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Quadpratic programming layer pipeline

More recent literature considers differentiable optimization problems as layers.
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Figure: Example of a Quadratic Programming Layer
(with D nonsingular)
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QP layers in machine learning

Convex QP layers performs better than

a ConvNet for solving Sudokus.
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Figure: Example of Sudoku.

'B. Amos, Z. Kolter (2021)

= Conv Train Conv Test == OptNet Train OptNet Test
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Figure: Training and test plots'.
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QP layers cons: limited trainable architecture

INPUT
QP layer OUTPUT
_'> * I
X y € argmin X'y )
y
ty,—
s.t., A'y=1 and y20. FORWARD

PASS

Parameters:

e trained: A'

Figure: a LP layer. Nothing guarantees during training that the vector of 1 lies in the

range space of Al,
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Solution outline: ideal pipeline
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1 x*, s*e argmin -xTy W
s.t., Atx= 1+s, X", S L({x*;, s*D=X; |1%" — x| + [[s;7]]?
> 0 < x.
Y FORWARD PASS
Parameter trained: A
<%
At+1 = At—' Ir aAL } dAL = ax*Lan*+ as*L 6AS*
SGD based update Chain rule
proposing a methodology for learning
constraint elements independently BACKWARD PASS
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constraint elements independently

21411|3
1{3]2]4 QPLayer: A full differentiable pipeline
3 3111412 in C++ connected with PyTorch.
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SGD based update Chain rule
proposing a methodology for learning BACKWARD PASS

propose algorithms to differentiate
through closest feasible QP solutions



Software contribution
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THE ADVANCED PROXIMAL OPTIMIZATION TOOLBOX Summary

PyPI link
v fast: C++ implementation, with homemade linear Cholesky solver ‘ ) ) 3
v scalable: various backends for dense, sparse and matrix-free optimization https://pypi.org/project/proxsuite
v easy-to-use: AP| closed to OSQP, Python and Julia bindings
v open-source: BSD-license, easily installable Total downloads
180,196
Hlles | Lakels ‘ Badges ‘ Total downloads - 30 days
B License: BSD-2-Clause 1,791
# Home: https://github.com/simple-robotics/proxsuite Total downloads - 7 days
/> Development: https://github.com/simple-robotics/proxsuite 3 257

& 160860 total downloads

B3 Last upload: 1 month and 25 days ago
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The backward pass: differentiating closest QP solutions
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The backward pass: differentiating closest QP solutions

A classical technique: the Implicit Function Theorem.
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The backward pass: differentiating closest QP solutions
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with L(z, z, s; 0) £ f(z; ) + 2z (C(0)x — u(8) — s).

A classical technique: the Implicit Function Theorem.
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The backward pass: differentiating closest QP solutions
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C(0)"[t]+

The map is path-differentiable.

E. Pauwels et al. (2019)
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Numerical benchmark: back to the Sodoku problem.

Convex QP layers performs better than

a ConvNet for solving Sudokus.
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Figure: Example of Sudoku.

'B. Amos, Z. Kolter (2021)

= Conv Train Conv Test == OptNet Train OptNet Test
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Figure: Training and test plots'.
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MSE

Loss comparison

OptNet;
Ax=1 violation

OptNet-learn A;
Ax=1 violation

QPLayer-learn A;
Ax=1 violation

N OptNet;

i /\/\__/\f\/ \ test loss
i

OptNet-learn A;
L - test loss

P QPLayer-learn A;
test loss

2.5 5.0 75 100 125 15.0 17.5  20.0
Epoch

QPLayer - benchmark 717



ENS

PSL*

Methodology for learning new QP layers

o |FT for closest feasible QPs
o Extended conservative Jacobians

QPlayer: open-source differentiable pipeline
o Use Augmented-Lagrangian techniques

o Connected with PyTorch
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https://github.com/Simple-Robotics/proxsuite
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THE ADVANCED PROXIMAL OPTIMIZATION TOOLBOX
PyPI link

() CI - Linux/OSX/Windows - Cond passing

https://pypi.org/project/proxsuite

v fast: C++ implementation, with homemade linear Cholesky solver
v scalable: various backends for dense, sparse and matrix-free optimization
v easy-to-use: AP| closed to OSQP, Python and Julia bindings Total downloads
v open-source: BSD-license, easily installable 180,196
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Exact Method of Multipliers launched from z°
with )3, 1/p*finite

Zk+1= Zk - 1/uk Sk, sk € 65(Zk+1)

-s": smallestin



