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Abstract
Over the past 30 years, numerous large-scale
photometric astronomical surveys have been con-
ducted, including SDSS, Pan-STARRS, Gaia,
2MASS, WISE, and others. These surveys pro-
vide extensive photometric measurements that
can be used to infer a wide range of physical
parameters of astronomical objects. Tradition-
ally, Bayesian approaches, such as Markov Chain
Monte Carlo (MCMC) sampling—have been em-
ployed for such inference tasks. However, these
methods tend to be computationally intensive and
often require manual tuning or expert supervision.
In this work, we propose a novel machine learn-
ing model designed to perform automatic and ro-
bust inference from photometric data, offering a
scalable and efficient alternative to conventional
techniques.

1. Introduction
For decades, astronomical research has relied on broadband
photometry to uncover the physical parameters of celestial
objects. Since the advent of space-based observations, the
volume of data available to researchers has been growing
rapidly, setting high expectations for data preprocessing
pipelines. Various astronomical surveys like the upcom-
ing LSST are producing terabytes of data across different
parts of the optical spectrum, enabling the estimation of
parameters for millions of stars.

Using theoretical spectral models, broadband photometry
can be employed to estimate stellar parameters through
Spectral Energy Distribution (SED) fitting. Typically,
Bayesian methods such as Markov Chain Monte Carlo
(MCMC) and Variational Inference are used to infer param-
eters in such complex models. Notable examples include
research on interstellar extinction (Green et al., 2019; Leike
& Enßlin, 2019), which demands substantial computational
power for full Bayesian inference. Other key applications of
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SED fitting include detecting secondary stellar components
(El-Badry & Rix, 2022), estimating redshifts from photome-
try (William et al., 2023), and determining galaxy properties
(Pacifici et al., 2023).

Recent advances in computational methods, particularly the
emergence of neural network-based approaches, have led to
a new class of algorithms designed to accelerate inference in
various astronomical tasks. Examples include X-ray spectral
fitting (Huppenkothen & Bachetti, 2022), gravitational wave
astronomy (Dax et al., 2021), microlensing (Zhang et al.,
2021), and the inference of galactic properties (Li et al.,
2024). These models often rely on techniques from Neural
Density Estimation (NDE), which fall under the broader
category of Likelihood-Free Inference (LFI). NDE meth-
ods offer significant advantages over traditional MCMC
approaches, enabling faster and more automated inference.
This makes them particularly well-suited for real-time data
processing pipelines.

Here, we present a new NDE-based model that enables
fast inference of stellar parameters such as temperature,
extinction, metallicity, and surface gravity from broadband
photometry. In contrast to previous approaches, which rely
on a fixed set of filters for inference, the proposed model
supports variable-sized input. This flexibility allows for the
seamless inclusion of new filters and updating of the model
without the need to retrain it from scratch.

2. Inference Task
The primary objective of the model is to infer three fun-
damental stellar parameters using broadband photometric
measurements: the effective temperature T , surface gravity
log g, and metallicity [M/H]. In addition, the model esti-
mates two dust-related parameters: extinction in the V band,
denoted as AV , and the total-to-selective extinction ratio,
RV .

One of the most challenging aspects of the modeling process
lies in the efficient incorporation of an arbitrary number of
photometric measurements. This step is critical for accu-
rately estimating stellar parameters in complex regions of
the sky, such as the Galactic bulge. In such areas, high levels
of extinction can make stars appear significantly cooler than
they actually are. Resolving this degeneracy requires addi-
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tional observations, particularly in the far-infrared regime.
Restricting the model to a fixed set of filters limits its effec-
tiveness: stars with missing data in certain bands require
special handling, while those with more comprehensive ob-
servations cannot fully exploit the additional information.
Addressing this limitation necessitates the use of more so-
phisticated and flexible model architectures.

Photometric data are inherently less structured than many
other types of datasets typically encountered in machine
learning. Each individual measurement consists of three
components:

• the photometric filter used,
• the observed brightness (in magnitudes),
• the associated measurement uncertainty (also in mag-

nitudes).

A robust model must be capable of integrating these di-
verse elements while accommodating a variable number of
measurements per object.

3. Methods
Proposed model is composed of two different parts: set-
invariant transformer and Masked Autoregressive Flow
(MAF) module (Papamakarios et al., 2017). The first sub-
model is responsible for the preprocessing step, it allows to
take any number of filters and compress the information to
a single vector. Then, compressed vector is used to feed the
MAF model.

