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ABSTRACT

The Euclid mission aims to survey around 14 000 deg2 of extragalactic sky, providing around 105 gravitational lens images. Modelling of gravita-
tional lenses is fundamental to estimate the total mass of the lens galaxy, along with its dark matter content. Traditional modelling of gravitational
lenses is computationally intensive and requires manual input. In this paper, we use a Bayesian neural network, LEns MOdelling with Neural
networks (LEMON), to model Euclid gravitational lenses with a singular isothermal ellipsoid mass profile. Our method estimates key lens mass
profile parameters, such as the Einstein radius, while also predicting the light parameters of foreground galaxies and their uncertainties. We val-
idate LEMON’s performance on both mock Euclid datasets, real lenses observed with Hubble Space Telescope (HST) that have been degraded
to match observations with the same depth of the Euclid Wide Survey, and real Euclid lenses, demonstrating the ability of LEMON to predict
parameters of both simulated and real lenses. Results show promising accuracy and reliability in predicting the Einstein radius, mass and light
ellipticities, effective radius, Sérsic index, lens magnitude, and unlensed source position for simulated lens galaxies. The application to real data,
including the latest Quick Release 1 strong lens candidates, provides encouraging results in the recovery of the parameters for real lenses. We also
verified that LEMON has the potential to accelerate traditional modelling methods, by giving to the classical optimiser the LEMON predictions
as starting points, resulting in a speed-up of up to 26 times the original time needed to model a sample of gravitational lenses, a result that would
be impossible with randomly initialised guesses. Moreover, LEMON can be used to cross-validate results from the traditional modelling methods,
and thus has the potential to reduce the failure rate of the Euclid modelling pipeline. This work represents a significant step towards efficient,
automated gravitational lens modelling, which is crucial for handling the large data volumes expected from Euclid.

Key words. Gravitational lensing: strong, Methods: data analysis, Galaxies: elliptical and lenticular, cD

1. Introduction

Gravitational strong lensing is a rare astrophysical phenomenon
that occurs when a massive object, such as a galaxy, bends the
light coming from a background distant object. This effect is a
prediction of Einstein’s general relativity, and is an important
tool in the study of galaxy evolution, given that a gravitational
lens can magnify distant galaxies, allowing for the detailed study
of structures in galaxies at high redshift (Coe et al. 2013). More-
over, the distortion of the background object gives information
on the properties of the deflector. In particular, when the redshifts
of source and lens are known, galaxy-galaxy strong lensing al-
lows us to determine with extreme precision the projected total
mass within the Einstein radius of the foreground galaxy, with-
out requiring any modelling a priori. By assuming a model for
the deflector mass profile, it is possible to infer more quantities
related to the dark matter content of galaxies, such as the total
dark matter mass and the dark matter fraction (Koopmans et al.
2006; Tortora et al. 2010; Auger et al. 2010; Sengül & Dvorkin
2022), along with other properties, such as the mass density
slope and the initial mass function (Gavazzi et al. 2007; Koop-
mans et al. 2009; Treu et al. 2010; Sonnenfeld et al. 2013; Sha-
jib et al. 2021); finally, through gravitational lensing, it is also
possible to detect substructures of the lens galaxy (Vegetti et al.
2010). Galaxy-galaxy strong lensing is also a powerful probe of
the small-scale structure of galaxy clusters (e.g. Meneghetti et al.
2020, 2022, 2023).

The Euclid mission will observe around 14 000 deg2 of ex-
tragalactic sky from the Sun-Earth Lagrange point L2, surveying
of the order of 109 galaxies (for a description of the Euclid Wide
Survey, we refer the reader to Euclid Collaboration: Scaramella
et al. 2022; Euclid Collaboration: Mellier et al. 2025, while
an overall description of the mission can be found in Laureijs
et al. 2011). Following Euclid’s launch in 2023, ESA and col-
laborators initiated the Early Release Observations programme
(ERO, Euclid Early Release Observations 2024; Cuillandre et al.
2025a), targeting 17 astronomical objects, including galaxy clus-
⋆ e-mail: valerio.busillo@inaf.it

ters, nearby galaxies, globular clusters, and star-forming regions,
with the objective of demonstrating the telescope’s capabilities
and providing early scientific insights (Atek et al. 2025; Cuillan-
dre et al. 2025b; Hunt et al. 2025; Kluge et al. 2025; Marleau
et al. 2025; Massari et al. 2025; Saifollahi et al. 2025). Among
these targets, the Perseus cluster field is especially of interest
for strong lensing science, with two main projects underway:
the ERO Lens Search Experiment (ELSE), in which a blind vi-
sual search of galaxy-scale strong lensing systems is carried out
(Acevedo Barroso et al. 2025), finding 16 lens candidates (of
which five have a convincing lens model) and a parallel search of
strong lenses via the use of neural networks (Pearce-Casey et al.
2025) aimed at testing their performance on a real Euclid field.
A similar search with neural networks in the other ERO fields is
carried out in Nagam et al. (2025). The first statistically relevant
sample of around 500 strong lenses in Euclid has finally been
collected with the data from the Euclid Quick Data Release 1
(Q1, Euclid Quick Release Q1 2025; Euclid Collaboration: Aus-
sel et al. 2025), which also represents the first publicly available
dataset of Euclid Wide Survey (EWS)-like images, processed
with the same pipeline and reaching the same depth as the final
survey. Despite covering only 63.1 deg2, Q1 provides a powerful
testbed for Euclid’s lens searching capabilities, with the strong
lensing discovery engine at the forefront of these efforts (Euclid
Collaboration: Walmsley et al. 2025; Euclid Collaboration: Ro-
jas et al. 2025; Euclid Collaboration: Lines et al. 2025; Euclid
Collaboration: Li et al. 2025; Euclid Collaboration: Holloway
et al. 2025).

High-resolution imaging, together with a large field of view,
is crucial for detecting a large number of gravitational lenses.
However, the substantial amount of data coming from the
mission will necessarily require automated methods for both
lens finding and lens modelling. Convolutional neural networks
(CNNs) are already used extensively in lens-finding tasks, and
generally perform well (Petrillo et al. 2017, 2019a,b; Metcalf
et al. 2019; Cañameras et al. 2020; Li et al. 2020; Rezaei et al.
2022; Rojas et al. 2022; Nagam et al. 2024). However, mod-
elling of gravitational lenses has traditionally relied on complex
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and time-consuming techniques that require manual inputs, such
as maximum likelihood and Markov chain Monte Carlo meth-
ods (Keeton 2016; Nightingale et al. 2021a,b; Harvey-Hawes &
Wiltshire 2024). The advent of machine learning has allowed
for the automation and acceleration of this process. In particu-
lar, CNNs and Bayesian neural networks (BNNs) have shown
remarkable results in recovering lens parameters (Perreault Lev-
asseur et al. 2017; Pearson et al. 2019, 2021; Schuldt et al.
2021, 2023b; Gentile et al. 2023). A recent work by Park et al.
(2021) demonstrated that BNNs can successfully recover the
posterior probability density functions of lens model parameters
with sufficient accuracy for time delay cosmography, achieving
sub-percent precision on the Hubble constant when applied to
ensembles of lensed quasars. Complementary approaches using
simulation-based inference, such as neural posterior estimation,
have shown even better uncertainty calibration and accuracy
compared to BNNs for strong lens modelling on ground-based
data (Poh et al. 2022). Furthermore, Legin et al. (2022) intro-
duced an efficient hierarchical inference framework that corrects
for selection biases in strong lensing surveys using neural net-
works, allowing for fast and unbiased inference of population-
level lens parameters.

The main algorithm in this work is LEns MOdelling with
Neural networks (LEMON; Gentile et al. 2023), a BNN able to
perform fast automated analysis of strong gravitational lenses. In
the original work, Gentile et al. (2023) used LEMON to estimate
three parameters of a strong gravitational lens modelled as a sin-
gular isothermal ellipsoid (SIE), the Einstein radius and the two
components of the ellipticity, for mock Hubble Space Telescope
(HST) and Euclid gravitational lenses. Along with the expected
values, LEMON is also able to output uncertainties for each pa-
rameter.

In this work, we expand the results of Gentile et al. (2023),
by predicting both mass and light parameters of the foreground
galaxies in isolated galaxy-galaxy gravitational lenses, consider-
ing a single Sérsic model for the light profile and using mock Eu-
clid lenses with contaminants in the image for both training and
testing. We also verify the behaviour of both uncertainty compo-
nents and verify the capability of LEMON to generalise to real
Euclidised HST lens images.

The paper is structured as follows. In Sect. 2 we give de-
tails on the various datasets used for the analysis. In Sect. 3 we
briefly introduce the LEMON algorithm. In Sect. 4 we describe
the training procedure, the metrics used to quantify the perfor-
mance of LEMON, and the calibration procedure for the total
uncertainty. Section 5 is dedicated to the results of the analysis
on the simulated test set, while Sect. 6 shows the results associ-
ated with real Euclidised lenses and real Euclid lenses found in
the Perseus ERO and Q1 fields. Section 7 shows how the joint
use of LEMON and classical modelling methods could provide
both a speed up of the Euclid modelling pipeline and a reduction
of its failure late. We finally give our conclusions in Sect. 8.

