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Abstract—Accurate erbium-doped fiber amplifier (EDFA) gain
spectrum modeling is essential for constructing reliable physical-
layer digital twins of optical networks. However, conventional
machine-learning-based EDFA models usually rely on generic
neural network architectures and may exhibit limited reliability
under unseen operating configurations, channel-loading patterns,
and device variations. In this paper, we propose a physics-guided
Fourier Kolmogorov-Arnold Network (FourierKAN) framework
for accurate and generalizable EDFA gain spectrum modeling.
The proposed method constructs a physics-derived baseline gain
spectrum from the target gain and tilt settings, and then uses
FourierKAN to learn the residual spectral ripple on activated
channels. A two-stage transfer-learning strategy is further intro-
duced to adapt the model from a large-scale source EDFA dataset
to the target domain with limited measurements. Experimental
results on a real-world EDFA dataset show that the proposed
method achieves an overall mean absolute error (MAE) of 0.097
dB, corresponding to an 89% error reduction compared with
a deep neural network transfer-learning baseline. For unseen
operating configurations, the proposed method achieves an MAE
of 0.105 dB and reduces the error by 91%, demonstrating
strong generalization capability. Ablation studies further verify
the effectiveness of the physics-guided residual formulation,
the FourierKAN backbone, and the two-stage transfer-learning
workflow. These results indicate that incorporating physical
knowledge into machine-learning-based EDFA modeling can
significantly improve both modeling accuracy and generalization
performance.

Index Terms—Digital twin, erbium-doped fiber amplifier, gain
spectrum modeling, FourierKAN, machine learning, optical net-
works, transfer learning.
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I. INTRODUCTION

The exponential growth of data-intensive technologies such
as large language models (LLMs) and cloud computing im-
poses increasing demands on the capacity of optical net-
works [1]. To enhance network capacity and fully exploit
reserved network margins, numerous intelligent management
and control strategies have been proposed and extensively
investigated [2]-[5]. These strategies heavily rely on digital
twins (DTs) of optical networks, which can dynamically
reflect the real-time state and physical information to support
intelligent network management and control [6], [7]. Conse-
quently, establishing an accurate DT based on physical-layer
data is critical to the efficient and intelligent management of
autonomous optical networks [8]. Within this context, con-
structing a DT for the erbium-doped fiber amplifier (EDFA)
is particularly crucial. As a widely deployed amplification
component, the EDFA directly determines the amplified spon-
taneous emission (ASE) noise introduced during signal trans-
mission. It also significantly affects the optical power evolution
along the transmission link, which dictates the magnitude of
fiber nonlinear interference [9]. These factors constitute the
primary impairments in long-haul optical transmission sys-
tems [10], which means that the precision of EDFA modeling
directly determines the accuracy of quality-of-transmission
(QoT) estimation [11], [12].

However, modeling the EDFA gain profile remains a highly
challenging issue in the development of reliable DT mod-
els [13]. A straightforward solution is to describe the EDFA
through physical models, such as the Giles model [14].
However, building an accurate EDFA model based on purely
physical mechanisms is almost infeasible for commercial
devices. First, the key erbium-doped fiber (EDF) parameters,
such as the absorption and emission cross sections and dop-
ing concentration, are generally unavailable from commercial
amplifier products. Second, the amplifier behavior is governed
by multiple coupled physical effects, such as spectral hole
burning (SHB), excited-state absorption, homogeneous upcon-
version, and component aging, which makes the theoretical
characterization of the wavelength-dependent gain response
highly complicated [15]. In addition, practical EDFAs usually
incorporate internal control algorithms and electronic feedback
mechanisms. These mechanisms reshape the pump power and
gain dynamics under different operating conditions, while their
effects are difficult to decouple from the intrinsic optical



amplification process.

Therefore, machine learning (ML) techniques have been
widely adopted to improve the accuracy of EDFA modeling.
In [16], a neural-network-based EDFA gain model is proposed
to learn the nonlinear mapping between the input power pro-
file, amplifier operating conditions, and wavelength-dependent
gain spectrum, demonstrating improved prediction accuracy
compared with conventional analytical models. In [17], an
ML-based EDFA gain model generalizable to multiple physi-
cal devices is investigated by training the model with measure-
ment data collected from different EDFAs, showing enhanced
robustness against device-to-device variations. In [18], an open
EDFA gain spectrum dataset is released and benchmarked with
several data-driven modeling methods, providing a common
basis for evaluating EDFA gain prediction accuracy and cross-
device generalization. In [19], a generalized transfer learning
architecture is proposed for EDFA gain spectrum modeling,
where a pretrained model is adapted to unseen EDFAs with
only a small number of target-device samples. In [20], ML-
based EDFA models are further incorporated into a cascaded
learning framework for multi-span optical power spectrum
prediction, enabling system-level modeling across multiple
fiber spans and EDFAs.

