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Abstract

Spike sorting is an essential process in neural recording, which identifies and
separates electrical signals from individual neurons recorded by electrodes in the
brain, enabling researchers to study how specific neurons communicate and process
information. Although there exist a number of spike sorting methods which have
contributed to significant neuroscientific breakthroughs, many are heuristically
designed, making it challenging to verify their correctness due to the difficulty of
obtaining ground truth labels from real-world neural recordings. In this work, we
explore a data-driven, deep learning-based approach. We begin by creating a large-
scale dataset through electrophysiology simulations using biologically realistic
computational models. We then present SimSort, a pretraining framework for
spike sorting. Trained solely on simulated data, SimSort demonstrates zero-shot
generalizability to real-world spike sorting tasks, yielding consistent improvements
over existing methods across multiple benchmarks. These results highlight the
potential of simulation-driven pretraining to enhance the robustness and scalability
of spike sorting in experimental neuroscience.

1 Introduction

Understanding the complex computations performed by the brain requires insight into the activity
of individual neurons [1, 2], which is crucial for exploring how information is encoded, processed,
and transmitted within neural circuits, as well as decoding the brain’s functional dynamics [3, 4, 5].
Recent advances in neural recording technologies have enabled capturing the activity of neurons
across multiple regions of the brain with high spatial and temporal precision [6, 7, 8, 9]. Notably,
extracting meaningful information from recordings relies on a critical step known as spike sorting.

Spike sorting is the process of extracting and identifying neural activity from extracellular recordings.
It involves two main steps (Fig. 1): spike detection, which extracts spike events from background
noise, and spike identification, which assigns these detected spikes to individual neurons [10].
Spike sorting is indispensable for transforming raw electrical signals into interpretable data that
reveal the firing patterns of individual neurons. Accurate spike sorting is essential for linking neural
activity to behavior, understanding the functional organization of neural circuits [11], and uncovering
mechanisms underlying various sensory and cognitive processes [12]. Furthermore, its role extends
to translational applications, such as improving neural prosthetics and developing closed-loop BCIs,
where spike sorting is critical for achieving precise neural decoding and control [13, 14].

*The work was conducted during the internship of Yimu Zhang at Microsoft Research Asia.
†Corresponding authors.
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Figure 1: Pipeline ofspike sorting, which consists of two main steps:spike detectionandspike
identi�cation . For spike detection, typical spike sorting algorithms (left) utilize threshold-based
detector relies on �xed voltage thresholds on each channel, and use non-learning method like per-
forming PCA-based clustering on concatenated waveforms for spike identi�cation. Those approaches
are sensitive to noise and require manual parameter tuning. In contrast, our proposed framework
SimSort (right) use a neural network-based detector replaces the threshold method for spike detec-
tion, enhancing robustness and generalization. For spike identi�cation, the feature embeddings of
multi-channel waveforms learned from contrastive learning to improve clustering accuracy.

For a long time, spike sorting predominantly relied on heuristic statistics and machine learning
approaches [1, 15, 16, 17, 6, 18, 19]. While these methods have promoted neuroscience research,
they exhibit several key limitations. First, their sorting results are sensitive to parameter settings and
post-processing, which depend on the experimenter's expertise and must be customized for each
dataset. Moreover, these approaches lack a data-driven foundation, limiting their scalability and
adaptability across diverse experimental settings, particularly in low signal-to-noise ratio (SNR) and
high-variability scenarios, where their performance declines signi�cantly. Recently, deep learning-
based methods, such as YASS [20] and CEED [21], have attempted to improve spike sorting by
adopting data-driven approaches to enhance detection and clustering accuracy. However, their
generalizability and practical use are hindered by the limited training datasets.

To address these limitations, we highlight the importance of using massive training data with ground-
truth annotations to achieve more reliable and robust spike sorting. Furthermore, we aim to design a
deep learning framework optimized for spike sorting and pretrain models for practical usage.

Therefore, in this work, we �rst generated a large-scale labeled dataset to address the scarcity of
ground-truth data for spike sorting. Building on this, we presentSimSort, a framework that utilizes
data-driven approaches to enable fully automated spike sorting. By pretraining a spike detection
model on the large-scale dataset, SimSort achieved notable improvements in detection accuracy
and adaptability compared to commonly used threshold-based methods. Additionally, SimSort
incorporated contrastive learning to enhance waveform feature representations, achieving better
robustness against noise. We evaluated SimSort in zero-shot settings on publicly available datasets
without �ne-tuning, showing its effectiveness in spike sorting tasks compared to existing methods.

