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The shear-to-cosmology paradigm
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ABSTRACT

Context. Precise cosmological inference from next-generation weak-lensing surveys requires non-Gaussian information beyond two-
point statistics, while conventional field-level analyses based on convergence reconstruction can introduce additional systematics.
Aims. This work aims to develop a scalable and robust framework that directly maps shear fields to cosmological parameters, ex-
ploiting non-Gaussian information while avoiding convergence reconstruction to improve constraints from stage-IV weak-lensing
surveys.
Methods. We propose a hybrid machine-learning (ML) framework that combines field-level inference (FLI) with simulation-based
inference (SBI). The FLI network performs field-level compression by extracting informative, non-Gaussian features directly from
shear field, which are then passed to SBI to model complex posteriors. To mitigate noise from intrinsic galaxy shapes, we further
developed a blind, training-free, PCA-based shear denoising method.
Results. Using CSST-like mock catalogs, we show that shear-based inference achieves an approximately twofold improvement in
FoM over convergence-based approaches. Furthermore, within the shear-based framework, the combination of PCA denoising and
ML compression yields a 36.4% FoM improvement relative to standard two-point statistics.
Conclusions. This work establishes a scalable framework for shear-based cosmological inference that unlocks field-level non-
Gaussian information and significantly improves constraints for stage-IV weak-lensing surveys.
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1. Introduction

Weak lensing (WL) is a powerful probe in modern cosmol-
ogy. According to general relativity, light rays are deflected
when passing through inhomogeneous matter distributions, lead-
ing to subtle distortions in the observed shapes of back-
ground galaxies. By statistically analyzing the shape distor-
tions of millions of galaxies, one can directly map the large-
scale distribution of total matter, including both dark mat-
ter and baryons, across the cosmic web. This makes WL
an essential tool for constraining cosmological parameters,
testing theories of gravity, and investigating the nature of
dark energy (Kilbinger 2015; Mandelbaum 2018; Meneghetti
2022). In addition, WL-based dark-matter (DM) reconstruc-
tion techniques (Massey et al. 2007; Van Waerbeke et al. 2013;
Shan et al. 2014; Oguri et al. 2018) and DM halo identification
methods (Hoekstra et al. 2004; Tang & Fan 2005; Shan et al.
2012) have played a key role in tracing the growth and spatial
distribution of large-scale structures (LSSs) in the Universe.

Over the past decade, stage-III WL surveys such as
DES (Dark Energy Survey Collaboration et al. 2016), KiDS,
and HSC (Aihara et al. 2018) have mapped thousands of
square degrees of the sky with dedicated pipelines and
achieved 1% control of systematics, establishing a solid
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foundation for precision cosmology. Building on these ad-
vances, ongoing and upcoming stage-IV surveys, including
the China Space Station Survey Telescope (CSST; Yao et al.
2024; CSST Collaboration et al. 2026; Gong et al. 2025), Eu-
clid (Euclid Collaboration et al. 2025), LSST (Ivezić et al.
2019), and the Roman Space Telescope (Spergel et al. 2015) will
expand sky coverage to tens of thousands of square degrees and
deliver substantially improved measurement precision, enabling
unprecedented tests of dark energy, gravity, and structure forma-
tion.

Traditionally, cosmological inference has relied
on two-point statistics within a Bayesian frame-
work (Planck Collaboration et al. 2020; Leclercq & Heavens
2021; Padilla et al. 2021; Taylor & Markovič 2022). However,
several challenges become increasingly severe as data quality
improves. Achieving stage-IV accuracy in modeling WL
observables is a particularly demanding task due to nonlinear
gravitational evolution, baryonic effects, and complex observa-
tional systematics, including PSF modeling, survey geometry,
photometric redshift uncertainties, and intrinsic alignments (Hu
1999; Schneider et al. 2002; Bernstein 2009; Schrabback et al.
2010; Benjamin et al. 2013; Yao et al. 2023).

In addition, late-time cosmic fields are highly non-
Gaussian, such that two-point statistics capture only a lim-
ited fraction of the available information. While higher or-
der statistics, such as peak counts, Minkowski functionals,
and wavelet moments (Dietrich & Hartlap 2010; Shan et al.
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2018; Kratochvil et al. 2012; Petri et al. 2013; Cheng et al. 2020,
2025) are more sensitive to nonlinear structures, only a limited
subset admit theoretical models that remain sufficiently accurate
for cosmological inference in the presence of nonlinear evolu-
tion, baryonic uncertainties, and realistic observational system-
atics. This limitation significantly restricts their applicability in
precision cosmology.

These challenges have motivated a shift toward field-level in-
ference (FLI; Leclercq 2025), which operates directly on high-
dimensional cosmic fields rather than compressed summary
statistics. By working with the full fields, FLI naturally pre-
serves non-Gaussian information and avoids reliance on ap-
proximate analytic descriptions of nonlinear structure. Instead,
it leverages explicit forward modeling to simulate cosmologi-
cal fields and observational effects, including survey masking,
noise, and instrumental systematics, thereby providing a flexible
and self-consistent framework for handling complex data mod-
els (Leclercq & Heavens 2021; Stopyra et al. 2024). However,
these traditional FLI approaches, while statistically optimal in
principle, face several practical limitations. Most notably, they
operate in an extremely high-dimensional space, as the latent
field typically contains millions of degrees of freedom, making
posterior exploration computationally expensive and technically
challenging. This high dimensionality places strong demands on
sampling algorithms and often leads to scalability issues. In ad-
dition, traditional FLI relies on accurate and differentiable for-
ward models that must capture nonlinear gravitational evolution
and observational systematics; any mismatch or modeling inac-
curacy can introduce biases in the inferred parameters.

Machine-learning (ML) techniques are increasingly applied
in cosmological data processing and analysis (Dieleman et al.
2015; Petrillo et al. 2017; Schawinski et al. 2017; Zhang et al.
2024; Liu et al. 2025; Wu et al. 2025; Zhong et al. 2025). In cos-
mological FLI, ML can learn the complex nonlinear mapping
between cosmological parameters and high-dimensional fields
directly from simulations, greatly reducing the computational
cost of traditional FLI (Fluri et al. 2019; Hortúa et al. 2020;
Min et al. 2024). Furthermore, building on the ML-driven frame-
work, simulation-based inference (SBI) offers a likelihood-free
approach that learns the full posterior distribution of cosmologi-
cal parameters from simulated observables (Cranmer et al. 2020;
Lemos et al. 2023; Su et al. 2025; Zeghal et al. 2025). By lever-
aging the forward model, SBI naturally incorporates nonlinear
evolution and observational systematics, overcoming the limi-
tations of Gaussian-likelihood assumptions and the inefficiency
of MCMC sampling in high-dimensional spaces. Consequently,
ML-driven SBI has emerged as a scalable and accurate method-
ology for extracting cosmological information from Stage-IV
WL surveys.

