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Abstract—Traveling-wave tube amplifiers (TWTAs) are com-
mon power amplifiers in satellite communications. Saturation
and warping effects caused by the nonlinearity make constellation
shaping a non-trivial task, when nonlinear amplifiers are involved
in the channel. Constellation shaping optimizes geometry and
probability of occurrence of constellation points to maximize the
mutual information. This paper newly introduces constellation
shaping using neural networks to satellite communications by
showing its benefits on channels with TWTAs. We study how
the TWTA nonlinearity impacts learned constellations both in
terms of geometry and point probability of occurrence. The
peak-power constraint introduced by TWTA saturation leads
to a decreased impact of probabilistic shaping compared to
geometric shaping which is illustrated using mutual information
curves and displayed constellations. The tuning of the input back-
off (IBO) of the TWTA causes an additional trade-off between
transmit power at the cost of more severe nonlinear effects. This
paper makes a new contribution by training IBO and transmit
constellation jointly for TWTAs. By displaying constellations at
different IBOs the interdependency of constellation shaping and
IBO optimization is motivated. Total degradation analysis on
mutual information curves resulting from the cross-entropy loss
of the autoencoder illustrates the impact of joint IBO training
and constellation shaping. A study of coded bit error rate
performance and comparison to conventional constellations with
memoryless predistortion emphasizes the effectiveness of training
IBO and constellation jointly using autoencoders.

Index Terms—Constellation Shaping, Autoencoders, Nonlinear
Channels, Satellite Communications

I. INTRODUCTION

Satellite communication links typically include a traveling-
wave tube amplifier (TWTA). Their nonlinear characteristic
makes the design of transmit constellations non-trivial, as in
contrast to a linear additive white Gaussian noise (AWGN)
channel, the optimal input distribution is not known. Classi-
cal optimization of constellations for the nonlinear satellite
channel lead to amplitude and phase-shift keying (APSK)
constellations such as the ones found in [1]. In comparison
to quadrature amplitude modulation (QAM) constellations,
APSK constellations have a lower peak-to-average power
ratio, therefore warping effects of the nonlinear TWTA are
less pronounced. Many past works dealt with the geometric
optimization of APSK constellations [2]–[4]. However, in
these works the nonlinear effect is not modelled, apart from
taking a peak-power constraint into account in [3].

Optimal transmit constellations may be different when di-
rectly optimizing on a joint channel of TWTA nonlinearity
and AWGN.

End-to-end learning using autoencoders [5] offers the pos-
sibility to directly estimate the channel characteristics of un-
known channels and optimizing the constellation with respect
to the learned channel. Past work studied the joint optimization
of transmit constellation, i.e. joint probabilistic and geometric
shaping [6], the bit mappings [7] together with a neural
demapper on an AWGN channel, as well as a Rayleigh fading
channel [6], [8].

In this work, we use end-to-end learning to jointly optimize
transmitter and receiver parameters for channels with TWTA
nonlinearity. A peculiarity of power amplifiers is the influence
of the input back-off (IBO) on the effective transmit power.
Low IBO results in high transmit power, but an operation
point close to saturation introduces a high amount of nonlinear
effects. This trade-off is typically tackled by extensive bit-error
rate simulations for different IBO settings, resulting in a so-
called total degradation curve [4].

Traditionally, the optimization of transmission chains in-
volving TWTAs is done separately, i.e. first, a modulation and
coding scheme is optimized, which is afterwards tested on
different IBOs, resulting in a total degradation curve, from
which the best IBO can be computed.

In this work, we use end-to-end learning to optimize trans-
mit constellation jointly with the IBO while adapting both
components to the nonlinear channel. By using the cross-
entropy loss, the network implicitly estimates the mutual
information of the channel, enabling automated optimization
of transmitter and receiver components. The communication
chain is interpreted as one autoencoder, where transmitter and
receiver are trainable and the channel is fixed.

