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Abstract

Recently, large language models (LLMs) have
demonstrated strong generative capabilities.
These advances create new opportunities for
improving federated recommendation (FR),
which enables distributed model training while
preserving user privacy. However, strict con-
straints on privacy, fairness, and communica-
tion overhead leave a research gap in applying
LLMs to FR, particularly in addressing inef-
fective training caused by biased or unrepre-
sentative samples. To this end, we propose
FedSLLM, an FR framework leveraging server-
side LLMs to generate semantic prototypes that
guide clients in selecting the most informative
and representative local samples based on se-
mantic relevance and prediction difficulty. This
approach enables effective, lightweight, and
privacy-preserving sample selection without de-
ploying LLMs on clients or sharing raw data.
Extensive experiments on multiple FR back-
bones and datasets show that FedSLLM consis-
tently improves recommendation performance,
especially under low sampling ratios, while re-
ducing the amount of training data required.
Our code is available at https://anonymous.
4open.science/r/fl_s-AD54.

1 Introduction

Large language models (LLMs) have demonstrated
a strong capability to capture rich semantic infor-
mation, which can guide more effective learning
across various stages of model training. In feder-
ated recommendation (FR) (McMahan et al., 2017,
Yang et al., 2020; Yuan et al., 2025a), a privacy-
preserving distributed learning paradigm where
user interaction data remain local due to regula-
tions such as the General Data Protection Regula-
tion (GDPR) (Voigt and Von dem Bussche, 2017),
leveraging such semantic guidance is particularly
promising. By incorporating high-level semantic
knowledge, FR systems can better compensate for
data heterogeneity across clients, thereby improv-
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Figure 1: LLM-generated semantic prototypes for
sample-level selection in federated recommendation.

ing recommendation (Zhao et al., 2025; Yuan et al.,
2025b). However, two challenges hinder the effec-
tive and efficient use of LLMs in FR:

(1) Mitigating client bias. Each client observes
only a limited and potentially biased subset of
interactions, which can lead to unrepresentative
local training. In conventional federated learn-
ing (FL), auxiliary models and additional infor-
mation have been used to select more important
clients (Pan et al., 2025; Wang et al., 2025a). Ex-
tending this idea, a natural research direction is
to leverage LLLMs as auxiliary models to improve
client-level selection, taking advantage of their rich
semantic knowledge. However, in FR, excluding
clients is inappropriate because it violates fairness
and reduces coverage of diverse user behaviors
(Mukhtiar et al., 2025). To address this issue,
we propose LLM-enhanced sample-level selection,
where LLMs guide clients to select the most infor-
mative and representative local samples, mitigating
bias without excluding any client.

(2) Providing semantic guidance efficiently. Prior
works have explored the idea of combining LLMs
with sample-level selection in centralized set-
tings (Tian et al., 2025; Tong et al., 2025), but
directly deploying LLMs on resource-constrained
clients is impractical due to computation overhead.
Additionally, privacy regulations prevent sharing
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raw interactions or semantic signals with the server,
which limits naive LLM-based approaches. Our
framework overcomes these challenges by generat-
ing semantic prototypes at the server and distribut-
ing only lightweight guidance to clients, enabling
them to leverage semantic information efficiently
while respecting privacy constraints.

To this end, we propose FedSLLM, an LLM-
enhanced prototype-based sample selection frame-
work for FR. As shown in Figure 1, the server uses
an LLM to generate a compact set of semantic
prototypes, which guide clients in selecting repre-
sentative local samples.

Specifically, FedSLLM follows a cluster-based
sampling principle, where prototypes serve as clus-
ter centers and samples are chosen based on similar-
ity (Morafah et al., 2023; Fraboni et al., 2021; Song
et al., 2023). Unlike data-driven or learned clusters,
LLM-generated prototypes incorporate semantic
knowledge without accessing private interactions.
Furthermore, FedSLLM employs a non-learning
hard-sample selection strategy, selecting samples
semantically close to prototypes but with diver-
gent predicted outcomes, thus focusing training
on challenging cases at minimal extra cost (Shi
et al., 2023; Lee et al., 2025). Finally, clients in
FedSLLM upload lightweight feedback on the pro-
totypes, which does not disclose any privacy to the
server. The server then aggregates this feedback
to update the prototypes, making them more repre-
sentative and better semantically aligned with the
interaction space. In a nutshell, the key contribu-
tions of this study are summarized as follows:

* We identify LLMs as a powerful yet largely
unexplored source of semantic guidance for
federated recommendation (FR), and present
the first study that investigates how LLM-
driven sample-level selection can improve the
performance-efficiency trade-off.

* We propose FedSLLM, a prototype-based
framework designed for LLM guidance,
which integrates LLM-based semantic proto-
type generation, prototype-aware sampling,
and lightweight feedback, enabling effective
and privacy-preserving sample selection.

* We align user-item interaction information
with high-level semantic knowledge, includ-
ing textual item descriptions and LLM-
generated semantic prototypes in a privacy-
preserving way, within the FR setting.

2 Related Work

LLM-enhanced recommendation. Recent stud-
ies have explored large language models (LLMs)
in recommendation because of their strong genera-
tion capabilities. Existing works primarily leverage
LLMs to enrich interaction representations (Zhang
et al., 2025a), generate auxiliary natural language
features (Wang et al., 2025b; Xu et al., 2025b),
or support downstream objectives (Li et al., 2025;
Wang et al., 2023a). However, directly deploy-
ing LLMs on clients is impractical in real-world
federated recommendation (FR) due to their high
computational and memory requirements.

