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Abstract

Predictive multiplicity occurs when classification models with statistically indistin-
guishable performances assign conflicting predictions to individual samples. When
used for decision-making in applications of consequence (e.g., lending, education,
criminal justice), models developed without regard for predictive multiplicity may
result in unjustified and arbitrary decisions for specific individuals. We introduce a
new metric, called Rashomon Capacity, to measure predictive multiplicity in prob-
abilistic classification. Prior metrics for predictive multiplicity focus on classifiers
that output thresholded (i.e., 0-1) predicted classes. In contrast, Rashomon Capacity
applies to probabilistic classifiers, capturing more nuanced score variations for in-
dividual samples. We provide a rigorous derivation for Rashomon Capacity, argue
its intuitive appeal, and demonstrate how to estimate it in practice. We show that
Rashomon Capacity yields principled strategies for disclosing conflicting models
to stakeholders. Our numerical experiments illustrate how Rashomon Capacity
captures predictive multiplicity in various datasets and learning models, including
neural networks. The tools introduced in this paper can help data scientists measure
and report predictive multiplicity prior to model deployment.

1 Introduction

Rashomon effect, introduced by Breiman [1], describes the phenomenon where a multitude of distinct
predictive models achieve similar training or test loss. Breiman reported observing the Rashomon
effect in several model classes, including linear regression, decision trees, and small neural networks.
In a foresighted experiment, Breiman noted that, when retraining a neural network 100 times on
three-dimensional data with different random initializations, he “found 32 distinct minima, each of
which gave a different picture, and having about equal test set error” [1, Section 8]. The set of
almost-equally performing models for a given learning problem is called the Rashomon set [2, 3].

We focus on a facet of the Rashomon effect in classification problems called predictive multiplicity.
Predictive multiplicity occurs when competing models in the Rashomon set assign conflicting
predictions to individual samples [4]. Fig. 1 presents an updated version of Breiman’s neural network
experiment and illustrates predictive multiplicity in three classification tasks with different data
domains and neural network architectures. Here, models that achieve statistically-indistinguishable
performance on a test set assign wildly different predictions to an input sample. If predictive
multiplicity is not accounted for, the output for this sample may ultimately depend on arbitrary
choices made during training (e.g., parameter initialization).

Predictive multiplicity captures the potential individual-level harm introduced by an arbitrary choice
of a single model in the Rashomon set. When such a model is used to support automated decision-
making in sectors dominated by a few companies or Government—labeled Algorithmic Leviathans
in [5, Section 3]—predictive multiplicity can lead to unjustified and systemic exclusion of individuals
from critical opportunities. For example, an algorithm used for lending may deny a loan to a specific
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(a) CIFAR-10 dataset (b) AG News dataset (c) UrbanSound8k dataset.

Figure 1: The scores (bottom) of a sample (top) generated by competing models. Predictive multiplicity
occurs on di↵erent data domains and learning models, including an image dataset (CIFAR-10 (Krizhevsky
et al., 2009)) trained with VGG16 (Simonyan and Zisserman, 2014), a natural language dataset (AG
News (Zhang et al., 2015)) trained with a simple neural networks after tokenization, and an audio dataset
(UrbanSound8k (Salamon et al., 2014)) trained with LSTM (Gre↵ et al., 2016).

multiplicity is not accounted for, the output for this sample may ultimately depend on arbitrary
choices made during training (e.g., parameter initialization).

Predictive multiplicity captures the potential individual-level harm introduced by an arbitrary
choice of a single model in the Rashomon set. When such a model is used to support automated
decision-making in sectors dominated by a few companies or Government—labeled Algorithmic

Leviathans in (Creel and Hellman, 2021, Section 3)—predictive multiplicity can lead to unjustified
and systemic exclusion of individuals from critical opportunities. For example, an algorithm used
for lending may deny a loan to a specific applicant. However, during model development, there may
have been a competing model which performs equally well on average, yet would have approved the
loan for this individual. As another example, Governments are increasingly turning to algorithms
for grading exams that grant access to higher-level education (see, e.g., UK (Smith, 2020) and Brazil
(INEP, 2020)). Here, again, accounting for predictive multiplicity is critical: an arbitrary choice of a
single model in the Rashomon set may lead to an unwarranted restriction of educational opportunities
to an individual student. In applications such as criminal justice and healthcare, models that do
not account for predictive multiplicity are also at risk of causing arbitrary individual-level harm.

