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Abstract

Spatiotemporal spike motifs, i.e. repeating temporal sequences, of neural activity
are thought to carry information beyond average firing rates, yet extracting such
motifs from noisy spike trains remains challenging. In particular, most approaches
rely on bin-by-bin comparisons that are sensitive to bin size and temporal jitter.
Here, we investigate the use of the Earth Mover’s Distance (EMD), a metric from
optimal transport theory, as a reconstruction loss for learning spiking motifs.
We compare EMD to the conventional mean squared error (MSE) by training
single-layer autoencoders with tied positive weights to reconstruct neural raster
plots. Using synthetic spike trains with known ground-truth motifs, we system-
atically evaluate how each loss recovers spatiotemporal structure under varying
numbers of training samples and different noise regimes, including temporal jit-
ter, sequence warping, neuron dropout, and additive Poisson noise. We show that
EMD-based training is more robust to temporal jitter and sequence warping,
and more reliably estimates aligned spike timings when the number of training



samples is limited. In contrast, MSE better captures the full spike distribution,
i.e. the relative timing of the spikes as well as their temporal precision, when
large datasets are available and is more resilient to additive noise. Applying the
same framework to Neuropixels recordings from the Allen Institute visual cod-
ing dataset reveals that motifs learned with EMD are more discriminative of
visual stimuli than those learned with MSE. Together, these results highlight the
advantages of optimal transport—based losses for learning spatiotemporal motifs
in neural population activity.

Keywords: Optimal Transport Theory, Temporal Codes, Spiking Motifs, Neural
Decoding

1 Introduction

Neural activity can be described in terms of either firing rates or precise spike
timing. While rate codes capture the number of spikes within a given temporal win-
dow, temporal codes consider the exact relative timing of spikes across neurons.
Both regimes likely coexist, and individual neurons may operate along a continuum
between rate-based integration and temporal precision [1, 2]. Understanding how spik-
ing motifs—reproducible sequences of spikes across multiple neurons—are represented
in neural circuits is crucial to deciphering population activity beyond average firing
rates.

Spiking motifs have been observed in sensory systems, where stereotypical latency
patterns emerge in response to stimuli [3-5], and in cortical networks during sponta-
neous activity [6, 7]. These motifs capture the relative timing of spikes across neurons
and provide a richer description of population activity than firing rates alone. Tra-
ditional methods for extracting motifs rely on counting repeated patterns within
discretized time bins [8, 9]. While effective for certain applications, these approaches
are sensitive to temporal jitter and bin size, and often scale poorly with large popu-
lations. The Earth Mover’s Distance (EMD), a metric from optimal transport theory,
offers a robust alternative for comparing spike trains [10]. By computing the minimal
“work” required to transform one spike train into another, Spikeship, the metric intro-
duced in [10], captures global temporal differences and tolerates jitter, while remaining
independent of firing rates. Although Spikeship efficiently clusters spike trains by
stimulus type, it does not provide a method for extracting spiking motifs in neural
populations.

