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Abstract—Unlike traditional artificial neural networks (ANNs),
biological neuronal networks solve complex cognitive tasks with
sparse neuronal activity, recurrent connections, and local learning
rules. These mechanisms serve as design principles in Neu-
romorphic computing, which addresses the critical challenge
of energy consumption in modern computing. However, most
mixed-signal neuromorphic devices rely on semi- or unsupervised
learning rules, which are ineffective for optimizing hardware in
supervised learning tasks. This lack of scalable solutions for on-
chip learning restricts the potential of mixed-signal devices to
enable sustainable, intelligent edge systems. To address these
challenges, we present a novel learning algorithm for Spiking
Neural Networks (SNNs) on mixed-signal devices that integrates
spike-based weight updates with feedback control signals. In our
framework, a spiking controller generates feedback signals to
guide SNN activity and drive weight updates, enabling scalable
and local on-chip learning. We first evaluate the algorithm on
various classification tasks, demonstrating that single-layer SNNs
trained with feedback control achieve performance comparable
to artificial neural networks (ANNs). We then assess its im-
plementation on mixed-signal neuromorphic devices by testing
network performance in continuous online learning scenarios and
evaluating resilience to hyperparameter mismatches. Our results
show that the feedback control optimizer is compatible with
neuromorphic applications, advancing the potential for scalable,
on-chip learning solutions in edge applications.

Index Terms—online learning, spiking neural networks, control
theory, neuromorphic computing, mixed-signal devices

I. INTRODUCTION

Nowadays, deep ANNs have become a cornerstone of
modern artificial intelligence [1]. This has been driven by
advancements in hardware acceleration (i.e., GPUs, TPUs, and
NPUs) and intensive training procedures with backpropaga-
tion of error [2] over hundreds to thousands of computing
machines. While backpropagation allows for massive paral-
lelization of training, it also requires intensive memory access
by (1) storing and retrieving intermediate state variables for
automatic differentiation, (2) encoding error information with
separate states, and (3) updating every parameter during every
backward pass [3, 4]. This approach makes ANN ideal for
tasks like image classification, speech recognition, and large-
scale language modeling [5—7], where massive memory access

and training on large, pre-collected datasets in controlled
settings are possible (offline learning). On the other hand, these
models are unsuitable for applications where power efficiency,
continuous, and adaptive optimization are key requirements
(online learning) [8]. This online learning approach is par-
ticularly critical for systems operating in an always-on mode,
enabling them to adapt continuously to changing environments
in edge applications such as autonomous systems, IoT devices,
and personalized services.

A change of paradigm is thus needed to address such chal-
lenges. The field of neuromorphic computing has embraced
this shift by drawing inspiration from the brain’s remarkable
ability to learn continuously, efficiently, and in a distributed
manner [9]. Biological neural networks operate with local
learning mechanisms that are adaptive, scalable, and optimized
for real-time functionality [10, 11]. These networks use spike-
based communication and feedback loops, enabling efficient,
on-the-fly learning without the need for massive data storage
or global error propagation [9]. The challenge of designing
systems that meet the power and adaptability needs of edge
devices calls for more than just energy-efficient hardware;
it requires brain-inspired algorithms that fully exploit the
capabilities of neuromorphic hardware.

However, current learning algorithms for mixed-signal de-
vices face significant limitations in both performance and
expressivity. Indeed, bio-inspired learning in neuromorphic
hardware has been limited to unsupervised rules [12-17],
which often require extensive hyperparameter tuning and the
integration of multiple hard-coded stabilization mechanisms
to function effectively [18, 19]. Furthermore, there is limited
theoretical understanding of how to extend these mecha-
nisms to multi-layered spiking neural networks (SNNs) [20].
Moreover, computer in-the-loop (ITL) methods with surrogate
gradients have shown promise for training multi-layer SNNs
on mixed-signal devices[21]. However, ITL approaches require
storing the computation graph of the SNN, assuming idealized
dynamics, computing the weight updates with backpropagation
through time (BPTT), and reconfiguring the network at every
training step. This process is energy-intensive and unsuitable
for online learning in adaptable devices where energy effi-
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ciency is critical. As yet, training SNNs online and directly
on neuromorphic devices remains a challenging engineering
and computational problem.

