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Abstract

Quantum Federated Learning (QFL) is an emerging
paradigm that combines quantum computing and federated
learning (FL) to enable decentralized model training while
maintaining data privacy over quantum networks. However,
quantum noise remains a significant barrier in QFL, since
modern quantum devices experience heterogeneous noise
levels due to variances in hardware quality and sensitivity
to quantum decoherence, resulting in inadequate training
performance. To address this issue, we propose SpoQFL, a
novel QFL framework that leverages sporadic learning to
mitigate quantum noise heterogeneity in distributed quan-
tum systems. SpoQFL dynamically adjusts training strate-
gies based on noise fluctuations, enhancing model robust-
ness, convergence stability, and overall learning efficiency.
Extensive experiments on real-world datasets demonstrate
that SpoQFL significantly outperforms conventional QFL
approaches, achieving superior training performance and
more stable convergence.

1. Introduction

Federated Learning (FL) has emerged as an innovative ma-
chine learning framework that enables collaborative model
training across decentralized devices while ensuring data
privacy [1, 18, 20, 34]. Traditional centralized machine
learning approaches [24] require combining data from sev-
eral sources on a single server and training the model on
the centralized data [29]. However, this approach presents
two practical challenges: i) data security where centralized
training exposes sensitive data to security risks since raw
data must be sent and kept in a single repository, making
it open to breaches and unauthorized access [26, 27]; and
il) communication overhead where sending large and com-
plex datasets to a central server has significant communi-
cation costs, particularly in distributed environments with
limited bandwidth [2, 25, 28]. FL overcomes these limi-
tations by keeping data local on edge devices and sharing
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model changes only with a central server. This decentral-
ized strategy improves data security by keeping raw data
private to local devices, reducing the risk of data-based at-
tacks. Furthermore, FL considerably reduces communica-
tion costs by sharing only model parameters or gradients
rather than complete datasets [14, 19].

Quantum Federated Learning (QFL) combines federated
learning (FL) and quantum physics to capitalize on quan-
tum computing’s advantages in distributed learning [5, 22].
Quantum systems excel in handling high-dimensional data
[15], solving complicated optimization problems, and ac-
celerating computations via superposition and entangle-
ment, potentially outperforming conventional approaches
[8, 31]. In federated environments, QFL improves data se-
curity by keeping sensitive quantum data private in local
devices, complying with the quantum no-cloning theorem,
which prevents the duplication of quantum states. Further-
more, quantum algorithms enhance optimization and pat-
tern recognition, making QFL ideal for safe, large-scale
distributed learning across a wide range of applications
[12]. QFL enables more efficient and scalable decentral-
ized learning by combining the privacy features of FL and
the computational power of quantum computing [10, 22].

Despite such promising results, quantum noise remains
a significant challenge for QFL devices, commonly re-
ferred to as noisy intermediate-scale quantum (NISQ) [6].
Quantum systems are inherently unstable and susceptible
to noise due to hardware errors, environmental interactions,
and quantum decoherence, in which qubits lose their quan-
tum states over time [32]. In quantum computing, noise is
generated primarily via gate noise and measurement noise.
Gate noise arises during quantum processes when quantum
gates contribute errors due to hardware errors, control in-
adequacies, or environmental disturbances, resulting in in-
correct calculations. Measurement noise, on the other hand,
occurs while extracting classical information from qubits,
since quantum measurements are naturally uncertain and
error-prone, lowering the reliability of the outcomes [13].
These noise effects hinder QFL model training by intro-
ducing computational errors, changing learning dynamics,



and slowing convergence, making it challenging to maintain
training consistency among dispersed quantum devices. In
federated environments, where many quantum nodes con-
tribute to training, noise heterogeneity across devices fur-
ther amplifies learning instability. Effective noise mitiga-
tion is essential for improving the reliability of QFL, main-
taining constant training performance, enhancing conver-
gence, and fully exploiting quantum advantages in decen-
tralized learning [4, 35].

To address this limitation, in this paper, we propose a
novel sporadic QFL approach named SpoQFL that effec-
tively reduces the effect of quantum noise in distributed
quantum systems. The main contributions of this paper are
summarized as follows.

L]

We propose SpoQFL, a novel approach for QFL that uses
sporadic learning, a strategy for dynamically adapting
training techniques to mitigate the effects of quantum
noise across distributed quantum devices.

