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We introduce a deep learning framework for predicting the optical constants of materials, specifically the

refractive index n(4) and the extinction coefficient k(1), as a function of wavelength. Our model utilises

learnable embedding layers to encode material-specific information into a low-dimensional latent space.

This embedding-driven architecture enables the network to model wavelength-dependent optical

behavior using only discrete material identifiers and normalized wavelengths as input. We also develop

a physics-informed extension that incorporates a differentiable reflectance loss based on the Fresnel

equation at normal incidence, allowing optional enforcement of physical constraints during training.

Through systematic ablation studies, we find that this reflectance term has minimal impact on predictive

accuracy, suggesting that the learned embeddings alone sufficiently capture essential dispersion
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characteristics. The proposed model demonstrates strong predictive performance across most material

classes, although comparatively lower accuracy is observed for structurally diverse oxide materials.
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1. Introduction

The accurate prediction of a material's optical constants, the
refractive index (n(1)) and extinction coefficient (k(1)), across
a broad spectral range is fundamental to the design and anal-
ysis of photonic, optoelectronic, and energy-conversion
systems.”* These constants govern light-matter interactions,
influencing key phenomena such as reflection, transmission,
absorption, and dispersion. Intrinsically, they play a pivotal role
in the modelling and optimization of devices including solar
cells, light-emitting diodes (LEDs), optical sensors, and meta-
materials.>* The refractive index (n(1)) characterizes how light
propagates through a medium, defined as the ratio of the speed
of light in a vacuum to its speed in the material. It directly
affects wavefront bending, phase velocity, and optical path
length. The extinction coefficient (k(1)), on the other hand,
quantifies the attenuation of light due to absorption and
internal scattering within the material, contributing to intensity
loss as light propagates. Together, n(4) and k(4), form the
complex refractive index fi(1) = n(2) + ik(1) which encapsulates
both the dispersive and absorptive properties of the medium.®
Accurate knowledge of these parameters is essential for
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Overall, the framework offers scalability and potential integration into optical simulations, high-
throughput materials screening, and inverse design workflows.

simulating interference effects, energy dissipation, and spectral
selectivity in thin films, multilayers, and nanostructured optical
materials.®

Traditional methods for determining the optical constants
of a material, such as spectroscopic ellipsometry and optical
reflectometry, are widely regarded as accurate and reliable.”®
These techniques have become standard tools in the fields of
optics and materials science, providing precise measurements
of the refractive index and extinction coefficient across a range
of wavelengths. However, their practical implementation is
often hindered by several limitations. The measurement
process typically involves intricate alignment procedures,
multiple spectral acquisitions, and extensive post-processing to
derive the desired parameters. Furthermore, these methods
frequently rely on advanced and costly instrumentation, which
may not be readily available in all research environments. Their
applicability is also constrained in cases involving non-uniform
or nanostructured materials, thin films, and samples with
irregular surface morphology, where optical responses deviate
from idealized assumptions®

In the context of high-throughput materials discovery and
computational screening, where large libraries of candidate
compositions must be rapidly evaluated, such traditional
characterization methods become impractical.® The combina-
tion of slow data acquisition, instrument dependency, and
manual intervention poses a significant bottleneck to scaling up
material analysis. These challenges have catalysed the
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development of computational approaches that aim to predict
optical constants more efficiently. Among these, data-driven
methodologies have gained prominence for their ability to
model complex relationships between material properties and
optical behaviour without the need for explicit physical
modelling.’*™ When trained on high-quality experimental
datasets and informed by underlying physical principles, these
models offer a scalable and cost-effective alternative to experi-
mental techniques, enabling accelerated exploration and
design of novel optical and optoelectronic materials. Recent
developments in machine learning and deep learning have led
to the emergence of powerful frameworks capable of predicting
the optical properties of materials directly from fundamental
inputs such as wavelength and material identity."®***® These
approaches capitalize on the availability of large experimental
and computational datasets, learning complex, nonlinear rela-
tionships that are often difficult to capture using traditional
modelling techniques. When informed by physical principles
and guided by domain-specific constraints, data-driven models
can serve as effective surrogates for experimental measure-
ments, offering scalable and efficient alternatives for mapping
optical responses across diverse materials and spectral
regions.”>"

A variety of machine learning algorithms, including random
forests, Gaussian process regressors, and artificial neural
networks, have been utilized to model the relationship between
material descriptors and their optical behaviour.'®"” These
models are typically trained on curated datasets composed of
empirical or simulated refractive index and extinction coeffi-
cient values. Despite their success, conventional machine
learning methods often depend heavily on feature engineering.
High predictive performance generally requires the use of
carefully crafted descriptors derived from elemental composi-
tion, crystallographic information, or empirical correlations.****
This dependence on manual descriptor selection can limit the
model's generalization capability, particularly when applied to
chemically novel or structurally ambiguous materials that fall
outside the domain of the training set.

