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ABSTRACT

Context. Quasars at the redshift frontier (z > 7.0) are fundamental probes of black hole growth and evolution, but are notoriously
difficult to identify. At these redshifts, machine-learning-based selection methods have proven to be efficient, but require appropriate
training sets to reach their full potential.

Aims. We present the variational auto-encoder QUEST, which can generate realistic quasar spectra that can be post-processed to gener-
ate synthetic photometry and impute spectra.

Methods. We started from the SDSS DR16Q catalogue, pre-processed the spectra, and vetted the sample to obtain a clean dataset.
After training the model, we investigated the properties of its latent space to understand whether it has learnt the relevant physics.
Furthermore, we provide a pipeline for generating photometry from the sampled spectra, which we compared with actual quasar pho-
tometry, and we show the capabilities of the model in reconstructing and extending quasar spectra.

Results. The trained network faithfully reproduces the input spectrum in terms of sample median and variance. By examining the
latent space, we found correlations with continuum and bolometric luminosity, black hole mass, redshift, continuum slope, and emis-
sion line properties, among others. When we used the network to generate photometry, the results agreed very well with those from
the control sample. The model provides satisfactory results in reconstructing emission lines: estimates of the black hole mass from
the reconstructed spectra agree well with those from the original SDSS spectra. Furthermore, when spectra with broad absorption
line features were reconstructed, the model successfully interpolated over the absorption systems. Compared with previous work, the
spectra sampled from our model and the output of their results agree very well. However, QUEST does not require any ad hoc tuning

and is capable of reproducing the full variety of spectra available in the training set.

Key words. methods: data analysis — methods: statistical — techniques: photometric — surveys — quasars: general

1. Introduction

Quasars, actively accreting supermassive black holes (SMBHs),
are the most luminous active galactic nuclei (AGNs) and non-
transient sources in the sky (see Fan et al. 2023, for a recent
review). Their luminosity (typically, log (Lgor) ~ 46-48 erg s™!)
makes them detectable out to redshift z > 7.5, when the Uni-
verse was younger than one billion years (Bafiados et al. 2018;
Yang et al. 2020; Wang et al. 2021). Their existence places strin-
gent constraints on the growth history and seeding mechanisms
of SMBHs (e.g. Yang et al. 2021). Their physical distance allows
us to investigate the epoch of reionisation (e.g. Kist et al. 2025)
and the chemical and physical state of the intergalactic medium
(IGM, e.g. Wang et al. 2020). Quasars shape and affect their sur-
rounding environment: molecular outflows have been detected in
samples of quasars at z > 6.0 (Spilker et al. 2025), and feedback
from these objects is often invoked to explain galaxy quenching.
Quasars themselves are often found to live in overdense regions

* Corresponding author: francesco.guarneri@uni-hamburg.de

(Meyer et al. 2022; Wang et al. 2023; Champagne et al. 2023)
and are hosted by the most massive (Neeleman et al. 2021) and
star-forming (Salvestrini et al. 2025) galaxies in the Universe.
Compared to local AGNs, quasars are often found to be over-
massive in relation to their host galaxy (e.g. Farina et al. 2022,
but see also Li et al. 2022; Silverman et al. 2025). However,
despite decades of quasar investigations, many of these topics
remain open questions: the main seeding and evolution path-
ways for growing these objects in such a short amount of time
is unclear (see e.g. Inayoshi et al. 2020; Volonteri et al. 2021,
for reviews on the topic). A precise timeline for reionisation still
eludes us (ﬁurovéfkové et al. 2024; Qin et al. 2025; Umeda et al.
2026). Although it is well established that quasars and their host
galaxy co-evolve (Kormendy & Ho 2013), at z > 6.0, the results
of clustering analyses indicate a very diverse environment (see
e.g. Meyer et al. 2022; Champagne et al. 2023 and references
therein).

In order to effectively investigate these problems, large and
well-defined samples of quasars at different redshifts are needed.
In the past 20 years in particular, much effort has been devoted
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to pushing the quasar redshift frontier further into the epoch of
reionisation, from redshift z ~ 6 (Fan et al. 2006) to z ~ 7.64
(Wang et al. 2021), to characterise the high-z quasar popula-
tion (Wang et al. 2021). Sensitive near-infrared surveys over
wide areas and careful quasar selection techniques were criti-
cal to this success. Several methods have been applied in the
search for quasars, but most of the known high-redshift quasar
population has been identified through standard colour selec-
tions (Bafiados et al. 2023; Belladitta et al. 2025). However, at
z 2 7.5, the efficiency of these methods is only about 1% (Nanni
et al. 2022), which makes large spectroscopic follow-up cam-
paigns unfeasible for future space-based surveys (e.g. Euclid,
Euclid Collaboration 2025, or the Nancy Grace Roman Space
Telescope) that will yield a greater number of sources by an order
of magnitude than ground-based counterparts.

In preparation for these surveys, statistical methods have
been developed and applied with excellent results. Bayesian
selection algorithms already yielded the first quasar at z > 7
(Mortlock et al. 2011) and were successfully applied to define
complete samples in the VISTA Kilo-degree Infrared Galaxy
(VIKING Edge et al. 2013; Barnett et al. 2021) footprint.
Although effective, these methods depend on prior assumptions
about contaminant populations, which are poorly constrained at
faint magnitudes. More recently, machine-learning (ML) tech-
niques have been employed, providing probabilistic classifica-
tions of objects and much higher selection efficiencies (=15%,
Wenzl et al. 2021; Nanni et al. 2022; Yang et al. 2024; Kang
et al. 2025; Byrne et al. 2024). Nevertheless, a significant limi-
tation still exists: the paucity of training data. Only 11 (including
the latest discovery in Matsuoka et al. 2025) quasars with z >
7.0 are currently known. This scarcity can be alleviated by the
generation of synthetic datasets, either by parametrising quasar
properties and sampling from appropriate distributions (see e.g.
McGreer et al. 2021; Temple et al. 2021) or via generative ML
approaches. The latter approach offers the advantage of elimi-
nating the need for explicit modelling of quasar properties while
potentially capturing previously overlooked correlations.

We present an information maximising variational auto-
encoder (Info-VAE) trained to produce realistic quasar spectra.
These spectra can be post-processed to generate reliable and
accurate photometry, which in turn will be used to identify the
highest-redshift quasars in upcoming photometric surveys (e.g.
the Euclid Wide Survey, the Legacy Survey of Space and Time,
and the Roman Wide Survey). Such a model can be naturally
extended to several other applications: i) it can reconstruct the
quasar continuum in the Lyman-a forest, ii) it can extend quasar
spectra to bluer or redder wavelengths, iii) it can reconstruct
regions affected by telluric lines or by broad absorption lines
(BAL), and iv) ambitiously, it can reconstruct emission lines in
order to estimate the quasar black hole mass through single-
epoch virial estimators (an approach complementary to previous
works, e.g. Eilers et al. 2022, where the BH mass is directly
estimated).

The paper is organised as follows: Section 2 details our
approach to generating the training datasets and summarises the
most relevant information. Section 3.1 provides a general intro-
duction to VAEs, describes our implementation, and outlines our
strategy to optimise the hyperparameters. In Section 4 we exam-
ine the properties of the latent space and assess whether the
model has learnt relevant quasar physics. Section 5 presents var-
ious use cases for the Info-VAE, demonstrating its capabilities.
We compare our results with those from previous studies and
discuss the known limitations in Section 6, and we conclude in
Section 7. We adopted the following cosmological parameters:
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Fig. 1. Top panel: example of SDSS spectra at different redshifts
included in the GP dataset. Bottom panel: example of a spectrum from
the GNIRS-DQS survey, highlighting the extended coverage at redder
wavelengths. The spectral gaps are are due to telluric absorptions.

Q= 0.315, Qp = 0.685, and & = 0.674 (Planck Collaboration
VI 2020). All magnitudes are presented in the AB system (Oke
& Gunn 1983).

2. Training datasets

In this section, we describe the datasets we used to train the Info-
VAEs. We assembled three datasets and used them to train three
different models with the same network architecture. All datasets
were processed uniformly and differed only in terms of the min-
imum signal-to-noise ratio and wavelength coverage required.
Each dataset was used to train the corresponding VAE model
(see Sect. 3.2). In the following, we refer to these datasets and
the corresponding models as general purpose (GP), full overlap
blue (FOB), and full overlap red (FOR) datasets.

