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Abstract

The fourth iteration of the Bio-inspired Deep Learning workshop, a specialized workshop series
at the intersection of deep learning and neuroscience for PhD students and early-career postdoc-
toral researchers, took place in the spring of 2026 in Guntersblum. The workshop was funded
by the Joachim Herz Stiftung through its program supporting the design and implementation of
interdisciplinary events for young scientists, a mission that closely aligns with the objectives of the
workshop series. The workshop brought together 16 doctoral students and postdoctoral researchers,
providing them with the opportunity to engage with state-of-the-art methods at the interface of
machine learning and the life sciences. By fostering an interdisciplinary learning environment,
the workshop encouraged participants to broaden their perspectives beyond their primary research
disciplines. The 2026 workshop focused on neuromorphic computing and was led by Prof. Elisa
Donati (Institute of Neuroinformatics, University of Zurich), with support from doctoral researcher
Patrick Bosch and DSI Bridge Postdoctoral Fellow Dr. Chiara De Luca. This report introduces
the motivation and vision underlying the workshop series, discusses the importance and impact
of neuromorphic computing, and presents representative examples of the work carried out by the
participants during the workshop.

1 The Workshop format

Exchanges between established researchers and early-career scientists are essential to scientific progress.
They promote the dissemination of new ideas while fostering professional networks that support emerg-
ing talent. To facilitate this exchange in an interdisciplinary setting, the fourth edition of the Bio-
inspired Deep Learning workshop was held in Guntersblum, Germany, with support from the Joachim
Herz Stiftung.

The workshop continues a format introduced by this series that remains relatively uncommon
within the neuroscience community. Rather than emphasizing lectures alone, it combines short in-
troductory presentations with intensive, hands-on research projects carried out over three days. This
compact format exposes participants to state-of-the-art research at the intersection of neuroscience,
machine learning, and computational modeling while encouraging them to actively engage with new
concepts through practical experience. Participants are organized into small groups according to their
backgrounds and prior experience, creating a collaborative environment that promotes peer learning
and scientific exchange.

A defining feature of the workshop is its interdisciplinary character. By bringing together re-
searchers from neuroscience, machine learning, computer science, physics, and related disciplines, the
workshop encourages the exchange of ideas, methodologies, and perspectives across traditional dis-
ciplinary boundaries. Such interdisciplinary interactions are increasingly important for addressing
modern scientific challenges, particularly in rapidly evolving fields such as NeuroAl.

In contrast to many neuroscience workshops, which typically span several days of invited lectures
by multiple speakers, the Bio-inspired Deep Learning workshop prioritizes interaction and mentorship.
Its small size and project-based structure allow participants to work closely with leading researchers,

"nstitute of Neuroinformatics, University of Zurich
Instituto de Neurociencias, CSIC-UMH
3Universitatsklinikum Bonn



Bio-inspired DL Workshop 2026 Reports

creating opportunities for discussion and scientific exchange that are often difficult to achieve in
traditional conference settings.

The workshop format was inspired by the Young ERCOFTAC workshop series, established by Peter
Schmid, Shervin Bagheri, and Taraneh Sayadi. During his doctoral studies, M. F. Eggl participated
in this series and experienced first-hand the benefits of combining intensive project work with close
interaction between early-career researchers and internationally recognized experts. The Bio-inspired
Deep Learning workshop adapts these principles to the NeuroAl community.

To encourage sustained interaction, the workshop was held at the Weingut Domhof, a quiet venue
approximately 30 km south of Mainz. Its secluded setting naturally fostered discussion beyond the
formal scientific program through shared meals and informal conversations, allowing participants to
build professional relationships that often extend well beyond the duration of the workshop.

The scientific program was designed to accommodate participants with diverse academic back-
grounds and varying levels of experience. Following introductory lectures on neuromorphic computing
delivered by Prof. Elisa Donati, participants were assigned to small groups, each tackling a different
research question within the field. The projects were carefully scoped to be achievable within the three-
day workshop while exposing participants to current research challenges using modest computational
resources.

Throughout the workshop, each group was closely supervised by one of the instructors, Dr. Chiara
De Luca or Patrick Bosch, who provided scientific guidance and technical support. This close mentor-
ship, combined with the intensive project format, enabled participants to acquire practical experience
that complemented the introductory lectures. The workshop concluded with presentations from each
group, allowing all participants to gain insight into the broader range of topics explored and to discuss
different approaches with their peers.

The workshop pursued three primary objectives:

1. Introduce participants to current research in neuromorphic computing.
2. Foster collaboration and networking through intensive group-based research projects.
3. Provide opportunities for direct interaction with leading researchers in the field.

Feedback collected across all four editions indicates that these objectives have been consistently
achieved. The workshop has established itself as a valuable training opportunity for young researchers
working at the interface of neuroscience and machine learning. By combining intensive project work,
close mentorship, and interdisciplinary collaboration, it equips participants with both technical exper-
tise and lasting professional networks, thereby helping to cultivate the next generation of scientists in
NeuroAl

2 Topic of the workshop: Neuromorphic Computing

The rapid growth of artificial intelligence and large-scale data processing has led to an unprecedented
demand for computational resources. Recent estimates from the International Energy Agency suggest
that electricity consumption from data centres is increasing by approximately 15% per year, more
than four times faster than the growth in electricity demand across all other sectors (International
Energy Agency, 2025). While much of this increase is driven by the expanding use of Al, it also
exposes a more fundamental limitation of conventional computing architectures. Modern computers
are based on the von Neumann architecture, in which memory and processing are physically separated.



Bio-inspired DL Workshop 2026 Reports

As a consequence, a significant fraction of both computation time and energy consumption is spent
moving data between memory and the processor rather than performing calculations, an increasingly
important bottleneck as data volumes continue to grow (Petrenko, 2018).

Nature provides a compelling example of a radically different computational paradigm. The hu-
man brain performs perception, learning, reasoning, and motor control while consuming only around
20 W of power—orders of magnitude less than modern AI hardware performing comparable tasks
(Balasubramanian, 2021). This remarkable efficiency arises because computation, memory, and com-
munication are tightly integrated within networks of neurons and synapses that operate in parallel and
communicate only when events occur. Rather than processing information in discrete clock cycles,
the brain is inherently asynchronous and event-driven.

Neuromorphic computing seeks to transfer these biological principles to engineered computing
systems. Originally introduced by Carver Mead in the late 1990s (Mead, 2020), the term described
electronic circuits that emulated the dynamics of biological neurons and synapses. Today, neuromor-
phic computing encompasses a broader class of hardware and algorithms inspired by neural information
processing (Christensen et al., 2022). Although there is no universally accepted definition, most neu-
romorphic systems share several defining characteristics: they perform computation asynchronously,
communicate using sparse events or spikes, and seek to minimise data movement by integrating mem-
ory and computation more closely than in conventional processors.

One of the most prominent computational models within neuromorphic computing is the spik-
ing neural network (SNN) (Maass, 1997). Unlike conventional artificial neural networks (ANNs),
which typically process continuous-valued activations synchronously across layers, SNNs communi-
cate using discrete spikes that occur only when neurons become sufficiently active. This event-driven
operation makes SNNs particularly attractive for low-power hardware implementations while simulta-
neously providing a closer abstraction of biological neural computation. At the same time, research in
neuromorphic computing increasingly complements, rather than replaces, conventional deep learning.
Many advances in event-based sensing, hardware accelerators, and efficient learning algorithms benefit
both ANN- and SNN-based systems, creating a productive exchange between neuroscience, machine
learning, and computer engineering. The potential applications of neuromorphic computing are cor-
respondingly broad, including on-body computation (Li et al., 2026), edge healthcare and biomedical
applications (Tian et al., 2023) and image processing (Sun et al., 2023).

As a leading expert in this field, Prof. Donati was the natural choice to lead this year’s iteration of
the “Bio-inspired deep learning” workshop (Donati et al., 2019; Ceolini et al., 2020; Bartolozzi et al.,
2022; Donati and Valle, 2024). For example, by taking advantage of advances neuromorphic principles
Prof. Donati was able to decode phantom limb movements from intraneural recordings (Rossi et al.,
2026), or using spiking neural networks she was able to decode individual finger forces via high-
density intramuscular microelectrode arrays (Baracat et al., 2026). Using her extensive background in
Robotics, Prof. Donati combines software and hardware approaches to design neuromorphic circuits
that are ideally suited for interfacing with the nervous system. Thus, she is pushing the boundary
onhow neuromorphic computing can be used to build closed-loop hybrid artificial and biological neural
processing systems.

Given these expertise, four projects were presented to the student groups:

e A canonical cortical microcircuit on neuromorphic hardware: In this project, the stu-
dents were asked to reproduce and analyse a biologically inspired cortical microcircuit model
implemented as a spiking neural network. Participants investigated the robustness of the network
to hardware variability in mixed-signal neuromorphic processors and evaluated its performance
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on real electromyography (EMG) recordings for gesture recognition.

e Excitatory-Inhibitory Oscillatory Networks: The goal of this project was to investigate
how continuous real-world signals can be efficiently represented as spike trains for processing by
spiking neural networks. As part of the project, the students were asked to explore different
neural encoding strategies, including rate, temporal, and phase encoding, and to investigate how
adaptive oscillatory encoding can improve communication efficiency while maintaining classifi-
cation performance.

¢ Robust Coincidence Detection: In this project the students were asked to investigate how
biologically inspired mechanisms for selective attention can be implemented using spiking neural
networks. As part of the project, they had to design and evaluate neuromorphic architectures
capable of detecting temporal coincidences between spike trains and selecting the signal that
best matched a given reference, thereby exploring how neural circuits can solve the “cocktail
party problem” through competitive, event-driven computation.

e Spiking neural networks applied to signal processing: The goal of this project was to
investigate how electrodermal activity (EDA), a physiological measure of sympathetic nervous
system activity, can be processed using spiking neural networks. As part of the project, the
students were asked to develop a spike-based processing pipeline for wearable sensor data and to
evaluate its ability to classify physiological states and predict future agitation, thereby exploring
the potential of neuromorphic computing for low-power health-monitoring applications.

While all the projects were ambitious in scope and topic, the results achieved by the students are
nonetheless impressive and point to interesting future endeavours. We are grateful for all their hard
work and openness to work on novel topics.
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A canonical cortical microcircuit on neuromorphic hardware:
reproduction, mismatch robustness, and EMG decoding
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Abstract

Mixed-signal neuromorphic hardware is efficient, but fabrication mismatch scatters its analog time
constants, thresholds and synaptic weights. Maryada, De Luca and colleagues argue that a canon-
ical cortical microcircuit, a pyramidal population with PV, SST and VIP interneurons, tolerates
this scatter through three mechanisms: population coding, disinhibitory control of plasticity, and a
local spike-driven three-factor learning rule. We reproduce their architecture as a spiking network
in NEST and test it mechanism by mechanism. The four-population circuit, the VIP 4SST 4PYR-
apical disinhibitory pathway and the calcium-gated delta rule all reproduce, and a classifier trained
by the rule loses no measurable accuracy as simulated device mismatch rises to 30 %, where seed-
to-seed variation already exceeds the effect of mismatch. We then drove the circuit with real eight-
channel surface electromyography from a wrist bracelet during rest and fist. A logistic regression
reads the gesture at 0.899 on a session-wise split, and the spiking readout with analytically assigned
weights reaches 0.792. On the same encoding and readout the local learning rule performs at chance
(0.495). This failure reflects an inductive bias of the rule, which learns only from inputs selectively
active for a given class and so requires each class to have channels of its own. Fist contractions
activate a distinct set of channels, whereas rest is defined by the absence of activity and has none,
leaving the rest column with nothing to potentiate and driving its weights to their bounds. The
reproduction also exposed two problems in the published parameterisation: enabling the calcium
proxy lets the full interneuron circuit saturate the pyramidal population, and the reported apical-
current parameter, taken at face value, disables the disinhibition gate. Because a body-worn sensor
has no external cue to open that gate, we finally sketch two input-driven teachers that generate the
when-to-learn signal themselves: a hand-designed detector that compares fast and slow leaky traces
of population activity and emits a graded two-bit change signal, and a spiking-reservoir teacher
that sorts transient deviations from persistent ones into short- and long-term synaptic states. Both
are evaluated only in simulation.

1 Introduction

Analog and mixed-signal neuromorphic processors [9] compute directly with the physics of the transis-
tor, which makes them far more efficient than digital accelerators [15] for always-on, low-rate sensory
workloads. The price is device mismatch: two transistors laid out identically do not behave identi-
cally, so every firing threshold, synaptic gain and time constant is drawn from a distribution rather
than set to a value, with coefficients of variation that routinely reach tens of percent. An algorithm
that assumes its parameters match the designer’s intent fails on the chip that is actually fabricated,
and per-device calibration does not scale. A more scalable approach is to seek architectures that
tolerate mismatch by construction. Cortex is an informative reference, since it computes reliably from
components far noisier than any silicon process produces.
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Maryada, De Luca and colleagues [8] propose a co-design in which a canonical cortical microcir-
cuit and the CMOS circuits implementing it are developed together, so the model runs natively on
mismatch-prone hardware. The circuit follows the canonical cortical motif: an excitatory pyramidal
(PYR) population with multi-compartment dendrites, together with parvalbumin (PV), somatostatin
(SST) and vasoactive intestinal peptide (VIP) interneurons in the standard disinhibitory arrangement
[11, 12]. Three mechanisms are claimed to give robustness: (i) populations in an excitation—inhibition
balanced regime, where averaging over a recurrent balanced population suppresses the variance of any
individual mismatched device [17]; (ii) disinhibition as a gate, where a top-down cue drives VIP, which
suppresses SST, which releases the inhibitory clamp on the PYR apical dendrite and lifts the firing
rate into the plasticity-permitting regime, so learning is switched on and off by circuit dynamics, not
an external signal; and (iii) local, spike-driven, three-factor plasticity, a calcium-gated delta rule on
the dendrite that needs no backward pass and updates a synapse only when that synapse receives a
spike.

We reproduce the model as a spiking network in NEST [5] on a NESTML [6] implementation of
the Dynap-LE neuron and synapse (from the Institute of Neuroinformatics, UZH/ETHZ), and test
the robustness claim directly by injecting device mismatch and sweeping it, building up from a four-
neuron column so that each mechanism is separately visible and separately falsifiable. We then apply
the circuit to a real task from our own domain, decoding hand gestures from surface electromyography
(EMG), a task well suited to neuromorphic hardware because it is always-on, power-constrained and
body-worn, to ask whether a local learning rule is useful on real biological signals rather than on
synthetic Poisson patterns. We find that it is not, and we analyse why. Finally, we extend the model
beyond what the original study specifies: the cue that opens the disinhibitory gate, and thereby decides
when the circuit learns, is supplied externally, and a body-worn sensor has no such signal. Section 4
presents two ways of generating it from the input alone, a hand-designed fast/slow deviation detector
and a learned spiking-reservoir detector, both preliminary designs rather than validated results.

2 Methods

2.1 Neuron, synapse and the three-factor delta rule

All four cell types are instances of the same multi-compartment adaptive-exponential integrate-and-fire
(AdExp-IF) neuron, following the analog VLSI neuron circuit of Rubino et al. [13]; the synapses are
current-mode differential-pair integrators (DPI) [2]. Only PYR uses all three compartments (soma,
basal, apical); the interneurons use soma and basal only. The soma integrates the two dendritic
currents,

dlsom
Tsoma % + Isoma(t) = Ibasal(t) + Iapical<t) + Iconsta (1)

and each dendritic compartment low-pass filters the weighted presynaptic spike trains, where a synaptic
event injects a charge I, = w - Ipias: a fixed analog bias current [, scaled by a digital weight w,
stored in 4 bits for plastic synapses and 3 bits for static ones.

Each neuron also maintains a calcium prozy 6(t), a low-pass filter of its own output spike train,

Tca% +0j(t) = Zﬁd(t_tn)7 (2)

which is a stand-in for the neuron’s own recent firing rate and acts as the third factor.
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The learning rule is a delta (Widrow—Hoff) rule [16] made local and spike-driven. The soma
computes, in continuous time, an error proportional to the difference between the apical and basal
currents, gated by which calcium window the neuron currently occupies:

5(t) =

{n(]a — Ib) OLTP, I, > Ib, OLTP = 1[HETP < 9<t) < HITTP] s (3)

n(la—DL)ovrp, Io<Tp,  ourp =1[0pp <0(t) <Ofrp],
with the apical and basal currents
I, = max(lieach — IssT, —Isar),  Ip = Iin + Ipyr — Ipv. (4)

This shared error is broadcast to all of the neuron’s plastic basal synapses but is applied to a given
synapse only at that synapse’s own presynaptic spike times, Aw; = 0(t;). The rule is therefore
local: each synapse samples the somatic error only at its own presynaptic spike times and requires no
information about any other synapse.

Two conditions reduce this to the classical delta rule: if recurrent excitation and inhibition balance
(Iryr = Ipv) and the gate is open so SST is silent (IgsT = 0), then I, — I — Iieach — Iin, S0 that the
error equals teacher minus input. The network’s own E/I balance and disinhibition isolate the error
term, and the rule therefore behaves like a gradient method while remaining entirely local. Because
the calcium windows place depression at intermediate rates and potentiation at high rates, the mean
weight change versus postsynaptic rate has the two-region shape of BCM theory [3].5

2.2 The microcircuit in NEST

We implemented the circuit in NEST 3.10 on a NESTML-generated Dynap-LE neuron and synapse
model, built as a microcircuit parameterised by population size and instantiated with one neuron per
type, so that each mechanism can be examined in isolation before population averaging contributes.
Connectivity is declared once as edge data and reused by every experiment; the table below therefore
lists exactly the wiring that is simulated:

Edge Receptor port  Role

input — PYR NMDA_BASAL bottom-up input (plastic)
teacher - PYR AMPA_APICAL top-down teacher (static)

cue — VIP AMPA BASAL attention cue

VIP -4 SST GABA B BASAL  disinhibition

SST 4 PYR GABA B_APICAL the gate

PV 4 PYR GABA_A BASAL  feedback inhibition

PYR — PV, SST AMPA BASAL recurrent drive of interneurons
PYR — PYR, PV APV - recurrent, no autapses

Recurrent edges are declared as general all-to-all connectivity with autapses forbidden, so at one
neuron per type they are simply absent and switch on automatically once a population has two or
more neurons. Static synapses use the full 3-bit weight (w = 7) and carry their strength in Ipas;
plastic synapses use the 4-bit weight and are the only ones the learning rule touches. Simulations run
at dt = 0.1 ms.