To address these limitations, recent studies have introduced
embedding-based deep neural network architectures, which
learn continuous latent representations of discrete input
features such as material identity. Inspired by advances in
natural language processing, such as Word2Vec,” these
embedding layers enable the model to encode semantic or
functional similarity between different materials into the latent
space. This approach allows for effective knowledge transfer
across materials and improved generalization across complex
spectral distributions. Embedding-based models have shown
promising results in various domains, including molecular
property prediction,® materials informatics,” and crystal
structure-based neural networks.*?

In this work, we propose a physics informed deep learning
framework that predicts optical constants solely from three
inputs: the normalized wavelength, the material identity, and
group identity represented through a trainable embedding
vector. Unlike conventional models, our approach requires no
explicit compositional or structural descriptors. The model
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learns to infer optical behaviour directly from data by opti-
mizing the latent material representation during training. The
output consists of wavelength-dependent predictions of both
the refractive index and extinction coefficient, spanning the
ultraviolet to near-infrared (UV-NIR) spectral range. To ensure
the physical plausibility of the predicted spectra, we further
introduce a physics-informed variant of the model. This version
incorporates a differentiable loss term derived from the Fresnel
equations, which penalizes deviations between the predicted
and physically consistent reflectance.> The strength of this
regularization is controlled by a tunable parameter (,.q, allow-
ing flexibility in balancing data-driven learning and physical
constraints. Interestingly, our ablation studies suggest that the
learned material embeddings are inherently expressive and
capable of capturing dispersion trends, with only marginal
improvements observed when adding the reflectance-based
constraint. This observation indicates that the embedding
space successfully internalizes relevant physical behavior from
the training data itself. To further validate the expressiveness of
the learned embeddings, we applied dimensionality reduction
using t-distributed Stochastic Neighbour Embedding (t-SNE) to
project the high-dimensional latent space into two dimen-
sions.”” The resulting visualization revealed clear clustering
patterns among materials belonging to similar groups. When
coloured by material identity and independently by broader
group labels (such as metals, dielectrics, and semiconductors),
the embeddings formed distinct, physically meaningful clus-
ters. This grouping behaviour provides strong empirical
evidence that the embedding space captures not only the indi-
vidual identity of materials but also shared optical character-
istics at a functional level.

In summary, our method provides a fully differentiable, end-
to-end learning framework for the high-fidelity interpolation of
optical constants. By successfully mapping the relationship
between wavelength and material identity through latent
embeddings, his approach offers a computationally efficient
tool for spectral data refinement and data-driven inverse design
of photonic materials.

2. Methods

2.1 Dataset and overview

The dataset employed in this study was sourced from the
RefractiveIndex.info database,” which compiles experimentally
measured optical constants, namely, the refractive index n(2})
and extinction coefficient k(1) from a wide array of peer-
reviewed studies and handbooks. These constants are typi-
cally derived via spectroscopic ellipsometry or optical reflec-
tometry and are reported as functions of wavelength across the
ultraviolet (UV), visible (VIS), and near-infrared (NIR) spectra.
To ensure high-quality and representative learning data, only
materials with smooth, continuous spectral profiles spanning
the 0.2-1000 pm range were retained. Also, instances with n =
0.1 or k < 0 and samples with missing values in n(2), k(1), or A
were discarded, as these are considered non-physical or missing
data. Data cleaning was performed to remove non-physical
entries, such as negative or missing values, while maintaining

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ra00706f

Open Access Article. Published on 14 May 2026. Downloaded on 5/18/2026 10:13:58 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Paper

the physical diversity of the dataset. No upper-bound filtering
was applied to the refractive index n(4) or extinction coefficient
k(). Consequently, the dataset retains high-magnitude values
which are physically representative of specific regimes, such as
the strong free-carrier (Drude-like) response in metals and
phonon resonances in polar crystals within the infrared and far-
infrared regions. Each material was assigned a unique material
identifier (material_id) for substance-level distinction, along
with a categorical group label (group_id) denoting its broader
optical classification: metal, semiconductor, dielectric etc.
Rather than using fixed one-hot encodings, both identifiers
were mapped into learnable embedding spaces, enabling the
network to capture latent similarities among materials and
class-specific optical behaviour. For instance, semiconductors
typically display well-defined absorption edges, while metals
exhibit Drude-like dispersion; such relationships are more
effectively represented through embeddings than rigid one-hot
vectors. After cleaning, the final dataset included approximately
485 314 samples from over 147 distinct materials, grouped into
6 group_id classes.