2. Data

In the following, we give details on the various datasets used
for the analysis. In Sect. 2.1, the Euclid mock lenses used for
training and testing are described. We then describe the real Eu-
clidised lenses used for testing LEMON performance on real
lenses in Sect. 2.2.

Table 1. Parameter ranges for the Euclid mock lenses.

Parameters Range
Einstein radius REin/arcsec [0.51, 4.44]

x-ellipticity ϵx [−0.80, 0.80]
y-ellipticity ϵy [−0.80, 0.80]

Lens effective radius Re, lens/arcsec [0.05, 2.00]
Lens Sérsic index nlens [2.00, 8.00]
Lens magnitude mlens [13.95, 23.56]

Source x position xsrc/arcsec [−5.00, 4.00]
Source y position ysrc/arcsec [−4.00, 8.00]

Notes. Only the Sérsic index was extracted from a uniform distribu-
tion. This choice was made to avoid introducing an informative prior
for this parameter. All the other parameters were extracted from non-
analytic, empirical distributions derived from the Flagship simulation
(Euclid Collaboration: Castander et al. 2025). The coverage of the pa-
rameters in the reported intervals is thus non-uniform. Notice that the
intervals for the two ellipticity components are the same for both mass
and light distributions, and as such have been reported together.

2.1. Euclid mock lenses

For training and performance testing of LEMON, we used two
simulation sets.

– The first, or main dataset, consists of 100 000 gravitational
lenses, modelled with a SIE mass profile plus external shear,
with γx,y ∈ [−0.03, 0.03]. In this set, the mass and light dis-
tributions are completely unaligned.

– The second dataset is identical to the main dataset, but it al-
lows for a wider range of external shear components, γx,y ∈

[−0.4, 0.4]. This dataset was used to test LEMON’s ability to
recover the shear components. The network trained with this
dataset shows performances comparable to the main network
we used in the main text, while also managing to recover
the shear parameters. More information are available in Ap-
pendix A.

All the datasets are simulated by the Strong Lensing Sci-
ence Working Group of the Euclid Consortium (Metcalf et al., in
prep.). The lens images were made by simulating the Euclid vis-
ible instrument (VIS, Euclid Collaboration: Cropper et al. 2025)
camera output, at the depth of the EWS. The samples were se-
lected to capture the full range of environmental scenarios that
may occur when observing a gravitational lens, including ob-
jects along the line of sight as well as companion or background
objects surrounding the lens system.

The lenses were constructed by first considering galaxies in
the Euclid Flagship simulation (Euclid Collaboration: Castander
et al. 2025), taken from a sky area of the order of 100 deg2, un-
der the requirements that the galaxy chosen is brighter than the
lens galaxy magnitude limit of 24 in the IE band, which is the
VIS imaging band, and categorised as a central galaxy. Cen-
tral galaxies are galaxies that are positioned at the centres of
the dark matter halos. Large halos also contain satellite galax-
ies, which should not produce isolated lenses like the ones we
wish to model here. For each selected candidate, the apparent
magnitude, effective radius, position angle, axis ratio and red-
shift were taken from the Flagship and converted into a surface
brightness model. In general, the light model is composed of a
disc and a spheroid component, but in our catalogue, only galax-
ies dominated by the spheroidal component are selected. This
spheroid component is represented by a single Sérsic profile. The
total flux and effective radius is taken from the Flagship simula-
tion. The Sérsic index is uniformly distributed between 2 and 8.
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Fig. 1. Distribution of mass and light parameters for the Euclid mock lenses.

A mass model is then chosen by considering analytical profiles
centred on each galaxy.

The mass in the lens was normalised with the ratio of dark
matter to stellar mass within one effective radius. The stellar
mass and effective radius were taken from the Flagship simu-
lation. The dark matter fraction within one effective radius was
taken to be normally distributed with a mean of 0.6 and a stan-
dard deviation of 0.1, consistent with observations (Mukherjee
et al. 2022).

Once the lens galaxies had been selected, a source galaxy
was placed in the relative background. This increases the sample
size of lenses in the dataset, in order to offset the inherent rar-
ity of ‘natural lenses’ (i.e. lenses in the Flagship simulation that
naturally have a source behind them when the image is traced
onto the observer plane). The redshift of the source was sampled
randomly from the following distribution:

p(z) ∝ zγe−z2/z2
0 , (1)

where γ = −0.23 and z0 = 3.06 are values found by fitting to
the COSMOS 2020 Farmer catalogue I-band number counts
(Weaver et al. 2022). The surface brightness is represented by be-
tween one and four Sérsic profiles. One profile has a brightness
and size based on randomly selected sources from the Hubble
Ultra Deep Field (HUDF) with similar redshifts (see Meneghetti
et al. 2008, 2010 for a discussion of this sample). Sixty percent
of the time additional smaller components are added. They are
positioned according to a Gaussian distribution centred on the
main source with a scale size equal to the scale size of the ‘host’
source. Each component is given a random orientation, and axis

ratio. Their fluxes are drawn from a power-law distribution with
index 4. This is a simplistic attempt to emulate some of the com-
plex morphologies of high redshift sources.

Ray-shooting through the light cones was performed, to con-
struct an image of the lens. The deflection caused by other ob-
jects along the line of sight is not included, so that the mass dis-
tribution remains a SIE in all cases. The lens was then rejected or
accepted based on an observability criterion. This criterion seeks
to filter out the many lenses candidates that would not be clas-
sified as lenses. The procedure is as follows. The lens light was
subtracted from the lensed source light. Pixels that were greater
than 4 times the background noise were considered to be in a
source image. This region was divided into disconnected im-
ages. Images with a signal-to-noise (S/N) of less than 10 were
discarded. If there was more than one image remaining, the ob-
ject was classified as a lens. If there was one image, it could be
an arc or a ring. If there was a hole in the single image it was
considered a lens. Finally, if the image was crossed by a critical
curve it was classified as a lens. From the visual inspection of
many simulated lenses, it was found that this criterion accepts
almost all the lenses that an inspector would identify as a lens.

A summary of the ranges of parameters for the mock lenses
is listed in Table 1, with the respective distributions shown in
Fig. 1. We underline the fact that, except for the Sérsic index,
all the parameters are drawn from non-analytic, empirical dis-
tributions derived from the Flagship simulation, so the coverage
for these parameters is not uniform. An example of some mock
Euclid lens images used for training is shown in Fig. 2.

The eight parameters listed in Table 1 are the main ones that
we want to predict with LEMON. The recovery of a ninth pa-
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rameter, the Einstein mass, is discussed in Appendix B. They
are listed as follows.

1. Einstein radius, in units of arcseconds, obtained via the for-
mula

REin =
648 000
π

√
AEin

π
, (2)

where AEin is the Einstein area in square radians, defined as
the area of the largest critical curve, and the factor 648 000
corresponds to converting π radians into arcseconds. Because
AEin is calculated numerically on a fixed resolution grid, it
takes discrete values separated by 0.054 square arcseconds.

2. Ellipticity x component, defined as

ϵx =
1 − q
1 + q

cos(2ϕ) , (3)

where q = b/a is the axis ratio of the mass or light dis-
tribution, while b and a are, respectively, the semi-minor
and semi-major axes of the respective ellipsoidal distribu-
tion. The angle ϕ is, instead, the position angle of the mass
or light distribution, which indicates the angle between the
semi-major axis of the ellipsoidal distribution and the posi-
tive x axis of the standard Cartesian reference frame.

3. Ellipticity y component, defined as

ϵy =
1 − q
1 + q

sin(2ϕ) , (4)

where q and ϕ are defined as above.
4. Circularised effective radius of the lens, Re, i.e. the radius

enclosing one-half of the lens galaxy light, obtained from
the major axis effective radius, Re, maj, via the formula Re =√

q Re, maj. We refer to it as Re, lens in the following.
5. Lens Sérsic index, which regulates the slope of the surface

brightness profile. It corresponds to the parameter n that ap-
pears in the Sérsic profile definition

I(r) = Ie exp

−bn

( r
Re

)1/n

− 1


 , (5)

where Ie = I(Re) and bn is a parameter, solution to the equa-
tion Γ(2n) = 2 γ(2n, bn), where Γ and γ are the complete and
incomplete gamma functions, respectively. We refer to it as
nlens in the following.

6. Lens magnitude, defined as the apparent magnitude in the IE

band of the main lens. It should be noted that, due to the fact
that input images are based on counts instead of fluxes, we
need to take into account zero-point shifts when predicting
magnitudes of non-simulated lenses.

7. The x and y position of the source (in arcseconds), defined
as the unlensed x and y co-ordinates of the source’s brightest
component, measured relative to the image centre.

The original simulated images have dimensions of 20′′×20′′,
as is shown in Fig. 2, but during the training of LEMON we
create 10′′ × 10′′ cut-outs of these images, centred on the lenses,
in order to better see the lensing features.

