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ABSTRACT

GRAPH-BASED HIERARCHICAL TRACKLET MERGE FOR MULTIPLE
OBJECT TRACKING

Bilgi, Halil Çağrı

M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. A. Aydın Alatan

April 2024, 82 pages

The past decade has seen significant advancements in multi-object tracking, particu-

larly with the rise of deep learning. However, many studies in online tracking have

primarily focused on enhancing track management or extracting visual features, of-

ten leading to hybrid approaches with limited effectiveness, especially in scenarios

with severe occlusions or crowded scenes. Conversely, in offline tracking, there has

been a lack of emphasis on robust motion cues. This thesis proposes a novel solution

to offline tracking by hierarchically merging tracklets, leveraging recent promising

learning-based architectures. Our approach integrates motion cues and social inter-

actions among targets using a joint Transformer and Graph Neural Network (GNN)

encoder. The proposed solution is an end-to-end trainable model that does not require

any handcrafted short-term or long-term matching processes. By representing track-

lets across multiple frames using a graph structure, we enable collective reasoning

of targets across different timestamps, leveraging advancements in graph representa-

tion learning. Furthermore, the Transformer encoder effectively captures the motion

of each tracklet. By enabling bi-directional information propagation between these

modalities, namely Transformer and GNN, we allow motion modeling to depend on
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interactions and, conversely, interaction modeling to depend on the motion of each

target. Experimental results demonstrate the effectiveness of our approach, indicating

that graph representation learning equipped with a joint Transformer encoder achieves

results comparable to the state-of-the-art algorithms. These promising results empha-

size the potential of the joint Transformer-GNN encoder architecture in multi-object

tracking.

Keywords: Multi-object Tracking, Offline Tracking, Graph Representation Learning,

Graph Neural Networks, Transformer
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ÖZ

ÇOKLU HEDEF TAKİBİ İÇİN ÇİZGE TABANLI HİYERARŞİK İZ
BİRLEŞTİRME

Bilgi, Halil Çağrı

Yüksek Lisans, Elektrik ve Elektronik Mühendisliği Bölümü

Tez Yöneticisi: Prof. Dr. A. Aydın Alatan

Nisan 2024 , 82 sayfa

Geçtiğimiz on yılda, özellikle derin öğrenmenin yükselişiyle birlikte çoklu nesne ta-

kibinde önemli ilerlemeler görüldü. Bununla birlikte, çevrimiçi izlemeyle ilgili birçok

çalışma öncelikli olarak iz yönetimini geliştirmeye veya daha etkin görsel özellikleri

çıkarmaya odaklanmıştır; bu da özellikle yoğun görsel örtmelerin veya kalabalık sah-

nelerin olduğu senaryolarda genellikle sınırlı etkililiğe sahip hibrit yaklaşımlara yol

açmaktadır. Bunun yanında, çevrimdışı izleme metodları etkin iz yönetimine genel-

likle gereken önemi vermemiştir. Bu tez, son zamanlarda etkili olduğu gözlemlenen

öğrenmeye dayalı mimarilerden yararlanarak, hedef izlerini hiyerarşik olarak birleşti-

rerek çevrimdışı çoklu hedef takibine yeni bir çözüm önermektedir. Yaklaşımımız, or-

tak bir Transformer ve Çizge Sinir Ağı (Graph Neural Network) kodlayıcı kullanarak

hedefler arasındaki hareket ipuçlarını ve sosyal etkileşimleri entegre eder. Herhangi

bir varsayıma dayalı kısa veya uzun vadeli eşleştirme süreci gerektirmeyen, uçtan uca

eğitilebilir bir modeldir. Önerdiğimiz model bir çizge yapısı kullanarak çoklu çerçe-

velerdeki hedef izlerini temsil eder, ve farklı zaman damgalarındaki hedeflerin kolek-

tif olarak ele alınmasına olanak tanır. Ayrıca Transformer kodlayıcı, her bir hedefin
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hareket karakteristiğini etkili bir şekilde modellenmesine olanak tanır. Transformer

ve GNN mimarileri arasında çift yönlü bilgi akışını etkinleştirerek, hareket model-

lemenin etkileşimlere bağlı olmasına ve bunun tersine etkileşim modellemenin de

her hedefin hareketine bağlı olmasını sağlıyoruz. Deneysel sonuçlar, yaklaşımımızın

etkinliğini ortaya koymakta ve ortak bir Transformer kodlayıcı ile donatılmış GNN

mimarisinin, en son teknoloji algoritmalarla karşılaştırılabilir sonuçlar elde ettiğini

göstermektedir. Bu umut verici sonuçlar, çoklu nesne takibinde ortak Transformer-

GNN kodlayıcı mimarisinin potansiyelini vurgulamaktadır.

