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Abstract—High-speed micro light-emitting diodes (LEDs) are
attractive candidates for optical communications (OC) due to
their wide bandwidth and energy efficiency. However, their strong
nonlinear distortion severely degrades system performance. In
this work, we present the first adaptation of the generalized
memory polynomial model to micro-LED-based OC and propose
a second approach based on a novel pruned Volterra model.
Training and validation of the models are performed using
digital postdistortion. Experimental validation on gallium nitride
micro-LEDs driven by direct current-biased optical orthogonal
frequency division multiplexing shows significant improvements,
including a 71% throughput increase, from 4.32 Gb/s to 7.38
Gb/s. These results demonstrate the strong potential of these
compensation schemes to unlock energy-efficient, high-speed
micro-LED optical links.

Index Terms—digital predistortion, digital postdistortion, opti-
cal communication, micro-LED, memory effects, OFDM, Volterra
model, Volterra pruning, generalized memory polynomial

I. INTRODUCTION

Optical communication (OC) has a lot of benefits over
traditional radio frequency (RF) communication, including
enhanced security, license-free spectrum, reduced size, weight
and power consumption of transmission devices. Furthermore,
OC has received renewed interest with the development of
high-speed micro light-emitting diodes (LEDs), which allow
transmissions over much wider bandwidths than macro-LEDs.
While throughput has often been the driving factor in system
design, at the cost of considerable energy consumption, current
studies are shifting toward sustainability and improved energy
efficiency. A comparison of recent advancements in micro-
LED based visible light communication systems is summa-
rized in Table I. However, many challenges come with this
transmission source, one of them being nonlinear distortion,
impacting throughput and energy efficiency. More specifically,
micro-LED distortion can be divided into two main contri-
butions: static nonlinear behavior and memory effects, with
the latter growing stronger as the devices’ bandwidths get
larger [1]. The problem becomes more challenging when deal-
ing with orthogonal frequency division multiplexing (OFDM)
since the resulting time signal often has a high peak-to-average

power ratio (PAPR), which increases the signal excursion and
the amount of distortion. Plenty of studies have been con-
ducted on power amplifiers (PAs) in order to reduce the impact
of the distortion in RF systems. However, few papers have
been published on OC and fewer on micro-LED-based optical
communication. Famous distortion compensation schemes for
PAs include digital predistortion (DPD) and digital post-
distortion (DPoD), which consists in applying an “inverse”
distortion function just before the digital-to-analog converter
(or just after the analog-to-digital converter, respectively) in
order to obtain a linear response from the whole system. This
linearization improves the signal to noise ratio (SNR), which in
turn improves throughput, energy efficiency and transmission
range. Linearization also allows for a wider range of the direct
current (DC) bias voltage, which is beneficial to the joint
optimization of throughput and energy efficiency. Many linear
DPD models have been developed for RF communication,
including the memory polynomial (MP) model [2], [3], the
generalized memory polynomial (GMP) model [4], [5], and
other Volterra-based models [6], [7]. The MP model was
applied to compensate micro-LED distortion in [8], while the
GMP model has only been applied to laser diodes (LDs)-
based OC [9], [10]. Finally, a Volterra-based model has been
applied to micro-LED distortion mitigation by Sun et al. in
[11], resulting in a throughput and energy efficiency gain of
25%.

The current work presents additional gains in throughput
and energy efficiency through two novelties: firstly, the GMP
model is applied to micro-LED-based OC for the first time
resulting in greater gains compared to [11], and secondly the
introduction of a novel Volterra-based model leading to even
more throughput gain and more robustness than the GMP
model.

II. DISTORTION MITIGATION SCHEMES

To linearize the system and properly compensate micro-
LED distortion, we must first select a model able to learn
the distortion pattern and train it to behave as the inverse



TABLE I
COMPARISON OF PERFORMANCES OF RECENT VISIBLE LIGHT COMMUNICATION SYSTEMS.