Fig. 2. 20′′×20′′ original VIS images of some examples of Euclid mock
lenses used for training LEMON.

2.2. Euclidised lenses

In addition to the set of simulated images, we tested the perfor-
mance of LEMON using a sample of known strong gravitational
lenses. These lenses were observed during several strong lens-
ing surveys with HST or serendipitously discovered in the HST
archive. Section 6.1 gives more details on the dataset. We used
the code HST2EUCLID (Euclid Collaboration: Bergamini et al.
2025) to Euclidise the HST images, mimicking Euclid observa-
tions of these sources at the same depth and resolution of the
EWS in the IE band.

We summarise here the procedure implemented in
HST2EUCLID. For more details, we refer the reader to Eu-
clid Collaboration: Bergamini et al. (2025). First, we converted
the pixel values of the HST images from units of electrons per
second (e s−1) to physical flux densities (erg s−1 cm−2 Hz−1).
We performed this operation for all available HST images in
photometric bands overlapping with the IE passband. For the
lenses in the dataset used in this paper, we used only HST
observations with the Advanced Camera for Surveys (ACS) in
the F814W band. Notice that the F814W band does not perfectly
overlap with the IE band. The Euclidisation procedure, however,
assumes a constant spectral energy density (SED) for the lens
galaxy, such that the magnitude in the IE band is equal to the
one in the F814W band. This means that there is no photon loss,
even if the F814W band is narrower than the IE band.

In the second step, we accounted for the Euclid PSF. The Eu-
clid PSF used by HST2EUCLID in this procedure coincides with
the one used to produce the Euclid mock lenses described in
Sect. 2.1, and was derived during the pre-launch VIS and NISP
detector characterisation. This model matches well the true Eu-
clid PSFs. For more details on the PSF, we refer the reader to
Euclid Collaboration: Bergamini et al. (2025). Since the input
images were already convolved with the HST PSF, we did not
convolve them directly with the Euclid PSF model. Instead, we
created a convolution kernel that matches the HST to the Euclid
PSF. Since we could not measure the PSF for each HST lens, we
used a model for the ACS observations in the F814W band com-
puted with the software TinyTim.1 The matched kernel for each
pair of HST and Euclid PSFs was computed with the Python
function create_matching_kernel of the Photutils pack-
age2 (Bradley et al. 2023). We then re-binned the images from
the HST pixel grid to the correct Euclid pixel scale. The result-
ing images have pixel scales of 100 mas px−1 in the IE band. The
re-binned images, expressed in units of physical flux densities,

1 https://www.stsci.edu/hst/instrumentation/
focus-and-pointing/focus/tiny-tim-hst-psf-modeling
2 https://photutils.readthedocs.io/en/stable
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were then converted into units of electrons per second using the
Euclid zero point.

Finally, we added Poisson photon noise. To accomplish this
task, we assumed that the noise in the input HST background
subtracted images is negligible compared to the noise in the Eu-
clid observations. This approximation is supported by the signif-
icantly greater depth of the HST observations compared with the
Euclid images. We adjusted the noise level to achieve the nom-
inal S/N of 10 for an extended source of magnitude 24.5 within
an aperture of 0 .′′65 radius expected for the EWS (Euclid Col-
laboration: Scaramella et al. 2022).

3. Introduction to LEMON

LEMON (Gentile et al. 2023) is a BNN (Charnock et al. 2020), a
machine-learning algorithm that employs the feature-recognition
capabilities of a CNN to predict model parameters of a gravita-
tional lens, using Bayesian statistics to estimate the respective
uncertainties. The key point of LEMON is its ability, by us-
ing BNNs, to estimate the two main sources of uncertainty in
machine-learning inference applications, namely epistemic un-
certainty and aleatoric uncertainty.

– Aleatoric uncertainty: also known as statistical uncertainty, is
associated with the intrinsic quality of the data analysed by
the algorithm. The most common sources of aleatoric uncer-
tainty are a low S/N, corruptions in the images (e.g. masked
regions), and source blending. This kind of uncertainty can-
not be reduced with training, because it depends on the qual-
ity of the image being analysed.

– Epistemic uncertainty: also known as systematic uncertainty,
it is caused by a lack of knowledge about the best model.
It refers to the ignorance of the machine-learning algorithm
about a certain region of the parameter space, and hence to
the state of the machine rather than to the state of the im-
ages. This kind of uncertainty can be reduced with a higher
completeness of the training set.

The aleatoric uncertainty for a certain image is given as
an output by LEMON, together with the predicted parameter
value (for details on how the aleatoric uncertainty is predicted
by LEMON, refer to Gentile et al. 2023). The epistemic uncer-
tainty for an image can be obtained thanks to the dropout layers
of LEMON: by randomly switching off some connections be-
tween the neurons of the neural network, predicting repeatedly
the parameters associated with a single image is equivalent to
sampling from the posterior probability of the parameters. The
epistemic uncertainty can then be evaluated by measuring the
standard deviation of this sampled distribution.

The total uncertainty for a generic parameter, p, can be ob-
tained via the following procedure (Gentile et al. 2023). For each
image, LEMON predicts the mean value, p, and the aleatoric
uncertainty, σA, for p. A value pi is then sampled from a Gaus-
sian distribution centred on p with a standard deviation equal
to σA. This is repeated N times (we used N = 50 to optimise
for speed), sampling the posterior distribution of the parameter
p. Finally, we compute the standard deviation of the distribution
associated with the extractions of pi, obtaining the total uncer-
tainty.

LEMON employs the ResNet architecture (He et al. 2016), a
deep residual network known for its success on computer vision
tasks (Russakovsky et al. 2015). The architecture of LEMON
is composed of: convolutional layers, used for feature extrac-
tion; dropout layers, to facilitate Bayesian uncertainty estima-
tion through Monte Carlo sampling; finally, a fully connected

layer made by 2Nparam nodes, with Nparam number of parameters
estimated by the network. A corresponding number of aleatoric
uncertainties is estimated through the minimisation of the fol-
lowing Gaussian log-likelihood loss function:

lnL(y, ŷ) =
NP∑
j=1

− 1
2σ2

i, j

∥yi, j − ŷi, j∥ −
1
2

ln(σ2
i, j)

 , (6)

where ŷ and y are the arrays of the predicted and the true param-
eter values, respectively,3 while σi, j is the aleatoric uncertainty
predicted for the parameter j of image i. The second term in
Eq. (6) is an additional regularisation term, introduced to pre-
vent overly large or small variance estimates. Additional details
on the implementation can be found in Gentile et al. (2023).

4. Methods

In this section we first describe the training procedure for
LEMON in Sect. 4.1. Section 4.2 is dedicated to the descrip-
tion of the metrics that we used to evaluate the performance of
LEMON. Finally, Sect. 4.3 is dedicated to discussing the cali-
bration procedure for the total uncertainty.

4.1. Training the network

We prepared the training of LEMON by taking the full sample
of 100 000 mock Euclid lenses and splitting it into a training set
formed of 80 000 lenses, a validation set, and a test set formed
by 10 000 lenses each. We shuffled the three sets to avoid possi-
ble biases during learning. Unlike Gentile et al. (2023), we used
the ResNet-50 architecture (He et al. 2016) when implement-
ing LEMON. We verified that this choice does not influence the
results, confirming the analysis of Wagner-Carena et al. (2024),
which shows that marginal improvements over the ResNet-34
architecture happen only at very large training set sizes. Before
feeding the images into LEMON, we applied a pre-processing
step whereby pixel values were first rescaled to the range [0,1],
and then transformed using a square root scaling to enhance the
visibility of low-intensity features.

Training was performed via stochastic gradient descent, with
a batch size of 64 images. For the optimiser, we used ADAM
(Kingma & Ba 2015), with a starting learning rate of 10−4. To
prevent overfitting, we used both the ReduceLROnPlateau and
EarlyStopping callbacks of the keras Python library. The
former reduces the learning rate of the optimiser when no im-
provement is seen for a given number of epochs, while the lat-
ter stops the training when the validation loss stops decreasing.
Dropout layers, needed for estimating the epistemic uncertainty,
are employed at both training and testing time, with a drop rate of
0.05. We performed the training via the tensorflow Python li-
brary (Abadi et al. 2015), using a single Nvidia RTX 4080 graph-
ics processing unit (GPU).

4.2. Metrics

To evaluate the performance of LEMON in recovering the lens
parameters, we made use of various statistical estimators.

– Bias, defined as4

µ := median{ŷi − yi|i} . (7)
3 A single predicted value ŷi is the mean of the distribution of the N
parameter extractions p j.
4 The writing median{xi|i} denotes the median of the set {xi|i =
1, . . . ,N} of vector components xi.
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This is an indicator of the accuracy of the prediction: higher
bias values indicate a systematic overestimation of the pre-
dictions, and vice versa for lower bias values. For compar-
isons with forward modelling, we implement the uncertainty
on the estimates by using the weighted version of the median,
with weights equal to the reciprocal of the variance associ-
ated with the predictions.

