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ABSTRACT

The Vera C. Rubin Observatory’s Legacy Survey of Space and Time (LSST) is expected to obtain observations of over ten million
quasars. The survey’s exceptional cadence and sensitivity will enable a significant fraction of these objects to be monitored in the
ugrizy bands, spanning observed wavelengths of approximately 0.3 — 1.0 um. The unprecedented number of sources makes spectro-
scopic follow-up for the vast majority of them unfeasible in the near future, so most studies will have to rely on photometric redshift
estimates which are traditionally much less reliable for Active Galactic Nuclei (AGNs) than for inactive galaxies. This work presents
a novel methodology to constrain the photometric redshift of AGNs that leverages the effects of cosmological time dilation, and of the
luminosity and wavelength dependence of AGN variability. Specifically, we assume that the variability can be modeled as a damped
random walk (DRW) process, and we adopted a parametric model to characterize the DRW timescale () and asymptotic amplitude
of the variability (SF) based on the redshift, the rest-frame wavelength, and the AGN luminosity. We constructed variability-based
photometric redshift (photo-z) priors by modeling the observed variability using the expected DRW parameters at a given redshift.
These variability-based photo-z (VAR-PZ) priors were then combined with traditional spectral energy distribution (SED) fitting to
improve the redshift estimates from SED fitting.

Validation was performed using observational data from the Sloan Digital Sky Survey (SDSS), demonstrating significant reduction
in catastrophic outliers by more than 10% in comparison with SED fitting techniques and improvements in redshift precision. The
simulated light curves with both SDSS and LSST-like cadences and baselines confirm that VAR-PZ will be able to constrain the
photometric redshifts of SDSS-like AGNs by bringing the outlier fractions down to below 15% from 32% (SED alone) at the end of
the survey.
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1. Introduction
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.— Active galactic nuclei (AGNs) are among the most luminous and
>< distant objects in the universe. They are detected in wide red-
E shift ranges, serving as light houses that can be observed over
vast cosmic distances, providing crucial knowledge about the
early universe (e.g, Richards et al.|2006; [Fan et al.[|2023). The
intense luminosity of these objects arises from the accretion of
matter onto the central supermassive black hole (SMBH), which
is thought to exist in almost every massive galaxy. This accretion
process drives the emission of intense radiation across the entire
electromagnetic spectrum (e.g, see the review by Padovani et al.
2017).
Active galactic nuclei (AGNs) are intrinsically variable
sources, displaying fluctuations in brightness. These variations
in brightness are stochastic, occurring on timescales varying

* E-mail: 1998sarath.ss@gmail.com

from days to hundreds of years (Vanden Berk et al.|[2004; [Sar-
tori et al.|[2018)). Their flux variability can be used as a tool to
probe the central engine’s structure and the physical processes
in its immediate environment, as reviewed in detail by (Cackett
et al. (2021). Various previous studies have shown that at least
a portion of the observed variations originates directly from the
accretion disk itself, rather than being solely a reprocessed re-
sponse to the highly variable X-ray emission for both long and
short timescales (e.g, |Arévalo, P. et al|22024)). Several studies
have made significant progress in linking the variability parame-
ters to basic physical properties through the application of com-
plex methods on large samples of longer and densely sampled
light curves (e.g,|Vanden Berk et al.[2004; MacLeod et al.[2010j
Simm et al.|2016; Sanchez-Saez et al.|2018}; L1 et al.|2018}; [Luo
et al.[[2020; Tachibana et al.|2020; Burke et al.[2021} [Tang et al.
20235 |Yu et al.|2025)).

In order to place AGNs in a cosmological time frame and
to study their intrinsic luminosities, black hole masses, accre-
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tion rates and their evolution, accurate redshift measurements
are necessary. Accurate redshifts are also important for study-
ing AGN feedback and its regulatory role in star formation
(Silk & Rees| 1998 |Fabian|[2012)), the coevolution of super-
massive black holes and their host galaxies (Kormendy & Ho
2013), and their contribution to the ionizing background dur-
ing the epoch of reionization (Madau & Haardt |2015). While
current and upcoming multi-object spectroscopic surveys such
as the Sloan Digital Sky Survey (SDSS)-V (York et al.[[2000;
Kollmeier et al.|2025), the 4-meter Multi-Object Spectroscopic
Telescope (4MOST; |de Jong et al.|2019), the Dark Energy Spec-
troscopic Instrument (DESI; DESI Collaboration et al.[2016)), the
Prime Focus Spectrograph (PFS; Tamura et al.|2016), and the
Multi Object Optical and Near-infrared Spectrograph (MOONS;
Cirasuolo et al.|[2012)) will significantly increase the number of
observed sources with accurate redshifts, the vast majority of
AGNs detected in multiwavelength all-sky and large surveys,
such as WISE (Wright et al.|2010) and eROSITA (Merloni et al.
2012; |Predehl et al. [2021), will remain without spectroscopic
follow-up (Dahlen et al|2013). This difference will only in-
crease with the current deep and wide-area surveys such as Eu-
clid (Euclid Collaboration et al.|[2022)) and the Vera C. Rubin
Observatory Legacy Survey of Space and Time (LSST; [Ivezi¢
et al.|2019) covering unprecedented numbers (Newman & Gruen
2022} [Savic et al.[2023} ILi et al.|2025). Consequently, for most
AGNs, photometric redshifts (photo-z) remain the only viable
alternative to estimate their distances.