Year LED type Size Throughput Signal bandwidth Energy efficiency DPD/DPoD gain Modulation Ref
2017  Violet GaN 40 pm 7.91 Gb/s 1.81 GHz 19 plJ/bit - OFDM [12]
2021 Blue GaN 75 pm 8.75 Gb/s 1.025 GHz 19 pl/bit - OFDM [13]
2022 UVC AlGaN 40 pm 6.94 Gb/s 1.45 GHz 61 pl/bit - OFDM [14]
2023 Green GaN 80 pum 6.04 Gb/s 1 GHz 106 pl/bit 25% OFDM [11]
2023 Blue GaN 60 um 10.55 Gb/s 2.3 GHz 188 pl/bit - OFDM [15]
2025 Blue GaN 40 pm 7.38 Gb/s 1.875 GHz 40 pJ/bit 71% OFDM This Work

distortion function. In this section, we present three DPD

models with different memory structures before comparing P, M,

their performances in Section IV. While the MP and GMP g(n) = Z apmx(n —m)P+ 2)

models have been widely presented in the literature, this work p=1m=0

introduces a version of these models adapted to micro-LED P, M, Ly

distortion mitigation.

A. Adapted memory polynomial model

The MP model is a behavioral model widely used in PA
distortion mitigation:
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with:

« x the input,

« 7 the estimated output,

e Wy, the model coefficients,
o P the model order,

e M the model memory depth.

This version of the MP model differs from those in the
literature, as in [2], [3], in that the absolute value has been
removed. Indeed, since the original model is designed for
modeling and distortion mitigation of PAs, which exhibit odd-
symmetric behavior regardless of signal polarity, the use of
symmetrical envelopes provides a more accurate fit. However,
micro-LEDs do not behave similarly and usually do not show
any exploitable symmetry in their distortion.

This model is one way to combine memory and polynomial
expansion which can only model distortion in-phase with
the signal, making it only suitable for systems with limited
distortion.

B. Adapted generalized memory polynomial model

The GMP model has been applied to PA distortion mitiga-
tion for decades. Although micro-LEDs exhibit some similar
nonlinearities, it has only been applied to LD-based OC for
few years [9]. This paper presents the first adaptation of the
GMP model to the distortion mitigation of micro-LED-based
OC.

The enhanced GMP model is an extension of the MP model
with added cross-terms:

‘ bp,mx(n —m)z(n —m+1)? 4)

with:

e Qpms bpm,i» Cp,m, the model coefficients,

e P,, P, P, the model orders,

o M,, My, M. the model memory depths,

o Ly, L. the shift values of the envelopes.

Similar to the MP model presented in Section II-A, this
version of the GMP model differs from those in the literature,
as in [4], [5], in that the absolute value functions have been
removed. This proposed GMP model is an adapted version
of the regular GMP model applied to micro-LED distortion
mitigation.

The model can be divided into three terms: the MP term (2),
modeling distortion in-phase with the original signal (aligned
envelope), the lagging envelope terms (3) and the leading
envelope terms (4), modeling modulations typically caused by
memory effects with different time scales.

C. Novel pruned Volterra model

The Volterra models derive from the Volterra series, which
can be seen as a generalization of the convolution for higher
orders or as an equivalent of the Taylor expansion for systems
with memory:

P by bp
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with:

e hy(mq,...,m,) the Volterra kernels (model coefficients),
representing higher-order impulse responses of the sys-
tem,

o P the model nonlinearity order,

e ai,...,ap and by, ...,bp the domain bounds.

If a1,...,ap > 0, the output only depends on the current

and previous samples, and the Volterra model is said to be
causal.



While this model is very powerful in representing nonlinear
systems with memory, its complexity scales exponentially,
leaving only low-order Volterra models accessible for practical
implementation.

Another way of reducing computational cost is pruning,
which consists in discarding specific terms according to a
set of specified rules. Several pruning methods have been
developed for PAs [16], [17]. A second-order Volterra model
for micro-LED distortion mitigation has been studied in [11].

This current work presents a novel Volterra pruning method
based on the GMP model, which already achieved a close fit to
the micro-LED distortion pattern. This pruning method allows
the new model to inherit the GMP structure while allowing
other related basis functions in the model to reach a more
precise fit. All the redundant terms are also removed from the
model to reduce multicollinearity and enhance conditioning
of the model design matrix, making model training easier
and more robust. Since the kernels of the Volterra series are
symmetrical due to the commutativity of the multiplication,
we can remove redundant terms by writing the series in a
triangular form.

