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Query-aware Cross-mixup and Cross-reconstruction
for Few-shot Fine-grained Image Classification

Zhimin Zhang, Dongliang Chang, Rui Zhu, Xiaoxu Li, Zhanyu Ma, Senior Member, IEEE, Jing-Hao
Xue, Member, IEEE

Abstract—Few-shot fine-grained image classification is promi-
nent but challenging in computer vision, aiming to distinguish
sub-classes under the same parent class but with only a few
labeled support samples. Data augmentation techniques were
explored to address the few-shot issue, but they often fail to
mitigate the bias between support and query samples. Therefore,
in this paper we propose a query-aware cross-mixup and cross-
reconstruction method to address both few-shot and fine-grained
issues. Specifically, in the training phase, we randomly select
query samples and mix them with the support samples from
the same class to augment the support set. This first strategy
ensures the augmented support set query-aware within each sub-
class. Then, we reconstruct both query samples and support
samples from both original and cross-mixed support samples,
thus leveraging both cross-reconstruction and self-reconstruction
to enhance classification. This second strategy, enabling the
reconstruction also query-aware, further mitigates the bias be-
tween support and query samples, leading to more reliable
generalization. We evaluate our proposed method on four widely
used few-shot fine-grained image classification datasets, and
experimental results demonstrate its effectiveness in achieving
the state-of-the-art classification performance.

Index Terms—Data augmentation, Few-shot image classifica-
tion, Fine-grained image classification.

I. INTRODUCTION

INE-GRAINED image classification is an important topic

in computer vision and pattern recognition. It is partic-
ularly challenging due to the extremely similar sub-classes
that yield minimal inter-class variance [1], [2]. Concurrently,
variations in pose, age, and background, etc. within each sub-
class lead to substantial intra-class variance [3], [4]. These two
factors make the fine-grained image classification task highly
challenging. With the advancements in deep learning, there
have been significant strides in image classification [5]-[13].
However, these achievements usually depend on large sample
sizes, which may not be available in many practices. As a
result, few-shot fine-grained image classification has emerged.
Current techniques to enhance few-shot image classification
include metric learning, transfer learning, and data augmenta-
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Figure 1.

Visualization of the regions of interest (i.e. the bright areas)
identified by VFD [14] and our method, using Grad-CAM [15] on samples
from the CUB-200-2011 dataset. Compared with VFD, our method can
identify discriminative regions more accurately.

tion. Among them, data augmentation, aiming at augmenting
the support set, has garnered significant attention in recent
years due to its simplicity and plug-and-play nature [14],
[16]-[20]. Xu et al. [14] propose a feature disentanglement
framework (VFD) that can provide augmented features with
randomly sampled intra-class variations. Li et al. [16] de-
velop adversarial feature hallucination networks hallucinating
diverse and discriminative features. Zhao et al. [17] present
mirror mapping networks to generate the common features
for augmentation based on textual descriptions and knowledge
graph. However, as illustrated in Figure 1, they still fall short in
mitigating the bias between support and query samples, which
can be crucial for correctly classifying fine-grained samples.
This inadequacy underscores a key challenge for few-shot fine-
grained image classification [1], [21], [22].

Therefore, in this paper we propose a query-aware Cross-
mixup and cross-reconstruction method to address both few-
shot and fine-grained issues. Specifically, in the training phase,
we randomly select query samples and mix them with the
support samples from the same class to augment the sup-
port set. This first strategy ensures the augmented support
set query-aware within each sub-class. Then, we reconstruct
both query samples and support samples from both original
and cross-mixed support samples, thus leveraging both cross-
reconstruction and self-reconstruction to enhance classifica-
tion. This second strategy, enabling the reconstruction also
query-aware, further mitigates the bias between support and
query samples, leading to more reliable generalization.

In sum, our novelties and contributions are three-fold:

1) We propose a data augmentation strategy called query-

aware cross-mixup that generates new support sam-
ples with imported information from the query samples
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within the same class. This strategy ensures the aug-
mented support set query-aware within each sub-class,
hence better generalization for fine-grained sub-classes.
We develop a strategy leveraging both cross-
reconstruction and self-reconstruction to reconstruct
both query samples and support samples from both
original and cross-mixed support samples. This strategy,
enabling the reconstruction also query-aware, further
mitigates the bias between support and query samples,
leading to a more reliable classification.

Experimental results on four widely used few-shot fine-
grained image classification datasets demonstrate the
proposed method’s effectiveness in achieving the state-
of-the-art classification performance.

2)

3)

II. RELATED WORK

A. Few-shot Fine-grained Image Classification

Few-shot fine-grained image classification aims to distin-
guish sub-classes within a parent class using only a few labeled
samples. Recently, some methods have achieved significant
progress [1], [23]-[26]. Li et al. [23] propose a bi-similarity
network (BSNet) that utilizes two different similarity measures
to improve the performance with small model complexity.
Xu et al. [1] introduce a dual attention network, which hard-
attention and soft-attention branches jointly learn global and
local features to classify fine-grained data. Lee et al. [25]
present the task discrepancy maximization module (TDM)
for fine-grained few-shot classification, which learns task-
specific channel weights. Zha et al. [26] develop a two-stage
background suppression and foreground alignment framework.

Different from them, we use query-aware data cross-
augmentation and feature cross-reconstruction to align query
samples with support samples, thus improving the few-shot
fine-grained image classification performance.

