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Abstract

With the rise of cloud-edge collaboration, recommendation
services are increasingly trained in distributed environments.
Federated Recommendation (FR) enables such multi-end col-
laborative training while preserving privacy by sharing model
parameters instead of raw data. However, the large number of
parameters, primarily due to the massive item embeddings,
significantly hampers communication efficiency. While exist-
ing studies mainly focus on improving the efficiency of FR
models, they largely overlook the issue of embedding param-
eter overhead. To address this gap, we propose a FR train-
ing framework with Parameter-Efficient Fine-Tuning (PEFT)
based embedding designed to reduce the volume of embed-
ding parameters that need to be transmitted. Our approach
offers a lightweight, plugin-style solution that can be seam-
lessly integrated into existing FR methods. In addition to in-
corporating common PEFT techniques such as LoRA and
Hash-based encoding, we explore the use of Residual Quan-
tized Variational Autoencoders (RQ-VAE) as a novel PEFT
strategy within our framework. Extensive experiments across
various FR model backbones and datasets demonstrate that
our framework significantly reduces communication over-
head while improving accuracy. The source code is available
at https://github.com/young1010/FedPEFT.

Introduction
Due to growing concerns over user privacy in centralized
recommendation systems and strict data protection regu-
lations such as the EU General Data Protection Regula-
tion (Voigt and Von dem Bussche 2017), Federated Recom-
mendation (FR) (Yang et al. 2020) has emerged as a dis-
tributed learning framework in which users’ raw data re-
mains inaccessible to the central server. The core idea of
FR is that each user keeps their data on a local client, trains
a local model, and only shares the model parameters with
a central server, which then aggregates them and distributes
the updated global model back to users.

However, to achieve high recommendation accuracy, most
FR models (Chai et al. 2021; Zhang et al. 2023a; Agrawal
et al. 2024; Wang et al. 2025) rely mainly on item embed-
dings, whose size grows linearly with the number of items.
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Figure 1: Comparison of full embeddings, compressed em-
beddings only, and PEFT based embeddings in FR.

In many models, item embeddings constitute the majority
of parameters, often exceeding those in the neural network
components (Yang et al. 2024a,b; Xu et al. 2024; Yuan et al.
2025; Yang et al. 2025a,b). As a result, in scenarios with
a large item set, the communication cost becomes a major
bottleneck due to the massive embedding parameters.

To address this challenge, recent research has explored
efficient embedding techniques, such as low-rank factoriza-
tion (Lin et al. 2020), hash (Zhang et al. 2025), and quantiza-
tion (Zhang et al. 2023b), to compress the redundant param-
eters in full item embeddings. However, these methods often
suffer from a noticeable drop in recommendation accuracy
compared to models using full embeddings. To mitigate this
performance gap, more complex architectures such as meta-
learning (Finn, Abbeel, and Levine 2017) and Squeeze and
Excitation Network (SENet) (Hu, Shen, and Sun 2018) have
been introduced. While these approaches can improve ac-
curacy in some FR models, they also significantly reduce
robustness when applied across diverse FR models and set-
tings. The above-mentioned limitations highlight the urgent
need for a lightweight FR training framework that eliminates
dependence on additional complex models.

To this end, our paper proposes a novel FR framework
that leverages Parameter-Efficient Fine-Tuning (PEFT) for
item embeddings. Our approach combines full embed-
dings with compressed embeddings to reduce communi-
cation overhead while enhancing recommendation perfor-
mance, as illustrated in Figure 1. The proposed framework
is model-agnostic and can be seamlessly plugged into ex-
isting embedding-based FR methods. In this framework, the

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

16235



server first pre-trains the full item embeddings using item
attributes. We conduct a brief warm-up (¡20 of 1000 rounds)
training full embedding to stabilize early optimization. Af-
terwards, the full embeddings are frozen locally, and only
the compressed embeddings are fine-tuned and transmitted
until training is complete. This design enables the FR sys-
tems to achieve more efficient communication while main-
taining robust and improved recommendation performance.

