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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 hs
been con rmed previously. With®6 resolution covering a third of the sky, tiiclid telescope will revolutionise strong lens nding, with
170000 lenses forecasted to be discovered amongst its 1.5 billion galaxies. We present an analysis of the performance of ve machine-learn
models at nding strong gravitational lenses in the quick releasEuaflid data (Q1), covering 63 dégThe models are validated with citizen
scientists and expert visual inspection. We focus on the best performing network: a ne-tuned versioAatibepretrained model, originally
trained to classify galaxy morphologies in heterogeneous astronomical imaging surveys. Of the one million Q1 objgotbtiavas tasked

to nd strong lenses within, the top 1000 ranked objects contained 122 grade A lenses (almost certain lenses), and 41 grade B lenses (probs
lenses). A deeper search with the ve networks combined with visual inspection discovered 250 (247) grade A (B) lenses, of which 224 (182) al
ranked in the top 20 000 &oobot. When extrapolated to the fuluclid 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 whilst Jacobs et al. (2017) trained a CNN to nd 14 lens can-

. . . . didates per square degree in the Canada—France—Hawaii Tele-
Covering approximately 14000 deghe Euclid Wide Survey scope (gFHT(; data. gNNs have now been successfully em-

(EWS; Euclid Collaboration: Mellier et al. 2024) has the poweﬂloyed to nd lenses in the Dark Energy Survey (DES, Ja-

to re_volu_tionise strong gravitational lensing by galaxies, tranSsps et al. 2019b.a: Rojas et al. 2022), the Kilo-Degree Survey
forming it from a sample of about a thousand to over a hundrggns” petrillo et al. 2017. 2019: Li et al. 2020. 2021 Nagam

thousand (Collett 2015). Whilst many telescopes on the groupd, 2023, 2024: Grespan et al. 2024), Panoramic Survey Tele-

have surveyed large areas of sky, no previous wide area su;g:;pe and Rapid Response System (PanSTARRS, Cafiameras

has ever had sucient resolution to resolve multiple images oL o 5020y, the Ultraviolet Near-Infrared Optical Northern Sur-
a single background source around a typical lens galaxy. Vi (UNIONS, Savary et al. 2022), and Hyper Suprime-Cam

Einstein radius distribution of galaxy-galaxy lenses in the Un(HSC) data (Shu et al. 2022; Jaelani et al. 2024). More recentl

; . ; : : y
verse is expected to peak & (Collett 2015), and many of ¢ 3107 e 4. (2025) showed that multi-class vision transform-
these are within reach @&uclid with the G%6 full width at half ers are powerful alternatives to CNNs

maximum (FWHM) in the VIS Iter (Euclid Collaboration: Mc- Machine-learning approaches to strong lens nding are data

Cracken et al. 2025). Fensive, requiring large samples of positive and negative exam-

With exceptional resolution comes exceptional challenges'a . R .
data volume Euclid will observe around 1.5 billion unlensed” ¢ S€tS: Negative training sets are relatively easy to construct,

galaxies (Euclid Collaboration: Scaramella et al. 2022) in iance almost all astronomical objects are not strongly lensed.

14000 ded, and manually searching these is intractable. Eve og?;ﬁg'&‘%@ﬁ ?:rlltévgatrf ITéni% iﬁf:;ﬁ Eg;,léc?h;n g{)esgrr\]/zltli%%%l?lge't-
the largest citizen science lens search projects have only In- P

spected up to around one million images (Marshall et al. 201 ogeneous. Faced with this problem, aimost all strong lens nd-

More et al. 2016 Sonnenfeld et al. 2020: Gonzélez et al. 202%53 have relied on simulations of lenses to act as positive train-

To deliver the promise oEuclid strong lens nding, it is clear g sets, using either pure simulations or lensed sources painted

) top of real non-lensing luminous red galaxies (LRGs). These
fjh;ggutomated methods must be employed to pre-screen Caﬁgbroaches allow for the creation of very large positive training

s, but carry a substantial risk that the machine-learning models

. . . . t
Recently, machine learning has gained substantial tracti o . _
in the eld of strong lens nding, with many teams devel-%]ay only learn peculiarities from the simulation process, rather

oping machine-learning-based classi ers (Metcalf et al. 201&51_an the true features that distinguish a lens from a non-lens.

