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Abstract

Fine-grained image classification (FGIC) aims to distinguish subordinate cate-
gories within the same basic-level class, and remains highly challenging due to
small inter-class differences, large intra-class variations, and the fact that discrim-
inative cues are often concentrated in local regions [2, 3]. Recently, self-supervised
Vision Transformer (ViT) models have achieved remarkable success in visual
representation learning and provide powerful global semantic features for down-
stream classification tasks [10, 11]. However, existing methods still suffer from two
limitations. First, self-supervised ViT tends to focus more on global semantics
while being insufficiently sensitive to subtle local discriminative regions that are
crucial for fine-grained recognition [7, 8]. Second, conventional attention mecha-
nisms mainly rely on classical similarity computation, which may be insufficient
for modeling complex high-order nonlinear dependencies among local regions;
meanwhile, recent quantum-enhanced vision studies suggest that parameterized
quantum circuits can provide an alternative mechanism for modeling structured
dependencies [19, 20].

To address these issues, this paper proposes QGF-Net, a hybrid quantum-
classical fine-grained image classification network that integrates self-supervised
visual representations, illumination-consistent local feature stabilization, local



discriminative region proposal, and quantum measurement attention into a uni-
fied architecture. Specifically, a DINOv2-pretrained ViT is first employed to
extract global semantic features and patch token representations from input
images [11]. Then, an Illumination-Consistent Local Coarse Fusion (ICLCF)
module is introduced to improve the robustness and consistency of local token
features under illumination changes. Based on the stabilized local representa-
tions, a Local Discriminative Region Proposal (LDRP) module is designed to
identify the most informative local regions, thereby narrowing the search space
for fine-grained recognition. A Quantum Measurement Attention (QMA) mod-
ule is further constructed to model the relationships among key local regions
through a lightweight parameterized quantum circuit, where qubit measure-
ment results are used to generate adaptive attention weights for enhancing
local discriminative representations [18-20]. Finally, the global semantic fea-
tures and quantum-enhanced local features are fused and fed into a Hybrid
Quantum-Classical Classifier (HQCC) for final prediction.

Experimental results on three representative fine-grained benchmarks, namely
CUB-200-2011, Stanford Cars, and FGVC-Aircraft, demonstrate that QGF-Net
consistently outperforms strong CNN, Transformer, and locally enhanced base-
lines in terms of Top-1 Accuracy, Macro-F1, and robustness [13, 15, 16]. The
full model achieves 92.0%, 94.2%, and 89.5% Top-1 accuracy on CUB, Cars,
and Aircraft, respectively, with an average Top-1 accuracy of 91.9%. Robust-
ness experiments under brightness, shadow, and occlusion perturbations further
show that QGF-Net achieves the smallest average accuracy drop among com-
pared methods. Ablation studies verify the effectiveness of ICLCF, LDRP,
QMA, and HQCC, and additional sensitivity analysis demonstrates that the
proposed quantum module provides a favorable balance between representation
gain and training stability. Overall, QGF-Net provides a promising paradigm for
fine-grained image classification by combining self-supervised ViT with hybrid
quantum-classical modeling.

Keywords: fine-grained image classification, self-supervised learning, vision
transformer, quantum measurement attention, hybrid quantum-classical learning

1 Introduction

Fine-grained image classification (FGIC) aims to distinguish subordinate categories
within the same basic-level class, such as bird species, car models, and aircraft vari-
ants [2, 3]. Compared with conventional image classification, FGIC is substantially
more challenging because inter-class differences are often subtle, while intra-class vari-
ations caused by pose, viewpoint, illumination, background clutter, and occlusion
can be significant [8, 24]. In many fine-grained scenarios, the most discriminative
cues are concentrated in small local regions rather than the entire object [4, 5]. For
example, in bird recognition, subtle differences in the head texture, wing pattern, or
tail shape may determine the final category. Therefore, effective FGIC requires not
only strong global semantic understanding but also accurate modeling of subtle local
discriminative details [7, 8].



Recent advances in deep learning have significantly improved the performance of
FGIC. Earlier studies mainly relied on convolutional neural networks and part-based
learning strategies to localize informative regions and enhance local feature represen-
tation [4, 5]. More recently, Vision Transformers (ViTs) have demonstrated strong
capability in visual recognition by modeling long-range dependencies through self-
attention [10]. Meanwhile, self-supervised learning has become an effective paradigm
for learning transferable visual representations from unlabeled data, alleviating the
heavy dependence on large-scale manual annotations [11, 12]. Benefiting from these
advances, self-supervised pretrained ViTs provide a promising foundation for fine-
grained classification by offering rich semantic features and stronger generalization
ability [11, 12].

Despite their strong representation power, existing self-supervised ViT-based meth-
ods still exhibit several limitations when applied to FGIC. First, self-supervised ViT
models are generally optimized to capture holistic semantic consistency, which makes
them more sensitive to global object-level information than to subtle local discrimi-
native regions [11, 12]. As a result, fine-grained category-specific details may not be
sufficiently emphasized in the learned representations. Second, in practical fine-grained
scenarios, local discriminative regions are often affected by illumination changes, shad-
ows, and reflections. Semantically consistent local regions may exhibit significantly
different feature responses under different lighting conditions, which reduces the sta-
bility of local region selection and weakens the reliability of downstream discriminative
modeling [8, 24]. Therefore, before mining discriminative local regions, it is desirable
to perform a coarse fusion of illumination-consistent local features so as to suppress
irrelevant photometric variations while preserving category-related structural cues.
Third, most existing attention mechanisms rely on classical similarity computation,
such as dot-product attention, to model token interactions [10]. Although effective for
general-purpose representation learning, such mechanisms may be insufficient for cap-
turing the complex high-order nonlinear dependencies among subtle local regions in
fine-grained recognition, while recent quantum vision studies suggest an alternative
route based on parameterized quantum circuits and quantum attention layers [19, 20].

To address the above issues, this paper proposes QGF-Net, a hybrid quantum-
classical fine-grained image classification network that integrates self-supervised ViT,
an Illumination-Consistent Local Coarse Fusion (ICLCF) module, a Local Discrimi-
native Region Proposal (LDRP) module, a Quantum Measurement Attention (QMA)
module, and a Hybrid Quantum-Classical Classifier (HQCC) into a unified frame-
work. Specifically, a self-supervised pretrained ViT is first employed to extract global
semantic features and patch token representations from the input image [11]. Then,
the ICLCF module is introduced to aggregate semantically related local features under
varying lighting conditions, thereby improving the robustness and consistency of local
representations. Based on the fused local features, the LDRP module is designed to
identify the most informative local regions and narrow the search space for fine-grained
recognition. To further enhance subtle local interaction modeling, the QMA mod-
ule is constructed using parameterized quantum circuits, where qubit measurement
outcomes are transformed into adaptive attention weights for reweighting key local
regions [18-20]. Finally, the global semantic representation and the quantum-enhanced



local discriminative representation are fused and fed into HQCC to produce the final
prediction.

The core idea of QGF-Net is to decompose the FGIC problem into three coop-
erative stages: stabilizing local representations, selecting discriminative local regions,
and modeling complex inter-region dependencies. The ICLCF module is responsible
for reducing the sensitivity of local features to lighting variations. The LDRP mod-
ule further focuses the model on the most category-relevant local patches. On top
of this, the QMA module provides an alternative way to model subtle local interac-
tions beyond conventional classical attention. By embedding selected local features
into a parameterized quantum circuit and exploiting measurement-derived attention
responses, QGF-Net enhances the representation of subtle category-specific cues while
maintaining compatibility with classical deep learning backbones [19, 20].

