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Abstract– This paper presents an End-to-End wireless transceiver based on deep AutoEncoder (AE) networks that jointly
optimizes the transmitter and receiver as a single differentiable system, replacing the conventional cascade of independently
designed signal processing blocks. The physical channel model incorporates three concurrent impairments: power amplifier
(PA) nonlinearity (Rapp model), carrier frequency offset (CFO), and Rayleigh fading. Three AE architectures of increasing
complexity are proposed and validated. Specifically, a single-symbol AE learns a PA-resilient constellation, achieving
a 3–4 dB SNR gain over 16-QAM with ZF equalization. Furthermore, a multi-symbol AE performs blind CFO compensation
without PLLs or pilots, yielding a 5–8 dB gain. Finally, a Neural FEC architecture unifies modulation and channel coding,
providing reliable error correction on composite degraded channels. Monte Carlo simulations confirm that the proposed
architectures outperform conventional block-wise approaches under complex nonlinear channel conditions.

Keywords– AutoEncoder, intelligent physical layer, deep learning, digital modulation, forward error correction, power
amplifier nonlinearity, carrier frequency offset.

1 Introduction

In digital communication systems, modulation is the
process of converting discrete data streams into con-
tinuous waveform signals suitable for the physical
channel characteristics, accomplished by mapping them
onto the complex IQ plane. Since this mapping in-
volves a nonlinear transformation from a discrete bit
space to a continuous signal space, it can be closely
approximated by artificial neural networks [1]. Con-
ventional modulation schemes are typically designed
under the assumption of ideal or AWGN-only channels.
In practical deployments, the transmitted signal si-
multaneously encounters nonlinear distortion from the
power amplifier (PA), carrier frequency offset (CFO),
and multipath fading. Higher-order modulation for-
mats that encode information in the signal phase, such
as M-PSK and M-QAM, are particularly vulnerable
to these impairments [2]. Traditional approaches treat
each impairment with independent processing blocks
(PLL, ZF/MMSE equalizer, PAPR reduction), yielding
sub-optimal end-to-end performance due to the lack of
global optimization [3].

O’Shea and Hoydis [3] first showed that a complete
communication link can be cast as an AutoEncoder
(AE): the transmitter acts as the encoder, the channel
as a stochastic layer, and the receiver as the decoder,
enabling joint optimization of all parameters under a
single loss function. Subsequent work has expanded in
several directions, including deep learning-based con-
stellation shaping [4] and hardware prototype deploy-
ment [5]. Recently, Aoudia and Hoydis [6] extended

the AE End-to-End concept to pilotless OFDM systems,
Hoydis et al. [7] developed a differentiable channel
simulation platform, and Wiesmayr et al. [8] demon-
strated a standard-compliant real-time neural receiver
for 5G NR, confirming the practical feasibility of neural
End-to-End transceivers in deployed cellular networks.

However, the majority of existing studies consider
only ideal AWGN channels or treat individual impair-
ments in isolation. The combined effect of severe PA
nonlinearity, progressive CFO phase rotation, and mul-
tipath Rayleigh fading on AE-based transceivers re-
mains largely unexplored. Furthermore, the ability of a
single unified neural network to jointly perform mod-
ulation, impairment compensation, and forward error
correction (FEC) under these composite conditions has
not been systematically investigated.

This paper proposes an End-to-End differentiable
transceiver architecture and evaluates its performance
on complex composite channels. The main contribu-
tions are summarized as follows:

• PA-Resilient Constellation Shaping: A single-
symbol AE autonomously learns an optimal con-
stellation layout within the PA linear region, re-
ducing PAPR and achieving a 3–4 dB SNR gain
over 16-QAM with ZF equalization under strong
PA saturation.

• Multi-Symbol AE Architecture with Time-
Distributed Encoder: A multi-symbol AE extends
the single-symbol model using a Time-Distributed
Encoder to process a block of L symbols. The
Decoder observes the entire received sequence,
exploiting inter-symbol correlations (CFO phase
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drift, slow fading) to improve decoding perfor-
mance. This architecture serves as the foundation
for both blind CFO compensation and Neural FEC.