2.1. The general purpose dataset

We aim to train a ML model capable of several tasks: (i) gen-
erating realistic quasar spectra and photometry, (ii) inputting
a quasar spectrum to regions that were not originally cov-
ered by the SDSS spectrograph, (iii) reconstructing intermediate
regions of the quasar spectrum that are contaminated by BALs
or affected by instrumental and observational systematics, and
(iv) faithfully reconstructing selected emission lines and allow,
for example, computation of the quasar’s black hole mass.

To be able to perform these tasks, we require a model capable
of generating spectra that cover a large (rest-frame) wavelength
range. For the purpose of this paper, this is chosen to be between
980 A and 5500 A, to cover the entirety of the Lyman-g forest,
and UV and optical emission lines up to the H3—O [IIT] com-
plex. Unfortunately, no large spectroscopic survey provides data
that fully covers this range. However, it is possible to assem-
ble a dataset in which spectra at different redshifts contribute
to different portions of this wavelength space. In the case of the
SDSS, for example, low-z spectra cover the reddest wavelengths
we require, while higher-z spectra cover the bluest ones (Fig. 1).
In addition to this, it is possible to combine spectra of the same
object, collected with different facilities, to cover a larger wave-
length range. In order to assemble an optimal training set, we
started from the SDSS DR 16 quasar catalogue (Lyke et al. 2020,
hereafter DR16Q). We opted for a mature and well-studied sam-
ple, rather than more recent ones (e.g. the first data release from
the DESI Collaboration DESI Collaboration 2025). This allowed
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us to exploit ancillary data made available by the community (e.
g. Wu & Shen 2022), and complement and extend SDSS spectra
to redder wavelengths including publicly available near-infrared
data from the GNIRS-DQS survey (Matthews et al. 2021, 2023).
These spectra were independently re-reduced and used as drop-
in replacements for the corresponding SDSS spectra, resulting
in the replacement of ~100 of them. Additional details about the
data reduction will be presented in a forthcoming publication
(Yang et al., in prep.). As a first step, we collected all spectra that
satisfy simple quality cuts':

— 0.59 < Z_PIPE < 2.77 and ZWARNING = 0, to select reliable
redshifts and guarantee that, taken together, the spectra fully
cover the aforementioned wavelength range while allowing
a common overlap region between 2300-2600 A. Although
the wavelength range over which we require the overlap is
arbitrary, it is important to include at least an emission line-
free region to consistently normalise all inputs. We choose
the normalisation region to be between 2350 A and 2360 A
(rest-frame wavelength);

— BI_CIV < 0and BI_SiIV < 0, to remove quasars with the
most prominent BAL features;

— SN_MEDIAN_ALL? > 15 and M_I < -20, to only include spec-
tra of bright quasars with sufficient S/N to clearly detect
continuum, emission lines, and weaker BAL features. We
note that the combination of these two requirements implic-
itly biases the training sample towards the brightest SDSS
quasars at each given redshift.

This resulted in a parent sample that contains 20 007 quasars,
with a median redshift of 1.62 and absolute i-band magnitude
—26.82. Once collected, all the spectra that satisfied these sim-
ple cuts were further preprocessed and analysed to discard those
with artefacts, large interpolated regions, and weaker BALs
features that were not excluded by the balinicity index cut pre-
viously imposed. In particular, we further cleaned up the sample
by identifying and excluding spectra with at least fifteen con-
secutive interpolated pixels, without any flux density value in
the normalisation window, or for which the median S/N in the
normalisation window is lower than seven. Furthermore, we
excluded reddened spectra, spectra with broad absorption fea-
tures on the blue or red side of the Lyman-a and C 1V emission
lines via a custom automated pipeline, and spectra with fewer
than 100 valid pixels. We show examples of rejected spectra in
Fig. 2. The cleaning procedure excluded 1786 spectra, leaving
us with a dataset of 18 221 objects that we deemed usable for
training. For all these spectra, we:

— shifted them to the respective rest frame, by dividing the
wavelength axis and multiplying the quasar flux density by
(1 + Zquasar). We used Z_PIPE as the fiducial quasar redshift;

— corrected for the effect of the Milky Way’s dust extinction
by de-reddening each spectrum using the Gordon et al.
(2023) A(A) extinction curve (see also Gordon et al. 2009;
Fitzpatrick et al. 2019; Gordon et al. 2021; Decleir et al.
2022, for individual contributions to the model). We
assumed an average value R(V) = 3.1, as is commonly done
for the Milky Way (see e.g. Whittet & van Breda 1980;
Fitzpatrick & Massa 1999) and computed the E(B — V) at the
quasar coordinates (/, b)quasars based on the two dimensional
dust map from Chiang (2023);

I 'We indicate in typeface font the column names of the SDSS DR16Q
catalogue.

2 Defined, according to the SDSS documentation, as “Median S/N
value of all good spectroscopic pixels.”
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Fig. 2. Examples of rejected spectra, and the cause of rejection. The
black line shows the original SDSS spectrum, the red line shows the
nominal uncertainty, and the light grey line shows the zero-flux level.

— fitted a continuum to the quasar spectrum, following an
approach similar to that adopted in Bosman et al. (2021),
developed by Young et al. (1979); Carswell et al. (1982),
and first implemented in Dall’Aglio et al. (2008). Briefly,
the algorithm fits a spline over equally spaced nodes along
the quasar spectrum. During the fitting, individual pixels
are iteratively masked via asymmetric sigma-clipping.
Iterations are stopped, and convergence is reached, when
the standard deviation of the fluxes in the retained pixels is
less than the average observed noise. The fitted continuum
was used to further clean up the sample to remove weak
BALs and replace the Lyman forest of the spectrum with
unabsorbed flux (see below).

— normalised each spectrum by dividing the flux density by
the median flux density in a wavelength region between
2350-2360 A.

As a final step, we resampled all the spectra on a common wave-
length grid, from 980 A t0 5500 A, linearly spaced in velocity
space. We set the pixel size to 140 km s~'. For all high-z spec-
tra we replaced the Lyman-a forest with the fitted continuum,
smoothly joining the latter with the original spectrum around
1225 A. This step is necessary: for instance, to generate syn-
thetic photometry of quasars with z > 2.0, the suppression of the
flux blueward of the Lyman-a due to the intergalactic medium
should be computed on the basis of the unabsorbed continuum.

The sample used for training has a median redshift of 1.61
(1684 percentiles: 0.95-2.27, respectively) and median abso-
lute i-band magnitude of —26.79, (16-84" percentiles: —27.73 —
—25.47, respectively). We show a density plot with the distribu-
tion in the z-M; plane in Fig. 3, and a composite spectrum of all
quasars that meet the selection criteria in Fig. 4. We provide the
complete median composite of our training data in Table A.1.

In the same figure, we also plot the type-I quasar template
from Vanden Berk et al. (2001) with the solid red line (top panel)
and the type-I quasar template from Selsing et al. (2016) with
the solid purple line (middle panel). The median spectrum and
the templates agree very well redward of the Lyman-« emission
line; the continuum in the Lyman-« forest is instead higher in
our median spectrum, as a consequence of the grafting of the
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Fig. 3. Density plot showing the redshift-absolute i-band magnitude dis-
tribution for the spectra that meet the selection criteria. The colour map
shows the number of spectra in each contour line.
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Fig. 4. Median spectrum and logarithmic number of spectra contribut-
ing to the median in each pixel. Top panel: Median spectrum of the
quasars included in the training set (thick solid black line) compared to
the Vanden Berk et al. (2001) (thin solid red line). The shaded regions
represent the 1684 percentiles (dark grey) and the 1¥-99" percentile
(light grey). The vertical blue band represents the region in which we
computed the normalisation factor for each spectrum. Middle panel:
Same as the top panel, but for the Selsing et al. (2016) composite spec-
trum. Bottom panel: Logarithmic number of spectra contributing to
each pixel in the median spectrum. By construction, all spectra con-
tribute to the region between 2300-2600 A.

fitted continuum (see below). Around 5000 A, the Selsing et al.
(2016) template shows better agreement with the median input
spectrum, whereas emission lines are matched equally well. This
suggests that, even if the training sample is biased towards bright
quasars, it is not solely representative of the very bright end of
the population.
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Table 1. Summary of the most relevant information for each dataset.

Dataset  #sources Overlap range [10\] z M;
GP 18 221 2300-2600 1.61 -26.79
FOB 14 563 1175-2950 221 -26.36
FOR 12 568 2300-5500 0.70 -23.66

Notes. We list the total number of sources left after the full cleaning
process, the overlap range we required, and the median redshift and
absolute M; as given by the SDSS DR16Q.

