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ABSTRACT

Characterizing the relationship between neural population activity and behavioral
data is a central goal of neuroscience. While latent variable models (LVMs) are
successful in describing high-dimensional time-series data, they are typically only
designed for a single type of data, making it difficult to identify structure shared
across different experimental data modalities. Here, we address this shortcoming
by proposing an unsupervised LVM which extracts temporally evolving shared
and independent latents for distinct, simultaneously recorded experimental modal-
ities. We do this by combining Gaussian Process Factor Analysis (GPFA), an
interpretable LVM for neural spiking data with temporally smooth latent space,
with Gaussian Process Variational Autoencoders (GP-VAEs), which similarly use
a GP prior to characterize correlations in a latent space, but admit rich expressivity
due to a deep neural network mapping to observations. We achieve interpretability
in our model by partitioning latent variability into components that are either shared
between or independent to each modality. We parameterize the latents of our model
in the Fourier domain, and show improved latent identification using this approach
over standard GP-VAE methods. We validate our model on simulated multi-modal
data consisting of Poisson spike counts and MNIST images that scale and rotate
smoothly over time. We show that the multi-modal GP-VAE (MM-GPVAE) is able
to not only identify the shared and independent latent structure across modalities
accurately, but provides good reconstructions of both images and neural rates on
held-out trials. Finally, we demonstrate our framework on two real-world multi-
modal experimental settings: Drosophila whole-brain calcium imaging alongside
tracked limb positions, and Manduca sexta spike train measurements from ten wing
muscles as the animal tracks a visual stimulus.

1 INTRODUCTION

Recent progress in experimental neuroscience has enabled researchers to record from a large number
of neurons while animals perform naturalistic behaviors in sensory-rich environments. An important
prerequisite to analyzing these data is to identify how the high-dimensional neural data is related to
the corresponding behaviors and environmental settings. Traditionally, researchers often employ a
two-step approach, involving first dimensionality reduction on neural data followed by a post-hoc
investigation of the latent structure of neural recordings with respect to experimental variables of
interest such as stimuli or behavior (Wu et al., 2017; Zhao and Park, 2017; Saxena and Cunningham,
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2019; Bahg et al., 2020; Pei et al., 2021). However, recent deep learning advancements allow for
both experimental and behavioral variables to be part of a single latent-variable model (Schneider
et al., 2023; Hurwitz et al., 2021; Sani et al., 2021; Singh Alvarado et al., 2021), thus opening a new
avenue for unsupervised discoveries on the relationship between neural activity and behavior.

The existing approaches that jointly model neural activity and behavior are limited in that they often
rely on a single latent space to describe data from both modalities (Schneider et al., 2023; Hurwitz
et al., 2021), making it dif�cult for practitioners to isolate latent features that are shared across and
independent to neural activity or behavior. Approaches that do isolate modality speci�c and shared
latent structure either do so with no temporal structure (Gundersen et al., 2019; Kleinman et al., 2024;
Singh Alvarado et al., 2021; Wu and Goodman, 2018; Shi et al., 2019; Brenner et al., 2022), or use a
relatively in�exible linear dynamical system (Sani et al., 2021). Moreover, because of the deep neural
network mapping from latents to observations, many existing multi-modal approaches generate latent
spaces that are not obviously related to experimental variables of interest, and so additional model
features are often added to aid in interpretability and analysis in neuroscience settings (Schneider
et al., 2023; Hurwitz et al., 2021; Zhou and Wei, 2020).

However, LVMs developed for neural data often are able to uncover interpretable features using
neural activity alone in an unsupervised fashion with minimala priori assumptions. One example of
these is Gaussian Process Factor Analysis (GPFA), a widely used LVM in neuroscience that �nds
smoothly evolving latent dynamics in neural population activity, and can illustrate different aspects of
neural processing (Yu et al., 2008; Duncker and Sahani, 2018; Keeley et al., 2020a;b; Balzani et al.,
2022). GPFA constrains the latent space of neural activity through the use of a Gaussian Process (GP)
prior. GP priors have also been adapted to regularize the latent space of variational autoencoders
(GP-VAE or GP-prior VAE) with a variety of applications (Casale et al., 2018; Fortuin et al., 2020;
Ramchandran et al., 2021; Yu et al., 2022). In each of these approaches, the GP prior provides a
�exible constraint in the latent dimension, specifying correlations across auxiliary observations like
viewing angle, lighting, or time. The GP prior often is used for out-of-sample prediction in GP-VAEs,
but in GPFA is frequently used to visualize latent structure in noisy neural population activity on a
trial-by-trial basis (Duncker and Sahani, 2018; Zhao and Park, 2017; Keeley et al., 2020a). Here, we
wish to leverage the interpretability seen in unsupervised GPFA models with the power of GP-VAEs
to use with multi-modal time-series datasets in neuroscience.

