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ABSTRACT

Strong gravitational lensing has the potential to provide a powerful probe of astrophysics and cosmology, but fewer than 1000 strong lenses have
been con�rmed previously. With 0:0016 resolution covering a third of the sky, theEuclid telescope will revolutionise strong lens �nding, with
170 000 lenses forecasted to be discovered amongst its 1.5 billion galaxies. We present an analysis of the performance of �ve machine-learning
models at �nding strong gravitational lenses in the quick release ofEuclid data (Q1), covering 63 deg2. The models are validated with citizen
scientists and expert visual inspection. We focus on the best performing network: a �ne-tuned version of theZoobot pretrained model, originally
trained to classify galaxy morphologies in heterogeneous astronomical imaging surveys. Of the one million Q1 objects thatZoobot was tasked
to �nd strong lenses within, the top 1000 ranked objects contained 122 grade A lenses (almost certain lenses), and 41 grade B lenses (probable
lenses). A deeper search with the �ve networks combined with visual inspection discovered 250 (247) grade A (B) lenses, of which 224 (182) are
ranked in the top 20 000 byZoobot. When extrapolated to the fullEuclid survey, the highest ranked one million images will contain 75 000 grade
A or B strong gravitational lenses.

Key words. Gravitational lensing: strong – Catalogs – Surveys

1. Introduction

Covering approximately 14 000 deg2, the Euclid Wide Survey
(EWS; Euclid Collaboration: Mellier et al. 2024) has the power
to revolutionise strong gravitational lensing by galaxies, trans-
forming it from a sample of about a thousand to over a hundred
thousand (Collett 2015). Whilst many telescopes on the ground
have surveyed large areas of sky, no previous wide area survey
has ever had su� cient resolution to resolve multiple images of
a single background source around a typical lens galaxy. The
Einstein radius distribution of galaxy-galaxy lenses in the Uni-
verse is expected to peak at 0:004 (Collett 2015), and many of
these are within reach ofEuclid with the 0:0016 full width at half
maximum (FWHM) in the VIS �lter (Euclid Collaboration: Mc-
Cracken et al. 2025).

With exceptional resolution comes exceptional challenges of
data volume.Euclid will observe around 1.5 billion unlensed
galaxies (Euclid Collaboration: Scaramella et al. 2022) in its
14 000 deg2, and manually searching these is intractable. Even
the largest citizen science lens search projects have only in-
spected up to around one million images (Marshall et al. 2015;
More et al. 2016; Sonnenfeld et al. 2020; González et al. 2025).
To deliver the promise ofEuclid strong lens �nding, it is clear
that automated methods must be employed to pre-screen candi-
dates.

Recently, machine learning has gained substantial traction
in the �eld of strong lens �nding, with many teams devel-
oping machine-learning-based classi�ers (Metcalf et al. 2019).
Lanusse et al. (2018) and Avestruz et al. (2019) developed
deep convolutional neural network (CNN) architectures that per-
formed extremely well on simulated lenses (Metcalf et al. 2019),

? e-mail:natalie.lines@port.ac.uk

whilst Jacobs et al. (2017) trained a CNN to �nd 14 lens can-
didates per square degree in the Canada–France–Hawaii Tele-
scope (CFHT) data. CNNs have now been successfully em-
ployed to �nd lenses in the Dark Energy Survey (DES, Ja-
cobs et al. 2019b,a; Rojas et al. 2022), the Kilo-Degree Survey
(KiDS, Petrillo et al. 2017, 2019; Li et al. 2020, 2021; Nagam
et al. 2023, 2024; Grespan et al. 2024), Panoramic Survey Tele-
scope and Rapid Response System (PanSTARRS, Cañameras
et al. 2020), the Ultraviolet Near-Infrared Optical Northern Sur-
vey (UNIONS, Savary et al. 2022), and Hyper Suprime-Cam
(HSC) data (Shu et al. 2022; Jaelani et al. 2024). More recently
González et al. (2025) showed that multi-class vision transform-
ers are powerful alternatives to CNNs.

