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Abstract

Brain-wide recordings of large-scale networks of neurons now provide an unprecedented view into
how the brain drives behavior. However, brain activity contains both information directly related to
behavior as well as the potential for many internal computations. Moreover, observable behavior is
executed not only by the brain, but also by the spinal cord and peripheral nervous system. Behavior
is a coarse-grained product of neural activity, and we thus take the view that it can be best repre-
sented by lower-dimensional latent neural dynamics. Capturing this indirect relationship while dis-
ambiguating behavior-generating networks from internal computations running in parallel requires
new modeling approaches that can embody the parallel and distributed nature of large-scale neural
populations. We thus present behavior-decomposed linear dynamical systems (b-dLDS) to disen-
tangle simultaneously recorded subsystems and identify how the latent neural subsystems relate to
behavior. We demonstrate the ability of b-dLDS to decouple behavioral vs. internal computations on
controlled, simulated data, showing improvements over a state-of-the-art model that uses behavior
to supervise all dynamics based on behavior. We then show that b-dLDS can further scale up to tens
of thousands of neurons by applying our model to a large-scale recording of a zebrafish hindbrain
during the complex positional homeostasis behavior, wherein b-dLDS highlights behavior-related
dynamic connectivity networks.

1 Introduction

Brains are instrumental in generating and controlling behavior. However, the neural activity that ultimately generates
behavior is complex and can be nonlinearly or indirectly related to behavior (Urai et al., 2021). These neural processes
may not be time-aligned with behavior (Bondy et al., 2025), and are distributed and overlapping or even compositional
in time and space in the brain; at the same time, not every behavior is encoded equally in every subnetwork of
neurons (Meshulam et al., 2025; Kashefi et al., 2025; Affan & Scott, 2022; Mu et al., 2020; Wang et al.; Mendoza-
Halliday et al., 2024; Chen et al., 2024a). Moreover, these functions may evolve throughout a task (Aoi et al., 2020)
and may occur on different timescales (Shi et al., 2025). On the other hand, this neural activity also encodes many
other functions such as hunger and circadian rhythms, task-irrelevant sensory information, higher-order cognitive
functions, and emotional responses. As neural recording technologies continue to grow and evolve (Steinmetz et al.,
2021; Demas et al., 2021; Yang et al., 2024), the extent of the brain that is captured is larger and more likely to include
these many parallel functions that need to be disentangled in order to study the activity underlying the behavior of
interest (Urai et al., 2021).

Models that aim to identify meaningful temporal components of neural activity can be behavior-agnostic or behavior-
aware. Behavior-agnostic models (Sussillo et al., 2016; Linderman et al., 2016; Mudrik et al., 2024a) use only the
neural activity to learn components that can then be correlated post hoc to other known information, such as behavior,
to “translate” the model variables to address task-relevant questions, such as “Does this model component turn on
when the animal enters a reward-seeking state?” However, behavior-aware models can more clearly align learned
model components with known behavior variables. Behavior-aware models can also come in two flavors: models
that directly relate instantaneous neural activity to instantaneous behavior in a shared latent space (Schneider et al.,
2023; Sani et al., 2021a), or models that connect the latent dynamics to behavior (Geadah et al., 2025). This last
class of models is important because it accounts for the fact that the relationship between neural activity and behavior
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is complex and indirect as described above. Instead, the latent dynamics capture the simultaneous coarse-grained
processes the brain “runs,” some or all of which may be related to behavior (Karigo & Charles, 2025).

More specific to neural dynamics, existing models live at the two extremes of completely supervised, or completely
unsupervised. At the former end of the spectrum are models such as dynamic causal modeling (DCM), and the more
recent conditionally linear dynamical systems (CLDS), which consider a linear decomposition of the neural dynamics
wherein the coefficients of the decomposition are completely a function of external or experimental variables (e.g.,
behavior) (Geadah et al., 2025; Friston et al., 2003). At the other end are models such as decomposed linear dynamical
systems (dLDS) which, while they do similarly decompose the dynamics into a linear function of basis dynamics, do
not tie the dynamics to external variables at all (Mudrik et al., 2024a; Yezerets et al., 2025; Chen et al., 2024b; Mudrik
et al., 2025). Instead, the dynamics operators (DOs)—which are learned from the data itself—are assumed to be
sparsely represented in the basis, forming a dictionary of dynamics that induces temporal independence of when the
different dynamics components are used over time.

Here we present a much needed middle ground between these two approaches: behavior-dLDS (b-dLDS), a model
that explicitly ties a small subset of DOs to behavior variables over time (Fig. 1). Since the DOs are the fundamental
processes, including behavior, that the brain “runs,” and the dynamics coefficients describe which DOs are active at a
given time, we relate the behavior traces to the dynamics coefficient traces, where the latent neural dynamics generate
behavior and other functions (arrow from c to b in Fig. 1).

b-dLDS is comparable to other works (Geadah et al., 2025; Friston et al., 2003) that use external inputs to condition
the model-estimated neural dynamics, based on the assumption that the latent dynamics generate all the neural activity,
and the neural activity generates the behavior. The dynamics are thus the best coarse-grained representation of the true
underlying processes at play. However, b-dLDS is unique in that it achieves this by requiring the dynamics coefficients
to reconstruct the behavior traces via an additional regularization term, rather than conditioning the dynamics directly
on the external inputs (e.g., behavior).

Moreover, a Frobenius norm on the mapping from dynamics coefficients to external behavior data in b-dLDS means
that it is possible to bias the model to learn that this relationship is sparse. This means that some DOs generate
behavior, while the rest of the DOs can generate other brain processes, such as decision-making, homeostasis, etc.

In this paper we introduce the b-dLDS model and demonstrate its efficacy in distinguishing between latent neural
dynamics that generate behavior vs. other internal computations. We present new regularization terms on the inference
and update steps to enable mapping to behavior and to encourage sparsity in the dynamics-behavior mapping. We then
demonstrate through simulations that not only can b-dLDS learn a sparse mapping between behavior and dynamics
coefficients, but in fact this sparse mapping makes the dynamics it learns more accurate than those learned by CLDS,
a model strongly conditioned on behavior. Finally, we present an example of b-dLDS applied to zebrafish hindbrain
data, which encodes information in its dynamics related to swimming (the observable behavior) as well as internal
computations related to how much to respond to displacement in a current (Yang et al., 2022). b-dLDS can identify
dynamics that align with behavior and those that do not.

