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The MIT License (MIT)
Copyright (c) 2016 Florida International University

Permission is hereby granted, free of charge, to any person obtaining a copy of this software and
associated documentation files (the "Software"), to deal in the Software without restriction, including
without limitation the rights to use, copy, modify, merge, publish, distribute, sublicense, and/or sell
copies of the Software, and to permit persons to whom the Software is furnished to do so, subject to

the following conditions:

The above copyright notice and this permission notice shall be included in all copies or substantial

portions of the Software.

THE SOFTWARE IS PROVIDED "AS I1S", WITHOUT WARRANTY OF ANY KIND, EXPRESS OR
IMPLIED, INCLUDING BUT NOT LIMITED TO THE WARRANTIES OF MERCHANTABILITY,
FITNESS FOR A PARTICULAR PURPOSE AND NONINFRINGEMENT. IN NO EVENT SHALL THE
AUTHORS OR COPYRIGHT HOLDERS BE LIABLE FOR ANY CLAIM, DAMAGES OR OTHER
LIABILITY, WHETHER IN AN ACTION OF CONTRACT, TORT OR OTHERWISE, ARISING FROM,
OUT OF OR IN CONNECTION WITH THE SOFTWARE OR THE USE OR OTHER DEALINGS IN
THE SOFTWARE.
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Abstract

Large language models (LLMs) have revolutionized natural language processing by delivering
high-performance results across diverse applications. However, their reliance on vast, targeted
datasets has led to the propagation of societal biases, raising concerns about fairness and ethical
implications. This project aims to systematically evaluate and address fairness in LLMs by
employing multiple bias detection metrics. These metrics assess the extent and nature of biases
across gender, race, and occupation-related associations within embeddings.

Through comparative analysis, we identify discrepancies in bias detection methods and evaluate
their effectiveness in quantifying bias. Our research also highlights the limitations of current
mitigation strategies and proposes actionable steps to reduce bias through dataset diversification.
The findings underscore the critical need for robust evaluation frameworks to ensure LLMs are
equitable and inclusive. This work contributes to the growing discourse on ethical Al, providing
a foundation for developing fairer, more transparent language technologies.
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INTRODUCTION

With the advancements of large language models and their increased usage, it is important that
they cause no harm to any group of people. Large language models should aim to have no bias
towards or against any social group since this will only harm everyone involved, with the social
group having to face bias or unjust treatment, and the model possibly receiving backlash for it.
Because of this, it is important to test language models for bias to see where they can improve.
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Current System

Large language models are trained on a large amount of data, which may lead to some of the data
being biased or harmful. The data being biased then leads to the language model spreading or
generating biased data even further, possibly affecting those who use it. There are different types
of harm that can be caused by large language models across different social groups. Some of the
types of harm that can be found in large language models are derogatory language, erasure,
exclusionary norms, stereotyping, and toxicity. Derogatory language refers to words and phrases
that target specific social groups. Erasure refers to removing the visibility or experiences of a
social group. Exclusionary norms refer to excluding certain social groups while maintaining the
most common ones. Stereotyping refers to negative characteristics about a social group. Toxicity
refers to offensive language towards a social group.

Purpose of New System

The goal of our system is to bring attention to the bias that language models can portray towards
different social groups. We used several different metrics to test some popular language models
for bias. These metrics are grouped into three categories: embedding-based, probability-based,
and generated text-based. Embedding-based metrics use vector representation to compare
similarity between words or sentences. Probability-based metrics use vector probabilities to test
bias. Generated text-based metrics use text generation on a prompt and measure results. Moving
forward, the goal would be to create methods to reduce the amount of bias in these language
models and ultimately remove any type of harmful bias from them.
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USER STORIES

The following section provides the detailed user stories that were implemented in this iteration of
the “Addressing Fairness in Large Language Models” project. These user stories served as the
basis for the implementation of the project’s features. This section also shows the user stories
that are to be considered for future development.

Implemented User Stories

User Story #1: As a developer, I would like to read the research paper sent by the product owner
and write a report on it to understand more about Large Language Models.

User Story #2: As a developer, I would like to begin researching Large Language Models to
understand how to approach the project.

User Story #3: As a developer, | would like to begin researching how Large Language Models
handle fairness to understand how they could be modified.

User Story #4: As a developer, | would like to know which Large Language Models are used and
compare them to see which ones are more accurate or fair.

User Story #5: As a developer, | would like to begin researching fairness in LLMs.

User Story #6: As a developer, I would like to read the article “Bias and fairness in large
language models: A survey”.

User Story #7: As a developer, I would like to answer the question: “What is the definition of
fairness in large language models”.

User Story #8: As a developer, | would like to look at examples of LLMs on GitHub.

User Story #9: As a developer, I would like to create a weekly report to keep track of what was
done each week.

User story #10: As a developer, | would like to define measurable fairness metrics for evaluating
large language models.

User story #11: As a developer, | would like to review the fairness approaches used by major Al
companies and apply relevant practices to our project.

User story #12: As a developer, | would like to create an experiment to compare the results of
our own metrics to other research findings.

User story #13: As a developer, | would like to create a report based on our results.

User Story #14: As a developer, | would like to do research on the first two metrics | will be
working on during this sprint.

User Story #15: As a developer, | would like to complete/answer all 6 goals for the first two
metrics.
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User Story #16: As a developer, I would like to update the “Metrics Progress” document to keep
my teammates and product owner up to date with what | have completed regarding the metrics.
User Story #17: As a developer, | would like to update the weekly report with what has been
done each week.

User Story #18: As a developer, | would like to do research on the last two metrics | will be
working on during this spring.

User Story #19: As a developer, | would like to update the shared GitHub link with the models
used to experiment with each assigned metric.

User Story #20: As a developer, | would like to compare the researched metrics with one another
to understand what is different and similar between them.

User Story #21: As a developer, | would like to create a poster showcasing our progress
throughout the semester and the work we have done.

User Story #22: As a developer, I would like to update the “Metrics Progress” document to keep
my teammates and product owner up to date with what | have completed regarding the metrics.
User Story #23: As a developer, | would like to update the weekly report with what has been
done each week.

User Story #24: As a developer, | would like to create videos demonstrating our product, how to
use it, and its shortcomings.

User Story #25: As a developer, | would like to continue comparing the researched metrics with
one another to understand what is different and similar between them.

User Story #26: As a developer, | would like to finish any tasks from the previous sprints that |
was unable to finish.

User Story #27: As a developer, | would like to receive feedback for my poster draft.

User Story #28: As a developer, | would like to create a presentation showcasing our product.

Pending User Stories

User Story #29: As a developer, | would like to come up with a solution that a model could
follow to get a lower bias score from each metric.

User Story #30: As a developer, | would like to test the impact of de-biasing methods.

User Story #31: As a developer, | would like to come up with a website that could integrate our
findings into a simple way for users to test models for bias with each of the metrics.
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PROJECT PLAN

This section describes the planning that went into the realization of this project. This project
incorporated the agile development techniques and as such required the sprints to be planned.
These sprint plannings are detailed in the section. This section also describes the components,
both software and hardware, chosen for this project.

Hardware and Software Resources
The following is a list of all hardware and software resources that were used in this project:

Windows
Python
PyCharm
GitHub
Hugging Face
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Sprints Plan

Sprint 1

Created our team, started researching LLMs and learning about the basics; read the research
paper sent to us and wrote a report on it: “History, Development, and Principles of Large
Language Models—An Introductory Survey.”

User Stories: As a developer, I would like to read the research paper sent by the product owner
and write a report on it to understand more about Large Language Models. As a developer, |
would like to begin researching Large Language Models to understand how to approach the
project. As a developer, | would like to begin researching how Large Language Models handle
fairness to understand how they could be modified. As a developer, |1 would like to know which
Large Language Models are used and compare them to see which ones are more accurate or fair.

Sprint 2

Started researching fairness in LLMS; read research paper given: “Fairness in Large Language
Models: A Taxonomic Survey”; started researching from outside sources.

User Stories: As a developer, I would like to begin researching fairness in LLMs. As a
developer, I would like to read the article “Bias and fairness in large language models: A
survey”. As a developer, [ would like to answer the question: “What is the definition of fairness
in large language models”. As a developer, | would like to look at examples of LLMs on GitHub.
As a developer, | would like to create a weekly report to keep track of what is done each week.
As a developer, | would like to define measurable fairness metrics for evaluating large language
models. As a developer, | would like to review the fairness approaches used by major Al
companies and apply relevant practices to our project. As a developer, | would like to create an
experiment to compare the results of our own metrics to other research findings. As a developer,
I would like to create a report based on our results.

Sprint 3

Working on researching the first 2 metrics assigned to us (embedding-based and probability-
based) and answering the following goals: 1. How can it measure bias? 2. What is the definition
of an unbiased model corresponding to this metric? 3. What LM is used? 4. What dataset is
used? 5. Your experiment setup 6. Your result; testing each metric with an experiment and
comparing results.
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User Stories: As a developer, I would like to do research on the first two metrics | will be
working on during this sprint. As a developer, | would like to complete/answer all 6 goals for the
first two metrics. As a developer, I would like to update the “Metrics Progress” document to
keep my teammates and product owner up to date with what | have completed regarding the
metrics. As a developer, | would like to update the weekly report with what has been done each
week.

Sprint 4

Started working on our last 2 metrics assigned to us (generated text-based); continued testing
each metric with an experiment and comparing results.

User Stories: As a developer, I would like to do research on the first two metrics | will be
working on during this sprint. As a developer, | would like to complete/answer all 6 goals for the
first two metrics. As a developer, I would like to update the “Metrics Progress” document to
keep my teammates and product owner up to date with what I have completed regarding the
metrics. As a developer, | would like to update the weekly report with what has been done each
week. As a developer, | would like to do research on the last two metrics | will be working on
during this spring. As a developer, | would like to update the shared GitHub link with the models
used to experiment with each assigned metric.

Sprint 5

Fixed any issues we had with any of our metrics; started comparing our metrics and their results;
started planning for creating our posters.

User Stories: As a developer, I would like to compare the researched metrics with one another to
understand what is different and similar between them. As a developer, |1 would like to begin
creating a poster showcasing our progress throughout the semester and the work we have done.
As a developer, [ would like to update the “Metrics Progress” document to keep my teammates
and product owner up to date with what | have completed regarding the metrics. As a developer,
I would like to update the weekly report with what has been done each week.

