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Abstract
Extracellular recordings are transient voltage fluctuations in
the vicinity of neurons, serving as a fundamental modality
in neuroscience for decoding brain activity at single-neuron
resolution. Spike sorting, the process of attributing each de-
tected spike to its corresponding neuron, is a pivotal step in
brain sensing pipelines. However, it remains challenging un-
der low signal-to-noise ratio (SNR), electrode drift and cross-
session variability. In this paper, we propose HuiduRep, a
robust self-supervised representation learning framework that
extracts discriminative and generalizable features from extra-
cellular recordings. By integrating contrastive learning with
a denoising autoencoder, HuiduRep learns latent represen-
tations that are robust to noise and drift. With HuiduRep,
we develop a spike sorting pipeline that clusters spike rep-
resentations without ground truth labels. Experiments on
hybrid and real-world datasets demonstrate that HuiduRep
achieves strong robustness. Furthermore, the pipeline out-
performs state-of-the-art tools such as KiloSort4 and Moun-
tainSort5. These findings demonstrate the potential of self-
supervised spike representation learning as a foundational
tool for robust and generalizable processing of extracellular
recordings.

Introduction
Neuroscientists frequently record extracellular action poten-
tials, known as spikes, to monitor brain activity at single-
cell resolution. These spikes, the extracellular voltage de-
flections from individual neurons, are considered the “fin-
gerprints” of single-cell activity. By analyzing spike trains,
which are sequences of temporally ordered spike times, re-
searchers can infer neuronal coding and dynamics with mil-
lisecond precision (Bod et al. 2022).

However, each electrode often captures spikes from many
nearby neurons, so it is crucial to sort or cluster spikes by
their source (Dallal et al. 2016; Banga et al. 2022). Spike
sorting is the process of assigning each detected spike wave-
form to its originating neuron (Guzman et al. 2021). In prac-
tice, spike sorting is treated as a clustering problem on wave-
form features, often following the initial steps of filtering
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and spike detection (Souza et al. 2019). It is a foundational
step in electrophysiology that enables single-unit analysis
and studies of neuronal function (Rey, Pedreira, and Quian
Quiroga 2015).

In classical spike sorting pipelines, data are first prepro-
cessed, typically filtered and normalized. Spikes are then de-
tected, typically via threshold crossings or template match-
ing. Subsequently, features such as waveform principal com-
ponents or wavelet coefficients are extracted. The result-
ing feature vectors are then clustered using methods like k-
means, Gaussian Mixture Model (GMM) or density-based
algorithms to identify putative single units. Early automated
sorters such as KlustaKwik (Kadir, Goodman, and Harris
2013) often required extensive manual curation due to im-
perfect clustering. More recent frameworks like Mountain-
Sort (Chung et al. 2017) and KiloSort (Vishnubhotla et al.
2023) have improved throughput. For instance, Mountain-
Sort introduced an automatic clustering approach with accu-
racy comparable to, or exceeding manual sorting. Likewise,
KiloSort4 (Pachitariu et al. 2024) uses template matching
and deconvolution to scale sorting to hundreds of channels
with high accuracy. These tools represent the state-of-the-art
in spike sorting, but they still rely on conventional clustering
paradigms and presuppose stable, high-quality signals.

Despite recent advances, spike sorting remains challeng-
ing under realistic conditions. Low SNR signals make spikes
difficult to detect or distinguish. Nearby neurons often pro-
duce overlapping or morphologically similar waveforms,
leading to ”compound” spikes that violate the assumption
of one spike per neuron. Electrode drift, slow movement
of neurons relative to the probe, causes spike waveforms
to change over time, violating the stationarity assumption.
Electrode drift has been identified as a major contributor to
sorting errors, and correcting for drift substantially improves
sorting performance. Spatial overlap of neurons also com-
plicates sorting: dense, high–channel-count probes produce
many overlapping electrical fields, worsening the ”collision”
problem.

In practice, even the best algorithms degrade under such
conditions: for example, methods without explicit drift cor-
rection such as SpyKING CIRCUS (Yger et al. 2018) and
earlier versions of MountainSort lose accuracy when drift
is large. Conventional methods also struggle with diverse
waveform shapes, and cross-session variability may result
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in inconsistent unit identities across different recording ses-
sions (Brockhoff et al. 2025). Thus, robustly clustering
spikes in noisy, drifting data remains a key open problem.