Spectral energy distribution (SED) fitting is a widely used
method for estimating photo-zs for AGNs (e.g, |Arnouts et al.
1999; [Mlbert et al.||2006), as implemented in LePHARE, which
has been optimized for AGNs (e.g, Shirley et al.|[2025} [Bram-
mer et al.| 2008} [Salvato et al.|[2011}, [2019; [Salvato et al.[2022).
However, factors such as non simultaneous observations, intrin-
sic variability and mostly featureless SED continuum of the lu-
minous type 1 AGNs affect the redshift estimation based on their
broad spectral characteristics. However, the power-law contin-
uum SED of luminous type 1 AGNs lacks the strong spectral fea-
tures needed to accurately estimate the redshifts, with the notable
exception of the Lyman break and Intergalactic medium (IGM)
absorption features short of Lya. Combined with the intrinsic
variability of these objects, obtaining accurate photo-zs from
SED modeling is very challenging. Arguably, large host galaxy
fractions should make the task much easier, as they would add
those missing features (Hsu et al.[2014} [Temple et al.|[2021)), so
the problem is most critical for luminous quasars. These issues
result in many sources exhibiting very broad redshift probability
distribution functions (PDFs) that are sometimes multi-peaked,
leading to multiple possible redshift solutions. As reported by
Saxena et al.[(2024)), SED fitting requires many photometric data
points across a wide wavelength range to resolve these degen-
eracies (e.g, Brescia et al.|2019). SED fitting is able to perform
well when it is combined with appropriate redshift priors, such
as redshift-dependent absolute magnitude constraints and care-
fully selected spectral templates (Fotopoulou et al.|[2012; [Hsu
et al.|2014; |Ananna et al.|[2017; Peca et al.|[2021)). Several stud-
ies have demonstrated that photometry from narrow and inter-
mediate bands is more effective in this context (Salvato et al.
2009; |Cardamone et al.|2010; Hsu et al.[|2014; Laur et al.|2022;
Lima et al.|[2022)). These bands are more sensitive to emission-
line features, allowing for improved identification of line intensi-
ties, thereby distinguishing star-forming sources from AGNs. In
addition to traditional SED fitting, machine learning (ML) has
emerged as a powerful alternative for redshift estimation (e.g,
Ananna et al.|[2017; |Saxena et al.|2024; |Roster et al.|[2024). ML
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models can be sensitive to more subtle features than SED mod-
eling, resulting in higher accuracy for sources that are well rep-
resented within the training dataset. However, they also tend to
produce a significantly higher fraction of outliers when applied
to sources outside the training sample’s parameter space (Dun-
can et al.[2018; Salvato et al.|2022)). As these methods often rely
on deep and homogenized photometry with deep spectroscopy,
they are typically most applicable in pencil-beam surveys.

In this work, we present VAR-PZ, a variability-based method
to constrain the photometric redshifts of AGNs. It has been
developed to help overcome the degeneracies of photo-z solu-
tions, reducing the fraction of outliers and improve the accu-
racy of the redshifts. It models the AGN variability, including
its dependence on luminosity, rest-frame wavelength, and the
effects of cosmological time dilation. Assuming the variability
follows a DRW process, this work adopts a parametric model
from [MacLeod et al.| (2010, hereafter M10), where the DRW
timescale and amplitude are functions of the redshift, the AGN
luminosity, and the rest-frame wavelength. SED decomposition
is used to estimate the intrinsic AGN luminosity and account for
host galaxy contamination. These parameters are used to con-
struct redshift-dependent priors. VAR-PZ generates PDFs, which
are complementary to those derived from other established tech-
niques and can be integrated with them, such as SED fitting and
ML-based methods to improve redshift predictions. In particu-
lar, we explore the impact of using the VAR-PZ priors in two key
quantities of photo-z estimates: the fraction of outliers, and the
accuracy for the non-outliers.

The paper is structured as follows. Section [2] describes the
data used to develop and test our algorithm. Section |3| gives an
overview of our methodology and the way it is structured. A
description of our code is discussed in Section[d] Section [5]illus-
trates the application of our algorithm in both simulated and real
data for SDSS AGNSs in the Stripe 82 of the Sloan survey. Section
[6] discusses the potential impact of our methodology on the cur-
rent LSST simulated data. Our conclusions are presented in the
Section [7] We assume a flat ACDM cosmology with Hy = 69.8
km s~ Mpc!, Q,, = 0.28.

2. Data
SDSS archival photometry data and light curves

The SDSS provides observations in the ugriz broad-band fil-
ters (Gunn et al.|[{1998), obtained using a dedicated 2.5m tele-
scope (Fukugita et al.|[1996) at the Apache Point Observatory.
Our initial sample consists of 9254 spectroscopically confirmed
quasars with recalibrated light curves studied by M10 from the
Stripe 82 (S82) region (York et al.[|2000; |/Annis et al.|2014). Of
these, 8974 quasars are drawn from the SDSS Data Release 5
(DR5) Quasar catalog (Schneider et al.[2007), with the rest taken
from the Data Release DR7 (Abazajian et al.[[2009) [ﬂ S82 is the
only stripe within the SDSS footprint that offers extensive multi-
epoch imaging, making it suitable for AGN variability studies.
This region spans a 120°-long and 2.5°-wide stripe centered
along the celestial equator. On average, this 290 deg® area has
more than 60 epochs of observations per source for each filter.
Since some observations were taken under non-photometric con-
ditions, improved calibration methods have been applied to the
sources in the S82 dataset by |Ivezic et al.|(2007)) and Sesar et al.
(2007). These calibrations correct for systematic errors and im-

' https://faculty.washington.edu/ivezic/macleod/qso_
dr7/Southern.html
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prove the precision, which is particularly important for variabil-
ity studies. These observations were done in annual “seasons”,
lasting approximately three months, for approximately 11 years,
although, the earlier seasons have very sparse sampling (~ 1 to 3
observations per season). The final three observing seasons, cov-
ering a baseline of about 800 days, provide a denser sampling of
more than 10 observations per season due to the SDSS supernova
survey (Frieman et al.2008)), which make them better suited for
AGN variability studies. Therefore, our analysis is restricted to
this well-sampled period taken later than Modified Julian Date
(MJD) 53500 (after 2005).

We used the 5-band “BEST” PSF photometry from the
DR7 quasar catalog (Schneider et al.[|2010), calibrated follow-
ing the procedure described by |Richards et al.| (2002). These
photometric data points are corrected for galactic extinction
using the u-band (A4,) galactic extinction value from |Schlegel
et al.| (1998)), while the galactic extinction values of griz bands
are Ay, A, Aj, A, = (0.736,0.534,0.405,0.287)A,,. To avoid the
strong degeneracies in SED modeling at low redshifts, sources
with z < 0.3 are excluded, resulting in a refined parent sample
of 9210 quasars. Figure [I] shows the distribution of our parent
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Fig. 1. Distribution of the parent-sample quasars in the luminosity
(bolometric) and redshift space. The bolometric luminosities (Ly) of
the quasars in this sample were estimated by |Shen et al.| (201 1).

sample in the redshift-luminosity plane. Note that only a small
fraction of sources are found at z < 0.3 (0.3%), yet that is a part
of the parameter space for SED modeling codes which can add
significant degeneracies for the rest of the objects. For this rea-
son, we limit our sample only to the 9210 quasars with z >= 0.3.

