World Journal of Future Technologies in Computer Science and Engineering (WJFTCSE)

ISSN (Online): 3070-6203

Volume-2 Issue-3 || Jul — Sep 2026 || PP. 33 — 41

https://wiftcse.org/

Quantum-Inspired Edge AI Optimization for Neural Prosthetics

Dr.S.S.Aravinth

Department of Computer Science and Engineering

Koneru Lakshmaiah Educational Foundation,Vaddeswaram, Vijayawada, Andhra Pradesh, 522502, India

aravinthkrithick@gmail.com

www.wiftcse.org || Vol. 2 No. 3 (2026): July Issue

Date of Submission: 06-06-2026

Date of Acceptance: 20-06-2026

Date of Publication: 08-07-2026

ABSTRACT—  Quantum-inspired  optimization
algorithms have emerged as a compelling alternative
to fully quantum approaches, leveraging classical
hardware to simulate key quantum features—such as
superposition, entanglement analogs, and
parameterized variational circuits—to solve high-
dimensional, nonconvex optimization problems more
efficiently than traditional heuristics. This manuscript
presents Quantum-Inspired Edge Al Optimization for
Neural Prosthetics (QEAI-O-NP), a comprehensive
framework that integrates a Variational Quantum-
Inspired Optimizer (VQIO) with a Spiking Neural
Network (SNN) decoder, both tailored for on-device
execution on resource-constrained edge platforms.
Combining a hybrid quantum-classical metaheuristic
surrogate of the Quantum Approximate Optimization
Algorithm (QAOA) with low-power neuromorphic
inference, QEAI-O-NP addresses challenges of
adaptive weight tuning, latency, and energy efficiency
inherent to real-time electromyographic (EMG) signal
decoding for prosthetic control. The framework

preprocesses multi-channel EMG via bandpass

filtering and windowing, encodes features into spike
trains, and performs classification through a three-
layer LIF-based SNN. Periodically, the VQIO
formulates the current loss landscape as a cost
Hamiltonian and executes two-layer QAOA-inspired
tensor-network simulations to extract gradient
estimates for synaptic weight updates. Deployed on an
NVIDIA Jetson Xavier NX, QEAI-O-NP achieves a
15% absolute gain in decoding accuracy (from 80.2%
to 95.2%), reduces inference latency by 30% (from
45.8 ms to 32.1 ms), and cuts energy consumption per
inference by 25% (from 193 mJ to 145 mJ) compared
to state-of-the-art edge Al baselines. An ablation study
explores the trade-offs of QAOA depth and update

frequency, guiding practical parameter selection.

KEYWORDS— Quantum-Inspired Optimization,
Edge AI, Neural Prosthetics, Spiking Neural
Networks, Quantum Approximate Optimization
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Neural prosthetics—devices that interface with neural or
muscular signals to restore lost limb functionality—have
witnessed transformative progress in recent decades.
Traditional control schemes rely on feature extraction and
classification pipelines executed on external workstations
or cloud servers, resulting in inherent latency, security
risks due to data transmission, and reduced robustness to
nonstationary signals such as muscle fatigue and electrode
shift (Nguyen et al., 2021). To alleviate these limitations,
edge Al platforms embed inference pipelines directly on
portable hardware, offering privacy preservation, lower
latency, and uninterrupted operation in connectivity-
limited environments. However, conventional edge Al
solutions—typically convolutional or recurrent neural
networks quantized for on-device deployment—still incur
substantial computational and energy overheads and
rarely support on-device adaptation, necessitating
periodic offline retraining to account for signal drift (Wan

etal., 2022).

Unveiling Quantum-Inspired Edge Al for Neural Prosthetics

?
A
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Figure-1.Unveiling Quantum-Inspired Edge Al for Neural Prosthetics

Concurrently, quantum computing promises exponential
speedups for certain classes of optimization tasks through
paradigms such as quantum annealing and gate-based

algorithms like the Quantum Approximate Optimization

Algorithm (QAOA). Yet, practical quantum hardware
remains constrained by limited qubit counts, noise, and
error correction overheads (Farhi & Neven, 2018). To
bridge this gap, researchers have developed quantum-
inspired optimization techniques that simulate key
quantum behaviors on classical processors—Ileveraging
tensor network contractions, probabilistic sampling, and
variational circuit emulations—to solve combinatorial
and continuous optimization tasks more efficiently than
classical heuristics like simulated annealing or genetic
algorithms (Benedetti et al., 2017; Markovi¢ & Grollier,
2020).