Lanusse et al. (2018) and Avestruz et al. (2019) developed 1he Euclid Quick Data Release 1 (Q1; Euclid Quick Re-

deep convolutional neural network (CNN) architectures that p%%_ase Q1 2025) data set gives the rst opportunity to search

formed extremely well on simulated lenses (Metcalf et al. 20149\, 1enses in a large area (63 dpromogeneous data set with
96 resolution. Prior to this, the onBuclid data available for

e-mail:natalie.lines@port.ac.uk nding lenses within has been theuclid Early Release Obser-

?
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Euclid Collaboration: Lines et. al.: Euclid Q1 — Finding strong lenses with machine learning

infrared spectrometer and photometer (NISP; Euclid Collabora-
tion: Jahnke et al. 2024). There are four bands in total, the VIS
lc band and the NISF;, J., andH; bands. Althougltuclidim-
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 Iter com-
binations with two image scalings were chosen, producing a total
of six combinations. The Iter combinations used wegeonly
greyscale images; +Y: colour images, andl +J; colour im-
ages. In the case of the colour images, théalee channels cor-
respond to the longédshortest wavelength images, and the green
channel is the median of the two. All images are produced at the
highest resolution of thEuclid bands, that of VIS, at #2101
per pixel (see Euclid Collaboration: Walmsley et al. 2025 for de-
tails). The two scalings chosen were arcsinh, which provides a
Fig. 1. Di erent scaling and colour options for one sample cutout [H9h contrast thatampli es both faint arcs and background noise,
Q1 processed into JPEG format. The top row is MTF scaling and tBd the midtone-transfer function (MTF; see Euclid Collabora-
bottom row is arcsinh scaling. From left to right, the columns show tion: Walmsley et al. 2025), which produces a more homogenous
only, Iz +Ye, andl +J; images. The cutout size is 100100 pixels, or image without saturating bright pixels. An example of these im-
10 10angular scale. 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
vations (ERO, Euclid Early Release Observations 2024) daigsyits in large quantities of mostly redundant information. Pro-

which covered an area of 8.12degith these data, an areaiging that the scaling to the 8-bit format of JPEG images is
of 0.7 deg was entirely visually inspected down to = 225  gi;ch that it preserves most of the dynamic range, the amount of
by experts where three grade A and 13 grade B lens candidaisrmation lost is made up for by the signi cantly faster pro-
were found (Acevedo Barroso et al. 2024b). These lenses wgggsing time. We nd that for both the brightest and the faintest
used to test machine-learning models at nding lensdsualid of lenses (whether these be the lenses we nd in Q1 or lenses
(Pearce-Casey et al. 2024), and these models were then apgligeld in previous searches), the lenses are generally as easy to
to the rest of the ERO, data where 14 grade A and 31 gradgyBtinguish in the JPEG images as in the FITS images. These op-
strong lens candidates were found (Nagam et al. 2025).  tjons were chosen based on the appearance of the Q1 data, but
_ This paper describes the erts within the Euclid Consor- the same scalings were applied to simulations and other train-
tium to train machine-learning models to discover strong lensgg and validation data to ensure homogeneity. All images have
in Q1, which is part of the ve paper series "The Strong Lengsize of 100 100 pixels, corresponding to an angular scale of
ing Discovery Engine’. The series consists of: the overview paefo  1020in the |, band. This size allows the full Einstein ring

per Euclid Collaboration: Walmsley et al. (2025) that includesy 1| galaxy-scale lenses to be visible but does not necessarily
a description of all the lenses found in Q1; Euclid Collaborgmcompass group-scale lenses.

tion: Rojas et al. (2025) that describes oupd 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) 2.1. Q1 data
that analyses the double-source-plane lens (DSPL) candid fitlid collects data for two main surveys: the EWS and the Eu-
that were discovered; and Euclid Collaboration: Holloway et .

