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Abstract—End-to-end learning for wireless communications
has recently attracted much interest in the community, owing
to the emergence of deep learning-based architectures for the
physical layer. Neural network-based autoencoders have been
proposed as potential replacements of traditional model-based
transmitter and receiver structures. Such a replacement primar-
ily provides an unprecedented level of flexibility, allowing to tune
such emerging physical layer network stacks in many different
directions. The semantic relevance of the transmitted messages
is one of those directions. In this paper, we leverage a specific
semantic relationship between the occurrence of a message (the
source), and the channel statistics. Such a scenario could be
illustrated for instance, in vehicular communications where the
distance is to be conveyed between a leader and a follower.
We study two autoencoder approaches where these special
circumstances are exploited. We then evaluate our autoencoders,
showing through the simulations that the semantic optimization
can achieve significant improvements in the BLERs (up till
93.6%) and RMSEs (up till 87.3%) for vehicular communications
leading to considerably reduced risks and needs for message re-
transmissions.

Index Terms—End-to-end learning, semantic optimization,
deep learning, autoencoder, wireless communications, vehicular
communications

I. INTRODUCTION

Softwarization of the wireless network stack has for a
long time been an important research goal pursued by the
community. On the research side, this materialized over a
decade ago with the introduction of Software-Defined Radios,
which despite their different architectures represented a big
step forward in introducing more flexible applications by
leveraging software-based implementations. Since then, the
quest for more and more flexible wireless transceiver structures
has steadily evolved and has lately been strongly influenced
by machine learning. Especially the significant breakthroughs
in neural networks for classification and pattern recognition
associated with the advances in training acceleration through
the use of GPUs about ten years ago, have led to an enormous
interest in using machine learning for various problems in
communication systems. In particular, deep learning (DL) has
recently shown great potential to become a powerful tool to
design, optimize, adapt, and secure wireless communications
and in doing so, introducing an unprecedented level of flexi-
bility in the transceiver structures.

Machine learning applications to communication systems’
design have thus received significant research attention re-
cently. With respect to the implemented architectures, works
either focus on substituting individual functions in the
transceiver chains, or more progressively substituting larger
blocks, primarily in the physical layer. Examples of the first
category comprise for instance works on signal detection [1],
channel estimation [2], or signal demapping in broadband
wireless communication systems [3]. In all cases, it can be
shown that deep learning, given sufficient training data, is
either at par with legacy (model-based) approaches, or even
outperforms them. Depending on the application, this can
come with a lower complexity of the learning approach.

In contrast to learning individual transceiver functions,
substituting larger functions can achieve more flexibility [4].
The most flexible approach to date is to substitute entire
blocks of transceivers by so called end-to-end approaches [5].
Here, in contrast to [4], the entire transmitter and receiver are
substituted through DNNs, which allows for highly flexible
signalling schemes. In detail, variational autoencoders are
utilized for the joint training of transmitter and receiver.
Such end-to-end approaches are most consequent in moving
away from model-based transceivers, potentially jeopardising
traditional system standardization.

End-to-end data-driven communication methods provide
principally new ways to refine communication systems due
to the high degree of flexibility that they introduce. Among
other directions, semantic optimization of end-to-end learning
systems is a promising one. This idea goes back to Shannon
and Weaver [6] in which the primary focus is how precisely
transmitted symbols over an erroneous channel convey some
desired meaning. While classical information theory concerns
only successful transmission of symbols from transmitter to
receiver and improving bit error rate (BER), semantic commu-
nication systems are tuned towards minimizing the semantic
error instead of BER. Leveraging these ideas in the context
of end-to-end learning for communication systems has been
recently addressed by several works [7]. Authors in [8]
and [9] devised a semantic communication scheme for the
text transmission scenario over channels with various signal-
to-noise ratios (SNRs). Utilizing natural language processing
(NLP) techniques combined with DL, their system essentially



encodes and decodes the meaning of each input sentence
similar to a source codec. In [10], authors consider the
scenario of correlated sources and devise a deep joint source-
channel codec for AWGN channels. They model the source
by the Gauss-Markov process and the temporal information is
extracted by utilizing recurrent neural networks (RNNs).