2.2. The full overlap blue and full overlap red datasets

We followed the same approach as outlined in the previous sec-
tion to prepare these datasets. In both cases, we started from the
SDSS DR16Q, selected quasars that meet basic quality cuts, and
processed the sample. We lowered the S/N threshold to 5 and
required full coverage of the wavelengths 1175-2950 A (FOB)
and 2300-5500 A (FOR). Although suboptimal, lowering the
S/N threshold was needed because of the lower number of spec-
tra available, which turned out to be insufficient to train the VAE.
We summarise the most important information for the three
datasets in Table 1, including the total number of sources, the
overlap range we required, and the median redshift and absolute
i-band magnitude.

3. Design of the Info-VAE for QSO spectra

In the section we provide a general introduction to variational
auto-encoders, describe the architecture of QUEST, and the train-
ing strategy we adopt. We also outline the differences between
“classic” VAEs and Info-VAEs, of which QUEST is an example.

3.1. Variational auto-encoders

Variational Auto-Encoders (VAEs, Kingma & Welling 2013) are
unsupervised generative networks that map, in a probabilistic
manner, high-dimensional data to a lower-dimensional represen-
tation. This low-dimensional representation, with dimension D,
is generally referred to as a latent space and, by design, should
reflect the most meaningful properties of the data.

From an architecture point of view, a VAE is similar to
a standard auto-encoder (AE, Rumelhart & McClelland 1987)
and consists of two networks chained together: an encoder that
compresses the data and performs (non-)linear dimensionality
reduction, and a decoder that takes samples from the latent space
distributions and reconstructs them to the higher-dimensional
input representation. The key difference from an AE is in the
interpretation of the latent representation z of a given input x: in
a VAE, this is a probability distribution function p(z|x); in an AE,
it is instead a single point. In principle, this distribution could
assume any form. In practice, however, it is generally assumed
to be a multivariate Gaussian, that is p(z[x) ~ N(u, o), where u
and o are the output of the encoder and represent the means and
standard deviations of the Gaussian distributions describing each
latent space dimension. g and o are the key ingredients in build-
ing the latent space dimensions z; using the reparametrisation
trick: z = u + eo, with € ~ N(0, 1). Finally, the decoder takes the
latent space as input and returns a distribution of reconstructed
outputs x’.

In order to train the algorithm, one needs to define an objec-
tive function to minimise. In the standard VAE implementation,
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Fig. 5. Schematic representation of the model architecture, input, and output. The network receives as input the concatenation of an SDSS spectrum,
normalised by the median spectrum, and the coverage mask (top left panel). It then encodes the input to produce a latent space representation Z,
that is decoded to produce a new spectrum (top right panel). The new spectrum (shown in red) covers a wider wavelength range compared to the
corresponding input (shown in black) and is generally less noisy. The encoder and decoder are built as the reverse of each other by combining
several hidden layers, denoted in the schematic by HL followed by the corresponding output dimension. Each hidden layer is a combination of a
linear layer, followed by a BatchNorm1D layer, and the activation function (bottom left).

this is taken to be the evidence lower bound (ELBO). The ELBO
is the sum of two loss terms: a reconstruction and a regular-
isation loss. The former encourages the network to accurately
reconstruct the input data. The latter, on the other hand, encour-
ages the latent space to match the chosen distribution p(z|x)
as accurately as possible. In the case where p(z|x) is given by
independent unit Gaussians, the regularisation term also encour-
ages disentanglement (i.e. uncorrelated latent variables). The
standard formulation of the ELBO is

ELBO = Lyec(x, X/) + Lreg(p(zlx)v P(Z))

= Lee(%,X) + B KL(p(zIX), g(2)), M
with 8 = 1 and KL representing the Kullback-Leibler (KL
Kullback & Leibler 1951) divergence between the latent distri-
bution p and the prior g.

Several variations of this standard picture have been pro-
posed in order to address issues with the classic VAE imple-
mentation. Examples include 8-VAEs (Higgins et al. 2017, where
B # 1) and InfoVAEs (Zhao et al. 2017), which we employ here.
Two main reasons motivated the introduction of the InfoVAE:
on the one hand, the regularisation part of the loss function can
be too strong with respect to the reconstruction; on the other,
ELBO-based VAEs tend to overfit the data if the training dataset
is not sufficiently large. In practice, both issues result in a VAE
that does not learn a meaningful representation of the data either
because the algorithm simply produces ¢g(z) regardless of the
input or because it overfits the data without actually learning
the underlying distribution. An InfoVAE addresses this issue by
modifying the loss and including an additional term,

Linfovak =Leec(X, X') + (1 — @) KL(p(z[x), ¢(2)) @)
+(a + 1 - 1) MMD(p(z[x), 4(2)),
where MMD represents the Maximum Mean Discrepancy
(MMD, Gretton et al. 2012), computed between each latent
space dimension z and the prior g(z). This new loss addresses
both issues: on the one hand, the strength of the regularisa-
tion term can be lowered, tailored to specific applications, or
removed altogether. The additional regularisation term, based on

the MMD, encourages a better use of the latent space and has
been shown to be significantly less prone to overfitting (Zhao
et al. 2017).

3.2. Model architecture, training strategy, and
hyperparameters

A schematic representation of our InfoVAE architecture is shown
in Fig. 5. We employed a symmetric architecture, in which the
encoder and decoder mirror each other. The network receives
as input the concatenation of the preprocessed spectra (divided
by the median spectrum, as we found this to make the train-
ing more stable) and the respective coverage mask, added to
explicitly inform the network about the wavelength range cov-
ered by each spectrum, and whether a given pixel should be
ignored for any reason. The concatenation is passed through a
series of hidden blocks to produce two vectors, g and 0. Through
the reparametrisation trick, these are encoded in the latent space
Z and finally decoded to produce the reconstructed spectrum.
Each hidden block is constituted by a linear, fully connected
layer followed by batch normalisation and the activation func-
tion. We opted for the activation function proposed by Alsing
et al. (2020), which we found to outperform the widely used
LeakyReLu (Leaky Rectifier Linear unit, Maas 2013). The net-
work was implemented in PyTorch (version 2.7 Ansel et al. 2024)
and trained using the Adam optimiser (Kingma & Ba 2017).
The reconstruction loss is defined as the y? statistic between
the reconstructed and corresponding input spectra, computed
using the formal SDSS inverse variance. This has the advantage
of naturally taking into account the uncertainty in the training
data, which would otherwise be ignored. We followed the stan-
dard InfoVAE implementation for the regularisation term, but
set « = 0 in Eq. (2), following the recommendation of Zhao
et al. (2017). We identified the optimal A by hyperparameter
optimisation (Table 2).

To limit overfitting, at run-time, we randomly masked out
part of the spectra before feeding them as input to the encoder.
This mask was not considered when computing the reconstruc-
tion loss. This strategy is commonly employed in denoising AEs
to encourage the model to learn intrinsic and robust properties
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Fig. 6. Sampled spectra from the GP model compared to the input spectra. In both panels, the solid and dashed black lines indicate the median,
16", and 84" percentile of the input data respectively. The solid grey line represents the median spectrum of 10 000 realisations sampled from
the VAE, while the shaded area encompasses the 16" and 84" percentile of the same sampled data. The model is able to accurately reproduce the
median and the variance of the input spectra. We note that all spectra are normalised using the flux between 2350 A and 2360 A as reference. The
comparison between median sampled spectrum and median input for the FOR and FOB models is shown in Fig. B.1.

Table 2. Parameters optimised as part of the grid search.

Parameter Searched interval Type A
# of latents 4-12 Linear 1
A 1075-10 Log. 10
Loss RMSE or x? - -
Act. func.  LeakyReLu or Alsing et al. (2020) - -

Notes. For each parameter, we list the lower and upper bound, the step
size, and, when appropriate, whether we used a linear or logarithmic
grid.

Table 3. Parameters used to train the best model after the optimisation
procedure.

Model # of latents A Loss Act. func.
GP 11 01 x>  Alsingetal. (2020)
FOR 9 1075 2 Alsing et al. (2020)
FOB 9 1074 y?  Alsing et al. (2020)

of the population. We used a batch size of 128 and trained the
network for 5000 epochs, but implemented an early stopping
strategy to interrupt the process if the validation loss did not
improve for more than 200 consecutive epochs. The training and
validation losses for the GP network are shown in Fig. 7, as a
function of the latent dimension. It is evident that employing
a number of latent dimensions larger than ten does not improve
the validation loss. We used this to limit the grid of parameters
we searched in the optimisation step. To optimise the hyperpa-
rameters of the network, we selected a limited subset of them,
listed in Table 2, and performed a systematic grid search. We did
not vary all possible parameters and did not change the architec-
ture in order to keep the run-time of test runs manageable. We
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Fig. 7. Training and validation losses for the GP network as a function
of the number of latent dimension.

selected the best network as the one that provided the best recon-
struction. We adopted the same architecture, and optimised the
hyperparameters in the same way, for all training sets.

