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A B S T R A C T

The fine-grained few-shot classification is a challenging task in computer vision, aiming to classify images
with subtle and detailed differences given scarce labeled samples. A promising avenue to tackle this challenge
is to use spatially local features to densely measure the similarity between query and support samples.
Compared with image-level global features, local features contain more low-level information that is rich
and transferable across categories. However, methods based on spatially localized features have difficulty
distinguishing subtle category differences due to the lack of sample diversity. To address this issue, we propose
a novel method called Cross-view Deep Nearest Neighbor Neural Network (CDN4). CDN4 applies a random
geometric transformation to augment a different view of support and query samples and subsequently exploits
four similarities between the original and transformed views of query local features and those views of support
local features. The geometric augmentation increases the diversity between samples of the same class, and the
cross-view measurement encourages the model to focus more on discriminative local features for classification
through the cross-measurements between the two branches. Extensive experiments validate the superiority
of CDN4, which achieves new state-of-the-art results in few-shot classification across various fine-grained
benchmarks. Code is available at https://github.com/ShawnTing1/CDN4.
1. Introduction

Few-shot classification [1] is a paradigm that aims at constructing
models with high classification performance for novel classes given
only a few labeled samples. It has shown promising results in alleviating
the limitations of training deep neural networks in low-data regimes.
Research attempts in few-shot classification can be roughly categorized
into two schools: meta learning-based [2] and metric learning-based [3,
4]. Meta learning-based methods accumulate task-agnostic knowledge
from learning multiple tasks and generalize it to a few shots of novel
classes. Metric learning based methods learn a deep embedding space
driven by the similarity metric between the query and support images
for classification.

In metric-based methods, previous literature has adopted image-
level global features [1,5–7]. However, the use of global features
faces challenges in fine-grained image classification, which aims to
distinguish classes within a super-category. For this task, due to the
subtle differences between classes, it is crucial for the model to cap-
ture the fine details of specific regions within the image. Taking bird
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classification as an example, Field Sparrow and Savannah Sparrow are
two species similar in shape. To distinguish them, the key difference
lies in the details of their head markings, where the former has a
white eye ring and the latter has yellow eyebrows. To focus on such
small, localized details, methods extracting spatially local features (LFs)
are proposed as they are richer in low-level visual information and
provide more transferable information across categories [8]. To fully
exploit LFs, recent methods have considered feature representations of
semantic patches [9–14]. For example, DN4 [9] uses the local invariant
features of two images instead of their image-level representations, and
for each LF from a query image, it utilizes the naive Bayes nearest
neighbor [15] algorithm to find the nearest neighbor support LFs. It
then calculates a similarity score by accumulating all the local scores
in a naive Bayes manner, to represent the similarity between the query
image and the support class to which the support LFs belong. DN4 is
an impressive state-of-the-art method based on LFs with a clear and
promising idea and does not introduce complex structures.

Orthogonal to this, many few-shot classification methods [16,17]
have adopted the idea of maximizing the consistency of the prediction
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Fig. 1. (a) Comparison between DN4 [9] (baseline) and the proposed CDN4. Each symbol represents a local feature of the image, with color indicating its respective class and a
solid or dashed outline indicating the target or the background feature, respectively. The arrows represent the process of finding the nearest supporting local feature for each query
local feature. DN4 computes the image-to-class similarity by summing over the similarities between all query local features and their nearest support local features belonging to the
𝑖th class, i.e., as in panel (i). CDN4 obtains a different view of support and query images by applying a random geometric transformation, after which the cross-view measurement
is conducted, i.e., performing all (i)–(iv). (b) Comparison of the Grad-CAM heatmaps of DN4 and CDN4. The warmer the color in the heat map, the more attention is applied by
the model to this region. It can be observed that CDN4 is able to localize the target area better, and the discriminative areas such as the bird head and tail pattern get more
attention.
of the query image across different views to make the model focus on
discriminative features and different views of the image are obtained
by data augmentation. For example, IEPT [16] applies rotation to
the image and adds a self-supervised loss to train the network to
predict the rotation angle. However, most of them calculate the loss
between different augmentations of the same image, which introduces
little intra-class variation and thus is not conducive to focusing on
discriminative features and improving generalization performance. We
argue that augmentations should be applied across samples to increase
intra-class variation, and features that remain important under different
transformations are more discriminative.

Inspired by the insights discussed above, in this paper, we propose
a novel approach termed Cross-view Deep Nearest Neighbor Neural
Network (CDN4) for fine-grained few-shot classification, which learns
highly discriminative local features under large intra-class variations.
Specifically, CDN4 consists of two modules: (I) an Episodic Dual-Branch
Structure (EDBS), and (II) a Cross-view Local Metric Module (CLMM).
Given an episode, the EDBS treats it as an original episode in the
original branch. It also applies a random geometric transformation
to obtain a transformed episode in the transformed branch. These
two episodes, which can be regarded as two views of the image,
are fed into the backbone network to extract feature embedding, re-
sulting in two separate feature branches. In CLMM, we calculate the
similarity between local support and query features across the two
branches. Compared with conventional approaches which compute the
similarity over the original support-original query pair, CLMM incor-
porates three additional pairs with larger intra-class variation: original
support-transformed query, transformed support-original query, and
transformed support-transformed query. By pairing original images
with different augmented images, we substantially enhance the intra-
class variation. Consequently, the network is forced to focus on more
discriminative LFs in order to classify the samples correctly under
four similarity comparisons. Fig. 1(a) illustrates the difference between
CDN4 and the baseline DN4, and Fig. 1(b) illustrates the difference in
the heat map between CDN4 and the baseline, from which we can see
that CDN4 pays attention to smaller yet highly discriminative regions.

In short, our novelties and contributions are four-fold:

• We propose a novel classification method termed CDN4 to im-
prove the discriminativeness of local features for fine-grained
few-shot classification.
2

• We construct the Episodic Dual-Branch Structure, which adds a
new branch with random geometric transformations to introduce
more diversity in the samples.

• We construct the Cross-view Local Metrics Module, which focuses
on the similarity of four data pairs, forcing the model to learn
discriminative features.

• Comprehensive experiments and ablation studies demonstrate
that our CDN4 achieves state-of-the-art performance on four
few-shot fine-grained image classification benchmarks.