Dataset shows a clear dominance of semiconductors (38.0%)
and oxides (25.7%), which together comprise nearly two-thirds
of all materials as shown in Fig. 1. Other compounds (18.3%)
make up a moderate portion, while metals (8.6%), dielectrics
(7.2%), and nitrides (2.3%) are significantly underrepresented.
This imbalance reflects the historical emphasis on semi-
conductors and oxides in electronic, optical, and energy appli-
cations. Meanwhile, fewer data exist for metals, dielectrics, and
nitrides despite their technological significance. These dispar-
ities highlight potential areas for future dataset expansion and
the need for more balanced coverage of functional material
classes.

2.2 Feature preparation

Each sample in the dataset was represented by three primary
input features: the wavelength (), which was normalized using
standard scaler; the material_id, encoded as an integer index (0,
1, 2, ..., 146) and passed through a 12-dimensional trainable

Material Group Distribution
38.0%
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125000 25.7%

100000
18.3%

75000

Number of Materials

50000
7.2%
25000
2.3%
nitride

other metal dielectric

Material Group

semiconductor oxide

Fig. 1 Material group distribution in the dataset. Semiconductors
dominate the collection (38.0%), followed by oxides (25.7%) and other
materials (18.3%). Metals (8.6%), dielectrics (7.2%), and nitrides (2.3%)

constitute smaller fractions, indicating a dataset skew toward semi-
conductor- and oxide-based systems.
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embedding layer; and the group_id, denoting the broader class
(e.g., 0: metal, 1: semiconductor, 2: dielectric), which was
mapped into an 8-dimensional embedding layer. These inputs
were concatenated and fed into the network to jointly predict
the two optical outputs: n(2), the real part of the refractive index,
and k(2), the extinction coefficient. Importantly, no handcrafted
descriptors, elemental properties, or structural features were
introduced, ensuring that the framework remained a minimal-
input, data-driven approach relying solely on spectral infor-
mation and learned embeddings.

The specific embedding dimensions (12 for material and 8
for group) were finalized following a systematic ablation study.
This study evaluated the trade-off between predictive accuracy
(minimizing RMSE), generalization stability (narrowing the
training and testing gap), and parameter efficiency (avoiding
the curse of dimensionality). Detailed ablation results and
dimensionality comparisons are provided in the SI (Section S1).

2.3 Data splitting strategy

The dataset was divided into three non-overlapping subsets to
ensure robust training and evaluation. Specifically, 80% of the
data was allocated to the training set, within which 10% was
further reserved as a validation set for hyperparameter tuning
and early stopping, while the remaining 20% was held out as
a test set for the final performance assessment. To maintain
balanced representation, stratified sampling was employed
such that both material identities and group classes were pro-
portionally preserved across all splits. Consequently, all mate-
rials are present in both training and test sets, and the
evaluation reflects interpolation across wavelength for known
materials. Additionally, a fixed random seed was applied to
guarantee reproducibility of the modelling.

3. Model architecture

3.1 Input design

The proposed architecture of neural network was shown in
Fig. 2, constructed as a three-input architecture comprising: (i)
the wavelength (1), represented as a normalized scalar; (ii) the
material identifier, mapped into a 12-dimensional embedding
vector; and (iii) the group identifier, mapped into an 8-dimen-
sional embedding vector. These three components were
concatenated to form a 21-dimensional combined feature
vector, which served as the input to the model.

3.2 Embedding layers

Let M and G denote the number of unique materials and group
classes, respectively. Each discrete input index was projected
into a dense latent space via trainable embedding layers.
Specifically, the material embedding was defined by eqn (1) as:

e = Embeddingmalerial(i)a ¢ € R12 [1)
and the group embedding was defined by eqn (2) as:

8 = Embeddingmaterial(i)a & € RS (2)

RSC Adv, 2026, 16, 25747-25757 | 25749


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ra00706f

Open Access Article. Published on 14 May 2026. Downloaded on 5/18/2026 10:13:58 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

RSC Advances

Input Layers b 3
Neural Network
o

S ¥ i
R . ¢
@{\‘?’ @ q
W © ©
O ©

Database: U Wavelength
Refractive.info =

@ @
Jafey nding

(main)

(CXOXOX0)
©0o0o

Hidden Layers

000000000080 000000003

Fig. 2 Schematic of the proposed three-input neural network for
predicting optical constants. The model integrates wavelength (scalar
input), material_id (12-dimensional embedding), and group_id (8-
dimensional embedding) into a unified 21-dimensional representation.
This vector is processed through three fully connected layers, after
which the network branches into two regression heads that inde-
pendently predict the refractive index A and extinction coefficient k.

