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Abstract

We present the 4MOST-HR resolution non–local thermal equilibrium (NLTE) Payne artificial neural network
(ANN), trained on 404,793 new FGK spectra with 16 elements computed in NLTE. This network will be part of
the Stellar Abundances and atmospheric Parameters Pipeline (SAPP), which will analyze 4 million stars during
the 5 yr long 4MOST consortium 4: 4MOST MIlky way Disc And BuLgE High-Resolution (4MIDABLE-HR)
survey. A fitting algorithm using this ANN is also presented that is able to fully automatically and self-
consistently derive both stellar parameters and elemental abundances. The ANN is validated by fitting 121
observed spectra of low-mass FGKM-type stars, including main-sequence dwarf, subgiant, and giant stars down
to [Fe/H] ≈ −3.3 degraded to a 4MOST-HR resolution of R ≈ 20,000 and comparing the derived abundances
with the output of the classical radiative transfer code TSFitPy. We are able to recover all 18 elemental
abundances with a bias of <0.13 and spread of <0.16 dex, although the typical values are <0.09 dex for most
elements. These abundances are compared to the OMEGA+ Galactic chemical evolution model, showcasing for
the first time the expected performance and results obtained from high-resolution spectra of the quality expected
to be obtained with 4MOST. The expected Galactic trends are recovered, and we highlight the potential of using
many chemical elements to constrain the formation history of the Galaxy.

Unified Astronomy Thesaurus concepts: Neural networks (1933); Stellar abundances (1577); Galaxy chemical
evolution (580)
Materials only available in the online version of record: machine-readable tables

1. Introduction

Recent advances in spectroscopic facilities have enabled the
collection of millions of individual stellar spectra in the Milky
Way. One of them is the upcoming 4MOST facility with first
light in late 2025. The 4MOST consortium survey 4: MIlky
way Disk And BuLgE High-Resolution (4MIDABLE-HR)
survey will provide high-resolution and high signal-to-noise
ratio (SNR) spectra for over 4 million stars in the Galactic disk
and the bulge during its 5 yr program (T. Bensby et al. 2019).
It will precisely measure chemical abundances not only to
constrain their origin and production sites but also to
better understand the formation and history of our Galaxy
(G. Gilmore et al. 1995; J. Bland-Hawthorn & O. Gerhard
2016; B. Barbuy et al. 2018; J. J. Cowan et al. 2021;
A. Arcones & F.-K. Thielemann 2023). However, analysis of
this enormous amount of data cannot be efficiently done on a

timely scale using classical spectral synthesis codes such as
MOOG (C. A. Sneden 1973), SIU (J. K. Reetz 1991), PySME
(A.Wehrhahn et al. 2023), KORG (A. J. Wheeler et al. 2023), or
TSFitPy (J. M. Gerber et al. 2023; N. Storm & M. Bergemann
2023). For this reason, a lot of spectroscopic surveys turned to
different types of machine learning algorithms such as the data-
driven approach Cannon (M. Ness et al. 2015), convolutional
neural networks (CNNs; see, e.g., G. Guiglion et al. 2024), and
the Payne (Y. S. Ting et al. 2019), a forward generative neural
network for synthetic spectra emulation.
In this paper, we present a non–local thermodynamic

equilibrium (NLTE) Payne artificial neural network (ANN)
trained on 404,793 newly computed spectra in NLTE. Our
main motivation is to provide a comprehensive and fast
spectroscopic analysis code with state-of-the-art models
computed—to the extent currently possible—using NLTE
physics, which is required for accurate stellar parameter and
chemical abundance analyses of stars (K. Lind &
A. M. Amarsi 2024; M. Bergemann & R. Hoppe 2025). Our
approach is based on a single network that emulates spectra
with 16 elements simulated in NLTE across the full FGK
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parameter space. This emulator-based approach provides fast
spectral evaluations, introduces no explicit parameter priors,
and integrates with standard fitting strategies that rely on
features less sensitive to spectral-model systematics (e.g., line-
list imperfections or blends). Moreover, emulation provides
direct access to the synthetic spectrum at the best-fitting
parameters, facilitating manual inspection of residuals and
overall fit quality. While the NLTE Payne is not new (e.g.,
M. Kovalev et al. 2019; S. Buder et al. 2025), we are not aware
of any prior single-network high-resolution NLTE Payne ANN
trained over such an extensive parameter space, with NLTE
effects taken into account for 15+ elements. However, we note
similar works by S. Buder et al. (2025), which contained 14
elements in NLTE but split the parameter space over many
dozens of small neural networks, and works by M. Xiang et al.
(2019) and M. Zhang et al. (2025), who utilized a slightly
different architecture, “DD-Payne,” and applied it to lower-
resolution LAMOST spectra. Our network is planned to be
part of the Stellar Abundances and atmospheric Parameters
Pipeline (SAPP) in 4MOST (for the 4MIDABLE-HR survey)
and the PLATO missions (M. R. Gent et al. 2022; K. Lee et al.
2026, in preparation), but it can be used alone as well. We also
release this 4MOST-HR network for public use, together with
4MOST-LR and a high-resolution version (R = 80,000),12 as
well as the code used for Payne training.13 We validate our
new NLTE ANN abundances by comparing them with the
results obtained using the classical radiative transfer code
TSFitPy (J. M. Gerber et al. 2023; N. Storm & M. Bergem-
ann 2023). We also compare our self-consistent NLTE [X/Fe]
trends with the predictions of our well-established Galactic
chemical evolution (GCE) model OMEGA+ (B. Côté et al.
2017, 2018) to highlight the parameter space of chemical
enrichment studies, as planned with the 4MIDABLE-HR
survey, but also to expose the current limitations and potential
of such comparative analyses.

The paper is organized as follows. We present our NLTE
spectral synthetic models, trained NLTE Payne ANN,
observed stellar sample, and GCE model in Section 2. We
validate the derived stellar parameters with the literature and
the abundances with results from a classical fitting method
with TSFitPy and compare to the GCE models to constrain star
formation history (SFH) in Section 3. Finally, we briefly
summarize the conclusions in Section 4.

