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Abstract
Fine-tuning large language models (LLMs) in federated set-
tings enables privacy-preserving adaptation but suffers from
cross-client interference due to model aggregation. Existing
federated LoRA fine-tuning methods, primarily based on Fe-
dAvg, struggle with data heterogeneity, leading to harmful
cross-client interference and suboptimal personalization. In
this work, we propose FedALT, a novel personalized feder-
ated LoRA fine-tuning algorithm that fundamentally departs
from FedAvg. Instead of using an aggregated model to ini-
tialize local training, each client continues training its indi-
vidual LoRA while incorporating shared knowledge through
a separate Rest-of-World (RoW) LoRA component. To ef-
fectively balance local adaptation and global information,
FedALT introduces an adaptive mixer that dynamically learns
input-specific weightings between the individual and RoW
LoRA components, drawing conceptual foundations from the
Mixture-of-Experts (MoE) paradigm. Through extensive ex-
periments on NLP benchmarks, we demonstrate that FedALT
significantly outperforms state-of-the-art personalized fed-
erated LoRA fine-tuning methods, achieving superior local
adaptation without sacrificing computational efficiency.

Introduction
Large language models (LLMs) (Kenton and Toutanova
2019; Brown et al. 2020; Raffel et al. 2020; Touvron et al.
2023a; Zhou et al. 2024; Zeng et al. 2022; Touvron et al.
2023b) have demonstrated exceptional capabilities in lan-
guage understanding and generation, enabling a wide range
of applications. Adapting pretrained LLMs to specialized
domains or further enhancing their performance requires
fine-tuning with task-specific data (Minaee et al. 2024).
However, full fine-tuning, which involves updating all model
parameters, is computationally expensive and often imprac-
tical for real-world deployment. To address this limitation,
several parameter-efficient fine-tuning (PEFT) (Ding et al.
2023; Fu et al. 2023; Liu et al. 2022; Li and Liang 2021;
Lester, Al-Rfou, and Constant 2021) methods have been
proposed, with low-rank adaptation (LoRA) (Hu et al. 2021)
being one of the most widely used. LoRA reduces the num-
ber of trainable parameters by integrating low-rank matrices
into the model, significantly reducing computational costs.

*These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Fine-tuning LLMs necessitates substantial data volumes
for adaptation to downstream tasks; however, this requisite
data often resides across multiple institutions where privacy
regulations and security protocols prohibit direct data shar-
ing. Federated Learning (FL) facilitates collaborative fine-
tuning without raw data exposure, establishing itself as an
essential paradigm for privacy-preserving adaptation (Bian
et al. 2025a). Nonetheless, existing federated LoRA fine-
tuning methodologies (Zhang et al. 2024; Sun et al. 2024;
Wang et al. 2024c; Bian et al. 2025b) predominantly pre-
suppose a singular global model, neglecting the inherent
data heterogeneity among participating clients. Such a ho-
mogeneous modeling approach frequently yields subopti-
mal performance and introduces fairness disparities, par-
ticularly in real-world deployments where client data ex-
hibits significant variance in volume, domain, and distri-
butional characteristics. While limited research on person-
alized federated LoRA fine-tuning (Hao et al. 2025; Qi
et al. 2024) exists, these approaches primarily address label
heterogeneity cases. However, in realistic LLM fine-tuning
contexts, clients’ learning objectives naturally diverge due to
diverse business imperatives (Yao et al. 2022). Personalized
federated LoRA fine-tuning addressing more realistic task-
heterogeneous scenarios (Yang et al. 2024a) remains insuf-
ficiently investigated in the current literature.