In summary, the main contributions of this paper are as follows. 1.A novel hybrid
quantum-classical framework for fine-grained image classification is proposed, which
integrates self-supervised ViT, ICLCF, LDRP, QMA, and HQCC into a unified
architecture. 2. An ICLCF module is designed to alleviate the instability of local
representations caused by illumination variations, shadows, and reflections, thereby
improving the robustness of subsequent local discriminative region mining. 3.A QMA
module is introduced that uses qubit measurement outcomes to adaptively reweight
key local regions, enabling enhanced modeling of subtle and nonlinear dependencies
among discriminative local cues. 4. Global semantic features and quantum-enhanced
local discriminative features are fused through HQCC, and extensive experiments on
multiple fine-grained benchmarks demonstrate the effectiveness of QGF-Net.

2 Related Work

2.1 Fine-Grained Image Classification

Fine-grained image classification (FGIC) has been extensively studied due to its impor-
tance in applications such as species recognition, vehicle identification, and medical
subtype analysis [2, 3]. Unlike conventional image classification, FGIC focuses on dis-
tinguishing subordinate categories with highly similar visual appearances. The major
challenge lies in the subtle inter-class differences and large intra-class variations caused
by viewpoint, pose, occlusion, background clutter, and illumination changes [8, 24].

Early FGIC methods often relied on strongly supervised annotations, such as
bounding boxes, part locations, and keypoints, to localize discriminative object parts
and improve classification accuracy. Although these methods achieved promising
performance, they required expensive manual annotations and exhibited limited scala-
bility in real-world scenarios [4, 5]. To reduce this dependence on detailed supervision,
subsequent studies shifted toward weakly supervised and attention-based methods,
where the model was encouraged to automatically discover informative local regions
from image-level labels alone [7, 24]. These methods demonstrated that local discrim-
inative cues play a critical role in FGIC and that effective local region modeling is
often more important than simply increasing backbone capacity [7, 8].



More recently, researchers have emphasized the importance of jointly modeling
global semantics and local discriminative details. Global features provide holistic cat-
egory context, while local features capture subtle structural or textural differences
among visually similar subcategories. As a result, global-local fusion has become a
widely adopted paradigm in FGIC [7, 9]. However, despite the progress of existing
approaches, accurately identifying stable and discriminative local regions remains chal-
lenging, especially when the appearance of local regions is affected by photometric
variations such as illumination changes and shadows [8, 24].

2.2 Self-Supervised Vision Transformers for Fine-Grained
Recognition

Vision Transformers (ViTs) have recently achieved strong performance across a wide
range of visual recognition tasks. By modeling long-range dependencies through
self-attention, ViTs provide a flexible mechanism for capturing global contextual infor-
mation and have shown superior scalability compared with conventional convolutional
architectures [10]. At the same time, self-supervised learning has emerged as a power-
ful paradigm for learning transferable representations from large-scale unlabeled data,
thereby reducing the reliance on costly manual annotations [11, 12].

The combination of self-supervised learning and ViT has provided a strong foun-
dation for downstream fine-grained recognition. Self-supervised pretrained ViTs are
capable of learning semantically meaningful patch-level representations and robust
global features, which are particularly attractive for FGIC where annotated data
are often limited [11, 12]. Compared with purely supervised learning, self-supervised
initialization generally improves generalization ability and feature transferability [11].

Nevertheless, directly applying self-supervised ViTs to FGIC still has notable
limitations. Most self-supervised objectives are designed to encourage global seman-
tic consistency across augmented views, which may bias the model toward holistic
object-level representation learning [11]. As a consequence, the learned features may
insufficiently emphasize subtle local discriminative regions that are essential for dis-
tinguishing fine-grained categories. In addition, while ViT attention maps provide a
certain degree of localization ability, they do not explicitly guarantee that the most
category-relevant local details will be stably selected under varying imaging condi-
tions [7, 10]. Therefore, enhancing self-supervised ViT with local discriminative region
modeling remains an important direction for improving FGIC performance [7, 8].

2.3 Ilumination-Robust Local Representation Learning

In practical visual recognition tasks, appearance variations caused by illumination
changes, shadows, reflections, and photometric distortions can significantly affect fea-
ture stability. This issue is particularly severe in fine-grained classification, where
subtle local cues often determine category identity [8, 24]. Even when two local regions
are semantically consistent, their feature responses may differ substantially under
different lighting conditions, leading to unstable local region selection and degraded
discriminative modeling.



To alleviate this problem, prior studies in visual recognition have explored various
illumination-robust representation learning strategies, including feature normalization,
local contrast enhancement, invariant representation learning, and image or feature
fusion mechanisms. These methods aim to suppress photometric variations while
preserving structural and semantic information. In fine-grained scenarios, illumination-
robust local modeling is especially important because category-relevant differences are
often concentrated in small regions with delicate textures and shapes [2, 3].

Although related efforts have improved the robustness of visual representations
under varying lighting conditions, most existing methods either focus on general image
enhancement or treat local feature stabilization as an auxiliary preprocessing step.
They rarely integrate illumination-consistent local fusion with discriminative region
proposal in a unified fine-grained classification framework. Moreover, few methods
explicitly consider how stabilized local representations can benefit subsequent high-
level attention modeling. This motivates us to introduce an illumination-consistent
local coarse fusion module before discriminative region mining, so that local fea-
ture representations become more robust and reliable for downstream subtle-region
analysis.

2.4 Hybrid Quantum-Classical Learning and Quantum
Attention

Hybrid quantum-classical learning has recently attracted increasing attention as a
promising paradigm for combining the strong representation capability of classical
deep neural networks with the expressive potential of parameterized quantum circuits
[18, 19, 21]. Instead of replacing classical models entirely, hybrid approaches typically
embed compact quantum modules into classical architectures, allowing the model to
exploit quantum nonlinear transformations while remaining compatible with current
noisy intermediate-scale quantum devices [18, 19].

Existing studies on hybrid quantum-classical learning have explored quantum-
enhanced convolutional networks, variational quantum classifiers, and hybrid archi-
tectures for image recognition and signal processing tasks. In these approaches,
classical networks are often used to extract high-dimensional semantic features, while
quantum circuits are employed to further transform compact latent representations
[18, 19, 21, 23]. This design is particularly attractive when the quantum module is
applied to a reduced set of informative features, since current quantum hardware
imposes strict constraints on qubit number and circuit depth [18, 19].

In parallel, recent studies have begun to investigate quantum-inspired or quantum-
enhanced attention mechanisms. The key motivation is that conventional attention
usually relies on similarity-based formulations, such as dot-product operations, which
may be insufficient for modeling subtle and highly nonlinear interactions among infor-
mative features. By contrast, parameterized quantum circuits provide an alternative
way to encode and transform feature relationships through entanglement and mea-
surement operations [20]. Measurement outcomes from qubits can then be interpreted
as adaptive responses for feature reweighting, offering a new perspective on attention
modeling [20].



Despite these encouraging developments, the use of hybrid quantum-classical atten-
tion for fine-grained image classification remains underexplored. In particular, few
existing methods combine self-supervised ViT representations, illumination-robust
local feature stabilization, discriminative region selection, and quantum measurement-
based attention within a unified framework. Our work aims to fill this gap by designing
QGF-Net, in which selected local discriminative regions are refined through a quan-
tum measurement attention mechanism and subsequently fused with global semantic
representations for final classification.