Nevertheless, most existing ML-based approaches require
large amounts of training data, which are difficult to acquire
for each EDFA in practical deployment scenarios due to
the constraints of measurement time and test equipment. In
addition, their generalization to unseen operating configura-
tions is not sufficiently guaranteed. When the input power
profile, gain setting, or channel loading condition deviates
from the training distribution, the prediction error may increase
and degrade model reliability. To overcome these limitations,
physical knowledge has been introduced into ML-based EDFA
modeling. Physics-guided schemes [21]-[23] have been shown
to improve data efficiency, modeling accuracy, and generaliza-
tion capability. Therefore, incorporating physical knowledge
into advanced ML modeling frameworks is regarded as a
promising solution to the remaining challenges in EDFA gain
modeling.

In this paper, we propose a physics-guided framework for
accurate and generalizable EDFA gain spectrum modeling. A
physics-derived baseline gain spectrum is constructed from
the EDFA gain and tilt settings to provide a physically
meaningful estimate of the global gain profile. Moreover, a
Fourier Kolmogorov-Arnold Network (FourierKAN) [24], [25]
is employed to predict the residual ripple with respect to this
baseline. FourierKAN uses learnable sinusoidal basis functions
as nonlinear activations, which is well suited for modeling
continuous gain spectra and localized nonlinear effects [25],
such as SHB. Transfer learning is further introduced to adapt
the model to device-specific EDFA responses using limited
data, thereby improving modeling accuracy and practical ap-
plicability.

On a real-world EDFA dataset covering aging, SHB effects,
and unseen operating configurations [26], experimental results
demonstrate that the proposed method achieves a mean ab-
solute error (MAE) of 0.097 dB, corresponding to an 89%
error reduction compared with an established transfer learning
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baseline [18]. For the unseen subset, the proposed method
achieves an MAE of 0.105 dB, reducing the error by 91% over
the same baseline. These results confirm the high modeling
accuracy and strong generalization capability of the proposed
framework. Further ablation studies verify the effectiveness of
the physics-guided residual modeling, the FourierKAN-based
network structure, and the two-stage transfer learning strategy.
Notably, the proposed method ranked first in the OFC 2026
Machine Learning Challenge [26], and the source code has
been publicly released in a GitHub repository.

The rest of the paper is organized as follows. Section II
presents the proposed modeling framework, including the
physics-guided formulation, the FourierKAN-based architec-
ture, and the two-stage transfer learning strategy. Section III
describes the experimental setup. Section IV presents the ac-
curacy comparisons, ablation studies, and further discussions.
Finally, Section V concludes the paper.

II. PRINCIPLE
A. Modeling Framework and Physics-Derived Baseline

As shown in Fig. 1(a), the proposed framework is designed
to model the EDFA gain spectrum over a 95-channel WDM
system. For the i-th operating state, the input features include
the target gain setting g;, the target gain tilt 7;, the total input
and output powers, the input spectrum, the activated-channel
mask, and device descriptors such as EDFA type and device
index, consistent with prior EDFA gain spectrum learning
tasks [16], [18], [23]. The desired output is the channel-wise
gain spectrum.

G; =[Gi1,Giz2,...,Gigs), (D

where only activated channels are used for training and
evaluation [18], [23]. We denote the binary activated-channel
mask by m;, with m; ; = 1 if the j-th wavelength channel is
active and m; ; = 0 otherwise. In contrast to component-level
models that train one network per EDFA, our objective is a
single global spectrum mapping model shared across EDFA
types, device indices, channel-loading patterns, and operating
states, which is aligned with cross-device EDFA modeling and
few-shot adaptation studies [17]-[19].

The physics-derived baseline is constructed from the target
gain and tilt settings, which specify the dominant control
objective of the EDFA gain spectrum. For a commercial EDFA
operating in automatic gain control (AGC) mode, the pump
power is dynamically adjusted so that the monitored average
gain tracks the prescribed target gain [27]. In addition, the gain
flattening filters (GFFs) and other passive components shape
the static wavelength-dependent response of the amplifier [28].
These mechanisms provide a physical basis for decomposing
the measured gain spectrum into a dominant baseline term and
a residual spectral correction.