To further investigate the underlying effectiveness of our
framework, we incorporate two existing compressed em-
bedding strategies, aiming to identify the most suitable ap-
proach under different FR settings. Additionally, we explore
the use of Residual Quantized Variational Autoencoders
(RQ-VAE) (Lee et al. 2022; Rajput et al. 2023) as a novel
strategy, which encodes each item into multiple codebooks
with quantized semantic codes using residual vectors. In our
framework, the semantic codes are pre-trained on the server
and kept frozen during federated training, while the code-
books are fine-tuned. This design provides a compact yet
expressive representation for item embeddings.

We evaluate the effectiveness of our method on various
backbone models and public datasets. Experimental results
show that while compressed embeddings typically suffer
from poor robustness, our method successfully improves
recommendation performance while reducing the commu-
nication overhead, thereby achieving a better trade-off be-
tween efficiency and performance. Furthermore, to evaluate
the effectiveness of our framework with differential privacy,
we conduct experiments under different settings (Dwork
2006). The results indicate that our method consistently
achieves stable improvements across various settings. In
summary, the key contributions of this work are as follows:
• We propose a lightweight, model-agnostic FR framework

that incorporates PEFT for item embeddings, which sig-
nificantly reduces the size of updated embedding param-
eters in the whole FR process while improving recom-
mendation performance.

• We present three compressed embedding strategies tai-
lored to diverse FR settings and datasets within our
framework, two of which consistently outperform the full
embedding baseline.

• We introduce RQ-VAE as a novel PEFT method that
encodes item embeddings into compact codebooks and
quantized semantic codes, achieving superior perfor-
mance compared to other PEFT approaches within the
framework in many cases.

Problem Formulation
In the Federated Recommendation (FR) setting, the central
server maintains a set of n items I = {i}, each associated
with item attributes. There are m users/clients U = {u}, and
each client u holds only its private data Du = {(i, rui) | i ∈
I}. rui = 1 indicates a positive interaction between user u
and item i and rui = 0 indicates a negative one.

In each round of FR training, the server randomly selects
a subset of clients Ut ⊆ U based on a sampling ratio S , and
distributes the current global model Θ = {E,Wg} to each
selected client u ∈ Ut. Here, E = {ei}ni=1 denotes the item

embeddings where ei ∈ Rk, and Wg represents the global
recommendation model (if applicable). Each client then lo-
cally optimizes its model or gradients and uploads the up-
dates to the server. The server performs federated aggrega-
tion of the collected updates to refine the global model for
the next round. After training finishes, clients download the
final global model from the server for inference.

Methodology
In this section, we propose an FR framework that incorpo-
rates Parameter-Efficient Fine-Tuning (PEFT) for item em-
beddings. Specifically, we first pre-train the full item embed-
dings using an AutoEncoder (AE) model. The pre-trained
full embeddings are then distributed to clients and opti-
mized for a few FR rounds. Afterwards, the server initializes
and distributes compressed embeddings to clients. During
subsequent training, clients freeze the full embeddings and
only optimize and upload the compressed embeddings. The
server only aggregates and distributes the compressed em-
beddings. The overall framework is illustrated in Figure 2.

Pre-train
Before pre-training the full item embeddings, we first en-
code the item attributes stored on the server into input em-
beddings x ∈ Rkp using a publicly available pre-trained en-
coder. Then, we employ an unsupervised AE model, con-
sisting of an encoder EAE and a decoder DAE, to pre-train
the item representations. Specifically, the input embedding
is encoded into latent vector as zAE = EAE(x) ∈ Rk, and
then reconstructed as x̂AE = DAE(zAE). The objective is to
minimize the reconstruction loss LAE = ∥x− x̂AE∥2. After
training the AE, the latent vector zAE is used as the initial
full item embeddings E = {ei ∈ Rk}ni=1.

Then, we optimize E in FR training for only a few rounds
as we observe that even limited updates can lead to notice-
able performance improvements while having a negligible
impact on the average communication overhead per round.

Compressed Embedding
After pre-training, the server distributes the initialized com-
pressed embeddings to the clients. In each FR round, se-
lected clients freeze the full item embedding E, and instead
optimize and upload only the compressed embedding pa-
rameters for aggregation. We provide three compressed em-
bedding strategies in our framework.
Low-Rank Adaptation (LoRA) is a widely used PEFT
method that injects trainable low-rank decomposition ma-
trices for fine-tuning (Hu et al. 2022; Lin et al. 2020).