In this work, we aim to leverage LLMs in fed-
erated recommendation (FR), which have demon-
strated great potential in improving performance,
while avoiding direct deployment on clients.

Data heterogeneity in FR. An important chal-
lenge in FR stems from the inherent data hetero-
geneity. Client-level selection is a common strategy
in federated learning (FL) to mitigate heterogene-
ity and reduce training on low-value clients (Wang
et al., 2023b; Chen and Vikalo, 2024; Pan et al.,
2025). Representative approaches leverage aux-
iliary agents identify informative clients (Zhang
et al., 2022; Wang et al., 2025a).

However, in FR, each client represents a unique
user. Excluding clients from training can increase
unfairness and harm personalization, limiting the
applicability of conventional client-level selection.

Sample-level selection. To overcome the limi-
tations discussed above, recent studies have in-
vestigated sample-level selection (Qi et al., 2023;
Xu et al., 2025a), relying on auxiliary models and
information to estimate sample importance. For
example, Zhang et al. (2025b) introduce a meta-
model trained on a proxy dataset to guide local sam-
pling, while federated active learning approaches
select samples based on aggregating sample infor-
mation (Zong et al., 2025; Tang et al., 2025). De-
spite their effectiveness in FL, these methods face
critical challenges in FR. Aggregating interaction
at the server raises privacy concerns, while aux-
iliary models incur non-negligible computational
overhead on resource-constrained clients.

In contrast, we propose a prototype-based sam-
ple selection framework tailored for FR. By leverag-
ing LLM-generated textual prototypes as semantic
anchors, our method enables efficient and privacy-
preserving sample selection.



3 Preliminaries

In federated recommendation (FR), a central server
maintains an item set Z = {i}]"_,, where each item
¢ is associated with the textual attribute a; € A.
There are m clients U« = {u}!",, each correspond-
ing to a unique user. Client u locally stores its
private interaction data D,, = {(i,7;) | i € I},
where 7,,; € {0, 1} denotes the implicit feedback
indicating whether user u has interacted with item
i.

In each FR round ¢, the server samples a sub-
set of clients U; C U according to a partici-
pation ratio C, and broadcasts the global model
Oy = {Ey, W[}, where E; = {e! € RF}?_, is the
item embedding table and ng denotes the shared or
personalized recommendation model. Each client
u € U performs local optimization on D, and
uploads model updates to the server, which aggre-
gates them to obtain O 1. After convergence, the
final global model is used for local inference.

This work focuses on sample-level selection
in FR. Specifically, before local training in each
round, client u selects a subset

D, C Dy, |Dy|=S8|Dul, (1
where S is the sampling ratio. Only samples in D,
are used for local model updates.

4 Methodology

As shown in Figure 2, our method leverages a large
language model (LLM) to generate semantic proto-
types that guide sampling (Sec 4.2). Clients select
informative samples based on semantic-similarity
and prediction-diversity to the prototypes (Sec 4.3)
and provide lightweight feedback (Sec 4.4). After
local training, the server aggregates the feedback to
update the prototypes and maps them into the same
latent space with item embeddings by the semantic
encoder (Sec 4.5).

4.1 Pre-training with Semantics

To incorporate semantic information into FR, we
perform a server-side pre-training stage before fed-
erated training. Each item 7 € Z is associated
with a natural language description or attribute set
a; € A. A pre-trained language model (PLM), de-
noted as Fprm, 1S used to encode item attributes
into semantic representations:

zi = Feom(ai), x; € R%m, 2)

To align the PLM representations with the em-
bedding space used in FR, we further employ an
autoencoder (AE) composed of an encoder Eap
and a decoder Dag. The encoder projects the PLM
embedding into a low-dimensional latent space:

2 = Eag(zi), 2 €RY 3)

and the decoder reconstructs the representation:
#; = Dag(2:). 4)

The autoencoder is trained by minimizing the
reconstruction loss:

Lag =Y llzi — &3 )
i€
After convergence, the latent representations
{zi}iez are used to initialize the global item em-
bedding table E in FR:
el Vi€ T, (6)

= Zi,
where 62(0) denotes the initial item embedding at the
beginning of federated training. All pre-training
procedures are conducted exclusively on the server
and do not involve any client-side interaction data.

4.2 Semantic Prototype Generation

At the beginning of each federated training round
t, the server queries an LLM to generate a compact
set of textual prototypes, denoted as P; = {p; }j\f:tl

To ensure representation consistency between
prototypes and items, the server encodes each pro-
totype using the same PLM Fpp\ employed in the
pre-training stage, followed by the autoencoder en-
coder Eag. Specifically, the latent embedding of
prototype p; is obtained as

e = Eap(Frm(py)), €f R (D)

The resulting prototype embedding set is denoted
as EY = {e?}jy:tl.

To support semantic-aware sample selection on
clients, the server computes the similarity between
each item embedding e; € F and each prototype
embedding e? . We adopt cosine similarity and
define the similarity score as

T,D
€; €;

’ (®)

sim(i, pj) = ———5—.
7 eill2 ll€fl2
The server then distributes the prototype embed-
dings E? along with the corresponding similarity
scores to the selected clients for local sampling.
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Figure 2: Overall framework of FedSLLM. The server uses an LLM to generate natural language prototypes, which
guide clients in selecting samples efficiently. Then clients provide lightweight feedback to update the prototypes.

In the initial federated rounds, when no client
feedback is available, the LLM prompt is con-
structed using a brief summary of the items, in-
cluding high-level attributes and category statistics.

