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Abstract

Multi-Object Tracking (MOT) is a fundamental computer vision task that
involves detecting objects of interest in video frames and associating de-
tections of the same object across time to form trajectories. For associa-
tion, appearance cues, extracted through person re-identification (RelD)
models, play a crucial role by capturing distinctive visual features of the
tracked targets. However, despite its importance for tracking, RelD has
primarily been studied as an image retrieval problem, with state-of-the-art
methods overlooking tracking-specific challenges. This thesis focuses on
advancing person re-identification methods, with a particular emphasis
on making them more robust and better suited for tracking applications.
A key challenge in RelD and MOT is handling occlusions, where targets
become partially hidden by objects or other people, leading to degraded
re-identification accuracy and potential identity switches in tracking. Ad-
ditionally, tracking methods often fail to effectively combine RelD with
motion cues and scene context, relying instead on naive association strate-
gies. To address these challenges, this thesis makes three key contributions:
BPBrelD, a part-based method for robust occluded re-identification; KPR, a
keypoint promptable ReID model designed to address multi-person occlu-
sions scenarios; and CAMELTrack, an online tracking-by-detection method
that replaces traditional heuristic for detection association with a context-
aware learnable module. At the time of writing, KPR and CAMELTrack
achieve state-of-the-art performance on widely-used benchmarks for oc-
cluded person re-identification and multi-object tracking. Complementary
to this thesis work, additional research contributions were made in sports
analytics, including the development of specialized re-identification models
for athletes and the introduction of novel datasets for player tracking, re-
identification, and jersey number recognition. The thesis concludes with a
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critical analysis of the current state of tracking and re-identification technolo-
gies, offering my opinionated view about the future of these two rapidly
evolving fields.

Keywords: Deep Learning, Computer Vision, Multi-Object Tracking, Re-
Identification, Supervised Learning, Deep Metric Learning



Résumé

Le suivi d’objets multiples (MOT) est une tache fondamentale de vision par
ordinateur qui consiste a détecter des objets d'intérét dans des images vidéo
et a associer les détections d’'un méme objet a travers le temps pour former
des trajectoires. Pour l'association, les indices d’apparence, extraits par
les modeles de réidentification de personnes (RelD), jouent un role crucial
en capturant les caractéristiques visuelles distinctives des cibles suivies.
Cependant, malgré son importance pour le suivi, la RelD a principalement
été étudiée comme un probléme de recherche d’images, les méthodes a
I'état de I’art négligeant les défis spécifiques liés au suivi. Cette these se
concentre sur I'avancement des méthodes de réidentification de person-
nes, avec un accent particulier sur leur robustesse et leur adaptation aux
applications de suivi. Un défi majeur en RelD et MOT est la gestion des
occlusions, ot les cibles deviennent partiellement cachées par des objets ou
d’autres personnes, entrainant une dégradation de la précision de réidenti-
fication et des changements potentiels d’identité dans le suivi. De plus, les
méthodes de suivi ne parviennent souvent pas a combiner efficacement la
RelD avec les indices de mouvement et le contexte de la scéne, s’appuyant
plutot sur des stratégies d’association naives. Pour relever ces défis, cette
these présente trois contributions clés : BPBrelD, une méthode basée sur les
parties de corps pour une réidentification robuste en cas d’occlusion ; KPR,
un modele de RelD guidé par points-clés congu pour traiter les scénarios
d’occlusions multi-personnes ; et CAMELTrack, une méthode de suivi en
ligne par détection qui remplace les heuristiques traditionnelles d’associ-
ation de détections par un module contextuel apprenable. Au moment
de la rédaction, KPR et CAMELTrack font partie des méthodes les plus
performantes sur les benchmarks largement utilisés pour la réidentification
de personnes occultées et le suivi d’objets multiples. En complément de ces
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travaux de theése, des contributions de recherche additionnelles ont été réal-
isées dans le domaine de 1’analyse sportive, comprenant le développement
de modeles de ré-identification spécialisés pour les athletes et I'introduction
de nouveaux jeux de données pour le suivi des joueurs, la ré-identification,
et la reconnaissance des numéros de maillot. Cette thése se conclut par une
analyse critique de 1’état actuel des technologies de suivi et de réidentifi-
cation, offrant mon opinion sur l'avenir de ces deux domaines en rapide
évolution.
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Introduction

Multi-Object Tracking (MOT) is a fundamental computer vision task with
wide-ranging applications across autonomous vehicles, robotics, human-
computer interaction, biology, and sports analytics. At its core, MOT requires
solving multiple computer vision tasks simultaneously: detecting objects
in each frame, and modeling their motion and appearance to maintain their
identities across time. Current state-of-the-art MOT systems address this
challenge through pipelines that combine specialized models for each of
these tasks. Within these tracking pipelines, person re-identification (RelD)
plays a crucial role by capturing the distinctive appearance features of
tracked targets, providing essential cues for solving the association prob-
lem across frames. However, despite its importance for tracking, person
re-identification has primarily been studied as a retrieval problem, where the
goal is to match query images against galleries of candidates across multiple
non-overlapping camera viewpoints, mainly for street surveillance. This
disconnect between RelD’s development context and its practical deploy-
ment in tracking systems has led to several critical limitations in current
approaches. This thesis focuses on advancing RelD capabilities specifically
for online human tracking in monocular videos, where tracking decisions
must be made immediately as each new frame arrives, without access to
future information. We choose this online setting for several reasons: (i) it
presents a more challenging scenario that better reflects human capabilities,
(i) it is crucial for live applications such as real-time sports analytics, and
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1 | Introduction

(iii) it has emerged as the dominant paradigm in recent tracking research.
Through a series of methodological innovations, we address three funda-
mental challenges in bridging the gap between RelD and tracking. First,
we tackle the problem of occlusions, where traditional RelD models struggle
when targets become partially hidden, leading tracking systems to dis-
card potentially valuable appearance information. Second, we address the
multi-person ambiguity problem that arises in crowded scenes, where stan-
dard RelD models lack mechanisms to identify their target person within
bounding boxes containing multiple individuals. Finally, we examine the
broader challenge of integrating RelD within tracking pipelines, developing
novel approaches for temporal feature aggregation, group-aware representation
learning, and context-aware fusion of motion and appearance cues.

This research was conducted as a joint PhD between EPFL and UCLou-
vain, in collaboration with Sportradar, a leading company in sports tech-
nology and innovation. While our core contributions advance the general
state-of-the-art in RelD and tracking, we maintain a particular focus on solv-
ing challenges relevant to sports analytics, developing specialized player
recognition systems and introducing new datasets to foster research in this
domain. Finally, through my research journey, I have found that the ma-
jority of published work lacks accessible implementations and datasets. I
believe this lack of accessibility holds back progress in this field, making
it difficult to verify results or build upon prior work. As a result, I have
made it a priority to keep this research open by sharing all code and datasets
publicly.

1.1 How to Read This Thesis

This thesis primarily adapts and reformats work from three published
papers, focusing on tracking and person re-identification (RelD). For readers
new to these fields, I recommend starting with the "Background" section
(Chapter 2) to understand the basic concepts and terminology before diving
into the technical contributions. Readers already familiar with tracking and
RelD may prefer to scan the core chapters (Chapter 3, Chapter 4, Chapter 5)
while exploring "Core Research Questions and Contributions" (Section 1.2) and
"Additional Contributions" (Section 1.3) to understand the overall motivation
and contribution of this work. I also encourage reviewing "Results Summary"
(Section 6.1) for an overview of our contributions, followed by "Limitations
and Future Directions" (Section 6.2) and "Future Perspectives on RelD and
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MOT" (Section 6.3), as these sections may fuel discussions about my work
and the future of these research fields.

