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Abstract

Consensus-driven parameter averaging constitutes the dominant paradigm in federated
learning. Although many methods incorporate auxiliary mechanisms or refinements, re-
peated round averaging remains their fundamental backbone. This paradigm inherently
depends on repeated rounds of client—server communication to maintain consensus. The
reliance on repeated communication is further amplified in regimes with high data het-
erogeneity and large client populations, as shown across numerous studies. This behavior
arises from optimization drift in out-of-distribution settings, where client objectives differ
and multi-step local SGD updates increasingly diverge, making consensus difficult to main-
tain. We argue that an emerging alternative, ensemble with abstention, provides a more
suitable framework for addressing these issues. Rather than enforcing consensus across di-
verging client objectives, this approach constructs a specialized mixture-of-experts model by
preserving client-specific models and selectively aggregating their predictions. As a one-shot
FL method, it eliminates the need for repeated communication rounds altogether. More-
over, supported by both theoretical and empirical analysis, we show that this paradigm
sidesteps cross-client drift and is inherently less sensitive to data heterogeneity. Despite
these advantages, ensemble with abstention introduces two fundamental challenges. First,
its performance depends on the design of the open-set recognition (OSR) task, which di-
rectly affects performance under heterogeneity. Second, and more critically, preserving
client-specific models causes linear growth in model size with the number of clients, limiting
scalability. As a step toward addressing these limitations, we introduce FedSOV, which
incorporates improved negative sample generation to prevent shortcut cues in the OSR task
and employs pruning to address the scalability problem. We show that pruning provides
a practical and effective solution to the scalability problem while simultaneously enhanc-
ing generalization, yielding higher test accuracy. Across datasets, our method achieves an
average gain of 18.81% over the ensemble baseline FedOV in extreme label-skew settings
and up to 92.43% over FedGF, the best-performing parameter-averaging method. Code is
available at: |https://anonymous.4open.science/r/FedSOV-C7EF/

1 Introduction

Real-world distributed machine learning scenarios often involve strict privacy constraints, where sharing raw
data between parties is not permitted. Federated Learning (FL) has emerged as a popular paradigm in such
settings, enabling clients to collaboratively train a global model without exchanging their private data |Yang
et al| (2019). A key objective in FL is to learn a model that generalizes well across all client distributions
while keeping the confidentiality of individual data intact.

Standard FL framework, FedAvg, is based on parameter averaging where clients perform local training
before sending it to a central server for averaging over multiple communication rounds to produce a global
model McMahan et al.| (2017). While simple and widely adopted, FedAvg relies on the assumption that
client data is independent and identically distributed (IID), an assumption that rarely holds in practice.
In reality, federated systems often involve statistical heterogeneity, where clients have data drawn from
different distributions. By averaging parameters, FedAvg seeks consensus across clients even when their
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local objectives diverge, making parameter averaging unreliable and slow in convergence, requiring massive
communication rounds. Additional challenges arise from system heterogeneity, where clients differ in compute
power and availability; model heterogeneity, where clients may use different architectures; and continual
learning, where clients receive new data over time Pei et al.| (2024); |Criado et al.| (2022]).

Recently ensemble-based approaches have been proposed to address the communication efficiency and hetero-
geneity problems. While earlier works showed that ensemble methods perform well under homogeneous data
and primarily focused on improving communication efficiency, more recent works have demonstrated their
effectiveness to heterogeneous scenarios Diao et al.|(2023). The state-of-the-art ensemble method, FedOV,
uses open-set recognition (OSR) to identify an introduced unknown class while retaining the discriminative
power of local models. By stacking all local models and allowing them to abstain on inputs outside their
expertise, this mechanism naturally avoids issues such as parameter misalignment |Wang et al.| (2020), and
is inherently more robust to statistical, system, and model heterogeneity. Notably, the performance of this
approach hinges on how effectively the OSR mechanism handles out of distribution shift at the local level.
Although this approach provides a way to address heterogeneity in ensemble methods, the primary limitation
is that ensemble size grows linearly with the number of clients, making this approach impractical at scale.

In this paper, we argue that parameter averaging is highly sensitive to heterogeneity, leading to unavoidable
optimization error inherent to the aggregation mechanism and, therefore, requiring substantially more com-
munication rounds to achieve acceptable performance under high heterogeneity. Instead, we theoretically
and empirically show that an ensemble with abstention is better suited for aggregation in heterogeneous
scenarios. The key idea is that when clients possess disjoint information, a specialization step within the
solution is required to preserve each client’s unique local knowledge. Because it is a type of One-Shot FL
method, this approach avoids communication costs entirely. However, the main limitation is that it leads to
increased model size, a trade-off that we show can be managed through proper pruning techniques. Building
on this insight, we introduce FedSOV: Federated Scalable Open Voting. Our main contributions in this
paper are:

o We analyze and compare the optimization error of ensemble-based aggregation (with abstention)
and parameter averaging on the global FL objective, identifying the key bottlenecks that limit each
approach under heterogeneity.

e We introduce FedSOV, a scalable ensemble-based method that mitigates the OSR bottleneck and
resolves the inherent scalability issues of prior ensemble approaches through principled pruning.
FedSOV achieves state-of-the-art performance against recent ensemble and parameter-averaging
methods tailored for heterogeneous FL, particularly in high-heterogeneity settings, while maintaining
the same parameter count as parameter averaging methods.

The remainder of the paper is organized as follows. In Section [2] we review related work in FL. Section
presents a comparative analysis of parameter averaging and ensemble-based methods. In Section [4 we
introduce our proposed method, FedSOV. Section [5| covers our experimental setup/results, and we conclude
in Section

2 Background and Related Work

Early Solutions and Theoretical Insights on Non ITD FL: FL must confront data heterogeneity
across clients, which significantly degrades its performance. The seminal FedAvg algorithm [McMahan et al.
(2017) performs well under IID data, but its accuracy degrades under non-IID settings. When clients have
divergent data distributions (e.g., different label proportions), the global model update from averaging lo-
cal parameters can diverge from the true descent direction. Numerous works have documented this issue:
for example, Zhao et al.| (2018) showed that highly skewed label distributions can cause FedAvg’s accu-
racy to drop by over 50%, and [Li et al.| (2020b) introduced FedProx to stabilize training via a proximal
term. Even under IID data, averaging neural network weights can suffer from permutation inconsistency,
leading to misaligned layers as noted by FedMA Wang et al.| (2020). Mitigation strategies include correc-
tion of local updates (SCAFFOLD) Karimireddy et al.|(2020), gradient harmonization |Zhang et al.| (2023),
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promoting flatter minima |Qu et al.| (2022a)), explicit local-global alignment |Li et al.| (2021), and data shar-
ing/augmentation. On the theoretical side, much early analysis of FedAvg focused on convex settings with
guaranteed convergence under standard assumptions |Li et al.| (2020c), later extended to non-convex settings
via bounded-dissimilarity assumptions in methods such as FedProx |Li et al.| (2020b)) and FedDANE |Li et al.
(20202). Additional theoretical studies Diao et al. (2024)); |Allouah et al.| (2024)) have analyzed the funda-
mental limits of parameter averaging, including information-theoretic perspectives and quantification of the
performance gap with alternative aggregation strategies.

Recent Approaches to Label Skew in Federated Learning: Despite these advances, there is still
no single clear solution to the label skew problem, and a variety of techniques continue to be proposed.
FedConcat Diao et al.| (2024]) clusters clients according to their label distributions, trains cluster-specific
models via FedAvg, and constructs a global model by concatenating feature extractors across clusters while
averaging only the classifier head. FedVLS |Guo et al.| (2025)) addresses vacant-class scenarios by combining
vacant-class distillation with logit suppression for non-local classes, thereby improving recognition of unseen
labels while retaining parameter averaging. FedLEC [Yu et al.| (2025)) also aims to mitigate the bias due
to missing labels in federated learning of spiking neural networks through label-balanced local training and
cross-client distillation. In addition, other approaches reflect different directions: FedLMD |[Lu et al.| (2023)
employs label-masking distillation to enhance minority-class learning, while FLea [Xia et al.| (2024]) introduces
obfuscated feature sharing with mixup-based augmentation under FedAvg. A particularly promising line of
research focuses on sharpness-aware optimization, first explored in federated settings by FedSAM |Qu et al.
(2022a). Building on this idea, MoFedSAM |Qu et al.| (2022b]) and the recent FedGF [Lee & Yoon)| (2024])
pursue flatter minima to alleviate client-drift and reduce the risk of model collapse under disjoint data.

Ensemble-Based Approaches in Federated Learning: Ensemble methods in FL were originally intro-
duced to address the communication bottleneck, particularly in one-shot settings where each client trains
locally and sends a model to the server only once |Guha et al.| (2019)). Early designs simply averaged client
models in a single round (one-shot FedAvg), but this often yielded suboptimal results even in IID scenario.
This led to the alternative of combining outputs rather than weights, forming an ensemble at the server.
While naive voting or averaging of predictions works for IID data, it fails in label-skewed settings, as models
tend to misclassify unseen classes into seen ones, causing majority voting to collapse. Methods such as
FEDBE |Chen & Chao| (2020), which treats global aggregation as a Bayesian ensemble over multiple global
models, and FEDB0OOST Hamer et al.| (2020), which builds ensembles via weighted model averaging with
theoretical guarantees for certain distributions, extended the ensemble concept but still faced this limitation.
FEDOV Diao et al.| (2023)) addressed the problem by equipping each model with an open-set recognition
mechanism that trains with synthetic outlier samples labeled as an unknown class, enabling models to ab-
stain on unfamiliar inputs and improving ensemble decisions under heterogeneity. This OSR-based ensemble
showed strong potential but has remained relatively underexplored.

Other One-Shot FL and Hybrid approaches Other One Shot Federated Learning (OFL) methods
typically focus on reducing communication and accept fewer rounds as a tradeoff for lower performance,
which is expected to be significant under heterogeneous data. Some approaches attempt to learn the entire
data distribution through generative models and then generate synthetic data on the server to train a global
model [Yang et al.|(2024). However, these methods face a tradeoff between privacy and model performance,
a tradeoff that has proven difficult to balance in practice. One recent concatenation-based method is FuseFL
Tang et al| (2024]), which explicitly targets client heterogeneity by fusing client models in a layer-wise
manner and employing adapter modules to resolve feature dimensionality mismatches. There are also hybrid
approaches, such as FENS |Allouah et al.| (2024) and FedConcat Diao et al.| (2024)), which combine parameter
averaging and ensemble methods to seek a balance between specialization and aggregation under client
heterogeneity.