To address these issues, we propose HuiduRep, a self-
supervised representation learning framework for extract-
ing representations of spike waveforms for spike sorting.
HuiduRep learns features that are discriminative of neuron
identity while being less affected by noise and drift. Inspired
by recent trends in extracellular recordings representation
learning (Vishnubhotla et al. 2023), HuiduRep combines
contrastive learning with a denoising autoencoder (DAE)
(Vincent et al. 2008). As a result, HuiduRep can learn ro-
bust and informative spike representations without any man-
ual labeling. We then cluster the learned representations us-
ing the Gaussian Mixture Model to perform spike sorting.
Building upon this, we further design a complete pipeline
for spike sorting. The pipeline achieves robustness to low
SNR and drift, and outperforms state-of-the-art sorters such
as KiloSort4 and MountainSort5 on accuracy and precision
across diverse datasets.

In summary, our main contributions are as follows:
• We propose HuiduRep, a novel self-supervised frame-

work that integrates contrastive learning and DAE with
physiologically inspired view augmentations for robust
spike representation learning.

• We design a complete pipeline for spike sorting that re-
quires no ground truth labels and supports high-density
probes.

• We evaluate our method on datasets from distinct neu-
ral structures, demonstrating its robustness, and we show
that it outperforms state-of-the-art sorters.

Code and supplementary materials are available at https:
//github.com/IgarashiAkatuki/HuiduRep

Related Work
Template-based Spike Sorters
Template-based spike sorting algorithms remain one of
the most widely used methods for processing extracellu-
lar recordings. These approaches typically detect spikes and
then cluster them by matching their waveforms to a set of
learned templates.

KiloSort is one of the most widely adopted template-
matching sorters. It performs spike detection and sorting in
a unified framework using a template matching approach
combined with drift correction. Operating directly on raw
data, KiloSort can handle large-scale recordings, such as
those produced by high-density Neuropixels probes (Stein-
metz et al. 2021). Its core idea is to model the recorded sig-
nals as a superposition of spatiotemporally localized tem-
plates and to iteratively infer spike times and unit identities.

Despite the success of KiloSort and other template-based
methods, which often rely on handcrafted heuristics or static
templates that may not generalize well to low SNRs or rare
waveform variations. These limitations have motivated the
development of recent deep learning-based methods, includ-
ing our proposed HuiduRep, which aims to learn robust rep-
resentations directly from data without relying on fixed tem-
plates.

Representation Learning Models
In spike sorting, effective representation of spike waveforms
plays a crucial role in enabling accurate clustering, par-
ticularly in noisy and drifting recordings. Recent methods
have therefore adopted representation learning frameworks
to learn spike features. Among these, CEED (Vishnubhotla
et al. 2023) and SimSort (Zhang et al. 2025) have emerged
as two representative approaches that leverage contrastive
learning to derive meaningful spike features without manual
labeling.

CEED is a SimCLR-based (Chen et al. 2020) contrastive
representation learning framework for extracellular record-
ings. It is trained and evaluated on the IBL dataset (Labora-
tory et al. 2021), achieving promising performance in em-
bedding spike features. Nevertheless, CEED is limited in
this scope: it functions solely as a feature extractor and does
not design a complete spike sorting pipeline. Moreover, its
performance degrades sharply in embedding multiple neu-
ron types, indicating its difficulty in capturing fine-grained
inter-class distinctions.

Compared to CEED, SimSort not only proposes a rep-
resentation learning model but also introduces a complete
spike sorting pipeline. However, SimSort also has several
limitations. For instance, it only supports 4-channel inputs,
which limits its applicability to high-density probes such as
Neuropixels recordings (Steinmetz et al. 2021). Moreover,
due to its relatively small model size, the performance im-
provement over existing sorters remains limited, especially
in noisy and drifting recording conditions.

Method
In this section, we introduce the overall architecture of
HuiduRep as well as the pipeline based on HuiduRep.