B. Few-shot Learning with Data Augmentation

Data augmentation aims to increase sample information
to assist feature learning and improve the generalization
ability of the model [20], [27]-[29]. For few-shot learning,
Wang et al. [30] optimize both the meta-learner and the data
generator to generate additional training samples. Gidaris et
al. [31] propose a self-supervised data augmentation method
via rotation at different angles. Phoo et al. [32] introduce a
representation learning method that allows few-shot learners
to leverage coarsely-labeled data before evaluation. Zhang et
al. [33] proposed a hierarchical tree structure-aware method to
generate multiple groups of augmented images. Ma et al. [34]
proposed partner-assisted learning with supervised contrastive
learning.

Different from these methods, our data augmentation ap-
proach is query-aware cross-mixup. It ensures the augmented
support set query-aware within each sub-class, hence offering
better generalization for fine-grained sub-classes.

C. Few-shot Learning with Feature Reconstruction

Recently, some feature reconstruction approaches have
achieved excellent results in few-shot learning [25], [35]-[38].
Wertheimer et al. [35] propose feature map reconstruction
networks, which use ridge regression to reconstruct query
sample features from support sample features, alleviating
metric bias. Li et al. [37] propose a locally-enriched cross-
reconstruction network (LCCRN) to extract more discrimina-
tive local representations. Sun et al. [38] introduce an [5 ;-
norm regularization to guide feature reconstruction towards
semantically rich target regions. Wu et al. [36] introduce a
bi-reconstruction mechanism to simultaneously accommodate
for inter-class and intra-class variations.

Different from these methods, we develop a strategy lever-
aging both cross-reconstruction and self-reconstruction to re-
construct both query samples and support samples and thus
alleviate metric bias.

III. THE PROPOSED METHOD

A. Problem Formulation

Given a dataset D {(zi,v:),ys € L}Y,, following
the setting in [23], we divide it into three parts: Dypgin =
{(xivyi)a Yi € Ltrain}f\giama Dval = {(‘f’ia ?z), Qz S
‘Cval}ﬁ\gfla Dtest = {(l‘j, y:)7 y;k € ‘Ctest}i\iiﬂ’ where
Dirain (1 Dvai [ Diest = 0. We train the model on the Dyyqin,
validate it on D,,; to select appropriate hyperparameters, and
finally use Dy.s; to evaluate the performance of the trained
model. In the C-way K-shot few-shot setting, we randomly
select C' classes from the training set, with M samples
randomly selected from each class. Among them, K samples
form the support set S = {(z;,y;),y; € Etmm}icleK , and the
rest M — K samples form the query set Q = {(z;,y;),y; €
Lirain }f:Xl(M_K); S and Q together form a task 7 in training.
Similarly, we construct tasks 7 for validation and 7* for test.

B. Overview of the Proposed Method

As shown in Figure 2, our method consists of four modules:
feature embedding module fy, cross-mixup module, feature
calibration module, and Euclidean metric module.

In the training phase, firstly, a meta-task with support set S
and query set () is input into the cross-mixup module, where
each support sample is randomly mixed with a query sample
from the same class. Then, the original and new support
samples, as well as the query samples, are fed into feature
embedding module fy to produce S, SJ and Q, respectively.
Then, they enter the feature calibration module, containing two
branches that use two support sets, S. and S, to produce
for S, and @ four reconstructed feature maps, two for each:
S., gj , Q., and (:Qj Finally, the original features and four
reconstructed features enter the Euclidean module to calculate
four corresponding distances and make the final decision of
classification.

In the test phase, we only use the original support set to
reconstruct the query sample, and use the distance between the
reconstructed query feature Q. and the original query feature
Q for the final classification.



IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY

Feature Calibration Module

Reconstructed Original

J T R - I L)
[ g s "y | S —> > dl
| £ | o 0
- Supporl Calibration NG RPN H loss
g3 —'} @ ' Module (SCM) iyt ! ) 0SS
B3 | | : o 5 b 4,
= ] ! | ! =
3 i ! |________________,' g
= —4 gt gt
}Q @ . : : N
& ! . Si— 2 |»> d,
~——  Support Set I Augmented Support ' : ‘ =
" m S*@ i Calibration Module oI & —>1055 .,
b ! !
4384 ' (ASCM) . : | B
Query Set [ H QL > d,
! 1

Figure 2. Diagram of the proposed method. It consists of four modules: feature extractor fy, cross-mixup module, feature calibration module, and Euclidean
metric module. The black line shows the process of original support samples’ participation the in model training, while the purple line is for the newly

generated support samples.

Algorithm 1 Cross-mixup

Input: Support set S, query set @), C-way, K-shot.
Output: Set ST of augmented support samples.
: 0 ~ Uniform(0, 1)

—_

2: for class c=1,...,C do

3: For each support sample S¢x, k = 1,..., K, randomly
select a query image Q. from @, of class ¢

4: St =6%Se+ (1 —0) X Qe

5: return S

C. Cross-mixup Module

As summarized in Algorithm 1, our query-aware cross-
mixup strategy is very simple. For each support sample S,
from class ¢ in a support set S, we randomly select a query
image Q. from ., where Q). is the set of the query samples
also from class ¢, and then linearly combine these two samples
with a random weight to generate a new support sample. This
strategy, although simple, ensures the augmented support set
query-aware within each sub-class, hence better diversity and
generalization for fine-grained sub-classes.