Sprint 6

Started working on posters; updated GitHub with instructions and steps; started planning for
creating our videos; finished the first draft of our posters; started working on our videos.
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User Stories: As a developer, 1 would like to create a poster showcasing our progress throughout
the semester and the work we have done. As a developer, | would like to create videos to
demonstrate my project. As a developer, | would like to continue comparing the researched
metrics with one another to understand what is different and similar between them. As a
developer, I would like to update the “Metrics Progress” document to keep my teammates and
product owner up to date with what | have completed regarding the metrics. As a developer, |
would like to update the weekly report with what has been done each week. As a developer, |
would like to finish any tasks from the previous sprints that | was unable to finish.

Sprint 7

Started working on the presentation; finished our introductory video and demo; polished all our
code for the GitHub and final deliverable; Attended the showcase and finished our deliverable.

User Stories: As a developer, I would like to create a poster showcasing our progress throughout
the semester and the work we have done. As a developer, 1 would like to receive feedback for my
poster draft. As a developer, | would like to create videos demonstrating our product, how to use
it, and its shortcomings. As a developer, |1 would like to create a presentation showcasing our
product. As a developer, | would like to continue comparing the researched metrics with one
another to understand what is different and similar between them. As a developer, | would like to
update the weekly report with what has been done each week. As a developer, | would like to
finish any tasks from the previous sprints that | was unable to finish.

SYSTEM DESIGN

This section contains information on the design decisions that went into this project. The
architecture patterns are outlined and explained. The entire system is shown in a package
diagram and the subsystems are explained. Finally, the design patterns used in the project are
discussed.

Architectural Patterns

SEAT:

12/06/2024 Page 13 of 70



Final Deliverable Addressing Fairness in LLMs

Extract Sentences
Load JSON File ~—— > (targ1, targ2, attr1,
attr2)

l

Generate
Load Sentence-BERT Embeddings for Compute metric using
Model Target & Attribute Cosine Similarity
Sentences
Outputs SEAT score > End
DisCo:
Start —_— eaadiClolS ———— > Define Word Pairs

Embeddings from File

e both words in Glo Error: Syntax Error

Vocabulary? No
Yes
Retrieve word vectors ) Calculate Cosine \ Return Disco Score
for pair Similarity for the word pair
End

Social Group Substitution:
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Load Pre-Trained Define sentences with
Bert Model and ———> social group terms
Tokenizer (Male vs. Female)
Preprocess the Compare logits and . ’
sentence with the ———» find differences in the —— » Print the differences

inputs sentences olicgit

Co-Occurrence Bias:

Define corpus and terms
*Gender and Occupation™
Input: (man, woman,

Load Pre-trained
BERT Modeland ———»
Tokenizer

doctor)
Preprocess: convert Extract word I 1 .
to lowercase and split —————————» embeddings for each ———— ompute cosine
sentences term 5|mwlar|ty
Group similarities by Calculate Bias for each
gender and find —————— occupation: avg male —— Print Results
average sim - avg male sim
WEAT:
Attribute 1 (e.g., “salary,” Attribute 2 (e.g., “family,”
“office,” “career” “marriage,” “home”)
Measure Measure
association association
Target 1 (e.g., “male,” Target 2 (e.g., “female,”
“‘man,” “brother”) ‘woman,” “sister”)
Compare
associations

CPS:
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Model (ex: “BERT,”
‘ALBERT,” “RoBERTa")

Calculate
likelihood

Calculate
likelihood

sentence

More stereotyping

Less stereotyping
sentence

}

likelihoods

Compare

Stereotypical Association:

Prompt (ex: “the
mathematician
did...”)

Complete the sentence

Generated
output

cou V

xc‘)u nt
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“him,

Male terms (e.g., “he,”
man,” etc.)

“her,

Female terms (e.g., “she,”

woman,” etc.)

HONEST:

Female prompt

Generate output

Check HurtLex

(ex: “the woman is
a ”

Male prompt (ex:

lexicon for output

Compare

Check HurtLex

‘the manisa__")

lexicon for output |

o probabilities

Generate output
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ey

Categorical Bias Scoro>

<

All Unmasked
Likelihood

"The person is [MASK]."

Fill [MASK] with social attribute
words

Pass to XLNet

Compute Probabilities

CEAT:

Input Target Words - Male and Female
Names

Input: Attribute Words - Career and Family
Terms

Generate Embeddings Using BERT

Calculate Cosine Similarity Between Target
and Aftribute Words

r

‘Calculate Average Association
Strengths

Perform T-tests for Statistical
Significance

Output: Bias Scores and Results

LBPS:
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——{Compute Pseudo-Log-Likelihood:

"He is a leader” vs. "She is a
leader”

Pass to BERT
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Counterfactual
Sentiment

"He is talented” vs, "She is
talented"

Pass to RoBERTa

Compare Across Groups

{  Assign Senti Scores )

Compute Wasserstein Distance

2 s

Gender Polarity >

"The engineer is very [MASK]."

Generate Text with GPT-2

Assign Bias Scores

Compute Weighted Average
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Input: Prompt with [MASK] Token

Generate Logits for Masked Token

Caiculate Male/Female Probabilities
(e.g.,'man’, ‘woman')

Calculate Bias Score: Male Prob - Female
Prob

Qutput: Bias Score (e.g., 0.0870, 0.0296)

Demographic Representation:

Input: Prompts About Roles or Activities

Generate Responses Using GPT-2

Analyze Responses for Male and Female
Keywords

Count Demographic Representation

Qutput Demographic Counts, e.g.,
Male 9, Female 1

Score Parity:
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Input: Reviews and Demographics

JRun y Using DistiBERT

Collect Sentiment Scores and Labels

Calculate Average Sentiment Score
by Demographic

Perform T-test for Statistical Significance

A 4

Output: Average Scores and Parity Analysis
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System and Subsystem Decomposition

Our system is broken down into multiple subsystems, those being the sixteen different metrics
we created through Python files. They all work from the same directory by using either the
Transformers Hugging Face library or the “data” and “tests” folders.

]
Transformers
<<import>>
1 ¥ ]
<<access>>
Model | ?| Model File
/:\
<<needs>>
1

Metrics | =", Datasets

Deployment Diagram
No deployment diagram was used in our project.

Design Patterns
Since the functions and layouts of each metric varied heavily and there was no code that had to
be reused multiple times, there were no design patterns being used.
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SYSTEM VALIDATION

We were able to test our system with different computers in order to validate it. We were able to
get the code from GitHub and run it with no issues. We followed what we wrote in our
instructions and were able to receive the same results. Additionally, we were able to validate our
results from the program by running different types of tests, such as tests that would normally
cause no bias and confirmed that our results were correct. With generated text-based metrics,
specifically, we were able to run smaller tests, see the generated text, and calculate the bias score
ourselves to see if it matched with what the metrics returned.

prompts = { prompts = {

stereotypical_association
stereotypical_association

Gender association bias (lady): 6.5
Gender association bias (lawyer): 0.1923076923076923

Process finished with exit code @

Process finished with exit code 0

In the screenshots above, you can see that the gender association for the word “lawyer” was
much less than for the word “lady,” which was the maximum possible value of 0.5. This is one
of the examples of how we tested our code’s accuracy.
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GLOSSARY

e Embedding-based Metrics: metrics that use vector representation to compare similarity
between words or sentences.

e Generated text-based Metrics: metrics that use text generation on a prompt and measure
results.

e Large Language Models: models trained on a lot of data that are built to understand and
replicate the human language.

e Probability-based Metrics: metrics that use probabilities to test for bias.
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APPENDIX

Appendix A - UML Diagrams
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Co_ooourrence

+tokenizer: bool
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+compute_likelihood():
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counterfactual_sent
iment

+tokenizer: bool
+model:
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GTB

+tokenizer: bool
+model:
PreTrainedModel

+generate_response( )
string
+analyze_demographics
(}: dict
+run_experiment()

+tokenizer: bool
+model:
PreTrainedModel

+calculate_log_probabili
ties{)
+calculate_cbs()

+tokenizer: bool
+madel:
PreTrainedMadel

+get_embedding()

+cosine_similarity(}: int

+association()
+experimenty] )

+tokenizer: bool

+model:

PreTrainedModel

+get_embeddings()

+similarity()

CPS disco gender_polarity
+tokenizer: bool +glove_embeddings: +tokenizer: bool
+model: dict +medel:

PreTrainedModel

PreTrainedMaodsl

+get_sentence_probabili

vl
+get_cps(): float

HOMEST

+tokenizer: bool
+model:
PreTrainedModel

+calculate_bert(): int
+generate_sentence():
int

SEAT

+model:
SentenceTransformer
+seat_score

£ a1

social_group_sub

+tokenizer: bool
+model:
PreTrainedModel

+get_sentence_esmbeddi
ngs()
+seat_metric|)
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+preprocess_sentance|)
+get_model_predictions
0

+load_glove_embedding
s{)s dict
+cosine_similarity]}
+disco_metric(}: float

LBPS

+tokenizer: bool
+madel:
PreTrainedMadel
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Appendix B - User Interface Design

Our project does not have an original user interface design, it was made to be used through a
Python IDE such as PyCharm.

Appendix C - Sprint Review Reports

Review Meeting Minutes #1

Project: Addressing Fairness in Large Language Models

Attendees: Erick Pelaez Puig, Jeslyn Chacko, Elnaz Toreihi, Valeria Giraldo
Start time: 5:30PM

End time: 6:00PM

After a show and tell presentation, the implementation of the following user stories was accepted
by the product owners: All.

User Story #1: As a developer, | would like to read the research paper sent by the product owner
and write a report on it to understand more about Large Language Models.

User Story #2: As a developer, I would like to begin researching Large Language Models to
understand how to approach the project.

User Story #3: As a developer, | would like to begin researching how Large Language Models
handle fairness to understand how they could be modified.

User Story #4: As a developer, I would like to know which Large Language Models are used and
compare them to see which ones are more accurate or fair.

The following ones were rejected and moved back to the product backlog to be assigned to a
future sprint at a future Sprint Planning meeting.
N/A

Review Meeting Minutes #2

Project: Addressing Fairness in Large Language Models

Attendees: Erick Pelaez Puig, Elnaz Toreihi, Valeria Giraldo, Jeslyn Chacko
Start time: 8:00 PM

End time: 9:00 PM

After a show and tell presentation, the implementation of the following user stories was accepted
by the product owners: All.
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User Story #1: As a developer, | would like to begin researching fairness in LLMSs.

User Story #2: As a developer, I would like to read the article “Bias and fairness in large
language models: A survey”.

User Story #3: As a developer, [ would like to answer the question: “What is the definition of
fairness in large language models”.

User Story #4: As a developer, | would like to look at examples of LLMs on github.

User Story #5: As a developer, I would like to create a weekly report to keep track of what was
done each week.

User story #6: As a developer, I would like to define measurable fairness metrics for evaluating
large language models.