3. Methodology

Previous studies (e.g, |Collier & Peterson| 2001} Bauer et al.
2009) confirm that the observed AGN variability can be sta-
tistically quantified using the Structure Function (SF). The SF
is the Root Mean Squared (RMS) magnitude difference (Am)
as a function of the time difference (At) between observations,
and is useful for analyzing sparsely or irregularly sampled light
curves as it captures ensemble variability trends without rely-
ing on explicit modeling. For modeling AGN variability, the
Damped Random Walk (DRW) process has been widely used
to describe the SF. This process models the AGN variability as a
stochastic process, defined by an exponential covariance matrix

that behaves as a random walk for short timescales and asymp-
totically reaches a finite SF amplitude dubbed SF., at timescales
which are comparable to or longer than the damping timescale
(1) (Kelly et al.|[2009} Zu et al|2011; [Ivezi¢ & MacLeod|2014;
Suberlak et al.|2021)). Although the physical origin is unclear, the
DRW model can successfully describe many features of AGN
light curves. For example, M10 modeled quasar light curves as
a DRW process and studied whether the observed variability
timescales of quasars could be linked to physical timescales in
accretion disks and derived correlations between the best-fit pa-
rameters and the physical properties of the quasars. For a DRW
process, the SF is described by
SE(Af) = SEo(1 — e 1AT)1/2 1))

The observed variability of quasars is governed by their in-
trinsic properties such as the black hole mass (Mgy), the ac-
cretion rate, which is traced by the absolute i-band magnitude
(M;), and the rest-frame wavelength (Agg). Moreover, cosmolog-
ical time dilation stretches the observed timescales and, conse-
quently, the SF measured at a fixed observed-frame lag, making
the variability appear redshift-dependent, although the asymp-
totic amplitude (SF.,) remains unaffected. Additionally, the mea-
sured SF, is modulated by the AGN flux fraction in each filter j,

. F]

given by Ragn = —28—
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Fig. 2. Distribution of the variability parameters, SF,, and 7, in the ob-
served frame, measured from the ugriz bands as a function of rest frame
wavelength. The coefficients of the Eq. (@) are calculated by fitting these
values, corresponding to both the amplitude and timescale of variability.
The dotted line represents the linear fit with slopes -0.456 and 0.19 for
SF., and 7, respectively.

To quantify how the DRW parameters vary with rest-frame
wavelength (Arp) and to derive the corresponding coefficients in
our variability model outlined in this section,, we analyze their
distributions across photometric bands. Figure [2] shows the dis-
tribution of the variability parameters SF, and 7 as a function
of the AgF, for each photometric band. While the scatter is large,
the overall trend across filters is consistent with the expected de-
crease in variability amplitude at longer rest-frame wavelengths
(Kubota & Done||2018)) and the positive correlation in the char-
acteristic timescale with longer rest-frame wavelengths (Frank
et al.||2002). The model shown in Fig. E] is included as a refer-
ence to illustrate the dependence of the parameters on Arg. The
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amplitude is tailored to pass through the contours. The width
of the contours is dependent on other physical parameters such
as the M;, etc, that are not included in the model, and therefore
appears broader than the scatter associated with the wavelength
dependence alone. As a result, the contour widths should not be
interpreted as uncertainties of the fit. Note that while the corre-
lation in 7 is significant, it is hard to observe in the Figure owing
to the wide dynamic range spanned by the measurements. The
results from M10 showed that, even though 7 and SF, exhibit
weak trends with redshift and luminosity, the most significant
correlation are with Mgy and Eddington ratio (Lyo/Lgqq) (see
their Figure 15), which is consistent with the thermal or viscous
disk timescales. They accounted for the uncertainties in Mpy
(~ 0.4 dex; Shen et al|2024) and demonstrated that ignoring
this uncertainty can lead to underestimation of the Mgy depen-
dence. Additionally, since the Ly / Lgqq depends on both Ly, and
Mgy, it is probable that the observed trends in SF, reflect an un-
derlying dependence on the Ly /Lgqq rather than luminosity or
mass alone. However, because Mgy estimates are often unavail-
able or uncertain in large surveys, they also provided reduced
models excluding it. Furthermore, DRW is a stationary Gaussian
process, and |Stone et al.| (2022) showed that when the baseline
extends to ~20 years, the best-fit 7 continues to increase, sug-
gesting that AGN variability may not be strictly stationary over
multi-year or decade timescales. Thus, the DRW model should
be regarded as a convenient simplification. The DRW parameters
7 and SF,, are modeled by M10 as

ARF )
logf=A+ Blog| ——= |+ C(M; + 23
ef g(4OOOA ( )

Mgy
10°M,

where f is either SF,, or 7, M;, and A, B,C, D, and E are fit to
the ensemble of objects. In our specific case, to model the AGN
variability, we used the best-fit relation which does not have an
explicit dependence over the Mpy, resulting in a simplified form
solely dependent upon M; and Agrg. Specifically, we follow M10
and set D = 0 and E = 0, such that

+Dlog( ) + E'log(l + 2), 2)

ARE )
lo =A+ Blo — |+ C (M; + 23). 3
g0 S g10(4OOOA ( ) 3

Note that although we used Eq. (3) for the modeling to es-
timate redshift priors through VAR-PZ (see below), the relation
(Eq.|2) which incorporates the dependency on the Mpy was used
only to simulate the realistic SDSS and LSST light curves (see
Section [5.1). The A, B and C coefficients in this work are re-
estimated to overcome the potential biases due to different algo-
rithms for light curve modeling and in estimating the AGN con-
tinuum luminosities. Specifically, the M; and Ragn values are
obtained through SED modeling of the SDSS photometry us-
ing the Low Resolution Templates (LRT) and algorithm of |Assef]
et al| (2010} hereafter A10, see Section [d). We find the best-fit
values of the A, B and C coefficients in Eq. following a sim-
ilar approach to M10. We first estimate B by fitting a power-law

B
of the form f ( 4;6‘5 A) for both SF,, and 7 parameters to ev-

ery quasar with at least two observations in multiple bands. We
adopt as the value of B for all subsequent calculations as the me-
dian of all objects for which we were able to carry out this fit,
corresponding to —0.456 + 0.03 and 0.19 + 0.01 for SF,, and 7,
respectively (see Sect. 5.1 in M10). We then fix B and fit the val-
ues of coefficients A and C to the full ensemble of objects. This
method of fixing coeflicient B before other coefficients is done
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to eliminate the degeneracies between the Agg and other physical
parameters, as B is the only parameter in a term that depends on
wavelength. This process effectively decouples B from the rest
of the parameters and minimizes the covariances.

