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Abstract

The dynamic mode decomposition (DMD) is a powerful data-driven modeling technique
that reveals coherent spatiotemporal patterns from dynamical system snapshot observa-
tions. PyDMD is a Python package that implements DMD and several of its major optimiza-
tions and methodological extensions. In this paper, we introduce the version 1.0 release of
PyDMD, which includes new data preprocessors, plotting tools, and a number of cutting-edge
DMD methods specifically designed to handle real-world data that may be noisy, multi-
scale, parameterized, prohibitively high-dimensional, and even strongly nonlinear. The
package is friendly to install, thoroughly-documented, supplemented with extensive code
examples, and modularly-structured to support future additions. The entire codebase is
released under the MIT license and is available at https://github.com/PyDMD/PyDMD.
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1. Introduction and Motivation

In recent years, the availability and abundance of high-fidelity data across the sciences
has greatly motivated the utilization of, as well as the necessity for, algorithms that are
accurate, efficient, intuitive, and purely data-driven. One algorithm that has emerged as a
powerful method for analyzing dynamical system data is the dynamic mode decomposition
(DMD) (Schmid, 2010; Tu et al., 2014; Kutz et al., 2016a; Schmid, 2022), which generally
seeks a low-dimensional set of key spatiotemporal modes that describe a set of observations.
This information allows for a variety of tasks, including dimensionality reduction, state
reconstruction, future-state prediction, and system control. Hence despite its conception as
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a method for analyzing fluid flows (Schmid, 2010; Schmid and Sesterhenn, 2008), DMD has
since been applied to data sets across multiple scientific disciplines, including epidemiology
(Proctor and Eckhoff, 2015), neuroscience (Brunton et al., 2016), finance (Mann and Kutz,
2016), plasma physics (Taylor et al., 2018), video processing (Grosek and Kutz, 2014),
and robotics (Berger et al., 2015). DMD has even become the standard approach for
approximating the Koopman operator from data (Rowley et al., 2009; Brunton et al., 2022).
It is thus imperative that DMD and its growing suite of innovations remain both intuitive
and accessible for scientists and engineers with diverse backgrounds in mathematics.

PyDMD is a Python package that provides the tools necessary for executing the DMD
pipeline within an abstract, user-friendly interface. Initially released in 2018, the original
PyDMD package (Demo et al., 2018) (version 0.1) implemented the vast majority of DMD
algorithms available at the time of release. We provide an exhaustive list of these methods
in Table 1. However since PyDMD’s initial release, a multitude of DMD variants crucial for
real-world data analysis have been developed. For example, optimized DMD (Askham and
Kutz, 2018) and its stabilized variant bagging, optimized DMD (BOP-DMD) (Sashidhar and
Kutz, 2022) have arisen, both of which frame the DMD objective as a nonlinear optimization
problem that can be solved with variable projection. This approach not only optimally
suppresses model bias due to measurement noise, but it also allows for snapshots that are
unevenly sampled in time, as well as the application of model regularizers and constraints.
The multiresolution coherent spatiotemporal scale separation (mrCOSTS) algorithm (Lapo
et al., 2024) was also developed, which substantially improves upon multiresolution DMD
(Kutz et al., 2016b) and is capable of decomposing real-world data from multi-scale systems.
Parametric DMD for analyzing data parameterizations (Andreuzzi et al., 2023; Hess et al.,
2023), randomized DMD for optimally compressing large data sets (Erichson et al., 2019b),
and physics-informed DMD for enforcing model constraints and operator structure (Baddoo
et al., 2023) have also arisen, hence motivating their incorporation into PyDMD.

In this version 1.0 release of PyDMD, we introduce users to state-of-the-art DMD methods,
algorithms, and tools that are specifically geared towards real-world data modeling scenar-
ios. In addition to implementing the aforementioned DMD algorithms, PyDMD version 1.0
introduces a variety of methods that are critical for analyzing highly nonlinear systems, in-
cluding extended DMD (Williams et al., 2015a,b), the Hankel alternative view of Koopman
(HAVOK) analysis (Brunton et al., 2017; Hirsh et al., 2021), and the linear and nonlinear
disambiguation optimization (LANDO) (Baddoo et al., 2022). See Table 1 for a list of all
available algorithms. We also introduce a suite of data preprocessing modules such as data
centering (Hirsh et al., 2020) and time-delay (Arbabi and Mezić, 2017; Brunton et al., 2017),
as well as new plotting features for quick and simple result viewing and professional figure
generation. Our code is unit tested, regularly maintained, and completely open-source un-
der the MIT license. All implementations are backed by standard Python libraries such as
NumPy (Harris et al., 2020), SciPy (Virtanen et al., 2020), Matplotlib (Hunter, 2007) and
Scikit-learn (Pedregosa et al., 2011), and a user-friendly, Scikit-learn-style API (Buitinck
et al., 2013) is utilized in order to standardize module output and support future extensions
of the package. Thorough documentation [link] and an extensive suite of Jupyter Note-
book tutorials [link] are readily available for new users and developers of the package.
Through this update, PyDMD continues to be, to our knowledge, the only DMD toolkit that
encompasses nearly every significant DMD variant in the literature.
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Method Category DMD Method
PyDMD