In WL cosmology, previous studies have primarily extracted
cosmological information from the convergence field (Petri et al.
2013; Shan et al. 2018; Fluri et al. 2022; Lu et al. 2023)
by analyzing its morphology, topology, and peak statis-
tics (Liu & Haiman 2016). However, the convergence field is not
directly observable and must be reconstructed from the measured
shear, a process sensitive to the reconstruction algorithm and
often degraded by complex survey masks. Additionally, shear
measurements involve multiple calibration and correction steps
that can introduce systematic uncertainties propagating into the
convergence field. To mitigate these effects, this work applies
FLI directly to shear fields, while also comparing results with
convergence-based inference.

In shear measurements, the dominant noise arises from the
intrinsic shapes of galaxies. While intrinsic alignments (IA) in-

duce correlations, these are largely confined to galaxies within
the same redshift slice. As a result, the shear signal varies
smoothly with redshift, whereas shape noise exhibits stochas-
tic, non-smooth fluctuations. To exploit this property, we per-
form principal component analysis (PCA) on noisy shear maps
across multiple redshift slices: the smooth, coherent components
capture the underlying shear signal, while the rapidly fluctuat-
ing components correspond to random shape noise. This denois-
ing procedure requires no explicit modeling, analogous to the
blind-analysis methods commonly used in 21 cm intensity map-
ping (Alonso et al. 2015).

In this work, we developed a shear-to-cosmology frame-
work, enabling more direct, information-efficient, and statisti-
cally optimal use of the data, particularly in the presence of
complex survey geometries. Section 2 presents the method-
ological framework, including the FLI network and SBI strat-
egy. Section 3 describes the mock pipeline for generating shear
fields. Section 4 details shear denoising and convergence recon-
struction. Section 5 presents the inference results, comparing
shear- and convergence-based estimates and demonstrating the
improvements from PCA denoising. Section 6 summarizes the
main findings.

2. Methodology

The hybrid inference framework, illustrated in Fig. 1, consists
of two main components: (1) an FLI network (inside the dashed
box), trained to map WL shear fields to cosmological parameters
to generate informative feature representations; (2) an SBI mod-
ule (outside the dashed box) that estimates posteriors from sum-
mary statistics, using either conventional shear two-point corre-
lation functions (2PCFs) or ML-derived features.

2.1. Field-level inference network

Field-level inference refers to statistical methods that extract
physical fields and cosmological parameters directly from ob-
served data, with the likelihood defined over the entire dis-
cretized field and without compressing the map-level informa-
tion. A neural network can be considered a realization of FLI;
it can encode latent representations while still enabling a near-
direct mapping from the physical fields to cosmological param-
eters.

2.1.1. Input data

As shown in Fig. 1, the input sample is a six-dimensional shear
field, including the four sky blocks across 16 photo-z slices. Its
shape is (B, Nγ, Nz, Nblk, H, W) = (B, 2, 16, 4, 64, 64), where
B is the batch size, Nγ the shear components, Nz the photo-
z slices, Nblk the input sky blocks within each sky group, and
(H,W) the spatial map size. Along the redshift direction, the
16 photo-z slices are produced by the denoising procedure (see
Sect. 4.1), starting from the four photo-z bins of the CSST-
like lensing sample (see Sect. 3.3) and covering the 0 < z < 4
range. From the sky-region perspective, each input sky block
(6.4 × 6.4 deg2) is constructed using two data-augmentation op-
erations applied to the original 12.8 × 12.8 deg2 sky blocks with
a resolution of 0.1 deg/pixel (see Fig. 5). The first operation is
random cropping, which increases the spatial diversity of the
training samples by a factor of 642. The second is random mask-
ing, where multiple circular masks with varying radii, allowed
to overlap, are applied to mimic realistic survey masks (as il-
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Fig. 1: Schematic overview of the proposed framework, consisting of: 1. a field-level inference (FLI) network (inside the dashed
box) and 2. a simulation-based inference (SBI) module (outside the dashed box). The field-level shear input is a six-dimensional
tensor with a shape of (B, Nγ, Nz, Nblk, H, W) = (B, 2, 16, 4, 64, 64), where B is the batch size, Nγ the shear components, Nz the
number of photo-z slices, Nblk the number of blocks in each sky group (see Fig. 5), and (H,W) the spatial map size. The FLI network
comprises four components: (a) a redshift-direction embedding layer, (b) a γ1 & γ2 merging layer, (c) transformer (TransF)-based
encoders, and (d) fully connected inference layers to predict (Ωm, σ8). The gray boxes show the change of data shapes in the network
pipeline. In parallel, SBI is applied either to the ML-derived feature representation (dashed red box) or to conventional two-point
statistics (2PCF). The same FLI network structure was applied to a convergence map (κ) by duplicating it to form a two-component
input (κ, κ).

lustrated in Fig. 2). For convergence-based inference, the cor-
responding convergence maps are subsequently reconstructed
from the prepared shear fields using the KS algorithm (Sect. 4.2).
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Fig. 2: Preparation of an input sky block for training the FLI
network. At a resolution of 0.1 deg/pixel, based on the origi-
nal 12.8×12.8 deg2 blocks, we generated 6.4×6.4 deg2 inputs via
two augmentations: (1) random cropping (boosting spatial diver-
sity by 642) and (2) random masking with overlapping circular
masks to mimic survey masks. The corresponding convergence
field can then be reconstructed from the prepared shear using the
KS algorithm.

2.1.2. Network structure

The proposed FLI network (dashed box in Fig. 1) is composed
of the following four key components that collaboratively extract
cosmological information directly from the WL shear fields:

a) Redshift-direction embedding layer: The 3D convolu-
tional layers with kernels elongated along the redshift axis cap-
ture the shear evolution across photo-z slices.

b) γ1 & γ2 merging layer: A transformer block utilizing the
multi-head attention mechanism is employed to integrate the two
shear components.

c) Transformer-based encoders: Unlike conventional convo-
lutional encoders, the transformer (TransF)-based layer cap-
tures both local and global dependencies, naturally integrating
multi-scale information across redshift slices and sky positions,
thereby producing a more informative latent space for cosmo-
logical inference.

d) Inference layers: For each cosmological parameter, the in-
ference layer consists of two fully connected layers predicting
the posterior mean and log-variance. The layers are intentionally
kept shallow to facilitate the subsequent SBI in decoding the la-
tent vectors.

Together, these layers enable a direct and flexible mapping
from observed shear fields to cosmological parameters.