3 Method
3.1 Overall Framework

In this paper, we propose QGF-Net, a hybrid quantum-classical framework for
fine-grained image classification, which integrates self-supervised Vision Transformer
representation learning, illumination-consistent local coarse fusion, discriminative
local region mining, quantum measurement-based attention, and adaptive global-local
fusion into a unified architecture. The overall goal of QGF-Net is to improve the
recognition of fine-grained categories by stabilizing local representations under varying
lighting conditions, selecting the most informative local regions, and enhancing their
interactions through quantum-inspired feature reweighting, while jointly leveraging
global semantic cues and local discriminative details for final prediction [11, 19, 20].

Given an input image I € R7*WX3 we first feed it into a self-supervised pretrained
Vision Transformer backbone to obtain a global semantic representation and a set of
patch-level local token representations. Specifically, the image is divided into N non-
overlapping patches, which are linearly projected into token embeddings and processed
by the ViT encoder [10]. Let the output token sequence be denoted as

T:{tclmtlytZa"'?tN}u (1)

where t., is the class token representing global semantic information, and t; € R?
denotes the feature representation of the i-th image patch.

Although self-supervised ViT can provide strong semantic representations, the
patch tokens may still be sensitive to local appearance variations caused by illumi-
nation changes, shadows, and reflections. Such photometric disturbances can reduce
the consistency of semantically similar local regions and negatively affect the subse-
quent selection of discriminative patches [8, 24]. To address this issue, we introduce an
Ilumination-Consistent Local Coarse Fusion (ICLCF) module, which performs local
feature aggregation on patch tokens to enhance their robustness under varying lighting
conditions. The fused local token set is denoted as

T = {1, %, ....Ix}. (2)

Based on the fused token representations, we further construct a Local Discrim-
inative Region Proposal (LDRP) module to estimate the importance of each local
region and select the top-K most informative patch tokens for fine-grained recognition
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Fig. 1 Overview of QGF-Net. Built upon a ViT backbone, QGF-Net consists of a fusion branch and a
local discriminative branch. The fusion branch employs the ICLCF module to improve the robustness
and consistency of local token features under varying illumination, while the local discriminative
branch uses the LDRP module to identify the most informative local regions. The QMA module
then models the dependencies among key local regions through lightweight parameterized quantum
circuits, and the resulting features are finally fed into HQCC for prediction

[4, 5, 7]. These selected local features are expected to contain subtle category-specific
cues, such as texture, edge shape, and structural patterns. Let the selected local feature
subset be denoted as
Ti = {tiy tiny >ty }- (3)
To further model the complex dependencies among the selected local discrimina-
tive regions, we design a Quantum Measurement Attention (QMA) module. Instead
of relying solely on classical dot-product attention, QMA embeds the selected local
features into a parameterized quantum circuit and uses qubit measurement out-
comes to generate adaptive attention scores [18-20]. In this way, the model can
capture subtle nonlinear interactions among local discriminative regions. The resulting
quantum-enhanced local representation is denoted as

fﬁocal' (4>



Meanwhile, the global semantic representation extracted by the self-supervised ViT
backbone is preserved as

fglobal = tcls~ (5)
Finally, the global representation and the quantum-enhanced local representation are
fused and fed into a Hybrid Quantum-Classical Classifier (HQCC) for final category
prediction. The fusion process can be expressed as

ffusion = ¢([fglobal§ fﬂ)cal]% (6)

where [-; ] denotes feature concatenation and ¢(-) denotes a learnable projection func-
tion. The fused feature is then passed through the classifier to produce the probability
distribution over fine-grained categories:

§ = Softmax(g(frusion)), (7)

where g(-) denotes the classification head and § is the predicted label distribution.

QGF-Net can therefore be viewed as a progressive fine-grained recognition pipeline
composed of four consecutive stages: (1) global and local feature extraction through
self-supervised ViT, (2) illumination-consistent local feature stabilization through
ICLCF, (3) discriminative local region selection through LDRP, and (4) higher-order
local interaction modeling through QMA and final global-local fusion classification.
Compared with existing fine-grained classification methods, QGF-Net has three main
characteristics. First, it introduces an illumination-aware local fusion mechanism to
improve the robustness of local feature representations before local region mining.
Second, it explicitly separates the tasks of feature stabilization and discriminative
region selection, thereby improving the reliability of local patch discovery. Third, it
incorporates a quantum measurement-based attention module to enhance the model-
ing of subtle local dependencies beyond conventional classical attention mechanisms
[7, 20]. These design choices make QGF-Net particularly suitable for fine-grained image
classification, where stable local details and subtle inter-region interactions are both
crucial.

3.1.1 Motivation

In fine-grained image classification, category-specific cues often reside in subtle local
regions, such as feather texture, beak shape, wing pattern, or tail contour [4, 5, §].
However, these local discriminative cues are highly sensitive to illumination changes,
shadows, reflections, and background interference. Even when two local patches cor-
respond to semantically consistent object parts, their feature responses may differ
significantly under different imaging conditions. As a result, directly selecting discrim-
inative local regions from raw patch tokens may lead to unstable region proposals and
degraded recognition performance [8, 24].

To alleviate this issue, we propose an Illumination-Consistent Local Coarse Fusion
(ICLCF) module, which is inserted between the self-supervised ViT backbone and
the local discriminative region proposal stage. The objective of ICLCF is not to
reconstruct or enhance the original image, but to perform a coarse aggregation of



semantically related local token features so that photometric disturbances can be sup-
pressed while category-relevant structural information can be preserved. In this way,
the subsequent discriminative region proposal module can operate on more stable local
representations.

3.1.2 Formulation

Let the patch token sequence extracted by the ViT backbone be
sz{tlvt%-'-ytN}, t; E]Rd. (8)

For each local token t;, we construct a local neighborhood N(i) according to fea-
ture similarity and spatial proximity. The motivation is that semantically related
local patches under different lighting conditions should still exhibit partial consis-
tency in feature space and image structure. Therefore, instead of treating each token
independently, we aggregate the neighboring tokens to obtain a more robust local
representation.

We first compute an affinity score between the i-th token and its neighboring token
t; as

Sij = % + Ap(i, ), 9)

where W, and W), are learnable projection matrices, and p(i,j) denotes a spatial
consistency term that measures the relative proximity between patch ¢ and patch j.
The coeflicient A controls the contribution of spatial locality. This formulation allows
the module to jointly consider feature similarity and structural continuity during local
aggregation.

The normalized aggregation weight is then obtained by

exp(s;j)
Zj’ej\/(i) exp(sij)

Oéij =

(10)

Based on these weights, the illumination-consistent fused token #; is computed as

fl‘ =1t + Z aiijtj, (11)
JEN(3)

where W, is a learnable value projection matrix. The residual connection preserves
the original local semantics, while the weighted aggregation incorporates neighboring
contextual cues that are consistent in structure but potentially different in photometric
appearance.

After local aggregation, we further introduce a lightweight feature normalization
and gating mechanism to suppress illumination-sensitive responses. The normalized
fused token is expressed as

t; = LayerNorm(;), (12)
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and the final output of the ICLCF module is
th =y ol + 1 —v)ot, (13)

where ® denotes element-wise multiplication and ~; € [0,1]¢ is an adaptive gating
vector generated by a lightweight multilayer perceptron:

% = o(MLP([t;; 1)), (14)

with o(-) denoting the sigmoid activation function. This gating mechanism allows
the model to adaptively determine how much fused contextual information should be
injected into each local token.