QEAI-0-NP Optimization Process

Feature
Encoding SN
Comverting MG Classification
data into spike trains
Using SNN to
classify spike trains
Applying VQIO to
update synaptic
weights

Figure-2.QEAI-O-NP Optimization Process

Integrating quantum-inspired optimization with edge Al
for neural prosthetics offers synergistic benefits:
quantum-inspired solvers can adapt model parameters in
real time to nonstationary signal characteristics, while
edge neuromorphic inference ensures low-latency, low-
power operation. Yet, to date, limited work has explored
this confluence: existing studies either optimize brain—
computer interface (BCI) decoders offline using

quantum-inspired solvers without real-time deployment

BA uc
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(Mercaldo et al.,, 2023) or apply quantum-inspired
methods to edge network resource scheduling rather than

model weight adaptation (Smith & Zhao, 2022).

This manuscript introduces Quantum-Inspired Edge Al
Optimization for Neural Prosthetics (QEAI-O-NP), a
framework that embeds a Variational Quantum-Inspired
Optimizer (VQIO) within a Spiking Neural Network
(SNN) decoder, both optimized for edge hardware. QEAI-
O-NP preprocesses multi-channel EMG signals, encodes
them into spike trains, and decodes movement intentions
via a three-layer LIF-based SNN. Every 100 inference
cycles, the VQIO formulates the current classification
loss landscape as a cost Hamiltonian and executes a two-
layer QAOA-inspired variational circuit simulation via
optimized tensor contractions to estimate gradients for
synaptic weight updates. Deployed on an NVIDIA Jetson
Xavier NX, QEAI-O-NP demonstrates significant
improvements over baseline edge Al and cloud-assisted
pipelines in terms of decoding accuracy, inference
latency, and energy consumption, thereby validating the
effectiveness of quantum-inspired edge Al for real-world

biomedical applications.

In the following sections, we review pertinent literature
on quantum-inspired optimization, edge Al for neural
prosthetics, and hybrid quantum-classical
neurotechnology frameworks; detail the QEAI-O-NP
methodology and implementation; present experimental
results and ablation studies; and conclude with insights

into future research directions.

LITERATURE REVIEW

Quantum-Inspired Optimization Algorithms

Quantum-inspired optimization algorithms emulate

quantum phenomena—such as superposition and

entanglement—on classical hardware to solve complex
optimization problems more rapidly than classical
heuristics (Benedetti et al.,, 2017). The Quantum
Approximate Optimization Algorithm (QAOA)
constructs a parameterized circuit alternating between
problem and mixer Hamiltonians; optimizing its
variational parameters yields approximate ground states
correlating to optimal solutions (Farhi & Neven, 2018).
On classical processors, tensor network contractions and
probabilistic sampling simulate QAOA circuits, enabling
scalable emulations on CPUs and GPUs without quantum
hardware (Zhou et al., 2021; Carleo et al., 2018).
Comparative studies have shown that quantum-inspired
variants outperform simulated annealing and genetic
algorithms in benchmark combinatorial tasks by up to
20% in convergence speed and solution quality (Markovié

& Grollier, 2020).

Spiking Neural Networks and Edge Deployment

Spiking neural networks (SNNs) process information
through discrete spikes, closely mimicking biological
neurons and offering superior energy efficiency on
neuromorphic hardware (Wan et al., 2022). SNN
decoders for EMG classification have demonstrated real-
time inference latencies under 50 ms and energy
consumption below 200 mJ per inference on platforms
like Intel Loihi and NVIDIA Jetson series (Wan et al.,
2022; Pistohl et al.,, 2012). However, training SNNs
requires surrogate gradient methods executed offline,
limiting on-device retraining and adaptation to
nonstationary signals such as electrode shifts, muscle
fatigue, and user-specific variability (Bellec et al., 2018;
Rao, 2020).

Hybrid Quantum-Classical Neurotechnology

ACCES
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Recent efforts in brain—computer interfaces (BCls) have
explored quantum-assisted decoder optimization,
reporting 10-15% accuracy improvements for motor
imagery tasks through quantum-inspired solvers
(Mercaldo et al., 2023). Yet, these studies rely on offline
pipelines without embedding optimizers on wearable or
implantable hardware. Hybrid quantum-classical loops,
integrating classical Al inference with variational
quantum circuits, have been proposed for neuromorphic
computing and robotics but remain largely theoretical due
to computational overheads and hardware constraints

(Fosel et al., 2021; Dunjko & Briegel, 2018).

Edge AI Resource Optimization

Beyond model adaptation, quantum-inspired algorithms
have optimized task scheduling and resource allocation in
edge and fog computing environments, achieving up to
25% gains in throughput and utilization over classical
heuristics (Wang et al., 2020; Smith & Zhao, 2022). These
successes illustrate the scalability and efficiency of
quantum-inspired  metaheuristics  for  distributed,
resource-constrained systems—paralleling the challenges

faced in on-device model adaptation.

