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Abstract

The advent of large astronomical surveys has made available large and complex data sets. However, the process of discovery
and interpretation of each potentially new astronomical source is, many times, still handcrafted. In this context, machine learning
algorithms have emerged as a powerful tool to mine large data sets and lower the burden on the domain expert. Active learning
strategies are specially good in this task. In this report, we used the PineForest algorithm to search for superluminous supernova
(SLSN) candidates in the Zwicky Transient Facility. We showcase how the use of previously confirmed sources can provide
important information to boost the convergence of the active learning algorithm. Starting from a data set of ∼14 million objects,
and using 8 previously confirmed SLSN light curves as priors, we scrutinized 120 candidates and found 8 SLSN candidates, 2
of which have not been reported before (AT 2018moa and AT 2018mob). These results demonstrate how existing spectroscopic
samples can be used to improve the efficiency of active learning strategies in searching for rare astronomical sources.
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1. Introduction

Large scale sky surveys, of which one of the most prolific
examples is the Zwicky Transient Facility (ZTF, Bellm et al.,
2018), have revolutionized the way astronomers interact with
the data. Given that each data release (DR) contains a few bil-
lion light curves (Malanchev et al., 2023), visually screening
the entire data set is not feasible. In this context, automatic ma-
chine learning algorithms offer the possibility to quickly clas-
sify large data sets (Baron, 2019). However, such algorithms
traditionally require a large number of previously labeled ex-
amples for training. This might not be a problem if the target of
classification is a well established, and deeply scrutinized, class
of astronomical objects. On the other hand, if the goal is to find
rare or not well known objects, for which only a small spec-
troscopically confirmed sample is available, the task becomes
much more difficult.

Anomaly detection (AD) algorithms are design to automati-
cally identify samples which deviate from the bulk of the data
or those unlikely to be generated by the same underlying statis-
tical distribution used to describe the overall behavior of a large
data set (Xiong et al., 2010). Such strategies have been exten-
sively exploited in recent literature, and have proven to be suc-
cessful when applied to a wide range of wavelengths and data
formats in astronomy (see e.g., Forestano et al., 2023; Mesar-
cik et al., 2023; Parmiggiani et al., 2023; Perez-Carrasco et al.,
2023; Aleo et al., 2024; Horton et al., 2024). However, given
the peculiarities of astronomical data, such examples will fre-
quently correspond to non-physical artifacts (noise, instrument
failures, spurious detections due to weather conditions, among

others). Despite its clear success, AD applied to astronomical
data is known to generate a significant fraction of non-physical
outliers (Sánchez-Sáez et al., 2021; Malanchev et al., 2021).

In order to identify scientifically interesting anomalies, feed-
back from the domain expert is paramount. This is where ac-
tive learning (AL, Settles, 2012) strategies play an important
role. AL is a class of machine learning algorithms where ex-
pert feedback is used on-the-fly to impose modifications in the
training sample, or in the hyperparameters of a particular ma-
chine learning model, thus allowing for incremental increase in
performance. When used in the context of AD, these learning
strategies allow the construction of personalized models, target-
ing the specific anomalies which satisfy the user’s definition.
Active AD algorithms like, Active Anomaly Discovery (AAD,
Das et al., 2017; Ishida et al., 2021) and Astronomaly (Lochner
and Bassett, 2021), have been applied to different astronomical
data sets (see e.g., Pruzhinskaya et al., 2023; Andersson et al.,
2024; Semenikhin et al., 2024; Voloshina et al., 2024) show-
casing their potential in helping select scientifically interesting
objects which can posteriorly be scrutinized by the expert.

Despite their undeniable success, all active learning strate-
gies when applied to a new data set require at least a few iter-
ations during which the expert needs to go through some ob-
viously non-interesting candidates. This burn-in period is nec-
essary to start the fine tuning process of selecting candidates
satisfying the user’s requirements. Although this stage is un-
avoidable, it is possible to boost the convergence of the algo-
rithm by providing examples of what the expert is searching for
before the actual learning loop starts. In this work, we show-
case one possible application of this strategy while searching
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for superluminous supernova (SLSN) in the ZTF DR8.
Superluminous supernovae are transients brighter (Lmax ≳

1044 erg s−1) than typical supernovae and show a wide range
of photometric and spectroscopic properties (Gal-Yam, 2012,
2019). The first reports of their detection date from the turn
of the century, however, they only became more frequent with
the arrival of systematic sky surveys. Given their high luminos-
ity, it is possible to detect them at relatively high redshifts, thus
enabling their use in the study of star formation in the early Uni-
verse (z ≥ 2), the interstellar medium or even in cosmological
applications (Moriya et al., 2018).