In our framework, we introduce a low-dimensional em-
bedding table A = {ai ∈ RkL}ni=1 and a low-rank matrix
B ∈ Rk×kL , where kL ≪ k. The compressed embedding
vector ei is then obtained by projecting ai into the higher-
dimensional space through matrix multiplication:

ei = B(ai). (1)

We initialize the parameters where the embedding table
A follows initial distributions as the full embedding and the
matrix B = 0k×kL . In each FR training round, the server
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Figure 2: The plug-and-play FR framework that employs multiple compressed embedding strategies to implement PEFT.

distributes A and B to the selected clients. The final item
embedding in clients is computed as:

E = E +B(A) = {ei +B(ai)}ni=1. (2)
Both the embedding table A and the matrix B are updated
during local training on clients and uploaded to the server.
Hash is a widely used compressed strategy that encodes
each item into multiple vectors via hash functions, which are
constructed to form the compressed item embedding (Sven-
strup, Hansen, and Winther 2017; Zhang et al. 2023c).

In our framework, following (Zhang et al. 2025), the
server obtains a shared embedding table that is defined as
H = {vi}dH

i=1, where dH ≪ n, and a family of universal
hash functions defined by H. Each hash function Hj maps
an item ID (integer inputs) into the index of a vector in H as
follows:

Hj(i) = {[(a · ID + b) mod p] mod dH}, (3)
where a and b are randomly chosen integers with a ̸= 0,
a ̸= b, and p is a large prime number. A larger value of p
generally results in a lower probability of hash collisions.

Before FR training, the server first randomly selects h
hash functions {H1, . . . ,Hh} from the hash function fam-
ily H, and distributes them along with the initial shared
embedding table H = {vi}dH

i=1 to clients. Each item i is
presented by a set of h vectors vi = [v1

i , . . . ,v
h
i ], where

vj
i = H[Hj(i)] = vHj(i) is the embedding vector at the

hashed index form table H . Finally, the compressed embed-
ding vector ei can be constructed using one of the following
methods:

1) Mean, only using the mean pooling Mean(·):

ei = Mean(v1
i , . . . ,v

h
i ) =

1

h

h∑
j=1

vHj(i). (4)

The final item embedding is:

E =

ei +
1

h

h∑
j=1

vHj(i)


n

i=1

. (5)

2) Squeeze and Excitation Network (SENet), an attention
mechanism designed to reweight multiple hash vectors dy-
namically with minimal additional parameters (Hu, Shen,
and Sun 2018).

The first step, known as squeeze, aggregates the hash vec-
tors into a h-dimension vector si = [s1i , . . . , s

h
i ] with mean

pooling as:

sji = Mean(vj
i ) =

1

k

k∑
t=1

vj,t
i . (6)

The second step, referred to as the excitation, learns the
dynamic weights wi = [w1

i , . . . , w
h
i ] using a two-layer mul-

tilayer perceptron (MLP) as:

wi = σ2(W2(σ1(W1si)), (7)

where σ1 is ReLU activation and σ2 is the sigmoid activa-
tion. W1 ∈ Rh1×h and W2 ∈ Rh×h1 are two matrices
in MLP, where the hidden dimension h1 is typically deter-
mined by a expansion ratio rh = h1/h. In the following
experiments, we set rh as 16.

Then we obtain a weighted sum of hash vectors:

ei =
h∑

j=1

wj
i · v

j
i =

h∑
j=1

wj
i · vHj(i). (8)

The final item embedding is:

E =

ei +
h∑

j=1

wj
i · vHj(i)


n

i=1

. (9)

In the FR training rounds, clients locally hold the frozen
hash functions, and only optimize and upload the shared ta-
ble. If SENet is used, the two matrices, W1 and W2, also
need to be locally optimized and aggregated during train-
ing. However, these matrices are typically small and do not
significantly increase the communication overhead.
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RQ-VAE, called Residual Quantized Variational Autoen-
coders, is a multi-level vector quantization method applied
to residuals. It has been primarily utilized in generative
retrieval-based recommendation tasks (Rajput et al. 2023;
Deng et al. 2025). Leveraging its quantization mechanism,
RQ-VAE decouples the embedding size from the number of
items, offering a scalable and compact representation. This
makes it a promising candidate as a compressed embedding
method in our FR framework.

