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Abstract

Bias and fairness are central concerns in machine learning, particularly in recommendation
systems that may reinforce gender, age, or occupation stereotypes. In parallel, federated
recommendation has emerged as a privacy-preserving alternative to centralized systems,
particularly in cross-device settings where data remains on user devices. Despite exten-
sive studies of bias in centralized recommendation, its behavior under federated training
remains largely underexplored. Indeed, the transition to a decentralized architecture intro-
duces additional sources of statistical skew and uneven representation across users, making
the impact of federated learning on bias dynamics unclear. Furthermore, most existing bias
mitigation techniques rely on sharing sensitive user or item attributes, which conflicts with
the privacy constraints inherent to federated learning. In this work, we investigate how
federated training influences the emergence of gender and user activity bias in cross-device
federated recommendation systems. We further adapt an existing bias mitigation approach
to the federated setting and propose a privacy-aware framework for bias mitigation that does
not require sharing sensitive attributes. Our results show that, under certain conditions,
federated training can introduce less bias than its centralized counterpart. Across datasets
and model families, we observe a consistent reduction in gender-based bias under FL set-
tings, while popularity (activity) bias exhibits model-dependent behavior and can increase
in graph-based user-expansion methods. Moreover, we demonstrate that effective bias mit-
igation is feasible in federated recommendation while preserving user privacy. Our Source
code, datasets and trained models are available at https://anonymous.4open.science/r/
Bias-and-cross-device-Federated-recommendation-50D5/

1 Introduction

Recommender systems are no longer evaluated solely by their predictive accuracy. Beyond performance,
a growing body of work has shown that recommendation models can systematically amplify social and
behavioral biases, affecting both users and content providers Boratto et al. (2022); |Ekstrand et al. (2018);
Wei & He (2022)). These biases manifest in forms such as popularity amplification, exposure imbalance,
feedback loops, and disparities linked to sensitive user attributes Boratto et al.| (2022). As a result, fairness-
aware recommendation has emerged as a major research direction, with numerous methods proposed to
mitigate biases related to gender, age, or user activity |Ekstrand et al.| (2018])); Kheya et al.| (2025); |Boratto
et al.| (2022). However, most of these approaches assume centralized access to user interactions and global
group statistics. The increasing adoption of Federated Learning (FL) for recommendation fundamentally
alters this setting: training is decentralized across clients Wang et al.| (2024)), sensitive attributes remain
local, and global statistics are no longer directly observable. As a result, the assumptions underlying many
existing fairness interventions no longer hold.

Federated recommendation can be instantiated in two main paradigms: cross-silo FL Kalloori & Klingler
(2021), where a limited number of organizations collaboratively train a shared model, and cross-device
FL |Sun et al.| (2024)), where each client corresponds to an individual user device. In this paper, we focus
on the cross-device setting, which introduces distinctive bias dynamics compared to centralized training.
Indeed, in cross-device FL each client updates the model solely based on its own interaction history, and the
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global model is formed by aggregating gradients from a dynamically sampled subset of users. Because user
interaction data is inherently heterogeneous and often correlated with demographic or behavioral attributes,
local updates may reflect skewed group-specific patterns. Moreover, client participation is intermittent and
non-uniform, meaning that certain user groups may be over- or under-represented in different training rounds.
These dynamics introduce additional sources of imbalance beyond those present in centralized optimization.
Whether decentralization amplifies or attenuates disparities across sensitive attributes is therefore not the-
oretically obvious and depends on factors such as client sampling, aggregation mechanisms, and local data
heterogeneity.

Although fairness in recommendation has been extensively studied in centralized settings, and recent work
has begun to explore fairness-aware methods in federated recommendation |Liu et al.| (2022); |Agrawal et al.
(2024)), a systematic understanding of how decentralization itself affects bias remains limited. Existing studies
typically focus on adapting specific mitigation techniques to federated training, without directly comparing
federated and centralized models under aligned architectures and optimization settings. As a result, it
remains unclear whether observed differences in bias stem from the learning paradigm, the model design,
or the mitigation strategy employed. Furthermore, many fairness interventions are formulated under the
assumption that sensitive attributes and global group statistics are centrally accessible [Kheya et al.| (2025)),
an assumption that does not hold in cross-device federated environments. Consequently, the relationship
between federated optimization and bias dynamics is not yet well characterized, and the transferability of
centralized mitigation methods to federated settings remains an open question.

In this work, we focus on disparities associated with sensitive user attributes, specifically gender and user
activity. Gender is a widely studied demographic attribute in fairness-aware recommendation [Kheya et al.
(2025)), while user activity—often defined relative to global interaction statistics Xuan et al.| (2025)); |Ji et al.
(2022)—captures disparities between highly active and less active users. In cross-device federated settings,
these attributes introduce distinct challenges: sensitive information remains local to user devices, and global
group statistics cannot be directly computed without additional coordination mechanisms. Consequently,
mitigation strategies developed for centralized training cannot be directly applied in decentralized environ-
ments. To address this gap, we conduct a systematic comparison of bias in centralized and cross-device
federated recommendation under closely aligned model families, including MF /MetaMF Koren et al.| (2009));
Lin et al.| (2020b)), NCF /FedNCF [He et al.|(2017)); [Perifanis & Efraimidis (2022), VAE/EFVAE |Liang et al.
(2018)); [Zhang et al| (2024c)), and Light GCN with FedPerGNN He et al,| (2020); [Wu et al.| (2022). Us-
ing established bias metrics such as Category Coverage (CC) and Category Discounted Cumulative Gain
(CDCG) Kheya et al.| (2025), we evaluate whether transitioning to federated optimization alters the mag-
nitude or direction of sensitive-attribute disparities. Furthermore, we adapt an existing in-training bias
mitigation strategy to the cross-device setting through privacy-compatible aggregation mechanisms that
avoid direct sharing of sensitive attributes. This design enables us to assess not only how bias behaves
under federated training, but also how mitigation strategies transfer across centralized and decentralized
paradigms.

Our main contributions are summarized as follows:

o A systematic comparison of gender and user activity bias in centralized and cross-device federated
recommendation under aligned model families (MF/MetaMF, NCF/FedNCF, VAE/EFVAE, and
Light GCN-based variants) and evaluation protocols.

o A reproduction of the results from Kheya et al.| (2025 under a cross device federated scenario.

o A privacy-compatible adaptation of the in-training bias mitigation method of |[Kheya et al.| (2025)
to the cross-device federated setting.

e An ablation study analyzing how federated optimization parameters and mitigation hyperparameters
influence the emergence and evolution of bias.
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2 Related work

This section reviews prior work on fairness in Al, bias in recommendation systems, and federated recommen-
dation. We focus on studies most relevant to consumer-side bias and its mitigation in cross-device federated
settings.

