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ABSTRACT

In the era of large-scale surveys such as Euclid, machine learning has become an essential tool for identifying rare yet scientifically valuable
objects, such as strong gravitational lenses. However, supervised machine-learning approaches require large quantities of labelled examples to
train on, and the limited number of known strong lenses has led to a reliance on simulations for training. A well-known challenge is that machine-
learning models trained on one data domain often underperform when applied to a different domain: in the context of lens finding, this means that
strong performance on simulated lenses does not necessarily translate into equally good performance on real observations. In the Euclid Quick
Data Release 1 (Q1), covering 63 deg2, 500 strong lens candidates were discovered through a synergy of machine learning, citizen science, and
expert visual inspection. These discoveries now allow us to quantify this performance gap and investigate the impact of training on real data. We
find that a network trained only on simulations recovers up to 92% of simulated lenses with 100% purity, but only achieves 50% completeness
with 24% purity on real Euclid data. By augmenting training data with real Euclid lenses and non-lenses, completeness improves by 25–30% in
terms of the expected yield of discoverable lenses in the Euclid Data Release 1 and the full Euclid Wide Survey. Roughly 20% of this improvement
comes from the inclusion of real lenses in the training data, while 5–10% comes from exposure to a more diverse set of non-lenses and false
positives from Q1. We show that the most effective lens-finding strategy for real-world performance combines the diversity of simulations with the
fidelity of real lenses. This hybrid approach establishes a clear methodology for maximising lens discoveries in future data releases from Euclid
and will likely also be applicable to other surveys such as the Vera Rubin Observatory’s Legacy Survey of Space and Time.

Key words. Gravitational lensing: strong – Methods: data analysis – Surveys

1. Introduction

Strong gravitational lensing is a unique and powerful probe of
astrophysics and cosmology, providing direct insights into phe-
nomena that are otherwise difficult to observe. By mapping the
deflection of light, strong lenses allow a direct measurement of
the total mass of the lens, tracing the combination of its lu-
minous and dark matter. On the galaxy-scale, this provides a
method of probing total dark matter contributions (Gavazzi et al.
2007; Auger et al. 2010) and the presence of dark matter sub-
haloes (e.g. Vegetti et al. 2010, 2012; O’Riordan et al. 2023;
Ertl et al. 2024), as well as other mass components such as su-
permassive black holes (Melo-Carneiro et al. 2025; Nightingale
et al. 2023). Cluster-scale strong lenses can additionally provide
insights into dark matter on small scales (e.g. Natarajan et al.
2017; Meneghetti et al. 2020, 2022, 2023; Dutra et al. 2025)
and offer exceptional magnification and resolving power for the
study of distant background sources (e.g. Vanzella et al. 2017,
2020, 2023; Adamo et al. 2024; Meštrić et al. 2022; Welch et al.
2022; Fujimoto et al. 2025; Bradley et al. 2025). Time-delay
measurements from strongly lensed transients on both galaxy
and cluster-scales provide an independent route to constrain the
Hubble constant (e.g. Kelly et al. 2023; Grillo et al. 2024; Td-
cosmo Collaboration et al. 2025; Pascale et al. 2025; Suyu et al.
2025), and strong lensing cosmography can provide measure-
ments of cosmological parameters such as the equation of state
of dark energy (e.g. Jullo et al. 2010; Caminha et al. 2016, 2022;
Moresco et al. 2022; Li et al. 2024). Strong lenses are scientifi-
cally valuable, but unfortunately are intrinsically rare, with only
a few thousand candidate systems known.

Euclid (Euclid Collaboration: Mellier et al. 2025) is set to
revolutionise strong lensing through its unique synergy of wide-
field coverage (14 000 deg2) and high angular resolution (0 .′′16
point-spread-function (PSF) full width half maximum in the op-
tical filter) across the Euclid Wide Survey (EWS). Forecasts pre-
dict that around 170 000 galaxy-scale strong lenses should be de-
tectable in the full survey (Collett 2015; Acevedo Barroso et al.
2025b). This unprecedented sample, exceeding the total number
of previously known strong lenses by around two orders of mag-
nitude, will be transformative for the field. This vast dataset will

⋆ e-mail: natalie.lines@port.ac.uk

enable a wealth of new scientific insights into galaxy evolution,
dark matter, and cosmology.

With these unprecedented quantities of data comes a new era
of lens searching. Currently, the most reliable method for find-
ing strong lenses is visual inspection by experts (Pearce-Casey
et al. 2024; Acevedo Barroso et al. 2025b). However, visually
inspecting all 1.5 billion galaxies imaged by Euclid to uncover
these strong lenses is intractable, and hence help from automated
techniques is necessary. Because of the complexity of the lens-
finding challenge, deep machine-learning (ML) networks have
proved to be one of the most promising methods for addressing
it. In recent years, ML models have been successfully used to
find strong lenses in a wealth of astronomical data. These span
ground-based large-area surveys such as the Canada–France–
Hawaii Telescope Legacy Survey (CFHTLS; e.g. Jacobs et al.
2017), Dark Energy Survey (DES; e.g. Jacobs et al. 2019b,a;
Rojas et al. 2022; González et al. 2025), Hyper Suprime-Cam
(HSC; e.g. Sonnenfeld et al. 2018, 2020; Cañameras et al. 2021;
Shu et al. 2022; Wong et al. 2022; Jaelani et al. 2024; Schuldt
et al. 2025a,b), Kilo-Degree Survey (KiDS; e.g. Petrillo et al.
2017, 2019; Li et al. 2020, 2021; Nagam et al. 2023, 2024;
Grespan et al. 2024), Ultraviolet Near-Infrared Optical North-
ern Survey (UNIONS; e.g. Savary et al. 2022; Acevedo Barroso
et al. 2025a), Dark Energy Spectroscopic Instrument (DESI)
Legacy Survey (e.g. Huang et al. 2020, 2021; Storfer et al. 2024),
and Panoramic Survey Telescope and Rapid Response System
(PanSTARRS; e.g. Cañameras et al. 2020), as well as space-
based imaging from the Hubble Space Telescope (HST; e.g.
Pourrahmani et al. 2018; Teimoorinia et al. 2020).

The first major data release from the Euclid survey, Quick
Release 1 (Q1; Euclid Collaboration: Aussel et al. 2025), cov-
ers 63 deg2 and provides a first glimpse into what Euclid can
achieve. In the initial Q1 search, around 500 galaxy-scale strong
lens candidates were found through a combination of ML, citi-
zen science, and expert visual inspection, covered by the paper
series ‘The Strong Lensing Discovery Engine’ (SLDE), namely
Euclid Collaboration: Walmsley et al. (2025), Euclid Collabo-
ration: Rojas et al. (2025), Euclid Collaboration: Lines et al.
(2025), Euclid Collaboration: Li et al. (2025), and Euclid Col-
laboration: Holloway et al. (2025). In addition, around 80 group-
and cluster-scale lenses were identified from visual inspection
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of cluster fields (Euclid Collaboration: Bergamini et al. 2025).
Compared to future releases, a relatively large proportion of Q1
data could be visually inspected to enable this quantity of lens
discoveries. Visual inspection budgets can be stretched through
crowd-sourcing with citizen science to help process growing
data volumes; however, the limited scalability of visual inspec-
tion necessitates complementary advances in ML approaches.
Machine-learning classifiers can be combined with citizen sci-
ence as an effective strategy to optimise the use of available hu-
man effort (Holloway et al. 2024). Such approaches nevertheless
benefit from stronger individual ML classifiers, motivating ef-
forts to improve standalone ML performance (Euclid Collabora-
tion: Holloway et al. 2025).