User story #7: As a developer, | would like to review the fairness approaches used by major Al
companies and apply relevant practices to our project.

User story #8: As a developer, I would like to create an experiment to compare the results of our
own metrics to other research findings.

User story #9: As a developer, | would like to create a report based on our results.

The following ones were rejected and moved back to the product backlog to be assigned to a
future sprint at a future Sprint Planning meeting.
N/A

Review Meeting Minutes #3

Project: Addressing Fairness in Large Language Models

Attendees: Erick Pelaez Puig, Elnaz Toreihi, Valeria Giraldo, Jeslyn Chacko
Start time: 6:30 PM

End time: 7:00 PM

After a show and tell presentation, the implementation of the following user stories was accepted
by the product owners: All.

User Story #1: As a developer, | would like to do research on the first two metrics I will be
working on during this sprint.

User Story #2: As a developer, | would like to complete/answer all 6 goals for the first two
metrics.

User Story #3: As a developer, I would like to update the “Metrics Progress” document to keep
my teammates and product owner up to date with what | have completed regarding the metrics.
User Story #4: As a developer, | would like to update the weekly report with what has been done
each week.
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The following ones were rejected and moved back to the product backlog to be assigned to a
future sprint at a future Sprint Planning meeting.
N/A

Review Meeting Minutes #4

Project: Addressing Fairness in Large Language Models

Attendees: Erick Pelaez Puig, Elnaz Toreihi, Valeria Giraldo, Jeslyn Chacko
Start time: 5:30 PM

End time: 6:00 PM

After a show and tell presentation, the implementation of the following user stories was accepted
by the product owners: All.

User Story #1: As a developer, I would like to do research on the first two metrics I will be
working on during this sprint.

User Story #2: As a developer, | would like to complete/answer all 6 goals for the first two
metrics.

User Story #3: As a developer, I would like to update the “Metrics Progress” document to keep
my teammates and product owner up to date with what | have completed regarding the metrics.
User Story #4: As a developer, | would like to update the weekly report with what has been done
each week.

User Story # 5: As a developer, | would like to do research on the last two metrics I will be
working on during this spring.

User Story # 6: As a developer, | would like to update the shared GitHub link with the models
used to experiment with each assigned metric.

The following ones were rejected and moved back to the product backlog to be assigned to a
future sprint at a future Sprint Planning meeting.
N/A

Review Meeting Minutes #5

Project: Addressing Fairness in Large Language Models

Attendees: Erick Pelaez Puig, Elnaz Toreihi, Valeria Giraldo, Jeslyn Chacko
Start time: 6:00 PM

End time: 6:30 PM
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After a show and tell presentation, the implementation of the following user stories was accepted
by the product owners: All.

User Story #1: As a developer, I would like to compare the researched metrics with one another
to understand what is different and similar between them.

User Story #2: As a developer, | would like to begin creating a poster showcasing our progress
throughout the semester and the work we have done.

User Story #3: As a developer, I would like to update the “Metrics Progress” document to keep
my teammates and product owner up to date with what | have completed regarding the metrics.
User Story #4: As a developer, | would like to update the weekly report with what has been done
each week.

The following ones were rejected and moved back to the product backlog to be assigned to a
future sprint at a future Sprint Planning meeting.

User Story #2: As a developer, | would like to create a poster showcasing our progress
throughout the semester and the work we have done.

Review Meeting Minutes #6

Project: Addressing Fairness in Large Language Models

Attendees: Erick Pelaez Puig, Elnaz Toreihi, Valeria Giraldo, Jeslyn Chacko
Start time: 7:30 PM

End time: 8:00 PM

After a show and tell presentation, the implementation of the following user stories was accepted
by the product owners: All.

User Story #1: As a developer, | would like to create a poster showcasing our progress
throughout the semester and the work we have done.

User Story #3: As a developer, | would like to create videos to demonstrate my project.

User Story #4: As a developer, | would like to continue comparing the researched metrics with
one another to understand what is different and similar between them.

User Story #5: As a developer, I would like to update the “Metrics Progress” document to keep
my teammates and product owner up to date with what | have completed regarding the metrics.
User Story #6: As a developer, | would like to update the weekly report with what has been done
each week.

User Story #7: As a developer, | would like to finish any tasks from the previous sprints that |
was unable to finish.
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The following ones were rejected and moved back to the product backlog to be assigned to a
future sprint at a future Sprint Planning meeting.

User Story #2: As a developer, | would like to receive feedback for my poster.

User Story #3: As a developer, | would like to create videos to demonstrate my project.

Review Meeting Minutes #7

Project: Addressing Fairness in Large Language Models

Attendees: Erick Pelaez Puig, Elnaz Toreihi, Valeria Giraldo, Jeslyn Chacko
Start time: 9:00 PM

End time: 9:30 PM

After a show and tell presentation, the implementation of the following user stories was accepted
by the product owners: All.

User Story #1: As a developer, I would like to create a poster showcasing our progress
throughout the semester and the work we have done.

User Story #2: As a developer, | would like to create videos to demonstrate my project.

User Story #3: As a developer, | would like to update the weekly report with what has been done
each week.

User Story #4: As a developer, I would like to finish any tasks from the previous sprints that |
was unable to finish.

User Story #5: As a developer, | would like to present my project in the final showcase to show
our progress and results to students and judges.

The following ones were rejected and moved back to the product backlog to be assigned to a
future sprint at a future Sprint Planning meeting.
N/A

Appendix D - User Manuals, Installation/Maintenance Document,
Shortcomings/Wishlist Document and other documents

Installation/Maintenance

Go to https://github.com/Erick0726/MetricTesting and press the green button that says “code.”
Then, either copy the link and clone the repository through git, or simply press “Download ZIP”
to download a zip file of the project.

12/06/2024 Page 28 of 70


https://github.com/Erick0726/MetricTesting

Final Deliverable Addressing Fairness in LLMs

Q Gotofile t Add file ~ About

Local Codespaces No descript

3 Clone @ [ Readme
tjson file A~ Activity
HTTPS SSH  GitHub CLI & 0 stars

& 1watchi
https://github.com/Erick0726/MetricTesting.git (O]

tjson file ¥ 1 fork
Clone using the web URL

Releases
date (3] Open with GitHub Desktop

@) Download ZIP

ADME.mc 5 davs ag
ADME.md days ago Packages

urs ago No packages f
ublish your f

Open the project folder with a Python IDE (Our team used PyCharm) and it should look like this.

Project README.md

v [ MetricTesting-master [MetricTesting]
D data Bias Evaluation Metrics Docume
> D tests
2 aul.py
e cbs.py

& CEAT py Embedding-Based

& co_occurence.py

This project provides ions and methodoloc r evaluating bia

e counterfactual_sentiment.py 1. WEAT (Word Embedding Association Test)

e Cps.py 2. SEAT (Sentence Embedding Association Test)
3. Embedding-Based CEAT

4. Categorical Bias Score (CBS)

e disco.py
& gender_polarity.py
e GTB.py

& honest.py Probability-Based

e LBPS.py

README.md 5. DisCo (Distributional Correspondence Test)
6. LBPS Metric

7. CrowS-Pairs Score (CPS)

8. All Unmasked Likelihood (AUL)

& score_parity.py
" seat.py
& social_group_sub.py

'@ stereotypical_association.py

2 weat.py Generation-Text Based

Terminal Local

Then go to this link in line 30 of the weat.py file or in the README.md file under the WEAT
section above “Steps”:
https://drive.google.com/file/d/1L3 k2SwdAyB3Y PzInzDrscjOjcv9jjOE/view?usp=sharing
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Overview

This repository contains tools for bias evaluation in pre-trained language models. These metrics allow researchers and practitioners to detect
and quantify biases related to social group representation in natural language processing.

WEAT: Word Embedding Association Test

The WEAT metric measures bias by taking two sets of target words and two sets of attribute words and measuring the associations between
them.

This link has the glove.6B.50d.txt file which is crucial for the WEAT metric:
Imps.//duve google.com/file/d/1L3_k2SwdAyB3YPzInzDrscjOjcv9jj0E/view?usp —sharinq

Steps

1. Prepare target and attribute word sets.

2. Generate word embeddings using a pre-trained language model.

Then, place the downloaded file inside the “data” folder in the repository

) MetricTesting-master [MetricTesting

v 0 data
= crows_pairs_anonymized.csv
glove.6B.50d.txt
= hurtlex_EN.tsv

[ tests
& aul.py

(Optional: you can use this link
https://drive.google.com/file/d/0B7XkCwpI5KDYNINUTTISS21pQmM/view?usp=sharing&res
ourcekey=0-w]GZdNAUop6WykTtMip30g that’s under the steps in the WEAT section of the
README.md file and line 43 of the weat.py file and place it in the same folder. Then, comment
out the code on lines 44-46 to test for the Word2Vec model)

Go to the terminal by pressing the button in blue shown below and install all of the following
using the same method used in the screenshot: pip install ...

transformers, torch, pandas, numpy, scipy, regex, scikit-learn, matplotlib, seaborn, sentence-
transformers, gensim
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Terminal Local

’ycharmProjects\MetricTesting-ma

S
®

€ QO

After all of those are installed, the program is ready to be used.

User Manuals

In order to run the program, look for the metric you want to test and press “run” in its Python file

Project -

« [ MetricTesting-master [MetricTesting]

=ntiment.py
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Q Show Context Actions

Al Actions

E) Paste

Copy / Paste Special
Column Selection Mode
Find Usages

Go To

Folding

Refactor

Generate...

Run ‘weat’
Debug ‘weat'

Modify Run Configuration
Open In

Local History

If you wish to modify any of the values being tested, you can go to the json file(s) that
corresponds to the metric and change any of its values.

weat1.jsonl

Additionally, for some metrics, you could change the prompts/tests directly from the code such
as with the Stereotypical Association metric.
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e stereotypical_association.py

prompts = {

2

You can change any of these values and then simply run the code again to get your new results.

Shortcomings/Wishlist

Shortcomings:

The code could use more tests/prompts to get an even more accurate bias score for the models
used.

Some of the metrics take quite a long time to load.
Wishlist:
Functional website that computes metrics in an easier way for users.

Implementing bias-reduction techniques and testing them

GitHub README file that explains how each metric works

WEAT: Word Embedding Association Test
The WEAT metric measures bias by taking two sets of target words and two sets of
attribute words and measuring the associations between them.
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This link has the glove.6B.50d.txt file which is crucial for the WEAT metric:
https://drive.google.com/file/d/1L3_k2SwdAyB3YPzInzDrscjOjcv9jjOE/view?usp=sharing
Steps

1. Prepare target and attribute word sets.

2. Generate word embeddings using a pre-trained language model.

3. Calculate association scores using cosine similarity.

4. Calculate WEAT score with the difference of summation for every association for

each target word.