Anahtar Kelimeler: Çoklu Hedef Takibi, Çevrimdışı Hedef Takibi, Çizge Temsili Öğ-

renme, Çizge Gerin Öğrenme
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem De�nition

The Multi-object tracking (MOT) involves the joint localization and tracking of each

object in a scene, assigning each object a unique ID. The recent decade has witnessed

signi�cant development and advancement in multi-object tracking, especially with

the advent of the deep learning. The methods and algorithms developed during this

time have become exceptionally powerful. With the increasing availability of com-

puting resources, these algorithms have found extensive applications in diverse �elds,

including autonomous driving, surveillance systems, sports analytics, and numerous

others.

Most state-of-the-art multi-object tracking algorithms [13, 9, 14, 15, 16] have adopted

the tracking-by-detection paradigm to address the multi-object tracking problem, es-

pecially with the advent of powerful object detectors [17]. In the tracking-by-detection

approach, the initial step involves detecting every object in each frame of the scene

using a robust, pre-trained object detector. Subsequently, the tracking process focuses

on associating these detected bounding boxes across the temporal domain to extract

plausible target trajectories. This temporal association is performed eitheronline, on

a frame-by-frame basis in real-time, orof�ine, where the entire video sequence is

available from the beginning. In both cases, the problem of MOT involves data asso-

ciation, where multiple observations (or tracks) need to be assigned to multiple active

object tracks to optimize some global criterion of choice. The task is challenging

on its own due to missing or false detections, occlusions, and interactions between

objects. In order to overcome those challenges, strong motion and visual models are
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required for long-term tracking.

To develop robust motion models, recent studies have embraced Kalman-�lter-based

approaches [18, 14, 5, 19]. These models are employed for real-time tracking of mul-

tiple objects, optimizing the matching cost between observations and the predicted

positions of each object on a frame-by-frame basis. Nevertheless, in crowded scenes,

these models often encounter challenges, particularly when faced with severe occlu-

sions or arbitrary movements resulting from interactions among objects. In order

to address some of these challenges, researchers have equipped these models with

learned visual cues. This involves utilizing pre-trained CNN architectures to extract

visual descriptors of the target [20], or employing Siamese networks trained to cap-

ture similarities between different poses of the same target [21] to recover the lost

tracks. Notably, a recent study [22] suggests that even a simple linear motion model

can perform comparably to state-of-the-art trackers, especially when equipped with

robust visual cues which signi�es the importance of the visual ques. On the other

hand, the research also implies that using complex motion models (Kalman-�lters)

independently for each target in the scene does not lead to improved results. This

is because such models lack the capability to capture the interactions between the

targets in the scene.

Apart from those real-timeonline trackers, there is another line of research where

the data association is formulated as a graph partitioning problem [23, 24, 8, 9]. In

this graph formulation the detections are represented as nodes and the connections

between nodes are represented as edges of the graph. The graph partitioning task

can be described as classifying edges as active or inactive where former means the

nodes (detections) connected by that edge belongs to the same target hence forms a

trajectory, later means they belong to different targets. In previous methods, the graph

partitioning problem is typically addressed using complex optimization methods that

aim to minimize the global cost of matching [23] and [24]. However, in recent ap-

proaches, GNN models are employed to solve the optimization problem, introducing

the use of learnable models [8].

In literature there are also some algorithms which jointly perform the detection and

multi-object tracking where some of them use tracking-by-regression by altering the
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detection heads and regressing them in an online manner [25], some of them formu-

late MOT as a set prediction problem [26].

In light of this background, our study proposes a novel approach for modeling target

motion. We utilize a joint transformer and Graph Neural Network (GNN) encoder to

incorporate both the motion of individual targets and the interactions between targets

in the scene. The model is inspired from a recent work on large language models

(LLMs) �ne-tuning [11], where they �ne-tune the LLM model using two different

data modalities such as text and knowledge graph. By allowing bidirectional infor-

mation propagation between the transformer encoder and GNN they argue that the

text can reason with structured information given the knowledge graph and also the

knowledge graph can reason with rich context given the text data. With the adaptation

of the joint encoder formulation, the dynamics of multi-object tracking are learned di-

rectly from the data using a hierarchical approach, as proposed in works such as [9]

and [16].

1.2 The Outline of the Thesis

The goal of this thesis is to model the motion of the targets in the scene using a joint

encoder comprising a transformer and a GNN. The transformer handles the motion

of each trajectory independently, while the GNN facilitates communication among

different targets to collectively understand their motion patterns.

