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Sparse Subspace Based Out—of-Distribution Text Detection
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Abstract: The goal of Out—of-Distribution (00D ) detection is to identify potential samples that do not conform to the data distribution during
the training process, in order to avoid the model making predictions on unusual cases. OOD detection methods based on pre—trained language
models often overly rely on data labels for text classification tasks, which limits their performance in practical applications. Currently, there is
insufficient research on unsupervised OOD detection. To overcome this limitation, a new OOD text detection framework called Sparse Sub-
space—based Out—of-Distribution Text Detection (SSOD) is proposed. This framework does not require labeled data and utilizes sparse sub-
spaces to jointly model the feature distribution of known data. It constructs the probability density function of observed samples in the nearest
subspace as the scoring metric for OOD detection. Experimental results show that SSOD achieves an average AUROC and average FAR9S5 that
are respectively 2.2% and 4.1% higher than the baseline across different distribution shifts, surpassing existing supervised methods in overall
performance.
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Table 3 Statistical information of the dataset used in the experiment
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Table 5 Experimental results under cross—task settings
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Table 6 OOD detection performance of different clustering algo-
rithms in two scenarios
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Table 7 OOD detection performance on different pre—trained lan-

guage models
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