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Part I: Introduction

] Today’s Large Models

NLP’s Moore’s Law: Every year model size increases by 10x
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Part I: Introduction

B The Chinchilla Law

® Hoffmann et al. from the DeepMind team proposed

chinchilla's law in 2022 [1], which models the " 800

relationship between model performance and two 200

main factors: model size (IN'), and data size (D). .
The researchers obtained a fitting formula as follows ‘ 5002_
[ 400 -
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Fig: The landscape of Chinchilla law.

The data size plays an important role in the performance of LLM.

[1] Hoffmann, Jordan, et al. "Training compute-optimal large language models." arXiv preprint arXiv:2203.15556 (2022).
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art [: Introduction

[] Privacy Concerns
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® Valuable data may exist only on the client side, which may contain sensitive information.

® How can we accomplish model training or fine—tuning while ensuring user privacy?
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Part I: Introduction

B Federated Learning

® Federated learning was first proposed by Google in 2017 to address privacy concerns [1].

Training Process

> Cloud distribute initialized global model.

> Each client conducts training using their local datasets.

> Each client uploads trained local model to cloud for

aggregation.

> Cloud distribute aggregated model.

Client 0 Client 1 Client N-1 Client N

> Repeat step 2-4 until converge.

Fig: The training process of federated learning

[1] McMahan, Brendan, et al. "Communication-efficient learning of deep networks from decentralized data." Artificial intelligence and statistics. PMLR, 2017.
2025-10-17 J. Shen



Part I: Introduction

® The computational resources of users’ personal devices do not match the growing model sizes to

accommodate large models for federated training.

B The involved clients have limited resources
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Fig: Current personal devices’ resource Fig: Current LLMs’ size
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Part I: Intorduction

B PEFT methods can reduce resource requirements

Decoder <= = === === —1 Decoder

/ -~ i\- -~ e éi}— O A wide variety of PEFT methods
VPT
[ i J o o have emerged, which can
e ] § Ry effectively reduce the number of
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T (b) Adapter Tuning (¢) Prompt Tuning (d) Side Tuning the COmputational OVGrhead'
" 0 While most PEFT methods
Clj Bl B, ) )

Attention I 4 prlmarlly target parameter
@K] B[ v \%/ Pretraned : efficiency, they still incur
( A= @O0 significant memory overhead
] — ] i ) . durlng training because the model
(a) Unified View of PEFT Methods (e) Prefix Tuning (f) Reparameter Tuning parameters St]ll need to be fully

loaded into the GPU.

Fig: The detailed architecture of various PEFT methods. [1]

® Is PEFT methods can perfectly handle this issue?

[1] Xin, Yi, et al. "Parameter-efficient fine-tuning for pre-trained vision models: A survey." arXiv preprint arXiv:2402.02242 (2024).
2025-10-17 J. Shen 9



Part I: Intorduction

B Data Heterogeneity

® Data heterogeneity leads to poor convergence and may cause clients with important data to

drop out of training. .
t+1

Important Data e
1
IID data ; Non-1ID data 0,
| O
egﬂ 0% /
9% ' 0 01 ¥ 0111
et—léi; Oatﬁ"(}l 01 41N0a’ug
027 o+l : ; t+1
Lo F1 gf \

bird deer frog  ship
Client 1 | &
Client 2 g

Fig: Non-IID data Fig: Important data absence
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Part I: Introduction

B PEFT methods is vulnerable to data heterogeneity

O The impact of client data distribution on the
performance of full fine-tunjng vs. PEFT. While

heterogeneity has an adverse effect on both of

T

Increased Gap them, parameter efficient methods are more

vulnerable and experience more accuracy drop

in more heterogeneous settings.[1]

Test Accuracy

* Full Fine Tune

<> Parameter Efficient Training

>

Data Heterogeneity

Can we mitigate client resource cost while maintain model’s performance?

[1] Babakniya, Sara, et al. "SLoRA: Federated parameter efficient fine-tuning of language models." arXiv preprint arXiv:2308.06522 (2023).
2025-10-17 J. Shen 11



Part I: Introduction

B Client Heterogeneity

® The clients in the FL system may differ significantly in terms of computational capability and
battery level.

Initialization Local Training Aggregation

Fig: Straggler effect Fig: Client dropout
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Part II: Methodology

B Architecture
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Part II: Methodology

B Round Initialization: Layer Sampling

The server selects the layers to be trained in the current round for each client .

¢ Importance-based Sampling Method
® The importance score of a single parameter

The importance of a parameter can be quantified by the error induced or remove it [1].
2
T = (F(D,0)—F(D,0O |g, —0))

To reduce the complexity, we approximate Jpp; in the vicinity of O by its first-order Taylor expansion

I';(v%) (@) — (gmgm)2

[1] Molchanov, Pavlo, et al. "Importance estimation for neural network pruning." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2019.
2025-10-17 J. Shen 15



Part II: Methodology

B Round Initialization: Layer Sampling

The server selects the layers to be trained in the current round for each client.

¢ Importance-based Sampling Method

® The importance score of a layer

By summing the importance scores of the parameters within the layer, we can obtain the importance of each layer.

~ 71 _ 1 . 2 Sampli
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Part II: Methodology

B Round Initialization: Model Compression

The server compresses unselected layers to reduce resource consumption.