To assess the impact of convergence reconstruction on cos-
mological inference, we apply the shear-based FLI network to
convergence data. Since the network expects two-component in-
puts, we duplicate the convergence map to form a compatible
two-component input (κ, κ). This setup enables a direct compari-
son between shear- and convergence-based inputs while keeping
the network architecture and training procedure identical, isolat-
ing the effect of input type on inference performance and pro-
viding insight into the information loss in reconstructed conver-
gence maps relative to the original shear maps.
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2.1.3. Loss function

Loss function plays a central role in guiding the learning of com-
pression statistics in neural networks and fundamentally deter-
mines the type and structure of the information extracted by
the model. Alsing & Wandelt (2018) discusses theoretical ap-
proaches to optimal data compression, which, in principle, are
capable of preserving the full Fisher information content of the
data. However, in practical cosmological data analysis, such op-
timal compression schemes often require more computational
resources, thereby increasing the training time of the network.
Lanzieri et al. (2025) has shown that different loss function for-
mulations implicitly constrain the types of features learned by
the network. For instance, a regression-based objective using
mean squared error (MSE) encourages the network to learn
the conditional mean of the parameters, but does not guaran-
tee that the learned representation is a sufficient statistic for
non-Gaussian posteriors. By further introducing a regularization
term, such as the Kullback–Leibler (KL) divergence, the latent
representation can be constrained to approximate a prescribed
prior distribution, thereby improving the structure and general-
ization of the latent space and mitigating overfitting to some ex-
tent.

Motivated by this, the proposed FLI network was designed to
directly model the posteriors of the cosmological parameters by
predicting the means, µi; log-variances, logσ2

i ; and parameter
samples, θi obtained via the reparameterization trick. We then
adopted a joint loss function that combines a mean squared error
(MSE) term with a KL divergence term, defined as

Ltot =

Nθ∑
i=1


(
θi − θ̂i

)2︸    ︷︷    ︸
LMSE

+
β

2

(
µ2

i + σ2
i − logσ2

i − 1
)

︸                          ︷︷                          ︸
LKL

 , (1)

where θ̂i denotes the ground-truth cosmological parameters, and
Nθ is the dimensionality of the target parameter space.

During the training process, the validation set is strictly ex-
cluded from all parameter updates. It is used solely to monitor
the loss and automatically adjust the learning rate when the val-
idation loss plateaus or worsens. Consequently, the evolution of
the validation loss provides a direct indication of the model’s
performance and training progress. Notably, to evaluate both the
shear-based and convergence-based datasets, we employed the
same network architecture as mentioned in Sect. 2.1.

2.2. Simulation-based inference

Simulation-based inference (SBI) is a Bayesian framework for
parameter estimation when the likelihood is intractable but for-
ward simulations are available. It trains neural density estima-
tors (NDE) on simulated parameter–observation pairs to ap-
proximate the posterior. The workflow typically first compresses
the forward-modeling maps or summary statistics into a low-
dimensional feature space using a neural network and then trains
a conditional density model, often a normalizing flow, to re-
late these features to the target parameters. Once trained, the
model provides an amortized posterior estimator applicable to
any (mock) observation for efficient inference.

We used the sbi1 package (Tejero-Cantero et al. 2020;
Boelts et al. 2025) and adopted neural posterior estimation
(NPE; Papamakarios & Murray 2016), specifically the NPE-C

1 https://sbi-dev.github.io/sbi

(SNPE-C) variant. The goal of NPE is to directly learn an ap-
proximation of the posterior distribution p(θ | x) from a set of
simulated parameter–data pairs (θ, x). This is achieved by train-
ing a conditional NDE qφ(θ | x) to model the distribution of pa-
rameters conditioned on observations. The posterior is modeled
with a conditional normalizing flow implemented as a neural
spline flow (NSF), which provides a flexible parameterization
of complex posterior distributions. The training relies solely on
samples (θ, x) ∼ p(θ, x), which were obtained by first draw-
ing parameters from the prior and then generating corresponding
simulations through the forward model.

The network parameters, φ, were optimized by maximizing
the conditional likelihood of the simulated parameters given the
data; this is equivalent to minimizing the expected negative log-
likelihood over the joint distribution. This objective can be inter-
preted as minimizing the expected Kullback–Leibler divergence,
DKL between the true posterior p(θ | x), and its neural approx-
imation qφ(θ | x), ensuring that the learned model provides an
accurate approximation of the posterior for all simulated pairs.
The DKL is non-negative and vanishes if, and only if, the two
distributions are identical, which leads to the loss function

L(φ) = −Ep(θ,x)

[
log qφ(θ | x)

]
. (2)

In this paper, from the perspective of SBI, the FLI module
(Fig. 1) can be interpreted as a data-compression process that en-
codes the full WL shear field into low-dimensional but fully in-
formative summary statistics. Another popular summary statistic
for the shear field is the shear–shear correlations. In the follow-
ing sections, we compare the constraining power of these two
types of summary statistics and demonstrate the significant im-
provements achieved through ML-based compression.

2.2.1. Summary statistics: ML-derived feature
representations

As illustrated in Fig. 1, the neural network compresses each
shear map into a 128-dimensional feature representation, de-
noted as xML. The extracted features depend on both the network
architecture and the training strategy. Guided by the design of the
loss function, the neural compressor is trained to produce infor-
mative summary statistics for cosmological parameter inference.
Although this objective does not formally guarantee sufficient
statistics, it has been shown in practice to retain a substantial
fraction of the cosmological information relevant for parame-
ter estimation. For the convergence-based network, we adopted
the same architecture as in the shear case but trained it indepen-
dently, enabling the network to transform each convergence map
into a representation of the same length (128).

2.2.2. Summary statistics: Shear 2PCFs

In the traditional statistics of cross-z 2PCFs, the shear data orig-
inally consist of 16 photo-z slices. To reduce the computational
cost, adjacent slices are averaged to produce eight z-slices, re-
sulting in 36 distinct pairs. For each pair (a, b), the correlation
functions are defined as

ξ(a,b)
+ (ϑ) =

〈
γa

t γ
b
t

〉
(ϑ) +

〈
γa
× γ

b
×

〉
(ϑ), (3)

ξ(a,b)
− (ϑ) =

〈
γa

t γ
b
t

〉
(ϑ) −

〈
γa
× γ

b
×

〉
(ϑ), (4)

where γt and γ× denote the tangential and cross-components of
the shear, respectively. Based on the TreeCorr2 (Jarvis et al.
2 https://rmjarvis.github.io/TreeCorr
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2004; Jarvis 2015) library, the measurements were performed
over angular scales in the range ϑmin = 6 to ϑmax = 120, sam-
pled at Nϑ = 5 logarithmically spaced points. To combine the
information from all z-slice pairs, we first stacked the ξ+ and ξ−
measurements across different pairs,

ξ̂+ = stack( ξp1
+ , ξ

p2
+ , · · · , ξ

p36
+ ), (5)

ξ̂− = stack( ξp1
− , ξ

p2
− , · · · , ξ

p36
− ), (6)

and subsequently concatenated the two to construct the summary
statistics, ξ̂+− = stack(ξ̂+, ξ̂−) with a length of 360. Although
the traditional statistics (ξ̂+−) involve larger data volumes than
ML-derived features, subsequent SBI results show that the latter
capture richer cosmological information and yield tighter param-
eter constraints.

