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Abstract Due to the limited length and freely constructed sentence structures, it is a difficult classification task for

short text classification, especially in multi-class classification. An efficient meta learning framework is proposed for

twitter classification. The tweets are clustered into many sentence styles corresponding to new class labels. Thus, the

original text classification task becomes few-shot learning task. When applying few-shot learning on benchmark

datasets, the proposed method Meta-CNN achieves improvement in accuracy and F1 scores on multi-class twitter

classification, and outweigh some traditional machine learning methods and a few deep learning approaches.
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Fig. 1 Sentence styles meta-learning framework
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Fig. 2 Example for sentence style labeling
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Table 1 FFN Comparision

GRS 24k SVM DSC Kim-CNN 2CNN1D Meta-CNN
MultiGames 0.435 0561 0.6 0571 0.864
Semeval_b 0.554 0.531 0.61 0.567 0.864

SS-Tweet 0511 0.528 0.679 0.618 0.861
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