Federated Averaging (FedAvg) (McMahan et al. 2017)
is perhaps the most widely used FL framework, serving
as the foundation for numerous follow-up works that in-
troduce various optimizations. Its core principle is to ag-
gregate locally trained client models into a global model,
which then initializes the next round of local training. Most
personalized FL algorithms (Yang et al. 2024a; Qi et al.
2024; Tan et al. 2022; Deng, Kamani, and Mahdavi 2020;
Collins et al. 2021; Fallah, Mokhtari, and Ozdaglar 2020),
despite their implementation differences, build upon the Fe-
dAvg framework by incorporating personalization mecha-
nisms—and personalized federated LoRA fine-tuning fol-
lows the same paradigm. For example, the recently pro-
posed FedDPA (Yang et al. 2024a) algorithm personalizes
LoRA by introducing both global and local LoRA compo-
nents. The global LoRA component is trained using FedAvg,
while the local LoRA component is trained independently
on each client’s private data. This local adaptation can oc-
cur either after the global LoRA stabilizes or alternatedly
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Task:
Paraphrase Detection
User: Do the following two sentences 
have the same meaning? … 
Response: Yes

Task:
Struct to Text

User: What are the keywords in the 
following sentences? …
Response: [Keywords]

Task:
Conference Resolution

User: Who is he referring to in the 
following sentence? ….
Response: The man

Figure 1: Illustration of FedALT. Instead of directly aggregating local LoRA modules from each client using FedAvg, FedALT
introduces a frozen RoW LoRA component to transmit shared global knowledge while preserving client-specific adaptations
through Individual LoRA. The adaptive mixer dynamically combines the RoW LoRA and Individual LoRA.

with global LoRA training, in which case the final output is
computed as a weighted combination of both components
using a pre-defined weighting factor. However, our moti-
vational study reveals that FedAvg-based approaches may
degrade client-specific performance due to harmful cross-
client interference. We identify two fundamental limitations
of FedAvg-based methods like FedDPA in heterogeneous FL
settings. First, they suffer from harmful cross-client interfer-
ence due to reliance on global aggregation, which can negate
individual client improvements achieved during local fine-
tuning. Second, these methods lack an effective mechanism
for balancing global and local information, relying on fixed
or predefined weighting factors, which can be suboptimal
for clients poorly represented by the global model.

To address these critical limitations, we propose a novel
personalized federated LoRA fine-tuning approach called
FedALT (short for Federated Fine-tuning through Adaptive
Local Training with Rest-of-World LoRA.). Distinctly dif-
ferent from FedAvg-based methods, FedALT does not ag-
gregate local models to initialize training rounds. Instead,
each client continues training on it own previously trained
local models, supplemented by a frozen Rest-of-World
(RoW) LoRA component. The RoW LoRA captures global
knowledge without updating during local training rounds,
thus avoiding interference with client-specific adaptations.
To leverage RoW LoRA effectively, we introduce an adap-
tive mixer, inspired by Mixture-of-Experts (MoE) (Jordan
and Jacobs 1994), which dynamically and optimally com-
bines global and local information for each client’s data sam-
ple. Our contributions are as follows:

• We highlight that personalized federated fine-tuning for

clients with heterogeneous tasks has been insufficiently
explored and identify critical limitations in existing
methods that build upon the FedAvg paradigm.

• We propose FedALT, a novel personalization framework
featuring a frozen RoW LoRA and an adaptive mixer,
effectively addressing these limitations by dynamically
balancing global and local model adaptations.

• We perform comprehensive experiments on two LLMs
(Bloom (Le Scao et al. 2023) and Llama 2 (Touvron et al.
2023b)) using the Flan benchmark (Chung et al. 2024),
demonstrating that FedALT significantly outperforms ex-
isting federated LoRA fine-tuning methods.

Related Work
Parameter-Efficient Fine-Tuning
As the size of LLMs continues to grow, full parameter
fine-tuning has become increasingly computationally and
storage-intensive (Hadi et al. 2023). To address this issue,
Parameter-Efficient Fine-Tuning (PEFT) methods (Ding
et al. 2023; Fu et al. 2023; Han et al. 2024; Liu et al. 2022; Li
and Liang 2021; Lester, Al-Rfou, and Constant 2021) have
been developed to significantly reduce the number of train-
able parameters. PEFT techniques introduce a limited set
of additional trainable parameters to enhance model perfor-
mance while keeping the majority of pre-trained parameters
frozen. Among all existing PEFT methods, the most promi-
nent approach is LoRA (Hu et al. 2021), which employs low-
rank matrices to approximate the pre-trained weight matrix,
updating only the low-rank components. LoRA has became
a standard method for adapting LLMs like Llama under lim-
ited computational resources (Lermen, Rogers-Smith, and
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Ladish 2023). Several works have been proposed to improve
LoRA (Tian et al. 2024; Lermen, Rogers-Smith, and Ladish
2023; Wang et al. 2023; Sheng et al. 2023; Liu et al. 2023).
A recent development, Hydra-LoRA (Tian et al. 2024), em-
ploys an asymmetric structure with a shared matrix for all
samples and distinct matrices for each intrinsic component,
thereby enhancing domain adaptation. While these advance-
ments primarily focus on centralized learning settings, our
work extends the application of PEFT methods to federated
LLM fine-tuning, addressing the unique challenges posed by
distributed and heterogeneous client data.