2.1 Bias and Fairness in Al

Bias in machine learning refers to the unfair inclinations affecting the model’s outcomes. This can arise from
(i) the data, when it contains historical patterns reflecting existing stereotypes; (ii) from humans, through
biases during the data collection, development, or deployment process; and (iii) from the models themselves,
when design choices lead to skewed predictions [Mehrabi et al.| (2021); [Kheya et al.| (2024). Recent research
in the field of fairness in AT Models has focused heavily on the application of fairness definitions introduced
by Hardt et al| (2016), such as Equalized Odds Dablain et al| (2022); Yang et al.| (2023); Zhang et al.|
(2018b)); Bharti et al.| (2023); [Yu et al.|(2024); Mishler et al. (2021), Equal Opportunity |Geyik et al.| (2019);
Zhang et al.| (2018b)); Huang et al. (2022), and demographic parity |Geyik et al| (2019); Denis et al.| (2024);
Pereira Barata et al.| (2024)); Li et al.|(2021a));|Zhang et al.| (2018al); Kheya et al.| (2025)); Rosenblatt & ‘Wltter|
(2023) (among others), to develop methods to mitigate biases in such models. These mitigation schemes focus
on ensuring group-level fairness, for instance, ensuring users of different sensitive attributes get a similar
number of positive outcomes. Based on such definitions, practitioners can design bias mitigation strategies
that operate at different stages in the AI pipeline: pre-processing, which involoves modifying the data itself
to reduce bias Bellamy et al.| (2019); Chakraborty et al.| (2020)); Tosifidis et al.| (2019)); Rastegarpanah et al.|
; in-processing, which directly penalizes the model during training to prevent it from learning biased
representations [Kheya et al.| (2025); [Yao & Huang| (2017)); Du et al.| (2021a)); |Qi et al| (2022)); and post-
processing, which adjusts the output of the model once its done training to correct for bias [Fu et al.| (2020);
[Li et al. (2021al); [Singh & Joachims| (2018); Naghiaei et al.| (2022).

2.2 Bias in Recommendation Systems

Bias in recommendation systems can manifest in several ways, and the mitigation strategies employed can
be multi-sided. These include: provider-side fairness, which focuses on fair exposure of providers; consumer-
side fairness, which aims to provide similar recommendations regardless of the users’ sensitive attributes;
and CP-fairness, which jointly accounts for fairness for both parties . As our work centers
on consumer-side bias and fairness, this section provides an overview of the existing work in this field.
Several studies have revealed inequalities in recommendations, with different outcomes for users with different
demographic attributes (like gender age, occupation) Kheya et al.| (2025)); Ferraro et al| (2021)); [Yang et al.|
(2020); Boratto et al.| (2022); Zhu et al.| (2020; 2018); Wei & He (2022) as well as characteristics such as user
popularity /activity [Ekstrand et al. (2018); Abdollahpouri et al. (2017; [2021a4b)); [Lin et al| (2020al); [Kowald

et al] (2020).

2.3 Federated recommendation

Federated recommendation (FR) is a field of study that aim to develop recommendation sytems in FL
settings. Since recommendation systems are designed to leverage users’ data, like their preferences, personal
information and historical interactions Nguyen et al.| (2024al). FR Systems can be categorized into two broad
paradigms, cross silo (or cross-platform) settings where multiple organizations collaborate to build a shared
recommendation system without sharing their data, and Cross-device where each user represents a single
device . In cross-device setting, the recommendation system must be able to learn from user
interactions across different devices, with only one user’s interactions, rendering Collaborative filtering in
particular challenging. For this reason, many centralized recommendation algorithms and techniques need
to be adapted to FR settings to operate under such challenging scenarios. Such methods include, Matrix
Factorisation (MF)Chai et al| (2021); Du et al.| (2021b)); [Lin et al.| (2020b)), Neural Collaborative filtering
(NCF) [Perifanis & Efraimidis| (2022); [Ali et al.| (2025), variational autoencoders [Zhang et al. (2024c)), Two-
tower systems |Zhang et al.| (2024a)) or GNNs Wu et al. (2022); [Agrawal et al| (2024); Qu et al.| (2023). Other
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contributions on cross-device FR, over the years range from local resource for training and communiction
overhead Dogra et al.| (2022); [Muhammad et al.| (2020); Nguyen et al| (2024b), exploring recommendation
specific alternatives to FL methods such as client selection and aggregation |[Zhang et al.[(2024b); [Muhammad
et al.| (2020)), security investigations [Yin et al.| (2024); Zhang et al.| (2022; [2024d)) to encryption and privacy
preservation [Zhang et al.| (2024c)); Nguyen et al.| (2024b).

Previous work has shown how federated recommenders can exacerbate both user-group biases, including
disparities based on activity and sensitive attributes Liu et al| (2022); Li et al| (2025). To mitigate such
biases, existing approaches propose fairness-aware optimization objectives |Li et al.| (2025)); |Liu et al.| (2022));
Agrawal et al|(2024); [Wang et al.| (2025). While these works mitigate bias (following their adopted notion of
fairness), they can fall short in (i) conducting a systematic comparison between multiple federated and cen-
tralized recommendation systems when evaluating consumer-side fairness; (ii) considering multiple sensitive
attributes (like gender and activity); (iii) evaluating and mitigating bias in a granular manner by explicitly
incorporating item categories (like genres for movies), into the fairness assessment.

3 Preliminaries and Problem Formulation

Notations: We consider a cross-device FR setting with an honest-but-curious server, where each client
corresponds to a single user and holds private interaction data as well as sensitive attributes. These attributes
may include demographic information (e.g., gender, age, occupation) or behavioral characteristics (e.g.,
activity level, popularity). The central server coordinates training but does not have access to raw user data
or sensitive attributes.

Formally, let U = {u1,...,un} denote the set of n users and V' = {vy,...,v,} the set of m items. User—item
interactions are represented by a rating matrix R € R™*™, where each entry r;; indicates an interaction
(e.g., rating, click, or purchase) between user u; and item v;. Each user v € U has a sensitive attribute
a,, € A known only locally to u, with A a set of values for a sensitive attribute (e.g., A = {m, f} for gender,
or A = {teen, adult, senior} for age, etc). Each item v is associated with a set of categories C,, C C, with C
representing the set of all categories (e.g, Movie categories, Business types, Book Genres, etc.). Finally, let
TopK,, C V denote the set of top-K items recommended to user u by a given recommendation model.

