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Abstract—End-to-end learning based on autoencoder can realize
robust constellation shaping for optical fiber communications.
The existing schemes use the symbol-wise autoencoder (SAE) or
bit-wise autoencoder (BAE) to realize the constellation shaping.
The SAE mainly focus on the performance of mutual information
(MI), this neglects the decoding loss so that the generalized mutual
information (GMI) or the post forward error correction (FEC) bit
error rate (BER) has almost no performance gain in bit-wise metric
systems. In this paper, we propose a probabilistic shaping (PS)
based on BAE with a modified loss function, where the mean square
error and source entropy are used to construct the loss function.
We compare the GMI and post-FEC performance of the PS and
also geometric shaping (GS) based on SAE or BAE by numerical
simulations and experiments. In simulations, we transmit 64-QAM
signal with GS or PS over 100-km SSFM. The simulation results
show that the GS or PS based on BAE can achieve 0.13-bits/sym
or beyond 0.2-bits/sym GMI gain. In experiment, the GS based on
BAE obtains 0.11-bits/sym GMI gain and 0.7-dB launch optical
power gain after belief propagation decoding. The PS with source
entropy of 5.5-bits/sym and 5.2-bits/sym outperforms uniform
64-QAM by 0.25-bits/sym and 0.3-bits/sym, respectively.

Index Terms—Optical fiber communications, end-to-end
learning, constellation shaping, generalized mutual information.

I. INTRODUCTION

R ECENTLY, the explosive growth of global data traffic has
put forward higher requirements for the channel capacity

and transmission performance of optical fiber communications
[1]. With the development of artificial intelligence, machine
learning has shown advantages in nonlinear compensation,
performance monitoring and modulation format recognition
for optical fiber communications [2], [3], [4], [5]. However,
modularized optimization in communication systems cannot
achieve the overall performance optimization. The end-to-end
learning based on autoencoder has been demonstrated to jointly
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optimize transceiver and improve transmission performance [6].
Many previous works have optimized the end-to-end learning by
considering the complex impairments in optical fiber commu-
nication systems. In terms of networks adopted in autoencoder,
feed-forward neural networks (FFNN) and sliding window bidi-
rectional recurrent neural networks (SBRNN) have been inves-
tigated for intensity modulation and direct detection (IM/DD)
system, which can improve the transmission performance [7]. In
terms of channel model, the end-to-end optimization for IM/DD
system realizes the transmission link as part of the autoencoder to
yield flexible transceivers [8]. To obtain constellations robust to
different distortions, the channel model of end-to-end learning
considers analog-to-digital converter (ADC) quantization and
limited sampling frequency, residual phase noise and optical
filtering impairments in coherent optical fiber communications,
respectively [9], [10], [11]. Optical fiber channel can also be
realized as a differentiable model in end-to-end learning by
utilizing simplified memoryless fiber channel model, nonlinear
interference noise model, split-step Fourier method (SSFM)
based model and first-order regular perturbation model, which
can obtain gains in the systems with nonlinearity and dispersion
[12], [13], [14], [15]. Where the complex channel characteristic
of optical fiber can also be modeled by the data-driven based
generative adversarial network (GAN) or bidirectional long
short-term memory (BiLSTM) [16], [17]. The constellation with
joint probability shaping (PS) and geometric shaping (GS) based
on end-to-end learning obtains generalized mutual information
(GMI) gains over uniform quadrature amplitude modulation
(QAM) signals [18], [19].

The existing algorithms of end-to-end learning are based on
symbol-wise autoencoder (SAE) or bit-wise autoencoder (BAE)
to realize constellation shaping. Practical systems combine ad-
vanced modulation formats and flexible forward error correction
(FEC) code to realize error free transmissions, which depends
on bit-wise decoding [6], [9]. A Gray-mapping is necessary for
bit-interleaved coded modulation (BICM). Therefore, end-to-
end learning of optical fiber communications should optimize
the binary mappings and study the labeling of learned constella-
tions to improve the bit-wise metric performance. Gray-labeled
constellation is used to initial the simple autoencoder for GS and
maximize GMI performance [20].