In contrast to these works, in this paper we assume a
different scenario where there is a semantic relation between
the source message and the channel statistics. Such a relation
can be illustrated in positional telemetry or position-related
transmission scenarios where there is a relation between the
transmitted information and the channel quality. For example,
in Vehicle-to-vehicle (V2V) communications, it becomes all
the more important to ensure correct reception of messages
between the vehicles, as they get closer to each other. To
exemplify our proposed approach, we consider a V2V com-
munication based set-up with a leader-follower scenario where
the distance between them is estimated by the follower and
subsequently transmitted to the leader. In this set-up, the
transmitted message directly correlates to the channel statistic,
since for higher distances the SNR is generally lower. We show
that in such a set-up a large optimization potential results
from building standard end-to-end autoencoders from train-
ing samples that exhibit a relationship between the message
semantic and the channel state. This advantage persists over
a substantial parameter range, and can be further tuned by
modifications of the loss function.

The rest of the paper is structured in the following manner.
In Section II we first introduce the detailed system model,
before we discuss in Section III our main approach. Numer-
ical results are presented in Section IV, while the paper is
concluded in Section V.

II. SYSTEM MODEL

Our work considers a simple set-up with a single-antenna
transmitter, a channel and a single-antenna receiver as de-
scribed in Fig. 1. The transmitter communicates a message:

s ϵ M = 1, 2, ....M

to the receiver, across the channel. To realize this, n complex
baseband symbols are transmitted forming a vector x ∈ Cn

under a power constraint. Each message s can be represented
by a sequence of bits of length k = log2(M). Hence, the
resulting communication rate can be obtained as R = k/n
in bits/channel use. The channel h between transmitter and
receiver introduces path loss and shadow fading effects, lead-
ing to a substantial distortion of the originally sent message.
Path loss and shadow fading effects are assumed to impact all
baseband symbols of a sent message equally, but vary from
message to message. At the receiver, additive white Gaussian
noise n further corrupts the transmitted symbols, such that
the receiver ends up with the received vector y ∈ Cn. The
resulting signal model is thus given as:

y = h · x+ n.

From this receive statistic, an estimate ŝ of s is obtained, where
the corresponding block-error rate (BLER) is obtained as:

Pe = 1/M ∗
∑
s

Pr(ŝ ̸= s|s).

Assuming the transmit power to be denoted by Ptx while the
noise variance is given by σ2, the SNR of a received message
results to

γ = Ptx ∗ h2/σ2.

In this work we consider circumstances that map the occur-
rence of a message s to a corresponding channel attenuation
h. As an example scenario consider a leader-follower set-up
in a vehicular environment, where the follower may wish to
convey its distance d towards the leader through a wireless
system, as shown in Fig. 1. Given a certain distance estimate,
the approximate channel gain h is specific to the distance
estimate. Likewise, for a given attenuation h due to path
loss and shadow fading only a certain set of messages occur.
The scenario can be extended towards the communication
of position estimates or positional telemetry to fixed infras-
tructure nodes (V2I communication), or other communication
occurrences where for a spatial region only subsets of the
message set might occur. In the chosen set-up, beyond the
BLER as the standard performance metric, due to the semantic
of the distance between vehicles, the root mean squared error
between the transmitted and estimated message is relevant.
Our interest is thus in finding complex symbol representations
that exploit the specific channel-message relationship while the
semantic error between sent and estimated message is more
relevant than a pure BLER metric. This motivates us to come
up with a loss function incorporating the RMSEs between the
messages. Additionally, we choose the Root Mean Squared
Error (RMSE) as the loss metric to analyse the performance
of our proposed model The RMSE can be defined as:

PRMSE =

√∑
s

(ŝ− s)2/N

III. ARCHITECTURE AND APPROACH

In this section we present our system architecture and
adopted approaches to realize it.