To build the model presented in this work, we start from a
non-causal Volterra model with varying memory depths and a
triangular form for each order:
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with:
o Ay,...,Ap > 0 and My, ..., Mp > 0 the domain bounds.

We then apply two pruning rules:
o No more than two distinct factors for each term.
e One of the factors is of order 1.

Every component of this model can then be written in the
form:

H x(n —mj) = z(n —mg)x(n —my)k

with (mg,myp) € Z2 k € N.

These rules are inspired by the GMP model structure
presented in Section II-B, but they lead to a broader model
than the GMP for the same nonlinear order and memory depth.

The GMP model is designed to represent static nonlinear-
ities (memoryless terms) as well as fast and slow dynamical
nonlinearities (in-phase envelope terms and shifted-envelope
terms, respectively). This allows behavioral models such as the
GMP model to efficiently mitigate these distortions regardless
of their physical origin.

By design, the novel proposed Volterra model includes
all the terms of the GMP model and therefore inherits the

corresponding modeling capabilities, while its construction
allows for finer control and a broader exploration of the
functional space within each nonlinear order. In particular,
since second-order Volterra kernels naturally correspond to
nonlinear LED carrier rate equations [11], the pruned Volterra
model can be configured to emphasize second-order interac-
tions while limiting the number of high-order terms. This is
especially relevant in practice, as nonlinear orders higher than
two significantly degrade the conditioning of the regression
matrix and increase numerical instability.
Finally, the whole model can be written in the form:

(n —my)+ (7)
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with a number of coefficients equal to

Ncoeffs :Al + Ml + 1+ (8)
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Since each order has specific domain bounds, the number of
hyperparameters of the model increases with the nonlinearity
order:

N hyperparameters — 2P +1

III. MODEL TRAINING

Two different optimization problems arise in model train-
ing: coefficient estimation and structure optimization. The
first searches the best values for the coefficients (also called
weights) so that the model best fits the training data. The sec-
ond one aims at finding the best values for the hyperparameters
of the model, defining its structure.

A. Coefficient estimation

The model is intended to act as a predistorter (i.e., at the
emitter) but is trained as a postdistorter (i.e., at the receiver),
following the indirect learning approach introduced by [18],
which is more commonly chosen for DPD model training
given its lighter computational cost [4], [10]. In other terms,
model training takes place downstream of the distortion and
is duplicated upstream of the distortion for practical deploy-
ment. This method, which consists in swapping two nonlinear
systems and expecting similar results, is not straightforward.
Theoretical justification is presented in [19] for any order of a
Volterra-derived model, which includes MP and GMP models.
This approach is illustrated in Fig. 1.



Fig. 1. Indirect learning for digital predistortion.

In order to apply a DPoD or DPD algorithm to mitigate
system distortion, we must first train a model to behave as
the inverse of the distortion pattern (i.e. to estimate the input
vector X from the distorted output vector Y). To do so, we
estimate the coefficients of the model, which are contained in
the weight vector W, by solving a linear optimization problem:

1) Acquire training data (input vector X and output vector
Y) from simulation or measurements.

2) Train the model by finding W that minimizes the
objective function J (the mean square error between
estimation and observation):

J(W) =|X = X(W)|l3
with X the estimated input:
X(W) =a(Y)W

with ®(Y") the design matrix built from the output vector
Y and following the model structure.

The weight vector W can be computed either using the
closed-form solution of ordinary least squares (OLS):

W= (Te) oYy

or with iterative optimization algorithms such as the
gradient descent or Newton’s method.

3) Perform validation on a separate dataset (input X’ and
output Y”) using the estimated weight vector W:

T (W)= |1X = X' (W)ll3

with:
X'(W) =o' (Y)W

Proper conditioning of the matrices ® and ®7® is an
important consideration as it heavily impacts the quality and
robustness of model training. It mainly depends on the shape
of the training data (widely spread and weakly correlated data
leads to better training) and the structure of the model: poly-
nomial models often yield coefficients with large disparities in
magnitude, which degrades matrix conditioning. Finally, some
data preprocessing might be necessary to ensure a relatively
low noise level so that the model is trained properly.

