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Feature Transformation and Metric Networks for Few-shot Learning

WANG Duo-Rui*? DU Yang®® DONG Lan-Fang' HU Wei-Ming® LI Bing’

Abstract For few-shot classification, training samples for each class are highly limited. Consequently, samples from
the same class tend to distribute sparsely while boundaries between different classes are indistinct in the feature
space. Therefore, a novel few-shot learning algorithm based on feature transformation and metric networks (FTMN)
is proposed for few-shot learning. The algorithm maps samples to the feature space through an embedding function
and calculates the residual between the input features and their class center. A feature transformation function is
then constructed to learn from the residual, enabling input features to move closer to their class center after trans-
formation. The transformed features are used to update the class centers, increasing the distance between centers of
different classes. Furthermore, the algorithm introduces a novel metric function that jointly expresses the metric
distances of each point within the features. The metric function simultaneously optimizes both cosine similarity and
Fuclidean distance. The performance of the algorithm on commonly used datasets for few-shot classification valid-
ates its effectiveness and generalization ability.
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Table 2 Few-shot classification performance on Omniglot dataset (%)
e 5-3% 20-2
1R 5-FEA 1-FEA 5-FEA
MN 98.1 93.8 98.5
ProtoNet!" 98.8 96.0 98.9
SN 97.3 88.2 97.0
RN 99.6 +£ 0.2 99.8 £ 0.1 97.6 £ 0.2 99.1 £ 0.1
SMil 98.4 95.0 98.6
MetaNet!® 98.95 97.00 —
MANN! 82.8 — —
MAML!"™ 98.7 £ 0.4 99.9 £ 0.1 95.8 £ 0.3 98.9 + 0.2
MMNet 99.28 + 0.08 99.77 £ 0.04 97.16 = 0.10 98.93 + 0.05
FTMN 99.7 £ 0.1 99.9 £ 0.1 98.3 £ 0.1 99.5 £ 0.1
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Table 3  Few-shot classification performance on

minilmageNet dataset (%)

) 5-%%

e 1-FEAR 5-FEA
MN 43.40 £ 0.78 51.09 £ 0.71
ML-LSTM!M 43.56 £ 0.84 55.31 £ 0.73
ProtoNet!"? 49.42 £ 0.78 68.20 = 0.66
RN 50.44 + 0.82 65.32 + 0.70

MetaNet!'! 49.21 £ 0.96 —

MAML! 48.70 £+ 1.84 63.11 + 0.92

EGNN — 66.85

EGNN + Transduction — 76.37
DN42 51.24 £ 0.74 71.02 = 0.64
DC™! 62.53 £+ 0.19 78.95 + 0.13
DC + IMP® — 79.77 £ 0.19
MMNet ™ 53.37 £ 0.08 66.97 + 0.09
PredictNet? 54.53 = 0.40 67.87 £ 0.20
DynamicNet™ 56.20 £ 0.86 72.81 £ 0.62
MN-FCE® 43.44 £ 0.77 60.60 = 0.71
MetaOptNet! 60.64 £ 0.61 78.63 + 0.46
FTMN 59.86 = 0.91 75.96 + 0.82
FTMN-R12 61.33 = 0.21 79.59 + 0.47
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INFEAR S IR T 1 e ST 5 ik, S5 T A 2
2 (JRARI %) M b, AR SCREAR RN 1 AR5 AL A2 4 A%
B, FEAERFAL L B0 70 R A% 2 AH ADURE AR I B gt
177456 AR E, TN T — MR AR & pR 4L
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JE B bR KK R SRR AIE 119 B2 PR B KAt R A, A
NERFEARR A TEEEE R, A SCH R H AR A
/INEEAE F 2085 2 Omniglot minilmageNet. ti-
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Table 4 Few-shot classification performance on CUB-200, CIFAR-FS and tieredlmageNet datasets (%)
. CUB-200 5-% CIFAR-FS 5-% tieredImageNet 5-%&

o IBEFN 5-FEAR 1-FEAR 5-FEA 1A 5-FEAR
MN 61.16 £ 0.89 72.86 = 0.70 — — — —
ProtoNet!"” 51.31 £ 0.91 70.77 £ 0.69 55.5 £ 0.7 72.0 £ 0.6 53.31 £ 0.89 72.69 + 0.74

RN 62.45 £ 0.98 76.11 = 0.69 55.0 £ 1.0 69.3 £ 0.8 54.48 £ 0.93 71.32 £ 0.78
MAML! 55.92 + 0.95 72.09 + 0.76 58.9 £ 1.9 71.5 £ 1.0 51.67 £ 1.81 70.30 + 1.75
EGNN — — — — 63.52 £ 0.52 80.24 + 0.49
DN4™ 53.15 = 0.84 81.90 = 0.60 — — — —
MetaOptNet!* — — 72.0 £ 0.7 84.2 + 0.5 65.99 + 0.72 81.56 £ 0.53
FTMN-R12 69.58 + 0.36 85.46 + 0.79 70.3 £ 0.5 82.6 £ 0.3 62.14 £+ 0.63 81.74 £+ 0.33
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