• Blind CFO Compensation via Sequence Learn-
ing: Building on the multi-symbol architecture,
the deep decoder observes cumulative phase ro-
tation across a symbol block, performing ro-
bust blind CFO estimation without PLLs or
pilot overhead, attaining a 2–3 dB gain over
conventional 16-QAM.

• Unified Modulation and Neural FEC: The multi-
symbol AE architecture is further extended to in-
tegrate channel coding by mapping input bits into
multi-symbol blocks with redundancy, eliminating
the traditional boundary between modulation and
error correction, with BER below 10−4 at low SNR
over composite non-ideal channels.

• Training Framework and System Compati-
bility: Multi-phase curriculum learning with
physics-constrained loss functions (λP, λD) en-
ables stable convergence over nonlinear chan-
nels. Softmax outputs provide soft LLR extrac-
tion, ensuring compatibility with modern iterative
decoders (Turbo, LDPC).

The remainder of this paper is organized as follows:
Section II presents the fundamentals of digital modu-
lation and non-ideal channel models. Section III details
the proposed AutoEncoder architectures. Section IV
describes the curriculum training methodology. Sec-
tion V presents Monte Carlo simulation results. Finally,
Section VI concludes the paper.

2 Digital Modulation Fundamentals and

Non-Ideal Channel Conditions

2.1 Principles of Digital Modulation
Digital modulation is the process of transforming a

binary data bit stream into a waveform signal suitable
for transmission over a physical channel. At the mod-
ulator, each group of k = log2 M bits is mapped to a
symbol corresponding to a point on the constellation
diagram in the complex IQ signal plane. The baseband
signal of the n-th symbol is expressed as

x[n] = aI [n] + j · aQ[n], (1)

where aI [n] and aQ[n] are the in-phase and quadrature
components, respectively, determined by the constella-
tion mapping table of the modulation scheme.

In M-PSK, information is encoded in the signal phase
with constant amplitude: xm = A · ej2πm/M. In M-QAM,
information is encoded in both amplitude and phase on
a regular IQ grid. Higher modulation order M improves
spectral efficiency but reduces the minimum Euclidean
distance dmin between constellation points.

At the receiver, the demodulator performs hard de-
cision by identifying the nearest constellation point to
the received signal in terms of Euclidean distance:

m̂ = arg min
m∈{0,...,M−1}

∥y − xm∥2. (2)

The symbol error probability depends directly on
the ratio d2

min/N0, where N0 is the noise power
spectral density.

2.2 Non-Ideal Channel Conditions

In practice, wireless signals are simultaneously af-
fected by multiple impairments. This subsection ana-
lyzes the three categories investigated in this study.

2.2.1 Power Amplifier (PA) Nonlinear Distortion: The
power amplifier at the transmitter, when operated
near its saturation region to maximize power ef-
ficiency, introduces nonlinear distortion to the sig-
nal. The Rapp model characterizes the PA’s AM/AM
and AM/PM behavior

g(r) =
r(

1 +
(

r
Asat

)2p
)1/2p , Φ(r) =

αPMr2

1 + βPMr2 , (3)

where r = |x| is the input amplitude, Asat is the satu-
ration amplitude, p controls the transition smoothness,
and αPM, βPM are AM/PM conversion coefficients. As
shown in Figure 1 and Figure 2, output amplitude satu-
rates beyond Asat, compressing outer 16-QAM symbols
by ∼1 dB and reducing dmin.

Figure 1. PA response characteristics modeled under the Rapp format.

2.2.2 Carrier Frequency Offset (CFO): Oscillator mis-
match between the transmitter and receiver introduces
a frequency offset ∆ f , causing progressive phase rota-
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Figure 2. Standard 16-QAM signal constellation before and after
PA distortion.

tion on the received symbol sequence

yc f o[n] = x[n] · ej2π∆ f Tsn, (4)

where Ts is the symbol period. The cumulative phase
rotation increases linearly with index n, gradually
pushing constellation points out of their decision re-
gions. As shown in Figure 3, a normalized CFO of
∆ f · Ts = 0.02 causes the constellation to trace a contin-
uous arc over 8 time slots.

Figure 3. Illustration of CFO causing progressive constellation
phase rotation.