The key contributions of the SimSort framework include:

1) A publicly available, large-scale labeled dataset to help address the scarcity of ground-truth data,
supporting the development and evaluation of learning-based spike sorting methods.

2) A pretraining paradigm for spike sorting with a large-scale simulation dataset. The results, for the
�rst time, demonstrate successful zero-shot transfer from simulated to real-world spike sorting tasks.

3) An off-the-shelf pretrained model for neuroscientists to use* , enabling fully automated spike
sorting on Tetrode recordings without dependence on hand-tuned parameters.

2 Preliminaries

The goal ofspike sorting (Figure 1) is to extract single-neuron spiking activity from extracellular
recordings, where the activities of an unknown number of neurons are mixed together. Mathematically,

* Seehttps://SimSortTool.github.io for the model, code and usage instructions.
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spike sorting is a blind source separation problem [22] and can be formally de�ned as follows: Let
V 2 RT � C represent the extracellular recording (voltage) acrossC electrode channels overT time
points. The goal is to infer a set of spike timesf tk gK

k=1 and corresponding neuron labelsf yk gK
k=1 ,

whereyk 2 f 1; : : : ; N g represents the neuron identity, andN is the total number of detected neurons.

3 Related Work

Early spike sorting pipelines typically used thresholds to detect spike events, followed by dimen-
sionality reduction (e.g., PCA ort-SNE) and clustering [23, 24, 25]. Although this pipeline was
straightforward, it often suffered from noise susceptibility, inaccurate detection of low SNR events,
and reliance on manual parameter tuning.

Deep learning approaches have been adopted to replace or enhance certain steps in traditional
pipelines, aiming to improve robustness, automation, and adaptability to diverse experimental condi-
tions. Autoencoders have been explored as a method for dimensionality reduction [26, 27, 28]. YASS
[20] employed a convolutional neural network for spike detection and waveform cleaning, thereby
mitigating clustering errors caused by distorted waveforms. CEED [21] applied a contrastive learning
framework to enforce invariances to amplitude �uctuations, noise, and channel subset changes in the
extracted embeddings. However, these methods were limited by their reliance on restricted training
datasets, potentially reducing their generalization across diverse experimental conditions.

In particular, YASS depended on high-quality prior training data and assumed a consistent experi-
mental setup with validated sorting results, limiting its utility in scenarios where training data were
scarce or recording conditions varied signi�cantly.

Similarly, CEED had its limitations: (1) its invariance assumptions may not generalize to datasets with
unaccounted variability; (2) it relied on KiloSort2.5-processed data, potentially inheriting inaccuracies
from these analyses; (3) its training and testing datasets were narrowly scoped, originating from
similar experimental conditions, which may constrain broader applicability; and (4) it did not optimize
spike detection or provide a complete spike sorting pipeline.

To overcome these limitations, we propose a data-driven approach to develop a fully automated
spike sorting pipeline that does not rely on manually de�ned parameters, demonstrating improved
generalization across diverse datasets and recording conditions.

4 Methods

4.1 Dataset Creation

To address the scarcity of labeled spike data, we generated a large-scale synthetic dataset using
biophysically detailed neuron models from the Blue Brain Project (BBP) [29, 30, 31], covering 206
neuron models from layers 1–6 of the juvenile rat somatosensory cortex. These models capture
diverse morphologies and electrophysiological dynamics across 30 neuronal types.

Electrophysiology Simulation Based on these models, we �rst simulated intracellular activity
by injecting noise currents into multi-compartment neurons using the NEURON simulator [32],
producing realistic spiking responses. Then, extracellular potentials were computed via volume
conductor theory, summing transmembrane currents across compartments to obtain virtual recordings
from tetrode electrodes randomly placed near the neurons. Each simulation trial included 5 neurons
of varying types, placed in a100� 100� 100� m3 volume, with randomized positions for both cells
and electrodes. (Figure 2; full technical details in Appendix A).

