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Abstract: Precise knowledge of resonator dispersion,
from both geometric and material contributions, is
essential for reliable high-performance nonlinear in-
tegrated photonics devices, such as optical paramet-
ric oscillators, frequency doublers, and integrated op-
tical frequency combs. However, direct measurements
at the fabrication level provide limited knowledge,
whether through destructive cross-section imaging or
non-destructive ellipsometry, while complete optical
characterization that enables precise dispersion metrol-
ogy is time-consuming and poorly suited for mass-scale
foundry fabrication. In this work, we develop a ma-
chine learning framework to solve three complemen-
tary problems: (i) predicting resonator geometric di-
mensions, (ii) identifying the correct material disper-
sion, and last, but not least, (iii) precisely reconstructing
the integrated dispersion spectrum directly from ring di-
mensions. These three neural networks together enable
both inverse and forward characterization of micror-
ing resonators. Using numerically generated datasets
based on Sellmeier-type material models, we demon-
strate < 1 nm ring dimension prediction accuracy with-
out noise, < 8 nm prediction accuracy with ~ 45 dis-
persion samples under a realistic frequency measure-
ment noise level (+ 50 MHz), and =16 nm prediction
accuracy at a higher noise level (+ 200 MHz). The
Sellmeier model classification exceeds 99% accuracy in
all cases. Importantly, dispersion sampled far from the
pump resonances proves most informative, reducing full-
spectrum characterization requirements. The forward-
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prediction network reconstructs dispersion spectra from
the ring dimensions with high accuracy, providing a
rapid alternative to numerical simulations and enabling
quick assessment of the dispersion regime. Additionally,
we present an experimental case study, demonstrating
that machine learning can infer trapezoidal ring cross-
sectional geometry, including sidewall angle, from mea-
sured integrated dispersion data. By combining both in-
verse and forward predictions, our results highlight the
potential of machine learning applied to dispersion data
as a rapid, non-destructive tool for wafer-scale quality
control and process monitoring in photonic foundries.

Keywords: ring resonator; integrated dispersion; mate-
rial dispersion, inverse design, neural networks, disper-
sion metrology.

1 Introduction

The miniaturization and integration of optical frequency
combs promises revolutionary advances in telecommuni-
cations [1], precision metrology [2], and quantum infor-
mation science [3]. Among various approaches, optical
frequency comb generation using the Kerr nonlinearity
in microresonators (microcombs) has emerged as par-
ticularly promising due to its compact footprint, low
power consumption, and potential for large-scale inte-
gration [4-7]. In particular, silicon nitride (SigN4) mi-
croring resonators have emerged as a platform of choice
because of their low propagation loss, high Kerr non-
linearity, and compatibility with standard CMOS fabri-
cation processes [8-11]. These properties, together with
broadband dispersion engineering capability [12], have
led to the demonstration of octave-spanning dissipative
Kerr soliton (DKS) combs directly on a chip [13-18]
(Fig. 1(a)). Such octave-spanning DKS microcombs can
be self-referenced to stabilize their carrier-envelope off-
set frequencies [19-21], opening the door for many ap-
plications in optical frequency synthesis, optical atomic
clocks, ultra-low noise microwave generation, and spec-
troscopy.

For a wusable octave-spanning DKS microcomb,
the resonator dispersion is typically tailored to enable
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Fig. 1: (a) Dissipative Kerr soliton (DKS) microcombs convert a single frequency laser to a frequency comb, often in SigN4 microring

resonators. The properties of the frequency comb depend on the dispersion of the microring resonator, quantified by the integrated

dispersion Diye, which describes the deviation of the microring mode frequencies from a uniformly spaced grid. Din; depends on (b)
the resonator geometry, and in particular, the ring width (RW) and ring height (RH) and (c) the refractive index dispersion of the

constituent materials. For SigNy, its dispersion will be impacted by different gas precursor ratios in the growth process (labeled SM1 to

SM4 here, and described in further detail later). (d) Example simulated Din¢ curves for different geometric and material parameters. (e)

Here, we use neural networks to understand how well we can extract geometric and material parameters given D;,; data. We further

consider how well this extraction works in the presence of noise on the Dj,: data associated with measurement uncertainty, and what

level and types of downsampling of Dj,: data can still lead to good

phase matching between the DKS and the microring
resonance. This phase matching generates dispersive
waves [22], engineered to be at quasi-harmonic frequen-
cies [23], which enhance the power of phase-matched
comb teeth and drastically improve microcomb self-
referencing [19, 21]. The resonator dispersion has two
contributions, a geometric component that is largely
determined by the ring cross-section (Fig. 1(b)), and
a material component that comprises both core and
cladding contributions (Fig. 1(c)). The fabrication pre-
cision directly impacts the geometric dispersion, as even
< 10 nm changes in ring width [15, 23] and thickness [24]
can modify the comb bandwidth and shift dispersive
wave frequencies by > 5 THz. The material growth
directly determines the material dispersion, which for
amorphous materials such as SizNy is sensitive to the
growth parameters such as the gas settings [25].
Methods for in-line nondestructive monitoring re-
main limited to ellipsometry measurements on a re-
stricted set of test wafers and exclude contributions from
geometrical dispersion. To monitor this second contri-
bution, destructive analysis is necessary to cross-section
a given set of fabricated microring resonators. Thus,
such methods can be insufficient for optimization and
monitoring of large-scale fabrication processes, such as
those at the American Institute for Manufacturing In-
tegrated Photonics (AIM Photonics), where substantial
enough variations can occur across a single wafer [26] to
strongly impact microcomb performance [27]. An alter-

parameter extraction.

native, more direct, and non-destructive approach char-
acterizes the microring resonator optically by measuring
the residual dispersion of mode p (Fig. 1(d)), also called
the integrated dispersion (Dint(1)), against a fixed grid
of frequency markers. However, complete characteriza-
tion of a given resonator is time-consuming, may require
a large set of tunable lasers, and is therefore unsuitable
for rapid testing of many fabricated devices for disper-
sion calibration across a wafer.

Recent work has highlighted the promise of machine
learning (ML) and inverse-design methods for address-
ing such topics. For example, ML-based inverse design
has been successfully applied to waveguide dispersion
engineering, demonstrating agile dispersion profiles for
broadband and nonlinear applications [28]. Similarly,
random forest and decision tree regressors have been
used to infer resonator geometries directly from disper-
sion measurements, with experimental verification on
integrated SizsNy4 platforms [29]. In ref. [30], Soroush
et al. showed that broadband resonator-waveguide cou-
pling coefficients can be predicted from a small set
of measured (or calculated) coupling coefficient values.
More generally, automated inverse design of on-chip
resonators has been demonstrated, overcoming long-
standing challenges associated with the highly noncon-
vex optimization landscape of resonant devices [31].