2.2.3 Rayleigh Multipath Fading and Inter-Symbol In-
terference (ISI): In multipath environments, the signal
reaches the receiver through multiple reflected paths
with varying delays and amplitudes. The tapped-delay-
line channel model is given by

y[n] =
Lch−1

∑
l=0

h[l] · x[n − l] + w[n], (5)

where h[l] ∼ CN (0, σ2
l ) are Rayleigh-distributed com-

plex channel coefficients, Lch is the number of taps,
and w[n] is AWGN.

2.3 Limitations of Conventional Compensation and
the Neural Network Approach

Conventional systems employ dedicated blocks for
each impairment: PLLs for CFO, MMSE/ZF equalizers
for ISI, and PAPR reduction before the PA. However,
linear equalizers assume y = Hx + w, whereas the
actual model after PA becomes y = Hϕ(x) + w, vio-
lating the linearity assumption. Moreover, independent
block-wise optimization cannot exploit cross-layer sta-
tistical correlations.

Since modulation and demodulation are both non-
linear transformations, deep neural networks (DNNs)
offer a natural alternative through their function ap-
proximation capability. By modeling the channel as
differentiable layers, the entire transceiver can be jointly
optimized via backpropagation.

3 Proposed AutoEncoder Architecture

3.1 End-to-End System Model

Figure 4. Fundamental architecture of the AutoEncoder network.

As shown in Figure 4, the entire digital communi-
cation system is modeled as an AutoEncoder network
consisting of three components: the Encoder perform-
ing dimensionality reduction and mapping input data
x into a latent representation z for transmission, the
Channel Layer which simulates and integrates random
physical impairments, and finally the Decoder acting
to reconstruct the original transmitted message x̂. The
channel is implemented as a differentiable computa-
tional layer in TensorFlow, enabling gradient backprop-
agation from the Decoder through the channel to the
Encoder during training. The corresponding differen-
tiable End-to-End prototype is summarized in Figure 5.

3.2 Scenario 1: Single-Symbol AE for PA-Resilient
Constellation Shaping

The first architecture replaces the conventional
16-QAM modulator and demodulator with neural net-
works. With modulation order M = 16, each group of
k = 4 bits is represented as a one-hot vector s ∈ {0, 1}M

serving as the Encoder input.
The Encoder consists of two FC layers (64 → 32 neu-

rons, ReLU activation), followed by an output layer pro-
ducing 2 real values representing the I and Q compo-
nents, using tanh activation to bound the amplitude. A
power normalization layer ensures unit average power

xnorm =
xraw√

E[∥xraw∥2] + ϵ
, (6)

where ϵ > 0 is a numerical stability constant
(typically ϵ = 10−7).

The Channel Layer sequentially applies: (1) PA non-
linear distortion using the Rapp model; (2) flat Rayleigh
fading with h ∼ CN (0, 1); (3) AWGN noise; and (4)
random phase rotation emulating CFO. The channel
output is the raw, unequalized signal [yI , yQ, hI , hQ]–
including CSI provided to the Decoder.
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Figure 5. Block diagram of the differentiable End-to-End prototype system.

The Decoder takes as input the concatenated vector
[yI , yQ, hI , hQ, SNR] (5 dimensions) and passes through
FC layers (256 → 128 neurons) combined with Batch
Normalization and ReLU activation, terminated by
an M-class Softmax layer. The Decoder jointly learns
equalization and demodulation without requiring a
separate ZF/MMSE equalizer block.

3.3 Scenario 2: Multiple-Symbol Sequence AE for
Blind CFO Compensation

To handle the progressive phase rotation
yc f o[n] = xpa[n] · ej2π∆ f Tsn caused by CFO on
consecutive symbols, the architecture is extended
to a multiple-symbol processing mode. The Encoder
simultaneously processes a block of L symbols
(e.g., L = 4 or L = 8).

The Encoder utilizes a Time-Distributed architecture
to share weights across symbols within the block: each
symbol passes through the same MLP (256 → 128 → 2
neurons, SELU activation, with Batch Normalization),
producing L IQ points with identical statistical proper-
ties. The input is a one-hot tensor S ∈ {0, 1}L×M, and
the output is X ∈ RL×2, as illustrated in Figure 6.

