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Towards a fundamental understanding of our Universe

slowing expansion

Big Bang

Cosmic Microwave  first stars and
Background (Planck)  galaxes form

the peak of star and
galaxy formation: cosmic noon

% :

today

300 000 years  ~200 million years.

~2 billion years

13.7 billion years

> Unanswered fundamental questions
> Imminent new data

> How can we bring Al to bear?
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1. Towards scientific Al

2. Statistical characterisation and generative modelling of cosmological fields
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Merging paradigms

Statistics

e.g. Bayesian Inference,
Probability Theory

Physics Applied Math
. e.g. Physical e.g. Optimization,
S C I A | Properties, Models Harmonic Analysis

Jason McEwen
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Scientific Al for the physical sciences

‘ @ Physics Enhanced Learning . Probabilistic Learning Q Intelligible Al

Augmentation } Bayesian Neural Networks } Explainability }
Physical properties } Generative Models } Interpretability }
Physical models } Bayesian Inference } Reliability }
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Physics Enhanced Learning

Embed physical understanding of the world into machine learning models.

(See review by Karniadakis et al. 2021.)

Physical Machine Learning

‘ @ Physics Enhanced Learning ‘ ‘ m Probabilistic Learning ‘ ‘ Q Intelligible Al ‘
Bayesian Neural Networks Explainability

Physical properties Generative Models
Physical models Bayesian Inference

Interpretability
Truthfulness



https://www.nature.com/articles/s42254-021-00314-5
http://www.jasonmcewen.org

Augmentation

Apply physical transformations that data known to satisfy to augment training
data ~ ML model learns physics through training.
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Augmentation

Apply physical transformations that data known to satisfy to augment training
data ~» ML model learns physics through training.

> Common to augment image data-set

with rotations, flips, shifts, scales,
contrast, ...
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Image augmentation
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Augmentation

Apply physical transformations that data known to satisfy to augment training
data ~» ML model learns physics through training.

> Redshift augmentation of supernovae

observations (Boone 2019; Alves, et al. @/ -l i Q
.y

p
2022, 2023) .
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Redshift augmentation


https://arxiv.org/abs/1907.04690
https://arxiv.org/abs/2107.07531
https://arxiv.org/abs/2107.07531
https://arxiv.org/abs/2210.15690
http://www.jasonmcewen.org

Augmentation

Apply physical transformations that data known to satisfy to augment training
data ~» ML model learns physics through training.

& > Data efficiency suffers: data “used” to learn physics, rather than problem.

> Simple and easy to implement.
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Physical properties: geometries, symmetries, conservation laws

@ Encode physical properties of the world into ML models (e.g. geometry, symmetries,
conservation laws) ~ Physics embedded in architecture of ML model.


https://arxiv.org/abs/2209.13603
http://www.jasonmcewen.org

Physical properties: geometries, symmetries, conservation laws

@ Encode physical properties of the world into ML models (e.g. geometry, symmetries,
conservation laws) ~ Physics embedded in architecture of ML model.

> Key factor CNNs so successful is due to 130

encoding translational equivariance. E E

SCIA' fn T, (D) = f(T,(D)

Jason McEwen Translational equivariance 9


https://arxiv.org/abs/2209.13603
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Physical properties: geometries, symmetries, conservation laws

@ Encode physical properties of the world into ML models (e.g. geometry, symmetries,
conservation laws) ~» Physics embedded in architecture of ML model.

> Geometric deep learning on the sphere
(Cobb et al. 2021; McEwen et al. 2022;
Ocampo, Price & McEwen 2023)

CMB observed on the

SClAl celestial sphere


https://arxiv.org/abs/2010.11661
https://arxiv.org/abs/2102.02828
https://arxiv.org/abs/2209.13603
https://arxiv.org/abs/2209.13603
http://www.jasonmcewen.org

Physical properties: geometries, symmetries, conservation laws

@ Encode physical properties of the world into ML models (e.g. geometry, symmetries,
conservation laws) ~ Physics embedded in architecture of ML model.

> Equivariant machine learning,
structured like classical physics
(Villar et al. 2021)

Orthogonal
Rotation
Translation
Euclidean
Lorentz
Poincaré
Permutation

0o(d) = {Q €RP:QTQ=QQ" =1i},

SO(d) ={Q e R™*: QTQ =QQT =1y, det(Q) =1}

T(d) ={weR%}

E(d) = T(d) x 0(d)

0(1 d) = {Q € RUDX(@+1) ;. QTAQ = A, A = diag([1,-1,..,—1])}
(1 d) =T(d+1) % O(1,d)
= {0 : [n] — [n] bijective function}

Groups considered


https://arxiv.org/abs/2106.06610
https://arxiv.org/abs/2209.13603
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Physical properties: geometries, symmetries, conservation laws

@ Encode physical properties of the world into ML models (e.g. geometry, symmetries,
conservation laws) ~ Physics embedded in architecture of ML model.