Federated Learning
The foundational work, FedAvg (McMahan et al. 2017), ad-
dresses privacy and communication efficiency by aggregat-
ing local model to train a shared global model. Since then,
numerous studies (Liu et al. 2025a; Wang et al. 2024b; Yang
et al. 2024b; Liu et al. 2025c; Bian et al. 2024; Zhang et al.
2025; Liu et al. 2025b, 2024) have focused on tackling vari-
ous challenges within FL settings. One of the key challenges
is data heterogeneity, which makes it difficult to train a sin-
gle shared global model that performs well across all clients.
To address this, Personalized Federated Learning (PFL) (Tan
et al. 2022; Deng, Kamani, and Mahdavi 2020; Collins et al.
2021; Fallah, Mokhtari, and Ozdaglar 2020) has emerged as
an approach to adapt the global model to the specific needs
of each client. Most PFL research has focused on addressing
statistical differences in data distributions (e.g., label dis-
tribution skew) and has been applied primarily to smaller,
standard models. In contrast, our work addresses the unique
challenges posed by heterogeneous clients with diverse tasks
by leveraging LLM fine-tuning within the FL framework.

Federated Fine-Tuning
Several studies (Cho et al. 2024; Wang et al. 2024c; Kuang
et al. 2024; Wu et al. 2024) have explored federated fine-
tuning approaches. (Kuang et al. 2024) proposed federated
full parameters fine-tuning, while (Sun et al. 2022) intro-
duced federated fine-tuning with PEFT using prefix-tuning.
(Zhang et al. 2024) was the first study to apply LoRA in a
federated context. (Bai et al. 2024; Cho et al. 2024) focused
on federated fine-tuning where clients have different LoRA
ranks, while (Wang et al. 2024c) proposed strategies for
LoRA initialization to achieve better performance. Another
studies (Bian et al. 2025b; Sun et al. 2024) addressed server
aggregation bias in LoRA-based federated fine-tuning.

The most relevant works to ours focus on personalized
federated fine-tuning with LoRA (Yang et al. 2024a; Qi et al.
2024). FedDPA (Yang et al. 2024a) introduced global and
local LoRA components but sufferd from interference dur-
ing global LoRA training and struggled to balance the two
phases effectively. PF2LoRA (Hao et al. 2025) employed a
bilevel framework to combine a shared adapter with client-
specific adapters but faced interference issues during the ag-
gregation of the shared adapter. FDLoRA (Qi et al. 2024)
utilized personalized LoRA modules to initialize federated
training, combining them with a global LoRA module via
adaptive fusion; however, it relied on server-side datasets

and was prone to interference during global LoRA aggre-
gation, limiting its effectiveness in heterogeneous settings.

Preliminaries and Motivations
Low-Rank Adaptation (LoRA)
Consider a pre-trained model with parameters W0 ∈ Rl×d,
where W0 represents the fixed parameters of the model, and
∆W ∈ Rl×d denotes the trainable update matrix applied
during fine-tuning. Here, d is the input dimension and l is
the output dimension. Instead of updating all elements in
∆W, LoRA decomposes ∆W into two low-rank matrices
A ∈ Rr×d and B ∈ Rl×r, where r ≪ min(d, l). This
decomposition allows the fine-tuning process to focus on
the significantly smaller low-rank matrices A and B instead
of the full matrix ∆W. Consequently, the total number of
trainable parameters is reduced from d× l to r×(d+ l). The
model parameters after fine-tuning are given by:

W = W0 +∆W = W0 +BA, (1)

where A is typically initialized with random Gaussian val-
ues, while B is initialized to zero.