In this paper, we conduct detailed comparisons including
achievable information rate and post-FEC bit error rate (BER) of
BAE or SAE for GS to verify BAE is more reliable for practical
optical fiber communications. We propose a PS scheme based on
BAE by using both mean square error (MSE) and source entropy
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Fig. 1. Diagram of (a) end-to-end model based on autoencoder, (b) mapper DNN, (c) symbol-wise demapper DNN, (d) bit-wise demapper DNN for GS.

to construct the loss function, which can generate the continuous
entropies as that with the traditional composition distribution
matching (CCDM). We transmit 64-QAM signal over 100-km
standard single mode fiber (SSMF) by simulations and experi-
ments. In simulations, the GS based on BAE can learn constella-
tion with Gray mapping, which achieves 0.13-bits/sym GMI gain
and 0.1-dB optical signal-to-noise ratio (OSNR) gain after belief
propagation (BP) decoding at BER of 3.8× 10−3. The proposed
PS generating scheme outperforms uniform 64-QAM by 0.2 to
0.4-bits/sym GMI gain. In experiments, the GS based on BAE
achieves about 0.11-bits/sym GMI gain and 0.7-dB launch opti-
cal power (LOP) gain after BP decoding at BER of 3.8× 10−3.
The PS based on BAE with source entropy of 5.5-bits/sym and
5.2-bits/sym obtains 0.25-bits/sym and 0.3-bits/sym GMI gains
compared to uniform 64-QAM, respectively.

II. PRINCIPLES

A. End-to-End Learning for Geometric Shaping

End-to-end learning based on autoencoder regards the trans-
mitter, channel and receiver as a single neural network. Fig. 1(a)
shows the end-to-end model for GS with low-density parity-
check (LDPC) channel coding, where the mapper and demapper
are implemented by deep neural networks (DNN) of autoen-
coder. As shown in Fig. 1(b), the mapper DNN fθM (s) with
trainable parameters θM convert the bit vector b = (b1, . . . , bm)
obtained from LDPC encoder to the complex symbol x with
normalized average power. As shown in Fig. 1(c) and (d), the
demapper DNNs with trainable parameters θD process the re-
ceived signals yθM to estimate the probability of inputs and gen-
erate log likelihood ratio (LLR) for LDPC decoder. Note that the
SAE adopts softmax function to estimate the probability of trans-
mitted symbol ŝθM ,θD = fθD (yθM ) = gθD (s|yθM ), while BAE
adopts sigmoid function to estimate the probability of transmit-
ted bits b̂θM ,θD = fθD (yθM ) = gθD (b|yθM ). The loss function
based on SAE using cross entropy (CE) can be expressed by,

LCE (θM , θD) = ES,Y θE

{− log
(
gθD

(
s|yθM ))}

= EY

{
DKL

(
f
(
s|yθM ) ∥∥gθD (

s|yθM ))}
− I

(
XθM ;Y θM

)
+H (S) (1)

Minimizing (1), the end-to-end model can maximize
the mutual information (MI). However, the SAE focus on
symbol-wise metric optimization and may not achieve bit-wise
metric improvement such as GMI and BER due to decoding

loss. Therefore, we consider BAE using binary cross entropy
(BCE) loss function in end-to-end learning. The loss function
can be expressed by,

LBCE (θM , θD) =

m∑
i=1

Eb,Y θM

{− log gθD
(
bi|yθM

)}

=

m∑
i=1

EY

{
DKL

(
f
(
bi|yθM

) ∥∥gθD (
bi|yθM

))}

−
m∑
i=1

I
(
bi;Y

θM
)
+H (s) (2)

where bi denotes the random variable i-th position in the vector
b. The BAE can optimize the probability of transmitted bits to
reduce the BER and improve the GMI for the bit-wise metric
systems by minimizing (2). This is more suitable for practical
bit-wise metric systems.

B. End-to-End Learning for Probabilistic Shaping

The PS has been demonstrated that it can improve the addi-
tive white Gaussian noise (AWGN) noise tolerance and realize
adaptive rate transmissions in optical fiber communications [21].
Based on BAE, we propose an end-to-end learning scheme for
PS. As shown in Fig. 2, the model includes a mapper with
trainable probability and a demapper generating the bit-wise
metric inputs. At the transmitter, the probability vector PM =
[p1, . . . , pM ]T ,

∑M
j=1 pj = 1 is generated from the input vectors

bM = [b1, . . . , bM ]T , where bj , j = 1, . . . ,M is bit vector of
length m. To generate a training symbols of batch size B, the
sampler takes each index j about Bpj times by drawing from
PMand then randomly permutes all indices. Each generated in-
dex is converted to the one-hot mapping, which is sent to a single
linear layer DNN of sizeM × 1whose weights are c̃m to realize
the symbol mapping. Note that the input constellation points
CM = [c1, . . . , cM ] are normalized by the probability vector

PM to meet the power constraint, i.e., c̃m = cm/
√∑M

j=1 pjc
2
j .

