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Abstract

Federated fine-tuning of foundation models is
impeded by the need to communicate billions
of parameters. Low-rank adaptation (LoRA) al-
leviates this by updating only compact adapter
matrices. However, varying client device capa-
bilities lead to different adapter ranks, causing
rank heterogeneity that undermines aggrega-
tion, and existing reconciliation methods still
incur bias or inefficiency. To address this
challenge, we propose RB-LoRA, a principled
rank-balanced aggregation framework that de-
composes each update into rank-wise compo-
nents and aligns them using analytically de-
rived weights. Experiments on both language
and vision models demonstrate consistent im-
provements under one and three rounds of com-
munication in federated learning.1

1 Introduction

Foundation models have achieved state-of-the-art
performance across a wide spectrum of
tasks (Brown et al., 2020). However, the
massive scale of modern foundation mod-
els introduces substantial computational and
communication overhead, thereby rendering
full-parameter updates impractical in federated
learning (FL) environments (Wu et al., 2025b). To
mitigate this bottleneck arising from deploying
foundation models in FL, parameter-efficient
fine-tuning (PEFT) techniques have been studied
extensively (Houlsby et al., 2019; Pfeiffer et al.,
2021; Zaken et al., 2022); among these, federated
Low-rank adaptation (LoRA) has gained promi-
nence by freezing pretrained weights and updating
only low-rank adapters (Hu et al., 2022; Dettmers
et al., 2023; Cai et al., 2023; Cho et al., 2024).

In federated LoRA, clients retain raw data locally
and transmit only the gradients of their low-rank

*Corresponding author.
1Code: https://github.com/seonha01/rb-lora/

adapters, thereby preserving privacy and substan-
tially reducing communication costs (Wu et al.,
2025a). Despite these advantages, clients in prac-
tice often adopt different adapter ranks according
to their computational capacities (Cho et al., 2024).
This leads to rank heterogeneity, where client up-
dates reside in distinct low-dimensional subspaces.
Since these subspaces differ in both dimension and
orientation, optimization for aggregating heteroge-
neous updates remains an open problem. Exist-
ing methods attempt to mitigate rank heterogeneity
through zero-padding (Cho et al., 2024), replica-
tion (Byun and Lee, 2025), and stacking (Wang
et al., 2024a). However, these methods rely on
heuristic designs without analytical justification.
As a result, they may unintentionally prioritize
high-rank clients with small local datasets or under-
weight low-rank clients with large datasets, thereby
degrading overall performance.

To address these limitations, we present RB-
LoRA, a principled framework that formu-
lates rank-balanced aggregation as a weighted-
alignment optimization. By decomposing adapter
updates in a rank-wise manner and deriving ag-
gregation weights based on both rank and relative
dataset size, RB-LoRA subsumes prior heuristic
approaches and balances contributions from clients
with disparate ranks.

Our contributions can be summarized as fol-
lows:
• We propose a unified weighted alignment frame-

work for heterogeneous rank aggregation, which
subsumes prior approaches.

• We develop a factorized weighting scheme
grounded in data volume and rank rarity, pro-
viding analytical justification beyond heuristics.

• We validate our approach on federated LoRA for
both LLMs and vision transformers.

2 Preliminaries
LoRA. LoRA injects trainable low-rank adapters
into linear layers of a pretrained model, freezing
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Figure 1: Overview of RB-LoRA

the original weights (Hu et al., 2022). Given a
weight matrix W0 ∈ Rd×d, LoRA represents it as

W = W0 +BA, (1)

where B ∈ Rd×r, A ∈ Rr×d. This reduces the
number of trainable parameters from d2 to 2dr.

Federated LoRA. In the federated setting, each
of the K clients fine-tunes and transmits to the
server only its adapter (B(k), A(k)). The server
aggregates the low-rank updates as

∆Wagg =

(
1

K

∑

k

B(k)

)(
1

K

∑

k

A(k)

)
, (2)

yielding the global adapter ∆Wagg, which serves as
a unified LoRA module that reconciles information
from all clients to improve generalization.