Machine-learning algorithms are natural interpolators:
trained on a fixed dataset, they typically perform well on unseen
data from the same underlying distribution. However, known
strong lenses are few and far between, and this scarcity poses
a problem for training deep-learning models. Training a super-
vised ML model from scratch typically requires at least 104–105,
but ideally millions, of labelled images (Sun et al. 2017). The
number of identified lens candidates within any one survey is
typically of the order 102–103 at most, and hence training ML
models for detecting lenses generally relies on simulations. Al-
though these simulations are made to be as realistic as possible
by adding lensed arcs on top of real images of lensing galaxies,
resulting in simulations that appear visually realistic to humans
(e.g. see Fig. 1), it is hard to ensure that they are perfectly accu-
rate and representative of the true lensing population. Addition-
ally, ML models pick up subtle biases or artefacts in the simula-
tions rather than the true astrophysical features that characterise
strong lenses. As a result, an ML model that detects simulated
strong lenses with high accuracy does not necessarily perform
well at finding lenses in real data. This problem has been well-
reported in ML strong lens finders: Jacobs et al. (2017) trained
convolutional neural networks (CNNs) to find lenses in CFHTLS
data using two different lens simulation approaches. They found
that while the CNNs excelled at detecting their respective types
of simulated lenses, they underperformed on the other type of
simulated lenses and the performance did not translate well to
real data. In Metcalf et al. (2019), ten different lens-finding ap-
proaches were tested on simulated ground-based data as well as
real images from KiDS data. All ten performed significantly bet-
ter on the simulated data than on the KiDS data. Pearce-Casey
et al. (2024) found that training the same ML model on differ-
ent simulated data produced very different performance, and that
these networks consistently underperformed on real data com-
pared to the simulations they were trained on. Cañameras et al.
(2024) explored how varying training data (both positive and
negative) impacts the ability of ML models to recover real lenses
from HSC data. They found that the choice of simulated lenses
for training strongly impacts performance, and that boosting the
fraction of usual contaminants in the negative training class im-
proves performance.

Although most ML models have relied on simulations, train-
ing on real data alone is not without precedent: neural networks
have been successfully developed to find strong lenses in DESI
Legacy Imaging Surveys, using a training set of real lens (of
which there were as few as 700) and non-lens images alone
(Huang et al. 2020, 2021; Storfer et al. 2024). Additionally, the
limited number of real lenses available for ML training can be
mitigated by using the human-in-the-loop pipeline to dynami-
cally build the training set (e.g. Xu et al. in prep.). However,
when training on real lenses alone, it is hard to guarantee that
these training sets are representative of the real-world distribu-

Fig. 1. Top: Simulated Euclid lenses from Euclid Collaboration: Rojas
et al. (2025). Bottom: Real lenses found in Q1.

tion of lenses. Training on these alone may introduce selection
biases. Therefore, despite the domain gap, training on simula-
tions remains beneficial.

The discrepancy in performance when shifting between do-
mains is a well-known and pervasive challenge in ML, extending
beyond lens finding and astronomy (Zhou et al. 2023; Zhang &
Gao 2024), meaning that domain adaptation has been a major
topic in computer vision. Humans intuitively learn to recognise
high-level semantic features in images, enabling us to generalise
across variations in appearance. In contrast, ML models often
rely more heavily on low-level properties such as noise patterns
and synthetic artefacts. Simulations can contain subtle statistical
differences that are more recognisable in high-dimensional fea-
ture spaces, where small mismatches in low-level image statis-
tics can accumulate and become recognisable to ML networks
(Zhou et al. 2023). Deep networks, with their large numbers
of parameters, have a tendency to exploit these domain-specific
features rather than learn generalisable, domain-invariant prop-
erties. As a result, a model trained on one domain (e.g. sim-
ulated lenses) often suffers a significant drop in performance
when applied to a different domain (e.g. real Euclid data, Fara-
hani et al. 2021). Domain adaptation techniques such as domain-
adversarial neural networks (DANNs; Ganin et al. 2016) have
been explored to address this domain shift between simulations
and real observations for other astronomical tasks, such as clas-
sifying ionised nebulae (Belfiore et al. 2025) and the study of
galaxy mergers (Ćiprijanović et al. 2020). Using pre-trained
models has also been shown to enhance adaptation to out-of-
domain data (Hendrycks et al. 2019) and improve robustness by
combining knowledge from multiple domains (Niu et al. 2020).
However, producing domain-invariant ML models remains very
challenging, and eliminating the performance drop associated
with this domain shift is an open problem.

The Q1 sample of around 500 Euclid lens candidates now
provides the first statistically meaningful dataset for testing and
improving ML algorithms on real Euclid data. In particular, it
enables us to: (i) quantify the discrepancy between model per-
formance on simulations and real data; (ii) assess how incorpo-
rating real lenses, as well as previously misclassified contami-
nants, into the training set improves model robustness; and (iii)
explore how domain adaptation may scale as the number of con-
firmed lenses grows in future Euclid releases. In this paper, we
explore these aspects by varying training and testing data with
a fine-tuned version of the Zoobot ML model, the most efficient
lens-finding network in the initial Q1 lens search (Euclid Collab-
oration: Lines et al. 2025). Closing the domain gap is expected
to produce more accurate, reliable lens-finding models, which
will be better equipped to discover lenses in future Euclid data
releases.
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The paper is structured as follows. Section 2 covers the data
available prior to Q1, as well as the labelled lenses and non-
lenses from Q1 now used for training and testing. In Sect. 3, we
describe the ML model and our approach for using these new
data to investigate ML performance. Our results are presented in
Sect. 4, where we first report the results from using the Q1 data
to quantify performance relative to pre-Q1 data, then report the
impact of using Q1 data in training. Conclusions are presented
in Sect. 5.

2. Data used for training and testing

The data used in this work consist of that available prior to
Q1, which were used to develop the ML models used in Q1,
and the labelled Q1 lenses and non-lenses, which resulted from
the SLDE search. The former dataset (‘pre-Q1 lenses and non-
lenses’; see Sect. 2.1) benefits from a larger number of posi-
tive training examples, whereas the latter (‘Q1 lenses and non-
lenses’; see Sect. 2.2) offers the advantage of being drawn di-
rectly from real observations. The datasets are summarised in
Table 1. Most of these data are introduced in Euclid Collabora-
tion: Lines et al. (2025), which includes details on how the distri-
bution of parameters such as the Einstein radius varies between
the simulations, Q1 lenses, and forecasts.