We consider adaptive and practical quantum noise scenar-
ios and mitigate the noise by selectively altering model
updates in response to noise fluctuations

We evaluate the advantage of SpoQFL through exten-
sive studies and show that SpoQFL surpasses traditional
QFL approaches reaching up to 4.87% higher accuracy
on CIFAR-10 and 3.66% on CIFAR-100, while reducing
loss by 16.84% and 4.15%, respectively.

2. Related Works
2.1. Federated Learning

FL has become a pivotal approach to distributed machine-
learning applications. This framework is particularly valu-
able in applications where data cannot be centralized due to
privacy concerns or communication overheads [26]. Sev-
eral FL algorithms, such as FedAvg[20] for aggregation,
MOON [17] address representation disparity across clients,
FedProx [36] for handling data heterogeneity by introduc-
ing a proximal term to stabilize training, FedOpt [1] for
enhances convergence through adaptive learning rate rates,
and SCAFFOLD [14] for variance reduction by mitigat-
ing client drift, have been developed to enhance FL perfor-
mance. These methods enable decentralized model train-
ing over distributed edge devices, protect data privacy by
reducing the need for centralized data aggregation, and im-
prove scalability and security in collaborative learning en-
vironments. Despite these advantages, FL algorithms still
face challenges due to limited model capacity, slow conver-
gence, and complex data relationships [2].

2.2. QFL with Quantum Machine Learning

Quantum machine learning (QML) combines quantum
computing with classical machine learning to improve per-
formance in complex computational tasks [3]. Similar to
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Figure 1. Proposed SpoQFL architecture where a set of distributed
quantum devices collaborate with a quantum server to train a
shared QML model. The proposed framework encompasses spo-
radic learning that captures noise heterogeneity and mitigates the
effects of quantum noise in QFL.

the classical FL, QFL allows numerous clients to train mod-
els without exchanging raw data, ensuring data privacy
and lowering communication overhead [19]. By exploiting
quantum principles such as qubit’s existence in superposi-
tion state and entanglements [23], multiple research works
have shown that QML techniques like quantum neural net-
works (QNNs) [31] and quantum support vector machines
(QSVMs) [8] offer potential speedups and enhanced data
representation [12]. Building on these advancements, QFL
extends QML principles to a decentralized learning envi-
ronment, [22], while also preserving the FL’s inherent data
privacy benefits along with improved scalability and per-
formance. QNNs are susceptible to quantum noise caused
by decoherence, gate errors, and measurement uncertainty,
which distort quantum states and affect model accuracy.
There have been extensive research works in mitigating
quantum noise effects within the quantum processor itself
[4, 35]. Despite mitigation techniques, residual noise per-
sists specifically in QFL, accumulating as noisy updates
from multiple clients propagate during global aggregation
which amplifies instability and delays convergence [6, 7].

Sporadic learning has been explored in classical FL to
selectively suppress unstable updates and improve conver-
gence in heterogeneous environments [37]. However, in the
QFL setting, the instability due to quantum noise accumu-
lation and noisy updates is not addressed in prior studies.
In this research, we introduce a novel concept of handling
such issues with sporadic learning in QFL.



3. Sporadic Quantum Federated Learning
Framework

QNN model. The quantum model consists of multiple
layers containing both single-qubit and multi-qubit gates.
It consists of rotating gates 2, R,,andR, and entangling
gates (CNOT) that manipulate and entangle qubits to cap-
ture complicated data relationships. These gates are often
parameterized and behave similarly to trainable weights in
traditional neural networks. These parameters are adjusted
according to a specified loss function. In the final stage,
qubit measurements convert their quantum states into clas-
sical bit values, which are then interpreted as probabilities
or expectation values.

3.1. Local Model Training

A QNN model training is initiated by first transforming
classical data into quantum states, commonly referred to as
quantum encoding. Input data w € R? is first encoded into
a quantum state using an encoding unitary Uep.(w), such
that the encoded state [tene(w)) becomes =Uepe (w)]0)P,
where D represents the number of qubits.

The encoded quantum state is then processed by a pa-
rameterized quantum circuit (PQC) composed of multi-
ple layers containing single-qubit rotational gates and two-
qubit entanglement gates. The state evolution of the qubits
can be expressed in terms of unitary transformations given
by

[Pou(w, w)) = U(W)UeHC(w)|O>®D~ (1

Here, U(w) = HC],‘:l Uq(wgq) is the parameterized quan-
tum circuit (PQC) composed of L layers of parameterized
gates.