2. Data and Method

2.1. NLTE Payne Model

We adopt the Payne architecture (Y. S. Ting et al. 2019),
following its NLTE adaptation by M. Kovalev et al. (2019).
Recent scaling results (T. Różański & Y.-S. Ting 2025) indicate
that emulation accuracy improves predictably with training-set
size, computing time spent for training, and neural network size;
thus, the achievable precision is set by resource and latency
constraints. In this work, we require a full per-spectrum fit (stellar
parameters and 17 elemental abundances) to be completed within
around 10–20 s on a personal computer not equipped with a
GPU. This requirement is set such that we are able to fit spectra
of several hundred (up to several thousand) stars at high
resolution for each night of 4MOST observations. Under this

constraint, a compact Payne multilayer perceptron (MLP) offers a
better accuracy-latency trade-off than heavier alternatives (e.g.,
TransformerPayne; T. Różański et al. 2025), especially consider-
ing the fact that we can afford the computation of a spectral grid
with hundreds of thousands of spectra.
Our NLTE Payne is a four-layer MLP. The input layer

ingests 21 parameters: four atmospheric stellar parameters
(effective temperature Teff, surface gravity glog , metallicity
[Fe/H], and microturbulent velocity parameter ξt) and the
abundances that are core for 4MIDABLE-HR survey science
(T. Bensby et al. 2019; M. Bergemann et al. 2026, in
preparation) of Li, C, O, Na, Mg, Al, Si, Ca, Ti, Cr, Mn, Co,
Ni, Sr, Y, Ba, and Eu. Three fully connected hidden layers
with 1024 units each and sigmoid linear unit (SiLU)
activations transform the inputs, and a final output layer,
equipped with a sigmoid activation function, predicts con-
tinuum-normalized flux at 33,375 wavelength pixels. This is
the largest model that still satisfies our latency constraint. We
have opted for SiLU in the middle layers and sigmoid in the
output layer activation functions because, according to our
tests, these functions results in lower final losses of the
network. Further training details, the test results testing
different activation functions, and the hyperparameter optim-
ization strategy are provided in Appendix A.

2.2. NLTE Synthetic Spectra

We trained the NLTE Payne described above on a large,
newly computed NLTE synthetic spectral grid with 404,793
spectra, with generation requiring roughly 125,000 CPU hr (see
Figure 1 for coverage), which also makes it one of the largest
grids ever computed. The grid covers the 4MOST-HR blue
(3926–4355 Å), green (5160–5730 Å), and red (6100–6790 Å)
windows (R. S. de Jong et al. 2019). We created these spectra
using the models and methods developed in our previous work
(M. Bergemann et al. 2019, 2021; E. Magg et al. 2022;
J. M. Gerber et al. 2023). We used the standard 1D MARCS
model atmospheres (B. Gustafsson et al. 2008) and NLTE
departure grids computed using our well-tested and validated
NLTE atomic models of H (L. Mashonkina et al. 2008),
O (M. Bergemann et al. 2021), Na (R. Ezzeddine et al. 2018),
Mg (M. Bergemann et al. 2017), Al (R. Ezzeddine et al. 2018),
Si (M. Bergemann et al. 2013; E. Magg et al. 2022), Ca
(L. Mashonkina et al. 2017; E. Semenova et al. 2020), Ti
(M. Bergemann 2011), Mn (M. Bergemann et al. 2019), Fe
(M. Bergemann et al. 2012b; E. Semenova et al. 2020), Co
(M. Bergemann et al. 2010; S. A. Yakovleva et al. 2020), Ni
(M. Bergemann et al. 2021; Y. V. Voronov et al. 2022), Sr
(M. Bergemann et al. 2012a; J. M. Gerber et al. 2023), Y
(N. Storm & M. Bergemann 2023; N. Storm et al. 2024), Ba
(A. J. Gallagher et al. 2020), and Eu (N. Storm et al. 2024).
The MARCS atmosphere grid relies on the chemical composi-
tion adopted from N. Grevesse & A. J. Sauval (1998) and
N. Grevesse et al. (2007). However, in our NLTE synthetic
spectrum calculations, we adopt our recent self-consistence solar
composition from E. Magg et al. (2022), which was obtained
using Turbospectrum v.20 in NLTE. In Appendix C, we demon-
strate how the new NLTE Payne performs on the 4MOSTified
solar spectra, and we then use the new solar abundances in the
analysis of GCE results in Section 3.3.
Our grid coverage is presented in Figure 1 and covers the

following ranges: 3500� Teff/K� 8000, g0.5 log 5.0,
−5� [Fe/H] � 0.5, and 0.5� ξt/km s−1 � 5. Individual

12 https://nlte.mpia.de/gui-payne_fit.php
13 https://github.com/stormnick/one_payne
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elements have distinct ranges that are slightly larger than the
typically observed values. For red giants, there are no MARCS
models at low metallicity, resulting in fewer spectra in that
parameter space. Most importantly, the individual abundances

were chosen to be uniformly random—there is no training bias
(i.e., expected abundance pattern) that goes into the ANN. Only
for C and O did we choose values such that A(O) < 8.87 and
A(C) < 8.7 to remove any spectra with a very high abundance
of C and O at high metallicity, causing unrealistic and too-
strong molecular bands in the training set. This also means that
our network can effectively measure abundance in nonstandard
chemical composition stars. We adopted the Gaia-ESO line lists
(U. Heiter et al. 2021) with new atomic data for C, N, O, Si, and
Mg, as described in E. Magg et al. (2022), and used VALD for
its gaps (T. Ryabchikova et al. 2015). We also adopt solar
abundances from E. Magg et al. (2022). The NLTE Turbospec-
trum and TSFitPy wrappers (J. M. Gerber et al. 2023; N. Storm
& M. Bergemann 2023) were employed to compute the spectra
at infinite resolving power, which were further degraded to
R ≈ 20,000 (“4MOSTified”) using the 4FS ETC package.14 In
order to simplify the Payne architecture, we have opted to not
apply any macroscopic broadening to the synthetic templates.
Instead, we apply the convolution with a broadening profile
after the neural network inference and during the χ2

minimization parameter optimization. Even at the resolving
power of the 4MOST high-resolution spectrograph, it is not
possible to disentangle different components, such as Vmac and
Vsini, from the shape of the spectral lines, which is why we
only add a convolution with the latter profile.15 This implies
that the vbrd estimates represent the combined broadening due
to projected (for unknown inclination) rotational velocity and
macroturbulence, but since the latter is an ad hoc parameter
introduced in 1D hydrostatic equilibrium models to compen-
sate for the absence of realistic convection and turbulence
(M. Asplund 2005; Å. Nordlund et al. 2009; K. Lind &
A. M. Amarsi 2024), we do not optimize this parameter
further. This approach allows us to keep the Payne network
loss low while still allowing flexible fitting of rapidly rotating
stars.

