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Quadcopter trajectory-tracking with optimization

» \ » Model predictive control
=T e optimize over a smaller horizon (T steps),
’ : implement first action,
repeat
success! v/ failure! X
(if given enough time) not enough time to solve

optimization

Co. . T
minimize ;:t_l ||5t — SgefH% — actions

subject to sy = As; + Buy
St © S, Ui = U
S0 = Sinit

we need good
algorithms to enable

real-time optimization!




Real-world optimization is parametric

problem - . optimal
parameter minimize  f(z,x) solution
X - | subject to 2z € Q(x) -2 (x)

signal processing

demand, Nnoisy

problem initial state |
parameter x | renewable generation measurement
vda?%acemz thrusts, torques power flow underlying signal



First-order methods are widely popular again...

iterlates parameter
first-order methods use fixed-point kit 1 B I |
only (sub)-gradient information iterations “ (x ) o j{(z (x), x)

algorithm update

example: projected gradient descent benefits of first-order methods

cheap iterations
minimize  f(z,x) P V

subject to z € Q(x) embedded large-scale
optimization optimization

#H1(0) =l (H(5) ~ 0V /(). )
S —
projection gradient step

many general-purpose PD| P ( \
convex solvers... et

Applegate et al. 2021 Stellato et al. 2020 O’Donoghue et al. 2016



...But general-purpose first-order methods can converge slowly

initialize

fixed point

() =T (2" (x
~

*

), @)

algorithm steps

terminate when optimal solution

IN many applications, we have a budget recall quadcopter:
of iterations (e.qg., | only have ammm— oNly a few milliseconds to
time to run 20 fixed-point steps) solve each problem




Can machine learning speed up convex parametric optimization?

goal: do mapping quickly and accurately

parameter optimal solution

27 ()

minimize  f(z,x)
subject to z € Q(x)




The learning to optimize paradigm

learning to

Goal: solve the problem minimize  f(z,z) g
_ _ _ . optimize surveys
within a budget of K iterations  subject to 2z € Q(x) Amos 2023; Chen et al. 2022;
Offine " Training learn
Data collection @ |
training optimal — candidate
parameters solutions ~ traiNiNg /1 iterations of a solution
solve ] ‘parameter | |earnable optimizer
- e T | 'e@mabeo K ()
I I with weights @ 0 0SS

gdeploy
we want a learned

Online evaluation optimizer that

unseen learned optimizer @E@ _high-quality

>

¢ s highly data-efficient

parameter L\ solution
x -

® has worst-case guarantees




Overview of talk

learning algorithm hyperparameters

can we learn powerful optimizers with
scarce tralnlng data?”

training data

: -I- E Learning Algorithm Hyperparameters

for Fast Parametric Convex Optimization
- R. Sambharya, B. Stellato




Research question

parameter size

decision variable size

.
l minimize

r c R? >

-

subject to z € Q(x)

“ l

(z2) 2% (x) € R"

v,
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training
parameters

size of training

@ / dataset

{mi ff\;1

~
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.

low-data regime is common
N <<d and/or N <<n

e data can be expensive (e.qg., robotics)

® often have high-dimensional problems
(oroblems in control, power grids, data

science, can have 10,000+ variables) )

can we learn powerful optimizers

with scarce training data?

> just NV = 10 samples!
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Other methods: learning to optimize in the convex setting

our question: can we learn powerful optimizers

with scarce training data?

~

\_

learning warm starts

learn a high-quality initial point from data

Baker 2019; Finn et al. 2017; Chen et al. 2018; Chen et al. 2022;
Sharony et al. 2024; Sambharya et al. 2024

~

-~

/

\ e

limitation: these methods are

data-hungry since they
require learning many weights

learning algorithm steps
learn the update function from data

Banert et al. 2024; Saravanos et al. 2024; King et al. 2024

~

Gregor and LeCun 2010; Ichnowski 2021; Venkataraman and Amos 2021;

/

can we develop a learned

= optimizer with a very

low number of weights?
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First-order methods as fixed-length computational graphs

‘e
-
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G
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‘X
parameter l fixed budget e ™
algorithm
hyperparameters
(e.g., step sizes)
(6°,...,0%~ 1
g /
example: projected gradient descent ® conventional wisdom: use a constant step size

k+1 __ k k k ® : el
zg " (x) = g (25 (x) — 07V, f (29 (), z)) recent advances: vary the step size
Altschuler and Parrilo 2023, Grimmer 2023, Bok and Altschuler 2024

what if we learn the step sizes?
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Learning the algorithm hyperparameters framework

