
Multifaceted User Modeling in Recommendation:
A Federated Foundation Models Approach

Chunxu Zhang1,2, Guodong Long3, Hongkuan Guo4, Zhaojie Liu4, Guorui Zhou4, Zijian Zhang1,2,
Yang Liu5, Bo Yang1,2*

1 College of Computer Science and Technology, Jilin University, China
2 Key Laboratory of Symbolic Computation and Knowledge Engineering of Ministry of Education, China

3 Australian Artificial Intelligence Institute, FEIT, University of Technology Sydney
4 Kuaishou Technology

5 Institute for AI Industry Research, Tsinghua University
{zhangchunxu, zhangzijian, ybo}@jlu.edu.cn, guodong.long@uts.edu.au, {guohongkuan, zhouguorui}@kuaishou.com,

liuzj03@gmail.com, liuy03@air.tsinghua.edu.cn

Abstract

Multifaceted user modeling aims to uncover fine-grained
patterns and learn representations from user data, reveal-
ing their diverse interests and characteristics, such as pro-
file, preference, and personality. Recent studies on foun-
dation model-based recommendation have emphasized the
Transformer architecture’s remarkable ability to capture com-
plex, non-linear user-item interaction relationships. This pa-
per aims to advance foundation model-based recommender-
systems by introducing enhancements to multifaceted user
modeling capabilities. We propose a novel Transformer layer
designed specifically for recommendation, using the self-
attention mechanism to capture sequential user-item inter-
action patterns. Specifically, we design a group gating net-
work to identify user groups, enabling hierarchical discov-
ery across different layers, thereby capturing the multifaceted
nature of user interests through multiple Transformer lay-
ers. Furthermore, to broaden the data scope and further en-
hance multifaceted user modeling, we extend the framework
to a federated setting, enabling the use of private datasets
while ensuring privacy. Experimental validations on bench-
mark datasets demonstrate the superior performance of our
proposed method.

Code — https://github.com/Zhangcx19/AAAI-25-MRFF

Introduction
Foundation model-based recommendation methods (Harte
et al. 2023; Liu, Zhang, and Gulla 2023; Wu et al. 2023;
Zheng et al. 2024a; Wu et al. 2024) have emerged as a
promising paradigm in recommender systems. The central
idea is to leverage powerful foundation models, pre-trained
on extensive datasets, and adapt them to specific recommen-
dation tasks. This is typically accomplished by fine-tuning
the models or incorporating them as key components within
the recommendation architecture. By harnessing the rich
knowledge encoded in the foundation models, these systems
are able to deliver more accurate and diverse recommenda-
tions. However, the deployment of foundation model-based
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recommender systems necessitates the aggregation of large-
scale user-item interaction data, which introduces significant
privacy concerns, including the risk of sensitive information
leakage. Addressing these privacy challenges is crucial for
the deployment of such systems in real-world settings.

Federated Foundation Models (FFMs) (Zhuang, Chen,
and Lyu 2023; Yu, Muñoz, and Jannesari 2023) offer an
innovative approach to addressing the privacy and security
challenges associated with traditional foundation model de-
velopment. The key idea behind FFMs is to enable the train-
ing of foundation models on distributed data sources while
avoiding the sharing of raw user data. This collaborative
learning approach has emerged as a pioneering technique
within the foundation model domain, providing a promising
path for the development of powerful yet privacy-preserving
AI systems. However, two critical challenges arise when
constructing FFMs for recommender systems: First, exist-
ing FFMs generally optimize from a large-scale pre-trained
model, which presents significant deployment and computa-
tion burdens for portable devices of recommendation users.
Second, the naive FFMs regard clients equally and learn the
same model for all users, which contradicts the goal of de-
livering customized recommendations for end users.