B. Structure optimization

The GMP model and the pruned Volterra model structures
are defined by several hyperparameters (P,, M,, P,... for
the GMP model and M;, A;, Ms,... for the pruned Volterra
model) which must be determined in a different way from
the coefficients. Indeed, while coefficients are real-valued
unknown parameters within a linear optimization problem,
hyperparameters are positive integers defining the number of

Ay Ay

(©)

Fig. 2. TIllustration of the hill-climbing algorithm (only two dimensions
represented here). (a): search in the neighborhood of the starting point. (b):
set the optimal point as the new starting point. (c): repeat these two steps
until a stop condition is met.

dimensions of the model. The structure of a model with few
parameters (e.g., two for MP) can be determined by a straight-
forward grid search (e.g. by testing each combination with
the parameters varying between specified values). However,
this method quickly proves too computationally expensive as
it scales exponentially with the number of parameters. Con-
sequently, the model structure is usually determined using an
iterative search algorithm designed to minimize a criterion that
considers both model accuracy and computational complexity.

To achieve this, several methods have been explored, specif-
ically for GMP structure optimization, including artificial bee
colony (ABC) optimization, developed in [20], as well as
other swarm optimization schemes, as in [21]. The most
straightforward method, however, is the hill-climbing (HC)
algorithm [9], [22].

While these methods have been specifically designed for
the GMP structure optimization, they can be easily adapted
to optimize the structure of our pruned Volterra model. The
regular version of the HC algorithm is illustrated in Fig. 2 and
described as follows:

1) Select a starting point of model structure (for example
A1:M1:A2:M2:...:1).

2) For each model structure of the neighborhood (-1, 0
or +1 for each parameter), estimate the coefficients of
the model and compute the chosen criterion from the
validation normalized mean square error (NMSE) and
the number of model coefficients (J = A x (NMSE +
20) + Ncoeffs in [9]) (Flg 2 (a))

3) Choose the model structure with the lowest criterion
value and use it as the new starting point (Fig. 2 (b)).

4) Repeat steps 2) and 3) with the neighborhood of the
newly chosen point until no neighbor yields a lower
criterion value (Fig. 2 (c)).

There exist several alternative versions, as described in [22],
including the following:

¢ Uni-dimensional search: only one parameter changes at
a time between the current point and each neighbor.

« First-choice search: once a better neighbor is found, it
is directly considered as the new current point without
testing the remaining neighbors.

The number of hyperparameters of our pruned Volterra
model depends on the order of the model, so we must first
choose an order before running the HC algorithm.
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Fig. 3. System chain for digital predistortion.

IV. RESULTS

In this study, the different models are trained offline using
measurements from blue 40 ym gallium nitride (GaN) micro-
LEDs reported on a 200 mm Silicon substrate. These new
GaN-on-silicium micro-LEDs and part of the experimental
setup are described in a previous work [23]. Direct current-
biased optical orthogonal frequency division multiplexing
(DCO-OFDM) with quadrature phase-shift keying (QPSK)
modulation is applied to the 512 subcarriers occupying the
frequency range from DC to 2.5 GHz. The digital signal is sent
to an arbitrary waveform generator (Tektronix AWG5204) with
a peak-to-peak voltage set at V,, = 0.16 V, then amplified
by a low-noise PA (Mini-circuit ZHL1000VH) by 20 dB and
DC-biased by a coupler (Picosecond 5575A) at Vpc =7.8 V,
corresponding to a current density of J = 2.375 A/cm?.
The output light of the micro-LED is then collected using
a 200-pm-core, 2-m-long optical fiber (Thorlabs M136L02),
that is connected to a high-speed avalanche photoreceiver
(Thorlabs APD210). Digital signal acquisition is performed
by a high-speed oscilloscope (Tektronix MSO64B). It is worth
noting that the nature of OFDM signals is advantageous when
performing model training, since it does not introduce signif-
icant data correlation and thus improves matrix conditioning.
Although the total number of subcarriers for the transmission
is 512, we restrict it, depending on the SNR per subcarrier
values. This is because subcarriers with a low SNR introduce
noise, which disrupts model training. The received signal
is equalized by zero-forcing using the mean of successive
channel estimations on all OFDM symbols. Equalization (EQ)
normalizes the signal and removes linear and time-independent
effects, enabling the models to focus on nonlinear behaviors
instead of compensating for the linear effects. While this
first channel estimation scheme is hardly realistic (using all
symbols), it highlights the additional gain brought by DPoD
once only the nonlinear effects are remaining. A more realistic
channel estimation scheme is discussed at the end of this
section. The system chain is illustrated in Fig. 3.

