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Background: Complex spikes (CSs) in cerebellar Purkinje cells convey unique signals complementary to Simple
spike (SS) action potentials, but are infrequent and variable in waveform. Their variability and low spike counts,
combined with recording artifacts such as electrode drift, make automated detection challenging.

New Method: We introduce CUSP (CS sorting via U-net Sequence Prediction), a fully automated deep learning
framework for CS sorting in high-density multi-electrode array recordings. CUSP uses a U-Net architecture with
hybrid self-attention inception blocks to integrate local field potential and action potential signals and outputs CS
event probabilities in a sequence-to-sequence manner. Detected events are clustered and paired with concur-
rently detected SSs to reconstruct the complete Purkinje cell activity.

Results: Trained on cerebellar neuropixels recordings in rhesus macaques, CUSP achieves human-expert perfor-
mance (F1 = 0.83 £ 0.03) and even captures valid CS events overlooked during manual annotation.
Comparison with Existing Methods: CUSP outperforms traditional and state-of-the-art CS and SS sorting algorithms
on CS detection. It remains robust to waveform variability, spikelet composition, and electrode drift, enabling
accurate CS tracking in long-term recordings. In contrast, existing methods often show false-positive biases or
degrade under drift.

Conclusions: CUSP provides a scalable, robust framework for analyzing burst-like or dynamically complex spike
patterns. Its generalizability makes it valuable for large-scale cerebellar datasets and other neural systems, such
as hippocampal pyramidal cells, where complex bursts are critical for computation. By combining expert-level
accuracy with automation, CUSP offers a broadly applicable solution for studying information coding across

circuits.

1. Introduction

The cerebellum plays a critical role in coordinating movement and
ensuring that actions are precisely timed. By comparing intended motor
commands with actual outcomes, it uses sensory feedback to generate
rapid corrections and support ongoing motor learning. When cerebellar
function is impaired, movement initiation is preserved, but control be-
comes compromised, resulting in unsteady, dysmetric actions and dif-
ficulties with balance, posture, and adaptation (Selhorst et al., 1976;
Bakker et al., 2006; Horak and Diener, 1994; Bastian, Thach, 1995;
Morton and Bastian, 2006; Smith and Shadmehr, 2005; Maschke et al.,
2004; Sokolov et al., 2017). A central challenge in understanding cere-
bellar computations lies in measuring the activity of Purkinje cells
(PCs)—the sole output neurons of the cerebellar cortex. PCs produce two
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distinct types of spikes: high-frequency simple spikes (SSs), driven by
mossy fiber input via granule cells, and low-frequency complex spikes
(CSs), generated by climbing fiber input from the inferior olive (Eccles
etal., 1966; Thach, 1967). CSs occur at ~1 Hz and are characterized by a
large initial spike followed by a variable number of smaller spikelets
(Llinas and Sugimori, 1980; Davie et al., 2008). Unlike the stereotyped
shape of SSs, CSs vary substantially across cells, sessions, and even over
time within a recording (Yang and Lisberger, 2014; Lang et al., 2014;
Zang et al., 2018; Burroughs et al., 2020; Markanday et al., 2020;
Sedaghat-Nejad et al., 2021). Such variability stems from multiple
anatomical and physiological factors—including the branching patterns
of PC dendrites, climbing fiber input dynamics, voltage state, instanta-
neous climbing fibre firing rate, and influence of molecular layer in-
terneurons (e.g., Rowan et al., 2018; Zang et al., 2018) Consequently, CS
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events differ in spikelet number, timing, and amplitude, even within the
same neuron, making the use of standard spike sorting techniques to
detect CSs in extracellular recordings difficult, particularly in
high-density datasets.

Despite this challenge, accurate detection of CSs is essential for
probing cerebellar learning mechanisms. Theoretical models of cere-
bellar function—most notably the Marr-Albus-Ito hypothesis—propose
that CSs convey motor error signals that instruct synaptic plasticity
(Marr, 1969; Albus, 1971; Ito, 1972). While considerable evidence
supports this framework (e.g., Medina and Lisberger, 2008; Herzfeld
et al., 2015; Kostadinov and Hausser, 2022), recent findings have raised
questions about how and when CSs encode behaviorally relevant signals
(Catz et al., 2005; Dash et al., 2010; Junker et al., 2018; Kostadinov
et al., 2019; Ohmae and Medina, 2015; Streng et al., 2017). Resolving
these debates—and linking CS activity to motor learning—requires
detecting CSs with high fidelity across large-scale recordings.

Extracellular electrophysiology offers millisecond-resolution access
to PC output, and high-density multi-electrode arrays (MEAs) have
expanded the scope of these recordings across cerebellar layers and
lobules. However, spike sorting from MEA data remains difficult
(Koukuntla et al., 2025), particularly for CSs. Most traditional algo-
rithms are optimized for detecting SSs (Bao and Charles, 2023), and
perform poorly on the sparse, variable, and complex nature of CS
waveforms. Early methods leveraged statistical features such as the
post-CS pause in SS firing (Eccles et al., 1966; Bell and Grimm, 1969).
More recent methods have adopted waveform- and LFP-based strategies,
including PCA of low-frequency content (Zur and Joshua, 2019),
semi-automated clustering with human supervision (Sedaghat-Nejad
et al, 2021), and deep learning applied to single-channel signals
(Markanday et al., 2020). While these tools represent important ad-
vances, they typically operate on single electrodes and thus fail to
leverage the rich spatial information now available from high-density
MEAs. As a result, they remain vulnerable to waveform variability,
electrode drift, and noise—persistent challenges in naturalistic and
long-term recordings. These limitations underscore the need for a new
method designed to exploit spatial structure to improve accuracy,
robustness, and scalability.

To overcome these limitations, we developed CUSP—Complex spike
sorting via U-net Sequence Prediction—a fully automated deep learning
framework for identifying CSs from MEA recordings. CUSP casts spike
sorting as a sequence-to-sequence prediction task and incorporates
hybrid self-attention inception blocks into a U-net architecture, allowing
it to integrate LFP and AP signals across space and time. The model
outputs probabilistic CS detections, which are then clustered and paired
with concurrently detected SSs to reconstruct the full Purkinje cell firing
profile. Evaluated on cerebellar recordings from rhesus macaques, CUSP
achieves expert-level performance and outperforms traditional and
state-of-the-art methods. By enabling robust, scalable, and fully auto-
mated CS sorting, and by remaining robust to waveform variability and
electrode drift, the framework has the potential to be more broadly
applicable to other neural systems, such as the Hippocampus, where
burst-like or dynamically complex spike patterns pose similar
challenges.

2. Methods

As Purkinje cells are defined by both CS and SS events (Fig. 1), our
complex spike sorting runs in parallel to canonical spike sorting and is
subsequently merged with the SS sorting results. Specifically, we first
preprocess the raw MEA recordings and then input into our ML model.
The model identifies CS events by producing an indicator time series
that represents the probability of a CS event at each sample time.
Contiguous high-probability time-points in this series then allow us to
identify each CS candidate, which is then used for downstream clus-
tering of CS events into individual units. Finally, the output clusters are
paired with the SS sorting results to produce full representations of
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Purkinje cell

Complex spikes

Fig. 1. Illustration of Purkinje cell simple and complex spikes. (Top) In the
cerebellar cortex, Purkinje cells generate simple spikes (SS, orange) from par-
allel fiber input and complex spikes (CS, red) from climbing fiber input. (Bot-
tom) Example extracellular recording. Time series traces (black) and overlaid
SS (orange) and CS (red) waveform templates. SS have a stereotypical depo-
larization-repolarization cycle, whereas CS feature multiple spikelets following
the initial depolarization.

putative Purkinje cell activity (Fig. 2).

2.1. Deep neural network based CS sorting

2.1.1. Data collection and preprocessing

Our CS sorting model was trained and evaluated on a subset of
extracellular recordings from the cerebellar cortex (specifically the
nodulus/uvula in the posterior vermis) of two rhesus macaques from
previous study (Mildren et al., 2025). Neural activity was recorded using
128-channel silicon read-write electrodes (IMEC), where the electrodes
are arranged in a zig-zag pattern within a ~1.3 mm length and 0.06 mm
width recording region. This electrode spacing, density, and impedances
are comparable the Neuropixels-NHP electrodes. Recorded signals were
amplified, bandpass filtered (0.1-7500 Hz), digitized, and streamed at
30 kHz from a set of data acquisition systems (four 32-channel RHS
stim/recording head stages and an RHS stim/recording controller, Intan
technologies).

The raw multi-channel signals from the data acquisition system were
preprocessed before being sorted. First, the DC component within each
channel was removed to center each time-trace. Next, all channel signals
were re-referenced to a common median value. Each channel signal was
then further re-referenced to a local 12-channel common median value,
as the common median referencing has been previously shown to
improve signal to noise ratio for spike detection relative to the common
average referencing (Rolston et al., 2009). Finally, the high and low
frequency portions of the channel were separated to better enable the
subsequent ML algorithm to leverage the distinct features in the local
field potential (LFP) and spiking action potential (AP) portions of the
voltage traces.