D. Feature Calibration Module and Euclidean Metric Module

To fully exploit the augmented support samples, we design
a feature calibration module, which as shown in Figure 2
contains two modules for using self-reconstruction and cross-
reconstruction to reconstruct four feature maps. The support
calibration module uses the original support features S. to
reconstruct two feature maps, S, for support samples S,
and Q. for query samples @, respectively. In contrast, the
augmented support calibration module uses the augmented
data Sj to reconstruct two feature maps, S'j for support
samples S, and Qj for query samples ()., respectively.

For convenience of presentation, we shall describe the four
reconstructions together with the Euclidean metric module in
more detail as follows.

1) Reconstruct query from support: S, — Qc: We express
the feature of the support set and the feature of the query
sample in the form of matrix. That is, let matrix S, € R¥ x4
represent the support set feature of class ¢, where K is the
shot number, R = H x W, and d is the number of channels.

In the meantime, let matrix (); € Rftxd represent the matrix
of the j-th query sample.

As with [35], we use ridge regression to estimate a weight
matrix M,, € REXKR quch that Q; ~ M,,S.:

MoySe|® 4 A1 || My | (1)

where \; is the penalty weight. The ridge regression has a
closed-form solution:
My = Q87 (Se5¢ + M)~ )

where I € REBXER jg the identity matrix. Therefore, the
cross-reconstructed ¢); from S, can be expressed as

Qej = NMySe = 11Q; (SIS + D718 S, (3)

where A\; and y; can be designed to improve the stability of
training by setting

Mw = arg I]\l}lul)l ||Q] -

)\1 = [ZRG

where o and [3; are learnable parameters. ~
Then, Q); and its cross-reconstructed feature map @).; for
class c are input into the Euclidean metric module to calculate

their distance (do in Figure 2) as
‘2

dy =dcj = HQj — Qej @)

2) Reconstruct query from augmented support: SI —
Q+ Similarly, we can use ridge regress10n to get cross-
reconstructed query feature map Q from the augmented
support feature maps S.7, and its dlstance (d4 in Figure 2)
from @; as

"= 6B17 (4)

= nyQj(szsj + A2I)*ISC+TSC+, (6)

H=]ei-a ™

3) Reconstruct support from support: S, — S.: When self-
reconstructing the i-th feature map S; from the feature maps
in S;, we can use the following formula:

A+
Qr

de=d

C]

Sei = 785i(S] S + As) 'S S, ®)
and its distance (d; in Figure 2) from S;:
_ o2
di = de; = || i = 5. ©
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_4) Reconstruct support from augmented support: St —

St: Similarly, we can reconstruct the i-th support map Si

from the augmented support feature maps S to obtain Sj;

and calculate its distance (ds in Figure 2) from S; as
St =7aSi (ST ST+ \I)7ISFTS],

2

(10)

d3 =df; = ||S; — ST, (11)

E. Loss Functions

1) Query loss: Considering both the distances in Eq.(5)
and Eq.(7), we can obtain the probability of predicting the
j-th query sample into class c as

e—fl (dej +d:rj)

P(y; = Q) = (12)

c/ece_fl(dc’f"d:’j) ’
where ¢; is a learnable temperature factor.
Then the cross-entropy loss [055gycry for classifying query
samples can be expressed as
M-K

e ] los(P(y;1@,)),
j=0

1088 query = 13)
where M — K is the number of query samples, y; is the
one-hot vector and P(y;|@,) is the vector of predicted prob-
abilities.

2) Support loss: Similarly, considering both the distances in
Eq.(9) and Eq.(11), we can obtain the probability of predicting
the i-th support sample into class c as

e—&2(deitdf)

Py = c|Si) = (14)

PRI
and the cross-entropy 10ss [05Sgypport for classifying support
samples as
1K
losssupport = 7? Zy;r log(P(Y7|S1))7 (15)
i=0

where K is shot number, and y; is the one-hot vector.

3) Auxiliary loss: In addition, we follow [35] to use an
auxiliary loss to make the support classes orthogonal to each
other and increase the distance between classes:

10SSqus = Z Z SZS]T’ , (16)

ieC jeC,j#i

where S is the normalized support sample feature.
4) Total loss: Finally, we use the total Loss for model
training:

Loss = 1085support + 1058query + 108Squa- 17

F. Inference

In the test phase, we do not use the augmented support set.
For every test image, only the reconstruction of query from
support S, — @ is conducted and the distance in the form of
Eq.(5) to calculate the the prediction probabilities:

edei
P(y; = c|lQ;) =

Zc’eceddj .

The query sample will be classified into the class with the
highest probability.

(18)

IV. EXPERIMENTAL ANALYSIS
A. Datasets

To evaluate the effectiveness of our method, we use four
fine-grained benchmark datasets: CUB-200-2011, Flowers,
Stanford-Cars, and FGVC-Aircraft. For each dataset, follow
the setting in [23], we divide them into the training set Diyqin,
the validation set D,,,;, and the test set Dy.s¢. All images in
the four datasets are resized to 84 x 84.

CUB-200-2011 (CUB) [52] contains 11,788 images of 200
bird species. We divide it into a training set with 100 classes,
a validation set with 50 classes, and a test set with 50 classes.

Flowers [53] consists of 102 categories of common flowers
and each category consists of 40 to 256 images. We randomly
divide this dataset into a training set with 51 classes, a
validation set with 26 classes, and a test set with 25 classes.

