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Abstract

Fine-grained image classification, which aims to distinguish visually similar subcate-

gories, has gained increasing attention in computer vision. However, compared to stan-

dard image classification, fine-grained classification presents unique challenges due to the

limited availability of labeled training data and the combination of low inter-class vari-

ance with high intra-class variance. This thesis addresses these challenges by exploring

e�cient learning strategies for deep models in fine-grained recognition.

First, we provide a comprehensive review of existing literature, summarizing key ad-

vancements in fine-grained recognition. Through an in-depth analysis of the underlying

mechanisms of existing methods, we identify key limitations and draw attention to the

critical yet underexplored problem of e�cient learning—encompassing both data e�-

ciency and model e�ciency.

Second, few-shot learning has emerged as a promising approach to mitigate data ine�-

ciency. However, existing methods often fail to fully leverage the representation power

of unseen categories and the weight generation capacity in feature learning, leading to

performance bottlenecks. To address this, we propose a multi-level weight-centric fea-

ture learning framework. This approach enhances the dual role of the feature extractor

in few-shot learning through two key techniques: (1) a weight-centric training strategy,

which improves the prototype-ability of features, enabling the construction of more dis-

criminative decision boundaries with only a few samples, and (2) a multi-level feature

incorporation mechanism, which integrates mid-level and relation-level information to

enhance transferability for novel categories while preserving classification accuracy for

base classes. Extensive experiments on low-shot classification benchmarks demonstrate

that our method significantly outperforms existing approaches.

Additionally, we tackle the low-resolution classification problem by proposing a dynamic

semantic structure distillation framework. Our approach perturbs semantic structures

to facilitate knowledge distillation while introducing a decoupled distillation objective to

preserve essential part relations. We evaluate our approach on two knowledge distillation

tasks: high-to-low resolution and large-to-small model distillation. Experimental results

confirm its superiority in low-resolution fine-grained classification and its e↵ectiveness

in general image classification.

In summary, this thesis advances fine-grained image classification by introducing novel

techniques for few-shot learning and low-resolution knowledge distillation, both of which

contribute to improving data and model e�ciency. Our findings provide valuable insights

into e�cient deep-learning strategies for fine-grained recognition.
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Chapter 1

Introduction

1.1 Background

Image classification has been one of the most vital problems in computer vision. This

task aims to determine the object category from images or videos. With the fast progress

of machine learning technology, this field has made leaps and bounds in recent years [4–

8]. For example, deep learning-based approaches have enabled the machine to exceed

human-level performance on large-scale image datasets [8].
1.1 Objectives and motivation 3

(a) Browser: classification results

Figure 1.1: The flower recognition systemwe build using the data presented in Chap. 6.
a) The photo at the top center is a query image, correctly classified as Anacamptis
pyramidalis. Top 3 classification results with sample training images are shown at the
bottom. b) The app also works on a smartphone. c) User can use the smartphone to
take a flower image. d) The image is uploaded to our server and classification results
are returned and shown on the smartphone.

R P C : A L ar g e- S cal e R etail P r odu ct C h eck ou t D ataset

X iu- S hen W ei1⇤, Q uan Cui1,2†, L ei Y ang1, Peng W ang3, and L ingqiao L iu3
1 M egvii R esearch N anj ing, M egvii Technology L td., N anj ing, China

2 G raduate S chool of I PS , W aseda University, Fukuoka, J apan
3 S chool of Computer S cience, The University of A delaide, A delaide, A ustralia

A bstr act

O v e r re ce nt ye ars, e me rg ing inte re st h as o ccu rre d in inte -
g rating co mpu te r v isio n te ch no lo g y into th e re tail indu stry.
Au to matic ch e ck o u t ( AC O ) is o ne o f th e critical pro b le ms in
th is are a w h ich aims to au to matically g e ne rate th e sh o pping
list f ro m th e imag e s o f th e pro du cts to pu rch ase . T h e main
chal le ng e of thi s pro b le m co me s f ro m th e larg e scale and
th e fi ne - g raine d natu re o f th e pro du ct cate g o rie s as w e ll as
the dif fi cul ty f o r col le cting training imag e s th at re fl e ct th e
re alistic ch e ck o u t sce nario s du e to co ntinu o u s u pdate o f th e
pro du cts. D e spite its sig nifi cant practical and re se arch v alu e ,
th is pro b le m is no t e x te nsiv e ly stu die d in th e co mpu te r v isio n
co mmu nity, larg e ly du e to th e lack o f a h ig h - q u ality datase t.
T o fil l th is g ap, in th is w o rk w e pro po se a ne w datase t to
f acilitate re le v ant re se arch . O u r datase t e nj o ys th e f o llo w ing
char acte ristics: ( 1) I t is b y f ar th e larg e st datase t in te rms
of bo th pro du ct imag e q u antity and pro du ct cate g o rie s. ( 2 )
I t include s singl e - pro du ct imag e s tak e n in a co ntro lle d e n-
v iro nme nt and mu lti- pro du ct imag e s tak e n b y th e ch e ck o u t
syste m. ( 3) I t pro v ide s dif f e re nt le v e ls o f anno tatio ns f o r
th e ch e ck - o u t imag e s. C o mparing w ith th e e x isting datase ts,
our s is clos e r to the re alistic se tting and can de riv e a v a-
rie ty of re se arch pro b le ms. B e side s th e datase t, w e also
be nchm ark th e pe rf o rmance o n th is datase t w ith v ario u s
appro ach e s. T h e datase t and re late d re so u rce s can b e f o u nd
at https://rpc-dataset.github.io/ .

1. I ntr odu ction
The retail industry requires a huge amount of human labor

and a large percentage of the workload is spent on recog-
niz ing products. W ith the recent development of computer
vision, it becomes increasingly demanding to use image
recognition technologies to automate the products recogni-
tion. A s a primary user- case of this trend, automatic check-
out (A CO ) which aims to generate the shopping list f rom

X .- S. W ei is the corresponding author (weixs.gm@gmail.com).
† Q . Cui’ s contribution was made when he was an intern in M egvii

R esearch N anj ing.

Automatic checkout system

!3

Predicted 
shopping 

list

Total price
$ xx.xx

!3

!1

Figure 1. I llustration of the automatic checkout (A CO ) application
scenario. W hen a customer puts his/ her collected products on the
checkout counter, the system will automatically recogniz e each
product and returns a complete shopping list with total price.

the images of the products to purchase receives emerging
interests. From the image recognition perspective, this prob-
lem is particularly challenging: the number of products in a
supermarket can be huge and the dif f erence between similar
products can be subtle; moreover, since it can be impractical
to collect a large number of training images per product, the
training of the recognition model has to deal with the small
training sample siz e. E ven worse, in some cases, is that we
may only have access to the product images taken in an envi-
ronment dif f erent f rom the deployment scenario and there is
a substantial domain shif t f rom the training set to the test set.
Theref ore, the A CO problem can have the characteristic of
large- scale, fine- grained, f ew- shot and cross- domain. E ach
of those f actors has been considered to be challenging in the
computer vision literature.

D espite its potential practical and research value, the
A CO problem is not well studied in the computer vision
community. This is largely due to the lack of a high- quality
dataset with a clearly defined setting. To fill this gap, in
this work we propose a new dataset to f acilitate f uture re-
search on this topic. The design of our dataset mimics the
real- world scenarios in A CO . M ore specifically, it contains
a large number of images and product categories. S ome
of the product categories are visually very similar and this
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1.1 Objectives and motivation 3

(b) Phone: landing page (c) Phone: integrated camera (d) Phone: classification results

Figure 1.1: The flower recognition systemwe build using the data presented in Chap. 6.
a) The photo at the top center is a query image, correctly classified as Anacamptis
pyramidalis. Top 3 classification results with sample training images are shown at the
bottom. b) The app also works on a smartphone. c) User can use the smartphone to
take a flower image. d) The image is uploaded to our server and classification results
are returned and shown on the smartphone.
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Figure 1.1: Some example applications for fine-grained recognition. (a) A system for
flower species classification developed by Chai [1]; (b) An automatic checkout applica-
tion that can recognize each product and show a complete shopping list with the total
price introduced by Wei et al. [2]; (c) An IBM AI system that can understand Chest

X-Ray images at expert levels [3].

As an emerging subfield of image classification, fine-grained object recognition has gained

increasing attention in the last few years [9–16] due to its wide variety of application

prospects. Examples of applications such as automatic species recognition systems [1],

1
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diagnostic medical imaging [2], and retail product recognition [3] are shown in Figure

1.1.

Compared with object recognition problems aiming to classify ordinary category objects

such as cats, dogs, and cars, fine-grained vision categorization (FGVC) concerns distin-

guishing subordinate categories like bird species or car models. As illustrated in Figure

1.2, ordinary categories usually have noticeably discriminative appearances. However,

there are subtle di↵erences between fine-grained classes that are di�cult to distinguish

by laypeople.

(a) Basic-level categories (b) Fine-grained categories

Figure 1.2: An illustration of basic-level categories and fine-grained categories

These data characteristics make FGVC more challenging than standard object classifi-

cation. First, since data labeling requires professional domain knowledge, the dataset

used for model learning tends to be small and costly. Moreover, the fine-grained datasets

exhibit high intra-class but low inter-class variance. As Figure 1.3 shows, the first row

of images from the same category look di↵erent because of various viewpoints, poses

and colours. On the other hand, images in the first column have similar appearances

yet belong to di↵erent species and are hard to distinguish by non-expert people.

Figure 1.3: An illustration of the main challenge in FGVC
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Numerous works [9–19] have been devoted to these challenges in the past two decades.

Early research employed a combination of computer and human feedback to classify the

fine-grained categories. Due to the imperfect computer vision algorithms, it is di�cult

to capture reliable discriminative features, so embedding human knowledge into com-

puter vision algorithms is e↵ective. These works focus on designing the human-computer

interaction process to improve the system’s performance and reduce human e↵orts. Al-

though these works have proved their e↵ectiveness, human feedback is an indispensable

part of the algorithm, leading to low system automation.

With the rise of the deep learning technique, the increasingly powerful capabilities o↵ered

by deep convolutional neural networks (CNN) [4, 5, 7, 8] have fostered more advanced

and automatic algorithms [11, 14–16, 18] in fine-grained recognition. This line of lit-

erature mainly employs learnable CNN features in the classification framework instead

of traditional hand-crafted features such as SIFT [20], HOG [21] or Fisher Vector [22].

One of the most significant advantages of utilizing CNN is that it can automatically

and adaptively learn hierarchical features from images. In contrast, traditional feature

descriptors require expert-level knowledge in design and usually fail to extract com-

plex information from images. In addition, CNN-based algorithms have been widely

demonstrated to show exceptional superior performance over conventional approaches

[11, 14–16, 18].

1.2 Research Problems and Objectives

As mentioned above, fine-grained recognition is di↵erent from general object recogni-

tion, as the discriminative di↵erences of categories are subtle and hard to distinguish.

Although remarkable success has been achieved in fine-grained classification, there are

still some new problems in this field. They are reflected in the following aspects.

Challenges in Data E�ciency. Fine-grained visual classification (FGVC) tasks are

often hindered by the dual challenges of insu�cient labeled data and computational

constraints. These challenges manifest in two major aspects.

Firstly, existing networks typically need massive parameters to increase the model’s

capacity and computing power and enable the model to complete more complex learning

tasks. Thus, large-size, well-labeled datasets are critical for fine-grained recognition.

Such as CUB200-2010 [23] is one of the most influential benchmark datasets, containing

200 bird categories with 15 training images and 15+ testing images for each class. In

2011, the CUB200-2011 dataset [24] doubled the number of training and testing images
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to 30 per category. After that, the author again enlarged the amount to form a new high-

quality data set called NABirds [25], which included 555 bird categories and more than

100 images for each class. The increasing size of the dataset promotes the development

of the fine-grained recognition field based on the deep learning method and facilitates

the comparison of the performance of di↵erent approaches [26]. However, if we want to

classify some rare species, it is di�cult to obtain the data. In this data-sparse situation,

these methods usually fail to work well.

Secondly, high-resolution as model input has become a trend for optimizing classifica-

tion performance, as high-resolution images contain richer features and subtle di↵erences

[27–29]. The earlier work, such as DPD + DecAF [30], Deep LAC [31], Multi-proposal

[32] and Part R-CNN [33] mainly used the resolution of 224 ⇥ 224. Since 2016, most

frameworks [14, 15, 34]have adopted the resolution of 448 ⇥ 448 to achieve higher pre-

cision. However, taking advantage of high resolution will lead to large GPU memory

consumption and high computation cost [35]. Meanwhile, the application of the model

will be limited. Because in our real world, low-resolution images are often more com-

mon, and these methods do not perform as e↵ectively in such scenarios. In contrast,

low-resolution images are accessible to missing important details, bringing great chal-

lenges to fine-grained recognition, and still are unexplored.

In response to the weakness of existing works discussed above, this thesis addresses the

following research questions:

• What are the main methods in the field of fine-grained classification? What are

their advantages and limitations? What challenges does this field face and how is

it likely to evolve in the future?

• Given a very small amount of training data, how do we make the best use of these

limited data to train a model with good performance, even comparable to a model

trained on su�cient data?

• How to learn to extract discriminative part features from low-resolution images?

Then improve the classification performance on low-resolution images.

By considering the above questions, my thesis will achieve the following objectives.

• Develop a Multi-level Weight-centric feature learning method to improve the rep-

resentation power for a few amounts and unseen samples and solve the problem of

fine-grained recognition in few-shot learning.
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• Design a model that maintains high performance under low-resolution image input

for fine-grained recognition through knowledge distillation.

In support of these objectives, this thesis also presents a comprehensive review of existing

literature, which not only categorizes and summarizes existing methods based on their

technical approaches, but also outlines the current challenges in this field and provides

insights into future research directions.

1.3 Research Significance

It is well known that fine-grained recognition has a wide range of applications, including

Smart Retail, recognizing retail products in supermarkets; Medical diagnoses, classifying

X-ray images; Ecological Protection, and identifying di↵erent species of organisms. The

future impact and significance of this thesis will be analyzed from the following two

aspects:

Firstly, a deep neural network as a data-hungry model basically needs massive parame-

ters and often fails to work well in data-scarce environments, which challenge us in the

real world. This thesis provides a few-shot learning framework to classify a few images

of new categories and then applied to the fine-grained recognition task and achieve out-

standing performance. With this method, we e↵ectively address the problem of limited

training datasets and simultaneously enhance the generalizability of the model. Com-

pared with those approaches of expanding new benchmarks, we save plenty of labor

resources and develop a new perspective for the combination of fine-grained recognition

and few-shot learning.

Secondly, fine-grained recognition is a research topic closely related to practical applica-

tions, aiming to resolve factual issues. However, the benchmark datasets used in current

studies generally have the characteristics of prominent foreground objects and single

backgrounds. In fact, it is not common in the real world. Hence, we need to consider

lighting, blur, occlusion, low-resolution, etc., factors that are lacking in most existing

systems to increase the application of the model in natural scenes. From the perspective

of model input and complexity, our research will combine some novel areas of knowledge

and develop a lightweight classification system for low-resolution images, which has a

further impact.
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1.4 Thesis Outline

The remainder of the outline of this thesis is as follows:

Chapter 2: This chapter reviews fine-grained recognition approaches, including part

alignment, high-order feature learning, and transformers. It also examines dataset eval-

uation, covering biases, ethical concerns, and performance evaluation. The discussion

provides a foundation for understanding current methods and identifying research gaps.

Chapter 3: This chapter proposes a multi-level weight-centric feature learning to give

full play to feature extractor’s dual roles in few-shot learning, and evaluates the approach

to low-shot classification benchmarks.

Chapter 4: This chapter presents a dynamic semantic structure distillation learning

framework and reports the experimental validation results.

Chapter 5: This chapter discusses the strengths, limitations, and broader implica-

tions of the research. Highlights key contributions, including a comprehensive survey,

advances in few-shot learning, and improvements in low-resolution fine-grained recogni-

tion, while also addressing existing challenges and outlining future research directions.

Chapter 6: This chapter concludes the thesis and sheds light on future research work

on fine-grained recognition.



Chapter 2

Literature Review

2.1 Fine-grained Recognition Approaches

We present an exhaustive exploration of the methods in fine-grained recognition, and or-

ganize the literature into seven representative paradigms: 1) Human in the Loop; 2) Part

Alignment-Based; 3) High-Order Feature Learning; 4) Multiple Granularity Features; 5)

Data Augmentation; 6) Rich Representation Learning; and 7) Transformer-Based Ap-

proaches. Rather than claiming a strict taxonomy from an algorithmic perspective,

this categorization reflects major research trends and methodological shifts in the field

from 2010 to 2023, as visualized in Fig. 2.1. Some paradigms may partially overlap

in the underlying techniques, for example, Transformer-based models often incorporate

enhanced representation learning strategies, but are separated here based on their pri-

mary methodological focus or historical emergence.This structured organization allows

us to trace how the field has evolved and to highlight the innovations that have driven

performance improvements in FGVC tasks. A summary comparison of the reviewed

works is provided in Table 2.1.

We carried out a comprehensive search for relevant articles across multiple databases,

including IEEE Xplore, ACM Digital Library, and computer vision conference proceed-

ings. Using search terms such as ”fine-grained recognition”, ”fine-grained visual cate-

gorization”, and ”subcategory object recognition”, we obtained more than 500 articles.

Subsequently, we screened these articles for relevance, concentrating on those that dealt

with fine-grained recognition methods and made contributions to the computer vision

field. After this screening, around 200 articles remained. Due to space limitations,

we further refined our selection based on the Google citation count (preferring higher

counts) along with the diversity and representativeness of the method types. Eventually,

we retained approximately 90 articles for in-depth analysis.

7
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The field of fine-grained categorization (FGVC) emerged in 2006. At that time, Nilsback

and Zisserman [36] introduced a dataset comprising 17 flower species. This dataset posed

a challenge to earlier classification methods because of its high intra-class variance and

low inter-class variance. Nilsback’s system incorporated Bag-of- Words [36] together with

handcrafted features like SIFT [20] and HOG [21] to outline flower contours and colors,

emphasizing the importance of segmentation before classification. Later, in 2009, [17]

applied flower alignment to pre-segmented flowers, which is relevant to the subsequent

paradigms we will discuss.

The first paradigm we consider is the Human In The Loop paradigm. As depicted

in Fig. 2.2, this approach combines human feedback with machine learning systems to

enhance decision-making in FGVC. The main focus of the methods within this paradigm

is to integrate human input, such as user-indicated part locations or similarity compar-

isons. This integration is crucial to improving the feature extraction and classification

processes, as demonstrated in the works of [9, 37–40].

Next, we have the Part Alignment-based paradigm. This paradigm operates without

relying on human involvement. Focuses on aligning images or discriminative features

based on shared parts within the same basic-level category. There are two main types

of techniques within this paradigm: strongly supervised part alignment, as seen in the

work of [10, 11, 31, 33, 41, 42], and weakly supervised part alignment, as in [43–47].

Moving on, the High-order Feature Learning paradigm aims to refine the repre-

sentation of the image. It employs advanced techniques such as bilinear pooling and

multi-granularity feature representation. These techniques are used to capture intri-

cate second-order statistical information and maintain the structural integrity of feature

maps, as shown in the research of [13, 48–50].

Another important paradigm is the Multiple Granularity Features paradigm that

focuses on capturing discriminative patterns at various levels of detail to improve classi-

fication performance. It includes several approaches such as semantic guided methods,

input-driven methods, and expert models for di↵erent granularity levels, as described in

[14–16, 51].