2 Background and Related Work

In neuroscience, a variety of methods have been used to deal with the high dimensionality and complexity of brain-
wide or large neural population data and its evolution in time. Dimensionality reduction-only approaches, e.g., princi-
pal component analysis (PCA), non-negative matrix factorization (NMF), and independent component analysis (ICA),
are unsupervised approaches that enable the remapping of data to dimensions that can be correlated to known features
of the experiment or system post hoc. More complex approaches, such as Similarity-driven Building-Block Inference
using Graphs across States (SiBBlInGS) (Mudrik et al., 2024b) and model-based targeted dimensionality reduction
(mTDR) (Aoi et al., 2020), incorporate more supervision from external data, e.g., behavioral task variables. However,
matrix factorization-based methods cannot capture complex temporal interactions intrinsic to neural computation.

Generalized linear models (GLMs) fit coefficients that describe explicit relationships between time series data and
known external factors (Park et al., 2014; Ashwood et al., 2022). However, GLMs model statistical relationships
that are often assumed static, rather than accounting for changing relationships over time, e.g., due to changes in the
animal’s state or adaptation. Hidden Markov Model GLMs (HMM-GLMs) were thus introduced to learn discrete
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Figure 1: behavior-dLDS architecture. A: The latent, lower-dimensional neural manifold represents the processes
that generate observable neural activity, mapped to the ambient space via D, and behavior, via Ψ. B: The established
dLDS model, inside the dashed lines, is updated here with a mapping from dynamics coefficients c to behavior b via
Ψ. This contributes another regularization term to the joint inference of latent states x and dynamics coefficients c.

system states that toggle between different GLM models. However, HMM-GLMs, as with GLMS, still model the
system as a single, monolithic circuit, and do not identify independent subsystems.

Latent dynamical systems model higher-dimensional, potentially noisy data as being generated by a lower-dimensional
system of latent variables (Pandarinath et al., 2018a). Dynamical systems can model the relationship between internal
states and other external factors, e.g., behavior. Finally, while often assumed to be static, latent dynamics may also
evolve over time (nonstationarity) when the system itself is malleable (e.g., adaptation, learning, or representational
drift in neuroscience).

Dynamical systems in neuroscience: In neuroscience, dynamical systems models have included both linear and
nonlinear variants. Most such models (including linear (Sani et al., 2021a; Golub et al., 2013; Churchland et al.,
2012); nonlinear (Pandarinath et al., 2018b; Keshtkaran & Pandarinath, 2019; Sussillo et al., 2015; Sani et al., 2021b;
Kleinman et al., 2021); and switching (Ghahramani & Hinton, 1996; Murphy, 1998; Fox et al., 2008; Linderman
et al., 2017; Nassar et al., 2018) variants) treat all the data as coming from a single system, similar to the GLM.
Mathematically, if the N -dimensional system state at time t is xt ∈ RN , then xt ≈ g(xt−1) for some function
g : RN → RN that may be nonlinear or even time-varying.

More recently, the need to model larger-scale recordings that contain multiple biological subsystems has required
new models that can identify these meaningful subsystems by decomposing the dynamics into combinations of sys-
tems (Friston et al., 2003; Mudrik et al., 2024a; Yezerets et al., 2025; Chen et al., 2024b; Mudrik et al., 2025; Geadah
et al., 2025). In these models, the dynamics are linear at each time point, i.e., xt ≈ Ftxt−1 for a dynamics transi-
tion matrix Ft ∈ RN×N . Each Ft can be expanded into a basis as Ft =

∑M
m=1 fmcmt, where the basis elements

fm ∈ RN×N do not change over time, however the expansion coefficients (called dynamics coefficients) cmt do.
By varying the dynamics coefficients, this model class can capture nonlinear and nonstationary behavior, providing
a flexible descriptive framework while maintaining a local sense of interpretability through the linear formulation at
each time point.

Two classes of such decomposed linear dynamics models have emerged. On one end is the work in dynamic causal
modeling (DCM) (Friston et al., 2003) and conditionally linear dynamical systems (CLDS) (Geadah et al., 2025),
wherein the dynamics coefficients cmt are functions of external or experimental variables (e.g., behavioral quantities).
In this case the basis for the dynamics is typically fixed, and it is the mapping from behavioral variables bt to dynamics
coefficients ct that is learned. On the other end is the completely unsupervised decomposed linear dynamical systems
(dLDS) model (Mudrik et al., 2024a; Yezerets et al., 2025) and extensions thereof (Mudrik et al., 2025; Chen et al.,
2024b), which take a completely unsupervised approach to learning the dynamics basis (or dictionary) from data. In
this setting the cmt are assumed unknown latent variables with sparse statistics. Sparsity in this case encourages the
learned basis to be statistically in terms of when they are active, i.e., they truly represent “different” processes. This
model can be optimized via an expectation-maximization (EM) procedure, which results in a dictionary-learning-like
iterative algorithm that alternates between fitting the dynamics coefficients and the dynamics basis elements.
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Other models of brain and behavior: Building on the advances in dynamical systems, further work has sought to
devise joint models of neural activity and behavior. In the Preferential Subspace Identification (PSID) algorithm (Sani
et al., 2021a), behavior and neural activity come from a shared latent state space, which is split into neural- and
behavior-related subspaces. In other words, the underlying state generating neural activity and behavior is assumed
to be the same at each time point; however, this may not necessarily be true if there is a hierarchical relationship
between the latent dynamical systems, the behaviors they represent, and neural activity they generate. It is possible that
only a subset of the dynamics represent behavior-related processes, while another subset relate to internal cognitive
variables not observed in the external input. Moreover, in the underdetermined case where there are more neurons
than time points, PSID cannot compute the matrix inverse. In order to model such data, one is obliged first to perform
dimensionality reduction such as PCA, which runs counter to the aims of b-dLDS.

