
Under review as submission to TMLR

DeepSpike: Foundation Model-based Pipeline for Large-
Scale Spike Sorting of Neural Activity

Anonymous authors
Paper under double-blind review

Abstract

Spike sorting of high-resolution neural recordings is essential for understanding brain activ-
ity, but it remains challenging when multiple units are recorded due to their overlapping
spike timing, low signal-to-noise ratios and overlapping clusters. Here, we introduce Deep-
Spike, a self-supervised deep learning model that automates spike sorting and overcomes
key limitations of conventional spike sorting methods. Pretrained on large-scale unlabeled
spiking events as a reusable self-supervised encoder, it generalizes to new recordings without
retraining. DeepSpike uses a self-supervised autoencoder to learn robust low-dimensional
spike embeddings that facilitate accurate clustering and effective noise filtering. The model
is trained on a new, large-scale dataset consisting of 255M spiking events (SpikeVault-
255M) derived from real in vivo recordings of about 4560 minutes duration. The dataset
consists of 15M ground truth spikes that are manually verified by an expert user. DeepSpike
outperformed state-of-the-art spike sorting algorithms in both accuracy and robustness in
our experiments on SpikeVault-255M, and two public benchmark datasets. Our results
demonstrate that large-scale, self-supervised pre-training yields a powerful and generaliz-
able encoder for automated spike sorting. The Spike Vault-255M dataset and the pre-trained
DeepSpike model are made publicly available to facilitate further research and development.
1

1 Introduction

Single-unit extracellular recordings are indispensable for linking the activity of individual neurons to behavior
and for deciphering neural circuit dynamics (Gerstein & Clark, 1964). The process of detecting action
potentials from collected raw data and assigning them to individual neurons – a process known as spike
sorting – is the first critical step in neuronal data analysis, but it remains a significant challenge (Abeles &
Goldstein, 1977; Atiya, 1992). Modern high-density multi-electrode probes can record neuronal signals at
high sampling rates (e.g. > 25kHz) across hundreds of channels, rapidly producing massive data streams
that demand automated and precise analysis (Wei et al., 2020). Despite the emergence of numerous semi-
and fully-automated spike sorting algorithms in recent years (Buccino et al., 2022), classification accuracy
of detected spikes is still a mounting challenge (Eom et al., 2021).

Spike sorting remains challenging due to several factors: (1) spike waveforms from different neurons are
highly diverse with different space and time signatures; (2) the number of neurons present in the recording is
unknown a priori; and (3) low signal-to-noise ratios between spikes and background signal (Wang et al., 2019).
Additionally, signal drift during long-term recordings can alter waveform amplitude and shape, rendering
static threshold-based detection ineffective.

In light of these challenges, we propose DeepSpike, a self-supervised autoencoder based spike sorting frame-
work. DeepSpike follows a multi-stage pipeline to perform spike sorting, as shown in Figure 1, comprising
four key steps. The pipeline consists of: (1) Data preprocessing, where the raw signals are filtered and nor-
malized to extract candidate events; (2) Multi-threshold spike detection, an iterative strategy that captures
spikes of varying amplitudes at progressively low signal-to-noise ratio (SNR); (3) Feature extraction via a

1Source code, data, models are available at: https://anonymous.4open.science/r/DeepSpike-DC19
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Figure 1: Overview of the DeepSpike pipeline. Raw multi-unit signals are preprocessed and run through
an iterative multi-threshold detector to extract spike waveforms. An auto-encoder based foundation model
then embeds each event into a low-dimensional latent vector, and finally Dirichlet Process Gaussian Mixture
Model (DPGMM) based clustering is performed on the latent vectors such that each cluster corresponds to
one putative neuron.

self-supervised autoencoder, which embeds each event waveform into a low-dimensional latent vector; and
(4) Clustering, where the low-dimensional spike embeddings are grouped such that each cluster corresponds
to a single putative neuron.2 Each component builds on the previous one — for example, the enhanced
spike detection feeds cleaner inputs to the autoencoder, and the learned embeddings enable more accurate
clustering.

The key contributions of this work are:

1. A comprehensive spike sorting pipeline with a novel self-supervised foundation model at its core.
2. Use of non-parametric Bayesian clustering method that does not need number of clusters a prioi.
3. New large-scale dataset (SpikeVault-255M) comprising 255M spiking events with 15M manually verified

ground truth spikes, derived from 95 in vivo recordings of 4560 minute duration.
4. Thorough evaluation of multiple baselines on SpikeVault-255M and two public datasets, with both quan-

titative and qualitative performance reporting.

2 Related Work

Traditional Spike Sorting Methods. Traditional spike sorting typically follows a fixed pipeline of fil-
tering, threshold-based detection, feature extraction, and clustering (Hennig et al., 2019; Rey et al., 2015b;
Vesanto & Alhoniemi, 2000; Adamos et al., 2008; Nguyen et al., 2015; Keshtkaran & Yang, 2017; Zhang et al.,
2022). These methods rely on hand-crafted features (e.g., principal component analysis (PCA), wavelets)
and require manual tuning of parameters such as detection thresholds and expected unit counts.

2A putative neuron is a cell presumed to be a neuron based on indirect or preliminary evidence, but has not yet been
definitively identified as one through rigorous methods.
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Recent high-performance open-source systems such as Kilosort (Pachitariu et al.), MountainSort (Chung
et al., 2017), and HerdingSpikes2 (Hilgen et al., 2017) introduce graphics processing unit (GPU) acceleration
and more sophisticated clustering schemes, greatly improving throughput. However, these tools still struggle
with high-noise conditions, overlapping spikes, and electrode drift (Buccino et al., 2022; Guenther et al., 2009;
Lewicki, 1998; Harris et al., 2000). As a result, they often require manual curation and fail to generalize
across datasets. Benchmark studies such as SpikeForest (Magland et al., 2020) highlight that no single
method performs consistently well across varied recording conditions, further emphasizing the need for more
general and robust approaches in spike sorting.

