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History of the Universe: an Inference Problem

Cosmic Microwave
Background (CMB)

Dark Energy
Accelerated Expansion

Afterglow Light Surprisingly well described by

Pattern |Dark Ages Development of

375,000 yrs. Galaxies, Planets, etc. the Slmple ACDM mOdeI

— Are there B-modesin the CMB?

But the values of the parameters of
this model can change a lot the story...

¢ = (anp b2 ha ne 68, .. -)Massﬂuctuation

- . - A 13 ) ..': ; 1 | ! :
1st Stars - / T S\ amplitude
about 400 million yrs. S .
) . pectral index
Matter density Bar)f/rc;r::gigsmy of adiabatic perturbations
fraction Reduced Hubble

13.77 billion years constant

Big Bang Expansion



Dust = Foreground to the Cosmic Microwave Background

Dust emission




Statistical Challenges

1) Need for a refined model of the dust emission.
2) Need for areliable component separation method.

3) Need to combine the above for cosmological inference.




Formalization of the Problem

Dust
\

We observe y=*‘ +

The CMBis Gaussian (!) = ~ 4/(0,6°X )
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(to a very good approximation)

We assume that we have a "prior model” of dust taking the form of a set of

examples: 7 = {Xx,...,X,} 3
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Two goals:

1) Component Separation = Sampling p(+-,

2) Cosmological Inference — Sampling p(/ | y)

ly, ) (but p(x |y, ) is enough!)



Reminder...

Dust CMB
=X+ 7 is fixed here!

1. Component Separation with Diffusion Models

D. Heurtel-Depeiges, B. Burkhart, R. Ohana, BRSB, MLPS NeurlPS Workshop (2023) (Oral)

Sampling of p(x |y, /) « p(y|x, /)p(x)

/N

likelihood ~ ' (x, 6% )

dust prior
— needs to be modeled



Diffusion Models for Generative Modeling

Sohl-Dickstein et al. (2015), Ho et al. (2020), Song et al. (2021)

1
Forward SDE: dz, = — Eﬂ(t)zt dr ++/p(t) dw,

Easy
>

I =
z, ~ V(0,1

t=0 1
Zy ~ ptarget N S

<
Hard

1
Backward SDE: dz, = —Eﬂ(t)zt—ﬁ(t)Vz,logp,(zf) dr +4/p() dw,
—_——

Score function




Idea 1: Diffusion Models as a Mapping p 4.« < PcMmB

1 1
Forward SDE: dz, = — ) Pz, dt + ,B(t)):;) dw,

Easy

Hard

1 1
Backward SDE: dz, = > pz,— px,V,logp(z,)| dr+ ﬂ(I)Zfb dw,
—_—

Score function




Idea 2: Component Separation = Solving Backward SDE

Component Separation = Sampling p(x |y, ©)
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y~ pt*(zt* | ¢)

Sampling p(x |y, ©’) & Solving the Backward SDE starting fromy
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Statistics of the Reconstruction
Quantitative assessment:
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Reminder...

Dust CMB

\

y=x+¢ with ¢~ /V(O,Uzng)

2. Cosmological Inference

D. Heurtel-Depeiges, C. Margossian, R. Ohana, BRSB, ICML (2024)

stat.ML arXiv:2402.19455

Q rubenohana/Gibbs-Diffusion

Sampling of p(¢/ | y)



https://github.com/rubenohana/Gibbs-Diffusion

Cosmological Inference: Recipe

Goal: Samplingofp(/|y)

Ingredients: 1) Dust prior p4,(%) (learned through examples)
2) Prior on the cosmological parameters p()
3) A diffusion model enabling the sampling of p(x |y, /)

Recipe: Gibbs sampling of p(/), x|y)




Cosmological Inference: Recipe

Recipe: Gibbs sampling of p(¢/, x|y) — “Gibbs Diffusion” (GDiff)

Create a Markov Chain (x, //, )<<y as follows:

~ Pinie )
Xg~ px|y, ) - Diffusion Model
fork € {1,...N}:
~ p( | y, Xk—l)"_ Hamiltonian Monte Carlo

x, ~pxly, ) f— Diffusion Model




Inference Example

True Dust
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Validation of the Bayesian Computation
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Validation of the Bayesian Computation

Simulation-Based Calibration ]
diagnostic for posterior 2
estimation accuracy

Talts et al. (2018)

