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Abstract

Ensuring fairness in Recommendation Systems (RSs) across
demographic groups is critical due to the increased integra-
tion of RSs in applications such as personalized healthcare, fi-
nance, and e-commerce. Graph-based RSs play a crucial role
in capturing intricate higher-order interactions among enti-
ties. However, integrating these graph models into the Feder-
ated Learning (FL) paradigm with fairness constraints poses
formidable challenges as this requires access to the entire in-
teraction graph and sensitive user information (such as gen-
der, age, etc.) at the central server. This paper addresses the
pervasive issue of inherent bias within RSs for different de-
mographic groups without compromising the privacy of sen-
sitive user attributes in FL environment with the graph-based
model. To address the group bias, we propose F2PGNN (Fair
Federated Personalized Graph Neural Network), a novel
framework that leverages the power of Personalized Graph
Neural Network (GNN) coupled with fairness considerations.
Additionally, we use differential privacy techniques to for-
tify privacy protection. Experimental evaluation on three pub-
licly available datasets showcases the efficacy of F2PGNN
in mitigating group unfairness by 47% ∼ 99% compared to
the state-of-the-art while preserving privacy and maintaining
the utility. The results validate the significance of our frame-
work in achieving equitable and personalized recommenda-
tions using GNN within the FL landscape. Source code is at:
https://github.com/nimeshagrawal/F2PGNN-AAAI24

1 Introduction
Online recommendation systems (RSs) are used in various
platforms in the modern market, such as e-commerce, e-
learning, music and movie recommendation to targeted indi-
viduals/audiences (Sarwar et al. 2000). Traditional RSs col-
lect user data on a centralized server, which entails serious
privacy and security issues. Machine learning (ML) models
can now be locally trained thanks to edge devices’ grow-
ing storage and processing capabilities. Due to this, Feder-
ated Learning (FL) has emerged, allowing clients to com-
municate updates with the server without actually sending
any data (McMahan et al. 2017). The server then suggests a
global model, which is shared with every client. Clients train
locally using their data and transmit the updated model back
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Figure 1: Disparity (group unfairness) in RMSE over two
user attributes for F2PGNN when fairness budget, β = 0:
(Left) Gender (Right) Activity

to the server for aggregation. In recent years, FL has been
successfully used in various fields, including optical ob-
ject detection, mobile edge computing, voice assistants for
smartphones, and Google keyboard query suggestion (Aled-
hari et al. 2020). These applications, however, face many
difficulties, including communication effectiveness, statisti-
cal and system heterogeneity, privacy, personalization, fair-
ness etc. (Kairouz et al. 2021). The elimination of demo-
graphic bias based on sensitive attributes of clients such as
gender, race, age etc., in Federated Recommendation Sys-
tems (FRSs) is the main theme of this paper.

Many prior works (Islam et al. 2019; Yao and Huang
2017; Li et al. 2021a) mitigate unfairness in conventional
RSs, which call for exchanging private attributes with the
server and compromise privacy in federated settings. Con-
trary to this, training locally to achieve fairness in FRS with-
out exposing user demographic information becomes excep-
tionally challenging. The backbone for existing FRS meth-
ods is Matrix Factorization (MF) (Chai et al. 2020), in which
the client updates user and item embeddings locally. In MF,
only explicit user-item interactions are catered for updating
embeddings; the implicit intricate interaction in the form of
a bipartite graph does not play any role. To further utilize
this graph structure in RSs data, the recent developments of
Graph Neural Networks (GNNs) paved the way to build a
GNN-based recommendation system (Wu et al. 2022b). Ow-
ing to its efficiency and inductive learning capability, GNNs
for RSs are found superior compared to other approaches
which are limited to transductive settings and cannot incor-
porate user attributes. GNNs can naturally encode implicit
collaborative interactions along with explicit structure en-
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forced to enhance user-item representation, resulting in im-
proved recommendation quality. However, it has been found
that GNN perpetuates biases in recommendations among the
demographic groups (Wu et al. 2022a) (See Figure 1).