2 > Inductive biases required? Should we just learn from data?
> Highly computationally demanding.

v

Improved data-efficiency.

Inductive biases not necessarily strictly enforced.

>
/4
v

Develop efficient algorithms (e.g. Ocampo, Price & McEwen 2023).
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Physical models: PINNS and differentiable physics

Encode physical models of world into ML models:
1. Encode dynamics (differential equations) via loss functions (PINNs).
@ 2. Embed full (differentiable) physical models inside ML model.
~+ Physics learned in training and embedded in model.


https://github.com/alessiospuriomancini/cosmopower
https://arxiv.org/abs/2106.03846
https://github.com/astro-informatics/s2fft
https://arxiv.org/abs/2311.14670
http://www.jasonmcewen.org

Physical models: PINNS and differentiable physics

Encode physical models of world into ML models:
1. Encode dynamics (differential equations) via loss functions (PINNs).
@ 2. Embed full (differentiable) physical models inside ML model.
~+ Physics learned in training and embedded in model.

> Physics informed neural networks (PINNs)
encode differentiable equations (e.g.
boundary conditions) in loss.

Training a physics-informed
neural network



https://github.com/alessiospuriomancini/cosmopower
https://arxiv.org/abs/2106.03846
https://github.com/astro-informatics/s2fft
https://arxiv.org/abs/2311.14670
http://www.jasonmcewen.org

Physical models: PINNS and differentiable physics

Encode physical models of world into ML models:
@ 1. Encode dynamics (differential equations) via loss functions (PINNs).
2. Embed full (differentiable) physical models inside ML model.

~+ Physics learned in training and embedded in model.

> Differentiable physical models
» Radio interferometric telescope
(Mars et al. 2023, 2024, Liaudat et al. McEwen 2024)
» Optical PSF
(Liaudat et al. 2023)
» JAX-Cosmo
(Campagne et al. 2023)

SKA (artist impression)


https://arxiv.org/abs/2301.10260
https://arxiv.org/abs/arXiv:2405.08958
https://arxiv.org/abs/2312.00125
https://arxiv.org/abs/2203.04908
https://github.com/DifferentiableUniverseInitiative/jax_cosmo
https://arxiv.org/abs/2302.05163
https://github.com/alessiospuriomancini/cosmopower
https://arxiv.org/abs/2106.03846
https://github.com/astro-informatics/s2fft
https://arxiv.org/abs/2311.14670
http://www.jasonmcewen.org

Physical models: PINNS and differentiable physics

Encode physical models of world into ML models:
1. Encode dynamics (differential equations) via loss functions (PINNs).
@ 2. Embed full (differentiable) physical models inside ML model.
~+ Physics learned in training and embedded in model.

> Differentiable mathematical methods
» Fourier transforms
» Spherical harmonic transforms
(s2fft; Price & McEwen 2023)
» Spherical wavelet transforms
(s2wav; Price et al. McEwen 2024)
» Spherical scattering transforms

. (s2scat; Mousset et al. McEwen 2024) ‘
SciAl

| *UC| Spherical harmonics

@


https://github.com/astro-informatics/s2fft
https://arxiv.org/abs/2311.14670
https://github.com/astro-informatics/s2wav
https://arxiv.org/abs/2402.01282
https://github.com/astro-informatics/s2scat
https://arxiv.org/abs/arXiv:2407.07007
https://github.com/alessiospuriomancini/cosmopower
https://arxiv.org/abs/2106.03846
https://github.com/astro-informatics/s2fft
https://arxiv.org/abs/2311.14670
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Physical models: PINNS and differentiable physics

Encode physical models of world into ML models:
@ 1. Encode dynamics (differential equations) via loss functions (PINNs).
2. Embed full (differentiable) physical models inside ML model.

~+ Physics learned in training and embedded in model.

2 > PINNs only capture limited dynamics via loss.
> Full physical models requires differentiable programming frameworks.

> Capture full physics with differentiable models!
'\G > Emulators also provide differentiability (e.g. CosmoPower; Spurio Mancini et al. 2021).