) , A lid Deep Survey (EDS). The former aims to survey around a
(2025). that explores how to c_omblne multiple lens- nding Clasthird of the sky, covering the area that excludes the Galactic and
si ers into an ensemble classi er for future lens searches.

X cliptic plane, amounting to 14 000 degvhile the latter surveys
The present paper is structured as follows. In Sect. 2 We Gigaq selected areas (Euclid Deep Field North, Euclid Deep Field
cuss the data used in this work, which consists of Eelid g uth, and Euclid Deep Field Fornax), totalling 63%dmit with
Q1 data (Sect. 2.1) and the machine-learning training data (S¢ghe ated exposures producing images that are up to 2 magnitudes
2.2). In Sect. 3 we describe t@®obot machine-learning model yooner TheEuclid Q1 release covers the Deep Field areas, but

i’;md preiserét wthzilt was Ie?rnt tfrr]om t(r)]ptimisiﬂr?_ObOI'E to nd aﬁthe depth of the EWS. Q1 provides the rst look into what we
Enses. In Sect. 4 We explore the other machine-learning Mgy pe aple to nd within Euclids lifetime and provides us with
els used in this work. The results are presented in Sect. 5, w rst sample ofEuclid lenses

include the results from a preliminary inspection of each mode_ S The Euclid data products we used were the background-

O%tracted merged mosaic tiles, in which the four images from

(ff‘le di erentEuclid bands are matched to the resolution of VIS

5.2), and a statistical analysis of how many lenses thgre arg INyhile 1. has a PSE FWHM of 816 (Euclid Collaboration:
Q1 beyond what was visually inspected (Sect. 5.3). A discuss Popper eltz al. 2024), for., J., andH, the PSF FWHM is 815,

of what was found is presented in Sect. 6 and the CondUSionS@.ﬁ%A and 835, respectively (Euclid Collaboration: Jahnke et al.

presented in Sect. 7. 2024), and the details of the interpolation are described in Euclid
Collaboration: Romelli et al. (2025). Of all the objects in Q1,
2 Data 1086554 passed our selecti_on criterial ok 22:5, along wit_h
a quality check to remove objects such as stars (see Euclid Col-
Euclid collects data with two instruments, the visible imagdaboration: Walmsley et al. 2025), and it was these objects that
(VIS; Euclid Collaboration: Cropper et al. 2024) and the neawere analysed by the machine-learning models. Using cutouts
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with size 1§° 10°°means there will inevitably be overlap beby combiningr-band+ i-band images, while infrared magni-
tween images, but we ensure that the numbers of lenses repottieés were matched to COSMOS 2020 VISTA (Visible and In-
has duplicate lenses removed. frared Survey Telescope for AstronomY)JH bands (Weaver
et al. 2022). They paired lenses and sources, such that they pro-

o o duce an Einstein radius in the rang&0-29. A singular isother-
2.2. Training and validation data sets mal ellipsoid (SIE) mass model was adopted, with parameters
I{Aerived from the Sérsic t and Einstein radii calculated using the
égdshifts and velocity dispersions of the lens and source. Source

velop a machine-learning model. Many of the models used |mage|sdvxf[ere I(?[n;edl%aslesdlon the masslrr:pdel_,rﬁ_ndl thtentdown-
this work were built on models developed for the strong lepgMPied to matchucha e IMage resojution. This last step
search in theEuclid ERO data (Acevedo Barroso et al. 2024anludes convolution with the telescope point-spread function

) . : F) and scaling to the lens image ux. Finally, the resulting
I?gtairr?\?e;%saet)iloﬁts a:)l.f ﬁ?ez Alferi?%%?:\; tazli'"éoga’] é/l\{glcgi\\;\‘/aenre gEr(%ulated lensing features are added into the VIS and NISP lens

the aim of nding as many lenses as possible, there were few i@_ages. Through augmenting the number of LRGs available for

