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Motivation

How do we instill domain knowledge?
Crafting representations

Deep learning is empirical and hard to reason
Interpretability

ReLU vs sigmoid vs tanh vs ….

Analysis is usually post-hoc.



Optimization-informed deep learning
Linear generative model

y = Ax
Inverse problem

x * = (AT A)−1ATy

In many real world problems,  is over-complete, e.g.A

y = Ax s.t. x sparse

Iterative soft thresholding
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From sparsity to group sparsity
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Sparsity is separable, but lacks structure that is useful for clustering.

Motivation

Sparsity Group Sparsity

Non-zero coefficients appear in groups

Signal model

y = ∑
g∈G

Agxg

No longer separable, but more complex.

Nonlinearity



Group sparse priors

Model
Assume a group sparse prior

min
x

∥y − Ax∥2
2 + λ∑

g∈S

∥xg∥2

Proximal operator
Projection to the solution set via

σλ(xg) = (1 −
λ

∥xg∥2 )
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Architecture
Residual connections to the input
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Unrolling equivariances

Model fixed rotations

Symmetry

G = {e, Rθ, R2
θ , …, Rk−1

θ }

“Consistent” behavior w.r.t. an operator

Equivariance

f(T(x)) = T′￼( f(x))

Layer weights

Unrolled network

Wl = [wl Rθ(wl) …Rk−1
θ (wl)]



Learning equivariances

Model finite group actions

Discover symmetries

G = {e, g, g2, …, gk−1}

To learn any group we need to “lift” (flatten) filters

“Lifting” filters

( ⋅ )f :ℝp×q → ℝp⋅q

X ↦ [X1; X2; …; Xq]

Block/multi-scale
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The Bayesian perspective: From optimization to uncertainty

Prior

Optimization finds 
the most likely point 

But what if we recover the 
whole distribution instead?Data Likelihood



Why care about Bayesian uncertainty?
It can distinguish between good & bad models

Model 1
Model 2
Model 3

It can tell you how much to trust your model

Scanner Data Reconstructed Image

MODEL

Variance Map



But…uncertainty is expensive (computationally)! 

The optimization approach finds a single point (e.g. an image)

The Bayesian approach finds a distribution over possible images

500 pixels

500 pixels

D = 250,000 pixels

Multivariate Normal  𝒩(μ, Σ)
 and μ ∈ ℝD Σ ∈ ℝD×D

D x D = 62,500,000,000 values



Bayesian Unrolling 
A scalable framework for uncertainty quantification
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THANK YOU
Questions?


