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Abstract—This paper proposes MDN-ResKAN to model Q-

factor distributions for reliable QoT estimation under 

imbalanced deployed-network data. It reduces nominal RMSE 

by 32.5% and achieves >97% anomaly recall on a field-deployed 

WDM testbed. 
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I. INTRODUCTION 

Digital twins (DTs) are emerging as a key enabler for 
intelligent optical-network operation, supporting service 
provisioning, resource optimization, failure management, and 
lifecycle management [1], [2]. Within a DT, quality-of-
transmission (QoT) estimation is one of the core physical-
layer modeling functions, since it estimates whether a 
candidate network configuration can satisfy transmission 
requirements before being deployed. Physics-based models, 
such as the Gaussian-noise (GN) model, provide analytical 
QoT estimates [3], but their accuracy in deployed systems is 
often limited by uncertain or time-varying parameters, 
especially span and connector insertion losses [4]. Data-driven 
machine-learning (ML) models have therefore been widely 
studied to learn the mapping from network configurations, 
including erbium-doped fiber amplifier (EDFA) gains and tilts, 
to QoT metrics from measured data [5], [6]. 

Despite these advances, reliable QoT estimation remains 
challenging in field-deployed optical networks. Operational 
data are usually highly imbalanced: most records correspond 
to nominal transmission states, whereas low-Q samples are 
rare but critical for service assurance. Such samples can arise 
from anomalous QoT fluctuations, device drift, measurement 
noise, or transient impairments [7], and missing them may 
lead to overly optimistic provisioning or delayed failure 
response [8], [9]. A deterministic estimator trained with 

squared-error loss must represent nominal and abnormal 
responses using a single prediction function. As a result, rare 
low-Q samples can either be smoothed into the nominal trend 
or, when their deviations are large, distort the nominal QoT 
estimate. 

Recent efforts have improved the reliability of QoT 
modeling from several directions, including active input 
refinement for uncertain physical parameters [4], lifelong QoT 
prediction under network evolution [10], and bias mitigation 
in ML-based QoT estimation [11]. However, these works 
mainly address parameter uncertainty, temporal adaptation, or 
performance imbalance from the viewpoint of prediction 
accuracy. The joint problem of preserving nominal-sample 
QoT estimation while explicitly detecting rare low-Q states 
remains less explored. This motivates a probabilistic QoT 
model that can separate the nominal and low-Q response 
modes rather than forcing them into one deterministic output. 

In this paper, we propose a mixture-density-based QoT 
estimation framework for imbalanced data from deployed 
optical networks. For each measured wavelength-division 
multiplexing (WDM) channel, the model represents the 
conditional Q-factor distribution by a two-component 
Gaussian mixture, where the mixture expectation provides the 
QoT estimate and the lower-mean component weight gives an 
intrinsic anomaly score [12]. A lightweight ResKAN encoder 
is used to extract nonlinear features from EDFA gain and tilt 
settings [13]. We validate the proposed method on a 25-
channel WDM field-deployed testbed. Compared with an NN 
point-prediction baseline, the proposed method reduces 
nominal-sample RMSE by 32.5%, achieves anomaly recall 
above 97%, and keeps the false-positive rate (FPR) below 
0.5%. 



II. PRINCIPLE OF THE PROPOSED METHOD 

The proposed framework is designed to improve QoT 
estimation reliability under imbalanced data from deployed 
optical networks. As shown in Fig. 1(a), a ResKAN feature 
encoder maps the EDFA settings to a feature representation, 
and an MDN head models the conditional Q-factor 
distribution. The mixture mean gives the QoT estimate, while 
the lower-mean component weight provides an anomaly score. 
This design reduces the impact of rare low-Q samples on 
nominal QoT estimation while enabling anomaly detection. 

A. ResKAN Feature Encoder 

Before the linear MDN head, a feature encoder maps the 
input EDFA settings 𝑥 ∈ ℝ12  to a 64-dimensional 
representation. The ResKAN encoder uses two parallel 
branches: an MLP branch and a KAN branch. The MLP 
branch captures smooth dependence between EDFA settings 
and Q factors, while the KAN branch provides polynomial 
nonlinear features. Their outputs are concatenated to form the 
64-dimensional representation. This design provides 
complementary features for the MDN head.  For comparison, 
we also evaluate MLP, KAN, ResNet, and Transformer 
encoders with the  same 64-dimensional output size.  

B. Mixture Density Network 

To reduce the impact of low-Q samples on nominal QoT 
estimation, the MDN estimates conditional Q-factor 
distributions rather than a single-valued output. For each 
measured WDM channel 𝑐 , the MDN parameterizes the 
conditional Q-factor distribution as a 𝐾-component Gaussian 
mixture: 

𝑝(𝑄𝑐|𝑥) = ∑ 𝜋𝑐,𝑘(𝑥)𝒩 (𝑄𝑐 , 𝜇𝑐,𝑘(𝑥), 𝜎𝑐,𝑘
2 (𝑥))
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where 𝜋𝑐,𝑘, 𝜇𝑐,𝑘, 𝜎𝑐,𝑘
2  denote the mixing weight, mean, and 

variance of the 𝑘-th component for channel 𝑐. We set 𝐾 = 2 
so that the mixture distribution can capture both nominal and 
low-Q abnormal Q-factor responses. The mixing weights are 
normalized, and the standard deviations are constrained to be 
positive. 