To evaluate model performance, the output state is mea-
sured using a Hermitian observable O, giving the expected
value f(w,w) as (You(w,w)|O|hou(w,w)). In practice,
this value is estimated through M measurement shots, giv-
ing the empirical output estimate f, z(w) as &= Z]Nil H;,
where H; denotes the individual measurement outcomes.
Then, the loss function L,, ;(w) is given by £(y, fn.r(w)),
where / is the categorical cross-entropy loss with y being
the respective label of the input data point. For gradient
estimation, the parameter-shift rule is applied:

. 1
[gfz,k]d =

3 (<H>|w<w+ged>> — (H) g (o~ gea))
where e, is the unit vector in the d-th parameter direction.

The model parameters are updated iteratively using gra-
dient descent:

). @

t+1 t

Wit = Wk = N0k 3)

where 7 is the learning rate. After T local epochs, the final
optimized parameters w! , are obtained.
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3.2. Federated Learning

FL allows multiple clients to collaboratively train a shared
global model without explicitly sharing raw data, ultimately
preserving data privacy. In FL, the participating clients
share only updated parameters trained in their private lo-
cal data with a central aggregating server. The server com-
bines these model updates to generate the global model that
captures diverse information from multiple trained models.
This refined global model is redistributed to clients until a
desired performance threshold is met.

QFL extends FL by utilizing QNNs as client models.
In QFL, each quantum client trains a QNN parameterized
by wy, i that evolves a quantum state oy (w, wy, 1)) as de-
scribed in 3.1.

After performing 7' local epochs, each client sends its
updated QNN parameters wg, i to the central server. The
server aggregates these updates as follows:

N
_ 1 T
WEk+1 = N Wy ko
n=1

where NV is the number of participating quantum devices.
QFL provides numerous significant improvements over
classical FL. QNNs take advantage of the high-dimensional
Hilbert space, resulting in higher expressiveness and faster
convergence in specific applications. Furthermore, QFL is
particularly useful in applications containing complicated
data that classical models may not be able to handle effi-
ciently. QFL, like standard FL, protects data privacy by
storing quantum data locally on each device, lowering se-
curity threats in distributed quantum computing systems.

“4)

3.3. Quantum Noise Effect

Although QFL offers numerous advantages as discussed in
3.2, quantum noise significantly affects its performance.
Quantum devices, particularly NISQ systems, are highly
susceptible to quantum noises from phenomena like deco-
herence, gate errors, and environmental interference. These
noise sources distort quantum states during QNN training,
posing challenges to model convergence and stability.

In the ideal noise-free case, PQC transforms the ini-
tial ground state |0) into the state |¥(w)) U(w)|0),
where U(w) is a sequence of parameterized gates defined
as HdD:1 Uq(wa)Vy. Here, Ug(wq) = exp (—i“%tGq) rep-
resents a parameterized gate, where G4 is a Pauli string gen-
erator (e.g., I, X, Y, Z) that controls the gate’s effect. The
term V/ is a fixed unitary transformation independent of the
trainable parameters wy. The PQC of QNN no longer pro-
duces a pure state. Instead, the system evolves into a noisy
quantum state, described by a density matrix:

pe(w) = UspoUf, (5)



where po = [0)(0] is the initial pure state, and U, is the
noise-affected PQC transformation. The symbol Ujj repre-
sents the Hermitian adjoint (complex conjugate transpose)
of U, ensuring the resulting density matrix remains Her-
mitian and trace-preserving.

A widely used noise model for practical systems is the
Pauli noise channel, which introduces probabilistic distur-
bances F(p) during gate operations given by (1 — €)p +
ey i Ej pEJT. Here, ¢ is the probability of error, and F;
are Pauli operators that introduce noise during gate execu-
tion. Quantum noise also distorts the empirical loss func-
tion. Since QNN training relies on measurement outcomes,
the noisy loss function ﬁ(w) is estimated by averaging M
measurement shots as - Zj\il H;. Here, H; is the out-
come of the j-th shot for an observable H.

Despite averaging multiple shots, residual noise remains
and propagates into gradient estimates. Under noisy condi-
tions, this estimated gradient as in (2) becomes:

O e =V (wnk) + & - (6)

Here, V f(wy, ) is the noise-free gradient, and §fl k1S a
noise-induced deviation. This deviation follows a bounded
variance given by

vN, DTr(H?)