The resulted training batch X = [x1, . . . , xB ] is sent to the
channel. At the receiver, the signal yn fromY = [y1, . . . , yB ] is
demapped to generate the expected bit vector b̃ = (b̃1, . . . , b̃m).

The generation of probability vector and demapping of re-
ceived signal are realized by autoencoder in the proposed model.
The DNN to generate different probabilities for constellation
points consisting of three dense layers, where two with eLU
activations and the last one with linear activation. The out-
put of the DNN is the logit corresponding to the bit vector
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Fig. 2. Diagram of end-to-end learning model based on bit-wise autoencoder for PS.

b = (b1, . . . , bm), which is used to generate the probability by
applying softmax function. After mapping the whole bit vectors,
the mean probability of constellation points with the same Eu-
clidean distance is calculated to make probability follows ring
distributions similar with constant CCDM. Thus, the probability
vectorPM can be obtained. The demapper DNN with three dense
layers takes the real and imaginary parts of received signal as
inputs to generate the expected bit vector. The first two layers of
demapper DNN adopt eLU activations and the last layer adopts
linear activation.

One of the most common distributions for PS is Maxwell-
Boltzmann (MB) distribution, which is defined as,

MB
(
b̂i, k

)
=

exp

(
−
(
b̂i − bi

)2

/k

)

∑
bi={0,1} exp

(
−
(
b̂i − bi

)2

/k

) (3)

where k > 0 determines the shape of the distribution function.
The MB distribution including the structure of sigmoid function
in the BAE can be defined as,

p (bi = 1|y) = σ (zi)

=
1

1 + exp
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−
(∥∥∥b̂i − 0
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∥∥∥2
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where zi = (‖b̂i − 0‖2 − ‖b̂i − 1‖2)/k represents the similarity
of the transmitted bit to ‘0’ or ‘1’. Therefore, the probability of
transmitted bit can be approximated by the MB distribution. The
BCE loss can be expressed as,

L (θM , θD) = −
m∑
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The second term in (5) achieves the lowest at both ‘0’ and
‘1’, which can be ignored in parameters optimization. The loss
function can be simplified as MSE loss. Moreover, PS scheme
should be consistent with the source entropy in optical fiber com-
munications. Therefore, we propose a modified loss function of

Fig. 3. Constellations learned by end-to-end model for GS based on (a) SAE,
(b) BAE.

BAE for PS by combining the MSE and the source entropy to
optimize the achievable information rate, which is defined as,

L (θM , θD) = MSE
(
b, b̃

)
+ λ · (H (PM )−Hx)

≈
m∑

k=1

∥∥∥b̃k − bk

∥∥∥
2

+ λ ·
⎛
⎝ M∑

j=1

pj log2pj −Hx

⎞
⎠ (6)

where Hx is the source entropy, and λ is the scaling factor.

III. NUMERICAL SIMULATIONS

A. AWGN Channel

We train the end-to-end model based on autoencoder on
AWGN channel. We calculate achievable information rate and
LLR to compare the performance of transmitted signal with GS
or PS [22].

For GS, the signal-to-noise Ratio (SNR) is set at 15-dB with
the length of bit vector m = 6. Glorot initializer and Adam
optimizer are adopted and the training epoch numbers of both
SAE with CE loss and BAE with BCE loss are set to 1000. Fig. 3
shows the constellations with bit labels learned by end-to-end
model, which are used for subsequent testing. In Fig. 3, the
autoencoder can realize symmetric mapping with normalized
average power. The distance between constellations increases
compared to conventional QAM, which can improve the noise
tolerance in communication systems. Compared to SAE, the
BAE can learn constellation with Gray labeling, which can
reduce the decoding loss and improve the reliability of bits.

We first compare the performance by applying the learned
constellations in Fig. 3 on AWGN channel. Fig. 4(a) and (b) show
the MI and GMI performance versus SNRs, respectively. As
shown in Fig. 4(a), the SAE and the BAE achieves 0.15-bits/sym
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Fig. 4. (a) MI, (b) GMI performance of GS versus SNR on AWGN channel.