The model is trained by minimizing the negative log-
likelihood (NLL) across all channels: 
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At inference, the mixture mean gives the Q-factor estimate: 

𝑄̂𝑐 =  ∑ 𝜋𝑐,𝑘𝜇𝑐,𝑘

𝑘

(3) 

The lower-mean component is interpreted as the abnormal 
component, and its mixing weight is used as an anomaly score. 
Specifically, for each channel, we identify the abnormal 
component as the one with the lowest mean: 

𝑘∗ = argmin𝑘𝜇𝑐,𝑘(𝑥), 𝜋𝑎𝑏𝑛,𝑐 = 𝜋𝑐,𝑘∗(𝑥) (4)
The anomaly score is then defined as: 

𝑠(𝑥) =  max𝑐 𝜋𝑎𝑏𝑛,𝑐 (5) 
so that degradation in any measured WDM channel can 

trigger an alarm. An alarm is raised when 𝑠(𝑥) > 𝜏, where 𝜏  
is selected on the validation set. 

III. DATASET AND EXPERIMENTAL SETUP 

A. Field-Deployed Testbed and Dataset 

The proposed model is evaluated on a QoT dataset 
collected from a field-deployed optical-network testbed, as 
shown in Fig. 1(b). The testbed contains a 440-km loop link 
with four G.652.D fiber spans and six EDFAs. A 25-channel 
WDM transmission system on a 75-GHz fixed grid is 
emulated. Five 63.9-Gbaud QPSK signals generated by 
commercial transponders are measured as real service 
channels, while the remaining channels are loaded with ASE-
shaped dummy signals. 

Each data sample consists of the gain and tilt settings of 
the six EDFAs, forming a 12-dimensional input vector. The 
output labels are the measured Q-factors of the five real 
service channels. After removing 83 complete-failure samples, 
where all measured Q-factors are zero, the dataset contains 
approximately 15,150 samples. A sample is regarded as 
abnormal if any of the five measured Q-factors is below the 
6.0-dB FEC threshold. According to this criterion, abnormal 
samples account for 1.1% of the dataset, indicating a highly 
imbalanced operational data distribution. 

B. Training and Evaluation Protocol 

The dataset is divided into 7272 training samples, 4848 
validation samples, and 3030 test samples. All learning-based 

 
Fig. 1: (a) Proposed MDN-ResKAN framework for Q-factor estimation and anomaly detection. (b) Shanghai–Jiaxing–Hangzhou field-

deployed testbed. 



models are trained and evaluated using the same data split. 
The results are reported as the mean and standard deviation 
over three random seeds. 

For fair comparison, all neural models use comparable 
hidden dimensions, and all feature encoders output a 64-
dimensional representation before the prediction or MDN 
head. For MDN-based models, two Gaussian components are 
used for each measured output channel. The anomaly alarm 
threshold is selected on the validation set and then fixed for 
test-set evaluation. 

The evaluation contains two parts. First, QoT estimation 
performance is evaluated on nominal test samples using 
RMSE, MAE, and 𝑅2. This setting reflects whether the model 
can accurately capture the normal operating trend of the 
deployed optical network. Second, anomaly detection 
performance is evaluated on the full test set using recall and 
false-positive rate (FPR). This setting reflects whether rare 
low-Q samples can be identified while keeping the alarm 
burden low. 

IV. RESULTS AND DISCUSSION 

Table I summarizes the estimation and detection 
performance of all nine methods, grouped into deterministic 
baselines, uncertainty baselines, and MDN-based models. The 
estimation metrics are calculated on nominal samples, while 
the detection metrics are evaluated on the full test set. Fig. 2 
further visualizes the predicted and measured mean Q factors 
for representative methods with a random seed of 42. 

A. QoT Estimation Accuracy 

For nominal samples, the K = 2 MDN models reduce 
RMSE compared with the deterministic NN baseline, showing 
that mixture-density modeling improves QoT estimation 
under imbalanced data from deployed optical networks. 
MDN-ResKAN achieves the best estimation performance, 
with 0.083 dB RMSE, 0.056 dB MAE, and R² = 0.994. 
Compared with the NN baseline, this corresponds to a 32.5% 
reduction in RMSE and a 16.4% reduction in MAE. MDN-
Transformer gives comparable accuracy, with 0.085 dB 
RMSE, whereas the MLP, KAN, and ResNet encoders remain 
in the range of 0.100–0.110 dB RMSE. 