Specifically, there are l shared embedding tables called
codebooks (C0, . . . , Cl−1) and each item i is represented
by a semantic code, which is a tuple of indices ci =
(c0, . . . , cl−1) of length l, where each index cj comes from
the codebook Cj = {oj,i}dR

i=1 and dR ≪ n. For example, if
cj = i, then Cj(cj) = oj,i ∈ Rk.

In our framework, we first pre-train the semantic code in
RQ-VAE before FR training on the server. Specifically, the
item attributes (e.g., content features generally) are encoded
into input embedding x ∈ Rkp using a pre-trained encoder
like sentence-t5 (Ni et al. 2022). Then RQ-VAE encodes
the input x by an encoder E to learn a latent embedding as
z = E(x) ∈ Rk. At the zero-th level of RQ-VAE, the ini-
tial residual is r0 = z. At each level j, finding the nearest
vector oj,t to the current residual rj from the codebook Cj ,
and setting or updating the sematic code cj as the index of
oj,t as cj = t = argmin ||rj − oj ||. For the next level, the
residual is rj+1 = rj − oj,cj . After all levels are processed,
the quantized representation of z is obtained:

ẑ =
l−1∑
j=0

oj,cj =
l−1∑
j=0

Cj(cj). (10)

Then a decoder D reconstructs the input embedding x via
x̂ = D(ẑ).

RQ-VAE jointly optimizes the E , D, and code-
books (C0, . . . , Cl−1) using the loss L(x) = Lrecon +
Lrqvae, where Lrecon = ∥x − x̂∥2 and Lrqvae =∑l−1

j=0

(
∥sg[rj ]− oj,cj∥2 + β∥rj − sg[oj,cj ]∥2

)
. Here, sg[·]

denotes the stop-gradient operation, and β controls the com-
mitment loss weight. To reduce codebook collisions, RQ-
VAE uses K-means clustering on the residuals rj at each
level on the first training batch to initialize the codebooks
with the corresponding centroids.

Then, the server distributes the pre-trained semantic codes
to the clients. During the FR training phase, clients keep
these semantic codes frozen. As for the codebooks, instead
of using the pre-trained versions as initialization, we initial-
ize them with the same distribution as the full embedding,
consistent with the FR settings. The final compressed em-
bedding is then obtained using the quantized representation
from the compact codebooks ei = ẑ, defined as:

E =

ei +
l−1∑
j=0

Cj(cj), cj ∈ ci


n

i=1

. (11)

In each FR training round, only the codebooks are opti-
mized in the clients and uploaded to the server.

Dataset # Users # Items # Interactions Sparsity
ML1M 6,040 3,706 1,000,209 95.53%
Software 1,826 802 12,805 99.13%
Industrial 11,041 5,334 77,071 99.87%

Table 1: Dataset statistics.

Experiments and Discussions
Experimental Setup
Datasets. Three public recommendation datasets are used:
MovieLens-1M (Harper and Konstan 2016), which is de-
noted as ML1M, and two categories of the Amazon
dataset (Ni, Li, and McAuley 2019), namely Software and
Industrial. These datasets offer user-item interaction records
along with item attributes for pre-training full embeddings.
For instance, ML1M includes movie information, while the
Amazon datasets provide item descriptions.

Backbones. We adopt four popular FR backbone models: i)
FedMF (Chai et al. 2021), a federated matrix factorization
with only user and item embeddings, ii) FedNCF (Perifa-
nis and Efraimidis 2022), the extension of FedMF with an
MLP, iii) FedPerGNN (Wu et al. 2022), a graph-based FR
model using only user and item embeddings, and iv) PFe-
dRec (Zhang et al. 2023a), a personalized FR model with
item embeddings and client-specific MLPs without user em-
beddings.