Given that SLSNe are relatively rare and their consequent
low incidence in ZTF DRs, they constitute a good science case
to demonstrate how the use of already known examples can help
boost results from active learning. We presents results from ap-
plying the PineForest algorithm (Kornilov et al., 2024, Ko-
rolev et al., - in prep.) enhanced with previously labeled ex-
amples. The characteristics of the data set are described in Sec-
tion 2 and our complete analysis pipeline is described in Sec-
tion 3. We present our findings in Section 4 and conclusions in
Section 5.

2. Data

The Zwicky Transient Facility (Bellm et al., 2018) consti-
tutes a public, multi-band survey conducted in the {zg, zr, zi}
passbands, covering the entire northern sky within the wave-
length range [4000 Å, 9000 Å]. It has a large instantaneous field
of view CCD camera, which effectively leverages the entire fo-
cal plane (∼ 47 deg2) of the 48-inch Samuel Oschin Telescope
at Palomar, resulting in a survey footprint which varies be-
tween 1000 and 2000 square degrees, depending on the season1.
ZTF conducts bi-monthly public data releases (DRs), providing
high-quality and reliable data products to enable time-domain
science. In this work, we analyzed private and public data from
ZTF DR8, which spans from March 2018 to September 2021
(58194 ≤MJD ≤ 58972).

As a starting point, we used the data curated by Voloshina
et al. 2024. We examined only the clear (cat f lags = 0) zr-
band light curves containing at least 300 detections in each light
curve. Moreover, we considered only sources with galactic lat-
itude b ≥ 30◦. This criterion aims to exclude galactic plane,
then prioritizing the extragalactic transients. In total, we ana-
lyzed 13761212 ZTF object identifiers (OIDs).

2.1. Confirmed superluminous supernova sample
Our initial SLSN sample was constructed using spectroscop-

ically confirmed SLSN from Transient Name Server2 (TNS),
resulting in 50 ZTF light curves. However, only 8 light curves
(corresponding to 6 individual SLSNe) fulfilled our selection
cuts and were available in the data set curated by Voloshina
et al. (2024). The surviving SLSNe are listed in Table 1.
We used these as a positive class priors initially given to the
PineForest algorithm to search for new SLSN candidates.

1https://irsa.ipac.caltech.edu/data/ZTF/docs/releases/

dr07/ztf_release_notes_dr07.pdf
2https://www.wis-tns.org/

Table 1: The prior list comprises 8 confirmed superluminous supernova light
curves (corresponding to 6 individual SLSNe). SN 2018don is classified as an
SLSN-I, and we referenced the three different ZTF OIDs for SN 2018don from
distinct ZTF Field IDs – 821, 791, and 792. We assembled all the ZTF OIDs in
the prior list based on their availability in the ZTF DR8 feature file curated by
Voloshina et al. (2024).

TNS Name Type ZTF OID(s)
SN 2018don SLSN-I 821202400019642,

791213100013510,
792216100000865

SN 2018hxe SLSN-II 822210300019023

SN 2018kyt SLSN-I 790212100011207

SN 2018lng SLSN-II 789212300014493

SN 2019aje SLSN-II 756207300001552

SN 2019fdr SLSN-II 634210400021472

3. Methodology

In this study, to identify new SLSN candidates, we started
our investigation using the features from (Voloshina et al.,
2024). Features from the spectroscopically confirmed SLSNe
were presented to the PineForest algorithm as priors. Subse-
quently, we performed the traditional active learning loop using
PineForest.

