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The Rashomon set captures the collection of models that achieve near-identical empirical performance yet may differ
substantially in their decision boundaries. Understanding the differences among these models, i.e., their multiplicity, is
recognized as a crucial step toward model transparency, fairness, and robustness, as it reveals decision boundary instabilities
that standard metrics obscure. However, the existing definitions of Rashomon set and multiplicity metrics assume centralized
learning and do not extend naturally to decentralized, multi-party settings like Federated Learning (FL). In FL, multiple clients
collaboratively train models under a central server’s coordination without sharing raw data, which preserves privacy but
introduces challenges due to heterogeneous client data distribution and communication constraints. In this setting, choosing
a single “best” model may homogenize predictive behavior across diverse clients, amplify biases, or undermine fairness
guarantees. In this work, we provide the first formalization of Rashomon sets in FL. First, we adapt the Rashomon set definition
to FL, distinguishing among three perspectives: (I) a global Rashomon set defined over aggregated statistics across all clients,
(II) a 𝑡-agreement Rashomon set for which a ratio of 𝑡 clients need to satisfy the same constraints, and (III) individual
Rashomon sets specific to each client’s local distribution. Second, we show how standard multiplicity metrics can be estimated
under FL’s privacy constraints. Finally, we introduce a multiplicity-aware FL pipeline and conduct an empirical study on
standard FL benchmark datasets. Our results demonstrate that all three proposed federated Rashomon set definitions offer
valuable insights, enabling clients to deploy models that better align with their local data, fairness considerations, and practical
requirements.

CCS Concepts: •Computingmethodologies→Distributed algorithms; •Theory of computation→Machine learning
theory.
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1 Introduction
Designing a Machine Learning (ML) algorithm requires making numerous decisions. Most of these decisions need
to be takenwell beforemodel training actually starts, let alone deployment. Leaving aside deliberation over the data
collection procedure, decisions need to be made about preprocessing techniques, model family, hyperparameters
(e.g., in neural networks, learning rate, batch size, local epochs), random seeds, model evaluation, early stopping
criteria, and more. Each of these choices can be addressed in various plausible ways; each configuration of these
choices yields distinct models that may perform similarly on the training data. These similar, yet distinct models
are often described as the Rashomon set of models and the phenomenon as the Rashomon effect [8].
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Fig. 1. A paradigm shift needed in FL: the old “single-best” model hides significant differences in behavior across clients,
obscuring perspectives that vary for different subsets of data. Exploring the Rashomon set enables a more accountable and
transparent understanding of model performance.

The models in the Rashomon set may appear indistinguishable when evaluated using performance metrics such
as test accuracy. However, they can hide different perspectives learned from the underlying data distributions.
Selecting a model over another in the Rashomon set, solely based on similar performance metrics, constitutes
an arbitrary decision that can have significant downstream implications. For instance, the chosen model may
exhibit poorer fairness properties [10] than the others in the Rashomon set for a specific group of people in the
dataset, or it may yield explanations that are less robust or less interpretable [51]. The research field of model
multiplicity [4] here seeks to understand and quantify this divergence within Rashomon sets, highlighting how
different design choices during the model training can lead to conflicting predictions for the individual data
samples [21].

While these concerns are relevant in centralized settings, where a central server holds the entire dataset, they
have not yet been explored and studied in Federated Learning (FL) [44]. FL is a decentralized, multi-party ML
setting in which a central server orchestrates, for multiple rounds, the training of a model across decentralized
clients (e.g., a smartphone, a hospital, a bank, etc.). Once selected, the clients train a model on their own private
data and send the resulting model to the server, which aggregates all received models into a single global one. The
core idea of FL is that training data remain on the clients’ devices, preserving privacy. At the same time, clients
benefit from the federation’s collective knowledge to train a more generalizable model. The outcome of this
multi-round process is a single, final model that is then distributed to all clients. This multi-party setting makes
many of the design choices discussed above even more opaque, and the space of potential arbitrary decisions
grows with each participating client. For example, data collection practices can differ across clients, feature
selection may be performed locally through heterogeneous pipelines, hyperparameter tuning is often handled
in a decentralized manner [34], and client participation varies over time due to availability constraints. When
taking part in the FL training, clients invest computation time, and thus expect a good global model as a reward.
However, this is not necessarily the case; previous research [11, 12] has shown how FL can lead to a strong
homogenization of the predictive output across all clients, which may impact clients with “non-typical” data
more than others. In particular, the standard FL evaluations based on averaged global metrics can hide substantial
variation in model behavior [12] and predictive outcomes across different clients.
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In this context, a principled analysis of model multiplicity could be beneficial. Previous research [45] has argued
that the existence of Rashomon sets is not necessarily a source of arbitrariness but rather a space of possibilities,
where, for instance, it may be possible to obtain interpretable (i.e., simple, simulatable [41]) or fair models at little
cost of model accuracy. The issue is, once more, perspective: it is far from straightforward to understand how
to compute Rashomon sets and model multiplicity metrics in a federated, distributed setting. Computing the
Rashomon set globally on aggregated statistics could risk missing individual or minority perspectives on, for
instance, which models should belong in the Rashomon set, or which data should be considered when establishing
the predictive performance. To the best of our knowledge, there is no established procedure or algorithm that
tackles the computation of either Rashomon sets or predictive multiplicity metrics in FL. Our main aim with the
present contribution is to tackle this problem while keeping in mind the challenge of perspective: in practice, we
develop definitions and algorithms that are sensitive to the problem of data heterogeneity across clients.
More broadly, as illustrated in Figure 1, our findings point to the need for a paradigm shift in FL. We find

that relying on a single “best” model is insufficient to ensure accountability, robustness, and fairness in settings
where heterogeneous clients with diverse objectives and data distributions contribute to training. Therefore, we
deem a principled exploration of defining the Rashomon set as essential to uncover differences in model behavior
and understand how algorithmic variance impacts individual clients or groups of clients. While characterizing a
Rashomon set incurs non-trivial computational costs, these costs must be weighed against the higher risk of
deploying an arbitrary single “best” model that may perform well on aggregate yet fail silently for minority
clients or underrepresented groups.

In this work, we lay the foundation for analyzing Rashomon sets in FL. Our contributions are summarized as
follows:
• We formalize the definition of the Rashomon set in a decentralized setting, introducing Global, Individual,
and 𝑡-agreement Rashomon sets.
• We propose and adaption of existing predictive multiplicity metrics into FL settings, while respecting its
constraints.
• We propose an FL pipeline and an open-source implementation1, conduct an empirical study to illustrate the
differences among the three Rashomon set definitions in practice, and demonstrate a potential application.

In Table 1 in Appendix A, we report a list of the symbols used in the paper to increase clarity and readability.

2 Background

2.1 Federated Learning
FL [44] is an approach to training ML models that keeps the data required for the learning process decentralized.
In FL, a set of clients C collaboratively trains a global model ℎ for a certain number of rounds 𝑅. The process
is orchestrated by a server 𝑆 , which in each round 𝑟 ∈ {1, . . . , 𝑅} selects a subset 𝜓 ⊆ C of clients to run the
training and then aggregates their model updates. Once selected, each client 𝑐 receives a model from the server
and executes Γ local training epochs on its dataset. The server then aggregates the models received from the
clients. We exemplify here two algorithms for this: FedSGD [44] assumes that each client 𝑐 ∈ 𝜓 executes a single
gradient descent update before sharing the gradients 𝑔𝑐 = ∇L(ℎ̂𝑐 , 𝑏𝑖 ) of the local model ℎ̂𝑐 on the batch 𝑏𝑖 . The
server aggregates the updates ℎ𝑟+1 = ℎ𝑟 − 𝜂∑𝑐∈𝜓

𝑛𝑐
𝑛
𝑔𝑐 where 𝑛𝑐 is the amount of samples of client 𝑐 and 𝑛 is the

total number of samples. The second algorithm we briefly discuss is FedAVG [44], a more advanced algorithm
that allows each client to perform the model update ℎ̂ (𝑒+1)𝑐 = ℎ̂

(𝑒 )
𝑐 − 𝜂∇L(ℎ̂ (𝑒 )𝑐 , 𝑏𝑖 ); 𝑒 ∈ {0, . . . , Γ − 1} for Γ epochs

before sharing the model ℎ̂𝑐 := ℎ̂
(Γ)
𝑐 with the server that will aggregate all the received local models ℎ̂𝑐 producing

the model ℎ𝑟+1 for the next round ℎ𝑟+1 ← ∑
𝑐∈𝜓

𝑛𝑐
𝑛
ℎ̂𝑐 .