This paper introduces the Multifaceted user modeling
in Recommendations with Federated Foundation models
(MRFF), to probe the new FFMs paradigm for recommen-
dations. Specifically, we implement a lightweight founda-
tion model on each client, training it from scratch to re-
duce the high deployment and computational overhead from
large-scale pre-trained models. Furthermore, we devise a
multifaceted user modeling mechanism to jointly learn user-
specific and group-level personalization. On the one hand,
we privately separate certain model parameters to preserve
user preferences. In addition, we design a novel Transformer
layer and configure a group gating network on clients to hi-
erarchically partition users into specific groups, enabling the
server to perform group-level parameters aggregation to cap-
ture user correlations. By incorporating user-specific mod-
eling and group-level personalization, MRFF can harness a
synergistic effect, improving predictive performance while
safeguarding user privacy.
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We evaluate the performance of our method on real-world
industrial datasets. Experimental results show that our pro-
posed MRFF can empower various foundation model ar-
chitectures and achieve superior performance compared to
state-of-the-art baselines on widely-used click-through rate
(CTR) prediction task. Additionally, we conduct compre-
hensive experiments to analyze our model’s efficacy in terms
of user-grouping capability. Furthermore, we demonstrate
the practical feasibility of MRFF by assessing its efficiency
and privacy-preserving capabilities. Our results indicate that
our method achieves higher optimization efficiency com-
pared to baselines, while maintaining a good trade-off be-
tween performance and privacy preservation. In summary,
the key contributions of this work are as follows,

• We present an efficient federated foundation model
for the recommender system, named MRFF. It trains
a lightweight foundation model on each client from
scratch, which reduces the heavy computational burden
imposed by large-scale pre-trained models.

• We develop a multifaceted user modeling mechanism
that enables collaborative learning of both user-specific
and group-level personalization, thus fostering the de-
velopment of prospective recommender systems in a
privacy-preserving manner.

• Extensive experiments on benchmark datasets reveal the
outstanding performance of MRFF against baselines.
Furthermore, in-depth analysis further validate its strong
practical feasibility.

Related Work
Multifaceted User Modeling
Multifaceted user modeling (Hannon et al. 2012; McAuley
and Leskovec 2013) aims to capture complex user prefer-
ences by considering a wide range of user data and dimen-
sions. This approach goes beyond traditional user model-
ing, which often relies solely on historical interactions. By
integrating diverse data sources, including social connec-
tions, contextual information, and content preferences, mul-
tifaceted user modeling creates a more nuanced and dynamic
representation of users. This approach has become crucial in
recommendersystems (Du, Liu, and Wu 2021; Li 2021; Liu
et al. 2023; Zheng et al. 2024b,c) to enhance the accuracy
and personalization of recommendations. The core principle
is that users are not static entities with singular preferences.
Instead, they possess multiple facets, and their preferences
evolve across time and context. By integrating information
about users’ behaviors, interests, and interactions across dif-
ferent scenarios, multifaceted user modeling enables more
accurate prediction of user needs and delivers more person-
alized and serendipitous recommendations.

Foundation Models for Recommendations
Foundation Models for Recommendations (FM4RecSys)
have emerged as a transformative approach in recommender
systems, leveraging the vast knowledge and intricate archi-
tectures of Foundation Models (FMs) to enhance personal-
ized content delivery and user experience (Lin et al. 2023;

Huang et al. 2024; Zhao et al. 2024; Liu et al. 2024). The
core motivation behind integrating FMs into recommender
systems stems from their ability to decipher complex pat-
terns and generalize effectively to unseen data. Research
in FM4RecSys encompasses a variety of models, includ-
ing language foundation models (Zhang et al. 2023; Bao
et al. 2023), multi-modal foundation models (Geng et al.
2023; Zhou et al. 2023), and personalized agents powered by
FMs (Zhang et al. 2024a,c). They focus on pre-trained and
fine-tuned approaches, prompting techniques, and leverag-
ing the robust representation and generalization capabilities
of FMs for recommendations. FM4RecSys is a significant
advancement in the field, offering new opportunities for im-
proving recommender systems’ accuracy, interactivity, and
ability to provide insightful explanations. As research in this
area continues to evolve, it is expected to further reshape the
landscape of personalized recommendation services.