Machine-learning approaches to strong lens �nding are data
intensive, requiring large samples of positive and negative exam-
ple sets. Negative training sets are relatively easy to construct,
since almost all astronomical objects are not strongly lensed.
Constructing a positive training set is much more challenging,
since the known lens sample is small and the observations het-
erogeneous. Faced with this problem, almost all strong lens �nd-
ers have relied on simulations of lenses to act as positive train-
ing sets, using either pure simulations or lensed sources painted
on top of real non-lensing luminous red galaxies (LRGs). These
approaches allow for the creation of very large positive training
sets, but carry a substantial risk that the machine-learning models
may only learn peculiarities from the simulation process, rather
than the true features that distinguish a lens from a non-lens.

The Euclid Quick Data Release 1 (Q1; Euclid Quick Re-
lease Q1 2025) data set gives the �rst opportunity to search
for lenses in a large area (63 deg2) homogeneous data set with
0:0016 resolution. Prior to this, the onlyEuclid data available for
�nding lenses within has been theEuclid Early Release Obser-
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Fig. 1. Di� erent scaling and colour options for one sample cutout in
Q1 processed into JPEG format. The top row is MTF scaling and the
bottom row is arcsinh scaling. From left to right, the columns showIE-
only, IE +YE, andIE +JE images. The cutout size is 100� 100 pixels, or
1000� 1000angular scale.

vations (ERO, Euclid Early Release Observations 2024) data,
which covered an area of 8.12 deg2. With these data, an area
of 0.7 deg2 was entirely visually inspected down toIE = 22:5
by experts where three grade A and 13 grade B lens candidates
were found (Acevedo Barroso et al. 2024b). These lenses were
used to test machine-learning models at �nding lenses inEuclid
(Pearce-Casey et al. 2024), and these models were then applied
to the rest of the ERO, data where 14 grade A and 31 grade B
strong lens candidates were found (Nagam et al. 2025).

This paper describes the e� orts within the Euclid Consor-
tium to train machine-learning models to discover strong lenses
in Q1, which is part of the �ve paper series `The Strong Lens-
ing Discovery Engine'. The series consists of: the overview pa-
per Euclid Collaboration: Walmsley et al. (2025) that includes
a description of all the lenses found in Q1; Euclid Collabora-
tion: Rojas et al. (2025) that describes our e� ort to build a strong
lens training set for Q1; this paper that describes the machine-
learning lens �nding e� ort; Euclid Collaboration: Li et al. (2025)
that analyses the double-source-plane lens (DSPL) candidates
that were discovered; and Euclid Collaboration: Holloway et al.
(2025) that explores how to combine multiple lens-�nding clas-
si�ers into an ensemble classi�er for future lens searches.

The present paper is structured as follows. In Sect. 2 we dis-
cuss the data used in this work, which consists of theEuclid
Q1 data (Sect. 2.1) and the machine-learning training data (Sect.
2.2). In Sect. 3 we describe theZoobot machine-learning model
and present what was learnt from optimisingZoobot to �nd
lenses. In Sect. 4 we explore the other machine-learning mod-
els used in this work. The results are presented in Sect. 5, which
include the results from a preliminary inspection of each model's
top 1000 ranked objects (Sect. 5.1), the results from combining
machine learning with citizen science to �nd lenses in Q1 (Sect.
5.2), and a statistical analysis of how many lenses there are in
Q1 beyond what was visually inspected (Sect. 5.3). A discussion
of what was found is presented in Sect. 6 and the conclusions are
presented in Sect. 7.

2. Data

Euclid collects data with two instruments, the visible imager
(VIS; Euclid Collaboration: Cropper et al. 2024) and the near-

