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ABSTRACT

Context. Due to the unprecedented depth of the upcoming ground-based Legacy Survey of Space and Time (LSST) at the Vera C.
Rubin Observatory, approximately two-thirds of the galaxies are likely to be affected by blending — the overlap of physically separated
galaxies in images. Thus, extracting reliable shapes and photometry from individual objects will be limited by our ability to correct
blending and control any residual systematic effect. Deblending algorithms tackle this issue by reconstructing the isolated components
from a blended scene, but the most commonly used algorithms often fail to model complex, realistic galaxy morphologies.

Aims. As part of an effort to address this major challenge, we present MADNESS, which takes a data-driven approach and combines
pixel-level multi-band information to learn complex priors for obtaining the maximum a posteriori solution of deblending.

Methods. MADNESS is based on deep neural network architectures, namely variational auto-encoders and normalizing flows. The
variational auto-encoder reduces the high-dimensional pixel space into a lower-dimensional space, while the normalizing flow models
a data-driven prior in this latent space. Together, these neural networks enable one to obtain the maximum a posteriori solution in the
latent space.

Results. Using a simulated test dataset with galaxy models for a 10-year LSST survey and a galaxy density ranging from 48 to 80
galaxies per arcmin?, we characterized the aperture-photometry, g-r color, structural similarity index, and pixel cosine similarity of the
galaxies reconstructed by MADNESS. We compared our results against state-of-the-art deblenders including SCARLET. With the r-band
of LSST as an example, we show that MADNESS performs better than SCARLET in all the metrics. For instance, the average absolute
value of relative flux residual in the r-band for MADNESS is approximately 29% lower than that of SCARLET. The code is publicly

available on GitHub (https://github.com/b-biswas/MADNESS).

Key words. methods: data analysis — methods: statistical — techniques: image processing — surveys — galaxies: general —

cosmology: miscellaneous

1. Introduction

One of the main goals of the next-generation cosmological sur-
veys such as the Legacy Survey of Space and Time (LSST!,
LSST Science Collaboration 2009) at the Vera C. Rubin Obser-
vatory, ESA’s Euclid® telescope (Refregier et al. 2010), and the
Nancy Grace Roman Space Telescope® (Spergel et al. 2013), is
to understand the fundamental nature of dark energy. Among the
cosmological probes that can be used for these studies, the use of
cosmic shear, in particular, is expected to make a major step for-
ward with these stage IV surveys. Cosmic shear corresponds to
the systematic distortions in the shapes of astrophysical objects
due to the bending of the path of light by inhomogeneous matter
distribution present between us and the distant source galax-
ies (so-called gravitational lensing). Studying these correlated
distortions in tomographic redshift bins allows one to map the
underlying dark matter distribution and its evolution in time, and
thus constrain dark energy parameters. However, in the weak
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regime of gravitational lensing, these distortions imprinted on
galaxies are extremely small, of the order of a few percent. This
requires high statistical precision to impose strong constraints on
dark energy and forces the community to probe the universe to
an unprecedented depth with these wide-field surveys.

With increased statistical precision, new challenges in data
analysis are also expected. One such challenge is the blend-
ing of galaxies, which occurs when physically separated objects
lie along the same line of sight and overlap in the pixels. The
increase in object density due to the greater depth of observa-
tions will make the effect of blending significant in upcoming
surveys. In the case of ground-based surveys, such as the LSST,
the point-spread-function (PSF) contribution from the Earth’s
atmosphere will lead to an additional blurring of images and
increase the effect of blending. In the wide survey of Hyper
Suprime-Cam (HSC?#, Aihara et al. 2017), with a limiting i-band
magnitude ~26, around 58% of the objects were observed to
be blended (Bosch et al. 2017). The problem is expected to be
more severe in the case of LSST since it aims to reach i = 27
after 10 years of operation. As a consequence, it is expected

4 https://hsc.mtk.nao.ac.jp/ssp/
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that around 62% of LSST objects will have at least a 1% flux
contribution from neighboring sources (see Sanchez et al. 2021).

The extent to which the systematic errors can be controlled
will determine how well cosmological models can be con-
strained (see Mandelbaum 2018, for a detailed discussion on
weak lensing systematic effects), and blending is going to be
a major part of these systematic errors. For example, blending
can bias photometric redshift (photo-z) measurements that will
in turn affect the downstream analysis of most cosmological
probes, including weak lensing. To measure galaxy properties
on blended scenes, the effects of blending must be mitigated
before processing the data with pipelines that are designed to
operate with single sources. The inverse problem of reconstruct-
ing the individual isolated components from a blended scene is
called deblending. Another approach for correcting weak lensing
measurements is to calibrate for the effect of blending, among
other systematic effects, using image simulations (MacCrann
et al. 2021; Sheldon et al. 2020). However, the photometry of
the sources is still affected, and it remains to be demonstrated
that these simulations would be sufficient to capture the entirety
of the blending impacts for LSST weak lensing analysis.

To make matters worse, a considerable fraction of these
blends are likely to go undetected. These cases in which the
detection algorithm fails to identify multiple sources among the
blended galaxies are called “unrecognized blends”. Typically,
this can happen when the centers of two objects are closer to
each other than a fraction of the PSF or when one of the sources
is much brighter than the other, so that the detection algorithm
cannot distinguish the fainter source. Although it is more optimal
to perform joint detection and deblending, combining the two
steps can be computationally very expensive. Most deblenders
assume prior detection of objects; therefore, they rely on robust
detection algorithms to deblend galaxies from a blended scene
efficiently. Synergies between different surveys can also mit-
igate the effects of unrecognized blends. Since space-based
surveys do not have an atmospheric contribution to the PSF,
the sources are more resolved and can help provide priors for
detections in ground-based surveys, where the blending effect
is stronger due to the atmosphere (see Melchior et al. 2021). In
fact, Arcelin et al. (2020) showed that joint pixel-level process-
ing of ground- and space-based data can help improve the quality
of deblended models, motivating further development of algo-
rithms that are capable of simultaneously processing data from
multiple surveys.

One of the most commonly used deblending algorithms,
SExtractor (developed by Bertin & Arnouts 1996), performs
image segmentation by looking for connected components at
various thresholds and computes the deblending solution inde-
pendently on each band or uses a dual mode to use one band as
the reference (e.g., the r-band) to obtain photometry in another.
Such a method cannot realistically deblend a galaxy because it
will assign pixels in an overlapping case to one of the galaxies
without trying to redistribute the fluxes. This results in strong
limitations in terms of both the morphology and the fluxes of the
reconstructions.

Although the Sloan Digital Sky Survey (SDSS) deblender
by Lupton (2005) took a step further and assumed symmetry
properties of galaxies as prior, it still performed the deblend-
ing individually in different bands. Other approaches, such
as Lambda Adaptive Multi-Band Deblending Algorithm in R
(LAMBDAR; Wright et al. 2016) use higher-resolution aperture pri-
ors to obtain consistent matched photometry across a range of
photometric data with various resolutions. Another commonly
used algorithm, called TheTractor (Lang et al. 2016), optimizes
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astronomical object models to find the optimal model that max-
imizes the likelihood. More recently, Melchior et al. (2018) have
developed the SCARLET deblender, which combines information
from different bands and uses a constrained matrix factorization
to separate overlapping sources. SCARLET uses proximal gra-
dient descent to impose constraints such as the symmetry and
monotonicity of light profiles on the reconstructed components.
The SCARLET deblender makes it possible to incorporate phys-
ical information such as noise and the PSF into the algorithm
so that knowledge about the data can be leveraged. Although
such an approach is capable of handling more complex blended
scenes and provides a significant improvement over previous
deblenders, modeling complex morphologies is still a challenge
because of the strong regularizations.