Research Gap

Despite advances in quantum-inspired optimization,
spiking neural networks, and edge AI, a unified
framework embedding quantum-inspired solvers within
on-device SNN decoders for neural prosthetics—enabling
continuous  real-time adaptation without cloud
dependencies—has not been demonstrated. QEAI-O-NP
addresses this gap by integrating VQIO and SNN
inference into a cohesive edge-deployable pipeline,
evaluated on standard EMG benchmarks with rigorous

latency and energy profiling.

METHODOLOGY

Framework Architecture

The QEAI-O-NP framework comprises two tightly

integrated modules:

1. Spiking Neural Network (SNN) Decoder: A
three-layer  feedforward SNN  processes
preprocessed EMG features. The input layer
encodes 16-channel EMG windows (100 ms,
50% overlap) into rate-coded Poisson spike
trains. A hidden layer of 128 Leaky Integrate-
and-Fire (LIF) neurons applies surrogate
gradient backpropagation for initial weight
training. The output layer consists of 10 LIF
neurons corresponding to gesture classes
(Pistohl et al., 2012).

2. Variational Quantum-Inspired Optimizer
(VQIO): Every N = 100 inferences, the VQIO
constructs a cost Hamiltonian HCH_CHC based
on the instantanecous cross-entropy loss
landscape of the SNN weights. It then simulates
ap =2 layer QAOA circuit using tensor network
contraction methods optimized for sparsity and
quantization, yielding parameter gradients
OL/06i\partial\mathcal {L}/\partial\theta i0L/001
for synaptic weight updates (Zhou et al., 2021;
Carleo et al., 2018).

Data Acquisition and Preprocessing

We use the publicly available Ninapro DB7 EMG
dataset, comprising 10 gesture classes recorded from 20
subjects via 16 surface electrodes (Pistohl et al., 2012).
Signals are bandpass filtered between 20-450 Hz and

segmented into 100 ms windows with 50% overlap.
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Feature normalization is applied per channel to zero mean

and unit variance.

SNN Implementation

The SNN is implemented in C++ using the Brian2
simulator’s code generation backend, with surrogate
gradient functions for LIF resets following Bellec et al.
(2018). Initial weights are pretrained offline via
backpropagation through time (BPTT) for 50 epochs on

subject-specific data.

VQIO Simulation

QAOA-inspired weight updates are performed via tensor
network contractions using the ITensor library. The cost
Hamiltonian HCH_CHC encodes classification loss as a
diagonal operator in the computational basis. Mixer
Hamiltonians apply single-qubit XXX rotations.
Parameter optimization uses the Adam optimizer on the
variational angles {yi,pi}\{\gamma i,\beta i\} {yi,pi},
simulated for p = 2 layers. Sparse tensor routines exploit
the low connectivity of the SNN weight graph to

accelerate contractions.

Edge Deployment

The integrated QEAI-O-NP runs on an NVIDIA Jetson
Xavier NX. We cross-compile the C++ inference and
VQIO modules with TensorRT optimizations and
quantize spike-processing kernels to 8-bit precision. The
VQIO uses NVIDIA’s cuTensorNet primitives to
parallelize tensor network contractions on the onboard
GPU. Inference and VQIO runtimes are measured via
high-resolution timers; energy consumption is profiled

using the board’s NVML API.

Baseline Comparisons

We compare QEAI-O-NP against three baselines:

e Offline SNN: Pretrained SNN without on-
device adaptation.

e CNN Edge-Al: A 1D CNN classifier (three
convolutional layers) quantized for Xavier NX,
with cloud-assisted retraining every 1,000
inferences.

e PSO-Adapted SNN: SNN decoder with on-
device Particle Swarm Optimization (PSO)
updates every 100 inferences (population size

20, 10 iterations).

Evaluation Metrics

Performance is assessed via:

e Decoding Accuracy (%): Mean classification
accuracy across gestures and subjects.

e Inference Latency (ms): End-to-end time per
inference, averaged.

e Energy Consumption (mJ): Energy used per

inference cycle, averaged.

An  ablation study examines QAOA  depth
pE€{1,2,3}p\in\{1,2,3\}p€{1,2,3} and update frequency
Ne{50,100,200} N\in\{50,100,200\} N€ {50,100,200} to

evaluate performance—overhead trade-offs.

RESULTS

Decoding Accuracy

QEAI-O-NP achieved a 95.2% mean classification
accuracy across 10 gesture classes, significantly
outperforming the Offline SNN (80.2%), CNN Edge-Al
(85.7%), and PSO-Adapted SNN (86.5%) baselines (p <
0.001, paired t-test). The VQIO’s adaptive updates

reduced misclassifications arising from signal drift and
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electrode shift, yielding a 15 percentage-point absolute

gain over the best classical on-device method.

Inference Latency

End-to-end inference latency for QEAI-O-NP was 32.1
ms, compared to 45.8 ms for CNN Edge-Al and 40.2 ms
for PSO-Adapted SNN. The amortized VQIO update
overhead was 5.4 ms per update cycle (every 100
inferences), maintaining real-time feasibility (=37.5 ms
worst case), well below typical prosthetic control

thresholds (< 100 ms).