1https://github.com/xheilmann/FederatedLearningMultiplicity
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After training has finished, FL model evaluation can be conducted in several ways. For centralized evaluation,
the server holds a globally representative test set and evaluates the global model directly at the end of training.
For distributed evaluation, the evaluation process mirrors the structure of an FL training round, but evaluation
clients only return metric summaries, i.e., loss, accuracy, or counts, to the server. The server then combines these
per-client statistics by applying an evaluation aggregation mechanism 𝑓𝐸 , typically a weighted average, to obtain
a global estimate of the metric.

Based on the number of clients involved in the training and on their availability, we can distinguish between
cross-silo and cross-device FL [29]. When we have ten to hundreds of always available clients, we are in a
cross-silo scenario. On the other hand, when the number of clients grows to thousands, and they are only
available under specific conditions, we are in a cross-device scenario.

Despite the goal of protecting clients’ privacy, FL is vulnerable to multiple privacy attacks [5, 56] and is usually
used alongside Differential Privacy (DP) [17] to formally guarantee a bound on the clients’ privacy risk (see
Appendix B for a definition of Differential Privacy).

2.2 The Rashomon Effect in Machine Learning
The term Rashomon effect originates fromAkira Kurosawa’s 1950 film “Rashomon” and describes the phenomenon
in which several observers generate mutually inconsistent, yet internally coherent, descriptions of the same
event. In ML, the term was adopted to describe the existence of sets of models with similar error rates [8]. These
sets of models are now referred to by various names, including Rashomon sets, sets of good models, 𝜖-Rashomon
sets, or sets of competing models. In this paper, we adopt the term Rashomon set. We define a Rashomon set
following the broad framework of Ganesh et al. [21]. Let Δ be a set of metric functions, where each 𝛿𝑖 ∈ Δ takes
as input two models and quantifies their difference according to a specific metric. Each metric is associated
with a corresponding threshold E. If for every 𝛿𝑖 ∈ Δ the measured difference between two models falls within
the corresponding threshold 𝜖𝑖 ∈ E, the models are considered similar and belong to the same Rashomon set.
Formally, we have:

Definition 1 (Rashomon Set [21]). Two models ℎ1, ℎ2 belong to the same Rashomon set under performance
constraints (Δ, E) if they exhibit similar performance for every metric in the given performance constraints, i.e.:

𝛿𝑖 (ℎ1, ℎ2) ≤ 𝜖𝑖 ∀(𝛿𝑖 , 𝜖𝑖 ) ∈ (Δ, E) (1)

In essence, the Rashomon set contains all models whose expected risk for each metric lies within 𝜖 of the optimal
value. When this set is large, many qualitatively different models satisfy the same performance criterion.

Identifying all models in the Rashomon set is computationally infeasible. To address this, the full Rashomon
set R is typically approximated by a subset of𝑚 models referred to as empirical Rashomon set, defined as

R𝑚 (H , (Δ, E), ℎw∗ ) ≜
{
ℎ1, . . . , ℎ𝑚 ∈ H ;ℎ𝑖 ∈ R(H , (Δ, E), ℎw∗ ) ∀𝑖 ∈ [𝑚]

}
where ℎw∗ is the baseline model,H the set of all models in the hypothesis space and𝑚 the size of the empirical
Rashomon set [26]. The most common approach to approximate this set is via a re-training strategy, where
models are trained from scratch with different random initializations [36, 46]. Then, models deviating from
the constraints in Equation 1 are rejected, and the process repeats until𝑚 models are found. Alternatives to
re-training include RashomonGB for gradient boosting algorithms [26] and dropout-based approaches, where
neurons are randomly removed during training [28]. Once a Rashomon set is available, practitioners can select a
model or ensemble based on secondary criteria such as interpretability [16], fairness [10], or robustness [20].
This approach enables informed model selection, allowing practitioners to choose models that meet specific
requirements while understanding the broader implications of their choices [19, 24].

2437



Rashomon Sets and Model Multiplicity in Federated Learning FAccT ’26, June 25–28, 2026, Montreal, QC, Canada

2.3 Multiplicity
Multiplicity [8] refers to situations where models exhibit similar overall performance but diverge in behavior.
As these divergences can take many forms, multiplicity is studied in several subfields such as predictive multi-
plicity [43], explanation multiplicity [22, 54], fairness multiplicity [13, 30, 52], and allocation multiplicity [31],
among others. Focusing on the first three, predictive multiplicity occurs when models within the Rashomon set
produce conflicting predictions. Explanation multiplicity arises when multiple explanations for the same sample
appear equally plausible. Fairness multiplicity occurs when models satisfy different fairness criteria or meet the
same criteria to varying degrees. A formal definition, consistent with the Rashomon set definition, is as follows:

Definition 2 (Model Multiplicity [21]). Two models ℎ1, ℎ2 exhibit multiplicity under performance constraints
(Δ, E) and multiplicity constraint (𝛿𝑀 , 𝜖𝑀 ), if they achieve similar performance for every metric in the given
performance constraints, but differ according to the multiplicity metric, i.e.:

𝛿𝑖 (ℎ1, ℎ2) ≤ 𝜖𝑖 ∀(𝛿𝑖 , 𝜖𝑖 ) ∈ (Δ, E) and 𝛿𝑀 (ℎ1, ℎ2) > 𝜖𝑀 . (2)

3 Related Work
To the best of our knowledge, this is the first work tackling the definition of both Rashomon sets and multiplic-
ity metrics in FL. There has, however, been substantial work on tailoring FL models to heterogeneous client
requirements or local data distributions through personalization strategies [49]. These range from post-hoc
adaptation of a trained global model [38, 39, 53] to methods that directly learn personalized models [14, 40, 48].
Some personalization research also targets specific dimensions, such as fairness. For instance, Fair Hypernetworks
support FL settings where different clients optimize for different fairness metrics [9]. Our work on multiplicity in
FL is complementary to, rather than a replacement for, these personalization efforts. Personalization addresses an
optimization problem: how to produce a model that performs well under each client’s local data distribution.
Multiplicity addresses a diagnostic question: among the models that achieve comparable performance, how much
do their predictions disagree, and for whom? These are orthogonal, if complementary, concerns. We believe the
diagnostic perspective is particularly relevant in FL because the conditions that drive multiplicity (heterogeneous
data distributions, variation in feature relevance across clients, and underspecification from limited local data) are
inherent to federated settings. Multiplicity metrics can therefore surface properties of the learning problem itself:
high predictive multiplicity for certain individuals or subgroups may signal that the federation’s data does not
sufficiently constrain the solution space for those cases, a finding that no single model, personalized or otherwise,
would reveal on its own. Multiplicity is also significant for contestability and accountability in high-stakes
FL deployments. When multiple equally valid models disagree on a prediction for a specific individual, this
disagreement is material: it means the outcome depends on an arbitrary model selection choice rather than on the
evidence alone [45]. Surfacing this information allows clients and affected individuals to identify when outcomes
are robust and when they are contestable, a consideration that applies regardless of whether the deployed model
has been personalized. In this work, we focus on multiplicity in non-personalized FL. However, understanding
how personalization strategies affect multiplicity, both at the global model level and across individual clients, is
an interesting direction for future research.

