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Background

ØLocal energy communities (LECs) coordinate 

a large number of distributed energy resources 

(DERs) and achieve the on-site management of 

energy balance.

ØThe stochasticity and variability associated with 

renewable energy and loads introduce 

significant uncertainty for LECs.

Motivation and Contribution
Fig. 1. Sketch of LECs

Case study
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Case Studies

Dispatch with uncertainty: 

• Stochastic optimization: overly optimistic

• Robust optimization: over-conservative

• Distributional robust optimization (DRO): 

A Balanced approach by considering the worst-

case distribution within a specified ambiguity set.

Probabilistic forecasting: 

• Parametric: Based on the assumption that the 

data follows a specific statistical distribution.

Non-parametric: Kernel density estimation or 

Quantile regression.

• Scenario generation: Diffusion or GAN.

Forecasting Decision making

Ø Traditional forecasting approach: Minimizing 
forecasting errors. 

Ø Decision-focused Learning (DFL): Optimize 
z and w as a whole.

Ø Two issues are neglected by existing works on 
DFL:

• Probabilistic output !𝑦 = 𝑀(𝑋,𝑤): develop a 

unified framework to bridge probabilistic 

forecasting (parametric or non-parametric) 

with LECs energy management.

• Dynamic parameter 𝜂: develop an adaptive 

DFL model that can adjust to dynamically 

changing decision-making parameters.

Higher accuracy does not 
necessarily imply lower 

operation costs[1].

p Continual DFL Approach

• Covariate shift: 𝑃 𝑋 changes, but 𝑃 𝑌|𝑋 remains the same. 

• Label shift: 𝑃 𝑌 changes, but 𝑃 𝑋|𝑌 remains the same.

• Concept shift: 𝑃 𝑌|𝑋 changes, but 𝑃 𝑋 remains the same. 

Ø Traditional load forecasting focuses on learning the 

distribution of the inputs to model 𝑋 and its outputs 𝑌

These aspects do not consider the impact of data distribution 

shifts on downstream tasks.

Equipment updates

Electricity price fluctuations

unforeseen events…

Task shift: The parameters 

involved in decision-making 

may change dynamically.

p Unified DFL Framework

General Form of two-stage DRO with Wasserstein distance

Strong 
duality

Ø Decision-making module

Ø Sampling module
Sampling from a uniform distribution [0,1] and then mapping 

into different scenarios (Ensures differentiability).

• Parametric: e.g., Gaussian output:

• Non-parametric: e.g., Quantile Regression.

Linear interpolation:

Optimization differentiable 
neural network (OptNet)

LP/QP, SOCP[2], MILP/QP[3]

Different kinds of DRO

Wrong direction

Setting 1 and 2: The variation in cost related to up 

and down reserve is relatively small/large in both 

the training and testing phases. –No task shifts

When 𝜀 decreases, DRO degrades to SO.

Setting 3 and 4: Costs related to up/down reserve 

are large/small in the training phase, while small/

large in the testing phase - task shifts
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