SC > Write new differentiable codes (e.g. s2f£t; Price & McEwen 2023).


https://github.com/alessiospuriomancini/cosmopower
https://arxiv.org/abs/2106.03846
https://github.com/astro-informatics/s2fft
https://arxiv.org/abs/2311.14670
http://www.jasonmcewen.org

Probabilistic Learning

Embed a probabilistic representation of data, models and/or outputs.

(See Murray 2022.)

Physical Machine Learning

‘ @ Physics Enhanced Learning ‘ ‘ m Probabilistic Learning ‘ ‘ Q Intelligible Al ‘

Bayesian Neural Networks Explainability
Physical properties Generative Models Interpretability

Physical models Bayesian Inference Truthfulness

i


https://probml.github.io/pml-book/book2.html
http://www.jasonmcewen.org

Bayesian neural networks for uncertainty quantification

@ Bayesian neural networks incorporate probabilistic representation to quantify
uncertainty of outputs (idea pioneered by Mackay 1992).

Data ; . Output


https://direct.mit.edu/neco/article-abstract/4/3/448/5654/A-Practical-Bayesian-Framework-for-Backpropagation?redirectedFrom=fulltext
http://www.jasonmcewen.org

Bayesian neural networks for uncertainty quantification

@ Bayesian neural networks incorporate probabilistic representation to quantify
uncertainty of outputs (idea pioneered by Mackay 1992).

> MC Dropout (Gal & Ghahramani 2016): drop
nodes probabilistically to sample an
ensemble of networks.



https://direct.mit.edu/neco/article-abstract/4/3/448/5654/A-Practical-Bayesian-Framework-for-Backpropagation?redirectedFrom=fulltext
https://arxiv.org/abs/1506.02142
http://www.jasonmcewen.org

Bayesian neural networks for uncertainty quantification

@ Bayesian neural networks incorporate probabilistic representation to quantify
uncertainty of outputs (idea pioneered by Mackay 1992).

> Bayes by Backprop (Blundel et al. 2015): model
distribution of weights (by variational
inference).


https://direct.mit.edu/neco/article-abstract/4/3/448/5654/A-Practical-Bayesian-Framework-for-Backpropagation?redirectedFrom=fulltext
https://arxiv.org/abs/1505.05424
http://www.jasonmcewen.org

Bayesian neural networks for uncertainty quantification

@ Bayesian neural networks incorporate probabilistic representation to quantify
uncertainty of outputs (idea pioneered by Mackay 1992).

> Probabilistic ML frameworks

(e.g. TensorFlow Probability). . \


https://direct.mit.edu/neco/article-abstract/4/3/448/5654/A-Practical-Bayesian-Framework-for-Backpropagation?redirectedFrom=fulltext
https://www.tensorflow.org/probability
http://www.jasonmcewen.org

Bayesian neural networks for uncertainty quantification

®

A

Bayesian neural networks incorporate probabilistic representation to quantify
uncertainty of outputs (idea pioneered by MacKay 1992).

> Encode epistemic uncertainty of model.
> But what does the output distribution represent?
> Requires careful consideration of training data.

> Statistical validation (hold that thought... see upcoming Truthfulness section).


https://direct.mit.edu/neco/article-abstract/4/3/448/5654/A-Practical-Bayesian-Framework-for-Backpropagation?redirectedFrom=fulltext
http://www.jasonmcewen.org

Generative models

@ Generative models learn a prior distribution from data for sampling and/or
evaluating probabilities.


https://www.tng-project.org/
https://www.camel-simulations.org/
https://quijote-simulations.readthedocs.io/en/latest/
http://www.cosmogrid.ai/
http://www.star.ucl.ac.uk/GowerStreetSims/README.html
https://arxiv.org/abs/2307.04798
http://www.jasonmcewen.org

Generative models

@ Generative models learn a prior distribution from data for sampling and/or
evaluating probabilities.

> Emulation: sample from learned prior Z

(Perraudin et al. 2020, Allys et al. 2020, Price et al. e
2023, Price et al. in prep., Mousset et al. McEwen . y St
2024) 3

Emulated cosmic string maps
(stringgen, Price et al. 2023, Price et al. in prep.)


https://arxiv.org/abs/2004.08139
https://arxiv.org/abs/2006.06298
https://arxiv.org/abs/2307.04798
https://arxiv.org/abs/2307.04798
https://arxiv.org/abs/arXiv:2407.07007
https://arxiv.org/abs/arXiv:2407.07007
https://github.com/astro-informatics/stringgen
https://arxiv.org/abs/2307.04798
https://www.tng-project.org/
https://www.camel-simulations.org/
https://quijote-simulations.readthedocs.io/en/latest/
http://www.cosmogrid.ai/
http://www.star.ucl.ac.uk/GowerStreetSims/README.html
https://arxiv.org/abs/2307.04798
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Generative models

@ Generative models learn a prior distribution from data for sampling and/or
evaluating probabilities.