2M ’
wshere v is a noise-related constant, /N, denotes the number
of Hermitian observable terms, D is the number of qubits,
and M represents the number of measurement shots. Noise
accumulates over multiple rounds, destabilizing conver-
gence. After 7' communication rounds, the noise-induced
error bound can be formulated as

Var (g}, ;) < @)

& = B[L{wr)]-L" < <1—nu>T<E[L<wo>]—L*>+§%,
®)

where L* is the optimal loss, 1 is the learning rate, u is
the strong convexity constant, and V' is the noise variance
bound. This result highlights the cumulative impact of noise
on convergence, as both measurement uncertainty and gate-
induced noise gradually degrade QFL performance.

3.4. Quantum Noise Mitigation with Sporadic
Learning

We anticipate that the major challenge in QML model train-
ing within the NISQ-based QFL system is the presence of
quantum noise which is accumulated in multiple commu-
nication rounds of QFL during training, 3.3, degrading the
global model’s stability. Sporadic learning mitigates this
effect by dynamically scaling updates based on observed
noise intensity. In QFL, each client’s gradient estimate is
inherently susceptible to noise as formulated in (6). To
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minimize the impact of unstable updates, sporadic learning
introduces a scaling factor, termed the sporadic variable,
that dynamically attenuates noise-heavy updates. Given the
noise deviation 52’ & in a client’s gradient estimate, the spo-
radic variable is defined as

al, = exp(—7 1€ k1), 9

where 7y is a tunable parameter that determines the suppres-
sion strength. For clients experiencing high noise, z, , be-
comes small, limiting the impact of unstable updates. ‘Con-
versely, for minimal noise conditions, xfl , ~ 1, ensuring
stable updates proceed normally.

Each client’s updated parameters are scaled accordingly
before being sent to the server, expressed as:

t+1 _ ot
wn,k - wn,k -n

(i Thk)- (10)

This adaptive adjustment ensures that devices with ex-
cessive noise contribute less to the global model. As de-
scribed in 3.2, the server aggregates these stabilized local
updates using the standard FL aggregation rule in (4).

Since sporadic learning directly reduces the noise vari-
ance term V' in the previously established error bound in
(8), it improves both convergence stability and model per-
formance in practical QFL environments.

3.5. Proposed SpoQFL Algorithm

The proposed SpoQFL algorithm in Algorithm | begins by
initializing the global model and local parameters (lines 2-
6). Then the clients get trained on local data with noisy gra-
dient estimation (line 8) and compute the sporadic variable
based on noise intensity (line 9). Subsequently, updates are
skipped if noise exceeds a defined threshold (lines 10-11),
while stable updates are scaled to limit noise propagation
(line 13). The stabilized models are sent to the server (lines
16-19), which aggregates, evaluates, and broadcasts the up-
dated global model to all the clients. This process repeats
for a predefined number of global rounds specified in line
1, achieving the optimal global model. An overview of the
SpoQFL framework is shown is figure 1.

4. Experiments

4.1. Dataset

To evaluate the performance of SpoQFL, we have used two
baseline datasets: CIFAR-10 and CIFAR-100 [16]. The
CIFAR-10 dataset contains 60,000 color images (32x32
pixels) divided evenly over 10 classes: airplane, car, bird,
cat, deer, dog, frog, horse, ship, and truck. It comprises
50,000 training and 10,000 test images, with 6,000 exam-
ples in each class. The CIFAR-100 dataset has a similar
structure, but it contains 100 classes divided into 20 super-
classes, each with 600 pictures (500 for training and 100 for
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Figure 2. Performance comparison between FL with classical model and FL with the quantum model for CIFAR-10 and CIFAR-100 dataset
in I[ID and non-IID data distribution. The simulation results demonstrate the effects of using the quantum model.

Algorithm 1 Proposed SpoQFL Algorithm

1: Input: Global communication rounds /C, local training epochs 7, set
of quantum devices A/, learning rate 7, sporadic control parameter -,
noise threshold 7

: Initialization: Initialize global model parameters wq

: for each global communication round & € K do

Distribute current global model wy, to all devices

for each device n € N in parallel do

Set initial local model parameters w?h B = Wk
for each local training epoch t € T do
Compute gradient estimate:

Gng = Vin(wh ) + &k

9: Compute sporadic variable: :z:fI 1, using (9).