The growing adoption of ML in photonics extends
well beyond these examples. In the context of quantum
photonics, physics-informed ML frameworks have been



proposed to accelerate the discovery and integration
of single-photon sources, as well as to enable scalable
assembly of quantum photonic circuits [32]. Comple-
mentary to ML-driven design, advanced measurement
and characterization techniques have also emerged, such
as broadband interferometric methods for simultane-
ously extracting waveguide geometry and refractive in-
dices with high precision, providing critical data for
both model training and fabrication control [33]. In
the area of microresonator-based frequency combs, hy-
brid approaches combining deep neural networks with
optimization algorithms have enabled accurate inverse
design from target soliton microcomb spectra to cav-
ity geometries, significantly reducing reliance on com-
putationally intensive electromagnetic simulations [34].
Furthermore, ML techniques are increasingly being em-
ployed for real-time analysis and control, including high-
accuracy classification of dissipative Kerr soliton states
using hybrid deep learning architectures, enabling ro-
bust and automated operation of microcomb systems
[35].

In this work (Fig. 1(e)), we build upon these
concepts and address three complementary problems
using neural networks trained on numerically gener-
ated Ding(p) datasets and ring dimensions. First, we
demonstrate inverse prediction of microring geometry:
given integrated dispersion measurements, our regres-
sion model infers the ring height and width with < 1 nm
accuracy in noiseless conditions. Second, we classify the
material dispersion model by training a neural network
to discriminate among different Sellmeier-type refrac-
tive index models, achieving an accuracy exceeding 99%.
This classification task may be particularly important
for identifying variations in deposition processes that al-
ter the material response. Third, we present a forward-
prediction neural network that estimates the coefficients
of a sixth-order polynomial to reconstruct the integrated
dispersion spectrum directly from the ring dimensions.
This forward model enables rapid evaluation of Djut
without repeated numerical simulations and establishes
a bidirectional ML framework linking geometry, mate-
rial models, and spectral signatures. In other words, this
forward model can be used as a predictive tool to de-
termine whether a planned resonator design will yield
a Dint spectrum consistent with the desired dispersion
regime. In this way, our framework not only enables ro-
bust geometry and material classification from spectral
data but also provides a direct route to evaluating and
optimizing dispersion profiles during the design stage.
We validate the practical applicability of our approach
through an experimental case study, demonstrating that
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the framework can recover trapezoidal cross-sectional
geometry from measured dispersion data, in the possi-
ble presence of fabrication-induced deviations from ideal
structures.

We further investigate the robustness of our mod-
els under realistic measurement noise and analyze the
trade-off between accuracy and the number of Dj,; sam-
ples used, with particular emphasis on the practical limi-
tations of dispersion measurements. In many experimen-
tal settings—especially in octave-spanning microcomb
studies—the accessible spectral range is constrained by
the finite tuning bandwidth of individual lasers, often
requiring multiple tunable sources to cover the full spec-
trum. As a result, acquiring densely sampled D;,; data
across a wide bandwidth can be time-consuming and
experimentally demanding, effectively creating a bot-
tleneck in device characterization. In this context, our
approach leverages machine learning to extract max-
imum information from a limited number of strategi-
cally selected data points. Our results highlight two key
findings: (i) in the presence of realistic measurement un-
certainty of individual resonance frequencies of approx-
imately £50 MHz, <8 nm accuracy can be obtained
using as few as 45 Djy samples, provided that the sam-
ples are chosen sufficiently far from the pump frequency,
and (ii) for less precise systems with noise levels on
the order of 200 MHz, the expected errors approxi-
mately double, reaching ~16 nm. These results directly
address practical experimental constraints by quantify-
ing the number of dispersion samples required to achieve
a target accuracy, thereby enabling more efficient mea-
surement strategies when full spectral coverage is not
readily available. In this way, our framework reduces
reliance on dense spectral scans and mitigates the need
for multiple wideband tunable sources, offering a path-
way to faster, more resource-efficient characterization of
integrated photonic resonators.

2 Integrated Dispersion
Calculations

We consider a microring resonator composed of SizNy4
as the core material and SiOq as the cladding. The outer
ring radius is fixed at 23 pm, while the ring height and
width are varied to construct a comprehensive dataset
for dispersion analysis. Specifically, the height is swept
from 620 nm to 720 nm and the width is swept from
750 nm to 950 nm in increments of 10 nm, resulting
in 441 unique training designs. Additionally, we gener-



4 = E. Simsek, S.-C. Ou, G. Moille, and K. Srinivasan

ate a test dataset by randomly selecting 50 distinct in-
teger width-height combinations (in nanometers) from
the same ranges as the training dataset.

To accurately capture material dispersion, we em-
ploy wavelength-dependent relative permittivity models
for both SigNy4 and SiOg. The relative permittivity of
SigNy under different gas ratios is modeled as

A 2
-2,

e N =14 g B

(1)
where A is the wavelength in pum and the parameters
(A, B, C) depend on the gas ratio used during deposition
[25]. The parameter sets are summarized in Table 1.

Tab. 1: Dispersion model parameters for ¢, of SisN4 at different
gas ratios [25].

Model Gas ratio A B C
Name (NH3:SiH2Cl2)

SM; 3:1 3.025 0.13534 0.0230
SM, 5:1 2,973 0.13475 0.0220
SM3 7:1 2.883 0.13364 0.0244
SMy 15:1 2.842 0.14018 0.0181

For the surrounding SiO2, we adopt the Sellmeier-
type relation [36]

%20 =1+ 23: -
' i=11— (%)2

The coefficients are given in Table 2.

(2)

Tab. 2: Dispersion model parameters for SiOs.

i A; B;

1 0.6961663 0.0684043
2 0.4079426 0.1162414
3 0.8974794 9.896161

With these permittivity models, the calculation of
Ding proceeds as follows. We first compute the effec-
tive modal indices, neg(A), using our eigenmode solver
[11, 37] at 171 discrete wavelength values uniformly dis-
tributed between 750 nm and 1.6 pum for the training
and test datasets. The propagation constant is given by
B(A) = 2mnes(N) /A, and the azimuthal mode number m
satisfies the resonance condition m = SR, where R is
the central radius of the microring. Since the values ob-
tained directly from SR are generally non-integer, we
first fit a fifth-order polynomial to the neg vs m rela-
tionship and then evaluate the effective index at integer

mode numbers m; within the physically relevant range.
The resonance frequencies are then computed as:

Cmy;

Ji= (3)

neff,iL ’
where L. = 27w R, is the ring perimeter and c is the speed
of light.

We define the pump mode as the resonance closest
to the target pump wavelength of 1060 nm. The free
spectral range D at the pump frequency can be calcu-
lated from D; = f1 — fo or from D1 = (f1 — f-1)/2,
where fy is the pump resonance frequency and f_; and
f1 are the resonance frequency of the adjacent modes.
Then, the integrated dispersion is evaluated as a func-
tion of relative mode number u = m; — mg, where mo
is the pump mode number:

Dint(p) = fu — (fo + Dip), (4)

where f,, is the resonance frequency corresponding to
relative mode number p. This procedure yields 201
integrated dispersion values at integer relative mode
numbers, determined from the original 171 wavelength
points. While our primary analysis focuses on these Dipg
profiles, we later incorporate D; as a supplementary fea-
ture to account for its influence on ring dimension pre-
dictions and to evaluate the model’s robustness against
frequency offsets.