The Data Augmentation paradigm is centered around increasing the quantity and

diversity of data. This is achieved through various techniques such as iterative annota-

tion, image blending, and part swapping. By doing so, the generalization capabilities of

the model can be improved, as evidenced by the works of [52–54].

The Enhanced Representation Learning paradigm involves approaches that explore

advanced techniques. These techniques not only take advantage of expanded train-

ing data and its diversity but also introduce increased task complexity to enhance the
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Fine-grained 
Recognition

2.1 Human in The Loop
  2010-2014

Question Answering 
[5] 2010

Part Location Clicking
[67] 2011

Crowdsourcing 
[15] (2013)

Interactive Feedback 
[66] (2014)

2.2 Part Alignment-based
  2011-2017

Weakly Supervised 
[22, 43, 59, 72, 91, 93] 2015-2017

Strongly Supervised
[20,31,88-90] 2011-2016

2.3 High-order Feature Learning
        2015-2017

Bilinear Pooling
[24, 41, 48] 2015-2017

Higher-order Pooling
[6]  2017

2.4 Multiple Granularity Features
        2015-2020

Part Region Guided
[17, 23, 84]  2017-2020

Hierarchy Semantic Guided
[70] 2015

2.5 Data Augmentation
  2015-2021

Web Image Augmentation
 [80] 2015

Mixing Images
   [33, 85] 2021

2.6 Enhanced Representation Learning
        2018-2023

Mining Part-relation
[64] 2023

Learning Mid-level Features
   [32, 74] 2018-2021

Contrastive Learning
   [50, 62] 2018-2019

Learning Complimentary Information 
   [16, 25, 94 ]  2019

2.7 Transformer-based
  2021-2023

Part-token Selection
[26, 30, 71] 2021-2022

Patch Correlation Learning 
   [39, 79] 2022-2023

Figure 2.1: Overview of the evolution and categorization of techniques in fine-grained
image recognition from 2010 to 2023.

model’s learning capabilities. This includes aspects such as harnessing complementary

information, contrastive learning, incorporating mid-level features, and probing part-

relation, as shown in [18, 19, 34, 55–58].

Finally, we have the Transformer-based Approaches paradigm. This paradigm uti-

lizes transformer-based techniques to identify complex relationships within images and

enhance classification accuracy. The methods within this paradigm can be further di-

vided into token selection in part, as seen in [59–61], and correlation learning in part,

as in [62, 63].

Based on the reviewed literature, we identify major challenges and research opportunities

in FGVC, while also discussing the limitations of existing approaches. This review

outlines the current landscape of the field and highlights potential directions for future

research.
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Figure 2.2: The human-in-the-loop learning paradigm and the representative ap-
proaches.

2.1.1 Human In The Loop

Fine-grained visual categorization is a challenging task for both humans without exper-

tise and machines. The ”human-in-the-loop” approach in artificial intelligence research

combines human feedback and machine learning systems to improve decision-making.

Branson et al. [9] proposed an interactive hybrid human-computer framework that lever-

ages both human and machine strengths in image object recognition. This framework

enhances performance using user input while reducing human e↵ort through computer

vision. Distinct from the Botanist’s Field Guide [64], it is designed for laypeople and

accepts unrestricted system input. The framework queries information at runtime, ap-

proximating the category of an input image and prompting users with questions. The

iterative process of maximizing Information Gain, refining assumptions, and presenting

subsequent questions continues until classification is achieved. This human-in-the-loop

learning paradigm and representative approaches are visually summarized in Fig. 2.2.

In contrast to Branson’s work [9], Wah et al. [37] integrated human input, specifically

user-indicated part locations, with part-based and attribute-based computer vision tech-

niques. This augmented object part localization and image classification. Specifically,

the algorithms initially estimate the probable location of parts in the image. Users then

specify these locations (e.g., head or body), which, in turn, modifies the probability

distribution for other part locations. This process persists until image classification is

finalized.

Given the scarcity and high cost of fine-grained datasets, Deng et al. [38] devised an

online game, ”bubble,” to gather large-scale data a↵ordably. This game aids computers

in identifying discriminating features for pinpointing fine-grained categories. This in-

novative crowdsourcing method operates twofold: collecting class labels and additional

data through the game and integrating with detailed hints to boost performance.
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While traditional Fine-Grained Visual Categorization (FGVC) systems depended on

expertly crafted attribute and part vocabularies, certain categories, such as chairs or

paintings, defy comprehensive vocabulary creation. Addressing this, Wah et al. [39]

presented a human-interactive system grounded on perceptual similarity rather than at-

tribute vocabularies. This system cultivates a perceptual embedding from human simi-

larity comparisons during training. At test time, it amalgamates the learned embedding

with user feedback and a computer vision algorithm to determine image classes.

Feature extraction remains pivotal in fine-grained recognition. Early studies [9, 37, 38]

harnessed human input to bolster computer vision algorithms in distinguishing fea-

tures, thus enhancing performance. With the emergence of Convolutional Neural Net-

works (CNN), many researchers have capitalized on CNN features. However, deep

model training demands vast datasets. To address this, Cui et al. [40] introduced a

bootstrapping-based framework to generate expansive training datasets. This model

couples a pre-trained metric learning model with human responses, iteratively produc-

ing high-confidence labeled samples for dataset expansion. Notably, this metric learning

model, grounded on a deep CNN, is trained using triplet loss. A drawback, however, is

its time-consuming training process.

2.1.2 Part Alignment-based

Although the human-in-the-loop paradigm provides an e↵ective solution for fine-grained

recognition, it inherently requires human feedback, which compromises the level of au-

tomation in the recognition system. Moreover, the reliance on human interaction esca-

lates with the expansion of the dataset size, rendering these methods less practical for

large-scale applications due to the increased demand for human e↵ort.

Consequently, subsequent research has pivoted towards developing fine-grained classi-

fication approaches that operate independently of human involvement. An essential

branch in this domain is the method based on part alignment, which has garnered sig-

nificant interest. Part alignment involves arranging images or discriminative features

under shared parts within the same basic-level category, facilitating a detailed com-

parison critical to distinguishing between closely related categories. In addition, this

approach mitigates the variances induced by pose, background, and viewing angles that

can obscure similarities between images of the same class.

Currently, part alignment techniques can be classified into two main streams: strongly-

supervised [10, 11, 33, 41, 42] and weakly-supervised based part localization [43–46, 65,

66]. Strongly supervised approaches operate under the assumption that datasets come

with annotated parts, from which a part localization model can be directly learned.
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A) Birdlet Framework (Farrell et al., 2011)

Uses volumetric primitives to convey 
part shapes and configurations.
• Learn volumetric part detector. 
• Extract pose-normalized information.

B) Pose Pooling Kernel (Zhang et al., 2012)

Draws features from a broad set of parts 
using 2D keypoints.
• Form fixed-length representation.
• Handle sparse representation.
• Achieve pose normalization.

C) Part-stacked CNN (Huang et al., 2016)

Uses 2D keypoints with CNNs for part
localization and feature extraction.
• 2D keypoint localization with CNN.
• Dual-branch neural network for
global and part-level features.

D) DPD Method (Zhang et al., 2013) E) Part-based RCNN (Zhang et al., 2014) F) Deep LAC (Lin et al., 2015)

Integration with the DPM framework.
• Identified regions of interest
• Combines descriptors to form a pose-
normalized representation.

Leverages R-CNN for detection and 
combines regions for SVM training.
• Use R-CNN to find part regions
• Extracts features from each region, 
then train an SVM classifier.

Detects and refines part alignment post-
detection in a unified framework.
• Part localization. 
• Pose alignment. 
• Classification with VLF.

Figure 2.3: Typical methods for Strongly supervised Part Alignment.

However, weakly supervised methods rely solely on class labels to identify discriminative

parts without explicit part annotations. In the following parts, a detailed exploration of

these two methodologies will be provided.

Strongly Supervised Part Alignment. Following the exploration of part alignment

methods in fine-grained visual categorization, we turn our attention to strongly super-

vised techniques. These methods rely on precise annotations within datasets to learn

part localization models, often with great detail and specificity. A visual representation

of typical methods used in strongly supervised part alignment is provided in Fig. 2.3.

In 2011, Farrell et al. [10] introduced a novel pose-normalized feature extraction method,

based on Poselets [67]. This method, coined as ”birdlet,” employs volumetric primitives

as templates to detail part shapes and configurations. The process begins with the

learning of a volumetric part detector to model categories using geometric primitives,

followed by the extraction of pose-normalized appearance and shape information to

enhance fine-grained recognition accuracy.

However, the ”birdlet” framework focused on head and body features, overlooking other

discriminative areas like tails or wings. To expand on this, Zhang et al. [41] developed the

Pose-Pooling Kernel, extracting features from a broader array of parts. By utilizing 2D

keypoints, this method o↵ers a more dimensionally economical feature representation, is

streamlined for pose normalization, and requires less annotation labor than 3D methods.
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In addition to contributing to this line of research, Huang et al. [11] employed 2D key

points in conjunction with deep convolutional neural networks (CNNs) to localize and

extract characteristics. Their two-stage approach begins with keypoint localization using

a fully convolutional network, followed by feature segmentation and integration using a

dual-branch CNN.

Other researchers, such as Zhang et al. [42] and Zhang et al. [33], have utilized bounding

boxes for robust part detection, employing detectors to identify part regions and collect

features. The DPD method by Zhang et al. [42] and the part-based RCNN by Zhang

et al. [33] are prime examples of this approach, leveraging established object detectors

to obtain a pose-normalized representation for classification.

Taking a distinct route, Lin et al. [31] introduced Deep LAC, a method that refines

the alignment of the parts after detection and integrates location, pose alignment, and

classification. The unique Valve Linkage Function within Deep LAC dynamically adjusts

part localization to minimize classification and alignment errors.

Weakly Supervised Part Alignment. Although strongly supervised methods are

proficient in predicting accurate part localization, they are contingent on detailed part-

level annotations, such as bounding boxes or key points. However, acquiring such an-

notations is notably labor-intensive, particularly for large datasets. Thus, a shift in

research focus has been observed towards approaches that can automatically discover

parts using weak supervision, which aims to localize parts without detailed annotations.

Typical weakly supervised part alignment methods are illustrated in Fig. 2.4. Among

these methods is the one by Krause et al. [43], which employs a co-segmentation approach

to achieve part alignment. By creating a pose graph and propagating key points across

images, this method delineates part regions with a degree of accuracy that challenges

its strongly supervised counterparts.

Innovative strategies like the Neural Activation Constellation by Simon and Rodner [44]

exploit the activations within CNN layers to mine convolutional filters that serve as

part detectors. Similarly, the framework introduced by Zhang et al. [45] uses deep filter

responses to identify parts, further encoding them for classification purposes.

Yet, the fragmentation of parts detected through individual channel activations is a

known limitation. To overcome this, the MA-CNN model proposed by Zheng et al. [46]

utilizes channel grouping for collaborative part detection, enhancing the robustness of

the parts identified. This method underscores the synergy between part localization and

feature learning, demonstrating improved performance through this dual focus.
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A) Co-segmentation-based Approach (Krause et al., 2015)
• Foreground Segmentation: Leverages foreground segmentation
to align complex and deformable objects.

• Pose Graph Construction: A pose graph is developed using the
similarity of CNN features between images.

• Part Propagation & Discovery: Points from images propagate
through the pose graph, expanding to represent discovered parts.

B) Neural Activation Constellation (Simon et al., 2015)
• Channel as Part Detector: Considers a channel in a CNN's
intermediate layer as a prospective part detector.

• Activation-based Constellation Model: A constellation model 
is shaped based on channels' activation positions.

C) MA-CNN (Zheng et al., 2017)
• Channel Grouping: MA-CNN employs channel grouping to
select filters that work collectively as a part detector.

• Joint Learning: Simultaneous part localization and representation
learning, mutually enhance each other.

• Attention-based Feature Extraction: Each channel group's
attention region aids in fetching corresponding part features.

D) P2P-Net (Yang et al., 2022)
1. Graph-based Object Representation: use local parts‘ global
configurations to aid self-supervised pose alignment.

2. Deep Representation Regularization: use graph-based auxiliary
features to refine the deep learning network.

3. Coarse-to-Fine Supervision: magnifies the most discriminative
features in a curriculum learning manner.

Figure 2.4: Typical Weakly Supervised Part Alignment Approaches.

At the frontier of these advancements is P2P-Net [47], a method that capitalizes on

graph-centric object representations to infer local parts’ global configurations. This

self-supervised approach not only aids in pose alignment but also serves as a feature

regularizer within deep learning networks, thereby augmenting the accuracy of fine-

grained object classification.

2.1.3 High-order Feature Learning

As we pivot from foundational feature extraction techniques towards more nuanced

methods, high-order feature representation emerges as a potent approach to refine image

representation, alleviating the need for strong annotations. The typical approaches are

illustrated in Fig. 2.5. Among these advanced techniques, bilinear pooling has proven to

be particularly e↵ective for fine-grained recognition. It involves the utilization of dual

CNNs to extract feature vectors from an image. These vectors are then merged into a

bilinear vector, capturing intricate second-order statistical information, as elucidated by

Lin et al. [48]. The resultant high-dimensional space derived from this process enriches

local features, thus enhancing classification performance.

Nevertheless, bilinear pooling is not without limitations, primarily due to the high di-

mensionality of the resulting features. This results in a significantly increased parameter
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A) Bilinear Pooling (Lin et al., 2015)
Twin CNNs extract two feature vectors from the same image,
which are combined to produce a bilinear vector for 
classification. This method captures second-order statistical
information but has high dimensionality.

B) Compact Bilinear Pooling (Gao et al., 2016)
The dimensionality of bilinear features is reduced without 
compromising discriminatory power, using a tensor sketch
or random Maclaurin approximations. However, flattening 
the matrix loses structural information.

C) Low-Rank Bilinear Pooling (Kong et al., 2017)
Retains more structural information by using a low-rank
bilinear classifier. Captures second-order statistics without
the need for high-dimensional bilinear feature matrices, 
reducing model parameters.

D) Polynomial Kernel-based Method (Cai et al., 2017)
Uses a polynomial kernel to describe higher-order statistical
information. Offers superior discriminative performance by 
encapsulating multi-layer features into a multi-order
description.

Figure 2.5: Representative High-order Feature Extraction Techniques.

count for the classifier, which presents computational challenges. In response to this,

Gao et al. [49] developed a compact bilinear pooling technique, which leverages ten-

sor sketch and random Maclaurin methods to compress the dimensions of the features

while preserving their discriminative strength. However, both the original and compact

bilinear pooling methods have the drawback of losing structural information due to vec-

torization of the pooled matrix [48, 49]. A novel workaround presented by Kong and

Fowlkes [13] is the low-rank bilinear pooling method, which employs a low-rank classifier

to retain second-order statistics without the computational overhead of high-dimensional

matrices.

Expanding the scope beyond bilinear techniques, Cai et al. [50] introduced a high-order

statistical representation based on the polynomial kernel. This innovative method con-

catenates feature maps from di↵erent CNN layers and then subjects them to a poly-

nomial transformation. The transformed features, processed through various degrees of

a polynomial kernel, are aggregated into a final feature vector for classification. This

approach not only preserves the structural integrity of the feature maps but also capital-

izes on a multilayer, multiorder statistical information, culminating in a representation

with enhanced discriminative capabilities.
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A) Multi-level Descriptor (Wang et al., 2015)
This technique has three parallel branches, each tailored for
specific granular information. It involves two phases: region
discovery using a saliency heatmap and feature extraction 
through a neural network.

B) RA-CNN (Fu et al., 2017)
A unified framework combining region detection and 
feature learning across scales. It contains classification and 
APN modules and optimized using classification and 
ranking losses.

C) MGE-CNN (Zhang et al., 2019)
Trains individual expert models for varying granularities. 
Consists of expert networks with attention cropping and 
feature extraction. It utilizes a KL-Divergence constraint for
diverse predictions.

D) PMG (Du et al., 2020)
Uses a Jigsaw generator for varying granularity inputs. The 
network model is optimized using a gradual strategy, 
moving from high puzzle levels and shallow network layers
to deeper layers with decreased puzzle granularity.

Figure 2.6: Multi-Granularity Feature Representation Methods.

2.1.4 Multiple Granularity Features

Advancing our exploration into sophisticated feature representation techniques, we dive

into the realm of multi-granularity feature representation, a proven approach to increase

the e�cacy of fine-grained recognition tasks [14–16, 51, 68]. Capturing discriminative

patterns across various levels of detail, this approach is pivotal in enhancing classifi-

cation performance. The diverse methodologies employed in multi-granularity feature

representation are depicted in Fig. 2.6

In the sphere of semantic-guided methods, hierarchical labels are employed to extract

information at di↵erent granularities. A notable example is the Multiple Granularity

Descriptors by Wang et al. [51], which utilize additional label hierarchies to enrich the

representation of features. This method consists of parallel branches, each designed to

capture granular information at specific levels, integrating region discovery with feature

extraction.

In contrast, input-driven methods, such as the RA-CNN (Recurrent Attention Convo-

lutional Neural Network) proposed by Fu et al. [14], create separate granular inputs to

derive features at multiple granularities. This framework intertwines region detection

and feature learning, optimizing the model with both classification and ranking losses

to ensure a hierarchy in the granularity of predictions.
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A) Iterative Annotation of Unlabeled Data (Xu et al., 2015)
This method converts web data into strongly labeled datasets. It 
cycles through training an RCN-based part detector on labeled 
data, using it to detect parts in web data, and refining the original
dataset with the most reliable labeled web data.

B) Intra-class Part Swapping (Zhang et al., 2020)
A technique to avoid distorted object structures in mixed-data
augmentation. It involves exchanging part-related regions 
between two images of the same class using the classification 
activation map method.

C) SnapMix (Huang et al., 2020)
A novel augmentation method that addresses label noise in mixed
data. It employs a convolutional neural network to extract 
classification activation maps (CAMs), which are then 
normalized to create semantic percentage maps. This aids in 
blending images based on these semantic maps, ensuring more 
accurate label representation.

Figure 2.7: Data Augmentation Techniques in Fine-Grained Data.

Another distinctive approach is MGE-CNN (Mixture of Granularity-Specific Experts) by

Zhang et al. [15], which trains individual expert models for di↵erent levels of granularity.

Each expert in this network is designed to focus on specific regions, thereby enabling

finer-grained data processing, and the outputs are integrated using a gating network.

Additionally, the Progressive-Multi-Granularity (PMG) method introduced by Du et al.

[16] represents an innovative implementation of Jigsaw Patches. This approach employs

a Jigsaw generator to create images with varying puzzle levels, symbolizing inputs at

di↵erent granularities. The network is trained progressively, starting with shallow layers

for higher puzzle levels and gradually involving deeper layers as the granularity decreases,

thereby e↵ectively combining features from multiple scales.

2.1.5 Data Augmentation

In the context of fine-grained recognition, data augmentation plays a crucial role in

addressing the challenge of limited data availability. The primary aim of data augmen-

tation is to increase the quantity and diversity of data, which in turn enhances a model’s

generalization capabilities. Before delving into the more recent advancements in data

augmentation, it’s essential to understand the classical methods that laid the ground-

work in this domain. A visual summary of these classical data augmentation techniques

is provided in Fig. 2.7.
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One of the foundational approaches in data augmentation, as outlined by Xu et al. [52],

is the iterative annotation of unlabeled web data to transform it into a strongly labeled

dataset. This method is particularly significant when handling web data characterized

by noisy and weak supervision tags. The process begins with training a part detector

on a strong dataset and then applying it to web data for noise reduction and part

annotation, eventually integrating the refined web data back into the original dataset.

