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Motivation

Machine learning has experienced a remarkable rise, with
highly sophisticated over-parameterized models leading the
way (Yuan 2023). Consequently, these cutting-edge mod-
els find application across diverse domains. Their increas-
ing deployment has sparked concerns about their real-world
impact. This includes patterns of biased treatment (fair-
ness) (Mehrabi et al. 2021), brittleness to distribution shifts
(robustness) (Subbaswamy, Adams, and Saria 2021), infor-
mation leakage risks (privacy) (Shokri et al. 2017; Car-
lini et al. 2023), and vulnerability to adversaries (secu-
rity) (Szegedy et al. 2013), among others, studied under the
umbrella of responsible Al

A crucial aspect of building responsible AI models
is the idea of model multiplicity (Black, Raghavan, and
Barocas 2022; D’Amour et al. 2022). Born out of over-
parameterization, multiplicity is the existence of multiple
models that perform similarly well on a specific task, de-
spite learning different underlying functions. As these mod-
els learn different mappings of the training data, they tend to
have diverse trustworthy behaviour despite similar accuracy,
further exacerbated for unseen metrics (Ganesh 2024).

If managed well, model multiplicity gives us the freedom
to prioritize several metrics, including those associated with
responsible Al and select the best models to minimize harm
(Black, Raghavan, and Barocas 2022; Ganesh et al. 2023;
Black et al. 2024). However, the existence of multiplic-
ity also marks the unavoidable presence of arbitrariness in
model selection that can impact individual-level decisions,
necessitating a broader discussion on the role and expecta-
tions of Al decision makers in our society (Jain, Creel, and
Wilson; Creel and Hellman 2022; Paes et al. 2023; Gomez
et al. 2024; Kulynych et al. 2023).

Furthermore, any investigation in multiplicity is a study of
the learning dynamics of Al models, i.e. how changes in the
optimization impact the model. By exploring this relation-
ship between multiplicity and learning dynamics, we can
improve our understanding of the underlying optimization
and create powerful steerable models (Ganesh et al. 2023). I
aspire to shape a brighter and more responsible future for all
by advocating for responsible model development.
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Background

Model Multiplicity Multiplicity, as defined by Marx, Cal-
mon, and Ustun (2020), is the occurrence of conflicting
predictions across competing models, i.e., models with
comparable performance, rooted in overparameterized Al
pipelines (D’ Amour et al. 2022). While the phenomenon of
multiplicity in prediction problems is not new (Nelder and
Wedderburn 1972; Breiman 2001), recent research under
the umbrella of model multiplicity (Black, Raghavan, and
Barocas 2022) has broadened the discourse to its real-world
impact and potential in advancing responsible Al practices.
This includes work on leveraging multiplicity to select bet-
ter models (Black, Raghavan, and Barocas 2022; Semenova,
Rudin, and Parr 2022; Ganesh 2024), studying the trends
of multiplicity with fairness and privacy (Ali, Lahoti, and
Gummadi 2021; Kulynych et al. 2023; Long et al. 2023;
Ganesh et al. 2023; Cooper et al. 2024), better quantification
and efficient assessment of associated risks (Heljakka et al.
2022; Paes et al. 2023; Watson-Daniels et al. 2023; Watson-
Daniels, Parkes, and Ustun 2023; Hsu et al. 2024; Hsu and
Calmon 2022), and raising ethical and legal concerns on the
implications of multiplicity and arbitrariness within existing
Al ecosystems (Black, Raghavan, and Barocas 2022; Creel
and Hellman 2022; Black et al. 2024; Gomez et al. 2024).

Multiplicity and Responsible AI Several recent works
have studied the interplay between multiplicity and other re-
sponsible Al metrics. Kulynych et al. (2023) showed that
improvements in privacy come at a cost of multiplicity and
Long et al. (2023) found a similar cost to achieve group fair-
ness. Ali, Lahoti, and Gummadi (2021) showed that address-
ing unfairness only in examples with high multiplicity ef-
fectively eliminates biases and Cooper et al. (2024) showed
similarly that abstaining from highly uncertain predictions
exhibits a noticeable improvement in group fairness.
Existing literature has also explored the implications of
arbitrariness itself, and its integration into the broader land-
scape of responsible Al. Several studies have shown a dis-
parity in multiplicity across demographics (Cooper et al.
2024; Gomez et al. 2024; Ganesh et al. 2023), thereby dis-
proportionately impacting certain individuals. Further argu-
ments on the impact of arbitrariness on individuals have
also been given using moral discussions (Creel and Hellman
2022) and human rights concerns (Gomez et al. 2024).



Methodology

A fundamental question in Al is: how do models learn? De-
spite numerous attempts, our understanding of learning, es-
pecially in neural networks, remains rudimentary and frag-
mented. Interestingly, exploring multiplicity is deeply en-
tangled with the question of learning. Model multiplicity
can give us the tools to investigate the learning dynamics of
Al models, ultimately improving our understanding of the
large-scale models that are penetrating our daily lives. My
research focuses on investigating model multiplicity in Al,
leveraging its potential in deploying responsible models and
providing a structure to understand their learning dynamics.

