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Abstract

We present SM-NET, a machine learning model that learns a continuous spectral manifold from multiple high-resolution stellar libraries.
SM-Net generates stellar spectra directly from fundamental stellar parameters such as effective temperature (Tef), surface gravity (log g =
log,,[g/(cm s72)]), and metallicity (log Z =log,,(Z/Zy)), trained on a combined grid derived from PHOENIX-HUSSER, C3K-CONROY,
OB-POWR, and TMAP-WERNER libraries. By combining their respective parameter spaces to achieve broader coverage, we construct an
extended composite dataset that spans a significantly larger, more continuous region of stellar parameter space than any single library.
The unified grid spans Teg=2000-190 000K, logg=—1 to 9, and logZ = —4 to 1 dex, with spectra covering the wavelength range
3000-100000 A. Within the combined parameter space, SM-Net provides smooth interpolation across heterogeneous library bound-
aries. Outside the sampled domain, it can generate numerically smooth exploratory predictions, although these extrapolated spectra are
not directly validated against reference models. Zero or masked flux values are treated as unknowns rather than physical zeros, allowing
the network to infer missing regions using correlations learned from neighbouring grid points. When evaluated over the unique, unaug-
mented splits of 3 526 training and 11 509 test spectra, SM-Net achieves mean per-spectrum mean-squared error values of 1.03 x 107> and
1.97 x 107>, respectively, in the transformed loglp-scaled flux representation. These results confirm that the learned manifold reproduces
the spectra with high accuracy while remaining robust to incomplete or masked data. Inference throughput exceeds 14 000 spectra per sec-
ond on a single graphics processing unit. This throughput enables rapid exploration of the stellar parameter space and efficient construction
of synthetic stellar population models. To promote accessibility and community use, we make the SM-Net model publicly available, along
with an interactive dashboard that enables real-time spectral generation and visualisation through a web interface. Users can explore the
influence of Tefr, log g, and log Z interactively, thereby demonstrating a deployed research model ready for exploration. SM-Net is a fast,
robust, and flexible data-driven complement to traditional stellar population synthesis libraries, providing a pathway for next-generation
stellar population modelling.
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1. Introduction sampling, discontinuities, and masked wavelength regions arising
from incomplete line lists or numerical instabilities. Transitions
between libraries can also introduce non-physical changes in
spectral features. Any approach aiming to generate continuous
spectra must therefore handle missing information, avoid prop-
agating artefacts from unreliable grid points, and remain stable
near boundaries where library assumptions differ.

Stellar spectral libraries are used in two closely related but
conceptually distinct contexts, both of which impose stringent
requirements on the quality and continuity of the underlying spec-
tral grids. In one, they are employed for direct stellar modelling, in
which observed stellar spectra are compared with library templates
to infer atmospheric parameters such as T, log g, and metal-
licity. In the other case, libraries serve as intermediate building
blocks for constructing simple stellar population (SSP) models, in
which stellar spectra are combined with isochrones, initial mass
functions, and evolutionary prescriptions to generate integrated
spectra for composite stellar systems. Widely used frameworks
in this latter category include BC03 (Bruzual & Charlot 2003),
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Stellar spectral libraries are fundamental tools in astrophysics,
underpinning analyses from stellar atmosphere studies to stellar
population synthesis and galactic archaeology. Libraries such
as PHOENIX (Husser et al. 2013), C3K (Conroy et al. 2018),
OB-PoWR (Hainich et al. 2019), and TMAP (Werner et al. 2003)
provide high-resolution synthetic spectra across wide ranges of
effective temperature (Teg), surface gravity (logg), and metal-
licity (log Z). These spectra are generated by stellar-atmosphere
models that solve the radiative transfer equation together with
the atmospheric structure equations using iterative numerical
schemes (Hubeny 2010). Differences in the physical assump-
tions, numerical methods, and adopted line lists used in these
radiative-transfer computations mean that each library spans a
particular region of parameter space, with only partial overlaps
between them. Consequently, no single library provides complete
or continuous coverage, and their grids often contain irregular
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(Robotham & Bellstedt 2025). While these approaches target dif-
ferent scientific questions, they share a common dependency on
the internal consistency, completeness, and smoothness of the
underlying stellar spectral grids.

As a consequence of incomplete coverage, heterogeneous
assumptions, and irregular sampling in existing libraries, tra-
ditional workflows rely on coarse-gridding or interpolation in
sparsely populated regions. Interpolation becomes increasingly
uncertain when library assumptions change, sampling is irregu-
lar, or flux is masked. This limits applications requiring dense
coverage in (T, log g,1og Z), such as stellar population synthe-
sis, Bayesian spectral fitting, or large parameter sweeps in stellar
evolution modelling.

On the fitting side, full-spectrum and stellar-population fit-
ting tools such as STARLIGHT (Cid Fernandes et al. 2005),
STECKMAP (Ocvirk et al. 2006), VESPA (Tojeiro et al. 2007),
PPXF (Cappellari & Emsellem 2004; Cappellari 2017), and PIPE3D
(Sanchez et al. 2016) infer galaxy stellar populations, kinematics,
and related physical properties by fitting observed spectra with
combinations of stellar or simple stellar population templates.
Their performance is therefore tied to the resolution, complete-
ness, and internal consistency of the underlying template grids.
On the library-construction side, frameworks such as PROGENY
aim to generate smooth spectral templates by interpolating within
and across grids, mitigating some of the irregularities inherent in
discrete models. However, all interpolation-based approaches face
challenges near grid edges, where sampling is sparse or physics
changes abruptly, and cannot seamlessly merge heterogeneous
libraries into a unified continuous manifold.

Machine learning offers a promising alternative. Data-driven
models that learn mappings between physical parameters and
spectra provide differentiable, continuous, and high-speed pre-
dictions. Early examples include The Cannon (Ness et al. 2015),
which introduced a generative framework for label transfer, and
The Payne (Ting et al. 2019), which demonstrated that com-
pact neural networks can emulate Kurucz spectra with high
fidelity. Convolutional and deep-learning approaches such as
StarNet (Fabbro et al. 2018) and ASTRONN (Leung & Bovy
2019) show strong performance for stellar label inference, while
transformer-based models such as GALPROTE (Anwar et al.
2025) illustrate the flexibility of modern architectures for spec-
tral modelling in noisy environments. Despite these advances,
existing ML-based spectral emulators are typically trained on
single libraries and thus inherit their parameter-space limits,
masked-flux artefacts, and internal inconsistencies. They do not
attempt forward spectral synthesis across multiple heterogeneous
grids, nor do they treat masked flux as uncertain information to be
reconstructed.

Machine learning has also been applied to galaxy-scale spectral
analysis and redshift inference, including convolutional models
(Pasquet et al. 2019), autoencoder frameworks for denoising and
dimensionality reduction (Portillo et al. 2020), and transformer
architectures developed for extracting physical properties from
low signal-to-noise spectra. These methods highlight the power
of ML for modelling complex spectral behaviour, but they primar-
ily address inverse problems rather than forward stellar spectral
synthesis.

In this landscape, no existing method learns a unified, contin-
uous spectral manifold spanning multiple high-resolution stellar
libraries with overlapping yet heterogeneous parameter ranges.
Prior emulators do not address the challenges posed by masked
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Figure 1. Top-level schematic of the SM-Net model architecture. The four stellar spec-
tral libraries PHOENIX-Husser, C3K-Conroy, OB-PoWR, and TMAP-Werner are first
combined into a unified multi-library dataset spanning a broad region of stellar param-
eter space. SM-Net is then trained on this dataset to generate spectra in two stages: a
global parameter-to-coarse-spectrum prediction, followed by a convolutional refine-
ment to produce the final high-fidelity output. The resulting model is accessed through
an interactive dashboard that enables real-time spectral generation and exploration.

flux regions, library-specific modelling assumptions, or the need
for smooth interpolation across inconsistent grid boundaries.
Learning across libraries requires reconciling heterogeneous phys-
ical assumptions while retaining coherent spectral behaviour.
Because each library specialises in different temperature, gravity,
and metallicity regimes, a unified model must learn a consis-
tent structure across overlaps and avoid imprinting library-specific
artefacts as physical trends. Ensuring smooth, physically plausi-
ble predictions in sparsely sampled or rapidly varying regions is
essential for applications such as population synthesis, parameter
sweeps, and dense template construction.

In this work, we present SM-Net, a machine-learning frame-
work designed to learn a continuous spectral manifold from
multiple synthetic stellar libraries, as shown in Figure 1. By com-
bining the grids of PHOENIX-Husser, C3K-Conroy, OB-PoWR,
and TMAP-Werner, we construct a composite dataset, with deter-
ministic handling of exact overlaps, that spans a broader region
of stellar parameter space than any individual library. The unified
grid covers effective temperatures Tef = 2 000-190 000 K, surface
gravities log g = —1-9, and metallicities log Z = —4-1, where we
use the standard shorthand log g = log,,(g/(cm s~2)) and log Z =
log,,(Z/Zy), with Z denoting the heavy-element mass fraction.
SM-Net is trained directly on this combined dataset, treating
masked or zero-valued flux samples as unknowns and exploiting
local structure in parameter space to infer missing information,
over the wavelength range 3 000-100 000A. The resulting model
can generate spectra at arbitrary locations in parameter space
within the joint bounds of the combined libraries (i.e. continuous
interpolation). We assess the fidelity of these generated spectra not
only through flux-level reconstruction metrics but also through
synthetic broad-band colours and standard line-strength indices,
which test the recovery of integrated and local spectral properties.
SM-Net achieves inference speeds exceeding 14 000 spectra per
second on a single GPU. To support community use, we also
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Table 1. Parameter ranges of the stellar spectral libraries used in this work. Surface gravity is reported as log g = log;4[g/(cm s~2)], and metallicity
as log Z=log,y(Z/Z). N is the number of unique spectra in each source library; SM-Net is trained on the combined dataset and can generate
spectra continuously within the sampled parameter bounds, but only predictions within regions supported by the training manifold should be

regarded as interpolation.