Federated Foundation Models
Federated Foundation Models (FFMs) (Chen et al. 2023;
Yu, Munoz, and Jannesari 2024; Long 2024) introduce an
innovative approach that combines the power of FMs with
the privacy-preserving framework of Federated Learning
(FL) (McMahan et al. 2017; Yan and Long 2023; Xu et al.
2024; Miao et al. 2025). This integration stems from ad-
vancements in AI, particularly through models like LLaMA,
BERT, and GPT, which leverage vast amounts of data for
pre-training (Yu, Munoz, and Jannesari 2024; Ren et al.
2024; Charles et al. 2024). However, optimizing these mod-
els typically requires access to sensitive data, which raises
significant privacy concerns. FFMs tackle these challenges
by utilizing the collaborative learning capabilities of FL to
enhance FM performance across multiple end-users while
preserving data privacy. This approach enables the develop-
ment of more personalized and context-aware models, effec-
tively addressing challenges related to data scarcity, compu-
tational resources, privacy concerns, and ethical consider-
ations. FFMs provide a flexible and scalable framework for
training models while preserving privacy, laying the ground-
work for further advancements in both FM training and fed-
erated learning. Despite these advantages, current FFMs of-
ten depend on large-scale pre-trained models for optimiza-
tion, presenting significant deployment and computational
challenges for resource-constrained devices typically used
in recommendersystems. To address this limitation, this pa-
per introduces a novel FFM designed specifically for rec-
ommendations. Our method reduces computational over-
head by training a lightweight foundation model on each
user device from scratch and incorporates both user-specific
and group-level personalization modeling, enabling effec-
tive modeling of user preferences while preserving privacy.

Preliminary
Recommendation tasks often exhibit sequential dependen-
cies, where users’ current interactions are influenced by their
past behaviors. Transformer architectures, with their self-
attention mechanisms, are particularly well-suited to cap-
ture and model these temporal dependencies effectively.
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Given user u’s interaction history {i1, i2, ..., iT }, the goal
is to recommend the next item at time T + 1. We de-
compose the transformer-based recommendation architec-
ture into three distinct components: the Input Layer, the
Transformer Block, and the Prediction Layer. Each com-
ponent will be examined in detail below.

Input Layer. Sequential interactions are converted into
embedding vectors using item embedding tables. Each item
i is represented by either indicator attributes (e.g., item ID)
or descriptive characteristics (e.g., item type). The item em-
beddings for each item in the sequence are gathered using
embedding tables, forming the input embedding as follows,

iemb = Concat(Em
i

|Ai|
m=1) (1)

where Em
i represents the embedding vector of item i for the

m-th attribute, |Ai| denotes the total number of attributes,
and Concat refers to the concatenation operation. Addi-
tionally, sequence embedding vectors typically incorporate
learnable positional embeddings (Kang and McAuley 2018)
or relative positional information (Zhai et al. 2024b) to en-
code positional relationships.

Transformer Block. The transformer block consists of
two modules: the self-attention module (Attention) and the
feed-forward network (FFN). Given input xin, the trans-
former block first passes it through the Attention layer to
adaptively aggregate embeddings from all previous items.
Next, an FFN is applied to introduce non-linearity and cap-
ture interdependencies across latent dimensions. This pro-
cess is formulated as follows,

xout = FFN(Attention(xin)) (2)

To mitigate overfitting and training instability, com-
mon techniques such as residual connections (He et al.
2016), normalization (Ba, Kiros, and Hinton 2016), and
dropout (Srivastava et al. 2014) are typically incorporated
into the transformer block.

Prediction Layer. For each user, we combine the user
embedding, candidate item embedding, and latent sequence
representations from the transformer blocks as input to a
multi-layer perceptron (MLP) for prediction,

Ŷ = MLP(Concat(xL
out, u

emb, cemb)) (3)

where L is the number of transformer blocks. uemb and cemb

represent user and candidate item embeddings, respectively,
constructed similarly to input sequence embeddings.

Methodology
Overall Framework
We propose a novel approach for Multifaceted user model-
ing in Recommendations with Federated Foundation mod-
els, referred to as MRFF. As shown in Figure 1, MRFF uti-
lizes a transformer-based foundation model trained on each
client, which incorporates our proposed multifaceted user
modeling mechanism. To improve personalization, we intro-
duce a group gating network within each transformer layer.
This network dynamically directs clients to specific FFNs
based on their characteristics. The group-level FFN, together

with the user-specific FFN, then contributes to the subse-
quent feedforward pass. By integrating both user-specific
and group-level personalization, MRFF achieves more ef-
fective user modeling while ensuring privacy preservation.