‘e
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‘e
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0
2g(T) =
initial point
P dod N exception:
oo {(zi, 2% (x:)) } Y optimize ¢ with closed-form
tralning mstances: v I IR - — Solutions in
/ - \ J some cases!
training problem
minimize (1/N) Zfll 1255 (23) — 2% (x3) |5 learned hyperparameters
subject to Zé@ 1(%) = T} (Zg(%)) ® shared across prol:?lem instances
0 - e differ across iterations
) =0
29 (T4)

\_ A ® 'ow number of weights




Learning step sizes for sparse coding

NoISy : :
neasurement signal reconstruction
r ¢ ROV - | minimize (1/2)||Az — 2||3 + A||z]||1
1S
> 10 ' S —
+0 —
— — —
cg@l() L —
2107
2105 O orders
7 10-T. of magnitude
0 10 20 30
1terations
Nesterov Nearest neighbor Learned Learned
. warm start warm starts step sizes
Sambharya et al. 2024
10000 training instances 10 training instances

reconstructed
signal

R Z*($) c RQOOO

learning step sizes
can be powerful

this is a highly
data-efficient approach

multi-step descent

phenomenon
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We learn a spiky step size schedule!

step s1zes

I

DO

0

! I -Ill‘ |‘ -
| AiaAudPalinininiiiiiniiniiinl
10 20) 30

1terations

similar to recent results on

spiking (silver) step sizes

Altschuler, Parrilo, Grimmer

we exploit the parametric structure
to learn aggressive step sizes

e focus: family of parameters——
e similar opt landscapes -

¢ same initial point -

our learned optimizer is

highly interpretable

—— no neural networks!
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Learning hyperparameters for general convex optimization

convex optimization
min  (1/2)w! Pw + ¢t w
s.t. Aw-+s=05>

s € C
S ~convex cone

with = = (P, A,c,b)

accelerated ADMM

projected gradient descent not well-suited
® no closed-form projection

¢ instead, the alternating direction method
of multipliers (ADMM) is well-suited

Douglas and Rachford 1956, Gabay and Mercier 1976, Boyd et al 2011

hyperparameters
e time-varying (o, 3")
® time-invariant (0-7 /0)

(computational advantages in time-invariance)

with minor changes, we learn-to-optimize

more general convex problems
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Model predictive control of a quadcopter

quadratic program

1T
> e llse — 5713

r ¢ R*

error= 0.0 cm
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nearest neighbor
80 Iterations

minimize
subject to

error= 0.0 cm

previous solution
80 Iterations

St4+1 = ASt -+ But
St © S, Ut & U
S0 — Sinit

error= 0.0cm

learned
20 Iterations

Z* ($) c R175O

- actions

time = 0.00 s

with learning, we

can track the
trajectory well
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Summary: learning algorithm hyperparameters

question: can we learn powerful optimizers with scarce training data?
approach: learn a shared sequence of hyperparameters

takeaways:
e solution quality improved by 5+ orders of magnitude

e only 10 training instances used, when problem dimensions are much larger
® |earn spiky step size schedules (progressive training and closed-form solutions)

E Learning Algorithm Hyperparameters for Fast Parametric Convex Optimization

. . R. Sambharya, B. Stellato
= ya,
..-. | | if
nm Fl n

=d SIAM Journal on the Mathematics of Data Science, 2026 (forthcoming)
‘o

= L https://arxiv.org/pdf/2411.15717
E_. J-..._ri Q https://github.com/stellatogrp/learning_algorithm_hyperparameters
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Overview of talk

learning to optimize with guarantees

can we learn powerful optimizers with
finite-iteration worst-case guarantees?

E Learning Acceleration Algorithms for Fast Parametric
Convex Optimization with Certified Robustness

d R. Sambharya, J. Bok, N. Matni, G. Pappas
r] (under review)

n 0
; I O https://github.com/rajivsambharya/learn_accel_steps_robust
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Research question

(no learning component)

/

worst-case guarantees are a hallmark of classical algorithms for convex optimization

v X

learned optimizers ...but lack worst-case guarantees
excel in practice... within a budget of iterations!
guarantees are a must g )

if we want to deploy
in the real world!

can we learn powerful optimizers that have

finite-iteration worst-case guarantees?
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Other types of guarantees in learning to optimize

our question: can we learn powerful optimizers that have
finite-iteration worst-case guarantees?

convergence guarantees generalization guarantees

asymptotic convergence under distributional model x ~ D, we
as iterations — o get finite-iteration probabilistic guarantees

Fahy, Golbabaee, Ehrhardt 2024; Heaton et al. 2023; Sucker, Fadlii, Ochs 2025; Balcan et al. 2021;
Banert et al. 2024; Martin and Furieri 2024; Sambharya et al. 2024 Saravanos et al. 2024; Sambharya and Stellato 2025

limitation: relies on I.i.d. assumption,
often unrealistic (e.g., sequential settings);
no out-of-distribution guarantees

limitation: no guarantee on
finite-iteration performance
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What can go wrong? Learned optimizers lack worst-case guarantees