Bias Metrics: To quantify bias in recommendation outcomes, we employ two exposure-based metrics:
Category Coverage (CC) and Category Discounted Cumulative Gain (CDCG) Kheya et al.| (2025). CC and
CDCG are respectively defined as follows:

Liieyne #0}
CC(c Z Z —UenCo 0} (1)
|U| |TopK 2= Gl
L{{eync, 0y
CDCG(e,U) w7l 2
|U| Z |T0p ul veTzO;K |Cy|m (2)

where 1 represents the binary indicator, and 7 represents the rank of item v in the TopK,,.

These metrics measure the relative exposure allocated to item categories in recommendation lists and allow
us to quantify disparities across sensitive user groups.

Problem Formulation: Our objective is to investigate how transitioning from centralized recommendation
to cross-device federated recommendation affects bias in top-K recommendations, particularly gender bias
and user activity bias. Let M denote a recommendation model, instantiated either as a centralized model
Meent or a federated model Myoq. Let B(M) represent a bias metric computed using CC or CDCG. We
define the bias difference between learning paradigms as:

AB = B(Mjfeq) — B(Mcent)- (3)
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Our goal is to determine whether federated optimization amplifies or attenuates sensitive-attribute disparities
relative to centralized training, and to identify the conditions under which this occurs (e.g., model archi-
tecture, aggregation method, client sampling). Furthermore, we adapt an in-training group-level fairness
regularization method from centralized settings to the federated context, ensuring that sensitive attributes
remain local to clients. We evaluate the effectiveness of this mitigation strategy and compare bias levels
across centralized and federated models before and after mitigation. Our key research questions are:

1. How does bias in federated recommendation compare to centralized recommendation?
2. What factors influence the bias difference AB?

3. How effective are bias mitigation strategies in the cross-device federated setting?

4 Theoretical intuitions of Bias in FR

This section analyzes how the transition from centralized to federated training can alter bias dynamics in
recommender systems. Rather than providing a formal proof, we outline key mechanisms through which
federated optimization may either amplify or attenuate existing disparities. The goal is to provide an inter-
pretable reasoning framework that supports the empirical observations and informs the design of mitigation
strategies.

Effect of Client Heterogeneity and aggregation on Bias: A fundamental difference between centralized
and federated training is that, in FL, the global update results from aggregating gradients computed on
locally skewed client data. In cross-device recommendation, where each client corresponds to a single user,
this skewness reflects user-level demographic or behavioral characteristics. For demographic attributes (e.g.,
gender or age), each client update represents one individual. The global update thus becomes a mixture
of group-specific gradients. If participation probabilities differ across groups, the aggregated model may be
influenced disproportionately by overrepresented users. For instance, if a fraction frac of sampled clients
belongs to one group and 1 — frac to another, deviations of « from the true population proportion can
shift optimization toward the dominant group’s interaction patterns. However, because aggregation occurs
at the user level and across randomly sampled subsets, the resulting global update can also dilute persistent
majority dominance observed in centralized training, particularly when centralized optimization overfits to
globally prevalent patterns. Behavioral attributes, in contrast, are defined by interaction patterns rather
than inherent characteristics. In cross-device FL, heterogeneity appears in the size of local datasets. Under
aggregation schemes like FedAvg, where updates are weighted by local data size, highly active users can
exert greater influence. Yet centralized training similarly over-represents active users through interaction-
level sampling. In practice, user-level aggregation may partially decouple interaction frequency from update
frequency, potentially attenuating activity-driven disparities.

Effect of User Expansion on Behavioral Bias: In federated recommendation frameworks that incor-
porate user expansion (e.g., FedPerGNN), clients augment their local data with information from other users
who share at least one interaction. While this increases effective sample support, it can structurally favor
already active users. Highly active users are more likely to appear in multiple expansion sets, causing their
interactions to be repeatedly propagated across clients. When such users are selected in a training round,
their updates reflect not only their own interactions but also the aggregated influence of others’ expansions,
amplifying their contribution to the global model. This mechanism differs from item-side popularity bias:
the amplification occurs at the user level, increasing the relative influence of already active users rather than
merely reinforcing popular items. As a result, user activity bias may intensify even if other disparities di-
minish. Consistent with this intuition, our experiments suggest that while user expansion can reduce certain
demographic disparities (e.g., gender bias), it may simultaneously exacerbate activity-based behavioral bias.

Effect of Performance Degradation on Observed Bias: In cross-device federated recommendation
settings, models often exhibit lower overall ranking performance compared to centralized training due to



Under review as submission to TMLR

limited local data, partial client participation, and constrained communication. This performance degrada-
tion can lead to a superficial reduction in measured bias: the predicted scores across items become flatter,
and the Top-K recommendations for each user may include a wider variety of items, including less popular
ones. While this can reduce metrics such as CC or CDCG, it is important to note that this reduction does
not reflect genuine bias mitigation, but rather a side effect of diminished discrimination power in the model.
Empirical studies in cross-device federated recommendation have observed that lower-quality models may
exhibit lower concentration on popular categories, yet at the cost of reduced recommendation relevance.

5 Privacy aware mitigation of bias

In this section, we explore and adapt to the FR setting, a mitigation strategy based on fairness loss reg-
ularization introduced in [Kheya et al.| (2025). Following that work, we use the Category Coverage metric
defined in Equation[I] However, other metrics could also be used to compute the loss, as our approach is, in
principle, generalizable to other training-loss-based regularization methods. In order to compute Equation [I]
and the fairness regularization term Kheya et al.| (2025) on the server, we require estimates of (i) the cate-
gory exposure scores aggregated over users belonging to each sensitive attribute value, and (ii) the number
of users in each attribute group. We denote these aggregated quantities by S and q, respectively.

First, we compute a category exposure measure of user u; for category c, denoted x,, which represents the
part of CC in Equation [I] that can be computed locally, and is defined as:

1 L{eync, 203

tie= Y Lancy (1)
TopK, | 2=~ |G|

This quantity measures the fraction of the recommendation list allocated to category c,, normalized by the

number of categories associated with each item. The resulting vector:

Xy = (Tuyeys - - - ’chm) € RICI (5)

represents the category exposure profile of user u;. To enable group-level fairness estimation without revealing
sensitive attributes, each user u constructs the necessary statistics for each attribute a € A locally, namely,
Ny,q, the local count of sensitive attribute a (aka, 1 or 0 in a cross device FR) and s,, , the category exposures
across all categories for user u with respect to the attribute a, such as:

Xy if a,, = a, 1 ifa, =a,
Su,a = { Qu,a = { (6)

0ic| otherwise, 0 otherwise.

Thus, each client produces for all @ € A a matrix for category exposures S, € RI4IXICl and a one hot
encoding for the attribute count q,, € R4l but never transmits the attribute a, or the categories exposures
scores for u explicitly.