Rank Heterogeneity. In the federated LoRA set-
ting, each client k selects its adapter rank rk based
on local capability, resulting in adapter matrices
B(k) ∈ Rd×rk , A(k) ∈ Rrk×d of various ranks. Be-
cause rk can differ across clients, directly averag-
ing the low-rank updates B(k)A(k) is ill-posed. In
what follows, we introduce three existing methods
to reconcile these mismatched adapters.

Zero-Padding. (HETLoRA) A straightforward
method is to pad smaller adapters with zeros so
that all clients share the maximum rank across par-
ticipants. This approach is simple and efficient
but the inserted zeros dilute signals from high-rank
clients—who possess richer representational capac-
ity—biasing the global update toward lower-rank
components (Cho et al., 2024).

Replication. Another method is to replicate ex-
isting adapter components until each client reaches
the maximum rank. This avoids the dilution prob-
lem of zero entries and preserves all nonzero com-
ponents, but it relies on a binary division of clients
into high- and low-rank groups. Extending it to
richer rank distributions is non-trivial, and the
method often overemphasizes contributions from
high-rank clients (Byun and Lee, 2025).

Stacking. (FLoRA) Stacking concatenates all
client adapters along the rank dimension, preserv-
ing every client-specific direction. While this re-
covers the centralized update form, the resulting
adapter rank grows to the sum of all local ranks,
which is typically much larger than the maximum
individual rank. Controlling this growth requires re-
peated rank reduction, adding significant overhead
and undermining LoRA’s parameter-efficiency ben-
efits (Wang et al., 2024a).

Sketching. (FSLoRA) A related line of work ad-
dresses device heterogeneity through a sketching-
based formulation, where each client activates only
a subset of rank components using a diagonal se-
lection matrix. Rather than explicitly reconciling
adapters of different ranks, this approach controls
the active subspace per client, implicitly induc-
ing heterogeneity-aware updates. While effective
for reducing computation and communication, the
sketching operation performs a binary selection
over rank components (Fang et al., 2025).

Discussion. Each aggregation method introduces
its own bias and inefficiency, making direct com-
parisons challenging. Zero-padding enforces com-
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patibility but dilutes signals from high-rank clients;
replication preserves non-zero entries but assumes
a binary split between high- and low-rank clients;
stacking retains every client-specific direction but
causes uncontrolled rank growth and costly com-
pression. According to FedAvg (McMahan et al.,
2017), client updates should be weighted by local
dataset size to compensate for data heterogeneity,
yet existing studies do not account for this. These
limitations motivate a unified framework that treats
rank and data heterogeneity consistently—an ob-
jective we pursue in Section 3.

3 Proposed RB-LoRA Framework

Rank-Wise Decomposition. Our RB-LoRA
framework begins with a rank-wise decomposition
of each client’s LoRA update ∆W (k). Specifically,
∆W (k) can be expressed as a sum of rk rank-one
matrices, each formed as the outer product of two
basis vectors:

∆W (k) =

rk∑

r=1

b(k)
r a(k)r

⊤
, (3)

where b
(k)
r ,a

(k)
r ∈ Rd×1 are the rth column of

B(k) and row of A(k), respectively.
Generalized Aggregation Representation. To
unify heterogeneous LoRA updates, we align the
two rank-rk matrices B(k) ∈ Rd×rk and A(k) ∈
Rrk×d to a common rank R = maxk rk via zero-
padding:

P (k) =

[
Irk

0(R−rk)×rk

]
∈ RR×rk , (4)

B̃(k) = B(k)P (k)⊤ ∈ Rd×R, (5)

Ã(k) = P (k)A(k) ∈ RR×d. (6)

We then stack these aligned factors across clients
to form B̃ = [B̃(1), . . . , B̃(K)] and Ã =
[Ã(1); . . . ; Ã(K)]. Accordingly, we formulate the
aggregated update as

∆Wagg = B̃ W Ã,

where W ∈ RKR×KR encodes the weighting and
alignment of client updates.