End-to-end learning has been applied to various problems
in communications, including OFDM [9], optical communi-
cations [10] and waveform learning [11] including an inves-
tigation for reduced out-of-band emissions in power ampli-
fiers [12].

This paper newly proposes the joint optimization of IBO,
transmit constellation and demapper to improve transmission
over channels with TWTAs. We demonstrate that IBO opti-
mization can be done together with constellation shaping. The
joint optimization of IBO and constellation is relevant as both



parameters influence the mutual information of a channel with
TWTA. We show that end-to-end learning for joint IBO and
constellation optimization is possible by comparing the idea
to a separate optimization scheme, where autoencoders are
trained on various TWTA channels with fixed IBOs. Inspired
by [4] we compare the total degradation for the autoencoders
trained on fixed IBOs to joint training of constellation and IBO
and show that the joint approach offers better performance
both in terms of mutual information and bit error rate while
offering a fast search procedure for the optimal IBO. This
finding is non-trivial, as the introduction of further trainable
parameters makes the global optimization of a transmission
scheme highly non-convex as noted in [10].

To the best of our knowledge, this work is the first, which
applies end-to-end learning to TWTAs for joint optimization
of transmit constellation and IBO.

This paper is organized as follows: Sec. II provides an
overview of common models for TWTAs, power back-off
and evaluation with total degradation. In Sec. III symbol-wise
and bit-wise end-to-end learning for constellation shaping are
contrasted. Sec. IV provides simulation results for constel-
lation shaping with symbol-wise and bit-wise optimization
with trainable IBO as well as total degradation analysis and
a comparison to a conventional scheme with memoryless
predistortion according to [13]. For geometric shaping, bit
error rate results are presented in Sec. IV-F and compared
to conventional transmission schemes.

II. POWER AMPLIFIERS: MODELS AND RELATIONS

A. The Saleh Model for Traveling-Wave Tube Amplifiers

We model the nonlinear behavior of the TWTA by the
commonly used Saleh model [14], which lets amplitude varia-
tions (AM) of the input signal cause nonlinear amplitude vari-
ations (AM/AM-conversion) and phase variations (AM/PM-
conversion) of the output signal:

r(t) = g(|x(t)|)e j[φ(t)+ϑ(|x(t)|)] (1)

where φ(t) is the initial phase of the input signal. In the
Saleh model, the AM/AM-conversion g(a) and the AM/PM-
conversion ϑ(a) are modeled by:

g(a) =
αga

βga2 +1
, (2) ϑ(a) =

αϑ a2

βϑ a2 +1
. (3)

Throughout our simulations, we fix the parameters as fol-
lows: αg = 2, βg = 1, αϑ = π/3 and βϑ = 2, which forces
the input and output saturation power to be normalized to
one. Constellation points at the output of the TWTA are
warped by the nonlinearity [15]. If the TWTA operates with
pulse shaping filter at the transmitter and matched filter at the
receiver, clustering of the received constellation points due to
intersymbol interference occurs as well. Furthermore, TWTAs
themselves can also have memory, which is not captured in the
Saleh model. However, in this work, we restrict ourselves to

warping effects and model the direct impact of a memoryless
TWTA on constellation points by considering only a discrete-
time model without pulse shaping and receive filter.

B. Back-Off and Signal-to-Noise Ratio of Power Amplifiers

The average input power PIN
av and average output

power POUT
av relative to input amplifier saturation power PIN

sat
and output amplifier saturation power POUT

sat are defined by the
input back-off (IBO) and output back-off (OBO), respectively:

IBO =
PIN

sat

PIN
av

, (4) OBO =
POUT

sat

POUT
av

. (5)

By using the OBO, we can define the signal-to-noise ra-
tio (SNR) of a channel with nonlinear power amplifier denoted
as SNRnlin as:

POUT
sat

PN

∣∣∣∣
dB

=
Eb

N0

∣∣∣∣
dB

+OBO
∣∣
dB +(R ·M)

∣∣
dB = SNRnlin∣∣

dB (6)

where R denotes the code rate and M the number of bits
per symbol. The noise power is PN . The modulation order is
2M .