Architecture of HuiduRep
The overall architecture of HuiduRep is illustrated in Fig-
ure 1. Inspired by BYOL (Grill et al. 2020) and MoCo-v3,
our framework also consists of two main branches: an online
network and a target network. The target network, which is
frozen during training, is updated via a momentum update
based on the online network’s parameters.

The key difference lies in the introduction of a DAE
within the online network, which is designed to reconstruct
the original spike representations from the augmented views
generated by the view generation module. This DAE serves
as an auxiliary module to guide representation learning.
Moreover, we replace the original ResNet encoder (He et al.
2015) with a Transformer encoder (Vaswani et al. 2023). Be-
fore feeding the input views into the encoder, we also apply
cross-channel convolution to better capture the characteris-
tics of spike waveforms. During training, only View 1 is fed
into the DAE branch, while View 2 does not participate in
the denoising task.

Furthermore, the contrastive learning branch adapts the
MoCo-v3 style (Chen, Xie, and He 2021), where represen-
tations from positive pairs (query and key) and in-batch neg-
ative samples are compared. For contrastive learning, we
adopt the InfoNCE loss (van den Oord, Li, and Vinyals
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Figure 1: Overall architecture of HuiduRep and the pipeline. During training, the contrastive learning branch adapts the MoCo
v3 style framework, where the query is compared with key and other in-batch samples (not shown in the figure due to the limited
space). Only the View 1 is passed to the DAE branch for reconstruction. During inference, only the transformer encoder and
DAE module are used to extract representations.

2019), while for denoising, we employ the mean squared
error (MSE) loss:

LContrastive = −log
exp(q · k+/τ)

exp(q · k+/τ) +
∑
k−

exp(q · k−/τ)

LDenoising =
1

n

n∑
i=1

(vi − v̂i)
2

Here q denotes the query vector output by the prediction
head of the online network, k+ represents the positive key
generated by the target network for the same sample and k−

refers to the negative keys, which are the outputs of other
samples in the same batch passed through the target network.
τ is a temperature hyper-parameter (Wu et al. 2018) for l2 -
normalized q and k. For MSE loss, v is the embedded feature
obtained from the original input, while v̂ is the reconstruc-
tion produced by the DAE. We apply a standard MSE loss to
measure the reconstruction quality. The overall loss function
of the model is a weighted sum of the denoising loss and the
contrastive loss.

Inspired by CEED, several augmentation strategies are
employed to the original spike waveforms to generate in-
put views. These include: (1) Voltage and temporal jittering,
which introduces small perturbations in both voltage am-
plitude and timing; (2) Channel cropping, where a random
subset of channels is selected to create partial views of the
original waveforms; (3) Collision, where noisy spikes are

overlapped onto the original waveforms to simulate spike
collisions; and (4) Noise, where temporally correlated noise
is added to the waveforms to generate noised views. This
Noise method is employed only for generating View 1, en-
hancing the robustness and performance of the DAE. The
detailed view augmentation strategy is provided in the sup-
plementary material.

During inference, HuiduRep uses the encoder from the
contrastive learning branch to extract representations of in-
put spikes for downstream tasks. In certain cases, the DAE
can be optionally applied before the encoder to further en-
hance the overall performance of the model.

Spike Sorting Pipeline
Based on HuiduRep, we propose a complete pipeline for
spike sorting. As illustrated in Figure 1, our pipeline consists
of the following steps: (1) Preprocessing the raw recordings
by removing bad channels and applying filtering; (2) Detect-
ing spike events from the preprocessed recordings; (3) Ex-
tracting waveforms around the detected spike events; (4) Us-
ing HuiduRep to extract representations of individual spike
waveforms; and (5) Clustering the spike representations to
obtain their unit assignments.