3.1. Preprocessing

The preprocessing model is built upon a set-invariant trans-
former architecture. Suppose there are S different photo-
metric measurements for a given star. Each measurement
is converted into an M -dimensional token, which serves as
input to the transformer.

To construct each token:

• The photometric filter is encoded using a learned em-
bedding.

• The brightness value is processed through a linear layer
to generate an embedding.

• The associated measurement uncertainty is processed
through a linear layer to generate an embedded.

These components are summed to form the final token rep-
resentation for each observation.

To aggregate the S observation tokens, we employ a classi-
fication token—a technique originally introduced in Devlin
et al. (2018) for sentence classification using transformers.
In our context, this token is used to compress the set of
measurements into a single, fixed-size representation.

The transformer receives a sequence consisting of this learn-
able classification token, followed by the S embedded ob-
servation tokens. This sequence is passed through L layers
of multi-head self-attention and feed-forward networks. Af-
ter processing, the updated classification token encodes the
compressed representation of the entire set. This token is
then passed to a Masked Autoregressive Flow (MAF) model
as a conditional input for downstream inference.

Thanks to the transformer’s permutation-invariant design,
the final output is independent of the order in which the
measurements are presented. For our implementation:

• The embedding dimension M is set to 256.
• We use L = 10 transformer layers.
• Each feed-forward network has a dimensionality of
768.

• The model uses 8 attention heads.
• Dropout with a rate of p = 0.05 is applied during

training.

3.2. Masked Autoregressive Flow

The Masked Autoregressive Flow is a model belonging
to the family of Normalizing Flows, a class of generative
models originally developed for tasks such as high-fidelity
image synthesis, with early breakthroughs seen in models
like GLOW (Kingma & Dhariwal, 2018).

The core concept of normalizing flows is straightforward
yet powerful. These models aim to estimate the conditional
probability distribution P (X | C), where C represents the
conditioning variable (in this context, stellar observations),
and X denotes the target variables (e.g., stellar parameters
such as temperature, surface gravity, and metallicity).

To achieve this, a sequence of invertible transformations is
learned such that the final function f transforms the condi-
tional distribution P (X|C) into the base distribution π(u).
This base distribution is commonly a multivariate Gaus-
sian—chosen for its ease of evaluation and sampling.

The MAF architecture is composed of a series of MADE
(Masked Autoencoder for Distribution Estimation) sub-
blocks (Germain et al., 2015), where each block imple-
ments a single transformation fi of the probability space.
These transformations are composed sequentially as f =
f1 ◦ f2 ◦ f3 ◦ . . ., enabling the model to approximate highly
complex mappings. For brevity, the detailed mechanics of
MAF are omitted here, as the architecture used closely fol-
lows implementations extensively described in the literature.

During inference, sampling proceeds by first drawing u from
the base distribution π(u) and then applying the inverse
transformation f−1 to obtain a sample from the learned
posterior. This approach allows for extremely fast approxi-
mation of complex posterior distributions.
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Following the methodology of (Zhang et al., 2021), we
adopt a multivariate Gaussian base distribution with five
components. The flow consists of ten stacked MADE blocks.
The dimensionality of the conditioning input C corresponds
to the token size used in our encoder, which in this case is
256. An overview of the final architecture is provided in
Figure 1.

3.3. Training and data generation

The training data for the model are derived from the BOSZ
spectral library (Mészáros et al., 2024), combined with
the Fitzpatrick extinction law (Fitzpatrick, 1999). To in-
terpolate stellar spectra, the pystellibs1 library was
employed, while extinction effects were modeled using the
extinction2 package.

A total of 25 photometric filters were incorporated into the
model, spanning from the far-ultraviolet to the infrared. The
complete list of filters, along with their respective survey
catalogs to be utilized in the later stages of this study, in-
cludes:

• GALEX ultraviolet filters: FUV, NUV (Martin et al.,
2005)

• SDSS optical filters: u, g, r, i, z (Kollmeier et al.,
2019)

• Pan-STARRS optical filters: g, r, i, z, y (Chambers
et al., 2016)

• SkyMapper optical filters: g, r, i, z, y (Australian
National University, 2023)

• Gaia optical filters: G, BP , RP (Gaia Collaboration
et al., 2023)

• 2MASS infrared filters: J , H , Ks (Skrutskie et al.,
2006)

• WISE infrared filters: W1, W2 (Wright et al., 2010)

In total, approximately 1.5× 106 synthetic stars were gen-
erated for training, and about 3× 105 for testing purposes.
During training, each photometric measurement was dynam-
ically perturbed with Gaussian noise, simulating measure-
ment uncertainty. This noise was passed as a variable to the
preprocessing pipeline.