infrared spectrometer and photometer (NISP; Euclid Collabora-
tion: Jahnke et al. 2024). There are four bands in total, the VIS
IE band and the NISPYE, JE, andHE bands. AlthoughEuclid im-
ages are originally in FITS (Flexible Image Transport System)
format, the quantity of data meant that it was necessary to work
with JPEG (Joint Photographic Experts Group) �les, which re-
quired a choice of scaling and �lters. Three choices of �lter com-
binations with two image scalings were chosen, producing a total
of six combinations. The �lter combinations used wereIE-only
greyscale images,IE +YE colour images, andIE +JE colour im-
ages. In the case of the colour images, the red/blue channels cor-
respond to the longest/shortest wavelength images, and the green
channel is the median of the two. All images are produced at the
highest resolution of theEuclid bands, that of VISIE, at 0:00101
per pixel (see Euclid Collaboration: Walmsley et al. 2025 for de-
tails). The two scalings chosen were arcsinh, which provides a
high contrast that ampli�es both faint arcs and background noise,
and the midtone-transfer function (MTF; see Euclid Collabora-
tion: Walmsley et al. 2025), which produces a more homogenous
image without saturating bright pixels. An example of these im-
ages for one cutout is shown in Fig. 1. Although converting im-
ages from FITS to JPEG �les necessarily means some informa-
tion is lost, the full 16 bits of information per pixel in FITS �les
results in large quantities of mostly redundant information. Pro-
viding that the scaling to the 8-bit format of JPEG images is
such that it preserves most of the dynamic range, the amount of
information lost is made up for by the signi�cantly faster pro-
cessing time. We �nd that for both the brightest and the faintest
of lenses (whether these be the lenses we �nd in Q1 or lenses
found in previous searches), the lenses are generally as easy to
distinguish in the JPEG images as in the FITS images. These op-
tions were chosen based on the appearance of the Q1 data, but
the same scalings were applied to simulations and other train-
ing and validation data to ensure homogeneity. All images have
a size of 100� 100 pixels, corresponding to an angular scale of
1000� 1000in the IE band. This size allows the full Einstein ring
of all galaxy-scale lenses to be visible but does not necessarily
encompass group-scale lenses.

2.1. Q1 data

Euclid collects data for two main surveys: the EWS and the Eu-
clid Deep Survey (EDS). The former aims to survey around a
third of the sky, covering the area that excludes the Galactic and
ecliptic plane, amounting to 14 000 deg2, while the latter surveys
three selected areas (Euclid Deep Field North, Euclid Deep Field
South, and Euclid Deep Field Fornax), totalling 63 deg2, but with
repeated exposures producing images that are up to 2 magnitudes
deeper. TheEuclid Q1 release covers the Deep Field areas, but
at the depth of the EWS. Q1 provides the �rst look into what we
will be able to �nd within Euclid's lifetime and provides us with
the �rst sample ofEuclid lenses.

The Euclid data products we used were the background-
subtracted merged mosaic tiles, in which the four images from
the di� erentEuclid bands are matched to the resolution of VIS
IE. While IE has a PSF FWHM of 0:0016 (Euclid Collaboration:
Cropper et al. 2024), forYE, JE, andHE the PSF FWHM is 0:0035,
0:0034, and 0:0035, respectively (Euclid Collaboration: Jahnke et al.
2024), and the details of the interpolation are described in Euclid
Collaboration: Romelli et al. (2025). Of all the objects in Q1,
1 086 554 passed our selection criteria ofIE < 22:5, along with
a quality check to remove objects such as stars (see Euclid Col-
laboration: Walmsley et al. 2025), and it was these objects that
were analysed by the machine-learning models. Using cutouts
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with size 1000� 1000means there will inevitably be overlap be-
tween images, but we ensure that the numbers of lenses reported
has duplicate lenses removed.

2.2. Training and validation data sets

For the Q1 lens �nding challenge, any member of the Euclid
Collaboration strong lensing working group was invited to de-
velop a machine-learning model. Many of the models used in
this work were built on models developed for the strong lens
search in theEuclid ERO data (Acevedo Barroso et al. 2024b;
Pearce-Casey et al. 2024; Nagam et al. 2025), which were the
�rst investigations of the lens-�nding ability ofEuclid. Given
the aim of �nding as many lenses as possible, there were few re-
strictions placed on how the models should be developed; rather,
they were all developed independently and evaluated on their Q1
lens-�nding performance.

Machine-learning models are best able to recognise images
that appear similar to the images they have been trained on,
meaning ideally we want to train the models on realEuclid
lenses. However, the number of objects needed to train deep
learning models (typically of the order 104–105) greatly ex-
ceeds the number of known lenses. While pretrained models can
greatly reduce the number of images that are needed to be trained
on (of the order 103), the number of available lenses is still too
low to span the range of plausible strong lensing con�gurations.
Therefore, we have to augment our set of known lenses with sim-
ulations on which to train the machine-learning models, which
are then applied to the Q1 data.