2.3. Spectroscopic Analysis

Although the fitting methodology is not the main focus of
this work, as it is similar to the classical synthetic codes, we
briefly describe our method. We used the minimize function
from Python package LMFIT (M. Newville et al. 2025) to fit
the spectra, which takes on the order of 10–20 s to fit one
spectrum (both stellar parameters and all 17 elemental
abundances) on a single Mac M2 CPU core.
The four atmospheric parameters (Teff, glog , [Fe/H], ξt) and

broadening (vbrd) were determined by simultaneously fitting
Fe I, Fe II, Mg I, and Ca I lines (Table D1). We did not impose
priors on abundance ratios during the fit, nor did we adopt any
scaling functions, such as, e.g., the commonly used [α/Fe]
relation with metallicity. Fitting Fe lines enforces ionization
balance, while Mg and Ca lines add additional constraints. We
decided against usage of hydrogen lines, since they are badly
modeled in giants, which gives poor results for those stars (see,
e.g., S. Wedemeyer et al. 2017). The final best-fit values are
then used to determine abundances by sequentially fitting the
abundances of the remaining individual elements. Abundances
of all 18 chemical elements (including Fe) were derived by
minimizing the χ2 in the spectral regions contained by the line
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Figure 1. Distribution in a 2D histogram of synthetic spectra used to train the
Payne. The top left panel shows the Kiel diagram, while the rest are
distributions as a function of [Fe/H]. All abundances are chosen to be
uniformly random in metallicity space, except for A(O) < 8.87 and A(C)
< 8.7. There are fewer low-metallicity giant model atmospheres, resulting in
slightly fewer spectra at low metallicities. There are also no public MARCS
models above the black line in the Teff– glog space, resulting in a lack of
computed spectra in that regime.

14 https://escience.aip.de/readthedocs/OpSys/etc/master/index.html
15 See here: https://github.com/stormnick/one_payne/blob/main/src/
convolve.py.
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masks centered on the diagnostic lines. For Eu, we subtract
0.31 dex from all derived abundances, because in the standard
line list available to us, the gflog was offset by a constant
factor of +0.31 (log 2( )) compared to the accurate experimental
f-value for this transition from J. E. Lawler et al. (2001). The
list and the atomic parameters of the fitted lines are provided in
Table D1. Fe lines were chosen from the selection done based
on G. Kordopatis et al. (2023).16 However, we note that the
line masks and the fitting algorithm are not fixed, and both can
be easily adjusted without changing the NLTE ANN itself.

2.4. Stellar Sample

Our calibration stars were selected from a sample of
benchmark stars (U. Heiter et al. 2015), and we also included
spectra of nearby bright stars from our previous studies in
K. Fuhrmann et al. (1993), K. Fuhrmann (1998), T. Gehren
et al. (2004, 2006), and M. Bergemann & T. Gehren (2008),
totaling 121 individual spectra for 84 stars. The coverage of
the stellar parameters is plotted in Figure 2 and covers the
FGKM space in the ranges 3700 ≲ Teff/K ≲ 6900,

g0.8 log 5.0, and −3.35 ≲ [Fe/H] ≲ 0.34. Our
calibration sample consists of 48 main-sequence stars, 19
subgiants, and 17 red giants. The observed spectra for the
benchmark stars were taken from S. Blanco-Cuaresma et al.
(2014), and they include high-resolution HARPS, NARVAL,
and UVES spectra taken at an SNR of typically better than
200 Å–1. The wavelength coverage varies, and for the
purpose of this work, we trimmed it to the 4MOST-HR
windows. The rest of the sample was taken using FOCES,
and the spectra have R ≈ 40,000, a typical SNR of at least
200 Å–1, and a wavelength range of 4500–6850 Å (with a
few spectra extending from 3930 to 7450 Å). Some of our
spectra do not cover the blue 4MOST-HR window.

We degraded the spectra to a resolution of R ≈ 20,000 using
a simple fast Fourier transform convolution. It is important to
note that the actual 4MOST spectra are expected to have a
resolution that varies with wavelength (from 18,000 in the
shorter-wavelength regime to 21,000 in the longer-wavelength
regime for each spectral window; see R. S. de Jong et al. 2019;

C. J. Walcher et al. 2019).17 Thus, we compared all derived
Payne abundances with the ones fitted using TSFitPy. This is
the only reliable way to do a self-consistent analysis and
showcase the capabilities of the NLTE ANN itself without
differences coming from using distinct spectra, model atmo-
spheres, atomic data, spectra resolution, etc., if compared to
the literature values.

2.5. GCE Model

To compute the chemical evolution of the elements
discussed in this paper, we used the OMEGA+ GCE code
(B. Côté et al. 2017, 2018). This is a standard analytical GCE
model, and it tracks the galactic gas mass, increasing with the
inflow from the circumgalactic medium (CGM) and the stellar
mass-loss rate and decreasing due to star formation and
outflows. The code also tracks the elemental abundances in the
interstellar medium (ISM) as a function of time, providing
synthetic data in the form of [X/Fe] that can be directly
compared to observational data. The values of the input
parameters in OMEGA+ are provided in Table 1. The choices
of these values are discussed and justified in J. Lian et al.
(2023), but we summarize them briefly here. We used an
exponential inflow rate, which adds gas regardless of the
available amount in CGM,

M t N e , 1t
inflow norm( ) ( )/=

where Minflow is the inflow gas, t is the age of the Galaxy in
Gyr, Nnorm is the normalization constant (chosen as
10 M⊙ yr−1 here), and τ is the infall timescale (chosen as
7 Gyr here). It is important to note that OMEGA+ tracks the
amount of gas in the CGM (MCGM) with the initial amount at
t = 0 defined as (see also Equation (4) in B. Côté et al. 2018)

M t M0 , 2b
CGM

,0

0
vir( ) ( )= =

with adopted cosmological parameters Ωb,0 = 0.05 and
Ω0 = 0.32, where Mvir includes both dark matter (DM) and
baryonic mass (here initial Mvir ≡ MDM, where MDM is
constant at all time steps). If at any time step, the gas in the
CGMMCGM runs out due to galactic inflows, then Equation (1)
is not used during that time step for the inflow calculations;
instead, a small constant inflow rate is calculated,

M t
M M t M

M t M t M

, if ,

, if ,
3inflow

calc calc CGM

CGM calc CGM
( ) ( )

/
=

>

where Δt is the size of the time step in years and Mcalc is the
calculated inflow rate from Equation (1). Therefore, if the
initial CGM gas mass is too low or the infall rate is too large,
star formation will be quickly suppressed, as little new gas is
added to the galaxy. However, as long as the CGM has enough
gas, the initial DM mass does not affect the inflow rate (which
is the case for our galaxy simulation here). In OMEGA+, the
star formation efficiency (SFE) ε� is a dimensionless parameter
that goes into the equation

M M , 4gas ( )=

40005000600070008000
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Figure 2. Kiel diagram of the fitted stellar sample with PARSEC evolutionary
tracks (A. Bressan et al. 2012) in color, with red tracks having [M/H] = 0,
blue [M/H] = -2, solid mass of 0.8 M⊙ and dashed mass of 1 M⊙.