Model Compression in Ensemble FL: Although ensemble-based approaches were initially valued for
reducing communication cost in federated learning and have recently shown strong potential in addressing
heterogeneity, they carry a critical caveat: scalability. The scalability problem in FL has been recognized
since early work such as |Guha et al.| (2019), where the cost of communicating and aggregating full models
was shown to be a major bottleneck. Even if parameter averaging is avoided, a practical challenge for
ensemble-based FL is the rapid growth in model size and deployment cost as the number of clients increases.
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Unlike FedAvg’s single global model, an ensemble that retains all local models can become prohibitively
large, with total parameters scaling linearly with the number of clients. This scalability issue makes vanilla
ensembling impractical in large networks or on edge devices. A common strategy to address this has been
knowledge distillation, explored since FedMD |Li & Wang| (2019)), which demonstrated that heterogeneous
models can collaborate via public-data logit sharing without revealing architectures or private data. In the
ensemble compression setting, the server uses a public or generated dataset to train a compact global model
that imitates the ensemble’s predictions. FedDF [Lin et al.| (2020) and related approaches exemplify this
strategy, but they often assume access to auxiliary data at the server. An alternative line of work explores
model pruning to compress federated models. Li et al. [Li et al.| (2024]) propose a client-side pruning approach
where each client trains a local model and prunes less significant parameters before sending to the server,
which then aggregates these slimmed models. Building on a similar intuition, our work (FedSOV) applies
pruning in the context of ensembles.

3 Parameter Averaging vs. Ensemble with Abstention

We consider an FL setting with C clients indexed by ¢ € {1,...,C}. Data are generated from a mixture of
client-specific distributions: let C also denote the (random) client identity, and let (X,Y) be the random
input—label pair. The global data distribution is modeled as

c
P(X,Y)=Y P(C=c¢)P(X,Y|C=0c), (1)

where 7, := P(C = ¢) is the mixture weight of client ¢ and P.(X,Y) := P(X,Y | C = ¢) is the client-c
local distribution. A predictor f(-;6) with parameters # maps inputs X to predictions § = f(X;60), and
performance is measured by a per-sample loss £(§,y). The global objective is the expected loss under the
mixture distribution L(0) = E(x y)p[¢(f(X;0),Y)] which can be written equivalently as a weighted sum

of client risks:
c

L(0) =Y meExyymr, [(((X;0),Y)]. (2)

c=1

Defining the client-specific objective L¢(0) := E(x y)~p, [(f(X;6),Y)] the FL goal is to find 6 that minimizes
L(6) while each client can only estimate and optimize its own L.() from local data.

There are two natural ways to approach this prob-  Aggregation in Parameter Space | Ensemble in Functional Space

lem. The first operates in parameter space. Clients >* |\ /‘
take gradient descent steps on their local model pa- Tr%?rggfg:”t |

rameters, and the server averages all the clients’ -  — Client 2
model parameters. This aggregation can be inter- e o:w +

preted as an approximate descent step on the global o s A

I
I
objective, and this is essentially the mechanism un- ) / : | /-\
derlying methods such as FedAvg. The second ap- FedAvg W J
proach operates in function space. Instead of av- Direction : I GlobalModel

. . . Client 1 = Client 2 -
eraging parameters, clients return their local pre-
dictors, and the server combines their output by
creating an ensemble. Under suitable assumptions, Figure 1: Left: Parameter-space averaging can devi-
this ensemble can be interpreted as an approximate ate significantly from the true descent direction, lead-
closed-form solution to the global objective. ing to unbounded error. Right: Functional-space ag-
gregation with abstention preserves each client’s spe-
cialization, enabling robust stitching of functions into
a globally consistent model. Aggregation error here
depends primarily on OSR performance.

To understand how these two approaches compare,
it is useful to explicitly characterize the optimiza-
tion error introduced by each aggregation mecha-
nism when optimizing the global objective. We do
so by decomposing the overall risk into terms that
isolate the error induced by aggregation. Under a simple setup, the error resulting from a single round of pa-
rameter averaging can be quantified in terms of the level of client heterogeneity, the number of local epochs,
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and the learning rate. In contrast, the error of the ensemble method can be expressed in terms of the oracle
selection error and client disagreement, which captures the degree of heterogeneity among clients. Present-
ing the errors in this form clarifies how heterogeneity affects the two approaches in fundamentally different
ways, facilitates direct comparison, and highlights the specific bottlenecks that limit their performance. This
perspective motivates the modifications we introduce to make the ensemble approach more competitive with
state-of-the-art federated learning methods. The proofs of both theorems are in Appendix [A]

3.1 Optimization Error

We first analyze aggregation in parameter space and present a theorem that characterizes the excess risk
over the centralized optimization, introduced by a single round of parameter averaging when optimizing the
global federated learning objective.

Theorem 1 (One-Round Parameter Averaging Optimization Error). Under the regularity conditions stated
in Appendiz[AZd], the global loss of the averaged model after T local gradient descent steps satisfies, for T > 0,

gavg < Ezy)w'D[ (fG(T)( ) y)] + %((1""775) _1)

parameter averaging drift

centralized error

Here, G denotes the Lipschitz constant of the global loss, B is the smoothness constant of the local objectives,
n is the local learning rate, and B = rol Zc 1 B is the average gradient dissimilarity across clients.

Interpretation. The bound shows that the optimization error depends both on how well the corresponding
centralized optimization trajectory performs and on an additional error introduced by parameter aggregation.
Even when the centralized objective is well optimized, parameter averaging incurs an extra drift term that
grows exponentially with the number of local update steps T and depends on the geometric properties
of the loss landscape, such as its curvature (captured by /) and sensitivity (captured by G), as well as
on client heterogeneity through B. Intuitively, when local objectives deviate substantially from the global
objective, enforcing consensus through parameter averaging becomes increasingly misaligned. Importantly,
when T' = 1, this aggregation error vanishes. As shown in the proof, due to the linearity of gradients, a
single local update followed by averaging exactly recovers a gradient descent step on the global objective,
explaining why FedSGD performs exact optimization of the global loss. However, for T' > 1, the accumulation
of aggregation error can significantly slow convergence, requiring many communication rounds to compensate,
and may even lead to oscillatory behavior around suboptimal solutions.

Next, we present a theorem that characterizes the excess risk of the learned ensemble relative to the oracle
ensemble.

Theorem 2 (Optimization Error of the Learned Ensemble). Under the definitions and assumptions stated
in Appendiz[A3, the error of the learned ensemble predictor satisfies
- >\ D
—_—
ideal ensemble error \W_/

OSR mismatch error

where ((-) is A\-Lipschitz in its first argument, D bounds expert disagreement, 6(X) denotes the selection
mismatch size, and f(x) denotes the average predictor over the oracle-selected experts.

Interpretation. The error of the ensemble predictor arises from two distinct sources. The first is the
performance of the local experts themselves, captured by the oracle ensemble risk term, which reflects
how well local training procedures approximate their respective optimal predictors. In practice, this term
depends on the effectiveness of gradient-based optimization in nonconvex settings. The second source of error
is induced by expert selection and is governed by the selection mismatch size §(X). This term quantifies
discrepancies between the experts selected by the learned mechanism and those selected by the oracle.
Importantly, the bound shows that even under high client disagreement, the additional aggregation error
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vanishes if the selection mechanism consistently identifies the oracle experts. This highlights expert selection
accuracy, rather than heterogeneity alone, as the primary bottleneck for ensemble-based aggregation, and
motivates the design of improved Open Set Recognition (OSR) mechanisms to achieve robust performance
in heterogeneous federated learning settings.

3.2 Insights from Extreme Label Skew Scenario

Under the worst-case error bounds derived above, the contrast between the two aggregation paradigms
becomes clear. Parameter averaging exhibits an inherent sensitivity to client heterogeneity: when clients
optimize different loss landscapes, the deviation from the centralized descent direction grows with both the
degree of heterogeneity and the number of local update steps T. This sensitivity cannot be eliminated with-
out restricting local optimization or increasing communication. In contrast, the ensemble-with-abstention
approach can effectively manage extreme heterogeneity through accurate open-set recognition. When expert
selection is sufficiently reliable, heterogeneity does not directly degrade performance. The sensitivity of the
method is governed by the quality of the OSR mechanism, as captured by the leakage term, which ultimately
determines the effectiveness of ensemble-based aggregation.

However, although the bound shows that heterogeneity can be mitigated through accurate OSR, greater
heterogeneity can increase the intrinsic difficulty of the true OSR task itself (i.e requires more expressive
or refined OSR mechanisms). To make this clearer, it is useful to look at an extreme but illustrative
setting where the limitations of each approach become highly transparent. Consider the case where each
client receives completely disjoint label support, so their information is entirely non overlapping. In such a
regime, local optimization reveals the fundamental weaknesses of averaging and the role of OSR in restoring
information. This issue is made precise in Proposition 1, whose proof is provided in the Appendix [A73]

Proposition 1 (Mutual Information under Idealized Training and Label Skew). Consider a classification
task over N labels with uniform class priors, P(Y =vy) = 1/N. Fach client is assigned a disjoint subset of
M labels, and models are trained under idealized conditions (perfect optimization, sufficient data). Let Zyosy
denote the output of a model trained on disjoint labels without abstention, and let Z,s, denote the output of
a model trained with OSR, where clients abstain on out-of-distribution inputs. Then the mutual information
between the model output and the true label satisfies

M
Without OSR: I(Znost; YY) = N log M,
With OSR: I(Zos;Y) = log N.

To interpret this result, let us look at the case where each client receives only a single class, M = 1. Then the
information without OSR becomes I(Zposr; Y) = 0. This illustrates a fundamental limitation of aggregation
without abstention under extreme heterogeneity, including parameter averaging. If a client only ever sees
examples from one label, it can minimize its loss by outputting that label constantly. Such a constant
classifier contains no information about the input, and many such constant classifiers averaged together are
still constant. Meanwhile, the global task still requires learning meaningful features for all classes. These
two functions, a constant function and a feature-extracting function, are fundamentally incompatible. This
is precisely what the drift term quantifies: local minimizers under extreme heterogeneity do not approximate
the global minimizer in any meaningful sense.

On the other hand, the ensemble with abstention approach has no drift. By introducing a negative class or
abstention signal, each client can explicitly mark points that fall outside its domain. This restores information
that would otherwise be lost and allows the ensemble to represent all classes by concatenating the learned
functions, not averaging them. However, when examined more closely, heterogeneity still matters by making
accurate OSR more challenging. The mutual information result exposes the key mechanism: as heterogeneity
increases and each client’s label coverage shrinks, the amount of information missing from the local model,
relative to the centralized optimum, increases. This gap must be recovered by the abstention mechanism.
Formally, the centralized task achieves I.ent(Y; Z) = log N, whereas a client with only M labels can achieve at
most % log M. The information deficit created by heterogeneity is therefore A(M) = log N — % log M. This
quantity is monotonically decreasing in M: A(1) = log N and A(N) = 0. When M = 1, the OSR mechanism
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must recover the entire log N bits of information. When M = N, corresponding to the homogeneous case
(assuming no proportion imbalance), there is no deficit to repair. Thus, even though the ensemble method
does not suffer from optimization drift, the true open set recognition becomes harder as heterogeneity
increases because the amount of missing information grows. The key distinction is that this effect is smaller
since it does not destabilize optimization, and can be significantly reduced through better osr techniques
and future innovations.

