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Abstract

Person Re-identification (RelD) has been extensively studied in recent years due
to the increasing demand in the public security sector. However, collecting and
modelling with sensitive personal data raises privacy concerns. Therefore, federated
learning has been studied for Person RelD, which aims to share minimal sensi-
tive data between different parties (clients). However, the statistical heterogeneity
between client domains under a federated setting remains as a challenge, which lim-
its the process of knowledge aggregation across clients and often leads to inferior
identification accuracy. Additionally, existing federated learning-based person RelD
methods generally rely on laborious and time-consuming data annotations, which
has the scalability issues to deploy them for real-world Person RelD. Therefore, this
thesis aims to address the unsupervised person RelD problem under a federated

learning scheme. Specifically, two methods are devised:

e In Chapter 3, we introduce a federated unsupervised cluster-contrastive (Fe-
dUCC) learning method for Person RelD. FedUCC introduces a three-stage
modelling strategy following a coarse-to-fine manner. In detail, generic knowl-
edge, specialized knowledge and patch knowledge are discovered using a deep
neural network. This enables mutual knowledge sharing among clients while
retaining local domain-specific knowledge based on the categories of the net-

work components and their parameter settings.

e In Chapter 4, we propose a novel deep transformer-based architecture - con-

text and camera invariant transformer, namely C*IT, in pursuit of homoge-

il



neous image representations by ignoring the irrelevant contert and camera
bias. First, regarding the contents within images, a contrastive learning-based
context-invariant learning strategy is proposed to identify clustered trans-
former tokens that are not closely associated with the RelD task as a con-
text token and to disentangle them from final image representations. Second,
a camera-invariant learning strategy is further proposed to mitigate the dif-
ference incurred by camera-specific characteristics, where camera tokens are
introduced and a uniformity loss is devised to reduce variations caused by

cameras.

The proposed methods are capable of establishing a universal model to formulate
generalizable Person RelD representations and deliver consistent and robust perfor-
mance across diverse client domains. Comprehensive experiments demonstrate the
effectiveness of these methods, which show the state-of-the-art performance on eight

public datasets.
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Chapter 1

Introduction

1.1 Background & Research Motivation

Person Re-identification (RelD) focuses on identifying a person across multiple cam-
eras. This has become a highly important research field in the past decades due to
its potential for many real-world security applications [75]. Person RelD provides
the capability of tracking, and timely identifying and preventing crimes, which is
critical for public safety. Recently, with the advanced deep learning techniques and
the availability of large-scale datasets, person RelD has a rapid development [46,
67, 37].

Despite the continual breakthrough, deploying accurate and stable Person RelD
solutions in real-world still remains a challenging problem [72]. Firstly, the de-
mands of annotated training data is unrealistic, which is time-consuming and labour-
intensive to obtain [31]. This encourages the development of unsupervised learning
approach for person RelD, which does not involve labelled images for training [40, 31,
41]. However, purely unsupervised learning naturally suffers from the noise pseudo-
labelling, which hampers the learning of discriminative features. Many efforts have
been made to exploit the knowledge learned from labelled source datasets and as-

sisted in the feature learning on unlabelled target datasets [5, 18, 74]. However, due



to the increasing awareness of the privacy for these sensitive data, accessing out-of-
domain datasets can be infeasible. Therefore, federated learning scheme becomes
attractive for unsupervised Person RelD [81]. However, current unsupervised Person
RelD research utilizing federated learning fails to address the domain discrepancy
issue between clients for achieving optimal pseudo-label prediction accuracy [81].

Therefore, this thesis aims to address the issue of domain discrepancy among per-
son RelD datasets for modelling in the context of unsupervised person RelD. Specif-
ically, this thesis explores both personalized model learning and global model learn-
ing approaches to address the data discrepancy challenge. For personalized model
learning, it focuses on disentangling domain-specific knowledge from generic knowl-
edge for cross-domain knowledge aggregation. Generally, domain-specific knowledge
learned from a dataset can negatively affect a model’s capability to distinguish sam-
ples in a different data domain. However, this domain-specific knowledge can be
extremely beneficial for the task within the associated dataset. Following this intu-
ition, in Chapter 3, we propose a simple yet effective strategy for learning specialized
models which are in pursuit of personalized models for different clients.

On the other hand, global model learning focuses on learning a single global model
that is robust towards all client domains. However, enforcing the conflictual domain-
specific knowledge fusion is difficult especially with a conventional scheme such as a
simple parameter aggregation. To enable more efficient knowledge aggregation, we
take into account the influence of context (background) information and camera bias
for image feature generation. Specifically, a novel deep transformer-based architec-
ture - context and camera invariant transformer is proposed in Chapter 4, namely
C?IT. First, regarding the contents within images, a contrastive learning-based
context-invariant learning strategy is proposed to identify clustered transformer to-
kens that are not closely associated with the Person RelD task as a context token
and to disentangle them from image representations. Second, a camera-invariant

learning strategy is further proposed to mitigate the difference incurred by camera



properties, where camera tokens are introduced and a uniformity loss is devised to
reduce variations caused by cameras.

The proposed methods are capable of establishing a universal model to formulate
generalizable Person RelD representations and deliver consistent and robust perfor-
mance across diverse client domains. Comprehensive experiments demonstrate the
effectiveness of these methods, showing the state-of-the-art performance on eight

public datasets.

1.2 Summary of Contributions

The contribution of this thesis are as follows,

1. A federated unsupervised cluster-contrastive (FedUCC) learning method is pro-
posed for Person RelD. FedUCC introduces a three-stage modelling strategy follow-
ing a coarse-to-fine manner. In detail, generic knowledge, specialized knowledge and
patch knowledge are discovered using a deep neural network. This enables mutual
knowledge sharing among clients while retaining local domain-specific knowledge
based on the kinds of network layers and their parameters.

2. To alleviate the varied data distribution issue for federated person RelD, a novel
deep transformer-based architecture - context and camera invariant transformer is
proposed, namely C?IT, in pursuit of homogeneous image representations by ignor-
ing the irrelevant context and camera bias. First, regarding the contents within
images, a contrastive learning-based context-invariant learning strategy is proposed
to identify clustered transformer tokens that are not closely associated with the
RelD task as a context token and to disentangle them from image representations.
Second, a camera-invariant learning strategy is further proposed to mitigate the dif-
ference incurred by camera properties, where camera tokens are introduced and a

uniformity loss is devised to reduce variations caused by cameras.



1.3 Thesis Structure

The rest of the thesis is organized as follows:

Chapter 2 provides the background and the related studies for Person RelD and
federated learning.

Chapter 3 proposes a CNN-based method to iteratively learn coarse-to-fine rep-
resentations by exploiting a three-stage modelling strategy.

Chapter 4 devises a transformer-based method that is based on token feature
learning to reduce domain-specific bias.

Chapter 5 concludes this thesis with a discussion of future work.

1.4 List of abbreviations

Table 1.1: Enumerated below are the prevalent symbols employed within Chapter 3.

Abbreviation = Meaning

K number of clients in the federated learning

n¥ number of images in client %

X* dataset within client k

x training image

u 2-d feature representation of training image before classifier

v 3-d feature representation of training image before GAP layer
0(x,y) deep learning model parameterized by = and y

W, shared generic parameter across clients

Wy client-specific parameters

HE set of clustering results derived from k-th client dataset

c cluster centroid

q patch-level feature representation

P number of horizontally stripped features derived from one image feature
D set of patch-level cluster centroids within one cluster



Table 1.2: Enumerated below are the prevalent symbols employed within Chapter 4.

Abbreviation

Meaning

AN s B

SH

(21©7)

<~ o

emb

oD

context

O

0 -

camera,q

<

number of clients in the federated learning

i-th client in the federated learning

dataset within client ¢

training image

training image feature representation (output embedding token)
total number of federated learning optimization rounds

r-th round local model optimized by the i-th client, parameterized by ©7
cluster centroid

number of transformer input/output tokens

set of input patch tokens for a transformer

set of output patch tokens from a transformer

local density value of a training image

distance score of a training image

embedding token of a training image

context token of a training image

number of cameras on the ¢-th client

g-th camera token of a training image



Chapter 2

Literature Review

2.1 Supervised Person Re-identification

Person RelD aims to identify the same individual across a network of cameras.
Various studies in this field have been proposed with a metric learning scheme to
formulate Person RelD representations, where the representations are with high
similarity between the same person and the representations are dissimilar between
different people. Specifically, different losses for metric learning are explored to
learn appropriate feature representations between images. For example, verification
losses [77, 4] were studied to learn from pairs of images by identifying their corre-
spondence. Contrastive loss [63, 53] was adopted for pair-wise learning of images
by the constraints on the feature space with the guidance of positive and negative
image pairs. Triplet loss [25, 49] extended the learning to address the distance of
an anchor image to both a positive and a negative images simultaneously. Various
methods further combined these metric learning losses to address the challenges in
Person RelD considering the variations in pose, illumination, occlusion, and image
background across different cameras. Specifically, human body pose information
was adopted for learning robust and discriminative features with an enhanced at-

tention on human body regions [54, 17, 68]. Predefined strip segmentation on the



input image or feature maps were utilised to extract fine-grained local features [56,
42, 57] and helped alleviate the widely happened occlusion issue [73]. Compared
with the aforementioned studies, which mostly addressed the Person RelD prob-
lem in a supervised learning manner, this thesis addresses an increasing demand for
Person RelD: unsupervised multi-domain learning under a decentralized setting. In
addition to the challenge of image variation across cameras, additional issues are
explored including domain discrepancies arising from differences between datasets,

as well as the accurate assignment of pseudo-labels for training images.