Once EQ is performed, the model can be trained as a
postdistorter to be then used as a predistorter, as described
in Section III-A. However, the current results are obtained
from DPoD only (e.g. from the validation of the DPD training
block in Fig. 3). DPD validation on the optical bench will be
conducted in upcoming studies. It is worth noting that DPD
often yields better results than DPoD, even with DPoD-based
training [11], because it mitigates nonlinearities earlier in the
system chain and avoids propagation of the distortion.
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Fig. 4. Channel amplitude-amplitude graphs. Left: received signal with
equalization only. Right: received signal with equalization and Volterra-based
postdistortion.

The dataset is composed of 206,400 samples from 200
OFDM symbols, with half of the samples used to train
the model and half for validation. Running a 30-step uni-
dimensional HC algorithm on the GMP model results in a
model with 215 coefficients and the following structure:

P,=3 M,=9
Po=3 My,=4 Ly=9
P.=4 M.=4 L.=5

Running the same algorithm on the third-order pruned
Volterra model results in a model with 213 coefficients and
the following structure:

P=3
My =10 M;=13 M3;=4
A =2 Ay =2 Lz =3

From the QPSK transmission, the SNR per subcarrier is
estimated with EQ alone and with EQ followed by DPoD. A
bit loading algorithm, described in [24], then computes, for
each subcarrier, the highest quadrature amplitude modulation
(QAM) order resulting in a bit error ratio (BER) below
3.8 x 1073, which corresponds to the 7% forward error
correction (FEC) limit that ensures proper transmission [12].
We obtain a throughput of 4.30 Gb/s with equalization alone,
that is increased to 7.10 Gb/s when applying pruned Volterra-
based DPoD, resulting in a throughput gain of 65%. The
achieved spectral efficiency over the 1.7 GHz bandwidth is
4.15 b/s/Hz.

The impact of linearization can be observed by the straight-
ening and narrowing of the distortion curve on the amplitude-
amplitude (AM-AM) graphs (cf. Fig. 4) and the narrowing
of the clusters on the constellation graphs (cf. Fig. 5). The
BER versus throughput graph is displayed in Fig. 7. The
improvement of the SNR and throughput with distortion
mitigation can be observed in Fig. 6. The NMSE, error vector
magnitude (EVM), channel capacity and throughput for the
MP, GMP, and Volterra models are summarized in Table II.

Fig. 8 shows that the presented model appears more ro-
bust to noisy data compared to the MP and GMP models,
particularly when high subcarriers with a low SNR (< 0 dB)
are introduced. These subcarriers add noise into the observa-
tion data, which degrades the training of the MP and GMP
models. The enhanced robustness of the proposed approach is
primary attributed to the improved conditioning of the pruned



TABLE II
MODEL PERFORMANCE METRICS.
No DPoD MP Improvement GMP Improvement || Presented Model | Improvement
NMSE —10.98 dB —12.66 dB —1.68 dB —14.52 dB —3.54 dB —15.08 dB —4.10 dB
EVM —5.53 dB —6.58 dB —1.05 dB —7.56 dB —2.02 dB —7.77 dB —2.23 dB
Capacity 7.02 Gb/s 8.11 Gb/s 15.67 % 9.50 Gb/s 35.37 % 9.78 Gb/s 39.42 %
Throughput 4.30 Gb/s 5.38 Gb/s 24.97 % 6.81 Gb/s 58.23 % 7.10 Gb/s 65.04 %
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Fig. 5. Constellation graphs. Left: received signal with equalization only.
Right: received signal with equalization and Volterra-based postdistortion.
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Fig. 8. Comparison of signal-to-noise ratio per subcarriers with different
models used as postdistorters. Left: 350 subcarriers. Right 384: subcarriers.
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Fig. 9. Throughput vs number of model coefficients.