We mainly rely on secure aggregation to transmit and protect these local statistics. Secure aggregation is a
cryptographic mechanism that guarantees that the server can only observe aggregated sums of client inputs
and learns no information about any individual client’s values beyond what is implied by these sums|/Bonawitz
et al.| (2017)). Thus, the server receives the global statistics, such as:

uclU uelU

without having access to the individual local statistics S,, and qﬂ

Operationally, there exist multiple secure aggregation protocols that can achieve this outcome [Zhang et al.
(2025). One example is pairwise masking |[Bonawitz et al.| (2017) where each client masks its value with

n practice, we collect q only once at the beginning of the training, since the statistics are unlikely to change during
the process. This can decrease communication costs and the risks of revealing the information through adaptive subsampling
attacks.
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random noise that cancels out across clients. Specifically, let’s consider q,, stored locally for each user u (will
be the same process for S,,), in order to transmit a global sum q across all clients, each user u constructs a
mask:

mui = qu,i + E ru,i,ujv

u; €U uj#u;

where r,, ,,; are pairwise random masks satisfying ry; ., = =Ty, ;.- When the server aggregates all messages:
§ m,, = E Qo
uelU uelU

Since all random masks cancel out, the server can recover the sum of client inputs q but cannot infer any
individual contribution?

Now that the server has access to the global aggregated statistics, it computes the group-wise CC for every
group and category:

wn

CCyo = 22E, (8)

a

where S, . denotes the aggregated exposure of category c for the group of users with sensitive attribute value
a. The server then computes the global fairness signal Lg,;, as a sum of the global group disparity across all
categories, for all pairs of sensitive attributes (a;, a;) € A:

Efair = Z Z |Ccai,c - Ccaj,c|7 (9)
ai,ajEA ceC
aﬁéaj

The server then broadcasts L., (or a smooth transformation thereof) to all participating clients. Each
client incorporates the broadcast fairness signal into its local training objective. The overall local objective
becomes:

L:u = (]- - a)»crec,u + a»cfairv (10)

where Lyec ,, is the standard recommendation loss like MSELoss or BPRLoss and « € [0, 1] controls the trade-
off between accuracy and fairness. We must note that if each client performs multiple local optimization
steps, which is often the case in FL architectures. L, would be reused for multiple epochs, however our
ablation study in Section [6.4.3] shows that this has little impact on the bias reduction and performance of
the system.

Potential limits of secure aggregation protections Secure aggregation can be a sufficient privacy
protection layer under multiple threat models. However, while it protects individual client inputs, the server
has access to the exact aggregated outputs. In our general case, having access to exact aggregated outputs
(exact global statistics) can be viewed as desirable for accurately computing the fairness signal. However,
under more adversarial assumptions, the availability of exact aggregates may still enable inference about
individual clients or sensitive groups. Here is an overview of some assumptions that may impact the privacy
of the system:

o Differencing Attacks: In real-world scenarios, participation is typically dynamic, clients may join
or leave between rounds due to connectivity or availability. From consecutive rounds of group-level
statistics (S, q(®), the server may infer some information about users. For example, in the extreme
case where a single client from a sensitive group drops out between two rounds, the difference between
the aggregates may approximate that client’s contribution. This risk increases when participation
sets are small or variable.

20ther considerations for modern secure aggregation protocols incorporate mechanisms for handling client dropouts and
communication failures |Zhang et al.| (2025). However, this falls beyond the scope of this paper; we can theoretically employ
any secure aggregation method for transmitting sensitive attributes.
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e Malicious Server and Adaptive Subsampling: if we assume a malicious server, instead of our honest-
but-curious assumption, the server may attempt to isolate subsets of clients across multiple rounds
to infer their attributes. More advanced secure aggregation variants can mitigate this risk Bell et al.
(2023)); [So et al.| (2023)) and ensure that participation sets cannot be manipulated.

e Rare or Imbalanced Sensitive Attributes: When certain sensitive attributes correspond to small or
rare groups, exact aggregated counts q may themselves reveal sensitive information. If only a few
clients belong to a particular group a € A in a given round, the server may infer participation
or demographic structure with high confidence. In the extreme case where q = 1, the aggregate
exposure vectors directly correspond to a single user’s statistic, even though the server does not
observe it explicitly. This issue becomes more pronounced when group sizes are highly imbalanced
or fluctuate significantly across rounds. Even without explicit dropout attacks, this increases the
risk of attribute inference.

Clipping and Statistical Noise While stronger secure aggregation variants can reduce certain attack
surfaces, they can be costly in terms of communication costs and may be insufficient in certain scenarios.
As such, adding statistical noise to the local statistics can provide an additional layer of protection at the
output level. By perturbing S and q before or during aggregation, the system prevents exact reconstruction
of individual contributions through temporal differencing and reduces the precision of demographic inference
in small or rare groups. As such, we investigate adding differential privacy-style noise as an optional layer
of security that can be applied under specific scenarios. To bound the influence of any single client, each
vector s, , is clipped to a fixed norm:

Sua
Su.a = : , 11
= (1, [suall2/5) (1)

where S is a predefined clipping threshold. Then, each client perturbs its statistics using additive noise:

§’u,a = Su,a —l—./\/(0,0‘?[), Qu,a = Qu,a +N(070’1%)7 (12)

where o5 and o,, control the privacy-utility trade-off.

Handling Globally defined group attributes Contrary to demographic attributes such as gender or age,
which are directly known to the user and stored locally, some fairness attributes are defined with respect
to the global data distribution. A typical example is user activity, which is often defined as belonging to
the top n% of users with the highest number of interactions [Li et al.| (2021b)); [Xuan et al.| (2025), using
a median split Ji et al| (2022)), or other dataset-specific heuristics. In a cross-device federated setting,
each client can compute its own number of interactions p,, but does not know its relative rank within the
global population. Therefore, before applying group-based fairness regularization, the system must first
estimate the global distribution of interaction counts in a privacy-preserving manner. Although activity
and p, are not always protected attributes, in cross-device settings, they often constitute private behavioral
data. Interaction counts are potentially identifying, can be stable across rounds, and may correlate with
demographic attributes (e.g., age, socio-economic status). To address this, we can use a secure aggregation
federated analytics process to privately estimate a global popularity threshold ¢ corresponding to the top
n% of users before training. Instead of sharing exact interaction counts, clients contribute only aggregated
statistics through secure aggregation, allowing the server to approximate the (1—n)-quantile of the interaction
distribution without accessing individual p, values. Intuitively, this can be achieved by first obtaining a
coarse estimate of the global distribution and then refining the threshold within a reduced interval using a
small number of additional aggregated queries. Once the global threshold ¢ is determined, it is broadcast to
clients, which locally assign themselves to the active or non-active group based on whether p, > t.

