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Why use AI for Power Systems Optimization?
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The use cases are endless when you shift the computational burden offline to make a model that’s faster
than a conventional solver (run more scenarios! Solve ACOPF in real time! Provide better warm-starts to Gurobi!)



Bottlenecks and Open Questions

3

Bottleneck 1: Even if you can solve a (AC OPF? SCOPF?) problem in 1 millisecond, you are solving steady-state 
power flows. We can’t apply those actions every 1 millisecond anyway. Extremely fast OPF is good for running 
many scenarios simultaneously, but can we actually use their solutions in real-time?

Bottleneck 2: Diagnosing infeasibilities/nonconvergence is often one of the most time-consuming tasks for an 
actual grid operator, but a lot of these models are solving cases that are too easy and do not provide a way of 
handling infeasible system states.

There are more bottlenecks and open questions but I don’t want to give away alllll my research ideas ;) 

Non-Technical Bottleneck: Getting Grid Operators to adopt these AI-based solutions!
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Most SCADA systems return measurements on a 2-second scale. PMUs are 100x+ faster, but measurements are 
more scattered

SCADA and PMUs measure voltage, current, real and reactive power, but phase angles must be calculated
from a state estimator5 – we just need the real and reactive demand at each bus

If we have these every 1-2 seconds, we are now exiting the validity of the steady-state assumption …

We have the inputs on fast timescales, but AC OPF is steady-state…

5M. Rice and G. Heydt, Phasor Measurement Unit Data in Power System State Estimation, PSERC report, 2005

Modelica 9-bus dynamic simulation where
generator setpoints are changed too
quickly, resulting in unstable rotor angles



Comparing other learning-for-OPF methods…
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Changing generator setpoints too rapidly with high magnitudes of change may cause instability, even if it’s “optimal” 

We generated random loading samples in the 57-bus network and tried three of these methods:

Despite low constraint violations
and optimality gaps, stability is
not guaranteed

Here, we’re defining dynamical stability in terms of generator 
rotor angle stability, as defined in the classical machine 

model. Other measures of stability can also be incorporated.



Introducing… Dynamic OPF Net (DynOPF-Net)
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Learning optimal (AC OPF) generator setpoints while better ensuring stability

How does it work…? →

Slightly higher optimality gaps but significantly fewer stability issues



We want to now solve the Stability-Constrained AC OPF

7Synchronous Generator Dynamic Model (Single Machine Equivalent – SIME)



End-to-end differentiable model
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• Leverages feed-forward NN architecture for OPF, 
Neural ODE architecture for dynamical stability

• Constraints are incorporated into the loss function 
via a Lagrangian Relaxation based approach 



Challenge 2: Infeasible Problems
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→ Sometimes in power systems, infeasibility actually means we don’t have enough generation capacity
→ Or lines or transformers are overloaded

→ We may have to shed load to maintain reliability/feasibility

Feasibility Detection 
(Binary Classification)

Decision Tree or FFNN

Counterfactual Analysis
(If some system settings or inputs 
would have been different, could 

that flip the 0 to a 1?)

Call on generation reserves, 
perform demand response, 

load shed (worst case)

A suite of options that can push us to feasibility



Isn’t there an “optimal”?

ℎ 𝒙 ≤ 𝒔

s ≥ 𝟎

min 
𝒙,𝒔 

𝑓 𝒙 + 𝑔(𝒔)
Isn’t the ‘optimal’ decision the one which minimizes 
the amount of slack added to the original problem?

Not necessarily.
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ℎ 𝒙 ≤ 𝒔

s ≥ 𝟎

min 
𝒙,𝒔 

𝑓 𝒙 + 𝑔(𝒔)
Isn’t the ‘optimal’ decision the one which minimizes 
the amount of slack added to the original problem?

Not necessarily.

(Also, for large systems, adding hundreds or thousands of new variables/constraints is not ideal!)

The “optimal” way to load shed, for example,
may hurt more communities more than others

Mathematical optimality  ≠ Social optimality
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Isn’t there an “optimal”?



The Counterfactual

What modifications to the load vector will result in the classifier prediction changing from a 0 to a 1?

Set of k counterfactuals
(load/gen modification vectors) We can generate a set of possible 

counterfactuals that an operator can choose 
from

(should I shed load at bus 34? Should I bring 
online additional generation at bus 12?)
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What modifications to the load vector will result in the classifier prediction changing from a 0 to a 1?

Set of k counterfactuals
(load/gen modification vectors) The loss function here describes how 

effectively the counterfactuals change the 
classification from a 0 to a 1

f is a differentiable model (e.g. our 
classifier)
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The Counterfactual



What modifications to the load vector will result in the classifier prediction changing from a 0 to a 1?

Set of k counterfactuals
(load/gen modification vectors)

A distance metric that penalizes too 
much change from our original feature 

vector x 

We don’t want to change the system more 
than we have to!
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The Counterfactual



What modifications to the load vector will result in the classifier prediction changing from a 0 to a 1?

Set of k counterfactuals
(load/gen modification vectors)

A diversity metric that promotes a wider 
variety of counterfactuals to yield diverse 

options (rather than a bunch of 
counterfactuals that are slight 
perturbations of each other)

where
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The Counterfactual



Example scenario

CF Option 1

CF Option 2

CF Option 3

Total load reduction 
or gen increase

31.36 MW

41.55 MW

26.67 MW

Hmm…option 3 results in the lowest change, but customers at bus 8 have experienced a lot of outages lately.

I could call on a lot of demand response for the industrial customer at bus 4, or use CF Option 1 and call on a
smaller amount of DR for customer 4 and use some storage reserves at bus 7.

Any of these options will help keep the lights on!
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Conclusion
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The community has done a great job with the foundation work for solving AC OPF quickly

But there are a lot of other challenging power systems optimization problems to be solved

And not just the pretty ones which make the results look good, but the hard ones: the ones close to Jacobian 
singularities, the ones with no feasible solution to begin with, the ones where we’re close to voltage collapse…

It’s time to move on to the hard ones now that we’ve proven that AI can be used to solve optimizations quickly



Thank you!
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Questions?
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  h  ( 𝒙 ) ≤ 𝒔


  s ≥ 𝟎


      min    𝒙 , 𝒔   ⁡  f  ( 𝒙 ) + g ( 𝒔 )


  ≠