Dataset Preparation We generated a large-scale dataset consisting of 8192 simulated recording
trials, representing continuous neuronal activities from more than 40,000 individual neurons. Intra-
cellular spike timestamps were recorded as ground-truth for extracellular spikes, providing precise
annotations for model training and evaluation.

The dataset was structured into two primary subsets:

Continuous Signal Dataset: This subset comprised full-length extracellular recordings across all
electrode channels. It was designed for training spike detection models and evaluating the overall
performance of spike sorting pipelines.
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Figure 2: Overview of the large-scale simulated extracellular dataset generation process. (a) Multi-
compartment neuron models simulate detailed neuronal morphologies and electrophysiological
properties, incorporating realistic ion channel dynamics. (b) Noise generated by stochastic process
is injected into the somatic compartment to induce stochastic intracellular action potential �ring,
and extracellular signals are recorded using virtual electrodes placed near the neurons in a simulated
environment. (c) The resulting multi-channel extracellular recordings capture diverse and realistic
neural activity.

Spike Waveform Dataset: This subset contained spike waveforms extracted from each ground-truth
units. It was used for training and evaluating the spike identi�cation model.

We used signals simulated from BBP layers 1–5 neuron models for training and validation, reserving
signals from BBP layer 6 neuron models exclusively for evaluation, ensured that the test set comprises
previously unseen neuron types and con�gurations, allowing us to effectively assess the model's
generalization capabilities.

4.2 Spike Detection

We formulate the spike detection task as identifying the temporal segmentsf tk g corresponding to
putative neural spikes from the raw inputV 2 RT � C , whereT represents the number of time points
andC denotes the number of electrode channels. The raw signalV �rst underwent two preprocessing
steps: bandpass �ltering and spatial whitening. Then, the processed signal was subsequently provided
as input to the spike detection model.

Figure 3: Spike detection model in SimSort.

We utilized a Transformer-based ar-
chitecture [33] for spike detection,
trained on the simulated continuous
signal dataset detailed in Sec. 4.1. For
robustness and generalization, data
augmentation was integrated into the
training process, referring to Fig. 3.
We employed a binary cross-entropy
loss for the spike detection model:

L BCE = �
1
T

TX

t =1

�
wp � yt log ŷt + (1 � yt ) log(1 � ŷt )

�
; (1)

where the binary labelyt denoted spike events,ŷt was the predicted probability,T was trial length,
andwp was a hyperparameter to reweigh the positive predictions given the general scarcity of spikes.

Data Augmentation: To improve robustness and generalization in spike detection, data augmen-
tation was applied to each input signal segmentV 0 2 RT � C (Fig. 3). A subset of channels
C0 � f 1; 2; : : : ; Cg was randomly selected with a probabilityp to apply augmentation. Various
augmentations, such as adding noise, amplitude scaling, and temporal jitter, were applied to enhance
the diversity of training data. The detailed implementation of these augmentations is provided in
Appendix A.
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4.3 Spike Identi�cation

We formulate spike identi�cation as embedding each identi�ed spike waveformX i 2 RL � C , the
voltage trace (waveform) of spikei , into a latent space to learn robust representations using contrastive
learning. Then the learned embeddings are clustered into several groups, indicating putative neurons.

The spike identi�cation model was trained on the simulated spike waveform dataset (Sec. 4.1). The
model consisted of several key components, as illustrated in Fig. 4 and described as follows.

Figure 4: Spike identi�cation model in SimSort.

Contrastive Learning: We leveraged
contrastive learning to learn represen-
tations that capture the relationships
between spike waveforms (Fig. 4).
Contrastive learning sought to map
neural data into an embedding space
where related examples were posi-
tioned nearby, while unrelated exam-
ples were placed further apart [34,
35]. For each waveformX i , we con-
structed a triplet by selectingX +

i with
the same label andX �

i with a different label. The objective was [36]:

L triplet = max
�
0; kf (X i ) � f (X +

i )k2
2 � k f (X i ) � f (X �

i )k2
2 + �

�
; (2)

wheref (X i ) denoted the embedding ofX i , and� was a margin enforcing separation between positive-
negative pairs. Additionally, we uniformly applied data augmentation to each triplet waveforms. The
augmentation methods followed those in Sec. 4.2, with adjusted parameters (Appendix A) for better
waveform representation, ensuring robustness to noise, amplitude variations, and temporal jitter.