4 Characterizing the Rashomon Set in Federated Learning
Adapting the definition and the evaluation of the Rashomon set to a decentralized setting remains an open
challenge. Any meaningful definition should account for the client-server architecture inherent to FL, capturing
both a global federation-level perspective and a local, client-level perspective. In the following definitions, we
will analyze the hypothesis spaceH over federated models ℎ𝑖 after federated training has finished, so after round
𝑅. Based on this, an off-the-shelf approach would be to compute the Rashomon set over these candidate FL
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models independently on each client and take their intersection. However, computing the client-level Rashomon
sets does not automatically generalize to an overall globally valid Rashomon set over aggregated metrics. On
the other hand, defining a Rashomon set based on aggregated server-level statistics can hide client-specific
heterogeneity, potentially overlooking fairness and individualized performance considerations. To address these
limitations, we introduce three definitions for Rashomon sets in FL settings. Each definition is valid for the
complete federation, highlights a distinct aspect of the FL setting, supports different evaluation criteria, and
enables unique opportunities for later model selection. In short, we propose (1) a global definition, (2) a 𝑡-
agreement definition, and (3) an individual, client-wise definition. We define these three propositions in the
following in a theoretical manner, illustrate them with a running example, and provide an empirical study in
Section 7.

4.1 Global Rashomon Set
During FL model training, two evaluation methodologies are commonly employed. In the first, a subset of clients
from the client pool evaluates the model on their entire local data (cross-device setting). In the second, each
client holds separate validation and test subsets, distinct from the local training data, for evaluating the model
(cross-silo setting). Incorporating these evaluation techniques into the Rashomon-set definition requires that the
inequality in Equation 1 holds for the subset of clients 𝑐 belonging to the evaluation client set C𝐸 . Concretely,
each client 𝑐 ∈ C𝐸 computes the metric differences 𝛿𝑖 (ℎ1, ℎ2)𝑐 individually. These client-level measurements
𝛿𝑖 (ℎ1, ℎ2)1, . . . , 𝛿𝑖 (ℎ1, ℎ2) | C𝐸 | are then aggregated using the underlying FL evaluation aggregation algorithm 𝑓𝐸 ,
yielding a single federation-level measurement: 𝑓𝐸 (𝛿𝑖 (ℎ1, ℎ2)1, . . . , 𝛿𝑖 (ℎ1, ℎ2) | C𝐸 | ). This leads to the following
definition:
Definition 3 (Global Rashomon set). Two models ℎ1, ℎ2 belong to the same global Rashomon set under
performance constraints (Δ, E) if they exhibit similar performance for every aggregated metric in the given
performance constraints, i.e.:

𝑓𝐸 (𝛿𝑖 (ℎ1, ℎ2)1, . . . , 𝛿𝑖 (ℎ1, ℎ2) | C𝐸 | ) ≤ 𝜖𝑖 ∀(𝛿𝑖 , 𝜖𝑖 ) ∈ (Δ, E). (3)
A key advantage of this definition is its alignment with the standard FL evaluation practices. However, models
that satisfy the definition for the aggregated statistics across the evaluation clients may still fail to meet them on
individual, randomly selected clients. This first definition demonstrates how standard FL aggregation masks model
instability, serving as a contrast to the more granular definitions that incorporate client-specific perspectives that
follow in the next section.
Example. To build intuition on how the three definitions relate to Rashomon set construction, consider a federation
with evaluation clients C𝐸 and |C𝐸 | = 3 and models ℎ1, ℎ2, ℎ3 ∈ H which were trained by the federation for 𝑅
rounds. Suppose the performance constraint is defined by a single metric 𝛿 (e.g., accuracy difference) with the
constraint 𝜖 = 0.002, and that the per-client measurements are:

client 𝑐 = 1 𝑐 = 2 𝑐 = 3

𝑛𝑐 1000 500 500
𝛿 (ℎ1, ℎ2)𝑐 0.001 0.001 0.003
𝛿 (ℎ2, ℎ3)𝑐 0.006 0.002 0.004

Suppose the evaluation aggregation function 𝑓𝐸 is the weighted average. Then, this yields

𝑓𝐸 (𝛿 (ℎ1, ℎ2)1, 𝛿 (ℎ1, ℎ2)2, 𝛿 (ℎ1, ℎ2)3) =
1000
2000

∗ 0.001 + 500
2000

∗ 0.001 + 500
2000

∗ 0.003 = 0.0015 ≤ 𝜖, and

𝑓𝐸 (𝛿 (ℎ2, ℎ3)1, 𝛿 (ℎ2, ℎ3)2, 𝛿 (ℎ2, ℎ3)3) =
1000
2000

∗ 0.006 + 500
2000

∗ 0.002 + 500
2000

∗ 0.004 = 0.0045 ≥ 𝜖.
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Thus, ℎ1 and ℎ2 are in the same global Rashomon set while ℎ2 and ℎ3 are not.

4.2 t-Agreement Rashomon Set
To address the limitation of Definition 3 in capturing individual client perspectives, we introduce a threshold
𝑡 ∈ (0, 1] together with an agreement strategy. This 𝑡 determines the ratio of clients for which the individual
measurements 𝛿𝑖 (ℎ1, ℎ2)𝑐 must satisfy the performance constraints to be considered part of the same Rashomon
set. By varying 𝑡 , the influence of outliers that aggregated statistics may hide can be mitigated.
Definition 4 (𝑡-agreement Rashomon set). Two models ℎ1, ℎ2 belong to the same 𝑡-agreement Rashomon
set under performance constraints (Δ, E) if they exhibit similar performance for every metric in the given
performance constraints for at least a ratio t of clients in the evaluation set, i.e.:���{𝑐 ∈ C𝐸 |𝛿𝑖 (ℎ1, ℎ2)𝑐 ≤ 𝜖𝑖 ∀(𝛿𝑖 , 𝜖𝑖 ) ∈ (Δ, E)}���

|C𝐸 |
≥ 𝑡 (4)

Applying a small value for 𝑡 results in Rashomon sets where the performance constraints are only fulfilled
by some evaluating clients. On the contrary, choosing 𝑡 > 0.5 ensures that the Rashomon set contains only
models that locally satisfy the performance constraints across the majority of evaluating clients. When 𝑡 = 1.0,
this definition reduces to the intersection of all local Rashomon sets. We note that for a high value of 𝑡 , the
resulting 𝑡-agreement Rashomon set may be empty. This proves a fundamental incompatibility among client data
distributions, suggesting that no single model can simultaneously satisfy the specified performance constraints
across evaluating clients. While this definition takes into account individual clients in the evaluation client set, it
remains limited to the subset of clients C𝐸 . This motivates a further, complete client-centric definition.
Example. Building onto the earlier example, notice that 𝛿 (ℎ1, ℎ2)𝑐 ≤ 0.002 is fulfilled for 𝑐 ∈ {1, 2} whereas
𝛿 (ℎ2, ℎ3)𝑐 ≤ 0.002 is only fulfilled for 𝑐 = 2. Hence, ℎ1, ℎ2 belong to the same 𝑡-agreement Rashomon set if 𝑡 ≤ 2

3 ,
whereas ℎ2, ℎ3 only belong to the same 𝑡-agreement Rashomon set if 𝑡 ≤ 1

3 . Requiring majority agreement (𝑡 > 0.5)
would thus reflect that ℎ1, ℎ2 are in the same 𝑡-agreement Rashomon set, while ℎ2, ℎ3 are not.

