a sampling layer to the generator network
to sample the latent representation space adding stochasticity to
the network. Variational GANSs are used in [22] to learn a differen-
tiable channel model from channel data generated from a simulated
AWGN and an additive Chi-Squared channel with a Binary Phase
Shift Keying (BPSK) system. A review of this work [10] shows that
this approach may not be valid for a fading channel, even when the
generator degrees of freedom are increased, and the generalization
of this approach to more complex channels and non-Gaussian chan-
nels may be difficult. Similarly, [32] uses GANSs to learn the channel
for the autoencoder, but unfortunately the work does not present
metrics to evaluate whether the learned distributions match the
channel, and the approach is not studied for real channels.

In contrast, in [2] the autoencoder network is split between trans-
mitter and receiver network functions, which are jointly optimized
by means of alternate training without a channel function. First,
the receiver is trained with the real gradient as it only requires
information about the channel output. Then, the transmitter is
trained using a gradient approximation obtained by sampling the
channel. In order to approximate the gradient at the transmitter, the
authors relax the transmitter output/channel input to be a random
variable x that follows a distribution §(x — ), where § is the Dirac
distribution. It proves that if p(y|x) is differentiable with respect
to x, the gradient approximates well the real gradient of the trans-
mitter. However, this approach does not allow to extract an explicit
channel model. Our approach differs from the work above in that
we provide a neural network that gives an explicit channel model,
which we validate in real channels.

3 SYSTEM MODEL

We first discuss the autoencoder architecture for end-to-end opti-
mization of the encoder and decoder and then present our approach
to learn an explicit channel model using a Gaussian mixture net-
work. We show how to train the autoencoder with this Gaussian
mixture channel network and finally discuss how to speed up the
training using transfer learning for the learned channel model.

3.1 Autoencoder model

Both model-aware and model-free approaches share the autoen-
coder architecture. As shown in Fig. 1, a simple point-to-point
communication model consisting of a transmitter, a channel, and a
receiver can be modelled as an autoencoder [21].

The autoencoder [13] aims to obtain a compressed representa-
tion of the input data. This is accomplished by means of finding a
low dimensional representation of the transmitted bits at an inter-
mediate layer, in this case a symbol representation, which allows
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Figure 1: Autoencoder structure with Mixture density chan-
nel neural network

the reconstruction at the output with minimal error. The transmit-
ter communicates messages s € M = {1,2,..., M} to the receiver,
making use of N (2N) complex (real) channel uses. The transmitter
network T, modulates this message into a symbol x = T(s), such
that x € R2N , with certain constraints, such as an average power
constraint, E[x?] < 1 or amplitude constraint, |x;| < 1 Vi. The
channel takes x as an input variable and its output y follows the
conditional probability distribution y ~ p(y|x). The receiver net-
work R decodes y to obtain an estimate of the original message
§ = R(y). T and R are the functions corresponding to the networks
of transmitter/encoder and receiver/decoder inside the autoencoder,
as shown in Fig. 1.

3.2 Gaussian mixture channel network

We now describe our proposed model-free approach to estimate the
channel using a neural network architecture to obtain the Gauss-
ian mixture representation of the conditional distribution of the
symbols p(y|x). The Gaussian mixture network is trained using
samples of the channel. This allows to replicate any communica-
tions channel. It further does not require any specific properties
of the conditional probability distribution p(y|x), since the fully
connected neural network approximation allows back propagation.

Statistical modeling of a variety of channels has been approached
mathematically using finite mixture distributions [26]. Gaussian
mixture distributions are proven to approximate any given density
with arbitrary accuracy, as can be shown using Weiners approx-
imation theorem [17, 24]. For this reason, a neural network that
estimates the Gaussian distribution that best fits the channel is
highly useful. The advantage of this approach compared to GAN
approaches for learning the channel is that convergence of the
neural network can be proven to be related to closeness of approxi-
mation to the desired distribution in statistical terms, while with
a GAN the loss in training is not directly related to the statistical
approximation of the channel distribution.