In this work, we address this challenge by proposing a
novel optimization algorithm that integrates spike-based local
learning rules with feedback control signals. Our approach is
inspired by recent work on biologically plausible credit assign-
ment with control [22-26]. In this family of models, a control
module is used to steer network activities toward target outputs
and generate learning signals for effective credit assignment in
deep ANNSs [23]. Here, we implement these mechanisms in an
SNN, introducing a novel architecture with a control module
of spiking neurons. In our model, both inference and learning
are mediated by the recurrent connections between these two
modules. The error information is encoded in the temporal
dynamics of synaptic currents, eliminating the need to store
intermediate network states. This enables neurons to adjust
synaptic weights online, removing the requirement for separate
training and inference phases. Additionally, weight updates
follow a fully local learning rule guided by the control signals,
without relying on nested gradient computations typical of
backpropagation.

First, we train SNNs on multiple supervised learning tasks
with our feedback control optimizer. Second, we demonstrate
that our SNN feedback control algorithm is suitable for online
learning, and we validate its performance by emulating typical
hardware constraints (i.e., number of connections and hard-
ware substrate mismatch). In conclusion, this study demon-
strates the potentiation of this novel hardware-aware algorithm
to revolutionize the scalability of neuromorphic devices.

II. THE FEEDBACK CONTROL OPTIMIZER
A. The network architecture

We built the architecture of the feedback control optimizer
on a simple computational primitive: (1) an Integrate-and-
Fire (LIF) output neuron, and (2) a controller module of
one excitatory (positive) and one inhibitory (negative) LIF
control neuron (Figure la, left). During training, the neuron
receives external inputs (bottom-up), while the controller mod-
ule receives external inputs from target sources (top-down).
Each bottom-up input is associated with spiking patterns
from top-down inputs representing a target activity for the
output neuron. The controller module is only active during
training and sends feedback signals proportional to the ac-
tivity differences between the output neuron and the target
sources. These feedback signals drive the neuron to match
the target activities during training and provide a learning
signal for credit assignment on the feedforward synapses [23,
26]. This computational unit can be directly implemented on
neuromorphic devices and scaled to neural networks for on-
chip programming of SNNs (Figure 1a). In this scenario, the
feedback signals to the output neuron are also propagated
to every layer, guiding the entire network toward the target
activities.

In this work, we restricted the implementation to a one-
layer network. Accordingly, the network comprises n output

neurons (one neuron per input class). The controller module
comprises n pairs of positive and negative control neurons
associated with each output neuron. First, the dynamics of
the membrane voltage and the spiking activity of the output
neurons are described by the following equations,

out __ out out ff fb
vt = a vt —uy st + I+ I

S = H(v™ — vn)
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where « = 1 — At/7,, is the decay factor given by the
membrane time constant 7, and the timestep size Af, vy
is the voltage threshold, v, € R” is the vector of membrane
voltages of the network, s; € R" is the vector of binary spiking
output of the network such that s;; € [0,1] for every i-th
neuron, and H (-) is the Heaviside function. Here, Iif and I
represent the synaptic currents of the external inputs and the
feedback inputs from the control module, as described by the
following equations,

I = BT, + Wi
Igb = ﬁIi‘il + stf—l + Qs

where 8 = 1— At/7. is the decay factor given by the synaptic
time constant 7. and the timestep size At, si' € R™ is the
vector of spiking activity from the pre-synaptic inputs to the
output neurons, W € R™™ is the set of feedforward weights
from the m pre-synaptic inputs to the n output neurons,
sy € R™ and s}’ € R™ are the vectors of spiking activities of
the positive and negative control neurons, and QP € R™" and
Q"™ € R™™ the respective feedback weights. The feedforward
currents I accumulate over time the weighted spiking activity
of the feedforward inputs with a decaying memory dictated
by 7.. Similarly, the feedback currents I accumulate the
weighted spiking activity of the control neurons.

Next, we modeled both control neurons as LIF neurons
receiving spikes from the output neurons of the network and
from the target sources (Figure la). The dynamics of the
membrane voltage and the spiking activity of the control
neurons are described by the following equations,

2
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where v = 1 — At/7, is the decay factor given by the
membrane time constant 7, and the timestep size Af, uyy
is the voltage threshold of the control neurons, uf € R™ and
uy € R" are, respectively, the vector of membrane voltages
of the positive and negative control neurons, and s € R"
and s € R" the vector of binary spiking output of the
positive and negative control neurons. The spikes from the
output neurons and target sources are accumulated into two
respective synaptic current variables JI and Ji, as follows,

