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I.INTRODUCTION

The area of quantum machine learning combines ideas of quantum computing with that of classical machine learning
to create models which can be trained to perform classification, optimization, and the recognition of patterns. In respect of
quantum neural networks, classical features are first encoded into quantum state, which passes through a parametric quantum
circuit, before being converted into classical prediction after the measurement of quantum state. Recent research has put this
idea to work with the help of variational quantum circuits, quantum convolutional networks as well as the hybrid type of
architecture. Though this research indicates possibilities of quantum approach to image classification, the issue of practical
implementation remains open due to the fact that dimensionality of images is significantly higher than the number of qubits
available to date.

The choice of the quantum encoding of data method directly impacts the complexity of the circuit and the scalability
of the model. Amplitude encoding technique enables to represent a feature vector of 2" dimensionality using n qubits.
Nevertheless, encoding an arbitrary amplitude-encoded state necessitates a series of multi-qubit-controlled gates, where the
breakdown of these gates into simple operations will add circuitry layers to the encoding circuit. While angle encoding is
simpler since it uses single-qubit rotations to encode each feature value, the number of features that can be incorporated
cannot exceed the number of qubits. In contrast, data re-uploading takes a different approach by allowing the input data to
be added into the same quantum register by bringing in different portions of the information sequentially. The result can
facilitate the coding of higher-dimensional feature vectors without requiring a separate qubit for each input characteristic.

Multi-class classification presents another challenge. Many quantum classifiers are derived for binary classification
tasks and afterward modified for the problem at hand using either a one-versus-all or one-versus-one decomposition. To
illustrate, a situation with ten classification labels may require several quantum classifiers trained independently besides
numerous evaluations during the circuit execution.Some strategies lessen this obstacle by integrating quantum circuits into
classical convolutional networks or utilizing more intricate dense feature extractors. Although these hybrid approaches yield
commendable results, the outcome largely rests on the classical feature extraction process and not only the quantum circuit
itself.

The work of Bai and Hu introduced the Superposition-Enhanced Quantum Neural Network for multi-class image
classification utilizing quantum amplitude encoding, quantum binary classifiers, and the technique of superposing images
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[1]. This model applied the one-vs-all principle and featured both amplitude and angle superposition to avoid the
disproportion in samples with different labels while completing the binary task. According to the results presented in the
report, angle superposition proved to be more efficient performing 87.56% accuracy on the MNIST datasets comparing to
quantum state superposition. However, there were several shortcomings such as that the process of amplitude encoding
required to perform operations related to the multiqubit control while the circuit did not contain any adaptive non-linear
transformation of features, it used static values for superposition coefficients, and ten-class decision was made based on the
output of several binary classifiers instead of employing a single multi-class model.

This study suggests an Adaptive Non-Linear Quantum Neural Network (ANQNN) for ten-class image classification.
The suggested framework accepts 16x16 pixel MNIST and Fashion-MNIST images as inputs. Each image is transformed
into a flattened 256-element feature vector, which is segmented into 32 parts, each part containing eight features. An eight-
qubit register is employed for all of the chunks so that each feature from the image is included in the final quantum state
without elimination or duplication or zero-padding.

Prior to quantum transformation, every pixel’s value is transformed by means of the Adaptive Nonlinear Quantum
Encoder (ANQE). This encoder consists of the linear component and trainable components, both cubic and sinusoidal in
nature. The transformation utilized is a universal transformation, allowing for constructing a flexible mapping of features
into angles before linear evolution of the quantum state occurs. Transformed feature vectors in each chunk are encoded using
Ry rotation and manipulated in accordance with the following rule Rz—Ry—Rz during encoding. After that, controlled-Ry
gates are applied in the ring formation to create interaction between the neighboring qubits.

The model that is being suggested is one in which an adaptive mechanism for mixing states in training is introduced.
Instead of applying coefficients that are fixed, an angle that can be trained controls how the two quantum states that are
chosen from the same mini-batch are combined. The mixed state is subjected to normalization (in preparation for processing).
Based on precise analysis of results, it was found out that the angle learned generally reduces to zero because the model is
capable of manning overly frequent mixing of states in cases where this course of action is counterproductive. After all
chunks of features are processed, the final rotations of the Ry type, which can be taught, are applied, followed by Pauli-Z
measurement on each of eight qubits. Thus, the resulting measure vector that consists of eight dimensions is processed
through the 8-10 linear layer in a single process to get ten class logits.

The present contribution comprises the following:

1. Introduction of adaptive nonlinear quantum encoder due to addition of cubic and sinusoidal components to linear angle
mapping.

2. Development of chunk-specific scheme intended for encoding based on quantum for a generation of 256 features of
16*16 image.

3. 3.The parameterized quantum circuit which has different Rz—Ry—Rz rotations for different chunks and controlled-Ry ring
entanglement is used for the purpose of performing exact complex-valued statevector evolution.

4. The proposed architecture has been trained with the help of a trainable mechanism for mixing quantum states instead of
using a fixed set of mixing coefficients.

5. The native prediction of ten classes has been carried out through eight measurements of the Pauli-Z operator and a linear
readout that does not rely on the one-versus-all approach.