The output of the “best” model for the GP dataset is shown
in Fig. 6 (and the equivalent for the FOR and FOB datasets
in Fig. B.1). The parameters used to train the best model are
listed in Table 3. Here, we sample spectra from the InfoVAE
and compare them with the input data. In particular, we show
with the solid black line the median input spectrum and with the
solid grey line the median sampled spectrum. The dashed black
line encloses the 16"—84™ percentile of the input data, whereas
the grey-shaded area the 16184 percentile of the sampled
spectra. All models show excellent agreement with the input
data in terms of median spectrum and variance. The emission
lines are faithfully reproduced, as is the quasar continuum. The
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variance is reduced to almost zero at ~2350 A: this is expected,
as it is the window in which we normalise the spectra.

4. Latent space exploration

After training each model, we explored the properties of the
latent space to understand whether the latent dimensions reflect
a particular (or a combination of) quasar physical properties.
We employed exploratory and well-established methods, and
we focused our analysis on the GP model. We first explored
the latent space variations through visual inspection, varying
one latent space dimension at a time while keeping the others
constant. We then decoded each mock latent space representa-
tion and observed the effect of each latent on the reconstructed
spectrum. Secondly, we applied an unsupervised dimensional-
ity reduction algorithm (Uniform Manifold Approximation and
Projection for Dimension Reduction, hereafter UMAP, McInnes
et al. 2018) to the latent space, projecting it onto a two-
dimensional embedding. We then colour-coded the representa-
tion and looked for trends and clusters. Finally, we computed
the Mutual Information (MI Shannon 1948) between each latent
space dimension and selected physical properties of the SDSS
quasars derived in Wu & Shen (2022). To do so, we employed
GMM-MI (Piras et al. 2023), a Gaussian mixture model estimator
for ML

4.1. Latent space variations

We initially adopted an exploratory approach to investigate
whether our latent space correlates with any physical quasar
property. We started by encoding the full training dataset and
obtained its latent space representation. By exploiting the fact
that our latent dimensions are approximately Gaussian (or,
equivalently, that the mean and median of each dimension are
approximately zero, see Fig. C.1), we generated a “baseline”
latent space, where each sample is represented by a vector of
zeros. We expect this latent space to be close to the median
quasar spectrum used to train the model (Fig. 4). From this
“baseline” latent space, we varied each latent space dimension
between the respective first and 99" percentiles while keeping
the other dimensions fixed at zero. We then decoded the mock
latent space and plotted the resulting spectra. The results, for the
five latent space dimensions that produce the largest variation,
are shown in Fig. 8; the remaining are presented in Fig. D.1.
However, we emphasise that unlike methods such as Princi-
pal Component Analysis (PCA), the cardinality of the latent
dimensions does not correlate with the amount of available infor-
mation: for example, LD1 does not necessarily contain more
information than the other latent dimensions. Moreover, each
dimension does not capture a single spectral feature, but rather
a combination of several. For example, there is a clear correla-
tion with emission line strength (LD2, LD8, LD10, and to some
extent LDS5), the continuum slope (LD11), or the Fell emis-
sion complex and pseudo-continuum (LD2, LD5). Emission line
variations are not uniform, with some latent dimensions more
evidently affecting rest frame UV or optical lines: for example,
in LD10 there are significant changes in CIV and Mg 11, which
are not reflected in the H-g line.

4.2. UMAP dimensionality reduction of the latent space

A more robust approach to interpreting the latent space of a VAE
is to further reduce its dimensionality through dimensionality

A Variations

Baseline

Latent dim. 8

Latent dim. 10

Latent dim. 11

Flux density [A.U.]

Latent dim. 2

Latent dim. 5

1 1 . 1 1 1
1000 1500 3000 4000 5000

Rest-frame wavelength [A]

Fig. 8. Decoded spectra obtained from a mock latent space, where we
varied a single latent dimension (indicated in the top right corner) while
keeping the others constant. In order to better visualise the results we
use a different scale for the blue and red side of the decoded spectra;
the two, however, smoothly join. We show in this figure the five latent
space dimensions that produce the largest variations and in Fig. D.1 all
the latent dimensions.

reduction algorithms, such as UMAP. UMAP is an unsuper-
vised and non-linear dimensionality reduction algorithm that
attempts to learn the manifold structure of the data it is applied
on. It produces a low-dimensional embedding that preserves the
essential topological structure of that manifold (McInnes et al.
2018). Intuitively, UMAP first creates a topologically equivalent,
high-dimensional representation of the data, then optimises a
low-dimensional equivalent to match it, using cross-entropy as
a measure of similarity. UMAP uses randomness in computing
the embedding: as a consequence, the distance between clusters
or the absolute values associated with each embedding point are
meaningless and not deterministic. Instead, the focus should be
on the resulting clusters, which reflect actual patterns in the data.

We started from the same latent space representation
obtained in the previous step and preprocessed it to scale all
dimensions using a RobustScaler from scikit-learn. We
then fitted a UMAP model to the scaled latent space represen-
tation and obtained a two-dimensional embedding of our Z. We
kept all UMAP parameters at their default values, with the excep-
tion of n_neighbors (set to 15) and mid_dist (set to 0.01). We
determined these values through trial and error: the embedding
results did not significantly depend on the choice of hyperparam-
eters as long as n_neighbors was not too large (>50). Finally,
for visualisation purposes and qualitative analysis, we applied
a clustering algorithm (HDBScan, Mclnnes et al. 2017) to auto-
matically identify clusters in the UMAP embedding. We show
the results in Fig. 9. The UMAP embedding features a smooth
and large cluster (“main”, orange), two small clusters (blue and
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Fig. 9. Two-dimensional UMAP embedding of the VAE latent space for
the GP model. Top panel: Clusters identified in the embedding, high-
lighted using different colours (orange, green, and red). Outliers (i.e.
points that are not associated with any cluster) are shown in purple. For
visualisation purposes, the bottom panel shows the median SDSS input
spectrum for objects in each cluster, with matching colour-coding.

green), and an extended tail (red). This reflects the homogene-
ity of the training set, designed to be as clean as possible of
reddened spectra, spectra with BALs, and artefacts. As shown
by each median spectrum in the bottom panel of Fig. 9, spectra
belonging to the “main” cluster are the closest to typical type-
I quasars. Spectra belonging to the red “tail” are redder than
the typical quasar and exclusively at low-z, whereas those in
the blue cluster appear bluer than the average. Finally, spectra
belonging to the green clusters lack most of the typical quasar
emission lines. This could indicate that the VAE has learnt to
recognise blazars, spectra misclassified as quasars, or spectra
with an incorrect redshift. We visually inspected each of them
(twenty in total), noting that 75% do not show prominent emis-
sion lines, while the remaining ones had not been assigned the
correct redshift. These objects show the power of the VAE as a
tool for identifying outliers and errors in large catalogues. They
will be removed in the future from all datasets.

Furthermore, we plot the resulting UMAP embedding and
colour-code each point according to selected quasar proper-
ties derived in Wu & Shen (2022). The results are shown in
Figure 10. The S/N and the galactic reddening are not corre-
lated with the UMAP embedding: this implies that the model
did not learn the noise pattern of the SDSS spectra and that
the de-reddening applied during the preprocessing successfully
removed the effect of galactic extinction. Instead, there is a
strong gradient in redshift and absolute i-band magnitude. This
trend can be attributed either to the addition of the coverage
mask as input to the model, or to selection effects inherited
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Fig. 10. UMAP embedding colour-coded by redshift, absolute i-band
magnitude, S/N, galactic extinction, logarithm of the Eddington ratio,
and continuum slope (top to bottom, left to right).

from the training set (that is, a combination of selection effects
from the SDSS survey, combined with the S/N requirement we
impose (Fig. 3), or to a combination of the two. We colour-code
the last panel by the logarithm of the Eddington ratio, to check
whether the model has learnt a physically meaningful quantity.
The result hints towards a positive answer, as it is possible to
identify regions of the embedding where quasars with high or
low Eddington ratios are grouped together.