2.2 Unsupervised Person RelD

Unsupervised person RelD has received increased attention in recent years due to its
less reliance on human annotations [66, 27, 64, 18]. Generally, these methods can be

categorised into two streams: fully unsupervised methods [27, 66] and unsupervised

domain adaptation (UDA) [64, 5, 18].

2.2.1 Fully Unsupervised Person RelD

Fully Unsupervised Person RelD can be more challenging as there is no prior knowl-
edge (i.e., label annotations). Clustering-based methods such as Density-Based Spa-
tial Clustering of Applications with Noise (DBSCAN) and K-mean were used to
estimate image identity relationships [28, 41], which introduced pseudo-labels for
the images based on the clustering results. However, noises can be found because of
the misclustered images, which degrades the accuracy. A number of methods were
proposed to address this by aligning image feature representations towards clus-
ter centroids using contrastive learning strategies [23, 6, 61|. Thus, the mislabeled
images of the same identity are not optimized to drift apart in the latent space.
Specifically, contrastive learning involves the construction of a memory bank with a

mean image representation for every cluster. Then, the loss function is adopted to



minimise the image distance to its associated cluster representation, while the dis-
tances to the rest of cluster representations are maximized. A discrepancy among
camera views was considered in [61], which further split a single cluster into multiple
camera-specific centroids for inter-camera and intra-camera representation learning.
BUC (Bottom Up Clustering) [41] adopted a hierarchical clustering approach to
iteratively associate similar images, which started with each image to build a single
cluster, and terminated until a predefined number of clusters had remained. Be-
sides clustering, multi-labels were used to consider the close-identity relationship
for image optimization [60], thus compensating the potentially wrongly assigned la-
belling. For unsupervised learning in the federated setting, FedUReID [81] followed
the BUC [41] strategy to iteratively associate neighbouring clusters, and designed
the cluster stopping criteria according to the batch precision score. However, the
positive correlation between clustering accuracy and batch precision score cannot
be guaranteed as batch precision scores are highly sensitive to the distribution of a
dataset. Thus, both under-clustering and over-clustering issues can be found. Re-
cently, transformer-based methods were studied for unsupervised person RelD [44]
under the self-supervised learning framework. However, the lack of reliable supervi-

sion still limits the discriminability of the learned representations.

2.2.2 Unsupervised Domain Adaptation for Person RelD

Unsupervised domain adaptation for Person RelD involves knowledge transferring
between the datasets of two domains: a labeled source domain and an unlabeled
target domain. Given a source domain with labeled data, the knowledge from the
source domain is exploited to supervise the learning on an unlabeled target domain.
The major challenge is caused by the data distribution (e.g. image style), which may
differ significantly between the two different domains. Existing studies have explored
various transfer learning techniques. In [64, 5, 9], domain gaps were minimised by

transferring the source image style to the target image style by using a GAN, while



preserving the contents. Specifically, [5] employed an object segmentation model to
accurately separate the foreground and background of the target image, and by com-
bines it with the source image to synthesis a background-transferred image. This
approach enables the produced images to have a consistent content style. Addition-
ally, knowledge distillation has been utilised to offer guidance during the training on
unlabelled datasets [18]. Typically, this process involves soft targets generated by
a pre-trained teacher model to optimize a student model being trained on an unla-
beled dataset. This technique allows the student model to learn from the knowledge
distilled by the teacher model, which can lead to better generalization and improved
performance on the unlabeled data. Meta-learning is also a strategy used for obtain-
ing generic feature that is transferable to an unlabelled domain [74]. However, the
need for computing the second-order derivatives entails a significant computational
cost. While unsupervised domain adaptation methods typically are more effective
than pure unsupervised learning, the knowledge transferring procedure heavily relies
on the similarity between the source and target domains. Simultaneously accessing

multiple datasets increases the risk of sensitive information leakage.

2.3 Federated Learning and Person RelD

2.3.1 General Federated Learning Methods

Federated learning addresses decentralized training and reduces the risk of privacy
leakage. Its intuition is to conduct knowledge exchanges between the clients with
abstract information rather than raw inputs, which contain the sensitive informa-
tion. For example, modelling weights and gradients can be transferred between
clients for this purpose [45]. The prevailing majority of existing federated learning
methods are formulated within a supervised learning framework. [43, 82, 71, 52], to
address the issue of statistical heterogeneity. A widely used strategy is to introduce

regularization terms to ensure the similarity between the local models and the aver-



aged global model [33, 32], which used distance metrics such as fo-normalization [33]
and image representation similarity [32]. While this can limit the impact of local
updates and alleviate the client drift problem, it can restrict the model’s ability
to achieve maximum performance on all clients. Meta-learning techniques such as
MAML (Model-Agnostic Meta-Learning) [15] were used to obtain an initial global
model that can adapt quickly to a new heterogeneous task with few local gradient
descents [13]. Feddg [43] attempted to share local image distributions across clients
by first decoupling style and content patterns using Fourier Transform [47]. Then,
re-synthesizing images with these patterns for image style transfer allowed local mod-
els to train on augmented images with the distributions across clients. However, the
Fourier transform is only capable of decoding generic image colour and texture,
which is difficult to formulate the statistical heterogeneity between Person RelD
datasets. Compared with the abovementioned approaches which attempt to learn a
strong global model that adapts to all clients, the model personalization approach
trains individual models for each client to focus on client-specific patterns [36, 1].
Instead of conducting model aggregation to exchange cross-client knowledge, knowl-
edge consensus is obtained by gathering image predictions on a public dataset and
using knowledge distillation on averaged image predictions to conduct a knowledge
exchange [30]. Alternatively, parameter personalization approaches are proposed
to store generic and specialized knowledge on separate parameters of the model,
and the client-specific model is reformulated by integrating generic parameters and
client-specific parameters. [36, 1, 38, 51]. The selections of personal parameters were
investigated in various works, including top layers [1] and bottom layers [38] of the
model network, as well as batch normalization [36] and convolutional channel pa-
rameters [51], which are evenly distributed across the model network depth. These
methods, however, fail to address potential domain over-fitting, in which local spe-
cialized knowledge overtakes generic knowledge, causing performance degrading for

the more biased clients. Another direction explores a client-clustering approach to

10



associate clients of similar data distribution for collaborative learning [19, 20]. As a
result, multiple central models will be established and each client will update and
synchronize the model parameter toward one of the assigned central models. For
instance, upon receiving multiple central models from the server, [19] determined
the most appropriate central model by selecting the one with the minimum empir-
ical loss value for a local image batch. This approach can estimate the similarity
between clients based on the proximity of their central models, thereby facilitating
collaborative learning among similar clients. However, determining the appropri-
ate number of central models can be challenging, and the approach for estimating

client-to-client closeness may not always be accurate.

2.3.2 Federated Person RelD

As Person RelD involves sensitive personal information, various studies proposed
federated learning methods for Person RelD using data from multiple sources to
reduce the risks of privacy leakage [55, 81, 65|. However, due to the domain dis-
crepancy issue, local trained Person RelD models have their own weights, which
makes it challenging to obtain a global model for optimal performance across all the
clients. A number of existing methods have been proposed to address this issue and
can be organised into two approaches: unified learning and personalized learning
methods. Unified learning formulates a single shared global model with reduced
domain discrepancy for all clients. [82] used a public dataset for an additional post-
modelling stage to aggregate knowledge from clients. [32] exploited a contrastive
learning scheme to enforce the similarity of local-global model distance. Personalized
learning formulates both local and global knowledge for better domain adaptation.
[55] used separate weights to encode general and personalized knowledge, where
personalized weights are kept locally and combined with the general global weights
for local modelling. The aforementioned methods explored federated settings for

supervised person RelD, whilst the unsupervised method was studied recently [81],

11



which proposed a personal update mechanism that interpolates the global and lo-
cal model weights to update the models and mitigate the heterogeneity. However,
the proposed personalized model learning is yet to resolve the domain over-fitting
issue. In Chapter 3, we introduce a patch-level feature alignment with fine-feature
consistency across clients. Moreover, note that these methods are all based on
conventional CNN architectures, which tend to over-fit on local high-frequency pat-
terns [48]. This could result in heterogeneous local models and negatively impact the
aggregation of the global knowledge for person RelD. In Chapter 4, we investigate
the transformer-based architecture to alleviate such an issue.