Here, we investigate how single-layer autoencoders (AEs) trained with differ-
ent reconstruction losses—EMD versus mean squared error (MSE)—capture spiking
motifs. These AEs are constrained to a single latent variable and positive, tied weights,
allowing them to learn one motif per neuron population while capturing trial-to-trial
variability. Such restrictions to very simple models allow us to focus on the differences
induced by the reconstruction losses. By normalizing spike trains along the temporal
axis, we focus exclusively on temporal structure rather than firing rate differences. We
evaluate the learned motifs against ground-truth motifs in synthetic data to quantify
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Fig. 1 Illustration of the method. (A) Illustration of the AE applied to spike trains. The
top panel represents a synthetic raster plot, randomly generated from the structured probability
distribution shown in the top figure of column C (ground truth). In general, the encoding weights
transform the input into an activation in the latent space, and the input is reconstructed from these
latent variables using the decoding weights. (B) Comparison of the MSE and the EMD. The low
panel shows a comparison of the EMD and MSE values between a probability distribution (grey) and
binary spikes (purple and orange), which are presented in the top panel. This illustration represents
1D signals, i.e. a single neuron address. One can see that the MSE saturates when the spike occurs
outside the range of the grey probability distribution. However, since the EMD is calculated using
the absolute difference between the cumulative distributions of the compared functions (see the filled
areas in the middle panel), the distance linearly increases with the timing difference from the mean
of the grey distribution. (C) Example of weights trained with MSE or EMD. The top plot
represents the ground truth used to generate different samples. In purple, the probability values
reflect both the relative average timings of the spikes and their precision. They follow a 1D Gaussian
distribution where the average timing is the mean of the Gaussian and the precision is linked to
the standard deviation of the distribution. In orange, the average timings of the spikes represent
the temporal pattern without its precision. The AE is trained by minimizing the distance between
the reconstruction and the input raster plot described in A. The middle plot shows the outcome of
the training with 30 samples, drawn from the ground truth illustrated in the top panel, using the
MSE as a loss function. One observes that the method captures the pattern in a noisy fashion by
averaging, per time bin, the spikes obtained across the different samples. For the training with the
EMD, the method interpolates the spike timings of the different observations. It leads to a more
compact representation.

the ability of each loss to capture temporal sequences accurately and robustly, even
in the presence of noise or limited training samples.

Our results show that EMD-trained AEs extract sharper, temporally aligned motifs
and are more robust to temporal jitter and sequence warping. Importantly, EMD-
based training performs better when the number of samples in the dataset is limited.
By contrast, MSE-trained AEs are more tolerant to unstructured background spikes
and can also recover the temporal precision of spikes when very large datasets are
available. Applying the same framework to neural recordings from the Allen Institute
for Brain Science shows that EMD-based training yields motifs that are more specific
to visual stimuli than those learned with MSE. Importantly, while decoding perfor-
mance based on firing rates is higher, our approach uncovers temporal motifs that
provide additional, rate-independent information about population activity. Overall,
our study highlights the utility of optimal transport theory for extracting spiking



motifs and systematically compares reconstruction losses in shaping learned temporal
representations.

We provide a PyTorch implementation of this method and all results presented in
this article can be reproduced using the code in this github repository.

2 Methods and Materials

In this study, we investigated how different reconstruction losses shape the spike motifs
learned by low-dimensional generative models. We implemented a minimal single-
layer AE to extract stimulus-specific spiking patterns and tested its behavior on both
synthetic spike trains with controlled structure and large-scale neural recordings from
the Allen Institute Visual Coding dataset [11]. The main focus is on comparing MSE
and EMD as reconstruction losses, evaluating how they capture temporal structure,
and robustness to noise.

2.1 Single-layer autoencoder for spike motif extraction

We consider a simple single-layer AE operating on neural raster plots. Each input
sample is represented as a binary matrix X € {0, 1}V*7 where N denotes the number
of neurons and T' the number of time bins.

The encoder projects the input onto a one-dimensional latent variable:

z=W'X, (1)
where W € Rf *T denotes the weight matrix. The decoder reconstructs the input
as:

X =zW. (2)

Encoder and decoder weights are tied, resulting in a rank-one reconstruction of the
input. Weights are constrained to be non-negative and initialized with positive values.
Optimization is performed using exponentiated gradient descent, which preserves the
positivity of the parameters [12]. Training is implemented in PyTorch using the Adam
optimizer.

This architecture constrains the model to learn a single spike motif encoded in
the weight matrix W, while the latent variable z captures trial-to-trial variability in
the motif amplitude. With non-negative weights and tied parameters, the model is
closely related to non-negative matrix factorization (NMF), where the weight vector
corresponds to a single non-negative component [13].

Prior to training, raster plots are normalized along the temporal axis so that the
total spike mass of each neuron sums to one. This removes differences in firing rates
across trials and isolates temporal information.