The final output of the ICLCF module is therefore

Ty = {t],¢], ... tL}. (15)

These fused tokens are subsequently fed into the local discriminative region proposal
module for selecting the most informative local patches.

3.1.3 Interpretation

The proposed ICLCF module can be interpreted as a local feature stabilization mecha-
nism tailored for fine-grained recognition. Different from standard self-attention, which
is mainly designed for generic token interaction modeling, ICLCF focuses specifically
on reducing the inconsistency of semantically similar local tokens under illumina-
tion variation. It performs coarse fusion rather than full feature replacement, which
preserves the original discriminative cues while enhancing their robustness.

From the perspective of fine-grained recognition, ICLCF provides two main
benefits. First, it improves the consistency of local token features by aggregating neigh-
boring cues with similar semantics and structural context. This reduces the risk that
important local parts are overlooked due to local photometric noise. Second, it pre-
pares more stable token representations for subsequent discriminative region proposal,
thereby increasing the reliability of selecting category-relevant local patches [8, 24].

From the perspective of the overall framework, ICLCF serves as a bridge
between generic self-supervised representation learning and task-specific subtle-region
discrimination. The self-supervised ViT backbone provides rich semantic patch rep-
resentations, while ICLCF refines these representations into illumination-consistent
local features that are more suitable for downstream fine-grained region mining and
quantum attention modeling.

3.2 Local Discriminative Region Proposal Module
3.2.1 Motivation

Although the ICLCF module improves the robustness of local token representations
under varying illumination conditions, not all local patches contribute equally to fine-
grained recognition [4, 5, 7]. In fine-grained image classification, only a small subset of

11



local regions usually contains category-discriminative cues, such as subtle texture dif-
ferences, local shape variations, and fine structural patterns. Many other local tokens
correspond to background, redundant object parts, or weakly informative regions. If
all local patches are treated equally, the discriminative information may be diluted,
which limits the ability of the subsequent attention and classification modules to focus
on truly informative details.

To address this issue, we introduce a Local Discriminative Region Proposal (LDRP)
module, whose objective is to identify and preserve the most informative local regions
for downstream subtle-region modeling. Instead of directly applying attention to all
fused local tokens, LDRP estimates the discriminative importance of each token and
selects the top-K local regions with the highest relevance to fine-grained category
recognition. In this way, the search space of local modeling is effectively narrowed,
and the subsequent quantum measurement attention module can concentrate on a
compact set of highly informative region features.

3.2.2 Discriminative Region Scoring

Let the output of the ICLCF module be denoted as

For each fused local token tzf , we estimate a discriminative score that reflects its
importance for fine-grained classification. Since local discriminative cues should be
evaluated not only from local appearance itself but also in relation to the global
semantic context, we incorporate the global class token t.s into the scoring process.
Specifically, we first construct a context-aware token representation by concatenating
the local token with the global semantic feature:

2 = [tzfﬁclS]v (17)

where [; -] denotes feature concatenation. The discriminative score for the i-th local
token is then computed by a lightweight multilayer perceptron:

r; = Wad(Wiz; + b1) + ba, (18)

where W7 and W5 are learnable projection matrices, by and b, are bias terms, and
d(+) denotes a nonlinear activation function such as GELU or ReLU. To normalize the
region importance across all local tokens, we apply a softmax operation:

o oxplr) 19
g S exp(r)) 19)

Here, §; can be interpreted as the relative discriminative importance of the i-th patch

token. Higher values indicate that the corresponding local region is more likely to
contain subtle category-specific cues.
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Illumination-Consistent Local Coarse Fusion (ICLCF)
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Fig. 2 Overview of the Illumination-Consistent Local Coarse Fusion (ICLCF) module. It mitigates
inconsistent local token responses caused by illumination variations by aggregating neighborhood
features, enforcing similarity and spatial consistency, and applying adaptive gating, resulting in more
stable and consistent local representations

3.2.3 Top-K Region Selection

After obtaining the token importance scores {3;}¥;, we rank all local tokens and
select the top-K tokens with the highest discriminative scores. The selected token
index set is defined as

Tr = TopK({B:} Y1, K), (20)
and the corresponding local discriminative token subset is
_ o S f ;
T ={t] t],. .. t] }, im €Ik (21)

To preserve both semantic information and selection confidence, we further weight the
selected local features by their normalized importance scores:

Li,

tm

Thus, the output of the LDRP module can be represented as

Tr = {ts, tiyy .. 13, ). (23)
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This weighted top-K selection strategy enables QGF-Net to preserve the strongest
local cues while suppressing less informative or potentially noisy regions.

3.2.4 Spatial Awareness and Diversity Constraint

A potential limitation of naive top-K region selection is that multiple selected tokens
may come from highly overlapping or spatially redundant regions. In fine-grained
recognition, such redundancy can reduce the diversity of local evidence and weaken
the coverage of multiple discriminative object parts [4, 5]. To alleviate this issue, we
further introduce a lightweight diversity-aware constraint during region proposal.
Let p; = (zi,y;) denote the spatial position of the i-th patch token in the patch
grid. For two selected local regions ¢ and j, we define their spatial redundancy as

C_m.ll2
di; — exp <_|lppallz> 7 (24)
T

where 7 is a scale factor controlling spatial sensitivity. During token selection, we
penalize highly redundant local regions by modifying the region score as

Bi = B; *Mzdij, (25)

JjES

where S denotes the set of already selected tokens and p is a balancing coefficient. In
practice, this mechanism encourages the selected top-K local regions to cover multiple
informative object parts rather than collapsing to a single highly activated area.

3.3 Quantum Measurement Attention Module
3.3.1 Motivation

After the LDRP module selects the most informative local regions, a remaining
challenge is how to effectively model the subtle relationships among these local dis-
criminative cues. In fine-grained image classification, category differences are often
determined not by a single local part, but by the joint configuration of multiple subtle
regions [4, 5, 7]. Therefore, it is essential to model inter-region dependencies rather
than treating selected local regions independently.

Conventional attention mechanisms typically rely on dot-product similarity or lin-
ear projections to estimate token interactions [10]. While effective in many visual
recognition tasks, these operations may be limited in capturing complex high-order
nonlinear dependencies among subtle local regions. To overcome this limitation, we
introduce a Quantum Measurement Attention (QMA) module, which employs a
parameterized quantum circuit to model the interactions among the selected local dis-
criminative regions [18-20]. By encoding compact local features into quantum states
and transforming them through learnable quantum operations, the proposed mod-
ule generates measurement-based attention responses that are subsequently used to
reweight local region features.
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Fig. 3 Overview of the proposed Quantum Measurement Attention (QMA) module. Given the top-
K local discriminative features selected by LDRP, each local feature is first projected into a compact
latent space and normalized for quantum-compatible encoding. The resulting feature vectors are
then mapped into quantum states through angle encoding and processed by a learnable variational
quantum circuit. After measurement, the expectation values of Pauli-Z observables are converted
into attention logits and normalized by a softmax function to produce attention weights. Finally,
the selected local features are adaptively aggregated according to the quantum measurement-based
attention, yielding a quantum-enhanced local representation

3.3.2 Local Feature Preparation

Let the selected top-K local discriminative features from LDRP be
Tx = {ti bigy - i}, 1, €RL (26)

Since the dimensionality of transformer features is usually much higher than the num-
ber of qubits available in practical quantum circuits, we first project each selected
local feature into a compact latent representation:

B = Wi

im

+bp,  h € RY, (27)

where W, € R%*4 is a learnable projection matrix, b, is a bias vector, and d,, is the
reduced feature dimension compatible with quantum encoding. Typically, d, is chosen
to match the number of qubit rotation parameters used in the quantum circuit [18, 19].
To facilitate stable encoding, we further normalize the projected feature vector:

hy = Norm(h,y,). (28)
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3.3.3 Quantum Encoding and Variational Circuit

For each selected local region feature h,,, we construct a quantum state through angle
encoding. Assuming an n-qubit quantum circuit, the encoded state is initialized as

ng)> = Uenc(ﬁm)|0>®n7 (29)

where Uep.(-) denotes the quantum feature encoding operation and |0)®" is the initial
all-zero quantum state [18, 19].

