2025 IEEE International Conference on Systems, Man, and Cybernetics (SMC) | 979-8-3315-3358-8/25/$31.00 ©2025 IEEE | DOI: 10.1109/SMC58881.2025.11343602

2025 IEEE International Conference on Systems, Man, and Cybernetics (SMC)

October 5-8, 2025. Vienna, Austria

Few-Shot Fine-Grained Image Classification via Vision Transformer

Yongqi Liu!, Tong Xiao?, Zeao Chen', Chen Zhou' and Zhi-Jie Wang!

Abstract— Few-shot fine-grained image classification (FS-
FGIC) is to classify images of the same class into fine-grained
subclasses, where only a very limited number of labeled
samples in each subclass are available (e.g., 5 or even 1
labeled sample). For most of existing methods, the feature
representation capabilities are insufficient, which may harm the
performance. Vision Transformers (ViTs) have shown strong
feature representation capabilities in many research fields. In
this paper, we attempt to solve FSFGIC problem via ViT or its
variants. Generally, we use an enhanced ViT as the backbone
and adopt a three-stage training strategy. More specifically, (i)
we utilize an image matting module to enhance the focus of
ViT on the main subjects of images; (ii) we introduce a part
selection module to better focus on local image details; and (iii)
we incorporate an AdaptMLP module into each Transformer
Encoder to reduce the number of parameters that require
fine-tuning. Extensive experiments based on three benchmark
datasets show us that the proposed model is highly competitive,
compared against state-of-the-art models.

I. INTRODUCTION

Image classification has received much attention due to its
wide applications [1]. In this community, there are two hot
topics: (i) few-shot image classification (FSIC), and (ii) fine-
grained image classification (FGIC). Generally speaking,
FSIC is required to recognize new image classes based on a
limited number of labeled samples. Compared to traditional
image classification, the scarcity of samples in FSIC easily
incurs inadequate model training, posing a significant chal-
lenge when models encounter new classes [2], [3]. As for
FGIC, it needs to classify images within the same class into
fine-grained subclasses. This requires the model to possess
a strong feature representation capability, so as to focus
on the subtle feature variations between subclasses [4], [5].
Recently, an increasing number of researchers have begun to
explore a more challenging problem: few-shot fine-grained
image classification (FSFGIC), which is a combination of the
above problems. FSFGIC integrates their challenges, namely,
learning subtle feature differences between subclasses when
only limited labeled samples are available [6], [7].

In literatures, a popular approach is to employ lightweight
models (e.g., Conv-4, ResNet-12) as the backbone for
model training. The limited number of parameters in these
backbones is helpful to mitigate the challenges posed by
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the scarcity of training samples in few-shot settings. Nev-
ertheless, the feature representation capabilities of these
lightweight models are often inferior to large-parameter
models, particularly in capturing fine-grained details [8]. We
note that some researchers have begun to employ large-
parameter models (e.g., ResNet-50 and ResNet-256) for
FSFGIC problem. Nevertheless, compared to competitive
models, the above mentioned models are considered to be
outdated, as their feature representation capabilities are still
insufficient [9].

Recently, Vision Transformers (ViTs) [10], owing to their
powerful feature representation capability, have demonstrated
excellent performance in many research fields including
object detection [11], facial recognition [12], video clas-
sification [13], and fine-grained image classification [14].
A natural question is: whether ViT can be also effectively
used for FSFGIC problem? To this end, we make the first
attempt to solve FSFGIC problem via ViT or its variants.
We note that, under the constraints of few-shot setting,
the limited training samples challenge the effective training
of ViTs, which have a large number of parameters. This
impedes ViTs to fully realize their potential. To address it, we
develop a framework that not only addresses these training
challenges but also further enhances the attention to fine-
grained details, thereby achieving a favorable performance.
Generally, we employ an enhanced ViT as the backbone
and adopt a three-stage training pipeline (pre-training, meta-
training, and fine-tuning). More specifically, to enhance the
focus of ViT on the main subjects of images, we utilize
an image matting module to segment the foreground from
each image and eliminate background noise; to focus on
local image details, we introduce a part selection module
before the last Transformer Encoder in our ViT; in addition,
we incorporate an AdaptMLP module into each Transformer
Encoder to reduce the number of parameters that require fine-
tuning. To summarize, our main contributions can be listed
as follows:

e We develop a ViT-based model to address FSFGIC
problem. Our model is simple, easy-to-implement, but
without loss of effectiveness. To the best of our knowl-
edge, this is the first work to address FSFGIC based on
ViTs.