16 https://line-detector.oca.eu 17 See also www.4most.eu.
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where M is the amount of gas going into the star formation,
Mgas is the amount of available gas, and τ� is the star formation
timescale. In our case, we keep the default configuration of τ�;
i.e., it is the dynamical timescale of the whole virialized
system,

f H z0.1 1 , 5dyn 0
1 3 2( ) ( )/= +

where H0 is the Hubble constant, z is the redshift, and
fdyn = 0.1 by default (see Equation (12) in B. Côté et al. 2017
and references therein). τ� starts at ≈6.7Myr and goes up to
≈145.7 Myr at the end of the simulation. In other words,
varying the dimensionless SFE parameter ε� proportionally
affects the timescale at which the star formation is happening.

Our GCE model relies on yields for core-collapse super-
novae (CCSNe) from M. Limongi & A. Chieffi (recommended
set “R” 2018), which uses yields from different rotations based
on the velocity distribution weights derived by N. Prantzos
et al. (2018). For asymptotic giant branch (AGB) stars, we
adopted the S. Cristallo et al. (2015) yields. We use the same
approach as P. Eitner et al. (2023) for Type Ia supernova (SN
Ia) yields with four channels, each having its own delay time
distribution (DTD): single degenerate Chandrasekhar mass
SNe Ia with H transfer from the companion via stable Roche
lobe overflow, fainter SNe Iax, sub-Mch with double detona-
tion of a C-O white dwarf (WD), and sub-Mch SN Ia due to a
merger of two WDs. For the r-process, we utilize two sites.
The first are neutron star mergers (NSM) with a DTD slope
τ−1, with an initial time delay of 10Myr and a maximum one
until 106 Gyr, according to the maximum merging time of
neutron star–neutron star (NS-NS) systems (P. Beniamini &
T. Piran 2019). The second are magnetorotational supernovae
(MRSNe), where we used the same approach as C. Kobayashi
et al. (2020) by replacing 0.01% of the CCSN yields in
the range 13–25 M⊙ with yields of a 25 M⊙ MRSN from
N. Nishimura et al. (2015).

3. Results

In Figure 3, we show two examples of the NLTE ANN fit of
a 4MOSTified spectra of the benchmark metal-poor stars
HD 140283 and HD 84937. Overall, the spectra are well
reproduced. The rms error (RMSE) of the flux is ≈0.010 in
normalized flux units over all three windows for both spectra,
which is fully sufficient for our purposes, as the error is similar
to the noise level of the data and other observational artifacts,
such as data reduction and calibration, that introduce an even
larger error.

3.1. Stellar Parameter Comparison

We validated the stellar parameters Teff and glog by
comparing our best-fit values to the values from the literature
(U. Heiter et al. 2015). This comparison has revealed a small
systematic bias of ≈−0.3 dex in the spectroscopic glog
values. This is not surprising: a similar bias was also noted in
the analyses based on the previous NLTE Payne version (see
Section 4.1 in M. R. Gent et al. 2022). This bias also affects
the derived Teff and [Fe/H] values, because of the degeneracy
in the fitting of stellar parameters. The degeneracy can be
broken only by using other nonspectroscopic information, such
as photometric and parallax data (e.g., R. Schönrich &
M. Bergemann 2014; S. Buder et al. 2025). The SAPP version
in 4MOST will use this information (see also A. M. Serenelli
et al. 2013; R. Schönrich & M. Bergemann 2014). Presently, in
order to mitigate the bias in the current results, we apply a
constant bias correction of +0.3 dex to glog , and then we
redetermine all other stellar parameters and abundances.
Figure 4 compares the literature stellar parameters with our

NLTE ANN results for the benchmark stars. As mentioned
above, the literature values were adopted from U. Heiter et al.
(2015), and these latter quantities rely on asteroseismic
constraints for surface gravity and interferometric constraints
on stellar angular diameter for Teff. The agreement between
our values and the independent parameters is excellent; for Teff
and glog , the average difference is ∼9 K and 0.06 dex,
respectively. The standard deviation between the two distribu-
tions is 131 K and 0.24 dex. We note that using alternative
sources of stellar parameters from C. Soubiran et al. (2024)
results in similar differences: average differences of Teff of
59 K and glog of 0.05 dex and standard deviations of 105 K
and 0.19 dex. This agreement is fully satisfactory, also given
the fact that the literature values are not free of systematic
errors.

3.2. Abundance Comparison

The comparison between the absolute fitted abundance from
Payne and TSFitPy is plotted in Figure 5. Most spectra did not
have blue window coverage; thus, some elements were
impossible to fit, especially at low metallicity. For all
elements, both bias and spread are respectively less than
0.13 and 0.16 dex and <0.09 dex for most elements. Lithium,
α-, and Fe-peak elements perform the best, given that they
have the strongest and typically less blended features. We
mention some other elements below.