L g . ulating by using four 90rotations of each LRG, the num-
strictions placed on how the models should be developed, ratf?ér?; of simulations was 11 057. There was an additional earlier

they were all developed independently and evaluated on their rsion of the same simulations containing 10 311 simulations,

Iensl\;lggrll?r?epleer;?rrlmgnr;idels are best able to recognise imagrrel%king a total number of 21 368 simulations available.

e . . A second set of simulations (S2) was created using the
that appear similar to the images they have been trained &TAMERnsing code (Metcalf & PSatkgva 2014; Petkova egt al.
meaning ideally we want to train the models on réaiclid 2014). These simulations started by cutting out 2@DO0 pixel

lenses. However, the number of objects needed to train d?%%ges of all the observed galaxies wigh 22. Each image was

learning models (typically of the order 4QL®) greatly ex- O > e . ;
. ; tched to an object in the Flagship simulation (Euclid Collabo-
ceeds the number of known lenses. While pretrained models ion: Castander et al. 2024) with a nearest neighbour algorithm

greatly reduce the number of images that are needed to be tra|m the space of all magnitudes in all four bands, ellipticity, and

on (of the order 19, the number of available lenses is st tooredshift, when available for the observed galaxy. The parame-

!?r\:\é :gf??gnv\sgeh;%g%g nglrﬁ:i'tb(l)irsgeq[n(% Li%%mglgﬁgegﬁﬁﬂosri%[s of the Flagship galaxy and dark matter halo were then used
’ 9 R construct a mass model for the lens. The mass model con-

ulations on which to train the machine-learning models, whicl . ; -
are then applied to the Q1 data. Sisted of a baryonic part in the form of a Sérsic prole and a

.dark matter halo in the form of a Navarro—Frenk—White pro le

At the time of training the machine-learning models ifNayarro et al. 1997). The position angle was set to that mea-

preparation for Q1, there were multiple options of what ims e in the data. A source redshift was drawn from a distribu-
ages to use. The derent data sets available consisted of siMyn t 1o the COSMOS 2020FARMERataloguel -band num-

ulated lenses, known real lenses, and non-lenses. Theelit e coynts (Weaver et al. 2022). Rays were then shot through
machine-learning models were developed independently ang1as mass pro le to the source redshift. The caustics and critical

such were free to choose any available data sets for training aif\es were found. The lens was rejected if the Einstein radius
validation of the models. All of these data sets were available 35q |ess than®. The Einstein radius is de ned as the radius

JPEG les in all of the six combinations of scalings and Iters’%&‘

For the Q1 lens nding challenge, any member of the Eucl
Collaboration strong lensing working group was invited to d

; I h | ¢ h | h H a circle that has the same area as the area within the tangen-
and it was left to the developers of each model to choose whighy citical curve. A source was then selected and placed near or
of these to use for their nal model. By allowing a diversity o

X . . e . n the tangential caustic. The sources were modelled with mul-
options in terms of choice of training data and image proce

. . X Mle Sérsic pro les. The image of the lensed object was then
ing, we are more likely to be able to nd an optimal approacfonyolved with the local PSF, and Poisson noise was added.