Unified Framework for the Existing Methods.
Our RB-LoRA framework provides a unified for-
mulation in which each prior method corresponds
to a specific choice of the weighting matrix W .
• Zero-Padding. For client k, let B(k) ∈ Rd×rk

and A(k) ∈ Rrk×d, with local rank rk and R =

maxk rk. The original zero-padding scheme ex-
tends each adapter to R by appending zeros:

B(k)
zp =

[
B(k)∥0

]
, A(k)

zp

⊤
=
[
A(k)⊤∥0

]
. (7)

In our unified framework, this corresponds to

Wzp = diag(1R×R, . . . ,1R×R︸ ︷︷ ︸
K times

). (8)

• Replication. Suppose B(k) has b
(k)
1 , · · · ,b(k)

rk

and A(k) has (a
(k)
1 )⊤, · · · , (a(k)rk )⊤. The repli-

cation method fills the missing dimensions by
duplicating existing components:

B(k)
rep =

[
B(k)∥b(high)

rk+1 , · · · ,b(high)
R

]
, (9)

A(k)
rep

⊤
=
[
A(k)⊤∥a(high)rk+1

⊤
· · ·a(high)R

⊤]
. (10)

Within our framework, this is expressed as

Wrep = diag(C
(1)
R×R, . . . ,C

(K)
R×R), (11)

C(k) = diag(γ
(k)
1 , . . . , γ

(k)
R ) · 1R×R, (12)

or equivalently

∆Wrep =
K∑

k=1

R∑

r=1

γ(k)r b(k)
r a(k)r

⊤
, (13)

where γ
(k)
r ∈ {1, 2} indicates whether a compo-

nent is replicated.
This reformulation suggests that allowing γ

(k)
r to

vary continuously—rather than being restricted
to {1, 2}—could yield more flexible and effective
aggregation.

• Stacking. Stacking concatenates all client
adapters along the rank dimension:

Bstack =
[
B(1)∥ · · · ∥B(K)

]
, (14)

Astack
⊤ =

[
A(1)⊤∥ · · · ∥A(K)⊤], (15)

∆Wagg = BstackAstack. (16)

In the unified framework, this is equivalent to
simply setting Wstack = IKR.

• Sketching. A sketching-based method activates
a subset of rank components via a diagonal selec-
tion matrix. In our framework, this corresponds
to a block-diagonal weighting matrix

Wsk = diag
(
S(1), . . . ,S(K)

)
, (17)

S(k) = diag(s
(k)
1 , . . . , s

(k)
R ). (18)
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Uniform HETLoRA Weighted HETLoRA FLoRA RB-LoRA
Dataset 1-Shot 3-Shot 1-Shot 3-Shot 1-Shot 3-Shot 1-Shot 3-Shot
Dolly 0.53 0.51 0.54 0.52 0.26 0.26 0.57 0.57
Alpaca 0.52 0.52 0.51 0.52 0.31 0.31 0.54 0.54

Table 1: MMLU accuracy evaluated on a 1,444-question subset under 1- and 3-shot communication settings on
LLaMa3-8b.

Method Common Avg. Advanced Avg.
Uniform HETLoRA 0.70 0.58
Weighted HETLoRA 0.70 0.58
FLoRA 0.35 0.17
RB-LoRA 0.71 0.59

Table 2: Comparison of zero-shot accuracy on grouped
benchmarks on LLaMa3-8b.

Proposed Aggregation Method. According to
FedAvg (McMahan et al., 2017), client contribu-
tions in federated learning should scale with local
dataset size. Continuous weighting of rank com-
ponents provides maximal flexibility, but directly
optimizing these weights for deep networks is in-
tractable. We therefore construct weights from two
factors—client data volume and rank rarity:

γ(k)r = αk βr, (19)

αk =
|D(k)|

∑K
j=1 |D(j)|

, (20)

βr =
|D1|
|Dr|

, (21)

where |D(k)| is the number of examples held by
client k, and |Dr| is the total data of all clients with
adapter rank at least r. This weighting scheme is
not merely heuristic but a principled formulation
that unifies prior reconciliation methods under a
single framework; further derivation and justifica-
tion are provided in Appendix A.