4.3 Individual Rashomon Set
Adapting the Rashomon set definition to a client-wise perspective assumes that each client 𝑐 in an FL system
maintains its own local Rashomon set. In this setting, no single global Rashomon set exists. Formally, each client
𝑐 ∈ C holds a set of FL models that satisfies the performance constraints in Inequality 1. However, two variations
can be considered. First, the performance constraint (Δ, E) can be defined globally across all clients, thereby
coupling them through a common FL objective (shared constraints). Second, each client can specify its own
constraints (Δ𝑐 , E𝑐 ), yielding fully individualized Rashomon sets (individual constraints). The first option reflects
the server-based nature of FL, where a central server can coordinate evaluation metrics across clients, while the
second respects complete client autonomy.

The following definition adopts the former option, i.e., a shared global constraint with client-specific evaluation,
which can be easily extended to individual constraints by replacing (Δ, E) with the individual version (Δ𝑐 , E𝑐 ).
Definition 5 (Individual Rashomon set). For each client 𝑐 ∈ C, two models ℎ1, ℎ2 belong to the same individual
Rashomon set under globally defined performance constraints (Δ, E) if they exhibit similar performance on
client 𝑐‘s evaluation data for every metric in the given performance constraints, i.e.:

𝛿𝑖 (ℎ1, ℎ2)𝑐 ≤ 𝜖𝑖 ∀(𝛿𝑖 , 𝜖𝑖 ) ∈ (Δ, E) (5)
This definition balances central oversight with client-level customization. Adopting the global constraints prevents
clients from deviating too much from the overall FL objective, while each client maintains its own Rashomon set
that reflects its data distribution.
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Example. We again build on the earlier example. Here, each client evaluates the models independently, and thus
Rashomon sets can vary across clients. Thus, for client 1 ℎ1, ℎ2 are in the same individual Rashomon set; for client
2, ℎ1, ℎ2 and ℎ2, ℎ3 are in the same individual Rashomon sets, and for client 3, none are in the same sets.

5 Predictive Multiplicity Metrics
Having established a theoretical foundation for defining Rashomon sets in FL, we now develop predictive
multiplicity metrics for Rashomon set evaluation in FL. Recent work has introduced a variety of such metrics [27,
42, 43, 55], each capturing a different dimension of model variability within the Rashomon sets. However, it is
non-trivial to apply these metrics in FL. Their canonical formulation does not respect FL privacy constraints and
assumes centralized access to data. Thus, the challenge is to determine how these metrics can be adapted to FL
while respecting privacy. In the following, we propose strategies for adapting existing metrics to the FL setting.
For each strategy, we highlight the difficulties stemming from the adaptation.

5.1 Score-based Metrics
Predictive multiplicity metrics are generally grouped into score-based and decision-based metrics. Score-based
metrics, such as Rashomon Capacity (RC) [27], Viable Prediction Range (VPR) [55], and standard deviation [42],
focus on the spread of model output scores (we report definitions in Appendix C). Their computation typically
relies on estimating quantiles or the cumulative distribution function of these metrics. Extending this to FL is not
straightforward. The simplest approach would require clients to share the metric for each datapoint with the
server, enabling a centralized estimation of quantiles and cumulative distribution. Such communication exposes
client-level distributions and does not preserve the privacy of the clients. Thus, it can only be applied in settings
where clients trust the central server.

5.1.1 Privacy-Preserving Modifications. We sketch here different privacy-preserving techniques that can relax
this assumption. One option is to employ differentially private histograms to communicate the cumulative
distribution of scores [18, 23, 32]. The procedure works as follows. i) the server pre-defines a set of buckets; ii)
each client bins the calculated metric values for its local data points accordingly and randomly perturbs the
number of points in each bucket, so as to preserve differential privacy; iii) the noisy client-level histograms
are sent to the server; and iv) the server aggregates them to obtain a global approximation of the cumulative
score distribution. Global quantiles can then be estimated directly from this aggregated distribution. We revisit
this technique in Section 7 and Appendix F. A key challenge is that some histogram bins may be empty, and
the addition of noise using standard DP noise mechanisms can lead to a poor approximation of the underlying
distribution. Solutions for distributed communication protocols in a two-server model for computing sparse
histograms have been proposed [2, 7]. However, these approaches rely on two non-colluding servers, which does
not apply to general FL settings. Also, secure aggregation methods could be applied on top of histograms, such as
the SecAgg protocol [6], which is based on Shamir’s secret sharing.

5.2 Decision-based Metrics
We define decisions here as either a threshold score or a score vector after argmax. For binary classification, a
model produces a score 𝑠 , the decision is obtained by 1[𝑠 > 𝜏], where 𝜏 is a threshold and 1[·] is the indicator
function. For a 𝑑-class classification problem with 𝑑 > 2, the model returns a score vector s ∈ Δ𝑑 , and the
corresponding decision is argmax

𝑖∈[𝑑 ]
[s]𝑖 . In this section, we use D to denote the evaluation dataset, ℎw∗ to denote a

pre-trained baseline model, and ℎ is a model in the Rashomon set R. Compared to score-based metrics, which
require approximation of the metrics in FL, most decision-based metrics can be computed exactly. We now
describe three such metrics: ambiguity, discrepancy, and disagreement.
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5.2.1 Ambiguity. Ambiguity [43] measures the proportion of examples for which some modelsℎ in the Rashomon
set R assign a different label from the one of the baseline ℎw∗2. Formally:

𝛼 (D) ≜ 1
|D|

∑︁
x𝑖 ∈D

max
ℎ∈R

1 [argmaxℎ(x𝑖 ) ≠ argmaxℎw∗ (x𝑖 )] . (6)

Here, a high ambiguity value indicates that many examples get assigned conflicting predictions across all models,
while small values indicate fewer conflicting predictions.

In FL, however, D is partitioned across 𝐶 clients. Concretely, we have D1, . . . ,D𝐶 datasets and their union
would result in D. Each client 𝑐 ∈ C can therefore compute only a local variant of 𝛼 (D), namely

𝛼 (D𝑐 ) ≜
1
|D𝑐 |

∑︁
x𝑖 ∈D𝑐

max
ℎ∈R

1 [argmaxℎ(x𝑖 ) ≠ argmaxℎw∗ (x𝑖 )] (7)

To recover the global ambiguity, clients communicate 𝛼 (D𝑐 ) and the number of datapoints |D𝑐 | to the server.
Then, the server can calculate a weighted aggregation similar to the one computed in the FedAVG algorithm [44]:

𝛼 (D) =
∑︁
𝑐∈C

|D𝑐 |
|D| 𝛼 (D𝑐 ) =

∑︁
𝑐∈C

|D𝑐 |
|D|

1
|D𝑐 |

∑︁
x𝑖 ∈D𝑐

max
ℎ∈R

1 [argmaxℎ(x𝑖 ) ≠ argmaxℎw∗ (x𝑖 )]

which is equal to Equation 6. To avoid revealing client-specific dataset sizes, the server may fix an evaluation
set size for all the clients. This ensures that each client reports metrics computed over an identical number of
samples. Alternatively, instead of applying a weighted average, the scores 𝛼 (D𝑐 ) can be aggregated using the
same secure aggregation method applied during the FL pipeline to aggregate evaluation metrics.