Motivated by this finding, in this work, we propose
F2PGNN, a novel framework to train fair models for FRS
(Figure 2). In F2PGNN, each client locally train a GNN af-
ter incorporating higher-order information into their local
user-item subgraph utilizing our proposed Inductive Graph
Expansion algorithm. Moreover, we encode fairness con-
straint to the objective function as a regularizer. This, in
turn, requires a client to communicate only the demographic
group statistics to the server in each FL round along with the
model parameters after local updates. Next, the server ag-
gregates this information to update the parameters and then
re-broadcast it to each user, this process repeats until the
convergence. To amplify the privacy protection in tandem
with enhanced fairness, we additionally deploy Local Differ-
ential Privacy (LDP) (Dwork and Roth 2014) to the model
parameters and group statistics to ensure that the server re-
mains unaware of any specific details regarding individual
clients’ datasets. F2PGNN is the first framework, to the best
of our knowledge, which focuses on fairness with the graph-
based model in a federated setting. We present the details
of F2PGNN in Section 4. Our significant contributions are
summarized as follows:
• We present a novel architecture, F2PGNN, with three

pillars of social benefit, namely Fairness, Privacy and
Personalization for a recommendation system based on
GNN in FL setting.

• We introduce the Inductive Graph Expansion algorithm
with privacy preservation, which minimizes communi-
cation overhead while effectively capturing higher-order
interaction from distributed user data.

• To enhance privacy protection, we incorporate an addi-
tional LDP module for the model updates along with pre-
serving the privacy of group statistics.

• Extensive experiments on three publicly available
datasets (one small and two large-scale) elucidate the ef-
fectiveness of F2PGNN. Detailed analysis and ablation
study further validates the strength and efficacy of indi-
vidual components proposed in F2PGNN.

2 Related Work
Federated Graph Neural Networks in Recommendation:
GNNs have proven effective in modelling graph-structured
data since they capture topological and higher-order in-
formation on graphs. In the context of recommendation,
GNNs have shown promise in capturing complex relation-
ships and dependencies among users, items and their inter-
action (Wang et al. 2019; He et al. 2020; Berg, Kipf, and
Welling 2017; Ying et al. 2018). Traditional GNN models
for the recommendation need user data to be centralized to
build a global graph representation. This, in turn, impedes
the privacy of user data. However, data protection regulatory
norms such as General Data Protection Regulation (GDPR)
will restrict online platforms from storing user data centrally
to learn a GNN model (Magdziarczyk 2019).

To overcome this constraint, the Federated Graph Neural
Networks (FedGraphNNs) concept has been proposed (He
et al. 2021). FedGraphNNs combines the strength of GNNs
with FL, a privacy-preserving approach that permits col-
laborative model training across decentralized data sources
without exposing raw data. Several works have explored
FL for recommendation and privacy-preserving learning.
FedMF (Chai et al. 2020) and Federated Collaborative Fil-
tering (FCF) (Ammad-Ud-Din et al. 2019) are two Matrix-
Factorization based frameworks to learn user/item embed-
dings for RSs (Koren, Bell, and Volinsky 2009). As model
updates can still reveal sensitive information, (McSherry and
Mironov 2009) proposed to use Differential Privacy to limit
the exposure of user data. FedPerGNN (Wu et al. 2022a)
and FeSoG (Liu et al. 2022b) are the most recent works
that combine GNN with FRSs, which maximally aligns with
our work. FedPerGNN uses repeated expensive encryption
in each FL round; FeSoG takes only limited interactions as
it considers only trusted users, which are the caveats of these
algorithms. In addition, these works do not consider fairness
constraints.
Fair Federated Learning for Recommendation: Fair ML
methods for RSs have been extensively explored in central-
ized settings compared to federated settings (Wang et al.
2023; Li, Ge, and Zhang 2021; Gao, Ge, and Shah 2022).
The availability of the whole dataset makes the application
of existing fairness notions straightforward in centralized
learning, whereas it is challenging to apply fairness in FL.
Hence, different notions of fairness have been invented in
FL, such as client-based fairness, which enforces the par-
ity across the clients, collaborative fairness, which provide
more reward to more contributing client (Wang et al. 2021).
There is another important fairness notion known as group
fairness in FL, in which each client belongs to a particular
demographic group, and the group fair model does not dis-
criminate against any group (Du et al. 2021).