Projection. In the rank-heterogeneous setting,
aggregating client adapters yields a global update
whose effective rank is R = maxk rk. To proceed
to the next round, each client k must receive an
adapter with its own rank rk. We therefore project
Wagg onto a rank-rk subspace using the SVD-
based procedure of FlexLoRA (Bai et al., 2024): if
Wagg = UΣV ⊤, we set W (k)

proj = U1:rkΣ1:rkV
⊤
1:rk

.

4 Experimental Setup

We evaluate RB-LoRA on language and vision
models, with detailed settings in Appendix C.

Method #Params/round Complexity
Uniform HETLoRA 1.00× O(d2KR)
Weighted HETLoRA 1.00× O(d2KR)
FLoRA 1.57× O(dK2R2)
RB-LoRA 1.00× O(d2KR)

Table 3: The number of transmitted parameters and the
computational complexity of each method.

Model and Datasets. We use the LLaMA2 (Tou-
vron et al., 2023) as our base model. All experi-
ments are conducted on Alpaca and Dolly (Taori
et al., 2023; Databricks, 2023). The dataset is dis-
tributed across 10 simulated clients with non-IID
splits, ranging from 500 to 5,000 examples per
client. Details of the test datasets used for zero-shot
reasoning evaluation are provided in Appendix F.
While some prior studies assume a larger client
population, the number of participants per round
is typically limited to a small number of clients
through client selection. We employ full partici-
pation with 10 clients to focus exclusively on the
aggregation procedure.

LoRA Configuration. We attach LoRA adapters
only to the query and key projection layers of
the frozen base model. All clients share identical
LoRA hyperparameters, and the adapter rank r for
each client is selected from {4, 16, 64, 128, 256}
independently of dataset size. While prior
work (Zhang et al., 2023b) explored adaptive rank
allocation, our focus is orthogonal.

Aggregation Methods. We evaluate our RB-
LoRA against three baseline—Uniform HET-
LoRA, Weighted HETLoRA, and FLoRA. FedIT
framework provides a standardized FL fine-tuning
setup ensuring consistent dataset partition and
adapter placement (Zhang et al., 2024, 2023a). For
fairness, we focused on baselines that concentrate
solely on the aggregation procedure.

5 Results

We report the main evaluation results of RB-LoRA
on language models. Results on vision transform-
ers are presented in Appendix B. Rank allocation
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analysis is provided in Appendix E, and scaling
to larger client populations is discussed in Ap-
pendix D. Additional experiments, including zero-
shot reasoning as well as evaluations on other
datasets and models, are reported in Appendix F.

As shown in Table 1, RB-LoRA consistently out-
performs all baselines in both one-shot and three-
shot settings, confirming the effectiveness of our
weighting scheme in reconciling heterogeneous lo-
cal updates. In contrast, FLoRA exhibits a marked
drop in accuracy, as its aggregated LoRA module
grows excessively in rank and the subsequent pro-
jection to each client’s local rank causes notable
information loss.

Table 2 reports zero-shot accuracy across
grouped benchmarks. We separate results into com-
mon and advanced task groups, where RB-LoRA
achieves consistently higher accuracy than other
HETLoRA-based methods, demonstrating stronger
generalization under heterogeneous client condi-
tions.

Table 3 compares the number of transmitted pa-
rameters and the computational complexity of each
method. FLoRA uses about 1.57× more global pa-
rameters and incurs higher aggregation complexity
as the number of clients increases. Nonetheless,
RB-LoRA achieves a better trade-off between ac-
curacy and efficiency.

6 Conclusion

RB-LoRA introduces a rank-balanced aggregation
framework that decomposes LoRA updates into
rank-wise components and aligns with analytic
weights, correcting rank heterogeneity. Experi-
ments on language and vision models demonstrate
consistent accuracy gains.

Limitations

Although RB-LoRA delivers strong empirical re-
sults, its closed-form weighting remains a heuristic
rather than an optimal solution for the aggregation
matrix W ; end-to-end optimization or learning of
these weights could further improve performance.
In addition, our evaluation covers only a small set
of language and vision benchmarks, and broader
experimentation is required to validate the general-
ity of our approach.
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A Proposed Aggregation Method

Weighting design and motivation. Selecting
(α, β) inevitably involves heuristic choices; how-
ever, our design is grounded in the theoretical for-
mulation of RB-LoRA. It directly follows from the
weighted-alignment perspective, extending stan-
dard FedAvg arguments and rank-reconciliation
principles. The resulting weighting rule is

w(k)
r = αkβr.

