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Abstract

Model development in Al is shaped by developer decisions.
While there is significant research on the opportunities and
risks of multiplicity, little attention has been paid to how de-
veloper decisions impact multiplicity. My thesis focuses on
(a) introducing broader frameworks to better analyze devel-
oper decisions in Al, (b) identifying theoretical connections
to characterize the influence of these decisions on multiplic-
ity, and (c) operationalizing insights across various applica-
tions, thus building responsible AI models with multiplicity.

Motivation

Artificial intelligence (AI) is experiencing a remarkable
rise (Yuan 2023), and its increasing deployment has
sparked concerns about patterns of biased treatment (fair-
ness) (Mehrabi et al. 2021), brittleness to distribution shifts
(robustness) (Subbaswamy, Adams, and Saria 2021), and
information leakage risks (privacy) (Carlini et al. 2023),
among others, studied under the umbrella of responsible Al.
A crucial aspect of building responsible models is the con-
cept of multiplicity (Black, Raghavan, and Barocas 2022).

What is multiplicity? Data serves as a proxy for the real
world, but cannot fully capture its nuances. There is a fun-
damental loss of information in data-driven learning, leav-
ing a gap where multiple interpretations (i.e., AI models)
can arise, studied under the epistemological framework of
Rashomon effect. The disagreement between interpretations
under this Rashomon effect is known as multiplicity. While
the study of multiplicity is not new (Breiman 2001), recent
research has broadened the discourse on multiplicity to its
real-world impact and potential in advancing responsible Al
practices (Ganesh, Taik, and Farnadi 2025).

Multiplicity and Responsible AI.  When multiple inter-
pretations exist, some of them may exhibit certain desirable
properties, such as better fairness, robustness, interpretabil-
ity, etc. Thus, if managed well, multiplicity can help us se-
lect or aggregate models to minimize harm (Black, Ragha-
van, and Barocas 2022; Rudin et al. 2024). However, mul-
tiplicity also marks the inherent arbitrariness in data-driven
learning that impacts individuals, necessitating a discussion
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on the expectations of automated decision makers in our
society (Jain, Creel, and Wilson 2024; Creel and Hellman
2022; Kulynych et al. 2023).

Objective

Model development in Al is shaped by developer decisions.
While there is significant research on the opportunities and
risks of multiplicity, little attention has been paid to how de-
veloper decisions impact multiplicity. My thesis focuses on
(a) introducing broader frameworks to better situate and an-
alyze developer decisions in AI (WP1), (b) identifying theo-
retical connections to characterize the influence of these de-
cisions on multiplicity (WP2), and (c) operationalizing these
insights across various applications, thus building responsi-
ble Al models with multiplicity (WP3, WP4).

Work Packages

Outlined below are four work packages (WPs) essential to
achieving the main objective of my thesis.

WP1 - Developer Decision Framework (Finished).
Multiplicity is often studied through the lens of information
loss, i.e., incomplete information can lead to multiple inter-
pretations. While this perspective is valuable, it is limited
in providing an operational framework for developers. In-
stead, attention should be directed toward the role of devel-
oper choices in model design, which lays a practical founda-
tion for managing multiplicity. We proposed the intention-
convention-arbitrariness (ICA) framework (Ganesh, Taik,
and Farnadi 2025) to study developer choices. By structuring
these choices, we promote transparency and connect devel-
oper decisions to subfields in multiplicity on creating steer-
able models (intentional choices), homogenization (conven-
tional choices), and arbitrariness (arbitrary choices).

WP2 - Data Processing, Model Maintenance, and Multi-
plicity. Recent works have focused on understanding how
developer choices during model training influence the result-
ing model, and thus, in turn, multiplicity. However, far less
is known about the effects of decisions made during data
processing before training and model maintenance, i.e., up-
dates after deployment, on multiplicity. This gap is critical
given the complexity of these relationships: directly predict-
ing model behavior from data without training remains a dif-



ficult challenge, and characterizing how model updates be-
have under distribution shifts is equally non-trivial. We cur-
rently lack a strong theoretical foundation for understanding
how these choices shape multiplicity. Long-term expected
outcome: Research paper(s) that establish strong founda-
tional connections between data preprocessing and model
maintenance decisions and their impact on multiplicity. Ex-
pected outcome by Doctoral Consortium: A research pa-
per that studies the impact of multiplicity on algorithmic re-
course under distribution shift. Current progress: In a re-
cent work (currently under review), we identified the impact
of data preprocessing choices on the resulting multiplicity,
without the need to explicitly train models, and even pro-
vided the tools for developers to steer multiplicity.

WP3 - Model Selection and Benchmarking under Mul-
tiplicity (Finished). Multiplicity introduces a significant
challenge in benchmarking models, as a one-dimensional
comparison of algorithms without accounting for multiplic-
ity can create a false sense of superiority (Ganesh et al.
2025). Improving our understanding of the role of multi-
plicity in model benchmarking is thus imperative to tack-
ling multiplicity in real-world applications. In our works,
we have studied the role of training stochasticity in fair-
ness (Ganesh et al. 2023), highlighting the dominant im-
pact of data order. We also showed a similar concern of
variance across several responsible Al metrics beyond fair-
ness (Ganesh 2024), proposing the use of multiplicity sheets
when benchmarking models to tackle multiplicity. Most re-
cently, we recognized the value of context when benchmark-
ing bias mitigation algorithms (Ganesh et al. 2025), showing
that different techniques might be the “best” depending on
the context of model development.

WP4 - Multiplicity in the Age of GenAl. The recent
adoption of generative Al (GenAl) has reshaped how de-
velopers design and deploy models (Yuan 2023). Rather
than training task-specific models, we see an increasing re-
liance on powerful pre-trained models (Dhar 2024). In this
paradigm, designing effective prompts—not models—is the
new objective. Multiplicity in GenAl both exacerbates ex-
isting challenges, such as increased risk of homogenization
when everyone relies on a few model providers, and intro-
duces new ones, including prompt multiplicity, reward mul-
tiplicity, and preference multiplicity, among others. Long-
term expected outcomes: Research and Position paper(s)
highlighting the value of learning from the existing multi-
plicity literature in the age of GenAl. Current progress:
We have shown that studying prompts through the lens of
multiplicity can help us quantify the true risk of information
leakage in LLMs (More, Ganesh, and Farnadi 2025), more
precisely evaluate hallucination concerns (Ganesh, Shokri,
and Farnadi 2025), and improve real-world applicability of
LLM auditing frameworks (Chataigner et al. 2025).
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