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However, standard data-driven ROMs of high-dimensional
mechanical models are not guaranteed to be Lagrangian

Harsh Sharma, Assistant Professor, Department of Mechanical Engineering, UW-Madison



Structure-preserving Operator Inference for learning Lagrangian ROMs

FOM data

Reduced data

Lagrangian Operator Inference

Step 1. Reduced Lagrangian formulation

Lopinf(aaa) G %ﬁTfl o

min, . "
K=K +0,6=¢" >0

Step 4: Separate linear least-squares problem

A

y(t) = Eq(t)

A 5 R 14
Reduced data Lopinf(@,6) = 54

Step 1 - Lagrangian Operator Inference

h

Step 2 - Structure-preserving machine learning
[:’:NN(él)] [UNN(ﬁ)]

= Lopinf(8, @) + 26" MynG — Unn(@).

ﬁNN(é\l)

| L

[ o SR N i (Q)
mmMNN7UNN,]:NN (f+MNN)Q +CQ + NN -I-KQ-|— NN

such that (I + My )ﬁ >0, ]—'(ﬁ) =0

MlH

j': = ﬁopinf(a) G ﬁNN(ﬁ)

F

Learned ROMs provide accurate predictions both outside the training time interval, as well as for unseen initial conditions
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Learning nonlinear Lagrangian ROMs from
experimental data for backbone curve prediction
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Dynamic shape control of soft robots

via linear Lagrangian ROMs
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V7~ YR$IN'A | Goal: Model Reduction

Full Order Model (FOM) Motivation: Why do we need ROMs?
e We have a massive, complex model. e Digital Twins: We need models that run
e Simulating it is extremely slow and in real-time.
computationally expensive. e Optimization: We need to run
Reduced Order Model (ROM) thousands of simulations quickly.

e Control Design: We need simple models
to design controllers.

e Goal: Create a small, fast model that
behaves identically.

Black-Box Challenge

This is easy if you have the system matrices (E, A, B, C). What if the system is a physical
experiment where you can only get simulation data?

R. Smith, smithrgh@vt.edu Tangential Quadrature Based Balanced Truncation
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V7~ YR$INA | Intrusive to Data-Driven Methods

Classic Balanced Truncation (BT) QuadBT [GosEA, GUGERCIN, BEATTIE ’22]
[Moore ’81] o Data-driven. It implicitly approximates
e Computes Gramian matrices (P, ET QE) the Gramians using only samples of the
that describe the system’s dynamics. system'’s response.

New Problem

It's intrusive. It requires explicit access to the QuadBT must first construct a massive data
full system matrices (E, A, B, C). matrix L from all the samples.

Computational Bottleneck

Computing the SVD (Singular Value Decomposition) of this massive, dense matrix LL is the
primary memory and processing bottleneck.

R. Smith, smithrgh@vt.edu Tangential Quadrature Based Balanced Truncation 2/3
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V7~ YR$INIA | Our Solution: Tangential QuadBT

Main Idea: Tangential QuadBT
e We avoid building the giant block matrix IL entirely.
How It Works
1. Apply tangential directions to the data samples first.
2. Construct a single, compressed matrix L.
3. Compute the SVD of L

We achieve the accuracy of QuadBT at a fraction of the computation time and
memory.

R. Smith, smithrgh@vt.edu Tangential Quadrature Based Balanced Truncation
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Sparse Observations Spatiotemporal Dynamics

Figure 1. Conceptual illustration of the challenge: Decoding Sparse Observations to Spatiotemporal Dynamics.

ST-MLRN (SpatioTemporal Modulated Low-Rank Networks) combines a recurrent network for
dynamics with a novel Implicit Neural Representation (INR) decoder for full-state reconstruction.

A 4 A

[ Hypernet ] [ Hypernet]

D .. — 2E D)

WL/ bL

v
] Trainable L
B Fixed
.

Figure 2. Summary diagram of ST-MLRN.
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Table 1. Comparative performance of ST-MLRN and baseline models. ST-MLRN achieves the lowest prediction errors
(highlighted in bold) across four datasets with a comparable number of parameters.