Finally, we investigated how the reconstruction changes as a
function of the coordinate in the UMAP embedding. To do so,
we employed the inverse_transform method implemented in
UMAP and followed the bolometric luminosity trend as illus-
trated in Fig. 11. We arbitrarily placed 13 points (coloured
circles, left panel) following the change in bolometric luminos-
ity. We then obtained the corresponding points in the latent
space by applying the inverse UMAP transformation, decoded
them into spectra, and plotted them stacked on top of each other
(right panel). Several interesting trends appear. It is immedi-
ately noticeable that sampling from the region with the highest
bolometric luminosity produces quasars with the weakest emis-
sion lines: this indicates that the VAE has learnt the Baldwin
effect (Baldwin 1977). In addition, quasars with higher bolo-
metric luminosity produce broader lines: this is consistent with
our expectations of them having larger black hole masses. Fur-
thermore, we checked whether the peak of the most prominent
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Fig. 11. UMAP representation colour-coded as
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selected quasar properties, again obtained from Wu & Shen
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(2022). The MI is a measure of the mutual dependence between Hp EW
two random variables X and Y. It captures linear and non-linear Edd. ratio 0.03 007 0.06 014 0.0l 0 0.03 001 0.04
correlation between X and Y and is defined in terms of the
Kullback-Leibler divergence Dy, [ | | |
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MI(X;Y) := Dkr (Px.v)llPx ® Py), 3

with (X, Y) being a pair of random variables defined over a space
X X Y, Py their joint distribution and Py, Py their marginal
distributions, and ® denoting the outer product between the two
marginal distributions. MI is, by definition, non-negative and
equal to zero only when X and Y are completely independent.
If X and Y are continuous random variables, then MI can be
written as

) (%, !/)) dy. @

Mlgon ‘f f Pan(x, "’)ln(Px( e

with Py y) representing the joint probability density function of
X and Y, and Py and Py the respective marginal probability
density functions. MI is expressed in “nat” (natural unit of infor-
mation) when taking the natural logarithm of the ratio, as is in
Eq. (4). Several methods have been proposed to compute the MI
between two random variables, including histograms and Gaus-
sian mixture models. We used the publicly available GMM-MI
Python package (Piras et al. 2023), which estimates the prob-
ability density functions using Gaussian mixture models, and
has the added benefit of providing uncertainties through boot-
strap resampling. The algorithm was designed and applied in the
past to interpret the latent space of deep learning models (Lucie-
Smith et al. 2024; Lucie-Smith et al. 2024). A detailed discussion

Fig. 12. Mutual information between all the latent dimensions of the GP
model and the ten most correlated variables.

of GMM-MI is beyond the scope of this paper, and we refer to Piras
et al. (2023) for a thorough description.

We present the results of mutual information analysis in
Fig. 12, where we show the ten most correlated properties and
the corresponding mutual information values for each latent
dimension (with the exception of LD3 and LD9, excluded due
to their minimal correlations). As discussed in Sect. 4.1, most
latent dimensions correlate with several variables. LDS, in par-
ticular, strongly correlates with bolometric luminosity, BH mass,
continuum luminosity, and M;. As noted in Sect. 4.2, these cor-
relations probably originate from the selection function of the
training dataset. LD2, on the other hand, correlates with emis-
sion line properties, as do LD1 and LD6. Most dimensions also
show a significant correlation with redshift and with the contin-
uum slope, particularly LD11, consistent with our findings from
Figs. 8 and 10.

5. Applications

In this section, we show the capabilities of the trained VAE
models to perform a variety of tasks, from generating quasar
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photometry to reconstructing quasar emission lines in order
to compute their black hole masses. In all cases, we will use
the “best” model trained on a specific dataset, where “best” is
defined as in Sect. 3.2.

5.1. Generation of synthetic quasar photometry

The most straightforward application of the GP model (and
the initial goal that motivated the development of this Info-
VAE) is the generation of quasar photometry, given a redshift
range [Zmin, Zmax] and a reference absolute magnitude range
[M 1450 min> M1450,max]. For this application, the GP model is opti-
mal, featuring the largest wavelength coverage, thus allowing the
most flexibility in generating photometry in different filters.

We started by sampling the latent space and generating
synthetic quasar spectra. They cover the rest-UV and optical
wavelength range from 980 A to 5500 A. We did not bias the
sampling towards any quasar spectral property besides those that
originate from the training set. Because of this, the sampling
naturally reflects the diversity in spectral shapes of the (bright)
SDSS quasars included in the training sample, without the need
to explicitly model them. Although realistic in terms of spectral
shape, the examples generated by the VAE are scaled to arbitrary
units and at redshift z = 0: as such, they need to be preprocessed
before being suitable for the generation of photometric data.

We first defined a reference redshift [z,,in, Zmax] and absolute
magnitude [M 450, min, M1450,max] interval, together with the num-
ber of quasars to generate. Given these priors, we sampled the
7—M 1450 space and produced tuples (z;, Mi4s0,). The sampling
can be either uniform, according to a user-defined quasar lumi-
nosity function, or based on an empirical distribution estimated
from user-provided data. We then smoothly joined the Lusso
et al. (2015, Table 1 in the paper) quasar template with the gen-
erated spectra. First, we defined an overlap range of 980A and
1020A. Then, we rescaled the Lusso et al. (2015) template so
that it matched the quasar pseudo-flux in this wavelength win-
dow. Finally, we smoothly joined the template and the sampled
spectrum.

We then associated to each z;, Mj4s50; pair a quasar spec-
trum. Each spectrum is shifted to the assigned redshift by
multiplying the wavelength axis by (1 + z;), and scaled to the
respective Myyso by first computing the apparent magnitude
Miaso; = Miaso; + DistMod + Koy, where DistMod represents
the distance modulus computed using the standard Planck Col-
laboration VI (2020) cosmology and Kcor = 2.5log;o(1 + z;).
We reddened each spectrum using the same reddening model
employed during the generation of each training dataset (Gor-
don et al. 2023, see Sect. 2.1)). To do so, we generated galactic
coordinates (/, b) by uniformly sampling / between 0° and 360°,
and b between -90° and +90°, ensuring |b| > 15° for consistency
with the training dataset. Finally, we used SimQSO (McGreer
et al. 2021) to generate random realisations of IGM absorption
spectra. We multiplied these by each sampled quasar spectrum to
simulate the effect of the Lyman forest and depress the flux blue-
wards of the Lyman-« emission line. This completeed the pre-
processing steps. To estimate photometry from the spectra, we
used SpecLite (Kirkby et al. 2024). SpecLite convolves each
spectrum with the appropriate filter response curve to obtain AB
magnitudes. These AB magnitudes are uncertainty-free and do
not take into account the photometric depth of the survey. To
account for this, we perturbed the photometry under the assump-
tion that, for each photometric band b and apparent magnitude
bin Am, the original survey error distribution is approximately
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Fig. 13. SDSS and UKIDSS colours as a function of redshift for the
SDSS quasar and our synthetic photometry. The model faithfully repro-
duces the SDSS median colour at all redshifts, with the exception of the
u—g colour, where the absorption from the IGM and the interpolation
over the Lyman forest significantly affects the u band. The same hap-
pens for UKIDSS colours, albeit with a narrower spread.

Gaussian. We verified this approximation to be reasonable and
estimated the error function o (Am) (that is, the typical uncer-
tainty as a function of apparent magnitude). Then, for each
apparent magnitude m, we assigned an uncertainty o using the
error function and sampled a new perturbed magnitude m, from
a Gaussian N(m, o). These m,s, together with the associated
uncertainties, represent the final product of the algorithm.

As a first sanity check, we compared our synthetic photome-
try against the SDSS DR16Q quasar photometry. We computed
the error function as outlined in the previous section, by selecting
SDSS point sources. We generated the redshift-absolute mag-
nitude grid by sampling the corresponding distributions of the
SDSS DR16Q catalogue®. The results are shown in Fig. 13,
where, as a function of redshift, we show the median flux ratio
from the entire SDSS DR16Q with the dashed dark red line
and with the solid black line the median synthetic photometry.
The red (blue) shaded area represents the 16" and 84" per-
centile range for the entire SDSS DR16Q (for the quasar part
of the training dataset). We show the same quantities for the syn-
thetic photometry using the dashed, black lines. In addition to
the ugriz SDSS photometry, we also include the UKIRT Infrared
Deep Sky Survey (UKIDDS) Y, J, H, and K data. Our generated
spectra do not fully cover the H and K bands at redshift z < 3,
and as such we do not include the photometry of Fig. 13. The
median SDSS, UKIDSS, and synthetic photometry agree well
in most cases, with some minor differences in the u—g colour.
This could be attributed to different factors: on the one hand,
our reconstruction of the unabsorbed continuum blueward of the

3 The SDSS DR16Q provides the absolute i-band magnitude, which we
used in place of the Mysp.



Guarneri, F., et al.: A&A, 709, A241 (2026)

5.7 Synth.
—— Synth.

Fan+2023

0.7 -
5.7

25
0.7 -
1.25 -

)

—0.10 |-

0.9

—04

0.75 |-

—0.25 -

035 F g isped
re

: Y T 4 o
B i Y T4 "L P I
S P Y

..