3.1. Feature set
We used pre-processed data with 53 extracted features

from the ZTF DR8 (Voloshina et al., 2024). These features
were computed using the light-curve3 package developed
by Malanchev et al. (2021). The feature set encompasses
both magnitude and flux properties, such as Amplitude,

Kurtosis, and Standard Deviation. A complete list of the
distribution of these features and the priors is illustrated in Fig-
ures B.4-B.8 in Appendix B. Subsequently, we conducted a
comprehensive analysis of each light curve based on these fea-
tures. This ensemble of features elucidates different aspects of
the light curve shape, with the tails of feature distributions high-
lighting objects with less common light curve properties or po-
tential outliers in our data set.

3.2. PineForest
We employed the PineForest algorithm, a component of

the Coniferest4 package (Kornilov et al., 2024) in our SLSN
search. PineForest is an adaptive learning mechanism that
distinguishes itself from the traditional Isolation Forest (IF, Liu
et al. 2008) by eliminating the less influential trees. At each it-
eration, the object with higher anomaly score is shown to the
expert, who is asked to reply YES/NO. If the expert replies
YES, the object with second highest anomaly score is shown.
If the feedback is NO, the algorithm proceeds to eliminate trees
which attributed a high anomaly score to that particular sam-
ple. A new set of trees are generated and the scores are recal-
culated. The procedure continues until the maximum budget

3https://github.com/light-curve/light-curve-python
4https://coniferest.snad.space/en/latest/
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stipulated by the user, with each iteration fine tuning the set
of surviving trees which reflects the feedback from the expert.
This approach results in a personalized model that is less likely
to assign high anomaly scores to objects not of primary interest
to the expert. A comprehensive description of the PineForest
algorithm is available in (Kornilov et al., 2024, Korolev et al.,
- in prep.).

The scoring mechanism of this algorithm is defined as,

y j =


1, if xi is normal,
0, if xi is unlabeled,
− 1, if xi is an anomaly

(1)

score(Ti) =
N∑

j=1

y j · d(Ti(x j)), (2)

where Ti is the ith tree in the forest, y j is the label assigned to
each sample x j, and d(Ti(·)) is the depth of the x j sample in the
tree.

In this work, we also use one additional feature from the
Coniferest package: the possibility to give examples of the
positive class to be used as priors, before the beginning of the
iterative learning loop. In this option, the algorithm takes a list
of examples (Table 1) which have already been scrutinized and
classified. At first, it grows random decision trees, then uses
the provided labels to filter out trees whose resulting anomaly
score do not agree with the reported label. This procedure is
repeated sequentially for all examples and only after this the
iterative loop starts to pose questions to the expert. This proce-
dure takes advantage of legacy data to pre-train the forest and
thus lower the number of loops necessary to start showing in-
teresting examples to the expert.

3.3. Visual inspection

At each iteration, the PineForest algorithm presents a can-
didate to the expert. In return, it expects a boolean answer
regarding whether the ZTF OID is considered a scientifically
interesting anomaly. The expert will then search for infor-
mation to support their answer, which should be based on
the light curve behavior and auxiliary data, such as literature
reviews, community engagement, cross-matching with estab-
lished databases and catalogs, and assessments against theoret-
ical models.

To facilitate this human-in-the-loop feedback, we utilized the
SNAD ZTF Viewer5 Malanchev et al. (2021), a web interface
developed to support the domain expert analysis. Each OID in
the Viewer is represented as multi-band light curves, provid-
ing access to individual exposure images and the Aladin Sky
Atlas (Boch et al., 2014; Bonnarel, F. et al., 2000). Addition-
ally, it provides cross-matching with various other catalogs and
databases of stars and transients, including SIMBAD and VizieR
databases (Wenger et al., 2000), AAVSO VSX (Watson et al.,
2022), Pan-STARRS DR2 (Flewelling et al., 2020), Gaia DR3

5https://ztf.snad.space

(Gaia Collaboration et al., 2023), and ZTF alert brokers6 7

8.

4. Results

We run PineForest with a budget of 120 objects.
During the human-in-the-loop analysis by the domain ex-
perts, we identified 10 OIDs, for which we responded
YES in the PineForest interface, designating them as
anomalous. Among these 10 candidates, we have iden-
tified 8 potential SLSNe. The remaining object, AT
2018lus (OID: 763203200003773), associated with a ra-
dio source NVSS J172435+452013, may represent a po-
tential Active Galactic Nucleus (AGN). Additionally, we
identified SN 2018dfa twice during our investigation, each
associated with a different OID (794208200041246 and
794208200022136).

