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Background

Federated Learning (FL)

FL can improve model’s performance
while protecting users’ privacy.



Background

Semi-supervised learning (SSL)

Semi-supervised learning can 
learn knowledge from unlabeled 
data without high labeling cost.



Related work

FedAvg
(McMahan et al.,2016)

classic FL algorithm requires many communication rounds to train an effective global 
model.

FedProx
(Li et al.,2020)

adjusts the local training procedure to pull back local models from global model.

Federated Learning



Related work

UDA
(Xie et al., 2019)

use two sets of augmentations, weak and strong, and enforce consistency between the 
weakly and strongly augmented examples.

FixMatch
(Sohn et al., 2020)

in addition to enforcing consistency between weak-strong augmented pairs, performs 
pseudo-label refinement on model predictions via thresholding.

Semi-supervised learning



Motivation

Defect in FL
A common limitation is that they only consider supervised learning settings, where the 
local private data is fully labeled. Yet, the assumption that all of the data examples may 
include sophisticate annotations is not realistic for real-world applications.



Motivation

Defects in FL + SSL simply

This leads them to practical problems of federated learning with deficiency of labels, 
namely Federated Semi-Supervised Learning (FSSL).  

A naive solution to these scenarios is to simply perform Semi-Supervised Learning 
(SSL) using any off-the-shelf methods (e.g. FixMatch (Sohn et al., 2020), UDA (Xie 
et al., 2019)). 

This solution has defects:
• does not fully exploit the knowledge of the multiple models trained on 

heterogeneous data distributions;
• conventional semi-supervised learning approaches are not applicable for 

scenarios where labeled data is only available at the server;
• even when the labeled data is available at the client, learning from the unlabeled 

data may lead to forgetting of what the model learned from the labeled data.



Method

Conventional consistency-regularization methods enforce the predictions from the 
augmented examples and original (or weakly augmented) instances to output the same 
class label. π(u) performs RandAugment.

INTER-CLIENT CONSISTENCY LOSS

They additionally propose a novel consistency loss called inter-client consistency that 
regularizes the models learned at multiple clients to output the same prediction, defined 
as follows:



Method

They also use data-level consistency regularization at each local client similarly to 
FixMatch. Final consistency regularization term Φ(·) can be written as follows:

INTER-CLIENT CONSISTENCY LOSS

ˆy is the agreement-based pseudo label, defined as follows:



Method

They select the H helper agents p∗θhj:H (y  for each client as the most relevant
models from other clients:
• represent each model by its prediction m on the same arbitrary input a located at 

server (random Gaussian noise).
• server tries to keep and update all model embeddings m1:K from clients once each 

client updates its weights to server.
• server creates K-Dimensional Tree (KD Tree) on m in the current round r for nearest 

neighbor search to rapidly select the H helper agents for each client in the next 
rounds.

• server send helper agents for every 10 rounds, and if a certain client has not yet 
updated its weights to server in the previous step, then server simply skips sending 
helpers to the client at the round.

INTER-CLIENT CONSISTENCY LOSS



Method

Second, they decompose model parameters θ into two variables, σ for supervised
learning and ψ for unsupervised learning, such that θ = σ + ψ.

perform standard supervised learning on σ, while keeping ψ fixed during training on 
labeled data, by minimizing the loss term as follows:

perform unsupervised learning conversely on ψ, while keeping σ fixed for the learning 
phase on unlabeled data, by minimizing the consistency loss terms as follows:

PARAMETER DECOMPOSITION FOR DISJOINT LEARNING



Method

The Overall Algorithm



Method

The Overall Algorithm



Experiment

Performance Comparison on Batch-IID & NonIID Tasks



Experiment

Performance Comparison on Batch-IID & NonIID Tasks



Experiment

Averaged Local Performance on Streaming-NonIID Task



Experiment

Ablation Study



Thanks