3. Mock pipeline

3.1. N-body simulation

To generate weak-lensing maps for training and validation,
we used the publicly available COSMOGRIDV13 simulation
suite (Kacprzak et al. 2023; Fluri et al. 2022), which provides a
diverse set of cosmologies suitable for stage-IV lensing survey
conditions. The mock catalogs were constructed to match the
typical redshift distribution and galaxy number density expected
in forthcoming wide-field lensing surveys (e.g., CSST, Euclid,
and Roman).

COSMOGRIDV1 consists of 2,500 wCDM cosmologies span-
ning Ωm, σ8,w0, ns,Ωb, h0, assuming three degenerate massive
neutrinos with a fixed total mass of

∑
mν = 0.06 eV. For

each cosmology, seven realizations with different initial con-
ditions were produced. The full suite includes cosmologies
drawn from both wide- and narrow-grid priors. In this work,
we only used the “run0” realization of 1,260 cosmologies sam-
pled from the narrow-grid prior spanning the parameter ranges
Ωm ∈ [0.15, 0.45], σ8 ∈ [0.5, 1.3], w0 ∈ [−1.25,−0.75], ns ∈

[0.93, 1.00], Ωb ∈ [0.04, 0.05], and h0 ∈ [0.65, 0.75]. Based on
estimates from two-point statistics (∂C`/∂θ(`), (Yao et al. 2024),
the four parameters of (ns, h0,w0,Ωb) highly depend on angular
sensitivity across more than two orders of angular scales, which
is limited by our “6 arcmin" small-scale cut due to the simula-
tion limit. Therefore, as a proof of methodology, we focused on
(Ωm, σ8) to represent the cosmological constraining power in
this work.

Based on the DM simulation snapshots, COSMOGRIDV1 also
provides projected full-sky DM light-cone shells covering the
redshift range 0 < z < 4, stored in HEALPix format with reso-
lutions of Nside = 512 or 1024. Owing to computational limi-
tations, we used the Nside = 512 shells as the basis for the ray-
tracing procedure to generate the weak-lensing signals in this
work.

3.2. Ray tracing

Utilizing the ∼ 68 redshift shells provided in the COSMOGRIDV1
data covering the redshift interval of z ∈ [0, 4], we employed
the full-sky ray-tracing algorithm DORIAN4 (Ferlito et al. 2024)
to generate WL shear signals at the following 23 redshifts: z ∈
{0.20, 0.30, 0.40, 0.50, 0.60, 0.70, 0.80, 0.90, 1.00, 1.10, 1.20,

3 http://www.cosmogrid.ai
4 https://gitlab.mpcdf.mpg.de/fferlito/dorian

1.30, 1.40, 1.50, 1.60, 1.70, 1.80, 2.00, 2.20, 2.40, 2.80, 3.20,
3.60}.

Notably, the simulation time steps are not fully synchronized
across different cosmologies, leading to discrepancies in the red-
shift sampling of the DM light-cone shells, especially at high
redshifts. Such inconsistencies can introduce systematic errors
and spurious features into the machine-learning dataset. To ad-
dress this, we adopted a coarser redshift sampling for the shear
fields in the high-redshift regime, which both mitigates poten-
tial systematics and better matches the expected galaxy distribu-
tions in WL surveys, while substantially reducing computational
costs.

Fig. 3: CSST-like photo-z distribution. The red curve shows
the photo-z distribution with photo-z uncertainties of σ(z) =
σz(1 + z), σz = 0.05. Using this z-dependent kernel, the true-z
distribution (marked curve) was obtained by deconvolution. A
mock true-z galaxy catalog was generated assuming a galaxy
number density of 26 gal/arcmin2 and intrinsic shape noise of
σe = 0.288. Incorporating photo-z uncertainties, the mock
photo-z catalog was then constructed. To enhance the S/N of the
WL signal, the photo-z catalog was divided into 4 z-bins, each
shown in a different color with its corresponding galaxy number
density.

3.3. Survey setup

To validate the hybrid framework under realistic conditions,
we employed mock photo-z galaxy catalogs with specifica-
tions comparable to high-precision surveys such as CSST. These
mocks include galaxy shape noise and irregular survey masking
to emulate the observational conditions expected in large-scale
weak-lensing programs.

Weak-lensing shear measurements rely on accurately deter-
mined galaxy ellipticities. In theory, the observed ellipticity (ε)
of a galaxy can be approximated as a linear combination of its
intrinsic ellipticity (εs) and the lensing shear (γ), given by

ε =
εs + γ

1 + εsγ∗
, (7)

where γ = γ1 + γ2 i, εs = εs
1 + εs

2 i, and " i " denotes the imag-
inary unit. It is assumed that the two components of εs fol-
low a Gaussian distribution with standard deviation of σe =
0.288, which is consistent with the value adopted in the KiDS
survey (Hildebrandt et al. 2020; Blake et al. 2020). Ideally, the
ensemble average of galaxy ellipticities can provide an unbi-
ased shear estimator, with 〈εs〉 = 0 and γ = 〈ε〉. In practice,
however, the accuracy is limited by the finite surface density
of usable source galaxies: insufficient samples leave residual
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contributions from intrinsic shapes, introducing galaxy shape
noise into the WL signal. The third-generation surveys typi-
cally achieve galaxy number densities of approximately 10–20
gal/arcmin2, whereas upcoming or ongoing fourth-generation
surveys are expected to reach densities as high as about 30
gal/arcmin2. China Space Station Survey Telescope (CSST) is
a stage-IV space-based observatory for wide-field photometric
imaging and slitless spectroscopy, targeting a sky coverage of
17,500 deg2 (Cao et al. 2018; Gong et al. 2019; Zhan 2021). Its
upcoming WL survey is expected to achieve a galaxy number
density of ∼26 gal/arcmin2 (Gong et al. 2019; Liu et al. 2024).

Cropping shear maps from full-sky HEALPix maps at differ-
ent redshifts yields a series of pure multi-redshift shear maps. To
generate the mock WL catalog, galaxies are placed at the cen-
ters of the corresponding mesh pixels, ignoring their finer spatial
distribution within each pixel. Based on the photometric-redshift
(photo-z) distribution of CSST lensing samples (Yao et al. 2024),
a CSST-like catalog can then be generated through the steps
listed below.

(1) We adopted the photo-z distribution of CSST lensing
galaxies (red curve in Fig. 3), assuming a photo-z uncertainty
parameterized as σ(z) = σz(1 + z), with σz = 0.05 (Cao et al.
2018). The corresponding true-z distribution is then recovered
through a deconvolution procedure.