To isolate the LFP and AP bands, each channel signal was filtered to
the corresponding frequency ranges (30-400Hz for LFP and
300-3000 Hz for AP) via zero-phase 4th-order Butterworth bandpass
filters. We note that in theory, a complex enough ML model could
identify high and low-pass features from the raw time series. However,
we found that the model trains more efficiently and effectively when the
two bands are separated and used as separate input streams, which al-
lows the ML model to focus on identifying features within the LFP and
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Fig. 2. Schematic of our Purkinje cell spike sorting pipeline. (A) CUSP model architecture (left), and example feature visualization at each stage of the model (right).
Multi-electrode array (MEA) recordings are preprocessed and filtered to the action potential (AP; 300-3000 Hz) and local field potential (LFP; 30-400 Hz) bands.
Example AP and LFP bands are shown across a subset of channels; red boxes indicate expert-labeled CS events. Hilbert-transformed AP and LFP signals are input to
the residual blocks to obtain LFP-AP-specific features. These features are stacked and sent into a U-net with hybrid self-attention inception blocks to extract combined
LFP/AP features that are used to predict CS events through a sequence-to-sequence network. The model outputs a CS candidate indicator sequence, where higher
values indicate a greater probability of a CS event. (B) Schematics of the multi-level convolution and self-attention modules in the hybrid self-attention inception
block. (C) Postprocessing steps identify a Purkinje cell embedding the identified CS waveforms via uniform manifold approximation and projection (UMAP) and
clustering via density-based spatial clustering of applications with noise (DBSCAN). These clusters are then combined with SS sorting results by matching the CS-SS
pairs based on their cross-correlogram (CCG), where SS events are, as in the depicted histograms, expected to decrease following a CS event.
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AP bands that are known to carry complementary information about CS
events (Perelman and Ginosar, 2007).

2.1.2. ML model

Our CS sorting model, CUSP (schematized in Fig. 2A, left panel),
accepts input sequences in a sliding window manner, with each sliding
window segment containing a 50-ms time length (1500 samples with a
25-ms step) and 12-channel local LFP and AP signals (example traces
shown in Fig. 2A, right upper panel), for a total of 36000 inputs across
the 24 input time series. We first perform a Hilbert transform on the LFP
and AP segments to acquire their real and imaginary components, which
contain both amplitude and phase information, and then use residual
blocks (He et al., 2016) with multi-level convolutional layers (i.e.,
inception block) (Szegedy, others, 2015). Each inception block contains
four scales of convolutional kernels with the reception field of 1 x 3,
1x7,1x11,and 1 x 15 (blue block, Fig. 2B). The extracted LFP-only
and AP-only features derived from the residual blocks are then stacked
and sent into our neural network with a U-net structure.

The U-net structure forms an information bottleneck to compress the
useful information by building two symmetrical paths—the encoder and
decoder—joined with skip connections. The encoder performs both
sample-wise and channel-wise downsampling, progressively condensing
the feature information while the decoder reconstructs the fine-grained
information back by upsampling, and recovers precise localization via
the skip connections from the original (Ronneberger et al., 2015).
Within our U-net structure, we build each block with a hybrid
self-attention inception, with the multi-level convolution and
self-attention modules (Vaswani, others, 2017) (orange block, Fig. 2B)
running in parallel.

The hybrid self-attention inception block allows CUSP to capture
both the global dependencies from self-attention as well as the local
pattern hierarchies from the multi-level convolution, and therefore leads
to a more robust and comprehensive representation of CS features. The
final output from CUSP is a CS candidate indicator, where a higher value
indicates a higher probability of a CS event (Fig. 2A, right bottom panel).
By producing a scalar value rather than a binary output, we can better
quantify the CS sorting model confidence and control the final classifi-
cation through flexible thresholding. CUSP thus represents fully
sequence-to-sequence processing, with the exact sample timing pre-
served in the output to best identify the onset and duration of each CS
event.

2.1.3. Model training, validation, and inference

We trained the CUSP network on the macaque cerebellar cortex
dataset with manual labeling of complex spikes. To define ground truth
for supervised training of the model, three experts independently
labeled the timing of CS, and the CS labels mutually agreed among ex-
perts were selected as the ground truth. Several data augmentation
techniques were used to enrich our training dataset as well as improve
our CS sorting model’s robustness. Specifically, the data augmentation
included channel drift, sample jitter, and voltage reversal, the latter of
which was included to prevent overfitting on spike waveform peak/
valley values. CUSP’s ML cost function is a binary cross-entropy loss
with a logistic function, which we optimized with the Adam stochastic
optimization (Kingma, Ba, 2014). We coded CUSP’s ML block in
PyTorch (Paszke, others 2019), and performed all training, testing, and
analyses on a standard high-performance computing machine with
NVIDIA Tesla A100 GPU. We trained CUSP for approximately 1000
epochs with a batch size of 96 on our complex spike dataset. The total
training time was approximately 72 h on a single NVIDIA A100 GPU.
The trained CUSP was then applied to neural recording data to detect CS
in an offline processing manner, and we calculated the inference speed
on a single NVIDIA GeForce RTX 4050 Laptop GPU, with an average
inference time cost 0.429 + 0.011 s per 1-second recording data.
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2.2. Postprocessing pipeline for determining one Purkinje cell

As CUSP’s ML block outputs CS estimates of the probability of an
event, we post-process the output time series to detect each CS onset
time. Specifically, we apply a threshold to the output trace, where the
default threshold is chosen as the quantile value of 0.7 (approximately
the mean + 1 standard deviation for the normal distribution, i.e., 0.683).
We visualize the 2-D embedding results of the CS candidate based on
their multi-channel waveforms using a nonlinear dimension reduction
method, uniform manifold approximation and projection (UMAP)
(Mclnnes et al., 2018), and find the CS clusters via density-based spatial
clustering of applications with noise (DBSCAN) (Ester et al., 1996). We
introduce flattened auto-convolution features of each identified CS
candidate multi-channel waveform for clustering, which improves the
clustering robustness against noise.

After identifying the CS clusters, we combine the CS information
with the SS sorting results to find the corresponding SS activity for each
CS cluster. The CS-SS pair is identified by checking whether the CS-SS
cross-correlogram (CCG) presents a strong SS firing inhibition after CS
onset (Fig. 2C). Each CS-SS pair identified in this way defines the
complete neural activity of one putative Purkinje cell.

2.3. Evaluation and benchmarking

We performed leave-one-out cross-validation (LOOCV) to evaluate
our CS sorting model, leaving the MEA recording data of one Purkinje
cell out for validation and using the MEA recording data of the rest of the
Purkinje cells for training. Each recording session was conducted inde-
pendently over a period spanning several months. Following each ses-
sion, the complex spike activity of each individual Purkinje cell was
manually annotated by human experts. Consequently, the electrode
recording site and the surrounding neuronal population differed across
sessions, ensuring that recordings were obtained from distinct cells and
locations.

This procedure ensured that no information leakage occurred be-
tween the training and evaluation datasets when separating one Pur-
kinje cell recording session from the rest of the dataset. We applied
leave-one-out cross-validation (LOOCV) across a total of 17 recording
sessions, each containing human expert-labeled Purkinje cell complex
spike activity. In each iteration, data from 16 Purkinje cells were used
for training and data from the remaining Purkinje cell were reserved for
validation. This process was repeated 17 times so that each Purkinje cell
served once as the validation set. On average, excluding one Purkinje
cell removed 77.4 CS event instances from the training data (see Fig. S1).
Each detected CS cluster was compared with the ground truth CS labels
in a binary hit-or-miss manner, defined as whether the detected CS
presents within a 5 ms tolerance window of the ground truth CS. This
spike timing measurement examines how well the CS sorting model
captures the precise CS timing information and is critical for further
testing temporal encoding and firing rate calculation (Bao and Charles,
2023).

We constructed a fair expert performance comparison framework
between our CUSP and an individual human expert to examine whether
our CS sorting model is aligned with human expert manual CS sorting
performance. We used two of three experts’ mutually agreed CS labels as
the human expert consensus ground truth to evaluate both our CS
sorting model performance and the third individual human expert’s
performance. We repeated this process three times, alternating between
the three experts, in a round-robin manner. We calculated the precision,
recall, and F1 scores for both our CS sorting model and individual
human expert manual sorting:

Precision = (# matched CS)/(# detected CS),
Recall = (# matched CS)/(# ground truth CS),

F1 = (2*Precision*Recall)/(Precision+Recall).
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In addition, we built a unified benchmarking framework to evaluate
our CS sorting model against other existing CS sorting methods (Zur and
Joshua, 2019; Markanday et al., 2020), as well as some representative
general propose spike sorting methods (Pachitariu et al., 2024; Yger
et al., 2018; Garcia and Pouzat, 2015; Chung et al., 2017) implemented
through a unified API framework called Spikelnterface (Buccino et al.,
2020). We used the consensus annotations across all three expert-agreed
CS labels as the ground truth. The 3-annotator consensus serves as the
most trustworthy ground truth in the context of minimizing human
biases (Wilson et al., 2003; Scheuer et al., 2017) and thus provides the
most faithful characterization of each algorithm’s intrinsic systematic
biases. Similarly, the precision, recall, and F1 scores for all algorithms
were calculated and compared.