We make use of MDNSs [4], deep neural networks that estimate
the parameters of the conditional distribution of a point. Unlike
regression approaches, an MDN not only learns the mean value
of the distribution at each point x but also the noise distribution,
including the case of continuous distributions. Therefore, the con-
ditional probability density of the measured data is represented by

k
p(ylo) = > m(x)(ylx) (1)
i=1
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Figure 2: Overview of the proposed channel layer using a
mixture density network to obtain the conditional distribu-
tion and a sampling layer.

where k is the number of mixture components, 7; are the mix-
ing coeflicients of the probabilities of drawing a sample from each
mixture component i, and ¢ (y|x) are the kernel functions represent-
ing the conditional densities of y. The mixing coefficients satisfy
Zle 7;(x) = 1. The kernel functions are chosen to be Gaussian:

—lly = i ()I?
203 (x)?

$i(ylx) = ; @

1
ex
\2moi(x)?
where p; and crl.z are the mean and variance of each mixture, re-
spectively. The parameters that best fit the training data will be the
output of the neural network with input x, as shown in Fig. 2. The
MDN can approximate any conditional density arbitrarily well by
choosing a sufficiently high number of hidden units [4].
The network architecture is presented in Table 1. It has two
main hyperparameters: the number of mixtures per conditional
distribution and the number of hidden units for layers 2 and 3,

Nhidden-

Table 1: Channel layers: layers 1-7 are for parameter estima-
tion of the Gaussian mixture and layer 8 is a sampling layer
of the estimated distribution

Number | Layers Output Dimensions

1 Input 2N

2 Dense (act = relu) Nhidden

3 Dense (act = relu) Nhidden

4 Densey, (act =linear) k-2N

5 Denses (act = custom elu) k-2N

6 Dense, (act= softmax) k-2N

7 Concatenate [4,5,6] k-2N-3

8 Sampling layer 2N

The input layer corresponds to the number N of complex chan-
nels uses, corresponding to 2N input dimensions. Then, layers 1
and 2 are two fully connected layers with universal approximation
capabilities with relu activation functions. The output of the fully
connected layers is the input to three different dense layers, one
for each vector of parameters of the Gaussian mixtures y;, oj, 7; for
i = 1, ..., k. The output of each layer is the number of mixtures k
multiplied by the number of expected outputs, which corresponds
to the real number of channel uses 2N. In order to ensure that the

7; € [0,1] and they sum to unity, the activation of the layer Dense,
is a softmax function:
e%i
=T ®
Zj:l esJ

where z; are the outputs of the previous layer. To avoid small values
in the variance, the outputs of the Dense, layer are followed by an
exponential linear unit elu activation function:

z ifz>0

R(z) = . i , (4)
a(e*—1) ifz<0

where « is the scale of the negative factor. We customize the elu

activation function to ensure the positivity of the variance outputs:

Reustom(2) =R(z) +1+¢€ , ©)

where € is a small constant.

Once the parameters of the mixture have been estimated by
layers 1 to 7, the sampling layer builds the conditional density
function p(y|x) for each input x, taking samples from it to obtain y.
We call the resulting deep neural network a GM-Channel network.

3.3 Transmitter and receiver networks

To obtain the full autoencoder structure together with the pro-
posed Gaussian mixture channel layers, we need to implement the
transmitter and receiver layers of the autoencoder. A generic ar-
chitecture of the transmitter and receiver networks is presented
in Fig. 1, where the channel network corresponds to the Gaussian
mixture layers described in Section 3.2. The input to the transmitter
is a one-hot encoded vector, followed by multiple fully connected
layers and a normalization layer, that restricts the average energy
per symbol or amplitude per channel use.

The receiver architecture is formed by a succession of dense
layers and a final dense layer with a softmax activation function,
ensuring that the output of the autoencoder is a probability vector.
Outside of the autoencoder network, the maximum of this vector
is chosen as the resulting message. This argmax activation is not
included in the network as it is not differentiable. The effect of the
transmitter and receiver that are unknown or not differentiable are
included as channel effects.

3.4 Training methods

In this section, we first show how to train the model-free autoen-
coder with the channel network. We then discuss how to train the
GM-channel network for a specific channel. Further, we propose
an improved training for static channels, that allows to train the
model-free autoencoder faster. Finally, we discuss how to speed
up the training for time-varying channels with a transfer learning
approach. This allows to further reduce the overhead of training
and adapt faster to time-varying channels.

