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Summary7

State-space models (SSMs) are powerful tools for modeling time series data that naturally8

arise in a variety of domains, including neuroscience, finance, and engineering. The unifying9

principle of these models is they assume an observation sequence, 𝑌1, 𝑌2, ..., 𝑌𝑇, is generated10

through an underlying latent sequence, 𝑋1, 𝑋2, ..., 𝑋𝑇. This framework encompasses two11

popular models for time series analysis: the hidden Markov model (HMM) and the (Gaussian)12

linear dynamical system (LDS, i.e., the Kalman filter). Thus, SSMs provide a probabilistic13

framework for describing the temporal evolution of many phenomena, and their generality14

naturally leads to a variety of use cases. We introduce StateSpaceDynamics.jl (Senne et al.,15

2025), an open-source, modular package designed to be fast, readable, and self-contained for16

the purpose of easily fitting a plurality of SSMs in the Julia language.17

Statement of need18

Advances in neuroscience have enabled the collection of massive, multivariate, and complex19

time-series datasets, where simultaneous observations from hundreds to thousands of neurons20

are increasingly common. Interpreting these high-dimensional datasets presents significant21

challenges. Recent modeling approaches suggest that neural activity can be characterized by22

a set of latent factors evolving within a low-dimensional manifold. Consequently, there is a23

growing need for models that combine dimensionality reduction with temporal dynamics, for24

which state-space models provide a natural framework.25

While state-space model implementations exist in Python, such as the SSM package (S.26

Linderman, 2022) and Dynamax (Chang et al., 2024), the Julia programming language lacks27

an equivalent that meets the needs of modern neuroscience. Existing Julia offerings, like28

StateSpaceModels.jl (Bodin, Guilherme, 2024), can accommodate continuous-state SSMs29

(e.g., LDS) but are limited to Gaussian observation models and rely on analytical calculation30

of the marginal log-likelihood. This latter limitation precludes model inference and parameter31

learning for non-conjugate observations which are common in neuroscience, where neural32

activity follow Poisson or other discrete distributions. Packages for performing inference and33

learning using sampling-based methods exist in Julia (such as Turing.jl (Ge, H., 2018))34

but are computationally inefficient compared to tailored approaches based on Expectation-35

Maximization (EM). For discrete SSMs, an existing Julia offering, HiddenMarkovModels.jl36

(Dalle, 2024), is efficient and scalable but not intentionally designed with the functionality for37

mixing models that contain both discrete and continuous latent variables, such as the switching38

linear dynamical system model (SLDS) (Ghahramani & Hinton, 2000; S. W. Linderman et al.,39

2016) increasingly used in neuroscience.40
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Package design41

To address these limitations, we developed StateSpaceDynamics.jl, which provides a flexible42

framework for fitting a variety of SSMs–including non-Gaussian observation models and models43

that mix discrete and continuous latents–while maintaining computational efficiency.44

For continuous latent-variable models, (e.g., LDS) StateSpaceDynamics.jl employs a previ-45

ously advocated approach of directly maximizing the complete-data log-likelihood with respect46

to the hidden state path (Paninski et al., 2010). By leveraging the block-tridiagonal structure47

of the Hessian matrix, this method allows for the exact computation of the Kalman smoother48

in O(T) time (Paninski et al., 2010). Furthermore, it facilitates the generalization of the49

Rauch–Tung–Striebel (RTS) smoother to accommodate other observation models (e.g., Poisson50

and Bernoulli), requiring only the computation of the gradient and Hessian of the new model51

to obtain an exact maximum a posteriori (MAP) path (Macke et al., 2011).52

Using analytically computable Hessians, StateSpaceDynamics.jl performs approximate EM for53

non-Gaussian models via Laplace approximation of the latent posterior. Speed is maintained by54

using fast inversion algorithms of the negative Hessian (i.e., Fisher Information Matrix), which55

are block-tridiagonal (Rybicki & Hummer, 1990). From here StateSpaceDynamics.jl com-56

putes the approximate second moments of the posterior i.e., Cov(𝑋𝑡, 𝑋𝑡) and Cov(𝑋𝑡, 𝑋𝑡−1),57

and uses the analytical updates of the canonical LDS (Bishop, 2006; Paninski et al., 2010). It58

is important to note that when the observations and state-evolution process are assumed to59

have Gaussian errors, this approach is exactly the same as using the standard Kalman Filter60

and RTS-Smoother, i.e., they will give the same results.61

Lastly, StateSpaceDynamics.jl provides implementations of discrete state-space models i.e.,62

hidden Markov models, and the ability to fit these models using EM. While this is not the63

primary development target of the package, these models are necessary for the development of64

hierarchical models that mix discrete and continuous latents, e.g., the switching LDS (SLDS)65

and the recurrent switching LDS (rSLDS) (Ghahramani & Hinton, 2000; S. W. Linderman et66

al., 2016; Murphy, 1998) which have become immensely popular in neuroscience and require67

similarly tailored computational routines for efficient inference and learning. To illustrate the68

functionality of StateSpaceDynamics.jl for this model class, we include an implementation69

of the SLDS fit via structured variational EM (vEM) (Ghahramani & Hinton, 2000). The70

development of HiddenMarkovModels.jl, may make our approach to discrete model learning71

redundant, and future work may entail directly interfacing with this package (Dalle, 2024).72

