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Existing benchmarks

Benchmark Sent. Sarc. Eng. Var

Cieliebak et al. (2017) v
Wang et al. (2018) v
Alharbi et al. (2020) v
Abu Farha et al. (2021) V
v

v

Elmadany et al. (2023)
Faisal et al. (2024)

X NN XX X
X X X X N X
SNENENENE

SST[1]

[1] Richard Socher, Alex Perelygin, Jean Wu, Jason Chuang, Christopher D. Manning, Andrew Ng, and Christopher Potts. 2013. Recursive Deep Models for Semantic
Compositionality Over a Sentiment Treebank. In Proceedings of the 2013 Conference on Empirical Methods in Natural Language Processing, pages 1631-1642, Seattle,
Washington, USA. Association for Computational Linguistics.
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Why use BESSTIE?

 Standard English
» that's far too tragic to merit such superficial treatment

 Text with dialect features
 quantity is very very less

 Text with colloquial terms
« Whitlam wanted to shut it down did he not? Nek Minit

 This case seriously is now sounding like a badly written Crime Patrol
episode.
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Dataset Creation

- P

Language

Varletles [2]

Australian (en-AU) _

- | British (en-UK) Inner-circle

* Indian (en-IN) Outer-circle

A 4

[2] Braj B. Kachru. 1990. World englishes and applied linguistics. World Englishes, 9(1):3-20.
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Dataset Creation

Language Probability
+ fastText [3] for English
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Language Variety Probability
» Manual Annotation
» Automatic Validation

A 4

Language Domains Quality
Varieties  Reddit Assessment

+ Australian (en-AU) + Google Places + Language

* British (en-UK) reviews + Language Variety

+ Indian (en-IN)

[3] Edouard Grave, Piotr Bojanowski, Prakhar Gupta, Armand Joulin, and Tomas Mikolov. 2018. Learning word vectors for 157 languages. In Proceedings of the International
Conference on Language Resources and Evaluation (LREC 2018).
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Quality Assessment- Language Variety

Manual Annotation Automatic Validation

Cannot say

Outer Circle

|

en-AU

DistilBERT [4] Vs.

ant-IN

Inner Circle

en-IN

en-UK

|

Cannot say

ant-UK

[4] Victor Sanh, Lysandre Debut, Julien Chaumond, and Thomas Wolf. 2020. Distilbert, a distilled version of bert: smaller, faster, cheaper and lighter. Preprint, arXiv:1910.01108.
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Quality Assessment- Language Variety

Manual Annotation Automatic Validation

Cannot say

ICE-India [5]

- j DistilBERT [4] vs.
° ICE-Australia
5 [6]

en-UK

|

Cannot say

ant-UK

[4] Victor Sanh, Lysandre Debut, Julien Chaumond, and Thomas Wolf. 2020. Distilbert, a distilled version of bert: smaller, faster, cheaper and lighter. Preprint, arXiv:1910.01108.
[5] Sidney Greenbaum and Gerald Nelson. 1996. The international corpus of English (ICE) project. World Englishes, 15(1):3-15.
[6] Adam Smith and Pam Peters. 2023. International Corpus of English (ICE).
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Language Domains Quality Annotation
Varieties *  Reddit Assessment + Sentiment
« Australian (en-AU) « Google Places . Language « Sarcasm
*  British (en-UK) reviews - Language Variety

+ Indian (en-IN)




Native speakers manually
annotate every instance

Data set C reati O n with sentiment and

sarcasm.

Cohen's Kappa:

Variety Sent. Sarc.

en-AU 0.61 0.47

‘ . a1 en-IN 0.65 0.51
- 4> ar @?I?

@ﬁ 3 9 %= Y@ en-UK 0.79 0.63
Language Domains Quality Annotation
Varieties *  Reddit Assessment * Sentiment
« Australian (en-AU) « Google Places . Language « Sarcasm

* British (en-UK) reviews + Language Variety

+ Indian (en-IN)
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Dataset Statistics

Variety Subset | Train | Valid Test | P(eng) | P(var)
ay |GOOGLE | 946 | 130 | 270 | 099 | 099
REDDIT | 1763 | 241 | 501 | 098 | 0.95
GOOGLE | 1648 | 225 | 469 | 099 | 0.94
N ReppiT | 1686 | 230 | 479 | o087 | 0.78
GOOGLE | 1817 | 248 | 517 | 099 | 099
UK RepoiT | 1007 | 138 | 287 | 098 | 093
Total 8867 1212 2523
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Overall Results

Domain-Task en-AU en-IN en-UK
GOOGLE-Sentiment| 0.94 0.64 0.86
REDDIT-Sentiment | 0.78 0.69 0.78
REDDIT-Sarcasm 0.62 0.56 0.58
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Results — Model Properties
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