{Jif = BIL, + s

" “4)
ng = 5‘]?—1 + Sttg ’
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Fig. 1. Illustration of the feedback control optimizer and binary classification task. a) Illustration of the feedback control architecture. A neuron receives
external input spikes (black and grey arrows) associated with learnable synaptic weights (W, and Wp) and, in turn, sends output spikes to the control
module (blue arrows). The neuron is paired with a positive (magenta) and a negative (light blue) control neuron. The positive and negative control neurons
receive inhibitory and excitatory activity from the output neuron, respectively. The control neurons also receive external target spikes (purple arrows) and, in
turn, send feedback spikes (light purple arrows). b) Illustration of the binary classification task. Bottom) The activity of the pre-synaptic inputs A and B for
class 1 (pink) and 2 (orange), respectively. Top-left) The input-output function (f-f curve) of the neuron. The neuron has two target activities corresponding
to the two classes (target 1 and target 2) and is trained to match these targets when inputs from the respective classes are presented. Top-right) Evolution of
the learnable synaptic weights W4 and W during training. ¢) Illustration of the feedback control algorithm. Example spiking activities of the neuron, the
targets, and the positive and negative control for an example input from class 1 (top) and class 2 (bottom). d) Left: the average cross-entropy loss during
training (black) and validation (purple). Right: the mean absolute difference between output and target activity during validation. e) Average firing rate during
validation for inputs from class 1 (black) and class 2 (light red). Left: neuron encoding class 1. Right: neuron encoding class 2. We calculate the mean and
standard deviation across multiple simulations with different random seeds (see Methods).

where § = 1 — At/7, is the same decay factor as in Equation by defining a cross-entropy objective,

(2), 3" € R™ is the vector of spiking activity from the output A .

neurons of the network (see Equation (1)), and s}* € R™ is the L(y,y)=-— Z yilog(y:), (6)
vector of spiking activity from the target sources. We refer to i

the next section for a detailed description of the optimization where y; = softmax(ro") € R" is the vector of predictions

algorithm. from the network for the i-th sample, and y; € R"™ the one-hot
S ) - encoded true labels. For every ¢-th sample, the true labels y;
B. Optimization with spiking feedback control are associated with a set of target firing rates ry® € R” where

In this work, we use the feedback control optimizer to the correct class has a higher target activity than the incorrect
train SNNs on classification tasks. We use the firing rates of ~ classes. We quantify the difference between target and output
the output neurons r" € R™ as the readout variables for activities - the target error - with a complementary objective
classification, function,

1z
o — f Z Sgut ’ 5)
=0 that is, the mean absolute difference between the target activity
where s is the spiking activity from the output neurons (see r'"® and the output firing rate of the network r°". Since the
Equation (1)). We formalize a standard classification problem target activities hold the same structure as the one-hot encoded

Lug (1%, 19) = Y ey — x|, 7)
7

Authorized licensed use limited to: ETH BIBLIOTHEK ZURICH. Downloaded on October 14,2025 at 06:24:20 UTC from IEEE Xplore. Restrictions apply.



labels, optimizing the network for the objective in Equation
(7) implicitly minimizes the classification loss in Equation
(6) [23, 25]. In our framework, we optimize the network for
the objective (6) with a feedback control approach [23]. The
control system defined in Equation (3) implements a spiking
PI controller that sends feedback proportional to an estimate of
the difference between the target activity r'™ and the output
activity r°". Indeed, the spiking activity s}* is modeled as
an homogeneous Poisson process with rate r"®, such that
E[s{®] = r"8At, where At is the timestep size. It follows
from Equation (4) that the expected value of the current JP
can be derived as,
Jim BIP) = Jim B[ 37 s + 0173
<t

5t ar+ D)

t <t ®)
(x=ae > 5" + SEIY)

<t

= lim
t—o00

= lim
t—o00

=7, Atr",

which is proportional to the target firing rate r'"¢ as ¢ — oo.
Furthermore, this current implements an exponential moving
average of the underlying firing rate, with decay factor ﬁt_t/
determined by 7. (see Equation (4)). When this time constant
is longer than the average inter-spike interval 1/r"¢, then the
current J® approximates the moving average of the underlying
firing rate, that is,

JPocr®  fort > 7. 9)
Similarly, the input spiking activity si" follows a homogeneous
Poisson process with rate r'", where E[si"] = r"At. The same
analysis can be then applied to the synaptic current I in
Equation (2), yielding

If ™ fort > .. (10)
Under the assumptions that (1) 7. is larger than the average
inter-spike interval of both control and output neurons, and (2)
the reset dynamics are negligible due to 7, < 7, the synaptic
currents in Equation (2) and Equation (4) approximates the
underlying firing rate as follows,

B T e (11)
where rP and r" is the firing rate of the positive and negative
control, respectively. Therefore, Equations (3) represent two
spiking PI controllers driven by the estimated difference
between the target and output firing rates.