1.2 Core Research Questions and Contributions

This thesis makes three core contributions to the fields of person RelD and
multi-object tracking. In this section, I present the key research questions
that guided my work and the contributions that emerged from addressing
them. All publications resulting from this research are summarized in
Table 1.1 and Figure 1.1.

1.2.1 Motivation and Research Questions

I started this thesis with a clear objective in mind: advance research in
re-identification by making these systems more robust to the challenges
often encountered in multi-object tracking. During my first few months
talking with my supervisors, colleagues and analysing the state-of-the-art,
I discovered multiple key challenges that needed solving to properly inte-
grate re-identification into tracking pipelines. I formulated these challenges
into specific research questions that shaped my entire PhD journey and
led to three main contributions. Let me walk you through these research
questions - each one is tackled in detail in the main chapters of my thesis.
A summary of the proposed solutions is provided hereafter and in the
conclusion (Chapter 6).

1. Occlusion-Robust Person Re-identification [Chapter 3]: Occlusion
presents a fundamental challenge for both re-identification and track-
ing systems. Current state-of-the-art tracking methods often discard
re-identification cues when occlusions occur (typically indicated by
low detection confidence scores). While this conservative approach
aims to avoid unreliable matches, it discards potentially valuable
appearance information that could aid tracking through occlusion.
How can we develop re-identification methods that remain robust
and reliable under partial occlusion scenarios?

2. Multi-Person Ambiguity in Person Re-identification [Chapter 4]:
Current re-identification models typically operate on cropped bound-
ing box images, assuming a single person of interest. However, this
assumption breaks down in crowded scenes where bounding boxes

I3
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frequently contain multiple people due to occlusions. In these sce-
narios, the re-identification model has no way to determine which
person within the bounding box is the intended target, leading to am-
biguous and unreliable features precisely when they are most needed
- during person interactions and crossings. While more sophisticated
detection methods like pose estimation and instance segmentation
explicitly resolve this ambiguity with pixel-level information, there
is currently no established framework for re-identification models
to leverage this fine-grained detection information. How can we
resolve multi-person ambiguity in re-identification and establish effec-
tive communication between upstream detection systems and down-
stream re-identification models in tracking pipelines?

. Re-identification within Multi-Object Tracking Pipelines [Chap-

ter 5]: Online tracking presents unique challenges for re-identification
that differ fundamentally from traditional person retrieval:

(a) Temporal aggregation of noisy RelD features: Unlike image-
based RelD that compares pairs of images, or video-based reid
that compares short clean sequences, online tracking must com-
pare a single detected instance (from the current frame) to a
tracklet - a sequence of past observations that may contain noise
like identity switches, occlusions, inaccurate bounding boxes, etc.
How can we aggregate noisy detections temporally into a single
robust tracklet-level representation?

(b) Group-aware Person Re-identification: Unlike traditional RelD
where (i) a person is compared to a large gallery of unknown
candidates and (ii) features must capture absolute identity char-
acteristics, tracking scenarios involve comparing against a re-
duced, known set of candidates - specifically the group of per-
sons observed within the video. This provides an opportunity for
relative feature learning, where representations can focus on dis-
criminative characteristics within the observed group. How can
we exploit this group context to increase the discriminativeness
of each person’s representation?

(c) Motion and RelID Cues Fusion: When performing tracking in
videos, two important cues are available for associating detec-
tions along time: motion and appearance. However, each cue’s
reliability varies significantly depending on the tracking con-
text. For instance, appearance cues are crucial when targets leave
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and reenter the camera field of view, while motion cues become
essential when disambiguating between targets with similar ap-
pearances. Making an exhaustive list of all possible contextual
scenarios affecting the discriminativeness of each cue is an im-
possible task. How can we develop a context-aware association
strategy that dynamically balances motion and appearance cues
in tracking? Moreover, how can this strategy generalize to incor-
porate arbitrary types of cues from different upstream models,
such as jersey numbers in sports tracking, without requiring
handcrafted rules or architectural modifications?

1.2.2  Core Contributions

We made three core technical contributions detailed in the three first chap-
ters of this thesis, two about re-identification: BPBreID (WACV’23, Chap-
ter 3) and KPR (ECCV’24, Chapter 4) and one about multi-object tracking:
CAMELTrack (Under Review, Chapter 5). These contributions aimed at
addressing the core research questions introduced above and led to three

papers:

1. BPBRelD: V. Somers, C. De Vleeschouwer, and A. Alahi, “Body part-
based representation learning for occluded person re-identification,”
in IEEE/CVF Winter Conf. Appl. Comput. Vis. (IWACV), (Waikoloa, HI,
USA), pp. 1613-1623, Inst. Electr. Electron. Eng. (IEEE), Jan. 2023

Summary: We present BPBRelD, a novel body part-based ReID model
designed to handle partial occlusions. The model introduces two key
innovations: (i) an attention module for predicting body part attention
maps and extracting part-based features, and (ii) GiLt, a training loss
that enables robust learning of part-based representations despite
partial observability and non-discriminative local appearances. Our
approach achieves state-of-the-art performance on occluded person
re-identification.

2. KPR: V. Somers, A. Alahi, and C. D. Vleeschouwer, “Keypoint prompt-
able re-identification,” in Eur. Conf. Comput. Vis. (ECCV), vol. 15137 of
Lect. Notes Comput. Sci., pp. 216-233, Springer Nat. Switz., Nov. 2024

Summary: We introduce Keypoint Promptable RelD (KPR), a novel
approach that addresses the Multi-Person Ambiguity problem in re-
identification, where multiple individuals appear in a single bounding
box. By reformulating re-identification as a promptable task using

| 5
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semantic keypoints to specify the target person, our method enables
unambiguous person matching in crowded scenes. To support this
new paradigm, we contribute the Occluded PoseTrack-RelD dataset
and provide keypoint annotations for four existing RelD benchmarks.
Our approach demonstrates superior performance across multiple
occluded person re-identification scenarios and extends effectively to
pose tracking applications.

3. CAMELTrack: V. Somers*, B. Standaert*, V. Joos*, C. De Vleeschouwer,
and A. Alahi, “Cameltrack: Context-aware multi-cue exploitation for
online multi-object tracking,” Under Review, Nov. 2023

Summary: We present CAMELTrack, a novel tracking-by-detection
framework for online multi-object tracking that maintains the mod-
ularity of traditional approaches while eliminating their reliance on
hand-crafted heuristics. At its core is CAMEL, a Context-Aware Multi-
Cue ExpLoitation module that learns robust association strategies
directly from data using two transformer-based networks. Our ap-
proach remains modular, lightweight and efficiently trainable while
leveraging external specialized models, achieving state-of-the-art per-
formance across multiple tracking benchmarks.

1.3 Additional Contributions

While the core chapters focus on fundamental research in tracking and
re-identification, my doctoral work also led to additional contributions in
sports video understanding that are not detailed in this manuscript. Below,
we outline these contributions and their related publications across three
main categories. All these publications are also summarized in Table 1.1.

