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Abstract

Text data quality is an important factor affecting the performance of language models. and its evaluation methodology
is considered decisive for model training effectiveness. To address the issues of high computational costs and incomplete
evaluation metrics in existing text data quality assessment methods, a deep learning-oriented text data quality
evaluation (TDQE) method was proposed. Specifically, (1) the Dropout module of a text summarization model was
utilized to generate multiple stochastic sub-networks, producing embedded representations of data samples to capture
semantic consistency, thereby evaluating sample robustness; (2) a text similarity matching model was employed to
compute the alignment between data samples and their summaries, assessing sample accuracy; (3) weighted robustness

and accuracy metrics were designed to quantify overall text data quality. Comparative experiments were conducted on
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public datasets between TDQE and state-of-the-art methods, and the results demonstrated that TDQE outperformed

existing mainstream algorithms.
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