Denoising: The augmented waveformX 0
i 2 RL � C then underwent a denoising step using Singular

Value Decomposition (SVD) [37, 38]. The waveform was �rst reshaped and decomposed asX 0
i =

U� V > , whereU, � , andV represented the singular vectors and singular values. The �rstk
components were retained to reconstruct the waveform.

Encoder: The denoised waveformX 0
i; reconwas fed into a Gated Recurrent Unit (GRU) encoder [39]

(Fig. 4), which processed the input sequentially. The �nal hidden statehT served as the learned
representationf (X i ), encapsulating the spatiotemporal features of the waveform for subsequent
clustering tasks.

Clustering: After obtaining the waveform representation, we applied dimensionality reduction using
UMAP [40] before clustering (Fig. 4). We tested two clustering approaches: a parametric algorithm,
Gaussian Mixture Model (GMM) [41], and a non-parametric one, Mean Shift (MS) [42].

4.4 Overall Spike Sorting Pipeline

We established a cascaded spike sorting pipeline (Fig. 1). During inference, raw multi-channel signals
were processed through spike detection, waveform extraction, embedding generation, and clustering,
yielding distinct neuronal units and their spike timestamps.

5 Results

With the large-scale dataset and a pretraining framework, we try to answer the following research
questions (RQ).
RQ1: Can the model trained on our simulated dataset generalize to real-world spike sorting tasks?
RQ2: If the model performs well, what are the crucial underlying components?
RQ3: Does data scale hold the key of effective spike sorting?

5.1 Benchmarks

Since the models of SimSort has been trained on our simulated dataset, readers must be curious about
how well it can generalize to real-world spike sorting tasks. To empirically investigate this problem,
we respectively evaluate SimSort in the following benchmarks:
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• Simulated test dataset(with ground truth): BBP L6 dataset from our simulation (using
different neuronal models from the training dataset).

• Real-world data-based synthetic datasets(with label): Hybrid [43], WaveClus [44],
IBL Neuropixels [21]. We evaluate both zero-shot (using only our simulated dataset) and
�ne-tuned (using also the dataset) performance of SimSort.

• Real-world neural recording (w/o ground truth, indirect validation): extracellular record-
ings collected from the mouse primary visual cortex during drifting grating stimulation.

The detailed information of benchmark datasets, hyper-parameters of models, and formulation of the
evaluation metrics can be found in Appendix A.

Evaluation Metrics. To evaluate the performance of the overall spike sorting and spike detection
tasks, we used Accuracy, Recall, and Precision as the evaluation metrics. Note that these metrics are
speci�cally de�ned for the spike sorting context, where they measure the alignment between detected
spikes and ground truth spike events, rather than their conventional de�nitions in classi�cation tasks.
For the spike identi�cation task, we used the Adjusted Rand Index (ARI) [45] to measure clustering
accuracy relative to the ground truth.

5.2 Spike Sorting Results on simulated dataset

Table 1: Spike sorting results onBBP L6 dataset.
The results for other methods were obtained through
SpikeInterface [46]. Values are as mean� S.E.M.

Methods BBP L6 (20 trials)
Accuracy Recall Precision

KiloSort 0.49� 0.05 0.51� 0.05 0.53� 0.05
KiloSort2 0.51� 0.06 0.53� 0.06 0.53� 0.06
MountainSort4 0.84� 0.03 0.84� 0.03 0.93� 0.03
MountainSort5 0.66� 0.06 0.68� 0.06 0.79� 0.07
SimSort 0.85� 0.02 0.90� 0.01 0.93� 0.02

We �rst examined Simsort on a simulated
test set (BBP L6). In Table 1, we evalu-
ated SimSort alongside widely used algo-
rithms, including KiloSort [17], KiloSort2,
MountainSort4 [6], and MountainSort5, im-
plemented via the SpikeInterface pipeline
[46], on the simulated BBP L6 dataset. Sim-
Sort achieved the best performance across
all metrics, demonstrating its robustness and
strong zero-shot generalization ability under
idealized, simulated conditions.

Table 2: Spike sorting results onHybrid dataset. Data for other methods were sourced from
SpikeForest [43]. Values are mean� S.E.M. Best results are inbold. Note that SimSort did not use
this dataset for training, indicating a zero-shot generalization.