2.2 Earth Mover’s Distance as reconstruction loss

The EMD measures the minimum amount of work required to transform one probabil-
ity distribution into another, where the cost corresponds to the mass moved multiplied
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by the distance [14]. For one-dimensional distributions p and v, the EMD can be
written as:

EMD(1) = [ |F(e) = Fula)] da. (3)

where F, and F,, are the cumulative distribution functions.
For spike trains interpreted as discrete 1D distributions along the temporal axis,
the reconstruction loss is computed independently for each neuron:

£(X,X) ZEMD Xo, Xn) = 5 ZZ‘ Fe ] (4

n=1t=1

Figure 1-(B) 111ustrates the principle of the EMD between a 1D Gaussian distri-
bution and two Dirac distributions corresponding to binary spike events. Because the
cost is computed from cumulative distributions, the EMD captures temporal discrep-
ancies globally: the cost at a given time bin depends on differences accumulated at
previous bins. In contrast, MSE evaluates errors independently in each time bin. This
makes the EMD naturally sensitive to spike timing shifts, particularly in sparse spike
trains.

2.3 Generative model of synthetic spike trains

To systematically evaluate reconstruction losses, we generated synthetic spike trains
from a known temporal motif. Each motif specifies a set of discrete spike times {5},
with n =1,..., N and s indexing spikes within each neuron.

Spike trains are generated by adding temporal jitter to each spike:

tn,s = Hn,s + €n,sy €En,s ™ N(Oa UEL)a (5)
where o, controls the standard deviation of timing variability for neuron n.
Additional noise manipulations include:

e Additive noise: random spikes added independently across neurons and time bins.

¢ Neuron dropout: with probability p4rop, & neuron can be silent during some trials.

¢ Temporal warping: the sequence is compressed along the temporal axis. A ran-
dom compression coefficient Cy,, € [0, Ciax] is drawn for each sample. Cy, = 0
corresponds to no compression; Cy, = Ciax corresponds to fully synchronized
spikes.

2.4 Metrics to compare learned representations

We quantify the quality of learned spike motifs W against the ground-truth motif K
(see Figure 1-(C) top panel for an example):

® Similarity value: cosine similarity between the flattened AE weights and the full
ground-truth kernel:
(W, K)

Wl 1K (©)

Similarity =



This metric captures both spike timing and precision (temporal width of the
Gaussian spike).

® Mean timing similarity: uses an idealized kernel with Dirac delta functions at
the mean spike times of each neuron (in orange in Figure 1-(C) top panel). Cosine
similarity between the AE weights and this kernel evaluates correct alignment
independent of temporal precision.

® Mean absolute timing difference: for neurons with a single spike per motif, the
estimated spike time 7, is obtained by fitting a Gaussian to the weights of neuron
n. The average absolute deviation from the ground-truth spike times ¢,, is then
computed:

N
- . 1 -
Mean absolute timing difference = N T;:l [t — tnl. (7)

This metric allows a better comparison of convergence across reconstruction losses.

2.5 Allen Institute Visual Coding dataset and generative
decoding

Finally, we applied our methods to neural recordings from the Allen Institute for
Brain Science [11]. The dataset contains spiking activity from 32 mice presented with
20 natural images. Each image was shown 10 times per animal, and neural responses
were recorded using Neuropixels probes.

Data were binned into 1 ms time bins within a 250 ms window following stimulus
onset, yielding spike matrices of size N x 250, where N varies across animals. Binary
raster plots indicate spike occurrences at each time bin for each neuron.

For each image and animal, the 10 recordings were split into 8 training trials and
2 held-out trials per image. This procedure generates 20 stimulus-specific AEs per
animal. The combined test set across images contains 40 trials, and splitting is be
repeated with 5 different folds to obtain 5 decoding accuracy value per animal.

Decoding is performed in a generative reconstruction-based manner: for each
test spike train, the reconstruction loss is computed for all 20 stimulus-specific
AEs. The predicted stimulus corresponds to the AE with the lowest reconstruction
loss, implementing a minimum-distance generative decoder. Decoding is performed
independently per animal, and accuracy is averaged across animals.