We note here a model, Consistent EmBeddings of high-dimensional Recordings using Auxiliary variables (CEBRA),
that jointly embeds neural activity and behavior into a shared latent space and models this over time (Schneider et al.,
2023). However, CEBRA is not a dynamical systems model, nor is it linear, thus lacking the interpretability offered
by PSID, CLDS, and b-dLDS.

In comparison, decomposed linear dynamical systems (dLDS) models, including b-dLDS, which we introduce in
this work, generate a decomposition of dynamical systems, allowing multiple systems to be co-active at the same
time. dLDS-family models are, to our knowledge, also unique in the space of dynamical systems models for their
application to large-scale neural data, capturing up to thousands of neurons (results and prior work in Mudrik et al.
(2025)). This capacity is possible because dLDS-family models do not require the calculation of high-dimensional
covariance matrices and can leverage efficient sparse-state filtering algorithms (Charles et al., 2016).

3 Behavior-dLDS Model

We begin by modeling the observed data yt ∈ RP , in this case neural data, as representable by a linear latent variable
model xt ∈ RN at each time point t. We assume that xt is lower-dimensional (N < P ) and can describe the data
through the linear generative model

yt = Dxt + ϵy, (1)

where D ∈ RP ×N is the observation matrix, and ϵy represents independent observation noise, which we model as
Gaussian. We focus on a linear latent space since we want to preserve the geometry of the neural dynamics, and
nonlinear transformations, e.g., (variational) autoencoders, can warp data and obfuscate important features.

We next model the dynamics in the latent space xt with a time-varying linear dynamical system

xt = Ftxt−1 + ϵx, (2)

where we model Ft as a function of a linear combination of dynamics operators (DOs) fm, weighted by their corre-
sponding dynamics coefficients at each time point cmt:

Ft =
M∑

m=1
fmcmt, (3)

and ϵx is the dynamics innovations error, or the error in modeling the dynamics, which we also model as Gaussian.

To complement the dynamics model we consider the observations of behavioral variables as the time series bt ∈
RK . To account for the fact that the current neural state xt might fluctuate too quickly to capture the timescale of
behavior, we instead model the behavior as being generated by the dynamics coefficients ct = [c1t, ..., cMt]T ∈ RM .
Specifically, we model the behavior through a complementary linear generative model

bt = Ψct + ϵb. (4)

where Ψ ∈ RK×M projects the current dynamics into the behavior and ϵb is i.i.d. Gaussian measurement noise.

While some of the dynamics observed in brain-wide data are assumed to be related to the observed behavior bt, there
are some behavioral quantities that might not have been measured by the experimenter, as well as growing evidence
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for internal computations that unfold in parallel to behavior-related activity. To model this effect, we assume that Ψ
is incomplete in that only a portion of the ct variables (say for m ∈ Γ ⊆ [1, .., M ] with |Γ| = M ′ < M ) actually
relate to bt. This means that while the model has appropriate information to orient cmt for m ∈ Γ, cmt for m in
the complement to Γ, ΓC , require additional regularization. This challenge can be cast as a type of missing regressor
problem, which can be mended through appropriate regularization over ct (Ibrahim et al., 2005; Gauthier et al., 2022).
Specifically, we introduce regularization such that the minimum number of elements of ct are nonzero at each t. This
parsimoniousness is achieved through sparsity regularization via a Laplacian prior over ct: p(ct) = (λ/2)M e−λ∥ct∥1 .

4 Model Inference

Inference under this model estimates the model parameters D, Ψ, and fm for m ∈ [1, ..., M ], which we combine
into the parameter variable θ = {D, Ψ, {fm}m=1,...,M}. Ideally we would like to take a Maximum Likelihood (ML)
approach to find

θ̂ = arg min
θ
− log p({yt}t=1,...,T |θ). (5)

However, ct represents missing information, i.e., we cannot compute the likelihood p({yt}t=1,...,T |θ) directly. Instead,
we perform expectation-maximization, an iterative procedure for estimating model parameters and updating their in-
ferred coefficients accordingly until convergence. Specifically, as with other dictionary learning algorithms (Olshausen
& Field, 1996; Geadah et al., 2024; Mudrik et al., 2024a), the EM algorithm takes a dirac-delta approximation to the
posterior, resulting in a MAP estimation over the latent variables xt, and ct conditioned on θ, and then an optimization
over θ.

E-step: inferring ct and xt. Based on an initial set of parameters θ (or updated θ in subsequent iterations), the E-step
optimizes the most probable parameters for ct and xt given the data and θ:

arg max
c,x

p
(
{{ct}t∈[1,T ]{xt}t∈[1,T ]|{yt}t∈[1,T ], θ

)
. (6)

This inference problem can be extremely high-dimensional, especially for large quantities of data and long time series.
For efficiency we subsample the data to perform a batch update. Furthermore, we factor the estimation problem over
time steps and use dynamic filtering (BPDN-DF) (Charles et al., 2016) to iteratively estimate for each time t the latent
states xt and the dynamics coefficients ct given the estimates at the previous time step x̂t−1 and ĉt−1:

arg min
xt,ct

[
∥yt −Dxt∥2

2 + λ0

∥∥∥xt − F̃tct

∥∥∥2

2
+ λ1∥xt∥1

+λ2∥ct∥1 + λ3∥ct − ĉt−1∥2
2 + λ4 ∥bt −Ψct∥2

2

]
. (7)

The BPDN-DF procedure is known to converge (Charles & Rozell, 2014; Charles et al., 2016), providing an accurate
representation of the latent states via a single pass over time.

