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Abstract
Recommendation algorithms rely on user historical interactions to

deliver personalized suggestions, which raises significant privacy

concerns. Federated recommendation algorithms tackle this issue

by combining local model training with server-side model aggre-

gation, where most existing algorithms use a uniform weighted

summation to aggregate item embeddings from different client

models. This approach has three major limitations: 1) information

loss during aggregation, 2) failure to retain personalized local fea-

tures, and 3) incompatibility with parameter-free recommendation

algorithms. To address these limitations, we first review the devel-

opment of recommendation algorithms and recognize that their

core function is to share collaborative information, specifically the

global relationship between users and items. With this understand-

ing, we propose a novel aggregation paradigm named collaborative

information aggregation, which focuses on sharing collaborative

information rather than item parameters. Based on this new para-

digm, we introduce the federated collaborative information aggre-

gation (FedCIA) method for privacy-preserving recommendation.

This method requires each client to upload item similarity matrices

for aggregation, which allows clients to align their local models

without constraining embeddings to a unified vector space. As a

result, it mitigates information loss caused by direct summation,

preserves the personalized embedding distributions of individual

clients, and supports the aggregation of parameter-free models. The-

oretical analysis and experimental results on real-world datasets
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demonstrate the superior performance of FedCIA compared with

the state-of-the-art federated recommendation algorithms. Code is

available at https://github.com/Mingzhe-Han/FedCIA.
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1 Introduction
Recommendation algorithms [3, 17, 22, 28, 29] aim to recommend

items that users may be interested in based on their historical in-

teractions. However, these interactions are private and regulations

such as GDPR [4] have been established to protect them, making

it challenging for data holders to share information for unified

model training. Federated recommendation algorithm [36, 37, 44]

addresses this issue by treating each data holder (e.g., users or

companies) as a client. It allows these clients to train models on

their own devices and then upload the trained models to a central

server for aggregation. This approach enables the development of

a reliable recommendation model while protecting user privacy.

Recent federated recommendation algorithms [32, 47, 48] typi-

cally follow a unified aggregation paradigm. Each client initially

trains their recommendation model based on their data. To protect

user privacy, the embedding network is divided into user embed-

dings and item embeddings, where user embeddings are kept locally

and item embeddings are uploaded and aggregated on a central
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Figure 1: Illustration of two aggregation paradigms in federated recommendation algorithms.

server by specific algorithms such as weighted average [31]. The

aggregated item embeddings are then distributed back to each client

for the next round of training. We refer to this aggregation para-

digm as Weighted Summation Aggregation, which aligns item

embeddings across different clients into a common vector space,

enabling clients to leverage shared information effectively.

Although this aggregation algorithm has been widely successful

in various federated recommendation algorithms, it presents three

issues. Firstly, the summation of item embeddings can lead
to information loss. For example, as illustrated in Figure 1, two

clients, A and B, train their recommendation algorithmmodels with

their own datasets, resulting in opposite item vector spaces. Directly

summing these vectors will result in the aggregated server embed-

dings that tend to be zero-vectors, which lack useful information.

Secondly, there is a lack of personalized user modeling. After
client aggregation, the server distributes unified items to each client,

ensuring all client items are in a consistent vector space. However,

this global distribution space is not optimal for every client, it will

result in a loss of personalized modeling for specific users, leading

to suboptimal results. Some personalized federated recommenda-

tion systems [47, 48], achieve personalization through dual model

and optimization. However, they still rely on item embeddings for

aggregation, which can lead to reduced convergence efficiency and

effectiveness due to information loss during aggregation. Finally,
they are unable to accommodate parameter-free Collabora-
tive Filtering (CF) models, e.g. Graph Signal Processing. These
algorithms require that all clients use the parameter-based model.

However, in real-world scenarios, the diversity of devices and user

requirements often demands varied model structures, necessitating

federated learning frameworks to have greater scalability.

In this paper, we suggest that the root cause of these challenges

lies in the over-reliance on the model parameter during the aggre-

gation. To address this issue, we revisit the evolution of recommen-

dation algorithms over the years and observe a critical oversight.

The superior performance of deep learning [7, 8, 30, 43] has encour-

aged researchers to parameterize users and items, while ignoring

the collaborative information that played a fundamental role in

early recommendation algorithms [9, 12]. Here the collaborative

information indicates the relationship between all users and items.

Therefore, when parameter aggregation within the federated learn-

ing framework results in information loss, it becomes essential to

reconsider the importance of collaborative information. To this

end, we propose a novel federated learning aggregation paradigm

named Collaborative Information Aggregation. As illustrated
in Figure 1, this paradigm no longer requires the summation of

model parameters in federated learning. Instead, it focuses on shar-

ing collaborative information (e.g. item similarity [33]) as modeled

by their respective recommendation algorithms.

Based on this aggregation paradigm, we propose a novel fed-

erated recommendation algorithm framework named Federated

Collaborative Information Aggregation (FedCIA). In this frame-

work, we choose item similarity as the collaborative information

in aggregation, thus each client uploads item similarity matrices

instead of item embeddings. The algorithm aggregates these simi-

larity matrices to derive a global item similarity matrix, which is

then distributed to each client. Each client optimizes its local model

to align its local item distribution with the global item. On one

hand, as shown in Figure 1, this framework prevents information

loss due to varying item distributions during aggregation. On the

other hand, this framework avoids forcing item embeddings into a

uniform vector space, thus preserving the personalized information

of each client. In addition, this aggregation does not require param-

eter uploads, making it ideal for aggregation among parameter-free

models. We also provide a theoretical analysis from the perspective

of graph signal processing, demonstrating that aggregating item

similarity optimally captures collaborative information.