The Channel Layer applies Rapp PA distortion per
symbol, then generates cumulative CFO phase rota-
tion according to the time index n ∈ [0, L − 1], and
finally adds AWGN. The normalized CFO value ∆ f · Ts
is randomly sampled during training but is not pro-
vided to the Decoder—forcing the network to perform
blind estimation.

The Decoder receives the entire block of L received
symbols by flattening the (L × 2) tensor into a 2L-
dimensional vector, concatenating normalized SNR,
then passing through deep FC layers (512 → 512 →
256 → 128 neurons, SELU activation) with Batch Nor-
malization, Dropout, and an SNR re-injection mecha-
nism between layers. The output consists of L indepen-
dent Softmax branches, each decoding one symbol in
the block. By observing the entire phase rotation pat-
tern across L symbols, the Decoder implicitly estimates
the linear phase drift trend and performs blind CFO
compensation without PLL or pilot signals.

Figure 6. Computational architecture of the shared-sequence
TimeDistributed Encoder block.

3.4 Scenario 3: Multiple-Symbol AE for Unified
Neural FEC

The third architecture removes the boundary between
modulation and channel coding by allowing the En-
coder to map k input bits into N IQ symbols, where
N > k/ log2 M, creating redundancy analogous to
conventional FEC. The code rate is defined as

R =
k

N × 2
, (7)

where the factor of 2 accounts for the two real dimen-
sions (I, Q) per symbol.

The Encoder takes the raw bit vector b ∈ {0, 1}k

directly (without one-hot encoding), passes through
two FC layers (64 neurons, ReLU, Batch Normaliza-
tion), then produces N × 2 real values (tanh activation),
reshaped into a (N, 2) tensor and power-normalized.

The Decoder receives N flattened received symbols,
passes through three FC layers (128 → 128 → 64,
ReLU, Batch Normalization), and terminates with k
output neurons using Sigmoid activation, directly esti-
mating per-bit probabilities P(bi = 1). The loss function
uses Binary Cross-Entropy combined with a power
penalty term.

3.5 Common Differentiable Channel Layer

All three architectures share a common differentiable
channel model comprising three cascaded components:
Rapp PA (Equation 3), CFO (Equation 4), and AWGN.
End-to-End optimization relies on backpropagation,
which requires the channel model to be differentiable.
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A non-differentiable channel block would prevent er-
ror gradients from flowing back from the receiver to
the transmitter. To address this, the physical channel
impairments—PA nonlinearity, CFO, and AWGN—are
implemented as a custom differentiable computation
layer in TensorFlow, allowing gradient propagation
throughout the entire system during training.

4 Training Methodology

Training an End-to-End AutoEncoder on complex non-
linear channels poses significant challenges: directly
initializing with the full impairment range causes gra-
dient divergence and traps network weights in poor
local minima.

4.1 Curriculum Learning

The core idea is to utilize curriculum learning [9] by
partitioning the training process into multiple phases
of increasing difficulty. This allows the network to
establish basic latent representations before introducing
severe channel conditions.

Scenario 1 (single-symbol AE) employs 3 phases:
• Phase 1 (Constellation shaping): High SNR

(15–35 dB), 20 epochs, large learning rate
(3 × 10−3).

• Phase 2 (Moderate noise): SNR expanded to medium
(5–35 dB), 20 epochs, learning rate (1 × 10−3).

• Phase 3 (Full range): SNR expanded (0–35 dB), 30
epochs, learning rate (3 × 10−4).

Scenario 2 (multiple-symbol AE) extends to 4 phases
with an additional CFO expansion dimension:

• Phase 1: High SNR (14–35 dB), very small CFO
(±0.005), learning rate 2 × 10−3.

• Phase 2: Medium SNR (7–35 dB), increased CFO
(±0.015), learning rate 5 × 10−4.

• Phase 3: Full SNR range (0–35 dB), maximum CFO
(±0.03), learning rate 2 × 10−4.

• Phase 4 (Refinement): Parameters maintained, very
small learning rate (5 × 10−5).

Scenario 3 (Neural FEC) uses 3 phases similar to
Scenario 2 but simplified, as the Encoder maps raw
bits rather than one-hot symbols, enabling faster con-
vergence due to the redundant coding space.

