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Abstract—With the rapid expansion of edge devices, federated
learning (FL) has emerged as a critical paradigm for enabling
collaborative intelligence while preserving data privacy. However,
deploying deep learning models on resource-constrained edge
hardware remains challenging due to high computational and
energy demands. To address this, we propose a novel quantum-
inspired neuromorphic federated learning framework, called
FL-quantum leaky integrate-and-fire (FL-QLIF). At the core
of our approach is an enhanced QLIF neuron model that
utilizes quantum rotation gates to simulate synaptic integra-
tion and membrane potential leakage simultaneously, offering
a mathematically robust and computationally efficient alterna-
tive to traditional activation functions. We rigorously validate
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the framework through extensive experiments, demonstrating
that its convergence behavior closely aligns with theoretical
predictions regarding learning rates and local update steps.
Extensive experiments on MNIST, KMNIST, and FashionM-
NIST datasets demonstrate that FL-QLIF achieves test accuracy
comparable to classical artificial neural networks (ANNs) while
significantly outperforming standard variational quantum neural
networks (QNNs), particularly in statistically heterogeneous (non-
iid) environments. Furthermore, our energy analysis reveals that
the proposed framework delivers substantial efficiency gains,
reducing energy consumption by 4.4x to 10x compared to ANN
baselines. Finally, we validate the system’s scalability, showing
robust performance even under low client participation rates
(10%), establishing FL-QLIF as a viable solution for sustainable,
privacy-preserving edge intelligence.

Index Terms—Edge intelligence, federated learning, neuromor-

phic computing, quantum-inspired computing, spiking neural
networks.

I. INTRODUCTION

With the rapid increase in mobile and edge computing
devices, the amount of data generated at the network edge
has grown significantly [1]. Traditional computing methods,
where data is sent to remote cloud servers for processing
[2], are becoming less effective. Issues like data privacy,
high communication costs, delays, limited bandwidth, and
security risks greatly reduce the efficiency, scalability, and
reliability of these centralized systems [3] [4]. To address
these critical challenges, federated learning (FL) has emerged
as a promising paradigm [5]. FL enables distributed de-
vices (clients) to collaboratively train a shared global model
under the coordination of a central server while keeping
all training data localized [6]. In each global round, client
devices download the current global model, perform several
steps of local optimization using their private data, and then
upload only the updated model parameters or gradients to
the central server for aggregation. This process continues
iteratively until convergence. Such a decentralized architecture
allows learning directly at the data source without exposing
raw information, thereby enhancing privacy and reducing the
need for costly data transmission. Many variants of FL have
been proposed, ranging from network topology architectures
to advanced optimization strategies. In terms of structure,
centralized FL offers stable convergence. In contrast, fully de-
centralized FL [7] removes the central server and allows direct
communication among clients. This approach helps mitigate



the impact of stragglers and single-point failures [8]. Besides,
semi-decentralized FL (SD-FL) [9]-[11] has been introduced
as a hybrid approach that balances the coordination efficiency
of centralized schemes with the resilience and flexibility
of decentralized ones. Besides these topological innovations,
significant research has focused on optimization strategies to
address statistical heterogeneity. While federated averaging
(FedAvg) remains the standard baseline, advanced algorithms,
such as FedProx [12], FedAvgM [13], and FedAdam [14], have
been developed to stabilize convergence in non-independent
and identically distributed (non-iid) environments. Despite
these architectural and algorithmic advancements, the training
of deep neural networks in FL still demands substantial
computational and energy resources [15]. This high energy
consumption poses significant challenges for deploying FL on
energy-constrained edge devices, which motivates the explo-
ration of more energy-efficient learning paradigms.

At the same time, increasing attention has been directed
toward alternative computational paradigms that can overcome
the scalability and energy constraints of conventional digital
architectures [16]. Among these, neuromorphic and quantum
computing have emerged as two promising directions [17].
Each offers complementary benefits. Neuromorphic comput-
ing, inspired by biological neural systems, employs networks
of spiking neurons that exchange information through dis-
crete, event-driven signals [18]. This class of models, known
as spiking neural networks (SNNs), has attracted significant
attention for demonstrating deep-network-level performance
while requiring far less computation and exhibiting exceptional
energy efficiency [19]. In parallel, quantum computing (QC)
leverages fundamental quantum phenomena such as superpo-
sition and entanglement to explore exponentially large state
spaces, offering massive parallelism unattainable by classical
systems [20], [21]. Given these complementary advantages,
quantum-enhanced spiking neural networks (QSNNs) have
recently been explored as a hybrid framework that inherits
the benefits of both. By utilizing spiking dynamics and quan-
tum states, QSNNs can achieve compact representations with
high computational expressiveness while maintaining energy-
efficient, biologically inspired behavior [17] [22].

Building upon these advances of both FL and alternative
computational methods, it becomes natural state to consider
federated quantum spiking learning frameworks, where FL
provides privacy-preserving and scalable distributed training,
while QSNNs contribute quantum-level efficiency and adapt-
ability. Combining FL with QSNNs thus holds the potential
to achieve decentralized, energy-efficient, and privacy-aware
learning.

A. Related works

1) Quantum federated learning: While classical FL has
demonstrated significant potential across a wide range of
applications [23]-[29], it remains constrained by challenges
such as high computational cost and security of transmitted
messages [30]. Consequently, the motivation for quantum
FL (QFL) stems from the desire to address these classical
limitations by harnessing the unique capabilities of QC, such

as superposition and entanglement, to enhance learning ef-
ficiency [31]. By synergizing the computational advantages
of QC with the decentralized, privacy-preserving architec-
ture of FL, QFL paves the way for building more secure,
energy-efficient, and scalable solutions that can overcome the
bottlenecks of traditional digital hardware [32]. Pioneering
this direction, the authors in [33] established the viability
of hybrid quantum—classical FL. models by combining pre-
trained CNNs for feature extraction with QNNs, laying the
foundational steps for the field. Building on this, researchers
have developed robust general-purpose frameworks to enable
collaborative quantum training. For instance, the FedQNN
framework proposed in [34] utilizes a hybrid architecture
where classical data is encoded via angle embedding into local
variational circuits. By aggregating only updated quantum
parameters, this method achieved robust accuracies across
genomics and healthcare datasets, with successful validation
on real quantum processors. Similarly, the work in [35] intro-
duced QuantumFed, a framework designed to enable multiple
quantum nodes to collaboratively train a global model without
sharing local data. By optimizing perceptron unitaries via a
fidelity-based cost function and transmitting update matrices
instead of traditional gradients, this approach demonstrated
strong feasibility and robustness against noisy training data
using both gradient descent and stochastic strategies. Beyond
basic feasibility, recent research has focused on addressing
inherent FL challenges such as client heterogeneity and com-
munication bottlenecks. To tackle non-idd data and diverse
hardware constraints, the authors in [36] developed a person-
alized QFL (PQFL) framework. By employing a variational
quantum eigensolver (VQE) architecture with specialized reg-
ularization, this strategy balances global alignment with client-
specific encodings, significantly outperforming state-of-the-art
baselines in anomaly detection. Addressing similar challenges,
the wp-QFL framework in [37] introduced a weighted per-
sonalization strategy to mitigate local model drift. To handle
non-iid data distributions in distributed quantum networks,
the authors designed a mechanism that dynamically blends
global and local quantum circuit parameters (such as rotation
angles) using tunable weight factors, alongside a drift-aware
update rule based on Euclidean distance metrics. Validated on
real IBM quantum processors and simulators like PennyLane
and Qiskit, this approach significantly improved convergence
stability and accuracy for variational quantum classifiers across
diverse datasets. Furthermore, to enhance system efficiency,
a communication-efficient QFL framework was proposed
in [38]. By extending variational quantum algorithms (VQA)
to use tensor networks where local gradients are computed on
client devices, this method effectively balances data privacy
with computational utility, achieving high accuracy on near-
term processors. The versatility of QFL is further evidenced
by its successful deployment across diverse critical sectors. In
the healthcare domain, the digital twin-assisted QFL model
in [39] leverages 5G-enabled digital twins to train personal-
ized variational QNNs, achieving centralized-level accuracy
without raw data sharing. In the financial sector, the QFNN-
FFD framework [40] secures fraud detection by optimizing
local quantum circuits with rotation and entanglement gates,