Heterogeneous Federated Fine-Tuning
Assume there are K institutions (clients), each possessing a
distinct local training dataset Dk = {Xk, Yk}, where k in-
dexes a client. In the context of LLM fine-tuning, it is com-
mon for clients to have datasets corresponding to entirely
different tasks (e.g., one client may have data for text sum-
marization, while another client has data for sentiment anal-
ysis), rather than simply exhibiting statistical differences as
in conventional FL.

In this scenario, each client k aims to leverage FL to ex-
tract useful information while fine-tuning a model tailored
to its specific task. The goal is for each client to learn an
individualized fine-tuned model Wk that best fits its local
dataset. The objective can be formulated as:

min
W

1

K

K∑
k=1

Lk(Xk, Yk,Wk), (2)

where Lk(·) represents the loss function for client k, andW
denotes the set of personalized models {Wk}Kk=1.

Motivational Study
Federated fine-tuning operates in highly heterogeneous envi-
ronments where client tasks can differ significantly. To un-
derstand the effects of such heterogeneity, we conducted a
motivational study that highlights both the benefits and chal-
lenges of applying FL in these settings.
Fact 1: FL Can Transfer Useful Knowledge but Also Intro-
duces Harmful Interference.

In FL settings, the data collected by each client can be
highly diverse (Huang, Ye, and Du 2022; Mendieta et al.
2022; Wang et al. 2024a). We conducted a motivational ex-
periment using the Flan dataset (Chung et al. 2024), select-
ing 8 tasks and creating 8 clients, each specializing in a sin-
gle task. To demonstrate potential interference in federated
fine-tuning, we compared two baseline methods. The first
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Figure 2: Motivational study results.

method, FedIT (Zhang et al. 2024), combines FedAvg with
LoRA fine-tuning. The second method is Local Only LoRA
fine-tuning, where each client fine-tunes its LoRA locally
without any communication or information sharing between
clients. The results, shown in fig. 2, support our first ob-
servation. On one hand, federated fine-tuning using FedIT
achieves better performance than local fine-tuning on tasks
Coreference Resolution and Paraphrase Detection, confirm-
ing that FL can enhance learning by enabling clients to ben-
efit from shared knowledge. On the other hand, for tasks
Commonsense Reasoning and Text Classification, FedIT un-
derperforms compared to individual local fine-tuning. This
dual outcome underscores both the promise and the pitfalls
of federated fine-tuning in heterogeneous settings.
Fact 2: FedAvg Paradigm Struggles to Mitigate Interference

Having established the existence of harmful interference,
we next explored potential mitigation strategies. In central-
ized LoRA fine-tuning, HydraLoRA (Tian et al. 2024) found
that splitting a single large LoRA into multiple smaller Lo-
RAs reduces cross-domain interference. However, FL in-
troduces additional challenges, as data domains are dis-
tributed across clients. To test whether multiple smaller Lo-
RAs could mitigate interference in FL, we implemented Fe-
dAvg with multiple parallel LoRAs (i.e. FedIT-split). How-
ever, as shown in fig. 2, its performance remained compara-
ble to FedIT (FedAvg with a single large LoRA), indicating
that interference persisted. This result is expected: in cen-
tralized settings, interference occurs within a shared dataset
and can be mitigated by partitioning LoRAs. In FL, interfer-
ence arises primarily during server aggregation, and simply
introducing multiple LoRAs does not prevent the aggregated
model from disrupting local adaptations. Consequently, di-
rect adaptations of centralized interference-mitigation strate-
gies fail to address the core issue in FL.

