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Abstract—Studying Purkinje cell activity is vital for under-
standing brain function and movement disorders. However,
conventional wired headstage setups in mice restrict natural
behavior, while transmitting full neural waveforms wirelessly is
prohibitively power-intensive. This work presents a lightweight,
real-time spike sorting system implemented on the EFM32PG28
microcontroller, capable of classifying complex spikes and simple
spikes from Purkinje cells directly on the headstage. By extracting
only relevant spike information, the system enables efficient
wireless transmission or local storage. Leveraging knowledge
distillation and Matrix Vector Processor (MVP) hardware accel-
eration, the spike sorter achieves an overall F1-score of 93.43%
and completes detection and classification in 0.765 ms. With
over 53 hours of continuous operation on a 50-mAh battery,
the proposed solution is well-suited for long-duration, untethered
cerebellar experiments in freely moving mice.

Index Terms—Spike sorting, Purkinje cell, knowledge distilla-
tion, matrix vector processor, brain-machine interface

I. INTRODUCTION

Purkinje cells are the sole output neurons of the cerebellar
cortex and play a critical role in motor coordination and learn-
ing. Their unique spiking behavior—characterized by frequent
Simple Spikes (SS) and infrequent, complex-shaped Complex
Spikes (CS) (Figure 1B)—makes them particularly significant
for neuroscientific studies [1]. In vivo electrophysiological
experiments in mice often rely on high-density extracellular
recordings to study these spikes. However, current experimen-
tal setups require wired headstage systems (Figure 1A), which
restrict natural movement, introduce stress artifacts, and limit
the fidelity of recorded data [2].

An ideal solution involves transitioning to wireless head-
stage devices. Yet, transmitting full-bandwidth neural signals
wirelessly imposes unsustainable power and bandwidth de-
mands, especially for small, battery-powered systems. A more
efficient approach is to perform real-time spike sorting (i.e.,
spike detection and classification) directly on the headstage,
and transmit or store only the instances when the spikes
occurred. However, this introduces strict computational and
energy constraints: the sorter must operate within a 1-ms
latency budget (corresponding to the minimum inter-spike
interval, as shown in Figure 1B), consume minimal energy,
and run on embedded hardware with limited resources.

Existing spike sorting methods [3]–[6] are too power-
hungry, require resources unavailable on constrained embed-
ded platforms, and/or often rely on both local field potentials

(LFPs) and single-unit action potentials (APs). Furthermore,
most existing spike-sorting solutions are designed for generic
neural data and do not explicitly account for the unique
temporal and morphological features of Purkinje-cell spikes.
In particular, distinguishing CS from SS in real time remains
challenging due to the rare occurrence and morphological
variability of CS events [2].

In this work, we propose a real-time, energy-efficient
spike classification system specifically designed for Purkinje-
cell recordings, enabling the use of a tetherless headstage
in mice. Unlike previous approaches, our method performs
accurate spike classification using only single-channel AP
data, significantly reducing hardware complexity and power
consumption without compromising accuracy. The system is
implemented on the EFM32PG28 ultra-low-power microcon-
troller (MCU) and leverages knowledge distillation [7] from a
high-performance deep learning model to a lightweight student
model optimized for embedded inference. By utilizing the
on-chip Matrix Vector Processor (MVP) accelerator of the
MCU, the proposed system enables real-time and prolonged
wireless operation on headstage devices and supports scalable
neuroscience experiments in freely moving mice.

II. RELATED WORK

Several commercial and research-grade systems have been
developed for neural signal acquisition and processing in freely
moving animals. These include solutions like FreeLynx [8],
CerePlex Exilis [9], and eCube [10], as well as custom FPGA-
based platforms [11]–[13]. These systems are either too bulky
for use in mice or lack the autonomy needed to support
experiments in mice lasting up to 24 hours. Consequently,
they are unsuitable for cerebellar-specific studies in mice that
require accurate discrimination between SS and CS.

A small but growing body of work has specifically ad-
dressed Purkinje cell spike sorting. Sedaghat-Nejad et al. [5],
Markanday et al. [3], Zur et al. [4], and Michikawa et
al. [6] have proposed software-based solutions that classify
Purkinje spikes—particularly complex spikes—with promising
accuracy. However, these approaches rely on offline processing
using GPUs or high-performance PCs, making them unsuitable
for real-time or embedded applications.