Stanford-Cars (Cars) [54] contains 16,185 images of 196
classes of cars. We randomly select 130 classes to form the
training set, 17 classes for the validation set, and 49 classes
for the test set.

FGVC-Aircraft (Aircraft) [55] contains 10,000 images of
aircraft spanning 100 aircraft models. We randomly select 50
classes to form a training set, 25 classes for a validation set,
and 25 classes for a test set.

In addition, for a comprehensive evaluation, we also test our
method on three coarse-grained datasets: mini-ImageNet [49],
tiered-ImageNet [56], and FC-100 [57].

mini-ImageNet [49] consists of 100 categories, each cate-
gory with 600 images. Following [58], we divide the dataset
into 64 classes for training, 16 classes for validation, and 20
classes for testing.

tiered-ImageNet [56] consists of 351 categories for training,
97 classes for validation, and 160 for testing.

FC100 [57] is extracted from the CIFAR-100 dataset, with
the training set of 60 categories, the validation set of 20
categories, and the test set of 20 categories.

B. Implementation Details

Follow the setting in [42], we adopt two widely-used
backbones: ResNet-12 [59], [60] and ResNet-18 [5], [61].

However, we do not completely adopt the ResNet-18 set
of [5], but modify it based on ResNet-12. Our ResNet-18 has
four layers, and the first two layers each contains two residual
blocks. There is only one residual block for each of the last
two layers, and each residual block contains three convolution
layers of 3 x 3 convolution kernels. Each convolution layer is
followed by a batch normalization layer. Only after the first
bath normalization layer, there is a ReLU nonlinear activation
layer, and each residual block has a 2 x 2 max pooling layer at
the end. In this setting, the input is of 3 x 84 x 84 dimension
and the output is of 640 x 5 x 5 dimension.

The initial learning rate is set to 0.1. After every 400 epochs,
the learning rate decreases by a factor of 10. The weight decay
is set to 5e-4. We train ResNet-12 and ResNet-18 backbones
in the 10-way 5-shot setting for 1,200 epochs. In addition,
we verify the performance of the model every 20 epochs in
training, preserving the best model parameters.
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Table I
EVALUATION OF 5-WAY CLASSIFICATION ACCURACY ON FOUR FINE-GRAINED DATASETS USING THE RESNET-12 BACKBONE. WE REPRODUCED THE
COMPARISON METHOD UNDER THE SAME SETTINGS AND DATASETS USING THEIR OPEN SOURCE CODE. * DENOTES THE CLASSIFICATION ACCURACY
ORIGINAL FROM THEIR ORIGINAL PAPER.

Model CUB Flowers Cars Aircraft
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

ProtoNet (NIPS-17) [39] 79.64 + 0.20 91.15 + 0.11 7541 £ 0.22 89.46 &+ 0.14 82.29 + 0.20 93.11 £ 0.10 86.57 &+ 0.18 93.51 £ 0.09
RelationNet (CVPR-18) [40] 63.94 + 0.92 77.87 £ 0.64 69.51 4+ 1.01 86.84 £ 0.56 69.67 &+ 1.01 84.29 + 0.68 74.20 £+ 1.04 86.62 + 0.55
Baseline++ (ICLR-19) [10] 64.62 £ 0.98 81.15 £+ 0.61 69.03 4 0.92 85.72 4+ 0.63 67.92 + 0.92 84.17 + 0.58 74.51 £ 0.90 88.06 + 0.44
DeepEMD (CVPR-20) [41] 71.11 + 0.31 86.30 £+ 0.19 70.00 + 0.35 83.62 + 0.26 73.30 + 0.29 88.37 £+ 0.17 69.86 + 0.30 85.17 + 0.28
MiXFSL (ICCV-21) [42] 67.87 + 0.94 82.18 + 0.66 72.60 + 0.91 86.52 4+ 0.65 58.15 + 0.87 80.54 £ 0.63 60.55 + 0.86 77.57 £+ 0.69
VFD (ICCV-21) [14] 79.12 £ 0.83 91.48 4+ 0.39 76.20 £ 0.92 89.90 4+ 0.53 77.52 + 0.85 90.76 £+ 0.46 76.88 + 0.85 88.77 £ 0.46
FRN (CVPR-21) [35] 83.16 £ 0.19 92.59 £+ 0.11 81.07 & 0.20 92.52 £ 0.11 86.48 4+ 0.18 94.78 + 0.08 87.53 £+ 0.18 93.98 + 0.09
RENet (ICCV-21) [43] 79.49 £+ 0.44 91.11 4+ 0.24 7991 £ 0.42 92.33 4+ 0.22 79.66 + 0.44 91.95 £ 0.22 82.04 + 0.41 90.50 £ 0.24
DeepBDC (CVPR-22) [44]  79.71 £ 0.44 92.54 4+ 0.22 81.10 £ 0.49 93.25 4+ 0.23 81.92 + 0.40 96.12 £ 0.15 85.92 4+ 0.41 94.62 £ 0.16
TDM (CVPR-22) [25] 82.41 £ 0.19 92.37 £ 0.10 82.85 + 0.19 93.60 £+ 0.10 86.91 4+ 0.17 96.11 £ 0.07 88.35 £ 0.17 94.36 + 0.08

HelixFormer (MM-22) [45] 81.66 £+ 0.30 91.83 £ 0.17 - - 79.40 £ 043 92.26 + 0.15 - -
BiFRN (AAAI-23) [36] 82.90 £ 0.19 93.11 £ 0.10 80.30 + 0.20 92.30 £ 0.11 87.80 4+ 0.16 96.49 + 0.06 87.05 £+ 0.18 93.78 + 0.09