Table 1
Chosen Parameters for the OMEGA+ GCE Model

Parameter Chosen/Used Values Comment/Yield Source

Inflow rate M t N e t
inflow norm( ) /= Nnorm = 10 M⊙ yr−1, τ = 7 Gyr

MDM 1012 M⊙ Constant at all time steps
SFE ε� 0.03 Our default GCE model
Mass loading η 1 Used in M Mout =
NSM DTD(τ) ∝ τ−1, 10 Myr < τ < 106 Gyr M. Arnould et al. (2007)
CCSN 13–30 M⊙ M. Limongi & A. Chieffi (2018)
MRSN 0.01% of 13–25 M⊙ CCSN N. Nishimura et al. (2015)
SN Ia Four channels P. Eitner et al. (2023)
AGB 1–6 M⊙ S. Cristallo et al. (2015)

Note. All other parameters were kept as default.
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The star-to-star scatter of abundances of carbon (C) as
derived using the NLTE Payne is much large compared to the
values obtained with the TSFitPy code. We trace this back to

the lack of the CH G band (≈4300 Å) in our observed
4MOSTified archival spectra. In the green, there is an atomic
C I line at 5380 Å and C2 molecular features at 5164 and
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5633 Å that are weak, and they are typically not visible at
[Fe/H] ≲ −1. Because the 4MOST-HR spectra will have a
much wider spectral range, covering the CH G band, we do not
expect such problems with the 4MIDABLE-HR data. The
strongest atomic line of forbidden O at 6300 Å is severely
blended with the telluric features, which in practice limits the
use of this feature in the analysis of stellar O abundance
(E. Pancino et al. 2017). Some chemical elements only have a
few (<five) diagnostic lines that may still be blended.
Strontium has prominent diagnostic lines in the blue spectral
range at 4077 (Sr I), 4161 (Sr I), 4215 (Sr II), and 4305 (Sr II)
Å. The Sr I line at 4077 Å is also blended with Fe I, which
contributes to the uncertainty. Y II has only a few lines in the
green window, and all of them are weak, resulting in a large
spread of ≈0.16 dex. Also, the key r-process element Eu II is
represented by a weak line in the red window at 6645 Å,
typically used at higher [Fe/H], and there are two strong
(yet blended) Eu II lines at 4129 and 4205 Å in the blue, which
are only useful at lower metallicity. Therefore, our estimates of
stellar Eu abundances typically have a larger uncertainty of up
to 0.15 dex.

We estimate the expected systematic errors by taking the
standard deviation between the Payne and TSFitPy abun-
dances. For Teff and glog , on the other hand, we use the
differences with respect to the U. Heiter et al. (2015) results
for the benchmark stars. Figure 6 summarizes both results.
This systematic abundance error can be considered a
conservative estimate, as the addition of the blue window
would improve the determination for some elements. The
stellar parameter estimates are also expected to improve
when derived as part of the full SAPP. Nevertheless, for
all abundance values, we provide an error that is a flat sum of
the systematic and statistical errors returned by the LMFIT-
minimize function. In the subsequent discussion
(Section 3.3), we primarily focus on the abundances on the
square bracket notation [X/Fe]. In these calculations, we use
our self-consistent solar NLTE ANN abundances obtained
using the 4MOSTified solar spectra (Table C1). Chemical
abundances obtained from different spectra of the same star
are averaged.

In summary, we show that robust abundances are recovered
by the NLTE Payne, and the values agree well with those
obtained using the classical spectroscopic analysis methods.

3.3. Galactic Chemical Evolution Models

Studies of detailed chemical abundance patterns enable
quantitatively probing the SFH of a stellar population (e.g.,
K. A. Venn et al. 2004; E. Tolstoy et al. 2009; M. Bergemann

et al. 2017; F. Matteucci 2021). Because stars of different mass
have different lifetimes, and their yields depend on mass and
metallicity, the relative timing of CCSNe and SNe Ia leaves an
imprint in the planes of α elements versus metallicity. But
these differences are also readily visible in the chemical
enrichment tracks of other chemical elements, enabling a more
detailed set of constraints on the relative role of different
events in the GCE. In this section, we focus solely on the SFE
parameter as a proxy for the SFH, a key quantity in studies of
galaxies (B. Barbuy et al. 2018; R. Maiolino & F. Mannucci
2019), but we refer to C. Conroy (2013) and R. S. Somerville
& R. Davé (2015) for other types of constraints pertinent to
Galaxy growth and formation history.
Figure 7 shows our new NLTE Payne [X/Fe] abundances in

comparison with the OMEGA+ GCE model computed using
different values of SFE ε�: 0.01, 0.03 (our standard value; see
J. Lian et al. 2023), and 1. All other GCE parameters were kept
at their default values as in our previous work (see Table 1 for
the chosen parameters and also J. Lian et al. 2023). Following
V. Hegedüs et al. (2025), we rescale the GCE trend for Mg by
0.3 dex upward, in order to cure the misfit at low metallicity.
For most chemical elements, our [X/Fe] distributions are in
excellent agreement with the literature using NLTE (G. Zhao
et al. 2016; T. Mishenina et al. 2017; N. Storm et al. 2025).
Especially the α elements, such as Mg, Si, Ti, and Ca, follow
the expected [Fe/H]−[α/Fe] trends (T. Bensby et al. 2014).
The higher value of the SFE shortens the chemical enrichment
timescale, increasing the contribution of massive stars to the
chemical evolution, which in turn implies that SNe Ia and
AGBs start contributing to the enrichment at higher [Fe/H]
(with a higher [Fe/H] achieved at a given time step due to a
larger contribution of massive stars). As a consequence, the
[α/Fe] knee is shifted upward. Adopting the SFE of 1 leads to
higher—compared to observations—values of [Mg/Fe] and
[Si/Fe] at a low metallicity of [Fe/H] ≲ −2. This difference
potentially implies that lower SFE values would be preferred
for the observed stellar population. Values of SFE lower than
0.03 do not yield any significant (here, “significant” implies
“distinguishable” given the uncertainty of the chemical
abundance measurements) differences in the [Fe/H]–[X/Fe]
plane, except for Mn at [Fe/H] ≲ −3.
The proton (p)-rich elements (T. Gehren et al. 2004, 2006)