For this purpose, we �rst review the preliminaries of the graph representation learn-

ing in Chapter 2 in order to familiarize the reader with the GNN model used in the

proposed framework. We introduce the general GNN formulation within the Message

Passing Framework to demonstrate how information propagation on graph- structured

data can be formalized through neighborhood aggregation. Moreover, in Chapter 2,

the formulation of the Transformer architecture is presented, drawing an analogy be-

tween fully connected graphs and Transformers. At the end of that section, examples

of downstream tasks are presented to illustrate how those learned representations are

utilized.

In Chapter 3, a thorough and up-to-date review of the literature on Multiple Object

3



Tracking (MOT) methods is conducted. The shortcomings of the existing methods

are analyzed and discussed. In Chapter 4, we introduce a new framework based on

joint transformer and GNN architecture. We justify the contributions of the proposed

method through experimentation on real-world datasets, comparing our model with

state-of-the-art multi-object trackers.

Finally, in Chapter 5, the thesis is summarized by discussing the contributions and

comparisons revealed through the experimental results.
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CHAPTER 2

AN OVERVIEW OF GRAPH REPRESENTATION LEARNING

2.1 Introduction

This chapter aims to provide a brief overview of recent machine learning techniques

and methods developed for graph-structured data by introducing fundamental con-

cepts and preliminaries. In recent years, a growing interest in graph representation

learning has led to the emergence of numerous methods and algorithms designed to

exploit the inherent relational structure within certain data modalities. With convolu-

tional neural networks marking signi�cant milestones in machine learning, the next

signi�cant leap forward is occurring in graph representation learning. This shift is

propelled by the recognition that graphs, unlike ordered data structures such as grids

or sequences, abound in many datasets we generate or consume. As a result, various

types of data can be reduced to simple entities connected by relationships, allow-

ing them to be represented as graphs. This approach has made learning distinctive

features from these graph structures a key focus in machine learning research.

While certain data modalities may not naturally form a graph in their underlying

structure, leveraging the dynamic and �exible nature of graph structures through the

use of heuristics and distance-based methodologies allows the creation of connections

among different entities within the underlying data manifold, effectively forming a

graph. This approach enables the exploitation of information propagation between

entities, thereby aiding in the discovery of an appropriate structure to represent the

underlying data manifold and apply machine learning methods effectively.

Similar to any other deep learning architecture, the primary objective of Graph Neural

Networks (GNN) is to ingest and derive useful high-level representations of the infor-
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Figure 2.1: Graph Convolutional Network illustration [2]

mation contained in the raw features of graph-structured data given as input. These

learned features are then utilized in downstream tasks. An illustration is provided in

Figure 2.1.

In this chapter, we begin by introducing the general GNN formulation within the

Message Passing Framework to demonstrate how information propagation on graph-

structured data can be formalized through neighborhood aggregation. The theoretical

foundations of such models are emphasized in Appendix A. As we approach the end

of the chapter, we draw a comparison between graph representation learning and the

transformer architecture. Finally, we explore the practical applications of the acquired

discriminative features in tasks such as node classi�cation and edge prediction.

2.2 Message Passing Neural Networks

Gilmer [27] introduced a general framework for designing GNNs, unifying existing

GNN models into a single common framework called Message Passing Neural Net-

works (MPNNs). MPNNs offer a �exible formulation capable of generating various

models based on two key components: (1) the message function and (2) the aggrega-

tion function (vertex update function). These MPNN models are applicable to graphs

with node and even edge features, without signi�cantly increasing computation and

memory complexity.

Let G(V; E) is a undirected graph, with node featureshi 2 Rd and edge features
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eij 2 Rk , during each message passing phase the hidden statesh(t )
i of each node are

updated based on the messagesm(t )
i of its neighboring nodes [27].

m(t+1)
i = f M t (h

(t )
i ; h(t )

j ; e(t )
ij ) j j 2 N (i )g

h(t+1)
i = U t (h

(t )
i ; m(t+1)

i )
(2.1)

The message functionM t is a learnable and differentiable function, while the aggre-

gation functionUt operates over multi-sets since messages coming from neighboring

nodes form a multi-set. Consequently, permutation-invariant functions—such as sum,

mean, and max— are preferred as an aggregation function to preserve the inductive

bias of the model [28], ensuring that the order of neighbors does not affect the out-

come. However, learned differentiable functions can also be utilized in this context.

The design of both functions can be adjusted according to the speci�c task require-

ments. Additionally, in Equation 2.1, the utilization of edge features is limited to

the message computation. However, this formulation can be expanded to update the

hidden states of the edge features as well.

Figure 2.2: Example of Message Passing Scheme.