« We conduct extensive experiments on three benchmark
datasets including CUB-200-2011, Stanford Dogs, and
Stanford Car. The experimental results consistently
show us that the proposed method can achieve com-
petitive performance, compared against state-of-the-art
methods.
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II. RELATED WORK

In this section, we review previous work most relevant to
ours.
Few-shot image classification. Methods for FSIC can be
classified into three categories: (i) meta learning-based [15],
(i1) data augmentation-based [3], and (iii) transfer learning-
based [2]. Meta learning is to “’learn how to learn”. Typical
meta learning-based methods include ProtoNet [15] and
MAML [16]. Data augmentation-based methods expand the
training set by generating additional samples [3]. As for
transfer learning-based methods, they often leverage models
pre-trained on large datasets, and mainly involve pre-training
stage and fine-tuning stage, in order to transfer existing
knowledge to new tasks [17]. The above mentioned methods
work well for FSIC, they however are ineffective for FGIC.
Fine-grained image classification. Methods for FGIC can
be roughly divided into two categories: (i) localization-based,
and (ii) feature encoding-based. The former often trains a
network to identify the most discriminative regions in images
and reuses them for classification; typical methods include
Deep LAC [4], DF-GMM [5], and PA-CNN [18]. In contrast,
the latter often acquires more insightful features through
either deriving higher-level data interactions or uncovering
the connections within comparative element pairs; typical
methods include BCNN [19], DeepKSPD [20] and FDL [21].
The above methods work well for FGIC, whereas they are
often unusable for FSIC.
Few-shot fine-grained image classification. As for FS-
FGIC, researchers also made a lot of efforts. Existing studies
can be generally classified into two categories: (i) light-
weight-based methods, where they select light-weight models
such as Conv-4 and ResNet-12 as the backbones; and (ii)
heavy-weight-based methods, where they employ models
with large-scale parameters such as ResNet-50 and ResNet-
256 as the backbones. The former ones can be adequately
trained on a small number of samples, and representative
methods include C2-Net [8], BSFA [6], BSNet [7], Fic-
Net [22], MetalRNet [23], BTG-net [24], and so on. As
for the latter, they often have better feature representation
capabilities, and representative methods include DEML [9]
and RaPSPNet [25]. Nevertheless, the feature representation
capabilities of these methods are still insufficient. We note
that ViTs have larger parameters and stronger feature repre-
sentation capabilities, and exhibited excellent performance in
various fields such as object detection [11], text recognition
[26], and video classification [13]. It is obviously interesting
and valuable to explore ViT-based method for FSFGIC
problem. This is just the focus of our paper.

III. METHODOLOGY
A. Problem Formulation

Following the previous study [27], given a dataset D =
{(Xi,9:) | yi € Y}, we divide it into three parts: training
set Dipain = {(Xi,ui) | ¥i € Yirain}, validation set
Dyar = {(Xi,ui) | yi € Yy}, and test set Diosr =
{(Xi,yi) | yi € Yiest}, where (X;,y;) is the raw feature

vector and class label of the 7t/ image, Y is the set of all class
labels in D, Yirqin U Yiest U Yyar =Y and Yirgin N Yiest N
Yyar = 0. FSFGIC aims to perform an “n-way k-shot” image
classification task on D;.s; using the knowledge learned
from Dy,q;n and validated on D,, with the same task;
where n is the number of classes randomly sampled from
Yiest!Yirain!/Yvai, and k is the number of labeled images
randomly sampled from each class. In addition, u unlabeled
images are randomly sampled from each class. The set of
the n x k labeled images is called the support set, and the
set of the n x u unlabeled images is the query set. The goal
of the “n-way k-shot” image classification task is to classify
the images in the query set given the support set.

B. Overview of Our Framework

As shown in Fig. 1, our framework takes ViT as the
backbone, on which we integrate three key modules (i.e.,
@ Image Matting, @ AdaptMLP, and ® Part Selection) to
accomplish the FSFGIC task. The overall workflow of our
framework is as follows:

(1) Firstly, the query image for classification goes through
the Image Matting module, which removes the background
and retains only the foreground of the image, to eliminate
the influence of background noise.

