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 Approximate nonlinear models
 (Can be done without modeling
 Loss-less dimensionality reduction
* Bifurcation and scaling parameters

* Physically interpretable change of variables
that generalize across scales

Not known in many problems

e Non-newtonian fluids
 Bio-chemical systems

« Complex systems

Find dimensionless groups that
best collapse available data

Bakarii, J., Callaham, J., Brunton, S. L., & Kutz, J. N. (2022) arXiv preprint



How do we find dimensionless numbers?
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Probabilistic corollary of the Buckingham Pi theorem

Loss-less dimensionality reduction that preserves prediction error
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Hypothesis

The most physically meaningful dimensionless basis ™ is the optimal
coordinate transformation p — z* that minimizes the loss

7T = argmin (m@;n |7, — w(ﬂp)Hg) ™= |7y, T
7T

How do we constrain the set of possible solutions for xr and y ?



Methods

. BuckiNet: include the null-space loss in the first layer of a deep network

. Constrained optimization with non-parametric v

. Sparse identification of parametric differential equations
with dimensionless coefficients



1. Constrained Optimization
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Loss function e Regularization constraint
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p

» 1 is a non-parametric Gaussian radial basis function (RBF)

* Using Kernel Ridge Regression
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2. BuckiNet
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Bead on rotating hoop

Fory > 1, we have two extra
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Bead on rotating hoop

Dimensionless loss
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Physically meaningful equations are dimensionally homogeneous
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3. Dimensionless SINDy
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Find combination i _
Log-loss per combination T 1 y

with optimal error
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Rayleigh-Benard Problem

To + AT
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Conclusions

* Proposed a hypothesis for discovering dimensionless groups from parametric data through an optimal fit
» Used the algebraic form of the Buckingham Pi theorem as soft and hard constraints

* Generalized the SINDy method to discover dimensionless parametric differential equations

Future work

» Use these methods on real-world data where the underlying dimensionless groups are not known
* Improve the robustness of the method for small and noisy data

* Improve efficiency of hyper-parameter optimization, particularly in the dimensionless SINDy method
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