An illustrative example, depicted in Figure 2.2, clari�es this concept. On the left side,

we observe a simple input graph, and the aim is to propagate information throughout

the graph and subsequently updating the hidden states of individual nodes. This up-

date process is demonstrated for the target nodeC in the right-hand �gure. In Figure

2.2, neighboring nodes ofC transmit messages with message function, which are then

aggregated with aggregate function, resulting in the update of vertexC. Note that in

each message passing phase, both functions,M t andUt , are shared across the entire

graph. Just like in CNNs, the �lters are shared across locations but also well localized
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in the graph domain.

In the following subsections, we will review some of the most widely utilized models,

exploring their contributions and delving into their formulations.

2.2.1 GCN

In this subsection, the formulation of the Graph Convolutional Network (GCN) [2]

model in the MPNN framework is provided. In this formulation the convolutional

�lters are well localized across the graph, and shared among different locations.

m(t+1)
i = f h(t )

j W (t ) j j 2 N (i ) [ ig

h(t+1)
i = �

� X

j 2N (i )[ i

1
p

di
p

dj
m(t+1)

j

� (2.2)

whereW (t ) is the learned differentiable weight matrix oft th message passing phase,

anddi is the degree of nodei . Equation 2.2 shows how the state of a node is updated

in one GCN layer. The convolutional �lters used are well localized and shared across

the graph.

2.2.2 GAT

Graph Attention Network (GAT) [3] represents an extension of the attention mecha-

nism into message-passing neural networks designed for graph-structured data. Since

its initial proposal in the machine translation domain by [29], the attention mecha-

nism has played a dominant role in various �elds, yielding successful applications.

The transformer architecture, as introduced by [4], exclusively employs attention in

each layer, marking its signi�cance not only in natural language processing but also

in various other application domains [30, 31, 32, 33].

GAT [3] proposes to compute the hidden states of each node in the graph by attending

to its 1-hop neighbors, employing a self-attention strategy. An illustration of one GAT

layer is provided in Figure 2.3. During the message-passing phase, the node update
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Figure 2.3: Graph Attention Network illustration [3]

is executed for each node through a weighted sum of messages from its neighbors in

the graph. The message and aggregation functions are formulated as follows:

m(t+1)
i = f h(t )

j W (t ) j j 2 N (i ) [ ig

h(t+1)
i = �

� X

j 2N (i )[ i

� (t )
ij m(t+1)

j

� (2.3)

In Equation 2.3, the node aggregation function updates the state of the node through

a weighted sum of the messages received from its neighbors. The attention weights

for these messages are calculated in each message-passing phase (the subscript(t) is

omitted for simpli�cation) as follows:

� ij =
exp

�
�

�
aT [W hi jjW hj ]

��

P
k2N (i ) exp

�
�

�
aT [W hi jjW hk ]

�� (2.4)

wherejj is concatenation operation, the attention mechanism is a single-layer feedfor-

ward neural network, parametrized by a weight vectora 2 R2d0
. The attention coef�-

cient is computed exclusively for node pairs connected within their 1-hop neighbors.

These attention coef�cients are normalized among the neighbors for each node using

the softmax function. This formulation can also be extended tomulti-head attention,
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as presented in [4], whereK independent attention mechanisms execute the transfor-

mation of (2.3), an illustration of multi-head attention (with K = 3 heads) is given in

the right hand side of Figure 2.3.

However, one of the shortcomings of this formulation is that for any query node, the

attention function ismonotonicwith respect to the neighbor (key) scores, as discussed

in [34]. The main problem that limits the expressive power of the GAT model is that

the layersW anda are applied consecutively, and thus can be collapsed into a single

layer.

� ij =
exp

�
aT �

�
W [hi jjhj ]

��

P
k2N (i ) exp

�
aT �

�
W [hi jjhk ]

�� (2.5)

Brody et al. [34] proposed that changing the order of operations in the original GAT

formulation, Equation 2.5, allows for a more expressive model representation, lever-

aging the universal approximation theorem of multi-layer perceptrons. This new

model is known as GATv2 [34]. In our proposed method, presented in Chapter 4,

we opted to use a similar formulation to GATv2 model.

2.2.3 GraphSAGE

The models discussed in the previous subsections, require all nodes of the graph to

be present during the forward pass. However, these formulations are impractical for

real-world large graphs as they might not �t into the GPU memory. Additionally,

since they operate on complete graphs, they inherently exhibittransductivebehavior.

This results in a drop in performance when new nodes are added to the graph or when

the model is applied to previously unseen graphs. Moreover, to compute the hidden

states of newly added nodes, the entire graph needs to be fed to the model, leading to

excessive computations each time a new node is introduced.