5.2.2 Discrepancy. Discrepancy [43] captures the maximum proportion of predictions that could change when re-
placing the baseline model with any other in the Rashomon set2. Using the same notion as above, the mathematical
definition follows as:

𝛾 (D) ≜ max
ℎ∈R

1
|D|

∑︁
x𝑖 ∈D

1 [argmaxℎ(x𝑖 ) ≠ argmaxℎw∗ (x𝑖 )] (8)

Here, a low discrepancy value means that model predictions are similar to the baseline, while a high discrepancy
value indicates the opposite. We adapt this metric to the FL setting by calculating 𝛾 (D𝑐 ) locally on each client
𝑐 ∈ C and then taking the weighted maximum over all 𝛾 (D𝑐 ). This gives us the maximum number of predictions
that could change:

𝛾 (D) =max
𝑐∈C

|D𝑐 |
|D| 𝛾 (D𝑐 ) =max

𝑐∈C

|D𝑐 |
|D| max

ℎ∈R

1
|D𝑐 |

∑︁
x𝑖 ∈D𝑐

1 [argmaxℎ(x𝑖 ) ≠ argmaxℎw∗ (x𝑖 )]

Again, we can fix an evaluation set size to mask the number of datapoints on each client.

5.2.3 Disagreement. Disagreement [36] is defined using the notion of probability and quantifies the extent to
which models within a Rashomon set yield divergent predictions on a given instance. Formally, it is defined as

𝜇 (x𝑖 ) ≜ 2Pr{1 [ℎ1 (x𝑖 ) > 𝜏] ≠ 1 [ℎ2 (x𝑖 ) > 𝜏] ;ℎ1, ℎ2 ∈ R}. (9)

where ℎ1, ℎ2 denote any two models in the Rashomon set. This metric can be calculated in closed form over
binary classifiers [36]. Since this metric is defined for every datapoint x𝑖 , its evaluation in FL is similar to one of
the score-based metrics. Specifically, all clients compute 𝜇 (x𝑖 ) for each datapoint in their local data D𝑐 , then, in
a naive implementation, they share all results with the server. Since this direct sharing does not preserve the

2An implementation for ambiguity and discrepancy can be found at https://github.com/charliemarx/pmtools.

2442

https://github.com/charliemarx/pmtools


FAccT ’26, June 25–28, 2026, Montreal, QC, Canada Xenia Heilmann, Luca Corbucci, and Mattia Cerrato

Building Rashomon Sets

Building Rashomon Sets

Multiplicity Analysis

measure

Global / t-global

Individual

Multiplicity Analysis

Fig. 2. Complete FL pipeline for integration of Rashomon sets and multiplicity analysis

privacy of client data, the methods described in Section 5.1.1 can be used on top of the local distributions before
sharing the results with the server.

6 Multiplicity-aware FL Pipeline
Having established a formal framework for defining Rashomon sets in FL and adapting multiplicity metrics
accordingly, we now introduce an end-to-end pipeline for integrating Rashomon set analysis into FL. The pipeline
is visualized in Figure 2 and consists of three stages: (i) Rashomon Set Candidate Generation, (ii) Rashomon Set
Construction, and (iii) Multiplicity Analysis. Our pipeline requires at most two extra communication rounds
beyond standard FL training.

6.1 Rashomon Set Candidate Generation
In the first stage, the server orchestrates the training of multiple FLmodels to serve as candidates for the Rashomon
sets. In general, this step mirrors standard FL pipelines (see Section 2.1) with the only distinction that it produces
a collection of federated models rather than a single one. To achieve this, the most straightforward approach is to
adapt the re-training strategy to the FL context, for example, by varying the client sampling strategy, the number
of rounds, or the fraction of participating clients for each FL training process. Although the re-training introduces
significant computational overhead, we adopt it as our baseline because it remains the standard and theoretically
sound approach for Rashomon set exploration in the centralized literature [21]. To mitigate the computational
overhead of re-training, which is exacerbated in the FL setting, we use simple neural network architectures. This
choice is motivated not only by efficiency but also by recent findings in the multiplicity literature [45], which
indicate that simpler models often reside within the Rashomon set and can achieve performance comparable to
more complex architectures.

6.2 Rashomon Set Construction
In the second stage, candidate models are evaluated and filtered to construct the Rashomon set. For the global
and 𝑡-agreement Rashomon sets, all clients in the evaluation set evaluate all candidate models on their local data
and share the results with the server, which aggregates them using the predefined aggregation function from the
previous step. Then, the server determines membership in each Rashomon set relative to a baseline model and
communicates the resulting assignments back to the clients. For the individual Rashomon sets, evaluation and
filtering occur locally, and the results are not shared with the server. Note that this stage can also be merged
with the first one when the full set of clients remains available throughout training and when their local training,
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validation, and test splits remain stable over time. At the end of this stage, every client holds a valid Rashomon
based on either the global, 𝑡-agreement, or individual definition.

6.3 Multiplicity Analysis
In the final stage, the multiplicity metrics introduced in Section 5 are computed on the constructed Rashomon
sets. In the global and 𝑡-agreement settings, clients compute the metrics locally and transmit them to the server,
which aggregates the results as described in Section 5 and returns them to the clients. These aggregated metrics
can then support downstream tasks such as ensemble construction or model selection based on their needs (see
Section 7.3 for an illustrative example). In the individual setting, clients evaluate their Rashomon sets locally for
further use, without revealing any information to the server.

7 Empirical Study
To illustrate how the proposed definitions operate in practice and how they compare across settings, we conduct
an empirical study3 implementing the full pipeline described above, covering the three definitions of federated
Rashomon sets and including a small application to fairness analysis. In building the pool of FL model candidates,
we adopt in this study the re-training strategy, as it remains the standard baseline in current centralized Rashomon
set research [21, 26, 28]. The goal of this empirical study is to illustrate the behavior and implications of the
proposed federated Rashomon set definitions across a range of controlled experimental settings. As this paper is
primarily a theoretical contribution, the empirical section is intentionally designed to provide targeted illustrations
of the introduced definitions. A systematic comparison of candidate generation methods, model architectures, FL
settings, or alternative paradigms such as personalized FL would constitute a substantial study on its own, and
we therefore leave such investigations to future work.

7.1 Setup
We conduct our empirical evaluation on three widely studied benchmark datasets in the FL literature. First, we use
the Dutch Census dataset [50], where the task is to predict occupational status. Second, we employ the ACS Income
dataset [15], using the simplified variant introduced by Corbucci et al. [12], to predict whether annual income
exceeds $50.000. Lastly, we include theMNIST dataset [37], amulti-class classification benchmark inwhich the goal
is to identify the handwritten digit depicted in each image. The first two datasets are widely used in the FL fairness
literature, enabling us to later analyze how our framework interacts with fairness considerations. To generate the
Rashomon set candidates, we adapt the re-training strategy to a federated setting. Here, as the underlying global
model architecture, we use a single-layer classifier for Dutch and ACS Income and a two-layer neural network
with a ReLU activation in the hidden layer for MNIST. As a baseline model, we train for each configuration a model
for 100 training rounds on all clients. For the Rashomon set candidate models, we re-train 400 models for each
configuration in a cross-silo FL setting, FedAVG as aggregation mechanism, and with simulated heterogeneous
client distributions (see Appendix D for more details about communication and computational costs of training
and Appendix E for details about the hyperparameter tuning). The re-training is performed by varying the size of
the set of clients participating in each training round |𝜓 |, the number of rounds 𝑅, and the random initializations.
After the training process has finished, we construct the Rashomon sets using accuracy as the performance metric
underlying 𝛿 , and consider 𝜖 ∈ {0.0, 0.004, 0.008, 0.012, 0.016, 0.020, 0.024, 0.028, 0.032, 0.036, 0.040}. Additionally,
for the Dutch dataset, we perform an ablation study varying the number of participating clients across five
configurations: 10, 20, 30, 40, and 50 clients. For all other experiments, we fix the size to 20 participating clients.
The aim of this is to understand if and how the Rashomon set construction and multiplicity metrics change when
the number of FL clients increases.
3https://github.com/xheilmann/FederatedLearningMultiplicity

2444

https://github.com/xheilmann/FederatedLearningMultiplicity


FAccT ’26, June 25–28, 2026, Montreal, QC, Canada Xenia Heilmann, Luca Corbucci, and Mattia Cerrato