5The source writes this abbreviation as “BMC” throughout; the intended reference is Bienenstock-Cooper—Munro.
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2.3 Device mismatch

Mismatch is a multiplicative, per-element log-normal perturbation with coefficient of variation m
(mean-corrected so the CV is exactly m and every parameter stays positive), applied per neuron to
the spike threshold Ith  the refractory period t,es and the membrane and calcium time constants, and
per synapse to Ipias: all parameter families at once, not one at a time. We sweep m € {0, 10, 20, 30} %;

the source treats 20 % as the worst-case fabrication corner.

2.4 Calcium windows

The LTP/LTD windows are the rule’s main hyperparameter, and we set them by measuring the calcium
proxy directly. The calcium proxy in the three conditions the network visits reads 6 ~ 2400 during
inference, & 4800 on a non-matching pattern and =~ 8600 on a matching one, so LTD = (3800, 6000)
and LTP = (7500, 9000) place inference below both windows (weights frozen whenever the cue is off),
non-matching presentations in the depression window and matching ones in the potentiation window
(gate and rule consistent by construction).

2.5 EMG acquisition, encoding and readout

Surface EMG was recorded with an 8-channel wrist bracelet at 2 kHz through the MyoGestic interfacing
framework [14], in short sessions in which the subject held a single gesture, either rest or fist. We use
the 35 rest/fist sessions (17 rest, 18 fist; 87s of signal in total). Each recording is band-pass filtered
(20-450 Hz, 4th-order Butterworth, zero-phase), the first 300 ms is discarded as gesture onset, and the
signal is cut into 150 ms windows with 50 % overlap. Each window is reduced to one root-mean-square
value per channel, giving the 8-dimensional feature vector the network consumes: 957 windows in
total. The eight channels do not share a gain (channel 0 sits an order of magnitude high in both
classes while carrying no class information), so we first divide each channel by its training-set 95th
percentile, putting the electrodes on a common scale (Section 3.5).

Each channel’s amplitude is referenced to the per-window median and rate-coded into a Poisson
generator capped at 50 Hz. The readout is the circuit’s own dynamics: two PYR columns, one per
class, the predicted class being whichever fires faster and the posterior its share of the total pyramidal
firing, P(fist) = rp/(ra + rp).

We hold the encoding fized and vary only the source of the input weights, so that any difference is
attributable to the learning rule alone. In the original code these two choices were coupled: selecting
rate coding also selected a template initialisation that writes the class-mean pattern directly into
the weights, bypassing plasticity so that the requested training epochs had no effect; we separate
them here. The template condition sets the weights analytically from the per-class mean pattern
onto w € [0,15] with no plasticity, measuring what the spiking readout alone can do; the delta-rule
condition initialises the weights randomly and trains them by the local three-factor rule, with the
attention drive gating learning as in the reproduction above.

Session-level splitting. Windows from one recording share electrode placement, contraction level
and skin condition and are not independent, so we hold out whole sessions. The distinction is conse-
quential: a window-level split reports 0.993 for a logistic-regression baseline, whereas a session-level
split of the same data gives ~ 0.89 (Table 1); the former figure reflects data leakage. All EMG results
below use session-level splits, 30 % of each class held out, over five random splits.



Bio-inspired DL Workshop 2026 Reports

3 Results

We present the reproduction in the order in which the mechanisms build on one another: the single-
column dynamics, the disinhibitory gate, the learning rule, its robustness to device mismatch, and
finally its application to real EMG.

3.1 The four-cell column

Driven by Poisson input at 50 Hz, a teacher at 200 Hz and an attention cue at 100 Hz, the column
settles into a plausible cortical regime: PYR fires at 103 Hz, PV at 88 Hz, SST at 7Hz and VIP
at 50 Hz, with PV tracking PYR closely, the expected signature of the feedback-inhibition loop that
implements the soft winner-take-all. We treat this as a calibration check, and a necessary one, because

the source does not publish its supplementary parameter tables and every value here had to be set by
hand.

3.2 The disinhibition gate

The gate makes learning controllable, and is therefore the first mechanism we examine in detail.
Driving the column with a teacher but no bottom-up input (so the pyramidal rate is set entirely
by the apical path), we pulse the attention cue between 1000 and 2000 ms. The disinhibitory chain
behaves as predicted (Fig. 1): with the cue off, SST fires at ~ 100 Hz and clamps the apical dendrite
while PYR idles at &~ 50-80 Hz; when the cue arrives VIP goes from silent to ~ 230 Hz, SST is driven
to zero, the clamp is released and PYR rises to &~ 200 Hz; removing the cue reverses the chain within
about a hundred milliseconds. A three-fold swing in pyramidal rate is thus produced by a cue that
never touches PYR directly, acting only through two interposed inhibitory populations, exactly what
moves the calcium proxy in and out of the plasticity windows. The calcium trace in the lower panel is
flat because the in-model calcium variable integrates only under effective_bias, which destabilises
the gate weights used here; the gating is established by the firing rates rather than by that trace.

Disinhibition gate: cue ON un-gates PYR (VIP -| SST -| PYR-apical)
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Figure 1: The disinhibition gate. A 1s attention cue (shaded) drives VIP (0 —~ 230 Hz), which
silences SST (= 100 — 0Hz), which releases the inhibitory clamp on the PYR apical dendrite (=
50 —~ 200 Hz). Removing the cue reverses the chain. The calcium trace (lower panel, black) is flat
because this configuration does not integrate it; see text.
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3.3 Local three-factor delta-rule learning

We then reduce the circuit to its learning core: a single PYR neuron with three plastic basal synapses,
W1, W2 and W3, and a stimulus schedule that alternates between two patterns. Pattern A drives
W1 and W2 and the teacher; pattern B drives W2 and W3 with no teacher. W2 is therefore active in
both patterns and is uninformative about which one is present, while W1 is diagnostic of the taught
pattern and W3 is diagnostic of the untaught one.

The rule separates the three synapses exactly as predicted by the theory (Fig. 2). Starting from
a common initial weight of 7, W1 potentiates to the 4-bit ceiling (w = 15.0), W3 depresses to the
floor (w = 0.0), and W2, which carries no evidence either way, settles in between at w = 8.6. The
calcium proxy tracks the pattern schedule: it sits at = 8600 pA inside the potentiation window while
the teacher is present and collapses towards zero when it is not, which is what opens and closes the
update gate. The weight traces also show the locality of the rule directly: the weights change in
discrete steps, and only at the moments when the corresponding synapse receives a presynaptic spike.

Local three-factor delta-rule learning — one PYR, 3 plastic inputs (Fig. 3c)

wi il I IH H H B =B = =
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Figure 2: The three-factor delta rule. Top: stimulus schedule. Middle: the three plastic weights,
all starting at w = 7. The diagnostic synapse W1 potentiates to the 4-bit ceiling (15.0), the anti-
diagnostic W3 depresses to the floor (0.0), and the shared, uninformative W2 settles at an intermediate
8.6. Bottom: the calcium proxy, with the LTD and LTP windows shaded; it enters the potentiation
band only while the teacher is on.

3.4 Robustness to device mismatch

This experiment directly tests the central robustness claim of Maryada et al. We build the two-column
classifier: one PYR column per class, a shared bank of 16 Poisson inputs, and two overlapping patterns
(A = inputs 0-9, B = 6-15, so 6-9 are shared and uninformative). We train it with the delta rule while
injecting mismatch at CVs of 0, 10, 20 and 30 % into every parameter family at once (Section 2.3).
Learning is rapid and largely unaffected by mismatch (Fig. 3): all four conditions rise from chance
within two epochs and then plateau, at mean accuracies of 0.97, 0.94, 0.85 and 1.00 for 0/10/20/30 %.
This ordering is not monotonic: the worst condition is 20 % and the most heavily mismatched network
is the best of the four. This does not indicate that mismatch improves performance; up to 30 % CV it
produces no measurable degradation, because seed-to-seed variation exceeds the effect of the mismatch
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level, the robustness the source claims. The wide band at 20 % arises from one seed of five in which
the network never learned (0.50) while the others reached 0.75-1.00; the failure mode is thus the
occasional complete failure of a single seed, not a gradual decline shared across all of them.

Fig. 2c — accuracy vs epoch under device mismatch (5 seeds, mean+sd)
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Figure 3: Robustness to device mismatch. Classification accuracy against training epoch for
device-mismatch CVs of 0, 10, 20 and 30% (5 seeds, mean +sd; 10 test presentations per class,
20 per point). All conditions rise from chance within two epochs and then plateau (final means
0.97/0.94/0.85/1.00). The ordering is not monotonic in mismatch (seed-to-seed variation exceeds the
effect of mismatch itself), so up to 30 % CV there is no measurable degradation.

Inspecting the learned weight matrices shows why the classifier remains robust. Even at 20 %
mismatch and from a random 4-bit initialisation, the inputs unique to class A drive the A column’s
weights to the ceiling and the B column’s to the floor (and vice versa), while the shared overlap rows
settle to intermediate values in both: the same potentiate/depress/intermediate structure as the three-
synapse experiment (Fig. 2), now emerging across a population under substantial device variability
and close to the analytically ideal matrix. Repeated test presentations leave it unchanged: with the
cue off the calcium proxy sits below both windows and the weights are genuinely frozen, so inference
does not corrupt what was learned.

3.5 Decoding real EMG

We finally evaluate the circuit on real biological signals rather than synthetic patterns. Using the 957
RMS windows from 35 real rest/fist bracelet recordings (Section 2.5), we train the same two-column
classifier (one column for rest, one for fist) and test it on held-out sessions. Because the encoding
and the weight initialisation are separate choices, we hold the encoding fixed and vary only how the
input weights are obtained: either written analytically from the class means (template, no plasticity),
or randomly initialised and then trained by the three-factor delta rule (delta). A logistic regression
on the same features and the same splits bounds what is extractable.

One preprocessing step is important. The channels of this bracelet do not share a gain: channel 0
sits at an RMS of ~ 10 in both rest and fist, an order of magnitude above every other channel,
while carrying no class information at all. Any encoding that compares channels within a window
is dominated by it. We therefore divide each channel by its own training-set 95th percentile, which
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puts the eight electrodes on a common scale and reduces channel 0 to an uninformative input shared
between the classes.
The circuit does not learn the task, and the learned weights show why (Table 1, Fig. 4).

Test accuracy (5 session-wise splits)

Logistic regression (baseline) 0.899 + 0.068
Spiking readout, template init (no learning) 0.792 4+ 0.056
Spiking readout, three-factor delta rule 0.495 4+ 0.064
Chance 0.5

Table 1: Decoding rest vs fist from real bracelet EMG. The gesture is linearly decodable and
the spiking readout recovers it, whereas the local learning rule does not.

A logistic regression reads the gesture from the same eight RMS values at 0.899+0.068. The spiking
two-column readout is not the limiting factor either, since setting its 4-bit weights analytically from the
class means yields 0.792+0.056, within roughly one standard deviation of the linear model, on a circuit
with quantised weights that communicates only in spikes. The learning rule is the limiting component:
trained by the three-factor delta rule, the circuit reaches only 0.495 4 0.064, indistinguishable from
chance, on exactly the encoding and readout the template used. The limitation therefore lies in the
learning rule itself and not in the spiking substrate, since the same circuit succeeds with hand-set
weights and fails only when it must learn them.

The learned weights reveal the cause of the failure (Fig. 4, middle). The rule is clearly active, since
the weights move far from their random initialisation, but wherever they change they saturate at their
bounds. In the fist column, channels 1, 2, 6 and 7 saturate at the 4-bit ceiling (w = 15) and channel 0
is driven to zero; in the rest column, channel 0 goes to the ceiling. Several synapses, meanwhile, do
not move at all (channels 3-5 in both columns end exactly where they were initialised). Because
the update Aw; = J(¢;) is applied only at that synapse’s own presynaptic spike times, a channel
the encoder leaves near-silent is never updated, and keeps whatever random weight it started with.
The weights therefore neither encode the classes nor collapse uniformly; they settle into a mixture of
saturated and unchanged synapses that carries no usable class information, yielding chance accuracy.

The failure is not one of calibration. Measuring the calcium proxy directly confirms that it falls in
the intended windows: = 1400 pA during inference, below both windows so that weights are frozen;
~ 4000 pA on a non-matching pattern, within the LTD window; and = 8600 pA on a matching one,
within the LTP window. The gating therefore operates and weight updates occur; the rule lacks the
input structure it needs to learn, for the reason developed in Section 5.

4 Generating the gating signal from the input

Everything above takes the third factor as given: plasticity is permitted when a top-down cue drives
VIP, and the supervisory current lie,., indicates which column is correct, both supplied externally.
This is acceptable for a reproduction but leaves a more substantive question open. A sensor running
continuously on a body has no epoch boundaries and no labels; it sees a stream whose statistics drift
and must itself classify each change as noise, as a transient fluctuation, or as a persistent shift in
regime. Updating on every fluctuation overwrites the stable representation, while updating on none
prevents learning. This continual-learning bind is sharp for spiking networks [4, 7] trained by local
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Figure 4: Decoding real EMG. Left: mean per-channel RMS for the two gestures after per-channel
normalisation. Channels 2-7 are strongly driven by fist and nearly silent during rest, so they are close
to class-unique for fist, while no channel is selective for rest, since rest corresponds to low activity
across all channels and not to a distinct activation pattern. Middle: input weights after delta-rule
training (solid) against random initialisation (dotted). Weights that change go to the 4-bit rails; those
on channels the encoder leaves silent never update at all. Right: test accuracy over five session-wise
splits. The readout with hand-set weights nearly matches logistic regression, whereas the same readout
trained by the delta rule performs at chance.

rules [1]. We investigated two approaches, each keeping the three-factor skeleton of Section 2.1 but
manufacturing its gating third factor, the signal that decides when to learn, from the input rather
than receiving it. Both target the attention cue that opens the gate, not the class-specific supervisory
current lieach, which we leave supplied: they detect that the input has changed without identifying
the new class. The two are a lightweight deviation detector (Section 4.1) and a small spiking reservoir
(Section 4.2); both are exploratory designs evaluated only in simulation, and they address a question
the reproduction does not, namely where the gating signal originates.

4.1 A deviation-sensitive teacher

This is a standalone student network, not the microcircuit above: a self-generated change signal D
gates the weight updates directly, standing in for the VIP-driven apical gate of the full circuit.

Change detection. For each of 40 input channels the teacher keeps two leaky traces of the spike
activity: a fast one (time constant 5 steps) that follows the current pattern and a slow one (80 steps)
that represents the settled baseline. It takes the deviation as their mean absolute difference across
channels. While the input is stationary the traces converge and the deviation is near zero; at a switch
the fast trace moves first while the slow one lags, so the deviation spikes and then decays as the slow
trace catches up. The teacher thus responds at tramsitions, signalling that the input has changed
without indicating the new class. The mechanism is computationally minimal, requiring two leaky
variables per channel, one subtraction, and no stored history, so it reuses the dynamics the neurons
already have.

A graded, low-precision signal. The deviation is quantised into a two-bit value D € {0, 1,2, 3}
at thresholds 0.04, 0.08, 0.14 (no change, weak, medium, strong). This quantisation is deliberate: on
hardware, D is represented directly by the number of teacher spikes in a window. A binary detector
can only enable or disable learning; a graded signal also encodes the magnitude of the change, so the
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student can respond differently to small fluctuations and to large shifts.

Two timescales in the synapse. The student is 12 leaky integrate-and-fire neurons fully driven
by the 40 inputs. Each synapse carries a stable weight W and a transient state S, with effective
weight Weg = W + S clipped to the permitted range; local pre- and postsynaptic traces form an
eligibility trace that marks a synapse as recently active but does not itself change anything. The
teacher determines the update to an eligible synapse: at D = 0, none; at D = 1, only S is updated
(rate 0.003, decaying by 0.96 per step), so a weak deviation decays unless it recurs; at D > 2, the stable
W is updated (rate 0.0008) in proportion to eligibility and D, so a strong deviation is consolidated
more durably. The long-term rate is four times smaller than the short-term one, encoding that durable
memory should be harder to move than working state. This yields a graded commitment policy: noise
is ignored, transients are stored reversibly in .S, and only persistent shifts are written into W, with
eligibility selecting the affected synapses and the teacher setting the magnitude and permanence of
the update.

Preliminary results. On synthetic spike trains (two overlapping patterns, channels 0-9 active for
A and 15-24 for B, firing probability 0.35 against a 0.02 background, unannounced switch at step 350
of 800) the deviation signal rises at the switch as designed, but we have not run the experiment that
would make it a result: no retention test against catastrophic forgetting, no ablation of the short-
/long-term split, no comparison to a binary gate. The remaining experiment is well specified: couple
the deviation detector to the VIP input, so that the disinhibition gate is triggered by detected change
rather than by an external clock.