6 Experiments

In this section, we empirically evaluate the impact of FL on bias and fairness in FR. Furthermore, we test
the mitigation strategy adapted from |Kheya et al.| (2025) in Section Finally, we conduct an in depth
ablation study to determine the impact on fairness of various elements.
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Table 1: Datasets’ statistics.

Dataset #Users #ltems #Interactions Sparsity #Item Categories
MovieLens-100k (ML-100k) [Harper & Konstan|(2015) 943 1,682 100,000 93.69% 18
MovieLens-1M (ML-1m) [Harper & Konstan|(2015) 6,040 3,706 1,000,209 95.53% 18
Yelp [Mansoury et al.|(2019) 1,316 1,272 97,991 99.72% 21

6.1 Datasets and experimental setup

Datasets: We conduct experiments on three widely-used recommendation system datasets, namely
MovieLens-100k (MIL-100k), MovieLens-1M (ML-1m) Harper & Konstan| (2015)), and Yelp Mansoury et al.
(2019) (see Table [1| for dataset statistics). To ensure a fair comparison between centralized and cross-device
federated settings, we apply the same data processing pipeline across all experiments. Specifically, we filter
users and items using a k-core filtering with k=5 interactions, to reduce extreme sparsity and cold-start
artifacts, and split each dataset into train/validation/test sets (with the ratios 70/10/20) using a temporal
stratified split [Meng et al.| (2020]) for MovieLens and a random stratified split for Yelp. Furthermore, for
models requiring implicit feedback (eg, Light GCN), we filter interactions with a rating lower than 2.5 and
binarize them (an item is considered interacted with if the user has a positive interaction), and construct
the candidate set for ranking evaluation using standard negative sampling.

Baselines: We evaluate the following models: Matrix Factorization (MF) Koren et al| (2009), Neural
Collaborative Filtering (NCF) [He et al.| (2017)), Light GCN [He et al.| (2020), and a variational autoencoder
for collaborative filtering (VAE) |Liang et al. (2018]). In the federated setting, we compare representative
federated baselines and federated variants of these models under a cross-device simulation where each client
corresponds to a single user. In particular, we include MetaMF [Lin et al.| (2020b) and FedNCF |Perifanis &
Efraimidis| (2022) as alternatives to MF and NCF, respectively, FedPerGNN [Wu et al. (2022) instantiated
with a Light GCN local modeﬂ and EFVAE |Liang et al.| (2018) as a federated VAE-style method. For all
federated methods, training proceeds over communication rounds with a central server coordinating model
aggregation; clients locally optimize their objective on-device using their private interactionsﬂ and then send
updates to the server.

Evaluation metrics: We evaluate both recommendation quality and bias outcomes. Recommendation
accuracy is reported using nDCG@50 and HR@50. For evaluating fairness, we measure two forms of bias,
gender bias, where users are grouped according to the available gender attribute, and user popularity bias,
where users are grouped according to their activity levels (active vs non-active users). The disparities are
computed across these groups using CCQ@Q50 (See Equation [1)) and CDCG@50 (See Equation [2) computed
from the ranked lists of recommended items across categoried’| produced by each model.

6.2 Comparing bias and mitigation

We first compare centralized training against federated training to characterize how decentralization affects
both recommendation utility and bias. For each backbone (MF, NCF, LightGCN, and VAEF), we report
results for: (i) centralized training without mitigation, (ii) federated training without mitigation (FedMF,
FedNCF, FedPerGNN (Light GCN), and EFVAE), and (iii) the corresponding centralized and federated
variants augmented with bias mitigation (separately for gender and popularity). This design allows us to
isolate whether changes in bias are driven primarily by the learning paradigm (centralized vs. federated),
the model family (shallow vs. neural vs. graph-based vs. generative), or by the mitigation procedure itself.

3FedPerGNN was originally proposed with explicit feedback models using GCNs or GATS, for the purposes of this comparison,
we used LightGCN as a local model to enable the comparison with the centralized variant. In order to do so we enabled
the learning and aggregation of expanded embeddings within FedPerGNN. Because since Light GCN doesn’t have any GNN
parameter beside the user and item embedding, the model didn’t converge well with the aggregation of item embeddings alone.

4FedperGNN also includes a user expansion phase where local interactions are privately expanded by relying on a third-party
trusted server

5The Categories are movie categories for MovieLens and Store categories for Yelp
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Table 2: Comparison of performance (NDCG@50 and HR@50) and Gender/User Activity bias (CCQ50 and
CDCG@50) between Centralized and Decentralized settings and mitigation strategy for 4 families of models

nDCG@50t ‘ HR@501

CCas0) | CDCG@50) ‘ CCas0) | CDCG@50)

Gend Gend Activity Activity

ML-100k
No Cent 0.1947 0.9226 0.0476 0.0127 0.2004 0.0444
mitigation | Fed 0.0644 0.5779 0.0157 0.0057 0.1404 0.0415
= | Gender Cent 0.1760 0.9067 0.0565 0.0151 0.1982 0.0512
= | mitigation | Fed 0.0659 0.5885 0.0205 0.0065 0.1637 0.0444
Activity Cent 0.1760 0.9067 0.0565 0.0151 0.1982 0.0512
mitigation | Fed 0.0682 0.5960 0.0172 0.0054 0.1661 0.0454
No Cent 0.2351 0.9438 0.0974 0.0303 0.1003 0.0270
mitigation | Fed 0.1468 0.7620 0.0116 0.0024 0.0171 0.0054
%) Gender Cent 0.1978 0.9183 0.0467 0.0110 0.1680 0.0531
7, | mitigation | Fed 0.0741 0.5848 0.0097 0.0027 0.0173 0.0053
Activity Cent 0.1575 0.8908 0.0420 0.0097 0.1556 0.0340
mitigation | Fed 0.0741 0.5848 0.0097 0.0027 0.0173 0.0053
No Cent 0.2421 0.9502 0.0896 0.0268 0.1257 0.0307
Z | mitigation | Fed 0.2240 0.9130 0.0120 0.0026 0.1752 0.0322
8 Gender Cent 0.2148 0.9152 0.0800 0.0233 0.0884 0.0274
:50 mitigation | Fed 0.2200 0.9120 0.0055 0.0016 0.1875 0.0323
5 | Activity Cent 0.2298 0.9384 0.0816 0.0246 0.1360 0.0195
mitigation | Fed 0.2203 0.9173 0.0092 0.0020 0.1803 0.0298
No Cent 0.1501 0.8918 0.0403 0.0106 0.1798 0.0446
mitigation | Fed 0.2286 0.9152 0.0166 0.0060 0.1252 0.0330
E Gender Cent 0.1503 0.8887 0.0484 0.0112 0.1974 0.0522
§ mitigation | Fed 0.2328 0.9279 0.0187 0.0059 0.1131 0.0275
Activity Cent 0.1496 0.8865 0.0474 0.0111 0.1844 0.0474
mitigation | Fed 0.2378 0.9247 0.0248 0.0065 0.1091 0.0304