At the time of training the machine-learning models in
preparation for Q1, there were multiple options of what im-
ages to use. The di� erent data sets available consisted of sim-
ulated lenses, known real lenses, and non-lenses. The di� erent
machine-learning models were developed independently and as
such were free to choose any available data sets for training and
validation of the models. All of these data sets were available as
JPEG �les in all of the six combinations of scalings and �lters,
and it was left to the developers of each model to choose which
of these to use for their �nal model. By allowing a diversity of
options in terms of choice of training data and image process-
ing, we are more likely to be able to �nd an optimal approach
for lens �nding in future Euclid data releases, allowing us to
later re�ne these options to be able to make more direct compar-
isons between models. In the future when a large number of real
Euclid lenses are available, we will be able to quantify di� erent
machine-learning approaches in a fully data-driven way.

2.2.1. Simulated lenses

The �rst set of simulations (S1) was based on the work presented
in Euclid Collaboration: Rojas et al. (2025) and was created as
follows. They simulated strong lensing systems using all four
Euclid bands, following the procedure outlined in Rojas et al.
(2022) and utilising theLenstronomy package (Birrer & Amara
2018; Birrer et al. 2021). De�ectors were selected as LRGs with
known redshifts and velocity dispersions, modelled using a Sér-
sic pro�le in theJE band to estimate ellipticities and central posi-
tions. These parameters were optimised with a downhill simplex
algorithm. Background sources were drawn from theHubble
Space Telescope Advanced Camera for Surveys (ACS) F814W
high-resolution catalogue (Leauthaud et al. 2007; Scoville et al.
2007; Koekemoer et al. 2007), combined with HSC colour infor-
mation (Cañameras et al. 2020). VIS magnitudes were computed

by combiningr-band+ i-band images, while infrared magni-
tudes were matched to COSMOS 2020 VISTA (Visible and In-
frared Survey Telescope for Astronomy)YJH bands (Weaver
et al. 2022). They paired lenses and sources, such that they pro-
duce an Einstein radius in the range 0:005–2:000. A singular isother-
mal ellipsoid (SIE) mass model was adopted, with parameters
derived from the Sérsic �t and Einstein radii calculated using the
redshifts and velocity dispersions of the lens and source. Source
images were lensed based on the mass model, and then down-
sampled to matchEuclid VIS IE image resolution. This last step
includes convolution with the telescope point-spread function
(PSF) and scaling to the lens image �ux. Finally, the resulting
simulated lensing features are added into the VIS and NISP lens
images. Through augmenting the number of LRGs available for
simulating by using four 90� rotations of each LRG, the num-
ber of simulations was 11 057. There was an additional earlier
version of the same simulations containing 10 311 simulations,
making a total number of 21 368 simulations available.

A second set of simulations (S2) was created using the
GLAMERlensing code (Metcalf & Petkova 2014; Petkova et al.
2014). These simulations started by cutting out 200� 200 pixel
images of all the observed galaxies withIE < 22. Each image was
matched to an object in the Flagship simulation (Euclid Collabo-
ration: Castander et al. 2024) with a nearest neighbour algorithm
in the space of all magnitudes in all four bands, ellipticity, and
redshift, when available for the observed galaxy. The parame-
ters of the Flagship galaxy and dark matter halo were then used
to construct a mass model for the lens. The mass model con-
sisted of a baryonic part in the form of a Sérsic pro�le and a
dark matter halo in the form of a Navarro–Frenk–White pro�le
(Navarro et al. 1997). The position angle was set to that mea-
sured in the data. A source redshift was drawn from a distribu-
tion �t to the COSMOS 2020FARMERcatalogueI-band num-
ber counts (Weaver et al. 2022). Rays were then shot through
the mass pro�le to the source redshift. The caustics and critical
curves were found. The lens was rejected if the Einstein radius
was less than 0:005. The Einstein radius is de�ned as the radius
of a circle that has the same area as the area within the tangen-
tial critical curve. A source was then selected and placed near or
in the tangential caustic. The sources were modelled with mul-
tiple Sérsic pro�les. The image of the lensed object was then
convolved with the local PSF, and Poisson noise was added.
The simulations were performed at 4� the resolution of VIS
IE, then downsampled to the respective resolutions for VIS and
NISP before being convolved with the PSFs. The NISP images
were then interpolated to the higher VISIE resolution using a
BILINEARinterpolation kernel, similar to the processing of the
realEuclid data. Another rejection step was taken after combin-
ing the lensed image with the original data image. Cases where
the lensed image was too low in signal-to-noise or in contrast to
the lens galaxy light were removed when visually inspecting the
images. In these simulations, the mass of neighbouring objects
was not included. See Metcalf et al. (2025. in prep.) for more de-
tails on these and related simulations. 5363 images were created
without any augmentation.