The output neurons use feedback signals from the control
module to guide learning [23]. Specifically, the difference in
neuronal activity with feedback r™ versus without feedback
rf encodes error information which drives weight updates
according to

LT
AW|, = (P —rf)rf | (12)

where ri" is the firing rates of the pre-synaptic neurons. The
firing rate of a LIF neuron is approximately proportional to
the total input current I®* r; as follows,

r=rI k(-1 i ST, 13

where k is a proportionality constant, I!* is the total synaptic
currents, and I is the minimal threshold current that drives
post-synaptic spikes. Substituting this into the weight update
equation, we obtain

AW|, = (rf —ri)s;

~ kI 41 T -1 —T)s/; (14)
= kI,

and thus the following learning rule,
W[, =W|,_ +nIPs/ (15)

where 7 is the learning rate. From (11), it follows that weight
updates are driven by and proportional to the firing activity of
the control neurons.

III. RESULTS
A. Classification tasks with the feedback control optimizer

In the following, we demonstrate that the feedback control
optimizer effectively trains single-layer SNN networks. To do
so, we evaluate the algorithm’s performances on two different
datasets (see Datasets). We first demonstrate the dynamics
of the feedback control with a binary classification task. In
this setting, one output neuron receives spikes from two pre-
synaptic inputs A (black) and B (grey) (Figure 1b). The inputs
belong to two different classes: class 1 where input A fires at
100 Hz and input B at 50 Hz, and class 2 where input A fires
at 50 Hz and input B at 100 Hz. The neuron is trained to
reach specific target activities for each class (100 Hz for class
1 and 20 Hz for class 2). During training, the control neurons
integrate the difference between the output neuron’s activity
(blue) and the target spikes (purple) into their membrane
potential. When this potential reaches a threshold, the control
neurons generate positive or negative feedback, adjusting the
output neuron’s activity to better match the target (Figure 1c).
During validation and testing, the control module is inactive,
and the output neuron relies solely on its learned synaptic
weights W4 and Wp to reach the target activities. The feed-
back control drives the neuron to achieve zero classification
loss during training and zero validation error in a few epochs,
reaching 100% accuracy during the whole training process
(Figure 1d). Consequently, the difference between the output
and target activities without feedback control consistently
decreases across epochs (Figure 1d). The neuron progressively
reaches the target activities without feedback control for both
class types when trained to encode for either class 1 or
class 2 (Figure 1e). These results demonstrate that the control
system can precisely drive the neuron activity toward target
firing rates. The output neuron changes its synaptic weights
proportionally to the feedback and learns to reach the target
without the feedback.
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Fig. 2. Training a single-layer SNN on the spiking Yin-Yang dataset with feedback control. a) Illustration of the spiking Yin-Yang dataset and the

corresponding targets. Each dot belongs to the Yin (purple), Yang (azure), or dot (pink) region. Here we illustrate the spiking patterns of the input coordinates
(bottom) and target activities (top) of an example dot from the Yang class. b) The average validation accuracy for the feedback control network (purple)
compared to a network of three leaky-integrator neurons trained with backpropagation-through-time (BPTT). The dashed blue line represents test accuracy
for a standard readout layer trained with backpropagation, using firing rates directly as features for each dot’s coordinates. ¢) Left) The network predictions
on the test set, with a test accuracy of 0.63 £ 0.03. Right) The predictions of a standard ANN on the test set, with a test accuracy of 0.66 + 0.02. d) The
mean firing rate of the output neurons at the final epoch for both training (train) and validation (val) inputs across the Yin, Yang, and Dot classes. Each output
neuron is color-coded according to the class it represents: purple for Yin, azure for Yang, and pink for Dot. e) The mean target error on the test set, with dots
color-coded by associated target error (see color bar). We calculate the mean and standard deviation across multiple simulations with different random seeds

(see Methods).