Proposed Method: FedALT
Our motivational studies reveal that harmful interference in
FL arises from server aggregation and the use of the aggre-
gated model to initialize subsequent training rounds. In the
FedAvg paradigm, a global LoRA serves as a shared initial-
ization point, allowing clients to fine-tune locally on their re-

spective datasets. After fine-tuning, the updated LoRAs are
averaged on the server and redistributed to clients as the new
initialization. However, when client data differ significantly,
aggregation disrupts individual adaptations, often negating
improvements from local training and hindering personal-
ization. Can cross-client interference be mitigated? The sim-
plest and most direct solution is local fine-tuning using only
a client’s own dataset. This approach eliminates interference
entirely but fails to leverage shared knowledge from other
clients. To address this trade-off, we propose a novel person-
alized federated LoRA fine-tuning algorithm that diverges
from the FedAvg paradigm, prioritizing local training while
selectively integrating useful global information.

Our method introduces two key innovations: 1. Each
client maintains two LoRA modules: an Individual LoRA,
which captures locally learned information and is updated
exclusively during the client’s fine-tuning, and a Rest-of-
World (RoW) LoRA, which aggregates information from
all other clients. Crucially, the RoW LoRA remains fixed
during local fine-tuning, ensuring that aggregation does not
interfere with a client’s adaptation. 2. An adaptive mixer
dynamically learns the optimal input-specific weighting be-
tween the Individual LoRA and RoW LoRA components to
balance personalization and global knowledge integration.
In the following of this section, we detail the design and
functionality of these components. The theoretical conver-
gence analysis is provided in the supplementary material.

Individual and Rest-of-World (RoW) LoRA
Each client k maintains two types of LoRAs: an Individ-
ual LoRA, denoted by AL

k /B
L
k , and a RoW LoRA, denoted

by AR
k /B

R
k . The Individual LoRA captures information ob-

tained locally by the client and is isolated from the infor-
mation of other clients. In contrast, the RoW LoRA repre-
sents the average of the Individual LoRAs from all other
clients and remains frozen during the client’s local fine-
tuning. Specifically, at the end of each round, client k up-
dates its Individual LoRA AL

k /B
L
k through local training.

The RoW LoRA for client k is then computed as:

AR
k =

1

K − 1

∑
m̸=k

AL
m, BR

k =
1

K − 1

∑
m̸=k

BL
m, (3)

After clients upload their local LoRAs to the server, the
server computes the RoW LoRA for each client individually
and distributes it back to them. Alternatively, the server can
calculate the global average of all clients’ individual LoRAs
and distribute this average back to the clients. Each client
then determines its RoW LoRA by subtracting its individual
LoRA from the global average LoRA.

It is crucial to emphasize that the RoW LoRA is not fur-
ther updated on clients using their local datasets. Instead, it
is only updated through averaging at the end of each learn-
ing round. Training the RoW LoRA on local datasets is un-
necessary and potentially counterproductive, as subsequent
averaging could cancel out any improvements. Furthermore,
skipping local training for the RoW LoRA reduces the com-
putational workload on clients by half.
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Dynamic Mixture-of-Experts Mechanism
A natural question arises: why not simply add the RoW
LoRA directly to the pre-trained model, i.e., W0 ←W0 +
BR

k A
R
k , since the RoW LoRA remains fixed during local

training? This approach would allow each client to maintain
only a single Individual LoRA, saving memory space. How-
ever, there are two key reasons why this is not desirable:

1. Potential Contamination of the Pre-trained Model: If
the RoW LoRA underperforms, adding it directly to the
pre-trained model risks contaminating it, making further
corrections difficult.

2. Loss of Flexibility: Directly incorporating the RoW
LoRA enforces a fixed weight, preventing dynamic ad-
justment between the Individual LoRA and shared in-
formation for different inputs. This lack of flexibility is
problematic because different inputs may benefit vari-
ably from the local model versus the globally averaged
model. A “one-size-fits-all” approach often fails to per-
form optimally across diverse inputs.

To address these challenges, we propose a dynamic weight-
ing mechanism for combining the Individual LoRA and the
RoW LoRA, enabling input-specific flexibility. Specifically,
we introduce a mixer to dynamically adjust the contributions
of the two LoRAs for each input. During the forward pass of
each local epoch, the model’s output is computed as:

y = W0x+ αk(x)B
L
kA

L
k x+

(
1− αk(x)

)
BR

k A
R
k x,

where αk(x) determines for client k the contribution weight
of the Individual LoRA, and 1− αk(x) determines the con-
tribution of the RoW LoRA.

