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I Problem Statement

Shares of renewable energy sources in the electricity sector,
for heating and cooling and for transport until 2024

* Increase in Renewable Energy 54,4 60 %
Resources Tﬂ\ 50 %
<
S ¢ e T 40 %
* Dangerous for Grid Stability 0%
Electricity Heatingand Transport . 18,1 20 %
Cooling °
. 7,2 10 %
« Lack of Public Power System Data —_~ - —me— »
1990 1995 2000 2005 2010 2015 2020 2024
Source: German Environment Agency (UBA) based on Working Group on Renewable Energy Statistics (AGEE-Stat)
Update: 02/2025
* Machine Learning can be used to
solve this problem
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Methodology
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* Encoder generates a latent Variable

representation

Decoder P
po(Glz) g

* Decoder tries to reconstruct the
graph from the latent representation
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I Model Architecture

This refinement loop is skipped during the training
phase and is only applied during graph generation
phase of Iterative GCNDecoder:

e GCN Encoder « Retain the top x predicted edge probabilities.
« Introduce random edges to enhance regularization.
* Inner Product Decoder Eit:d‘
Z
* MLP Decoder
* GCN Decoder
» Jterative GCN Decoder
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I Data Characteristic

Node Distribution DINGO Characteristics Edge Distribution
200 4 200 -
* ENGAGE is based on Simbench 1501 B0
and contains small and less 7 gt
. . 50 50 -
diverse grids
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Results
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I Training Losses —- ENGAGE

. Decoder: Inner Product

Recon Loss

KL Loss
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Decoder: MLP

Decoder: GCN

. Decoder: Iterative GCN
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Training Losses — DINGO

Inner Product MLP GCN
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I Performance Evaluation —- ENGAGE
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Normalized Laplacian Spectrum

Average Degree Distribution
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I Performance Evaluation — DINGO

Normalized Laplacian Spectrum

Average Degree Distribution
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GCN Decoder Oscillations
Recon Loss KL Loss

Limitations

Training Instability:

» Exhibits sensitivity to hyperparameter selection
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* Prone to loss oscillation during training phases i “NL.LM

Computational Challenges: 025 o MLM

* Performance degradation with large-scale graphs M 560 1000 1500 2000 S 500 1000 1500 2000
Batches Batches

* Deeper architectures required for complex graphs increase
computational demands

» Susceptibility to over-smoothing in deeper configurations
Data Availability Constraints:

* Limited by the availability of suitable training datasets

* Can be addressed through hybrid approaches combining simpler models

Average CE] Synthetic

Degree Graphs Graphs

Mean 1.9988 4,0036

with domain-specific heuristics to generate supplementary training data

Std 0.01 5,0084
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I Conclusion & Outlook

Key Research Findings
* Successfully implemented PyTorch Geometric's VGAE framework for synthetic graph
generation
* QGenerated graphs demonstrate similarity to real-world network structures with appropriate
hyperparameter optimization

Future Research Directions
Exploration of advanced generative frameworks:
* Evaluation of moderate-complexity approaches such as GANs
» State-of-the-art diffusion models for enhanced graph generation

* Investigation of hybrid architectures combining VGAE with diffusion models to improve
link prediction capabilities
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Thank You!
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