(2) Secondly, the image is split into fixed-size patches in
a grid-based manner. Specifically, assume the resolution of
the image is (H x W) and that of the patch is (P x P), then
the image is split into (%) X (%) patches.

(3) Thirdly, these patches are flattened and transformed
into a sequence of vectors (called patch embeddings) through
a linear projection. In addition, a learnable class embedding
is prepended to the sequence of patch embeddings, whose
final state serves as the representation of the image and is
used for classification.

(4) Fourthly, each patch embedding is added with a
position embedding, to retain the position information of
each patch.

(5) Fifthly, the sequence of patch embeddings is fed into
L — 1 layers of Transformer Encoder, each of which has a
Multi-Head Self-Attention (MHSA) block and an AdaptMLP
module. Inspired by [28], here the AdaptMLP module is
used to replace the MLP block in each Transformer Encoder,
so as to reduce the number of parameters that need fine-
tuning.

(6) Sixthly, the Part Selection module is used to determine
the importance of each patch embedding, according to the
L — 1 attention matrices in the aforementioned Transformer
Encoders. Only important patch embeddings that contain
discriminative feature details are retained and passed to
the final layer of the Transfomer Encoder with the class
embedding.

(7) Finally, the class embedding after the last layer of
Transfomer Encoder is input into the ProtoNet for classi-
fication.

Considering the large parameter size of ViT, our frame-
work adopts a three-stage training pipeline to ensure suf-
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Fig. 1: The overview of our framework and three key modules: @ Image Matting, @ AdaptMLP and @ Part Selection.

ficient training, i.e., pre-training — meta-training — fine-
tuning.

C. Details of Key Modules

In this subsection, we explain the details of the three key
modules in our framework.

1) Image Matting: To make the ViT focus on the salient
subject of the query image that contains discriminative infor-
mation, we introduce the Image Matting module to remove
background noise.

As shown in Fig.1, the Image Matting module first em-
ploys a U2-Net [29], a salient object detection model, to
generate a foreground mask, as U2-Net can autonomously
identify the most visually appealing parts of an image.
Assume the input query image is I € RI*WxXC where
(H,W) is the resolution of the image and C' is the number
of channels, the foreground mask M € RH*W output by
the U2-Net has the following form:

0
M;; ="
5J {1,

Then, the foreground of image I (denoted as F €
REXWXCY can be calculated as follows:

Fi = Ii,j,c . Mi,j —+w - (1 — Mi,j)

if I; ; belongs to the background, 0

else.

2

where 4, j, and c represent the row, column, and channel
index of a pixel, respectively, w is set to 255 so that the
backgroud is filled with white.

2) AdaptMLP: We introduce the AdaptMLP module to
reduce the number of trainable parameters in fine-tuning.
Specifically, for each Transformer Encoder in ViT, we re-
place its MLP block with an AdaptMLP module.

As shown in Fig.1, AdaptMLP consists of two branches:
(1) The left branch has an MLP block that is the same
as that in vanilla ViT; (2) The right branch includes a
down-projection which compresses the dimensionality of the

»JsC

input, an up-projection which restores the dimensionality,
and a ReLU activation function in-between to provide non-
linear transformation. Assume the output of MHSA in the
I*" Transformer Encoder is xi, the functions of these two
branches can be formulated as follows:

x/“/t = MLP (LN (x})) 7

X' = ReLU (LN (1) - Waown ) - Wop,

3)
“4)

left right

where x;”" (resp. x; ©) is the output of the left (resp. right)
branch, MLP( ) represents the function of the MLP block,
LN(-) denotes the layer normalization before AdaptMLP,
Waown € R and W, € Rbm*d gre the weight ma-
trix of the down-projection and up-projection, respectively,
dgown << d. Finally, the outputs of the two branches are added
to obtain the output of the AdaptMLP module, as follows:

left (5)

ht
= x| rig

+ 5 X R
where s is a scaling factor.

During the fine-tuning process, all parameters in the ViT
will be frozen, except those in the right branch of AdaptMLP.
By this, we aim to reduce the number of trainable parameters
in fine-tuning, thus mitigating the risk of overfitting under
few-shot settings.