Next, we train a one-layer SNN on a spike-based version of
the Yin-Yang dataset [27]. This dataset comprises dots from
the Yin, Yang, and Dot regions. The position of each dot
is determined by four coordinates z, y, 1 — z, and 1 — y.
We encode these features as firing rates between 10 and 100
Hz, where each coordinate is represented by a homogeneous
Poisson process with the given rate (Figure 2a). We train the
three output neurons to achieve a target firing rate of 20 Hz for
the correct class and 2 Hz otherwise (Figure 2a). We train the
network with the feedback control optimizer for 100 epochs
with a batch size of 20. We benchmark our results against (1)
a single-layer network of leaky integrator units trained with
backpropagation-through-time (BPTT) and (2) a linear readout
layer using the 4 input firing rates as representations of each
dot position. The SNN trained with feedback control achieves
a comparable accuracy to the other two models trained with
backpropagation (Figure 2b). Furthermore, the SNN produces
similar predictions on the test set as those expected from
a linear readout model [27] (Figure 2c). Accordingly, the
neurons encoding the Yin/Yang classes show a firing rate
closer to the high target for inputs of its respective class
and close to the low target for inputs from the opposite
class (Figure 2d). In contrast, the neuron encoding the Dot
class shows similar firing rates across all classes, with a
slight increase for Dot inputs. We note that during training

(with active control) the output neurons reach the target firing
rates more effectively than during validation (without active
control). The target error is higher in the regions where the
model provides wrong class predictions, in particular at the
borders between the Ying and Yang regions (Figure 2e).

In summary, these results show that the feedback control
optimizer effectively trains single-layer SNNs. The network
matches the performance of backpropagation-trained models
with neurons approaching the target firing rates when the
feedback is active (training) and inactive (validation). The
next step for testing the applicability of this optimizer for
mixed-signal devices is to examine its performances under two
important conditions: (1) online learning with a continuous
input stream and (2) hyperparameter mismatch with analog
components.

B. Online learning with feedback control

In this section, we test the first condition and we simulate
the performance of the models during online learning. In this
setting, the network receives inputs and targets sequentially
without resetting the dynamics of both the output and the
control neurons (see Online learning section in Numerical
simulations). Moreover, the synaptic weights w;; are up-
dated continuously during training examples, each time a pre-
synaptic spike s; reaches the post-synaptic neuron (Figure 3a).
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Fig. 3.

Online learning in a single-layer SNN with feedback control. a) Schematic of the online learning setup. (b-d) Binary classification tasks. b)

The average cross-entropy loss during training (black) and validation (purple). We calculate the mean and standard deviation by averaging over 25 sequential
inputs. ¢) Same as b for the mean absolute difference between output and target activity during validation. d) Same as b for firing rate during validation for
inputs from class A (black) and class B (grey) for a neuron encoding class A. (e-h) The Spiking Yin-Yang dataset: e) The average cross-entropy loss during
training (black) and validation (purple). We calculate the mean and standard deviation by averaging over 50 sequential inputs. f) Same as e for the mean
absolute difference between output and target activity during validation. The test target error is calculated offline over the whole testing set with batch size
20. g) Same as e for the average classification accuracy during validation. h) The average network predictions when testing offline over the whole testing set
with batch size 20. We calculate the mean and standard deviation across multiple simulations with different random seeds (see Methods).

When optimizing the network on the binary classification
task, we observe that the network achieves zero classification
loss during training and zero validation loss after training on
the first 500 input examples (Figure 3b). Similarly to our
results in Figure 1, the target error decreases during training
and reaches comparable performances to the offline training
(Figure 3c). On average, the neuron consistently reaches the
target activities (Figure 3d). Furthermore, we show in Figure
3e that the classification and validation error on the spiking
Yin-Yang dataset also decreases when training the network
online. The network reaches the same average accuracy as in
the offline case after the first 50000 examples (Figure 3f).
Accordingly, the predictions of the network are consistent
with offline training (Figure 3g). The target error decreases
during online training with a target error on the test set that
is quantitatively comparable with offline training (Figure 3h).

In conclusion, these results show that the feedback control
optimizer is suitable for online learning applications. This
capability arises from the single-phase structure of the learning
rule in Equation 15, which is driven by feedback control.
Our results indicate that embedding error information directly
into synaptic currents is essential for simultaneously adjusting
neuronal activity and controlling weight updates.