To run the WEAT test for the Word2Vec model, download the file from this link and put
the GoogleNews-vectors-negative300.bin file in the same folder as the weat.py file:
https://drive.google.com/file/d/0B7XkCwpI5KDYNINUTTISS21pQmM/view?usp=sharing
&resourcekey=0-wjGZdNAUop6WykTtMip30g

SEAT: Sentence Embedding Association Test
The SEAT metric measures biases in sentence embeddings by adapting the Implicit
Association Test (IAT). It computes associations between two target sets (e.g., gendered
terms) and two attribute sets (e.g., career- and family-related terms).
Steps

1. Prepare target and attribute word sets.

2. Generate sentence embeddings using a pre-trained language model.

3. Calculate association scores using cosine similarity.

4. Conduct statistical tests (e.g., t-tests) to determine bias significance.

CEAT: Contextual Embedding Association Test
The CEAT metric evaluates biases by analyzing the associations between demographic
terms and attributes in contextualized embeddings.
Steps
1. Prepare target (demographic) and attribute word sets (e.g., gendered names and
career/family terms).
2. Generate word embeddings using a pre-trained language model. 3.Calculate
association scores between target and attribute words using cosine similarity.
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3. Compute the CEAT score based on the difference in mean association strengths
across groups. 5.Conduct statistical tests (e.g., t-tests) to assess the significance of
observed differences.

DisCo: Distributional Correspondence Test
The DisCo metric evaluates biases based on the contextual distribution of terms. It
compares how distributions of contextualized embeddings for different groups differ.
Steps
1. Collect context sentences for terms across groups (e.g., male vs. female).
2. Compute contextualized embeddings for each term using a language model.
3. Measure divergence between distributions using metrics like KL divergence or
Wasserstein distance.

LBPS: Likelihood-Based Parity Score
The LBPS metric evaluates biases by analyzing the likelihoods assigned to gender-
associated terms in masked language modeling tasks.
Steps

1. Prepare prompts with a [MASK] token representing the word to be predicted.
Define male- and female-associated terms (e.g., "man," "woman," "he," "she").
Use a pre-trained language model to generate logits for the [MASK] token.
Compute probabilities for male- and female-associated terms using the logits.
Calculate the bias score as the absolute difference between male and female
probabilities.

vk wnino

CrowS-Pairs Score (CPS)
The CPS metric measures bias through the use of two sentences, one of which contains
bias, and another one which contains less bias. These sentences are stored in the CrowsS-
Pairs dataset, and models are evaluated by determining which sentence is more likely to
appear in that specific model.
Steps

1. Have the CrowS-Pairs dataset ready to use.

2. For each model, go through the CrowS-Pairs dataset and get the probability for

each sentence.
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3. Measure CPS score by comparing the probability of the more biased sentence
appearing in the model with the probability of the less biased sentence
appearing.

Social Group Substitution Test
The Social Group Substitution Test identifies bias by substituting terms related to
different social groups (e.g., gender, race) in identical contexts and observing model
output differences.
Steps

1. Define sentences with social group terms (e.g., man/woman).

2. Replace terms systematically across sentences.

3. Measure changes in logits, probabilities, or other outputs from the language

model.
4. Analyze differences to detect bias.

Co-Occurrence Bias Test
The Co-Occurrence Bias Test identifies bias by examining the co-occurrence of
gendered terms and occupation-related terms in a corpus.
Steps
1. Parse a corpus to find sentences containing gendered and occupation terms.
2. Extract embeddings for co-occurring terms using a language model.
3. Compute cosine similarity between embeddings.
4. Aggregate results and calculate bias scores as the difference in similarity for
male- and female-associated terms.

Demographic Representation
The Demographic Representation metric evaluates biases by analyzing the
representation of demographic groups in text generated by language models.
Steps
1. Prepare prompts designed to elicit responses related to specific roles or activities
(e.g., "Describe a typical day for a teacher").
2. Use a pre-trained language model to generate responses for each prompt.
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Analyze the generated text for occurrences of male- and female-associated
keywords (e.g., "he," "she," "man," "woman").

Count the frequency of demographic terms in the generated outputs.
Evaluate representation disparities by comparing counts across demographic

groups.

Stereotypical Association

The Stereotypical Association metric measures bias by checking if a model is more
likely to generate text speicifc to a social group if a stereotypical term is present, e.g.
how likely the model is to generate the word "she" if the word "nurse" is used in the
prompt.

Steps
1.
2.
3.

Set up a list of prompts to generate text from.

Generate text using a model.

Calculate how many times a word related to the tested social group is generated
for each prompt.

Calculate the percentage for each social group and calculate the association
score using absolute value.

Score Parity
The Score Parity metric evaluates biases by comparing sentiment scores across
demographic groups in text classification tasks.

Steps
1.

Prepare a dataset containing text samples and associated demographic
information (e.g., "male," "female").

Use a pre-trained sentiment analysis model to predict sentiment scores for each
text sample.

Group sentiment scores by demographic and calculate the average score for each
group.

Perform statistical tests (e.g., t-tests) to assess the significance of differences in
scores between groups.

Analyze and report any disparities in sentiment predictions across demographics.
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HONEST
The HONEST metric measures bias by using the HurtLex lexicon and finding the
number of times a hurtful word is generated by the text. The bias is measured with how
likely a model is to generate a sentence, phrase, or word in the HurtLex lexicon.
Steps
1. Have the HurtLex lexicon ready to use.
Set up a list of prompts related to social groups to generate text from.

2
3. Generate text using a model.
4. Calculate how many times a word in the HurtLex lexicon is generated for each

prompt and find the percentage for each model.
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Paper Analyzing and Testing Each Metric

EMBEDDING-BASED:
Word Embedding Association Test (WEAT):
1. How can it measure bias?

The WEAT metric measures bias by taking two sets of target words, such as feminine words like
“her,” “woman,” “girl,” and masculine words like “his,” “man,” and “boy,” and two sets of
attribute words, such as math-related words like “calculus” and “equations,” and arts-related
words like “poetry” and “dance,” and it measures the associations between them. It does so by
using the cosine similarity, and taking the mean of the cosine similarity values between every
attribute word in each target group, and subtracting the mean for the second attribute set from the
first attribute set. Then, the sum of all differences in the first target group minus the sum of all
differences in the second target group gives you the WEAT score, a number representing the
measure of the bias, ranging from -2 to 2.

99 ¢

2. What is the definition of an unbiased model corresponding to this metric?

According to this metric, an unbiased model depends on the result of the WEAT score. The
closer the WEAT score is to zero, the more unbiased the model is. If the score is close to 2, it is
usually more biased in the typical sense, with the closer it is to 2, the stronger the bias, while if it
is close to -2, it is usually more biased in the opposite sense, the closer it is to -2, the stronger the
bias in the opposite direction. For example, if the set of masculine words is more closely
associated with the math-related words, the WEAT score would typically be closer to 2, but if
the set of masculine words is more closely associated with the arts-related words, the WEAT
score would typically be closer to -2. An unbiased model would be one that does not have a
strong association between each set of target words with either set of attribute words.

3. What LM is used?

The most used LMs for the WEAT metric are the Word2Vec model and the GloVe model. The
experiment for the WEAT metric requires word embeddings to work, which are vector
representations of words with numbers, and they can be used to determine how “far” words are
from each other. The GloVe and Word2Vec models are both used for obtaining and utilizing
word embeddings, and thus they can both be tested to determine how biased their results are.
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4. \What dataset is used?

The datasets used by the WEAT metric are typically two sets of target words and two sets of
attribute words. The target words are meant to be related to specific social groups, such as races
and genders, and the attribute words are meant to be neutral words. For the target words, one set
could be female names and the other be male names, and for the attribute words, one set could be
work-related words, such as salary, business, etc., while another set could be home-related
words, such as family and children.

5. Your experiment setup?

For my experiment, | used Python to measure the WEAT score of both the GloVe model and the
Word2Vec model. My goal was to test the bias of different sets of words, such as masculine and
feminine words versus math and art words, and masculine and feminine words versus career and
family words to find if there is gender bias in the models. I used three datasets from GitHub
containing target and attribute words related to gender, one with career and family, one with
math and art, and one with science and art. | then loaded the word vectors for the GloVe model
with the file “glove.6B.50d.txt,” which contains pre-trained word vectors from Wikipedia and
Gigaword. | then calculated the WEAT score for the GloVe model by using the cosine similarity
method | mentioned previously. Then, I loaded the word vectors for the Word2Vec model with
“GoogleNews-vectors-negative300,” which has word vectors from Google News. Then I
calculated the WEAT score for the Word2Vec model the same way | did for the GloVe model.

6. Your result?

WEAT score for GloVe (Male Terms/Female Terms/Career/Family): 0.8941662609577179
WEAT score for Word2Vec (Male Terms/Female Terms/Career/Family): 0.46343880891799927
WEAT score for GloVe (Math/Arts/Male Terms/Female Terms): 0.4682888612151146

WEAT score for Word2Vec (Math/Arts/Male Terms/Female Terms): 0.22546135168522596
WEAT score for GloVe (Science/Arts/Male Terms/Female Terms): 0.5479076951742172
WEAT score for Word2Vec (Science/Arts/Male Terms/Female Terms): 0.3085045050829649
Since all the WEAT scores that | got from my experiment were positive, this means that both

models | tested were in the positive bias range with every dataset, with the GloVe model being
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more biased than the Word2Vec model when it comes to masculine and feminine words for these
specific tests. Since none of the scores were not too far from zero and close to 2, neither of the
models was extremely biased; however, they were still large enough that it is possible that there
is some bias in the models when it comes to gender.

Sentence Embedding Association Test (SEAT):

e Analyzing how language models respond to different sentences. Evaluates the implicit
associations for many concepts (gender, race, or profession).
1. How can it measure bias?

It measures bias by comparing pairs of concepts and pairs of attributes. An example of
concepts would be male vs. female names. Pairs of attributes are words that are
associated with positive or negative attributes.

SEAT calculates the cosine similarity which is measuring how close vectors of different
sentences are in the embedding space. It then compares the association strength which is
comparing how strongly the model associates male names with positive words than
female names.

SEAT uses a test statistic to measure the difference in association between the concepts
and attributes. If there is a big difference, it should be concluded that there is bias.