As vision transformers have achieved promising performance in various computer
vision tasks, it has been explored for person RelD as well [24, 39, 70]. Specifically,
[24] first adopted transformer architecture for person RelD. It introduced a set of
learnable side information embeddings (SIE), which encodes camera side patterns
and appends them to the image tokens to mitigate feature divergence caused by
scene bias. [39] merged tokens that encode similar background features and used
the rest tokens to characterise more informative regions. However, the background
information still contributes to the formulation of holistic image representations.
Similarly, [70] filtered out the less informative tokens which are less relevant to
image-level person RelD knowledge. However, the ratio of such tokens is prede-
fined, which limits its capability for generalisation. Note that these methods are
for supervised person RelD, whilst few studies involve transformers for federated
unsupervised person RelD and proper methods are required for accurate federated

modelling.

12



Chapter 3

Robust Knowledge Adaptation for
Federated Unsupervised Person

RelD

3.1 Introduction

Decentralised learning paradigm, specifically federated learning, has gained increas-
ing attention recently. It allows models to be trained collaboratively across multiple
sources or clients without data centralisation [45]. Figure 3.1 illustrates the compar-
ison between centralised learning and federated learning. FedAVG [45], for example,
aggregated the model parameters at a central server after a number of local epochs,
and the new global model is re-distributed to clients as new parameters for local
optimization. Using this simple approach, multiple clients can collaborate without
explicit data sharing. Hence, federated learning has been widely utilised in vari-
ous applications where data privacy is seriously concerned, such as facial expression
recognition [52] and medical image segmentation [43].

For Person RelD, a number of recent studies have explored federated learning

strategy [81, 82, 71, 55, 65]. For example, FedReID [82] adopted FedAvg to im-
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Figure 3.1: Illustrative comparison between centralised learning pipeline and decentralised
pipeline of federated learning.

prove the generalizability of learned models via 9 multi-domain datasets. However,
most existing methods typically assume that the dataset of each client is annotated,
which can be time-consuming and laborious to obtain. This limits the scalability for
large-scale real-world deployment. FedUReID [81] attempted to resolve this issue
by introducing an unsupervised learning method for federated Person RelD. Specif-
ically, hierarchical clustering was used to progressively merge neighbouring clusters
during training. Nonetheless, determining the stopping criteria for clustering on
each client is challenging, as the number of images and identities often varies widely.
In addition, the variation between clients could be impacted by statistical hetero-
geneity, such as label skew, feature skew and concept shift [29]. Existing studies
often fine-tune the global model using public datasets [65], and utilise adversarial
learning [71] to alleviate such a issue. However, a unified model is still not suffi-
cient to perform well in this scenario, especially when considering the nature of the
extreme statistical heterogeneity in the person RelD task. Model personalization
methods attempted to incorporate generic and specialized knowledge using differ-
ent model parameters [1, 38, 36, 51]. However, these methods have not addressed
the possible domain over-fitting issues yet, with the potential generic knowledge
overwhelmed by potential local knowledge bias.

To address the aforementioned challenges, a three-stage learning strategy in a

14



coarse-to-fine manner is proposed for federated unsupervised learning-based Person
RelD. First, the task is modelled with generic knowledge by a conventional federated
learning scheme based on DBSCAN [12] clustering. This stage aggregates and dis-
tributes all parameters from local clients. Second, specialized knowledge is explored
in pursuit of client personalization. This is achieved by decoupling the client-specific
knowledge from generic knowledge via parameter localization. Third, we further en-
hance fine-grained patterns by incorporating patch-level feature alignment across
clients. Unlike holistic person images, which present potentially large variations
from changing poses and view angles, patch-level information provides fine and
consistent person RelD representations. Finally, comprehensive experiments and
analyses have been conducted to demonstrate the state-of-the-art performance of
our proposed FedUCC on 8 public Person RelD datasets.

In summary, the major contributions of this chapter are three-fold as follows:

e A novel unsupervised federated learning method is proposed for Person RelD

with a coarse-to-fine strategy including three learning stages.

e A novel strategy to explore client-specific knowledge by incorporating patch-

level representations.

e Comprehensive experiments demonstrate the state-of-the-art performance of

the proposed method on 8 benchmark datasets.

3.2 Proposed Method

3.2.1 Overview

Fig. 3.2a illustrates the overview of the proposed federated learning method - Fe-
dUCC. The overall architecture is composed of a central server and a number of
clients, each of which has a multi-camera RelD dataset captured at different ge-

ographical locations. The task of the central server is to aggregate the trained
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models from these local clients, and redistribute an updated global model. The
clients, on the other hand, are responsible for inheriting the global model’s generic
knowledge and conducting local optimization to properly integrate their specialised
local knowledge.

The learning of FedUCC consists of three stages s = I, II, III following a coarse-
to-fine manner. Each training stage contains T global round, including F, parallel
client-wise (local) epochs and a global aggregation /redistribution. Particularly, the
three stages are: 1) Generic knowledge guided modelling formulates a model
by adopting all available knowledge from the clients. II) Specialized knowledge
guided modelling decouples the client-specific knowledge from the generic knowl-
edge via parameter localization, and achieves personalized client models; and III)
Patch knowledge guided modelling strengths the fine-grained patterns via local
feature alignment. The details of the proposed method are discussed in the rest of

this section.

3.2.2 Stage I: Generic Knowledge Guided Modelling

At this stage, the goal is to obtain a global model that can roughly discriminate
images across all the clients, of which statistical heterogeneity is not explicitly ex-
plored. It helps obtain a robust initial weight for the model to conduct further

training in the next two stages.

Given K clients, where the k-th client has a Person RelD dataset X* = {x’f, b

with n* images, our objective is to obtain model §(W,, W;) on X = {X!, ..., X*}.
Note that the model 8(W,, W;) is parameterized by (W,, W;) using shared generic
parameters W, and client-specific parameters W;. Particularly, the specialized pa-
rameters W, are the neuron weights of batch normalization layers and the generic
parameters are the remaining model parameters. We define (Wg’“ JWF) to be the
trained generic parameters and specialized parameters on the k-th client, respec-

tively. At the current stage we focus on learning robust generic knowledge shared

17

k
nk



among clients, so both (W,, W}) are updated to the central server for redistribution.
In the following part, we introduce the training steps taken by clients and the server

respectively.

Client Design

Person RelD is a metric learning problem, thus at inference, the representations
of image pairs capturing the same person are supposed to be as close as possible.
Therefore, a clustering algorithm is adopted, namely DBSCAN, where images with
distance below a predefined threshold are grouped into the same cluster.

Denote H* = {H®Y H*2 ... Hk’mk} as the clusters obtained from the k-th client
with dataset X*, where m”* denotes the number of clusters in X*. Note that each
cluster H*' is expected to contain all image features of a particular person. We first
obtain a set of cluster centroids C* = {cf,..., " .} from X*. Each cluster centroid

is obtained by the mean feature vector of all images with the same pseudo-label:
= 2 1)
Cj = m Uy; .

k obtained from the model

)

where u¥ denotes the feature representation of image x
6(W,, W), and }H ko | indicates the number of images in the cluster.

Cluster centroid contrastive learning focuses on cluster-level feature alignment.
For each client k, the objective is to minimise the distance of each image feature to
their cluster centroid feature via an InfoNCE loss [58]:

k. ok
L,=E|—log :;Xp(u’ C]/Tk)

=1 €XD (uiC . Cj,/T)

, (3.2)
where the distances between the query image feature u¥ and its cluster centroid c;?

are minimised and out-cluster centroid distances are maximised, optimizing with a

similar principle as a softmax entropy. And 7 is a temperature hyper-parameter.
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During optimization, the centroid feature vectors cé? of query instance u¥ are

momentously updated in the memory dictionary as follows:
c;‘? — )\c;? + (1 = NuF, (3.3)

where A € [0, 1] is a hyper-parameter controlling the extent to update the cluster
centroid. At the end of local client training, all parameters (W9, W) are forwarded

to the server for multi-model aggregation.

Server Design

The responsibility of the central server is to coordinate client knowledge sharing via
an aggregation step. Basically, a strategy similar to FedAvg [45] is adopted in this

study, which conducts the aggregation at the (¢ + 1)-th global round as follows:

K i
n
(W, W) = 3wk iy (34)
k=1

K
where n = Y, n*

are the total number of images of all clients. Instead of using
equivalent average, the weighted sum is determined by the size of each client dataset.
As a result, it allows the larger dataset clients to contribute richer knowledge for
model aggregation, which is expected to contain more robust Person RelD patterns.