> Integrate learned priors into analysis
(Remy et al. 2022, McEwen et al. 2023, Liaudat
et al. McEwen 2024)

SClAl Learn radio galaxy prior

B« (Liaudat et al. McEwen 2024)


https://arxiv.org/abs/2201.05561
https://arxiv.org/abs/2307.00056
https://arxiv.org/abs/arXiv:2312.00125
https://arxiv.org/abs/arXiv:2312.00125
https://arxiv.org/abs/arXiv:2312.00125
https://www.tng-project.org/
https://www.camel-simulations.org/
https://quijote-simulations.readthedocs.io/en/latest/
http://www.cosmogrid.ai/
http://www.star.ucl.ac.uk/GowerStreetSims/README.html
https://arxiv.org/abs/2307.04798
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Generative models

@ Generative models learn a prior distribution from data for sampling and/or
evaluating probabilities.

Availability and representativeness of training data.

B

Truthfulness, e.g. diversity of ML model often lacking.

v

Public datasets/benchmarks (e.g. IllustrisTNG, CAMELS, Quijote, CosmoGrid, Gower St).

4
v

Meta sampling to recover distribution over manifold (e.g. Price et al. 2023).

v

Truthfulness (hold that thought... see upcoming Truthfulness section).


https://www.tng-project.org/
https://www.camel-simulations.org/
https://quijote-simulations.readthedocs.io/en/latest/
http://www.cosmogrid.ai/
http://www.star.ucl.ac.uk/GowerStreetSims/README.html
https://arxiv.org/abs/2307.04798
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Bayesian inference

ML techniques can be integrated into Bayesian frameworks to enhance accuracy
and computational efficiency, making some approaches accessible that were
previously intractable.

Jason McEwen 14


https://www.tng-project.org/
https://www.camel-simulations.org/
https://quijote-simulations.readthedocs.io/en/latest/
http://www.cosmogrid.ai/
http://www.star.ucl.ac.uk/GowerStreetSims/README.html
http://www.jasonmcewen.org

Bayesian inference

ML techniques can be integrated into Bayesian frameworks to enhance accuracy
and computational efficiency, making some approaches accessible that were
previously intractable.

> Enhanced MCMC for parameter estimation

(Grabrie et al. 2022, Karamanis et al. 2022). ﬂ%w\

Learned proposal distributions

Jason McEwen 14


https://arxiv.org/abs/2105.12603
https://arxiv.org/abs/2207.05652
https://www.tng-project.org/
https://www.camel-simulations.org/
https://quijote-simulations.readthedocs.io/en/latest/
http://www.cosmogrid.ai/
http://www.star.ucl.ac.uk/GowerStreetSims/README.html
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Bayesian inference

ML techniques can be integrated into Bayesian frameworks to enhance accuracy
and computational efficiency, making some approaches accessible that were
previously intractable.

> Enhanced Bayesian model selection
(harmonic; McEwen et al. 2021, Polanska et al.
2024, Piras et al. McEwen 2024, Spurio Mancini
et al. McEwen 2023, 2024).

» Only requires posterior samples.

X1

» Agnostic to sampling technique. \

» Scale to high dimensions.

Xo

Learned harmonic mean estimator

S C i A | (harmonic)

| *UC|
14


https://github.com/astro-informatics/harmonic
https://arxiv.org/abs/2111.12720
https://arxiv.org/abs/arXiv:2405.05969
https://arxiv.org/abs/arXiv:2405.05969
https://arxiv.org/abs/arXiv:2405.12965
https://arxiv.org/abs/arXiv:2207.04037
https://arxiv.org/abs/arXiv:2207.04037
https://arxiv.org/abs/arXiv:2410.10616
https://github.com/astro-informatics/harmonic
https://www.tng-project.org/
https://www.camel-simulations.org/
https://quijote-simulations.readthedocs.io/en/latest/
http://www.cosmogrid.ai/
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Bayesian inference

ML techniques can be integrated into Bayesian frameworks to enhance accuracy
and computational efficiency, making some approaches accessible that were
previously intractable.