demonstrating exceptional resilience against hardware noise
such as bit-flip errors. Applications extend to smart grids,
where a QFL-based dynamic security assessment (QFLDSA)
framework [41] integrates hybrid quantum-classical learning
to process grid dynamics locally, significantly outperforming
traditional methods in dynamic security assessment. Finally, in
the internet of vehicles (IoV), the QFSM model [42] improves
speech emotion recognition using quantum minimal gated
units, surpassing classical LSTM and GRU baselines in speed,
privacy, and noise robustness. Despite its potential, the field
of QFL remains in its infancy and faces significant hurdles,
primarily stemming from early-stage quantum hardware lim-
itations such as low qubit counts, short coherence times, and
high susceptibility to noise. Furthermore, practical deployment
is complicated by the need to manage model and data het-
erogeneity across participating devices while ensuring seam-
less interoperability between quantum and classical systems.
Consequently, addressing these technical constraints, alongside
standardization and ethical considerations, is essential for the
evolution and maturity of QFL.

2) Federated learning utilizing neuromorphic computing:
The integration of neuromorphic computing with FL of-
fers distinct advantages, particularly when leveraging SNNG.
This synergy enables highly efficient, low-power collaborative
training [43]. Establishing the baseline for this integration,
the authors in [44] introduced the first on-device collaborative
training of SNNs, demonstrating the feasibility of low-power
neuromorphic edge intelligence on dynamic vision datasets.
Moreover, the study in [45] provided comprehensive bench-
marks, showing that SNNs could outperform traditional ANNs
in accuracy across hundreds of clients while achieving substan-
tial energy savings through sparse computation. To address
data heterogeneity, the framework proposed in [15] demon-
strated that federated neuromorphic learning could maintain
comparable accuracy under uneven data distributions while
significantly reducing data traffic and latency. Furthermore,
addressing the physical layer challenges of wireless edge
networks, the authors in [46] proposed the adaptive mem-
ristor neuron encoding-decoding (AMNED) framework. By
integrating SNNs into the over-the-air computation (AirComp)
pipeline, this model employs a memristor-based mechanism
to encode continuous updates into robust discrete spike trains,
effectively mitigating channel noise and minimizing energy
consumption. Building on these foundational capabilities,
SNN-based FL has been successfully adapted for diverse
practical applications. In the realm of intelligent transportation
systems, the work in [47] utilized FL-SNN frameworks to
enable efficient, noise-resistant traffic sign recognition as a
low-power alternative to CNNs. Similarly, the authors in [48]
proposed a lightweight spectrum detection framework for
cognitive vehicular networks (CVNs). By leveraging the event-
driven nature of SNNs, their model performs energy-efficient,
on-device sensing that reduces computational complexity for
vehicular units. Application-specific studies also show the
practical value of SNNs. In aerial networks, the authors in [49]
introduced a decentralized FL framework for UAV swarms
driven by SNNs. This approach combines low-power local
training with an intelligent leader election mechanism based

on Bayes’ theorem, significantly outperforming ANN-based
methods in terms of energy efficiency and transmission latency
for real-time decision-making. In the domain of sensing, the
authors in [50] developed a privacy-preserving FL framework
for radar gesture recognition leveraging SNNss trained via spike
timing-dependent plasticity (STDP). To address edge resource
constraints, the method incorporates weight pruning during
local training, demonstrating competitive accuracy on radar
datasets while significantly reducing communication overhead
and energy usage compared to non-spiking baselines.

3) Quantum-inspired neuromorphic models: Beyond feder-
ated settings, many studies have investigated the intersection
of quantum and spiking computation to exploit complementary
strengths of both paradigms [51]. Early research focused on
leveraging quantum principles to enhance the generalization
and efficiency of classical SNNs. For instance, the work in [52]
introduced quantum superposition—inspired SNNs, utilizing
quantum image encoding and superposition states to improve
the recognition of complex visual patterns. Building on this
direction, the parallel proportional fusion QSNN (PPF-SQNN)
framework proposed in [53] combined classical SNNs with
variational quantum circuits through a parallel proportional
fusion strategy, demonstrating high accuracy and noise im-
munity in image classification. Similarly, the deep spiking
QNN (DSQ-Net) model presented in [54] offered a hybrid
quantum—classical approach that improved optimization effi-
ciency on noisy intermediate-scale quantum devices, outper-
forming classical baselines on chaotic datasets. Furthermore,
addressing computational complexity, the authors in [55] intro-
duced a quantum algorithm for accelerating SNNs, achieving
logarithmic—polynomial complexity while maintaining high
classification accuracy. Parallel to architecture-level innova-
tions, significant efforts have been made to model biological
neuronal dynamics using quantum circuits. The authors in [56]
developed the quantum biological neuron (QBN), which mod-
els dendrite, soma, and synapse dynamics via quantum circuits,
validating its capability through MNIST classification. In a
different approach, the shallow hybrid SQNN proposed in [57]
replaced biologically inspired STDP with variational quantum
training, yielding superior robustness to noise across multiple
benchmarks. A major step toward physically grounded archi-
tectures was made by the authors in [22], who proposed the
QLIF neuron. This compact circuit uses only two rotation gates
to model integration, decay, and reset processes. However, this
early iteration performed integration and leakage sequentially
rather than concurrently, limiting its biological fidelity during
dynamic input streams. Recent works have addressed these
limitations by integrating QLIF neurons into more complex
frameworks for advanced tasks. The QSNN architecture pro-
posed in [58] synergizes VQC with QLIF neurons to enhance
multiclass classification. In this hybrid framework, classical
data is mapped to quantum states via amplitude encoding, and
expectation values from the VQC are fed into QLIF neurons to
generate spikes, significantly outperforming traditional models
on datasets like MNIST and Fashion-MNIST. Extending this to
the biological domain, the authors in [59] proposed a quantum
neuromorphic framework for classifying EEG brain signals.
By integrating a QLIF neuron into a 3D SNN architecture,



this model effectively handles complex spatio-temporal data,
demonstrating superior performance in analyzing experimental
wrist movement recordings compared to classical counterparts.

B. Motivation and contributions

Although recent efforts have advanced federated quantum
and neuromorphic learning [15], [33]-[39], [41], [42], [42],
[44]-[50], their joint integration remains in an early stage.
While the FL-QDSNNs framework [60] demonstrated the
feasibility of combining FL with quantum spiking neural
networks, it exhibits several key limitations. Primarily, it
operates at a gate-level abstraction without an explicit neuron
model, thereby failing to accurately simulate fundamental
biophysical properties such as simultaneous integration of
membrane potential and leaky decay. Furthermore, its feder-
ated aggregation relies on complex circuit parameters rather
than physically meaningful neuron dynamics, which can com-
plicate integration with advanced FL optimization strategies.
Lastly, the study omits necessary comparisons with established
quantum and classical baselines, preventing a comprehensive
evaluation of its relative performance. Likewise, existing QFLs
achieve privacy-preserving training via variational circuits but
incur slow convergence. Meanwhile, the QLIF neuron [22]
offers an efficient, noise-tolerant quantum spiking model,
yet its sequential integration—leak process. Moreover, most
prior quantum-neuromorphic studies [15] [44] [45] [47] rely
exclusively on standard FedAvg. Few attempts have been
made to comprehensively evaluate advanced variants, which
are essential to address statistical heterogeneity. Taking these
limitations into account, in this paper, we develop an enhanced
QLIF neuron that unifies integration and leaky decay within
a single rotation expression, ensuring both biophysical real-
ism and computational stability. Furthermore, we embed this
improved neuron into an FL pipeline to construct a scalable
and privacy-preserving learning framework suitable for non-
iid data. In particular, our main contributions are summarized
in Tab. I and listed as follows:

o We introduce FL-QLIF, a first FL. framework that inte-
grates the proposed QLIF neuron. This neuron employs
quantum rotation gates to model integration and leakage
simultaneously, while remaining executable on classical
neuromorphic hardware without the need for physical
quantum devices.

e We conduct an extensive evaluation across diverse data
environments (iid and non-iid) using the MNIST, Fash-
ionMNIST, and KMNIST datasets. We rigorously bench-
mark performance against competitive baselines, includ-
ing QNN and ANN, as well as various federated strate-
gies. Finally, we explicitly quantify the energy efficiency,
demonstrating that QLIF achieves accuracy comparable
to ANNs with significantly lower computational cost.

o« We provide a theoretical convergence analysis of the
proposed framework under relaxed semi-smoothness con-
ditions, deriving critical bounds for the learning rate and
local epochs. We further corroborate these theoretical
findings through empirical experiments, confirming the
impact of hyperparameters on the stability and conver-
gence speed of the quantum-inspired model.