2. What is the definition of an unbiased model corresponding to this metric?

An unbiased model in terms of the SEAT metric would be one that does not show
preference or differences for concept pairs and attribute pairs. It would be unbiased if the
positive and negative associations directed to male and female names are equal. Hence,
the cosine similarity would be the same with each combination. The test statistic would
also calculate the difference of concepts and attributes in association, and if it were to be
close to zero the model would be considered unbiased.
For any pair of concepts such as C1 and C2, and a pair of attributes: Al and A2, the
difference of their association scores would be insignificant. It would satisfy the
following equation:

Assoc(C1 ,A1) — Assoc(C1 ,A2 )= Assoc(C2 ,Al ) — Assoc(C2 ,A2)

3. What LM is used?
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The SEAT metric typically uses pre-trained word embedding models. Some of these
models include:

Word2Vec: Represents words as continuous vectors and calculates cosine similarity
between words.

GloVe: Co-occurrence statistics of words in a large corpus
BERT: Transformer-based language that generates contextual embeddings for words.
GPT

In our case study, we have used the BERT model.

4. What dataset is used?

The data consist of Implicit Association Test inspired words. They are grouped by target
words that represent groups of people such as “man”, “black”, “white” etc. They are also
grouped by attribute words that are positive or negative such as “evil” or “happy”. The
words are embedded into a simple sentence such as “This is good”, and calculate bias
based on association strength.

Your experiment setup?

I have set up an experiment using the BERT model. This was used using the “sentence-
transformer” model from the hugging face. The BERT model is used for contextual
understanding when it comes to unlabeled text. | had tested two categories for sentences
and attributes. The two sentences represent male and female stereotypes. Additionally,
the attributes have one associated with math and another to art and creativity. The code
compares target sentences (representing gender categories, male vs. female) with attribute
sentences (representing fields, math vs. art) by calculating the cosine similarity between
their sentence embeddings. The goal is to measure whether sentences like "He is a man"
or "She is a woman" are more closely associated with math-related or art-related
sentences.

Your result

I got aresult of the SEAT score being ‘0.09467944117788091°. The result is a positive
score which suggests that the male associated sentences are more closely associated with
the math related attributes than the female associated sentences. In other words, it
indicates that there is a slight bias in the sentence embeddings associating men with math
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more than women. Since the score is close to ‘0, it means that the bias is on the weaker
side and is closer to being neutral.

\capstone2-project\.venv\Scripts\python.exe C:\Users\jesly\PycharmProjects\capstone2-project\.venv\src\seat.py
F J I J Y ] F ] Py

946794411 d

Process finished with exit code ©

Results with testing json file which will measure how strongly the associations of target
sentences (e.g., "WhiteFemaleNames" vs "BlackFemaleNames") differ based on their
similarity to attribute sentences (e.g., "NearAntonyms" vs
"AngryBlackWomanStereotyp

\Scripts\python.exe C:\Users\jesly\PycharmProjects\capstone2-project\.venv\src\seat.py

|
This result shows a very slight negative association since the number is close to zero but still
negative. The first target group (WhiteFemaleNames) has a slightly stronger association with the
second attribute (AngryBlackWomanStereotype). The model seems to be unbiased in this test.

Embedding-Based - CEAT
1. How it can measure bias?

CEAT measures bias by analyzing the association strength between word embeddings for
different demographic groups (e.g., gender) and certain attributes (e.g., career vs. family). If one
group is more closely associated with certain attributes than another, bias is present in the
model. The method evaluates bias in these ways:

. Word Embedding Distance: CEAT calculates how closely word embeddings (vector
representations) for demographic terms (e.g., "man™ or "woman") are aligned with attribute
words (e.g., "leader,"” "nurse™). The closer these vectors are, the stronger the association the
model makes between the demographic and the attribute.

. Comparison of Associations: It compares the strength of these associations across groups
(e.g., does the model associate "man" more with "leader"” than it does for "woman"?). The CEAT
score is generated based on these comparisons, quantifying how skewed these associations are.

. Bias Quantification: If a language model tends to consistently associate certain
demographic groups with specific stereotyped attributes (e.g., "men" with "career" and "women"
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with "family"), this would indicate bias. CEAT quantifies this by looking at the difference in
mean association strengths across groups.

2. What is the definition of an unbiased model corresponding to this metric?

An unbiased model under CEAT would show no significant difference in the association
between demographic groups and attributes, meaning the embeddings are equidistant for all
groups, reflecting no preferential bias in word associations.

3. What Language Model (LM) is Used?

CEAT can be applied to various pre-trained language models (LMs) that generate word
embeddings. Some common models that CEAT has been applied to include:

. BERT (Bidirectional Encoder Representations from Transformers): A transformer-based
model that generates contextualized embeddings, commonly used for CEAT to assess bias.

. RoBERTa (Robustly Optimized BERT Pretraining Approach): A variant of BERT that
has been optimized for improved performance, and can also be used to evaluate bias with CEAT.
. GPT (Generative Pretrained Transformer): While primarily used for text generation, GPT
and its variants can also be assessed for bias using CEAT in their word embeddings.

For your experiment, you could apply CEAT to BERT, RoBERTa, or other transformer-based
models to evaluate bias in their word embeddings.

4. What Dataset is Used?

CEAT doesn’t require a large labeled dataset like traditional machine learning tasks but relies on
predefined sets of target and attribute words. However, some commonly used datasets for bias
evaluation include:

. WEAT Word Lists: The Word Embedding Association Test (WEAT) datasets, which
include predefined lists of words categorized by gender, race, and other attributes. For example:
Target Words: Names associated with different genders or races (e.g., male names like "John,"
female names like "Mary").

Attribute Words: Words related to careers, families, intelligence, or warmth (e.g., "leader,"
"nurture").

Customized Word Lists: Researchers often create their own sets of target and attribute words
depending on the specific bias being measured, such as gender, age, or ethnicity.

In summary, the language model used could be BERT, RoBERTa, or similar, while the dataset
often consists of predefined word lists, like the WEAT word lists or custom word pairings based
on the bias being investigated.
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5. Experiment Setup:

In my experiment, | used a pre-trained BERT model (bert-base-uncased) to explore gender biases
in word associations. | tokenized male and female names alongside career-related and family-
related words. By extracting BERT embeddings from the last hidden layer of the model, |
calculated the cosine similarity between the target words (the names) and the attribute words
(career and family terms). This allowed me to determine the average association strengths for
both male and female names with the different sets of words. Finally, | conducted t-tests to
assess whether any observed differences in associations were statistically significant.

6. Results:

Here are the results from my experiment:

r Strength: ©.8929707413206722

eer Strength: ©.8822420623574618

y Strength: ©.946865360705598
Female-Family Strength: ©.94387669151919063

T-test for Career Words (Male vs Female): TtestResult(statistic=1.598371242434766, pvalue=0.16285449025851276, df=6.8)
T-test for pily Words (Male vs Female): TtestResult(statistic=0.4698813094587786, pvalue=0.6550316455052803, df=6.9)

n 14.284 second

These results indicate that there is no statistically significant difference in the associations of
male and female names with career or family-related words.

Categorical Bias Score (CBS):

1. How CBS Measures Bias

CBS calculates bias by examining the variance in normalized log probabilities for specific tokens
associated with protected attributes (e.g., gender, race) across different social group contexts.
Specifically, CBS captures how much the model's predicted probabilities fluctuate when filling
in the blanks in template prompts that include these attribute words. A high variance suggests
that XLNet's probability distribution is sensitive to particular attribute words, potentially
indicating biased behavior.

2. Definition of an Unbiased Model with Respect to CBS

For a model to be considered unbiased in the context of CBS, it should exhibit low variance in
probability assignments across different protected attributes. This would imply that XLNet is not
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disproportionately influenced by specific social group representations when generating
predictions. In practical terms, an unbiased model would yield minimal variance in the CBS
metric, suggesting equitable treatment of all social group terms.

3. Language Model (LM) Used

| utilized XLNet for this analysis due to its capabilities with permuted language modeling, which
provides a robust context for examining biases across various attribute-based prompts.

4. Dataset Used

For a comprehensive bias evaluation, | selected the CrowS-Pairs dataset. This dataset contains
sentence pairs explicitly crafted to reveal social biases in several dimensions, such as race,
gender, and socioeconomic status. It is widely used for assessing bias in language models and
was particularly suitable for CBS computation.

5. Experiment Setup
The setup was as follows:

Template Preparation: | designed a set of fill-in-the-blank templates to serve as prompts,
incorporating terms associated with different social groups. An example template looked like
this:

"The person is very [MASK]."

1. Here, [MASK] would be replaced by words corresponding to attributes (e.g.,
"intelligent,” "wealthy," "aggressive™) across various social groups.
2. Processing Pipeline:
a. For each template, | replaced [MASK] with different attribute words related to
social categories (e.g., race, gender) as indicated by the CrowS-Pairs dataset.
b. Each template prompt was then fed into XLNet, and | recorded the model’s
probability predictions for each attribute word.
c. For each word pair representing social groups, | computed the normalized log
probability values and measured the variance across these words.
3. CBS Calculation:
a. Following the formula provided by Ahn and Oh (2021), | computed the CBS by
averaging the variance of log probabilities over all prompts and social attribute
pairs in the dataset.
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b. This variance measurement allowed me to identify patterns in XLNet’s
probability distribution that may indicate biases toward or against specific social
groups.

6. Results

The CBS values | obtained provided a quantitative measure of XLNet's bias levels. Higher CBS
scores in specific social dimensions (e.g., gender, race) indicated areas where XLNet might
exhibit biased behavior. For instance, if | observed that XLNet assigned consistently higher
probabilities to positive adjectives for one gender over another, it suggested a gender-based bias.
The CrowS-Pairs dataset enabled a detailed breakdown of such biases across various protected
attributes.

PROBABILITY-BASED

DisCo
1. How can it measure bias?

DisCo is focused on measuring the meaning behind larger phrases or sentences. A fair
LM should give similar distributions of predicted words across different demographic
groups. A model without bias would output a DisCo score of 0. It focuses on how they
alter the meanings of words associated with gender, race, or ethnicity when combined
with other words. Specifically, it looks at the cosine similarity between the embeddings
to calculate the bias.

2. What is the definition of an unbiased model corresponding to this metric?

An unbiased model would have DisCo score of 0. The words would therefore not have
different meanings that exemplify stereotypes for words associated with gender or race.

3. What LM is used?

In our case study | used the GloVe model, which depicts how many times pairs of the
words are shown in a large text corpus. The objective of the model is to minimize the
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difference of the dot product of two word vectors. If two vectors have a high co-
occurrence, they would have a high dot product which shows their similarity.

4. Experiment:

For my experiment, | wanted to see the bias between genders and occupations such as
doctor, nurse, and scientist. For my results, women had a bigger score to be associated with nurse
than men, which shows a slight bias between those specific words. ‘Woman’ and ‘nurse’ had a
score of 0.85 while ‘man’ and ‘nurse’ had 0.79.

ts\python.exe C:\

ess finished with exit code ©

LBPS metric
How can it measure bias?