The use of deep learning is gaining ground in the inter-
est of predicting more complex galaxy shapes. In an approach
very similar to SCARLET and also closely related to our work,
Lanusse et al. (2019) replaced the regularizations by modeling
a data-driven prior using differentiable deep generative models
with explicit likelihoods. This approach solves the maximum
a posteriori (MAP) solution of the inverse problem by using
autoregressive models such as the PixelCNN++ (Salimans et al.
2017) to compute a likelihood based on a pixel-level galaxy prior.
Although such a deep learning architecture is quite interpretable,
the pixel-wise auto-regressive nature negatively impacts the
speed, which is a major concern for upcoming surveys such as
the LSST.

Several other deep learning architectures based on genera-
tive models have already shown promising deblending results.
Reiman & Gohre (2019) used a branched generative adversarial
network (GAN) to deblend two galaxies from a stamp. Arcelin
et al. (2020) used a modified variational autoencoder (VAE)
architecture in which the encoder is trained to remove non-
central galaxies and project only the central galaxy into the latent
space; the decoder is trained to map from the latent space repre-
sentation of an isolated galaxy to its image. Using a similar VAE
model as one of its components, Hansen et al. (2022) proposed
Bayesian Light Source Separator (BLISS), which is a scalable
approach to perform Bayesian detection and deblending using
a combination of three convolutional encoder networks respon-
sible for detection, star-galaxy classification, and morphology
estimation. Unlike other approaches, BLISS aims to produce a
probabilistic catalog of galaxies that can be used by downstream
scientific analysis. More recently, Sampson et al. (2024) intro-
duced SCARLET2, which uses neutral score matching to obtain
the priors for SCARLET in order to predict more complex mor-
phologies. Going beyond generative models, other deep learning
techniques have also been shown to be effective for deblending.
For example, Wang et al. (2022) used a residual dense neural net-
work to extract galaxies iteratively from a field until no galaxies
were found.

Deep learning methods using convolutional neural networks
provide an easy way to combine multichannel and multi-
instrument information (Arcelin et al. 2020). Although architec-
tures that deblend with a single forward pass are extremely fast
at obtaining results, they lack explicit optimization over the total
flux. To find a middle ground between the VAE deblender pro-
posed by Arcelin et al. (2020) and MAP estimate obtained by
Melchior et al. (2018) and Lanusse et al. (2019), we have devel-
oped a deblender called MADNESS?, which stands for Maximum
A posteriori solution with Deep NEural networks for Source
Separation. Although our work can be extended to obtain a

5 https://github.com/LSSTDESC/madness, release v1.0.0.
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probabilistic catalog and potentially be combined with the detec-
tion and classification steps of BLISS, the focus for now is
on obtaining the MAP solution. Similar to most deblenders
described above, MADNESS assumes that the central pixels of
galaxies in the field are known and the goal is to reconstruct the
isolated components. As an extension to the deblender proposed
by Arcelin et al. (2020), we coupled the VAE with a normalizing
flow introduced by Rezende & Mohamed (2015). The combina-
tion of the two neural networks is used in a way that the MAP
estimate can be obtained by a gradient descent in the latent space.
By doing so, we show that deep learning can be used efficiently
to perform an optimization rather than a single pass through a
feed-forward network.

We first describe the simulations used for training and testing
MADNESS in Section 2. In Section 3, we dive deeper into varia-
tional autoencoders and normalizing flows and discuss in detail
the architecture, training of the models, and the methodology of
our deblender. We present the results of our algorithm and com-
pare it with state-of-the-art deblenders in Section 4 using various
metrics. Finally, in Section 5 we discuss potential next steps to
prepare our algorithm for processing real data, before concluding
in Section 6.

2. Dataset

To train and test our deblender, we use galaxies from the Cat-
Sim® galaxy catalog that has been prepared for the LSST catalog
simulator (Connolly et al. 2014). The galaxies in the catalog are
defined as a sum of bulge and disk models covering a redshift
range of 0 < z < 6 with a realistic distribution of shapes and
sizes. For each galaxy, all parameters related to shape and size
are assumed to be the same in all bands, but not the magni-
tudes. For this study, we used a one-square-degree subset that
has been previously used by the community to understand the
effects of blending on cosmic shear estimation (Sanchez et al.
2021). This one square degree of data consists of = 858k galax-
ies with a magnitude up to 28 in the r-filter. We further imposed
a signal-to-noise ratio (S/N) cut of 10 on the r-filter using the S/N
definition described in Appendix A. Figure 1 shows the distribu-
tion of redshift and 7-AB magnitude of the galaxies before and
after the S/N cut. Finally, we are left with roughly 317k galax-
ies of which we keep 200 000 for training and validation and the
remaining for testing.

The galaxies are simulated under 10-year LSST conditions
with two 15-second exposures, each per visit, a gain of 1, stan-
dard zero-point, and sky background brightness computed using
the expected number of visits in each filter of LSST (Ivezi¢ et al.
2019). Besides the sky background, we also added Poisson noise
due to the flux in each pixel. We used the Kolmogorov model
for the PSF, which is held constant over all the generated images
but is different for each band; the width of the PSF is taken from
Ivezi¢ et al. (2019), assuming an airmass of 1.2. These conditions
for the simulations are fetched from SURVEYCODEX’ Version
1.2.0 and summarized in Table 1.

2.1. Training and validation data

We used the BLENDING-TOOLKIT® (BTK, Mendoza et al. 2025)
to generate postage stamps for LSST as it allows easy control
over the number and location of galaxies in the stamps. BTK uses

6 https://www.lsst.org/scientists/simulations/catsim
7 https://github.com/LSSTDESC/surveycodex
8 https://github.com/LSSTDESC/BlendingToolKit/
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Fig. 1. Distribution of galaxies from the CatSim catalog before (orange)
and after (blue) the S/N cut for r-band S/N (see Appendix A), redshift
(from catalog), and r-AB magnitude (from catalog).

Table 1. Specifications used for each filter in simulating galaxies from
the CatSim galaxy catalog for training and testing the deblender.

Filter ~Zero point Sky background PSFFWHM Visits
u 26.40 22.99 0.90 56
g 28.26 22.26 0.86 80
r 28.10 21.20 0.81 184
i 2778 20.48 0.79 184
y 27.39 19.60 0.77 160
z 26.56 18.61 0.76 160

GALSIM’ (Rowe et al. 2015) internally to simulate the galaxies.
Using BTK we generated stamps of size 45 x 45 pixels in each
band, which corresponds to 9 X 9 ”’, and the center of the galaxy
to be deblended is always located within the central pixel of the
stamp.

Of the 200000 galaxies kept for training and validation,
we used 75% for training and the remaining 25% for valida-
tion. We generated two distinct datasets: IsolatedSims, which
contains only one galaxy located at the center of each stamp;
BlendedSims, consisting of stamps that are extracted from a
field with up to 3 galaxies, the centers of which lie within a box
of 20 x 20 pixels. With each galaxy in the fields as a center, a
stamp of 45 x 45 pixels is extracted.

The purpose of the BlendedSims dataset is to retrain the
encoder so that it can initialize the latent space for faster con-
vergence of the MAP optimization, as described in Section 3.4.
The exact distribution of the number of galaxies in the blends
will not have a significant impact on the results of MADNESS. So
we let the number of galaxies in the fields used for extracting
BlendedSims vary uniformly between 1 and 3. In Figure 2, we
show sample images used to train our network.

9 https://github.com/GalSim-developers/GalSim
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Fig. 2. Examples of normalized simulations in the r-band, used for
training and validating the variational autoencoder and the normaliz-
ing flow. Panel (a) shows galaxies from the IsolatedSims dataset,
while panel (b) shows galaxies from the BlendedSims dataset. The cen-
tral galaxy in the stamps is marked in black while the neighbors in the
BlendedSims are marked in red. Each row represents the same scene,
and the first column shows the noisy field; the second column shows the
isolated noiseless central galaxy; the third column shows the residual
field after subtracting the central galaxy from the noisy field. The color
bar for each plot shows the normalized electron counts in the pixels.

