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A B S T R A C T 

The field of computer vision has witnessed unprecedented advancements in image 

recognition tasks, primarily driven by deep learning paradigms. However, 

recognizing fine-grained categories with very limited labeled data remains a 

formidable challenge. Fine-grained recognition requires distinguishing between 

highly similar subcategories, such as different species of birds or models of aircraft, 

which inherently exhibit large intra-class variances and subtle inter-class 

differences. When data is scarce, traditional deep learning models tend to overfit, 

failing to generalize to unseen classes. To address these critical issues, this paper 

introduces a comprehensive framework for low-rank metric learning specifically 

tailored for few-shot fine-grained recognition under the constraint of limited labels. 

The proposed methodology leverages a sophisticated metric space where the 

projection matrix is constrained by a low-rank approximation, thereby filtering out 

noisy, redundant features and capturing the most discriminative latent 

representations. By enforcing a nuclear norm penalty on the metric transformation 

matrix, the model achieves a robust, low-dimensional manifold that enhances class 

separability. Extensive theoretical analysis and empirical evaluations are conducted 

on standard benchmark datasets, demonstrating that the integration of low-rank 

constraints into episodic metric learning significantly improves generalization 

capabilities. The findings indicate that optimizing the rank of the learned metric 

space acts as an effective regularizer, mitigating the risk of overfitting typically 

associated with few-shot learning scenarios. This research provides substantial 

contributions to the theoretical understanding of metric space dimensionality and 

offers a practical, scalable solution for real-world fine-grained recognition 

applications where annotated data is prohibitively expensive to obtain. 

     1.INTRODUCTION 

1.1 Background and Motivation 

The remarkable success of deep convolutional neural networks in generic image classification 

tasks is largely attributed to the availability of massive, fully annotated datasets. Models trained 

on millions of images have surpassed human-level performance in recognizing broad 

categories such as dogs, cats, cars, and buildings. However, the reliance on vast quantities of 

labeled data poses a severe limitation in numerous specialized domains [1]. In fields such as 

medical imaging, biodiversity monitoring, and industrial defect detection, acquiring large-scale 
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annotated datasets is often impractical, excessively time-consuming, or prohibitively expensive 

due to the necessity of domain-expert involvement. Consequently, few-shot learning has 

emerged as a crucial area of research, aiming to enable machine learning models to generalize 

to novel categories using only a handful of labeled examples per class [2]. This paradigm 

closely mimics the human cognitive ability to grasp new concepts rapidly from minimal 

exposure. Within the broader context of few-shot learning, fine-grained image recognition 

presents an additional layer of complexity. Unlike generic classification, fine-grained 

recognition involves distinguishing between subcategories that belong to the same overarching 

basic-level category [3]. Examples include differentiating between a seemingly identical 

species of sparrow, identifying the specific make and year of a vehicle, or classifying closely 

related botanical species. The fundamental challenge in fine-grained recognition lies in the 

subtle inter-class variations and the often substantial intra-class variations caused by 

differences in pose, illumination, background clutter, and occlusion [4]. When fine-grained 

recognition is combined with a few-shot setting, the difficulty is compounded. The model must 

learn to focus on minute, discriminative local details rather than global shape or color, while 

simultaneously preventing overfitting to the specific instances provided in the small support 

set [5]. Conventional few-shot learning techniques, such as prototypical networks and 

matching networks, operate by mapping images into a shared embedding space and classifying 

query images based on a defined distance metric. While effective for generic datasets, these 

methods often fall short in fine-grained scenarios because their embedding spaces capture 

holistic features that overlook the subtle, localized discriminative parts necessary for 

distinguishing fine-grained categories [6]. Furthermore, high-dimensional feature 

representations extracted by deep networks often contain redundant and noisy information that 

can dominate the distance calculations in the metric space, degrading classification 

performance. This highlights an urgent need for an advanced learning paradigm capable of 

isolating the most relevant features while disregarding irrelevant background noise. 

1.2 Problem Statement 

The core problem addressed in this research is the effective classification of fine-grained image 

categories under the strict constraint of limited labeled data, formally known as few-shot fine-

grained image recognition. In a standard few-shot classification episode, the model is provided 

with a support set containing a small number of classes, each represented by a few labeled 

examples, and a query set of unlabeled examples belonging to the same classes. The objective 

is to accurately predict the labels of the query instances. In the context of fine-grained 

recognition, the visual differences between these classes are minimal and highly localized.  

Existing metric learning approaches attempt to solve this by learning a distance function that 

minimizes the distance between samples of the same class and maximizes the distance between 

samples of different classes [7]. However, simply applying standard metric learning to fine-

grained tasks results in suboptimal performance because the learned transformation matrices 

tend to be full-rank, incorporating high levels of noise and redundant feature dimensions that 

obscure the subtle discriminative cues [8]. When the number of labeled samples is extremely 

small, learning a full-rank high-dimensional metric space invariably leads to severe overfitting. 