C. Impact of device mismatch on classification performances

Finally, we evaluate the second condition for hardware
implementation by analyzing the performance of the feedback
control optimizer under varying levels of device mismatch
(see the Methods section Numerical simulations). We train
the same network as in Figure 2 introducing simulated device
mismatches ranging from 0% to 20%, and quantify how
these mismatches affect model performance. Next, we repeat
the same analysis using populations of all-to-all connected
neurons, simulating p neurons for each output and control
neuron. In these simulations, each neuron is independently
affected by device mismatch in its model parameter.

Classification accuracy without population averaging re-
mains stable for mismatch levels up to 10%, with signifi-
cant degradation only at higher levels (Figure 4a). Notably,
using populations of just two neurons improves test classifi-
cation accuracy and restores performance to levels observed
without mismatch (Figure 4a). Additionally, the test error
shows reduced variability around the median with two-neuron
populations (Figure 2b). The validation loss at the end of
training remains nearly constant across all tested mismatch
levels, comparable to the scenario without population averag-
ing (Figure 4c) Increasing the population size further recovers
performance despite device mismatches, with a slight decline
in performance for larger populations (Figure 4d).
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Our robustness test simulations demonstrate that the feed-
back control optimizer maintains high classification accuracy
even under significant device mismatch. Furthermore, intro-
ducing neural populations of p = 2 fully restores the original
performance, aligning well with the capabilities of current
neuromorphic technologies [28, 29].

IV. DISCUSSION

Efficient on-chip optimization algorithms are crucial for
unlocking the full potential of mixed-signal neuromorphic
devices in real-world applications. When paired with ad-
vancements in neuromorphic hardware, these algorithms can
surpass standard machine learning methods in both power
efficiency and adaptability. Building on recent advances in
biologically plausible learning [23, 24, 26], we propose a
feedback control optimizer specifically designed for online
learning directly on hardware. Specifically, we introduce a
novel architectural primitive where a control layer drives SNNs
to reach target activities, while weights are optimized with
a fully local learning rule. Our approach combines inference
and learning in one single phase by relying on the recurrent
connections between the network and the control, allowing
for online learning on neuromorphic devices. Here, we first
validate our method on a spike-based binary classification
task. Next, we show that the feedback control optimizer can
effectively train single-layer SNNs during both offline and
online learning settings. Finally, we quantify the robustness of
the algorithm against typical hardware mismatches, showing
minimal loss in performance. Notably, our results show that
the original performance levels can be fully restored by
modestly increasing the number of neurons. Together, our
study demonstrates that our feedback control optimizer can
train SNNs online while effectively compensating for typical
mismatches in mixed-signal neuromorphic devices. This work
has the potential to advance the scalability and applicability
of neuromorphic hardware significantly.

Previous work has proposed to train neuromorphic devices
by taking inspiration from synaptic plasticity mechanisms
observed experimentally [30-32]. The close alignment be-
tween these biological principles (binary communication, eli-

gibility traces, and voltage dynamics, among others) and the
functional design of neuromorphic devices makes these rules
particularly well-suited for on-chip applications. While several
spike-timing-dependent mechanisms have been successfully
implemented on mixed-signal devices [33-36], these models
often face limitations in expressivity and typically require
additional mechanisms to ensure stability [37].

Alternatively, it is possible to train multi-layered SNNs
offline with gradient-based learning by combining BPTT [2,
38] and surrogate gradients [39, 40]. This approach effectively
bypasses the on-chip credit assignment problem by leveraging
a conventional Von Neumann architecture to compute error
backpropagation through automatic differentiation. However,
this approach requires storing observables from the mixed-
signal hardware over time, maintaining the computational
graph, waiting for the forward pass to complete, retrieving
stored information to calculate weight updates offline, and
then reconfiguring the on-chip weights accordingly [21]. These
requirements make this method unsuitable for online, on-
chip learning scenarios, where both inference and learning are
intended to occur on the device while it is running.

Looking forward, a key direction for future work is training
multi-layered SNNS with the feedback control optimizer. This
is fundamental for exploiting the scalability of the algo-
rithm, investigating its capabilities on different datasets, and
demonstrating the feasibility of on-chip optimization for multi-
layered SNNs. Moreover, it is necessary to extend the testing
of the algorithm with behavioral simulations and following
implementation of the architecture on mixed-signal devices
such as the DYNAP-SE [28, 29] and Brainscales [41]. While
the optimization of these devices can initially be performed
with a computer-in-the-loop setup [21], further testing of the
algorithm will pave the way for designing a blueprint for a
next-generation neuromorphic device.

