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%2 minilmageNet#{#E £ 5 way 1-shot/5-shot T bk SLI8
Table 2 5-way 1-shot and 5-shot comparison on

minilmageNet dataset

] BT 5-way accuracy/ %
H A

% 2% 1-shot 5-shot
Siamese Net®  Conv-64 49.23+0.17 61.934-0.18
Matching Net”  Conv-64 43.564-0.84 55.31+0.73
ProtoNet"” Conv-64 48.454+0.96 66.5340.51
Relation Net”™  Conv-64 50.444-0.82 65.320.70
CovaMNet"  Conv-64 51.1940.76 67.6540.63
DN4™ Conv-64 51.244-0.74 71.02-0.64
LMPNet®'  Conv-64 49.874+0.20 68.81+0.16
ADM®/ Conv-64 54.2640.63 72.544-0.50
MAML™ Conv-64 47.894-1.20 47.89+1.20
MeTAL® Conv-64 52.6340.37 70.52-40.29
GAP™ Conv-64 54.86+0.85 71.5540.61
CFS-space™  Conv-64 55.1540.84 69.294-0.69
HFFCR™ Conv-64 51.794-0.85 65.7440.72
SSL-ProtoNet™ Conv-64 52.5840.45 70.874-0.36
Ours(DGRCN)  Conv-64 56.01+0.31 72.81£0.17

%4 Stanford Dogs#{#E%E 5 way 1-shot/5-shot 3T LbSE18
Table4 5-way 1-shot and 5-shot comparison on

Stanford Dogs dataset

5-way accuracy/ %

5-way accuracy/ %

LY ERNCES T EREtES
1-shot 5-shot 1-shot 5-shot
Matching Net®  Conv-64 60.064-0.88 74.57+0.73 Matching Net”  Conv-64 46.1040.86 59.79+0.72
ProtoNet!"” Conv-64 50.6740.88 75.06+0.67 ProtoNet"”! Conv-64 40.8140.83 61.58+0.71
Relation Net®™  Conv-64 63.9440.92 77.87+0.64 Relation Net®™  Conv-64 47.354-0.88 66.20--0.74
CovaMNet™  Conv-64 52.42+0.76 63.76+0.64 CovaMNet™  Conv-64 49.1040.76 63.0440.65
DN4™ Conv-64 53.1540.84 81.90-0.60 DN4™ Conv-64 45.7340.76 66.33+0.62
LMPNet™ Conv-64 53.5040.24 66.60+0.19 LMPNet™ Conv-64 51.1740.22 64.06+0.18
CFRN® Conv-64 64.214-0.72 78.9340.41 AGLRs™ Conv-64 58.854-0.69 75.8240.49
CFS-space™  Conv-64 62.734-0.89 76.5440.62 DLG" Conv-64 47.7740.86 67.0740.72
AGLRs™ Conv-64 69.344-0.70 84.72+0.42 RaPSPNet™  Conv-64 55.7740.89 73.58+0.66
Ours(DGRCN)  Conv-64 69.86+0.33 88.9240.11 Ours(DGRCN)  Conv-64 59.46£0.39 78.18£0.35
GLFARY Resnet-12 74.01£0.40 87.024-0.27 TST_MFL"™ Resnet-12 67.840.82 81.724-0.61
DeepEMD™  Resnet-12 75.654-0.83 88.69-20.50 HelixFormer™ Resnet-12 65.924-0.49 80.6540.36
MIAN® Resnet-12 66.204-0.99 82.30--0.58 PaCL™! Resnet-12 59.764-0.70 77.50+0.48
KLSANet™  Resnet-12 74.9440.43 88.92+0.41 KLSANet®™  Resnet-12 64.43+0.81 81.07+0.31
Ours(DGRCN) Resnet-12 76.37%0.31 89.52%0.69 Ours(DGRCN) Resnet-12 71.76%+0.23 84.22%+0.42
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Few-Shot Classification Model with Fused Dual-Granularity Features

ZHOU Ying, CHEN Yuming'
(College of Computer and Information Engineering, Xiamen University of Technology, Xiamen 361024, China)

Abstract: In few-shot image classification, the number of samples is usually small. Moreover, existing
metric learning models cannot well balance local and global information. They are often affected by
complex backgrounds and thus cannot focus well on the main subject information. To address these issues,
a few-shot classification model named dual-granularity region confusion networks (DGRCN) that
integrates region-reorganized images and sub-block features is proposed. The DGRCN model introduces
the multi-granularity idea and proposes the region confusion granulation (RCG) method. Through this
method, multi-granularity regionreorganized images and multi-granularity sub-block sequences are
obtained, which alleviates the problem of insufficient samples. Secondly, picture-level and patch-level
features are extracted from the regionreorganized images and sub-block sequences, respectively. An
attention mechanism is added to refine the areas of focus and perform multi-granularity feature fusion based
on these two types of features. Finally, the classification results of the dual features are adaptively fused,
taking into account both global and local key information. DGRCN is experimented on the public datasets
minilmageNet, CUB and Stanford Dogs. Compared with the baseline model DN4, the accuracy has been
slightly improved. Experimental results show that DGRCN can effectively improve the performance of few-
shot classification tasks.

Highlights:

1. The dual-granularity region confusion network (DGRCN) is proposed to adaptively fuse patch-level and
picture-level dual-granularity features. Independent distance measurement and weighted classification in
dual-granularity feature spaces further align metric results with real distances.

2. A region confusion granulation (RCG) module is proposed to extract patch-level and picture-level
features and fully integrate global and local feature correlations.

3. Extensive experiments on minilmageNet, CUB and Stanford Dogs demonstrate the superior accuracy of
the proposed method, especially prominent performance improvements on fine-grained datasets.

Key words: few-shot learning; metric learning; data augmentation; feature fusion; granular computing
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