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Deep-learning-based model augmentation First-principle model for augmentation
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Data gathered in MuJoCo high-fidelity simulator
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Sampling frequency of 40 Hz
6701 data points for training, 1675 for validation, and 8283

for testing /

LFR-based augmentation structure Cost function

\ * Model augmentation embedded into
Currently not used to SUBNET

., — Pprevent algebraic loops

T—1
e 1 1 .
(future possibility) N E = EO ysesr — yk+l|kH§

, All LFR matrices are tuned k€TIN ec i
during the optimization 1

/ No. sections Section length

Training options

/ Optimized \ / Regularization of physical \ / Orthogonalization-based\

parameters parameters regularization

« Neural network  Physical parameters should not reach « ANN prioritizes identification
parameters (¢) unrealistic values of unknown dynamics

« Option: tuning (reg) (sec)
V08 (4 9) = V) (4 9) + al|f — 6
the physical Dy ($:9) = Vi, "(9,6) + allf = bolls, 1 Fsll, , = BIT wFs (2, w)ll5

/ /
parameters (6) el ReaulEe pd P N

\ / \cost fun. parameter Normalizatioy . : Projection matriy

\ /Deep subspace encoders\ / \

" : for nonlinear system Deep learning of
Initial states are estimated by encoder network identification vehicle dynamics

Multi-shooting-based loss function with
truncated, overlapping sections

CT SUBNET implements an ODE solver step
with derivative normalization factor

Initialization: randomly (e.g. Xavier-method)
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Dynamic model augmentation

 Introducing hidden states > memory effect of the unmodeled terms can be considered
« Hidden states are estimated by an encoder network similarly to the black-box case
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