4.2 A spiking reservoir teacher

The second approach builds the teacher as a small spiking reservoir and reads the change signal out
of its collective dynamics rather than from a pair of leaky traces. The reservoir is a small population
(fewer than 40 leaky integrate-and-fire neurons) with current-based synapses, sparsely connected at
30 % density by fixed random weights (Table 2); this first version is purely excitatory, and we add
inhibition below. The reservoir registers changes in input through spike-frequency adaptation (SFA):
after firing, a neuron becomes transiently less excitable, and with an adaptation time constant 74qqp: =
3500 ms the population holds a slow memory of its own recent activity. While the input is stationary
the adaptation settles to a steady level; when the input shifts, the mismatch between the new drive
and the adapted state produces a transient the readout can detect. A readout layer then maps the
reservoir’s activity onto the target output through a gating step and a trace-based rule that turns the
spike trains into a continuous signal, gated by the interaction between vasoactive intestinal peptide
(VIP) and somatostatin (SST) interneurons.

The surrogate input. Because the system runs on spikes rather than continuous signals, we gen-
erate the input as a Poisson spike train, which matches the irregular, non-deterministic firing of real
neurons. The signal is split into phases, each assigned a frequency, giving a binary vector that marks
where spikes occur. Supervision comes from a target that tells the network when to react: at a fre-
quency transition it is driven high (200 Hz), and otherwise held low (10 Hz). Periodic sampling turns
this into a discrete spike time series.

10
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Parameter Value

T 30 ms
Viest —90 mV
V;gh —55 mV
V;"eset =75 mV
Tadapt 3500 ms
I5} 2

Tsyn 10 ms

Table 2: Neuron and synapse parameters of the reservoir teacher.

Training and testing. Operation splits into a training and a testing phase. During training the
teacher is active: VIP inhibits SST, releasing the pathway so the signal reaches the target. During
testing the inhibitory current is switched on, which lowers overall activity and firing rates. The output
weights follow a supervised delta rule (error-modulated in the Widrow—Hoff sense [16], not Hebbian),
driven by the gap between the target output T3, and the actual output Oy, scaled by the reservoir’s
activity trace R,.s and a learning rate n:

Wout < Wour + n (T;far - Oout) cRyes. (5)

An inhibitory population. In many coupled dynamical systems, such as the Lotka—Volterra
predator—prey equations and the Wilson—-Cowan model, stability arises from an opposing inhibitory
element, so we added an inhibitory population on the same principle. This degraded performance
(Fig. 6). We attribute the degradation to scale: at this network size and connection sparsity, the
added competition introduces noise instead of stabilising the reservoir. Making it effective would
require reworking the pipeline, suppressing one inhibitory current in favour of the other, verifying
how many inhibitory elements are actually in play, and retuning their number, rather than adding
inhibition unchanged.

Limitations and further directions. The clearest limitation is the surrogate signal: three fre-
quency levels are enough for a proof of concept, but a realistic input needs several frequency bands,
and building that richer learning signal is the immediate next step. The reservoir’s memory could
then be extended by exploiting the hierarchical modularity of reservoir computing [10], which should
sharpen frequency-transition detection in more complex signals; a further option is to replace the fixed
random reservoir with a graph neural network.

The two teachers address the same question through different mechanisms. The deviation detector
(Section 4.1) keeps recent history in per-channel slow traces, applies hand-set thresholds to obtain a
graded, label-free signal D, and drives the student’s weights directly. The reservoir keeps history in the
distributed adaptation state of the population and learns its change readout from labelled transitions,
producing a candidate gate signal we have not yet wired back to a student or to the NEST circuit. The
deviation detector is inexpensive and self-contained but relies on hand-set thresholds; the reservoir is
more costly and still supervised, though its readout is learned rather than specified by hand. Neither
yet constitutes the endogenous gating signal the microcircuit requires, but each demonstrates that
this signal can be generated from the input.

11
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Figure 5: Reservoir teacher: summary results. (1) Spiking activity of the reservoir population.
(2) Pulsed input drive: the input switches on and off throughout, and its active frequency steps
through three levels over the run, 40 then 120 then 80 Hz. (3) Target (blue) against readout output
(green). (4) Reconstructed output firing rate (green) against the two target levels, 200 Hz in the
shaded windows where a change should be flagged and 10 Hz otherwise. (5) Readout error over
training.

5 Discussion

The core mechanisms of the microcircuit reproduce, and the robustness claim holds under the condi-
tions we were able to test. Our implementation also departed from the source in several respects that
bear on how the model should be used.

One departure concerns the interaction between the full interneuron motif and the learning rule,

12
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Figure 6: Reservoir teacher with an inhibitory population. Same protocol as Fig. 5, with
the reservoir split 80/20 into excitatory (black) and inhibitory (red) neurons. (1) Spiking activity,
excitatory in black and inhibitory in red. (2) Pulsed input stepping through 40, 120 and 80 Hz. (3)
Target (blue) against readout output (green). (4) Reconstructed firing rate against the 200 and 10 Hz
target levels. (5) Readout error over training.

which we could not make operate simultaneously. Wiring the complete PV/SST/VIP motif into
each classifier column, as the source describes, prevents learning: the rule requires the model’s
effective_bias setting, without which the calcium proxy never enters the plasticity windows, yet
enabling that setting allows the combined interneuron inhibition and high apical gain to saturate the
pyramidal population at ~ 370 Hz. Saturation is detrimental in two respects, pinning the calcium
proxy above the LTP window so that no weight updates occur, and fixing the firing rate so that the
two columns become indistinguishable. We therefore evaluated the classifier (Sections 3.4 and 3.5) on

13
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bare pyramidal columns, emulating the attention cue with a tonic basal drive; the intact motif operates
correctly and is demonstrated separately in Fig. 1. Whether this tension is intrinsic to the architecture
or an artefact of the parameters we had to estimate cannot be resolved without the supplementary
tables that the preprint does not provide.

A second issue concerns a sign convention in the apical-current parameter. The neuron model
clamps the apical current at a negative plateau, I, = max(lieach — IssT, —IsaT), and the value supplied

in the configuration files is negative (Ié%"i‘;al = —1000), whereas the model revision on which we
build floors the apical current at +I;‘f)"ivca1 directly. Transcribed literally, the —1000 value becomes a

+1000 pA floor: the apical current can no longer fall below it, the SST clamp cannot reduce it, and
the disinhibitory gate ceases to operate. The transcription error raises no exception and produces
no obviously incorrect output, so it is easily missed. Negating the parameter restores the equation
stated in the source, and we retained this convention in a regression test. Any reimplementation
should verify this sign, since transcribing it directly reproduces the architecture while suppressing its
intended behaviour.

We also note an apparent inconsistency in the source’s specification of input overlap. The active-
synapse count under class overlap ov is given as Nactive = 0.5 (1 + 0.50v) N, which increases with
overlap (from 0.5N at ov =0 to 0.75N at ov = 1) and therefore couples overlap to total input drive.
We instead defined the patterns with an explicit shared region, holding the number of active inputs
fixed and varying only the fraction that is shared.

A further finding concerns an inductive bias of the learning rule that the source does not expose,
since it evaluates the circuit only on sparse binary patterns whose class-unique inputs are present by
construction. As Section 3.5 shows, the rule discriminates by partitioning inputs into three groups,
potentiating those unique to the taught class, depressing those unique to the alternative class, and
leaving shared inputs at intermediate values, so that the discriminative signal resides entirely in class-
unique inputs. Surface EMG provides only half of this structure. A fist activates a distinct set of
channels, but rest is characterised by the absence of muscle activity rather than by a specific pattern,
and an electrode cannot encode an absence as a positive signal. The rest column therefore has no
inputs of its own to potentiate, the two columns cannot become mirror images, and the weights
saturate at their bounds. This reflects the rule behaving as designed on an input distribution that
lacks the structure it relies on, and is not a calibration error.

This observation has a direct implication for deploying the circuit on a body-worn sensor: it
requires a front-end that provides every class, including the null class, with inputs of its own. Rest
could be encoded positively, for instance by a unit that responds when total muscle activity is low,
but a more general solution is a sparse-coding stage, such as a bank of spatial filters or a muscle-
synergy decomposition, that transforms dense, amplitude-graded electrode readings into the sparse,
near-disjoint channels the rule expects. Sensory cortex performs exactly this transformation upstream
of the modelled column; the missing stage in our setup is this sensory preprocessing, which the learning
rule itself does not provide.

Several limitations bound these conclusions. All results are obtained in simulation: the source
is an unreviewed preprint whose hardware results are themselves simulated, and we simulate the
behavioural model in NEST rather than the transistor-level circuits. Our networks are considerably
smaller than those of the source (16 inputs and 4 pyramidal neurons per column, against 64 of each),
so the contribution of population averaging to mismatch robustness is, if anything, understated here.
Finally, the EMG data comprise a single subject recorded on a single day, which is sufficient to
demonstrate that the circuit can be driven by a real biological signal but not to support a myocontrol
claim.

14
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6 Conclusions

We reproduced the canonical cortical microcircuit of Maryada, De Luca and colleagues as a spiking
network in NEST and tested it mechanism by mechanism. The four-cell column, the VIP 4SST 4APYR-
apical disinhibition gate, and the calcium-gated local three-factor delta rule all reproduce, and a
classifier trained by that rule shows no measurable degradation as device mismatch is swept to 30 %.
This robustness result is the central claim of the source, and it holds under the conditions we were
able to test. Two qualifications apply. We could not make the full interneuron motif and the learning
rule operate simultaneously, so the classifier results rest on a simplified architecture, and the published
parameter sign for the apical clamp, taken at face value, disables the gate on which the architecture
depends.

Driving the circuit with real surface EMG did not succeed, and analysing this failure is our main
contribution. The information was present (logistic regression reads the gestures from the same fea-
tures at 0.899, and the spiking readout reaches 0.792 with hand-set weights), so the failure does not
reflect a difficult task exceeding the model’s capacity. The learning rule specifically could not solve it,
because it requires each class to have selectively active inputs and rest has none. The robustness result
therefore rests on an implicit assumption about the input: the circuit learns from sparse, near-disjoint
patterns, a condition a null class does not satisfy. This limitation is remediable rather than funda-
mental, since a sparse-coding front-end would restore the structure the rule requires, which sensory
cortex supplies upstream of the modelled column.

Several distinct problems remain open. A sparse-coding front-end would give every class inputs
of its own, so that the delta rule has the structure it requires on real EMG. The tension between the
full interneuron motif and the plasticity rule needs to be resolved before the classifier can move off
bare PYR columns. And the circuit should ideally decide when to learn rather than relying on an
experimenter’s schedule; Section 4 sketches two candidate mechanisms, both wiring a self-generated
teacher to the VIP cell so that detected novelty opens the disinhibitory gate. Demonstrating that such
a mechanism protects an established pattern while learning a new one would turn these designs into
empirical results. We have not carried out these experiments, and we note this limitation explicitly.
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Adaptive Activity-Dependent Phase Encoding using
Excitatory-Inhibitory Oscillatory Networks
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Abstract

This work proposes an adaptive phase-encoding framework for spiking neural networks based on
a recurrent excitatory—inhibitory (EI) oscillator. The network generates a self-sustained refer-
ence clock whose frequency is dynamically modulated by input activity, enabling precise phase-
based information encoding while reducing unnecessary spikes during periods of low activity. A
self-referenced decoder demonstrates that the resulting spike phases preserve continuous signal
information with high reconstruction fidelity. On Google Speech Commands, the adaptive en-
coder substantially outperforms conventional rate encoding and reduces spike traffic by 28.4%
compared with fized-frequency phase encoding. Ablation studies further show that recurrent exci-
tation, particularly a 3:1 excitatory-to-inhibitory ratio, improves temporal representation quality,
reaching a peak classification accuracy of 80.44%. The encoder also remains robust to moderate
noise, spike loss, temporal jitter, and other hardware-inspired perturbations. QOverall, the re-
sults demonstrate that activity-dependent EI oscillations provide an efficient, sparse, and robust
temporal encoding mechanism for neuromorphic sensory processing.

1 Introduction

1.1 Spiking neural networks

While conventional artificial neural networks (ANNSs) can operate on a continuous space of activations
and inputs, Spiking Neural Networks (SNNs) require their inputs to be in the form of discrete spikes.
This spike input is then essentially equivalent to a set of timestamps at which spikes arrive at a given
spiking module. In general it is not trivial to represent arbitrary information as a series of spikes: E.g.
an acoustic signal is typically represented as a time continuous change in pressure, or a spectogram,
giving a time continuous indication of the strength of different frequency components in the signal.

1.2 Spike encodings

During its evolution, our brain has found ways to transform this continuous signal into a series of
spikes: The cochlea has many different hair cells sensitive to different frequencies of the audible
spectrum, which will, depending on the amplitude of the respective frequency in the current signal,
send out spikes at different rates. This is a form of the so called "rate coding”, which is prominent
for use in SNNs, and thought to be used a lot in nature.

Rate coding in general describes the process of encoding information not in the timing of a single
spike, but in the rate of an ensemble of spikes. A rate coded signal will have several sections of different
spike frequency, each of the sections representing a certain value by the temporal spacing of the spikes
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in it. This method is robust because small deviations of single spikes will not heavily affect the value
being communicated. This comes at the cost of having to send many spikes to convey one value alone,
which undermines one of the main appeals of SNNs, namely the possibility of sparse computation by
working with sparse signals. It also reduces the effective bandwidth - An information that is rate
encoded will take longer than the timescale of a single spike in order to be decoded or available to the
computational unit, as the computation can only begin once sufficient amount of spikes has arrived
to allow for the recovery of a reliable value from their rate. This slows down the total computational
speed of the SNN to timescales much lower than those of the actual spikes.

In contrast to rate coding, temporal encoding methods convey information not by the rate at
which spikes arrive, but by the spacing between them and their previous or consecutive spikes. This
reduces the amount of time that is needed for the computational units to recover useful information
from the signal, and it makes much better use of sparsity, since a value can be transmitted without a
great amount of spikes. The "reaction time” of the system, i.e. the time it takes for one information
to be able to reach the computational unit after a certain event occurs, is however still limited by the
necessity of having to have at least two spikes for there to be a difference in their timings, which can
then be evaluated.

The latter problem is solved by phase encoding, which works by modulating the information onto a
base clock signal: The information is then represented by the difference in time between the spike and
the expected timing of the clock signal. This comes at the cost of slightly worse sparsity, because the
clock has to run continuously even if there are no events to communicate the absence of information.
But this method promises gains in latency: While with temporal coding the speed at which information
can be received is limited to the timescale of two spikes which make up a difference, the phase encoded
signal provides useful, full information at every single clock cycle.

1.3 Implementation in SNNs

To encode a signal in such a way with an SNN, one can impose a certain architecture of the neuron
populations. A pair of populations that are coupled to each other and to themselves can be tuned
to oscillate, i.e. to elicit spikes with a certain frequency. This is done by instantiating an excitatory
population and an inhibitory population. Both of them have excitatory recurrent connections. Each of
the populations has a constant background current input called the tonic drive, so that given enough
time, the populations will spike by themselves. Because of slight variations in the neuron parameters,
and the non-fully connected nature of the populations, the activations in the populations might not
be fully synchronous. If the populations are correctly tuned however, their interconnections result in
a situation where if one neuron of the excitatory population fires it will trigger a cascade of firing in
the rest of the excitatory population, with which it is recurrently connected. This cascade is then
dampened out after the activations propagate into the inhibitory population via the interconnecting
weights, which then sends a wave of inhibitory signals back to the excitatory population, and dampens
itself via its recurrent connection. This results in a steady ”clock-beat” of activations in regular time
intervals. One can now insert the analog signal that is to be encoded into the excitatory population in
addition to the tonic drive by connecting different input channels to different neurons in the population.
This will, in the case of a positive signal, cause the individual neuron to spike slightly before the rest,
so that it has a negative phase shift relative to the clock-beat. If the signal is negative, the neuron
will take longer to fire, increasing the phase relative to the clock-beat.
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1.4 Challenges

While SNNs offer a path toward energy-efficient computation, translating continuous real-world sig-
nals into discrete spike trains remains a primary bottleneck. Conventional rate coding is robust but
inefficient, requiring high spike counts that destroy temporal sparsity and introduce severe decoding
latencies. Temporal and phase encodings resolve this by tracking spike times relative to a clock signal.
However, existing frameworks rely on fixed-frequency oscillators. This rigidity introduces massive
information redundancy during periods of signal silence and lacks the resilience needed to withstand
the stochastic noise and common hardware variations.

1.5 Contributions

To overcome these limitations, our core contribution is an adaptive activity-dependent phase encoding
framework driven by an excitatory-inhibitory (EI) oscillatory network. By modulating its intrinsic
clock frequency based on the input’s activity envelope, the encoder enforces sparsity during silence
while preserving precision timing during transient events. On speech command tasks using an identical
downstream SNN, this framework achieves a classification accuracy of 80.44% while simultaneously
reducing spike communication traffic by 28.4% compared to static phase architectures.

2 Methods

2.1 Overall Architecture

The encoder is a single recurrently connected population of excitatory (E) and inhibitory (I) leaky
integrate-and-fire (LIF) neurons. The E-I loop sustains a population oscillation at a base frequency fo
that serves as a self-generated reference clock. Each E neuron receives one input channel one-to-one,
and the input current advances or delays that neuron’s spike within the cycle, writing the signal into
the spike phase. A tonic background drive to the E population both starts and sustains the rhythm;
modulating this drive with the input’s activity envelope makes fy activity-dependent. A self-referenced
decoder recovers the reference times from the population rate and reads the per-neuron phases back
out.