Deep Learning Approaches. Deep learning has emerged as a promising direction for spike sorting, aiming
to reduce dependence on manual heuristics and improve robustness.

Some works target the detection stage: YASS (Lee et al., 2017) uses convolutional neural networks (CNNs)
to directly identify spikes from raw signals, reducing noise and data volume. Boussard et al. (2021) integrate
neural networks with physical models to estimate 3D spike locations, enabling long-term unit tracking and
drift correction on Neuropixels probes (Jun et al., 2017).

Another major direction is unsupervised feature learning. Wu et al. (2018) employed autoencoders to com-
press spike waveforms into low-dimensional embeddings, replacing hand-engineered features. Subsequent
work explored deep compressive autoencoders for denoising and reconstruction. Eom et al. (2021) combined
multiple autoencoders for multi-channel input, improving robustness, while Rokai et al. (2021) proposed a
variational autoencoder to learn probabilistic spike embeddings for clustering under uncertainty. Methods
like Speiser et al. (2017) have used similar autoencoder based methods for spike sorting of calcium imaging
data.

Other efforts focus on real-time spike sorting. Radmanesh et al. (2022) designed an online framework
combining denoising autoencoders with adaptive clustering using the Gap Statistic, achieving near-offline
accuracy with low latency.

Self-Supervised Representation Learning for Spike Sorting. More recently, self-supervised learning
(SSL) has emerged as a powerful paradigm for learning from unlabeled electrophysiological data. Several
approaches have utilized contrastive learning frameworks, where models learn to distinguish between similar
and dissimilar spike waveforms. For example, CEED (Vishnubhotla et al., 2023) and HuiduRep (Cao &
Feng, 2025) learn discriminative features by pulling representations of augmented spike waveforms closer
while pushing others apart. PseudoSorter (Brockhoff et al., 2025) also leverages SSL to reveal activity
changes in pathological models. While these contrastive methods are effective for learning discriminative
features, our work explores a generative, reconstruction-based objective. We hypothesize that a masked
autoencoder (MAE) approach is theoretically better suited for learning to denoise and reconstruct canonical
spike waveforms—a key requirement for robust sorting in low-SNR conditions. DeepSpike is the first work to
integrate this generative SSL strategy into a complete, end-to-end pipeline with automated non-parametric
clustering and validate it at an unprecedented scale on the new Spike Vault-255M dataset.

We build on this body of work and address the challenges with generalization, label scarcity, and robustness
under noise and data drift with our work. We bring insights from self-supervision and foundation models
into spike sorting, and show promising results.

3 Methods

Consider a neural recording of duration T (s) sampled at frequency f (kHz) which is then divided into a
collection of N events: D = {xi}N

i=1, each of duration t (ms). Each event consists of F samples i.e. xi ∈ RF

such that F = f · T/N . The number of samples per event is chosen to correspond to feasible spike duration,
which can range between t = 1− 4 ms. Given these individual events, we are interested in performing spike
sorting that is able to assign cluster identities to spikes that belong to the same putative neuron. This can
be formulated as the task of learning the function fθ : x ∈ RF → y ∈ {0, 1, · · · ,K}, where the cluster K = 0
always corresponds to the noise cluster, and θ are the trainable model parameters.

3
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3.1 Data Preprocessing

The raw electrophysiological signals undergo a series of preprocessing steps to enhance signal quality and to
standardize the event representations. The key steps are:
1. Bandpass Filtering: : A 300–5000 Hz bandpass filter removes slow drifts and high-frequency noise,
retaining the spectral content of action potentials, while subtracting a local moving average further centers
the signal by addressing any residual baseline variations not fully eliminated by the bandpass filter.
2. Nonlinear Denoising: We estimate background noise via the median of extreme values from randomly
sampled segments. Transients exceeding a threshold (e.g., large-amplitude artefacts) are clipped, suppressing
spurious fluctuations unlikely to be genuine spikes.
3. Normalization: The filtered and denoised signal is normalized (e.g., scaled to [0,1]) to enable consistent
thresholding across recordings, independent of electrode gain or impedance. A sample recording before and
after preprocessing is shown in Fig. 2.
4. Event Detection (Initial Spike Extraction): We then perform an initial spike detection by threshold-
ing the normalized signal. Any timepoint where the signal crosses a chosen threshold (e.g. 0.5 in normalized
units) is flagged as a spike event . For each such event, we extract a fixed-length snippet of the waveform
around the threshold-crossing point -– for example, 8 samples before the threshold crossing and 12 samples
after, yielding a snippet of length F = 20 samples which would correspond to a spiking event of about
1ms if the signal is sampled at 25kHz. By aligning these snippets on the spike peak, we obtain a set of
candidate spike waveforms of equal length. Formally, the collection of initially detected spike waveforms
D = {x1,x2, . . . ,xN} with each xi ∈ RF , may include false positives (noise waveforms) if the threshold
was low, or it may have missed some small spikes if the threshold was high. We address this next with an
iterative multi-threshold approach. To standardize inputs across datasets with varying sampling frequencies,
all extracted waveforms are interpolated to a fixed length of F = 20 samples, enabling the pretrained model
to process diverse recordings without modification.
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Figure 2: Raw signal (top row) compared to the pre-
processed signal (bottom row) which shows the outlier
removal and non-linear denoising.

