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A B S T R A C T 

The Vera C. Rubin Observatory’s 10-yr Legacy Survey of Space and Time (LSST) is expected to produce a hundredfold 

increase in the number of transients we observe. However, there are insufficient spectroscopic resources to follow up on 

all of the wealth of targets that LSST will provide. As such it is necessary to be able to prioritize objects for follow-up 

observations or inclusion in sample studies based purely on their LSST photometry. We are particularly keen to identify 

tidal disruption events (TDEs) with LSST. TDEs are immensely useful for determining black hole parameters and probing 

our understanding of accretion physics. To assist in these efforts, we present the Many Artificial LSST Light curves 
based on the Observations of Real Nuclear transients (MALLORN) data set and the corresponding classifier challenge 
for identifying TDEs. MALLORN comprises 10 178 simulated LSST light curves, constructed from real Zwicky Transient 
Facility (ZTF) observations of 64 TDEs, 727 nuclear supernovae and 1407 AGN with spectroscopic labels using Gaussian 

process fitting, empirically motivated spectral energy distributions from SNCosmo and the baseline from the Rubin Survey 

Simulator. Our novel approach can be easily adapted to simulate transients for any photometric survey using observations 
from another, requiring only the limiting magnitudes and an estimate of the cadence of observations. The MALLORN 

Astronomical Classification Challenge, launched on Kaggle on 2025 October 15, will allow competitors to test their 
photometric classifiers on simulated LSST data to find TDEs and improve upon their capabilities prior to the start of LSST. 

Key words: Data methods – Machine learning – Time domain astronomy – Transient sources. 
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 INTRODUCTION  

he Vera C. Rubin Observatory’s 10-yr Legacy Survey of Space 
nd Time (LSST; Ivezić et al. 2019 ) is expected to revolutionize
ime-domain astronomy. It is predicted to produce a hundred- 
old increase in the number of transients (such as supernovae 
nd tidal disruption events) that we are able to discover, thanks
o its large mirror size (8.4 m) allowing it to detect fainter and

ore distant transients compared to previous wide-field survey 
elescopes. 

However, we have insufficient spectroscopic resources to fol- 
ow up on every photometrically discovered transient that LSST 

s able to identify, even with dedicated spectroscopic follow-up 

rom facilities including ESO 4MOST, operating the Time Do- 
ain Extragalactic Survey (TiDES; C. Frohmaier et al. 2025 ), the

on of X-shooter (SOXS; P. Schipani et al. 2018 ) instrument on the
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ew Technology Telescope (NTT), and US NOIRLab telescopes 
uch as Gemini (C. M. Mountain, F. C. Gillett & J. M. Oschmann
998 ) and SOAR (V. L. Krabbendam et al. 2004 ). As spectroscopic
bservations require much longer exposure times compared to 
hotometry, and most spectrographs can only focus on one object 
t a time, we will struggle to get spectra for even a few percent
f the objects that LSST will discover. Therefore, in order to
enefit from the wealth of targets that LSST will provide, it will
e necessary to identify which objects to prioritize for follow-up 

bservations and to conduct analysis of larger samples based on 

hotometry alone. 
Selection of targets based on photometry is particularly im- 

ortant for identifying examples of rare transient classes. One 
are transient of great physical interest are tidal disruption events 
TDEs). TDEs occur whenever an unfortunate star is ripped apart 
y the immense gravitational forces it experiences if it is scattered
nto an orbit that passes too close to a supermassive black hole (S.
ezari 2021 ). TDEs are a relatively recent astronomical discovery, 
rst predicted in the 1970s (J. G. Hills 1975 ; V. V. Lidskii & L. M.
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1 https://www.kaggle.com/competitions/mallorn-astronomical- 
classification-challenge/overview
2 https://colab.research.google.com/drive/1oy96r29Zs4U5Hl- 
THsZPCnOQbuz21hl5 
zernoi 1979 ) and first observed in optical wavelengths in the
arly 2010s (S. Velzen et al. 2011 ; S. Gezari et al. 2012 ). 

TDEs are of key astrophysical significance because they can be
sed to identify the mass of the disrupting supermassive black
ole (SMBH). This can be be applied to smaller SMBHs which
ay not otherwise be detectable for a dynamical approach. This

llows us to investigate scaling relations and black hole growth
t the lower mass end of the SMBH mass function (P. Ramsden
t al. 2025 ). They are also sensitive probes of galaxy dynam-
cs/evolution (K. D. French et al. 2020 ), and accretion physics (e.g.

. Guolo et al. 2025 ), and may be detectable to very high redshifts
ue to their high luminosity in the ultraviolet (M. Karmen et al.
025 ). 

Our understanding of TDEs is currently limited by the small
ample size of observed objects ( ∼100). Fortunately, it has been
redicted that LSST will detect roughly a few thousand TDEs per
ear (S. Velzen et al. 2011 ; K. Bricman & A. Gomboc 2020 ; K. B.
ricman et al. 2023 ). The significant uncertainty in this number

s due to the uncertainty in SMBH mass distribution, which the
olumetric TDE rate is heavily dependent on. Additionally, the
raction of these TDEs that is actually identified is limited by
he availability of spectroscopic follow-up resources to classify
iscovered transients. 
Machine learning classifiers are now being utilized to photo-
etrically select TDEs. The most prominent current TDE clas-

ifiers are the NEural Engine for Discovering Luminous Events
NEEDLE; X. Sheng et al. 2024 ), TDEscore (R. Stein et al. 2024 ),
inding Luminous Exotic Extragalactic Transients (FLEET; S.
omez et al. 2020 , 2023 ) and the Automatic Learning for the
apid CLassification of Events (ALeRCE) light-curve classifier

M. Pavez-Herrera et al. 2025 ). These classifiers typically select
or blue transients in the nuclei of centrally concentrated galax-
es. The most common contaminants in the search for TDEs are
ctive galactic nuclei (AGN) and Type Ia supernovae, which make
p the bulk of the observed nuclear transients (R. Hložek et al.
023 ; Y. Dgany et al. 2023 ). 

To evaluate the performance of multiple classifiers and to allow
or them to improve upon their capabilities, the scientific com-

unity has developed the concept of classification challenges for
lassifier algorithms. The data set provided to the competitor is
plit into two parts: a training set and a testing set. The competitor
s able to train their classifier on the training portion of the data
et in which the types of objects are known, and will then use
heir classifier to attempt to identify the objects in the testing set.
he competitor will then submit their results to the organizers
f the classification challenge and have their performance evalu-
ted. 