Table [1| shows the values of the coefficients A, B, C and D
of the SF,, and 7 relations in Eq. (Z)), respectively, in compar-
ison to the values estimated by M10. The small variations in
the coefficients with respect to those from M10 are likely due
to methodological changes in both light curve modeling and M;
estimation.

In order to model the AGN variability as a DRW process
and to obtain the photo-z prior, we used Gaussian Process (GP)
along with the Maximum Likelihood Estimation (MLE) frame-
work. GP is a flexible non-parametric method that can model the
covariance structure of time series data and MLE is a statistical
approach for estimating the likelihood of the fitted parameters,
respectively. We use Eq. to calculate the pair of DRW param-
eters (SF. and 7) as a function of redshift for each photometric
band using the M; and Ragn values obtained from the SED mod-
eling at those redshifts. These redshift-dependent DRW param-
eters are used as inputs to the GP-based DRW model, where for
each trial redshift, the corresponding DRW parameters are ap-
plied to fit the light curve in each photometric band. The MLE
quantifies how likely are those DRW parameters to result in the
observed light curve, providing the likelihood of that trial red-
shift. The resulting likelihood distributions from all bands are
then multiplied to construct a prior PDF for constraining photo-
zs. This PDF (hereafter VAR-PZ PDF) is then combined with
the PDF derived from the SED modeling (hereafter SED-PDF) to
produce a more accurate posterior probability distribution. This
approach enables us to evaluate the contribution of the VAR-PZ
PDF in improving the photo-z predictions.

Figure [3|schematically illustrates a characteristic example of
this approach for an S82 quasar (“SDSS J000013.80-005446.8”,
Zspee = 1.8361), demonstrating how VAR-PZ constrains the
photo-z estimation. The top panel shows the SED fitting re-
sults to the stacked SDSS photometry for different trial redshifts
(0.5, 1.0, 1.5, 1.8, and 2.0), with each redshift represented by
a different color along with their corresponding y? fit values.
Note that for different redshifts, the best-fit AGN luminosities
(parametrized by M;) and the fraction of the flux coming from
the AGN component (RagN) can vary significantly, which in turn
affects the expected variability properties (see Sectiond). In this
example, the SED fitting strongly favors a low-redshift solution.
The middle panel presents the steps occurring within VAR-PZ for
constraining the photo-zs. The left panels show the M; and Ragn
values estimated through the SED modeling as a function of red-
shift, while the right panels show the expected SF, and 7 values
expected as a function of redshift to estimate the DRW model
likelihood. When this technique is applied across the full redshift
grid, it generates the PDFs shown in the bottom panel. Vertical
dashed lines mark the trial redshifts from the top panel. The first
subplot shows VAR-PZ PDF across all five bands, which strongly
favors higher redshifts. The second subplot displays the PDF de-
rived solely from SED fitting, which peaks at low redshift. The
third subplot presents the posterior obtained through the com-
bination of the SED and variability PDFs. This combined ap-
proach effectively discards the low-redshift solutions preferred
by SED fitting alone, with the variability constraints driving the
posterior toward the true spectroscopic redshift. This example
demonstrates how VAR-PZ breaks degeneracies inherent in SED-
only photo-z estimation and improves redshift accuracy.
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Table 1. Best-fit coefficients for Eq. () from M10 and this work.

f A B (Agp) C (M) D (Mgp) Reference
SF, -0.51+0.02 -0.479 £0.005 0.131 +0.008 0.18 £ 0.03 MI10

SF, -0.618+0.007 -0.479+0.005 0.090 = 0.003 0

T 24+02 0.17 £0.02 0.03 £0.04 0.21 £0.07

T 2.2 +0.1 0.17 £0.02 -0.01 = 0.02 0

SF,, —-0.695+0.001 -0.456+0.03 0.086 +0.001 0.012 £ 0.001  This Work
SF, -0.713+0.003 -0.456+0.03 0.071 =£0.002 0

T 2.2 +0.004 0.19 +0.01 —0.027 £0.002  0.027 +0.003

T 2.2 +0.019 0.19 +£0.01 -0.026 £ 0.011 O

Notes. Coefficients are provided for both variability parameters, SF., and 7, with and without Mgy dependency. The recalibration of these coeffi-
cients is done to avoid inconsistencies arising from using different M; estimates and light curve modeling algorithms.

4. Implementation

In this section, we explain the VAR-PZ routine, detailing how the
code models AGN variability using the DRW process and incor-
porates it into the photo-z estimation. We employed the Python-
based Gaussian Process (GP) toolkit Celerite (Foreman-
Mackey et al.[|2017) to model AGN light curves as a DRW pro-
cess. Celerite’s computationally efficient GP implementation
enables faster modeling compared to traditional methods such as
Javelin (Zu et al.|2013). It provides the flexibility to use MLE
or Markov Chain Monte Carlo (MCMC), depending on our spe-
cific needs. Although, MCMC provides a thorough exploration
of parameter space, it is often computationally more expensive
compared to methods which can leverage MLE. We developed
a custom DRW kernel to use Celerite for our goals. Unlike
the default Celerite kernel (RealTerm) used for DRW fitting,
which models the SF,, and 7 independently, our kernel jointly
fits for both of them using the relations outlined in Eq. (3) with
the coefficients in Table