Na and Al are produced in massive stars (in the Ne–Na and
Mg–Al cycles) and in AGB stars (A. I. Karakas & J. C. Latta-
nzio 2003; E. Tolstoy et al. 2009). In our GCE model, an
increased value of SFE leads to increased ratios of [Na/Fe]
and [Al/Fe] (by ∼0.2–0.3 dex) at [Fe/H] ≲ −1.5. Also, the
upturn of [Na/Fe] and [Al/Fe] as a function of [Fe/H] at
[Fe/H] ≈ −1 is due to the contribution from AGBs, as also
seen in AGB models (M. Forestini & C. Charbonnel 1997;
N. Mowlavi 1999). The trends for [Na/Fe] and [Al/Fe] are
similar to those presented by T. Bensby et al. (2014), where
they applied NLTE correction to Na abundances.
The abundance ratios of iron-peak elements are higher

compared to GCE model predictions, especially at low
metallicity, which is consistent with our previous NLTE
results for Mn, Co, and Ni in 3D NLTE (N. Storm et al.
2025). The trend of [Mn/Fe] remains slightly subsolar,
whereas [Co/Fe] shows a mild increase toward lower
metallicity, consistent with M. Bergemann et al. (2010).
For Ni and Co, our observed sample is limited to [Fe/H]
≳ −1.5. For comparison, the LTE values of [Cr/Fe] and
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Figure 4. Comparison between the literature stellar parameters of Teff and
glog for benchmark stars from U. Heiter et al. (2015) to the Payne fitted ones.
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[Ni/Fe] presented by T. Bensby et al. (2014) follow a similar
flat trend with [Fe/H]. Similarly, the NLTE [Mn/Fe] and
[Co/Fe] values of C. Battistini & T. Bensby (2015) resemble
our results. However, we note that the latter paper relies on
our older18 NLTE model atom of Mn and Co; therefore, the
direct comparison is not meaningful.

Neutron-capture elements, such as Sr, Y, and Ba, have
significant r-process and weak s-process contributions from
massive stars at the lowest metallicities. At higher metalli-
cities, on the other hand, the main s-process has a
contribution only after the time delay of the formation of
low- and intermediate-mass AGB stars. Thus, the metallicity
at which the main s-process contributes gives an additional

constraint on the SFH. Our GCE model for the s-process
element tracers [Sr, Y, Ba/Fe] ≲ 0 at [Fe/H] ≲ −1.5
exhibits a significant AGB rise at [Fe/H] ≳ −2. An SFE of 1
results in abundance ratios 0.2–0.6 dex lower compared to a
higher SFE at a given metallicity for [Fe/H] < −1. Thus, the
upturn in s-process offers insight into the onset of AGB
enrichment and star formation timescale. Trends of ratios of
[Y/Fe] and [Ba/Fe] reported by T. Bensby et al. (2014) are
flat with [Fe/H], but some stars have supersolar [Ba/Fe] at
solar [Fe/H]. We notice a similar pattern for our stars. For
[Eu/Fe], we note an upturn toward the lower [Fe/H], similar
to our GCE trend and the expected Galactic trend seen in
C. Battistini & T. Bensby (2016).
In summary, we show that the [X/Fe] obtained with the

NLTE Payne are overall in agreement with the results reported
in the literature. Also, the comparison of [Fe/H]–[X/Fe] with
the predictions of the OMEGA+ GCE model suggests that the
abundances inferred from spectra are overall consistent with
the expectations for the chemical enrichment of the Galactic
disk. These NLTE trends provide a preview of the trends
expected from the 4MIDABLE-HR survey, which will be
based on real 4MOST spectroscopic observations.

3.4. Lithium

We discuss Li in a separate section, as we have not
previously tested our OMEGA+ GCE model for Li. Instead,
we opt to use the B. D. Fields & K. A. Olive (1999a, 1999b)
models, which include several different production channels:
primordial 7Li, production from Galactic cosmic-ray (GCR)
reactions, and production from the SN ν-process.
Figure 8 demonstrates A(Li) as a function of [Fe/H], with our

derived abundances shown as black points and lines corresp-
onding to different GCE distributions. For [Fe/H] ≲ −1.6, our
stars lie on top of the curve with a scatter of ≈0.2, which means
that our derived Li abundance is consistent with the GCE
model. Similar to the results of S. G. Ryan et al. (2000), we
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18 These NLTE models made use of approximate classical rate coefficients
describing the collisionally induced processes in H+Co and H+Mn
transitions. In the later versions, these values were substituted by accurate
quantum-mechanical values.
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find a large scatter of A(Li) at higher metallicities ([Fe/H]
≳ −1.5). They noted that the poor fit in this [Fe/H] regime may
the consequence of missing production sources of Li, such as

AGBs and classical novae (D. Romano et al. 2021). This is
because each star would have its own production history that
cannot be captured by a unique GCE model. We note that the
star with a very low Li abundance at [Fe/H] = −3.25 (HD
133442) is a cool giant (Teff ≈ 5520 K), cooler than other metal-
poor stars by ≈500 K. Therefore, the lower Li abundance is
likely caused by destruction of it in the deeper convection
envelope (see similar discussions on this in, e.g., F. Spite &
M. Spite 1982).

4. Conclusions

We present our new NLTE astrophysical analysis code,
which is based on the Payne ANN. This code will be used
within the SAPP in the 4MOST Galactic Pipeline (4GP). Our
code will derive stellar parameters and abundances in the
4MIDABLE-HR survey for over 4 million targets with the
target SNR > 100 Å–1. To construct the new ANN, we
computed a new grid of 404,793 NLTE synthetic spectral
models, broadly covering the entire parameter space of FGK-
type stars and metallicities. Different architectures of the
neural network, such as the activation functions, were carefully
tested and adopted to give the lowest possible final training
loss within the network requirements. We showed that SiLU
activation functions halve the final loss, but also the ANN
requires a sigmoid activation function in the output layer for
best performance. The NLTE departure coefficients for the
following 16 chemical elements are used: H, O, Na, Mg, Al,
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Si, Ca, Ti, Mn, Fe, Co, Ni, Sr, Y, Ba, and Eu (see also
J. M. Gerber et al. 2023).

We release the new NLTE astrophysical analysis code at our
group website.19 The online version of the code can be used to
analyze 4MOST high-resolution stellar spectra in real time.
The line masks used are provided in Table D1. The code used
for training is publicly available as well.20 Our NLTE ANN
code enables a direct and self-consistent analysis of spectra
and determination of stellar parameters Teff, glog , [Fe/H], and
ξt; broadening vbrd; and chemical abundances A(Li), [C/Fe],
[O/Fe], [Na/Fe], [Mg/Fe], [Al/Fe], [Si/Fe], [Ca/Fe],
[Ti/Fe], [Cr/Fe], [Mn/Fe], [Co/Fe], [Ni/Fe], [Sr/Fe],
[Y/Fe], [Ba/Fe], and [Eu/Fe]. It takes 10–20 s for a single
spectrum on a single laptop CPU core to derive all stellar
parameters and abundances.