For FRSs, (Maeng et al. 2022) proposed a framework to
model the interdependence of data and system heterogene-
ity. In (Liu et al. 2022a), authors proposed a framework for
a group fair FRS with privacy protection based on matrix
factorization (F2MF). In F2MF, each client locally updates
its embedding and does not consider the higher-order in-
teraction resulting in more inherent unfairness. This is the
only work in the literature for FRS with fairness and in line
with our proposed F2PGNN framework. Contrary to F2MF,
F2PGNN take higher-order interaction into account when lo-
cally updating user and item embeddings. Also, to cater data
heterogeneity across the clients, F2PGNN is personalized.
In the next section, we give a brief background on fairness
and GNN-based recommendation in the FL setting.

3 Background and Preliminaries
FL with GNN Based Recommendation: GNN techniques
have been demonstrated to be powerful for representation
learning in RSs, as recommendation data inherently pos-
sess a graph-like structure. For instance, a bipartite graph
connecting the user and item nodes can be used to repre-
sent the user-item interaction data, with each edge denot-
ing a user-item interaction. In general, we can use any lo-
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cal GNN architecture, viz. GCN (Kipf and Welling 2017),
GraphSAGE (Hamilton, Ying, and Leskovec 2017), GAT
(Veličković et al. 2018) etc. In this paper, we have adopted
GAT architecture for local GNN to learn user and item em-
beddings while investigation with others is straightforward.

To formulate the FL setting, we define Θ as the overall
learnable weights for the GNN of user u. Hence, FL with
GNN can be formulated as distributed optimization problem
following the standard FedAvg (McMahan et al. 2017) algo-
rithm as follows:

min
Θ

f(Θ) = min
Θ

N∑
u=1

pu · Lu(Θ) (1)

where Lu(Θ) = 1
Nu

∑
(x,y)∈Gu L (Θ, x, y) is the local ob-

jective of user u that measures empirical risk over local
dataset Gu of size Nu; pu ≥ 0 and

∑
u pu = 1. The loss

function for the global GNN model is L. Here, GAT em-
ploys an attention mechanism to distinguish the importance
of neighbouring nodes and updates the embedding of each
node by attending to its neighbours as in Eq.(2).

Aggregation : n(l)
v =

∑
k∈Nv

γvkh
(l)
k ,

γvk =
exp

(
Att

(
h

(l)
v ,h

(l)
k

))
∑
j∈Nv

exp
(

Att
(
h

(l)
v ,h

(l)
j

)) ,
Update : h(l+1)

v = σ
(
Θ(l)n(l)

v

)
(2)

where h
(l)
v indicates representation of node v at lth

layer and Nv is the set of neighborhood of node v.
Att (·) is the attention function and typically Att (·) is
LeakyReLU

(
aT
[
Θ(l)h

(l)
v ⊕Θ(l)h

(l)
k

])
, a is the learn-

able parameter and Θ(l) are the model parameter for trans-
forming node representation at lth layer, ⊕ is the concate-
nation operation, σ (·) is the non-linear activation function.
In the following subsection, we outline the fundamental no-
tions of fairness in ML.

Notion of Fairness: In critical ML applications, if data of
individuals contain sensitive demographic information such
as gender, race etc., then the trained model may have dis-
criminatory outcomes based on this sensitive attribute. For
such models, the fairness is evaluated with respect to its
performance compared to the underlying groups defined by
the sensitive attribute S, and this notion of fairness is called
group fairness. For a sensitive attribute S, if the privileged
group (e.g., male) is denoted by S = 1 and S = 0 denotes
the underprivileged group (e.g., female), the model’s predic-
tion for the positive class is assumed to be positive. In such
a scenario, how the prediction of the model is being consid-
ered, several notions of group fairness have been proposed
in the literature for centralized training, viz. Equalized Odds,
Equality of Opportunity (Hardt et al. 2016) and Statistical
Parity (Dwork et al. 2012) etc.