Our main contributions are summarized as follows:

• We introduce a novel aggregation framework FedCIA for

federated recommendation algorithms. To our knowledge,

this is the first federated learning work that aggregates col-

laborative information instead of model parameters.

• FedCIA does not need to upload parameters, which can be uti-

lized in parameter-free collaborative filtering algorithms. To

our knowledge, this is the first federated learning work com-

patible with parameter-free recommendation algorithms.

• We propose to leverage the sum of similarity matrices to ag-

gregate collaborative information and provide a theoretical

analysis to support this algorithm.

• Experimental results on real-world datasets demonstrate

that FedCIA achieves higher accuracy compared to existing

state-of-the-art federated recommendation algorithms.
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2 Related Work
2.1 Federated Learning
Federated Learning (FL) [18, 19, 45] is a distributed framework en-

abling multiple clients to collaboratively train a central model while

retaining their raw data locally. The foundational algorithm, FedAvg

[31], aggregates client models by weighted summing them based

on the number of samples in each dataset. Subsequent research has

primarily focused on server-side aggregation and client-side train-

ing. For instance, FedAvgm [11] introduces a momentum module

that incorporates previous aggregation rounds to enhance model

updates. FedProx [20] constrains parameter changes during each

client’s training round by using a loss function. These studies have

not specifically addressed recommendation algorithms, where data

distribution is more dispersed and certain user-related parameters

pose privacy concerns.

2.2 Federated recommendation algorithms
The federated recommendation algorithm [32, 36, 37, 44, 47, 48]

integrates the federated learning framework into recommendation

models while incorporating specific designs tailored to the unique

requirements of these systems. FedRec [21] mitigates privacy risks

by randomly sampling unrated items and assigning virtual ratings.

This approach prevents servers from inferring user interactions

based on gradient information. FedMF [1] employs homomorphic

encryption during the aggregation process, ensuring that user rat-

ings remain private while allowing the server to aggregate gra-

dients securely. FedNCF [32] extended this work by applying the

commonly used Neural Collaborative Filtering (NCF) framework,

partitioning parameters into user-related and item-related com-

ponents. Only the item-related parameters are uploaded during

aggregation. While these approaches successfully achieve model

aggregation while safeguarding user privacy, they impose a uni-

form parameter structure across all clients, disregarding individual

user preferences. This limitation often leads to suboptimal solutions

by failing to account for personalized information.

Recognizing the importance of personalization in federated rec-

ommendation algorithms, recent research has explored personal-

ized federated learning approaches. PFedRec [47] introduces a dual

personalization mechanism that optimizes both the global model

and individual client models to provide user-specific recommen-

dations. GPFedRec [48] takes a different approach by constructing

a user relationship graph to capture inter-user correlations and

leveraging local embeddings to model personalized features. How-

ever, they still rely on weighted summation of item features during

aggregation. This aggregation strategy can lead to the loss of col-

laborative information, ultimately reducing the quality of the final

model. In contrast, our method mitigates this issue by preserving

collaborative information during aggregation, ensuringmore robust

and accurate recommendations.

3 Preliminaries
3.1 Recommendation Algorithms
Recommendation algorithms aim to predict the user-item interac-

tion 𝑦 between a user 𝑢 and an item 𝑖 based on the user history

dataset D = (U,I,Y), where U represents the set of users, I

represents the set of items, and Y represents the interaction labels.

The label 𝑦 is a binary variable (𝑦 ∈ {0, 1}) indicating whether the

user 𝑢 is interested in the item 𝑖 (𝑦 = 1) or not (𝑦 = 0).

Most recommendation algorithms𝑅(.) follow the same paradigm.

First, the user𝑢 and the item 𝑖 are mapped into embeddings through

embedding networks 𝐸𝑢 (.|𝜃𝑢 ) and 𝐸𝑖 (.|𝜃𝑖 ), respectively. Then the

embeddings are used to compute a prediction score 𝑦 through a

score network 𝑆 (.|𝜃𝑠 ). Formally, the recommendation algorithm can

be expressed as𝑦 = 𝑅(𝑢, 𝑖) = 𝑆 (𝐸 (𝑢, 𝑖)) where 𝐸 (𝑢, 𝑖) represents the
combined embeddings of the user and item, and 𝑆 (.) is the function
used to generate the prediction score. Themodel parameters 𝜃 of the

recommendation algorithm 𝑅(.) are divided into three components:

the user embedding parameters 𝜃𝑢 , the item embedding parameters

𝜃𝑖 and the score network parameters 𝜃𝑠 . In some recommendation

algorithms, the prediction score is obtained directly from the dot

product of the user and item embeddings. In such cases, the score

network 𝜃𝑠 does not include any additional parameters, simplifying

the model architecture.

3.2 Federated Recommendation Algorithms
In federated learning, users store their interaction history on their

own devices to ensure privacy. We assume that there are 𝐾 user

clusters, each containing one or more users. Thus, the dataset for

federated learning consists of 𝐾 sets of data samples distributed

across 𝐾 clients, denoted as D𝑘 = (U,I,Y)𝑘 , where 𝑘 ∈ [1, 𝐾].
The goal of federated learning is to train a global model 𝑅(.) while
protecting the interaction data of each user. In conventional fed-

erated learning, such as FedAvg [31], each client first trains its

local model based on its local dataset D𝑘 , The model parameters

are then uploaded to a server for aggregation using a weighted

average algorithm, based on the number of samples in each dataset:

𝑅(.|𝜃 ) = ∑𝐾
𝑘=1

|D𝑘 |
|D | 𝑅𝑘 (.|𝜃 ).