We also validated the NLTE ANN performance on 67
unique archival spectra of Gaia-ESO benchmark stars and 54
additional spectra of nearby bright stars. The sample comp-
rises 84 stars, which cover the following parameter space:
3700 ≲ Teff/K ≲ 6900, g0.8 log 5.0, and −3.35 ≲
[Fe/H] ≲ 0.34. The observed spectra of these red giants, main-
sequence stars, and subgiants were taken from HARPS,
UVES, NARVAL, and FOCES and degraded to the
4MOST-HR resolution R ≈ 20,000 to ensure consistency.
For these stars, we also derive all chemical abundances using
an independent code, TSFitPy (J. M. Gerber et al. 2023;
N. Storm & M. Bergemann 2023), and we show that the NLTE
Payne machine-learning-based abundances are in excellent
agreement with the values obtained using classical spectro-
scopic methods.

We furthermore compare our new NLTE abundances with
the GCE model OMEGA+ (B. Côté et al. 2017, 2018). In
particular, we show how the SFE can be constrained using
chemical elements such as Na, Al, O, Mg, Si, Sr, and Ba,
favoring lower values of the SFE, ε� ≲ 0.03 for the Galactic
disk. We show that the new NLTE Payne abundances
demonstrate the same [X/Fe] behavior as shown in previous
NLTE studies, including O (A. M. Amarsi et al. 2015), Na
(G. Zhao et al. 2016), Mg (M. Bergemann et al. 2017),
Al (G. Zhao et al. 2016), Si (G. Zhao et al. 2016), Ca
(L. Mashonkina et al. 2017), Ti (M. Bergemann 2011), Mn
(P. Eitner et al. 2020; N. Storm et al. 2025), Ni (P. Eitner et al.
2023; N. Storm et al. 2025), Sr, Y, Ba, and Eu (N. Storm et al.
2025). This work highlights the potential of 4MOST data in
comprehensively constraining the Galactic chemical enrich-
ment and the origins of chemical elements for the first time
using the newly trained NLTE ANN.
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Appendix A
Details on the Neural Network Training

In this section, we outline the technical details of our ANN
training method. The Payne was implemented and trained
using PyTorch (A. Paszke et al. 2019) and consists of three
fully connected hidden layers of 1024 neurons each, using
SiLU activation functions, and a final output layer of size
33,375 with a sigmoid activation function. The latter limits the
output to within 0 to 1, consistent with the range of normalized
spectra. The network size was chosen as a balance between
complexity and the speed of the network (e.g., see Figure 4 in
T. Różański et al. 2025). Figure A1 shows a summary of our
optimization experiments that consisted of training a series of
networks on a smaller training set of 288,211 spectra. In
particular, we trained networks with two different configura-
tions—one using rectified linear unit (ReLU) activation
functions (black) and one that employed SiLU instead (red)
—for a variety of initial learning rates between 0.0001 and
0.003. ReLU refers to a function x xReLU max 0,( ) ( )= , while
SiLU is a smoother approximation, SiLU(x) = x × sigmoid(x).
For SiLU, we also tested a network trained for half the steps
(red cross) and using only half of the training spectra (red
triangle). The main takeaway is that the right choice of
activation function reduces the final loss significantly, in this
case by around half. This is not unexpected, since SiLU is
smoother than ReLU. This is the typical behavior we expect to
see in stellar spectra—e.g., absorption lines become weaker
and do not disappear in a step-function manner. We also did a
brief test, skipping the final sigmoid layer after the output. This
significantly increased the final loss by around a factor of 2. A
too low or too high initial learning rate can also result in a
suboptimal training convergence. For our network, reducing
the number of training steps or training spectra by half had the
smallest impact. Out of the final training set of 404,793
spectra, 6% were used for the validation set. The individual
abundance values were chosen in a uniformly random fashion;

19 https://nlte.mpia.de/gui-payne_fit.php
20 https://github.com/stormnick/one_payne
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thus, the network a priori contains no elemental abundance
bias and should be able to fit nonstandard chemical composi-
tion stars. Our training spectra did not contain any broadening.
However, it was dynamically applied after the emulation from
Payne during fitting, similar to how it is done with classical
stellar synthesis codes. This simplifies the network, reduces the
number of training spectra needed, and thus improves the
convergence. The network was trained on four A100 GPUs.
The loss was calculated using a mean-squared difference,
AdamW optimizer with a cosine-type scheduler, which
dynamically reduced the learning rate over time for better
network convergence.

We did not highlight this in the figure, but the network size
has a direct impact as well. We tried both smaller (256 neurons
per hidden layer) and larger (2048 neurons per hidden layer)
networks. In our case, a larger network did not significantly
decrease the final loss—by only around 20%. However, a
smaller network had a bigger impact—a 4.2 times smaller
network had a 3.8 times larger loss (256 neurons per hidden
layer resulted in a loss of 1.56 × 10−5). We also tested the
performance of the smaller network on the stellar parameters
and abundances. The stellar parameters and most of the
abundances had a nearly identical recovery rate as the big
network, with only a slight increase in bias and spread
compared to TSFitPy values (typically by around 0.02 dex).
However, both Y and Eu bias suffered significantly, especially
at the low abundance ranges. For europium, the average bias
went to 0.3 dex (up to 0.7–1.0 dex for the lowest abundances).
While the effect of the larger loss was not seen for most
elements, it is more noticeable for weaker lines. Thus, we
decided to stick with the network that has 1024 neurons per
hidden layer as the balance between inference time and
accuracy of the network.

The final technical detail that is relevant for this network
architecture is the potential to decrease inference time. Let us
imagine that one needs to fit only one specific line in the
spectrum. In this case, skipping the synthesis of the remaining
parts of the spectrum could speed up the process. This is possible
for our Payne network. Since the network is constructed as an
input layer connected with hidden layers and the final output
layer, one is only required to do all of the initial matrix

multiplications first. The calculation in the output layer can skip
all of the pixels except for the ones that are of interest. The last
matrix is the largest one by far (1024 × 33,375 in our case,
compared to 1024 × 1024 and 21 × 1024 for the other ones), so
skipping calculations in the final matrix can give a significant
time gain, despite using a “big” Payne network.