Figure 2 shows the integrated dispersion curves as
a function of mode number for different precursor gas
ratios of 3:1 (SMy), 5:1 (SM2), 7:1 (SM3), and 15:1
(SM4). At low gas ratios, the dispersion curves spread
out more significantly, especially at large negative mode
indices. This means that changes in geometry (ring
width /height) lead to large and distinguishable changes
in Din. With increasing gas ratios, the Dj,¢ curves be-
come much more compressed. In this regime, the sen-
sitivity of the integrated dispersion to geometric varia-
tions is reduced; that is, different ring dimensions yield
increasingly similar Dj,; profiles. This reduced para-
metric sensitivity implies that the input features carry
less unique information about the underlying geometry,
making the inverse mapping more susceptible to noise.
Consequently, while the neural network can still perform
reliably on noiseless synthetic datasets where subtle dif-
ferences remain discernible, its predictive accuracy is
expected to degrade in experimental conditions where
random noise is unavoidable.
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Fig. 2: Integrated dispersion curves (Ding/27) as a function

of mode index for SigNy films grown with the four precursor
gas ratios outlined in Table 1: (a) 3:1, (b) 5:1, (c) 7:1, and (d)
15:1. Each sub-panel contains 441 distinct Dint /27 curves that
span a thickness variation between 620 nm and 720 nm (10 nm
step size) and ring width variation between 750 nm and 950 nm
(10 nm step size).

3 Numerical Results

In this study, we used three distinct neural network ar-
chitectures to address three problems associated with
the integrated dispersion curves of dielectric ring res-
onators, as illustrated in Fig. 3.

3.1 Dimension Prediction

The first network, Fig. 3(a), is designed for regression
and aims to predict the width and height of the res-
onator from the Dj,; data. In this setting, the input
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Fig. 3: Schematic diagrams of the three neural network architec-
tures used in this study: (a) Regression model for predicting the
ring width and height from the integrated dispersion (Dint(1)).
(b) Classification model for identifying the Sellmeier model from
dispersion data. (c) Another regression model for predicting the
coefficients of a 6" order polynomial fitting the integrated dis-
persions from the ring widths and heights. To emphasize that we
regress on the polynomial coefficients, not on the integrated dis-
persion directly, we use an asterisk.

consists of the normalized Dj,; values determined over
201 mode numbers, while the output is the width and
height of the rings. The network consists of 20 fully
connected hidden layers, each containing 64 neurons,
with hyperbolic tangent (tanh) activation functions ap-
plied to introduce nonlinearity. The output layer con-
tains two linear neurons corresponding to the width
and height predictions. Training is performed using the
Levenberg-Marquardt optimization algorithm [38] with
a mean squared error loss function, a batch size of 32,
and convergence typically achieved within 200 epochs.
To evaluate the accuracy of the regression network in
predicting the width and height of the ring resonators,
we first train the model and then test it using datasets
created with the Sellmeier model 1 (gas ratio of 3:1).
The results are summarized in Fig. 4 as follows.

The panels (a) and (b) of Fig. 4 display the one-
to-one correspondence between predictions and ground
truth for ring width and height, respectively. In both
cases, the data points are tightly clustered along the
diagonal, indicating that the network is able to cap-
ture the mapping with remarkable precision. The near-
perfect linearity of these plots suggests that the model
is not only accurate but also unbiased across the full pa-
rameter range of the test set. In panel (c), we plot the er-
ror over the actual width—height plane. The circles’ radii
increase, and their colors get darker, with increasing er-
ror. While the vast majority of points exhibit excellent
agreement (0.5 nm error), slightly larger deviations oc-
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cur where the ring height is small. In this regime, the dif-
ferential change in dispersion (0Diyt/0h) is minimized.
Because the neural network relies on the spectral curva-
ture—governed by higher-order dispersion terms—the
reduced sensitivity of these terms to height variations
makes the inverse problem less well-conditioned.
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Fig. 4: Performance of the regression neural network trained

and tested on datasets generated using the Sellmeier model

1. (a) and (b) Predicted versus true values for ring width and
ring height, respectively. (c) Error distribution in the actual
width—height plane. We calculate the overall error with the for-
mula v/(wa — wp)2 + (ha — hyp)2, where w and h represent
width and height, and subscripts a and p refer to actual and pre-
dicted values.

Figure 5 provides histograms of the absolute errors
|ha — hp| and |we — wp| for (a) height and (b) width
prediction, respectively. These distributions confirm the
high accuracy of the network: for 49 out of 50 test cases,
the prediction error in both width and height was be-
low 1 nm. We obtained similar results with the datasets
created with the other three Sellmeier models. We do
not provide them here for the sake of brevity.

To benchmark the performance of our regres-
sion network against alternative machine-learning ap-
proaches, we also evaluated several standard mod-
els—including linear regression, decision trees, random
forests, support vector machines, and Gaussian process
regression—using the same training and test datasets.
The results, summarized in Table 3, show that while
the Gaussian process model achieves the lowest mean
prediction error, its computational cost is nearly an or-
der of magnitude higher than that of the neural net-

@ 29
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Height Pred. Error (nm) Width Pred. Error (nm)

Fig. 5: Histograms of the absolute prediction errors for (a) height
and (b) width, respectively, for the regression neural network
studied in Fig. 4. In 49 out of 50 test cases, the errors remain
below 1 nm.

work. Conversely, simpler models such as linear regres-
sion and decision trees train rapidly but exhibit larger
errors, indicating that they lack the expressive capac-
ity needed to capture the nonlinear relationship be-
tween integrated dispersion and ring dimensions. Ran-
dom forests and support vector machines perform mod-
erately well but still fall short of the neural network’s
accuracy. Overall, the neural network offers the best
balance between prediction accuracy and training time,
delivering < 1 nm precision with manageable computa-
tional effort. For this reason, we adopt neural networks
as the primary modeling tool in the remainder of the

manuscript.

ML Model Mean Width Mean Height Training
Pred. Error (nm)  Pred. Error (nm) time (s)

Linear Regression 1.2516 1.7294 0.01

Decision Trees 8.7568 2.3719 0.05

Support Vector 3.0871 1.5593 18.7

Random Forest 5.1966 1.3019 19.3

Neural Network 0.2778 0.2323 84.1

Gaussian Process 0.0663 0.0526 277

Tab. 3: Mean width and height prediction errors and training
times of six machine learning models.

