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Abstract

To break the nonlinear Shannon capacity bottleneck,-gexération coherent systems are widely adopting probabilisti
constellation shaping (PCS) and ultideband multiplexing. However, these critically exacerbatdinear impairments. While
neural newvork-based nonlinear equalizers (NNLESs) offer a promisingatigitigpath, their practical deployment is fundamentally
crippled by the prohibitive manual overhead and fragiterergence of hyperparameter tuning (HT). We introduce a-teatning
based adptive HT framework (MAHT) that breaks this barrier by estadgish differentiable coptimization across training
dynamics and data rebalancing, enabling NNLEs tadsgt without human intervention. We experimentally demonstiate
S+C+band DFPCSI28QAM transmission over 150 km fibattaining an achievable information rate (AIR) of 215.35 Thps.
Moreover, MAHT delivers exceptional weight efficiency, ofdgpaing conventional methods by nearly 150%, and autaalfti
optimizes across multiple channels. This work establishes-@p8siizing, reourceefficient paradigm that bridges machine
learning with practical higbpeed optical networks, paving the way for truly autonomous trarescgystems.

Introduction

Fueled by the explosie growth of artificial intelligence and
large-scale cloud computing, global data traffic is undgoing an
unprecedented surge, placing immense pressure onetoptical
backbone infrastructure that interconnects data ceters and
forms the internet's physical foundation [1]. To sustain this
relentless capacity scaling, nexyeneration coherent
transmission systems are widely adopting probabilisc
constellation shaping (PCS) and ultravideband multiplexing.
These advanced formats, however, critically exaceste fiber
Kerr nonlinearity and hardware impairments, distortions that
are inherently time-varying, multidimensional, and defy
conventional analytical models [2]. A wide range otritical
optoelectronic components in coherent systems canch as
sources of nalinear impairments, including digital-to-analog
converters (DACs), electrical power amplifiers (PAs optical
modulators, and optical fiber, degrading signal qugy and
limiting achievable data rates [3]. The datditting nonlinear
equalizers (NLEs) [412] at the receiver provide a solution for
modeling and compensating for the combined effectsf these
impairments. For currently available digital signalprocessing
(DSP) resourcesneural network-based nonlinear equalizers
(NNLEs) have emerged as the most compelling solutioto

mitigate these coupled impairments [13], as they a¢a
approximate arbitrary nonlinear functions without explicit

higher-order term enumeration [14]. They exhibit broad
applicability in probabilistic constellation shaping (PCS)
systens [15,16], wavelength division multiplexing systems
[17,18], low-resolution DACs [B], and complex fiberinduced

non-linearity [20,21]. Furthermore, NNLEs demonstrate
superior scalability, enabling integration with peiformance
enhancement frameworks, including feature engineeng [22]

and perturbation terms mapping R3-25] to address scenarie
specific demands.

Despite this promise, the practical deployment of NLEs
remains fundamentally obstructed by a persistent ath often
underestimated bottleneck: hyperparameter tuning (HT) 6].
This bottleneck is particularly acute for NNLES. @strained by
available DSP resources, NNLEs are intentionally keto
minimal architectural scales Multiple methods are employed to
design efficient models, such as complesalued NN [6,27],
structured pruning [23-25], and KolmogorovArnold networks
[28,29]. Notable progress has also been made toward hardve
implementations [30-33]. However, this very compactness
makes their training outcomes exquisitely sensite to
hyperparameter choices, as any mispecified learning rate or
regularization factor disproportionately affects the few
available degrees of freedomd7]. The challenge manifests at
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three interconnected levels. At the data level, PGlgnals exhibit
a severely imbalanced radial energy distribution, Wwere low-

probability outer-ring symbols are vastly underrepresented,
rendering conventional oversampling strategies eitbr

ineffective or noise-amplifying. At the training level, the coupled
dynamics amongdearning rate, regularization, and initialization

make gradientbased optimization highly prone to non

stationary convergence or local traps, a fragilitthat grid-search

[34], staged B5,36], or decreasing learning rates25] schedules
consistently fail to address. At the system levelhen scaled to
multi-channel environments, this tuning burden multiplies
prohibitively, as each channel's unique loss profiland amplifier

conditon demand perchannel retuning, leading to
insurmountable manual effort and computational overhead
(OH). Moreover, during singlechannel NNLE training, the
intricate coupling ~ of  multi-dimensional  training

hyperparameters, such as model architecture, leanng rate, and
regularization factor, makes the model training higly

susceptible to convergence failure, trainingion-stationarity, or

suboptimal solutions. A minimal model size heightesn the

criticality of the HT design for NNLEs.