Multifaceted User Modeling Mechanism
Traditional federated learning aims to learn a single shared
model across all clients (McMahan et al. 2017), which is
insufficient for recommendation tasks due to the hetero-
geneity of user data distributions. While users exhibit di-
verse behaviors, they also share meaningful similarities that
can improve individual modeling. Therefore, federated rec-
ommender systems require collaboration between learning
user-specific parameters and leveraging inter-user relation-
ships. This dual focus on personalization and social con-
nections overcomes the limitations of a one-size-fits-all ap-
proach, yielding more robust and effective models.

To achieve this, we propose simultaneously learning per-
sonal and group parameters in the federated recommender
system. We designate the FFN within each transformer
block as a private module to maintain user personalization.
This enables the model to capture non-linear relationships in
user behavior, addressing the inherent heterogeneity in user
data. We also introduce group-level FFNs to model shared
patterns across similar users, facilitating federated optimiza-
tion by leveraging similarities within each user group.

To assign users to their respective FFN modules, we in-
tegrate a group gating network after the attention module in
each transformer block. The group gating network takes as
input the output of the attention module and the user embed-
ding. By combining contextual features learned by the at-
tention mechanism and user-specific information, the group
gating network predicts the user’s group assignment. We im-
plement the group gating network with an MLP followed by
a softmax operation, formalizing the probability of user u
belonging to each group as follows,

Pu = softmax(MLP(Concat(Attentionout, u
emb)) (4)

where Attentionout represents the output of the attention
module in the transformer block. The user’s group assign-
ment is determined by selecting the group with the highest
probability. This group gating network dynamically assigns
users to the appropriate FFNs, effectively matching them
with personalization components tailored to their specific
behaviors and preferences.

Thus, the computation process within each Transformer
block is updated as follows,
xout = FFNu(Attention(xin)) + FFNg(Attention(xin))

(5)
where FFNu and FFNg represent the user-specific and
group-level FFN, respectively. The inclusion of group gat-
ing networks in each transformer block creates a hierarchi-
cal model architecture, facilitating the learning of represen-
tations at different granularities. Shallow transformer blocks
capture general user personas, while deeper blocks reveal
more nuanced behavioral segments. This hierarchical ap-
proach dynamically assigns users to the appropriate person-
alization components, effectively balancing shared charac-
teristics with individual preferences.
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Figure 1: The framework of MRFF. The right side illustrates the workflow of our method. Each client trains a lightweight
foundation model using personal data. In the transformer layers of the local model, we propose a multifaceted user modeling
mechanism to enhance user personalization, with details summarized on the left side. Specifically, we introduce a group gating
network after the attention module to direct users to specific FFNs, alongside the user-specific FFN, for forward propagation.
During iterative optimization between the server and clients, clients maintain user embeddings and user-specific FFN as private
modules to learn user-level personalization. For other parameters, the server aggregates them either globally or by group.

Optimization Objective
MRFF aims to build a personalized federated recommender
system that delivers tailored recommendations to each user.
Each user u stores their personal data Du locally and trains
the foundation model under the server’s coordination. The
system optimization objective is formulated as follows,

min
{θ1,...,θn}

n∑
u=1

αuLu(θu) (6)

where Lu(θu) represents the local foundation model loss pa-
rameterized by θu, and αu is the weight of user u in the
global optimization process.