Specifically, following the widely used EDFA model in [29],
the signal propagation in the EDF can be described as

= pF)\ [Ue,)\NQ(Z) — Ua,)\Nl(Z)} — g, (2)


https://github.com/yukangZhuu/ofc_ml.git
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Fig. 1: Physics-guided gain spectrum modeling for an EDFA digital twin. (a) Physics-derived baseline and FourierKAN residual
branches are combined with activated-channel masking to predict the gain spectrum. (b) FourierKAN layer for residual-ripple
modeling. (¢) Two-stage training with COSMOS-EDFA pretraining and OFC/Kaggle fine-tuning.

where p is the Er3* ion concentration, «s denotes the back-
ground signal loss, o4\ and o ) are the absorption and
emission cross sections at wavelength A, and I"y is the signal
overlap factor. The terms N;(z) and N(z) represent the
fractional populations of the lower and upper energy levels
at the fiber position z, respectively, which are determined by
the local signal and pump powers. For a two-level EDFA
model [14], these populations satisfy N1(z) + Na(z) =

Substituting N1 (z) = 1— Na(z) into Eq. (2) and integrating
along the EDF length of the s-th stage, denoted as L, yields
the gain in the dB domain as

GEBE( ) A()‘)Xs + B()‘)Lsa (3)
where
/ M
A(N) = mp U (Gex +0an), )
10
B(\) = “Inio (PTATa + ) .

Eq. (3) indicates that the EDF gain spectrum is controlled
by a single scalar state variable x,, while A(\) and B(\) are
fixed spectra determined by the erbium fiber parameters, which
is consistent with the gain spectrum representation derived
in [21].

For a multi-stage EDFA, the cascaded gains and the in-
sertion responses of static components are additive in the dB
domain. Denoting the static wavelength-dependent response
after the s-th stage as Lossg()\), the overall gain is

Goveran(A) = > [A(A)xs + B(\)Ls + Loss, (V)] . (5)
s=1
Assuming that the EDFs in different stages of the amplifier
have the same specifications, A(\) and B(\) are shared by
all stages. Therefore, Eq. (5) can be simplified as

Goverall()\) = A()\)k + C(A)7 (6)

where

k= Z;X A) Z; L+ Z_;Losss()\). 7)

Here, k represents a global scalar state variable of the cas-
caded EDFs, while C'()) collects all wavelength-dependent
static contributions. Hence, the GFF, couplers, isolators, fixed
attenuators, and other passive elements are folded into the
intercept spectrum C'(\).

In AGC mode, the pump current is adjusted until the
channel-averaged gain equals the target gain g;. This control
condition can be written as

60verall = Zkz + 6 = i, (8)



which gives o
gi—C
ki = ——. 9
i €))
Substituting Eq. (9) into Eq. (6), the gain at the j-th wave-
length channel becomes
A\))

Goverall ()\7) = Z

When tilt control is enabled, the target gain command becomes
wavelength dependent. For the 95-channel band considered in
this work, it is written as

g; + C()\j) - %6

(10)

48 — j

D) =g+ Ti—2 j=1,... 11
gi(Nj) = gi + 7, ol J (1)

where 7; denotes the target tilt. By replacing g; in Eq. (10)

with the channel-dependent command g;();), we obtain

Goverall(>\j) - A(Z)\j) C()\j) — %6

,95,

9i(Aj) +

By subtracting and adding g;();), the measured gain of the
i-th sample at the j-th channel can be decomposed as

12)

(13)

The two correction terms that remain after subtracting the
commanded gain profile have clear physical interpretations.
The first correction is governed by A(A-f#, which quantifies
the deviation of the local gain from its band-averaged value.
For a well-balanced EDF spectral response, this deviation
is expected to remain close to zero. The second correction,
C(Aj) — A%‘f )6, represents the remaining static spectral re-
sponse after the band-averaged AGC constraint is imposed. In
a well-designed commercial EDFA, this wavelength-dependent
offset is expected to be suppressed by the GFF and other static
spectral-shaping elements. However, it cannot be completely
eliminated in practice due to manufacturing tolerances, fixed
component responses, variable optical attenuator (VOA) de-
viations, aging, and the nonideal assumptions adopted in the
above derivation.

Based on these observations, the two correction terms are
defined as the residual spectral component r; ;, which captures
the device-specific deviation beyond the commanded gain
profile. Accordingly, the baseline gain spectrum is defined as
B 48 — 3
=9gi+ T 91

Consequently, the baseline G?f;se represents the first-order
gain profile directly specified by the amplifier control system
through the target gain and tilt settings. The remaining differ-
ence between the measured gain and this commanded profile is
treated as a residual spectral correction. To account for invalid
or unloaded channels, the residual is defined in a masked form
as

base
G5 (14)

Tij = My j (Gi,j - GR?SE) , (15)
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where G; ; is the measured gain and m; ; denotes the channel-
validity mask. This residual contains the device-specific spec-
tral deviations that are not represented by the two global
settings g; and 7;. Additional contributions may arise from
unequal inversion redistribution among cascaded EDF stages,
inter-stage saturation differences, SHB effects, and channel-
loading-dependent operating-point variations. Since these ef-
fects are generally smooth in wavelength or limited in mag-
nitude, the residual spectrum is well suited to a compact
smooth function approximator, which motivates the Fourier-
basis residual model introduced in the next subsection.

