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Abstract

Weak gravitational lensing is a powerful probe of the universe’s growth history.
While traditional two-point statistics capture only the Gaussian features of the
convergence field, deep learning methods such as convolutional neural networks
(CNNs) have shown promise in extracting non-Gaussian information from small-
scale, nonlinear structures. In this work, we evaluate the effectiveness of attention-
based architectures, including variants of vision transformers (ViTs) and shifted
window (Swin) transformers, in constraining the cosmological parameters Ωm

and S8 from weak lensing mass maps. Using a simulation-based inference (SBI)
framework, we compare transformer-based methods to CNNs. We also examine
performance scaling with the number of available N -body simulations, highlighting
the importance of pre-training for transformer architectures. We find that the Swin
transformer performs better than vanilla ViTs, especially with limited training data.
Despite their higher representational capacity, the Figure of Merit for cosmology
achieved by transformers is comparable to that of CNNs under realistic noise
conditions.

1 Introduction

Spatial fluctuations in matter density encode information about the cosmological composition and
evolution of the universe. Weak gravitational lensing is a key probe of structure formation, as it
does not rely on modeling biased tracers (galaxies). Stage III experiments, such as the Dark Energy
Survey [1, 2], Hyper Suprime-Cam Survey [3], and Kilo-Degree Survey [4, 5], have placed leading
constraints on the matter density Ωm and fluctuation amplitude σ8. However, the persistent tension
between early- and late-time σ8 measurements suggests possible new physics beyond ΛCDM model.
This motivates the development of alternative statistics that go beyond the traditional two-point
function, which will be even more important for upcoming surveys such as Euclid [6], LSST [7], and
the Roman Space Telescope [8].

On large scales, weak lensing maps are nearly Gaussian and well described by two-point statistics
[4, 9]. On small scales, however, nonlinear gravitational evolution induces non-Gaussian features,
as overdensities collapse into halos and galaxies [10]. A variety of statistics have been developed
to capture this information, including higher-order correlations [11, 12], peak counts [13, 14],



Minkowski functionals [15], scattering transforms [16], and deep learning approaches [17–20]. These
have been applied to both simulations and real data [21–24].

Convolutional neural networks (CNNs) have been widely used in weak lensing to extract non-
Gaussian information by mapping convergence fields to cosmological parameters. In this work, we
explore attention-based models (Transformers). Transformers were originally developed for natural
language processing [25] and later adapted for images [26, 27]. They process inputs in parallel using
self-attention and have now found astronomical applications in galaxy morphology classification
[28], strong gravitational lens parameter estimation [29], target detection in multi-band photometric
surveys [30], and cosmology from 3D dark matter halo lightcones [31].

ViTs are especially attractive for weak lensing applications. They capture global context directly
through attention, without requiring a hierarchical stack of local filters as in CNNs. This enables more
efficient learning of long-range dependencies compared to CNNs, which learn such dependencies
only in deeper layers. ViTs also have weaker inductive biases, which allows for more flexible
representations but increases the need for training data and careful regularization. A key advantage is
interpretability: attention weights can be analyzed using tools such as attention rollout, attention flow
[32], and relevance propagation [33].

We present the first application of Vision Transformers—and more generally, self-attention-based
deep learning—for predicting cosmological parameters from simulated weak lensing maps. Along-
side three configurations of the original ViT [26], we study shifted window transformers (Swin
Transformers) [34]. These use local self-attention within hierarchical windows, offering improved
efficiency and better scaling to high-resolution inputs.

Our manuscript is organized as follows. In Section 2, we introduce simulation-based inference, how
vision models can be used to constrain cosmology from the field level, the simulations we use, and
how we train the models. In Section 3, we review the key differences of attention-based models. We
present the results and conclude in Section 4.

2 Methodology

Simulation-based inference (SBI), also known as likelihood-free inference (LFI), enables Bayesian
parameter inference directly from simulated observables. It is especially useful when the likelihood
is intractable, but forward simulations are feasible, like the case of higher-order statistics. Neural
posterior estimation (NPE), or density-estimation LFI (DELFI), adopted this approach by training
neural density estimators to learn the relationship between parameters and data. These methods
can achieve posterior inference using orders of magnitude fewer simulations than traditional LFI
approaches [35–38]. DELFI has been applied to supernova analysis [39], high-redshift Lyα forest
modeling, tomographic weak lensing [40], and CMB parameter inference [41]. For an overview, see
[42].