2.2. Test data

The test dataset, hereafter TestFields, was also generated
using BTK but excluding the galaxies that were used for training
and validation. Unlike the IsolatedSims and BlendedSims
datasets; which contain small postage stamps, here we simulate
multiple galaxies in random positions over a much larger field
and test the results of our deblending algorithm using the true
centers of the galaxies. We simulate fields of size 205 x 205
pixels with the centers of galaxies placed randomly only in the
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inner 150 x 150 pixels (0.25 arcmin?) to ensure that all pixels
of the predicted galaxies lie within the field. We used rejec-
tion sampling to ensure that the centers of galaxies do not lie
within the same pixel. The TestFields simulations contain 12
to 20 galaxies in each field, corresponding to 48 to 80 galaxies
per arcmin®. The density of galaxies is higher than the typical
values we expect for LSST so that the deblenders can be eval-
uated and compared to each other for a higher blending rate;
tests repeated with a more LSST-like density showed consis-
tent results. In total, we generate 6000 such fields with a total
of 95972 galaxies.

3. Method

MADNESS uses a combination of two neural network architec-
tures: a VAE and a normalizing flow. The goal of the VAE is to
learn low-dimension latent-space representations of galaxies so
that it can be used as a generative model, while the normalizing
flow is used to model the underlying aggregate posterior distribu-
tion of galaxies in the latent space. Once trained, we can sample
from the distribution learned by the normalizing flow to obtain
a latent space representation of new galaxies and feed these
low-dimensional representations to the decoder of the VAE to
simulate new images. Lanusse et al. (2021) showed that such an
architecture can be used to simulate complex and realistic mod-
els of galaxies with a hierarchical Bayesian framework to embed
physical information within deep learning models. Although the
authors explicitly account for both the PSF and the noise, in
our work, we do not decouple the PSF. Instead, we take a more
conservative approach and train and evaluate our model with a
fixed PSF to increase the effect of blending and make the task
more challenging for the deblender. Our goal is to obtain a MAP
estimate similar to that of Lanusse et al. (2019) but instead of
modeling the prior at pixel level with an auto-regressive network,
we perform dimensionality reduction with a VAE and model our
data-driven prior in the latent space using a normalizing flow
network that provides with an explicit likelihood. In other words,
we obtain the MAP solution in the low-dimensional latent space
instead of the high-dimensional pixel space. In this section, we
explain the data preprocessing, architectures, and training of
VAE and normalizing flow, and discuss the methodology of our
deblender.

3.1. Data normalization

Simulated galaxies typically have a wide range of flux values
in each pixel. Training the neural network directly with this
data can make the training very unstable, so we need a mech-
anism to normalize the data. Although Arcelin et al. (2020) have
found that a non-linear normalization is ideal for deblending
with VAEs, the loss function in such a normalized space is diffi-
cult to interpret. Since we want to obtain the final MAP solution
in the flux space, we choose a linear normalization for the entire
dataset such that the range of flux values falls mostly between 0
and 1. To be more precise, we divide the flux in all pixels by a
factor of 10*, which is sufficient to bring the range of pixel val-
ues to a level that can be handled by the network. Studies with
other normalization techniques are left as future work.

3.2. Variational autoencoders

An autoencoder falls under a class of neural networks that learn
an encoding of high-dimensional data in a low-dimensional
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latent space. The architecture can be divided into three parts: the
encoder, the latent space, and the decoder. The traditional auto-
encoder provides a deterministic value while projecting data into
the latent space. The loss function focuses only on the recon-
struction and does not include any constraints on the properties
of the latent space. Since the latent space is unconstrained, it
is difficult to use the decoder as a generative model because
we have no information about the underlying latent space distri-
bution to sample from. First introduced by Kingma & Welling
(2013), VAE overcomes this limitation by predicting a distri-
bution in the latent space instead of a deterministic output and
imposing a regularization over this predicted distribution.

More formally, if x represents the observed data and z
denotes the hidden latent variables, the decoder is represented
by the mapping py(x|z), while the encoder is represented by a
second parametric function g,4(z|x), where 6 and ¢ refer to the
weights of the network.

The optimization step of the VAE involves finding the param-
eters 6 and ¢ that minimize the evidence lower bound (ELBO) on
the right-hand side of the inequality

log p(x) 2 By, 0llog pa(x|2)] — DkLlgs(@0)p(2)], (D

where log p(x) is called the evidence, the first term is the expec-
tation of the likelihood, p(z) is the latent space prior, and
Dk1 represents the Kullback—Leibler (KL) divergence which
measures how different the two distributions are.

Optimization is done by minimizing the ELBO loss function.
However, as observed very frequently in VAE literature (Chen
et al. 2016), the KL divergence term in ELBO dominates and pre-
vents the network from properly reconstructing galaxies. Among
several different approaches, typically annealing-based methods
are used to slowly increase the weight of the KL divergence term
during training. Alternatively, this dominance can also be miti-
gated by multiplying the KL term with another hyperparameter
B in the loss function, to adjust the relative weight between the
reconstruction and the regularization terms. These models are
called the S-VAE (Higgins et al. 2017).

After lowering the weight of KL divergence, we observed
that the reconstructions were still poor in the u-band. This is
because the VAE starts learning features in the u-band only in
later iterations due to the relatively lower S/N of galaxies com-
pared to the other bands. To address this challenge, we include
a warm-up phase in the VAE training with a slightly modified
loss function. We introduce the structural similarity index mea-
sure (SSIM, Wang et al. 2004) in a way that the neural network
is forced to predict correct structural information in all the bands
from the initial iterations. The SSIM is a metric typically used in
image processing to assess the similarity between two images.
An SSIM value close to 1 represents highly correlated struc-
tural information between the two images, while —1 represents
anti-correlation. Using SSIM, we define the warm-up loss as

L = —E:g,canlog po(xl2)(1 — @ S)] + BDkLlgy@DIp(2)],  (2)

where S denotes the average SSIM across filters, computed using
input and output images of each band normalized to a maximum
value of 1, and a is a weight applied to SSIM. In practice, we
set @ in a way that it reduces to zero after a few initial iterations,
as described in Appendix B.1. The exact architecture of the VAE
and hyperparameters of the model used to obtain our results is
presented in Appendix B.1.

Once trained, the VAE can be used as a generative model
by sampling from the latent space prior p(z) in the ELBO,

and feeding it to the decoder. However, this assumes that the
prior is representative of the aggregate posterior which is not
strictly valid for a VAE, and introducing a 8 < 1 in the S—VAE
makes the aggregate posterior depart further from the prior.
Therefore, sampling from the prior would lead to biased and
out-of-distribution samples. Engel et al. (2017) proposed using
GANSs to model the latent space to generate high-fidelity images.
GANSs, however, do not provide a way to evaluate the likelihood
necessary for the MAP estimate. As an alternative to GANS, in
Section 3.3 we discuss in detail another generative model called
normalizing flows that gives access to a tractable likelihood.

3.3. Normalizing flows

Normalizing flows are capable of modeling a complex distri-
bution by sequentially applying bijective transformations to a
simpler distribution that can easily be sampled. Mathematically,
if we consider X and Z to be two random variables related by
bijective mapping f, : R" — R", parameterized by ¢, such that
X = f¢(2). The goal of fitting the normalizing flow is to find
appropriate parameters ¢ so that the transformed distribution is
similar to the target distribution we are trying to model, which in
our case is the aggregate posterior in the VAE latent space.

In our work, we used a family of normalizing flows,
called masked autoregressive flows (MAFs), presented by
Papamakarios et al. (2017), which are typically parameterized by
a dense network. However, one layer of MAF is not expressive
enough to model a non-trivial distribution, and results depend
heavily on the order of variables. Thus, we must apply a set of
such transformations to the base distribution, while performing
permutations to the order of variables between layers, i.e.

R = fo(Z) = fp, © firr © (D) 3)

where f,, represents the j™ layer of transformation, parameter-
ized by a neural network ¢;.

We train the model by minimizing the negative log-
likelihood of the latent space representations of galaxies in
IsolatedSims obtained by a forward pass through the trained
encoder as shown in Figure B.2. Appendix B.2 describes the
network architecture and training hyperparameters for the model
used to generate the results hereafter.