Among the 8 SLSNe candidates, only one (SN 2018fcg) is a
known, spectroscopically confirmed, SLSN. Three objects have
spectroscopic redshifts, while the remaining five only have pho-
tometric redshifts. The zr-band light curves of the candidates,
after subtracting the host galaxy’s contamination, are shown in
Figures 1 and 2. We employed Gaussian Process (GP) regres-
sion to model each light curve, to estimate the peak apparent
magnitude (mGP

r, peak) and the time of maximum (tGP
0, peak). To as-

sess the classification as an SLSN, we calculated the absolute
magnitude using the formula:

Mr, peak = mr, peak − 5lgD + 5 − Ar, (3)

where Ar is the Milky Way (MW) foreground extinction in the
r-band (Ar = 2.271×E(B−V), Schlafly and Finkbeiner, 2011)
and D is the luminosity distance to the object in Mpc, assuming
a flat ΛCDM cosmology (H0 = 70 km s−1 Mpc−1, Ωm = 0.30).
We did not apply any K-correction because the spectroscopic
redshifts are relatively low, and the photometric redshifts have
large uncertainties. Our goal is to provide a rough estimate and
compare the peak magnitude against the threshold commonly
used to define SLSNe. Specifically, we consider SNe with re-
ported peak magnitudes of M < −21 mag in any band as super-
luminous (Gal-Yam, 2012).

Formally, 5 out of the 8 SLSN candidates meet this crite-
rion; however, it is important to emphasize the large uncer-
tainties for transients with only photometric redshifts. Accord-
ing to this definition, SN 2018dfa qualifies as a superluminous
SN, although it is spectroscopically classified as an SN IIP in
TNS (Fremling et al., 2018).

The application of prior knowledge within the PineForest

active learning framework has facilitated the identi-
fication of 2 new supernova candidates, designated as
ZTF18aaqlkkf/AT 2018moa9 and AT 2018mob10 (see Fig-

6https://alerce.science/
7https://antares.noirlab.edu/
8https://fink-portal.org/
9https://www.wis-tns.org/object/2018moa

10https://www.wis-tns.org/object/2018mob
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Figure 1: Superluminous supernova candidates with available spectroscopic redshift identified using the PineForest algorithm. Only the ZTF OIDs included in
the PineForest outputs were used to construct the light curves, with the exception of SN 2018fcg, for which we used an additional OID: 688209400039752 to
show the rise of the late bump in its second peak. The MW extinction is not taken into account.

Figure 2: Superluminous supernova candidates with available photometric redshift identified using the PineForest algorithm. Only the ZTF OIDs included in the
PineForest outputs were used to construct the light curves. The MW extinction is not taken into account.
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ure 2), which have been formally reported to the TNS. AT
2018mob is missing in the official ZTF alert stream.

Table A.2 lists the summary of the 8 objects identified dur-
ing our search. The first and second columns represent the
TNS name and classification of each object. The third and
fourth columns provides the equatorial coordinates, right ascen-
sion (RA) and declination (Dec), in degrees. The fifth column
indicates the line-of-sight reddening within our galaxy, E(B-
V) (Schlafly and Finkbeiner, 2011). The sixth column contains
the spectroscopic or photometric redshifts of the objects. The
seventh column presents the reference magnitude based on the
Pan-STARRS DR2 (Flewelling et al., 2020) and ZTF reference
magnitude used for correcting the host-galaxy contamination.
The eight column represents the approximate absolute zr mag-
nitude derived using Equation 3. The estimated GPs peak ap-
parent magnitude (mGP

r, peak) without MW extinction correction
and the time of maximum in MJD (tGP

0, peak) are listed in columns
nine and ten. Column eleven lists all available ZTF OIDs for the
zg, zr, and zi bands, with the highlighted OIDs corresponding
to the PineForest outputs.

