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A Technical Appendices and Supplementary Material

A.1 Related Works

Federated Learning. Federated learning (FL) enables a distributed set of clients to collaboratively
train a single global model using their local data [25]. The primary challenges in FL are data
heterogeneity and computational heterogeneity induced by the statistical and hardware differences
across clients, respectively. Several works aim to address these challenges by altering either the client
training procedure or the server aggregation algorithm. FedProx [22], SCAFFOLD [18], and FedDyn
[1] add a corrective regularization term to each client’s local objective—whether a proximal penalty
(FedProx), control-variate correction (SCAFFOLD), or dynamic regularizer (FedDyn)—to keep local
updates from drifting too far from the global model, a phenomena more often referred to as “client
drift”. An alternative approach is to adjust the server aggregation scheme to reduce client drift. For
example, FedVARP [47] incorporates historical client updates into the current round’s aggregation
step to reduce the variance caused by partial client participation and heterogeneity. FedExP [48]
varies the server learning rate by using an extrapolation rule that increases the server step size when
consecutive aggregated updates point in similar directions and shrinks it when they diverge.

Parameter-Efficient Fine-Tuning. Recently, many works have adopted the pretrain-then-fine-
tune framework, in which a general-purpose large language model (LLM) is adapted to a smaller
downstream task [10, 29, 44, 46]. The excessive computational cost of fine-tuning LLMs has led to
parameter-efficient fine-tuning (PEFT) methods that fine-tune a fraction of the overall parameters of
the model. Adapter tuning [45], BitFit [41], and low-rank adaptation (LoRA) [15] have emerged as
effective PEFT methods that can significantly reduce the number of parameters while maintaining task
performance. Since its conception, many works have improved upon the initial LoRA formulation in
various ways. Works such as QLoRA [43] and LoftQ [49] quantize the pretrained model weights to
further improve the memory efficiency of LoRA-based fine-tuning. LoRA-XS [5], LoRA-SB [50],
and MoRA [17] introduce an additional LoRA parameter while freezing both the model backbone
and the original LoRA parameters during fine-tuning. HydralLoRA [33], LoORAMOE [11], and MoLE
[51] employ a mixture-of-experts architecture to traditional LoRA-based fine-tuning frameworks.

PEFT Methods for FL. As newer applications look to use on-device data to fine-tune LLMs, PEFT
methods for FL have become increasingly relevant. FedPETuning [52], FedPrompt [53], and FedIT
[39] incorporate adapter tuning, prompt tuning, and LoRA into federated frameworks, respectively.
More recently, methods like FFA-LoRA [32], FedEx-LoRA [30], Fed-SB [31], and RoLoRA [42]
optimize LoRA in homogeneous-compute FL by addressing the inexactness in LoRA aggregation
caused by separately averaging the B and A parameters. An orthogonal direction is explored by works
such as HetLoRA [8], FlexLoRA [4], and FLoRA [36] that address computational heterogeneity
in LoRA-based FL fine-tuning by allowing clients to train LoRA parameters with different ranks.
However, an examination of cross-device fine-tuning remains limited in this context as methods like
FLoRA have communication costs that scale linearly with the number of clients and communication
rounds, making fine-tuning particularly difficult in large-scale FL systems. The goal of RAVAN is to
design a PEFT method for FL that addresses data and computational heterogeneity, while scaling
effectively to cross-device settings with a large number of clients and communication rounds. In this
way, we overcome shortcomings in prior works and enable resource-aware fine-tuning.

A.2 Broader Impacts

RAVAN enables accurate, efficient fine-tuning in a federated setting. While RAVAN has not yet been
integrated into a real-world FL system, we identify two potential impacts of utilizing RAVAN:

* Edge Data for LLM Fine-Tuning: RAVAN provides an opportunity for LLMs to utilize the data
collected by edge devices. As edge applications become increasingly critical, capitalizing on these
specialized datasets can make these applications more effective without forfeiting data locality.

* Efficiency and Improved Performance: LLM fine-tuning is an expensive, energy-consuming
procedure. RAVAN improves the efficiency of the process while retaining performance. Applied to
realistic FL training regimes, RAVAN addresses some of these prior concerns.

RAVAN should be implemented with safeguards to prevent misuse, privacy leaks, and harmful content.
While RAVAN does not exacerbate these issues, they remain concerns in LLM usage more broadly.
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521 A.3 Experimental Settings

s22  Hyperparameters and Optimization Details. In this section, we highlight hyperparameter choices
523 used in our experiments that were not discussed in Section 4. These descriptions, in addition to the
s24 provided code, should aid in the reproducibility of the stated results.

