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Abstract
We present a new method that uses a genera-
tive adversarial network to learn how to locally
redistribute the mass in lognormal mass maps
to achieve N-body quality full-sky weak lensing
maps. Our mass maps reproduce a broad range
of weak lensing summary statistics with percent
level accuracy. Producing a single full-sky map re-
quires ∼ 10 seconds on an average compute node
with no GPU acceleration. Relative to running a
dark matter simulation, our algorithm reduces run
time by more than four orders of magnitude.

1. Introduction
Weak gravitational lensing refers to the slight distortion of
background galaxies due to matter inhomogeneities along
the line of sight (Bartelmann & Maturi, 2016). Modern
cosmology surveys measure these tiny distortions using tens
of millions to billions of galaxies to reconstruct the projected
matter density in the Universe (Jeffrey et al., 2021) and
constrain cosmological parameters (Abbott et al., 2022).

Robust cosmological inference from weak lensing survey
data requires large suites of N-body simulations. In par-
ticular, the fact that small-scale modes in the density field
exhibit strong non-linear growth can only be adequately
modeled using N-body simulations. However, these simu-
lations are computationally expensive, requiring hundreds
of core hours or more per simulation. This is an especially
daunting prospect for map-based inference schemes (Por-
queres et al., 2021; Boruah et al., 2022).

Machine learning-based methods present an attractive ap-
proach for generating N-body quality simulations in a frac-
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tion of the time. Generative adversarial networks (GANs,
Goodfellow et al., 2014) have been successful in modeling
complex data sets (Brock et al., 2018). A GAN is com-
prised of two neural networks which compete with each
other through an adversarial loss. The first network is the
generator, G(z⃗), which maps a random sample z⃗ from the
latent space prior to the data manifold. The second network
is the discriminator, D(x⃗), which learns to distinguish real
samples from those created by the generator. The networks
are adversarial in that the discriminator is trained to differ-
entiate between real and fake samples, while the generator
is trained to fool the discriminator.

GANs are exceptionally well suited for modeling systems
in which real samples are easy to collect but cannot be
analytically described. As such, they are ideally suited for
modeling the outputs of N-body simulations. Indeed, GANs
have already been used to generate weak lensing simulations
for cosmology. However, prior work has been limited to
either small flat sky patches (Mustafa et al., 2019; Perraudin
et al., 2021), or curved-sky patches within a fixed footprint
(Yiu et al., 2021).

This work presents a new technique for generating full-sky
weak lensing simulations of the projected matter density
(aka convergence) field. We first generate an approximate
convergence field using the lognormal model, a well-known
analytic approximation for the convergence field (Xavier
et al., 2016). We then use GANs to learn how to locally
redistribute mass in small patches to recover lensing maps
that are statistically indistinguishable from N-body simula-
tions. This approach has several unique advantages: 1) The
lognormal model encodes a significant amount of physical
information in the field, dramatically reducing the demands
on the generator and allowing us to impose a physically
motivated structure on the network; 2) Despite producing
full-sky maps, our network is trained exclusively on small-
scale patches, relying on the lognormal model to capture
large scale features adequately; 3) The latent space of the
model (i.e., the lognormal field) is interpretable; and 4) our
model can be used to extend current lognormal-based meth-
ods of map-based cosmological inference (Boruah et al.,
2022).
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2. Method
2.1. The Lognormal Model

To generate a full-sky lensing map, we first generate a map
using the log-normal model. Taruya et al. (2002) & Clerkin
et al. (2016) demonstrated that convergence maps from
numerical simulations can be adequately approximated as
lognormal on large scales. The lognormal convergence field,
κ⃗, can be expressed as

κi = eyi − λ, (1)

where y⃗ is a Gaussian random field and λ is known as the
“shift” parameter. The latter is fit to simulations. Given
the non-linear power spectrum of the convergence field
as a function of cosmology, we can readily compute the
corresponding correlation function ξκκ. This quantity is
related to the correlation function ξyy via

ξyy = ln

(
ξκκ
λ2

+ 1

)
. (2)

To ensure the mean convergence is zero, the expectation
value of y is set to ⟨y⟩ = lnλ− 1

2ξyy(0). These equations
provide a complete statistical description of the model. To
generate a lognormal field, we evaluate the power spectrum
Cyy

l of the y-field. We then randomly draw the amplitude
and phases of y, and apply the non-linear transformation in
equation 1 to arrive at a lognormal random field. We refer
the reader to Xavier et al. (2016) for further details.