> Simulation-based inference (Cranmer et al.
2021).

sbi

Jason McEwen 14


https://arxiv.org/abs/1911.01429
https://arxiv.org/abs/1911.01429
https://www.mackelab.org/
https://www.tng-project.org/
https://www.camel-simulations.org/
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Bayesian inference

ML techniques can be integrated into Bayesian frameworks to enhance accuracy
and computational efficiency, making some approaches accessible that were

previously intractable.

MMGAN Uncertainty (Ours)

MMGAN (Ours)

> Variational inference (Whitney et al. McEwen
2024)

Declination
Declination

16

150.1 149.4

150.1 149.4 150.8
Right Ascension

Right Ascension

Mass mapping with uncertainties
by variational inference
(Whitney et al. McEwen 2024)

| *UC|
14


https://arxiv.org/abs/arXiv:2410.24197
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Bayesian inference

ML techniques can be integrated into Bayesian frameworks to enhance accuracy
@ and computational efficiency, making some approaches accessible that were
previously intractable.

> Availability and representativeness of training data.

& > Cost of training.

> Truthfulness?

> Public datasets/benchmarks (e.g. IllustrisTNG, CAMELS, Quijote, CosmoGrid, Gower St).
. > Amortized inference (training not repeated for new observations).
N . Integrate in Bayesian framework to provide statistical guarantees.
SC > Statistical validation (hold that thought... see upcoming Truthfulness section).
nll'ﬂ b |
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Intelligible Al

Machine learning methods that are able to be understood by humans.

(See Weld & Bansal 2018, Ras et al. 2020.)

Physical Machine Learning

‘ @ Physics Enhanced Learning ‘ ‘ m Probabilistic Learning ‘ ‘ Q Intelligible Al ‘
Bayesian Neural Networks Explainability

Physical properties Generative Models
Physical models Bayesian Inference

Interpretability
Truthfulness



https://arxiv.org/abs/1803.04263
https://arxiv.org/abs/2004.14545
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Explainability

@ Explainable ML techniques may or may not be interpretable themselves but their
outputs can be explained to humans.
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Explainability

@ Explainable ML techniques may or may not be interpretable themselves but their
outputs can be explained to humans.

> Feature importances R
B Without redshift
(Lochner et al. 2016) : Ewith redshit

T 23233 2822883z 2es8zg3 "
® ©» » 9 ® » = ®» ®» ®» ® = ®» ® ®» ® N © O ©
e = & ©° o ¢ e o o ¢° 2 2 2o 0 L 2 9
cl 5 8 & & EEEE = E E & ¥ %

Feature

Supernova feature importances


https://arxiv.org/abs/1603.00882
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Explainability

@ Explainable ML techniques may or may not be interpretable themselves but their
outputs can be explained to humans.

male

alaxy saliency mapping

> Saliency maps
(Bhambra et al. 2022)

Spiral Arms



https://arxiv.org/abs/2110.08288
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Explainability

@ Explainable ML techniques may or may not be interpretable themselves but their
outputs can be explained to humans.

Poking the black box: may provide some explanation of outputs but humans still
& not able to comprehend underlying process.
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Interpretability

@ Interpretable ML models are white boxes that can be understood by humans.


https://www.tng-project.org/
https://www.camel-simulations.org/
https://quijote-simulations.readthedocs.io/en/latest/
http://www.cosmogrid.ai/
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Interpretability

@ Interpretable ML models are white boxes that can be understood by humans.

> Designed models such as wavelet "o &e)
scattering networks g o e /o) e - |
rm/,orm'corrrro r,mo r,,”eo r,/ro rr/,Q rwr,’”yo rr/ro
(Allys et al. 2020, Cheng et al. 2020, McEwen st gy gy gy T v gy gy T g, gy gy Ty
et al. 2022, Mousset et al. McEwen 2024) OO0 OO0 OO0 OO0 OO0 OO0 OO OO BOO

Scattering network (McEwen et al. 2022)
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Interpretability

@ Interpretable ML models are white boxes that can be understood by humans.

> Designed models such as wavelet
scattering networks
(Allys et al. 2020, Cheng et al. 2020, McEwen
et al. 2022, Mousset et al. McEwen 2024)

200 300 400 500 100 200 300
Mpc/h Mpc/h

LSS features captured by wavelets

SciAl (Allys et al. 2020)
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Interpretability

@ Interpretable ML models are white boxes that can be understood by humans.