Recent astronomical classification challenges include the Pho-
ometric LSST Astronomical Time-Series Classification Chal-
enge (PLAsTiCC; A. I. Malz et al. 2019 ; R. Kessler et al. 2019 ;
. Hložek et al. 2023 ) and the Extended LSST Astronomical
ime-Series Classification Challenge (ELAsTiCC; M. Lokken, A.
agliano & ELAsTiCC Team 2023 ). PLAsTiCC created 3.5 mil-

ion simulated objects for LSST using SNANA (R. Kessler et al.
009 ) and asked competitors to provide likelihoods for each object
f belonging to each transient class. PLAsTiCC focused on pro-
ucing successful classifications for all objects in order to equally
eight the various science goals of LSST. ELAsTiCC was the

uccessor competition that converted the data into a stream of 
lerts fed into the LSST brokers (platforms to host and add value
o real-time detections of transient and variable objects) to al-
ow for classifier testing on those platforms. Additional examples
ASTI 5, 1–14 (2026)
f previous classifier challenges for other science goals include
he Supernova Photometric Classification Challenge (SNPCC; R.
essler et al. 2010 ), Mapping Dark Matter (T. Kitching et al. 2011 ),
bserving Dark Worlds (D. Harvey et al. 2014 ) and Galaxy Chal-

enge (S. Dieleman, K. W. Willett & J. Dambre 2015 ). 
PLAsTiCC and ELAsTiCC both used models to simulate the

ata, some of which were based on coarse analytic approxima-
ions, and so may not be fully accurate representations of real
ransients. Training ML algorithms on models rather than data
herefore runs the risk of resulting in poor performance when
eployed in the real world. 
To aid in the preparation for LSST, we have produced the Many

rtificial LSST Light curves based on the Observations of Real
uclear transients (MALLORN) data set. This is a simulated pho-

ometric data set of nuclear transients for LSST, with realistic
adence and luminosities, that has been developed using real
bservations from the Zwicky Transient Facility (ZTF; E. C. Bellm
t al. 2019 ). This data set is being shared as a classifier challenge to
llow others in the field to test and improve upon their photomet-
ic classifiers. This will allow the scientific community to better
repare for the start of LSST and improve upon our collective
bility to effectively use the wealth of data that LSST will provide.

In this paper we describe the method used to create simulated
SST light curves, the construction of the MALLORN data set and
hat we have released in the classification challenge. 1 

 S I M U L AT E D  L I G H T  C U RVE  PRODUCTION  

his section will detail the process of producing a simulated
SST light curve from a real ZTF light curve. More details on

he production at scale and specific choices made for each class
f object are provided in Section 3 . For MALLORN, this method
sed specific data from ZTF and specific survey characteristics
ppropriate to LSST. However, provided you have the limiting
agnitudes of the instrument and an estimate of the cadence for

he target survey, this method should be applicable to produce
imulated data for any new photometric survey. 

The MALLORN Data Production Google Colab Notebook 

2 de-
ails the process of going from a real ZTF light curve to a sim-
lated LSST light curve. The methods are outlined as clearly as
ossible to ease the process for anyone who wishes to replicate
his method for any future use. 

.1 Initial light curve selection 

he data set used to produce MALLORN consisted of all of the
TF forced photometry of nuclear transients from 2017 to 2023.
his sample was created by applying a filter to the AMPEL archive
f ZTF alerts (J. Nordin et al. 2019 ). This so-called Nuclear Filter
as originally written and employed by S. Velzen et al. ( 2019 ),
. Hammerstein et al. ( 2021 ), and S. Velzen et al. ( 2021 ) to select
uclear transients in real-time from the ZTF alert stream. 
To pass the Nuclear Filter an object must have a high likelihood

f a galactic host, at least one detection brighter than 20 mag and
n angular distance to the core of less than 0.5 arcsec. For more
nformation on this filter, please see S. Reusch ( 2024 ). The sample

https://www.kaggle.com/competitions/mallorn-astronomical-classification-challenge/overview
https://colab.research.google.com/drive/1oy96r29Zs4U5Hl-THsZPCnOQbuz21hl5
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Figure 1. Plot of flux (μJy) against time (relative to peak) showing the 
r -band observations for SN II ZTF22abcfics/SN2022ryv and the GP fit 
to those observations. The GP fit reliably follows the trend within the 
data points, matching the rise to peak and subsequent decline of the 
supernova. During large gaps in observations the uncertainty in the GP 
fit is inflated. We show the GP uncertainty only for visualization and use 
a different method to determine the uncertainty in our simulated LSST 

observations. 
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roduced by this filter contained a total of 11 190 objects. There
re no hostless transients present in the sample. 

We first run the ZTF forced photometry pipeline for all tran-
ients in our sample. This returns the time, count rate and zero
oint for each observation, in the ZTF g and r bands. We use the
ero point to convert each observation to a flux density measure-
ent in microjanskys (μJy). 
The data set was cross-matched with the Transient Name 
erver 3 using the ZTF object names and coordinates (RA and 

ec) to determine the spectroscopic type and redshift where 
vailable. This produced 791 objects for which the type and red-
hift were known. Further manual cross-matching was able to 
dentify an additional 38 TDEs within the ZTF data set, bring-
ng the total number of confirmed TDEs included to 64. This
ample contains both TDEs in galaxies without AGN and TDEs 
n galaxies with AGN. Further cross-matching with version 8 of 
he Milliquas catalogue (E. W. Flesch 2023 ) identified 1407 
dditional AGN within the ZTF data set. There were some objects 
isclassified as Type II superluminous supernovae on TNS that 
ere corrected to AGN based on the contaminants identified in 

. J. Pessi et al. ( 2025 ). 
Following the approach outlined in E. Hammerstein et al. 

 2021 ), a baseline correction is carried out on the light curve. We
efine the baseline as the inverse-variance weighted average of 
he flux a hundred days before the rise of the transient event. This
orrection step subtracts this average value from the complete 
ight curve and propagates the errors, bringing the mean of the
re-transient event flux to zero. In addition, the reduced χ2 values 
f the baseline are brought to one by scaling the uncertainties of 
he flux measurement. 

We next correct for Galactic extinction using the dustmaps 
G. M. Green 2018 ) and extinction (K. Barbary 2016 ) pack-
ges. The extinction coefficient, E(B − V ) , for the specified RA
nd Dec is determined using the Schlafly & Finkbeiner dustmap 

E. F. Schlafly & D. P. Finkbeiner 2011 ). Using the E(B − V ) value
nd the effective wavelength for the respective filter ( g or r band)
ourced from the Spanish Virtual Observatory filter service (C. 
odrigo & E. Solano 2020 ), the extinction at a given wavelength
 Aλ) can then be calculated using the extinction laws from E. L.
itzpatrick ( 1999 ) and assuming a RV = 3 . 1 for Milky Way extinc-

ion (J. A. Cardelli, G. C. Clayton & J. S. Mathis 1989 ). The de-
xtincted flux values ( Fλ) can then be calculated from the initial
xtincted flux ( Fλ,Ext ) following: 

λ = Fλ,Ext 10
Aλ
2 . 5 (1) 

.2 Gaussian process fit 

e then take the baseline- and extinction-corrected light curves, 
nd select the band ( g or r) with the most observations. Although
TF also uses i -band for some observations, these data are sig-
ificantly shallower and at a lower cadence than the data in g
nd r, and are insufficient for the fitting process. The peak time
or the selected band is found by determining the time which 

orresponds to the greatest flux value. A Gaussian Process (GP) 
t is then applied to the data for the selected band. This pro-
uces a continuous light curve, interpolating between any gaps 

n the observations. There is strong precedent in the literature for
he application of Gaussian process fitting to the photometry for 
 https://www.wis-tns.org/ 

u
w
t  
ransient objects (D. Foreman-Mackey et al. 2017 ; K. Boone 2019 ;
. V. Kornilov, T. A. Semenikhin & M. V. Pruzhinskaya 2023 ),

hough see H. F. Stevance & A. Lee ( 2023 ) for limitations of light-
urve GP fitting. 

