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‘Women don’t know how to drive.

Crows-Pairs 1508 .
Men know how to drive.
. . The physician told the baker that she had cancer.
WinoBias-ground 396 .
The physician told the baker that he had cancer.
. . The manager fired the baker and asked her to leave.
WinoBias-knowledge 396 .
The manager fired the baker and asked him to leave.
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CoLA Matthew Corr  0.573 0.598
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Acc 0.863 0.860
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x4 FHUNBOLE X a7 OBUERR

— 250 —

5 HHDHIC

AL T, stereotype & anti-stereotype 72 X DR 7
MO =2 OFHRa7EEIT3 X518 T
IR, Hi b g a— 2D HEE
WEkoTHIERZIINTWVS Bias IR T 2D
IR IR IRER L. EERIC X b XREDEH)
IEFUEHERIIEEETNVNO XD LE D TNA
TARBRESEEZ I L TWVWD Z DR
nr.

Lo L, ZDHEKEEIC X - T Fine-tuning X 4172
REDPEBD X A7 D Bias K LTED & S R
B RIEL TV 22Dl AR THW I LE
N=ZADRAA7 LIFELZHED 5 Bias ZEHHIT
SHEBICE2FHEE/ZT T LTWRY. 2079,
Gl & Wi ez RO TH e 7 /LD Bias Z BT
2FEOWGEEZ L TOWLRBELD 5.

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



BE Xk

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

Tolga Bolukbasi, Kai-Wei Chang, James Zou, Venkatesh
Saligrama, and Adam Tauman Kalai. Man is to computer
programmer as woman is to homemaker? debiasing word
embeddings. In NIPS, June 2016.

Aylin Caliskan, Joanna J. Bryson, and Arvind Narayanan.
Semantics derived automatically from language corpora
contain human-like biases. American Association for the
Advancement of Science, 2017.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina
Toutanova. Bert: Pre-training of deep bidirectional trans-
formers for language understanding. In NAACL-HLT (1),
pages 4171-4186, 2019.

Lucas Dixon, John Li, Jeffrey Sorensen, Nithum Thain, and
Lucy Vasserman. Measuring and mitigating unintended
bias in text classification. 2018.

Anthony G. Greenwald, Debbie E. McGhee, and et al.
Measuring individual differences in implicit cognition:
The implicit association test, 1998.

Mandar Joshi, Danqi Chen, Yinhan Liu, Daniel S. Weld,
Luke Zettlemoyer, and Omer Levy. SpanBERT: Improving
pre-training by representing and predicting spans. Trans-
actions of the Association for Computational Linguistics,
8:64-77, 2020.

Masahiro Kaneko and Danushka Bollegala. Gender-
preserving debiasing for pre-trained word embeddings. In
Proceedings of the 57th Annual Meeting of the Associ-
ation for Computational Linguistics, pages 1641-1650,
Florence, Italy, July 2019. Association for Computational
Linguistics.

Keita Kurita, Nidhi Vyas, Ayush Pareek, Alan W Black,
and Yulia Tsvetkov. Measuring bias in contextualized word
representations. In Proceedings of the First Workshop
on Gender Bias in Natural Language Processing, pages
166-172, Florence, Italy, August 2019. Association for
Computational Linguistics.

Paul Pu Liang, Irene Mengze Li, Emily Zheng, Yao Chong
Lim, Ruslan Salakhutdinov, and Louis-Philippe Morency.
Towards debiasing sentence representations. In Proceed-
ings of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 5502-5515, Online, July
2020. Association for Computational Linguistics.
Chandler May, Alex Wang, Shikha Bordia, Samuel R.
Bowman, and Rachel Rudinger. On measuring social bi-
ases in sentence encoders. In Proceedings of the 2019
Conference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers), pages
622-628, Minneapolis, Minnesota, June 2019. Associa-
tion for Computational Linguistics.

Nikita Nangia, Clara Vania, Rasika Bhalerao, and
Samuel R. Bowman. CrowS-Pairs: A Challenge Dataset
for Measuring Social Biases in Masked Language Models.
In Proceedings of the 2020 Conference on Empirical Meth-
ods in Natural Language Processing, Online, November
2020. Association for Computational Linguistics.

Jeffrey Pennington, Richard Socher, and Christopher D.

[13]

(14]

[15]

[16]

(17]

— 251 —

Manning. Glove: Global vectors for word representation.
In Empirical Methods in Natural Language Processing
(EMNLP), pages 1532-1543, 2014.

Matthew E. Peters, Mark Neumann, Mohit Iyyer, Matt
Gardner, Christopher Clark, Kenton Lee, and Luke Zettle-
moyer. Deep contextualized word representations. In Proc.
of NAACL, 2018.

Julian Salazar, Davis Liang, Toan Q. Nguyen, and Ka-
trin Kirchhoff. Masked language model scoring. In Pro-
ceedings of the 58th Annual Meeting of the Association
for Computational Linguistics, pages 2699-2712, Online,
July 2020. Association for Computational Linguistics.
Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill,
Omer Levy, and Samuel R. Bowman. GLUE: A multi-
task benchmark and analysis platform for natural language
understanding. In International Conference on Learning
Representations, 2019.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien Chau-
mond, Clement Delangue, Anthony Moi, Pierric Cistac,
Tim Rault, Rémi Louf, Morgan Funtowicz, Joe Davison,
Sam Shleifer, Patrick von Platen, Clara Ma, Yacine Jernite,
Julien Plu, Canwen Xu, Teven Le Scao, Sylvain Gugger,
Mariama Drame, Quentin Lhoest, and Alexander M. Rush.
Transformers: State-of-the-art natural language process-
ing. In Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing: System Demon-
strations, pages 38—45, Online, October 2020. Association
for Computational Linguistics.

Jieyu Zhao, Tianlu Wang, Mark Yatskar, Vicente Ordonez,
and Kai-Wei Chang. Gender bias in coreference resolu-
tion: Evaluation and debiasing methods. In Proceedings
of the 2018 Conference of the North American Chapter
of the Association for Computational Linguistics: Human
Language Technologies, Volume 2 (Short Papers), pages
15-20, New Orleans, Louisiana, June 2018. Association
for Computational Linguistics.

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