In Figure 3, we show that the trained normalizing flow suc-
cessfully models the underlying latent space representation of
the galaxies. Figure 4 shows the impact on the simulation of
galaxies with the VAE when shifting to a normalizing flow
instead of the ELBO prior. We can conclude from Figure 4 that
sampling from the standard normal prior used to train the VAE
fails to generate realistic-looking galaxies, but sampling from the
aggregate posterior as modeled by the normalizing flow gives
more reliable simulations (Lanusse et al. 2021; Arcelin 2021).
We now use this architecture to obtain the log prior required for
the MAP solution.

3.4. VAE-deblender

Once we have the normalizing flow and trained VAE, it is pos-
sible to generate new galaxies by sampling from the distribution
learned from the normalizing flow and feeding it to the decoder.
The goal hereafter is to obtain the MAP solution in the latent
space with gradient descent. To reduce the time taken for opti-
mization, it is essential to provide the model with a reasonable
initialization of latent points.
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For this, we adopt the idea presented by Arcelin et al. (2020),
where the authors retrain only the encoder as a deblender, to find
the latent space representation of the central galaxy in postage
stamps containing blends. While keeping the pre-trained decoder
fixed, the authors provide blended stamps as input to the encoder
and compute the reconstruction loss of the decoder output with
the isolated central galaxy in the input stamp. Upon minimizing
the negative log-likelihood under this setting, the newly retrained
encoder outputs the amortized posterior distribution of only the
central galaxy in the latent space. In other words, the encoder
part of the VAE acts as a deblender, extracting only the central
galaxy in the postage stamp. Since the decoder is fixed, this step
does not affect the underlying distribution of isolated galaxies
and does not require retraining the normalizing flow.

Although we follow a similar ideology as Arcelin et al.
(2020), the loss function is modified to accommodate our choice
of a simpler network architecture and linear data normalization.
In our case, retraining the encoder as a deblender is more dif-
ficult because of the choice of linear normalization. So, instead
of computing the loss in the image space, we shift to the latent
space. For this purpose, we start with two sets of the trained
encoder as shown in Figure 5. Using the BlendedSims we feed
images of an isolated galaxy to the first encoder, and to the
second encoder we provide a corresponding blended scene and
the same central galaxy. Let z; (isolated representation) and z4
(deblended representation) be samples from the amortized pos-
terior obtained from the first and second encoders, respectively.
Keeping the weights of the first encoder fixed, we retrain only the
second encoder to minimize the L2-norm or Euclidean distance
between z; and z; given by

L2-norm = ||z; — zll%, 4)

and the choice of training hyperparameters used is presented in
Appendix B.3.

Once trained, the second network can be combined with the
previously trained decoder and used as a deblender similar to
Arcelin et al. (2020) as shown in Figure 6. Although this archi-
tecture predicts a distribution in the latent space, we concern
ourselves with only the mean of this distribution; hereafter, we
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call this the VAE-deblender. In our algorithm, we used the
VAE-deblender only to initialize the latent space before the
gradient descent for the MAP estimate.

Given a field of blended galaxies, we can extract postage
stamps centered around each detection, feed them to the second
encoder, and obtain an initial prediction for the latent space rep-
resentation of the central galaxy by sampling from the amortized
posterior approximated by the retrained encoder.

3.5. Deblending

The VAE has already proved to be a powerful tool in the domain
of generative models. However, it fails to provide an explicit
likelihood. By combining the VAE with the flow network, the
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prediction (z,) and the representation of the isolated galaxy (z;) obtained
by the fixed encoder trained as described in Appendix B.1.
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Fig. 6. Examples of deblended central galaxies from the validation set of
BlendedSims, predicted in the -band by a single forward pass through
the VAE-deblender. Each row represents the same scene and the first
column shows the blended scene; the second column shows the pre-
dicted model for the central galaxy; and the third column is the result
of subtracting the predicted model from the blended field. The color bar
for each plot shows the normalized electron counts in the pixels.

so-called Flow-VAE can be used to obtain the MAP solution of

the deblending problem. Say we have a field of galaxies y, and
our goal is to obtain a set of galaxies X such that

X= arg}rglax[p(mX)p(X)], Q)

where p(y|X) is the data likelihood and p(X) is the prior rep-
resenting the probability of the reconstructions to look like
galaxies. As the prior is hard to evaluate in the pixel space with-
out using symmetry constraints as in SCARLET, we turn towards
the latent space. Since the normalizing flow has been trained to
model the aggregate posterior of the VAE, we can evaluate the
prior term in the latent space using the distribution modeled by
the normalizing flow. Therefore, Equation (5) is rewritten as

7 = arg ;nax{pe(yIZ)Pya(Z)], ©)

where Z is the set of latent space representations of galaxies,
and 6 and ¢ are the pre-trained weights of the VAE and nor-
malizing flow, respectively. We can rewrite Equation (6) as the
minimization of

Z = arg min |~ log py(y12) - log, p(2)]. )

The caveat here is that since we have shifted to the
latent space for the minimization, we cannot evaluate the log-
likelihood directly without mapping to the image space. As the
VAE was trained to generate images, the decoder is essentially
the mapping back to the image space. To evaluate the log-
likelihood term, we used the trained decoder py to go from the
latent space representation of each galaxy to the image space as
shown in Figure 7. Given the architectural choice of 45 x 45 pixel
cutouts used to train the VAE, the final predicted image of each
galaxy is a cutout of the same dimension. By summing over each
cutout at the corresponding detection location of the galaxy, we
obtain the reconstructed field X given by

X = ) PAD(py(z), ji. ko, ®)

Vz,€Z

where z; is the representation of the i galaxy in the field, py
is the pre-trained decoder network of the VAE, and the padding
function PAD changes the dimensions of the prediction to the
size of the field based on the pixel coordinates (j;, k;) of the
center of the galaxy in the field.

Assuming an uncorrelated Gaussian approximation to Pois-
son noise in each pixel, we can now compute the log-likelihood
term using the reconstructed field as

log peylZ) = —(y - X)) (y - X), )

where pg is the decoder and X is the covariance matrix, which
reduces to a diagonal matrix as the noise is assumed to be
uncorrelated. Putting everything together, we obtain

7 = argmin|(y - X)'S(y - X) - Z log p(z)| .- (10)
zZ

Vz,€eZ

We used the Adam optimizer for the gradient descent with
an initial learning rate of 0.05 and a scheduler that reduces it by
a factor of 0.8 every 30 epochs. The optimization is terminated
when the decrease in the exponentially weighted moving average
of the final 15 steps drops below a factor of 0.05 of that of the
initial 15 steps.

Figure 7 summarizes the workflow of the algorithm. After
the initialization of the latent space with the VAE-deblender,
the decoder allows one to evaluate the first term of Equation (10)
while the normalizing flow allows the evaluation of the log-prior
for each galaxy. For each field, we obtain the MAP solution Z
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Fig. 7. Schematic of MADNESS workflow. The algorithm takes as input a field of galaxies and their detected positions. The VAE-deblender
consisting of convolutional and dense layers initializes the latent space (Z), which is followed by the optimization of the sum of the log-prior and
the log-likelihood by using the decoder (dense and transposed convolutional layers) to map latent space representations to the image space and the
normalizing flow which uses MAF layers to compute the log-prior. Once the stopping condition is satisfied based on the rate of decrease of the
minimization objective, we obtain the maximum a posteriori solution Z* as output. The corresponding image space solutions can be found with a

forward pass through the decoder.

in the latent space for all the galaxies simultaneously by mini-
mizing the objective in Equation (10) for all galaxies until the
stopping condition is satisfied. Once the solution Z is obtained,
the corresponding image space solution is obtained by a forward
pass through the decoder.

4. Results

Once we obtain the MAP estimate in the VAE latent space, we
use the TestFields described in 2.2 to test the reconstructions
in terms of the total flux, g-r color, shapes, and morphology indi-
cators. As a sanity check, we verify that the MAP optimization
improves the results from the VAE-deblender and we further
compare MADNESS against SCARLET, using the configuration
described in Appendix D.