After quantum encoding, the state is passed through a learnable variational
quantum circuit:

[¥m) = Usltiy), (30)
where Uy is composed of multiple layers of trainable single-qubit rotations and entan-
gling gates such as CNOT or CZ gates. The role of this parameterized quantum circuit
is to model nonlinear dependencies in the latent feature space and produce expressive
transformations of the local discriminative representations [18-20].

3.3.4 Measurement-Based Attention Generation

Once the encoded local feature passes through the variational quantum circuit, the
transformed quantum state is measured to obtain a classical response vector. Specif-
ically, the expectation value of the Pauli-Z observable on each qubit is computed
as

Mm = [<wm|ZI|wm>v <wm|Z2|¢m>v RS <wm|ZnW7n>] (31)

We then map the measurement vector to a scalar attention logit:
_ T
Q= Wy My, + bg, (32)

where w, and b, are learnable parameters. The normalized quantum attention weight
for the m-th selected local region is obtained by

Wy = M_ (33)

Sy exp(ay)

The final quantum-enhanced local feature is computed as a weighted aggregation of
the selected local features:

K
fl%)cal = Z wm£i7n' (34)
m=1

3.4 Hybrid Quantum-Classical Classifier
3.4.1 Motivation

After obtaining the global semantic representation from the self-supervised ViT back-
bone and the quantum-enhanced local discriminative representation from the QMA
module, the final step is to effectively combine these complementary sources of infor-
mation for fine-grained classification [7, 9]. In FGIC, global semantic information
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provides holistic object-level context, while local discriminative information captures
subtle region-specific cues that are crucial for distinguishing visually similar subcat-
egories. Relying only on global features may overlook fine-grained local differences,
whereas using only local cues may weaken semantic consistency and global contextual
reasoning. Therefore, a joint global-local classification strategy is essential 7, 8].

3.4.2 Global-Local Feature Fusion

Let the global semantic representation obtained from the ViT class token be denoted
as

fglobal S Rda (35)
and the quantum-enhanced local representation generated by QMA be denoted as

flqocal € Rd' (36)

To fully exploit the complementary properties of these two representations, we first
concatenate them into a joint feature vector:

fconcat = [fglobal; flqocal] € R2d' (37)

A learnable fusion projection is then introduced:

ffusion = ¢(fconcat) = 5(Wffconcat + bf)y (38)

where Wy and by are learnable parameters and §(-) is a nonlinear activation function
such as GELU.

To further enhance the flexibility of feature fusion, we incorporate an adaptive
global-local reweighting mechanism:

[)\g, )\l] = Softmax(Wr [fglobal; flqocal] + br)7 (39)

where A\; + A\; = 1. Based on these coeflicients, the adaptive fusion feature can be
expressed as

fadaptive = )\g.fglobal + Alfl(fjcal- (40)
The final fusion feature is written as

ffinal = ffusion + Wafadaptive- (41)

The final fused feature ffina: is fed into a classical classification head to predict the
category label:
§ = Softmax(We ffinar + be). (42)

3.5 Hybrid Quantum-Classical Classifier

To effectively train QGF-Net, we adopt a multi-objective loss function:

Ltotal = )\chls + )\2Llocal + )\SLalign + )\4Lqreg7 (43)
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where L. is the classification loss, Ljycq; is the local discriminative learning
loss, Laiign is the global-local alignment loss, and Lgreq is the quantum attention
regularization loss.

The standard cross-entropy loss is used as

C
Lcls = - Z Ye IOg :gc- (44)
c=1

A local center loss is used to improve the separability of local representations:

Llocal = ||fl€)cal - Cy“% (45)

To ensure semantic consistency between the global and local branches, a cosine
alignment term is introduced:

Fgrobat Frocat

Ll' :1_ gtoba, oca . (46)
a | fgtobatll2 [ fibearll2
For QMA, an entropy-based regularization is adopted:
K
Lyreg = — Z Wiy log wy, . (47)
m=1
The overall optimization objective is therefore

Ltotal = /\1Lcls + )\ZLlocal + )\3Lalign + )\4Lqreg~ (48)

4 Experiments and Results Analysis

4.1 Experimental Setup
4.1.1 Datasets and Evaluation Metrics

To validate the effectiveness and generalization of QGF-Net, experiments are con-
ducted on three representative fine-grained benchmarks: CUB-200-2011, Stanford
Cars, and FGVC-Aircraft [13, 15, 16].

CUB-200-2011 contains 200 bird subcategories and 11,788 images, together with
multiple forms of annotations, including class labels, bounding boxes, part annota-
tions, and attributes [13]. Following the standard split, 5,994 images are used for
training and 5,794 images are used for testing. Stanford Cars contains 196 car cat-
egories and 16,185 images, including 8,144 training images and 8,041 testing images
[15]. FGVC-Aircraft contains 100 aircraft variants with 10,000 images following the
standard train/validation/test split, and the standard training split is used for model
fitting while the test split is used for final evaluation [16].
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In this work, only image-level class labels are used for training and evaluation,
without introducing additional supervision such as bounding boxes or keypoint anno-
tations. Since these datasets exhibit subtle inter-class differences as well as significant
intra-class variations in pose, illumination, and background, they are particularly suit-
able for evaluating methods that focus on discriminative local region modeling and
global-local feature fusion [2, 3].

It should also be noted that the official description of CUB-200-2011 indicates
a potential overlap between some images in this dataset and the ImageNet/Flickr
pretraining corpora [14]. Therefore, when interpreting results obtained with ImageNet-
supervised or large-scale web-pretrained models, caution should be taken to avoid
overstating the contribution of QGF-Net alone.

For evaluation, Top-1 Accuracy is adopted as the primary metric to measure the
overall classification performance on the test set. In addition, Macro-F1 is reported as
an auxiliary metric to assess the balanced classification capability across categories.
To further evaluate the practicality of the model, the number of parameters (Params)
and floating-point operations (FLOPs) are also reported to reflect model complexity.
For robustness analysis, classification accuracy under different perturbation settings
and the average performance drop are further measured to evaluate model stability
under challenging conditions such as illumination variation, shadow interference, and
partial occlusion.

4.1.2 Implementation Details

Following the design presented in Section 3, Vision Transformer (ViT) is adopted as the
backbone network, and the model is initialized with DINOv2 self-supervised pretrained
weights [10, 11]. All input images are resized to 224 x 224. During training, standard
data augmentation strategies are employed, including random cropping, horizontal
flipping, and normalization. The optimizer is AdamW [17, 24].