6. The experimental evaluation of the developed architecture has been carried out on the MNIST and Fashion-MNIST
datasets, and several robustness tests related to the implementation with five seeds have been conducted along with tests
on fixed-projection controlled implementations, superposition ablation, circuit-depth analysis, confusion matrices
analysis, and inclusion of the receiver-operating-characteristic into the experiments.

Il. RELATED WORK
A. Quantum and Hybrid Models for Image Classification

In general, quantum image classification involves three steps: converting classical image characteristics into
quantum bits, applying quantum circuit with the help of parameters, and then retrieving the classification results from
measuring the qubits. As the current technology has a limit of qubits availability, researchers are inclined towards using
quantum circuits together with conventional neural network components instead of using only quantum circuits for
processing the image.

In their work, Fan et al. introduced a hybrid quantum-classical model of convolutional neural network, in which
quantum convolution and pooling were integrated with traditional methods of data interpreting, especially in remote sensing.
The novelty of the research is the introduction of parameterized quantum circuits into the previously defined architecture of
convolutional networks. Nevertheless, due to high volume of classical processing (before and after the quantum aspects), the
efficiency of the model depends on two parts of the new system [3].

Bokhan et al. proposed quantum convolution as a method to achieve multiclass classification problems, utilizing
TensorFlow Quantum. The technique consisted of preprocessed MNIST images that were resized to 16 x 16 pixels and
encoded in terms of amplitude using 8 qubits plus 4 ancillary qubits. The results were then interpreted accordingly in
conjunction with a softmax classifier. This paper presented 4-class classification as opposed to the classification of the full
set of MNIST digits and yielded results that were comparable with those of a classical convolutional network that has a
similar amount of parameters [4].

Kabir et al. proposed the sequential and non-sequential forms of the Layered Hybrid Quantum Neural Networks for
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the MNIST and Fashion-MNIST classification model. The study investigated how the quantum circuit depth, the number of
qubits, and the encoding method affects the results. The authors concluded that the model with multiple quantum layers
enhances the features representation and that the optimal number of qubits that achieves a good accuracy-to-cost balance is
around six to ten. Furthermore, these experiments demonstrated that the results obtained via amplitude encoding are superior
to those obtained through angle encoding. However, this architecture made use of classical convolutional and pooling layers
in order to lessen the input image before quantum stage processing [5].

Rizvi and collaborators have investigated hybrid quantum-classical vision architectures based on convolutional
networks and vision transformers. They proposed architectures in which shallow parameterized quantum circuits were
inserted to conventional classical image processing pipeline. The research conducted on MNIST demonstrated that right
placement of quantum layer can give benefits for some classification metrics with a small number of additional parameters

[6].

Basilewitsch et al. [8] compared quantum neural networks with classical models across standard datasets and
industrial image-classification settings, further emphasizing the importance of evaluating quantum models against
appropriate classical controls.

B. Quantum Data Encoding and Re-Uploading

The way classical data is encoded has a big influence on how many qubits are needed and the complexity of the
circuit. In amplitude encoding, the n-qubit state encodes 2n features using the qubits' amplitudes. While this allows a compact
representation of the features, preparing a state with the specific amplitude might necessitate some complicated multi-qubit
controlled operations. In angle encoding, instead, the various features map to the angles of the rotation gates RX, RY, and/or
RZ. The single-qubit rotations that are performed are elementary rotations, although one encoding layer typically only allows
the achievement of a number of features equal to the number of qubit.

Pérez-Salinas et al. proposed the technique of re-uploading for dealing with the problem of limited capability of the
encoding of features. In this method, classical data is fed into the circuit multiple times with the transformed data encrypted
at each encoding stage. It has been shown that even a small number of qubits can classify data points correctly when modified
input is used in conjunction with the transformations. Their research found a connection between the number of qubits and
the number of necessary re-uploading stages [2].

Data re-uploading is now being used in larger hybrid image classification architectures. Mukhanbet and Daribayev
combined the repeated encoding of data with circuit optimization based on genetic algorithms in their work. In this case, re-
uploading is used to make more efficient shallow quantum circuits. The process includes a hybrid convolutional structure
and separate genetic optimization, making the training process more complicated compared to a circuit that can be
differentiated directly [9].

The present work also employs repeated encoding, but its implementation differs from repeatedly uploading the
same complete low-dimensional vector. A 256-feature image vector is divided into 32 non-overlapping chunks. Each chunk
contains eight different image features and is introduced sequentially into the same eight-qubit state. Therefore, the complete
image is processed without selecting only a small feature subset or introducing additional zero-valued features.

C. Multiclass Quantum Classification

Prior to implementation in multiclass scenarios, some quantum classifiers were formed for exclusively binary
purposes. Classical methods, such as the one-versus-all, one-versus-one, or hierarchical decomposition strategies, are all
relatively simple but can necessitate a number of models that require extensive testing for each prediction.

To solve the multiclass classification task, Bai and Hu came up with the Superposition-Enhanced Quantum Neural
Network. This solution combines the one-versus-all approach with superposition of quantum states or angles, amplitude
encoding of images, and combination of the outcomes of several separate binary classifiers for ten classes of classification.
According to their theoretical experiment results, the model that worked with angles outperformed the one that utilized
quantum state superposition and showed 87.56% classification accuracy on the MNIST dataset.