3. Results

3.1. Our complex spike sorting method reaches human expert consensus
level without individual bias

To establish a robust baseline for comparing CS sorting algorithms,
we first examined our ground truth CS labels from human experts.
Among the three experts’ independent complex spike labels, we found a
gap between individual expert and multiple expert consensus CS label-
ing results, with the percent of CS events mutually agreed upon by any
two different experts being only 73.7 &+ 3.6 % (mean + standard error,
same below). The consensus level between three experts further dropped
to 68.8 + 3.8 % across all Purkinje cells in our dataset (Fig. 3A). These
numbers suggest that although most CSs can be agreed upon by human
experts, there exists a significant partition of CSs that failed to be
consistently recognized by human annotators. The failure to consistently
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label so many CS events likely comes from the high variability in CS
waveforms due to effects such as noise, electrode drift, variable spike-
lets, as well as the variability in individual human expert biases during
their manual CS labeling.

We next evaluated our algorithm’s performance against typical
human expert annotations. Specifically, we iterated through all pairs of
expert annotators, and for each pair, we used the consensus between
those annotators as ground truth correct CS events. We then compared
the F1 score between our CS sorting algorithm and the third, remaining
human expert, against the 2-annotator consensus ground truth (see
Methods). We computed the final accuracy numbers as the mean and
standard deviation across all expert pairs. This procedure enabled us to
1) compare the relative performance of each algorithm to expert per-
formance, and 2) remove the potential bias of any particular pair of
experts. We found that individual human expert performance had an F1
score of 0.82 + 0.02 (Fig. 3B, red), while our CS sorting model achieved
a comparable F1 score of 0.82 + 0.03 F1 (Fig. 3B, blue), which was not
significantly different from the human expert performance (p = 0.76).
This comparison demonstrates that our CS sorting model performs at a
level equivalent to that of typical human expert manual labeling.

3.2. CUSP out-performs current methods on the benchmarking CS sorting
datasets

Given that our CS sorting model achieved expert-level labeling per-
formance, we further evaluated against the current state-of-the-art CS
sorting algorithms using a unified benchmarking framework, where we
used the consensus annotations across all three expert-agreed CS labels,
which minimize human biases and faithfully reflect each algorithm’s
intrinsic systematic biases.
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Fig. 3. Complex spike sorting results from CUSP. (A) Mutual CS agreement between two human experts compared to three experts (left) and F1 score between CUSP
and human experts (right). CUSP shows CS sorting performance equivalent to cross-expert consensus (human expert F1 = 0.82 + 0.02, CUSP F1 = 0.82 + 0.03,
p = 0.76). Each dot represents the performance for an individual Purkinje cell and error bars represent standard error. (B) Example CUSP results on CS responses
during sensory stimulation evoked by head translations in the posterior (negative) and anterior (positive) directions. Head velocity (top), mean SS firing rate (2nd
row) and heat plot (3rd row) demonstrates SS firing rate across trials. Red dots indicate CS events and the red histogram (bottom) depicts the probability of CS firing
during stimulation, where there was a high probability of CS events aligned with anterior head motion. (C) Auto-correlograms for CS (top) and SS (middle), and

cross-correlograms between CS and SS for the Purkinje cell in panel B.
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As above, we compared performance on our Purkinje cell complex
spike dataset, with the full set of comparison algorithms spanning both
single-channel and multi-channel sorters and including:

1. Canonical single channel LFP/AP voltage thresholding, with PCA/
UMAP embedding and DBSCAN clustering;

2. (Markanday et al., 2020): A single-channel CS detection model using
a shallow convolutional neural network, translated from the archi-
tecture of model initially developed to detect saccadic eye movement
(Bellet et al., 2019);

3. Spyking Circus2 (Yger et al., 2018): A multi-channel general-purpose
spike sorting algorithm based on template matching and Density
Peak Clustering;

4. Tridesclous2 (Garcia and Pouzat, 2015): A multi-channel general--
purpose spike sorting algorithm based on template matching and a
customized clustering;

5. Mountainsort5 (Chung et al., 2017): A multi-channel general--
purpose spike sorting algorithm based on a non-parametric I1SO--
SPLIT clustering;

6. Kilosort4 (Pachitariu et al., 2024): A multi-channel general-purpose
spike sorting algorithm based on template matching and graph
clustering

We computed the F1 score performance of each algorithm on our
benchmarking dataset (Fig. 4, pink). Notably, there is an obvious per-
formance gap between single-channel sorting algorithms and multi-
channel sorting algorithms, where the multi-channel sorting algo-
rithms always hold better F1 scores than single-channel sorting algo-
rithms. Prevalent general-purpose spike sorting algorithms, including
Kilosort4 (Pachitariu et al., 2024), Spyking Circus2 (Yger et al., 2018),
Tridesclous2 (Garcia and Pouzat, 2015), and Mountainsort5 (Chung
et al., 2017), all of which use multi-channel recording signals as inputs
to retrieve spike spatial feature information and determine each unit’s
nearest channel position. In the context of CS sorting, leveraging spatial
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information is even more necessary for accurate CS detection (F1 score
0.64 + 0.09, 0.68 + 0.06, 0.75 + 0.06, and 0.78 + 0.07, for Kilosort4,
SpykingCircus2, Tridesclous2, and Mountainsort5, respectively). Our CS
sorting model, which also uses the full multi-channel recording signal as
inputs, presented the highest 0.83 + 0.03 F1 score in the benchmarking
dataset.

To determine whether CUSP achieved significantly higher perfor-
mance than existing algorithms, we preformed a paired permutation test
with 100,000 random repetitions, applying reweighting based on the
total number of expert-labeled complex spikes to compensate for dif-
ferences in session duration and CS firing rates. The results showed that
CUSP’s benchmarking performance was statistically higher than that of
the state-of-the-art spike sorter (Mountainsort5) across all metrics
including F1 score (0.83 £ 0.03 vs 0.78 + 0.07, p < 1.00e-5), precision
(0.85 + 0.04 vs 0.80 + 0.07, p = 2.00e-5) and recall (0.84 + 0.04 vs
0.76 + 0.08, p < 1.00e-5) (Fig. S3).

As opposed to multi-channel methods, the single-channel sorting
algorithms show a systematic disadvantage due to limited access to
spatial information surrounding each single channel, and therefore
struggle in identifying the correct CS waveforms from the background of
environmental noise and crowded multi-unit activities. The canonical
thresholding method based on single-channel AP/LFP signals only pre-
sents minimal CS sorting improvement when using PCA for dimensional
reduction and DBSCAN for clustering (F1 score 0.10 + 0.02 and 0.17
+ 0.03, respectively). By switching from linear PCA embedding to
nonlinear UMAP embedding, both the canonical AP/LFP thresholding
only show slightly increased F1 scores (0.24 + 0.07 and 0.29 + 0.07,
respectively). Even the existing single-channel CS detection model
(Markanday et al., 2020) that we reproduced on our dataset was still not
sensitive enough for isolating CSs (F1 score 0.31 + 0.09).

We next investigated the detailed precision (Fig. 4, orange) and
recall scores (Fig. 4, blue) for single-channel sorting algorithms and
multi-channel sorting algorithms to investigate whether type I error
(false positives) or type II error (false negatives) is limiting the

-
)

o

~

o
]

0.54

Precision

0.25-

D@ ® ® 65 6 0 6 © ®
Spike sorter

0.75+

0.5+

Recall

0.25+

D@ ® ® 5 6 06 o o
Spike sorter

Single-channel based

Spike sorter

Multi-channel based

Fig. 4. Benchmarking the performance of different spike sorting methods on our multi-electrode array recordings from Purkinje cells in the cerebellar cortex. (Left)
Leave-one-out cross-validation F1 score of CUSP compared to four variants of single-channel thresholding, a previously published single-channel complex spike
sorting algorithm from Markanday et al#, (2020), and four recent and/or widely used sorting algorithms: Kilosort4, Spyking Circus2, Tridesclous2, and Moun-
tainsort5. CUSP achieved the highest F1 score of 0.83 + 0.03. (Right) Same histogram for precision (top) and recall (bottom), showing the source of errors driving the
F1 score. While Recall was relatively high across multielectrode sorters, precision was highest with CUSP reflecting the best accuracy for positive predictions.
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performance increase from single-channel sorting algorithms to multi-
channel sorting algorithms. We found that while some increases in
recall scores were shown, there were even larger increases in precision
scores when shifting from single-channel sorting algorithms to multi-
channel sorting algorithms, which led to the observed increases in F1
score. This suggests that the algorithms based on the single-channel
signal seem to always be biased towards type I error (false positives),
generating an overwhelming amount of hallucinated CS detections. On

