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Abstract

Applying large pre-trained Vision-Language Models to rec-
ommendation is a burgeoning field, a direction we term
Vision-Language-Recommendation (VLR). Bringing VLR to
user-oriented on-device intelligence within a federated learn-
ing framework is a crucial step for enhancing user privacy and
delivering personalized experiences. This paper introduces
FedVLR, a federated VLR framework specially designed for
user-specific personalized fusion of vision-language repre-
sentations. At its core is a novel bi-level fusion mechanism:
The server-side multi-view fusion module first generates a di-
verse set of pre-fused multimodal views. Subsequently, each
client employs a user-specific mixture-of-expert mechanism
to adaptively integrate these views based on individual user
interaction history. This designed lightweight personalized
fusion module provides an efficient solution to implement
a federated VLR system. The effectiveness of our proposed
FedVLR has been validated on seven benchmark datasets.

Code — https://github.com/mtics/FedVLR
Extended Version — https://arxiv.org/abs/2410.08478

Introduction
Vision-Language Models (VLMs) are pushing the bound-
aries of personalized recommendation by interpreting the
rich content of items (Wei et al. 2024), a direction we con-
ceptualize as Vision-Language-Recommendation (VLR).
By understanding visual aesthetics and textual semantics,
VLR models can move beyond simple item identifiers (IDs)
to capture a deeper, more nuanced understanding of user
preferences (Zhou et al. 2023a). Deploying these powerful
VLR models directly on user devices is a significant step
forward, as this on-device approach enhances user privacy,
reduces network latency, and grants users direct ownership
of their data (Yin et al. 2024), aligning with current privacy-
centric principles (Voigt and Von dem Bussche 2017).

This imperative has catalyzed the burgeoning field of Fed-
erated Vision-Language Models (FedVLMs), which aims to
train powerful VLMs on decentralized data without compro-
mising privacy (Ren et al. 2024). Initial research in Fed-
VLMs has primarily focused on foundational challenges,
such as adapting large model architectures to the federated
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setting (Liu et al. 2020), and mitigating prohibitive com-
munication costs (Guo et al. 2023). While these efforts are
vital, they often overlook a more subtle challenge specific
to the on-device recommendation tasks: how to fuse vision-
language signals in an user-oriented personalized way.

Consider the process of choosing a movie. What factors
contribute to the decision? One user might be attracted by
a beautiful movie poster, another might be impacted by the
story described in the text summary, while a third might rely
on collaborative signals from friends with similar tastes (Li
et al. 2023; Liu et al. 2024a,b; Ma et al. 2025; Li et al. 2025a;
Zhang et al. 2025b). These factors, spanning visual, textual,
and collaborative signals, contribute to each user’s final deci-
sion in a highly individualized manner (Wei et al. 2024), and
points to a challenge deeper than just the statistical hetero-
geneity of data, i.e., preference heterogeneity. We define this
as the phenomenon where users exhibit diverse and personal
criteria when evaluating and weighing information from dif-
ferent modalities. Inspired by this, we believe that a person-
alized multi-modal fusion module is the critical component
needed to enhance federated VLR by capturing these fine-
grained user preferences across all modalities.

This diversity means that a single and one-size-fits-all
module for fusing multimodal signals is inherently subopti-
mal. Yet, existing federated recommendation systems often
fail to address this. They are either content-agnostic, rely-
ing only on interaction IDs (Lin et al. 2020; Zhang et al.
2023b), or they impose a globally uniform fusion logic on
all users (Li et al. 2024; Feng et al. 2024). They neglect the
critical need for the fusion module itself to be personalized.

To address this gap, we propose a novel Federated Vision-
Language-Recommendation framework with Personalized
Fusion (FedVLR). Our framework learns under a standard
federated recommendation setting, where all item features
are stored on the server, while user interaction histories re-
main privately on each client’s device (Zhang et al. 2024c,b),
respecting data ownership and mitigates privacy risks. The
core innovation lies in a personalized and dynamic fusion
strategy, realized through our proposed Bi-Level Fusion
Mechanism (BLFM). As shown in Fig. 1a, instead of im-
posing a generic fusion logic on all users through a shared
single module (Left), our BLFM enables personalized fu-
sion by decoupling the fusion into two levels (Right). The
server firstly generates multiple feature views using diverse
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Figure 1: The overall framework of FedVLR, detailing: (a) The paradigm shift enables fine-grained on-device personalization
by decoupling server-side view generation from client-side refinement; (b) FedVLR comprises two components: (1) Server-
Side Multi-View Fusion, which generates diverse pre-fused feature views from visual-language content, and (2) Client-Side
Personalized Refinement, which dynamically combines these views based on the user’s private interaction history.

operators, handling the major computational load. Subse-
quently, each client learns a lightweight, personalized refine-
ment over these views using a Mixture-of-Experts (MoE)
module based on user’s private history. This architecture
maximizes the utility of server-side operators to deliver per-
sonalization in a lightweight manner, effectively addressing
preference heterogeneity in the federated VLR settings.

