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Abstract
This research focuses on understanding and mitigating bias
in generative AI models, specifically by examining both in-
trinsic and extrinsic biases. The project aims to develop a
unified evaluation framework and bias mitigation strategies
to promote fairness across real-world applications, such as fi-
nance and healthcare. The goal is to ensure that generative AI
systems do not propagate harmful societal biases, and the re-
search explores bias detection and mitigation across various
deployment stages.

Introduction
Foundation models are powerful due to their training on
vast amounts of data, which enable them to perform well
across a wide range of tasks. However, several studies have
shown that these models often encode social biases present
in the training data, which are then transferred to down-
stream tasks (Rombach et al. 2022; Nadeem et al. 2020).
For instance, Stable Diffusion has been found to depict
”poverty” with stereotypical images of Africa (Bianchi et al.
2023), while Llama2 and Falcon have been observed associ-
ating Black people with poverty (Arzaghi et al. 2024) when
integrated into real-world applications, such as educational
content creation, advertising, or chatbots. These biased mod-
els can lead to significant harms, including the amplification
of stereotypes and allocational harms that affect marginal-
ized groups such as unfair loan denials for minority groups,
or biased healthcare recommendations that compromise pa-
tient care. Addressing these biases is essential to ensure that
generative AI systems operate fairly and do not perpetu-
ate harmful societal biases in high-stakes environments. Al-
though bias evaluation and mitigation in these models have
been widely studied (Gallegos et al. 2024; Wan, et al. 2024),
there are still contradictions in the findings. Bias in foun-
dation models is often categorized into two types (Gallegos
et al. 2024): Intrinsic bias, which refers to biases embed-
ded within the model itself, and Extrinsic bias, which mea-
sures bias in specific applications using metrics like equal-
ity of opportunity (Hardt et al. 2016). Some studies suggest
that mitigating former bias can improve the latter (Jin et al.
2020), while others have shown no correlation or even neg-
ative correlation between the two (Goldfarb-Tarrant et al.
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2020). To address fairness in foundation models, under-
standing the relationship between intrinsic and extrinsic bias
is an important direction to ensure that bias mitigation strate-
gies are effective, and ultimately promoting fairness in real-
world applications.

Objective
The primary objective of this research is to develop a unified
framework for evaluating and mitigating biases in founda-
tion models. This involves:

• Understanding the relationship between intrinsic and ex-
trinsic biases.

• Developing metrics that effectively capture both intrinsic
and extrinsic biases across different downstream tasks.

• Proposing mitigation strategies that ensure fairness in
generative models’ real-world applications.

The outcome will be a bias evaluation and mitigation
framework that can be applied to models such as GPT and
Llama, addressing biases in applications like healthcare rec-
ommendations and credit approval systems.

Methodology
The project is divided into three work packages (WPs):

WP1: Survey of Intrinsic and Extrinsic Bias
Relationship
This work package aims to understand the relationship be-
tween intrinsic and extrinsic biases across different adapta-
tion techniques such as full fine-tuning (FF) (Weng 2024),
Low-Rank Adaptation (LoRA) (Hu et al. 2021), In-Context
Learning (RAG) (Lewis et al. 2020), and reward model-
ing (RLHF) (Bai et al. 2022). The survey will examine
the impact of intrinsic bias mitigation on extrinsic out-
comes by comparing scenarios where the parameter space
changes (e.g., FF, LoRA) to those where it remains con-
stant (e.g., RAG). Prior studies have yielded contradictory
findings on whether mitigating intrinsic bias improves ex-
trinsic outcomes (Goldfarb-Tarrant et al. 2020; Jin et al.
2020). Even though these studies provide a valuable foun-
dation, they are limited by the use of older models, re-
stricted intrinsic metrics, and evaluations confined to lim-
ited applications due to a lack of available datasets. With
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recent advancements in foundation models and evaluation
techniques, a comprehensive survey is needed. Using open-
source datasets like Diabetes, German Credit, and Adult
converted into language-model-friendly formats, this sur-
vey will evaluate biases across real-world applications (e.g.,
credit approval, healthcare, salary predictions) using modern
foundation models such as Llama, and GPT.