Here, extending on our previous work 38], we introduce a
metalearning-based adaptive hyperparameter tuning (MAHT)
framework to tackle these challenges. Rather thangating data
balancing, learning rate scheduling, and regularitan as
independent knobs, MAHT establishes a differentiabllinkage
between them and the NNLE's performance, enablingaglient-
based joint optimization. This is achieved throughthree
synergistic mechanisms: a ringlecomposition resampling
strategy with constrained oversampling that mitigaes PCS
radial energy imbalance; a contexaware dynamic scheduler
that adjusts hyperparameters in real time in response to
training states (loss value, epoch, and loss changate),
stabilizing convergence; and a muktask metalearning
architecture that extracts generalizable strategies across
channels, eliminating perchannel retuning overhead. To this
end, we experimentally validate MAHT in a full S+C+band
dual-polarization  (DP)-PCS128 quadrature amplitude
modulation (QAM) transmission over 150 km of G654.Hber,
achieving a high AIR of 215.35 Thps. The resultsrdenstrate
that MAHT not only pushes performance ceilings,
outperforming conventional HT approaches by nearl{t50% in
weight efficiency, but also substantially reducesie engineering
overhead of NNLE deployment, providing a sedfdaptive and
resource-efficient solution for next-generation ultra-wideband
optical networks.

Results

In this work, the MAHT is designed to conduct a tevel
adaptive optimization of the learning rate, regulazation factor,
and PCS data balancing strategy. Figure 1 illustest the
methodology of the proposed MAHT.

Neural network -based NLE (NNLE)The NNLE used in this
work is based on a standard feedforward NN (FFN) aler
complexity-constrained scenarios. The basic layer structure of
the NN model is shown in Fig. 1 (b). In a typical NLE

architecture, corsidering that both inter-symbol interference
(ISl) and nonlinear effects cause the current outgito depend
on past and future inputs, the operation objects @rthe received
equalization target symbols (ETS) sequences compasef the
ETS and their multiple adjacent symbols. Let Z L
<T;, &l &84T = =represents the received sequences andy L
< 4} &&= represents the transmitted sequences. The
ETS sequence sets by, can be expressed as by, L
[ QA QL <Tipj &lip; > 5 AEEAT BT, [ 258151 =, Where
EL 6 E sé E ta&d F 6 Subsequently, as shown in Fig. 1
(b), the ETS sequence sets undergo I/Q separationcbstandard
normalization to yield the sample sets b. The forward output
of each layer of an FFN model is described b§4]:

ZB L e fRzRS E>R;4 Q)
where Z% L R@; is the input feature vector, R,
; represents the preprocessing into the NN, including
normalization or other designed mapping. f ‘® &% are the
weights and biases of the-th layer, respectively. éis the
activation function for nonlinear mapping. The modEtraining is
mathematically framed as a parameter optimizationd train a

parametric predictive model AL =NCIEPRAR;, aL

[f 5 &% af &% represents all the trainable
parameters, and U&R represents the untrainable learning rate
and regularization factor. " ,;represents the loss function to
calculate the error between the model prediction ad the labels.
The loss for each training iteration is describeds
a5 L2 Ay, cOMgR; F Ug & @)

O™¥aa; denotes the prediction of the model parameterizedyp
dor an input ™ b,, B b is a minibatch with a batch size of
Osp- The ais iteratively optimized through gradient
backpropagation (BP) as:

azaF UEB. Ao, KO F UpZ O (3)
where Uis the learning rate. The total sample setp is divided
into a training set Abgéo Y8r the gradient descent process, a
validation set P¢° for model performance evaluation after
each iteration, ardl a test set P¢ 2 A the inference stage,p¢? ¢
is used as an estimation of the generalization err@f the model.
It can be expressed as:

qB: O: ™A, CNQTSDDA;},,D,,BB.:@: o4y 4 @)

Meta-learning -based adaptive HT framework (MAHT).

The selection of the hyperparameters can greatly fatt the
learning process and the performance metrics of thé&ained
model. Conventional NNLEs are specific to a singlesk and
dataset with no specific H methods, which means the
hyperparameters are always prespecified. In MAHT, adaptive
hyperparameter optimization is designed for learning across
multiple tasks. For each task, the dataset is dived into support
datasets b7} 35; and query datasets P;$'43; b ;5; are
used to train the NNLE corresponding to each taskyhile
D;%,Z;S; are used to evaluate the metéearning performance
under each task and compute the meta gradienB8§]. After
preparing the datasets, MAHT implements a simultaneous
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Fig. 1 Schematic of the proposed MAHT e general equalization process of the neuralorithased NLB. The basis layer structure of the NN moc
in the proposed MAHT Principle of the trilevel optimizatiod Principle of ring decompasition resamplmfata processing workflow from the sour
signals to the Sup/Que dataset into the NN mbékeinciple of limited oversampling space synthetiority oversampling Detailed data flow of trilevel

optimization dissected from the epoch perspective.