—0.60 [ | I 1 | I I |

5.0 5.5 6.0 6.5 7.0 7.5 8.0
Redshift

K-WyH-K J-H y-1J

Fig. 14. Same as Fig. 13, but for the high-z sample from (Fan et al.
2023). In this case, we represent the photometry from the real quasars
with scatter points instead of presenting the 16"-84™ percentile range
due to the low number of high redshift quasars.

Lyman-a forest could be imperfect; on the other hand, the IGM
model we employ (McGreer et al. 2021) is not fully representa-
tive of the IGM at these redshifts. Moreover, in the case of the
UKIDSS bands, the spread in quasar colours does not match the
SDSS data. This is likely a consequence of the censored training
dataset that we are using and it is evident from the blue shaded
area, which shows a consistently narrower spread in the train-
ing quasar colours. The narrower spread we observe reflects a
bias towards the brightest quasars at each given redshift (see
Sect. 2.1) and also the presence of non-type-I quasars in the
DR16Q catalogue.

In addition, to confirm that the model provides accurate
photometry also in the highest-redshift regime, we compare the
synthetic photometry with that of the z > 5.3 quasar catalogue
provided by (Fan et al. 2023). We crossmatched the catalogue
against the Panoramic Survey Telescope and Rapid Response
System survey (PanSTARRS Chambers et al. 2016), the UKIRT
Infrared Deep Sky Survey (UKIDSS Lawrence et al. 2007),
the VISTA Kilo-Degree Infrared Galaxy survey (VIKING
Edge et al. 2013) and the Vista Hemisphere Survey (VHS DRS5
McMahon et al. 2013) using a 0.5 arcsecond radius. The results
are shown in Fig. 14: as in the lower redshift regime, the model
faithfully reproduces the quasar colours.

5.2. Reconstruction of spectra with BAL features

A second application for the model is the reconstruction of BAL
absorption features in quasar spectra. Existing methods (see e.g.
Rankine et al. 2020; Choi et al. 2022) use PCA or mean-field
independent component analysis (MFICA) to reconstruct the
unabsorbed quasar continuum, with reported accuracies of up
to 93% (Rankine et al. 2020). Qualitatively, we expected QUEST
to be capable of interpolating over the absorption features and
produce a faithful reconstruction of the underlying continuum.
However, because it has not been optimised for this task, we did
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Fig. 15. Example of a spectrum with an acceptable reconstruction (top
panel), a spectrum for which the model underestimates the Lyman-a and
N v complex (middle panel), and a spectrum for which instead the rest-
frame UV and optical emission lines are not well reproduced (bottom
panel). We show in black the input spectrum, in red the reconstruction,
and with the shaded grey areas the masked out regions. We show the
remaining spectra in Fig. F.1.

not expect it to match the performance of other methods opti-
mised for this problem. We employed the FOB model to carry
out this test and we proceeded as follows: starting from the 12
data release of the SDSS quasar catalogue Paris et al. (2017),
we downloaded the BAL quasar subset*. Then, we selected the
quasars that satisfy the wavelength coverage conditions used to
generate the FOB dataset. This is not necessary, as the model
is capable of extending the spectra to bluer or redder wave-
lengths, but it provides a well-defined dataset of nine objects. In
addition, it represents a “best-case” scenario, where the model
has access to spectra covering the full wavelength range. We
visually inspected the spectra, manually masked the absorption
systems, and fed the masked spectra to the model for recon-
struction. Qualitatively, the model reconstructs the unabsorbed
continuum to a good degree of accuracy, interpolating over the
absorption features, and returning an unabsorbed continuum that
closely matches the input spectra in most of the cases. However,
the model struggles to reconstruct the emission lines, in partic-
ular the Lyman-a, which appears to be often underestimated in
the reconstruction. Moreover, most of the spectra available for
the reconstruction appear to feature blue-shifted components and
asymmetric emission lines that the model struggles to reproduce
faithfully (see e.g. the middle panel in Fig. 15). This is hardly
surprising, as it is trained on a “clean” dataset, devoid of spectra
with similar features. Finally, in some cases, the model under-
estimates the unabsorbed continuum (see again e.g. the middle
panel in Fig. 15). The reason for this is currently unclear, but a
detailed exploration is beyond the scope of this paper.

5.3. Black hole mass from reconstructed emission lines

In addition to BAL quasar reconstruction, we further explored
the imputation capabilities of the VAE (and, in particular, of
the FOR model) and used it to reconstruct the Mg 11 and H-8
emission lines of selected SDSS quasars. To validate the recon-
struction, we then fitted the reconstructed spectra and computed
the black hole mass using well established single epoch virial
estimators. We finally compared the estimates with each other

4 Retrieved from https://data.sdss.org/sas/dr12/boss/qso/
DR12Q/DR12Q_BAL. fits
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Fig. 16. Logarithmic difference between the BH mass estimated from
the reconstructed spectra and the original SDSS data. In all cases, the
BH mass estimates are consistent and do not appear to depend on the
emission line used.

and with the same estimate obtained by fitting the original SDSS
spectra following the approach presented in Wu & Shen (2022).

In order to ensure that the test is as unbiased as possible,
we only considered legacy SDSS quasars, not included in the
training set. These represent the most similar but independent
dataset to the spectra we used to train the algorithm. We pre-
pared a dataset containing these spectra using the same approach
outlined in Sect. 2.1. In addition, we tested different scenarios:
before feeding the spectra to the VAE to reconstruct them, we
either did not mask any emission line, masked only the Mg I1
or the H-B emission line, or both. This served as an additional
test to check whether the model utilises information from either
emission lines to compensate for the lack of the other, or if
continuum information are sufficient. To be consistent with the
results presented in Wu & Shen (2022) and allow a direct com-
parison, we followed the same procedure and used the same
input files described in their work. We present here a brief sum-
mary of the most significant steps and refer to the original paper
for additional details. All spectra were automatically modelled
using PyQSOFit (Guo et al. 2018; Shen et al. 2019). The model
includes a continuum (modelled as a power law with the addi-
tion of a third-order polynomial), optical and UV Fe IT emission
using empirical templates (Boroson & Green 1992; Vestergaard
& Wilkes 2001; Tsuzuki et al. 2006; Salviander et al. 2007),
and emission lines, modelled as a combination of Gaussian pro-
files. For the sake of consistency and only in the case of the
reconstructed spectra, we limited the fitting range to the regions
originally covered by the SDSS spectra, ignoring everything
else. The results are shown in Fig. 16, where we plot the log-
arithmic difference between the BH masses computed from the
reconstructed and SDSS spectra. On average, the estimates of the
BH masses are broadly consistent: in all cases, the median dif-
ference is close to zero. Consistently with our expectations, the
best results are obtained when there is no line masking, the worst
when both lines are masked out, and intermediate when only
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one emission line is present. This hints towards the fact that the
model uses information from one emission line to reconstruct the
other. It is also interesting that, especially in the case where both
lines are masked, the distribution becomes more asymmetric.
The larger, negative tail indicates that the BH masses computed
from the reconstructed spectra tend to be underestimated com-
pared to those derived using the SDSS spectra. This can be
understood if, for example, the model struggles to reproduce the
broad components of the emission lines.

5.4. Reconstruction of the Lyman-a forest and the Lyman-«
emission line

Finally, we tested how well the model reconstructs the Lyman-
a forest and the blue side of the Lyman-a emission line. We
stress that, contrary to the other methods we compare against in
this section, QUEST was not optimised for this task. However,
as shown in the following, the model already performs com-
petitively. We choose the GP model because it fully covers the
required rest-frame wavelength range.

The key idea is to reconstruct the unabsorbed quasar con-
tinuum blueward of the Lyman-a emission line (1026-1210 A)
using the unabsorbed quasar continuum redward of it (1260—
2000 A). The reconstruction should be accurate and unbiased:
both requirements are crucially important. This enables several
scientific cases: it allows one to chronicle the end of reionisation
(see e.g. Bosman et al. 2022) and its global timeline (Hennawi
et al. 2025; Durov&ikovi et al. 2024), to measure the tempera-
ture of the IGM (Etezad-Razavi et al. 2026), or to determine the
size of quasar proximity zones, and to constrain quasar lifetimes
(Onorato et al. 2026; Rojas-Ruiz et al. 2025).