4 Methodology

In this section, we introduce FedSOV and discuss the key motivations underlying the algorithm. These
include an improved OSR mechanism designed to handle higher levels of heterogeneity, as well as a pruning
strategy that addresses model size scalability challenge. Figure 1 provides a schematic overview of the
method, while the full pseudocode and reproducibility details are deferred to Appendix

On Client Side: Every client executes training in two phase: On Server Side: Class probability aggregation
pruning phase followed by main training phase based on ‘ Unknown’ class scores
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Figure 2: Overview of FedSOV. Client-side: Each client performs training in two phases, consisting
of an initial pruning phase followed by a main training phase. During the main training phase, negative
augmentation, adversarial perturbations, and shuffled negative samples are applied to enable open-set recog-
nition. Server-side: The server aggregates client predictions using an ensemble voting mechanism based
on unknown-class confidence scores to infer the final class label.

4.1 Designing the OSR Task

We implement OSR by introducing an explicit unknown class and training the model to map inputs that do
not belong to any known class to this category. To this end, we construct synthetic negative samples that
are intended to represent the unknown class. The objective is for the model to learn a decision boundary
that separates known in-domain samples from inputs that lack the defining characteristics of those classes.

However, the effectiveness of this approach critically depends on how negative samples are constructed
because discriminative models naturally focus on features that distinguish samples from one class from
the others. Real-world images share a substantial set of class-agnostic features, such as spatial continuity,
smoothness, local texture statistics, and low-level visual regularities. These shared features appear across all
classes and should not be used as a signal for rejection. If negative samples violate these shared properties,
a discriminative OSR classifier can easily rely on such artifacts as shortcut cues, rather than learning the
absence of the semantic features that define a known class. Consequently, an effective OSR task must
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satisfy two principles: negative samples should preserve the shared structure present in real images, while
selectively removing the class-specific features that characterize in-domain data. Under this construction,
the only reliable distinction between positive and negative samples is the presence or absence of class-specific
semantics, forcing the OSR classifier to focus on the causal features that define each class.

Existing constructions, such as the random cut-and-paste negatives used in FedOV, partially follow this
intuition by disrupting global semantic structure. However, these operations also introduce shortcut cues in
the form of abrupt patch boundaries, unnatural edges, and broken smoothness. Such artifacts do not corre-
spond to any class-specific semantics, yet they violate the shared structure present in all positive samples.
As a result, the OSR classifier can easily distinguish positive and negative samples using noncausal cues,
rather than learning the absence of class-specific features. To address this limitation, we introduce smoothed
shuffled negatives, which eliminate global semantic structure while preserving shared visual statistics. Specif-
ically, we partition the image into patches, apply a spatial permutation, and then smooth patch boundaries
to remove permutation-induced discontinuities. This preserves local texture, color statistics, and continuity
while destroying global class-specific structure, leading to improved performance in heterogeneous settings.
In our method we include the negative samples of FedOV as well but avoid latent-space interpolation meth-
ods such as PROSER, as latent representations are often entangled and do not permit controlled removal
of class-specific semantics. Such interpolations may also generate off-manifold samples that fail to reflect
realistic unseen data, thereby encouraging shortcut discrimination. In contrast, our input-space construction
provides direct and interpretable control over semantic destruction.

4.2 Pruning as a Solution to Scalability

While improved OSR design enhances predictive performance and robustness, a more fundamental challenge
remains: scalability. As the number of clients increases, the number of local models grows accordingly, making
inference increasingly costly. Prior work attempts to address this issue via knowledge distillation; however,
distillation can incur information loss, exhibit instability under high data heterogeneity, and requires access
to public server-side data, a constraint that is frequently unmet in federated settings. Motivated by these
limitations, we explore pruning as an alternative and more direct approach to achieving scalability. Further
discussion comparing these approaches can be found in Appendix [B23] [C.2] and [C-3]

Consider a global classification problem. Let F*s* denote the set of semantic features required to solve the
problem. Suppose that a centralized model of size S is sufficient to represent F****. The OSR ensemble
provides an overcomplete representation of this feature set, since each client model contributes task-relevant
structure and the ensemble achieves high accuracy. We therefore hypothesize that the ensemble admits a
subnetwork of size S that preserves the essential semantic features needed for the task. Intuitively, if a
model with capacity S can encode F**** then pruning a successful ensemble down to size S should retain
the feature components that carry predictive value. Pruning acts as a selection mechanism that extracts a
compact representation of the ensemble’s overcomplete feature basis.

This hypothesis is not guaranteed a priori, but we evaluate it empirically and find that, in settings where
a single model of size S is not severely bottlenecked by dataset complexity, pruning the ensemble to size
S matches and often exceeds the performance of the full ensemble. This behavior is consistent with the
view that the ensemble contains redundant or overspecialized components and that a compact model that
captures F*®** can generalize more effectively.

However, identifying a useful subnetwork within the ensemble requires a principled pruning strategy. Vanilla
pruning techniques can lead to significant performance drops because naive compression or uniform magni-
tude pruning can remove rare but essential feature pathways and reduce discriminative capacity. We find
that online pruning using a lottery-ticket style procedure [Frankle & Carbin| (2019) at the client level provides
a more reliable mechanism for extracting subnetworks that retain, and often improve, test-time performance.

Moreover, when the centralized capacity S is insufficient for a given dataset, pruning offers a natural scala-
bility dial: by reducing the pruning ratio, practitioners can allocate a larger model to capture more complex
feature sets, trading off model size for accuracy in a controlled and interpretable manner. Thus, pruning is
not only a mechanism for compressing OSR ensembles but also a capacity-tuning tool that adapts to dataset
complexity and heterogeneity.



Under review as submission to TMLR

5 Experiments

5.1 Experimental Setup

Default Setup: All models in the main results use a simple Convolutional Neural Network (CNN) with
two convolutional layers and two fully connected layer, trained with a learning rate of 0.001. All experiments
are run on a single NVIDIA RTX 4090 (24G) GPU.

Baseline Methods: We evaluate a diverse set of federated learning baselines spanning the two aggregation
paradigms. For parameter averaging methods, we report FedAvg as the most commonly used baseline and
FedGF as the strongest and most recent representative, based on our preliminary evaluations. For ensemble-
based approaches, we compare FedSOV with FedOV in the main results, since FedOV represents the state of
the art among ensemble methods under high heterogeneity. A broader set of classical, one-shot, and hybrid
federated learning methods is evaluated in the Appendix

Federated Configuration and Datasets: Experiments are conducted on standard vision benchmarks.
For parameter averaging, we use 20 communication rounds with 5 local epochs per round on smaller datasets
(MNIST, Fashion-MNIST, SVHN), and 100 communication rounds with 10 local epochs per round on larger
datasets (CIFAR-10, CIFAR-100, Tiny-ImageNet). Ensemble-based methods are trained only for 1 round,
with 10 local epochs on smaller datasets and 100 local epochs on larger datasets, resulting in substantially
lower overall training compared to federated baselines. The main experiments are evaluated under 5, 10,
and 20 client configurations. Additionally, we evaluated performance under multiple heterogeneity regimes,
including an extreme disjoint label-support setting and highly non-IID Dirichlet partitions with concentration
parameters a € {0.01,0.1}. The results are averaged over three random seeds, with mean performance and
standard deviation reported.

Additional Experiments: Beyond the main results, we study client scalability by evaluating a subset of
configurations with 50 and 100 clients. We further analyze the effect of pruning by varying pruning ratios
and pruning strategies. To assess the compression efficacy of pruning and distillation, we compare both
compressed variants against the full ensemble. We also study feature skew using Colored MNIST, training
parameter-averaging methods for 100 communication rounds with 5 local epochs per round and ensemble-
based methods for a single round with 10 local epochs, evaluated across 5, 10, and 20 clients. Finally, we
examine the robustness of the proposed approach across different CNN architectures. Appendix [B] presents
additional results, including comprehensive comparisons with an expanded set of federated learning methods,
as well as ablations over varying Dirichlet heterogeneity levels and server-side distillation data sizes.

5.2 Main Results

The main results are summarized in Tables [2] [4 and 5] Table [I] presents the centralized baseline accuracy,
serving as an oracle-level reference point. Across all datasets and experimental settings, FedSOV consistently
achieves the strongest overall performance, demonstrating robustness to data heterogeneity and favorable
scalability as the number of clients increases. This advantage holds across all three settings but is most
pronounced under extreme heterogeneity, where client objectives are highly misaligned. In such settings,
FedSOV outperforms both FedOV and FedGF, representing strong ensemble-based and parameter-averaging
baselines, respectively.

Table 1: Centralized (Oracle) Performance across Datasets

MNIST FMNIST CMNIST SVHN CIFAR-10 | CIFAR-100 | Tiny-ImageNet
99.20 £ 0.14 | 91.59 £ 0.11 | 98.94 £ 0.05 | 89.90 £ 0.27 | 70.43 £ 0.34 | 32.41 £ 0.20 17.17 £ 0.60
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Table 2: Performance Comparison of Federated Learning Methods (Extreme Heterogeneity)