> Interpretable constraints on ML models,
e.g. convexity
(Liaudat et al. McEwen 2024)

000
—_— o I(o

o
O

Uncertainty
Quantification

Convexity

Impose convexity on learned model
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Interpretability

@ Interpretable ML models are white boxes that can be understood by humans.

> Deep priors learned from training data
(hybrid model-based and data-driven)
(Remy et al. 2022, McEwen et al. 2023,
Liaudat et al. McEwen 2024)

Compute Bayesian evidence for

SC'A' model selection

UG
(proxnest, McEwen et al. 2023) 17
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Interpretability

Interpretable ML models are white boxes that can be understood by humans.

> Designed models limit flexibility.

> Availability and representativeness of training data.

> Benefits of designed models often outweigh (minimal) reduced flexibility.
> Public datasets/benchmarks (e.g. IllustrisTNG, CAMELS, Quijote, CosmoGrid, Gower St).


https://www.tng-project.org/
https://www.camel-simulations.org/
https://quijote-simulations.readthedocs.io/en/latest/
http://www.cosmogrid.ai/
http://www.star.ucl.ac.uk/GowerStreetSims/README.html
http://www.jasonmcewen.org

Truthfulness

@ Truthfulness critical for science in order for humans to have confidence in results
of ML models. Closely coupled with a meaningful statistical distribution of outputs.
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@ Truthfulness critical for science in order for humans to have confidence in results
of ML models. Closely coupled with a meaningful statistical distribution of outputs.

> Validity of statistical distributions o} meusEsmn
(Lueckmann et al. 2021, Hermans et al. 2022, | AuroCw 07\[ . é'ri'tnh
Cannon et al. 2023) 00 1
» Design to ensure conservative and avoid
mode collapse (Delaunoy et al. 2022, Price ﬂ
et al. 2023, Whitney et al. McEwen 2024) 0faomao OQ
» Coverage testing (Lemos et al. 2023) m,’ )
» Simulation-based calibration checks (Talts

et al. 2020) validity of distribution
(Hermans et al. 2022)

Pn.\[ﬂinr densin
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https://arxiv.org/abs/2101.04653
https://arxiv.org/abs/2110.06581v3
https://arxiv.org/abs/2209.01845
https://arxiv.org/abs/2208.13624
https://arxiv.org/abs/2307.04798
https://arxiv.org/abs/2307.04798
https://arxiv.org/abs/arXiv:2410.24197
https://arxiv.org/abs/2302.03026
https://arxiv.org/abs/1804.06788
https://arxiv.org/abs/1804.06788
https://arxiv.org/abs/2110.06581v3
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Truthfulness

@ Truthfulness critical for science in order for humans to have confidence in results
of ML models. Closely coupled with a meaningful statistical distribution of outputs.

2 > Uncertainties not aways meaningful.
> Diversity of ML model often lacking.

v

Integrate in statistical framework to inherit theoretical guarantees.
Design to be conservative and avoid mode collapse.

&
v

722V > Extensive validation tests.

> Well-posed frameworks (e.g. physics enhanced, probabilistic).


http://www.jasonmcewen.org

Statistical characterisation and
generative modelling of cosmological
fields




Wavelet scattering networks and representations

Wavelet scattering networks and representations inspired by CNNs but designed rather
than learned filters (Mallat 2012).

~

(McEwen et al. 2022, ICLR, arXiv:2102.02828)

~

(Mousset et al. McEwen 2024, A&A, arXiv:2407.07007)
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https://arxiv.org/abs/1101.2286
https://arxiv.org/abs/arXiv:2102.02828
https://arxiv.org/abs/arXiv:2407.07007
http://www.jasonmcewen.org

Wavelets on the sphere

Adopt scale-discretized wavelets on the sphere (e.g. McEwen et al. 2018, McEwen et al. 2015).
Wavelets ¢; € L?(S?) capture spatially-localised, high-frequency signal content at scale j.
Scaling function ¢ € L?(S?) captures spatially-localised, low-frequency content.

j=2,y=0° j=2,y=72° j=2, y=144°

j=3,y=0° j=3,y=12° j=3, y=144°

g Orthographic plot of spherical wavelets.
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https://arxiv.org/abs/astro-ph/0506308
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Wavelets on the sphere

Adopt scale-discretized wavelets on the sphere (e.g. McEwen et al. 2018, McEwen et al. 2015).
Wavelets ¢; € L?(S?) capture spatially-localised, high-frequency signal content at scale j.

Scaling function ¢ € L?(S?) captures spatially-localised, low-frequency content.