The concatenated representation was then expressed by
eqn (3):

Xinput = [A: €j, gj] € Rzl (3)

These embeddings were learned jointly with the model
parameters, enabling the network to capture both material-
specific spectral responses and class-level optical trends.

3.3 Feature extractor and output heads

The concatenated input vector was passed through a three-layer
fully connected feature extractor, consisting of: layer 1 with 64
neurons (ReLU activation), layer 2 with 64 neurons (ReLU acti-
vation), and layer 3 with 32 neurons (ReLU activation). Neither
dropout nor batch normalization was applied, as the model
exhibited strong generalization owing to the large training set.
The shared latent representation was expressed as eqn (4),
branched into two independent regression heads as:

i = Dense(1)(x), k = Dense(1)(x) (4)

where 71 and k correspond to the predicted real part (refractive
index) and imaginary part (extinction coefficient), respectively.

3.4 Loss function design

3.4.1 Supervised loss. The primary objective was to mini-
mize the prediction error between the model outputs and the
ground-truth optical constants. A mean squared error (MSE)
loss was defined by eqn (5) over both targets, refractive index
n(2), and extinction coefficient k(A):
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N N2
Ivse = % Z [(nz — i)+ (ki - ki> } (5)
i-1
where N denotes the number of training samples. This formu-
lation enforces equal importance on accurately modelling both
dispersion and absorption.

3.4.2 Physics-informed reflectance loss. To encourage
physically consistent spectra beyond purely data-driven fitting,
a physics-informed regularization term was introduced based
on Fresnel reflectance at normal incidence as defined by the

eqn (6):

(n—17> 4+ k2

R = (n+ 1) + k2

(6)

Let R be the reflectance computed from the predicted values
7 and k, and let R denote the reflectance computed from the
ground-truth n(X)and k(A)using eqn (6). The total loss is then
given by:

Ztotal = ZMSE + 6rcﬂ X MSE(R,R) (7)

where regularization weight 8..q € [0,100] balance the super-
vised loss with the physics-based reflectance constraint. The
value of (..n was empirically tuned, with higher values
increasing the influence of reflectance consistency. A scheduler
gradually increases B..n over the first 50 epochs to avoid early
suppression of learning. It is important to note that this
constraint operates locally at each wavelength and does not
enforce global Kramers-Kronig consistency across the spec-
trum; rather, it serves as a physics-informed regularization that
encourages physically meaningful predictions.

3.5 Training protocol

The models were implemented in TensorFlow 2.15 using the
Keras functional API and trained with the Adam optimizer
(learning rate 0.001). Each run used up to 100 epochs with early
stopping (patience 10) and Model Checkpoint to save the best
weights. For the physics-informed variant, a reflectance-based
loss was added, with B, gradually increased from 0 to its
target value over the first 50 epochs using a custom scheduler.
All experiments were performed on a standard laptop. To
ensure reproducibility, random seeds were explicitly set across
NumPy, TensorFlow, and Python environments.

3.6 Model evaluation and visualization

3.6.1 Quantitative evaluation. Evaluating the predictive
performance of the model requires metrics that not only
measure numerical accuracy but also reflect the physical
significance of optical constants. Since the refractive index is
expressed as two distinct quantities, real component (n(4)),
describing dispersion and imaginary component also known as
extinction coefficient (k(1)) capturing absorption, each was
assessed separately using three complementary statistical
measures.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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3.6.1.1 Mean absolute error (MAE). Mean Absolute Error
(MAE) quantifies the average magnitude of prediction errors
without considering their direction defined by eqn (8). In the
context of optical materials, this provides an easily interpretable
measure of how far the predicted refractive index values deviate
from experimentally reported ones on average. A low MAE
indicates that the model consistently tracks real-world optical
trends with minimal deviation.