0.00 025 050 075 100000 025 050 075 1.00000 025 050 075 1.00
Rank for H, Rank for wy Rank for o

®Ranks for Hyand w,, are ~ compatible with uniform distribution
®Ranks for o indicates some bias introduced by the diffusion model



y=x4+¢ with ¢~ ,/V(O,azz(/))

3. “Gibbs Diffusion”: a Generic Method for Blind Denoising

D. Heurtel-Depeiges, C. Margossian, R. Ohana, BRSB, ICML (2024)

stat.ML arXiv:2402.19455

O rubenohana/Gibbs-Diffusion

Blind Denoising = Sampling of p(x, /> | y)


https://github.com/rubenohana/Gibbs-Diffusion

Blind Denoising on Natural Images

+ y = x + - with ¢ a colored noise with unknown exponent
(power spectrumis § (k) k")
4+ Diffusion model conditioned on ¢ trained on ImageNet

Noisy y [14.05 dB] True x Denoised & [27.57 dB| Denoised E[z |y] [30.60 dB]
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Denoising Benchmark

4+ Peak signal-to-noise ratio

Noi @ = —1 — Pink noise @ = 0 — White noise ¢ = 1 — Blue noise
Dataset oise GDiff GDilf GDiff GDilt GDiff GDilt
1 BM3D DnCNN . BM3D DnCNN L BM3D DnCNN L
Level @ @ Elz|y] & Elz|y] & Elz|y
006 3].0i()'2 30.2:]:() 2 29.3i()_3 32.2:(),3 33.71:[]'3 33.4i(),3 3].5i(),3 34.4:()‘3 34.71[]‘4 33.81(),4 32.31(),4 35.3:()_4
ImageNet 0.1 27.840‘2 26.8;0_1 26.7|0_2 29.402 31.8}0‘3 31.8|0_4 29.7(0_4 32.7-0.4 32.1 0.4 31.540_3 29.9’0,4 32.9A0_3
0.2 23.5:1:0_2 21.7:|:0 1 23-0:]:0.3 25.7:0_3 28.1ig_4 28-4j:0 4 265;&:0 4 29-3:0.4 29.5;*;0_4 28.6i0 4 27-610.4 30.5:0_4
0.06 312402 306401 292402 32202 338403 342403 312003 3443 350403 348103 322,03 355 03
CBSD68 0.1 279,52 269,01 262,63 291 3 313,03 317,03 286,05 318 330405 32703 306,04 338,
0.2 235.002 217101 23041035 256> 2784103 282,03 254,035 285 3 296.:03 289,02 274,05 30603
4+ Structural similarity
Noise Level @ = —1 — Pink noise @ = 0 — White noise = 1 — Blue noise
Dataset ; GDilt GDift GDilt
e iff & DnCNN iff &

o BM3D DnCNN  GDiff & E [ | y] BM3D DnCNN  GDiff & E [z | v] BM3D GDiff & E[x|y]
0.06 0904001 088000 086410501 0921000 [[09210.00 0924000 08841001 0931000 [[094410.00 0921000 09041000 0951000
ImageNet 0.1 0814001 0761001 077+0.01 086001 |[090+0.01 090+0.01 0841001 0911000 [|090+0.01 0.88+0.01 0851001 092+0.00
02 0.634+0.01 0534001 0624002 0741002 [|079+0.01 0804001 0741001 0831001 [|0834ip.01 07941001 0781001 0871001
0.06 0904001 0881000 084100 0.92..(, op 0931500 09410 00 0881000 0941000 09415 00 0941000 0904 00 09510 00
CBSD68 0.1 0821001 0782001 075001 085:0 01 ||089:0 00 09050 00 0812001 09010 00 ||09150 00 09050 00 08620 00 093-0 00
02 0.6540.01 055+:0.01 0611001 0741001 [[079+10.01 0804001 06941001 08lipo1 |[083+p.01 079+0.01 0764001 086001

— GDiff posterior mean estimates outperform baselines



Conclusion

Diffusion models to enable posterior sampling for CMB component separation

Cosmological inference using a Gibbs sampler (GDiff)
— allows to analyze CMB data with arbitrary diffusion-based foreground priors

GDiff: Generic method for blind denoising

Accelerating the inference
What's next? -~

Beyond the Gaussian CMB assumption?

Thank you for your attention!
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