M-step: Updating θ. The parameter set θ consists of M + 2 matrices (M DOs, the mapping from y to x, and the
mapping from c to b). As the datasets are large and the E-step is only run on a random subset of the data, rather than
completely optimize θ between each E-step, i.e.,

θ̂ = arg max
θ

p({yt}t∈T |{ct}t∈T , {xt}t∈T , θ), (8)

we instead take a (noisy) gradient step over the approximate log-likelihood given the inferred values of ct, xt:

L = ∥yt −Dxt∥2
2 + λ0

∥∥∥∥∥xt −
L∑

l=1
flcltxt−1

∥∥∥∥∥
2

2

. (9)
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The updates for D, F , and Ψ are then computed via an effective stochastic projected gradient descent. For D we
update the estimate as

D̂ ← ΠCD
(D − ηD∇D

T∑
t=1

(yt −Dxt)2)

= ΠCD
(D + ηD

T∑
t=1

(yt −Dxt)xT
t )), (10)

where ΠCD
is an optional projection onto any constraint sets (e.g., non-negativity). Similarly, the gradient over each

fm can be computed as

f̂m = ΠCfm

(
f̂m + ηf

T∑
t=2

(
cmt

(
xt − F̃tct

)
xT

t−1

))
, (11)

where ΠCf
is an optional constraint set over f and ηf is the step size. Finally Ψ is updated similarly as

Ψ̂← ΠCΨ(Ψ− η̃Ψ∇D

T∑
t=1

(bt −Ψct)2), (12)

for constraint set projection ΠCΨ and step size η̃Ψ. For Ψ we find that rather than setting the step size to be constant
(or through a data-agnostic schedule), it is more efficient to rescale a base step size ηΨ based on the norm of the
dynamics coefficients as η̃Ψ = ηΨ/

∑T
t=1(ct)2. This rescaling makes sure that the step size is appropriately sized in

cases when there are many behavior outputs but only one or a few dynamics coefficients generating them (which we
term the “sparse suspected” option).

We also use the Frobenius norm option to allow columns of Ψ with very small values to be regularized to 0, which
is especially useful in cases where there are many behavior outputs but only one or a few dynamics coefficients
generating them, as in the simulations presented below:

Ψ̂← ΨCΨ(Ψ− ηΨ,rescaled∇D

T∑
t=1

(bt −Ψct)2

+λF robenius

M∑
m=1
∥Ψm∥2

F ), (13)

where m = {1, ..., M ′} are the columns of Ψ corresponding to the dynamics coefficients. By contrast, in the neural
data, we expect that multiple dynamics coefficients participate in generating the one- or few-dimensional observed
behavior, so the Frobenius norm and “sparse suspected” options are not used.

5 Results

b-dLDS learns which subset of dynamics generated behavior in simulation. Mudrik et al. (2024a) showed that
dLDS could recover true coefficients and operators from a simulation with two sets of independent systems. b-dLDS
can do the same, but it can also recover the relationship between simulated behavior and dynamics coefficients.

We present four cases: a simplified, sparse case, without added noise, where all of the behavior is generated from one
dynamics coefficient and thus tied to only one group of simulated “latent neural dimensions" (Fig. 2); a more complex
but still sparse case, where two latent neural dimensions account for the behavior (Supp. Fig. 1); a complex case,
where all dynamics coefficients contribute to generating the behavior (Supp. Fig. 2); and a case with one dynamics
coefficient used to generate behavior, with added noise (Supp. Fig. 3).

These four cases correspond to three simulations: one where all 10 simulated behavior traces are random multiples of
the first simulated dynamics coefficient; one with two overlapping groups of simulated behavior traces, where traces
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Figure 2: Two-independent-systems simulation with 10 behavior traces generated as scaled versions of the first
ground truth dynamics coefficient. First trial (out of 50 randomly generated from the same dynamics operators)
shown. R2 calculated over all 50 samples. A,B: “Neural” ground truth and reconstruction by b-dLDS. Signal is
generated from a set of 6 ground truth dynamics operators and corresponding dynamics coefficients, with D = I . C,D:
Simulated behavior and reconstruction from b-dLDS, where behavior is simulated from the ground truth dynamics
coefficients. E: True dynamics coefficients used to generate the data. F: Learned dynamics coefficients (absolute
value). G: Learned dynamics operators (1-15). H: Learned Ψ, where each column corresponds to a dynamics operator
and dynamics coefficient. Only column 3 is nonzero, and it perfectly reconstructs column 1 of the ground truth Ψ.
This is the correct column to reconstruct because the first ground truth dynamics coefficient was used to generate the
simulated behavior traces.

1-8 are tied via Ψ to the first dynamics coefficient and 3-10 are tied to the second dynamics coefficient; and one where
all 10 simulated behavior traces are mapped via a simulated Ψ that is a completely random linear combination of all
6 simulated dynamics coefficients. In the first scenario, one column of the learned Ψ should match the simulated Ψ
with a high R2. In the second scenario, two columns of Ψ should match. In the third, six columns should match. Note
that in each simulation, there are two independent systems, either regulated by upper-left corner (purple) or lower-
right corner (yellow) ground truth DOs (corresponding to ground truth states 1-3 or 4-6), with no overlap between
the systems. Moreover, these simulations are further simplified by the fact that the latent states are the observed
states, i.e., D = I . In Figure 2 and Supplementary Figures 1, 2, and 3, we show that behavior-dLDS learns which
dynamics coefficient or coefficients were used to generate simulated behavior through the variable Ψ (Appendix
Section “Experiment Details”).

We further compared to the most similar and recent method, CLDS (Geadah et al., 2025), which can learn dynamics
conditioned on external input (Fig. 3). We tested CLDS on the simulation where only 1 ground truth dynamics
coefficient was used to generate only 1 behavior trace. All of the other dynamics coefficients were independent of the
behavior. In addition, we included gradations in the values of the true dynamics coefficients in the “on” state (rather
than just 1 or 0). We show that while b-dLDS was able to reconstruct the ground truth dynamics (linear combination
of f and ct), CLDS, whose dynamics matrix is represented by the variable At, could not because CLDS is so strongly
conditioned on the one behavior it sees. This simulation is comparable to a large-scale recording where one region’s
activity is strongly correlated with the behavior, but the other regions in the recording are not.
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Figure 3: b-dLDS vs. CLDS and PSID. CLDS learns only behavior-conditioned dynamics, while b-dLDS learns both
behavior-generating and intrinsic ones. PSID learns only a shared latent neural-behavioral space, while b-dLDS learns
a hierarchical relationship between latent neural states, latent dynamics, and behavior. (Note: CLDS requires an 80/20
train/test split, so all models were only trained/learned on 40 out of 50 simulated trials. Results shown are on the same
40 “train” trials across models.) A-G: b-dLDS, 2 independent systems simulation, 1 trials out of 40 shown, D = I ,
with simulated behavior generated as a linear combination of ground truth dynamics coefficients. R2 calculated across
40 trials. A, B: 1 trace out of 8 shown, data and reconstruction. E: True dynamics coefficients c. Stars match selected
time points in H. Note that at the first two time points, one top-left (purple) dynamics operator and one bottom-right
(yellow) dynamics operator are active, while at the third time point, only a top-left dynamics operator is active. D:
b-dLDS-inferred c. The b-dLDS model is initialized with more than enough dynamics operators (15 learned vs. 6
ground truth operators). Noisy dynamics operators in F correspond to unused (black) dynamics coefficients in D. E:
Behavior and reconstruction (1 trace). G: Ψ is a row vector with one dynamics coefficient mapping to one behavior
(true value: 1, learned value: 0.8765, other true values 0, learned near 0). H: CLDS learns an 8x8 dynamics matrix
At, while b-dLDS learns f and c, which can be combined via