The following stage of the implementation details how the
kernel integrates the redshift-dependent DRW parameters into
the VAR-PZ framework to generate the variability prior. The ker-
nel involves two main stages. An initialization computes the
value of M; for the AGN component as well as Rygn to ac-
count for the host fractions in the photometric band of the light
curve being modeled, as a function of redshift in a grid be-
tween z=0 and z=5 with a bin size of 0.01. These values are
obtained by modeling the observed SED adopting each redshift
of the grid. We nominally interpolate between redshifts for flex-
ibility, but in practice we minimize the use of interpolation by
matching the redshift grids of the VAR-PZ and SED PDFs. In
the next stage, the kernel computes the expected SF., and 7
values based on the estimated M, values for each band in the
light curve, using Eq. (). The value of 7 is then modified to
account for cosmological time dilation while the SF, is scaled
by the AGN flux fraction (Ragn) to account for the contribution
of the host galaxy. This renormalization approach helps to ac-
count for the damped variability observed in intermediate-type
AGN where host galaxy contamination significantly affects the
measured variability amplitude. While this work does not explic-
itly model the physical parameters of the host galaxy and their
connection the AGN properties, future refinements could incor-

2 While Celeri te internally models variability using the variance pa-
rameter o>, we apply a transformation to recover SF,, via the relation

SF., = V20, as commonly adopted in variability analyses.

porate additional host galaxy properties, such as the Mgy — M,
relation, which influences the Ly /Lgqg, Which could potentially
provide stronger constraints on the VAR-PZ PDF.

We then compute the likelihood distribution as described
earlier, independently for each band and combine them to pro-
duce the VAR-PZ priors. To account for additional uncorre-
lated white-noise components in the light curves, we included
a JitterTerm kernel in our model. This term reduces the effect
of photometric noise on the AGN variability parameters fit. We
describe the workflow in detail in Appendix [A.T] We have made
our implementation of the method publicly available hereE] along
with the required documentation.

5. Application to SDSS quasars

As a proof of concept, we apply our methodology to SDSS
quasars in S82, first with simulated light curves and then with
the observed light curves to estimate the improvement in photo-
zs obtained by using the VAR-PZ priors. To assess performance
of our photo-zs, the outlier fraction and precision of the estimates
are calculated. Following Salvato et al.|(2019)), we define outliers
as objects for which

|th0t - Zspec|
1+ Zspec

>0.15

where zphot 1 the photometric redshift estimate, and zgyec is the
spectroscopic redshift. We evaluate the precision of the estimates
through the Normalized Median Absolute Deviation (NMAD;
e.g, Salvato et al.|2019) of the non-outlier objects. The NMAD
is defined as

We start by looking at the simplest scenario by simulating the
light curves of our parent sample of S82 quasars assuming a
DRW model and Eq. (2). Note that, we use this Eq. (2) that
incorporates the Mpy dependency to simulate the light curves
rather than Eq. @, which is the one used to create the VAR-PZ
priors, as it should provide a better approximation to the real

Ithot — Zspec I

o, =148 % median(
! 1+ Zspec

5.1. Simulated light curves

3 https://github.com/SarathSS98/VAR-PZ/tree/main
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Fig. 3. Top panel: SED fits at trial redshifts z = 0.5, 1.0, 1.5, 1.8, and 2.0 with corresponding x> values. Middle panel: VAR-PZ redshift prior
estimation. Left: M; and Ragn components estimated from the SED modeling as a function of redshifts. Right: Expected SF., and 7 using the
Eq. (@) for the corresponding redshifts. Bottom panel: Photo-z priors from VAR-PZ along with SED fitting PDF, and the combined posterior.

Vertical dashed lines mark the trial redshifts from the top panel.

SDSS light curves (see M10 for details). The light curves are
simulated through Celerite using the implementation of Burke
et al.| (2021)) for a grid of observing seasons and cadences, incor-
porating realistic photometric uncertainties and realistic seasonal
observing gaps. The simulated light curves span a wide grid of
cadence intervals ranging from 1 to 10 days, and baseline lengths
ranging from 1 to 10 seasons. Each S82 observing season was
assumed to last 90 days, with seasonal gaps of 275 days. Real-
istic SDSS photometric uncertainties are added to our simulated
light curves according to the brightness of each target. This ap-
proach enables an isolation of the effect of varying cadences and
baselines.

According to|Suberlak et al.|(2021)), accurate recovery of the
damping timescale, T requires a light curve baseline at least three
times longer than this timescale. Therefore, depending on the
length of the baseline, VAR-PZ priors are constructed using the
method outlined earlier in the range of redshifts where the base-
lines are at least three times longer than the expected value of 7.
The remaining part of the PDF is simply flat, with a value given
by the maximum of the PDF, where the baseline > 3. This strat-
egy enables an efficient application of the variability constraints
only in the part of the parameter space where there is constrain-
ing power for our method.
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Figure ] presents a heatmap, which quantifies the impact of
priors generated in this range of the baselines and observational
cadences on both the outlier fraction and redshift precision of
the photometric redshifts obtained using LRT (see Section[3). For
reference, without using priors, LRT obtains 0, = 0.0554 and an
outlier fraction of 0.33. As expected, the largest improvements
are achieved with a combination of long baselines and high ob-
servational cadences. While the improvements in the precision
are modest, the reduction in the outlier fraction is substantial.
In fact, for the highest cadence and largest number of seasons
probed, VAR-PZ is able to constrain photo-zs, with an accuracy
(0zp) = 0.0435 and an outlier fraction of 0.06.

In contrast, with limited temporal coverage, specifically,
fewer than two seasons and a cadence > 7 days, the addition
of VAR-PZ does not improve upon SED-only methods for red-
shift estimation, and thus requires careful application to avoid
degrading performance. The diagonal structure of the heatmap
reveals a partial degeneracy between cadence and baseline; that
is, higher cadence can partially compensate for shorter baselines
and vice versa, underlining potential observational strategies.
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Fig. 4. Heatmap illustrating the influence of observational cadence and
baseline length (in SDSS seasons) on photometric redshift estimation
metrics: the NMAD (top) as a measure of precision, and the outlier
fraction (bottom). The color bar, presented on a logarithmic scale, maps
these metrics such that regions depicting lower values correspond to the
most promising observing conditions, yielding higher precision and a
reduced fraction of outliers in photometric redshift predictions.