Our main contributions are summarized as follows:
• We are the first to formalize and tackle the personalized

multimodal fusion problem in federated VLR settings.
• Our proposed Bi-Level Fusion Mechanism contributes a

new paradigm for modality fusion that can be generalized
to the broader domain of multimodal learning, enabling
fine-grained multimodal personalization.

• We design FedVLR as a versatile framework that seam-
lessly enhances a wide range of existing ID-based feder-
ated models with content-aware personalization.

• Extensive empirical validation shows that FedVLR not
only substantially improves existing baselines but can
also outperform centralized models in certain low-data
regimes. Source code is provided for reproducibility.

Related Work
Vision-Language-Recommendation Models
A prominent direction in representation learning is trans-
lating multimodal perception into personalized deci-

sions (Zhang et al. 2020; Liu et al. 2024a). Among these
modalities, vision and language are particularly powerful for
creating rich item representations (Wei et al. 2019; Yu et al.
2023; Zhou et al. 2023a; Ren et al. 2024; Malitesta et al.
2025). We conceptualize the specific task of leveraging them
for recommendation as Vision-Language-Recommendation
(VLR). VLR models aim to move beyond simple interac-
tion data by interpreting the actual content of items, which
can alleviate data sparsity and capture a more nuanced un-
derstanding of user preferences (Liu et al. 2019; Ren et al.
2024; Wei et al. 2024; Yu et al. 2025; Zhou et al. 2025).

The typical approach in a centralized setting involves a
two-stage process. First, powerful pre-trained foundation
models are used to extract high-level semantic features from
item images and textual descriptions (Zhang et al. 2021;
Hou et al. 2022; Bian et al. 2023; Geng et al. 2023; Sun et al.
2023; Wang et al. 2023; Lu et al. 2023; Fu et al. 2024; Pan,
Huang, and Shi 2024; Zhou et al. 2025). Second, a dedicated
fusion module combines these unimodal representations
into a single comprehensive embedding for each item (Rad-
ford et al. 2021b; Zhang et al. 2021; Liu et al. 2024b; Wei
et al. 2024; Zhang et al. 2024b). This fused representation
is then used to predict user preferences. While effective,
these centralized models require unrestricted access to all
user and item data, which motivates our work to adapt
these sophisticated VLR techniques to a privacy-preserving
environment where data remains decentralized on devices.
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Federated Learning for On-Device Personalization
On-device recommendation involves training models on a
user’s local device to preserve privacy (Li, Long, and Zhou
2024; Yin et al. 2024). Federated Learning (FL) (McMahan
et al. 2017) provides the foundational framework, enabling
collaborative training without centralizing sensitive data. In
the context of recommendation, this creates a one-user-per-
client setting for personalization (Zhang et al. 2023b,a,c).
Incorporating rich item content into this setting introduces a
key personalization challenge. Users weigh modalities like
vision and text differently when making choices (Liu et al.
2019; Niu, Zhong, and Yu 2021; Lei et al. 2023). This diver-
sity makes a single global modal fusion module across all
users suboptimal, as a fixed rule for all users fails to capture
their nuanced individual tastes for different modality (Zhang
et al. 2024a; Yuan et al. 2024; Kong et al. 2025).

Most on-device recommendation models are content-
agnostic (Ammad-Ud-Din et al. 2019; Lin et al. 2020; Liang,
Pan, and Ming 2021; Luo, Xiao, and Song 2022; Perifanis
and Efraimidis 2022; Zhang et al. 2023b,a, 2025a), relying
solely on user-item interaction IDs. While these methods ad-
dress statistical heterogeneity from non-IID data (Allouah
et al. 2023; Li, Long, and Zhou 2024; Yuan et al. 2024), their
dependence on IDs prevents the integration of rich item con-
tent. A few recent studies have incorporated multiple modal-
ities of content (Li et al. 2024; Feng et al. 2024), but they
typically impose a uniform fusion logic on all users. There-
fore, developing a user-oriented fusion module that can be
personalized on each user’s device remains a critical open
problem in content-aware on-device recommendation.