In practical scenarios, experimental measurements
are inevitably subject to uncertainties introduced by the
finite precision of the measurement system. To emulate
such conditions, we introduce controlled noise into both
the training and testing datasets. Specifically, the inte-
grated dispersion values are perturbed according to the
following formula:

DY — Dy + 2 x (rand(m, p) — 0.5) x Af,  (5)

int



where rand(m, p) generates uniformly distributed ran-
dom values in the interval [0,1], and Af denotes the
noise level and m is the number of designs. To rep-
resent a high precision measurement system, we set
Af = 50 MHz (consistent with the performance of many
commercial laser wavemeters). Conversely, to emulate
a lower-precision measurement system, we set Af =
200 MHz. These choices allow us to assess the robustness
of the regression network at different levels of measure-
ment uncertainty.

Table 4 reports the prediction errors for the ring
width in different gas ratios and noise conditions. In the
absence of noise, the neural network achieves < 1 nm
mean absolute errors (MAE) for all gas ratios, with
maximum errors of approximately 1 nm, and at most
one test case exceeding 10 nm, demonstrating high pre-
diction accuracy. At moderate noise levels (50 MHz),
the average error increases slightly to a range of 0.7 nm
to 2.1 nm, depending on the gas ratio. Still, the coeffi-
cient of determination (R?) remains above 0.99 for all
gas ratios, indicating that the model can tolerate real-
istic perturbations in the data. For all gas ratios, there
are a few cases (<3) with errors higher than 10 nm.
For the 200 MHz random noise case, larger errors are
observed, with MAESs reaching up to 8.5 nm and sev-
eral test cases exceeding 10 nm, especially for high gas
ratios. Nevertheless, R? values remain above 0.95, con-
firming that the model retains high predictive fidelity
under stronger noise. Finally, we note that the MxAEs
(the maximum absolute errors of all the test cases) are
much larger for the 200 MHz random noise case, par-
ticularly for the highest gas ratios.

Tab. 4: Width prediction errors for the neural network ML model.
MAE: mean absolute error in nanometers. MxAE: maximum ab-

solute error in nanometers of all the test cases. #{A > 10nm}:

number of test cases where the error is larger than 10 nm.

Gas Noise MAE | MxAE R2 #{A >
Ratio Level (nm) (nm) 10 nm}
No Noise | 0.278 | 1.133 | 0.99996 1
3:1 50 MHz 1.336 | 35.469 0.9917 1
200 MHz | 2.712 | 17.027 0.9947 1
No Noise | 0.172 | 0.824 | 0.99998 0
5:1 50 MHz | 0.759 | 10.669 0.9989 1
200 MHz | 5.299 | 18.052 0.9850 6
No Noise | 0.259 1.049 | 0.99996 1
7:1 50 MHz 2.104 16.20 0.995 2
200 MHz | 6.885 | 25.560 0.9744 12
No Noise | 0.264 | 1.1079 | 0.99996 1
15:1 50 MHz | 1.592 | 9.9694 | 0.9979 0
200 MHz | 8.507 | 45.525 0.9504 18
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Table 5 summarizes the ring height prediction er-
rors. Without noise, MAEs remain well below 0.3 nm,
with maximum errors near or below 1.5 nm and almost
no cases exceeding 1 nm. Under £50 MHz random noise,
errors increase moderately (MAEs between 0.6 nm and
1.4 nm), but R? values stay above 0.986, confirming
robust performance. For the 200 MHz random noise
case, deviations become more pronounced (MAEs up to
3.4 nm and maximum errors around 20 nm), with a few
test cases exceeding 10 nm. Nevertheless, R? values re-
main above 0.96, indicating that the model continues
to provide reliable predictions even in the presence of
substantial noise. Overall, height prediction errors are
consistently smaller than width prediction errors; this
behavior can be understood from the fact that, within
the geometries studied, Dj,t is more sensitive to varia-
tions in height than in width. Consequently, the inverse
mapping from dispersion to ring height is better condi-
tioned, enabling the network to achieve higher height-
prediction accuracy.

Tab. 5: Height prediction errors for the neural network ML model.

Gas Noise MAE | MxAE R? #{A >
Ratio Level (nm) (nm) 10 nm}
No Noise | 0.232 | 1.0018 | 0.99988 1
3:1 50 MHz | 0.614 | 13.073 | 0.9957 1
200 MHz | 1.037 | 10.111 0.9953 1
No Noise | 0.157 | 1.4685 | 0.99992 1
5:1 50 MHz | 0.587 | 7.348 0.9974 0
200 MHz | 2.535 | 15.471 0.9851 1
No Noise | 0.264 | 0.8533 | 0.99987 0
7:1 50 MHz | 1.419 | 16.105 | 0.9866 2
200 MHz | 3.171 | 15.397 | 0.9757 3
No Noise | 0.274 | 0.7385 | 0.99985 0
15:1 50 MHz | 1.351 6.760 0.9957 0
200 MHz | 3.399 | 20.465 | 0.9647 4

Note that the noise was added to the integrated
dispersion data using a uniform (random) distribution
rather than a Gaussian distribution. This choice repre-
sents a conservative and adversarial noise model, i.e.,
the uniform noise assigns equal probability to all per-
turbation amplitudes within a fixed interval, thereby
increasing the likelihood of large deviations compared
to Gaussian noise with the same variance. If Gaus-
sian noise were used instead, the resulting prediction
errors in the dimension inference framework would be
systematically smaller. This is because Gaussian noise
is strongly concentrated around its mean (zero), with
large-amplitude perturbations occurring with exponen-



8 = E. Simsek, S.-C. Ou, G. Moille, and K. Srinivasan

tially decreasing probability. As a result, most disper-
sion samples would experience only small perturbations,
preserving the smooth spectral structure and curva-
ture of the integrated dispersion profile that are crit-
ical for accurate dimension extraction. In contrast, uni-
form noise introduces larger amplitude fluctuations that
are uncorrelated across modes, leading to stronger dis-
tortion of higher-order dispersion features. These fea-
tures play a dominant role in constraining geometric
parameters, and their degradation directly propagates
into larger prediction errors.