TFD* (TCSVT-23) [19] 84.08 £+ 0.81 92.54 £+ 0.39 - - - - - -
BSFA (TCSVT-23) [26] 83.88 £ 0.44 90.76 £ 0.26 74.48 + 0.54 86.05 £ 0.36 88.93 + 0.38 95.20 + 0.20 87.85 £+ 0.35 94.93 + 0.14
LCCRN (TCSVT-23) [37] 82.71 £+ 0.19 93.48 + 0.10 84.12 + 0.18 94.77 4+ 0.09 87.27 4+ 0.18 96.01 + 0.06 86.78 + 0.18 95.09 + 0.07

EFRN* (TCSVT-23) [38] 84.55 £ 0.19 93.46 £ 0.10 - - - - - -

QSFormer* (TCSVT-23) [46] 75.44 + 0.29 86.30 + 0.19 - - - - - -
IDEAL-clean (TPAMI-23) [47] 77.56 £+ 0.86 88.87 4+ 0.51 74.39 + 0.93 87.29 4+ 0.61 74.02 + 0.89 89.98 £+ 0.50 61.37 + 0.92 82.51 £ 0.55
C2-Net (AAAI-24) [48] 83.37 £ 0.42 92.20 £+ 0.23 80.86 + 0.46 91.54 £ 0.27 84.81 + 042 92.61 £+ 0.23 87.98 £+ 0.39 93.96 + 0.20
Ours 84.56 + 0.18 94.21 £ 0.09 83.52 & 0.19 94.51 + 0.09 87.51 £ 0.17 97.11 + 0.06 88.38 + 0.16 95.10 + 0.07

Table IT

EVALUATION OF 5-WAY CLASSIFICATION ACCURACY ON FOUR FINE-GRAINED DATASETS USING THE RESNET-18 BACKBONE. WE REPRODUCED THE
COMPARISON METHOD UNDER THE SAME SETTINGS AND DATASETS USING THEIR OPEN SOURCE CODE. * DENOTES THE CLASSIFICATION ACCURACY
ORIGINAL FROM THEIR ORIGINAL PAPER.

Model CUB Flowers Cars Aircraft

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
MatchingNet (NIPS-16) [49] 72.88 4+ 0.89 85.25 £ 0.57 76.07 £ 0.82 87.46 &+ 0.51 75.03 & 0.95 87.02+ 0.56 82.84 £ 0.81 88.77 &+ 0.54
ProtoNet (NIPS-17) [39]  78.20 £+ 0.21 90.73 £+ 0.11 75.82 4+ 0.22 90.47 + 0.13 84.16 + 0.19 94.02 £+ 0.09 85.81 4+ 0.19 93.66 + 0.09
Baseline++ (ICLR-19) [10] 65.67 £ 0.95 81.53 4+ 0.58 67.90 & 0.96 84.34 £ 0.62 67.41 £ 0.99 85.50 4+ 0.58 75.92 + 0.88 88.13 £ 0.47
Neg-margin (ECCV-20) [50] 72.51 + 0.82 89.25 4+ 0.43 76.34 4+ 0.89 90.83 + 0.47 76.04 + 0.81 93.06 + 0.38 77.40 + 0.86 90.92 + 0.39
FRN (CVPR-21) [35] 83.40 £ 0.19 92.69 £ 0.10 81.22 + 0.21 92.33 + 0.11 87.63 £ 0.17 9535 £ 0.08 87.89 4+ 0.18 93.96 + 0.09
RENet (ICCV-21) [43] 77.14 4+ 047 90.59 4+ 0.27 76.81 4+ 0.49 89.13 £+ 0.30 80.33 £ 0.44 91.63 £ 0.23 82.95 £ 0.42 90.51 £ 0.23
DeepBDC (CVPR-22) [44] 83.65 £ 0.40 94.18 £ 0.17 80.65 4+ 0.48 93.28 + 0.24 85.57 £ 0.39 96.36 £ 0.15 87.45 4+ 0.39 94.97 + 0.15
TDM (CVPR-22) [25] 83.25 £ 0.19 9298 £ 0.10 82.31 4+ 0.20 93.46 + 0.11 87.69 £ 0.17 96.06 & 0.07 87.91 4+ 0.17 94.28 + 0.08
BiFRN (AAAI-23) [25] 82.86 + 0.19 9324 £+ 0.10 80.44 4+ 0.20 93.11 + 0.10 88.29 + 0.16 96.80 &+ 0.06 87.73 4+ 0.17 94.16 + 0.09
LCCRN (TCSVT-23) [37] 82.74 £ 0.19 93.55 £ 0.10 83.58 4+ 0.18 94.87 + 0.08 86.24 £ 0.18 96.34 £ 0.07 86.95 &+ 0.18 95.06 = 0.07

QGN* (PR-23) [51] 83.82 91.22 - 89.9 - 91.3 - 92.0
Ours 85.22 4+ 0.18 94.47 + 0.09 84.12 £ 0.18 94.91 + 0.08 88.35 &+ 0.16 97.15 + 0.05 89.00 £ 0.16 95.41 + 0.07

In the test phase, we report the average classification ac-
curacies with 95% confidence intervals of 10,000 randomly
generated tasks on the test sets under the standard 5-way 1-
shot and 5-way 5-shot settings.