Library Type Teoff (K) log g (dex) log Z (dex) X (A) N
PHOENIX (Husser) Base 2300-12000 0-6 —4-1 500-55000 7559
C3K (Conroy) Base 2000-50000 —1-5.5 —2.1-0.5 100-108 8602
OB (POWR) Hot 15000-56 000 2-4.2 NA 100-108 243
TMAP (Werner) White 20000-190 000 5-9 NA 3-400000 124
SM-Net (combined) ML model 2000-190 000 —-1-9 —4-1 3000-100000 oo

provide a browser-based interactive dashboard enabling real-time
exploration of the learned manifold.

The remainder of this paper is structured as follows. Section 2
describes the construction of the combined multi-library dataset.
Section 3 outlines our preprocessing, normalisation, and augmen-
tation strategy. Section 4 presents the SM-Net architecture and
training procedure. Section 5 discusses the cross-library mismatch
in detail. Section 6 evaluates performance across the parame-
ter grid. Section 7 presents the web-based interface for SM-Net.
Section 8 places SM-Net in the context of existing stellar synthesis
workflows, discusses its performance and limitations, and out-
lines prospects for hybrid physical-machine-learning approaches.
Section 9 presents our conclusion and possible future directions.

2. Dataset preparation

In this work, we build directly on the homogenised stellar spectral
libraries distributed as part of the PROGENY framework, rather
than reprocessing the original model grids from their respec-
tive primary sources. These reformatted libraries incorporate
several preprocessing steps to improve cross-library consistency
and usability, including wavelength resampling onto a common
grid, removal of problematic spectra, and physically motivated
extrapolation of flux at long wavelengths using black-body exten-
sions where required. Our contribution is therefore not the
re-derivation of the underlying stellar atmosphere models, but
the unification, augmentation, and modelling of these processed
libraries within a single continuous spectral manifold.

The four stellar libraries used in this work, PHOENIX-Husser,
C3K-Conroy, OB-PoWR, and TMAP-Werner, are summarised
in Table 1. These libraries differ not only in wavelength sam-
pling, parameter coverage, and spectral resolution but also in their
underlying atmosphere assumptions. PHOENIX-Husser primar-
ily provides cool-star photospheric spectra based on PHOENIX
model atmospheres; C3K-Conroy extends the coverage using a
distinct stellar-atmosphere and opacity treatment; OB-PoWR is
tailored to hot massive stars and includes non-LTE, wind-sensitive
atmospheres; and TMAP-Werner is designed for hot compact
stars and white dwarfs. Consequently, spectra with similar or even
identical labels are not guaranteed to be physically interchangeable
across libraries. This is a central motivation for both the deter-
ministic overlap handling described below and the cross-library
mismatch analysis presented in Section 5.

During reformatting by PROGENY, all spectra were resam-
pled onto a common wavelength axis spanning 3 000-100 000 A.
Because the PHOENIX-Husser spectra natively extend only to
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55000 A, the remaining far-infrared region was filled using a phys-
ically motivated black-body continuation, providing a smooth
thermal continuum without introducing artificial spectral fea-
tures. A fifth library, PHOENIX-Allard, was also considered but
excluded because its spectra exhibited highly irregular behaviour
below 10 000 A and at T < 4 000 K, indicating substantial physi-
cal inconsistencies.

In the combined dataset, wavelengths below 3000 A were
discarded because the four libraries exhibit substantial incon-
sistencies in this ultraviolet regime, including discontinuities
and incompatible flux behaviour. The adopted wavelength grid
again follows the PROGENY sampling, which is deliberately
non-uniform and feature-aware. This grid allocates dense sam-
pling in wavelength regions containing strong and rapidly varying
spectral features, while permitting much coarser sampling in the
smooth Rayleigh-Jeans tail at long wavelengths (approaching
100000 A), where the spectrum is nearly featureless. A similar
philosophy is adopted in the CB19 stellar population models (Plat
et al. 2019), which likewise emphasise high fidelity in feature-rich
spectral regions. PROGENY uses the publicly available CB19 stel-
lar spectral grid, which is distributed as a complete model grid
rather than described in a dedicated standalone methods paper.
The same grid was reused in this work, and therefore provides a
practical, well-characterised compromise between spectral fidelity
and data volume. After resampling onto this grid, each spectrum
contains 11 655 wavelength samples.

The total number of spectra in the four libraries is 16 528.
Since TMAP and OB-POWR do not include metallicity as
a model parameter, they cannot be directly placed into the
three-dimensional (T, log g,logZ) space used by the other
libraries. In the grids for these two libraries, metallicity is unde-
fined; all spectra at a given (T, logg) are identical regard-
less of any value of logZ that might be assigned. To embed
TMAP and OB-POWR into a unified three-parameter space
without altering their data structure, each spectrum from these
libraries was replicated six times with assigned metallicities
log Z € {—4, —3, =2, —1,0, 1}. This covers the entire metallicity
range on the grid, with a 1 dex interval. This procedure enables
dimensional compatibility with the other libraries, allowing the
network to learn the intended grid behaviour: in the region of
parameter space covered exclusively by TMAP or OB-POWR, the
spectra are invariant under changes in log Z. We emphasise that
this invariance is a limitation of the underlying training data rather
than a physical property of the stars. While hot stellar spectra are
physically affected by metallicity, these effects are absent in the
specific source grids used here for this parameter regime.
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Figure 2. Two-dimensional projections of the combined library coverage in log,,(Te/K)-log g, log,(Ter/K)-log Z, and log Z-log g parameter space. Each point represents at least
one spectrum in the combined dataset after collapsing over the third parameter axis. Colours indicate the contributing library or combination of libraries at each projected

location.

After replicating the TMAP and OB-POWR spectra across
six assigned metallicity values, the number of spectra from these
libraries increased to 744 (124 x 6) and 1458 (243 x 6), respec-
tively, raising the total number of spectra across all four libraries
to 18363. In regions where the (T, logg,logZ) labels coin-
cided exactly, only one spectrum was retained according to the
deterministic priority order TMAP > PHOENIX-Husser > OB-
POWR > C3K. Here, exact overlap refers to numerically identical
parameter labels after applying the common grid formatting used
in this work; no nearest-neighbour or spectral-similarity match-
ing was used during de-duplication. The priority order reflects
the specialised parameter regimes of TMAP, PHOENIX-Husser,
and OB-POWR, while C3K provides both complementary over-
lap coverage and unique coverage at lower effective temperatures.
Consequently, all 927 spectra removed during exact-overlap reso-
lution belong to C3K, leaving 17 436 spectra.

A subsequent quality-control step removed 36 OB-POWR
spectra corresponding to all combinations of

T.i € {16 000, 17000, 18 000} K,

logg € {2.0, 2.2},

together with the six assigned metallicity values. These spec-
tra exhibited pronounced discontinuities and abrupt changes in
continuum slope that were inconsistent with neighbouring spec-
tra in the grid. Initial training runs that retained these spec-
tra showed that they distorted the locally learned manifold and
degraded interpolation for nearby parameter combinations. They
were therefore treated as likely numerical or formatting artefacts
rather than genuine physical variation. Their removal produced a
final combined dataset of 17 400 spectra with unique labels.

These steps of dataset preparation serve three complementary
purposes. Replicating the TMAP and OB-POWR spectra across
assigned metallicities embeds their two-parameter grids within the
common three-dimensional parameter space without introducing
artificial metallicity dependence. Deterministic overlap resolution
provides a single, well-defined training target wherever multi-
ple libraries share identical labels, while the quality-control step
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prevents anomalous spectral shapes from biasing the learned rep-
resentation. SM-Net is therefore trained to emulate this curated
composite dataset rather than to infer a physically unique reconcil-
iation between heterogeneous libraries. In exact-overlap regions,
the model learns the retained reference spectrum selected by the
imposed priority ordering.

The parameter-space coverage of the combined dataset is
summarised through the two-dimensional projections shown in
Figure 2. These projections illustrate that the union of PHOENIX-
Husser, C3K-Conroy, OB-PoWR, and TMAP-Werner spans
a substantially broader and more heterogeneous region of
(Tefr, log g, log Z) than any individual library alone. They also
show the irregular shape of the combined grid, the varying sam-
pling density across different regions of parameter space, and the
locations of overlap between libraries. Each panel collapses the
three-dimensional grid along one parameter axis, showing the
coverage and overlap for the remaining two parameters. The T
axis is shown on a logarithmic scale.