TABLE I: Overview of prior studies and this work.

Studies FL | QC | SNNs
[33]-[42] v v X
[15], [44]-[50] | V X v
[22], [52]-[59] | x v v

This work v v v

C. Paper structure

The remainder of this paper is organized as follows. Sec-
tion II provides essential background on FL and the con-
ventional LIF spiking neuron model relevant to this work.
Section III introduces the proposed FL, while Section IV
presents a convergence analysis of federated learning under
relaxed conditions. Section V reports experimental results
Section VI concludes the paper. Furthermore, the notations
used in this paper are summarized in Tab. II

TABLE II: Summary of main notations

Notation Description

F(w) Global loss function

F.(w) Local loss function for node ¢

wi Local model parameter at node c in local
iteration k during round ¢

Wi Global model parameter in iteration ¢

w* True optimal model parameter that minimizes
F(w)

n Gradient descent step size

K Number of local update epochs at each node

Ne Number of samples held by client c.

N Total number of samples.

C Set of participating clients.

De Data-proportional client weight.

& Weighted drift during local updates.

olt] Excited-state population (membrane potential
analog).

0 Quantum rotation angle for input intensity.

~[t] Negative rotation modeling leaky decay.

o[t] Restoring rotation for previous excited state.

X[t] Input spike signal.

Sout[t] Output spike at time ¢.

Uthr Spiking threshold.

Ult] Membrane potential at time ¢.

Bmem Membrane potential decay rate.

Tmem Membrane time constant in RC circuit.

Qlgir Dirichlet concentration (data heterogeneity).

II. BACKGROUND
A. Federated learning

FL is a new approach to distributed machine learning that
balances the need for collaboration and data privacy [5].
Instead of sharing raw data, FL lets different clients (denoted
by C) work together to build a shared model by sending only
model updates to a central server, keeping their local data
private. For each data sample j at client ¢ with features x;



and label y;, define the per—sample loss f;(w) = £(w;z;,y;),
where w represents the model parameter vector. Let D, be
client ¢’s dataset with size n. = |D,|. The local empirical loss
at client c is given by

F(w)2 37 fiw). m

¢ jeD.

Let N = ) .- n. be the total number of samples across
all clients. The global objective minimized by FL is the
sample—size—weighted average

F(w) =Y "¢ Fo(w). @)
ceC N
Note that F'(w) cannot be evaluated at the server without
accessing all local data.

Regarding the training process, at the start of communica-
tion round ¢, the server broadcasts the current global model w,
to the participating clients. Each client c initializes WE’O =W
and performs K local update epochs

Wi’k_,'_l :Wi,k—nVFC(WZ’k), k=0,....,.K—1. 3)

The client’s output after K epochs is given by

41 At
witt £ wl . “4)

The server aggregates the returned local models using the same
sample—size weights as in Eq. (2), given by

Ne 41
W= Ve o ®)
ceC
and then broadcasts w;;; to clients. In this scheme, as
the number of communication rounds increases, the model
asymptotically converges to the optimal global solution w*.

B. FL variants

1) FedProx: FedProx [12] extends the FedAvg framework
to explicitly address the challenges arising from statistical
data heterogeneity and partial client participation (stragglers).
It introduces a proximal term to the local training objective
that penalizes the divergence of the local model parameters
from the global model. By regularizing the local updates, this
modification ensures that the client models do not stray too far
from the global parameters during local training. The modified
local objective for client c is defined as

min F.(w) + 2{jw — we||%, (6)
w 2

where p is the proximal coefficient controlling the strength of
the regularization. While the server aggregation step remains
identical to FedAvg, this constraint on the local objective
effectively limits client drift, resulting in a more stable global
model in non-iid environments.

2) FedAvgM: FedAvgM [13] introduces a momentum
buffer to the server to dampen oscillations caused by diverse
client data distributions. To formulate this, we first define the
global pseudo-gradient A, at round ¢ as the difference between
the current global model and the weighted average of client

updates
n
Ap=w - ﬁ“wgﬂ. (7)
ceC
Using A, the server accumulates the update history in a
momentum buffer v; rather than updating w;, directly. The
update rule is defined as

Vit1 = BV + Ay,

Wil = W — Vig,

()

where [ is the momentum parameter and vy is initialized to
ZEero.

3) FedAdagrad: To address convergence issues arising
from sparse data features, FedAdagrad [14] adapts the learning
rate for each parameter dimension. Using the pseudo-gradient
Ay defined in Eq. 7, the server accumulates past squared
gradients in a state vector vy is written as

Viyl = V¢ + (At)Q,

L e,
i te
where © represents element-wise multiplication, 7, is the
server learning rate, and e is a stability constant.

4) FedAdam: FedAdam [14] combines the benefits of mo-
mentum and adaptive scaling at the server level. It utilizes A,
to maintain both a first moment estimate m; and a second
moment estimate v; as

my 1 = fimy + (1 — 61)A,
Vig1 = Pave + (1 — ﬂQ)(At)2v

g

Wit1 = Wy N

where (1, 82 are decay rates and € is an adaptivity parameter.

5) FedYogi: FedYogi [14] is a variant of FedAdam designed

to handle non-convex settings more effectively by controlling

the growth of the effective learning rate. It modifies the

second moment update (v;) to be additive, preventing the

preconditioner from changing too rapidly when client updates
exhibit high variance

Virr = Vi — (1 — B2)(Ar)? O sign(ve — (A4)?),

g
VALZS] +e€

C. The conventional LIF neural networks

Wiyl = W — Ay, ©)

(10)
Omyyq,

(11

Wipl = Wy — Omgqg.

Among various spiking neuron models [61], the LIF neuron
is the most widely used in deep learning since it balances
biological plausibility with computational simplicity [62]. The
behavior of the biological LIF neuron can be represented by a
resistor-capacitor (RC) low-pass filter circuit [63] shown in
Fig. 1(a). This circuit accumulates the membrane potential
U(t), which increases with incoming current spikes and de-
cays exponentially when no input is present. The following
differential equation describes this behavior as

U ()

mem ™~ 5,  — t Iin 5 12
T, 7t U(t)+ InR (12)

where T,,em = RC is the time constant of the circuit. In
discrete form, the update rule is shown as



U[t] = 5mch[t - 1] + (1 - 5mcm)lin [ﬂ,

where the decay rate is defined as Spem = exp(—1/Tmem)-
The “fire” behavior of the LIF neuron arises from the condition
that once the membrane potential reaches a threshold value
Ui, the neuron emits an output spike and resets its potential.
For application in deep learning, the input current I;,[t] is
modeled as a weighted sum of binary input spikes, I;,[t] =
W X]|t], where W is a trainable weight matrix and X[{] the
input spike vector. Substituting this into the update rule yields

13)

U[t] = ﬁmemU[t - ]-] + WX[t} - Soul[t} (]thru (14)
—_—— —— N——
decay input reset
where the output spike Soy[t] is defined by
1, if U[ﬂ > Uthr
Sout[t] = . 15
oul] {O, otherwise (15)

Regarding the SNNs, this model is the same type of network
topology as ANN; however, instead of standard activation
functions, SNNs treat a spiking neural model, which is LIF
in this paper. The model’s input consists of spike signals,
which can either come directly from neuromorphic sensors or
be converted from static data into spike trains using various
existing methods [64]. The architecture of the SNN is depicted
in Fig. 1. (b).