Problem Formulation
We consider the user-oriented federated setting for on-
device VLR tasks, where the system consists of a set of
users U and a set of items I. Each user 𝑢 ∈ U acts
as a distinct client, holding their private interaction data.
We represent the historical interactions as a binary matrix
R ∈ {0, 1} |U |× |I | , where 𝑟𝑢,𝑖 = 1 signifies that user 𝑢 has
interacted with item 𝑖. The set of observed interactions for
user 𝑢 is O𝑢 = {𝑖 ∈ I | 𝑟𝑢,𝑖 = 1}. Each item 𝑖 ∈ I is de-
scribed by features from a set of modalitiesM. For a given
modality 𝑚 ∈ M, the features for all items are represented
by a matrix E𝑚 ∈ R | I |×𝑑𝑚 , where e𝑖,𝑚 ∈ R𝑑𝑚 is the feature
vector for item 𝑖. Visual (𝑣) and textual (𝑐) modalities all
are stored on the server to ensure client-side efficiency.

Methodology
This section presents our proposed FedVLR framework,
with its overall architecture depicted in Fig. 1b. The core
of FedVLR lies in a novel Bi-Level Fusion Mechanism that
learns across the server and clients to achieve on-device
VLR within the user-oriented federated framework.

Preliminary
As depicted on the server-side of Fig. 1b, FedVLR’s initial
step is to prepare a comprehensive set of item representa-
tions. To avoid burdening user devices, this process is han-
dled entirely by the server. A frozen pre-trained VLM ℎ(·) is

employed in a one-time process to transform raw visual fea-
tures E𝑣 and textual features E𝑐 into high-level semantic em-
beddings, yielding the vision and text embedding V and C:

V = ℎ(E𝑣), C = ℎ(E𝑐) . (1)

Alongside these static content embeddings, FedVLR also
maintains a globally learnable ID embedding D ∈ R | I |×𝑑 ,
designed to capture collaborative signals from user-item
interactions. Collectively, the set {D,V,C} provides a multi-
view representation for all items available to the system.

Bi-Level Fusion Mechanism
To address both statistical and preference heterogene-
ity, FedVLR introduces the Bi-Level Fusion Mechanism
(BLFM), which learns at two coordinated levels: server-side
multi-view fusion and client-side personalized refinement.
Server-Side Multi-View Fusion. Instead of modeling a sin-
gle unified item representation, the server generates a diverse
set of fused feature views by employing a collection of dis-
tinct learnable fusion operators G = {𝑔 𝑗 } | G |𝑗=1. Each operator
𝑔 𝑗 takes the full set of item representations {V,C,D} as in-
put to produce a unique fused view F 𝑗 :

F 𝑗 = 𝑔 𝑗
(
V,C,D; 𝛾 𝑗

)
(2)

where 𝛾 𝑗 are the learnable parameters of the 𝑗-th fusion
operator. As shown in the lower panel of Fig. 1b, these
operators can include simple strategies like element-wise
Sum, as well as more complex parameterized functions like
a multi-layer perceptron MLP or a Gate mechanism. The
fused views {F 𝑗 } are then broadcast to the client devices.
Client-Side Personalized Refinement. Upon receiving the
set of pre-fused views, each client 𝑢 performs personalized
refinement via a MoE module, allowing FedVLR to adapt
to the individual user’s preferences. As shown in Fig. 1b,
the client employs a local lightweight Router module 𝜙𝑢,
parameterized by the local parameters 𝜑𝑢. It takes the server-
provided item views {F 𝑗 } and the user’s history r𝑢 as input
to dynamically compute a set of importance weights w𝑢:

w𝑢 = softmax
(
𝜙𝑢

(
{F 𝑗 } | G |𝑗=1, r𝑢; 𝜑𝑢

))
. (3)

Each weight 𝑤𝑢, 𝑗 in the vector w𝑢 ∈ R | G | quantifies how
much user 𝑢 values the 𝑗-th feature view. The client then
models its final personalized item representation F̄(𝑢) by
computing a weighted sum of the global views:

F̄(𝑢) =
| G |∑︁
𝑗=1
𝑤𝑢, 𝑗 F 𝑗 . (4)

Objective Function
With the personalized item representation F̄(𝑢) for user 𝑢,
the preference score 𝑟𝑢𝑖 for an item 𝑖 is computed by a local
prediction function 𝑓 , parameterized by local parameters 𝜃𝑢:

𝑟𝑢𝑖 = 𝑓 (F̄(𝑢)
𝑖

; 𝜃𝑢). (5)

The training process aims to find the optimal set of param-
eters 𝚯 = ({D, {𝛾 𝑗 }}, {𝜃𝑢, 𝜑𝑢}) for minimizing the recon-
struction loss between the predicted scores 𝑟𝑢𝑖 and the user
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interactions 𝑟𝑢𝑖 , aggregated across all users. The joint opti-
mization problem of FedVLR is then formulated as follows:

min
Θ

J (Θ) =
∑︁
𝑢∈U

𝛼𝑢 J𝑢 (Θ),

s.t.
E𝜉

[
∥𝑔𝑢 (Θ) − ∇J𝑢 (Θ)∥2

]
≤ 𝜎2,

E𝑢

[
∥∇J𝑢 (Θ) − ∇J (Θ)∥2

]
≤ 𝜁2.