With the physics-derived baseline, the gain prediction is
parameterized as a residual correction to Eq. (14), rather than
as a direct regression of the absolute gain spectrum. Given
the encoded EDFA operating conditions, the FourierKAN
residual-ripple model predicts the masked residual #; ;. The
final gain estimate is then reconstructed as

Gi,j = mi’j (GE?Se + fi’j) . (16)

Under this formulation, the physics-derived baseline corre-
sponds to the zero-residual solution, while the FourierKAN-
based residual model learns the remaining wavelength-
dependent deviations.

B. FourierKAN-Based Residual-Ripple Modeling

The residual correction in Eq. (15) is learned by the
FourierKAN-based model shown in Fig. 1(b). KANs replace
fixed nodal activations with learnable function representa-
tions, and Fourier-parameterized variants provide compact
sinusoidal transformations for modeling structured spectral
variations [25]. In the proposed model, scalar operating quan-
tities are standardized, categorical device descriptors are one-
hot encoded, and both the input spectrum and the activated-
channel mask are included in the feature encoding. The en-
coded feature vector is then processed by stacked FourierKAN
layers and a linear prediction head to generate the channel-
wise residual estimate 1;. For an input hidden representation h,
each FourierKAN layer first applies an affine transformation
and then augments the transformed features using learnable
sinusoidal basis functions,

z=Wh+b,

3 )
P(z) =z + Z (ax © sin(kz) + cx © cos(kz)),
k=1

where K is the number of retained Fourier frequencies and
® denotes element-wise multiplication. Here, a; and cj are
learnable Fourier coefficients. Each block applies the Fourier-
KAN transformation followed by normalization, nonlinear
activation, and dropout. Residual projections between adja-
cent blocks preserve low-order information, while the Fourier
basis terms provide a compact representation for smooth
wavelength-dependent residual corrections. This structure is
well suited to modeling gain ripples and localized spectral
deviations associated with SHB, channel-loading interactions,
aging-induced drift, and other device-specific nonlinear re-
sponses. Related Fourier features and sinusoidal activations
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have also been shown to improve neural representations of
frequency-rich signals [30], [31].

The model parameters are optimized using the masked
mean-squared error between the predicted residual and the
supervised residual target,

95 . 2
i 2y i [P — il
- 95
i j=1",5
The mask removes inactive channels from the loss cal-
culation, which is consistent with the physical meaning of

channel loading and with the evaluation protocol adopted in
prior EDFA gain spectrum benchmarks [18], [23].

£(9)

(18)

C. Two-Stage Transfer Learning

The same residual-ripple formulation is adopted in the two-
stage transfer-learning workflow shown in Fig. 1(c). In the first
stage, the model is pretrained on the large-scale COSMOS-
EDFA dataset [18] after converting the data into a unified
feature and label schema. This stage is intended to capture
general gain spectrum regularities across heterogeneous EDFA
types, device instances, operating configurations, and input
spectral profiles. In the second stage, the pretrained model
is fine-tuned on the OFC/Kaggle [26] target domain using a
smaller learning rate, which allows the learned mapping to be
moderately adjusted to the EDFA devices and operating states
represented by the limited target-domain measurements. This
two-stage strategy separates broad EDFA spectral learning
from target-domain calibration. Specifically, large-scale pre-
training provides a transferable initialization for gain spectrum
modeling, while fine-tuning performs small device-specific
updates with regularization techniques such as dropout to help
reduce overfitting on the small target dataset. Following the
standard source-to-target transfer-learning paradigm and recent
EDFA-specific transfer studies [18]-[20], the proposed work-
flow supports effective and robust adaptation under limited
labeled measurements.

III. EXPERIMENTAL SETUP
A. Datasets

Two EDFA gain spectrum datasets were used to evaluate
the proposed modeling strategy. The COSMOS-EDFA dataset
was used as the source domain for pretraining, whereas the
OFC/Kaggle dataset was used as the target domain for fine-
tuning and testing.

COSMOS-EDFA  Dataset. The COSMOS-EDFA
dataset [18] was adopted as the large-scale source dataset. It
contains 202,752 gain spectrum measurements collected from
16 commercial-grade ROADM booster and pre-amplifier
EDFAs. The measurements cover a wide range of gain
settings and channel-loading conditions, with each loading
configuration measured repeatedly under different input
power levels. In this work, we selected the subset with a
target gain of 18 dB to align the source-domain gain range
with that of the target dataset and to represent a commonly
used EDFA gain setting in practical optical systems. This
selection resulted in 41,440 samples, which were further

divided into training and validation sets with a 95% to 5%
ratio for pretraining.