3 Results

3.1 Spiking motif extraction as a function of the number of
samples

We first investigated how single-layer AEs trained with different reconstruction losses
capture underlying spiking patterns, focusing on the effect of the number of training
samples. For these experiments, 100 different spiking motif kernels were generated,
but each AE was trained on a single kernel at a time. Each kernel has size N x T, with
N = 260 neurons (matching the average number recorded per animal) and 7" = 250
time bins. The standard deviation of spike timing jitter was set to 4% of T and additive



noise accounting for 10% of the spiking activity is injected. For each kernel, a variable
number of spike train samples was drawn to form the training set for the AE.

Figure 2 summarizes the results as a function of the number of training samples.
The left panel shows the similarity value, which considers both spike timing and preci-
sion. MSE-trained AEs converge to the true Gaussian distributions when the number
of samples is high (green curve), capturing both mean timings and temporal preci-
sion of the spikes. By contrast, EMD-trained AEs do not fully reproduce the Gaussian
width when the number of samples increases (the blue curve does not converge to
1). However, for a reduced number of samples (below 20), EMD-trained AEs obtain
better similarity values.

The middle panel shows mean timing similarity, which considers only the relative
spike timing by comparing AE weights to an idealized kernel with Dirac delta peaks
at the mean spike times. Here, EMD-trained AEs outperform MSE across all sample
sizes, suggesting that the temporal sequence itself is represented more accurately,
independent of spike precision.

Finally, the right panel shows the mean absolute timing difference. For each neuron,
the peak spike time in the learned motif was estimated by fitting a 1D Gaussian to
the weights. Both MSE- and EMD-trained AEs converge to near-zero absolute timing
error as the number of samples increases, confirming that both methods accurately
recover the mean spike timing when sufficient data are available. For small sample sizes
(fewer than 30 trials), EMD provides an advantage, producing more reliable estimates
of spike timing compared to MSE.

These results illustrate a key trade-off: MSE excels at capturing the full spike dis-
tribution, including temporal precision, but requires large datasets. EMD, by contrast,
prioritizes the temporal alignment of spikes, yielding sharper, Dirac-like motifs. The
use of this loss shows a clear advantage over MSE when training data are limited,
while still converging to the correct mean spike timing in large datasets.

3.2 Robustness of the different methods

We next assessed the robustness of the two AE training approaches to different types of
noise in the spike trains. For these simulations, both the training and testing sets con-
tained 30 samples, and each procedure was repeated 100 times with newly generated
datasets.

Figure 3 illustrates performance under four types of noise introduced via the gen-
erative model (Section 2.3): (A) temporal jitter, (B) neuron participation dropout,
(C) time warping of sequences, and (D) additive background spikes.

Performance was evaluated using the mean absolute timing difference between
the learned motif and the ground-truth sequence. This measure focuses on temporal
alignment and is independent of spike precision, providing a fair comparison of the
two losses (see Figure 2-(right)).

Figure 3-(A) shows that EMD-trained AEs are more robust to temporal jitter:
as jitter increases, MSE-trained AEs degrade faster, while EMD maintains lower
absolute timing errors. Similarly, for time warping (Figure 3-(B)), EMD consis-
tently outperforms MSE, although variability across simulations increases with higher
warping.
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Fig. 2 Performance of single-layer AEs in spiking pattern extraction as a function of
the number of training samples. Left: Cosine similarity between AE weights and the ground-
truth described by Gaussian distributions, capturing both spike timing and temporal precision. MSE-
trained AEs (green) converge to the true distributions for large sample sizes, while EMD-trained AEs
(blue) do not fully capture the motifs with their precisions. For small datasets, EMD achieves higher
similarity values. Middle: Mean timing similarity, which compares AE weights to kernels with Dirac
delta peaks at mean spike times, focusing only on temporal alignment. EMD-trained AEs outperform
MSE across all sample sizes, indicating sharper representations around mean spike timings. Right:
Mean absolute timing difference, computed by fitting a 1D Gaussian to each neuron’s learned weights
and evaluating its absolute temporal distance from the true spike timing. Both methods converge to
near-zero error as sample size increases, but EMD provides more reliable spike timing estimates for
fewer than 30 trials.
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Fig. 3 Robustness of spiking pattern extraction to different noise types. Performance is
measured using the mean absolute timing difference between the learned motif and the ground-truth
sequence. Four types of noise are considered: (A) temporal jitter, (B) time warping of sequences,
(C) neuron participation dropout, and (D) additive background spikes. EMD-trained AEs are more
robust to temporal jitter and sequence warping, while MSE-trained AEs handle additive noise more
effectively. Both methods show similar robustness to neuron dropout. Error bars indicate the 5** and
95*h percentiles across 100 simulation repetitions.