The above-mentioned notions of fairness are applicable
in centralized ML algorithms because data and information
of sensitive attribute is available. Based on the S dataset is

divided into subgroups, and the desired metric can be calcu-
lated. However, in FL settings, without accessing the client’s
sensitive attributes, the server cannot apply these fair cen-
tralized ML techniques, which require this information on a
global level to achieve fair classification. Hence, to extend
group fairness to FL, we should devise a fairness metric ap-
plicable in the FL setting. We define user-level fairness as
follows:
Definition 1 Let the recommendation list for user u is de-
noted byRu, for a given performance evaluation metricM,
the group fairness for u with respect to groups, S0 and S1 is
defined as

Eu[M(Ru)|u ∈ S0] = Eu[M(Ru)|u ∈ S1] .

Also, the Equalized Odds notion of fairness amounts to
the mistreatment of groups and can be interpreted as
gap between group-average performance. Hence, the group
(un)fairness for two mutually exclusive groups of users in
the FL setting can empirically be measured as

Lfair(M, S0, S1) =
∣∣∣ 1
|S0|

∑
u∈S0

M(u)− 1
|S1|

∑
u∈S1

M(u)
∣∣∣α (3)

where, α determines the smoothness and can take integer
values 1 or 2 (we set α = 1). Here, the evaluation met-
ricM, determines the performance of each user, and Eq.(3)
quantifies the global (un)fairness of the model. The small
value of Lfair indicates the model is fair, and minimization
of this term while maintaining the model efficacy becomes
the ultimate goal to achieve fair recommendation model. In
Eq.(3), we have given Lfair formulation for binary sensitive
attribute, the extension of this to multi-group is straightfor-
ward (Liu et al. 2022a).

4 F2PGNN: Fairness Aware GNN in FL
In this section, we present the details of F2PGNN, an ap-
proach to introduce fairness in FRSs with graphical models,
and finally, we analyze privacy protection while achieving
global group fairness.

4.1 F2PGNN Framework
As in general federated settings, each user in F2PGNN
framework stores its user-item interaction history to consti-
tute a local subgraph. To train a personalized GNN, first,
each user expands the local subgraph using the Inductive
Private Graph Expansion algorithm to incorporate higher-
order interactions (Appendix B - Algorithm 2 in the full
version (Agrawal et al. 2024)). By matching the encrypted
items and distributing anonymous user embeddings, the ex-
tended graph includes the neighbors of each user with co-
interacted items. For each user ui that has interacted with
m items and r neighbors with co-interacted items, an em-
bedding layer is used to create it’s node embedding zui , item
embeddings

[
zti,1, z

t
i,2, · · · zti,m

]
and embeddings of neigh-

bors
[
zui,1, z

u
i,2, · · · zui,r

]
. Next, a GAT model is used to up-

date these embeddings based on the local subgraph. The fi-
nal representation of GAT model for user and item nodes are
denoted as hui ,

[
hti,1, h

t
i,2, · · ·hti,m

]
and

[
hui,1, h

u
i,2, · · ·hui,r

]
for the prediction task. Then, for each user ui, the recom-
mendation loss will be Luutil = 1

m

∑m
j=1 |ŷi,j−yi,j |2 where,
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Figure 2: F2PGNN: Schematic of Group-Fairness aware Federated Graph Neural Network for Personalized Recommendation.

ŷi,j , yi,j denotes the predicted rating and true rating respec-
tively, for user i and item j. The loss Luutil is used to obtain
the local gradient ∇Θu of the model and the performance
for each user.

Now, to incorporate global fairness in this recommenda-
tion model, we formulated a combined optimization prob-
lem. For any β ∈ [0, 1), we have:

L = Lutil + βLfair (4)

where β is a hyperparameter that denotes the trade-off be-
tween utility and fairness, and Lutil = 1

N

∑N
u=1 Luutil,

Lfair is given in Eq.(3). It is important to note that, for cal-
culating Lfair at the server, the group information of each
user is required which is in contradiction with the principles
of FL. To overcome this conflicting situation, we have ex-
tended the privacy-preserving mechanism used in (Liu et al.
2022a); an overview of the framework is shown in Figure 2.