To address the potential impact of experimental fre-
quency shifts and fabrication-induced deviations on the
ring dimension prediction framework, we conducted an
additional sensitivity analysis by introducing stochastic
perturbations to the resonance frequencies. Recogniz-
ing that experimental jitter and thermal fluctuations
can shift resonance positions, we simulated two distinct
noise regimes by adding random frequency deviations of
+50 MHz and 4+200 MHz to the calculated resonance
frequencies in our test dataset. To assess the architec-
ture’s robustness, we first trained a neural network (a
three-layer deep regression neural network utilizing 256
neurons per hidden layer, Leaky ReLU activation func-
tions, and a 20 % dropout rate for regularization, opti-
mized via the Adam algorithm over 200 epochs) to pre-
dict the free spectral range, D1, from the integrated dis-
persion dataset using our noise-free training set (SMa).
We then tested it on our noise-added datasets. At a
noise floor of 50 MHz, the model achieved an average
root mean squared prediction error for D; of 0.079%.
When we used our dimension-prediction neural network
on the integrated dispersion test dataset with slightly
off D; values, we observed average errors of 0.18 nm
for the ring width and 0.12 nm for the ring height.
Our results demonstrate that the neural network ex-
hibits high resilience to frequency noise, functioning as
a nonlinear filter that prioritizes the global curvature of
the dispersion profile over localized stochastic fluctua-
tions. Remarkably, quadrupling the noise level to 200
MHz only marginally increased the D; prediction error
to 0.088%, while the width and height average errors
were determined to be 0.29 nm and 0.23 nm, respec-
tively. The observed stability in D; prediction, despite
a fourfold increase in frequency noise, can be attributed
to the scale disparity between the optical frequencies
and the MHz-scale perturbations. Before proceeding to
our next study, it is further worth noting that a neural
network with only three hidden layers can predict D;
from ring width and height with remarkable precision.
Even with £50 MHz of added noise, the average predic-
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Fig. 6: Examples of random sampling from the integrated disper-
sion dataset, where M random samples are chosen from each of
regions 1 (u = —91 to p = —25), 2 (u = —24 to p = 41), and 3
(n = 42 to p = 109), for a total of N = 3M samples. (a) Case
for M = 2 (N = 6), and (b) case for M = 16 (N = 48). The
blue line represents the complete Di,: /27 dataset, while the red
circles denote M neighboring samples randomly chosen in three
regions and used for training and testing.

tion error remains as low as 0.0139 %. When the noise
level is quadrupled to 200 MHz, the error rate increases
only marginally to 0.0222 %, demonstrating the model’s
high robustness.

For the initial study, we utilized the complete in-
tegrated dispersion dataset. To further investigate how
many Dj,¢ samples are required for accurate predictions,
we designed a statistical sampling procedure. Specifi-
cally, we randomly select M number of Dj,; samples
from each of three regions: region 1, region 2, and re-
gion 3, which include 67 modes from the left (mode
indices from —91 to —25), middle (from —24 to 41),
and right (from 42 to 109) portions of the spectrum,
respectively (Fig. 6). This results in a total of N = 3M
sampled data points. The random selection process was
repeated 40 times to emulate a Monte Carlo—type anal-
ysis, allowing us to assess statistical variability. The pa-
rameter M was systematically varied from 2 to 16 in
increments of 2, corresponding to total sample sizes N
ranging from 6 to 48 in steps of 6. Two representative
examples representing the lower and upper limits of this
sampling are illustrated in Fig. 6: (a) M = 2 (N = 6)
and (b) M = 16 (N = 48).

The results in Fig. 7 demonstrate that prediction
accuracy strongly depends on the number of Dj,y sam-
ples, noise level, and the gas ratio. Left column figures,
panels (a), (c), and (e), report the average width pre-
diction error, while (b), (d), and (f) in the right column



show the height prediction error, with the rows corre-
sponding to no noise, £50 MHz noise, and +£200 MHz
noise, respectively.
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Fig. 7: Left (right) column: average width (height) prediction
error as a function of number of Dj,¢ samples used in the neural
network training and testing. The top, middle, and bottom rows
are the cases with no noise, =50 MHz random noise, and +200
MHz random noise, respectively.

When there is no noise, using only six Dj,; samples
produces ring width and height errors that in all cases
are <4 nm and < 1.5 nm, respectively, with the errors
reaching < 1 nm with > 40 D, samples. In all cases,
a larger N improves accuracy, confirming that broader
sampling reduces statistical variability. Once noise is
added, the above trends hold for the SM; and SMs2 gas
ratio cases, with the ring width and height errors rang-
ing from <5 nm and < 2 nm (N=6), respectively, to
< 3 nm and < 1.5 nm (N > 40), respectively. How-
ever, for the noisy cases, we do not observe the same
effect for the moderate and high gas ratios (SM3 and
SMy4). As mentioned earlier, because the Djy spectrum
flattens with increasing gas ratios, the prediction errors
also increase.

Going forward, the case N = 45, i.e., 15 Dj,¢ sam-
ples recorded at wavelengths closer to the pump wave-
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length and two other ends of the spectrum, is espe-
cially important since it resembles our experimental set-
ting (discussed later). Under realistic noisy conditions,
N = 45 yields width errors in the 2 nm to 8 nm range
and height errors in the 1 nm to 3 nm for £50 MHz
random noise. For 200 MHz random noise cases, the
average width and height prediction errors are in the
4 nm to 14 nm and 1 nm to 5 nm, respectively. Overall,
we can conclude that for the more precise measurement
systems, 20 or more Djy is sufficient to predict the ring
dimensions with errors less than 8 nm, and having more
Dint samples helps with decreasing the prediction errors,
especially if the NHs-to-SiHy gas-ratio kept low. For less
precise measurement systems, one should expect higher
errors. Moreover, as noted above, the performance with
a significantly reduced number of samples (e.g., N = 6)
is still good for the SM; and SMy cases, with increased
measurement throughput of potential practical interest.

We also investigate the impact of the spectral sam-
pling location on the accuracy of width predictions us-
ing synthetic data generated from the SMo dataset with
added 50 MHz random noise. To probe this effect, we
constructed sub-datasets by selecting either 25 or 45
consecutive Dj,t values centered around a mode in-
dex m. (as illustrated in Fig. 8(a)), repeating the pro-
cess 1000 times for each m. to account for variability
due to neural network initialization. Note that 25 and
45 consecutive Dj,; values correspond to ~ 10 % and
~ 20 % of the entire octave-spanning spectrum (750 nm
to 1600 nm), respectively. The results in Fig. 8(b) reveal
a strong dependence on sampling location when only 25
samples are used. In particular, if the sampling window
is centered near the pump frequency, where D, val-
ues are small and nearly flat, the network receives lit-
tle discriminative information and prediction errors rise
sharply. By contrast, when the window is shifted away
from the pump into regions where D, exhibits stronger
curvature, the errors drop substantially, typically to the
8 nm to 15 nm range. Crucially, when the sampling win-
dow covers &~ 20 % of the spectrum (45 samples), every
window inevitably includes some portion of sloped Djy.
This demonstrates that reliable predictions require not
only a sufficient number of samples, but also that at
least some of these samples be chosen away from the
pump frequency, where the spectral features are more
informative. That being said, we note that an implicit
assumption of the above analysis is that the resonator
Dy coefficient (i.e., the free-spectral range around the
pump) is accurately known throughout.
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Fig. 8: (a) Schematic for definitions of m. and the number of
Din: samples. (b) Width prediction error as a function of the
sampling center mode number m., obtained from 1000 trials
using the Sellmeier model-1 dataset with 50 MHz random noise.
For each trial, 25 (blue) and 45 (red) consecutive Diy¢ values
centered at m. were used to train and test the neural network
model. The resonator D, value is assumed to be well-understood,
independent of where the sampling takes place.