In recommendation algorithms, due to the unique properties of

parameters, a different aggregation algorithm is used. User embed-

dings 𝜃𝑢 are directly linked to individual users, and clients keep

these embeddings local to maintain privacy. Instead, upload and

aggregate other parameters 𝜃/𝜃𝑢 . This approach facilitates informa-

tion sharing among clients while preserving user privacy, effectively

training a global federated recommendation algorithm model.

3.3 Graph Signal Processing
Given a graph G = {V, E} comprising 𝑁 nodes, it can be repre-

sented by an adjacency matrix 𝐴, where 𝐴𝑖 𝑗 indicates the presence

of a relationship between nodes 𝑖 and 𝑗 . The normalized form of

the adjacency matrix is denoted as 𝐴̃ = 𝐷1/2𝐴𝐷−1/2
, where 𝐷 is

the degree matrix. In the field of graph signal processing, filters are

crucial tools used to uncover complex relationships between nodes

and accurately predict missing links. Filters are primarily designed

based on the (normalized) Laplacian matrix [2, 35] 𝐿̃ = 𝐼 − 𝐴̃, ex-
pressed as: 𝐹 = 𝑓 (𝐿̃)=𝑓 (𝑈 Σ𝑈⊤)=𝑈Diag( [𝑓 (𝜆1), · · · , 𝑓 (𝜆𝑁 )])𝑈𝑇
where 𝑓 (.) represents the frequency response function, 𝑈 and Σ
denote the eigenvector matrix and eigenvalue matrix of 𝐿̃, respec-

tively. Different frequency response functions can construct various

filters, thereby uncovering different relationships between nodes.

Graph signal processing is widely applied in recommendation

systems[23–27, 40–42] for its significant effectiveness and efficiency.
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In recommendation algorithms, users and items are represented

as nodes in a bipartite graph, and their interactions are modeled

as edges. Generally, the graph is formally represented using an

adjacency matrix 𝐴 ∈ {0, 1}𝑁×𝑀
, where 𝑁 is the number of users

and 𝑀 is the number of items. Each entry 𝐴𝑖 𝑗 = 1 indicates that

user 𝑖 has interacted with item 𝑗 ; otherwise, 𝐴𝑖 𝑗 = 0.

The filter 𝐹 in graph signal processing methods is typically an

𝑀×𝑀 matrix that encodes the relationships or correlations between

items. The simplest filter that those methods adopt is the linear

filter, which aggregates the interaction matrix after normalization.

Specifically, the filter can be expressed as 𝐹 = 𝐴̃𝑇 𝐴̃, where 𝐴̃ is

the normalized interaction matrix. The normalization process is

defined as 𝐴̃ = 𝐷
−1/2
𝑢 𝐴𝐷

−1/2
𝑖

, where 𝐷𝑢 is the degree matrix of the

users and 𝐷𝑖 is the degree matrix of the items.

4 Theoretical Analysis
In this section, we first propose that the item similarity in parameter-

based models can be interpreted as a linear filter within the frame-

work of graph signal processing, a parameter-free algorithm. This

enables the application of theoretical analysis from graph signal pro-

cessing to both parameter-based and parameter-free collaborative

filtering models. We then emphasize that the average of item simi-

larities can approximate global item similarity. Finally, we identify

the limitations of the existing weighted summation aggregation.

4.1 Item Similarity and Linear Filters
In parameter-based recommendation algorithm methods, items

are mapped to item embeddings, which encapsulate the model’s

representation of item features. Intuitively, the similarity between

items, computed as the dot product of their corresponding item

embeddings, can be interpreted as a linear filter. Taking Matrix Fac-

torization (MF) as an example, it decomposes the interaction matrix

into user embeddings and item embeddings and optimizes these em-

beddings to find the optimal solution by minimizing a loss function.

One of the optimal solutions can be understood through Singular

Value Decomposition (SVD). Specifically, SVD decomposes the inter-

action matrix 𝐴 into𝑈 Σ
𝐴̃
𝑉𝑇 , where

√︁
Σ
𝐴̃
𝑉𝑇 can be viewed as the

item embeddings optimized by MF. The dot product of these item

embeddings can then be expressed as 𝑉𝑇 Σ
𝐴̃
𝑉 , which represents a

linear filter whose frequency response function is 𝑓 (𝜆) = 1 − 𝜆 in
this context.

4.2 Collaborative Information Aggregation
We begin by analyzing the aggregation of collaborative information,

with a particular emphasis on the impact of privacy considerations

in this process. We analyzed centralized learning without consid-

ering privacy and federated learning with privacy considerations

and proposed the following theorem.

Theorem 1. In a federated recommendation algorithm, assuming
that the popularity of each item (i.e., the number of user interactions)
is identical, the average of each local linear filter is equivalent to the
global ideal linear filter.

Note that the ’global ideal linear filter’ here refers to a global

linear filter that does not consider privacy risks, not an ’ideal filter’.

And here is the proof.

Proof. Consider the complete global interaction matrix as 𝐴𝑠 ∈
{0, 1}𝑁×𝑀

. In an ideal scenario where no privacy risks are consid-

ered, complete user data is processed on a central server, and the

linear filter is:

𝐹𝑖𝑑𝑒𝑎𝑙 = 𝐴𝑠
𝑇
𝐴𝑠 = 𝐷

−1/2
𝑖

𝐴𝑠𝐷
−1
𝑢 𝐴𝑠𝐷

−1/2
𝑖

. (1)

In reality, due to privacy risks, data is stored on each client.