The training process was conducted over 1000 epochs using
the Adam optimizer (Kingma & Ba, 2014). The learning rate
followed a cosine annealing schedule with a linear warm-up
phase, starting from a base value of 5× 10−4.

4. Results
To comprehensively evaluate the final performance of our
model, we design two distinct validation tasks.

1https://mfouesneau.github.io/pystellibs/
2https://extinction.readthedocs.io/en/

latest/

First, we assess the model’s ability to predict stellar tem-
peratures in highly reddened regions. Accurate temperature
estimation in such environments is essential for reliable red-
dening corrections, which in turn are a key component in
constructing three-dimensional maps of interstellar dust.

Second, we evaluate the accuracy of the model in predicting
stellar metallicities. This parameter is particularly critical
for low-metallicity stars, which have been the focus of ex-
tensive research over the past decade.

To validate temperature predictions, we select a sample of
stars from the APOGEE survey (Abdurro’uf et al., 2022),
focusing on objects located close to the Galactic plane (b <
20◦), hereafter referred to as the Disc sample. Each star
is cross-matched with multiple external catalogs to ensure
broad observational coverage, and only stars with more than
10 independent photometric observations are retained. The
APOGEE survey fits the spectra using precomputed high-
resolution spectra. APOGEE errors are roughly of the order
of ∼ 150 K.

We then apply our model to estimate stellar temperatures,
using the median of 64 posterior samples as the final predic-
tion. These are compared against APOGEE-derived temper-
atures. Across a total of 124,428 stars, the model achieves
a root-mean-square (RMS) error of 314 K and a median
absolute deviation (MAD) of 169 K, even in the presence of
significant reddening. The comparison between predicted
and true temperature is presented in Figure 2.

Although APOGEE does not provide direct extinction mea-
surements, the strong correlation between temperature and
extinction allows us to infer that extinction estimates are
likely to be reasonably accurate. Mean predicted extinction
in the V filter AV is 1.93, with a 84th percentile reaching
3.42.

For metallicity evaluation, we focus on stars in low-
extinction regions (b > 20◦), forming the Halo sample.
This parameter is notoriously difficult to estimate from pho-
tometry alone, yet remains vital for numerous astrophysical
investigations. The APOGEE survey measures the metal-
licity with accuracy of the order of ∼ 0.05 dex. We select
129,066 stars from APOGEE, again ensuring each has at
least 6 independent photometric observations through cross-
matching with external catalogs. The model’s metallicity
predictions, taken as the median of 64 posterior samples,
are then compared to APOGEE values. The resulting perfor-
mance yields an RMS error of 0.31 dex and a MAD of 0.21
dex. The comparison between predicted and true metallicity
is presented in Figure 3.

Sampling for all stars was completed in under 25 minutes on
a single NVIDIA A100 GPU, corresponding to a through-
put of approximately 14 · 103 samples per second. This
represents a substantial speedup—by 3 to 4 orders of mag-
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Figure 1. Schematic representation of the IrisML model. CLS stands for the classification token, which is learned during the training. Red
and orange arrows indicate the movement of the data during the training and inference respectively.

nitude—over traditional CPU-based MCMC methods.

Tu further investigate the performance of the model,
Bayesian coverage analysis was performed. To do so, we
sampled the posterior distribution for all stars in the sample,
creating HDI (Highest Density Interval) for each star and for
various condifence intervals. HDI intervals were computed
for each of the parameters observed by the APOGEE sep-
arately. Then, for different confidence ranges we checked
how many true values lie in the HDI interval. Results are
presented in Figure 4. For parameters which correspond
to lines that are above the black line, the methods is under-
confident and for those that fall below the black line, the
method is overconfident. Here, we can see that the lines
roughly follow the black line, indicating a close match with
true Bayesian posterior.

5. Conclusions
We present a novel approach for fitting Spectral Energy Dis-
tribution (SED) models using Neural Posterior Estimation
(NPE). Our method enables seamless integration of pho-
tometric filters directly into the model, providing flexible
and efficient inference applicable to real-world scenarios.
Compared to traditional MCMC sampling performed on
CPUs, our approach achieves several orders of magnitude
speedup.

The model demonstrates excellent performance in estimat-
ing stellar temperatures, even for highly reddened sources.
As such, it is particularly well-suited for accelerating the
construction of three-dimensional dust maps in the Galaxy.