C. Comparison with State-of-the-Art Methods

The classification accuracies of our method and the state-
of-the-art methods using the ResNet-12 and ResNet-18 back-
bones are listed in Table I and Table II, respectively. We
reproduce the results of all state-of-the-art methods with the

same training settings using their open-source code. The
proposed method achieves the best performance in most cases
for CUB, Cars and Aircraft data using both backbones. For the
Flowers dataset, although our method performs the second best
using the ResNet-12 backbone in Table I, it is the best using
the ResNet-18 backbone in Table II.

This can be ascribed to the fact that the proposed method
uses the query samples to generate augmented support samples
and models the diverse similarities between the two types of
support samples and the query samples within the same sub-
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class, alleviating the large intra-class variance and improving
the classification accuracy.

To further verify the statistical significance of the superior
performance of our method, we perform the one-tailed paired
t-test to compare the 5-shot accuracies of our method with
those of state-of-the-art methods in Tables I and II, and report
the results in Table III. In this hypothesis test, we have null
hypothesis Hg : piours — 4« < 0 and alternative hypothesis
Hy : pous—p« > 0, where p is the mean accuracy of a method
and * denotes the state-of-the-art methods. When the p-value
is less than 0.05, we reject the null hypothesis and conclude
that our method is significantly better than the state-of-the-art
methods. In Table III, v/ denotes p < 0.05 while X denotes
p > 0.05. We can observe in both tables that our method is
significantly better than most state-of-the-art methods, except
for LCCRN on Flowers and Aircraft datasets.

Table III
THE p-VALUES OF THE ONE-TAILED PAIRED ¢-TEST
(H1 : pours — b+ > 0), CALCULATED BASED ON THE 5-WAY 5-SHOT
CLASSIFICATION ACCURACIES ON FOUR FINE-GRAINED DATASETS USING
RESNET-12 BACKBONE IN TABLE [ AND USING RESNET-18 BACKBONE IN
TABLE II. THE SIGNIFICANCE LEVEL IS 0.05. NOTATION: “V” : p < 0.05
AND “X” :p > 0.05.

. .
Dataset In Table I: Ours vs.

ProtoNet FRN BiFRN BSFA LCCRN C2-Net

CUB v v v v v v
Flowers v v v v X v
Cars v v v v v v
Aircraft v v v v X v
In Table II: Ours vs. *
Dataset
ProtoNet FRN BiFRN LCCRN