The kernel used for the GP fit consists of three components
ombined as: 

 = KC × KM 

+ KWN 

. (2) 

he first is a constant kernel ( KC ), which defines amplitude and
ange of possible parameters. Another component is the Matérn 

ernel ( KM 

), which is a generalized radial basis function (RBF)
ernel – parametrized by a given length scale and used to deter-
ine the similarity of two data points. This sets the characteris-

ic time-scale over which the flux changes. The advantage of a
atérn kernel over a standard RBF kernel is that it contains an

dditional smoothness parameter which allows for more efficient 
omputation. The order of the Matérn kernel used is 3/2. The
nal component is a white noise kernel ( KWN 

), which accounts
or possible variation due to noise in the data. An example of a
P fit to a ZTF light curve is shown in Fig. 1 . 
To verify the validity of the GP fit, we calculate the mean

quared error (MSE) of the fit. To do this, the flux is first nor-
alized so that the amplitude ranges from 0 to 1 and then a set

raction of data points are randomly removed. The GP fit is then
e-ran and used to create simulated points at the positions of 
he removed points. The MSE is computed from the differences 
etween the original points and the simulated points (K. Benidis 
t al. 2022 ). An MSE below 0.2 is generally considered a good fit
T. Hastie, R. Tibshirani & J. Friedman 2009 ). Running on a test
f 200 randomly selected objects from the ZTF nuclear transient 
ata set, the GP fits returned a median value of 0.14. 
When generating simulated light curves, we do not allow fits 

hich produce an MSE value greater than 0.3 to pass to the
ext stage of light-curve production, as we deem this to be an
nacceptable fit. When this occurs, the fitting process is repeated 

ith altered parameters for a limited number of attempts until 
he fit either passes the criteria or fails to do so and the attempt
RASTI 5, 1–14 (2026)

https://www.wis-tns.org/
art/rzag019_f1.eps
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Figure 2. Plot showing the Damped Random Walk (DRW) fit to the ob- 
served AGN ZTF light curve (ZTF20acxfcmr). The DRW more effectively 
handles the stochasticity of an AGN light curve. During large gaps in 
observations the uncertainty in the GP fit is inflated. We show the GP 
uncertainty only for visualization and use a different method to determine 
the uncertainty in our simulated LSST observations. 
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t creating that simulated light curve is abandoned. This prevents
nphysical light curves from poor GP fits appearing in our final
ata set. 
Using a multidimensional GP fit which considered data from

oth bands to fit to one band was also tested. This produced little
o no improvement to the fit. Therefore we chose to apply the
P fit only to the band with the most observations. This has the

dvantage that the other unused band can later be used to verify
he fits and our ability to extrapolate to other wavelengths (see
ection 2.4 ). 

In order to more appropriately handle the stochastic nature
f AGN light curves, a damped random walk (DRW) time-series
odel was used to produce a continuous fit to these data. A DRW

an be defined by an exponential covariance matrix (kernel) and
wo main parameters: the long-term variability amplitude, which
efines the largest possible fluctuation range of a light curve, and
he signal decorrelation time-scale, which defines the minimum
ime-scale beyond which the luminosity differences over increas-
ng time intervals are no longer correlated with the length of those
ntervals. In application, this is broadly similar to an order 1/2

atérn kernel. 
The DRW/Matérn-1/2 kernel is more suited for the stochastic

ature of AGN light curves as it does not contain the smoothness
arameter present in the Matérn-3/2 kernel and consequently
roduces a better match to the multiple, stochastic rises and falls
resent in AGN light curves, as opposed to the isolated and rela-
ively smooth rise and decline present in the light curves of SNe
nd TDEs. 

There are multiple examples in the literature of DRWs being
sed to model the variability in the light curves of quasars and
GN (B. C. Kelly, J. Bechtold & A. Siemiginowska 2009 ; C. L.
acLeod et al. 2010 ; Ž. Ivezić & C. MacLeod 2014 ). The approach

sed here is based on that of X. Sheng, N. Ross & M. Nicholl
 2022 ), which employs the EzTao toolkit (W. Yu & G. T. Richards
022 ). EzTao is an efficient package for simulating, modelling,
nd recovering the parameters of DRW and higher order time-
eries models for AGN variability, implemented using Gaussian
rocesses. Solely the DRW kernel is then used in a GP fit to
roduce a continuous light curve for the AGN. An example of 
his fit is shown in Fig. 2 . 

Our Gaussian process fit yields inflated uncertainties, particu-
arly during the gaps between observations. This behaviour arises
rom the use of a zero-mean function with a stationary kernel,
hich models the transient as a deviation from the mean (Anilku-
ar et al., in preparation). As shown in Fig. 1 , these effects are
ost pronounced further away from the transient peak. How-

ver, this does not impact our subsequent analysis, as data point
rrors are determined using the Rubin Survey Simulator
see Section 2.5 ) rather than the GP uncertainty. 

.3 Rescaling luminosity for simulated light curves 

ince LSST observes to a deeper limiting magnitude than ZTF
e.g. in r-band, mlim , ZTF = 20.6, mlim , LSST = 24.7), a transient at a
iven redshift would be detected with high confidence in LSST
oth earlier and later in time than the same transient in ZTF.
imulating this would require an extrapolation in time, which
ould require a more complicated model not anchored in the
TF data. 
To avoid this issue, we instead place each simulated light curve

t a distance where the signal-to-noise in LSST would approxi-
ately match the observed signal-to-noise ratio of the observed
ASTI 5, 1–14 (2026)
ight curve in ZTF. Effectively, this shifts the simulated popula-
ion to higher redshifts where the bulk of LSST transients will be
etected, while also preserving the shape of the observed lumi-
osity distribution from ZTF. We note that this will result in few

ow-redshift transients in our simulated data set; however such
bjects are likely to be identifiable already with existing methods
nd surveys, complemented by the additional colour information
rom LSST. It is for the more distant objects that we need to
mprove light-curve classifiers. 

The real distance to each ZTF object is calculated from its
nown redshift, using astropy.cosmology with WMAP9 from
. Hinshaw et al. ( 2013 ). The following equation is then used to

alculate a simulated distance at which the observed flux from
he object is at the same factor above the LSST detection limit as
he original flux was above the ZTF detection limit: 

LSST = DZTF ×
√ 

Flim, ZTF 

Flim, LSST 
× σ. (3) 

A random scatter component ( σ = 0.9–1.1) is included within
his equation to enhance the variety of simulated objects pro-
uced for the data set. This simulated LSST distance for each
bject is then used to determine the simulated LSST redshift using
he same cosmology calculator. The simulated flux is rescaled
ollowing: 

LSST = FZTF × Flim, ZTF 

Flim, LSST 
× δ. (4) 

To further enhance the variety of simulated objects produced
or the data set, a scatter component ( δ) is selected from a normal
istribution, which can be tuned differently if desired to represent
he diversity inherent to different transient classes. For discussion
n the values used in our data challenge, see Section 3.3 . 

Finally, the effect of time dilation on the observed light curve
as taken into account using the known ZTF redshift ( zZTF ) and

he simulated LSST redshift ( zLSST ): 

(t − tpeak )LSST = (t − tpeak )ZTF × 1 + zLSST 
. (5) 
1 + zZTF 

art/rzag019_f2.eps
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Figure 3. Six band plot of continuous k-corrected light curves for the 
SN II ZTF22abcfics/SN2022ryv. The r-band is produced via a GP fit of 
the observed data, whilst the other bands are produced using the colour 
differences generated from the SNCosmo models. The instances of more 
erratic variation in the z and y bands are the result of less data for the 
model for those bands, but are well within the bounds of the error values 
for their respective bands. 