– Root mean square error (RMSE), defined as

RMSE :=

√√√
1
N

N∑
i=1

(ŷi − yi)2 , (8)

where ŷi and yi are the generic components of the ŷ and y
arrays, respectively, which have length N. This metric is a
measure of predictive power: a value of zero indicates a per-
fect fit to the true parameter values. For comparisons with
forward modelling, we implement the uncertainty on the es-
timates by using the function root_mean_squared_error
from the scikit-learn Python library (which natively sup-
ports weights for the inputs), with weights equal to the recip-
rocal of the variance associated with the predictions.

– Normalised median absolute deviation (NMAD), defined as

NMAD := 1.48 median{|(ŷi − yi) −median{ŷi − yi|i}| |i} . (9)

The NMAD is roughly analogous to the standard deviation
(σ ≈ κMAD, where MAD is the median absolute devia-
tion and κ is a constant scale factor, which is approximately
equal to 1.48 for normally distributed data). For comparisons
with forward modelling, we substitute the median with the
weighted median, with weights equal to the reciprocal of the
variance associated with the predictions.

– Coefficient of determination, defined as

R2 := 1 −
∑N

i=1 (ŷi − yi)2∑N
i=1 (yi − y)2 , (10)

where

y =
1
N

N∑
i=1

yi (11)

is the mean value of the true parameter over all the lenses.
This metric provides a measure of how well the parame-
ters are predicted by LEMON. Given a fixed parameter, if
it is perfectly predicted by the network, ŷi = yi for all the
points of the dataset, and thus R2 = 1. A baseline network,
which always outputs the mean value of the true parameter
(i.e. ŷi = y), will produce R2 = 0. If the network performs
worse than the baseline model (i.e. the mean of the data pro-
vides a better fit than than the predicted values), the values
of R2 will be negative.5 For comparisons with forward mod-
elling, we implement the uncertainty on the estimates by us-
ing the function r2_score from the scikit-learn Python
library (which natively supports weights for the inputs), with
weights equal to the reciprocal of the variance associated
with the predictions.

5 Notice that the coefficient of determination is not the square of a
quantity R, and therefore can also assume negative values.

Table 2. Rescaling factors used for the calibration procedure of each
parameter predicted by LEMON.

Parameter Scaling factor
Einstein radius REin/arcsec 0.84

Mass x-ellipticity ϵx,m 0.92
Mass y-ellipticity ϵy,m 0.91
Light x-ellipticity ϵx,l 0.78
Light y-ellipticity ϵy,l 0.79

Lens effective radius Re, lens/arcsec 0.89
Lens Sérsic index nlens 0.85
Lens magnitude mlens 0.79

Source x position xsrc/arcsec 0.88
Source y position ysrc/arcsec 0.88

4.3. Calibration procedure

Uncertainties produced by BNNs are known to be affected by a
systematic over- or under-estimation of the confidence intervals
(Guo et al. 2017). Therefore, a calibration procedure for the un-
certainties is required. Following Gentile et al. (2023), we imple-
ment the Platt-scaling method (Kull et al. 2017), which consists
of rescaling the predicted total uncertainty of a given parameter
by a factor s : σ → sσ, in order to match the empirical cumu-
lative distribution function (CDF) with the CDF of a Gaussian
distribution.

To obtain the scaling factors, we first proceeded by splitting
the validation set into 70% for the calibration training set and
30% for the calibration test set. We then built the uncalibrated
reliability plot, by putting on the x axis the values extracted from
the CDF of a Gaussian distribution and on the y axis the respec-
tive values extracted from the actual CDF. We fitted the result-
ing trend with a β-function, and found the Platt-scaling factor,
s, by minimising the difference between the β-function and the
bisector of the reliability plot. This was done for each parame-
ter, obtaining the values reported in Table 2. Figure 3 shows the
uncalibrated reliability plot for each parameter in the left panel,
and the calibrated reliability plot on the right panel.

It should be noted that the Platt-scaling calibration we use for
the uncertainties has been performed on a dataset of simulated
Euclid-like lenses. As such, while this correction may hold for
similar lenses, it could be not robust when switching to real data.
An analysis of the robustness of this method on real lenses is
discussed in Appendix C.

5. Results for the test set

In the following, we present the results of the analysis on the
mock Euclid test set. In Sect. 5.1, we show the recovery of the
parameters, along with the trends for the bias and the NMAD
for each parameter. In Sect. 5.2, we analyse the behaviour of the
uncertainties for each parameter.

5.1. Recovery of parameters for Euclid mock lenses

Figure 4 shows the recovery of the parameters of the Euclid
mock lenses for the test set, for both the mass and light profiles,
with the bottom two rows of each parameter showing the bias
and NMAD metrics in sequential bins. Overall, the recovery of
the parameters for the simulated Euclid lenses of the test set is
good, as is shown for example in Fig. 5, where we compare the
Einstein radius predictions for a random selection of 20 test set
lenses with the corresponding ground truth.
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Fig. 3. Reliability plots for the parameters predicted by LEMON. The lines represent, for each parameter, the discrepancy between the ideal
cumulative statistical coverage from a Gaussian distribution (x axis) and the corresponding empirical one (y axis). The closer the curves are to the
ideal relation (dashed black line), the more reliable the uncertainty estimates are. Left: Trends before the calibration procedure. Right: Trends after
the calibration procedure.

The Einstein radius is well recovered, with a very slight in-
crease in NMAD and decrease in bias from 1 .′′0 upwards, due to
a skewed prior towards zero for the Einstein radius parameter,
as we can see from Fig. 4a. The mass ellipticity components are
well recovered, showing a slight increase in bias only for values
outside the interval [−0.5, 0.5] and a NMAD trend that always
stays below 0.1. The recovery is even tighter for the light elliptic-
ity, showing an R2 of 0.96 (compared against an R2 of 0.85–0.86
for the mass ellipticity components) and a NMAD trend that al-
ways lies below 0.04. This slight discrepancy is to be expected,
because the network cannot rely on light information to infer the
shape of the mass distribution, and has instead to rely only on
the configuration of the lensed source to derive the mass shape
parameters, which is an intrinsically more uncertain procedure.

The effective radius shows the same behaviour as the Ein-
stein radius, being slightly underestimated at values of Re ≳
0 .′′50. This is also expected from the skewed prior for the effec-
tive radius parameter. It should be noted from Fig. 4d, however,
that the lowest bias value is around −0 .′′05, which is negligible.
The worst recovered parameter is the Sérsic index, which shows
the lowest value of the coefficient of determination, R2 = 0.77,
and a large scatter, which increases for an increasing value of
nlens. The median trend also shows a deviation from the lin-
ear trend for high values of the Sérsic index, as is shown from
the bias trend in Fig. 4e. This is, however, in agreement with
GALNET, a CNN that has shown remarkable abilities in recov-
ering the light parameters of simulated and real KiDS galaxies6

(Li et al. 2022). For the magnitude, there is a very slight overes-
timate, of order µ ≃ 10−2, which is shown as a constant trend for
the bias in Fig. 4f, up until around a magnitude of 22, where the
bias starts to decrease towards negative values. The scatter stays
instead constant, with a value of the NMAD of around 0.1. The
unlensed source co-ordinates, finally, are well recovered, with no

6 The algorithm makes use of the local PSF to enhance the predicting
abilities of the network, but does not offer insights on the uncertainty
associated with the predictions.

bias and R2 of around 0.83–0.87. This effect is most likely due
to the very high difference between the flux of the lens and the
flux of the source images, not allowing the network to find the
correct magnitude.

5.2. Behaviour of LEMON uncertainties

Figure 6 shows the trends for the calibrated total relative uncer-
tainties7 for all predicted parameters (except for the ellipticity
components and lens IE magnitude, where we consider the ab-
solute uncertainty). From the figure, we can see that the rela-
tive uncertainty on the Einstein radius is of order ∼ 5 × 10−2

on all the relevant range of the parameter, with a constant scat-
ter throughout the interval range. Regarding the mass elliptic-
ity components, we can see that the uncertainty increases for
ϵm,l → ±0.8, probably due to the fact that the distribution of the
ellipticities is peaked around zero and thus there are fewer exam-
ples on the edges of the parameters. A similar trend is visible for
the light ellipticity components, but with much smaller uncer-
tainties. This reflects the fact that the network has an easier time
predicting the shape of the light component directly from the
lens galaxy image, compared to inferring the shape of the mass
component through the lensed images’ configurations. The trend
for the lens effective radius is similar to the one for the Einstein
radius, with an increase at low values due to the predicted values
of the parameter approaching zero. The scatter of the Sérsic in-
dex is systematically high for all values of nlens, probably due to
an intrinsic difficulty in recovering this parameter through pho-
tometry alone. The relative uncertainty for this parameter, how-
ever, mainly remains below 40%. For both low and high values
of lens magnitude, we find that the absolute uncertainty slightly
increases. Finally, we note that the uncertainties in the unlensed
source co-ordinates exhibit trends similar to those of the elliptic-
ity components.

