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PySINDy: A Python package for the sparse identification of nonlinear dynamical systems from data

. Maximizing the impact of these model discovery methods requires tools to make them widely accessible to scientists across domains and at various levels of mathematical expertise.

PySINDy is a Python package for the discovery of governing dynamical systems models from data. In particular, PySINDy provides tools for applying the SINDy approach to model discovery [START_REF] Brunton | Discovering governing equations from data by sparse identification of nonlinear dynamical systems[END_REF]. Given data in the form of state measurements x(t) ∈ R n , the SINDy method seeks a function f such that

d dt x(t) = f (x(t)).
SINDy poses this model discovery as a sparse regression problem, wherein relevant terms in f are selected from a library of candidate functions. Thus, SINDy models balance accuracy and efficiency, resulting in parsimonious models that avoid overfitting while remaining interpretable and generalizable. This approach is straightforward to understand and can be readily customized using different sparse regression algorithms or library functions.

The PySINDy package is aimed at researchers and practitioners alike, enabling anyone with access to measurement data to engage in scientific model discovery. The package is designed to be accessible to inexperienced practitioners, while also including options that allow more advanced users to customize it to their needs. A number of popular SINDy variants are implemented, but PySINDy is also designed to enable further extensions for research and experimentation. The package follows object-oriented design and is scikit-learn compatible.

The SINDy method has been widely applied for model identification in applications such as chemical reaction dynamics [START_REF] Hoffmann | Reactive SINDy: Discovering governing reactions from concentration data[END_REF], nonlinear optics [START_REF] Sorokina | Sparse identification for nonlinear optical communication systems: SINO method[END_REF], thermal fluids [START_REF] Loiseau | Data-driven modeling of the chaotic thermal convection in an annular thermosyphon[END_REF], plasma convection [START_REF] Dam | Sparse identification of a predator-prey system from simulation data of a convection model[END_REF], numerical algorithms [START_REF] Thaler | Sparse identification of truncation errors[END_REF], and structural modeling [START_REF] Lai | Sparse structural system identification method for nonlinear dynamic systems with hysteresis/inelastic behavior[END_REF]. It has also been extended to handle more complex modeling scenarios such as partial differential equations [START_REF] Rudy | Data-driven discovery of partial differential equations[END_REF][START_REF] Schaeffer | Learning partial differential equations via data discovery and sparse optimization[END_REF], systems with inputs or control [START_REF] Kaiser | Sparse identification of nonlinear dynamics for model predictive control in the low-data limit[END_REF], corrupt or limited data [START_REF] Schaeffer | Extracting sparse high-dimensional dynamics from limited data[END_REF][START_REF] Tran | Exact recovery of chaotic systems from highly corrupted data[END_REF], integral formulations [START_REF] Reinbold | Using noisy or incomplete data to discover models of spatiotemporal dynamics[END_REF][START_REF] Schaeffer | Sparse model selection via integral terms[END_REF], physical constraints [START_REF] Loiseau | Constrained sparse Galerkin regression[END_REF], tensor representations [START_REF] Gelß | Multidimensional approximation of nonlinear dynamical systems[END_REF], and stochastic systems [START_REF] Boninsegna | Sparse learning of stochastic dynamical equations[END_REF]. However, there is not a definitive standard implementation or package for applying SINDy. Versions of SINDy have been implemented within larger projects such as sparsereg [START_REF] Quade | Sparsereg -collection of modern sparse regression algorithms[END_REF], but no specific implementation has emerged as the most widely adopted and most versions implement only a limited set of features. Researchers have thus typically written their own implementations, resulting in duplicated effort and a lack of standardization. This not only makes it more difficult to apply SINDy to scientific data sets, but also makes it more challenging to benchmark extensions to the method against the original and makes such extensions less accessible to end users. The PySINDy package provides a dedicated central codebase where many of the basic SINDy features are implemented, allowing for easy use and standardization. This also makes it straightforward for users to extend the package in a way such that new developments are available to a wider user base.

Features

The core object in the PySINDy package is the SINDy model class, which is implemented as a scikit-learn estimator. This design was chosen to make the package simple to use for a wide user base, as many potential users will be familiar with scikit-learn. It also expresses the SINDy model object at the appropriate level of abstraction so that users can embed it into more complicated pipelines in scikit-learn, such as tools for parameter tuning and model selection.

Applying SINDy involves making several modeling decisions, namely: which numerical differentiation method is used, which functions make up the feature library, and which sparse regression algorithm is applied to learn the model. The core SINDy object uses a set of default options but can be easily customized using a number of common approaches implemented in PySINDy. The package provides a few standard options for numerical differentiation (finite difference and smoothed finite difference), feature libraries (polynomial and Fourier libraries, as well as a class for creating custom libraries), and sparse regression techniques (sequentially thresholded least squares [START_REF] Brunton | Discovering governing equations from data by sparse identification of nonlinear dynamical systems[END_REF], LASSO [START_REF] Tibshirani | Regression shrinkage and selection via the lasso[END_REF], and sparse relaxed regularized regression [START_REF] Zheng | A unified framework for sparse relaxed regularized regression: SR3[END_REF]). Users can also create their own differentiation, sparse regression, or feature library objects for further customization.

The software package includes tutorials in the form of Jupyter notebooks. These tutorials demonstrate the usage of various features in the package and reproduce the examples from the original SINDy paper [START_REF] Brunton | Discovering governing equations from data by sparse identification of nonlinear dynamical systems[END_REF].
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