Fixed-length windows are allowed to overlap when
spikes occur in close succession; we do not perform
explicit deconvolution of overlaps. Such cases enter
the pipeline as separate windows if they pass thresh-
olding and can later be separated by the embedding
and clustering stages when their morphologies differ.

3.2 Multi-Threshold Spike Detection

Relying on a single threshold for spike detec-
tion entails a trade-off between sensitivity and
specificity: high thresholds reliably detect large-
amplitude spikes but miss smaller ones, while low
thresholds increase sensitivity at the cost of more
false positives. Existing spike sorting methods strive
to obtain a single, global threshold. This can have
negative effects towards the specificity and/or sen-
sitivity of the spike sorting methods.

To address this, in DeepSpike pipeline, we adopt an
iterative multi-threshold strategy, where spike de-
tection is performed multiple times using thresholds of decreasing magnitude. The results are then merged,
allowing robust recovery of spikes across a wide amplitude range while suppressing spurious events.

Rather than using arbitrary values, thresholds are derived from the statistical properties of the signal. For
each recording Dk, a threshold τk is computed as: τk = median(Dk) + ψ · std(Dk), where Dk denotes the
preprocessed signal and ψ is a tunable scalar controlling the trade-off between false positives and false
negatives. Alternatively, following Quiroga et al. (2004), the threshold can be defined as τk = 4σn, where
σn = median(|Dk|)

0.6746 , with the constant 0.6746 corresponding to the inverse cumulative distribution value of
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a standard normal variable. This approach enables consistent and data-driven thresholding, improving the
reliability of downstream feature extraction (Quiroga, 2007).

We perform spike detection iteratively across multiple threshold levels and refine the set of detected events at
each iteration. The pseudocode for the multi-threshold spike detection algorithm is outlined in Algorithm ??
(in the Appendix).

3.3 Spike Representation Learning with Self-Supervised Autoencoder

Spike waverforms differ in their spatial and temporal signatures. Conventional spike sorters try to model
the templates of unique spikes and perform template matching to then identify spikes fired from the same
putative neuron. This can work in conditions with unique neurons, and when the SNR is high. In large-scale
recordings with drifts, modelling all possible spike templates becomes infeasible, and as a result conventional
sorters can fail.

With autoencoder-based spike sorters, the model attempts to learn all possible spike waveforms from the
data. Learning these template representations instead of designing templates offers a powerful way to perform
spike sorting (Eom et al., 2021; Rokai et al., 2021; Radmanesh et al., 2022).

Instead of using unsupervised autoencoders, in DeepSpike, we use a masked autoencoder to learn the latent
representations of spike waveforms from a large-scale unlabelled dataset (He et al., 2022). The input to the
encoder are masked spiking event data obtained using a random masking function m(·) which zeros out the
event data in certain continuous regions. The encoder embeds this masked input into a low-dimensional
latent space fθ : m(x) ∈ RF → z ∈ RL where L < F is the size of the latent dimension . The decoder
gϕ is then tasked with reconstructing the complete spike event from the low-dimensional latent codes i.e.
gϕ : z ∈ RL → x̂ ∈ RF . The encoder-decoder networks are trained jointly by minimizing the reconstruction
loss Lrec(x, x̂).

This is a widely used strategy in self-supervised training of foundation models (Bommasani et al., 2021;
Balestriero et al., 2023). The hypothesis with masked autoencoding is that by attempting to reconstruct
complete spike events from masked inputs, the latent space learns to represent spikes and is able to distinguish
noise events from true spikes, as spikes have more structure to them than noise events. We train DeepSpike
in this masked autoencoder fashion using a large-scale dataset (O(106) in our case).

In addition to the large-scale self-supervised training, we also regularize the latent space using a regulariza-
tion term based on variational autoencoders (VAE) (Kingma et al., 2013). This forces the latent encoder
distribution predicted by the encoder model q(z|x; θ) to align with a spherical Gaussian p(z) = N (0, 1) using
Kullback-Leibler divergence (KLD). The regularization term is Lreg = KLD(q(z|x; θ), p(z)). The KL regu-
larization enforces a smooth Gaussian latent space, expressing uncertainty and supporting generalization to
unseen waveforms, consistent with robust performance across noise levels.

After training, during the inference time, we use the posterior mean obtained from the encoder neural
network as the spike embedding i.e. z = fθ(x). Given a set of preprocessed events, X , DeepSpike is used
to obtain the low-dimensional representations, which are further used to perform clustering and neural unit
identification i.e., Z = {fθ(xi), ∀xi ∈ X}.

3.4 Bayesian Non-Parametric Clustering and Putative Neuron Identification

Given the latent embeddings from DeepSpike, Z, we are now interested in detecting clusters of events that
belong to the same firing unit or the putative neuron. Under standard conditions, the firing pattern of
each unit is unique and all the spike events that have a similar waveform should be marked as belonging to
the same firing unit. This is the essential step in spike sorting – to attribute detected spikes to the right
firing units. Formally, the objective of the clustering step is to assign a discrete neuronal firing unit label
y ∈ {0, 1, · · · ,K} to every latent code while remaining agnostic about the total number of neuronal firing
units (K). This is performed in our pipeline using two levels of clustering: 1) Using simple binary clustering
when iterating at a specific threshold to remove noise events, 2) Using DPGMM clustering to detect unique
neuronal firing units.

