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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
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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 can be too slow for real-time applications

minimize  f(z,x)

subject to 2z € Q(x) Srobl
ropiem

In many applications, we

h t of iterations
First-order methods ...but can be slow ave a budget of itera

are popular... to converge!

e.d., in robotics, we may only
have 10ms to solve each problem
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Example: projected gradient descent

2P () = 1o () (2" — 0FV (2" (2), z))

projection gradient step



Can machine learning speed up convex parametric optimization?

Goal: Do mapping quickly and accurately

Parameter Optimal solution

minimize  f(z,x)
subject to z € Q(x)




Learning to optimize

Goal: solve the problem minimize  f(z,x)
within a budget of /< iterations  subject to 2z € Q(x)

Offline Training Learn
Data collection @
Training Optlmal o Candidate
Parameters solutions  Iraining K iterations of a solution
Solve . parameter | |egrnable optimizer @% o
I II . ' with weights 6 <6 (x)
Deploy
Online evaluation
Unseen Learned optimizer %’]@ X b High-quality
parameter <« ]WJ\\ solution
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Can we learn powerful optimizers with limited training data?

data expensive to get (e.g., robotics) * problems often high-dimensional (10000+ variables)

existing methods: learning to optimize
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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
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learning algorithm steps

learn the update function from data
Gregor and LeCun 2010; Ichnowski 2021; Venkataraman and Amos 2021;

J

\

limitation: these methods are

data-hungry since they
require learning many weights

.

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

approach: learn
the step sizes!

0=0p,...,0k 1

very low number of weights



Learned step sizes converge faster by many orders of magnitude!

: : reconstructed
signal reconstruction signal
r ¢ ROV - | minimize (1/2)||Az — 2||3 + A||z]||1 - 2*(z) € R*Y
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Nesterov warm start warm starts step sizes can be powerful
Sambharya et. al 2024 ThIS IS d hlghly
10000 training instances 10 training instances data-efficient approach




Model predictive control of a quadcopter

quadratic program
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nearest neighbor
80 Iterations

minimize
subject to

error= 0.0 cm

previous solution
80 Iterations

St4+1 = ASt -+ But
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S0 — Sinit

error= 0.0cm

learned
20 Iterations

Z* ($) c R175O

- actions

time = 0.00 s

with learning, we

can track the
trajectory well




We adapt our method to obtain worst-case guarantees

gap: learned optimizers lack we adapt our training loss

worst-case guarantees to obtain them

Train for a strong form of robustness: worst-case guarantees for all parameters in a set X'

r(zg (2),2) < 7(0)]2"(2) — 2" (2)|* VreX

/ Level of robustness
Performance metric: e.g.,

r(zg (z), ) = ||z (z) — 2*(x)||3 Regularized training to control (&)

e Performance estimation problem (PEP)
e Differentiable optimization

PEP Differentiable optimization

Drori, Teboulle, Hendrickx, Glineur, Amos, Agrawal, Kolter, Boyd 10
Taylor, Ryu, Grimmer, and many more



Learning robust hyperparameters for sparse coding

: _ reconstructed
sighal reconstruction signal
minimize (1/2)[[Az = |3 + A=l - 2*(z) € R2C

out-of-distribution

suboptimality
suboptimality
- = - = :‘i_ - = - =

1terations 1terations

Learned step sizes .
b Learned step sizes

Nesterov - robust
—h— 5 - We can train while
Robustness B maintaining robustness
Level v = 0.01 v = 0.10 Y = 0

(most robust) (least robust)
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Conclusion

= Traditional view

® One-size fits all

Learning to New view

optimize
—

e [ask-specific + trainable

Takeaways from this talk specifically

e Only learning the hyperparameter sequence dramatically improves performance

e \Very low amount of training data needed
® \We evaluate and train for robustness using PEP
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