∑M
m=1 fmcmt to create an equivalent matrix. We show

3 example time points here as described above. b-dLDS learns the block-diagonal dynamics matrices, while CLDS
does not. The full comparison across time is shown in Figure 4. PSID learns a dynamics matrix A that describes the
relationship between latent states. I: CLDS neural data reconstruction (1st trace). J: PSID neural data reconstruction
(1st trace). K: b-dLDS achieves lower relative mean squared error than CLDS on dynamics reconstruction, regardless
of the number of dynamics or the number of behaviors. CLDS used more than 1 TB of RAM when we tried to run it
on 10 behavior traces.

We then compared CLDS to b-dLDS on this same simulation across multiple settings, with 10 random seeds in each.
The full set of ground truth dynamics coefficients is 6, so that is the maximum possible number of nonzero columns
of Ψ. We created simulated datasets with 1 to 6 nonzero columns of Ψ linearly combined to generate 1 simulated
behavior. b-dLDS achieved lower relative mean squared error (relative MSE) on the reconstructed dynamics matrix
than CLDS did, regardless of whether all or only a subset of the true dynamics generated the behavior (Fig. 3K). CLDS
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was once again so strongly conditioned on the behavior that it could not learn the intrinsic dynamics, even when all of
the intrinsic dynamics were linearly combined to generate the behavior.

Finally, we compared b-dLDS, which ties behavior to dynamics, to PSID, which instead ties behavior to the latent
state (Fig. 3H,J). Because PSID uses a shared neural and behavior latent state, it cannot handle this simulated case,
where the neural activity is rapidly oscillatory, while the latent neural dynamics and the behavior are scaled versions
of on-off states. PSID is overly biased by the neural activity in this case, correctly registering the time of switches in
dynamics, but incorrectly predicting oscillatory behavior outputs instead of smooth states.

b-dLDS highlights behavior-related dynamic connectivity across the zebrafish hindbrain: Learning Ψ from data
enables us to distinguish between behaviorally-related dynamics coefficients, and those related to other internal neural
computations. Here we present b-dLDS applied to zebrafish data from work by Yang et al. (2022). This dataset features
one-dimensional motor information as the behavior trace, and approximately 13000 neurons recorded over 12 minutes
in a single zebrafish hindbrain (Appendix Section “Zebrafish Data”). We used b-dLDS to plot dynamic connectivity
maps (Appendix Section “Dynamic Connectivity Mapping”) corresponding to DOs whose dynamics coefficients have
the strongest vs. weakest coefficients in the learned Ψ (Fig. 4 vs. Supp. Fig. 5). In a second version of the model,
we used both the motor signal and trial types as a four-dimensional behavior input to the model (Supp. Figs. 6, 7, 8,
and 9).

We observed differences in the dynamics coefficients as well as the connectivity their operators represent. The weakest
Ψ dynamics coefficients appeared rarely and sharply throughout the session. By contrast, the strongest coefficients
either appeared throughout the entire session correlated strongly with behavior or separated the session into early and
late behavior patterns. These patterns may indicate nonstationarity.

When incorporating trial type information, the model learned different relationships between the motor signal and
each trial type. While the most strongly motor-related dynamics coefficients were present throughout the recording,
the trial type-related dynamics coefficients split up the recordings in time, indicating nonstationarity.

The dynamic connectivity maps generated from the DOs corresponding to the dynamics coefficients selected above
were corroborated by Yang et al. (2022), who showed that these layers of the hindbrain feature the self-location
encoding neurons of the medulla oblongata (SLO-MO) (Fig. 4). In DO 8, hindbrain-wide connectivity was highly
correlated in time with behavior. Conversely, DOs 10, 18, and 25 acted more locally, both in terms of connectivity and
temporally. Interestingly, the dynamic connectivity maps with the weakest Ψ coefficients (Supp. Fig. 5) shared some
key nodes and connections with the dynamic connectivity maps with the strongest Ψ coefficients, but the temporal
patterns were distinct, highlighting a few sharp, sparse moments of strong recurrent dynamic connectivity both laterally
and along the anterior-posterior axis.

6 Discussion, Limitations, and Future Work

Here we present behavior-dLDS (b-dLDS), which seeks to identify the complementary behavior-related and behavior-
independent subsystems underlying rich whole-brain recordings during behavior. As a dLDS-family model, the
learned DOs can be coactive in a variety of linear combinations, describing a highly expressive range of dynamics
while maintaining the interpretability of linear systems and the ability to match up specific dynamics with temporal
epochs/behaviors via sparsity.

Crucially, b-dLDS differs from other models in that it does not assume that the latent neural state, as defined by xt,
directly generates behavior on a moment-by-moment basis. Instead, the “state” that controls behavior is the config-
uration of the DOs that map connectivity in the neural space that is either behavior-related or non-behavior-related,
and how these maps change throughout the recordings: early, late, evolving throughout each trial, etc. Unlike defining
brain state as the instantaneous neural firing, we treat it as the longer-term configuration of the latent dynamics (Karigo
& Charles, 2025). Basis expansions of the dynamics like b-dLDS and CLDS seek to capture these complex interactions
at longer timescales and relate the trends in neural activity to trends in behavior, rather than a time-point-by-time-point
representational model.

