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Overview

‣ A feasible optimization proxy (which efficiently generates solutions of 
optimization problems)
– real-time operations

– simulations

– multi-stage optimization problems

‣ ...for the dual of a second order cone relaxation of AC-OPF
– valid lower bound

– verify quality of feasible solutions

– alternative to neural network verification

‣ ...without needing ground truth solutions as training targets (self-
supervision)
– avoids solving cost

– results in better solutions in some past works (e.g., [Chen et al., 2024])



Conic Program

‣ Most convex optimization problems in practice can be represented so

‣ Leverages specific structures

o e.g., success of interior point method

Figure 1. Classification of convex cones. [Di Bologna & Wiese, 2020]



Second Order Cone Relaxation

Supply-demand balance

Power flow equations

Line thermal limit

Change of variables*

[Jabr, 2006]



Second Order Cone Relaxation

[Jabr, 2006]



Second Order Cone Notation

‣ Let us define second order cone and rotated second order cone



Building the Dual of SOC-OPF
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Conic Dual of SOC-OPF



Conic Dual of SOC-OPF

Similar to duality of linear programs

How to learn to solve this problem?



Neural Network Proxy

‣ A supervised proxy that learns to imitate solver output given problem 

instance parameters.

– Feasibility? Independent Variables Prediction

Ground truth solutions

gradient information 



Independent Variables Prediction

gradient information 

Dual objective

Neural Network Proxy

‣ A self-supervised proxy that learns to produce good solutions 

without ground truth solutions.

– Feasibility?

– Use properties of the dual!



Utilizing Properties of the Dual



Utilizing Properties of the Dual

Primal constraint

At most one should be nonzero

Otherwise, suboptimal!

• Feasibility of equality constraints

• No loss of optimality



Utilizing Properties of the Dual



Utilizing Properties of the Dual

Must be =

Otherwise, suboptimal!

• Feasibility of the conic constraints

• One fewer variable to predict

• No loss of optimality



Utilizing Properties of the Dual



Utilizing Properties of the Dual

Primal constraint

Close to 1 in practice

Complementary slackness*

(*if the primal is strictly feasible)

Must be =

Otherwise, suboptimal!



Utilizing Properties of the Dual

• All completion steps are differentiable

• The choice of variables to predict is not unique!



The Dual Conic Proxy

Dual Feasibility CompletionIndependent Variables Prediction

gradient information 

Dual objective



Results

Gaps of objective values compared to those obtained by an interior 

point solver on SOC-OPF

‣ Different choices of what and how to 

predict can significantly impact result.



SDP Relaxation

‣ Strong relaxation 

‣ Scaling to larger problems 🫤

‣ Testing multiple methods

– Highlighted by a key difference: recover or predict 𝑆?

– Recovering: more straightforward, but requires eigenvalue computation

– Predicting: doesn’t need eigenvalue, but more complicated



Conclusion

‣ An optimization proxy that generates high-quality valid lower bounds 

for AC-OPF.

‣ Achieved progress in applying the methodology to DC-OPF and SDP 

relaxation of AC-OPF
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Open Source OPF ML Tools

‣ AI4OPT is announcing two open-source repositories for OPF 

Learning

– https://github.com/AI4OPT
– ML4OPF: Use OPFGenerator 

datasets for deep learning with 

feasibility repair layers, loss 

functions in PyTorch

• Planned public release of pre-trained 

model checkpoints

– OPFGenerator: Instance generator 

for reproducible and representative  

AC/DC/SOC-OPF datasets in Julia

• Planned public release of pre-generated 

datasets



Conclusion

‣ An optimization proxy that generates high-quality valid lower bounds 

for AC-OPF.
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– OPFGenerator: Instance 

generator for reproducible 

and representative  

AC/DC/SOC-OPF datasets 

in Julia

– ML4OPF: Use 

OPFGenerator datasets for 

deep learning with feasibility 

repair layers, loss functions 

in PyTorch
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