N

1 .
MAE = = > |y = i 8)
i=1

3.6.1.2 Mean squared error (MSE). Mean Squared Error
(MSE) penalizes larger deviations more heavily than MAE,
making it a sensitive measure for detecting rare but significant
prediction failures. This is particularly important in optical
physics, where even small inaccuracies at certain wavelengths
can lead to disproportionately large errors in downstream
calculations of reflectance, transmittance, or absorptance. By
minimizing MSE, the model learns to avoid sharp inconsis-
tencies that could compromise physical plausibility which is
governed by the below eqn (9):

MSE = i) )

1 &
—1

N 4

i

3.6.1.3 Coefficient of determination (R*). The R* score evalu-
ates how well the model captures the variability in the data as
defined in the eqn (10). In this application, a high R* indicates
that the learned mapping from material embeddings and
wavelength to optical constants reproduces not only pointwise
accuracy but also the global dispersion and absorption behav-
iour of the material across the spectrum.

R—=1— Z(yi_f’i)z
> i — yi)z
where y; is the mean of the observed target values. Metrics were
computed separately for n and k, using the held-out test set. By
combining these metrics, the evaluation framework balances
local accuracy (captured by MAE), robustness to large deviations
(captured by MSE), and global trend fidelity (captured by R?).
This comprehensive assessment ensures that the model is not
only statistically reliable but also physically meaningful, which
is essential when deploying predictions for photonic design,
material discovery, or optical simulations.

3.6.2 Embedding analysis via t-SNE. It is crucial to under-
stand that how the model internally organizes knowledge about
materials, despite its predictive accuracy. To visualize, the
learned material embeddings (e; € R'?) were analyzed using
a dimensionality reduction technique. Each embedding repre-
sents a compressed numerical fingerprint of a material's optical
behaviour, learned directly through end-to-end training. To
uncover latent structure, the 12-dimensional embedding matrix
was given by the below eqn (11):

(10)

RM><12

E=1Jey e ....,epn] € (11)

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Embedding Analysis via t-distributed Stochastic Neighbour
Embedding (t-SNE) of material and group embeddings.

was projected into a two-dimensional space using t-distributed
Stochastic Neighbour Embedding (t-SNE). Formally, t-SNE seeks
a mapping govern by below eqn (12):

Z = t-SNE(E) e RM*? (12)
where Z is the 2D projection of the material embeddings. Each
point z; € R*> was then color-coded by its associated group label
(group_id) and visualized. The t-SNE projection as shown in
Fig. 3, reveals distinct groups for metals, semiconductors, and
dielectrics, despite the model receiving no explicit chemical
descriptors. This organization is physically intuitive, as optical
constants are governed by a material's electronic structure,
which is determined by its composition and lattice symmetry.
Specifically, the observed patterns are consistent with known
physical trends: the clustering of metals likely reflects shared
high free-carrier densities, while semiconductors and dielec-
trics align according to their characteristic bandgap-driven
transition profiles. These results suggest that the embedding
space implicitly encodes functional similarities from the spec-
tral response alone. We emphasize that these observations are
qualitative interpretations intended to provide insight into the
latent structure.

4. Results and discussion

Here, we conducted an ablation study comparing three strate-
gies: (i) XGBoost, which represents a purely data-driven
ensemble baseline, and also MLP without any physics regula-
rization (ii) MLP with a fixed B, where the reflectance
constraint is applied with a constant weight, and (iii) MLP with
adaptive (., scheduling, where the constraint is introduced
gradually during training.

4.1 Baseline comparison: MLP vs. XGBoost

Firstly, to assess the model performance, we compared the
predicted versus actual values of the refractive index (n(2)) and

RSC Adv, 2026, 16, 25747-25757 | 25751
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extinction coefficient (k(1)) using two approaches: the ensemble
learning method XGBoost and an embedding-driven multilayer
perceptron (MLP) based on deep learning. For the XGBoost, the
material and group identifiers were provided as integer IDs and
for MLP, material and group embeddings were used. Apart from
this, we have also compared the embedding MLP model to the
one-hot MLP (see SI, section S2), in addition to reduced accu-
racy, the one-hot representation increased the input dimen-
sionality from 21 to 154 features, increasing the first-layer
parameter count from 9526 (37.21 KB) to 16226 (63.38 KB).
Unlike one-hot encoding, which treats materials as indepen-
dent categories, learned embeddings allow the model to capture
similarity relationships in a continuous latent space, consistent
with the structured clustering observed in Fig. 3. As illustrated
in Fig. 4, both models generally follow the ideal trend (dashed
red line), confirming that they capture the underlying rela-
tionship between wavelength, material, and optical constants.
However, clear differences emerge in prediction accuracy. For
the refractive index, shown in Fig. 4a and c, XGBoost displays