2.2 Excitatory-Inhibitory Oscillator

The network relies on a population of recurrently connected excitatory (F) and inhibitory (I) leaky
integrate-and-fire (LIF) neurons generating a PING-type (Pyramidal Interneuron Network Gamma)
rhythm to build a reference clock. The sub-threshold membrane potential V;(¢) of neuron i evolves via
Tm d;f = —(Vi = Viest) + R[Isyn,i(t) + Ttonic,i(t) + Tinput,i(t)], simulated using a fixed Euler step (At =
0.1ms) with threshold Vi, = 1.0, reset Vieset = 0.0, and absolute refractory period 7y = 2ms. Presy-

L exp (1 — titf) O(t—ty)

t—t
Tsyn Tsyn

naptic spikes generate a-function synaptic currents Igym ;(t) = > ; Wij th
with 7gyn = 3ms. Network topology is defined by four sparse random connection blocks (wee = 5, we; =
15, w;je = 12, w;; = 3) with a coupling probability of 0.95. To ensure that the collective network dy-
namics remain invariant to population scaling, individual weights are scaled by the expected in-degree:
wij = Wij/Npre, where npre = Npre - 0.95. In this architecture, a synchronous E volley drives the I
population via w;e, triggering a wave of returning inhibition via w,; that silences the E pool until it
decays, at which point the background tonic drive re-excites F to initiate the next cycle.
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2.3 Adaptive Clock Frequency

The base frequency fy of the self-generated reference clock is dynamically modulated by varying the
injected tonic background current based on the instantaneous input state. The multi-channel input
activity envelope A(t) is computed as the cross-channel mean of the input signals z.,(t) across all Ng
channels, smoothed via a light Gaussian kernel G, (¢):

1 &
At) = o > wen(t) * G (t) (1)
ch=1
To map this envelope onto an operational frequency band of fy ~ 26-43 Hz, the per-step tonic current

Lionic(t) injected into each excitatory neuron is scaled linearly between calibrated operational limits
(Tonicmin = 1.25, Tonicypax = 1.96):

Alt

Tionic(t) = Tonicyin + clip ( (*) ,0, 1) - (Tonicmax — Tonicmyin) (2)
Amax

where Anax represents the maximum expected baseline activity normalization factor. This configura-

tion automatically slows the global oscillator rhythm during signal silence to enforce strict computa-

tional sparsity.

2.4 Phase Encoding

A larger per-channel input current makes the corresponding E neuron reach threshold earlier in the
cycle, producing a larger phase advance relative to the cycle reference. The signal is therefore carried
by the spike phases of the E population; the inhibitory neurons do not carry the signal but build and
stabilise the clock. Phase is read in degrees (fraction of the local cycle), which cancels the fy-dependent
gain introduced by a time-varying clock.
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Figure 1: Visualisation of phase code

2.5 Phase Decoder

To verify that the generated spike sequences retain the original information, we implement a self-
referenced decoder that extracts continuous signal profiles directly from asynchronous phase arrays
without a downstream classifier. The core challenge is isolating the underlying reference clock-beat
times T}, from a single pooled stream of all channel spike times, T = Uj{tin}, sorted in ascending
order. The decoder handles this via a fast, O(Ngpikes) one-dimensional temporal clustering algorithm.

4
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First, the micro-timescale of intra-cycle spike dispersion is evaluated using the median inter-spike
interval: Apedian = median({tx4+1 — tx}). Temporal boundaries split the pooled stream into distinct
cycle groups whenever an empty window exceeds a scaled tolerance: tri1 — tp > 20 - Apedian- Stray
clusters caused by background channel noise are purged if they contain fewer spikes than 40% of the
total excitatory pool (|Gg| < 0.4Ng). For each remaining valid group Gy, the local reference clock
time T} is computed as the center of mass:

1
T, ::TEZJ':£: t (3)

Channel-specific phases are extracted using the earliest spike tgk) of neuron 7 within cycle k.

Adopting an earlier-spike-is-positive convention, the relative phase ¢f and its normalized equivalent
in degrees CIDfZ-C are computed as:

k
=1, -t ok = Lk x 360° (4)
1000/ f5

where the local instantaneous frequency f¥ is given by 1000/[0.5(Tk41 — Tk_1)], and missing spikes
are set to NaN. Finally, the discrete per-channel phase arrays are linearly interpolated onto a uniform
temporal grid tquery and smoothed with a zero-phase 4th-order low-pass Butterworth filter configured
at the Landau Nyquist limit (% fo) to reconstruct the continuous waveforms.

2.6 Simulation Parameters

Parameter Value

Excitatory neurons Ng 24 (= input channels; 40 in the tuning study)

Inhibitory neurons N7 24

Connection probability  0.95

Tonic drive activity-dependent, 1.25-1.96 (calibrated to fy = 26-40 Hz)
Simulation time 14 s (cochleagram) / 700 ms (speech word), At = 0.1 ms
Synaptic weights (raw) — wee = 5, wei = 15, wie = 12, wy; = 3 (scaled by 1/npre)
Membrane / synaptic 7 7, = 10ms, Tgyn = 3ms

Threshold / reset / rest 1.0/0.0/0.0

Noise level 0 (noiseless baseline)

Refractory period 2 ms

Table 1: Simulation parameters of the E-T oscillator (activity-dependent configuration).

2.7 Datasets and Evaluation Metrics

e Synthetic signals: A sparse, band-limited (< 5Hz) cochleagram-like signal (24 channels, 14s,
few temporally sparse events). This was mainly used for the initial parameter tuning and
reconstruction analyses.

»_

e Speech Commands: Google Speech Commands v0.02, the ten spoken digits (“zero”—‘“nine”).
Each word (700 ms) is converted to a 64-band mel-spectrogram and then to spikes by our E-I
encoder.
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e Spiking Heidelberg Digits (SHD): 700-channel cochlea-model spikes, 20 classes (English +
German digits), with size 8156 train samples and 2264 test samples. It comes already spike-
based, so it is used mainly to benchmark SNN readout architectures.

To assess the proposed framework, we evaluate performance across three dimensions: signal fidelity,
network efficiency, and downstream task utility. Signal reconstruction quality is quantified using the
coefficient of determination (R?) and the root-mean-square error (RMSE) between the original input
and the decoded waveform. Network-level dynamics are monitored via a synchronisation metric that
measures population phase-locking, while resource efficiency is tracked through the total emitted spike
count and estimated neuromorphic energy consumption. Finally, the functional utility of the generated
representations is validated using classification accuracy on downstream machine learning tasks.

2.8 SNN Architecture

Readouts operate on a common (channels,time) binary spike raster input and are trained with a
surrogate-gradient loss on a leaky-integrator output layer. We compare the following architectures:
non-spiking rate baselines (logistic regression and an MLP on spike counts); a shallow temporal CNN;
a feedforward LIF SNN (one hidden layer); a recurrent LIF SNN (RSNN); and adaptive-LIF variants
(adLIF and recurrent adLIF, RadLIF) with learnable per-neuron adaptation. Hidden layer size was
optimised via a simple sweep.

3 Analysis of Oscillator Dynamics

3.1 Baseline Oscillator Behaviour

Inhibitory neurons regulate network activity by balancing excitation, preventing excessive firing, and
enabling stable oscillatory dynamics. Through inhibitory feedback, they synchronize excitatory neu-
rons and influence the timing and frequency of network oscillations. Figure 2a,b presents an example
cochleogram together with the corresponding spike trains generated by the input channels. The global
activity of the cochlea is estimated by averaging the firing activity across all channels, as shown in
Fig. 2¢ (red). This global activity is then used to adaptively modulate the tonic drive current (blue),
following the framework detailed in Section 2.3.

The tonic drive varies linearly between T onic,, and Tonicpq, according to the overall input ac-
tivity. This adaptive modulation enables the oscillator to automatically adjust its operating frequency
to match the temporal characteristics of the incoming sensory signal. Additionally, this helps save the
energy efficiently.

The network dynamics are further influenced by the synaptic coupling strengths between neurons.
In particular, the excitatory-to-inhibitory (wgy) and inhibitory-to-excitatory (wyg) synaptic weights
determine the balance between excitation and inhibition, thereby affecting the oscillation frequency,
synchronization accuracy, and overall stability of the adaptive phase clock. Stronger excitatory cou-
pling generally increases network activation, whereas stronger inhibitory feedback suppresses excessive
firing and stabilizes the oscillatory dynamics. Therefore, appropriate tuning of these synaptic weights
is essential for achieving robust synchronization and accurate temporal encoding.
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Figure 2: (a) Example cochleogram with 24 frequency channels. (b) Corresponding spike raster for
the excitatory and inhibitory neuron populations. (c¢) Global mean firing activity across all channels

(red) and the resulting adaptive tonic drive current (blue).

3.2 Signal Reconstruction

At the chosen activity-dependent operating point (Table 1), the self-referenced decoder reconstructs

the cochleagram input with the following quality:

Metric

Value

Reconstruction R?
Synchronisation
fo—envelope tracking (corr.)
fo range (p2-p98)

Missing / extra spikes

0.875
0.975
0.994

32-50 Hz
00% /1.6%

Table 2: Reconstruction quality of the adaptive phase code (synthetic cochleagram).
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reconstruction: globally-referenced input vs decoded phase (deg) (R2=0.916, sync=0.976)
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Figure 3: Globally-referenced input (blue) vs phase-decoded reconstruction (orange) on the synthetic
cochleagram (R? = 0.875).

3.3 Effect of Excitatory Population Size

In biological sensory systems, multiple sensory neurons often encode the same external stimulus,
thereby reducing the effects of noise while improving robustness and sensitivity. A well-known exam-
ple is the olfactory system, where numerous olfactory sensory neurons expressing the same receptor
converge to encode identical odorant signals. To make our model more biologically plausible, we
investigated the effect of distributing the same input signal across multiple excitatory neurons.

As shown in Fig. 4a, increasing the number of excitatory neurons receiving the input signal does
not significantly affect the synchronization accuracy or the phase-locking performance of the adaptive
phase clock. However, a slight reduction in the mean oscillation frequency is observed, decreasing
from 34 Hz to 33 Hz as the input-to-excitatory-neuron connectivity ratio is increased from 1:1 to 1:5.
The extra and missing spikes are plotted in Fig. 4c, d.

3.4 Effect of Inhibitory Population Size

Since biological neural circuits typically contain fewer inhibitory than excitatory neurons, investigating
the minimum inhibitory population required for reliable synchronization is important for developing
biologically plausible and hardware-efficient neuromorphic systems.

To determine the minimum inhibitory population required for stable oscillatory dynamics, the
inhibitory-to-excitatory (I/E) neuron ratio was systematically varied. The ratios investigated were
0.05, 0.10, 0.15, 0.25, 0.50, 0.75, and 1.00. We found that the minimum inhibitory population capable
of sustaining stable oscillations consists of six inhibitory neurons (see Fig. 5); below this threshold, the
network fails to generate oscillatory activity or it is not stable. For the case of 4 neurons the system
shows a good oscillatory behaviour with almost 34 Hz but again for the configuration of 5 inhibitory
neurons it fails, so the threshold is defined at 6 inhibitory neurons.

Another important design parameter is the size of the inhibitory neuron population. Investigating
this parameter is motivated by two considerations. First, reducing the number of inhibitory neurons
decreases the overall hardware complexity and implementation cost of the proposed system. Second,
biological neural circuits rarely exhibit a one-to-one ratio between excitatory and inhibitory neurons,
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Figure 4: Calculated metrics for fixed excitatory neurons and different fractions of inhibitory to
excitatory neurons. (a) Illustration of accuracy changes across varying neuron counts, (b) population
synchrony metric, (c) extra spikes, and (d) missing spikes as a function of network configuration pairs.

making it important to evaluate the performance of the adaptive phase clock under more biologically
realistic population ratios.
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Figure 5: Oscillation threshold for Ng = 24. Number of reference events versus number of inhibitory
neurons (INy). The green vertical line marks the stable threshold at Ny = 6. Bottom panel mean
firing rate of the excitatory population as a function of N;. The rate drops as inhibition increases, but
remains above ~ 32 Hz. The network fails to produce stable oscillations for N; < 6, with transient
activity at Ny = 4 but not at Ny = 5.

Figure 4a,b summarizes the effect of the inhibitory population size on synchronization and accuracy,
the synchronization metric (R?), and the number of missing and extra spikes. When the number of
inhibitory neurons is equal to the number of excitatory neurons (I/E = 1), the network exhibits
stable synchronization. Increasing the inhibitory population beyond an I/E ratio of 0.5 provides only
marginal changes in performance. For example, the synchronization metric changes only slightly from
R? =0.883 for I/E = 0.5 to R?> = 0.885 for I/E = 1.0,

Reducing the inhibitory population to an I/E ratio of 0.25 results in a modest decrease in synchro-
nization performance (R? = 0.860) for the equal number of input channels and excitatory neurons.
Considering the relatively small degradation in performance, reducing the inhibitory population may
represent a favorable trade-off between synchronization quality and implementation cost.
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For the configuration in which each input channel is connected to multiple excitatory neurons, a
further improvement in synchronization performance is observed, as shown in Fig. 4b.

3.5 Scaling Behaviour

Increasing the number of the neurons has a direct effect on total area of the neuromorphic chip and
as well on the computation performance. However this doesn’t change the accuracy (see Fig. 6).
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Figure 6: (a) Total Number of neurons and (b) Accuracy against excitatory number of neurons. The
total number of neurons are directly related to computational costs.

3.6 Effect of free neurons

In biological neural networks, not all excitatory neurons are directly driven by external stimuli; many
remain active through recurrent network interactions and spontaneous activity, contributing to the
overall network dynamics. Motivated by this biological characteristic, we investigate the effect of
incorporating a population of un-driven, or “free,” excitatory neurons into the proposed adaptive
phase clock.

Inherent hardware variability and device mismatch in neuromorphic chips inevitably introduce
background activity and stochastic noise. Rather than treating this solely as a detriment, we investi-
gate whether this intrinsic noise can be leveraged to enhance computational performance. To this end,
we introduce un-driven, or “free,” excitatory neurons into the network. Figure 7 illustrates the impact
of adding these free excitatory neurons, expressed as a fraction of the base excitatory population, on
the network’s encoding fidelity, evaluated across various inhibitory-to-total excitatory (I/E) ratios.

As mentioned in advance in our network, P (defined as PROB in the implementation) represents
the connection probability. When scaling weights for a randomly connected network, we divide by
N - P because N - P represents the expected number of incoming connections (in-degree) per neuron.
This scaling ensures that the average total current a neuron receives remains constant as the network
size scales.

3.6.1 Dilution of the Recurrent Signal

In the network, recurrent weights are scaled by the total number of excitatory neurons to prevent
runaway excitation as the network grows:

Wee
— . 5)
Ntotal -P ( )

wee

where Niotar = Npase + Nfree-

10
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Figure 7: Effect of adding free excitatory neurons on network performance metrics across different I/E

ratios (r). The plots illustrate how varying the fraction of un-driven neurons and I/E ratios impact
encoding fidelity (R2), synchrony, and spike defects.

When we add “free” (un-driven) neurons, Ny increases, which consequently decreases the indi-
vidual synaptic weights we. and wije.

The total signal-modulated recurrent excitatory input an active neuron receives specifically from
the active pool (the neurons actually carrying the signal). This is proportional to the stimulus-driven
change in their firing rate (AFiring Rate):

Recurrent Signal Drive o< Npgse - P - wee - AFiring Rate (6)
Substituting the scaled weight into the equation yields:
%%
Recurrent Signal Drive o< Npgge - P - <ee> - AFiring Rate (7)
Ntotal <P
The connection probability P cancels out, leaving:
N,
Recurrent Signal Drive oc W, - < base) - AFiring Rate (8)
Ntotal

While the total recurrent excitatory current an active neuron receives remains constant (propor-
tional to We.) due to the weight scaling, the signal-modulated component of this current is scaled
by the factor % Because Niotar > Npgse, the signal-to-noise ratio (SNR) of the recurrent input is
degraded. The free neurons contribute unmodulated, stochastic firing to the recurrent pool, increasing
the background noise without adding to the coherent, signal-driven excitation.

11
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4 Task Performance

The previous sections demonstrated that the proposed adaptive excitatory—inhibitory (EI) oscillator
generates stable oscillatory dynamics, accurately reconstructs continuous-valued signals, and remains
robust to architectural variations and stochastic perturbations. The final objective is to determine
whether these properties translate into improved performance on a practical neuromorphic learning
task.

Specifically, this section addresses three questions:

1. Does phase encoding produce a more informative spike representation than conventional rate
encoding?

2. Is the performance improvement truly carried by temporal spike timing rather than spike count?

3. Can activity-dependent phase encoding reduce spike activity while preserving recognition accu-
racy?

To answer these questions, the proposed encoder is evaluated on the Google Speech Commands
dataset using an identical downstream spiking neural network across all encoding strategies.

The Google Speech Commands dataset consists of isolated spoken digits (“zero”—“nine”) recorded
from multiple speakers under varying recording conditions. Each audio recording is sampled at 16 kHz
and converted into a 64-channel Mel spectrogram. Each Mel-frequency channel directly drives one
excitatory neuron within the proposed EI oscillator, producing sparse temporally encoded spike trains.

Unless otherwise stated, all experiments use identical train, validation and held-out test splits.
The downstream classifier remains unchanged throughout the evaluation and consists of a lightweight
feedforward spiking neural network with a single hidden layer trained using surrogate-gradient back-
propagation, AdamW optimisation, cosine learning-rate scheduling, gradient clipping and early stop-
ping. Consequently, any observed differences originate solely from the spike representation generated
by the encoder rather than changes to the classifier itself. Whenever the encoder dynamics remain
unchanged, generated spike rasters are cached and reused to avoid repeated EI simulations.

We first compare two different spike encoding strategies while keeping the downstream SNN iden-
tical: conventional rate encoding, fixed-frequency phase encoding and the proposed adaptive phase
encoding. Table 3 summarizes the obtained classification performance. Conventional rate encoding
achieves an accuracy of 65%, whereas phase encoding improves recognition performance to 74%, indi-
cating that temporal spike timing provides a substantially richer representation of speech than spike
frequency alone.