optimization of the learning rate, regularization fctor, and PCS
data balancing strategy through a trilevel optimizéon. It
consists of three models: the internal NNLE modeb : a;, the
central para model B:15d 4;, and the external data model

a,:f;, where B:Tsd4; and a.,:f; are

feedforward models with extremely low parameters ofabout
1000 multipliers and accumulation (MACs). In MAHT a¢ ' a;

is trained under the datasets expanded by a.,:fi; and

hyperparameters from B:154 ; Then the NNLE
optimization is extended as:
a’L =NCIEPg:p8U&;a ()

standard ) N )
where Py _is the expanded dataset, U.d% is the provided

current training hyperparameters. In MAHT, the purjpse of the
hyperparameter parameterization is to convert tradtional



discrete hyperparameters into differentiable ones,thereby
supporting endto-end optimization based on gradients.
Through parameterization, the hyperparameters are
transformed into learnable variables, enabling them to
automatically adjust and adapt to the dynamic requeéments of
different training stages or data distributions through first-
order gradient descent. The input to the meta models is
specially constructed datasets, as shown in Fig(€). Under the
strategies from au,: fi ;, the support datasets are expanded and
are used for a more complete training of the NNLE adel.
B:758 ¢; operates within the internal optimization process
of the NNLE model. u;as; are the outputs of two separate
models of B:7sd 4;, parameterized by 75 and
respectively:
ULB:Mas,&xkL B:MagaL BD'Qéd:é('QCé
(6)
where \ is the context feature at the current training epob,

including the loss value ~ ¢ training epoch R and loss change

rate Q’Q. Here, the trilevel optimization problem is derivel

from the bilevel optimization, i.e., one optimizatn serves asa
constraint for another optimization [40]. As shown in Fig. 1 (c),
the designed trilevel optimization is described as:

3, argminC (R, @O0 i 3)
"iz
argminﬁ R O8; °Z ) (7
st argmmﬁ O fie)f @),

16,

where aP2 indicates the optimal afor every G, epochs of
NNLE training. Detailed data flow of the trilevel ptimization
dissected from an epoch perspective is shown in Fid. (Q).
Internal optimization is the training process of ac:a; under
fixed meta model conditions. External optimizationis the
training of a.,: f ;, whose loss comes from the perfonance of
the NNLE model evaluated onb;% 53, and the parameters
are updated after every G epochs of the NNLE training.
Before the B:754 ¢; being fully converged, the dynamic
hyperparameters they provide may not be ideal, whit limits
the training efficiency of the NNLE model in the ely training.
Therefore, the parameter update steps of the two nutels are set
differently from the hyperparameters provided steps in the
trilevel optimization process. When a is updated every k
epochs, B:15d ¢, receives \ as input and provides new
L‘J‘;é&; 15d ¢ are updated after every G epochs of training.
During early training, G ( G this setup can prevent the
suboptimal hyperparameters provided by B:T5& g; from
degrading the early training of ac:a; In addition, B:Tsd ¢;
are pretrained using a smaliscale dataset sampled from the
complete dataset. At the same time, a sequence e&sonably
performing hyperparameters 2 L : =0 i collected
using conventional methods to enable the model to imic the
initial strategy; this is described as:

Tss’L =NCIE) Bk 550F 2.°a  (8)

-a
After the optimization is completed, the parametersof the
meta models are fixed. However, they can still gerage dynamic

hyperparameters based on the input state. While rent works
apply metalearning to find global initializations for rapid cross-
channel transfer learning 2], our MAHT framework
fundamentally differs. MAHT utilizes metdearning to
dynamically ccoptimize intra-task hyperparameter tuning and
PCSspecific data rebalancing within the active trainig loop,
ensuring stable convergence of ultrwompact NNLESs.

Ring Decomposition Resampling (RDR). To ensure that
the MAHT framework maintains task diversity duringthe meta-
training phase without deviating from the physicahature of the
PCS signal, an energyng-based category reconstruction
mechanism is introduced n the MAHT framework, as shown in
Fig. 1 (d), based on the fact that the PCS sigr@ldiws a strict
radial energy distribution. A resampling strategy lased on the
physical parameter space is employed to constructraulti-task
support set. By resampling tle received sequences across
different channels, this strategy constructs a sexs of meta
tasks that follow different shaping factors. This rachanism
ensures that all empirical distribution features inthe meta
model input adhere to the MaxwelBoltzmann dstribution of
the PCS. The original sample is separated into miple energy
rings based on the Euclidean length from each coetiaition
point to the origin as:

%L 48 &ia 9

Using ring distributions to characterize data distibutions as
state inputs for a metamodel can significantly reduce the input
and output dimensions of the metamodel, as well as the
dimension of the hyperparameter search space. Whethe
scaling factor is U, the theoretical probability of occurrence of
the kthring is:

2:4,80; LWGA 0%04
where / , is the number of constellation points contained in
the ring, and ' is the energy of the ring. To transform the
existing data distribution into the target missiondistribution, it
is necessary to calculate the acceptance probabhylitveight for

eachring 9
E:Eoa . ; LA@-EGX M0 o o

EEod,; AL mgd 10

(10)

9, L BOE

11

Based on 9 , each ring of the sample set can be resam(ple)d to
construct metatraining support sets Dafe aly for different
tasks. In contrast, P% 51y is constructed by sampling only
from the three outer energy rings that are mutuallyexclusive
with Dafe i to characterize severe nonlinearity. The specific
sample set workflow is shown in Figl (e). Before constructing
Dafeam,, the original received sequence must undergo I/Q
separation, ETS sequence generation, and sample
standardization and normalization to generate the aw sample
set. Subsequently, the metraining support set and query set
are constructed. For the input to a.,,: fi ;, statistical processing
is first performed on the samples from each ring oﬂnaee e

generating a ring distribution feature vector spedic to that task:
t UL >‘]5é]6% é]AéAséAG% éAA% (12)



Here, J; represents the proportion ofsamples in each ring,  belonging to the same class typically exhibit locaimilarity in
. L ~ . Amagli@ed the feature space. Therefore, by generating new safas along
reflecting the task characteristics, and A, L Eo the line connecting two adjacent minorityclass samples, the
represents the damage characteristics of each ring. distribution characteristics of that class can beiswlated, rather
Subsequently, an improved PCS oversampling strategg than merely replicating existing data. Assuming theminority
developed from a.,:f1; based on t y which includes data  class is denoted by % for each sample ™ calculate the

expansion weights 5;L >5y &8 & ? for each ring. Euclidean distance in the feature space from™jto all other
Under this strategy, the class imbalance in theb.Siiy is ~ samples in % select the k nearest neighbors, randomly and

mitigated to obtain an expanded support dataset, vith is used ~ Uniformly choose one of these neighborsY and perform linear
to train the NNLE model more effectively. interpolation along the line segment: Mg g 5L TYE U, : Y F
Limited oversampling  space -synthetic  minority ™ awhere U is a random number ynlformly dIStI’Ibuted
oversampling (LOS-SMO). Synthetic minority oversampling ~ Petween 0 and 1, and the new sample is randomly ditouted
(SMO) is a more reasonable approach for communicati than ~ Petween the two sampled data points, forming a cointuous
random oversampling. It synthesizes new samples by categorlcal space. However, S_MO may also ampllfy'ihfluence
performing linear interpolation in the feature spae between  Of noisysamples or outliers during the oversampling. Therefre,

minority class samples, thereby defining a smoothedecision ~ this paper imposes restrictions on the sampling SOf the
region for the outerring minority class samples and mitigating ~ SMO. called LGSMO. The diagrams of SMO and 1-6®O are

the risk of overfiting. The basic logic of SMO that samples illustrated in Fig. 1 (f). For visualization, the fgh-dimensional
a
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features are reduced to two dimensions. LGSMO lies in the
precise identification and restriction of the samphg space.
Since oversampling occurs only during model trainig, prior

information can be utlized to make decisions prior to

oversampling, ensuing oversanpling takes place only within
the core region. After obtaining the k nearest nefpors of a
sampling point, the proportion of neighbors belongig to the
sampling class versus other classes is analyzed r@nimize

erroneous oversampling of outliers or samps near decision
boundaries. Nevertheless, due to the stark dispayitin the

distribution of PCS signals between the inner anduter rings,

pursuing absolute class balance may introduce sidigiant

additional training cost (ATC). ATC is defined heras the
additional amount of training data generated by ovesampling.

Practically, it is necessary to balance the ATC &ugt the

performance gains.

Implementation schene

The performance of the MAHT framework is experimently
demonstrated through a comparison, including conveional
NNLE applied with manual HT, NNLE with SMO and
hyperparameter grid search (GS), and NNLE with tH&lAHT.
The experimental scenarios include:

(1) a 1 Tbps DFPCS 128 QAM badb-back (BtB
transmission to evaluate performance and weight
efficiency in a capacitfimited coherent optical
transmission scenario where higherorder PCS formats
are deployed.

(2) a 1 Tbps/channel 96 channels C6T+L6lhand PCS128
QAM 150 km G654.E transmission to evaluate
performance in multi-wavelength wavelength division
multiplexing (WDM) transmission scenarios.

(3) a S+CHband PCS128 QAM (H=6.6) coherent optical
transmission over 150 km G654.E to evaluate the
ultimate achievable information rate (AIR) gain ilWDM
transmission scenarios.