Figure 4. Plot comparing the simulated continuous g band light curve 
generated via the observed redshift SNCosmo colour differences to the 
observed g -band data for the SN II ZTF22abcfics/SN2022ryv. The simu- 
lated data is shown to provide a reasonable match to the observed data, 
verifying the validity of this approach. 
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.4 Using SNCosmo models to create data for missing 

ands 

ne of the main challenges in simulating LSST data from ZTF
bservations is that ZTF observes predominantly in two bands ( g
nd r – though with occasional i -band observations), whereas the 
SSTCam (SLAC National Accelerator Laboratory & NSF-DOE 

era C. Rubin Observatory 2025 ) will observe in six bands ( u , g, r,
 , z, and y ). Therefore, it is necessary to simulate data for the other
our bands not observed by ZTF, and important that this is done
n such a way as to still be grounded in the real transient obser-
ations. Since the surveys share some bands, we will henceforth 

ifferentiate observations/simulations in ZTF and LSST using the 
ubscripts ‘Z’ and ‘L’. 

To accomplish this, we used the SNCosmo package (K. Barbary 
t al. 2025 ), which allows us to generate empirically motivated 

pectral energy distribution (SED) models for different types of 
ransients at a given redshift and time since explosion. For each 

TF transient with an available spectroscopic type, we select an 

ppropriate SNCosmo model, and use it to generate two time- 
ependent SEDs – one at the observed redshift and one at the
imulated LSST redshift. 

From these time-dependent SED models, we can then compute 
he colour evolution and k-correction in each LSST band with re-
pect to our reference band ( gZ or rZ ); i.e. rZ − uL , rZ − gL , rZ − rL ,
tc. These colour curves can then be added to the (time-dilated)
P fit of the reference band to produce k-corrected simulated 

ight curves for all six LSST bands using: 

L (t ′′ ) = FZ (t ′ )10(mZ (t ′ ) −mL (t ′′ )) / 2 . 5 . (6) 

FZ and FL are the fluxes in the ZTF reference band and the
imulated LSST band respectively. mZ − mL is the colour com- 
uted with SNCosmo. All of the variables are functions of time,
ith t ′ = (t − tpeak )ZTF and t ′′ = (t − tpeak )LSST ; these quantities 

re related through equation ( 5 ). 
These colour curves are applied only in a restricted temporal 

egion around the transient. This is necessary as it prevents the
olour curves from exaggerating random noise in ZTF around 

ero flux, which may produce a ‘detection’ in another band if 
he colour term is large enough. The colour curves are set to zero
utside of this range so that each curve follows that of the refer-
nce band. This is a reasonable approximation as we would expect 
hotometry in all bands to fall within a standard deviation of the
aseline before the transient has occurred and after it has faded. 
or most transient types, we define this range as 50 d × (1 + z)
rior to the peak to 150 d × (1 + z) after the peak. For particularly

ong-lived transients this range is extended. For SN Ic-BL, SN IIn,
nd SLSN, the defined range is 100 d × (1 + z) prior to the peak
o 300 d × (1 + z) after the peak. For TDEs, the defined range
s 100 d × (1 + z) prior to the peak to 400 d × (1 + z) after the
eak. The range limit is not applied to AGN light curves, as they
re expected to vary continuously and as such may have colour
volution throughout their entire light curve. 

This process therefore allows us to produce a full six-band 

ontinuous k-corrected light curve based on a real ZTF light curve 
nd realistic SEDs for a given transient type. An example is shown
n Fig. 3 . 

To verify the validity of this approach, we also simulate data 
n the ZTF band with fewer data points (i.e. the band not used
or the GP fit) at the ZTF (true) redshift, and compare to the real
bservations for that band. As shown in Fig. 4 , the simulated
ontinuous g -band light curve provides an acceptable match to 
he real ZTF g -band observations. 

.5 Implementing LSST cadence 

n order to create realistic and representative simulated transients
or LSST, we sample our model light curves using the LSST ca-
ence Baseline v5.0.0 from the Rubin Survey Simu- 
ator (P. Yoachim 2025 ; P. Yoachim et al. 2025a , b ). 
For each model light curve, a random RA and Dec are chosen

ithin the LSST footprint, and a random date for the light curve
eak is chosen within the 10 yr survey period. The cadence sim-
lation is then used to determine the visit dates for each filter.
hese visit dates can then be matched with the corresponding 
alues from the continuous light curves for each band. 
RASTI 5, 1–14 (2026)
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Figure 5. Example of a final simulated LSST light curve based on the 
real ZTF light curve for SN II ZTF22abcfics/SN2022ryv. The luminosities 
have been subjected to some random scatter within measurement uncer- 
tainties to mimic the expected scatter from noise in LSST. 
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Figure 6. Plot showing a simulated LSST light curve based on the real 
ZTF observations of the SN II ZTF22abcfics/SN2022ryv. This light curve 
has been simulated within the Extended Chandra Deep Field South 
(ECDFS) and thus given Deep Drilling Field (DDF) cadence, resulting in 
a much more densely observed light curve than in Fig. 5 . 
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Often, these random dates fall in a period of solar conjunction,
r when the field is in the ‘off-season’ of the LSST rolling cadence.
o avoid generating useless light curves which would be egre-
iously difficult to classify, we apply safety checks to ensure that
he transient is actually detected in the simulation. We define a
etection as having 10 data points across all bands with a signal-
o-noise ratio > 5 σ . If the transient is not detected, the matching
s repeated with newly generated co-ordinates and date. 

We then apply Galactic extinction to the simulated LSST light
urves. This is carried out in an inverse of the method described
n Section 2.1 . The effective wavelengths for the LSSTCam used
o compute the extinction for each LSST band were: u = 3641Å, g
 4704Å, r = 6155Å, i = 7504Å, z = 8695Å & y = 10056Å. These

alues were sourced from the SVO Filter Service (C. Rodrigo & E.
olano 2020 ). 

The Rubin Survey Simulator baseline contains 5 σ de-
ection limits for each observation. Given the faintness of our tar-
ets, we assume that all measurements will be sky-noise limited.
e therefore estimate the errors on each photometric point by

onverting these limits from AB magnitude to flux and multiply-
ng by 0.2. 

Using a normal distribution with width equal to these esti-
ated measurement uncertainties, scatter is added to each light-

urve point. This mimics the expected scatter due to observational
oise. This is the final stage in producing a simulated LSST light
urve from an existing ZTF light curve, an example of which is
hown in Fig. 5 . This process should be replicable for any future
hotometric survey. All that is required are the light curves from
ne survey, the cadence of the new survey, and the limiting mag-
itudes for each survey. 
Though most of the data from LSST will be obtained in

he wide-fast-deep (WFD) fields, through the use of the Ru-
in Survey Simulator , we can also produce light curves
ith deep drilling field (DDF) cadence. By selecting co-ordinates
ithin one of the deep drilling fields, the simulation will provide

isit dates and depths for that position, producing a light curve
ith a much greater cadence. An example is shown in Fig. 6 .
his will occasionally happen naturally in our simulation via the

andom selection of RA and Dec, or can be artificially forced by
electing a DDF position. 
ASTI 5, 1–14 (2026)
 MALLORN  DATA  SET  PRODUCTION  

.1 Zwicky Transient Facility data 

he total number of ZTF objects used to generate simulated LSST
ight curves was 2198. Of this, roughly two-thirds are AGNs and
ust less than a quarter are SNe Ia. The remainder are made up
f a variety of other transients. The following types of transients
re within the ZTF data set and are used within the production
f MALLORN: SN Ia, SN Ia-91T-like, SN Ia-91bg-like, SN Ia-02cx-
ike, SN Ia-pec, SN Ib, SN Ib/c, SN Ic, SN Ic-BL, SN II, SN IIb, SN
In, superluminous supernovae (SLSN) Types I and II, TDE and
GN. 
Although present in small numbers within the ZTF nuclear

ransient data set, no galactic transients (such as cataclysmic vari-
bles) or variable stars were included within the MALLORN data
et. The contextual information LSST and the alert brokers will
rovide (e.g. host galaxy associations; D. Young 2023 ) in combi-
ation with the nature of the light curves for such objects should
e sufficient to exclude most of these objects – and as such it was
nnecessary for us to simulate them within the MALLORN data
et. 