1.3.1 Sports-related Technical Contributions

Given the strong sports analytics focus of this PhD, we made two technical
contributions specifically tailored to sports applications. We developed
PRTreID (ACMW’23), a sports-oriented extension of BPBrelD that addresses
team sports-specific challenges in player re-identification, and introduced
SoccerNet-GSR (CVPRW’24), a novel adaptation of multi-object tracking
for sports that reconstructs the game state by tracking and identifying
players on a minimap. Below, we detail these contributions and their
related publications:

6 |
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1. SoccerNet-GSR: V. Somers*, V. Joos*, S. Giancola, A. Cioppa, S. A.
Ghasemzadeh, F. Magera, B. Standaert, A. M. Mansourian, X. Zhou,
S. Kasaei, B. Ghanem, A. Alahi, M. Van Droogenbroeck, and
C. De Vleeschouwer, “SoccerNet game state reconstruction: End-to-
end athlete tracking and identification on a minimap,” in IEEE Int.
Conf. Comput. Vis. Pattern Recognit. Work. (CVPRW), CVsports, (Seattle,
WA, USA), Jun. 2024

Summary: Traditional MOT systems track players using bounding
boxes coordinates in the image space and assign them temporary iden-
tity labels that persist only during tracking. However, sports analytics
demands more sophisticated capabilities: the system must localize
players in court coordinate space and uniquely identify each tracked
player with their real-world identity. Addressing these requirements,
we introduce Game State Reconstruction (GSR), a novel computer
vision task that aims to track and identify players from a single broad-
cast camera to reconstruct a video game-like minimap - all without
requiring specialized hardware or player-worn sensors. Despite the
significant value of such player tracking and identification system for
the sports industry, no appropriate public benchmark existed until
now. To address this need, we release SoccerNet-GSR, the first public
benchmark for this task, comprising a dataset of 200 annotated video
sequences, a novel evaluation metric called GS-HOTA, and an open-
source baseline leveraging state-of-the-art deep learning methods.
GS-HOTA is an extension of the HOTA metric, a popular evaluation
metric for multi-object tracking, that accounts for the specificities of
the GSR task, i.e. the additional target attributes (jersey number, role,
team) and the detections provided as 2D points instead of bounding
boxes.

2. PRTreid: V. Somers*, A. M. Mansourian*, C. De Vleeschouwer, and
S. Kasaei, “Multi-task learning for joint re-identification, team affilia-
tion, and role classification for sports visual tracking,” in Proceedings of
the 6th International Workshop on Multimedia Content Analysis in Sports,
ACM, Oct. 2023

Summary: We present PRTrelD, the first sports-specialized person re-
identification model that jointly addresses three critical tasks related to
team sports video analytics: player re-identification, role classification,
and team affiliation. By employing multi-task learning on a shared
backbone, we show quantitatively and qualitatively how PRTreid

|7



1 | Introduction

creates richer, more discriminative part-based player representations.
These representations can be used for standard re-identification, to
group players by team using clustering approaches, and to predict
athlete roles (player, goalkeeper, referee, etc). Our approach achieves
state-of-the-art performance on both re-identification and multi-object
tracking on the SoccerNet benchmark.

1.3.2 Datasets Contributions

When this thesis began, most publicly available tracking and re-identification
datasets focused on street surveillance scenarios. Sports companies were
reluctant to release their data due to high production costs, broadcasting
rights restrictions, and fear of losing their competitive advantages. To ad-
dress this critical gap in the sports video understanding community, we
contributed four datasets, including the SoccerNet Game State Reconstruc-
tion dataset introduced above and three additional datasets. These datasets
have served multiple sports computer vision challenges at CVSports (CVPR
Workshop 2022-2024) and MMSports (ACM Workshop 2022-2023).

1. SoccerNet-ReID: S. Giancola, A. Cioppa, A. Deliege, F. Magera,

V. Somers, L. Kang, X. Zhou, O. Barnich, C. De Vleeschouwer, A. Alahi,
B. Ghanem, and e. a. Van Droogenbroeck, Marc, “SoccerNet 2022 chal-
lenges results,” in Proceedings of the 5th International ACM Workshop on
Multimedia Content Analysis in Sports, ACM, Oct. 2022

Summary: While person re-identification has been extensively stud-
ied in street surveillance scenarios, we introduce the first large-scale
re-identification dataset specifically designed for sports. SoccerNet-
v3 RelD focuses on matching soccer players across multiple camera
views at the same time instant, presenting unique challenges absent
from surveillance datasets: players from the same team share nearly
identical appearances, identities have limited samples, and image res-
olutions vary significantly. The dataset contains 340,993 player thumb-
nails extracted from broadcast videos of 400 soccer games across 6
major leagues.

. SoccerNet-JN: A. Cioppa, S. Giancola, V. Somers, F. Magera, X. Zhou,

H. Mkhallati, A. Deliege, J. Held, C. Hinojosa, A. M. Mansourian,
P. Miralles, O. Barnich, C. De Vleeschouwer, A. Alahi, B. Ghanem, and
e. a. Van Droogenbroeck, Marc, “SoccerNet 2023 challenges results,”
arXiv, vol. abs/2309.06006, 2023
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Summary: In this work, we introduce the first open dataset for tracklet-
based jersey number recognition in soccer, a critical component for
long-term player tracking.

3. DeepSportRadar-ReID-v1: G. Van Zandycke*, V. Somers*, M. Istasse®,
C.D. Don, and D. Zambrano, “DeepSportradar-vl: Computer vision
dataset for sports understanding with high quality annotations,” in
Proceedings of the 5th International ACM Workshop on Multimedia Content
Analysis in Sports, ACM, Oct. 2022

Summary: We release the first open-source re-identification dataset
for basketball, focused on matching players from the same camera
view across different timestamps. Derived from multi-object tracking
video annotations, this dataset was specifically designed to improve
tracking systems through better appearance-based player matching.

4. DeepSportRadar-ReID-v2: M. Istasse*, V. Somers*, P. Elancheliyan,
J. De, and D. Zambrano, “DeepSportradar-v2: A multi-sport computer
vision dataset for sport understandings,” in Proceedings of the 6th
International Workshop on Multimedia Content Analysis in Sports, ACM,
Oct. 2023

Summary: Building upon DeepSportRadar-RelD-v1, we introduce
an enhanced version featuring a broader range of challenging sce-
narios in basketball player re-identification. This version expands
the dataset’s scope and difficulty level, providing a more comprehen-
sive benchmark for evaluating re-identification systems in basketball
settings.

1.3.3 Commitment to Open-source Research

Throughout this PhD, I maintained a strong commitment to open research
and reproducibility. To ensure transparency and accessibility, all codebases
and datasets developed during my doctoral studies have been made pub-
licly available via dedicated GitHub repositories, accessible on my profile:
https://github.com/V1iSomers.

Our re-identification research, including BPBrelD, PRTrelD, and KPR,
was developed using the TorchReid framework!. Similarly, our tracking
contributions, such as CAMELTrack and SoccerNet-GSR, were built upon

Ihttps://github.com/KaiyangZhou/deep-person-reid
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TrackLab?, a multi-object tracking (MOT) research framework that I co-
developed.

1.