To minimise overlap between the training and validation sets,
we constructed the data splits directly in parameter space rather
than by random sampling. For each of the three parameters
(Tetr, log g, log Z), the unique sorted values were assigned to the
training and validation sets following a fixed repeating pattern,
in which two consecutive values were allocated to the training set
and the next two to the validation set. This procedure was applied
independently along each parameter axis, such that a spectrum
assigned to the training set does not share any of its parameter
values with any spectrum in the validation set. The only deliberate
exception occurs at the grid boundaries, where the extreme values
(the first two and last two grid points along each axis) are included
in both splits to ensure stable behaviour near the edges and corners
of the parameter space. Here, boundary cases refer specifically to
spectra lying at the extremes of the sampled ranges in T, log g, or
log Z, and are shared solely to anchor interpolation at these limits.
Due to the irregular shapes and incomplete overlaps among the
individual library grids, only 18 unique parameter triples, corre-
sponding to 18 retained spectra, are shared between the training
and validation sets.
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Table 2. Illustrative assignment of spectra to train/validation/test sets
based on the 2-2 parameter split pattern. Ticks indicate membership;
boundary cases appear in both the training and validation sets.

Teff logg logZ Train Val Test
t g1 7 v v

t g1 b5} v v

ta g3 z3 v

t3 92 z5 v
ts g3 b4l v
ts g1 z3 v
ts 9gs z5 v

t 93 Zg v

Consider three sorted parameter sets from the combined
dataset:
Teir = {t1, t2> t3, tas b5, ...},
logg = {gl,gz,gs,gz;,gs, b
log Z = {z1, 23, 23, 24, 25, ...}
With 2 boundary values (subscript ; and ;) shared between

train and validation, and applying the 2-train and 2-validation
pattern independently to each axis, gives

WA — {t, b, 3, bty £, ),

train

log g™ = {g1, €2, 8> 84> &> --}»
log Zmin — {z1, 22, 23, 245 27, ...},

I
To = {t1 o, b5, tos o}

log g™ = {g1, 22> 85> Go» }»
log 77 = {z1, 22, 25, Zg5 ...}

A spectrum belongs to the training set only if all three of its
parameter values fall inside the training subsets above; similarly
for the validation set. Representative example combinations are
shown in Table 2. Any spectrum whose parameters do not fall
entirely within either training or validation subsets is assigned to
the test set. This demonstrates that the split is defined in param-
eter space, not by random splits, and that the resulting partitions
reflect the true structure of the irregular multi-library grid.

Because the combined grid is formed from four libraries with
highly irregular and different parameter coverage, the vast major-
ity of possible (T, log g, log Z) combinations do not correspond
to any real spectrum in any library. Such combinations are dis-
carded and therefore are not allocated to any split.

This splitting scheme forces the model to validate its results
on parameter combinations not encountered during training, and
hence the validation set provides a strict measure of generalisa-
tion for early stopping. Following the removal of the identified
outliers in the spectra, the resulting split contains 3 526 training
spectra, 2 383 validation spectra, and 11 509 test spectra. Because
18 boundary spectra are deliberately included in both the train-
ing and validation sets, these split counts sum to 17418 entries
but correspond to 17400 unique retained spectra. Although this
produces a relatively large test split and smaller training and val-
idation splits, which is unconventional in machine learning, the
resulting parameter distributions remain well spread across the
grid, ensuring adequate training coverage and a fair evaluation of
interpolation at unseen parameter combinations.

Missing or invalid flux values were identified through NaN and
zero-value detection, with zero-valued regions treated as masked
intervals rather than physical flux. A bounded zero-run analysis
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Figure 3. Distribution of zero/unknown flux values across the dataset of combined
grids. Counts are aggregated over log Z values.

was applied to detect internal masked regions without trimming
spectra, preserving as much surrounding information as possi-
ble. Figure 3 shows the distribution of unknown flux values in the
combined dataset, where more than 100 flux values per spectrum
were missing. For the wavelength range of 3 000-100 000 A, all of
the spectra with missing flux regions belong to the TMAP library.

For model training and evaluation, flux values in the combined
dataset were mapped to the interval [0, 1] using a loglp-based scal-
ing. This transformation compresses the large dynamic range of
stellar spectra while remaining strictly monotonic in the original
flux. In practice, we adopt a numerically stable implementation in
which zero-valued flux elements remain exactly zero, and the log-
arithmic scale is set adaptively using a small percentile of the pos-
itive flux distribution to avoid sensitivity to extreme outliers. The
resulting spectra are normalised using a dataset-wide maximum
flux, ensuring consistent scaling across libraries with differing
absolute normalisations. Although this nonlinear transformation
alters linear flux ratios, it preserves the relative ordering of spectral
features and stabilises optimisation without introducing spurious
structure into masked or low-flux regions.

3. Spectral similarity and augmentation strategy

A key challenge in training an ML model is constructing a
balanced training dataset. Unlike typical classification or regres-
sion problems where class imbalance arises from having many
examples of some classes and few of others, this combined
dataset contains a single spectrum for each unique triplet/class of
(Tefr, log g,log Z). In this case, the imbalance instead arises from
the underlying structure of the stellar parameter grid. Certain
parts of the grid are densely sampled and contain spectra whose
shapes change only gradually across neighbouring points, result-
ing in many regions with nearly identical spectra. In contrast,
other areas of the grid exhibit sharp spectral transitions but con-
tain relatively few grid points. This leads to a biased distribution
of spectral shapes, with some spectral morphologies appearing
abundantly while others are represented by only a handful of
examples.

To correct for this imbalance, we computed pairwise cosine
similarity across the combined dataset, supplemented by a masked
L1 distance that excludes wavelength intervals with zero flux.
These measures quantify the relative uniqueness of each spectrum
while emphasising meaningful differences in spectral morphology.
Spectra identified as more distinctive were assigned higher repeat
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Table 3. Number of spectra in each dataset split before and after
augmentation based on spectral uniqueness. The test set was
not augmented for model evaluation.

Split Original N Augmented N Increase factor
Train 3526 5742 1.63
Validation 2383 3836 161
Test 11509 N/A N/A

counts, up to a maximum of 10, whereas spectra that were highly
similar to other grid members received no repetition. As a result,
about 20% of the spectra in the combined dataset are repeated
more than once, whereas the remaining 80% appear only once.
The repeat plan does not generate new spectra or new parameter
combinations; it only changes how frequently existing spectra are
represented. After applying this plan, the training, validation, and
test splits contain 5742, 3836, and 11 509 rows, respectively, as
shown in Table 3. Figure 4 shows the resulting replication counts
in the Teg-logg grid after aggregation over log Z. Many of the
spectra assigned larger repeat counts lie in the low-temperature
regime, where spectral morphology changes rapidly and distinc-
tive molecular features are common.

The validation set was also augmented because early stopping
relies on its loss as a proxy for generalisation and must there-
fore remain sensitive to rare and difficult spectral morphologies.
Weighting distinctive validation spectra more strongly prevents
the early-stopping criterion from being dominated by the most
common spectral shapes. The test set was not replicated for
model evaluation, so that each test spectrum contributes once
to the reported performance statistics. Overall, the augmentation
increases the influence of rare spectral shapes during training and
validation without altering the composition of the test evaluation.

4. Model architecture and training

SM-Net consists of two main blocks: a global parameter—to-
spectrum predictor (Lookup Block) and a convolutional refine-
ment module (Refinement Block), as shown in Figure 5. Together,
these blocks map the three input stellar parameters

x=[Te logg logZ],

to a full-resolution spectrum of length L =11655. The Lookup
Block provides a smooth coarse estimate, while the Refinement
Block adds wavelength-dependent corrections to produce the final
high-fidelity output.

4.1. Lookup block: Global parameter-to-spectrum mapping

The first stage of SM-Net is the Lookup Block, which trans-
forms the three-dimensional input parameters into a coarse,
low-frequency spectral prediction. In terms of the architecture in
Figure 5, this stage consists of:

e a Parameter Embedding Layer that expands the physical
inputs into a higher-dimensional representation,

e three Fully Connected Layers, with dimensions 3 —
4096 — 16 384 — 11 655, implemented using residual
MLP blocks,

e a Coarse Spectrum Generator that produces an initial
spectral estimate.
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Figure 4. The replication counts for the entire dataset based on spectral dissimilarity,
aggregated over log Z.

The embedded parameters pass through two residual fully
connected layers:

h; =fi(x) + P1(x), 1)

h, =f,(h1) + P>(x), )

where f; and f, are residual MLP blocks, and P, P, are linear skip
projections that forward the physical parameters directly to deeper
layers.

The Coarse Spectrum Generator produces the initial coarse
spectrum:

Scoarse = W3h2 + P3(X)a (3)

where W; is alearned linear operator and P; is the final linear layer
of this block, mapping output to the spectral dimension.

A learnable per-wavelength baseline vector b € R is initialised
to the median flux of the training data. This baseline acts as a
stabilising prior on the predicted spectrum. It is applied using a
Softplus transformation,

so = Softplusg (Scoarse + b), (4)

which guarantees non-negative output fluxes. The parameter §
controls the sharpness of the Softplus activation.