Clients Dataset FedAvg FedGF FedOV FedSOV*
MNIST 72.33 + 0.95 | 84.20 4+ 0.67 | 83.80 + 1.36 | 86.50 + 4.35
FMNIST 59.90 £+ 0.26 | 68.67 = 0.26 | 67.16 &+ 2.02 | 73.59 + 1.01
5 SVHN 29.64 4+ 1.55 | 21.02 4+ 0.08 | 62.72 4+ 2.86 | 71.34 + 1.41
CIFAR-10 48.30 + 0.68 | 48.57 + 0.10 | 44.92 + 1.35 | 51.25 + 0.95
CIFAR-100 24.49 4+ 0.47 | 26.79 £ 0.53 | 25.98 &+ 0.44 | 28.67 + 0.24
Tiny-ImageNet | 12.12 + 0.10 | 14.15 + 0.44 | 10.48 + 0.17 | 14.91 + 0.13
MNIST 30.68 4+ 3.28 | 34.95 4+ 3.97 | 76.48 + 0.89 | 83.53 + 3.45
FMNIST 37.28 +4.22 | 44.79 + 4.08 | 60.10 4+ 2.83 | 74.33 + 1.12
10 SVHN 19.59 £ 0.01 | 19.59 £ 0.01 | 51.13 £ 0.81 | 73.17 4+ 0.24
CIFAR-10 22.17 £ 1.16 | 25.19 £ 1.19 | 29.91 + 0.82 | 39.42 + 0.94
CIFAR-100 18.93 £ 0.60 | 19.12 £ 0.04 | 22.57 £ 0.33 | 25.46 = 0.31
Tiny-ImageNet | 9.75 £+ 0.15 9.73 £ 0.18 9.23 £0.21 | 11.78 £+ 0.21
MNIST 24.85 4+ 3.42 | 29.20 4+ 4.62 | 84.85 4+ 1.45 | 90.54 + 0.49
FMNIST 3742 4+ 6.25 | 42.74 + 5.14 | 70.70 + 0.30 | 78.60 + 0.89
20 SVHN 19.47 £ 0.14 | 19.55 £ 0.06 | 59.56 + 3.71 | 71.17 £ 0.40
CIFAR-10 22.96 4+ 0.63 | 25.34 4+ 0.44 | 39.35 + 0.74 | 47.83 + 0.69
CIFAR-100 12.71 £ 0.38 | 12.37 £ 0.32 | 20.32 + 0.17 | 23.88 £ 0.41
Tiny-ImageNet | 6.38 £ 0.16 5.79 + 0.36 8.04 £ 0.23 9.69 £+ 0.14

Table 3: Performance Comparison under Non-IID Settings

Table 4: Dirichlet o = 0.01 Table 5: Dirichlet o = 0.1

Clients Dataset FedAvg FedGF FedOV FedSOV* Clients Dataset FedAvg FedGF FedOV FedSOV*
MNIST 71.67 £ 3.28 | 81.83 £ 0.60 85.93 + 3.72 | 87.81 + 3.68 MNIST 82.24 +4.01 | 86.32 £5.08 | 87.47 £ 1.62 | 85.03 + 1.19
FMNIST 54.04 £ 5.67 | 60.15 £ 3.21 66.68 + 4.84 | 66.82 + 8.50 FMNIST 61.88 £ 1.13 | 67.44 £ 0.65 69.39 £ 1.03 | 69.70 + 2.14
5 SVHN 25.92 &= 7.00 | 20.82 &+ 1.59 64.73 £ 1.03 | 72.83 £ 4.81 5 SVHN 32.45 £ 8.10 | 21.75 & 3.05 72.19 £3.99 | 74.62 £+ 3.23
CIFAR-10 47.53 £ 2.68 | 49.03 £+ 3.46 | 41.93 £ 1.97 48.50 + 1.75 CIFAR-10 49.86 £ 2.60 | 52.55 £ 0.37 5221 £ 0.76 | 52.78 + 1.49
CIFAR-100 26.59 & 0.70 | 27.44 + 0.71 27.15+ 045 | 30.30 £+ 0.43 CIFAR-100 28.51 £ 0.76 | 30.00 & 0.91 29.01 £ 0.14 | 32.42 £+ 0.44
Tiny-ImageNet | 13.70 + 0.39 | 15.38 + 0.20 | 11.46 + 0.18 15.28 £ 0.50 Tiny-ImageNet | 15.26 + 0.72 | 16.85 + 0.59 | 11.63 + 0.14 16.34 £ 0.45
MNIST 47.39 +5.22 | 60.32 £ 5.56 | 61.33 + 4.31 | 54.15 + 8.30 MNIST 79.37 £ 4.95 | 84.50 £ 2.80 | 92.57 + 4.88 | 89.50 £ 5.49
FMNIST 39.93 + 6.61 | 45.08 £9.71 | 59.69 + 1.26 | 58.97 £ 2.76 FMNIST 62.73 +2.38 | 67.13 £2.56 | 76.61 + 2.73 | 75.86 & 3.73
10 SVHN 18.13 £ 1.03 | 19.57 £ 0.03 55.42 + 1.67 | 63.52 + 6.43 10 SVHN 20.23 + 0.50 | 21.39 £ 2.56 75.54 £2.94 | 77.25 + 2.57
CIFAR-10 31.90 £ 5.80 | 35.83 £4.27 35.55 + 3.48 | 43.20 + 1.02 CIFAR-10 44.05 = 4.11 | 43.59 & 4.46 49.41 £ 1.11 | 50.66 = 0.84
CIFAR-100 19.88 £ 1.07 | 19.35 £ 0.90 24.56 = 0.32 | 27.47 £+ 0.40 CIFAR-100 23.97 £ 0.64 | 23.15 &+ 0.62 27.21 £0.43 | 30.17 £ 0.11
Tiny-ImageNet | 10.75 + 0.23 | 10.60 + 0.56 10.46 £+ 0.10 | 13.41 + 0.23 Tiny-ImageNet | 12.91 + 0.32 | 12.60 + 0.37 10.81 £+ 0.09 | 13.92 + 0.40
MNIST 31.00 + 2.15 | 25.80 + 3.26 74.95 £ 6.61 | 76.01 £+ 5.52 MNIST 68.89 + 2.86 | 66.88 &+ 2.78 | 95.46 + 0.80 | 94.66 + 0.45
FMNIST 36.04 + 3.76 | 42.09 +5.93 | 62.83 + 1.60 | 59.52 + 2.94 FMNIST 64.75 + 2.68 | 63.02 + 3.14 | 79.81 + 1.21 | 78.40 £ 0.82
20 SVHN 18.60 + 0.95 19.58 + 0.01 50.43 + 2.00 | 52.66 + 9.21 2 SVHN 19.57 4 0.06 19.61 + 0.04 70.64 + 0.69 | 72.63 + 2.88
CIFAR-10 26.22 +2.45 | 28.61 + 1.33 34.87 +2.02 | 41.23 + 3.29 CIFAR-10 37.74 + 3.84 | 42.40 £ 2.10 51.26 + 0.65 | 54.75 + 0.64
CIFAR-100 13.34 £0.43 | 12.50 = 0.59 22.67 + 0.61 | 25.09 + 0.36 CIFAR-100 17.87 £ 1.00 | 16.42 + 0.80 24.22 + 0.48 | 27.10 + 0.59
Tiny-ImageNet | 7.31 £ 0.27 6.46 £ 0.13 8.83 £ 0.25 11.19 + 0.23 Tiny-ImageNet | 9.47 £ 0.24 8.26 £+ 0.15 9.30 £ 0.21 11.77 £ 0.15

An important point to note here is model size. Although Fe-
dOV demonstrates strong performance in some cases, its pri-
mary practical limitation is the large model footprint incurred

Table 6: Parameter Count Comparison
Across Methods

by maintaining multiple experts. In contrast, FedSOV shows [ Clients | FedAvg | FedGF | FedOV | FedSOV*
that this limitation can be effectively addressed through prin- 5 150K 150K | 750K 150K
cipled pruning. As shown in Table [6] the resulting FedSOV 10 150K | 150K | 1.5M 150K
model has the same parameter count as parameter-averaging 20 150K | 150K M 150K

methods, while still achieving performance that exceeds that of FedOV.

When comparing the two paradigms, ensemble-based methods exhibit substantially greater robustness to
data heterogeneity by allowing client models to specialize, rather than enforcing a single global parameter
consensus. This advantage is particularly pronounced in disjoint label-support scenarios, where parameter-
averaging methods struggle to learn meaningful global representations. Beyond robustness, ensemble-based
approaches are also more communication-efficient, as they require fewer training epochs and only a sin-
gle communication round for model upload. This makes them especially well suited for communication-
constrained federated learning settings. In contrast, parameter-averaging methods such as FedAvg and
FedGF are highly sensitive to both heterogeneity severity and client count. As either increases, their perfor-
mance degrades and they require substantially more training due to repeated communication rounds.
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Pruning Ablation Study: 10 Clients, CIFAR-10, Extreme Heterogeneity
Next, we study the effect of the pruning ratio and different . /\W/\
pruning strategies, as illustrated in Figure|3] When pruning is ~—

performed appropriately, increasing the pruning ratio does not
degrade performance and can even lead to accuracy improve-

ments. This behavior is consistent with recent work on ensem-
ble pruning, which shows that while naive pruning strategies

Accuracy (%)

may fail, carefully designed pruning methods can improve out-  *|__ .,
of-distribution generalization [Qiao & Peng| (2024). As shown |~ omdsenm
in the figure, when pruning is applied naively, performance de- pruing ati

grades sharply beyond a certain pruning threshold, highlighting

the importance of informed pruning strategies. Figure 3: Pruning ratio up to 99% pruning.

To evaluate the scalability of our method with respect to the
number of clients, we consider high-client regimes with 50 and Table 7: High Client Count Performance
100 clients on CIFAR-10 and CIFAR-100, with 10 and 100 to- Comparison

tal classes respectively. As the number of clients increases,the

Dataset Heterogeneity Clients [ FedGF | FedOV [ FedSOV*
main results show that parameter-averaging methods degrade I oL I3 | B2 [ 5053
sharply, whereas ensemble-based approaches remain substan- | NowltD (Dirchlet 0.1) [0 | B2 [ 6 | 85.04
tially more robust. This trend persists at very high client e Lop | e Heterogeneiy 0| G | 1h60 | 10489
counts, as shown in Table[7] where parameter-averaging meth- NonTID (Disihlet 0.1) |0 205 | 2139 | 2484

ods largely break down while ensemble methods continue to

perform reliably. According to our theoretical analysis, this robustness can be attributed to stable open-set
behavior, since the resulting error depends critically on the model’s ability to handle open-set recognition.
To further investigate this effect, we report open-set performance results in Appendix and analyze them
in detail, providing additional insight into why the proposed method maintains strong performance at large
client scales.

Table [§ shows the results in a feature-skew setting, where
the underlying task is relatively simple (homogeneously split Table 8: Feature Skew Results on CMNIST

MNIST with only a color shift), and observe that parameter- [Clients | FedAvg FedGF FedOV | FedSOV*

. th d 3 . ., b St t H t .. d 5 95.91 + 0.84 | 96.84 £ 0.28 | 98.38 £ 0.14 | 98.38 & 0.01
averaging methods require substantially more training an 10 | 95.11 % 0.38 | 94.43 £ 0.33 | 97.78 £ 0.13 | 97.56 % 0.03
many additional communication rounds to reach acceptable 20 | 7543£723 | 44.22 & 642 [ 97.31 & 0.22 | 96.54 £ 0.03

performance. Due to the induced domain shift, low-round

training is insufficient for these methods, often resulting in very low accuracy. Achieving reasonable perfor-
mance therefore requires significantly more communication, up to 100 rounds, and even under this extended
training regime performance degrades as the number of clients increases. In contrast, FedSOV achieves
strong performance with substantially less training, a single communication round, and the same number of
model parameters, highlighting its robustness to feature skew as well.