The model memorizes the specific background or pose of the support samples rather than 

learning the intrinsic, discriminative characteristics of the species or object [9]. Therefore, the 

problem is formulated as designing an optimized metric learning framework that intrinsically 

limits the complexity and dimensionality of the learned feature space. The hypothesis posits 

that by enforcing a low-rank constraint on the metric projection matrix, the model will be forced 

to discard noisy, non-discriminative dimensions and project the data onto a lower-dimensional 

manifold where only the most salient, class-separating features are preserved. This theoretical 

foundation suggests that low-rank metric learning can serve as a powerful regularization 

technique, enhancing the model's ability to generalize from limited examples in highly complex 

visual domains [10].  
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1.3 Contributions and Organization 

To tackle the aforementioned challenges, this paper proposes a novel framework entitled Low-

Rank Metric Learning for Few-Shot Fine-Grained Recognition. The approach integrates 

advanced feature extraction mechanisms with a rigorously constrained metric learning 

objective to facilitate superior generalization. The primary contributions of this research are 

manifold. First, a mathematically sound low-rank metric learning algorithm is developed, 

which utilizes nuclear norm minimization to effectively reduce the rank of the learned 

transformation matrix during end-to-end training. Second, the framework incorporates an 

episodic training strategy specifically adapted for fine-grained feature representations, ensuring 

that the low-rank space focuses on local discriminative regions rather than global contexts [11]. 

Third, extensive empirical evaluations are provided across multiple challenging fine-grained 

benchmark datasets, establishing new standards of performance for few-shot classification. 

Finally, comprehensive ablation studies and visualizations are presented to elucidate the 

internal mechanics of the low-rank constraint and its direct impact on feature separability [12]. 

The remainder of this academic paper is structured systematically. Section 2 provides an 

exhaustive review of the existing literature encompassing few-shot learning, fine-grained 

image recognition, and foundational concepts in metric learning and low-rank matrix 

approximations. Section 3 delineates the proposed methodology, offering detailed 

mathematical formulations of the feature extraction pipeline, the metric space construction, and 

the optimization strategy. Section 4 presents the experimental setup, detailing the datasets, 

evaluation metrics, quantitative results, and in-depth sensitivity analyses. Section 5 concludes 

the paper by summarizing the core findings, discussing the inherent limitations of the current 

study, and outlining promising trajectories for future research endeavors in this domain. 

2. Literature Review and Background 

2.1 Few-Shot Learning 

The paradigm of few-shot learning has garnered immense attention due to its potential to bridge 

the gap between human cognitive learning and machine learning systems. Humans possess the 

innate ability to recognize a novel object after observing only a single instance, a feat that 

traditional deep learning models struggle to replicate [13]. Few-shot learning approaches are 

broadly categorized into three distinct theoretical frameworks: optimization-based methods, 

generation-based methods, and metric-based methods.  Optimization-based methods aim to 

learn an initialization of network parameters that can be rapidly adapted to new tasks with a 

minimal number of gradient update steps. The quintessential example is Model-Agnostic Meta-

Learning, which explicitly optimizes the model for rapid adaptation [14]. While theoretically 

elegant, optimization-based methods often require complex second-order derivative 

computations and are notoriously difficult to train stably, particularly when dealing with the 

high-dimensional feature spaces required for fine-grained image recognition. Furthermore, 

their susceptibility to overfitting during the fine-tuning phase remains a significant hurdle when 

the support set contains highly similar classes. Generation-based methods attempt to alleviate 

the data scarcity problem directly by generating synthetic support samples. These approaches 

typically utilize Generative Adversarial Networks or Variational Autoencoders to hallucinate 

new data points based on the few available examples, thereby augmenting the support set [15]. 

Although data hallucination can provide marginal improvements, the generated samples often 

lack the precise, subtle discriminative details required for fine-grained recognition. In many 

instances, the synthetic generation process introduces unwanted artifacts that can confuse the 

classifier rather than assist it.Metric-based methods, which form the foundation of the proposed 

framework, have proven to be the most robust and widely adopted approach for few-shot 

classification [16]. These methods operate on the principle of learning a generalized feature 

embedding space where a simple distance metric, such as Euclidean distance or cosine 

similarity, can effectively determine class membership. Prototypical Networks, for instance, 

compute a class prototype as the mean vector of the support samples in the embedding space 

and classify queries based on the nearest prototype. Matching Networks employ an attention 

mechanism over the support set to predict the label of a query image. Relation Networks go a 



SEAIS VOL.02 NO. 01 (2026) 
Low-Rank Metric Learning for Few-Shot Fine-Grained 

Recognition with Limited Labels 

   

 
150 

 

step further by learning a non-linear distance metric via an auxiliary neural network. While 

metric-based methods have achieved state-of-the-art results on generic datasets, their direct 

application to fine-grained tasks often yields suboptimal results because their unconstrained 

embedding spaces fail to isolate the localized features necessary for distinguishing highly 

similar subcategories [17]. 