The experimental setup of the three tests, which audes the
DSP chains of the transmitter and receiver as wedls link
equipment, is shown in Fig. 2, and comprehensive s are
provided in the Materials and Methods section. Offffie DSP
procedures, induding resampling, linear equalization, nonlinear
equalization with the tested NLEs, QAM dmapping, and bit
error rate (BER) calculation,are performed as part of the
experimental setup. As this work discusses hyperpameter
optimization under limited DSP resources, detailed
optimization of the NNLE layer structure is not caied out.
Instead, the performance of hyperparameter optimizéon

_
9
o

A d 1 (ii) -1.5
164 —— SMO-GS —— SMO-GS
o e e MAHT =155 MAHT
14 165 15
& SNR329.79dg W MAC e 22000 &Y -1.61 MAC rec 32400
& < 17 o2 11% X S
cg:;-l 6 . g MAC gec 1300 i 8‘1-65' 5.6% 1
S [==E =1 BTy 12
1.8 —O—NNLE S S 17 32000 |
—0—SMO-GS 1.8¢ unpruned q pruned MAC rec 22000
—O0—MAHT s 1.75 L
) -
26 27 28 20 30 3l 16 wmAC 10 mAC
OSNR(dB) d . () Totalweights (SMO-GS) (i)  Keyweights (SMO-GS)
0 ! '
0.4
c L — g
0.36 — Training M 2
— Validation 2 g

Learning rate

L
(iv)

0

= O

4l

FC.2

200 400 600 800

1000

Value

Num 63!
N MMMWW TN
Num 600

Num

Epochs
(i) e 1 (i) Total weights (MAHT) ; (ii) Key weights (MAHT)
0.4
0.36] —Training -2 ®
—Validation O ©
g 0.32 Learning rate = 2
O Num 630 O Num 630
1(iii) 1(v)
~ 8 g
g O =
> >
ol 200 dog 500 800 1000 0 0
pochs Num 600 Num 600

Fig. 3 Experimental results of BRCS 128 QAM Btnsmission. a'he log10 (BER) versus OSNR chbries.log10(max(BERavg)) versus MAC curv
unpruned(i) and prunedji) NNLE(SM@GS) and NNLE(MAHThe loss value and adaptive learning rate veraingiy epochs curves of the NNLE (SN
GS) training) and NNLEMAHT training(ii). d The weight distribution of NNLE (S8S) befor€) and after(ii) weight cluster of the first hidden layéii)
(iv) of the second hidden layerThe weight distribution of NNLE (MAHT) befidsnd after(ii) weight clustering of the first hidden layif) (iv) of the

second hidden layer.




methods on NNLE architectures with representative izes
available in the targeted scenario is selected. Herthe NNLE
architecture is configured as a Zayer FFN with 21 input
dimensions, 30, 20 hidden neurons, and 1 output diemsion for
the equalized synbol, with about 1200 required MACs per
symbol. For the database collection, approximately0,000
symbols of each signal frame are transmitted. Theverall
attenuation of the signal is increased by a wawshaper in the
transmission link to adjust the value 6 the received signal
optical signatto-noise ratio (OSNR). The BER of the system for
different OSNR conditions is scanned until it excde the
forward error correction (FEC) threshold.

DRPCS 128 QAM BtB transmission

The equalization performance of eachtested NNLE is
guantified by measuring the preFEC BER while the system
OSNR varies. Fig. 3 (a) shows the logl0 (BER) ver<DSNR
curves of the 1 Tbhps DHPCS 128 QAM BtB transmission. It
shows that NNLE (SM@sS) exhibits nearly identical
performance to marually tuning the NNLE at low OSNR. As SMO
does not impose constraints on the oversampling spa, it
inevitably introduces noise into the synthesized saples when
attempting to reconstruct the low-probability outer-ring
distribution of the PCS signal. Thieffect is amplified in low
OSNR scenarios. Although GS approaches the perfonce of
MAHT in specific scenarios, its high computationatost still
limits its practical application. In contrast, theMAHT not only
achieves performance on par with SM@GS in igh OSNR
regions but also demonstrates significantly betterobustness
against oversampling noise than SMGS due to its optimized
oversampling strategy and dynamic learning rate, #reby
exhibiting a higher and more stable performance déig than
SMQGS.

Figure 3 (c) shows the loss value versus trainingpechs
curves of the NNLE (SM@S) and the NNLE (MAHT). It is
evident that MAHT can adaptively provide finely tued learning
rates for each training stage, enabling more stabl@nvergence
of NNLE training.In contrast, the gradient learning rate lacks
sufficient resolution and cannot adapt to trainingdynamics.
Although both results start with the same trainingoss, the loss
curve for SMGGS exhibits significantly more volatility in later
training, indicating gradual overfitting of the model. In contrast,
the loss curve under the MAHT is smoother.