Model dataset — KS FlowAO  SWE (128x128) Seismic

SHRED #parameters 425K 32.5M 20.1M 3.09M

Error e 6.20e-2 4. 13e-2 1.75e-1 1.67e-1

#parameters 393K 395K 917K 1.93M

SHRED-ROM e o e 6.28e-2 6.53e-2 5.13e-1 4.77e-1

#parameters 448K 121K 397K 1.49M

ModSIREN Error e 63462  312e2 4.62e-2 112e-1
ST-MLRN #parameters 348K/484K 103K/149K  337K/407K  1.39M/1.80M

Error e 3.09e-2 2.97e-2 2.78e-2 8.41e-2

Ground Truth ST;MLRN Prediction SHRED Prediction 5 ModSIREN Prediction

-~ 0.2 L - L
waoe waoe - ) ».o .
- 01 M 01 W 01 W 0.1
) 0.0 ' 0.0 0.0 ‘ 0.0
- - - -
. -0.1 N . 0.1 -0.1 N . -0.1
' - - d f - 4 - 4
Observations ST-MLRN Error SHRED Error ModSIREN Error
= 0.2 0.10 l’/ ;:;’ - 0.10 0.10
. \
0.1 0.05 0.05 0.05
0.0 0.00 0.00 0.00
-0.05 -0.05 -0.05
-0.1 -_
-0.10 - -0.10 -0.10

Figure 3. ST-MLRN achieves significantly lower error in reconstructing the surface elevation (n) for the Shallow Water
Equations (SWE, 128 x 128) at the 200th time step. The visualization highlights how the ST-MLRN Error panel
demonstrates superior fidelity compared to both SHRED and ModSIREN given the same observations as model input.
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Table 2. ST-MLRN prediction errors on Standard and Super-Resolution tasks for the SWE case. The results confirm
resolution-invariance under a constant training budget (standard scenarios: 64, 128, 256 resolutions). Errors are also

reported for super-resolution scenarios (e.g., 128 — 256), showing minimal accuracy loss when testing on higher
resolutions than those used for training.

. Standard Super-Resolution
Variable
64 128 256 64 — 128 128 — 256

U 2./7/7e-2 2.90e-2 3.91e-2 9.6%e-2 521e-2
v 2.68e-7? 2.38e-2 3.55e-2 9.8%e-2 4. 88e-2
n 2.90e-2 2.78e-2 428e-2 8.14e-2 4.60e-2

— Train — Train 6x1072 —— Train
Valid Valid Valid
10724 1072
a n n 4x10° \
@] le) 8 \
- -l —
1034 1073; 3x10 21
, . . . . 04 : : ; ; . , —
0 50 100 150 200 250 300 0 100 200 300 400 500 600 700 0 50 100150200 250 300 350400
Epochs Epochs Epochs

Figure 5. Comparison of training dynamics in the KS case. ST-MLRN enables stable convergence in fewer epochs (left,

Ir=2e-3) compared to ModSIREN, which requires hyperparameter tuning and suffers instability with larger learning ~~__ Georgia
rates (middle and right, Ir=1e-4, 2e-4), using the same optimizer and scheduler. 1§
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Probabilistic Error Analysis of a Randomized Proper Orthogonal
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Decomposition
« Kathrin Smetana’, Tommaso Taddei?, Marissa Whitby' and Zhiyu Yin’

2 Sapienza University of Rome

o

STEVENS

« 1 Stevens Institute of Technology

Main goals: To approximate the range of a bounded nonlinear parameter to
solution map using POD and derive error bounds that do not rely on the dimension
of the ambient space.

Current Result: We have a nonasymptotic probabilistic error bound of the
covariance estimator used in POD/PCA for bounded random variables.

Current Direction: We are currently using arguments from [Rei3, Wahl ‘20] to
derive a priori error bounds for POD/PCA for bounded random variables.

Motivation: For a restrictive subclass of sub-Gaussian random variables, which
excludes some bounded random variables, [ReiB, Wahl ‘20] shows for a covariance
operator with exponentially decaying eigenvalues that the number of samples needed
to produce (quasi-)optimal results scales linearly in the dimension of the reduced space.

Applications:

Construction of local multiscale ansatz spaces [Smetana, Taddei ‘23]

PCA of the gradient of the log-likelihood function for Bayesian Inverse Problems [Zahm,
Cui, Law, Spantini, Marzouk ‘22]

¥" Supported by NSF Award # 2145364
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