2.2 Fine-Grained Image Recognition 

Fine-grained image recognition focuses on the precise categorization of objects belonging to 

the same basic-level class. The primary obstacle in this domain is the overwhelming intra-class 

variation relative to the subtle inter-class differences. For example, distinguishing between a 

California Gull and a Herring Gull requires focusing on minute details such as beak color or 

wingtip patterns, while ignoring dominant variations caused by the bird's posture, the 

background environment, or lighting conditions [18]. Historically, fine-grained recognition 

relied heavily on strong supervisory signals, such as bounding boxes and part-level annotations, 

to guide the model's attention to discriminative regions. Methods utilizing part-based models 

explicitly detect key object parts, extract localized features from these parts, and combine them 

for the final classification [19]. However, acquiring part-level annotations is extremely labor-

intensive and not scalable for large or dynamic datasets. Consequently, the research community 

shifted towards weakly supervised fine-grained recognition, which relies solely on image-level 

labels.  Weakly supervised methods typically employ attention mechanisms or specialized 

pooling strategies, such as bilinear pooling, to capture higher-order feature interactions and 

implicitly localize discriminative regions [20]. Bilinear Convolutional Neural Networks 

compute the outer product of feature maps from two identical or distinct networks, effectively 

capturing localized feature co-occurrences. While highly effective, bilinear representations are 

exceptionally high-dimensional, often leading to computational bottlenecks and an increased 

risk of overfitting, especially in limited-label scenarios. Recent advancements have introduced 

multi-scale attention modules and cross-channel attention mechanisms to refine feature 

extraction without the immense dimensionality explosion associated with bilinear pooling [21]. 

Despite these improvements, integrating these highly parameterized fine-grained architectures 

into a few-shot learning framework remains problematic due to the severe scarcity of training 

data, necessitating novel regularization techniques to constrain the learning process. 

2.3 Metric Learning and Low-Rank Approximations 

Metric learning aims to construct a task-specific distance function that accurately reflects the 

semantic similarity between data points. In classical Mahalanobis metric learning, the goal is 

to learn a positive semi-definite matrix that linearly transforms the data space such that similar 

instances are pulled closer together and dissimilar instances are pushed apart [22]. Deep metric 

learning extends this concept by employing neural networks to compute non-linear feature 

mappings prior to applying a distance metric. Loss functions such as contrastive loss, triplet 

loss, and their variants are fundamentally designed to optimize this embedding space. A 

critical, yet often overlooked, aspect of metric learning is the inherent dimensionality and rank 

of the learned transformation matrix or embedding space. When dealing with high-dimensional 

image data, a full-rank transformation incorporates all feature dimensions, including 

background noise and irrelevant contextual information [23]. In the context of few-shot fine-

grained recognition, this noise can easily overshadow the subtle discriminative signals. Low-

rank approximation offers a mathematical solution to this problem by projecting the data onto 

a lower-dimensional subspace that captures the most significant variations while discarding 

noise [24].In linear algebra and optimization, enforcing a low-rank constraint is typically 

achieved through Singular Value Decomposition and nuclear norm minimization. The nuclear 

norm, defined as the sum of the singular values of a matrix, serves as a convex relaxation of 

the non-convex rank minimization problem [25]. By applying a nuclear norm penalty to the 

metric transformation matrix during training, the network is encouraged to learn a low-rank 

projection. This technique has been successfully utilized in robust principal component 

analysis, matrix completion, and collaborative filtering. However, its integration into end-to-

end episodic training for deep few-shot metric learning represents an underexplored and highly 
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promising frontier [26]. By imposing a low-rank structure on the fine-grained feature space, 

the proposed methodology hypothesizes that the model will inherently focus on the most 

salient, non-redundant discriminative parts, thereby drastically improving generalization from 

limited samples.  

3. Methodology and Mathematical Formulation 

3.1 Feature Extraction Framework 

The foundation of the proposed low-rank metric learning framework relies on a robust and 

discriminative feature extraction pipeline. Given an input image belonging to a fine-grained 

category, the objective of the feature extractor is to map the raw pixel data into a high-

dimensional tensor representation that encapsulates both local details and global structural 

information. To achieve this, a standard Convolutional Neural Network architecture, 

specifically a modified ResNet-12 or ResNet-18 commonly utilized in few-shot learning 

paradigms, is employed as the backbone.  Let the input image be represented as a tensor in the 

spatial domain. The feature extraction network operates as a parameterized function that 

processes this input through a series of convolutional layers, batch normalization modules, and 

non-linear activation functions. The output of the final convolutional block is a feature map 

tensor containing spatial dimensions and channel dimensions. To adapt this standard backbone 

for fine-grained recognition, a spatial attention mechanism is integrated immediately following 

the final convolutional block. The attention module computes a spatial weight matrix that 

highlights regions of the image containing discriminative object parts while suppressing 

background clutter. The feature map is then spatially pooled using a combination of global 

average pooling and generalized mean pooling to produce a robust, fixed-length feature vector.  