2. Related work

2.1. Metric learning-based few-shot learning

Existing FSL methods can be roughly divided into two main schools:
(1) meta learning-based methods [2], such as model-agnostic meta-
learning (MAML) [18,19], which aim for quick and excellent adaptation
to new tasks; (2) metric learning-based methods [3], which aim to project
samples into a discriminative embedding space and define or learn a
metric to measure the similarity between samples. Our work belongs
to metric learning-based methods, which can be broadly classified into
two streams as below.
Image-level Global Features-based Methods. These methods [1,5–7]
represent the entire image using global features from the backbone’s
last global average pooling layer and treat these features as a data
point in the feature space. For example, ProtoNet [5] takes the mean
of support samples in each class as the class prototype. It then uses
the Euclidean distance to measure the similarity between the query
and class-mean features for classification. However, the global repre-
sentation of an image may overlook local features that are useful for
fine-grained image classification.
Spatially Local Features-based Methods. Local features (LFs) provide
richer information about different parts of an image, and methods that
learn similarities based on LFs have shown improved transferability
across categories in FSL [9–14,17,20]. DN4 [9], as one of the clas-
sic methods, proposes a local descriptor-based image-to-class measure
by using the top-𝑘 nearest neighbors to the query features from the
pool of support features. Building upon DN4, DMN4 [21] selects task-
relevant LFs and discard those from the background by considering the
mutual closeness between query and support. FRN [10] reconstructs
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query LFs using support LFs and classifies a query instance to the
lass with the minimum Euclidean distance between the original and
econstructed query LFs. BiFRN [20] additionally reconstructs support

LFs using query LFs to reduce intra-class variations. MCL [11] models
the bidirectional relationship between support and query LFs using
a time-homogeneous Markov process. It computes the random walk
probability in both directions, from support to query and from query
to support, and makes predictions based on the expected number of
visits from the query to support features of the same class. CTNet [13]

odels long-range spatial dependency by calculating the correlation
between pixels and class features, reducing the computational com-
lexity compared with the standard self-attention which computes the
orrelation between all pixels. More importantly, this method explores
he complementarity between the spatial and channel contextual infor-
ation, as the input for the spatial contextual module consists of middle

eatures and class features, both constructed using multi-scale local
channel contexts. Besides adjusting the local importance along the spa-
tial dimension, methods such as TDM [22] adjust channel weights. TDM
computes intra-class and inter-class channel-wise representativeness
scores and uses them to derive a task-specific weight vector.

In this paper, we build on DN4 and aim to improve the discrim-
nability of LFs. While our work shares a similar motivation as DMN4,
he approaches are distinct. DMN4 utilizes a bidirectional indicator
o identify discriminative LFs, while we pair up the original sup-
ort with the transformed query or the transformed support with the
riginal query to enlarges intra-class variation, i.e., forming a more
hallenging classification task, which facilitates the model to learn
ore discriminative features.

2.2. Methods related to data augmentation

Methods [23,24] related to data augmentation usually increase the
umber of training samples and enhance data diversity by applying
ome transformations, such as cropping, horizontal flipping, transla-
ion, or more complex form, to the original image. Other methods apply
ata augmentation to obtain different views of an image, and then
ptimize the model to focus on discriminative features by maximizing
he similarity between different views. For example, [25] introduces
ontrast learning to few-shot learning through data augmentation.
ANs-SLA [26] uses data augmentation to build self-supervised tasks

and predict transformed classes to reduce the generalization error
etween the base class and the novel class. IEPT [16] generates an
ugmented image for each image via rotation and computes an auxil-
ary loss for rotation prediction. Following IEPT, ESPT [17] uses ridge

regression to get the relationship between the support image and the
query image and again uses data augmentation to compute an auxiliary
oss based on the prediction agreement between the two branches.
owever, these methods all focus on the relationship between an image
nd its corresponding transformed image, whose difference is relatively
imited. Fang et al. [27] point out that augmenting data at the patch

level or part level, such as dividing images into patches or replac-
ing image regions with others, may undermine the semantic integrity
crucial for fine-grained classification. To address this, a CSDNet is
proposed, which generates augmented data that consider the semantic
information and amplify the crucial features. It also employs a memory
bank to store historical features, thereby expanding samples at the
feature level. In addition to mining more information from images,
some methods have been proposed to exploit label information. For
example, KTN [28] uses a graph convolutional network to build a
mapping network between semantic knowledge and visual features,
and then combines the knowledge-based classifier and the vision-based
lassifier through weight fusion, which effectively employs semantic
eatures as a prior knowledge to the few-shot classifier.

Our CDN4 applies a random geometric transformation to obtain the
transformed branch from the origin branch and performs the cross-
view measurement between the two branches, which can be seen as
3

constructing the dual-branch structure using augmentation. The EDBS
in CDN4 is similar to ESPT [17] as both methods construct a two-
ranch network; however, they differ in implementation details and

purpose. ESPT transforms the original image to obtain the transformed
branch and transforms the features of the original image to obtain the
riginal branch to ensure that the feature maps of the original and
ransformed branches are spatially aligned. In contrast, CDN4 keeps
he original images intact in the original branch and transforms the
mages to obtain the transformed branch, thereby introducing larger
ifferences between the two branches. In addition, the transformed
ranch is used to construct an auxiliary loss in ESPT, whereas it is used
or performing cross-view measurements in CDN4. The CLMM in CDN4
s similar to cross-view episodic training in [25], but [25] applies a

task-specific module to align features across views, whereas our method
does not include such a module since we aim to extract features that
are truly discriminative in the presence of larger intra-sample variation.

3. Methodology

3.1. Problem formulation

This work adopts the standard framework of the fine-grained few-
shot classification problem. We are given the complete dataset  =
{(𝑥𝑖, 𝑦𝑖), 𝑦𝑖 ∈ }, where the 𝑥𝑖 represents the 𝑖th original sample and
the 𝑦𝑖 represents the sample’s class label. The label set  consists of
the base categories 𝑏 and the novel categories 𝑛, and 𝑏 ∩ 𝑛=∅. The
ataset  is then divided into two subsets accordingly: the base dataset
𝑏= {(𝑥𝑖, 𝑦𝑖), 𝑦𝑖 ∈ 𝑏} for meta-training and the novel dataset 𝑛 =

{(𝑥𝑖, 𝑦𝑖), 𝑦𝑖 ∈ 𝑛} for meta-testing. During the meta-training phase, a
deep neural network is trained on the base dataset to obtain an optimal
model with learned parameters. In the meta-testing phase, the learned
model is evaluated on the novel dataset, provided with very few labeled
samples. The ultimate objective of fine-grained few-shot classification is
to learn knowledge with high generalization performance from the base
dataset 𝑏 that enables accurate classification on a novel and unseen
dataset 𝑛 with limited data.