5
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Iterative Noise Filtering via Binary Clustering When we perform the multi-threshold detection, we
first employ binary clustering. At each threshold level, we embed candidate events and apply k-means with
K = 2 as a coarse split. We then compute template waveforms per cluster and re-assign events by template
correlation: the cluster with higher within-cluster correlation is labeled “spike,” and the other “noise.” This
two-step gate reduces false merges, because noise events lack a consistent template and exhibit low correlation
even if a centroid-based split groups them together. The cluster with higher correlation are labelled as spikes,
and the remaining are labelled as noise. In the next iteration when the threshold is lowered, all the non-spike
events go through the same process: embed; cluster; label, until we reach the lowest SNR. At the end of this
step, each event is either labelled has a binary label corresponding to if it is a spike or not.

Algorithm 1 Iterative Multi-Threshold Spike Detection and Filtering
1: Input: Preprocessed signal D, Threshold levels {τ1, . . . , τM} where τ1 > · · · > τM , Pre-trained encoder
fθ

2: Initialize: Set of accepted spikes Xspikes ← ∅, Set of candidate events Xcand ← D
3: for each threshold τi in {τ1, . . . , τM} do
4: Detect all events in Xcand where signal exceeds τi. Let this set be Xnew.
5: if Xnew is not empty then
6: Embed all events in Xnew into latent space: Znew = {fθ(x)∀x ∈ Xnew}
7: Perform binary clustering on Znew (e.g., K-Means with K = 2) to get clusters C1, C2.
8: Compute template waveforms T1, T2 for each cluster.
9: Calculate within-cluster correlation scores Corr1,Corr2.

10: if Corr1 > Corr2 then
11: Xaccepted_at_i ← C1, Xrejected_at_i ← C2
12: else
13: Xaccepted_at_i ← C2, Xrejected_at_i ← C1
14: end if
15: Xspikes ← Xspikes ∪Xaccepted_at_i
16: Xcand ← Xrejected_at_i {Rejected events become candidates for the next, lower threshold}
17: end if
18: end for
19: Post-process Xspikes to merge duplicates.
20: Output: Final consolidated spike set Xspikes

Dirichlet Process Gaussian Mixture Model The binary discrimination step above removes obvious
noise events and false detections. We then assign unique cluster identities to the remaining putative spikes,
where the number of clusters K corresponds to the number of putative single units and is unknown a priori in
extracellular recordings (Gasthaus et al., 2008b; Rey et al., 2015a; Lewicki, 1998). Conventional partitional
clustering methods such as K-means, as well as fixed-K Gaussian mixture models, require specifying the
partition level (or selectingK) and can be sensitive to overlapping and non-Gaussian cluster structure, leading
to under-clustering (merging distinct units) or over-clustering (splitting one unit into multiple clusters)
(Veerabhadrappa et al., 2020; Rey et al., 2015a; Ardelean et al., 2023). Gaussian-mixture assumptions in
particular may overcluster by fitting multiple Gaussians to a single non-Gaussian cluster (Rey et al., 2015a),
motivating nonparametric alternatives that infer the effective number of units in an unsupervised manner
(Wood & Black, 2008; Gasthaus et al., 2008b).

To address these challenges we employ a Dirichlet Process Gaussian Mixture Model (DPGMM) which deter-
mines the optimal number of clusters data-dependent which has shown to be useful in spike sorting settings
in (Gasthaus et al., 2008a). DPGMM removes the need to guess K and can capture subtle differences between
spike clusters by flexibly allocating new clusters if required. Moreover, the Bayesian nature that is inherent
to DPGMM allows incorporating prior knowledge (e.g. expected range of spike waveform variability) and
yields a principled way to deal with the uncertainty in cluster assignments. This is particularly advantageous
for handling artifacts like overlapping spikes. Such events, which produce atypical waveforms, are assigned
to new, low-weight singleton clusters rather than being forced into and corrupting existing unit clusters, thus
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Figure 3: SpikeVault-255M Dataset Distributions

preserving the integrity of the final sort. We present a comprehensive study of different clustering methods
in Sec.C, and fix DPGMM to be the default clustering scheme for DeepSpike.

4 Data and Experiments

Dataset with in vivo recordings: One of the contributions of our work is a new, large-scale neural
recordings dataset that is made public. This dataset is obtained from in vivo recordings in the brainstem
of VGlut2-ChR2 transgenic mice (Hägglund et al., 2010). The experiments were approved by and performed
in accordance with local regulatory authorities. The dataset is derived from single-channel recordings;
the electrode consisted of a single channel coupled to an optical fiber. The construct was stereotaxically
implanted into the pedunculopontine nucleus in the mouse brainstem. The recordings were performed in
fully conscious mice in tethered conditions. The wide-band signal was recorded using Tucker-Davids RDZ5
preamplifier and a RD5 data-acquisitioner controlled by the Tucker-Davids synapse software at 25kHz.

Table 1: SpikeVault-255M Statistics

Sampling frequency 25 kHz
Total duration 4558.18 min.
Num. of events 255.15 M
Num. of GT spikes 15.19 M
Num. of GT units 237

Using this set-up a total of 95 recordings with about 4560
minutes of data are used in this work. The recordings were
manually spike sorted after the wide-band data was imported
into Spike23 (v.7.20). The recordings were high pass filtered
(750Hz) to remove the slow oscillatory activity. The spike
events were isolated by setting a positive threshold. All events
crossing the threshold were subjected to a principle component
analysis using the inbuilt function in Spike2 and were visual-
ized in a 3D space, using the 3 vectors with the highest weight.
Spikes belonging to a single unit were grouped in the 3D space
and noise was excluded. Finally, the spike time-stamp and cluster number was exported to a text file format
and made available to be used as the ground truth. This ground truth data-set was then used for validating
the performance of spike-sorting methods in this work which is also provided as part of the dataset.