CUB v v v v

Flowers v v v X

Cars v v v v

Aircraft v v v v

D. Ablation Studies

1) The impact of different branches of reconstruction: Table
IV shows the impact of the two branches and the inner four
reconstructions on classification performance. The first row
represents the results that reconstruct the query and support
feature maps by only using the original support features
(SCM), the second row shows the results that reconstruct the
query and support feature maps by only using the augmented
samples (ASCM), and the third row is the proposed method
including both SCM and ASCM. It is clear that the best
performance is reached when both branches are used. The
middle row of Table IV shows the case of eliminating all
support self-reconstruction, and the results also verify that
the support self-reconstruction strategy improves the model’s
classification performance. The lower part of Table IV displays
the classification accuracies of removing one of the four re-
constructions, and the results show that using all four achieves
the best performance.
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Figure 3. The effect of the number of ways on classification accuracy. We
employ the C-way 5-shot training approach and evaluate using the 5-way
1-shot and 5-way 5-shot settings on CUB and Flowers with the ResNet-12
backbone.
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employ the 10-way K-shot training approach and evaluate using the 5-way
1-shot and 5-way 5-shot settings on CUB and Flowers with the ResNet-12
backbone.
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Figure 5. The boxplots of the test classification accuracies of ProtoNet, FRN
and our method (Ours) across 100 randomly sampled tasks. The models are
trained by the 10-way 5-shot setting and evaluated by 5-way 1-shot test tasks.
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Table IV
ABLATION STUDY OF DIFFERENT RECONSTRUCTION TASKS ON THREE FINE-GRAINED DATASETS USING THE 5-WAY SETTING AND RESNET-12
BACKBONE.
SCM ASCM CUB Flowers Cars
Se — Qc Se — S, S:r — Qj Sﬁ — S’:r 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
v X 83.50 £ 0.19  93.19 £ 0.10 83.14 £ 0.19 94.06 & 0.10 86.48 £ 0.18 95.85 £ 0.07
X v 83.98 + 0.18 93.76 £ 0.09 8220 £ 020 93.61 &= 0.10 85.71 & 0.18 95.89 + 0.07
v v 84.56 = 0.18 94.21 £+ 0.09 83.52 + 0.19 94.51 + 0.09 87.51 £ 0.17 96.58 + 0.07
v X v X 83.69 + 0.19 94.08 £ 0.10 82.11 £0.20 9348 £+ 0.10 87.34 + 0.17 96.51 +0.06
X v v v 84.73 + 0.18 94.14 = 0.09 82.81 = 0.20 94.03 = 0.10 86.62 £+ 0.18  95.99 + 0.07
v X v v 84.23 +£ 0.18 94.02 £ 0.09 82.63 £0.19 94.15 +£0.09 8642 4+ 0.18 96.43 + 0.07
v v X v 84.19 £ 0.18 93.76 = 0.09 82.66 & 0.20 93.93 & 0.10 86.13 £ 0.18  95.58 £ 0.08
v v v X 84.34 + 0.18 94.08 £ 0.09 83.05 £ 0.19 9421 +£0.09 86.07 & 0.18  96.39 + 0.07
Table V
ABLATION STUDY OF DIFFERENT DATA AUGMENTATION METHODS ON THREE FINE-GRAINED DATASETS USING THE 5-WAY SETTING AND RESNET-12
BACKBONE.
CUB Flowers Cars
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
Ours w/ Cutout [62] 83.06 + 0.19 92.89 £ 0.10 82.52 & 0.19 94.09 + 0.09 87.29 + 0.18 95.77 £+ 0.07
Ours w/ Mixup [63] 82.88 +£ 0.19 9290 £ 0.10 81.04 = 0.20 9240 + 0.11 85.60 + 0.18 95.10 £ 0.08
Ours w/ Cutmix (query-aware) [64] 8422 + 0.18  93.82 + 0.09  83.26 £ 0.19 94.62 £ 0.09  86.93 &+ 0.18 96.56 £+ 0.06
Ours w/ Cross-mixup 84.56 + 0.18 94.21 + 0.09 83.52 +£ 0.19 94.51 £+ 0.09 87.51 + 0.17 96.58 + 0.07
Table VI FRN Ours
CLASSIFICATION ACCURACY OF CROSS-DOMAIN TASKS USING TWO 10 Lo
DIFFERENT BACKBONES. 1 III | | 1|. |
0.8 0.8
w =2/ T ol |
Trammg. Method Backbone 1-shot S-shot ;:(? 0.6 06
—Testing — 3 . 3 .
m
ProtoNet [39] 40.16 &= 0.19 56.22 + 0.19 8 04 04
FRN[35] o Nerqp 4334 £020 5834 4020 4 Il 4 .
LCCRN [37] i 44.12 £ 0.18 6291 £ 0.19 02 02
Flowers Ours 47.30 + 0.20 65.27 + 0.19 : | I_II > |
1 2 3 4 5 1 2 3 4 5
—CUB ProtoNet [39] 39.64 £ 0.19 56.58 4+ 0.19 10 1.0
FRN [35] ResNet-18 45.72 £ 0.21 60.18 + 0.20 1.II| 1.I |
LCCRN [37] 44.53 £ 0.19 63.42 + 0.19 038 08
Ours 47.41 + 0.20 64.37 £+ 0.19 g 2 I.l 2 .|
=
ProtoNet [39] 2908 £ 0.14 4513 £ 0.15 Z g | ” ". R | . °°
FRN[35] b o qp 3087 £0.14  40.04 £ 0.14 @ s o
LCCRN [37] 4007 +0.16 5976 £ 0.16 O 4 I. A | .
Cars Ours 41.86 + 0.17 62.38 + 0.16 02 02
ATl oNet [39] 29.85 + 0.14 4371 + 0.15 > | . 3 | .
FRN [35] 30.01 £ 0.14 38.84 4+ 0.14 1 2 3 4 5 1 2 3 4 5
ResNet-18
LCCRN [37] 33.14 £ 0.14 46.57 + 0.14
Ours 40.46 + 0.16 60.41 + 0.16

2) The impact of different data augmentation methods: In

Table V, we compare the proposed cross-mixup augmentation
method with three related augmentation methods, cutout [62],
mixup [63] and cutmix [64]. Cutout randomly masks out
squared regions of images, mixup creates augmented samples
by convex combinations of training samples, while cutmix cuts
and pastes patches in training samples. In this experiment,
cutout and mixup are applied to the same classes of the support
set only. Cutout is revised to fit the image size of 84 x 84,

Figure 6. Visualization of the predicted probabilities of FRN and the proposed
method (Ours) on the CUB dataset. In the confusion matrices, each block
contains 16 bars representing the predicted probabilities of 16 randomly
selected test query images. The darker the bars, the higher the predicted
probability.

and crop is performed with the 0.25 ratio of the width of the
image. Cutmix is performed to cut and paste the patches of
query samples with support samples from the same classes,
which makes the method query-aware.

Clearly, our proposed cross-mixup is the best augmentation
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Figure 7. Visualization of the discriminative regions captured by ProtoNet, FRN and our method (Ours). Our method can identify the most delicate and

discriminative regions to classify fine-grained classes.
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Figure 8. Visualization of the reconstructed query and support images from the CUB dataset of the four reconstruction tasks in our method. The reconstructed

images from the SCM and ASCM branches can provide complementary details.

method. Compared with mixup, cross-mixup substantially
increases the classification accuracies of all datasets, demon-
strating the importance of query-awareness. In addition, higher
accuracies of cross-mixup over query-aware cutmix suggest
that the linear mixture strategy is better than the simple cut-
and-paste strategy for fine-grained image classification.

3) The impact of the numbers of ways and shots: In order
to further analyze the impact of the numbers of ways and shots
on the model performance, we compare the test classification
accuracies of ProtoNet, FRN and our method in Figures 3
and 4, respectively. The results of two test settings, S-way
1-shot and 5-shot, are reported for the CUB and Flowers data.

In Figure 3, when the number of ways increases from 5
to 10, the overall classification performance shows an upward
trend. However, when the number of ways exceeds 10, the
classification accuracy of FRN and our method declines.
In Figure 4, 5 shots tend to provide the best classification

accuracy. Nonetheless, our method is superior over the other
two methods for all number of ways and shots.

