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Multiplicity: Disagreement Between “Good Models”

Data Collection Data Processing Model Training Evaluation

Eg, Which measurement 
technique to use?

Eg, Collect surveys 
or behavioral data?

Eg, Drop missing value 
columns or impute?

Eg, Which features 
to select?

Eg, Use SGD 
or Adam?

Eg, Which architecture 
to train?

Eg, Use accuracy or 
F1-score?

The developer makes many 
different choices-knowingly 
or unknowingly-that impacts 
the final model.

Despite similar utility, 
different models create 
distinct impact on the 
population and individuals.

Model 1
Utility: High
Bias: High
Decision: Accept

Model 2
Utility: High
Bias: Low
Decision: Accept

Model 3
Utility: High
Bias: Low
Decision: Reject
Recourse: Improve 
Feature A.

Model 4
Utility: High
Bias: Low
Decision: Reject
Recourse: Improve 
Feature B.

Eg, Model 2
L1 Reg. Seed: 1

Model 1
L1 Reg. Seed: 0

Model 3
L2 Reg.

Regularization: L1 or L2?
Random Seed?

Model 1: Reject

Model 2: Accept

Model 3: Unclear

Through choices made during development, Multiplicity can offer an operational

lens to the issue of arbitrariness in machine learning!

Growing Multiplicity Literature
Literature on multiplicity has grown rapidly in the last few years.
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Figure 1: Systematic review of the number of papers over the years and their categorization. Each paper can have multiple tags,
marking all categories of contributions made by the paper. Details of the tags are in the Appendix (§A). BM&E: Better Models
& Ensembles; HE: Hacking Metrics; RAI: Responsible AI; PM: Predictive Multiplicity; EM: Explanation Multiplicity; OM:
Other Multiplicity; RSE: Rashomon Set Exploration; REML: Rashomon Effect in ML; App: Application; Sur: Survey.

perspective (§4). Finally, we trace two overarching trends in
the multiplicity literature: its role in exploring diverse inter-
pretations during model selection (§5), and its broader im-
plications within responsible AI (§6). We conclude by iden-
tifying open research questions to encourage future work.

2 The Rashomon Effect in Machine Learning
Taking its name from Akira Kurosawa’s 1950 film
Rashomon, the Rashomon effect is an epistemological
framework that highlights the subjectivity and ambiguity
inherent in human perception (Anderson 2016; Davis, An-
derson, and Walls 2015). Borrowing from Davis, Anderson,
and Walls (2015), the Rashomon effect can be defined as “a
combination of a difference of perspective and equally plau-
sible accounts, with the absence of evidence to elevate one
above others, [...]”. The Rashomon effect has been studied
in several different domains, like the influence of cognitive
biases on memory (Tindale 2016; Trabasso 2018), the im-
pact of culture and the fluidity of truth in ethnographic stud-
ies (Heider 1988), the study of context, medium, and fram-
ing of communication (Anderson 2016; Soreanu and Ger-
man 2022), the unreliability of eyewitnesses (Pansky, Koriat,
and Goldsmith 2005; Hirst and Brown 2011), and–central
to our discussion–algorithmic modelling and machine learn-
ing (Breiman 2001; Black, Raghavan, and Barocas 2022).

The term Rashomon effect was first introduced into algo-
rithmic modelling by Breiman (2001), pointing out the pres-
ence of a set of good models that all achieve similar error
rates. It has since been used in discussions of statistical mod-
elling (Bonate 2006; Ueki and Kawasaki 2013), null hack-
ing (Protzko 2018), designing robust algorithms (Tulaband-
hula and Rudin 2014; Castillo et al. 2008), measuring vari-
able importance (Dong and Rudin 2019; Fisher, Rudin, and
Dominici 2019), and applications in various domains (Kang
et al. 2018; Chantre et al. 2018). More recently, it has found
a resurgence with increasing attention given to multiplicity
in machine learning, evident both in studies that directly
address the topic (Marx, Calmon, and Ustun 2020; Black,
Raghavan, and Barocas 2022; Rudin et al. 2024; Del Giudice
2024; Biecek et al. 2024) and in research that situates multi-
plicity within the broader context of other fields (Møllersen

and Holsbø 2023; Rudin et al. 2022; Molnar et al. 2020;
Jiang et al. 2024b; Biecek and Samek 2024).