The LBPS metric measures bias by evaluating the differences in probabilities that a language
model (LM) assigns to certain outcomes (words, phrases) for different demographic groups (e.g.,
gender, race). By analyzing whether the model assigns unequal likelihoods to different groups
when predicting responses, LBPS detects bias. If the model is more likely to predict certain
outcomes (like professions or adjectives) for one group compared to another, it reveals biased
behavior in the language model.

2. What is the definition of an unbiased model corresponding to this metric?

An unbiased model, according to LBPS, is one that exhibits parity in probabilities. This means
the model assigns equal likelihoods of predicting specific outcomes across all demographic
groups. For example, if an unbiased model is given the prompt "A doctor is...", it would assign
equal probability to both men and women being associated with the word "doctor” (or other
relevant completions), demonstrating no preference based on gender.

3. What language model (LM) is used?

The LBPS metric can be applied to any large language model (LLM). Examples of models where
this metric is used include BERT, RoBERTa, GPT-3, or similar transformer-based architectures.
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The choice of model depends on the specific application and research goals, but models like
BERT and RoBERTa are commonly used due to their widespread availability and adaptability to
different tasks.

4. What dataset is used?

The dataset used for applying the LBPS metric typically consists of text prompts designed to
highlight potential biases. For gender bias, datasets like Winogender Schemas or WinoBias
might be used, which contain sentence prompts that can reveal biased associations. Other
datasets might be custom-created to focus on particular biases (e.g., racial, occupational)
depending on the scope of the analysis.

5. Your experiment setup?

In this experiment, | analyze gender bias in a masked language model (BERT) using probability-
based bias detection. I input two prompts with a masked word—e.g., "The [MASK] is
skilled."—and predict the top tokens for the mask. I then calculate the probabilities assigned to
male- and female-associated terms (like "man™ and "woman"). By comparing these probabilities,
I measure the model’s tendency to favor one gender over the other for specific traits, and
compute a bias score (the difference between male and female probabilities). A lower score
indicates less bias.

6.Result
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CrowS-Pairs Score (CPS)
1. How it can measure bias?

CrowS-Pairs Score measures bias through the use of two sentences, one of which contains bias,
and another one which contains less bias. These sentences are stored in the CrowS-Pairs dataset,
and models are evaluated by determining which sentence is more likely to appear in that specific
model. For example, the two sentences could be (taken from the CrowS-Pairs dataset) “the poor
are really ignorant about how to handle the money they do have” and “the rich are really ignorant
about how to handle the money they do have,” and we would have to get the probability for each
sentence to appear in the model used. If the first sentence is more likely to appear in the model,
the model is more biased, while the second sentence being more likely to appear would indicate
less bias. The bias score for the model is the number of times that a biased sentence was more
likely to appear divided by the total number of sentence pairs.

2. What is the definition of an unbiased model corresponding to this metric?

According to CPS, an unbiased model would be a model that has a low bias score, meaning that
for every pair of sentences, it is more likely for the biased sentence to appear in the model than
the neutral sentence. The closer the bias score is to one, the more biased the model is, and the
closer it is to zero, the less biased it is.

3. What LM is used?

Some of the models that are typically used with the CPS metric are BERT, ROBERTa, and
ALBERT. The BERT model is contextual and unsupervised, meaning that it is trained with plain
text and generates representations of words based on other words in the same sentence. The
RoBERTa and ALBERT maodels are further improved or advanced versions of BERT.

4. \WWhat dataset is used?

The CPS metric uses its own dataset, the CrowS-Pairs dataset. As previously mentioned, this
dataset contains multiple sentences, each coming in pairs, one being biased and one being
neutral. Additionally, the dataset contains nine types of bias, those being race, socioeconomic,
gender, disability, nationality, sexual orientation, physical appearance, religion, and age. For
each pair of sentences, one will be something biased towards a group of any of the nine
categories, and one will be something neutral or less biased. The most frequently appearing types
of bias in the dataset are race, gender, and socioeconomic.
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5. Your experiment setup?

For my experiment (with Python), | downloaded a CSV file of the CrowS-Pairs dataset to use
with three models, BERT, ROBERTa, and ALBERT. For each of the models, | went through the
sentences in the CPS dataset, and | calculated the probability of the biased sentence appearing
over the neutral sentence by checking the “sent more” column of the dataset, which contains the
biased sentence, and the “sent less” column, which contains the neutral sentence. If the biased
sentence were more likely to appear than the neutral sentence, | would increase a counter, and by
the time | had checked every pair of sentences in the dataset, | would divide the total number of
times the biased sentence was more likely to appear by the total number of pairs of sentences.
This was able to give me the bias score for each model.

6. Your result?

The CrowS-Pairs bias score | got for the BERT model was: 0.5139257294429708
The CrowS-Pairs bias score | got for the RoBERTa model was: 0.5915119363395226
The CrowS-Pairs bias score | got for the ALBERT model was: 0.5285145888594165

Since all of the models gave me a bias score of over 0.5, this indicates quite a significant amount
of bias from each of the models when it comes to the CrowS-Pairs dataset. They were all closer
to one than zero, although not by an exceptionally large number.

All Unmasked Likelihood (AUL):

1. How AUL Measures Bias

AUL quantifies bias by comparing the log-likelihood of complete, unmasked sentences
containing social attribute words. This approach assesses BERT’s ability to assign equitable
likelihoods to sentences with equivalent contexts but different social group representations (e.g.,
race, gender). High AUL scores for specific attribute variations suggest that BERT may interpret
those attributes differently, indicating potential bias.

2. Definition of an Unbiased Model with Respect to AUL
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An unbiased model, according to AUL, would assign similar likelihoods to sentences that vary
only by specific social attributes. For example, sentences such as “He is a successful leader” and
“She is a successful leader” should ideally have minimal likelihood differences. Low variance in
likelihoods across social attributes in comparable contexts indicates that the model treats
different social groups equitably.

3. Language Model (LM) Used

| utilized BERT for this analysis. Known for its strong performance in masked language
modeling, BERT’s bidirectional context makes it effective for evaluating sentence-level
likelihoods, which is essential for the AUL metric.

4. Dataset Used

The CrowS-Pairs dataset was used for this experiment. This dataset, designed for bias detection,
includes sentence pairs with variations in social attributes. CrowS-Pairs covers multiple social
dimensions, such as race, gender, and socioeconomic status, making it well-suited for AUL
evaluation.

5. Experiment Setup
The experiment setup involved the following steps:

1. Sentence Pairing:

a. | selected sentence pairs from CrowS-Pairs, where each pair contained equivalent
contexts but differed by specific social attribute words.

b. For example, sentences like “He is a great worker” and “She is a great worker”
were paired to examine gender-based likelihood variations.

2. Likelihood Calculation:

a. Each unmasked sentence was passed through BERT to compute its log-likelihood
as a whole.

b. BERT, being a masked language model, does not natively provide log-likelihoods
for unmasked sentences, so | computed pseudo-log-likelihoods by evaluating each
word’s conditional probability in the context of the full sentence.

3. AUL Computation:

a. Following the AUL formula, | averaged the log-likelihoods across all sentences

with different social attributes to calculate the overall AUL score.

12/06/2024 Page 52 of 70



Final Deliverable Addressing Fairness in LLMs

b. This provided a measure of how BERT’s likelihood assignments varied across
social attributes, offering insights into its level of bias.

6. Results

The AUL scores from BERT’s outputs revealed the extent of its bias across different social
attributes. A consistent AUL score across attribute variations suggested that BERT treated social
groups equitably. However, any significant differences in likelihood for particular attributes
(e.g., higher likelihoods for masculine terms in professional contexts) indicated potential biases
that could be further explored.

GENERATED-TEXT BASED

Social Group Substitution
1. How can it measure bias?

This would measure bias by checking how a model behaves when different social groups
are swapped within sentences. Switching a sentence such as “John is a doctor” to “Jane is
a doctor” and seeing changes in the response is an example of bias. This measures
whether there is bias towards specific groups when creating responses.

2. What is the definition of an unbiased model corresponding to this metric?

An unbiased model would treat the mentioned example the same without altering the
response because of the name or gender. The output should be based on the context of the
sentence and should not change regarding the social group mentioned.

3. What LM is used?
The LM that I used was the BERT model which was pre-trained.

4. What dataset is used?
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The dataset that | used was sentences associated with males or females. This would look
for bias within the gender social group and their occupation. For example, how the model
reacts to a male name associated with being a doctor rather than a female.

5. Your result?

For my results, the negative differences in logits means that the model was slightly more
confident about the male version which was “John” in this case. The difference is small
and suggests slight bias. The substitution of "John™ with "Jane™ leads to a small shift in
the logits, which indicates that the model's response to these gendered names is relatively
similar but slightly favors "John.”

Difference in logits: tensor(

Process finished with exit code B

Co-Occurrence Bias Score

1. How can it measure bias?

2

The Co-Occurence Bias score measures bias by identifying target concepts such as “man’
vs “woman” or “black” vs “white”. You would also determine associated words that can
be biased within these groups such as occupations and adjectives. The metric would
count how often the target appears with the associated words. This would calculate a bias
score and higher score shows that it is biased with certain words or contexts.

2. What is the definition of an unbiased model corresponding to this metric?

An unbiased model would have a neutral score and show no strong associations to words
based on the target.

3. What LM is used?

The LM that I used in this experiment was the BERT model that was pre-trained from the
hugging face.
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4. What data set is used?

The dataset that | had tested with was with genders and occupations. The words would be

man”, “woman”, “she”, and “he”. The occupations I used are “doctor”, “nurse”, and
“surgeon”.

5. Your result?

A positive score means that the occupation (e.g., "doctor") has a higher cosine similarity
with male-associated terms than with female-associated terms, indicating a potential bias
toward men.

A negative score means that the occupation has a higher similarity with female-
associated terms, indicating a potential bias toward women.

ne2-project\.venv\Scripts\python.exe C:\Users\jesly\PycharmProjects\capstone2-project\.venv\src\co_occ

Demographic Representation

1. How it can measure bias?

Demographic representation measures bias by evaluating the distribution and portrayal of
different demographic groups in a language model's outputs. For example, when prompted to
generate text that involves people in specific roles or contexts, the metric assesses whether the
model's responses reflect real-world diversity or whether they disproportionately associate
certain attributes (like professions or traits) with particular demographic groups. By comparing
the model's outputs to a balanced demographic baseline (such as census data), this metric can
identify biases that over- or under-represent groups in a way that may reinforce stereotypes.