A third set of IE-only simulations (S3) was created, imple-
menting the code presented by Schuldt et al. (2021). To create
galaxy-scale lens simulations, a lens mass distribution modelled
with an SIE pro�le was used, with the following input parame-
ters: lens redshift, source redshift, and velocity dispersion. The
lens centroid, axis ratio, and position angle were derived from
the �rst and second brightness moments of theEuclid VIS im-
ages. Sources were randomly placed in the source plane, restrict-
ing the simulations to those with an Einstein radius between 0:005
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and 2:005. Subsequently, the sources were lensed in the image
plane using theGLEEsoftware (Suyu & Halkola 2010; Suyu et al.
2012). Finally, the simulated lensed source image was convolved
with theEuclid PSF, rescaled according toEuclid 's zero points,
and combined with the original LRG image. The �nal simula-
tions were given as images of 1900� 1900, with 2143 simulations
produced.1

All of the simulations used for training employed painting
simulated lensed sources on to real galaxies, as opposed to a
fully simulated approach. We used three sets of simulations to in-
crease training diversity. Two (S1 and S3) painted lensed sources
on to galaxies with spectroscopically measured velocity disper-
sions, improving realism at the cost of using only bright LRGs
as lenses (Euclid Collaboration: Rojas et al. 2025, Melo et al. in
prep.). As high velocity dispersion LRGs were selected for this,
the resulting simulations had disproportionately large Einstein
radii, which could potentially bias the machine-learning mod-
els towards more massive lenses which are generally easier to
detect. The other simulation set (S2) used proxies to avoid us-
ing spectra, resulting in potentially less physically realistic sim-
ulations but meaning that a much larger number of simulations
could be produced around a wider range of galaxy types and
masses (Metcalf 2025 in prep.). Only S1 and S2 produced simu-
lations in the NISP bands. S1 produced the NISP images directly
at the higher VISIE resolution, while S2 produced the NISP sim-
ulations at the lower resolution and then interpolated this to the
resolution of VISIE, taking into account the correlated noise that
exists in the realEuclid NISP images.

2.2.2. Previously known real lenses

Prior to this lens search, there were a number of previously
known lenses coinciding with areas ofEuclid coverage, which
were ideal for training on as they most closely resemble the
lenses in Q1. A data set of approximately 150 previously known
grade A and B lenses that had Q1 data available was used in
training and/or validation of the machine-learning models, but
was not counted in the number of newly discovered lenses re-
ported in this paper. This collection of 150 lenses includes lenses
discovered in theEuclid ERO data (Acevedo Barroso et al.
2024b), the expert visual inspection of galaxies with spectro-
scopic velocity dispersion (Euclid Collaboration: Rojas et al.
2025), the Galaxy Zoo Cosmic Dawn project, other surveys that
overlapped with Q1, and other serendipitous discoveries. Out-
side Q1, there were around 50 additional known grade A/B
lenses inEuclid discovered from the Galaxy ZooEuclid project,
where volunteers searched the EWS, giving a total number of ap-
proximately 200 realEuclid lenses available for training. Around
the time of the internal Q1 release, more lenses were discovered
serendipitously, which were not discovered in time to add to our
training sample, but which are collated in the Q1 lens data set
presented in Euclid Collaboration: Walmsley et al. (2025).

As the number of known lenses is small and heterogenous
due to the number of di� erent searches they originate from,
training on these few known lenses alone may amplify any se-
lection bias in the pre-existing lens sets. Therefore, these lenses
were primarily used to supplement the simulated lenses, which
are designed to cover a larger range of lensing con�gurations.
Some machine-learning models were trained on the combina-

1 We note that due to the nature of the internal Euclid Collaboration
Q1 timeline, this set of simulations was made available after many
machine-learning models had started to be developed and hence was
employed by fewer models.

Table 1. The di� erent available training data sets and which machine-
learning models used them. Data sets marked with an asterisk were only
used for validation and not training by the model. The size of each data
set is shown in brackets, other than the EWS random cutouts and the
real lenses, since the di� erent models used di� erent numbers of these.