5.2. Observed light curves

We applied our methodology to the real SDSS Stripe 82 light
curves (see Section [2). To ensure the use of reliable and high-
quality data, the light curves were filtered to exclude flux mea-
surements with a signal-to-noise ratio (S/N) below 3 relative to
the zero—flux level, thereby ensuring that the median flux of each
light curve is not biased by measurements at the faint endﬂ Us-
ing this median as a reference, we then exclude observations
which deviate by more than 2.50, thereby eliminating strong
outliers. Finally, a quality cut is applied by retaining only epochs
with SNR > 10. This filtering ensures that only high-quality
measurements are included in the light curves, though we note
that they may also introduce biases in the measured light curve
properties. We only use light curves for a given band to con-
tribute to the VAR-PZ prior if they have more than 35 measure-
ments (which corresponds to the peak of the data point distri-
bution in the light curves). Out of 9210 total sources, 6493 met
these criteria in all five bands, and, 8413 do so in at least one
band. We remove the remaining 797 sources from our analysis.
As discussed in the previous section, the relatively short tempo-
ral baselines of the SDSS light curves restrict their constraining
power at higher redshifts. Figure [3]illustrates the distribution of
median T values, estimated using Eq. (]Z[), as a function of redshift
for our AGN sample. The black dashed horizontal line represents
one-third of the SDSS S82 baseline length. This highlights a

4 https://www.sdss4.org/dr17/algorithms/magnitudes/

log 10(37ugris) vs Redshift
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Fig. 5. Violin plot showing the median AGN variability timescale (1)
estimated from M10 over the SDSS bands as a function of redshift. The
dashed black line represents one-third of the SDSS baseline duration,
showing the redshift-dependent threshold beyond which the condition
37 < baseline is no longer satisfied. This requirement defines the red-
shift range over which VAR-PZ can constrain redshifts with the current
data. The red and purple line represent one-third of the 5 and 10 year
LSST baseline, respectively. LSST’s enhanced sensitivity will enable
the detection of fainter objects, resulting in lower overall timescale val-
ues (1) and consequently providing greater constraining power.

redshift-dependent limitation: beyond z ~ 0.5 — 0.6, the S82 data
do not provide a sufficiently long baseline to reliably constrain
the DRW parameters, and consequently, the accuracy of the red-
shift (VAR-PDF) priors diminishes at higher redshifts. Hence,
we followed the same implementation strategy mentioned be-
fore to produce the posterior distribution function, namely, we
replace all likelihood values for redshifts where the expected 7
from Eq. (3) exceeds on third of the baseline for the maximum
likelihood observed for those points. The red and purple lines
in Figure [5] represent one-third of the 5-year and 10-year LSST
baseline, respectively, compared to these objects, although note
that the higher photometric sensitivity of LSST will extend AGN
detection to much fainter flux limits compared to SDSS, sys-
tematically shifting the population toward lower 7 values. The
increased survey depth will yield improved constraints for more
AGNs even when considering similar shorter observational base-
lines in the initial years of the survey.

Figure [6] compares the photometric and spectroscopic red-
shifts before and after applying the variability priors. The inclu-
sion of VAR-PZ priors significantly improves the SED-derived
probability distributions by reducing catastrophic failures and re-
solving degeneracies inherent to SED fitting alone. The accuracy
estimates of this method on the SDSS observations are shown
in Table [2| For our sample, the inclusion of variability reduces
the outlier fraction from 32% to 22%. This effect is particularly
pronounced in the regime where SED fitting predicts low red-
shifts (zsgp < 0.6), where variability plays a critical role in mit-
igating catastrophic failures: the outlier fraction in this regime
drops from 81% to 33%, as shown in Figurem Note that, as de-
scribed in Section 2] we restricted our analysis to sources with
z > 0.3 to avoid significant degeneracies arising from the LRT
SED modeling. Although this removes the low-redshift regime,
it represents only ~0.3% of the parent sample and therefore has a
negligible impact on the overall statistics. Retaining these low-z
sources would lead to the overestimation of the VAR-PZ’s per-
formance, as the LRT SED modeling algorithm tends to produce
degenerate redshift solutions in this low-z regime, resulting in
an outlier fraction of ~47% for the SED-only case. Excluding
them thus ensures that the reported improvement of VAR-PZ ac-
curately reflects its true performance rather than being driven by
SED-induced degeneracies.
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Fig. 6. Binned scatter diagrams comparing photometric redshifts de-
rived from SED fitting using LRT, independently (top) and combined
with our variability model (bottom), against spectroscopic redshifts.
The dashed line represents the one-to-one correspondence between the
axes.

As an independent test, we study the impact of the VAR-PZ
approach by applying its priors to the SED PDFs computed
by the more sophisticated LePHARE SED fitting framework
(Arnouts et al.[1999; [lIbert et al.[2006)) which has been optimized
for AGNs by (Shirley et al.[2025)) to estimate the improvements.
Note, however, that the computation of M; and Ragn for VAR-PZ
is still computed using the LRT SED modeling as the host-AGN
decomposition is not currently computed by LePHARE. When ap-
plying the VAR-PZ priors, the outlier fraction decreases from
23% to 19% overall for the sample, while for sources where
LePHARE predicts a z < 0.6 the outlier fraction improves from
66% to 37%, further demonstrating the robustness of variability
as a complementary prior. We note that a, more pronounced im-
provement by the addition of VAR-PZ, potentially even compa-
rable to those seen in LRT, could be possible, if the M; and Ragn
values were derived self-consistently with LePHARE. While in-
troducing luminosity function (LF) priors on the host galaxies
(see A10 for details on the implementation) can overcome some
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Fig. 7. Distribution of photometric redshifts for sources with zpo < 0.6,
comparing LRT SED-only (gray) and VAR-PZ-enhanced (red) solutions,
illustrating how variability priors redistribute sources and remove catas-
trophic photo-z failures in this regime. The blue histogram represents
the spectroscopic redshifts of those sources.

of the degeneracies resolved by VAR-PZ, they often compromise
the accuracy of redshift estimates for sources that are otherwise
well-constrained, highlighting the need for a more sophisticated
LF prior which closely matches the distribution of quasar host
galaxies.

The short baseline of the SDSS observations limits the
achievable improvements, so in the next section we study the
potential impact when considering the observations of the up-
coming Rubin LSST, which will provide longer and denser light
curves spanning a decade (Ivezic et al.|2019). Note that while,
in principle, data from Zwicky Transient Facility (ZTF) could
be used to extend the temporal baseline of the sources in S82,
their relatively large photometric uncertainties (with a median
value of about ~ 0.1 mag for the objects in our sample) com-
pared to SDSS (~ 0.02 mag) result in only small improvements.
In a similar context to our study, Suberlak et al.| (2021 found
that increased noise effectively offsets the potential benefits of
the longer time coverage.