Methods Hybrid-static (SNR> 3, 9 recordings) Hybrid-drift (SNR > 3, 9 recordings)
Accuracy Recall Precision Accuracy Recall Precision

HerdingSpikes2 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 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 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 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 0.39� 0.03 0.37� 0.03 0.51� 0.03 0.30� 0.02 0.31� 0.02 0.57� 0.04
MountainSort4 0.59� 0.02 0.73� 0.01 0.73� 0.03 0.36� 0.02 0.57� 0.02 0.61� 0.03
SpykingCircus 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 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 0.62� 0.04 0.68� 0.04 0.77� 0.03 0.56� 0.03 0.63� 0.03 0.69� 0.03

Table 3: Spike sorting results onWaveClus dataset. The results for other methods were obtained
through SpikeInterface [46]. Values are mean� S.E.M. Note that SimSort did not use this dataset for
training, indicating a zero-shot generalization.

Methods Easy (12 recordings) Dif�cult (8 recordings)
Accuracy Recall Precision Accuracy Recall Precision

KiloSort 0.54� 0.12 0.46� 0.15 0.62� 0.13 0.17� 0.07 0.23� 0.10 0.18� 0.07
KiloSort2 0.61� 0.09 0.66� 0.09 0.67� 0.09 0.10� 0.07 0.12� 0.09 0.10� 0.07
MountainSort4 0.73� 0.08 0.79� 0.07 0.79� 0.08 0.48� 0.16 0.49� 0.16 0.52� 0.17
MountainSort5 0.71� 0.09 0.74� 0.08 0.79� 0.10 0.42� 0.15 0.46� 0.15 0.46� 0.16
SimSort 0.75� 0.06 0.84� 0.04 0.85� 0.05 0.71� 0.10 0.81� 0.07 0.81� 0.09
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5.3 Spiking Sorting results on real-world data-based synthetic datasets

zero-shot generalization Given SimSort's strong performance on simulated data, we extended our
evaluation to real-world data-based datasets to further test its zero-shot generalizability and robustness
(RQ1). On the Hybrid dataset, we compared SimSort against several algorithms via SpikeForest,
including HerdingSpikes2 [18], IronClust, JRClust, KiloSort [17], KiloSort2, MountainSort4 [6],
SpykingCircus, and Tridesclous. The results are summarized in Table 2 and Fig. S1. On this dataset,
SimSort demonstrated the highest Accuracy and Precision in static recordings and achieved the best
Accuracy and Recall under drift conditions, although it slightly trailed KiloSort in Precision.

For WaveClus dataset, we used SpikeInterface pipeline to run KiloSort, KiloSort2, MountainSort4,
and MountainSort5. Results are provided in Table 3 and Fig. S1. SimSort performed reliably across
both easy and dif�cult subsets, showing a pronounced advantage on the challenging “dif�cult” set.
This performance was likely due to its ability to handle the unique challenges of this subset, such
as lower SNRs and reduced inter-class waveform variability, which resulted in signi�cant overlaps
between units. These results underscored SimSort's effectiveness in noisy and complex scenarios.

Fine-tuning Beyond demonstrating SimSort's zero-shot transfer ability on unseen datasets, we
also investigate its performance after �ne-tuning on a small amount of data from the target domain
(Table 4). While the overall improvements in sorting metrics are modest, we observe notable changes
in spike detection performance, particularly in the balance between Precision and Recall. These
changes suggest that �ne-tuning helps the model adapt to dataset-speci�c waveform and noise
characteristics, enhancing its practicality with minimal labeled data.

Table 4: Performance metrics of SimSort after �ne-tuning on different datasets.The hybrid-static and
hybrid-drift datasets were �ne-tuned on recordings 1-3 and tested on recordings 4-9 (train/test set
split). The waveclus -easy and -dif�cult datasets were �ne-tuned on subsets easy1/diff1 and tested on
easy2/diff2, respectively. The IBL Neuropixels dataset was �ne-tuned on 100 neurons and evaluated
on 50 test sets, each with 10 randomly selected neurons.