Refractive Index

o XGBoost (Predictions) Vi
500 == Ieal PRl
,/.o o
7
400 Sase
= o
kel ‘ﬂ"
3 300 -
2 s
g o x. L ]
- 200
o 06’ ° °
100
]
. (a)
0
0 100 200 300 400 500
Actual n
Refractive Index
e MLP (Predictions) >
500
- = |deal |
Ze0
400 P
c /
kel
2 300 /
8 R
kel ® °
2 200 ‘?.
o. ”‘o
"4
100
2 ()
0
0 100 200 300 400 500
Actual n

View Article Online

Paper

noticeable deviations at higher values, indicating difficulty in
fully capturing material-specific variations. In contrast, the MLP
produces predictions that remain tightly clustered around the
ideal line, reflecting its ability to better learn subtle nonlinear
dependencies. A similar pattern is observed for the extinction
coefficient in Fig. 4b and d. XGBoost predictions scatter more
widely in the mid-to-high range, whereas the MLP aligns much
more closely with the actual values, even in regions with sparser
or more extreme data.

These observations are quantitatively supported by the error
metrics summarized in Table 1. The MLP achieves lower RMSE
and higher R® scores for both n() (RMSE = 0.84, R” = 0.99) and
k(A)(RMSE = 1.50, R*> = 0.99), compared to XGBoost (n: RMSE =
1.46, R> = 0.97; k: RMSE = 2.16, R> = 0.97). Collectively, this
demonstrates that the embedding-based MLP not only gener-
alizes better but also provides more consistent predictions
across a wide range of optical constants, highlighting the
strength of spectral-material embeddings over traditional
ensemble methods.
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Fig. 4 Comparison of predicted and actual values of (a) the refractive index (n(1)) and (b) extinction coefficient (k(1)) for XGBoost and (c) the
refractive index (n(1)) and (d) extinction coefficient (k(2)) MLP. The dashed line shows the ideal case.

25752 | RSC Adv, 2026, 16, 25747-25757

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ra00706f

Open Access Article. Published on 14 May 2026. Downloaded on 5/18/2026 10:13:58 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Paper

Table 1 Comparison of RMSE and R? for two different models
XGBoost and MLP

Model Parameters RMSE R?

XGBoost n 1.4599 0.9714
k 2.1625 0.9705

MLP n 0.8436 0.9904
k 1.5017 0.9857

4.2 Effect of reflectance-based regularization

Next, we explored how adding a physics-based constraint
influences the embedding-driven training process by intro-
ducing a reflectance-based loss term, controlled by the weight
Bren. This term was designed to encourage the model to remain
consistent with physical reflectance principles, but as shown in
Fig. 5, it also reshapes the balance between prediction accuracy
and generalization. As f,.q. increases, the loss function shifts its
priority toward physical regularization, promoting smoother,
more stable spectral behavior that adheres to causal dispersion
relations. In Fig. 5a, we see how the mean absolute error (MAE)
for both the refractive index (n(1)) and extinction coefficient
(k(A)) changes as By increases. The errors gradually rise, with
n(1) being more strongly affected than k(2). This suggests that
while the reflectance constraint injects useful physical infor-
mation into the training, it comes at the cost of slightly higher
predictive error, particularly for refractive index values.

Fig. 5b shows the same trade-off from another perspective,
using the coefficient of determination (R®). As f..q grows, the
R? scores decline, most noticeably for n(A). In other words, as
the model focuses gives more importance to the reflectance
constraint, it costs some of its capability to perfectly match the
training data. As from the observation Table 2, these results
highlight the subtle balance between data-driven accuracy and
physics-based regularization. A moderate reflectance weight
can help guide the model toward physically meaningful
solutions, but overly strong regularization may hinder its
predictive performance. Finding this balance is key to
leveraging the strengths of both data and physics in a unified
framework.

Effect of Reflectance Regularization on Prediction Error
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Table 2 Effect of Reflectance-Based Regularization on error metrics
MAE RMSE R

Brefl n k n k n k

0.0 0.3206 0.4231 0.8436 1.5017 0.9904 0.9857
0.5 0.3198 0.4033 0.9222 1.4449 0.9857 0.9868
1.0 0.3488 0.4054 0.8641 1.5000 0.9899 0.9857
5.0 0.5117 0.4988 0.9854 1.5674 0.9869 0.9844
10.0 0.6110 0.4463 0.9804 1.4538 0.9871 0.9866
30.0 1.2206 0.6164 1.5682 1.6381 0.9670 0.9830
50.0 1.4819 0.7423 1.9352 1.8720 0.9498 0.9778
70.0 1.5756 0.8176 2.0600 2.0115 0.9431 0.9744
100.0 1.6448 0.8802 2.1785 2.1983 0.9364 0.9694

4.3 Adaptive scheduling of B.q

To overcome the trade-off between predictive accuracy and
physical fidelity observed with fixed reflectance weighting, we
developed an adaptive scheduling strategy for B,.q. Instead of
assigning a single fixed value, .. was allowed to evolve during
training, gradually increasing from 0 up to a maximum weight
of 30. Since Table 2 shows that accuracy begins to decline
around B..q. = 30, this value was chosen as the optimal point for
compare. Importantly, this ceiling can be tuned further
depending on the desired balance between data-driven learning
and physics regularization.