Research that looked into Native Multiclass Quantum Learning has also been conducted. Ding et al.'s research made
use of a variety of quantum kernels to generate a multiclassical approach that will transpose input data into quantum feature
spaces. The work of Ding et al. has expanded the use of quantum kernel classifier beyond the classical binary case; however,
its methodology relies on kernel matrix calculations [7].

Anwar et al. have applied quantum information in a more effective manner by introducing a hybrid Quantum
Convolutional Neural Network (QCNN) that utilizes data from both the qubits employed and the qubits discarded in the
guantum pooling process. The results received from the active and discarded qubits were fed into separate fully connected
classical processors and weighted later in multiclass predictions [10].

Currently, various investigations have examined the potential of variational and hybrid quantum models for solving
classification tasks. Thus, Das and Bolisetti [11] researched the possibilities of variational quantum neural networks for
image classification based on the use of parameterized quantum circuits, providing results on the application of the methods
to the MNIST and crack-image datasets. In turn, Ranga et al. [12] used hybrid quantum-classical neural networks to perform
binary classification of MNIST data, confirming that parameterized quantum circuits can work well in limited image
classification tasks. Apart from that, Schetakis et al. [13] showed the applicability of quantum neural networks for forecasting
urban traffic time series with the help of the data re-uploading method, thereby demonstrating the wider use of the process
of repeated feature encoding in the context of the use of low-qubit quantum learning systems.
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Other applications of compact hybrid quantum-classical architecture in supervised-learning systems are also
researched. Tomal et al. [14] employed a four-qubit circuit in conjunction with classical neural networks to classify Iris
samples using angle embedding and entanglement operations. More recently, Deepika et al. [15] introduced a quantum-
classical hybrid architecture utilizing parameterized circuits within the CNN framework for classification. All of the above
studies illustrate the growing interest in variational circuits, repeated encoding, and hybrid quantum-classical processing as
they show that many techniques rely on either binary classification or limited classification tasks or classical processing
elements

D. Research Gap

The studies that have been evaluated propose effective approaches to quantum image classification, yet the
following six requirements are left unaddressed:

utilizing 256 pixels of a re-sized image using the eight-qubit register.

2. performing nonlinear feature-to-angle transformation prior to quantum encoding.

3. gathering information in the process of decomposing features.

4. performing adaptive state mixing during learning.
5
6

=

. making predictions regarding all 10 classes in one model avoiding one-versus-all strategies.
. employing only a single linear layer within classical classifier
The new model named ANQNN resolves this issue by the use of adaptive nonlinear quantum encoder, chunk-wise
re-uploading of data, parameterized transformations of Rz—Ry—Rz gates, controlled Ry entanglement, adaptive state mixing,
and multi-class prediction. The main difference between ANQNN and models using convolutional or transformer-based
feature extractors is that the image is processed straightaway in its flat form with the use of an 8—10 linear layer after
guantum measurements in place.

I1l. PROPOSED METHODOLOGY
A. Overall Architecture

The Adaptive Non-Linear Quantum Neural Network (ANQNN) has been introduced as a method to achieve
effective multi-class classification of images in MNIST and Fashion-MNIST datasets. The architecture is made up of
components such as image preprocessing, Adaptive Nonlinear Quantum Encoder (ANQE), chunk-wise processing of
sequential features, parameterization of quantum evolution, the construction of controlled-Ry ring entanglement, mixing of
guantum states, quantum measurement, and classical lightweight readout.

A grayscale image of 28x28 is rescaled into 16x16 image and then processed with conversion into tensors and
flattening in order to create a vector with features having dimensionality of 256. The pixel values are kept within the range
of [0,1]. In addition, model processes input features by the use of 8-qubit quantum register using the property of 256 features
process in chunks comprising 8 features each.

In contrast to the encoding approach requiring a separate qubit per feature of input, ANQNN makes it possible to
encode each chunk sequentially in single eight qubit state. The present approach processes the chunk and transforms it into
the output state before processing the next chunk of features. Thus, the total information regarding tensor is accumulated
within eight-qubit state prior to measurement.

1input Image 2.

>

28128 e
; Grayscate 256,

5. Qu:
Proces:

QUANTUM BLOCK : REPEAT 32 TIMES (for 32 feature chunks)

A. Angle Encoding (RY) B. Varistional Layer C. Ring CRY Entanglement
Z - RY - RZ (Nearest-Neighbor)

9o |0} Ry(80) Re(go) . .

q |0} Ry(8y) Re($y) || Ry(A1) Ry(w) o—| Chr(ro) |

qz 10) — - Ry(62) Ra(#2) | Ry(dz) — Re(wa) —&—{ Rl |

Ry(67) — Rz(#7) Ry(A7) — Ra(wn) |—

0, = ANQE(x;) iAoy €R
(angles from cument okl (trainable parameters)

Applied sequentially for all 32 chunks
GATE LEGEND NoTES

Fig. 1. Architecture of the proposed ANQNN.