for lens nding in future Euclid data releases, allowing us torne simylations were performed at 4he resolution of VIS
later re ne these options to be able to make more direct COMPRAr-1hen downsampled to the respective resolutions for VIS and
isons between models. In the future when a large number of rggep pefore being convolved with the PSFs. The NISP images
Euclidlenses are available, we will be able to quantifytient \yere then interpolated to the higher ViISresolution using a
machine-learning approaches in a fully data-driven way. BILINEARInterpolation kernel, similar to the processing of the
real Euclid data. Another rejection step was taken after combin-
2 21. Simulated lenses ing the Iensed image with the prig_inal data image. Cases where
the lensed image was too low in signal-to-noise or in contrast to
The rst set of simulations (S1) was based on the work presentidég lens galaxy light were removed when visually inspecting the
in Euclid Collaboration: Rojas et al. (2025) and was created iazages. In these simulations, the mass of neighbouring objects
follows. They simulated strong lensing systems using all fowas notincluded. See Metcalf et al. (2025. in prep.) for more de-
Euclid bands, following the procedure outlined in Rojas et diails on these and related simulations. 5363 images were created
(2022) and utilising théenstronomy package (Birrer & Amara without any augmentation.
2018; Birrer et al. 2021). De ectors were selected as LRGs with A third set of [.-only simulations (S3) was created, imple-
known redshifts and velocity dispersions, modelled using a Sérenting the code presented by Schuldt et al. (2021). To create
sic pro le in the J; band to estimate ellipticities and central posigalaxy-scale lens simulations, a lens mass distribution modelled
tions. These parameters were optimised with a downhill simplesith an SIE pro le was used, with the following input parame-
algorithm. Background sources were drawn from Hhgbble ters: lens redshift, source redshift, and velocity dispersion. The
Space Telescope Advanced Camera for Surveys (ACS) F81#ls centroid, axis ratio, and position angle were derived from
high-resolution catalogue (Leauthaud et al. 2007; Scoville et tie rst and second brightness moments of Eglid VIS im-
2007; Koekemoer et al. 2007), combined with HSC colour infoages. Sources were randomly placed in the source plane, restrict-
mation (Cafiameras et al. 2020). VIS magnitudes were compuiregithe simulations to those with an Einstein radius betwé&én 0
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and 2%. Subsequently, the sources were lensed in the ima le 1. The di erent available training data sets and which machine-
plane using thésLEBoftware (Suyu & Halkola 2010; Suyu etal, e TR e iver ot o en ro o ach dota.
20’[%12t)h FIEnaIPg ?glflmulat?ddlensedds'ougf 'Irg?ge was C.OTVOI%% is shown in brackets, other than the EWS random cutouts and the
wi eeucl o1, rescaled accoraingtaiclid s Zero points, - o5 jenses, since the dirent models used dérent numbers of these.

and combined with the original LRG image. The nal simula-

tions were given as images of %9 19°0 with 2143 simulations Model
produced: Data set (size) > 3 i 5
All of the simulations used for training employed painting ST (11057% 10310) X X X X X
simulated lensed sources on to real galaxies, as opposed to &9 (5363) X X X X X
fully simulated approach. We used three sets of simulations to in- g3 (2143) X
crease training diversity. Two (S1 and S3) painted lensed sourcesgq g lenses X X X* X* X
on to galaxies with spectroscopically measured velocity disper DESI spirals ( 2300) Y X X X X
sions, improving realism at the cost of using only bright LRGs DESI mergers ( 250) X X X X X
as lenses (Euclid Collaboration: Rojas et al. 2025, Melo et al. in jeg fings ( 60) X X X X X
prep.). As high velocity dispersion LRGs were selected for this, jeg) | rGs ( 2700) X X X X
the resulting simulations had disproportionately large Einstein DES| others ( 2300) X X X
radii, which could potentially bias the machine-learning mod- S2 random counterpart (4106)X X X X
els towards more massive lenses which are generally easier 1%\Ws random cutouts X X *

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 simulatiofgns of simulations and real lenses, while others were trained on
could be produced around a wider range of galaxy types aithylations alone and the real lenses were used to validate their

masses (Metcalf 2025 in prep.). Only S1 and S2 produced simidformance. For details of how each machine-learning model
lations in the NISP bands. S1 produced the NISP images diregll¥s trained see Sect. 4.

at the higher VIS, resolution, while S2 produced the NISP sim-
ulations at the lower resolution and then interpolated this to the
resolution of VISI, taking into account the correlated noise that.2.3. Non-lenses

exists in the reaEuclid NISP images. When curating a data set of non-lenses for machine-learning

training, there are two general approaches. Firstly, one can use
2.2.2. Previously known real lenses a collection of random non-lenses, typically with a similar se-