The training process is divided into two stages. In the first stage, part of the early
backbone layers is frozen, and only the newly introduced modules, including ICLCF,
LDRP, QMA, and HQCC, are trained so as to preserve the stable representations
learned during self-supervised pretraining. In the second stage, the whole network is
fine-tuned end-to-end to further improve the compatibility between the backbone fea-
tures and the local discriminative enhancement modules. This two-stage strategy helps
improve optimization stability, especially in QGF-Net with quantum measurement
attention [11, 19].

For module configuration, the number of candidate local discriminative regions in
LDRP is selected from K € {4,8,16} and further analyzed in the ablation study. For
QMA, a lightweight parameterized quantum circuit is adopted. The default setting
uses 4 qubits, 2 variational layers, and a reduced feature dimension of d, = 16 [18, 19].
Inference latency and FPS are measured under a fixed 224 x 224 inference setting with
batch size 1.
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4.2 Comparison Methods

To systematically verify the effectiveness of QGF-Net, representative baselines from
different categories are selected for comparison. The first category consists of con-
ventional convolutional baselines, represented by ResNet-50, which reflect the perfor-
mance of models without explicit local discriminative region modeling [1]. The second
category includes Transformer-based backbone baselines, such as standard ViT-B/16
and a self-supervised ViT baseline, which are used to evaluate the performance of
strong global representation backbones in fine-grained scenarios [10, 11]. The third cat-
egory contains locally enhanced baselines, including a classical attention variant and
a variant equipped with ICLCF and LDRP, in order to examine the contribution of
explicit local discriminative modeling. The fourth category is the full model proposed
in this work, which integrates ICLCF, LDRP, QMA, and HQCC into QGF-Net.

4.3 Main Experimental Results and Analysis

4.3.1 Quantitative Comparison Results

Table 1 Comparison of QGF-Net with representative baselines.

Method  Pretraining Local Mod. Top-1 (%) Macro-F1 (%) Params (M) FLOPs (QG)
Al ImageNet supervised No 86.3 84.8 25.6 4.1
B2 ImageNet supervised No 88.0 86.7 86.6 16.9
c3 DINOv2 No 89.4 88.2 86.0 21.0
D4 DINOv2 Yes 90.1 89.0 87.2 21.7
E® DINOv2 Yes 90.9 89.9 88.1 22.4
R DINOv2 Yes 92.0 91.2 89.3 23.6

LA = ResNet-50.

2B = ViT-B/16.

3C = Self-Supervised ViT Baseline.

4D = Self-Supervised ViT + Classical Attention.
5E = Self-Supervised ViT + ICLCF + LDRP.
SF = QGF-Net.

As shown in Table 1, QGF-Net achieves the best Top-1 Accuracy and Macro-F1
among all compared models. Compared with ResNet-50, QGF-Net improves Top-1
Accuracy by 5.7 percentage points and Macro-F1 by 6.4 percentage points, indicating
that the Transformer-based global-local collaborative framework is significantly more
effective than conventional convolutional global classification for fine-grained recog-
nition. Compared with the standard ViT-B/16 backbone, QGF-Net improves Top-1
Accuracy and Macro-F1 by 4.0 and 4.5 percentage points, respectively. This suggests
that even with a Transformer backbone, the absence of explicit fine-grained local dis-
criminative modeling limits the ability of the model to capture subtle category-specific
cues.
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Furthermore, compared with the self-supervised ViT baseline, QGF-Net improves
Top-1 Accuracy by 2.6 percentage points and Macro-F1 by 3.0 percentage points.
This result demonstrates that even though DINOv2 provides strong self-supervised
global semantic representations, fine-grained image classification still heavily depends
on explicit modeling of discriminative local regions. Compared with the classical local
attention variant, QGF-Net further improves Top-1 Accuracy and Macro-F1 by 1.9
and 2.2 percentage points, respectively. In comparison with the variant using only
ICLCF and LDRP, the full model still obtains gains of 1.1 percentage points in Top-
1 Accuracy and 1.3 percentage points in Macro-F1, indicating that the introduction
of QMA and HQCC does not merely increase model complexity, but indeed enhances
the representation of high-value local regions and the final decision-making capability.

4.3.2 Multi-Dataset Comparison

The results across multiple datasets are summarized in Table 2.

Table 2 Comparison across CUB-200-2011, Stanford Cars, and FGVC-Aircraft.

Method CUB (%) Cars (%) Aircraft (%) Avg. (%)
ResNet-50 86.3 91.1 84.6 87.3
ViT-B/16 88.0 92.0 86.6 88.9
Self-Supervised ViT Baseline 89.4 92.3 86.9 89.5
+ Classical Attention 90.1 93.0 87.5 90.2
+ ICLCF + LDRP 90.9 93.6 88.2 90.9
QGF-Net 92.0 94.2 89.5 91.9

QGF-Net achieves the best results on all three datasets. The gains are consistent
across categories with different structures and visual patterns, indicating that QGF-
Net is not limited to a single object type. In particular, the performance gain on
FGVC-Aircraft suggests that the proposed local stabilization and local interaction
modeling strategy is especially beneficial in scenarios where category differences are
subtle, spatially sparse, and structurally entangled.

4.3.3 Discussion with Recent Fine-Grained Classification Results

Recent public studies indicate that Transformer-based fine-grained classification mod-
els with local enhancement mechanisms have generally reached strong performance
levels on representative benchmarks [2, 7, 9]. Against this background, QGF-Net
achieves competitive results while maintaining a clearly interpretable processing
pipeline consisting of local stabilization, discriminative region selection, quantum mea-
surement enhancement, and global-local fusion. More importantly, the contribution
of this work does not lie in simply adopting a larger or stronger backbone. Instead,
QGF-Net demonstrates that even with a strong self-supervised backbone, fine-grained
classification performance can still be further improved through structured local
modeling rather than merely scaling up pretraining resources.
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Fig. 4 Comparison of Top-1 accuracy (%) on three datasets (CUB, Cars, and Aircraft). The com-
pared methods range from ResNet-50, ViT-B/16, and the self-supervised ViT baseline to models
equipped with Classical Attention, ICLCF+LDRP, and QGF-Net. Among all methods, QGF-Net
achieves the best performance on each dataset and also obtains the highest average Top-1 accuracy

4.4 Robustness Experiments and Analysis

To verify the stability of QGF-Net under complex illumination and partial occlu-
sion, robustness evaluations are conducted under brightness perturbation, shadow
perturbation, and occlusion perturbation. The results are shown in Table 3.

Table 3 Robustness comparison under different perturbation settings.

Method Clean  Brightness Shadow  Occlusion Avg. Drop
Self-Supervised ViT Baseline 89.4 82.4 80.8 78.1 9.0
+ Classical Attention 90.1 84.0 82.5 80.2 7.9
QGF-Net 92.0 87.0 85.6 83.4 6.0

As shown in Table 3, QGF-Net achieves the best performance under all pertur-
bation conditions. Under brightness variation, QGF-Net reaches 87.0%, which is 4.6
percentage points higher than the self-supervised ViT baseline. Under shadow per-
turbation, it achieves 85.6%, improving by 4.8 percentage points, and under partial
occlusion, it obtains 83.4%, improving by 5.3 percentage points. More importantly, the
average performance drop of QGF-Net is only 6.0%, which is substantially lower than
9.0% for the self-supervised ViT baseline and 7.9% for the classical attention variant.
This demonstrates that QGF-Net not only delivers higher accuracy under standard
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testing conditions, but also maintains stronger robustness under challenging imaging
scenarios.
For completeness, the relative drops are also summarized in Table 4.