Example spikelet diversity
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the other hand, algorithms based on the multi-channel signals seem to
leverage the spatial feature conveyed within the inter-channel infor-
mation to help themselves more precisely identify the correct CS
waveforms and get rid of unconvincing detection results, and their
higher F1 scores are mainly attributed to improved precision scores.
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Fig. 5. CUSP’s robustness against waveform variability and drift leads to high performance in minimizing spike sorting errors. (A) CUSP can detect complex spikes
from the same Purkinje cell despite substantial waveform variability. Individual red traces represent four example CS waveforms manually identified as from the
same Purkinje cell despite substantial variation in the number of spikelets. (B) CUSP can also trace the same Purkinje cell’s complex spikes across channels during
electrode drift. CS waveforms are shown across seven electrode channels during early, middle and late epochs of the recording. The estimated drift (bottom)
highlights the presence of drift. (C) Example complex spike waveforms under spikelet diversity and drifting conditions identified using each complex spike sorter
(columns of the plot). The purple “labeled by expert and algorithm” cluster shows the true-positive complex spikes that were detected by both the spike sorter and
expert labeler. The yellow “labeled by expert only” cluster shows the waveforms that were identified by expert labelers but not the column’s corresponding algo-
rithm. Finally, the blue “labeled by algorithm only” cluster shows waveforms that were labelled by the algorithm but not experts. This demonstrates CUSP likely
correctly discards expert mislabels (N = 18, yellow) and finds additional CSs that were missed by experts (N = 3, blue).
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3.3. CUSP is robust to spikelet variability and external perturbations

Finally, we investigated how well CUSP performs in response to
challenging, but common, confounding effects that increase the CS
waveform variability. First, we examined the robustness of our model to
intra-Purkinje-cell variability by evaluating our model on those Purkinje
cells with changeable CS waveforms in response to different climbing
fiber inputs, based on the human expert annotations. We found that
despite variable spikelet numbers and inter-spikelet intervals, our CS
sorting model successfully identified multiple complex spike waveform
variants (Fig. 5A).

To quantify algorithmic performance under these spikelet diversity
conditions, we computed two complementary metrics designed to cap-
ture double-counting behavior. This analysis was motivated by the
observation that highly variable spikelet waveforms from a single Pur-
kinje cell can produce multiple time-shifted template-projections of the
same complex spike, leading an algorithm to erroneously count a single
event multiple times. Specifically, we quantified 1) the number of al-
gorithm detections associated with each complex spike event — defined
as the double-counting number (Fig. S4A), and 2) the temporal
misalignment between each detected event and the expert-labeled CS
onset time—defined as the double-counting time misalignment
(Fig. S4B). Markanday et al., (2020), Spyking Circus, Tridesclous2, and
Mountainsort5 all exhibited higher double-counting numbers for each
CS, with misalignments broadly distributed before and after the CS
onset, indicating that these algorithms frequently misclassified variable
spikelets as independent spike events and thus generated excessive
false-positives. By contrast, both CUSP and Kilosort4 showed near to
one-to-one correspondence with expert labeled CSs; however, CUSP
maintained a close-to-zero time misalignment relative to CS onset,
whereas Kilosort4 exhibited broader post-onset misalignments and
consequently failed to achieve precise onset detection. Thus, overall,
CUSP demonstrated superior accuracy compared with all other algo-
rithms in detecting CSs under spikelet diversity conditions.

We also tested our CS sorting model on MEA recordings that pre-
sented significant electrode drift to assess its stability in tracking drifted
CS waveforms. We found CUSP successfully tracked the same complex
spike that drifted across four channels (~50 pm) of the electrode from
early to late stages of the recording (Fig. 5B). Importantly, if the algo-
rithm relied on information from a single channel, tracking would not be
successful since the peak amplitude of the CS waveform diminished until
it was indistinguishable from noise on the channel where it was origi-
nally the largest. However, CUSP’s end-to-end utilization of multi-
channel data allowed the CS to be identified from neighboring channels.

To identify further areas where our approach may provide robust-
ness that enables improved performance over the existing state-of-the-
art spike sorting algorithms, we explored specific instances represent-
ing discrepancies between the human expert labels and the algorithm’s
results, such as instances involving complex combinations of spikelet
diversity and electrode drift (Fig. 5C). CS where the manual and algo-
rithm annotations matched were typically clearly visible against the
background noise (purple) while unmatched expert labels (expert-
exclusive; orange), were characterized by less prominent CS waveforms.
In contrast, the algorithm-exclusive results (blue) showed CSs that had
clear and intact CS waveforms, although they were missed by human
experts, presumably due to annotator-specific biases or labeling fatigue.
Existing sorting methods showed types of errors in these instances that
drive their overall worse performance. Some methods detected false-
positive CS waveforms that were misaligned with the ground truth CSs
(e.g., matched results from Kilosort4); some showed false-negative
biases in some situations and missed a large portion of good CSs (e.g.,
expert-exclusive results from Spyking Circus2); and most of the existing
algorithms were biased towards overwhelming false-positives, specif-
ically confused noise and/or spikelets (e.g., algorithm-exclusive results
from Markanday et al., 2020, Kilosort4, Spyking Circus2, Tridesclous2,
and Mountainsort5).
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To better visualize the performance of each algorithm under condi-
tions of spikelet diversity and electrode drift, we used UMAP to fit the
embedded manifold from expert labeled CS waveforms and then trans-
formed each algorithm detected CS waveforms onto the same embedded
manifold (Fig. S5). The embedded results revealed that expert labeled CS
waveforms formed multiple clusters due to waveform changes associ-
ated with drift and spikelet diversity. CUSP detected CS were closely
aligned with expert labeled clusters, excluding less prominent CS-like
waveforms. In contrast, Markanday et al., (2020), Spyking Circus, Tri-
desclous2, and Mountainsort5 all showed numerous false-positive de-
tections that laid outside of the expert labeled CS waveform
distributions. Kilosort4’s performance was slightly worse than CUSP
with a greater proportion of detected CSs located near neighboring
false-positive clusters and only marginally overlapping with
expert-labeled CSs. Overall, CUSP produced the most robust and accu-
rate results under these challenging conditions, consistent with the su-
perior performance observed in our quantitative benchmarking.

We next evaluated whether CUSP’s performance generalizes to
recording datasets beyond those used for expert-labeled training. Spe-
cifically, we applied the well trained CUSP model to additional
recording sessions collected from different rhesus macaque subjects and
across multiple cerebellar regions. Using this model, we successfully
identified numerous well-defined CSs from our larger recording data-
base (see examples of the CUSP-detected CSs in Fig. S2). These results
demonstrate that CUSP’s robust detection performance - maintained
under heterogeneous spikelet variability and electrode drift conditions -
was preserved within the trained model and generalizes effectively to
new, previously unseen datasets.

3.4. Ablation studies demonstrate the utility of the CUSP design
components

CUSP outperformed all existing state-of-the-art spike sorting algo-
rithms in our benchmarking dataset. To further understand how specific
architectural and training components contributed to this high perfor-
mance, we conducted a sequence of ablation studies to assess the con-
tributions individual components on the learning dynamics and model
accuracy during leave-one-out training and testing. Specifically, we
performed three sets of ablations: 1) model structure ablation, 2) multi-
channel input ablation, and 3) data augmentation ablation.

In the model structure ablation, we compared the CUSP full model
with architecture variants, in which either the self-attention module or
the U-net structure was removed. In the multi-channel input ablation,
we systematically reduced CUSP’s spatial input scope from 12 channels
to 8, 4, and finally a single-channel to evaluate the importance of multi-
channel information. In the data augmentation ablation, the full training
configuration to versions with individual augmentation techniques -
channel drift, sample jitter, or voltage reversal - disabled. During each
experiment, we tracked training and test iterations to assess conver-
gence behavior and generalization.