To overcome the aforementioned limitations Hamilton [12] proposed a generalin-

ductiveframework that utilizes node feature information to ef�ciently generate node
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embeddings for previously unseen data by learning a function that samples and aggre-

gates features from a node's local neighborhood. Therefore, instead of using the full

graph to train the model, they perform neighborhood sampling by selecting a �xed-

size neighborhood around each target node during the training process. Speci�cally,

for each node in the graph, a �xed-size sample of its neighbors is randomly selected.

The model then aggregates the features from this sampled neighborhood to generate

embeddings for the target node. Since model do not dependent on the whole graph

to be present at the forward pass, the embeddings of the newly added nodes can be

calculated with the same sampling approach. The formulation of the GraphSAGE

[12] model is given below,

m(t+1)
i = f h(t )

j j j 2 N (i ) [ ig

h(t+1)
i = �

� X

j 2N (i )[ i

W (t ) [h(t )
i jjm(t+1)

j ]
� (2.6)

where the symboljj is the concatenation operation.

2.3 Transformers

Since the introduction of the widely recognized Transformer architecture by Vaswani

in their seminal paper [4], nearly every sub�eld of deep learning has attempted to in-

corporate this architecture into their designs. Subsequently, not only natural language

processing but also other domains, such as computer vision [30, 33, 15], multi-model

processing [35], etc., have witnessed successful applications of the Transformer ar-

chitecture. In this section, our aim is to introduce the Transformer architecture and

explain its fundamental working principles.

Transformers are neural network models initially designed to process sequential data

in machine translation, such as sentences. With the self-attention mechanism, model

can effectively capture long-range dependencies among its inputs by assigning rel-

ative importance weights to different inputs. Beyond this signi�cant capability, the

Transformer architecture is highly parallelizable, enabling the model to be scaled to

extensive sizes.
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Figure 2.4: The vanilla transformer architecture [4].

In this section, we will introduce the original Transformer architecture as shown in

Figure 2.4 proposed by Vaswani [4] and then we will make an analogy about the

formulation of Transformers and GNNs.

2.3.1 Review of Vanilla Transformer Architecture

The model proposed by Vaswani [4] was speci�cally designed for machine translation

tasks, featuring both encoder and decoder blocks as shown in Figure 2.4. For instance,

the encoder receives inputs in English, while the decoder generates translations into

French, producing one word at a time as an autoregressive model.

The architecture comprises three essential components: (1) dot-product attention, (2)
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feed-forward layers and (3) positional embeddings. Additionally, normalization lay-

ers follow both the attention and feed-forward layers. In the encoder, the inputs are

the sequences, with each element of the sequence at each timestamp referred to as a

token. These tokens can be conceptualized as feature vectors.

Dot-Product Attention: Various methods for calculating attention scores exist in

the literature, including multiplicative or additive approaches. However, the authors

opted for dot-product attention calculation as it can be calculated with only matrix

multiplications, making it highly parallelizable and scalable.

Attention (Q; K; V ) = sof tmax (
QK T

p
dk

)V (2.7)

In Equation 2.7,Q, K , andV represent matrices formed by linear transformations of

the input sequence, wheredk is the dimension of the features. The termsof tmax ( QK T
p

dk
)

computes the relative importance between input tokens, referred to as attention weights.

Subsequently, information propagation occurs between tokens through a weighted

sum of their neighboring tokens. Normalizing the attention weights with
p

dk stabi-

lizes the training process by smoothing the output of the softmax function.

The attention calculation provided in Equation 2.7 is based on a single head, but it can

be extended to multiple heads, enabling each token to attend to different tokens across

various heads. This approach enhances the �exibility of the model to assign different

attention weights to multiple tokens simultaneously within the same layer. Addition-

ally, since attention is computed using dot-product attention, the initial iteration of

training may result in meaningless attention calculations due to random initialization,

which can lead to unstable and challenging training. Utilizing multi-head attention

addresses this issue of poor initialization, contributing to more stable training. After

multi-head attention, values are normalized with layer normalization [36] to ensure

consistent scaling of the feature representations across tokens.

Feed-Forward Layer: At each position, the feature vectors are independently pro-

cessed through a fully connected feed-forward network, which consists of two linear

transformations with a ReLU activation function in between. This layer serves two

main purposes: �rstly, it increases the model capacity by further propagating features
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through the network; secondly, it addresses the scaling issue of the features. The di-

mensions of the two-layer multi-layer perceptrons (MLPs) are initially increased to

four times the dimension of each token's features and then reduced back to the orig-

inal token dimension. Throughout various implementations of Transformer architec-

tures across different domains, this choice of hyper-parameter often proves effective

without requiring additional tuning. Although not explicitly mentioned in the paper,

it can be argued that the scaling problem of the features persists even after the normal-

ization layers. Therefore, the feed-forward layer serves to further mitigate the scaling

problem and enable stable training.