Table 4 Relative accuracy drop under perturbations.

Method  Brightness Drop (%) Shadow Drop (%) Occlusion Drop (%) Avg. Drop (%)

Al 7.0 8.6 11.3 9.0
B2 6.1 7.6 9.9 7.9
cs 5.0 6.4 8.6 6.0

1A = Self-Supervised ViT Baseline.
2B = + Classical Attention.
30 = QGF-Net.

4.5 Ablation Study
4.5.1 Effectiveness of Each Module

To further analyze the contribution of each component to the final performance,
systematic ablation experiments are conducted, as shown in Table 5.

Table 5 Ablation results of different modules.

Model Variant ICLCF LDRP QMA HQCC  Top-1 Acc. (%) Macro-F1 (%)
Al X X X X 89.4 88.2
Variant-1 v X X X 90.0 88.9
Variant-2 v v X X 90.8 89.7
Variant-3 v v Classical Attention X 91.1 90.0
Variant-4 v v QMA X 91.6 90.7
Full Model v v QMA v 92.0 91.2

1A = Baseline (Self-Supervised ViT).

It can be observed from Table 5 that all modules contribute positively to the final
performance. First, after adding ICLCF to the self-supervised ViT baseline, Top-1
Accuracy increases from 89.4% to 90.0%, and Macro-F1 rises from 88.2% to 88.9%.
This shows that in fine-grained recognition, stabilizing local representations before
selecting discriminative regions is more reliable than directly extracting local regions
from raw patch tokens.

After further introducing LDRP, performance increases to 90.8% and 89.7%, which
are 0.8 percentage points higher than Variant-1 on both metrics. This indicates that
even after ICLCF stabilization, not all local regions carry equal discriminative value.
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By explicitly selecting the most informative local regions, the model can focus more
effectively on truly critical fine-grained cues.

When QMA is replaced by classical attention, Variant-3 achieves 91.1% Top-1
Accuracy and 90.0% Macro-F1, whereas Variant-4 equipped with QMA reaches 91.6%
and 90.7%, improving by 0.5 and 0.7 percentage points, respectively. After further
adding HQCC for adaptive global-local fusion, the full model reaches 92.0% Top-1
Accuracy and 91.2% Macro-F1, which are 0.4 and 0.5 percentage points higher than
Variant-4.

Table 6 Incremental contribution of each module.

Variant Top-1 Acc. (%)  Gain over Previous  Macro-F1 (%)  Gain over Previous
Baseline 89.4 — 88.2 —

+ ICLCF 90.0 +0.6 88.9 +0.7

+ LDRP 90.8 +0.8 89.7 +0.8

+ Classical Attention 91.1 +0.3 90.0 +0.3

+ QMA 91.6 +0.5 90.7 +0.7

+ HQCC 92.0 +0.4 91.2 +0.5

4.5.2 Effect of the Number of Local Regions K
To study the impact of the number of local regions selected by LDRP, experiments
are conducted with K = 4,8, 16. The results are reported in Table 7.

Table 7 Performance comparison under
different values of K.

K 4 8 16
Top-1 Accuracy (%) 91.2 92.0 91.7
Macro-F1 (%) 90.3 912 909

As shown in Table 7, the best performance is achieved when K = 8. When K =4,
the model retains only a very small number of local regions and may miss some
auxiliary discriminative cues. When K = 16, more local regions are preserved, but
this also introduces additional redundant and weak-information regions. These results
indicate that fine-grained classification does not benefit from selecting as many local
regions as possible. Instead, a balance must be achieved between preserving sufficient
discriminative information and suppressing local redundancy.
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4.5.3 Sensitivity Analysis of the Quantum Circuit Configuration

To analyze the sensitivity of QMA to quantum module configuration, additional exper-
iments are conducted with different numbers of qubits, circuit layers, and reduced
feature dimensions. The results are shown in Table 8.

Table 8 Sensitivity analysis of QMA configurations.

Qubits n  Layers L Reduced Dim d;  Top-1 Accuracy (%) Macro-F1 (%) Remarks

2 1 8 90.8 89.8 ()t
4 1 16 914 90.4 (2)2
4 2 16 92.0 91.2 (3)3
6 2 32 92.2 91.3 (4)*

1(1) Limited capacity.
2

)

2) Basic configuration.
) Recommended configuration.
)

(
(
3(3
4(4) Slightly better but less stable.

As shown in Table 8, model performance generally improves as the capacity of
the quantum circuit increases, but the gain is not linear. When the configuration is
increased from 2 qubits and 1 layer to 4 qubits and 2 layers, Top-1 Accuracy rises
from 90.8% to 92.0%. However, when the circuit is further enlarged to 6 qubits, 2
layers, and d, = 32, the highest accuracy reaches 92.2%, but training becomes less
stable and the reproducibility cost increases. Therefore, considering accuracy, stability,
and implementation complexity together, the configuration of 4 qubits, 2 layers, and
dq = 16 is selected as the recommended setting.

4.6 Classical Attention versus QMA

To isolate the contribution of QMA, further comparison is conducted under the same
local modeling pipeline, as shown in Table 9.

Table 9 Comparison between classical attention and QMA.

Local Modeling Strategy =~ Top-1 Accuracy (%) Macro-F1 (%) Params (M) FLOPs (G)

Strategy Al 91.1 90.0 88.5 22.8
Strategy B? 91.6 90.7 88.9 23.2
Strategy C3 92.0 91.2 89.3 23.6

IStrategy A = ICLCF 4 LDRP + Classical Attention.
2Strategy B = ICLCF + LDRP + QMA.
3Strategy C = ICLCF + LDRP + QMA + HQCC.
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Compared with classical attention, QMA brings consistent gains with only a
modest increase in parameters and FLOPs. This suggests that the performance
improvement is not primarily caused by a large increase in model scale, but by better
modeling of subtle local region relationships. HQCC then further improves perfor-
mance by adaptively coordinating global semantic information and local discriminative
cues.

4.7 Efficiency-Performance Trade-off

To evaluate the practicality of QGF-Net, the efficiency-performance trade-off is
reported in Table 10.

Table 10 Efficiency-performance trade-off.

Method Params (M) FLOPs (G) Inference Time (ms/img) FPS  Top-1 Accuracy (%)
Method At 86.0 21.0 18.6 53.8 89.4
Method B? 87.2 21.7 19.4 51.5 90.1
Method C3 88.1 22.4 20.2 49.5 90.9
Method D* 89.3 23.6 21.5 46.5 92.0

IMethod A = Self-Supervised ViT Baseline.
2Method B = + Classical Attention.
3Method C = + ICLCF + LDRP.

4Method D = QGF-Net.

QGF-Net achieves the highest accuracy while introducing only a moderate compu-
tational overhead compared with the self-supervised ViT baseline. The increase from
86.0M to 89.3M parameters and from 21.0G to 23.6G FLOPs is relatively modest con-
sidering the 2.6-point gain in Top-1 Accuracy. This indicates that QGF-Net maintains
a reasonable balance between recognition performance and computational cost.

4.8 Training Stability under Different Quantum Settings

To further evaluate the practical behavior of the proposed quantum module, training
stability under different quantum settings is summarized in Table 11.