To simulate the test environment and enhance generalization across
asks, we employ an episodic strategy that is widely used in the field of
ew-shot learning by carrying out a set of episodes (also referred to as

tasks) during the meta-training phase. Following this episodic strategy,
the base dataset is divided into episodes. In each episode, 𝑁 randomly
selected classes 𝑏 are chosen. Each class consists of 𝐾 support and 𝑞
query images, i.e., 𝑁-way 𝐾-shot episode. Specifically, each episode is
enoted as 𝑒 = { ,}, consisting of a support set  = {(𝑥𝑖, 𝑦𝑖)}𝑁×𝐾

𝑖=1 and
 query set  = {(𝑥𝑗 , 𝑦𝑗 )}𝑁×𝑞

𝑗=1 . The support and query sets are drawn
rom the same label space 𝑏 and they do not overlap. The samples in
 are classified based on the samples in  during the episodic training
procedure to get the learned model.

In the meta-testing phase, the model selected from the meta-training
phase performs 𝑁-way 𝐾-shot classification on the novel classes 𝑛.
or evaluation purposes, episodes 𝑛 are typically constructed, and the
verage accuracy over these episodes is reported.

3.2. Overview of CDN4

The architecture is illustrated in Fig. 2, which consists of an Episodic
Dual-Branch Structure (EDBS) 𝑓𝛾 and a Cross-View Local Metric mod-
ule (CLMM) 𝑔𝜙.

Firstly, in the EDBS 𝑓𝛾 , a random geometric transformation is ap-
plied to the original episode to perform image transformation, and the
orresponding transformed episode is obtained. Then, features of the
riginal and transformed episodes are extracted through the backbone
etwork 𝑓𝜃 . Finally, the original features and transformed features

are input into the CLMM 𝑔𝜙, and the cross-view measurement are
constructed in this module to compute the final distance metric.
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Fig. 2. Architecture of the proposed Cross-view Deep Nearest Neighbor Neural Network (CDN4) for a 2-way 1-shot task. The input episode 𝑒, consisting of a support set  and a
query set , starts by building an Episodic Dual-Branch Structure to get the original branch that contains the original episode 𝑒 and the transformed branch that contains transformed
episode 𝑒𝑇 , which are then fed into the backbone to extract original feature map and transformed feature map. In the Cross-view Local Metric Module, four similarity matrices are
obtained between the original and transformed feature maps of support and query samples, based on which four similarities are calculated by following DN4. The final similarity
is obtained through simple averaging.
3.3. Episodic Dual-Branch Structure (EDBS)

In our method, given an episode 𝑒, we regard it as an original
episode and treat it via the original branch. The transformed branch
is obtained by transforming the original episode. These two branches
together form the Episodic Dual-Branch Structure.

Precisely, given an original episode 𝑒 = { ,} containing both the
original support and query sets, we randomly rotate all the images
in this episode using a random geometric transformation 𝑇 ∈ {𝑡𝑟|𝑟 =
1,… , 3} to get a transformed episode 𝑒𝑇 = {𝑇 ,𝑇 }, where 𝑡𝑟 denotes
the operator of rotating the image by 𝑟× 90◦. In this way, we construct
a double branch of episode 𝑒 and 𝑒𝑇 , which we can think of as two
separate branches containing the original support set  = {(𝑥𝑖, 𝑦𝑖)}𝑁×𝐾

𝑖=1
and the original query set  = {(𝑥𝑗 , 𝑦𝑗 )}𝑁×𝑞

𝑗=1 , and the transformed
support set 𝑇 = {(𝑇 (𝑥𝑖), 𝑦𝑖)}𝑁×𝐾

𝑖=1 and the transformed query set
𝑇 = {(𝑇 (𝑥𝑗 ), 𝑦𝑗 )}𝑁×𝑞

𝑗=1 , respectively. Note that this random geometric
transformation changes the samples but does not change their labels.

Next, these two episodes are fed into the same backbone network
𝑓𝜃 to get the features 𝑧 ∈ R𝐶×𝐻×𝑊 to form the support and query sets:
 = 𝑓𝜃() = {(𝑧𝑖, 𝑦𝑖)}𝑁×𝐾

𝑖=1 and  = 𝑓𝜃() = {(𝑧𝑗 , 𝑦𝑗 )}𝑁×𝑞
𝑗=1 from the

original episode, and 𝑇
 = 𝑓𝜃(𝑇 ) = {(𝑧𝑇𝑖 , 𝑦𝑖)}𝑁×𝐾

𝑖=1 and 𝑇
 = 𝑓𝜃(𝑇 ) =

{(𝑧𝑇𝑗 , 𝑦𝑗 )}𝑁×𝑞
𝑗=1 from the transformed episode. The embedded features 𝑧

are then transformed into the spatially local features (LFs) 𝑍 ∈ R𝐶×𝐻 𝑊 ,
that is, each image has 𝐻 𝑊 𝐶-dimensional LFs.

It is hoped that LFs can provide different discriminative and trans-
ferable information to improve the model’s generalization performance.
This is an essential clue for image classification in fine-grained few-shot
scenarios. At the same time, the transformation does not change the
label of the feature, and this dual-branch structure can introduce more
sample diversity. In the next subsection, we will calculate the similarity
between local features of support and query samples in both their orig-
inal and transformed views. By maximizing the classification accuracy
across all views, we encourage the model to focus on discriminative
features.

3.4. Cross-view Local Metric Module (CLMM)

3.4.1. Construct cross-view measurement
By using the above EDBS, we obtain two branches 𝑒 and 𝑒𝑇 , where

the original branch contains the original support set  and the original
query set  , and the transformed branch includes the transformed
4



support set 𝑇
 and the transformed query set 𝑇

. After that, four cross-
view measurements are constructed: original support-original query
pair {𝑍𝑖, 𝑍𝑗}, original support-transformed query pair {𝑍𝑖, 𝑍𝑇

𝑗 }, trans-
formed support-original query pair {𝑍𝑇

𝑖 , 𝑍𝑗} and transformed support-
transformed query pair {𝑍𝑇

𝑖 , 𝑍𝑇
𝑗 }, where 𝑖 ∈ [1,… , 𝑁] for the support

samples of the 𝑖th class and 𝑗 ∈ [1,… , 𝑁 × 𝑞] for the 𝑗th query sample
to be classified. Note that when 𝐾 > 1, we calculate the prototype
of a support class as the representative of that class according to
ProtoNet [5].