Data set (size) Model
1 2 3 4 5

S1 (11 057+ 10 311) X X X X X
S2 (5363) X X X X X
S3 (2143) X
Real lenses X X X * X* X
DESI spirals (� 2300) X X X X X
DESI mergers (� 250) X X X X X
DESI rings (� 60) X X X X X
DESI LRGs (� 2700) X X X X
DESI others (� 2300) X X X
S2 random counterpart (4106)X X X X
EWS random cutouts X X *

tions of simulations and real lenses, while others were trained on
simulations alone and the real lenses were used to validate their
performance. For details of how each machine-learning model
was trained see Sect. 4.

2.2.3. Non-lenses

When curating a data set of non-lenses for machine-learning
training, there are two general approaches. Firstly, one can use
a collection of random non-lenses, typically with a similar se-
lection function as foreground galaxies used for the simulations,
where the idea is that by training on data that resembles the pop-
ulation of objects in real data, it will extrapolate well to the data
to which it is being applied. An alternative approach is to recog-
nise objects that are more likely to be mistaken for lenses (such
as spiral and ring galaxies) and train the models on these specif-
ically. In Cañameras et al. (2024), it was found that the lens-
�nding performance of a machine-learning model depends sig-
ni�cantly on the contents of the negative set, favouring the use
of non-random negative sets.

There were two sets of random cutouts, one of objects in Q1
with the same selection function as the LRGs used for S2 (see
Sect. 2.2.1) containing 4106 objects, and one of objects with the
same selection function as Q1 but from EWS tiles that lie outside
the Q1 area. There was a set of labelled non-lenses, which pri-
marily originated from a visual inspection of objects with Dark
Energy Spectroscopic Instrument (DESI) data available (Euclid
Collaboration: Rojas et al. 2025). This provided a data set of ap-
proximately 2300 spiral galaxies, 250 mergers, 60 ring galaxies,
2700 LRGs, and 2300 others. The DESI LRGs were the LRGs
used for S1 and S3. Table 1 shows all the data sets available
along with which machine-learning models used which sets.

3. Zoobot: pretrained Bayesian CNN

3.1. Model description

Zoobot2 (Walmsley et al. 2023) is a Bayesian CNN that is pre-
trained on 92 million morphological classi�cations of galaxies
as part of the Galaxy Zoo citizen science project (Lintott et al.
2008). Using pretrained models such asZoobot and �ne-tuning
them is an example of `transfer learning', where by taking a tool

2 https://github.com/mwalmsley/zoobot
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that is already primed to solve a di� erent but related problem
and then adapting only a part of the model, it is possible to cre-
ate a model that is optimised to solve a new problem in a way
that is quicker and easier than creating a model from scratch
(Walmsley et al. 2024). In our case, we take the pretrained base
Zoobot CNN model with pre-determined weights and �ne-tune
it by freezing all the parameters except those in the �nal layers.
These parameters in the �nal layers are allowed to vary through
training the CNN on new data such as images of strong lenses.
The idea of usingZoobot as a base model for lens �nding was
�rst presented and tested by Pearce-Casey et al. (2024), where it
was found to be the best-performing machine-learning model of
the 20 models tested onEuclid ERO data; this motivated the use
of Zoobot for lens �nding in Q1.

The baseZoobot model was not built to detect lenses origi-
nally, nor was it developed onEucliddata. However, lens �nding
in Euclid is still a morphological classi�cation task using astro-
nomical images. Many of the features of the latent space that
Zoobot uses to distinguish the features of galaxy morphology
are likely to be relevant to lens �nding. WhileZoobot will have
seen very few images of lenses, it has been pretrained on huge
numbers of non-lenses that are likely to be common in theEuclid
data set, making it primed to detect these. Pretrained models are
especially powerful in tasks such as strong lens �nding where
the lack of known lenses to train on is a signi�cant issue; �ne-
tuning a model requires signi�cantly less training data to learn
from than a usual model would, and while the number of sim-
ulated lenses available is much greater than the number of real
lenses, it is still limited. Using a pretrained model also greatly re-
duces the chance of over�tting as the model is already primed to
pick out useful morphological features;Zoobot should already
be able to infer what parts of an image are relevant for classi�ca-
tion and what to ignore as background objects, artefacts, or stars.
By keeping the �rst layers from the pretrainedZoobot, this also
ensures that the model is encouraged to learn true morphological
properties rather than other patterns that may arise in simulated
lenses such as PSF orientation (Wilde et al. 2022).