In order to estimate the performance of a method, one has to
choose metrics and a test set. We followed Bosman et al. (2021)
and used the same dataset used to train the model, where the
“true” unabsorbed continuum is estimated using Dall’Aglio et al.
(2008) (Sect. 2.1). We then compared the reconstruction pro-
vided by QUEST with the SDSS spectra. The fractional difference
with respect to the truth (bias) and 16'"-84" percentiles range
(scatter) were used as a comparison metric with other methods.
We started by selecting all the quasars in the GP datasets that
cover 10262000 A. Effectively, this is equivalent to restricting
the comparison to the 781 quasars with Z_PIPE >2.55. For each
of them, we masked out the region outside 1260-2000 A, fed the
spectra to the VAE, reconstructed them, and compared the recon-
structions with the unabsorbed continuum. The results are shown
in Fig. 17, where we plot the median bias with the solid blue
line and the 16"-84™ (2.5"—97.5™) percentiles the grey (light
grey) shaded regions. The reconstruction provided by QUEST
overestimates the true continuum (with the overestimation being
between 2% and 5%, and a median of 2.8%). The 1o scatter
is around 10% (+0.109/-0.092), whereas the 20" scatter is much
larger (0.301/-0.194) and strongly asymmetric (that is, the model
tends to overestimate the unabsorbed continuum). Compared to
the results presented in Bosman et al. (2021), QUEST performs
similarly to Neighbours, outperforming Power-Law and PCA-
Pdris-10 but being outperformed by PCANN-QSANNdRA and
PCA-Davies-nominal.

6. Discussion

Machine-learning models are becoming increasingly common in
extragalactic astronomy and in the study and search for quasars
and AGNs. Among others, ML models have been deployed to
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Fig. 17. Bias as a function of the rest-frame wavelength in reconstructing
the unabsorbed quasar continuum.

select quasars from large photometric catalogues (e.g. Byrne
et al. 2024; Fu et al. 2025), classify optical spectra and estimate
their redshift (e.g. Busca & Balland 2018; Moradi et al. 2024),
identify outliers and peculiar sources (Tiwari & Vivek 2025),
reconstruct the unabsorbed continuum leftward of the Lyman-a
emission line (Pistis et al. 2025; Hahn et al. 2025), or directly
estimate the quasar’s black hole mass (He et al. 2022; Eilers
et al. 2022). Although many of the models mentioned above
are tailored to specific tasks, the one presented here can address
multiple problems effectively. Nevertheless, it is instructive to
compare the spectra it generates with those produced by previ-
ous works and to point out the limitations that we are aware of:
these will be addressed in future works.

6.1. Comparison with available quasar models

We considered the models published in Temple et al. (2021,
gsogen) and McGreer et al. (2021, SimQSO) and qualitatively
compared their median sampled spectra with our own. We show
in the left two panels of Fig. 18 our median sampled spectrum
in black, the 16"-84'" percentile range with a grey shaded band,
and three different realisations of quasar spectra from qsogen, at
three different redshifts: z = 0, 1.5, 3.0. The choice of redshifts
for the QSOGen spectra is somewhat arbitrary but includes a
regime where the contribution of the host galaxy is expected to
be significant (z = 0, purple), one that is comparable to the mean
redshift of our training data (z = 1.5, green), and one that is
slightly above the maximum redshift encompassed by our train-
ing set (z = 3.0, red). We do not change any parameter from the
default ones, with the exception of turning off the absorption
of the IGM. This also enables us to compare our reconstruction
of the Lyman forest with a completely independent approach.
In general, there is a very good agreement between the gsogen
models and our own median spectra, especially at z = 1.5,3.0. At
these redshifts, the most striking difference is a slightly steeper
continuum slope, especially evident at longer wavelengths, and
somewhat broader rest-frame UV emission lines. The latter is
likely a consequence of the averaging over several thousands of
realisations to produce the median spectrum, combined with the
averaging across the training set performed by the model itself.
In addition, it is interesting to note that bluewards of the Lyman-
a emission line the spectra generated using gsogen are relatively
flat, whereas the median spectrum of our model displays sev-
eral features. We regard them as real, indicative of the variety
of emission features that contribute to the unabsorbed quasar
continuum (see e.g. Bosman et al. 2021, for a list of the most

relevant emission lines in this wavelength range). The differ-
ence can be attributed to the approach adopted in Temple et al.
(2021), where the continuum between 970 A and 1050 A is sim-
ply extrapolated from its value at 1050A in order to reproduce
the observed photometric trends, rather than to faithfully trace
the average quasar’s spectral properties. Additionally, the Temple
et al. (2021) spectrum features a much narrower Lyman-3+O VI
complex, with the O VI emission line almost absent; in con-
trast, our median spectrum appears to capture this feature better,
showing a broader line that peaks at an intermediate wavelength
between the two emission lines. This correctly reflects theoreti-
cal expectations, where the Lyman-8 emission line preferentially
decays to Lyman-a by emitting an Ha photon instead of directly
decaying to the ground state.

On the other hand, the gsogen model generated at z = 0
exhibits significant differences with respect to the median
sampled spectrum. The emission lines are stronger, and the
spectrum appears redder: both effects can be explained by
considering the selection effect in the SDSS catalogue, on
which the Temple et al. (2021) calibrates their model. Indeed,
low-z quasars have, on average, lower intrinsic luminosity than
their higher redshift counterparts. Due to the Baldwin effect, this
leads to stronger emission lines. In addition, the contribution of
the host galaxy becomes more significant, enhancing the flux at
longer wavelengths, and producing redder spectra.

Comparing against SimQSO (Fig. 18, right panels) is not
straightforward, as SimQSO allow significant customisation to
all spectral components. For the purpose of this comparison,
we employ the same parameters as previously used in Schindler
et al. (2023). Overall, we find very good agreement between the
two models, with the most notable exception being the Lyman-
a emission line, which appears to be stronger in our sampled
composite. However, it is worth emphasising that the model we
presented here is completely data-driven and did not require any
tweaking: through training, the Info-VAE learnt to appropriately
reproduce quasar spectra features without the need to introduce
ad hoc, tunable parameters.

6.2. Limitation of the model

Despite its flexibility and capabilities, the model has some
limitations that we aim to address in the future.

— Limited training set: the training set we used to train the
model is, by design, limited to typical, bright SDSS type-I
quasars. Since the publication of the SDSS DR16Q cata-
logue, major quasar catalogues have been released, including
DESI DR1 (DESI Collaboration 2025) and the nineteenth
SDSS data release itself. DESI spectra could prove espe-
cially useful in improving the training set, as they would
allow the inclusion of fainter targets and thus the sampling
of a larger parameter space. Additionally, value-added cata-
logues, such as Wu & Shen (2022), would allow improved
quasar redshifts compared to Z_PIPE. We plan to address
these points in the next iteration of QUEST. Finally, one could
produce dedicated training sets to generate large samples of
quasar spectra of under-represented populations.

— Wavelength coverage: a second, significant, limitation of the
model is the limited wavelength coverage of the spectra we
train the VAE on. This implies that spectra in the highest-
redshift bins will contribute mainly to the bluest portion of
the wavelength grid, whereas the spectra at low redshift will
contribute to the reddest wavelengths. Because of this, we
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Fig. 18. Median spectrum, computed from 50 000 realisations sampled from our model and synthetic spectra from Temple et al. (2021, left panels)
or McGreer et al. (2021, right panels). In all plots, the solid black line represents the median spectrum from this work with the corresponding 16"~
84" percentile range. In the two left panels, the coloured lines represent realisations of the default gsogen model at different redshifts, whereas in
the right panels we show the median SimQSO spectrum with tweaked emission line strength (from Schindler et al. 2023) in red.

are sceptical that the model fully captures the physical cor-
relations between the rest-frame UV and optical properties.
In this context, including NIR from FEuclid (covering the
wavelength range 1.21-1.89 um, albeit with low spectral res-
olution of R ~ 450, Euclid Collaboration 2023) could lead
to significant improvements.