Dataset Model Spike Detection (Acc/Rec/Prec) Spike Identi�cation (ARI) Spike Sorting (Acc/Rec/Prec)

Hybrid-static SimSort 0.71±0.02 / 0.83±0.02 / 0.83±0.02 0.90±0.02 0.59±0.03 / 0.65±0.03 / 0.76±0.02
SimSort-FT 0.75±0.03 / 0.89±0.02 / 0.82±0.02 0.92±0.02 0.58±0.03 / 0.65±0.03 / 0.73±0.02

Hybrid-drift SimSort 0.67±0.02 / 0.80±0.02 / 0.81±0.01 0.88±0.03 0.54±0.09 / 0.61±0.09 / 0.67±0.07
SimSort-FT 0.73±0.03 / 0.85±0.03 / 0.83±0.01 0.88±0.02 0.56±0.04 / 0.63±0.03 / 0.69±0.03

Waveclus-easy SimSort 0.59±0.02 / 0.99±0.00 / 0.59±0.02 0.91±0.01 0.70±0.11 / 0.79±0.07 / 0.84±0.09
SimSor-FT 0.94±0.01 / 0.96±0.00 / 0.98±0.01 0.91±0.01 0.73±0.08 / 0.79±0.05 / 0.91±0.04

Waveclus-dif�cult SimSort 0.66±0.08 / 0.99±0.00 / 0.67±0.08 0.88±0.01 0.76±0.14 / 0.84±0.09 / 0.84±0.12
SimSort-FT 0.95±0.01 / 0.96±0.00 / 0.99±0.01 0.87±0.03 0.77±0.14 / 0.82±0.10 / 0.86±0.13

IBL Neuropixels SimSort N/A 0.49±0.09 N/A
SimSort-FT N/A 0.53±0.09 N/A

5.4 Real-World Neural Recording

Beyond quantitative benchmarks, we further assessed SimSort in a real experimental setting. Speci�-
cally, we applied it to extracellular recordings (collected in our wet lab, see Appendix A.1.2) from the
mouse primary visual cortex obtained using tetrodes during presentation of full-�eld drifting gratings
in 8 orientations (Fig. 5a). From a representative recording session, SimSort identi�ed six putative
single units (Fig. 5b). These units exhibited distinct spike waveforms and their autocorrelograms
showed clear refractory period structure(Fig. 5c), suggesting good isolation. We further analyzed
the orientation tuning of these units. Several exhibited selective responses, with global orientation
selectivity index (gOSI) values exceeding 0.2 (Fig. 5d; Appendix A for de�nition). Across 10 tetrode
recordings, SimSort isolated a total of 40 units, with a mean gOSI of 0.27± 0.14 (mean± S.D.,
Fig. S17). These results demonstrate the practical applicability of SimSort to real neural recordings.

5.5 Detailed Analysis

To explain why our framework achieved higher overall spike sorting accuracy (RQ2), we dissected
SimSort and analyzed each component, i.e., spike detection and spike identi�cation models. Further-
more, we presented some case studies of the latent embedding of spikes from multiple neurons.

7



Figure 5: Evaluation of SimSort on real experimental data (See Fig. S17 for additional recording
results). (a) Experimental setup: extracellular recordings from the mouse primary visual cortex
during drifting gratings in eight directions. (b) Visualization of SimSort's sorting results. (c)
Autocorrelograms and average waveform of each unit. (d) Orientation tuning curves and global
orientation selectivity index (gOSI) for each unit.

Spike Detection We �rst compared our detection model to a commonly used threshold-based
detection method (see Appendix A for details). The results are shown in Table 5a. SimSort's spike
detector consistently outperformed the threshold-based method across all metrics on the Hybrid
dataset. In the static condition, SimSort improved accuracy by� 18%, recall by� 18%, and precision
by � 1%. Under the drift condition, the improvements were� 13% in accuracy,� 17% in recall, and
� 1% in precision. It is important to note that the performance of the Threshold detector was highly
sensitive to the choice of threshold, with results varying signi�cantly across different settings. The
results shown here were obtained under the best-performing thresholds. In contrast, SimSort achieved
its superior performance without manual tuning, demonstrating its robustness and adaptability to
varying recording conditions. These results indicated the effectiveness of our detection model,
providing a solid foundation for the overall performance of SimSort in spike sorting tasks.

Table 5: Spike detection and identi�cation results on theHybrid dataset. Values are mean� S.E.M.

(a) Spike detection results. The threshold detector
used the best-performing threshold by grid search.