Neuron

Inputs body

L_J._J_I_ Dendrites

Output
R U(t) TC L >@‘,l,,,b

Aed

(oA
(2

Fig. 1: (a) A resistor-capacitor (RC) low-pass filter circuit. (b)
A spiking neural network model.

For model updates, as with traditional machine learning
models, there are various learning rules and training methods
available to choose [65]. In the model presented here, we have
chosen a gradient descent methodology and backpropagation
using spikes to train the network [66]. This method works by
backpropagating the gradient from the final output through the
network. Gradients are computed for all paths, whether or not
a neuron fires [67]. In this sense, training an SNN is very
similar to training a recurrent neural network (RNN), using
repeated applications of the chain rule [62].

Specifically, SNNs need to calculate the gradient of a time
step. The effect of W{s] on L[t] when s = t is called the
immediate influence. When s < t, the influence of W{s| on
L[t] is referred to as the prior influence. As the gradient of
the loss function with respect to the weights being trained, this

can be generally expressed as
oc oL[t] OL]t]
ow Z ; oW [s]

oW
In the current system, the weight is shared across all time
steps, meaning W[0] = W[l] = --- = W. As a result, any
change in Ws] affects all other instances of W equally. This
implies that 2[5l — 1 which simplifies Eq. (16) to

oW
or oclH]
ow zt: ; oW |s]’

For the calculation of the loss at each time step, the gradient
can be expanded using the chain rule for all of the connected
variables used in the network and expressed as follows:
oL _ OL OSem OU
oW 0Sowt

oW s]
ow

(16)

a7

au oW (18

Nevertheless, the step function defining the spike is non-
differentiable, which blocks gradient flow and causes the well-
known “dead-neuron” problem. To address this, a widely
used solution is the application of surrogate gradients [68].
In this method, the forward pass operates as usual, but
during backpropagation, the non-differentiable spike function
is replaced with a smooth, differentiable approximation that
closely mimics spike behavior, thus enabling effective training.
Several surrogate gradient functions have been proposed. In
the network presented here, we adopt the arctangent surrogate
gradient [69], which is defined as

9s oS

~
—_— N

ou 0

1
1+ (Un)*

1
R

(19)

ITII. FEDERATED LEARNING WITH QUANTUM-INSPIRED
LIF NEURON MODEL

In this section, we integrate the proposed quantum-inspired
LIF (QLIF) neuron model into the FL framework to form a
quantum—inspired neuromorphic learning paradigm.

A. SNN with QLIF neuron model

The method to replicate spiking behavior on quantum hard-
ware is inspired by the work in [22] where a QLIF neuron
uses a rotation gate Rx (6) to encode an input spike. Based
on this mechanism, the model can simulate the integration,
firing, and leaky behaviors of spiking neurons.

The Rx (0) gate performs a rotation of a qubit’s state vector
around the X-axis of the Bloch sphere by an angle 6. It is
represented by the unitary matrix

[4 —isin @
RX(Q):(COSQQ zsn;?>.

—ising  cosg

As mentioned in the classical LIF model, the membrane
potential increases with input current spikes. In the quantum
counterpart, however, a spike is represented by applying a
rotation matrix Ry (6) (represented in Eq. (20)) to a qubit
in the ground state |0), where 6 corresponds to the input
intensity. This results in an excited state population analogous
to the membrane potential in classical neurons. After each

(20)



time step, regardless of whether a spike was present or not, a
measurement is performed to determine the current excited
state population. If the calculated measurement exceeds a
predefined firing threshold, the neuron emits an output spike
and resets the qubit to the ground state |0) (similar to the reset
phase in classical LIF neuron model). Otherwise, the neuron
continues processing incoming spikes.

The measurement probability of the excited state |1) after
rotation is written as

p = P(I1)) = [(1|Rx (6)[0)? = sin? (Z) .

However, an important difference from the classical model
is the bounded nature of quantum rotations. In classical LIF
models, the membrane potential can continue to increase
with stronger inputs, as described in Eq. (14). However, in
the quantum case, rotation gates are cyclical because they
repeat every 27. More importantly, if the rotation angle goes
beyond 7, p starts to decrease instead of increasing due to the
nature of the sin? function. This constraint introduces non-
intuitive effects if not properly addressed, potentially resulting
in degraded neuron behavior or misfiring during training.
Therefore, it is essential to restrict the rotation angles in QLIF
models to the range [0, 7) to ensure consistent and meaningful
state updates across time steps.

After obtaining p[t] from the simulated measurement, the
model must retain this value as the neuron’s state for the
next time step. Because our QLIF implementation simulates
the qubit independently at each step rather than keeping a
persistent quantum state, the circuit does not carry the post-
measurement state forward. Instead, we reconstruct a qubit
state that encodes the previously computed p[t]. Since the
QLIF model uses only Rx rotation gate, this is achieved by
applying a restoring rotation whose angle produces the same
excited-state probability

@[t] = 2arcsin ( p[t]) . (22)

The leaky behavior of LIF neurons can be simulated in
the quantum version through the quantum system’s interaction
with its environment property. In particular, the qubit experi-
ences a process called Ty relaxation, where its excited state
slowly decays back to the ground state due to environmental
noise [70]. This behavior closely matches the gradual leak of
membrane potential in classical LIF neurons. After a qubit’s
excited state has been increased by an Rx gate, this decay
can be simulated by applying another Rx gate in the opposite
direction. The angle of this reverse rotation, [t], depends on
how much the qubit would have decayed over time as

~[t] = —2arcsin ( plt] exp(;l)) . (23)

In the original idea shown in [22], the integration and leaky
behavior do not appear at the same time. They depend on
whether the spike stimulus is present. However, as shown in
the Eq. (14), they should exist simultaneously. This can be

expressed as

(24)

9~X[ﬂ+7[t]+¢[t]>
5 :

In this formula, the circuit will reinstate the previous state
memory, and then implement a negative rotation to implement
the exponential state leakage. At the end, depending on
whether the spike exists, the positive rotation gate is presented
to simulate the stimulus input. Finally, similar to the output in
Eq. (15), the output spike is defined as:

plt +1] = sin? (

1, if p[t + 1] > U

. (25)
0, otherwise

Sout[t +1] = {

Regarding the QLIF neuron network, the idea remains the
same as the one in conventional SNN, where the loss at each
step is defined by

oL _ 0L OSowt Op

OW — 0Sewe Op OW'
The weight W includes 6 and 7, and the surrogate gradient
function changes to

(26)
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This allows gradient-based optimization while maintaining the
spiking characteristics of the network.

B. Federated QLIF training

In classical FL, each client ¢ € C updates its local model by
minimizing the empirical loss F.(w) using stochastic gradient
descent (SGD) shown in Eq. (3). In the proposed system, each
client holds a local quantum-inspired SNN whose neurons
follow QLIF dynamics rather than conventional activation
functions. Firstly, the server initializes and broadcasts a com-
mon model wy to all clients. At each communication round t,
each client performs local training for K epochs on its private
dataset D,, consisting of neuromorphic spike-encoded samples
(X;,y;). Spike trains are generated by encoding static data via
Poisson rate encoding.

The server (or base station) then performs a weighted
average across all participating clients using the sample-
size weights provided in Eq. 5. Finally, the global server
broadcasts the current global QLIF model parameters w;,
to all participating clients ¢ € C. The complete architecture
of the proposed FL-QLIF framework is depicted in Fig. 2.
Furthermore, Algorithm 1 summarizes the training process.



Algorithm 1 Training FL. quantum-inspired SNNs framework

Initialize global model w( and broadcast to clients
for each round t =1,2,... do

for each client ¢ in parallel do

witl « ClientUpdate(c, w;)

end for

Wil < Deec HWe'!

