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In the past five years, new imaging techniques1 have made it possible to record 3D volumetric data from whole
animals with high speed and single-neuron resolution. When used with calcium indicators, these techniques can
be used to observe large-scale patterns of neural activity with high spatial and temporal precision. Extracting
traces of neural activity from this data is a difficult problem that has been addressed using a variety of approaches.
Recently, non-negative matrix factorization (NMF) methods2 have been proposed for solving this problem. These
methods extract neural activity from imaging data by building a low-rank representation of the data, expressed as a
product of two matrices that encode the spatial footprints of neurons and their temporal firing activity respectively.
This general approach has proven to be very effective for denoising and demixing calcium signals in a variety of
applications. However, one shortcoming of traditional NMF methods is their assumption that the spatial footprint
of neurons is invariant across time. In whole-animal recordings of behaving Caenorhabditis elegans (C. elegans),
this assumption is unrealistic due to the non-linear movement of the worm, causing NMF methods to perform
poorly at extracting calcium signals. Tracking methods that explicitly model neuron motion also fail at this task,
because they require high-fidelity detection of neurons, which is often not realizable in biological signal-to-noise
regimes. Instead, to solve this problem, we propose using a method from the machine learning literature called
Wasserstein-NMF (W-NMF),3 which deals with neuron motion by modeling it as a type of noise. We describe
how this approach can be adapted to extract calcium traces from moving neurons in imaging data, and demonstrate
its effectiveness on synthetic and real whole-brain imaging data of C. elegans.

Non-negative matrix factorization: Let X ∈ RD×T be a non-negative matrix containing the imaging data, with T
frames of D pixels each. The goal of NMF is to represent X as a product of two non-negative matrices Y ∈ RD×K

and C ∈ RK×T , where K � D, effectively compressing X to a lower dimensional latent space. Each column of Y
represents the spatial footprint of one of the K latent components, and each row of C represents its activity across
time. To compute Y and C for a given X, we minimize the cost function ENMF (Y,C) = ‖X−YC‖2F , subject
to the constraint that Y and C are non-negative. This can be done efficiently using a simple iterative procedure.2

If the signal-to-noise ratio in our data is sufficiently large, the components we recover should correspond to
individual neurons, with Y encoding their spatial footprints and C encoding their relative intensities over time.
Calcium traces can then be extracted by averaging the observed calcium signal from each spatial footprint.
Wasserstein distances: Wasserstein distances have gained popularity in recent years as a way to measure the
similarity between images. These distances work by solving different forms of the optimal transport problem, a
well-studied problem that, in its most general form, asks how to efficiently transport mass from one spatial distri-
bution to another, given an underlying cost metric4. To compute the OT distance between two images, we treat
pixel intensity as mass and use the euclidean distance between pixels as the transportation cost. Computing this
exactly is prohibitively expensive for most image-processing applications, but fast and accurate approximations5

exist.
Wasserstein non-negative matrix factorization: We propose using the W-NMF algorithm developed by Rolet et
al.3 to extract calcium traces from C. Elegans functional imaging data. This algorithm extends traditional NMF
methods by modifying the cost function ENMF (Y,C), replacing the Euclidean distance between the original
video and its reconstruction with the sum of smoothed Wasserstein distances between each frame and its recon-
struction. The new cost function minimized by W-NMF is EWNMF (Y,C) =

∑T
t=1W (X.,t,YC.,t), where W is

the smoothed Wasserstein distance. Intuitively, by using the Euclidean loss, NMF methods assume that neuron
shapes in the data can be explained as a set of static spatial footprints perturbed by independent pixel noise. For
W-NMF methods, this perturbation is replaced by ’motion noise’ – a more reasonable assumption for the case
where the cells are moving.
Simulation: To see if W-NMF outperformed NMF at identifying the spatial footprints of moving cells, we ran
both methods on a synthetic 2D video (Figure 1). The frames of the video (100 pixels by 100 pixels) consist of
5 Gaussian ’cells’ following a 2D random walk. Each spatial footprint extracted by W-NMF matches a specific
synthetic cell and follows it across video frames; no cells are missed or matched twice. The footprints extracted
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Figure 1: Top: Simulated particle data, Middle: Spatio-temporal footprints of NMF components colored by
component, Bottom: Spatio-temporal footprints of W-NMF components, colored by component
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Figure 2: Top: Moving C. elegans fluorescence microscopy video, 2nd row: Zoomed region, 3rd row: Spatio-
temporal footprints of NMF components colored by component, 4th row: Spatio-temporal footprints of W-NMF
components, colored by component, Bottom: Calcium traces extracted from NMF (left) and W-NMF (right)
components.

by NMF, however, do not have this correspondence. Each of them matches a part of each of the synthetic cells,
making tracking impossible.
Real data: We also used W-NMF and NMF to extract calcium traces from real C. Elegans imaging data (Figure
2). For computational efficiency purposes, the sample video we used was a sum-projection of a zoomed-in section
of the original 3D video. The components extracted by W-NMF correctly identified and tracked the cells, and the
calcium traces extracted from their spatial footprints look reasonable. The NMF components, like in the synthetic
data, are more distributed spatially, and the calcium traces extracted from their footprints do not look realistic.
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