A limitation of b-dLDS, like all models that use regularization, is that it can be biased by that regularization. For
example, b-dLDS might be biased toward having more or fewer behavior-tied dynamics coefficients by selecting
extreme regularization parameter settings for behavior reconstruction or the sparsity of Ψ. However, in more moderate
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Figure 4: Four strongest Ψ connections between dynamics coefficients and motor activity in a zebrafish model
with one behavior trace. Overall model R2 = 0.90. Dynamic connectivity maps for dynamics operators and cor-
responding dynamics coefficients shown. Motor-aligned dynamics are utilized throughout the recording or a mix of
earlier and/or later in the recording.

regularization parameter setting ranges, the regularization on the behavior vs. dynamics coefficients balance each
other, to some extent; the bias toward inferring a sparse set of dynamics coefficients to describe the data counteracts
the bias toward perfectly reconstructing the behavior.

A key benefit of b-dLDS is the relative computational efficiency: other comparable methods that relate neural dy-
namics to behavior cannot scale to the tens-of-thousands of neurons needed to model zebrafish data. Both CLDS and
PSIDencountered memory and size errors, limiting their applicability to the data. This benefit enabled b-dLDS to
identify dynamic connectivity maps tied to behavior that revealed the evolution of connections to the SLO-MO region
throughout positional homeostasis. As neural datasets continue to grow, models will need to scale even higher, to
hundreds of thousands or millions of neurons, in order to map brain-wide circuitry.

In conclusion, b-dLDS is a conceptual reframing of the relationship between brain activity and behavior that separates
behavior- and non-behavior-related neural dynamics. b-dLDS can accurately model 13000-dimensional zebrafish
hindbrain calcium imaging data and identify which latent neural dynamics are most likely behavior-generating. This

10
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approach enables future work analyzing dynamic connectivity at key time points to compare internal computations to
active swimming. The modularity of the b-dLDS framework could also be used to create new dLDS-family models
with hierarchical relationships between observed data, e.g., sensory inputs, and latent model components in the style
of b-dLDS.
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A Dynamic Connectivity Mapping

Dynamic connectivity (Yezerets et al., 2025) is calculated by mapping individual DOs or linear combinations of DOs
into the ambient space:

Connectivity = DF DT . (14)

Dynamic connectivity is a description of the correlation between individual units (e.g., neurons) states y over time, i.e.,
the outer product of yt and yt−1, E[ytyT

t−1]. Under the b-dLDS model, we can compute this correlation through the
latent state correlations between xt and xt−1 mapped back to the ambient space. Given yt = Dxt and xt = F xt−1,

E[(yt − µy)(yt−1 − µy)T] = E[(D(xt − µx))(D(xt−1 − µx))T] (15)
= E[DxtxT

t−1DT]−E[Dµx]E[Dµx]T (16)

= E[D]E[xtxT
t−1]E[DT]−E[D]E[µx]E[µx]TE[D]T (17)

= DF DT −DµxµT
x DT (18)

= DE[F]E[xt−1xT
t−1]DT −DµxµT

x DT (19)

= DF ΣxDT −DµxµT
x DT (20)

= D
(
F Σx − µxµT

x

)
DT , (21)

where µx = E[x] is the expected value of the latent variables.

Under the assumption that 1) the latent states are isotropically distributed over time, we can further approximate
Σx ≈ I , and 2) the latent states are centered at zero, i.e., µx =, 0, we can simplify the above expression to

E[ytyT
t−1] ≈ DFDT. (22)

In cases where the above assumptions are violated, the appropriate corrections in Equation equation 21 can be applied.

Here we define this connectivity such that each entry i, j in each f included in F represents the influence of group j
in the latent space at time t − 1 on group i in the latent space at time t. Thus, connections go from columns to rows.
As a result, when plotting, we transpose this connectivity matrix.

B Experiment Details

B.1 Simulation of two independent systems and behavior

As in Figure 5 in Mudrik et al. (2024a), we test behavior-dLDS on a simulation in which two independent groups
of time traces are generated from two non-overlapping sets of operators, unit-normed and applied repetitively over
random durations. No more than two operators are active at the same time, and no more than one operator is active
for each independent group at the same time. We vary the Gaussian noise levels applied after generating the dynamics
operators and dynamics coefficients. Note that D = I . In this behavior-dLDS simulation, we also generate simulated
behavior bt from the dynamics coefficients using a randomly generated Ψ, where bt = Ψct. (In order to make Ψ only
map a subset of the dynamics coefficients, other columns were set to 0 after random initialization.) Supplementary
Figures 1, 2, and 3 are shown here; Figure 2 is shown above. The CLDS comparison continues in Supplementary
Figure 4.

B.2 Zebrafish data

This calcium imaging data was recorded across 9 slices of a single larval zebrafish (Danio rerio hindbrain at 6 Hz using
lightsheet microscopy by En Yang (Yang et al., 2022) in order to find the self-location encoding medulla oblongata
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Supplementary Figure 1: Two-independent-systems simulation with 10 behaviors generated from the first two
ground truth states, with some overlap in their combined effects. A: Ground truth signal fed into the model. B:
Signal reconstruction from b-dLDS. C: True dynamics coefficients used to generate the data. D: Learned dynamics
coefficients (absolute value). E: Learned dynamics operators (1-15). F: Learned Ψ. G: Best reconstruction of the
true Ψ (2 columns, other columns all 0). H: Highlighted dynamics coefficient used to simulate behavior data. I:
Highlighted dynamics coefficient corresponding to best match of learned Ψ. J: Highlighted corresponding dynamics
operator. K: Simulated behavior ground truth. L: Behavior reconstruction.
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Supplementary Figure 2: Two-independent-systems simulation with 10 behaviors generated from a combination
of all 6 ground truth states. A: Ground truth signal fed into the model. B: Signal reconstruction from b-dLDS. C:
True dynamics coefficients used to generate the data - one was randomly initialized as all zeros. D: Learned dynamics
coefficients (absolute value). E: Learned dynamics operators (1-15). F: True Ψ. G: Best reconstruction of the true Ψ
(6 columns). H: True behavior. I: Behavior reconstruction.
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Supplementary Figure 3: Two-independent-systems simulation with 10 behaviors generated from the first ground
truth state, with added Gaussian noise in the “neural” data. A: Ground truth signal fed into the model, with
Gaussian noise scaled by