Tracklab: V. Joos*, V. Somers*, and B. Standaert*, “TrackLab.” https:
//github.com/TrackingLaboratory/tracklab, 2024

Summary: TrackLab is a modular and user-friendly framework tai-
lored for multi-object tracking research. It supports various tracking
paradigms, including pose estimation, segmentation, and bounding-
box tracking, while accommodating diverse datasets and evalua-
tion metrics. Notably, TrackLab serves as the primary codebase
for the SoccerNet Game State Reconstruction challenge, hosted at
https://github.com/SoccerNet/sn-gamestate

. MaCVi MOT Competition: B. Kiefer, M. Kristan, J. Pers, L. Zust,

F. Poiesi, V. Somers, C. D. Vleeschouwer, A. Alahi, and F. A. de Al-
cantara Andrade et al., “15t workshop on maritime computer vision
(macvi) 2023: Challenge results,” in IEEE/CVF Winter Conference on
Applications of Computer Vision Workshops, WACV 2023 - Workshops,
Waikoloa, HI, USA, January 3-7, 2023, pp. 265-302, IEEE, 2023

Summary: I achieved third place in the SeaDronesSee Multi-Object
Tracking Competition at the 1st Workshop on Maritime Computer
Vision (MaCVi) at WACV’23. My solution built upon BPBrelD was
presented orally at the workshop and detailed in this paper.

’https://github.com/Trackinglaboratory/tracklab
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detailed in this thesis are highlighted with a green box.



Background

This chapter provides a concise introduction to person re-identification and
multi-object tracking, focusing on their problem formulations, datasets,
and evaluation metrics. We assume the reader has background knowledge
in deep learning and computer vision. Prior literature is not extensively
covered in this chapter, as each core section of the thesis contains its own
related work discussion that contextualizes our contributions.

2.1 Person Re-ldentification

This chapter provides a concise introduction to person re-identification
(RelD), establishing key concepts essential for understanding the core contri-
butions of this thesis. For comprehensive background, readers are directed
to the excellent survey by [12]. Those interested specifically in occluded

Similarity Score
Same person?

Different Ambiguous Same
| I - A
s -1 0 1

Fig. 2.1 The core person re-identification objective.
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Fig. 2.2 Person re-identification as a query-gallery retrieval task.

Gallery ranking

‘. Distance to query based on RelD similarity metric

Fig. 2.3 Query-gallery retrieval by ranking the gallery.

re-identification, a central challenge addressed in this thesis, should consult
the recent survey covering state-of-the-art approaches [13]. The chapter
also examines the societal dimensions of ReID, clarifying common miscon-
ceptions and exploring its diverse applications beyond surveillance, from
wildlife conservation to healthcare and sports analytics.

2.1.1 Problem Formulation

Person re-identification (RelD) addresses the fundamental challenge of
determining whether two person images depict the same individual, re-
gardless of when and where these images were captured. As illustrated in
Figure 2.1, a RelD system can either make a binary decision about identity
matching or, more commonly, compute a continuous similarity score that
reflects the confidence of the match.

While RelD technology has various applications, from video tracking to
3D reconstruction, it is primarily studied in the context of person retrieval
across camera networks. To better understand this task, we must first define
two important concepts: the query and the gallery. The “query” is an image
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Fig. 2.4 Representation Learning for RelD.

of a person of interest captured from a specific camera that the RelD system
is tasked with retrieving. The “gallery” is a large database of images of
various individuals captured from different cameras at different points in
time. For instance, all these images might be collected during one hour
from a network of surveillance cameras in a city center [14].

In this setting, as shown in Figure 2.2, the task involves matching a
query image against the gallery of candidate images. The goal is to retrieve
all instances of the query person from within the gallery set.

This retrieval process, illustrated in Figure 2.3, is formulated as a ranking
task where gallery images are ordered based on their similarity to the query.
Given a query image, the RelD system computes its similarity to each
gallery image and sorts them by decreasing similarity. The effectiveness of
the system is measured by its ability to place true matches at the top of this
ranked list.

Modern RelD approaches tackle this ranking problem through represen-
tation learning (Figure 2.4). These methods learn to map person images into
a discriminative embedding space where images of the same person are
positioned close together while images of different people are pushed apart.
The similarity between any two images can then be quantified by measuring
the distance between their respective embeddings, typically using cosine
similarity.

Person RelD faces numerous challenges in real-world scenarios. Images
of the same person often exhibit significant variations in viewpoint and

| 15
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Fig. 2.5 Market-1501 Leaderboard as reported on PaperWithCode !. Per-
formance metrics on this benchmark have plateaued since 2019.

pose across different cameras. The task is further complicated by varying
illumination conditions, different camera characteristics, and the presence
of background clutter. Poor image quality can also degrade matching
performance.

Finally, occlusion represents one of the biggest obstacles for ReID models
and will be discussed extensively throughout this thesis.

2.1.2  Strong Baseline for Holistic Re-ldentification

The most commonly studied scenario in person RelD research is holistic
re-identification, where datasets consist of full-body images with minimal
occlusion. Market-1501 [14] remains the most widely used benchmark in
this setting. As shown in Figure 2.5, performance metrics on this bench-
mark have largely plateaued since 2019, suggesting that holistic RelD has
approached its performance ceiling.

The influential work "Bag of Tricks and a Strong Baseline" (nicknamed
BoT) [15] serves as the foundation for many current RelD approaches, includ-
ing ours. This work introduced several key techniques: using a ResNet-50
backbone with last stride removed, warm-up learning rate scheduling, ran-
dom erasing augmentation, label smoothing regularization, and center loss.
It employs the global RelD paradigm, as illustrated in Fig. 2.9.

The most significant contribution of BoT was its training approach com-
bining two complementary objectives, as illustrated in Figure 2.7. The
Identity loss uses cross-entropy to classify identities during training (dis-
carded at inference), while the batch-hard triplet loss minimizes distances
between same-identity pairs and maximizes distances between different
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Fig. 2.6 Architecture of the BoT [15] model that serves as the baseline for
numerous SotA RelD approaches, including ours.
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Fig. 2.7 Training RelD models with the Identity and Triplet losses.

identities. The combination of these two losses remains the dominant train-
ing paradigm in RelD.

While some papers [16] have claimed to reach human-level performance
on holistic ReID benchmarks, research interest has shifted toward more
challenging scenarios. These include cloth-changing RelD, domain adap-
tation, infrared RelD, sketch-based RelD, and particularly occluded RelD,
which addresses real-world situations where subjects are partially visible.
These emerging directions present significant challenges that remain largely
unsolved, driving the next generation of RelD research.

| 17
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Top 7 retrieved samples
Query 1

Fig. 2.8 Impact of occlusions on RelD retrieval performance.

2.1.3 Occluded RelD and Part-based Methods

Occlusion represents one of the most critical challenges for person re-
identification and occurs frequently in multi-object tracking scenarios. As
illustrated in Figure 2.8, occlusions significantly degrade retrieval perfor-
mance by contaminating person representations with features from the
occluding objects.

To address this challenge, specialized methods [17,18,18-26] employ the
part-based paradigm. Part-based approaches decompose person images
into distinct body regions and extract features from each part separately, as
shown in Figure 2.10. These local features are then combined with global
features to create more comprehensive representations with three key ad-
vantages: (1) they capture fine-grained appearance details that might be
overlooked in global representations; (2) they enable explicit feature align-
ment that ensures corresponding body regions are directly compared across
images; and (3) they allow for selective feature matching where only mutu-
ally visible parts are compared while occluded regions are disregarded.