Evaluation Metrics. We adopt the widely used top-K rec-
ommendation evaluation metrics: Hit Ratio (H@K) and
Normalized Discounted Cumulative Gain (N@K). Both
metrics reflect the ranking quality, where higher values in-
dicate better performance.

Implementation Details. In our FR setting, each client
keeps its user embedding locally and does not upload it. The
client sampling ratio S is set to 10%. Each selected client
performs 2 local epochs per round, and the total number of
global rounds is 1, 000.

For the pre-training in the server, we use the open
sentence-t5 (Ni et al. 2022) to encode the item at-
tributes into input embedding with dimension kp =
768. The encoder EAE consists of fully connected layers
[768, 512, 256, 128, 32] with ReLU activation and the de-
coder is reverse. Pre-training is conducted for a number of
rounds chosen from {103, 104, 105, 106}, with a learning
rate selected from {1e− 3, 1e− 4}.

For the compressed embeddings, we set the size of latent
embedding kL in {2, 3, 4, 5, 6} in LoRA. In RQ-VAE, we
set the loss weight β = 0.25. The length of semantic codes
l is selected from {2, 3, 4, 5, 6}, The size of codebook dR is
set in {32, 64, 128, 256, 512}. In hash, the size of the shared
embedding table dH is selected from {256, 512, 1024}, and
the collision parameter p is set as 4, 096. The number of hash
functions h is set in {1, 2, 3, 4}.

Our implementation is based on the open-source library
for recommendation, FuxiCTR (Zhu et al. 2021). All exper-
iments are implemented using PyTorch and executed on ma-
chines equipped with NVIDIA GeForce RTX 3090 GPUs.
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Method Embedding ML1M Software Industrial
N@10 H@10 N@20 H@20 N@10 H@10 N@20 H@20 N@10 H@10 N@20 H@20

FedMF

Full 33.98 58.44 38.27 75.98 21.42 29.75 24.16 40.65 9.13 16.48 11.94 27.70

C-LoRA 36.66 58.08 41.01 75.22 16.20 22.23 18.51 31.43 8.00 14.10 10.57 24.38
C-RQ-VAE 8.62 16.56 11.96 29.85 15.51 22.73 18.05 32.86 9.82 18.08 12.68 27.69
C-Hash 5.54 12.19 8.30 23.26 11.50 19.17 14.00 29.24 5.25 11.09 7.75 21.07
C-Hash(S) 5.48 12.14 8.36 23.64 12.63 21.14 14.96 30.39 5.01 10.53 7.40 20.10

P-LoRA 37.98 59.79 42.42 76.60 20.54 29.88 23.43 41.43 9.86 17.32 12.47 27.74
P-RQ-VAE 33.59 58.96 38.06 76.52 21.46 29.88 24.39 41.52 10.82 18.10 13.42 28.49
P-Hash 19.85 38.92 23.69 54.11 16.20 21.52 18.62 31.27 5.69 11.51 8.24 21.71
P-Hash(S) 16.69 33.79 20.37 48.36 15.66 20.97 17.84 29.68 5.28 10.98 7.78 20.95

FedNCF

Full 38.80 61.29 43.08 78.11 17.07 24.27 19.38 33.54 8.99 15.62 11.47 25.53

C-LoRA 35.03 51.94 40.73 74.59 16.79 23.06 19.25 32.86 6.47 12.67 8.89 22.35
C-RQ-VAE 14.76 25.40 18.51 40.51 14.77 20.92 17.19 30.50 7.45 12.90 9.92 22.78
C-Hash 6.44 13.28 8.88 23.13 12.88 20.97 15.08 29.79 6.20 11.77 8.71 21.80
C-Hash(S) 8.52 23.92 12.85 40.78 12.07 19.55 14.08 27.60 6.87 13.45 9.35 23.39

P-LoRA 39.52 60.72 43.97 78.28 17.08 24.09 19.38 33.21 9.61 16.99 12.07 26.82
P-RQ-VAE 39.75 60.91 44.13 78.28 17.09 24.06 19.53 33.81 9.51 16.75 12.05 26.89
P-Hash 36.89 58.43 41.57 76.66 17.00 23.99 18.86 31.33 9.60 16.93 12.21 27.35
P-Hash(S) 37.94 58.99 42.52 76.97 17.09 23.93 19.00 31.54 9.88 17.30 12.45 27.58

