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- Introduction

B Background

Federated Learning (FL) can coordinate numerous loT devices to train large
models collaboratively and provide intelligent services and applications. However,
large models' training requires significant memory and data, which creates
challenges for resource-constrained loT devices.

. (Challenge 1. Devices have limited storage |
' capacity and heterogeneous local dataset.
.- Fresh data overwrites outdated data, which | '

—-— - === leads to catastrophic forgetting. J-

1 Challen e 2. Devices with llmlted i
¥ ' data collection capacity and energy
, cannot collect enough data for large
' models’ training, which leads to
2. data scarcity and exacerbates
\ \catastrophlc forgetting. o
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- Introduction

B Background

To collect more training data, existing methods generate data for training.
However, due to catastrophic forgetting, the discriminators may forget outdated
data's characteristics, which undermines the stability of the generative network's
training.
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Good training of
the generator requires
first overcoming
catastrophic forgetting. y
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Introduction

B Background

Furthermore, Introducing Knowledge Distillation into FL to extract and combine
characteristics from both fresh and outdated data can effectively guide local training
and mitigate catastrophic forgetting.
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Guide local training

. Knowledge
: Distillation Mitigate catastrophic
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- Introduction

B Background

Existing Knowledge Distillation methods use fixed distillation temperatures
across different devices, which ignores that fixed distillation temperatures cannot
match the heterogeneous data distributions on devices. This leads to poor
distillation performance and fails to mitigate catastrophic forgetting.

_— t / Challenge 3. Fixed distillation
| temperatures cannot match the |
- ; heterogeneous data distributions |
; on different devices. :
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" Introduction

B Optimization object
Dynamically adjust distillation temperatures for devices based on the

heterogeneous data distribution to overcome catastrophic forgetting and stabilize
the generator's training.

B Goal

Improve distillation performance, mitigate catastrophic forgetting and stabilize
the generator's training.



" Approach: FedFKD

Federated Fine-tuning Adaptive Aggregation via
Knowledge Distillation (FedFKD).
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" Approach: DP-FedAGS

(1) Adjusting Distillation Temperature and Decoupled Distillation
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" Approach

(2) Model Weighted Aggregation and Integration
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" Approach

(3) Data Generator

The goal of G is to generate data that is
similar to the real data distribution.
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Approach

FedFKD :

Algorithm 1: FedFKD

Imput: N, T, E, M, r, 3, 0, wgiv, WBN
Output: Global model w
1 Initial w° and we

2 begin

3 for each training round t =1,2,3,...,T do o ~.

4 for device cy, in parallel do ’ A
5 Save global model w'™! and wi « w'™? J_'_ k
6 wi ClientU&tate(wk,Dk) :

7 z = Generate(w :

8 k(%) = Var(s (wk,fc)) : .

9 end : Generate training data

10 ak(fc)l—ak( z)/ 31 0k (%)
i w' = §Zk | o (z)wy,

o
m s s F s o o E B § s o § o

13 | Send w' to devices

14 else

15 | Send w! =w' = L 3™ w'™™" to devices : :

16 end E Model integration

17 end N e
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19 end



Approach

FedFKD

20 function ClientUpdate(wy,, Dy)

21 begin
22 for local epoch e =1,...,r do
23 for batch b € B do
24 T, = T]s(w}, [Dk]bﬂ
25 Ly = EDeD(('wka[ ] )[Dk] b) +
Bﬁﬂegular wk—s Dk b
26 — B em0 21 VL
27 end
28 end
29 return w;, to server
30 end
31 function Generate(w' ™)
32 begin
33 Input noise z ~ N (0, 1) and wg <
34 Gener :
35 Update wg by ming Log + waivLdiv + WBNLBN el Gl !
36 return T N J

37 end N e o L _-



Experiment

Dataset

Target Model

Dataset & CIFAR-10

2 convolutional layers
CIFAR-100 and 2 fully connected layers

Tiny-ImageNet ResNet-18

Value

10/100
50

Parameter

Clients

Batch size
Parameter

Settings Learning rate

0.1 for devices, 0.01 for generator

200
1.0, 6 = 01, Wyijy = 1, WegN = 01, M

Training round

I =

5



Non-lID _ .
Dirichlet function Dir (o) o = {0,05, 0.5, 1}

 FedAvg
 FedCurv
* FedProx
 FedProxGAN

« Global model accuracy Acc,
Metrics

« Global model training loss Lossg




Experiment

(1) Global model accuracy s

GLOBAL MODEL ACCURACY Accg OF DIFFERENT TRAINING METHODS (%)

Method CIFAR-10 CIFAR-100 Tiny-ImageNet Average
Dir(0.05) Dir(0.5) Dir(l) Dir(0.05) Dir(0.5) Dir(l) Dir(0.05) Dir(0.5) Dir(1)
FedAvg 35.13 66.97 73.25 31.31 37.32 38.62 13.62 16.93 17.70 36.76
FedCurv 34.51 67.34 72.82 30.85 35.99 39.16 14.26 1'7.97 19.62 36.95
FedProx 38.16 63.98 62.65 32.13 32.10 35.70 16.73 18.17 21.57 35.69
FedProxGAN - 69.73 74.38 35,53 40.23 43.31 20.11 23.15 26.43 41.58
FedFKD (Ours) 43.96 71.70 74.65 36.90 42.50 42.56 21.24 24.72 28.36 42.95




Training Loss

Experiment

FedAvg
FedCurv
FedProx
FedFKD(Ours)
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(a) CIFAR —10, a=0.05

(2) Global model training loss
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(e) CIFAR —100, «=0.5

Training Loss

Training Loss
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(¢) CIFAR —10, a=1
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(f) CIFAR —100, a =1

Training Loss
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© Conclusion

Conclusion

» In each training round, FedFKD utilizes aggregated global model to aid the generator’s training.

» FedFKD dynamically assigns aggregation weights to guide the global model to update in the

optimal direction.

» FedFKD builds an adaptive distillation temperature-aware mechanism to adjust distillation

temperatures for each device dynamically.

Future Work

» Convergence analysis of FedFKD.
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