These tests were run on single V100 GPUs at CC-IN2P3,
where we parallelized the computation of 20 fields from the
TestFields dataset at a time and observed a gradient descent
convergence within 1 second per field (approximately 16 galax-
ies/sec).

Although in a more realistic scenario, the deblenders will be
used alongside a detection algorithm, here we remove detection
biases and report the scores for all the metrics, providing the true
centers of all galaxies to the deblenders.

4.1. Metrics

We evaluated the performance of the flux reconstruction using
aperture-photometry that computes flux within a given radius
around the true center of the galaxies. We compute the g-r color
of the galaxies, which is the difference in magnitude in the g
and r bands, to ensure that the cross-calibration between bands
is preserved.

To test the morphology of the reconstructions, we computed
the SSIM described in Section 3.2 and the cosine similarity,
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which is the cosine of the angle between the reconstructed model
and the ground truth flattened as a 1D vector. We characterize the
shapes of the galaxies with ellipticities obtained from adaptive
moments (see Hirata & Seljak 2003, for a detailed discussion on
adaptive moments), computed using the GALSIM HSM module.
The results for these metrics are expected to vary signifi-
cantly based on the S/N and blending of galaxies. Therefore, to
properly understand their impact, we used the following metrics:
1. the blendedness (Bosch et al. 2017) metric quantifies the
effect of blending for each galaxy. For a galaxy in the field,
the blendedness in the n'" filter is defined as:

Sn-Sn

Br=1- : (1)

where S, is the vector of true pixel values for the galaxy
and S° is the flux vector from the blended field. For heav-
ily blended objects in the limit of S2 > S, where S, is
non-zero, 3, tends to 1. For the other extreme case where
the effect of blending is negligible, S? — S, near the
galaxy so S, approaches 0. For a more visual interpreta-
tion, Appendix E shows cutouts of galaxies, as the S/N and
blendedness vary.

2. contamination (k) of a galaxy is defined as the relative resid-
ual in aperture-photometry when measured in a blended
scene, compared to the isolated case. In a given galaxy, the
contamination for n'" band is given by

Fb
Ky = —= —1,
Fy

(12)
where F” and F,, are the aperture-photometry measured flux
for the blended and isolated galaxy, respectively. Appendix E
gives a visual representation of how galaxies look as we vary
 in different S/N ranges.
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Fig. 8. Comparison of the absolute value of relative residuals |6F/F]|
in aperture-photometry among MADNESS, SCARLET, VAE-deblender,
and the original field without deblending. Panel (a) shows the cumu-
lative distribution of the absolute value of the relative residual in the
r-band for the entire TestFields dataset, while panel (b) shows the
distribution of |0F/F| for blended galaxies with «, > 0.01, which repre-
sents at least 1% flux contribution from neighboring sources.

3. S/N: In Section 2, a selection cut of S/N > 10 was applied
on the r-band S/N of each galaxy, computed at the catalog
level. For consistency, we continue with the same definition
of S/N to evaluate our results.

4.2. Errors in aperture-photometry of deblended models

For both MADNESS and SCARLET, we compute the aperture-
photometry for each galaxy by centering on the ground truth
position and subtracting the pixel values of all other predicted
galaxies from the field except the central one. We choose ellip-
tical apertures with semi-major and semi-minor axes a and b for
each band given by

a= V(Zahlr)2 +d? ,and b= V(thlr)z + d2,

where ay;, and by, are the half-light radii of the galaxy and d is
the PSF full-width-half-maximum (FWHM) of the given band.
Using the SOURCEEXTRACTOR library (Barbary 2016), we
computed the flux of the reconstructions in each band. Figure 8a
shows the absolute value of the relative flux residual, which is
the ratio of the flux residual (6 F) to the actual flux of the isolated
galaxy. Mathematically, the relative flux residual is defined as

(13)

6F F!-F
F  F~

(14)

where F¢ and F are the r-band aperture-photometry flux in the
same noise field for the deblended and isolated galaxy, respec-
tively. To provide a reference for comparison, we also computed
the residuals obtained directly on the blended field, i.e., without
using a deblender.

For a quantitative comparison, we computed the mean of the
absolute value of the relative residuals. However, since the mean
can be affected by outliers, we removed severely blended galax-
ies with contamination «, > 5 and observed that the mean of
the absolute value of the relative residuals in the blended case is
0.142 which implies on average, the residuals are around 14.2%
of the flux value. After deblending, we significantly reduce this
average to 0.020 for MADNESS, 0.028 for SCARLET, and 0.039
for the VAE-deblender. So the average of MADNESS is roughly
29% and 50% lower than that of SCARLET and VAE-deblender,
respectively.

The cumulative distribution of galaxies as a function of
|[0F/F| in Figure 8a shows that by performing gradient descent
in the latent space, MADNESS significantly improves the initial
predictions of the VAE-deblender. Moreover, for small values
of |0F/F|, SCARLET outperforms MADNESS, but the latter out-
performs the former for |6F/F| 2 0.005. The better performance
of SCARLET for smaller values of |[0F/F| can be attributed to
the fact that SCARLET predicts models in the PSF deconvolved
state, so a large fraction of galaxies that appear as blended for
MADNESS are isolated sources for SCARLET. To test this hypoth-
esis, we show in Figure 8b, |0F/F| for galaxies with «x, > 0.01,
i.e., at least 1% flux contribution from neighboring sources, that
even for low values of |0F/F|, MADNESS has a higher density of
galaxies than SCARLET. This confirms our hypothesis that the
better performance of SCARLET for small |0F/F| is due to very
slightly blended galaxies, which most likely appear isolated for
SCARLET after PSF deconvolution.

In Figure 9, we compare the performance of the two
deblenders regarding the recovered photometry as a function
of S/N, blendedness, and contamination. From these plots, we
conclude that MADNESS provides better flux reconstruction than
SCARLET, especially for heavily blended galaxies; the results are
consistent even in different S/N bins.

In Appendix F, we show that our results generalize to other
bands except for a deviation in the u-band where MADNESS and
VAE-deblender’s performance drops due to the increased noise
levels.

4.3. Bias in color for deblended galaxies

In Section 4.2, we saw that MADNESS improved the flux recon-
struction in the r-band of LSST. However, we must also ensure
the cross-calibration between bands is conserved, as these errors
and biases may propagate into downstream analysis, into red-
shift estimation, for example. In this section, we compare the
g-r color obtained with the flux in Section 4.2 for galaxies in
TestFields for three cases: without deblending, deblending
with MADNESS, and deblending with SCARLET. For each of these
three cases, we compute the error in measured color against two
baselines: the true color from the catalog and the color obtained
with photometry on noisy isolated galaxies.

4.3.1. True residuals

For the baseline, we used the true color value obtained from the
catalog (CT). Figure 10a shows the variation of the true residual
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Fig. 9. Aperture-photometry results in the r-band of galaxies from
TestFields after deblending with MADNESS, SCARLET, in terms of
signal-to-noise ratio (S/N), blendedness (8), and contamination (k) in
the r-band. In each panel, the top plot shows the distribution of the abso-
lute value of relative flux residual (|0F/F|) while the bottom plot shows
the distribution of galaxies for the metric on the x-axis. The boxes in
the plot on top show the range from the 25" to 75" percentile, with a
horizontal line representing the median, while the whiskers represent
the 5™ to 95" percentile of relative residuals in the r-band.

(6CT) mathematically given by

sc’ =c, -CT, (15)
where m € {no deblending, MADNESS, SCARLET} and corre-
spondingly C,, refers to the g-r color measured on TestFields
in the three cases: without deblending, deblending with
MADNESS, and deblending with SCARLET. We see in Figure 10a
that even for low contamination, errors are induced by the noise
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in images, but they are symmetrical around zero so there is no
bias. As the contamination increases, the symmetry breaks and
the uncertainty increases. However, both deblenders efficiently
remove the bias and reduce the errors introduced by blending.

