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® Task: C ate g()rize eaeh line int() 23 predefined C ate g()ries Original Once upon a midnight dreary, while I pondered, weak and weary,

that indicate the hierarchy of the document structure.

Synonym Replacement (EDA) Erstwhile upon a midnight dreary, while I pondered, weak and weary,

. . o . Random Insertion (EDA) Once upon a midnight dreary, while I pondered, weak and once weary,
e Previous W()I'k haVe d()ne thlS by utIthn g I‘lCh text Random Swap (EDA) Once upon I midnight dreary, while a pondered, weak and weary,
Random Delete (EDA) Once upon a _, dreary, while I pondered, _, and weary,

features, layout, and visional features.
 Aim: Obtain similar performances with a contextual
model on text only.

Data * Dataset split by °

document 1nstead
of by line.
Additional labeled

Back Translation Once at midnight it was bleak while I was thinking, weak and tired,

* Semi-supervised learning frameworks: Unsupervised Data
Augmentation (UDA) and FixMatch.

Data Augmentation: Back translation for strong
augmentation, Easy Data Augmentation (EDA) for weak
augmentation.
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* Supervised Data Augmentation adds a consistency loss
term to compute the divergence of the model prediction
between the labelled text and its augmented version.

Results

* Context of neighboring lines considered to account for the
continous nature of scientific documents.

* Sliding window attention added as an extra layer in
between sentence embedding generation and linear

classification to prevent computation time increasing SectlLabel Extended
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