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Ambition and Objectives
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Linear Programming (LP) is at the core of electricity markets L "

(clearing), allowing to jointly solve resource allocation and
pricing problems.
Our aim is to replace that LP with an Al.

Motivation Points

1. High availability of contextual data
2. Decentralisation, as well as increase in dimensionality and complexity of market clearing
3. High one-off cost to train, but very cheap to use afterwards

4. Flexibility to accommodate important future aspects (fairness, human preferences, etc.)

Methodology
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Example Neural Network approximating an LP problem
max 30x; + 20x9 + 10x3 — 1524 — 2525 — 1024

Example Neural Network generalisation
A neural network was trained on randomly sampled single-node electricity
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« Primal and dual trajectories converge smoothly, especially

in low dimensions.

« Despite near-optimal solutions, constraint violations may
occur, necessitating a feasibility projection step to ensure
valid outputs.

Ongoing Work and Perspective
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« Social welfare RMSE is tightly peaked near zero, suggesting strong
generalisation.

« Price RMSE distribution is concentrated around 0.1 with a long tall,
suggesting overall accuracy but occasional large errors likely due to
active set changes or non-smooth transitions in the dual solution
space near constraint boundaries.

/ﬂ Focus on scalability
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Improving accuracy
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