0.0 0.2
0.00

0.02

0.04

ε

D
ut

ch

0.000 0.002 0.004 0.0 0.2 0.4 0.0 0.2 0.00 0.05 0.10 1.0000 1.0025 1.0050 0.0 0.5

0.0 0.2
0.00

0.02

0.04

ε

A
C

S
 In

co
m

e

0.000 0.005 0.010 0.0 0.2 0.4 0.0 0.2 0.0 0.1 1.000 1.002 0.0 0.5 1.0

0.0 0.5 1.0
VPR

0.00

0.02

0.04

ε

M
N

IS
T

0.0 0.1 0.2
Score Variance

0.0 0.5 1.0
Disagreement

0.0 0.5 1.0
Ambiguity

0.00 0.05
Discrepancy

1 2 3
RC

0.0 0.5
Rashomon Ratio

Global 0.6-Agreement 0.75-Agreement 0.9-Agreement Centralized

Fig. 3. Comparison of multiplicity metrics on Rashomon sets defined using the 𝑡-agreement and global definition, with
centralized evaluation as baseline for Dutch, ACS Income, andMNIST. Global definition yields consistently higher multiplicity,
𝑡-agreement sets are smaller, and centralized evaluation shows higher discrepancy. With MNIST, Rashomon ratios and
multiplicity metrics are higher due to the complexity of the problem. Disagreement is only calculated for the binary outcomes.

We evaluate all candidate models under the three Rashomon set definitions introduced in Section 4, using all
clients as evaluation clients. For the 𝑡-agreement Rashomon sets, we consider 𝑡 ∈ {0.6, 0.75, 0.9}. To evaluate the
individual Rashomon set, we randomly sample 10 clients. For each Rashomon set, we compute all the metrics
described in Section 5 as well as the Rashomon ratio [47], which quantifies the relative volume of the set within
the hypothesis space. Small Rashomon ratios could imply a harder learning problem, while higher ones might
imply simpler ones.

As a baseline, we evaluate how the Rashomon sets and multiplicity metrics would have behaved in a centralized
test setting. Concretely, after generating the Rashomon set candidates, we construct a centralized test set and
use it to derive Rashomon sets based on the centralized measurements and compute all predictive multiplicity
metrics thereof.

To provide a valuable first comparison of all Rashomon set definitions, we assume a setting where clients trust
the central server, and therefore, we report all score-based predictive multiplicity metrics as well as disagreement
in the main paper without adding differential private noise. The results for all experiments with added Differential
Privacy are reported in Appendix F. Specifically, our goal here is to formalize the Rashomon set definitions in
FL and demonstrate that existing metrics can be adapted to this setting. Differential Privacy would obscure
the underlying results, thus not serving this theoretical objective. Furthermore, as Disagreement can only be
evaluated in closed form for binary classifiers, we show results for this metric only for ACS Income and Dutch.

7.2 Comparison of Definitions
Figure 3 shows the experimental results for the global and 𝑡-agreement Rashomon set definitions. We provide the
cumulative distributions in Appendix G. For the Dutch dataset, the global definition results in higher Rashomon
ratios and higher multiplicity metrics. In contrast, the 𝑡-agreement definition yields smaller Rashomon sets,
reflected in lower Rashomon ratios, and requires more permissive 𝜖 constraints to find valid sets. Yet, multiplicity
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Fig. 4. Comparison of multiplicity metrics for individual Rashomon sets (10 clients), with the blue shaded area showing the
min-max range from Figure 3. Disagreement is only defined for binary outputs. Clients frequently deviate from the global
range, indicating that it is essential to incorporate an individual Rashomon set definition for capturing local differences.

metrics are lower. The centralized evaluation generally lies between or close to the global and the 𝑡-agreement
definitions. Notably, the discrepancy metric is substantially higher under the centralized evaluation, suggesting
that employing the FL Rashomon set definitions reduces prediction volatility between models in the Rashomon
sets compared to building these based on centralized test data.

For the ACS Income dataset, we observe similar results. However, for the 0.9-agreement setting, no Rashomon
sets are found within the predefined constraint range. Overall, the 𝑡-agreement strategy identifies considerably
fewer models under tight performance constraints. Centralized evaluation aligns with global evaluation across
most metrics, except discrepancy, which again reaches exceptionally high values in the centralized evaluation.

For MNIST, a 10-class classification task, both the Rashomon ratios and the multiplicity metrics are higher than
in the previous binary classification tasks, and the centralized baseline differs significantly from the FL settings.
This may reflect the increased complexity of the problem.

Figure 4 presents results for the individual Rashomon set definition. To contextualize these results with the
global and 𝑡-agreement definitions, we overlay a blue-shaded region between the maximal and minimal value
observed in Figure 3. While some individual clients fall within this range, others behave differently, with a
Rashomon capacity and disagreement value that is generally higher at the individual level. For ACS Income,
most of the metrics fall within the shaded area, which may be due to the higher number of datapoints per client.
Consequently, neither global aggregation nor the 𝑡-agreement definition fully captures the heterogeneity of
model behavior on individual clients. Incorporating the individual Rashomon set definition is therefore essential
to capture local differences and client-specific outliers. Moreover, this approach allows clients to define their own
performance constraints when constructing Rashomon sets.
Lastly, Figure 5 presents the results for the Dutch dataset across varying numbers of clients participating in

the FL training (10, 20, 30, 40, 50). This experiment was designed to evaluate the scalability of our pipeline as
the number of clients increases. Overall, the results remain consistent, without extreme outliers, demonstrating
that our approach scales effectively across different federation sizes. However, we observe that under small (10
clients) and large (40–50 clients) federation sizes, the 𝑡-agreement Rashomon set definition struggles to identify
models within tight 𝜖 constraints as 𝑡 increases. Notably, no Rashomon sets are found for the 𝑡 = 0.9 agreement
setting in these configurations. Globally, all multiplicity metrics follow consistent trends across varying client
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Fig. 5. Multiplicity metrics for global and 𝑡-agreement Rashomon sets on the Dutch dataset when varying the number of
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thresholds (e.g., 0.9) fail to produce Rashomon sets for 10, 40, or 50 clients; tight constraints can limit the feasibility in extreme
client configurations.

numbers. These results show that, aside from a very strict 𝑡-agreement threshold, the proposed definitions are
robust and scalable with respect to the federation size.

7.3 Application to Fairness
We now illustrate how Rashomon sets enable FL clients to select the models that best align with their local
preferences, rather than relying on a single “best” model based on aggregate performance. This approach allows
for personalized model selection based on secondary objectives while maintaining comparable global predictive
performance across all models in the Rashomon set. In our demonstration, we focus on a fairness application and
specifically Demographic Parity [1] as a fairness criterion. This analysis is restricted to the Dutch and the ACS
Income dataset, as they contain demographic information that can be used to measure model fairness.
For this demonstration, we evaluate 50 models sampled from the global Rashomon sets for each dataset on

each client’s local data. We report both accuracy and Demographic Disparity (DD), defined as the maximum
difference between the Demographic Parity of the different sensitive groups 𝐷𝐷 = max𝑦∈𝑌 max𝑧∈𝑍 P(𝑌 = 𝑦 |
𝑍 = 𝑧) − P(𝑌 = 𝑦 | 𝑍 ≠ 𝑧) where 𝑦 is a predicted target and 𝑧 a sensitive attribute. In simple terms, predictions 𝑌
should not depend on 𝑍 . For both Dutch and ACS Income, DD is computed with respect to sex, which we treat as
the sensitive attribute. Figure 6 presents results for five clients on the 𝜖 smallest global Rashomon set (Dutch:
𝜖 = 0.008, ACS Income: 𝜖 = 0.004) against the global evaluation (results for all other 𝜖 values can be found in
Appendix H).