(6)

In Eq. (6), we assume that each client’s objective, denoted
by J𝑢 (𝚯) = L𝑢 (𝑟𝑢𝑖 , 𝑟𝑢𝑖), belongs to the class of L-smooth
functions F𝐿 . Furthermore, the optimization learns under the
standard conditions of bounded variance 𝜎2 for stochastic
gradients on each client and 𝜁2 for the gradient dissimilarity
across the population of clients, which are standard prerequi-
sites for establishing convergence in federated training. The
procedure for optimizing this objective is detailed in Alg. 1.

Theoretical Analysis
Convergence Analysis
In each communication round 𝑡, clients perform 𝐴 local up-
dates, which inevitably introduces a drift between the locally
trained parameters and the global model state. Despite this
drift, by building on the standard assumptions for the objec-
tive function in Eq. (6), we can guarantee that our proposed
FedVLR converges to a stationary point of J in a manner
consistent with rates of typical non-convex FL problems:
Theorem 1 (Convergence of FedVLR). Let the number of
participating clients per round be 𝑛𝑠 . After 𝑇 communica-
tion rounds with learning rate 𝜂, the algorithm satisfies:

1
𝑇

𝑇−1∑︁
𝑡=0

E
[
∥∇J (𝚯𝑡 )∥2

]
≤ 𝑂

( 1
√
𝑇

)
+𝑂

( 𝐴
𝑇

)
+𝑂

( 𝜁2

𝑛𝑠

)
. (7)

Theorem 1 demonstrates that FedVLR is theoretically
sound, achieving a standard federated convergence rate, val-
idating that our personalized fusion architecture can effec-
tively address preference heterogeneity without impeding
convergence. The detailed proof is provided in the appendix.

Complexity Analysis
Here, we analyze the computational and storage costs of
FedVLR. The server stores the global item embeddings, in-
cluding the ID embeddings D and the pre-computed mul-
timodal embeddings V and C, requiring 𝑂 ( |I|𝑑) space,
where 𝑑 is the embedding dimension. In each communica-
tion round, the server’s main computational cost comes from
generating the |G| fused views, resulting in a time com-
plexity of 𝑂 ( |G||I|𝑑). Each client stores its local model
parameters 𝐾 . The primary storage overhead is from re-
ceiving the |G| feature views, requiring 𝑂 ( |G||I|𝑑 + 𝐾)
space temporarily during training. The client’s per-iteration
time complexity for local updates, involving the prediction
function 𝑓 and the BLFM router 𝜙𝑢, is denoted as 𝑂 (𝑃).
Therefore, the total system space complexity is roughly
𝑂 ( |U|(|G||I|𝑑 + 𝐾) + |I|𝑑), and the total time complexity
per round involves server computation plus aggregated client
computation, scaling approximately as 𝑂 ( |G||I|𝑑 + 𝑛𝑠𝐴𝑃)
after performing 𝐴 local update steps. Therefore, FedVLR
adds a manageable overhead that is well-justified by its abil-
ity to model complex, personalized multimodal preferences.

Algorithm 1: The training algorithm for FedVLR
Input: User Interaction History R, Learning Rate 𝜂, Number of
Communication Round 𝑇 , Number of Local Training Epoch 𝐴
Initialize: User Embeddings {𝜃𝑢}, User-specific Parameters {𝜑𝑢},
Strategy Parameters {𝛾 𝑗 }, ID Embeddings D
MultiStrategyFusion:
1: V← ℎ(E𝑣), C← ℎ(E𝑐) according to Eq. (1);
2: for 𝑡 = 1, 2, . . . , 𝑇 do
3: 𝑆𝑡 ← randomly select 𝑛𝑠 from 𝑛 clients;
4: Compute F 𝑗 according to Eq. (2), 𝑗 = 1, 2, · · · |G|;
5: for all client index 𝑢 ∈ 𝑆𝑡 do;
6: r̂𝑢, ∇(𝑢)D , {∇(𝑢)

𝑗
𝛾} ← ClientUpdate({F 𝑗 } | G |𝑗=1);

7: end for
8: D← D − 𝜂∑𝑢∈𝑆𝑡 𝛼𝑢∇

(𝑢)
D ;