For neuron dropout (Figure 3-(C)), both methods exhibit similar robustness, with
errors increasing notably only above = 60% dropout.

Finally, additive background spikes (Figure 3-(D)) affect EMD-trained AEs more
than MSE-trained ones, which remain stable even at high levels of unstructured
activity. EMD performance starts to degrade noticeably beyond ~ 60% additive noise.

Overall, these results highlight complementary strengths: EMD excels at preserving
temporal structure under jitter and sequence warping, while MSE provides resilience to



additive Poisson noise, illustrating the trade-offs involved in choosing a reconstruction
loss for spike motif extraction.

3.3 Decoding performance on Allen Institute Visual Coding
data

We next evaluated the ability of stimulus-specific AEs to support decoding of visual
inputs from neural activity recorded in the Allen Institute dataset (Section 2.5).
Decoding was performed by comparing each test trial to the reconstruction of all 20
stimulus-specific AEs: the stimulus associated with the AE producing the lowest recon-
struction loss was selected as the predicted label. Importantly, the reconstruction loss
used for decoding could differ from the loss used to train the AE.

Figure 4 summarizes decoding performance across the four possible combinations
of training and decoding losses.
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Fig. 4 Decoding accuracy for the Allen Institute Visual Coding dataset. Decoding accuracy
values for the 4 different methods applied on the 32 different animals of the dataset. On the left,
decoding performance of the MSE-based decoder are above chance level with better performance
when AEs are trained with the EMD (blue) than with MSE (green). When EMD is used for decoding
(right distributions), accuracy is increased for both training losses. Best decoding performance is
obtained when EMD is used both for training and decoding.

All methods obtain, above than chance results, and spike trains are normalized to
remove information about firing rates. These results highlight that decoding can be
performed based on the temporal structure of the spike trains, beyond firing rates.
In Figure B1, spikes of the testing sets are shuffled in time to validate that decoding
relies effectively on the temporal struture of spike trains. Indeed, decoding accuracy
drops at chance level for all methods when spikes are shuffled along the temporal axis.

In addition, using EMD as a decoding metric consistently improves performance
compared to MSE, regardless of the training loss, emphasizing that EMD is better



suited to decode spikes trains thanks to stereotypical spiking motifs learned by the
different AEs.

For both decoding losses, training with EMD improves accuracy as well showing
that learning spiking motifs benefits from the use of this loss.

Overall, combining EMD-based training and EMD-based decoding maximizes
decoding accuracy, yielding more than three times higher performance than the
conventional MSE-based approach.

4 Discussion

In this study, we evaluated the use of the EMD as a loss function for extracting spik-
ing motifs using a single-layer AE, and compared its performance to the MSE on both
synthetic data and neural recordings from the Allen Institute. Our results show that
EMD-based training is more robust to temporal jitter and sequence warping, whereas
MSE-based training is less sensitive to additive noise. While MSE-trained AEs per-
form well with very large datasets, this scenario is often not applicable in typical
experimental conditions. With limited samples, EMD-trained AEs produce more reli-
able estimates of aligned spiking motifs. Applied to mouse visual cortex recordings,
EMD-trained AEs reveal temporal sequences that are more discriminative for visual
stimuli than those learned using MSE.