In the pipeline, the preprocessing and threshold-based de-
tection modules of SpikeInterface were employed to process
the recordings (Buccino et al. 2020). Following extraction,
the spike representations were clustered using GMM from
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Algorithm 1: PyTorch Style Pseudocode of HuiduRep

# conv: channel truncation + cross-channel convolution
# f q: encoder + projection + prediction
# f k: momentum encoder + momentum projection
# dae: encoder + feature decoder
# clf: contrastive loss function
# a: weight factor
# m: momentum coefficient

for x in loader: # load data
v1, v2 = aug(x), aug(x) # augmentation
v1, v2 = conv(v1), conv(v2) # conv embeddings
q1, q2 = f q(v1), f q(v2) # queries
k1, k2 = f k(v1), f k(v2) # keys

v = conv(x) # conv embeddings
v hat = dae(v1) # denoising branch

loss1 = clf(q1, k2) + clf(q2, k1) # symmetrized
loss2 = MSELoss(v, v hat)
loss = loss1 + a * loss2 # weighted loss
loss.backward()

# optimizer update
update(f q), update(dae), update(conv)
f k = m*f k + (1-m)*f q # momentum update

the scikit-learn library (Pedregosa et al. 2018) to produce
the final sorting results.

Our pipeline is modular, meaning that each compo-
nent can be replaced by alternative methods. For exam-
ple, the threshold-based detection module can be substi-
tuted with more accurate detection algorithms. In the fol-
lowing experiments, we demonstrate that even when using
a threshold-based detection module with relatively low ac-
curacy, our pipeline still outperforms the state-of-the-art and
most widely used methods such as KiloSort4.

Datasets
International Brain Laboratory (IBL) Dataset
The International Brain Laboratory (IBL) (Laboratory et al.
2021) is a global collaboration involving multiple research
institutions, aiming to uncover the neural basis of decision-
making in mice through standardized behavioral and elec-
trophysiological experiments.

DY016 and DY009 recordings are selected from the
datasets released by IBL to train and evaluate HuiduRep.
Both recordings were recorded from the hippocampal CA1
region and anatomically adjacent areas. Similar to the pro-
cessing in CEED (Vishnubhotla et al. 2023), we used Kilo-
Sort2.5 (Pachitariu, Sridhar, and Stringer 2023) to prepro-
cess the recordings and extracted a subset of spike units
labeled as good according to IBL’s quality metrics (Banga
et al. 2022) to construct our dataset. For every unit, we ran-
domly selected 1,200 spikes for training and 200 spikes for
evaluation. For each spike, we extracted a waveform with

121 samples across 21 channels, centered on the channel
with the highest peak amplitude.

All selected units from the DY016 and DY009 record-
ings were used for constructing the training set. For evalua-
tion, we randomly sampled 10 units from the IBL evaluation
dataset for each random seed ranging from 0 to 99, resulting
in a total of 100 data points. These two subsets are referred
to as the IBL train dataset and the IBL test dataset in the
following sections.

Hybrid Janelia Dataset
HYBRID JANELIA is a synthetic extracellular recording
dataset with ground truth spike labels designed to evaluate
spike sorting algorithms. It was generated by using the Kilo-
Sort2 eMouse (Pachitariu, Sridhar, and Stringer 2023). The
simulation includes a sinusoidal drift pattern with 20µm am-
plitude and 2 cycles over 1,200 seconds, as well as waveform
templates from high-resolution electrode recordings.

We evaluated model performance on both the static and
drift recordings of this dataset. To ensure a fair comparison,
we reported results only on spike units with the SNR greater
than 3 for all models.

Paired MEA64C Yger Dataset
Paired MEA64C Yger is a real-world extracellular record-
ing dataset (Yger et al. 2018) that includes ground-truth
spike times, which were obtained using juxtacellular record-
ing (Pinault 1996). The dataset recorded from isolated reti-
nal tissues primarily targets retinal ganglion cells. It was col-
lected using a 16×16 microelectrode array (MEA) and an
8×8 sub-array was extracted for spike sorting evaluation.
For each recording, there is one ground-truth unit.

We randomly selected 9 recordings in which the ground-
truth unit has SNR greater than 3, and used them to evaluate
our method with other baseline models.

Experiments
Implementation Details
For training HuiduRep, we used the AdamW optimizer
(Loshchilov and Hutter 2019) with a weight decay of 1 ×
10−2 to regularize the model and reduce overfitting. Ad-
ditionally, we employed a cosine annealing learning rate
scheduler with a linear warm-up phase during the first 10
epochs, where the learning rate increased to a maximum of
1× 10−4.

To balance the contrastive learning branch and the DAE
branch, we assigned a weight factor α to the denoising loss
to control its contribution during training:

L = α · Ldenoising + Lcontrastive

The model’s performance is evaluated across different
values of α to determine the optimal trade-off on the IBL
test dataset. For each α setting, the learned representations
were clustered using GMM, and the Adjusted Rand Index
(ARI) was computed against the ground truth labels.