3.2 Sellmeier Model Classification

The second network, Fig. 3(b), handles a classification
problem in which the goal is to identify the Sellmeier
model used for the SizNy’s relative electrical permittiv-
ity (refractive index) in Djyy calculations. In this case,
the same normalized Dj,t vectors serve as input, while
the output is categorical, corresponding to one of four
possible Sellmeier models (Table 1). The architecture
comprises four hidden layers with progressively decreas-
ing sizes of 128, 64, 32, and 16 neurons, respectively. The
first two layers employed hyperbolic tangent (tanh) ac-
tivations, while the subsequent two layers utilized recti-
fied linear unit (ReLU) activations. A softmax layer with
four neurons was used at the output to generate class
probabilities. Training was conducted using the Adam
optimizer with a categorical cross-entropy loss function,
a batch size of 64, and 100 epochs.

For the initial study, the training and testing inputs
are 1764 x 201 and 200 x 201, respectively; the training
and testing outputs are 1764 x 1 and 200 x 1, respec-
tively. Figure 9 presents the confusion matrix that was
obtained under all varying noise conditions. In all cases,
the classifier achieves nearly perfect accuracy, with only
a single misclassification observed between classes 3 and

4 among 200 test cases. This result shows that, unlike
the regression problem, where we predict the ring di-
mensions, the classification task of identifying the Sell-
meier model type is considerably more robust to noise.
This robustness arises because different gas ratios (as
described by Sellmeier models) generate markedly dis-
tinct Djy¢ profiles.

True Class

1 2 3 4
Predicted Class

Fig. 9: Confusion matrix for the Sellmeier model classification
task under all cases (no noise, 50 MHz noise, and 200 MHz
noise).

It is worth noting that, beyond classification, one
could in principle construct a neural network architec-
ture to directly predict the Sellmeier model coefficients
from measured effective index or integrated dispersion
data. However, such a regression task would be signif-
icantly more challenging and would require a substan-
tially larger and more diverse training dataset. This is
because the effective index and Djy,t responses are influ-
enced not only by the material dispersion, but also by
multiple geometric and environmental parameters, in-
cluding the cladding refractive index, ring radius, width,
and height. As a result, disentangling the contribution
of the intrinsic material model from these coupled fac-
tors would demand extensive sampling of the parameter
space to ensure accurate and generalizable predictions.
However, the complexity of this inverse problem could
be mitigated by incorporating physical constraints and
structured datasets. For example, measurements across
multiple nominally identical devices with systematically
varied geometries (e.g., ring width sweeps) could be
leveraged to decouple material dispersion from geomet-
ric contributions, since parameters such as film thick-
ness and refractive index are expected to vary mini-
mally across a local fabrication region. Incorporating
such constraints, along with parameter-sharing or multi-
task learning strategies, may enable more robust extrac-



tion of effective material models from dispersion data.
While this approach is promising, it lies beyond the
scope of the present work and is an interesting direc-
tion for future research.

To determine the minimum number of Dj,¢ samples
required for accurate classification, we follow a similar
strategy as in the previous section: we randomly choose
M samples in three regions, yielding a total of N = 3M
samples. Figure 10 shows the mean classification accu-
racy as a function of N under three noise conditions:
no noise, 50 MHz random noise, and 200 MHz ran-
dom noise. For small sample sizes (N < 12), the ac-
curacy varies widely, ranging from 80 % to 90 %, re-
flecting the limited discriminative information provided
by only a few dispersion points. As N increases, the ac-
curacy improves consistently for all cases. With approx-
imately N = 21 samples, classification accuracy already
exceeds 90 %, even in the presence of 200 MHz noise. Be-
yond this point, the curves rise gradually, with all three
noise conditions converging to above 97 % accuracy once
N 2 45. Importantly, the no-noise and 50 MHz noise
cases track each other closely across all N, while the
200 MHz noise case shows slightly lower performance
for small N but catches up as the number of samples
increases. These results highlight the robustness of the
classifier against noise and demonstrate that accurate
classification can be achieved with a relatively modest
number of Dj,; measurements (N = 21 to 30), without
requiring the complete spectral information.
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Fig. 10: Average Sellmeier model classification accuracy as a
function of the total number of D;,. samples, N, under no noise,
+50 MHz random noise, and 200 MHz random noise.

Before we discuss the Djyy spectrum prediction,
we would like to note that current models are trained
on smooth integrated dispersion profiles that do not
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include localized perturbations, such as avoided-mode
crossings. As a result, the presence of such artifacts
in measured spectra can introduce deviations from the
learned mapping and may reduce prediction accuracy
if they are not properly handled. In practice, however,
avoided mode crossings are typically sparse and local-
ized in frequency, and their impact can be mitigated by
excluding affected resonances or by selecting Dj,¢ sam-
ples away from these regions—an approach that is con-
sistent with our strategy of using carefully chosen data
points. Alternatively, the framework can be extended by
incorporating such features into the training dataset, en-
abling the network to learn and become robust to these
non-idealities. This would require enhancing the dataset
with representative perturbations, but it does not pose
a fundamental limitation to the proposed approach.

3.3 D;,; Spectrum Prediction

In our final study, we employ the Sellmeier model for
Si3Ny from [39] and generate another synthetic dataset
following the procedure described in Section 2. The
outer ring radius is fixed at 23 pm, while the ring height
and width are varied to construct a dataset for inte-
grated dispersion spectrum prediction. Specifically, the
height is swept from 620 nm to 720 nm in increments of
10 nm, and the width is swept from 800 nm to 900 nm
in increments of 10 nm, resulting in 121 unique training
designs.

After building our training dataset, we construct a
neural network model, shown in Fig. 3 (c), to predict the
integrated dispersion spectrum of a microring resonator
directly from ring width and height. To achieve this, we
first normalized the simulated dispersion data and then
approximated each spectrum using a sixth-order poly-
nomial, thereby reducing the high-dimensional spectral
response to a compact representation defined by seven
polynomial coefficients. These coefficients, once normal-
ized to ensure numerical stability, served as the out-
put training targets, while the corresponding ring di-
mensions provided the input features. The neural net-
work architecture was designed with three fully con-
nected layers (64, 128, and 128 nodes), leaky rectified
linear unit activations, batch normalization, and mod-
erate dropout rates (0.1, 0.1, and 0.2) to balance model
complexity with generalization ability. The training pro-
cedure used the Adam optimizer with an adaptive learn-
ing rate schedule, early stopping, and L9 regularization
to mitigate overfitting. Following training, the network
was used to infer polynomial coefficients for given test
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dimensions, and the resulting coefficients were evaluated
with a polynomial expansion to reconstruct the full dis-
persion spectrum.