Broadcast w1 to clients
end for

9: ClientUpdate(c, w):

10: for each local epoch i =1 to K do

11:  Generate spike train using rate encoding
12:  for each time step of spike trains do

13: Compute the instantaneous loss

14:  end for

15 V(W) <= Accumulated loss over all steps
16: W< w—nVi(w)

17: end for

18: return w to server

X DN A RN

—>  Model uploading
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K Iterations
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I

Rate Encoding
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Fig. 2: The complete system architecture of the proposed FL-
QLIF framework.

IV. CONVERGENCE ANALYSIS FOR FEDERATED LEARNING
UNDER WEAKER CONDITIONS

A. Assumptions

In this section, we define three conditions for proving the
convergence. We replace the traditional smoothness condition
with semi-smoothness. The no critical point condition simpli-
fies the bounded gradient assumption used in prior federated
learning analyses. The semi-Lipschitz condition relaxes the
classical Lipschitz property.

1) Smoothness property: As established in Section III,
QLIF-based networks represent a variant of ANNs where
classical neurons are replaced by quantum-inspired spiking
units while preserving the standard feedforward architecture
and gradient-based training paradigm. In traditional neural
network optimization, the loss function is commonly as-
sumed to satisfy L-smoothness. However, this assumption is
incompatible with the proposed framework due to the non-
differentiable Heaviside step function (Eq. (25)). Although sur-
rogate gradients (Eq. (27)) enable backpropagation through the
network, the true forward pass remains inherently non-smooth.

Consequently, rather than adopting the standard smoothness
assumption, we characterize the QLIF optimization landscape
using the semi-smoothness condition [71]. This assumption
provides a more realistic framework while preserving the
theoretical machinery needed for convergence analysis.

We define (a, b)-semi-smoothness to capture the behavior of
functions F' over parameters w and w’, where an additional
linear term enhances adaptability to non-smooth models.

Definition 1. For any function F, we say it is (a,b)-semi-
smooth if for any w, w’,

F(w) <F(wW') + (VF(w),w —w') + b|lw — w'|*
+allw—w| - F(w)'/2

Noting that, unlike traditional smoothness definitions, this
includes an extra first-order term ||w — w’|| on the right-hand
side, reflecting the semi-smooth nature.

2) No critical point: The no critical point property ensures
the absence of saddle points or critical points near random
initialization, thereby guaranteeing continuous optimization
progress.

Definition 2. Let WV be a neighbor set of w* (a minimum of
F). We say there is no critical point for a function F', there
exist constants 0 < 7y < 1 and 75 > 0, if for any w € W,

i F(w) < |[VE(w)|? < 3 - F(w).

This condition provides a two-sided guarantee: the lower
bound ensures that the gradient magnitude remains propor-
tional to the loss value, preventing the optimizer from stalling
at spurious critical points, while the upper bound prevents
gradient explosion by ensuring that gradient norms scale
reasonably with the loss. For QLIF networks specifically, this
assumption is well-justified by several structural properties.
First, the bounded quantum rotation angles 6 € [0, 7) naturally
satisfy the upper bound by preventing unbounded parameter
growth. Second, the surrogate gradient mechanism (Eq. (27))
ensures non-zero gradients throughout training even when
discrete spikes do not occur. Third, the spiking dynamics
and reset mechanism create an inherently regularized loss
landscape where gradient vanishing is rare. As long as the
network produces classification errors (F'(w) > 0), spike
timing mismatches generate informative gradient signals that
drive optimization progress.

3) The semi-Lipschitz: Semi-Lipschitzness bounds the
change in gradients when the parameters move in the opti-
mization landscape, and is essential for controlling local-client
gradient drift in FL. Classical smoothness forces gradients
to behave at most linearly with the parameter difference, but
semi-Lipschitzness is more flexible because it permits a small
correction that depends on the loss value. This flexibility is
important because the model’s nonlinearities do not satisfy
global Lipschitz gradient smoothness.

Definition 3. For a function F, we say it is («,3)-semi-



Lipschitz, if for any w, w’,
IVE(w) — VEW)|* < 82 |w—w'|* +a? |w—w|
-max{F(w)Y2, F(w')}/?}.

B. Convergence analysis

To simplify the analysis, we assume full client participation
in each communication round in the FedAvg setting.
a) Start from semi-smoothness: The (a,b)-semi-
smoothness of F' gives
F(wip) = F(w*) < F(w,) — F(w")
T (VE(We), Wep1 — W)
+b||Wt+1 —Wt||2+a||wt+1 —WtHF(Wt)l/2, (28)

and we write Aw; := w11 — w; for short.

b) Express the round update and isolate the coupling
term: Let define a data-proportional client weights p. :=
ne/N, the Aw; is defined as a weighted average of local
gradients

K
Aw, = —1 ch Z VE(Wi, 1)
k=1

C

— = t
=-n Z ek 9eo—1-
c,k

where q.r := %, 7 := Kn. By substituting Eq. (29) into the
coupling term, we have

<VF(Wt), AWt> == ﬁ<VF(Wt)7 Z de,k gﬁ,k_1>~ (30)
c,k

)

(29)

Noting that Y, gex = pe and Y. p.-VF.(w) = VF(wy),
the second element in Eq. (30) can be written as

Z e,k gZ,k_l = Z e,k (92,k_1 - VFc(Wt))
c,k c,k
+ Z (Z QC,k) VFC(Wt)
c k

=E,+ Y pVF(w,) = E + VF(w,), (1)

where

E; = Z e,k (9611 — VF(wy)).
c,k

By plugging Eq. (31) into Eq. (30) and using bilinearity, we
have

(VF(wy), Aw,) = —ﬁ(HVF(wt)”? + <VF(W£):Et>)
7 2, 7 2
< —QIIVF(Wt)H + 1Bl
< SIVEw?

+ g;‘h,k”gz,k—l - VFc(Wt)H27 (32)

where the second step follows from —(z, z) < 3 ||z||*+ 3|22
with z = VF(w;) and z = E}, and the last step follows
from convexity of || - |2 (Jensen) for the normalized weights
Y ek ek = 1. For each client ¢, apply the (c, 3)—semi-
Lipschitz condition and 2ab < a? + b2, we have

lgt s = VE(wo) | < Bl we sy —will”
+0?||We gy — Wi Fu(we)
< (B + %) Iwhps —will”
+ & Fo(wy).
We define the weighted drift as follows:

&= Qe IWhjmy — wil®.
c,k

1/2

Putting Eq. (33), Eq. (38), and ) p.Fe(w:) = F(wy) to
Eq. (32), we obtain

(VE(w), Awe) < — T VF(w,)|?

ﬁ Q2 Ot2
+ (B + %) &+ 5 Fw)). 69
¢) Bounding drift &,:
[We k1 = Well* = Wi, — we = n VE(we ) [
= [we, —wlf?
+ 2 (wik —wy, —nVE, (Wﬁk)>
+ 772||VF0 (W(t;,k) ||2
(36)
From the inequality
o < 2 12 2 v
2{a, =ny) < tal” + = llyll%, t>0
t=x 2 211112
= K-1 . (37
el (K =) P 37

By plugging © = w., —w; and y = VF, (wﬁk) into
Eq. (37), we obtain Eq. (36) as follows:
9 g = well? < (1 s )t will?
+ K |[VE(we ) |12
< (14 2) It —
+ K [VE(we) I, (38)

where we used 1 + ﬁ <1+ % for K > 2 for the second
step.

From the convergence analysis result presented in the
single-client descent case [72], local losses are non-increasing
along the K steps, i.e., Fc(wi,k_l) < F.(w;) and the no-
critical-point upper bound, Eq. (38) becomes

2
[We k1 — Well? < (1 + ?) Wi — wi)?

