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Motivation

“A Golden Retriever dog wearing a blue

checkered beret and red dotted turtleneck.”

C. Saharia et al., “Photorealistic Text-to-Image
Diffusion Models with Deep Language Understanding,”
May 2022, doi: 10.48550/arXiv.2205.11487
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M. Arpogaus, M. Voss, B. Sick, M. Nigge-Uricher, and O. Diirr, “Short-Term Density Forecasting of
Low-Voltage Load using Bernstein-Polynomial Normalizing Flows,” arXiv:2204.13939 [cs, stat], Apr.

2022, [Online]. Available: http://arxiv.org/abs/2204.13939
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Multimodale Verteilung
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Abb. aus: M. Arpogaus, “Probabilistic short-term load forecasting using conditioned normalizing flows,” 2020.



o . Hochschule Konstanz
Technik, Wirtschaft und Gestaltung

T
W
G

Standardlastprofile

800 | R

(o))
o
o

Power [W]
D
S

N
o
o

00:‘00 06:00 12:00 18:00
Time

- o @
Abb. aus: [1] M. Anvari, E. Proedrou, B. Schaefer, C. Beck, H. Kantz, and M. Timme, “Data-Driven Load Profiles and the Dynamics of Residential Electric
PowerConsumption,” arXiv:2009.09287 [physics], Sep. 2020, Accessed: Jan. 21, 2022. [Online]. Available: http://arxiv.org/abs/2009.09287 26.09.2022 4
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Deep Generative Models

Implizite

Dichteschatzung Generative Adversial Networks

Generative . .
Modelle Approximative

Dichte Variational Autoencoder

Explizite
Dichteschatzung

Auswertbare

Dichte Normalizing Flows

Abb. nach: A. Oussidi and A. Elhassouny, “Deep generative models: Survey,” in 2018 International Conference on Intelligent Systems and 26.09.2022
Computer Vision (ISCV), Apr. 2018, pp. 1-8. doi: 10.1109/ISACV.2018.8354080. R
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Abb. aus: L. Weng, “What are diffusion models?,” lilianweng.github.io, Jul. 2021. https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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Abb. aus: L. Weng, “What are diffusion models?,” lilianweng.github.io, Jul. 2021. https:/lilianweng.github.io/posts/2021-07-11-diffusion-models/ * . .

Tab. nach: S. Bond-Taylor, A. Leach, Y. Long, and C. G. Willcocks, “Deep Generative Modelling: A Comparative Review of VAEs, GANs,
Normalizing Flows, Energy-Based and Autoregressive Models,” IEEE Trans. Pattern Anal. Mach. Intell., pp. 1-1, 2021, doi: 26.09.2022 7
10.1109/TPAMI.2021.3116668.
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Abb. aus: L. Weng, “What are diffusion models?,” lilianweng.github.io, Jul. 2021. https://lilianweng.github.io/posts/2021-07-11-diffusion-models/ 26.09.2022 8
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Abb. aus: L. Weng, “What are diffusion models?,” lilianweng.github.io, Jul. 2021. https:/lilianweng.github.io/posts/2021-07-11-diffusion-models/ * . .

Tab. nach: S. Bond-Taylor, A. Leach, Y. Long, and C. G. Willcocks, “Deep Generative Modelling: A Comparative Review of VAEs, GANs,
Normalizing Flows, Energy-Based and Autoregressive Models,” IEEE Trans. Pattern Anal. Mach. Intell., pp. 1-1, 2021, doi: 26.09.2022 9
10.1109/TPAMI.2021.3116668.
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Normalizing Flows
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Abb. aus: M. Arpogaus, “Probabilistic short-term load forecasting using conditioned normalizing flows,” 2020. 26.09.2022 10
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Abb. aus: L. Weng, “What are diffusion models?,” lilianweng.github.io, Jul. 2021. https:/lilianweng.github.io/posts/2021-07-11-diffusion-models/ * . .

Tab. nach: S. Bond-Taylor, A. Leach, Y. Long, and C. G. Willcocks, “Deep Generative Modelling: A Comparative Review of VAEs, GANs,
Normalizing Flows, Energy-Based and Autoregressive Models,” IEEE Trans. Pattern Anal. Mach. Intell., pp. 1-1, 2021, doi: 26.09.2022 11
10.1109/TPAMI.2021.3116668.
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Betriebsfithrung

— Niederspannungsnetz
nur unvolistandig
vermessen

— Fiir fehlende
Messungen werden
Prognosen benoétigt
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Zusammenfassung

— Verbrauchs- und Erzeugerprofile auf der Niederspannungseben sind erheblichen
stochastischen Schwankungen unterworfen.

— Fur die optimale Auslegung und Betriebsflihrung von dezentralen Energienetzen
mussen diese Unsicherheiten beherrschbar gemacht werden.

— Genetrative Modelle bieten viel Potential fur die Generierung von fehlenden
Daten und Prognosen. ' ¢

— Normalizing Flows bieten dartber hinaus eine Moglichkeit, komplexe
Verteilungen auszuwerten. . ° S
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Vielen Dank!

Gibt es Fragen?
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