Shifting the focus to data transformation techniques, various strategies have been devel-

oped to create new data samples through image blending. An example is the Intra-class

part swapping method introduced by Zhang et al. [53], which overcomes the limitations

of standard augmentation techniques like Cutout, Mixup, and Cutmix. This method

involves swapping parts between images of the same class, guided by attention maps,

and employs a�ne transformations for compatibility in varying part sizes.

Another innovative approach is SnapMix by Huang et al. [54], which addresses the label

noise issues commonly associated with mixed data methods. SnapMix uses semantic

percentage maps derived from classification activation maps to accurately blend im-

ages and assign labels, minimizing the noise typically introduced by other mixing-based

techniques.

2.1.6 Enhanced Representation Learning

Moving beyond the realms of data augmentation and basic feature extraction, we en-

counter advanced techniques in enhanced representation learning, crucial for fine-grained

object recognition. These methods not only leverage expanded training data and diver-

sity but also introduce increased task complexity to fortify the model’s learning capa-

bilities. An overview of these approaches is captured in Fig. 2.8.

A prime example of such an advanced methodology is the DCL (Destruction and Con-

struction Learning), developed by Chen et al. [18]. DCL innovatively reconfigures images

into Jigsaw puzzles before classification, involving a complex framework with four key

components: the Region Confusion Mechanism (RCM) for generating Jigsaw images, a

Classification Network for feature learning, an Adversarial Learning Network to address

noise in Jigsaw features, and a Region Alignment Network focused on reconstructing

the Jigsaw images. This method significantly enhances the accuracy of fine-grained ob-

ject recognition by compelling the model to discern and interpret local features within

the Jigsaw images, thus improving its ability to understand the interrelations of various

image segments.
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Stacked LSTM (Ge et al., 2019)
Merges complementary part features using bi-
directional LSTM. Incorporates Mask R-CNN and 
CRF for feature extraction.

Harnessing Complementary Information

TASN (Zheng et al., 2019)
Trilinear Attention Sampling 
Network. Focuses on attention maps 
and feature distillation.

S3Ns (Ding et al., 2019)
Selective Sparse Sampling. Emphasizes 
attention regions and amalgamates 
complementary features.

Embracing Mid-level Features

DFL-CNN (Wang et al., 2018)
Enhances mid-level 
representation by discerning 
class-specific regions.

SPS Strategy (Huang et al., 2021)
Introduces noise during training to bolster 
robustness. It outperforms traditional 
techniques using a simple backbone.

Contrastive Learning

Probing Part-Relation

PMRC (Tang et al., 2023)
Incorporates posture information from 
various regions. Introduces innovative 
training paradigms

MAMC (Sun et al., 2018) 
Multi-Attention Multi-Class Constraint. 
Uses OSME for feature extraction and 
relationship modeling.

Cross-X learning (Luo et al., 2019)
Leverages relationships across images and 
layers. Incorporates OSME module.

Figure 2.8: Enhanced Representation Learning in Fine-grained Object Recognition.

As fine-grained recognition tasks necessitate highly detailed object representations, mod-

ern approaches aim to accumulate rich, comprehensive feature sets. Earlier methods

often struggled to capture enough detail, focusing on limited regions during the feature

extraction process. However, contemporary leading strategies emphasize the acquisition

of extensive representations, thus achieving peak accuracy in fine-grained recognition.

These advanced techniques typically involve exploiting complementary informational re-

gions, incorporating mid-level features, and utilizing contrastive learning methods. The

next parts will delve into a detailed analysis of these enhanced representation learning

methodologies.

Harnessing Complementary Information. Gleaning features from regions rich in

complementary information invariably augments the robustness of feature representa-

tion. Ge et al. [55] introduced the Stacked LSTM approach, which accumulates com-

plementary component features and utilizes a bi-directional LSTM (Long Short-Term

Memory) network for their integration. The methodology encompasses three stages:

initial instance detection and segmentation via Mask R-CNN [69] and CRF [70], fol-

lowed by the extraction of several complementary regions, and lastly, the synthesis of

these regions’ features using a bi-directional LSTM for classification. Notwithstanding

its remarkable results, its intricate integration of modules like Mask R-CNN amplifies

the complexity of the model.
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In contrast, Zheng et al. [71] proposed the streamlined TASN (Trilinear Attention

Sampling Network) framework, which comprises three modules: trilinear attention, an

attention-driven sampler, and a feature distiller. The method distills the essence of

images into a series of attention maps, amplifies specific regions, and then transfers

knowledge between models.

Drawing parallels to TASN, the Selective Sparse Sampling Network (S3Ns) by Ding

et al. [72] also emphasizes attention-driven regions. However, S3Ns uniquely assemble

sparse responses and amalgamate an array of complementary features, enriching the

final representation.

Contrastive Learning. Integrating contrastive learning to discern relationships be-

tween features has proven instrumental in refining feature representation. Sun et al. [56]

unveiled MAMC, encapsulating both an OSME (One-Squeeze Multi-Excitation) module

for feature extraction and a MAMC (Multi-Attention Multi-Class) constraint to guide

network learning. The methodology orchestrates relationships between diverse parts of

an object, ensuring coherent and distinctive representations.

In a similar vein, Luo et al. [57] introduced Cross-X learning. This approach lever-

ages relationships across images and layers to amplify the network’s learning potential,

ensuring that each layer captures unique information and mitigates redundancy.

Embracing Mid-level Features. Pioneering e↵orts have delved into leveraging deep

mid-level features to accentuate subtle distinctions, showing promise in e�cient fine-

grained recognition. The rationale? Intermediate CNN layers inherently encode mid-

level patterns, the supplementary mid-level feature extraction module remains lightweight,

and the mid-level model shares computational processes with its high-level counterpart.

However, direct mid-level feature acquisition often proves inadequate. Addressing this,

Wang et al. [34] introduced a method to refine mid-level representation by discerning

class-specific regions.

Moreover, Huang et al. [19] highlighted an inherent challenge in mid-level representa-

tion: the model’s sensitivity to noise patterns. They proposed the SPS strategy, which

introduces noise during training to mitigate the overt reliance on specific patterns, thus

strengthening robustness and outperforming traditional techniques.

Probing Part-Relation. In fine-grained recognition, part-relation delves into the in-

tricate relationships between distinct object parts. By understanding these dynamics,

models can distinguish minute disparities in similar entities, refining classification in de-

tailed tasks. For instance, Tang et al. [58] showcased PMRC, an innovative framework

that amalgamates information from various regions to support classification, focusing

on posture information and novel training paradigms.
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2.1.7 Transformer-based Approaches

In the dynamic field of Fine-Grained Visual Categorization (FGVC), transformer-based

techniques have been pivotal, evolving into two primary categories: ’Part Token Se-

lection’ and ’Part Correlation Learning’. These methods excel in discerning intricate

relationships within images, especially valuable in scenarios with sparse labeled data.

Part Token Selection Methods. This approach focuses on selectively emphasizing

specific parts or tokens of an image crucial for fine-grained classification. The cornerstone

of this method is the Vision Transformer (ViT) framework, exemplified by the TransFG

model [59]. TransFG revolutionized FGVC by adeptly selecting and emphasizing image

parts critical to distinguishing nuanced categories. The e↵ectiveness of this approach

hinges on parsing an image into a sequence of patches (tokens) and using self-attention

mechanisms to weigh these patches based on their relevance.

Subsequent advances such as FFVT [60] and Rams-trans [61] introduced innovations

such as feature fusion and region-based attention. These enhancements allow for a more

refined selection and weighting of image parts, leading to improvements in classification

accuracy and computational e�ciency.

Part Correlation Learning Methods. Contrastingly, part correlation learning fo-

cuses on understanding and representing the relationships between di↵erent parts of an

object. This approach recognizes the criticality of the interplay between various image

parts for accurate classification.

A notable development in this category is ViT-NeT [62], which integrates ViTs with a

Neural Tree (NeT). This combination enhances the model’s ability to learn the hierar-

chical and spatial relationships among parts, resulting in a more holistic image under-

standing, higher classification accuracy, and improved interpretability.

Another significant advancement is IELT [63], addressing limitations in ViT’s multi-head

self-attention mechanism. IELT’s Multi-Head Voting, Cross-Layer Refinement, and Dy-

namic Selection modules synergize to refine the representation of features from di↵erent

image parts. This approach ensures a more consistent ensemble learning process, e↵ec-

tively capturing the complex dynamics essential for fine-grained categorization.

In summary, the evolution of transformer-based methods in FGVC, marked by these

two distinct approaches, is setting new benchmarks. Part Token Selection methods excel

in identifying and emphasizing the most relevant image parts, while Part Correlation

Learning methods focus on understanding and representing complex part relationships.

Together, they are redefining accuracy and sophistication in computer vision research.
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2.2 Datasets and Evaluation

The datasets and evaluation metrics are introduced here to contextualize the comparison

across surveyed methods, and not as part of our experimental design, which is detailed

in later chapters.

The datasets used for fine-grained image classification are summarized in Table 2.2,

which provides an overview of various datasets categorized by their meta-class, num-

ber of categories, total images, and the distribution of training, validation, and testing

sets. These datasets cover a wide range of fine-grained recognition tasks, including

birds (CUB200-2011, NABirds), cars (Stanford Cars, CompCars), flowers (Oxford 102

Flower), food (Food-101), and other domains such as aircrafts, plants, fruits, and fungi.

The diversity and scale of these datasets play a crucial role in advancing fine-grained

classification research.

CUB-200-2011 [24] is a representative fine-grained recognition dataset with 11,788

images of 200 bird species, divided into 5,994 training and 5,794 testing images. Anno-

tations include subcategory labels, key points, binary attributes, and bounding boxes.

FGVC-Aircraft [73] comprises 10,000 images of 100 variants of aircraft models, divided

into 6,667 training images and 3,333 testing images. Each image includes a bounding

box and four hierarchical labels.

Stanford Cars [74] contains 16,185 images of 196 car models, divided into 8,144 training

images and 8,041 testing images.

Stanford Dogs [75] features 20,580 images of 120 dog breeds, with bounding boxes and

breed labels. Each class has around 100 training images and at least 50 testing images.

NABirds [25] is a large-scale dataset with 48,562 images of 555 North American bird

species. The dataset is split into 23,929 training images and 24,633 test images.

INat2017 [76] is a large-scale dataset with 13 base-level categories and 5,089 sub-

ordinary categories, totaling 858,170 images. It is divided into 579,184 training images,

95,986 validation images, and 183,000 test images.

Oxford 102 Flower [77] is an image classification dataset with 103 flower categories

and 8,189 images.

Food-101 [78] comprises 101k images from 101 food categories, with 750 training images

and 250 testing images per category. The dataset is also used for learning with the label

noise evaluation.
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DataSet Meta-Class Categories Images Training Validation Testing

CUB200-2011 [24] Birds 200 11,788 5,994 - 5,794
FGVC-Aircraft [73] Aricrafts 100 10,000 3,334 3,333 3,333
Stanford Cars [74] Cars 196 16,185 8,144 - 8,041
Stanford Dogs [75] Dogs 120 20,580 12,000 - 8,580
NABirds [25] Birds 555 48,562 23,929 - 24,633
INat2017 [76] Plants ect. 5,089 858,170 579,184 95,986 183,000
Oxford 102 Flower [77] flowers 102 8,189 1,030 1,030 6,129
Food-101 [78] Food 101 101,000 75,750 - 25,250
CompCars [79] Cars 1716 51,304 25,652 - 25,652
VegFru [80] Veg Friuts 292 160,731, 29,200 14,600 116,931
DF20 [81] Danish Fungi 1604 295,938 248,466 - 27,608

Table 2.2: Summary of the fine-grained dataset

CompCars [79] is a car image dataset with 164,344 images from 1,716 models, including

a fine-grained recognition subset of 51,304 images from 431 models. The subset is split

into 30,955 whole car images and the rest as car parts, with half for training and half

for testing.

VegFru [80] is a domain-specific dataset of 160,000 images from 292 vegetable and

fruit categories, based on eating characteristics. Each category has at least 200 images,

divided into 100 for training, 50 for validation, and the rest for testing.

DF20 [81] is the Danish Fungi 2020 dataset with 295,938 images from 1,604 fungi

species. It provides accurate annotations, detailed metadata, and an unbalanced class

distribution. The dataset avoids overlaps with ImageNet for better fine-tuning evalua-

tion.

2.2.1 Dataset Biases and Generalizability in FGVC

Datasets play a crucial role in the development and evaluation of FGVC methods. How-

ever, biases inherent in these datasets can a↵ect the generalizability of the developed

models. Here, we outline some common biases and discuss their potential impact on

FGIC methods:

Sampling Bias: Datasets may not represent the true distribution of the underlying

population due to biases in the data collection process. This can lead to overfitting

and poor generalization performance when models are tested on real-world data from

di↵erent distributions.

Label Bias: Labeling errors or inconsistencies can introduce biases in the dataset. In

the context of FGVC, annotating fine-grained categories often requires expert knowledge,
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which can be di�cult to obtain. Errors or inconsistencies in labeling can result in models

learning incorrect patterns or relationships between categories.

Imbalanced Data: Datasets may have imbalanced class distributions, with some fine-

grained categories having significantly more samples than others. Imbalanced datasets

can lead to biased models that perform poorly on underrepresented categories.

Viewpoint and Pose Bias: Datasets may have a bias towards certain viewpoints or

poses, which can limit the model’s ability to generalize to images captured from di↵erent

perspectives.

Background and Context Bias: Images in the dataset may have specific backgrounds

or contexts that are strongly correlated with certain fine-grained categories. Models

trained on such datasets may rely on these correlations instead of learning the actual

discriminative features of the categories.

2.2.2 Ethical and Privacy Concerns in FGVC

Addressing ethical and privacy concerns in FGVC is essential for responsible research

and development. We briefly discuss these concerns and possible mitigation strategies:

Privacy Violation: Using images without consent, especially those containing identifi-

able information, can violate privacy. Researchers should obtain consent and anonymize

identifiable information during the annotation process.

Data Bias: Biased datasets can result in unfair model behavior. Ensuring diverse data

sources and evaluating performance across demographic groups can help identify and

address biases.

Invasive Data Collection: Collecting images of sensitive subjects may cause harm.

Adhering to guidelines and regulations can ensure non-invasive data collection that re-

spects subjects and the environment.

Fairness of Annotation Work: The annotation process can be labor-intensive and

require expertise. Providing fair compensation and working conditions for annotators is

crucial for maintaining ethical standards in FGIC research.

2.2.3 Comparative Performance Analysis on Fine-Grained Datasets

In this chapter, we present a comprehensive comparison of various state-of-the-art tech-

niques in the realm of fine-grained visual classification (FGVC). The comparison, as
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detailed in Table 2.3, encompasses a diverse array of methods evaluated across three

prominent fine-grained datasets: CUB-200-2011, Stanford-Car, and FGVC-Aircraft.

Overview of Comparative Results. The Table2.3 succinctly summarizes the per-

formance of various methods, highlighting their accuracy percentages on the specified

datasets. Each method is characterized by its unique approach, the source of its founda-

tional research, and the backbone network employed. This collection of data allows for

a direct comparison of methodological e↵ectiveness, o↵ering insights into the evolution

of techniques over time.

Analysis of Scalability and Computational E�ciency. To analyze the compu-

tational complexity of the reviewed algorithms, we obtained our ranking based on the

backbone of the smallest supportable network for each method and the approximate

GFLOPs of the backbone. The GFLOPs values we considered are as follows: VGG16 has

approximately 15.4 GFLOPs, VGG19 has approximately 19.6 GFLOPs, ResNet50 has

approximately 4.1 GFLOPs, ResNet101 has approximately 7.8 GFLOPs, DenseNet161

has approximately 7.8 GFLOPs, ViT - B - 16 has approximately 76.8 GFLOPs, Swin -

Transformer - b has approximately 15.4 GFLOPs, and Inceptionv4 has approximately 3.4

GFLOPs. We classified the algorithms into three categories: low complexity (GFLOPs

less than 10), medium complexity (GFLOPs greater than 10 and less than 30), and high

complexity (GFLOPs greater than 30). We have added this computational complexity

classification ranking in the backbone column of the table.

Regarding scalability, in addition to the computational complexity ranking, we have

further analyzed the scalability of each method in the following ways. For low-complexity

methods, such as those based on Inceptionv4, their relatively lower GFLOPs make them

more scalable in scenarios where computational resources are limited. They can be more

easily deployed on devices with lower processing power or in large-scale systems where

multiple concurrent processes are required without overloading the system.

Medium-complexity methods, like those with backbones such as VGG19 and Swin-

Transformer-B, while having higher computational requirements than the low-complexity

ones, still o↵er a balance in scalability. They can handle moderately large datasets and

are suitable for applications where a trade-o↵ between accuracy and computational re-

sources is needed. However, as the data size grows significantly, their scalability might

be limited due to the increase in computational time and resource consumption.

High-complexity methods, for example, those using ViT-B-16, present challenges in

scalability. Although they might o↵er superior performance in some cases, their high
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GFLOPs values imply that they require substantial computational resources. In real-

world applications with large-scale data or resource-constrained environments, their de-

ployment might not be feasible without significant hardware upgrades or optimization.

This could lead to longer processing times and potential bottlenecks in the system.

Trends and Observations. Several notable trends can be discerned from Table 2.3.

There is a clear progression in the complexity and capability of backbone networks used,

from earlier models like VGG and Inception to more advanced architectures like ResNet

and Vision Transformers. This evolution reflects the continuous advances in neural

network design and their impact on FGVC.

Another trend of increasing accuracy rates over time can be observed, indicating the

progressive refinement of FGVC techniques. The introduction of transformer-based

models, for example, marks a significant leap in performance.

The table also showcases a wide range of approaches, from spatial transformer networks

(STN) to more recent innovations like P2P-Net and DCAL. This diversity underscores

the dynamic nature of research in FGVC, with various methodologies being explored to

tackle the intricate challenges of the field.

Finally, the recent surge in accuracy, particularly with transformer-based models, can

be partly attributed to the adoption of self-supervised learning paradigms (SSL). SSL

is a learning paradigm that takes advantage of the structure of the input data to learn

useful representations without relying on explicit labels. This approach has gained

popularity as it can alleviate the need for large-scale labeled datasets, which are often

di�cult to obtain in fine-grained categorization tasks. For example, training a model

to predict the rotation angle applied to an input image can encourage the learning of

rotation-invariant features, which can be beneficial to FGIC [82]. In addition, contrastive

learning approaches can learn representations that capture the subtle di↵erences between

fine-grained categories [83].