4.2 Custom Loss Function

4.2.1 Scenarios 1 and 3:

Ltotal = LCE(s, ŝ)+λP ·E
[
max (∥x∥ − γAsat, 0)2

]
(8)

where γ ∈ (0, 1] is the amplitude threshold coefficient
relative to the PA saturation level.

4.2.2 Scenarios 2: adds a minimum distance
penalty component

Ltotal = LCE + λP · E
[
max(∥x∥ − γAsat, 0)2

]
+ λD · max

(
d2

target − d2
min, 0

) (9)

4.3 Training Stabilization Techniques

• Gradient clipping (∥∇∥ ≤ 1.0): Prevents gradient
explosion when signals pass through the nonlinear
PA layer.

• Adaptive Learning Rate Decay: Automatically re-
duces the learning rate by a factor of 0.5 when
validation loss fails to improve for 5–7 epochs.

• Early Stopping (Scenarios 2, 3): Halts training if
validation loss does not decrease for 10–15 consec-
utive epochs.

• Batch Normalization: Normalizes activation distri-
butions between layers.

• Dropout (p = 0.05): Applied in the Scenario 2
Decoder to improve generalization.

4.4 LLR Extraction and System Compatibility

A key advantage of the proposed AE architecture
is its backward compatibility with existing communi-
cation systems. The Softmax output layer of the De-
coder provides posterior probabilities P(sm|y) for each
symbol m ∈ {0, . . . , M − 1}. From these probabili-
ties, per-bit Log-Likelihood Ratio (LLR) values can be
directly extracted

L(bi) = ln
∑m:bi(m)=1 P(sm|y)
∑m:bi(m)=0 P(sm|y)

, (10)

where bi(m) denotes the i-th bit value in the Gray
mapping of symbol m. These soft LLR values are fully
compatible with modern iterative channel decoders
(Turbo, LDPC), enabling seamless integration of the
AE module into existing transceiver chains without
hardware modifications. This is a critical distinction
from purely end-to-end AE approaches, which typically
require replacing the entire signal processing pipeline.

The synergy between the curriculum learning frame-
work and soft LLR extraction constitutes a practically
significant technical contribution: curriculum learning
ensures that the AE network converges to an optimal
operating point on complex nonlinear channels, while
soft LLR outputs enable the AE system to function as
an intelligent soft demodulator that can directly re-
place conventional demodulators in existing transceiver
chains — including systems already deployed with
Turbo or LDPC codes — without requiring any modi-
fications to the downstream channel decoder.

4.5 Training Parameters

Table I summarizes the key parameters for the
three scenarios.

5 Simulation Results and Evaluation

This section presents the performance evaluation of
the proposed AE system compared to conventional
16-QAM through Bit Error Rate (BER) versus Signal-to-
Noise Ratio (SNR) analysis. All experiments use Monte
Carlo simulations with identical channel conditions to
ensure fair comparison. The channel model employs the
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Table I
Training parameters for the three architectural scenarios

Parameter Sc. 1 Sc. 2 Sc. 3

Modulation order M 16 16 —
Input bits k 4 4 4
Symbols/block 1 4–8 1–6
Code rate R 1.0 1.0 1/3–1
Batch size 4096 4096 4096
Curriculum phases 3 4 3
Asat, p 1.2, 3 1.2, 3 1.2, 3
Max CFO (∆ f · Ts) 0.0 0.03 0.03
Optimizer Adam Adam Adam

Rapp PA (Asat = 1.2, p = 3, αPM = 0.08) combined with
flat block Rayleigh fading and normalized CFO ∆ f · Ts.
The 16-QAM reference receiver uses a Zero-Forcing
(ZF) equalizer with a standard grid slicer, with no prior
knowledge of PA distortion.

5.1 Scenario 1: Single-Symbol AE on Rayleigh + PA
Channel

As illustrated in Figure 7, unlike the fixed grid of
conventional 16-QAM, the AE learns a flexible constel-
lation geometry.

Figure 7. Self-learned signal constellation block formed by
the Encoder.

Through end-to-end learning, the Encoder minimizes
PA distortion by placing most symbols within the PA’s
linear region, reducing PAPR from 2.6 dB to approxi-
mately 2.3 dB.