(2) Using the recovered true-z distribution (black curve
in Fig. 3) and an assumed galaxy number density of
26 gal/arcmin2, we generated a mock sample of galaxies with
redshifts drawn accordingly.

(3) Finally, by assigning shear signals from simulated shear
fields at multiple redshifts (blue squares in Fig. 3) and incorpo-
rating intrinsic shape noise with a dispersion of σe = 0.288, we
constructed the CSST-like photo-z galaxy catalog.

As a preliminary investigation within the shear-to-
cosmology framework, this work focuses solely on extracting
cosmological information in the presence of galaxy shape
noise and photo-z uncertainties, deferring the inclusion of
PSF effects, shear measurement biases, mean redshift biases,
intrinsic alignments (IAs), baryonic feedback, reduced shear,
source clustering, magnification, and other systematics to future
studies using larger simulation sets.

4. Data preprocessing

The goal of employing FLI is to maximally extract the non-
Gaussian information encoded in the data. However, conven-
tional smoothing operations inevitably suppress such features,
thereby motivating the development of denoising techniques tai-
lored for FLI. These methods aim to reduce noise while preserv-
ing the essential non-Gaussian structures of the field.

From an information-theoretic perspective, denoising does
not introduce additional cosmological information into the data.
Instead, it facilitates more efficient information extraction by im-
proving the pixel-level signal-to-noise (S/N) ratio. In practice,
ML models operate under a trade-off between effective infor-
mation extraction and the control of overfitting, where limited
data and finite model capacity can hinder the full utilization of
the available information. By enhancing the S/N ratio, denoised
data enable models to more reliably capture the underlying cos-
mological signal, thereby improving the fidelity and constraining
power of field-level inference.

Several ML-based denoising approaches, such as GAN-
based models (Shirasaki et al. 2021) and diffusion mod-
els (Aoyama et al. 2026), have been applied to WL mass maps.
In contrast, leveraging the distinct statistical properties of WL

signals and shape noise, we aim to develop a blind, training-free
denoising technique that does not rely on any learned model.
This approach constitutes a key methodological component of
this work.

4.1. Shear denoising

Weak-lensing signals are strongly redshift-dependent, whereas
shape noise is largely uncorrelated with redshift. This motivated
the use of a PCA algorithm along the redshift direction to sepa-
rate signal from noise. However, the global nature of PCA causes
high S/N modes from high-redshift bins to leak into lower-
redshift bins when wide redshift bins are used, diluting the true
redshift evolution. To mitigate this, we performed a PCA inde-
pendently within narrower redshift intervals, limiting cross-bin
signal mixing. This requires subdividing galaxies within each
photo-z bin, enabling the denoising procedure to better preserve
the redshift-dependent structure of the shear signal. Hence, the
entire mock galaxy catalog over the entire photo-z range is di-
vided into four photo-z bins, as shown in Fig. 3. Considering
both the photo-z distribution of CSST galaxies and the charac-
teristic decline of WL strength at lower redshifts, the number
of galaxies in the low photo-z bins is appropriately increased to
boost the WL signal in those bins.

1 group (4 blocks)

Training Set :       22 groups
Validation Set :     1 group
Test Set :                4 groups

Fig. 5: Illustration of sky-region partitioning into training, val-
idation, and test sets. For each cosmology, the dataset contains
108 sky blocks, grouped in fours within the same declination
region. Groups enclosed by red, blue, and white dashed boxes
indicate the training, test, and validation sets, respectively, with
no overlapping sky regions. Each block is a 128×128 mesh span-
ning 12.8 × 12.8 deg2 and is randomly cropped to 6.4 × 6.4 deg2

before input to the neural network. Each group of cropped blocks
forms a sample, covering 163.84 deg2.

-0.04 -0.03 -0.02 -0.01 0.00 0.01 0.02 0.03 0.04
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(Avg)
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@

(a) Subdivision (b) Multi-Smoothing (c) Denoising (d) Redshift Reduction

Fig. 4: Pipeline of shear measurement in each photo-z bin including four steps to enhance the shear signal quality. When PCA
processing is applied, the denoised shear field is denoted as γPCA; otherwise, the resulting field is denoted as γAvg.

Fig. 6: Visualization of shear denoising. The bottom panels show
shear fields from the pipeline in Fig. 4 including PCA denois-
ing (γPCA), while the middle panels show shear fields from the
pipeline without PCA (γAvg). The top panels display the cor-
responding pure shear signals after the same multi-smoothing
operation (γpure). In each panel, the horizontal axis corresponds
to declination and the vertical axis to redshift. As shown in the
figure, PCA denoising clearly preserves more reliable redshift
structures, which provide the key information for our inference
framework.

For each sky block in Fig. 5, the shear data can be obtained
through the following steps (illustrated in Fig. 4), incorporating
analytical operations to suppress noise and enhance the shear
signal quality.

(a) Subdivision: To ensure statistical stability, each subset
must contain a sufficient number of galaxies (typically 20–40
per pixel), given the finite sample size within each photo-z bin.
At the same time, the number of subsets determines the num-
ber of effective PCA modes; using too few subsets reduces the
decomposition capacity and limits the ability to separate sig-
nal from noise. We therefore adopted eight subsets as a prag-
matic compromise between these competing requirements. Ac-
cordingly, within each photo-z bin and sky block, we divided
galaxies into eight subsets by their photo-z values and then com-
puted noisy shear maps (γns) by averaging the ellipticities per
subset, expressed as γns = 〈ε〉. Notably, we adopt the simplified
precondition here that all galaxies reside entirely within pixel
boundaries, neglecting the complexities associated with those in-
tersecting pixel edges.

(b) Multi-smoothing: To improve PCA decomposition by en-
hancing the S/N ratio via high-frequency noise suppression, we
smooth the noisy shear map in each subset using a set of Gaus-
sian kernels,

γsm(θ) =
[
γns ⊗ G

]
(θ) (8)


 γ̃sm(`) = G̃(`) · γ̃ns(`),

where the Gaussian kernel in Fourier space is given by

G̃(`) B exp(−
|`|2

2σ̃2
sm

). (9)

We adopted a set of smoothing scales in Fourier space, σ̃sm =
[10, 20, 40] pixel−1, which correspond to Gaussian kernel

widths in real space of σsm = [1.00, 0.50, 0.25] deg, respec-
tively. Intuitively, feeding multiple independently smoothed re-
sults into a neural network preserves multi-scale, non-Gaussian
features. Although increased smoothing improves the S/N ratio,
it reduces local complexity, making overfitting more likely. Av-
eraging multiple smoothed results may offer a balance between
information retention and overfitting prevention, expressed as

γMsm(θ) =
1

Nsm

Nsm∑
n=1

γsm(θ). (10)

(c) Denoising: Conventional denoising algorithms (such as
smoothing and Wiener-filter) normally down-weight the high-`
modes at map level, while ignoring the fact that shear signals are
correlated along the redshift direction and shape noises are not.
Based on the resulting γMsm from eight subsets, one can further
suppress the noise level via the denoising algorithm PCA:
γPCA

(1)
γPCA

(2)
· · ·

γPCA
(8)

 = PCA (


γMsm

(1)
γMsm

(2)
· · ·

γMsm
(8)

). (11)

Based on the PCA decomposition, the input shear data were sepa-
rated into eight orthogonal modes. We only retained the first two
smooth principal components for shear reconstruction, since the
true shear field varies smoothly with redshift, whereas the shape
noise manifests as random fluctuations.