Analysis of training and test loss traces from the model structure
ablation revealed that the full CUSP model learned faster and achieved
lower loss values than versions lacking either the self-attention
component or U-net structure (Fig. 6A). These results indicate that
both the self-attention and the U-net modules facilitate the learning of
the latent CS feature representations during training, and improve
evaluation performance during testing. In the multi-channel input
ablation experiment, CUSP’s performance progressively degraded as the
number of input channels was reduced, with higher training and test
losses observed for fewer channels (Fig. 6B). This finding suggests that
CUSP’s strong performance in complex spike sorting depends partly on
its ability to integrate spatial information across multiple recording
channels. Finally, ablations of the data augmentation strategies —
including channel drift, sample jittering, and voltage reversal - also
resulted in slower learning, and higher training and test loss values
(Fig. 6C), demonstrating that these augmentation techniques can be
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Fig. 6. Ablation studies reveal utility of model designs in CUSP. (A) Averaged training and test loss traces over 100 training steps for CUSP full model (black), CUSP
without self-attention components (orange), and CUSP without U-net structure (yellow) in the model structure ablation study. (B) The averaged training and test loss
traces over 100 training steps for the CUSP full model with 12-channel input (black), CUSP with 8-channel input (dark red), CUSP with 4-channel input (middle red),
and CUSP with only single-channel input (light red) in the multi-channel input ablation study. (C) The averaged training and test loss traces over 100 training steps
for CUSP full model (black), CUSP without channel drifting (cyan), CUSP without sample jittering (green), and CUSP without voltage reversal (blue) in the data
augmentation ablation study. The solid line and shadowed area indicate the mean =+ standard error of the loss traces over training and testing.

beneficial for faster convergence and better generalization from the
training to test dataset.

We further benchmarked the ablation models on our CS dataset by
using the same leave-one-out cross validation and compared their per-
formance scores with those of the full CUSP model. Overall, the full
CUSP model achieved the best CS sorting performance, exhibiting the
highest precision (0.853 4+ 0.037), F1 score (0.834 + 0.032), and a
leading recall (0.843 + 0.040) (Table 1). Model structure ablations that
removed either the self-attention or U-net components resulted reduced
overall performance, as reflected by lower F1 scores. A similar trend was
observed in the multi-channel input ablations, where reducing the

Table 1

Benchmarking performances in ablation studies.
Ablation settings Precision Recall F1
CUSP full model 0.853 + 0.037 0.843 £ 0.040 0.834 + 0.032
w/o self-attention 0.783 + 0.059 0.788 + 0.062 0.776 + 0.057
w/o U-net 0.810 + 0.044 0.879 + 0.034 0.822 + 0.033
1-channel input 0.365 + 0.099 0.849 £ 0.044 0.363 + 0.096
4-channel input 0.640 + 0.081 0.780 + 0.076 0.668 + 0.080
8-channel input 0.771 + 0.059 0.806 + 0.062 0.777 + 0.057
w/o channel drifting 0.821 4+ 0.039 0.803 £ 0.052 0.783 + 0.040
w/o sample jittering 0.768 + 0.060 0.790 £+ 0.061 0.762 + 0.055
w/o voltage reversal 0.766 & 0.060 0.802 £ 0.061 0.770 + 0.055

number of input channels led to a progressive decline in precision and F1
scores. Disabling data augmentation techniques, such as channel drift,
sample jittering, or voltage reversal, also impaired model performance.
Together, these results demonstrate that each architectural and training
component contributes critically to CUSP’s performance, and that the
full model is optimally designed for complex spike detection.

4. Discussion

In this study, we introduce a novel deep learning framework for
automated sorting of complex spikes (CSs) from cerebellar Purkinje
cells, a longstanding technical challenge in systems neuroscience.
Analyzing CSs alongside simple spikes (SSs) is essential for under-
standing cerebellar computation, as these two classes of spikes convey
complementary streams of information: CSs relay powerful instructive
signals from climbing fibers, while SSs encode sensorimotor predictions.
However, the unique morphology and rarity of CSs—combined with
noisy recording environments, waveform variability, and electrode
drift—have hindered efforts to develop automated and scalable sorting
solutions. Our model addresses these challenges by integrating spatial
and temporal information across high-density multichannel recordings
using a U-net sequence-to-sequence architecture enhanced with hybrid
self-attention inception blocks. This design enables precise CS onset
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detection while remaining robust to variability, achieving expert-level
performance in both controlled and realistic conditions. Importantly,
this same robustness and scalability make CUSP a more general tool that
can be invariant to dynamically complex spike patterns that are known
to be poorly captured by the more prevalent simple spike based sorting
algorithms. Such an open tool could provide a novel framework for
studying information coding across circuits.

We benchmarked CUSP against leading single-channel and multi-
channel spike sorting algorithms, demonstrating substantial improve-
ments in detection accuracy, particularly under challenging recording
conditions (Fig. 4). Notably, our method preserved performance when
tested with real-world datasets characterized by waveform distortion,
spikelet variability, and low signal-to-noise ratios (SNRs)—conditions
that frequently diminish the reliability of other algorithms. These results
underscore the utility of our approach for cerebellar recordings at scale,
where manual annotation becomes impractical and conventional
methods often fail. A key innovation is the model’s end-to-end utiliza-
tion of multi-channel data. While prior CS sorting methods have pre-
dominantly relied on single-channel waveforms (Zur and Joshua, 2019;
Markanday et al., 2020; Sedaghat-Nejad et al., 2021), our model pro-
cesses the full spatial context of MEA recordings. For instance, Zur and
Joshua (2019) demonstrated that coupling between SS and CS wave-
forms can aid classification by analyzing low-frequency features via
PCA. However, this approach—restricted to single-channel record-
ings—struggles to generalize across recordings due to variability in CS
waveform expression; many CSs lack prominent low-frequency signa-
tures, limiting detection reliability. A recent strategy that used deep
learning to classify CSs in single-channel recordings based on high-SNR
was able to achieve good performance under optimal conditions
(Markanday et al., 2020). P-sort (Sedaghat-Nejad et al., 2021) presents
the Markanday et al. classifier in a more user-friendly interface with
enhanced visualization tools using PCA and/or UMAP. While these ad-
ditions offer greater flexibility, existing methods remain limited by their
reliance on subjective manual input and their failure to leverage
essential spatial information, which restricts scalability for high-density
MEA datasets. As a consequence, they cannot take advantage of spatial
information critical for tracking CS activity across electrodes and
become susceptible to noise, electrode drift, and overlapping signal-
s—factors that are prevalent in naturalistic recordings.

By contrast, CUSP processes both local field potential (LFP) and ac-
tion potential (AP) traces from multiple nearby channels, extracting
robust spatial signatures that distinguish true CSs from background ac-
tivity. The inclusion of self-attention layers enables adaptive weighting
of relevant features, that can enhance generalization across animals,
sessions, and electrode geometries. Indeed, the architectural structure of
our approach yields strong performance across a variety of test condi-
tions. Importantly, the ability to learn generalized spatiotemporal fea-
tures directly from data obviates the need for handcrafted feature
selection or template matching. This challenge parallels recent work in
behavioral neuroscience, where even highly stereotyped motor pat-
terns—obvious to human observers—require tailored computational
tools for reliable detection from keypoint data. For example, Stanley
et al. (2024) recently illustrated this in their analysis of circling behavior
in mice.

To better understand how these architectural advantages translate
into performance gains, we analyzed detection discrepancies between
our model, expert annotators, and competing algorithms (Fig. 5C).
Although many CSs detected exclusively by our model displayed clear,
intact waveforms, they were nonetheless overlooked by expert annota-
tors, who also showed considerable inter-rater variability. In contrast,
other algorithms showed distinctive error profiles: for example, Kilo-
sort4 produced misaligned false positives due to erroneous spikelet
clustering, while Spyking Circus2 failed to detect a large portion of high-
confidence CSs under low-SNR conditions, which is not surprising given
the propensity of existing algorithms to over-split even SS events due to
minor waveform changes (Koukuntla et al., 2025). These results
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underscore the advantage of our model’s ability to balance sensitivity
and specificity across a wide range of recording environments.

Beyond detection robustness, CUSP addresses another critical barrier
in the field: intra-cellular variability in CS morphology. It is well
established that the fine temporal structure of CS waveforms—including
the number, timing, and amplitude of spikelets—can vary substantially
even within the same Purkinje cell (Yang and Lisberger, 2014; Lang
et al., 2014; Warnaar et al., 2015; Zang et al., 2018; Burroughs et al.,
2017). This variability is not mere noise: it has long been recognized that
the precise spatiotemporal patterning of complex spike trains shapes
Purkinje cell simple spike output, thereby dynamically linking climbing
fiber input to plasticity and cerebellar computation (Llinas and Sugi-
mori, 1980; Davie et al., 2008; Najafi and Medina, 2013; Zang et al.,
2018; Streng et al., 2018). Consequently, tools that misclassify subtle
waveform variants risk erasing biologically meaningful signals
(Koukuntla et al., 2025).

CUSP, by design, accommodates this variability. Rather than
enforcing rigid templates or clustering in low-dimensional PCA space, it
leverages multiscale spatiotemporal features to consistently detect CSs
with varying spikelet compositions within the same cell (Fig. 5A),
enabling downstream analyses of how these patterns relate to motor
learning or behavioral state. This capability not only advances spike
sorting but also opens new opportunities for studying how information is
encoded within CS morphology—work previously constrained by labor-
intensive manual labeling. Moreover, the same framework may extend
beyond the cerebellum to other systems where neurons generate burst-
like or dynamically complex activity distinct from their primary spikes.
For example, hippocampal pyramidal neurons produce complex spike
bursts that play critical roles in computation and plasticity yet remain
difficult to isolate with standard tools (Gao et al., 2021; Grienberger
et al., 2014; Liu et al., 2022; Raus Balind et al., 2019; Tropp Sneider
et al., 2006). By accommodating waveform variability, CUSP offers a
generalizable approach for detecting such events, enabling new insights
into their function across circuits.