4.2. Refinement block: Residual spectral refinement

The second stage of SM-Net is the Refinement Block, which applies
a series of convolutional operations to refine the coarse prediction
with detailed wavelength-dependent corrections. Architecturally,
this block consists of:

e an Input Conditioning Layer that integrates the learned
conditioning vector, a fixed three-channel positional
encoding, and the coarse spectrum;

e a Multi-scale Feature Extractor consisting of three par-
allel convolutional branches with kernel sizes of 7, 15,
and 23;

e a Fusion Block that aggregates features from the parallel
branches;
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Figure 5. Block-level architecture of SM-Net, showing the two-stage mapping from stellar parameters to a high-resolution synthetic spectrum. The Lookup Block takes the input
parameters (effective temperature, surface gravity, and metallicity) and produces a coarse, low-frequency spectral estimate through a sequence of embedding, fully connected,
and projection layers. This coarse spectrum, together with the physical parameters and positional encodings, is passed to the Refinement Block, where convolutional feature
extractors and residual convolutional blocks learn wavelength-dependent corrections. The refinement output is added to the coarse spectrum to produce the final high-resolution

stellar spectrum.

e a Refinement Output Layer that predicts the additive
spectral correction.

The stellar parameters are first expanded along the wavelength
axis by a learned linear map:
c=Qx+b, €
where
e x € R is the input parameter vector (where D = 3);

e Qc R*P js the learned weight matrix projecting parame-
ters onto the spectral axis;

e b e R! is the bias vector;

e c € RE s the resulting conditioning vector.

Here L denotes the length of the spectrum.

To provide the refinement module with an explicit notion of
spectral position, we generate a fixed three-channel positional
encoding P € R**L. For a normalised wavelength index ¢; € [0, 1]
at bin , the encoding channels are defined as:

L
P, = | sin(7t;) | - (6)
cos(2mt;)

The Input Conditioning Layer concatenates the coarse spec-
trum s,, the conditioning vector ¢, and the three-channel posi-
tional encoding P along the channel dimension:

e R, (7)

Thus, X contains one channel from sy, one channel from ¢, and
three channels from P.

The Multi-scale Feature Extractor processes X through three
parallel branches to capture features at different scales. For each
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kernel size k € {7, 15, 23}, the output uy is computed as:
u, =D (d) (Convk (padk(X)))), (8)

where padi(-) denotes replicate padding, ¢ is the GELU activa-
tion, and D denotes Dropout. The feature maps from the parallel
branches, each corresponding to a different kernel size k, are
concatenated along the channel dimension to form a composite
multi-scale feature map U. This aggregation allows the network
to process local spectral lines and broader continuum features
simultaneously. The composite map is processed by a Fusion
Block:

h=D (¢ (Coanuse(U)))- (9)

Here, Convy, represents a convolutional layer designed to mix
information across the spectral channels. Finally, the Refinement
Output Layer projects these fused features down to a single
dimension to produce the scalar spectral correction As:

As = Convgy(h). (10)

The final high-resolution spectrum is obtained via a residual
connection, where the learned correction is added to the initial
coarse estimate:

(11)

Sfinal = 8o + As.

4.3. Loss function and treatment of masked flux

To handle masked or zero-valued flux (originating from incom-
plete line lists or numerical issues), SM-Net uses a weighted
mean-squared error (MSE) loss:

L

B
L= é SO wami (sin - )’

i=1 A=l

(12)

where:

e Bis the batch size,

e w, is a per-wavelength weight,
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Figure 6. Training and validation losses throughout the training process. Red lines
indicate the epochs at which the learning rate and the batch size were reduced, both

by a factor of 0.8.

e t;; and s;, are the target and predicted fluxes,

e m;; is a binary mask:

0, t;; =0 (masked or uncertain flux),

mj) = .
1, otherwise.

Masked flux values therefore exert no penalty, allowing the
model to reconstruct missing structure by relying on neighbour-
ing wavelengths and on the broader learned relationships encoded

in the network.

4.4. Training strategy

The SM-Net model was first trained, evaluated and refined sep-
arately on each of the four core libraries. This initial evaluation
phase not only guided model optimisation but also revealed
regions within individual libraries where the spectra exhibited
internal inconsistencies. Below 3 000 A individual-library training
and direct cross-library inspection revealed abrupt continuum off-
sets, discontinuous slopes, and mutually inconsistent flux ampli-
tudes at neighbouring or matched parameter locations; this region
was therefore excluded rather than treated as a physically coherent

common domain.

Model training used the Adam optimiser for Learning Rate
(LR) scheduling, with an initial LR of 4 x 10~ and an initial batch
size of 1024. Whenever the validation loss failed to improve for
ten consecutive epochs, both the LR and batch size were reduced
by a factor of 0.8, with a minimum batch size capped at 128.
Early stopping was triggered after 50 epochs without improve-
ment. This decay schedule in LR and reduction in training batch
size, shown as red dotted lines in Figure 6, served two com-
plementary roles. Large batches in early epochs stabilised the
optimisation landscape and enabled the network to learn broad,
global spectral trends, whereas progressively smaller batches intro-
duced beneficial gradient noise that helped the optimiser escape
shallow minima and focus on fine-grained spectral structure.
Reducing the LR in tandem ensured that later stages of training
refined subtle features without overshooting, which is essential for
high-resolution spectra, where neighbouring wavelengths differ
only marginally in flux. Empirically, this coupled decay of batch
size and LR yielded smoother convergence than adjusting either

hyper-parameter alone.
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Figure 7. Mean and median residuals between matched PHOENIX-Husser and C3K
spectra as a function oflogm()u//"-\). Residuals are defined as Husser — C3K and are com-
puted in the loglp-scaled flux representation across 783 matched (T, log g, log Z) grid
points. The shaded region indicates the £1o dispersion of the residuals.
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Figure 8. Mean squared difference between matched PHOENIX-Husser and C3K spec-
tra across the common parameter grid, shown in the log,,(T/K)-log g plane. The
vertical axis shows log g. Values are computed in the loglp-scaled flux representation
and averaged over log Z.

We enabled automatic mixed-precision with CUDA, using
bfloat16 throughout training without gradient scaling. This
reduced memory pressure during convolutional refinement with-
out degrading accuracy. Training required a peak GPU memory
of 21 GB, whereas inference with a batch size of 256 spectra
requires about 4.5 GB of GPU memory. The model achieves rates
of approximately 14 000 spectra per second on a single NVIDIA
RTX 4090 GPU. For maximum throughput and full GPU utilisa-
tion, the number of inferred spectra should exceed a few thousand.
For small inference jobs, the GPU is under-utilised, kernel-launch
overheads dominate, and the resulting throughput is noticeably
lower than the peak rate.

5. Cross-library physics mismatches

The mismatch in the underlying physics between different stel-
lar libraries directly affects the accuracy that SM-Net can achieve.
This mismatch between some libraries is significant. Figure 7
shows the mean and median residuals when comparing the 783
spectra with the exact same Tef;, log g, and log Z labels between the
PHOENIX-Husser and C3K libraries, highlighting the mismatch
in the physics between the two libraries. Figure 8 shows the mean
squared difference between matched PHOENIX-Husser and C3K
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Figure 9. Comparison between C3K and PHOENIX-Husser spectra for T =2 500 K,
log g =4.0, and log Z= —1.5. The upper panel shows the two matched library spec-
tra, while the lower panel shows the residual, defined as Husser — C3K. The residual
highlights the underlying differences in the physics between the two libraries.

spectra in the log,,(Tes/K)-log g plane, averaged over log Z. The
largest differences occur at lower temperatures, as indicated by the
bright yellow regions.

Figure 9 illustrates the mismatch using two original spectra
with identical parameters (Teg=2500 K, logg=4.0, logZ=
—1.5) drawn from the two libraries, alongside their residual spec-
trum. At shorter wavelengths, the flux difference between the
spectra from two libraries exceeds 20% and remains as high as
~15% at the longest wavelengths, highlighting a substantial under-
lying physical mismatch. The consequences of these cross-library
mismatches become evident in the reconstruction-error distri-
butions presented in the next section, particularly near overlap
boundaries and in sparsely sampled regimes.

6. Evaluation and performance

In this section, we evaluate the quantitative and qualitative recon-
struction performance of SM-Net across the training, validation,
and test sets. All spectra are represented in the loglp-scaled flux
space as described in Section 2, and this transformation is not
inverted at any stage of training or evaluation, with the excep-
tion of Section 6.2. Consequently, all residuals and mean squared
error (MSE) values reported here are computed directly in the
loglp-scaled space and should not be interpreted as errors in linear
flux units.

First, we analyse the reconstruction accuracy as a function of
the three physical parameters (Tef, log g, log Z) across the training,
validation, and test splits. As discussed in Section 2, spectra from
the TMAP and OB-PoWR libraries were replicated across dis-
crete log Z values to enable embedding within the joint parameter
space. In metallicity bins populated exclusively by these libraries,
the spectra are therefore invariant by construction with respect to
log Z and do not probe metallicity-dependent spectral sensitivity.
This limitation should be borne in mind when interpreting the
error distributions shown in Figures 10-12.

Table 4 summarises the reconstruction performance across
the three dataset splits. The mean per-spectrum MSE values are
1.03 x 107 for the training set, 2.50 x 107> for the validation
set, and 1.97 x 107> for the test set. These values correspond to
root-mean-square deviations of 0.32%, 0.50%, and 0.44%, respec-
tively, in the normalised loglp-scaled flux representation used
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Figure 10. Distribution of MSE prediction errors across log,,(Tes/K). High MSE occurs
predominantly at low temperatures, with consistent trends across splits, indicating
robust generalisation.

for training and evaluation. The median MSE values range from
3.42 x 107° to 4.64 x 107, corresponding to RMS deviations of
approximately 0.18-0.22%. This indicates that the majority of
spectra are reconstructed with substantially better than 0.5% RMS
accuracy in the transformed representation.