√
0.1. B: Signal reconstruction from b-dLDS. C: True dynamics coefficients used to generate

the data - two were randomly initialized as all zeros. D: Learned dynamics coefficients (absolute value). E: Learned
dynamics operators (1-15). F: Learned Ψ. G: Best reconstruction of the true Ψ (1 column, other columns all 0). H:
Highlighted dynamics coefficient used to simulate behavior data. I: Highlighted dynamics coefficient corresponding
to best match of learned Ψ. J: Highlighted corresponding dynamics operator. K: Simulated behavior ground truth. L:
Behavior reconstruction.
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Supplementary Figure 4: CLDS vs. b-dLDS learned dynamics, continued. CLDS learns an 8x8 dynamics matrix
At, while b-dLDS learns f and c, which can be combined via

∑M
m=1 fmcmt to create an equivalent matrix. We

compare each block of the matrix (top left 4x4 through bottom right 4x4) to the ground truth dynamics from the
simulation. b-dLDS closely matches the ground truth and correctly learns that the two off-diagonal corners are 0,
indicating 2 independent systems; CLDS instead incorrectly follows the behavior in all dynamics. Each row of each
heatmap is an entry of the 4x4 block of the overall 8x8 matrix (A12 means row 1 column 2, 16 rows per heatmap).
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neurons (SLO-MO) (14090 neural time traces, 5123 time points; 13098 neural time traces and 4282 time points used
after preprocessing in experiment with 1 motor signal (calculated based on electrical recordings from a cluster of
neurons as described by Yang et al. (2022)); 14064 neural time traces and 4200 time points used after preprocessing
in experiment with 1 motor signal and 3 trial type labels). SLO-MO is hypothesized to form a circuit with the inferior
olive, cerebellum, and optic tectum to enable the fish maintain its position in a current (positional homeostasis).

B.3 Zebrafish data preprocessing

Based on feedback from the Ahrens lab, extreme fluorescence values were capped at +/- 1 a.u. Neural activity was
median filtered with window size 5 and behavior was smoothed with a Gaussian with σ = 20, based on the approximate
swim trial durations. The data was then rescaled to calculate delta fluorescence/fluorescence, centered on the mode of
each trace and rescaled by a robust standard deviation metric for each trace. A soft normalization of 1 was added to the
dF/F rescaling, which proved crucial for improving reconstruction for this and other large-scale zebrafish lightsheet
data with b-dLDS. The Ljung-Box test was used to filter out traces with insignificant autocorrelation over a large lag
(500 to 1000 time points), since signal traces should show autocorrelation throughout the session given the repetitive
nature of the positional homeostasis task, while noise traces should have rapidly decaying autocorrelation. Only the
last 4282 out of 5123 time points (after the first 5 complete swim trials) were used for modeling.

B.4 behavior-dLDS parameters and model selection

B.4.1 Simulations

Most key model parameters (Table 1) were maintained from the dLDS simulation in Figure 5 of the dLDS paper (Mu-
drik et al., 2024a). However, model fitting was drastically improved by implementing stronger regularization on the
orthogonality of the dynamics operators (λf ) that decays more quickly. While we initially used BayesOpt to find the
optimal regularization on the behavior reconstruction (λ4 = λbehavior), we found that using the same small λ as we
used for the zebrafish models was a better balance of modeling the dynamics and learning the correct Ψ. Increasing the
number of samples and time points per sample also improved reconstruction. Large step size of Ψ helped to explore
the space of Ψ faster. Parameters were tested iteratively to achieve R2

Ψ near 1.

Table 1: Meaning of key b-dLDS parameters, heuristics for setting
them, and settings used for 4 simulation model types: one dynamics
coefficient maps to all 10 behaviors; 2 dynamics coefficients map to all
10 behaviors; all dynamics coefficients map to all 10 behaviors; and one
dynamics coefficient maps to all 10 behaviors, with added Gaussian noise
in the simulated data.

Parameter Meaning How to set Settings used for 4 simulation
types

nF number of dy-
namics operators
(DOs)

First set to 2x the number of PCs re-
quired for 95% variance explained.
Then decrease until the median
number of active dynamics coef-
ficients starts decreasing. (Goal:
minimize the number of DOs while
maintaining the inherent dimen-
sionality of the data.) Alternative
heuristic: use the number of known
behavioral states as a benchmark
and double it to get the starting
point for the number of DOs, and
then start decreasing from there.
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N number of latent
dimensions

Set approximately equal to nF 8

lambda_val regularization:
sparsity of states
(x)

Increase to reduce the number of
states active at the same time (mod-
erately sensitive)

1.0000e-04

lambda_history regularization:
smoothness of
states (x)

Increase to encourage states to
change smoothly from time point to
time point (less sensitive)

1.0000e-04

lambda_b regularization:
sparsity of
dynamics coeffi-
cients (c)

Increase to reduce the number of
DOs active at the same time (sen-
sitive)

0.25

lambda_historyb regularization:
smoothness
of dynamics
coefficients (c)

Increase to encourage DO coef-
ficients to change smoothly from
time point to time point

0.45

max_iters max number of
iterations

Increase if dF not converging to
near 0, decrease if converging
quickly to save time

500;5000;500;500;5000
(Fig. 3)

F_update T/F: update dy-
namics operators

True because operators must be
learned here

1

D_update T/F: update ob-
servation matrix
D

False because D = I here 0

N_ex number of sam-
ples

More samples (and time points) can
better learn the data but increases
the time required per iteration

100;100;200;200;100 (Fig. 3)

T_s number of time
points per sample

As above 200

step_d gradient step size
of D update

Start small 1

step_f gradient step size
of f dictionary
update

Start small 10

step_decay gradient step de-
cay

Start near 1 0.99995

lambda_f regularization:
promotes diver-
sity of dynamics
operators

sensitive, start near 0 0.1

lambda_f_decay reduces lambda_f
gradually as dy-
namics operators
are learned

Start near 1 0.996

solver_type ‘fista’ or ‘tfocs’ As the name suggests, fista is sig-
nificantly faster

‘fista’

special ‘’ or ‘no_obs’ Choose ‘no_obs’ when D = I ‘no_obs’
behaviordLDS Use behavior

data to regularize
b-dLDS model?