6. Prospects for Rubin LSST

Rubin LSST is expected to revolutionize our understanding of
AGNs. With between 50 and 200 visits per source in each of
the “ugrizy” filters, the ten-year survey will observe at least 10
million AGNs spanning 18,000 deg? of the sky up to redshift
7 ~ 7.5, with average luminosities of Ly, ~ 10% erg s~! (LSST
Science Collaboration|2009; [Li et al. 2025)El We also expect to
detect an additional ~ 40, 000 fainter AGNs with more than 1000
samplings per band in the Deep Drilling Fields (DDFs), a smaller
sky area (60 deg®) with very high cadence (Brandt et al.[[2018).
LSST’s long-term monitoring will provide a complete census of
AGN:s, and its exceptional cadence with small photometric un-
certainties, will greatly enhance variability studies. This cover-
age should be ideal for VAR-PZ to improve the accuracy of the
redshift predictions.

5 http://1sst.org
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Table 2. Comparison of photo-z performance for SED and SED + variability models.

Total Sources

Number Number Outlier NMAD Without NMAD With
Method of Sources of Outliers Fraction Outliers Outliers
LRT SED 8413 2745 0.3263 0.0558 0.1051
LRT SED + Variability 8413 1918 0.2280 0.0579 0.0850
LePHARE SED 8413 1954 0.2323 0.0483 0.0705
LePHARE SED + Variability 8413 1642 0.1952 0.0485 0.0663
ZSED < 0.6
LRT SED 1300 1060 0.8154 0.0410 0.6105
LRT SED + Variability 1300 429 0.3300 0.0579 0.1077
LePHARE SED 734 491 0.6689 0.0379 0.6059
LePHARE SED + Variability 734 278 0.3787 0.0499 0.1242

Notes. NMAD represents the Normalized Median Absolute Deviation. Values are shown for the entire AGN sample and for the subsample with

SED photo-zs less than 0.6.

We used the expected bandpasses provided by the obser-
vatoryE] to simulate realistic photometry. The synthetic stacked
LSST photometry were simulated by using the best-fit SED
model to the observed SDSS ugriz photometric data obtained
with LRT from A10 at their corresponding spectroscopic red-
shifts convolved with the LSST bandpasses. Ivezic et al.| (2019)
provide comprehensive LSST performance measurements. The
anticipated photometric error in magnitudes for a single visit can
be expressed as

“

— 2
Osource = /0

2
rand + 0-5)’5

where o, is the systematic photometric error (caused, for in-
stance, by imprecise PSF modeling, but excluding uncertainties
in the absolute photometric zero-point) and o yyq is the random
photometric error (see Ivezi¢ et al.| (2019)) for details). The sur-
vey’s calibration system is developed to limit the systematic er-
ror to oy < 0.005 mag. For point sources, |[Ivezi¢ et al.[(2019)
adopts the following expression based on|Sesar et al.| (2007) for
the 0ang in magnitudes,

o2 = (0.04 —y)x + yx*

rand —

&)

where log;o(x) = 0.4(m—ms,) with m being the observed magni-
tude and ms; being the 5o depth of the coadded magnitude limit
of the LSST ﬁlter The parameter 7y is filter-dependent, with
v. = 0.038 for the u-band and y = 0.039 for the g, r, i, z, and y
bands (IveziC et al.|2019). Note that, LSST observations in dif-
ferent bands are not simultaneous, and the associated variability-
induced color offsets are not included in our simulations. Real-
istic LSST light curves are simulated for the parent sample us-
ing the current LSST baseline v5.0.0 of the Operation-Simulator
(Op-Sim) Ehsing the Metrics Analysis Framework (MAF; Mar-
shall et al.[2017) P[]

¢ https://github.com/1lsst/throughputs/tree/main/
baseline

" https://rubinobservatory.org/for-scientists/
rubin-101/key-numbers

5 https://github.com/lsst/rubin_sim

® https://www.lsst.org/scientists/simulations/maf
10 https://github.com/lsst/rubin_sim_notebooks/tree/
main

Light curves were generated as a function of the LSST
yearly data release. Figure [§] illustrates the simulated 10-year
DRW light curve for an AGN (SDSS J000008.13+001634.6),
in the Wide-Fast Deep (WFD) [''| survey. The improvement in
the photo-z performance of LRT obtained by adding the VAR-PZ
priors are presented in Figure [0] As expected, the photo-z pre-
cision improves and the outlier fraction decreases significantly
over time, with the most limited performance seen during the
first year. The figure also includes a comparison with photo-z
estimates derived using LePHARE SED templates, providing an
independent validation. Note that, to avoid inconsistencies, the
SED PDFs are obtained by fitting the Sloan ugriz filters, in-
stead of the simulated LSST stacked photometry (which relies
on the LRT fits). Importantly, both LePHARE and LRT based rou-
tines, incorporating VAR-PZ variability priors, show consistent
trends of improvement with increasing temporal baseline, fur-
ther confirming the robustness of variability-informed photo-z
estimation. To assess the performance of VAR-PZ for the fainter
AGNSs that LSST will discover, we constructed a faint sample
by dimming our original sources by a factor of three in flux.
This setup approximates the parameter space where LSST will
detect sources that are about three times fainter than those in
SDSS, but with comparable S NR owing to Rubin observatory’s
sensitivity and depth. A large fraction of faint AGNs detected
by LSST will be host-dominated, for which SED-based photo-
zs are expected to be relatively accurate even without variability
information. In this experiment, however, we restrict ourselves
to faint quasars. For this faint sample, we simulated LSST light
curves at the fainter magnitudes while keeping Ragn fixed to the
values inferred for the original sample. We then combined the re-
sulting VAR-PZ priors with the SED PDFs. For the faint quasars,
our method reduces the outlier fraction from 32% (SED alone) to
17%, with an NMAD of 0.04 when computed excluding outliers.