To determine whether this improvement originates from temporal spike timing rather than simply
the number of emitted spikes, we perform a phase-shuffling ablation. For every encoded sample, spike
phases are randomly permuted while preserving both the total spike count and the firing-rate statistics.
Consequently, only the temporal relationship between spikes and the oscillatory reference is destroyed.
Following phase randomisation, classification accuracy decreases from 74% to 53%. Since the amount
of neural activity remains unchanged, this experiment demonstrates that the downstream SNN relies on
structured temporal phase relationships rather than spike count statistics. These results provide direct
evidence that the proposed encoder successfully embeds discriminative information into spike timing.
Although fixed-frequency phase encoding substantially improves recognition accuracy, it continues to
generate reference spikes even during periods of little or no signal activity. The proposed adaptive
EI oscillator addresses this inefficiency by continuously adjusting its oscillation frequency according

12
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Figure 8: Row-normalized confusion matrix of the best-performing adaptive phase encoder. The
predominantly diagonal structure demonstrates that the proposed encoder preserves discriminative
temporal information across the ten spoken digits.

to the instantaneous signal activity. During silent periods the oscillator slows down, producing fewer
reference spikes, while periods of higher activity automatically increase the oscillation frequency to
preserve temporal precision.

This adaptive mechanism reduces the average number of emitted spikes from 1792 to 1283 spikes
per spoken word, corresponding to a reduction of approximately 28.4%, while maintaining the same
recognition accuracy. Since spike communication dominates both latency and energy consumption
in neuromorphic processors, reducing spike traffic directly improves computational efficiency without
sacrificing task performance.

Table 3 summarizes the trade-off between recognition accuracy and spike efficiency. While conven-
tional phase encoding achieves the highest recognition accuracy, the proposed adaptive phase encoder
preserves this accuracy while substantially reducing spike activity, making it significantly more suitable
for resource-constrained neuromorphic hardware.

Figure 8 presents the row-normalized confusion matrix. The predominantly diagonal structure
indicates that the proposed encoder preserves class-discriminative temporal information across nearly
all spoken digits, with the remaining errors concentrated primarily between acoustically similar digit
pairs.

Having established that adaptive phase encoding simultaneously improves recognition accuracy and
spike efficiency, we next investigate which architectural properties of the EI oscillator are responsible
for these improvements through a series of controlled ablation studies.

4.1 EI Oscillator Ablation Study

We systematically investigated the proposed EI oscillator through a sequence of ablation studies
that examine three complementary aspects of the encoder: (i) architectural design, (ii) robustness
to stochastic perturbations, and (iii) hardware-oriented robustness. Across all experiments, the same
audio preprocessing pipeline, train—validation—test split, downstream SNN architecture, optimizer,
and evaluation protocol were maintained. New spike caches were generated only when modifications

13
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Table 3: Comparison of spike encoding strategies on the Speech Commands dataset using the same
downstream feedforward SNN.

Encoding Accuracy Avg. Spikes Temporal Key observation

Rate Encoding 65% - No Spike  counts only;
temporal ordering
discarded.

Phase Encoding (Shuffled) 53% 1792 No Randomizing spike
timing significantly
degrades recognition.

Adaptive Phase Encoding (Ours) 74% 1283 Yes Preserves temporal in-

formation while reduc-
ing spikes by 28.4%.

affected the EI encoder itself.
Table 4 summarizes all experiments, while Figures 9 and 8 illustrate the principal trends and the
final classification performance.

4.1.1 Architecture Design (Experiments A—C)

Experiment A first establishes the reproducibility of the baseline encoder. Training the downstream
SNN using five independent random seeds produced a mean test accuracy of 72.27+1.38%, confirming
that the generated spike representation is stable and can be learned consistently.

Experiment B investigates whether additional recurrent excitatory neurons can improve temporal
encoding. Unlike the sensory-driven neurons, these latent neurons receive no external input and
interact only through recurrent EI dynamics. Interestingly, the highest performance (74.67%) was
obtained when only four latent neurons were introduced and excluded from the classifier readout.
Since these neurons were never observed by the classifier, the improvement originates from richer
recurrent dynamics rather than increased feature dimensionality.

Experiment C then explores whether increasing the excitatory population further improves the
temporal representation. Four EI ratios (1:2, 1:1, 2:1 and 3:1) were evaluated while preserving the
original sensory input dimensionality. Recognition accuracy increased monotonically with larger recur-
rent excitatory populations, reaching 80.44% for a 3:1 EI ratio. This represents the largest improve-
ment observed throughout the ablation study, indicating that recurrent excitation is the dominant
architectural factor governing temporal encoding quality.

4.1.2 Robustness to Internal Noise (Experiments D-F)

Having identified the best recurrent architectures, Experiments D—F investigate their behaviour under
stochastic internal current perturbations.

Experiment D evaluates Gaussian current noise injected into the EI oscillator. Peak recognition
accuracy remained essentially unchanged (73.33%) across all evaluated noise levels, demonstrating
that the oscillator naturally operates within a stable dynamical regime. Noise augmentation slightly
reduced performance variability but did not substantially increase peak accuracy.

Experiment E combines internal noise with different EI population ratios. The optimal architecture
remained unchanged, with the 3:1 EI configuration consistently achieving the highest recognition

14
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Figure 9: Consolidated ablation study of the EI oscillator. (a) Baseline repeatability across training
seeds. (b) Effect of latent recurrent excitatory neurons under all-excitatory and driven-only readout
conditions. (c) Recognition accuracy across excitatory—inhibitory population ratios. (d) Robustness
to internal Gaussian current noise under clean and noise-augmented training. (e) Preservation of the

E:I-ratio advantage under noisy evaluation. (f) Robustness of latent recurrent populations across noise
conditions.

accuracy. The best noisy operating point reached 78.67%, indicating that the architectural advantage
of larger recurrent excitation persists under stochastic perturbations.

Experiment F investigates whether latent recurrent neurons continue to provide benefits under
noisy conditions. The strongest configuration combines sixteen latent recurrent neurons with noise-
augmented training, achieving 76.22% accuracy together with the highest robustness score. Since
the latent neurons were excluded from the classifier, these improvements again arise from improved
recurrent dynamics rather than increased classifier capacity.

4.1.3 Hardware Robustness and Final Evaluation (Experiments G—H)

Experiment G evaluates the encoded spike representation under four post-encoding perturbations:
missing spikes, additional spikes, temporal jitter, and inactive input channels. Performance was av-
eraged across three independently trained models and compared between clean and failure-aware
training, as shown in Figure 10.

The clean-trained classifier achieved 72.22 + 1.68% accuracy, compared with 69.78 + 1.02% for
failure-aware training. The representation remained robust to temporal jitter up to 5ms, approxi-
mately 20% additional spikes, and up to 30% missing spikes. Failure-aware training extended the
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Experiment G: Post-encoding hardware-failure robustness
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Figure 10: Post-encoding hardware-failure robustness evaluated across three independent training
seeds. Solid lines denote classifiers trained on clean spike rasters, while dashed lines denote failure-
aware training. The corruption level of each failure mechanism is normalized by its maximum evaluated
value to enable comparison on a common axis. The representation is highly robust to timing jitter and
moderate spike loss, whereas inactive input channels produce the largest degradation. Failure-aware
training primarily improves tolerance to missing spikes and does not provide a consistent advantage
for the other perturbations. Error bars indicate one standard deviation across seeds.

missing-spike tolerance to 40%, but did not consistently improve robustness to the other perturba-
tions.

Inactive input channels produced the strongest degradation, reducing clean-trained accuracy to
60.89%, 47.33%, and 40.00% at 20%, 40%, and 50% dead channels, respectively. Overall, the proposed
encoding is intrinsically tolerant to moderate spike loss, spurious activity, and timing variation, while
permanent channel failures remain its principal hardware vulnerability.

Finally, Experiment H evaluates the statistical reproducibility of the final selected architecture
(64E—641) using five independent training seeds. The model achieved a mean test accuracy of 72.67
1.63% with a mean macro Fl-score of 72.75 + 1.88%. The best-performing run reached 74.67% accu-
racy, while the lowest achieved 70.67%, corresponding to a 95% confidence interval of 71.24-74.10%.
Compared with the baseline configuration evaluated in Experiment A (72.27%), the final architecture
provides a modest but consistent improvement while maintaining comparable variance across inde-
pendent runs. These results indicate that the proposed encoder produces reproducible performance
gains that are not attributable to favorable random initialization.

Overall, the ablation study reveals four consistent conclusions. First, increasing recurrent excita-
tion substantially improves temporal encoding, with a 3:1 EI ratio providing the highest recognition
accuracy. Second, latent recurrent excitatory neurons improve performance even when excluded from
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Table 4: Summary of the EI oscillator ablation study. Accuracy values are reported as mean +
standard deviation where multiple training seeds were available.

Exp. Investigated factor Best accuracy  Main finding
A Baseline reproducibility 72.27 +1.38% The baseline is stable across five independent
training seeds.
B Latent recurrent excitatory 74.67 +1.15% Four latent neurons improve temporal
neurons dynamics even when excluded from the
readout.
C E:I population ratio 80.44 +1.39% A 3:1 E:I ratio provides the largest

performance improvement.

D Internal current noise 73.33 £ 1.15% Moderate current noise causes little
degradation; noise augmentation mainly
reduces variability.

E E:I ratio under noise 78.67% The 3:1 E:I ratio remains the best architecture
under noisy evaluation.

F Latent recurrent neurons 76.22 + 4.02% Sixteen latent neurons with noise
under noise augmentation provide the highest robustness
score.
G Hardware-inspired 72.22 +1.68% Tolerates 5ms jitter, 30% spike loss, and 20%
robustness extra spikes; dead channels are most harmful.
H Final multi-seed evaluation 72.67 +1.63% Final architecture consistently outperforms the

baseline across five independent training seeds.

the classifier, demonstrating that their contribution arises through recurrent dynamics rather than
increased feature dimensionality. Third, the proposed EI oscillator exhibits strong robustness to
stochastic current perturbations and hardware-inspired variability. Finally, the improvements remain
statistically reproducible across multiple independent training runs, indicating that the observed gains
are stable rather than artifacts of random initialization.

5 Discussion

The proposed adaptive phase encoding framework demonstrates that preserving the temporal structure
of spike trains is more important than increasing spike count alone for speech recognition. While
conventional rate encoding discards temporal information and shuffled phase encoding disrupts spike
timing relationships, the proposed EI oscillator preserves stimulus-dependent temporal dynamics,
resulting in higher recognition accuracy using substantially fewer spikes. This observation is consistent
with evidence that precise spike timing carries significant information in biological sensory systems
beyond average firing rate alone [1].

The ablation study provides several insights into the computational role of excitatory—inhibitory
dynamics. Increasing the excitatory population consistently improved recognition accuracy, with
a 3:1 excitatory—inhibitory ratio providing the highest performance. Although cortical circuits are
often described as operating near an excitation—inhibition balance, their computational capability
depends on the interaction between recurrent excitation and inhibitory stabilization rather than a
fixed numerical ratio [2, 3]. Within the explored operating range, additional recurrent excitation
enriched the temporal representation without introducing unstable dynamics, suggesting that the
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inhibitory population remained sufficient to regulate network activity.

The introduction of latent recurrent excitatory neurons further supports this interpretation. These
neurons improved recognition performance even when excluded from the classifier readout, indicating
that they contribute by shaping the internal network dynamics instead of increasing the dimensionality
of the learned representation. Similar forms of redundant recurrent populations have been proposed
to improve robustness and temporal memory in both biological neural circuits and recurrent neural
networks [jaeger2001echo, 4].

The proposed oscillator also exhibited strong robustness to internal current perturbations and
hardware-inspired variations. Performance degraded only marginally under injected current noise,
while the optimal architectural configuration remained unchanged. Such robustness is characteristic
of recurrent neural dynamics, where distributed population activity naturally compensates for mod-
erate stochastic perturbations [3, 5]. From an engineering perspective, this behaviour is particularly
attractive because neuromorphic hardware inevitably exhibits device mismatch, thermal fluctuations
and analog variability. The results therefore suggest that the proposed encoder does not require precise
analog parameter tuning to maintain reliable operation.

Finally, the encoder generates substantially sparser spike trains than conventional phase encoding
while simultaneously improving recognition accuracy. Sparse event representations reduce communica-
tion, memory accesses and energy consumption, making them well suited for neuromorphic processors
that communicate asynchronously through spikes [6, 7]. Rather than increasing the complexity of the
downstream classifier, improving the quality of the temporal representation itself proved to be the
dominant factor governing recognition performance.

5.1 Limitations and Future Work

Although the proposed encoder demonstrates promising performance, several limitations remain. The
oscillator parameters were manually optimized and remain fixed throughout training, preventing the
temporal dynamics from adapting automatically to different datasets or tasks. Similarly, the recurrent
connectivity is static and does not incorporate biologically inspired synaptic plasticity mechanisms
such as spike-timing-dependent plasticity (STDP), which have been shown to improve adaptation and
continual learning in spiking neural networks [8, 9].

Future work will therefore focus on learning the encoder itself rather than treating it as a fixed
preprocessing stage. Learnable oscillator parameters could allow the network to jointly optimize oscil-
lation frequency, recurrent coupling strength and tonic drive together with the downstream classifier.
Incorporating plastic recurrent connections may enable the encoder to self-organize task-dependent
temporal representations while preserving biological plausibility.

Another promising direction is the use of multiple coupled oscillators operating at different intrinsic
frequencies. Oscillatory multiplexing is widely observed in biological neural systems and may enable
hierarchical temporal representations spanning multiple time scales [10]. Such architectures could
naturally extend the proposed encoder to larger vocabulary speech recognition and more complex
event-based perception tasks.

Finally, continual learning remains an important challenge for neuromorphic systems. Combining
adaptive phase encoding with online synaptic plasticity and adaptive decoders may enable long-term
deployment in changing environments without catastrophic forgetting, an essential capability for au-
tonomous neuromorphic sensing systems [11].
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6 Conclusion

This paper introduced an adaptive phase encoding framework based on a recurrent excitatory—
inhibitory oscillator for neuromorphic speech processing. Unlike conventional rate encoding or fixed
phase representations, the proposed encoder preserves stimulus-dependent temporal information while
generating substantially sparser spike trains.

A comprehensive ablation study demonstrated that recurrent architectural design is the primary
factor governing encoding quality. Increasing recurrent excitation and introducing latent recurrent
excitatory neurons consistently improved recognition accuracy, while the proposed EI oscillator re-
mained robust to internal current noise and hardware-inspired perturbations. The best configuration
achieved an accuracy of 80.44%, outperforming conventional spike encoding strategies while requiring
28.4% fewer spikes than standard phase encoding.

Beyond improved recognition performance, the study provides insight into the computational role
of recurrent excitatory—inhibitory dynamics for temporal coding. The results indicate that richer re-
current dynamics produce more informative spike representations, while robustness naturally emerges
from distributed EI interactions rather than explicit noise compensation. These observations are
consistent with principles of efficient neural computation and neuromorphic information processing
reported in both computational neuroscience and neuromorphic engineering [3, 6].

Overall, the proposed adaptive phase encoder demonstrates that optimizing the temporal repre-
sentation can provide larger gains than increasing the complexity of the downstream classifier. Future
work will investigate learnable oscillator parameters, plastic recurrent connectivity, coupled oscillatory
populations and continual learning, with the long-term goal of developing adaptive, energy-efficient
spike encoders for real-time neuromorphic sensing applications.
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A Neuromorphic Architecture for Robust Coincidence Detection
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Abstract

Biological systems routinely solve the “cocktail party problem”, by picking out one relevant
signal from a scene of competing, overlapping inputs. This project investigates whether the same
computational motif, coincidence detection paired with competitive selection, can be implemented
directly in spiking neural networks using a fully neuromorphic approach. The task was decom-
posed into two sub-problems: determining whether a reference signal and a single candidate input
represent the same underlying spike sequence, and, given several candidate channels at once, se-
lecting the one most temporally correlated with the reference. Two complementary architectures
were designed and tuned. The first builds an explicit mismatch pathway, a coincidence-logic layer,
a mismatch-integrating layer, and a time-adjusted, ultra-slow, strongly excitatory winner-take-all
layer that selects the channel with the lowest accumulated disagreement and was evaluated for
robustness to parameter variability. The second directly rewards coincidence and is set for future
work. Together, these results show that low-power, mixed-signal neuromorphic hardware could
implement biologically inspired selective attention with meaningful robustness to signal strength
and timing jitter.

1 Introduction

Humans are remarkably adept at picking a single relevant signal out of a cluttered sensory scene.
The clearest illustration of this ability is the “cocktail party effect”, where a listener can track one
speaker’s voice in a room full of overlapping conversations [1, 2], as visualized in Figure 1.
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Figure 1: Schematic of the ”cocktail party effect”

This kind of selective filtering is not limited to hearing; it is a general computational motif that
recurs throughout the brain wherever a system must decide which of several competing streams of
activity deserves to drive behavior.

Previous research has identified two computational components that map directly onto this prob-
lem. Coincidence detection is a biophysical mechanism used by the auditory brainstem for sound
localization, in which neurons compare the arrival times of inputs from each ear and respond maxi-
mally when those inputs fall within a narrow temporal window of one another [3]. The precision of
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such timing-based computation depends on the time constants of the neurons and synapses, whose
biophysical basis has been reviewed in the past [4, 5]. Competitive selection among parallel streams of
activity has been described as a canonical neural circuit motif, implemented across sensory and motor
systems through mutual inhibition that produces winner-take-all dynamics and suppresses all but the
most strongly driven population [6].