Siddiqi et al. [2] recently proposed a promising lightweight
ASIC solution for Purkinje spike classification. While their de-
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Fig. 1. Overview of the proposed approach. (A) Conventional wired headstage setup used in cerebellar experiments on mice. (B) Purkinje cell AP waveform
showing simple and complex spikes. (C) Spike classification performed on EFM32PG28 using its MVP accelerator, following spike detection. (D) Spike-sorting
output stored as spike type and sample index in on-board memory. (E) A CNN-based teacher model trained for spike classification, distilled into a lightweight
student model for real-time, low-power deployment. f : no. of filters, k: kernel size, s: stride, p: padding, MP: MaxPooling, FC: fully connected layer.

sign demonstrates potential, it has not yet been fabricated and
lacks reconfigurability. Therefore, developing new headstage
technologies for mice that are lightweight, energy-efficient,
reconfigurable, wireless, and capable of real-time processing
remains a timely and important research priority.

III. PROPOSED SOLUTION

This work addresses the aforementioned challenges by pre-
senting a low-power, real-time Purkinje cell spike-sorting sys-
tem based on a knowledge-distilled neural network deployed
on a 32-bit MCU.

A. Experimental Setup

The single-channel AP dataset comprised 1,748,869 SS and
25,713 CS from 98 Purkinje cells in mice, recorded using
a wired setup with the Mini-Amp-64 headstage (Cambridge
NeuroTech) [14]. The Mini-Amp-64 incorporates silicon neu-
ral probes and the Intan RHD2000 chip, which integrates
amplifiers, an ADC, and filters [15]. The ADC operates at
a 24.414 kHz sampling rate with 10-bit resolution.

B. Implementation Platform

The hardware platform used for implementation and testing
the spike-sorting system is the Silicon Labs EFM32PG28 Pro
Kit. The EFM32PG28 MCU features a 32-bit ARM Cortex-
M33 core and a hardware AI/ML accelerator (MVP), enabling
faster inference at the edge with reduced power consump-
tion [16]. It also includes a range of standard peripherals and
can interface seamlessly with the aforementioned ADC via an
SPI (Serial Parallel Interface) connection.

C. System Architecture

After the MCU receives the digitized neural data via SPI,
it passes the signal through a detector function that identifies
the occurrence of a potential spike (see Figures 1C and 2).
The detected spike is then forwarded to an embedded neural
network (NN), which classifies it in real time as either a
Complex Spike (CS) or a Simple Spike (SS). The classification
result can either be stored in on-board non-volatile memory
or transmitted wirelessly. For the purposes of this paper, we
assume the former (see Figure 1D).

Fig. 2. The NN spike classifier (SC) receives 20 samples before and 130 after
the detection point as input. Right: Functional mapping on EFM32PG28.

TABLE I
COMPARISON OF TEACHER NETWORKS

TNet∗ Architecture # of SS CS
Parameters F1-score F1-score

1 150, 16, 32, 64, 128, 256, GAP, 3 439.8K 0.99 0.96
2 150, 16, 32, 64, 128, GAP, 3 109.4K 0.99 0.95
3 150, 16, 32, 64, GAP, 3 26.5K 0.99 0.94

‘GAP’: Global Average Pooling.
∗

Teacher NNs are CNNs with some residual blocks.

D. Spike Detector

The spike detector employed in this work is based on the
design proposed by Yang et al. [17] for real-time operation.
It first applies an exponential infinite impulse response (IIR)
filter to the digitized neural signal to attenuate high-frequency
noise. Spike detection is then carried out using the Non-Linear
Energy Operator (NEO) [18], which estimates the instanta-
neous energy of the signal. This output is compared against a
dynamically updated threshold, and a spike is detected when
the NEO response exceeds this threshold.

E. Classifier Design and Knowledge Distillation

The classification system adopts a knowledge distillation
framework [7], where a high-capacity teacher network (TNet)
is trained for accuracy, and a compact student network (SNet)
is optimized for deployment efficiency (see Figure 1E). The
final SNet is quantized and implemented using TensorFlow
Lite for MCUs (TFLM) and EFM32PG28’s on-chip MVP
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TABLE II
COMPARISON OF STUDENT NETWORKS

SNet Architecture # of F1-score CR Arena

Params SS CS Size∗

1 (CNN) 150, 16, 32, 64, 128, SE, GAP, 3 20.3K 0.98 0.93 5.4× 9.6 MB
2 (CNN) 150, 8, 16, 32, GAP, 3 5.6K 0.98 0.90 19.5× 419 KB
3 (MLP) 150, 64, 32, 16, 3 12.3K 0.98 0.90 8.9× 54.3 KB
4 (MLP) 150, 16, 3 2.5K 0.97 0.89 43.7× 13.9 KB

‘SE’: Squeeze-and-Excitation block
‘CR’: Compression Ratio (# of TNet Parameters / # of SNet Parameters)
∗

Memory required for neural-network inference on the MCU.