Since the major bottleneck of any ensemble approach is the increasing model size, previous approaches have
proposed distillation as the remedy. However the key limitation of distillation in federated learning is its
reliance on server-side data, which is typically unavailable due to privacy constraints. Distillation is only
feasible in semi-supervised federated learning settings where the server has access to unlabeled data and
can train a student model using the soft predictions of the ensemble. To analyze whether better method of
compression in this case is distillation or pruning, In Table [J] we directly compare the full ensemble with its
compressed variants obtained via distillation and pruning. To characterize an upper bound on distillation
performance, we perform server-side distillation using IID data sampled from the same dataset. For all client
configurations, the pruning ratio is adjusted to ensure an equal parameter budget across methods. The results
show that pruning is not only more practical in federated learning, as it does not require server-side data,
but also consistently yields stronger performance. In fact, the generalization benefits induced by pruning
allow the resulting models to match or even exceed the performance of the full ensemble in many settings.
One additional thing to note is that even in the semi supervised setting where data is available at server, the
distilled student is constrained not only by the capacity of the ensemble but also by the information content
of the available data, since only knowledge supported by the data distribution can be transferred. To study

11
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this limitation, we further investigate through additional experiments with varying data at the server to see
performance in Appendix

Table 9: Comparison of Unpruned Ensembles, Distillation, and FedSOV Across Client Scales

Dataset Heterogeneity Clients | Full Ensemble | Distilled Ensemble | FedSOV*
5 52.20 46.30 51.25
10 37.94 28.69 39.42
Extreme Heterogeneity 20 47.20 43.81 47.83
50 51.66 49.94 50.53
100 52.07 49.51 48.32
CIFAR-10 5 55.67 52.35 52.78
10 49.50 46.69 50.66
Non-IID (Dirichlet 0.1) 20 55.53 53.61 54.75
50 49.43 49.35 53.04
100 50.04 47.45 51.20
5 27.34 25.48 28.67
10 25.17 23.20 25.46
Extreme Heterogeneity 20 25.00 21.50 23.88
50 21.97 16.82 19.89
100 19.76 13.42 18.14
CIFAR-100 5 29.46 28.37 32.42
10 29.34 28.28 30.17
Non-IID (Dirichlet 0.1) 20 25.99 25.51 27.10
50 22.93 22.48 24.84
100 21.62 20.83 22.09

All experiments presented above are conducted using the Simple CNN architecture described earlier. We
adopt this model because it achieves acceptable centralized performance on the datasets considered, while
requiring substantially fewer training epochs and lower computational cost. This makes it particularly
well suited for the large number of federated settings combinations due to large number of experimental
configurations, client counts, and heterogeneity regimes must be evaluated. Larger architectures such as
LeNet, AlexNet, and a Large CNN (implementation details provided in the codebase) typically require more
training and longer convergence times to reach competitive performance. Running the full suite of federated
experiments with such models would therefore be prohibitively expensive. Nevertheless, to verify that the
advantages of our method are not specific to the SimpleCNN backbone, we conduct a targeted model ablation
study. In this ablation, we evaluate pruning across LeNet, AlexNet, and a Large CNN on CIFAR-10 under
an extreme heterogeneity setting with 10 clients. All models are trained for 100 epochs. The results in
Table show that the performance gains from pruning persist across architectures, confirming that the
observed dominance of our method generalizes beyond the SimpleCNN architecture.

Table 10: Accuracy Comparison Across Models

Model FedOV Full Ensemble Distilled Ensemble FedSOV*
LeNet 26.32 30.52 23.57 30.85
AlexNet 25.02 31.88 27.37 33.61
Large CNN 21.84 28.13 25.88 31.67
Simple CNN 29.91 37.94 28.36 39.42

6 Conclusion

In this study we explored an alternative to the dominant parameter-averaging paradigm for federated learn-
ing under high heterogeneity, and showed both theoretically and empirically that ensemble aggregation with
abstention is better suited to addressing heterogeneity in a more communication-efficient manner. The main
practical challenge is model size growth, which we address through FedSOV, showing that pruning can effec-
tively control ensemble size. Our results suggest that improved aggregation and training strategies beyond
parameter averaging can yield significant performance gains in highly heterogeneous settings. There is fur-
ther potential to enhance performance by using improved OSR methods, more effective ensemble aggregation
strategies, and more advanced pruning techniques.

12
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A Proofs

A.1 Theorem 1

We begin by stating the assumptions and restating the theorem, followed by the proof establishing the
optimization error of parameter averaging with respect to the ideal descent step.

Notation We denote by L.(0) = E(, ,)~p.[¢(f(x;0),y)] the expected loss of client ¢, where £(-,-) denotes
the per-sample loss and the expectation is taken over samples drawn from the true client data distribution
D..D denotes the global data distribution obtained as the uniform mixture of client distributions.

Assumption (Regularity Conditions). The following conditions hold:

(i) Smoothness. Each local objective L. is f—smooth, i.e.,

IVLe(0) = VLe(6")]| < 516 — 0']].

(ii) Bounded Gradient Dissimilarity. For all 6 and all clients c,

IVL:(0) = VL(O)[| < B.

(iii) Lipschitz Global Loss. The global loss L(-) is G-Lipschitz, i.e.,
IL(0) = L(6")| < Gl|6 —¢']].

Theorem (One-Round Parameter Averaging Optimization Error). Under the above assumptions, the global
loss of the averaged model after T local gradient descent steps satisfies, for T > 0,

Eave < E@y~n[(forn (@) y)] + G?B((l +nB)7 1) @)

parameter averaging drift

centralized error

Proof. The error of the averaged model L(6(™)) can be decomposed into the error of the ideal centralized
solution and an additional drift term introduced by local optimization and parameter averaging. Specifically,
by adding and subtracting the centralized loss, we write

LOT) = LEOD)  +(LOD) - LE™)). (4)
——
centralized error drift error

To get the drift error we analyze the deviation induced by client heterogeneity by first bounding the gradient
mismatch between local and centralized objectives. For any client ¢ at step t,

VL)) = VL(O™) = VL(0)) = VL(0) + VL(6D) — VL(O™). (5)
Applying the triangle inequality yields
IVLe(68) = VLEW)|| < |VLe(6) = VL) + [VLAOD) = VLEOD)]. (6)
By ({-smoothness of L. and bounded gradient dissimilarity, we have

IVL(6) = VLEOW)|| < 516 — || + B. (7)

Each client performs T local gradient descent steps

9£t+1) — agt) _ UVLL(th))7 9((/0) _ et’
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while centralized gradient descent follows
G _ G _puL@®y, 6O — gt
Subtracting the two updates gives

L) — D) — (610 — 6) — (VL (60) - VLE). ®)

We now average the above relation across all clients. Define the (virtual) averaged local iterate at step t as

1 C
g0 = Ly g,
¢ c=1

Summing equation [§ over all clients and dividing by C, we obtain

C
g+ _ gt+1) _ éz (9£t+1) _ g(t+1))
c=1
1 C B 1 c ~
= 5269 —09) —n(5 D VL) - VLED))
c=1 c=1
C
= (6® — M) — n(é > VL) - VL(é(t))). (9)
c=1

At the first local step ¢t = 0, all models are initialized identically,
00 =6 = g9 e,

which implies 6(©) = §(9. Moreover, since the global objective satisfies

we have

Substituting into equation [J] yields

For subsequent local steps ¢ > 1, the local iterates diverge and the above cancellation no longer holds. Taking
norms of equation [9 and applying the triangle inequality gives

c
_ - _ - 1 -
0+D =804 < 69 00|+ | 5 D TLOY) ~ VLEY)| (10)
c=1
Using equation [7] we obtain
_ - _ - 1 & ~
14D — 6D < 169 — 6] + U > (8160 -6 + B.)
c=1
< (1+08)109 — 69 + 0B, (11)
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Define d; := ||§®) —®)||. From the above, we have d; = 0, and for all t > 1,
diy1 < (1+nB)d; +nB.

Consequently, the following bound holds for 7' > 0.

Unrolling equation [11] for 7" > 0 steps with d; = 0 gives

T-2

dr <nB ) (1+18)". (12)
k=0
Using the geometric series identity, we obtain
B o1
dr < 3 ((1+n8) 1). (13)

From equation [I3]and the Lipschitz continuity of the global loss, for T > 0 we have

L(ET) — L(ET)| < Gf(a BT 1), (14)

Therefore, the error of the averaged model L(é(T)) in equation |4 can be upper bounded as

Ewvg < LOT)  + |LOT) - LOD)]. (15)
——
centralized error drift error

Using the worst-case deviation from the centralized iterate derived above, the average error satisfies, for
T >0,

Eus < Bapon [L{foem @).9)] + 2 (1 9) 1 -1). (16)

parameter averaging drift

centralized error

A.2 Theorem 2

In this section, we analyze the error of the ensemble predictor and characterize its dependence on open-set
recognition (OSR) behavior. We first state the necessary definitions and assumptions, and then derive the
error bound.

Definition (Abstention Scores). Each client ¢ € C :={1,...,C} outputs an abstention probability
fl,c(l') S [O, 1]

The corresponding non-abstention (confidence) score is defined as
ac(z) :=1— fi c(x) €[0,1].

Definition (Oracle and Learned Expert Selection Sets). Let P(C = c¢ | x) denote the oracle posterior
relevance of expert c for input x, and let 7 > 0 be a fized relevance threshold. The oracle expert set is defined
as

S(x) == {ceC: P(C=clax)>71}.

Let a.(x) € [0,1] denote the non-abstention (confidence) score of expert c. The learned expert set is defined
as

S(z) = {c €C : ac(z) > Top-K ({ac (gc)}clec)}7
where Top-K (-) denotes the K-th largest value in the set.
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Definition (Correct, Incorrect, and Missed Expert Sets). Define the correctly selected, incorrectly selected,
and missed oracle expert sets as

Sp(x) = S(z)N8x),  Sy(x):=8@)\Sx), Sulzx):=S)\Sx).

The selection mismatch size is defined as
6(x) = [Sn(z)| = |Sm ()]

Definition (Matching of Mismatched Experts). For any input x € X, since |Sn(x)| = |Sa(x)|, there exists
a one-to-one matching

T(z) C Sy(z) x Su(x)

such that each element of Sn(z) and each element of Syr(x) appears in exactly one pair (n,p) € T(x).
Consequently,

T (2)] = 6(x).