As shown in Figure 8, at low SNR (≤ 12 dB),
both systems exhibit comparable performance. From
SNR ≥ 14 dB onward, the AE demonstrates
a clear advantage over 16-QAM + ZF. Specifi-
cally, at a target BER = 10−2, the AE provides
approximately 3–4 dB SNR gain. Due to Rayleigh
fading characteristics (diversity order = 1), both BER
curves decrease as ∼ 1/SNR rather than exponen-
tially as in pure AWGN. At SNR = 34 dB, the AE
achieves BER ≈ 6 × 10−4 while 16-QAM + ZF only
reaches ≈ 2.5 × 10−3, representing approximately
a 4× BER improvement.

Figure 8. BER comparison: AE vs. 16-QAM + ZF on Rayleigh + PA
+ AWGN channel.

This performance advantage at high SNR stems from
the AE’s ability to intuitively internalize the Rapp
PA model’s non-linear compression curve during the
end-to-end training. Unlike the fixed rectangular grid
of conventional 16-QAM—which places outer symbols
symmetrically, inevitably leading to severe amplitude
clipping—the AE dynamically redistributes its constel-
lation points to create a non-uniform geometric struc-
ture. It preferentially concentrates symbols closer to
the origin and deliberately warps the outer bounds to
tolerate the deterministic amplitude compression, effec-
tively shifting the limiting bottleneck from non-linear
distortion back to additive noise. At low SNR, where
AWGN becomes the dominant impairment rather than
PA clipping, the AE’s compressed constellation yields
comparable performance to 16-QAM since both sys-
tems are fundamentally limited by the noise floor.

5.2 Scenario 2: Multiple-Symbol AE with Blind
CFO Compensation

This scenario evaluates the blind CFO compensation
capability of the multi-symbol AE (L = 4).

Figure 9. BER on Rayleigh + PA + CFO + AWGN channel
at ∆ f · Ts = 0.005.

As shown in Figure 9 and Figure 10, in the pres-
ence of CFO, the 16-QAM + ZF system (without
CFO compensation) rapidly reaches an error floor
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Figure 10. BER on Rayleigh + PA + CFO + AWGN channel
at ∆ f · Ts = 0.01.

due to progressive phase rotation destroying the grid-
based decoding: at CFO = 0.005, QAM BER saturates
at ≈ 3 × 10−2 for SNR ≥ 18 dB; at CFO = 0.01, the
floor rises to ≈ 5 × 10−2. In contrast, the AE continues
to decrease BER to ≈ 10−3 at SNR = 35 dB through
its blind CFO estimation from the symbol sequence. At
BER = 10−2, the AE achieves approximately 5–8 dB
gain over 16-QAM + ZF at both CFO levels.

Table II summarizes BER at representative SNR and
CFO values.

Table II
BER comparison at SNR = 20 dB across CFO values

CFO AE (blind) 16-QAM + ZF

0.0 ≈ 1.0 × 10−2 ≈ 1.5 × 10−2

0.005 ≈ 1.2 × 10−2 ≈ 3.0 × 10−2

0.01 ≈ 1.5 × 10−2 ≈ 5.0 × 10−2

The AE demonstrates a clear advantage across all
evaluated CFO levels: at CFO = 0, the AE achieves
lower BER than 16-QAM + ZF due to its PA distortion
compensation capability; as CFO increases, the perfor-
mance gap widens significantly since 16-QAM + ZF
lacks any CFO compensation mechanism and quickly
reaches an error floor, while the AE implicitly estimates
and compensates CFO from the phase rotation pattern
across the L-symbol block.

This blind compensation capability intrinsically
stems from the Time-Distributed encoder, which gener-
ates a correlated sequence of symbols that implicitly en-
codes relative phase information across the entire block.
When the progressive CFO uniformly rotates this block
during transmission, the deep neural decoder functions
as an advanced non-linear sequence pattern recognizer.
Rather than explicitly computing phase derivatives
like a conventional PLL, the decoder simultaneously
observes the overarching arched trajectory of the 4
received symbols. The dense fully connected layers
effectively map this rotational path back to the original
discrete sequence. This block-level, holistic decision-
making provides strong robustness against transient
noise spikes that would otherwise induce catastrophic
phase-slips in a traditional PLL tracking loop.