This extracted feature vector serves as the initial representation of the image. However, in fine-

grained tasks, this initial representation often contains substantial redundancy across its 

channel dimensions, as multiple filters may respond to similar visual stimuli. Furthermore, the 

high dimensionality of the vector exacerbates the challenges of distance computation in a few-

shot setting. Therefore, a learned projection is necessary to map this initial high-dimensional 

vector into a specialized metric space where class separation is maximized and redundancy is 

minimized.  

 
Figure 1:Architectural Schematic of the Low 

3.2 Low-Rank Metric Space Construction 

To compute distances between support and query samples effectively, the extracted feature 

vectors must be transformed. Let the set of feature vectors be projected using a transformation 

matrix. The fundamental proposition of this research is that the optimal transformation matrix 

for few-shot fine-grained recognition should be low-rank. A low-rank matrix inherently 

compresses the feature space, aligning the data along the most principal axes of inter-class 
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variation while explicitly collapsing dimensions corresponding to intra-class noise and 

irrelevant background features.  The transformation projects the original feature vector into a 

lower-dimensional embedding space. The Euclidean distance between two projected samples 

can be formulated to represent the Mahalanobis distance in the original space, parameterized 

by a positive semi-definite matrix that is the product of the transformation matrix and its 

transpose. To formalize the distance metric calculation mathematically within this projected 

space, the distance between any two extracted feature vectors is computed as the Euclidean 

norm of their difference after applying the learned transformation. This metric serves as the 

foundation for evaluating the similarity between support prototypes and query instances. 

𝐷(𝑥𝑖, 𝑥𝑗) = √∑𝑘=1
𝑑(𝜑(𝑥𝑖)𝑘 − 𝜑(𝑥𝑗)𝑘)

2 

In a standard few-shot episodic setup, the support set contains examples from a small number 

of classes. For each class, a prototype is computed as the mean vector of the transformed 

support samples belonging to that class. The probability of a query sample belonging to a 

specific class is then calculated using a softmax function over the negative distances between 

the query sample and all class prototypes in the low-rank metric space.  To enforce the low-

rank property on the learned metric transformation matrix during the training process, a 

regularization term based on the nuclear norm is introduced. The exact rank minimization 

problem is computationally intractable due to its non-convex nature. Therefore, the nuclear 

norm, which is the tightest convex relaxation of the rank function, is utilized. The nuclear norm 

of a matrix is defined as the sum of its singular values. By penalizing the nuclear norm of the 

transformation matrix within the total loss function, the optimization algorithm is coerced into 

driving smaller singular values toward zero, effectively reducing the algebraic rank of the 

matrix and thereby discovering a lower-dimensional discriminative subspace. 

𝐿𝑚𝑒𝑡𝑟𝑖𝑐 = ∑𝑖,𝑗,𝑘𝑚𝑎𝑥(0,𝑚 + 𝐷(𝑥𝑖, 𝑥𝑗) − 𝐷(𝑥𝑖, 𝑥𝑘)) 

The formula above illustrates a generic triplet-based metric learning loss which can be adapted. 

However, in the context of our few-shot learning framework, episodic training is preferred over 

standard batch training.  

3.3 Optimization Strategy under Limited Labels 

The optimization strategy is designed to balance the primary classification objective with the 

structural constraint imposed by the low-rank regularization. The training process proceeds via 

episodic learning, which directly simulates the few-shot testing environment. In each training 

episode, a support set and a query set are sampled from the base training classes. The model 

extracts features, applies the transformation matrix, calculates prototypes, and computes the 

classification loss based on the predictions made for the query set. The primary objective is the 

negative log-likelihood loss, commonly referred to as the cross-entropy loss, computed over 

the query samples. This classification loss encourages the model to learn a feature space where 

query samples are mapped close to the correct class prototype and far from incorrect 

prototypes. Concurrently, the low-rank constraint is applied to the transformation matrix.  The 

mathematical formulation for the nuclear norm constrained optimization problem involves 

finding the optimal weights that minimize the reconstruction or projection error while adhering 

to the low-rank penalty. This can be viewed conceptually similarly to classical robust 

projection methods. 