Fig. 5. (a) pre-FEC, (b) post-FEC BER performance of GS versus SNR on
AWGN channel.

and 0.12-bits/sym MI gain compared to conventional 64-QAM,
respectively. However, the GMI performance of SAE degrades
compared with 64-QAM due to the decoding loss, where the
BAE still achieves 0.11-bits/sym gain. Fig. 5(a) and (b) show
the pre-FEC and post-FEC BER performance on AWGN chan-
nel, respectively. The constellation learned by SAE exists BER
performance penalty due to the decoding loss. The constellation
learned by BAE can achieve similar pre-FEC BER performance
as conventional 64-QAM. There is about 0.1-dB SNR gain after
5-iteration BP decoding. These results show that the end-to-end
learning based on SAE only improves the symbol-wise metric
performance. The GS based on BAE can achieve bit-wise metric
performance improvement, which is more suitable for practical
communication systems.

For PS, the SNR is also set at 15-dB. The scale factor of
the proposed loss function in (6) is set as λ = 0.1 and the
maximum training epoch number is 50000. Early stopping is
adopted during the training process to avoid overfitting. Note that
the BAE is initialized with parameters obtained by pretraining
the networks with uniform distribution as labels. The training
process is realized with Adam optimizer.

Fig. 6(a)–(c) show the probability distributions learned by
the end-to-end model with 5.2-bits/sym, 5.5-bits/sym and
5.8-bits/sym source entropies, respectively. Fig. 6(d) shows
the probability distribution realized by CCDM with Hx of
5.5-bits/sym. The BAE with the proposed loss function can
generate probability distributions similar to that with CCDM
algorithm. Where PS with continuous Hx can realize adaptive
rate transmissions in optical fiber communications.

We compare the GMI of the learned results in Fig. 6(a)–(c) on
AWGN channel with different SNRs for testing. Fig. 6(e) shows

the GMI performance, in low SNR region, the probability dis-
tribution learned by BAE with Hx of 5.8-bits/sym outperforms
uniform 64-QAM by 0.2-bits/sym gain, which is 0.3-bits/sym
withHx of 5.5-bits/sym and 5.2-bits/sym. In higher SNR region,
the proposed scheme achieves 5.8-bits/sym, 5.5-bits/sym and
5.2-bits/sym GMIs, which corresponds to the trained source
entropies. Moreover, we take CCDM with Hx of 5.5-bits/sym
in comparison, which shows that PS based on BAE achieves
the similar performance compared with that by CCDM scheme.
These results show that the end-to-end learning can realize PS
and improve the transmission performance.

B. VPI System

To verify the effectiveness of the end-to-end leaning for con-
stellation shaping, we set up a dual polarization (DP) coherent
transmission simulation using VPItransmissionMakerTM 9.1.
The transmitted signal is a 32-GBaud 64-QAM signal with
GS or PS. A root-raised cosine filter with roll-off 0.1 is used
for Nyquist pulse shaping. The linewidth of the laser is set as
100-kHz. The transmission link consists of 100-km SSMF and
an Erbium-doped optical fiber amplifier (EDFA) with 5-dB noise
figure to compensate for the loss. After coherent detection, the
received signal is processed by digital signal processing (DSP)
algorithms.

Figs. 7 and 8 show the transmission performance of GS in DP
coherent system over 100-km transmission. As shown in Fig. 7,
the constellations learned by SAE outperforms conventional
64-QAM by 0.2-bits/sym MI but suffers beyond 0.3-bits/sym
GMI penalty. The BAE obtains 0.15-bits/sym MI gain and
0.13-bits/sym GMI gain. As shown in Fig. 8, the constellation
learned by SAE has BER degradation compared with Gray
mapping. Compared to conventional 64-QAM, the BAE can
achieve the similar pre-FEC BER performance and obtain
about 0.1-dB OSNR gain after 3-iteration BP decoding. These
results show that GS based on BAE is effective in optical fiber
communication system with FEC.

Fig. 9 shows the performance of the learned probability dis-
tributions in DP 100-km coherent system. The proposed scheme
achieves about 0.2 to 0.4-bits/sym GMI gain in low OSNR
region. The gain obtained by PS based on BAE increases with
the decrease of Hx. As OSNR increases, the GMI performance
becomes close to the adopted source entropy in training process.
These results show that PS realized by end-to-end learning is
robust to optical fiber communication system.

