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In the era of wide-field surveys and big data in astronomy, the SNAD team (https://snad.
space) is exploiting the potential of modern datasets for discovering new, unforeseen, or rare
astrophysical objects and phenomena with machine learning (ML). The SNAD pipeline was built
under the hypothesis that, although automatic ML algorithms have a crucial role to play in this
task, the scientific discovery is only completely realized when such systems are designed to boost
the impact of domain knowledge experts. Our key contributions include the development of the
Coniferest Python library, which offers implementations of two active learning algorithms with
an “expert in loop”, and the creation of the SNAD Transient Miner, facilitating the search for
specific types of transients. We have also developed the SNAD Viewer, a web portal that provides
a centralized view of individual objects from the Zwicky Transient Facility’s (ZTF) data releases,
making the analysis of potential anomalies more efficient. Finally, when applied to ZTF data,
our approach has resulted in more than a hundred new supernova (SN) candidates, along with
a few other non-catalogued objects, such as red dwarf flares, superluminous SNe, RS CVn type
variables, and young stellar objects.

Frontier Research in Astrophysics – IV (FRAPWS2024)
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Mondello, Palermo, Italy
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1. Introduction

The SNAD1 [31] project focuses on applying anomaly detection (AD) techniques to astronom-
ical datasets, combining machine learning (ML) methods with human expertise. In this proceeding,
we discuss the key terminology used to describe anomalies in SNAD, introduce our active AD
approach, and summarize our recent results.

2. Terminology

There is no consensus in the astronomical literature on the definitions of terms such as anoma-
lies, novelties, outliers, abnormal or unusual objects, rare phenomena, or unknown types. While
these terms are often treated as synonyms (e.g., [15]), some studies provide more explicit definitions,
offering clear criteria for specific cases (e.g., [2], see Section 3).

In SNAD, we distinguish between machine-detected outliers and astrophysical anomalies,
where the latter refers to objects or phenomena2 of scientific interest to researchers.

2.1 Outlier

By outlier we assume a statistical deviation within the data or, in the context of ML anomaly
detection algorithms, any object with the high anomaly score. The number of outliers depends
on the chosen threshold. While these objects are unique or unusual from the perspective of the
algorithm, they are not always of astrophysical interest, e.g. artifacts or misclassifications in
considered catalogs. A good example could be a detection of a binary microlensing event in the
Open Supernova Catalog [26].

The causes of these outliers can vary: they may result from poor feature engineering, an
inappropriate choice of AD algorithm, or the specificities of the considered dataset.

2.2 Anomaly

In the context of SNAD, the concept of anomaly includes the following categories:

• Unknown-unknowns are completely unforeseen phenomena or objects that are not predicted
by any current theory. While their discovery might be driven by the search for anomalies,
the exact nature of what is being sought remains entirely unknown. Such findings could
range from requiring minor extensions to existing theories to the development of entirely
new theoretical models, possibly even introducing new physics. A good historical example
is the discovery of GRBs in the late 1960s by the U.S. Vela satellites, which were originally
designed to detect gamma radiation from potential secret nuclear tests in space [17].

• Known-unknowns are phenomena or objects that have been theoretically predicted but has
not yet received observational confirmation, or whose confirmation remains unreliable. Ex-
amples include pair-instability SNe (candidates in [27, 28]), dark matter annihilation or decay

1https://snad.space/
2The difference between object and phenomenon is essential. Examples of objects include galaxies, neutron stars,

black holes, planets, asteroids etc. In contrast, phenomena encompass events with a characteristic timescale, such as
supernovae (SNe), gamma-ray bursts (GRBs), solar flares etc.
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(candidates discussed in [1, 5–8, 33]), primordial black holes, wormholes, Dyson spheres etc.
While some of these discoveries are expected to eventually be made as they arise naturally
from our fundamental theories and represent critical tests of our current understanding of
the Universe (e.g., the existence of cosmic neutrino background or primordial gravitational
waves), their confirmation awaits improvements in observational precision and the develop-
ment of new instruments and experiments. Others, however, may come as complete surprises
and fundamentally change our worldview (e.g., Dyson spheres).

• Rare-knowns refer to rare types of astronomical objects or phenomena that have already been
observed (e.g., kilonovae, repeating fast radio bursts, superluminous supernovae (SLSNe)).
The rarity of such anomalies may arise from their intrinsically small numbers in nature or
from observational constraints, including selection effects. In the latter case, they should only
be considered as anomalies while the number of identified members remains significantly
lower compared to other known astronomical objects and phenomena.

Notes:
While belonging to a rare class (e.g., kilonovae, of which only approximately a dozen have been

confidently confirmed; see references in [34]) is obvious to any astrophysicist, subtler anomalies
may involve unusual behavior within a common class. For example, peculiar modulation cycles of
some RR Lyrae stars [22], the appearance of anomalous features in a lensing light curve [14], or
spectroscopically peculiar SNe [10]. Such anomalies are more likely to be identified by domain
experts. For example, a specialist in SNe may overlook an interesting feature in a Cepheid light
curve, while it would be immediately recognized by a Cepheid expert. This makes the definition of
an anomaly expert-dependent, as it varies based on the expert’s knowledge and field of expertise.