2.2.4 Performance Analysis on Large-Scale Fine-Grained Datasets

This chapter o↵ers a detailed evaluation of diverse methodologies applied to large-scale

fine-grained datasets, specifically NABirds and INat2017. The comparative analysis is

encapsulated in Table 2.4, which presents the accuracy percentages achieved by various

state-of-the-art methods.
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Method Source Backbone
Accuracy (%)

CUB-200-2011 Stanford-Car FGVC-Aircraft

STN [84] NIPS15 4xInception-v2 (M) 84.1 -

B-CNN [48] ICCV15 2xVGG16 (H) 84.1 91.3 84.1

Compact B-CNN [49] CVPR16 1xVGG-16 (M) 84.0 - -

RA-CNN [14] CVPR17 3xVGG-19 (H) 85.3 92.5 88.2

Kernel-Pooling [85] CVPR17 1xVGG-16 (M) 86.2 92.4 86.9

Low-rank B-CNN [13] CVPR17 1xVGG-16 (M) 84.2 90.9 87.3

G2DeNet [86] CVPR17 1xVGG-16 (M) 87.1 92.5 89.0

IBP-CNN [87] BMVC17 1xVGG-19 (M) 85.8 92.0 88.5

Kernel-Activation [50] ICCV17 1xVGG-16 (M) 85.3 91.7 88.3

MA-CNN [46] ICCV17 3xVGG-19 (H) 86.5 91.5 89.9

GP-256 [88] ECCV18 1xVGG-16 (M) 85.8 92.8 89.8

MaxEnt [89] NIPS18 1xDenseNet161 (L) 86.5 93.0 89.7

PC [90] ECCV18 1xDenseNet161 (L) 86.9 92.9 89.2

MAMC [56] ECCV18 1xResnet-50 (L) 86.5 93.0 -

NTS-Net [91] ECCV18 3xResnet-50 (M) 87.5 93.9 91.4

DFL-CNN [34] CVPR18 1xResnet-50 (L) 87.4 93.1 91.7

iSQRT-CONV [92] CVPR18 1xResnet-101 (L) 88.7 93.3 91.4

DCL [18] CVPR19 1xResnet-50 (L) 87.8 94.5 93.0

Stacked LSTM (+Mask RCNN[69]) [55] CVPR19 9xGoogleNet (M) 90.3 - -

TASN [71] CVPR19 1xResnet-50 (L) 87.9 93.8 -

Cross-X [57] ICCV19 1xResnet-50 (L) 87.7 94.6 92.6

S3N [72] ICCV19 3xResnet-50 (M) 88.5 94.7 92.8

MGE-CNN [15] ICCV19 3xResnet-50 (M) 88.5 93.9 -

DF-GMM [93] CVPR20 5xResnet-50 (M) 88.8 94.8 -

ACNet [94] CVPR20 1xResnet50 (L) 88.1 94.6 92.4

SPS [19] ICCV21 1xResnet-50 (L) 88.7 94.9 92.7

P2P-Net [47] CVPR22 Resnet-50 (L) 90.2 95.4 94.2

Table 2.3: Comparison of di↵erent techniques on fine-grained datasets. Here, n⇥
backbone means the method requires n forward pass of the backbone network in testing,
while 4

5xResnet-50 indicates that only the first four of five Conv blocks of Resnet-50
are needed. SPS* denotes results obtained using two mid-level branches.

Comparative Analysis. The table highlights the performance of several advanced

techniques, each employing di↵erent backbone networks and developed from various re-

search sources. The comparison spans two challenging datasets, NABirds and INat2017,

known for their extensive variety of categories.

From Table 2.4, we observe the following trends: Advancement in Backbone Architec-

tures: The table shows a progression from VGG16 to more advanced DenseNet and

ResNet architectures. This evolution signifies continued improvements in backbone net-

works, adapting to the complexities of large-scale fine-grained datasets.

Diverse Methodological Approaches: Techniques range from B-CNN, which focuses on

bilinear convolutional features, to more recent methods like SPS, which utilize stochastic
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Method Source Backbone
Accuracy(%)

NABirds INat2017

B-CNN [48] ICCV15 2xVGG16 80.9

MaxEnt [89] NIPS18 1xDenseNet161 83.0 -

PC [90] ECCV18 1xDenseNet161 82.8 -

SSN [95] ECCV18 1xResnet101 - 65.2

TASN [71] CVPR19 1xResnet101 - 68.2

MGE-CNN [15] ICCV19 3xResnet101 88.0 -

Cross-X [57] ICCV19 1xResnet-50 86.2 -

API-Net [96] AAAI20 1xResnet-50 86.2 -

MRDNN [35] TNNLS21 1xResnet50 - 70.5

SPS [19] ICCV21
1xResnet-50 87.1 -

1xResnet-101 87.9 -

Table 2.4: Comparison of di↵erent techniques on four fine-grained datasets. Here,n⇥
backbone means the method requires n forward pass of the backbone network in testing,
while 4

5xResnet-50 indicates the first four of five Conv blocks of Resnet-50 is needed.
SPS* denote results obtained by using two mid-level branches.

pooling strategies. This diversity highlights the multifaceted nature of research e↵orts

in addressing the unique challenges of large-scale FGVC.

Improvements in Classification Accuracy: The methods listed demonstrate significant

advances in accuracy, particularly in the NABirds dataset. For instance, MGE-CNN

and Cross-X exhibit notable performance, indicating the e↵ectiveness of these methods

in handling the intricacies of large-scale datasets.

Challenges in INat2017: The results of the INat2017 dataset, although limited in the

table, underscore the challenges posed by this dataset. Techniques like SSN and TASN,

while achieving modest accuracy, highlight the ongoing need for innovative approaches

to improve performance on such extensive datasets.

The analysis presented in Table 2.3 and Table 2.4 not only serves as a quantitative

assessment of the methodological performance but also provides qualitative information

on the evolving strategies used in large-scale FGVC. As the field progresses, further

innovations are expected to emerge, pushing the limits of accuracy and computational

e�ciency in fine-grained visual classification on a grand scale.



Chapter 3

Learning multi-level

weight-centric features for

few-shot learning

3.1 Introduction

Despite the remarkable success achieved in visual recognition tasks [19, 68, 97, 98], deep

learning models generally lack versatility and extendability, hindering their applicability

in practice. For example, as data-hungry to learn massive parameters, deep neural

networks often fail to work well in data-scarce environments [99, 100]. Besides, a trained

model’s prediction domain is usually not expandable unless re-executing the training

process. In response to these deficiencies, there have been increasing e↵orts devoted to

few-shot learning (FSL) [101–105]. Moreover, FSL exploration is gradually expanding

in various research problems such as FKP recognition [106], medical image classification

[107], object detection [108], text classification [109], and instance credibility inference

[110].

FSL refers to a technique that takes advantage of the knowledge of base class data

(provided auxiliary training set) to allow models to understand new concepts from only

a few examples [109, 111–114]. Existing approaches to this problem mainly consist of

meta-learning and weight-generation based frameworks. The former focuses on learning

a meta-learner from base-class data to facilitate learning a new-task learner. Although

meta-learning approaches achieve great success, they often require sophisticated training

procedures and are di�cult to extend to generalized few-shot learning (GFSL) settings.

In contrast, the weight-generation framework delivers a more straightforward and flexible

solution. This type of method first learns an embedding space from base-class data

30
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Figure 3.1: A general framework of weight generation methods for few-shot learning.
Learning a good feature extractor plays a vital role in this framework, as it is used for
novel models to extract image features and generate classifier weights for new categories.

and then utilizes the embedding of a support set (novel-class training samples ) to

construct the corresponding classifier weights(as illustrated in Fig. 3.1. This learning

regime simplifies the few-shot learning problem by mainly focusing on feature learning

and weight generation, enabling a trained model’s extendability.

In the framework, feature learning is crucial due to its dual-use mechanism (representing

images and constructing classifiers). However, existing methods learn a feature extractor

without considering three essential issues associated with its dual functionality: repre-

sentation transferability, base-class memorability, and prototype-ability. Transferability

refers to whether the learned representation from base-class data is transferable to novel-

class data. Recent works [101, 115–117] mainly extract features from the last Conv layer

of deep models, leading to a lower transferability of the feature extractor. This can be

attributed to the fact that higher layer activations with higher specialization to base-

class tasks are less transferable to novel-class tasks [118] when there is a large domain

gap between the two tasks. The memorability and prototype-ability are more related to

the quality of the generated classifier weights. A GFSL model requires the preservation

of the classification performance for the base-class data. This requirement necessitates

base-class memorability to prevent novel-class weights from classifying base-class data

to novel classes. The prototype-ability refers to the feature extractor’s capacity to al-

low few-shot examples to approximate their class-specific prototype. Current methods

attempt to complement these two capabilities by learning a weight-generation network.
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Nevertheless, similar to meta-learning approaches, they need to train a new task-specific

learner for weight generation, limiting the flexibility to construct few-shot classification

models. In addition, the weight generator learns the required information from the

extracted features but does not access more information through the feature learning

stage. In summary, the existing weight-generation methods do not fully consider the

feature extractor’s dual-capacity in FSL, which may be a bottleneck of performance.

In this chapter, we propose a multi-level weight-centric feature extractor to complement

the capacity of current weight-generation methods. We first introduce a weight-centric

training strategy to increase the possibility that each sample can approximate its cat-

egory prototype. Specifically, we fix the classifier weights in the latter learning stage

and then enforce samples closer to their corresponding classifier weight in the embed-

ding space. Besides, we build the multi-level feature by incorporating a mid-level and

relation-level learning branch with high-level feature learning. The mid-level learning

branch extracts mid-level features from intermediate layers, while the relation-level one

obtains category-relation information from softening predictions. We finally integrate

the multi-level information extraction and the weight-centric strategy into an overall

feature learning framework.

Our proposed method ensures the comprehensiveness of the feature extractor to advance

few-shot learning, which can be understood in the broader context of the seven paradigms

outlined in Chapter 2. Specifically, it integrates elements from multiple paradigms,

including Enhanced Representation Learning and Transformer-based Approaches, while

also sharing characteristics with the Data Augmentation paradigm through its episodic

training setup and support-query structure. On the one hand, the weight-centric strategy

reduces the intra-class variance, improving feature representation generalization. It also

pushes data points that are closer to the hyperplane far away. This e↵ect indirectly

achieves larger margin classification boundaries, increasing the feasibility of constructing

a discriminative decision boundary based on a few samples. On the other hand, mid-level

features are more transferable [119] to novel classes, and the relation-level representation

exhibits higher-level abstraction and is more specific to base categories. Therefore, by

jointly representing images using these two additional information sources, the resulting

model has higher transferability for characterizing novel classes and better preserves the

classification capability for base classes.

We extensively evaluate our approach on two low-shot classification benchmarks in both

standard and generalized FSL learning settings. Experiments show that our proposed

method significantly outperforms its counterparts in both learning settings and using

di↵erent network backbones. We also demonstrate that the mid-level features exhibit
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strong transferability even in a cross-task environment, and the relation-level features

help preserve base-class accuracy in the generalized FSL setting.

The major technical innovations introduced in this chapter include:

• We propose a weight-centric learning strategy that helps reduce the intra-class

variance of novel-class data.

• We propose a multi-level feature learning framework, which demonstrates its strong

prototype-ability and transferability even in a cross-task environment for few-shot

learning.

• We extensively evaluate our approach on two low-shot classification benchmarks

in both standard and generalized FSL learning settings. Our results show that

mid-level features exhibit strong transferability even in a cross-task environment

while relation-level features help preserve base-class accuracy in the generalized

FSL setting.

3.2 Related Works

Recently proposed approaches to the few-shot learning problem can be roughly di-

vided into meta-learning based[120–125] and weight-generation based approaches[115–

117, 126, 127].

3.2.1 Meta-learning based methods

Meta-learning based methods tackle the few-shot learning problem by training a meta-

learner to help a learner to e↵ectively learn a new task on very few training data[121,

122, 128–130]. Most of these approaches are normally designed based on some standard

practices for training deep models on limited data, such as finding good initialization of

weights[121] or performing data augmentation[122] to prevent overfitting. For example,

Finn et al. [121] propose to learn a set of parameters to initialize the learner model so that

it can be quickly adapted to a new task with only a few gradient descent steps; Hariharan

and Girshick [122] deal with data deficiency in a more straightforward way, in which a

generator is trained on meta-training data and used to augment feature of novel examples

for training the learner. Another line of work addresses the problem in a ”learning-to-

optimize” way[123, 129]. For example, Ravi and Larochelle [123] trained an LSTM-based

meta-learner as an optimizer to update the learner and store the previous update records

in the external memory. Although this group of methods achieves promising results, they
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require either the design of complex inference mechanisms[131] or the further training of

a classifier for novel concepts[121, 123]. Our work focuses on learning a feature extractor

with dual functions(i.e. feature representation and classifier weight generation) for FSL

problems. Therefore, the major di↵erence from meta-learning techniques is that our

method only needs to learn a base model and can construct new models directly using

sample features.

3.2.2 Weight-generation based methods

Weight-generation based methods mainly learn an embedding space in which images

are easy to classify using a distance-based classifier such as cosine similarity or nearest

neighbor. To do so, Koch et al. [126] trained a Siamese network that learns a metric

space to perform comparisons between images. Vinyals et al. [115] proposed Matching

Networks to learn a contextual embedding, with which the label of a test example can

be predicted by looking for its nearest neighbors from the support set. The prototypical

networks[132] determine the class label of a test example by measuring the distance from

all the class means of the support set. Since the distance functions of these two works

are predefined, [133] further introduced a learnable distance metric to compare query

and support samples. Ji et al. [134] proposed a re-weighting mechanism to improve the

instance representativeness and an information-guidance mechanism to encode discrim-

inative knowledge. Guo and Cheung [135] presented an Attentive Weights Generation

via an Information Maximization strategy that generates optimal classification weights

for the query sample within the task by self-attention and cross-attention paths.

The most related methods to ours are [116, 117, 136]. These approaches learn a feature

representation by cosine softmax loss, allowing a few novel examples to construct the

classifier. Our proposed method di↵ers from them in two folds. First, they only learn a

single level of representation, resulting in a limited representation capability, while ours

constructs a multi-level model that considers multiple knowledge sources. Furthermore,

those methods do not explicitly consider prototypeability(the ability to approximate

the corresponding prototype by one or several sample features) in learning the feature

extractor. In contrast, we introduce a weight-centric learning strategy that makes it

more feasible to construct classifier weights from a few samples.

3.2.3 Analyzing the transferability of ConvNets.

Deep learning models are quite data-hungry but nonetheless, transfer learning has been

proven highly e↵ective in avoiding over-fitting when training larger models on smaller

datasets[30, 137, 138]. These findings raise interest in studying the transferability of
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deep model features in recent years. Yosinski et al. [118] experimentally show how

transferable each layer is by quantifying the generality versus specificity of its features

from a deep ConvNet, and suggest that higher layer activations with higher specialization

to source tasks are less transferable to target tasks. Pulkit et al. [139] investigate several

aspects that impact the performance of ConvNet models for object recognition. Hossein

et al. [140] identify several factors that a↵ect the transferability of ConvNet features

and demonstrate that optimizing these factors helps to transfer tasks. However, these

works mainly explore the transferability and generalization ability of ConvNet features

in terms of target datasets where the training samples are much more than in the few-

shot setting. In this work, we investigate the capacities of the intermediate layer, the

last feature layer, and the softmax logits to perform a few-shot learning tasks.

3.3 Methodology

In this chapter, we first introduce some general notation used throughout the thesis. We

first briefly review a general weight-generation-based framework for few-shot learning.

We further introduce our method for learning base models. Finally, we describe how to

utilize these base models in few-shot learning.

3.3.1 Notation

Let f✓(·) 2 Rd be a feature extractor parameterized by ⇥ and W 2 Rd⇥c be a weight

matrix of a linear classifier. Here, d is the dimension of the output feature and c is

the number of labels for the classification task. We further define M(·) as a neural

network classification model such that M(f✓(x),W ) = W
T
f✓(x) given an input image

x. We denote the training set Dtrain and the test set Dtest. Slightly di↵erent from

the general classification setting, few-shot learning trains a model on the training data

that consists of a base- and novel-class dataset, that is Dtrain = D
b
train [ D

n
train. Here

D
b
train = {(xi, yi), yi 2 Y

b}Nb

i=1 is an abundant dataset while D
n
train = {(xi, yi), yi 2

Y
n}Nn

i=1 contains very few samples for each label; Y b and Y
n refers to two di↵erent label

spaces and Y
b \ Y

n = ;. We further denote the weight matrices W
b and W

n which

correspond to Y
b and Y

n respectively.

3.3.2 Weight-generation-based framework

Weight-generation-based approaches have gained increasing attention in recent years,

due to their simplicity and flexibility. The general framework for these methods usually
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consists of two stages: base-model learning and weight generation. As shown in Fig.3.2,

this framework first learns a classification base-model on base-class dataset. In the

second stage, based on the feature extractor f⇥(·) and classifier weights W b of the base-

model, a weight generator g�(.) is used to infer the weight vector w given training set

X
y = {xy1, ..., x

y
k}. Here, the label y is in an unseen label space Y

n and k is usually

a small number. In recent literature, there are two typical weight generators: average-

based wavg = g
avg(f⇥(Xy)) and attention-based watt = g

att
� (f⇥(Xy),W b). The former

simply computes the mean of the normalized features of training samples, which is

expressed as:

wavg =
1

k

kX

i=1

zi, (3.1)

where zi is a L2 norm of the feature vector f⇥(x
y
i ).

The second one employs an attention-based mechanism to exploit both the sample fea-

tures and the base-class weights in generating the novel-class weights. The weight com-

putation for an unseen label is expressed as:

watt = �avg � wavg + �att � (
1

k

kX

i=1

KbX

b=1

Att(�qzi, kb) · wb (3.2)

where odot is the Hadamard product,�avg,�att,�q are learnable parameters,Att(., .) is

an attention kernel, and {kb 2 R
d}Kb

b=1 is a set of Kb learnable keys.

3.3.3 Multi-level Weight-centric Representation Learning

Fig.3.3 provides an overview of our proposed method. The method mainly consists of

two techniques: a multi-level feature extractor and a weight-centric feature learning

strategy. The former aims to explicitly enforce each single sample feature vector closer

to its corresponding classifier weight. Specifically, we construct three levels of feature

representations namely mid-level, high-level and relation-level. The mid-level represen-

tation captures more subtle discriminative patterns, such as subordinary components of

object parts, while the high-level encodes more holistic information. The relation-level is

designed to describe the input’s category structural relations, like how the input image

relates to other categories. The second technique aims to obtain multiple representations

that encode di↵erent levels of semantic information. Overall, the multi-level extractor

improves the representation ability by considering multiple sources of information, and

the weight-centric strategy increases the feasibility of generating classifier weights from
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Figure 3.2: A general weight-generation-based framework for few-shot learning. Here,
L is the loss function for learning a base model on base-class data. f⇥ and Wb are the
feature extractor and classifier weights of the base model. g(·) is a weight generator that
can be defined or learned from data. M(·) is a novel model built for novel categories.

few-shot sample features. These two techniques can seamlessly join together to provide

a simple and e↵ective solution to a few-shot learning problem.

In this chapter, we first review cosine softmax loss for few-shot learning. We then

introduce our proposed weight-centric embedding learning strategy. This strategy can

be incorporated with cosine softmax loss to facilitate the subsequent step of generating

weights from the few-shot training example.

Cosine Softmax Loss. In a standard classification framework, Softmax Loss is usually

adopted for supervised learning. It generally refers to a Softmax Activation plus a Cross-

Entropy Loss. Given an input (xi, yi), the softmax loss function is expressed as:

`s(xi, yi) = �log(
exp(wT

yif⇥(xi))P
j exp(w

T
j f⇥(xj))

), (3.3)

Where f✓(·) is the feature extractor and wj is the j
th column of the weight matrix W

of the classifier layer.