We employ this part-based approach for our two main RelD contri-
butions, which will be detailed further in Chapter 3 and Chapter 4. The
fundamental benefits of part-based representation learning for handling
partial observations are discussed more extensively in Section 6.2.1.

2.1.4 Datasets

Person re-identification research relies heavily on standardized datasets
to benchmark methods. Most available RelD datasets are captured from
camera networks across public places, in a typical street surveillance context.
These datasets primarily focus on cross-camera matching, where individuals
must be identified between images taken by different cameras, with query
and gallery images coming from separate camera views.

It is important to note that test sets for most RelD datasets are pub-
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Fig. 2.9 Global RelD paradigm: Siamese networks outputs a single em-
bedding per input image, that are then compared by their cosine distance.

licly available, which raises concerns about potential overfitting of the
top-performing methods.

Standard RelD Datasets

Market-1501 [14] remains one of the most widely used benchmarks in the
field. Another historically significant dataset, DukeMTMC-relD [27], has
been withdrawn due to privacy concerns.

Occluded RelD Datasets

Our work primarily focuses on occluded person re-identification, for which
several specialized datasets exist: Occluded-Duke [24], Partial-RelD [28],
and Occluded-RelD [29]. A common characteristic of these datasets is that
query samples are predominantly occluded, while the proportion of oc-
cluded samples in the training and galleries sets remains similar to standard
RelD datasets.

Occluded-Duke stands as the most widely used dataset in this category
and is notably the only one with a dedicated training set. Being derived
from the withdrawn DukeMTMC-relD, we don’t report performance on
Occluded-Duke. It's important to note that most major conferences (CVPR,
ECCV, ICCV, etc.) now prohibit papers from publishing results on this
dataset. This situation has created a significant research dilemma, as the
majority of occluded RelD methods were developed using a dataset that
can no longer be featured in premier publication venues. The alternative
occluded datasets (Partial-RelD and Occluded-RelD) are small and lack
dedicated training sets, restricting their utility to model evaluation only.
To address these limitations in the field, we introduce a new large-scale
occluded dataset in our work KPR [2].
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Dataset Type #Ids #Cams Trainset Occlusions
Market-1501 [14] Street 1501 6 v
DukeMTMC-RelD [27] Street 1812 8 v

MSMT17 [30] Surveillance 4101 15 v

Occluded-Duke [24] Street 1812 8 v v
Occluded-RelD [29] Outdoor 200 v
Partial-REID [28] Outdoor 60 - v
SoccerNet-RelD (ours) [6] Soccer 243,432 - v
Sportradar-RelD (ours) [8] | Basketball 486 - v

Occ-PTrack (ours) [2] Multi-sport 2411 - v v

Table 2.1 Comparing popular holistic and occluded re-identification
datasets, including our proposed ones.

2.1.5 Evaluation Metrics

Person RelD systems are primarily evaluated using two complementary
metrics: Cumulative Matching Characteristics (CMC) and mean Average
Precision (mAP). CMC-k measures the probability that a correct match
appears within the top-k ranked gallery images. Most commonly, CMC-
1 (also called Rank-1 accuracy) indicates how often the correct match is
retrieved at the very top position. For a query i, the CMC-k accuracy is
defined as:

CMCK(i) = 1, if a correct match appears in top-k positions 2.1)
0, otherwise
The final CMC-k score is averaged over all N queries:
1 N
CMC-k = N Y CMC-k(i) (2.2)

i=1

While CMC is intuitive, it only considers the first correct match for each
query and doesn’t evaluate the model’s ability to retrieve all instances of
the person of interest. To address this limitation, mAP provides a more
comprehensive evaluation by considering the retrieval of all correct matches.
For each query i, the Average Precision (AP) is computed as:

=

. 1 & g
AP(i) = — 2.
(@) Mij 1 rank; 23)
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Fig. 2.10 Part-based RelD paradigm: Comparison is restricted to mutually
visible body parts, with non-visible elements (legs in this example) excluded
for computing a similarity score.

where M,; is the number of correct matches for query 7 in the gallery, and
rank; is the position of the j-th correct match in the ranked list. The mAP is
then computed as the mean AP over all queries:

1Y .
mAP = N ;AP(z) (2.4)

Together, these metrics provide a balanced assessment of a RelD system’s
performance: CMC captures the crucial ability to find at least one correct
match quickly, while mAP evaluates the completeness of the retrieval re-
sults.

2.1.6  Re-ldentification: Real-Life Applications and Societal Impact

Person re-identification (re-ID) is often misunderstood, both in terms of its
technical capabilities and its range of applications. This section first clarifies
key misconceptions about the technology, particularly its distinction from
identification systems, and then explores how re-ID has evolved beyond its
surveillance origins to serve diverse sectors, from wildlife conservation to
sports analytics.

Re-Identification is not Identification

Person "re-identification" should not be confused with person "identifica-
tion". While the former aims at comparing two person images and an-
swering the question "is it the same individual or not?", the latter aims at
retrieving the exact identity of an individual based on any cue related to
that person. Identification can be simply accomplished through the use of
identification documents, such as a driver’s license or passport, or with

| 21



2 | Background

more advanced techniques using biometric attributes, such as a fingerprint,
facial features, or iris scan. Both tasks can be performed manually through
human labor or automatically by an Al system. Although person re-ID can
be used for many tasks, such as tracking an individual across a network of
surveillance cameras, it cannot provide further personal information about
the individual, such as his name or national identification number. Per-
son re-identification serves therefore a different purpose than other person
identification systems such as facial recognition.

Re-identification is not only street surveillance

Person re-identification systems were first developed for surveillance pur-
poses and to improve public safety [14]. In this surveillance context, re-ID
is used by authorities to track the movement and behavior of individuals in
a given area, such as city centers, airports, train stations, or sports stadiums.
The technology enables therefore human operators to easily detect and po-
tentially prevent criminal or suspicious activity, identify potential suspects,
or retrieve missing persons such as lost children. Finally, some countries are
using these technologies to partially automate their social credit system [31],
where businesses and individuals are evaluated for trustworthiness with a
credit rating and are further blacklisted or whitelisted for specific services
based on their personal score.

Although person re-identification was introduced in the context of mass
surveillance in public places, it is actually a tool that has many other ap-
plications, most of which are unknown to the general public. Below, we
provide a non-exhaustive list of such applications with short descriptions.

Wildlife protection Re-identification is not only limited to humans and
has also been applied to animals. Such animal re-identification systems are
very powerful tools used by NGOs for wildlife protection. For instance,
re-identification systems are used to aid whale conservation efforts [32] and
accelerate the counting and referencing of current populations. For the past
40 years, scientists have been using photo surveillance systems to monitor
these whale populations, but manual photo identification and matching
with existing databases was very timeconsuming. Consequently, a huge
trove of data was left untapped and underutilized. With the use of whales’
re-identification tools, scientists are now able to match newly captured
images to known individuals faster. Such technology will revolutionize the
scale at which long-term whale population data will be captured, which
in turn will allow for a more detailed understanding of demographics,
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social structure, reproductive rates, individual movement patterns, genetics,
health, and causes of death.

Sports understanding and analytics Re-identification is used by sports
federations and companies in a wide range of sports, including tennis,
soccer, basketball, or ice hockey, to monitor players’ performance, compute
game analytics, assist video-assisting referees, and provide sports fans
and amateurs with personalized content. For instance, re-identification
has been used by companies [33] to provide amateur tennis players with
automated video highlights of their games using a simple smartphone
app. Re-identification is also used by sports tech companies [34] to provide
basketball teams, leagues, and broadcasters with advanced analytics of each
player’s performance, such as distance traveled or shooting accuracy.