The spread of these models varies across clients, reflecting heterogeneity in local data distribution. For both
datasets, DD values differ significantly across clients and often differ from the global evaluation (last column),
emphasizing the importance of a client-specific evaluation step in FL pipelines [12]. For the Dutch dataset,
however, models achieving the best DD value (the lower the better) generally maintain accuracy close to that
of the globally highest-performing model, except client 3, where the fairest model exhibits the lowest accuracy.

2447



Rashomon Sets and Model Multiplicity in Federated Learning FAccT ’26, June 25–28, 2026, Montreal, QC, Canada

0.30 0.35

0.835

0.840

D
ut

ch

Ac
cu

ra
cy

Client 1

0.350 0.375
0.810

0.812

0.815

0.818

Client 2

0.20 0.25

0.800

0.810

0.820

Client 3

0.275 0.300
0.815

0.820

0.825

0.830

Client 4

0.400 0.425

0.820

0.830

Client 5

0.325 0.350

0.825

0.826

Global

0.00 0.05
Demographic Disparity

0.720

0.730

AC
S 

In
co

m
e

Ac
cu

ra
cy

0.05 0.10
Demographic Disparity

0.720

0.725

0.730

0.025 0.050
Demographic Disparity

0.780

0.790

0.800

0.810

0.10 0.15
Demographic Disparity

0.670

0.680

0.690

0.700

0.00 0.02
Demographic Disparity

0.760

0.770

0.780

0.02 0.04
Demographic Disparity

0.756

0.758

0.760

0.762

Models Best Accuracy Best Demographic Disparity

Fig. 6. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the epsilon smallest global Rashomon set shown for 5 clients on the Dutch and ACS Income data.

For the ACS Income dataset, client 2 and client 4 show the highest accuracy-fairness trade-off. Overall, this
application underscores the value of exploring Rashomon sets in FL: practitioners are assured that all models
in the Rashomon set maintain high global performance, while retaining the flexibility to select those that best
satisfy local data, requirements, and objectives.

8 Conclusion
In this paper, we establish the foundation for defining Rashomon sets and evaluating predictive multiplicity
metrics in FL settings. We introduce three federated Rashomon set formulations, namely global, 𝑡-agreement, and
individual, and show how multiplicity metrics can be computed for each of them within an FL scenario. Beyond
the theoretical contribution, we conduct an empirical study demonstrating both the validity of these definitions
and their practical relevance. Our findings suggest that Rashomon set analysis enables practitioners to move
beyond the conventional “single best model” approach used in the classic FL pipelines, supporting more informed
and robust model selection.
Building on these foundations, a direction for future work is the development of alternative strategies for

constructing the Rashomon set candidates that leverage the inner dynamics of FL, such as intermediate model
updates or aggregationmechanisms, rather than relying only on re-training. A comprehensive empirical evaluation
of such strategies across diverse FL settings, along with a systematic comparison of the proposed formulations
under different FL paradigms, would provide deeper insight into their practical behavior.

Moreover, while our analysis focuses on FL as a decentralized, multi-party scenario, other secure multi-party
frameworks [57], such as CryptTen [35], introduce additional heterogeneity that may require extending our
framework, representing a promising direction for future work.
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A Table of Notation
We report in Table 1 a list of the symbols used in the paper to increase clarity and readability.

Symbol Description Symbol Description

C set of clients Δ set of metric functions
C𝐸 set of evaluation clients 𝑓𝐸 evaluation aggregation algorithm
𝐶 number of clients E threshold set
ℎ model 𝜖𝑖 threshold
ℎ̂ local model 𝑃R distribution of models in R
𝑅 FL rounds 𝛿𝑖 metric function
𝑆 server ℎw∗ baseline Model
𝑟𝑖 each round (𝑟𝑖 ∈ 𝑅) 𝑚 Rashomon set size
𝜓 subset of selected clients H set of all models
𝐸 local epochs R𝑚 empirical Rashomon set of size𝑚
𝑏𝑖 batch 𝑖 (𝛿𝑀 , 𝜖𝑀 ) Multiplicity constraint
𝑔𝑐 local gradient of client 𝑐 𝑛 # samples
𝑠, s score, score vector (decision-based metric) 𝑛𝑐 # samples of client 𝑐
𝜏 threshold (decision-based) D Dataset
𝛾 Discrepancy 𝛼 Ambiguity
𝜇 Disagreement 𝑡 agreement parameter
𝑟𝑐 Rashomon capacity 𝑣 viable prediction range
𝑠𝑑 standard deviation

Table 1. Table of notation.

B Differential Privacy
Differential Privacy is a privacy-enhancing technology [17] that ensures that running the same algorithmM on
two neighbouring datasets produces indistinguishable outputs up to an upper bound 𝜀 called the privacy budget.
More formally,

Definition 6. An algorithmM satisfies (𝜀)-Differential Privacy, where 𝜀 > 0, if for any pair of “neighbouring”
datasets D, D′ differing in exactly one entry, and for any set of outputs O the following condition holds:

𝑃 [M(D) ∈ O] ≤ 𝑒𝜀𝑃 [M(D′) ∈ O]
In this paper, we apply Differential Privacy to share Differentially Private cumulative distributions that are

shared with the server by the clients. We implemented Differential Privacy in our pipeline using the diffprivlib [25]
library. Specifically, we used the “tools.histogram” function that computes a differentially private histogram of a
set of data, adding noise using a Geometric Truncated mechanism. In our experiments, we fixed 𝜀 = 0.1.

C Explanations of Score-based Predictive Multiplicity Metrics
C.0.1 Rashomon Capacity. The Rashomon capacity (RC) was proposed in Hsu and Calmon [27, Definition 2]
and measures the spread of output scores for 𝑑-class classification problems in the probability simplex Δ𝑠 . The
mathematical formulation is

𝑟𝑐 (x𝑖 ) ≜ sup
𝑃R

inf
q∈Δ𝑠

Eℎ∼𝑃R𝐷KL (ℎ(x𝑖 )∥q), (10)
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where 𝑃R is the probability distribution over the models in the Rashomon set, and 𝐷KL (·∥·) is the Kullback-Leibler
(KL) divergence. The infimum inf

q∈Δ𝑠

Eℎ∼𝑃R𝐷KL (ℎ(x𝑖 )∥q) captures, in KL divergence terms, how the prediction

scores for a sample x𝑖 given a distribution 𝑃R over all the models ℎ in the Rashomon set are spread out. The 𝑞
acts as a “centroid” for the outputs of the classifiers. Taking the supremum over all 𝑃R selects the worst-case
distribution in the Rashomon set. Thus, the Rashomon Capacity can be seen as an instance of the information
diameter, a measure of the “size” of a family of probability distributions [33].

C.0.2 Viable Prediction Range and Standard Deviation. Viable Prediction Range (VPR) [55] calculates the largest
score deviation of a sample that can be achieved by models in the Rashomon set:

𝑣 (x𝑖 ) ≜ max
ℎ∈R

ℎ(x𝑖 ) −min
ℎ∈R

ℎ(x𝑖 ). (11)

Instead of this, one can also measure the standard deviation of the scores of a sample by all models in the
Rashomon set [42]:

𝑠𝑑 (x𝑖 ) ≜
√︃
Eℎ∼𝑃R [(ℎ(x𝑖 ) − Eℎ∼𝑃R [ℎ(x𝑖 )])2] . (12)

D Training of the Models
We conducted all experiments on a machine equipped with a 256 AMD EPYC 9554 64-Core Processor and 1TB of
RAM. All experiments were conducted solely on CPUs, as no dedicated GPU was available on this system. Table 2
reports the average time needed to train a single model and the total time required to train the 400 Rashomon
set candidate models used to construct the Rashomon sets for the Dutch, ACS Income, and MNIST datasets.
As described in the main text, we used a single-layer classifier for Dutch and ACS Income, and a two-layer
neural network with a ReLU activation in the hidden layer for MNIST. These relatively simple architectures were
selected to make the re-training approach feasible within an FL context. Furthermore, we performed re-training
by varying the size of the set of clients participating in each training round |𝜓 |, the number of rounds 𝑅, and
the random initializations. Specifically, we choose |𝜓 | ∈ { | C |4 ,

| C |
2 ,

3 | C |
4 , |C|} for client set C and 𝑅 ∈ [1, 10].