(Figure 2) to enable fast, low-power inference on embedded
hardware.

IV. RESULTS

A. Classifier Design Space Exploration

Multiple Convolutional Neural Network (CNN)-based TNet
architectures were designed and evaluated to achieve an op-
timal balance between classification performance and model
complexity. Overly large models were avoided to ensure
that the distilled SNet generalizes well. Each CNN has 150
input neurons, corresponding to 150 samples from a spike
window (see Figure 2), and produces 3 outputs representing
classifications for SS, CS, and false detections.

The neural dataset was partitioned into 40% for training,
20% for validation, and 40% for testing. Training was con-
ducted using the Adam optimizer with an initial learning rate
of 0.001, which was decayed by a factor of 0.1 every 10
epochs. A weighted cross-entropy loss function was used to
address class imbalance (Class SS: 0.1, Class CS: 10), with a
batch size of 128 over 50 epochs.

Table I summarizes the performance and complexity of the
different TNet variants on test data. Among these, TNet-2
was selected for its favorable trade-off between accuracy and
complexity and was therefore used to train compact SNets via
knowledge distillation in a one-teacher, one-student setup [7].
Each SNet was trained over 20 epochs using the Stochastic
Gradient Descent optimizer with a momentum coefficient of
0.7, a batch size of 32, and a learning rate of 0.0001. Kullback-
Leibler loss with a temperature of 2.0 and a weighting factor
of 1.0 was employed to guide the distillation process. To
ensure deployability on MCUs, the SNets were designed with
minimal layers and parameters to meet stringent memory
constraints. These models were made quantization-friendly by
avoiding complex activation functions and leveraging depth-
wise separable convolutions, grouped convolutions, and bot-
tleneck layers to minimize computational load.

Table II presents the tested SNets, their classification
performance, and memory footprints. Among these, only
SNet-3 and SNet-4, both implemented as Multilayer Per-
ceptrons (MLPs), fit within the 256-kB RAM constraint of the
EFM32PG28 MCU. SNet-4 was selected over SNet-3, as
the latter’s marginal accuracy gain did not justify its higher
memory usage. SNet-4 was quantized to 8-bit precision and
deployed on EFM32PG28 and its MVP using TFLM, enabling
energy-efficient, real-time spike classification on-device.

Fig. 3. F1-score distribution across spike types and NN models.

Fig. 4. Left: Overlay plots of spikes classified by the quantized SNet-4.
Right: Confusion matrix of the quantized SNet-4 classifier (SS vs. CS).

TABLE III
SPIKE-SORTING PERFORMANCE WITH/WITHOUT MVP

Freq. With MVP Without MVP

(MHz) Iavg (mA) tI (ms) EI (µJ) Iavg (mA) tI (ms) EI (µJ)

7 0.63 1.40 1.66 0.66 8.18 9.72
13 0.83 0.73 1.09 0.85 4.39 6.72
16 0.92 0.61 1.01 0.95 3.57 6.10
19 1.01 0.48 0.87 1.04 3.02 5.65
26 1.20 0.37 0.80 1.24 2.19 4.89
32 1.37 0.31 0.76 1.42 1.80 4.60
39 1.73 0.24 0.74 1.79 1.41 4.54

Iavg : Average current consumption
tI : Inference time
EI : Energy consumption per inference, at a supply of 1.8 V

B. Classifier Evaluation

The primary challenge in Purkinje cell spike classification
lies in accurately detecting complex spikes due to their intri-
cate morphology and lower occurrence frequency compared to
simple spikes. Despite this, our teacher model achieves a high
overall mean F1-score of 96.5% across individual Purkinje
cells, as shown in Figure 3A, demonstrating consistently
strong performance across both spike types. Figure 3B illus-
trates the F1-score distribution for the student model, which,
despite being 43.7× smaller in complexity, maintains a high
overall F1-score of 91.8%, albeit with a reduction in CS F1-
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TABLE IV
COMPARISON WITH THE STATE OF THE ART