9: 𝛾 𝑗 ← 𝛾 𝑗 − 𝜂
∑
𝑢∈𝑆𝑡 𝛼𝑢∇

(𝑢)
𝑗
𝛾, 𝑗 = 1, 2, · · · , |G|;

10: end for
11: return: R̂ = [𝑟1, 𝑟2, . . . , 𝑟𝑛]𝑇
PersonalizedRefinement:
1: ∇(𝑢)D ← 0;

2: ∇(𝑢)
𝑗
𝛾 ← 0, 𝑗 = 1, 2, · · · |G|;

3: for 𝑎 = 1, 2, . . . , 𝐴 do
4: Compute ∇𝜃𝑢 , ∇𝜑𝑢

, ∇D and {∇𝛾 𝑗
} according to Eq. (6);

5: Update local prediction parameters 𝜃𝑢 ← 𝜃𝑢 − 𝜂∇𝜃𝑢 ;
6: Update local router parameters 𝜑𝑢 ← 𝜑𝑢 − 𝜂∇𝜑𝑢

;

7: Accumulate gradients ∇(𝑢)D ← ∇(𝑢)D + ∇D;

8: Accumulate ∇(𝑢)
𝑗
𝛾 ← ∇(𝑢)

𝑗
𝛾 + ∇𝛾 𝑗

, 𝑗 = 1, 2, · · · |G|;
9: Compute r̂𝑢 according to Eq. (5);

10: end for
11: return: r̂𝑢, ∇(𝑢)D , {∇(𝑢)

𝑗
𝛾}

Privacy Preservation
FedVLR ensures privacy based on the foundational FL prin-
ciple of data localization, where raw user interactions r𝑢 re-
main on-device. Crucially, all personalization components,
including the user-specific router 𝜙𝑢 and its parameters
𝜑𝑢, are kept entirely local. This design ensures individual
modality preferences are never exposed. The gradients trans-
mitted to the server are structurally analogous to those in
standard ID-based frameworks (Li, Long, and Zhou 2024;
Zhang et al. 2023b; Li et al. 2025b; Feng et al. 2024; Wu
et al. 2024), thus introducing no new attack surfaces. Fur-
thermore, FedVLR is compatible with advanced privacy-
enhancing technologies, which our experiments show can be
incorporated with an acceptable performance trade-off.

Experiments
Datasets
We conduct a comprehensive evaluation on seven public
datasets spanning three distinct domains shown in Table 1:

• Amazon Review Datasets1 (Hou et al. 2024): Two re-
view datasets are selected for the e-commerce domain,
i.e., All Beauty (Beauty) and Gift Cards (Cards).

1https://amazon-reviews-2023.github.io/
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Dataset #Users #Items #Ratings Sparsity
Beauty 253 356 2,535 97.19%
Cards 377 129 2,429 95.01%
ML 610 3,650 90,274 95.95%
KU 204 560 3,488 96.95%
Dance 10,231 1,676 80,086 99.53%
Food 5,990 1,125 36,482 99.46%
Movie 15,908 2,528 111,091 99.72%

Table 1: The statistical information of the datasets used.

• MovieLens-latest-small (ML)2 (Harper and Konstan
2015): A classic dataset for the movie recommendation.

• NineRec Datasets3 (Zhang et al. 2024d): Four datasets
from the short-video domain are selected: KU, Bili Food
(Food), Bili Dance (Dance), and Bili Movie (Movie).

This diverse selection across different domains, platforms,
and scales provides a robust testbed for assessing FedVLR’s
adaptability and generalizability under realistic and extreme
sparse data conditions (over 95%) in the user-oriented feder-
ated settings. Following standard practice, we filter out users
with fewer than 5 interactions to mitigate cold-start issues.
For data preprocessing, missing images are imputed using
the average visual features of existing items, and missing ti-
tles are replaced with the placeholder “The title is missing.”

Experimental Setup
We evaluate FedVLR against two categories: (1) centralized
multimodal models and (2) ID-based federated frameworks.