Definition (Learned Ensemble Predictors). Let f. : X — R denote the predictor associated with client
c € C. The learned ensemble predictor is defined as

fos() = 5= 3 fole).
ceé\(w)

Assumption (Modeling Assumptions). The following conditions hold:

(i) Fized Selection Cardinality. For all inputs x € X, the oracle and learned expert sets satisfy
1S(2)] = [S(2)| = K,

for some fized integer K > 1. This implies that for the oracle set, the threshold T is non-static and
satisfies T(x) = P(C' = n(K) | ), where m(K) denotes the index of the K-th largest posterior.

(ii)) Global Realizability. There exists a deterministic target function y : X — Y such that Y = y(X)
almost surely. Consequently, the population risk satisfies

Ex,y[l(g(X),Y)] = Ex[£(9(X),y(X))]
for any predictor g.

(iii) Unbiased Noisy Bayes Estimators. There erists a Bayes-optimal predictor f* : X — R? such
that for any x € X and any oracle-selected expert ¢ € S(x),

fe(x) = [*(z) + ec(),

where the noise satisfies
Ele.(z)] =0, Var(e.(z)) = 02 < 02,
and {&.()}ces() are conditionally independent given x.
(iv) Bounded Expert Disagreement. There exists a constant D > 0 such that for any x € X and any

experts ¢,c’ € C,

[fe(z) = fer ()] < D.
(v) Lipschitz Loss. The loss function £(-) is A-Lipschitz in its first argument, i.e., for all predictions

f(@), f' (@),
[0(f (@) = £(f"(@))] < X[ f(z) = f' (@)l
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Theorem (Optimization Error of the Learned Ensemble). Under the definitions and assumptions stated
above, the excess population risk of the learned ensemble predictor satisfies

= AD
Sens < Ex [E(f(X)ay)] + Ex |:K 5(X):|
—_—
ideal ensemble error

OSR mismatch error

where £(-,y) is A-Lipschitz in its first argument, D bounds expert disagreement, 6(X) denotes the selection
mismatch size, and f(x) denotes the average predictor over the oracle-selected experts.

Proof. We begin by decomposing the population risk of the learned ensemble predictor fe,s as
L(fens) = E(fideal) + (‘C(fens) - E(fideal))- (17)

where L(f) := Ex[¢(f(X),y(X))] denotes the expected per-sample loss. Here, fiqeal denotes the oracle-
selected ensemble predictor, assuming perfect knowledge of the relevance set S(x) but no access to the Bayes
predictor.

Taking absolute values and applying the triangle inequality yields
£(fens) S K(fideal) + |£(fens) - [’(fideal)| . (18)

We next characterize the oracle risk term L(figeal). By Assumption (iii), for any input 2 and any oracle-
selected expert ¢ € S(z), the local predictor can be written as the noisy estimate of the bayes optimal
predictor. Therefore, the averaged oracle selected predictors is

1
flz) = 5@ Z fe(@). (19)

ceS(x)

Under the unbiasedness and independence in Assumption (iii), f(z) satisfies

o2

E[f(z)] = f*(x),  Var(f(z)) <z
|15 ()]
Hence, f(x) is an unbiased, variance-reduced estimator of the Bayes-optimal predictor obtained by averaging
oracle-selected experts. We therefore take f as the oracle reference predictor, noting that under Assumption
(ii), where Y is fully determined by the input X, and Assumption (iii) it is optimal among unbiased ensemble
predictors formed by averaging oracle-selected experts. Consequently the population risk is given by

L(fidear) = Ex [((f(X),y)] - (20)

We now bound the difference between the learned ensemble and the oracle ensemble at the prediction level.
Using the disjoint decompositions we may write

Y h@= Y R+ Y L) (21)

c€8(x) ceSp(z) ceSn ()

and
Yo fele)= Y fl@)+ Yo felw). (22)
ceS(x) ceSp(x) c€Sn ()

Subtracting the two expressions yields

fens(x) - fideal(x) = % Z fc(x) - Z fc(x) ) (23)

ceSn (x) c€Snm(x)
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where the contributions from the correctly selected experts in Sp(z) cancel. By definition [Matching o
[Mismatched Experts| this difference can be rewritten as

fcns(x) - fidcal(m) = % Z (fn(x) - fp(x)) (24)

(n,p)eT (x)

Taking norms and applying the triangle inequality, we obtain

erns(x) - fideal(x)H < % Z ||fn(x) - fp($)|‘ (25)

(n,p)eT ()

By the Assumption (iv), || fn(z) — fp(z)|| < D for all (n,p) € T(z), and hence

D D
erns(m) - fideal(x)H < E |T($)| = ? 5($) (26)
By Assumption (v), for any input z € X,

’E(fens(x)) - g(fideal(x))’ S A erns(-r) - fideal(x)"- (27)
Substituting the bound derived above yields

[ fens(2)) = U fiaear(x))| < A % §(x). (28)

Taking expectations over X and combining with the earlier risk decomposition in we obtain

L(fens) < L(fidear) +Ex D? §(X )} : (29)

By substituting 20| we obtain the final bound,
Eone = Llfem) < Ex[E(FX).0)] + Bx| 2 00%)] (30)
O

A.3 Proposition 1
Mutual Information without OSR

We first specify the assumptions used to characterize the mutual information in the disjoint-label setting
without open-set recognition.

Notation. Y denotes the true label, and Z denotes the label predicted by the client model.
Definition (Ensemble Output). Let Zj denote the output random variable of client k. The ensemble output
is defined as the joint random variable

Zens = (Zh Z27 B ZK)a
where each Zy, takes values in Yy in the absence of open-set recognition, and in Vi U {L} when open-set
recognition (OSR) is enabled.
Assumption (Idealized Disjoint-Label Setting without OSR). The following conditions hold:

(i) Uniform Label Prior.
The global label space is Y = {1,2,...,N}, and the true label Y is drawn uniformly:

1
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(i) Disjoint Label Partitions.
FEach client k is assigned a subset Vi C Y such that

Vel = M, YinY; =0 fori#j, Uyk:y'
k

(iii) Perfect In-Distribution Prediction.
For any label y € Vi, the client model predicts deterministically:

P(Z=y|Y=y)=1

(iv) Uniform Guessing on Out-of-Distribution Labels (No OSR).
For'Y ¢ Y, the model outputs a label from Yy uniformly at random:

P(Z=2|Y ¢V = —

e Vz € V.

Remark 1: The disjoint-label setting considered above implicitly assumes that the number of clients does
not exceed the number of classes. When the number of clients exceeds the number of labels, classes must be
shared across multiple clients. In this case, the analysis does not apply verbatim at the level of individual
clients; however, clients sharing the same label subset can be viewed collectively as a single effective unit.
Under this interpretation, the core structure and intuition underlying the argument still holds.

Remark 2:  Although Assumptions (iii) and (iv) may appear in tension, since perfect in-distribution
prediction could induce systematic bias on out-of-distribution inputs, no such bias can be specified in the
absence of explicit assumptions about inter-class similarity or feature overlap. Lacking principled knowledge
of how out-of-distribution labels relate to in-support classes, we model this uncertainty using the principle
of insufficient reason, leading to a uniform predictive distribution.

Given the above assumptions, the mutual information between the client output Z and the true label Y is
M
1(Z)Y) = WlogM.

Proof

By definition, the mutual information between Z and Y is

I(Z,Y)=HY)-H(Y | 2). (31)

From Assumption (i), the label prior is uniform over N classes, yielding

H(Y) =1logN. (32)

Using the law of total conditional entropy, we expand

HY|Z)= Y P(Z=2HY |Z=2)=-Y P(Z=2)Y P(Y=y|Z=2)logP(Y=y|Z=2z).

2E€Vk 2€Vk yey
(33)
From Assumptions (iii) and (iv), the joint distribution P(Y, Z) is given by
1 —
N y=z¢ ylﬁ
P(Y:y,Z:Z): %a yéylwzeyka (34)
0, otherwise.
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The marginal distribution of Z is obtained by marginalizing over Y:

P(Z=2z)=> PY =y, Z=2z)

yey
=Y PY=yZ=2+)Y PY=yZ=2z). (35)
IShZ® yEVk

Substituting from equation [34] for any z € )}, we obtain

P(Z:z):%—i—(N—M)-ﬁ:%, (36)

and hence Z is uniformly distributed over V.

For a fixed prediction z € ), the posterior distribution P(Y | Z = z) follows from Bayes’ rule:

PY =y, Z =2)

PY=y|Z=2)= 37
(V=ylz=2)= =5 (37)
Using equation |34] and equation we distinguish two cases:
(i) In-distribution label (y = z).
~ M
PY=z|Z=2=24=—. (38)
s N
(ii) Out-of-distribution label (y ¢ V).
1 1
P =y|Z=2="E == Wy¢n (39)
M

Using the posterior distribution derived above, the conditional entropy at a fixed prediction Z = z € Yy is

HY |Z=2)=-) PY =y|Z=2)logP(Y =y|Z=2)

yey
=-P(Y =z2|Z=2)logP(Y =z2|Z=2)- Y PY =y|Z=2)logP(Y =y|Z=2).
¢V
(40)
Substituting the posterior probabilities from equation [3§ and equation [39] we obtain
M M 1 1
_ -7 el I _ A . 41
H(Y | 2=2) = ~5pop( 7 )~ (V= 30)- o) (a1)
Expanding the logarithms and simplifying yields
M M
HY|Z=2)= fﬁ(longlogN) + <1 - N> log N
M M M
=——1logM + —logN 1—=]logN
Nog +Nog —i—( N)og
M
=log N — N log M. (42)
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Since all client outputs are symmetric under the assumptions and the ensemble output Ze,s = (Z1, ..., Zk)
does not reveal which client is informative in the absence of OSR, we apply the law of total conditional

entropy:
K

H(Y | Zens) = 3 P(K =k)H(Y | Z),
k=1
where K is a uniform random index over clients.

Because P(K = k) = 7= and H(Y | Z,) is identical for all clients, this reduces to
H(Y | Zens) = H(YY | Zy).

Since this value is the same for every z € V. and Zj is uniformly distributed over ), we obtain

M
H(Y | Zens) =log N — WlogM.

Mutual Information with OSR

We retain Assumptions (i)—(iii) from the disjoint-label setting and replace Assumption (iv) with the following:

Assumption (Deterministic Abstention on OOD Labels). For any client k and label y ¢ Yy, the client
abstains deterministically:

P(Zk:L|Y:y):1, P(Zk:Z‘Y:y):O, Vz € V.
Remark. Under this assumption, a client produces a non-abstaining output if and only if the true label lies

in its assigned label subset. Combined with disjoint label partitions, this ensures that the ensemble output
uniquely determines which client is informative for any given input.