A. Baseline Approach

Dörner et al. in [5] proposed an end-to-end learning based
communication system, built, trained and run solely on deep
neural networks, using unsynchronized off-the-shelf software
defined radios (SDRs), which acts as our baseline approach.
The approach aims to reproduce the input at the transmitter
as the output at the receiver end, reinforcing the underlying
idea of end-to-end learning. The transmitter in their proposed
autoencoder architecture comprises of an embedding layer
with an exponential linear unit (ELU) activation succeeded
by a feedforward neural network layer whose 2n-dimensional
output is cast to an n dimensional complex-valued vector by
considering real and imaginary halves. A normalization layer
forms the last layer of the transmitter ensuring the power



Fig. 1: Autoencoder architecture

constraints on the encoder output x are met. For the channel
characteristics, an additive white Gaussian noise (AWGN)
channel trained at a constant Signal-to-Noise-Ratio(SNR) is
chosen. Their proposed receiver concatenates the real and
imaginary parts of the preceding channel output to a real out-
put, which is succeeded by a ’softmax’ activated feedforward
neural network. The output of this layer:

b ϵ (0, 1)M

is a probability vector having corresponding probabilities of all
the possible messages. The final estimate ŝ of s is derived from
the largest index amongst the elements of b. The autoencoder is
consequently trained using stochastic gradient descent (SGD).
They use the cross-entropy loss function as the task at hand
is of classification. The resulting loss function is thus:

LLoss−Baseline = −log(bi)

where bi corresponds to the ith element of the vector b.

B. Semantically Optimized System

The idea behind our first proposed system is to study the
impact for cases where messages occur only in conjunction
with certain channel statistics, as described in Section II for
transmitting the distance in a leader-follower scenario. For a
given distance, the transmission is distorted by the distance-
dependent path loss as well as a random shadow fading
component (in addition to the noise at the receiver). The
resulting receive statistic is specific to the distance. Assuming
M to encode a certain number of distance settings, we obtain
a semantically optimized system by training the autoencoder
from Section III-A with the specific channel for message s.

Fig. 1 exemplifies this semantically optimized architecture,
where the input message sequence s is fed into the transmitter,
leading to an output of x from the transmitter. The output
vector then passes through the channel h, which is dependant
on the input s. The vector h creates a mapping of each mes-
sage comprising s, to the corresponding channel conditions
emanating out of the path loss model of our choice. The
output of the channel y is then fed to the receiver where after
passing through the DNNs and subsequent softmax activation,
we obtain our estimate ŝ of the original input signal s.

Fig. 2: Semantically Optimized Autoencoder simulation sce-
nario

C. Weighted-semantically Optimized System

As described before, the neural network architecture is de-
signed to minimize the cross-entropy loss incurred during the
encoding and decoding process. Our weighted-semantically
optimized system builds on top of the aforementioned seman-
tically optimized system, by bringing in an additional layer of
semantic awareness when computing.

We propose a combination of the cross entropy loss function
and a modified root-mean-squared-loss function as our loss
function, incorporating the labels s. This is used since the end-
to-end learning communication problem has been framed as a
classification task (and hence, the use of cross-entropy loss),
but at the same, it also aims to minimize the loss between the
end-to-end metrics. The resulting function is thus:

LLoss−SPL = −log(bi)− 1/s ∗

√√√√ M∑
i=0

bi(s− i)2

where bi corresponds to the ith element of the vector b.
We will explore how introducing the newly proposed loss

function while computing the cross entropy loss in combina-
tion with our modified RMSE loss function pays dividends
in terms of the associated RMSEs when compared to the
semantically optimized approach and the baseline approach.

IV. RESULTS

In this section, we present our simulation results evaluating
our proposed model by analysing different loss metrics such
as the Root Mean Squared Errors (RMSEs), the Block Error
Rates (BLERs) and the associated signal constellations in
various experimental settings.

A. Methodology

In this subsection, we describe our experimental methodol-
ogy and evaluate these approaches:

• For our baseline implementation we use the end-to-end
learning model as proposed in [5] incorporating additive
white Gaussian Noise (AWGN) at a constant SNR of 7dB.

• We then proceed to evaluate the proposed semantic path
loss model trained at adaptive SNRs, varying according
to the distance between the transmitter and receiver as
mentioned in Section III-B. This scheme is referred to as
’SPL’ in the forthcoming plots.

• Finally, we evaluate the proposed weighted semantic path
loss model, building on top of the semantic pathloss
model by weighting the transmitted sequence in the



manner as described in Section III-C. We refer to this
approach as ’Weighted SPL’ in the plots.