FedPerGNN

Full 27.24 50.43 33.72 75.95 21.89 30.54 24.60 41.33 8.65 14.81 11.21 25.04

C-LoRA 30.73 57.04 35.78 76.85 16.32 22.29 19.05 33.19 7.39 13.53 9.85 23.36
C-RQ-VAE 11.94 26.36 16.67 45.08 25.23 38.12 29.02 53.07 13.15 24.54 16.04 35.99
C-Hash 7.30 16.26 12.72 37.98 15.13 22.29 17.46 31.54 6.63 12.81 9.10 22.70
C-Hash(S) 7.99 18.01 12.94 37.68 15.45 22.95 17.88 32.64 6.76 13.11 9.29 23.16

P-LoRA 29.36 55.15 34.62 75.81 18.84 27.06 21.89 39.22 7.36 13.51 9.93 23.81
P-RQ-VAE 30.10 56.35 35.58 77.84 23.45 36.52 27.22 51.52 12.08 22.08 15.11 34.12
P-Hash 29.18 55.56 34.50 76.56 22.38 33.35 25.74 46.66 9.13 15.54 11.67 25.69
P-Hash(S) 29.67 56.26 34.92 76.97 21.94 31.43 24.82 42.77 8.42 14.77 10.93 24.82

PFedRec

Full 38.63 60.48 42.93 77.84 17.10 24.25 19.42 33.49 8.90 15.56 11.39 25.50

C-LoRA 28.02 48.96 33.51 71.13 16.66 22.89 19.28 33.35 7.84 13.89 10.39 24.14
C-RQ-VAE 12.88 28.48 17.70 47.73 16.72 24.70 19.15 34.34 7.86 13.97 10.45 24.35
C-Hash 5.59 13.96 9.25 28.54 13.11 20.59 16.05 32.42 6.32 12.45 8.66 21.79
C-Hash(S) 6.19 11.21 8.75 21.47 15.35 21.30 17.73 30.78 6.64 12.47 9.19 22.69

P-LoRA 39.48 61.35 43.88 78.25 17.28 24.49 19.64 33.91 9.62 16.97 12.07 26.77
P-RQ-VAE 38.89 59.40 43.55 77.84 17.12 24.05 19.51 33.66 9.32 16.49 11.71 26.06
P-Hash 37.92 59.11 42.19 75.81 17.11 24.04 19.14 32.15 9.62 17.05 12.29 27.64
P-Hash(S) 37.09 56.90 42.26 77.17 17.22 24.32 19.07 31.71 9.74 17.17 12.38 27.71

Table 2: Recommendation performance of full embeddings (Full), compressed embeddings only (C), and PEFT embeddings
(P) using various strategies including LoRA, RQ-VAE, Hash (with Mean), and Hash(S) (with SENet).

Experimental Results

Based on the averaged results from five runs, as shown in
Table 2, we can make the following observations.

PEFT embeddings consistently outperform in most sce-
narios. While compressed embeddings occasionally per-
form well, e.g., achieving the best results on the Fed-
PerGNN, they also suffer from significant performance
degradation in other settings, such as in the PFedRec-ML1M
setting. Among them, C-LoRA and C-RQ-VAE generally
outperform the C-Hash variants but still fall short of full
embeddings in some settings. In contrast, PEFT embed-
dings demonstrate strong and consistent performance across
FedMF, FedNCF, and PFedRec. Even on FedPerGNN, P-
RQ-VAE also shows better performance than full embed-
ding. Notably, on FedMF, P-LoRA and P-RQ-VAE show
substantial improvements over full embeddings.