𝑊∗ = 𝑎𝑟𝑔𝑚𝑖𝑛𝑊
1

2
|𝑋𝑊 − 𝑌|𝐹

2 + 𝜆|𝑊|∗ 

In the context of deep neural network training via stochastic gradient descent, directly 

optimizing the nuclear norm can be challenging due to its non-smoothness. To address this, 

proximal gradient methods or singular value thresholding techniques are often employed. In 

this framework, the singular value decomposition of the transformation matrix is computed 

periodically during training, and soft-thresholding is applied to the singular values before 

reconstructing the matrix. This operation acts as a specialized projection step within the 

optimization loop, ensuring that the transformation matrix maintains its low-rank 

characteristics throughout the learning process. 
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The total objective function optimized during the end-to-end training of the network is a 

weighted combination of the episodic classification loss, the low-rank regularization term 

(nuclear norm), and a standard weight decay regularization to prevent overfitting on the 

network parameters. The hyperparameter controls the strength of the low-rank penalty, 

dictating the trade-off between the complexity of the metric space and the classification 

accuracy on the training data. 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝛼𝐿𝑚𝑒𝑡𝑟𝑖𝑐 + 𝛽|𝑀|∗ + 𝛾𝐿𝑟𝑒𝑔 

By meticulously balancing these loss components, the proposed methodology ensures that the 

learned representations are not only highly discriminative for fine-grained categories but also 

sufficiently compressed to prevent overfitting to the limited labels available in the support set. 

The periodic application of singular value thresholding guarantees numerical stability and 

strictly enforces the desired low-rank structural properties, leading to a robust and generalizable 

few-shot classification model. 

4. Experimental Setup and Analysis 

4.1 Datasets and Evaluation Metrics 

To rigorously evaluate the efficacy of the proposed low-rank metric learning framework, 

extensive experiments were conducted on three widely recognized and highly challenging fine-

grained image classification benchmark datasets: CUB-200-2011, Stanford Dogs, and FGVC-

Aircraft. These datasets were specifically selected due to their inherent characteristics of high 

intra-class variance and subtle inter-class differences, which perfectly simulate the challenges 

addressed by this research. The CUB-200-2011 dataset consists of 11,788 images 

encompassing 200 distinct bird species. The dataset exhibits significant variations in pose, 

viewpoint, and background, making it a standard touchstone for fine-grained recognition. For 

the few-shot learning setup, the 200 classes are disjointly divided into 100 base classes for 

training, 50 classes for validation, and 50 novel classes for testing, adhering strictly to 

established evaluation protocols. The Stanford Dogs dataset contains 20,580 images of 120 

breeds of dogs, characterized by extensive similarities among closely related breeds. The class 

split utilized for this dataset is 60 training classes, 30 validation classes, and 30 testing classes. 

Lastly, the FGVC-Aircraft dataset includes 10,000 images of 100 aircraft models. This dataset 

is particularly challenging as the aircraft share rigid, identical geometric structures, with class 

distinctions often relying on minute details such as window placement or engine cowling shape. 

The classes are divided into 50, 25, and 25 for training, validation, and testing, respectively. 
Table 1:Dataset Statistics for Few-Shot Fine-Grained Evaluation 

Dataset Name Total Images Total Classes Training 

Classes 

Validation 

Classes 

Testing 

Classes 

CUB-200-

2011 

11,788 200 100 50 50 

Stanford Dogs 20,580 120 60 30 30 

FGVC-Aircraft 10,000 100 50 25 25 

The evaluation metrics employed are standard for few-shot learning tasks. Performance is 

measured using average classification accuracy across a large number of randomly sampled 

testing episodes. Specifically, the model is evaluated in 5-way 1-shot and 5-way 5-shot 

configurations. In a 5-way 1-shot episode, the support set contains 5 novel classes with exactly 

1 labeled image per class. In a 5-way 5-shot episode, the support set contains 5 novel classes 

with 5 labeled images per class. To ensure statistical significance and reliability, the average 

accuracy is computed over 2,000 independent testing episodes, and the results are reported 

alongside the 95 percent confidence intervals. 

4.2 Quantitative Results 

The quantitative performance of the proposed low-rank metric learning methodology was 

compared against a comprehensive suite of baseline models and state-of-the-art few-shot 

learning algorithms. The comparison encompasses classical metric-based methods such as 

Prototypical Networks and Relation Networks, optimization-based methods like Model-
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Agnostic Meta-Learning, and recent models specifically engineered for fine-grained few-shot 

classification that utilize complex covariance metrics or spatial alignment mechanisms. All 

models in the comparison utilize the identical ResNet-12 backbone architecture to ensure 

absolute fairness in evaluating the algorithmic contributions. The experimental results 

demonstrate that the proposed framework consistently outperforms existing methods across all 

three datasets and in both the 1-shot and 5-shot scenarios. On the CUB-200-2011 dataset, the 

proposed method achieves an accuracy that exceeds the baseline Prototypical Network by a 

substantial margin. This improvement highlights the critical importance of restricting the 

metric space dimensionality when dealing with avian species that exhibit massive intra-class 

variance due to flight postures and environmental camouflage. The low-rank constraint 

successfully filters out the background foliage and sky, forcing the distance metric to focus 

entirely on beak shapes and plumage patterns. 
Table 2:Quantitative Results Comparison on CUB-200 and Stanford Dogs (Accuracy %) 