We utilize Python’s open source libraries such as Tensorflow
[11] and NumPy [12] to realize our approach and our simula-
tion scenario is shown in Fig. 2. For the pathloss, we utilize
the standard model

10log10 ∗ λ/(4πd)ϕ

setting λ = 0.05cm in the formula mentioned for SNR,
for an IEEE 802.11p scenario with ϕ = 2.8 We implement
log-normal shadowing model in the channel with a standard
deviation of 3dB. Thus, our results show a comparison of our
proposed models and other legacy approaches over varying
channel conditions.

To train the baseline approach and our proposed model,
we employ multi batch training, encompassing 3 batches of
200,000 samples each, with learning rates for each batch
successively decreasing from 0.1 to 0.01 and finally to 0.001.
Each batch also iterates 10,000 times while training. For the
validation set, we use similar settings. We evaluate these
models with a random uniform sequence of messages s, where:

s ϵ 1, 2, 3, ....256

corresponding to k = 8. The length of the transmitted message
sequence equals the batch size of the experimental run. We
begin by studying the transmission of sequences where one
message is composed of n = 2 complex symbols with
M = 256 as also evidenced by k = 8(k = log2(M)). These
parameters are summarized in Table I.

TABLE I: Experimental Parameters

S.No. Parameters Values
1 Batch Size 200,000
2 M 256
3 k 8
4 Learning rate 0.01
5 Iterations/Batch 10,000
6 AWGN SNR for Baseline 7dB
7 Log Normal Shadowing standard

deviation
3dB

8 Frequency of transmission 5.9GHz
9 Wavelength of transmission 5cm
10 Pathloss exponent 2.8
11 Noise Figure -95dBm
12 Transmitted power 20-

23dBm

To understand the impact of the transmit power and also
the number of complex channel uses a message sequence can
utilize, we vary them too. We summarize the various testing
scenarios in Table II:

B. Discussion
The RMSEs for Scenario 1, Scenario 2 and Scenario 3 are

shown in Fig. 3a, 3b and 3c respectively which individually

TABLE II: Evaluation schemes

Parameters Scenario
1

Scenario
2

Scenario
3

Tx Power 100mW 200mW 100mW
Complex
symbols n

2 2 4

compare the RMSEs for the baseline approach, our proposed
semantic pathloss model and the proposed weighted semantic
pathloss model. These plots are thus indicative of the varia-
tion of RMSEs with varying distances between the point of
transmission and reception. Across all the subplots we can
observe that the RMSEs in the baseline approach increase
after a certain distance and maintain that trend, while for the
semantic pathloss model and the proposed weighted semantic
pathloss model the RMSEs are significantly less.

Fig. 4a, 4b & 4c similarly show the associated BLERs under
evaluation Scenario 1, Scenario 2 and Scenario 3 respectively,
comparing the associated BLERs for the baseline approach,
our proposed semantic pathloss model and the proposed
weighted semantic pathloss model. These plots thus showcase
the variation of the BLERs with varying distances between the
transmitter and the receiver. Similar to the RMSE plots, in all
the subplots we can observe that the BLERs in the baseline
approach increase after a certain distance and maintain that
trend, while for the semantic pathloss model and the proposed
weighted semantic pathloss model the BLERs are much less.

Fig. 5a, 5b and 5c showcase the scatter plot of the signal
constellations for the baseline model, the semantic pathloss
model and the weighted semantic pathloss model respectively,
under evaluation scenario 1. Though there are two complex
symbols in this scenario, we present the constellations for
one of them, as both of the constellations for each case are
largely similar. We choose a spectral gradient to represent
the messages in the constellations, to help understand the
placement of the symbols by the autoencoder. As we move
from the blue part of the spectrum (following VIBGYOR-
Violet, Indigo, Blue, Green, Yellow, Orange and Red) to the
red part, the messages s these constellation points represent,
decrease in terms of the distance. This means that the points
in the blue part of the spectrum represent higher distances,
and the points in the red part represent lower distances.

Table III provides the average RMSEs across all distances,
under various testing schemes and also provides the percentage
improvements of our schemes over the baseline approach.
Similarly Table IV provides the average BLER values over
all distances when tested with our evaluation schemes.