In general, model-aware training is faster than model-free train-
ing. For a model-aware approach where the channel is known and
static, the autoencoder is trained once for N, epochs and a training
time of t,. For our model-free approach, the channel network needs
to be trained at each epoch of the autoencoder training, to learn
the channel for the chosen modulation of the encoder. Therefore,
training the model-free model will take the time to train the autoen-
coder plus the training time of the channel network at each epoch,



ta+ Ne - tc. However, t. < tg, since the network is significantly less
complex than the autoencoder network and Gaussian parameters
can be estimated with a small sample size, which makes the channel
network converge much faster.

The training of the full autoencoder structure with the GM-
channel network is described in Algorithm 1. First, the modulation
of the encoder network is obtained by sampling the possible mes-
sages s € M. Then the obtained symbols {x9} are passed by the
real channel to obtain training samples for the channel network,
{y?}. The GM-Channel network is trained with these samples as
described in Section 3.4.1. The GM-Channel network is passed to
the autoencoder and the weights corresponding to these layers are
frozen. The autoencoder network is updated by a single step of
SGD. Since the encoder and decoder have been updated, the modu-
lation constellation has changed and therefore the weights of the
GM-Channel network need to be re-initialized. This process is done
iteratively for every epoch. The loss function for the autoencoder
is the cross-entropy loss.

Algorithm 1: Training of the autoencoder with the GM-
Channel Net
fori=1: Ngpops do
Obtain modulation x9 = Encoder ({s9})
y9=Sample channel ({x9})
Train GM-Channel Net({x9, y9})
Freeze weights of GM-Channel Net
Train autoencoder(GM-Channel Net,{s?})
Initialise GM-Channel Net weights

end

3.4.1 Training the channel network. We now discuss how the GM-
Channel network is trained and the loss function that we use. The
network training includes the layers 1-7 described in table 1, since
the last layer is a sampling layer that will only be used when training
the full autoencoder model.

As described in Algorithm 1, the training data for the GM-
Channel network is {x4,y4}, where {x?} are the constellations
points obtained from the encoder and {y?} are the result of passing
the constellation points trough the channel h(x). Note that the
output of the GM-Channel network consists of the parameters of
the Gaussian mixtures of the conditional distributions and not the
samples of the network. For this reason, the loss is calculated as
the probability that the training outputs {y?} are sampled from the
predicted distribution, as we explain next.

The training loss is calculated as follows. The predicted value
Ypred obtained from inputting a symbol x to the GM-Channel net-
work contains the concatenated parameters of the Gaussian mixture

T =l iol ol A )
A mixture model is constructed from these components, where p
indicates that these are the predicted values from the network. The
loss is defined so as to maximize the likelihood £, that given x, the
n training output data samples were sampled from the distribution.

L=]]p@"9 ()

q=1

which is equivalent to minimizing the negative logarithm of L.
Therefore the loss can be written as:

n n k
Lp) === D logp(ylx®) =~ 3 log (Z P (x9) g <y‘I|xq>)
q q

i=1
(®)
We denote the actual conditioned probability density function by
pylx).
We now prove that with this loss function, by increasing n and
q the solution converges to the real probability with a loss value
equal to the distribution’s entropy. This is important since it relates
the loss function convergence to the closeness of the approximation
to the desired distribution.

THEOREM 3.1. The loss function L(p) defined above is convex
and it is minimum when p(y?|x9) is equal to the actual probability
almost everywhere (over its whole domain but for a null-measure set

of points).

