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Can we obtain (near-)SOTA
performance on logical structure
recovery without relying on feature-
rich information, but on context only?



Dataset

Data Source

e Original SectLabel Dataset (Luong et al., IJDLS 2010):
o 20 ACL 2009 Papers
o 20 CHI 2008 Papers
e Extended Testing Dataset:
o 20 ACL 2020 Papers
e Unlabelled Dataset:
o 570 ACL 2021 Long Papers
o 1895 NeurIPS 2021 Papers

8:1:1 Document Split on SectLabel Dataset for Training, Validation and Testing
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Contextual Model Construction
Sliding Window Attention

/ ., “
- v N o p -
L L+  Backbone Y -] % I Sentence / Linear [Ny
b t } - =] Y
|~ Main Line [ | Model ;,_V Main Embedding !_. 3 % Embedding | Classlf:itl ) ,-h/x Label ,

Next Line(s) tﬁf
Q

Baseline  Sliding Window 5

Matthew E Peters, Mark Neumann, Mohit Iyyer, Matt  author reference
Gardner, Christopher Clark, Kenton Lee, and Luke reference reference
Zettlemoyer. Deep contextualized word representa- bodyText reference
tions. arXiv preprint arXiv:1802.05365, 2018. reference reference




Pooling Methods for Sentence Embeddings
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Pooling Methods for Sentence Embeddings

Mean Pooling
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BERT {or any other pretrained transformer model)

101 109 i6l3 3058 17594 4874 166 1103 6688 3676 119 102
[CL5] The quick brown fox Jumped over the lazy dog . [SEF]



Pooling Methods for Sentence Embeddings

Attention Pooling

Altention
| Pooling
- o
i
i 5 ™y
Self Attention Layer
;'r.ln’r“ - emb, emb emb, emb, "m"l"--.u,w_' emb emb emthy, "m'h.w enth emby
BERT {or any other pretrained transformer model)
101 109 3613 3058 17594 4874 166 1103 | 6EHEE 3676 119 102
[CL5] The quick brown fox Jumped over the lazy dog . [SEF]



Semi-Supervised Learning

Data Augmentation Techniques

Original

Once upon a midnight dreary, while I pondered, weak and weary,

Synonym Replacement (EDA)
Random Insertion (EDA)
Random Swap (EDA)
Random Delete (EDA)

Erstwhile upon a midnight dreary, while I pondered, weak and weary,
Once upon a midnight dreary, while I pondered, weak and once weary,
Once upon I midnight dreary, while a pondered, weak and weary,
Once upon a _, dreary, while I pondered, _, and weary,

w—_

Back Translation

Once at midnight it was bleak while I was thinking, weak and tired,
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Semi-Supervised Learning

Unsupervised Data Augmentation
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Semi-Supervised Learning

FixMatch
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Loss Engineering

Training Signal Annealing
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Loss Engineering

Supervised Data Augmentation

Labels ||| =/ §
Text i ! Backbone N\ |
€ 52 L Model EL—'
’V . /
L Augmented - - .g
| N Text . /' Backbone ’
. N, ackbone E
—/ A= Model v
Back | / —

._Translation |~

14



Results

SectLabel Extended
Model Macro F1  Micro F1  Macro FI  Micro Fl
SciWING (Ramesh Kashyap and Kan, 2020) 0.732 0.900 - -
RoBERTa-Attn Model (OURS) 0.806 0.904 0.596 0.870
RoBERTa-Attn Model + UDAh,; 0.784 0.906 0.669 0.887
RoBERTa-Attn Model + SDAh,; 0.832 0.929 0.623 0.886

SectLabel (Luong et al., 2010)* 0.847 0.934 - -
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Scan to read the full paper!
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