2.1. Pre-Q1 data

The positive and negative training data available prior to Q1
and used originally to train the ML models are detailed in Eu-
clid Collaboration: Lines et al. (2025), but their key features
are outlined here. The pre-Q1 positives consisted of simulated
lenses alone, since the number of known Euclid lenses at the
time were too few. Two sets of simulations were used. The first
simulation set (S1) is from Euclid Collaboration: Rojas et al.
(2025), where the simulations were made by painting lensed arcs
onto high-velocity-dispersion luminous red galaxies (LRGs), se-
lected using DESI data. A singular isothermal ellipsoid (SIE)
mass model was adopted, with parameters derived from the Sér-
sic fit, and Einstein radius calculated using the velocity disper-
sion of the lens and redshifts of the lens and source. Background
sources were drawn from the HST Advanced Camera for Sur-
veys F814W high-resolution catalogue (Leauthaud et al. 2007;
Scoville et al. 2007; Koekemoer et al. 2007), combined with
HSC colour information (Cañameras et al. 2020). Source images
were lensed based on the mass model, downsampled to match
Euclid VIS IE image resolution, and finally convolved with the
telescope PSF after adding the lensed features to the lens images.

The second set of simulations (S2; Metcalf et al. in prep.)
was created by selecting Euclid images of all observed galax-
ies with IE < 22 and applying additional cuts to remove stars
and reduce the number of face-on spirals. Each image was then
matched to an object in the Flagship simulation (Euclid Collabo-
ration: Castander et al. 2025) 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 parameters
of the Flagship galaxy and dark matter halo were then used to
construct a mass model for the lens. A synthetic source, created
by combining between one and four Sérsic profiles, was then
placed near or in the tangential caustic. The image of the lensed
object was then convolved with the local PSF, and Poisson noise
was added.

Notably, both simulation sets added simulated arcs to real
Euclid images of galaxies to include as many features of Euclid
imaging as possible – a well-established strategy of producing

Table 1. Overview of the datasets used in this work, along with their
sample sizes.

Dataset Size
Pre-Q1 positives Simulations S1 11 057

Simulations S2 3737
Pre-Q1 negatives Classified non-lenses 5000
Q1 positives grade A + grade B lenses 497
Q1 negatives Randomly selected Q1 images 40 000

ML false positives 78 214

the most realistic mock lenses. This means that any peculiarity
of the simulations that could be learnt by the ML models must re-
side within the lensed arcs, or are due to the fact that lens galax-
ies used in simulations are not from the exact same underlying
distribution as that of real Euclid lenses.

Additionally, prior to Q1, a catalogue of human-classified
non-lenses was compiled from a visual inspection of high-
velocity-dispersion galaxies (Euclid Collaboration: Rojas et al.
2025). This catalogue includes approximately 2300 spiral galax-
ies, 60 ring galaxies, 250 mergers, and 2700 LRGs. These ob-
jects were originally used as the negative class in training. Prior
to Q1 there was no catalogue of classified non-lenses with the
same selection cut as that of the Q1 lens search. Consequently,
the distribution of the pre-Q1 non-lenses differs from that of the
non-lenses encountered in Q1. In particular, more common false
positives, such as spirals and ring galaxies, are over-represented
in the pre-Q1 set relative to LRGs, compared to their distribution
in the Q1 data.

2.2. Q1 data

The Q1 data correspond to seven days worth of imaging from
Euclid and make up just 0.45% of the full EWS. We work with
visible imaging data from Euclid’s VIS instrument (Euclid Col-
laboration: Cropper et al. 2025). This paper builds upon the work
from the original Q1 SLDE lens search, from which 497 strong
lens candidates were discovered using these data. Briefly de-
scribing the original search, the method involved reducing the
original catalogue of 30 million objects to 1 086 554 objects by
selecting extended sources having IE < 22.5, along with addi-
tional selection cuts to remove likely stars and artefact. These
1 086 554 objects were scored by five ML models trained us-
ing the data outlined in Sect. 2.1, and these scores informed the
selection of objects that were visually inspected by citizen sci-
entists. In total, around 115 329 objects were visually inspected,
including the top 20 000 ranked Q1 objects according to Zoobot,
objects highly ranked by the other ML models, and 40 000 ran-
domly selected Q1 objects – to represent the underlying Q1 pop-
ulation. Around 7000 objects, considered likely to be lenses ac-
cording to the citizen science project, were then graded by strong
lensing experts. This resulted in a catalogue of 497 strong lens
candidates (corresponding to objects classified as grade A or
grade B lenses). From a visual inspection of the 40 000 randomly
selected Q1 objects and 78 214 objects selected by the combined
ML models, a catalogue of around 100 000 classified non-lenses
was produced, including a large number of common lens con-
taminants by construction. This catalogue is outlined in Euclid
Collaboration: Walmsley et al. (2025).

Of the Q1 strong lens candidates, many objects show very
clear lensing features with no other astrophysical explanation.
However, without spectroscopic information, it is hard to deter-
mine for certain if an object is a true strong lens system or not.
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Unfortunately, such data are expensive to obtain and, in their ab-
sence, we rely on visual inspection by strong lensing experts as
the most robust method to determine what is or is not a strong
lens candidate. Rojas et al. (2023) demonstrated that averaging
the grades assigned by six or more experts is a reliable method of
identifying strong lenses, and hence we can be fairly confident
that the majority of the candidates in the Q1 sample are likely to
be true strong lenses. In the future, spectroscopic data for 10 000
strong lens candidates will be provided by the 4MOST Strong
Lensing Spectroscopic Legacy Survey (4SLSLS; Collett et al.
2023), which will allow more robust ML models to be trained.

We note that some Euclid lenses exist beyond this SLDE Q1
sample, which we exclude for simplicity. Euclid Collaboration:
Rojas et al. (2025) discovered 38 grade A and 40 grade B lenses
through the visual inspection of Euclid imaging of high-velocity-
dispersion galaxies. There is some overlap between this cata-
logue and that of Euclid Collaboration: Walmsley et al. (2025),
but approximately 22 (28) grade A (B) lenses were not included
in the sample of 497 Q1 lenses considered here. However, many
of these were excluded from the Q1 search, either because they
did not pass the initial selection cut or because they are outside
of the Q1 area and therefore lack data processing consistent with
the Q1 data. Hence, we do not include them. Following our ini-
tial Q1 lens search, there have been other searches through the
Q1 data for strong lenses (e.g. Ecker et al. in prep.; Xu et al. in
prep.), although these catalogues were not finalised at the time
of this work and additionally originate from a different parent
sample and so are not considered.

3. Method

3.1. ML approach

We explored the impact of changing the training and testing data
for ML performance at lens finding. We tested this using a fine-
tuned version of the Zoobot foundation model as the ML archi-
tecture (Walmsley et al. 2023). The Zoobot foundation model
is pre-trained on around 100 million Galaxy Zoo morphologies
across data from a range of surveys (Lintott et al. 2008) and
serves as a base model that can then be fine-tuned for more spe-
cific tasks, such as detecting strong lenses. In the original Q1
search, this was the best ML approach for finding lenses (Euclid
Collaboration: Lines et al. 2025), although we note that since the
Q1 release, other architectures, such as pre-trained vision trans-
formers, have been shown to perform similarly or better than the
Zoobot model (Vincken et al. in prep.). While we expect the gen-
eral trends to be applicable to most ML models, we note that the
quantitative improvement is likely to be architecture-dependent.