Proor. Since the negative logarithm is convex in the field of
distributions over RN and the sum of convex functions is convex,
also our defined loss function L(p) = —% Z;’ log p(y?|x9) is con-
vex over the space of possible distributions p(y?|x9). To prove the
minimum point, note that when increasing n, the loss function con-
verges uniformly to E(—log(p(y|x))) because the numerical mean
converges to the statistical mean. We will prove that for every dis-
tribution p(y|x) that is different from the real distribution p(y|x) in
a non-null measure set, the inequality h(X) —E(-log(p(y|x))) <0
holds and since for p(y|x) = p(y|x) the equality is satisfied because
h(X) = E(—-log(p(ylx))) is the differential entropy definition, the
proof will be complete.

p(ylx)
p(ylx)
Since the logarithm is a strictly concave function, if p(y|x) and
p(ylx)

p(ylx)
constant in a non-null measure set. Thus, applying Jensen’s inequal-

ity for strictly concave functions we have that
Bea B < ota B -
log(f 24P p(ylx)) = log( [ p(ylx))) = log(1) =0 .

(10)
Note that the inequality is strict because Jensen’s inequality only
holds as equal when the values it is applied to are constant almost
everywhere (except for a null measure set, which is not the case).
[m]

h(X) = E(=log(p(ylx))) = E(log( ) - ©)

p(y|x) are different in a measurable set, then will not be

For each epoch of the autoencoder network the gradient is up-
dated and the transmitter weights are updated, changing the mod-
ulation obtained at the transmitter. Therefore, the constellation
changes and the GM-Channel network would have to be retrained.
If training time is not an issue or the channel is not static, we
retrain the network as presented in Algorithm 1. Under the assump-
tion of a relatively static channel, however, we can take advantage
of the extrapolation capabilities of neural networks and learn a
generalized channel by changing the training to a generalized con-
stellation. This way, the channel layer does not have to be retrained
as explained in the next section.



3.4.2 Generalized training of the GM-Channel network. In cases
where the channel does not change significantly over the time
scale that training takes, or we are interested in optimizing the
hardware imperfections that remain unchanged with environment
changes, we can speed-up the training by training a generalised GM-
Channel network. In this case, the GM-Channel network is trained
only once prior to choosing the modulation and thus has to include
a sufficiently large set of points sampled from the channel. This
avoids retraining the GM-Channel network for every update of the
autoencoder by learning the distribution across the whole channel
and not only at the chosen constellation points. This reduces the
total training time of the model-free approach to ¢, + f.

In systems with quadrature phase keying, the quadrature and
phase values are limited in range, say x € [—1, 1]. With sufficient
training samples, the neural network can learn the distribution of
the channel for the range of values of amplitude and phase, and
extrapolate the conditional distribution of the unknown values.

For the different options of sampling the space for training points,
we compare sampling uniformly at random, using grid sampling,
and with a random constellation initialization of the encoder net-
work. We use the same number of training points sampled and the
same channel model to obtain the GM-Channel networks that are
then used to train autoencoders with a 4-point constellation. As
shown in Fig. 3, the autoencoder loss is lowest for the GM-Channel
network trained with grid sampling.

2 T T -
— Grid

1.5 Random

——— Uniform

Loss
-

I
0 50 100 150 200
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Figure 3: Loss of autoencoder trained with the generalized
channel layer with different channel sampling options.

3.4.3 Reducing training overhead in time varying channels. In the
case the channel varies due to environment changes, the channel
network needs to be retrained. Having an explicit channel model
in the form of a neural network allows to use transfer learning
approaches to more rapidly adapt to these changes. Current litera-
ture on autoencoder end-to-end optimization has been focused on
offline training, which cannot be applied to time-varying channels.
However, model-aware approaches could be adapted to channel
changes within the same channel model by estimating the parame-
ters of the channel functions and retraining the autoencoder model.
Similarly, for our model-free approach, the channel network needs
to be trained on new data whenever the channel changes, and then
the autoencoder is retrained with this updated channel network.
However, training takes place on longer time scales than the dura-
tion of a frame, and additional measurements need to be obtained
from the channel in order to train the GM-Channel network.
Therefore, the required number of channel samples and the time
to train the channel network are critical, as this affects how often the

model can be updated. This time can be reduced by using transfer
learning to learn the new channel with a minimum number of
samples. Having learned an initial channel, the new channel can
be approximated by the previous channel network trained with the
new channel’s samples. This approach is known in transfer learning
as model reuse. It avoids training the model from scratch with a
larger dataset, which would take longer to obtain. In the following
evaluation, we show results for per-epoch training, training with a
generalized channel model, and training with model reuse.