OFC/Kaggle Dataset. The OFC/Kaggle dataset [26] was
used as the target dataset. It contains gain spectrum measure-
ments from multiple EDFAs under different channel-loading
scenarios, where the measured responses include practical
nonidealities such as aging-induced drift and SHB-related
spectral variations. The dataset is designed to reflect data-
scarce deployment conditions, where only a small fraction of
labeled samples is available for model training. Specifically,
the train-to-test ratios range from 2:13 to 1:32. Several op-
erating configurations are present only in the test set, which
introduces unseen cases and further increases the difficulty of
generalization. After data cleaning and removal of abnormal
samples, only 473 valid samples were retained for fine-tuning
and then divided into training and validation sets with a
95% to 5% ratio. The final test set contains 21,056 samples
covering aging-related effects, SHB-related effects, and unseen
operating configurations.

B. Experimental Design

The experiments consist of one main comparison and three
ablation studies. Unless otherwise specified, all learned models
follow the two-stage pretraining and fine-tuning workflow
described in Section II. They are trained with the masked
objective in Eq. (18) using the physics-derived baseline gain
spectrum in Eq. (14).

Main experiments. The proposed model is evaluated
against two reference methods under the same preprocessing
and evaluation protocol. The first reference is a deep neural
network (DNN) transfer-learning baseline based on the estab-
lished dense EDFA gain model reported in [18]. In the original
study, a component-level fully connected network is trained
for each EDFA, and transfer learning is performed separately
from a source EDFA model to each target EDFA model using
limited target-domain measurements. The network employs
batch normalization and ELU activations, and directly predicts
the absolute gain spectrum. For a fair comparison in our
global-model setting, we adapt the dense architecture to the
same input schema and two-stage training workflow as the
proposed model, while preserving its absolute-gain prediction
target. This design allows the proposed FourierKAN residual
model to be compared with a representative DNN transfer-
learning approach for EDFA gain spectrum modeling. The sec-
ond reference is the physics-derived baseline, which directly
outputs Eq. (14) without any learned residual correction. This
baseline corresponds to the zero-residual case of the proposed
formulation and quantifies the gain obtained from learning the
residual ripple.

Ablation studies. The ablation studies quantify the contri-
bution of the main components of the proposed framework.
Each variant is derived from the full configuration by mod-
ifying one design factor at a time. First, the physics-guided
formulation ablation removes the physics-derived baseline
and directly regresses the absolute gain spectrum, thereby
evaluating the role of residual-gain learning. Second, the
architecture ablation replaces the FourierKAN backbone with



same-capacity multilayer perceptron (MLP), one-dimensional
convolutional neural network (CNN), and Transformer encoder
backbones while keeping the residual-learning formulation
unchanged. Third, the transfer-learning ablation compares the
full two-stage workflow with three alternatives: direct transfer
without target-domain fine-tuning, target-only training from
scratch, and single-stage training on the combined source and
target datasets.

C. Implementation Details

The proposed FourierKAN residual-ripple model uses five
hidden layers with widths (256,256,128,128,128), K = 4
Fourier frequencies, dropout of 0.2, and residual projec-
tions between consecutive blocks. Unless otherwise stated, all
learned models use the same feature preprocessing, activated-
channel mask, masked mean-squared-error (MSE) objective,
and 5% validation split. The learning rate is scheduled by
ReduceLROnPlateau with a reduction factor of 0.5, patience
of 10 validation checks, and minimum learning rate of 107,
Early stopping is applied according to the validation loss.
The detailed hyperparameters used in the pretraining and fine-
tuning stages are summarized in Table I.

TABLE I: Training Hyperparameters.

Setting Pretraining Fine-tuning
Dataset COSMOS-EDFA  OFC/Kaggle
Optimizer Adam AdamW
Learning rate 1x 1073 2x10~4
Weight decay 1x107% 5x 1073
Batch size 256 64
Maximum epochs 500 500
Early-stopping patience 80 epochs 60 epochs
Validation interval 2 epochs 1 epoch
Gradient clipping 1.0 1.0
Loss masked MSE masked MSE

The DNN baseline uses hidden widths (256, 128,128, 128)
with batch normalization and ELU activation. It directly pre-
dicts the absolute gain spectrum and follows the same two-
stage training protocol. Since this baseline contains batch-
normalization layers, the fine-tuning stage freezes both the
batch-normalization statistics and affine parameters to avoid
unstable updates from the small target-domain dataset. In
addition, the trailing incomplete mini-batch is dropped in both
stages to avoid unreliable batch-statistic estimates. Its gradient
clipping threshold is set to 3.0, following the training setting
in [18].

For the architecture ablation, the FourierKAN backbone is
replaced with three alternative architectures while keeping the
remaining training pipeline unchanged. The MLP baseline uses
the same hidden widths as the proposed model. The CNN
baseline uses channel widths (64, 96,128, 160) with a kernel
size of 7. The Transformer baseline uses a model dimension
of dodqel = 96, four attention heads, four encoder layers, and
a feed-forward dimension of 192.
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IV. RESULTS AND DISCUSSION

A. Training Process

Fig. 2 shows the pretraining and fine-tuning loss curves
for a representative run with a random seed of 48. In both
stages, the training and validation losses decrease rapidly
and remain stable, indicating effective optimization under the
adopted settings. Pretraining reaches the maximum number of
500 epochs, whereas fine-tuning converges after approximately
150 epochs.