Spherical wavelet transform given by

Wj(p) = (f/*d’j )(p) = L dp(w" (W )(Rpty )* “0
Spherical convolution Rotated wavele e

Fast algorithms available

(e.g. McEwen et al. 2007, 2013, 2015).

g CL | Orthographic plot of spherical wavelets.
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Scattering transform on the sphere

Spherical scattering propagator for scale j:

Ul = [ x 9l

Modulus function is adopted for the activation function (since non-expansive and
preserves stability of wavelet representation).

Jason McEwen 21


http://www.jasonmcewen.org

Scattering transform on the sphere

Spherical scattering propagator for scale j:

Ul = [ x 9l

Modulus function is adopted for the activation function (since non-expansive and
preserves stability of wavelet representation).

Spherical cascade of propagators:
UIPIf = IIIf % oy | > | - -
for the path p = (j1, /2, . - . ,Jjq) With depth d.

21
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Scattering transform on the sphere

Spherical scattering propagator for scale j:

Ul = [ x 9l

Modulus function is adopted for the activation function (since non-expansive and
preserves stability of wavelet representation).

Spherical cascade of propagators:
UlpIf = IIIf % | x| - - b,
for the path p = (j1, /2, . - . ,Jjq) With depth d.

Scattering coefficients:

SIPYf = If | * | - - % 4y * @

21
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Scattering networks on the sphere

Spherical scattering network is collection of scattering transforms for a number of paths:
Spf = {S[p]f : p € P}, where the general path set P denotes the infinite set of all possible
paths P = {p = (j1,J2,...,Ja) : Jo <Jji <J,1<i<d, deNp}.

f O
S[(l]fo
UM»]/Q “U]f@ I,’[,I]/O
S[dolf S[ilf S[I1f
Ul Jo, Jolf U["thj/]fo UL Jolf Ulg, Jolf Ulj, " f Ulj, J1If U[J, Jolf Ui, 3" f ulJ, J]fO

1 g

S[k/n-klu]fo S[JUJ/]fO S[vfwfn]fo S[J'-K/U]fo 5[]‘-]”]f© S[J'w/]fQ S[JJU]/O S[1.j ]fO 5[/-(/]/0
OO0 OO0 OO0 OO0 OO0 OO0 OO0 OO0 OOC

Capture all information content at infinite depth and typically > 99% for depth d = 3.

SCIA|
i [
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Latent representation is very well-behaved and satisfies a number of important
properties:

1. Rotational equivariance
2. Isometric invariance

3. Stability to diffeomorphisms

Jason McEwen 23
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Rotationally equivariance

Rotational Equivariance

Jason McEwen 24
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Rotationally equivariance

Rotational Equivariance
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Isometric invariance

Isometric Invariance
Let ¢ € Isom(S?), then there exists a constant C such that for all f € L(S?),

|Seof = S Vel < CLY2(D +1)"2 Xo 1]l ooIfll2-

Difference in representation.

Scattering network representation is invariant to isometries up to a scale .

Jason McEwen 25
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Isometric invariance

Image Representation Scattering Representation

Jason McEwen 26
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Stability to diffeomorphisms

Stability to Diffeomorphisms

Let ¢ € Diff(S?). If ¢ = ¢ o & for some isometry ¢; € Isom(S?) and diffeomorphism
¢, € Diff(S?), then there exists a constant C such that for all f € L?(S?),

ISpof = SoVefll2 < CL2[L% [IGalloo + LY2(D +1)2X0 [|Gilloo TIfll2-

Difference in representation.

Scattering network representation is stable to small diffeomorphisms about isometry .

Jason McEwen 27
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Stability to diffeomorphisms

Image Representation Scattering Representation

X \ Small\diffeomorphism

L]

Small diffeomorphi

Jason McEwen 28
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Stability to diffeomorphisms

Image Representation

Small diffeomorphi

Large diffeomorphjsm

Scattering Representation

X \‘3 Small\diffeomorphism

L)

Large diffeomorphism

28
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Toy problem: Gaussianity of the cosmic microwave background (CMB)

Wavelet scattering as a representation space for classification.

Gaussian Non-Gaussian

SClAl ~ 53% classification accuracy without scattering versus 95% with scattering.
| *UC]

Jason McEwen 29
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Scattering for simulation-based inference (SBI)

Wavelet scattering as a representation space for SBI (Lin, Joachimi & McEwen 2024).
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Spherical scattering covariance for generative modelling

(Mousset et al. McEwen 2024; s2scat code)

Scattering covariance statistics:

1SN f=E[[Fx sl .