0.1

PyDMD

1.0

Original method Exact DMD (Tu et al., 2014) 3 3

Noise-robust methods

Forward-backward DMD (Dawson et al., 2016) 3 3

Total least-squares DMD (Hemati et al., 2017) 3 3

Closed-form DMD (Héas and Herzet, 2022) 3 3

Subspace DMD (Takeishi et al., 2017) 3 3

Physics-informed DMD (Baddoo et al., 2023) 7 3

Optimized DMD (Askham and Kutz, 2018) 7 3

BOP-DMD (Sashidhar and Kutz, 2022) 7 3

Inputs and control DMD with control (Proctor et al., 2016) 3 3

Methods for data
compression and
sparsity promotion

Sparsity-promoting DMD (Jovanović et al., 2014) 3 3

Compressed DMD (Erichson et al., 2019a) 3 3

Randomized DMD (Erichson et al., 2019b) 7 3

Latent variable
methods for partial
measurements

Hankel DMD (Arbabi and Mezić, 2017) 3 3

Higher order DMD (Le Clainche and Vega, 2017) 3 3

HAVOK (Brunton et al., 2017; Hirsh et al., 2021) 7 3

Methods for
multi-scale data

Multiresolution DMD (Kutz et al., 2016b) 3 3

Sliding mrDMD (Dylewsky et al., 2019) 7 3

mrCOSTS (Lapo et al., 2024) 7 3

Methods for highly
nonlinear systems

Extended DMD (Williams et al., 2015b,a) 7 3

LANDO (Baddoo et al., 2022) 7 3

Parameterized data Parametric DMD (Andreuzzi et al., 2023; Hess et al., 2023) 7 3

Table 1: DMD algorithms available across different PyDMD releases.

2. PyDMD Structure and Usage

Given snapshots x(tk) ∈ Cn collected at times {tk}mk=1 and organized into the columns of
X ∈ Cn×m, the DMD algorithm generally seeks the rank-r spatiotemporal decomposition

X ≈

 | |
φ1 . . . φr

| |


b1 . . .

br


e

ω1t1 . . . eω1tm

...
. . .

...
eωrt1 . . . eωrtm

 = Φdiag(b)T(ω),

with spatial modes φj ∈ Cn, corresponding temporal frequencies ωj ∈ C, and spatiotempo-
ral mode amplitudes bj ∈ C. Variants of the algorithm arise when one alters the data that
is decomposed or the approach that is used in order to compute Φ,ω, b.

The PyDMD package is modular, with most DMD variants possessing their own module
within the package. The DMDBase class establishes a consistent API across modules, as it
implements a variety of basic functionalities and forms a foundation for the majority of
DMD variants in PyDMD. In general, PyDMD modules can (1) accept and store parameters
for their respective DMD variant, (2) compute and store spatiotemporal DMD components
via the fit method, and (3) fetch and utilize the spatiotemporal diagnostics for tasks such
as mode visualization and data reconstruction. We direct readers to the documentation
[link] for exhaustive descriptions of the front-end API, as well as to our developer tutorial
[link] for more information on the back-end API.

If we let X denote our data matrix, we can preprocess our data, perform DMD, and visu-
alize the resulting spatiotemporal modes with the following code. This particular example
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Figure 1: Sample plot summary function output using fluid flow past a cylinder data with
Reynolds number Re = 100. Data is available at dmdbook.com/DATA.zip.

demonstrates the use of exact DMD with data centering. In order to utilize alternative
DMD algorithms and preprocessors, one must simply invoke the proper PyDMD modules.

1 from pydmd import DMD

2 from pydmd.preprocessing import zero_mean_preprocessing

3 from pydmd.plotter import plot_summary

4

5 dmd = DMD(svd_rank =12) # Build DMD model.

6 dmd = zero_mean_preprocessing(dmd) # Wrap with data preprocessor.

7 dmd.fit(X) # Fit DMD model to snapshot data.

8 plot_summary(dmd) # Plot key spatiotemporal modes.

Once a PyDMD module is fitted, the plot summary routine may then be used to visualize
the components of Φ,ω, b. This function accepts a variety of plotting parameters and can
be used to generate figures like Figure 1. For more examples that highlight specific DMD
variants and use-cases, see our complete set of Jupyter Notebook tutorials [link].

3. Conclusion

The PyDMD package is an open-source project that enables users with diverse backgrounds
in mathematics to apply DMD within a user-friendly Pythonic environment. Our latest
updates featured in PyDMD version 1.0 additionally make it easier than ever for users to apply,
and visualize results from, state-of-the-art DMD methods that are capable of extracting
coherent spatiotemporal structures from real-world data sets. We hope that through this
work and future works like this, PyDMD can continue to serve as a practical data analysis
tool and as an ever-expanding centralized code base for DMD methods.
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Mihailo R. Jovanović, Peter J. Schmid, and Joseph W. Nichols. Sparsity-promoting dynamic
mode decomposition. Physics of Fluids, 26(2):024103, 2014. doi: 10.1063/1.4863670.

J. Nathan Kutz, Steven L. Brunton, Bingni W. Brunton, and Joshua L. Proctor. Dynamic
Mode Decomposition: Data-Driven Modeling of Complex Systems. Society for Industrial
and Applied Mathematics, Philadelphia, PA, 2016a. doi: 10.1137/1.9781611974508.

J. Nathan Kutz, Xing Fu, and Steven L. Brunton. Multiresolution dynamic mode de-
composition. SIAM Journal on Applied Dynamical Systems, 15(2):713–735, 2016b. doi:
10.1137/15M1023543.

Karl Lapo, Sara M. Ichinaga, and J. Nathan Kutz. Unsupervised multi-scale diagnostics,
2024. Preprint, https://arxiv.org/abs/2408.02396.
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