lection function as foreground galaxies used for the simulations,
Prior to this lens search, there were a number of previousthere the idea is that by training on data that resembles the pop-
known lenses coinciding with areas Bficlid coverage, which ylation of objects in real data, it will extrapolate well to the data
were ideal for training on as they most closely resemble thgwhich it is being applied. An alternative approach is to recog-
lenses in Q1. A data set of approximately 150 previously knowise objects that are more likely to be mistaken for lenses (such
grade A and B lenses that had Q1 data available was use@dspiral and ring galaxies) and train the models on these specif-
training andor validation of the machine-learning models, bytally. In Cafiameras et al. (2024), it was found that the lens-
was not counted in the number of newly discovered lenses fgding performance of a machine-learning model depends sig-
ported in this paper. This collection of 150 lenses includes lensggantly on the contents of the negative set, favouring the use
discovered in theEuclid ERO data (Acevedo Barroso et alof non-random negative sets.
2024b), the expert visual inspection of galaxies with spectro- There were two sets of random cutouts, one of objects in Q1
scopic velocity dispersion (Euclid Collaboration: Rojas et alyith the same selection function as the LRGs used for S2 (see
2025), the Galaxy Zoo Cosmic Dawn project, other surveys thgéct. 2.2.1) containing 4106 objects, and one of objects with the
overlapped with Q1, and other serendipitous discoveries. Og&me selection function as Q1 but from EWS tiles that lie outside
side Q1, there were around 50 additional known gradB Athe Q1 area. There was a set of labelled non-lenses, which pri-
lenses irEuclid discovered from the Galaxy Zdguclid project, marily originated from a visual inspection of objects with Dark
where volunteers searched the EWS, giving a total number of &rergy Spectroscopic Instrument (DESI) data available (Euclid
proximately 200 reatuclid lenses available for training. AroundCollaboration: Rojas et al. 2025). This provided a data set of ap-
the time of the internal Q1 release, more lenses were diSCOV%@@B(imateW 2300 spiral galaxies, 250 mergers, 60 ring galaxies,
serendipitously, which were not discovered in time to add to opyQ0 LRGs, and 2300 others. The DESI LRGs were the LRGs
training sample, but which are collated in the Q1 lens data $gfed for S1 and S3. Table 1 shows all the data sets available
presented in Euclid Collaboration: Walmsley et al. (2025).  along with which machine-learning models used which sets.

As the number of known lenses is small and heterogenous

due to the number of derent searches they originate from,
training on these few known lenses alone may amplify any s&-Zoobot: pretrained Bayesian CNN
lection bias in the pre-existing lens sets. Therefore, these Iengels
were primarily used to supplement the simulated lenses, which’
are designed to cover a larger range of lensing con guratior&obot? (Walmsley et al. 2023) is a Bayesian CNN that is pre-
Some machine-learning models were trained on the combit@ined on 92 million morphological classi cations of galaxies
as part of the Galaxy Zoo citizen science project (Lintott et al.
! We note that due to the nature of the internal Euclid Collaborati@D08). Using pretrained models suchZzambot and ne-tuning

Q1 timeline, this set of simulations was made available after matlyem is an example of “transfer learning', where by taking a tool
machine-learning models had started to be developed and hence was

employed by fewer models. 2 httpsi/github.conimwalmsleyzoobot

Model description
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that is already primed to solve a d@irent 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 dfuclid 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 dauclid data. 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 morpholody9: 2. The forecasted performance of @rent versions oZoobot

; ; ; ; hen changing the number of layers that were ne-tuned. Numbers are
are likely to be relevant to lens nding. Whiléoobot will have ed on the performance on the sample of known lend@sdid and

_ : . b
seen very few images of Ienses_, it has been pretra.med on hkﬁ%uts from random EWS tiles outside Q1, with the statistics extrapo-
numbers of non-lenses that are likely to be common ifEthelid |10 to predict the performance in Q1.