Centralized VLR Baselines serve as performance refer-
ences with full data access in a non-federated environment:
• VBPR (He and McAuley 2016): A Bayesian personal-

ized ranking method incorporating visual features;
• BM3 (Zhou et al. 2023b): A self-supervised recommen-

dation framework for multimodal data integration;
• MGCN (Yu et al. 2023): A model that employs multi-

view graph convolutions to fuse item’s modal features;
• PGL (Yu et al. 2025): Mines local graph structures of the

user-item interaction to enhance performance.
ID-based Federated Frameworks represent diverse ar-

chitectures for personalization in federated settings and are
used as the backbone to test our approach4. For each base-
line, we compare its original performance with its perfor-
mance when enhanced by our framework (“+ours”):
• FedAvg (McMahan et al. 2017): The foundational feder-

ated algorithm based on weighted model averaging;
• FCF (Ammad-Ud-Din et al. 2019): Federated collabora-

tive filtering using equal-weighted averaging;
• FedNCF (Perifanis and Efraimidis 2022): A framework

with local user embeddings and global item embeddings;

2https://grouplens.org/datasets/movielens/latest/
3https://github.com/westlake-repl/NineRec
4We do not include direct comparisons with AMMFRS (Feng

et al. 2024) and FedMMR (Li et al. 2024) as their official code
implementations were not publicly available at the time of our ex-
periments, preventing a fair and reproducible comparison.

• PFedRec (Zhang et al. 2023b): Enables two-way person-
alization through server-side aggregation;

• FedRAP (Li, Long, and Zhou 2024): Uses additive mod-
eling for fine-grained user and item personalization.

To further validate FedVLR’s design, we also include two
additional variants: a naive federated adaptation of VBPR
using FedAvg (“+VBPR”), and an architectural ablation that
replaces our BLFM module with standard MLPs (“+MLP”).

Evaluation Protocol. To ensure a fair comparison, all
methods are evaluated under the same protocol. We treat ob-
served interactions as positive samples and all other items
as negative samples. We then evaluate performance by rank-
ing the predicted scores for all candidate items in descend-
ing order, after masking items seen during training. We use
two standard metrics for implicit feedback (He et al. 2020):
Hit Rate (HR@K) and Normalized Discounted Cumulative
Gain (NDCG@K), setting K=50 for all experiments. The
rank-sensitive nature of NDCG is particularly crucial for our
evaluation, as it directly measures the quality of fine-grained
personalization that our multimodal fusion aims to achieve.

Experimental Setting
Following prior work (Zhang et al. 2023b; Li, Long, and
Zhou 2024), we employ negative sampling during training
and use the leave-one-out strategy for validation and testing.
Hyperparameters for all baselines are tuned via grid search
on the validation set, including the learning rate 𝜂 within
{10𝑖 | 𝑖 = −4, . . . ,−1} and method-specific parameters. We
use CLIP (Radford et al. 2021b) as the foundation model
for extracting visual and textual features, implemented via
OpenCLIP (Ilharco et al. 2021) with pre-trained ViT-B-32
weights from OpenAI (Radford et al. 2021a; Schuhmann
et al. 2022). A linear mapping layer projects multimodal and
ID embeddings to a shared latent dimension of 64 for effi-
ciency. The training batch size is 2048. All models incor-
porating hidden layers use a three-layer MLP structure. For
federated methods, clients perform 5 local training epochs
per communication round using a consistent aggregation
strategy for both vanilla and FedVLR-integrated versions.

Performance Analysis
Tables 2 and 3 evaluate our proposed FedVLR’s perfor-
mance and efficiency in the original federated frameworks
and when enhanced with three different multimodal mod-
ule variants: our personalized fusion framework (“+ours”),
a generic MLP-based module for ablation (“+MLP”), and a
federated adaptation of VBPR (“+VBPR”).
Effectiveness of the Federated Architecture. The perfor-
mance gains lies in FedVLR’s ability to learn a personal-
ized fusion model for each user. The generic MLP-based fu-
sion provides a crucial comparison. As shown in Table 3,
despite having a comparable parameter count, FedVLR con-
sistently demonstrates superior performance, indicating the
gain is a direct result of our BLFM architecture, not sim-
ply more parameters. A notable exception is the HR perfor-
mance on the small-scale Beauty dataset, where the simpler
MLP-based fusion excels. This is likely because on datasets
with very limited user data, a less adaptive model can be
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Beauty Cards ML KU Dance Food MovieMethod HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG
VBPR 24.11 6.65 73.74 29.34 23.11 6.98 44.12 15.47 23.06 7.47 24.72 7.90 14.29 4.86
BM3 18.58 4.15 83.55 34.46 18.36 4.91 41.67 15.95 26.54 8.56 25.63 8.20 19.17 6.66
MGCN 29.25 6.94 80.11 33.27 25.74 7.10 33.82 15.08 23.63 7.67 24.09 7.77 16.97 5.74
PGL 22.53 6.60 81.17 32.18 26.07 8.37 46.57 20.13 24.83 8.25 36.16 13.56 17.37 5.94
FedAvg 17.00 3.82 64.19 23.20 11.80 3.79 11.27 5.62 7.82 2.01 6.96 1.91 5.52 1.58