Given the complexity of modern LLMs, where LoRA
modules are inserted at multiple layers, learning α(x) is
non-trivial. Inspired by (Jordan and Jacobs 1994), we adopt
a Mixture-of-Experts (MoE) approach to compute α(x).
Specifically, we introduce a mixer Gk ∈ R2×d which is a
dense layer with trainable weights (a transformation matrix),
followed by a softmax function, to learn the weighting:

α(x), 1− α(x) = softmax(Gkx). (4)

Importantly, the MoE mixers are personalized for each
client, tailored to their specific domain tasks, and are not av-
eraged across clients. This personalization ensures that the
weight adjustments reflect each client’s unique data distri-
bution and learning objectives.

Algorithm Workflow
By combining the two LoRA modules (Individual LoRA and
RoW LoRA) with dynamic weights, our proposed method
achieves a balance between leveraging useful information
from other clients and isolating harmful interference. To bet-
ter illustrate the FedALT training process, we provide an
overview of the server and client operations at round t.

Server Side. After local fine-tuning in round t, the
server receives each client k’s Individual LoRA modules
(AL

k /B
L
k ). Upon receiving all clients’ Individual LoRA

modules, the server updates and computes the RoW LoRA
modules for each client k based on eq. (3). After calculating

the RoW LoRA modules for client k, the server broadcasts
these updated RoW LoRA to the respective client.

Client Side. Each client k replaces its current RoW LoRA
modules with the new RoW LoRA modules (AR

k /B
R
k ) re-

ceived from the server. It then begins local fine-tuning for
round t + 1 using its local dataset. During the local fine-
tuning process, the client updates the parameters in its Indi-
vidual LoRA modules (AL

k /B
L
k ) and the mixer Gk, while

the RoW LoRA modules (AR
k /B

R
k ) and the pre-trained

model (W0) remain fixed. Once the local fine-tuning is com-
plete, the updated Individual LoRA is uploaded to the server,
while Gk stays local to the client.

Experiments
Datasets. Our training datasets are derived from Flan
(Chung et al. 2024), a comprehensive benchmark compris-
ing over 60 NLP datasets across more than 12 diverse task
types. To simulate client heterogeneity in the main experi-
ments, we assume 8 clients, each assigned a distinct NLP
task dataset. Detailed descriptions, including task distribu-
tions and client assignments, are provided in supplementary
material.

Pre-trained Model and Baselines. We utilize LLaMA2-
7B (Touvron et al. 2023b) and Bloom-560M (Le Scao et al.
2023) as the pre-trained models for all baseline and pro-
posed fine-tuning methods. To evaluate the performance of
our proposed method, we compare it with the state-of-the-
art methods in federated fine-tuning with LoRA, including
FedIT (Zhang et al. 2024), FFA-LoRA (Sun et al. 2024).
Additionally, we compare it with state-of-the-art methods
focused on personalized federated fine-tuning with LoRA,
such as FedDPA (Yang et al. 2024a), PF2LoRA (Hao et al.
2025), FedSA (Guo et al. 2024), and FDLoRA (Qi et al.
2024). We also include the Local Only baseline, where
clients fine-tune their models independently without feder-
ated collaboration. Detailed descriptions of these baseline
methods are provided in the supplementary material.

Performance Comparisons
We compare the performance of FedALT, with other base-
line methods based on each client’s performance on its spe-
cific test dataset, aligned with its training dataset. As shown
in table 1, which reports the results on LLaMA2-7B pre-
trained models, our proposed method achieves the best over-
all performance compared to all baselines, with the average
score exceeding that of the best-performing baseline, FD-
LoRA, by 2.38. FedALT consistently delivers superior per-
formance across most tasks, outperforming the baselines by
at least 1.61 on the Natural Language Inference task and
2.02 on the Reading Comprehension task. We find that on
the Struct-to-Text, the Local Only method achieves the high-
est performance. This is likely due to the unique nature of
this task, making it difficult to benefit from shared global
knowledge. Furthermore, we observe that FedIT underper-
forms compared to Local Only on four client tasks, indicat-
ing the presence of harmful interference during aggregation.
Personalized federated LoRA fine-tuning methods also fall
short compared to FedALT, likely because they fail to ef-
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Methods Commonsense Coreference Natural Language Paraphrase Reading Sentiment Struct to Text AverageReasoning Resolution Inference Detection Comprehension Analysis Text Classification
LLaMA2-7B