Table 7: FL hyperparameter settings used for each model-dataset pair.

Model/Dataset
ViT-B-16/CIFAR-100  ViT-B-16/SVHN  T5-Base/20 Newsgroups T5-Base/MRQA LLaMA3.2-1B/GLUE
Batch Size 32 32 32 32 16
Max Sequence Length - - 256 256 128
Local Iterations 50 50 50 50 50
Communication Rounds 50 50 100 20 20
Total Epochs (per round) 1 1 1 1 1

525 For RAVAN and each baseline, we run a learning rate hyperparameter sweep across the values
s26  {be—5, le—5, Be—4, le—4, 5e—3, le—3, 5e—2, le—2, 5e—2} and choose the most performant
527 learning to represent in our results. Table 8 represents the optimal choices for each baseline in all
528 settings. The following results each use the ADAM optimizer with momentum set to 0.9.

Table 8: Optimal learning rate configurations for all baselines.

(a) Lower parameter budget / LI.D. clients.

Model/Dataset
Method  ViT-B-16/CIFAR-100 ViT-B-16/SVHN T5-Base/20 Newsgroups T5-Base/MRQA LLaMA3.2-1B/GLUE
FedIT 5x1073 1x1073 1x1073 1x1073 1x10~%
FedEx-LoRA 1x1073 1x1073 1x1072 1x1073 1x107%
FFA-LoRA 1x1072 1x1072 1x1072 5x1073 1x1073
Fed-SB 1x1073 5x1073 5x1073 1x1073 1x10™%
RAVAN 5x107% 5x1074 5x1074 1x107% 5x107°

(b) Higher parameter budget / L.L.D. clients.

Model/Dataset
Method ViT-B-16/CIFAR-100 ViT-B-16/SVHN T5-Base/20 Newsgroups T5-Base/MRQA LLaMA3.2-1B/GLUE
FedIT 5x1073 1x1073 1x1073 5x1074 1x107*
FedEx-LoRA 1x1073 1x1073 1x1073 5x1074 1x107%
FFA-LoRA 1x1072 1x1072 1x1072 1x1072 1x1073
Fed-SB 1x1073 1x1073 5x1073 5x1074 1x107*
RAVAN 5x1074 5x1074 1x1074 1x107% 5x107°

(c) Lower parameter budget / non-1.I.D. clients.

Model/Dataset
Method ViT-B-16/CIFAR-100 ViT-B-16/SVHN T5-Base/20 Newsgroups T5-Base/MRQA
FedIT 5%x1073 1x1073 1x1073 1x1073
FedEx-LoRA 1x1073 1x1073 1x1073 1x1073
FFA-LoRA 1x1072 1x 10—[2 1x 10—[2 5x1073
Fed-SB 5x107% 5x1073 1x1073 5x107*
RAVAN 5x107% 5x107* 5x107* 1x10™4

(d) Higher parameter budget / non-1.1.D. clients.

Model/Dataset
Method ViT-B-16/CIFAR-100 ViT-B-16/SVHN T5-Base/20 Newsgroups T5-Base/MRQA
FedIT 5x1073 1x1072 1x1073 5x107*
FedEx-LoRA 1x1073 5x107* 1x1073 5x107*
FFA-LoRA 1x1072 1x1072 1x1072 5x1073
Fed-SB 5x10~4 1x1073 1x1073 5x10~4
RAVAN 5x10~4 5x104 1x10~* 1x10~*
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Baseline Descriptions. We provide details for each of the baselines used in our experiments. We
highlight how each baseline initializes, trains, and communicates the individual LoRA parameters.

« FedIT: FedIT initializes the LoRA parameters with B() = 0 and A”) ~ A/(0, 62). In communi-
cation round t, each client ¢ € C) locally trains the LoRA parameters resulting in local parameters

Bgt), Agt). After communicating these parameters back to the central server, the server performs
the following aggregation to generate the new global model:

1 1
(t+1) _ E (®) (t+1) _— E ’ (®)
B = cO)] B/, A = cO] A ©)
cec® ceC®

* FedEx-LoRA: FedEx-LoRA initializes the LoRA parameters with B =0and A ~ N (0,02).
In communication round ¢, each client ¢ € C®) locally trains the LoORA parameters resulting in

local parameters Bff), Ag). To address the exact aggregation issue, the server updates both the
global LoRA parameters as well as the model backbone:

1
(t+1) _ (1) (t+1) _
B = o > BY, A =
cec® ceC(®)
) (10)
(t+1) _ (t) (t) ) _ B® . (t)
W =W+ |Ct)| Z Ac |C(t| Z c |Ct)| Z
cec(®) ceC(®) cec(®)

While this ensures exact updates in every round, the updated model backbone WD also has to
be communicated from the central server, increasing the communication overhead of the procedure.

