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Introduction

  Background
Federated Learning (FL) can coordinate numerous IoT 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 IoT devices.



Introduction

  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However, due to catastrophic forgetting, the discriminators may forget outdated 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. 

Generator
Good training of

the generator requires 
first overcoming 

catastrophic forgetting.



Introduction

  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characteristics from both fresh and outdated data can effectively guide local training 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.

Knowledge 
Distillation

Guide local training

Mitigate catastrophic 
forgetting



Introduction

  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.



Introduction

  Optimization object

Dynamically adjust distillation temperatures for devices based on the 
heterogeneous data distribution to overcome catastrophic forgetting and stabilize 
the generator's training.

  Goal
  

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



Approach: FedFKD 

Federated Fine-tuning Adaptive Aggregation via 
Knowledge Distillation (FedFKD). 

1. Global model delivery. 

2. Decoupled distillation 
and local training. 

3. Upload parameters. 

4. Global aggregation and 
model integration. 

5. Generate data.



Approach: DP-FedAGS 

: The Logits vector output

: the b-th mini-batch of data

: the standard deviation function

(1) Adjusting Distillation Temperature and Decoupled Distillation



Approach

(2) Model Weighted Aggregation and Integration

Aggregation weight Model aggregation Model integration



Approach

(3) Data Generator

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



Approach

FedFKD 

Local training

Generate training data

Model weighted aggregation

Model integration



Approach

FedFKD 

Decoupled Distillation

Local model update

Calculate the distillation 
temperature

update generator

Generate training data



Dataset & 
Model

Experiment

Dataset Target Model 

CIFAR-10 2 convolutional layers 
and 2 fully connected layersCIFAR-100

Tiny-ImageNet ResNet-18

Parameter 
Settings

mINK

Parameter Value

Clients 10/100

Batch size 50

Learning rate 0.1 for devices, 0.01 for generator

Training round 200

Others � = 1.0,  � = 0.1,  �푑�� = 1,  �퐵� = 0.1,  ℳ
= 5



Baselines

Experiment

• FedAvg
• FedCurv
• FedProx
• FedProxGAN

mINK

Metrics
• Global model accuracy

• Global model training loss

Non-IID 
datasets Dirichlet function



Experiment

(1) Global model accuracy

aa



Experiment

(2) Global model training loss

aa

The minimum training loss
Unstable training

Unstable training

Unstable training

The gap increases The gap increases

The minimum training loss
Unstable training

Unstable training

Unstable training

The gap increases The gap increases

The minimum training loss
Unstable training

Unstable training

Unstable training

The gap increases The gap increases



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.



At Last

Thanks for your attention!