There are many di� erent pretrained architectures ofZoobot
available. The version employed in this work is the ConvNeXT-
Nano version, since it performs well while being quick to train,
with 15.6 million trainable parameters. The ConvNeXT archi-
tecture is based on the foundational ResNet-50 model, but `mod-
ernised', incorporating elements from vision transformers to im-
prove performance while retaining the strengths of CNNs such
as simplicity (see Liu et al. 2022 for more details). There were
both greyscale (one channel input) and colour (three channel in-
put) pretrained versions of this model available and we used the
respective version to match the type of images with which we
�ne-tune Zoobot.

3.2. Fine-tuning approach

There were many di� erent variables that could be adjusted to im-
prove the performance ofZoobotwhen �ne-tuning it from a gen-
eral morphology classi�er to a strong lens �nder. These included
the choice of training data, the choice of what types of images
(scalings and �lters) to use, and machine-learning hyperparame-
ters (such as batch size and the number of layers �ne-tuned). The
framework that we used to build an optimal version ofZoobot
involved selecting one choice for each of the mentioned options,
�ne-tuning this version of the model on the choice of training
data, and then evaluating each version by its performance on
real lenses and non-lenses. This consisted of 97 known grade
A Euclid lenses and a data set of 26 222 non-lensEuclid cutouts

Fig. 2. The forecasted performance of di� erent versions ofZoobot
when changing the number of layers that were �ne-tuned. Numbers are
based on the performance on the sample of known lenses inEuclid and
cutouts from random EWS tiles outside Q1, with the statistics extrapo-
lated to predict the performance in Q1.

from EWS tiles outside Q1 (see Sect. 2.2.3). Since the ratio of
97:26 222 does not re�ect the proportion of lenses expected in
realEuclid data, we scale the statistics to match the ratio of ex-
pected lenses according to Collett (2015). For each �ne-tuned
version ofZoobot, we rank order all of the 26 222+ 97 cutouts.
To compare the di� erent versions, we plot (e.g., see Fig. 2) as a
function ofZoobot rank the cumulative fraction of the 97 lenses
recovered against the total number of images up to thatZoobot
rank. This allows us to forecast the number of lenses we should
�nd in Q1 as a function of how many objects we have to inspect.

The di� erent versions of the models were compared ac-
cording to the fraction of lenses recovered after inspecting
0:01%–0:1% of the data. This corresponds to 1000–10 000 im-
ages over the entirety of Q1, roughly our expected expert and
citizen scientist inspection capacity. Typically, machine-learning
models have their performance evaluated by zero-dimensional
quanti�ers, such as the area under receiver operating character-
istic (ROC) curve. However, because we have a limited visual
inspection budget we are only interested in the performance in a
speci�c range; if we are only able to visually inspectn images, it
makes no di� erence if the lenses that were missed were ranked
at n + 1 or n + 1 000 000. Therefore, using metrics that value
the performance across the whole range of ranks equally is less
useful than inspecting the performance in a range of ranks that
corresponds to what can be visually inspected.

3.2.1. Hyperparameter tuning

One hyperparameter that was speci�c to the pretrained model
which was found to make a signi�cant impact on performance
was the number of layers that were �ne-tuned. The more layers
that are �ne-tuned, the less the model relies on what was learnt
during pretraining, but the more it can adapt to the new data. In
order to �nd the optimal number of layers to �ne-tune, we al-
lowed this to vary while keeping the other hyperparameters con-
stant, and the performance of the di� erent versions are plotted in
Fig. 2. We found that the number of lenses recovered at a certain
rank increases as the number of �ne-tuned layers increases up to
three, but increasing the number of �ne-tuned layers from three
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Fig. 3.Purity and proportion of lenses found (or TPR) for lenses scored
by Zoobot at di� erent thresholds, as evaluated on the validation data
set of known lenses after being rescaled to the forecasted lens rate.

to four resulted in a decrease in the number of lenses recovered in
the range of ranks we are interested in (speci�cally 103–104). As
such, we chose the version with the last three layers �ne-tuned
as the best model. This �ne-tuning performance makes sense;
�ne-tuning too few layers requires the classi�er to closely re-
semble the originalZoobot classi�er, which is not designed for
lens �nding, whereas �ne-tuning too many layers erases more of
the useful features of astrophysical data thatZoobot has learnt
from millions of Galaxy Zoo classi�cations.