The local foundation model loss consists of two compo-
nents: the recommendation loss, which captures user data
characteristics and models individual preferences, and a bal-
ance loss that regularizes the group gating network to ensure
even user allocation across groups. This regularization pre-
vents the dominance of a few groups, constraining the net-
work to distribute users uniformly,

Lbalance = N ·
L∑

l=1

N∑
i=1

f l
i · pli (7)

where L is the number of transformer blocks and N is the
number of FFNs per block. f l

i and pli represent the propor-
tion of users belonging to the i-th group among the total

users and the probability of the user being predicted to be-
long to the i-th group in the l-th transformer block, respec-
tively. We set a constant hyper-parameter α as the coefficient
of the balance loss. By encouraging a balanced group dis-
tribution, the system better leverages shared characteristics
within each group while accounting for individual needs.
It is worth noting that other methods exist to constrain the
group gating network for even user allocation (Shazeer et al.
2016; Lepikhin et al. 2020), with the balance loss presented
here being one possible solution. Thus, the local foundation
model loss for user u is formulated as,

Lu = Lrec + α · Lbalance (8)
The recommendation loss Lrec is instantiated according to
the task, such as binary cross-entropy for CTR prediction.

Discussions about Practical Viability
Unlike existing FFMs that fine-tune large-scale pre-trained
models, MRFF trains a lightweight foundation model from
scratch on each client, effectively reducing deployment and
computational overhead for resource-constrained devices.
Furthermore, MRFF keeps certain model parameters private,
avoiding their upload to the server, thereby improving effi-
ciency and enhancing system security. By reducing the num-
ber of parameters uploaded, communication overhead be-
tween the server and users is significantly reduced, which is
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Method Dataset KuaiRand-Pure KuaiSAR-R KuaiSAR-S
Metric AUC ↑ LogLoss ↓ AUC ↑ LogLoss ↓ AUC ↑ LogLoss ↓

Non-Sequential FedNCF 0.7109 0.9793 0.6710 2.5670 0.5357 2.6338
FedPA 0.6842 0.5935 0.6707 0.8055 0.5464 1.0655

Transformer-based

FedSASRec 0.7297 0.5181 0.7007 0.7105 0.5707 0.7034
w/ MRFF 0.7315* 0.4953* 0.7070* 0.6583* 0.5755* 0.5259*
Improvement 0.25% 4.60% 0.90% 7.93% 0.84% 33.75%
FedHSTU 0.7304 0.5171 0.7030 0.7338 0.5725 0.7041
w/ MRFF 0.7330* 0.4949* 0.7064* 0.6426* 0.5735* 0.5987*
Improvement 0.36% 4.49% 0.48% 14.19% 0.17% 17.60%
FedLLaMA 0.7302 0.5167 0.7003 0.7152 0.5724 0.7024
w/ MRFF 0.7311 0.4972* 0.7084* 0.6554* 0.5787* 0.5730*
Improvement 0.12% 3.92% 1.16% 9.12% 1.10% 22.58%

Table 1: Experimental results of baselines and our method on three datasets. “w/ MRFF” denotes enhancing the baseline
with our proposed MRFF and “Improvement” indicates the performance gain achieved by integrating MRFF. “*” indicates
statistically significant improvements (i.e., two-sided t-test with p < 0.05) over the backbone baseline.

particularly beneficial for recommender systems with large
user bases. By keeping certain parameters local, the server
has access to fewer publicly shared parameters, which re-
duces the risk of inferring users’ private data from the model.
To further enhance privacy protection, we explore integrat-
ing our approach with other privacy-preserving techniques,
such as differential privacy (Choi et al. 2018), which will be
discussed in detail in the experiments.

Experiment
Experimental Setup
We conduct experiments on three practical datasets:
KuaiRand-Pure (Gao et al. 2022), KuaiSAR-R and
KuaiSAR-S (Sun et al. 2023). This paper focuses on the
click-through rate (CTR) prediction task and we adopt the
prevalent leave-one-out dataset split, following the setting
in (Kang and McAuley 2018). Model performance is as-
sessed using two commonly used evaluation metrics: AUC
(Area Under the Curve) and LogLoss (Logarithmic Loss).
AUC evaluates ranking quality, and LogLoss assesses the
calibration of predictions, offering a comprehensive evalua-
tion of CTR prediction models.