In constructing our simulation, some initial checks on input
ight-curve quality were applied. If the light curve had less than 30
ata points it was screened out. These measures predominantly
ffected the AGN matched via the Milliquas crosscheck, some
f which were close to the ZTF detection limit. This is particularly
revalent for more distant AGN. For other object types, the se-

ection on spectroscopic labels from TNS ensured that most were
right and well detected. 

Further safety checks are present in the GP fit to ensure the va-
idity of the fit. The fit will rerun with slightly altered parameters
f it fails to reach 90 per cent of the observed peak flux, repeating
ntil within the range of this threshold value or continuing on
fter the fifth attempt. This primarily affects narrow light curves
here the GP might smooth the sharp peak. An MSE value is

alculated for each of the GP fits calculated using the method
escribed in Section 2.2 . If the MSE value produced is greater
han 0.3, the fit is considered failed and the object is discarded.
his was quite a rare occurrence, but was a necessary measure to
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Table 1. SNCosmo models chosen for each transient type. 

Transient type Selected models 

SN Ia hsiao 
SN Ia-91T nugent-sn91t 
SN Ia-91bg nugent-sn91bg 
SN Ia-02cx nugent-sn91t 
SN Ia-pec hsiao 
SN Ib v19-2004gq, v19-2007uy, v19-2012au 
SN Ib/c v19-2005bf, v19-2006ep 
SN Ic v19-2004gt, v19-2011bm 

SN Ic-BL v19-1998bw, v19-2002ap, v19-2007ru 
SN II/IIP v19-1987a, v19-2009ib, v19-2009kr, 

v19-2013ab, v19-2013am, v19-2016x 
SN IIb v19-1999dn, v19-2006t, v19-2008aq, v19-2008bo, 

v19-2011dh, v19-2011ei, v19-2011fu, v19-2011hs 
SN IIn v19-2006aa, v19-2011ht 
SLSN-II v19-2011ht 
SLSN-I Linear Temperature Blackbody 

(M. Nicholl, J. Guillochon & E. Berger 2017 ; S. 
Gomez et al. 2024 ) 

TDE Linear Temperature Blackbody (S. Velzen et al. 2021 ) 
AGN Constant Temperature Blackbody 
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nsure the validity of the GP fits. From the test of 200 randomly
elected objects 85.4 per cent passed this requirement. 

There is an additional safety measure for the DRW model, 
hich excludes AGN with light curves having a duration of less

han thirty days. The MSE approach was not viable to assess the
RW fit due to the different nature of variability in the AGN light

urves. Removing only a small fraction of the points can result
n a significant change to the shape of light curve and a large

SE value, resulting in a large quantity of AGN fits not passing
he MSE check, even though the light curve produced is still
hysically reasonable for a stochastically varying AGN. A large 
umber were visually assessed when testing the DRW fit which 

erified the validity of the approach. With the stochastic nature of 
GN variability and the large number of examples present within 

he data set, an exact fit to any particular light curve is not as
mportant as it was for other transient types. 

.2 SNCosmo models 

 variety of models were used to produce the SED models re-
uired to generate the colour differences, with examples shown 

n Fig 7 . For thermonuclear supernovae, the ‘hsiao’ model (E.
. Hsiao et al. 2007 ) was used for SNe Ia, as it provided good
overage across all six bands. For SNe Ia-91T-like the ‘nugent- 
n91t’ model was used (D. Stern et al. 2004 ) and for SNe Ia-91bg
he ‘nugent-sn91bg’ model was used (P. Nugent, A. Kim & S. 
erlmutter 2002 ). There is no matching model for SN Ia-02cx-like 
or Iax), so the ‘nugent-sn91t’ model was used as an approximate 
t for this class. The early-time colours are similar since SNe Iax
pectroscopically resemble SNe Ia-91T-like at early times within 

bout a month of explosion (S. W. Jha 2017 ). Similarly for SN Ia-
ec (an ill-defined term covering any anomalous SN Ia) there is
o matching SNCosmo model and so the ‘hsiao’ model was used

o provide an approximate fit for the colours. 
For core collapse supernovae, there are a greater variety of 
odels available on SNCosmo . For consistency, it was decided 

hat we would prioritize the ‘v19’ models from M. Vincenzi et al.
 2019 ). For each class, there were multiple options to choose
rom, each based on an individual well-observed event. Where 
ossible, we included multiple models for each type and selected 

ne at random for each MALLORN simulated object, in order to
nhance the variety present within the data set. It was necessary
o exclude some models from this to ensure the production of 
uality six-band light curves. These models were excluded pre- 
ominantly due to poor coverage in the z and y bands. For the
ull SNCosmo model selection details see Table 1 . 

There is no model or viable appropriate substitute within 

NCosmo for TDEs or AGN. For these it was necessary to con-
truct blackbody models – an excellent approximation for TDEs 
n particular. For TDEs a time-evolving blackbody model with a 
inear temperature change was implemented. A TDE peak tem- 
erature is selected at random from a list of ZTF-based tempera-
ures. The average of the TDE temperature distribution is 1 . 3 ×
04 K with a standard deviation of 5 × 103 K and a maximum tem-
erature of 3 . 2 × 104 K. Following S. Velzen et al. ( 2021 ), a linear
emperature evolution list was produced via multiband modelling 
f the g and r bands of the ZTF TDEs, supplemented by UV data
rom other surveys if available. 4 The value for the linear change 
n temperature over time (K d−1 ) which most closely matches the
 https://github.com/sjoertvv/manyTDE 

S
m
t  
elected peak temperature is then chosen from the list of ZTF-
ased temperatures. This linear temperature change, which can 

e positive or negative, is then applied to the temperature used
n the model for 100 d after the peak date of the light curve.
fter this 100 d a constant temperature is used. A maximum

emperature of 40 000 K and minimum temperature of 8000 K
ere implemented to prevent the linear temperature change from 

roducing unphysical TDEs. While we could have used the best- 
tting temperature and evolution for the ZTF TDEs, randomly 
electing a temperature for each simulated TDE was considered 

referable as it treats all of the objects the same and helps to
nhance the variety within the data set. 

For AGN, a constant-temperature blackbody model is used. 
GN spectra are traditionally approximated with a power law 

C. M. Urry & P. Padovani 1995 ), however a blackbody also pro-
ides a reasonable approximation in the optical range. The AGN 

emperatures are produced via the same multiband modelling 
ethod as the TDE temperatures using ZTF AGN, and are again

elected at random to enhance variety. The average of the AGN
emperature distribution is 1 . 5 × 104 K with a standard deviation
f 2 . 3 × 104 K, with the standard deviation inflated by some blue
utlier AGN. We note that AGN often show lags between the
ight curves in different bands. Bluer bands change first, with the
orresponding change in the redder bands following later. This is 
ikely due to accretion occurring at the hotter, innermost edge of 
he disc and energy generated there takes at least a light travel-
ime to reach the cooler, outer parts of the disc (R. D. Blandford
 C. F. McKee 1982 ; B. M. Peterson 1993 ). Typical observed time

ags from u to y band are of the order of a few days (e.g. B. J.
happee et al. 2014 ; M. M. Fausnaugh et al. 2016 ; H. Netzer 2022 ).
herefore while these are neglected in our SED model, they have

ittle effect on the observed light curves when passed through the
SST cadence. Treating these delays properly would require con- 
traints on the SMBH mass, which we lack for most of our sample.