This project asks whether the same computational motif can be built directly into neuromorphic
hardware and if an architecture made just of spiking neurons can reliably identify which of several
noisy input streams is the one that matches, or is most temporally correlated with a chosen reference
signal. Framed this way, the task splits into two related sub-problems.

The first is a pairwise mismatch detection problem. Given a reference spike train and a single
candidate input, a decision must be made whether the two represent the same underlying signal, as
shown in Figure 2, where the output spikes suggest mismatches.

The second is a competitive selection problem. When given a reference and several simultaneous
candidate inputs, identification of the single channel that best matches the reference should be made.

Output Neuron Raster Plot Comparison

Recording Spikes

Output Spikes | ’ ‘ ‘ ‘

Figure 2: Example of an output for a mismatch problem

Translating this idea onto neuromorphic hardware introduces constraints that a purely biological
or software account does not have to face. Any architecture that depends on precise timing must
therefore be robust to this device mismatch, in the same way that biological neural circuits must
tolerate variability in single-neuron time constants without losing their computational function. This
robustness requirement (to parameter variability, to differences in input signal strength, to chip-to-chip
variation, and to shifts in which input is currently relevant) became a central design goal alongside
raw accuracy and is reflected throughout the experiments described later in this report.

Two architectural strategies were explored over the course of the project. The first approach builds
the explicit mismatch detection. This design doesn’t require exact synchronization between reference
and candidate, only the accumulation of relative disagreement, and testing showed its core time con-
stants to remain functional under substantial parameter variability. Several limitations emerged during
development and were addressed through iterative redesign rather than treated as fixed constraints.
The earliest version of the coincidence-logic layer proved highly sensitive to small variations in neuron
and synapse time constants. The same physical parameters, when drifting by only a few percent, could
flip a channel from a correct match to a false mismatch. This sensitivity was reduced by reworking the
layer around a coincidence window rather than a comparison of exact spike times, so that two spikes
arriving close together, rather than at the identical instant, would still register as coincident. The final
version of this layer tolerated time-constant variability of roughly 25%, comparable to the mismatch
expected between neurons and synapses on the same chip. Another limitation concerned the period
immediately following stimulus onset, because the mismatch count needs time to accumulate. This
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was mitigated by giving the winner-take-all layer strong leakage, so that an early, poorly supported
decision decayed away quickly rather than persisting, and only a channel that kept accumulating low
mismatch over time was able to win at the end.

The second, alternative approach inverts the logic and, rather than accumulating evidence of
mismatch, it directly rewards coincidence. It could only be prototyped conceptually rather than fully
characterized, which is why it is left for future work rather than reported alongside the main results.

The remainder of this report follows the path the project took through these two designs. It
first describes the mismatch-detection architecture in detail, including the challenges of keeping its
first layer robust to timing and parameter variability. Then, it presents the mismatch-counting and
time-adjusted winner-take-all stages that turn accumulated disagreement into a clean decision. Next,
it reports the experimental results, robustness to high-rate distractor inputs, and temporal delay
tolerance. Finally, it presents the coincidence-based alternative architecture as a complementary
solution to the same problem and closes with directions for future work.

2 Methods

2.1 Overview

We propose a fully neuromorphic architecture for real-time identification of the recording channel
whose spike train most closely matches, in a temporal sense, a given reference spike train. The
network receives five input spike sequences (SSs): one reference SS, denoted Sycf, and four candidate

(

SSs corresponding to individual recording channels, denoted Srél for ¢ = 1,...,4. The architecture is
organized into three functional layers, each implemented exclusively with spiking neurons and synaptic
connections: (i) a mismatch detector layer, which computes, per channel, an instantaneous mismatch

(4)

spike train between S,et and Sree; (ii) a mismatch integrator layer, which accumulates these mismatch
events into a graded, per-channel measure of temporal dissimilarity; and (iii) a winner-take-all (WTA)
layer, which resolves the channel of minimal accumulated mismatch and reports it as the identified
best match. A schematic summary of the full pipeline is given in Fig. ?? (Maybe a nice illustrative
image if anyone has the time?).

The overall design objective was to obtain a solution that is (a) purely neuromorphic, in the sense
that no operation is implemented outside the spike-and-synapse formalism; (b) robust to parameter
variability, in particular to the neuronal and synaptic time constants; and (c) low-latency, so that the
identification of the best-matching channel can, in principle, be obtained immediately after the end of
the duration of the S;f.

2.2 Layer 1: Mismatch Detector

The purpose of the first layer is to transform, for each recording channel i, the pair of spike trains
(Stefs SEQ;) into a single mismatch spike train M (1) that fires whenever the two input sequences are not
temporally coincident, and remains silent otherwise. This layer consists of four identical sub-networks
that operate independently on each recording channel.

Coincidence (AND) unit. The first neuron, denoted L1N1, receives Syt and Sr(é)c as two inde-
pendent excitatory inputs. Each input alone is sub-threshold; only the (approximately) simultaneous
arrival of a reference spike and a channel spike provides sufficient depolarizing drive for L1N1 to cross
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threshold and fire. This unit therefore behaves as a logical AND gate implemented at the single-neuron
level, and its output spike train is denoted A®.

Reference-biased mismatch (OR) unit. The second neuron, LIN2, also receives both Syt and
Sg)c, but with opposite synaptic signs: Syer is excitatory and Sﬁé)c is inhibitory. The relative synaptic
weights are tuned so that a temporally coincident pair of spikes results in mutual cancellation of the
excitatory and inhibitory post-synaptic currents, leaving LIN2 sub-threshold. When St fires without
a matching event in Sﬁél, howe(y)er, the unopposed excitatory drive is sufficient to elicit a spike. The
3

f

re

output of this unit, denoted O_ ¢, thus flags reference events that are not matched by the channel.

Channel-biased mismatch (OR) unit. The third neuron, L1N3, is the mirror image of L1N2:

Sr(é)c is excitatory and St is inhibitory. By the same cancellation argument, this unit remains silent
under coincident inputs and fires only when the channel produces a spike that is not matched by the
(4)

reference. Its output is denoted Orec, and flags channel events that are not matched by the reference.

Output (integration) unit. The outputs of the three preceding neurons converge onto a fourth
neuron, L10®, which constitutes the layer’s output for channel i. The AND unit’s output A®
is connected inhibitorily, while both OR units’ outputs, OEZf and OEQ;, are connected excitatorily.
Consequently, whenever the reference and channel spike trains are temporally aligned, the AND unit
fires and actively suppresses L10(®), while the two OR units remain silent; the net effect is that no
mismatch spike is produced. Conversely, whenever the two spike trains are misaligned, one of the two
OR units fires and, in the absence of a concurrent inhibitory AND event, drives L10@ to threshold.
The resulting output spike train, M () is the mismatch signal for channel 3.

The rationale for combining an AND-based and an OR-based pathway, rather than relying on
either logic alone, is robustness: the redundancy afforded by the simultaneous excitatory and inhibitory
pathways renders the mismatch decision considerably less sensitive to jitter, slightly misaligned spikes,
or parameter drift than a single-pathway implementation would be.

Choice of mismatch, rather than match, as the read-out variable. We deliberately count
mismatches rather than matches, since a match-only (coincidence) read-out discards information rel-
evant to the comparison. Consider, for instance, a reference sequence firing at ¢t = 0, 10, 20, 30,40 ms
and a candidate channel firing at ¢ = 0,10,30 ms. A purely coincidence-based (AND-only) detector
registers three matches and is blind to the two missing events at ¢ = 20 and ¢ = 40 ms. The mismatch-
based formulation used here, in contrast, explicitly generates output spikes at these two instances, so
that every discrepancy between the two sequences — whether due to a spurious channel spike or a
missing one — is accounted for in the resulting mismatch train.

Robustness of the timing. The relevant membrane time constant, 7,,, governing the effective
coincidence window of the AND and OR units, was found to tolerate variations of up to approximately
25% without qualitatively altering the layer’s behavior, supporting the suitability of this circuit for
implementation on neuromorphic hardware subject to device-level parameter mismatch.

The output of Layer 1 is thus a set of four mismatch spike trains, one per recording channel,
{M(l), M@ MG, M(4)}, each encoding the instants at which the corresponding channel’s spike train
diverges from the reference.
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2.3 Layer 2: Mismatch Integration

The second layer maps each mismatch spike train M () onto a scalar, graded measure of accumulated
dissimilarity. It consists of four neurons, one per mismatch spike train, operating in parallel and
independently.

Each mismatch train M is delivered to its corresponding integrator neuron as a purely inhibitory
input. The integrator neurons are configured with a very small leak conductance and a very small
membrane capacitance, so that each incoming (inhibitory) mismatch spike produces an approximately
fixed, non-decaying decrement in membrane potential; the neuron thus behaves, to a first approxima-
tion, as a leaky integrator operating in a regime that is practically equivalent to a pure integrator (or
counter) over the timescale of interest. As a result, the membrane potential u(?)(t) of the i-th inte-
grator neuron monotonically decreases in proportion to the number of mismatch spikes received up to
time ¢: the channel exhibiting the greatest number of mismatches becomes the most hyperpolarized,
while the channel that best matches the reference remains the least hyperpolarized.

This design was chosen, in preference to an explicit digital counter, in order to preserve the fully
neuromorphic character of the architecture: the ”counting” operation itself is realized exclusively
through the synaptic and membrane dynamics of a single neuron, with no auxiliary non-neural com-
putation. The output of Layer 2 is therefore a set of four continuously-valued (graded) membrane
voltage traces, {u(V)(t),...,u®(t)}, each representing the running mismatch level of the correspond-
ing channel. We note that these traces exhibit a transient phase, during which the relative ordering
of the u(? (t) need not yet reflect the eventual, steady-state ranking of the channels; this transient is
addressed explicitly in the design of Layer 3.

2.4 Layer 3: Winner-Take-All Read-Out

The final layer resolves the identity of the best-matching channel through a competitive winner-take-all
mechanism, and consists of four mutually coupled neurons, one per channel.

Each of the four membrane voltage traces u(?) (t) produced by Layer 2 provides a purely inhibitory
drive to the corresponding WTA neuron, at a level proportional to the accumulated mismatch of
channel i. In the absence of any additional input, the WTA layer would therefore remain silent, since
every neuron is exclusively inhibited, with the degree of inhibition simply varying across neurons. To
activate the read-out, an identical, tunable, sustained excitatory current is delivered simultaneously
to all four WTA neurons. The onset and duration of this excitatory drive are set relative to the
duration of the reference sequence, so that the excitation is applied only once a sufficient portion of
the comparison has taken place. Under this combined drive, the neuron receiving the least inhibition
— i.e., the channel with the smallest accumulated mismatch — is the first to reach threshold; through
the mutual (winner-take-all) coupling among the four units, this neuron’s activation suppresses its
competitors, so that only a single output neuron fires. The identity of this neuron directly identifies
the recording channel that is temporally closest to the reference sequence.

Necessity of strong leakage in the WTA layer. The neurons of this layer are designed to be
strongly leaky, which is essential to compensate for the transient behavior of the Layer 2 outputs
discussed above. To see why, consider two candidate channels that each accumulate exactly one
mismatch event over the comparison window, but at different times: channel A’s mismatch occurs
early (e.g., at ¢ = 10 ms), while channel B’s occurs late (e.g., at ¢ = 40 ms). Because Layer 2’s
integrators have negligible leak, channel A’s hyperpolarization is present, and hence available to inhibit
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the WTA layer, for a much longer duration than channel B’s. If the WTA neurons were themselves
non-leaky (or weakly leaky), this discrepancy in exposure time would cause an early mismatch to exert
a disproportionately larger cumulative inhibitory effect than a later mismatch of equal magnitude, even
though the two channels are, by construction, equally dissimilar to the reference. Strong leakage in the
WTA layer neurons discounts this history-dependent transient, ensuring that only the instantaneous
(near-final-time) mismatch levels reported by Layer 2 govern the competitive outcome, rather than
their integrated history.

2.5 Rationale for the Layered, Mismatch-Based Design

Taken together, the three-layer cascade consisting of mismatch detection, mismatch integration, and
winner-take-all read-out, the latter equipped with a time-adjusted, ultra-slow, strong excitatory drive
and strong leakage, constitutes a minimal, robust, and low-latency neuromorphic solution to the
problem of identifying, among several candidate spike trains, the one that best matches a reference
sequence in the temporal domain.

3 Results

The three-layer mismatch architecture described in the “Methods” was evaluated against the two
objectives set out in the “Introduction”: first, verifying that the network correctly reports the tem-
poral agreement between a reference and a single candidate channel, and second, that, given four
simultaneous candidates, it identifies the one most temporally correlated with the reference. Because
the network is intended for mixed-signal neuromorphic hardware, robustness -to input strength, to
timing offsets, to a shifting reference, and to device-to-device variability- was treated as a primary
outcome measure rather than a secondary check. In all experiments, the input signals were deliv-
ered as spike trains, the mismatch integrators (Layer 2) accumulated per-channel disagreement, and
the winner-take-all (WTA) layer (Layer 3) reported the selected channel as a single firing output
population.

3.1 Correlation filtering validation

To establish the core functionality, the four candidate channels were configured with identical 35 Hz
firing rates. The reference was also set to 35 Hz and phase-aligned with exactly one channel, while the
remaining three were phase-shifted by 180° (14.3 ms at this frequency). This arrangement guaranteed
that only a single channel was temporally coincident with the reference, so that firing rate alone carried
no information about the correct answer and the decision had to rest entirely on temporal agreement.

Under this configuration, the network reliably identified the aligned channel: its accumulated mis-
match remained the lowest of the four, and the corresponding WTA output fired while the three
competing channels were actively suppressed. Repeating the experiment with the correlated signal
placed on each of the four channels in turn produced the same behaviour every time, with no degra-
dation in selection. This channel-independence confirms that the selection is governed by temporal
correlation with the reference and not by any channel-specific bias in the network.

3.2 Robustness to high-rate distractor inputs

A key concern for any correlation-based selector is whether it can be fooled by a distractor that simply
fires more often than the correct channel. To probe this, the three uncorrelated channels were driven
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at progressively higher firing rates while the correlated channel and the reference were held at 35 Hz.
Because the mismatch pathway of Layer 1 responds to temporal disagreement rather than to raw spike
count, and the WTA compares accumulated mismatch across channels, additional distractor spikes
generate additional mismatch rather than additional evidence in the distractor’s favour.

The network maintained correct selection up to distractor rates of 500 Hz -more than fourteen times
the reference frequency- without selecting a high-rate distractor over the genuinely correlated channel.
This demonstrates that selection is driven primarily by temporal correlation and not by input intensity,
and it highlights the effectiveness of the combined mismatch-counting and WTA design in suppressing
strong but uncorrelated activity. This property is directly relevant to the cocktail-party framing of
the Introduction, where the target signal is frequently weaker than the competing background.

3.3 Dynamic reference shifting

Biological selective attention is not static; the relevant stream changes over time. To emulate this
dynamic reallocation, the reference was sequentially aligned with each of the four channels in turn
over a T7s interval, while the firing rates of the inputs themselves were held constant. The WTA
output tracked the reference throughout, following the channel with the currently lowest accumulated
mismatch and re-selecting a new channel each time the reference moved.

Each switch was followed by a brief settling period, during which the channels briefly competed
before the output re-stabilised on the newly correlated channel. This transient is the expected con-
sequence of the mismatch integrators in Layer 2, whose accumulated state needs time to reflect the
new alignment; it is precisely the behaviour that motivated the strong leakage introduced in the WTA
layer (Methods, Layer 3), which discounts stale, history-dependent evidence so that only sustained
low mismatch under the current reference wins. The result confirms that the architecture operates in
dynamically modulated input environments and not only in fixed-reference conditions.

3.4 Temporal delay robustness

Because the coincidence detection in Layer 1 operates over a finite window rather than at a single
instant, the network tolerates a bounded phase offset between the correlated channel and the reference
before the two cease to register as coincident. This tolerance was measured directly. With all distractor
channels at the reference rate of 35 Hz, correct selection was maintained for phase delays of up to 168°
(13.3 ms); beyond this offset the network began to show instability in selecting the correct channel.

This tolerance, however, is not absolute and interacts with distractor strength. When the dis-
tractor channels were instead driven at 350 Hz, robustness fell sharply: incorrect selection appeared
already at the first tested delay of 28° (2.2 ms). This exposes the principal limitation of the cur-
rent architecture: when the temporal alignment between the correlated channel and the reference is
weak, strong competing inputs can overwhelm the comparatively sparse mismatch evidence for the
correct channel. It also underscores the value of the coincidence-window redesign of Layer 1, which
substantially widened the tolerated offset relative to an exact-spike-time comparison and was essential
to achieving even the 35 Hz result above.

3.5 Parameter and device robustness

Two forms of robustness bearing directly on neuromorphic implementation were examined. The first
concerns the coincidence window itself, which is governed by the membrane time constant of the Layer
1 units. This time constant tolerated variation of approximately 25% without qualitatively altering
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the layer’s behaviour, a margin comparable to the neuron-to-neuron and synapse-to-synapse mismatch
expected among devices fabricated on the same chip. The redundant AND/OR construction of the
mismatch detector was central to this tolerance, since the simultaneous excitatory and inhibitory
pathways make the mismatch decision far less sensitive to jitter and small parameter drift than a
single-pathway comparison would be.

The second concerns portability across physical devices. The network was transferred to a second
chip and run with the parameters tuned on the first, without any re-tuning. It reproduced stable
and reliable filtering behaviour identical to the original setup, indicating that the design tolerates
chip-to-chip variability rather than depending on parameters fitted to one particular device. Taken
together with the timing-tolerance result, this suggests that the architecture’s robustness is a structural
property of the mismatch-plus-WTA design rather than an artefact of careful per-device calibration.