The interaction matrix is split among 𝑁 clients, where client 𝑘

holds 𝐴𝑘 ∈ {0, 1}1×𝑀 . Each client generates a local linear filter

𝐹𝑘 =
˜
𝐴𝑇
𝑘
𝐴𝑘 using its interaction matrix. The average of these 𝑁

filters are:

𝐹𝑎𝑔𝑔 =
1

𝑁
(𝐹1 + 𝐹2 + ... + 𝐹𝑁 )

=
1

𝑁
(𝐷−1/2
𝑖1

𝐴1𝐷
−1
𝑢1𝐴1𝐷

−1/2
𝑖1

+ 𝐷−1/2
𝑖2

𝐴2𝐷
−1
𝑢2𝐴2𝐷

−1/2
𝑖2

+ ...

+ 𝐷−1/2
𝑖𝑁

𝐴𝑁𝐷
−1
𝑢𝑁𝐴𝑁𝐷

−1/2
𝑖𝑁

)

=
1

𝑁
(𝐴1𝐷

−1
𝑢1𝐴1 +𝐴2𝐷

−1
𝑢2𝐴2 + ... +𝐴𝑁𝐷−1

𝑢𝑁𝐴𝑁 )

=
1

𝑁
[𝐴1 | |𝐴2 | |...| |𝐴𝑁 ]𝑇 [𝐷𝑢1 | |𝐷𝑢2 | |...| |𝐷𝑢𝑁 ] [𝐴1 | |𝐴2 | |...| |𝐴𝑁 ]

=
1

𝑁
𝐴𝑠𝐷

−1
𝑢 𝐴𝑠 .

(2)

In federated learning, counting the exact number of interactions

per item 𝐷𝑖 is challenging due to privacy concerns. Assuming each

item is interacted with once, we set 𝐷𝑖 = 𝑁𝐼 . Thus, the ideal linear

filter becomes:

𝐹𝑠 = 𝐷
−1/2
𝑖

𝐴𝑠𝐷
−1
𝑢 𝐴𝑠𝐷

−1/2
𝑖

=
1

𝑁
𝐴𝑠𝐷

−1
𝑢 𝐴𝑠 = 𝐹𝑎𝑔𝑔 . (3)

This shows that under the assumption of equal item popularity,

the average of local linear filters equals the global ideal linear filter.

□

Therefore, by considering item similarity as a filter in graph

signal processing, the global filter can approximate the mean of

multiple local filters. This approach enables the aggregation of item

similarity matrices from individual clients to approximate a global

item similarity matrix.

4.3 Loss Information during Aggregation
In the previous section, we demonstrated that item similarity serves

as an effective medium for information aggregation. In this sec-

tion, we analyze the impact of different aggregation paradigms on

global information. For simplicity and consistency, we adopt the

L1 distance as the similarity metric between items, as it is used

in clustering [14, 46] and metric learning [39]. The L1 distance,

where larger values indicate weaker correlations, is used here to

evaluate the amount of information captured by the correlation

matrix. Since the L1 distance is always a positive scalar, we posit

that a correlation matrix with a broader range of values conveys

more information.

Consider two clients, A and B, each holding the embeddings of

two items. Let the embeddings be 𝑒𝑎1, 𝑒𝑎2 for client A and 𝑒𝑏1, 𝑒𝑏2
for client B. In weighted summation aggregation, the global em-

beddings are obtained by directly summing the embeddings from
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Figure 2: The illustration of the FedCIA framework. We only illustrate a single client for simplicity. The red part indicates
private information and the yellow part indicates global information.

both clients. The recommendation algorithm then computes the

similarity between items as 𝑆𝑊𝑆 = 1

2
| (𝑒𝑎1 + 𝑒𝑏1) − (𝑒𝑎2 + 𝑒𝑏2) |.

In contrast, collaborative information aggregation first computes

item similarities locally before aggregation. By the triangle inequal-

ity, we have:

𝑆𝐶𝐼 =
1

2

|𝑒𝑎1 − 𝑒𝑎2 | +
1

2

|𝑒𝑏1 − 𝑒𝑏2 |

≥ 1

2

|𝑒𝑎1 − 𝑒𝑎2 + 𝑒𝑏1 − 𝑒𝑏2 |

=
1

2

| (𝑒𝑎1 + 𝑒𝑏1) − (𝑒𝑎2 + 𝑒𝑏2) | = 𝑆𝑊𝑆 .

(4)

This inequality highlights that weighted summation aggregation

can result in information loss, particularly when the embeddings

from clients A and B have opposite values. In such cases, weighted

summation aggregation fails to retain meaningful information. By

contrast, collaborative information aggregation consistently pre-

serves more information due to its larger value range, making it

a more robust approach for constructing the global collaborative

information.

5 Methodology
In this section, we introduce the proposed FedCIA framework,

which is versatile and applicable to various recommendation algo-

rithms, including both parameter-based and parameter-free collabo-

rative filtering models. We first outline the algorithm for parameter-

based models, followed by alternative solutions for parameter-free

models. Finally, we discuss the challenges our method addresses in

practical deployment.

5.1 Overview
We first introduce the process of our framework under parameter-

based models. Figure 2 illustrates the complete process of FedCIA

during a round of federated learning communication. Each client

initially trains its model using local data. As described in Section 4,

we use item similarity as the collaborative information for aggre-

gation, and these terms (i.e. “collaborative information” and “item

similarity”) will be used interchangeably in this section. The lo-

cal model then generates a local item similarity matrix based on

the trained item embeddings, which is uploaded to the server. The

server aggregates these matrices to form a global item similarity

matrix. Finally, the client fine-tunes its item embeddings based on

this global matrix.

