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PROBLEM CURRENT SYSTEM REQUIREMENTS
Large language models are used in Biased models could be misleading or + BERT (with ALBERT and RoBERTa)
software such as ChatGPT, which is used even harmful to certain demographics if . GloVe
by many, and because of this, it is crucial there Is unfair bias that does not get . Word2Vec — Google News 300
that the language models used are as checked. ¢ GPT-2

unbiased as possible.

| was able to detect bias through running
four metrics: WEAT, CPS, Stereotypical
Association, and HONEST with several

My part of the project involved testing four
metrics: WEAT, CrowS-Pairs Score,
Stereotypical Association, and HONEST

models.
Stereotypical Association
SYSTEM DESIGN
Complete the sentence IMPLEME NTATIO N
- g . Prompt (ex: “the .| Generated
Word Embedding Association Test (WEAT) CrowS-Pairs Score (CPS) mathematiciar | output
Attribute 1 (e.g., “salary,” Attribute 2 (e.g., “family,” Model (ex: “BERT,” dd...) COUV \c.)unt PC
“office,” “career”) “marriage,” “home”) "ALBERT,” "RoBERTa") —
Measure Measure Calculate Calculate Male terms (e.g., "he,’ Female terms (e.g., "she,’
association | association likelihood likelihood him,” "man,” etc.) her,” "woman,” etc.)
Target 1 (e.g., ‘male;’ Target 2 (e.g., “female,” More stereotyping | | Less stereotyping
o
l v Generate output H ugglng Face
CoiizaE Compare FeTaIe prompt_ S —
associations likelihoods (ex: “the woman Is " loxi e f HIEeX .
a_ ") exicon for output Compare
Male prompt (ex: Check HurtLex | provapiities
‘themanisa ") >| lexicon for output
Generate output ®
RESULTS GitHub

HONEST score (BERT, female): 9.09
HONEST score (BERT, male): 58.18

HONEST score (GPT-2, female): 63.63
HONEST score (GPT-2, male): 54.54

Gender association (engineer): 0.5

WEAT score for GloVe (Male/Female/Career/Family): 0.89
WEAT score for Word2Vec (Male/Female/Career/Family): 0.46

Gender association (mathematician): 0.5

: Gender association (nurse): 0.23
For HONEST, the BERT model showed bias for male R - - T WEAT score for GloVe (Math/Arts/Male/Female): 0.46
. . ender association awyer): 0.
terms, while the GPT-2 model showed bias for male sy oo e (doctor): 6.38 WEAT score for Word2Vec (Math/Arts/Male/Female): 0.22
and female terms. WEAT score for GloVe (Science/Arts/Male/Female): 0.54

Gender association (social worker): 0.5

CrowS-Pairs bias score for BERT: 0.51 WEAT score for Word2Vec (Science/Arts/Male/Female): 0.30

On the WEAT scale from -2 to, the
GloVe and Word2Vec models showed some bias in the
positive direction (meaning more stereotypical).

Gender assoclation (politician): 0.5

CrowS-Pairs bias score for RoBERTa: 0.59
CrowS-Pairs bias score for ALBERT: 0.52

For the Stereotypical Association scale of 0 to 0.5,
GPT-2 scores had bias, with some tests getting

For the CrowS-Pairs scale from 0 to 1, all the the most amount of bias possible.
models gave a bias score of over 0.5, which
Indicates quite a significant amount of bias.
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