We report the mean ± standard error (SEM), along with
the max and min ARI values of each model across the 100
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Figure 2: (a): Boxplot of HuiduRep and other models. (b): Clustering results, visualized after reduction via PCA.

ARI / α 0.0 (without Reconstruction) 0.2 0.4 0.6 0.8 1.0
Mean ± SEM 70.5± 1.3 71.9± 1.3 67.0± 1.6 71.1± 1.4 65.3± 1.5 69.6± 1.4

Max 91.5 92.7 91.0 91.2 88.8 90.5
Min 43.9 43.3 37.0 45.7 37.2 39.8

Table 1: ARI scores (Mean ± SEM, Max, Min) across different weight factor α of HuiduRep, evaluated with IBL test dataset.

Rep Dimensions 16 32 48
ARI 69.7± 1.4 71.9± 1.3 72.9± 1.3

Time (seconds) 5.39 ± 0.12 6.78 ± 0.18 7.47 ± 0.23

Table 2: ARI scores and time cost per data point (Mean ±
SEM) across different representation (Rep) dimensions of
HuiduRep, evaluated with IBL test dataset.

data points. The result of each data point is averaged over 50
independent GMM runs.

As shown in Table 1, the best overall performance was
achieved when α = 0.2, with the highest ARI score and the
highest maximum value. Notably, both very low (α = 0.0)
and high values (α ≥ 0.8) led to decreased performance,
indicating that a moderate contribution of the denoising
branch is essential for improving robustness and the overall
performance of HuiduRep. In addition, using the same IBL
test dataset and evaluation method, we also evaluated the ef-
fect of different representation dimensions on the model’s
performance with α = 0.2. As shown in Table 2, with
the representation dimension increasing, the model’s perfor-
mance generally improves, suggesting enhanced representa-
tional capacity. However, higher-dimensional representation
also leads to greater computational costs. To balance effi-
ciency and performance, we set the representation dimen-

Model ARI Time (seconds)
HuiduRep 10units 71.9± 1.3 6.78± 0.18
MoCo-v3 10units 66.9± 1.4 7.51± 0.20

CEED 10units 63.5± 1.3 21.25± 0.04
HuiduRep 15units 66.9± 0.8 12.22± 0.26
MoCo-v3 15units 61.3± 1.1 13.24± 0.28

CEED 15units 57.7± 0.7 24.93± 0.09

Table 3: ARI scores and time cost per data point (Mean ±
SEM) of HuiduRep and other models across varying counts
of selected units, evaluated with random seeds from 0 to 99.

sion to 32 and fixed α at 0.2 in all subsequent experiments.
All models under different settings were trained for 300

epochs with a batch size of 4096 and a fixed random seed on
a server with a single NVIDIA L40s 48G GPU and CUDA
12.4. A local evaluation server with a single NVIDIA RTX
5080 16G GPU and CUDA 12.8 is used to perform all exper-
iments. A complete list of training hyperparameters is pro-
vided in the supplementary material.

Performance Evaluation
To evaluate the performance of HuiduRep and other models,
we created datasets where each data point includes 15 units,
using the same construction method as the IBL test dataset.
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Method Hybrid Janelia-Static (SNR > 3, 9 recordings) Hybrid Janelia-Drift (SNR > 3, 9 recordings)
Accuracy Recall Precision Accuracy Recall Precision

HerdingSpikes2 (Hilgen et al. 2017) 0.35± 0.01 0.44± 0.02 0.53± 0.01 0.29± 0.01 0.37± 0.02 0.48± 0.02
IronClust (Jun and Magland 2020) 0.57± 0.04 0.81± 0.01 0.60± 0.04 0.54± 0.03 0.71± 0.02 0.65± 0.03

JRClust (Jun et al. 2017) 0.47± 0.04 0.63± 0.02 0.59± 0.03 0.35± 0.03 0.48± 0.03 0.57± 0.02
KiloSort (Pachitariu et al. 2016) 0.60± 0.02 0.65± 0.02 0.72± 0.02 0.51± 0.02 0.62± 0.01 0.72± 0.03