10 if ! , < 7 then

11: Skip update (Suppresses unstable updates)
12: else

A A i

13: Calculate loss and update local model parameters:
“’f;rkl = ‘*";71@ - n(gfl,k ’ x;k)

14: end if

15: end for

16: Transmit updated model parameters wa i, to the server

17: end for

18: Server aggregates client updates using (4) to get w4 1.

19: Server evaluates the global model performance and broadcasts
W1 to all clients

20: end for

21: Output: Optimal global model w™* after K rounds

testing). CIFAR-100 presents a more fine-grained classifi-
cation problem due to its larger number of categories.

We initially normalize the pixel values to the range [0,1]
to increase numerical stability and training efficiency. To
emulate real-world federated learning settings, we partition
the datasets into non-IID subsets using label-skewed and
Dirichlet-based partitioning [11], guaranteeing that each
client receives a distinctive yet imbalanced set of classes.
Standard data augmentation approaches, such as random
cropping, horizontal flipping, and random rotation, are used
to improve model generalization. Furthermore, to improve
computational performance, we introduce batch-wise data
loading and ensure a balanced training procedure among FL
clients.

4.2. Simulation Settings

Our SpoQFL framework consists of a centralized quantum
server and ten NISQ devices. Each quantum device is in
charge of training a QNN for image classification. The
framework uses quantum state preparation techniques to en-
code input data, such as pixel values, into quantum states
via methods such as amplitude encoding or angle encoding.
For quantum simulations, we use the torchquantum library.
The training procedure incorporates conventional optimiza-
tion strategies to modify quantum gate settings, as well as
gradient-based approaches that take into consideration the
system’s quantum nature. This configuration uses quantum
mechanical features, such as superposition and entangle-
ment, to improve computing efficiency and performance.

Non-IID data distribution. To examine heterogeneous
quantum encoding, we simulate a QFL framework in which
clients use heterogeneous encoding algorithms, resulting in
varying quantum state representations. We examine N =
10 clients, each using a unique encoding method, includ-
ing basis, amplitude, phase, angle, and entanglement encod-
ing. Clients train on distinct encoded quantum states pgk),
leading in varied feature spaces that affect training stability
and model convergence. We assess the state fidelity across
client datasets to quantify this heterogeneity, and we find
an average pairwise fidelity variation of 0.65, emphasizing
the differences brought by various encoding methods. This
heterogeneity further extends into the quantum environment
via quantum encoding, in which classical values are directly
translated to quantum states, resulting in further variations
in the quantum data.

4.3. Simulation Results on QFL

Effects on using the quantum model. For our first simu-
lation, we compare two FL approaches: FL with classical
model and FL with quantum models for dataset CIFAR-10
and CIFAR-100 in figure 2. The simulation results clearly
demonstrate the superiority of QFL over traditional FL in
terms of both performance and convergence in both IID and
non-IID data distribution. Furthermore, QFL was able to
produce more stable results even in the non-IID data envi-
ronment. In the consequent simulations, we proceed with
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| Dy (Num Qubit | CIFAR-10 | CIFAR-100 | |, (num layers) | CIFAR-10 | CIFAR-100 |
| | Loss Value Acc. | Loss Value Acc. | | Loss Value Acc. | Loss Value Acc. |

2 2.266 14.58% 4.026 11.54% 1 0.6747 87.75% 13388  55.63%

3 1.724 23.80% 3.523 21.45% 2 0.6774 86.55% 1.3716 53.18%

5 1.051 36.78% 3.011 29.78% 3 0.5806  89.36% 1.3660 52.98%

10 0.666 62.98% 1.320 55.04% 4 0.7749 85.75% 1.4045 52.02%

5 0.7261 85.67% 1.4935 48.34%

10 1.1392 72.46% 1.8187 36.89%

Table 1. Difference in performance in QFL with the different num-
ber of qubits D, across various datasets. The qubits being com-
pared were 2, 3, 5, and 10. We limited the number of qubits to 10
to minimize excessive computational demands and resource con-
sumption and 1 qubit unable to process the complex image.

FL using the QNN model.