+ K 0?75 Fo(wy). 39)
Unroll the recursion above, and we obtain
K 2 \i—1
Iwt i = will? < (K n? 73 Fu(we) ) > (1+=)
<AK?*n?75 Fo(wy) ,Z (40)



where the geometric sequence is given by

i (1 n %)H < 4K.

i=1
Finally, the &, is bounded by

(41)

& <AKP 0’ 73 F(wy). 42)

d) Bound the quadratic term ||Aw,||?: Using Eq. (29)
and Jensen again, we have

2
|Aw|? = ,72H ch,k gﬁ,kﬂH <

Y e |9 |l
c,k c,k

(43)

Apply the upper side of the no-critical-point condition for
g% 11> component in Eq. (43), we have

||Awt||2 < 772(72/)2 Z e,k FC(WZ,k—1)7
c,k

As in [72] again, Fo(w; ;) < F.(w;) forall k < K. Hence,

(44)

AW, |[* < 7P (75)* Y gek Fe(wi)
c,k

= 72 (15)* F(wy). (45)

e) Plug back into semi-smoothness and collect terms:
By inserting Eq. (35), Eq. (42) and Eq. (45) into Eq. (28), and
using the lower side of no-critical-point, i.e., |[VF(w;)|* >
72 F(w;), the contraction becomes

F(Wep1) = F(w*) < F(wy) — F(w*) = 277 F(w)

N |

+ g((ﬂ“' + )&+ 5 F(w))

T by F(wy) + aijmh F(w,).  (46)
Let
o 27'12 + O[2 ~ 2~9
A= (T — (17'2)’17 — brin
— @+ ) K%, i=Kn. (47
We can write Eq. (46) as
F(wist) = F(w*) < (1= A)F(w;) — F(w")
<A —-A)(F(wy) = F(w")).  (48)

f) Final convergence statement: For optimal conver-

gence, we require A > 0. Furthermore, maximizing the value
of A yields a faster convergence rate. We analyze how this is
achieved by examining two key parameters.
Impact of the learning rate n (with fixed K): For gmagll n
(thus small 77), the linear gain dominates, A ~ ﬁ(zﬁ% -
aTg), so increasing 7 speeds convergence. If 7 is foo large,
the negative curvature and drift penalties —b737)? and —(23%+
o?)K275*n?7 reduce A and can make it nonpositive.

Impact of the number of local epochs K: With 7 fixed, the
drift term grows like

(282 + o2) K222 = (282 + o2) 7,2 K307,

so increasing K can sharply decrease A unless 7 is reduced.
If we scale the stepsize as n = ¢/K (so 7} = c¢), then

Alc) = c(# — a7'2> — bric® — (28% + a2)7'52c3,

(49)
which is independent of K. Thus, with = ¢/K, increasing
K mainly reduces communication (fewer rounds per amount
of local compute) while leaving the per-round convergence

rate determined by the single scalar ¢ = 7 and performing
more local computations.

V. SIMULATION RESULTS

To comprehensively evaluate the proposed framework, we
conduct experiments on three datasets: MNIST [73], Fashion-
MNIST [74], and KMNIST [75]. MNIST serves as the primary
benchmark for handwritten digit recognition. FashionMNIST
offers a more complex challenge with grayscale images of
ten fashion categories, representing higher feature complexity.
KMNIST consists of cursive Japanese characters, providing
a dataset that is both sparse and structurally diverse. For all
three datasets, we employ the standard split of 60,000 training
samples and 10,000 test samples. Inputs are normalized to the
range [0, 1] without data augmentation. To simulate statistical
heterogeneity in the federated setting, data is partitioned across
clients using a label-proportion Dirichlet distribution with a
concentration parameter ;.. Unless otherwise noted, we
use ag; = 0.5 for non-iid settings and uniform random
partitioning for iid baselines for 25 clients.

We compare the proposed QLIF model against two distinct
baselines to validate both its quantum advantage and its
competitiveness with classical deep learning. To ensure a fair
comparison, the ANN baseline shares the same architecture as
our QLIF network. The proposed FL-QLIF network consists of
an input layer with 784 neurons (corresponding to the flattened
28 x28 input images), a hidden layer with 1024 QLIF neurons,
and an output layer with 10 neurons. The spiking threshold
is set to 0.3, and we utilize Poisson rate encoding with a
simulation window of 25 time steps. The ANN baseline is
a classical feedforward network with an identical 784-1024-
10 architecture. The QNN baseline represents the quantum
state-of-the-art. To maintain comparability, we utilize 4 qubits,
which is a common and established configuration for QNNs in
the literature [76]-[78]. In this architecture, the input images
are flattened, downsampled, and embedded into quantum states
using angle encoding, which effectively represents the input
layer of the QLIF counterpart. Subsequently, we employ 2
layers of VQC to represent the hidden layer and the final
output layer, respectively.

All experiments are conducted using a batch size of 128,
and the global model is trained for a total of 60 iterations.
Optimization is performed using the Adam optimizer with an
initial learning rate of 77 = 0.005 and momentum coefficients
p1 = 0.9, B2 = 0.999.

All simulations were implemented using Python 3.11, Py-
Torch, and PennyLane. The federated learning environment
was simulated on a workstation equipped with an Intel Core
i7-14700, 64 GB of RAM, and NVIDIA T400 4GB.
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Fig. 4: The performance comparisons of QLIF to ANN/QNN on different FL variants.

Performance comparison

Fig. 3 illustrates the test accuracy convergence of the
proposed FL-QLIF framework compared to the QNN and
ANN baselines across MNIST, KMNIST, and FashionMNIST
datasets under both iid and non-iid (ag;» = 0.5) settings.
The proposed QLIF model demonstrates significantly superior
robustness and convergence speed compared to the standard
QNN baseline. Across all three datasets, the QNN (green
lines) exhibits slower learning curves and lower final accuracy.
This performance gap is particularly pronounced in non-iid
environments (dashed green lines), where the QNN suffers
from severe instability and degradation. For instance, on the
complex FashionMNIST dataset, the non-iid QNN struggles
to surpass 60% accuracy, whereas the non-iid QLIF maintains

classification tasks while offering the energy efficiency benefits
detailed in Section V-C. The impact of statistical heterogeneity

Despite this

a significantly higher accuracy of 75%. This suggests that
the variational quantum circuits in standard QNNs struggle

to generalize when client data is statistically heterogeneous.
In contrast, FL-QLIF maintains high stability, effectively mit-
igating the client drift that hampers the baseline QNN.

Remarkably, the FL-QLIF model achieves convergence
speeds and final accuracy levels that are highly comparable
to the classical ANN baseline. In the MNIST and KMNIST
experiments, the performance gap between QLIF and ANN
is negligible. On MNIST, the QLIF model converges rapidly
to around 91%, closely trailing the ANN’s around 92.5%
peak. This demonstrates that the quantum-inspired neuron
model successfully captures the expressivity required for these

B. Robustness to federated optimization algorithms

varies by dataset complexity. For MNIST and KMNIST, both
QLIF and ANN exhibit strong resilience, maintaining nearly
identical performance in iid and non-iid settings. However, the
challenge of heterogeneity becomes evident in the FashionM-
NIST dataset. Here, both the ANN and QLIF models experi-
ence a noticeable drop in accuracy under non-iid conditions
(dashed lines) compared to their iid counterparts (solid lines).
Specifically, the QLIF accuracy drops from 84% (iid) to 75%
(non-iid), mirroring the ANN’s decline from 84% to 81%.
’suffering” caused by the complex distribution
shift, QLIF continues to track the ANN’s performance closely,
proving its viability for statistically heterogeneous federated
environments where standard quantum models fail.

While the proposed QLIF neuron demonstrates strong
performance under standard aggregation (FedAvg), practical
federated environments often present significant optimization
challenges. Specifically, the non-differentiable nature of spik-
ing dynamics combined with high statistical heterogeneity can
lead to unstable gradient estimates. To evaluate the robustness
of our framework, we conduct experiments on three datasets
(MNIST, FashionMNIST, KMNIST) under a challenging non-
iid scenario (ag; = 0.5). We compare the performance
across five distinct federated optimization strategies: FedProx,



FedAvgM, FedAdagrad, FedAdam, and FedYogi. The exper-
iments are conducted with C = 25 clients and K = 3 local
epochs. The specific hyperparameters for the advanced variants
are set as follows: for FedProx, the proximal coefficient is
1 = 0.1; for FedAvgM, server momentum is 5 = 0.9. For the
adaptive methods (FedAdagrad, FedAdam), we utilize a server
learning rate of n, = 0.01 with stability constant e = 1075.
For FedYogi specifically, we adopt decay rates of 31 = 0.9
and 2 = 0.99 to control the effective learning rate growth.