7 We define the total relative uncertainty as the predicted total uncer-
tainty by LEMON divided by the corresponding predicted mean value.
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Fig. 4. Recovery plot of the parameters of Euclid mock lenses, showing how well the predicted model parameters from LEMON (y co-ordinate)
reproduce the corresponding true value (x co-ordinate), for each lens of the test set (blue points). The ideal recovery line is shown as a dashed
black line. The median trend of the scatter plots, along with the respective scatters associated with the 16th and 84th percentiles, are shown as red
points and bars, respectively. For each panel, we also report the respective cumulative metrics. The bottom two rows of each parameter show the
bias and the NMAD, respectively, as defined in Sect. 4.2, as a function of the true value of the parameters estimated by LEMON. For clarity, we
have plotted only 5000 random points from the test set.

We also compared the trends of aleatoric and epistemic un-
certainties for the same parameters of Fig. 6. We verified that
the epistemic uncertainties are systematically lower than the cor-
responding aleatoric uncertainties for all parameters. The com-
parison, along with a brief discussion, is shown in Fig. D.1 of
Appendix D. Additionally, we analysed the behaviour of total
uncertainty with the S/N of the source in Appendix E, which
gave us information about how each parameter is recovered by
the network (through either the light or the lensed source config-
uration).

6. Results for real lenses

6.1. LEMON applied to Euclidised lenses

We now apply LEMON to a sub-sample of real Euclidised lenses
described in Sect. 2.2. This sub-sample is formed from four dif-
ferent main catalogues, from which the reference parameter val-
ues from standard modelling have been taken (where available).

– A sample of 29 Sloan Lens Advanced Camera for Sur-
veys (SLACS) catalogue systems, described in Bolton et al.
(2008) and Auger et al. (2009). Einstein radius, axis ra-
tio, and position angle (estimated by assuming a SIE mass
model for the lenses without external shear, and then used
to derive the corresponding mass ellipticity components) are
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Fig. 5. Random selection of 20 10′′×10′′ cut-outs of simulated lenses taken from the test set. Red circles show the best predictions for the Einstein
radius from LEMON, with corresponding 16th and 84th percentiles shown with dashed red circles. Yellow circles show the true values for the
Einstein radii. Predictions and true values are very similar, so in some cases the corresponding circles completely overlap.

taken from the first three columns of table 5 in Bolton et al.
(2008), after correcting the position angle orientation from
east of north to north of west; the effective radius and lens
magnitude are instead taken from the columns named re,I and
mI of table 3 in Auger et al. (2009).

– The sample of 13 early-type source with early-type lens sys-
tems (EELs) presented in Oldham et al. (2017). Einstein ra-
dius, mass axis ratio, and mass position angle values are all
taken from table 2, after the appropriate orientation conver-
sions for the position angle. The mass model considered by
the authors is an elliptical power law with external shear.

– A sample of five lenses found in the COSMOS survey (Scov-
ille et al. 2007). All parameters are taken from table 2, ex-
cept for the Einstein radius, which is taken from the errata
by Faure et al. (2008) due to an error in the determination of
the mass parameters in Scoville et al. (2007). To model the
systems, the authors use the code Lenstool, assuming a SIE
model with external shear. Light ellipticity components have
been derived from the parameters 1 − q and PA of table 2,
and used for comparison.

– A sample of 13 lenses taken from those found by visually in-
specting the whole imaging data taken with the ACS through
the F814W filter up to the 31st of August 2011 (Pawase et al.
2014). All parameters are taken from table 3, and light axis
ratio and position angle have been converted to light ellip-
ticity components for comparison. Notice, however, that the
Einstein radius for these lenses is not reported, and as such
we compared with the radius of the arc (in arcseconds) as a
substitute.

All of the Euclidised lenses used in this work have been spec-
troscopically confirmed. The comparison between forward mod-
elling and LEMON predictions for mass and light parameters is
shown8 in Fig. 7, while the associated metrics for each parame-
ter are reported in Table 3. A panel with some of the lenses from
each catalogue is shown in Fig. 8.

8 Notice that we aggregated mass and light ellipticity comparisons
together. Mass and light ellipticity results from the literature have
been compared with the matching type of parameter prediction from
LEMON.
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Fig. 6. Calibrated relative uncertainty as a function of the true value of the lens parameters. For the ellipticity components, lens magnitude, and
source co-ordinates, we consider the absolute uncertainty. For clarity, we plotted only 5000 random points. The median trends of the scatter plots,
along with the respective scatters associated with the 16th and 84th percentiles, are shown as red points and bars, respectively.

Table 3. Cumulative metrics associated with the parameters of the Euclidised lenses shown in Fig. 7.

Metrics REin (arcsec) ϵx ϵy Re, lens (arcsec) nlens mlens
Bias (µ) −0.03 0.00 0.00 0.03 −0.35 0.01
RMSE 0.14 0.07 0.04 0.18 1.05 0.30
NMAD 0.11 0.04 0.03 0.06 1.10 0.21
Coefficient of determination (R2) 0.53 0.87 0.88 0.64 −0.47 0.69

From the table, we can see that the Einstein radius predic-
tions match well the literature results, with a coefficient of de-
termination of R2 = 0.53. The mass and light ellipticities also
match the values from the literature well, with R2 = 0.87–0.88.
The effective radius is slightly underpredicted with respect to
classical modelling above 1′′. This, however, is consistent with
results from Li et al. (2022), in which light parameters of galax-
ies were predicted with CNNs and compared with classical mod-
elling predictions from 2DPHOT (La Barbera et al. 2008). In both
cases, there is a systematic underprediction at high values of ef-
fective radii. Due to a low number of points available for the
Sérsic index parameter, in addition to the fact that for SLACS
and ACS lenses the classical modelling has been performed by
assuming a fixed nlens = 4 value for this parameter, we can-
not draw any particularly relevant conclusions. Finally, the lens
magnitude for the SLACS lenses matches well the results from
classical modelling, with R2 = 0.69.

To analyse the behaviour of LEMON with respect to the Eu-
clidised lenses, we first evaluated both the aleatoric and epis-

temic components of the uncertainties for these lenses, ob-
taining values of epistemic uncertainties much lower than the
aleatoric ones (e.g. the maximum epistemic uncertainty for the
Einstein radius is at most 0 .′′25, while the corresponding maxi-
mum aleatoric uncertainty is 1 .′′35), in agreement with the results
for the mock Euclid lenses’ test set. These values, however, are
much higher than the corresponding components of the uncer-
tainties for the mock Euclid lenses’ test set (e.g. the maximum
aleatoric uncertainty for the Einstein radius for the mock Euclid
lenses’ test set is 0 .′′20, which is of the order of the maximum
epistemic uncertainty for the Euclidised lenses set).

A possible cause of these high uncertainty values is distri-
butional shift, i.e. variations in the properties of the input image
shift the parameters’ distributions outside the training distribu-
tion space, which affects the network’s output predictions (for
more information, see Filipp et al. 2025). To check this, we anal-
ysed the distribution of the Einstein and effective radii as a func-
tion of the lens redshifts, as can be seen in Fig. 9. From these,
we can see that the parameters for the Euclidised lenses are of-
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Fig. 7. Predicted model parameters from LEMON (y co-ordinate) against the corresponding model values from the literature (x co-ordinate). The
ideal recovery line is shown as a dashed black line. The SLACS and ACS best predicted values for the Sérsic indices are evaluated as the median
of the predictions for all the lenses of these catalogues against a fixed value associated with the one for a De Vaucouleurs profile (nlens = 4), with
uncertainty given by the NMAD of the predictions. Lenses with modelling values for the effective radius bigger than 2′′ and EEL lenses with
modelling values for the Einstein radius lower than 0 .′′5 have been removed due to being outside the training space of LEMON.

ten on the edge of the training-set distribution, if not completely
outside it. This could influence negatively the recovery of these
parameters, given that the network is not trained to recognise this
region of the parameter space. To try and alleviate this issue, we
preventively removed from our comparisons lenses with values
of the Einstein radius and effective radius estimated from the lit-
erature smaller than 0 .′′5 and larger than 2′′, respectively, since
they fall outside the training sample of LEMON, making their
predicted values unreliable extrapolations. Another performance
driver could be the fact that the estimates of the effective radii
from classical modelling cannot always be compared homoge-
neously with LEMON’s predictions, as SLACS and ACS lenses
are modelled with a fixed De Vaucouleurs profile (i.e. nlens = 4),
while LEMON considers Sérsic profiles with variable values of
nlens. Additionally, the fitting process should ideally remove the
arc to obtain an accurate estimate; otherwise, the Sérsic fit may
overestimate the radius due to bumps in the surface brightness
profile. A final possible performance driver could be the fact that
the Euclidisation procedure degrades the original image, and as
such faint arcs or counterimages could become invisible after
the procedure. This could produce lenses that would not be de-
tectable with Euclid resolution, and that would thus have lens-
ing configurations that were not visible or that were outside the
training space of LEMON. In future works, we shall expand the
distribution of the training set to cover more of the parameter
space, and check if the recovery of these parameters improves.