Positional Encoding:Given that the model processes all tokens simultaneously with-

out inherent positional understanding during information propagation and attention

calculation, tokens lack awareness of their order or semantic positioning relative to

others. Thus, additional information regarding absolute or relative positions is nec-

essary to be injected into the tokens in the sequence. To address this, sin and cosine

positional encodings are created, each with the same length as the token feature di-

mension, and subsequently summed to incorporate positional information into the

tokens.

PEpos;2i = sin( pos=100002i=dmodel )

PEpos;2i +1 = cos(pos=100002i=dmodel )
(2.8)

wherepos is the position andi is the dimension. That is, each dimension of the

positional encoding corresponds to a sinusoid. The authors [4] hypothesized that

this selection of positional encodings would enable the model to effectively learn to

attend by relative positions. This is because, for any �xed offsetk, PEpos+ k can be

represented as a linear function ofPEpos.

2.3.2 Analogy between Transformer and Graph Neural Networks

The positional encoding is essential for injecting positional information into the input

sequence. Without these positional encodings, there is no notion of order or position

among the tokens within the sequence. Therefore, it can be inferred that the input
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tokens form a fully-connected graph structure, where each word is connected to every

other word, as illustrated in Figure 2.5.

Figure 2.5: Fully-connected graph example.

We have previously discussed the formulation of Graph Attention Networks (GAT)

in Section 2.2.2. Now, we can apply a similar framework to describe the architecture

of the Transformer. In this message passing framework, the message function and

update functions of the Transformer can be expressed as follows:

m(t+1)
i = f h(t )

j V (t ) j j 2 Sg

h(t+1)
i = �

� X

j 2S

� (t )
ij m(t+1)

j

� (2.9)

whereS represents the entire sequence, given that each node is connected to every

other node in the sequence. The attention calculation is also formalized in a similar

manner as follows:

� ij =
exp

�
Qhi � K hj =

p
dk

�

P
k2S exp

�
Qhi � K hk=

p
dk

� (2.10)

In Equation 2.10, the superscript(t) is omitted for simplicity. Equations 2.9 and 2.10

depict the attention-based message passing process in the Transformer architecture.

The attention calculation can also be transformed to multi-head.
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In graph terminology, Transformers aggregate messages from all nodes (words) in the

graph (sequence) to propagate information in each layer. In addition to this, Trans-

formers are equipped with layer normalizations, feed-forward layers, and most impor-

tantly, positional encodings. Moreover, training Transformer architecture is harder in

general, since in real-world graphs are mostly sparse. However, it can be observed

that Transformers, in essence, are a special type of graph neural networks where the

neighborhood de�nition includes the entirety of the graph.

2.4 Graph Level Tasks

Up to this point, the review of graph neural networks has been provided. Addition-

ally, an analogy drawn between the most successful architecture of the recent decade,

Transformers, and the newly emerging models of graph neural networks. The main

objective of these architectures is to extract better features from raw data and uti-

lize them in task-speci�c downstream tasks to achieve high performance. Therefore,

in this section, two types of downstream tasks in the graph structure data, utilizing

learned representations from graph neural networks will be discussed.

Figure 2.6: Training pipeline for Graph Neural Network models.

The training pipeline of graph neural network models is illustrated in Figure 2.6. Ini-

tially, the input graph (G(V; E)) is provided to the model, assuming that only node

features are present for simplicity. Subsequently, a series of message passing op-

erations are conducted. Following the message passing process, the features of the

nodes are updated to incorporate higher-level representations. These learned repre-

sentations are then utilized in downstream tasks, such as (1) node/edge classi�cation,

and (2) link prediction.
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2.4.1 Node/Edge Classi�cation

Learned node features can be directly utilized for making predictions, which may

involve classi�cation or regression depending on the task at hand. For example, each

node can independently undergo processing through a linear layer to predictk labels.

Similarly, predictions regarding edges can also be made by utilizing node features. In

Equation 2.11, we illustrate this process, where the features of the nodes connected

by a particular edge are leveraged for edge classi�cation or regression.

f h(L )
i 2 Rd; 8v 2 Gg

f [h(L )
i ; h(L )

j ]; 8(i; j ) 2 Eg
(2.11)

In our research, we will utilize the edge prediction objective. The edges between

nodes indicate potential connections, and our aim is to classify them as active or

inactive. Active edges connect nodes belonging to the same target.

2.4.2 Link Prediction

Unlike edge classi�cation, where existing edges in the input graph are predicted to

belong tok classes, link prediction typically involves predicting non-existing edges.