KiloSort2 (Pachitariu et al. 2020) 0.39± 0.03 0.37± 0.03 0.51± 0.03 0.30± 0.02 0.31± 0.02 0.57± 0.04
KiloSort4 (Pachitariu et al. 2024) 0.40± 0.03 0.45± 0.03 0.52± 0.05 0.34± 0.02 0.35± 0.02 0.61± 0.03
MountainSort4 (Magland 2022) 0.59± 0.02 0.73± 0.01 0.74± 0.03 0.36± 0.02 0.57± 0.02 0.61± 0.03
MountainSort5 (Magland 2024) 0.40± 0.06 0.50± 0.05 0.52± 0.08 0.33± 0.04 0.40± 0.03 0.64± 0.05
SpykingCircus (Yger et al. 2018) 0.57± 0.01 0.63± 0.01 0.75± 0.03 0.48± 0.02 0.55± 0.02 0.68± 0.03

Tridesclous (Pouzat and Garcia 2015) 0.54± 0.03 0.66± 0.02 0.59± 0.04 0.37± 0.02 0.52± 0.03 0.55± 0.04
SimSort (Zhang et al. 2025) 0.62± 0.04 0.68± 0.04 0.77± 0.03 0.56± 0.03 0.63± 0.03 0.69± 0.03

HuiduRep Pipeline without DAE 0.69± 0.02 0.72± 0.02 0.87± 0.01 0.56± 0.02 0.61± 0.02 0.83± 0.01
HuiduRep Pipeline with DAE 0.70± 0.02∗ 0.75± 0.02∗ 0.85± 0.01 0.60± 0.02∗ 0.65± 0.02∗ 0.83± 0.01

Table 4: Spike sorting results (Mean ± SEM) on the HYBRID JANELIA dataset. Results for other methods are obtained
from SpikeForest. Best-performing values are highlighted in bold. * denote that the method performs significantly better than
HuiduRep Pipeline without DAE. (Wilcoxon test, p < 0.05).

Method Paired MEA64C Yger (SNR > 3, 9 recordings)
Accuracy Recall Precision

HerdingSpikes2 (Hilgen et al. 2017) 0.77± 0.10∗ 0.92± 0.04 0.80± 0.09∗

IronClust (Jun and Magland 2020) 0.73± 0.09∗ 0.96± 0.02 0.74± 0.09∗

KiloSort (Pachitariu et al. 2016) 0.80± 0.09 0.96± 0.01 0.82± 0.09

KiloSort2 (Pachitariu et al. 2020) 0.69± 0.11† 0.99± 0.01 0.70± 0.11∗

KiloSort4 (Pachitariu et al. 2024) 0.71± 0.10 0.99± 0.01 0.72± 0.11†

MountainSort4 (Magland 2022) 0.80± 0.09 0.97± 0.02 0.81± 0.09
MountainSort5 (Magland 2024) 0.57± 0.10∗ 0.85± 0.08 0.60± 0.10∗

SpykingCircus (Yger et al. 2018) 0.78± 0.10∗ 0.98± 0.01 0.79± 0.10∗

Tridesclous (Pouzat and Garcia 2015) 0.79± 0.09 0.97± 0.02 0.80± 0.09∗

HuiduRep Pipeline with DAE 0.80± 0.08 0.94± 0.02 0.82± 0.09

Table 5: Spike sorting results (Mean ± SEM) on the Paired MEA64C Yger dataset. Results for other methods are obtained
from SpikeForest.* and † denote that the HuiduRep Pipeline with DAE performs significantly (p < 0.05) and marginally
significantly (0.05 ≤ q < 0.10) better than other methods. Note: KiloSort2 was evaluated on 8 out of 9 recordings, as it is failed
to run on one recording.

As shown in Table 3, HuiduRep significantly outperforms
CEED and MoCo-v3 on both the 10-unit and 15-unit test
datasets, indicating superior representation learning capabil-
ity. Furthermore, during testing, HuiduRep has a lower num-
ber of active parameters (0.6M) compared to CEED (1.8M).
These results demonstrate that HuiduRep not only achieves
better performance with reduced model complexity, but also
adapts more effectively to downstream tasks such as spike
sorting, which require strong representational ability.

