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Temporal stability in reduced order 

model prediction of  sea states

Contact

Feel free to reach out to frtp@dhigroup.com for any questions, comments or feedback.
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Approach 1:

Eigenvalue regularization:

𝜆 𝐶𝑓 < 1

Approach 2:

Temporal unrolling:
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Koopman Autoencoder
Proper orthogonal decomposition with 

linear regression (PODLR)
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Optimize reconstruction

Step 1
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Optimize prediction

Step 2

• Non-differentiable autoencoder, differentiable training of  LR

• Fast, but sometimes unstable

• End-to-end differentiable training

• Slower training, but more stable

Temporal stability

Impose stability properties 

during training.

Results

Further results for LKAE TU

Stay in 

touch!

Dashed: Train data subset (Jan-Apr 2021). 

Full: Test data subset (May-Jun 2021).

Train period Test period Time step Latent space dim.

Jan.-Dec. 2021 Jan.-Dec. 2022 30 min 15 (x), 50 (u)

mailto:frtp@dhigroup.com
mailto:frtp@dhigroup.com
mailto:frtp@dhigroup.com

	Slide 1

