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model = torch.nn.Sequential(
torch.nn.Linear(num_label, 100),
torch.nn.LeakyRelLU),
torch.nn.Linear(100, 100),
torch.nn.LeakyRelLU),
torch.nn.Linear(100,num_pix) )

# define optimizer
learning_rate = 0.001
optimizer = torch.optim.Adam(model.parameters(), Ir=learning_rate)

# train the model

#divide training set into batches
optimizer.zero_grady)
loss.backward(retain_graph=False)
optimizer.step()

— ~ _
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THE CANNON: A DATA-DRIVEN APPROACH TO STELLAR LABEL DETERMINATION f;1 AT 9/\ ) gn + noise

M. NESSI, DavipD W. HOGGI’2’3, H.-W. Rlxl, ANNA. Y. Q. Hol, AND G. ZASOWSKI™>
! Max-Planck-Institut fiir Astronomie, Konigstuhl 17, D-69117 Heidelberg, Germany; ness @mpia.de
2 Center for Cosmology and Particle Physics, Department of Phyics, New York University, 4 Washington P1., Room 424, New York, NY 10003, USA
G Center for Data Science, New York University, 726 Broadway, 7th Floor, New York, NY 10003, USA
4 Department of Physics & Astronomy, Johns Hopkins University, Baltimore, MD 21218, USA
Received 2015 January 16; accepted 2015 June 3; published 2015 July 14

ABSTRACT

New spectroscopic surveys offer the promise of stellar parameters and abundances (“stellar labels”) for hundreds
of thousands of stars; this poses a formidable spectral modeling challenge. In many cases, there is a subset of
reference objects for which the stellar labels are known with high(er) fidelity. We take advantage of this with The
Cannon, a new data-driven approach for determining stellar labels from spectroscopic data. The Cannon learns
from the “known” labels of reference stars how the continuum-normalized spectra depend on these labels by fitting
a flexible model at each wavelength; then, The Cannon uses this model to derive labels for the remaining survey
stars. We illustrate The Cannon by training the model on only 542 stars in 19 clusters as reference objects, with Te,
log g, and [Fe/H] as the labels, and then applying it to the spectra of 55,000 stars from APOGEE DRI10. The
Cannonis very accurate. Its stellar labels compare well to the stars for which APOGEE pipeline (ASPCAP) labels
are provided in DR10, with rms differences that are basically identical to the stated ASPCAP uncertainties. Beyond
the reference labels, The Cannon makes no use of stellar models nor any line-list, but needs a set of reference
objects that span label-space. The Cannon performs well at lower signal-to-noise, as it delivers comparably good
labels even at one-ninth the APOGEE observing time. We discuss the limitations of The Cannon and its future
potential, particularly, to bring different spectroscopic surveys onto a consistent scale of stellar labels.

Key words: methods: data analysis — methods: statistical — stars: abundances — stars: fundamental parameters —
surveys — techniques: spectroscopic

Ness+ 2015, Apd, 808, 16

https://qgithub.com/annaygho/TheCannon
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The Payne: Self-consistent ab initio Fitting of Stellar Spectra
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Yuan-Sen Ting (TR m)l 234570 Charlie Conroy” @, Hans-Walter Rix®®, and Phillip Cargile’
! Institute for Advanced Study, Pnnceton NJ 08540, USA
Department of Astrophysical Sciences, Princeton University, Princeton, NJ 08544, USA
3 Observatories of the Carnegie Institution of Washington, 813 Santa Barbara Street, Pasadena, CA 91101, USA
4 Research School of Astronomy and Astrophysics, Australian National University, Cotter Road, ACT 2611, Canberra, Australia
> Harvard—Smithsonian Center for Astrophysics, 60 Garden Street, Cambridge, MA 02138, USA
©Max Planck Institute for Astronomy, Konigstuhl 17, D-69117 Heidelberg, Germany
Received 2018 April 3; revised 2019 May 9; accepted 2019 May 11; published 2019 July 8
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Abstract