6.2. LEMON applied to real Euclid ERO lenses

We also applied LEMON to real Euclid lenses found in the
Perseus ERO field and modelled in Acevedo Barroso et al.
(2025). The modelling was performed with the pronto software
(Vegetti & Koopmans 2009; Rybak et al. 2015a,b; Rizzo et al.
2018; Ritondale et al. 2019; Powell et al. 2021), with the lens
mass distribution modelled by a SIE and the light distribution
modelled as a composite of three Sérsic profiles. The surface
brightness distribution of the source was reconstructed using a
pixelated, free-form approach. Regularisation was applied to pe-
nalise large gradients in the reconstructed source brightness. The
parameters for the lens mass and light profiles were optimised
non-linearly using the MultiNest algorithm (Feroz et al. 2009).
The positions of assumed lens images were provided as inputs,
with models constrained to ensure that these positions align in
the source plane with a tolerance of 1′′. Each model was checked
against three criteria: the presence of a SIE critical curve consis-
tent with observed lens image; the alignment of the critical curve
with the lens galaxy’s light profile; and finally, the consistency of
the reconstructed source with a compact object inside a caustic.

From all the lenses found in the field, we considered the ones
that have a convincing model (identified as ‘valid’ in the ‘mod-
elling’ column of table 2 in Acevedo Barroso et al. 2025), and
for which the value of the Einstein radius is available. An im-
age of these lenses is shown in Fig. 10. The comparison between
LEMON predictions for the Einstein radius and those from clas-
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Fig. 8. Random selection of 20 10′′ ×10′′ cut-outs of Euclidised lenses taken from the SLACS, EEL, COSMOS, and ACS subsamples. Red circles
show the best predictions for the Einstein radius from LEMON, with corresponding 16th and 84th percentiles shown with dashed red circles.
Yellow circles show the values for the Einstein radii reported in Bolton et al. (2008), Oldham et al. (2017), Faure et al. (2008), and Pawase et al.
(2014), respectively. For ACS lenses, the radius of the arc is taken instead, due to lack of an Einstein radius measurement.
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the training set, while coloured points show the position of the Euclidised lenses. Notice that these points are predictions from forward modelling.
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J031749+420011 J031953+415746 J031741+412702 J031715+414057 J031959+414229

Fig. 10. 10′′ × 10′′ cut-outs of the five Euclid gravitational lenses found in the Perseus ERO field and modelled in Acevedo Barroso et al. (2025).
Top row: Unedited cut-outs centred on the lenses. Bottom row: Same cut-outs, with the predicted Einstein radius (red circles, with dashed circles
showing the uncertainty bands) and the value obtained from the classical modelling (yellow circle) superimposed on them.
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Fig. 11. Comparison between Einstein radii values predicted by
LEMON and those predicted by classical modelling for the Euclid
lenses found in the Perseus ERO field.

sical modelling associated with these lenses is shown in Fig. 11.
From the figure, we can see that the recovery of the Einstein
radius is within 1σ from the ideal equality line with respect to
traditional modelling results for all lenses, except for the lens
J031741+412702, for which the Einstein radius is slightly un-
derestimated. It is remarkable that the lens J031749+420011 is
recovered correctly, albeit with a large uncertainty, due to the
fact that there is a very bright star present in the cut-out, which
increases both the aleatoric uncertainty and the epistemic uncer-
tainty, the former due to low visibility of the lens and the latter
due to not having trained LEMON with stars as contaminants in
the image.

6.3. LEMON applied to real Euclid Q1 lenses

We finally applied LEMON to the sample of strong lens im-
ages found by the strong lensing discovery engine in the Eu-

clid Quick Release 1 (Q1) data (Euclid Collaboration: Walmsley
et al. 2025). Through an initial scan of the Q1 galaxy catalogues
with machine-learning models, followed by citizen science in-
spection, expert vetting, and system-by-system modelling, Eu-
clid Collaboration: Walmsley et al. (2025) has collected 500
strong lens candidates, divided in Grade A (246) and B (254)
lens candidates after the expert vetting scoring. We complement
these data with 38 Grade A and 40 Grade B candidates found
after the expert visual classification performed on high-velocity
dispersion galaxies in Euclid Collaboration: Rojas et al. (2025).

The strong lenses in Euclid Collaboration: Walmsley et al.
(2025) and Euclid Collaboration: Rojas et al. (2025) have been
modelled via PyAutoLens, which is the standard algorithm for
lens modelling in Euclid9 (Nightingale & Dye 2015; Nightin-
gale et al. 2018, 2021b). PyAutoLens is an open-source Python
package for strong gravitational lensing, which includes both
fully automated strong lens modelling of galaxies and galaxy
clusters, and tools for simulating samples of strong lenses. In
this work, PyAutoLens employs a SIE mass model, consistent
with the model used to train LEMON.

We predicted the mass and light parameters of 354 of these
Q1 lenses, filtered such that the classical modelling is success-
ful. Figure 12 shows the comparison between the parameters ob-
tained through the two modelling techniques: from the figure, we
can see that the Einstein radius recovery matches the traditional
modelling well, with an R2 value of 0.71. The bias and NMAD
are very low, respectively, 0 .′′01 and 0 .′′07. The mass ellipticity
components do not correlate with PyAutoLens’ modelling re-
sults, with all the predictions clustering around zero, while the
light ellipticity components match well the classical modelling,
with an R2 of 0.74–0.78 and very low values of bias and NMAD.
The predicted effective radii from LEMON match those from
PyAutoLens up until 1′′, after which we systematically under-
predict with respect to the classical modelling results, similarly
to the comparisons with the literature for the effective radius
from Sect. 6.1. The Sérsic indices predicted by LEMON do not
correlate with PyAutoLens’ results. It should first be noted that
PyAutoLens’ modelling of these lenses assumes a maximum

9 https://github.com/Jammy2211/PyAutoLens
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Fig. 12. Parameter estimates of Euclid lenses found in the Q1 fields given by LEMON against values obtained by traditional modelling with
PyAutoLens. For each panel, we also report the respective cumulative metrics. Notice that predicted LEMON magnitudes have been subtracted
by a factor of 0.22 due to different zero-points between mock Euclid images used for training and real Q1 images.

value for the Sérsic index n = 5. Moreover, we have verified
that almost all of the points above 1′′ in Fig. 12f correspond to
points that lie on the n = 5 strip in Fig. 12g. This could imply
that the assumption of a maximum value for the Sérsic index
biases the classical modelling predictions, leading to differing
values with respect to what LEMON predicts. Finally, the lens IE

magnitude has a very good match with classical modelling, hav-
ing R2 = 0.90. Overall, these results show that LEMON matches
well the results of classical modelling for real Euclid lenses, at
least for Einstein radius, light ellipticity, effective radius (up to
1′′) and IE magnitude (after a zero-point correction).

7. Enhancement of the Euclid pipeline due to
LEMON

One possible use of LEMON in the context of strong lensing ap-
plications within Euclid, beside fast modelling of strong gravita-
tional lenses by itself, is to both speed-up the modelling of strong
gravitational lenses through the Euclid pipeline by giving tradi-
tional lens modelling methods initial starting points from which
to start the search, and to reduce the failure rate of the modelling
pipeline by cross-checking LEMON results with those from the
traditional methods.

The Euclid modelling pipeline (Euclid Collabora-
tion: Walmsley et al. 2025) adopts the Python library
PyAutoFit10(Nightingale et al. 2021a) to produce an initial
lens model result, which is then used to initialise more complex
lens models in the deeper parts of the pipeline (e.g. models
that use a Delaunay mesh to reconstruct the source galaxy).
PyAutoFit uses nested-sampling algorithms, such as nautilus
(Lange 2023), for Bayesian inference of the lens model. The
posteriors obtained with this approach, however, are not used
for any scientific result; rather, the point-wise results are used as
initialisers for the more complex models discussed above.

To efficiently use the information from LEMON,
PyAutoLens can also use a gradient ascent optimiser, which
fully exploits the information from the initial starting point
(Amorisco et al. 2022). The lens light and source galaxy during
lens modelling are modelled using a multi-Gaussian expansion
technique (see He et al. 2024).

To assess the speed gain on the initial stages of the Eu-
clid lens modelling pipeline, we considered 20 random lenses
from the test sample of Euclid mock lenses, and first modelled
them through PyAutoLenswith the standard modelling pipeline.
The modelling took approximately 25 000 likelihood evalua-
tions, which amount to around 7 h on a single CPU. A total of 16

10 https://github.com/rhayes777/PyAutoFit
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out of 20 fits successfully recover the correct lens model, demon-
strating the reliability of the PyAutoLens standard modelling
pipeline. In two of the four bad cases, the fit is biased due to ad-
ditional line-of-sight emission from a galaxy not associated with
the strong lens (a future iteration of the PyAutoLens pipeline
will include modelling emission from line-of-sight galaxies).

