
Decentralised Person Re-Identification with 
Selective Knowledge Aggregation 

Shitong Sun, Guile Wu, and Shaogang Gong
Queen Mary University of London





The Success of Federated Person Re-ID (reproduced result)

Improved on average by +29% (2017-2021) Improved on average by +33%(2017-2021)
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Test in client domains
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Test in novel unseen domains



Limitations of Federated Learning

Personalisation

Generalisation

How to train a model when
• specific knowledge extraction for each 

individual domain/client
• general knowledge generalisation for unseen 

domain
are both necessary due to real world 
requirement?

Challenges:

Collecting multi-domain datasets for decentralised training & applied 
to seen source domains

Assembling multi-domain datasets for decentralised training,
then applied to unseen target domains



Related Works

Federated Learning (Konecny et al. arXiv 2016) – Enables localised users to collaboratively train a 
centralised model without sharing local data, but assuming a shared common label space (e.g. 
CIFAR) & with labelled training data (N-Shot Learning, not ZSL)

Federated Person ReID(e.g. Wu et al AAAI 2021, Zhuang et al. ACM 2020, Zhuang ACM 2021) - relies 
on decentralised labelled/unlabelled training data, assuming generalisable global/personalised 
local model can be learned from decentralised data with privacy protection.

Guile Wu, Shaogang Gong, Decentralised Learning from Independent Multi-domain Labels for Person Re-Identification, AAAI 2021.
Weiming Zhuang et al, Performance Optimization for Federated Person Re-identification via Benchmark Analysis, ACMMM 2020.
Weiming Zhuang et al, Joint Optimization in Edge-Cloud Continuum for Federated Unsupervised Person Re-identification, ACMMM 2021.

J Konecny, H B McMahan, F X Yu, P Richtarik, A T Suresh, D Bacon, Federated learning: Strategies for improving communication efficiency, arXiv:1610.05492, 2016.
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Weiming Zhuang et al, Performance Optimization for Federated Person Re-identification via Benchmark Analysis, ACMMM 2020.
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Guile Wu, Shaogang Gong, Decentralised Learning from Independent Multi-domain Labels for Person Re-Identification, AAAI 2021.



Key idea 1: Per-client specific attention normalisation
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Attention Normalisation inside each residual unit (ECCV 2020)
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2. Cross-client cross-domain knowledge aggregation 
(performed after per client training)

…

…

…

11. Per-client attention learning (each 
client retains two model copies)

Attention Normalisation (AN) extracting 
domain-specific knowledge in each local 
client conditioned by its data distribution (BN)

Attention Normalisation

Multi-label loss

Local learning



Key idea 2: Cross-client knowledge aggregation across data distributions

Generic local update: Copy the server model

client k

domain specific knowledge

…

…

…

Selective local update: Replace 
non-AN/BN layers’ parameters

Local specific model (optimized personalization deployment): 

Local generic model (minimize weight divergence): 

Selective local hybrid 
model (server update): 

Asynchronous global training cycle:
Selective local update & selective global 
hybrid per client after each client local 
training: Local epoch (1) mini batch 
number (avoid weight divergence)

Selective local hybrid:
Selective combination between non-normalisation layers of the local specific model and all other 
layers from the local generic model

Selective local update:

Update without normalisation layers,
keep local knowledge within each 
client for optimised local model
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Multi-label loss

client K

server1

client 1

domain specific knowledge

domain specific knowledge

local specific model
local generalisable model
local specific normalisation layers
local generalisable normalisation layers
Selective local hybrid combination
update without local normalisation layers
update with local normalisation layers

Testing

Unseen novel domains

…

SKA Federated Learning Training

Selective local update
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Overall SKA Framework
Local attention & distribution 
normalisation layers (AN+BN)

Pairwise local 
normalisation 
mechanism

domain generic knowledge

domain generic knowledge

Selective local update
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Four independent local client models without sharing training data

One central server model without 
seeing any data including 

unlabelled target domain data

Four unseen target domains for ‘out-of-the-box’ tests (decentralised client training domains are NOT the test domains)

VIPeR iLIDS PRID GRID

A central server model

(702 labels, 16.5K images)       (751 labels, 12.9K images)        (767 labels, 7.3K images)          (1041 labels, 30K images)

Test



Test



Test
Model generalisation improves 
on unseen datasets by dual 
mechanism

Model personalisation improves 
by AN and local specific 
normalisation





Current Federated Learning Paradigm

• Distributed model learning with pricavy protection

• Only focusing on personalisation on local clients  

• Only focusing on generalisation on global server

Our Selective Knowledge Aggregation: 

• Balance the trade-off between personalisation and 
generalisation

• Normalisation based method allows knowledge selection

Takeaway
“Decentralised AI for augmenting human intellect at the edge”  
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