Strategy effectiveness varies across models and datasets.
Within the PEFT embeddings, P-RQ-VAE delivers stable
and competitive results, sometimes even outperforming full
embeddings. For example, in the FedMF-Industrial set-
ting, it achieves the best overall performance. P-LoRA also
shows robust performance results across multiple settings.
Although it underperforms in FedPerGNN-Software and
FedPerGNN-Industrial, P-LoRA significantly outperforms
others in FedMF-ML1M. The P-Hash strategies perform the
best in FedNCF-Industrial and PFedRec-Industrial, particu-
larly when combined with SENet. However, they struggle on
FedMF, where performance drops notably. For compressed
embeddings only, C-Hash exhibits poor and unstable per-
formance in most cases. A likely reason is that it relies on
random hashing. In contrast, C-LoRA and C-RQ-VAE gen-
erally outperform C-Hash, though they still lag behind full
embeddings, with exceptions in FedMF and FedPerGNN.
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Communication Storage Computation Representation
Full O(k · n) O(k · n) 0 n
LoRA O(kL · (n+ k)) O(kL · (n+ k)) 0 n
RQ-VAE O(dR · l) O(dR · l + n) 0 (dR)

l

Hash O(dH) O(dH + h) 0 Ch
dH+h−1

Hash(S) O(dH) O(dH + h) O(h2) Ch
dH+h−1

Table 3: Analysis on embedding.

SENet improves performance when combined with MLP.
Focusing on PEFT embeddings with hash, we observe that
SENet brings performance gains in models with the MLP
architecture, such as FedNCF and PFedRec. In these set-
tings, P-Hash(S) outperforms P-Hash. However, in models
that rely solely on embeddings such as FedMF and Fed-
PerGNN, SENet actually leads to a performance drop. For
compressed embeddings only, SENet improves the perfor-
mance in most settings.

Communication Analysis
We conduct a comprehensive analysis of the strategies in
terms of client-side communication overhead on embedding,
additional storage, additional computation cost, and embed-
ding representation capacity. The results with the number of
items n, embedding dimension k are summarized in Table 3.

From the table, we can observe that LoRA effectively
avoids representation collisions due to its direct use of learn-
able embeddings, but incurs linear communication overhead
with respect to the number of items n. RQ-VAE achieves
a compact communication footprint and storage efficiency,
while offering a large representation space via multi-level
codebooks. However, its resistance to representation col-
lision depends heavily on the quality of pre-training con-
ducted on the server. In contrast, hash-based methods inher-
ently mitigate collisions through the design of hash func-
tions, but require a larger hash table size dH compared to
the codebook size dR · l used in RQ-VAE to achieve compa-
rable representation capacity.

As shown in Figure 3, all PEFT embedding strategies sub-
stantially reduce communication overhead compared to full
embeddings. Among them, hash-based methods achieve the
greatest reduction overall, but do not show a significant re-
duction compared to other strategies. However, when con-
sidering recommendation performance, LoRA and RQ-VAE
generally provide a more favorable trade-off in most cases,
achieving a well-balanced compromise between effective-
ness and communication efficiency.

Hyperparameters Sensitivity
To explore the trade-off between recommendation perfor-
mance and communication in PEFT-based strategies, we an-
alyze the impact of key hyperparameters for each method.
LoRA. The primary hyperparameter is the latent dimension
size kL in low-rank matrices. As shown in Table 4, we eval-
uate PFedRec on the ML1M and Industrial datasets under
varying values of kL. Although the number of trainable pa-
rameters and communication overhead increase with larger
kL, the recommendation performance does not consistently
improve. On ML1M, both N@10 and H@10 achieve their
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Figure 3: Average communication cost per client.

kL
ML1M Industrial

N@10 H@10 Comm.(KB) N@10 H@10 Comm.(KB)

2 38.16 59.19 30.1 9.58 16.91 40.7
3 37.96 58.50 45.2 9.56 16.88 61.0
4 39.48 61.35 60.3 9.62 16.97 81.4
5 37.99 58.51 75.4 9.54 16.85 101.7
6 37.88 58.19 90.5 9.56 16.90 122.1

Full 38.63 60.48 482.4 8.90 15.56 651.1

Table 4: Performance and efficiency (Comm.) comparison
on PFedRec under various kL values in LoRA strategy.

highest scores when kL = 4, even surpassing the per-
formance of the full embedding baseline. However, when
kL = 5 or 6, performance degrades and falls below that of
the full embedding. On the Industrial dataset, although all
configurations of kL outperform the full embedding base-
line, the best results are also obtained at kL = 4.