We present The Payne, a general method for the precise and simultaneous determination of numerous stellar labels
from observed spectra, based on fitting physical spectral models. The Payne combines a number of important
methodological aspects: it exploits the information from much of the available spectral range; it fits all labels
(stellar parameters and elemental abundances) simultaneously; it uses spectral models, where the structure of the
atmosphere and the radiative transport are consistently calculated to reflect the stellar labels. At its core The Payne
has an approach to accurate and precise interpolation and prediction of the spectrum in high-dimensional label
space that is flexible and robust, yet based on only a moderate number of ab initio models ((O(1000) for 25 labels).
With a simple neural-net-like functlonal form and a suitable choice of training labels, this interpolation yields a
spectral flux prediction good to 10> rms across a wide range of T.; and log g (including dwarfs and giants). We
illustrate the power of this approach by applying it to the APOGEE DR 14 data set, drawing on Kurucz models with
recently improved line lists: without recalibration, we obtain physically sensible stellar parameters as well as 15
elemental abundances that appear to be more precise than the published APOGEE DR14 values. In short, The
Payne is an approach that for the first time combines all these key ingredients, necessary for progress toward
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The Payne approximation
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optimal modeling of survey spectra; and it leads to both precise and accurate estimates of stellar labels, based on - 9:|:I —
physical models and without “recalibration.” Both the codes and catalog are made publicly available online. —

Ting+ 2017, ApJ, 879, 69 ‘https://github.com/tingyuansen/The_Payne/
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A&A 662, A66 (2022)
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Stellar labels for hot stars from low-resolution spectra

I. The HOTPAYNE method and results for 330 000 stars from LAMOST DR6* g | heOss, oroo0ses
X 10
Maosheng Xiang!, Hans-Walter Rix!, Yuan-Sen Ting?3:+3:** Rolf-Peter Kudritzki®’, Charlie Conroy?, ..: .
Eleonora Zari!, J ian-Rong Shi®*1°, Norbert Przybilla“, Maria Ramirez-Tannus', Andrew Tkachenko'?, g 10
Sarah Gebruers!?, and Xiao-Wei Liu!3 é ot
ABSTRACT z
10°

9000 -02 -0.1 00 0.1 02
HotPayne — Kurucz

We set out to determine stellar labels from low-resolution survey spectra of hot stars, specifically OBA stars with T = 7500 K.
This fills a gap in the scientific analysis of large spectroscopic stellar surveys such as LAMOST, which offers spectra for millions of
stars at R ~ 1800 and covers 3800 A < 2 < 9000 A. We first explore the theoretical information content of such spectra to determine
stellar labels via the Cramér-Rao bound. We show that in the limit of perfect model spectra and observed spectra with signal-to-
noise ratio ~50-100, precise estimates are possible for a wide range of stellar labels: not only the effective temperature, Teq, surface
gravity, log g, and projected rotation velocity, vsin i, but also the micro-turbulence velocity, v, helium abundance, Ny, /Ny, and
the elemental abundances [C/H], [N/H], [O/H], [Si/H], [S/H], and [Fe/H]. Our analysis illustrates that the temperature regime of
Terr ~ 9500 K is challenging as the dominant Balmer and Paschen line strengths vary little with T;. We implement the simultaneous
fitting of these 11 stellar labels to LAMOST hot-star spectra using the PAYNE approach, drawing on Kurucz’s ATLAS12/SYNTHE
local thermodynamic equilibrium spectra as the underlying models. We then obtain stellar parameter estimates for a sample of about
330000 hot stars with LAMOST spectra, an increase by about two orders of magnitude in sample size. Among them, about 260 000
have good Gaia parallaxes (w/o, > 5), and their luminosities imply that 295% of them are luminous stars, mostly on the main
sequence; the rest are evolved lower luminosity stars, such as hot subdwarfs and white dwarfs. We show that the fidelity of the results,
particularly for the abundance estimates, is limited by the systematics of the underlying models as they do not account for nonlocal
thermodynamic equilibrium effects. Finally, we show the detailed distribution of vsin i of stars with 8000—15 000 K, illustrating that it
extends to a sharp cutoff at the critical rotation velocity, v.i, across a wide range of temperatures.

Xiang+ 2022, A&A, 662, AG6 P P
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TransformerPayne: enhancing spectral emulation accuracy and
data efficiency by capturing long-range correlations ——
I} —— TransformerPayne
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ABSTRACT

Residuals

Context. Stellar spectra emulators often rely on large grids and tend to reach a plateau in emulation accuracy, leading to significant

systematic errors when inferring stellar properties. :
Aims. Our study explores the use of Transformer models to capture long-range information in spectra, comparing their performance to Wavelength TAI
The Payne emulator (a fully connected multilayer perceptron), an expanded version of The Payne, and a convolutional-based emulator.

Methods. We develop the TransformerPayne neural network architecture, which leverages the attention mechanism to efficiently

capture long-range correlations in stellar spectra. We adopt two grids of synthetic spectra and compare emulators using residuals of

emulation and by inference of spectral parameters for synthetic spectra from validation dataset.

