Explainable Prediction of Text Complexity: The Missing Preliminaries for Text Simplification
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Background & Motivation Explainable Prediction of Text Complexity How to evaluate Complexity Explanation?

Text simplification aims to reduce the language complexity of highly
specialized textual content so that it is accessible for readers who lack
adequate literacy skills, such as children, people with low education,
people who have reading disorders or dyslexia, and non-native speakers.

It is critical to explain the rationale behind simplification decisions,
especially behind a black-box model. No prior work has addressed the
explainability of text complexity prediction:

ideally, ground truth annotations at the token level are available; if not,
as a proxy, all tokens w; in complex sentence d which are absent in
simple sentence d’ are candidate words for deletion or substitution
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Datasets: aligned complex-simple sentence pairs from three different

Text Simplification Pipeline domains - news, Wikipedia, scientific papers
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to ensure transparency and explainability of the process.
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generalization in unseen scenarios (Doshi-Velez and Kim, 2018).
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Extractive Networks

Their fatigue changes their voices , but they ’re still on the freedom highway .

Simple sentence

Still , they are fighting for their rights .

it is critical to explain the rationale behind the simplification decisions
behind a black-box model to reduce the out-of-sample error
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