The fine-tuning procedure closely follows that of Euclid Col-
laboration: Lines et al. (2025). We used the ConvNeXT-Nano
version of the architecture with 15.6 million parameters and fine-
tuned the last three blocks. We used the same image prepro-
cessing (including VIS-only images) and fixed the hyperparam-
eters to the best values identified during Q1 training to ensure
a fair comparison, varying only the training or testing datasets.
We note that further performance improvement can likely be
achieved by optimising the hyperparameters for each specific
version of the model, but this paper aims to isolate and study
general performance trends, rather than optimising for a single
best-performing model.

3.2. Test sets

When evaluating performance on the pre-Q1 data, we reserved
20% of the simulations (the combined S1 and S2 sets) and pre-
Q1 non-lenses as a held-out test set, while the remaining 80%
was used for training (including epoch-level validation). For per-
formance evaluation on the Q1 data, we constructed a dedicated
test set designed to provide a realistic estimate of real-world per-
formance. The positive class consists of 20% of the Q1 lenses
(110 total objects), while the negative class consists of 75% of
a randomly selected Q1 non-lens sample (30 000 total objects).
The ratio of positives to negatives in the test set is not reflec-
tive of the lensing rate in the Universe, and this was taken into
account in all reported metrics. We chose to only include ran-
domly selected Q1 non-lenses – and not the ML-selected false
positives – in the test set to ensure the negatives are representa-
tive of the true distribution of non-lenses in Euclid datasets. This
established test set is also used to evaluate other Euclid lens-
finding algorithms (e.g. Vincken et al. in prep.). The additional
Q1 non-lenses that were flagged for visual inspection because
they received high scores from the ML models, but were ul-
timately identified as false positives, are incorporated into the
training set, where they do not overlap with the randomly se-
lected negatives.

When evaluating on Q1 data, we used the grades assigned
by expert visual inspection as the ground truth, using the 497
grade A and grade B Q1 lenses as the positive sample. The Q1
lens search also resulted in a set of 585 grade C lens candidates
that exhibit lens-like features, but could not confidently be classi-
fied as lenses, which we included in neither the positive nor the
negative set for simplicity. Although humans are not perfect at
recognising lenses, especially those of lower signal-to-noise ra-
tio (S/N) or smaller Einstein radii (Rojas et al. 2023; Euclid Col-
laboration: Walmsley et al. 2025), humans remain substantially
better at recognising lenses than ML algorithms: in the original
Q1 search, citizen scientists outperformed the ML classifiers us-
ing expert scores as a ground truth (Euclid Collaboration: Hol-
loway et al. 2025), and expert visual inspection was more re-
liable than raw ML scores for predicting which systems could
be successfully modelled (Euclid Collaboration: Walmsley et al.
2025). This does mean that the definition of ground-truth is dif-
ferent for the simulations versus Q1 lenses: the Q1 lenses are
objects that experts recognise as lenses, but have not been con-
firmed through spectroscopy and cannot necessarily be modelled
using simple parametric lens models; whereas the simulations
are lens systems generated from known parametric mass mod-
els and therefore, by construction, can be modelled under those
assumptions. Therefore, performance on simulations versus Q1
lens candidates is not necessarily an apples-to-apples compari-
son, and this should kept in mind. This distinction implies that
the observed performance gap is driven not solely by properties
of the training images, but also by the inherent label noise in
these observed data.

3.3. Performance metrics

Machine-learning performance can be well understood using the
receiver operating characteristic (ROC) curve. The ROC curve
is the true positive rate (TPR; the fraction of all lenses classified
as lenses, also known as completeness or recall) against the false
positive rate (FPR; the fraction of all non-lenses classified as
lenses). In terms of the number of positives (NP), which is split
into true positives (NTP) and false positives (NFP), and negatives
(NN), which is split into true negatives (NTN) and false negatives
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(NFN), these are defined as

TPR =
NTP

NP

=
NTP

NTP + NFN

, (1)

FPR =
NFP

NN

=
NFP

NFP + NTN

. (2)

An ideal classifier can reach TPR = 1 at FPR = 0, and hence
has an area under the ROC curve (AUC) of one. The TPR and
the FPR are invariant to class imbalance (the relative proportion
of positive and negative samples), since they are the normalised
fraction of lenses and non-lenses that fall within a certain thresh-
old range. These can be converted into purity (equivalent to pre-
cision) using the negative-to-positive ratio (NN/NP) as

Purity =
NTP

NTP + NFP

=
TPR

TPR + (NN/NP) FPR
. (3)

In Q1, 497 strong lenses were found from an initial sample
size of 1 086 554, meaning there were approximately 2200 non-
lenses per lens, NN/NP = 2200. Understanding the trade-off be-
tween purity and completeness allows us to better understand
the number of lenses expected to be discovered through visu-
ally inspecting the top-scored images according to an ML model
applied to real data.

While AUC quantifies performance integrated across the full
range of thresholds, the F1 score can be used as a metric that
quantifies the balance of purity and completeness at a given
threshold, which translates much better into real-world lens-
finding returns. It is the harmonic mean of purity and complete-
ness, or equivalently

F1 score =
2 NTP

2 NTP + NFP + NFN

. (4)

We report the maximum F1 value achieved over all possible de-
cision thresholds. Because it reflects the trade-off between purity
and completeness, this optimum typically lies in the threshold
regime where both are reasonably high. This is the most rele-
vant regime for strong lens searches, since this is the range in
which candidates above this threshold are forwarded for visual
inspection.

For each version of the model with different training or test-
ing data, we repeated the full training and testing process ten
times with different random initialisations to quantify the vari-
ability of the model and the uncertainty in the performance
metrics. The statistical uncertainty from bootstrapping within
a reserved test set is subdominant compared to the variabil-
ity from different initialisations (see Euclid Collaboration: Hol-
loway et al. 2025 for more details).

4. Results

4.1. Testing data: Simulations versus real lenses

We first explored the discrepancy in performance between an
ML model evaluated on simulations (in-domain data) versus real
lenses (out-of-domain data). To do this we trained an ML model
on a subset of the pre-Q1 data (using simulated lenses only),
evaluated it on a separate pre-Q1 test subset from the same parent
dataset, and then evaluated its generalisation performance on the
independent Q1 test set consisting of real lenses (see Sect. 3.2).

Figure 2 shows the ROC curve for the same model evaluated
on the two different test sets. When tested on the pre-Q1 data,
the model can almost perfectly distinguish the positives from the

Fig. 2. ROC curve for the fine-tuned Zoobot ML model (trained only on
pre-Q1 simulated lenses), evaluated on both pre-Q1 and Q1 data.

Table 2. Performance metrics of the same model evaluated on simula-
tions in comparison to real Q1 data.

Evaluated on
simulations

Evaluated on
Q1 data

AUC 0.9991 ± 0.0003 0.9409 ± 0.0157
F1 score 0.9933 ± 0.0014 0.3740 ± 0.0645
Purity at 50% completeness 1.0000 ± 0.0000 0.2361 ± 0.1013
Purity at 90% completeness 1.0000 ± 0.0000 0.0313 ± 0.0047
Purity at 100% completeness 0.9099 ± 0.0511 0.0056 ± 0.0002

negatives, with an AUC of 0.9991 ± 0.0003. In contrast, when
tested on the Q1 data, the model performs significantly worse,
with an AUC of 0.94± 0.02. This discrepancy is evident in other
metrics, shown in Table 2, including the maximum F1 score and
purity at set completeness levels. The performance on the in-
domain test data is significantly better than the out-of-domain
performance by every metric: the same model can recover up
to 92% of the simulated lenses with 100% purity (zero false-
positives), while in the Q1 data the same model recovers 50% of
the lenses with only 24% purity.