(d) Redshift reduction: Combining the outputs from the four
photo-z bins yields a four-dimensional shear dataset (Nγ = 2,
Nz = 32, H, W), where Nγ and Nz denote the two shear com-
ponents and the redshift dimension after denoising, respectively.
To reduce its data size for ML or statistical analyses, every two
consecutive redshift layers are averaged, resulting in (Nγ = 2,
Nz = 16, H, W). The processed data are denoted as γPCA when
PCA is applied and γAvg otherwise.

At present, a systematic sensitivity analysis of these de-
sign choices (e.g., the number of subsets and the smoothing
scale) is still lacking. Nevertheless, empirical results suggest
that the method remains robust to moderate variations, provided
the parameters stay within physically and statistically motivated
ranges. In practice, the number of subsets is governed by a trade-
off between ensuring sufficient galaxy counts per subset and re-
taining enough degrees of freedom for effective PCA decom-
position, while the smoothing scale reflects a balance between
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noise suppression and the preservation of small-scale structures.
As long as these considerations are satisfied, we do not expect
qualitative changes in the overall performance.

It is worth noting that we used a certain strategy: the mask
effect is applied to the prepared shear maps (γPCA or γAvg). Al-
though this treatment does not fully correspond to the actual
mask, it can significantly accelerate the training of the neural
network.

4.2. Convergence mapping

Based on the prepared shear field (γPCA or γAvg), generated
with random masks during training, we applied the KS algo-
rithm (Kaiser & Squires 1993) to reconstruct the convergence
field (κ), retaining only its E-mode component:

κprep(θ)← KS(γprep(θ) ): κ̃prep(`) = D∗(`) γ̃prep(`), (12)

D(`) =
`2

1 − `
2
2 + 2 i `1`2

|`|2
,

where D(`) is the projection operator, " i " denotes the imaginary
unit, and the option "prep" can be specified as "PCA" or "Avg".

5. Results

5.1. Loss evolution

Input(          ): Training Loss

Input(          ): Training Loss
Input(          ): Validation Loss
Input(          ): Training Loss
Input(          ): Validation Loss

Input(          ): Validation Loss
Input(          ): Training Loss
Input(          ): Validation Loss

Fig. 7: Evolution of loss (batch size=32) for different input
data: the shear maps γPCA (with denoising) and γAvg (without
denoising), the corresponding convergence maps κPCA and κAvg

via KS algorithm. In neural-network training, the validation set
was excluded from parameter optimization and serves solely to
trigger automatic learning rate reduction based on variations in
its loss. Consequently, the evolution of validation loss reflects
the model’s performance improvement.

As illustrated in Fig. 6, PCA denoising effectively enhances
the S/N of the shear data and further reduces the training loss.
To evaluate its impact, we compared the FLI results with and
without PCA denoising. Based on the loss function described
in Sect. 2.1.3, Fig. 7 presents the training loss evolution with a
batch size of 32 for four types of input data. The first two are con-
vergence fields—the averaged convergence (κAvg) and the PCA-
denoised convergence (κPCA)—both reconstructed from their
corresponding shear fields using the KS algorithm. The other two
are shear fields: the averaged shear (γAvg) and the PCA-denoised
shear (γPCA). As shown in Fig. 7, the shear-based approaches

achieve substantially lower losses than the convergence-based
ones, since convergence reconstruction introduces additional
systematic errors, particularly in the presence of sky masking.

5.2. Predictions by FLI

Under the assumption of Gaussian distribution, the trained FLI
network can output the posteriors of the target parameters (Ωm,
σ8) directly. As shown in Fig. 5, the prepared test set includes
four discrete sky groups per cosmology, covering a total of
655.36 deg2. In order to highlight the differences between the in-
put data types: (γAvg, γPCA, κAvg, κPCA), we averaged the FLI pre-
dictions from the four sky groups for each cosmology in Figs. 8
and 9. As shown in the figure, qualitatively, shear-based in-
ference outperforms convergence-based inference. Furthermore,
applying PCA denoising reduces the systematic bias of the pre-
dictions relative to the true values.

Fig. 8: Predictions of Ωm directly from networks trained and
tested on four types of input data: (γAvg, γPCA, κAvg, κPCA). For
both shear- and convergence-based inputs, the networks share
the same architecture (Fig. 1) but were trained independently.
Each point, evaluated on the test set, denotes the average pre-
diction over four sky groups (covering 655.36 deg2) within the
same cosmology, with error bars indicating the standard devia-
tion. Dashed lines mark the true parameter values.
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Fig. 9: Predictions of σ8 directly from networks trained and
tested on four types of input data: (γAvg, γPCA, κAvg, κPCA). De-
tails are as in Fig. 8.

5.3. Validation of predictions

The probability integral transform (PIT) tool is a standard diag-
nostic method for evaluating the reliability of model-predicted
probability distributions. When a model’s cumulative distribu-
tion function (CDF) is well calibrated, the PIT values obtained
by evaluating observed data against the CDF follow a uniform
distribution. PIT thus offers a simple yet effective way to assess
both the calibration and uncertainty of probabilistic predictions.

In this work, cosmological parameters are inferred using two
approaches: (1) directly from the FLI network, and (2) via SBI
applied to summary statistics. We performed PIT analyses on
the posteriors obtained from both methods to evaluate their in-
ference quality and provide an additional consistency check for
our framework.

Fig. 10: Comparison of PIT validation results between field-
level inference (FLI) and ML-derived simulation-based infer-
ence (SBI), performed using four types of input data: (γPCA,
γAvg, κPCA, κAvg). Compared with FLI (top panels), the PIT distri-
bution of SBI (bottom panels) is closer to a uniform distribution,
indicating that the SBI posteriors are better calibrated and more
consistent with the true parameters.

As shown in Fig. 10, the PIT distributions from SBI are no-
ticeably closer to uniform than those from the FLI network, in-

dicating better calibrated posteriors. This is expected because,
although both methods use the same ML-derived feature repre-
sentations, the inference module in the FLI network, compris-
ing fully connected layers (Fig. 1), assumes Gaussian posteriors,
which limits flexibility and accuracy. In contrast, SBI directly
learns the mapping from features to parameter posteriors using
simulated data, enabling it to capture complex, non-Gaussian,
and even multi-modal distributions. By explicitly modeling the
full posterior, SBI naturally accounts for parameter correlations
and uncertainties, yielding more reliable and accurate inference
than the Gaussian-constrained network outputs.