Ablation study. In our ablation study, we investigate
how different quantum factors affect the performance of
our QFL model, with a particular emphasis on the num-
ber of quantum bits (qubits) and quantum layers. Table 1
summarizes our experiments that compared model perfor-
mance across multiple configurations of qubits D, during
each communication round. In those instances, all param-
eters and training epochs are similar, with the only differ-
ence being the number of qubits, which were set to 2, 3,
5, and 10. The findings show that increasing the amount
of qubits improves the model’s performance, with D, = 10
producing the best results for both datasets. Further increas-
ing qubits exponentially expands the quantum state, so ad-
ditional simulations use 10 qubits to balance performance
and complexity.

As an extension of our ablation studies, we analyze the
effect of varying the number of quantum layers (/) in our
QFL model. Table 2 presents our experiments with layer
configurations of 1, 2, 3, 5, and 10. We ensure consistent
experimental conditions, including the number of training
rounds and the number of qubits (D. = 10). Unlike our
observations with qubit variations, modifying the number
of quantum layers does not exhibit a straightforward linear
correlation with model performance. Interestingly, the con-
figuration with [ = 3 layer for CIFAR-10 and [ = 1 layer
for CIFAR-100 outperforms the others. Based on these find-
ings, we select [ = 1 as the quantum layer configuration
for subsequent evaluations to optimize our model’s perfor-
mance.

Effects on different loss functions. In our next line
of experiments, we examine how different loss functions
affect model performance on the CIFAR-10 and CIFAR-
100 datasets in Table 3. CrossEntropy Loss produces the
highest accuracies: 86.12% on CIFAR-10 and 54.43% on
CIFAR-100 during training, and 82.93% and 52.60% in
testing. In contrast, MSE and BCE Losses demonstrate
decreased effectiveness, particularly with MSE on CIFAR-
10, where training and testing accuracies were only 70.15%
and 65.53%, respectively. This demonstrates CrossEn-
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Table 2. Difference in performance in QFL with different num-
bers of layers [ across CIFAR-10 and CIFAR-100 datasets.The
study investigates the trade-offs between model expressiveness
and training efficiency, arguing that fewer layers may result in un-
derfitting due to limited expressiveness, whereas more layers im-
prove representational capability at the expense of encountering
barren plateaus that impede efficient optimization.

| L . CIFAR-10 | CIFAR-100 |
oss function
| | Train Acc.  Test Acc. | Train Ace.  Test Acc. |
CrossEntropy 86.12% 82.93% 54.43% 52.60%
MSE 70.15% 65.53% 47.32% 44.39%
BCE 79.97% 75.13% 54.02% 48.13%

Table 3. Performance comparison between 3 different loss func-
tions: CrossEntropy Loss, MSE Loss, and BCE Loss in selected
datasets. We compare multiple loss functions to see which one im-
proves model accuracy the most effectively for certain tasks and
data.

Learning rate CrossEntropy Loss

Loss Accuracy

o | learning rate = 0.5 0.4362 | 84.82%
% | learning rate = 0.1 0.705 82.32%
é learning rate = 0.01 2.204 51.19%
© learning rate = 0.001 3.6568 22.42%
S | learning rate = 0.5 2.3211 14.80%
~ | learning rate = 0.1 1.3639 | 53.76%
£ [ Tearning rate = 0.01 1.6247 45.30%
) learning rate = 0.001 2.005 32.09%

Table 4. Difference in performance using different learning rates.
The learning rates include 0.5, 0.1, 0.01, and 0.001 after 100
epochs for both CIFAR-10 and CIFAR-100. Learning rates sub-
stantially influences the efficiency and outcomes of the training
process.

tropy’s strengths and effectiveness in performing classifi-
cation tasks on these image datasets.

Effects on different learning rates. Table 4 shows how
altering learning rates affect the performance of a model
using CrossEntropy Loss on the CIFAR-10 and CIFAR-100
datasets. In CIFAR-10, the best performance is obtained
with a learning rate of 0.5, which results in a loss of 0.4362
and an accuracy of 84.82%. In contrast, as the learning
rate declines to 0.1, 0.01, and 0.001, both loss and accu-
racy, with the best performance occurring at higher learning



| Data | Number | CIFAR-10 \ CIFAR-100 |
distribution of Clients
| | | Lossvalue  Accuracy | Lossvalue Accuracy |
11D 3 0.6721 87.92% 1.4123 53.25%
5 0.6347 88.45% 1.3789 54.89%
10 0.5983 89.67 % 1.3452 56.78%
Non-IID 3 0.7342 85.43% 1.5689 50.12%
5 0.6985 86.21% 1.5023 51.76%
10 0.6654 87.03% 1.4568 52.98%

Table 5. Impact of varying the number of clients on QFL performance.

both IID and non-IID in CIFAR-10 and CIFAR-100 datasets.

rates. For CIFAR-100, the ideal learning rate is 0.1, result-
ing in the lowest loss of 1.3639 and the maximum accuracy
of 53.76%. Lower learning rates (0.01 and 0.001) result in
more losses and lower accuracies, while the greatest rate
(0.5) causes a considerable decline in accuracy to 14.80%.