Secondly, the definition of an anomaly depends on the goals of the project. Even though
M-dwarf flares are well-known phenomena, identifying them in a specific dataset can still meet the
criteria for rarity in that context (e.g., [32]). Another example is the study by [2], where spectroscopic
anomalies are defined as any transient whose spectroscopic label is not of Type Ia-normal, Ia-91T-
like, II-normal, or IIP supernovae. This makes the definition of anomaly task-dependent, as it is
tied to the specific scientific objectives or the dataset under consideration.

3. Active approach

The goal of “healthy” anomaly detection is to ensure that a large fraction of outliers are
anomalies. To achieve this, SNAD employs an active anomaly detection approach.

Active anomaly detection algorithms adapt to human expert preferences during the learning
process. These algorithms iteratively refine their models based on expert feedback, enabling them
to better identify objects of scientific interest.

To support this approach, we developed Coniferest3 [18], a Python library which offers
implementations of three anomaly detection algorithms: the Isolation Forest and two active learning
algorithms with an “expert in loop” — Active Anomaly Discovery (AAD, [9, 16]) and PineForest,
the latter being a method developed by our group (Korolev et al., in prep.).

3https://coniferest.snad.space/
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4. Projects and main results

As stated in Section 2.2, the definition of an anomaly is both expert- and task-dependent. As
a result, several sub-projects have emerged within SNAD, each focusing on different aspects of
anomaly detection.

4.1 Traditional anomaly detection

By applying different AD algorithms to the photometric data from the Open Supernova Cat-
alog (OSC, [13]) and the Zwicky Transient Facility survey (ZTF, [4]), we identified a few dozen
potentially interesting anomalies, as described in [26], [20], and [30].

Among the diverse findings, there are candidates in SNe (e.g., oid4 = 795209200003484),
pre-main-sequence stars (e.g., oid = 807210200026027), novae (e.g., oid = 695211100022045),
active galactic nuclei (AGNs; e.g., oid = 718211400012193), luminous blue variables (e.g., oid =
695211100131796), a binary microlensing event AT 2021uey (oid = 643210400013909), a radio
source NVSS J080730+755017 with an optical counterpart (oid = 858205100001741), and a RS
Canum Venaticorum star (oid = 695211200019653).

Furthermore, we also discovered numerous new variable stars (e.g., oid = 807212100012737)
and identified several cases of misclassification in the OSC, such as SN 2006kg, which is an AGN,
and Gaia16aye, a binary microlensing event misclassified as supernova.

4.2 Supernovae as anomalies

This study represents the first science case testing the SNAD active learning pipeline [25].
We analyzed 70 ZTF fields at high galactic latitudes, comprising ∼26.5 million light curves,

and visually inspected 2100 outliers identified by the AAD algorithm. This resulted in 104 SN-
like objects, 57 of which were newly reported to the Transient Name Server (TNS), while 47 had
already been mentioned in other catalogs as either confirmed SNe or candidates. The light curves
of unreported transients were visually inspected and fitted with supernova models, assigning to
them a probable photometric classification: Ia, Ib/c, IIP, IIL, or IIn. Additionally, we identified
slow-evolving transients as promising SLSNe, along with a few other non-catalogued events such
as M-dwarf flares and AGNs.

This work demonstrates the effectiveness of the human-machine interaction underlying the
AAD strategy. The SNe discovered with AAD, along with those identified by the SNAD Transient
Miner [3], form the basis of the SNAD catalog of transients: https://snad.space/catalog/.

4.3 Superluminous supernovae as anomalies

Superluminous supernovae are transients significantly brighter (𝐿max ≳ 1044 erg s−1) than
ordinary supernovae, representing a relatively rare class of objects 5 [23]. The exact mechanisms of
SLSN explosions, which explain their observational properties, remain unknown. The explanations
of their luminosity include the production of large amounts of radioactive 56Ni (exceeding several
solar masses, sometimes even dozens), interaction of the ejecta with a dense circumstellar medium

4ZTF object identifier; https://ztf.snad.space/
5As of January 2025, TNS lists 278 classified SLSNe. Also, a catalog specifically focused on SLSNe I includes 262

events [12].
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(CSM), magnetar-powered energy deposition, and fallback accretion onto a newly formed black
hole (for a review, see [11]). SLSNe can be detected at high redshifts (𝑧 ≥ 2), making them valuable
for studying star formation in the early Universe, the interstellar medium, and even for cosmological
applications [24].

The first SNAD SLSN candidates were identified during a supernova search using active
learning applied to ZTF DR3 photometric data [25]. One of the candidates, SNAD160, turned out
to be a possible pair-instability SN, as its light curve exhibits a slow rise and decay consistent with
predictions for such events [27].