3) Part Selection: Inspired by [14], we introduce the Part
Selection module to focus on discriminative details, so as to
capture subtle differences between images from fine-grained
subclasses.

Specifically, as shown in Fig.l, we first multiply the
attention matrices from the first L — 1 layers of Transformer
Encoder one by one, as follows:

L—1

Aselection = H Al7 (6)
=1

A= [A7 A7 AR, (7)

1552

Authorized licensed use limited to: CHONGQING UNIVERSITY. Downloaded on February 08,2026 at 11:58:03 UTC from IEEE Xplore. Restrictions apply.



where A; is the attention matrix from the [*" layer of
Transformer Encoder, A} (i € {1,2,...K}) represents the
attention matrix of its ' attention head, and K is the
number of attention heads. For ease of explanation, we define
Al i€{1,2,...K}) as follows:

; (

selection
L-1

% _ )

selection — H Al' (8)
=1

Then, for i € {1,2,... K}, we select a patch embedding
with the maximum attention product in A%, . . Finally,
the class embedding in the (L — 1)* layer of Transformer
Encoder and these selected patch embeddings are passed to

the last Transformer Encoder layer.

D. Model Training

Motivated by [30], we adopt a three-stage training pipeline
consisting of pre-training, meta-training, and fine-tuning, in
order to thoroughly train our framework.

1) Pre-training: At this stage, we first load a ViT check-
point pre-trained on ImageNet21K'!. We then continue pre-
training it on ImageNetl1K? to initialize the parameters not
present in the checkpoint, e.g., those of the AdaptMLP
module.

2) Meta-training: At this stage, we train our framework
in a meta-learning fashion using the ProtoNet [15] loss. To
ensure adequate training, we first extend the training set
Dyrqin, With datasets from the same domain as the dataset
D but with non-overlapping classes to avoid data leakage.
Then, we construct a support set and a query set from this
extended training set as described in Section III-A.

For each class j in the support set, the ProtoNet computes
a prototype of it (denoted as c;) as follows:

¢ = % > S, ©)

where k is the number of images belonging to class j in the
support set, x; and y; are the feature vector and class label of
the 7*" image, respectively, and f(-) represents the function
of the ViT.

Then, for an image x4 in the query set, the probability
that it belongs to class j is calculated based on a softmax
over its distances to all prototypes, as follows:

TN exp(—d(f(zq), ;)
ply=7|zq) Zj’ exp(—d(f(zq), ;)

where d(-) is a distance function, which is Euclidean distance
in this paper.

Finally, we can update all parameters by minimizing the
loss defined as follows using gradient descent:

(10)

During the meta-training process, a support set and a
query set are also constructed from the validation set D,
as described in Section III-A to periodically validate the
performance of our framework.

3) Fine-tuning: At this stage, we fine-tune only the pa-
rameters of the AdaptMLP’s right branch while the others
are frozen, in the same fashion as meta-training but using
different support sets and query sets. Specifically, the support
set at this stage is the support set from the test dataset D¢y,
and the query set is obtained by augmenting the support set.
Using the ProtoNet loss as in meta-training, the parameters of
the AdaptMLP’s right branch can be updated by minimizing
the loss using gradient descent.

IV. EXPERIMENTS

A. Experimental Setup

1) Evaluation metric & datasets: Following prior works
[8], [25], [31], we use accuracy as the evaluation metric, and
we use three benchmark datasets (CUB200-20113, Stanford
Dogs4, and Stanford Carss) to evaluate our method. Note
that, as for meta-training, expansion data is needed. Four
datasets (NABirds®, the Dogs-in-the-Wild’, TsingHua Dogs®
and CompCars®) are used to form the expansion data.

As for benchmark datasets, CUB-200-2011 is divided into
100 training, 50 validation and 50 testing classes; Stanford
Dogs is split into 70 training, 10 validation and 40 testing
classes; and Stanford Cars is divided into 120 training, 26
validation and 50 testing classes. In the meta-training phase,
we employ NaBirds in combination with CUB-200-2011
training set to form the expansion data. Similarly, the Dogs-
in-the-Wild and Tsinghua Dogs datasets are integrated with
the Stanford Dogs training set; and the CompCars is merged
with the Stanford Cars training set. It is worthy noting that
we eliminate categories that overlap with those in three
benchmarks from expansion datasets.