[8] [19] [9] [10] [11] [12] [13] [5] [3] [4] [6] [2] This work
CS-classification F1-score (%) N/A1 – 92.5 – 96.6 90.15 86.65
SS-classification F1-score (%) N/A1 – – – – 94.93 96.48
Autonomy (hrs) 3 1.6 2.5 0.5 1.75 72 24 N/A2 24 53.7
Targeted animal rats mice rats mice mice cats monkeys N/A2 mice mice

‘–’: Not provided, ‘N/A1’: Not applicable—does not target Purkinje cells; ‘N/A2’: Not applicable—software-only, unsuitable for headstage use.

score to 86.6%. Figure 3C summarizes the performance of the
quantized student model deployed on the EFM32PG28 MCU
and its MVP using TFLM. The hardware implementation
achieves performance comparable to its software counterpart,
with no observable degradation following 8-bit quantization.
Finally, Figure 3D compares the teacher, student, and MCU-
deployed models. While the teacher model demonstrates the
highest overall accuracy, the observed drop in CS performance
for the student model reflects a deliberate design trade-off
made to enable an ultra-low-power, real-time implementation
on the embedded EFM32PG28 platform.

Figure 4 (left) shows the superimposed waveforms of the
classified CS and SS spikes by the quantized SNet-4, il-
lustrating the high quality of classification. The consolidated
confusion matrix is presented in Figure 4 (right).

C. Real-Time Performance

Purkinje cell spikes occur approximately every 10 ms on
average [2]. However, the interval between a simple spike and
a subsequent complex spike can be as short as 1 ms, necessi-
tating that the spike sorting system complete both detection
and classification within this window. To meet these real-
time constraints, current consumption and inference time were
evaluated across various MCU clock frequencies. As shown in
Table III, a clock frequency of 13 MHz was selected for the
final implementation, offering an optimal trade-off between
power efficiency and processing speed. At this frequency, the
spike detector requires a maximum of 0.035 ms—well below
the 0.04-ms sample period shown in Figure 2—while the
classifier completes execution in 0.73 ms, resulting in a total
inference time of 0.765 ms. This ensures reliable operation
even in the worst-case scenario of a 1-ms inter-spike interval.

Table III also presents a comparison with an implementation
that does not utilize the MVP accelerator and instead runs
entirely on the CPU (Cortex-M33). The results show that the
EFM32PG28’s MVP significantly improves matrix operation
efficiency by acting as a dedicated processing unit that of-
floads computations from the main CPU. This shortens neural-
network inference time, and enables the system to meet strin-
gent real-time constraints with minimal energy consumption.

D. Device Autonomy

The next step is to evaluate the battery life of the com-
plete headstage to demonstrate its suitability for long-duration
experiments (i.e., exceeding 24 hours). Figure 5 shows the
estimated operational time based on the combined current
consumption of the Intan-based ADC (see Section III-A),

Fig. 5. Battery life of the headstage at typical miniature battery capacities.

ultra-low-power non-volatile memory (STT-RAM [20]), and
the MCU running both the detector and classifier. Results
indicate that the proposed system can operate continuously
for over 53 hours when powered by a lightweight 50 mAh
miniature battery, underscoring its viability for sustained use
in resource-constrained headstage devices. Moreover, utilizing
the MVP approximately doubles battery life compared to
a Cortex-M33-only solution, which requires a higher clock
frequency (48 MHz) to satisfy real-time constraints.

Table IV compares the proposed solution with related work.

V. CONCLUSIONS

This work presents a real-time, energy-efficient Purkinje-
cell spike-sorting system tailored for embedded operation
on headstage devices used in small animal experiments. By
leveraging knowledge distillation and hardware acceleration
via the MVP, the proposed system achieves a strong balance
between performance and efficiency. It delivers competitive
F1-scores of 86.65% for complex spikes and 96.48% for
simple spikes, while maintaining a total inference time under
0.8 ms. Additionally, the complete system demonstrates a
battery autonomy of over 53 hours on a lightweight 50 mAh
cell, highlighting its suitability for long-duration, tetherless
cerebellar recordings in freely moving mice. These features
position the solution as a practical step toward realizing
fully wireless electrophysiology platforms that can support
advanced neuroscience research in naturalistic settings.
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