V. METHODS

Further information on the model hyperparameters and the
code to reproduce our results is available at add code here
after the revisions.
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A. Datasets

In this work, we consider two different datasets. The first
dataset is a custom binary classification set with 5000 training,
1000 validation, and 1000 test examples. Each sample consists
of spiking activity from two inputs, A and B, with firing rates
fa and fp. The two classes are defined by f4 > fp for
class A and fp > fa for class B. We define a pair of firing
rates f; and fo (with f; > fo) and assign the high f; and
the low fy firing rate targets to the inputs based on their class.
We simulate a homogeneous Poisson process over 1" timesteps
with timestep size At, where each input and target samples
have dimensions (2,7") and (1,7"), respectively. The second
dataset we used is a spike-based version of the Yin-Yang
dataset [27]. Each sample in the original dataset represents
a point in a 2D space encoded by coordinates x, y, 1 — x,
and 1 — y, and classified into three classes (Yin, Yang, Dot)
representing the yin-yang symbol. We preprocess this dataset
by mapping each coordinate (values O to 1) to a firing rate with
possible values f,;, and fy,q.. We map the one-hot encoding
of the correct class to a pair of firing rates f; and fy (with
fi > fo) and assign the high target f; and the low target
fo for the correct class and the incorrect classes, respectively.
Finally, we simulate a homogenenous Poisson process for each
of the four input firing rates and each of the three target firing
rates. Each input and target samples have dimensions (4,7)
and (3,7, respectively, with 5000 training samples and 1000
each for validation and testing [27].

B. Numerical simulations

1) Offline training: We train the feedback control network
with the binary classification dataset for 30 epochs with a
batch size of 50 during both training and evaluation, learning
rate n = 107, and a total number of timestep T' = 5000. The
feedforward weights W are initialized randomly from a uni-
form distribution between [0, 0.04]. The feedback weights Q,,
and Q,, are initialized as the identity matrix Q, = Q,, = I, »,
such that each output neuron receives feedback only from
its respective positive and negative control. When using the
spiking Yin-Yang dataset, we train the models for 100 epochs
with a batch size of 50 during both training and evaluation,
learning rate 7 = 1el0~* for the feedback control network
(n = 5e10~* for the linear leaky readout network), and a total
number of timestep 7' = 1000. When using the standard Yin-
Yang dataset, we train a linear readout layer for 300 epochs
with a batch size of 20 during both training and evaluation,
learning rate 7 = 21072, and input firing rates estimated
from homogeneous Poisson processes with a total number of
timestep 7' = 1000. For both types of Yin-Yang datasets,
the feedforward synaptic weights W' are initialized randomly
from a Gaussian distribution with zero mean and 1//d;,
standard deviation (where d;,, = 4). We set the timestep size
At = 1 ms for every simulation. We randomly initialize the
training, validation, test sets, and feedforward weights with a
different seed. We estimate the average performance metrics
and network firing rates across different random seeds (5 seeds

for the binary classification tasks, 15 seeds for the Ying-Yang
and Spiking Yin-Yang datasets).

2) Online learning: We train the models with a batch
size of 1 (input and target samples are selected at random
and processed sequentially) without resetting the model state
variables between samples. Moreover, the synaptic weights
W are updated continuously each time a pre-synaptic spike
reaches a post-synaptic neuron during training (see Equation
15). This continuous update occurs over sequences of 25
examples for the binary classification task and 50 examples
for the Yin-Yang dataset. We train the model with 2500
samples for binary classification (10000 samples for Spiking
Yin-Yang), with 7" = 4000 (T = 1000) and learning rate
n = 1e1072 (n = 5¢10~?). We compute the average metrics
(classification loss, target error, classification accuracy, and
output firing rates) over these sequences of examples and
across 15 different random seeds. We initialize the dataset and
the feedforward weights as during offline training.

3) Device mismatch: Device mismatches arise from varia-
tions in the electrical properties of identical components due to
manufacturing imperfections [42, 43]. In analog circuits, these
mismatches typically result in a coefficient of variation (CV)
of around 0.2 [44, 45], although this value can vary depending
on the circuit design and technology used. To simulate device
mismatches, we define a mismatch percentage and apply a
random deviation to each model parameter. This deviation is
proportional to the ideal parameter value and the specified mis-
match percentage. Each output and control neuron parameter
is independently affected by random deviations based on the
defined mismatch.
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