In a follow-up study by [19], the PineForest active AD algorithm was used to search for SLSNe
in ZTF data. Starting with a dataset of ∼14 million objects and using 8 previously confirmed SLSN
light curves as priors, we scrutinized 120 candidates. This led to the identification of 8 SLSN
candidates, 2 of which (AT 2018moa and AT 2018mob) had not been reported previously.

4.4 M-dwarf flares as anomalies

In this project, we focus on searching for M-dwarf flares in ZTF data. M-dwarfs are main
candidates for hosting extraterrestrial life, making it crucial to understand their activity. Moreover,
such phenomena provide valuable insights into the magnetic activity of astronomical objects,
including the Sun.

In [32] we analyzed over 35 million ZTF light curves and constructed the largest catalogue of
ZTF flaring stars to date, identifying 134 flares with amplitudes ranging from−0.2 mag to−4.6 mag,
including repeated flares.

4.5 Artefacts as anomalies

A significant portion of the outliers identified by AD algorithms consists of artefacts. For
example, 68 percent of all outliers analyzed in [20] were found to be bogus light curves. Even with
an active learning approach, it is impossible to reject all artefacts immediately, as they are highly
diverse and occupy various regions of the parameter space.

During the expert analysis of outliers, we created the SNAD Knowledge Database [21], which
contains a few thousand labeled ZTF objects, approximately half of which are artefacts. We
also stored the most interesting artefacts in the SNAD artefact catalog6, initially without specific
scientific goals. Using this small but well-labeled sample, we developed a real-bogus classifier
and integrated its results into the active anomaly detection pipeline as an additional feature. This
significantly reduced the number of artefacts among outliers in regions of the feature space densely
populated with artefacts [29].

Recognizing the utility of this approach, we started a dedicated campaign to systematically
search for artefacts in ZTF using the PineForest algorithm – where artefacts were treated as anoma-
lies. The resulting artefact dataset includes 1127 FITS images of two sizes (28×28 and 63×63
pixels), along with a corresponding set of images of nominal objects. This was performed to
support machine learning applications in astronomy, offering a real human-labeled dataset for the
development and testing of algorithms (Sreejith et al., in preparation).

6https://snad.space/art/
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5. Conclusions

• Well-defined concepts are a fundamental part of scientific progress. In SNAD, we dis-
tinguish machine-detected outliers from astrophysical anomalies and classify anomalies into
unknown-unknowns, known-unknowns, and rare-knowns. Their interpretation is inherently
expert-dependent and task-dependent, emphasizing the role of context in anomaly detection.

• Active anomaly detection is an efficient approach that significantly improves the identifi-
cation of scientifically interesting objects and phenomena by incorporating expert feedback
into the learning process.

• The SNAD transient catalog has been created, with some supernova candidates missed in
the official ZTF alert stream. These findings can help avoid similar losses in future large-scale
astronomical surveys.

• Several interesting anomalies were identified, including SLSN candidates, one PISN can-
didate (SNAD160), binary microlensing events, previously uncatalogued AGNs, cataclysmic
variables, and other rare variable stars.

• The largest catalog of ZTF flaring stars to date was compiled, representing 134 M-dwarf
flares with amplitudes ranging from −0.2 mag to −4.6 mag.

• Outliers in real data are often artifacts, which can either be studied as a separate class or
effectively filtered out to improve anomaly detection efficiency.

• Anomaly detection systems must be built for experts, ensuring interpretability and adapt-
ability to domain-specific needs.
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DISCUSSION

MARIA DAINOTTI: Do you plan to have a citizen science project so that you can have on
independent way to identify the bogus?

MARIA PRUZHINSKAYA: Currently, we do not have plans for a citizen science project, but it is
certainly an interesting possibility to consider for the future.

CLAUDIA MARASTON: Do you have an estimate of the metallicity of the progenitor star of the
PISN you detected? Can you extend your approach to a search for the most massive stars?

MARIA PRUZHINSKAYA: We obtained the spectrum of the host of SNAD160 and estimated its
metallicity. So far, our anomaly detection pipeline has not identified any other PISN candidates. In
principle, active anomaly detection can be applicable to the search for any type of object, as long
as they share common features present in the considered dataset.

INGYIN ZAW: Description of how filtering out uninteresting candidates (to humans) that the
machine thinks are interesting is clear. How do you deal with the possibility that the machine is
missing candidates that humans would have found interesting?

MARIA PRUZHINSKAYA: It is possible that the machine learning algorithm is missing really
interesting objects, as there are many types of astrophysical phenomena. However, we believe
that while truly anomalous objects are rare, they are not singular occurrences – there are multiple
anomalies waiting to be discovered. At this stage, we prioritize identifying unexpected and scien-
tifically valuable cases rather than ensuring completeness. Finding even a single anomaly can be a
significant breakthrough.
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