3.4.2. Local measurement analogously to DN4
After that, we compute the similarities between these individual

pairs by adopting the image-to-class measure developed in DN4 [9].
To illustrate the measure, we temporarily omit the superscript 𝑇 in 𝑍
and do not differentiate between the original and transformed data.

Recall that each support and query feature, 𝑍𝑖, 𝑍𝑗 ∈ R𝐶×𝑚, con-
tains 𝑚 = 𝐻 × 𝑊 LFs. To compute the image-to-class similarity, we
find the 𝑡𝑜𝑝-1 nearest neighbor LF from the support sample for each
query sample’s LF, calculate the similarity between these two LFs, and
average over the similarities of all query LFs. More specifically, we first
compute the similarity matrix between the 𝑖th class and the 𝑗th query
by using the cosine similarity:

𝑀𝑖𝑗 = cos(𝑍𝑖, 𝑍𝑗 ) =
(𝑍𝑗 )⊤𝑍𝑖

‖𝑍𝑖‖ ⋅ ‖𝑍𝑗‖
, (1)

where cos(⋅, ⋅) represents the cosine similarity, and 𝑀𝑖𝑗 ∈ R𝐻 𝑊 ×𝐻 𝑊 .
Each row of 𝑀𝑖𝑗 represents the cosine similarity between an LF of the
query sample and all the LFs of the support samples of a particular class.
Next, for each similarity matrix, we extract the 𝑡𝑜𝑝-1 values of each row
to determine the nearest neighbor of each LF of the query sample:

𝑀 ′
𝑖𝑗 = 𝑡𝑜𝑝(𝑀𝑖𝑗 ), 𝑀 ′

𝑖𝑗 ∈ R𝐻 𝑊 ×1. (2)

We note that DN4 uses 𝑡𝑜𝑝-𝑘 to find the 𝑘 nearest neighbors of
LFs and then averages the 𝑘 similarities, while this work uses 𝑡𝑜𝑝-1
for simplicity. Finally, we average over all LFs of the query, which
yields the similarity 𝑠𝑖𝑗 between the 𝑖th support class and the 𝑗th query
image:

𝑠𝑖𝑗 = 𝑚𝑒𝑎𝑛(𝑀 ′
𝑖𝑗 ), 𝑠𝑖𝑗 ∈ R1×1. (3)

In sum, the image-to-class measure is computed as follows:
𝑠𝑖𝑗 = 𝑠𝑖𝑚(𝑍𝑖, 𝑍𝑗 ) ∶= 𝑚𝑒𝑎𝑛(𝑡𝑜𝑝(cos(𝑍𝑖, 𝑍𝑗 ))). (4)
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3.4.3. Similarity measure
For an 𝑁-way 𝐾-shot episode, the above EDBS generates the orig-

inal support features 𝑍𝑖, transformed support features 𝑍𝑇
𝑖 , original

uery features 𝑍𝑗 , and transformed query features 𝑍𝑇
𝑗 . We can now

measure the similarity for all cross-view measurement by computing
the aforementioned image-to-class measure.

First, we compute the similarities between the four cross-view data
pairs:

𝑠1,𝑖𝑗 = 𝑠𝑖𝑚(𝑍𝑖, 𝑍𝑗 ), (5)

𝑠2,𝑖𝑗 = 𝑠𝑖𝑚(𝑍𝑇
𝑖 , 𝑍𝑗 ), (6)

3,𝑖𝑗 = 𝑠𝑖𝑚(𝑍𝑖, 𝑍𝑇
𝑗 ), (7)

4,𝑖𝑗 = 𝑠𝑖𝑚(𝑍𝑇
𝑖 , 𝑍𝑇

𝑗 ), (8)

where 𝑠1,𝑖𝑗 , 𝑠2,𝑖𝑗 , 𝑠3,𝑖𝑗 and 𝑠4,𝑖𝑗 indicate the similarities of different pairs
between the 𝑗th query sample and the 𝑖th class.

Following [10,29], we normalize the similarity as

𝑠̂𝑝,𝑖𝑗 =
exp(𝑠𝑝,𝑖𝑗 )

∑𝑁
𝑖=1 exp(𝑠𝑝,𝑖𝑗 )

, 𝑝 = 1, 2, 3, 4. (9)

3.4.4. Loss functions
Based on the normalized similarities, the cross-entropy loss in an

𝑁-way 𝐾-shot episode can be calculated as

𝑝 = − 1
𝑁 × 𝑞

𝑁×𝑞
∑

𝑗=1

𝑁
∑

𝑖=1
1(𝑦𝑗 == 𝑖) log(𝑠̂𝑝,𝑖𝑗 ), 𝑝 = 1, 2, 3, 4. (10)

Finally, we calculate the simple average of these four loss functions
to obtain the cross-view loss 𝑐 𝑟𝑜𝑠𝑠:

𝑐 𝑟𝑜𝑠𝑠 =
1 + 2 + 3 + 4

4
. (11)

In the training phase, the model is based on the cross-view loss
function and we use the SGD optimizer on the CUB-200-2011 dataset
and the Adam optimizer on the meta-iNat and tiered-meta-iNat datasets
to optimize the parameters.

3.4.5. Test phase
In the test phase, to classify the query image, we compute the

similarities between the four pairs and use the simple average to obtain
he final similarity between the query image and the support class:

𝑠𝑐 𝑟𝑜𝑠𝑠,𝑖𝑗 =
𝑠1,𝑖𝑗 + 𝑠2,𝑖𝑗 + 𝑠3,𝑖𝑗 + 𝑠4,𝑖𝑗

4
. (12)

The model assigns the query image to the class with the largest simi-
arity.

3.5. Full CDN4 algorithm

For easy reproducibility, we present the pseudo-algorithm of CDN4
in Algorithm 1.