ML-1m
No Cent 0.1408 0.8387 0.1283 0.0372 0.1383 0.0396
mitigation | Fed 0.0759 0.6266 0.0077 0.0028 0.1200 0.0399
= | Gender Cent 0.1042 0.7803 0.0676 0.0184 0.0922 0.0242
= | mitigation | Fed 0.0619 0.5855 0.0044 0.0013 0.1692 0.0407
Activity Cent 0.1269 0.8177 0.0461 0.0131 0.1593 0.0415
mitigation | Fed 0.0621 0.5839 0.0042 0.0013 0.1735 0.0418
No Cent 0.1467 0.9169 0.2460 0.0671 0.0828 0.0226
mitigation | Fed 0.1172 0.7667 0.0043 0.0012 0.0079 0.0020
% Gender Cent 0.1211 0.7925 0.0597 0.0140 0.1425 0.0366
Z, | mitigation | Fed 0.1127 0.7601 0.0024 0.0008 0.0134 0.0025
Activity Cent 0.1643 0.9020 0.3177 0.0879 0.1262 0.0344
mitigation | Fed 0.1147 0.7700 0.0045 0.0011 0.0121 0.0030
No Cent 0.1670 0.9033 0.3127 0.0850 0.1257 0.0338
Z | mitigation | Fed 0.1831 0.8972 0.0295 0.0066 0.1849 0.0461
8 Gender Cent 0.1396 0.8583 0.2623 0.0708 0.1615 0.0439
_b:o mitigation | Fed 0.1825 0.8957 0.0263 0.0060 0.1842 0.0414
3 | Activity Cent 0.1403 0.8647 0.2684 0.0720 0.1582 0.0418
mitigation | Fed 0.1811 0.8945 0.0283 0.0069 0.1763 0.0437
No Cent 0.1235 0.8002 0.0837 0.0220 0.1571 0.0425
mitigation | Fed 0.1686 0.9148 0.0084 0.0020 0.1524 0.0409
E Gender Cent 0.1236 0.7957 0.0889 0.0224 0.2396 0.0597
<>E mitigation | Fed 0.1625 0.9146 0.0084 0.0026 0.1200 0.0328
Activity Cent 0.1237 0.8025 0.0811 0.0215 0.1728 0.0405
mitigation | Fed 0.1659 0.9071 0.0108 0.0024 0.1243 0.0342

Yelp
No Cent 0.1134 0.8457 0.0365 0.0078 0.0388 0.0152
mitigation | Fed 0.0340 0.4962 0.0130 0.0036 0.0209 0.0086
= | Gender Cent 0.0680 0.6983 0.0071 0.0018 0.0474 0.0069
= | mitigation | Fed 0.0313 0.4848 0.0072 0.0021 0.0215 0.0073
Activity Cent 0.0913 0.7903 0.0264 0.0073 0.0787 0.0207
mitigation | Fed 0.0348 0.4992 0.0135 0.0036 0.0173 0.0067
No Cent 0.1687 0.9301 0.0409 0.0112 0.0801 0.0204
mitigation | Fed 0.0864 0.7623 0.0035 0.0010 0.0065 0.0018
% Gender Cent 0.0875 0.7788 0.0087 0.0021 0.0512 0.0129
Z, | mitigation | Fed 0.0832 0.7608 0.0021 0.0007 0.0043 0.0013
Activity Cent 0.0875 0.7789 0.0087 0.0021 0.0513 0.0130
mitigation | Fed 0.0869 0.7585 0.0026 0.0007 0.0128 0.0024
No Cent 0.1933 0.9635 0.0495 0.0135 0.0604 0.0142
Z | mitigation | Fed 0.0904 0.7720 0.0040 0.0011 0.0680 0.0103
8 Gender Cent 0.1816 0.9521 0.0452 0.0122 0.0693 0.0151
;:o mitigation | Fed 0.0910 0.7705 0.0030 0.0008 0.0594 0.0105
5 | Activity Cent 0.1877 0.9552 0.0461 0.0124 0.0676 0.0148
mitigation | Fed 0.0904 0.7758 0.0026 0.0008 0.0432 0.0098
No Cent 0.0917 0.7888 0.0097 0.0019 0.1011 0.0336
mitigation | Fed 0.1612 0.9159 0.0136 0.0044 0.0318 0.0102
% Gender Cent 0.0912 0.7774 0.0056 0.0012 0.0883 0.0277
<>’: mitigation | Fed 0.1736 0.9339 0.0206 0.0053 0.0312 0.0092
Activity Cent 0.0888 0.7644 0.0052 0.0016 0.0588 0.0228
mitigation | Fed 0.1729 0.9415 0.0203 0.0053 0.0337 0.0094
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Figure 1: Comparison of CC values for sensitive attributes between Centralized (LightGCN) and Federated
(FedPerGNN with LightGCN) settings across 3 categories on ML-100k
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Figure 2: Comparison of CC values for sensitive attributes between Centralized (Light GCN) and Federated
(FedPerGNN with LightGCN) settings across 3 categories on Yelp

For mitigation, we evaluate two target objectives: reducing gender-based exposure disparity and reducing
popularity-based exposure disparity. In the centralized setting, mitigation is applied in the form of a loss
regularization term [Kheya et al.| (2025). We then adapt the same principle to the federated setting with a
privacy-aware design presented in Section [p] For privacy preservation, we only rely on secure aggregation,
the impact of added noise for differential privacy would be explored in the ablation study. We report results
for three conditions per model family: No mitigation, Gender mitigation, and Popularity mitigation, each
evaluated for both centralized (Cent) and federated (Fed) training.
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Figure 3: Distribution of gender bias (CCQ@50) across clients before aggregation (blue box-and-whisker
plot, with jittered dots representing individual clients) and the resulting global CC@Q50 after aggregation
(orange stripe) for FedPerGNN. The consistent position of the orange stripe below the client-level average
demonstrates that FL aggregation typically reduces gender bias beyond what individual clients achieve
on average. Also, we can note that the local models themselves exhibit lower amount of bias than their
centralized counterpats.