Importantly, our method also performs well in situations with highly
non-stationary recording conditions. As MEA recordings increase in
duration and density, electrode drift and changes in background activity
present major obstacles for both manual curation and automated tools
(Windolf et al., 2025). The performance of many existing method-
s—including those using clustering or static filters—degrades sharply in
such conditions. Our architecture’s use of convolutional layers com-
bined with self-attention blocks allows it to continuously re-weight
salient features, mitigating the impact of drift or spatial nonunifor-
mity. This flexibility enables our model to maintain high accuracy
without needing retraining or user intervention mid-session, making it
particularly well suited for large-scale, longitudinal recordings.

From a broader perspective, our results support a growing shift to-
ward data-driven, end-to-end learning models in the field of systems
neuroscience (Vogt, 2018, Xu et al., 2023, Chen et al., 2025). While
template-matching and clustering-based methods have historically
dominated spike sorting (e.g., Pachitariu et al., 2024, Chung et al.,
2017), these techniques are increasingly limited by their reliance on
human tuning, narrow assumptions about spike shape, and limited
scalability. The use of deep neural networks—particularly those capable
of learning from multi-channel LFP and AP signals transformed into
analytic representations via the Hilbert transform —represents a
powerful alternative. Crucially, our approach does not require retrain-
ing for each recording or experiment. Once trained, it generalizes
robustly across datasets, offering immediate utility to laboratories using
MEA systems to study cerebellar function. To facilitate future develop-
ment and comparative benchmarking, we have also curated a large,
open-access dataset comprising diverse cerebellar recordings (http
s://github.com/CullenLab/CUSP). This resource includes expert anno-
tations, low- and high-SNR examples, and challenging segments with
waveform variability or drift. The dataset, alongside our trained model
and evaluation code, provides a standardized framework for evaluating
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future methods. By establishing clear performance baselines and high-
lighting common failure modes, it can accelerate progress toward more
general and interpretable spike sorting solutions.

Despite the fact that data-driven machine learning methods are often
viewed as lacking interpretability, CUSP affords several interpretable
mechanistic insights within its model architecture. The model’s design
and signal processing paths are designed to capture distinct aspects of
LFP and AP inputs: the broad, wide-range complex spike envelope fea-
tures and the fine temporal structure of spike and spikelet patterns. This
dual-path architecture likely explains the model’s high detection accu-
racy for CSs with spikelet diversity. Moreover, the inception block’s
multi-scale filters enable ablation-based attributions by systematically
quantifying the contributions of individual convolutional kernel
branches operating at different temporal scales. The U-net structure
further contributes to performance by using skip connections that bridge
early-stage, low-level temporal and spatial features from the encoder
with the late-stage, high-level, abstract representations in the decoder —
an arrangement that enhances precise CS onset detection. Finally, the
incorporation of self-attention mechanisms within the inception blocks
yields self-adaptive spatiotemporal weight maps, allowing the network
to automatically identify which channel or time segments most strongly
influence CS detection. This flexibility across both channel and sample
provides robust performance, even under conditions involving sample
jittering and channel drift.

Although CUSP achieved high performance in CS detection, it re-
mains a supervised learning algorithm, and therefore bears several po-
tential systematic limitations. Supervised CS detection benefits from
expert-provided ground-truth labels, which encode domain-specific
knowledge about the CS waveform features such as spikelet diversity.
However, these labels also implicitly capture high-level background
information, including the estimated position of Purkinje cells in the
cerebellar cortex layer structure, the electrode trajectory, and functional
connectivity among neighboring cell type that help predict Purkinje cell
identity. While such supervised knowledge embedded in the CS labels
enhances performance, it is also labor-intensive to obtain due to the
time-consuming nature of manual expert curation. Moreover, individual
biases among human experts are inevitably transmitted through their
annotations, leading to a supervised model whose performance cannot
exceed the upper bound set by human-level detection accuracy.

In this study, CUSP was trained and benchmarked against human-
level CS detection using consensus-labeled datasets derived from mul-
tiple experts to minimize individual bias during both training and
evaluation. Nevertheless, purely supervised learning remains con-
strained by the limited availability and subjectivity of expert labels. In
contrast, unsupervised or self-supervised learning approaches - such as
contrastive learning or autoencoder based representation learning -
could leverage the large volume of unlabeled CS data to extract robust
and generalizable CS features. However, unsupervised clustering alone,
as commonly implemented in existing spike sorters, is insufficient for CS
detection due to the spikelet variability across CS as well as their relative
rarity. Taken together, future improvement in CS detection model could
benefit from semi-supervision strategies. One promising direction would
be to pretrain the encoder within an autoencoder-like architecture using
large unlabeled datasets to learn robust latent representations, followed
by fine-tuning on a modest number of expert-labeled CS examples - a
few-shot learning framework (Fang and Zamani, 2025). Another com-
plementary approach could employ a crowdsourcing strategy that in-
tegrates features extracted from multiple unsupervised spike-sorting
algorithms and then trains a supervised model to identify CS from this
ensemble-derived feature space (Wyngaard et al., 2022).

Thus, in summary, our work advances the field in several key re-
spects. First, it introduces a high-performing deep learning model that
detects CSs with high precision and robustness, even under noisy and
nonstationary conditions. Second, it explicitly incorporates multi-
channel spatial features, improving generalization beyond traditional
single-channel methods. Third, it accommodates biologically
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meaningful CS waveform variability, enabling future studies of infor-
mation coding and plasticity in the cerebellum. Finally, it provides an
open benchmarking resource that supports ongoing methodological
innovation. Together, these contributions represent a significant step
forward in cerebellar systems neuroscience, bridging the gap between
manual expertise and scalable automation. Moreover, by combining
robustness to waveform variability and electrode drift with scalability
across high-density recordings, CUSP establishes a broadly applicable
framework for detecting complex and/or burst-like neural events
beyond the cerebellum, opening new opportunities for studying infor-
mation coding across diverse circuits.

CRediT authorship contribution statement

Chenhao Bao: Writing — original draft, Visualization, Validation,
Software, Methodology, Formal analysis, Data curation, Conceptuali-
zation. Robyn L. Mildren: Writing — review & editing, Funding acqui-
sition, Data curation. Adam S. Charles: Writing — review & editing,
Resources, Methodology. Kathleen E. Cullen: Writing — review &
editing, Supervision, Resources, Project administration, Funding
acquisition, Conceptualization.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

We thank Dr. M. Hu for his assistance in manual annotations of
complex spikes from datasets. This work was supported by funding from
the National Institute on Deafness and Other Communication Disorders
(RO1-DC002390 and R0O1-DC018061) (K.E.C. and A.S.C) Raynor Cere-
bellar Project (K.E.C. and A.S.C), as well as a Natural Sciences and En-
gineering Postdoctoral Fellowship and Kavli Neuroscience Discovery
Institute Distinguished Postdoctoral Fellowship (R.L.M.).

Appendix A. Supporting information

Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.jneumeth.2025.110631.

Data availability
Data will be made available on request.

References

Albus, J.S., 1971. A theory of cerebellar function. Math. Biosci. 10 (1-2), 25-61. https://
doi.org/10.1016/0025-5564(71)90051-4.

Bakker, M., Allum, J., Visser, J., Gruneberg, C., Vandewarrenburg, B., Kremer, B.,
Bloem, B., 2006. Postural responses to multidirectional stance perturbations in
cerebellar ataxia. Exp. Neurol. 202 (1), 21-35. https://doi.org/10.1016/j.
expneurol.2006.05.008.

Bao, C., Charles, A., 2023. Comparing spike sorting algorithms on simulated extracellular
multi-electrode array recordings. IEEE Int. Conf. Bioinforma. Biomed. (BIBM) 2023,
3280-3287. https://doi.org/10.1109/BIBM58861.2023.10385769.

Bastian, A.J., Thach, W.T., 1995. Cerebellar outflow lesions: a comparison of movement
deficits resulting from lesions at the levels of the cerebellum and thalamus. Ann.
Neurol. 38 (6), 881-892. https://doi.org/10.1002/ana.410380608.

Bell, C.C., Grimm, R.J., 1969. Discharge properties of Purkinje cells recorded on single
and double microelectrodes. J. Neurophysiol. 32 (6), 1044-1055. https://doi.org/
10.1152/jn.1969.32.6.1044.

Bellet, M.E., Bellet, J., Nienborg, H., Hafed, Z.M., Berens, P., 2019. Human-level saccade
detection performance using deep neural networks. Journal of Neurophysiology 121
(2), 646-661. https://doi.org/10.1152/jn.00601.2018.