WP2: Development of a Bias Evaluation
Framework
Evaluating bias in foundation models is complex, as bi-
ases can emerge at different stages, both within the model
itself and in its downstream applications. Intrinsic bias
metrics, such as embedding-based (Caliskan et al. 2017),
probability-based (Nadeem et al. 2020), and generated text-
based (Hardt et al. 2016) metrics, evaluate inherent biases
within the model itself, which may increase or decrease
as a result of applying the model to specific downstream
tasks. However, extrinsic bias evaluations (Dhamala, et al.
2021) are often limited to specific tasks and datasets, mak-
ing it difficult to generalize bias detection across applica-
tions. This work package aims to develop a unified bias eval-
uation framework that effectively captures both intrinsic bi-
ases and extrinsic performance, bridging the existing gap in
bias evaluation methods. The framework will leverage the
datasets generated in WP1 and our previous paper (Arza-
ghi et al. 2024), using contrastive clustering(Li et al. 2021)
and entropy-based metrics to evaluate bias comprehensively.
Contrastive clustering will help form demographic group
clusters from language model embeddings using my previ-
ous work dataset (Arzaghi et al. 2024), enabling compari-
son of how models assign biased sentences, which provides
insights into intrinsic bias. Entropy will be used to assess
uncertainty across these clusters, identifying whether cer-
tain attributes are disproportionately assigned in both intrin-
sic tasks (e.g., fill-in-the-mask) and downstream tasks (e.g.,
loan approvals). By combining these techniques, we can sys-
tematically examine how biases evolve from model training
to real-world applications. This evaluation framework will
unify bias analysis across all stages of model deployment.
The outcome of this work package will include open-source
code and tools made available to the community.

WP3: Bias Mitigation Framework Development
Building on the insights from WP1 and WP2, this work
package focuses on developing an integrated bias mitigation
framework for generative models, targeting both intrinsic
and extrinsic biases. WP1 provides a deeper understanding
of the relationship between intrinsic biases and downstream
tasks, helping to identify key areas for mitigation. WP2 of-
fers a comprehensive approach to evaluating biases, creating
a solid foundation for mitigation efforts. Leveraging these
insights, we propose using Reinforcement Learning with
Human Feedback (RLHF) (Bai et al. 2022) to effectively
address both types of biases. Current techniques often fall
short in consistently mitigating biases within internal repre-
sentations and downstream outputs. To overcome these lim-
itations, RLHF will be adapted based on the specific nature
of the bias. For intrinsic biases, such as in text generation

tasks, RLHF will fine-tune model parameters based on hu-
man preferences, promoting fairer internal associations. The
adaptable dataset developed in our previous work (Arzaghi
et al. 2024) will support this phase, as it can be customized
for various demographic groups and types of biases, such
as stereotyping and can be easily annotated based on the
model’s output. For extrinsic biases, in tasks like classifi-
cation (e.g., predicting loan approval), the mitigation may
involve updating only the classifier using human feedback
(without modifying the foundation model’s parameters), or
using a combination of both approaches. By applying this
framework to models like GPT, Llama, and Stable Diffu-
sion, we can rigorously test our approach. The outcome of
this work package will include open-source code and tools
made available to the community.

Expected Contributions
This research will contribute significantly to the field of AI
fairness by:
• Providing a clear understanding of the relationship be-

tween intrinsic and extrinsic biases.
• Offering a unified evaluation framework that can be used

to assess fairness across various tasks.
• Developing open-source tools and methods for bias mit-

igation in generative models, enhancing their fairness in
real-world applications.

Conclusion
As foundation models become increasingly integrated into
business and everyday life, ensuring fairness is crucial to
prevent the amplification of biases that could harm marginal-
ized communities. This project aims to address these con-
cerns by developing methods to evaluate and mitigate biases
across generative AI models, contributing to the more equi-
table deployment of AI technologies.
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