Quantifying Multiplicity As a first step, it’s imperative to
start by ensuring appropriate quantification of multiplicity
and its associated harms. Existing literature focuses on the
case of predictive multiplicity and lacks an appropriate dis-
cussion of other harms. Even when different models under
multiplicity produce the same prediction, the arbitrariness of
model selection can still introduce harms, for instance, in the
form of changing privacy risks, robustness behaviour, or se-
curity concerns, among others. Thus, while predictive mul-
tiplicity is fundamental, it is important to recognize that the
adverse effects of multiplicity extend beyond predictions.
Consequently, further exploration is needed, and we plan to
work on a deeper analysis of various individual concerns due
to the arbitrariness introduced by multiplicity.

On a separate note, even when quantifying predictive mul-
tiplicity, existing methods are impractical and costly. This is
because, despite the existence of various metrics for mea-
suring multiplicity in the literature (Cooper et al. 2024; Ku-
Iynych et al. 2023; Black, Raghavan, and Barocas 2022; Hsu
and Calmon 2022; Long et al. 2023; Marx, Calmon, and Us-
tun 2020; Heljakka et al. 2022), these metrics all share a
commonality—they rely on training an ensemble of models.
The burden of training multiple copies of a model can be un-
reasonable for those utilizing such models, thus posing a sig-
nificant barrier to auditing model multiplicity. A recent work
by Hsu et al. (2024) broke this trend and showed the advan-
tages of using Monte Carlo dropout as an efficient alternative
to training multiple models for measuring model multiplic-
ity. This opens up a promising avenue for future research:
understanding the relationship between various measures of
model instability, such as predictive uncertainty, distance to
the decision boundary, loss curvature, gradient norms, etc.,
and how they connect with model multiplicity.

Benchmarking Models Under Multiplicity Model mul-
tiplicity introduces a significant challenge in benchmarking
models. For instance, several studies have questioned the
efficacy of existing bias mitigation methods (Baldini et al.
2022; Sellam et al. 2021), revealing susceptibility to factors
like random seeds. More specifically, we studied the impact
of various forms of randomness on model bias in our recent
work (Ganesh et al. 2023) and highlighted the dominant im-
pact of training data order on group fairness. Recently, we
also showed a similar concern of variance across several dif-
ferent responsible Al metrics (Ganesh 2024), proposing the
use of multiplicity sheets when benchmarking models to deal
with the concerns of model multiplicity.
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Despite recent advancements, we still lack a holistic un-
derstanding of how to mitigate and manage multiplicity. No-
tably, we showed in our work that even the most common
recommendation in the literature—model selection based on
appropriate constraints—can cause overfitting and may not
generalize to unseen settings (Ganesh 2024). Improving our
understanding of the origins of multiplicity thus becomes
imperative to tackling multiplicity in the real world.

Steerable Models When exploiting multiplicity, choosing
the best model from similarly performing models can be a
good start, but it doesn’t scale. Moreover, the likelihood of
finding black swans, i.e., exceptionally good models, across
a random set of models is always quite low (Hsu and Cal-
mon 2022). However, rather than randomly training mul-
tiple models, one can use the insights from multiplicity to
create locally steerable models. For instance, referring back
to our work on the impact of training data order on model
fairness (Ganesh et al. 2023), we used the dominant impact
of the latest gradient updates to create custom data orders
that can manipulate model fairness as desired. Thus, one can
avoid searching across models, and instead directly optimize
an existing model towards the required behaviour, allowing
us to create responsible and safely deployable models.

Studying the Tradeoffs We discussed how multiplicity
can potentially allow the selection of models that enhance
multiple auxiliary metrics. However, not all metrics can be
improved simultaneously. While certain responsible Al met-
rics can be improved in harmony, others are naturally in con-
flict with each other. For instance, to reduce bias in Al, the
model needs to memorize data from minority groups, which
compromises their privacy (Chang and Shokri 2021). Con-
versely, enforcing privacy prevents the model from relying
too heavily on memorization, which can introduce biases
into the model (Fioretto et al. 2022). Understanding these
trade-offs is crucial in narrowing down our search space for
multiplicity and can help us better exploit the multiplicity of
various metrics when creating steerable models. In our fu-
ture works, we aim to study these trade-offs by connecting
them fundamentally to memorization in neural networks.

Legal Requirements and Multiplicity The concerns re-
garding model multiplicity go beyond existing metrics. Sev-
eral laws across the globe require that automated decision-
makers provide a meaningful explanation to affected indi-
viduals of how and why the decision was made. However,
how can one justify and meaningfully explain an automated
decision if there exist many other models with the same per-
formance that would have made a different decision? There
is certain arbitrariness in model selection which creates a
conflict between what the law requires and the nature of
multiplicity in AI. We are currently collaborating with do-
main experts in an interdisciplinary attempt to identify the
technical challenges in the current state-of-the-art of model
multiplicity to meet legal requirements and the legal gap be-
tween current law and the implications of arbitrariness in
model selection. The goal is to find common grounds either
at the model level or through updates to the legal language.
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