Buccino, A.P., Hurwitz, C.L., Garcia, S., Magland, J., Siegle, J.H., Hurwitz, R., Hennig, M.
H., 2020. Spikelnterface, a unified framework for spike sorting. ELife 9. https://doi.
org/10.7554/eLife.61834.



C. Bao et al.

Burroughs, A., Wise, A.K., Xiao, J., Houghton, C., Tang, T., Suh, C.Y., Lang, E.J., Apps, R.,
Cerminara, N.L., 2017. The dynamic relationship between cerebellar Purkinje cell
simple spikes and the spikelet number of complex spikes. J. Physiol. 595 (1),
283-299. https://doi.org/10.1113/JP272259.

Burroughs, A., Cerminara, N.L., Apps, R., Houghton, C., 2020. A Purkinje cell model that
simulates complex spikes. bioRxiv. https://doi.org/10.1101/2020.05.18.102236.

Catz, N., Dicke, P.W., Thier, P., 2005. Cerebellar complex spike firing is suitable to
induce as well as to stabilize motor learning. Curr. Biol. 15 (24), 2179-2189. https://
doi.org/10.1016/j.cub.2005.11.037.

Chen, Z., Coste, G.I, Li, E., Huganir, R.L., Graves, A.R., & Charles, A.S. (2025).
Automatic detection of fluorescently labeled synapses in volumetric in vivo imaging
data. https://doi.org/10.1101/2025.01.22.634278.

Chung, J.E., Magland, J.F., Barnett, A.H., Tolosa, V.M., Tooker, A.C., Lee, K.Y., Shah, K.
G., Felix, S.H., Frank, L.M., Greengard, L.F., 2017. A fully automated approach to
spike sorting. Neuron 95 (6), 1381-1394.e6. https://doi.org/10.1016/j.
neuron.2017.08.030.

Dash, S., Catz, N., Dicke, P.W., Thier, P., 2010. Specific vermal complex spike responses
build up during the course of smooth-pursuit adaptation, paralleling the decrease of
performance error. Exp. Brain Res. 205 (1), 41-55. https://doi.org/10.1007/s00221-
010-2331-2.

Davie, J.T., Clark, B.A., Hausser, M., 2008. The origin of the complex spike in cerebellar
purkinje cells. J. Neurosci. 28 (30), 7599-7609. https://doi.org/10.1523/
JNEUROSCI.0559-08.2008.

Eccles, J.C., Llinas, R., Sasaki, K., 1966. The excitatory synaptic action of climbing fibres
on the Purkinje cells of the cerebellum. J. Physiol. 182 (2), 268-296. https://doi.
org/10.1113/jphysiol.1966.sp007824.

Ester, M., Kriegel, H.-P., Sander, J., Xu, X., 1996. A density-based algorithm for
discovering clusters in large spatial databases with noise. Proc. 2nd Int. Conf. Knowl.
Discov. Data Min. (KDD 96 (34), 226-231.

Fang, T., Zamani, M., 2025. A meta-fusion architecture for few-shot classification of
spike waveforms in high-bandwidth brain-machine interfacing. ArXiv Preprint 2503,
18040.

Gao, X., Bender, F., Soh, H., Chen, C., Altafi, M., Schiitze, S., Heidenreich, M.,

Gorbati, M., Corbu, M.A., Carus-Cadavieco, M., Korotkova, T., Tzingounis, A.V.,
Jentsch, T.J., Ponomarenko, A., 2021. Place fields of single spikes in hippocampus
involve Keng3 channel-dependent entrainment of complex spike bursts. Nature
communications 12 (1), 4801. https://doi.org/10.1038/541467-021-24805-2.

Garcia, S., Pouzat, C., 2015. Tridesclous. (https://github.com/tridesclous/tridesclous).

Grienberger, C., Chen, X., Konnerth, A., 2014. NMDA receptor-dependent multidendrite
Ca(2+) spikes required for hippocampal burst firing in vivo. Neuron 81 (6),
1274-1281. https://doi.org/10.1016/j.neuron.2014.01.014.

He, K., Zhang, X., Ren, S., Sun, J., 2016. Deep residual learning for image recognition.
Proc. IEEE Conf. Comput. Vis. Pattern Recognit. 770-778.

Herzfeld, D.J., Kojima, Y., Soetedjo, R., Shadmehr, R., 2015. Encoding of action by the
Purkinje cells of the cerebellum. Nature 526 (7573), 439-442. https://doi.org/
10.1038/nature15693.

Horak, F.B., Diener, H.C., 1994. Cerebellar control of postural scaling and central set in
stance. J. Neurophysiol. 72 (2), 479-493. https://doi.org/10.1152/
jn.1994.72.2.479.

Ito, M., 1972. Neural design of the cerebellar motor control system. Brain Res. 40 (1),
81-84. https://doi.org/10.1016/0006-8993(72)90110-2.

Junker, M., Endres, D., Sun, Z.P., Dicke, P.W., Giese, M., Thier, P., 2018. Learning from
the past: A reverberation of past errors in the cerebellar climbing fiber signal. PLOS
Biol. 16 (8), €2004344. https://doi.org/10.1371/journal.pbio.2004344.

Kingma, D.P., Ba, J., 2014. ArXiv Preprint. Adam A Method Stoch. Optim. ArXiv:
1412.6980.

Kostadinov, D., Hausser, M., 2022. Reward signals in the cerebellum: Origins, targets,
and functional implications. Neuron 110 (8), 1290-1303. https://doi.org/10.1016/j.
neuron.2022.02.015.

Kostadinov, D., Beau, M., Blanco-Pozo, M., Hausser, M., 2019. Predictive and reactive
reward signals conveyed by climbing fiber inputs to cerebellar Purkinje cells. Nat.
Neurosci. 22 (6), 950-962. https://doi.org/10.1038/541593-019-0381-8.

Koukuntla, S., DeWeese, T., Cheng, A., Mildren, R., Lawrence, A., Graves, A.R., Colonell,
J., Harris, T.D., & Charles, A.S. (2025). SLAy-ing oversplitting errors in high-density
electrophysiology spike sorting. https://doi.org/10.1101/2025.06.20.660590.

Lang, E.J., Tang, T., Suh, C.Y., Xiao, J., Kotsurovskyy, Y., Blenkinsop, T.A., Marshall, S.
P., Sugihara, 1., 2014. Modulation of purkinje cell complex spike waveform by
synchrony levels in the olivocerebellar system. Front. Syst. Neurosci. 8, 210. https://
doi.org/10.3389/fnsys.2014.00210.

Liu, A.A., Henin, S., Abbaspoor, S., Bragin, A., Buffalo, E.A., Farrell, J.S., Foster, D.J.,
Frank, L.M., Gedankien, T., Gotman, J., Guidera, J.A., Hoffman, K.L., Jacobs, J.,
Kahana, M.J., Li, L., Liao, Z., Lin, J.J., Losonczy, A., Malach, R., van der Meer,
Buzsdki, G., 2022. A consensus statement on detection of hippocampal sharp wave
ripples and differentiation from other fast oscillations. Nature communications 13
(1), 6000. https://doi.org/10.1038/541467-022-33536-x.

Llinds, R., Sugimori, M., 1980. Electrophysiological properties of in vitro Purkinje cell
dendrites in mammalian cerebellar slices. J. Physiol. 305 (1), 197-213. https://doi.
org/10.1113/jphysiol.1980.sp013358.

Markanday, A., Bellet, J., Bellet, M.E., Inoue, J., Hafed, Z.M., Thier, P., 2020. Using deep
neural networks to detect complex spikes of cerebellar Purkinje cells.

J. Neurophysiol. 123 (6), 2217-2234. https://doi.org/10.1152/jn.00754.2019.

Marr, D., 1969. A theory of cerebellar cortex. J. Physiol. 202 (2), 437-470. https://doi.
org/10.1113/jphysiol.1969.sp008820.

Maschke, M., Gomez, C.M., Ebner, T.J., Konczak, J., 2004. Hereditary cerebellar ataxia
progressively impairs force adaptation during goal-directed arm movements.

J. Neurophysiol. 91 (1), 230-238. https://doi.org/10.1152/jn.00557.2003.

Journal of Neuroscience Methods 426 (2026) 110631

Mclnnes, L., Healy, J., Melville, J., 2018. ArXiv Preprint. UMAP Unif. Manifold Approx.
Proj. Dimens. Reduct. https://doi.org/10.48550/arXiv.1802.03426.

Medina, J.F., Lisberger, S.G., 2008. Links from complex spikes to local plasticity and
motor learning in the cerebellum of awake-behaving monkeys. Nat. Neurosci. 11
(10), 1185-1192. https://doi.org/10.1038/nn.2197.

Mildren, R.L., Gémez, L.J., Cullen, K.E., 2025. Convergence of vestibular and
proprioceptive signals in the cerebellar nodulus/uvula enhances the encoding of self-
motion in primates. Curr. Biol. CB 35 (3), 468-482.e3. https://doi.org/10.1016/j.
cub.2024.11.063.