5.2 Training Pipeline
5.2.1 Data Training. In the beginning, each client trains a recom-

mendation model locally using its own data, formulated as:

𝐿𝑝𝑟𝑒𝑑 =
1

|D|
∑︁

(𝑢,𝑖,𝑦) ∈ (U,I,Y)
𝐿(𝜃 ;𝑅(𝑢, 𝑖), 𝑦),

(5)

where we use BPR loss as the loss function.

5.2.2 Data Upload. As described in Section 3, the recommendation

algorithm model maps discrete item IDs to corresponding item

embeddings. Based on these embeddings, the client computes the

complete item similarity matrix 𝐶 = 𝐸 (𝑖 |𝜃𝑖 )𝑇 𝐸 (𝑖 |𝜃𝑖 ) using a dot

product. Each client 𝑘 then uploads its local similarity matrix𝐶𝑘 as

collaborative information to the server for aggregation.

5.2.3 Data Aggregation. Upon receiving the item similarity ma-

trices from all clients, the server aggregates them to generate the

global similarity matrix. In Section 4, we demonstrate that the av-

erage of local linear filters approximates the global linear filters.

Leveraging this theorem, FedCIA aggregates the similarity matrices

by taking the average of those uploaded by each client. Thus, the

global similarity matrix at the server is: 𝐶𝑠 =
1

𝑁

∑𝐾
𝑘=1

𝐶𝑘 .

5.2.4 Data Download. Our data downloads differ from weighted

summation aggregation, where each local client can directly substi-

tute its local item embeddings with global item embeddings from

the server to incorporate aggregated information. However, the

parameters of the local model typically do not include collaborative

information, such as the item similarity matrix, which is not explic-

itly part of most recommendation algorithms. Although we obtain

the global item similarity matrix through aggregation algorithms,

this matrix cannot directly replace the local model’s parameters.

Instead, we must approximate the local model’s collaborative infor-

mation to align with the global collaborative information.
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Intuitively, item similarity is derived from their embeddings, so

the global item similarity can be treated as a label to fine-tune the

local item embeddings, ensuring that the local item similaritymatrix

approximates the global item similarity matrix.We choose theMean

Squared Error (MSE) as the loss function for this fine-tuning process.

The loss for the entire fine-tuning process is expressed as:

𝐿𝑖𝑡𝑒𝑚 = 𝐿(𝜃𝑖 ;𝐶𝑠 ) = MSE(𝐸 (𝑖 |𝜃𝑖 )𝑇 𝐸 (𝑖 |𝜃𝑖 ),𝐶𝑠 ) . (6)

5.2.5 Privacy Protection. Inweighted summation aggregationmeth-

ods, the privacy risks associated with uploading item embeddings

were addressed by employing a Local Differential Privacy (LDP)

strategy, where zero-mean Laplacian noise was added directly to

the item embeddings. In our algorithm, we calculate the similar-

ity matrix by dot products based on the item embeddings. This

similarity matrix transmits less information because attackers can

only infer item similarities but cannot directly recover the original

item embeddings, thereby reducing the risk of information leak-

age. Nevertheless, we also apply zero-mean Laplacian noise to the

similarity matrix before uploading it to mitigate the potential risk

as: 𝐶𝑖 = 𝐶𝑖 + 𝐿𝑎𝑝𝑙𝑎𝑐𝑖𝑎𝑛(0, 𝛿), where 𝛿 denotes the intensity of the

Laplacian noise, which is derived from the privacy budget and the

sensitivity of the similarity matrix.

5.2.6 Training Algorithm. We train the recommendation algorithm

model throughmultiple rounds of communication. From the client’s

perspective, it initially trains a local recommendation algorithm

model using its own data. It then generates the item similarity

matrix locally based on this model. Finally, the client uploads the

similarity matrix, enhanced with local differential privacy, to the

server. On the server side, it aggregates the received item similarity

matrices into a global similarity matrix by average. The complete

model training pipeline is detailed in Algorithm 1.

5.3 Parameter-free Model Aggregation
In this section, we extend our aggregation method to parameter-

free collaborative filtering models. Existing weighted summation

aggregation techniques rely on parameter calculations, making

them unsuitable for parameter-free models like graph signal pro-

cessing [34]. In contrast, FedCIA can perform aggregation without

requiring model parameters, allowing it to be adapted for use with

parameter-free models.

5.3.1 Collaborative Information Aggregation. In graph signal pro-

cessing, the original interaction matrix is processed using various

filters, and recommendations are generated based on the score rank-

ings of the filtered results. To facilitate aggregation, we directly

select the filter as the collaborative information to be shared. For al-

gorithms that require a combination of multiple filters (e.g., GF-CF),

we use the final mixed filter as the collaborative information to up-

load. Once the filters are uploaded, the server aggregates them into

a global filter using an average approach, similar to the aggregation

process for parameter-based models.

5.3.2 Collaborative Information Utilization. In graph signal pro-

cessing, global collaborative information corresponds to a global

filter 𝐹𝑎𝑔𝑔 , which each client can use to generate the final predicted

interaction matrix. However, similar to parameter-based models, re-

lying solely on global information may lead to a loss of personalized

Algorithm 1 FedCIA Training Pipeline

Input: Training set 𝐷𝑘 for each client 𝑘 .

Parameters: Maximum number of communication rounds

𝑐𝑜𝑚_𝑛𝑢𝑚, maximum number of client item training epoch 𝑒𝑝𝑜𝑐ℎ𝑖 ,

maximum number of client training epoch 𝑒𝑝𝑜𝑐ℎ𝑐 , and the number

of clients 𝐾 .