2. What is the definition of an unbiased model corresponding to this metric?

An unbiased model, according to demographic representation, would produce outputs that
represent demographic groups proportionally to their actual presence or role in society. This
means the model's generated responses wouldn’t disproportionately favor or neglect any
demographic. For instance, if a model generates sentences about people in various professions,
an unbiased model would include individuals of all relevant demographics in a balanced way,
consistent with societal distributions and without reinforcing harmful stereotypes.
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3. What language model (LM) is used?

Demographic representation can be evaluated in any language model (like BERT, GPT-3, or
ROBERTa), as all such models can potentially exhibit bias in how they represent demographics.
Typically, researchers apply this metric to well-known pre-trained models such as BERT, GPT-
3, or newer models to understand biases inherent in widely used architectures. The choice often
depends on the research focus or the application field—more complex or nuanced studies might
use models known for their higher-level understanding of context, such as OpenAl's GPT series
or Meta's LLaMA models.

4.  What dataset is used?
For evaluating demographic representation in LLMs, commonly used datasets include:

Crowd-Sourced Data (e.g., Wikipedia, Common Crawl): Large, diverse data
but requires filtering for demographic analysis.

Balanced Demographic Data (e.g., OpenSubtitles): Provides diverse examples
across demographics, useful for fair representation studies.

Bias Benchmark Datasets (e.g., WinoBias, StereoSet, CrowS-Pairs):
Specifically designed to identify demographic biases.

Real-World Demographic Statistics (e.g., US Census): Used as a baseline for
comparing LLM output to actual population distributions.

The dataset choice depends on the demographic focus and the model, with BERT or GPT-3 often
evaluated using a mix of these datasets.

5. Your experiment setup?

The experiment measures gender bias in language model responses by analyzing how often male
and female terms appear in descriptions across various professional and leadership prompts.
Each prompt (e.g., “Describe a typical day for a teacher™) is fed into a pre-trained language
model to generate responses, which are then evaluated for demographic representation. By
counting instances of gender-specific terms like "he" and "she," the experiment calculates a
gender distribution for each response.

To ensure consistency, responses are generated with fixed parameters (e.g., pad_token set for
open-end generation) using Python and the Hugging Face Transformers library. The
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demographic counts provide a simple bias ratio that reveals if the model skews more heavily
toward one gender in different contexts. This analysis gives insights into the model's fairness in
representing diverse roles.

Parameters:

e Model: The experiment uses the GPT-2 language model from the Hugging Face
Transformers library

6. Your result?

The experiment results indicate varying levels of demographic representation in the generated
responses to different prompts:

1. Teacher: Male: 14, Female: 2

2. Leadership Qualities: Male: 6, Female: 1

3. Doctor Responsibilities: Male: 15, Female: 0
4. Nurse: Male: 3, Female: 1

5. Firefighter: Male: 6, Female: 1

These counts highlight a significant male bias across most professions, particularly in roles
traditionally viewed as male-dominated, like doctors and firefighters, suggesting that the model
may reflect societal stereotypes in its responses.

Stereotypical Association
1. How can it measure bias?

Stereotypical Association (ST) measures bias by using a concept, such as a term like doctor,
lawyer, social worker, etc. and a social group, such as men or women, and counting how many
times the term appears in the model’s generated text. Then, it measures how much each of the
social group words appear for each term and takes the average. It takes the rate in which the
social groups are associated with the terms and compares them. For example, for the term
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“doctor” it could take the rate in which masculine words appear at the same time as “doctor” and
the rate in which feminine words appear at the same time as it and see which one is more
frequent.

2. What is the definition of an unbiased model corresponding to this metric?

An unbiased model according to the Stereotypical Association metric is one which does not
prefer one social group regarding a stereotyped term over another. For example, if the term
“doctor” is used to generate text about that specific term, and a model is more likely to use
masculine words like “he,” “man,” “male,” etc. over feminine words like “she,” “woman,”
“female,” etc., then the model shows a bias with Stereotypical Association. An unbiased model
would have a somewhat equal rate for all the social groups included.

3. What LM is used?

LLMs that are treated as black boxes are mainly used with generated text-based metrics like
stereotypical associations. Generated text-based metrics use generative models like GPT-3. For
my experiment, | used GPT-2.

4. \What dataset is used?

Stereotypical Associations use a set of prompts focused on a specific stereotyped term to
generate text. Additionally, they use words associated with social groups to see how frequently
they appear in the generated text.

5. Your experiment setup?

For my experiment of Stereotypical Association, | used the GPT-2 model with Python to test if
there was bias with gender regarding different jobs. | made a list of jobs and prompts to test with
GPT-2 to see if it had a preference of gender for each job. These jobs were engineer,
mathematician, nurse, lawyer, doctor, social worker, and politician. To test it, | used prompts like
“the engineer,” “the engineer did,” “the engineer should,” etc. for each job to generate text with
GPT-2, and then | checked to see how many times a gendered word (“he,” “him,” “she,” “her,”
etc.) appeared in the generated text. | then calculated the bias score for Stereotypical Association
for each job by using the proportion of masculine and feminine words over all gendered words
for that specific job. The final bias score was calculated with this formula: 0.5 * (|(proportion of
feminine words) - 0.5[) + 0.5 * (|(proportion of masculine words) - 0.5]]).

29 ¢¢

6. Your result?
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These were my results for the Stereotypical Association metric test:
Gender association bias (engineer): 0.5

Gender association bias (mathematician): 0.5

Gender association bias (nurse): 0.23684210526315788

Gender association bias (lawyer): 0.1923076923076923

Gender association bias (doctor): 0.38235294117647056

Gender association bias (social worker): 0.5

Gender association bias (politician): 0.5

Since | only used two types of terms - masculine and feminine, the maximum result I could get
for the gender association bias for each type of job was 0.5. After performing the experiment,
nearly all the jobs I tested got results with significant gender bias, with multiple of them getting a
score of 0.5, indicating the most amount of bias possible. None of the jobs got a bias score of 0
or near 0, meaning that no jobs outputted an equal or similar number of male and female terms.
Maybe with a larger number of prompts the results would have been less biased, but this still
indicates that the GPT-2 model has some amount of gender bias when it comes to jobs.

Score parity
1. How can it measure bias?

Score parity measures bias by comparing the model's predicted scores or outcomes across
different demographic groups. If certain groups consistently receive higher or lower
scores, this indicates a potential bias in the model. For example, if a language model
generates more positive sentiment scores for one demographic group over another, it
suggests the model may be favoring that group. By analyzing score distributions, the
metric helps identify whether the model treats all groups fairly or exhibits biased scoring
patterns.

2. What is the definition of an unbiased model corresponding to this metric?
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An unbiased model, according to the score parity metric, is one where the predicted
scores or probabilities are distributed similarly across all demographic groups. This
means each group should have equal chances of receiving similar scores for comparable
inputs, ensuring that the model's predictions do not favor any specific group. In an
unbiased model, there should be no significant differences in scores between groups,
indicating parity in the model’s output.

3. . What language model is used?

Common models tested for score parity include BERT, ROBERTa, and GPT. The model
choice depends on the type of task, like classification or text generation.

4. What dataset is used?

Datasets vary but need demographic labels. Examples include WinoBias for gender bias,
Bias-in-Bios for occupational bias, or even sentiment datasets like IMDb with
demographic annotations.

5.  Experiment setup?

For my experiment setup, | used the distilbert-base-uncased-finetuned-sst-2-english model from
Hugging Face, which is a lighter, faster version of BERT called DistilBERT. This model is fine-
tuned specifically for sentiment analysis tasks. | analyzed movie reviews labeled by demographic
("male"” or "female™) to capture sentiment scores and averaged them by group. | then performed a
t-test to check if the differences in sentiment scores between groups were statistically significant.
Finally, I visualized the sentiment score distribution by demographic using Seaborn to identify
any potential bias, aiming to assess score parity across groups.

6. Result

Average Sentiment Score by Demographic:
demographic predictions

0 female  0.993217

1 male 0.999139

T-Statistic: 0.9526118652330504, P-Value: @.3775694591521761

gr\askron\(anetron ul
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Counterfactual Sentiment:

1. How CSB Measures Bias

CSB calculates bias by evaluating the difference in sentiment distributions between
counterfactual sentence pairs. For instance, it compares the sentiment of sentences like "He is
very capable” vs. "She is very capable.” If RoOBERTa assigns significantly different sentiment
scores to these sentences, it suggests an inherent bias in how the model interprets similar
statements based on gender. The Wasserstein-1 distance quantifies this difference, providing an
interpretable metric of bias.

2. Definition of an Unbiased Model with Respect to CSB

An unbiased model, according to CSB, would yield similar sentiment distributions for sentences
that vary only in protected attribute words. In other words, equivalent contexts should be
interpreted with minimal sentiment variation across social attributes. A low Wasserstein-1
distance between sentiment distributions of these sentence pairs would indicate that ROBERTa is
not biased in its sentiment interpretations for different social groups.

3. Language Model (LM) Used

I used RoBERTa for this analysis. Known for its high performance on NLP tasks, RoBERTa’s
fine-tuning on diverse text corpora makes it well-suited for sentiment analysis and comparing the
model’s reactions to different social attributes.

4. Dataset Used

For this analysis, | used the CrowS-Pairs dataset. CrowS-Pairs includes sentence pairs designed
to evaluate bias across various social dimensions, such as race, gender, and socioeconomic
status. This dataset was ideal for generating counterfactual pairs and evaluating the sentiment
shift in response to changes in social attributes.

5. Experiment Setup

The experiment was conducted as follows:
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1. Counterfactual Sentence Pair Generation:

a. | generated counterfactual pairs from CrowS-Pairs by selecting sentences that
differ only in protected attributes (e.g., "He is very talented" vs. "She is very
talented").

b. Each pair served as a test case for analyzing the model’s sentiment response to
attribute-based variations.

2. Sentiment Analysis:

a. Each sentence in the counterfactual pairs was fed through ROBERTa, and | used a
sentiment classifier on ROBERTa’s output to assign a sentiment score between 0
and 1 (O representing negative sentiment, 1 representing positive sentiment).

b. This process provided sentiment distributions for each sentence pair, allowing me
to quantify how RoBERTa’s sentiment shifts in response to social attributes.

3. Wasserstein-1 Distance Calculation:

a. For each counterfactual pair, | calculated the Wasserstein-1 distance between the
sentiment distributions to determine the CSB metric.

b. | then averaged these distances across all pairs in the dataset to generate an overall
CSB score, reflecting the model’s sentiment consistency across social attributes.