However, recent work shows that the softmax loss fails to learn a feature extractor that

generalizes well to unseen categories[116, 117]. As discussed previously, the feature ex-

tractor of the base model is used to generate weights of novel categories. However, the
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Figure 3.3: An overview of our learning framework for representation learning. The
framework first constructs three levels of feature representations namely mid-level, high-
level, and relation-level. For forwarding the networks, the outputs of the intermediate
layer outputs are detached and fed to the mid-level feature extractor, the output of
the last conv layer is forwarded to the high-level feature extractor, and the prediction
logits of the high-level branch is detached and input and sent to the relation-level
feature extractor. The three feature extractors are first trained to converge with the
classification loss and then are further fine-tuned with both the classification and the

weight-centric loss.

transferability gap of the model increases as the distance between tasks increases[118].

Therefore, the more significant between the base- and novel tasks, the poorer the per-

formance of the few-shot learning model due to the weak transferability of the fea-

ture extractor. To ease this issue, [116, 117] proposed to adopt cosine softmax loss

in learning the base model. Compared with softmax loss, Cosine softmax loss applies

l2-normalization on both the feature vector and the weight vector before the loss calcu-

lation, which is expressed as:

w̃j =
wj

kwjk
, ˜f✓(xi) =

f✓(xi)

kf✓(xi)k
(3.4)

This normalization step will cause the softmax function to fail producing a one-hot

categorical distribution, making the neural networks hard to converge. As suggested

in[116], a simple solution to this is to introduce a trainable scale factor s into the

softmax function. Thus, the cosine softmax loss function is expressed as:

`cs(xi, yi;⇥,W ) = �log(
s · exp(w̃T

yi f̃⇥(xi))P
j exp(w̃

T
j f̃⇥(xj))

), (3.5)
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Based on this loss function, [116, 117] learn the feature extractor by minimizing the cost

function:

Lcs =
1

N

NX

i

(`cs(xi, yi;⇥,W )) + �R(W ), (3.6)

where �R(W ) is a weight L2 regularization term.

Weight-Centric feature learning. As illustrated in Fig.3.4 (a) and (b), learning with

cosine softmax loss reduces intra-class variations by comparison with original softmax

loss. Thus, it increases the feasibility of characterizing an unseen concept with few

shot examples. [116, 117] assume that the samples of the same class are concentrated

in the feature space learned with cosine softmax loss, then the feature embedding of

some random samples can be used to approximate the classifier weights. However,

this assumption is not strictly held in some cases, such as data with large intra-class

variance and small inter-class variance might tend to be scattered in the feature space.

To ensure that using one or a few embedded points of each category can construct a

stable decision boundary, we explicitly constraint a feature point f̃(xi) should be near

its classifier weight w̃yi , after the classifier is learned, and the constraint loss is given by

`cen(xi, w
⇤
yi ;⇥) =k f⇥(xi)� w

⇤
yi k

2
, (3.7)

Where w
⇤
yi represents the sample xi’s corresponding class weight vector, which specifi-

cally refers to the ythi column of a constant matrix W
⇤. We obtain W

⇤ from the classifier

layer after first training the model to converge using the cost function `cs. To couple the

constraint with cosine softmax loss, we also apply l2-normalizaiton on both the feature

vector and the weight vector. Thus, the weight-centric constraint can be rewritten as

`cen(xi, w
⇤
yi ;⇥) =k f⇥(xi)

kf⇥(xi)k
�

w
⇤
yi

kw⇤
yik

k2 . (3.8)

By integrating the cosine softmax loss and the weight-centric constraint, we now have

the cost function L.

L =

8
<

:
Lcs Lcs > ✏

Lcen + Lcs, otherwise,

(3.9)

where Lcen = 1
N

PN
i (`cen(xi, w⇤

yi)) and Lcs > ✏ means that the stopping criteria is not

met when training with loss Lcs. Since Lcen required W
⇤ as input, we optimize the cost

function using a two-stage algorithm which is detailed in Algorithm.1.
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Figure 3.4: A geometry interpretation for learning feature space with different loss
functions

As illustrated in Fig.3.4(c), the weight-centric constraint pushes samples closer to their

corresponding classifier weights, which brings two advantages. First, it enforces the

neural network to learn a feature space with smaller intra-class variance. Moreover,

the constraint also implicitly drives samples far away from the decision boundary. This

increases the feasibility of constructing a discriminative decision boundary based on a

small number of samples.

A good representation of generalized few-shot learning is that it can generalize well to

novel concepts while maximizing its original ability to discriminate base categories. A

single high-level feature representation usually limits the capacity to meet these criteria

simultaneously. In this chapter, we introduce two additional levels of representation

named mid- and relation-level to complement the representative capacity of high-level

representation.

High-level feature extractor is a common practice in most existing few-shot learning

methods. As illustrated in Fig. 3.5 (1), it takes inputs from the last convolutional layer

and then maps them into an embedding space after applying global-average pooling.

This design results in the extraction of the features that naturally capture the global
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Algorithm 1: Learning weight-centric features

Input : Base-class Training data {X,Y },feature extractor with parameters of Θ
,linear classifier weights W.
Output: Updated Θ and W
Initialize parameters Θ and W
while Lcs not converge do

Sample a minibatch of m examples from the training set {x(1), ..., x(m)} with
corresponding targets y(i);

Compute gradient: gΘ ←− 1
m �Θ

∑
i Lcls(x

(i), y(i); Θ,W) ; � Lcs is computed

using eq.3.6

Compute gradient: gW ←− 1
m �W

∑
i Lcls(x

(i), y(i); Θ,W) ;
update Θ and W ;

end
W∗ ←− W ; � Frozen classifier weights

while Lcentric and Lcs not converge do

Sample a minibatch of m examples from the training set {x(1), ..., x(m)} with
corresponding targets y(i) ;

Compute gradient: gΘ ←− 1
m �Θ

∑
i(Lcls(x

(i), y(i); Θ,W∗) + Lcen(x
(i); Θ,W∗));

update Θ;

end

Figure 3.5: Sub-network structures for different levels of feature extractor

visual discriminative patterns because of the high-level feature abstraction source and

the property of the pooling operation.

Mid-Level feature extractor aims to obtain features that focus more on encoding

mid-level discriminative patterns. Compared with high-level features, it exhibits better

generalization ability to represent novel concepts, but weaker discriminatory power for

the base concepts. This can be attributed to the fact that it tends to abstract information

that is less specific to the base concepts. A naive scheme to learn mid-level features is to

plug an additional global-extractor head on top of the intermediate layers. However, this
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solution might learn features more similar to the high-level ones because of the global

average pooling operation, though the input source is switched to the lower layers. To

avoid such undesirable e↵ects, we designed the mid-level feature extractor, shown in

Fig. 3.5 (2). Specifically, we insert a 1x1 Conv layer on top of each intermediate layer

and employ global-max pooling to prevent the 1x1 Conv layer from learning global

abstraction. Lastly, we concatenate all the intermediate-layer features into one and map

it into embedding space to form a compact mid-level representation.

Relation-level feature extractor. As discussed previously, the model’s generaliza-

tion to novel concepts can be improved by incorporating the mid-level representation.

However, its ability to classify base classes is degrading when the label space expands

with more novel classes (some base-class examples might be misclassified to novel classes.

Thus, we propose to preserve this ability by encoding more specific information of the

base classes. Specifically, we introduce another relation-level representation that de-

scribes an input using its structural relationships within the base classes. This repre-

sentation is more specific to base classes than the high- and mid-level representations.

Although it has a poor generalization to novel concepts, it helps strengthen the classi-

fication capacity for base classes. As shown in Fig. 3.5 (3), the relation-level extractor

takes inputs from the predicted Ỹh from the high-level branch. Here, when the Ỹh from

a trained model is fed to a softmax layer, the outputs will tend to be a one-hot vector,

which fails to describe the structural relation of the data over classes. Therefore, we

feed Ỹh to a softmax function with a high temperature, so that it can encode a richer

class structural information of the data. Finally, we use this softened prediction output

to learn the embedding space that characterizes the similarity of samples according to

their categorical distribution.

Jointly Learning multiple feature extractors. As shown in Fig.3.3, we learn the

three feature extractors using three classification branches that are all based on a single

network backbone. We also apply the weight-centric learning strategy for each branch.

Thus, the overall classification loss and weight-centric loss

Lcs = Lm
cs + Lh

cs + Lr
cs,

Lcen = Lm
cen + Lh

cen + Lr
cen

(3.10)

respectively. Finally, our overall cost function is obtained by substituting these two

equations into Eq.3.9.

Model combination. After training the base models using our proposed method, we

have three base models M(fm(x),W b
m),M(fh(x),W b

h),and M(fr(x),W b
r ), which denote

the mid-, high-, and relation-level classification model respectively. We simply combine
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them into a single model M(fC(x),W b
C) by concatenating their normalized features

and classifier weights separately. Here, fC(x) = concat( fm(x)
kfm(x)k ,

fh(x)
kfh(x)k ,

fr(x)
kfr(x)k) forms

a multi-level feature extractor and W
b
C = concat(W b

m,W
b
h,W

b
t ) is the classifier weight

matrix for base categories. Given a test image x
b, this model can be used to predict the

label in the base label space Y
b, that is argmax(M(fC(x),W b

C)) 2 Y
b.

Generating weights for few-shot learning. Now, we can utilize the feature ex-

tractor fC(·) and weight matrix W
b
C to construct di↵erent models for di↵erent few-shot

learning settings. We first construct the weight matrix W
n
C for Y

n using a weight

generator (AvgGen [116] or AttGen [117]). Then, we can build classification models

M(fC(x),Wn
C) and M(fC(x), [W b

C ,W
n
C ]) for standard and generalized few-shot learning

scenario respectively. Here, the weight matrix W
n
C is obtained by stacking each weight

vector in order according to its label index in Y
n.

Let Y b and Y
n denote the base- and novel-label space respectively, we obtain its corre-

sponding weight vector wy by normalizing the prototype of the given k training samples

{xy1, ..., x
y
k}.

w
y =

1
k

Pn
i=1 f(x

y
i )

k 1
k

Pn
i=1 f(x

y
i )k

, (3.11)

where f(.) is the multi-level feature extractor derived from the combined base model.

Now, Given an unseen label space, we can build classification models M(f(x),Wn) and

M(f(x), [W b
,W

n]) for standard and generalized few-shot learning scenarios respectively.

Here, the weight matrixW
n is obtained by stacking each weight vector in order according

to its label index in Y
n, W b is the weight matrix derived from the combined base model.

3.4 Experiments

3.4.1 Datasets and evaluation metrics

We validate our proposed method on Low-shot-ImageNet[122] and Low-shot-CUB[116]

based on three performance metrics.

Low-shot-ImageNet contains 193 base categories, 300 novel categories, 196 base cate-

gories, and 311 novel categories, respectively. The first two groups are made for validat-

ing hyper-parameters, and the remaining two groups are used for the final evaluation.

Low-shot-CUB is constructed from the Caltech-UCSD bird dataset[24]. The dataset

consists of 100 base classes and 100 novel classes. Since each category of this dataset
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contains only about 30 images, we repeated 20 experiments and took the average top-1

accuracy.

Performance evaluation metrics. Few-shot learning methods are evaluated di↵er-

ently according to di↵erent few-shot learning settings. These performance measures

mainly di↵er in the way of constructing a test dataset. To evaluate our proposed method

in both the standard and generalized setting, we use three evaluation metrics summa-

rized below:

1) Novel/Novel: the model’s performance is measured by the accuracy of novel test

examples within the novel label space, that is, Dtest = {(xi, yi) 2 D
n
test, yi 2 Y

n}.

2) Novel/All: the model’s performance is measured only by the accuracy of novel test

examples in all label space, that is, Dtest = {(xi, yi) 2 D
n
test, yi 2 Y

b [ Y
n}.

All: the performance of the model is measured by the accuracy of all the test examples

in all the label spaces, that is, Dtest = {(xi, yi) 2 D
b
test [D

n
test, yi 2 Y

b [ Y
n}.

Here, the standard few-shot learning setting only considers Novel/Novel as the major

performance measure, while the generalized setting considers the results of both Novel-

/All and ALL. We report the results of these metrics based on multiple tries. Specifically,

in our experiments, we randomly select training images of the novel categories repeat

experiments 100 times, and finally report the mean accuracies within 95% confidence

intervals.

3.4.2 Network architecture and training details

Network architecture. We conduct experiments on the Few-shot-Imagenet bench-

mark using ResNet-10 and -50[7] architecture in our learning framework. For experi-

ments on the Few-shot-CUB dataset, asQi et al. [116] obtained their results based on

Inception V1[141], we implement our method based on the same network structure for

performance comparison.

Training details. For all experiments on imageNet based few-shot benchmarks, we

trained our method from scratch for 90 epochs on the base classes. The learning rate

starts from 0.1 and is divided by 10 every 30 epochs with a fixed weight decay of 0.0001.

We then further fine-tune the model with the classifier-centric constraint with a small

learning rate 0.0001. For the CUB dataset experiment, all the pre-trained models we

used are from the Pytorch o�cial model zoo. During training, initial learning of 0.001

decreases by 0.1 at 30 epoch intervals.
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3.4.3 Results and analysis

We evaluated the performance of the proposed method on two low-shot benchmarks.
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Low-shot-ImageNet. Table3.1 and Table3.2 provide the comparative results of dif-

ferent techniques using two network backbones in the large-scale Few-shot ImageNet

dataset. First, we can observe that some existing methods show a significant improve-

ment in one evaluation metric but a minor improvement in another. In comparison, our

approach consistently achieves the best results in all evaluation metrics. Specifically,

using the same weight generator AttGen, our method significantly outperforms the cur-

rent best model TRAML[142] in testing the precision of the classification of the novel

class and all classes. In addition, without learning the weight generator, our proposed

method also achieves a performance comparable to the current top-performing methods

that require training a weight generator. For instance, compared to the TRAML method

that needs to learn an attention-based weight generator, our approach obtains a similar

performance using the mean feature as classifier weights. All these results indicate that

our learned representation yields better generalization ability and versatility for FSL

learning.

Low-shot-CUB. Since the existing method reported in this dataset is based on the

Inception V1 network, we first evaluate our method with the same backbone network.

Table3.3 shows the results of the performance comparison of di↵erent approaches. Our

proposed method outperforms all comparing methods by a large margin in all evaluation

metrics. For instance, our method achieves top-1 accuracies of 30.72% and 37.65% under

the 1 and 2 shot settings respectively, the previous best results are 21.40% and 28.69%.

To evaluate our method’s e↵ectiveness on this dataset when using di↵erent network

architectures, we further use the Resnet-50 as the backbone for both the Imprinting and

our method and compare their performance. Table3.4 shows the corresponding results

and shows the superior performance of our method in low-shot learning.
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Method n=1 2 5 10 20 Classifier

Baseline [116, 117] 53.96 62.88 69.55 71.56 73.42 81.80

Baseline + WC 69.93 74.94 78.30 78.99 79.68 81.71

Table 3.6: Top-1 Classification accuracy on CUB Base-class test set using samples as
the classifier in two feature spaces.

Cross-domain performance of low-shot learning. We investigate the transferabil-

ity of di↵erent levels of representations in the FSL setting. To achieve this, we perform a

cross-domain evaluation, where we evaluate the learned model on both the same domain

and di↵erent domain data. Specifically, we first train a model on the base-class data

from the ImageNet dataset. Then we evaluated it on both ImageNet and the Caltech-

UCSD bird dataset[24]. Table3.5 presents the comparison results obtained based on the

Resnet-50 backbone and the Avg weight generator. First, we can observe that learn-

ing with weight-centric constraints improves performance in both the same-domain and

cross-domain settings. Also, the mid-level features achieve the best accuracy in cross-

domain testing, while the relation-level performs the worst. This result reveals that the

mid-level representation exhibits strong transferability in the FSL setting. Furthermore,

the proposed multi-level representation achieves the best accuracy on the same-domain

data and obtains comparable performance with the mid-level features. This indicates

that using multi-level features for FSL help improve generalization ability and handle

domain shift problems.

3.4.4 Ablation study

E�ectiveness of the classifier-centric constraint. To verify the e↵ectiveness of

the classifier-centric constraint, we established the following experiments. First, we

train two ConvNet models on the base class data, with and without classifier-centric

constraints, to learn the two feature spaces. Then we randomly sample some samples

from each class of the base class dataset to construct two classifiers to classify the test set.

Finally, by evaluating their classification performance, it is indicated in which feature

space the sample can construct a better decision boundary. The experimental results are

shown in Table3.6. We can observe that the feature space learned with cosine softmax

loss achieves poor accuracy which indicates the sample points in this space might be

scattered and not close the classifier weight. By applying the classifier-centric constraint,

the accuracy is significantly improved. This demonstrates that the feature space learned

with classifier-centric constraints is more suitable for building classifiers using samples.

We further evaluate the classifier-centric constraint under di↵erent evaluation metrics

and provide the results in Fig3.6. We can see that our proposed constraint improves the
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Figure 3.6: Top-1 Classification accuracy of few-shot setting on CUB set. Here,
baseline refers to the feature space learned with cosine softmax loss, WC denotes our

proposed weight-centric constrain.

Novel / Novel Novel / All

n=1 2 5 n=1 2 5

H(baseline) 51.56 63.67 74.78 45.26 58.53 71.80

H+WC 54.24 65.71 75.75 47.95 60.77 72.91

(H+WC)+M 56.96 68.50 78.58 50.79 64.30 76.52

(H+WC+M)+R 57.12 68.28 77.77 53.48 65.82 76.95

Table 3.7: Oblation study experiments on the ImageNet-based few-shot benchmark.
H, M,and R refer to High-, Mid-, and relation-level features, respectively. WC refers

to using a weight-centric learning strategy.

baseline consistently in three evaluation metrics. More importantly, the improvements

under the ”ALL/ALL” setting are the most significant, revealing that the classifier-

centric constraint exhibits superiority in generalized few-shot learning. Fig3.7 shows

a comparison of the intra-class variance between two feature spaces learned with and

without weight-centric constraint. It can be seen that training with weight-constraint

reduces intra-class variance on both training and test sets, and also both base and novel

class data.

The contribution of each component. We conduct an ablation study to compare the

performance of di↵erent levels of representation in the FSL setting. The table provides

an ablation study on the Few-shot-imagenet benchmarks to observe the e↵ect of each

element. On the one hand, we can see that when evaluating only the novel label space,

adding the weight-centric and mid-level components in sequence continuously improves

the performance. This shows that both pieces help enhance the model generalization

ability, which also implies that increasing the prototype-ability and transferability of

feature representation can benefit few-shot learning. However, incorporating relational-

level features does not further increase the performance in this setting. However, it

shows a significant improvement under the ”novel/all” evaluation metric. This indicates
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Figure 3.7: Comparison of the intra-class variance between two feature spaces both
learned on the base training set. Here, baseline refers to the feature space learned with
cosine softmax loss, and WC denotes our proposed weight-centric constrain. Note that

we report the average intra-class variance for each dataset.

that the relation-level features have a weaker generalization to novel classes but can

e↵ectively prevent novel class data from being classified into the base categories.

We also provide some prediction results in Fig3.8, which can be used to intuitively an-

alyze the few-shot learning ability of di↵erent representations. For example, the test

images in the second column mostly contain some patterns(e.g. objects or parts of

objects) which are very similar to those occur in the training examples, while the sim-

ilarities between images in the last two columns and the training images tend to be

subtle.