To evaluate the performance of the HuiduRep Pipeline
in real-world spike sorting tasks, two publicly available
datasets, Hybrid Janelia and Paired MEA64c Yger, are se-
lected as test sets. Multiple spike sorting tools, including
KiloSort series (Pachitariu, Sridhar, and Stringer 2023) and
MountainSort series (Chung et al. 2017), were evaluated.
The performance of KiloSort4 and MountainSort5 was eval-
uated on our local evaluation server. The results for SimSort
were cited from its original publication (Zhang et al. 2025),
while the performance data for the remaining methods were

obtained from the results provided by SpikeForest (Magland
et al. 2020).

We recorded three metrics: accuracy, precision, and re-
call of different models across various test sets. Moreover,
we adopted the SpikeForest definitions for computing these
metrics, which slightly differ from the conventional calcula-
tion methods. The accuracy balances precision and recall,
and it is similar to the F1-score. These metrics are com-
puted based on the following quantities: n1: The number of
ground-truth events that were missed by the sorter; n2: The
number of ground-truth events that were correctly matched
by the sorter; n3: The number of events detected by the
sorter that do not correspond to any ground-truth events.
Based on these definitions, the metrics are calculated as:

Precision =
n2

n2 + n3
, Recall =

n2

n1 + n2

Accuracy =
n2

n1 + n2 + n3

As shown in Tables 4 and 5, HuiduRep Pipeline consistently
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Figure 3: Reduced feature space of IBL training dataset and other datasets. The centroid of each dataset is marked with a black
X. The features of each dataset are reduced to 2 dimensions using PCA.

Dataset without DAE with DAE
Distance Silhouette Score ARI Distance Silhouette Score ARI

IBL Test Dataset 0.46± 0.23 0.240± 0.010 0.72± 0.03 8.64± 0.24 ↑ 0.087± 0.008 ↓ 0.44± 0.03 ↓
Paired MEA64C Yger 1 23.43± 0.07 0.176± 0.009 N/A 7.77± 0.01 ↓ 0.133± 0.011 ↓ N/A
Paired MEA64C Yger 2 24.72± 0.08 0.157± 0.006 N/A 7.53± 0.02 ↓ 0.120± 0.008 ↓ N/A

Hybrid Janelia 1 16.00± 0.14 0.195± 0.011 0.60± 0.03 7.02± 0.03 ↓ 0.150± 0.005 ↓ 0.64± 0.03 ↑
Hybrid Janelia 2 14.53± 0.10 0.127± 0.005 0.57± 0.02 6.50± 0.02 ↓ 0.103± 0.005 ↓ 0.58± 0.01 ↑
Hybrid Janelia 3 12.47± 0.09 0.159± 0.005 0.55± 0.02 6.41± 0.02 ↓ 0.131± 0.009 ↓ 0.56± 0.03 ↑

Table 6: Euclidean distances between the IBL training dataset and other datasets, along with silhouette score and ARI of each
dataset with and without the DAE.

outperforms other models on the Hybrid Janelia dataset in
terms of accuracy and precision, under both static and drift
conditions. However, its recall is slightly lower than that of
IronClust but significantly higher than that of the other mod-
els. This phenomenon is potentially due to threshold-based
spike detection missing low-amplitude true spikes or Iron-
Clust detecting an excessive number of spikes, which leads
to a high recall and lower precision.

On the high-density, multi-channel Paired MEA64C Yger
dataset, the HuiduRep Pipeline also achieves slightly higher
accuracy and precision compared to other models, with
statistically significant or marginally significant improve-
ments. However, the recall remains slightly lower. Detailed
Wilcoxon test results are provided in supplementary ma-
terial. The performance on both datasets demonstrates the
practical applicability of the HuiduRep pipeline for real-
world spike sorting tasks.

Notably, applying the DAE, originally an auxiliary mod-
ule during training, before the contrastive learning encoder
during inference leads to significant improvements in both
accuracy and recall scores. We will provide an in-depth anal-
ysis of this effect in the next ablation study section.