B. Adaptive Nonlinear Quantum Encoder

The traditional method of angle encoding converts the normalized feature x| to the rotation angle using the equation
0;=mx; . While it is an easy computational process, this encoding in terms of the angle remains constant and does not change
based on the feature.

To be able to apply nonlinear feature transformation through learning, the novel ANQNN leverages the Adaptive
Nonlinear Quantum Encoder (ANQE), which is defined as follows:

Published By: Fifth Dimension Research Publication www.fdrpjournals.org/ 214|Page


http://www.fdrpjournals.org/ijire

Adaptive Non-Linear Quantum Neural Network For Multi-Class Image Classification

6rlxiro3 <4, sin ()] M

where ae and Pe are learnable scalar parameters shared among the input features. The linear part keeps intact the
original contribution of a normalized pixel, while the cubic part changes the effect of high values of the feature, and the
sinusoidal part adds a smooth nonlinear behavior over the input.

The parameters ae and Pe are adjusted together with the rest parameters of the circuit in the course of training.
Therefore the transformation from features to angles is not fixed but is performed according to the needs of the classification
task.

The term nonlinear in ANQNN refers specifically to this learnable transformation from features to angles. The
following quantum evolution process remains linear and normal with regard to the quantum statevector.

C. Chunk-Wise Sequential Feature Encoding
The 256-dimensional normalized feature vector is divided into 32 non-overlapping chunks. For chunk ¢, where each
chunk contains eight encoded features:

=[xy Aaenpae - Xa). e=1..32 (&)

Each chunk therefore contains exactly eight features. Since 32x8=256, all resized-image features are processed
without zero padding, duplication, or removal.

The ANQE transformation in (1) is applied element-wise to the features of each chunk to obtain the corresponding
encoded angle vector 6. This representation is consistent with the implemented processing sequence, in which an eight-
feature chunk is selected, transformed by ANQE, and then applied to the eight qubits before the next chunk is processed.

For each input image, the quantum register is initialized in the computational basis state [0)®® .  An eight-qubit
pure state is represented by 28=256 complex amplitudes.

For chunk c, one feature angle is assigned to each qubit. The single-qubit Ry gate is

w0 0

=) =6 .

The encoding operation for chunk c is

\ 8 " \
£(09-Q)_2:(#) ?

where Hff) represents the encoded angle assigned to the g-th qubit in chunk ¢

The state is not reinitialized between chunks. Instead, the output obtained after processing chunk c—1 becomes the
input state for chunk c. This allows information from all 32 chunks to accumulate in one eight-qubit state.

This procedure is described as chunk-wise data re-uploading. More precisely, different non-overlapping portions
of the image are uploaded sequentially rather than repeatedly uploading the same complete feature vector.

QUANTUM DATA RE-UPLOADING (CHUNK-BASED SEQUENTIAL PROCESSING)

Fig. 2. Chunk-wise sequential feature encoding and quantum-state evolution
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D. Parameterized Quantum Circuit
After each feature chunk is encoded, the state is processed by a trainable parameterized quantum circuit (PQC).
Each qubit undergoes a trainable R,—Ry—R; transformation,

Veg=Rz (4%5.?:] Ry(8:5)R2 ('1?'2.?) )

Where ¢, 9., and ¢ are trainable parameters associated with chunk ¢ and qubit g
cq »q [X]

The Ry operation modifies computational-basis amplitudes, while R, introduces trainable relative phases.
Combining the three rotations allows the individual qubit states to be adjusted during learning. Each chunk possesses an
independent parameter set, allowing different portions of the input image to undergo different learned transformations.
Following the single-qubit rotations, controlled-Ry operations are used to introduce interactions between neighbouring
qubits. The controlled rotation is represented as

CRy(y)=0) 0| @HIN1QRK(Y) (6)

where the target qubit undergoes the Ry rotation when the control qubit occupies the |1)component..
The controlled rotations are arranged in a closed ring such that the qubit connections follow
152,253, ..., 67, 758, 8—1,
The complete entangling operation for chunk c is

o . Ucﬁfgq(ilrl)md 2 (?W)
|;l=

(7

Where y, , denotes the trainable controlled-Ry angle.

Let V, = ®;-, V. 4 denote the combined single-qubit trainable transformation. The complete sequential state-update
operation can then be expressed as

W=V VE(ENy_,), e=1, 32 (®)

Equation (8) captures the principal sequential quantum-processing mechanism of the proposed architecture. The
first chunk acts on the initialized state, while each subsequent chunk acts on the state produced by the preceding encoding
and PQC stage. After all 32 chunks have been processed, the resulting state [y/,,) contains information accumulated from the
complete 256-feature input.)