We frame our inference as a conditional density estimation task. Given simulation parameters θ and
compressed data vectors d, we train an ensemble of neural density estimators (NDEs) to approximate
p(d|θ), by auto-regressively reducing the Kullback–Leibler distance. Assuming a flat prior matching
the simulation distribution, this yields posteriors from deep learning models. Our implementation
uses the public sbi package. The ensemble consists of three Masked Autoregressive Flows (MAFs)
and three Gaussian Mixture Density Networks (MDNs), all trained separately. The MAFs have 2, 3,
and 4 MADE layers with 50, 50, and 25 transforms per layer, respectively. The MDNs have 2, 3, and
4 Gaussian components, using 50, 50, and 25 neurons per layer.

In the limit of abundant simulations, all NDEs should yield consistent posteriors. To reduce outlier
effects, we impose a selection criterion: we discard any NDE whose 1σ constraint on S8 deviates by
more than 5% from the ensemble median. The remaining NDEs’ samples are concatenated to form
the final posterior. We validate the inference using the empirical coverage test [43–45], implemented
via the public TARP package. This test assesses whether the inferred posteriors are well-calibrated,
i.e. whether they are too conservative or too narrow—by comparing against ground-truth parameter
values across repeated trials.

We use weak lensing convergence maps generated from the DarkGridV1 N -body simulation suite
[46, 47]. The convergence maps are constructed as weighted projections of 3D overdensity fields,
following procedures similar to [48, 49]. We adopt the DES-Y3 redshift distribution for four
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Figure 1: The vision model prediction of the parameter S8 = σ8

√
Ωm/0.3. The first two plots show

the prediction vs the true value, and the last two plots show the histogram of the residuals. The
statistical measures are reported as root mean-square error and R2 values, and we summarize them
in Appendix B. Note that NoNoise is an exploratory case with only one channel, and LSST-Y1 Like
contains the maps with 4 channels, as detailed in Section 2.

tomographic bins, but rescale the galaxy number density and survey area to match LSST Year 1.
While real LSST-Y1 data will have different galaxy selections and lensing kernels, our conclusions
are not sensitive to this, as the dominant factor remains the noise level. The simulations vary only
Ωm and σ8, while holding other cosmological parameters fixed and omitting systematics such as
photometric redshift uncertainty. These simplifications are acceptable for our purpose of comparing
different architectures. For testing purposes only, we also made a shape-noise free simulation set with
only one channel to test the model difference with maximum signal-to-noise ratio.

For each configuration, we use an 80%:10%:10% for our training, validation, and testing split. In
total there are 13680 maps in the dataset, and each input is a 512× 512 independent flattened patch
of a convergence map, with either one or four channels. We train each network independently
using the AdamW optimizer [50], with an early stopping patience of 30 epochs. A L2 error metric
(root-mean-squared, RMSE) is used, computed over the validation dataset. Batch size is 32, except for
the much larger networks ViT-L and ViT-H (each > 300M parameters), where we set to 24 (16) and
12 (8) respectively for the one-channel (four-channel) dataset, due to GPU memory constraints (we
use Nvidia A100s with 80 GBs of memory). We use the PyTorch ReduceLROnPlateau scheduler with
a 10-epoch patience and reduction rate of 0.3. For all convolutional networks and vision transformers,
the initial learning rate was set to 10−3 and 10−5 respectively. Other values were set to PyTorch
defaults.

Vision Transformers are known to require large training sets [26]. To address this, we explore
pre-training on synthetic data to improve performance. We generate pre-training data following [51],
which uses an analytic model to rapidly produce maps with similar statistics to weak lensing fields.
Our synthetic dataset includes 13680 maps, on which we pre-train the models in a fashion identical
to the above. We then use the same method to train the pre-trained models on the real dataset.