Furthermore, the effectiveness of the final weightsf the two
models can be evaluated by examining the performaaaf the
trained model before and after model pruning and amparing it
with the MAC curves of the scanning model. Model yoting
simplifies the model topology by removing weights with low
contribution. Here, global unstructured pruning isemployed,
where weights from all layers are pooled into a uffied pooling
layer for sorting, and a pruning threshold of 20%4 determined
based on the global distribution. Due to the densanning step
size, to minimize testing error, the average BERdim the last 10
epochs with the best performance in 5 total trainig runs is
selected as the metric. Fig. 3 (b) shows the laghax@eravgversus
MAC curves of unpruned (i) and pruned (iij) NNLE(SM@GS) and
NNLE(MAHT). The MAC where the BER metrics of the dets
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3(b)(i), there is a performance gap between MAHT afSMGGS
before pruning across the scanned MAC values, agyipusly
demonstrated in the OSNR scan. Specifically, SI8S achieves a
MACFEC of gpoximately 2,000, while MAHT requires only
about 1,300. Taking MAC=2,000 as a representativeipt, the
estimated performance gap btween the two models is
approximately 11%. Comparing the impact of pruningpn the
two models, both models exhibit varying degrees of
performance degradation after pruning. SM&sS degrades by
approximately 11.8%, with its MACFEC increasing tabout
2000. Meanwhile, MAHT degrades by approximately 17%,
resulting in performance comparable to that of SM@S. The
performance gap at MAC=2000 is reduced to approxirtey
5.6%, and MACFEC needs to be increased to 2400 to
compensate for the weights lost. Therefore,rpning damages
the performance of MAHT far more than SMGS. This indicates
that the proportion of effective weights in MAHT issignificantly
higher than that of SMGEGS. The results indicate that MAHT is
more efficient than SMGGS in terms of weight optingation and
exhibits greater weight effectiveness.

To quantify the weight effectiveness, a weight cltsr (WC) is
used as an alternative method. WC reduces the digty of
model weights, identifies and extracts key weightsvithin the
model, thereby revealng the redundancy of the model. Based
on the kmeans algorithm, WC divides the continuously
distributed weights in each hidden layer of the modl into
multiple discrete categories. WC aims to minimizene sum of
intra-class squared errors. Upon completiom|l original weights
belonging to the same category are replaced with ¢h
corresponding cluster center value. Inspired by thestandard
network pruning method where weight effectiveness $
evaluated via performance degradation after paramet
removal [43], we tailor this concept for optical communications:

9AEIPABBE ? EIAP2{s E H I g2 sau0vately
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(13)
it quantifies weight efficiency using the pre and postpruning
BER discrepancy, where a steeper BER degradatiomlicates
lower structural redundancy and higher key weight tilization.
Fig. 3 (d) and (e) show the weight distribution ofhe two models
before and after weight clustering of the hidden layersThe
results in Fig. 3 (d)(i) and (i) show that the weight distribution
of SMOGS exhibits extreme polarization: a small nhumber of
large weights are highly concentrated, while smallveights are
diffusely distributed. In Fig. 3 (d)(ii) and (iv), after WC, the
weight distribution is concentrated on specific key weights.
According to (13), the estimated weight effectivengs of SMAGS
is only approximately 25.9%. This indicates that ta model
suffers from severe parameter redundancy, with mosiveights
remaining inactive and failing to contribute effectively to
performance. In contrast, Fig. 3 (e) shows that theveight
distribution of MAHT remains highly stable. Both bfere and
after WC, the weights are distributed relatively uiformly, with
no obvious tendency toward zero values or isolatepblarization.
The estimated weight effectiveness reaches as higls 63%,
meaning that the majority of weights act as key wghts and
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significantly contribute to performance. This weigh

distribution also confirms that the severe performance

degradation observel in MAHT after pruning is due to the loss
of key weights. The results indicate that MAHT sigfitantly

enhances the weight effectiveness. This enables MAHoO

achieve more accurate and robust balancing capakiéis than

traditional architectures, even witin a more lightweight

structure.

Transmission is considered successful when the ouipchannel
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transmission rate for the channel is measured. Tramission
tests are conducted sequentially for the 6 waveletigs. The
wavelength-dependent fiber loss curves over a 7&m span,
along with the test wavelengths and correspondingpks values
are shown in Fig. 4 (a).

Figure 4 (b) shows the constellation diagram, BERd AIR of
the Xpolarization signals for the 6 channels in the C6T6T
band. As the equalization of NNLE compresses thenstellation
diagram and generates a nofaussian noise distribution, the
AIR estimaion based on a Gaussian channel may be slightly. of
Consequently, signal amplitude normalization basedn the
average power of the PCS signal is applied to the resubidter
NNLE equalization to obtain a more accurate AIR @siation.
Based on the measured average performance of thel@annels,
the total capacity across all 96 channels of the T8L6T band is
conducted. hrough the combined effects of link loss