Ablation Study
To investigate why the DAE enhances model performance
during inference and to gain insights into its underlying

mechanism, we randomly selected 500 spike samples per
unit from each test dataset and the IBL training dataset. For
each test dataset, the same set of samples was processed us-
ing two different methods: one with the DAE and one with-
out. Principal Component Analysis (PCA) was then applied
to reduce the dimensionality of the spike data to two dimen-
sions. We computed the Euclidean distance between the cen-
troid of the test samples and that of the IBL training sam-
ples in the reduced feature space. Furthermore, we applied
HuiduRep followed by GMM to both groups and calculated
the silhouette scores along with ARI of the resulting clusters.
Since each recording in the Paired MEA64C yger dataset
contains only one ground truth unit, the ARI becomes in-
applicable. Each experiment was repeated 20 times, and the
mean and standard deviation (STD) were reported.

As shown in Table 6 and Figure 3, applying the DAE
to spike waveforms from out-of-distribution (OOD) datasets
(Paired MEA64C Yger and Hybrid Janelia) significantly re-
duces their Euclidean distance to the IBL training set in
the reduced feature space. This indicates that the DAE has
learned to capture the feature distribution of the original
training data. By aligning OOD data closer to the training
data, the DAE effectively performs domain alignment, im-
proving the overall ARI. Consequently, as shown in Table
3, applying the DAE before the contrastive learning encoder
enables HuiduRep to better handle distribution shifts, result-
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ing in improved accuracy and recall scores, especially on
noisy and drifting recordings.

However, this benefit comes with a potential trade-off:
the DAE may compress spike waveforms into a more com-
pact space, reducing inter-class variability and thereby mak-
ing them less distinguishable and slightly reducing precision
scores in the subsequent spike sorting task. This effect is re-
flected in the decreased silhouette scores observed after ap-
plying DAE. Moreover, for in-distribution (ID) test datasets
such as the IBL test dataset, the use of DAE may distort the
original data distribution, resulting in increased distance to
the IBL training dataset along with lower ARI.

This suggests that while DAE effectively aligns OOD
data, it may negatively impact performance when applied
to data already well-aligned with the training distribution.
Therefore, when processing a new dataset, one may first ex-
amine the data distribution with and without the DAE to as-
sess its impact on the alignment of the data.

Conclusion
In HuiduRep, the view generation strategy not only produces
augmented views that preserve semantic invariance but also
maintains genuine physiological significance. This strategy
simulates the jitters occurring during the firing process of
real neural signals, as well as the overlapping and interfer-
ence between signals from different neurons. In essence, it
models the natural variability present in real neural record-
ings. Thus, the view generation strategy encourages the
model to learn spike representations under more realistic
conditions, enhancing its overall performance.

Furthermore, DAE learns to reconstruct augmented in-
puts back onto the original spike waveforms. This compo-
nent is also remarkably biologically intuitive: many cortical
circuits effectively perform noise suppression and normal-
ization. For example, computational models show that topo-
graphic recurrent networks in the cortex can amplify signal-
to-noise by adjusting the excitation–inhibition balance (Zaj-
zon et al. 2023). In other words, cortex exhibits a denoising
behavior that preserves stimulus features while suppressing
irrelevant fluctuations. The DAE plays a similar role: it is
trained to reconstruct a clean waveform from an augmented
input. In our framework, this means that HuiduRep is en-
couraged to represent only the stable, informative represen-
tations, effectively filtering out the noise.

Overall, HuiduRep demonstrates strong robustness in
spike representation learning, outperforming state-of-the-art
sorters across a wide range of datasets from distinct neural
structures. By integrating contrastive learning with a denois-
ing autoencoder, it maintains high performance under low
SNR, electrode drift, and overlapping conditions. Its archi-
tecture draws inspiration from neuroscience, offering greater
resilience to real-world variability than conventional meth-
ods.

While HuiduRep is designed for extracellular recordings,
the core methodology, self-supervised representation learn-
ing with physiologically inspired augmentations, can gen-
eralize to other bioelectrical signals such as EMG, ECoG,
and EEG. These signals share similar challenges, including
low SNR, temporal variability, and inter-subject drift. Future

work may explore extending HuiduRep to a broader range
of electrophysiological data as well as incorporating richer
biological priors and integrating more advanced signal de-
tection techniques to further improve generalization and in-
terpretability.
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