Robotics Following the recent advances of robotics, re-identification tools
have enabled the development of a new type of assistive robots. These
robots use the information from the RelD tool to determine the location and
movements of the persons to assist and follow them accordingly. Commer-
cial applications of these types of robots include automated golf caddies to
carry equipment and follow the players [35], auto-follow camera drones for
personalized self-video production [36] and wheeled robots to help elderly
people carry their groceries [37].

Rescue Recently, re-identification systems have also been applied to mar-
itime search and rescue (SaR) with drones [38]. Due to climate change
and migration crises via major seas, maritime SaRk has become increasingly
important. Automated unmanned aerial vehicle are a very cheap, fast to
deploy and risk-free solution to help finding distressed or missing vessel
or person in the sea, and boat or swimmer re-identification software are
mandatory for quickly localizing the rescue target.

Private sector Re-identification systems can also be deployed in private
places [39], such as hospitals, nursing homes, and children’s daycare, to
ensure that only authorized individuals are able to enter certain areas of
the facility (such as patient rooms, medication storage areas, or children’s
playground) or to keep track of patient location within the facility. For
instance, these tools can help to prevent escape attempts from patients with
moderate to severe dementia.
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Key component for other vision tools Re-identification is also a key build-
ing block for other image and video analysis tools. For instance, tracking
tools [40] are used to compute the trajectories of individuals within video
sequences, and most existing tracking systems rely upon a re-identification
software to gather important appearance cues about the tracked targets. Ad-
ditionally, re-identification plays a crucial role in 3D reconstruction tools [41],
which create three-dimensional images of people or objects from multiple
two-dimensional camera perspectives. In these systems, re-identification
is used to match the same individual across various camera views to re-
construct his pose. These 3D reconstruction tools cover a wide range of
applications, including virtual and augmented reality or movie production.

Other industrial applications Finally, re-identification software can also
be useful in a wide variety of domains in the industry, including trans-
portation, agriculture, entertainment, retail or even military and defense,
to track the movement and behavior of visitors, workers and passengers,
to optimize the layout and operations in buildings, or to improve safety in
general.

2.1.7 Useful Resources

The background section of this thesis provides only a starting point and
overview of person re-identification. This section lists interesting resources
for readers interested in delving deeper into the details or implementing
their own RelD systems.

Awesome Lists

* Awesome Re-ID with Leaderboard: Collection of datasets with per-
formance leaderboards, papers organized by year, and open-source
frameworks.
https://github.com/FDU-VTS/Awesome-Person-Re-Identificat
ion

* Awesome Re-ID: Curated list of person RelD papers organized by
conference and subthemes, plus open-source implementations.
https://github.com/bismex/Awesome-person-re-identificatio
n

* Awesome Person Search: Comprehensive resource for the related
field of end-to-end person search.


https://github.com/FDU-VTS/Awesome-Person-Re-Identification
https://github.com/FDU-VTS/Awesome-Person-Re-Identification
https://github.com/bismex/Awesome-person-re-identification
https://github.com/bismex/Awesome-person-re-identification
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https://github.com/daodaofr/Awesome-Person-Search

Benchmarks

¢ Awesome Re-ID Datasets: Tabulated summary of datasets with re-
lease dates, identities, image counts, and sample visualizations.
https://github.com/NEU-Gou/awesome-reid-dataset

® Performance Rankings: Current state-of-the-art results on major
benchmarks like Market-1501.
https://paperswithcode.com/sota/person-re-identificatio
n-on-market-1501

Open-source RelD Frameworks

e FastRelD: Efficient modular framework for state-of-the-art ReID mod-
els with comprehensive benchmarking.
https://github.com/JDAI-CV/fast-reid

* Torchreid: PyTorch-based library for training and evaluating RelD
models with an extensive model zoo.
https://github.com/KaiyangZhou/deep-person-reid

¢ OpenUnRelD: Open-source toolkit focused on unsupervised RelD
methods.
https://github.com/open-mmlab/0OpenUnReID

Popular Papers

® Person ReID Survey: M. Ye, J. Shen, G. Lin, T. Xiang, L. Shao, and
S. C. H. Hoi, “Deep learning for person re-identification: A survey and
outlook,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 44, pp. 2872-2893,
Jun. 2022

® Occluded RelID Survey: Y. Peng, S. Hou, C. Cao, X. Liu, Y. Huang,
and Z. He, “Deep learning-based occluded person re-identification: A
survey,” arXiv, vol. abs/2207.14452, 2022

¢ Bag of Tricks and A Strong Baseline: H. Luo, Y. Gu, X. Liao, S. Lai,
and W. Jiang, “Bag of tricks and a strong baseline for deep person
re-identification,” in IEEE/CVF Conf. Comput. Vis. Pattern Recognit.
Work. (CVPRW), (Long Beach, CA, USA), pp. 1487-1495, Inst. Electr.
Electron. Eng. (IEEE), Jun. 2019
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* A very popular part-based RelID method: T. Wang, H. Liu, P. Song,
T. Guo, and W. Shi, “Pose-guided feature disentangling for occluded
person re-identification based on transformer,” in AAAI Conf. Artif.
Intell., vol. 36, pp. 25402549, Association for the Advancement of
Artificial Intelligence (AAAI), Jun. 2022

* A pivotal paper about training ReID methods: A. Hermans, L. Beyer,
and B. Leibe, “In defense of the triplet loss for person re-identification,”
arXiv, vol. abs/1703.07737, 2017
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2.2 Multi-Object Tracking

This section provides the necessary background on multi-object tracking
(MOT) required to understand the core contributions of this thesis. We
present key concepts, paradigms, and evaluation metrics that will be ref-
erenced throughout our work. For a comprehensive overview of the field,
readers are directed to the survey by Wenhan Luo [43].

2.2.1 Problem Formulation

Multi-object tracking (MOT) aims to identify and track multiple objects
throughout a video sequence. In its monocular form, which we focus on in
this thesis, the input consists of a sequence of video frames, while the output
is a set of tracks (or tracklets) T1, Ty, ..., T;y. Each track T, represents the
temporal trajectory of a specific object, composed of a sequence of frame-
level detections {dl,dz, ..., d'} where t indicates the frame number. This
process is illustrated in Figure 2.11.

A detection d' localizes a target object within frame t. This localiza-
tion can take various forms depending on the application requirements: a
bounding box, a set of keypoints representing a pose skeleton, or a pixel-

Input: video

t-1 t t+1

t-1 t
d; de dgt?

Y

4
Output: {Ty, T, T5}

Fig. 2.11 Input and output of the Multi-Object Tracking (MOT) task. d',
refers to frame-level detections and T}, to the output tracks.
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Fig. 2.12 Partial or total disappearance of tracked targets is a main chal-
lenge for long-term multi-object tracking: it occurs mainly during occlusions
with scene objects or other tracked targets, or when targets exit and re-enter
the camera frame.

wise segmentation mask. Most challenging public MOT benchmarks focus
on bounding box tracking, making it the primary research focus of the
community. In this thesis, we explore tracking methods that operate on
both bounding boxes and keypoints.