The results are shown in Table Overall, we observe mixed results, when moving from centralized to
federated settings. On one hand, we can see a clear and consistent reduction of gender bias across all
datasets and models. This result is surprising, considering the general intuition that FL exacerbates bias |Liu
et al.| (2022); [Li et al. (2025). On the other hand, the effect on user activity bias is more mixed; outcomes
depend on specific models and datasets. Specifically, we can see that there is a sharp increase in activity bias
on Light GCN, which was expected due to the effects of the expansion algorithm as hypothesized previously.
To better visualize this change in bias dynamics and how they emerge across categories, we show the CC
scores for 3 different categories for gender and activity bias for Light GCN on ML-100k and Yelp on both
centralized and FL settings shown in Figure 2] We can see clearly the decrease of gender bias when moving
to FL settings, to the point where there is hardly any bias at all. But we can also see an increase in activity
bias that matches our observations from Table[2l Another result we can see from the table is that the effect
of the mitigation strategy is considerably smaller in FL than in centralized settings, with some instances of
bias barely decreasing. This might be due to the low bias present in the model in the first place, especially
with respect to gender bias. Alternatively, the effects of the aggregation might cancel the changes from the
fairness regularization. However, on the effects of the mitigation on the nDCG measure, we can see little to
no negative effect, with the exception of NCF on ml-100k. In some instances, applying the mitigation seems
to have even improved the performance of the system, for instance, for VAEF on Yelp and ML-100k and MF
on ML-100k.

6.3 Investigations on the bias results in Federated systems

The results in Table 2] and Figure [ show a consistent and somewhat unexpected reduction in gender bias
(and in some case activity bias) when moving from centralized to FL settings. To better understand the
mechanisms driving this phenomenon, we design a set of controlled experiments to evaluate our two main
hypothesis:

e The bias reduction arise because the subset of clients participating in each round creates a particular
exposure distribution.

e The averaging of heterogeneous local updates during aggregation suppresses bias signals.
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Figure 4: Per-category gender bias (CC@Q50) for eight selected categories on FedPerGNN, shown in a grid
(rows = datasets, columns = category). For each category, the blue box-and-whisker plot with jittered
dots depicts the distribution of per-client CCQ50 values before aggregation, and the red diamond marks the
post-aggregation CCQ@50 on the global test set.

o Smaller amounts of data during the local training in each client naturally prevent the learning of
bias signals.

To answer this, we include in the FL setup a round-level replay system that captures model states and fairness
metrics for each selected client before aggregation, then after the aggregation. This lets us attribute changes
in bias to either the local training phase (capturing selection effects) or the aggregation phase separately.

To isolate the contribution of model aggregation to the observed bias reduction, we examine in Figures [3]
how fairness metrics evolve between the post-local and post-aggregation checkpoints within a single FL
round. If aggregation itself partially or fully suppresses bias, we would expect the global model produced by
FedAvg to exhibit lower disparity than the average of the participating clients’ local models, even when the
local models have individually increased their bias during local training. On the other hand Figure [4] shows
a similar comparison with the distribution of CC scores per categories across eight different categories in
movieLens and Yelp. Our results confirm that aggregation consistently contributes to bias reduction. Across
models and datasets, the post-aggregation global model exhibits lower gender bias than the mean of the
participating clients’ post-local models, suggesting that the parameter-space averaging inherent to FedAvg
acts as an implicit regularizer on the exposure disparity captured by our fairness metrics. However, we
should note that even the clients with the highest CC score in Figure [3|have a lower scores than centralized
alternatives. As such, while aggregation consistently help supressing bias, our results seem to indicate that
the local training in each client naturally capture less bias signals.

To further understand the impact of selected users in the cancelation of bias we introduce our next set of
experiments which involves directly controling client participation in a given round by fixing the demographic
composition of the selected client pool, using either:
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Figure 5: Gender bias (CC@50) before aggregation (blue dashed line) and after aggregation (orange solid
line) as the ratio of male to female clients selected per round is skewed in the left plot to 10% females and
90% males. The results indicate that bias signals are not primarily cancelled through opposite signals from
different groups

o Group categories selection: selecting users based on group membership rations (For example selecting
only male users for a round of training).

e Stereotypical users selection: selecting users based on the stereotypicality of users within fairness
groups.

Cancellation of Bias with Group categories selection

A natural hypothesis for why aggregation reduces bias is that bias signals that emerge during the local
training across clients belonging to different demographic groups produce local model updates with opposing
bias signatures, and that these opposing signals cancel in expectation when averaged. This hypothesis would
also explain the smaller reduction in bias on user activity groups compared to gender. We test this by
sampling users based on their respective gender using a ratio of 90% male and 10% female, and compare it
to the standard 50% male and 50% female shown in Figure[5} If the bias signals get cancelled across different
demographic groups, then we would expect to see no reduction or even an amplification of bias signals with
the skewed demograpic ratio. However, our results show that the demographic composition of the selected
client pool has only a small effect on bias reduction. While the skewed distribution on Yelp does increase
CC score, this wasn’t generalizable on MovieLense, where it seems that the model trained on skewed gender
distribution is less biased, this might be due to the model not learning bias signals from the opposite group,
reducing the CC score.

Cancellation of Bias with Stereotypical users selection

Gender and demographic attributes, however, are not the only axis along which client heterogeneity may
drive bias cancellation. An alternative source of heterogeneity can be the degree to which a user’s interaction
history can be considered stereotypical, or in other words, how strongly a user’s interaction patterns reflect
the patterns associated with their given demographic group. For example, a male user interacting mostly with
Romance movies, might be considered non-stereotypical with respect to the existing patterns in MovieLens-
100k. The main intuition is that a user with a highly stereotypical interaction history will produce a local
model update that reinforces group-level exposure disparities, whereas a user with a non-stereotypical history
will produce updates that cut against those disparities. If aggregation averages both kinds of updates, the
resulting global model may again exhibit reduced net bias even in the absence of an explicit fairness objective.
To test this, we compute a stereotypicality score from which we determine stereotypical and non-stereotypical
users in respect to each fairness group, then we sample users based on their membership in the stereotypical
or non-stereotypical groups using ratios similarly to the Group categories selection experiments.
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Figure 6: Gender bias (CC@50) before and after aggregation as the proportion of stereotypically behaving
clients (i.e., those whose preferences align with gender-group norms) varies from 0.0 to 1.0, where 0.0 indicates
rounds composed exclusively of non-stereotypical users and 1.0 indicates rounds composed exclusively of
stereotypical users. For FedNCF, a baseline of 60% of selected clients are neutral users, neither stereotypical
nor non-stereotypical, with the remaining 40% allocated to the varying stereotypical /non-stereotypical ratio.