We then used PyAutoLens with the gradient ascent opti-
miser, by modelling the lenses with LEMON and then using
the obtained best values as starting points for the optimiser. The
fits take about 1000 likelihood evaluations, which amounts to
around 0.27 h on a single CPU, which is a substantial gain over
the nested-sampling algorithm, with the hybrid method being 26
times faster. The majority of the fits are good, except for four
of the lenses, which return an incorrect lens model. This re-
sult aligns with the number of correctly recovered lenses from
the standard pipeline alone. It should be noted that, except for
one of the lenses having additional line-of-sight emission from
a foreground galaxy, which is wrongly modelled by both tech-
niques, the other three lenses not modelled correctly by the hy-
brid method are different lenses than the ones wrongly mod-
elled by the standard modelling pipeline. This shows another
important benefit of combining LEMON with PyAutoLens,
namely the ability to complement each other’s limitations: mod-
els wrongly inferred by the standard pipeline alone could be
modelled correctly by this hybrid approach. Running indepen-
dent fits with both the standard PyAutoLens pipeline and the
combined LEMON-PyAutoLens approach for the same lens,
and selecting the best-fit model from the two, will therefore pro-
vide a viable strategy to minimise failure rates in lens modelling.

Given that the initialisation stage takes the majority of the
time of the pipeline computing time, the speed-up in the initial
phase should provide a speed-up of the entire pipeline of up to 5
times the speed associated with using the nested-sampling algo-
rithm only as an initialiser. This speed-up of modelling is con-
sistent with results from Pearson et al. (2021), where a BNN
was used to predict gravitational lens parameters, which are then
given to PyAutoLens as priors. In their case, the combination
of BNN and PyAutoLens increases the modelling speed by a
mean factor of 1.73. It should be noted, however, that in our case
the standard modelling method is not a Markov chain Monte
Carlo with priors set by a BNN like in Pearson et al. (2021),
and as such, the speed-up factor in our case can be bigger due to
the use of a simpler algorithm. This is an optimistic estimate of
the speed-up, however, given that on real images the predictions
from LEMON are worse than on simulated lenses. In future it-
erations of LEMON, we plan to implement error estimation on
the lens model parameters predicted by PyAutoLens, which are
currently not computed with the gradient-ascent method. This
can be achieved in different ways, for example by using Hessian
matrix estimation or the Fisher information matrix. Investigating
these approaches is, however, beyond the scope of this paper.

Finally, to assess whether the optimiser approach needs
LEMON in order to correctly model gravitational lenses, we re-
peated the test by using random starting points for the optimiser.
Results show that, with random initialisations, PyAutoLens is
unable to successfully recover a correct lens model fit for any
of the lenses. Thus, the robust initial starting points provided by
LEMON prove to be required in order for PyAutoLens to be
sped up by using the gradient ascent optimiser instead of the
nested-sampling algorithm.

8. Conclusions

In this work, we expand the lens modelling machine-learning
algorithm LEMON (Gentile et al. 2023) by predicting both the
mass and the light of the foreground deflector of Euclid galaxy-
galaxy gravitational lenses. The former is modelled as a SIE with
external shear, while the latter is a Sérsic profile. We used mock
Euclid lenses with contaminants in the image for both training
and testing of the architecture. The main results are as follows.

– All parameters of the test set are recovered correctly, with
very low values of bias and scatter. The parameter that is re-
covered worst is the Sérsic index, which shows a large scatter
and a deviation from the linear trend for high values of the
Sérsic index. This suggests that LEMON is able to recover
the mass and light parameters for the lens even in the pres-
ence of companions contaminating the image.

– Applied to a selection of Euclidised HST images, LEMON
manages to match classical modelling in recovering the Ein-
stein radius, mass and light ellipticity components, lens ef-
fective radius of the lens up to 1′′, and lens magnitude for
the SLACS sample, while we cannot reach any conclusion
about the Sérsic index due to low statistics. In general, the
results are worse than those obtained from the test set, given
that Euclidised lenses may not be similar to the simulations
used to train the network, as is shown in Fig. 9.

– Applied to five real galaxy-galaxy Euclid gravitational lenses
observed in the Perseus ERO field (Acevedo Barroso et al.
2025), for which the value of the Einstein radius is available
thanks to classical modelling, and the 578 new candidates
in the Q1 data (Euclid Collaboration: Walmsley et al. 2025;
Euclid Collaboration: Rojas et al. 2025), for which more
parameters are available, we match PyAutoLens in recov-
ering the Einstein radius, light ellipticity components, and
lens IE magnitude parameters. The effective radius predic-
tions match PyAutoLens well up to 1′′, while the Sérsic in-
dex and mass ellipticities do not correlate as well with the
predictions from PyAutoLens. On average, however, the in-
ferred mass ellipticities are not strongly discrepant from the
PyAutoLens values.

– By using the predictions of LEMON as starting points for a
gradient-ascent version of the PyAutoLens modelling algo-
rithm, it is possible to speed up the algorithm by up to 26
times compared to the standard Euclid modelling pipeline.
This would not be possible without the initial LEMON
guesses, because the gradient-ascent optimiser with random
initialisations does not produce valid model results for all
lenses.

In future works, we plan to further advance the LEMON ar-
chitecture, by predicting the parameters of more general lens
mass models, such as the power-law model. We also plan on
enhancing the prediction of certain parameters by deblending
the gravitational lens image in lens-only and source-only images
(Zhong et al. 2025), and training LEMON separately on the two
components.

Q1 data are now public, with DR1 data around the corner.
We are therefore preparing to process the enormous amount of
upcoming data, and have started applying LEMON to newly dis-
covered strong lenses from the Q1 data release. Results confirm
that LEMON is a robust and fast lens modelling tool for Euclid.
This will enable the generation of models for the approximately
100 000 expected Euclid lenses in a remarkably short time.

By applying LEMON and PyAutoLens to Euclid gravita-
tional lenses, we shall determine the total mass within the Ein-
stein radius, or extrapolated to the effective radius, when lens
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and source redshifts are available. Combining this with stellar
mass estimates from SED fitting (Euclid Collaboration: Enia
et al. 2025), we shall derive dark matter fractions. We shall
also provide constraints on the mass density slope and initial
mass function. With such a vast statistical lens sample, we shall
be able to investigate the evolution of these properties in un-
precedented detail, as well as the scaling relations that relate
them as a function of redshift (Koopmans et al. 2006; Gavazzi
et al. 2007; Bolton et al. 2008; Auger et al. 2010; Tortora et al.
2010, 2014, 2018, 2019; Sonnenfeld et al. 2013, 2015, 2017;
O’Riordan et al. 2025). By comparing these scaling relations
with predictions from cosmological simulations, we shall be able
to constrain cosmological parameters and physical processes in
galaxies (Mukherjee et al. 2018, 2021, 2022; Busillo et al. 2023,
2025; Tortora et al. 2025).
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Appendix A: Recovery of shear parameters

As a side test, we also trained LEMON to specifically recover the
shear components γx and γy, using the second dataset of Euclid
mock lenses described in Sect. 2.1 for training, validation and
testing. This dataset has the exact same properties as the main
dataset, except for the extended interval of values for the shear
components.

Figure A.1 shows the recovery of the two shear components
on the simulated test-set (constructed in an identical way as
with the main dataset). This recovery is very good, showing no
bias (except for a slight deviation on the edges of the parame-
ter space), low scatter, and a very high value of the coefficient
of determination (R2 = 0.86–0.87). Overall, on simulated im-
ages LEMON manages to recover these parameters, under the
condition that the parameters’ intervals on which the inference
is done is larger than the intrinsic scatter on the component. In-
deed, when trying to recover the shear components of the main
dataset, the inference fails, likely because the parameter values
are too close to zero, and the shear effects on the lensing config-
urations are too small to be discerned. All the other parameters
are recovered as well as with the network trained on the main
dataset, with similar values for the metrics.

Figure A.2 shows a comparison between our estimates of
the shear and the estimates from PyAutoLens on the same Q1
lenses used in Sect. 6.3. We can see that the two modelling re-
sults strongly disagree, with negative coefficients of determina-
tion. This discrepancy is most likely due to the fact that our net-
work finds ambiguity in the mapping from image to shear (hence
the very large uncertainties in our predictions with respect to the
classical modelling estimates). This ambiguity could be due to
several reasons, such as intrinsic degeneracies with mass ellip-
ticity or domain shift issues (see e.g. Filipp et al. 2025).

It should be noted that recovery of external shear parame-
ters with machine learning is notoriously difficult (Gawade et al.
2025; Schuldt et al. 2023a), and as such we did not expect a
good match with literature results for real lenses. It is notable,
however, that the network manages to recover the external shear
values at least in the ideal case of simulated Euclid lenses.

Appendix B: Recovery of Einstein mass

As a side test, we trained LEMON to recover the Einstein mass
parameter, defined as the total lens mass enclosed within the
largest critical curve. This parameter is the effective total mass
responsible for the observed lensing effect.