Effects on the number of clients. Table 5 shows how
varying numbers of clients affect QFL performance for
CIFAR-10 and CIFAR-100 in IID and Non-IID distribu-
tions. As the number of clients increases from 3 to 10,
the loss for CIFAR-10 decreases from 0.6721 to 0.5983,
while accuracy climbs from 87.92% to 89.67%. Similarly,
for CIFAR-100, the loss falls from 1.4123 to 1.3452, but
accuracy rises from 53.25% to 56.78%. The IID configu-
ration regularly outperforms the non-IID condition, demon-
strating the effect of data heterogeneity on training. Despite
this, increasing the number of clients improves overall per-
formance and reinforces QFL’s scalability, while good ag-
gregation mechanisms are still required to handle non-IID
circumstances.

4.4. Simulation Results on Quantum Noise

In this line of research, we examine the negative effect of
quantum noise and how sporadic learning can solve this
problem.

Effects on quantum noise. Table 6 shows how differ-
ent noise levels (e) affect model accuracy for CIFAR-10
and CIFAR-100 datasets under IID and non-IID settings.
The noise levels range from 0.001 to 0.5, with higher val-
ues providing additional uncertainty in the training process.
As expected, model accuracy decreases as the level of noise
increases. In the IID setup, CIFAR-10 accuracy decreases
from 88.93% at ¢ = 0.001 to 72.31% at ¢ = 0.5, while
CIFAR-100 also decreases from 56.70% to 39.21%. The
Non-IID scenario has a more dramatic degradation, with
CIFAR-10 dropping from 86.87% to 68.45% and CIFAR-
100 reducing from 52.91% to 35.67%. This emphasizes the
difficulty of training models in non-IID situations, where
data heterogeneity increases performance loss due to noise.

Mitigating the noise. We compare the effectiveness of
sporadic learning to mitigate the quantum noise in figure 3.
The main difference between QFL and SpoQFL is how they
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The number of clients used for the comparison is 3, 5, and 10 for

Data Noise CIFAR-10 | CIFAR-100
distribution | level (¢) | Accuracy Accuracy
0.001 88.93% 56.70 %
D 0.01 86.75% 54.32%
0.1 81.42% 48.76%
0.5 72.31% 39.21%
0.001 86.87% 52.91%
0.01 84.12% 50.10%
Non-ID 0.1 78.89% i473%
0.5 68.45% 35.67%

Table 6. Impact of noise level (¢) on CIFAR-10 and CIFAR-100
accuracy under IID and Non-IID data distributions. The noise
level considered for comparison is 0.001, 0.01, 0.1, and 0.5.

handle quantum noise heterogeneity in distributed quantum
systems. QFL uses a normal federated learning approach in
which model updates are aggregated without accounting for
noise changes across quantum devices, resulting in train-
ing instability, slower convergence, and reduced accuracy.
SpoQFL, on the other hand, uses sporadic learning to effec-
tively mitigate the impact of quantum noise by dynamically
changing model updates in response to noise fluctuations.
When compared to QFL, this adaptive mechanism provides
more training stability, lower loss, and higher accuracy.

4.5. Comparison with State-of-the-art Approaches

Finally, we compare our proposed SpoQFL with other state-
of-the-art approaches in Table 7. For comparison, we decide
to use a basic FL approach: FedAvg [19], FL for hetero-
geneous data: FedProx [18], model contrastive FL: Moon
[17], personalized FL: PFL [26], a basic QML structure:
QNN [30], a hybrid QML approach: QCNN [21], a basic
QFL framework: QFL [5], personalized QFL framework:
PQFL [33], a weighting averaging based personalized QFL:
wpQFL [9], and our SpoQFL algorithm.