However, the issue of statistical heterogeneity is yet to be addressed. Existing
methods attempted to alleviate this by combining the latest generic parameters
with old specialized parameters to obtain a client-specific model [65]. However, this
doesn’t fully resolve the distribution difference between clients as the model perfor-

mance degrades after global aggregation /redistribution is still severe. Therefore, we

further introduce the next modelling stage to solve this issue.
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3.2.3 Stage II: Specialized Knowledge Guided Modelling

The first stage has produced a generic model by taking into account the knowledge
of all clients. This process aggregates all client-specific domain knowledge into the
global model. Due to the variety of different client data distributions, there are in-
evitably parameter collisions between the local models. The knowledge aggregation
effect could be degraded, hence causing decreased performance on particular clients.
We propose a knowledge guided modelling stage to further improve model accu-
racy by considering statistical heterogeneity. It focuses on retrieving client-specific
patterns to conduct knowledge personalization, which aims to maximize the model
performance on all clients.

This stage is based on the local batch normalization (BN). Specifically, batch
normalization layers are added in the backbone networks to normalize the activation.
They adopt statistics in a mini-batch, which inherently captures the information
related to the client data distribution [36]. To achieve knowledge personalization,
we preserve the learned local BN parameters by decoupling them from the global
aggregation. This not only avoids parameter collision of the BN weights between
clients but also allows the updated global model to be used in conjunction with the
local BN parameters to achieve personalization. At this stage, the model aggregation

and updates are as follows:

(A (3.5)

And model localization for the k-th client is as follows:
O = O(Wy)™, (WF)). (3.6)

Note that BN layers for personalization could lead to sub-optimal performance due

to the over-fitting issue on a client. We further enhance image feature learning by
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introducing patch-level representation to enable fine-grained aspects for facilitating

parameter alignment across clients.

3.2.4 Stage III: Patch Knowledge Guided Modelling

Patch-based representations show their advantages for the robustness of unseen iden-
tities that are not involved in the training process [69]. Hence, additional model
parameters which are used to characterize patch-level features are introduced and
optimized by following a similar strategy as in Stage II.

Specifically, given the dataset X* on the k-th client, we obtain the set of 3D tensor
features of images before the global average pooling (GAP) layer in the backbone
model as V¥ = {of, ..., v% }. We then extract the set of patch features for all images
as QF = {QF,...,QF.} by equally splitting v} into p horizontal strips and further
adopt GAP to obtain patch-level image features. In detail, we represent them as
Qf ={diy. - afp -

Finally, for each cluster H*J € H*, we further extend it to p clusters for features
within particular patches, of which the centroids are: D = {d%, ..., d5 } associated
with the corresponding patch-level features.

After that, given a patch feature representation qu and a centroid d¥_, a loss

]78’

function can be defined as follows:

L €xXp QZkr ’ dks T
L,=E) |-log— (@ — /k) : (3.7)
r=1 ij:1 exp (qz',r : dj’,s/T)

which is similar to Eq.(3.2).
To this end, a loss function jointly optimized L, and L, can be adopted to achieve

a robust federated Person RelD:

L=L,+L,. (3.8)
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Table 3.1: Statistics of the eight person RelD datasets.

Train Test
Datasets # Cam # ID # Img # Query # Gallery
Duke 8 702 16,522 2,228 17,611
Market1501 | 6 751 12,936 3,368 19,732
CUHKO03 2 767 7,365 1,400 5,332
PRID 2 285 3,744 100 649
CUHKO1 2 485 1,940 972 972
VIPeR 2 316 632 316 316
3DPeS 2 93 450 246 316
iLIDS 2 59 248 98 130

Table 3.2: Overall performance with ablation studies on eight Person RelD datasets.

Methods Duke Market CUHKO03 PRID

Metric (%) R1 mAP || R1 mAP || R1 mAP || R1 mAP

FedURelD [81] 51.0 |- 65.2 | - 8.9 - 38.0 |-

Backbone 14.4 | 6.6 422 213 || 14 2.0 19.9 | 244

Stage [ 65.7 | 44.4 74.6 | 45.6 11.3 | 94 24.0 | 27.2

Stage I + 11 75.2 | 55.6 || 85.7 | 63.5 | 8.9 9.0 52.9 | 57.2

Stage 1 + III 76.3 | 56.3 || 82.6 | 582 || 9.6 8.8 46.9 | 52.1

FedUCC 78.8 | 60.5 || 86.5 | 65.5 || 9.6 9.7 58.9 | 63.1
Methods CUHKO1 VIPeR 3Dpes iLIDS Avg
Metric (%) R1 mAP || R1 mAP || R1 mAP || R1 mAP || R1 mAP
FedURelD [81] 43.6 | - 26.6 | - 65.3 | - 73.5 | - 46.5 | -
Backbone 26.7 | 26.1 22.7 | 28.2 61.2 | 43.4 63.9 | 48.5 31.5 | 25.1
Stage | 60.6 | 57.3 35.4 | 39.7 || 60.3 | 41.7 || 81.0 | 66.2 || 51.6 | 414
Stage I + 11 69.5 | 65.7 || 31.0 | 36.1 || 65.5 |46.4 | 80.1 | 60.7 | 58.6 | 49.3
Stage I + III 745 | 714 | 28.1 |33.1 || 65.5 |46.6 | 67.5 |53.6 | 56.4 | 47.5
FedUCC 78.3 | 75.3 || 31.3 | 36.7 || 68.9 | 50.9 || 74.7 | 59.7 || 60.9 | 52.7

3.3 Experiments

3.3.1 Dataset

Eight Person Re-ID datasets were adopted to comprehensively evaluate our pro-

posed method,as detailed in 3.1, including DukeMTMC-RelD [50], Market1501 [76],

CUHKO3-NP [35], PRID [26], CUHKO1 [34], VIPeR [21], 3DPeS [2] and iLIDS [62).

Based on the federated learning setting, each dataset is considered to be held by a

single client. Therefore, each client’s data is collected at a unique location. This is

consistent to real-world scenarios when delivering a Person Re-ID model with the
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consideration of the privacy requirements.

Standard Person RelD evaluation metrics were adopted to measure the perfor-
mance, including Cumulative Match Characteristic (CMC) curve and mean Average
Precision (mAP) [75]. Given a query image and the gallery containing a group of
watch list images, CMC first ranks the gallery images in line with their similarity
to the query. Then, each image ranked within the rank-K (i.e., top-K) results is
verified whether a matching identity is within the results or not. In addition, rank-1
accuracy is introduced to indicate the average probability of the most similar im-

age matching the query image, and mAP reflects the mean average precision of all

queries.
Table 3.3: Comparisons to the state-of-the-art methods.
Methods Types Duke Market
Metric (%) R1 R5 R10 | mAP | R1 R5 R10 | mAP
PUL [14] Domain Adaptation || 30.4 | 46.4 | 50.7 | 16.4 || 44.7 | 59.1 | 65.6 | 20.1
HHL [78] Domain Adaptation || 46.9 | 61.0 | 66.7 | 27.2 || 62.2 | 78.8 | 84.0 | 314
SPGAN [9] Domain Adaptation || 46.9 | 62.6 | 68.5 | 26.4 || 58.1 | 76.0 | 82.7 | 26.7
MMT [18§] Domain Adaptation || 83.8 | 91.2 | 93.4 | 70.4 || 90.5 | 96.6 | 97.8 | 78.2
BUC [41] Purely Unsupervised || 40.4 | 52.5 | 58.2 | 22.1 || 61.9 | 73.5 | 78.2 | 29.6
MMCL [60] Purely Unsupervised || 65.2 | 75.9 | 80.0 | 40.2 || 80.3 | 89.4 | 92.3 | 45.5
MMT [18] Purely Unsupervised || 82.4 | 90.8 | 93.0 | 67.1 || 88.1 | 96.0 | 97.5 | 74.3
FedURelD [81] Federated Unsuper- || 51.0 | 62.4 | 67.6 | 29.5 || 65.2 | 77.8 | 82.2 | 34.2
vised
FedUCC (Ours) || Federated Unsuper- || 78.8 | 87.2 | 89.8 | 60.5 | 86.5 | 94.5 | 96.7 | 65.5
vised

3.3.2 Experimental Settings

Backbone Architectures. ResNet-50 [22] pretrained on ImagNet [8] was adopted
as the backbone network for feature extraction.

Implementation Details. For each client, an Adam optimizer with Nesterov
momentum 0.9 was adopted. The learning rate was set to 3.5 x 10~ for local model
optimization, and the batch size was set to 64 empirically. The number of patch-

feature segmentation p was set to 2, indicating the upper-half and lower-half of the
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human body. We employed DBSCAN [12] for image feature clustering based on
Jaccard distance with k-reciprocal encoding [79] and set the number of minimum
samples as 2 to discard un-clustered images.We empirically set the temperature
hyper-parameter 7 as 0.05. The implementation was with an NVIDIA V100 for the
training and inference stages.