4.1 Optimal transport theory as a tool for extracting spiking
motifs

Previous work has demonstrated that SpikeShip, a dissimilarity metric based on the
EMD, provides better clustering of spike trains than comparisons based on average
firing rates [10]. SpikeShip is agnostic to firing rates, and the resulting clusters corre-
spond closely to different visual stimuli. This suggests that spatiotemporal motifs carry
meaningful information beyond firing rates and that EMD is well suited to capture it.

Here, we extend this principle to motif extraction using a single-layer AE. In
synthetic datasets, EMD-based training reliably recovers the structured temporal
sequences used to generate spike trains. The EMD computes the distance between
normalized spike trains as probability distributions, comparing cumulative distribu-
tions for each neuron and averaging across neurons. Intuitively, this captures how far
a spike is shifted relative to its expected timing: the error grows continuously with
increasing temporal offset (Figure 1-(B)).

Critically, the EMD enables cross-bin comparisons, interpolating between spikes
rather than assigning weight solely to discrete time bins. For example, if spikes occur at
two distinct times, ¢; and ¢y, the EMD-trained AE will distribute its weights between
these times to minimize the temporal distance to both spikes. In contrast, an MSE-
trained AE will only place weights on the exact bins corresponding to ¢; and t3. An
MSE-trained AE will have a higher propensity to overfit by learning all the spikes at
specific bins in the training set. This can be qualitatively observed in Figure D3 with
sharper motifs that are not necessarily shared for training on different datasets linked
to the same image. This observation is a specific example of the training with one
animal and one specific image. Observing the correlation matrix in Figure D4, reveals
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that the variability in the correlation coefficients for AEs trained with the same image
is much greater when MSE is used for training. This property makes EMD particularly
advantageous when the number of available recordings is small (fewer than 30 trials,
as shown in Figure 2) and when spike timings exhibit temporal jitter.

In the Allen Institute dataset, each natural image was presented only 10 times per
animal. Despite this limited sample size, EMD-trained AEs successfully extract spiking
motifs specific to individual stimuli, outperforming MSE-trained AEs in capturing
temporally aligned sequences.

Overall, when neural recordings are limited or spike sequences are affected by tem-
poral jitter or stretching, the EMD provides a robust metric. By preserving the global
structure of spike sequences, it tolerates small temporal shifts, making it more resilient
to jitter and warping. These types of variability have been demonstrated in natural
movie stimuli [15] and in slowed-down hippocampal replay sequences [16], highlighting
its broad applicability for extracting meaningful spiking motifs from complex neural
activity.

4.2 Comparison with Other Methods to Analyze Spike Trains

Most existing approaches reveal stimulus-induced spiking motifs by analyzing the time
to first spike after stimulus onset [3-7, 17]. This latency-based code is effective for
identifying temporal sequences, and prior studies have shown that stimuli are often
better encoded by the timing of the first spike than by firing rates. However, focusing
only on the first spike can miss more complex motifs involving multiple spikes per
neuron with precise timing.

The AE developed here is more flexible: it can represent motifs with multiple spikes
per neuron, without restricting analysis to a single spike. Similar considerations apply
to frequent itemset mining algorithms that detect repeating motifs within fixed tem-
poral bins [8, 9, 18]. Bin size and spike jitter can severely impact these methods: jitter
larger than a bin can lead to misclassification of motifs. In contrast, using the EMD
allows for cross-bin comparisons, making motif extraction robust to small temporal
shifts.

An AE with temporal convolution and EMD loss could cluster spiking motifs in
spontaneous activity more effectively. This is conceptually related to convolutional
NMF approaches [19-21], such as seqNMF [20], which decomposes the data into
sequences (analogous to AE weights) representing repeating spatiotemporal motifs,
and temporal loadings (analogous to latent variables) representing motif occurrences.
seqNMF relies on a bin-by-bin Frobenius norm between the reconstruction and the
signal, making it susceptible to jitter or overfitting, particularly with small datasets
and many parameters. In contrast, the EMD-trained AE uses tied weights and a
cross-bin metric, reducing the number of parameters and mitigating overfitting. Addi-
tionally, seqNMF optimizes the sequence and the temporal loadings independently.
This is equivalent to training the latent variables and the AE weights separately, which
makes the method more prone to overfitting by increasing the number of parame-
ters. Extending our approach with temporal convolution and multiple latent variables
could provide an efficient, fully unsupervised, algorithm for extracting spiking motifs
independent of stimulus onset.
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4.3 Temporal Code in the Allen Institute Dataset