We propose a model for jointly observed neural and behavioral data that partitions shared and
independent latent subspaces across data modalities while �exibly preserving temporal correlations
using a GP prior. We call this the multi-modal Gaussian Process variational autoencoder (MM-
GPVAE). Our �rst innovation is to parameterize the latent space time-series in terms of a small
number of Fourier frequencies, an approach that has been used before in the linear GPFA setting
(Paciorek, 2007; Aoi and Pillow, 2017; Keeley et al., 2020a). We show that the Fourier representation
dramatically improves latent identi�cation for the standard GP-VAE. Our second innovation is to
augment our new Fourier GP-VAE model to describe two data modalities simultaneously by mapping
the latents linearly to neural data (like in GPFA), as well as nonlinearly to another experimental
variable via a deep neural network (like a GP-VAE). We leave the speci�c identity of this other
experimental modality intentionally vague - it could be keypoints of limb positions as animals freely
move or visual stimuli across time. Because this observation modality is characterized by a deep
neural network, our model can be adapted to any experimental variable of interest.

We validate our MM-GPVAE model on a simulated dataset of a smoothly rotating and scaling
MNIST digit alongside simulated Poisson neural activity, whereby the digit data and the spiking
data share latent structure. We show that the MM-GPVAE model is able to recover both shared and
independent latent structures while simultaneously providing accurate reconstructions of data from
both modalities. Lastly, we demonstrate the utility of our model by �tting the MM-GPVAE to two
real-world multi-modal neural datasets: 1)Drosophila(�y) whole-brain calcium imaging alongside
tracked 16 limb positions, and 2)Manduca sexta(hawkmoth) spike train measurements from ten
wing muscles alongside a continuously moving visual stimulus. In the former case, we are able to
view Drosophilabehavioral conditions across shared and independent subspaces and in the latter
case, we show distinct time-varying latent components tracking muscle and stimuli movement in the
experiment. By showing the MM-GPVAE in these two domains, we demonstrate that our model is
adaptable to a range of diverse experimental preparations in systems neuroscience.
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2 THE GAUSSIAN PROCESSVARIATIONAL AUTOENCODER

The Gaussian Process variational autoencoder (GPVAE) uses high-dimensional data (e.g. images)
accompanied by auxiliary information, like viewing angle, lighting, object identity, or observation
time. This auxiliary information provides the indices in the GP prior latent representation, specifying
correlations across the latent space and allowing for out-of-sample predictions at new auxiliary values
(Casale et al., 2018; Fortuin et al., 2020; Ramchandran et al., 2021). However, in our case we consider
continuously observed time-series data in experimental neuroscience experiments, so our auxiliary
information here is evenly sampled time-bins. Because of this, we can leverage the advantages of the
Fourier-domain GP representation (Aoi and Pillow, 2017; Keeley et al., 2020b; Paciorek, 2007).

Formally, consider smoothly-varying image data across timepoints, represented by the pixels-by-time
matrix Y 2 NN � T . For latent variablez(t) 2 IR P each latentzp(t) (t 2 f 1; 2: : : Tg) evolves
according to a Gaussian process,zp(t) � GP (0; k� (�; �)) , with covariance kernelk� . The time-by-
time covariance matrix of eachzp(t) is then given by the Gram matrixK � corresponding tok� . We
use a squared exponential (RBF) kernel forK governed by a marginal variance and length scale
� = f �; ` g with an additive diagonal term� I to help with inference (Yu et al., 2009; Casale et al.,
2018). The likelihood of the image data is Gaussian with mean given by the latent values at any
timepointt passed through a deep neural networkg (�) with parameters and whose covariance is
� 2

y I .

The GP-VAE is learned using standard VAE amortized inference (Kingma and Welling, 2013), where
the parameters� � and� 2

� of a variational distributionq� are given as neural network functions of the
observed dataY , parameterized by� . Here, the evidence lower bound (ELBO) is maximized with
respect to the variational parameters� , model parameters , and GP hyperparameters. In this work,
� is set to a �xed value of1e� 2 for all experiments except for the �nal data analysis example, where
it is set to a value of1e� 4. While the ELBO may be expressed in a variety of ways, we will follow
the form that includes the variational entropy term. For details about this approach for the standard
GP-VAE, see Casale et al. (2018).