Training Settings. The model parameters were optimized through 3 training
stages as discussed in Sec. 3.2. In particular, during the initial phase, Stage I is
carried out independently for T = 100 global rounds to establish the initial model,
wherein the local epoch Ej is set to 1 in order to promptly aggregate and update
the model parameters from the local clients. Following this, Stage II commences
for a total of T;; = 100 global rounds, with a local epoch of E;; = 5 to acquire
sufficient local knowledge. Note that Stage II and III/IV are compatible. The model
optimized through Stage II training continues to be refined by combined Stage II
and Stage III training with global round of 77;; = 100 and local epoch of E;;; = 5.
In this joint optimization, loss functions from Stage II and IIT are merged with equal
significance. The ultimate FedUCC retrieval outcomes are based on the fusion of
Stage II holistic features and Stage III patch features. More precisely, the similarity
of image features between query and gallery, rooted in both the holistic view of
Stage II and the part-based view of Stage III, is concatenated through addition.

This combined similarity is then used for accuracy assessment.

3.3.3 Comparisons with the State-of-the-Art Unsupervised
RelD

We compared the proposed method with a number of existing methods follow-
ing their evaluation protocols to demonstrate the effectiveness of our method. In
Table 3.2, a recently proposed unsupervised federated Person Re-ID method Fe-
dURelD [65] was compared to ours on 8 datasets. Our proposed method performed

consistently better than FedUReID on all datasets. In particular, our result outper-
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forms FedURelID with a large margin on the Duke, Market, and CUHKO1 datasets.
Note that Duke and Market are the two largest datasets. Such result indicates sig-
nificant incremental in terms of the top-1 accuracy from 51.0% to 78.8% on Duke
and 65.2% to 86.8% on Market. Other datasets also demonstrate the effectiveness
of FedUCC. CUHKO1 shows the largest improvement regarding the top-1 accu-
racy 43.6% to 78.3%, PRID shows 20.9% incremental, and the remaining CUHKO03,
VIPeR, 3DPeS, iLIDS also show performance improvement of 0.7%, 4.7%, 3.6% and
1.2%, respectively.

In Table 3.3, FedUCC is further compared with two additional categories of meth-
ods including the unsupervised domain adaption (PUL [14], HHL [78], SPGAN [9]
and MMT [18] ) and the fully unsupervised approaches (BUC [41] , MMCL [60] and
MMT [18] ). The evaluation was conducted on the two largest datasets: Duke and
Market. Note that the unsupervised domain adaptation requires the source dataset
to have annotated labels. Without the additional supervision using annotations, our
method still performs better than most domain adaptation methods. For example,
our method and SPGAN [9] achieve 78.8% and 46.9% rank-1 accuracy on Duke,
respectively; our method and HHL [78] achieve 86.8% and 62.2% rank-1 accuracy
on Market. On the contrary, MMT has exhibited superior performance compared
to our method, achieving rank-1 accuracy of 83.8% and 78.8% on Duke, 90.5% and
86.5% on Market datasets. This showcases that, while multi-domain feature learn-
ing through federated learning offers advantages, it might not necessarily surpass
the Domain Adaptation strategy by a substantial margin. Additionally, we com-
pare our results with fully unsupervised methods, where each RelD model is trained
independently on individual datasets without collaboration. Superior performance
was also demonstrated over some of previous works, given the comparison of our
result to MMCL [60] with 78.8% and 65.2% rank-1 accuracy on Duke, 86.6% and
80.3% on Market. This also highlights the advantage of collaboration training using

federated learning. Nevertheless, even within a purely unsupervised context, MMT
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has exhibited a slight performance edge over our approach, attaining rank-1 accura-
cies of 82.4% and 78.8% on Duke, and 88.1% and 86.5% on Market datasets. While
one might intuitively anticipate that federated unsupervised learning benefits from
a more diverse data distribution across clients, this assumption doesn’t always hold
true.This is evidenced by the performance dip observed after the weight aggrega-
tion stage, which implies that federated learning still constrains clients from fully
adapting the model to their specific domains. Nevertheless, this insight hints at a
potential avenue for future exploration—further domain adaptation on the larger-
sized clients to attain maximal performance. However, this extended setting would
inherently belong to the domain adaptation approach, exceeding the scope of the

current study.

3.3.4 Ablation Studies

Ablation studies were conducted to demonstrate the effectiveness of the individual
strategies proposed, which helped explore the role of each stage in the entire pipeline
of FedUCC. Particularly, Table 3.2 lists the comparisons of several architectures in
terms of Rank-1 accuracy and mAP. These architectures include a backbone only
method, a Stage I only method, Stage I 4+ II method and Stage I + III method.
Overall, our proposed FedUCC achieves the best overall performance with all these
strategies. We discuss the details of these individual architectures in the following
sections.

Backbone Method: Generic Knowledge Guided Modelling. The back-
bone setting adopted conventional DBSCAN-based label assignment and conducted
optimization using a cross-entropy loss for classification. For federated learning, we
chose a local epoch of 5 that balances the model convergence and the cross-client
knowledge exchange. Each client model was updated with a fixed number of training
batches in line with the dataset size. FedAvg considered this by limiting smaller

client models with fewer averaging ratios for aggregation. However, skewness can
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usually be identified among the clients and the local model parameters were likely
to conflict. As a result, the local training led to significant fluctuation of the global
model performance between the global rounds and eventually limited the person
RelD accuracy.

Stage I: Generic Knowledge Guided Modelling with Memory-based
Contrastive Learning. Compared to the backbone method, Stage I further in-
troduces the memory-based contrastive learning on each client as indicated in Eq.
(3.1) - (3.3). As shown in TABLE 3.2, the performance was superior on all clients.
Particularly, the Rank-1 accuracy increased on the largest dataset Duke and Market
51.3% and 32.4% and achieved an average increase of 20.1% on all datasets. Such
performance improvement shows the reduced influence of statistical heterogeneity.
Due to the more effective model training strategy and the unresolved issue of client
knowledge conflict, the model performance fluctuation on all clients is still severe as
illustrated in Fig. 3.4.

Stage I + II: Specialized Knowledge Guided Modelling with Batch
Normalization. Stage II helps explore personalized knowledge, which retains the
batch normalization patterns within each client. Specifically, Stage Il has shown
an average of 7.9% increase in terms of Rank-1 accuracy. Additionally, the model
performance is much more stable compared with Stage I, as shown in Fig. 3.4. This
indicates the problem of statistical heterogeneity is greatly reduced with effective
personal knowledge decoupling. Note that the improvements were not consistent
across all the clients. For smaller datasets such as CUHKO03, VIPeR, and iLIDS,
the performance even dropped slightly. It suggested a potential domain over-fitting
issue, such that the generic knowledge from the shared parameters was overwhelmed
by the local knowledge. Therefore, this motivated us to further explore patch-based
feature learning to enhance the robustness of the feature spaces.

Stage I+III: Patch Knowledge Guided Modelling. The patch-based fea-

tures were explored for fine-grained person representation. As shown in TABLE 3.2,
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the average Rank-1 accuracy has decreased by 1.8% on average compared with using
the holistic person feature. However by ensemble of both holistic and patch features
(FedUCC), better discriminability was achieved compared with using standalone
representation, with an average increase of rank-1 accuracy by 3.4% Specifically, a
consistent performance gain can be observed on the majority of those datasets (i.e.,
CUHKO03, PRID, CUHKO1, VIPeR, 3DPeS, iLIDS) compared with the strategy of
Stage I + II. In our observations, iLIDS shows the highest performance in Stage
I training, and no performance gain has been shown for later stages of training.
Given that it is the smallest dataset, the number of images is likely insufficient for

the Stage I model to converge better.

3.3.5 Qualitative Study

Fig. 3.3 visualizes the top-10 results of three queries to demonstrate the effective-
ness of our three-stage modelling method. It can be seen that the backbone-only
method retrieves the most incorrect images. Even though the general appearances
are similar, attention to more detailed patterns is lacking. Visual clues such as the
backpack are rarely matched in the corresponding query results. Stage I shows a
much better retrieval accuracy in Fig. 3.3, where more discriminative patterns are
identified to mine the matching query images. Stage II training further improves
retrieval accuracy with an enhanced ability to mine discriminative patterns despite
viewpoint variations. Better retrieval accuracy is shown with more front and side
views of the person despite the larger visual variation introduced by the backpack.
Stage IIT model shows a comparable result to Stage II, with more focus on regional
pattern matching. This is indicated by the 10-th negative retrieval image where the
camo patterns in the query’s backpack and short are closely matched. Lastly, the
FedUCC (Stage I + II + III) model ensembles holistic and patch-level features to
obtain a refined feature representation, improving query results with both holistic

and fine-grained patterns, as illustrated in Fig. 3.3.
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3.4 Summary

In this chapter, we present a federated unsupervised cluster-contrastive learning
method, namely FedUCC, to address the Person RelD problem. FedUCC intro-
duces a three-stage modelling strategy following a coarse-to-fine manner. In detail,
generic knowledge, specialized knowledge and patch knowledge are explored with
a deep neural network. It enables the sharing of mutual knowledge while retain-
ing local domain-specified knowledge through network layers and their parameters.
Comprehensive experiments on 8 public benchmark datasets consistently demon-
strated the performance improvement of our proposed FedUCC, compared with

existing methods.