RQ-VAE. RQ-VAE is controlled by two critical hyperpa-
rameters: the codebook size dR and the number of code-
books l. As shown in Figure 4, we evaluate the PR-VAE
strategy on FedNCF-ML1M and FedPerGNN-Industrial set-
tings under varying values of dR and l. We observe that in-
creasing these values does not always lead to better perfor-
mance. For example, when dR = 512, the overall perfor-
mance is lower than that when dR = 256. A similar trend
is observed with l. The performance begins to decline when
l = 6 in Figure 4, suggesting that overly large codebooks
or too many quantization levels may introduce redundancy,
which can weaken the relevance between items with similar
semantic information and degrade representation quality.

Hash. For the hash-based strategies, the main hyperparam-
eters are the size of the shared embedding table dH and the
number of hash functions h. As shown in Figure 5, we eval-
uate FedNCF on the ML1M and Industrial datasets under
varying values of dH and h. The results show that Hash(S)
(with SENet) consistently outperforms Hash (with Mean)
when using FedNCF as the backbone model. Furthermore,
performance improves with increasing h, especially from
h = 1 to h = 2. However, when h increases to 3 or 4, the
performance gain becomes marginal. In contrast, increas-
ing dH does not consistently lead to better performance. In
many cases, smaller values of dH achieve competitive per-
formance while maintaining lower communication cost.
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Figure 4: Sensitivity analysis on RQ-VAE.
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Figure 5: Sensitivity analysis on Hash strategies.

Analysis of DP Levels
To assess the performance with differential privacy (DP),
we conduct experiments under two widely studied DP set-
tings (Naseri, Hayes, and Cristofaro 2022): Central Differ-
ential Privacy (CDP) (Wei et al. 2020) and Local Differential
Privacy (LDP) (Zhao et al. 2025). In both settings, we adopt
the Laplace mechanism as the privacy-preserving strategy
with the parameter δ that denotes the scale of the Laplace
distribution. A larger δ introduces more noise, thus provid-
ing stronger privacy guarantees. The results are in Figure 6.

From the results on the Industrial dataset, both full em-
beddings and PEFT-based embeddings exhibit minimal per-
formance degradation as δ increases under LDP. Under CDP,
however, performance declines with increasing δ. Notably,
PEFT-based methods, including LoRA and RQ-VAE, con-
sistently outperform full embeddings, indicating higher ro-
bustness in privacy-constrained scenarios. Overall, PEFT
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Figure 6: Performance under different scale δ with CDP and
LDP using the FedNCF model.

embeddings demonstrate superior performance and robust-
ness compared to full embeddings on the Industrial dataset.

For the ML1M dataset, a similar trend is observed under
LDP, with RQ-VAE even showing performance improve-
ment as δ increases. However, under CDP, RQ-VAE suffers
significant performance degradation, while the performance
of full embeddings remains relatively stable. Interestingly,
LoRA shows increased H@10 values under higher δ, sug-
gesting that LoRA is more robust under CDP, while RQ-
VAE exhibits better performance under LDP.

Conclusion
This paper proposes a communication-efficient federated
recommendation (FR) framework that leverages plugin
Parameter-Efficient Fine-Tuning (PEFT) strategies for item
embeddings. By freezing the pre-trained full item embed-
dings on the client side and only updating lightweight com-
pressed embeddings, our method significantly reduces com-
munication overhead while maintaining or even improving
recommendation performance. Our framework adopts mul-
tiple compressed embedding strategies, including LoRA,
Hash, and RQ-VAE, with these strategies applied to PEFT-
based recommendation for the first time to the best of our
knowledge. Extensive evaluations across various FR models
and datasets validate the effectiveness of our approach.

While our approach demonstrates strong empirical perfor-
mance and adaptability, including under differential privacy
settings, it also has certain limitations. No single strategy
consistently outperforms others across all datasets and FR
models. Additionally, although PEFT methods focus on re-
ducing communication costs, compressed embedding tech-
niques offer complementary advantages in terms of lower
local storage requirements. These observations uncover a
promising future direction in exploring the trade-offs be-
tween performance, communication efficiency, and client
storage cost, potentially through hybrid approaches .
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