This discrepancy between performance on pre-Q1 and Q1
data indicates that the data distributions are fundamentally dif-
ferent, both for the positive and negative classes, and that the
model has implicitly overfitted to features that are not robust
across domains. This highlights a fundamental challenge: sim-
ulations and curated training sets, no matter how carefully de-
signed, cannot fully capture the diversity, complexity, and obser-
vational nuances of real survey data. As long as the true data dis-
tribution remains only partially known, standard metrics such as
AUC on in-domain tests give an overly optimistic view of model
reliability. The nature of lens finding creates a circular problem:
accurate lens-finding models require a large representative train-
ing sample, but obtaining a large representative sample requires
accurate lens-finding models. Given how realistic current sim-
ulations appear, without understanding exactly how they differ
from real lenses, it is difficult to make improvements that en-
sure better transfer of model performance from simulated to real
data. Therefore, the only reliable way to close this domain gap
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is to include real lenses, along with representative non-lenses, in
the training sample.

Evaluating performance on the Q1 test set may not perfectly
reflect lens-finding abilities, since the Q1 lens sample is not
100% complete. Most of the Q1 lenses were found because they
were scored highly by at least one of five ML models trained
to find lenses in Q1. Therefore, any lenses that are particu-
larly elusive to ML algorithms are likely to have been missed.
However, the Q1 lenses from Euclid Collaboration: Walmsley
et al. (2025) originate from a search using five different indepen-
dently developed ML approaches, along with visual inspection
of randomly selected objects. Thus, this sample already includes
lenses missed by the original Zoobot model and should be rel-
atively balanced: the ML network is not being tested solely on
lenses it previously found. Even with a slight bias in the sam-
ple, we would expect performance on the Q1 test sample to be
much more representative of actual performance than that on the
simulations.

4.2. Augmenting pre-Q1 training data with Q1 lenses and
non-lenses

We next explored the impact of adding the available Q1 data to
training. We evaluated the performance on the reserved test set
of 20% of the Q1 lenses and 75% of the randomly selected im-
ages classified as non-lenses. We then used the remaining 80%
of the Q1 lenses and randomly selected Q1 images (as well as the
objects scored as likely to be lenses but classified as non-lenses)
for training. We augmented the sample of real lenses by adding
four rotations of each lens in order to artificially inflate the num-
ber of lenses available for training and to encourage rotational-
invariance. However, this still only resulted in 1548 lenses avail-
able for training. Given that this sample is still relatively small,
we used these Q1 positives and negatives to supplement, rather
than replace, the pre-Q1 training data.

Table 3 shows the same performance metrics as in Table 2,
but evaluated on the reserved test set of real Euclid lenses and
non-lenses. In Fig. 3 we use this performance on the reserved test
set to extrapolate how many lenses we may find in DR1/EWS as
a function of how many images need to be visually inspected.
To do this, we first computed the TPR (fraction of lenses re-
covered) as a function of the FPR from the reserved test set of
lenses and non-lenses. We then scaled these rates to the full sur-
vey areas (DR1 and EWS) by extrapolating the total numbers of
images and lenses expected, based on the ratio measured in Q1.
Finally, by converting the FPR into the corresponding number of
images inspected, we obtained the expected number of lenses re-
covered as a function of images to inspect in each survey. In the
most relevant range for large-scale discovery efforts (105–106 in-
spected images), incorporating Q1 data into the training reduces
the number of images that must be inspected by an order of mag-
nitude, while still discovering the same number of lenses. This
translates to a significant increase in the fraction of lenses we
could expect to discover in DR1 and the EWS using this ver-
sion of Zoobot alone – 25% in the case of DR1 (from visually
inspecting 500 000 images) and 30% in the case of the EWS
(from visually inspecting 1 000 000 images). Visual inspection
of roughly these numbers of images is planned with the help of
citizen science through the Space Warps project.

To understand the trend in improvement, in Fig. 4 we show
the impact of adding the non-test set Q1 data incrementally to
the training data, starting from a model trained only on pre-Q1
positives and negatives. At each increment, another random frac-
tion of the non-test set Q1 lenses are added to the training data.

Fig. 3. Projected number of lenses discoverable in DR1 and EWS as
a function of the number of images to inspect, for the network trained
with and without Q1 data.

The Q1 non-lenses are added by score, so the first 20% added
to training data are the top 20% of the Q1 non-lenses that the
model initially thought were most likely to be lenses. This re-
flects how performance scales with visual inspection depth: the
further down the candidate list one inspects, the more labelled
non-lenses become available to improve the model. We quan-
tified performance using the F1 score and AUC, which show
a trend of improvement as more Q1 data are incorporated into
the training set. To relate these metrics to practical outcomes,
we used the ROC curves to estimate the fraction of lenses that
could realistically be recovered in the EWS by visually inspect-
ing the top 1 000 000 candidates, a ballpark number of images
that can feasibly be reviewed. There is a general upwards trend,
though roughly half the improvement is achieved by adding just
the first 20% of the available Q1 data. This suggests that there
may be diminishing returns in terms of the performance im-
provement from adding Q1 data to pre-existing training data.
However, given the relatively small size of the Q1 dataset, it
is hard to confidently extrapolate how much improvement we
can expect using images from future Euclid data releases: DR1
will be around 30 times the size of Q1. If performance scales
with training data size as a power law, as found to be the case in
related tasks (Walmsley et al. 2024), we would expect substan-
tial improvement once we have a DR1-size dataset to train on.
Given the improvement already obtained by re-training on just
a few hundred real lenses, it is worthwhile to re-train ML mod-
els as soon as new data become available, even if the sample is
relatively small. As more data are acquired, it is expected that
further improvements might be achievable by using the Q1 data
to replace, rather than augment, the pre-existing training data.
This is addressed further in Sect. 4.4.

4.3. True positives versus false positives

To understand the discrepancy between performance on the pre-
Q1 versus Q1 data, it is informative to investigate how much
of the improvement comes from a more representative training
class of the positives versus negatives. Figure 5 shows the same
metrics as in Fig. 4, but plotted as a function of the fraction of the
Q1 lenses (rather than all the Q1 data) added to the training data.
This is plotted for two scenarios, one in which all the Q1 non-
lenses are also used in the training data, and one in which none
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Fig. 4. Impact of augmenting the training data with available Q1 lenses and non-lenses, in terms of performance across a range of metrics. These
include F1 score and AUC, as well as the projected fraction of lenses discoverable in a dataset the size of the EWS, assuming one million images
can be visually inspected.

Fig. 5. Same as in Fig. 4, but isolating the impact of adding Q1 lenses and non-lenses separately. The x-axis corresponds to the addition of Q1
lenses to the pre-existing training data. The two lines show the change in performance with and without the addition of the Q1 non-lenses.

Table 3. Performance metrics evaluated on real data for two models
with different training data.