Fig. 4 presents the comparative results of the three models
across these optimization strategies. Several key observa-
tions can be drawn from the analysis. In general, the FL-
QLIF model demonstrates remarkable stability and robustness
across the different optimizers. It consistently outperforms the
baselines on FedAvgM, FedAdam, and FedYogi, particularly
in the more complex KMNIST and FashionMNIST tasks.
For instance, in KMNIST under FedYogi, FL-QLIF achieves
73.25%, significantly surpassing the ANN (56.51%) and the
QNN (70.38%). Similarly, on FashionMNIST with FedAvgM,
FL-QLIF reaches 75.64%, edging out both the ANN (75.58%)
and the QNN (71.24%). Even in cases where it is not the strict
top performer, such as with FedProx on MNIST (91.35%), FL-
QLIF maintains highly competitive accuracy relative to the
best-performing ANN (91.71%) and QNN (93.95%) variants,
validating its resilience to diverse optimization landscapes.

Furthermore, the QNN baseline benefits significantly from
these advanced optimization strategies. Compared to its perfor-
mance under standard FedAvg (as discussed in Section V-A),
the QNN shows noticeable improvements in most scenarios
here. For example, while QNN performance often lags in
simpler settings, it achieves a surprising 93.95% on MNIST
with FedProx and 93.10% with FedYogi, surpassing the ANN
in both cases. This suggests that advanced aggregators like
FedProx and FedYogi help mitigate the gradient variance
issues that typically hamper variational quantum circuits in
non-iid settings.

Finally, the FedAdam algorithm reveals a distinct diver-
gence in model adaptability. The classical ANN struggles
significantly, evidenced by a sharp drop in accuracy across
all datasets. Specifically, it falls to 54.65% on KMNIST and
79.31% on MNIST. Conversely, the QNN maintains relatively
good performance and reaches 83.09% on MNIST. Most
notably, FL-QLIF outperforms all other models in this chal-
lenging regime. It achieves 66.87% on KMNIST compared to
54.65% for the ANN and 48.45% for the QNN. Although most
models generally perform worse with FedAdam compared to
other variants, QLIF remains the most resilient choice. This
highlights its superior adaptability to adaptive learning rates
in scenarios where classical networks may fail.

C. Energy efficiency evaluation

A primary motivation for adopting neuromorphic-based
computing in federated learning is the potential for significant
energy savings. To quantify this advantage, we estimate the
theoretical energy consumption of the proposed QLIF model
compared to the classical ANN baseline. According to [79],
the computational cost of ANNs is dominated by multiply-
accumulate (MAC) operations, which occur densely across

all connections. In contrast, SNNs operate in an event-driven
manner where computation—specifically accumulate (AC) op-
erations—is triggered only when a spike occurs. For a fully
connected layer [ with N} inputs and N!, outputs, the

number of operations per inference is defined as follows:
e The ANN performs a MAC operation for every weight

regardless of input sparsity

Nisac = Ni x N

out*

(50)

o The spiking-based model distributes computation over 7'
time steps. An operation occurs only if a presynaptic neu-
ron fires. Let R! denote the average spike rate (sparsity)
of the input to layer [

Nie =N x N, xT xR (51

TABLE III: Measured average spike activity (R) per layer

Dataset Input | Hidden | Output
MNIST 0.13 0.04 0.07
FashionMNIST | 0.29 0.09 0.05
KMNIST 0.18 0.06 0.05

To determine the sparsity factor R, we performed inference
on the global test sets of all three datasets (MNIST, FashionM-
NIST, KMNIST) using the trained global model. We measured
the R for each layer, defined as the ratio of total spikes
emitted to the total possible spikes over the simulation window
T = 25. The empirically measured spike rates are summarized
in Table III. It is important to note that while we report the
output layer’s spike rate to analyze network behavior, only the
sparsity of the input and hidden layers contributes to the final
energy calculations, as these drive the synaptic operations in
the network.

We adopt energy cost values for 45Snm CMOS technology
with 32-bit integer arithmetic [80]: Ep;ac = 3.2 pJ and
FEic = 0.1 pl. As a result, the ANN baseline consumes a
constant energy regardless of the dataset, as its topology and
operation count remain fixed (Nyo¢q; ~ 8.13 x 105> MACs)

EsnN = Z(NIlMAC) X EMAC ~ QGMJ
l

(52)

In contrast, the energy of the FL-QLIF model varies across
datasets due to differences in feature sparsity

EQLIF = Z(N}LXC) X EAC-
l

(53)

For MNIST, the QLIF model consumes approximately
0.26uJ, representing a 10x reduction in energy compared
to the ANN. Similarly, for KMNIST, the model achieves a
7.2x savings with an energy consumption of roughly 0.364.J.
Even on the more complex FashionMNIST dataset, where
spike activity is naturally higher, the QLIF model maintains a
low consumption of 0.58..J, delivering a 4.4 x efficiency gain.
Besides, it is worth noting that while the event-driven sparsity
of the proposed framework significantly reduces the synaptic
energy footprint compared to standard ANN:S, it is important to
discuss the computational complexity introduced by the QLIF



TABLE IV: Scalability analysis: Final test accuracy (%) under varying participation ratios (r) and number of clients (C')

Dataset Model | € =50 | C = 100
|r=01 r=025 r=05 r=10|r=01 r=025 r=05 r=10
QLIF | 87.86 87.69 89.04  90.12 | 85.40 89.32 89.36  90.66
MNIST ANN | 86.71 87.01 89.56 9256 | 87.58 88.92 89.43  91.66
QNN | 39.94 64.98 66.03 7126 | 56.82 65.10 67.92 7212
QLIF | 60.24 62.42 63.52 6524 | 59.66 63.44 6373  64.82
KMNIST ANN | 60.42 61.76 6169 6724 | 60.13 64.98 64.67  67.49
QNN | 4550 50.38 5293 57.89 | 42.05 54.79 58.53  60.15
QLIF | 68.60 72.25 7736 7923 | 69.80 72.85 75.61  78.68
FashionMNIST ANN | 70.63 71.69 75.08 8034 | 70.83 72.95 7495  79.54
QNN | 4145 48.09 50.63  53.67 | 40.25 46.63 50.19  54.25

neuron dynamics themselves. Simulating the LIF neuron using
quantum rotation gates requires evaluating non-linear transcen-
dental functions, such as arcsin, sin, and exponential decays.
While these operations introduce a complicated computational
overhead at the individual neuron level, this cost is effectively
marginalized by the network’s structural scaling. Algorithmic
complexity dictates that neuron state updates scale linearly
with the number of neurons (O(N)), whereas synaptic op-
erations scale quadratically with the number of connections
(O(N?)). In our evaluated 784-1024-10 architecture, synaptic
connections outnumber neurons, i.e., approximately 8.13 x 10°
MACs versus 1034 active QLIF neurons. Consequently, the
total computational cost remains overwhelmingly dominated
by the massive reduction in dense synaptic MAC operations.
These results highlight that the proposed quantum-inspired
framework successfully leverages data sparsity to minimize
computational cost on edge hardware.

D. Scalability

To validate the practical viability of FL-QLIF in large-scale
edge networks, we evaluate its scalability and resilience to
partial client participation. In real-world IoT scenarios, edge
devices frequently drop out due to connectivity issues or
battery constraints, making full participation (100% of clients)
unrealistic. We investigate the model’s performance by varying
the participation ratio r € {0.1,0.25,0.5} across a total pool
of ¢ = {50,100} clients on the MNIST, FashionMNIST,
and KMNIST datasets. To ensure a rigorous evaluation under
realistic non-iid conditions, we set the a4;,- = 0.5 and fix the
number of local update epochs to K = 3 for all scalability
experiments. Note that these distributions are assumed to
be stationary throughout training. The performance on full
participation (r = 1) is also evaluated for benchmarking
purposes.