We introduce new methods for measuring, reporting, and resolving predictive multiplicity for
probabilistic classifiers1. First, we postulate several properties that a predictive multiplicity metric
must satisfy to simplify its interpretation by stakeholders. We then provide a new predictive
multiplicity metric called Rashomon Capacity. Unlike prior metrics based on thresholded (i.e., 0 or

1A probabilistic classifier is a model that maps an input sample onto a probability distribution, referred as a score,
over a discrete set of classes. Examples of probabilistic classifiers include logistic regression, random forests, and a
neural network with a softmax output layer.

2

Predictive Multiplicity occurs in many classification tasks



• If predictive multiplicity is not accounted for, decisions supported by ML models may depend 
on arbitrary and unjustified choices (e.g., model initialization).

• In sectors dominated by a few algorithms (algorithmic leviathans [Creel&Hellman’21] used in 
credit scoring, government services), this may lead to arbitrary loss of opportunities to certain 
individuals:

Societal Impacts of Predictive Multiplicity

Medical Service Education Loans
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<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H

<latexit sha1_base64="8m4tUrEJkVSa+7/GIA9DarueqaE="></latexit>

M✏(x) , {h✓(x);h✓ 2 R(H, ✏)}



How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

<latexit sha1_base64="KN82lqBCfUEV3/8ifIj2uf615IA="></latexit>

h✓1(x) = [0.05, 0.90, 0.05] 2 �c
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<latexit sha1_base64="2DHH5OZSvWyb1IDx4DY2iRcO3kk="></latexit>
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h✓k
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Hypothesis space H

<latexit sha1_base64="8m4tUrEJkVSa+7/GIA9DarueqaE="></latexit>

M✏(x) , {h✓(x);h✓ 2 R(H, ✏)}
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<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>
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<latexit sha1_base64="KN82lqBCfUEV3/8ifIj2uf615IA="></latexit>
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<latexit sha1_base64="2DHH5OZSvWyb1IDx4DY2iRcO3kk="></latexit>

h✓k(x) = [0.25, 0.30, 0.45] 2 �c
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the score variations?

<latexit sha1_base64="HwFK9vNOEvtOHj8uebUQ8BpbTHU="></latexit>

m : M✏(x) ! R+

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H

<latexit sha1_base64="8m4tUrEJkVSa+7/GIA9DarueqaE="></latexit>

M✏(x) , {h✓(x);h✓ 2 R(H, ✏)}



How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

<latexit sha1_base64="KN82lqBCfUEV3/8ifIj2uf615IA="></latexit>

h✓1(x) = [0.05, 0.90, 0.05] 2 �c
<latexit sha1_base64="uOVgwGZQ1ZSROLYbJACeAJfqixc="></latexit>

h✓2(x) = [0.62, 0.34, 0.04] 2 �c

<latexit sha1_base64="2DHH5OZSvWyb1IDx4DY2iRcO3kk="></latexit>

h✓k(x) = [0.25, 0.30, 0.45] 2 �c

How do we measure
the score variations?

Desirable Properties

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H

<latexit sha1_base64="HwFK9vNOEvtOHj8uebUQ8BpbTHU="></latexit>

m : M✏(x) ! R+

<latexit sha1_base64="8m4tUrEJkVSa+7/GIA9DarueqaE="></latexit>

M✏(x) , {h✓(x);h✓ 2 R(H, ✏)}



How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

How do we measure
the score variations?