As shown in Fig. 6a-c, this adaptive scheduling produced
significant improvements for refractive index (r(2)) predictions.
The scatter plot confirms that the predicted values align almost
perfectly with the ideal diagonal, while the residuals remain
tightly centered around zero without exhibiting systematic drift.
The error histogram further highlights that most deviations are
minimal, demonstrating that the model preserved the predic-
tive sharpness of the unconstrained baseline while still
benefiting from the gradual incorporation of the reflectance
constraint.

For the extinction coefficient (k(1)), the improvements are
equally clear in Fig. 7a-c. Predictions remain closely aligned
with the actual values across the full test range, including high-
absorption regions where fixed 8.4 previously led to systematic
underestimation. The residual plot shows a well-balanced

Model Generalization vs Reflectance Regularization
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Fig. 5 (a) Effect of Fresnel reflectance constraint (8,eq, from 0—100) on the coefficient of determination (R?). (b) Effect of Fresnel reflectance
constraint (B,e, from 0—100) on prediction error term (mean absolute error, MAE).
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distribution around zero, and the histogram indicates that large
errors are rare. This outcome underscores the strength of the
adaptive strategy: by introducing the reflectance constraint only
after the model has already captured the core data-driven

25754 | RSC Adv, 2026, 16, 25747-25757

mapping, we prevent the physics term from overwhelming the
learning dynamics too early. Overall, the adaptive f,q strategy
achieves the optimal compromise: it preserves high predictive
accuracy for both n and k, while simultaneously improving

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 3 Comparison between 8. weightage for fixed value (30) and
adaptive value (0 to 30)

MAE RMSE R?
Bret n k n k n k
Fixed 30 1.2206 0.6164 1.5682 1.6381 0.9670  0.9830
Adaptive 30 0.3423  0.4179  0.8638  1.4587 0.9900  0.9865

physical consistency with reflectance constraints. By capping
Brent at 30, the model maintains a stable trade-off between
accuracy and physics, though this upper limit can be flexibly
adjusted if stronger or weaker physical enforcement is required
for specific applications. This staged integration of physics
demonstrates the power of embedding domain knowledge into
deep learning models in a gradual, controlled manner, rather
than enforcing it rigidly from the outset.

From the Table 3, we observed that MLP model with adaptive
Bren performs better as compared to the MLP model with fixed
Brefi- To compare the two models, we set (..q to 30, as Table 2
shows that predictive accuracy starts to decline around this
value. So, for the fixed B..n value, the model already exhibits
strong predictive capabilities, with MAE values of 1.22 for the
refractive index (n(1))and 0.62 for the extinction coefficient
(k(2)), and RMSE values of 1.57 and 1.64, respectively. The R
scores of 0.967 n(A) and 0.983 k(1) indicate that the model
captures most of the variance in the data. However, imple-
menting an adaptive B.q (0 to 30) schedule leads to marked
improvements, particularly for the refractive index. The MAE for
n(2) drops dramatically from 1.22 to 0.34, a 72% reduction,
while RMSE decreases by 45%, reaching 0.86. Correspondingly,
R* improves to 0.990, signalling near-ideal predictive perfor-
mance. The extinction coefficient k(1) also benefits from the
adaptive approach, with MAE decreasing by 32% (0.62 to 0.42)
and RMSE by 11% (1.64 to 1.46), alongside a modest R* increase
to 0.986. Additionally, Fig. 8 presents spectral comparisons of
n(2) and k(1) for GdF;, showing that the adaptive incorporation
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of the reflectance constraint better preserves spectral features
and improves agreement with ground truth trends, while the
fixed constraint introduces noticeable bias. This underscores
the benefit of gradually embedding physical knowledge into
data-driven models rather than enforcing it rigidly.