For any axisymmetric lens model, the Einstein mass is re-
lated to the (circularised) Einstein radius via the formula

REin =

√
Dds

DsDd

4GMEin

c2 , (B.1)

where Dds is the source-lens distance, Dd is the distance between
the observer and the lens and Ds is the distance between the ob-
server and the source. Notice that these distances are angular di-
ameter distances, and thus depend on the redshifts of the source
and the lens. We thus expect MEin ∝ R2

Ein.
The recovery of the Einstein mass for the test set lenses is

shown in Fig. B.1, with the associated trends for bias and NMAD
shown in the lower two panels. From the figure, we can see
that the Einstein mass is well recovered over all the lens mass
range. It should be noted that this is not expected: given the im-
plicit dependence of Eq. (B.1) from the redshifts of source and
lens, which we did not train the network to recover, the network

should have difficulty in recovering the values of Einstein mass
through the value of the Einstein radius.

We conjecture that the correct recovery could be due to the
fact that the network is learning known or unknown strong cor-
relations between some lensing features and the Einstein mass
values, bypassing the need for direct inference of redshift val-
ues. Some of these features could be lensing distortion patterns
(larger Einstein masses produce more pronounced arcs), the size
and spread of the lensed images (larger Einstein masses produce
wider separations of the lensed images), and the brightness of the
arcs (larger Einstein masses focus light more intensely, which
affects the intensity profiles of the arcs in the image). The net-
work could also be learning implicit correlations between fea-
tures related to the lens redshift, such as the relative brightness
of source and lens, and the redshift of the lens itself. The network
could then use these correlations to create a Bayesian mapping
that reproduces the relation (B.1), by learning a distribution of
possible mappings between Einstein radius and Einstein mass.
Thus, when making predictions, the network sees a particular
arc size that often correlates with a higher Einstein mass, and
gives a value that peaks around the higher value, with smaller or
larger uncertainty associated with how often the value of REin is
associated with a certain value of MEin in the training phase.

Figure B.2 shows the recovery of the Einstein mass for the
SLACS Euclidised lenses sample, which is the only one that has
corresponding values from classical modelling of the Einstein
mass reported (Auger et al. 2009, table 4). We preventively re-
moved all lenses with effective radii higher than 2′′, as performed
in Sect. 6.1. The comparison between methods shows a system-
atic overestimation with respect to the classical modelling, with
a mean bias of µ = 10.9. The negative coefficient of determi-
nation also shows a complete mismatch with the results from
Auger et al. (2009).

To further investigate this mismatch, in Fig. B.3 we show
the correlation between the Einstein mass and the Einstein ra-
dius. For a fixed redshift, we expect ideally a single power-law
curve, corresponding to Eq. (B.1) with fixed values of Dds, Ds,
and Dd. For different redshifts, in log space we expect a fam-
ily of curves with fixed slope and varying y intercept, which is
what we see in the figure with the training set region. The fig-
ure shows that the region of the training set corresponding to the
minimum and maximum redshifts of the SLACS sample aligns
with the lower boundary of the training set area, where most of
the SLACS sample is concentrated. The ERO lenses from Eu-
clid, instead, lie fully within the training-set parameter space,
which could explain the better recovery of the Einstein radius
for these lenses. We thus conjecture that the mismatch with lit-
erature results for this parameter could be due to the fact that the
sample lies on the edge of the training set, or that the parameter
is intrinsically more difficult to recover with machine learning
for real lens images, which are naturally more complex. Future
estimates of Einstein mass for Euclid lenses obtained from clas-
sical modelling could provide more substantial information on
the recovery of this parameter.

Appendix C: Robustness of Platt-scaling

In this section we discuss the robustness of the Platt-scaling cor-
rection for the total uncertainty of our BNN. Due to distribu-
tional shift and other systematic effects that produce a difference
between simulated and real images, it is possible that the total
calibrated uncertainties predicted in output by LEMON, which
have been made Gaussian for predictions on the mock Euclid
lenses with the Platt-scaling calibration procedure, may become
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Fig. A.1. Same as Fig. 4, but for the external shear components γx and γy.
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Fig. A.2. Same as Fig. 12, but for the external shear components γx and γy.

unreliable on real lenses. To check this, we evaluated the empiri-
cal reliability plots for both the Euclidised and the Q1 sample of
lenses, by using the results (predicted best values and calibrated
uncertainties) reported in Sects. 6.1 and 6.3. We show the one
for the Euclidised lenses in Fig. C.1, while the one for the Q1
lenses in Fig. C.2 (continuous lines).

For the Euclidised lenses, the Einstein radius and ellipticity
uncertainties are still consistent with the assumption of Gaus-
sianity, as can be seen by the fact that the reliability plot trends
for these parameters roughly follow the identity line. The effec-
tive radius predictions, instead, show signs of overconfidence,
with uncertainties lower than what they should be if they were

calibrated correctly. This means that the output uncertainties of
our network for this parameter, using the scaling factors that we
assumed for the simulated lenses, underestimate the expected
uncertainty under the assumption of Gaussianity. This system-
atic underestimation of the uncertainty appears also for all the
predictions of the Q1 lenses.

It should be noted, however, that for the Q1 lenses it is pos-
sible to find new values of scaling such that the associated em-
pirical reliability plot matches the identity line: such values are
reported in Table C.1. These new values produce uncertainties
that are systematically bigger than the ones we reported in Sect.
6.3, with minimum median percent increases of around 41% for
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Fig. B.1. Same as Fig. 4, but for the Einstein mass parameter.

the Einstein radii uncertainties, up to 136% for the effective radii
uncertainties.
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Fig. B.2. Comparison between predictions of Einstein mass obtained
from LEMON and from classical modelling (Auger et al. 2009) for the
Euclidised SLACS lenses.
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predicted values from LEMON for Euclid ERO lenses considered in
Fig. 11.
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Fig. C.1. Empirical reliability plot generated from the Euclidised
lenses’ predictions of Sect. 6.1.

Appendix D: Uncalibrated aleatoric and epistemic
uncertainty trends

We report, in Fig. D.1 , an alternative version of Fig. 6, where the
trends of the (uncalibrated) aleatoric and epistemic components
of the total uncertainty are shown separately. The fact that the
epistemic uncertainty is systematically lower than the aleatoric
uncertainty is a good sign, because it indicates that, at least for
the mock Euclid-like images that compose the test-set, the net-
work is confident that the learned mapping between images and
parameters is well determined (i.e. the error associated with a
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Fig. C.2. Empirical reliability plot generated from the Q1 lenses’ pre-
dictions of Sect. 6.3. Continuous lines are associated with the default
calibration obtained from the simulations, while dashed lines are the re-
sults after the manual correction with the values from Table C.1.

Table C.1. Scaling factors needed to produce Gaussian uncertainties for
Q1 lenses’ predictions.

Parameter Scaling factor
Einstein radius REin/arcsec 1.2

Mass x-ellipticity ϵx,m 1.5
Mass y-ellipticity ϵy,m 1.5
Light x-ellipticity ϵx,l 1.2
Light y-ellipticity ϵy,l 1.2

Lens effective radius Re, lens/arcsec 2.0
Lens Sérsic index nlens 2.0
Lens magnitude mlens 1.5

lack of training is irreducible, and the dominant uncertainty is
the aleatoric one). This means that more training data of the same
type or a larger network is not necessary, because the model has
seen enough similar examples to have consistent predictions in
the range covered by the training set, and the model is considered
expressive enough.

Appendix E: Analysis of signal-to-noise ratio of
mock Euclid lenses

In this appendix we check in regards to the mock Euclid lenses
whether there is any correlation between the total S/N in lensed
source pixels above 4σ (identified as ‘total S/N’ from now on in
this section) and two quantities: total predicted uncertainty and
discrepancy between predictions and true values for each param-
eter. Figure E.1 shows the trend of total uncertainty against total
S/N. The figure shows an interesting, but expected trend: quanti-
ties associated with the mass distribution, such as the Einstein ra-
dius, have a decreasing trend with an increasing total S/N, while
the opposite is true for quantities associated with the light distri-
bution, such as the effective radius. This seems to confirm that
quantities associated with the mass are derived by the network
from arc information (and thus the uncertainty decreases as the
arc is more luminous with respect to the lens light), while quan-
tities associated with the lens light distribution are derived from
the lens light information (and thus the uncertainty increases as
the lens light becomes weaker).

A similar trend is seen in Fig. E.2, but on the scatter of the
discrepancy-S/N relation: quantities associated with the mass
have a larger discrepancy scatter between predictions and true
values at low values of S/N, due to the fact that the source con-
figurations may be harder to detect if the source is not visible
enough, while quantities associated with the light have larger
discrepancy scatter at high values of S/N, due to the fact that
light from the source interferes with the inference from the lens
light.
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Fig. D.1. Trends of aleatoric (blue) and epistemic (orange) relative uncertainties as a function of the true value of the lens parameters. For the
position angle and lens magnitude, we consider the absolute uncertainties. For clarity, we plotted only 5000 random points from the test set.
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Fig. E.1. Total calibrated uncertainty for each lens against total S/N. The median trends of the scatter plots, along with the respective scatters
associated with the 16th and 84th percentiles, are shown as red points and bars, respectively.
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Fig. E.2. Same as Fig. E.1, but for the discrepancy between predicted and true parameter value for each lens.
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