Baselines and Implementation Details
Baselines. MRFF is an architecture-agnostic federated foun-
dation recommendation framework, readily adaptable to
common transformer-based recommendation models. To
demonstrate its versatility, we select three representa-
tive backbone architectures: SASRec (Kang and McAuley
2018), HSTU (Zhai et al. 2024a), and LLaMA (Touvron
et al. 2023), and adapt them under the federated learn-
ing setting as the baselines, named FedSASRec, FedHSTU
and FedLLaMA. SASRec is a well-established sequen-
tial recommendation model leveraging self-attention mech-
anisms. HSTU and LLaMA are state-of-the-art foundation
model architectures. Additionally, we included two non-
sequential recommendation frameworks, FedNCF (Perifa-
nis and Efraimidis 2022) and FedPA(Zhang et al. 2024b),

for further comparison. FedNCF is the first federated rec-
ommendation model based on a deep learning framework,
while FedPA represents the leading federated recommenda-
tion method based on foundation models.
Implementation Details. For two non-sequential baselines
FedNCF and FedPA, we fix batch size as 1,024. For three
transformer-based baselines and our enhanced versions, we
set transformer blocks as 2 for a fair comparison. Besides,
we set the total communication rounds as 500 for all mod-
els to ensure convergence. All experiments are implemented
using the PyTorch framework and repeated 5 times, with av-
erage results reported to ensure statistical reliability.

Overall Performance
Table 1 presents the evaluation results across three datasets
using two performance metrics. We then provide a de-
tailed discussion of the noteworthy observations and insights
drawn from the experimental findings.

(1) Transformer-based recommendation architectures
outperform non-sequential models. Compared to non-
sequential models, which fail to fully capture the richness of
user behavior, transformer-based models excel at identifying
complex sequential patterns and user-item interactions. This
underscores the importance of incorporating sequential in-
formation and modeling temporal dependencies to achieve
high-quality recommendations.

(2) Our proposed method exhibits strong compati-
bility and versatility. Integrating MRFF into three dis-
tinct backbone architectures (FedSASRec, FedHSTU, and
FedLLaMA) leads to significant performance improvements
across the board. This showcases the model’s ability to
seamlessly integrate with and enhance various transformer-
based recommendation frameworks.

(3) Integrating our model with advanced foundation
models typically results in improved performance. Ad-
vanced foundation models, incorporating innovative ad-
vancements like rotational positional encoding (as seen in
LLaMA), improve both efficiency and effectiveness. This
suggests that combining our method with a broader range
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Figure 2: Efficacy analysis of balance loss. The horizontal axis denotes the federated optimization rounds, and the vertical axis
shows the number of users. The upper and lower subfigures display user grouping results for model’s two transformer blocks.

Figure 3: Impact of coefficient of the balance loss on model performace.

of advanced foundation models holds promise for achieving
further performance gains.

Efficacy Analysis of Balance Loss

A key component in our MRFF is the group gating network,
which partitions users into groups to leverage their corre-
lations for group-level personalization. However, skewed
grouping can undermine effectiveness. To mitigate this, we
develop a balance loss that encourages the group gating net-
work to maintain uniform user routing. To verify the bal-
ance loss’s effectiveness, we visualize user grouping dynam-
ics during model training. Specifically, we track changes in
user assignments across iterations, using the FedSASRec w/
MRFF model on the KuaiRand-Pure dataset as an example.

As shown in Figure 2, during model training, user alloca-
tion across groups gradually converges to a uniform distri-
bution in both transformer blocks, with approximately 800
users assigned to each group. This uniform routing is crucial
for ensuring that group-level personalization leverages user
correlations equitably, without bias towards specific user
populations. Experimental results show that the balance loss
effectively encourages the group gating network to maintain
an equitable user distribution.

Impact of Key Hyper-Parameters on Performance
Our proposed MRFF has two essential hyper-parameters,
including the coefficient of the balancing loss and the
number of user groups. We conduct evaluations on three
datasets using model FedSASRec w/ MRFF to empiri-
cally asses their impact on model performance. Specifi-
cally, we test the balance loss coefficient α with values in
{0.0001, 0.001, 0.01, 0.1}, and the number of user groups β
with values in {2, 4, 6, 8}.

As shown in Figure 3, the model achieves optimal perfor-
mance across all three datasets when the balance loss coef-
ficient is set to α = 0.1. A larger coefficient is required to
ensure that the group gating network maintains a and uni-
form user distribution, which in turn facilitates more effec-
tive group-level personalization.