3 Attention-Based Vision Models

Transformers, first introduced in [25], have achieved remarkable success in natural language process-
ing (NLP). They process sequential inputs—such as words in a sentence—using self-attention, which
models contextual relationships between tokens. Each token is embedded and transformed via three
learned matrices: the query, key, and value. Together, these form an attention head, which enables
the model to capture pairwise dependencies across the input sequence. Similarly to how CNNs can
learn different types of features using multiple filters (i.e., learned weight kernels), multiple learnable
attention heads can capture different relations between the input tokens. Positional encodings are
added to preserve order information, which is otherwise absent in the architecture.

To adapt transformers to computer vision, images are divided into fixed-size patches. Each patch
is flattened and linearly projected into an embedding space. These patch embeddings, along with
positional encodings, are passed through a stack of transformer encoder blocks. Each block consists
of multi-head self-attention and feedforward (MLP) layers, along with residual connections and
normalization layers. For full architectural details, we refer the reader to [25, 26].
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Figure 2: Left: SBI posteriors obtained from our NDE setup detailed in Section 2, for a CNN (blue)
and a Swin-Transformer (red) for cosmological weak lensing κ fields. Right: Results from TARP
[52], which compares empirical coverage against credibility level to gauge posterior performance.
Posteriors obtained on the test set from our NDE setup yield curves closely aligned with the identity
line, indicating that neither of the posteriors is under- or over-constrained.

The Swin Transformer [53] modifies the ViT structure to improve efficiency and scalability. Instead
of applying global self-attention across all patches, Swin computes attention locally within non-
overlapping windows. These windows shift between layers, allowing cross-window interactions while
preserving locality. This design reduces the computational complexity of self-attention from quadratic
to linear in image size, enabling Swin to scale to high-resolution inputs with fewer parameters than
ViT.

While more efficient than ViT, Swin models still have significantly more parameters than typical
convolutional architectures. They can also exhibit training instabilities when scaled up. SwinV2 [54]
addresses this issue, introducing improved normalization and scaling techniques for stable training at
larger model sizes.

Both ViT and Swin models have much higher parameter counts than standard CNNs. For instance,
the smallest ViT model used here has approximately 86 million parameters, while ResNet-50 has
about 24 million. This makes architecture tuning impractical in our setting, where simulation and
computational resources are limited. Instead, we adopt standard configurations: three ViTs (ViT-B,
ViT-L, ViT-H) from [26], and four Swin models (Swin-T, Swin-S, Swin-B, Swin-L) from [53].

4 Results and Conclusion

As shown in Figure 1 and Figure 2, the best attention-based model and the best convolution-based
model achieve comparable constraining power. The full results are shown in Appendix B. Both of the
models passed the coverage test that they are within 10% of over-constraining. In the exploratory
noiseless case, Swin Transformers initially appeared to outperform CNNs, likely due to their greater
model flexibility. However, this advantage vanished once realistic shape noise was introduced. Vanilla
Vision Transformers consistently underperformed relative to both CNNs and Swin models, possibly
due to inefficient training on small datasets and difficulty capturing fine-scale features.

We also find that pre-training significantly improves the performance of large models such as Swin
Transformers, especially when training data are limited (Figure 3). In contrast, pre-training has
minimal effect on CNNs, consistent with previous findings [55].

In conclusion, our experiments show that attention-based transformers do not outperform CNNs in
constraining cosmological parameters from weak lensing convergence maps. With sufficient training
data or pre-training, their performance can match that of CNNs. Although no gain in constraining
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Figure 3: RMSE and R2 for S8 as a function of the training data fraction. Pre-training significantly
improves the performance of attention-based models, especially in low-data regimes. In contrast, CNN
baselines—shown without pre-training—exhibit stronger regularization and more stable performance.

power is observed, the interpretability features of transformer architectures remain a promising
direction for future exploration.
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A Model Architectures

To adequately benchmark the performance of vision transformer models for weak lensing, we also
explore a number of convolutional models. Convolutional Neural Networks (CNNs) are a standard
deep learning tool for regressing parameters from cosmological and astrophysical multi-dimensional
data [56], with built-in translation invariance and assumption of hierarchical local spatial information,
due to the underlying convolution operation. As performance benchmarks, we use a simple baseline
CNN with six convolutional layers feeding into a four-layer feedforward perceptron, with pooling and
LeakyReLU activation functions. While we have not optimized the hyperparameters and architecture
of this baseline CNN, this architecture has been shown to achieve competitive results for these types
of tasks [56].
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Name Parameter Count

