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Big Datasets (large n)
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Big Models (large p)

Super-resolution
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Very deep learning



Linear Models

Solving Yy = Az eR" A e R"*P
Imaging sciences: Machine learning:
Observations (a;, y;)5_;,
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Linear Models

Imaging sciences:

Solving Y= Az eR" A€ R"7P

Machine learning:

Observations (a;, y;)5_;,

Over-determined (n > p) Under-determined (n < p)

A

eig(A'" A)

over-determined
under-determined




Linear Models

Solving Yy = Az eR" A e R"P

Imaging sciences: Machine learning:
Observations (a;, ¥; i1,

eig(AT A)

Over-determined (n > p) Under-determined (n < p)

over-determined
under-determined

Y~ A o
X Y= A X

Curse: Ill-posed, noisy, large size (n,p).

Blessing: unreasonable effectiveness of regularization in high dimension.



Algorithms for large (n,p)

Regularized least square / empirical risk minimization:

min Az — y[* + A|z|”

7
r=(ATA+Nd,) ATy = AT(AAT + AId,,) 1y
Ifn>p Iftn<p (kernel methods:

(over-determined) (under-determined) p = +00)



Algorithms for large (n,p)

Regularized least square / empirical risk minimization:

min Az — y[* + A|z|”

f
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Ifn>p Iftn<p (kernel methods:
(over-determined) (under-determined) p = +00)

Large but finite (n,p): use first order methods.
Gradient descent, CG, BFGS, proximal splittings.

— O(np) or even O(p) cost per iterate.

— Extends to non-smooth regularization (e.g. ¢1).



Algorithms for large (n,p)

Regularized least square / empirical risk minimization:

min Az — y[* + A|z|”

f
r=(ATA+Ad,) 'ATy = AT(AAT + \d,,) "ty
Ifn>p Iftn<p (kernel methods:
(over-determined) (under-determined) p = +00)

Large but finite (n,p): use first order methods.
Gradient descent, CG, BFGS, proximal splittings.

— O(np) or even O(p) cost per iterate.

— Extends to non-smooth regularization (e.g. ¢1).

Very large or infinite n: use stochastic descent methods.

Draw (y;,a;) at random, then x < (1 — Az — 7 ({a;, ) — y;)a;
decays to 0



L1 and Dimensionality Reduction

Sparsity / model selection: replace |z|* by |z|;.

min | Az — yH2 + >\H33H1

x| < l2]5 < in high-dimension
~

— Better model in imaging sciences. — Support recovery with very large p.




L1 and Dimensionality Reduction

Sparsity / model selection: replace |z|* by |z|.

min | Az — y|? + Aol

=] <1 lz]s < 1 in high-dimension

A

— Better model in imaging sciences. — Support recovery with very large p.

“Optimal” setting: choose A € R™"*P random.

Johnson-Lindenstrauss lemma Compressed sensing
RPy Ry Perfect recovery of k-sparse input
% ° A o.o
°* . —) . °°
o
+— »
(wi)i—1 n ~ e~ *log(q/d)

|A(ui — ;)| g

|ui — wlzs

cl(l1—¢),(1+¢)]




What’s Next

Julie Delon: not so intuitive phenomena in high dimension.
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