4.3 Non-learning Sample-level Selection

Given the prototypes from the server, during local
training, each selected client w receives the global
prototype embeddings EY, the item embedding ta-
ble F, and the model W,,. For its local interaction
set D,, the client maintains the semantic similarity
scores sim(i, p;) for all i € D, and p; € P;.

To further prioritize informative and challenging
samples that are hard to predict, we introduce a
diversity-aware criterion based on prediction dis-
crepancy. Let

fuﬂ‘ = Wg(u, i),

. )
Pup; = Wy (u,pj)

denote the predicted interaction score of client u
on item 7 and prototype p; by the model, separately.
The prediction diversity between item ¢ and proto-
type p; is defined as
div(i, pj) = |Pui — Fup, |- (10)
Intuitively, a large diversity value indicates that
although an item is semantically related to a pro-
totype, the current model fails to generalize its be-
havior, suggesting that the sample is hard to learn.
We combine semantic similarity and prediction di-
versity to define the sampling score:

. sim(z, p;
S(Z,pj) _ ( ])

= 11
dvGip) +e P

where ¢ is a small constant for numerical stability.
A larger score indicates that item ¢ is semantically
close to prototype p; while exhibiting a large pre-
diction discrepancy, and is more informative.

To obtain a single sampling score for each item,
the client adopts a minimum aggregation strategy
over all prototypes:

Score(i) = min_ s(7,p;). (12)
7=1,...,N¢

This strategy emphasizes samples that are poorly
explained by at least one global semantic prototype,
encouraging the model to focus on hard and under-
generalized interactions. Finally, each client selects
the top-S fraction of interactions from D,, accord-
ing to Score(7) for local model optimization.

4.4 Feedback on Prototypes

Based on the prototype-guided sampling process,
for each local interaction sample ¢ € D,,, the client
u computes its sampling score with respect to each
prototype using Eq. 11.

The closest (i.e., most challenging) prototype for
sample ¢ is then identified as
min

13
JE{1,...;,Ni} (13

j*(l) = arg S(,vaj)
Based on this assignment, the client constructs
a prototype-specific count vector c,, € N, where

the j-th entry is defined as

culi = 3 1G7(6) = ).

1€Dy

(14)

and I(-) is the indicator function.



Each entry c,[j] therefore reflects how many
local samples are insufficiently explained by proto-
type pj, providing a coarse-grained but informative
signal of prototype difficulty. The server aggre-
gates the count vectors from participating clients
to obtain a global prototype difficulty profile:

Ct = E Cu,

ueUt

15)

which summarizes the distribution of hard-to-
explain samples across prototypes. Based on this
aggregated feedback, the server constructs a con-
cise prompt and queries the LLM to analyze the
global prototypes and their count vectors.

4.5 Alignment for Semantic

To support prototype-driven sample selection and
semantic guidance, the global aggregated item em-
beddings in FR must be aligned with the semantic
prototype space, as they are learned purely from
user-item interactions and lack explicit semantic
supervision. To this end, the server periodically
updates the AE encoder E5g to align semantic and
interaction representations.

Specifically, given the semantic representation
x; of item ¢, the server projects it into the latent
space via the encoder £ag as in Eq. 3, producing
z;. The encoder is then optimized by aligning z;
with the frozen, aggregated global item embedding
e; € E, which is learned from federated interaction
data. The alignment objective is defined as

Le = ||z — el*. (16)

This alignment strategy enables Eag to learn a
unified mapping function that bridges semantics
and interaction-driven representations. As a result,
both semantic prototypes and items can be reliably
compared and utilized in a shared latent space.

5 Experiments and Discussions

5.1 Experimental Setup

Datasets. Several public recommenda-
tion datasets are used in our experiments:
MovieLens-100K, which is denoted as ML100K;
MovieLens-1M (Harper and Konstan, 2016)
denoted as ML1M; and two Amazon datasets (Ni
et al., 2019), Industrial and Software. These
datasets offer interaction records along with item
attributes (see Table 1). ML100K and MLIM
include movie information, while the Amazon
datasets provide item descriptions. We adopt the
leave-one-out data split method.

Dataset  #Users #Items #Interactions Sparsity
MLI100K 943 1,682 100,000  93.70%
MLIM 6,040 3,706 1,000,209  95.53%
Industrial 11,041 5,334 77,071 99.87%
Software 1,826 802 12,805  99.13%
Table 1: Dataset statistics.
Baselines. 'We compare our method with the fol-

lowing baselines: (1) Random, which randomly
samples interactions. (2) Traditional uncertainty-
based sampling, including entropy-based sampling
(Entropy) (Holub et al., 2008), margin-based sam-
pling (Margin) (Balcan et al., 2007), and least-
confidence sampling (Least) (Li and Sethi, 2006).
(3) FedSelect (Zhang et al., 2025b), employing an
auxiliary meta-model to estimate sample impor-
tance. (4) FALE (Tang et al., 2025), which glob-
ally computes the heterogeneity-aware sampling
scores, represents federated active learning. (5) Our
method FedSLLM, which uses LLM-generated se-
mantic prototypes for guiding local sample selec-
tion. We evaluate it with two public LLMs, Qwen'
and LLaMA?. For fairness, all baselines adopt the
same pre-training strategy as our method.

FR Backbone Models. We adopt four popular
FR backbone models: (1) FedMF (Chai et al.,
2021), a federated matrix factorization with only
user and item embeddings, (2) FedNCF (Perifa-
nis and Efraimidis, 2022), the extension of FedMF
with an MLP, (3) FedPerGNN (Wu et al., 2022),
a graph-based FR model using only user and item
embeddings, and (4) PFedRec (Zhang et al., 2023),
a personalized FR model with item embeddings
and personalized models without user embeddings.