E. Distribution of Classification Accuracy

In Figure 5, we show the boxplots of the classification
accuracies of ProtoNet [39], FRN [35] and our method for 100
randomly selected test tasks. The three models are trained by
the 10-way 5-shot setting and evaluated by 5-way 1-shot test
tasks. In the boxplots, the red line is the median and the blue
dotted is the mean. We can clearly observe that our method
performs better than the other two methods with higher means
and medians.

F. Cross-Domain Performance

In Table VI, we further compare the performance of our
method with the most relevant methods, FRN [35] and LC-
CRN [37], on two cross-domain tasks, where the models
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Table VII
EVALUATION OF 5-WAY CLASSIFICATION ACCURACY ON TREE COARSE-GRAINED DATASETS USING THE RESNET-12 BACKBONE.

mini-ImageNet tiered-ImageNet FC-100
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
FRN [35] 66.40 + 0.19 8343 +0.13 7093 £ 0.22 8570 + 0.15 41.05 £ 0.18 55.52 + 0.18
Ours 6390 + 0.19 84.08 £ 0.12 70.52 £ 0.22 8497 £ 0.15 41.59 + 0.18 57.09 £ 0.18

are trained and test on two different datasets. Our method
can achieve the best classification accuracies for all cases,
demonstrating its superior generalization ability.

G. Qualitative Analysis via Visualization

1) Visualizing the predicted probabilities: In Figure 6, we
provide the visualization of the predicted probabilities for
FRN and the proposed method in the training settings of
5-way I-shot and 5-way 5-shot on the CUB dataset. The
predicted probabilities are calculated according to Eq.(12) on
16 randomly sampled query images for each class. In each
plot, the diagonal blocks represent the probabilities of the
correct prediction while the off-diagonal blocks represent those
of the wrong predictions. The darker the bars, the higher
the predicted probability. It is obvious that our method can
provide more correct predictions on the diagonals and less
wrong predictions in the off-diagonal blocks.

2) Visualizing the discriminative regions: The discrimina-
tive regions captured by ProtoNet, FRN and our method are
visualized in Figure 7. ProtoNet tends to include most of the
object and irrelevant background as discriminative features,
while FRN can focus more on the targets with less background
involved. Our method can provide the most delicate discrim-
inative regions; for example, the head and rear lights of cars
and the heads, beaks and wings of birds.

3) Visualizing the reconstructed images of the four recon-
struction tasks: In Figure 8, we visualize the reconstructed
images obtained by the four reconstruction tasks, and the
following two conclusions can be drawn. First, the images
reconstructed by images from the same class are better than
those reconstructed by images from different classes, showing
evidence of using the reconstruction error as a metric for
classification. Second, the reconstruction by augmented sup-
port features complement the details ignored by the original
support feature reconstruction, e.g., the branch of St — Q;*
reconstructs the query feature better.

H. Performance on Coarse-grained Datasets

In Table VII, we evaluate the classification accuracies of
our method against FRN on three coarse-grained datasets.
Both methods are trained using the 10-way 5-shot setting
and evaluated in 5-way 1-shot and 5-way 5-shot scenarios.
While our method outperforms FRN on the FC-100 dataset,
it performs worse or comparably to FRN on mini-ImageNet
and tiered-ImageNet, unlike its superior performance on fine-
grained datasets. Coarse-grained data normally have more
diverse scenes and coarse-grained classes than fine-grained
data. However, while our cross-mixup can enhance subtle

discriminative regions between fine-grained sub-classes, it may
also mix up sub-classes within a coarse-grained class while
creating the cross-mixed support samples during the training
phase, hence falls short in coarse-grained tasks during the test
phase that only original support samples can be used.

1. Evaluation of Model Efficiency

Table VIII
COMPARISON OF MODEL EFFICIENCY.

Method FLOPs (G) Params (K)
FRN [35] 1127.36 12424.32
RENet [43] 1469.49 12659.53
TDM [25] 1409.20 12424.32
BiFRN [36] 1446.14 16116.48
LCCRN [37] 2832.85 25005.95
C2-NET [48] 1440.81 18486.09
Ours 1761.50 12424.32

We compare the model efficiency in a 10-way 5-shot setting
and use THOP to obtain the FLOPs and parameters for each
model. As shown in Table VIII, our method has fewer param-
eters, but it has more FLOPs due to the augmented support
samples for cross-reconstruction and self-reconstruction.

V. CONCLUSION

In this paper, we propose a data augmentation method,
called query-aware cross-mixup. Unlike traditional mix-up
methods that combine samples from different classes in the
support set, the proposed method randomly selects samples
from the query set and mixes them with support samples from
the same class, to augment the support set and encourages the
model to learn fine-grained feature representation. In addition,
we develop a strategy to leverage both cross-reconstruction
and self-reconstruction to mitigate the bias between support
and query samples for a better generalization. Extensive exper-
iment results on four widely used few-shot fine-grained image
datasets demonstrate the superior classification performance of
the proposed method to the state-of-the-art methods.

We note two limitations of our method. First, as indi-
cated in Table VIII, our method has relatively high FLOPs.
This suggests some room in computational efficiency for our
method to improve. Second, as shown in Table VII, our
method, particularly designed for fine-grained datasets, does
not perform so superior on coarse-grained datasets as on fine-
grained datasets. This suggests a comprehensive extension of
our method to both fine-grained and coarse-grained data. It is
our future work to address these two limitations.
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