The distribution of §CT shows a subtle skew as the contami-
nation increases, and in different bins of true color, we observe a
slight bias being introduced in the bins at both ends of the plot.
This pattern of bias is expected because of the statistics of true
galaxy color —i.e., a galaxy with a very low value for g-r color
(for example, —0.5) is most likely to be blended with a galaxy of
higher color value, which will cause the observed value of g-r
color to increase and vice versa.

Although 6CT represents the actual residuals in the color
measurement, it includes the errors from both the effect of blend-
ing and the effect of noise, thus limiting our ability to compare
the deblenders efficiently.

4.3.2. Blending residuals

To remove the impact of noise in the measurement and evaluate
the deblenders, we now compare C,, against the color estimated
by aperture-photometry of the galaxies in isolated noisy scenes
(CM). The residuals from blending, SC?, are then given as
sct=c,-cN, (16)
where once again m € {no deblending, MADNESS, SCARLET}.
The distributions of §C® in Figure 10b back our conclusions
from Section 4.3.1 that blending leads to a bias in our mea-
surement of the color. Moreover, with 6C® we can directly
compare the deblenders. We see in Figure 10b that although
both MADNESS and SCARLET reduce the error and bias in color,
MADNESS reconstructs the g-r color more accurately.

4.4. Errors in morphology and shapes of the deblended
galaxies

In this section, we evaluate the morphology of the reconstructed
galaxies. Besides the SSIM metric, introduced in Section 3.2,
we also use the cosine similarity S.o, both of which give an
idea of the similarity in structural information in the images.
Mathematically, S o5 is given by

>N, GiPi ,
JEha T e

where G represents the simulated true pixel value for the galaxy,
P refers to the predicted galaxy model, the index i refers to the i
element of the vector, and N is the number of pixels. To compute
this metric, we flatten the 2D image in each band into a 1D array;
the metric can be interpreted as the cosine of the angle between
these two 1D vectors.

Both SSIM and S s metrics range from —1 (anti-correlation)
to +1 (exact prediction). To evaluate the deblenders, we com-
puted the two metrics between the simulated galaxy and the
deblended models separately in each band. In Figure 11, we com-
pare the SSIM and cosine similarity of the reconstructions in the
r-band. We observe that the performance of the VAE-deblender
is very close to that of SCARLET, and MADNESS performs better
than both SCARLET and the VAE-deblender. To be more quan-
titative, with galaxies from TestFields satisfying «, < 5, the
average value for S .5, for example, is 0.994, 0.991, and 0.987
for MADNESS, SCARLET, and VAE-deblender, respectively.

S cos =

a7
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Fig. 10. Comparison of the g-r color for galaxies in TestFields for three cases: without deblending, deblending with MADNESS and with SCARLET,
as we vary the color (top panels) and contamination, ,, in the r-band (bottom panels). Panel (a) shows the variation of true color residuals (5C”)
computed with the color from catalog (CT) as the baseline, and panel (b) shows the distribution of blending error (§C?) with colors from photometry
on noisy isolated galaxies (CV) as the baseline. For each panel, the top plot shows the color residuals where the boxes and whiskers in the plot
indicate the ranges from 25% to 75" and 5™ to 95" percentiles, respectively. The plot at the bottom of each panel shows the distribution of the

metric on the horizontal axis.

To evaluate the shapes of the reconstructions, we used a def-
inition of ellipticity e that is commonly used in weak lensing
analyses'?:

Qxx - ny + 2iQxy
Qxx + ny '

where Q;; are the second moments of galaxy images.

We compare the ellipticity residuals defined as the difference
between the ellipticities e; or e, of the deblended models and
the values obtained from isolated noiseless galaxy images. The
distribution of ellipticity residuals in Figure 12a shows that for
the entire TestFields dataset MADNESS performs better than
both SCARLET and the VAE-deblender. For example, the stan-
dard deviation of the e; residuals is 0.069, 0.084, and 0.104
for MADNESS, SCARLET, and VAE-deblender, respectively.
Figure 12b shows the distribution of residuals upon selecting
only blended galaxies with contamination «, > 0.01. The stan-
dard deviation for e; residuals with the contamination cut is
0.087 for MADNESS and 0.103 for SCARLET. The relatively better
performance of MADNESS compared to SCARLET is in agreement
with our results from Section 4.2.

In Figure 13, we show from the distribution of ellipticity
residuals in bins of e; and e; that although all deblenders are

e=e|+iep = (18)

10 See Part 3, Fig. 2 in Schneider (2006), for example.

biased towards predicting rounder galaxies, i.e., smaller absolute
values for the ellipticities, MADNESS generates more consis-
tent results across the different bins of ¢; and e,. To reduce
these biases further for both MADNESS and the VAE-deblender,
appropriate cuts can be applied to the training dataset to train the
models with more elliptical galaxies.

5. Towards real data

Before we apply MADNESS to real data, a few important steps
require consideration. MADNESS must be combined with a detec-
tion algorithm, as it does not include a detection step. In our
work, we restricted ourselves to the ground-truth positions to
evaluate the efficiency of the deblender, but in reality, a signifi-
cant fraction of these blends are likely to go unrecognized, and
the galaxies may not be perfectly centered. Additionally, it might
be necessary to retain the networks with lower S/N objects to
handle false detections. Moreover, multi-band processing will
also add subtleties such as coaddition and World Coordinate
Systems (WCS), which may vary across bands. Further work
is required to systematically evaluate the biases introduced dur-
ing the deblending process when MADNESS is combined with
a detection algorithm. In fact, the final value of log-prior in
Equation (10) may provide valuable insight to flag potentially
unrecognized blends, and space-based surveys can be useful for
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formance.
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Fig. 12. Comparison of the ellipticities from second-order moments
among MADNESS, SCARLET, and VAE-deblender. The ellipticity resid-
vals are shown for (a) entire TestFields dataset and (b) slightly
blended galaxies with k. > 0.01, which represents an at least 1% flux
contribution from neighboring sources.

obtaining prior detections, which adds to the motivation for the
joint-processing of data.

In this work, we have only considered bulge plus disk mod-
els and for each galaxy. Except for the magnitudes and PSF, all
galaxy parameters related to shapes and sizes are assumed to
be constant across all bands. This assumption is not necessarily
the case for real data (Casura et al. 2022; HauBler et al. 2022),
and this warrants further follow-up studies with more realistic
simulations consisting of complex galaxy morphologies. Addi-
tionally, the algorithm needs to be flexible enough to handle
stars properly. This can be done either by including stars in the
training dataset of the VAE itself so that the generative model

A129, page 12 of 21

02-
| .
! P
01— L :
R i Lo
g 00-8 s Ol o
g i Hl il b
&

[PPSR

——————

___,//\\K

[ ] i 1 I [ [ i
-0.5 -0375 -0.25 -0.125 0.0 0.125 0.25 0375 05

P(e1)

e1

1
0.2 | :
! [
! i
01- 1 i T
© d. L b
S gl @ i1l il
g 00— HHE B & :
£ itiT il
& = ! T
—0.1- 2 MADNESS : : |
| SCARLET S A
—0.2- {0 VAE-deblender RN RN
a B .

I ] [ 1 1 1 ] T
-0.5 -0.375 -0.25 -0.125 0.0 0.125 0.25 0.375 05
€2
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can simulate both stars and galaxies or by having a hierarchi-
cal framework that includes a dedicated star galaxy separation
algorithm (see Hansen et al. 2022).

Finally, our work can also be extended into a hierarchical
Bayesian framework to incorporate PSF information extracted
by other science pipelines. Following the same ideas as Lanusse
et al. (2021), MADNESS can be trained to predict the PSF-
deconvolved galaxies and reconvolved with externally obtained
PSF before computing the likelihood. Furthermore, the lower
level of blending in space-based telescopes due to smaller
PSFs implies that joint processing data can significantly help to
deblend ground-based observations. Arcelin et al. (2020) already
showed that VAEs can be used for multi-instrument processing
by concatenating data as different channels to the input layer
of the VAE. In particular, the authors show that the results of
deblending were significantly improved when combining data
from Euclid with Rubin. Since MADNESS also makes use of a
VAE, we expect this to generalize and hope to obtain a significant
boost by multi-instrument processing.