Proof
We compute the conditional entropy of the true label given the ensemble output. By definition,

H(Y | chs) = ZP(chs = chs) H(Y | chs = chs)~ (43)

Zens
Fix any realizable ensemble output Zens = Zens. By disjointness of the label partitions and deterministic
abstention, there exists a unique label y € ) consistent with zens. Consequently,
P(Y =Y | Zens = Zens) =1, (44)
P(Y = y/ | Zens = zens) = 0; v:g/ 7& Y. (45)

The conditional entropy for this realization is therefore
H(Y | Zens = 2ens) = — Z PY =Y | Zens = 2ens) 108 P(Y =y | Zens = Zens)
y' €y
=—1-logl
=0. (46)

Since equation [46] holds for all realizable ensemble outputs, substituting into equation [43] yields

H(Y | Zens) = 0. (47)

Finally, the mutual information is
I(Zens;Y)=H(Y)— H(Y | Zens) = log N. (48)
O
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B Additional Experiments

B.1 Extensive Federated Algorithm’s Performance Comparison

Table 11: Performance comparison of all methods on CIFAR-10 and CIFAR-100 using Simple CNN, under
extreme heterogeneity and Dirichlet o = 0.1

CIFAR-10 CIFAR-100
Method Extreme o =0.1 | Extreme «o=0.1
FedSOV 39.42 50.66 25.46 30.17
FedOV 29.91 49.41 22.57 27.21
FedGF 25.19 43.59 19.12 23.15
MoFedSAM 26.26 44.92 18.66 22.16
FedSAM 26.56 45.90 18.39 23.21
FedVLS 8.08 51.44 18.88 29.16
FedConcat 16.93 34.28 1.71 1.49
FedGH 13.18 46.95 19.15 24.10
FedAvg 22.17 44.05 18.93 23.97
SCAFFOLD 20.90 42.63 19.65 25.24
FedProx 23.52 44.49 19.03 24.32
FedMoon 16.12 40.77 14.30 19.60
FedDyn 12.88 49.14 10.45 26.99
FuseFL(Resnet™*) 10.83 61.1 36.56 32.89

In Table [IT] we observe that methods explicitly designed to emphasize consensus, such as gradient harmo-
nization, perform poorly under extreme heterogeneity, despite being effective in more moderate heterogeneity
settings. In this regime, there is little to no shared structure across clients for consensus-based mechanisms
to exploit, and the problem manifests in its pure form: fully disjoint information where specialization is
required rather than agreement. FedVLS similarly fails in this setting, as it relies on the global model to
account for missing labels through distillation. When label supports are disjoint, the global model lacks any
information about the missing classes, and the resulting distillation signal adversely affects local updates
at each round, pushing models toward trivial optima. However, when some label overlap exists, FedVLS
performs substantially better, as a limited degree of consensus can be established. FedConcat fails partic-
ularly dramatically in our experiments. While this may partly stem from its sensitivity to hyperparameter
choices, the method requires the number of client clusters to be specified a priori, rather than being inferred
adaptively. Since the optimal number of clusters is scenario-dependent, this rigidity likely explains its failure
under our setting when using the default value of five clusters provided in the original codebase. Addition-
ally, FedConcat incurs a larger model size proportional to the number of clusters, exceeding that of a single
global model.

Classical optimization-based methods such as SCAFFOLD, FedProx, FedMoon, and FedDyn also strug-
gle under extreme heterogeneity. In contrast, SAM-based methods demonstrate more robust performance,
though ensemble-based approaches with explicit open-set recognition are clearly superior, particularly in the
disjoint-label regime. FedSOV further resolves the scalability issue of ensemble methods through principled
pruning, whereas FedOV scales linearly with the number of clients, resulting in a model that is C times
larger than a single model.

Finally FuseFL, This method is evaluated using a ResNet-18 backbone with 100 training epochs per layer-
fusion stage, while the remaining baselines are trained using a Simple CNN. This is because the original
FuseFL implementation relies on a progressive layer-wise fusion procedure in which intermediate feature
blocks are concatenated and then frozen before training subsequent layers. Such layer-wise concatenation
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requires a customized architecture with clearly defined blocks and compatible feature dimensions. The Simple
CNN architecture used by other methods does not support this mechanism without significant modification,
so FuseFL is evaluated using its original ResNet-18 design. However, even with the advantages of a larger
architecture and substantially more training epochs, FuseFL fails to perform well in settings where trivial
solutions are readily available, such as the CIFAR-10 disjoint-class regime in which each client observes
only a single class. In this scenario, learning a constant or degenerate predictor constitutes an easy local
optimum, and the progressive fusion strategy is unable to recover meaningful cross-client structure. As a
result, FuseFL is poorly suited for extreme heterogeneity settings where clients hold highly divergent and
non-overlapping information.

B.2 FedSOV Additional Ablation Experiments

To evaluate the robustness of our proposed method across different degrees of data heterogeneity, we con-
duct experiments by varying the Dirichlet concentration parameter from 0.01 to 0.9. This range spans
highly heterogeneous to near-homogeneous data partitions, allowing us to assess performance sensitivity to
heterogeneity as well as behavior in the homogeneous regime.

Table 12: Performance of FedSOV under different Dirichlet o values on CIFAR-10 and CIFAR-100

Dataset a=001|a=005]a=01|a=05|a=07]|a=08 | a=0.9
CIFAR-10 41.56 50.92 52.05 64.23 64.91 64.62 64.17
CIFAR-100 27.74 29.17 30.48 30.57 30.52 29.65 30.50

We further ablate the effect of latent-space interpolation under extreme label skew by evaluating PROSER
on the full ensemble. Using the unpruned ensemble isolates the impact of latent interpolation from pruning
effects and allows us to assess whether our open-set recognition (OSR) benefit from latent-space interpola-
tion. As shown in Table PROSER does not yield consistent performance improvements in this regime,
indicating that latent interpolation is ineffective when severe label imbalance is the dominant source of
heterogeneity.

Table 13: Effect of PROSER on FedSOV under extreme heterogeneity

Dataset | FedSOV(Unpruned) | FedSOV (Unpruned)-Proser
CIFAR-10 37.94 35.96
CIFAR-100 25.17 23.88

Finally, we ablate open-set recognition (OSR) performance to understand why our method remains effective
in high-client regimes. Our theoretical analysis indicates that overall performance is closely tied to OSR
quality, making its behavior across different client counts particularly informative. We report results for
FedOV, FedSOV, and the full ensemble, which corresponds to the unpruned FedSOV variant.

A caveat in interpreting these results is that classification accuracy serves only as a proxy for OSR perfor-
mance and does not directly measure how well the constructed task reflects true open-set conditions. This
is especially relevant in the CIFAR-100 setting, where increasing the number of clients reduces the number
of classes per client, gradually simplifying the task. In the extreme case of one class per client, OSR effec-
tively becomes a binary decision, and higher accuracy does not necessarily imply stronger OSR capability.
Despite this limitation, the results show that OSR performance remains robust across all client counts, and
according to our theoretical analysis this explains the consistent scalability of our method. In contrast,
parameter-averaging methods degrade sharply as the number of clients increases, even under relatively mild
heterogeneity.
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Table 14: Open-Set AUROC under Extreme Label Skew

# Clients Dataset FedOV Full Ensemble FedSOV

5 CIFAR-10 0.6983 0.7425 0.7360
CIFAR-100 | 0.6149 0.6178 0.6211

10 CIFAR-10 0.6985 0.7373 0.7551
CIFAR-100 | 0.6377 0.6486 0.6479

2 CIFAR-10 0.7211 0.7652 0.7587
CIFAR-100 | 0.6724 0.6960 0.6927

50 CIFAR-10 0.7246 0.7640 0.7663
CIFAR-100 | 0.7153 0.7572 0.7563

100 CIFAR-10 0.7204 0.7554 0.7575
CIFAR-100 | 0.7527 0.7939 0.7974

B.3 Distillation Ablations

A common approach for compressing ensembles is knowledge distillation, which transfers the ensemble’s
predictions to a single student model. However, distillation fundamentally requires data at the server, and
the quality of the resulting student is inherently limited by the amount and diversity of this server-side data.
If the public data is unrepresentative, the distilled model cannot capture knowledge from client distributions
absent in the server data.

In the main experiments, we report an oracle distillation baseline that assumes access to the union of all
clients’ test data at the server. While this provides an optimistic upper bound, it obscures a critical limitation
of distillation in federated settings. To isolate this effect, we ablate distillation performance with respect
to both data diversity and data quantity available at the server. The results of these experiments show
that as the diversity of server-side data decreases, the student model rapidly loses performance, indicating
a failure to transfer the ensemble’s knowledge. Similarly, reducing the total amount of available data leads
to substantial degradation in accuracy. These observations confirm that the performance of the distilled
student is capped not only by the quality of the ensemble but also, and often more severely, by the coverage
of the server-side dataset. This dependence raises a fundamental question: if high-quality, representative
data is available at the server, why not train a centralized model directly? Indeed, the only plausible scenario
where distillation remains meaningful is when the server has access to unlabeled data drawn from the same
distribution as the clients. Even in this favorable setting, however, distillation consistently underperforms
pruning-based approaches in our experiments.

We further ablate the effect of the data source used for distillation and observe that distilling on the same
data used by clients during training yields better performance than using different data from the same
distribution. This is expected, as the ensemble produces more accurate and less noisy soft labels on data
it has already seen. However, this setting constitutes a clear violation of the federated learning paradigm,
arguably more severe than assuming i.i.d. data at the server, since it presumes direct access to client training
data.

Overall, these results highlight a key limitation of distillation in federated learning: its effectiveness is tightly
coupled to server-side data availability, which is often unrealistic or incompatible with privacy constraints.
In contrast, pruning offers a data-free compression mechanism, making it a more principled and practical
alternative for scaling ensemble-based federated learning methods.