1 or 0 1

step_psi Gradient descent
step size for up-
dating Ψ

larger step size explores the space
in fewer iterations

100;10 (Fig. 3)
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lambda_behavior regularization:
reconstruction
of behavior
from dynamics
coefficients and
Ψ

start small 0.1

verysparsebhv option for im-
proved dictionary
update of Ψ
where some
dynamics co-
efficients may
not map to be-
havior at all,
resulting in zero
values and NaN
errors (“sparse
suspected”)

1 or 0 (default) 1

psinorm option for im-
proved update of
Ψ - Frobenius
norm pushes
some dynam-
ics coefficients
mappings to 0

‘norm’ (default) or ‘frob’ ‘frob’

lambda2 scaling: Frobe-
nius norm term in
dictionary update

start small 5

B.4.2 Zebrafish

dLDS and behavior-dLDS reconstruction R2 proved particularly sensitive to model size. This was best approximated
by the number of principal components required by PCA to achieve an R2 around 0.8-0.9. Thus, we opted to use 50
latent dimensions. We then started with 50 dynamics operators and scaled down from there to 25 operators without
loss of R2 or median number of active operators at a time. Regularization coefficients were optimized starting from
the coefficients used to model C. elegans data in Yezerets et al. (2025). The additional sparsity settings for updating
Ψ, e.g., the Frobenius norm, were not used. Settings can be found in Table 2.

Table 2: Meaning of key b-dLDS parameters, heuristics for setting
them, and settings used for two zebrafish model types: one motor
signal input as behavior, or one motor signal plus three trial types as
one-hot encodings.

Parameter Meaning How to set Settings used for zebrafish
models (1 vs. 4 behavior in-
puts)
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nF number of dy-
namics operators
(DOs)

First set to 2x the number of PCs re-
quired for 95% variance explained.
Then decrease until the median
number of active dynamics coef-
ficients starts decreasing. (Goal:
minimize the number of DOs while
maintaining the inherent dimen-
sionality of the data.) Alternative
heuristic: use the number of known
behavioral states as a benchmark
and double it to get the starting
point for the number of DOs, and
then start decreasing from there.

25

N number of latent
dimensions

Set approximately equal to nF 50

lambda_val regularization:
sparsity of states
(x)

Increase to reduce the number of
states active at the same time (mod-
erately sensitive)

0.05

lambda_history regularization:
smoothness of
states (x)

Increase to encourage states to
change smoothly from time point to
time point (less sensitive)

0.23

lambda_b regularization:
sparsity of
dynamics coeffi-
cients (c)

Increase to reduce the number of
DOs active at the same time (sen-
sitive)

0.05

lambda_historyb regularization:
smoothness
of dynamics
coefficients (c)

Increase to encourage DO coef-
ficients to change smoothly from
time point to time point

0

max_iters max number of
iterations

Increase if dF not converging to
near 0, decrease if converging
quickly to save time

5000

F_update T/F: update dy-
namics operators

True because operators must be
learned here

1

D_update T/F: update ob-
servation matrix
D

True because D ̸= I here 1

N_ex number of sam-
ples

More samples (and time points) can
better learn the data but increases
the time required per iteration

40

T_s number of time
points per sample

As above 30

lambda_f regularization:
promotes diver-
sity of dynamics
operators

sensitive, start near 0 0.05

solver_type ‘fista’ or ‘tfocs’ Although fista is faster to run, tfocs
was used for neural data previ-
ously in (Yezerets et al., 2025) and
produces more regularly-timed dy-
namics coefficients on neural data

‘tfocs’
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behaviordLDS Use behavior
data to regularize
b-dLDS model?

1 or 0 1

step_psi Gradient descent
step size for up-
dating Ψ

larger step size explores the space
in fewer iterations

10

lambda_behavior regularization:
reconstruction
of behavior
from dynamics
coefficients and
Ψ

start small 1

B.5 Computing infrastructure

All models shown were run on an internal cluster. Only CPUs were used.
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Supplementary Figure 5: Four weakest Ψ connections between dynamics coefficients and motor activity in a
model with one behavior. Overall model R2 = 0.90. Dynamic connectivity maps and dynamics coefficients shown.
The weakest relationships to behavior are those dynamics operators that are rarely utilized throughout the recording.
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Supplementary Figure 6: Four strongest Ψ connections between dynamics coefficients and motor activity in a
model with four behaviors (motor and 3 trial types based on stimulation patterns, i.e., fish offset by experi-
menter). Overall model R2 = 0.93. Dynamic connectivity maps and dynamics coefficients shown. Motor-aligned
dynamics are utilized throughout the recording or later in the recording.
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Supplementary Figure 7: Four strongest Ψ connections between dynamics coefficients and swim trial type 1 in
a model with four behaviors (motor and 3 trial types based on stimulation patterns between swims). Overall
model R2 = 0.93. Dynamic connectivity maps and dynamics coefficients shown. Swim trial-aligned dynamics cover
different time segments of the recording.
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Supplementary Figure 8: Four strongest Ψ connections between dynamics coefficients and swim trial type 2 in
a model with four behaviors (motor and 3 trial types based on stimulation patterns between swims). Overall
model R2 = 0.93. Dynamic connectivity maps and dynamics coefficients shown. Swim trial-aligned dynamics cover
different time segments of the recording.
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Supplementary Figure 9: Four strongest Ψ connections between dynamics coefficients and swim trial type 3 in
a model with four behaviors (motor and 3 trial types based on stimulation patterns between swims). Overall
model R2 = 0.93. Dynamic connectivity maps and dynamics coefficients shown. Swim trial-aligned dynamics cover
different time segments of the recording.
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