PCSNDM transmission

In the 96 channels C6T+L6band PCS128 QAM 150 km
G654.E transmission, the two edge channels of théTband
(1524.765 nm and 1571.745 nm) and the middle chanmhe
(1547.425 nm), the two edge channels of the L6T band
(1574.815 nm and 1624.99 nm) and the middle channel
(1599.005 nm) are selected for under test channel[TC). The
total capacity of the 96 channels in the whole banid estimated
based on the average performance of the test channels.
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compensation, a linear equalizer (LE), and the MAHJased
NNLE, the AIR for each UTC ultimately exceeded 1p$b
Furthermore, the MAHT provided substantial gains, elivering
an AIR of approximately 52.8 Gbps on thehannel with the
lowest OSNR (Fig. 4 (b)(i)) and approximately 24.Gbps on the
channel with the highest OSNR (Fig. 4 (b)(iii)). T results
demonstrate that the MAHTFbased NNLE effectively addresses
channel nonuniformity in  ultra -wideband  coherent
transmission systems.

In the S+C+tband PCS128 QAM coherent optical
transmission over 150 km G654.E, 197 WDM UTCs isdacted
with center wavelengths in the Shand (1464.96 1521.47 nm;
77 wavelengths), Gband (1523.90 1571.03 nm; 60
wavelengths), and Eoand (1573.87 1624.19 nm; 60
wavelengths). Only 98 of these UTCs (spaced 100 Gaie used
for performance estimation, and the total AIR for &h band is
calculated by multiplying the average AIR of the WJs in each
band by the number of channels.

Figures 4 (c), (d), and (e) show the AIR and ATCststs for
each UTC in the -Band (38 channels), éand (30 channels),
and L-band (30 channels) with and without NNLE. The ATC
ratio is achieved by the LOSMO strategy to fully random
oversampling. It demastrates the adlitional complexity
reduction benefits provided by the MAHT. The spedif points
marked on the curves are selected as the channelginthe best
and worst AIR performance in the S, C, and L bandefore
equalization, and the inset figures show the condtation
diagrams of these channels before and after equadion in the
MAHT. The results show that the ATC ratio for nearlall
channels in the MAHT is below 35%, and its total ATaccounts
for only 23.98% of that of fully random oversamplim.
Furthermore, under various DSP compensations, the total AIR
reached 208.61 Thps, with the MAHT achieving an AiRin of
23.58 Thps.

Discussion

In this work, we proposed the MAHT framework to
fundamentally dismantle the hyperparameter tuning
bottlenecks of NNLEs in ultrehigh-capacity optical
transmission. By holistically ceoptimizing PCSinduced data
imbalance, training dynamics, and channalpecific
hyperparameters, MAHT completely obviates prohibitie
manual tuning costs while guaranteeing robust convgence
and unlocking unprecedented equalization performance.
Shattering existing performance barriers, our expemental
demonstration of a 215.35 Thps AIR over a 15km G654.E fiber
in an S+C+iband system establishes a rigorous new
benchmark for caoptimization in wideband WDM scenarios.

Compared to conventional methods like grid search
combined with minority oversampling, MAHT demonstrées
significant  architectural superiority through its trilevel
optimization. At the data level, a physieprior resampling
strategy efectively mitigates the spatial energy imbalance of
PCS signals, while a contegware dynamic scheduler ensures
stable gradient optimization during training. Conseguently,
MAHT improves weight efficiency by nearly 150%, dsstically

reducing parameter redundancy and computational owiead
to pave the way for lowlatency hardware deployment.
Furthermore, its multi-task metalearning architecture extracts
generalizable tuning strategies, entirely eliminatig per
channel retuning costs ad exhibiting seamless daptation
across diverse WDM channel conditions.

Beyond the WDMPCS fiber communication scenarios
validated here, nextgeneration systems will inevitably evolve
toward complex higher-order modulation formats and multi-
dimensional multiplexing. Given that the core mechasms of
MAHT, comprising distribution-aware resampling, dynamic
scheduling, and metdearning, operate independently of
specific optical fiber physical models, this dimerisn-agnostic
paradigm is universally applicable to advanced ardectures
such as multicore or fewmode spatial division multiplexing.
Moreover, it holds strong potential for timevarying channel
equalization such as freespace or underwater optical
communications. By fusing this metdearning engine with
specialized model opologies, such as complexalued or
Kolmogorow-Armold networks, MAHT establishes a unified
foundation for truly autonomous, selfoptimizing transceiver
systems in future optical networks.