The red dashed curve in Fig. 11 shows the integrated
dispersion spectrum calculated for randomly chosen di-
mensions of RW = 867.9 nm and RH = 664.2 nm.
When the spectrum prediction network was queried
with the same dimensions, we obtained the spectrum
shown with a blue solid curve in the same figure. Over-
all, there is a very good agreement, but we also ob-
serve some discrepancies at low p values (corresponding
to high frequencies). To understand the source of this
discrepancy, we examined the histograms of the poly-
nomial coefficients used as training data for the neural
network and observed that higher-order terms spanned
wider intervals. The distribution of these polynomial co-
efficients is shown in the Supplementary Materials (Sec-
tion S3), illustrating the large dynamic range differences
across different orders. This imbalance might have af-
fected the training process, as the neural network may
prioritize fitting coefficients with larger dynamic ranges
while introducing comparatively higher relative errors in
smaller-magnitude coefficients. Since lower mode indices
are more sensitive to the combined contribution of mul-
tiple polynomial terms—including those with smaller
coefficients—these slight inaccuracies can accumulate
and manifest as minor discrepancies in that region.
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Fig. 11: Comparison of dispersion spectra obtained from neural
network prediction (blue) and numerical simulation (red dashed
curve) for randomly chosen RW and RH values of 867.9 nm and
664.2 nm, respectively.

Nevertheless, this good agreement and many other
successful test cases, which are not shown here, indi-
cate that the network successfully captured the nonlin-
ear mapping between ring geometry and dispersion pro-
file without introducing spurious oscillations, thereby
providing a practical tool for inverse design and accu-
rate dispersion engineering of integrated photonic res-
onators.

4 An Experimental Case Study

Lastly, we present an experimental case study. In high-
end photonic foundries, fabrication processes are highly
optimized, and a starting assumption of vertical side-
walls (90°) is typically sufficient for first-order design.
However, subtle fabrication tolerances can lead to small
deviations from the ideal rectangular profile. To test
whether our machine learning framework can resolve
these fine structural details, we extended our model to
account for a trapezoidal cross-section, treating the side-
wall angle as an additional degree of freedom to improve
the fidelity of our dispersion metrology. ! We first cre-
ated a new database using a commercial finite-element
method electromagnetic solver. Here, wy, we, and h rep-
resent the bottom width, top width, and height of the
trapezoids, respectively. The central radius of all rings
is 23 pm, and the materials and wavelengths remain the
same as in previous sections.

For the dataset, we generated 105 unique designs
by uniformly varying dimensions within the following
ranges: 840 nm < wp < 880 nm, 820 nm < wi < wy,
and 660 nm < h < 690 nm. Following data generation,
we employed five machine learning models to predict the
ring dimensions from the integrated dispersion datasets:
a sequential neural network (NN), a support vector ma-
chine (SVM), extreme gradient boosting (XGB), deci-
sion trees (DT), and random forests (RF). Before train-
ing, we identified the optimum parameters via hyperpa-
rameter tuning. Finally, for testing, we input our mea-
sured integrated dispersion data to obtain the predicted
dimensions.

Table 6 lists the dimensions recommended by these
five machine learning models. We first observe that NN
and SVM models predict geometrical parameters within
a relatively narrow range.

We then obtain the effective indices of these rings
using the finite element solver and calculate the inte-
grated dispersions. Figure 12 compares the calculated
integrated dispersions with the measured ones. The dis-
persion spectra of the NN, SVM, and XBG designs show
the best agreement with the experimental results. At
low p values, there is a significant difference in inte-
grated dispersions of the rings recommended by the DT
and RF.

1 A detailed comparison between trapezoidal and equivalent
rectangular cross-sections is provided in the Supplementary Ma-
terials (Section S1), where we quantify the resulting differences
in Din¢ and relate them to modal field distributions.



Tab. 6: Dimensions predicted by different machine learning mod-
els for microrings with a trapezoidal cross-section.

ML Model wy wy h
NN 862.29 829.56 672.11
SVM 862.24 831.92 671.93
XGB 859.74 848.75 672.10
DT 870.0 840.0 680.0
RF 863.13 833.93 685.06
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Fig. 12: Integrated dispersion spectra of the rings recommended
by different machine learning models vs. measurement results.

The convergence of the results obtained from the
NN and SVM models, as presented in Table 6, high-
lights a fundamental alignment between their math-
ematical architectures and the underlying physics of
photonic microresonators. In these resonators, optical
properties like the effective index and integrated dis-
persion evolve as smooth, continuous, and differentiable
functions of the device dimensions. The NN and SVM
models are particularly adept at capturing this physi-
cal continuity due to their inherent ability to perform
high-dimensional interpolation. By employing a tanh ac-
tivation function in our architecture, the NN enforces
a smooth transition across the learned mapping, effec-
tively constructing a continuous manifold that mirrors
the wave-optical behavior of the resonator. Similarly,
the SVM utilizes a radial basis function kernel to project
the input features into a high-dimensional space where
it can determine a smooth, non-linear regression sur-
face. While XGBoost is a tree-based ensemble, its it-
erative gradient-boosting process allows it to refine its
predictions through successive corrections of residuals,
thereby achieving a level of sub-wavelength precision
that approximates a continuous function. This collec-
tive ability to model smoothness explains why these
three models yield nearly identical predictions for the
ring height (h ~ 672 nm) and width. In stark contrast,
the DT and RF models demonstrate a clear performance
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gap, characterized by “blocky" or quantized predictions
such as the 680.0 nm height suggested by the DT. This
discrepancy is a direct consequence of their reliance on
piecewise constant approximations. A DT operates by
recursively partitioning the feature space into discrete,
orthogonal bins; consequently, it assigns a constant out-
put value to any input falling within a specific leaf node.
This “staircase" effect prevents the model from captur-
ing the fine, nanometer-scale sensitivities required for
accurate dispersion engineering. While the RF attempts
to mitigate this by averaging the outputs of multiple
trees, it remains fundamentally constrained by the lim-
itations of its base learners. It cannot perform true lo-
cal interpolation between sparse training points and in-
stead tends toward a local average, which explains the
higher bias observed in its predicted dimensions. These
architectural limitations make DT and RF less suitable
for photonics applications, where even small geomet-
ric deviations can cause significant shifts in the zero-
dispersion wavelength.

Based on these results, we infer the height of the
resonator to be (672 £ 1) nm and the average width to
be =~ 850 nm. Notably, the models converge on a side-
wall angle 6 between 88.5° and 90°. This result validates
the foundry’s ability to produce nearly vertical sidewalls
while demonstrating that the ML framework is sensitive
enough to capture sub-degree deviations. Such preci-
sion is critical, as even a 1° tilt can shift the dispersive
wave frequency in octave-spanning combs. These values
match the nominal designs to within the expected tol-
erances associated with the device fabrication process.
We note that without machine learning methods, the
dimensions that best matched the experimental results
were 670 nm and 860 nm, assuming a rectangular cross-
section. Finally, while focused ion beam cross-sectioning
and electron microscopy techniques can in principle be
used to validate the extracted geometry, the insulat-
ing nature of the constituent waveguide materials and
amount of imaging contrast between them can limit the
ability to do so at a level better than +5 nm.