2.2. Generative Adversarial Network Implementation

We use GANs to learn how to modify lognormal maps such
that they become statistically indistinguishable from those
produced from numerical simulations. In a traditional GAN,
the latent space is typically a comparatively low dimensional
space with a Gaussian prior distribution, z ∼ N (⃗0, I). By
contrast, in our method, the latent space has the same dimen-
sionality as the output map from the generator. The latent
space prior is that the input map is a random draw from the
lognormal model. Because the lognormal model accurately
describes the convergence field on large scales, the action
of the generator G on the input map can be thought of as
a local mass redistribution, implying convolutional neural
networks (CNN) are particularly well suited to our problem.
The end result is that the demands on the generator are dras-
tically reduced relative to the standard approach despite the
high dimensionality of our latent space (≈ 3 × 106 for a
full-sky map at our default resolution).

Based on the above discussion, we choose a CNN as our gen-
erator. Standard CNNs can only operate on flat Euclidean
spaces. One option is to split the sphere into small patches,
which can be approximated as flat, apply a CNN, and then re-
combine the patches (Han et al., 2021). However, we chose

to implement CNNs directly on the surface of a sphere. Us-
ing the HEALPix pixelization of the sphere (Gorski et al.,
2005), we perform rotation equivariant convolutions using
the four nearest neighbors to each pixel. Rotation equiv-
ariance is desirable as the underlying physics should be
rotation equivariant. Previous work has also demonstrated
that rotation equivariant CNNs perform comparably or even
outperform anisotropic CNNs for field-level cosmological
parameter inference (Fluri et al., 2022; also see Dai & Seljak,
2022).

Because our method uses the lognormal model as a starting
point, we can impose strong inductive biases with a phys-
ically motivated network architecture resulting in highly
restricted networks with remarkably few parameters. The
discriminator and generator networks share identical archi-
tectures. We use a ResNet (He et al., 2015) architecture with
four residual blocks and 16 channels per convolutional filter.
Each network contains only 3290 trainable parameters. To
restrict the receptive field size of the networks, we do not in-
clude any down/upsampling layers. The results shown here
are obtained using a HEALPix resolution of Nside = 512,
corresponding to an angular resolution of 7 arcmin. The
receptive field size of each network is 1 deg2.

2.3. Network Training

Because the generator and discriminator only need to learn
small-scale physics, it is unnecessary to train the networks
on the full sky. Instead, we train the networks using small
3.5 × 3.5 deg2 patches. To ensure the generator is not
adversely affected by edge effects, the discriminator is re-
stricted to the inner 2.5×2.5 deg2 patch, ensuring all pixels
contributing to the discriminator include their full receptive
field within the training patch.

To avoid recomputing the pixel adjacencies at each patch on
the sky, we choose to train at a patch centered on the north
pole. We include patches in arbitrary positions in the sky
by rotating these patches onto the north pole at a resolution
of Nside = 2048. The patches are then downgraded to
Nside = 512. This procedure avoids introducing resolution
artifacts that become apparent when the rotation is done at
Nside = 512.

The networks are trained by optimizing the hinge loss (Lim
& Ye, 2017), given by:

L = max
G

min
D

Ex⃗∼Pdata
[min(0, D(x⃗)− 1)]

− Ez⃗∼Pprior
[min(0,−D(G(z⃗))− 1)]. (3)

The hinge loss is minimized relative to the discriminator pa-
rameters but maximized relative to the generator parameters,
where the optimal point in parameter space is a saddle point.
Because the generator’s goal is to learn small perturbations
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to the lognormal model, we include an L1 identity loss term
that limits the deviation of the generator mapping from the
identity function,

Lidentity = Eκ∼Pprior [|κ⃗−G(κ⃗)|1] . (4)

In addition, we enforce that the generator acts as a local
mass redistribution by including an L2 penalty term on the
difference between the average convergence of the input and
output fields.

Llocal = Eκ∼Pprior

( 1

N

∑
i

(κi −G(κ⃗)i)

)2
 . (5)

Here, the sum is over N pixels in a test patch with the same
size as the receptive field of the networks. The total loss
is Ltot = L − Lidentity − Llocal. The “minus” appears
because the loss is maximized with respect to the generator
parameters.

Because GANs are challenging to train, much effort has
gone into developing methods for improving the training
stability (Gulrajani et al., 2017; Mescheder et al., 2018;
Miyato et al., 2018). We follow Heusel et al. (2017) in
training the discriminator with a higher learning rate than
the generator but do not otherwise apply any other such
regularization schemes. In particular, we have found that
the small size of our networks combined with the Lidentity

and Llocal penalties successfully stabilize the training.