6. Conclusions

Blending is expected to be a major source of systematic errors in
the next generation of cosmological surveys. The complexity of
the problem, given the wide range of morphologies and colors of
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astrophysical objects, makes it an ideal domain for the applica-
tion of ML techniques that have already proven to be extremely
efficient for image generation and processing. In this context, we
developed a new deblending algorithm called MADNESS, which
combines two generative models, namely the VAE and normal-
izing flow, in a way so that we can obtain the MAP solution for
the inverse problem of deblending.

We trained and tested our algorithm with galaxies expressed
as a sum of bulge and disk models taken from the CatSim cat-
alog. The galaxies were simulated for a 10-year LSST survey
using GALSIM with the help of BTK (Mendoza et al. 2025),
which allows one to easily control the number and position of
galaxies. We first trained a S—VAE as a generative model for
isolated galaxies and then trained a normalizing flow to learn
the underlying aggregate posterior distribution in the VAE latent
space. The normalizing flow gives access to the log-prior term
in the VAE latent space, and the decoder provides the mapping
from the latent space to the image space, thus enabling the com-
putation of the log-likelihood term needed to obtain the MAP
solution. Combining the two models, we perform a gradient
descent in the VAE latent space to obtain a MAP estimate. Typi-
cally, deep learning-based deblenders require training data to be
representative of real data. While this is also true for MADNESS,
the optimization step makes our algorithm less susceptible to this
than traditional feed-forward networks and at the same time, it
makes our algorithm more interpretable.

To enable faster convergence of our algorithm, we retrained
the encoder to obtain an initial position to start the optimiza-
tion. We call this new encoder the VAE-deblender because the
encoder is trained to find the latent space representation of the
central galaxy in a blended postage stamp, thereby deblending
it from neighboring sources, similar to the network proposed
by Arcelin et al. (2020). Although the VAE-deblender is very
efficient in itself, the results thus obtained are subject to the
black-box nature of the algorithm and lack explicit flux optimiza-
tion. In our algorithm, we take the latent space representations
obtained from the VAE-deblender as the initial point and per-
form a gradient descent in the VAE latent space to obtain the
MAP solution.

We tested our algorithm for flux reconstruction with
aperture-photometry, the g-r color of the deblended models,
and morphology using SSIM and the pixel cosine similarity
as metrics. As a sanity check, we compared our results to
the initial deblending solutions of the VAE-deblender, and
observed a significant improvement for all metrics in the final
MAP solution. We also compared MADNESS to the state-of-the-
art deblender SCARLET. Looking at the results in the r-bandpass
filter, we observed that the VAE-deblender was already able
to closely match the performance of SCARLET. However, when
we look at the results from other filters in Appendices F and
G of LSST, we notice a significant drop in performance of
both MADNESS and the VAE-deblender compared to SCAR-
LET in the u-band, especially in terms of morphology. This is
because SCARLET predicts a joint morphology for all bands and
the high-fidelity bandpass filters (such as r, i, etc.) allow better
reconstructions.

In the case of MADNESS and the VAE-deblender, although
the VAE learns correlations between different bands, the pre-
dicted morphology can still vary between the different channels
of VAE output. When obtaining the MAP estimate, MADNESS
tries to minimize the data likelihood, so we expect the overall
flux to be consistent even in low-S/N bands. However, recon-
structing the morphology is more difficult as the edges of the
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galaxies will have even lower S/N than the central brighter
regions.

Our algorithm can be easily expanded to a hierarchical
framework to incorporate physical information, such as PSF,
along with noise. Furthermore, it can also be extended into a
multi-instrument approach by concatenating data as new chan-
nels to the VAE input. Arcelin et al. (2020) already showed that
doing so can improve the deblending results, and we expect them
to generalize. Such algorithms that are capable of combining
data at the pixel level are likely to play a key role in the upcom-
ing golden era of observational cosmology, where we will have
data from several stage IV ground- and space-based surveys.
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Appendix A: S/N computation

Following the LSST documentation!!, S/N is defined as
C

S/N = ,
\/C + (g + o—iznstr)neff

(A1)

where C is the total source counts, B is sky background counts
per pixel, oing 1S the instrumental noise per pixel (all in ADU),
g is the gain, and n¢ refers to the source footprint. We discard
the ojhe term as our simulations do not take it into account. We
used SURVEYCODEX to obtain the B and C parameters for each
galaxy and set the value of gain to 1 for consistency with our BTK
simulations. Finally, we evaluate n.g as
Netr = 2.266(FWHM.¢¢/ P)?, (A2)
where FWHM. is the effective full width at half maximum and
P refers to the pixel scale, which for LSST is 0.2"”per pixel.
We compute the FWHM,¢f as a convolution of PSF FWHM and
galaxy FWHM (FHWMy,) given by

FHWM_g, = 2 vanbn, (A.3)
where ay; and by, are the semi-major and semi-minor axes of
either the bulge or the disk, whichever is greater.

Appendix B: Architectures and training of
networks

B.1. VAE

In our implementation, we used the TENSORFLOW'? framework
and TENSORFLOW-PROBABILITY " for the probabilistic layers.
As shown in Figure B.1, the encoder has 4 convolutional layers
with 64, 128, 256, and 128 filters. Each layer uses a convolu-
tion kernel of size 5 and a stride of 2. These layers are followed
by 2 dense layers that predict the latent space distribution. Each
layer in the encoder is followed by PReLU activation functions
except the final dense layer, which is left without an activation
function as it predicts the parameters for a multivariate normal
distribution layer that describes the 16-dimensional latent space
distribution. The latent space is followed by the decoder, which
also has two dense layers and 4 transposed convolutional layers
with 128, 96, 64, and 6 filters. The first 3 layers use a kernel of
size 5 and stride 2, while the final layer has a kernel of size 3 and
stride 1. We used the PReLU activation function in all the layers
except the final layer, where we applied a ReLU activation func-
tion to prevent negative predictions of flux. Finally, the output is
cropped to match the size of the input. The encoder and decoder
have around 6.7M and 3.5M trainable parameters, respectively.
The architecture of the encoder is chosen to be more complex
because it is later trained as a deblender to obtain the initial point
for gradient descent, as described in Section 3.4.

During training, we optimized the loss function in
Equation 2, where (3, the KL divergence coefficient, is set to 0.01.
By using 8 < 1, we can improve the reconstruction fidelity, but
this also implies that the learned aggregate posterior differs from
the prior. An alternative approach could be to remove the KL
term entirely. However, the lack of regularization will lead to a

I https://smtn-002.1sst.io/
2 https://www.tensorflow.org/
3 https://www.tensorflow.org/probability
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more complex latent space distribution, as there is no incentive
for the VAE to follow the ELBO-prior. The added complexity of
the latent space would make it more difficult to perform a gradi-
ent descent in the VAE latent space for the MAP estimate. After
testing the S—VAE for several values of the hyperparameter S,
we chose the value of 0.01 as no significant improvement was
observed by lowering the value further.

The coefficient « is initialized at 1 and is decreased by 0.02
every epoch until it reaches a value of 0 after 50 epochs. The
SSIM is computed on normalized images where each band of
input and output is divided by the maximum pixel value in that
band, so all values are in the range [0, 1]. Since the S is equally
weighted among all the bands, the network is forced to learn the
features in all the filters from the very beginning.

We used the Adam optimizer (Kingma & Ba 2017) with an
initial learning rate of 107>, along with a learning rate sched-
uler that decreases the learning rate by a factor of 2.5 every
40 epochs. Additionally, since we performed only a linear nor-
malization of our data and some galaxies are extremely bright
compared to others, we introduce a clip value of 0.1 on the gra-
dients obtained during the optimization to stabilize the training
of our network. After the initial warm-up phase is complete,
we dropped the SSIM term from the loss function and restarted
the training with a learning rate of 10> for a maximum of 200
epochs with an early stopping patience of 20 so that the network
stops training if the loss has not decreased over 20 iterations.
Even during this training phase, we keep the same learning rate
scheduler and clip value.