The 10th-percentile MSE values range from 9.56 x 1077 to
1.32 x 1075, corresponding to RMS deviations of approximately
0.10-0.11%. These values characterise the best reconstructed por-
tion of each split, for which SM-Net achieves particularly close
agreement with the reference spectra. The 90th-percentile MSE
values range from 1.95 x 107> to 4.08 x 10>, corresponding to
RMS deviations of approximately 0.44-0.64%. Thus, 90% of the
spectra in each split have reconstruction errors below approxi-
mately 0.7% RMS in the transformed flux representation.

The minimum MSE values range from 1.88 x 1077 to 2.27 x
1077, corresponding to RMS deviations below 0.05%. These cases
represent near-perfect reconstructions within the transformed and
normalised flux space.
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Table 4. Summary of SM-Net reconstruction quality across the combined multi-library dataset. For each split, N is the number of unique spectra in the original,
unaugmented split, mean MSE is the mean per-spectrum mean squared error, and RMSg is the corresponding root-mean-square flux deviation. Percentiles and
minimum/maximum values are computed over the per-spectrum MSE distribution.

Split N Mean MSE RMSfiux (%) Median MSE 10th perc. MSE 90th perc. MSE Min MSE Max MSE
Train 3526 1.03 x 107° 0.32 342 x 107 9.56 x 1077 1.95 x 107° 2.05x 1077 6.17 x 1074
Validation 2383 2.50 x 107° 0.50 4.64 x 107 132 x10°° 4.08 x 107° 2.27 x 1077 1.12 x 1073
Test 11509 1.97 x 107> 0.44 426 x 107° 1.28 x 107© 3.16 x 107° 1.88 x 1077 4.02x 1073
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Figure 11. Distribution of MSE across log g. Elevated errors occur in validation and test
sets near the lower boundary of OB-PoWR (around 2.20), indicating inconsistencies in
the underlying physics of the three overlapping libraries in this region.

The maximum MSE values are 6.17 x 107 for the training
set, 1.12 x 107 for the validation set, and 4.02 x 1072 for the test
set. These correspond to RMS deviations of approximately 2.48%,
3.34%, and 6.34%, respectively. Although these worst-case errors
are substantially larger than the median values, they represent only
the extreme tail of the per-spectrum error distribution, as also
indicated by the much lower 90th-percentile values.
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Figure 12. Distribution of MSE across log Z. Errors are broadly uniform, with particu-
larly low mean and median MSEs at log Z = —4 and —3, which originate from regions
governed by a single library and therefore contain no cross-library inconsistencies.

The validation split is particularly important and challeng-
ing because, apart from the deliberately shared boundary values,
its parameter values are excluded from the corresponding train-
ing subsets. The close agreement between the validation and test
errors therefore demonstrates that SM-Net interpolates success-
fully across parameter combinations not used for model training,
which is a core objective of this work.
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6.1. Errordistributions across the parameter space

To diagnose potential biases on the non-uniform combined
grid, Figures 10-12 show the MSE distribution as a function of
log,, (Terr/K), log g, and log Z parameters across all splits, respec-
tively. One can draw the following conclusions based on these
MSE box plots.

The train, validation, and test splits exhibit very similar MSE
profiles as functions of Teg, log g, and log Z. Although the absolute
values differ slightly, the overall shapes of the distributions and
the locations of the outliers are consistent across all three splits.
Together with the close agreement in the summary statistics in
Table 4, this indicates that SM-Net does not overfit and generalises
robustly across unseen regions of the parameter grid.

The box plots in Figures 13-15 show the distribution of MSE
values for the test set, stratified by stellar parameter and sepa-
rated by the four constituent libraries in the combined dataset. For
TMAP, the reconstruction errors are systematically smaller than
those of the other libraries. This is likely because TMAP occupies
a region of parameter space where the spectra are compara-
tively smooth and contain fewer strong, rapidly varying features,
while also having minimal overlap with the other libraries and
therefore fewer cross-library inconsistencies. Figure 15 shows the
corresponding log Z distributions only for PHOENIX-Husser and
C3K, since OB-PoWR and TMAP do not include metallicity as an
explicit physical parameter in their source grids.

The largest errors and most prominent outliers occur at
the lowest temperatures, roughly 3.3 Slog,,(Terr/K) < 3.4. This
behaviour is expected because cool-star spectra are intrinsically
more difficult to model than hotter, smoother spectra. In this
regime, the emergent spectrum is shaped by dense molecular
absorption bands and broad, highly structured opacity features,
rather than by a relatively smooth continuum with isolated atomic
lines. Small changes in log,,(Te/K), logg, or log Z can there-
fore produce comparatively large changes in the detailed spectral
morphology. As a result, interpolation in this region is more
demanding, particularly for a neural network that is required to
learn a single smooth manifold across a non-uniform multi-library
grid.

The increased low-temperature error should therefore not
be interpreted as a generic failure of SM-Net, but as a reflec-
tion of the difficulty of this part of the training domain. The
lowest-temperature region is dominated by PHOENIX-Husser
and C3K spectra, where the library coverage is non-uniform and
the two libraries can differ substantially at neighbouring loca-
tions in the parameter grid. These differences arise from distinct
atmosphere assumptions, opacity treatments, and line lists, and
they are consistent with the cross-library residuals discussed in
Section 5. Consequently, SM-Net is forced to learn a continuous
representation through a region where the reference spectra them-
selves are more structured and less mutually consistent. Elevated
outlier rates are also seen near library-overlap boundaries, espe-
cially around the PHOENIX-Husser/C3K transition. By contrast,
regions dominated by a single internally consistent library, such
as the hottest TMAP regime or the most metal-poor PHOENIX-
Husser bins, show uniformly low errors and minimal scatter.

The per-library breakdown supports this interpretation. For
log,,(Tefr/K), the largest reconstruction errors at low tempera-
ture are concentrated in the PHOENIX-Husser and C3K libraries,
which dominate the cool-star regime and contain strong molec-
ular structure as well as library-dependent differences at fixed
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Figure 13. Distribution of MSE across log,,(Tes/K) for the four libraries.

(Tefr, log g, log Z). At higher temperatures, where OB-PoWR and
TMAP dominate, the MSE remains generally lower and promi-
nent outliers are less common. For logg, the highest mean
errors occur near log g = 0 for PHOENIX-Husser, where the MSE
exceeds ~107*, while the corresponding C3K errors remain close
to ~107° around log g = 0. This reflects the denser local sampling
of C3K in this region, which causes the learned manifold to fol-
low the C3K spectral behaviour more closely and increases the
residuals relative to the retained PHOENIX-Husser references.
For log Z, the mean MSE remains broadly uniform across the two
libraries with explicit metallicity coverage, with outliers dispersed
rather than concentrated in any particular metallicity bin.
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Figure 14. Distribution of MSE across log g for the four libraries.

6.2. Synthetic broad-band colour and line-strength validation

The MSE values reported in Table 4 quantify reconstruction
accuracy directly in the loglp-scaled flux representation used
for training and evaluation. While this provides a measure of
pixel-level spectral agreement, many astronomical applications
rely on derived observables rather than individual flux samples.
We therefore extend the validation in two complementary direc-
tions: synthetic broad-band colours, which probe the integrated
spectral energy distribution over wide wavelength intervals, and
line-strength indices, which probe the reconstruction of narrower
spectral features.
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Figure 15. Distribution of MSE across log Z for the two libraries with metallicities.

Synthetic photometry is commonly used to evaluate stellar
model fluxes, broad-band colours, and bolometric corrections
(Casagrande & VandenBerg 2014). For this analysis, the spectra
were transformed back to direct flux space using the inverse of
the loglp scaling described in Section 2. Synthetic colours were
then computed from band-averaged F, values using filter response
curves from the Spanish Virtual Observatory (SVO) Filter Profile
Service, an online repository of standardised photometric filter
transmission curves (Rodrigo et al. 2012, 2024; Rodrigo & Solano
2020). All colours are reported in the AB magnitude system, in
which magnitudes are defined relative to a constant reference flux
density per unit frequency.

We considered the colours g —r, r —i, g — i, and ] — K;. The
first two probe adjacent optical bands, g — i provides a broader
optical baseline, and ] — K, probes the near-infrared spectral
shape. Together, the (g — i) versus (J — K;) plane provides a com-
bined optical and near-infrared colour-colour diagnostic. We use
K rather than the classical broad K band because it avoids the
more problematic long-wavelength portion of the K response. The
selected bands are representative of SDSS-like optical and 2MASS
near-infrared photometry (Doi et al. 2010; Skrutskie et al. 2006).

Figure 16 compares the retained test-set spectra and the cor-
responding SM-Net predictions in the (g —i) versus (J — K;)
plane. The contours are constructed from the full test set using
a 42 x 42 two-dimensional histogram, lightly smoothed with a
Gaussian kernel of width one histogram bin. They delineate the
highest-density regions containing 50%, 80%, and 95% of the cor-
responding smoothed distribution, shown by the solid red, dashed
blue, and dotted black contours, respectively. The same binning,
smoothing, and colour-colour limits are applied to the reference
and SM-Net distributions. The faint individual points are sub-
sampled only for visual clarity and do not affect the contour
calculation.