To further contextualize the performance of our optimized
model, we benchmarked it against a recent regression-based
study by Einabadi and Mashkoori (2024),>* who investigated
refractive index prediction of inorganic compounds using
machine learning employed SVR, GPR, and Random Forest
Regression models using 21 handcrafted inorganic descriptors
on a dataset of 272 samples, reporting a best-case MAE of 0.156.
However, our base model achieves an MAE (n) of 0.3206 and
MAE (k) of 0.4231 across a substantially larger and more diverse
material library. While the absolute MAE is higher, the two
approaches differ fundamentally: the prior work relies on
domain-specific handcrafted features, whereas our framework
is descriptor-free and domain-agnostic, learning material
representations directly through embeddings.

To evaluate the impact of dataset imbalance as shown in
Fig. 1, we performed a stratified analysis across six primary
material classes, with detailed metrics provided in supple-
mentary information (Table S3). Despite substantial differ-
ences in sample counts, the model maintains consistent
predictive performance across both majority and minority
groups. Notably, the Metal class, representing only ~8% of the
test set, achieves the highest accuracy (R*(n) = 0.9970, R*(k) =
0.9931), confirming that performance is not biased toward
high-density categories. However, structurally diverse groups
such as Oxides exhibit comparatively higher RMSE, overall
trends remain physically consistent. In the case of Oxides, R*(n)
= 0.4773 and R*(k) = 0.2259 which shows that performance of
model drops significantly. This behavior reflects the inherent
complexity of oxides rather than dataset imbalance alone.
Unlike other material classes, oxides exhibit substantial
structural and electronic diversity, and the model notably
struggles with their vast polymorphism, where the same
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Fig. 8 Spectral comparison of predicted and ground-truth optical constants for GdFs: (a) refractive index n(4)and (b) extinction coefficient k(4).
Results are shown for the baseline model (8 = 0), fixed reflectance constraint (8 = 30), and adaptive reflectance constraint (3: 0 — 30).
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composition can exist in multiple phases with very different
optical responses. Since the model relies only on wavelength
and material identifiers, the embeddings are forced to repre-
sent a wide range of underlying factors such as phase, defects,
and composition, making the learning task particularly chal-
lenging for this class. Along with limited embedding capacity
and the absence of global physical constraints, together restrict
the ability of model to accurately capture oxide-specific optical
behavior. Apart from this case, the results demonstrate that the
embedding-driven architecture mitigates long-tailed distribu-
tion effects and ensures balanced generalization across mate-
rial families.

5. Conclusion

In this study, we introduced an embedding-driven deep
learning framework for predicting wavelength-dependent
optical constants using only material identity and wavelength
as inputs. When benchmarked against XGBoost, the multilayer
perceptron (MLP) architecture demonstrated a stronger ability
to capture material-specific nonlinearities, leading to higher
accuracy for both the refractive index n(4) and extinction coef-
ficient k(2). Incorporating a reflectance-based constraint further
emphasized the value of embedding physical knowledge into
data-driven models. While applying a fixed fq. improved
physical interpretability, particularly in high-absorption
regimes, it also came with a slight reduction in predictive
precision. Since Table 2 shows that accuracy begins to decline
around B,.q. = 30, this value was chosen as the optimal point for
comparison. To address the accuracy-interpretability trade-off,
we implemented an adaptive B, scheduling strategy. This
yielded a substantial performance gain, reducing the MAE for
n() by 72% and RMSE by 45%, while also improving predic-
tions for k(1) with 32% and 11% reductions in MAE and RMSE,
respectively. By gradually enforcing Fresnel-consistent reflec-
tance, this adaptive strategy preserved the strong predictive
power of the unconstrained model while aligning it more
closely with physical principles.

Overall, the proposed framework demonstrates good
predictive capability across most material classes and spectral
ranges. However, reduced accuracy is observed for oxide mate-
rials, reflecting their high compositional and spectral diversity,
which is not fully captured by the current embedding-based
representation. Addressing this limitation through improved
feature representations or class-specific modelling remains an
important direction for future work. Despite this, the
embedding-based approach provides a compact and transfer-
able latent space that captures meaningful relationships
between materials. The integration of adaptive physics-
informed regularization further illustrates how machine
learning models can balance predictive accuracy with physical
consistency, offering a promising tool for optical modelling,
materials screening, and data-driven design.
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Data availability

Instructions, example scripts, and used data set used in fine-
tuning can be found at https://github.com/Sakshich1912/
RINFO.

Data set for the neural network were curated from https://
refractiveindex.info/.

Supplementary information (SI): sensitivity analysis of
embedding dimensionality, comparison with One-Hot encod-
ing and performance analysis across material classes. See DOI:
https://doi.org/10.1039/d6ra00706f.
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