However, estimating metallicity proves more challenging.
This result is somewhat expected: stars can exhibit sig-
nificantly different metal abundances, often requiring dis-
tinct spectral templates. Moreover, the presence of other
error sources—particularly out-of-distribution (OOD) er-
rors—further complicates the inference.

OOD errors are an inherent issue in large astronomical
datasets. Skewed measurements due to mismatches, pho-
tometric errors, or underestimated uncertainties can cause
the model to fail. These errors are difficult to detect and
interpret. It is well-known that normalizing flows can assign
high probability densities to OOD inputs, exacerbating the
issue (Kirichenko et al., 2020).
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Figure 2. Predicted and measured temperatures for stars in the Disc
sample. Color represents the number of measurments used to infer
the stellar properties.
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J., Vargas-Magaña, M., Alfaro, P. V., Villanova, S., Vin-
cenzo, F., Wake, D., Warfield, J. T., Washington, J. D.,
Weaver, B. A., Weijmans, A.-M., Weinberg, D. H., Weiss,
A., Westfall, K. B., Wild, V., Wilde, M. C., Wilson, J. C.,
Wilson, R. F., Wilson, M., Wolf, J., Wood-Vasey, W. M.,
Yan, R., Zamora, O., Zasowski, G., Zhang, K., Zhao,
C., Zheng, Z., Zheng, Z., and Zhu, K. The Seventeenth
Data Release of the Sloan Digital Sky Surveys: Complete
Release of MaNGA, MaStar, and APOGEE-2 Data. The
Astrophysical Journal Supplement Series, 259:35, April
2022. ISSN 0067-0049. doi: 10.3847/1538-4365/ac4414.
URL https://ui.adsabs.harvard.edu/abs/
2022ApJS..259...35A. Publisher: IOP ADS Bib-
code: 2022ApJS..259...35A.

Australian National University. SkyMapper South-
ern Survey (SMSS) Data Release 4 (DR4), 2023.
URL https://pid.nci.org.au/doi/f8385_
1384_4572_2327. Artwork Size: 500 TB Pages: 500

TB.

Chambers, K. C., Magnier, E. A., Metcalfe, N., Flewelling,
H. A., Huber, M. E., Waters, C. Z., Denneau, L., Draper,
P. W., Farrow, D., Finkbeiner, D. P., Holmberg, C., Kop-
penhoefer, J., Price, P. A., Rest, A., Saglia, R. P., Schlafly,
E. F., Smartt, S. J., Sweeney, W., Wainscoat, R. J., Bur-
gett, W. S., Chastel, S., Grav, T., Heasley, J. N., Hodapp,
K. W., Jedicke, R., Kaiser, N., Kudritzki, R. P., Luppino,
G. A., Lupton, R. H., Monet, D. G., Morgan, J. S., On-
aka, P. M., Shiao, B., Stubbs, C. W., Tonry, J. L., White,
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M. The updated BOSZ synthetic stellar spectral library.
A&A, 688:A197, August 2024. doi: 10.1051/0004-6361/
202449306.

Pacifici, C., Iyer, K. G., Mobasher, B., Da Cunha, E., Ac-
quaviva, V., Burgarella, D., Calistro Rivera, G., Carnall,
A. C., Chang, Y.-Y., Chartab, N., Cooke, K. C., Fairhurst,
C., Kartaltepe, J., Leja, J., Małek, K., Salmon, B., Torelli,
M., Vidal-Garcı́a, A., Boquien, M., Brammer, G. G.,
Brown, M. J. I., Capak, P. L., Chevallard, J., Circosta,
C., Croton, D., Davidzon, I., Dickinson, M., Duncan,
K. J., Faber, S. M., Ferguson, H. C., Fontana, A., Guo,
Y., Haeussler, B., Hemmati, S., Jafariyazani, M., Kassin,
S. A., Larson, R. L., Lee, B., Mantha, K. B., Marchi, F.,
Nayyeri, H., Newman, J. A., Pandya, V., Pforr, J., Reddy,
N., Sanders, R., Shah, E., Shahidi, A., Stevans, M. L.,
Triani, D. P., Tyler, K. D., Vanderhoof, B. N., De La Vega,
A., Wang, W., and Weston, M. E. The Art of Measur-
ing Physical Parameters in Galaxies: A Critical Assess-
ment of Spectral Energy Distribution Fitting Techniques.
The Astrophysical Journal, 944(2):141, February 2023.
ISSN 0004-637X, 1538-4357. doi: 10.3847/1538-4357/
acacff. URL https://iopscience.iop.org/
article/10.3847/1538-4357/acacff.