6. Results

The CSB score provided insights into ROBERTa’s sentiment stability across different social
attributes. A low CSB score suggested that ROBERTa maintained similar sentiment distributions
for equivalent contexts, indicating minimal bias. However, if RoOBERTa showed significant
sentiment shifts for specific attributes (e.g., consistently more positive sentiment for one gender),
it highlighted areas where sentiment-based biases may be present.

HONEST
1. How can it measure bias?

The HONEST metric measures bias by using the HurtLex lexicon and finding the number of
times a hurtful word (meaning that it’s in the HurtLex lexicon) is generated by the text. The bias
(HONEST score) is measured by measuring how likely a model is to generate a sentence, phrase,
or word in the HurtLex lexicon. It is done by taking the percentage of all the generations by the
model that had hurtful words.

2. What is the definition of an unbiased model corresponding to this metric?
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An unbiased model for the HONEST metric would be one with a low HONEST score, or one
with a low percentage of hurtful words generated. If a model generates on average more hurtful
words than another, it is more biased.

3. What LM is used?

LMs like GPT-2 and BERT are used with the HONEST metric since they are able to generate
text. BERT uses masks and GPT-2 just uses prompts to generate text, so they word differently
and allow for different results.

4. \What dataset is used?

HONEST uses the HurtLex lexicon, which contains all the hurtful words, as well as a list of
prompts to use to generate text.

5. Your experiment setup?

For my experiment, | used GPT-2 and BERT with Python to test for gender bias, meaning that |
tested to see if hurtful words were more likely to appear along with feminine or masculine terms
for each model. For BERT, | used masks to get the top five words generated for a set of different
prompts, such as “the woman is a [MASK]” and “the man is a [MASK],” where “[MASK]”
would be replaced with each of the top five words. Then, for GPT-2, | used the same prompts
that I used for BERT but with the “[MASK]” removed, since GPT-2 can just generate text from a
prompt. Instead of calculating the top five words for GPT-2, | just made it generate sentences,
since that means there are more words being generated and thus a higher chance of a hurtful
word being generated. Then I calculated the number of times that hurtful words appeared for
both of the models for both masculine and feminine terms and calculated percentages.

6. Your result?

HONEST score (BERT, female): 9.09
HONEST score (BERT, male): 58.18
HONEST score (GPT-2, female): 63.64

HONEST score (GPT-2, male): 54.55
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My results for both the BERT and GPT-2 model were quite different. The BERT model had a
much higher bias score for masculine words, meaning that hurtful words were much more likely
to appear for masculine words than feminine words. However, the GPT-2 had a higher bias score
for feminine words. Taking the average of both models, the BERT model has a bias score of
33.64, while the GPT-2 model has a bias score of 59.10, meaning that the GPT-2 model was, in
general, more biased than the BERT model when it comes to the HONEST score for masculine
and feminine terms. However, this may be due to the amount of text being generated by both
models being quite different, with the BERT model only generating the top five words, and the
GPT-2 model generating sentences with more room for hurtful terms.

Gender Polarity:

1. How Gender Polarity Measures Bias

The Gender Polarity metric calculates bias by averaging bias scores for gendered words in the
generated text. A higher score indicates a more prominent presence of gendered language in a
specific direction (e.g., predominantly masculine or feminine), suggesting that the model may
exhibit implicit biases in language generation.

2. Definition of an Unbiased Model with Respect to Gender Polarity

In the context of Gender Polarity, an unbiased model would generate balanced representations of
masculine and feminine terms in contexts where gender should be neutral or irrelevant. This
would result in a Gender Polarity score close to zero, indicating that GPT-2 does not favor
masculine or feminine language disproportionately across neutral prompts.

3. Language Model (LM) Used

For this analysis, | used GPT-2. As a powerful generative language model, GPT-2’s capabilities
for generating coherent text provide an ideal environment for testing the presence of implicit
gender biases through generated text.

4. Dataset Used

The Gender Lexicon Dataset (Cryan et al., 2020) was used for this analysis. This dataset includes
over 10,000 gendered verbs and adjectives, each assigned a gender score. The lexicon enabled
me to assign bias scores to words in the generated text, providing the foundation for calculating
Gender Polarity.
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5. Experiment Setup
The experiment setup was as follows:

1. Text Generation:

a. | prompted GPT-2 with a variety of neutral, non-gender-specific sentences (e.g.,
"The engineer is very [MASK]" or "This individual is known for being
[MASK]™.

b. GPT-2 generated responses for each prompt, allowing me to collect a range of
outputs to analyze the presence and extent of gendered language.

2. Bias Score Computation:

a. Using the Gender Lexicon Dataset, | assigned bias scores to each word in the
generated text. Words identified as masculine or feminine received a
corresponding lexicon-based bias score.

b. For each sentence, | computed the weighted average of these scores, representing
the sentence's overall Gender Polarity.

3. Gender Polarity Calculation:

a. I calculated the metric by taking the sign of each word’s bias score, multiplying it
by the squared bias score, and averaging these values across all generated texts.

b. The final Gender Polarity score was normalized to reflect the overall tendency in
GPT-2’s generated language across all prompts.

6. Results

The Gender Polarity metric revealed GPT-2’s tendencies in using gendered language across
different contexts. A high score in professional contexts, for instance, might suggest an implicit
association between masculine-coded terms and professional roles, while a higher score in
nurturing contexts might indicate a tendency to favor feminine-coded language. These findings
pointed to potential stereotypes embedded in GPT-2's language generation that could benefit
from mitigation.

12/06/2024 Page 65 of 70



Final Deliverable Addressing Fairness in LLMs

List of Models Tested by Each Metric

Embedding-Based:

1. BERT - SEAT, CEAT
2. GloVe - WEAT

3. Word2Vec - WEAT
4. XLNet-CBS

Probability-Based:

1. GloVe - DisCo

2. BERT - CPS, AUL, LBPS
3. ALBERT - CPS

4. RoBERTa - CPS

Generated text-Based:
1. BERT - Social Group Substitution, Co-Occurence Bias Score, HONEST

2. GPT-2 - Stereotypical Association, HONEST, Gender Polarity,
Demographic Representation

3. RoBERTa - Counterfactual Sentiment
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Research Paper Report on “History, Development, and Principles of Large Language
Models—An Introductory Survey” (Wang et al.)

Fairness in LLM’s Research Report
By: Erick Pelaez Puig, Elnaz Toreihi, Valeria Giraldo, Jeslyn Chacko

Abstract

This paper provides an overview of the evolution, principles, and applications of Large
Language Models (LLMs) in natural language processing (NLP). LLMs have advanced from
early statistical language models (SLMs) to sophisticated neural models capable of human-level
text generation. The paper aims to make LLMs more accessible by explaining their development,
key contributions, and principles. It reviews academic studies, comparing state-of-the-art models
and their applications in domains such as software engineering, finance, and healthcare. The
paper also addresses challenges like bias and privacy concerns.

Introduction

As for the background on Large Language Models, there are different types of models to use
based on what the end goal may be. For instance, the Statistical Language Models (SLMs) with
the purpose of acquiring the probability of a sentence occurring within a text. SLMs can
calculate the probability of a specific word using the formula that is mentioned in the paper by
substituting frequencies into the formula.

Neural Language Models are used to predict the following word within sequences and semantic
connections. Moreover, this is done by translating the human language into a binary using word
vectors. Word vectors translate the human language into numbers in order for the computer to
understand. Words with similarities are closer together in vector space.

The Pre-trained Language Models have initial training with unlabeled text in order for the
machine to understand vocabulary, syntax, semantics, and logic. This is known as the pre-
training process. This model can be used for machine translation, text summarization, and
question-answering systems. This model further analyzes the text rather than just predicting the
next words. It also can go through a process known as fine-tuning to do specific training for the
machine to do a specific task of the creator's choice.

Large Language Models are trained on tens of billions of parameters. These machines are built to
understand and analyze human language, commands, and values. They inhibit a great amount of
adaptability and can enhance given various tasks.
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This research is relevant because there are many uses for LLMs in the real world and with this
research, we are able to limit the amount of bias behind the models. There are solutions that can
be put in place while creating the models rather than finding the problems while having it tested.
Removing biased data from the training dataset is one of the ways that we can prevent these
issues from being further advanced.

Literature Review

Overview of existing research on LLMs

The literature on LLMs has primarily focused on specific technical advancements and use
cases. Much of the existing research highlights the development of models like GPT,
BERT, and Transformer-based architectures.

Theoretical background and previous work in the field

LLMs are built upon the theoretical groundwork laid by earlier models such as SLMs and
NLMs. Pre-trained language models (PLMs) introduced the concept of large-scale data
training, which later evolved into LLMs with more complex architectures and larger
datasets.

Gaps in current research that the paper aims to address

Discussion

The paper employs a structured review methodology, synthesizing data from academic
papers, journal articles, and conference publications. The focus is on providing a
comprehensive understanding of LLMs while comparing models based on their
development, applications, and performance.

Details on data sources, data collection methods, and preprocessing

Key data sources include databases like IEEE Xplore, ACM Digital Library, Scopus, and
Google Scholar. The paper collects information from peer-reviewed publications and
conference proceedings that focus on NLP and LLMs. Data preprocessing involved
screening studies for relevance, citation counts, and methodological rigor.

Explanation of the algorithms or models used
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LLMs are categorized into three main types of models - encoder-only, encoder-decoder,
decoder-only. Encoder-only models deal mostly with input, Decoder-only models deal
with generation, and encoder-decoder models deal with both.

e The applications and drawbacks of LLMs

The paper goes into detail about how different fields have adapted LLMs and how they
use them to their advantage. Some fields use them for their teaching efficiency, such as
the medical field which could use LLMs to help students with medical tests, and the
education field which could use LLMs as tutors for students. Some other fields use them
for their accuracy, such as the software engineering field which can use LLMs to help
improve code, and the drug discovery field which uses LLMs to help with finding
suitable drug targets.

There are other different applications of LLMs, but there are also some drawbacks. The
main drawbacks addressed in the paper are those that deal with privacy, safety, fairness,
and intellectual property. The safety and fairness concerns are quite similar, with the
safety drawback being harmful, incorrect information being given by LLMs that could
have a dangerous effect on fields like healthcare, and the fairness drawback being biased
and possibly derogatory choices/statements being made. The privacy concern deals with
LLMs reproducing sensitive information that should not be given out, and the intellectual
property concern deals with LLMs creating content that is too similar to something made
by a real person.

Conclusion

Overall, the paper provided significant insights on the background of LLMs and why they are so
important to society nowadays. The paper provided many examples of how LLMs are used in the
real world and used examples such as GPT-2 and GPT-3. It further emphasized the importance
of reducing bias in these models in order to use them to their full potential. Therefore, it is a
great start to our research that will be focused on trying to get LLMs used to their maximum
potential.
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