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 'ef‘ses to train on is a signi cant ISsue; Neg, ., pF\ys tiles outside Q1 (see Sect. 2.2.3). Since the ratio of
tuning a model requires signi cantly less training data to lea

. : :
from than a usual model would, and while the number of sir‘$517'26 222 does not re ect the proportion of lenses expected in

ulated lenses available is much greater than the number of rééll Euclid data, we scale the statistics to match the ratio of ex-
oo S : grea ted lenses according to Collett (2015). For each ne-tuned
lenses, itis still limited. Using a pretrained model also greatly r

duces the chance of over tting as the model is already primed.fzérSion onoobot,_we rank order all of the 26 22297 cutouts.
pick out useful morphological featuregpobot should already compare the dierent versions, we plot (e.g., see Fig. 2) as a

. . » function of Zoobot rank the cumulative fraction of the 97 lenses
be able to infer what parts of an image are relevant for classi ¢

; X ” fScovered against the total number of images up toZbabot
tion and what to ignore as background objects, artefacts, or Stalay 'This allows us to forecast the number of lenses we should

By keeping the rst Iayers from the pretrainemobot, this also .nd;in Q1 as a function of how many objects we have to inspect.
ensures that the model is encouraged to learn true morphological

properties rather than other patterns that may arise in simulated The di erent versions of the models were compared ac-
lenses such as PSF orientation (Wilde et al. 2022). cording to the fraction of _Ienses recovered after inspecting
There are many dierent pretrained architectures 26obot 0:01%-01% of the data. This corresponds to 1000-10 000 im-
available. The version employed in this work is the ConvNeXTPJ€s over the entirety .Of Q1 royghly our expectec_] expert _and
Nano version, since it performs well while being quick to trairftiZen scientist inspection capacity. Typically, machine-learning
with 15.6 million trainable parameters. The ConvNeXT archi'0dels have their performance evaluated by zero-dimensional
tecture is based on the foundational ResNet-50 model, but ‘mgyanti ers, such as the area under receiver operating character-
ernised’, incorporating elements from vision transformers to ifpu¢ (ROC) curve. However, because we have a limited visual
prove performance while retaining the strengths of CNNs sutsPection budget we are only interested in the performance in a
as simplicity (see Liu et al. 2022 for more details). There Weﬁé’elf' ¢ rang_e, ifwe a_lfrehonlly able t?] visually mgper(njmages, It ked
both greyscale (one channel input) and colour (three channelf2Kes no |eren88(; Otog e?]sesft at were misse W?]re rar; e
put) pretrained versions of this model available and we used ffd' + 1 orn+ 1 . Therefore, using metrics that value

respective version to match the type of images with which Wae Performance across the whole range of ranks equally is less
ne-tune Zoobot. useful than inspecting the performance in a range of ranks that

corresponds to what can be visually inspected.

3.2. Fine-tuning approach
. . ] ~ 3.2.1. Hyperparameter tuning
There were many dierent variables that could be adjusted to im-

prove the performance @oobotwhen ne-tuning it from a gen- One hyperparameter that was speci ¢ to the pretrained model
eral morphology classi er to a strong lens nder. These includedhich was found to make a signi cant impact on performance
the choice of training data, the choice of what types of imagess the number of layers that were ne-tuned. The more layers
(scalings and lters) to use, and machine-learning hyperparantieat are ne-tuned, the less the model relies on what was learnt
ters (such as batch size and the number of layers ne-tuned). Theing pretraining, but the more it can adapt to the new data. In
framework that we used to build an optimal versionZafobot order to nd the optimal number of layers to ne-tune, we al-
involved selecting one choice for each of the mentioned optiot@yed this to vary while keeping the other hyperparameters con-
ne-tuning this version of the model on the choice of trainingtant, and the performance of the dient versions are plotted in
data, and then evaluating each version by its performance Fig. 2. We found that the number of lenses recovered at a certain
real lenses and non-lenses. This consisted of 97 known graaek increases as the number of ne-tuned layers increases up to
A Euclidlenses and a data set of 26 222 non-IEunslid cutouts three, but increasing the number of ne-tuned layers from three
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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 thse true positive rate (TPR), false positive