4. Experiments

4.1. Datasets

Our experiments are conducted on three commonly used datasets
or fine-grained few-shot image classification: Caltech-UCSD Birds-200-
011 (CUB-200-2011) [30], meta-iNat [31], tiered-meta-iNat [31], and
GVC-Aircraft (Aircraft) [32]. Following FRN [10], the datasets are

split into training, validation (for CUB-200-2011 and Aircraft only), and
test sets, with details provided in Table 1.
CUB-200-2011 is a well-known dataset for fine-grained image classifi-
cation, which consists of 11,788 images belonging to 200 different bird
pecies. According to [10,33], we split the dataset into three subsets:
5

Algorithm 1 Training procedure of CDN4
Input: The base dataset 𝑏, the random geometric transformation  , the

maximum number of iterations 𝐼 𝑡𝑒𝑟𝑚𝑎𝑥
utput: The learned parameters 𝜃, 𝛾, 𝜙

1: Initialize all learnable parameters 𝜃, 𝛾, 𝜙;
2: for each 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ∈ [1, 𝐼 𝑡𝑒𝑟𝑚𝑎𝑥] do
3: Randomly original episode 𝑒 from 𝑏;
4: Generate the transformed episode 𝑒𝑇 by applying the random geometric

transformation  to the original episode 𝑒;
5: Construct cross-view measurement {𝑍𝑖, 𝑍𝑗}, {𝑍𝑖, 𝑍𝑇

𝑗 }, {𝑍𝑇
𝑖 , 𝑍𝑗},

{𝑍𝑇
𝑖 , 𝑍𝑇

𝑗 };
6: Compute the similarities between the four cross-view data pairs: 𝑠1,𝑖𝑗 ,

𝑠2,𝑖𝑗 , 𝑠3,𝑖𝑗 , 𝑠4,𝑖𝑗 ;
7: Compute the cross-view loss: 𝑐 𝑟𝑜𝑠𝑠 = (1 + 2 + 3 + 4)∕4;
8: Update 𝜃, 𝛾, 𝜙 to minimize 𝑐 𝑟𝑜𝑠𝑠.
9: end for

Table 1
The splits of datasets used in this paper, where 𝑡𝑟𝑎𝑖𝑛, 𝑣𝑎𝑙 , 𝑡𝑒𝑠𝑡 are the numbers of
lasses in the training, validation, and test sets, and 𝑡𝑜𝑡𝑎𝑙 is the total number of classes
Dataset 𝑡𝑟𝑎𝑖𝑛 𝑣𝑎𝑙 𝑡𝑒𝑠𝑡 𝑡𝑜𝑡𝑎𝑙

CUB-200-2011 100 50 50 200
meta-iNat 908 – 227 1135
tiered-meta-iNat 781 – 354 1135
Aircraft 50 25 25 100

100 classes for training, 50 for validation, and another 50 for testing.1
Additionally, following [8,29], each image was pre-cropped based on
human-annotated bounding boxes.
meta-iNat is a realistic fine-grained benchmark focusing on wild ani-
mal species. It contains 1,135 animal species spanning 13
sub-categories, each containing between 50 and 1000 images. We adopt
he class split proposed by [10], where 908 classes are for training, and

277 are for testing.
tiered-meta-iNat is a variant of the meta-iNat dataset that consists
of the same set of images as meta-iNat while presenting a more chal-
lenging scenario by introducing a significant domain gap between the
training and test categories. We follow the same split provided by [10],
where 781 training classes span the super categories of reptiles, birds,
etc., and 354 test classes span the super categories of insects, arachnids,
etc.
Aircraft consists of 100 aircraft model variants, each with 100 im-
ages. The dataset is divided into 50 training categories, 25 validation
categories, and 25 test categories.

4.2. Implementation details

Backbone Network. To ensure a fair comparison, we conduct ex-
periments by adopting a commonly used backbone network: ResNet-
12 [35]. We remove the last global average pooling layer and leverage
he feature pyramid structure to get denser features, which are then
sed as the feature extractor in our model. Following [8–10], the

backbone network is pre-trained on the mini-ImageNet dataset before
meta-training. More specifically, it is trained for 350 epochs on mini-
ImageNet with a batch size of 128, using the SGD optimizer with an
initial learning rate of 0.1 and a decay factor of 0.1 at 200 and 300
epochs.
Training Details. We adopt the setup proposed by FRN [10] for
ensuring a fair comparison. For the CUB-200-2011 dataset, we utilize
the SGD optimizer with a Nesterov momentum of 0.9 and an initial

1 There is another division of the CUB-200-2011 dataset proposed in [34],
with 120/30/50 classes in the training/validation/test set. This division was
sed by some methods such as Bi-FRN [20]. For fairness of comparison, all

methods evaluated in this paper use the 100/50/50 split.
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Table 2
Comparison of five-way classification accuracy with state-of-the-art methods on the fine-grained benchmarks CUB-200-2011, meta-iNat, tiered-
meta-iNat, and Aircraft dataset. The accuracy of the methods labeled ¤ are quoted from [11], and the results of the methods labeled † are
reproduced in this paper; all results on the Aircraft dataset are reproduced. The best results are in bold; the second-best results are underlined.

Method CUB-200-2011 meta-iNat tiered-meta-iNat Aircraft

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

ProtoNet¤ (NeurlPS 2017) 82.98 91.38 76.47 90.20 47.61 71.06 66.47 82.15
DN4† (CVPR 2019) 85.25 92.84 80.64 92.00 51.34 73.56 86.44 91.92
DSN¤ (CVPR 2020) 80.80 91.19 78.80 89.77 46.61 72.79 58.03 69.85
CTX¤ (NeurIPS 2020) 78.47 90.90 69.04 88.39 42.91 69.88 79.24 85.97
DeepEMD¤ (CVPR 2020) 83.35 91.60 76.05 86.82 48.14 66.27 61.86 76.17
FRN¤ (CVPR 2021) 83.16 92.59 73.52 91.83 48.86 76.62 70.63 83.84
IEPT† (ICLR 2021) 77.60 87.64 67.34 82.69 49.67 68.60 71.08 83.41
DMN4† (AAAI 2022) 85.97 92.54 80.31 91.77 48.38 70.88 86.73 93.61
FRN+TDM† (CVPR 2022) 82.41 92.37 81.43 92.66 49.85 74.87 70.35 83.36
MCL-Katz¤ (CVPR 2022) 85.63 93.18 79.34 91.84 49.68 76.05 87.69 93.28
LCCRN† (TCSVT 2023) 82.99 93.52 77.56 91.14 48.72 74.61 88.48 94.61
ESPT† (AAAI 2023) 85.22 94.12 76.86 90.78 45.66 72.97 85.22 94.12
Bi-FRN† (AAAI 2023) 82.90 93.11 76.80 90.38 51.66 72.88 87.05 93.78
C2-Net† (AAAI 2024) 83.37 92.20 70.98 91.14 45.85 72.25 75.50 87.65
SRM† (PR 2024) 86.42 93.70 80.24 92.05 47.79 73.62 87.70 93.78