The 95 recordings result in about 255M events after the preprocessing and event detection steps described in
Sec. 3.1. These preprocessed events from the neural recordings will be referred to as the SpikeVault-255M
dataset. The manual curation of this dataset yields about 15M spikes in the ground truth from 237 neural
units. See the dataset statistics summarized in Table 1 and Figure 3.

Synthetic datasets: In addition to the SpikeVault-255M dataset we evaluate DeepSpike on two widely
used synthetic datasets. The first is the WaveClus dataset (Quiroga et al., 2004), comprising 16 one-minute
simulated recordings, each containing three spike classes and additive noise at four levels (0.05˘0.20), defined
as the ratio of noise to spike amplitude. The data are labeled with ground-truth spike times and widely used
for benchmarking spike sorting methods.

The second dataset, introduced by Pedreira et al. (2012), contains 95 simulated 10-minute recordings based
on real primate neocortical data. Each recording includes between 2 and 20 neuron types, selected from a

3https://ced.co.uk/products/spike2
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pool of 594 spike shapes, plus a noise cluster. Each spike is labeled, enabling external evaluation metrics.
The dataset is designed to mimic realistic waveform variability and sorting complexity, with 5 simulations
per unit count.

Experimental Set-up: We conduct multiple experiments to assess the performance of the proposed Deep-
Spike method. The key goal of the method is to perform reliable spike sorting; in order to evaluate this, we
conduct experiments on the SpikeVault-255M dataset, and the two synthetic datasets. Both datasets have
ground truth labels which are used for quantifying the performance. We evaluate DeepSpike in two modes:
zero-shot setting, and with unsupervised fine-tuning. These experiments demonstrate the foundation model
capabilities of DeepSpike.

Baseline Methods: We use SpikeInterface to run the baseline methods which has integrated several recent
spike-sorting algorithms (Buccino et al., 2020) in a standardized manner. Among the methods supported in
SpikeForest, we were able to reliably run four methods on SpikeVault-255M dataset: Kilosort4 (Pachitariu
et al., 2024), MountainSort5 (Chung et al., 2017), SpykingCircus2 (Yger et al., 2018) and TridesClous (Pouzat
& Garcia, 2016).

In addition to these methods, we were also able to compare with HerdingSpikes2 (Muthmann et al., 2015),
Klusta (Rossant et al., 2016), and Waveclus (Chaure et al., 2018) for the two synthetic datasets. All base-
lines were run through SpikeInterface using recommended or default parameters. No baseline received per-
recording calibration based on ground truth. Unless otherwise stated, evaluation follows unit-level matching
with a fixed temporal tolerance (see Appendix C for the exact matching rule and tolerance), as implemented
in SpikeInterface.

Metrics: We use the comparison module in SpikeInterface which provides standard metrics to compare
to ground truth labels. These metrics are accuracy, precision, and recall. We refer to Sec. A for details on
these metrics which are derived from the descriptions in SpikeInterface in (Buccino et al., 2020).

DeepSpike Model Training on SpikeVault: We want DeepSpike to learn intrinsic representations of
diverse spike waveforms. As discussed in Sec. 3.3, we use a masked autoencoder approach to train DeepSpike.
Instead of training on all the 255M events which might consist majority of noise events, we extract events at
a higher SNR which should yield high quality spike events. We hypothesize that when the model is primarily
trained on high quality spike waveforms, it can learn better representations of spike waveforms. As the model
is only trained on possible spikes, when tested on other larger data with majority of noise events, it acts as
an anomaly detection method (Sakurada & Yairi, 2014).

To achieve this training, we query all the events in SpikeVault-255M dataset that have a maximum intensity
at τ ≥ 0.7.4 This results in a subset of about 5M events which we denote as SpikeVault-5M. We train
DeepSpike on SpikeVault-5M using input masking, and use the encoder fθ from the converged model to
obtain the low-dimensional representations used for clustering.

DeepSpike pretrained on SpikeVault-5M is also used in zero-shot setting on the synthetic datasets. Additional
hyperparameters that describe the network architecture and train DeepSpike are reported in Sec. B.

5 Results and Discussions

Performance on SpikeVault-255M and SpikeVault-140M: The SpikeVault-255M dataset presented a
particularly challenging test case due to its size, extended recording durations, and variable unit counts.
Out of the 95 recordings in SpikeVault-255M, none of the four baseline methods were able to process all the
recordings without failing or returning zero accuracy. To perform a fair comparison across the sorters, we
curate the recordings that overlap between all the baseline sorters which yields 50 recordings (out of the 95),
and the corresponding event dataset has about 140M events. We will refer to this as SpikeVault-140M
dataset in the discussions. Statistics for this curation are provided in Table 2. DeepSpike was the only
algorithm that successfully processed all 95 recordings without failures or zero-accuracy results.

4Recollect that the individual events xi ∈ X are amplitude normalized to be in [0, 1].
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Figure 4: (A) Metrics (accuracy, recall, precision) on SpikeVault-255M (left) averaged over all recordings that
each sorter processed successfully, including zero-accuracy cases; and on SpikeVault-140M (right), computed
on the intersection of recordings processed by all sorters. (B) Metrics on the merged public datasets; FFT
denotes fully fine-tuned and ZS denotes zero-shot DeepSpike. (C) Sorter comparison of mean accuracy,
recall, and precision. blue: metrics averaged over all recordings that each sorter processed successfully on
SpikeVault-255M (including zero-accuracy cases). yellow: the same metrics computed on the intersection of
recordings successfully processed by all sorters (50 recordings; SpikeVault-140M). Error bars denote ± s.e.m.

Figure 5: Robustness comparison across unit numbers in SpikeVault-255M and noise levels in the Quiroga
dataset for each sorter; error bars denote ± s.e.m.