Additionally, we also test the level of improvement that
would be obtained if these objects were instead within the
Deep Drilling Fields (DDFs). Specifically, we assume the ob-
serving cadence of the from the XMM-Large Scale Structure
Field (XMM-LS@ apooo = 35.570, 5]2000 = —4.820). The
DDF cadence yields improved photo-z performance, with re-

I https://survey-strategy.lsst.io/baseline/wfd.html
12 https://survey-strategy.lsst.io/baseline/ddf.html
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Fig. 8. Simulated LSST light curve for a source using DRW parameters fit (SDSS JO00008.13+001634.6 , z=1.836), as observed under the LSST
Wide-Fast-Deep (WFD) survey strategy over the 10-year baseline. The underlying blue curve represents the light curve sampled with a uniform 1-
day cadence. Overlaid red points correspond to LSST observations in all six bands (ugrizy), incorporating realistic survey cadence and photometric

uncertainties based on the LSST observing strategy.

duced outlier fractions and improved precision compared to the
WFED strategy. Nevertheless, the WFD cadence still provides rea-
sonably accurate redshift estimates for AGN populations, even
though its typical outlier rate (~ 15%) does not reach the higher
fidelity achieved with the DDF fields (~ 9%).

7. Summary

In this work, we demonstrate that AGN variability can be effec-
tively used to improve photometric redshift estimates. Specifi-
cally, we implement a method we refer to as VAR-PZ to gen-
erate redshift PDFs that can be applied as priors to, for exam-
ple, photo-z estimates based on SED modeling, serving not as a
stand-alone solution for accurate AGN photo-zs but as a comple-
mentary tool to existing techniques.

This work serves as a proof of concept, motivating the devel-
opment of other physically motivated variability models, which
would likely enable tighter redshift constraints. As detailed in
Section 3] we model the observed stochastic variability of AGNs
as a DRW process following the dependence of the DRW pa-
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rameters on the physical properties of the AGNs proposed by
M10. The parameters from MI10 relation (Eq. (3)) are refitted
to account for differences in light curve modeling and the AGN
continuum luminosities, specifically M; which is derived from
SED modeling, along with host dilution fractions (Ragn). While
the DRW is a reasonable model for quasar variability, it should
be emphasized that it is only an approximate description. Re-
gardless, we show that it can yield broad but informative photo-z
PDFs.

To generate variability priors from VAR-PZ, we first estimate
the values of the expected DRW parameters in each band as a
function of redshift based on Eq. (3) in a redshift grid, perform-
ing a full SED decomposition to obtain M; and Ragn, follow-
ing the methodology outlined in Section @] We then compute
the likelihood of those parameters being able to describe the ob-
served light curves, and express the likelihood as a function of
redshift as a PDF. We refer to this PDF as the VAR-PZ PDF.

To assess the effect of survey cadences and baselines, we
took all AGN with well sampled light curves in the SDSS S82
(see Section [2) and we simulated SDSS-like light curves across
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Photometric Redshift Metrics from LSST
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Fig. 9. Evolution of photo-z precision and outlier fraction for our parent
sample as a function of the LSST temporal baseline. The panels also
include a comparison with the results obtained using the LSST DDF
cadence. This figure illustrates the improvements achieved by incor-
porating the VAR-PZ variability priors into both the LRT and LePHARE
SED fitting routines, highlighting the impact on two independent meth-
ods. The LePHARE SED fitting is performed using the Sloan ugriz filters,
whereas both LRT and VAR-PZ utilize synthetic LSST ugrizy filters.

a range of cadences and baselines (see Section [5). Figure []
shows that the performance of photo-zs improve with longer
and denser sampling. The results of SDSS observations (Sec-
tion [5.2), presented in Figure [] and Table 2} demonstrate that
the inclusion of VAR-PZ priors significantly improves redshift
estimation. In comparison to the LRT SED modeling method by
itself, the outlier fraction decreases from 27% to 19% for the
full sample, and from 81% to 33% for sources with zggp < 0.6.
When implementing VAR-PZ within the LePHARE SED-fitting
framework, the performance is also improved albeit by a smaller
factor, with outlier fractions reduced from 19% to 16% for the
full sample and from 66% to 37% for low-redshift solutions. At
higher redshifts, the limitations of SDSS observations, particu-
larly the relatively short temporal baselines, reduce the reliabil-
ity of variability—based redshift estimates (Figure [5). In these
regimes, the DRW timescales fall below one—third of the avail-
able light curve baseline, leaving the variability prior essentially
unconstrained (See [Suberlak et al.| (2021, Section 2.3). This
highlights that the gain from variability priors strongly depends
on light curve baseline. Complementary simulations using Ru-
bin LSST observing strategies (WFD and DDF) further confirm
that LSST’s increased temporal coverage and cadence substan-
tially enhance photometric redshift accuracy. These findings, as
shown in Figure [0 demonstrate a reduction in the outlier frac-
tion from ~32% for SED-only estimates to ~15% for WFD and
~9% for DDF cadences by the end of the survey. Additionally,
for faint LSST objects, the WFD cadence yields an outlier frac-
tion of ~ 17% in separate tests. This underscores the importance
of survey strategy and establishes the significance of incorpo-
rating variability-based priors into hybrid photometric redshift
frameworks for upcoming large-scale AGN surveys.
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Appendix A: VAR-PZ workflow

Figure [AT] presents the computational pipeline and algorithmic steps used in the VAR-PZ implementation. This flowchart serves as
a visual reference for the complete VAR-PZ computational workflow.

INPUT | VAR-PZ MODELING | OUTPUT

e

SED FITTING:
FLUX H M, & R, (Z)
4 ™

N _
DRW Term(Z) J i Probability

b ey

DEW parameters: Distribution
SF= and 1 — Function
' el = P(z)
\.\\ _/'
-
GP modeling with
LIGHT CURVES MLE:
Log Likelihood(z)
- vy

Fig. A.1. Flowchart illustrating the overall workflow of VAR-PZ: Input fluxes and light curves are used to model the SED using LRT templates, and
the light curves are modeled as a DRW using the M10 kernel. The resulting kernel is incorporated into a Gaussian Process to produce redshift-
dependent photometric redshift PDFs.
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Appendix B: LSST DDF cadence

Figure [B-T] a simulated light curve based on the XMM-LSS DDF observing cadence to illustrate the improved temporal sampling
compared to the WFD. This simulation highlights the dense sampling of the DDFs, which constitute approximately 6.5% of the total
survey time and are designed to provide intensive monitoring, with each field receiving over 20,000 visits over the survey duration.
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Fig. B.1. Simulated light curve for an AGN located in a Rubin LSST DDF. This example corresponds to the XMM-LSS field, centered at aj,000 =
35.57°, by000 = —4.82°
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