5.4. Cosmological outputs

SBI offers a flexible and statistically rigorous framework for cos-
mological parameter estimation from complex data. In this study,
we employed two distinct forms of summary statistics: (1) ML-
derived feature representation (xML) and (2) the shear 2PCF (ξ̂+−).
The constraining power on the target cosmological parameters is
quantified by the figure of merit (FoM), normalized per square
degree.

In principle, given a fixed neural compressor, stochastic vari-
ations across independent SBI realizations should be negligible
if the neural density estimator (NDE) is fully converged. In prac-
tice, however, factors such as finite training data, limited model
capacity, and random initialization of the NDE can introduce
small variations in the inferred posteriors.

Each SBI run yields a distinct approximate posterior condi-
tioned on its learned parameters. This reflects the stochastic na-
ture of an NDE, including random initialization and stochastic
optimization during training, which introduces variability across
realizations. To assess the impact of these effects, we performed
ten independent SBI realizations using a fixed trained FLI net-
work as the neural compressor. We find that the inferred posteri-
ors are broadly consistent across runs, indicating good stability
of the SBI procedure. Based on this consistency, we report re-
sults from a representative NDE model that achieves strong con-
straining power, in order to illustrate the achievable performance
of the method. The full set of inferred posteriors from the ten SBI
runs is presented in Appendix A.

To demonstrate the SBI performance in each case, we
adopted the fiducial cosmology characterized by (Ωtrue

m , σtrue
8 ) =

(0.3062, 0.7615). Figure 11 presents the posterior distributions
inferred from three SBI schemes, all applied to PCA-denoised
weak lensing fields. The left panel shows the results based on
2PCF summaries derived from the PCA-denoised shear field
(γPCA), whereas the middle and right panels correspond to ML-
derived features extracted from the PCA-denoised convergence
(κPCA) and shear (γPCA), respectively. A comparison between
the left and right panels reveals that ML-derived features en-
hance the parameter constraining power by 29.3% relative to the
2PCF-based summaries. In general, ML-powered compressors
are expected to provide more informative summary statistics.
However, the comparison between the left and middle panels
shows that the shear-based 2PCF achieves stronger constraining
power than the convergence-based ML-derived features. This is
mainly due to the limited accuracy of convergence-field recon-
struction using the Kaiser–Squires inversion. For our adopted
setup, consisting of a 6.4◦ × 6.4◦ field of view with a 6 ar-
cmin resolution, the reconstructed convergence maps deviate
noticeably from the true field, indicating non-negligible recon-
struction errors arising from information loss and systematics
in the shear-to-convergence inversion, including finite-field ef-
fects, boundary artifacts, and pixelization. In contrast, shear is
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FoM/deg2 = 5.01 FoM/deg2 = 9.97FoM/deg2 = 7.71

Fig. 11: Posteriors inferred via SBI using three types of summary statistics over the sky area of 655.4 deg2, with true cosmological
parameters Ωtrue

m = 0.3062 and σtrue
8 = 0.7615. The left panel shows the posterior using the 2PCF (ξ̂+−) of the PCA-denoised shear

field (γPCA). The middle panel uses ML-derived features from the convergence field (κPCA), reconstructed from γPCA via the KS
method. The right panel uses ML-derived features directly extracted from γPCA. Based on the values of FoM/deg2, ML-derived
features improve the constraining power by 29.3% over the 2PCFs, and the shear-based method outperforms the kappa-based
method by 99.0%.

the directly observed quantity and preserves the original lensing
information more faithfully. Therefore, performing inference di-
rectly in the shear domain can better retain cosmological infor-
mation and avoid reconstruction-induced biases. Consistently,
the shear-based ML representation outperforms its convergence-
based counterpart by 99.0%, further highlighting the advantage
of direct shear-field analysis for cosmological parameter infer-
ence.

FoM/deg2 = 7.71FoM/deg2 = 7.31

FoM/deg2 = 7.93 FoM/deg2 = 9.97

Fig. 12: Comparison of SBI posteriors obtained from γAvg and
γPCA over 655.4 deg2, highlighting the impact of PCA denois-
ing on two types of summary statistics: the 2PCFs (ξ̂+−; top
panels) and ML-derived features (xML; bottom panels). Based on
FoM/deg2, PCA denoising improves the constraining power by
25.7% when using ML-derived features.

Table 1: Cosmological constraints from SBI using a CSST-
like WL survey covering 655.4 deg2, with true parameters
(Ωtrue

m , σtrue
8 ) = (0.3062, 0.7615).

Data
Denoising Sum.

Stat.
Ωm σ8

FoM

/deg2Msm PCA

γAvg X –
2PCF 0.306+0.022

−0.022 0.770+0.027
−0.026 7.31

xML 0.317+0.018
−0.018 0.743+0.026

−0.024 7.93

γPCA X X
2PCF 0.302+0.021

−0.020 0.775+0.028
−0.028 7.71

xML 0.301+0.014
−0.013 0.762+0.020

−0.019 9.97
κAvg X – xML 0.332+0.027

−0.025 0.717+0.028
−0.028 4.99

κPCA X X xML 0.306+0.024
−0.023 0.759+0.035

−0.028 5.01

Notes. The first column lists the input data types, which correspond
to the different denoising operations shown in the second column. The
third column indicates the type of summary statistics. 2PCF is the
two-point correlation function, while xML are the ML-derived features.
The final column (FoM/deg2) quantifies the constraining power for the
joint inference of (Ωm, σ8).

To further assess the impact of PCA denoising on shear-field-
based posterior inference, we compare the results of 2PCF-based
and ML-derived SBI obtained from γAvg and γPCA, respectively
(Fig. 12). As shown in the left panels, the conventional 2PCF-
based SBI shows little improvement from PCA denoising, as the
process primarily enhances non-Gaussian components that are
not effectively captured by the 2PCF method. In contrast, the
ML-derived SBI (right panels) benefits substantially from PCA
denoising, achieving a 25.7% increase in constraining power and
demonstrating its effectiveness in strengthening parameter infer-
ence. Overall, compared with the traditional 2PCF method, the
combination of PCA denoising and ML-based feature extrac-
tion further boosts the constraining power by 36.4%, highlight-
ing the advantage of integrating these techniques for improved
cosmological inference. The summarizing of the cosmological
constraints is listed in Table 1.