Local 73.83 74.62 58.73 71.00 55.82 46.56 55.14 67.18 62.86
FedIT 72.82 77.14 59.53 72.33 53.35 46.76 49.23 66.39 62.19
FFA-LoRA 66.96 68.48 50.41 69.79 49.69 44.44 43.29 61.15 56.78
FedSA 72.68 78.24 64.46 76.33 54.32 42.71 53.57 65.47 63.47
FedDPA 74.81 81.88 62.92 76.33 55.91 47.86 52.02 65.42 64.64
PF2LoRA 74.13 77.55 64.17 78.33 55.36 48.65 53.44 63.90 64.44
FDLoRA 76.29 75.60 66.12 75.67 57.39 49.85 52.85 67.59 65.17
FedALT 76.12 83.04 67.73 77.80 59.41 51.57 53.12 71.60 67.55

Bloom-560M
Local 52.13 39.20 37.55 62.67 29.45 42.91 41.33 49.99 44.40
FedIT 50.24 40.08 38.51 67.00 27.98 40.34 38.95 51.52 44.33
FFA-LoRA 46.07 35.05 33.57 66.12 25.52 37.13 35.43 44.63 40.44
FedSA 55.79 41.65 41.12 69.33 27.90 43.72 41.27 55.03 46.98
FedDPA 55.43 41.88 41.80 69.80 29.74 41.89 39.54 55.85 46.99
PF2LoRA 54.58 40.16 37.40 70.08 25.78 42.36 37.90 58.67 45.87
FDLoRA 53.65 40.22 37.27 68.89 29.95 42.89 35.39 56.05 45.54
FedALT 56.39 41.27 44.45 70.67 30.62 43.04 39.24 59.03 48.09

Table 1: Performance comparison with baseline methods across different models.
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(b) Impact of dynamic weighting via MOE. The personalized mixer
outperforms fixed or shared weighting.

Figure 3: Ablation studies of FedALT.

fectively isolate harmful interference during the server ag-
gregation step. Despite their designs for local/global LoRA
interaction, these methods update LoRA modules using ag-
gregated global information, which may carry conflicting in-
formation from other clients.

To further evaluate the robustness of our proposed
FedALT, we conduct experiments using the Bloom-560M
model. As shown in table 1, FedALT consistently outper-
forms all baseline methods across the NLP tasks. These
empirical results validate that conventional FedAvg-based

approaches suffer from harmful cross-client parameter in-
terference during aggregation. In contrast, FedALT’s adap-
tive strategy, which balances local specialization and global
knowledge, effectively alleviates this issue. The consistent
performance gains observed with both LLaMA2-7B and
Bloom-560M confirm the generalizability of our approach
across diverse model families and parameter scales.

Ablation Study
Impact of Decoupling LoRA Training. In our proposed
method, only the Individual LoRA modules are updated lo-
cally during client fine-tuning, while the RoW LoRA re-
mains frozen and is updated exclusively through server-side
aggregation. This design mitigates harmful cross-client in-
terference by preventing local updates to the shared global
component. To evaluate the effectiveness of this decoupled
training strategy, we compare FedALT with two alternative
methods. The first baseline, RoW-Update (rank = 4), fine-
tunes both the Individual and RoW LoRA modules locally,
each with a rank of 4 to maintain the same total number
of trainable parameters. The second baseline, RoW-Update
(rank = 8), also fine-tunes both LoRA modules locally, but
assigns a rank of 8 to each, resulting in a higher overall pa-
rameter count. For fair comparison, both baselines use the
dynamic mixer. The key distinction lies in whether the RoW
LoRA is updated locally. As shown in table 2, while the
second method outperforms the first due to its increased ca-
pacity, both alternatives underperform to FedALT. Notably,
even with more trainable parameters, the second method
fails to match FedALT’s performance, highlighting the ben-
efits of decoupling local updates from the global component.