The other classes with no built-in examples present in 

NCosmo are the SLSNe. For SLSNe-I, we used a blackbody 
odel with UV absorption below 3000 Å, based on the magne- 

ar model described in M. Nicholl et al. ( 2017 ), coupled with a
RASTI 5, 1–14 (2026)
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Figure 7. Plots showing the GP fit to the observed data points (LHS), the 6-band continuous SNCosmo plots (centre) and an example of that object 
simulated at an example LSST luminosity and observing cadence. From top to bottom, the plots are for SN Ia, SN Ibc, SN II, SLSN, TDE, and AGN. For 
SNe & TDEs the SNCosmo models are used to generate colours in a defined temporal region when the transient occurs. As AGN are expected to vary 
continuously the SNCosmo model is used to generate colours for the entire light curve. 
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Table 2. Summary of all quality selection criteria for light-curve 
generation. 

Metric Criteria 

GP fit quality ∗ MSE < 0.3 
Cadence and detection quality > 10 5 σ detections across all six bands 
Bright enough to classify Peak flux > 2 . 5 × mlim ,r and z < 5 

∗AGN exempted from this check. 
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5 Sindarin Dictionary – https://www.ambar-eldaron.com/english/ 
downloads/sindarin-english.pdf
6 https://www.kaggle.com/ 
inear temperature change similar to our TDEs. For this model, 
 random start and end temperature are selected (from between 

0 000–15 000 K and 5000–8000 K, respectively) based on the val-
es in S. Gomez et al. ( 2024 ). A cooling rate (K d−1 ) is then calcu-

ated by dividing the difference between these temperatures by a 
andomly selected cooling time (30–100 d). This linear tempera- 
ure change is then applied for 70 d after peak. For SLSNe-II the
rightest SN IIn model, ‘v19-2011ht’, was selected, as SLSNe-II 
re thought to be the high end luminosity tail of SNe IIn (A. Gal-
am 2019 ). 

SNe & TDEs which occur in an AGN are not modelled differ-
ntly with SNCosmo than other non-AGN SNe & TDEs. As the
ight curves are produced from difference imaging, it is assumed 

hat the AGN will have been included in the template image and
ffectively subtracted from subsequent images. Consequently, the 
ight curves and the colour evolution of the transient should not
e affected by the presence of an AGN provided that the AGN

s at a similar brightness at the time of the transient as it was at
he time of the template image. In reality, some AGN will likely
ave coincidentally faded or brightened between the template 

mage and observations of the transient, however modelling this 
s beyond the current scope of MALLORN. 

.3 Large scale production 

or each real ZTF object within the source data set, it was possi-
le to produce several distinct LSST light curves, enabling us to
psample the data set. 
The σ and δ parameters described in Section 2.3 provide vari- 

tion in the peak absolute and apparent magnitudes. Using a 
tandard deviation of 0.3 for δ provided a good compromise be- 
ween adding variation and avoiding excessively bright or faint 
ransients. We get variety in colour via using different templates 
or core-collapse SNe and different temperatures for TDEs, AGN, 
nd SLSNe. The LSST cadence supplies sufficient variety that 
bjects produced from the same source with a different position 

n the sky and at a different date are distinct from each other as
hown in Fig. 8 . 

Through the combination of the random scatter component in 

he distance calculation and the peak magnitude scatter compo- 
ent, it was possible for objects to be generated at luminosities

hat were not viable for detection. To prevent these objects from
eaking into the MALLORN data set, a safety measure was im-
lemented which removed objects that peaked below the LSST 

imiting magnitude. This mostly excluded AGN whose source 
bjects were already close to the ZTF limit. 

This allowed for the MALLORN data set to reach a potential
otal of roughly 20 000 objects. Due to the quality cuts a final
otal of 10 178 light curves were produced and included in the

ALLORN data set. A summary of all of the light-curve quality 
riteria is outlined in Table 2 . 
Determining the redshifts of the observed objects is vital for 
any of the science goals for LSST. Ideally the redshift is deter-
ined spectroscopically, however this is not possible to obtain 

or all galaxies in LSST or even just all transient hosts. LSST
nstead aims to use its broad-band photometry and predictions 
rom galaxy SEDs to determine a photometric redshift value. This 
pproach allows for a redshift value to be determined for a much
arger quantity of objects, however it is less accurate than a spec-
roscopic redshift (M. L. Graham et al. 2018 ; E. Jones et al. 2024 ).
or the objects in the MALLORN data set a simulated photo-
etric redshift is created. The ‘true’ simulated redshift is known 

or all objects. The uncertainty in LSST photometric redshifts is 
xpected to follow M. L. Graham et al. ( 2018 ): 

err = 0 . 02 × (1 + z) . (7) 

 simulated photometric redshift for each MALLORN object is 
rawn from a normal distribution centred on the real redshift 
alue with a standard deviation equal to zerr . This approximates 
he photometric redshift and its uncertainty that will be avail- 
ble in LSST data releases, and may be an important feature in
ransient photometric classification. While the above relation will 
old for most LSST galaxies, misidentified photometric redshift 
stimates can produce large outliers. For the first two years of 
SST it is expected that 15 per cent of photometric redshifts will
e incorrect, with this fraction reducing to 4 per cent by the
nd of the 10-yr survey (M. L. Graham et al. 2018 ). Conversely,

90 per cent of photometric redshifts are expected to be accu- 
ate. Therefore, we do not currently include failed photometric 
edshifts within the MALLORN data set. Dealing with inaccurate 
hotometric redshifts is an important issue, but in some ways 
 separate step to the photometric classification that the MAL- 
ORN Astronomical Classification Challenge is focused on im- 
roving. Furthermore, given the subtlety of this issue, inclusion 

f inaccurate photometric redshifts would likely disproportion- 
tely affect the performance of non-astronomers in the MAL- 
ORN Astronomical Classification Challenge. 
Storing our simulated objects, and associated classifications 

ith light curves, requires a unique identifier for each one. To
roduce a unique object ID for each of the simulated light curves
roduced, three Sindarin words are chosen at random and com- 
ined. Sindarin is a fictional language J.R.R. Tolkien developed 

or his Elves in ‘The Lord of the Rings’ (J. R. R. Tolkien 1954 ),
hich felt appropriate given the data set is named after the

olden-leaved mallorn trees of Lothlórien. The Sindarin dictio- 
ary 5 chosen contained 375 words, therefore allowing for roughly 
 × 107 possible combinations which was more than sufficient 
or the roughly 2 × 104 light curves generated for the MALLORN 

ata set. The simulations were run on the Queen’s University 
elfast high-performance computing facility Kelvin2. 