CDN4 (Ours) 86.47 94.58 82.05 93.07 54.76 78.09 88.98 95.32
2

t

(

b

c
i
t
i
d

t

learning rate of 0.1. We train our model from scratch for 600 episodic
epochs and scale down the learning rate by 10 at epochs 300, 400, and
00. Each episode comprises an N-way K-shot task. Our experiments
dopt 10-way 5-shot or 10-way 1-shot training setups, corresponding
o 5-way 5-shot or 5-way 1-shot testing setups. For the experiments

on meta-iNat and tiered-meta-iNat, we train the model for 100 epochs
sing the Adam optimizer. The initial learning rate is set to 0.001, and
 learning rate decay of 0.5 is applied every 20 epochs. The method
s implemented in PyTorch using one NVIDIA GeForce RTX 4090 with
4 GB memory.
Evaluation. During the test stage, we evaluate the performance of our
approach on the standard 5-way 1-shot and 5-way 5-shot scenarios. We
randomly sample 10,000 episodes from the test set to conduct each
experiment and use the average accuracy as the evaluation metric.
In each episode, we randomly select 15 query images per class for
evaluation in 5-way 1-shot and 5-way 5-shot tasks.

4.3. Comparison with state-of-the-arts methods

The effectiveness of our proposed CDN4 is evaluated by comparing
it with several representative and state-of-the-art methods, all with the
ResNet-12 backbone as the feature extractor. The comparison meth-
ods include two global feature-based methods, namely ProtoNet [5]
nd DSN [7], and 12 spatially local feature-based methods, namely
N4 [9] and its improved method (DMN4 [21]), FRN [10] and its

mproved methods (TDM [22], LCCRN [36], Bi-FRN [20]), CTX [37],
DeepEMD [8], MCL-Katz [11], IEPT [16], ESPT [17], C2-Net [38], and
RM [14].

The results of the experiments are listed in Table 2. We can see
hat our approach consistently performs better than state-of-the-art
pproaches on all three datasets. Specifically, it can be observed that
ur proposed CDN4 achieves the state-of-the-art results: 86.47% (1-
hot) and 94.58% (5-shot) on CUB-200-2011, 82.05% (1-shot) and
3.07% (5-shot) on meta-iNat, 54.76% (1-shot) and 78.09% (5-shot) on
iered-meta-iNat, and 88.98% (1-shot) and 94.43% (5-shot) on Aircraft.
urthermore, the advantage of our CDN4 is more pronounced on the
ore difficult dataset tiered-meta-iNat as its accuracy is higher than

he second best by 3.10% in the 1-shot setting and 3.22% in the 5-shot
etting.

In sum, the experimental results show that our CDN4 has achieved
optimal performance in fine-grained few-shot image classification tasks.
This indicates that the proposed model can capture stronger trans-
ferable and discriminative features and have better generalization, by
introducing more intra-class variations through the designed modules.
6

Table 3
Ablation studies on the effectiveness of the Episodic Dual-Branch Structure (EDBS) and
Cross-view Local Metric Module (CLMM). Five-way classification accuracy on CUB-200-
011, meta-iNat and tiered-meta-iNat datasets were reported.
Method CUB-200-2011 meta-iNat tiered-meta-iNat

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

Baseline (DN4) 85.25 92.84 80.64 92.00 51.34 73.56
+ EDBS 86.14 94.46 81.08 92.92 54.12 77.71
+ EDBS + CLMM (CDN4) 86.47 94.58 82.05 93.07 54.76 78.09

4.4. Ablation studies

4.4.1. Effectiveness of individual modules
To evaluate the effectiveness of the Episodic Dual-Branch Struc-

ure (EDBS) and the Cross-view Local Metrics Module (CLMM), we
conducted the following two experiments:
1. On top of DN4 (baseline), add EDBS: This module constructs two
branches by introducing random geometric transformations. After that,
we compute the normalized similarity by using only the original
support–original query and transformed support–transformed query
data pairs, i.e., including only 𝑠1 and 𝑠4 in Eq. (9). The loss function
Eq. (11)) is set as the average of 1 and 4.

2. On top of DN4 + EDBS, add CLMM: Since this module computes
the similarity between local support and query features across the two
ranches, it cannot be implemented alone. Therefore, we add it on top

of DN4 + EDBS, which is same as the proposed CDN4. It verifies the
effectiveness of normalizing the similarity across the four cross-view
data pairs and including 2 and 3 into the loss function.

As shown in Table 3, the classification accuracy is greatly improved
after the introduction of EDBS. This highlights the importance of in-
creasing intra-class variation to enhance classification performance.
The accuracy also improves slightly after the introduction of the two
ross-view measurement pairs of CLMM. This indicates that, by requir-
ng the model to achieve high similarity under four views, particularly
hose with larger intra-class differences created by pairing the original
mage with its transformed version, it encourages the learning of more
iscriminative features that remain consistent across different views.

4.4.2. Influence of random geometric transformations
The EDBS applies a random geometric transformation  to obtain

he transformed episode. In this section, we discuss the influence of
different transformation methods on classification accuracy.

As shown in Table 4, the first four rows show the performance when
we switch the rotation operation to the other single transformations:
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Table 4
The five-way classification accuracy comparison using different random transformation
unctions on CUB-200-2011, meta-iNat, and tiered-meta-iNat dataset. The first four rows
how when a single transformation function is adopted, and the next two show when
 hybrid transformation function is adopted.
Transformation CUB-200-2011 meta-iNat tiered-meta-iNat

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

Random Erasing 86.17 94.27 80.76 92.33 49.65 73.70
Mixup 84.59 93.52 80.91 92.04 50.13 74.92
Shear 85.54 93.44 81.62 92.63 50.82 74.92
Flip 87.55 94.30 82.44 93.02 53.17 76.78

Rotation & Flip 84.25 94.31 81.48 93.06 53.85 75.67
Rotation ∣ Flip 86.57 94.71 82.71 93.24 54.23 77.97

Rotation (Ours) 86.47 94.58 82.05 93.07 54.76 78.09

Table 5
The five-way classification accuracy comparison using different rotation sets on the
CUB-200-2011, meta-iNat, and tiered-meta-iNat dataset.