Table 2: Counts across 95 VGlut2 recordings where different sorters either failed to process or returned zero
accuracy after processing. DeepSpike processed all 95 recordings successfully.

Sorters DeepSpike Kilosort4 Mountainsort5 SpykingCircus2 Tridesclous

Failed to process 0 6 0 1 10
Processed with zero acc. 0 11 18 11 17

Total 0 17 18 12 27

Figure 4-(A) quantifies this performance difference, showing that DeepSpike achieved the highest overall
accuracy, recall, and precision across all recordings . Notably, its recall was 0.67 and precision was 0.73,
compared to 0.56 and 0.57, respectively, for the next best method (Kilosort4). Similar large margins are also
observed over other algorithms.

Qualitative results on one of the recordings from SpikeVault are shown in Fig. 6. Here again we observe
that DeepSpike not only detects all units in the ground truth, but also matches the ground truth template
waveforms with high fidelity. Baseline methods, however, miss some units and have average templates that
do not match well with the ground truth, suggesting they may be mixing spikes from different neurons or
including noise.
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Figure 6: Average template waveforms of the ground truth units, compared with different sorters for one of
the recordings in SpikeVault. We note that DeepSpike is able to detect all units and the average template
is close to the ground truth template compared to other methods. These average templates were obtained
from SpikeInterface based on the clustering results from all the methods.
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Figure 7: Influence of different clustering methods on DeepSpike.

Generalization Performance on Merged Public Benchmark Datasets: To directly test the general-
ization capabilities of our foundation model, we evaluated the DeepSpike model (pre-trained only on in vivo
mouse brainstem data from SpikeVault-5M) on two public synthetic datasets. These evaluations included
a zero-shot version ("DeepSpike (ZS)"), where the pretrained foundation model was applied directly, and a
fully fine-tuned version ("DeepSpike (FFT)") which was further trained in an unsupervised manner on the
synthetic datasets.

As shown in Figure 4-(B), both DeepSpike (ZS) and DeepSpike (FFT) demonstrated strong performance on
the public datasets, outperforming many other established sorters. DeepSpike (FFT) generally achieved the
highest accuracy, recall, and precision, indicating the benefit of fine-tuning for specific dataset characteristics.
However, DeepSpike (ZS) also showed highly competitive results, underscoring the strong generalization
achieved by the foundation model without any dataset-specific training on these public benchmarks. For
instance, DeepSpike (FFT) achieved an accuracy of 0.84, while DeepSpike (ZS) achieved 0.75, both comparing
favorably to other sorters like HerdingSpikes2 (0.76) and MountainSort4 (0.80). Notably, baselines like
Waveclus rely on PCA/wavelet features; DeepSpike’s superior accuracy highlights the benefits of learned,
non-linear embeddings over hand-crafted ones.

Robustness to Noise: The Quiroga dataset’s controlled noise levels allowed us to specifically test Deep-
Spike’s robustness to noise. As shown in Figure 4-(C), DeepSpike maintained high performance across
all noise levels: [0.05, 0.10, 0.15, and0.20], with only minimal degradation at the highest noise level. This
contrasts with most other algorithms, which showed significant performance drops as noise increased. Deep-
Spike’s resilience to noise can be attributed to its multi-threshold detection strategy and the denoising
capabilities of its variational autoencoder.
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Figure 8: Illustration of activity windows used for trend analysis. Short windows: 0.02 seconds. Long
windows: 450 seconds.

Robustness to Noise and Unit Count: Figure 5 summarizes robustness along two axes. We analyzed
how the algorithms performed relative to the number of ground truth units in the SpikeVault-255M dataset
(Figure 5, left panel). Interestingly, all algorithms showed their poorest performance with three units, with
improved results for both fewer and more units. DeepSpike demonstrated the most consistent performance
across different unit counts, with particularly strong results for single-unit recordings. Across the Quiroga
noise levels {0.05, 0.10, 0.15, 0.20}, DeepSpike maintains strong performance with modest degradation at
higher noise, whereas several baselines exhibit pronounced declines.

Clustering Methods Comparison: We also evaluated the effectiveness of different clustering methods
within the DeepSpike framework on the synthetic datasets (Figure 7). DPGMM achieved the best perfor-
mance across all the metrics, closely matching a standard GMM with an optimally predefined number of
clusters. The key advantage of DPGMM is that it automatically determines the appropriate number of
clusters without requiring manual specification or additional metrics. While HDBSCAN showed lower per-
formance than expected and had longer runtime, it still offered valuable noise-handling capabilities in certain
scenarios. Additional discussions on clustering methods, and their implications are presented in Sec. C.

Qualitative Analysis and Visualization: Spike sorting is a critical component in analyzing neural ac-
tivity. After performing spike sorting with DeepSpike, we also demonstrate the further downstream analyses
implemented as a comprehensive framework (Figure 8) that includes: 1) Short-time window visualization
(0.01− 0.02 seconds) showing preprocessed data with color-coded waveform overlays for each identified clus-
ter and individual spike train plots for each cluster. Also, autocorrelograms calculated from shorter segments
to ensure clarity, 2) Long-time window visualization (15− 20 minutes) displaying temporal changes in firing
rates and coefficients of variation of inter-spike intervals (CV ISIs) within a sliding window.

This framework in our pipeline allows neuroscientists to correlate spike firing patterns with animal behaviors.
For instance, in the SpikeVault-255M dataset, the mice are running on treadmills at varying speeds, and
the visualization enables analysis of variability in firing rates and ISIs relative to running speed, providing
deeper insights into neuronal activity underlying different behavioral states.