Desirable Properties
<latexit sha1_base64="6ozMgakZX0Eok9HG6JB/xgQJyMg="></latexit>

1. 1  m(x)  c

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H

<latexit sha1_base64="KN82lqBCfUEV3/8ifIj2uf615IA="></latexit>

h✓1(x) = [0.05, 0.90, 0.05] 2 �c
<latexit sha1_base64="uOVgwGZQ1ZSROLYbJACeAJfqixc="></latexit>

h✓2(x) = [0.62, 0.34, 0.04] 2 �c

<latexit sha1_base64="2DHH5OZSvWyb1IDx4DY2iRcO3kk="></latexit>

h✓k(x) = [0.25, 0.30, 0.45] 2 �c
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m : M✏(x) ! R+

<latexit sha1_base64="8m4tUrEJkVSa+7/GIA9DarueqaE="></latexit>

M✏(x) , {h✓(x);h✓ 2 R(H, ✏)}



How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

How do we measure
the score variations?

Desirable Properties
<latexit sha1_base64="6ozMgakZX0Eok9HG6JB/xgQJyMg="></latexit>

1. 1  m(x)  c
<latexit sha1_base64="GCS4FsgkVAu5V605BHhNot+mZoo="></latexit>

2. m(x) = 1 ) predictions
from all models match

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H

<latexit sha1_base64="KN82lqBCfUEV3/8ifIj2uf615IA="></latexit>

h✓1(x) = [0.05, 0.90, 0.05] 2 �c
<latexit sha1_base64="RnScG1fcKHmAsUSeNWKjBRqeKUg="></latexit>

h✓2(x) = [0.05, 0.90, 0.05] 2 �c

<latexit sha1_base64="cW08v0eQt3yvl2ICCg/qJ3cMHmw="></latexit>

h✓k(x) = [0.05, 0.90, 0.05] 2 �c
<latexit sha1_base64="HwFK9vNOEvtOHj8uebUQ8BpbTHU="></latexit>

m : M✏(x) ! R+

<latexit sha1_base64="8m4tUrEJkVSa+7/GIA9DarueqaE="></latexit>

M✏(x) , {h✓(x);h✓ 2 R(H, ✏)}



How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

How do we measure
the score variations?

Desirable Properties
<latexit sha1_base64="6ozMgakZX0Eok9HG6JB/xgQJyMg="></latexit>

1. 1  m(x)  c
<latexit sha1_base64="GCS4FsgkVAu5V605BHhNot+mZoo="></latexit>

2. m(x) = 1 ) predictions
from all models match

<latexit sha1_base64="lVyNcVT/kCDjBZMgVQe4Tv7Utjk="></latexit>

3. m(x) = c ) there aremod-
els in the Rashomon Set;
that assign each of the c
classes

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H

<latexit sha1_base64="GJG+gcc91kp+9FTzcIpbJXYyPrc="></latexit>

h✓1(x) = [1.00, 0.00, 0.00] 2 �c
<latexit sha1_base64="CHLPOJ+Uov0f5+COHVmYCgGv3bY="></latexit>

h✓2(x) = [0.00, 1.00, 0.00] 2 �c

<latexit sha1_base64="TfiNGisQXf9k3y3+naohO5KfkNg="></latexit>

h✓k(x) = [0.00, 0.00, 1.00] 2 �c
<latexit sha1_base64="HwFK9vNOEvtOHj8uebUQ8BpbTHU="></latexit>

m : M✏(x) ! R+

<latexit sha1_base64="8m4tUrEJkVSa+7/GIA9DarueqaE="></latexit>

M✏(x) , {h✓(x);h✓ 2 R(H, ✏)}



How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

How do we measure
the score variations?