2) Implementation details: We used ViT-B/16 as the back-
bone (actually, a variant of ViT-B/16 since it contains newly
added modules or elements, e.g., part selection module).
All input images are resized to 84 X 84 pixels before
being processed. We perform 5-way 1-shot and 5-way 5-shot
experiments in which the number of query set samples is set
to 10. As for fine-tuning phase, we employ standard data
augmentation techniques, including random crop, horizontal
flip, and color jitter. The experiments are conducted on
an NVIDIA 4090 GPU. We employ the cross-entropy loss
function as our optimization criterion. The model parameters

3https://www.vision.caltech.edu/datasets/cub_200_
2011

“http://vision.stanford.edu/aditya86/ImageNetDogs

Shttps://ai.stanford.edu/~jkrause/cars/car_

L=—logp(y =7 |x,), (1) 4ataset.nhtml
. 6https://dl.allaboutbirds.org/nabirds
where J 18 the true class of Lq. Thttps://dl.allaboutbirds.org/nabirds
8https://ai.baidu.com/broad/introduction?dataset=
https://storage.googleapis.com/vit_models/ canine
imagenet21k/ViT-B_16.npz https://mmlab.ie.cuhk.edu.hk/datasets/comp_cars/
2https://image-net.org index.html
1553

Authorized licensed use limited to: CHONGQING UNIVERSITY. Downloaded on February 08,2026 at 11:58:03 UTC from IEEE Xplore. Restrictions apply.



CUB-200-2011

Method Publication Backbone

Stanford Dogs Stanford Cars

S-way l-shot  5-way 5-shot  5-way l-shot  5-way 5-shot  5-way l-shot  5-way 5-shot

OLSA [31] MM 2021 ResNet-12 77.77+0.44 89.87+0.24 64.15+0.49 78.28+0.32 77.03+0.46 88.85+0.46
RaPSPNet [25] PR 2024 ResNet-256 76.64+0.86 92.73+0.46 61.46+0.82 78.73+0.62 78.84+0.69 93.79+0.49
C2-Net [8] AAAIT 2024 Conv-4 78.66+0.46 89.43+0.28 66.42+0.50 81.23+0.34 81.29+0.45 91.08+0.26
BSFA [6] TCSVT 2023  ResNet-12 82.27+0.46 90.76+0.26 69.58+0.50 82.59+0.33 88.93+0.38 95.20+0.20
FicNet [22] TMM 2024 ResNet-12 80.97+0.57 93.17+0.32 72.41+0.64 85.11+0.37 86.81+0.47 95.36+0.22
SRN [32] PR 2024 ResNet-12 83.82+0.18 93.45+0.10 76.54+0.21 88.52+0.12 88.02+0.16 96.23+0.07
FRN+TDM [33] PR 2024 ResNet-12 83.95+0.18 93.17+0.10 77.01+0.21 88.60+0.12 89.27+0.16 96.89+0.06
Bi-FRN [27] AAAT 2023 ResNet-12 85.44+0.18 94.73+0.09 76.89+0.21 88.27+0.12 90.44+0.15 97.49+0.05
Ours - ViT-B/16 84.88+0.56 95.26+0.98 76.10+0.95 89.38+0.83 95.40+0.64 98.32+0.88

TABLE I: Comparison of Methods Across Datasets (5-way 5-shot and 5-way 1-shot) Across Three Benchmarks. The number
in the table represents top-1 accuracy percentages for classification tasks.

are updated using the Adam optimizer. During the meta-
training phase, the learning rate is set to 1 x 10~ for the 5-
way 5-shot setting and 1 x 10~ for the 5-way 1-shot setting.
In the fine-tuning phase, the learning rates are adjusted to
1 x 1075 for the 5-way 5-shot setting and 1 x 10~° for the
5-way 1-shot setting.