30



Market

Duke

(%)Azna0y T-quey

| =
,_ =
|
|
[ 2
| .
__
ﬁ
__ L g
__
_,_, &=
\
\
2 2 2 38 3% % 9 9
(9a)ARanaoy [-yuey
R=]
\ =2
m_ 8
w
|
_ =
_
__
ﬁ g
_ R
\
\
28 8 88 8 8 8 3

Epochs

Epochs

Cuhko3

Prid

L=
J =2
ra
re
i
F=
2 B g & & 5
(9a)ARanaoy [-yuey
| =
=
g
3
g
— K
N g ® w % o~ o

(%lAaeInaoy T-quey

Epochs

Epochs
Cuhk01

B A B

0 =2
(% A2RIn0Ty T-Huey

J

ﬁr_
|
/,

8

R B R 2R R g

(90}A220n020y T-quey

Epochs

Epochs

llids

3Dpes

| =
A =2
]
re
i
=
2 = @ F =
(9a)A0Ranaoy T-yuey
| =
=
W A
| a3
f
A =
=
28 8 8 8 8 %

(%lAoR1na0y T-quey

Epochs

Epochs

Stage | + 11+ 1

Stage | + 1l

Rank-1 accuracy curves on all datasets

Figure 3.4

31



Chapter 4

CCIT: Context and Camera
Invariant Transformer for

Federated Unsupervised Person

RelD

4.1 Introduction

Given the escalating concerns surrounding data privacy, federated learning has
emerged as an increasingly appealing approach in the context of Person RelD. It
enables the acquisition of a generalized central machine learning model through
collaborative feature learning across multiple clients, all without the need for di-
rect exchange of raw data. Federated learning shares abstract knowledge among
the clients based on the weights of local machine learning models (e.g. neural
networks). General federated learning schemes have been adopted for supervised
person RelD [82, 81, 65], whilst the statistical heterogeneity between data domains
of person RelD remains a challenge. Such domain-specific knowledge causes do-

main conflicts when sharing and aggregating the model weights, which results in
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sub-optimal performance. Thus, several studies are in pursuit of consistent local
modelling strategies among clients, such as synthesizing local images with cross-
domain styles [43] and adversarially regularising the image representations to be
domain-invariant [71]. Another approach introduces personalized models in addi-
tion to a global model to adapt it in accordance to the data distributions of local
clients. For example, meta-learning is adopted in the local adaptation stage [13]
and client-specific knowledge is encoded in auxiliary model weights [55]. However,
federated unsupervised person RelD has been seldom investigated, until recently
[81] explored conventional federated settings for this task.

In addition, these existing federated person RelD methods are all based on con-
volution neural networks (CNNs). They tend to rely more on local high-frequency
patterns, which leads to domain-specific modeling and negatively impacts cross-
domain global learning [48]. This is particularly the case for federated person RelD,
where the input images captured in different datasets may vary significantly re-
garding their local patterns due to geographical variations and different camera
settings, leading to serious non-IID (non-independent and identical distribution)
problems for federated learning. Recently, vision transformers have been shown to
learn image representations that are robust to domain variations [48], and therefore,
various strategies have been devised to better utilise image tokens, such as token
aggregation [39] and irrelevant tokens removal [70]. This motivates us to devise a
transformer-based method in pursuit of invariant image representations across client
domains for federated unsupervised person RelD.

In this chapter, a novel transformer architecture, namely context and camera in-
variant transformer (C?IT), is proposed for federated unsupervised person RelD to
deal with the non-IID problem. Overall, unsupervised contrastive learning is con-
ducted to formulate image representations, during which two token-based mecha-
nisms are introduced with the transformer to guide the representations to be discrim-

inative by focusing on person identity patterns. First, a context-invariant learning
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strategy regarding image contents is devised by associating semantic-similar tokens
into a number of clusters. It distinguishes the less informative cluster tokens (e.g.,
background objects) from the more informative ones (e.g., body regional patterns).
This enables disentanglement learning for the domain-specific irrelevant patterns to
obtain high-quality image-level representations. Second, a camera-invariant learning
strategy is further devised to reduce the intra-domain camera bias. A set of camera
tokens are introduced to characterise the cameras within a client. The image-level
representations are optimised to be of consistent similarities regarding all the cam-
eras of the client based on a uniformity loss. Comprehensive experiments on eight
public person RelD datasets demonstrate the effectiveness of the proposed method
with the state-of-the-art performance.

In summary, the contributions of this chapter are four-fold:

e A novel Context and Camera Invariant Transformer architecture is proposed
for the first time for federated unsupervised person RelD to alleviate the varied

data distribution issue for non-IID scenarios.

e A context-invariant learning scheme is devised in pursuit of disentangling the

irrelevant contents from image-level person RelD related representations.

e A camera-invariant learning scheme is devised to alleviate the impacts of var-
ious factors such as photography parameters and to obtain consistent image

representations.

e Comprehensive experiments and analyses are conducted on eight public datasets
to demonstrate the effectiveness and the state-of-the-art performance of our

method.
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Figure 4.1: Illustration of the proposed C2IT architecture for federated unsupervised person
RelD. (a) Federated setting between the central server and the clients. (b) The proposed context-
invariant and camera-invariant learning strategies with a vision transformer.
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4.2 Metholody

4.3 Federated Unsupervised Person RelD

In our federated person re-identification task, N clients are involved, which are
denoted as Ci,...,Cy. Each client C; has a local dataset D; = {x;;}, where z; ;,
j = 1,...,|D;l|, are the images. The objective is to obtain a deep learning model
vij = f(x;;|©), where © contains learnable weights and x; ; is an input image to
be represented with y; ; in a latent space. The latent representations can be used
to identify a person in different images based on their similarity. This model is
expected to work for all datasets D = |J, D;, whilst the training procedure should
not reveal the raw data on each client to others. Thus, a server-client paradigm is
adopted to aggregate and exchange knowledge across clients in a federated learning

setting. The exchange is set to be conducted in R rounds in this study.

Learning on Server

The responsibility of the central server is to coordinate the knowledge aggregation
process. We follow the standard FedAvg [45] pipeline as illustrated in Figure 1 (a),
which distributes the global model towards all the clients, collects optimized client
models to the server side and aggregates the weights of client models to obtain a
new global model. The total number of rounds R is based on the global model
convergence regarding all the client datasets or predefined criteria. Particularly, for
the r-th round, » = 1, .., R, the knowledge is the weights from the local models of
all the clients: f/(z|®7), i = 1,...,N, where f! is a local model updated with the
dataset on the i-th client during the r-th round and ®] contains the corresponding
model weights. Mathematically, in accordance with the data volume per client, we

have:

ZN D)
r+1 __ i r
=1
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where ©"! is the updated global model weight and to be distributed to local clients
in the (r + 1)-th round. Note that, due to the forbidden access to the client
datasets, this server-side update can be sub-optimal when simply using the local

model weights.

Learning on Clients

For the local model optimization on the client side, once the i-th client obtains the
global model from the server, a local training on f7(z|®) is conducted by following
the pipeline of a standard unsupervised learning procedure, i.e. FedAVG [45]. Ini-
tially, for images x; ;, the pseudo labels are generated based on their representations
Y;.j, which are clustered into K groups. The ones within the same cluster have the
same pseudo-label. Next, a memory-based cluster contrastive learning algorithm is
adopted to optimize the feature representations and their clusters iteratively [7].
First, cluster centroid representations are formulated as the average of the im-
age features y; ; within each cluster, and a memory bank is formulated by storing
the centroid representations of all the clusters: ¢; 1, ..., ¢, ..., ¢; k. Particularly, we
denote k; ; to represent the clustered index associated with y; ;. Second, a cluster
contrastive learning aligns image features y; ; to the corresponding cluster feature.
In detail, given the image feature y; ;, a cluster-contrastive loss optimises f/ (z; ;|©7)
to minimise the distance between y; ; and its cluster centroid, whilst maximising its

distance to the rest cluster centroids:

. eXp(yij'Cik:i-/T)
c ed = —1 g~ Tk
argelglln unsupervised 0og Zk exp (yi,j ] Ci,k/'r)’

where 7 is a temperature parameter.
Finally, based on the optimised image features, the corresponding cluster feature

vectors ¢ (i, 7) in the memory bank are updated as:

Ci,ki,j < )‘ci,ki,j + (1 — )\)ym-, (43)
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where A\ € [0,1] is a hyper-parameter controlling the update pace of the cluster
feature.