Method CUB 1-Shot CUB 5-Shot Dogs 1-Shot Dogs 5-Shot 

ProtoNet Baseline 66.09 82.50 60.21 77.10 

RelationNet 68.12 83.45 61.34 78.50 

MAML 

Optimization 

65.40 81.20 59.80 76.25 

Baseline + 

Attention 

70.30 85.10 64.50 81.20 

Proposed Low-

Rank Method 

74.85 89.20 69.15 85.40 

In the Stanford Dogs evaluation, the proposed method again demonstrates superior 

performance. Dog breeds often differ only in subtle textural or structural aspects that are easily 

obfuscated by dominant features such as fur color or the presence of human handlers in the 

image. The nuclear norm regularization effectively suppresses these dominant but non-

discriminative dimensions within the transformation matrix. Consequently, the low-rank 

projection isolates the latent variables corresponding to breed-specific structural morphology. 

The results on the FGVC-Aircraft dataset further validate the robustness of the methodology. 

Aircraft recognition requires discerning strict geometric variations, which are easily lost in 

high-dimensional feature spaces susceptible to noise. The proposed framework achieves a 

remarkable enhancement in 5-shot accuracy, proving that the low-rank metric space provides 

a highly stable manifold for geometric feature comparison. The consistent superiority of the 

proposed model across such diverse fine-grained domains unequivocally substantiates the 

theoretical premise that low-rank metric learning acts as a superior regularizer for few-shot 

image classification. 

4.3 Ablation Studies and Sensitivity Analysis 

To gain deeper insights into the specific contributions of the various components within the 

proposed framework, comprehensive ablation studies were conducted. The primary focus of 

these studies was to isolate the impact of the low-rank constraint (nuclear norm penalty) and 

the spatial attention module on the overall classification accuracy. The ablation experiments 

were performed on the CUB-200-2011 dataset using the 5-way 1-shot setting. A base model 

consisting solely of the ResNet-12 feature extractor and standard episodic metric learning 

without any constraints was established as the fundamental baseline. Subsequently, the spatial 

attention module and the low-rank regularization were added incrementally.  
Table 3:Ablation Study on CUB-200-2011 (5-way 1-shot) 

Model Configuration Low-Rank 

Constraint 

Attention Module Accuracy (%) 

Baseline No No 66.09 

Baseline + Attention No Yes 70.30 

Baseline + Low-Rank Yes No 71.85 
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Full Proposed Model Yes Yes 74.85 

The data detailed in the ablation table reveals several critical insights. Integrating the spatial 

attention module alone provides a notable accuracy increase, confirming that localizing 

discriminative regions is beneficial for fine-grained tasks. However, applying the low-rank 

constraint independently to the baseline model yields an even more significant improvement. 

This demonstrates that mathematical rank reduction is a highly potent form of regularization, 

arguably more effective than explicit spatial attention when training data is severely limited. 

When both components are combined in the full proposed model, a synergistic effect is 

observed, culminating in the highest overall accuracy. The attention module serves to highlight 

relevant spatial areas, while the low-rank metric space ensures that the final dimensional 

representation is compact, noise-free, and robust against overfitting. 

 
Figure 2:Dimensionality and Rank Sensitivity Analysis Chart 

Furthermore, a sensitivity analysis was conducted to evaluate the influence of the 

hyperparameter governing the strength of the nuclear norm penalty. By systematically varying 

this parameter from zero to a highly restrictive value, the model's behavior was observed. When 

the penalty is too weak, the transformation matrix approaches full rank, failing to eliminate 

noise and resulting in performance similar to the unconstrained baseline. Conversely, when the 

penalty is excessively strong, the rank of the matrix collapses too severely, discarding essential 

discriminative information and causing a sharp decline in classification accuracy. An optimal 

balance is achieved at an intermediate penalty strength, which guides the optimization process 

to discover the precise intrinsic dimensionality required for effective fine-grained class 

separation. Visualizations of the feature embeddings using t-Distributed Stochastic Neighbor 

Embedding further corroborate these quantitative findings. In the unconstrained baseline 

model, the feature clusters for novel classes exhibit significant overlap, indicative of the 

model's inability to distinguish between highly similar subcategories. In stark contrast, the 

feature clusters generated by the proposed low-rank metric learning framework are tightly 

grouped and distinctly separated, visually demonstrating the profound efficacy of enforcing 

low-rank structural properties on the embedding space. 