C. Evaluation Measures for Power Amplifiers

The total degradation is an evaluation measure for power
amplifiers, which allows to determine the optimal IBO. Usu-
ally, the total degradation is computed by bit error simulations
on channels with TWTAs at different IBOs. By fixing a target
bit error probability Pb = Pc

b , the SNRs at which Pc
b is reached

for each IBO are compared to the SNR for Pb = Pc
b on an

AWGN channel:

TDBER =

(
Eb

N0

∣∣∣∣
dB

+OBO
∣∣
dB

)
[Pc

b ]

−
(

Eb

N0

∣∣∣∣
dB

)AWGN

[Pc
b ]

. (7)

In contrast, we adopt the total degradation computed on
mutual information curves, as explained in [4]. For each
IBO configuration of the TWTA, the mutual information is
computed for different SNRs. When fixing a certain target
mutual information Ic, we can define the total degradation as:

TDIT = SNRnlin
[Ic]

∣∣
dB −SNRAWGN

[Ic]

∣∣
dB. (8)

As explained in [6], the cross-entropy loss of an autoencoder
yields an estimate for the maximum mutual information of the
channel, which is further discussed in Sec. III. By training and
evaluating autoencoders on different SNRs we can use the loss
function to plot a mutual information curve.

III. END-TO-END LEARNING FOR CONSTELLATION
SHAPING

To jointly optimize IBO and transmit constellation for a
discrete channel with TWTA nonlinearity and AWGN, we
compare autoencoder structures for symbol-wise, as well as
bit-wise optimization. The end-to-end model during training
is depicted in Fig. 1. As explained in [6], the autoencoder
consists of θ = [θ T X ,θ RX ], which can be adapted to the



channel to minimize the loss function. The transmitter pa-
rameters θ T X include constellation geometry C and their
distribution pC ( j)(x) according to [6], [8]. As our channel
also includes a power amplifier, the IBO is added to θ T X ,
which is a novelty introduced in this work. The trainable
parameters of the mapper together with the channel result
in a posterior distribution pθ T X , which is approximated by
the neural demapper to obtain p̃θ RX . The neural demapper
produces log-likelihood ratios (LLRs), i.e. soft estimates ŝ or
b̂i of the true labels (symbols s or bits bi). The weights of the
neural demapper θ RX are jointly optimized with the trainable
parameters of the transmitter θ T X using either the categorical
cross-entropy or the binary cross-entropy for symbol-wise or
bit-wise training.

For probabilistic shaping, the constellation is divided into
normalized sub-constellations, where each sub-constellation
C ( j) is distributed according to pC ( j)(x) to enable the inte-
gration of distribution matching [8].

A. Symbol-Wise Autoencoder

For symbol-wise optimization we use the categorical cross-
entropy loss function, which is connected to mutual informa-
tion, as derived in [6]. The mutual information is defined as:

Iθ T X (X ;Y ) = Hθ T X (X)−Hθ T X (X |Y ). (9)

where the entropy of the source is denoted by Hθ T X (X). Let
us denote the ground truth label vector as s = 1C (i), where
1C is a one-hot vector of dimension |C | = 2M , which is
one at position i representing the transmit symbol x of the
constellation C . The soft estimates generated by the neural
demapper are denoted by ŝ ∈ [0,1]|C |. Then the categorical
cross-entropy CCE is defined as:

CCE(s, ŝ) =−
|C |
∑
i=1

si · log2 ŝi. (10)

The loss function, which we denote as L sw
θ

, is the negative
mutual information plus a correction term:

L sw
θ =−Iθ T X (X ;Y )+E{DKL[pθ T X (x|y)||p̃θ RX (x|y)]}. (11)

As shown in [6], [8], one can rewrite Eq. 11 by using the
categorical cross-entropy.