Note that the variables such as y;; are associated with federated rounds and
iteration steps. For convenience, we omit these indications in the symbol definitions

and similar practices are with the following discussions.

4.4 Context and Camera Invariant Transformer

Vision transformers [10] are adopted for Person RelD in this study, which involves
patch-based token formulation for visual patterns. Specifically, an image z;; is
segmented into a set of P fixed-size patches. These patches are then forwarded

through a linear projection mapping and positional encoding to obtain the initial

1 P tr

ijo o bijs s t ;o In addition, a learnable image-

patch tokens, which are denoted as ¢
level initial embedding token tfg‘b is attached to the beginning of the patch-based
image token sequence. The output corresponding to this token is used as the image-

level embedded representation yfffb. In summary, the input of the transformer can

be denoted as T;; = {7, t;,,...,t;,,...,t[;}; and the output tokens from the
transformer are denoted as Y;; = {y5™, u!;, .., 40,y -

4.4.1 Context-Invariant Learning

Contextual information refers to various image contents that are not closely relevant
to the Person RelD task, such as background objects, which could negatively im-
pact the person RelD performance. Therefore, we propose a context disentangling
strategy to remove such information with a context token in the transformer, whilst
the remaining tokens are expected to focus on the discriminative hints for person
ReID. The learning module consists of three steps: token clustering & cross-patch

merging, context token identification and context noise disentanglement.
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Token Clustering & Cross-Patch Merging

Token clustering is to associate similar tokens that contain similar semantic regions
(e.g, background objects, body regions) and cross-patch merging is to collectively
aggregate the tokens within the same region.

The token clusters are obtained with the commonly used Density Peaks Clustering
method which is based on the K nearest neighbours (DPC-KNN) [11]. On the i-th
client, all the patch-based tokens tf’ ; of the j-th image are first evaluated regarding
the suitability to be the KNN centroids under two metrics: local density and dis-
tance indicator. The local density value p; ; is obtained according to its K-nearest

neighbours:

2

, (4.4)

P p
Yij — Yiy

Pij = €Xp —% Z ‘

l ERXNN (o)

2

where KNN(yﬁ j) denotes the K-nearest neighbours of token y; ; regarding the dis-
tance between vectors.

Then, for a token tiz ;» a distance score 0; j is computed as the minimal distance to
a token with higher local density. It indicates the isolation degree of a token, where
a higher score suggests that it can form a cluster. Note that the score of the token
with the highest density is the maximal distance between the token and any other
tokens. In detail, we have:

HliIlj/:pj/>pj ||yi,j — yi,b”g ,le| b s.t. Pib = Pijs

57;7]' = (45)

max; ||yi; — yij|l,, otherwise .

The local density and the distance indicators are merged to evaluate the overall
score of each token, via multiplication as p;;0; ;. A higher final score indicates a
higher potential as a cluster centroid.

Finally, V' tokens are selected as cluster centroids with the top-V"’ highest scores

and the rest tokens are assigned to their nearest cluster centroids. For the v-th
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cluster, a cross-patch token g;; can be merged with the average of yf’ ; within the

cluster.

Context Token Identification

The cross-patch token with the least person RelD related context is treated as the
context token. It is identified by measuring the distance between the cross-patch

tokens and the embedding token. Specifically, we have:

* emb
?}17 = arg max ||y

(4.6)

i,sz’

context l J

and y; =y, ;" is denoted as the context token.

Context Noise Disentanglement

With the obtained context tokens yconte"t a disentanglement scheme is introduced to
minimise the context’s impacts on person RelD. In detail, a triplet loss is formulated
to draw closer to the image-level representations of the images from the same person

and push away them with the context tokens. Specifically, each triplet is composed

emb emb context

of three samples: y;7, yi'” and y;”"", where yemb is a positive image token with

context

the same pseudo-label as yemb and y; is any context token within a dataset or

a batch:
Lecontext = [max Hyemb yzel(_ril_b”2 _
- (4.7)
min_[Jy7" — g, + ol

i,5

where « is a predefined margin and [-]; denotes the function max(-,0).

4.4.2 Camera-Invariant Learning

Another challenge for person RelD is to address the visual variations between cam-

eras caused by various factors such as view angles and photography parameters
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and conditions. Such variations exist in both intra-domain and inter-domain cam-
eras. To address this challenge, a camera-invariant learning strategy is proposed to
explicitly formulate camera representations and reduce their impacts on obtaining

effective image-level representations.

Camera Tokens

Camera tokens formulate camera specific information. Initial camera tokens are

tcamera,l tcamera,Qi

introduced for an image x; ;: t;; ot . Each #;77""" is an initial repre-

sentation regarding the j-th camera of the total ); cameras on the i-th client. Note
that the camera capturing image x;; is denoted as ¢; ;. The transformer encodes

camera, 1 camera,Q;

them as y;

» s Yi g , which are further optimised to align the image repre-

sentations of the same camera towards a shared representation and keep the inter-
camera representations apart from each other. Specifically, a camera contrastive

loss is introduced:

o . camera,q; ; camera,q; ./
Ecamera - [ Iﬂ_lIl 1,7 - i,j
qi,5=4; 5 2 (4 8)
camera,q; ; camera,qm-//
max ;o = Y + 81+,
%‘,j?éqi,j// 2

where the first term minimises the distance between the given image and other im-
ages captured by the same camera, the second term maximises the distance between
the given image and the images captured by different cameras, and [ is a predefined

margin.

Camera-invariant Image Representation

The camera tokens are used to guide the image-level embedding tokens to be cam-
era agnostic. This is achieved by enforcing the embedding token with consistent
similarity towards all camera tokens, which helps alleviate the issue of camera bias.

First, the dot product similarity is adopted to measure the embedding token with
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all camera tokens:

camera,q __ , emb camera,q o
Sij =Yij " Yij q=1,..,Q; (4.9)

where s;;"“ 7 indicates the similarity between the image representation y; ; and the
g-th camera in the ¢-th client.

Then, in pursuit of consistent similarity, we introduce the following optimisation:

arg min Lpiform = — log(s;%""™9), 4.10

30 Y los(s7 ) (110
i i a

which uniformly maximises the similarity regarding to the similarity values with

every camera.

4.5 Experiments and Discussions

4.5.1 Experimental Settings

Datasets. We evaluated our proposed method with eight commonly used public
datasets as shown in Table 3.1, including DukeMTMC-ReID [50], Market1501 [76],
CUHKO03-NP [35], PRID [26], CUHKO1 [34], VIPeR [21], 3DPeS [2] and iLIDS [62].
Each of them is treated as an individual dataset held by a client in the federated
learning paradigm. Note that these datasets were collected at different geographical
locations, so they are statistically heterogeneous as in the general assumption of fed-
erated learning. Two commonly used metrics are adopted to evaluate our proposed
method: Rank-1 accuracy and mean average precision (mAP) [81].

Implementation details. We constructed the client models based on ViT-S, which
was pre-trained on LUPerson [16]. We resized all person images to 256 x 128 and
conducted data augmentations on training images with random horizontal flipping,
padding, cropping and erasing. Each image was then split into 128 patches and
projected into feature tokens in a 386-dimensional space. We set the batch size to

64 with 4 images per pseudo-label. An Adam optimizer was adopted with an initial
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learning rate 0.0065: a consistent learning rate was used for domain adaptation pre-

training and a weight decaying parameter 0.1 for every 40 federated training rounds

was used for the context-invariant learning. We empirically set the temperature

hyper-parameter 7 as 0.

05.

Table 4.1: Overall performance with ablation studies on eight person RelD datasets.