4.1. SN 2018fcg – ZTF18abmasep

Our investigation has led us to identify an additional anoma-
lous multi-peaked light curve, SN 2018fcg, classified as a
hydrogen-poor superluminous supernovae (SLSN-I), as re-
ported at TNS (Fremling et al., 2018), which exhibits a peak
magnitude of Mr,peak = −21.62 mag. This light curve is charac-
terized by two peaks; the second peak is significantly dimmer
than the first in the zr band and has not been announced before
this study (see Figure 1). The prominent bumps observed in the
late-time light curves could be due to the CSM interactions, as
indicated by Smith et al. (2010). However, given such a long-
lived light curve and the large gap between two peaks (> 1300
days), it is difficult to explain such behavior within the stan-
dard SLSN scenarios and this event can be something else (see
also Pessi et al. 2024).

4.2. Other outliers

The majority of the PineForest run outputs were quasars
(QSO) or QSO candidates, whose light curves can easily be
mistaken for those of SLSNe. Additionally, the outliers in-
cluded single stars, galaxies, artifacts, long-period variables,
and known supernovae of classical types (Ia, II). Most of these
objects exhibit broad light curves within the time range we ex-
amined. Figure 3 illustrates examples, including a known QSO
and an AM Herculis-type variable.

5. Conclusions

This study introduces a novel approach to integrate prior
knowledge as an additional information to aid convergence
within an active learning pipeline, specifically designed to iden-
tify anomalous light curves. For the first time, the PineForest
algorithm has been employed with priors to systematically
search for potential superluminous supernova candidates within
the Zwicky Transient Facility Data Release 8.

By considering merely 8 SLSNe light curves as priors, we
identified 8 SLSNe candidates, including two new transients,
AT 2018moa and AT 2018mob. Furthermore, we also discov-
ered a re-brightening of SLSN-I, SN 2018fcg, which origin will
be interesting to investigate in the future.

This strategy has the potential to yield further compelling dis-
coveries regarding SLSNe once we use the entire prior catalog
comprising 50 unique ZTF light curves for confirmed SLSN in
the new data set curated for this research. Furthermore, this
study can be extended beyond the identification of SLSNe. The
methodology developed herein can be adapted to address var-
ious scientific problems across various domains, demonstrat-
ing the versatility and potential impact of incorporating prior
knowledge in machine learning applications within astronomy
and other scientific fields.
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Figure 3: Outliers identified during the SLSN search using the Pineforest algorithm with priors. The left image shows a QSO (OID: 568202200016112) and
the right image shows AM Herculis-type variable BM CrB (OID: 678215400010182). The photometry corresponds to MJD range of 58194.0 ≤ MJD ≤ 59524.0,
indicating the specific data used to extract features for the Pineforest algorithm.
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Appendix A. Table of SLSN candidates

We present here a complete list of potential superluminous supernova candidates found with the PineForest active learning
algorithm compiled with 8 SLSN light curves as priors present in the ZTF DR8.
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TNS Name Type11 RA (deg) Dec (deg) E(B-V) z12 mr,ref Mr,peak mGP
r,peak tGP

0,peak (MJD) Notes13

SN 2018dfa SN IIP 230.21706 54.21550 0.01 0.125
(sp)

20.62±0.0214 -21.72±0.11 18.84±0.11 58 350.4 zr (794208200041246,
794208200022136,

793205100013372 ),
zg (793105100016413,

794108200005886)
zi (793305100004986,

794308200006125,
793305100004986)

SN 2018fcg SLSN-I 317.40323 33.48323 0.17 0.101
(sp)

22.16±0.0814 -21.62±0.01 18.44±0.01 58 358.6 zg (689112300050742,
1729101400031561),

zr (689212300032140,
688209400039752,

1729201400023934)
SN 2019bmj SN II 220.29211 39.07256 0.01 0.054

(sp)
20.42±0.0515 -19.65±0.03 18.81±0.03 58 547.1 zg (719106400010004,

1718115300003331),
zr (719206400011472,
1718215300013528),

zi (719306400018961)
AT 2019sez – 134.15154 9.06560 0.04 0.114±0.063

(ph)
20.75±0.0715 -19.48±0.12 19.23±0.03 58 747.5 zg (518103200003350,

1512110400000162),
zr (518203200005199,
1512210400000179),

zi (518303200012269)
AT 2019nkc – 235.19183 38.84521 0.02 0.109±0.064

(ph)
20.81±0.0515 -22.74±0.17 17.50±0.11 58 751.3 zg (721107400003558),

zr (721207400007544),
zi (721307400020258)