1: for 𝑡 = 1, . . . , 𝑐𝑜𝑚_𝑛𝑢𝑚 do
2: Server aggregation:
3: Generate the global item similarity matrix 𝐶𝑠 =

1

𝑁

∑𝐾
𝑘=1

𝐶𝑘 .

4: Local training:
5: for 𝑘 = 1, . . . , 𝐾 do
6: for 𝑒𝑝𝑜𝑐ℎ = 1, . . . , 𝑒𝑝𝑜𝑐ℎ𝑐 do
7: for (𝑢, 𝑖,𝑦) in (U,I,Y) do
8: Train client model by 𝐿𝑝𝑟𝑒𝑑 .

9: end for
10: end for
11: Generate the item similarity matrix 𝐶𝑘 .

12: Add Laplacian noise on item similarity matrix 𝐶𝑘 .

13: Upload the item similarity matrix to the server.

14: Wait for Server aggregation.
15: Downloads global similarity matrix 𝐶𝑠 .

16: for 𝑒𝑝𝑜𝑐ℎ = 1, . . . , 𝑒𝑝𝑜𝑐ℎ𝑖 do
17: Train client item embeddings by 𝐿𝑖𝑡𝑒𝑚 .

18: end for
19: end for
20: end for

information. Therefore, we incorporate both the global filter and

the individual filter 𝐹𝑘 of each client 𝑘 , as 𝐴𝑘 = 𝐴𝑘𝐹𝑘 + 𝛽𝐴𝑘𝐹𝑎𝑔𝑔 ,
where 𝐴𝑖 refers to the prediction of interaction matrix 𝐴𝑖 and 𝛽 is

a hyperparameter.

5.4 Discussion
In this section, we discuss the practical deployment of our FedCIA,

focusing on model scalability and communication resources.

5.4.1 Model Scalability. In real-world federated recommendation

systems, user devices often have varying computing capabilities,

leading to models with different architectures. This diversity poses

a challenge to the scalability of federated learning algorithms.

Traditional parameter-based weighted summation aggregation re-

quires consistentmodel architectures across clients, as differences in

model size result in incompatible parameter vectors. Our proposed

FedCIA addresses this issue by using collaborative information for

aggregation, relying only on the similarity between different items.

This similarity is typically obtained through the dot product of item

embeddings. Consequently, FedCIA is applicable to all parameter-

based recommendation models that encode items into embeddings.

In our experiments, we evaluated the aggregation results under

heterogeneous model conditions. The findings demonstrate that our

method effectively aggregates information across different model

architectures and sizes, exhibiting enhanced scalability.
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Table 1: The overall comparison for all baseline methods in five datasets. The boldface indicates the best result and the underline
indicates the secondary.

Dataset Metric

No Aggregation Weighted Summation Aggregation Collaborative Information Aggregation (Ours)

MF LightGCN GF-CF FedMF FedNCF PFedrec GPFedrec FedLightGCN FedCIAMF FedCIA
LightGCN

FedCIAGF-CF

Ml-100k

F1@10 0.0644 0.1012 0.1040 0.2074 0.1321 0.1428 0.1413 0.1828 0.2326 0.1881 0.2356
MRR@10 0.2557 0.3760 0.3635 0.5578 0.4350 0.4750 0.4685 0.5653 0.6008 0.5601 0.5806

NDCG@10 0.3307 0.4558 0.4515 0.6460 0.5244 0.5577 0.5555 0.6284 0.6766 0.6298 0.6704

Ml-1m

F1@10 0.0471 0.0951 0.1264 0.1106 0.0951 0.0989 0.0964 0.1690 0.1814 0.1687 0.1845
MRR@10 0.1826 0.3043 0.3797 0.3367 0.3098 0.3387 0.3362 0.4470 0.4705 0.4527 0.4815
NDCG@10 0.2490 0.3940 0.4667 0.4203 0.3941 0.4125 0.4072 0.5368 0.5561 0.5403 0.5647

Beauty

F1@10 0.0068 0.0222 0.0248 0.0068 0.0061 0.0182 0.0173 0.0245 0.0080 0.0250 0.0358
MRR@10 0.0117 0.0355 0.0402 0.0123 0.0109 0.0349 0.0325 0.0397 0.0135 0.0404 0.0571
NDCG@10 0.0172 0.0511 0.0576 0.0184 0.0165 0.0506 0.0478 0.0571 0.0206 0.0586 0.0821

LastFM

F1@10 0.0140 0.0315 0.0388 0.0398 0.0444 0.0439 0.0475 0.0606 0.0578 0.0761 0.0756

MRR@10 0.2094 0.3003 0.3597 0.3408 0.4014 0.3666 0.4168 0.4792 0.4563 0.5272 0.5466
NDCG@10 0.2691 0.3859 0.4503 0.4337 0.4866 0.4617 0.5007 0.5670 0.5385 0.6172 0.6235

BX

F1@10 0.0038 0.0050 0.0069 0.0102 0.0122 0.0137 0.0123 0.0107 0.0115 0.0140 0.0331
MRR@10 0.0092 0.0119 0.0140 0.0217 0.0251 0.0296 0.0274 0.0233 0.0242 0.0290 0.0625
NDCG@10 0.0136 0.0171 0.0202 0.0321 0.0374 0.0426 0.0393 0.0337 0.0358 0.0422 0.0885

Table 2: The statistics of our datasets.