Previous work with SpikeShip [10] has shown that temporal sequences carry mean-
ingful stimulus-related information and outperform rate-based clustering. Our study,
allows to extract interpretable motifs directly from spike train. Key differences include:
(1) SpikeShip is a dissimilarity metric, whereas the AE learns a generative representa-
tion of the motifs and (2) SpikeShip uses global temporal alignment, which could be
mimicked in AEs via temporal convolution.

Overall, results on this dataset suggest that spatiotemporal motifs contribute
stimulus-specific information, and even with a simple AE architecture, meaningful
motifs can be extracted that capture temporal structure orthogonal to firing rates.

4.4 Limitations and Future Perspectives

Our simulations demonstrate that EMD-trained AEs can reliably capture the mean
timings of spikes within structured spiking motifs. However, unlike MSE, the EMD-
based method does not converge to the full ground truth distribution representing both
spike timing and temporal precision (Figure 2-(left)). Therefore, if precise temporal
precision is required and sufficient recordings are available, MSE or another point-by-
point metric may be more appropriate.

A key limitation of our approach arises from normalization along the temporal
axis. This step is required to preserve a well-defined EMD formalism. Moreover, spikes
from neurons with high average firing rates contribute less after normalization, leading
the AE to prioritize neurons with lower firing rates. While normalization is necessary
to focus on temporal structure rather than firing rate, it introduces a bias, and the
choice of whether to account for firing rate imbalances should be considered carefully.

The AE architecture also imposes constraints. Our study uses a single-layer AE
with positive, tied weights, limiting the model to linear feature extraction. Extensions
using multi-layer or non-linear AEs could capture more complex motifs, while pre-
serving interpretability by maintaining positivity constraints on the decoding weights
and positive latent variables making it equivalent to NMF.

Finally, our study restricts training to a single spiking motif with fixed timing,
avoiding temporal convolution. While temporal convolution could extract motifs and
their occurrences with time invariance, the EMD’s sensitivity to background activity
makes it challenging to apply over long recordings with sparse motifs. The cumulative
reconstruction error in the absence of structure can be mitigated by computing losses
on smaller windows. Future work should also investigate overlapping motifs and imple-
ment sliding windows to build a fully unsupervised algorithm for detecting spiking
motifs in spontaneous activity without stimulus locking.

Supplementary information. Supplementary information is provided in the
Appendix section.
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Appendix A Activation function of the autoencoder
minimized with EMD

It is straightforward to demonstrate that the dot product, or convolution in a more
general case, used in AEs as the activation function, minimizes the MSE when weights
are tied. The variable X is an N x T matrix, and the estimation of this input by the
AE is given by the following formula:

X=) axWy=A-W (A1)

where aj are the activations of the different associated sets of weights Wy used for
reconstruction. Then, the MSE is given by:

NT

MSE(X, X) = NlTZX X)? NTZ (A2)

By taking the partial derivative of the MSE with respect to aj; one gets:

OMSE 0X;
6ak B NT Z i Bak
9 NT
=~ D (X =D aWi)iWi
NT i=1 k
9 NT

=N X W= Wi - S ap W)
NT; k k%:k k

In order to reach a minimum for all the data points, one wants the sum to be 0 for all
points n. One solution is :

X - Wk — Wk» . Z ak/Wk/ — ak”WkHQ =
k'#k
(X - Zk";ﬁk Wk/) . Wk
[[Wk|?

(A3)

< ap =

In the case of a single kernel (k = 1), the dot product divided by the L?-norm of
the weights is recognizable. This demonstration can easily be extended to a convo-
lution paradigm and shows that the dot product or convolution is optimal for MSE
minimisation as an activation function.