* FFA-LoRA: FFA-LoRA initializes the LoORA parameters with B”) = 0 and A ~ N(0,02).
However, the A parameter remains frozen at initialization and is never locally trained by the clients
and communicated throughout the procedure. Thus, the only update throughout training is the
update to the LoORA B parameter:

i+ — ! > BY (11)

t
|C( ) ‘ ceC®)

* Fed-SB: Fed-SB uses three LoRA parameters which, for the sake of consistency with prior notation,
we call B € R¥™™" H € R"™", A € R"*?. The weight update is reparameterized as BHA. To
initialize the LoRA parameters, Fed-SB performs an initial round of full-parameter fine-tuning to
obtain a full-parameter weight update AWy,;;. The weight update is decomposed using SVD to
get AWy = USV'. B, H, and A are then initialized as B = U[:,1: 7], HO = 21 :r,1: 7],
A =VT[l:7:]. Band A are frozen at initialization, so the only update is the following:

HOD = L > HY (12)

(t)
|C ‘ ceCc(®)

* FlexLoRA: FlexLoRA allows each client ¢ € C(*) to train LoRA parameters with client-specific
ranks r.. To aggregate the LoRA parameters, the server performs SVD on ﬁ Y oecc® Bg) Aff) =

UXV . To redistribute the LoORA parameters back to the clients, the central server sends each
client ¢ € C**+1) the following LoRA parameters:

BEHU =U[,l:7r]3[1:7e1:7], A£t+1) =V [1:7,:] (13)

* HetLoRA: Let 7, be the highest rank supported by any client. Each client pads its local
parameters to this common shape (with zeros in the unused columns and rows) before upload, so
aggregation is still dimensionally consistent. The server weights the individual LoRA parameters
based on their relative Frobenius norms:

S(t)
SO = BOAYIr, 0 =
2 cecw Se (14)
t+1) Z p(t)B(t A(t+1) _ Z pgt)A((f),
cec® cec®

The server then truncates the new global LoRA parameters B and A+ for each client
ceCltt) so that BUHY = BV [ 1: ] and AT = ACHD [1: 4, 1],
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Figure 5: Fraction of clients assigned to each trainable parameter budget in each distribution.
Skewed-left is omitted because it is never used in our experiments.

Computational Heterogeneity Setup. To emulate computational heterogeneity in our FL setup,
we vary the number of trainable parameters at each client. Let V,,,,, denote the largest number of
trainable parameters that any client can afford. Each client c is constrained to a trainable parameter
budget N € {1, 3,2, 1} Niax. This value is held constant throughout the FL procedure to mirror
fixed hardware limits. N, simply determines the trainable parameter budget per-client; all other
hyperparameters are identical to the compute-homogeneous experiments. The bar plot in Figure 5
provides a visual summary of the client mix. Uniform serves as a neutral baseline where there is
an equal proportion of clients at every trainable parameter budget; bell-shaped concentrates clients
around medium ranks, reflecting the case where most devices have moderate capability; skewed-right
stresses the system by placing a large share of the population at the lowest rank, leaving only a small
fraction of high-capacity contributors. HetLoRA, FlexLoRA, and RAVAN each accommodate clients
with different trainable-parameter budgets in distinct ways:

* HetLoRA and FlexLoRA: The LoRA rank for each client cis 7, = L(NC / Niax) rmaXJ where
Tmax 1S the maximum rank trained by any client. Since the number of trainable parameters scales
linearly with the rank, this scaling ensures that every client keeps its update within the allotted
budget N, while allowing higher-capacity devices to contribute proportionally higher-rank updates.

* RAVAN: RAVAN uses H LoRA heads per weight matrix. A client with budget N, fine-tunes only
L(NC / Niax) - H J heads and leaves the remaining heads frozen (e.g. for N, = iNmaX the client
trains one quarter of the heads).

Table 9: Layers equipped with LoRA adapters in each model backbone.

Model LoRA Target Modules
ViT-B-16 query, value

T5-Base SelfAttention.q, SelfAttention.v
LLaMA3.2-1B q_proj, v_proj

LoRA Implementation Details. For every model backbone, we insert LoORA adapters only in the
self-attention projection matrices. The exact parameters for which we apply LoRA are described in
Table 9. All other parameters are frozen and do not have associated LoRA parameters.