datasets # Users # Items # Interactions

Ml-100k 943 1682 100000

Ml-1m 6040 3706 1000209

Beauty (Amazon Beauty) 22363 12101 198502

LastFM 992 10000 517817

BX (Book-Crossing) 18964 19998 482153

5.4.2 Communication Resources. Our method inherently requires

more communication resources. Rather than uploading model pa-

rameters, our approach involves uploading the item similarity ma-

trix, sized at 𝑅𝑀×𝑀
. In contrast, item embeddings are sized at

𝑅𝑀×𝐿𝐸
, where 𝐿𝐸 denotes the embedding dimension. Consequently,

uploading the item similarity matrix directly often demands sig-

nificantly more communication resources. However, in practice,

a single training session typically does not utilize all items, and

the item similarity matrix usually contains substantial noise. To

mitigate communication overhead, we propose using truncated

singular value decomposition to decompose the item similarity ma-

trix, retaining only the top-𝐿𝑘 singular values and corresponding

vectors. Given that the similarity matrix is symmetric, the left sin-

gular vectors are identical to the right singular vectors, so only half

need to be transmitted. The server then reconstructs the filters for

each client using these vectors and calculates the global similarity

matrix. This method reduces the size of the uploaded data from the

original 𝑅𝑀×𝑀
to 𝑅𝑀×𝐿𝑘 + 𝑅𝐿𝑘 , here 𝐿𝑘 , similar to 𝐿𝐸 , is approxi-

mately one percent of the item number𝑀 . This approach achieves

a level of communication efficiency comparable to uploading model

parameters while preserving most of the crucial information.

6 Experiments
In this section, we introduce and analyze the following research

questions (RQs):

• RQ1: Does FedCIA outperform current state-of-the-art fed-

erated recommendation methods?

• RQ2: Does FedCIA mitigate the information loss and pre-

serve the personalized embedding distributions?

• RQ3: Does FedCIA have better scalability across different

model architectures?

6.1 Experimental Settings
6.1.1 Datasets. Our experiments are conducted on five widely

used datasets: Ml-100k [5], Ml-1m [5], Beauty [6], Book-Crossing

(BX)[49] and LastFM [16]. These datasets are split into training

and test sets in an 8:2 ratio, with 10% of the training set used as a

validation set. We divided each dataset into 100 clients for federated

learning. Considering that some federated recommendation system

frameworks are designed with a separate client for each user, we

also considered this scenario in the Ml-100k dataset. The statistics

of these datasets are shown in Table 2.

6.1.2 Compared Methods. We compared various baseline meth-

ods in our experiments. For the independent recommendation al-

gorithm without aggregation, we select three backbone models:

MF [15], LightGCN [7] and GF-CF [34]. For the federated recom-

mendation algorithm, we select three popular methods: FedMF [1],

FedLightGCN, FedNCF [32] and two methods that focus on user

personalization: Pfedrec [47] and GPFedRec [48].

6.1.3 Evaluation Metrics. We use F1 [10], Mean Reciprocal Rank

(MRR) [38] andNormalizedDiscounted Cumulative Gain (NDCG) [13]

as evaluation metrics in our experiments (higher values indicate

better accuracy). These are popular metrics in the Top-K recom-

mendation scenario. We set 𝐾 = 10 for these metrics.

6.1.4 Implementation Details. As we introduced in Section 5.4.1,

FedCIA has strong scalability and can be applied to both parameter-

based and parameter-free methods. To demonstrate this advantage,

we applied our method to a simple recommendation system (MF), a

graph-based recommendation system (LightGCN), and a parameter-

free recommendation system (GF-CF), presenting all experimental

results. We also select MLP as the model for a fair comparison

with GPFedrec in RQ2. Our method involves generating a similar-

ity matrix based on item embeddings. For MF and MLP, the item
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Table 3: The comparison for different aggregations in Ml-
100k dataset.

Backbone Method F1@10 MRR@10 NDCG@10

MLP

IM 0.0112 0.0748 0.1074

WAA 0.0993 0.4176 0.4806

GGA 0.1509 0.5005 0.5748

CIA (ours) 0.2176 0.5887 0.6637

MF

IM 0.0108 0.0811 0.1151

WAA 0.1105 0.4330 0.4986

GGA 0.1203 0.4832 0.5445

CIA (ours) 0.2246 0.5782 0.6593

embeddings can be directly used to calculate item similarity. In

the case of LightGCN, there are two types of item embeddings:

before and after convolution. To avoid the influence of different

client graph structures on aggregation, we use the item embeddings

before convolution for the calculation.

The implementation of FedCIA utilizes the PyTorch library on

an NVIDIA Tesla T4 GPU. We maintain the same parameter range

as FedCIA and its corresponding independent recommendation

algorithm for a fair comparison. Specific parameter details can be

found in the reproduced code.

6.2 Method Comparison (RQ1)
We compare FedCIA with all baseline methods in Table 1 and ob-

serve the following:

1) Both weighted summation aggregation methods and our col-

laborative information methods outperform the independent train-

ing algorithm. This suggests that, in the selected federated recom-

mendation system dataset, information transfer between clients is

crucial for better results. 2) Our method consistently outperforms

weighted summation aggregation algorithms with the same back-

bone across all datasets. This improvement is due to our approach’s

reliance on collaborative information aggregation, which is more ef-

fective than parameter aggregation. 3) Pfedrec andGPfedrec address

the issue of insufficient personalization caused by diverse client

users in federated recommendation algorithms. However, they only

consider aggregation at the individual user level, where each client

lacks the user relationship graph. Consequently, graph-structured

models like LightGCN and GF-CF do not perform effectively. In

contrast, our approach extends federated recommendation scenar-

ios to different user groups or companies, where each client can

hold multiple users, enhancing the effectiveness of graph-based

methods. Additionally, their methods aggregate parameters rather

than collaborative information, resulting in inferior performance

compared to ours. For a fair comparison, we conduct experiments

for a single-user aggregation scenario in the next section (RQ2). 4)

Existing federated learning frameworks cannot be directly applied

to parameter-free models like graph signal processing models. How-

ever, FedCIA overcomes this limitation by effectively aggregating

collaborative information and leveraging the superior performance

of graph signal processing in handling graph structures. This en-

ables it to achieve results comparable to those of parameter-based

federated recommendation systems.