IV. EXPERIMENTAL SETUP AND RESULTS

We also conduct an experiment to transmit different constel-
lation shaping signals over 100-km SSMF to test their perfor-
mances. Fig. 10 shows the experimental setup and the DSP
flow of the coherent optical fiber communication system. At the
transmitter side, the bitstream is modulated by the constellations
with GS or PS. Then, it is up-sampled to 2 samples per symbol
for Nyquist pulse shaping. The roll-off factor of the shaping
filter is 0.1. Subsequently, the sequence is loaded to an arbitrary
waveform generator (AWG) operating at 92 GS/s with 32-GHz
bandwidth to generate a modulated signal. The electrical signal
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Fig. 6. Probability distribution learned by bit-wise autoencoder withHx of (a) 5.2-bits/sym, (b) 5.5-bits/sym, (c) 5.8-bits/sym. (d) Probability distribution realized
by CCDM algorithm with Hx of 5.5-bits/sym, (e) GMI performance of PS versus SNR on AWGN channel.

Fig. 7. (a) MI, (b) GMI performance of GS versus OSNR in DP 100-km
coherent system.

Fig. 8. (a) Pre-FEC, (b) post-FEC BER performance of GS versus OSNR in
DP 100-km coherent system.

Fig. 9. GMI performance of PS versus OSNR in DP 100-km coherent system.

is fed into an optical in-phase/quadrature (I/Q) modulator to
realize electrical to optical conversion. The optical carrier is
working at 1550 nm (linewidth∼100-kHz). The generated signal
has a symbol rate of 23-GBaud. The transmission link consists
of 100-km standard SSMF, an EDFA to compensate for the

fiber loss and an optical band-pass filter (OBPF) to filter out
the out-of-band noise. After fiber transmission, the received
optical signal is detected by the coherent receiver and digitized
by a digital processing oscilloscope (DPO) operating at 50 GS/s
with 23-GHz bandwidth. After the coherent detection, DSP
is operated offline, e.g., I/Q imbalance, chromatic dispersion
compensation, resampling, frequency offset and phase noise
estimation. Then, we use the learned constellations to realize
demapping and evaluate the performance.

We use 64-QAM with uniform distribution modulation as
baseline, and the size of transmitted symbols is 90000. For GS,
the input bitstream consists of codewords generated by LDPC
(16384,12288) of rate 3/4. And the constellations learned by
SAE and BAE are adopted to generate the modulated symbols.
For PS, the bitstream is generated by sampling and randomly
permuting all indices with the learned probability vector PM .
Moreover, the constellation is 64-QAM normalized by PM . We
analyze the achievable information rate and BER performance
of signals.

Figs. 11 and 12 show the performance of GS based on SAE and
BAE in the experiment. As shown in Fig. 11, the constellations
learned by SAE and BAE both achieve up to 0.2-bits/sym
MI gain. However, the SAE scheme exists GMI performance
penalty, which is consistent with the simulation results. The
BAE scheme outperforms 64-QAM by 0.11-bits/sym GMI gain
in linear region. Fig. 12 shows the BER performance, the con-
stellation learned by SAE cannot reach the same performance
as the conventional 64-QAM with Gray mapping. Compared
to 64-QAM, the constellation learned by BAE achieves similar
pre-FEC BER performance and about 0.7-dB LOP gain at BER
of 3.8× 10−3 after 3-iteration BP decoding. These results show
that GS based on SAE leads to decoding loss, while GS based
on BAE can obtain bit-wise metric gains over optical fiber
transmissions.

Fig. 13 shows the performance of PS with the pro-
posed loss function in the experiment. Compared to uni-
form 64-QAM, the learned distributions with Hx of 5.5-
bits/sym and 5.2-bits/sym achieve up to 0.25-bits/sym and
0.3-bits/sym GMI gains in the linear region, respectively. In the
region of optimal LOP, the GMIs are 5.8-bits/sym, 5.4-bits/sym
and 5.15-bits/sym, respectively, which close to the source en-
tropies adopted in training process. These results demonstrate
the effectiveness of the proposed scheme, which can realize PS
robust to optical fiber communication system.
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Fig. 10. System setup for 100-km coherent optical fiber communication system.

Fig. 11. (a) MI, (b) GMI performance of GS versus LOP in experimental
100-km coherent system.

Fig. 12. (a) Pre-FEC, (b) post-FEC BER performance of GS versus LOP in
experimental 100-km coherent system.

Fig. 13. GMI performance of PS versus LOP in experimental 100-km coherent
system.

V. CONCLUSION

We have proposed and experimentally demonstrated an end-
to-end learning based on BAE to generate GS and PS constel-
lations in optical fiber communication systems. We find that the
BAE is more suitable for bit-wise metric systems. The simu-
lation and experimental results show that the GS and PS with

BAE based end-to-end learning is more suitable for practical
applications.
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