Nonetheless, we provide a suite of HMM models popular in neuroscience including the classic73

Gaussian HMM and a variety of input-output HMMs (Bengio & Frasconi, 1994), commonly74

referred to as generalized linear model-HMMs (GLM-HMMs) (Ashwood et al., 2022) in75

neuroscience.76

By providing these features, StateSpaceDynamics.jl fills a critical gap in the Julia ecosystem,77

offering modern computational neuroscientists the tools to model complex neural data with78

state-space models that incorporate both dimensionality reduction and temporal dynamics.79

Benchmarks80

To evaluate the performance of StateSpaceDynamics.jl, we conducted two benchmarking81

studies focusing on fitting a Gaussian LDS and a Bernoulli GLM-HMM. For the Gaussian LDS82

benchmark, we compared our package against two alternatives: the NumPy-based Kalman83

filter-smoother package pykalman and the more recent JAX-based Dynamax. We intentionally84

excluded StateSpaceModels.jl from our comparison as its scope is geared towards structured85

time-series models. Dynamax was properly JIT-compiled by running a warm-up iteration before86

benchmarking to ensure fair comparison.87

For our Gaussian LDS experiments, we constructed a synthetic dataset as follows. The88
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state transition matrix 𝐴 was generated as a random 𝑛-dimensional rotation matrix, while89

the observation matrix 𝐶 was created as a random 𝑚 × 𝑛 matrix. Both the state noise90

covariance 𝑄 and observation noise covariance 𝑅 were set to identity matrices. To ensure a91

fair comparison, all packages were initialized using identical random parameters, after which92

we executed the EM algorithm for 100 iterations. We conducted these benchmarks using93

PythonCall.jl (Doris, 2021) and BenchmarkTools.jl (Revels, 2017), with the assumption94

that Julia-to-Python overhead is negligible for these computationally intensive operations.95

To thoroughly assess performance across different scales, we tested three sequence lengths96

(𝑇 = 100, 500, 1000) and explored various dimensionality combinations, with state dimensions97

𝑛 = 2, 4, 6, 8 and observation dimensions 𝑚 = 2, 4, 6, 8. Notably, we always tested where the98

latent dimension was less than or equal to the observation dimension.99

For the subsequent benchmarking experiments, we compared StateSpaceDynamics.jl,100

HiddenMarkovModels.jl, and Dynamax in their abilities to fit a Bernoulli GLM-HMM. We101

completed the benchmarking on the same combinations of sequence lengths, state dimensions,102

and observation dimensions as in the Gaussian LDS benchmarking. Synthetic datasets were103

generated for each of these combinations by sampling from a randomly generated Bernoulli104

GLM-HMM using StateSpaceDynamics.jl. All packages were initialized to the same random105

parameters and the EM algorithm was run for 200 iterations. We disabled the convergence106

criteria to ensure each package completed all 200 iterations of EM. These benchmarks were107

conducted using PythonCall.jl and BenchmarkTools.jl to ensure timing accuracy.108

In our benchmarking, we find that for the LDS, both variants of StateSpaceDynamics.jl109

are faster than pykalman across all sequence lengths and dimension configurations. More110

generally, StateSpaceDynamics.jl outperforms Dynamax at shorter sequence lengths across111

various dimensional settings. However, Dynamax exhibits superior scaling. In our current112

implementation, the Hessian is represented as a sparse matrix with block-tridiagonal structure,113

resulting in O(𝑇𝑛2) memory scaling — which is optimal. However, we do not yet exploit this114

structure fully during inference. In particular, our solver does not leverage specialized routines115

for block-banded systems, which can result in unnecessary fill-in and degraded performance at116

Senne et al. (2025). StateSpaceDynamics.jl: A Julia package for probabilistic state space models (SSMs). Journal of Open Source Software,
¿VOL?(¿ISSUE?), ¿PAGE? https://doi.org/10.xxxxxx/draft.

3

https://doi.org/10.xxxxxx/draft


DRAFT
large T. Future versions will use banded or block-tridiagonal solvers to achieve truly linear-time117

inference.118

In our GLM-HMM benchmarks, our package generally outperforms Dynamax at small to119

moderate sequence lengths. However, this trend does not hold for larger state dimensions, again120

suggesting that there is room to improve our scaling performance. HiddenMarkovModels.jl121

consistently performs best across a range of sequence lengths and dimensional configurations.122

As previously noted, our implementation of these models is intended primarily to provide a123

seamless interface with our continuous state-space models. These benchmarks underscore the124

potential for a future release that leverages direct interoperability with that package.125

Taken together, these benchmarks demonstrate the competitiveness of StateSpaceDynamics.jl126

for fitting state-space models.127

Availability128

StateSpaceDynamics.jl is publicly available under the GNU license at https://github.com/129

depasquale-lab/StateSpaceDynamics.jl.130

Conclusion131

StateSpaceDynamics.jl fills an existing gap in the Julia ecosystem for general state-space132

modeling that exists in Python. Importantly, our package’s approach is simple enough that133

other candidate state-space models can be easily implemented. Further, this work provides a134

foundation for future development of more advanced state-space models, such as the rSLDS,135

which are essential for modeling complex neural data. We expect that this package will be of136

interest to computational neuroscientists and other researchers working with high-dimensional137

time series data and we are currently using its functionality in three separate projects.138
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