Desirable Properties
<latexit sha1_base64="6ozMgakZX0Eok9HG6JB/xgQJyMg="></latexit>

1. 1  m(x)  c
<latexit sha1_base64="GCS4FsgkVAu5V605BHhNot+mZoo="></latexit>

2. m(x) = 1 ) predictions
from all models match

<latexit sha1_base64="lVyNcVT/kCDjBZMgVQe4Tv7Utjk="></latexit>

3. m(x) = c ) there aremod-
els in the Rashomon Set;
that assign each of the c
classes

<latexit sha1_base64="uT6HknFHga5JM+Vr5x5p1y5XmhY="></latexit>

4. Monotonic in |R(H, ✏)|

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H

<latexit sha1_base64="KN82lqBCfUEV3/8ifIj2uf615IA="></latexit>

h✓1(x) = [0.05, 0.90, 0.05] 2 �c
<latexit sha1_base64="uOVgwGZQ1ZSROLYbJACeAJfqixc="></latexit>

h✓2(x) = [0.62, 0.34, 0.04] 2 �c

<latexit sha1_base64="2DHH5OZSvWyb1IDx4DY2iRcO3kk="></latexit>

h✓k(x) = [0.25, 0.30, 0.45] 2 �c
<latexit sha1_base64="HwFK9vNOEvtOHj8uebUQ8BpbTHU="></latexit>

m : M✏(x) ! R+

<latexit sha1_base64="8m4tUrEJkVSa+7/GIA9DarueqaE="></latexit>

M✏(x) , {h✓(x);h✓ 2 R(H, ✏)}



How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

How do we measure
the score variations?

Desirable Properties
<latexit sha1_base64="6ozMgakZX0Eok9HG6JB/xgQJyMg="></latexit>

1. 1  m(x)  c
<latexit sha1_base64="GCS4FsgkVAu5V605BHhNot+mZoo="></latexit>

2. m(x) = 1 ) predictions
from all models match

<latexit sha1_base64="lVyNcVT/kCDjBZMgVQe4Tv7Utjk="></latexit>

3. m(x) = c ) there aremod-
els in the Rashomon Set;
that assign each of the c
classes

<latexit sha1_base64="uT6HknFHga5JM+Vr5x5p1y5XmhY="></latexit>

4. Monotonic in |R(H, ✏)|

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H

<latexit sha1_base64="KN82lqBCfUEV3/8ifIj2uf615IA="></latexit>

h✓1(x) = [0.05, 0.90, 0.05] 2 �c
<latexit sha1_base64="uOVgwGZQ1ZSROLYbJACeAJfqixc="></latexit>

h✓2(x) = [0.62, 0.34, 0.04] 2 �c

<latexit sha1_base64="2DHH5OZSvWyb1IDx4DY2iRcO3kk="></latexit>

h✓k(x) = [0.25, 0.30, 0.45] 2 �c
<latexit sha1_base64="HwFK9vNOEvtOHj8uebUQ8BpbTHU="></latexit>

m : M✏(x) ! R+

<latexit sha1_base64="8m4tUrEJkVSa+7/GIA9DarueqaE="></latexit>

M✏(x) , {h✓(x);h✓ 2 R(H, ✏)}

<latexit sha1_base64="gk0jqdxxbL/EEQGnvzjuZBEfJzI="></latexit>

h✓k+1(x) = [0.83, 0.08, 0.09] 2 �c

<latexit sha1_base64="9XDHh1s2mbjMpSqmBbBUWQbSYYU="></latexit>

m({h✓1 , · · · , h✓k})  m({h✓1 , · · · , h✓k+1})



How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

Desirable Properties
<latexit sha1_base64="6ozMgakZX0Eok9HG6JB/xgQJyMg="></latexit>

1. 1  m(x)  c
<latexit sha1_base64="GCS4FsgkVAu5V605BHhNot+mZoo="></latexit>

2. m(x) = 1 ) predictions
from all models match

<latexit sha1_base64="lVyNcVT/kCDjBZMgVQe4Tv7Utjk="></latexit>

3. m(x) = c ) there aremod-
els in the Rashomon Set;
that assign each of the c
classes

<latexit sha1_base64="uT6HknFHga5JM+Vr5x5p1y5XmhY="></latexit>

4. Monotonic in |R(H, ✏)|

3-Dimensional Simplex

Class 1

Class 2 Class 3

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H



<latexit sha1_base64="vCF1F2dkCABRXmWjfSdYsUiwPhg="></latexit>

infq2�c Eh⇠PM✏(x)
[DKL (h(x)kq)]