Model architecture and input format: recent advances in ML
could be incorporated in the model architecture. Several
works have attempted to introduce convolutional and atten-
tion layers in AEs and VAEs, obtaining good performance
and interpretable results (see e.g. Melchior et al. 2023): test-
ing the effect of these layers in our model could be helpful
in unlocking additional performance. Moreover, by design,
our model incorporates a coverage mask, concatenated to
each spectrum, as input. Although this is needed to inform
the model about the wavelength coverage of each spectrum,
it might have unwanted side effects, such as introducing or
reinforcing redshift trends. An approach like that presented
in Hahn et al. (2025) could mitigate this problem.
Conditional VAE: to aid with the search of a particular type
of quasar, or to understand whether quasars with particular
spectral properties are systematically missed by a survey or a
selection algorithm, one could condition the VAE on a given
quasar property, such as the luminosity, the BH mass, or the
quasar’s redshift. This would allow for targeted generation
of quasar spectra and offers insight into the properties of a
particular population. In addition, conditioning the VAE on
redshift and luminosity might mitigate biases inherited from
the training dataset selection function and allow the model
to learn the relevant quasar physics more easily. We plan to
further develop these ideas and implement them in QUEST.
Estimate quasar properties directly from the latent space, as a
complementary approach to inferring them to reconstructed
spectra. This requires the model to have learnt the relevant
physics and probably dedicated training datasets. The GP
model, for example, does not have access to a fully con-
nected parameter space: this is evident from Fig. 3, where
the high-z—faint and the low-z-bright regimes are not fully
populated.
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7. Conclusion

We presented a general model for quasar spectra based on an
information maximising variational auto-encoder architecture.
The model is capable of generating realistic quasar spectra that
can be post-processed for different purposes that range from gen-
erating synthetic photometry to imputing BAL features and to
reconstructing the emission line to then estimating the quasar
black hole mass. We list our particular results below:

— We produced three complementary datasets: the general pur-

pose, the full overlap blue, and full overlap red datasets. In
all cases, we started from the SDSS DR16Q quasar cata-
logue, and we applied quality cuts to select type-I quasars
without absorption systems or intrinsic reddening. The GP
dataset was designed to cover the largest wavelength interval,
from 980 A to 5500 A with the goal of producing a versa-
tile model. The full overlap blue and red datasets, instead,
were designed to show the adaptability of the model and are
geared towards more specific science cases, namely imput-
ing BAL features and reconstructing emission lines with the
purpose of estimating the corresponding quasar black hole
mass;

After training the model and verifying that it provided an
accurate reconstruction of the SDSS spectra, we investigated
whether the latent space correlates with physical properties.
To do this, we first developed an intuition for which spectral
features were affected by each latent dimension by varying
a single latent space dimension, reconstructing the spectra,
and inspecting the results. We then reduced the dimension
of the VAE latent space using UMAP and searched for
a correlation with the quasar properties in the resulting
embedding. Finally, we applied GMM-MI, an estimator for
mutual information, to robustly quantify the correlation
between latent space dimensions and quasar properties.
Through these tests, we identified the correlation between
latent dimensions and the quasar continuum slope, the
continuum luminosity, the absolute i-band magnitude, the
black hole mass, the emission line equivalent width, and the
line luminosity. Although it is possible that the model picked
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up physical quasar physical properties, we cannot exclude
the fact that at least part of these correlations stem from the
selection function inherited from our training dataset (i.e. a
combination of the SDSS selection function, the requirement
of SN_MEDIAN_ALL > 15, and the cleaning procedure we
applied). The strong correlation between redshift and UMAP
representation (Fig. 10) might be a hint in this direction;

To show their capabilities, we employed the model trained
on the GP dataset to generate synthetic quasar photometry,
the model trained on the FOB dataset to input BAL features,
and the model trained on the FOR dataset to reconstruct
emission lines in order to estimate the black hole masses.
We found that the photometry estimated from the quasar
spectra faithfully reproduced the SDSS colours of the
low-z quasar and the colours of the quasars with z > 5.3
from Fan et al. (2023). The FOB model, while providing
a satisfactory reconstruction in most cases, struggled to
accurately reconstruct asymmetric and blueshifted emission
lines (e.g. the C1v). The BH masses obtained from fitting
FOR spectra agree well in general with the BH masses
we estimated from the real SDSS quasar spectra (although
they are overestimated by a factor of ~1.25), with the most
significant differences arising for objects with the highest
BH masses. A detailed investigation of these problems is
beyond the scope of this paper, but the lack of training data
might hamper the capabilities of the model.

In the future, we aim to further perfect the model by expand-
ing the training dataset to include more data, generate targeted
datasets (e.g. that include quasars with broad absorption lines,
weak emission lines, or that are reddened) and improve the cur-
rent architecture to include recent advances in ML. This will
allow us, for example, to efficiently select these sources from
current and future astronomical surveys.

Data availability

Full Tables A.1 and E.1 are available at the CDS via https://
cdsarc.cds.unistra.fr/viz-bin/cat/J/A+A/709/A241.
Our QUEST tool is available here: https://github.com/
cosmic-dawn-group/QUEST
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Appendix A: Median composite of the General Purpose training dataset

Here and in electronic form at CDS, we provide the data underlying Fig. 4. The columns “Rest-Frame wavelength” and “# of spectra”
contain, respectively, the rest-frame wavelength array we use to sample each spectra and the number of spectrum contributing to the
composite. The column “Flux density” contains the median flux density, per pixel, of the GP sample. Percentiles columns contain
the n'" flux percentile, as shown in Fig. 4. The units of the median flux (and of each percentile column) are arbitrary, as all spectra
are normalised between 2350 A and 2360 A.

Table A.1: Quantities used to produce Fig. 4

Rest-Frame wavelength [A] ~ Flux Density [A.U.] #of spectra 1% perc. 16" perc. ~ 84" perc. 99 perc.

980.000 3.515 107 1.736 2.396 4.716 7.129
980.458 3.558 111 1.743 2.442 4.761 7171

980.916 3.571 121 1.752 2413 4.700 7.160

Appendix B: Sampled median compared to median for FOR and FOB models

In Fig. B.1 we present the comparison between the median of sampled spectra and the median of the input data for the FOR and
FOB datasets. As was the case for the GP dataset, the input spectra are normalised in a window between 2350 A and 2360 A.
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Fig. B.1: Sampled spectra from the FOR and FOB models compared to the input spectra. In all panels, the black solid and dashed
lines indicate the median, 16" and 84" percentile of the input data. The solid grey line represents the median spectrum of 10 000
realisations sampled from the VAE, while the shaded area encompasses the 16 and 84" percentile of the same sampled data.
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Appendix C: Latent space distributions

In Fig. C.1 we present a corner plot showing each latent space dimension for the GP model. Almost all the latents are approximately
Gaussian, with the exception of LD35, featuring an asymmetric distribution (corresponding to the secondary peak highlighted in red)
and to a lesser extent LD7, featuring an extended “tail”, highlighted in blue. We visualise the spectra corresponding to these features
by plotting the median spectrum, and find them to correspond to low-z, reddened spectra and spectra that have absorption in the
Lyman-a emission line, respectively.
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Fig. C.1: Corner plot showing the latent space dimensions for the GP model. We highlight in red the “secondary peak” in LD1-LD5
and in blue the extended tail in LD7. In the top right we show the median SDSS spectra populating the “tail” (blue) and the secondary
peak (red). These appear to be quasar with either a weak or absorbed Lyman-a emission line, and reddened spectra that were not
excluded by our preprocessing.
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Appendix D: Latent space variations

We present in Fig. D.1 the latent space variations for all the eleven dimension of the GP model. As for Fig. 8, we compute the
variations by decoding mock latent space vectors where only one dimension is varied. The varied dimension is marked in the upper

right corner.
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Fig. D.1: Latent space variations for the eleven dimensions of the GP model.

Appendix E: List of SDSS identifiers in each HDBScan cluster

Table E.1: SDSS identifier in each cluster. The full table will be made available at the CDS.

Red cluster Green cluster Blue cluster

SDSS J225515.37+241011.3  SDSS J011422.47+303719.1  SDSS J085402.18+274949.3
SDSS J010728.57+033348.6  SDSS J112224.74+491624.2  SDSS J153751.87+531022.2
SDSS J081815.99+422245.4  SDSS J102318.17+074419.1 ~ SDSS J225612.95+234712.0

Appendix F: BAL quasars

5000

We present in Fig. F.1 the remaining six spectra of BAL quasars with the reconstruction from the model. In most cases, the model
struggles to model the unabsorbed continuum and the emission lines, leading to sub-par reconstructions.
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Fig. F.1: Spectra of the six remaining quasars used to test the imputation capabilities of the model. As in Fig. F.1, we show in black

the input spectrum, in red the reconstruction, and with the shaded, grey areas the masked regions. The SDSS identifier is indicated
in the top right corner.
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