Limitations and Future Work: Spike sorting pipelines are extremely complex requiring various steps
that require several design choices. Some of this complexity is also reflected in our DeepSpike-based pipeline.
We have tried to automate bulk of the analyses – starting from tuning the preprocessing thresholds, to event
detection, and removing the need to specify the number of clusters. However, these settings might not always
work for all recordings due to variations in acquisition conditions. This would require some tuning. We have,
however, shown with our generalization performance that DeepSpike was able to yield the best results even
in the zero shot setting, indicating our pipeline can be used for diverse recordings.
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Modern Neuropixels probes (Jun et al., 2017) record from hundreds of channels simultaneously, and extending
DeepSpike to multi-channel data is an important next step. In principle, our method can be scaled to
multi-channel recordings by processing each channel’s waveforms through the autoencoder and clustering
independently, assuming each channel captures distinct units (an independence assumption). Alternatively,
the model could be adapted to accept multi-channel waveforms as input, leveraging spatial information
across electrodes (similar to Eom et al. (2021)’s approach for multi-channel autoencoders). We leave this
extension to future work and hope that the core components of DeepSpike (unsupervised feature learning
and DPGMM clustering) will remain applicable in the multi-channel setting, or even useful in spike sorting
calcium imaging data (Speiser et al., 2017). Additionally, SpikeVault-255M is derived from mouse brainstem
recordings; while zero-shot results on synthetic primate data suggest applicability to other regions and
species, future extensions to cortical or pathological datasets would enhance universality.

6 Conclusion

Automated spike sorting has been an active area of research for years, driven by the need to make sense of
increasingly large-scale neural recordings. While substantial progress has been made in developing algorithms
for automatic analysis, the scale and complexity of modern datasets continue to pose challenges. Recent
advances in foundation models offer a promising opportunity to revisit this problem, bringing new capabilities
from large-scale machine learning.

To this end, we presented DeepSpike, a self-supervised autoencoder based foundation model at the core of
a comprehensive spike sorting pipeline. Through comprehensive evaluations on a new large-scale dataset
(SpikeVault-255M) derived from in vivo recordings and comparisons with multiple relevant baselines, we
have shown that DeepSpike achieves state-of-the-art performance. We have also demonstrated the zero
short capabilities of the model pretrained on SpikeVault on other public datasets. This is very promising
as practitioners can use our public, pretrained model to perform competitive spike sorting on their in-house
data. If needed, fine-tuning can also be performed to obtain better performance.

By combining deep representation learning with Bayesian non-parametric clustering, DeepSpike addresses key
challenges in spike sorting (feature learning, unknown cluster count, noise robustness) without supervision.
We believe this approach can scale to meet the demands of emerging large-scale neural recordings (Jun et al.,
2017), paving the way for more automated and generalizable neural data analysis.

Broader Impact. The data was collected with approvals from relevant ethical boards. We do not foresee
any harmful impact due to the algorithmic work itself.

Generative AI Usage Statement. ChatGPT version 5.2 and Google Gemini were used to support
programming tasks, including the development of scripts for visualization and setting-up experiments, to
edit and refine language and grammar in selected sections of the manuscript.
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A Details on Metrics for Comparing Spike Sorting Methods

Let {si}nGT
i=1 be the ground truth firing times, and let {tk,j}nk

j=1 denote the firing times of sorted unit k. We
define an allowable temporal error ∆t, assumed to be less than half the refractory period of any neuron.

A ground truth event si is considered matched if there exists a sorted spike tk,j such that |tk,j − si| < ∆t.
At most one sorted event may match each si, and no tk,j may match multiple si, due to the refractory
constraint.

The number of matched events is
nmatch

k := |{i : ∃j such that |tk,j − si| < ∆t}| .
The number of missed ground truth events is

nmiss
k := nGT − nmatch

k ,

and the number of false positives is
nfp

k := nk − nmatch
k .

We now define the three evaluation metrics used on the main SpikeForest page: precision, recall, and
accuracy. These are computed for each ground truth unit, in association with a sorted unit k, using the
counts introduced above.

Precision measures the proportion of detected events that are correct:

pk := nmatch
k

nmatch
k + nfp

k

= nmatch
k

nk
.

Equivalently, precision equals one minus the false positive rate.

Recall measures the proportion of ground truth events that are successfully detected:

rk := nmatch
k

nmatch
k + nmiss

k

= nmatch
k

nGT
.

Equivalently, recall equals one minus the false negative rate.

Accuracy combines both errors, reflecting the proportion of correctly identified events among all relevant
and retrieved events:

ak := nmatch
k

nmatch
k + nmiss

k + nfp
k

= nmatch
k

nk + nGT − nmatch
k

.

B Model Hyperparameters

DeepSpike consists of a symmetric VAE architecture trained on spike waveform segments. The encoder is
a 4-layer MLP with hidden dimensions {2048, 1024, 512, 512} followed by two heads predicting the latent
mean and log-variance in an 8-dimensional latent space. Each layer is followed by batch normalization and
GELU activations. The decoder mirrors the encoder, reconstructing the original waveform from the latent
code. The model is trained for 100 epochs using the Adam optimizer (Kingma & Ba, 2014) with a learning
rate of 2e-4 and a batch size of 4096. A cosine annealing schedule with warm restarts (initial T0 = 10,
Tmult = 2, ηmin = 1e−5) is used for learning rate scheduling. The loss consists of an L1 reconstruction term
and a KL divergence regularizer. The input dimension is 20, corresponding to the interpolated waveform
length. The total number of trainable parameters is approximately 5.9 M trainable parameters. All models
are implemented in PyTorch and trained with gradient accumulation disabled.

