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Few-shot learning based on slip feature vectors
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(1. School of Computer and Communication, Lanzhou University of Technology, Lanzhou 730050, China;
2. Engineering Research Center of Urban Railway Transportation of Gansu Province, Lanzhou 730050, China;
3. School of Electrical and Information Engineering, Lanzhou University of Technology, Lanzhou 730050, China)
Abstract: In the few-shot learning, the extremely limited number of examples per class can hardly represent the class distribution
effectively, which is the main reason for misclassification. To tackle this problem, we propose Slip Feature Vectors Neural Network
(SFV for short), which used the local slip feature vectors of samples per class to construct the class feature spaces, and also utilized
the image-to-class measure to classify the query samples. It expands the class feature space by adding the edge information of feature
blocks and correlation of their position and structures to maximize the utilization of the deep feature maps when the sample is
extremely limited, which can ease over fitting problem caused by small sample data. Experimental study on benchmark datasets
consistently shows its superiority over the related other framework, especially on fine-grained datasets, it achieves state-of-the-art.
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Fig.1 Illustration of proposed SFV for a few-shot learning task in 5-way k-shot setting
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Table 1 Mean accuracies of 5-way K-shot tasks on minilmageNe, with 95% confidence intervals (*Results re-implemented in

same setting for a fair comparison)
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Table 2 The mean accuracies of the5-way k-shot tasks on the fine-grained datasets, with 95% confidence intervals (*Results

re-implemented in the same setting for a fair comparison)
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WARES DN4 59.8440.80 88.65140.44 45.4130.76 63.5140.62 46.8440.81 74.9240.64
DN4* 60.7340.85 88.45140.49 48.9020.82 69.6310.74 54.2840.92 74.6610.75
IR 34.8040.98 44.70+.03 35.8040.99 47.50+1.03 45.30+.03 59.50+1.01
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Table 3 The ablation study results of the 5-way K-shot tasks on CUB-200, with 95% confidence intervals
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