Trained on
pre-Q1 data

Train on pre-Q1
and Q1 data

AUC 0.941 ± 0.016 0.969 ± 0.009
F1 score 0.374 ± 0.065 0.651 ± 0.029
Purity at 50% completeness 0.236 ± 0.101 0.838 ± 0.068
Purity at 90% completeness 0.031 ± 0.005 0.048 ± 0.036
Purity at 100% completeness 0.0056 ± 0.0002 0.0062 ± 0.0013

Notes. These metrics are the same as in Table 2, but evaluated on real
data rather than simulations. The model trained on pre-Q1 data alone
corresponds to the blue curve in Fig. 3, and the combination of pre-Q1
and Q1 data corresponds to the orange curve.

of the Q1 non-lenses are added to the training data. This allows
us to understand if the problem lies with the simulations not be-
ing representative of real lenses, or with the Q1 data containing
peculiar non-lens objects that the model has not been trained to
recognise.

It can be seen that the majority of the improvement in these
metrics is driven by adding the Q1 lenses to the training data:
adding the Q1 non-lenses to the training data results in consis-
tently better performance in terms of the number of expected lens
discoveries by roughly 5–10%, but including the Q1 lenses in
training increases the fraction of discoverable lenses by roughly
20%. This suggests that the problem primarily lies with the
model misclassifying true lenses as non-lenses. Figure 6 dis-
plays examples of lenses that were originally misclassified as

negatives by the pre-Q1 version of the model but successfully
identified by the model after re-training with the Q1 data. These
systems are predominantly grade B candidates, exhibiting fainter
arcs and less complete Einstein rings, indicating that such fea-
tures were underrepresented in the simulations. While adding a
more diverse set of negatives to the training data can improve
purity, obtaining a suitably complete sample of lenses can only
be achieved through a robust understanding of the diversity of
lens systems. The pre-Q1 negative set already consisted entirely
of pure Euclid non-lenses, so the domain gap is less of an ap-
plicable problem in this case. This explains why Q1 negatives
offer less new information than the positives: the Q1 negative set
helps refine the training data and facilitates its understanding of
atypical contaminants it might have previously struggled with,
whereas the Q1 positives directly expand its knowledge of what
genuine lenses look like.

It is interesting to note that, according to the AUC, using Q1
non-lenses in training performs worse than not doing so, despite
other metrics showing the opposite. Additionally, the AUC score
is not always well correlated with the number of lenses expected
from applying the ML model to real data. This highlights a flaw
with global metrics such as the AUC for highly imbalanced clas-
sification problems, where only the top-ranked candidates are
relevant. As long as a model performs decently well, a higher
AUC does not necessarily translate to increased lens returns (see
Appendix A for a more detailed discussion). In contrast, trends
in F1 score are much better correlated with the number of lenses
expected to be discoverable in practice.
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Fig. 6. Q1 lenses misclassified as non-lenses by the pre-Q1 model but
correctly identified after training with Q1 data.

4.4. Training on Q1 data alone

Given the discrepancy between performance on simulations ver-
sus real data, and that lens-finding neural networks have been
successfully trained on lens samples only a few hundred larger
than Q1, it is interesting to investigate whether a network can be
trained on Q1 data alone. To test this, we independently varied
the composition of both the positive and negative training data:
each can consist of pre-Q1 data only (simulations and pre-Q1
non-lenses), Q1 data only, or both combined. Figure 7 shows
how the different combinations of training data impact F1 score,
as evaluated on the reserved test set of Q1 lenses and random
non-lenses.

Training on the Q1 data alone produces significantly bet-
ter performance (F1 score = 0.512 ± 0.069) than training on the
pre-Q1 data alone (F1 score = 0.374 ± 0.064), but does not per-
form as well as the model trained on the combination of the
data (F1 score = 0.651 ± 0.029). Since the F1 score is evaluated
only on Q1 lenses and non-lenses, the model trained solely on
this subset should perform best, provided that no other limit-
ing factors constrain training, since it is tested on in-domain
data. The superior performance of the model trained on both
Q1 and pre-Q1 data suggests that limited training-set size con-
strains performance when training on Q1 data alone. Once the
number of Q1 lenses and non-lenses matches that of the pre-
Q1 training size, the model’s performance should surpass that
of the current combined-data model, since it would then benefit
from both sufficient training size and in-domain data. Alternative
training strategies, such as the real-data-focused human-in-the-
loop pipeline presented in Xu et al. (in prep.), have been pro-
posed as promising approaches for identifying lenses without a
reliance on simulations. This further reinforces our conclusion
that the inclusion of real observational data is critical for max-
imising the scientific yield of lens-finding campaigns.

In terms of the positive sample, we find that training on Q1
lenses alone results in a better F1 score compared to training on
simulations alone, despite their relatively small sample size. The
fact that the model was fine-tuned from a pre-trained state, rather
than from scratch, likely helps mitigate the usual limitations of
smaller training datasets. The simulations contain complemen-
tary information though, since we can see that adding the simu-
lations to the Q1 lenses results in further improvement. Training
on the combination of Q1 lenses and simulations has an added
benefit over training on real lenses alone: we can be more confi-
dent that the simulations cover an appropriate range of lens pa-
rameters, such as Einstein radii and S/N. Since many of the Q1
lenses were found by ML models, training on these lenses alone
may mean that any selection biases that occur in the ML mod-
els will propagate and amplify in a self-reinforcing way. This is
of particular concern here, since Q1 is just the start of the Eu-
clid discoveries: these Q1 lenses will help find lenses in DR1,
which in turn will help find lenses in the next data releases. The
extent of this potential bias is difficult to quantify due to the lim-
ited number of Q1 lenses, but could be investigated further in

Fig. 7. F1 scores achieved by training with different training sets, as
evaluated on the reserved Q1 test set.

the future. However, this effect is likely to be mitigated by using
multiple ML models, since different approaches generally have
different strengths and weaknesses in terms of the types of lenses
they find (Euclid Collaboration: Holloway et al. 2025; Gonzalez
et al. 2025; Nagam et al. 2025). Additionally, visually inspect-
ing randomly selected Euclid objects will allow us to calibrate
the ML models and enable the discovery of lenses without this
bias. There is also the argument that using Q1 lenses in training
means that the model will be trained to recognise more atyp-
ical lens systems that might not have been well accounted for
in the simulations. For example, the simulated lenses consisted
primarily of lensing by LRGs, while the Q1 sample contained
30–40 late-type disk lenses.

When considering the negative data, adding the Q1 non-
lenses to the training set also improves performance: training
on the Q1 only negatives generally results in better performance
than training on the pre-Q1 negatives alone, and training on the
combination of the two typically results in the best performance.
We note that this trend does not hold as well when training on
the Q1 positives alone, which could likely be related to the im-
balance between the positives and negatives when training in this
scenario. However, when training on a sufficiently large positive
set (e.g. the combined real and simulated lenses), increasing the
negative sample size from ∼103 (pre-Q1 negatives) to ∼105 (Q1
negatives) still improves performance, indicating that the model
is fairly robust to class imbalance. As highlighted in previous
studies (e.g. Cañameras et al. 2024), it is more effective to con-
struct a negative training set that inflates the fraction of common
contaminants than to use one that simply mirrors the true distri-
bution of non-lenses in the data. The negative sample obtained
from the Q1 lens search contains a large number of typical lens
contaminants by construction, so it makes sense that using these
for training aids in the model’s ability to discern lenses from
non-lenses.