We construct batches of transmit constellations, which are
divided into sub-constellations according to the code rate,
as explained in [8]. For each constellation point the one-hot
vector s is added as ground truth label to each batch. The
categorical cross-entropy is computed for each label and its
estimate, weighted by the symbol distribution pC ( j)(x) and
the result is averaged over the transmit constellation points
and batch. The loss function in Eq. 11 is hence effectively
computed by

L sw
θ ≈−Hθ T X (X)

− 1
B

B

∑
l=1

(
2M−K

∑
j=1

∑
x∈C ( j)

pC ( j)(x)CCE(s, ŝ)

)(l)

.
(12)

where B is the batch size. The inner sums over the constellation
are computed B times with different channel realizations to
perform Monte Carlo sampling. The entropy can be changed
during training, when probabilistic shaping shall be learned,
hence depends on the trainable parameters θ T X . The symbol
distribution pC ( j)(x) is trainable when probabilistic shaping
shall be learned, and is a fixed uniform distribution, if only
geometric shaping shall be performed.

B. Bit-Wise Autoencoder

Bit-wise optimization enables joint learning of bit labeling
of each constellation point, as well as constellation shaping [7].
The concept has been extended to joint probabilistic and
geometric shaping [8]. In bit-wise optimization we aim at
maximizing the bit-wise mutual information R, which is an
achievable rate for bit-interleaved coded modulation (BICM)
systems [16]:

Rθ T X =

[
Hθ T X (X)−

M

∑
i=1

Hθ T X (Bi|Y )
]+

≤ I(X ;Y ). (13)

Similar to Eq. 11, the bit-wise loss function is the negative R
plus a correction term, which is determined by the approxi-
mation quality of the autoencoder:

L bw
θ =−Rθ T X +

M

∑
i=1

E{DKL[pθ T X (bi|y)||p̃θ RX (bi|y)]}. (14)

We can approximate the loss function similarly to symbol-
wise training by using the cross-entropy loss. As bit-wise
optimization is a binary classification problem, we can use
the binary cross-entropy BCE, which is defined as:

BCE(bi, b̂i) =−bi · log2(b̂i)− (1−bi) · log2(1− b̂i). (15)

Here, bi ∈ {0,1} is a ground truth bit and b̂i ∈ [0,1] its soft
estimate generated by the demapper. The loss function can be
approximated [8] by

L bw
θ ≈−Hθ T X (X)

− 1
B

B

∑
l=1

(
2M−K

∑
j=1

∑
x∈C ( j)

pC ( j)(x)
M

∑
i=1

BCE(bi, b̂i)

)(l)

.
(16)

Here, B denotes the batch size.

IV. SIMULATION RESULTS

In the following, we present results of constellation shaping
using end-to-end learning on a TWTA. In Sec. IV-A, results
for symbol-wise joint probabilistic and geometric shaping are
shown. Sec. IV-B shows results for bit-wise joint probabilistic
and geometric shaping, as well as a comparison to pure
geometric shaping and conventional transmission schemes.
We compare joint shaping to pure geometric shaping in
Sec. IV-C, discuss the performance compared to conventional
constellations in Sec. IV-D and provide a total degradation
analysis in Sec. IV-E. Sec. IV-F provides bit error rate results
for pure geometric shaping. For all autoencoder systems, we
use a neural demapper, which consists of two dense layers
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CCE(s, ŝ) (symbol-wise)Sec. III-A
BCE(bi, b̂i) (bit-wise)Sec. III-B

Fig. 1: Block diagram of end-to-end learning scheme used for simulations. Orange: trainable components of transmitter and receiver. Blue:
trainable parameters of mapper and TWTA. The IBO extends the trainable transmitter parameters θ T X compared to [6], [8]. Cyan: channel.
Red: ground truth/predicted labels.

with 64 hidden units per layer, and a tanh activation function.
The output layer dimension depends on whether symbol-wise
(2M output LLRs) or bit-wise optimization (M output LLRs)
is used. We fixed the constellation size to 2M = 64, leading
to M = 6 bits

symbol . For training all neural systems we used a
batch size of B = 20000 constellations with 5000 iterations
per epoch.

