
Federated Semi-Supervised Learning (FSSL)



Introduction

• Objective of FSSL 
The objective of FSSL is to optimize a model under the non-independent and identically distributed 
(Non-IID) data sets.

• Challenges of FSSL 
distributed data and privacy protection

• Broadly three lines of FSSL methods
1) there are only limited labeled data in the central server 
2) each client has partially labeled data
3) few clients have fully labeled data and the training datasets in other clients are fully unlabeled



Class Balanced Adaptive Pseudo Labeling for Federated Semi-
Supervised Learning

CVPR 2023



Method——CBAFed
Step 1) Warm up stage: train fully supervised models on only labeled clients using residual 
weight connection in a normal federated learning manner.



Method——CBAFed
Step 2) The central server computes the empirical class distribution and obtains the class 
balanced adaptive thresholds, then passes them to local clients.
Step 3) All local clients update local models, adaptive threshold and class distribution.
Labeled clients: train local models on all the data using proposed residual weight connection.
Unlabeled clients: acquire the fixed training set by the threshold and the tail class datasets, and 
train local models on the newly obtained training dataset.



Method——CBAFed

Step 4) The central server aggregates a new model with residual weight connection, computes 
the class distribution, and obtains the class balanced adaptive threshold. Then, the central 
server passes them to local clients.
Step 5) Repeat step (3)-(4) until the specified number of communication round is reached.



Method——CBAFed

• Residual Weight Connection
In ResNet, there is a skip connection between every layer.
There is a skip connection of model’s parameters between training epochs (or communication rounds).

Averaging model weights over training steps tends to produce a more accurate model than using the 
final weights directly.

• Pseudo Labeling Methods
warm up:                                                                         fixed pseudo labeling:

pseudo labeling



Method——CBAFed

• Class Balanced Adaptive Threshold for Pseudo Labeling（CBAPL）
Setting a fixed threshold usually makes the model fail to consider different learning status and learning 
difficulties of different classes.
• Curriculum Pseudo Labeling

Due to the Non-IID partition, the labeled data are not balanced, so purely using the number of selected 
unlabeled data to design threshold is improper.                

Introduce many noisy labels into training
• CBAPL



Method——CBAFed

• Class Balanced Adaptive Threshold for Pseudo Labeling（CBAPL）
empirical distribution                          • upper bound of threshold

standard deviation                               fixed pseudo label training dataset

threshold of class c

• lower bound of threshold



Method——CBAFed

• Discovery of Unlabeled Data from Tail Classes
For warm up stage in labeled clients, it is similar to long-tailed classification, so the problems in long-
tailed classification will also exist in our pseudo labeling process : models tend to classify tail (rare) 
classes as head (common) classes

mask function

analyze the second largest confidence score

misclassfied data



Method——CBAFed

• Aggregation of local models



Experiments

local training epoch ： 11 (labeled client) / 1 (unlabeled client)
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FedCD: Federated Semi-Supervised Learning
with Class Awareness Balance via Dual Teachers

AAAI 2024
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Method——FedCD

• Problem Setting 

• Dual Teacher Distillation 



Method——FedCD

• Class Awareness Balance 

Exploit Confdent Classes

Identify Unreliable Samples Recalibrate Loss Function
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Exploring One-Shot Semi-supervised Federated Learning
with Pre-trained Diffusion Models

AAAI 2024
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Method——FedDISC

• Prototype Extraction 

• Pseudo Labeling                                            

• Feature Processing 

noise-adding process



Method——FedDISC

• Image Generation 

conditional probability distribution of the  sample s

final predicted noise

fine-tune a classifcation model
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Towards Unbiased Training in Federated Open-world Semi-
supervised Learning
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Method——FedoSSL

• Problem Definition
FedoSSL:

• Inconsistent data distribution on different
clients raises another new problem: some unseen 
classes may exist in more than one client, resulting in 
biased training among different unseen classes

• More fine-grained definition on unseen classes:
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Method——FedoSSL

Two typical forms of unsupervisied loss      :
1) pseudo-labels 
2) consistency regularization
fail to classify seen classes and unseen classes

Based on ORCA and NACH, use pairwise 
objective as unsupervised loss on unlabeled 
data:



Method——FedoSSL

two main challenges:
a) locally unseen classes may be learned 
faster than globally unseen classes
existing unsupervised pairwise loss treats 
each class equally → a big bias on pseudo-
label generation

b) both labeled data and unlabeled data are 
required to feed into the same model classifier
→ generated cluster/class id heterogeneous 
among different clients

The overall objective consists of three parts:
1) fundamental semi-supervised loss for all data; 
2) an uncertainty-aware regularization loss to reduce the training gap among locally
unseen and globally unseen classes; 
3) a calibration loss to achieve efficient model aggregation



Method——FedoSSL

UNCERTAINTY-AWARE LOSS

CALIBRATION MODULE

corresponding cluster assignments computed by 
matching representations with global centroids



Experiments

O:ORCA
N:NACH
Fed-A:FedAvg
Fed-R:FedRep
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Thanks