B.2. Normalizing flows

We used TENSORFLOW-PROBABILITY to create bijective
autoregressive networks with 2 hidden layers containing 32 units
each followed by tanh activation functions, to be used within
MAPF layers. After an initial batchnorm layer, we use 6 sets
of MAF followed by permutation and batchnorm layers, result-
ing in a model with a total of 15936 trainable parameters (see
Figure B.2). We used the Adam optimizer and started with a
learning rate of 1074, clip value of 0.01, and the same setting
for the learning rate scheduler and patience as the VAE, for a
maximum of 200 epochs.

B.3. VAE-deblender

We ran this training for a maximum of 200 epochs with the Adam
optimizer and a learning rate of 10>, Other parameters such as
the clip value, learning rate scheduler, and patience were kept the
same as the original VAE.

Appendix C: Comparison between u- and r-band

Since the training of the VAE uses the likelihood obtained from
pixel-wise predictions, the quality of reconstruction depends
upon the S/N of the galaxies. In Figure C, we show a compar-
ison between the quality of simulations of our trained model in
the u and r bands for the same set of galaxies. This comparison
demonstrates that the model is able to better learn the features
in the higher S/N band compared to the lower S/N one. So we
expect poor deblending reconstructions in the u-band as shown
in Appendix F and G.
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Fig. B.1: Variational autoencoder architecture. The conv1, conv2, conv3, and conv4 layers refer to the four convolutional layers of the encoder,
all of which use a kernel size of 5 and a stride of 2. Following the convolutional layers are the dense layers d1 and d2 that predict the parameters
of the latent space distribution. The probabilistic layer p1 uses the output of layer d2 to construct the latent space z, which is a multivariate normal
distribution of 16 dimensions. Finally, the decoder takes as input a sample from the latent space distribution and applies a set of dense layers d3 and
d4, followed by transposed convolutional layers (convT1, convT2, convT3, and convT4) also with kernel size 5 and stride 2; Finally, the output
of convT4 is cropped to match the size of the input.

min_snr parameter corresponding to this S/N value is set to the
recommended default value of 50.
On each field, the optimization was run for a maximum of
z z; 200 iterations, and following the tutorials for SCARLET, the rel-
ativg error parameter determining the convergence was set to
107°.

Fi xed
=
Encoder > |]>|]
45x45x6

I sol ated

Appendix E: Metrics

The blendedness (8) metric defined in Section 4.1 lies between 0
\ and 1, O for isolated galaxies, and close to 1 for severely blended
ones. Figure E.1 gives a visual representation of the variation of
blendedness for different values of S/N in the r-band.

The contamination (k) defined in 4.1 also quantifies the

|Norma| i zing Flow

\
I

1

:f<P1 f<Pz f‘/’s f({’4 f‘r’s f%'

1

1

!

T effect of blending. For isolated galaxies, the value of « is 0 and
! increases according to the contribution to the flux from neigh-
\ , boring galaxies within the flux radius of aperture photometry.
pE(E) N - ’ pi(i) Figure E.2 gives a visual representation of how « varies in the
Pri or Model ed r-band for blended galaxies at different S/Ns.
standard nor nmal aggregate posterior

Fig. B.2: Schematic of the training of the normalizing flow. The encoder ~ Appendix F: Photometry across bands

is the pre-trained network illustrated in Figure B.1 and the normalizing

flow consists of 6 bijective transformations f,, where the i transforma-  In Section 4.2, we showed that MADNESS outperformed the flux
tion is parameterized by ¢;, which represents the weights of the MAF  reconstructions of SCARLET in the r-band. In Figure F.1, com-

layer containing (32, 32) units with tanh activations followed by a per-  pare the flux reconstructions among MADNESS, SCARLET, and
mutation layer. Additionally, a batchnorm layer is added as the first  yap-deblender for all the bands of LSST.

layer within f,, . Figure F.la shows the results for all the galaxies in the

TestFields dataset and we observe that the performance of
Appendix D: SCARLET configuration MADNESS and VAE-deblender drops significantly u-band, com-
pared to that of SCARLET. To see if this is due to the low S/N
Using the SCARLET release btk-v1, all the galaxies were of galaxies in the u-band, we redo the plot with only high S/N
modeled as per standard recommendations in SCARLET galaxies in each of the bands. To simplify the S/N computation
documentation'®. The sources are initialized using the ineach band, we can define S/Npjeng for each band in the blended

scarlet.initialization.init_all_sources() with  configuration as:
all parameters set to default except for the max_components,
which is set to 2 so that the bulge and disk components can be ~ S/Npiena = flux/fluxerr; (F.1)

properly modeled, provided that the S/N is large enough. The )
where flux and fluxerr are obtained from aperture-

4 https://pmelchior.github.io/scarlet/ photometry with the SOURCEEXTRACTOR library. For each
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Fig. C.1: Comparison of simulations for the same galaxies between the
u-band shown in panel (a) and r-band shown in panel (b). The color bar
in each image shows the normalized electron counts in pixels.

band, after discarding galaxies with S/Npepa< 5 see in
Figure F.1b that now the performance of MADNESS is comparable
to SCARLET even in the u-band. Therefore, we can conclude that
the low S/N in u-band leads to poor flux reconstructions.

Appendix G: SSIM across bands

Since we observed in Appendix F that there is a slight dip in
the performance of MADNESS flux reconstructions in the u-band,
in this Section we want to look into the morphology of the
deblended models in different bands. Using SSIM as a metric,
we show in Figure G.1 that SCARLET reconstructs morphology
far better than MADNESS in the u-band, although in all the other
bands MADNESS consistently outperforms SCARLET.

Similar to the Appendix F, we make the plots for two cases:
the first with all the galaxies in TestFields and the second
with only higher S/N galaxies (S/Npjeng=>5). In Figure F.1b we

showed that the performance of MADNESS was comparable to
that of SCARLET even in the u-band for high S/N galaxies due
to the reconstruction term of the MAP optimization. However,
for morphology, in Figure G.1b we do not see such a dras-
tic improvement in the performance of MADNESS compared to
SCARLET in the u-band. This is because the SCARLET deblender
predicts only one morphology in all the bands. Hence, it uses the
information from high S/N bands to reconstruct the morphol-
ogy and this happens to be in sync with the simulations since all
bands of a galaxy share the same morphology. In reality, how-
ever, this assumption does not hold. So for MADNESS, we choose
to have the flexibility to predict different morphologies in dif-
ferent bands, which makes it difficult to reconstruct the fainter
edges in the low S/N bands.

We can try several ways to mitigate this problem. First, we
can try to add a weighting function to Equation 10 to enforce bet-
ter reconstructions in the u-band. As an alternative, we can also
adopt a non-linear data normalization similar to that of Arcelin
et al. (2020) whose authors suppressed the dominance of brighter
pixels using the normalization to increase the relative weights
of the fainter pixels. Finally, we can also try to adopt a SCAR-
LET-like approach to hierarchically predict the morphology and
the SED of galaxies but it would constrain one to the unrealistic
assumption of the same morphology in all the bands.
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Fig. E.1: Normalized images of galaxies in r-band for different levels of blendedness 3, of the central galaxy (centers marked with black x), in the
presence of neighboring galaxies (centers marked with red X). From left to right, the value of blendedness increases, and from top to bottom, the
S/N of the central galaxy increases. The color bar for each plot shows the normalized electron counts in the pixels.
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Fig. F.1: Cumulative distribution of the absolute value of the relative flux residuals |§F/F| before deblending and after deblending with MADNESS,
SCARLET, and VAE-deblender, for each LSST band. The results are presented for two cases: (a) all galaxies in TestFields and (b) galaxies in
TestFields with S/Npjeng > 5.
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Fig. G.1: Comparison of the structural similarity index measure (SSIM) after deblending with MADNESS, SCARLET, and VAE-deblender, for each
LSST band. The results are presented for two cases: (a) all galaxies in TestFields and (b) galaxies in TestFields with S/Npjenq > 5. A value
closer to O for 1 — SSIM on the x-axis represents better performance.
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