A. Symbol-Wise Optimization

To see the effect of nonlinear compression by the TWTA on
joint probabilistic and geometric shaping, we train the symbol-
wise autoencoder with the loss in Eq. 12.

Exemplary constellations for different IBOs are provided
in Fig. 2. Constellation points are displayed, where the size
of points represents the learned probabilistic shaping. Interest-
ingly, constellations with low IBOs (2.36 dB and 2 dB) consist
of an ”outer” ring, which contains more points for lower IBOs,
and an ”inner” constellation, where points are shaped accord-
ing to a lattice-like geometry. For low IBOs, symbol-wise
optimization yields a geometry similar to APSK constellations,
with points closer to the origin. The inner constellation is
only slightly shaped probabilistically for IBOs 2.36 dB and
2 dB and probabilities mostly differ between ”outer” ring and
”inner” constellation. Only for a higher IBO of 10 dB, which
is very close to an AWGN channel, probabilistic shaping is
dominant in the constellation. Overall, the following statement
for symbol-wise joint probabilistic and geometric shaping can
be made: For low IBO probabilistic shaping has less impact
on the optimized constellation, as fewer amplitude deviations
are allowed due to the compression.

In Fig. 3 we provide mutual information curves for joint
optimization of probabilistic and geometric shaping for the
AWGN channel, as well as different values of the IBO.
Results show that the trainable IBO* outperforms transmission
schemes with fixed IBO.

B. Bit-Wise Optimization

As stated in Sec. III-B, constellation shaping can also be
performed by means of the bit-wise mutual information, which
enables joint geometric and probabilistic shaping with bit

labels. In this section we compare the results of bit-wise
optimization.

Fig. 4 shows the bit-wise mutual information for different
SNRs for IBOs ranging from 0-10 dB and the AWGN per-
formance for computing the total degradation. Results show,
that bit-wise optimization yields similar behavior in terms of
mutual information curves and total degradation, where the
trained IBO* performs better than all other considered IBO
configurations.

C. Comparison of Joint Shaping to Pure Geometric Shaping

In Fig. 5 we compare the mutual information of joint
shaping with pure geometric shaping for an AWGN channel
and the TWTA channel where for each approach the IBO is
jointly trained with the constellation. For the AWGN channel,
the difference between the mutual information is higher than
for channels with TWTA with trained IBO*. As already
observed in Fig. 2, the TWTA saturation results in less impact
of probabilistic shaping.

D. Comparison to Conventional Constellations with Memory-
less Predistortion

As noted in Sec. IV-A, the network learns an APSK-like
constellation with unevenly spread points. This indicates that
the autoencoder learned to invert the TWTA by implicitly
learning a predistorted constellation. In Fig. 6, the learned
constellation for IBO* for geometric shaping is compared
before and after the TWTA. The constellation points after the
TWTA are distributed more evenly and are closer to an APSK
constellation than before warping. To support this finding,
we compare the autoencoder to conventional transmission
consisting of a memoryless predistorter, as proposed in [13]
using a QAM and an APSK constellation (64 APSK 11/15
from [1]) with a conventional demapper. The memoryless
predistorter with the TWTA generates a hard limiter with the
same saturation as the TWTA. To avoid clipping on the hard
limiter, we transmit QAM and APSK with an appropriate IBO,
i.e. IBOQAM = 3.68dB for QAM and IBOAPSK = 2.38dB for
APSK. Figs. 4 and 5 show the bit-wise mutual information for
QAM and APSK on the hard limiter. As the bit-wise mutual
information is higher for IBO* compared to APSK and QAM,
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Fig. 4: Mutual information curves for AWGN channel and different
IBOs with bit-wise training for joint shaping and conventional
transmission with QAM and APSK.

although we assume perfect predistortion, this implies that the
autoencoder learned to predistort the transmit constellation.