2.1 FOURIER-DOMAIN REPRESENTATION OF THEGP-VAE

We consider a version of the GP-VAE whose auxiliary variables are a Fourier frequency representation
of the time domain, as opposed to timepoints sampled on a regular lattice. This allows us to
parameterize a frequency representation of the latent variables that is Gaussian distributed according
to ~zp � N (0; ~K � ) where the original RBF GP covariance matrixK may be diagonalized by
~K = B K B > Here,B is the orthonormal discrete Fourier transform matrix and~zp is a single

Fourier-domain latent vector whose length is equal toF , the total number of Fourier frequencies
representing the latent. The model prior can now be written as

p( ~Z j � ; � ) =
PY

p=1

N
�

~zp j 0; ~K � + � I F

�
(1)

Where ~Z represents aP � F matrix of the frequency representation of theP latent variables at the
F frequencies and~K � is anF � F covariance matrix. The model likelihood retains the same form
as the standard GP-VAE,

p(Y jZ ;  ; � 2) =
TY

t =1

N (g (zt ); � 2I T ) (2)

wherezt represents thet th time index ofZ , a P � T matrix where each row is the time-domain
representation of thepth latent, given byzp = B~z p.

We de�ne the variational posterior so that it factorizes over the Fourier frequencies. The variational
distribution can be written as

q� ( ~Z i j Y i ) =
Y

!

N
�
~z i

! j ~� �
�
Y i � ; diag

�
~� 2

�

�
Y i ��� ; (3)

wherei indexes a trial of times-series imagesY and ! indexes the Fourier frequencies (! 2
0; 1; 2: : : F ). In contrast to the standard GP-VAE (Casale et al., 2018), the Fourier representation
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Figure 1: (a) schematic for the Fourier domain GP-VAE. All images at all timepoints for a given trial
are encoded via a deep neural network into variational parameters of a pruned Fourier representation
of the latent space. This Fourier representation is then mapped back into the time domain before
being passed through a decoder network to give the image reconstruction at each timepoint. (b) Image
reconstructions of the standard VAE, GP-VAE and Fourier domain GP-VAE. (c) Estimated latent for
each model alongside the true underlying latent angle. (d) Mean squared error (MSE) of estimated
latents and true latents for 60 held-out trials. Error bars indicate standard error.

requires that, for each trial, images at all timepoints are mapped to a singleP � F -dimensional
Fourier representation. We accomplish this in two steps - �rst, we use a deep neural network for
each image at each time pointy i

t , which will result inT total network embeddings for a single trial,
each of dimensionP. We follow that with a single linear layer each for the mean and variance of the
variational distribution,l ~� (�), l ~� 2 (�), that will map from the number of timepoints to the number of
Fourier frequencies.l ~� ; l ~� 2 : IR P � T ! IR P � F . A schematic for the Fourier domain variational and
generative architecture is displayed in Figure 1(a).

There are a number of advantages to representing the GP-VAE latents and variational parameters
in the Fourier domain. For one, the diagonal representation of~K means we avoid a costly matrix
inversion when evaluating the GP prior (Aoi and Pillow, 2017; Paciorek, 2007; Hensman et al., 2017;
Wilson and Adams, 2013; Loper et al., 2021). Secondly, we canprunethe high frequencies in the
Fourier domain, effectively sparsifying the variational parameters, and hence frequencies (F < T ),
while enforcing a smooth latent representation. Lastly, the Fourier representation of the variational
parameters mean we can retain both temporal correlations as well as the advantages of using a
mean-�eld approximation for the variational posteriorq� .These advantages have been seen in simpler
GP models. For more information, see (Aoi and Pillow, 2017; Keeley et al., 2020a).

The Fourier-represented GP-VAE dramatically improves the ability of the GP-VAE to learn a true
underlying smoothly evolving latent for high-dimension data in a non-linear model. We demonstrate
this on a simulated example using an MNIST digit that rotates by a time-varying angle given by
a draw from a GP with an RBF kernel. We �t our Fourier GP-VAE model as well as the standard
VAE and standard GP-VAE models to these trials. In each case, we are looking to recover the true
underlying generative latent angle and hence we assert a one-dimensional latent dimensionality for
the model. For more information on training and testing, see appendix.