Strategy for Optimizing the Global Loss Function Pri-
vately: The problem in Eq.(4) can be effectively mini-
mized using the stochastic gradient descent method if it is
differentiable. We considerMu = −Luutil as a measure of
performance for each user u, then local loss function be-
comes differentiable and suitable for FL process as shown
below. Let, the gradient of the Eq.(4) for any user is,

∇Θu =
∂

∂Θu
Luutil + β

∂

∂Θu
Lfair (5)

To simplify the above expression, let P = 1
|S0|
∑
u∈S0
Mu

and Q = 1
|S1|

∑
u∈S1

Mu be the global group statistics
(Gstat). Since, Mu = −Luutil, then from Eq.(3), for each
user we have,

∂

∂Θu
Lfair = −R |P −Q|α−1 ∂

∂Θu
Luutil (6)

Now, combining the Eq.(5) and Eq.(6) we have,

∇Θu=
(
1−βR |P−Q|α−1

) ∂

∂Θu
Luutil=L

∂

∂Θu
Luutil (7)

where, L = 1 − βR |P −Q|α−1. Here, R =
α(−1)1(P<Q)(−1)1(u/∈S0), hence for R > 0, user u

belongs to the superior performance group, thus L < 1,
which slows down the learning of the user u, otherwise
R ≤ 0 ⇒ L ≥ 1 which scales up the learning for poor
performing user. Hence, fairness can be achieved by
regulating the learning rates. Similarly, this mechanism
can be extended to multi-group scenarios in a federated
setting. Thus, enforcing fairness for each user becomes
straightforward with a small overhead in communication.
Further, the key benefit of this fairness algorithm is its
model-agnostic nature which perfectly fits in federated
settings. The schematic diagram is presented in Appendix
A, Figure 7 in the full version (Agrawal et al. 2024).

4.2 Privacy Protection in F2PGNN
The user’s privacy in F2PGNN is safeguarded through three
key aspects.
• Secure User-Item Local Graph Expansion: In GNN-
based RSs, getting higher-order interactions without violat-
ing user privacy in FL settings becomes challenging. Fed-
PerGNN (Wu et al. 2022a) handles this using repeated ex-
pensive encryption. To overcome this bottleneck, we de-
veloped an inductive user-item graph expansion algorithm
in a privacy-preserving manner; the pseudocode for algo-
rithm is given in (Appendix B of (Agrawal et al. 2024)).
Each user encrypts the items using the public key and up-
loads the encrypted IDs to the server. After matching the
encrypted items, the server then distributes anonymous user
embeddings to each user for expanding their local subgraph.
Moreover, as the server has access to the previously rated
encrypted item IDs for each user, only the newly rated items
need to be encrypted in future communication rounds. That
makes this algorithm inductive in nature, in addition to re-
ducing the communication overhead.
• Privacy Preserving Model Update: We used the standard
LDP technique to overcome the privacy leakage of user-item
interaction history if a user directly uploads the model pa-
rameters (Choi et al. 2018) (Refer Appendix C of (Agrawal
et al. 2024) for more details on LDP). Following the stan-
dard procedure, we clip the scaled gradients based on their
L2-norm with a clipping threshold δ, and add zero-mean
Laplace noise with λ variance to obtain ε-LDP. To control
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the amount of noise and clip, the upper bound for the pri-
vacy budget ε is 2δ

λ (Qi et al. 2020). After protecting gradi-
ents, the user performs a local update and uploads the up-
dated model parameters to the server for aggregation; in the
interest of space, we defer the pseudocode for the algorithm
in Appendix B of (Agrawal et al. 2024).
• Secure Group Statistics Aggregation: For updating the
global model, the server requires the group statistics, P
and Q, i.e the information about whether user belongs to
S0 or S1. Uploading information about the user’s sensitive
attributes violates the user’s privacy in FL. We aggregate
group statistics in a secure manner using LDP (Liu et al.
2022a), in which first each user u uploads Gustat as follows:

Puper←1(u∈S0)Mu+ε1,u, P
u
add←1(u∈S0)+ε3,u

Quper←1(u∈S1)Mu+ε2,u, Q
u
add←1(u∈S1)+ε4,u

(8)

where, ε1,u, ε2,u, ε3,u, ε4,u ∼ N (0, σ2) are personalised
noise fixed for each epoch. Then the server can aggregate
Gustat as follows,

P =

∑
u P

u
per∑

u P
u
add

, and Q =

∑
uQ

u
per∑

uQ
u
add

. (9)

The detailed pseudo-code of F2PGNN algorithm is given in
Algorithm 1.