For instance, in social networks, individual nodes represent accounts and edges rep-

resent friendship connections between accounts. Link prediction is commonly used

in friend recommendation systems. While this aspect is speci�c to the design choice,

assuming we have node features as shown in Equation 2.11, we can proceed with the

link prediction task.

H L = f [h1 h2 : : : hn ]g; H L 2 Rd� n (2.12)

We can perform a matrix multiplication (H T H ) of the node features, which yields the

probability of having an edge between unconnected nodes.
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CHAPTER 3

VISUAL MULTI-OBJECT TRACKING

In this chapter, we present a background theory of the components that are frequently

used in visual MOT research and literature review of recent works relevant to the

thesis. Since the groundbreaking paper by Krizhevsky et al. [37] and the subsequent

advancements in deep neural networks, particularly in computer vision, progress in

virtually every sub�eld, including multi-object tracking, has been rapid. Our aim is

to comprehensively review studies relevant to our research.

In the �rst section, we provide an introduction to multi-object tracking, offering back-

ground information and highlighting its signi�cance. Next, in the section of Prelim-

inaries, we examine different components frequently used in MOT algorithms. Fol-

lowing this, we introduce deep learning-based approaches, where we further segment

this section into subsections focusing on re-identi�cation networks, deep Siamese net-

works, and graph-based MOT. We then revisit the baseline methods relevant to our

research and provide a comprehensive review of the papers upon which our research

is built. Finally, we conclude with a discussion, synthesizing key �ndings from the

literature review and providing insights into potential avenues for future research.

3.1 Introduction

Multi-object tracking is a subset of object tracking that involves tracking multiple ob-

jects simultaneously within a given scene. It stands as one of the most extensively

researched areas in computer vision due to its crucial role in understanding the mo-

tion patterns of dynamic objects. This �eld �nds application in diverse areas such

as surveillance, scene understanding, and autonomous driving. For instance, in au-
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tonomous driving, an autonomous driving agent must be capable of detecting and

following other nearby objects to safely navigate on the road.

In recent years, with the advent of powerful object detectors [17, 33], the tracking-

by-detection paradigm has become the common approach for designing multi-object

tracking models. In this paradigm, tracking occurs in two stages: �rst, every object

in each frame is detected, and then the tracking process involves assigning the same

IDs to detections across different temporal axes that belong to the same object. While

there are also works [25, 31] that perform joint detection and tracking, they face chal-

lenges in training due to simultaneously handling two tasks. Additionally, their larger

model sizes require substantial training data. In this thesis, our research also follows

the tracking-by-detection paradigm. With the availability of powerful detectors, er-

rors due to missed detections or background detections are rare. Therefore, tracking

primarily involves associating objects across frames.

In the MOT literature, trackers are often classi�ed asonline or of�ine. The former

refers to models that are causal, meaning that the tracker can only utilize the infor-

mation from current and past frames to make associations; future information from

subsequent frames is not considered. Conversely, in the latter approach, a batch of

frames can be used as input, allowing the utilization of future information from sub-

sequent frames to predict the result of the current frame. However, of�ine tracking

may not be practical in some applications, particularly those requiring real-time pro-

cessing.

In this thesis, we avoid creating sections speci�cally dedicated toonline tracking

or of�ine tracking while reviewing the MOT literature. This decision is based on

the understanding that the suitability of tracking methods often depends on the spe-

ci�c application and design considerations. Instead, our sections focus on general

approaches commonly utilized in MOT research, such as Kalman Filter-based Ap-

proaches, Deep Learning-based Approaches, etc. While discussing these methods,

we might address their applicability to online or of�ine tracking as relevant.
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Figure 3.1: Kalman Filter based online tracking example. Colored bounding-boxes

depict active tracks at framet, dashed bounding-boxes represent the predicted posi-

tions of the tracklet at framet + T, and black bounding boxes indicate the detections

at framet + T.

3.2 Preliminaries

3.2.1 Kalman Filter-based Approaches

Kalman �lter-based tracking methods are widely used in real-time tracking scenar-

ios due to their simplicity and effectiveness in modeling object motion. While many

approaches leverage Kalman �lters for object tracking, we will focus on more re-

cent methods that employ the tracking-by-detection paradigm. An exemplary work

demonstrating high performance with fast inference using Kalman �lters is the SORT

(Simple Online and Real-time Tracking) model proposed by Bewley et al. [18]. In

this method, when assigning detections to existing targets, each target's state(position

and size) in the current frame are estimated by looking at their previous states. The

assignment cost matrix is then computed based on the intersection-over-union (IOU)

distance, or different distance metric of choice, between each detection in the current

frame and all predicted bounding boxes, in the current frame, from the existing targets

as shown in Figure 3.1. Finally, this assignment problem is optimally solved using

the Hungarian algorithm.
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Figure 3.2: Online tracking pipeline of BoT-SORT [5].