Table 15: Ablation: Number of Distillation Clients (Train Source)

Heterogeneity 10 Clients | 9 Clients | 8 Clients | 7 Clients | 6 Clients | 5 Clients | 4 Clients | 3 Clients | 2 Clients | 1 Client
Extreme Heterogeneity 31.55 31.16 27.82 27.08 25.93 25.64 23.31 21.25 20.86 12.66
Non-IID (Dirichlet 0.1) 48.09 46.66 44.95 44.29 43.13 42.24 39.68 39.19 33.18 23.75

Table 16: Ablation: Number of Distillation Clients (Test Source)

Heterogeneity 10 Clients | 9 Clients | 8 Clients | 7 Clients | 6 Clients | 5 Clients | 4 Clients | 3 Clients | 2 Clients | 1 Client
Extreme Heterogeneity 29.02 29.11 25.11 23.88 22.96 20.49 21.92 19.99 16.60 11.38
Non-IID (Dirichlet 0.1) 46.63 45.41 43.53 42.85 41.05 39.66 38.31 36.55 28.74 17.38
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Table 17: Ablation: Distillation Data Ratio Table 18: Ablation: Distillation Data Ratio (Test
(Train Source) Source)
Heterogeneity 1.0 0.75 0.5 0.25 0.1 Heterogeneity 1.0 0.75 0.5 0.25 0.1
Extreme Heterogeneity | 31.55 | 31.63 | 28.25 | 28.98 | 27.74 Extreme Heterogeneity | 29.02 | 29.71 | 27.62 | 23.84 | 22.02
Non-IID (Dirichlet 0.1) | 48.09 | 45.94 | 45.33 | 43.03 | 41.01 Non-IID (Dirichlet 0.1) | 46.63 | 45.20 | 42.65 | 37.34 | 31.61

B.4 SVHN Mode Collapse experiments

n the main results, we observe that parameter-averaging methods collapse dramatically on SVHN. This
behavior is consistent with our discussion in Section 3.1, where we mentioned that drift error under parameter
averaging may lead to oscillatory dynamics around suboptimal solutions. On SVHN, this manifests as
a complete collapse of the learned model. As shown by the confusion matrices, the models degenerate to
predicting a single dominant class (class 1) for all inputs, indicating a failure to learn any meaningful decision
boundaries as training progresses. A key distinction between SVHN and the other datasets lies in the global
label distribution. SVHN is inherently imbalanced at the dataset level, with certain classes dominating even
when aggregating data across all clients. In contrast, the other benchmarks considered are globally balanced,
with imbalance arising only at the client level. As a result, on SVHN the global signal itself is biased, and
parameter averaging fails to recover a meaningful consensus direction. Consequently, averaging is unable to
escape the trivial constant solution, leading to collapse across all parameter-averaging-based methods.
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Figure 4: SVHN performance under high heterogeneity with 10 clients. Confusion matrices illustrate the
collapse due to label imbalance.

Table 19: Class distribution of the SVHN dataset

Class 0 1 2 3 4 5 6 7 8 9
7# Samples | 4948 13861 10585 8497 7458 6882 5727 5595 5045 4659

C Additional Discussion

C.1 Comparison of Ensembles and Parameter Averaging Beyond Data Heterogeneity

Beyond heterogeneity due to label skew, federated learning systems face several practical challenges such as
system heterogeneity, model heterogeneity, and continual learning.

System heterogeneity. Clients often differ in compute power, communication availability, and partici-
pation frequency. Parameter averaging methods like FedAvg require synchronized updates, making them
sensitive to such variation. In contrast, ensemble-based methods operate independently: each client updates

its own model locally, with no need for synchronization. As a result, ensembles are naturally robust to
system heterogeneity.
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Model heterogeneity. In real-world deployments, clients may have different hardware capabilities or
application needs that demand varying model architectures during training. FedAvg assumes identical ar-
chitectures for parameter alignment, making it incompatible with such settings. Ensemble methods impose
no such restriction, as aggregation occurs at the output level, allowing clients to train heterogeneous models
without modification during local training.

Continual learning. Incorporating continual learning techniques into parameter-averaging frameworks is
difficult due to their bilevel optimization structure and global synchronization. Ensemble methods, however,
allow each client to update its local model independently using standard continual learning approaches.
Clients can fine-tune models on new data and seamlessly update their contribution to the ensemble, enabling
modular, scalable, and communication-efficient adaptation over time.

C.2 Inference Latency in Pruning and Distillation

Inference latency (wall-clock time from input to output) is a critical consideration for the practical adoption
of federated ensemble methods, especially in edge and mobile deployments where compute resources are
constrained. While accuracy improvements are important, real-world deployment often depends on whether
a method can deliver predictions within strict time budgets. In this context, it is valuable to compare the
theoretical latency of a pruned ensemble against a distilled monolithic model, as these two represent the
primary deployment strategies for the ensemble FL framework

Note. To avoid conflicts with previously defined notation, we use nonstandard symbols for several quantities
in this section.

We model inference latency in terms of FLOPs, throughput, and overheads. Let .# denote the number of
floating point operations (FLOPs) for the baseline monolithic model, p the sustained device throughput
(FLOPs/s), and ~ the constant launch and synchronization overhead. The latency of a single monolithic
model is
F
Tmono ~ 7Y+ —.

For an ensemble of C' (number of clients) such models running across n < C' concurrent execution contexts,

the latency is
c ZF
Tens, full ~ ";-‘ 7+ .
I

where [-] denotes the ceiling operator, i.e., rounding up to the nearest integer.

We now introduce pruning. If a fraction P of FLOPs is removed, then under the assumption of linear FLOP
reduction, the remaining operations per branch are (1 — P)%#. An efficiency factor w € (0,1] accounts for
imperfect sparse kernel utilization (oo = 1 corresponds to ideal structured pruning). The latency of a single

pruned branch is
(1-P)F
Tbranch ~ ’7"’_ T
w

and the ensemble latency becomes

=)

~ | C
Tens, pruned ~ ’Vﬁ—‘ (74—

Assuming negligible overhead (v ~ 0) and ideal efficiency (w = 1), the condition for the pruned ensemble to
be faster than the monolith is
1
Tens, pruned < Tmono — (1 - P) < W
This inequality highlights that higher pruning ratios are required when parallel execution is limited. In-
tuitively, if sufficient parallel contexts are available (n = C'), then [C/n] = 1, and the ensemble is never
slower than the single model, since no individual branch is larger than the monolith and all branches can
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be executed simultaneously. When parallelism is constrained (n < C), however, enough FLOPs must be
pruned from each branch to compensate for sequential evaluation across groups of branches.

In practice, achieving such speedups requires industry-grade engineering. Our proof-of-concept experiments
use standard PyTorch unstructured pruning, which zeros weights but does not reduce actual FLOPs in
execution. Without specialized sparse kernels and hardware-optimized inference code, the wall-clock time
remains dominated by dense operations. Furthermore, our experimental setup does not exploit inter-branch
parallelism, so ensemble latency is higher than distilled latency in practice. The above derivation should
therefore be interpreted as a theoretical upper bound, illustrating that under optimal parallelism and pruning
conditions, pruned ensembles can match or surpass monolithic models in inference speed, but realizing these
gains in deployment requires significant systems-level optimization.

C.3 Theoretical Training Time Analysis: Pruning vs. Distillation

We first define the baseline training cost for the standard ensemble FL setting without pruning or distillation.
Let:

e (C = number of clients.
e FE = total local training epochs per client.

o Tepoch = wall-clock time to train for one epoch on a given client model.

In one-shot FL, all clients train locally for E epochs in parallel, so the total client-side time budget is:

TOneShot =F- Tepoch-

Pruning. For FedSOV, we use iterative pruning with short local training phases between pruning stages,
followed by a final fine-tuning phase after the target sparsity is reached. Let:

e K = number of pruning stages.
e e, = local epochs per pruning stage.

o ey = local epochs for final fine-tuning after reaching full pruning ratio.

The total client-side time is then:

Tprune = TOneShot + - €p - Tepoch~

Distillation. For distillation, each client first trains locally, then the server performs additional training
to transfer the ensemble’s knowledge into a single student model. Let:

e FExp = number of distillation epochs on the server.

1o = time for one server epoch on the student model.

The total training time is:

server
Taistin = Toneshot + EKD - Tepoeh -

Comparative Analysis. The difference in total training time between pruning and distillation is governed
by the additional overhead terms Exp - T35 .c and K - €y - Tepoch, respectively. Which approach is more
time-efficient therefore depends on the relative magnitude of these quantities. In practice, however, server-
side distillation typically requires a sufficiently large number of distillation epochs to integrate knowledge
from all C' client models into a single student network. As a result, the server-side cost Fxp -T:Sg‘éff is often
substantially larger than the cumulative pruning overhead K - e, - Tepoch incurred by FedSOV. Nevertheless,
this comparison is context-dependent and may vary with model size, server compute capacity, and the

complexity of the client ensemble.
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D

Algorithm

The pseudocode of our method is provided below to illustrate the main idea and overall workflow. For full
implementation details and reproducibility, we refer the reader to the accompanying code repository.

Algorithm 1 FEDSOV — Federated Scalable Open-Set Voting

10:
11:
12:
13:

14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:

32:

33:

34:
35:

© ® NP Rw

Client-side execution (for all clients i in parallel)

: Client i input: local model f;(-;6;), initialization 69, pruning epochs Epyune, main training epochs

Fnain, pruning stages K, pruning ratio p, learning rate n
Initialize 6; « 69
Pruning phase: subnetwork selection via lottery ticket pruning
Initialize pruning stage counter k + 1
for e =1 to Epryne do

Generate negative samples D; neg — NEGGENan(Dj' )

92’ — 92 - 7]v9£05r(9i; ’Dj_, Di,ncg)

if e mod (Eprune/K) = 0 and k& < K then
m{™ < TopN,;_,(|6:])

Ek) + binary mask retaining the top (1 — p) fraction of weights by magnitude
0; — m™ @69
k+—k+1

end if

end for

m

Main training phase: open-set training of pruned models
Initialize stage counter s + 1
for e =1 to Epain do

if e mod (Epain/3) =0 and s < 3 then
s+ s+1

end if

if s> 1 then
Dies < NEGGEN,,4(D;)

end if

if s > 2 then

f S

Des NEGGEN(gsm (D;7)
end if
if s > 3 then

Dshutfle  NEGGENshufie (D;)
end if

fgs shuffl
Di,neg — D?,llllgeg U D?igr?:é U D:i’,nuege
91’ <~ 92 - nveﬁosr(ei; Dj, Di,neg)
end for

Client output: local model f;(-;6;)

Server-side aggregation

Server input: client models {f;}

Top-K open-set voting based on confidence scores
S(x) < TopK,(av(x))

1
fr(@) « K Y ies(a i)
Server output: global model f*
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Operator definitions. TOPN: magnitude-based pruning retaining the largest-weight fraction. TOPK:
selection of the K most confident clients. NEGGEN: local generation of synthetic negatives via augmentation,
FGSM, and label shuffling.

32



	Introduction
	Background and Related Work
	Parameter Averaging vs. Ensemble with Abstention
	Optimization Error
	Insights from Extreme Label Skew Scenario

	Methodology
	Designing the OSR Task
	Pruning as a Solution to Scalability

	Experiments
	Experimental Setup
	Main Results

	Conclusion
	Proofs
	Theorem 1
	Theorem 2
	Proposition 1

	Additional Experiments
	Extensive Federated Algorithm's Performance Comparison
	FedSOV Additional Ablation Experiments
	Distillation Ablations
	SVHN Mode Collapse experiments

	Additional Discussion
	Comparison of Ensembles and Parameter Averaging Beyond Data Heterogeneity
	Inference Latency in Pruning and Distillation
	Theoretical Training Time Analysis: Pruning vs. Distillation

	Algorithm