Other choices such as batch size, learning rate, and choice
of image scalings were also found to a� ect performance. Simi-
larly to the number of layers �ne-tuned, we varied these hyper-
parameters and compared the performance of the di� erent ver-
sions of the model to determine the optimal choice for each. In
terms of image scalings, it was found that forIE-only greyscale
images, the arcsinh scaling resulted in a better performance than
the MTF scaling, and theIE-only greyscale images generally per-
formed better than the multi-band colour images. It was found
that the optimal values of batch size and learning rate were 64
and 10� 4 respectively, and these were used for the �nal version
of the model for the Q1 lens search. However, it is likely that the
optimal hyperparameters found here are speci�c to this training
set and as such are likely to be di� erent to what is optimal in
future Euclid lens searches when we will be able to train new
versions of the machine learning models using the lenses found
in Q1.

3.2.2. Training data set selection

While the possibilities of combinations of data sets to use in
training was large, we found that the best performance came
when trainingZoobot on a combination of S1 and S2 as the
positives, and the best set of negatives was the labelled DESI
non-lenses. We also implemented the defaultZoobot augmen-
tation of images, which includes random rotations, vertical �ips,
and o� -centre cropping and resizing.

We notably found that adding more sets of simulations to the
training data did not always improve performance, demonstrat-
ing that for pretrained models, the performance is not necessarily
constrained by the quantity of training data as much as the qual-
ity of it. However, for other models that are not pretrained and

therefore typically require larger training sets, this may not be
the case.

Additionally, we found that using a smaller but more selec-
tive data set of negatives, where each object had been labelled
and the proportion of commonly misclassi�ed false positives
(such as ring galaxies and spiral galaxies) had been in�ated, re-
sulted in a performance that appeared to generalise better than a
model trained on random cutouts. It was also found that training
on these labelled non-lenses alone resulted in better performance
than a combination of labelled non-lenses and random cutouts,
again suggesting that a quality-over-quantity approach is prefer-
able for pretrained models.

3.3. Results from �ne-tuning

To quantify the performance of a model, statistics that are of
particular interest are the true positive rate (TPR), false positive
rate (FPR) and purity (P),3 given in terms of true positives (NTP,
number of lenses that were predicted to be lenses), false positives
(NFP, number of non-lenses that were predicted to be lenses), true
negatives (NTN, number of non-lenses that were predicted to be
non-lenses), and false negatives (NFN, number of lenses that were
predicted to be non-lenses):

TPR=
NTP

NTP + NFN

; (1)

FPR=
NFP

NFP + NTN

; (2)

P =
NTP

NTP + NFP

: (3)

TPR can be thought of as the fraction of real lenses that the
machine-learning model predicted to be lenses, FPR as the frac-
tion of non-lenses that the machine-learning model predicted to
be lenses, and purity as the fraction of things that the machine-
learning model predicted to be lenses that are real lenses. Since
machine-learning models do not generally produce a binary
(lens/non-lens) output, but rather give objects a continuous score
from 0 to 1 of how likely an object is to be a lens, the purity,
TPR, and FPR vary according to a score threshold at which to
split the objects into lenses and non-lenses. There is generally a
trade-o� between purity and TPR; by setting a high score thresh-
old, fewer objects are classi�ed as lenses and so the proportion
of total lenses found is lower, but as the score threshold is lower
the purity decreases. The purity at di� erent TPR values for the
best performing version ofZoobot is displayed in Fig. 3. As be-
fore, these statistics are calculated based on the performance on
the known lenses and a set of random Q1 cutouts, with the purity
scaled to take into consideration the expected ratio of lenses to
non-lenses in such a sample. We recover an almost entirely pure
sample of 35% of the lenses, but the purity falls to 20% to re-
cover up to 60% of the known lenses. As can be seen in Fig. 2,
the best version ofZoobot requires the �rst 10% of all the data
(score threshold in the range 0:2–1:0) to be inspected to reach a
TPR of 100%.

WhenZoobot was applied to theEuclidERO data in Pearce-
Casey et al. (2024),Zoobot was found to perform better than the

3 TPR is also known as recall or sensitivity; purity is also known as
precision.
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