3.6 Summary

Across the full set of experiments, the mismatch-based architecture consistently selected the channel
most temporally correlated with the reference and did so robustly along every axis tested: independent
of which channel carried the correlated signal, under distractor rates exceeding fourteen times the ref-
erence frequency, across a reference that shifted dynamically among channels, under phase offsets up to
roughly 168° when distractors matched the reference rate, and across two physical devices without re-
tuning. The one clear failure mode -simultaneous weak temporal alignment and high-rate distractors-
is understood and localized rather than diffuse, and points to a concrete direction for improvement.
Overall, these results support the central claim of the project: that the coincidence-detection-plus-
competitive-selection motif underlying biological selective attention can be implemented directly in
spiking neurons, with a degree of robustness meaningful for low-power, mixed-signal neuromorphic
hardware.

4 Conclusion and Discussion

The results of this project demonstrate that a biologically inspired coincident detection system can be
implemented directly with spiking neurons and synaptic dynamics. The central aim was not simply
to classify spike trains in software, but to show that the computation itself from detecting temporal
agreement, accumulating evidence, and selecting the best-matching stream, can be expressed in a fully
neuromorphic form in order to leverage neuromorphic computational benefits. The mismatch-based
architecture achieved this goal by decomposing the problem into three interpretable stages: local
mismatch detection, analog mismatch integration, and competitive winner-take-all selection. Across
the experiments, this layered design reliably selected the candidate channel most temporally correlated
with the reference, even when firing rate alone was uninformative or misleading.

A key strength of the architecture is that it bases its decision on accumulated temporal disagree-
ment rather than raw input intensity. This distinction is important for the cocktail-party framing
of the project. In a cluttered sensory environment, the most relevant signal is not necessarily the
strongest or the most frequent; it is the one whose temporal structure is meaningful with respect to
the attended reference. The high-rate distractor experiment directly tested this principle. Even when
three uncorrelated channels fired at rates up to 500 Hz, while the reference and correct channel re-
mained at 35 Hz, the network continued to select the temporally aligned channel. This shows that the
mismatch pathway does not treat additional spikes as additional evidence for a distractor. Instead,
extra uncorrelated spikes become extra mismatch events, making the distractor less likely to win. In



Bio-inspired DL Workshop 2026 Reports

this sense, the architecture implements a useful form of correlation filtering: it suppresses strong but
irrelevant activity and preserves weaker but temporally structured agreement.

The mismatch formulation also proved advantageous because it accounts for both types of dis-
agreement between two spike trains: missing expected spikes and spurious additional spikes. A purely
coincidence-based readout would only reward moments at which the reference and candidate fire to-
gether, but it would not explicitly penalize events that are present in one sequence and absent in the
other. By contrast, the mismatch detector produces evidence whenever the two sequences diverge.
This makes the accumulated signal in Layer 2 a more complete representation of temporal dissimi-
larity. The success of the architecture across fixed-reference, high-distractor, and shifting-reference
experiments suggests that this mismatch signal provides a stable basis for downstream selection.

Another important outcome is the robustness of the design to variability, which is essential for
mixed-signal neuromorphic hardware. Neuromorphic devices are not perfectly homogeneous: neuron
and synapse parameters vary across circuits and across chips, and any useful architecture must toler-
ate these variations without requiring exact retuning. The final coincidence-window implementation
of Layer 1 tolerated approximately 25 % variation in the relevant membrane time constant without
qualitatively changing its behaviour. In addition, when the tuned network was transferred to a second
chip, it reproduced stable filtering behaviour without further calibration. These results indicate that
the architecture does not depend on a fragile, precisely tuned spike-time comparison. Instead, ro-
bustness emerges from the circuit structure itself, especially from the redundant AND/OR mismatch
detector and the use of a finite coincidence window.

The design of the WTA layer was also central to the network’s performance. Because Layer 2
behaves almost like a persistent mismatch counter, early mismatch events can remain visible for the
duration of the comparison window. Without compensation, this could bias the final decision toward
channels whose mismatches occur later rather than channels that are genuinely better matched overall.
The strong leakage in the WTA neurons addresses this problem by preventing early, transient evidence
from dominating the final competition. Only the near-current mismatch levels are allowed to determine
the winner. This was especially important in the dynamic reference-shifting experiment, where the
relevant channel changed over time. The network showed short settling periods after each reference
shift, but then re-stabilised on the newly correlated channel. This behaviour is desirable because it
reflects a trade-off between stability and flexibility: the system does not switch instantly in response
to a single event, but it also does not remain locked to a previously relevant input.

However, the architecture also showed a clear limitation. Temporal delay tolerance was strong
when distractor channels fired at the same rate as the reference, with correct selection maintained up
to a phase offset of 168° at 35 Hz. Yet this tolerance dropped sharply when distractors fired at 350
Hz, where errors appeared already at the first tested delay. This indicates that the current design is
robust when the correct signal is reasonably well aligned and when distractor strength is moderate,
but it becomes vulnerable when weak temporal correlation and strong background activity occur
simultaneously. In practical terms, the architecture can distinguish a matched signal from intense
uncorrelated activity, and it can tolerate substantial delay under balanced rates, but it struggles when
these two difficulties are combined.

This failure mode is informative rather than merely negative. It suggests that the main bottleneck
lies in the balance between coincidence-window tolerance and mismatch accumulation. A wider coin-
cidence window improves tolerance to jitter and delay, but may also risk merging events that should
be treated as mismatches. A narrower window improves temporal precision but becomes fragile under
realistic timing offsets. Future versions of the architecture could therefore benefit from adaptive coin-
cidence windows, delay-compensating pathways, or multiple parallel detectors operating at different
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temporal scales. Another possible improvement would be to add a normalization mechanism so that
very high-rate distractors do not dominate the mismatch count purely through event number. Such
extensions would remain compatible with the neuromorphic philosophy of the project, provided they
are implemented using spiking dynamics rather than external computation.

The second, coincidence-rewarding architecture offers an interesting complementary direction.
While the mismatch-based system is strong because it explicitly captures disagreement, a direct
coincidence-based system could respond faster in cases where the correct channel has many reliable
matches and distractors are sparse. It may also simplify parts of the circuit by replacing mismatch
counting with positive evidence accumulation. However, as discussed earlier, a pure match-counting
strategy risks ignoring missing spikes and may be more vulnerable to high-rate distractors that oc-
casionally coincide by chance. A promising future direction would therefore be a hybrid architecture
that accumulates both positive coincidence evidence and negative mismatch evidence. Such a system
could compare the two forms of evidence to produce a more balanced measure of temporal similarity,
potentially improving performance under delayed or high-noise conditions.

Overall, the results support the central hypothesis of the project: coincidence detection combined
with competitive selection can be implemented directly in a spiking, neuromorphic architecture and
can reproduce a simple form of selective attention. The network is not a full model of biological
auditory attention, nor does it solve the complete cocktail-party problem in naturalistic sensory scenes.
Nevertheless, it captures an important computational ingredient of that ability: selecting the stream
whose temporal structure best matches a reference while suppressing competing inputs. Its robustness
to channel identity, high-rate distractors, dynamic reference shifts, parameter variability, and chip-
to-chip transfer shows that the design is not merely a simulation-specific solution but a plausible
candidate for low-power neuromorphic implementation. The remaining limitations define clear next
steps, particularly improving delay tolerance in the presence of strong distractors and exploring hybrid
match/mismatch evidence. Taken together, this work provides a compact proof of principle that
selective attention-like filtering can be built from neuromorphic primitives rather than imposed by
external digital processing.
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Evaluating Spiking Neural Networks for Electrodermal
Activity-Based Workload Classification and Agitation Prediction
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Abstract

Electrodermal activity (EDA) provides a non-invasive measure of sympathetic arousal and can
be acquired continuously using wearable sensors. Spiking neural networks (SNNs) offer a bio-
inspired framework for processing physiological information as discrete spike events, with po-
tential applications in low-power wearable systems. This report evaluated a SNN-based EDA-
processing pipeline in two settings. Case 1 examined classification of resting and experimental
workload conditions in healthy participants, while Case 2 examined prediction of agitation within
the following hour in people living with dementia. Tonic, phasic, and spectral EDA features were
transformed into spike trains using Gaussian population encoding and processed using feedfor-
ward Leaky Integrate-and-Fire (LIF) networks. In Case 1, tonic features provided the strongest
standalone classification performance. In Case 2, within-patient models performed more consis-
tently than models transferred to unseen participants. These findings establish the feasibility of
spike-based EDA processing for classification and prediction tasks and provide a foundation for
future patient-adapted implementations on wearable neuromorphic hardware.

1 Introduction

Electrodermal activity (EDA) is a non-invasive physiological signal that reflects changes in the electri-
cal properties of the skin resulting from eccrine sweat gland activity under sympathetic control [1-3].
EDA is commonly measured as skin conductance by applying a small voltage between two electrodes
placed on the skin and recording the resulting conductance in microsiemens (uS). The measured signal
is generally decomposed into a slowly varying tonic component, referred to as the skin conductance
level, and a more rapidly varying phasic component comprising individual skin conductance responses
[2, 3]. These components provide complementary information about longer-term changes in sympa-
thetic activation and shorter-duration sudomotor responses to internal or external stimuli.

Processing and analysis of EDA may support clinical applications in neurodegenerative disorders
such as dementia, particularly for the detection and prediction of agitation. Agitation is a preva-
lent and burdensome neuropsychiatric symptom that may involve excessive motor activity, verbal or
physical aggression, and emotional distress [4]. Because agitation can be accompanied by changes in
autonomic arousal, EDA-derived features have been investigated as physiological indicators of agitation
and related behavioral states [5-7]. Wearable devices such as the Empatica E4 enable the continu-
ous acquisition of wrist EDA and other physiological signals in naturalistic environments, opening
possibilities for monitoring changes in patient state and supporting timely, personalized care [5, 8].
Similar wearable measurements can also be used in controlled experimental settings to characterize
physiological responses to cognitive and psychosocial workload.
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Conventional EDA-analysis pipelines typically extract tonic, phasic, and spectral features that
are subsequently classified using statistical models or conventional artificial neural networks [9-11].
Spiking neural networks (SNNs) provide an alternative computational framework in which information
is represented and processed as discrete spikes over time [12, 13]. Although SNNs can support sparse,
event-driven computation on compatible neuromorphic hardware, the potential computational and
energy benefits depend on the encoding method, spike activity, network architecture, and hardware
implementation [14].

In the present work, continuous EDA-derived features were transformed into spike trains using
Gaussian population encoding and processed using Leaky Integrate-and-Fire (LIF) neurons. The
primary objective was to evaluate the feasibility of this spike-based processing framework in two
settings: classification of experimental workload conditions in healthy participants and prediction of
future agitation in people living with dementia. We hypothesized that EDA-derived features would
contain sufficient information to discriminate between experimental workload conditions and to predict
near-term agitation within individual patients. We further examined whether the relative performance
of patient-specific and subject-independent models indicated a need for individualized calibration in
the dementia setting.

2 Methods

2.1 Datasets and experimental design
2.1.1 Case 1: Stress Assessment Dataset

Case 1 used the publicly available EmpaticaE4Stress dataset, comprising physiological recordings from
29 healthy adults aged 2060 years [8]. EDA was recorded at 4 Hz using the Empatica E4 wristband
while participants completed a laboratory protocol designed to induce cognitive and psychosocial
workload. The complete protocol consisted of an initial three-minute resting period followed by five
tasks separated by two-minute rest periods. The present analysis included the initial rest period and
the first three tasks: Lego assembly without instructions, Lego assembly with instructions, and Lego
assembly with instructions while counting backwards (Figure 1).

2.1.2 Case 2: Dementia Agitation Prediction Dataset

Case 2 used a subset of data collected at the Specialized Dementia Unit of Toronto Rehabilitation
Institute, University Health Network, Toronto, Canada [15]. The original study acquired multimodal
Empatica E4 recordings from 20 people living with dementia and clinically significant behavioral
symptoms over a total of 600 recording days. For the present study, previously processed tonic and
phasic EDA signals, together with agitation annotations, were available for five participants aged
6593 years. Each participant file represented one continuous recording day. Agitation episodes were
documented by trained nursing staff, and their timing was refined through review of synchronized
video recordings.

2.2 Pre-processing and feature extraction

2.2.1 Case 1: Stress Assessment Dataset

Raw EDA was processed at its original sampling frequency of 4 Hz using the NeuroKit2 eda_process
function [16]. The cleaned signal was subsequently decomposed into tonic and phasic components
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EDA Signal Decomposition into Tonic and Phasic Components

Task 1 (small pieces, no instructions) Task 2 (small pieces, instructions) Task 3 (large pieces)

0 2 4 6 8 10 12 14 16 18 20 22 24 26
X )
L L J Time (minutes)

R, t, & t
Raw EDA = Tonic Component Phasic Component

Figure 1: Experimental protocol, EDA decomposition, and selected analysis windows for Case 1. Raw EDA is
shown in grey, with the tonic and phasic components shown in dark and light blue, respectively. The coloured
regions indicate the complete durations of the first three tasks: Lego assembly without instructions, Lego
assembly with instructions, and Lego assembly with instructions while counting backwards. The bracketed
intervals indicate the two-minute windows used for classification: minutes 1-3 for the initial resting period
(Ro), 3:30-5:30 for task 1 (¢1), 15:30—17:30 for task 2 (t2), and 22:30-24:30 for task 3 (¢3). EDA, electrodermal
activity.

using eda_phasic. Equally sized two-minute windows were selected for the initial resting period and
the first three task conditions. For the three-minute initial rest period, the final two minutes were
retained, corresponding to minutes 1-3 of the recording. For each task, the first 30 s were excluded to
reduce the influence of the transition from the preceding condition, and the subsequent two minutes
were retained for analysis. The selected intervals, denoted as Ry, t1, to, and t3, are indicated in
Figure 1.

Seven EDA features were extracted from each two-minute window (Table 1). Tonic activity was
represented by the mean tonic level and the maximum local slope calculated over 5-s intervals. Phasic
activity was characterized by the number, mean amplitude, and amplitude variability of detected
skin conductance responses (SCRs). SCRs were identified using the NeuroKit2 eda_peaks function
at 4 Hz with a minimum amplitude of 0.3 uS. Frequency-domain features were calculated from the
phasic component after applying a zero-phase fourth-order Butterworth low-pass filter with a cutoff
frequency of 0.8 Hz. Power spectral density was estimated using Welch’s method with 30-s Hann
windows and 50% overlap [17, 18]. The PSD was integrated over 0-0.8 Hz to obtain total spectral
power and over 0.045-0.25 Hz to obtain EDASymp power.

2.2.2 Case 2: Dementia Agitation Prediction Dataset

For Case 2, the available data consisted of previously processed tonic and phasic EDA components
provided at 64 Hz, together with the corresponding agitation annotations. For each participant, the
signals were divided into non-overlapping one-minute windows, and samples not forming a complete
window were discarded. A minute was labelled as current agitation if at least one sample within that
minute was annotated as agitation. The prediction target for minute ¢ was positive if at least one
agitation-labelled minute occurred during minutes ¢ + 1 through ¢ + 60. The final 60 minutes of each
recording were excluded because a complete prediction horizon was unavailable. Each participant file
represented one continuous recording day.

The same seven physiological feature definitions were applied to each one-minute Case 2 window.
The mean tonic level and maximum local slope were calculated from the supplied tonic component.
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Table 1: Selected EDA features for Case 1.

Feature Description EDA
component

Mean tonic level Average tonic skin conductance level. Tonic
Maximum local slope Steepest change in the tonic signal within a 5-second window. Tonic
SCR amplitude Standard deviation of the detected SCR amplitudes. Phasic
variability

SCR peak count Number of detected SCRs within the analysis window. Phasic
Mean SCR amplitude Mean amplitude of the detected SCR peaks. Phasic
Total spectral power Power of the phasic EDA component within the 0-0.8 Hz Phasic

frequency band.
EDASymp-band power  Power of the phasic EDA component within the Phasic

0.045-0.25 Hz frequency band.

Abbreviations: EDA, electrodermal activity; EDASymp, electrodermal activity sympathetic index; SCR, skin
conductance response.

SCR count and the mean and standard deviation of SCR amplitude were estimated from the sup-
plied phasic component. Because the original composite EDA signal was unavailable, the processed
composite signal was approximated by summing the supplied tonic and phasic components. This re-
constructed signal was filtered between 0.01 and 0.8 Hz before spectral analysis. Total EDA spectral
power and absolute EDASymp power were calculated by integrating the power spectral density over
0.01-0.8 Hz and 0.045-0.25 Hz, respectively.

To represent recent physiological context, strictly past rolling means of each of the seven features
were calculated over 5-; 15-, and 30-minute intervals. The feature series were shifted by one minute
before calculating the rolling means, ensuring that the context features for minute ¢ contained infor-
mation only from preceding minutes. The resulting representation comprised seven current-minute
features and 21 context features. The first 30 minutes of each recording were excluded because a
complete 30-minute feature history was unavailable.

2.3 Spike encoding

After feature extraction, continuous EDA features were converted into spike-based representations as
input for the SNN. The encoding pipeline consisted of feature normalization, Gaussian population
encoding, firing-rate normalization, and deterministic spike-train generation. The complete pipeline
is illustrated in Figure 2.

First, each feature was normalized to the interval [0,1]. In Case 1, normalization was performed
within each subject across the selected tasks and rest in order to reduce inter-subject amplitude
differences. The raw inter-subject differences in mean tonic level are illustrated in Figure 2A, while
the corresponding within-subject normalized values are shown in Figure 2B. For subject s, condition
¢, and feature f, this was defined as

z — Ls,e,f — minc(xs"”f)
5,6 f maXc(:C&c,f) - minC(xS,&f) +e

(1)

where C = {rest0, task1, task2, task3} and € = 1078 is introduced as a small constant to avoid division
by zero. This normalization expresses each feature relative to the participant’s own physiological range
during the recording session. In Case 2, a signed logarithmic transformation was first applied to reduce
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the influence of extreme feature values. The transformed features were subsequently normalized using
the 1st and 99th percentiles estimated exclusively from the training partition, with values outside this
range clipped to [0,1]. The same transformation and normalization parameters were then applied
unchanged to the corresponding validation and test partitions to avoid information leakage.