Compute Details and Cluster Description. All experiments were executed on a GPU cluster
managed by SLURM. Each training job used a single NVIDIA V100 32GB GPU with 256 GB RAM.
Our environment used Pytorch 2.5.1 and Huggingface 4.47.1 for all experiments. With this setup,
each experimental run took ~1 GPU hour with ViT-B-16 for both CIFAR-100 and SVHN, ~2 GPU
hours with T5-Base for 20 Newsgroups, ~3 GPU hours with T5-Base for MRQA, and ~2 GPU hours
with LLaMA3.2-1B for each GLUE subtask. All baselines were trained with identical hardware,
batch sizes, optimizers, and communication rounds to ensure fair comparison.
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Figure 6: Impact of computational heterogeneity on baselines and RAVAN across four datasets. Each
row shows a single dataset (left: lower parameter budget, right: higher parameter budget). All settings
match the descriptions from Section 4.

Computational Heterogeneity Experiments. We evaluate all methods with 20 non-L.L.D. clients
whose usable parameter budgets are drawn from three distributions. Across vision and language tasks,
RAVAN’s variants consistently outperform the competing LoRA baselines. These results underscore
RAVAN’s robustness to computational heterogeneity across different tasks and parameter budgets.
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Table 10: LoRA ranks under lower vs. higher parameter budgets.

Method Lower Budget Higher Budget
FedIT 32 64
FedEx-LoRA 32 64
FFA-LoRA 64 128
Fed-SB 221 313
RAVAN 110 156

Table 11: Accuracy comparison on GLUE benchmark with LLaMA3.2-1B.

(a) 20 clients / lower parameter budget

Method MNLI-MM MNLI-M QNLI QQP SST-2 RTE Average
FedIT 84.24 84.62 82.74 8596 94.61 65.70 82.97
FedEx-LoRA 84.15 84.70 82.74 86.07 94.61 65.34 82.94
FFA-LoRA 85.05 85.78 82.07 84.40 94.38 62.46 82.36
Fed-SB 84.88 85.23 82.84 84.23 9495 67.15 83.21
RAVAN 85.24 85.65 84.00 86.11 95.18 67.15 83.90

(b) 20 clients / higher parameter budget

Method MNLI-MM MNLI-M QNLI QQP SST-2 RTE Average
FedIT 83.74 83.24 87.72 85.60 9530 68.95 84.09
FedEx-LoRA 83.95 83.41 87.79 85.65 95.41 70.04 84.38
FFA-LoRA 85.27 84.69 89.561 87.10 95.18 68.23 85.00
Fed-SB 85.85 84.76 89.53 86.09 94.95 66.79 84.66
RAVAN 86.20 85.34 90.35 87.22 95.18 70.04 85.72

(c) 50 clients / lower parameter budget

Method MNLI-MM MNLI-M QNLI QQP SST-2 RTE Average
FedIT 84.22 84.24 87.53 85.87 94.61 61.73 83.03
FedEx-LoRA 84.25 84.15 87.77 85.81 94.61 62.09 83.11
FFA-LoRA 85.92 85.05 89.33 8740 9530 60.29 83.88
Fed-SB 85.71 84.65 88.05 86.08 94.15 64.98 83.94
RAVAN 86.03 85.53 88.91 86.95 9541 62.09 84.15

(d) 50 clients / higher parameter budget

Method MNLI-MM MNLI-M QNLI QQP SST-2 RTE Average
FedIT 84.66 84.26 88.38 85.87 95.18  63.58 83.66
FedEx-LoRA 84.74 84.02 88.50 85.82 9541 58.12 82.77
FFA-LoRA 85.35 84.64 87.21 87.20 94.50 61.37 83.38
Fed-SB 85.91 85.24 87.68 86.30 93.58 67.15 84.31
RAVAN 86.17 85.35 88.87 87.39 9587 64.62 84.71

LLaMA Experiments. In these experiments, we use the same hyperparameter settings described
in Section 4 but vary the number of total clients and the the ranks of each baseline. Across all four
GLUE configurations, RAVAN consistently matches or exceeds the performance of the strongest
PEFT baselines using LLaMA3.2-1B (see Table 11). Additionally, while other PEFT baselines vary
in performance across settings, RAVAN’s performance remains consistent in all configurations. This
suggests that RAVAN maintains robust performance, demonstrating its ability to scale effectively to
larger models and diverse FL scenarios.
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Figure 7: FL training curves for CIFAR-100 and SVHN for all benchmarks.

Training Curves. Figure 7 displays the training curves for the various PEFT benchmarks on
CIFAR100 and SVHN using a varying number of L.I.D. clients and trainable parameter budgets. In
comparison to the other PEFT methods, RAVAN converges faster and to a better overall performance,
suggesting that it requires fewer communication rounds to reach optimal performance.
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