E. Total Degradation Analysis

Fig. 7 shows the total degradation for a (bit-wise) mutual
information of Ic = 4.5 bit

channel use . The trained IBO* for symbol-
wise optimization (green star) is found at IBO∗ = 2.36dB.
For bit-wise joint shaping, the trained IBO* is at IBO∗ =
2.38dB (orange star). For bit-wise pure geometric shaping,
the trained IBO* is at IBO∗ = 2.9dB (red star). All IBO*
have a lower total degradation than the minima of the total
degradation curves, which shows the effectiveness of incor-
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(b) IBO* = 2.9 dB warped by TWTA

Fig. 6: Constellations for pure geometric shaping with trained IBO*
before (green) and after the TWTA (red) for Ic = 4.5 bit

channel use .
Constellation points are distributed more evenly after the TWTA.

porating the IBO to the training parameters. Furthermore,
total degradation analysis supports the decreasing effect of
probabilistic shaping due to TWTA saturation, as the total
degradation for geometric shaping is lower than for joint
shaping, meaning that probabilistic shaping is more beneficial
on an AWGN channel than on a channel with TWTA.

F. BER curves for Geometric Shaping

We present bit error rates for geometric shaping on the
discrete memoryless TWTA model.

We evaluate our findings using a 5G LDPC code imple-
mented using the open source library Sionna [17] with a block
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length of N = 1500 and a code rate of R = 0.5. To increase
robustness we train the constellations on an Eb

N0
range of 4dB

to 11dB. Training is performed on channels with fixed IBOs
ranging from from 0dB to 3dB, as well as the trained IBO*.
As a baseline, the bit error rate of QAM and APSK from
Sec. IV-B on the hard limiter are given together with their
AWGN performance. The bit error rates of each considered
transmission are displayed in Fig. 8.

Results show that a trainable IBO yields the lowest total
degradation also in terms of bit error rates. Furthermore,
joint constellation and IBO training outperforms the baseline
when transmitted using memoryless predistortion, allowing
transmission close to TWTA saturation.

5 6 7 8 9 10 11
Eb/N0+OBO [dB]

10−5

10−3

10−1

B
E

R

TDNN
BER = 2dB

TDAPSK
BER = 2.38dB
TDQAM

BER = 3.68dB

IBO 0 dB
IBO 1 dB

IBO 2 dB
IBO 3 dB

IBO*
AWGN

APSK AWGN
QAM AWGN

APSK Ideal Limiter
QAM Ideal Limiter

Fig. 8: BER curves for bit-wise geometric shaping for different IBO
values vs. AWGN channel. For comparison, the performance of QAM
and APSK on AWGN and ideal limiter channel are provided.

V. CONCLUSION

We have studied the behavior of end-to-end learning under
TWTA nonlinearities. As the IBO of TWTAs introduces a
trade-off between transmit power and nonlinear effects, we
jointly optimized the IBO with constellation and demapper.
A comparison with total degradation curves showed the ef-
fectiveness of including IBO to the training parameters of the
autoencoder.

By comparing joint shaping to pure geometric shaping,
we have shown that the autoencoder predominantly learns
geometric shaping for low IBOs.

Furthermore, joint IBO training outperforms conventional
APSK and QAM constellations on a memoryless discrete
TWTA channel even if perfect memoryless predistortion is

used for APSK and QAM. This finding indicates that neural
constellation shaping implicitly learns a predistorted constella-
tion which is transmitted with a trained IBO making joint IBO
training and constellation shaping a promising candidate for
future predistortion algorithms, including those incorporating
TWTA memory effects.
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