4 EVALUATION OF THE CHANNEL
NETWORK

We implement our GM-Channel network and the autoencoder using
the Tensorflow framework [1]. We first evaluate the accuracy of the
GM-Channel network for a simple QPSK AWGN channel, where
the expected parameters of the Gaussian mixtures are known and
can be evaluated. We then show the benefits of having an explicit
channel model for the case of time-varying channels. Finally, We
compare the end-to-end autoencoder trained with the GM-Channel
network to the corresponding model-aware approach and QPSK.

4.1 Simple AWGN channel

Let us first examine a simple example using an AWGN channel for
a quadrature and phase QPSK modulation where the symbols are
x € {[-1,1], [1,1], [-1,—-1], [1, 1]}, and p(x) is a discrete uniform
random variable over these values. We consider that the channel
function is given by p(y|x) such that

y=x+n (11)

We have n ~ N(0, 0,), with o}, corresponding to an SNR of 7db. For
simplicity, we fix the symbols in this example (but they could be
updated at every epoch by the autoencoder as described in section
3.4, using the learned function for the channel). The GM-Channel
network is trained as described in section 3.4.1, using Npjdden = 20
and one Gaussian mixture, k = 1. The result of the training is shown
in Fig. 4a, where the training points from the measured channel
ground truth for all symbols are shown in blue and the sampled
points from the predicted distributions in green. The channel net-
work approximation accurately reflects both the mean and variance
of the channel distribution. Fig. 4b shows the conditional distribu-
tion p(y|x) of the symbols in a different color. Our algorithm both
learns the conditional distribution of the channel for each symbol
and captures very well the signal to noise ratio.

Since for this simple channel the true parameters of the distribu-
tion p(y|x) are known, we study the error between the estimated
parameters and the real parameters for different SNR values rang-
ing from -4 dB to 10 dB. The results are presented in Fig. 4c and Fig.
4d. We observe that the error does not depend on the noise level.
The error of the mean value for the different SNRs of the mixture
distributions is flerror = 2.06 + 0.56%. For the sigma parameter of
the mixtures the error of the variance is oerror = 1.33 + 0.41%. Such
small error magnitudes show that our network approximates well
the parameters of the conditional QPSK-AWGN channel response.

In addition, Fig. 4e shows the probability mass function of a sin-
gle symbol where it can be seen that the actual marginal probability
mass function p(y|x = [1,1]) matches the one predicted by the
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Figure 4: Parameter estimation for a AWGN channel for different Signal-to-Noise Ratio (SNR) values.

GM-Channel network when x; is given as input. This shows that
our model also approximates well the probability distribution of the
channel. The convergence of the loss function of the GM-Channel
network to the entropy of the actual channel distribution is shown
in Fig. 4f, with entropy H(x) = 0.42993 and the Loss = 0.43366.
From the result presented in theorem 3.1, when the loss function
converges to the entropy of the actual distribution p(y|x), the esti-
mated distribution is equal to the actual probability distribution.

Finally, we use the full end-to-end training together with the
encoder and decoder networks as presented in Fig. 1. We com-
pare the modulation obtained with our model-free approach to a
model-aware autoencoder with a Gaussian noise channel and to
conventional QPSK modulation. The training was done for an SNR
of 7 dB. The results in Fig. 4g show that both the model-free and
model-aware networks achieve a block error rate (BLER) close to
the one achieved by conventional QPSK encoding. This result is
expected when the actual channel is known by the model-aware
approach and other effects that could degrade the performance of
QPSK are not present.

4.2 Time-varying channel

To validate the model reuse training explained in section 3.4.3, we
consider a channel in which the SNR changes, and show that the
original channel network can be used to reduce training overhead.
We use a channel with AWGN noise with o = 0.05 using a grid of
symbols in the [-1,1] X [-1, 1] range. The GM-channel network is
trained for this channel during 100 epochs, which we refer to as the
offline phase. Then, the channel changes to a AWGN with o = 0.30.
We consider a small number of 50 samples per symbol of the new

channel for training. The GM-Channel network is retrained with
these samples over 50 epochs. The results of training are shown in
Fig. 5. Since the GM-Channel network had already learnt a similar
channel during the offline phase (in blue), the retrained network
continues learning having a validation loss equal to the loss on the
new data during training (red). We compare the retrained network
to a new channel network trained only with the samples obtained
from the new channel. The loss of the network trained from scratch
during 150 epochs is shown in black. The validation loss is worse
for this network as the channel network suffers from being trained
on a small dataset. This result shows that transfer learning can help
train on a new channel faster as it can use previous knowledge to
adapt to the new channel.