Because the Fourier variational distribution preserves temporal correlations and prunes the high-
frequency components of the latentsz, the Fourier GP-VAE model shows much smoother underlying
latent representations on held-out trials (Fig 1 (c)), though each model retains the ability to accurately
reconstruct the images through the network mapping from the latent space (Fig 1(b)). When the latent
space is mapped through an af�ne transform to align latents on held-out trials to the true latent space,
the Fourier domain GP-VAE does much better uncovering the true generative latent angle (Fig 1 (c),
(d)).

3 THE MULTI -MODAL GAUSSIAN PROCESSVARIATIONAL AUTOENCODER

We now focus on extending the GP-VAE to model data of two modalities simultaneously. The
examples we will emphasize here involve neural activity alongside some other experimental variable
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Figure 2: (a) Graphical model of the multimodal GP-VAE. A set of Fourier frequencies describe the
Fourier representation of shared and independent latents across modality with a GP prior over each
latent. Latents are transformed to the time domain and combined to generate data for each modality.
(b) Schematic of the MM-GPVAE.

such as naturalistic movement or high-dimensional stimuli. The observations of our model are
two distinct data modalities represented by matricesy ( i )

A 2 IR N � T andy ( i )
B 2 IR M � T . Here,

t 2 (1; 2: : : T) denotes time-bin indices,i denotes trials, andN andM denote the dimension of
the observations for each modality. We assume, as before, that all data are generated by smoothly
varying low-dimensional latent variables that are now either independent to or shared between data
modalities. As before, latents are initially parameterized in a pruned Fourier representation before
being mapped to the time domain. The latents are then partitioned by a loadings matrixW which
linearly combines the shared latent representation with the independent latents.

�
x A
x B

�
=

�
WA WS1 0
0 WS2 WB

� "
zA
zS
zB

#

+ d (4)

Here,zS refers to latents that are shared between modalities, whilezA andzB denote modality-
speci�c latent variables andd represents an additive offset. The outputs after this linear mixing result
in modality-speci�c embeddings which we callxA andxB . Here, modalityA, the "neural modality",
is passed through a pointwise nonlinearityf to enforce non-negativity of Poisson rates, and modality
B , the "behavioral modality", is passed through a deep neural network. The likelihood of the data
given the embedding is:

p(yA jx A ) � P (f (x A )) ; p(yB jx B ) � N (g (x B ); � 2
y I N ); (5)

Where the functiong (�) represents a decoder neural network for the behavioral data and we use
the exponential nonlinearity forf . Learning is performed as before - the mean and variance of a
mean-�eld Gaussian variational distribution is given by the data passed through a neural network
with parameters� . Here, our lower bound is similar to that found in Casale et al. (2018) with an
additional term for the neural data modality.

ELBO = E ~Z � q�

h
Poisson Likelihood (Neural Rates)z }| {X

t

log(P(yA jf (x A )) +

Gaussian Likelihood (other modality)
z }| {X

t

logN
�
yB j g (x B ) ; � 2

y I N
�

+

GP Priorz }| {
logp( ~Z j T ; � )

i
+

Entropy
z }| {
H (q� )

(6)

A graphical depiction of the generative model of the MM-GPVAE is shown in Figure 2(a). The
hyperparameters of the model are the latent-speci�c kernel parameters� that provide the GP co-
variance structure as well as a constant� additive diagonal offset (�xed during inference). The
entire schematic of the MM-GPVAE model, including the generative and variational distributions, is
depicted in Figure 2(b).
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Figure 3: (a) True and estimated latents for the MM-GPVAE trained on simulated neural spiking data
as well as a smoothly scaling and rotating MNIST digit. (b) Estimated neural rates on an example
trial for 3 example neurons as well as 4 example reconstructed images of the MNIST digit at different
angles and scales. (c) (left) Reconstruction accuracy from the image data trained on the images
alone (GPVAE) compared to training with both modalities simultaneously (MM-GPVAE). (middle)
Accuracy of estimated neural rates (left) trained on neural activity alone (Poisson - GPFA) compared
to MM-GPVAE. (right). Accuracy of shared latent estimated from the MM-GPVAE compared to
single-modality model variants. Error bars are standard error.