During pretraining, the validation loss is slightly lower
than the training loss. This behavior is mainly attributed to
dropout, which is applied only during training to mitigate
overfitting. Since dropout randomly deactivates a fraction of
neurons during training but is disabled during validation, the
validation loss can be lower because the full network is
used for prediction. During fine-tuning, the validation loss
in Fig. 2(b) is slightly higher than the training loss. This
difference is mainly attributed to the limited size of the fine-
tuning dataset, from which an even smaller validation subset is
separated. Consequently, the validation loss is more sensitive
to the random data split. Runs with other random seeds also
show cases where the validation loss is slightly lower than
the training loss, confirming that these small differences are
consistent with the stochastic nature of the split and training
process.

Pretrain
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% ’ Validation loss
= |
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Fig. 2: Loss curves during the network training process: (a)
pretraining stage and (b) fine-tuning stage (with random seed
48).
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B. Modeling Performance Comparison

To evaluate the modeling accuracy, the proposed method
is compared with the DNN baseline and the physics-derived
baseline. As described above, both the proposed model and the
DNN baseline are trained using the same two-stage workflow,
including source-domain pretraining and target-domain fine-
tuning, and are then tested on the target-domain test subsets.
All learning-based methods are independently trained with
four different random seeds. The resulting test errors are
summarized in Fig. 3. The aging, SHB, and unseen subsets are
shown with different colors, while the overall results are com-
puted over all target-domain test samples. Each bar represents
the mean test error over four independent runs, and the error
bar denotes the corresponding standard deviation. Since the
physics-derived baseline is deterministically calculated from
the target gain and target tilt, it does not involve random
initialization or stochastic training, resulting in zero standard
deviation over repeated runs.
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0.801 mmm Overall
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Fig. 3: Modeling performance across test subsets. (a) MAE
and (b) RMSE for the proposed model, DNN baseline, and
physics-derived baseline.

As shown in Fig. 3, the proposed method achieves the best
overall accuracy among the three methods, with an MAE of
0.097 dB and an RMSE of 0.111 dB. Compared with the
DNN baseline, which obtains an overall MAE of 0.883 dB
and an RMSE of 1.247 dB, the proposed method reduces the
MAE and RMSE by 89% and 91%, respectively. Compared
with the physics-derived baseline, which obtains an overall
MAE of 0.465 dB and an RMSE of 0.471 dB, the proposed
method further reduces the MAE and RMSE by 79% and
76%, respectively. These results demonstrate that the proposed

strategy provides substantially higher accuracy for EDFA gain
spectrum prediction.

It is also worth noting that the DNN baseline achieves
accuracy comparable to the proposed method on the aging
and SHB subsets. However, its error increases significantly on
the unseen subset, where both the MAE and RMSE exceed
1 dB. This degradation dominates its overall performance
and indicates limited generalization to EDFA configurations
that are not covered by the target-domain fine-tuning data.
This behavior can be attributed to the fact that the DNN
baseline directly regresses the absolute gain spectrum in a
purely data-driven manner, without using a physics-based prior
to constrain the low-order gain trend. In contrast, the proposed
method incorporates the analytical gain and tilt baseline as
prior information, such that the neural network mainly learns
the residual wavelength-dependent correction. As a result, the
proposed method shows only a slight error increase on the
unseen subset, with an MAE of 0.105 dB and an RMSE of
0.118 dB. Compared with the DNN baseline, these results
correspond to error reductions of 91% and 92% in MAE
and RMSE, respectively. This demonstrates that the proposed
model achieves high modeling accuracy while substantially
improving the generalization capability for EDFA gain spec-
trum prediction.

C. Per-Channel Modeling Performance

The per-channel error distribution is further analyzed to
assess whether the predicted gain spectra remain reliable
across the 95 WDM channels. Fig. 4 compares the proposed
model with the DNN baseline in terms of the channel-wise
median absolute error and the 95th-percentile absolute error.
The former characterizes the typical prediction accuracy at
each wavelength channel, while the latter corresponds to
the boundary of the shaded region and reflects the error
distribution.

For the aging and SHB subsets in Fig. 4(a) and Fig. 4(b),
both models achieve relatively small median errors over most
active channels. Nevertheless, the proposed model shows a
lower 95th-percentile upper boundary for most wavelength
channels, indicating that large-error events are effectively
suppressed at individual channels. The shaded region of the
proposed model is also generally more concentrated, which
suggests a more stable error distribution across different
samples. This improvement is consistent with the proposed
residual formulation, where the physics-derived baseline cap-
tures the smooth gain and tilt trend, while the FourierKAN
branch learns the remaining wavelength-dependent correction
associated with device condition, SHB, and channel-loading
effects.