5.3 Scenario 3: AE with Neural Forward Error
Correction

By allowing the Encoder to map k = 4 input bits into
N IQ symbols (with N > 1), the proposed system can
implicitly embed forward error correction. Figure 11
compares BER across different code rate configurations
on the PA+CFO0.02+AWGN channel.

Figure 11. AE system performance with FEC coding functionality.

The configuration AE 4 → 6 (R ≈ 1/3) demon-
strates strong noise resilience, reaching BER < 10−4 at
SNR ≈ 8 dB, confirming successful channel coding by
the neural network.

This error correction performance is explained by
the network’s ability to autonomously form a unified
coding space that bridges the Hamming and Euclidean
domains. While traditional transceivers strictly parti-
tion the Hamming space (bit redundancy for FEC) from
the Euclidean space (IQ modulation), the Neural FEC
generates continuous analog waveforms that inherently
maximize the Euclidean distance over multiple com-
bined time steps. Instead of making intermediate bit-
level decisions at each stage, the network distributes
the information content of the 4 input bits across all
6 transmitted IQ symbols. This information diversity
mechanism ensures that even when one or two symbols
are severely degraded by deep fading or CFO-induced
phase rotation, the remaining symbols retain sufficient
redundant information for the decoder to accurately
recover the original message.

5.4 Summary Discussion

Table III consolidates the strengths and limitations of
the AE architecture across all three scenarios.

Ultimately, the proposed AE architecture demon-
strates its primary advantage on complex composite
channels (PA + CFO + Rayleigh), where indepen-
dent block-wise processing of conventional systems
is sub-optimal.

6 Conclusion

This paper has presented and evaluated an End-to-
End digital communication system based on deep
AutoEncoder networks, demonstrating its potential to
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Table III
Summary of AE system advantages and limitations vs.

conventional 16-QAM

Criterion AE Advantage AE Limitation

PA Resil. Self-learned
PA-resilient
constellation, PAPR
−0.3 dB

Worse than QAM
at low SNR

CFO
Comp. Blind comp. without

PLL/pilot, 5–8 dB
gain over QAM+ZF
when CFO > 0

BER decreases
slowly due to
Rayleigh

FEC Neural FEC
performs channel
coding well

Reduced spectral
efficiency

Design No per-block engi-
neering needed

Complex curricu-
lum training

improve performance over conventional communica-
tion systems when deployed over complex, compos-
ite non-ideal wireless channels. The research demon-
strates three major contributions. First, the AE au-
tonomously learns a PA-resilient non-uniform constel-
lation geometry that optimally mitigates nonlinear am-
plifier clipping, yielding a 3–4 dB SNR gain over con-
ventional 16-QAM with ZF equalization on Rayleigh +
PA channels. Second, by exploiting multi-symbol se-
quence learning, the decoder intrinsically performs ro-
bust blind CFO compensation without the overhead
of pilot signals or PLLs, achieving a 5–8 dB gain
over 16-QAM + ZF (which lacks CFO compensation).
Finally, the proposed architecture successfully unifies
digital modulation and forward error correction into
a single Neural FEC model, proving that deep neu-
ral networks can implicitly internalize and reproduce
sophisticated channel coding redundancies. In addi-
tion, this work contributes a smart training frame-
work based on multi-phase curriculum learning com-
bined with physics-constrained custom loss functions
(power penalty and minimum distance regularization),
enabling stable AE convergence on complex nonlinear
channels — a challenge that conventional direct train-
ing approaches cannot overcome. Notably, the Softmax
output design enables soft LLR extraction, allowing
the AE module to function as an intelligent soft de-
modulator that is fully compatible with modern iter-
ative channel decoders (Turbo, LDPC) without requir-
ing any modifications to existing system architectures.
These results suggest that deep learning-based joint
transceivers hold significant potential as an effective
alternative to conventional block-wise signal process-
ing approaches, particularly over strongly nonlinear
channels (PA distortion, CFO, and Rayleigh fading).
Future work will expand this framework to incorporate
Orthogonal Frequency-Division Multiplexing (OFDM)
for frequency-selective multipath channels and investi-
gate Software-Defined Radio (SDR) based experimen-
tal deployments, leveraging emerging GPU-accelerated
platforms such as the Sionna Research Kit [10] for real-
world AI-RAN prototyping.
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