Edistill — (]- — a)Ehidden_state + O5-Eattention_matrix = (1 — a)MSE(Hta -HS) + aKL(At: As)
Compression by Knowledge Distillation

for knowledge distillation.
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Part II: Methodology

M ] ocal Training

Each client updates some of the layers with the help of the compressed model.
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Part II: Methodology

[] Training Process: Aggregation

The server aggregates models in a layer—wise manner to form a parameter—complete model

Client Model 1 | q“%

T | ; | During model aggregation
4 | : +
| +: | i o 1. The server aggregates the received layer updates.

Client Model 2 '.’ " | 2. Parameters are aggregated by layer and a weighted
L : | o average is applied to each layer separately.
e +
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Part IV: Evaluation

Setup

B Performance of LEFF

® Dataset: NLU (GLUE Benchmark: CoLA, MRPC, MNLI, etc); NLG (E2E NLG Challenge).

® Model: DeBERTaV3 Base (for NLU tasks); GPT-2 Medium (for NLG tasks).

® Baselines: FedAvg (Full-parameter fine-tuning); FedBitFit (Fine-tunes only bias terms); FedLoRA (Parameter-efficient method using low-rank
updates); SLoRA (An improved version of FedLoRA).

o Implementations: Data is partitioned among clients using a Dirichlet distribution with parameter alpha.

@ LCffect of Data Heterogeneity @ ECffect of Client Scale
0.85 o—o _______3;‘_;3_-_-_-_;.—_-.:.:&-3 Number of Clients
o 0-80° ./:/; m T 8 16 24 32 40
S 0.75{  [¥" z™ CoLA 61.51 5021 44.87 3560 31.26
Iy 70"
ﬁ 0.70 1 i ¥ —e— FedAvg SST-2 9430 93.77 93.15 9230 91.38
= g L e dBitAL MRPC 8282 77.38 7144 6838 64.38
©0.651%/ STS-B  86.84 8590 85.12 80.39 79.35
o £ = FedLoRA QQP 8835 87.32 86.76 86.32 86.00
& 0.607 +/ -+ SLORA MNLI 8820 88.07 87.57 87.36 86.52
| LEFF QNLI 91.79 91.09 90.45 89.45 89.20
0.557 &
x| , : RTE  60.01 5933 57.16 5271 50.90
-1 0 1
10 10 10 Average 81.73 79.13 77.07 7406 7237

Dirichlet Alpha

® Better performance in data heterogeneous scenarios.

2025-10-17

® Good adaptability in different client scales.
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Part IV: Evaluation

. Performance Of LEFF Model Algorithm Trainable Params Peak Memory (GB)
GPT2 FedAvg 85,056,000 3.358
GPT2 FedLoRA 811,008 2.476
‘ Computation Resource Overhead GPT?2 FedBitFit 102,144 2 206
GPT2 LEFF 7,089,408 1.719
Model Algorithm Trainable Params Peak Memory (GB) GPT2 SLoRA 811,008 2 476
DeBERTaV3-Base FedAvg 85,648,130 3.841 GPT2-Large FedAvg 708,390,400 15.548
DeBERTaV3-Base FedLoRA 1,340,930 2.644 GPT2-Large FedLoRA  4.055,040 9.739
DeBERTaV3-Base FedBitFit 102,914 2.198 GPT2-Large FedBitFit 508,160 8318
DeBERTaV3-Base LEFF 7,681,538 2.136 GPT2-Large LEEF 19.680,000 3240
DeBERTaV3-Base SLoRA 1,340,930 2.644 GPT2-Large SLORA 4,055,040 9.739
DeBERTaV3-Large FedAvg 303,363,074 8.361 Llamia3 1588 FedAvg 0OOM 0O0M
UeBEhJaVelarge Fedlolth 20BiS/e0 G060 Llama-3.1-88  FedLoRA 20,971,520 46.868
DeBERTaV3-Large FedBitFit 272,386 5.488 Llamiaz 1588 FedBitFit  No Bias No Bias
DeBERTaV3-Large LEFF 13,649,922 3.005 Llama2 1588 LEEF 743,452,672 29 881
LeBeiniatange Stoliy 2380076 5060 Llama-3.1-88  SLORA 20,971,520 46.868

® Jower GPU memory overhead.

2025-10-17 J. Shen 22



Part IV: Evaluation

B Performance of LEFF

@ LCffect of Different Compression Ratio € Ablation Study of Sampling Method
0.8300 2.40
g 0.8275 1 - 2 35 E
L% 0.8250 1 —2.30 8
W
L 0.8225 4 =225 4y $
=) bt
el N o)
G 0.8200 1 - 2.20 LW O
T, Q wn
oy 0.8175 -2.15 O
2 © B |mportance
@ G880 B % mmm Round Robin
< 0.8125 - L 2.05 == Random
0.8100 - - 2.00 .
0.2 0.5 0.8 CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE
Compression Ratio
® The larger the compression ratio, the better the training results, but ® The importance sampling approach has better performance
it leads to higher computational resource overhead. compared to the baseline approaches.
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Part V:Conclusion

B Summary

1. We introduced LEFF, a novel framework for efficient federated fine-tuning of LLMs.
2. LEFF effectively balances computational efficiency with model performance by using selective layer-wise fine-tuning.
3. Itis robust to both data and system heterogeneity, making it practical for real-world edge environments.

4. Theoretical analysis guarantees convergence, and empirical results show performance comparable to tull fine-tuning.

B [ imitations and Future Work

1. Efficiency-Fide]jty Trade-off: The approximation error from compression can create a performance ceiling.
2. Server-side Load: LEFF shifts some complexity (importance calculation, compression) to the server.

3. Future Directions: Explore more advanced adaptive compression strategies and optimize server-side operations.
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