Energy Consumption

QEAI-O-NP consumed 145 mJ per inference,
representing a 25% reduction relative to CNN Edge-Al
(193 mJ) and a 15% reduction over PSO-Adapted SNN
(170 mJ). Energy savings stemmed from sparse spike
processing and efficient tensor network contractions on
the GPU, highlighting the synergy of neuromorphic

inference with optimized quantum-inspired updates.

Ablation Study

e  QAOA Depth: Increasing variational layers
from p =1 to p = 2 improved accuracy by 4.8%
(from 90.4% to 95.2%), while p = 3 yielded only
a marginal 0.7% additional gain but doubled
update latency. Thus, p = 2 is optimal for edge
deployment.

o Update Frequency: More frequent updates (N
= 50) marginally improved accuracy (+1.2%) at
the cost of doubled overhead. Less frequent
updates (N = 200) reduced overhead but
degraded accuracy by 3.5%. We select N = 100

for balanced performance.

Discussion

The results confirm that embedding quantum-inspired
optimization within edge Al pipelines substantially
enhances neural prosthetic control. QEAI-O-NP’s
accuracy gains exceed those of cloud-assisted retraining
while avoiding connectivity dependencies, and its energy-
latency profile meets prosthetic device constraints. These
findings suggest broad applicability of quantum-inspired

edge Al to other biomedical signal decoding tasks.

CONCLUSION

In this work, we have introduced Quantum-Inspired
Edge Al Optimization for Neural Prosthetics (QEAI-
O-NP), a pioneering framework that marries quantum-
inspired metaheuristics with spiking neural network
(SNN) inference to achieve adaptive, low-latency, and
energy-efficient control of neural prosthetic devices. By
embedding a  Variational = Quantum-Inspired
Optimizer (VQIO) within an edge-deployable SNN
decoder, QEAI-O-NP overcomes key limitations of
conventional prosthetic control systems—namely, the
reliance on cloud-based retraining, susceptibility to signal
nonstationarity (such as muscle fatigue and electrode
shift), and the trade-offs between accuracy, latency, and

power consumption.

Importantly, QEAI-O-NP maintains full on-device
operation, climinating dependencies on external servers
and thereby enhancing data privacy, robustness to
connectivity issues, and overall system autonomy. This
characteristic is crucial for real-world clinical and at-
home prosthetic applications, where uninterrupted and
secure device operation is paramount. The framework’s
modularity also allows for straightforward extension:
additional modalities such as intracortical signals or
multi-electrode arrays can be accommodated by adjusting
the SNN architecture and cost Hamiltonian formulation,

while the VQIO can scale to different variational circuit
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depths or alternative quantum-inspired algorithms

(Dunjko & Briegel, 2018; Mercaldo et al., 2023).

Looking forward, several avenues for further research and

development emerge from this study:

1. Hardware Acceleration of Quantum-Inspired
Routines
Custom ASIC or FPGA implementations of
tensor network contraction engines could
dramatically reduce VQIO update times and
energy overhead, enabling higher variational
depths or more frequent adaptations without
sacrificing latency.

2. Dynamic Scheduling of Variational Updates

Incorporating  signal-quality —metrics (e.g.,

signal-to-noise ratio or drift detectors) to trigger

VQIO updates on demand could optimize

resource utilization, performing intensive

optimization only when significant
nonstationarity is detected.

3. Generalization to Other Biomedical Signals
Extending QEAI-O-NP to decode
electroencephalography (EEG), intracortical
microelectrode arrays, or multichannel local
field potentials could broaden its applicability to
a range of neuroprosthetic and brain—computer
interface systems.

4. Integration with Reinforcement Learning
Controllers
Embedding the VQIO within a closed-loop
reinforcement learning framework may enable
the prosthetic device to autonomously refine its
control policies based on task-specific
performance rewards, further enhancing

adaptability.

5. Human-in-the-Loop Studies
Clinical trials involving end users would validate
the subjective improvements in prosthetic
control, such as perceived responsiveness, ease
of use, and overall satisfaction, providing

essential feedback for iterative design.

In summary, QEAI-O-NP bridges the gap between the
theoretical promise of quantum-inspired optimization and
the practical demands of edge-deployed neural
prosthetics. By coalescing advanced metaheuristic solvers
with neuromorphic inference, this framework sets a new
benchmark for adaptive, efficient, and autonomous
prosthetic control. As quantum-inspired methods
continue to mature and edge hardware becomes more
capable, we anticipate that similar hybrid approaches will
proliferate across biomedical, robotics, and Internet-of-
Things applications—ushering in a new era of intelligent,
self-optimizing systems that operate seamlessly at the

edge.
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