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Saliency Mask Mixup for Few-shot Image Classification
CHEN Yadang' ,GAO Yuxuan',LU Chuhan' and CHE Xun®

1 School of Computer Science, Nanjing University of Information Science and Technology,Nanjing 210044, China

2 School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094 , China

Abstract Few-shot image classification addresses the problem of poor performance in traditional image classification when data is
scarce. The challenge lies in effectively utilizing sparse sample label data to predict the true feature distribution. To tackle this,
some recent methods adopt data augmentation techniques such as random mas-king or mixed interpolation to enhance the diversi-
ty and generalization of data label samples. However, there are still the following issues: 1) Due to the uncertainty of random
masking, situations where the foreground is either completely masked or exposed may occur, leading to the loss of crucial infor-
mation in samples;2)Because the data distribution after mixed interpolation tends to be overly uniform.models find it difficult to
accurately distinguish differences between different classes, thus failing to effectively delineate boundaries between different cate-
gories. To address these problems, this paper proposes a data augmentation method based on Saliency Mask Mixup. Firstly,
through Mask Mix(M-Mix) and Confident Clip Selector(CCS) ,adaptive selection and retention of key feature information in ima-
ges are performed. Secondly,using Saliency Fuse(SF) . the importance of various regions in the image is calculated to guide image
fusion,making the resulting images more diverse and rich, thereby making category boundaries clearer. The proposed method
demonstrates outstanding performance on multiple standard few-shot image classification datasets(such as minilmage-Net, tiered-
ImageNet, Few-shot CIFAR100,and Caltech-UCSD Birds-200) , outperforming state-of-the-art methods by approximately 0. 2~
1%. These results indicate significant potential and advantages of the proposed method in few-shot image classification.

Keywords Few-shot learning.Image classification,Contrastive learning,Date mixing.Data augmentation,Saliency map
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Table 1 Comparison of accuracy of the proposed method and other

methods on minilmageNet and tieredlmageNet dataset

%
minilmageNet tieredImageNet
0k
1-shot 5-shot 1-shot 5-shot

infoPatchl8] 67.67+0.45 82.444051  71.5l4g52  85.4440.35
AMCLLM 68.92:0.40 84451009  T2.41u051  87.3640.31
HPEL!%] 64.1250.33  79.8210.29  70.1540.33  84.5440 2
RENetH16] 67.60:0.44  82.5840.30 71.6lio51  85.2840.35
MixtFSLH7] 63.9840.79  82.0440.49  70.974103  86.1640 67
CVETL18] 70.1940.46  84.6640.29  72.6210.51  86.6240 33
LSFSL[2] 64.67+049  81.794015  71.1740.52  86.2340 22

TALDSE3] 67.89+0.20 84.31u944 7134405  86.1240 353
DeepEMDL?] 65,9152 82.41c055  71.16+020  86.034¢.58
MMLLS] 67.5840.25  8l.4lig20  71.3840.25  84.6540 2
Ours 70.4340.46 85.4110.30  73.14Fg57  87.5440.4
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Table 2 Accuracy of method in this paper is compared with other

methods on CUB dataset

% Backb cub
7 ac one
1-shot/ % 5-shot/ %
ProtoNet!+] ResNet-18 71.8820.9 86. 64 5
AMCL] ResNet-12 81.124 42 914310 5
S2M2RM] ResNet-34 72.9240. 83 86.5540 67
RENet!16] ResNet-12 79.49 40,44 91. 1140, 54
MixtFSLI7] ResNet-18 73.944 86.01+(. 5
DPGNL1! ResNet-12 75. 7140, 47 91,484, 53
LRD/20] ResNet-12 79.5610. g7 90. 6740, 35
AAL21 ResNet-18 74.2241 09 88. 654,55
Laplacian-22J ResNet-18 80. 96 88. 68
setfeat 23] ResNet-12 79.6049, 50 90. 4840, 44
Ours ResNet-12 81.33.4. 59 91.734¢. 37
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Fig. 3 Comparison results of the proposed method with other

methods on FC-100 dataset
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Table 3 Comparison of this paper’s method with other data

enhancement methods on minilmageNet dataset

BOAE R Tk 5-way 1-shot/ % 5-way 5-shot/ %
mixupl!!] 67.34 81.99
augmix25] 67.95 82.07
cutmix[12] 66. 34 82.61

IDeMeNet!26) 66.59 82.48

M-mixupt27] 67.87 81.98

PatchMix!8] 68.74 83. 04
Ours 70. 43 85.41

2)t-SNE [, 7 3CHI ] -SNE &3k 7] L4k ik A 10 &, B
# K UE,  minilmageNet 308 4 i B AR 2800 g gt 17— A
TR episode, I oAy A $1) o 4B 0 AR SC Y 5E 4K R A
. B AR/ TRRA M EM TSR, NE 1) Pl L
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(b) A SCARE A 1y ] R 45 R
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Fig. 4 Comparison of t-SNE visualizations between the proposed

model and the baseline model
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Fig.5 Comparison of the loss of the proposed method on

minilmageNet with the loss of unsupervised contrastive learning
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Fig. 6 Heatmap visualization comparison
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Table 4 Results of ablation experiments for different modules

of model
M-Mix CcCs SF 1-shot/ % 5-shot/ %

63.17 78.31
J 67.33 81.93
N 64.07 79.39
J 65.21 81. 44
Ni Ni 69.72 83.47
J J J 70. 43 85. 41

2) WA R /NTE Al 7E# #E 0 H 2 2T 0 SR R,
AT W s ok g I8 v 4y B, AR SCAE minilmageNet 5 4R
LHEAT T BT A TR OR S B 1 — BOE KBRS B B
I 8X8,10X10 Fl 12X 12 KNI A L 45 BG4 500 - 349 43 AL
T 64,100 Fl 144 B, 78 8 X8 M T .45 10.16 120 A~
YT FHERL7E 10X 10 B RIAR T . 45 20,25 Rl 30 AN J7 34T 1
HERE X T 12X 12 B RIA% , fdE T 30,40 FT 50 S HERE Y 7 B,
7% S X 48 G B ) R SR AT R L 2F 3T TR AR ST A
A, SERLNFE 5 A, TT LA H L AR /N G A% T L3R
A4 T4 1) 45
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Table 5 Ablation experiments with grid segmentation size

R A 2 & KD EHHE R %
10 69.71
8% 8 16 68.97
20 68.58
20 68.75
10X 10 25 70.43
30 69. 84
30 69.14
12X12 10 68.85
50 68.43

3) AL B A B B . 75 CCS LB, % b ML % 89 10 %4
BT T I RS, A IR 4.6.8.12 1 16 A9 SR Hifb %
B AL FE minilma-geNet #1770 8., L4 R A 7
iR . YBEPLE BT R 6 I AR R N o i Kk 4
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BB BA . AR 3% B BE LR BT HCE o 6, il SE G
OB IR B e AE

1-shot == 5-shot
8345 85.41 84.75 8412 8219

KL/ %

8
RIHE
7 CCS J5 ¥k Al 3 57 #0 i 7€ minilmageNet 3054 I
1 X b 55 56
Fig. 7 Comparative experiments with different cropping quantities

on minilmageNet dataset in CCS method
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Fig. 8 Visual examples of M-Mix and SF methods
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