2 SPIf=E[[f*s].

3. S3[M, Aol f = Cov [ fxtn,, [f x| * , |.

b Sy[A, Az, As5] f = COV[ If % x| % g, If % W, | % ]

Jason McEwen 31
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Spherical scattering covariance for generative modelling

(Mousset et al. McEwen 2024; s2scat code)

Scattering covariance statistics:

1SN f=E[[Fx sl .

2 SPIf=E[[f*s].

3. S3[M, Aol f = Cov [ fxtn,, [f x| * , |.

b Sy[A, Az, As5] f = COV[ If % x| % g, If % W, | % ]

Generative modelling by matching set of scattering covariance statistics S(f) with a
(single) target simulation:
min IS(f) = S(frarget) I

Jason McEwen 31
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Differentiable and GPU-accelerated spherical transform codes (in JAX)

© ests [ codow [ icense D el poce I v

—

Differentiable and accelerated spherical
transforms

S2FFT, is a Python package for computing Fourier transforms on the sphere and rotation group (F
using JAX or PyTorch. It leverages autodiff to provide differentiable transforms, which are also d!playable

R i cie A o

convintors B <0 Open i Cot

Differentiable and accelerated wavelet transform
n the sphere

S2WAV. s a python package for computing wavelet transforms on the sphere and rotation group, both in JAX and
PyTorch. It leverages autodiff to provide differentiable transforms, which are also deployable on modern hardware

on hardware accelerators (e.g. GPUs and TPUs).

s2fft: Spherical harmonic transforms
https://github.com/astro-informatics/s2fft

O Tets BRG] codocn [ e ) oy package () o FEHERRRR i conrivtors ] <0 Open i it

Differentiable scattering covariances on the sphere

S25CAT is a Python package for computing scattering covariances on the sphere (: ) using JAX.
autodif to provide differentiable transforms, which are also deployable on hardware accelerators (e.g.
leveraging the differentiable and accelerated spherical harmonic and wavelet transforms
spectively.

accelerators (e.g. GPUs and TPUs), and can be mapped across multiple accelerators.

s2wav: Spherical wavelet transforms

https://github.com/astro-informatics/s2wav

O Tess g docs [ERRR)  codocow (705 Licene [ st convitors B

Scalable and Equivariant Spherical CNNs by

Discrete-Continuous (DISCO) Convolutions

Many problems across computer vision and the natural sciences reuire the analys erical data, for which
representations may be learned efficiently by encoding equivariance to rotational symmetries. DISCO. pre
foundational convolutional layers encode said equivariance, with the aim to support the development of

s2scat: Spherical scattering transforms

https://github.com/astro-informatics/s2scat

s2ai: Spherical Al
Coming very soon! Contact us for early access.
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Generative modelling of large scale structure (LSS)

Which field is emulated and which simulated?

Logarithm (for visualization) of weak lensing field.

Jason McEwen 33
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Generative modelling of large scale structure (LSS)

Goussian  — Torget — Generated
10
os
>
0a
02
o0
—— Target 100
o — Target 100 —— Generated
—— Generated 75
006 Gaussian <
" = 5o
2
5 004 (&) 00 - I > >
c 10714
L 003 { 200
° |
Eooz | o .
0.00 — o
Pixel value Multipole £ Pixel value threshold u
Pixel distribution Power spectrum Minkowski functionals

Statistical validation.
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Generative modelling of cosmic strings in the CMB

Need to simulate full physics, evolving a network of strings through cosmic time, and
then ray-trace CMB photons through the string network (Ringeval et al. 2012).

A single simulation requires

There are only three full-sky string maps in existence.

i e ¥ o
vy 3 SRR %
%" 1&37“ w
SciAl - & o
L ~UC|
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https://arxiv.org/abs/1204.5041
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Generative modelling of cosmic strings in the CMB

Computation time: —

Still work in progress (statistical validation in progress).

SCIA|
UYL
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Generative modelling of cosmic strings in the CMB

Computation time: —

Still work in progress (statistical validation in progress).

SCIA|
UYL
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Physics Enhanced Learning ‘ ‘ m Probabilistic Learning ‘ ‘ Q Intelligible Al ‘

Augmentation } Bayesian Neural Networks } Explainability }
Physical properties } Generative Models } Interpretability }

Physical models } Bayesian Inference } Reliability }

SClAl ﬁﬁ With great power comes great responsibility!

Jason McEwen 37
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