A Sun-like spectrum from the validation set is manually over-
laid on both panels as an additional reference point. The corre-
sponding SM-Net prediction lies close to the PHOENIX-Husser


https://doi.org/10.1017/pasa.2026.10265

Publications of the Astronomical Society of Australia 13
Test-set colour-colour diagnostic: (g —i)ag versus (] — Ks)ap
Reference spectra SM-Net predictions
0.501 — 50% enclosed e = 50% enclosed
== 80% enclosed -=- B0% enclosed et
0.25 4 ----- 95% enclosed = ===+ 95% enclosed
o Sun-like validation point ! o Sun-like validation point 2
‘D 0.00 - 1 {
m ,/; J/J ..........
E. PR ek Fb | e
[sa]
P
S, |
| |
=
T T T T 2 I T T T T T T
2 3 4 5 -1 0 1 2 3 4 5

(g —i)ag [Mmag]

(g —i)ag [Mmag]

Figure 16. Test-set colour-colour distributions in the (g — i)ag versus (J — K;)as plane for the retained reference spectra (left) and the corresponding SM-Net predictions (right).
The Sun-like validation point is overlaid for reference. The solid red, dashed blue, and dotted black contours enclose, respectively, the highest-density regions containing 50%,
80%, and 95% of each smoothed distribution. The orange marker denotes the Sun-like validation point at T = 5800 K, log g = 4.5, and log Z= 0.

validation spectrum in colour-colour space. Figure 16 therefore
provides a qualitative comparison of the global colour distribu-
tions, while the residual-based comparisons below quantify their
reconstruction accuracy directly.

To quantify the colour-reconstruction precision directly,
Figure 17 shows the residuals for g —r, r —i, g—i, and ] — K;
as a function of log,,(Tes/K) over the full test set. The run-
ning medians remain close to zero over most of the sampled
temperature range, indicating little systematic colour bias, while
the scatter increases towards the cooler end of the grid. The
median absolute residuals are 0.022, 0.012, 0.028, and 0.015 mag
for g —r,r — i, g — i, and ] — K, respectively, with corresponding
90th-percentile absolute residuals of 0.070, 0.046, 0.077, and 0.063
mag. This full-test-set diagnostic complements Figure 16 by show-
ing directly where the broad-band reconstruction errors occur in
stellar-parameter space.

For the quantitative comparison with the intrinsic differ-
ences between stellar libraries, we next restrict the analysis to
the 783 exact (T, logg,logZ) labels shared by PHOENIX-
Husser and C3K. At each label, colours were calculated for the
PHOENIX-Husser spectrum, the C3K spectrum, and the corre-
sponding SM-Net prediction. This provides two directly compa-
rable residual measurements over an identical stellar-parameter
sample: PHOENIX-Husser versus C3K, which characterises the
underlying cross-library variation, and PHOENIX-Husser versus
SM-Net, which measures the additional reconstruction difference
introduced by the model.

Using PHOENIX-Husser as the common reference, we define
the PHOENIX-Husser/SM-Net colour difference as

Apsu(X — Y) = (X — Y)pHornix-Husser — (X — Y)smners  (13)
and the corresponding PHOENIX-Husser/C3K difference as
Apcsx(X = Y) = (X — Y)prornix-Husser — (X — Yok, (14)

A positive difference indicates that the PHOENIX-Husser colour
is redder than the comparison colour, while a negative difference
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indicates that it is bluer. Both box plots are displayed over the com-
mon range —0.5 to 0.5 mag for visual comparison. Values outside
this displayed range remain included in the summary statistics.

Figure 18 shows that measurable library-to-library colour dif-
ferences remain even when T, log g, and log Z are identical. The
PHOENIX-Husser/C3K distributions contain extended, predom-
inantly negative tails, with the largest 90th-percentile absolute dif-
ference occurring for g — i. These differences provide a reference
scale for interpreting the corresponding SM-Net reconstruction
residuals.

Figure 19 shows the PHOENIX-Husser/SM-Net differences
over the same 783 labels. The signed medians remain close to
zero, indicating little systematic colour bias, although the cen-
tral SM-Net distributions are broader than the corresponding
PHOENIX-Husser/C3K distributions.

To place the differences in the context of observational uncer-
tainty, we used the band-level fractional flux error floors listed in
Table 1 of Bellstedt et al. (2020). These were converted to approxi-
mate magnitude uncertainties and the corresponding colour floor
was calculated by adding the two band-level terms in quadrature:

25
ox-Y = - 10\/fx +fv»

where fy and fy are the fractional flux error floors in the two bands.

Table 5 separates the typical differences, represented by the
median absolute residual, from the upper-tail behaviour repre-
sented by the 90th percentile. The median absolute PHOENIX-
Husser/C3K differences are smaller than the corresponding
PHOENIX-Husser/SM-Net values for all four colours. For exam-
ple, the median absolute g — i differences are 0.0217 and 0.0307
mag, respectively. Conversely, the 90th-percentile SM-Net differ-
ences for g — r, r — i, and g — i are smaller than the corresponding
PHOENIX-Husser/C3K values, indicating less extended optical
tails. For ] — K;, SM-Net shows both a larger median absolute dif-
ference and a larger 90th-percentile difference than C3K, although
its 90th-percentile value of 0.0787 mag remains below the adopted

(15)
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Figure 17. Synthetic broad-band colour residuals across the full test set as a function of effective temperature. Residuals are defined as A(X — Y) = (X — ¥)reference — (X — ) sm-net-
The faint points show individual test spectra, while the solid line shows the running median and the shaded region denotes the 16-84 percentile interval. The median absolute

residual and 90th-percentile absolute residual are reported in each panel.
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Figure 18. Synthetic colour differences, defined as PHOENIX-Husser — C3K, at the 783
exact matched stellar-parameter labels.

observational floor of 0.0997 mag. Overall, the matched-label
comparison indicates that SM-Net does not simply reproduce
either input library. Its central colour residuals are somewhat
broader than the PHOENIX-Husser/C3K differences, while its
extreme optical residuals are less extended.

Broad-band colours primarily test the integrated spectral
energy distribution and can remain accurate even when individual
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Figure 19. Synthetic colour differences, defined as PHOENIX-Husser — SM-Net, at the
same 783 matched stellar-parameter labels.

absorption features are imperfectly reconstructed. We there-
fore performed a complementary test using representative line-
strength diagnostics over the full test set. The selected indices
comprise the Balmer HB feature, the Fe5270 and Fe5335 iron
indices, Ca4227, and the molecular CN1 and TiO2 indices, thereby
sampling hydrogen, metal, calcium, and molecular absorption fea-
tures. The central feature bands used are 4847.875-4876.625 A for
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Table 5. Typical and upper-tail synthetic-colour differences at the 783 exact PHOENIX-Husser/C3K matched
labels. Differences are defined relative to PHOENIX-Husser. The median absolute difference characterises the
typical offset, while the 90th percentile characterises the upper tail. All values are in magnitudes.

Median |A| 90th percentile |A|
Colour Husser-SM-Net Husser-C3K Husser-SM-Net Husser-C3K Obs. floor
g-—r 0.0260 0.0147 0.0908 0.1219 0.0543
r—i 0.0131 0.0084 0.0948 0.1357 0.0587
g—i 0.0307 0.0217 0.0872 0.1961 0.0654
J—Ks 0.0122 0.0091 0.0787 0.0484 0.0997
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Figure 20. Comparison of line-strength indices from the reference test spectra and the corresponding SM-Net reconstructions for HB, Fe5270, Fe5335, Ca4227, CN1, and TiO2.
Atomic indices are given as pseudo-equivalent widths in A, and CN1 and TiO2 in magnitudes. Points are coloured by log,,(Tes/K), with the dashed line indicating one-to-one
agreement. Each panel reports r, R?, the median absolute residual, and the 90th percentile of the absolute residual.

Hp, 5245.650-5285.650 A for Fe5270, 5312.125-5352.125 A for
Fe5335, 4222.250-4234.750 A for Ca4227, 4142.125-4177.125 A
for CN1, and 6189.625-6272.125 A for TiO2.

The atomic indices are measured as pseudo-equivalent widths
in A, whereas CN1 and TiO2 are measured in magnitudes.
Identical feature and pseudo-continuum passbands are applied to
each reference spectrum and its corresponding SM-Net recon-
struction after transformation back to direct flux space. The
pseudo-continuum is estimated from the blue and red sidebands
surrounding each feature. Consequently, a negative atomic index
indicates that the flux within the feature band lies, on average,
above this fitted pseudo-continuum and does not by itself imply
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physical line emission. The line-strength residual is defined as
AI'= Leference — Ismnet- The R? values shown in Figure 20 quan-
tify agreement with exact one-to-one prediction rather than being
defined simply as the square of the Pearson correlation coefficient.
These diagnostics test the spectral features present in the underly-
ing theoretical stellar libraries. They do not include additional line
production associated with circumstellar or nebular gas and dust,
which would require separate physical post-processing.