Volterra’s design matrix, which reduces noise amplification
during parameter estimation. The condition number of the
pruned Volterra’s design is on the order of 107, whereas that
of the GMP’s design matrix is on the order of 1019, which
confirms the claims made in Section II-C about model con-
ditioning. The proposed model therefore allows for a higher
throughput, e.g., by increasing the number of considered
subcarriers (384 instead of 350). In this case, the throughput
increases from 4.32 Gb/s with EQ alone to 7.38 Gb/s with EQ
and DPoD, resulting in a throughput gain of 71%. Similarly,
the energy per bit is reduced from 69 pl/bit to 40 pl/bit,
representing a comparable relative improvement. To the best
of our knowledge, this is the best gain brought by a distortion
compensation scheme on a micro-LED optical transmission.
Although the obtained energy consumption remains higher



than the best results reported in the literature (see Table I),
the observed relative improvement suggests that significantly
lower values could be achieved by applying these distortion
compensation schemes to more efficient optical components.
Furthermore, the linearization extends the usable range of the
DC bias voltage, enabling a broader selection of bias values
for the joint optimization of energy efficiency and throughput.
Future work will focus on a more detailed optimization of
energy efficiency.

Additionally, we can consider a more realistic channel
estimation using only an 8§-OFDM symbol preamble, which
corresponds to an overhead of only 4% with respect to the
200-symbol payload. In this case, the throughput increases
from 3.95 Gb/s without DPoD to 6.00 Gb/s with our novel
pruned Volterra-based model. This performance exceeds that
reported in [11], resulting in a throughput and energy effi-
ciency improvement of 52%.

The impact of the number of parameters on the performance
of the models is displayed in Fig. 9. It clearly shows that
the novel proposed model outperforms the adapted GMP
and MP models for any number of coefficients. Moreover,
for more than 75 coefficients, the novel proposed model
benefits from additionnal low-SNR subcarriers whereas on
the contrary GMP and MP performance is degraded. Finally,
we implemented the model from [11] to compare it with the
proposed pruned Volterra model using a comparable number
of coefficients. Using the model from [11], a throughput and
energy efficiency improvement of 24% (from 4.32 Gb/s to
5.36 Gb/s) was achieved with 46 coefficients. This result is
consistent with the performance reported in [11], as summa-
rized in Table I. By contrast, with a similar number of 47
coefficients, the proposed pruned Volterra model achieved a
throughput and energy efficiency improvement of 57% (from
4.32 Gb/s to 6.78 Gb/s).

V. CONCLUSION

This work presents the first adaptation of the GMP model
to direct current-biased optical orthogonal frequency division
multiplexing (DCO-OFDM) driven high-speed micro-LED-
based OC and introduces a novel pruned Volterra model,
yielding enhanced throughput and robustness compared to
the GMP model. The results include a 71% increase in
throughput on a real time transmission, from 4.32 Gb/s to
7.38 Gb/s, highlighting how these digital processing schemes
could improve high-speed and energy-efficient micro-LED-
based transmissions. These results show a significant improve-
ment compared to previous work on mitigation of micro-LED
distortion, and position this work within the broader effort
to design more sustainable systems with greater emphasis on
energy efficiency.

Future work will include model validation in a DPD context,
transmissions with QAM modulation with varying orders to
validate the bit loading algorithm, a study of model complexity
for a real-time hardware implementation as well as further
studies on model robustness. Applications of the models on
micro organic light-emitting diode (OLED) devices will also
be conducted to increase data rate and energy efficiency of
micro-OLED-based transmissions.
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