Appendix B
Validation of the Network Performance

We also tested the performance of the network across the
parameter space. Figure B1 shows the mean rms normalized
flux error for the validation synthetic spectra set across the full
parameter space. The RMSE was calculated by using input
parameters for each synthetic spectrum from the validation set,
producing a Payne-equivalent spectrum and calculating an
error compared to the original input Turbospectrum model
using

P
y yRMSE

1
, B1

j

P
j j1

2( )ˆ ( )=
=

where P is the number of pixels, yĵ is the predicted
spectrum from Payne, yj is the input spectrum from
Turbospectrum, and j is each pixel. On average, the blue
window shows the largest error, due to the dominance of
molecular bands. A large error is present in the cores of the
CH G band at the ≈4300 Å lines but also in the cores of the
H I and Li I lines. On average, the error is <0.005 (less than
0.5%) in normalized flux units, which implies that the error
associated with the Payne interpolation is also typically
<0.005 flux units.
Figure B2 shows the mean rms flux error across each

spectrum for the full parameter space range. Based on the
Teff– glog diagram, lower Teff values result in higher RMSE
because of the stronger molecular lines. Thus, the spectra
with Teff > 5000 K have a mean RMSE < 0.002, also
implying that lower [Fe/H] spectra at the same Teff have a
smaller RMSE. Typically, individual abundance values do
not have an effect on the RMSE, except for the abundance of
carbon. [C/Fe] ≈ 2 at the lowest Teff results in the highest
RMSE values.
In Figure B3, we show the recovery rate of true abundances

for a fraction of synthetic spectra in the validation set with
added noise (SNR = 100 and 250 Å−1). Black points indicate
that the abundance was recovered in spectra with at least
SNR = 100 Å−1, red points were recovered only for SNR =
250 Å−1, and gray ones indicate spectra with nonrecovered
abundance. This shows the best possible performance limits of
the current fitting with this network, although we note that a
different line mask selection or fitting algorithm would change
the distribution. Overall, the results are encouraging: metalli-
city (parameterized by [Fe/H]) is recovered in almost all
spectra, except for the lowest-metallicity regime in the hottest
stars at lower SNR. Each element group shows a good
recovery rate across all metallicity regimes: Mg for α-
elements, Mn for iron-peak elements, and Sr for neutron-
capture elements. Li recovery depends directly on the stellar
effective temperature, while O and Al have the worst recovery
properties due to the weakness of their spectral lines.
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Figure A1. Final validation loss of the neural networks as a function of the
initial learning rate. The neural networks indicated as the top black points were
trained using ReLU activation functions, while the bottom red ones used SiLU
instead. Except for the two separate activation functions and the initial
learning rate, all of the networks were trained in an identical manner.
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Appendix C
Results for the Solar Spectra

In Table C1, we present the average abundances obtained using
five high-resolution solar spectra (NARVAL, UVES, and HARPS
spectrographs), which we use to self-consistently compute the
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Figure B2. Distribution of the mean rms flux error of each spectrum (averaged
across wavelength) in a 2D histogram of the validation set of synthetic spectra.
The top left panel shows the Teff diagram, the other two top panels are
distributions as a function of [Fe/H], and the rest are as a function of Teff. This
distribution is shown because Teff has the largest impact on the RMSE
compared to any parameter in the grid.

Figure B3. Recovery rate of the true abundances for the fraction of the
validation set of synthetic spectra with added noise (SNR = 100 and 250 Å−1).
Black points indicate abundances recovered at least for SNR = 100 Å−1, red
points indicate abundances recovered for SNR = 250 Å−1, and gray points
indicate nonrecovered abundances. The number in the top left of each subplot
indicates the total recovery percentage.
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stellar abundances in the square bracket notation. The solar
abundance of Y is not very accurate, possibly either because of the
use of older sources of gflog values (see also discussion in
Section 2.2. in N. Storm et al. 2024) or due to the lack of strong
reliable diagnostic lines in the 4MOST-HR spectral range.

Appendix D
Lines Used for Fitting

In Table D1 we provide the list of lines for each individual
element that were used to fit stellar abundances with the
corresponding atomic data.

Table C1
Average Fitted Solar Abundances Based on Five 4MOSTified Solar Spectra

Element Fitted Abundance

A(Al) 6.45
A(Ba) 2.15
A(C) 8.43
A(Ca) 6.43
A(Co) 4.96
A(Cr) 5.65
A(Eu) 0.42
A(Fe) 7.45
A(Mg) 7.53
A(Mn) 5.44
A(Na) 6.29
A(Ni) 6.31
A(O) 8.74
A(Si) 7.50
A(Ti) 5.08
A(Y) 1.98

Table D1
Atomic Data of the Lines Used in the Fitting of Different Elements

Element λ Elow gflog( ) gup Isotope (if any)
(Å) (eV)

Al I 6696.023 3.143 −1.569 4 ⋯
Al I 6698.673 3.143 −1.870 2 ⋯
Ba II 6141.709 0.704 −0.395 4 137
Ba II 6141.713 0.704 −0.032 4 134
Ba II 6141.714 0.704 −0.032 4 136

(This table is available in machine-readable form in the online article.)
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Appendix E
Fitted Parameters for All Spectra

In Table E1 we provide fitted stellar parameters for all
individual spectra before averaging their values and correcting
them for the solar abundances from Appendix C.

Table E1
Fitted Parameters for All Spectra

Star Teff glog ξt [Fe/H] vbrd [Al/Fe] [Cr/Fe] [Na/Fe]
(K) (km s−1) (km s−1)

15PEG5 6488 ± 137 4.11 ± 0.25 1.58 ± 0.01 −0.47 ± 0.06 11.18 ± 0.03 ⋯ −0.16 ± 0.13 0.10 ± 0.08
18Sco1 5828 ± 135 4.49 ± 0.25 1.36 ± 0.01 −0.05 ± 0.06 1.39 ± 0.02 0.12 ± 0.07 −0.06 ± 0.11 0.02 ± 0.08
18Sco2 5835 ± 134 4.52 ± 0.24 1.23 ± 0.00 −0.04 ± 0.06 1.41 ± 0.01 0.10 ± 0.07 −0.05 ± 0.10 0.01 ± 0.07
31AQL5 5575 ± 136 4.23 ± 0.25 1.10 ± 0.01 0.34 ± 0.06 4.26 ± 0.04 0.12 ± 0.08 −0.01 ± 0.18 0.19 ± 0.08
Arcturus2 4165 ± 134 1.30 ± 0.25 1.58 ± 0.00 −0.72 ± 0.06 2.84 ± 0.02 0.35 ± 0.07 0.05 ± 0.11 0.14 ± 0.07

Note. The uncertainty includes both systematic and errors returned by LMFIT. Instruments: (1) UVES, (2) NARVAL, (3) UVES-POP, (4) HARPS, (5) FOCES.
(This table is available in machine-readable form in the online article.)
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