T T T T
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300 - — Validation loss offline training |
Loss offline + online training
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«
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10 |-
"". v
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Figure 5: Offline plus online training versus on site training
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We further show in Fig. 6 the BLER results for the time-varying
channel where we train an autoencoder once with the retrained
channel network (in red) and once learning the channel network
from scratch (in green). The autoencoder trained with the retrained
channel network outperforms the autoencoder that has been trained
with a less accurate channel network using only a few channel
samples. Therefore, learning a better model of the channel quickly
by using transfer learning helps to maintain performance when the
channel changes and there is only a small data set to train on.

As shown in the previous sections, the GM-Channel network is
able to learn the properties of the channel and obtain an explicit
channel model. The application of our model-free approach is pri-
marily of importance for more complex channel effects that include
non-linearities. We show this in the next section, where we use our
model to approximate the channel distribution of a real mm-wave
channel in an experimental testbed.

5 EXPERIMENTAL VALIDATION

One of the main advantages of our proposal is that it is able to ob-
tain the conditional distribution of the channel from experimental
data, where the combination of wireless channel effects and trans-
mitter/receiver imperfections result in a more complex channel
that is harder to model. Real channels also include non-linearities
and imperfections due to hardware limitations, that may not be
fully corrected by conventional signal processing algorithms or for
which an analytic expression may be unknown.

To test our proposal with real mm-wave channels, we present a
practical implementation of the channel learning using a custom
ultra wideband experimental platform composed of an FPGA-based
baseband processor operating with 2 GHz of bandwidth, connected
to a Sivers 60 GHz RF front-end with a 16+16 element phased
antenna array [16]. Fig. 7 shows the experimental platform and its
main components. We set up the testbed in an indoor laboratory
environment, with the transmitter phased antenna array front-end
at 4 m distance from the receiver antenna array. Transmitter and
receiver are in Line-of-Sight (LOS). The experiments are performed
by continuously sending blocks of symbols, which are then captured
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Figure 7: Equipment used for the channel measurements.

and stored in DDR memory on the FPGA platform to be used as
training data to obtain the channel model.

5.1 16-QAM model from real experimental data

To perform this experiment, we generate random bits which are 16-
QAM modulated and grouped in blocks of 448 symbols, preceded by
a guard interval of 64 symbols, according to the IEEE 802.11ad PHY
specification [30]. We group 9 such blocks in a packet, and include
a packet preamble which follows the structure of IEEE 802.11ad sin-
gle carrier frames [30]. The purpose of the preamble is to perform
time synchronization, estimate and compensate CFO and phase
offsets, and perform channel estimation and equalization. The pack-
ets are transmitted over one of the 2.16GHz channels defined by
the IEEE 802.11ad standard. In Fig. 8a we show the IQ constella-
tion of the received data which is used to train the GM-Channel
network. We observe that despite the corrections made based on
the packet preamble, the constellation points around the corners
are distributed towards the center, in contrast to the remaining
points in the constellation. Such effects are produced by saturation
of the power amplifier and non-linear gains, among others, which
elongate the distributions of those symbols more in one dimension
than others. The learned distribution is presented in Fig. 8b, where
the sampled points obtained from the GM-channel network are
shown in green and the real distribution is shown in black We
observe that each symbol’s distribution is accurately approximated
and the elongations of the symbol’s distributions in the corners of
the IQ constellations together with more complex channel effects
are well captured. This result shows that the GM-Channel network
is able to reproduce the stochastic channel even for the symbols
in the corners, which would not be captured with a simple AWGN
channel model. To obtain a measure of accuracy of the learned
distributions, the mean and variance of the measured distributions
are compared to the parameters estimated from the GM-Channel
network. In total there are 32 parameters, corresponding to the
16 symbols and 2 dimensions. We compare the parameters of the
real samples to the mean and variance parameters by sampling the
learned distribution of each symbol. The results of the absolute
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Figure 9: Results for the generalized training of the GM-Channel network on experimental data.