3.5 Conclusion

This work investigates the problem of feature representation in few-shot learning. To

improve the representation power for unseen categories and weight generation capacity

in feature learning, we proposed a multi-level weight-centric representation learning ap-

proach. The method first incorporated mid- and relation-level features with high-level

to enhance representation capacity. In addition, a classifier-centric learning strategy was

proposed to allow a few sample features to be used to construct a more discriminative

classifier. Compared with existing methods, the method increases the feasibility of build-

ing a discriminative decision boundary based on a few samples. Also, it improves the

transferability for characterizing novel classes and preserves the classification capability
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Figure 3.8: Some successful exemplars using our proposed method. The first column
shows a single training image of a novel class, all images in the remaining three columns
are correctly predicted by using the proposed multi-level representation. The second
column shows some successful predictions using only global-level features but they are
misclassified if using local or higher-level representation, and so on for the second and

the third column.

for base classes. In experiments, we extensively evaluated our approach on two low-shot

classification benchmarks and demonstrated its e↵ectiveness in improving generaliza-

tion. Our proposed method can also benefit other tasks, such as zero-shot learning and

image retrieval, in which feature extractors play a critical role. However, one drawback

of our approach is that it constructed multi-level features by concatenating multiple fea-

tures, introducing redundancy in learning. Therefore, in future work, we will investigate

how to learn a compact representation from numerous information sources. In addition,

our proposed method may su↵er from forgetting base-class knowledge when more novel

classes are expanded into the classification model. Thus, our future work will investigate

how to avoid forgetting issues in long-term incremental learning settings.



Chapter 4

Dynamic Semantic Structure

Distillation for Low-resolution

Fine-grained Recognition

4.1 Introduction

As introduced in Chapter 1, FGVC has made unprecedented progress with the rise of

deep learning. In recent years, a variety of methodologies have emerged to address the

challenges associated with fine-grained image classification, such as part-based strate-

gies [14, 45, 46, 55] that meticulously extract details from images, and sampling-based

methods[71, 72] that continuously enrich feature representations to improve the capacity

to discern subtle di↵erences between fine-grained categories.

Despite the impressive strides made in classification accuracy for fine-grained recognition

tasks, these methods predominantly rely on high-resolution image inputs, such as those

with dimensions of 448x448 pixels. Consequently, the performance of these models

su↵ers dramatically when confronted with low-resolution image inputs. For instance, the

MGE-CNN method has achieved an accuracy of 88.5% on the CUB dataset. However,

when trained and tested on low-resolution image data, its accuracy drops to 62.95 %.

This performance decline can be mainly attributed to two factors: 1). The significant

loss of detailed information in low-resolution images; and 2). The pretraining model

used by these methods lacks semantic prior in low-resolution images.

A straightforward solution to this problem is to use knowledge distillation methods to

extract knowledge from high-resolution models to guide the learning of low-resolution

models. Nevertheless, existing knowledge distillation approaches focus primarily on

54
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general category classification tasks, and the extracted knowledge is mainly related to

single and static semantic structures. For example, the input images of teacher and

student models mostly only contain objects of a single category. Therefore, it is not

suitable for fine-grained image classification tasks. This is because di↵erent fine-grained

objects usually share similar or identical parts, and semantic relations between parts of

di↵erent categories are crucial for fine-grained category discrimination.

This chapter presents a novel learning framework called Dynamic Semantic Structure

Distillation (DSSD) to address the above-mentioned issue. Our approach comprises two

primary components: dynamic semantic structure learning and decoupled knowledge

distillation. The former aims to train both teacher and student networks to perceive

dynamic semantic structures e↵ectively and can be implemented based on cutting and

pasting data augmentation and a consistent semantic loss. The goal is to facilitate

learning and distillation of dynamic semantic structure and part relations. The latter

component focuses on the decoupling of network output into two distinct types of knowl-

edge: semantic composition knowledge and non-target category distribution knowledge.

These types of knowledge are then separately distilled from the teacher model to the

student model. By doing so, our method is capable of e↵ectively transferring the high-

resolution model’s semantic structure prior to the student model. Furthermore, this

approach strengthens the student model’s ability to distinguish semantic details of ob-

jects in low-resolution images.

We evaluated our proposed method on two distinct knowledge distillation tasks: high-

to-low resolution and large-to-small model. Specifically, we first verify the e↵ectiveness

of our approach by comparing it experimentally with state-of-the-art fine-grained object

recognition and knowledge distillation methods, using fine-grained classification datasets

as benchmarks. The experimental results show that our method consistently outper-

forms existing methods on three datasets and four network backbones. In addition, we

compare our approach with knowledge distillation methods on the task from large to

small models and demonstrate its e↵ectiveness on both general image classification and

standard knowledge distillation tasks. Through our experiments, we validate the e�-

cacy of our proposed method and demonstrate its superiority over existing techniques

in terms of knowledge distillation performance. Overall, the results obtained from the

evaluation of our method indicate its potential to significantly improve the performance

of knowledge distillation tasks for both high-to-low resolution and large-to-small model

scenarios. Our approach represents a promising avenue for future research in the field

of image recognition and knowledge distillation.
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4.2 Related work

4.2.1 Low-resolution task

Over the past few decades, the Low-resolution domain has gained substantial attention

due to its challenges and broad applicability, particularly in Face recognition and Object

detection. For Face recognition, Low-resolution (LR) techniques can be broadly classi-

fied into two groups: super-resolution[143–149] and feature-learning methods[150–152].

The first group mainly exploits a way to restore LR images to High-resolution(HR) im-

ages using computer vision synthesis algorithms. Although face hallucination[146] and

simultaneous SR and recognition[144] have been proposed as typical works, most of these

methods [147, 148, 153] focus on the visual fidelity of the generated images, but do not

improve face recognition performance. In contrast, feature-learning methods directly

extract discriminative features from LR images or transfer the feature space between

HR and LR to address dimensional mismatch[151]. Recent years have seen the rapid de-

velopment of LR for face recognition, with several works[145, 154, 155] emerging for the

Very Low-resolution (VLR) task. For example, Yu et al. [155]presented a framework that

utilizes facial attribute information in face super-resolution and achieved significant per-

formance on the VLR task of 16⇥16 pixels. Singh et al. [156] explored a DirectCapsNet

model to address the limited information contained in VLR images. In addition, many

studies[157–160] have been devoted to developing the Low-resolution Object detection

model. Lu Qi[158] combined an aligned multi-scale training and knowledge distillation

to improve the performance for low-resolution instance-level detection.

4.2.2 Knowledge Distillation

Knowledge distillation(KD) is a model compression method based on the ”teacher-

student-network” idea, which distills the knowledge from a large ”teacher” model into a

small ”student” network. This theory was first proposed by Hinton et al. [161] in 2015

and is widely used in the industry for simplicity and e↵ectiveness. There are di↵erent

types of knowledge[162], for example, logits, feature, and relation-based. Logits-based

methods[161, 163–165] learn the knowledge from the output layer of the ”teacher” model.

In addition to the output layer,feature-based methods [166–169] transfer the feature rep-

resentation of the middle layers as knowledge. Recent works[170–173]in the third group

mainly explored the relationship between input-hidden-output layers and then ”teach”

the output of the specific layers in the teacher network to the student model. However,

most of these methods focus on optimizing compression models. They can not directly
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Figure 4.1: An overview of our proposed method Dynamic Semantic Structure
Distillation (DSSD). Unlike existing knowledge distillation approaches, our method
distills semantic structure knowledge and non-target category distribution separately
by constructing the input with dynamic semantic structures and then decoupling the

output.

apply to fine-grained recognition because of the characteristics of the subtle di↵erence

between fine-grained classes.

4.3 Methodology

In this chapter, we delve into our proposed method, Dynamic Semantic Structure Dis-

tillation (DSSD), illustrated in Fig.4.1. DSSD comprises two primary components: dy-

namic semantic structure learning and decoupled knowledge distillation . The

first component aims to enhance the understanding of dynamic semantic structures by

the teacher and student networks. We achieve this through a data augmentation strat-

egy that involves cut-and-paste operations while ensuring a consistent semantic loss.

By leveraging this approach, both networks are encouraged to perceive and understand

the changing semantic structures within the data. The second component, decoupled

knowledge distillation, involves separating the network output into two distinct types

of knowledge: semantic composition knowledge and non-target category distribution

knowledge. This knowledge is then distilled from the teacher model to the student

model in a di↵erentiated manner. Specifically, the semantic composition knowledge is

transferred to the student model, whereas the non-target category distribution knowl-

edge is distilled separately.
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4.3.1 Dynamic semantic structure learning

One limitation of conventional knowledge distillation methods is their reliance on static

and single-semantic images and supervisory signals. Consequently, the knowledge learned

and distilled by these methods strongly correlates with the semantic distribution of the

training data, resulting in a weaker applicability to the test data. To address this limi-

tation, here we encourage the network to learn and distill richer knowledge by utilizing

mixing data augmentation strategies [174, 175] to construct data with dynamic and

mixed semantic composition.

Input image preprocessing. Given a randomly chosen image pair (x1, x2), we gener-

ate the input x̃ using the asymmetric mixing operation [174], which is expressed as

x̃ = (1�M�1
)� x1 + T (M�2

� x2), (4.1)

where M�1
and M�2

are binary masks processed based on the area ratios �1 and �2, and

T is a transformation function and � is element-wise multiplication.

Semantic composition estimator. To estimate the semantic composition of a mixed

image, CutMix [175] calculates the area ratio of the regions involved in the mixing.

However, the area ratio usually cannot reflect the semantic proportion in hybrid images.

So, we follow the work [174] which uses the intensity of attention in the region to

estimate the corresponding semantic ratio. Given an input image x, we first calculate

the semantic ratio at pixel i location by:

SR(xi) =
CAM(xi)P
(CAM(x))

, (4.2)

where CAM(·) is a function to obtain the class activation values. Then, we can estimate

the semantic composition (s1, s2) for an mixed image x̃ using a semantic composition

estimator (SCE), which is defined as:

SCE(x̃) = (1�
X

(M�1
� SR(x1)),

X
(M�2

� SR(x2))) (4.3)

Dynamic semantic structure learning. The teacher model is usually pre-trained

in a typical knowledge distillation learning framework, and the model weights are fixed

during the knowledge distillation process. However, fixing the teacher model weights

cannot acquire transitional knowledge during training. Therefore, we also train the

teacher model from scratch during knowledge distillation. Here, the training loss for the
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teacher and student networks are

`
T
SC CE = s

T
1 CE(OT (x̃T ), y1) + s

T
2 CE(OT (x̃T ), y2), (4.4)

`
S
SC CE = s

S
1CE(OS(x̃S), y1) + s

S
2CE(OS(x̃S), y2), (4.5)

where CE(·) denotes cross-entropy loss, OT (·) and O
S(·) are outputs of the teacher and

student networks, respectively.

4.3.2 Decoupled Knowledge Distillation

Our method introduces an advanced framework that incorporates a decoupled knowledge

distillation strategy that addresses the limitations of existing knowledge distillation loss

functions. Traditional methods are adept at distilling static semantic knowledge, but

fall short when it comes to dynamic and mixed semantic structures. This shortfall is

mainly due to the significant weakening of compositional knowledge in mixed semantics

caused by output softening. Our approach therefore implements a decoupled strategy

in the knowledge distillation process.

In this strategy, we categorize network output into two distinct types:’semantic com-

position knowledge’ and ’non-target category distribution knowledge.’ This bifurcation

is essential because it allows for a more precise and e↵ective distillation process. The

semantic composition knowledge, which forms the core understanding of the subject mat-

ter, is directly transferred to the student model. Meanwhile, the non-target category

distribution knowledge, addressing broader context and supplementary information, is

distilled separately.

For the technical implementation, we begin by decoupling the network output into pri-

mary semantic composition and non-target category distribution knowledge. Let z de-

note the network output logits and y1 and y2 the target labels for the two images used to

create the blended image. We can then decouple the output z into semantic composition

logits (zy1 , zy2) and non-target category logits z/y1,y2 . These logits are transformed into

probabilities (py1 , py2) and p/y1,y2 :

p
y1 =

exp( z
y1

⌧sc
)

exp( z
y1

⌧sc
) + exp( z

y2

⌧sc
)
, (4.6)

p
y2 =

exp( z
y2

⌧sc
)

exp( z
y1

⌧sc
) + exp( z

y2

⌧sc
)
, (4.7)
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p
/y1,y2
i =

exp(
z
/y1,y2
i
⌧nt

)

P
i(exp(

z
/y1,y2
i
⌧nt

))
, (4.8)

where ⌧sc and ⌧nt are temperature parameters that modulate a softer probability distri-

bution for semantic composition and non-target category logits, respectively.

To prevent the dilution of primary semantic knowledge due to the softening of the

probability distribution, we transfer the semantic composition and non-target category

knowledge separately from the teacher to the student model. The corresponding learning

loss is calculated using the KL-divergence loss function:

`SC KD = KL(p
y1,2
T ||py1,2S ), (4.9)

`NT KD = KL(p/y1,y2T ||p/y1,y2S ), (4.10)

where KL(·) represents the Kullback-Leibler divergence loss, measuring the similarity

between two probability distributions.

Finally, the overall loss of our knowledge distillation framework is defined as:

L = `
S
SC CE + `

T
SC CE + ⌘`SC KD + (1� ⌘)`NT KD, (4.11)

where ⌘ is a hyperparameter that balances the importance between the semantic com-

position and non-target category distribution knowledge. This comprehensive loss func-

tion e↵ectively ensures the nuanced transfer of both core and contextual knowledge to

the student model, optimizing the distillation process for dynamic and mixed semantic

structures. More details of the training process are summarized in Algorithm 2.

4.4 Experiments

In this chapter, we conduct a comprehensive investigation to understand the impact

of primary hyperparameters on the performance of our model. Specifically, our exper-

iments focus on the knowledge distillation task transitioning from high-resolution to

low-resolution models. For this purpose, we used the Resnet50 network model and em-

ployed the CUB dataset for evaluation. In detailing our experimental setup, we specify

the range and values of hyperparameters explored, the rationale behind their selection,

and the method used for tuning them.
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Algorithm 2: Dynamic Semantic Structure Distillation

Input: Training data X = {(xi, yi)|i 2 [0, 1, ..., N � 1]}
Hyperparameters [�, ⌧sc, ⌧nt, ⌘, ]
Parameter: Network parameters [⇥T ,⇥S ]
Output: Trained parameters ⇥̃S

1: Network initialization Net⇥T , Net⇥S .
2: while Not Converge do
3: Sample pair data ((x1, y1), (x2, y2))  X

4: Sample area ratio (�1,�2)  Beta(�,�)
5: x̃  Gen(x1, x2,�1,�2)
6: s

T
1 , s

T
2  SCE(x1, x2,�1,�2, Net⇥T )

7: s
S
1 , s

S
2  SCE(x1, x2,�1,�2, Net⇥S )

8: z
T  Net⇥T (x̃)

9: z
S  Net⇥S (x̃)

10: Compute loss L from Eq.4.11
11: update(⇥T ,⇥S)  @L

⇥T
,
@L
⇥S

12: end while
13: return Trained parameters ⇥̃S

Subsequently, we delve into a component-wise analysis of our proposed method. This

involves systematically evaluating each component’s contribution to performance en-

hancement in knowledge distillation. We describe the experimental design for isolating

the e↵ects of individual components, detailing the configuration variations, and the met-

rics used to assess their impact.

Finally, we demonstrate the e↵ectiveness of our method in two key scenarios: knowledge

distillation from high- to low-resolution models and from large- to small-models. In each

scenario, we provide a detailed account of the experimental conditions, including the

models compared, the datasets used, and the specific challenges these scenarios present.

Furthermore, we present a thorough analysis of the results, highlighting key findings and

insights that showcase our method’s strengths and potential areas for improvement.

Throughout our experimental analysis, we aim to provide a clear and comprehensive

understanding of the performance of our method under various conditions. This includes

discussing any surprising or counterintuitive findings and how they contribute to our

understanding of knowledge distillation in di↵erent resolution and model size contexts.

In doing so, we ensure that our experimental study not only validates the e↵ectiveness

of our approach, but also o↵ers valuable insights into its underlying mechanisms and

potential applications.

High-to-low resolution: For this task, a teacher model is trained on high-resolution

data and knowledge is distilled to the student model on low-resolution input. We specify

employ an image resolution of 448⇥448 for the teacher model and 128⇥128 for the

student model. The teacher and student models share the same network structure.



62

In addition, we utilize a variety of network structures (including Resnet 50,34,50 and

101)to validate our method’s applicability in terms of network depth. The e↵ectiveness

of our proposed method is demonstrated through an experimental comparison with

current state-of-the-art fine-grained image classification techniques, as well as knowledge

distillation methods applied to fine-grained image classification datasets.

Large-to-small model: This task aims to transfer knowledge from a large network

model to a small deep learning model. We follow the work [176] and use ResNet56,

ResNet110, ResNet32×4, WRN-40-2, WRN-40-2, VGG13 as model teachers. Corre-

spondingly, we utilize a set of student models, specifically ResNet20 ResNet32, ResNet8×4,

WRN-16 -2, WRN-40-1 VGG8. Experimental evaluations are conducted on a standard

image classification data set, in which the performance of our approach is compared with

that of contemporary state-of-the-art methods.

4.4.1 Training Details

We implemented our method based on PyTorch and trained it on a Nvidia V100 GPU.

In training, we initialized backbone networks with Imagenet pre-trained models for fine-

grained recognition tasks. We used stochastic gradient descent (SGD) with a momentum

of 0.9, the base learning rate of 0.001 for the pre-trained weights, and 0.01 for new pa-

rameters. We trained our model for 200 epochs and decayed the learning rate by a factor

of 0.1 every 80 epochs. We employed some common practices for fine-grained datasets

in training. We adopted standard data augmentations, including random cropping and

random horizontal flipping.

4.4.2 Results and analysis

Influence of hyperparameters � and ⌘. The hyperparameter � determines a Beta

distribution used to sample a random patch in the generation of images with mixed

semantics. We evaluated its impact by testing the values � [list specific values]. As shown

in Fig.4.2, the performance of the model gradually improved with increasing � values,

reaching a peak at 3. This indicates the significance of medium-size patch mixing in

the creation of e↵ective mixed semantic images. Interestingly, overall accuracy remains

relatively stable across di↵erent � values, suggesting the resilience of our framework

to variations in �. For ⌘, controlling the balance between mixed semantic loss and

non-target distribution distillation loss, Fig. 4.3 reveals that higher ⌘ values, favoring

mixed semantic loss, lead to reduced distillation e↵ectiveness. Conversely, increasing the

weight of non-target distribution loss enhances performance, underlining the importance

of non-target distribution knowledge in our distillation process.
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Figure 4.2: Ablation study of the hyperparameters � for dynamic semantic structure
learning. The results illustrate that our method is not sensitive to � and performs

consistently well across di↵erent � values.

CUB Aircraft
Res-50 Res-101 Res-50 Res-101

Baseline 65.87 68.12 57.96 65.14
+DSSL 71.32 73.04 63.87 69.29
+KD 71.14 72.71 58.22 64.68
+DSSL+KD 72.35 74.43 64.31 70.35
+DSSL+DKD 79.13 81.07 73.01 78.99

Table 4.1: Ablation study (Acc.%) of each component. DSSL and DKD are the
abbreviations of Dynamic Semantic Structure Learning and Decoupled Knowledge Dis-
tillation, respectively, and KD is the abbreviation of the classic algorithm Knowledge

Distillation.