Results. The TransformerPayne emulator outperforms all other tested emulators, achieving a mean absolute error (MAE) in emulation

of approximately 0.0015, when trained on the full grid. The largest improvements with respect to other emulators, measured using

MAE, are for grids containing between 1000 and 10000 spectra, and vary between 2 and 5 times when comparing to the large version

of The Payne. Fine-tuning enables up to a tenfold reduction in the size of the training grids when comparing to version trained from

scratch. We also investigated the attention maps of TransformerPayne emulator, finding that they encode interpretable features shared

across many lines of chosen elements. We show that although scaling to a much larger network can improve The Payne emulator

significantly, decreasing the MAE of emulation from 0.012 to 0.003 when trained on the full training dataset, the TransformerPayne

consistently emulates spectra with the smallest MAE. Convolutional-based architectures saturate with a MAE around 0.05.

Conclusions. Appropriate inductive biases in the TransformerPayne architecture result in improved accuracy, data efficiency, and

interpretability over existing methods.
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Abstract

The LAMOST survey has acquired low-resolution spectra (R = 1800) for 5 million stars across the Milky Way, far
more than any current stellar survey at a corresponding or higher spectral resolution. It is often assumed that only
very few elemental abundances can be measured from such low-resolution spectra, limiting their utility for Galactic
archaeology studies. However, Ting et al. used ab initio models to argue that low-resolution spectra should enable
precision measurements of many elemental abundances, at least in theory. Here, we verify this claim in practice by
measuring the relative abundances of 14 elements from LAMOST spectra with a precision of <0.1 dex for objects
with S/Npamost = 30 (per pixel). We employ a spectral modeling method in which a data-driven model is
combined with priors that the model gradient spectra should resemble ab initio spectral models. This approach
assures that the data-driven abundance determinations draw on physically sensible features in the spectrum in their
predictions and do not just exploit astrophysical correlations among abundances. Our analysis is constrained to the
number of elemental abundances measured in the APOGEE survey, which is the source of the training labels.
Obtaining high quality /resolution spectra for a subset of LAMOST stars to measure more elemental abundances as
training labels and then applying this method to the full LAMOST catalog will provide a sample with more than 20
elemental abundances, which is an order of magnitude larger than current high-resolution surveys, substantially
increasing the sample size for Galactic archaeology.

Ting+ 2017, Apd, 808, 16
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DESI: R=2000-5000, AA3700-95001%

Determining Stellar Elemental Abundances from DESI Spectra with the Data-Driven Payne

MENG ZHANG,! MAOSHENG XIANG,!"? YUAN-SEN TING,> *36 J1aAHUI WANG,”! HAINING L1,! HU Zou,"7 JUNDAN NIE,!
LANYA Mou,"7 TIANMIN WU, 7 YAQIAN WU,! AND JIFENG L1yt 7-2:8

ABSTRACT

Stellar abundances for a large number of stars are key information for the study of Galactic formation history.
Large spectroscopic surveys such as DESI and LAMOST take median-to-low resolution (R < 5000) spectra
in the full optical wavelength range for millions of stars. However, line blending effect in these spectra causes
great challenges for the elemental abundances determination. Here we employ the DD-PAYNE, a data-driven
method regularised by differential spectra from stellar physical models, to the DESI EDR spectra for stellar
abundance determination. Our implementation delivers_15 labels. including effective temperature Ti.¢. surface
ravi lo g, microturbulence veloci Umic, and abundances for 12 individual elements, namel C,N,O, M,
Al, Si, Ca, Ti, Cr, Mn, Fe, Ni. Given a spectral signal-to-noise ratio of 100 per pixel, internal precision of the
label estimates are about 20 K for T¢g, 0.05 dex for log g, and 0.05 dex for most elemental abundances. These
results are agree with theoretical limits from the Cramer-Rao bound calculation within a factor of two. The
Gaia-Enceladus-Sausage that contributes the majority of the accreted halo stars are discernible from the disk
and in-situ halo populations in the resultant [Mg/Fe]-[Fe/H] and [Al/Fe]-[Fe/H] abundance spaces. We also
provide distance and orbital parameters for the sample stars, which spread a distance out to ~100 kpc. The , GAMA G15 #2 * HSCOR2
DESI sample has a significant higher fraction of distant (or metal-poor) stars than other existed spectroscopic Bt
surveys, making it a powerful data set to study the Galactic outskirts. The catalog is publicly available. RAldea]
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Zhang+ 2024, ApJS, in press; arXiv2402.06242
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