Why do we see the Rashomon effect? In machine
learning, data serves as a proxy for the real world, yet it
inherently loses information at multiple stages. The first
step—translating the world into a data generation pro-
cess—simplifies complex relationships, introducing ran-
domness to account for uncontrollable aspects. Zhang et al.
(2020) termed this “distributional complexity” (associated
with ‘aleatoric’–Latin aleatorius–meaning “dice” or “game
of chance”), reflecting the challenge of how well the distri-
bution represents the real world. However, even this distri-
bution remains out of our reach; instead, we work with finite
samples. This second step of information loss, described as
”approximation complexity” (associated with ‘epistemic’–
Latin episteme–meaning “knowledge”) (Zhang et al. 2020),
relates to how well we can approximate the underlying gen-
eration using finite data. Unlike distributional complexity,
which is irreducible, approximation complexity can be mit-
igated through better data quality and improved algorithms.

Together, distributional and approximation complexities
define the fundamental loss of information in learning,
resulting in gaps where multiple interpretations, i.e., the
Rashomon effect, can arise. While the lens of information
loss is insightful, it is limiting in its ability to provide an op-
erational framework to address these challenges. Therefore,
we instead focus on the role of developer choices in model
design, laying the foundation for discussions on multiplicity.

2.1 Design Choices and Model Selection
Designing a machine learning model involves a series of
interconnected choices. Beginning with the data, decisions
are made regarding how to process and filter data, which
features to select, etc. (Meyer, Albarghouthi, and D’Antoni
2023; Simson, Pfisterer, and Kern 2024; Cavus and Biecek
2024b) Beyond data, the learning algorithm design fur-
ther entails numerous decisions: model architecture (Arnold
et al. 2024; Rudin et al. 2024), hyperparameters (Bouthillier
et al. 2021; Arnold et al. 2024), various forms of stochas-
ticity (Picard 2021; Bouthillier et al. 2021; Pecher, Srba,
and Bielikova 2024; Sellam et al. 2022; McCoy, Min, and
Linzen 2020), and even the evaluation and model selection

Despite these contributions, the field lacks a systematic review!

Why Care about Multiplicity?
Exploring Alternative Interpretations: When multiple interpretations

exist, some of them may exhibit certain desirable properties.

Hacking Metrics: Multiplicity also creates the risk of ‘hacking’ respon-

sible AI metrics, creating “regulatory-washing”.

Arbitrariness as a Responsible AI Concern: Arbitrary decisions where

individuals lack other ‘equivalent opportunities’ raise ethical concerns.

Multiplicity and Homogenization: Absence of diverse decisions can

lead to a different concern, the homogenization of a single outcome.

Also In Our Paper
Formalizing Rashomon Effect and Multiplicity

Consolidated List of Metrics for Multiplicity

Distinction between Multiplicity and Uncertainty

Benefits and Risks of Exploring Alternative Interpretations

Concerns and Advantages of Arbitrariness

Intention-Convention-Arbitrariness (ICA)
Designing a model involves a series of interconnected choices, which

can directly impact the multiplicity of the trained models.

Notably, these choices are not always well-informed. In some cases,

they are intentional, guided by insights from the literature. In others,

they are conventional, driven by popular trends or convenience. Fi-

nally, some choices remain arbitrary, like choosing a random seed.

Intentional

Conventional

Arbitrary

Pre-trained LLM for a complex task.
Medium conventional, low arbitrariness, 
medium intentional

Best known bias mitigation 
technique for a setup.
Highly intentional, low arbitrariness, 
low conventional

MLP for tabular data, even when simpler 
models would suffice.
Highly conventional, medium arbitrariness, 
low intentional

Random Seeds.
Highly arbitrary, low conventional, low 
intentional

Our framework provides the language and conceptual groundwork

necessary to study the impact of developer decisions on multiplicity.

Wanna Learn More About Multiplicity?
Checkout the following additional resources,

Our tutorial from FAccT 2025 titled

‘The Many Faces of Multiplicity in ML’

(soon to be expanded into a longer tutorial at AAAI 2026)

https://tinyurl.com/mult-tutorial

A self-paced interactive introduction to multiplicity

(to be presented at NeurIPS Education Resource Showcase 2025)

https://tinyurl.com/mult-demo

� prakhar.ganesh@mila.quebec

https://prakharg24.github.io/multiplicity-tutorial/
https://huggingface.co/spaces/prakharg24/multiverse