Algorithm 1: F2PGNN Algorithm
Input: Initialize local subgraphs Gu, global model Θ0

Parameter: Learning rate (η), Noise parameter (σ), Batch
Dropout rate (K), Hidden dimension (h), Fairness Budget
(β), Group Statistics (Gstat) : P 0, Q0 ← 1
Output: Fair Model Θ, User Embeddings, Item Embed-
dings

1: Randomly sample set of users UK with |UK | =
(1−K) · |U |, where |U | = Total number of users

2: while not converged in epoch i do
3: Broadcast Θi & Gstat to each user
4: // User
5: for each user u ∈ UK do
6: Mapping-Dict← PrivateGraphExpansion()
7: Expand Gu using Mapping-Dict
8: Luutil, ∇ΘLuutil ← Local GNN training
9: Scale∇ΘLuutil as per (7) & update G(u)

stat as per (8)
10: Θi

u ← LocalUpdate()

11: Upload Θi
u & G(u)

stat to the server
12: end for
13: // Server
14: Θ(i+1) ← AGG

(
Θi
u

∣∣∣∣∀u ∈ UK)
15: Update Gstat as per (9)
16: end while

5 Experimental Evaluation
This section assesses the efficacy of F2PGNN across differ-
ent system settings. In particular, we evaluate how the trade-
off between fairness, privacy and utility is influenced by the
fairness budget β and LDP parameters.

5.1 Experimental Setup
Implementation: We implemented F2PGNN in Python
3.9 using TensorFlow 2.5. All experiments are performed
on a machine with AMD EPYC 7282 16-Core Processor @
2.80GHz with 128GB RAM, 80GB A100 GPU on Linux
Server. The source code is given in supplementary material.

Dataset: To empirically evaluate our framework, we have
used three publicly available real-world datasets, namely
MovieLens (ML-100K and ML-1M versions) (Harper and
Konstan 2015), and Amazon-Movies (AM) (∼500K ratings)
(Ni, Li, and McAuley 2019). We defer the summary statis-
tics of these datasets to Appendix D.1 in the full version
(Agrawal et al. 2024). For all datasets, we first filter 20-core
data 1, which ensures that each user has rated at least 20
items and each item has been interacted by at least 20 users,
more details on the n-core dataset is given in Appendix D.2
of (Agrawal et al. 2024). We then follow 80/10/10 train/-
validation/test split for each user history sorted according to
rating timestamps. We first consider the gender (G) of users
as a sensitive attribute for ML-100K and ML-1M datasets,
and we also include a synthetic attribute i.e activity (A) of
users for all three datasets similar to (Li et al. 2021b), which
considers users as active if the number of ratings given by
users exceed a certain threshold.

Baselines: The following is the only state-of-the-art FRSs
method with fairness which is considered as baseline:
• F2MF (Liu et al. 2022a) : A Matrix Factorization based

approach in federated setting. It achieves fairness over
different user demographic groups without exposing the
sensitive user attribute.

Evaluation Metric: The performance of F2PGNN for rec-
ommendations is measured by rooted mean square error
(RMSE). Lower values of RMSE correspond to better rec-
ommendations. To quantify fairness, we use the difference
principle as per Eq.(3). Lower values of Lfair indicate a fair
model.

5.2 Results
We compared the performance of F2PGNN under different
fairness budget levels against the baseline as described in
Section 5.1. Table 1 summarizes the results; the best results
are shown in bold, and hyperparameter settings are given in
Appendix D.3 of (Agrawal et al. 2024).

