Dual Conic Proxies for AC-Optimal Power Flow
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AC-OPF (Optimal Power Flow)
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Nonlinear, nonconvex, valuable
for power system operations
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>~ A feasible optimization proxy (efficiently generates solutions of optimization
problems)

— real-time operations
— simulations
— multi-stage optimization problems

» ...for the dual of a convex relaxation of AC-OPF
— valid lower bound for AC-OPF
— verify quality of past solutions, primal proxy solutions...

> ...without needing ground truth solutions as training targets (self-
supervision)
— avoids solving cost
— results in better solutions in some past works (e.g., [1])
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>~ "Most convex optimization problems in practice are conic-representable”

> Addresses specific structures
o e.g., success of interior point method

exponential

cone

quadratic
cones

Figure 1. Classification of convex cones. [2]




Second Order Cone Relaxation
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~— Power flow equations
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Second Order Cone Relaxation
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Second Order Cone Formulation f"ﬁ.(.)npstmtzztfgnmvances
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» Let us define second order cone and rotated second order cone
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Qn {z € R" | 221290 > 23 + ... + 22, 21,22 > 0}




Second Order Cone Formulation ﬁ'gnps;}g;;gtfgnmvances
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Let us define second order cone and rotated second order cone
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Quadratic cones in dimension 3
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> We call the relaxation SOC-OPF (“second order cone”).




Building the Dual of SOC-OPF
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Conic Dual of SOC-OPF ﬁ'nstiwtemdvances

in Optimization
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How to learn to solve this problem?
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> A supervised proxy that learns to imitate solver output given problem

Instance parameters.
— Feasibility?

Pd

dd

Variables Prediction
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AP A

— Ground truth solutions

LG4 <>— RMSE




Neural Network Proxy n' tite for pdvances

> A self-supervised proxy that learns to produce good solutions
without ground truth solutions.
— How to enforce the constraints? o Variables Prediction
— Use properties of the dual! | |
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Utilizing Properties of the Dual ﬁ'nstiwtemdvances
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*Alternatively, due to

complementary slackness...
Primal constraint

p¢ < p; <P;

Feasibility of equality constraints
No loss of optimality
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« Feasibility of the conic constraints
* One fewer variable to predict
* No loss of optimality
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The Dual Conic Proxy Lo i

Independent Variables Prediction " Dual Feasibility Completion
— —> > M\ —
_ T  (8b)—(8m) [V, V
: | ——-Pg '
B m . | Y —> B, § Dual objective
i (O R T U B G R A L(y)
pd _ I —wW _W I A
: M — — H
> > —> — <
>» > > )\p’ )\q L wt, wre, i
dd — ’
J -] O 1| e
—> > > U,

T gradient information V£ ()




a:’ Al Institute for Advances

in Optimization

>~ (Gaps of objective values compared to those obtained by an interior
point solver on SOC-OPF

%gap — DCP
System indep. (w',w') | mean | std max
iceeld X, Rect. 1.17 |550 25.20
X, A Polar 032 |553 24.79
a7 Rect. 0.54 |548 24.68
a7 Polar 005 |551 24.52
ieeell8 X, ) Rect. 0.76 10.49 2.51
A, A Polar 040 |045  2.07
a7 Rect. 036 009 098
7 v Polar 008 |0.15 057
ieee300 X, Rect. 147 |146 1486
X, A Polar 094 |146 14.45
a7 Rect. 086 |1.37 14.11
a7 Polar 058 |127 13.56
pegasel354 X, A Rect. 5486 |5.01 63.28
X, Polar | 5477 |5.02 63.20
a7 Rect. 2.14 023 266
7 v Polar 1.62 |0.18  2.08
pegase2869 X, Rect. 67.82 |486 75.28
X, A Polar | 6753 [490 75.06
a7 Rect. 209 017 262
787 Polar 1.57 |0.18  2.11




" @AI Institute for Advances
ConCI USIOn in Optimization

> An optimization proxy that generates high-quality valid lower bounds
for AC-OPF.

>~ Ongoing:
o Applying the methodology to DC-OPF, risk assessment...
o Applying the methodology to SDP relaxation of AC-OPF
o Improve worst-case performance

ggc@gatech.edu E_ u” }

Dual Conic Proxies for AC-Optimal Power Flow\x "



Open Source OPF Learning Tools ﬁlgnpstg;;gtzg;gnmvances

> AI4OPT is announcing two open-source repositories for OPF
Learning

— https://github.com/Al40PT

— ML4OPF: Use OPFGenerator
— OPFGenerator: Instance generator datasets for deep learning with

for reproducible and representative feasibility repair layers, loss
AC/DC/SOC-OPF datasets in Julia functions in PyTorch
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