2.2.2  Challenges in Multi-Object Tracking

With recent advances in object detectors, short-term tracking has become
increasingly reliable. However, significant challenges persist when targets
partially or completely disappear from view, as illustrated in Figure 2.12.
These disappearances occur primarily during occlusions (either between
objects or with scene elements) and when targets exit and re-enter the
camera frame.

2.2.3  Multi-Object Tracking Paradigms

Figure 2.15 provides a comprehensive overview of the current important
paradigms in MOT together with their definitions, and categorizes popular
recent methods in the field. This taxonomy organizes approaches along
two primary dimensions: temporal processing requirements (online vs.
offline) and tracking strategies (Tracking-by-Detection vs. Detection-by-
Tracking). A visual representation of the offline and online paradigms is
further illustrated in Figure 2.13. This thesis focuses primarily on online
tracking due to its applicability to real-time sports analytics.

Online Tracking-by-Detection

We briefly describe the Online Tracking-by-Detection (TbD) paradigm as
it represents the most widely adopted approach in current MOT research,
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New unprocessed Unprocessed video

frame

Tracking results
on previous frames

Offline
MOT
{T1,T2,T3} {Tl'T2)T3}
(a) Online (b) Offline

Fig. 2.13 Online vs Offline MOT paradigms.

consistently achieving state-of-the-art performance across major bench-
marks while maintaining an intuitive and modular design. As illustrated
in Figure 2.14, this approach follows a two-stage process: detection and
association. First, an off-the-shelf object detector is applied on each video
frame individually. Second, the association process involves: (1) cue extrac-
tion (motion, appearance, etc.) to build a tracklet-detection cost matrix, (2)
optimization (e.g., Hungarian algorithm) to compute the optimal matching,
and (3) track management to update matched tracks, initiate new ones, or
terminate obsolete tracks.

2.2.4 Datasets

Creating multi-object tracking datasets is particularly resource-intensive,
requiring frame-by-frame annotation of object identities across video se-
quences. This laborious process explains the historical scarcity of large-scale
MOT datasets.

MOTChallenge [44] has been the dominant benchmark in the field
for many years, consisting of the MOT15, MOT16, MOT17, and MOT20
datasets. Despite its widespread adoption, MOTChallenge has notable
limitations: the dataset is relatively small, lacks a proper validation set for
conducting experiments, and primarily features pedestrians in surveillance
scenarios with predominantly linear motion patterns.

Recently, several new datasets have emerged to address these limitations
and present novel challenges:

DanceTrack [45] focuses on tracking dancers with similar appearances
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Real-time tracking, causal tracking
Online tracking refers to a multi-object tracking approach where
decisions are made in real-time or sequentially as frames arrive. The

Offline

Batch tracking, global tracking, non-causal tracking
Offline tracking processes the entire video or sequence of frames at

once. The tracker has access to all frames, including future ones, and
tracker does not have access to future frames and relies solely on past

and current information.

can use global information to make tracking decisions.
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Tracking-by-detection is a two-stage approach where object detection is
treated as a separate, pre-processing step. First, an object detector localizes
objects independently in each frame, and then a tracker associates these
detections across frames to maintain consistent identities over time

ng uses historical trajectory information to guide the
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Tracking-by-detection is a two-stage approach where object detection is
treated as a separate rocessing step. First, an object detector localizes
objects independently in each frame, and then a racker associates these
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executing complex, non-linear movements with many occlusions. This
dataset specifically challenges appearance-based association methods and
encourages more sophisticated motion modeling.

SportsMOT [46] features fast-moving athletes in soccer, basketball, and
volleyball. It presents frequent occlusions, rapid direction changes, and
scene re-entries that challenge re-identification capabilities.

SoccerNet Tracking [47] specializes in soccer player tracking with chal-
lenges similar to SportsMOT, but focuses exclusively on soccer and provides
additional annotations such as jersey number, team, and player roles.

PoseTrack21 [48] expands tracking to human pose estimation across
frames, requiring systems to track individual keypoints rather than just
bounding boxes, adding an extra dimension of complexity. It primarily
features handheld amateur videos with various sports activities.

These newer datasets, with their larger training sets and diverse scenar-
ios, are encouraging research into previously underexplored challenges in
MOT, including non-linear motion, appearance similarity, rapid movement
patterns, strong occlusions, and scene re-entries. A complete comparison is
provided in Table 2.2.

Table 2.2 Comparison of Multi-Object Tracking Datasets

Dataset Videos Frames Tracks Boxes
MOT17 14 11,235 1,342 292,733
MOT20 8 13,410 3,456 1,652,040
DanceTrack 100 105,855 990 -
SportsMOT 240 150,379 - 1,629,490

SoccerNet 201 225,375 5,009 3,645,661
PoseTrack21 593 89,000 - -

2.2.5 Evaluation Metrics

Evaluating multi-object tracking performance requires metrics that assess
both localization accuracy and identity consistency across frames. We
present an overview of the three dominant metric families used in MOT
benchmarks: CLEAR MOT metrics [49], IDF1 [50], and HOTA [51].

Before computing the evaluation metric, the detected objects must be
matched with ground truth objects using the Hungarian algorithm, which
minimizes the global matching cost based on Intersection-over-Union (IoU):
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ToU(A, B) = % 2.5)

Only matches with IoU above a certain threshold are considered valid,
using either a fixed threshold or integrating across multiple thresholds.

CLEAR MOT Metrics

The CLEAR MOT metrics [49] established standardized tracking evalua-
tion. Multiple Object Tracking Accuracy (MOTA) quantifies tracking errors
relative to ground truth:

_ |FN|+ |FP| + [IDSW|
|gtDet|

MOTA =1 (2.6)
where IDSW are identity switches and gtDet is the total number of
ground truth objects.
MOTA is heavily biased toward detection performance (FP and FN),
with association errors (IDSW) typically much fewer in number despite
their importance for tracking quality.

IDF1 Metric

IDF1 [50] matches at the trajectory level rather than detection level. It
calculates ID-Precision and ID-Recall using Identity True Positives (IDTP),
Identity False Negatives (IDFN), and Identity False Positives (IDFP):

2|IDTP|

IDF1 =
2|IDTP| + |IDEN]| + [IDFP|

(2.7)

While IDF1 better captures association performance, it has a strong bias
toward association quality.

HOTA Metric

The Higher Order Tracking Accuracy (HOTA) metric [51] provides a bal-
anced assessment of detection and association:

HOTA = vDetA - AssA (2.8)

HOTA balances detection (DetA) and association (AssA) performance,
ensuring improvements in either aspect are properly reflected in the final
score.

Many benchmarks now report all three families of metrics, with HOTA
increasingly adopted as the primary evaluation measure for new MOT
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datasets.

2.2.6

Useful Resources

This section compiles useful resources for readers interested in delving
deeper into the details or implementing their own MOT systems.