Methods Duke Market CUHKO03 PRID

Metric (%) R1 | mAP|| R1 | mAP|| Rl | mAP|| Rl | mAP

FedURelID 51.0 | - 65.2 | - 89 |- 38.0 | -

Baseline (ViT-S Backbone) || 82.0 | 69.6 || 94.3 | 87.0 || 68.3 | 63.9 | 83.9 | 86.2

Baseline + Context-IL 81.8 | 69.8 || 94.4 | 86.8 || 69.2 | 65.2 || 86.9 | 88.9

Baseline + Camera-IL 81.3 | 69.1 || 94.3 | 86.1 || 67.5 | 63.9 || 8.9 | 87.7

C?IT (Ours) 82.3|70.0(94.2 | 87.1| 71.2 | 66.3 | 86.9 | 88.8
Methods CUHKO1 VIPeR 3Dpes iLIDS Avg
Metric (%) R1 | mAP|| Rl | mAP|| Rl | mAP|| Rl | mAP|| Rl | mAP
FedUReID 43.6 | - 26.6 | - 65.3 | - 73.5 | - 46.5 | -
Baseline (ViT-S Backbone) || 91.6 | 89.5 || 56.3 | 60.8 || 85.3 | 77.6 || 82.8 | 75.8 || 80.6 | 76.3
Baseline + Context-1L 91.1 | 88.8 || 56.6 | 61.3 || 86.2 | 77.1 || 85.5 | 77.2 || 81.5 | 76.9
Baseline + Camera-IL 90.6 | 88.8 || 55.6 | 60.7 || 86.2 | 77.5 || 85.5 | 77.2 || 80.9 | 76.4
C2IT (Ours) 1.5 | 89.5 | 56.3 | 61.4 | 85.7 | 77.9 | 87.3 | 78.3 | 81.9| 77.4

4.5.2 Overall Performance

In Table 4.1, our proposed method is compared with the existing unsupervised

federated RelD method FedUReID [81]. On DukeMTMC-relD and Market1501,

which are the two largest datasets, the proposed method achieves 81.8%, 94.4%

Rank-1 accuracy, respectively. It significantly outperforms FedUReID with 51.0%,

65.2% Rank-1 accuracy on the two datasets, respectively. More importantly, more

significant improvements can be observed on smaller datasets. For example, the

performance on CUHKO3 is boosted from 8.9% to 71.2% on Rank-1 accuracy when

comparing C?IT with FedURelID. Other datasets also demonstrate the effectiveness

of the proposed method, which increases the average Rank-1 accuracy by 35.4%

compared with FedUCC.
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Figure 4.2: t-SNE analysis on (a) baseline and (b) C?IT; and (c) the images of ID-1 (in red)
contain diverse background contents and a general modelling strategy results in two distant
clusters.

4.5.3 Ablation Study on Context-Invariant Learning

To demonstrate the effectiveness of the proposed context-invariant learning mech-
anism, the results of ablation studies are shown in Table 4.1. Compared with the
baseline method (ViT-S) not involving the proposed two learning mechanisms, our
proposed method increases the average Rank-1 accuracy over all eight datasets with
an average from 80.6% to 76.9%. In particular, PRID has improved the Rank-1 ac-
curacy from 83.9% to 86.9% and iLIDS from 82.8% to 85.5%. Performance improve-
ment is also observed on other datasets, compared with the baseline. The different
levels of performance improvement indicate the level of cluttered background infor-
mation that influences the retrieval of a person’s feature. On Duke and CUHKO1,

however, there was a slight decrease in terms of Rank-1 accuracy from 82.0% to
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Figure 4.3: Multinomial logistic regressions for camera identification.

81.8% and 91.6% to 91.1%, respectively. This is due to the issue of optimization
instability. That is, the unsupervised learning model tends to have fluctuated per-
formance given the image label change across federated training rounds. Overall,
the average accuracy increase indicates the effectiveness of our context-invariant
learning strategy.

In addition, t-SNE [59] analysis is conducted to analyse the distributions of the
obtained image-level representations. Image representations of 6 IDs are selected for
visualisation as shown in Figure 4.2. Compared with the baseline model, context-
invariant learning derives a more separable inter-ID distribution. Specifically, the
ID-1 associated images (in red dots) are distributed closely under the context-
invariant learning, whilst the baseline method represents them into two distant
clusters. This is consistent with the ID-1 associated images as shown in Figure 4.2
(c), where two major visual discrepancies regarding the background contents can
be observed: the crowd scenes contain irrelevant information about body parts of
other people and the single-person scenes at another location contain a billboard.
The proposed context-invariant learning mechanism successfully disentangles these

irrelevant patterns.
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4.5.4 Ablation Study on Camera-Invariant Learning

As shown Table 4.1, with the camera-invariant learning strategy, the average Rank-
1 accuracy is effectively increased from 80.6% to 80.9%. Specifically, the perfor-
mance on PRID is increased, where the rank-1 accuracy is from 83.9% to 85.9% and
on iLIDS increased from 82.8 to 85.5%. To further demonstrate the effectiveness
of camera-invariant learning, multinomial logistic regression is conducted to dis-
criminate the cameras on the obtained image feature representations per the eight
datasets for the baseline and C?IT. As the top-1 accuracy illustrated in Figure 4.3,
compared with the baseline, the camera-invariant representations have less capabil-
ity to classify themselves with the camera labels as expected. Such effects are more
obvious with the clients with more cameras (e.g., Market - 6 cameras and Duke -
8 cameras). Specifically, two examples in Duke dataset are illustrated in Figure 4
with their normalised similarity values between camera tokens and image represen-
tations. Figure 4 (a) is captured with camera 1 and (b) is with camera 7. Fewer
similarities can be observed between the image representations and their associated

cameras under C*IT compared with the baseline.
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4.5.5 Qualitative Analysis

In Figure 4.5, we demonstrate the retrieval results of our proposed methods with
the baseline and ablation settings: 1) a conventional unsupervised federated baseline
with transformer backbone, 2) the baseline with the context-invariant learning strat-
egy and 3) the baseline with the camera-invariant learning strategy. Particularly,
three sample queries were selected from the Duke, Market, and iLIDS datasets, of
which the sizes are large, medium, and small, respectively.

Though the baseline method is able to formulate discriminative representations
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to some extent, the environmental variations still impact its capability to identify
the most informative features from the foreground pedestrian regions. For example,
as shown in Figure 4.5 (a), the 10-th retrieved image of the same person has a lower
confidence score than two negative images. This is largely due to the background
difference, specifically, the color and texture of the bricks in the retrieved image being
different from the query image. Similarly, for the query from Market, the retrieved
images tend to have a similar chaotic background within the upper region, especially
for the negative samples, which match the background visual patterns of the query
image. Our proposed context-invariant learning strategy successfully addresses the
issue of irrelevant context similarity by reducing the importance of these regions
and focusing on the tokens associated with the pedestrian body. As a result, in
Figure 4.5 (a), the negative samples have decreased priorities and the positive ones
have diverse backgrounds. Similarly, the query from Market shown in Figure 4.5
(b) has successfully retrieved other back-view snapshots with a cleaner background.
In Figure 4.5 (c) the results for the query from iLIDS also demonstrate a similar
conclusion, where the partially occluded query image can successfully match with
another occluded snapshot ranked at the 10-th.

The retrieved results with the camera-invariant learning strategy are also visu-
alised, where the retrieval quality on the Market and Duke datasets has improved
in terms of the quantity and ranking of the positive samples compared with the
baseline. Lastly, the combination of the two strategies has further refined the image
retrieval results for better performance. In all three retrieval examples, our proposed
method obtains the most relevant results in terms of the number of positive samples

and their ranking.
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4.6 Summary

In this chapter, we present a novel transformer based deep learning method - C2IT to
address the cross-domain statistical heterogeneity in federated unsupervised person
RelID. C%IT consists of two key learning strategies in pursuit of context and camera
invariant pedestrian image representations. Context-invariant learning helps reduce
the irrelevant contents in image-level representations, and camera-invariant learning
formulates consistent representations alleviating the impacts caused by different

camera settings.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

This thesis investigates the challenging problem of unsupervised Person RelD by
devising federated learning schemes to enable collaborative training on multi-source
datasets to reduce the risks of privacy leakage. Federated Person RelD, compared
with general federated learning, suffers from a more severe non-IID issue, resulting
in the aggregated model not only fluctuating significantly in performance but also
showing inferior performance than locallt trained models. The objective of this
thesis is to improve the aggregated model’s capacity to acquire general and robust
features across diverse environments while preventing it from over-fitting with the

domain-specific patterns. The contributions are summarised as follows:

1. A three-stage learning strategy is studied with coarse-to-fine feature learning,
exploiting patch-level representation learning to enhance cross-client consensus

learning.

2. A Context and Camera Invariant Transformer architecture is presented for
learning context-disentangled Person RelD representations to alleviate the var-

ied data distributions across clients.
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5.2 Limitations & Future Directions

The scope of future studies can be expanded to include, but is not limited to, the

following aspects:

e During clustering, a small number of images in each cluster are considered
outliers and are discarded to reduce their negative impacts. However, this
practice may ignore the important information contained in these images. In
fact, outlier images can often exhibit unique features and characteristics that
are not present in the clusters. By a proper strategy to further modelling
with them, Person RelD is expected to have the potential to achieve a better

representation diversity.

e The camera related information is still remained within the final image rep-
resentations as indicated in Figure 4.4, though the proposed mechanism de-
creases them to some extent. The ideal case is that the cameras can not be
differentiated with the obtained representations. Thus, an adversarial learning
strategy can be studied for the camera-invariant learning in the future. The
challenge for an adversarial design is that adversarial learning under the fed-
erated setting can be more difficult when exchanging local knowledge across
clients. Moreover, the current practice of process the camera tokens is within

their own clients, and explicit cross-client strategies can be further considered.

e Exchanging the model weights, which has been commonly used as the cross-
domain knowledge under a federated setting, can lead to personal sensitive
information leakage as suggested in some recent studies(e.g., [3]). Stricter
learning protocols for privacy preserving purposes such as differentiable pri-

vacy [80] should be considered for federated person RelD.
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