An alternative approach to mitigating the domain gap by in-
corporating real data is the use of unsupervised domain adap-
tation techniques, such as DANNs. These architectures include
a domain classifier (in addition to the regular label predic-
tor) attached to the feature-extraction layers, which attempts
to distinguish between domains (e.g. simulated and real im-
ages). Through a gradient reversal layer, the loss from this do-
main classifier is used to encourage the feature extraction lay-
ers to only learn representations that are common across the do-
mains, thereby promoting domain-invariance. This approach has
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been successfully applied to other astronomical problems (e.g.
Belfiore et al. 2025) and could be explored in future work to im-
prove the robustness of strong lens detection models.

4.5. Limitations from test-set size

Throughout this work, performance gains from training on Q1
lenses have been evaluated using a reserved test set consisting
of 75% of the randomly selected Q1 non-lenses (30 000 objects)
and 20% of the Q1 lenses (110 objects), leaving sufficient lenses
available for training. The set of 110 lenses is a sample size small
enough to be influenced by statistical fluctuations. Increasing
the proportion of lenses in the test set would reduce the num-
ber available for training and thus limit potential performance
improvements. Therefore, to assess variability due to the limited
test size, we partitioned the Q1 lenses into five disjoint 20% sub-
sets (A–E) and alternated the subset used for testing, with the
remaining 80% used for training.

Figure 8 shows the variation in performance when varying
the Q1 lenses used for training versus testing, for the version
trained on the combination of pre-Q1 and Q1 lenses and non-
lenses (the best-performing version). Test set A corresponds to
the test set that has been used throughout this paper, and its per-
formance is represented by the blue line in Fig. 3. The variation
in performance evaluated on different Q1 lenses is larger than the
variation from random initialisations of the model, demonstrat-
ing that the limited size of the lens test set is a dominant source
of uncertainty in the reported performance. Notably, the perfor-
mance on test set A is lower than average, suggesting that the
performance may have been under-reported, since this subset of
the Q1 lenses is harder for the ML model to recognise compared
to the broader Q1 lens population.

While the Q1 lens sample size is large enough to understand
how lens-finding performance can scale in the future, its limited
size means that performance estimates remain sensitive to sta-
tistical fluctuations and to the specific lenses included in the test
set. The much larger sample of 10 000–15 000 lenses expected
from Euclid DR1 will overcome these constraints, reducing un-
certainties and allowing us to more confidently extrapolate per-
formance.

4.6. Exploring the embedding space

While machine-learning models are famously difficult to inter-
pret, exploring their embedding space can help us understand
their inner workings. This can be achieved using the Uniform
Manifold Approximation and Projection (UMAP; McInnes et al.
2018) algorithm, which projects high-dimensional parameter
space into lower dimensions for visualisation, while preserv-
ing both local and global structure. By applying UMAP to the
embeddings extracted from the layer immediately preceding the
classification head, we can visualise how the model organises
similar inputs and separates different classes.

Figure 9 shows the UMAP projection of the pre-Q1 fine-
tuned Zoobot model, mapping simulated images, Q1 lenses, and
Q1 non-lenses into a shared embedding space. The plot reveals
that Q1 lenses occupy an intermediate position between the sim-
ulated lenses and non-lenses. At one extreme (bottom left) lie
images with high S/N and complete Einstein rings. A large frac-
tion of simulations fall in this region, whereas fewer real lenses
exhibit the same properties. Most Q1 lenses contain less com-
plete rings and often fainter arcs, while the simulations exhibit
these characteristics less frequently. The idealised nature of the

Fig. 8. Projected number of lenses discoverable in DR1 and the EWS
as a function of the number of images to inspect (same as Fig. 3), as
evaluated on different 20% subsets of Q1 lenses.

simulations means that the real lenses that lie closest to the sim-
ulated lenses are the grade A lenses, while those nearer the non-
lenses tend to be grade B with fainter arcs and less complete
rings.

The Q1 non-lenses are more tightly clustered than the sim-
ulated and real lenses, with objects such as extended spirals oc-
cupying distinct regions. The greater scatter observed in the pos-
itive class relative to the negative class helps understand why
incorporating real positives provides a larger performance im-
provement than adding real negatives: the model already has
a more robust understanding of the non-lenses. Interestingly, a
compact subset of the Q1 lenses forms an outlier cluster, cor-
responding to edge-on disk lenses. Although these on average
lie closer to the negatives than the positives, the fact that the
model can efficiently distinguish them suggests that a multi-class
output could be beneficial and warrants future exploration. Such
outliers also point to regions of the lens parameter space where
simulations are lacking, motivating the inclusion of these lens
types in future training sets.

The UMAP suggests that part of the difference in perfor-
mance between simulated and real lenses is due to the overly
idealised nature of the simulations. Training on exaggerated sim-
ulations can have benefits: such examples present clear lens fea-
tures, encouraging the model to learn unambiguous character-
istics and reduces the risk of confusion. Training on less clear
lenses might incentivise the model to pick out non-lensing fea-
tures. For example, Euclid Collaboration: Leuzzi et al. (2024)
demonstrated that including a larger fraction of faint lenses in the
training sample can increase misclassification. Additionally, by
focusing on unambiguous lenses, the model naturally prioritises
candidates that are both more likely to be genuine lenses and
are often more scientifically valuable. However, this approach
has limitations: the model becomes less robust to fainter or atyp-
ical lenses, meaning that achieving a representative and com-
plete sample of the lens population is challenging. Incorporating
real observations alongside simulations can therefore help cap-
ture the full diversity of lens morphologies and ensure robust
performance across the range of detectable lenses.
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Fig. 9. UMAP projection of simulated lenses (S1 and S2), Q1 lenses (grade A and grade B), and Q1 non-lenses in the embedding space of the
fine-tuned Zoobot model. Four hundred randomly selected points are plotted from each class for clarity. Example images shown to the left and
right correspond to the highlighted regions of the projection, with coloured borders indicating the associated object class.

5. Conclusions

The Euclid mission is set to transform our understanding of
cosmology and astrophysics by delivering an unprecedented
dataset of approximately 100 000 galaxy-scale strong gravita-
tional lenses, but their discovery within Euclid ’s vast imaging
presents a significant challenge. Human visual inspection is in-
feasible at this scale, making ML models essential for detect-
ing the majority of these lens systems. However, training robust
lens-finding models is challenging. The number of known strong
lenses available for supervised learning is still limited, restrict-
ing the feasibility of purely real-data-driven approaches. Conse-
quently, current methods rely heavily on large, diverse sets of
simulated lenses, which provide statistical power but inevitably
fail to capture the full complexity of real astronomical observa-
tions. It is well established that models trained exclusively on
one data domain do not always transfer well to another domain,
leading to a simulation-to-reality performance gap.

In this work, we addressed this gap directly by using the 497
strong lenses discovered from the initial search of the Euclid Q1
data release (Euclid Collaboration: Walmsley et al. 2025). These
lenses provide the first statistically meaningful sample of real
Euclid lenses, enabling for the first time a direct and quantita-
tive comparison of how models trained on simulations perform
on actual Euclid data. Furthermore, we investigate strategies to
close this gap by combining simulated and real data to improve
both completeness and purity in lens discovery. Our key findings
are as follows.