AT 2019tjf – 135.74812 15.48116 0.04 0.207±0.092
(ph)

20.49±0.0615 -21.02±0.19 19.11±0.16 58 655.0 zg (518115100011724,
1564111400009400),

zr (569204400026517,
518215100006445,

1564211400013565),
zi (518315100017723,

569304400003869)

11Classification is taken from the TNS based on its availability.
12All spectroscopic (sp) redshifts are obtained from the TNS, while photometric (ph) redshifts are sourced from https://www.legacysurvey.org/viewer/.
13The highlighted ZTF OIDs are obtained during the human-in-the-loop iterations.
14Pan-STARRS DR2 magnitude (Flewelling et al., 2020)
15ZTF reference magnitude

8
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AT
2018moa

– 207.16852 63.57014 0.02 0.429±0.381
(ph)

20.17±0.0214 -24.13±0.24 19.46±0.14 58 198.4 zg (821110200001558),
zr (821210200003351,
1852202100000983),

zi (821310200020112)
AT

2018mob
– 205.98618 64.60320 0.02 0.181±0.040

(ph)
20.19±0.0214 -20.94±0.07 20.50±0.05 58 245.0 zg (821115400006169),

zr (821215400003803,
1852206300001446),

zi (821315400015085)
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Appendix B. Data Distribution of the Features Space and Priors

Figure B.4: The feature space distribution from the ZTF DR8 alongside the eight priors detailed in Table 1. The features are extracted using the light-curve pack-
age and focus on various magnitude properties, including Amplitude, Anderson-Darling Normal, Beyond N Std, Cusum, EtaE, Interpercentile

Range, Kurtosis, and Linear Fit. The 8 horizontal dashed lines represent the feature values for each light curves as priors.
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Figure B.5: The feature space distribution from the ZTF DR8 alongside the eight priors detailed in Table 1. The features are extracted using the
light-curve package and focus on various magnitude properties, including Linear Fit, Linear Trend, MagnitudePercentageRatio, MaximumSlope,

Mean, MedianAbsoluteDeviation, MedianBufferRangePercentage, PercentAmplitude, and PercentDifferenceMagnitudePercentile. The 8
horizontal dashed lines represent the feature values for each light curves as priors.
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Figure B.6: The feature space distribution from the ZTF DR8 alongside the eight priors detailed in Table 1. The features are extracted using the light-curve

package and focus on various magnitude properties, including PercentDifferenceMagnitudePercentile and Periodogram. The 8 horizontal dashed lines
represent the feature values for each light curves as priors.
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Figure B.7: The feature space distribution from the ZTF DR8 alongside the eight priors detailed in Table 1. The features are extracted using the light-curve

package and focus on various magnitude properties, including Periodogram, ReducedChi2, Skew, StandardDeviation, StetsonK, and WeightedMean.
Additionally, it includes flux properties like Anderson-Darling Normal, Cusum, EtaE, and ExcessVariance. The 8 horizontal dashed lines represent the
feature values for each light curves as priors.
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Figure B.8: The feature space distribution from the ZTF DR8 alongside the eight priors detailed in Table 1. The features are extracted using the light-curve

package and focus on various flux properties, including Kurtosis, MeanVariance, ReducedChi2, Skew, and StetsonK. The 8 horizontal dashed lines rep-
resent the feature values for each light curves as priors.
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binot, E., Balog, Z., Barache, C., Barbato, D., Barros, M., Barstow, M. A.,
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A., Sagristà Sellés, A., Sahlmann, J., Salguero, E., Samaras, N., Sanchez
Gimenez, V., Sanna, N., Santoveña, R., Sarasso, M., Schultheis, M., Sci-
acca, E., Segol, M., Segovia, J. C., Ségransan, D., Semeux, D., Shahaf, S.,
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amendy, S., Förster, F., Hernández-Garcı́a, L., Arancibia, A.M.M., Pérez-
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