There is no guarantee that this activation function is also appropriate to mini-
mize the EMD. We can make the same reasoning with the loss function described in
Equation 4 to obtain the appropriate activation function:
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(A4)

Since:

ZZGkanﬂ—ZakZka’—Zakamt (A5)

t'=1 k t'=1

Equation A4 simplifies to:

LX,X) 1 S Fx.()—Fx (1)
“ow T MR el e o
1 NI FX,L (t)FWk n(t) FWk,n( ) Ek’ ak/FWk/ (t)
=-ﬁ;§ |Fx, () = Fg, (0)]

With the same reasoning as in Equation A3 and the notation for the cumulative used
in Equation 4:

N T
>N Fx, ()Fw, . (t) — Fw,,( Z aw Fw,,  (t)=0

Q'M—%'ZW’MFO

g F Zk’ ak'FWk’

When k = 1, this activation corresponds to the dot product of the cumulative of
the input and the cumulative of the set of weights along the temporal axis divided by
the norm of the cumulative of the weights. It can be easily implemented in our AE
to use an activation function more appropriate for this loss. Note that this activation
can be extended to the convolution case, which is not the focus of this study.

ap —
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Appendix B Decoding recordings with spikes times
shuffled along the temporal axis

©
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® EMD-trained
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e
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decoding with MSE decoding with EMD

Fig. B1 The decoding accuracy values are shown for the same methods as in Figure 4 when the
spikes are shuffled along the temporal axis for the testing set. The same AEs are used for decoding as
in Figure 4. The only difference is the random shuffling of spike times, which destroys the temporal
information in the testing set. The performance of all methods drops to chance level, showing that
the temporal information captured by the weights of the AEs is actually relevant for decoding.
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Appendix C Decoding losses
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Fig. C2 Reconstruction losses computed on the test trials for the 20 stimulus-specific autoencoders
trained on different visual stimuli. Each column corresponds to a test trial and each row to a stimulus-
specific AE. Top panels show reconstruction losses computed using the EMD, while bottom panels
correspond to losses computed using MSE. With EMD, the reconstruction loss tends to be lowest
for the AE associated with the correct stimulus (darker diagonal), supporting accurate decoding. In
contrast, when MSE is used for decoding (bottom), vertical stripe patterns appear, indicating that
the loss values depend strongly on the specific test trial. This suggests that variability across trials
dominates over differences between AEs, likely due to the bin-by-bin nature of the MSE comparison,
which is more sensitive to trial-specific fluctuations in spike timing.
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Appendix D Spiking motifs
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Fig. D3 Example weight patterns for AEs trained on image 19 across different training sets (com-
posed of 8 of the 10 recordings associated with the same image) of recordings on animal 1. Neurons
are sorted according to the latency of the maximum weight in the AE trained on training set 1, shown
for both EMD (top row) and MSE (bottom row). If a temporal sequence characteristic of a given
stimulus is consistently learned, it should be visible across AEs trained on different subsets of data
corresponding to the same image. For MSE-trained AEs (bottom row), a precise temporal sequence is
visible for training set #1. This structure is not clearly preserved for the other AEs, suggesting that
the learned representation may depend strongly on the specific training data, potentially reflecting
overfitting to particular trials. In contrast, EMD-trained AEs (top row) capture broader, less sharply
defined temporal patterns that remain consistent across training sets when using the same neuron
ordering.
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D4 Example correlation matrix of the trained weights for animal 1. The left panel shows corre-

lations for AEs trained with EMD, and the right panel for AEs trained with MSE. For MSE-trained
AEs, correlation coefficients can reach very high values (close to 1) when models are trained on
recordings associated with the same image, indicating that the corresponding weight configurations
capture highly similar patterns. These high correlations may partly reflect the reuse of similar record-

ings

across training sets for a given image. However, similarity within these clusters can also vary

substantially, suggesting that the learned representations are not fully consistent and that the AEs
may converge to different solutions depending on the specific training set. In contrast, EMD-trained
AESs exhibit lower but more stable within-cluster similarity values.
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