1. We confirm a significant discrepancy between model perfor-
mance on simulated versus real data. A model trained exclu-
sively on simulations that achieves over 90% completeness
with nearly 100% purity on a simulated test set only recovers
50% of real Q1 lenses at a purity of 24%. This underscores
the limitations of relying solely on simulation-based metrics
as indicators of real-world performance.

2. Augmenting the simulation-based training set with real Q1
lenses and non-lenses provides a substantial performance
boost. This hybrid training approach can decrease the num-
ber of images requiring inspection in future Euclid data re-
leases by a factor of ten, increasing the projected number

of discoverable lenses by 25–30% for upcoming searches in
Euclid’s Data Release 1 and the full EWS.

3. The inclusion of real lenses is the primary driver of this im-
provement, teaching the model the complex, high-fidelity
features of observed systems that simulations fail to cap-
ture perfectly. Including real non-lenses offers a secondary
benefit by helping the model reject common false positives,
thereby increasing the purity of the final candidate list. The
limited number of real lenses available for test sets is a major
source of uncertainty in the reported performance of the ML
models, but we expect this to be overcome with the growing
number of lenses expected from upcoming Euclid data re-
leases. There will likely be further increases in completeness
and purity as the next visual inspection campaigns produce
more lenses for training.

4. The optimal training strategy is a hybrid approach that com-
bines the statistical power and diversity of large simulation
sets with the fidelity of a smaller but growing sample of real
lenses. While training on Q1 data alone outperforms training
on simulations alone, the limited size of the current real-lens
sample means that the combined dataset yields the best re-
sults. This may change in the future once more Euclid data
have been acquired.

While the hybrid training approach results in immediate im-
provements, we must be wary of the risk of a self-reinforcing
feedback loop. We are currently at the start of Euclid lens find-
ing, with the 497 Q1 candidates representing the seed popula-
tion for future training sets. As we scale from these hundreds of
candidates to the number of lenses expected in the full survey,
we must ensure that we understand how our training affects the
selection function: any biases in the population of lenses discov-
ered can directly impact the scientific inferences we make from
such a sample, particularly if these biases are not quantified and
accounted for.

This risk arises from several intersecting factors. Supervised
ML models are optimised to recognise objects similar to those
they are trained on, which in turn are bounded by our knowledge
of what we are looking for. While simulations provide a neces-
sary starting point, they rarely capture the full diversity of real
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data. For instance, our pre-Q1 simulations did not explicitly pri-
oritise edge-on disk lenses, yet these emerged as a notable pop-
ulation in the real Q1 data. If we strictly optimise our models to
find only what we are expecting to find, we risk missing the un-
expected discoveries that are an exciting element of the mission.
Beyond the training data, the algorithms themselves possess in-
trinsic selectivities. For example, the design of CNNs means that
they are more adept at learning local spatial correlations and
hence may better learn to detect continuous features, such as
lensed arcs, compared to Einstein crosses. Another source of se-
lection bias is introduced by training on images recognised as
lenses through human visual inspection. If experts consistently
overlook certain types of lenses, the ML models will learn to
treat these potentially legitimate lenses as negatives.

Ideally, we would detect every lens in the survey with 100%
completeness and purity, resulting in a catalogue perfectly repre-
sentative of the strong lensing distribution in the Universe. Since
this is infeasible, understanding the completeness of our detec-
tion rates as a function of the lens parameter space is important.
Several strong lensing science cases can be enabled by obtain-
ing a subset of the lensing population with 100% completeness,
at the expense of a smaller sample size (Sonnenfeld 2022; Zhou
et al. 2024). To ensure a less biased catalogue and robustly char-
acterise the selection function, there are a few potential strate-
gies. First, we must continue the visual inspection of random im-
ages to identify lens candidates without the ML bias. While this
method is still subject to human bias, it is free from the specific
morphological biases of the ML models. Future spectroscopic
surveys, such as 4MOST, will be able to confirm many of these
lens candidates, thereby providing a more reliable and consistent
definition of what constitutes a strong gravitational lens. Second,
we should employ multiple independent ML approaches, as dif-
ferent approaches will inherently prioritise different regions of
the parameter space. For example, the pipeline developed by Xu
et al. (in prep.) minimises reliance on simulations in favour of
iterative training on human-identified real lenses. In their ap-
plication to Q1, this approach uncovered 91 previously missed
grade B candidates and four new grade A candidates. This pri-
oritising of grade B candidates illustrates the specific utility of
their training strategy: while it carries a stronger imprint of hu-
man selection bias, it is effective at recovering more ambigu-
ous candidates that constitute a large range of the lens candi-
date population and are more likely missed by models trained
on idealised simulations. Finally, we must quantify the domain
gap in the selection function. While we can easily measure se-
lection functions en masse using simulations, we must determine
if these measurements are transferable to real data. A first step is
to explore whether the recoverability trends observed in simula-
tions (e.g. improved detection at high S/N) translate equivalently
to real lenses. Combining these diverse discovery channels and
using simulated lenses to map their selection functions will en-
sure the final Euclid lens catalogue is both vast and scientifically
valuable.

With these selection effects quantified, we can confidently
scale up the search by iteratively updating our models as new
data releases arrive. This approach optimises the use of visual
inspection time, balancing the speed of ML with the reliability
of human visual inspection, and offers the best path to build the
largest sample of strong gravitational lenses to date.

6. Data availability

This paper makes use of the Euclid Quick Release 1 data (Eu-
clid Quick Release Q1 2025), covered by Euclid Collaboration:

Aussel et al. (2025). The data used for training are available on
Zenodo at https://doi.org/10.5281/zenodo.15003116.
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Fig. A.1. ROC curves linear scale (left) and log scale (right) showing the performance of two versions of the Zoobot network, each with different
augmentations to the training data: one using 20% of Q1 lenses and no Q1 non-lenses; the other using 20% of Q1 lenses and all Q1 non-lenses.

Appendix A: Translating ROC curves into expected lens discoveries

Figure A.1 shows two ROC curves for models with two different training datasets. The first augments the pre-Q1 training data with
20% of the Q1 lenses and none of the Q1 non-lenses, and the second with 20% of the Q1 lenses and all of Q1 non-lenses. The
former has a better AUC (0.965± 0.009) than the latter (0.942± 0.011). However, the version that includes the Q1 non-lenses in the
training data outperforms the other version in the range TPR < 0.8. Despite representing a very small fraction of the ROC curve,
it is the range of interest for lens finding. Even visually inspecting within the range FPR < 0.1 means that 10% of all the negatives
have to be visually inspected: this translates to around 3 million images in a DR1-size sample. The discrepancy in the AUC comes
from the difference in ability to recover lenses in the range 0.1 < FPR < 0.6, a range that lies beyond the scope of what could be
visually inspected. For this reason, a higher AUC does not directly correlate with better lens-finding performance.

Article number, page 17 of 17


	Introduction
	Data used for training and testing
	Pre-Q1 data
	Q1 data

	Method
	ML approach
	Test sets
	Performance metrics

	Results
	Testing data: Simulations versus real lenses
	Augmenting pre-Q1 training data with Q1 lenses and non-lenses
	True positives versus false positives
	Training on Q1 data alone
	Limitations from test-set size
	Exploring the embedding space

	Conclusions
	Data availability
	Translating ROC curves into expected lens discoveries