Data proportionality. We define

αk =
|D(k)|∑
k′ |D(k′)|

following the FedAvg rule, ensuring statistically
efficient aggregation within each rank group.

Rank-wise fairness. In LoRA, updates are de-
composed into rank components. Without cor-
rection, rank-r decompositions contribute propor-
tionally more components than lower-rank ones,
causing imbalance. Equivalently, under naïve av-
eraging, recurrent low-rank directions are over-
weighted; βr compensates for this bias. Requiring
equalized rank contribution,

∑

k∈K
αkβr = c ∀r,

yields

βr =
|D1|
|Dr|

.

Figure 2: Top-1 accuracy over communication rounds
for different aggregation methods on the Food-101
dataset using ViT backbone

Thus, w(k)
r ensures both dataset-proportional effi-

ciency (via α) and fairness across rank components
(via β). It reduces to FedAvg when all clients share
the same rank. While not claiming formal optimal-
ity, this closed-form instantiation is theoretically
motivated, yields consistent practical gains, and
highlights the value of reinterpreting LoRA aggre-
gation through a unified weighting perspective.

Additional derivation for clarity. Why αk

matches centralized training:

F (w) =
1

∑K
j=1 |D(j)|

K∑

k=1

|D(k)|Fk(w),

∇F (wt) =
K∑

k=1

|D(k)|
∑K

j=1 |D(j)|
︸ ︷︷ ︸

αk

∇Fk(wt).

This exactly matches the centralized gradient step
(for gradients or sufficiently small local updates).

B Ablation on Vision Transformers

Model and Datasets. We extend our evaluation
to visual classification by fine-tuning a vision trans-
former (Vaswani et al., 2017) backbone (pretrained
on ImageNet) with LoRA adapters. To demonstrate
modality-agnostic robustness, we conduct experi-
ments on the Food-101 benchmark.

LoRA Configuration. For each sampled dataset,
we partition the training set across four client
groups, assigning adapter ranks of 2, 4, 8, and
16—together covering roughly 0.021% to 0.172%
of the model’s parameters. Clients perform local
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updates and aggregation for ten communication
rounds, using the same hyperparameters (learning
rate, batch size, etc.) as in our language-model
experiments.

Results (Ablation Comparison). These experi-
ments serve as a complete ablation across weight-
ing components: Uniform HETLoRA (no α, β),
Weighted HETLoRA (α-only), Extended Replica-
tion (β-only), and RB-LoRA (full αβ). As shown
in Figure 2, RB-LoRA consistently accelerates
convergence and improves final top-1 accuracy.
Its linear communication and computation scal-
ing—as opposed to the quadratic blow-up of stack-
ing—enables efficient federated fine-tuning even
on high-resolution or medical-image tasks.

C Experimental Setting

We describe additional implementation details used
in the experiments reported in Section 4.

Training Setup. Each client trains with a local
batch size of 32 and a micro batch size of 16. We
use stochastic gradient descent (SGD) as the op-
timizer with a local learning rate of 0.0003 and
apply linear learning rate decay. Training is per-
formed for one local epoch per communication
round. LoRA adapters are inserted into the query
and value projection layers, with LoRA alpha set to
16 and dropout rate set to 0.05. Clients train on in-
puts only, without label supervision, and sequence
length grouping is disabled.

Communication Setup. We conduct up to
three communication rounds for each aggregation
method. After each round, clients transmit their
adapted parameters to the server for aggregation.
While recent work suggests that a single communi-
cation round can suffice for federated fine-tuning
of foundation models (Wang et al., 2024b), we
evaluate up to three rounds to investigate how per-
formance evolves with additional communication.

Hardware. All experiments are run on a machine
equipped with four NVIDIA RTX 6000 Ada Gen-
eration GPUs, each with 48 GB of memory.