Evaluation Metrics. We adopt the widely used
top-K recommendation evaluation metrics: Hit Ra-
tio (H@K) and Normalized Discounted Cumula-
tive Gain (N@K). Both metrics reflect the ranking
quality. Higher values indicate better performance.

Implementation Details. The client sampling ra-
tio C is set to 10%. The sample selection ratio in
clients S is set to 10%. Each selected client per-
forms 2 local epochs per round, and the total num-
ber of global rounds is 200. Our implementation
is built on the open-source library FuxiCTR (Zhu
et al., 2021). The experiments are conducted with
NVIDIA GeForce RTX 4090 GPUs.

"hitps://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
Zhttps://huggingface.co/meta-llama/Meta-Llama-3-8B-
Instruct



FR | Sample \ ML100K \ MLIM \ Industrial \ Software
Backbone | Method | s Hel0 He@20 | H@S H@I0 H@20 | HES H@I0 H@20 | HeS H@l0) H@20
| Base | 4040 5557 7338 | 41.06 5464 7770 | 8.16 13.60 23.61 | 19.50 24.64 34.67
Random 3045 5175 5790 | 2329 4156 7180 | 935 1440 23.68 | 1813 2366 3330
Entropy 3002 5175 5832 | 3887 4528 4970 | 831 13.18 2256 | 865 13.86 21.69
Margin 3849 5101 5875 | 4434 5523 5998 | 873 1356 23.14 | 646 1024 19.99
FedNCF | 1 oot 3038 4532 6741 | 3927 4649 5043 | 650 1106 2069 | 723 12.16 1878
FedSelect | 30.01 4486 67.87 | 4674 5836 70.83 | 1627 1988 2735 | 1689 2724 4031
FALE 4274 5864 7572 | 3467 5805 7177 | 1042 1601 2635 | 17.80 2382  34.67
Ours-Qwen | 5408 61.93 74.66 | 51.59 60.05 74.27 | 2318 3238 46.88 | 41.68 48.69 60.73
Ours-LLaMa | 60.66 6522 7508 | 4831 59.44 73.84 | 20.16 3041 47.66 | 26.18 36.14 4825
| Base | 1824 2778 4178 | 1248 2076 3301 | 557 10.87 2054 | 778 1325 23.55
Random 764 1442 2651 | 608 1151 2250 | 494 1033 2057 | 515 1057 20.97
Entropy 880 1506 2460 | 426 881 1884 | 487 975 1988 | 531 1123 21.80
edME Margin 838 1601 2619 | 596 1151 2192 | 468 962 2022 | 685 1260 21.96
e Least 806 1633 2609 | 596 1151 2192 | 468 962 2022 | 663 1243 21.69
FedSelect | 28.31 4284 6225 | 2588 39.00 59.93 | 6.18 19.19 4470 | 838 17.14 31.68
FALE 6.68 1262 2481 | 636 1154 2189 | 550 1062 2059 | 526 1068 19.99
Ours-Qwen | 3245 4613 6607 | 2558 3930 6142 | 649 1860 4453 | 849 1933 3877
Ours-LLaMa | 31.18 4348 64.26 | 26.61 3877 6116 | 651 1886 4443 | 668 1687 4031
| Base | 4252 5864 7582 | 40.75 5336 7689 | 1039 1608 2646 | 19.06 2459 31.82
Random 4093 5642 7306 | 30.88 5142 7414 | 894 1496 2467 | 1731 2223 3187
Entropy 3828 5175 5779 | 40.15 43.64 5333 | 879 1292 2201 | 1720 2185 31.98
Margin 3775 4836 5642 | 4157 5472 6377 | 883 1395 2261 | 1862 2322 3078
PFedRec | 1 oot 3702 4973 5896 | 4224 5228 5528 | 952 1427 23.03 | 1774 2251 69.11
FedSelect | 65.96 69.88 80.91 | 68.03 7076 8326 | 3391 4286 57.08 | 49.62 5531 34.94
FALE 2513 3807 5387 | 6606 7127 8276 | 38.09 48.61 63.98 | 17.91 2590 70.10
Ours-Qwen | 68.08 7041 8134 | 73.49 7455 8429 | 39.42 4875 6442 | 5170 5734 67.58
Ours-LLaMa | 73.49 7413 82.82 | 7881 7993 8791 | 3563 4770 63.15 | 4934 5372 63.15
| Base | 4168 5748 7561 | 3455 5897 77.04 | 924 1472 2459 | 2081 2744 38.77
Random 3881 5345 7391 | 2727 4084 68.68 | 8.87 1469 2474 | 1742 2262 3176
Entropy 3828 5429 7116 | 2988 4500 66.19 | 850 1451 2524 | 1807 2377 3401
FedperGy | MaTED 3839 5420 72.85 | 30.07 4482 6598 | 1023 1630 2693 | 1928 2623 3631
edPer Least 3542 49.84 7275 | 2690 39.07 58.18 | 976 1532 2604 | 1928 2623 3631
FedSelect | 3849 56.84 67.44 | 2755 4030 6659 | 9.65 1599 2686 | 1933 2568 35.60
FALE 39034 5695 74.55 | 2922 48.59 70.88 | 9.82 1561 2661 | 1895 2481 3538
Ours-Qwen | 40.08 57.16 7497 | 2997 4351 66.14 | 1106 17.03 27.68 | 1947 3026 37.95
Ours-LLaMa | 40.72 5631 74.55 | 3210 5247 7548 | 10.11 1588 2609 | 1835 2694 36.76

Table 2: Performance comparison of different sampling methods in terms of HR (H@K) across various FR
backbones and datasets. Best results are highlighted in bold, and the second-best results are underlined. "Base"
indicates the results obtained using all samples without any sample-level selection.