The advantage of the proposed model becomes more evident
on the unseen subset in Fig. 4(c). The average channel-wise
median error is reduced from 1.063 dB for the DNN baseline
to 0.073 dB for the proposed model, while the mean upper-
envelope error, measured by the 95th percentile, decreases
from 2.124 dB to 0.234 dB. The larger high-percentile error of
the DNN baseline indicates that direct absolute-gain regression
becomes poorly calibrated when the operating configuration



oo

Per-channel absolute error: aging

— Proposed median DNN median
o 041
S
S 021
L
e A Ry
OO 1 T T T T
1 20 40 60 80 95
WDM channel index (1-95)
(a)
Per-channel absolute error: unseen
2 — Proposed median DNN median
i)
S 14
L
0 I T T T T
1 20 40 60 80 95
WDM channel index (1-95)

(c)

JOURNAL OF LIGHTWAVE TECHNOLOGY, VOL. XX, NO. XX, JULY 2026

Per-channel absolute error: SHB

0.4
— Proposed median DNN median
o 0.3 1
S,
=§ 0.2
w 0.1 N
A——AA Sl A
0.0 T . : :
1 20 40 60 80 95
WDM channel index (1-95)
(b)

04 Per-channel absolute error: overall

— 031 — Proposed median DNN median

O1_M——--—WMM

1 20 40 60 80 95
WDM channel index (1-95)
(d)

Fig. 4: Per-channel absolute error to the measured gain spectra for (a) aging, (b) SHB, (¢) unseen, and (d) overall test subsets.
Solid curves denote the channel-wise median absolute error, and the shaded regions denote the 5th-95th percentile error

envelope.

deviates from the fine-tuning distribution. In contrast, the
proposed model is anchored by the target gain and tilt baseline,
which constrains the low-order spectral trend and leaves only
the residual ripple to be learned. This formulation improves
robustness under unseen channel-loading and device condi-
tions. Over the overall test set, the proposed model reduces the
average 95th-percentile error from 2.099 dB to 0.221 dB. This
result indicates that the proposed strategy improves the overall
modeling accuracy. More importantly, it suppresses the upper
tail of the per-channel error distribution, thereby reducing the
occurrence of large errors at individual wavelength channels.

D. Ablation Studies

The preceding results demonstrate that the proposed model
improves the overall prediction accuracy, generalizes well
to unseen operating configurations, and provides reliable
channel-wise performance. To further verify the effectiveness
of each key component in the proposed framework, abla-
tion studies are conducted from three perspectives. First, the
physics-based residual formulation is examined to determine
whether it reduces the extrapolation burden under unseen
configurations. Second, the FourierKAN backbone is evaluated
to verify its ability to represent wavelength-dependent spectral
ripple. Third, the two-stage transfer-learning workflow is an-
alyzed to assess whether it effectively separates broad EDFA
spectral learning from target-domain calibration.

1) Physics-based formulation: Fig. 5 evaluates the contri-
bution of the physics-derived baseline and the residual-ripple

Physics Ablation: MAE
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1.001 B SHB
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Fig. 5: Ablation of the physics-based residual formulation
grouped by test subset. (a) MAE and (b) RMSE obtained with
(w/) and without (w/o) the physics-based residual formulation.



QIU et al.: A PHYSICS-GUIDED LEARNING FRAMEWORK FOR ACCURATE AND GENERALIZABLE EDFA GAIN SPECTRUM MODELING WITH FOURIERKAN 9

learning formulation. When the same FourierKAN backbone
is trained to directly regress the absolute gain spectrum, the
overall MAE increases from 0.097 dB to 0.806 dB, and the
overall RMSE increases from 0.111 dB to 1.212 dB. The
degradation is most pronounced on the unseen subset, where
the MAE increases from 0.105 dB to 1.049 dB. By contrast,
the aging and SHB subsets show a smaller performance gap
between the two target formulations, suggesting that direct
absolute-gain regression can still interpolate partially observed
device conditions but becomes much less reliable under unseen
operating configurations.

These results confirm that the physics-based residual for-
mulation is the main source of the improved generalization
capability. Without baseline subtraction, the neural network
must jointly learn the commanded gain level, the gain-tilt
slope, and the wavelength-dependent residual ripple from lim-
ited target-domain data. This creates a difficult extrapolation
problem when the input power profile, channel-loading pattern,
or device condition deviates from the fine-tuning distribution.
With residual-ripple learning, the deterministic gain and tilt
trend is removed from the learning target, so the model only
needs to estimate a smaller correction around the physics-
derived baseline. The severe degradation on the unseen subset
after removing this formulation indicates that the baseline is
not merely a numerical offset. Instead, it provides a physical
reference that stabilizes prediction outside the observed target-
domain configurations.