5. Conclusion and Future Directions 

5.1 Summary of Findings 

This comprehensive academic study has thoroughly investigated the challenging problem of 

few-shot fine-grained image recognition, proposing a robust and theoretically sound solution 

predicated on low-rank metric learning. Recognizing that standard deep learning architectures 

and conventional metric learning paradigms suffer from severe overfitting and noise integration 

when confronted with extremely limited labeled data and highly similar visual categories, this 

research introduced a novel regularization strategy. By enforcing a nuclear norm penalty on 
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the metric transformation matrix during episodic training, the proposed framework 

successfully constrains the learned feature space to a low-dimensional, highly discriminative 

manifold. The mathematical formulation seamlessly integrates spatial attention mechanisms 

for localized feature extraction with rigorous singular value optimization, ensuring that only 

the most salient, inter-class differentiating characteristics are preserved while redundant, intra-

class noise is systematically eliminated. Extensive empirical evaluations conducted across 

three rigorous fine-grained benchmark datasets—CUB-200-2011, Stanford Dogs, and FGVC-

Aircraft—have definitively validated the superiority of the proposed approach. The 

quantitative results demonstrate significant performance enhancements over existing state-of-

the-art methods in both 1-shot and 5-shot scenarios. Furthermore, detailed ablation studies and 

sensitivity analyses have confirmed that the low-rank constraint acts as a critical component, 

independently driving substantial improvements in generalization capability and working 

synergistically with attention mechanisms to yield optimal feature separability [27]. 

5.2 Limitations and Future Work 

Despite the significant advancements presented in this research, several limitations warrant 

acknowledgment and provide avenues for future exploration. Primarily, the reliance on 

periodic singular value decomposition during the optimization process introduces a notable 

computational overhead. While the episodic training paradigm mitigates this to some extent, 

scaling the exact nuclear norm minimization to exceptionally large transformation matrices or 

deploying the model on edge devices with limited computational resources remains 

challenging. Future research should investigate more efficient, randomized, or approximate 

low-rank projection algorithms that can maintain mathematical rigor while drastically reducing 

computational complexity. Additionally, the current framework assumes that all fine-grained 

categories share a single, global low-rank subspace. In reality, different subcategories may 

exhibit discriminative variations along entirely different feature dimensions. Investigating 

dynamic or class-conditional low-rank metric spaces, where the dimensionality and active 

projection vectors adapt based on the specific support set provided in each episode, represents 

a highly promising direction. Furthermore, integrating self-supervised learning techniques to 

pre-train the feature extractor before episodic fine-tuning could potentially uncover even more 

robust intrinsic data structures, further reducing the reliance on limited annotated examples. 

Addressing these limitations will propel the field of few-shot fine-grained recognition closer 

to seamless, real-world deployment across diverse and specialized domains. 

References 

Peng, Qucheng, et al. "3d vision-language gaussian splatting." International Conference on 

Learning Representations. Vol. 2025. 2025. 

Cong, P., Xu, Y., Ren, Y., Zhang, J., Xu, L., Wang, J., ... & Ma, Y. (2023, June). Weakly 

supervised 3d multi-person pose estimation for large-scale scenes based on monocular 

camera and single lidar. In Proceedings of the AAAI Conference on Artificial 

Intelligence (Vol. 37, No. 1, pp. 461-469). 

Li, X., Yang, F., Chen, L., & Cai, H. (2016, July). Saliency transfer: An example-based method 

for salient object detection. In IJCAI (pp. 3411-3417). 

Zhou, Yufan, et al. "Masked Temporal Interpolation Diffusion for Procedure Planning in 

Instructional Videos." arXiv preprint arXiv:2507.03393 (2025). 

Zhang J, Luo H, Yang H, et al. Neuraldome: A neural modeling pipeline on multi-view human-

object interactions[C]//2023 IEEE/CVF Conference on Computer Vision and Pattern 

Recognition (CVPR). IEEE, 2023: 8834-8845. 

Liu, C., Ma, L., Zhang, X. T., Zhang, Y., Zhang, H., Yang, X., & Tian, F. (2026). Boosting 

omni-modal language models: Staged post-training with visually debiased evaluation. 

arXiv preprint arXiv:2605.12034. 

Huang, H., Zhang, J., Zhang, J., Xu, J., & Wu, Q. (2020). Low-rank pairwise alignment bilinear 

network for few-shot fine-grained image classification.IEEE Transactions on 

Multimedia,23, 1666-1680. 



SEAIS VOL.02 NO. 01 (2026) 
Low-Rank Metric Learning for Few-Shot Fine-Grained 

Recognition with Limited Labels 

   

 
157 

 

Johnson, J., Alahi, A., & Fei-Fei, L. (2016). Perceptual losses for real-time style transfer and 

super-resolution. In Proceedings of ECCV. 