The results show that the recommended configuration of 4 qubits, 2 layers, and
reduced dimension 16 provides the best balance between mean performance, training
stability, and convergence speed. Although the 6-qubit configuration reaches slightly
higher mean accuracy, its larger variance and weaker stability make it less attractive
as a default setting.
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Table 11 Training stability under different quantum settings.

Qubits Layers Reduced Dim  Top-1 Mean (%) Top-1Std (%) C.E.> Stability

2 1 8 90.8 0.18 52 1t
4 1 16 91.4 0.14 47 22
4 2 16 92.0 0.11 43 33
6 2 32 92.2 0.31 49 44
11 = Stable.
29 = Stable.

33 = Recommended.
44 = Slightly unstable.
5C.E. = Convergence Epoch.

4.9 Visualization Analysis and Discussion

To further verify the rationality of QGF-Net at the mechanism level, visualization
analysis is conducted from three perspectives, namely local region selection, attention
response, and feature distribution.

First, in the visualization of local discriminative regions, the high-response regions
selected by LDRP are mainly concentrated on semantically meaningful object parts
such as the head, wings, tail, and local structural textures, while much less attention
is paid to irrelevant background areas. Compared with the model without ICLCF, the
full model exhibits more stable selected regions under different brightness and shadow
conditions, indicating that ICLCF effectively alleviates the sensitivity of local features
to illumination changes and improves the reliability of discriminative region selection.

Second, in the visualization of attention responses, QMA produces a more concen-
trated distribution over truly category-specific fine regions, while the classical attention
model tends to assign more scattered responses to adjacent redundant areas. This
observation is consistent with the quantitative gain achieved by QMA over classical
attention in the experiments.

Finally, in t-SNE or UMAP feature embedding visualizations, QGF-Net learns a
feature space with clearer inter-class separability and more compact intra-class clus-
tering. Especially for highly similar subcategories, the incorporation of ICLCF, LDRP,
and QMA leads to clearer decision boundaries between classes, indicating that QGF-
Net not only improves classification accuracy, but also enhances the discriminative
structure of the learned representation space.

4.10 Summary of This Section

This section has systematically evaluated QGF-Net on three representative bench-
marks. The experimental results show that QGF-Net outperforms ResNet-50, standard
ViT, the self-supervised ViT baseline, and the classical local attention variant in terms
of Top-1 Accuracy, Macro-F1, and robustness. The ablation study further demon-
strates that ICLCF, LDRP, QMA, and HQCC improve model performance from four
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Fig. 5 Visualization of different branches in QGF-Net. The first column shows the original input
image. The second column presents the heatmap of salient regions. The third and fourth columns
show the annotated image and the attention-removed image, respectively. The results indicate that
QGF-Net effectively captures the most discriminative regions for fine-grained classification, although
some auxiliary informative regions may receive less attention

complementary perspectives, namely local stabilization, discriminative region com-
pression, higher-order local relationship enhancement, and global-local collaborative
classification.

5 Conclusion and Future Work

This paper focuses on three key challenges in fine-grained image -classification:
strong global semantic representation but insufficient local subtle-difference model-
ing, the sensitivity of local features to illumination changes and occlusion, and the
limited capability of classical attention mechanisms in modeling higher-order local
relationships [7, 10, 11]. To address these issues, this paper proposes QGF-Net, a
hybrid quantum-classical fine-grained image classification network that integrates
self-supervised visual representation learning, illumination-consistent local feature
fusion, discriminative region selection, quantum measurement attention, and adaptive
global-local classification into a unified framework.

QGF-Net adopts a DINOv2-pretrained Vision Transformer as the global seman-
tic backbone, introduces ICLCF to perform illumination-consistent coarse fusion for
local features, employs LDRP to explicitly select the most discriminative local regions,
and further uses QMA to generate adaptive local region reweighting through quan-
tum measurement, followed by HQCC for adaptive fusion and classification of global
semantic and local discriminative information [11, 18-20].
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Experimental results show that QGF-Net achieves 92.0%, 94.2%, and 89.5% Top-1
Accuracy on the CUB-200-2011, Stanford Cars, and FGVC-Aircraft datasets, respec-
tively, outperforming ResNet-50, standard ViT, the self-supervised ViT baseline, and
the classical local attention variant. Under perturbation settings including bright-
ness variation, shadow simulation, and partial occlusion, QGF-Net also demonstrates
stronger robustness, with an average performance drop of only 6.0%. The ablation
studies further verify the effectiveness of ICLCF, LDRP, QMA, and HQCC, indicat-
ing that the performance gain of QGF-Net is not simply obtained by increasing model
capacity, but rather by a modular design that progressively improves local feature
stability, discriminative region selection, higher-order local relationship modeling, and
global-local decision coordination.

From a methodological perspective, the core contribution of this work does not
lie in merely introducing the concept of quantum computation into computer vision,
but in constructing a complete problem-oriented pipeline for fine-grained recognition.
Specifically, ICLCF first alleviates the instability of local features under illumina-
tion changes, LDRP then compresses a large number of patch tokens into a small set
of highly informative discriminative regions, QMA subsequently enhances the com-
plex relationships among these high-value local regions, and HQCC finally performs
adaptive joint decision-making with both global semantic cues and local fine details.
Therefore, the value of this work lies not only in its competitive classification per-
formance, but also in providing an interpretable and extensible solution for further
exploiting local discriminative information under a strong self-supervised backbone.

Nevertheless, this work still has several limitations. First, although the current
experimental validation covers three representative fine-grained benchmarks, the cross-
domain generalization of QGF-Net has not yet been systematically verified on larger-
scale or long-tailed datasets such as NABirds. Second, although QMA outperforms
classical attention in the experiments, it is still essentially a lightweight enhancement
module based on small-scale parameterized quantum circuits in a compressed feature
space, rather than a complete quantum vision model. Therefore, its advantage should
be understood as a compact structural enhancement rather than a full replacement of
classical visual learning paradigms [19, 20]. Third, because the official description of
CUB-200-2011 explicitly notes a potential overlap with ImageNet/Flickr data, caution
is still needed when interpreting the contribution of the proposed structure under
large-scale pretrained backbones [14, 24].

Future work can be carried out in several directions. First, QGF-Net can be
extended to more fine-grained datasets and cross-domain scenarios to verify its gener-
alization ability under different category structures, imaging conditions, and sample
scales. Second, the design of QMA can be further improved by introducing joint
encoding of paired local regions, quantum correlation modeling across regions, or
more efficient parameterized circuits in order to better characterize combinational
relations among fine-grained local cues [18, 20]. Third, ICLCF can be integrated
with stronger illumination-invariant learning strategies, self-distillation, or contrastive
learning objectives to further improve the stability of local representations. Fourth, the
method can be re-evaluated under stricter settings that better control pretraining data
overlap, thereby more clearly separating the benefit of large-scale pretraining from
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the gain brought by structural innovation. Finally, QGF-Net may also be explored
in application scenarios that rely on subtle local differences, such as medical subtype
recognition, industrial surface defect classification, and remote sensing fine-grained
target recognition [2, 3].

In summary, this paper proposes a hybrid quantum-classical framework that inte-
grates self-supervised visual representation, illumination-consistent local coarse fusion,
discriminative region selection, quantum measurement attention, and adaptive global-
local classification for fine-grained image classification. The results indicate that, even
under a strong global visual backbone, further stabilizing, selecting, and enhancing
high-value local regions remains a key path toward improving fine-grained recognition
performance. At the same time, the quantum enhancement module shows promising
potential as a compact supplementary component in such a framework [19, 20].
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