The state of each target is represented by[x; y; s; r; _x; _y; _s], wherex andy denote the

center position,s represents the scale (area), andr represents the aspect ratio of the

bounding box. To simplify forward propagation, a linear constant velocity model is

utilized.

Despite achieving state-of-the-art results at the time of its publication, the method has

several limitations. Most notably, the association is solely based on the IoU distance

as the cost, resulting in frequent ID switches between targets that closely interact

with each other. Additionally, the authors do not incorporate mechanisms to recover

occluded objects upon reappearing in the scene, nor do they address the non-rigid

motions of the target. Furthermore, the method does not handle interactions and

associations between numerous objects in crowded scenes.

Wojke [20] proposed a solution to address the issue of occlusion handling by equip-

ping the model with an appearance model, which is a convolutional neural network

trained to discriminate pedestrians on a large-scale person re-identi�cation dataset.

Instead of performing matching only on consecutive frames, they retain the history of

the tracked object. The trajectory of the object is preserved and propagated to the cur-

rent frame, allowing matching to be performed with distant frames. However, relying

solely on the IoU distance becomes problematic as the occlusion time increases, since

the linear motion assumption does not hold. Therefore, they also utilize the cosine

distance of the visual features extracted with a pre-trained CNN, and the �nal distance

is the weighted sum of the two.
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Zhang [14] introduced ByteTrack, a Kalman-�lter based tracker designed to address

identity switches and occlusion issues using a novel approach. While their method

shares similarities with Wojke's approach, in the tracking-by-detection paradigm,

they enhance performance by employing a superior object detector. Additionally,

they broaden the scope of association by considering both high and low score de-

tections. ByteTrack implements a two-stage matching process: initially, high score

detections are matched with trajectories, followed by matching low score detections,

which often correspond to partly occluded objects.

In addition to the approaches aimed at improving data association, numerous methods

[5, 19, 38, 39] attempt to mitigate the effects of camera motion, error accumulation,

or poor visual features caused by occlusions. The authors of BoT-SORT model [5]

equipped their model with camera motion compensation algorithms by image reg-

istration between two adjacent frames. Their online tracking pipeline, illustrated in

Figure 3.2, closely resembles other Kalman-�lter based online tracking approaches,

with the addition of camera motion compensation. On the other hand in [39] the au-

thors view the camera motion on the scene as a source of noise, and model that as

a system motion model and inject this noise as process noise in to the Kalman-�lter

to increase the tracking performance. Although these methods propose elegant solu-

tions to existing challenges, their designs are mostly handcrafted and rely on heuristic

choices.

In the studies presented in this section, deep learning methods are typically employed

solely for feature extraction from the detected bounding boxes, rather than in the data

association step. However, in the era of deep learning, designing methods equipped

with appropriate inductive biases for a given problem often yields more effective

solutions than heuristic approaches. In the coming sections, we will delve into the

approaches which rely on deep learning methods.

3.2.2 Deep Learning-based MOT Approaches

In multi-object tracking, deep learning �nds application across various stages of the

tracking process. As noted in the preceding section, deep learning models are pre-

dominantly employed in the initial stage for detection and extracting high-level fea-
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tures from the detected bounding boxes. However, deep learning methods can also

be utilized to determine globally or locally optimal associations, model social in-

teractions, capture target motion, perform similarity calculations, and more. In this

section, we will examine studies in the MOT literature by categorizing them into dif-

ferent components as shown in Figure 3.3. It is important to note that the intention

is not to classify models, but rather to familiarize the reader with the various compo-

nents of MOT research that utilize deep learning architectures and discuss their utility

and limitations.

Figure 3.3: Taxonomy of Deep Learning-based MOT approaches.

3.2.2.1 Appearance-based MOT

One of the primary challenges in visual tracking lies in accurately representing the

appearance features of objects, enabling their distinction from one another. Unlike

single-object tracking, where appearance models are pivotal for discriminating the

object of interest from the background, recent methods utilize discriminative corre-

lation �ltering models [40] to locate the target object in subsequent frames. How-

ever, they differ from multiple object tracking (MOT) in that the semantic class of

the tracked object is not known a priori; the target is given at inference in the �rst

frame. Consequently, these models require strong motion models. In contrast, in

MOT, the semantic class of the target objects is known a priori, and in each frame,

they can be detected by pre-trained object detectors, making object localization rela-

tively straightforward. Therefore, appearance features serve as additional information

representing the detections, and tracking can be performed even without them, albeit

sub-optimally. Since depending solely on motion models frequently results in track-

ing failures, especially in crowded scenes. Additionally, in the case of long-term
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