Parameterized Quantum Circuit (PQC) Layer
RZ - RY — RZ Single-Qubit Rotations + Ring-Topology Controlled-RY Entanglement

Universal Single-Qubit Rotations ] [ Ring-Topology Entanglement Layer | [ Final Trainable Rotation Layer ]

qy 10) —— Rz(0;) —— Ryig) Rz(A4) CRy(r0) Ry(vo) | {r A {Zy)
- - Br($)
qz 10) —— Rz(8:) —— Ryi¢: Rz(Az) CRy(y1) Rel(v1) [ A= (Z2)
T Sl CRy(y)
qs [0) — R:(85) — Ry(@s) — Rz(A3) CRe(y2) Ry (v2) A= (Zs)
T — R ()
| ]
q4 10) Rz(84) — Ry{ghs) Re(A4) [— | CRr(3) |—¢- 1 Rr(rs) |- VA (Zs)
| 1
qs 10) — Rz(05) — Ry(pe) —! Rz(2s) CRy(ys) Relve) [ A= (Z5)
I R
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Fig. 3. Parameterized quantum circuit with Rz—Rvy—Rz rotations and controlled-Ry ring entanglement.

E. Adaptive Quantum-State Mixing

To introduce an additional trainable regularization mechanism, adaptive quantum-state mixing is applied during
training. The mechanism operates on the evolved statevectors of samples within the current mini-batch.

A random permutation of the mini-batch is generated so that the evolved state of sample i, denoted |y ), can be

paired with another state |V’p(1—))- A trainable raw scalar b, is transformed into a bounded mixing angle according to
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Bos)3 @)

where o(-) is the sigmoid function. Therefore, 0<BS<§

The corresponding mixing coefficients are c;=cos () and c,=sin ()
For a selected sample, the initial mixed state is

Ty realy,g) (10)

Although ¢:?+ ¢,? =1, the independently generated states being combined are not necessarily orthogonal. Therefore,
their linear combination is explicitly normalized:

W "
lwhr}%('&“f;h;s)’ =0

(11)

where e=10-8 prevents numerical division by zero.

A Bernoulli mask determines whether mixing is applied to each sample. The implemented mixing probability is
P, =0-5 Samples not selected by the mask retain their original evolved states. Adaptive state mixing is disabled during
validation, testing, and normal inference.
For mixed samples, the training objective incorporates the labels of both the original and permuted samples:

Fui=c1CE(0,3)+c3CE (0,3, (12)

where CE denotes cross-entropy loss, y, is the original label, and Yot is the permuted label. Ordinary samples use

cross-entropy with their original labels.
This mechanism should be interpreted as a statevector-level training regularizer. It is not presented as a directly
hardware-native quantum gate because its physical implementation would require an additional state-preparation procedure.

F. Final Quantum Measurement and Native Ten-Class Readout
After chunk processing and optional training-time state mixing, a final trainable Ry rotation is applied to each

qubit:
i ! (13)
Utna™ R
firal ®FU 7 (82g)

Where «, is the trainable final rotation angle of qubit g.

This final transformation allows the learned state representation to be adjusted relative to the measurement basis.
Each qubit is subsequently measured through the expectation value of the Pauli-Z observable. For qubit g,

2= 2, lvi™) (14)

The eight expectation values form the real-valued measurement vector zeR®
The measured vector is passed directly to a single classical linear readout,

o=Wz+b, WeR'"® peR!® (15)

where 0€R'’ contains the logits corresponding to the ten classes. The logits are converted to class probabilities
using the softmax

The readout contains only 8x10+10=90 trainable parameters. No convolutional neural network, hidden dense
feature extractor, or additional classical representation-learning network is used after quantum measurement. All ten class
logits are generated in a single forward pass rather than through ten separate one-versus-all classifiers.

G. Trainable Parameter Count
In the depth-one architecture, each chunk contains three trainable single-qubit rotation parameters and one
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controlled-Ry parameter per qubit. With eight qubits, this results in 4x8=32 trainable PQC parameters per chunk. Across 32
feature chunks, the depth-one PQC therefore contains 32x32=1024 trainable parameters.

Apart from that, there are two ANQE coefficients, eight Ry rotation parameters, one variable state-mixing
component, and 90 parameters in the process of transitioning from the 8 —10 level of the readout.

When calculating the total number of parameters, one must follow the equation Nit(L)=1024L+101, where L
stands for the number of layers to be completed in the PQC. Hence, increasing the number of layers will naturally lead to an
increase in the number of adjustable parameters in the PQC.

IV. EXPERIMENTAL SETUP
A. Datasets and Preprocessing
The proposed ANQNN was evaluated on the MNIST [16] and Fashion-MNIST [17] datasets, both of which contain
ten classes of grayscale images with an original resolution of 28x28 pixels. Each image was resized to 16x16, converted to
a tensor, and flattened into a 256-dimensional feature vector. Pixel intensities were retained in the normalized range [0,1].
The realized training, validation, and test partitions were 50,000/8,862/9,786 samples for MNIST and 50,000/10,000/10,000
samples for Fashion-MNIST.

B. Training Configuration

The primary ANQNN configuration employed eight qubits, 32 sequential feature chunks, and one parameterized
quantum-circuit layer per chunk. Training was performed using the Adam optimizer with a learning rate of 0.03 and a batch
size of 1024. Cross-entropy loss with label smoothing of 0.05 was used together with cosine-annealing learning-rate
scheduling, gradient clipping, and validation-based early stopping. The maximum training budget was 25 epochs. Random
seed 42 was used for the principal experiments, while robustness evaluation was conducted using seeds 42—-46. The model
was implemented in PyTorch and executed using an NVIDIA Tesla T4 GPU.