F2PGNN outperforms the baseline for all β in terms of
fairness across all datasets. At the same time, in terms of
utility (RMSE), F2PGNN outperforms all datasets except
Amazon Movies. For F2MF, when the value of β is larger
than some threshold, the model shows inconsistent and un-
stable behaviour (threshold values are shown in the box).
Whereas the performance of F2PGNN is consistent and sta-
ble for all values of β except in ML-100K (A). F2PGNN
improves the fairness in ML-100K (G), ML-100K (A),
ML-1M (G), ML-1M (A) and Amazon Movies (A) by
47.65%, 54.92%, 84.22%, 95.21% and 99.78%, respec-
tively, corresponding to threshold of β. Also, the gain in

1https://github.com/CharlieMat/FedFairRec.git
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Dataset Method RMSE(Disparity)
↓ β → 0.0 0.3 0.5 0.7 0.9

ML-100K(G) F2MF 1.5801(0.1242) 1.4905(0.1145) 1.4569(0.0938) 1.4183(0.1169) 1.5118(0.1213)
F2PGNN 1.2444(0.0539) 1.2545(0.0522) 1.2616(0.0512) 1.2686(0.0501) 1.2758(0.0491)

ML-100K(A) F2MF 1.5397(0.2452) 1.4822(0.1777) 1.4625(0.2526) 1.4305(0.1577) 1.4966(0.2290)
F2PGNN 1.2478(0.0811) 1.2471(0.0806) 1.2467(0.0804) 1.2466(0.0801) 1.2470(0.0804)

ML-1M(G) F2MF 1.2425(0.2441) 1.2199(0.2391) 1.1995(0.2327) 1.2026(0.2520) 1.2236(0.2396)
F2PGNN 1.2118(0.0420) 1.2019(0.0410) 1.1950(0.0392) 1.1885(0.0380) 1.1831(0.0367)

ML-1M(A) F2MF 1.2663(0.8797) 1.2161(0.8563) 1.2101(0.8351) 1.1872(0.8295) 1.1773(0.7910)
F2PGNN 1.1927(0.0724) 1.1843(0.0638) 1.1779(0.0567) 1.1711(0.0482) 1.1641(0.0379)

Amazon-
Movies(A)

F2MF 1.0968(2.5444) 1.0863(2.5132) 1.0660(2.4661) 1.0864(2.5102) 1.0907(2.5157)
F2PGNN 1.1889(0.0157) 1.1863(0.0133) 1.1843(0.0114) 1.1819(0.0088) 1.1788(0.0052)

Table 1: Performance vs Fairness comparison with different fairness budget β. For the user attributes in the dataset, G denotes
Gender while A denotes Activity. Superior performing values are highlighted in bold. Box indicates the threshold on β.

Figure 3: Top Row: Disparity vs epoch for different fairness budget β on validation data. Curves become lower with increasing
β. Bottom row: % change in fairness (left y-axis) and % change in RMSE (right y-axis) w.r.t different β. The performance
improves along with significant fairness improvement. Left to Right: ML-100K (G), ML-100K (A), ML-1M (G), ML-1M (A),
Amazon-Movies(A)

utility is 1.12% ∼ 15.9% over all datasets, at the expense
of 10.58% increase in RMSE for Amazon Movies (A). How-
ever, it should be noted that the inherent group disparity (i.e.
β = 0) for F2PGNN is less as compared to that of F2MF
due to the fact that F2MF updates the embeddings based
on explicit user-item interaction, whereas F2PGNN consid-
ers higher-order interactions between the users to update the
embeddings.

Performance Analysis for Different Fairness Budgets
(β): For F2PGNN, the parameter β controls how much
weightage is be given to the Lfair for fairness adaptation
in each communication round. The top row of Figure 3 vi-
sualizes the impact of β on the group disparity for valida-
tion data. It is observed that the fairness constraint becomes
prominent, yielding better fairness (curve goes down) as the
value of β increases. The bottom row of Figure 3 show-
cases the fairness-utility trade-off. The % improvement in
fairness is 9% ∼ 67% over all the datasets while main-
taining the utility ( ∼ 1%− 2.5% reduction except 2.5%
increase in RMSE for ML-100K(G)). This is due to the

fact that the model gets regularized better by incorporat-
ing fairness constraint for ML-1M and Amazon-Movies data
whereas it is not significant for ML-100K. Similar to F2MF,
for F2PGNN, we observe unstable behavior for ML-100K
(A) after a certain threshold of β. Figure 4 visualizes the
trend in group disparity on the test data over all the datasets.
When β increases, the disparity consistently decreases ex-
cept for ML-100K (A), which is evident from Figure 3 (Bot-
tom row). This shows that F2PGNN is highly effective in
achieving fairness while maintaining utility.