Morton, S.M., Bastian, A.J., 2006. Cerebellar contributions to locomotor adaptations
during splitbelt treadmill walking. J. Neurosci. 26 (36), 9107-9116. https://doi.org/
10.1523/JNEUROSCI.2622-06.2006.

Najafi, F., Medina, J.F., 2013. Beyond “all-or-nothing” climbing fibers: graded
representation of teaching signals in Purkinje cells. Front. Neural Circuits 7. https://
doi.org/10.3389/fncir.2013.00115.

Ohmae, S., Medina, J.F., 2015. Climbing fibers encode a temporal-difference prediction
error during cerebellar learning in mice. Nat. Neurosci. 18 (12), 1798-1803. https://
doi.org/10.1038/nn.4167.

Pachitariu, M., Sridhar, S., Pennington, J., Stringer, C., 2024. Spike sorting with
Kilosort4. Nat. Methods 21 (5), 914-921. https://doi.org/10.1038/541592-024-
02232-7.

Paszke, A., others, 2019. PyTorch: An imperative style, high-performance deep learning
library. ArXiv. Prepr. ArXiv. https://doi.org/10.48550/arXiv.1912.01703.

Perelman, Y., Ginosar, R., Jan. 2007. An Integrated System for Multichannel Neuronal
Recording With Spike/LFP Separation, Integrated A/D Conversion and Threshold
Detection. IEEE Trans. Biomed. Eng. 54 (1), 130-137. https://doi.org/10.1109/
TBME.2006.883732.

Raus Balind, S., Magé, A., Ahmadi, M., Kis, N., Varga-Németh, Z., Lérincz, A., Makara, J.
K., 2019. Diverse synaptic and dendritic mechanisms of complex spike burst
generation in hippocampal CA3 pyramidal cells. Nature communications 10 (1),
1859. https://doi.org/10.1038/541467-019-09767-w.

Rolston, J.D., Gross, R.E., Potter, S.M., 2009. Common median referencing for improved
action potential detection with multielectrode arrays. 2009 Annual International
Conference of the IEEE Engineering in Medicine and Biology Society. Minneap. MN
USA 1604-1607. https://doi.org/10.1109/IEMBS.2009.5333230.

Ronneberger, O., Fischer, P., Brox, T., 2015. U-net: convolutional networks for
biomedical image segmentation. Med. Image Comput. Comput. Assist. Interv.
MICCAI 2015 234-241.

Rowan, M.J.M., Bonnan, A., Zhang, K., Amat, S.B., Kikuchi, C., Taniguchi, H.,
Augustine, G.J., Christie, J.M., 2018. Graded Control of Climbing-Fiber-Mediated
Plasticity and Learning by Inhibition in the Cerebellum. Neuron 99 (5), 999-1015.
e6. https://doi.org/10.1016/j.neuron.2018.07.024.

Scheuer, Mark L., Bagic, Anto, Wilson, 2017. Scott B. Spike detection: inter-reader
agreement and a statistical Turing test on a large data set. Clin. Neurophysiol. 128. 1
243-250.

Sedaghat-Nejad, E., Fakharian, M.A., Pi, J., Hage, P., Kojima, Y., Soetedjo, R., Ohmae, S.,
Medina, J.F., Shadmehr, R., 2021. P-sort: an open-source software for cerebellar
neurophysiology. J. Neurophysiol. 126 (4), 1055-1075. https://doi.org/10.1152/
jn.00172.2021.

Selhorst, J.B., Stark, L., Ochs, A.L., Hoyt, W.F., 1976. Disorders in cerebellar ocular
motor control. Brain 99 (3), 497-508. https://doi.org/10.1093/brain/99.3.497.
Smith, M.A., Shadmehr, R., 2005. Intact ability to learn internal models of arm dynamics
in huntington’s disease but not cerebellar degeneration. J. Neurophysiol. 93 (5),

2809-2821. https://doi.org/10.1152/jn.00943.2004.

Sokolov, A.A., Miall, R.C., Ivry, R.B., 2017. The cerebellum: adaptive prediction for
movement and cognition. Trends Cogn. Sci. 21 (5), 313-332. https://doi.org/
10.1016/j.tics.2017.02.005.

Stanley, O.R., Swaminathan, A., Wojahn, E., Bao, C., Ahmed, Z.M., Cullen, K.E., 2024. An
open-source tool for automated human-level circling behavior detection. Sci. Rep. 14
(1), 20914. https://doi.org/10.1038/541598-024-71665-z.

Streng, M.L., Popa, L.S., Ebner, T.J., 2017. Climbing fibers control purkinje cell
representations of behavior. J. Neurosci. 37 (8), 1997-2009. https://doi.org/
10.1523/JNEUROSCI.3163-16.2017.

Streng, M.L., Popa, L.S., Ebner, T.J., 2018. Complex Spike Wars: a New Hope. Cerebellum
17 (6), 735-746. https://doi.org/10.1007/s12311-018-0960-3.

Szegedy, C., others, 2015. Going deeper with convolutions. Proc. IEEE Conf. Comput. Vis.
Pattern Recognit. 1-9.

Thach, W.T., 1967. Somatosensory receptive fields of single units in cat cerebellar cortex.
J. Neurophysiol. 30 (4), 675-696. https://doi.org/10.1152/jn.1967.30.4.675.

Tropp Sneider, J., Chrobak, J.J., Quirk, M.C., Oler, J.A., Markus, E.J., 2006. Differential
behavioral state-dependence in the burst properties of CA3 and CA1 neurons.
Neuroscience 141 (4), 1665-1677. https://doi.org/10.1016/j.
neuroscience.2006.05.052.

Vaswani, A., others, 2017. Attention is all you need. Adv. Neural Inf. Process. Syst. 30.

Vogt, N., 2018. Machine learning in neuroscience, 33-33 Nat. Methods 15 (1). https://
doi.org/10.1038/nmeth.4549.

Warnaar, P., Couto, J., Negrello, M., Junker, M., Smilgin, A., Ignashchenkova, A.,
Giugliano, M., Thier, P., de Schutter, E., 2015. Duration of Purkinje cell complex
spikes increases with their firing frequency. Front. Cell. Neurosci. 9, 122. https://
doi.org/10.3389/fncel.2015.00122.

Wilson, Scott B., et al., 2003. Seizure detection: correlation of human experts. Clin.
Neurophysiol. 114 (11), 2156-2164.

Windolf, C., Yu, H., Paulk, A.C., Meszéna, D., Munoz, W., Boussard, J., Hardstone, R.,
Caprara, L., Jamali, M., Kfir, Y., Xu, D., Chung, J.E., Sellers, K.K., Ye, Z., Shaker, J.,
Lebedeva, A., Raghavan, R., Trautmann, E., Melin, M., Varol, E., 2025. DREDge:



C. Bao et al.

robust motion correction for high-density extracellular recordings across species.
Nat. Methods 22 (4), 788-800. https://doi.org/10.1038/541592-025-02614-5.

Wyngaard, A.J.G., Llobet, V., Barbour, B., 2022. Lussac: a fully-automated consensus
method that increases the yield and quality of spike-sorting analyses. bioRxiv.
https://doi.org/10.1101,/2022.02.08.479192.

Xu, Y.K.T., Graves, A.R., Coste, G.I., Huganir, R.L., Bergles, D.E., Charles, A.S., Sulam, J.,
2023. Cross-modality supervised image restoration enables nanoscale tracking of
synaptic plasticity in living mice. Nat. Methods 20 (6), 935-944. https://doi.org/
10.1038/541592-023-01871-6.

Yang, Y., Lisberger, S.G., 2014. Purkinje-cell plasticity and cerebellar motor learning are
graded by complex-spike duration. Nature 510 (7506), 529-532. https://doi.org/

10.1038/naturel3282.

Journal of Neuroscience Methods 426 (2026) 110631

Yger, P., Spampinato, G.L., Esposito, E., Lefebvre, B., Deny, S., Gardella, C., Stimberg, M.,
Jetter, F., Zeck, G., Picaud, S., Duebel, J., Marre, O., 2018. A spike sorting toolbox for
up to thousands of electrodes validated with ground truth recordings in vitro and in
vivo. ELife 7. https://doi.org/10.7554/¢eLife.34518.

Zang, Y., Dieudonné, S., de Schutter, E., 2018. Voltage- and Branch-Specific Climbing
Fiber Responses in Purkinje Cells. Cell Rep. 24 (6), 1536-1549. https://doi.org/
10.1016/j.celrep.2018.07.011.

Zur, G., Joshua, M., 2019. Using extracellular low frequency signals to improve the spike
sorting of cerebellar complex spikes. J. Neurosci. Methods 328, 108423. https://doi.

org/10.1016/j.jneumeth.2019.108423.

13