Dataset Method Accuracy Recall Precision

Threshold detector 0.61� 0.03 0.71� 0.02 0.81� 0.02Static
SimSort's detector 0.72� 0.03 0.84� 0.02 0.82� 0.02

Threshold detector 0.60� 0.03 0.70� 0.03 0.80� 0.02Drift
SimSort's detector 0.68� 0.03 0.82� 0.02 0.81� 0.02

(b) Spike identi�cation results. All results averaged
across 20 repeats of GMM.

Dataset PCA t-SNE UMAP Ours

Hybrid-static 0.79� 0.04 0.88� 0.02 0.88� 0.02 0.91� 0.02
Hybrid-drift 0.74� 0.04 0.85� 0.02 0.85� 0.01 0.89� 0.03

Spike Identi�cation After detecting spikes, our spike identi�cation model extracted waveform
representations in the latent space, enabling subsequent clustering. To effectively demonstrate the
superiority of our identi�cation model, we assembled a waveform dataset by gathering waveform
data from each neuron in every hybrid recording. Using this dataset, we compared the 2D UMAP
embedding of our model's inferred representations with features extracted directly from waveforms
using widely adopted dimensionality reduction techniques, includingPCA [23], t -SNE [24], and
UMAP [40]. For evaluation, we applied a parametric clustering method,GMM [41], to compute the
Adjusted Rand Index (ARI), providing a quantitative measure of the reliability of the representations.

As shown in Table 5b, SimSort substantially outperformed these conventional methods under both
static and drift conditions, achieving the highest average ARI values of0.91and0.89, respectively.
These results revealed the robustness and effectiveness of our approach in deriving meaningful and
reliable representations from extracellular data.
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Additionally, we compared SimSort with CEED [21], a recent framework for representation learning
on extracellular data, using the author-provided model. Note that CEED is trained on datasets derived
from IBL DanLab DY016 and DY009 Neuropixels recordings, which are more closely related to
our test sets. We evaluated both SimSort and CEED on �fty test sets from theIBL Neuropixels
dataset(speci�cally derived from the IBL CortexLab KS046 recording). As presented in Table S4,
Fig. S2, S3, our method, without training on the dataset, achieved performance comparable to CEED.

Case Studies:In Fig. 6, we visualized the results of spike identi�cation on an example recording
in the Hybrid static subset. SimSort's embeddings (�rst column) demonstrated superior clustering
performance, with a GMM clustering ARI score of 0.90, closely aligning with true labels. In contrast,
UMAP, t-SNE, and PCA embeddings (second to fourth columns) yielded lower clustering scores
of 0.80, 0.78, and 0.67, respectively. SimSort embeddings showed clear separation between neuron
clusters, while other methods exhibited signi�cant overlap, highlighting the advantages of SimSort in
learning robust and discriminative features.

Impact of Dimensionality Reduction and Clustering Methods:To evaluate the adaptability of
SimSort, we conducted a study to assess the impact of different dimensionality reduction techniques
(PCA,t-SNE, UMAP, and None) and clustering algorithms (GMM, KMeans [47], Mean Shift [42],
and Spectral Clustering [48]). Dimensionality reduction was applied to latent features extracted
from waveforms, with an additional setup where clustering was performed directly on the raw latent
features without dimensionality reduction (None). As illustrated in Fig. S4, the combination of
UMAP and Mean Shift achieved the highest accuracy on both hybrid static and drift subsets. Across
many other combinations, SimSort also maintained competitive performance, demonstrating its
�exibility and robustness to various con�gurations.

Figure 6: Visualized results of spike identi�cation on an example recording in the Hybrid static
subset. See Appendix C for visualization results for additional samples.

5.6 Scaling Law of Data Size

Figure 7: Performance scaling with increasing
training data size on the Hybrid-drift and -static.

As we emphasized the importance of a large-scale
dataset throughout this work, it was interesting to
evaluate how SimSort's performance scaled with
the size of the training dataset (RQ3). Speci�-
cally, we evaluated performance across sorting
accuracy, detection accuracy, and identi�cation
ARI score, capturing how each metric varied with
the growing size of the training dataset, which
ranged from28 to 213 trials. As Fig. 7 shows,
larger datasets led to almost consistent perfor-
mance improvements on both hybrid static and
drift subsets, re�ecting that the large-scale dataset
holds the key of SimSort's effectiveness.
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