Baseline CNN 500K
ResNet-18 11M
ResNet-34 21M
ResNet-50 24M
ResNet-101 44M
ViT-B 86M
ViT-L 307M
ViT-H 632M
Swin-T 29M
Swin-S 50M
Swin-B 88M
Swin-L 197M

Table 1: Model names and number of parameters

Setting B-CNN RN-18 RN-34 RN-50 RN-101 ViT-B ViT-L ViT-H Swin-T Swin-S Swin-B Swin-L
NoN (RMSE) 0.6298 0.5239 0.4724 0.5084 0.5294 1.860 1.549 1.662 0.3724 0.3088 0.3209 0.2232

NoN (R2) 0.9981 0.9987 0.9989 0.9987 0.9986 0.9831 0.9883 0.9865 0.9993 0.9995 0.9994 0.9998
T1 (RMSE) 0.7436 0.7852 0.6170 0.6227 0.7613 1.725 1.621 1.859 0.7766 0.6759 0.6480 0.5492

T1 (R2) 0.9973 0.9970 0.9981 0.9981 0.9972 0.9855 0.9872 0.9832 0.9971 0.9978 0.9980 0.9985
T4 (RMSE) - 1.058 0.8986 0.7118 0.8734 2.005 2.105 1.988 1.061 1.021 0.8830 0.6357

T4 (R2) - 0.995 0.996 0.998 0.996 0.980 0.978 0.981 0.995 0.995 0.996 0.998
Table 2: Performance comparison of different ML models across various settings.

In addition, we use residual convolutional neural networks (ResNets) introduced in He et al. [57].
Contrary to naive expectations, increasing the depth of standard convolutional networks did not im-
prove performance due to the degradation problem where an optimizer is unable to approach identity
mapping; He et al. [57] circumvented this by adding non-trainable residual connections that allow
the model to skip layers through connections of identity or projection mappings. Thus, ResNets are
able to be deeper than conventional CNNs; ResNet50 specifically has 50 layers structured in several
bottleneck blocks that are shortcutted by identity mappings. Beyond conventional computer vision
tasks, residual convolutional networks have found contemporary applications in galaxy morphology
classification [58–60], wavefront sensing for image sharpening [61], Ly-α emitter identification [62],
and Cosmic Microwave Background analysis [63, 64], making it an apt choice for our comparison
standard. The full set of models, along with their respective parameter counts, are detailed in Table 1.

B Detailed Model Performance

We test our models with three simulation cases. For the first case (NoNoise–1 Channel), we choose
not to include observational shape noise or tomography. For the second (LSST-Y1 1 Channel), we
include shape noise at the expected level of LSST-Y1, with effective source number density neff ∼ 12.
For both, we use a redshift kernel alike the DES third tomography bin [65]. The final case (LSST-Y1
Like), we implement a full tomographic map-making procedure, generating 4-channel maps, each
corresponding to the four DES tomographic bins.

We test each model outlined in Table 1 against each simulation case. For each configuration, we use
an 80%:10%:10% for our training, validation, and testing split. Each input is a 512×512 independent
flattened patch of a convergence map, with either one or four channels. We train each network
using the AdamW optimizer [50], with an early stopping patience of 30 epochs. A L2 error metric
(root-mean-squared, RMSE) is used, computed over the validation dataset. Batch size is 32, except
for the much larger networks ViT-L and ViT-H (each > 300M parameters), where we set to 24 and
12 respectively, due to GPU memory constraints (we use Nvidia A100s with 80 GBs of memory).
We use the PyTorch ReduceLROnPlateau scheduler with a 10-epoch patience and reduction rate of
0.3. For all convolutional networks and vision transformers, the initial learning rate was set to 10−3

and 10−5 respectively. Other values were set to PyTorch defaults. After running the full sweep, the
Swin-L model was observed to achieve the lowest RMSE value. See Table 2 for the full results.
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