In Figure 4, the model performance is observed to de-
cline when the number of user groups β is too small, such
as β = 2. In this case, the limited granularity fails to capture
the subtle differences in user behaviors. On the other hand,
increasing the number of groups, such as setting β = 6, re-
sults in improved performance, as the finer user partitioning
allows the model to better adapt to individual preferences.
However, increasing the number of groups also increases
the model’s complexity and parameter size. We find that
β = 4 strikes a good balance, providing enhanced perfor-
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Figure 4: Impact of the number of user groups on model performance.

Datasets Metrics Noise strength
0 0.1 0.2 0.3 0.4 0.5

KuaiRand-Pure
AUC 0.7315 0.7311 0.7307 0.7294 0.7293 0.7297

LogLoss 0.4953 0.4960 0.4980 0.4978 0.4959 0.4993

KuaiSAR-R
AUC 0.7070 0.7039 0.7037 0.7037 0.7038 0.7037

LogLoss 0.6583 0.6552 0.6733 0.6653 0.6622 0.6690

KuaiSAR-S
AUC 0.5755 0.5749 0.5708 0.5702 0.5718 0.5709

LogLoss 0.5259 0.6042 0.6343 0.6457 0.6289 0.6271

Table 2: Results of privacy-preserving MRFF with various noise strength.

Datasets Architectures SASRec HSTU LLaMA

KuaiRand-Pure
Parameter (k) 59.78 67.89 63.19

Time (s) 0.0733 0.0893 0.0890

KuaiSAR-R
Parameter (k) 52.72 62.53 57.83

Time (s) 0.0614 0.0726 0.0503

KuaiSAR-S
Parameter (k) 51.75 62.74 58.03

Time (s) 0.0616 0.0715 0.0698

Table 3: Summary of parameter size and testing time.

mance without excessively inflating the model size.

Analysis about Practical Feasibility
Deploying federated recommender systems in real-world
presents significant challenges. User preferences are dy-
namic, requiring systems to provide timely and adaptive rec-
ommendations. The timeliness of these recommendations
is crucial, as systems must deliver high-quality suggestions
within a short time frame to meet practical needs. Addition-
ally, real-world systems face a higher risk of malicious at-
tacks, emphasizing the need for robust privacy protection.
To evaluate the practical feasibility of our model, we evalu-
ate it from two perspectives: efficiency and privacy.

To evaluate the efficiency of our method, we summarize
the parameter size and testing time results across three trans-
former architectures on all datasets in Table 3. As high-
lighted in (Ren et al. 2024), existing FFMs typically inte-
grate pre-trained foundation models with parameter scales
in the hundreds of thousands. In contrast, each client in our
approach only needs to deploy a model with approximately
60k parameters, with an average testing time of less than
0.1 seconds. These results demonstrate that our model of-
fers significantly higher efficiency, making it better suited to
meet the demands of real-world applications.

To enhance the privacy protection of our framework, we
propose incorporating differential privacy techniques (Choi
et al. 2018). Specifically, we introduce noise to the parame-
ters uploaded from client devices to the server, reducing the
risk of the server inferring private user information from pa-
rameter changes. As shown in Table 2, our model maintains
strong recommendation performance even with increased
noise levels. This demonstrates that our approach not only
ensures robust privacy protection but also satisfies the es-
sential security requirements for practical deployment.