4 EXPERIMENTS

4.1 SIMULATED DATA

We �rst assess the performance of the MM-GPVAE model using a simulated dataset of two modalities:
a smoothly rotating and scaling MNIST digit, and simultaneously accompanied Poisson spike counts
from 100 neurons. A total of three latents were drawn from an underlying GP kernel to generate
single-dimensional shared, neural, and image subspaces. There were a total of 300 trials, each trial
consisting of 60 timebins. The data was split into 80% for training and 20% for testing. For this
simulated example, one latent represents an interpretable modulation of the image as it directly
affects the scaling of the MNIST digit. So as the latent values change along the trial the image scales
smaller and larger continuously. Another latent, corresponding to the independent component of
the neural modality, provides one component of the log rates of the Poisson spiking data. The �nal
latent re�ects the shared variability between both modalities. Here, the latent is again interpretable
with respect to the image in that this latent corresponds to the angle of the smoothly rotating MNIST
digit. This shared latent also linearly combines with the neural-only subspace to provide the log rates
of the spiking Poisson population. The MM-GPVAE trained simultaneously on both images and
spikes can successfully recover the three-dimensional latent structure across these two modalities.
Figure 3(a) shows the underlying true latent in a held-out trial alongside the estimated latent structure
extracted from the MM-GPVAE. As before, the held-out latent space is scaled to align with the true
latent space as closely as possible, as the MM-GPVAE model latent space is invariant to scaling
transform. In addition to accurately extracting the latent structure, the MM-GPVAE also has the
ability to accurately reconstruct both neural rates and images across the time series from the latent
space. Four example images and three example neural rates are shown in Figure 3(b). For more
examples, see Figure 8 and 9.

The MM-GPVAE is also able to exploit information across modalities to better model the observed
data. The left side of Figure 3(c) shows the mean squared error (MSE) across pixels for reconstructed
images in held-out trials. By leveraging latent information from the spiking modality, the MM-
GPVAE is able to reconstruct the images better than a single-modality GP-VAE trained on the images
alone (Casale et al., 2018). This improvement is additionally dependent on the number of neurons
analyzed (Fig 12). Similarly, the held-out neural rates are better estimated when the image data is
included, though the effect here is more modest. Finally, we also show that the shared latent variable
can be more accurately identi�ed when data from both modalities is used (Fig 3(c)). Here we assess
the accuracy of the shared latent estimate on test trials when we use data from each modality alone
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Figure 4: (a) Limb position tracking inDrosophila(b) (top) Contribution of the variability in the
data across trials of the neural (left) and behavioral (right) modalities due to shared and independent
subspaces (c) (top) Limb position estimates and true values and (bottom) six randomly selected
calcium trace estimates and true values for a given trial. (d) Visualization of average latent value
across time in the neural, behavioral and independent subspaces for 3 behavioral categories.

(akin to standard GP-VAE and GPFA) compared to both modalities simultaneously (MM-GPVAE).
As expected, data from both modalities better identi�es shared structure across the data types. This
additionally does not depend on the structure of nature of the encoding distributions, (Fig 10), and is
markedly improved by representing the MM-GPVAE with pruned Fourier frequencies (Fig 11).

4.2 APPLICATION TO FLY EXPERIMENTAL DATA

Next, we look to evaluate the MM-GPVAE on a real-world multi-modal dataset. Here, we consider a
whole-brain calcium imaging from an adult, behavingDrosophila(Schaffer et al., 2021). We isolate
1000 calcium traces recorded using SCAPE microscopy (Voleti et al., 2019) from an animal while it
performs a variety of distinct behaviors �xed on a spherical treadmill. These 1000 calcium traces
are dispersed widely and uniformly across the central �y brain and were randomly picked from
the dataset to use in our model. Alongside the neural measurements, eight 2-D limb positions are
extracted from a recorded video using the software tool DeepLabCut (Mathis et al., 2018). These
simultaneously recorded calcium traces and limb position measurements are split into 318 trials
of 35 time-bins sampled at 70hz. Each trial has one of 5 corresponding behavioral labels (still,
running, front grooming, back grooming and abdomen bending) determined via a semi-supervised
approach from the tracked limb position measurements (Whiteway et al., 2021). Importantly, these
behavioral labels are not used when �tting the MM-GPVAE. For additional information on how we
isolate this behavioral data and neural traces, see the appendix. We consider a 7-dimensional latent
behavioral subspace and 26-dimensional neural subspace, with 5 of these dimensions being shared
across modalities. These choices were made through initial exploration of the model and examining
cross-validated model performance (see appendix), though the results we show are robust to a wide
range of dimensionality choices for each of the subspaces.