Figure 20 compares the indices measured from the reference
spectra with those measured from the SM-Net reconstructions.
The statistics in each panel are calculated using the full set of valid
test spectra; the displayed points are subsampled only for visual
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clarity. Five of the six diagnostics show strong agreement with
the one-to-one relation, with R* =0.931-0.976 for HB, Fe5270,
Fe5335, Ca4227, and TiO2. CN1 is less tightly reconstructed, with
R?>=0.696. For the atomic indices, the median absolute resid-
ual ranges from 0.173 A for Fe5270 to 0.634 A for Hp; the
corresponding median absolute residuals for CN1 and TiO2 are
0.0285 and 0.0185 mag. The temperature colouring also reveals
parameter-dependent behaviour, with some of the larger devia-
tions in the metal and molecular diagnostics associated with cooler
spectra.

Additional per-library checks show that the behaviour is not
uniform across the four input libraries. PHOENIX-Husser and
C3K show strong line-index reconstruction, including the nega-
tive HB branch already present in their reference spectra. TMAP
also shows good HB reconstruction, while several of its other
indices span only a very small intrinsic range. The main weaker
regime is OB-PoWR, particularly for HB. This is consistent with
the irregular spectral behaviour already identified during dataset
quality control, where a subset of OB-PoWR spectra with strong
discontinuities and abrupt continuum changes was removed. Even
among the retained spectra, comparatively sharp local structure
remains in some regions and is more difficult for SM-Net to
reconstruct.

Appendix Figures Al and A2 illustrate these effects directly.
The first set of plots show the most extreme reference HB case
from each library together with the fitted pseudo-continuum,
demonstrating how strong negative indices can arise in highly
structured spectra. The second figure shows representative
non-extreme cases in which both the HB index and the local fea-
ture shape are reconstructed well, while also illustrating the greater
difficulty of the OB-PoWR regime.

Taken together, the broad-band and line-strength analyses
extend the evaluation beyond pixel-level MSE and test quantities
that are more directly relevant to downstream astronomical appli-
cations. SM-Net reproduces the overall broad-band colour distri-
butions with small systematic offsets and tracks several commonly
used line-strength diagnostics closely, while the residual distribu-
tions, the weaker CN1 reconstruction, and the more challenging
OB-PoWR line-index behaviour identify regimes in which addi-
tional uncertainty remains. These results therefore demonstrate
both the utility and the current limitations of the learned spec-
tral manifold for applications that depend on integrated colours
or individual spectral features.

6.3. Reconstructed spectra

In this section, we present representative spectra reconstructed by
SM-Net. The Sun-like example is drawn from the validation set,
whereas the remaining examples are drawn from the test set. The
validation example was not used for gradient-based training, while
the test examples were not used during either training or check-
point selection. All spectra are shown in the loglp-scaled flux
representation used for training and evaluation. In each example,
the upper panel shows the reference and SM-Net spectra, while the
lower panel shows the residual, defined as reference — SM-Net.
The plotted axes are linear in this transformed flux space.

Figure 21 shows the spectrum in the combined dataset that
is closest to the Sun, with parameters T =5 800K, log g =4.5,
and log Z = 0. This spectrum belongs to the validation set, and the
prediction shown was generated using the best-validation check-
point at epoch 389. The SM-Net prediction closely matches the
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Figure 21. Predicted spectrum for the closest Sun-like grid point, compared with the
corresponding PHOENIX-Husser reference spectrum. The upper panel shows the spec-
tra in loglp-scaled flux space, and the lower panel shows the residual, defined as
reference — SM-Net.
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Figure 22. High-fidelity SM-Net reconstruction for T.s=6900K, logg=4.0, and
log Z = —2.0, shown against the corresponding PHOENIX-Husser reference spectrum.

corresponding PHOENIX-Husser template at the same parameter
values. Most of the residual structure appears at shorter wave-
lengths; however, the peak deviations remain below ~0.02 in
loglp-scaled flux, corresponding to less than 2% of the maximum
normalised flux value of 1 in the transformed representation.

Figure 22 shows the SM-Net reconstruction for a star
with Ty =6900K, logg=4.0, and logZ=—2.0. The model
accurately reproduces the fine spectral structure, achieving a
mean-squared error of 1.44 x 107° relative to the PHOENIX-
Husser reference spectrum. This example illustrates the high
reconstruction accuracy achieved in this region of parameter
space.

Figure 23 presents another high-quality reconstruction, this
time for a hotter star with T,y =13000K, logg=4.5, and
log Z = —1.5. SM-Net reproduces the detailed spectral structure
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Figure 23. High-quality SM-Net reconstruction for T =13000K, logg=4.5, and
log Z = —1.5, compared with the corresponding C3K reference spectrum.

with a mean-squared error of 9.67 x 1077 relative to the corre-
sponding C3K reference spectrum. Together, Figures 22 and 23
provide high-quality examples drawn from two different con-
stituent libraries.

Figure 24 shows an example of a poor-quality reconstruc-
tion for Ty =2200K, logg=3.0, and logZ = —2.1, compared
against the corresponding C3K reference spectrum. The model
exhibits substantial residuals across the full wavelength range,
with the largest deviations occurring at shorter wavelengths. This
case highlights the greater difficulty of accurately reconstructing
spectra in the very low-temperature regime.
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Figure 24. Example of a low-quality reconstruction at T =2 200K, log g = 3.0, and
log Z = —2.1, shown against the corresponding C3K reference spectrum.
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Figure 25. Example of a low-quality reconstruction for T.s = 22 000 K, log g = 2.4, and
log Z = —1.0, compared against the corresponding OB-PoWR reference spectrum.

Figure 25 presents another example of a low-quality recon-
struction for T =22000K, logg=24, and logZ=-1.0,
compared with the corresponding OB-PoWR reference spectrum.
SM-Net struggles to reproduce both the spectral features and the
overall wavelength-dependent slope, with the residual reaching
approximately 0.04 in the normalised loglp-scaled flux represen-
tation at the longest wavelengths. This example illustrates the
difficulty of modelling regions in which sparse library coverage
makes interpolation particularly challenging.

Figure 26, corresponding to T =60000K, logg=6.5, and
an assigned log Z = 1.0, illustrates SM-Net’s reconstruction of
a masked high-wavelength region in a TMAP spectrum. The
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Figure 26. Example of SM-Net reconstructing the missing high-wavelength flux for
Ter =60000K and logg=6.5, compared with the corresponding TMAP reference
spectrum.
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model continues the spectral trend through the region in which
the reference flux is unavailable while remaining consistent with
the surrounding continuum. Because TMAP does not explic-
itly parametrise metallicity, the assigned log Z value serves only
to embed the spectrum in the common three-parameter grid.
This example demonstrates how SM-Net uses correlations learned
from neighbouring grid points to infer a smooth continuation
through a masked wavelength interval.

Across these examples, reconstruction quality is strongly
dependent on the local spectral regime. The best PHOENIX-
Husser, C3K, and TMAP cases achieve MSE values of approxi-
mately 107, demonstrating that SM-Net can reproduce both con-
tinuum shape and detailed spectral features with high accuracy in
well-represented regions of the grid. The contrasting low-quality
examples show that errors increase in sparsely sampled or physi-
cally complex regimes, particularly at very low temperatures and
near difficult library boundaries. The TMAP example additionally
demonstrates that the learned model can infer a smooth contin-
uation through wavelength regions masked in the reference spec-
trum. These results are consistent with the parameter-dependent
error distributions discussed in Section 6.1 rather than indicating
uniform performance throughout the combined grid.

SM-Net can also be evaluated at parameter combinations
outside the convex hull of the training data, producing smooth
extrapolative predictions based on trends learned from neighbour-
ing regions of parameter space. However, these predictions are
not directly validated by reference spectra and should be treated
as exploratory rather than physically established. Consequently,
extrapolated spectra should be interpreted with caution and
regarded as hypotheses generated by the learned manifold rather
than as physically validated models. Systematic assessment of
the physical reliability of extrapolated predictions is left to future
work.

7. Interactive interface

To promote accessibility and community use, we release SM-Net
as an open, self-hosted toolkit through GitHub. The repository
contains the model implementation, wavelength and metadata
files, and an interactive Dash/Plotly dashboard for spectral gener-
ation and exploration (SM-Net 2026). The trained model weights
are hosted separately on Zenodo and are downloaded by the appli-
cation when required. This allows users to run the interface locally
or on institutional resources after installation.

The dashboard provides an interactive workflow for spec-
ifying parameters, generating spectra, and inspecting outputs.
Users can define the physical parameters T, logg, and logZ
through configurable grids, direct numerical inputs, or uploaded
label CSVs. Each query produces downloadable spectral outputs
together with immediate visual previews. By packaging the full
inference stack, the release abstracts away details such as normali-
sation, wavelength handling, and file formatting, while preserving
transparency and reproducibility. The release also includes the
wavelength grids, scaling parameters, and associated metadata
used for inference, ensuring consistency with the training and
evaluation setup.

Beyond spectral generation, the dashboard includes interactive
tools for visualising the coverage of the underlying stellar libraries
and the combined grid learned by SM-Net. A 3D parameter-space
viewer (Figure 27) displays the sampled (T, log g,log Z) points,
colour-coded by contributing library and overlap region, allowing
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Figure 27. Example visualisation of a three-dimensional parameter grid produced by
the SM-Net interface from a user-uploaded CSV file. Colours indicate the stellar library,
or combination of libraries, contributing coverage in each region of the grid, as defined
by the training dataset.

users to identify interpolation and extrapolation regimes at a
glance. Generated FITS cubes can then be used directly in down-
stream analyses, including population synthesis and spectral fit-
ting workflows.