Materials and methods

Experimental details of BtB transmission

The experimental setup of the 118 GBaud DPCS128 QAM
BtB transmission is illustrated in Fig. 2 (a). At X, symbol
seguences of the signals are generated in a MATLg®gram. A
pilot sequence with a length of 2000 symbols is adad for
synchronization on the K side. Rootraised cosine (RRC) filters
with a roll -off factor of 0.01 at both the Tx and Rx sides aset
up to jointly implement the effect of an RC filterThe offline Tx
DSP also includes the preompensation for linear impairments.
After a resamplingprocess is performed to match the sampling
rate, the signals are uploaded to an arbitrary waferm
generator 4channel AWG (Keysight M8199A) with a 3 dB
bandwidth of 60 GHz, operating at a sample rate (pBf 256
GSals. Then, the signal is directed intd¢ DRI/Q modulator
(DP-IQM, iXblue, MPZ_N-40) with a 3 dB bandwidth of 40 GHz.
Two external cavity lasers (ECL) with a 1551 nm waalength
and a 100 kHz linewidth are used for the signal ojsal carrier
and local oscillator (LO). An Erbiurdoped fiber amgifier
(EDFA) is employed after the IQM to amplify the sigl, while an
optical bandpass filter is used to remove the amfied
spontaneous emission (ASE) noise. A variable optiegtenuator
(VOA) is used to adjust the received optical powgROP) before
Rx. An optical spectrum analyzer (OSA) captures tisgnal for
OSNR calculation. Note that the OSNR scans canreoequally
spaced due to manual adjustments of the VOA. Anegtated
coherent optical receiver (ICR, Neophotonics MicdZIR Class 40)
with a 3dB bandwidth of 43 GHz is used for coherent deteoti.
A digital oscilloscope (DSO, Keysight UXR0704A) lvia 3 dB
bandwidth of 70 GHz, operating at an SR of 256 GSals
employed for signal digitization. The pilot OH otte LE is around
1.5% and the 24%60H softdecision (SD)FEC threshold of 4.5e
2 [44] is adopted in this test. The net bit rate can bealculated



as: 118 Gx2x(5.6692.24/1.24xlog2(128))/(1+0.015)=1.003
Tbps. Offine DSP procedures, including resamplindinear
equalization, nonlinear equalkzation with the tested NLEs, Natural Science Foundation of China (NSFC) (62331013), and
demapping, and BER calculation, are performed asrpaf the Shenzhen Science and Technology Program
experimental setup. It is noted that the preFEC BER is used as  (KJZD20230923115202006).

-St ef-—"c... " =St i TE" T eFB t T2 —f—<'e

Author contributions

Z.C. proposed the MAHT architecture, developed theL code,
and wrote the manuscript. Z.C., Z.Z., M.C., L.Dfopmed the
experiments. Z.Z., M.C. developed the linear compation DSP.
ZC., ZZXX.M.C.,, D.L.,, M.T,, and L.D. discussed and refined
details and feasibility of the architecture. M.CL,.D. initiated and
supervised the project and provided the experimetal
equipment. Z.C., ZZX.X, M.C., M.T., and L.D. completed the
revisions of the manuscript.

This research was supported by the National Key Regrch and
Development Program of China (2023YFB2804801), Natial

Experimental details of WDM transmission

The experimental platform of the C+tband/S+C+l-band PCS
128 QAM coherent optical transmission over 150 km &54.E,
including DSP chains of the transmitter and receiveand link
equipment, is illustrated in Fig. 2 (b) and (c). T&tunable lasers
(TLs) are wsed fa the optical carrier and local oscillator (LO) of
the under-test channel (UTC) and two simulated neighboring
channels. The channels are modulated by a sdifveloped Si
based dualpolarization IQ-modulator (DP-IQM) driven by a 4
channel 256 GSals arbitray waveform generator (AWG,
Keysight 8199A). They are then amplified by erbiunthulium -
doped fiber amplifiers (TDFAs for $rand and EDFAs for-Gnd
L-band), combined, and inserted into the notch in thelummy
channels generated by the ASE noise using waveadgh-
selective switches (WSS, Finisar 16000A). In th&dr links, each
span contains 75 km G654.E fiber, a pair of multgkers and
demultiplexers, a Raman amplifier, and three DFAgt the
receiver side, an optical tunable filter is used foseparating the
UTC from the dummy channels. An integer coherentaeiver
(ICR) is utilized for coherent detection, and a 256Sa/s digital
storage oscilloscope (DSO, Keysight UXR0594B) isedisfor
digitization.
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Communication DSP

In the TxDSP, the transmitted pseud@andom binary
sequence (PRBS) is first input into the PCS encoglimodule to
obtain a PCS 128QAM signal with the corresponding
modulation entropy. This signal is then subjecteda RRC
matching filtering with a roll-off coefficient of 0.01 and
resampling. The resampled signal undergoes static impairment
pre-compensation, followed by peak clipping to improvethe
overall signatto-noise ratio; the clipping parameter ranges from
0.99 10 0.999. In RYDSP, the received signal first passes through
a static equalizr to compensate for channel delays and other

fading effects. Following resampling and frequencyoffset
estimation, an RRC filter with a rofoff coefficient of 0.01 is
applied. A pilot sequence with a 1.5% overhead isdorporated
into the algorithm architecture for the linear equalizer. To