How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

Desirable Properties
<latexit sha1_base64="6ozMgakZX0Eok9HG6JB/xgQJyMg="></latexit>

1. 1  m(x)  c
<latexit sha1_base64="GCS4FsgkVAu5V605BHhNot+mZoo="></latexit>

2. m(x) = 1 ) predictions
from all models match

<latexit sha1_base64="lVyNcVT/kCDjBZMgVQe4Tv7Utjk="></latexit>

3. m(x) = c ) there aremod-
els in the Rashomon Set;
that assign each of the c
classes

<latexit sha1_base64="uT6HknFHga5JM+Vr5x5p1y5XmhY="></latexit>

4. Monotonic in |R(H, ✏)|

3-Dimensional Simplex

Class 1

Class 2 Class 3

<latexit sha1_base64="+8srGr/fGlg1QnydUsgROnqzNSU="></latexit>q

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H



How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

Desirable Properties
<latexit sha1_base64="6ozMgakZX0Eok9HG6JB/xgQJyMg="></latexit>

1. 1  m(x)  c
<latexit sha1_base64="GCS4FsgkVAu5V605BHhNot+mZoo="></latexit>

2. m(x) = 1 ) predictions
from all models match

<latexit sha1_base64="lVyNcVT/kCDjBZMgVQe4Tv7Utjk="></latexit>

3. m(x) = c ) there aremod-
els in the Rashomon Set;
that assign each of the c
classes

<latexit sha1_base64="uT6HknFHga5JM+Vr5x5p1y5XmhY="></latexit>

4. Monotonic in |R(H, ✏)|

3-Dimensional Simplex

Class 1

Class 2 Class 3

<latexit sha1_base64="+8srGr/fGlg1QnydUsgROnqzNSU="></latexit>q

<latexit sha1_base64="tutGVIwo/7IaaF69IiXdCFTGuWI="></latexit>

Rashomon set R(H, ✏)

Distribution
over models

<latexit sha1_base64="L+wJMZbS9WBeu/ea8tKWqzNUWAI="></latexit>

supPM✏0 (x)
infq2�c Eh⇠PM✏(x)

[DKL (h(x)kq)]

<latexit sha1_base64="+OFjC54BkmX9R+M8dSQpORokvoQ="></latexit>

h✓1

<latexit sha1_base64="vdSalQOgYgTO+k2kl5dLyZPRhR0="></latexit>

h✓2

<latexit sha1_base64="LW+EmaATiQiFazAOvNXV/GEz7iA="></latexit>

h✓k

<latexit sha1_base64="jAEMDXHxZUR2HQ9OWu0OWVXFOQc="></latexit>

Hypothesis space H



<latexit sha1_base64="ecsJ4QgsZTJ9k/9oNo1qN39qc0s="></latexit>

supPM✏0 (x)
infq2�c Eh⇠PM✏(x)

[DKL (h(x)kq)] , C✏(x)

How to measure predictive multiplicity?
<latexit sha1_base64="cTsmmSmnM5/yTXzK/iQ6vkUt1HA="></latexit>

Individual sample x

Desirable Properties
<latexit sha1_base64="6ozMgakZX0Eok9HG6JB/xgQJyMg="></latexit>

1. 1  m(x)  c
<latexit sha1_base64="GCS4FsgkVAu5V605BHhNot+mZoo="></latexit>

2. m(x) = 1 ) predictions
from all models match

<latexit sha1_base64="lVyNcVT/kCDjBZMgVQe4Tv7Utjk="></latexit>

3. m(x) = c ) there aremod-
els in the Rashomon Set;
that assign each of the c
classes

<latexit sha1_base64="uT6HknFHga5JM+Vr5x5p1y5XmhY="></latexit>

4. Monotonic in |R(H, ✏)|

3-Dimensional Simplex

Class 1

Class 2 Class 3

<latexit sha1_base64="+8srGr/fGlg1QnydUsgROnqzNSU="></latexit>q
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