Each normalized feature was then expanded into three Gaussian-tuned encoding channels, corre-
sponding to low, medium, and high values [19]. The Gaussian tuning curves and the channel responses
for an example normalized feature value are illustrated in Figure 2C. The Gaussian centers were fixed
at

c1 =0, co = 0.5, c3 = 1. (2)

For a normalized feature value x’, the raw response of encoding channel j was computed as

r; = exp [—; (”C;CJﬂ , (3)

with ¢ = 0.25. This population code represents each scalar feature by a relative low-mid-high response
profile.
A second normalization was applied to the three Gaussian responses of each feature before spike
generation:
. 7

= maxy(rg) + € @)

This step should be interpreted as firing-rate normalization rather than an additional normalization of
the original EDA feature. It rescales the strongest encoding channel to one and preserves the relative
response pattern of the remaining channels. The resulting firing-rate-normalized population responses
for all seven EDA features are presented in Figure 2D. This second normalization ensured that each
feature produced a well-defined low-mid-high population response and maintained a comparable max-
imum spike rate across features.

The normalized population responses were converted into deterministic spike trains using a rate-
based encoding strategy [20]. Each encoding response 7; determined the number of spikes emitted by
that channel:

nj = round(7; - Nmax), (5)

where nmax denotes the maximum number of spikes that an input channel could emit for one obser-
vation. Each observation was represented over an artificial simulation interval consisting of T" discrete
time steps,

te{0,1,....,T—1}. (6)

These simulation steps provide a discrete temporal axis over which the population response can be
represented as a spike frequency. For each input channel, the calculated number of spikes was dis-
tributed approximately evenly across the simulation interval. Consequently, channels with stronger
population responses generated more spikes, whereas channels with weaker responses generated fewer
or no spikes. In Case 1, T' = 30 and nmax = 10. The resulting Case 1 spike raster is shown in
Figure 2E. In Case 2, a shorter simulation interval of T' = 20 and a maximum of nya.x = 8 spikes per
channel were used to limit the size of the expanded representation.
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Each feature generated three population-encoded input channels. Consequently, the seven Case 1
features produced 21 input channels and a binary input matrix of dimensions 30 x 21. These channels
comprised six tonic, nine phasic, and six spectral channels, as illustrated in Figure 2E. Case 2 included
seven current-minute features and 21 rolling-context features, resulting in 28 features, 84 population
channels, and an input matrix of dimensions 20 x 84.

2.4 SNN architecture

The neuromorphic models were implemented as feedforward SNNs using snnTorch [13]. Both archi-
tectures comprised a spike-encoded input layer, one hidden LIF layer, and an output LIF layer.
The LIF membrane dynamics were represented as

Ult + 1] = pU[t] + Ln[t + 1] — R[t|Uspy, (7)

where U[t] denotes the membrane potential, 8 is the membrane decay parameter, Ij,[t] is the synaptic
input current, Uiy, is the firing threshold, and R[t] is a binary reset indicator that equals one when
the neuron emits a spike. The threshold was fixed at 1.0, and the membrane potential was reset by
subtracting the threshold after spiking.

For Case 1, the complete architecture was defined as

21 input channels — H hidden LIF neurons — 4 output LIF neurons, (8)

where the hidden-layer size H and membrane decay parameter [ were optimized by grid search.
The four output neurons represented rest, task 1, task 2, and task 3. Predictions were obtained using
winner-take-all decoding of the output spike counts over the 30-step simulation interval. The same
architecture was used for the feature-group analyses, with six input channels for the tonic and spectral
groups and nine input channels for the phasic group.

For Case 2, the architecture was adapted for binary prediction:

84 input channels — 32 hidden LIF neurons — 2 output LIF neurons. (9)

The two output neurons represented no agitation and agitation within the subsequent 60 minutes.
Their spikes were accumulated over the 20-step simulation interval. A softmax transformation of
the two output spike counts provided an estimated probability of future agitation. The resulting
probability was subsequently converted into a binary prediction using the decision procedure described
in the following subsection. In both cases, the trainable parameters consisted of the weights and biases
of the two fully connected layers.

2.5 Model training and optimization

The SNNs were trained using supervised learning. During each training epoch, spike-encoded ob-
servations were propagated through the network and the output spikes were accumulated across the
simulation interval. The resulting output spike counts were compared with the true class labels using
cross-entropy loss. The weights and biases of the fully connected layers were updated using the Adam
optimizer [21].

Because the spike-generation function is non-differentiable, standard backpropagation cannot be
applied directly. Surrogate-gradient learning was therefore used. During the forward pass, LIF neurons
emitted binary spikes according to the membrane threshold rule. During the backward pass, the
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Figure 2: Five-stage EDA feature normalization and spike-encoding pipeline. A, Raw mean tonic values
across the four selected conditions for three representative subjects, illustrating substantial inter-subject
differences in absolute EDA magnitude. B, The same values after within-subject min-max normalization
across rest, task 1, task 2, and task 3. A value of zero represents the lowest mean tonic value observed for
that subject, whereas a value of one represents the highest. The red square indicates one example normalized
subject-condition value. C, Gaussian population encoding illustrated for a normalized maximum-slope value
of approximately 0.21. The feature value activates three Gaussian-tuned channels centred on low, medium,
and high values, with o = 0.25. D, Population-channel responses for all seven EDA features after the second,
feature-wise normalization step. For each feature, the strongest Gaussian response was rescaled to one, while
the other responses were expressed relative to this maximum. E, Deterministic spike raster generated from
the normalized population responses. Each of the seven features was represented by three input channels,
resulting in 21 population-coded input channels. Higher channel responses generated more spikes over the
30 simulation time steps. Channel colours indicate tonic, phasic, and spectral feature groups.
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derivative of the spike function was approximated using a fast-sigmoid surrogate function. This enabled
gradient-based optimization of the network parameters while preserving binary spike generation during
the forward pass [13, 22].

For Case 1, hyperparameter optimization was performed using leave-one-subject-out cross-validation.
For each hyperparameter configuration, one participant was held out and a new SNN was trained from
scratch using the remaining participants. This procedure was repeated until every participant had
served as the held-out subject. Predictions from the 29 held-out folds were pooled, and balanced ac-
curacy was used to compare candidate configurations. The following hyperparameters were evaluated:

H € {16,32, 64}, (10)

3 € {0.85,0.90,0.95}, (11)
epochs € {50, 100,200}, (12)
1 € {0.0005,0.001,0.005}, (13)
Nmax € {4,6,10}. (14)

Here, H denotes the number of hidden LIF neurons, S the membrane decay parameter, n the learning
rate, and nyax the maximum number of input spikes per population channel.

To assess the contribution of the different EDA feature families in Case 1, the selected all-feature
SNN configuration was additionally evaluated using tonic, phasic, and spectral feature groups sep-
arately. The population encoding and SNN architecture were unchanged, except for the number of
input channels. The tonic and spectral groups each produced six input channels, while the phasic
group produced nine input channels. A second grid search using the same hyperparameter ranges was
performed specifically for the tonic feature group.

The SNN was also compared with a spike-delta readout and three conventional machine-learning
classifiers. The spike-delta model used the same population-encoded input spikes as the SNN, but
replaced the hidden LIF layer with a linear readout trained on the accumulated input spike counts.
Logistic regression, a linear support vector machine, and a radial-basis-function support vector machine
were trained directly on the normalized continuous EDA features. All models were evaluated using
the same LOSO folds, with balanced accuracy and macro-F1 as performance measures.

For Case 2, one fixed model configuration was used for all evaluation folds. In the within-patient
analysis, each recording was divided into non-overlapping five-minute blocks, which were stratified
according to whether they contained at least one positive future-agitation label. Thirty percent of the
blocks were assigned to testing. Of the remaining development blocks, 25% were assigned to validation
and the remainder to training. In the LOSO analysis, one participant was held out for testing, one
of the remaining participants was used for validation, and the other three participants formed the
training set.

The Case 2 model contained 32 hidden LIF neurons and used a membrane decay parameter of
B = 0.95, a learning rate of 0.003, weight decay of 10™%, a batch size of 128, and hidden-layer dropout
of 0.05. Training was performed for a maximum of 80 epochs, and gradient norms were clipped to 1.0
to improve training stability.

Class imbalance was addressed using balanced mini-batches and class-weighted cross-entropy loss.
Each mini-batch contained approximately equal numbers of positive and negative observations, sam-
pled with replacement when necessary. The positive-class loss weight was defined as the ratio of
negative to positive observations in the training set.
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After each epoch, PR-AUC was calculated in the validation set. Training was stopped when
validation PR-AUC did not improve for 15 consecutive epochs, and the model state with the highest
validation PR-AUC was retained. After training, the probability threshold that maximized balanced
accuracy in the validation set was selected and applied unchanged to the corresponding test set. The
test set was used only for final performance evaluation.

3 Results

3.1 Case study 1: Activity classification

The Case 1 grid search selected an all-feature SNN with 64 hidden neurons, a membrane decay
parameter of 5 = 0.95, 100 training epochs, a learning rate of 0.005, and a maximum input spike count
of 10. This configuration achieved a balanced accuracy of 0.655 and a macro-F1 score of 0.656 under
leave-one-subject-out cross-validation (Table 2; Figure 3A). In the corresponding confusion matrix,
24 of 29 rest observations and 26 of 29 task 3 observations were classified correctly. Misclassifications
occurred more frequently for task 1 and task 2 (Figure 3B).

In the feature-group analysis using the fixed all-feature SNN configuration, the complete feature
set achieved the highest balanced accuracy among the evaluated SNN inputs. Among the individual
feature groups, the tonic feature group achieved the highest balanced accuracy, followed by the phasic
and spectral groups (Figure 3A).

The tonic-specific grid search selected a model with 32 hidden neurons, 8 = 0.95, 200 training
epochs, a learning rate of 0.001, and a maximum spike count of 10. This model achieved a balanced
accuracy of 0.672 and a macro-F1 score of 0.660. Its balanced accuracy was 0.017 higher than that of
the optimized all-feature SNN (Figure 3C).

The tonic spike-delta readout achieved a balanced accuracy of 0.647 and a macro-F1 score of 0.628.
Among the conventional classifiers, the tonic RBF-SVM achieved a balanced accuracy of 0.638 and
a macro-F1 score of 0.621. The all-feature RBF-SVM, logistic regression, and linear SVM achieved
balanced accuracies of 0.603, 0.595, and 0.586, respectively (Table 2).

Table 2: Case 1 activity-classification performance under leave-one-subject-out cross-validation.

Model Feature group Balanced accuracy = Macro-F1
snnTorch SNN All 0.655 0.656
snnTorch SNN, tonic-optimized Tonic 0.672 0.660
Spike-delta readout Tonic 0.647 0.628
RBF-SVM Tonic 0.638 0.621
RBF-SVM All 0.603 0.571
Logistic regression All 0.595 0.555
Linear SVM All 0.586 0.554

Abbreviations: LOSO, leave-one-subject-out; RBF, radial basis function; SNN; spiking neural network; SVM,
support vector machine.

3.2 Case study 2: Agitation prediction

Within-patient prediction achieved a median PR-AUC of 0.829, a median ROC-AUC of 0.958, and a
median balanced accuracy of 0.875 (Table 3). Participant-level PR-AUC ranged from 0.730 to 0.934,
while balanced accuracy ranged from 0.816 to 0.962. Median sensitivity and specificity were 0.925 and
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Figure 3: Case 1 activity-classification performance under leave-one-subject-out cross-validation. A, Bal-
anced accuracy of the snnTorch SNN, spike-delta readout, logistic regression, linear SVM, and RBF-SVM
using tonic, phasic, spectral, and complete feature sets. The dashed line indicates the chance-level balanced
accuracy of 0.25 for the four-class task. B, Confusion matrix of the optimized all-feature snnTorch SNN.
Rows represent the true conditions and columns represent the predicted conditions. C, Balanced accuracy

of the optimized all-feature SNN, tonic-optimized SNN, and tonic spike-delta readout. SNN, spiking neural
network.

0.957, respectively. The pooled within-patient predictions comprised 883 observations and achieved a
PR-AUC of 0.784, a ROC-AUC of 0.932, and a balanced accuracy of 0.905.

In the LOSO analysis, median PR-AUC was 0.368, median ROC-AUC was 0.595, and median
balanced accuracy was 0.528. Participant-level PR-AUC ranged from 0.129 to 0.555, while balanced
accuracy ranged from 0.419 to 0.640. Median sensitivity was 0.096 and median specificity was 0.977.
The pooled LOSO predictions comprised 2893 observations and achieved a PR-AUC of 0.270, a ROC-
AUC of 0.469, and a balanced accuracy of 0.490.

Figure 4 shows the estimated risk of agitation across the recording of Subject 01. The within-
patient and LOSO models produced PR-AUC values of 0.829 and 0.501 for this participant, respec-
tively. In the within-patient analysis, sensitivity and specificity were 0.773 and 0.974. In the LOSO
analysis, the corresponding values were 0.829 and 0.228.

Table 3: Case 2 agitation-prediction performance. Values represent medians across the five
participants.

Evaluation PR-AUC ROC-AUC BA Sens. Spec.
Within-patient 0.829 0.958 0.875 0.925 0.957
LOSO 0.368 0.595 0.528 0.096 0.977

Abbreviations: BA, balanced accuracy; LOSO, leave-one-subject-out; PR-AUC, area under the precision-recall
curve; ROC-AUC, area under the receiver operating characteristic curve; Sens., sensitivity; Spec., specificity.
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Figure 4: Predicted agitation risk for Subject 01. A, Within-patient evaluation showing only held-out test
blocks; gaps indicate observations assigned to training or validation. B, Leave-one-subject-out evaluation
showing all eligible observations from the held-out participant. The blue line represents the estimated proba-
bility of agitation within the subsequent 60 minutes, the red line represents the corresponding binary target,
and the dashed black line represents the validation-selected probability threshold. LOSO, leave-one-subject-
out.

4 Discussion

In Case 1, tonic features provided the strongest standalone performance, and optimizing the SNN
specifically for the tonic feature group produced a small improvement over the complete feature set.
This is consistent with previous research showing that EDA level and other amplitude-related measures
can differentiate resting periods from cognitive or emotional stimulation [1, 3]. The confusion observed
between the first two task conditions may reflect similarities in their physiological demands, whereas
the resting condition and the combined construction and counting task were classified more reliably.
The lower performance of the spectral feature group should be interpreted cautiously because the
Case 1 spectral features were calculated from the isolated phasic component rather than from filtered
composite EDA, as used in the original EDASymp formulation [23].

Case 2 showed a marked difference between within-patient and subject-independent prediction.
Models trained and evaluated using data from the same participant performed more consistently than
subject-independent models evaluated on an unseen participant. This is compatible with previous de-
mentia studies showing that EDA changes may occur both during agitation and in the preceding hours,
while the physiological features associated with agitation can differ between participants and agitation
types [6, 7]. EDA measurements are also affected by substantial inter-individual physiological vari-
ability and by recording factors such as sensor location, skin—electrode contact, and motion artefacts

11
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[3]. These sources of variation may contribute to differences in feature distributions and classification
thresholds between participants. Transfer learning may provide a way to address this limitation by
first learning a general EDA representation across participants and subsequently adapting the model
using a limited amount of labelled data from a new participant. EDA-specific representation learn-
ing has shown benefits for fine-tuning and transfer under sparse-label conditions in stress-detection
research [24]. Future agitation studies could therefore compare direct LOSO transfer with thresh-
old calibration, output-layer fine-tuning, and broader patient-specific adaptation using temporally
separated calibration data.

The findings should be interpreted in view of several limitations associated with the exploratory
study design. In Case 1, hyperparameter selection and performance estimation used the same LOSO
procedure, and the small difference between the tonic and complete-feature models was not formally
tested. In Case 2, only one recording day and a limited number of agitation episodes were available per
participant. Rolling-feature histories and future-agitation labels could overlap between within-patient
partitions, while the number of independent episodes was insufficient for episode-grouped evaluation.
Larger multi-day datasets with more independent agitation episodes will therefore be important for
confirming the present findings using nested, temporally separated, and patient-calibration analyses.

Finally, the present analyses establish the feasibility of transforming EDA-derived features into
spike-based representations for SNN-based classification and prediction. This provides a method-
ological foundation for future wearable neuromorphic applications, in which continuous physiologi-
cal signals could be processed using event-driven computation. Further optimization of the feature
representation, spike encoding, and network architecture, followed by implementation on dedicated
neuromorphic hardware, may enable computationally efficient and low-power inference in wearable
systems [14]. Future studies should evaluate this potential directly by measuring latency, memory
use, spike activity, and energy consumption on the target hardware. Repeated recording days, addi-
tional independent agitation episodes, and multimodal physiological and movement signals will also
be needed to assess temporally independent prediction and patient-specific adaptation under realistic
deployment conditions.

5 Conclusions

This work demonstrated the feasibility of transforming EDA-derived features into spike-based repre-
sentations for SNN classification and prediction. In the experimental workload setting, tonic EDA
features provided the strongest standalone performance, while the complete feature representation also
supported discrimination between resting and task conditions. In the dementia setting, within-patient
models performed more consistently than subject-independent models, highlighting the importance
of individual physiological patterns and patient-specific calibration. Together, these findings support
further development of SNN-based EDA processing for wearable monitoring applications.
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