Re-training remains the standard approach for generating Rashomon set candidates in the centralized learning
literature, even though it is resource-intensive. Despite this, we were able to obtain the Rashomon set with 400
models in a reasonable time, as shown in Table 2. We acknowledge, however, that applying this technique to
larger or more complex models becomes impractical.

With regard to communication costs, the complete pipeline introduced in Section 6 adds at most two communi-
cation rounds on top of the standard FL setting. An important direction for future work is to develop alternative
strategies that reduce training time by exploiting the internal workings of FL.

Dataset Clients |C| Avg. Training Time (s) Total Training Time (s)

ACS Income 20 15.16 ± 0.10 2h 40m 42s
MNIST 20 82.10 ± 0.68 10h 1m 41s
Dutch 10 17.00 ± 0.11 2h 49m 44s
Dutch 20 16.49 ± 0.13 2h 48m 21s
Dutch 30 13.68 ± 0.16 2h 24m 47s
Dutch 40 16.29 ± 0.11 2h 42m 52s
Dutch 50 16.35 ± 0.10 2h 43m 20s

Table 2. Training time metrics across different datasets and client number
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Fig. 7. Comparison of multiplicity metrics defined on each sample with added Differential Privacy on Rashomon sets found
with the 𝑡-agreement and global definition for Dutch, ACS Income, and MNIST.

E Hyperparameter tuning
The hyperparameters used to train the models in the Rashomon sets were selected through a hyperparameter
search. We used the Weights & Biases [3] sweep feature, using Bayesian optimization to explore the search
space. Before starting the tuning phase, each client’s dataset was split into a training and a test set to ensure that
the test data remained completely untouched during hyperparameter optimization. For each hyperparameter
configuration, the training portion was further divided into a training and a validation set. This split was controlled
by a random seed that changed for every hyperparameter test, reducing the risk of overfitting to a particular
validation split. Once the best hyperparameters, i.e., those maximizing validation accuracy, were identified, we
retrained the models on the full training set. The hyperparameters that we tuned are: batch size, learning rate,
momentum, type of optimizer, and number of local epochs.

F Results with Differential Privacy
In Figure 7 and 8, we provide results on the multiplicity metrics defined on each sample with added Differential
Privacy [17] as explained in Section 5. Results are based on 1000 buckets with a guarantee of (𝜀 = 0.1)-Differential
Privacy. As mentioned in Section 5, the sparsity of the histogram bins leads to difficulties in evaluation. Especially
considering the score variance in the non-private evaluation scores is extremely low, values with differential
privacy do not show this trend at all. We therefore stress that additional work is needed here to make a private
pipeline more robust against these difficulties.

G Cumulative Distributions
Figure 9, 10, and 11 show the cumulative distribution of the multiplicity metrics, which are defined on each
sample for the Dutch, ACS Income, and MNIST datasets. These plots show how the metrics are distributed across
the complete dataset across all evaluating clients. For the figures in the paper, we took the percentiles from these
underlying cumulative distributions.
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Results are shown for the 𝑡-agreement and global definition.
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Fig. 11. Cumulative distribution for each 𝜖 value over the score-based metrics for the MNIST dataset. Results are shown for
the 𝑡-agreement and global definition.

2456



FAccT ’26, June 25–28, 2026, Montreal, QC, Canada Xenia Heilmann, Luca Corbucci, and Mattia Cerrato

0.30 0.35

0.835

0.840

D
ut

ch

Ac
cu

ra
cy

Client 1

0.350 0.375
0.810

0.812

0.815

0.818

Client 2

0.20 0.25

0.800

0.810

0.820

Client 3

0.275 0.300
0.815

0.820

0.825

0.830

Client 4

0.400 0.425

0.820

0.830

Client 5

0.325 0.350

0.825

0.826

Global

0.00 0.05
Demographic Disparity

0.710

0.720

0.730

AC
S 

In
co

m
e

Ac
cu

ra
cy

0.05 0.10
Demographic Disparity

0.720

0.730

0.025 0.050
Demographic Disparity

0.780

0.790

0.800

0.0750.1000.125
Demographic Disparity

0.680

0.690

0.700

0.00 0.02
Demographic Disparity

0.760

0.770

0.780

0.01 0.02 0.03
Demographic Disparity

0.755

0.760

0.765

Models Best Accuracy Best Demographic Disparity

Fig. 12. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the 𝜖 = 0.008 global Rashomon set shown for 5 clients on the Dutch and ACS Income data.
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Fig. 13. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the 𝜖 = 0.012 global Rashomon set shown for 5 clients on the Dutch and ACS Income data.

H Further Fairness Experiments
We provide further experiments on Demographic Disparity (DD) and accuracy for 50 models sampled randomly
from the global Rashomon sets for each dataset on each client’s local data. For both Dutch and ACS Income, DD
is computed with respect to sex, which we treat as the sensitive attribute. Figure 12, 13, 14, 15, 16, 17, 18, 19, 20
present results for five clients on 50 models for different 𝜖 values. Overall, the spread of these models varies
across clients, emphasizing the importance of a client-specific evaluation step in FL pipelines.
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Fig. 14. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the 𝜖 = 0.016 global Rashomon set shown for 5 clients on the Dutch and ACS Income data.
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Fig. 15. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the 𝜖 = 0.020 global Rashomon set shown for 5 clients on the Dutch and ACS Income data.

2458



FAccT ’26, June 25–28, 2026, Montreal, QC, Canada Xenia Heilmann, Luca Corbucci, and Mattia Cerrato

0.2 0.4

0.800

0.820

0.840

D
ut

ch

Ac
cu

ra
cy

Client 1

0.3 0.4

0.800

0.810

0.820
Client 2

0.2 0.3

0.750

0.800

Client 3

0.2 0.4

0.800

0.820

Client 4

0.3 0.4
0.775

0.800

0.825

0.850
Client 5

0.3 0.4

0.810

0.815

0.820

0.825

Global

0.000 0.025
Demographic Disparity

0.715

0.720

0.725

0.730

AC
S 

In
co

m
e

Ac
cu

ra
cy

0.05 0.10
Demographic Disparity

0.710

0.720

0.730

0.025 0.050
Demographic Disparity

0.780

0.790

0.800

0.810

0.05 0.10 0.15
Demographic Disparity

0.640

0.660

0.680

0.700

0.00 0.02
Demographic Disparity

0.740

0.760

0.780

0.02 0.04
Demographic Disparity

0.750

0.760

Models Best Accuracy Best Demographic Disparity

Fig. 16. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the 𝜖 = 0.024 global Rashomon set shown for 5 clients on the Dutch and ACS Income data.
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Fig. 17. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the 𝜖 = 0.028 global Rashomon set shown for 5 clients on the Dutch and ACS Income data.
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Fig. 18. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the 𝜖 = 0.032 global Rashomon set shown for 5 clients on the Dutch and ACS Income data.
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Fig. 19. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the 𝜖 = 0.036 global Rashomon set shown for 5 clients on the Dutch and ACS Income data.
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Fig. 20. Demographic Disparity (on the x-axis, the lower the better) and accuracy values (on the y-axis, the higher the better)
for 50 models in the 𝜖 = 0.040 global Rashomon set shown for 5 clients on the Dutch and ACS Income data.

2461