Evaluation Metrics. For evaluation, we use the
MMLU benchmark (Hendrycks et al., 2020). We
also measure perplexity (PPL) on WikiText-2 (Mer-
ity et al., 2016) and PTB (Marcus et al., 1993).

D Scaling to Larger Client Populations

To investigate scalability, we further increased the
number of clients to 50. For this setting, we
adopted the UltraChat dataset (Ding et al., 2023),
which provides sufficient scale to support a larger
federated configuration. Table 5 presents zero-shot
reasoning accuracy and perplexity results under
this large-client setup. RB-LoRA remains stable in
this more challenging environment, highlighting its
ability to handle both rank heterogeneity and larger
client populations effectively.

E Rank Allocation Analysis

To examine whether the proposed aggregation
mechanism of RB-LoRA operates orthogonally to
rank allocation strategies, we conduct an additional
study comparing two rank assignment schemes. In
the first setting, the local rank rk is allocated in pro-
portion to the dataset size of each client—clients
with more local data are assigned larger ranks, re-
flecting their greater contribution potential. In the
second setting, ranks are randomly assigned re-
gardless of dataset size. As shown in Table 4,
RB-LoRA achieves comparable performance un-
der both schemes, indicating that its aggregation
principle remains robust and orthogonal to specific
rank allocation policies.

F Additional Experimental Results

In this section, we provide supplementary experi-
ments to further validate the effectiveness of RB-
LoRA under diverse evaluation settings. We ex-
tend our analysis along two directions: (i) addi-
tional datasets for zero-shot reasoning and perplex-
ity evaluation, and (ii) rank allocation analysis to
test orthogonality.

F.1 Zero-Shot Reasoning and Perplexity

We evaluate zero-shot reasoning and language
modeling performance to assess the generaliza-
tion ability of RB-LoRA. For zero-shot rea-
soning evaluation, we employ a diverse set of
benchmarks consisting of common tasks (ARC-E,
BoolQ, HellaSwag, OpenBookQA, PIQA, Wino-
grad) and advanced tasks (ARC-C, BBH, SciQ,
MathQA) (Clark et al., 2018, 2019; Zellers et al.,
2019; Mihaylov et al., 2018; Bisk et al., 2020;
Levesque et al., 2012; Suzgun et al., 2022; Welbl
et al., 2017; Amini et al., 2019). We additionally
measure perplexity (PPL) on WikiText-2 (Merity
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Uniform HETLoRA Weighted HETLoRA FLoRA RB-LoRA
MMLU (prop.) 30.37 33.78 25.34 35.52
MMLU (Rand.) 30.32 34.72 27.40 38.82
Common Avg. (prop.) 0.65 0.66 0.33 0.66
Common Avg. (Rand.) 0.66 0.66 0.39 0.67
Advanced Avg. (prop.) 0.50 0.51 0.17 0.52
Advanced Avg. (Rand.) 0.50 0.51 0.16 0.52

Table 4: Comparison of rank allocation strategies under a 10-client federated setup on LLaMa2-7b.

Uniform HETLoRA Weighted HETLoRA FLoRA RB-LoRA
PPL(Wikitext-2) 6.23 6.23 9111224306.69 6.32
PPL(PTB) 22.12 22.05 2817261908.48 21.74
ARC-E 0.71 0.71 0.25 0.69
BoolQ 0.76 0.76 0.30 0.73
HellaSwag 0.70 0.70 0.31 0.70
OpenBookQA 0.28 0.28 0.14 0.33
PIQA 0.79 0.80 0.46 0.78
Winogrande 0.69 0.69 0.44 0.72
Common Avg. 0.66 0.66 0.32 0.66
ARC-C 0.42 0.43 0.26 0.44
BBH 0.39 0.39 0.00 0.39
SciQ 0.93 0.93 0.18 0.95
MathQA 0.25 0.26 0.18 0.27
Advanced Avg. 0.50 0.51 0.16 0.52

Table 5: Perplexity (PPL) and zero-shot accuracy for various LoRA aggregation methods, fine-tuned on the
UltraChat dataset with a 50-client federated setup on LLaMa2-7b.