Impact of RoW LoRA To evaluate the impact of using
the RoW LoRA instead of the global average of all Local
LoRAs (which includes each client’s Individual LoRA), we
conduct an experiment. As shown in fig. 3a, leveraging the
RoW LoRA significantly improves performance compared
to using the global average. This result underscores the im-
portance of isolating client-specific information from the ag-
gregated global knowledge.

Impact of Dynamic Weighting via MOE. To enable
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Figure 4: Sensitivity Analyses of FedALT under different training configurations.

Methods Same Trainable Same Inference Avg. Perf.
RoW-Update (rank = 4) ✓ × 63.59
RoW-Update (rank = 8) × ✓ 65.75

FedALT – – 67.55

Table 2: Impact of decoupling LoRA training.

input-specific flexibility, our proposed method adopts a
MOE mechanism to dynamically adjust the contributions of
the Individual LoRA and RoW LoRA for each data sample.
We conduct experiments to evaluate the efficiency of this
dynamic weighting by comparing it to two fixed weight-
ing strategies. In the first fixed strategy, we set the contri-
bution weight to a fixed value of α = 0.5, meaning that
the Individual LoRA and RoW LoRA contribute equally. In
the second fixed strategy, we set the contribution weight to
α = 1/K, where K is the number of clients. The results in
fig. 3b validate that our proposed dynamic weighting mech-
anism outperforms both fixed strategies, demonstrating its
ability to enhance performance. Additionally, our dynamic
weighting is implemented through the personal Gk mixer,
which is maintained locally by each client and is not ag-
gregated during the training process. To further investigate
this design choice, we conducted experiments where Gk

is averaged across clients. The results confirm that retain-
ing a personalized Gk for each client yields optimal per-
formance, emphasizing the importance of input-specific and
client-specific adjustments.

Sensitivity Analysis
Effect of Number of Clients. In our main experiments, we
demonstrated the effectiveness of the proposed method us-
ing 8 clients. Here we extend our evaluation by conduct-
ing additional experiments with 16 and 24 clients, using
BLOOM as the foundation model. For the 16-client set-
ting, we distributed each original dataset from the 8-client
configuration between two clients, resulting in each client
having approximately half the data samples compared to
the 8-client scenario, while maintaining the same 8 dis-
tinct task types across the federation. The results in fig. 4a
show that FedALT consistently maintains its performance
advantage even as the number of clients increases, outper-

forming the strongest baseline by 1.90 at least. Note that
FedALT remains efficient due to its architectural design:
each client maintains only its Individual LoRA and a sin-
gle RoW LoRA, rather than storing separate components for
every other client. Additionally, the server-side computation
of the RoW LoRA remains lightweight, as it involves only
simple averaging operations.

Effect of LoRA Rank. We evaluate the impact of differ-
ent LoRA ranks r ∈ {4, 6, 8} using BLOOM as the pre-
trained model, keeping all other settings consistent with the
main experiment. As shown in fig. 4b, the proposed method
consistently outperforms baseline methods across all rank
values, demonstrating its adaptability and robustness.

Effect of Local Epochs. We investigate the effect of
varying local training epochs (5 and 10), while keeping all
other configurations unchanged. As presented in fig. 4c, our
method outperforms all baselines, further highlighting its ro-
bustness to different local training epochs.

Additional experiments on the effect of data heterogene-
ity can be found in the supplementary material.

Conclusion

In this work, we introduced FedALT, a personalized fed-
erated LoRA fine-tuning framework that departs from
conventional FedAvg paradigms. Our key innovations in-
clude a decoupled training scheme with Individual and
frozen Rest-of-World (RoW) LoRA components that mit-
igates harmful cross-client interference in heterogeneous
settings. Additionally, we introduce an adaptive mixer in-
spired by Mixture-of-Experts that dynamically balances
local and global information on an input-specific basis.
Through comprehensive evaluation across diverse NLP
tasks, FedALT demonstrates superior performance com-
pared to state-of-the-art baselines while maintaining compu-
tational efficiency. Future research directions include inves-
tigating clustering-based approaches for maintaining multi-
ple RoW LoRA components, and extending our framework
to multi-modal foundation models.
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