Conclusion
We present MRFF, an innovative federated foundation
model designed specifically for recommender systems. At
its core, MRFF trains a compact foundation model locally
on each client device, avoiding the substantial computa-
tional overhead typically associated with large pre-trained
models in federated settings. Additionally, we introduce
a multifaceted user modeling mechanism that seamlessly
integrates user-specific modeling while uncovering group-
level similarities, enabling the development of an effec-
tive recommendation architecture that inherently preserves
user privacy. Extensive experiments and in-depth analyses
demonstrate significant performance improvements over ad-
vanced baselines, alongside superior compatibility. More-
over, comprehensive evaluations underscore the practical
feasibility of our method, highlighting its efficiency and
privacy-preserving capabilities.
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Yu, S.; Muñoz, J. P.; and Jannesari, A. 2023. Federated foun-
dation models: Privacy-preserving and collaborative learn-
ing for large models. arXiv preprint arXiv:2305.11414.
Yu, S.; Munoz, J. P.; and Jannesari, A. 2024. Federated
Foundation Models: Privacy-Preserving and Collaborative
Learning for Large Models. In Proceedings of the 2024
Joint International Conference on Computational Linguis-
tics, Language Resources and Evaluation (LREC-COLING
2024), 7174–7184.
Zhai, J.; Liao, L.; Liu, X.; Wang, Y.; Li, R.; Cao, X.; Gao, L.;
Gong, Z.; Gu, F.; He, J.; et al. 2024a. Actions Speak Louder
than Words: Trillion-Parameter Sequential Transducers for
Generative Recommendations. In Forty-first International
Conference on Machine Learning.
Zhai, J.; Liao, L.; Liu, X.; Wang, Y.; Li, R.; Cao, X.;
Gao, L.; Gong, Z.; Gu, F.; He, M.; et al. 2024b. Ac-
tions speak louder than words: Trillion-parameter sequential
transducers for generative recommendations. arXiv preprint
arXiv:2402.17152.
Zhang, A.; Chen, Y.; Sheng, L.; Wang, X.; and Chua, T.-
S. 2024a. On generative agents in recommendation. In
Proceedings of the 47th International ACM SIGIR Con-
ference on Research and Development in Information Re-
trieval, 1807–1817.
Zhang, C.; Long, G.; Guo, H.; Fang, X.; Song, Y.; Liu, Z.;
Zhou, G.; Zhang, Z.; Liu, Y.; and Yang, B. 2024b. Federated
Adaptation for Foundation Model-based Recommendations.
In Proceedings of the Thirty-Third International Joint Con-
ference on Artificial Intelligence, IJCAI-24, 5453–5461.

Zhang, J.; Hou, Y.; Xie, R.; Sun, W.; McAuley, J.; Zhao,
W. X.; Lin, L.; and Wen, J.-R. 2024c. Agentcf: Collaborative
learning with autonomous language agents for recommender
systems. In Proceedings of the ACM on Web Conference
2024, 3679–3689.
Zhang, J.; Xie, R.; Hou, Y.; Zhao, W. X.; Lin, L.; and
Wen, J.-R. 2023. Recommendation as instruction follow-
ing: A large language model empowered recommendation
approach. arXiv preprint arXiv:2305.07001.
Zhao, Z.; Fan, W.; Li, J.; Liu, Y.; Mei, X.; Wang, Y.; Wen,
Z.; Wang, F.; Zhao, X.; Tang, J.; et al. 2024. Recommender
systems in the era of large language models (llms). IEEE
Transactions on Knowledge and Data Engineering.
Zheng, Z.; Chao, W.; Qiu, Z.; Zhu, H.; and Xiong, H. 2024a.
Harnessing large language models for text-rich sequential
recommendation. In Proceedings of the ACM on Web Con-
ference 2024, 3207–3216.
Zheng, Z.; Hu, X.; Gao, S.; Zhu, H.; and Xiong, H. 2024b.
Mirror: A multi-view reciprocal recommender system for
online recruitment. In Proceedings of the 47th International
ACM SIGIR Conference on Research and Development in
Information Retrieval, 543–552.
Zheng, Z.; Hu, X.; Qiu, Z.; Cheng, Y.; Gao, S.; Song, Y.;
Zhu, H.; and Xiong, H. 2024c. Bilateral Multi-Behavior
Modeling for Reciprocal Recommendation in Online Re-
cruitment. IEEE Transactions on Knowledge and Data En-
gineering.
Zhou, P.; Cao, M.; Huang, Y.-L.; Ye, Q.; Zhang, P.; Liu, J.;
Xie, Y.; Hua, Y.; and Kim, J. 2023. Exploring recommenda-
tion capabilities of gpt-4v (ision): A preliminary case study.
arXiv preprint arXiv:2311.04199.
Zhuang, W.; Chen, C.; and Lyu, L. 2023. When foundation
model meets federated learning: Motivations, challenges,
and future directions. arXiv preprint arXiv:2306.15546.

13205