The dashboard can also be deployed on shared institutional
compute resources and accessed through a web browser by
multiple users within the same network. This provides a cen-
trally managed and reproducible environment for collabora-
tive use, without requiring separate installation on individual
machines. Collectively, this GitHub-based release provides a prac-
tical, research-grade pathway for community experimentation and
rapid hypothesis testing without requiring a centrally hosted web
service.

8. Discussion

SM-Net provides an accurate and computationally efficient
framework for generating stellar spectra. Across the com-
bined PHOENIX-Husser, C3K-Conroy, OB-PoWR, and TMAP-
Werner libraries, it achieves mean RMS flux deviations of 0.32%,
0.50%, and 0.44% on the training, validation, and test sets, respec-
tively, in the normalised loglp-scaled flux representation. It also
performs robust interpolation at parameter combinations not
encountered during training. Inference is performed in a single
forward pass. On a single NVIDIA RTX 4090 GPU, the model
achieves a throughput of approximately 14 000 spectra per second
under high-throughput settings. This makes SM-Net well suited to
applications requiring dense sampling of stellar parameter space,
rapid spectral generation, or interactive exploration of the learned
manifold.

The synthetic broad-band colour analysis complements the
pixel-level reconstruction metrics by testing quantities directly
relevant to photometric and stellar-population applications.
The small signed colour offsets indicate that SM-Net does not
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introduce a substantial systematic displacement in optical-near-
infrared colour space, although its typical colour differences are
broader than those between the matched PHOENIX-Husser and
C3K spectra. The reduced optical upper tails, together with the
J — K, 90th-percentile difference remaining below the adopted
observational colour floor, show that the learned manifold broadly
preserves integrated spectral-energy-distribution trends while
retaining limitations inherited from the source libraries.

The line-strength analysis provides a complementary test of
narrower spectral features. SM-Net closely reproduces several
commonly used indices across the full test set, although CN1
shows greater scatter and Hf reconstruction is more challenging
in parts of the OB-PoWR regime. These differences are consistent
with the library-dependent spectral complexity and irregularities
discussed above.

A key feature emerging from the learned manifold is the
model’s ability to infer structure in masked or zero-valued flux
regions. Because SM-Net treats masked values as unknown rather
than physically meaningful zeros, it reconstructs missing spec-
tral information using correlations learned across neighbouring
(Tetr, log g,log Z) points. The examples presented in Section 6
demonstrate that the network draws on the smoothness of spec-
tral morphology in local regions of parameter space, allowing it to
interpolate through gaps created by incomplete line lists or numer-
ical artefacts in the original libraries. This behaviour is physically
intuitive: neighbouring points in stellar parameter space share
similar continuum shapes, ionisation balances, and line strengths,
and the network leverages these relationships to fill in missing
structure in a manner that is often inaccessible to standard grid
interpolation.

An important distinction should be made between SM-Net’s
ability to interpolate within the joint parameter space spanned
by the training libraries and its ability to extrapolate beyond that
space. Interpolation performance is directly validated against ref-
erence spectra and constitutes the primary result of this work.
Extrapolation, while supported by the continuity of the learned
manifold, is not constrained by ground-truth data and should
therefore be treated as exploratory. This behaviour is a natural
consequence of learning a smooth functional mapping and does
not imply physical correctness outside the domain sampled by the
input libraries.

Despite its strengths, the present version of SM-Net also inher-
its several limitations from the training data and model design.
First, the emulator predicts static spectra without velocity broad-
ening or instrumental convolution. These effects must be applied
downstream, analogous to the workflow used in stellar population
synthesis codes. Second, the model learns the assumptions embed-
ded in each training library, including differences in opacities and
line lists across grid overlaps. Residual structure at the bound-
aries between PHOENIX-Husser and C3K, for example, reflects
genuine inconsistencies between the physical models rather than
network failure. Third, the wavelength range is constrained to
the adopted 3000-100000 A grid; behaviour outside this inter-
val requires the inclusion of training spectra covering additional
wavelength ranges with physical consistencies.

A critical limitation arises in the high-temperature regime
(Ter > 15000 K), which is dominated by the OB-POWR and
TMAP libraries. Because these training grids do not strictly
parametrise metallicity, SM-Net produces spectra that are mostly
invariant to log Z in these regions. Users should treat this as a
regime where metallicity is unconstrained by the underlying phys-
ical models. The model effectively marginalises over metallicity
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for hot stars; therefore, SM-Net should not be used to infer
metallicities or study metallicity-dependent features (such as wind
lines or line blanketing) for O-type, B-type, or White Dwarf stars.
In these regimes, the log Z input acts merely as a dummy variable
required for the network’s architectural consistency and does not
represent a physical prediction of metallicity effects.

These considerations highlight opportunities for hybrid
approaches combining machine-learning emulation with physi-
cal radiative-transfer modules. For example, an ML component
could provide rapid coarse predictions or act as a differentiable
prior, while a physics-based solver refines selected wavelength
regions or enforces specific constraints (e.g. ionisation equilib-
rium). Such hybrid models would retain physical interpretability
while leveraging the efficiency and smooth interpolation capa-
bilities of data-driven emulators. SM-Net therefore represents
both a proof of concept and a foundation for next-generation
spectral synthesis frameworks that balance physical rigour with
computational scalability.

9. Conclusion and future work

SM-Net provides a data-driven framework for representing the
composite stellar-library dataset as a smooth and easily naviga-
ble mapping in parameter space. Rather than replacing existing
libraries or physical modelling pipelines, it acts as an integration
layer over the constructed training manifold, mitigating the practi-
cal effects of irregular grid sampling and enabling efficient spectral
generation across the combined parameter domain. This sup-
ports analysis modes that are cumbersome with discrete template
grids, including dense parameter sweeps, interactive exploration
of stellar parameter space, and rapid generation of stellar spectra
for downstream modelling. Validation using synthetic broad-band
colours and line-strength indices further shows that this spectral
accuracy generally carries through to derived observables relevant
to downstream applications.

A key practical strength of SM-Net is its accessibility and
the release of the code, trained weights, inference metadata, and
dashboard required to use the model. The browser-based Dash
demonstrator lowers the software barrier by allowing researchers
to interrogate the learned manifold and generate spectra with-
out writing bespoke interpolation or inference code. It can be run
locally on compatible hardware or deployed on shared institu-
tional computing resources.

Looking ahead, the most natural extensions of this work lie in
stellar population synthesis rather than in individual stellar atmo-
sphere libraries. A closely related manifold-learning approach
could be applied directly in simple stellar population (SSP) space
by generating large ensembles of population models with con-
trolled variations in ingredients such as the initial mass function,
isochrones, or underlying stellar libraries. Learning a continu-
ous representation in this higher-level parameter space would
enable efficient exploration of population-scale dependencies
while maintaining a clear separation between stellar-atmosphere
physics and population-synthesis assumptions.

It is also important to place SM-Net in the context of exist-
ing interpolation-based approaches. Classical schemes, such as
the MSG interpolator (Townsend & Lopez 2023) and the meth-
ods described in the ProGeny-I framework, provide physically
motivated interpolation within discrete grids and form a valuable
baseline for stellar spectral modelling. SM-Net offers a comple-
mentary alternative that is optimised for scalability, smoothness
across heterogeneous libraries, and rapid inference, particularly in
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regimes where grid irregularities or library boundaries limit the

effectiveness of traditional interpolators.

Beyond stellar atmospheres, the same manifold-learning
framework could be extended to other forward-modelling tasks,
including nebular emission models, binary-evolution tracks, or
machine-learning-accelerated components of radiative-transfer
workflows. The model could also be coupled to simple physi-
cal transformations, such as velocity broadening or instrumental
response functions, to enable more direct integration with obser-

vational analysis pipelines.

In summary, SM-Net provides a flexible and efficient founda-
tion for next-generation spectral modelling. By unifying hetero-
geneous stellar libraries into a coherent continuous manifold, it
bridges detailed stellar atmosphere calculations and scalable anal-
ysis workflows, supporting both traditional population-synthesis
applications and new, interactive approaches to exploring stellar
parameter space. Its extensibility positions it well for integration
into future hybrid physical-machine-learning pipelines and for
meeting the demands of large-scale spectroscopic surveys in the

coming decade.
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Appendix A. Hf line-strength diagnostics

To examine the origin of the negative HB indices and the
library-dependent reconstruction behaviour, we inspected the test
spectra and fitted pseudo-continua for selected test cases.

Extreme reference Hf cases by library
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Figure Al. Most negative reference HB case from each input library. The reference and SM-Net spectra are shown together with the blue and red pseudo-continuum passbands,
the Hp feature band, and the corresponding fitted pseudo-continua. The strongly negative PHOENIX-Husser and C3K indices arise where much of the feature-band flux lies above
the fitted pseudo-continuum.
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Representative good HB reconstructions by library
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Figure A2. Representative non-extreme Hp reconstructions from each input library. Cases were selected to have a meaningful HB feature and good agreement in both the
measured index and the local feature shape. The OB-PoWR example illustrates the comparatively greater difficulty of reconstructing this library.
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