Parameter Configuration
Datasets MNIST, Fashion-MNIST
Input image size 16x16
Input Features 256
Qubits 8
Feature chunks 32
Primary PQC depth 1 per chunk
MaximumEpochs 25
Features per chunk 8
Batch size 1024
Learning rate 3x107
Optimizer Adam
Label smoothing 0.05
Mixing probability 0.5
Primary seed 42
Multi-seed evaluation 42-46
Execution Hardware NVIDIA Tesla T4

Table | - Experimental Configuration

C. Fixed-Projection Control

For the fixed-projection control experiment, the 256-dimensional input was mapped to eight features using a fixed
random orthogonal projection. The projection matrix was generated once and was not trainable. The resulting eight-
dimensional representation was passed through the same 8—10 linear readout used by ANQNN. Consequently, the control
retained the same trainable classical readout budget while removing the trainable quantum-processing layers.

V. EXPERIMENTAL RESULTS AND PERFORMANCE EVALUATION
A. Overall Classification Performance
The ANQNN was first tested with the depth-one arrangement on MNIST and Fashion-MNIST datasets. The results
indicated an accuracy of 90.85% on MNIST and 80.12% on Fashion-MNIST, with the best validation accuracy being 90.61%
and 81.77%, respectively. The training duration was around 33.6 mins for MNIST and 33.4 mins for Fashion-MNIST using
the NVIDIA Tesla T4 GPU.

Performance Measure MNIST Fashion-MNIST
Best validation accuracy (%) 90.61 81.77
Test accuracy (%) 90.85 80.12
Macro precision 0.908 0.799
Macro recall 0.908 0.801
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Macro F1-score 0.908 0.800
Mean one-vs-rest AUC 0.9931 0.9748
Training time (min) 33.6 33.4

Table li -Performance Of The Proposed Angnn

There was not much variation in the test accuracy and validation accuracy for both data sets. In the case of MNIST,
the test accuracy is slightly higher than the best validation accuracy. On the other hand, Fashion-MNIST showed a noticeable
drop in accuracy from 81.77% to 80.12%. Hence overall, the results confirm that the model has been able to keep its
classification capability intact when tested on samples not involved in parameter tuning.

B. Training and Validation Behaviour
Figure 4 shows the graph showing the training and validation accuracy for both datasets used.

The training accuracy is shown to have improved from 46.8% on epoch 1 to 90.8% on epoch 25, while the validation
accuracy improved from 72.4% to nearly 90.5%. Most of this change occurred in the earlier epochs and a gradual
improvement phase occurred afterward. The training and validation curves matched closely indicating no severe overfitting
happened in the particular configuration.

Fashion-MNIST had the same trend but reached a lower value. The training accuracy rose from 40.2% to 81.4%,
while validation accuracy leaped from 61.6% to around 81.7%.

The lower accuracy obtained by Fashion-MNIST is due to its visual similarity in many categories such as shirt, T-
shirt/top, pullovers, and coat.

MNIST training curve Fashion-MNIST training curve
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Fig. 4. Training and validation accuracy of the proposed ANQNN on (a) MNIST and (b) Fashion-MNIST

C. Class-Wise Classification Performance
The class-wise results provide further information about the behaviour of the classifier.

For MNIST, the macro-averaged precision, recall, and F1-score are approximately 0.908. Digit 1 achieved the
strongest performance, with precision of 0.958, recall of 0.972, and an F1-score of 0.965. In contrast, digit 8 was the most
difficult class, with recall of 0.841 and an F1-score of 0.854.

For Fashion-MNIST, Trouser and Bag each achieved an F1-score of 0.929, while Boot achieved 0.909. Shirt was
the most difficult class, with precision of 0.546, recall of 0.469, and an F1-score of 0.505. Pullover and Coat also showed
lower F1-scores of 0.673 and 0.694, respectively. These results indicate that the primary classification difficulty occurs
among visually similar upper-body garment classes.

D. Confusion-Matrix Analysis

The confusion matrices given in Fig. 5 substantiate the observations regarding individual classes. The matrix of
MNIST is predominantly aligned with the main diagonal which indicates a good level of classification of digit samples. The
relatively weak diagonal for digit 8 correlating with its low recall.

The confusion matrix of Fashion-MNIST shows a considerable amount of off-diagonal entries with the main
difficulty in classification observed among classes Shirt, T-shirt/top, Pullover, and Coat while the classes Trouser, Bag,
Sneaker, and Boot are more distinguishable.

MNIST Confusion Matrix (AS-QNN, test set) Fashion-MNIST Confusion Matrix (AS-QNN, test set)
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Fig. 5. Confusion matrices of the proposed ANQNN on (a) MNIST and (b) Fashion-MNIST.
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E. ROC and AUC Analysis

We performed a multi-class receiver operating characteristic analysis by implementing one-versus-rest approach
for all classes. The results obtained with the proposed ANQNN show that the mean one versus rest AUC was equal to 0.9931
for MNIST, and 0.9748 for Fashion-MNIST.