+ VBPR 18.18 4.42 64.99 19.03 7.87 3.36 51.47 14.91 \ \ 9.82 2.91 \ \
+ MLP 18.58 5.39 68.17 23.20 7.87 3.28 39.22 12.40 8.94 2.18 9.63 2.70 5.63 1.60
+ ours 19.37 5.51 70.29 27.60 12.30 3.81 54.90 16.04 10.07 2.61 9.48 2.68 5.64 1.60

FCF 28.46 8.87 69.50 25.16 11.64 3.72 22.55 6.43 6.76 1.77 8.20 2.19 5.81 1.63
+ MLP 41.11 11.77 71.35 20.27 11.64 3.72 36.76 12.40 7.26 1.74 8.99 2.27 6.28 1.73
+ ours 37.15 12.04 72.68 28.51 13.28 3.91 55.39 15.97 8.06 2.17 9.18 2.47 6.67 1.80

FedNCF 17.79 4.32 42.71 11.13 3.93 1.14 11.76 2.49 2.21 0.55 5.48 1.63 1.85 0.54
+ MLP 20.16 5.07 70.82 22.73 10.82 3.54 28.43 6.91 6.01 1.47 9.18 2.40 3.70 1.04
+ ours 21.74 5.08 72.68 28.38 11.31 3.01 43.63 12.18 7.08 1.87 8.43 2.43 4.06 1.25

PFedRec 17.79 4.56 32.63 8.67 11.31 3.67 6.37 2.30 2.52 0.68 3.27 0.93 1.70 0.42
+ MLP 21.34 4.67 69.76 25.31 11.97 3.38 39.22 8.52 8.52 2.10 8.68 2.50 5.41 1.41
+ ours 24.90 5.72 70.29 27.76 12.30 3.81 45.59 15.05 7.46 1.92 10.10 2.55 5.72 1.48

FedRAP 23.72 9.18 62.60 22.29 11.64 3.76 47.06 10.86 6.82 1.86 6.96 1.91 4.53 1.36
+ MLP 32.02 10.80 64.19 27.57 12.30 3.58 48.53 12.12 7.36 1.76 8.68 2.21 4.56 1.42
+ ours 38.34 11.39 73.74 28.76 12.79 4.15 48.24 13.05 8.95 2.47 11.42 2.94 5.86 1.99

Table 2: Performance comparison of our FedVLR (“+ours”) against centralized and federated baselines, reporting HR@50
(HR) and NDCG@50 (NDCG) in percent. The highest federated result per column is in bold, and \ denotes failed runs.

Model Beauty Cards ML KU Dance Food Movie
FedAvg 22 8 233 287 107 72 161

+ VBPR 441 452 2,493 495 11,334 838 17,584
+ MLP 68 24 700 107 321 216 485
+ ours 80 37 713 120 334 228 497

FCF 22 8 233 35 858 576 161
+ MLP 68 24 700 107 321 216 485
+ ours 80 37 713 120 334 228 497

FedNCF 88 75 556 108 1,535 921 1,182
+ MLP 403 273 2,556 527 2,525 1,629 3,797
+ ours 440 311 2,594 564 2,561 1,666 3,833

PFedRec 22 8 233 287 107 72 161
+ MLP 68 24 700 107 321 216 485
+ ours 80 37 713 120 334 228 497

FedRAP 45 16 467 71 214 144 323
+ MLP 91 33 934 143 429 288 647
+ ours 103 45 946 155 441 300 659

Table 3: Comparison of client-side parameters in thousands,
detailing the parameter count for each ID-based federated
baseline and its variants with different fusion modules.

less prone to overfitting. Nevertheless, the overall trend con-
firms that our client-side refinement successfully captures
user-specific nuances that a one-size-fits-all mechanism can-
not. The direct federated adaptation of VBPR provides fur-
ther evidence for our design. This naive adaptation proves
impractical, as its excessive parameter count leads to out-
of-memory failures on larger datasets and inferior perfor-
mance where it runs. This underscores that an effective solu-
tion requires a purpose-built architecture, like our decoupled
BLFM, designed fundamentally for the federated setting.
Bridging the Gap to Centralized Performance. Our
framework also demonstrates strong performance when

compared to centralized models. Centralized methods learn
from global interaction patterns, while our approach learns
from isolated user data in a private decentralized manner.
The performance dynamic between these two paradigms de-
pends on the dataset’s scale. On smaller datasets such as
Beauty and KU, the global collaborative signal is sparse.
In this regime, FedVLR’s ability to learn a rich and per-
sonalized content model directly from user interactions be-
comes the decisive factor, often leading to superior perfor-
mance. As the dataset scale and user population grow, the
centralized model’s access to a massive interaction matrix
provides a strong advantage in discovering subtle and high-
order collaborative patterns that are invisible to any single
client. Even in these scenarios, FedVLR consistently nar-
rows the performance gap. This key finding suggests that
deep personalization from local data is a powerful alterna-
tive to learning from global signals, validating our privacy-
preserving framework as a practical and effective approach.