Papamakarios, G., Pavlakou, T., and Murray, I. Masked
Autoregressive Flow for Density Estimation. In
Guyon, I., Luxburg, U. V., Bengio, S., Wallach,
H., Fergus, R., Vishwanathan, S., and Garnett, R.
(eds.), Advances in Neural Information Process-
ing Systems, volume 30. Curran Associates, Inc.,
2017. URL https://proceedings.neurips.
cc/paper_files/paper/2017/file/
6c1da886822c67822bcf3679d04369fa-Paper.
pdf.

Skrutskie, M. F., Cutri, R. M., Stiening, R., Weinberg,
M. D., Schneider, S., Carpenter, J. M., Beichman, C.,
Capps, R., Chester, T., Elias, J., Huchra, J., Liebert, J.,
Lonsdale, C., Monet, D. G., Price, S., Seitzer, P., Jarrett,
T., Kirkpatrick, J. D., Gizis, J. E., Howard, E., Evans,
T., Fowler, J., Fullmer, L., Hurt, R., Light, R., Kopan,
E. L., Marsh, K. A., McCallon, H. L., Tam, R., Van Dyk,
S., and Wheelock, S. The Two Micron All Sky Sur-
vey (2MASS). The Astronomical Journal, 131(2):1163–

1183, February 2006. ISSN 0004-6256, 1538-3881. doi:
10.1086/498708. URL https://iopscience.iop.
org/article/10.1086/498708.

William, A. J., Jalan, P., Bilicki, M., and Hellwing, W. A.
Deep learning based photometric redshifts for the Kilo-
Degree Survey Bright Galaxy Sample. 2023. doi: 10.
48550/ARXIV.2312.08043. URL https://arxiv.
org/abs/2312.08043. Publisher: [object Object]
Version Number: 2.

Wright, E. L., Eisenhardt, P. R. M., Mainzer, A. K., Ressler,
M. E., Cutri, R. M., Jarrett, T., Kirkpatrick, J. D., Padgett,
D., McMillan, R. S., Skrutskie, M., Stanford, S. A., Co-
hen, M., Walker, R. G., Mather, J. C., Leisawitz, D., Gau-
tier, T. N., McLean, I., Benford, D., Lonsdale, C. J., Blain,
A., Mendez, B., Irace, W. R., Duval, V., Liu, F., Royer,
D., Heinrichsen, I., Howard, J., Shannon, M., Kendall,
M., Walsh, A. L., Larsen, M., Cardon, J. G., Schick,
S., Schwalm, M., Abid, M., Fabinsky, B., Naes, L., and
Tsai, C.-W. THE WIDE-FIELD INFRARED SURVEY
EXPLORER (WISE): MISSION DESCRIPTION AND
INITIAL ON-ORBIT PERFORMANCE. The Astronomi-
cal Journal, 140(6):1868–1881, December 2010. ISSN
0004-6256, 1538-3881. doi: 10.1088/0004-6256/140/
6/1868. URL https://iopscience.iop.org/
article/10.1088/0004-6256/140/6/1868.

Zhang, K., Bloom, J. S., Gaudi, B. S., Lanusse, F., Lam,
C., and Lu, J. R. Real-time Likelihood-free Inference
of Roman Binary Microlensing Events with Amortized
Neural Posterior Estimation. AJ, 161(6):262, June 2021.
doi: 10.3847/1538-3881/abf42e.

9

https://iopscience.iop.org/article/10.1086/426387
https://iopscience.iop.org/article/10.1086/426387
https://iopscience.iop.org/article/10.3847/1538-4357/acacff
https://iopscience.iop.org/article/10.3847/1538-4357/acacff
https://proceedings.neurips.cc/paper_files/paper/2017/file/6c1da886822c67822bcf3679d04369fa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/6c1da886822c67822bcf3679d04369fa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/6c1da886822c67822bcf3679d04369fa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/6c1da886822c67822bcf3679d04369fa-Paper.pdf
https://iopscience.iop.org/article/10.1086/498708
https://iopscience.iop.org/article/10.1086/498708
https://arxiv.org/abs/2312.08043
https://arxiv.org/abs/2312.08043
https://iopscience.iop.org/article/10.1088/0004-6256/140/6/1868
https://iopscience.iop.org/article/10.1088/0004-6256/140/6/1868