Finally, we note that the proposed frameworks are
inherently flexible and can be extended to include ad-
ditional physical and geometrical parameters without
altering the methodology. Parameters such as bire-
fringence (e.g., in x-cut LiNbOg3) or variations in the
cladding refractive index (due to changing environmen-
tal conditions or a different material) can be incorpo-
rated as additional input features into the neural net-
work. However, increasing the dimensionality of the pa-
rameter space generally requires a corresponding expan-
sion of the training dataset to ensure sufficient coverage
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and to avoid overfitting. In such cases, more advanced
sampling strategies (e.g., Latin hypercube sampling) or
physics-informed constraints may be beneficial to effi-
ciently explore the higher-dimensional design space. Ad-
ditionally, modest adjustments to the network architec-
ture (e.g., increased width or depth) may be required to
capture the more complex relationships between inputs
and dispersion response. Overall, while scalability in-
creases data and training requirements, the underlying
approach remains directly applicable and well-suited to
multi-parameter photonic design problems.

5 Conclusion

In this work, we demonstrate a non-destructive method
for dispersion metrology of foundry-fabricated devices
based on the optical characterization of the integrated
dispersion (Dint(p)) of microring resonators. Impor-
tantly, we show that through proper training of a
machine-learning model, a limited sample of judiciously
chosen resonance frequencies can enable accurate di-
mension prediction even in the presence of realistic mea-
surement noise. First, we demonstrated that Ding(u)
profiles provide a compact and information-rich fin-
gerprint for both regression and classification tasks in
SisN4 microring resonators. Using numerically gener-
ated datasets, we trained neural networks to predict
device dimensions and fabrication conditions with high
accuracy. For the regression task, the networks achieved
sub-nanometer mean absolute errors in the absence of
noise and maintained reliable performance under real-
istic perturbations, with width predictions being more
sensitive to noise than height predictions. For the clas-
sification task, identifying the Sellmeier model type as-
sociated with precursor gas ratios, accuracies exceeding
99 % were obtained and shown to be robust to added
noise, reflecting the distinctiveness of the Dj,t pro-
files across different gas ratios. Importantly, we found
that dispersion samples taken far from the pump fre-
quency are most informative: with a precise measure-
ment system of +£50 MHz deviation, approximately 45
samples are sufficient to predict device dimensions with
errors below 8 nm, while for less precise systems with
+200 MHz deviation, the expected errors approximately
double. Having demonstrated such an approach, we re-
versed it and also demonstrated the prediction of the
Diyt profiles directly from ring dimensions, which pro-
vides a complementary capability for device modeling
and design. Furthermore, an experimental case study

confirms that the proposed framework can handle mea-
sured integrated dispersion data and can be useful for
estimating the sidewall angle of fabricated structures,
providing a precision refinement to the nominal vertical-
sidewall assumption. This highlights its potential for
monitoring subtle process drifts in an otherwise opti-
mized fabrication flow.

Altogether, these findings establish integrated disper-
sion as a powerful observable for non-destructive and
rapid quality control in large-scale photonic manufac-
turing, and they offer a generalizable framework for link-
ing measurable optical responses to underlying fabrica-
tion parameters, thereby accelerating the development
and deployment of advanced photonic systems.
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Supplementary Materials

Rectangular vs. Trapezoidal Cross-Section

We consider the following question: how close would the integrated dispersions of ring resonators with
trapezoidal and rectangular cross-section be, if the width of the rectangular cross-section is equal to the
average width of the trapezoidal cross-section, as illustrated in Fig. 1 (a)?
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SM Figure 1: (a) A ring resonator with a rectangular cross-section where the width is 850 nm and the height is
670 nm and ring resonator with a trapezoidal cross-section with the same height. Its bottom and top widths are 870
and 830 nm. (b) Top: Integrated dispersions of these Si3sN4 ring resonators. Bottom: The difference between the
two integrated dispersion spectra. (c) Electric field intensity around the trapezoidal cross-section.

To answer this question, we calculated the integrated dispersion of two ring resonators. The ring with
a rectangular cross-section has a width of 850 nm and a height of 670 nm. The ring with a trapezoidal
cross-section has the same height and its bottom and top widths are 870 and 830 nm, respectively, i.e.,
w, = (wp + wy)/2. The upper part of Fig. 1 (b) shows their integrated dispersions and the lower part is
the difference between them. The difference is very small and it can be explained with the following two
facts: (1) the effective index is determined via a mode overlap integral and (2) for the fundamental mode,
the field is strong at the center and weak near the edges as shown in Fig. 1 (¢). The difference in D;y;
becomes appreciable (>wavemeter resolution) far away from the pump. This additionally justifies the value
of dispersion measurements in multiple, widely separated bands, as we discussed in the manuscript.

Interpolation vs. Neural Networks

In this section, we address the following question: instead of a neural network, can we use interpolation?

To answer this question, we first calculated the integrated dispersion of ring resonators with rectangular
cross-sections. The height is 720 nm for all the rings. Ring width (RW') was changed from 820 nm to 890
nm at steps of 5 nm. After removing the RW = 870 nm data from the dataset, we used the “makima”
interpolator in MATLAB to predict the integrated dispersion of this RW = 870 nm case. In Fig. 2, the
top figure shows the calculated (blue) and interpolated (red) integrated dispersions. The bottom figure is
the difference. The difference can reach 3 GHz, which is nearly a 6 % error. Hence, interpolation is not
recommended.
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SM Figure 2: Top: Blue curve is the integrated dispersion obtained via a COMSOL Multiphysics simulation for
RW =870 nm RH = 720 nm. The red curve is obtained via a 2D interpolation from the database, which does not
include the results for the same dimensions. Bottom: the difference between these two curves.

Predicting D;,; Polynomial Fitting Coeffients

Figure 3 shows the histograms of the polynomial coefficients obtained from fitting the integrated dispersion
spectra of 545 microring resonators, used as training data for the neural network that predicts dispersion
from ring dimensions. We can see that different orders span significantly different numerical ranges, with
lower-order coefficients exhibiting relatively small magnitudes and higher-order terms spreading over wider
intervals. This imbalance might have affected the training process, as the neural network may prioritize fitting
coeflicients with larger dynamic ranges while introducing comparatively higher relative errors in smaller-
magnitude coeflicients. Since lower mode indices are more sensitive to the combined contribution of multiple

polynomial terms—including those with smaller coefficients—these slight inaccuracies can accumulate and
manifest as minor discrepancies in that region.



150

100

Count

50

-0 8 -6 -4 4 5 6 1 8 2.5 -2 -L5
P, x107 P x10! Pe x10783

SM Figure 3: Histograms of the polynomial coefficients obtained from fitting the integrated dispersion spectra of
545 microring resonators, used as training data for the neural network that predicts dispersion from ring dimensions.



	Prediction_from_Dint_Data.pdf
	Microring Resonator Dispersion Metrology with Neural Networks
	1 Introduction
	2 Integrated Dispersion Calculations
	3 Numerical Results
	3.1 Dimension Prediction
	3.2 Sellmeier Model Classification
	3.3 Dint Spectrum Prediction

	4 An Experimental Case Study
	5 Conclusion


	Prediction_from_Dint_Data-1