These results indicate that the performance gain does not 
only come from a specific feature encoder. Instead, the 
consistent improvement of 𝐾 = 2 MDN models suggests that 
the mixture-density formulation plays a key role in reducing 
the impact of rare low-Q samples on nominal QoT estimation. 
By separating nominal and low-Q response modes, the model 
can better preserve the nominal Q-factor trend, which is 
important for digital-twin-assisted provisioning and 
optimization in deployed optical networks. 

B. Low-Q Anomaly Detection 

The deterministic NN baseline provides a strong 
threshold-based detector, achieving 0.929 recall by applying 
the 6.0-dB Q-factor threshold to its estimation. In comparison, 
all 𝐾 = 2  MDN models achieve higher recall, indicating 
fewer missed low-Q events. MDN-ResKAN reaches 0.976 
recall, corresponding to a 5.1% improvement over the NN 
baseline. Meanwhile, the false-positive rate of MDN-

TAB. I. PERFORMANCE COMPARISON (3 SEEDS, MEAN ± STD). ESTIMATION METRICS ARE COMPUTED ON NOMINAL SAMPLES ONLY; 
DETECTION METRICS ARE COMPUTED ON THE FULL TEST SET. BOLD & UNDERLINE: BEST, BOLD: SECOND BEST. 

Method 
Estimation Detection 

RMSE (dB) ↓ MAE (dB) ↓ R² ↑ Recall ↑ 

Deterministic baselines 

GN (Physical) 0.574 ± 0.004 0.458 ± 0.006 0.690 ± 0.010 0.183 ± 0.024 

NN (MSE) 0.123 ± 0.017 0.067 ± 0.008 0.990 ± 0.009 0.929 ± 0.015 
Uncertainty baselines 
Single Gaussian (K=1) 0.549 ± 0.046 0.402 ± 0.024 0.716 ± 0.042 0.713 ± 0.033 

MC Dropout (T=50) 0.223 ± 0.009 0.168 ± 0.005 0.953 ± 0.005 0.812 ± 0.040 
MDN (K=2, 𝜋𝑎𝑏𝑛 detection, ours) 
MDN-MLP 0.108 ± 0.006 0.073 ± 0.004 0.991 ± 0.001 0.973 ± 0.010 

MDN-KAN 0.100 ± 0.006 0.067 ± 0.004 0.991 ± 0.001 0.976 ± 0.001 

MDN-ResNet 0.110 ± 0.005 0.074 ± 0.006 0.989 ± 0.001 0.984 ± 0.012 

MDN-Transformer 0.085 ± 0.004 0.060 ± 0.004 0.993 ± 0.001 0.952 ± 0.022 

MDN-ResKAN 0.083 ± 0.005 0.056 ± 0.005 0.994 ± 0.001 0.976 ± 0.059 

 

 

 
Fig. 2: Predicted vs. true mean Q factor (seed = 42, 𝝉 = 𝟎. 𝟏𝟖): (a) GN model, (b) NN model, and (c) MDN-ResKAN. 



ResKAN remains below 0.5%, corresponding to about 13 
nominal test samples falsely flagged as abnormal on average. 

From an operational perspective, this trade-off is desirable 
because missed low-Q events may lead to unreliable 
provisioning or delayed failure response, whereas a small 
number of false alarms can be further filtered by network-
control policies. Therefore, the lower-mean mixture weight 
provides a practical risk indicator rather than only an auxiliary 
classification output. This property is particularly useful for 
imbalanced field-deployed data, where low-Q events are rare 
but critical for service assurance. 

C. Effect of Mixture Modeling 

The MDN models perform better than the uncertainty 
baselines. The Single-Gaussian model fits each Q-factor 
output with one distribution, resulting in 0.549 dB RMSE and 
0.713 recall. MC Dropout uses predictive variance as the 
anomaly score, but still gives 0.223 dB RMSE and 0.812 recall. 
In contrast, all 𝐾 = 2 MDN models keep RMSE at or below 
0.110 dB and recall above 0.95. 

This result shows that predictive uncertainty alone is not 
sufficient for low-Q anomaly detection. The variance 
estimated by MC Dropout mainly reflects model uncertainty, 
while the lower-mean mixture weight in the proposed method 
directly corresponds to the probability of a degraded-Q 
response mode. Therefore, the two-component mixture is 
more suitable for imbalanced QoT data, where the key 
challenge is not only estimating uncertainty but also 
distinguishing nominal and degraded transmission regimes. 

V. CONCLUSIONS 

We proposed an MDN-ResKAN QoT estimation model 
for imbalanced data from deployed optical networks. By 
modeling the conditional Q-factor distribution with two 
Gaussian compo-nents, it reduces the influence of rare low-Q 
samples on nominal QoT estimation while providing an 
intrinsic anomaly score. On the WDM dataset, MDN-
ResKAN reduces nominal-sample RMSE by 32.5%, achieves 
anomaly recall above 97%, and keeps the FPR below 0.5%. 
These results indicate that mixture-density modeling improves 
QoT estimation reliability under imbalanced data from 
deployed optical networks.   
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