5.2 Experimental Results

Sample-level selection improves recommenda-
tion performance. As the average results in Ta-
ble 2 on H@K and Table 3 on N@K, applying
sample-level selection sometimes leads to better
recommendation performance compared to training
on all local interactions. For example, on ML100K
with FedNCF, the Base model achieves H@20
of 73.38%, while FALE improves it to 75.72%
and our method improves to 74.66% and 75.08%.
On Industrial-FedNCF, Random, FedSelect, FALE,
and our method achieve better performance on all
metrics. Even traditional methods can achieve per-
formance comparable to the Base model with a
limited sampling ratio (S = 10%) on the Industrial

dataset using PFedRec and FedPerGNN.

Similar improvements can be observed across
multiple settings, indicating that avoiding unneces-
sary training on low-value interactions helps clients
focus on more informative samples. These results
confirm that sample-level selection is a practical
and effective strategy for enhancing FR.

Consistent improvements across backbones and
datasets of FedSLLM. As shown in Table 2, our
method consistently achieves strong performance
across all four FR backbones and three datasets. In
particular, it attains the best results on most met-
rics for FedNCF, PFedRec, and FedPerGNN, and
remains competitive on FedMF. For instance, on
ML1M with PFedRec, our method improves H@10



FR | Sample \ ML100K \ MLIM \ Industrial \ Software
Backbone | Method | yo5 N@10 N@20 | N@s N@10 N@20 | N@es N@l0 N@20 | N@s Nel0 N@20
Base 28.95 33.88 3841 | 2940 3371 39.59 | 5.75 7.48 998 | 16.11 1775 20.27
FedSelect 20.73 2553 31.27 | 33.27 3484 3833 | 433 8.89 13.35 | 1347 1795 21.59
FedNCF FALE 31.76 3693  41.27 | 2228 29.79 3537 | 747 9.26 11.85 | 13.93 15.86 18.58
Ours-Qwen | 35.08 37.73 4099 | 3415 37.02 4056 | 13.32 1638 20.09 | 27.19 29.58 32.72
Ours-LLaMa | 39.78 41.36 43.91 | 32.08 35.07 3843 | 11.37 1469 1859 | 13.89 17.28 23.89
Base 1236 1537 1890 | 7.54 10.19 1327 | 341 5.09 7.51 5.20 6.97 9.54
FedSelect 15.03 19.87 2472 | 1429 1885 23.89 | 345 7.59 13.86 | 5.58 8.38 14.36
FedMF FALE 4.02 591 8.95 3.86 5.52 8.10 3.19 4.83 7.33 3.17 4.90 7.22
Ours-Qwen 18.05 22.60 27.59 | 1432 18.63 2392 | 3.72 7.58 13.80 | 5.71 9.15 14.66
Ours-LLaMa | 17.21 21.30 2648 | 14.64 18.65 24.22 | 3.81 7.73 14.00 | 3.93 7.15 12.90
Base 31.35 36.60 4095 | 30.78 34.80 40.75 | 7.38 9.20 11.79 | 15.78 17.56  20.06
FedSelect 44.81 4544 4830 | 40.55 4150 45.03 | 18.83 21.88 25.60 | 30.94 32.89 36.51
PFedRec FALE 17.09 2126 2525 | 4391 44.19 4628 | 20.64 24.23 2821 | 1545 18.01 20.29
Ours-Qwen | 43.77 4458 4742 | 51.15 51.51 46.55 | 21.69 24.89 28.95 | 32.04 3398 37.33
Ours-LLaMa | 50.73 50.95 53.23 | 56.60 56.99 59.08 | 19.39 2348 27.46 | 27.18 28.69 3235
Base 3056  35.69 40.28 | 22.28 30.09 3475 | 6.71 8.46 1093 | 17.26 1939 22.22
FedSelect 28.74 30.15 34.61 | 2025 2427 30.85 | 6.96 8.98 11.69 | 16.36 1838  20.87
FedPerGNN | FALE 2892 3436 38.89 | 1995 26.12 3297 | 7.01 8.85 11.59 | 16.33 1820 20.86
Ours-Qwen | 29.19 34.86 39.26 | 20.19 2454 30.26 | 791 9.82 1249 | 17.80 19.13 22.83
Ours-LLaMa | 28.71 3449 39.12 | 21.84 28.38 33.13 | 7.81 9.58 12.17 | 17.20 18.99  21.89
Table 3: Performance comparison in terms of NDCG (N @K). More details are in Appendix Sec B.1.
FR | v | ML100K | MLIM | Industrial | Software
Backb Variant
ackbone | | Helo Nelo | Helo Nel | Helo Nelo | Helo Ne@10
Base 55.57 33.88 54.64 33.71 13.60 7.48 24.64 17.75
FedNCF Ours-Qwen 61.93(+11.5)  37.73(+11.3) |  60.05(+9.9) 37.02(+9.8) | 32.38(+138.0)  16.38(+118.9) | 48.69(+97.6)  29.58(+66.6)
¢ Ours-LLaMa | 65.22(+174) 41.36(22.1) | 59.44(+88)  35.07+4.0) | 30.41+1236)  14.69(:963) | 36.14(+67)  17.28(:27)
Ours-Cluster 59.81(+7.6) 35.97(+6.2) 57.07(+4.5) 32.87(-2.5) 30.25(+122.4)  13.76(+83.7) 34.23(+38.9) 15.95¢-10.1)
Base 27.78 1537 20.76 10.19 10.87 5.09 1325 6.97
FedMF Ours-Qwen 46.13(+66.0)  22.60(+47.1) | 39.30(+89.3)  18.63(+82.8) 18.60(+71.2) 7.58(+48.9) 19.33(+45.8) 9.15(+31.4)
¢ Ours-LLaMa | 43.48(+56.5) 21.30438.6) | 38.77+868) 18.65(+830) | 18.86(735)  7.73(:519) | 16.87427.3)  7.1502.7)
Ours-Cluster | 38.92(+40.1)  17.70(+15.1) | 36.14@+74.1)  17.38(+70.6) 15.42(+41.9) 6.44(+26.5) 7.83(-40.9) 3.47(-50.3)
Base 58.64 36.60 53.36 34.80 16.08 9.20 24.59 17.56
PFedR Ours-Qwen 70.41(+20.1)  44.58(+21.8) | 74.55(+39.7)  51.51(+48.1) | 48.75(+203.3) 24.89(+170.5) | 57.34(+133.2)  33.98(+93.5)
cdRec Ours-LLaMa | 74.13(+26.4)  50.95(+39.2) | 79.93(+49.8)  56.99(+63.8) | 47.70(+196.7)  23.48(+155.2) | 53.72(+118.5)  28.69(+63.4)
Ours-Cluster 55.99(-4.5) 31.35(-143) | 65.15(+22.1)  43.44(+24.9) 30.07(+87.0) 13.80(+50.0) 34.23(+39.2) 15.12(-13.9)
Base 57.48 35.69 58.97 30.09 14.72 8.46 27.44 19.39
FedPerGNN Ours-Qwen 57.16(-0.6) 34.86(-2.3) 43.51(-262)  24.54(-18.4) 17.03(+15.7) 9.82(+16.1) 30.26(+10.3) 19.13(-1.3)
ecrer Ours-LLaMa | 5631(20)  3449(34) | 5247¢110)  2838(57) | 1588479)  9.58+133) | 26.94¢18)  18.99(2.1)
Ours-Cluster | 56.63-15) 347427 | 39.93(:323) 24.13¢-198) | 1522634)  8.88(+5.00) | 22.95¢164)  1691¢-1238)