. ) _ rate (FPR) and purityH),® given in terms of true positivesN,

Fig. 3. Purity and proportion of lenses found (or TPR) for lenses scor : "

bngoobot gt di eprenF; thresholds, as evalua(ted on t)he validation d{%mber of lenses that were predicted to be_ lenses), false positives

set of known lenses after being rescaled to the forecasted lens rate.\' number of non-lenses that were predicted to be I.enses)' true
negatives iy, number of non-lenses that were predicted to be
non-lenses), and false negativéky, number of lenses that were

to four resulted in a decrease in the number of lenses recoverellfflicted to be non-lenses):

the range of ranks we are interested in (speci cally-210"). As

such, we chose the version with the last three layers ne-tuned N,»

as the best model. This ne-tuning performance makes sen$&€R= {— 1)

ne-tuning too few layers requires the classi er to closely re- oo

semble the originaZoobot classi er, which is not designed for

lens nding, whereas ne-tuning too many layers erases more of Nep

the useful features of astrophysical data taobot has learnt FPR= o— = (2

from millions of Galaxy Zoo classi cations. A

Other choices such as batch size, learning rate, and choice

of image scalings were also found toext performance. Simi- _ Ny 3

larly to the number of layers ne-tuned, we varied these hyper-~ N+ N, ©)

parameters and compared the performance of therdnt ver-

sions of the model to determine the optimal choice for each. T®’R can be thought of as the fraction of real lenses that the

terms of image scalings, it was found that foronly greyscale machine-learning model predicted to be lenses, FPR as the frac-

images, the arcsinh scaling resulted in a better performance ttigh of non-lenses that the machine-learning model predicted to

the MTF scaling, and thi-only greyscale images generally perbe lenses, and purity as the fraction of things that the machine-

formed better than the multi-band colour images. It was fout@Rrning model predicted to be lenses that are real lenses. Since

that the optimal values of batch size and learning rate were B&chine-learning models do not generally produce a binary

and 10 respectively, and these were used for the nal versidfensgnon-lens) output, but rather give objects a continuous score

of the model for the Q1 lens search. However, it is likely that tHeom O to 1 of how likely an object is to be a lens, the purity,

optimal hyperparameters found here are speci c to this trainidg’R, and FPR vary according to a score threshold at which to

set and as such are likely to be drent to what is optimal in split the objects into lenses and non-lenses. There is generally a

future Euclid lens searches when we will be able to train neftade-o between purity and TPR; by setting a high score thresh-

versions of the machine learning models using the lenses foutd, fewer objects are classi ed as lenses and so the proportion

in Q1. of total lenses found is lower, but as the score threshold is lower
the purity decreases. The purity at drent TPR values for the
best performing version dtoobot is displayed in Fig. 3. As be-

3.2.2. Training data set selection fore, these statistics are calculated based on the performance on

the known lenses and a set of random Q1 cutouts, with the purity

:’r\gmﬁ] th®£of::b!'t'az ?‘I)Sr???r:g?t;ﬁgsbgfstdafs:arfgreg?a:wocgscz aled to take into consideration the expected ratio of lenses to
9 ge, P I¥6n-lenses in such a sample. We recover an almost entirely pure

when trainingZoobot on a combination of S1 and S2 as th -
" . le of 35% of the lenses, but the purity falls to 20% to re-
positives, and the best set of negatives was the labelled D%%\'ig? up to 60% of the known lenses. FAS sz be seen in Fig. 2,

non-lenses. We also implemented the defdalbbot augmen- the best version oZoobot requires the rst 10% of all the data

tation of images, Wh.iCh include_s Fa”dom rotations, vertical ip?SCore threshold in the range?81:0) to be inspected to reach a
and o -centre cropping and resizing. TPR of 100%

We notably found that adding more sets of simulations to the \nhenzoobot was applied to th&uclid ERO data in Pearce-

training data did not always improve performance, demonstrglygey et al. (2024F00bot was found to perform better than the
ing that for pretrained models, the performance is not necessarily

constrained by the quantity of training data as much as the qualTPR is also known as recall or sensitivity; purity is also known as
ity of it. However, for other models that are not pretrained arpmlecision.
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