Architecture Ablation: MAE
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Fig. 6: Architecture ablation results: (a) MAE and (b) RMSE
for the proposed FourierKAN residual-ripple model, MLP,
CNN, and Transformer backbones.

2) Architecture comparison: To evaluate the effect of
the neural network architecture, the proposed FourierKAN
residual-ripple model is further compared with MLP, CNN,

and Transformer variants under the same physics-based resid-
ual formulation and two-stage training protocol. The resulting
prediction accuracy is summarized in Fig. 6. The proposed
model achieves the lowest overall MAE and RMSE of 0.097
dB and 0.111 dB, respectively. The same-width MLP is the
closest alternative, with an overall MAE of 0.107 dB and an
RMSE of 0.123 dB, corresponding to moderate reductions of
9% in MAE and 10% in RMSE. The CNN and Transformer
baselines show larger errors, with overall MAEs of 0.167 dB
and 0.222 dB, respectively. Compared with the ablation of
the physics-based formulation, the architecture-dependent gap
is smaller. This suggests that the target formulation primarily
determines whether the learning problem is well conditioned,
while the backbone further affects how accurately the residual
ripple can be represented.

The relatively small gap between FourierKAN and the
same-width MLP indicates that the physics-based residual for-
mulation has already simplified the learning problem. Fourier-
KAN should therefore be viewed as a complementary back-
bone rather than the primary source of the performance gain.
Its role is to provide a moderate but consistent improvement
in residual-spectrum approximation under the physics-based
formulation.
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Fig. 7: Ablation results of different training strategies. (a)
MAE and (b) RMSE obtained with the full two-stage work-
flow, source-only pretraining without fine-tuning, target-only
training without pretraining, and joint training on the combined
source and target datasets.

3) Training strategy: To assess the contribution of the
transfer-learning workflow, the full two-stage strategy is com-
pared with three alternative training strategies. The corre-
sponding prediction accuracy is summarized in Fig. 7. When
target-domain fine-tuning is removed, the overall MAE in-
creases to 0.224 dB, indicating that source-domain pretraining



alone cannot fully compensate for the mismatch between
COSMOS-EDFA and the OFC/Kaggle target domain. When
the model is trained only on the target dataset without COS-
MOS pretraining, the overall MAE and RMSE further increase
to 0.335 dB and 0.903 dB, respectively. This degradation
reflects the instability caused by the limited amount of target-
domain training data. Joint training on the union of the two
datasets is more competitive, with an overall MAE of 0.113
dB and an RMSE of 0.127 dB, but it still underperforms the
proposed sequential pretraining and fine-tuning workflow.
These results show that the two stages provide complemen-
tary benefits. Pretraining on the large source-domain dataset
enables the model to learn general EDFA spectral charac-
teristics from a broad distribution of operating conditions,
including the relationships among input power spectra, channel
loading, and residual gain ripple. However, this source-domain
representation still requires calibration using the small target-
domain dataset, since the target domain contains device-
specific responses and operating-condition-dependent effects
that are not fully covered by the source distribution. In con-
trast, target-only training does not provide sufficient labeled
samples to learn a stable residual mapping, while joint training
may be biased toward the larger source-domain distribution
and does not explicitly prioritize target-domain adaptation.
The sequential workflow therefore provides a more effective
transfer-learning strategy. Source-domain pretraining estab-
lishes a broad spectral representation, while target-domain
fine-tuning calibrates this representation to the target devices
and operating regimes. This combination enables more accu-
rate EDFA gain modeling under limited target-domain data.

V. CONCLUSION

In this paper, we proposed a physics-guided FourierKAN
framework for accurate and generalizable EDFA gain spectrum
modeling. Based on the mathematical derivation of the EDFA
gain response under AGC and tilt-control mechanisms, the
measured gain spectrum is decomposed into a physically
meaningful baseline and a residual spectral component. The
baseline is determined by the target gain and tilt settings,
and represents the dominant gain profile commanded by the
amplifier control system. The residual term is centered around
zero and captures complex physical effects and practical
nonidealities that cannot be represented by the baseline alone.
A FourierKAN-based residual-ripple model is then trained
with a two-stage transfer learning strategy to achieve accurate
and data-efficient residual modeling.

Experiments on a real-world EDFA dataset show that
the proposed method achieves 0.097 dB overall MAE and
maintains stable performance under unseen operating config-
urations, outperforming both data-driven and physics-derived
baselines. Ablation studies further verify the effectiveness of
the physics-based residual formulation, FourierKAN model-
ing, and transfer learning strategy. These results demonstrate
the potential of the proposed framework for accurate EDFA
DT construction in QoT estimation and autonomous optical
network management. They also confirm the feasibility of
incorporating physical knowledge into data-driven modeling
methods to improve both accuracy and generalization.
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