Rotation set CUB-200-2011 meta-iNat tiered-meta-iNat

90◦ 180◦ 270◦ 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

✓ – – 86.65 93.56 83.53 93.50 53.99 77.42
– ✓ – 86.75 94.53 82.18 92.98 53.46 76.96
– – ✓ 83.78 94.78 83.25 93.15 53.98 77.42

✓ ✓ – 86.71 94.19 82.15 93.10 54.73 78.64
✓ – ✓ 86.68 94.79 82.60 93.32 54.87 78.16
– ✓ ✓ 85.24 94.81 82.50 93.08 54.78 78.14

✓ ✓ ✓ 86.47 94.58 82.05 93.07 54.76 78.09

random erasing, mixup, shear, and flip. It can be observed that using
andom erasing, mixup or shear is inferior to using rotation as adopted

in this paper, while using flip achieves similar results. This is likely due
o the fact that discriminative features often occupy only a small region
n the image and are thus susceptible to distortions with significant
lternations. Then, we try to combine flip and rotation since they both
utperform other transformations. In the fifth row of Table 4, we apply
oth rotation and flip to the original episode, while in the sixth row, we
andomly select either rotation or flip. By comparing these two rows,
t is evident that using only one transformation at a time is superior to
sing both transformations simultaneously. Finally, compared with our
ethod which uses rotation alone, randomly applying flip or rotation

hows better performance on the CUB-200-2011 and meta-iNat datasets
ut worse performance on the more complex dataset tiered-meta-iNat.
he latter is likely because more variable transformations may mislead
he model and make it difficult to learn more discriminative features.
he difference between these two choices is relatively small, and for

simplicity, we opt to use rotation only. In sum, this ablation study
shows that introducing larger intra-class variation in the transformed
branches enables the model to learn more discriminative local features.

4.4.3. Influence of the rotation set
In CDN4, we use a random geometric transformation 𝑇 ∈ {𝑡𝑟|𝑟 =

,… , 3} to create a transformed branch from the original branch, which
andomly rotates all images in the episode by 𝑟 × 90◦. This subsection
ill investigate how different rotation sets affect classification accu-

acy. As shown in Table 5, we examine the use of a single rotation
transformation in the first three rows, i.e., rotating the image by 90◦,
180◦, or 270◦, randomly choosing from two rotation angles in rows 4–
6, and randomly choosing from three rotation angles (i.e., our method)
in the last row. It can be seen that no particular rotation set outperforms
others in terms of classification accuracy, and the accuracy across these
cases is quite similar. This suggests that the proposed approach is stable
under varying choices of rotation angles.

4.4.4. Influence of cross-view measurements
In CLMM, four cross-view measurements are constructed, from

hich four cross-entropy losses are computed and then combined to
7

f

Table 6
The five-way classification accuracy comparison using different loss functions in CLMM
on the CUB-200-2011, meta-iNat, and tiered-meta-iNat dataset.
1 2 3 4 CUB-200-2011 meta-iNat tiered-meta-iNat

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

✓ – – – 85.51 93.54 80.82 92.04 51.34 73.56
– ✓ – – 84.95 92.20 76.72 90.96 50.44 73.62
– – ✓ – 85.02 91.00 76.72 90.96 50.69 73.12
– – – ✓ 84.51 92.64 78.73 91.61 52.68 77.28

✓ – – ✓ 86.14 94.46 81.58 92.92 54.12 77.71
– ✓ ✓ – 84.25 93.41 80.33 92.43 53.46 76.91

✓ ✓ ✓ ✓ 86.47 94.58 82.05 93.07 54.76 78.09

Table 7
The five-way classification accuracy comparison using the different similarity mea-
sures on the CUB-200-2011, meta-iNat, and tiered-meta-iNat dataset. For Euclidean,
Manhattan, and Chebyshev distances, a learnable scaling factor is included; for cosine
imilarity, performance with and without a scaling factor is reported.
Similarity measure CUB-200-2011 meta-iNat tiered-meta-iNat

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

Euclidean 81.43 92.04 79.01 91.45 49.88 75.34
Manhattan 73.88 85.64 75.89 90.30 44.12 73.56
Chebyshev 71.99 83.13 67.20 83.20 38.91 61.05
Cosine (w/ scaling) 86.80 95.02 81.81 93.12 54.12 78.43
Cosine (w/o scaling) 86.47 94.58 82.05 93.07 54.76 78.09

generate the cross-view loss 𝑐 𝑟𝑜𝑠𝑠. In this subsection, we will evaluate
the influence of different data pairs on the classification accuracy.

As shown in Table 6, the first four rows report scenarios in which a
single loss function is used to train the network: 1, 2, 3, or 4; the
fifth row uses only 1 and 4, where the support and query samples
sed to compute these two losses come from the same branch; the
ixth row uses only 2 and 3, where the support and query samples
orresponding to these two losses come from different branches; and

the last row is the method proposed in this paper, which averages 1,
2, 3, and 4 to generate 𝑐 𝑟𝑜𝑠𝑠. By comparing these results, we can

ake the following observations.
First, the combined loss function 1 + 4 outperforms either loss

function alone, and 2 + 3 is superior to the individual losses in
five out of six cases. This indicates that increasing the number of
similarity comparisons can help learn more discriminative features. The
particularly low performance (84.25%) in the one-shot case on CUB-
200-2011 may be due to the small sample size, which likely limits the
ability to learn discriminative features that can overcome the increased
intra-class variation we introduced. Secondly, we find that performance
using 1 alone is better than using 2, 3, or 4 alone, and that
he combination of 1 + 4 outperforms 2 + 3. This suggests the

importance of retaining the original support-original query pair, which
is generally easier, before introducing more diverse data. In other
words, starting with harder tasks might hinder the learning process.
Thirdly, compared with two losses, using all four losses can further
improve the performance. The cross-view measurement increases the
intra-class variation through the interaction between the original and
transformation branches, leading the model to pay more attention to
the discriminative features.