The MM-GPVAE is able to successfully reconstruct both behavioral trajectories and calcium traces
in held-out trials for these data. The top of Figure 4(c) shows the true and decoded 16 limb position
measurements with 3 highlighted for clarity. The bottom part of Figure 4(c) shows 6 randomly selected
calcium traces alongside their model reconstructions. In each case, the MM-GPVAE can roughly
capture the temporal trends in this multi-modal dataset. To analyze the shared and independent latent
subspaces of these data we consider a 2d projection of each latent space, and plot the mean latent value
in that subspace calculated each trial. We additionally color-code the trial according to the behavioral
label. In these shared and independent latent subspaces, we �nd that the "still" behavioral state is well
separated from many of the other behavioral conditions in the neural and shared subspaces. Here, we
show two others (bending and running) as an illustration (Fig 4(d)). (For visualizing all 5 behaviors
in the latent space, see Figure 19). Lastly, we illustrate how much each subspace contributes to the
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Figure 5: (a) Experimental set-up forManduca sexta. Spikes from 10 muscle groups are recorded as
an animal tracks a 1 Hz moving �ower stimulus (b)top: Spikes from 3 example motor neuronsmiddle:
estimated Poisson ratesbottom: The neural latent along torque measurement from the hawkmoth. The
� 22Hz modulation re�ects wing-�apping. (c) Visual stimulus and reconstructions from MM-GPVAE
(d) Weights of hawkmoth spike decoder for neural-only and shared latents. (e) A one-dimensional
latent from the visual-modality subspace closely tracks the stimulus position. (f) The shared latent
between modalities plotted alongside the torque measurement.

overall variability of neural and behavioral data. Figure 4(b) shows the variance of the neural (left)
and behavioral (right) data calculated for each trial where the reconstruction of the data is generated
either from the shared subspace, or either of the independent subspaces. We �nd that the shared
subspace for each modality contributes more to the overall variability in the data than either of the
independent subspaces, suggesting a large fraction of shared variability between the data modalities.

4.3 APPLICATION TO MOTH EXPERIMENTAL DATA

Next, we evaluate the MM-GPVAE on a dataset of a hawkmoth (Manduca sexta) tracking a moving
�ower. The hawkmoth is an agile �ier that is able to closely follow swiftly moving targets while
hovering in midair, making it a model organism for the study of sensorimotor control (Sprayberry and
Daniel, 2007). The modalities in our dataset consist of a time series of images of a visual stimulus
temporally paired with electromyography (EMG) signals recorded during 20-second experimental
trials. Each image is an event-based reconstruction (inspired by insect visual system) of a white
�oral target moving laterally during a trial as viewed in the hawkmoth's frame of reference (Sikandar
et al., 2023) (Fig 5(a)). The �oral target moves sinusoidally at 1 Hz against a black background.
Each pixel in a video frame can occupy a polarity of -1, 0 or +1 based on whether its luminosity has
respectively decreased, unchanged or increased as compared to the previous frame in the temporal
sequence. Temporally paired with the �oral stimulus, EMG recordings are precisely measured spike
trains from the 10 major �ight muscles of the hawkmoth responding to the �oral target while �ying
on a tether and �apping at about 22 Hz. Altogether, the 10-muscle recordings form a near-complete
motor program that controls its �ight during target tracking response (Putney et al., 2019).

We �t the MM-GPVAE model to these data using a 2-dimensional latent space to describe the moving
visual stimulus and a 2-dimensional latent space to describe the Poisson rates from the 10 motor units.
Of these, one latent dimension is shared between modalities. Here, a small number of dimensions are
used because only a few dimensions were needed to be able to accurately reconstruct the data of each
modality (for more information about dimensionality selection, see appendix).

We �nd that the MM-GPVAE is able to accurately reconstruct both the neural rates (Fig 5(b)) and
visual stimulus (Fig 5(c)) from its low dimensional latent space. We see that the neural rates are
strongly modulated by the wing-�ap oscillation at approximately 22 Hz. This is also seen in the
neural latent space identi�ed by the MM-GPVAE. At the bottom of Figure 5(b) we see that the
1-dimensional latent space closely aligns with the torque measurement along the z-axis of the moth
motion, a measurement previously identi�ed to be closely associated with wing beating (Putney et al.,
2019). The MM-GPVAE is also able to reconstruct the visual stimulus data, as seen in 5(c). When
viewing the latent space corresponding to the visual stimulus modality, we �nd that the value of the
smoothly evolving latent variable closely tracks the position of the stimulus in x dimension (the only
dimension along which it moves, see Fig 5(e)). Finally, the shared latent dimension shows some
modulation with wing-�apping but exhibits temporal structure not obviously related to the �apping
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