Ablation Studies
We conduct a series of ablation studies to dissect the key
components and properties of FedVLR. We analyze the im-
pact of client heterogeneity, contribution of each modality,
and the framework’s robustness while privacy-enhancing.

Analysis of Client Heterogeneity. We empirically inves-
tigate client heterogeneity learned by FedRAP enhanced
with our FedVLR on the KU dataset. Fig. 2 reveals sev-
eral key findings. Fig. 2a shows that users not only exhibit
diverse activity levels, but they also show significant vari-
ance in their preferences for different modalities, especially
for visual and textual content. Furthermore, this preference
heterogeneity tends to increase for more active user groups,
as indicated in Fig. 2b. This rising heterogeneity directly
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Figure 2: Analysis of user characteristics learned by FedRAP enhanced with our proposed FedVLR on the KU dataset: (a) User
preference for different modalities; (b) User activity heterogeneity distribution; (c) Performance trend across user groups.

Method Metric w/ ours w/ noise Degrade

FedAvg HR 51.47 49.69 3.46% ↓
NDCG 14.91 14.16 5.03% ↓

FCF HR 55.39 53.78 2.91% ↓
NDCG 15.97 14.02 12.21% ↓

FedNCF HR 19.61 16.80 14.33% ↓
NDCG 6.09 4.20 31.03% ↓

PFedRec HR 21.57 19.65 8.90% ↓
NDCG 6.16 5.86 4.87% ↓

FedRAP HR 38.24 37.25 2.59% ↓
NDCG 13.05 12.36 5.29% ↓

Table 4: Analysis of the privacy–utility trade-off on KU.

impacts model performance. As seen in Fig. 2c, accuracy
tends to decrease for the most active and thus most het-
erogeneous user groups. Capturing the diverse and nuanced
preferences of these users is a significant challenge for mod-
els with non-adaptive fusion logic, providing strong empir-
ical validation for the central problem our paper addresses.
FedVLR’s client-side refinement module is designed specif-
ically to tackle this preference heterogeneity, enabling the
model to tailor its representations to each user.

Contribution of Different Modalities. We analyze the
contribution of the visual (V), textual (C), and collabora-
tive ID (D) signals by systematically removing each of them
from the model, as shown in Fig. 3. Performance consis-
tently degrades when any modality is removed, confirmed
that all signals are integral to the accuracy. The more criti-
cal finding is that the relative importance of these modalities
is dynamic, depending on the underlying federated architec-
ture. For instance, some frameworks are severely impacted
by the removal of the collaborative ID signal, while others
are more sensitive to the loss of visual or textual content.
This strong architectural dependency demonstrates that no
universal hierarchy of modality importance exists, indicat-
ing that the optimal way to combine these diverse signals is
highly context-dependent. It validates the need for an adap-
tive fusion mechanism capable of learning this balance.

Robustness to Privacy Enhancement. We assess Fed-
VLR’s compatibility with privacy-enhancing technologies
by adding Gaussian noise to the gradients before server ag-
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Figure 3: Impact on the performance after removing visual
(V), textual (C), or collaborative ID (D) features on KU.

gregation, a common method for achieving differential pri-
vacy. Table 4 shows that it introduces a predictable and mod-
est trade-off between privacy and utility, with a slight de-
crease in performance across all models. Notably, the perfor-
mance degradation is less severe for simpler or more adap-
tive methods like FedAvg and FedRAP, suggesting that com-
plex, rigid models may be more sensitive to the perturbations
introduced by noise. Overall, the results confirm that Fed-
VLR integrates effectively with standard privacy-enhancing
mechanisms, demonstrating its practical viability for appli-
cations in privacy-conscious environments.

Conclusion
This paper tackles the challenge of personalized modality
fusion in on-device VLR, where uniform fusion logic fails
to capture users’ diverse preferences for visual and language
content. We propose FedVLR, a framework with a bi-level
fusion mechanism that decouples server-side view genera-
tion from lightweight on-device refinement. This design em-
powers each client to learn a fine-grained personalized mul-
timodal fusion module. Extensive experiments and theoreti-
cal analysis confirm FedVLR substantially improves exist-
ing federated baselines, offering a principled pathway to-
ward more personal and privacy-preserving VLR systems.
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