Article number, page 10



Jiacheng Ding et al.: The shear-to-cosmology paradigm

6. Conclusions

We developed a ML-powered framework for shear-to-
cosmology inference, motivated by the complementary strengths
of simulation-based inference (SBI) and field-level inference
(FLI). SBI offers a simple yet powerful approach for posterior
estimation, capable of capturing complex, non-Gaussian, and
even multi-modal parameter distributions. FLI networks can
automatically extract informative and compact representations
from cosmological fields. By integrating these two techniques,
we establish an effective and robust shear-to-cosmology
pipeline that harnesses the advantages of both SBI and FLI.
This framework operates directly on the shear fields without
requiring convergence reconstruction and comprises three main
components: (1) a shear denoising technique to mitigate the
noise from intrinsic galaxy shapes, (2) a transformer-based
network for FLI, and (3) an SBI module.

Theoretically, the convergence and shear fields contain
equivalent cosmological information. In practice, however, the
shear-to-convergence inversion amplifies noise and introduces
filtering artifacts, resulting in non-negligible information loss.
A shear-based analysis therefore offers a cleaner alternative. To
assess its feasibility, we conducted preliminary experiments (not
shown here) demonstrating that a transformer-based U-Net can
accurately reconstruct the convergence field from high-S/N shear
data, indicating that the network is capable of learning the un-
derlying reconstruction operator. Consequently, even with only
shear inputs, the model can, in principle, recover information
comparable to that in the true underlying convergence field. Con-
sistently, SBI posteriors show that shear-based analysis nearly
doubles the constraining power relative to the KS-convergence
field, confirming that the FLI network does extract more cosmo-
logical information directly from shear.

In order to capture information encoded in cosmic evolution,
the input to our framework is constructed from multi-redshift
shear fields. In practice, increasing the number of redshift bins
reduces the galaxy number density within each bin, thereby am-
plifying shape noise and making denoising an essential step in
multi-redshift WL analyses. In this work, for shear-based analy-
ses, we instead adopted PCA denoising along the redshift direc-
tion, which is a blind and training-free technique that suppresses
noise while preserving the redshift evolution of the shear sig-
nal. To assess its impact, we evaluate the effect of PCA denois-
ing using two types of summary statistics within the SBI frame-
work: the 2PCFs and ML-derived features. For the 2PCF-based
SBI, the improvement brought by PCA denoising is negligible.
In contrast, when using ML-derived features, PCA denoising re-
sults in a 25.7% increase in constraining power. This demon-
strates that the PCA-denoised shear fields retain richer cosmo-
logical information, predominantly non-Gaussian components,
which are effectively exploited by the ML-derived features but
not by the traditional 2PCF analysis.

Several aspects of this work warrant further in-depth in-
vestigation. WL analyses have traditionally relied on the con-
vergence field, reconstructed using a variety of methods, in-
cluding the Kaiser–Squires algorithm (Kaiser & Squires 1993),
Bayesian forward modeling (Alsing et al. 2016), Wiener filter-
ing (Jeffrey et al. 2018), wavelet-based techniques (Starck et al.
2006; Gatti et al. 2026), prior-free maximum-likelihood ap-
proaches (Shi et al. 2024, 2025), and machine-learning meth-
ods (Jeffrey et al. 2020; Shirasaki & Ikeda 2024). In this work,
we adopted the standard KS algorithm for convergence recon-
struction; however, a systematic comparison between shear-
based inference and convergence-based results derived from al-

ternative reconstruction techniques is still lacking and should be
pursued in future studies.

In addition, the impact of the denoising procedure has not
yet been fully quantified. Our PCA-based approach, while sim-
ple and training-free, depends on several design choices (e.g.,
the number of subsets and the smoothing scale) and does
not guarantee optimal separation between signal and noise.
Moreover, as a linear decomposition method, PCA may not
fully capture non-Gaussian or highly nonlinear features in the
shear field. These limitations suggest that the current denoising
strategy can be further improved. For example, wavelet-based
methods may provide a more natural separation of structures
across different scales, while more advanced techniques such
as ICA (Hyvärinen & Oja 2000) and GMCA (Bobin et al. 2007)
offer promising alternatives for blind source separation. A sys-
tematic exploration of these approaches, as well as their im-
pact on cosmological inference, remains an important direction
for future work. More generally, combining map-level denois-
ing with redshift-direction denoising could further enhance per-
formance, although such a strategy would require substantially
greater computational resources and will therefore be considered
as part of a future investigation.

Finally, due to computational limitations, both the angu-
lar resolution and the effective sky area of our input data are
significantly lower than those expected for stage-IV WL sur-
veys. In addition, several important observational systematics
are not included in this preliminary study, such as PSF effects,
intrinsic alignments, source clustering, and shear-measurement
biases. Addressing these limitations will require the construc-
tion of more realistic mock datasets, incorporating spectroscopic
and photometric galaxy catalogs together with corresponding
weak-lensing fields, based on high-resolution N-body simula-
tions, partial-sky ray tracing, and realistic image simulations.

In conclusion, we present a unified machine-learning frame-
work that integrates FLI and SBI for direct shear-to-cosmology
mapping. By combining PCA denoising, a transformer-driven
feature extractor, and SBI posterior estimation, our approach
enables accurate and efficient cosmological inference directly
from shear fields. The results demonstrate that PCA denois-
ing enhances the recovery of non-Gaussian information, while
the transformer-based network effectively captures cosmologi-
cal signals beyond the reach of shear two-point analyses. These
findings highlight the potential of ML-powered hybrid FLI–SBI
frameworks to fully exploit the statistical power of WL data,
paving the way for more precise and information-rich cosmo-
logical parameter estimation in current and future surveys.
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Appendix A: SBI results

This appendix presents the full set of inferred posteriors from 10 independent SBI realizations, together with 6 types of summary
statistics (Table 1), for a fiducial cosmology with Ωm = 0.3062 and σ8 = 0.7615 over 655.4 deg2.
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Fig. A.1: SBI posteriors based on 2PCF (ξ̂+−) of γAvg.
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Fig. A.2: SBI posteriors based on ML-derived features (xML) of γAvg.
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Fig. A.3: SBI posteriors based on ML-derived features (xML) of κAvg.
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Fig. A.4: SBI posteriors based on 2PCF (ξ̂+−) of γPCA.
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Fig. A.5: SBI posteriors based on ML-derived features (xML) of γPCA.
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Fig. A.6: SBI posteriors based on ML-derived features (xML) of κPCA.

Article number, page 14


	Introduction
	Methodology
	Field-level inference network
	Input data
	Network structure
	Loss function

	Simulation-based inference
	Summary statistics: ML-derived feature representations
	Summary statistics: Shear 2PCFs


	Mock pipeline
	N-body simulation
	Ray tracing
	Survey setup

	Data preprocessing
	Shear denoising
	Convergence mapping

	Results
	Loss evolution
	Predictions by FLI
	Validation of predictions
	Cosmological outputs

	Conclusions
	SBI results