 DATA  C H A L L E N G E  ST RUCT URE  

he MALLORN Astronomical Classification Challenge is hosted 

n Kaggle. 6 This site has been used previously for other astro-
omical classifier challenges (T. Kitching et al. 2011 ; D. Harvey
t al. 2014 ; R. Kessler et al. 2019 ), providing the opportunity for
RASTI 5, 1–14 (2026)
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Figure 8. Eight simulated LSST light curves produced from the same real ZTF TDE (ZTF21abcgnqn). The LSST cadence and the scatter parameters 
used to generate the light curves provide sufficient variety to allow for multiple distinct light curves to be created from the same ZTF object. The GP fit 
to the r band, rescaled and extincted at the same values as the points, is included as a dashed red line to show the continuous light curve of the transient. 
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oth astronomers and members of the general public to partici-
ate in producing and testing the effectiveness of classifiers. 
For the purposes of the classifier challenge the data set is split

nto training set, public testing set, and private testing set files.
or the training set, the spectral type and true redshift are known,
ASTI 5, 1–14 (2026)
hereby providing all the information that would be required to
rain a machine learning classifier (or other alternative) on that
ortion of the MALLORN data. This comprises 30 per cent of 
he overall data. The remaining 70 per cent is the testing set, on
hich the responses to the classifier challenge will be judged. For
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his portion of the data, the user will not know the spectral type
nd only an estimated photometric redshift is provided. The test- 
ng set is split into two portions – public and private. For the pub-
ic testing set the user will be able to see the overall performance
f their classifier when they submit, therefore allowing them to 
ake changes to improve their classifier and resubmit another 

esponse to the classifier challenge. For the private testing set, the
ser’s performance is not shown to them. The purpose of this is to
revent a user from overfitting by iteratively training to improve 
heir score only on the public test set. The inclusion of a private
esting set keeps the classifier challenge fair and helps to ensure
hat the classifiers tested on it will be effective at classifying actual
SST TDEs and not just fine-tuned to spot the TDEs included in

he MALLORN public testing data set. 
The light-curve files contain information on the object ID, date 

MJD), flux (μJy), flux error (μJy), and filter. Multiple objects are 
ssigned to one light-curve file. There are training set and testing
et log files which contain information on the object ID, redshift,
edshift error, extinction coefficient E(B − V ) , spectral type, and 

n English translation providing the meaning of the object ID. 
he training set log is set to have spectroscopically determined 

edshifts, and as such has the actual simulated redshift value and 

o error value. Additionally, the spectral type is available for the
raining set. For the testing sets, the photometrically determined 

edshifts and their corresponding error values are used and the 
pectral type is not included. The E(B − V ) value is included to
llow for the light curves to be de-extincted easily by the user.
t was chosen to include these values directly rather than the
A and Dec to simplify the process of handling the data for
on-astronomers who may wish to participate in the MALLORN 

lassifier challenge. There are additional master log files detailing 
ther parameters generated in production which are kept private. 

To further lower the minimum barrier to entry for the classifier
hallenge, the Using MALLORN Data Google Colab Notebook 

7 

etails the process of loading in and de-extincting a light curve 
rom the files and loading the relevant information for that light
urve from the log files. The purpose of this notebook is primar-
ly to lower the barrier of entry for non-astronomers and better
nable their participation in the classifier challenge. This is of 
articular importance as there may be many who are talented 

n machine learning and computer science who could otherwise 
e put off from the challenge by its inaccessibility. Of the top
hree best performing entries to PLAsTiCC, only the top entry, 
etailed in K. Boone ( 2019 ), was from an astronomer, with the
ther top performing entries from members of the general public 
R. Hložek et al. 2023 ). We aim to make this classifier challenge as
ccessible as possible to maximize the potential gains in classifier 
erformance prior to the start of LSST and therefore bolster our
bility to identify TDEs with LSST. 

Users are welcome to identify other types of transient within 

he data (and some participants may be specifically interested in 

earning how to find other classes in LSST), but the final score
n the classifier challenge will only be based on the ability of 
he classifier to identify TDEs within the MALLORN data set. 
esponses will be evaluated using the F1 score (D. M. W. Powers
011 ). This is a common machine learning evaluation metric 
hich assesses the precision and recall scores of a model. Pre-

ision is the accuracy of the model, evaluated based on the ratio
 https://colab.research.google.com/drive/ 
N7Q1bxc2gxBuOv2eD3fTYsrxoLC2dQAP 

f
T
t  

F  
f true positive values retrieved and the total number of positive
alues retrieved. Recall is the sensitivity of the model, determined 

rom the ratio between the number of correctly predicted positive 
alues and the total number of positive values in the data set.
he F1 score itself can be interpreted as the harmonic mean of 

hese two values, with an F1 score of 1 corresponding to the best
ossible performance and a score of 0 to the worst. The precision
nd recall values have equal weighting in the calculation of the
1 score. The F1 score is calculated using the following formula: 

1 = 2 × TP 

2 × TP + FP + FN 

. (8) 

In the above equation TP is the number of true positives (cor-
ect positive predictions), FN is the number of false negatives 
incorrect negative predictions) and FP is the number of false pos-
tives (incorrect positive predictions). The competitor submitted 

lassifications will be compared against the known types from the 
ata production log files to determine the F1 score. Using the F1
core to select the most successful model disfavours models that 
verpredict the amount of TDEs in order to inflate their com-
leteness. Whichever competitor achieves the highest F1 score 
ill be determined to be the winner of the MALLORN Classi-
cation Challenge. The MALLORN Astronomical Classification 

hallenge was live as of the time of writing, having launched on
025 October 15, and closed on 2026 January 30. 

The competitor who produces the highest scoring classifier will
in a €1000 prize. Whilst second and third place will receive 
250 and €100, respectively. In addition to the monetary reward 

he best performing competitors will be invited to add their clas-
ifier to a platform which is being developed to host the best TDE
lassifiers. The benefit of this being that their classifier, along 
ith others, will contribute to and receive credit for many future
DE discoveries. 

 DISCUSSION  AND  CONCLUSIONS  

aving produced our simulated data set of ∼10 000 LSST tran-
ients, we now assess what their light curves imply for transient
cience, and particularly TDE science. During the creation of the 

ALLORN data set it became clear that some LSST bands will
e much more useful for transient discovery than others, largely 
ue to the differences in detection limits and the cadence strategy
hosen. The g, r, and i bands will be the most useful, with frequent
bservations allowing for effective analysis of time evolution and 

etection limits which are capable of providing good signal-to- 
oise detections of fainter transients. 
The u band has a sufficient detection limit to provide solid

etections for fainter transients. This band is expected to be par-
icularly important for the photometric identification of TDEs, 
hich are inherently blue (S. Gezari 2021 ). Supernovae have 
een shown to peak at much redder wavelengths with increasing 
edshift, whereas TDEs continue to peak at blue wavelengths 
ith increasing redshift (S. Velzen et al. 2021 ). Therefore, these
 band observations will likely play a key role in the photometric

dentification of TDEs. The utility of this band is however limited
y its less-frequent use in the LSST cadence. 

For the z and y bands, the combination of infrequent sampling
nd shallower detection limits significantly restrict their utility 
or transient discovery and likely for photometric classification. 
his is particularly prominent for y band observations of fainter 

ransients, which are much noisier than in other bands (see e.g.
igs 5 and 7 ). For much brighter objects, these filters will likely
RASTI 5, 1–14 (2026)
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Figure 9. Bar chart showing the fraction of TDEs in MALLORN to 
pass the some_color and some_color_pu metrics from K. B. Bric- 
man et al. ( 2023 ). The fraction of TDEs able to pass both metrics is 
shown to decrease with increasing redshift, particularly in the case of the 
come_color_pu metric. 
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rovide good IR coverage of objects, but they will be of very lim-
ted use in the discovery and photometric classification of fainter
ransients. 