As we can observe in Fig. 3a, our proposed autoencoders of-
fer a significant improvement in the RMSEs over the baseline
approach, with the weighted semantic path loss model slightly
outperforming the semantic path loss model, in terms of the
overall RMSEs incurred across the distances. As we move
from Fig. 3a to 3b, we observe a reduction in the RMSEs
which can be attributed to the increase in transmit power,



(a) RMSEs under evaluation scenario 1 (b) RMSEs under evaluation scenario 2 (c) RMSEs under evaluation scenario 3

Fig. 3: RMSEs under various evaluation scenarios

(a) BLERs under evaluation scenario 1 (b) BLERs under evaluation scenario 2 (c) BLERs under evaluation scenario 3

Fig. 4: BLERs under various evaluation scenarios

TABLE III: Average RMSE summary

Evaluation
Scenario

Baseline
Approach

SPL Weighted
SPL

Scenario 1 20.04 4.79
(76%)

4.26
(78.7%)

Scenario 2 11.42 1.54
(86.5%)

1.45
(87.3%)

Scenario 3 10.63 1.68
(84.1%)

1.51
(85.7%)

TABLE IV: Average BLER summary

Evaluation
Scenario

Baseline
Approach

SPL Weighted
SPL

Scenario 1 0.07 0.0129
(81.5%)

0.016
(77.1%)

Scenario 2 0.0282 0.0018
(93.6%)

0.0023
(91.8%)

Scenario 3 0.0239 0.0015
(93.7%)

0.0016
(93.3%)

allowing for a stronger signal to be transmitted, consequently
leading to the availability of higher SNRs. On comparing Fig.
3a and 3c we again observe a drop in the RMSEs incurred,
especially in the baseline approach largely due to the avail-

ability of more complex symbols to represent the messages
s spanning M , as n increases from 2 to 4 across these
plots. Hence, it can be concluded that increasing the transmit
power offers a significant advantage in terms of higher SNR
availability, consequently leading to lower RMSEs. Similar
advantages can be obtained by allowing for more complex
symbols to represent a transmitted sequence over our approach
with 100mW transmit power and n = 2. The RMSEs in Fig.
3b are still more advantageous over those shown in Fig. 3c
for our proposed approaches, if their summation across all
distances are to be compared. From a practical standpoint,
this drop in RMSEs leads to a much lower number of re-
transmissions in order to ensure the correct reception of the
messages, which we believe is a significant advantage of our
proposed model over the baseline approach.

Across Fig. 4a, 4b and 4c we can observe that our proposed
models outperform the baseline approach by a significant
margin. On comparing Fig. 4a and 4c we observe a drop
in BLERs across all models being tested, which can be
attributed to the availability of more channel uses for message
transmission. Between Fig. 4a and 4b as well, we can observe
a drop because of the availability of higher SNRs owing to
the increase in the transmit power.

Between the Weighted SPL approach and the SPL approach,
we can observe a tradeoff between dropping RMSEs and
increasing BLERs, with the introduction of our proposed
loss function. This happens since our proposed loss function



incorporates a modified RMSE in the loss function itself
leading to lower RMSEs consistently, but increased BLERs.

In Fig. 5a, the constellations for the baseline approach
are shown. We observe a generous intermixing of symbols
belonging to both higher and lower distance messages s
spanning M , indicative of the largely equal importance the
autoencoder provides to the symbols, to reduce the average
BLER irrespective of their magnitudes.

Moving on from Fig. 5a to Fig. 5b, we observe rather
segregated signal constellations as the autencoder is now
semantically empowered and places the messages indicative
of lower distances(and having comparatively higher SNRs)
closely towards the centre in a somewhat circular manner, and
the messages indicative of longer distances mostly outside the
aforementioned circle. On moving from Fig. 5b to Fig. 5c,
a contraction in the radii of the set of constellation points
indicative of smaller messages can be observed, as a result, the
points representing smaller distances are more concentrated
towards the centre because of the introduction of the weighted
loss function

