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Real-world optimization iIs parametric

parameter minimize  f(z,x) optimal solution
L ’ subject to 2z € Q(x) 2" (@)

convex problem in z

applications
PP first-order methods

power  signal are popular...
robotics grids processing

0’{/ ) = T(25(x), x
B W (#) = T(:*(z), 2

operations example: projected gradient descent
research zk“(x) = Il ) (z"" — Qka(zk(x)7 r))

/o
@ projection gradient step

...but classical worst-case
convergence bounds can

fixed-point iterations be very loose!




Building probabilistic guarantees for classical optimizers

'\‘:f P algorithm steps tolerance
can we exploit the : e(x) =1(L"(x) > ¢)
parametric structure to assume access 1o a \any metric
get tighter guarantees? dataset of parameters e.g., the fixed-point residual
0 (x) = [|2"(x) = 2" (@)

step 1
run £ steps
for each problem step 2

compute the
empirical risk

step 3
bound the risk
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Tight guarantees for image deblurring

plurry image deblurring deblurred 0SQP
L. | |
Imgge minimize (1/2)||Az — z||5 + A||z]|1 'mj*ge Ss‘t’lt’t‘”, Z
. ellato
subject to 0 < 2z <1 et al. 2020
quantile bounds
99th quantile bound
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classical worst-case guarantees!

our probabilistic bounds
are much tighter than
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The learning to optimize paradigm

@ learning to optimize

candidate

"Y B X | K iterations of a

solution
0000 parameter learnable optimizer
®e — th weights @
® ® with weignts

learned optimizers have seen ...however, they lack

lots of empirical success... guarantees on unseen data




Optimizing PAC-Bayes guarantees for learned optimizers

i distribution of algorithm weights
learning task (e.g., step sizes, warm starts)

min E E 69(:1;)/
© 0~Oxr~X
\

1. pick a prior Oy before observing data

2. observe data {z;};
3. learn the posterior © : 0 ~ © (
P

4. bound the performance

McAllester 1999 Maurer 2004

data-driven bound

minimize the
v =K Z E eg(x; KL(6]|80) + log(2v' N /) data-driven
N o 0(Zi) N bound itself!

Dziugaite et al. 2017
emp|r|Ca| ”Sk Majumdar et al. 2021



Learned ISTA results for sparse coding

OISy signal reconstruction ground truth
measurement X S , sparse signal
X minimize (1/2)||Az — x||5 + A||z]]1 o

ISTA (iterative shrinkage thresholding algorithm)

. 1 .
/T = soft threshold% (zj LAT(AzJ — b))

Learned ISTA —40-

normalized mean sqguare error

iterations

271 = soft threshold,,., (W{zj + ng)

Not learned Learned
ISTA LISTA ALISTA TILISTA GLISTA

our bounds are close to

empirical performance

Bound _*_ _._ +
O

Empirical =N 033 D- learned optimizers provably
Gregor etal. 2010  Liuetal. 2019  Liuetal. 2019  Wu et al. 2020 perform well in just 10 steps ¢