The results reveal that the outputs of class probabilities are able to distinguish the target class from all the other
classes. The case of the MNIST data shows that the dataset has particular strong discriminating power; whereas for the
Fashion-MNIST data, lower AUC is explained by a bigger class overlap of similar looking clothes.

MNIST (mean OVR AUC = 0.9931) Fashion-MNIST (mean OvR AUC = 0.9748)
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Fig. 6. One-vs-rest ROC curves of the proposed ANQNN on (a) MNIST and (b) Fashion-MNIST

F. Fixed-Projection Control and Multi-Seed Evaluation

To determine if the model being trained via ANQNN transformation provides more valuable data than simply
applying dimensionality reduction, we compared our model to the fixed orthogonal projections used as a control in Section
IV-C.

For the primary seed, the fixed-projection control had an accuracy of 47.02% on MNIST and 61.93% on Fashion-
MNIST while ANQNN achieved the levels of accuracy of 90.85% and 80.12% on these datasets respectively.
A five-seed evaluation was then conducted using random seeds 42—46.

Dataset ANQNN (%) Fixed Projection (%) t p
MNIST 90.88 + 0.46 52.91 + 4.29 20.851 0.00003
Fashion-MINTS 80.18 £ 0.50 65.55 + 2.44 12.231 0.00026

Table lii - Five-Seed Comparison With The Fixed-Projection Control

Overall, results differed little across the five seeds. The accuracy for MNIST ranged from 90.18% to 91.44% and
for Fashion-MNIST it was between 79.33% and 80.52%. The t-test verified differences between the experimental and control
data to be statistically significant for MNIST (t=20.851; p=0.00003) and Fashion-MNIST (t=12.231; p=0.00026).

It is important to interpret this comparison cautiously, since the fixed projection technique is only an ablation control
and not an entire classical baseline. Consequently, the difference noted in this case indicates that trainable ANQNN
transformation can achieve better effectiveness than the chosen fixed projection in this particular experiment, but it does not
prove that quantum computing methods have generally more advantages than classical machine-learning techniques.

G. Evaluation of Adaptive State Mixing
The adaptive state-mixing mechanism was evaluated on MNIST using three conditions: trainable adaptive mixing,
fixed 450 mixing, and no state mixing.

State-Mixing Strategy Test Accuracy (%)
Adaptive trainable mixing 90.85
Fixed 450 mixing 90.04
No state mixing 90.92

Table Iv- Adaptive State-Mixing Ablation On Mnist

With respect to the MNIST runs, adaptive mixing exhibited 90.85%, as opposed to 90.04% for fixed 45° mixing
and 90.92% for no mixing. Given that these results were treated as single runs only, the differences should be considered as
trends only but not statistical metrics.

It is also worth noting the trend in learned mixing angle. The angle went down from about 3.33° after the first epoch
to about 0.34° at the completion of training.

This observation indicates that the optimization process led to the decrease of state mixing impact. The mixing angle
was adaptive so that it was possible to reach a situation where strong mixing was unnecessary instead of using fixed methods
for achieving predetermined levels of mixing throughout the course of training.
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H. Influence of Quantum-Circuit Depth
The effect of increasing the parameterized-circuit depth was evaluated on MNIST using one, two, and three PQC
layers per feature chunk.

PQC Depth Test Accuracy (%) Circuit-Related Parameters Training Time (min)
1 90.85 1,033 33.6
2 92.36 2,057 68.9
3 92.99 3,081 95.1

Table V- Effect Of Circuit Depth On Mnist

The circuit-related parameter count includes the PQC parameters, final RY rotations, and adaptive mixing
parameter, while excluding the two ANQE coefficients and the 90-parameter classical readout.

The improvement in accuracy was approximately 1.51 percentage points when the depth was increased from one to
two, and the improvement was approximately 0.63 percentage points when the depth was increased from two to three.

The model with depth three reached the maximum MNIST accuracy of 92.99%. However, the gained accuracy
required significant computations. The time of training ranged from 33.6 minutes for depth one to 68.9 minutes for depth
two and 95.1 minutes for depth three.

Increasing PQC depth in the MNIST runs led to improvement in the accuracy level and rise of the dimension of the
model as well as computing time used for training. Thus, depth one model remained the model used. In this way, various
circuits were checked for their ability to find out the solution.

I. Auxiliary Binary Sanity Checks
Before interpreting the complete ten-class results, four auxiliary MNIST binary-classification tasks were also
evaluated using the quantum pipeline

Binary Task Test Accuracy (%)
Ovs. 1 99.49
3vs. 8 93.97
4vs. 9 96.27
7vs. 9 96.05

Table Vi - Auxiliary Binary Sanity-Check Results

The 0-versus-1 task produced the highest accuracy, whereas 3-versus-8 was the most difficult of the four tested
pairs. These experiments were used as implementation sanity checks rather than as the primary contribution of the work.

J. Comparison with the Base SEQNN
The proposed ANQNN can also be compared with the SEQNN of Bai and Hu [1], which motivated this work.