errors are presented in Fig. 8c. Both, the variance and mean have
small errors considering the scale of y, showing that our model is
able to accurately reproduce the characteristics of the real channel.
Finally, we estimate the probability mass function of the distribu-
tions of two symbols from the constellation to show that they are
well approximated by the channel network. The results are shown
in Fig. 8d, where we can observe that different distributions are
obtained for different symbols and that the GM-Channel network
captures both very well.

5.2 16-point constellation with generalized
training

In this section we study how the generalized training presented
in Section 3.4.2 can estimate unseen constellations in the case of
static channels. Generalized training allows to reduce the training
time of the end-to-end autoencoder as the channel network does
not need to be updated after each autoencoder epoch. We use our
millimeter-wave experimental platform to send blocks of symbols of
an IQ constellation grid shown as black dots in Fig. 9a. The received
symbols are also shown in Fig. 9a in blue, where it can be seen
that a denser IQ constellation reveals more harmful joint effects
from the channel and the transmitter/receiver system. This is a
well-known effect for mm-wave single carrier systems, mainly due
to the non-ideal behaviour of hardware components present in the
system. It is the main reason to restrict practical implementations
to low-order modulation schemes.

We use this data from the experimental setup to train the GM-
Channel network. In order to test how well a new constellation is
estimated, we consider 16 symbols uniformly sampled in the range
[—1, 1] and obtain the ground truth of their channel distribution us-
ing the experimental set up. The results are shown in Fig. 9b, where
the green symbols are obtained using the trained GM-Channel net-
work with the sampling layer, the blue points correspond to the real
channel response of the 16-symbol constellation sent multiple times
through the 60 GHz wireless channel and captured with the testbed.
The distribution obtained from the channel network is close to
the real symbol distribution. However, some small differences are
observed. The errors of the mean and variance for the conditional
distribution of the uniformly sampled symbols are plotted in Fig.
9c. The errors are larger for the mean parameters, while staying
small for the variance. Remarkably, the trained channel is able to
reproduce the statistics of the 16 uniformly distributed symbols
without having been explicitly trained for this data, but extrapolat-
ing it from the dense grid training data. Higher accuracy could be
achieved on unseen symbols by training the GM-Channel network
using a denser grid. The generalized training therefore allows to
reduce the autoencoder training time as the channel does not need
to be queried for new data at every epoch.

6 CONCLUSIONS

In this paper, we introduced a new model-free approach for optimiz-
ing end-to-end communication channels using an autoencoder. This
new tool, together with previous works on continuous transmission



blocks, equalization and synchronisation with an end-to-end learn-
ing approach bring us one step closer to real-time application of
machine learning optimization of the wireless physical layer. Specif-
ically, the GM-channel network we design allows learning complex
stochastic channels without a parametric model. Our model can
be paired with an autoencoder approach to optimize communica-
tion for any real-world channel. Furthermore, we obtain an explicit
channel model, which makes it amenable to transfer learning and
allows faster retraining during changing channel conditions. This
reduces the overhead introduced in the communication to obtain
the channel data needed to train the models. Finally, we show that
our proposed channel network approximates well simulated data
and experimental data obtained from a 60 GHz FPGA-based testbed.
For future work, we intend to investigate the very interesting
problem to find a trade-off between exploration of the channel and
an increase in overhead for the communication, using a classifier
derived from the frame channel estimation to take into account how
much the channel has changed. This will allow to further reduce
channel training overhead without sacrificing accuracy. We further
intend to join the GM-Channel network with recurrent neural net-
works, which can capture temporal dependencies between symbols,
e.g. from inter-symbol interference and fading. We believe these
end-to-end learning methods will become increasingly important
in future generations of wireless networks, where the system com-
plexity will increase due to a higher number of antennas, higher
frequencies, wider bandwidths, and more complex hardware.
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