: _ reconstructed
sighal reconstruction signal
re R/ —— | minimize (1/2)]Az — {3 + Allz]s - *(x) € R0

out-of-distribution

101" 4
z 10% failures on
Té% 106 out-of-distribution instances
2 10> can we learn hyperparameters
200 -— . that are robust?
0 10 20 30
1terations
assical learned
classica hyperparameters

—h— - 20



Can we learn hyperparameters ¢ that are robust?

a strong form of robustness —worst-case guarantees for all parameters in a set X’
|2 () — 2% (@) I? <~(0)][2°(x) — 2" () |° Vo eX

/ \ T~ a provided set

performance metric level of of all possible
robustness parameters

ideally, learn 6 as before
but constrain v(0) < ~'*rect

but how can we
evaluate y(6)?

an acceptable target
robustness level
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Certified robustness for all parameters in a set

definition: (f,X) is F, r-parametrized if f(-,x) € F, 1 Vre X

T

u-strongly convex, L-smooth

for every x € X, f(-,x) is p-strongly convex and L-smooth

example: minimize (1/2)||Az — z||5 + \|| 2|1 X = R¢
S— S~
f(z,2) 9(z, )

(f, X) is J ., p-parametrized

/N

min and max eigenvalues of A% A

(g, X) is Fy oo-parametrized

worst-case guarantees over function can leverage Performance
class iImply worst-case guarantees over set Estimation Problem analysis
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The Performance Estimation Problem (PEP) Framework can help us

/ PEP main idea: given a function class and algorithm, PEP \
computes the worst-case finite-iteration performance

) . level of
hyperpa@rameters semidefinite program robus(tr;ess
: I,

e dimension-independent
e exact guarantee

\_ Y,
\ Drori, Teboulle, Hendrickx, Glineur, Taylor, Ryu, Grimmer, and many more /

but how can we

solve an SDP

)

train for robustness?

to evaluate (6)



minimize  (objective)

Robust training of hyperparameters

penalty

PEP-regularized training problem formulation

subject to (algorithm steps) 2y ' (z;) = T(
(initial point) zg(x;) =0
4 9 )
differentiable optimization to compute 82(9 )
O PyTorch
Tensor

Amos et. al 2017, Agrawal et. al 2019

l

(1/N) S 128 (i) — 2% (2) )13 + A((0) — yt2rEet) 1 )?

zo(xy), ;) k=0,...,K —1,Vi

we use gradient-based methods

to solve the PEP-regularized
training problem

approximately satisfy robustness

constraint y(6) < &t
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Learning robust hyperparameters for sparse coding

: _ reconstructed
signal reconstruction signal
v ¢ R1OVO - | minimize (1/2)||Az — 2||3 + A||z]||1 - 2*(z) € R*
in-distribution out-of-distribution
:\\‘\ 1010_
E 10" e T 4? 105
g 10—2 g 06
= Z 1A
_;%10_4 § TOQ
1077 10" e
0 10 20 30 0 10 20 30
1terations 1terations
Nesterov Learned: not robust tradeoff between training with
—— - performance robustness protects In
v = 0.01 v = 0.10 Y = 0 and robustness out-of-distribution cases

(most robust) (least robust)



Optimization-based Kalman filtering

second-order cone program

Huber loss

minimize g
subject to

"o den s

noisy trajectory

out-of-distribution . .
@ optimal solution

5 Iterations
B no learning

learned .
learning w/ robustness

B learned + robust performs best

out-of-distribution




Summary: learning to optimize with finite-iteration worst-case guarantees

question: can we learn powerful optimizers with finite-iteration worst-case guarantees?

approach:

e adapt the learning algorithm hyperparameters approach
e use PEP and differentiable optimization for regularized training

takeaways:
e finite-iteration worst-case guarantees obtained

e dramatic performance gains in nominal settings and more robust out-of-distribution

d https://arxiv.org/pdf/2507.16264
" Q https://github.com/rajivsambharya/learn_accel_steps_robust
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Conclusion

¢ we should rethink optimization algorithms

-~

traditional view

=2y ®one-size fits all

\3 ™\ o100 slow for real-time opt

~

-~

J

e only learning the hyperparameter sequence dramatically improves performance

e very low amount of training data needed

S

\_

new data-driven view
® task-specific + trainable

e cnables real-time opt

~

J

takeaways from this talk specifically

e we evaluate and train for robustness using PEP

@ sambhar9@seas.upenn.edu

@ rajivsambharya.qgithub.io
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