(a) Baseline approach (b) Semantic Pathloss

(c) Weighted Semantic Pathloss

Fig. 5: Signal constellations for various cases

V. CONCLUSIONS & FUTURE WORK

The aim of this work was to examine end-to-end data-
driven communication methods when the semantic knowledge
of the channel conditions can be utilized. It can be moti-
vated that in a V2V communication scenario, it is critical
that the communication between the vehicles or potentially
infrastructural components remains error and risk free, as they
get closer, in order to prevent accidents. Thus, through the

course of the work, a distance transmission scenario has been
considered for a vehicular communications usecase, where
the message directly correlates to the channel statistic, as for
higher distances the SNR is generally lower. Compared to
state-of-the-art learning-based communication systems that are
trained over constant channel conditions, we identified a large
optimization potential to reduce RMSEs by only considering
training samples where the message semantics correlates with
the channel statistic. Moreover, by proposing a new loss
function in addition to already showing gains with the cross
entropy loss function (up till 86.5%), we observe a further
improvement in the corresponding RMSEs (up till 87.3%).
Considering a practical scenario, this drop in RMSEs leads to
a much lower number of re-transmissions needed in order to
ensure the correct reception of the transmitted messages, where
we believe our proposed model is significantly advantageous
over the baseline approach. Future works include utilizing
this approach for positional telemetry amongst vehicles and
towards fixed infrastructures and a study of various loss
functions on the performance of such systems. The impacts of
Doppler effect could be considered as an additional semantic
information to extend the proposed methods.

REFERENCES

[1] T. D. N. Samuel and A. Wiesel, “Learning to detect,” IEEE Transactions
on Signal Processing, vol. 67, no. 10, pp. 2554–2564, 2019.

[2] T. W. D. Neumann and W. Utschick, “Learning the mmse channel
estimator,” IEEE Transactions on Signal Processing, vol. 66, no. 11,
pp. 2905–2917, 2018.

[3] O. Shental and J. Hoydis, “Machine llrning: Learning to softly demod-
ulate,” in Proc. IEEE Globecom. IEEE, 2019, pp. 1–6.

[4] D. K. M. Honkala and J. Huttunen, “Deeprx: Fully convolutional deep
learning receiver,” IEEE Transactions on Wireless Communications,
vol. 20, no. 6, pp. 3925–3940, 2021.

[5] S. Dorner, S. Cammerer, J. Hoydis, and S. t. Brink, “Deep Learning
Based Communication Over the Air,” IEEE Journal of Selected Topics
in Signal Processing, vol. 12, no. 1, pp. 132–143, Feb. 2018. [Online].
Available: https://ieeexplore.ieee.org/document/8214233/

[6] C. E. Shannon and W. Weaver, “The mathematical theory of communi-
cation,” The University of Illinois Press, 1949.

[7] E. Uysal, O. Kaya, A. Ephremides, J. Gross, M. Codreanu,
P. Popovski, M. Assaad, G. Liva, A. Munari, B. Soret, T. Soleymani,
and K. H. Johansson, “Semantic communications in networked
systems: A data significance perspective,” Netwrk. Mag. of Global
Internetwkg., vol. 36, no. 4, p. 233–240, jul 2022. [Online]. Available:
https://doi.org/10.1109/MNET.106.2100636

[8] H. Xie, Z. Qin, G. Y. Li, and B.-H. Juang, “Deep Learning
Enabled Semantic Communication Systems,” IEEE Transactions on
Signal Processing, vol. 69, pp. 2663–2675, 2021. [Online]. Available:
https://ieeexplore.ieee.org/document/9398576/

[9] Q. Zhou, R. Li, Z. Zhao, C. Peng, and H. Zhang, “Semantic
Communication With Adaptive Universal Transformer,” IEEE Wireless
Communications Letters, vol. 11, no. 3, pp. 453–457, Mar. 2022.
[Online]. Available: https://ieeexplore.ieee.org/document/9632815/

[10] Z. Xuan and K. Narayanan, “Deep Joint Source-Channel Coding
for Transmission of Correlated Sources over AWGN Channels,” in
ICC 2021 - IEEE International Conference on Communications.
Montreal, QC, Canada: IEEE, Jun. 2021, pp. 1–6. [Online]. Available:
https://ieeexplore.ieee.org/document/9500692/

[11] Abadi, “Tensorflow: A system for large-scale machine learning,” in
Proceedings of the 12th USENIX Conference on Operating Systems
Design and Implementation, ser. OSDI’16. USA: USENIX Association,
2016, p. 265–283.

[12] Harris, “Array programming with NumPy,” Nature, vol. 585,
no. 7825, pp. 357–362, Sep. 2020. [Online]. Available:
https://doi.org/10.1038/s41586-020-2649-2