To compute the stereotypicality score, we first derive a group-level category preference profile for each fairness
group g € A. Let U; C U denote the set of users belonging to group g, and let R,, C V denote the set of
items interacted with by user u. For each category ¢ € C, we define the mean group-category affinity as:

1

'UER {ceCy}

E e - 13
Mg; |U| |Ru| ( )

This yields a group preference vector py = (tg.c)cec € RIC! for each group g, encoding the average category
exposure across all members of that group. For each user u € Uy, we similarly construct a personal category

proportion vector p, = (pu,c)cec, where:

> ver, Leeo,}
Puc = ERy {cCCu} (14)
IRy

The stereotypicality score of user u with respect to their group g is then defined as the KL divergence from
their personal profile to the group profile:

Pu,c
S( ) DKL pu || lu'_(] Zpu c 1Og (15)
ceC

A lower value of S(u, g) indicates that user u’s interaction history closely mirrors the average preference profile
of their group, and is therefore considered more stereotypical. Users in the bottom 7% of the score distribution
within their group are labeled stereotypical, while users in the top 7% are labeled non-stereotypical, with
7 = 10 by default.

Our results shown in Figure[6]show that both the selection mechanism and the aggregation step contribute to
bias reduction in FL settings, with stereotypicality composition of the client pool providing a complementary
and largely independent source of the cancellation effect. Runs dominated by high-stereotypicality clients
converge to higher bias in general, while mixed or low-stereotypicality pools reproduce the suppression effect
seen in default training. Together, these experiments provide converging evidence that the bias reduction
observed in federated recommender systems is not an artifact of a single mechanism but arises from the
interplay of whom the system selects and how it aggregates their contributions.

6.4 Hyperparameter Analysis

To better understand the sensitivity of federated bias and mitigation outcomes to the key system and
privacy parameters, we perform additional experiments where we vary one factor at a time while keeping all
others fixed, and report the resulting changes in both utility (nDCG@50) and bias (CC@50). Figures

summarize the results on multiple datasets.
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Figure 8: Comparison between different values of «.

6.4.1 Impact of sampled clients on the bias
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We evaluate the impact of the number of selected clients per round shown in Figure[7] We can see that while
the number of selected clients impacts performance up to a certain number of clients, it has a smaller effect
on bias, the effect is variable, and while we can observe a small increase overall, it is not very significant.

6.4.2 Penalty strength a.

We vary the strength of the mitigation penalty o (Figure |8) to quantify the fairness-utility trade-off and
identify regimes where mitigation is either too weak to affect exposure disparities or too strong and harms
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Figure 9: Comparison between different numbers of local epochs for FedPerGNN (LightGCN) and Fed-
NCF(NCF).
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Figure 10: Impact of added noise layer for local statistics computations FedPerGNN (Light GCN) and Fed-
NCF(NCF).

ranking performance. However, we can see that « has little to no impact on both the performance and bias
scores of the system, this result is in complete opposition to what we see in the original study in centralized
settings |[Kheya et al.| (2025). This observation, coupled to the smaller reduction in bias by the regulizer,
might suggest that the aggregation process disturbs the impact of L4, in Equation

6.4.3 Number of local epochs

One concern that we might have with the privacy-aware mitigation strategy is that the fairness loss Le,j,
only gets updated once every round at the server level, which corresponds to n local epochs. This is one of
the major differences between the results of the original regularization term and the privacy-aware variant.
In Figure 0] we show the effect of the bias mitigation varying the number of local epochs from 1 to 10, with
1 being equivalent to FedSGD, where the communication is done after each loss, and should give the exact
same results to the original loss computation, assuming no added noise and clipping. Since both EFVAE and
MetaMF work with an FedSGD assumption, they only have a single local epoch per round, as such we ignore
them for this comparison. Interestingly, we observe both an increase in performance and a slight decrease
in bias, with added interactions, meaning that computing the bias once every few optimization steps can
improve performance. In future work, this might be an interesting hypothesis to test in centralized settings.
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6.4.4 Noise scale for private statistics.

To test the stability of the mitigation strategy to noise, we vary the amount of noise injected into the local
statistics used by the privacy-aware mitigation (Figure . Because of limitations of space in this paper, we
only show the plots for Light GCN and NCF. This ablation characterizes how privacy constraints (stronger
noise) affect the stability of the global mitigation signal and the resulting bias reduction. We see that a small
amount of noise does not affect the bias reduction; however, bigger perturbations have a more considerable
impact on the bias. And as expected additonal noise on statistics doesn’t affect the performance of the
system very much, since L, whether representative of global statistics, can be viewed as a penalty to the
model loss L,... Additionally, the smoothing effect described previously may further limit the impact of a
noisy Lfqqr on the model performance.

7 Conclusions

This paper provides a systematic investigation of how transitioning from centralized to cross-device FR
settings alters user-side bias dynamics. By comparing closely aligned model families (MF/MetaMF,
NCF /FedNCF, VAE/EFVAE, and Light GCN-based FedPerGNN) under identical evaluation protocols, we
isolate the effect of the learning paradigm itself on exposure disparities related to gender and user activity.
Our empirical findings challenge a common intuition that FL inherently amplifies bias. Across datasets
and architectures, we observe a consistent reduction in gender-based exposure disparities under FL training.
Through controlled pre- and post-aggregation experiments, we show that this reduction arises from two
complementary mechanisms: local training on small, private datasets naturally captures fewer bias signals
than centralized optimization, and the parameter-space averaging inherent to FedAvg acts as an implicit
regularizer on group-level exposure disparity. Furthermore, we show that the stereotypicality composition
of the client pool is an independent and complementary driver of bias reduction: rounds dominated by
highly-stereotypical clients converge to higher bias, while balanced or low-stereotypicality pools reproduce
the suppression effect. In contrast, activity-based bias exhibits model-dependent behavior: while some
architectures show attenuation, graph-based expansion mechanisms (e.g., FedPerGNN) can substantially
amplify activity disparities by structurally increasing the influence of already active users. We further show
that centralized fairness regularization can be adapted to cross-device federated settings through privacy-
compatible aggregation of group-level sufficient statistics. While the mitigation strategy remains effective
in several regimes, its impact is consistently weaker than in centralized training, and its sensitivity to the
penalty strength « is substantially reduced. This suggests that aggregation dynamics and delayed global
fairness signals can smooth or attenuate the effect of regularization, highlighting that fairness objectives
designed for centralized optimization do not transfer transparently to federated environments. Overall, our
results indicate that the relationship between FR and bias is nuanced and architecture-dependent. Current
understanding of fairness mechanisms in cross-device FR remains incomplete, both theoretically and em-
pirically. Future work should develop formal models of bias dynamics under stochastic client participation
and weighted aggregation, extend analysis to additional sensitive attributes and architectures, and design
fundamentally new fairness-aware optimization strategies that explicitly account for decentralization and the
aggregation process.
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