Model MNIST (%) Fashion-MNIST (%) Multi-Class Strategy
SEQNN, AS+RY [1] 87.56 69.32 One-vs-all QBC ensemble
Proposed ANQNN 90.85 80.12 Native 10-class output

Table Vii - Indicative Comparison With The Base Segnn

Bai and Hu reported 87.56% on MNIST and 69.32% on Fashion-MNIST for their best AS+RY configuration. The
proposed depth-one ANQNN achieved 90.85% and 80.12%, respectively. Because the two studies used different
experimental protocols and data partitions, this comparison should be interpreted as indicative rather than as a strictly
controlled benchmark.

K. Overall Discussion

Findings of the experiments prove that the ANQNN that was suggested can directly classify ten classes by using all
the features of 256 resized images with the help of the representation of eight qubits state. The depth-1 algorithm showed
consistent outputs when using several seeds and received quite successful AUC class discrimination indicators on both
datasets. Depth of the PQC was raised and led to a higher accuracy of MNIST thus proving that more trainable
transformations can expand the potential of the algorithm despite the high computational costs.

Furthermore, the ablation analysis suggests a broader interpretation of the components that were proposed since the
approach with the pipeline based on trainable quantum processing considerably outperformed the fixed projection method
used for controlling the projection. In addition, the adaptive mix achieved better results compared to fixed equal mixing,
however, was worse than the approach where mixing was not counted at all. The diminishing angle of the learned mixing
indicates that adaptability can be needed not only for improving a process but also for learning the moment to suppress the
process at some point.
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VI.CONCLUSION AND FUTURE WORK
A. Conclusion

This paper presented an Adaptive Non-Linear Quantum Neural Network (ANQNN) for direct multi-class image
classification. The proposed model was designed to process a 256-dimensional image using an eight-qubit register by
dividing the input into 32 non-overlapping chunks of eight features. An Adaptive Nonlinear Quantum Encoder was
introduced by augmenting the conventional linear feature-to-angle mapping with trainable cubic and sinusoidal components
before Ry-based quantum encoding. Each feature chunk was subsequently processed using chunk-specific Rz—Ry—Rz
rotations and controlled-Ry ring entanglement. After the sequential processing of all chunks, eight Pauli-Z expectation values
were mapped to ten output classes through a single linear readout layer.

The depth-one ANQNN model was found to perform at 90.85% accuracy for MNIST and 80.12% for Fashion-
MNIST. The model achieved mean one-versus-rest AUC scores of 0.9931 and 0.9748 for both datasets. Accuracy showed
limited variation across the five random seeds, yielding 90.88%:0.46% for MNIST and 80.18%20.50% for Fashion-MNIST.
The model produced consistent accuracy percentages across different random initializations, indicating that the model
behaves stably for the performed experiments. Additionally, the model had significantly better performance than the fixed-
projection control, though this result should not be considered a solid proof of the advantage of quantum computation over
classical computation.

Some additional conclusions were made on the basis of running different experiments. Performance of the model
improved from 90.85% to 92.36% and from there to 92.99% as the depth of parameterized circuits was adjusted from 1 to 2
and from 2 to 3, respectively. Nonetheless, this improvement was associated with an increase in training time. On the other
hand, the results of the adaptive state-mixing test differed: In the state-mixing ablation, adaptive mixing achieved 90.85%
test accuracy, compared with 90.04% for fixed 450 mixing and 90.92% without state mixing. Thus, adaptive mixing
outperformed fixed equal mixing but did not outperform the no-mixing condition.

Overall, the results indicate that a constrained eight-qubit model can successfully perform all 256 features of resized
images through nonlinear encoding and quantum evolution while producing all ten classes in one model. Hence, the work
provides a framework that was experimentally investigated with respect to adaptive feature encoding, the issue of uploading
sequences of data sequentially, entanglement, circuit depth, and multi-class quantum classification in general. The
experiments were performed on an ideal statevector evolution and should not be viewed as evidence of the working of
quantum devices.

B. Future Work

In the future, work should focus on analyzing the functionality of the Adaptive Nonlinear Quantum Encoder in
greater depth. One of the ways of performing such analysis is through controlled experiments. The structure of experiments
must include comparisons of classical angle encoding to cubic-only encoding, sinusoidal-only encoding, fixed nonlinear
encoding, and the overall adaptive mechanism in order to see how much each element contributes to the overall work of the
system. Another interesting and important task will be monitoring of the trajectory of the training process and final figures
of ae and Pe parameters. These parameters will help to give a deeper understanding of how the non-linear transformation
adjusts to different datasets being processed. Future studies can cover various ways of chunking the datasets, sharing
parameters between chunks, alternative types of entanglement topologies, and measurement of observables that are not
limited only to Pauli-Z.

The architecture can additionally be assessed under more practical quantum computing conditions. Trials that take
into account the effect of noise such as depolarizing noise, amplitude damping, phase damping, gate errors, and readout
errors will determine how robust the representation is. Reduced architectures can also be attempted on quantum processors,
revealing insights into hardware connectivity, measurement shots, and practical architecture breakdown. Evaluating on other
datasets and more defined images, as well as comparing with better classical baselines and wider ablation studies will add to
the understanding of the scalability and generalizability of the method proposed.
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