C Clustering Algorithms for Spike Embeddings

This appendix summarizes the four clustering approaches evaluated in DeepSpike: (1) K-Means, (2) finite
Gaussian Mixture Models (GMM), (3) HDBSCAN, and (4) our main method—Dirichlet-Process Gaussian
Mixture Models (DPGMM). Figure 9 and Table 3 provide visual and qualitative comparisons.
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C.1 Fixed-K Clustering Methods

K-Means. A partition-based algorithm that minimizes the sum of squared distances to cluster centroids:

arg min
S1,...,SK

K∑
i=1

∑
z∈Si

∥z − µi∥2
2.

It assumes roughly spherical clusters of similar size and is fast on well-separated data.

Gaussian Mixture Model (GMM). A probabilistic model representing data as a weighted sum of K
Gaussians:

p(z) =
K∑

i=1
πiN (z | µi,Σi),

estimated via Expectation–Maximization. GMMs allow soft assignments and anisotropic covariances.

Selecting K. When K is unknown, we choose it by a majority vote over Silhouette score, BIC/AIC, and
the GAP statistic (definitions in Sec. C.1.1). This mitigates manual tuning.

C.1.1 Cluster-Number Selection Criteria

• Silhouette. s(i) = b(i)−a(i)
max{a(i),b(i)} , where a(i) is the mean intra-cluster distance and b(i) the nearest-cluster

distance.

• BIC / AIC. BIC = lnN k− 2 ln L̂, AIC = 2k− 2 ln L̂, with N samples, k parameters, and likelihood L̂.

• GAP. GAP(K) = E[logWK ]− logWK , where WK is within-cluster dispersion under the null reference.

C.2 HDBSCAN (Density-Based Clustering)

HDBSCAN is a non-parametric, density-based algorithm that (i) detects clusters of arbitrary shape and
variable density, (ii) labels outliers as noise, and (iii) requires no pre-specified K. We employ it as a fallback
on recordings with extremely high noise or unknown structure. Its flexibility comes at the cost of tuning a
few hyperparameters (e.g. minimum cluster size) and higher runtime on very large datasets.

C.3 Dirichlet–Process Gaussian Mixture Model (DPGMM)

Generative process. For each latent spike embedding zt ∈ Rd we place a Dirichlet–Process (DP) prior
over Gaussian components:

G ∼ DP
(
α, G0

)
, (µk,Σk) i.i.d.∼ G0,

zt ∼
∞∑

k=1
πkN (zt | µk,Σk), πk = vk

∏
j<k

(1− vj), vk ∼ Beta(1, α). (1)

Explanation of variables.

• zt – d-dimensional code of spike t (output of the VAE).

• (µk,Σk) – mean and covariance of the k-th Gaussian component.

• G0 – Normal–Inverse-Wishart (NIW) base measure over (µ,Σ).

• α – DP concentration: small α favours few large clusters; large α yields many fine clusters.

• vk – stick-breaking weights; πk – resulting mixture proportion for component k.

The stick-breaking construction makes the effective number of clusters data-dependent.
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Accommodation of non-Gaussian noise. Outliers or burst-overlap artefacts form elongated manifolds
that fixed-K GMMs cannot model well. Because the DP can instantiate arbitrarily small new components,
such atypical points are assigned to low-weight singleton clusters rather than distorting existing ones. In
Chinese-Restaurant terminology, the probability of opening a new cluster is α/(N−1 + α), where N is the
current sample size.

Conjugate inference. With an NIW base measure G0 the model is conjugate: after observing data, each
component’s posterior remains NIW. We therefore integrate the parameters out and sample cluster labels
ct ∈ {1, . . . ,K+1} directly.

Collapsed Gibbs step. Let n−t,k be the current size of cluster k (excluding zt), and let (mk, κk, νk,Sk)
be the NIW hyper-parameters after observing that cluster. Then

Pr(ct = k | zt, c−t) ∝

n−t,k tνk−d+1
(
zt; mk,

κk+1
κk(νk−d+1) Sk

)
, k ≤ K,

α tν0−d+1
(
zt; m0,

κ0+1
κ0(ν0−d+1) S0

)
, k = K+1.

(2)

Here tν(·; m,Λ) denotes the multivariate Student–t density obtained after collapsing NIW parameters. In-
tuitively, embeddings join clusters that are both large (n−t,k) and predictive (high t-density); otherwise they
start a new cluster weighted by α.

Marginal likelihood. Integrating over all partitions and parameters yields

p(z1:T | α) =
∞∑

K=1

αKΓ(α)
Γ(α+ T )

K∏
k=1

Γ(nk)
∫
N (zk | µ,Σ)G0(dµ dΣ), (3)

automatically penalising superfluous clusters through the Gamma factors.

Scalable variational alternative. For million-spike datasets we adopt a mean-field variational approx-
imation truncated at Kmax = 20 components; in practice far fewer are activated, preserving the non-
parametric spirit while enabling fast, vectorised GPU updates.

Figure 9: GMM vs. DPGMM with five active components. Marker size encodes mixture weight; colours
denote clusters. DPGMM allocates extra low-weight atoms to outliers, whereas the finite GMM distorts
existing clusters.
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C.4 Overview and Qualitative Comparison

Table 3: Qualitative comparison of clustering strategies.

Property K-means Finite GMM DPGMM (ours)
Unknown K Predetermined Predetermined Inferred by posterior
Cluster covariances Spherical Fixed / tied Full, learned
Heavy-tailed noise Poor Moderate Handled via new atoms
Waveform drift Not captured Post-hoc heuristic DDP random walk
Uncertainty quantification None Asymptotic Explicit posterior
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