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TL;DR. A small neural network learning a linear Bellman surrogate recovers a competitive multistage repair policy: it matches or outperforms AlwaysRepair on toy and case14, and
reveals that immediate repair is not always optimal – repair pays only when the predicted forward value beats the marginal repair cost.

10× – 100× faster
than SAA / SDDiP overall (training + deployment)

01 PROBLEM & MODEL
From a weather-driven outage to a tractable repair model.

1. Motivation: weather, repair, and a learned policy
Extreme weather increasingly cascades through power grids into wide-area load shed-
ding. Flexibility alone is not enough: storage, redispatch and curtailment act on
minutes, while weather-driven outages unfold over days, and lost connectivity returns
only when failed components are repaired.

Repair scheduling is therefore the binding decision: over a T -stage horizon, decide
which components to repair and when, given a τ -stage delay and uncertain future
failures. Classical SAA / SDDiP do not scale well here – the binary availability state
grows as 2(1+τ )(NG+E).
2. Optimization model: decisions, dynamics, uncertainty

Stage-t decisions. Generation dispatch ptg, served load ptl (shed = dt − ptl), and binary
repair activations rtg, rte on failed generators / lines, with a τ -stage delay.
Objective.
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DC-OPF + load-shedding [5], coupled to availability maps atg, ate:

CBC⊤θt =
atg⊙ptg, −ptl

⊤, 0≤ptg≤atg⊙pg.

Stochastic failure model. Components fail independently but with non-constant
probabilities driven by the same log-linear logit curve, parameterized by peak stage
t∗ and peak probability pmax – a common weather hazard hitting the whole grid at once.
It is possible that a repaired component may fail again later in the horizon.

02 METHOD
Replacement of the Bellman recursion with a learned linear surrogate.

3. SAA / SDDiP / DFL: idea, complexity, scaling

Idea Complexity / scaling

SAA One extensive-form MIP over nscen scenarios. Exact in the limit; combinatorial in scenarios
and stages.

SDDiP [1] Bellman recursion on the binary state, refined
by Lagrangian cuts.

Finite convergence; exponential backward
pass in NG+E.

DFL (ours) Learn a linear surrogate of the cost-to-go;
deploy one MIP per stage.

Forward pass + DC-OPF LP; 10×–100×
faster.

More on SDDiP. Forward passes sample paths; backward passes add integer Lagrangian cuts on the expected
future cost Vt+1. Each cut needs a relaxation exact on {0, 1}NG+E, so the backward pass is exponential in NG+E;
we use SDDiP only for LB / UB brackets. Within a 48 h budget, SAA returns essentially NoRepair-quality
solutions on every network (2.51 M on toy and 3.62 M on case14) – This intractability motivates trying DFL.

4. DFL in detail: linear surrogate & Fenchel–Young loss

We replace the unknown expected future cost by a linear surrogate V̂t+1 = −θ⊤
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e, whose coefficients θt = (θtg, θte) are predicted by a neural network πψ(Ωt) from the

information set Ωt = (a, q, ξ, λ, t).
Training. The per-stage MIP is treated as a perturbed argmax [4], which makes it dif-
ferentiable. The Fenchel–Young loss [3] LFY(θt, r∗,t) is then a convex, differentiable
surrogate that pushes πψ toward predictions whose perturbed optimum agrees with the
target r∗,t. Gradients flow through the optimizer: the LP becomes a trainable layer,
end-to-end.

Why isn’t immediate repair always optimal? The per-stage decision collapses
to a closed-form test repair k ⇐⇒ θtk > βk: repair only when the predicted for-
ward value θtk beats the immediate repair cost βk. Late in the horizon, or
when a line is unlikely to be reused, DFL declines to repair – an option
AlwaysRepair cannot exploit.
5. Experimental setting

• Networks. toy (5-bus / 2-gen / 5-line), IEEE case14, case30; T=14, τ=1.
• Costs. α=1,000 m.u./MWh shed; βg≈550 m.u., βe≈350 m.u..
• Failures. logit hazard, t∗=1, K=1.5; 50/50 mix of pmax∈[0.55, 0.70] and [0.80, 0.90].
• Baselines. NoRepair, AlwaysRepair, SAA, SDDiP.
• Training. MLP 128→256→128; Adam lr=10−3; FY loss ε=0.1; ntrain ∈ [25, 105]; 500

held-out scenarios.

03 RESULTS
DFL generally works better and 10×–100× faster than classical approaches.

6. Cost: how good is the policy?

toy case14
DFL is the lowest-cost method on toy (880 k vs. AlwaysRepair’s 904 k) and on
case14 (2.28 M vs. 2.31 M); on case30 DFL ≈ 10% above AlwaysRepair.
7. Cost composition: where the budget goes

toy case14
DFL spends roughly the same repair budget as AlwaysRepair, but on the right compo-
nents, leading to a lower overall cost.
8. Speed: orders of magnitude at deployment

toy case14
After training, at deployment, we have one forward pass plus a per-stage DC-OPF LP.
– the runtime gap to SAA / SDDiP spans several orders of magnitude, and DFL
parallelises trivially across scenarios.
9. What’s next

• case30 ongoing work. Best test cost at ntrain=100, degrading thereafter – a sign
that linear surrogates lose expressiveness as networks grow.

• Richer neural network architectures. A trade-off between simplicity and
expressiveness is to be investigated.

• Distributionally-robust training of πψ. To stay safe under hazard misspecifica-
tion (e.g. wrong t∗ or pmax).

• Richer surrogates. Piecewise-linear or other types of cost-to-go functions trained
with the same Fenchel-Young pipeline.

• Reinforcement-learning techniques. We still need to explore further how well
RL will perform in situations with more difficult actions.

• Scaling. Larger benchmarks (case57 and beyond) and more challenging weather
scenarios will also be investigated.
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