Uniform HETLoRA Weighted HETLoRA FLoRA RB-LoRA
PPL(Wikitext-2) 7.29 7.29 3204986725.18 7.46
PPL(PTB) 11.74 11.72 9612003644.05 11.89
ARC-E 0.82 0.82 0.25 0.81
BoolQ 0.79 0.80 0.37 0.79
HellaSwag 0.68 0.68 0.34 0.69
OpenBookQA 0.31 0.30 0.13 0.38
PIQA 0.82 0.82 0.45 0.81
Winogrande 0.76 0.75 0.53 0.75
Common Avg. 0.70 0.70 0.35 0.71
ARC-C 0.43 0.43 0.25 0.50
BBH 0.62 0.62 0.00 0.62
SciQ 0.96 0.96 0.22 0.96
MathQA 0.31 0.32 0.20 0.29
Advanced Avg. 0.58 0.58 0.17 0.59

Table 6: Perplexity (PPL) and zero-shot accuracy for various LoRA aggregation methods, fine-tuned on the Dolly
dataset with a 10-client federated setup on LLaMa3-8b.

et al., 2016) and PTB (Marcus et al., 1993). Ta-
bles 6, 7, 8 and 9 summarize the results. Overall,
RB-LoRA achieves comparable perplexity to exist-
ing aggregation schemes while yielding consistent

improvements in zero-shot accuracy across both
common and advanced benchmarks, confirming its
stronger generalization under heterogeneous client
conditions.
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Uniform HETLoRA Weighted HETLoRA FLoRA RB-LoRA
Dataset 1-Shot 3-Shot 1-Shot 3-Shot 1-Shot 3-Shot 1-Shot 3-Shot
Alpaca 0.31 0.30 0.34 0.35 0.27 0.27 0.39 0.39
Dolly 0.30 0.30 0.30 0.30 0.25 0.25 0.35 0.35

Table 7: MMLU accuracy evaluated on a 1,444-question subset under 1- and 3-shot communication settings.

Uniform HETLoRA Weighted HETLoRA FLoRA RB-LoRA
PPL(Wikitext-2) 6.24 6.29 58764.19 6.53
PPL(PTB) 22.11 21.95 63830.71 22.19
ARC-E 0.71 0.70 0.21 0.70
BoolQ 0.76 0.73 0.67 0.75
HellaSwag 0.70 0.71 0.30 0.70
OpenBookQA 0.28 0.33 0.14 0.36
PIQA 0.80 0.80 0.49 0.80
Winogrande 0.70 0.69 0.50 0.71
Common Avg. 0.66 0.66 0.39 0.67
ARC-C 0.43 0.43 0.24 0.44
BBH 0.39 0.39 0.00 0.39
SciQ 0.93 0.94 0.21 0.94
MathQA 0.26 0.27 0.19 0.30
Advanced Avg. 0.50 0.51 0.16 0.52

Table 8: Perplexity (PPL) and zero-shot accuracy for various LoRA aggregation methods, fine-tuned on the Alpaca
dataset with a 10-client federated setup on LLaMa2-7b.

Uniform HETLoRA Weighted HETLoRA FLoRA RB-LoRA
PPL(Wikitext-2) 6.23 6.23 9111224306.69 6.32
PPL(PTB) 22.12 22.05 2817261908.48 21.74
ARC-E 0.71 0.72 0.20 0.74
BoolQ 0.76 0.76 0.30 0.78
HellaSwag 0.70 0.69 0.30 0.70
OpenBookQA 0.28 0.29 0.12 0.32
PIQA 0.78 0.79 0.48 0.79
Winogrande 0.70 0.69 0.47 0.73
Common Avg. 0.66 0.66 0.31 0.68
ARC-C 0.42 0.43 0.25 0.44
BBH 0.40 0.40 0.00 0.40
SciQ 0.93 0.93 0.19 0.93
MathQA 0.26 0.26 0.25 0.27
Advanced Avg. 0.50 0.50 0.17 0.51

Table 9: Perplexity (PPL) and zero-shot accuracy for various LoRA aggregation methods, fine-tuned on the Dolly
dataset with a 10-client federated setup on LLaMa2-7b.
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