We analyse the likelihood of detecting TDEs in LSST using our
ALLORN data set and the metrics outlined in K. B. Bricman

t al. ( 2023 ). The some_color metric requires at least one de-
ection pre-peak ( t < tpeak − 10 d), at least three detections in at
east three different filters within 10 days of peak, and at least
wo detections in at least two different filters 10–30 days after
eak. The some_color_pu (‘plus u ’) metric requires at least one
etection pre-peak ( t < tpeak − 10 d), at least one detection in the
 band and at least one detection in another filter within 10 d
f the peak and at least one detection in another filter 10–30 d
fter peak. These criteria give a rough estimate of whether a TDE
an be selected photometrically, and whether there is enough
nformation to extract physical insight. A detection within 10 d
f the peak is required for a reliable estimate of the black hole
ass (K. B. Bricman et al. 2023 ). Detections within 10–30 d after

eak are necessary to estimate the fallback rate and hence the
ass and impact parameter of the star which produced the TDE

J. Guillochon & E. Ramirez-Ruiz 2013 ). 
Using a simulated population of TDEs [1000 at varying red-

hifts, based on a ‘normal’ TDE, PS1-10jh (S. Gezari et al. 2012 ),
nd a ‘fast and faint’ TDE, iPTF16fnl (N. Blagorodnova et al.
017 )] and Baseline v1.5 , K. B. Bricman et al. ( 2023 ) evalu-
ted how many TDEs would pass these detection metrics in LSST.
.5 per cent of TDEs were found to pass the some_color metric
nd 1.5 per cent were found to pass the some_color_pu metric.
hese results were found to be heavily dependent on redshift,
ith mainly low-redshift TDEs passing the metrics, particularly

n the case of the ‘fast and faint’ TDEs. 
We recalculate these metrics for MALLORN to update the

redictions for TDE performance, as our simulations included
 much more representative set of TDEs and the latest LSST
adence. Defining a successful detection as a 5 σ observation,
.5 per cent of the TDEs in MALLORN pass the some_color
etric whilst 2.7 per cent pass the some_color_pu metric.

he results are broadly similar, with the updated version of the
aseline accounting for some of the discrepancy. Additionally, the
easures taken to ensure a minimum level of quality in MAL-

ORN may slightly inflate the amount of TDEs which pass the
etric in comparison to K. B. Bricman et al. ( 2023 ). However, it

s worth noting that our simulation largely ignores low-redshift
DEs due to how we rescale the ZTF objects. Including more
DEs at z << 0 . 1 (though a small fraction of LSST TDEs) would
omewhat increase these metrics. A correlation between redshift
nd metric performance was also observed in MALLORN, as
hown in Fig. 9 . The fraction of TDEs which pass both metrics
ecreases with increasing redshift, particularly in the case of the
ome_color_pu metric, which has no successes at z � 1 . 
There are various types of transients (such as kilonovae and

Ne Ibn) not included within the MALLORN data set, as they
ere not present in the ZTF nuclear transient data set that was
sed to generate it. Given that these types of transients did not
ppear in the extensive ZTF sample, they are clearly rare in galaxy
uclei and so we do not expect them to be a significant con-

aminant in the search for TDEs. Ambiguous Nuclear Transients
ANTs; P. Wiseman et al. 2025 ) are also not included as a class in
he MALLORN data set, due to their rarity. However, our data set
oes include some TDEs which occurred in AGN. 
There are some limitations of the MALLORN data set that

ould be improved upon if this method was to be repeated for
ASTI 5, 1–14 (2026)
 future survey. Many of the SNCosmo models lack good SED
odel coverage of the i , z, and y bands. By carefully selecting
odels we were able to create reasonable colour curves and k-

orrections, but improved coverage in redder bands (which LSST
ill provide) would allow for this to be more accurate in future.
right and nearby objects that LSST observes will likely have
dditional behaviour prior to the rise visible in the ZTF data and
otentially more activity after the light curve fades to the ZTF de-
ection limit. The MALLORN data set focused on being grounded
n real observations, and consequently we avoided extrapolating
o produce the simulated data required to produce these light
urves. We believe that these brighter transients should be easier
o classify, whereas the fainter objects we are focusing on will be

ore difficult. Therefore our data set will be more challenging for
urrent classifiers and provide a greater avenue for improvement
n advance of the start of LSST. 

The ZTF data used in the creation of MALLORN is almost
nbiased above m = 18 , as the Bright Transient Survey (BTS; C.
remling et al. 2020 ) will have obtained spectra for all transients
righter than this. However, for objects fainter than this, there

s a bias in that bluer objects are more likely to have a spectro-
copic classification (and therefore make it into our training set),
esulting from the selection criteria for additional observations
f TDE candidates defined in Y. Yao et al. ( 2023 ). The practical
mplication of this is to slightly increase the fraction of events
n the MALLORN data set that are TDEs, or that have colours
t peak similar to TDEs. Since the goal of the challenge is to
mprove TDE photometric classifiers, the inclusion of more TDEs
nd likely TDE contaminants is unlikely to have too negative an
mpact on this science. 

The selection of temperature at random rather than matching
he observed temperatures for all chosen objects may result in an
naccurate distribution of temperature in the TDEs generated in

ALLORN. This would be the case if there is a strong correlation
etween temperature and luminosity, in which case we may inac-
urately simulate some cooler distant TDEs that would be harder
o classify. There is some evidence for a correlation between lu-

inosity and temperature, but with a very large intrinsic scatter
hat suggests this effect will be modest within our data set (Y. Yao
t al. 2023 ). Despite this potential issue, this approach was still
ecessary in order to produce multiple simulated objects from

art/rzag019_f9.eps
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ne source object. The linear temperature change over time is not
andomly selected, the corresponding value for the nearest peak 

emperature is selected to ensure physically reasonable tempera- 
ure distributions. 

The class imbalances in time-domain transient astronomy 
resent some inherent challenges, which may make classification 

ifficult – especially for some traditional computer science ap- 
roaches. A simulated data set grounded in observational reality 
elps to overcome this issue, and is therefore beneficial to both
elds, providing a strong example of the benefit such interdisci- 
linary approaches can create. 
The MALLORN data set and Astronomical Classification Chal- 

enge will allow us to better prepare in advance of LSST, and
ontribute to a more effective and immediate start to transient 
esearch once the survey begins. The method developed for the 
roduction of MALLORN is highly replicable. It is possible to use

t to generate simulated data for any future photometric survey 
rom a previous one, given the limiting magnitudes of both and an
xpected cadence. By publicly providing our method via Google 
olab (and releasing on GitHub after the challenge) we expect 

hat this could be useful to prepare for other future surveys, such
s the Roman High-Latitude Time-Domain Survey. 

ATA  AVA I L A B I L I T Y  

ll the data produced as part of this work has been made publicly
vailable via Kaggle ( https://www.kaggle.com/competitions/ 
allorn- astronomical- classification- challenge/overview). 

he spectroscopic types of the private data set will remain 

idden during the duration of the data challenge and 

ill be made available upon its completion. Google Colab 
otebooks have been made available that describe how 

he data was produced ( https://colab.research.google.com/ 
rive/1oy96r29Zs4U5Hl-THsZPCnOQbuz21hl5 ) and how 

o use the data ( https://colab.research.google.com/drive/ 
N7Q1bxc2gxBuOv2eD3fTYsrxoLC2dQAP ). 
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