5.3 Ablation Study
To get better understanding of how different hyperparame-
ters influence different aspects of F2PGNN, including per-
formance and privacy protection, we conduct ablation stud-
ies to analyse the effect of these parameters.

Performance Analysis with LDP: There might be pri-
vacy issues if the GNN model parameters and item embed-
ding gradients are uploaded directly to the server (Zhu, Liu,
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Figure 4: Disparity on test data for different β. Increasing β leads to reduced disparity.

Figure 5: Privacy budget ε (left y-axis) and the personalization RMSE (right y-axis) w.r.t different clipping threshold δ and noise
variance λ. Lower ε implies better privacy and lower RMSE implies better performance. The performance sacrifice is higher
for the lowest δ and it also goes higher with increasing λ. Left to Right: ML-100K (G), ML-1M (G), Amazon-Movies(A)

and Han 2019). The reason being only the item that user
has interacted will have non-zero gradients, hence server can
easily identify the user interaction history. F2MF considered
LDP only in the group statistics which is not sufficient for
user privacy protection. To overcome this caveat, we con-
sider LDP for ensuring privacy as described in Section 4.2.

We first analyze the privacy-utility trade-off, by varying
δ and λ in the LDP module (Figure 5). Smaller values of
δ and larger values of λ incur a smaller privacy budget ε,
which implies better privacy protection. Note that, the fair-
ness budget β is set to 0.5 for analysis. The model per-
formance of F2PGNN declines with the increase in noise
strength λ. Moreover, smaller gradient clipping thresholds
such as δ = 0.2 deteriorates the prediction substantially. If
observed carefully, the worst increase in RMSE w.r.t one
without gradient clipping is 1.88%, 0.27% and 0.474%
for ML-100K (G), ML-1M (G) and Amazon Movies (A)
respectively. Thus, selecting δ and λ to strike a balance be-
tween privacy protection and recommendation accuracy is
critical. We further investigate the effect of LDP on privacy-
fairness tradeoff, deferred to Appendix E.1 of (Agrawal et al.
2024) due to space constraints.

LDP on Group Statistics: The update of group statistics,
i.e. P and Q requires demographic information from each
user without exposing their original identity. Hence, each
users broadcasts the group statistics with LDP (refer Section
4.2), to avoid revealing the true group membership. Figure 6
illustrates how the local statistics for a particular user hides
the users’ true demographic features through LDP. Ideally,
the value of Puper & Quper must be −L

u
util

2 and Puadd & Quadd
be 0.5 making it impossible for server to infer user attribute.
But this comes at the expense of losing fairness and utility
of the model as the strength of noise required is significantly
high. As the group statistics are intermingled, the server can-

not infer the users’ group membership, as shown in the anal-
ysis for Amazon Movies (A) (Figure 6), for other datasets
results are presented in the Appendix E.2 in the full version
(Agrawal et al. 2024).

Figure 6: Effect of LDP on group statistics for a given user
of group S0 for fixed β, δ, λ and σ combination for Amazon
Movies (Activity).

6 Conclusion
In this work, motivated by the importance of GNN in FRS,
and the challenges related to inherent bias in the model, we
present F2PGNN, a novel framework for a privacy-preserved
global group fair recommendation system. We introduce a
privacy-preserved inductive graph expansion technique that
minimizes communication overhead. We also enhance pri-
vacy protection through an LDP module while broadcast-
ing the model and group statistics update to the server. For
F2PGNN, we empirically demonstrate improvements (and
associated trade-offs) over the state-of-the-art in terms of ac-
curacy, efficiency and fairness. F2PGNN does not consider
asynchronous updates, thus it can be an interesting future di-
rection to develop a GNN-based fair FRS by incorporating
computational heterogeneity.
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