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The Problem

Noise hides the signal science cares apout.

Observed Clean

ANV

moons

what we observe what 1is really there

We observe W = W + U but we wish to recover the latent W

Likelihood based methods are optimal but make strong
assumptions: known likelihood, correct noise, no outliers etc.



The Problem

Observed Clean

ANV

moons

what we observe what is really there

We are interested in two problems:

Deconvolution Denoising

Recover distribution of W Recover each Wl from Wi

No parametric form is assumed for distribution of W.
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Stage 1: Deconvolution

1. Noisy Input Space 2. Feature Space Projection
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Compare convoluted (conv) noisy samples using Maximum Mean
Discrepancy (MMD) distance.
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Stage 1: Deconvolution

1. Noisy Input Space 2. Feature Space Projection
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Gradient Update
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We learn d; by minimizing convMMD(p, gy, m) where,
convMMD (p, gg, )= ||ty — Bl 57



Deconvolution Illustration

Gaussian Noise Laplace Noise Student's t Noise

Noisy Data
= True Density
== convMMD

Estimated density using different methods across three different
noise distributions: Gaussian (left), Laplace (middle), Student's t
(right).
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Stage 2: Denoising

We now use ¢, learnt in Stage 1 to perform denoising using

Empirical Bayes. We want p(W | W), which can be obtained as
follows:

p(W|W) x p(W|W) - q(W)

Per Point Denoised
Observation

W = E(W|W)




Denoising Illustration

Clean Observed convMMD_ NFconvMMD GMM Oracle
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Two Moons, Circles and Checkerboard data corrupted
by heteroscedastic noise and outliers.

Vashistha, Sarkar & Farahi (arXiv: 2606.21907)



Scalability to High Dimensions

Noise2Self convMMD GANconvMMD GAN* BUIFD

AWGN

AR1
(p=0.2)

AR1
(p=0.3)

AR1
(p=0.4)

Denoising under pixel-independent Gaussian Noise
(AWGN) and spatially-correlated AR(1) noise.



Can we also solve regression problems?

Consider the following data generating process:
Y=o+ -X+e¢;

We only observe (X, Y), but we wish to estimate a, /3



Canwea

[so solve regression problems?

Lets go back to the idea for deconvolution.

1. Noisy Input Space 2. Feature Space Projection

Observed W ~ pxm —
(Noisy) —XL u'p*m

3. convMMD Distance
Loss)
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Simulated Z ~ gg*m (Noisy)
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Here, gy(X,Y)

= Q(leﬁreg> ' q (X | 6y)

Régressién Mode| Latent Covariate Model




Can we also solve regression problems?

Here, gp(X,Y) = ¢ <Y | Xﬁreg) ' q (X | 0X>

Régressién Mode| Latent Covariate Model

Let W — {(Xa Y)T} and Z = {(Xsim’ Ysim)T}

We learn ¢g; by minimizing convMMD(p, g4, m) where,
convMMD (p, Ggy )= [[fysy, — Hageml 57



Regression Illustration

log(kT) - Correction
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XMM Data: Temprature - Richness Scaling

- = convMMD Fit: y=0.61x + 1.34 (RMSE: 0.242)
linmix Fit: y=0.55x + 1.28 (RMSE: 0.263)
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Final Thoughts

. A single framework for solving multiple inverse problems:
deconvolution, denoising, and error in variables regression.

- Scalable to high dimensions and robust to presence of outliers.
- Ongoing work: noise misspecification, improving optimization

- Looking for new applications!
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