E↵ectiveness of each component of DSSD. In assessing DSSD’s components, DSSL

(Dynamic Semantic Structure Learning) and DKD (Decoupled Knowledge Distillation),

we first established a baseline by training a standard network on low-resolution data.

We then constructed high-resolution teacher and low-resolution student models using

the same network and applied classic knowledge distillation (KD) for benchmarking.

Subsequently, we evaluated the impact of integrating DSSL and DKD individually and

in combination. Table 4.1 shows that both DSSL and KD independently enhance base-

line performance. However, the synergy of DSSL with DKD yields a more significant

performance boost than KD alone, highlighting DKD’s superior e�cacy in distilling

dynamic mixed semantic knowledge.

Knowledge distillation from high to low-resolution model. In Tables 4.2 and 4.3,
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Figure 4.3: Ablation study of the hyperparameters ⌘ for decoupled knowledge loss.

CUB Aircraft Cars
ResNet-18 ResNet-34 ResNet-18 ResNet-34 ResNet-18 ResNet-34

Baseline 58.98 63.01 50.67 51.83 61.68 63.78
SnapMix [174] 64.98 67.13 58.67 61.79 72.14 76.84
KD [161] 63.15 64.88 53.47 56.04 60.58 64.83
RKD [173] 61.84 64.78 53.35 55.18 60.87 64.38
CRD [177] 64.11 66.12 54.31 56.23 61.72 65.79
OFD [178] 63.91 65.83 54.69 55.67 61.37 65.63
ReviewKD [179] 67.89 67.62 58.54 58.79 71.02 73.12
DKD [176] 70.97 68.13 58.04 60.12 75.43 78.96
DSSD 74.13 70.21 66.32 70.01 81.52 86.24

Table 4.2: Performance comparison with state-of-the-art knowledge distillation
methods(Acc.%). This table shows the results of distilling knowledge from the high-
resolution teacher model to the low-resolution student model. Two backbone networks,
Resnet-18 and Resnet-34, and three fine-grained datasets are used for each method for

a comprehensive comparison.

we compare our method with state-of-the-art knowledge distillation techniques in the

transition from high-resolution to low-resolution models. We re-trained these methods

for this specific task, as they were originally reported for large-to-small-model tasks. The

results in Table 4.2 show significant performance degradation when directly training and

testing shallow networks on low-resolution datasets. Our method outperforms others in

various settings in the CUB, aircraft, and car datasets, as detailed in Table 4.3. For deep

networks like Resnet101, our approach shows improvements of 5.4%, 11.2%, and 3.3%

respectively, compared to the latest method DKD. Furthermore, as shown in Table 4.4,
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CUB Aircraft Cars
ResNet-50 ResNet-101 ResNet-50 ResNet-101 ResNet-50 ResNet-101

Baseline 65.87 68.12 57.96 65.14 68.85 71.84
SnapMix [174] 70.78 72.59 64.07 68.89 82.13 83.96
KD [161] 70.84 71.98 58.76 66.11 71.83 76.12
RKD [173] 70.09 71.33 57.63 64.67 71.87 74.63
CRD [177] 72.83 72.55 58.77 66.39 72.02 75.32
OFD [178] 72.71 71.97 58.63 65.67 71.97 74.83
ReviewKD [179] 73.81 75.52 67.65 68.89 84.82 85.72
DKD [176] 76.02 75.68 61.89 68.54 85.04 84.89
DSSD 79.13 81.07 73.01 78.99 88.12 89.13

Table 4.3: Performance comparison with state-of-the-art knowledge distillation
methods(Acc.%). This table shows the results of distilling knowledge from the high-
resolution teacher model to the low-resolution student model. Two deeper backbone
networks, Resnet-50 and Resnet-101, and three fine-grained datasets are used for each

method for a comprehensive comparison.

Method
Accuracy(%)

CUB Cars Aircraft

PCA-Net [180] 64.87 68.16 79.92

PMG [16] 61.01 65.13 61.87

API-Net [96] 69.05 73.97 64.51

MGN-CNN [15] 62.95 70.59 68.21

ResNet-50 65.84 69.13 59.24

ResNet-101 68.25 71.85 65.28

Res-50+DSSD 78.29(+12.45) 87.32(+18.19) 71.89(+12.65)

Res-101+DSSD 80.29(+12.04) 87.96(+16.11) 79.08(+13.80)

Table 4.4: Performance comparison with fine-grained methods(Acc.%). All compar-
ing approaches are tested on low-resolution images (128x128). The numbers in brackets
indicate the value of performance improvement of our approach over the baseline model.

our method significantly exceeds those tailored for fine-grained image classification in

low-resolution image contexts.

Knowledge distillation from large to small model. Focusing on the large-to-small

model task, we evaluated existing knowledge distillation methods using the CIFAR100

dataset, as detailed in Table 4.5. Our method consistently achieved superior performance

under six di↵erent model configurations. The performance improvement observed in this

task is somewhat less pronounced than in the high- to low-resolution tasks. This may

be attributed to the reliance of CIFAR100 on global features for category distinction,

which poses a lower demand for combinatorial knowledge dependencies compared to

fine-grained classification tasks.

Visualization. To gain intuition about the superiority of our method, we visualize

and compare the attention maps of the low-resolution models. As can be seen from

Figure 4.4, training directly from low-resolution data, the learned model (baseline) pays
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Method
Teacher

Res56 Res110 Res32⇥ 4 WRN-40-2 WRN-40-2 VGG13
72.34 74.31 79.42 75.61 75.61 74.64

Student
Res20 Res 32 Res8⇥ 4 WRN-16-2 WRN40-1 VGG8
69.09 71.14 72.50 73.26 71.98 70.36

Features

FitNet [166] 69.21 71.06 73.50 73.58 72.24 71.02
RKD [173] 69.61 71.82 71.90 73.35 72.22 71.48
CRD [177] 71.16 73.48 75.51 75.48 74.14 73.94
OFD [178] 70.98 73.23 74.95 75.24 74.33 73.95
ReviewKD [179] 71.98 73.89 75.63 76.12 75.09 74.84

Logits
KD [161] 70.66 73.08 73.33 74.92 73.54 72.98
DKD [176] 71.97 74.11 76.32 76.24 74.81 74.68

Logits DSSD(ours) 73.85 75.64 77.28 77.39 76.03 75.07

Table 4.5: Performance comparison with state-of-the-art knowledge distillation meth-
ods on CIFA100 dataset(Acc.%). This table shows the results of distilling knowledge

from the large teacher model to the small student model.

Baseline KD DSSD

Figure 4.4: Attention map visualization of the distilled student model. The above
attention maps are obtained by inputting low-resolution images. Among them, Baseline
means that the model is directly trained and tested on low-resolution images, KD
represents the results of the student model after using the classic knowledge distillation
method KD, and DSSD is the visualization result of the student model learned by our

method.

less attention to the main semantic regions, and the attention is easily distracted to

the background regions. When the KD algorithm is used to extract the knowledge of a

high-resolution model from low-resolution models, the attention distraction problem can

be e↵ectively solved. However, attention to the main semantic regions is still missing.

After applying our method, the attention of the student model can better cover the main

semantic regions.
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4.5 Conclusion

In this chapter, we focus on the problem of low-resolution fine-grained recognition. We

present a Dynamic Semantic Structure Distillation (DSSD) learning framework to ad-

dress this issue. The method consists mainly of two main components: dynamic se-

mantic structure learning and decoupled knowledge distillation. The former aims to

train teacher and student networks to perceive dynamic semantic structures, while the

latter decouples the network output into semantic composition knowledge and non-

target category distribution knowledge to ensure e↵ective knowledge distillation. First,

we investigate the influence of primary hyperparameters and the e↵ectiveness of each

component in our method. Then, we demonstrate that our method consistently out-

performs existing methods on three datasets and four network backbones. In addition,

our approach is also practical in general image classification and standard knowledge

distillation tasks.

Limitation and future work. One of the important limitations of our approach is

that both the teacher and student models must be trained simultaneously, thus requiring

a longer training time and computing resources. In the future, we will explore how to

e↵ectively distill semantic component relation knowledge to the student model under

the premise of fixing the teacher model.



Chapter 5

Discussion

This chapter o↵ers a critical analysis of the thesis’s technical contributions, positioning

them within the broader landscape of fine-grained image classification (FGVC) research.

We analyze the methodological implications, strengths and limitations, and connect our

findings to relevant literature. Furthermore, we propose directions for future work to

extend and refine the presented approaches.

5.1 Strengths and Contributions

5.1.1 Comprehensive Survey as a Foundation

Chapter 2 of this thesis presents a structured literature review that categorizes FGVC

methods into seven paradigms, informed by methodological trends and chronological

development. This di↵ers from conventional algorithmic taxonomies (e.g., [181]) by

emphasizing the evolution of ideas from 2010 to 2023. For instance, while transformer-

based models often overlap with enhanced representation learning, our categorization

prioritizes their primary innovation trajectory. This survey provided both historical

grounding and theoretical motivation for the thesis’ methodological developments.

5.1.2 Advancing Few-Shot Learning

The multi-level weight-centric representation learning approach advanced the field by

enabling discriminative feature extraction and classification with limited sam-

ples. The incorporation of mid-level and relation-level features significantly improved

representation capacity, while the classifier-centric strategy improved decision boundary

68
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construction. Our method demonstrated superior generalization on low-shot classi-

fication benchmarks and proved its adaptability to tasks like zero-shot learning and

image retrieval, showcasing its versatility.

Unlike prior works focused on single-level representations [115, 132], our method incor-

porates mid-level and relation-level semantics, promoting generalization with minimal

supervision. Additionally, the classifier-centric strategy refines decision boundaries, a

concept rarely explored in earlier few-shot frameworks.

5.1.3 Improving Low-Resolution Fine-Grained Recognition

The Dynamic Semantic Structure Distillation (DSSD) framework e↵ectively

addressed the challenge of low-resolution image classification. By integrating dynamic

semantic structure learning and decoupled knowledge distillation, our approach

outperformed state-of-the-art methods across various datasets and network backbones.

This highlights its scalability and practical applicability, particularly in real-world

scenarios where high-resolution data may not be readily available.

5.2 Limitations and Challenges

While the proposed methods demonstrate promising performance in addressing data

ine�ciency in FGVC, several limitations constrain their applicability and generalization.

One significant limitation arises from the feature concatenation strategy employed in the

weight-centric approach. Although this technique enhances representational richness by

integrating multiple levels of features, it inadvertently introduces redundancy that may

degrade learning e�ciency and inflate model size. This issue becomes especially salient

in high-dimensional feature spaces or when deploying models on edge devices where

computational resources are constrained.

Additionally, the Dynamic Semantic Structure Distillation (DSSD) framework, despite

its demonstrated e↵ectiveness, incurs a high computational cost due to the requirement

of simultaneous training for both teacher and student networks. This limitation poses

challenges for scalability and real-time inference, making it less suitable for applications

requiring fast deployment or adaptation on-the-fly.

A broader challenge shared by both methods is the limited capacity to generalize across

domains. Specifically, the models exhibit performance degradation when exposed to

unseen domains characterized by di↵erences in lighting conditions, background clutter,

or object scale. This suggests an over-reliance on the distributional characteristics of
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the training data and underscores the necessity for more domain-invariant or adaptive

learning strategies. These challenges, while not unique to the proposed methods, reflect

common issues in FGVC and highlight directions for refinement.

5.3 Implications for FGVC Research and Applications

The contributions of this thesis carry several broader implications for both the research

community and the real-world deployment of FGVC systems. First, the e↵ectiveness

of multi-level feature representations and dynamic semantic structure modeling under-

scores the importance of hierarchical and context-aware representations in fine-grained

recognition. These findings align with recent trends in computer vision literature sug-

gesting that capturing inter-part relationships and semantic hierarchies is crucial for

distinguishing subtle visual di↵erences between closely related classes.

Moreover, by addressing two seemingly distinct challenges—few-shot learning and low-

resolution classification—within a unified framework, this thesis highlights the potential

for integrative approaches that simultaneously optimize for data e�ciency and visual fi-

delity. This convergence opens up new opportunities for research aimed at solving multi-

ple constraints jointly, for instance, through multitasking or modular learning paradigms.

In terms of practical impact, the emphasis on robustness, interpretability, and compu-

tational e�ciency aligns well with application domains such as biodiversity monitoring,

medical diagnostics, and industrial inspection. In these scenarios, high intra-class sim-

ilarity, limited training data, and hardware constraints are common. Thus, this work

not only advances academic understanding but also contributes insights that are directly

translatable to field-deployable systems. Importantly, the observed limitations also serve

as a reminder of the gap between benchmark performance and real-world robustness,

calling for continued e↵orts in validation under diverse operational conditions.

5.4 Open Questions and Future Directions

The limitations and challenges identified in this thesis open several avenues for future

research:

• How can compact feature representations be constructed to eliminate

redundancy while preserving discriminative power? One major issue in
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feature learning is redundant feature concatenation, which increases compu-

tational complexity without necessarily improving discriminative power. Future

research should explore:

– Learnable compression mechanisms, such as autoencoders or knowl-

edge distillation, to extract the most salient features while reducing redun-

dancy.

– Sparse feature selection methods, where only the most informative fea-

tures contribute to classification, improving both e�ciency and interpretabil-

ity.

– Graph-based feature aggregation, where relationships between feature

components are explicitly modeled to refine representations.

• How can e�cient knowledge distillation techniques be designed to re-

duce computational overhead while maintaining performance? Knowl-

edge distillation is a powerful tool, but traditional methods require expensive

training of large teacher-student models simultaneously. To improve e�-

ciency, future work can:

– Explore one-shot or incremental distillation, where knowledge is trans-

ferred gradually rather than requiring full teacher-student training.

– Develop adaptive distillation strategies, where the student selectively

learns important patterns rather than blindly mimicking the teacher’s entire

feature space.

– Investigate self-distillation methods, where a single model refines its own

predictions through progressive learning without external teacher supervision.

• What strategies can enhance FGVC model robustness to variations in

image quality, such as resolution, occlusion, and noise? Fine-grained

recognition models struggle with real-world conditions where images may be low-

quality, occluded, or contain background noise. Potential solutions include:

– Adaptive attention mechanisms that focus on the most informative re-

gions of an image regardless of resolution degradation or occlusions.

– Contrastive learning for robustness, where models learn invariant rep-

resentations across di↵erent augmentations of the same object category.

– Domain adaptation techniques that enable models to generalize better

to new datasets with di↵erent lighting, textures, or backgrounds.
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• How can interpretability in FGVC models be improved to provide clearer

insights into decision-making processes? Interpretability is a growing con-

cern in deep learning, especially in critical applications like medical diagnos-

tics and autonomous systems. Future research should explore:

– Prototype-based learning, where models learn from a small set of repre-

sentative examples and make predictions based on similarity to known pro-

totypes.

– Visualization techniques, such as attention heatmaps, to provide human-

interpretable justifications for model decisions.

– Hybrid approaches combining rule-based logic with deep learning,

allowing users to trace back decisions and understand the reasoning process

in a structured manner.

By addressing these open questions, future research can build upon the contributions

of this thesis to further advance FGVC. The proposed methodologies and insights pro-

vide a strong foundation for developing more e�cient, interpretable, and robust

fine-grained classification systems, paving the way for real-world deployment in

diverse application domains.



Chapter 6

Conclusion and Future Work

This chapter presents a summary of the proposed methods and highlights their key con-

tributions, performance, and limitations. Following this, we discuss potential directions

for future research, focusing on both algorithmic enhancements and broader application

possibilities.

6.1 Conclusion

This thesis addresses the overarching challenge of data ine�ciency in fine-grained object

classification (FGVC) through a progressive exploration that builds on a foundation

established by a comprehensive survey of the field. Our contributions span three key

aspects: an in-depth literature review that identifies fundamental challenges in FGVC,

the development of a novel few-shot learning approach, and the proposal of an e�cient

knowledge distillation framework for low-resolution fine-grained recognition.

The survey provided a structured review of seven key paradigms in FGVC: Human in

the Loop, Part Alignment-Based, High-Order Feature Learning, Multiple Granularity

Features, Data Augmentation, Rich Representation Learning, and Transformer-Based

Approaches. By analyzing these approaches, we identified critical gaps in the field,

including the need for high-quality datasets, improved model generalization to unseen

data, and robustness to image quality variations. This survey not only highlighted the

limitations of existing methods but also laid the groundwork for our proposed solutions.

Building on these insights, we first tackled the issue of few-shot learning in FGVC by

proposing a multi-level weight-centric representation learning approach. This method

enhances representation capacity by integrating mid- and relation-level features and in-

troduces a classifier-centric training strategy to construct more discriminative decision

73



74

boundaries with limited data. Extensive experiments validated its e↵ectiveness, demon-

strating improvements in generalization for novel categories and applicability to tasks

such as zero-shot learning and image retrieval. Despite these advancements, challenges

such as feature redundancy, scalability in real-world scenarios, and knowledge retention

in incremental learning remain open problems that require further investigation.

Next, we addressed the problem of low-resolution fine-grained image classification by de-

veloping a Dynamic Semantic Structure Distillation (DSSD) framework. This approach

integrates dynamic semantic structure learning with decoupled knowledge distillation,

allowing teacher and student networks to e↵ectively capture fine-grained semantic in-

formation while reducing reliance on high-resolution images. Our experiments demon-

strated consistent performance gains across multiple datasets and backbones, reinforcing

its adaptability to both general image classification and standard knowledge distillation

tasks. However, the requirement of simultaneous teacher-student training introduces

computational overhead, which limits its feasibility for resource-constrained environ-

ments. Future work will focus on developing more e�cient distillation strategies that

enable knowledge transfer without requiring real-time co-training with large teacher

models.

Together, this thesis makes significant contributions to advancing FGVC by systemat-

ically identifying and addressing key challenges in data e�ciency and model scalabil-

ity. The proposed methodologies bridge gaps in few-shot learning and low-resolution

classification, providing new perspectives on multi-level representation learning, struc-

tured knowledge transfer, and e�cient model adaptation. These contributions lay the

groundwork for further research aimed at improving the interpretability, robustness, and

scalability of fine-grained classification systems.

6.2 Future Work

While the methods proposed in this thesis advance FGVC research in several key areas,

several open challenges remain that warrant further exploration. Future research direc-

tions can be categorized into three main areas: algorithmic enhancements, robustness

and generalization, and practical deployment and scalability.

6.2.1 Algorithmic Enhancements

• Feature Compactness and Discriminability: The weight-centric learning ap-

proach demonstrated strong performance in few-shot settings, but feature con-

catenation introduces redundancy. Future work can explore feature selection and
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compression mechanisms, such as low-rank representations or attention-based fea-

ture refinement, to eliminate redundancy while preserving discriminative power.

• E�cient Knowledge Distillation: The DSSD framework improves low-resolution

recognition but requires computationally intensive joint training of teacher and stu-

dent models. A promising direction is one-shot or incremental distillation, where

the student model progressively learns from a fixed teacher without requiring re-

training.

• Adaptive Model Learning: Both proposed methods rely on static learning

pipelines, but real-world applications often require continuous adaptation. Future

research can develop self-supervised learning strategies that allow models to refine

their representations dynamically without the need for extensive labeled data.

6.2.2 Robustness and Generalization

• Domain Adaptation for Unseen Categories: Generalization remains a chal-

lenge, particularly when dealing with domain shifts such as variations in light-

ing, occlusions, and background noise. Future research can explore contrastive

learning, domain adaptation techniques, or meta-learning strategies to improve

cross-domain generalization.