B. Comparing with State-Of-The-Arts

Table I presents the comparison results. We observe that
our method achieves the best performance on the 5-way 5-
shot tasks on all these three benchmark datasets, demonstrat-
ing the superiority of our proposed model. As for the 5-way
1-shot task, our method achieves the best performance on
the Stanford Cars dataset, and it ranks top-2 on the CUB-
200-2011 dataset, further demonstrating its competitiveness.
Note that, although our method on the 5-way 1-shot tasks
for Stanford Dogs is inferior to several baselines, it accuracy
is near to theirs. Besides, the higher variance (+ values) in
our data is mainly due to the limited device memory, which
restricted the number of query sets to 10. This smaller sample
size compared to other studies results in larger fluctuations.
In a nutshell, our method is highly competitive.

C. Ablation Study

1) Effectiveness of Image Matting: We evaluate the per-
formance using an identical architecture but without image
matting module. We can see from Table II that image matting
module has a significant impact on both 1-shot and 5-
shot setting across three benchmarks. The improvement is
ranging from 3.8% to 6.64%. For example, on CUB-200-
2011 dataset, the improvement is about 5% for both tasks.
All these evidences essentially demonstrate the effectiveness
of image matting module.

TABLE II: The influence of Image Matting module.

Dataset Matting  5-way l-shot  5-way 5-shot
CUB-200-2011 ﬁ ;3:;,2; gg;gﬁ
Stanford Dogs 5 ;éig gggg
Stanford Cars ‘)/( 321(6) g;;sé

To get a deeper understanding, we visualize the attention
results based on the overall global attention map. We can

see from Fig. 2 that, background noise consistently draws
unnecessary attention (see the 2nd row). In contrast, when
the image matting module is applied, the model can focus
more on the object itself (see the 4th row).

CUB-200-2011 Stanford Dogs

Stanford Cars

e
.
T
p—
" O~

Fig. 2: Visualization results based on global attention map.

2) Effectiveness of Part Selection: To verify the effective-
ness of part selection, we keep all settings unchanged while
removing the part selection module. From Table III we can
see that, for both 5-way 1-shot and 5-way 5-shot settings,
the part selection module can help the model achieve better
performance, justifying its usefulness.

TABLE III: The influence of Part Selection module.

Dataset Part Selection  5-way 1-shot  5-way 5-shot
CUB-200-2011 § ﬁiggg 32;%
Stanford Dogs ‘)/( ;qssif) gggg
Stanford Cars ‘)/‘ gg% g;:sé

3) Effectiveness of AdaptMLP: We conduct an ablation
study on three benchmark datasets, focusing on the impact of
AdaptMLP fine-tuning (i.e., freezing the other parameters).
The results are shown in Table IV. When we fine-tune the
whole network parameters (full tuning), the fine-tuned accu-
racy is lower than the accuracy when we only fine-tune the
AdaptMLP right branch parameters in both 5-way 1-shot and
5-way 5-shot task. The results demonstrate the effectiveness
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of AdaptMLP fine-tuning in our method, indicating that
lightweight fine-tuning helps the model achieve performance
in few-shot tasks.

TABLE IV: The influence of AdaptMLP module.

Dataset
CUB-200-2011

Tuning Option
Full Tuning
AdaptMLP tuning
Full Tuning
AdaptMLP tuning
Full Tuning
AdaptMLP tuning

5-way 1-shot
83.28
84.88
75.32
76.10
95.04
95.40

5-way 5-shot
94.40
95.26
88.38
89.38
97.88
98.32

Stanford Dogs

Stanford Cars

4) Effectiveness of Three-stage Training: To verify the
effectiveness of the three-stage training process, we conduct
tests on the CUB-200-2011 dataset under the settings where
pre-training, meta-training, and fine-tuning is removed, re-
spectively. The results shown in Table V demonstrate that
removing any of the training stages significantly degrades
the classification performance. These evidences essentially
demonstrate that the three-stage training strategy is crucial
for adapting ViT to the FSFGIC task.

TABLE V: The influence of three-stage training

setting
without pre-training
without meta-training
without fine-tuning
with three stage

5-way 1-shot
73.44
48.80
80.92
83.96

5-way 5-shot
82.50
70.12
91.76
95.12

V. CONCLUSION

In this paper, we have proposed a new framework for
few-shot fine-grained image classification. Our method uses
an enhanced ViT as the backbone and adopts a three-stage
training strategy. To validate the performance and its com-
petitiveness, we have conducted extensive experiments based
on three benchmark datasets. The results consistently show
that the proposed method is highly competitive, comparing
against the strong baselines.
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