Table 4: Performance comparison the variants of FedSLLM. Numbers in () indicate relative changes with Base,
with improvements in and drops in , where intensity scales with the magnitude of change.

from 53.36% (Base) to 74.55% and 79.93%. While
on the Industrial dataset with FedNCF, H@10 in-
creases substantially from 13.60% to 32.38% and
30.41%. Although in some settings our method
does not show the best performance, it still shows
competitive performance.

These results demonstrate that the proposed
prototype-guided sampling strategy is model-
agnostic and robust to different data scales and
recommendation architectures.

5.3 Ablation Study

To investigate the effect of LLMs, we conduct an
ablation study comparing with a variant where pro-

totypes are obtained via clustering item embed-
dings (Ours-Cluster) in Table 4.

While Ours-Cluster shows that prototype-based
sample selection can yield limited improvements,
its effectiveness is clearly constrained. In con-
trast, LLM-generated semantic prototypes consis-
tently deliver substantial performance gains across
datasets and backbones. For instance, in ML100K-
PFedRec, FedSLLM with Qwen and LLaMA im-
proves H@10 by 20.1% and 26.4%, respectively,
while the clustering-based variant suffers a 4.52%
decrease. These results demonstrate that LLM-
provided semantic knowledge is crucial for con-
structing high-quality prototypes.
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Figure 3: Sensitivity study on hyperparameter sample
ratio S in various backbone-dataset settings. The black
line shows the base result without sampling.

5.4 Sensitivity Analysis

Robustness across different LLMs. We further
investigate the sensitivity of our framework to dif-
ferent LLMs. According to the results in Tables 2,
3 and 4, we observe that LLaMA performs better
in ML100K and ML1M datasets overall, while the
smaller Qwen model outperforms LLaMA in oth-
ers. Although different LLMs introduce certain
performance fluctuations, our method consistently
achieves great improvements over the baselines
across various settings. This observation indicates
that the effectiveness of FedSLLM is not highly
sensitive to the specific LLM, suggesting that the
performance gains mainly come from the proposed
sample selection design.

Table 5: Communication and computation overhead.

Effectiveness at low sampling ratios. Figure 3
illustrates the impact of the sampling ratio S on
recommendation performance. A common obser-
vation across most baselines is that their perfor-
mance generally improves as S increases. This
trend indicates that traditional sampling strategies
are limited in distinguishing informative samples
from noisy ones. In contrast, our method achieves
strong performance, especially at small ratios (e.g.,
S = 0.1) across various backbones and datasets.

5.5 Discussion on Efficiency

Table 5 compares the communication (model and
data size/MB), computation (MFLOPs), and the
average sample selection time (ms) across differ-
ent methods. Our method FedSLLM maintains the
small communication size (0.3330 MB) and low
computational cost (0.0164 MFLOPs). While the
selection time (0.384 ms) is slightly higher than
traditional methods represented by Random (0.271
ms) and other state-of-the-art methods such as Fed-
Select (0.313 ms), it remains modest and practi-
cal for resource-constrained clients. These results
demonstrate that FedSLLM can provide semantic
guidance for sample selection with minimal addi-
tional computation and communication overhead,
making it suitable for real-world FR scenarios.