• Enhancing Model Interpretability: Fine-grained classification models often

operate as black boxes, making it di�cult to understand their decision-making

process. Future work should integrate explainable AI (XAI) techniques, such as

attention-based visualizations, prototype-based learning, or class activation map-

pings, to enhance model transparency and trustworthiness.

• Robustness to Noisy Labels and Unreliable Annotations: Many FGVC

datasets su↵er from label noise or inconsistencies in annotation. Future models

should incorporate uncertainty estimation and self-correcting mechanisms to mit-

igate the impact of noisy labels.

6.2.3 Practical Deployment and Scalability

• Lightweight FGVC Models for Real-Time Applications: Many existing

fine-grained classification models, including those proposed in this thesis, rely on

deep architectures that may not be suitable for real-time or mobile applications.

Future work should focus on model compression techniques, such as quantization,

pruning, and lightweight neural network architectures, to enable deployment in

resource-constrained environments such as embedded systems and edge devices.
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• Human-in-the-Loop FGVC Systems: Despite advancements in automated

classification, human expertise remains crucial in many fine-grained recognition

applications (e.g., medical diagnosis, species identification, and industrial quality

control). Future research could explore interactive learning frameworks where

human experts guide model refinement through feedback loops.

• Scalability to Large-Scale FGVC Datasets: While the proposed methods

perform well on benchmark datasets, scalability to large-scale, real-world fine-

grained datasets remains an open challenge. E�cient training paradigms, such

as distributed learning and self-supervised pretraining on large-scale unlabeled

datasets, should be explored.

6.3 Final Remarks

In the broader landscape of computer vision, the research presented in this thesis con-

tributes to a growing body of work seeking to improve data e�ciency and adaptabil-

ity in recognition tasks. While our methods target the specific challenges of few-shot

and low-resolution fine-grained classification, their design principles—such as multi-level

representation learning and semantic structure distillation—are applicable to other vi-

sual domains. These approaches align with a broader trend in computer vision towards

learning transferable and structured representations that can generalize across tasks and

domains.

Importantly, the rapid development of large-scale pretrained vision models, such as

CLIP, DINO, and SAM, has redefined the baseline for many visual tasks. These mod-

els demonstrate remarkable zero-shot and cross-domain capabilities, primarily through

self-supervised or vision-language pretraining. Our work complements this trajectory

by addressing scenarios where pretrained models alone may fall short, such as in low-

resolution inputs or highly imbalanced fine-grained categories where general-purpose

representations are insu�ciently specific. Future work may explore integrating our

techniques—particularly the semantic-aware distillation and classifier-centric few-shot

learning—with pretrained backbones to further enhance performance in limited-data

regimes.

In this context, the methodologies proposed in this thesis can be seen not only as stan-

dalone solutions but also as complementary components that can enhance or refine the

capabilities of general-purpose vision models. As pretrained models become more ubiq-

uitous, the need for modular, task-adaptive, and e�cient fine-tuning strategies like those

proposed here will only grow.
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[12] Matthieu Guillaumin, Daniel Küttel, and Vittorio Ferrari. Imagenet auto-

annotation with segmentation propagation. International Journal of Computer

Vision, 110(3):328–348, 2014.

[13] Shu Kong and Charless Fowlkes. Low-rank bilinear pooling for fine-grained clas-

sification. In Proceedings of the IEEE conference on computer vision and pattern

recognition, pages 365–374, 2017.

[14] Jianlong Fu, Heliang Zheng, and Tao Mei. Look closer to see better: Recurrent

attention convolutional neural network for fine-grained image recognition. In Pro-

ceedings of the IEEE conference on computer vision and pattern recognition, pages

4438–4446, 2017.

[15] Lianbo Zhang, Shaoli Huang, Wei Liu, and Dacheng Tao. Learning a mixture

of granularity-specific experts for fine-grained categorization. In Proceedings of

the IEEE/CVF International Conference on Computer Vision, pages 8331–8340,

2019.

[16] Ruoyi Du, Dongliang Chang, Ayan Kumar Bhunia, Jiyang Xie, Zhanyu Ma, Yi-

Zhe Song, and Jun Guo. Fine-grained visual classification via progressive multi-

granularity training of jigsaw patches. In European Conference on Computer Vi-

sion, pages 153–168. Springer, 2020.

[17] Maria-Elena Nilsback. An automatic visual flora-segmentation and classification

of flower images. PhD thesis, Oxford University, 2009.

[18] Yue Chen, Yalong Bai, Wei Zhang, and Tao Mei. Destruction and construction

learning for fine-grained image recognition. In Proceedings of the IEEE/CVF Con-

ference on Computer Vision and Pattern Recognition, pages 5157–5166, 2019.

[19] Shaoli Huang, Xinchao Wang, and Dacheng Tao. Stochastic partial swap: En-

hanced model generalization and interpretability for fine-grained recognition. In

Proceedings of the IEEE/CVF International Conference on Computer Vision,

pages 620–629, 2021.



Bibliography 79

[20] David G Lowe. Object recognition from local scale-invariant features. In Proceed-

ings of the seventh IEEE international conference on computer vision, volume 2,

pages 1150–1157. Ieee, 1999.

[21] Navneet Dalal and Bill Triggs. Histograms of oriented gradients for human detec-

tion. In 2005 IEEE computer society conference on computer vision and pattern

recognition (CVPR’05), volume 1, pages 886–893. Ieee, 2005.

[22] Jorge Sánchez, Florent Perronnin, Thomas Mensink, and Jakob Verbeek. Image

classification with the fisher vector: Theory and practice. International journal of

computer vision, 105(3):222–245, 2013.

[23] Peter Welinder, Steve Branson, Takeshi Mita, Catherine Wah, Florian Schro↵,

Serge Belongie, and Pietro Perona. Caltech-ucsd birds 200. 2010.

[24] Catherine Wah, Steve Branson, Peter Welinder, Pietro Perona, and Serge Belongie.

The caltech-ucsd birds-200-2011 dataset. 2011.

[25] Grant Van Horn, Steve Branson, Ryan Farrell, Scott Haber, Jessie Barry, Panos

Ipeirotis, Pietro Perona, and Serge Belongie. Building a bird recognition app and

large scale dataset with citizen scientists: The fine print in fine-grained dataset

collection. In Proceedings of the IEEE Conference on Computer Vision and Pattern

Recognition, pages 595–604, 2015.

[26] Xiu-Shen Wei, Yi-Zhe Song, Oisin Mac Aodha, Jianxin Wu, Yuxin Peng, Jinhui

Tang, Jian Yang, and Serge Belongie. Fine-grained image analysis with deep learn-

ing: A survey. IEEE Transactions on Pattern Analysis and Machine Intelligence,

2021.

[27] Yin Cui, Yang Song, Chen Sun, Andrew Howard, and Serge Belongie. Large scale

fine-grained categorization and domain-specific transfer learning. In Proceedings of

the IEEE conference on computer vision and pattern recognition, pages 4109–4118,

2018.

[28] Pierre Sermanet, Andrea Frome, and Esteban Real. Attention for fine-grained

categorization. arXiv preprint arXiv:1412.7054, 2014.

[29] Michael Sperazza, Johnnie N Moore, and Marc S Hendrix. High-resolution par-

ticle size analysis of naturally occurring very fine-grained sediment through laser

di↵ractometry. Journal of Sedimentary Research, 74(5):736–743, 2004.

[30] Je↵ Donahue, Yangqing Jia, Oriol Vinyals, Judy Ho↵man, Ning Zhang, Eric

Tzeng, and Trevor Darrell. Decaf: A deep convolutional activation feature for



Bibliography 80

generic visual recognition. In International conference on machine learning, pages

647–655. PMLR, 2014.

[31] Di Lin, Xiaoyong Shen, Cewu Lu, and Jiaya Jia. Deep lac: Deep localization,

alignment and classification for fine-grained recognition. In Proceedings of the

IEEE conference on computer vision and pattern recognition, pages 1666–1674,

2015.

[32] Kevin J Shih, Arun Mallya, Saurabh Singh, and Derek Hoiem. Part localiza-

tion using multi-proposal consensus for fine-grained categorization. arXiv preprint

arXiv:1507.06332, 2015.

[33] Ning Zhang, Je↵ Donahue, Ross Girshick, and Trevor Darrell. Part-based r-cnns

for fine-grained category detection. In European conference on computer vision,

pages 834–849. Springer, 2014.

[34] Yaming Wang, Vlad I Morariu, and Larry S Davis. Learning a discriminative

filter bank within a cnn for fine-grained recognition. In Proceedings of the IEEE

conference on computer vision and pattern recognition, pages 4148–4157, 2018.

[35] Kunran Xu, Rui Lai, Lin Gu, and Yishi Li. Multiresolution discriminative mixup

network for fine-grained visual categorization. IEEE Transactions on Neural Net-

works and Learning Systems, 2021.

[36] M-E Nilsback and Andrew Zisserman. A visual vocabulary for flower classification.

In 2006 IEEE Computer Society Conference on Computer Vision and Pattern

Recognition (CVPR’06), volume 2, pages 1447–1454. IEEE, 2006.

[37] Catherine Wah, Steve Branson, Pietro Perona, and Serge Belongie. Multiclass

recognition and part localization with humans in the loop. In 2011 International

Conference on Computer Vision, pages 2524–2531. IEEE, 2011.

[38] Jia Deng, Jonathan Krause, and Li Fei-Fei. Fine-grained crowdsourcing for fine-

grained recognition. In Proceedings of the IEEE conference on computer vision

and pattern recognition, pages 580–587, 2013.

[39] Catherine Wah, Grant Van Horn, Steve Branson, Subhransu Maji, Pietro Perona,

and Serge Belongie. Similarity comparisons for interactive fine-grained categoriza-

tion. In Proceedings of the IEEE Conference on Computer Vision and Pattern

Recognition, pages 859–866, 2014.

[40] Yin Cui, Feng Zhou, Yuanqing Lin, and Serge Belongie. Fine-grained catego-

rization and dataset bootstrapping using deep metric learning with humans in



Bibliography 81

the loop. In Proceedings of the IEEE conference on computer vision and pattern

recognition, pages 1153–1162, 2016.

[41] Ning Zhang, Ryan Farrell, and Trever Darrell. Pose pooling kernels for sub-

category recognition. In 2012 IEEE Conference on Computer Vision and Pattern

Recognition, pages 3665–3672. IEEE, 2012.

[42] Ning Zhang, Ryan Farrell, Forrest Iandola, and Trevor Darrell. Deformable part

descriptors for fine-grained recognition and attribute prediction. In Proceedings of

the IEEE International Conference on Computer Vision, pages 729–736, 2013.

[43] Jonathan Krause, Hailin Jin, Jianchao Yang, and Li Fei-Fei. Fine-grained recogni-

tion without part annotations. In Proceedings of the IEEE conference on computer

vision and pattern recognition, pages 5546–5555, 2015.

[44] Marcel Simon and Erik Rodner. Neural activation constellations: Unsupervised

part model discovery with convolutional networks. In Proceedings of the IEEE

international conference on computer vision, pages 1143–1151, 2015.

[45] Xiaopeng Zhang, Hongkai Xiong, Wengang Zhou, Weiyao Lin, and Qi Tian. Pick-

ing deep filter responses for fine-grained image recognition. In Proceedings of the

IEEE conference on computer vision and pattern recognition, pages 1134–1142,

2016.

[46] Heliang Zheng, Jianlong Fu, Tao Mei, and Jiebo Luo. Learning multi-attention

convolutional neural network for fine-grained image recognition. In Proceedings of

the IEEE international conference on computer vision, pages 5209–5217, 2017.

[47] Xuhui Yang, Yaowei Wang, Ke Chen, et al. Fine-grained object classification

via self-supervised pose alignment. In Computer Vision and Pattern Recognition,

2022.

[48] Tsung-Yu Lin, Aruni RoyChowdhury, and Subhransu Maji. Bilinear cnn mod-

els for fine-grained visual recognition. In Proceedings of the IEEE international

conference on computer vision, pages 1449–1457, 2015.

[49] Yang Gao, Oscar Beijbom, Ning Zhang, and Trevor Darrell. Compact bilinear

pooling. In Proceedings of the IEEE conference on computer vision and pattern

recognition, pages 317–326, 2016.

[50] Sijia Cai, Wangmeng Zuo, and Lei Zhang. Higher-order integration of hierarchical

convolutional activations for fine-grained visual categorization. In Proceedings of

the IEEE International Conference on Computer Vision, pages 511–520, 2017.



Bibliography 82

[51] Dequan Wang, Zhiqiang Shen, Jie Shao, Wei Zhang, Xiangyang Xue, and Zheng

Zhang. Multiple granularity descriptors for fine-grained categorization. In Proceed-

ings of the IEEE international conference on computer vision, pages 2399–2406,

2015.

[52] Zhe Xu, Shaoli Huang, Ya Zhang, and Dacheng Tao. Augmenting strong super-

vision using web data for fine-grained categorization. In Proceedings of the IEEE

international conference on computer vision, pages 2524–2532, 2015.

[53] Lianbo Zhang, Shaoli Huang, and Wei Liu. Intra-class part swapping for fine-

grained image classification. In Proceedings of the IEEE/CVF Winter Conference

on Applications of Computer Vision, pages 3209–3218, 2021.

[54] Shaoli Huang, Xinchao Wang, and Dacheng Tao. Snapmix: Semantically pro-

portional mixing for augmenting fine-grained data. In Proceedings of the AAAI

Conference on Artificial Intelligence, volume 35, pages 1628–1636, 2021.

[55] Weifeng Ge, Xiangru Lin, and Yizhou Yu. Weakly supervised complementary parts

models for fine-grained image classification from the bottom up. In Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages

3034–3043, 2019.

[56] Ming Sun, Yuchen Yuan, Feng Zhou, and Errui Ding. Multi-attention multi-

class constraint for fine-grained image recognition. In Proceedings of the European

Conference on Computer Vision (ECCV), pages 805–821, 2018.

[57] Wei Luo, Xitong Yang, Xianjie Mo, Yuheng Lu, Larry S Davis, Jun Li, Jian

Yang, and Ser-Nam Lim. Cross-x learning for fine-grained visual categorization.

In Proceedings of the IEEE/CVF International Conference on Computer Vision,

pages 8242–8251, 2019.

[58] Zhenchao Tang, Hualin Yang, and Calvin Yu-Chian Chen. Weakly supervised

posture mining for fine-grained classification. In Computer Vision and Pattern

Recognition, 2023.

[59] Ju He, Jie-Neng Chen, Shuai Liu, et al. Transfg: A transformer architecture for

fine-grained recognition. In AAAI Conference on Artificial Intelligence, 2022.

[60] Jun Wang, Xiaohan Yu, and Yongsheng Gao. Feature fusion vision transformer

for fine-grained visual categorization. arXiv preprint arXiv:2107.02341, 2021.

[61] Yunqing Hu, Xuan Jin, Yin Zhang, et al. Rams-trans: Recurrent attention multi-

scale transformer for fine-grained image recognition. In International Conference

on Multimedia, 2021.



Bibliography 83

[62] Sangwon Kim, Jaeyeal Nam, and Byoung Chul Ko. Vit-net: Interpretable vision

transformers with neural tree decoder. In International Conference on Machine

Learning, 2022.

[63] Qin Xu, Jiahui Wang, Bo Jiang, et al. Fine-grained visual classification via internal

ensemble learning transformer. IEEE Transactions on Multimedia, 2023.

[64] Peter N Belhumeur, Daozheng Chen, Steven Feiner, David W Jacobs, W John

Kress, Haibin Ling, Ida Lopez, Ravi Ramamoorthi, Sameer Sheorey, Sean White,

et al. Searching the world’s herbaria: A system for visual identification of plant

species. In European Conference on Computer Vision, pages 116–129. Springer,

2008.

[65] Carola Figueroa Flores, Abel Gonzalez-Garcia, Joost van de Weijer, and Bogdan

Raducanu. Saliency for fine-grained object recognition in domains with scarce

training data. Pattern Recognition, 2019.

[66] Qi Wang, JianJun Wang, Hongyu Deng, et al. Aa-trans: Core attention aggregat-

ing transformer with information entropy selector for fine-grained visual classifi-

cation. Pattern Recognition, 2023.

[67] Lubomir Bourdev and Jitendra Malik. Poselets: Body part detectors trained

using 3d human pose annotations. In 2009 IEEE 12th International Conference

on Computer Vision, pages 1365–1372. IEEE, 2009.

[68] Lianbo Zhang, Shaoli Huang, and Wei Liu. Learning sequentially diversified rep-

resentations for fine-grained categorization. Pattern Recognition, 2022.

[69] Kaiming He, Georgia Gkioxari, Piotr Dollár, and Ross Girshick. Mask r-cnn.

In Proceedings of the IEEE international conference on computer vision, pages

2961–2969, 2017.

[70] Charles Sutton and Andrew McCallum. An introduction to conditional random

fields for relational learning. Introduction to statistical relational learning, 2:93–

128, 2006.

[71] Heliang Zheng, Jianlong Fu, Zheng-Jun Zha, and Jiebo Luo. Looking for the devil

in the details: Learning trilinear attention sampling network for fine-grained image

recognition. In Proceedings of the IEEE/CVF Conference on Computer Vision and

Pattern Recognition, pages 5012–5021, 2019.

[72] Yao Ding, Yanzhao Zhou, Yi Zhu, Qixiang Ye, and Jianbin Jiao. Selective sparse

sampling for fine-grained image recognition. In Proceedings of the IEEE/CVF

International Conference on Computer Vision, pages 6599–6608, 2019.



Bibliography 84

[73] Subhransu Maji, Esa Rahtu, Juho Kannala, Matthew Blaschko, and An-

drea Vedaldi. Fine-grained visual classification of aircraft. arXiv preprint

arXiv:1306.5151, 2013.

[74] Jonathan Krause, Jia Deng, Michael Stark, and Li Fei-Fei. Collecting a large-scale

dataset of fine-grained cars. 2013.

[75] Aditya Khosla, Nityananda Jayadevaprakash, Bangpeng Yao, and Fei-Fei Li. Novel

dataset for fine-grained image categorization: Stanford dogs. In Proc. CVPR

Workshop on Fine-Grained Visual Categorization (FGVC), volume 2. Citeseer,

2011.

[76] Grant Van Horn, Oisin Mac Aodha, Yang Song, Yin Cui, Chen Sun, Alex Shep-

ard, Hartwig Adam, Pietro Perona, and Serge Belongie. The inaturalist species

classification and detection dataset. In Proceedings of the IEEE conference on

computer vision and pattern recognition, pages 8769–8778, 2018.

[77] Maria-Elena Nilsback and Andrew Zisserman. Automated flower classification over

a large number of classes. In 2008 Sixth Indian Conference on Computer Vision,

Graphics & Image Processing, pages 722–729. IEEE, 2008.

[78] Lukas Bossard, Matthieu Guillaumin, and Luc Van Gool. Food-101–mining dis-

criminative components with random forests. In European conference on computer

vision, pages 446–461. Springer, 2014.

[79] Linjie Yang, Ping Luo, Chen Change Loy, and Xiaoou Tang. A large-scale car

dataset for fine-grained categorization and verification. In Proceedings of the IEEE

conference on computer vision and pattern recognition, pages 3973–3981, 2015.

[80] Saihui Hou, Yushan Feng, and Zilei Wang. Vegfru: A domain-specific dataset

for fine-grained visual categorization. In Proceedings of the IEEE International

Conference on Computer Vision, pages 541–549, 2017.
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