4.4.5. Influence of the similarity measure
Another important factor in CLMM is the similarity measure be-

ween local features of support and query samples, which we currently
employ the cosine similarity. In this subsection, we investigate this by
evaluating three other distance metrics, namely the Euclidean distance,
the Manhattan distance, and the Chebyshev distance. Moreover, accord-
ing to [39], networks optimized directly with the cosine similarity may
ail to converge due to its limited value range, and it is recommended
o incorporate a scaling parameter to address this issue. Therefore,
or each similarity measure, we consider their performance with and
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Fig. 3. The Grad-CAM class activation map of query samples on the CUB-200-2011 dataset, meta-iNat dataset, and tiered-meta-iNat dataset. The first row corresponds to the
original images, and the second and third rows correspond to the features from the baseline model DN4 and our proposed CDN4. Compared with DN4, CDN4 pays more accurate
and focused attention to the target-related discriminative regions.
Fig. 4. Visualization of feature embeddings of query samples obtained by DN4 and CDN4 on the CUB-200-2011, meta-iNat, and tiered-meta-iNat datasets, where different colors
represent different categories.
without a learnable scaling factor. The factor is a scalar introduced
in Eq. (9), which can optimized simultaneously with other network
parameters during training. Table 7 lists the results; due to the poor
performance of Euclidean, Manhattan, and Chebyshev distances with-
out scaling, their accuracies are not reported. Firstly, we see that a
learnable scaling factor is valuable, as it improves the classification
accuracy of cosine similarity in four out of six cases. Secondly, cosine
similarity, with or without scaling, consistently outperforms the other
metrics. This seems to align with previous research, which suggests that
cosine similarity has intrinsic consistency with the softmax loss [40]
and encourages it to focus on maximizing the angular separability [39].
8

4.5. Visualization

4.5.1. Grad-CAM
To gain deeper insight into how CDN4 works, we utilize Grad-

CAM [41] to visualize the areas within the query samples that are
important for classification. The heat maps are displayed in Fig. 3. In
each block, the first row shows the original image, followed by the
feature maps of the baseline DN4 and our method in the second and
third rows, respectively. The red region in each image corresponds to
the region where the model pays more attention to, and the warmer
the color, the higher the attention.



Pattern Recognition 163 (2025) 111466X. Li et al.

t

a
t
i
a
o
i
t

Table 8
Comparison of the number of parameters, the number of floating-point operations, training time, inference time, and memory on the CUB-200-
2011 dataset.

Methods Params (M) FLOPs (G) Train time (s) Inference time (s) Memory (MB)

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

ProtoNet 12.42 12.42 845.52 1056.90 0.26 0.26 0.035 0.037 14 454 20 844
DN4 12.42 12.42 563.68 704.60 0.22 0.26 0.034 0.036 17 810 21 520
FRN 12.42 12.42 845.52 1056.90 0.26 0.29 0.048 0.051 14 616 16 480
DeepEMD 12.42 12.42 563.68 704.60 0.98 0.99 0.167 1.657 8936 10 770
DMN4 12.43 12.43 563.68 704.60 0.25 0.28 0.035 0.037 8963 10 770
MCL 12.42 12.42 563.68 704.60 0.20 0.28 0.036 0.041 9170 11 004
ESPT 12.42 12.42 563.68 704.60 0.20 0.32 0.031 0.038 8662 10 032
C2-Net 18.49 18.49 577.35 720.40 0.17 0.23 0.030 0.033 12 186 13 008
BiFRN 16.12 16.12 867.69 1084.46 0.27 0.38 0.026 0.033 15 714 23 756

CDN4 12.42 12.42 1127.36 1409.20 0.44 0.52 0.061 0.070 20 084 23 794
f
i
s

D
i
s
S

From this figure, we see that DN4 can identify the target objects
in most cases, but it often assigns high importance to the entire target
and sometimes includes the background as well. In contrast, our CDN4
model can identify the target in all cases, and more importantly, it
only focuses on small, important regions, such as the eye, beak, and
tail of the bird. Such a stark contrast in the attention demonstrates the
effectiveness of cross-view measurement in extracting discriminative
local features, which play a key role in fine-grained few-shot image
classification.

4.5.2. t-SNE
We also use t-SNE [42] to visualize the distribution of query samples

in the embedded space. As shown in Fig. 4, compared with DN4, intra-
class samples of CDN4 are more clustered, while inter-class samples are
more distant. It shows that after introducing more intra-class variation,
the feature representation learned by the model is more conducive to
the improvement of generalization performance.

4.6. Comparison of computational cost

To understand the computational cost of CDN4, we measure the
number of parameters, the number of floating-point operations (FLOPs),
training time, inference time, and memory usage. The FLOPs are
measured during the training phase in the 10-way 1-shot and 10-way
5-shot tasks with 15 query samples per class using the CUB-200-2011
dataset. Training time and inference time are calculated as the average
time required for 100 randomly selected episodes and are reported in
seconds [11]. Memory usage refers to the GPU memory consumed by
he model during training and is reported in MB.

In Table 8, the number of parameters and FLOPs for some methods
ppear the same since we used the same code framework when running
he experiment. Compared with the baseline DN4, CDN4 does not
ntroduce more parameters. Its FLOPs, training time, and inference time
re twice those of DN4, and memory usage is 12.8% higher in the
ne-shot case and 10.6% higher in the five-shot case. The increase
n computational cost comes from two sources: the EDBS generates
ransformed episodes on top of the original episodes, which doubles the

amount of data, and the CLMM module measures the similarity between
four pairs instead of one pair in DN4.

5. Conclusion

In this study, we propose a novel Cross-view Deep Nearest Neighbor
Neural Network (CDN4) for fine-grained few-shot image classification.
Our approach integrates the Episodic Dual-Branch Structure and the
Cross-view Local Metric Module, which enables us to obtain more
discriminative features and achieve a more accurate metric by building
cross-view measurements between dual branches. Extensive experi-
ments, including ablation studies and visualization, suggest that our
method achieves superior classification accuracy and generalization, as
well as stable performance under different augmentations. In the future,
9

we plan to investigate the applicability of our method to pre-trained
oundation models such as CLIP. Additionally, noting the longer train-
ng and inference time, we plan to parallelize the feature extraction and
imilarity calculation processes.
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