6 Conclusion

This paper proposes FedSLLM, an LLM-enhanced
prototype-based sample-level selection method
for federated recommendation (FR). Specifically,
LLMs are leveraged to generate semantic proto-
types that capture challenging patterns for training.
Based on them, clients can select more valuable
samples for local optimization. To further refine the
prototypes, clients provide lightweight feedback to
the server. Extensive experiments demonstrate that
FedSLLM is both effective and efficient. In future
work, we will investigate LLM-based sampling in
more FR scenarios, such as in cross-domain and
multi-domain settings, where abundant source data
may not be available.



Limitations

While FedSLLM demonstrates strong empirical
performance, it still faces several limitations that
are challenging to address. First, although it shows
relatively low sensitivity to the choice of LLM,
the quality of semantic prototypes still depends
on the reasoning and generation capability of the
model, which may introduce additional computa-
tional overhead in the central server. Moreover,
incorporating stronger reasoning or adaptive feed-
back from LLMs into the federated optimization
loop is constrained by privacy, communication, and
efficiency requirements, limiting deeper integration
of LLLM beyond offline prototype generation.

Ethical Considerations

This work does not involve human subjects, sensi-
tive personal data, or any proprietary datasets. All
datasets used in this study are publicly available
and commonly used in prior research works. We
have taken care to ensure that our methods and
results do not raise safety, privacy, or fairness con-
cerns.
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A Insight of LLMs

A.1 LLM Prompts for Prototype Generation
and Updating

We employ a server-side large language model
(LLM) to generate and update global semantic pro-
totypes used for guiding local sample selection
in federated recommendation. The LLM is only
accessed by the server and is never involved in
client-side training or inference.

Prototype Generation. When initializing the
prototype set, the server prompts the LLM to gen-
erate a bounded number of high-level semantic
prototypes. The prompt specifies that each pro-
totype should represent a distinct item archetype
and be expressed as a concise natural-language
abstraction rather than specific item names. Key
constraints included in the prompt are: (1) proto-
types must be semantically independent and non-
overlapping, (2) prototypes should reflect common
and meaningful item usage patterns, and (3) the
output must be strictly formatted as a list of tex-
tual prototype descriptions, without explanations
or additional metadata (e.g., “Action adventure”,
“Romantic comedy”, “Sci-fi”).
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Prototype Generation Prompt (Simplified).

You are a server-side expert for federated
recommender systems. Given global item
information, generate a compact set of
semantic prototypes, where each prototype
represents a distinct item archetype. The
number of prototypes should be limited,
and each prototype should be semantically
independent and non-overlapping with
others. Use concise, high-level natural
language descriptions rather than specific
item names. Return the prototypes as a
list of textual descriptions (e.g., “Action
adventure”, “Romantic comedy”, “Sci-fi”).

\.

Prototype Updating. For prototype updating,
the server provides the LLM with the current proto-
type set and their aggregated usage frequencies
from the previous training round. The prompt
instructs the LLLM to: (1) retain prototypes with
stable and high usage, (2) merge prototypes that
exhibit low usage and semantic overlap, (3) split
frequently used but overly coarse prototypes into
finer-grained ones, and (4) introduce new proto-
types only when important semantic patterns are
under-represented. The updated prototype set is
returned in the same constrained list format as in
prototype generation.

These prompt designs allow the server to main-
tain a compact, adaptive, and semantically mean-
ingful prototype space while ensuring stable inte-
gration with downstream federated training.

Prototype Updating Prompt (Simplified).

Given the current set of global semantic
prototypes and their usage statistics from
the previous training round {prototype:
count}, update the prototypes to better
reflect their effectiveness. You
may keep, merge, split, or generate
prototypes based on their usage frequency
and representational quality. The
updated prototypes should remain concise,
semantically distinct, and expressed as
high-level natural language descriptions.
Return the updated prototypes as a list of
textual descriptions.

B Experiments and Discussions

B.1 Additional Experimental Results

We report additional results on N@K in Table 6.
Higher N@K indicates better ranking quality, espe-
cially for top-ranked recommendations.

From the results, we observe that FedSLLM con-
sistently achieves the best performance in most
cases. Although the two variants of FedSLLM do



FR | Sample \ ML100K \ MLIM \ Industrial \ Software

Backbone | Method | yo5 N@10 N@20 | N@s N@I0 N@20 | N@es N@l0 N@20 | Nes Nelo N@20
| Base | 2895 3388 3841 | 2940 3371 3959 | 575 748 998 |16.11 17.75 2027

Random 2654 3054 3212 | 1538 21.17 2883 | 683 845 1077 | 1543 1722 19.64

Entropy 2733 3147 3314 | 2873 3081 3193 | 602 758 992 | 519 686 883

Feancp | Margin 2672 3079 3274 | 32.08 3564 3685 | 654 807 1047 | 422 542  7.83
e Least 2625 3030 3139 | 2804 3038 3140 | 3.99 545  7.84 | 430 588  7.52
FedSelect | 2073 2553 3127 | 3327 3484 3833 | 433 889 1335 | 1347 1795 21.59

FALE 3176 3693 4127 | 2228 2979 3537 | 747 926 1185 | 1393 1586 18.58

Ours-Qwen | 3508 37.73 4099 | 3415 37.02 4056 | 1332 1638 20.09 | 27.19 29.58 32.72

