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Motivation Diffusion Guidance based on Power Flow Constraints

Sampling steps can be characterized as transitions from M, to M;_;:
= There is an increasing demand for large-scale and high-quality datasets for

. . , , = Theoretically, a diffusion model trained on a dataset of feasible power flow
machine learning and data analysis tasks in power systems.

, , , = (1) we do a denoising step based on x; and estimate the clean data x,
data points should satisfy the power flow constraints.

= Challenges in Data Availability: privacy and security concerns, data sparsity, etc. * (2) add the gradient guidance term,

* |n practice, a diffusion model may generate power flow data points that are
infeasible due to learning and sampling errors.

= (3) add noise w.r.t. the corresponding noise schedule and obtain x;_;.
A synthetic dataset is artificially generated data that mirrors the statistical proper-
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Physics Information

OPF Constraints
Gp',.q,v,0)<0
H(p',q',v,0) =0

A high-level view of the problem setup.

Diffusion Models

= Forward diffusion process that gradually adds noise to input

How can we enforce power flow constraints in generated samples?

= Our goal is to minimize the data consistency loss Ry(x) on the clean data

manifold M:

in R
min - Ry (x),

where H(-) encodes the equality constraints and
Ry(x) = [ H(x)]l2.
= We take one step of Riemannian gradient descent on M:
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= Reverse denoising process that learns to generate data by denoising . .
grad Ry (Rop) = Pr m (Vi Bn(Xope)) Conclusion
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= Training: The loss function to train the denoiser neural network ¢y is
Laif = Ex et [HE — €p(xy, t)HZ} :

Xt—1 = [o(Xs, 1) + Ov€s,

= Affine subspace assumption of clean data manifold M:
PTA M (V}A((WRH(}A(OH)) ~ V)A(OHRH(}A(O’t)’

X0t

= Synthesized power flow data points effectively capture the pattern, domain,

and modes of underlying distributions of the real power flow data.

= Sampling: = The proposed gradient guidance approach successfully enforces power flow

constraints during sampling, ensuring the feasibility of the generated data.
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