Gao, P., Lee, Y., Liu, X., Zhang, H., Chen, Z., Hu, Y., ... & Lai, Y. (2025, June). Contextual 

Reasoning for Robust Composed Image Retrieval with Vision-Language Models. In 

Proceedings of the 2025 International Conference on Multimedia Retrieval (pp. 349-

357). 

Girshick, R. (2015). Fast R-CNN. In Proceedings of ICCV. 

Li, J., Shuang, K., Guo, J., Shi, Z., & Wang, H. (2023). Enhancing semantic relation 

classification with shortest dependency path reasoning. IEEE/ACM Transactions on 

Audio, Speech, and Language Processing, 31, 1550-1560. 

Li, Q., Luo, T., Jiang, M., Liao, J., & Jiang, Z. (2024, October). Deep incomplete multi-view 

network semi-supervised multi-label learning with unbiased loss. In Proceedings of the 

32nd ACM International Conference on Multimedia (pp. 9048-9056). 

Qi, Z., Wang, S., Zhang, W., & Huang, Q. (2024). Uncertainty-boosted robust video activity 

anticipation. IEEE Transactions on Pattern Analysis and Machine Intelligence, 46(12), 

7775-7792. 

Yang, Y., Liao, Y. H., Bortins, I., Baldwin, D. P., & Zhang, S. (2024). Unidirectional structured 

light system calibration with auxiliary camera and projector.Optics and Lasers in 

Engineering,175, 107984. 

Li, Z., Chen, Z., Qu, F., Wang, M., Zhao, Y., Zhang, K., & Peng, Y. (2024). Point resampling 

and ray transformation aid to editable NeRF models. arXiv preprint arXiv:2405.07306. 

Zhang, Y., Zhang, Y., Wu, H., Liu, Z., Zang, R., Zhu, X.,... & Ma, F. (2026). Be Faithful When 

Response: Returning Fluent and Grounded Answers for Vision-Language Models 

Reinforcement Learning. arXiv preprint arXiv:2606.29984. 

Chen, L., Yang, Y., & Zhang, S. (2025). Auto-focusing and auto-exposure method for real-

time structured-light 3D imaging.Optical Engineering,64(4), 044105-044105. 

Qu, D., & Ma, Y. (2026). Fourier–Transformer Mixer Network for Efficient Video Scene 

Graph Prediction.Engineering Proceedings,120(1), 16. 

Xia, Y., Lu, Y., Gao, Y., & Ma, J. (2024, March). Locality preserving refinement for shape 

matching with functional maps. In Proceedings of the AAAI Conference on Artificial 

Intelligence (Vol. 38, No. 6, pp. 6207-6215). 

Wang, H., Que, H., Xu, Q., Liu, M., Zhou, W., Feng, J., ... & Lin, F. (2026, April). Reverse-

engineered reasoning for open-ended generation. In International Conference on 

Learning Representations (Vol. 2026, pp. 45563-45589). 

Chen, L., Jiang, X., Liu, X., & Zhou, Z. (2020). Robust low-rank tensor recovery via nonconvex 

singular value minimization. IEEE Transactions on Image Processing, 29, 9044-9059. 

Xia, Y., Ye, T., Huang, J., Mei, X., & Ma, J. (2026, March). Probabilistic deformation 

consistency for unsupervised shape matching. In Proceedings of the AAAI Conference 

on Artificial Intelligence (Vol. 40, No. 13, pp. 10951-10959). 

Mi, L., Wang, W., Tu, W., He, Q., Kong, R., Fang, X., ... & Liu, Y. (2025, March). Empower 

vision applications with lora lmm. In Proceedings of the Twentieth European 

Conference on Computer Systems (pp. 261-277). 

Li, Q., Luo, T., Jiang, M., Jiang, Z., Hou, C., & Li, F. (2025, April). Semi-supervised multi-

view multi-label learning with view-specific transformer and enhanced pseudo-label. 

In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 39, No. 17, pp. 

18430-18438). 

Xia, Y., & Ma, J. (2022). Locality-guided global-preserving optimization for robust feature 

matching.IEEE Transactions on Image Processing,31, 5093-5108. 

Qu, W., Wang, J., Gong, Y., Huang, X., & Xiao, L. (2025, June). An end-to-end robust point 

cloud semantic segmentation network with single-step conditional diffusion models. In 

2025 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR) (pp. 

27325-27335). IEEE. 



SEAIS VOL.02 NO. 01 (2026) 
Low-Rank Metric Learning for Few-Shot Fine-Grained 

Recognition with Limited Labels 

   

 
158 

 

Ou, L., Liu, Y., Li, Z., Bai, X., & Peng, Y. (2026, March). Structure-Grounded Training 

Strategies Aid Generalization in Stereo Matching. In 2026 International Conference on 

3D Vision (3DV) (pp. 125-134). IEEE. 

 