The experimental results summarized in Table IV demon-
strate the practical scalability and resilience of the proposed
FL-QLIF framework in large-scale edge networks. A critical
observation is that the FL-QLIF model maintains a highly
competitive performance relative to the classical ANN baseline
across all datasets and participation scenarios. For instance, on

the MNIST dataset with C' = 50 and a participation ratio of
r = 0.5, the FL-QLIF model achieves an accuracy of 89.04%,
closely trailing the ANN’s accuracy of 89.56%. Similarly,
in the more complex FashionMNIST task with C = 100
clients, the quantum-inspired model reaches 72.85% accuracy
at r = 0.25, effectively matching the ANN benchmark of
roughly 72.95%. This confirms that the QLIF neuron success-
fully captures the necessary feature representations required
for complex classification tasks without the extensive compu-
tational overhead associated with full classical networks.
Furthermore, the proposed framework exhibits remarkable
robustness to partial client participation. While the ANN base-
line tends to suffer more pronounced performance degradation
as the participation ratio drops, the FL-QLIF model preserves
its stability. In the KMNIST experiments (C' = 100), as the
participation ratio decreases to r = 0.1, the FL-QLIF model
maintains a consistent accuracy profile, achieving 59.66%
compared to the ANN’s 60.13%. Notably, the performance
gap between the low-participation regime (r = 0.1) and full
participation (r = 1.0) is often narrower for QLIF than for
the baselines, suggesting that the quantum-inspired aggre-
gation mechanism effectively mitigates the noise introduced
by random client sampling. In stark contrast, the standard
QNN baseline struggles significantly in these heterogeneous
environments, failing to surpass 54% accuracy on Fashion-
MNIST (C' = 50) even at higher participation rates. These
results collectively highlight that FL-QLIF offers a scalable
and resilient solution for edge intelligence, delivering high
accuracy even when network resources limit client availability.

E. Impact of learning rate and local epochs on convergence

We now compare our theoretical analysis with empirical
results. For simplicity and clarity of analysis, we conduct
these specific experiments using the MNIST dataset. Fig. 6 (a)
illustrates the impact of the number of local epochs K with
fixed n = 5 x 1073, In this case, increasing K aggravates
the drift penalty, which grows as (232 +a2)75° K313, thereby
reducing A and slowing down per-round progress. Empirically,
K =1 and K = 3 achieve rapid convergence and stable
final accuracy, whereas K = 5 and especially K = 10
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Fig. 5: Convergence under the scaling rule 7 = ¢/K: (a) Experiment 1 (¢ = 5 x 1072); (b) Experiment 2 (¢ = 1.5 x 1072)

TABLE V: Quantitative results of scaling the learning rate with local epochs

Experiment 1: ¢ = 5x107°

K n Accuracy (%) Conv. Round Behavior

1 5x1073 90.3 6-8 Stable, rapid convergence
3 1.7x1073 90.1 6-9 Stable, rapid convergence
5  1x107° 90.0 10-15 Smooth, consistent

10  5x10°* 90.2 10-20 Stable, slower start

Experiment 2: ¢ = 1.5x 10~

1.5x1072 77.4

- Unstable, oscillatory updates

[V, RS I

5x1073
3x1073
1.5%x1073

89.3
88.5
89.3

9-12 Stable, fast convergence
10-15 Slower but stable
10-20 Consistent overall

converge more slowly and plateau at slightly lower accuracy.
This confirms the theoretical prediction that large K values,
if combined with a fixed 7, adversely affect convergence due
to the accumulation of drift.

Fig. 6 (b) shows the effect of varying the learning rate n for
fixed K = 3. When 7 is small, the linear gain term dominates
(A = 7 - const), so increasing 7 accelerates convergence. This
behavior is evident for 7 = 5 x 10~%, which converges slowly
but stably, while moderate values such as n = 1072 and
n = 5 x 1073 achieve the fastest improvement and reach
around 90% accuracy within 10 rounds. As predicted, when
7 becomes too large, the quadratic and cubic penalty terms
(—br272 and —(23% + o2)K27,*n27) reduce the effective
gain, causing the training to slow down and fluctuate. This
effect appears clearly for n = 1072 and = 5 x 102, where
convergence becomes unstable and the final accuracy is lower.

To further verify the theoretical prediction that the per-round
convergence rate remains constant when scaling the stepsize
as n = ¢/ K, we conducted an experiment where the learning
rate and the number of local epochs K were jointly varied
while maintaining approximately constant ¢ = K7). Starting
from the well-performing configurations (K=1, n=5 x 1073)
and (K=3, n=5 x 1073), we scaled 7 inversely with respect
to K for larger local epoch counts. The corresponding results
are shown in Fig. 5(a) and Fig. 5(b). Furthermore, the detailed
quantitative outcomes are summarized in Table II, which lists
the accuracy, convergence rounds, and qualitative behavior for
each configuration.
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Fig. 6: Performance comparison of (a) different local updates
between each global communication round, (b) different learn-
ing rate.



In the first experiment, the four configurations generally
follow the expected trend. The curves for K = 1,3, and
5 overlap after roughly 10 communication rounds, demon-
strating nearly identical convergence speed and final accuracy
(= 90%). The K = 10 case, however, converges slightly
more slowly, indicating that excessively large K begins to
weaken the assumption of constant per-round convergence.
This observation is consistent with the theory on the effect
of local epochs K. This experiment is quite consistent with
the theoretical result. In this regime, increasing K reduces the
communication frequency without degrading learning perfor-
mance.

In the other experiment, the overall trend still supports
the theory, but with minor deviations. The configuration
(K=1,7=1.5x10"2) shows unstable updates and lower ac-
curacy (approximate 75%), indicating that the cubic penalty
terms in A(c) dominate when 7 becomes too large. Conversely,
the other three settings (K=3,5,10) converge almost identi-
cally and stably.

Overall, the experiments validate the two key predictions: (i)
the learning rate exhibits a trade-off between faster linear gain
at small n and instability from curvature and drift penalties at
large 7, and (ii) increasing the number of local epochs sharply
reduces the per-round convergence rate when 7 is fixed, as
predicted by the cubic growth of the drift term. Furthermore,
the results empirically verify the third prediction: scaling the
learning rate inversely with K maintains a nearly constant con-
vergence rate across different local update counts. However,
both K and n must remain within moderate ranges; excessively
large values of either can violate the above conditions, leading
to slower or unstable convergence.

VI. CONCLUSION

In this paper, we presented FL-QLIF, a unified framework
that synergizes the privacy-preserving capabilities of FL with
the energy efficiency of SNNs and the representational power
of QC. We introduced an improved QLIF neuron model
that leverages unitary rotation gates to capture biologically
plausible integration and leakage dynamics within a single
computational step. Empirically, we demonstrated that FL-
QLIF is robust to statistical heterogeneity and highly scal-
able, with experimental results verifying the stability bounds
predicted by our theoretical analysis. In direct comparisons,
our model consistently outperformed QNN baselines in non-
iid scenarios and maintained accuracy competitive with full-
precision ANNSs. Crucially, this performance is achieved with a
fraction of the energy cost. Specifically, it demonstrates up to a
10x reduction in synaptic energy consumption for sparse data
tasks. These results, grounded in theoretical proof of conver-
gence under semi-smooth conditions, suggest that quantum-
inspired neuromorphic computing is a powerful enabler for
next-generation edge Al, offering a path toward ubiquitous,
low-power, and privacy-secure distributed learning.

Future work will focus on deploying this framework on
physical neuromorphic hardware to empirically validate the
predicted energy benefits, characterize the overhead of fixed-
point approximations of the QLIF neuron dynamics, and ex-
plore the practical constraints of hardware-level deployment in

large-scale asynchronous IoT networks. In this context, a key
priority will be developing adjustable thresholds that adapt to
device power settings, helping to find the best balance between
saving energy and maintaining high accuracy. Furthermore,
while our initial evaluation establishes the framework’s via-
bility on standard benchmarks, the QLIF neuron model can
be extended into more advanced architectures to efficiently
process more complex, high-dimensional datasets. Finally,
extending FL-QLIF to non-stationary federated environments
with concept drift remains an important future direction.
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