To train our GAN, we use a set of 80 out of 108 full-sky
weak lensing simulations generated for the HSC survey
(Takahashi et al., 2017). The remaining 28 simulations
are saved for testing. All simulations are generated using
N-body simulations with a flat ΛCDM cosmology consis-
tent with WMAP. We use the simulations to construct 80
convergence maps of Nside = 512 assuming survey prop-
erties (specifically the source redshift distribution dn/dz)
consistent with those of the DES Y1 data set (Hoyle et al.,
2018). Each simulation is then split into 3072 3.5×3.5 deg2

patches. The input to the generator is a corresponding set of
80 random full-sky lognormal maps drawn from the same
WMAP cosmology that went into the simulated data set,
each split into the same 3.5× 3.5 deg2 patches.

3. Results and Discussion
We define our final generator using an exponentially
weighted moving average of the model parameters with
a decay rate of 0.999. Once the GAN is trained, we use an
independent set of 28 lognormal random mocks that are to
be compared to the remaining 28 simulated maps. Figure
1 illustrates how we generate a sample. We first sample
unstructured white noise. The randomly chosen spherical
harmonic amplitudes are rescaled by the appropriate power

spectrum, and the lognormal transform is applied. Finally,
the GAN’s generator locally redistributes mass to produce
the output GAN sample. Figure 2 shows a comparison of a
GAN map and an N-body mass map over the full sky and in
two randomly selected 11.5 deg. by 11.5 deg. patches. We
generated this plot several times, randomly selecting a dif-
ferent GAN map and a different N-body map and randomly
deciding which map appeared in which hemisphere. We are
unable to distinguish between the two maps by eye.

To quantitatively test the performance of our GAN, we
compare the full-sky HSC mocks to the full-sky maps pro-
duced by our network across a variety of summary statistics,
namely the maps’: 1) power spectrum; 2) one-point func-
tion; 3) peak counts; and 4) void counts. We compute each
summary statistic’s average and standard deviation across
the 28 test mocks. Error bars are the sample variance, not
the error on the mean. The comparison between simulated
and GAN map statistics is shown in Figure 3. The agree-
ment across all the statistics we consider is remarkable. The
inverse-variance weighted RMS fluctuations between the
summary statistics of the simulated maps and the GAN
maps is 0.65%, 0.91%, 1.29%, and 2.42% for the power-
spectrum, one-point function, peak counts, and void counts,
respectively.

We have demonstrated that our model allows us to generate
high-quality full-sky weak lensing simulations quickly: one
such simulation at a resolution of 7 arcmin requires ∼ 10 sec
on a 32-core machine without GPU acceleration. Thus, a
single node can generate thousands of full-sky simulations
in less than a day, corresponding to just shy of a five order
of magnitude speedup over running N-body simulations.
This makes our tool ideal for generating large samples of
simulated lensing maps that can be used to characterize
the statistical properties of non-Gaussian summary statis-
tics. More importantly, a cosmology-dependent extension of
our model can be used to enable map-based inference tech-
niques. In particular, Fiedorowicz et al. (2022) & Boruah
et al. (2022) model the convergence field as a lognormal
random field to construct cosmology and convergence pos-
teriors. One can add our trained generator as an extra step
in the forward model to improve the quality and resolution
of the resulting posteriors.

Our current GAN is limited in two important ways: 1) it
does not allow for the generation of tomographic mass maps,
and 2) the GAN has been trained using only one cosmology.
We intend to address these deficiencies in future work to cap-
italize on our proposed method’s remarkable promise. Our
success will directly lead to fast, map-based cosmological
analyses of cosmic shear data, delivering on the tremendous
gains enabled by forward-modeling techniques (Porqueres
et al., 2021).
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Figure 1. Outline of how we generate a GAN sample. A white noise map is turned into a Gaussian random field of the appropriate power
spectrum. The lognormal transform is then applied. Finally, the GAN’s generator locally redistributes mass to arrive at the final map.

Figure 2. Comparison of a convergence map produced using our GAN (northern hemisphere) and an N-body simulation (southern
hemisphere). The corner patches are 11.5 deg. by 11.5 deg. zoom-ins on random patches in each hemisphere.

Figure 3. The mean of the multiple summary statistics across the test lognormal/GAN/N-body maps, as labeled. The bands in the lower
panel show the variance in each statistic relative to the mean of the simulations. Black dashed lines corresponds to ±1% differences.
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