With an accuracy of 76.89% on CIFAR-10 and 45.12%
on CIFAR-100, PFL outperforms the other classical FL
techniques. Moon comes in second with 74.56% and
42.78%, respectively. FedAvg, the most basic FL approach,
falls short, with only 70.12% accuracy on CIFAR-10 and
39.45% on CIFAR-100. The loss values also exhibit a sim-
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Figure 3. Performance comparison between QFL and SpoQFL for CIFAR-10 and CIFAR-100 dataset in IID and non-IID data distribution.

For adding quantum noise, we set the noise level to e = 0.001.

CIFAR-10 CIFAR-100

Category Method Loss Value Acc. Loss Value Acc.
FedAvg [19] 1.2345 70.12% 2.0456 39.45%
Classical FL FedProx [18] 1.1876 72.34% 1.9876 40.87%
Moon [17] 1.0984 74.56% 1.8765 42.78%
PFL [26] 1.0567 76.89% 1.7890 45.12%
QNN [30] 11145 73.64% 1.8976 41.29%
QCNN [21] 0.7316 82.75% 1.5053 49.43%
QFL [5] 0.7440 83.67% 1.3406 51.81%
Quantum-Based FL | ppy 143 0.7212 86.55% 1.3760 53.81%
wpQFL [9] 0.6880 87.05% 1.3690 53.94%
SpoQFL 05748 91.92% 1.2395 57.60%

Table 7. Performance comparison between SpoQFL and other state-of-the-art approaches.

ilar pattern, with PFL doing the best among the traditional
approaches (1.0567 on CIFAR-10, 1.7890 on CIFAR-100).
However, SpoQFL beats all conventional approaches, in-
creasing accuracy over PFL by 15.03% on CIFAR-10 and
12.48% on CIFAR-100 while simultaneously lowering loss
values, demonstrating that quantum-based FL. methods are
superior in dealing with complicated datasets even with
considering quantum noise.

Among quantum-based FL techniques, wpQFL has
the second-best performance, with 87.05% accuracy on
CIFAR-10 and 53.94% on CIFAR-100, followed by PQFL
(86.55%, 53.81%) and QFL (83.67%, 51.81%). Clas-
sical quantum networks, such as QNN, perform signifi-
cantly worse, scoring 73.64% on CIFAR-10 and 41.29% on
CIFAR-100, indicating that hybrid or personalized quan-
tum models are more effective in federated learning. In
terms of loss values, SpoQFL reduces the loss from 0.6880
(wpQFL) to 0.5760 on CIFAR-10, a 16.84% reduction, and
from 1.3690 to 1.2395 on CIFAR-100, a 4.15% improve-
ment. These results show that SpoQFL increases not just ac-
curacy, but also model convergence and stability in a noisy
quantum FL environment.

Overall, SpoQFL surpasses conventional and quantum-
based FL approaches, making it the most effective approach
in this comparison. SpoQFL outperforms the strongest
classical FL. method (PFL) by 15.03% on CIFAR-10 and
12.48% on CIFAR-100, as well as the best quantum-based
FL method (wpQFL) by 4.87% and 3.66%. Furthermore,
the considerable reduction in loss values across datasets
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demonstrates that SpoQFL improves generalization and op-
timization efficiency, making it the top-performing feder-
ated learning approach for CIFAR-based tasks. Therefore,
we can conclude that quantum noise plays a significant role
in model performance and SpoQFL can mitigate the effect
of quantum noise, thus improving the overall performance.

5. Conclusions

In this research, we introduced SpoQFL, a novel sporadic
Quantum Federated Learning (QFL) strategy for addressing
quantum noise heterogeneity in distributed quantum sys-
tems by dynamically changing model updates in response to
noise variations. Unlike traditional QFL approaches, which
suffer from unstable training due to uneven noise across
quantum devices, SpoQFL enhances convergence stabil-
ity and learning efficiency, resulting in improved perfor-
mance. Our experimental results reveal that SpoQFL out-
performs previous QFL approaches, reaching up to 4.87%
higher accuracy on CIFAR-10 and 3.66% on CIFAR-100,
while reducing loss by 16.84% and 4.15%, respectively.
These findings confirm the effectiveness of sporadic learn-
ing in sustaining quantum federated training and leverag-
ing quantum computing benefits. As quantum technol-
ogy advances, tackling noise-related challenges is essen-
tial and SpoQFL provides a scalable and effective solu-
tion for decentralized quantum learning. Future research
will focus on further enhancements, such as quantum er-
ror correction methods for hybrid quantum-classical learn-
ing, to improve QFL’s resilience for real-world applica-
tions.
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