Ours-LLaMa | 3978 4136 4391 | 32.08 3507 3843 | 1137 1469 18.59 | 13.89 17.28 23.89

| Base | 1236 1537 1890 | 7.54 10.19 1327 | 341 509 751 | 520 697 954

Random 453 669 972 | 357 531 806 | 283 456 712 | 3.16 491  7.50

Entropy 533 735 975 | 247 392 642 | 286 442 694 | 319 507 771

- Margin 501 745 1000 | 364 541 801 | 275 433 697 | 415 599 834
ed Least 492 756 1000 | 3.64 541 801 | 275 433 697 | 405 591 822
FedSelect | 15.03 19.87 2472 | 1429 1885 23.89 | 345 7.59 13.86 | 558 838  14.36

FALE 402 591 895 | 386 552 810 | 3.19 48 733 | 3.17 490 722

Ours-Qwen | 18.05 22.60 2759 | 1432 18.63 2392 | 372 7.58 1380 | 571 915 14.66

Ours-LLaMa | 17.21 2130 2648 | 14.64 18.65 2422 | 3.81 773 1400 | 393 715 12.90

| Base 3135 3660 4095 [ 30.78 3480 4075 | 738 920 1179 | 1578 17.56  20.06

Random 30.51 3548 39.69 | 2410 2785 3353 | 644 835 1078 | 1487 1644 18.82

Entropy 2513 2955 3111 | 27.97 29.12 3146 | 654 7.86  10.13 | 1447 1595 18.46

Margin 2588 2932 3138 | 27.61 3182 3417 | 649 812 1029 | 1421 1567 17.86

PFedRec |y . 2555 2970 3201 | 3045 3371 3449 | 704 856 1075 | 1467 1618 18.23
FedSelect | 44.81 4544 4830 | 4055 41.50 4503 | 18.83 21.88 2560 | 30.94 32.89  36.51

FALE 1700 2126 2525 | 4391 4419 4628 | 20.64 2423 2821 | 1545 1801 20.29

Ours-Qwen | 4377 4458 4742 | 5115 5151 4655 | 21.69 24.89 2895 | 32.04 3398 37.33

Ours-LLaMa | 5073 50.95 5323 | 56.60 56.99 59.08 | 1939 2348 2746 | 27.18 28.69 32.35

| Base 3056 3569 4028 [ 2228 3000 3475 | 671 846 1093 | 1726 1939 2222

Random 2804 3469 3897 | 20.15 2423 3126 | 609 797 1047 | 1501 1667 18.97

Entropy 2778 3269 37.17 | 1973 2459 2997 | 6.14 805 1073 | 1544 1727 19.84

ey | MarEn 2801 3293 37.64 | 1987 2461 2998 | 739 933 1199 | 1636 18.58 21.08
FedPerGNN | ; ot 2549 3313 37.83 | 19.14 2303 27.84 | 697 875 1143 | 1636 18.58 21.08
FedSelect | 2874 30.15 3461 | 2025 2427 3085 | 696 898 11.69 | 1636 1838 20.87

FALE 2892 3436 3889 | 1995 26.12 3297 | 701 885 1159 | 1633 1820 20.86

Ours-Qwen | 2919 34.86 3926 | 20.19 2454 3026 | 791 9.82 1249 | 17.80 1913 22.83

Ours-LLaMa | 2871 3449 39.12 | 21.84 2838 3313 | 7.81 958 12.17 | 17.20 1899 21.89

Table 6: Performance comparison of different sampling methods in terms of NDCG (N@K) across various FR
backbones and datasets. Best results are highlighted in bold, and the second-best results are underlined. "Base"
indicates the results obtained using all samples without any sample-level selection.

not attain the best or second-best results in all set-
tings, they still deliver competitive performance in
general.

For example, in the Industrial-PFedRec setting,
Ours-Qwen achieves the best performance with an
N@10 of 24.89%, while FALE obtains the second-
best result with an N@10 of 24.23%. Ours-LLaMa
also demonstrates competitive performance, achiev-
ing an N@10 of 23.48%, which represents a signifi-
cant performance improvement over the traditional
methods.

Moreover, we observe that although our method
and several baselines, such as FedSelect and FALE,
achieve improvements in most cases, the gains can
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depend on the underlying FR backbone. For exam-
ple, on FedPerGNN, the improvement is relatively
limited, whereas on PFedRec, the improvement is
substantial. Ours-LLaMa achieves a 63.8% relative
increase in N@ 10 compared with the Base model.

B.2 Implementation Details

We adopt leave-one-out strategy while processing
datasets, training the models, and evaluating the
results.

For all federated recommendation (FR) back-
bones, the embedding dimension k for both users
and items is set to 32. In FedNCF, the MLP archi-
tecture is [64, 128, 64] with ReLU activation and a



dropout rate of 0.5. For FedPerGNN, the number
of message-passing steps is set to 1. In PFedRec,
the MLP architecture is [32, 64, 32] with ReLU ac-
tivation and a dropout rate of 0.5.

We employ the Adam optimizer for all experi-
ments, with the learning rate set in {le —3, 5e —
3,le—2} and weight decay of {le—5,1le—6, le—
7,1e—8}. The best result across various configura-
tions is reported.

We leverage the pre-trained language model
Sentence-T5 (Ni et al., 2022) to encode textual
item attributes (e.g., titles and descriptions), which
are then fused into the initial embeddings with di-
mension k;,, = 768.

For all methods, item embeddings are initial-
ized using an autoencoder trained on side informa-
tion. The encoder €4 consists of fully connected
layers [768, 512,256, 128, 32] with ReLU activa-
tion and the decoder is reversed. Pre-training is
conducted for a number of rounds chosen from
{103,10%,10%,10°}, with a learning rate selected
from {le — 3, 1le — 4}.

13
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