0 10 20 30
Communication Round

0.0
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0.2

0.3

Ml-100k

0 2 4 6 8 10 12 14 16
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Figure 3: The learning curve for different aggregations on
MF in Ml-100k and Ml-1m datasets.

6.3 Aggregation Comparison (RQ1)
The core algorithm proposed in FedCIA is the collaborative informa-

tion aggregation algorithm, which is an independent module and is

challenging to decompose for ablation studies. Instead, we compare

our collaborative information aggregation algorithm with other

aggregation methods under identical conditions to demonstrate its

superiority. To ensure a fair comparison with personalized feder-

ated learning algorithms, we select MLP as the backbone model.

Additionally, we configure each client to hold only one user, which

accentuates the dispersed data and non-IID challenges, thereby

highlighting the benefits of personalized federated learning. We

evaluate the following aggregation algorithms:

• Independent Model (IM): Each client trains its own model

independently without aggregation.

• Weighted Average Aggregation (WAA): Clients aggregate

parameters by weighted summation based on their dataset

size (e.g., FedAvg [31]).

• Graph-Guided Aggregation (GGA): Clients aggregate pa-

rameters by forming a relationship graph based on item

similarity (e.g., GPFedrec [48]).

• Collaborative Information Aggregation (CIA): Our algorithm.

We conducted experiments on the Ml-100k dataset, and the re-

sults are presented in Table 3. The results indicate that our collab-

orative information aggregation consistently outperforms other

methods even if we constrain them to the same backbone model.

The Independent Model, lacking any aggregation, performs the

worst. Weighted Average Aggregation, a classic federated learning

approach, improves performance through parameter aggregation.

Graph-Guided Aggregation considers personalized client informa-

tion and models each user individually, achieving notable improve-

ments. However, it still incurs some information loss due to item

embedding aggregation. In contrast, our Collaborative Information

Aggregation effectively aggregates information while preserving

the personalized data from each client.

6.4 Model Convergence (RQ2)
In Section 1, we proposed that parameter aggregation leads to more

information loss compared to collaborative information aggrega-

tion. In this section, we compare the convergence efficiency of

them using the Ml-100k and Ml-1m datasets. We do not compare

graph-guided aggregation for their method used multiple learning

rates with significantly different values, making it difficult to make

a fair comparison. The results are illustrated in Figure 3. From the
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Figure 4: Distribution of item embeddings during different stages of federated learning in different aggregations.
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Figure 5: The comparison for different aggregations on het-
erogeneous scenarios in Ml-100k dataset.

figure, we observe that our approach exhibits better convergence

efficiency on both datasets. This demonstrates that the collabora-

tive information aggregation we proposed effectively mitigates the

information loss associated with parameter aggregation.

6.5 Personalized Embeddings (RQ2)
We conducted a case study on the Ml-100k dataset to evaluate

the effectiveness of personalized item modeling, as illustrated in

Figure 1. The federated learning algorithm was divided into three

stages:

• Model Initialization: Clients initialize their model with the

same distribution.

• Model Training: Clients train their models using their dataset.

• Model Aggregation: Clients aggregate their model using a

designated aggregation algorithm.

We randomly selected three clients and 100 items to examine

their respective item distributions across these stages. In the third

stage, we compared two aggregation paradigms: the weighted sum-

mation aggregation and our proposed collaborative information

aggregation. The results are depicted in Figure 4.

The figure shows that although each client begins with the same

item distribution during initialization, their embeddings diverge

significantly after training due to the varied data. The weighted

summation aggregation forces all clients into a uniform item distri-

bution, resulting in a loss of personalized information modeling. In

contrast, our collaborative information aggregation allows models

to integrate collaborative information while maintaining their indi-

vidual item distributions, effectively leveraging the collaborative

data of other items while preserving personalized information, thus

achieving better results.

6.6 Scalability Analysis (RQ3)
In this section, we conduct experiments on models in different

parameter sizes or different model structures to demonstrate the

scalability of our proposed aggregation solution.

In our experiment on model size, we redesigned the federated

learning scenario, assigning
1

3
clients to use a MF model with a 128-

dimensional embedding,
1

3
with a 256-dimensional embedding, and

1

3
with a 512-dimensional embedding. For the experiment on model

structure, we selected equal proportions of MF, MLP, and Light-

GCN models. Our method is compared with other aggregations, as

illustrated in Figure 5.

The independent training model, which cannot aggregate any

information, performs poorly. The Weighted Average Aggregation

can only aggregate clients with identical model architectures, limit-

ing its ability to gather global collaborative information and leading

to performance degradation. In contrast, our method effectively

utilizes collaborative information from all clients, regardless of

differences in model parameter sizes or structures, resulting in

superior performance.

7 Conclusion
In this paper, we propose a novel federated aggregation framework,

named FedCIA, for recommendation algorithms. In FedCIA, we

utilize collaborative information, specifically item similarity, to per-

form information aggregation instead of relying on model parame-

ters. Using graph signal processing theory, we demonstrate that the

summation of local item similarities can approximate global collabo-

rative information. Experiments on five popular real-world datasets

show that FedCIA outperforms existing federated recommendation

methods in terms of information aggregation, personalization, and

scalability.
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