Awesome Lists

Multi-Object Tracking Paper List: Systematically organized collec-
tion of papers by methodology (traditional methods, deep learning
methods) and application scenarios.
https://github.com/SpyderXu/multi-object-tracking-paper-1
ist

Deep Learning for Tracking and Detection: Comprehensive resource
covering both tracking and re-identification aspects.
https://github.com/abhineet123/Deep-Learning-for-Trackin
g-and-Detection?tab=readme-ov-file#re_id_

Awesome Multi-Object Tracking: Comprehensive collection of pa-
pers, datasets, metrics, and code implementations for MOT.
https://github.com/luanshiyinyang/awesome-multiple-objec
t-tracking

Open-source MOT Frameworks

BoxMOT: Collection of state-of-the-art tracking methods with unified
implementation.
https://github.com/mikel-brostrom/boxmot

TrackEval: Framework for standardized evaluation of multiple object
tracking algorithms.
https://github.com/JonathonLuiten/TrackEval

ByteTrack: Simple and effective framework achieving SOTA perfor-
mance without complicated association techniques.
https://github.com/ifzhang/ByteTrack

DeepSORT: The most popular tracking method.
https://github.com/nwojke/deep_sort


https://github.com/SpyderXu/multi-object-tracking-paper-list
https://github.com/SpyderXu/multi-object-tracking-paper-list
https://github.com/abhineet123/Deep-Learning-for-Tracking-and-Detection?tab=readme-ov-file#re_id_
https://github.com/abhineet123/Deep-Learning-for-Tracking-and-Detection?tab=readme-ov-file#re_id_
https://github.com/luanshiyinyang/awesome-multiple-object-tracking
https://github.com/luanshiyinyang/awesome-multiple-object-tracking
https://github.com/mikel-brostrom/boxmot
https://github.com/JonathonLuiten/TrackEval
https://github.com/ifzhang/ByteTrack
https://github.com/nwojke/deep_sort
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Leaderboards

* MOTChallenge: Standard benchmark evaluation platform for multi-
object tracking.
https://motchallenge.net/

* Specialized MOT Datasets: Leaderboards for DanceTrack, SportsMOT,
and SoccerNet tracking challenges.
https://codalab.lisn.upsaclay.fr/

Popular Papers

* Multiple object tracking: A literature review: W. Luo, J. Xing, A. Mi-
lan, X. Zhang, W. Liu, and T. Kim, “Multiple object tracking: A litera-
ture review,” Artif. Intell., vol. 293, p. 103448, 2021

* DeepSORT: Simple Online and Realtime Tracking with a Deep
Association Metric: N. Wojke, A. Bewley, and D. Paulus, “Simple
online and realtime tracking with a deep association metric,” in IEEE
Int. Conf. Image Process. (ICIP), (Beijing, China), pp. 3645-3649, Inst.
Electr. Electron. Eng. (IEEE), Sept. 2017

* Tracktor: Tracking without bells and whistles: P. Bergmann, T. Mein-
hardt, and L. Leal-Taixe, “Tracking without bells and whistles,” in
IEEE/CVEF Int. Conf. Comput. Vis. (ICCV), pp. 941-951, Inst. Electr. Elec-
tron. Eng. (IEEE), Oct. 2019

* MOTR: End-to-End Multiple-Object Tracking with Transformer:
F. Zeng, B. Dong, Y. Zhang, T. Wang, X. Zhang, and Y. Wei, “Motr:
End-to-end multiple-object tracking withdtransformer,” in Eur. Conf.
Comput. Vis. (ECCV), (Cham), pp. 659-675, Springer Nat. Switz., 2022


https://motchallenge.net/
https://codalab.lisn.upsaclay.fr/
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3.1 Introduction

Person re-identification [12,13], or RelD, is a person retrieval task which
aims at matching an image of a person-of-interest, called the query, with
other person images from a large database, called the gallery. RelD has
important applications in smart cities for video-surveillance [14,27] or sport
understanding [6,8]. Person re-identification is generally formulated as a
representation learning task and is very challenging, because person images
generally suffer from background clutter, inaccurate bounding boxes, pose
variations, luminosity changes, poor image quality, and occlusions [13] from
street objects or other people.

For solving the RelD task, most methods adopt a global approach [15,42],
learning a global representation of the target person as a single feature vector.
However, these methods are unable to address the challenges caused by
occlusions for two reasons, both depicted in Figure 3.1:

(1) Obstacle and pedestrians interference: the globally learned represen-
tation might include misleading appearance information from occluding
objects and pedestrians.

(2) Requirement for part-to-part matching: When comparing two occluded
samples, it is only relevant to compare body parts that are visible in both
images. Global method cannot achieve such part-to-part matching, because
the same global feature is used for every comparison.

To deal with the above issues, part-based approaches [20,26,54], have
shown promising results. These part-based methods address the RelD task
by producing multiple local feature vectors, i.e., one for each part of the
input sample. However, learning such part-based representations involves
dealing with two crucial challenges:

(3) Non-discriminative local appearance: Standard RelD losses, such as the
id or triplet losses, work with the assumption that different identities have
different appearance, and consequently that their corresponding global
feature vectors are different. However, this assumption is broken when
working with part-based feature vectors, because two persons with different
identities might have very similar appearance on some of their body parts,
as depicted in Figure 3.1. Because local appearance is not necessarily dis-
criminative, standard RelD losses used for learning global representations
do not scale well to local representation learning. The specificity associated
to learning local features and its impact on the choice of the training loss
has been overlooked in previous part-based RelD works and we are the first
to point it out. To address these issues, we propose GiLt, a novel training
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<1> Obstacles <2> Requirement for <3> Non-discr- <4> Coarse
and pedestrians part-to-part iminative local labels from
interference matching appearance external models

Our coarse human Reld relevant body part attention
parsing labels maps from our model for K=5

Fig. 3.1 Overview of key concepts in our work. First row illustrates
the four challenges of occluded and part-based RelD that our proposed
method is trying to address. Second row illustrates our pre-generated
human parsing labels and the RelD-relevant soft attention maps produced
by our model BPBrelD.

loss for part-based methods. GiLt is designed to be robust to occlusions and
non-discriminative local appearance, and is meant learn a set of local fea-
tures that are each representative of their corresponding local parts, while
being discriminative when considered jointly.

(4) Absence of human topology annotation: Part-based methods generally
rely on spatial attention maps to perform local pooling within a global
feature map and build body part features of the RelD target. However, no
RelD dataset is provided with annotations regarding the local region to
pool, and generating such annotation with external pose information or part
segmentation tools yields inaccurate results due to the domain variation
and poor image quality. Moreover, body part-based feature pooling fun-
damentally differ from pixel-accurate human parsing. Indeed, the spatial
attention maps have to localize the body part in the image, but also to iden-
tify the feature vectors that best represent discriminant characteristics of the
body part appearance. Therefore, an ideal attention map is not necessarily
an accurate segmentation shape. Previous RelD works exploiting human
parsing to build part-based features have either (i) used directly the output
of a pose estimation model as local attention masks, without adapting it to
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handle the RelD task [17,19,24], or (ii) learned local features with part dis-
covery, without human topology prior [20,23,55]. In this work, we propose
a body part attention module trained with a novel dual supervision, using
both identity and coarse human parsing labels. This module demonstrates
how external human semantic information can be effectively leveraged to
produce RelD-relevant body part attention maps.

Finally, we combine this body part attention module and the GiLt
(Global-identity Local-triplet) loss to build our Body Part-Based RelD model
called BPBrelD, which effectively addresses all four challenges introduced
before. We summarize the main contributions of our work as follows:

1. For the RelD task, we are the first to propose a soft attention trained
from a dual supervision, to leverage both identity and prior human
topology information. Our work demonstrates that this approach
outperforms all previous part-based methods.

2. We propose a novel GiLt strategy for training part-based method. GiLt
is robust to occlusions and non-discriminative local appearance and
is straightforward to integrate with any part-based framework.

3. BPBrelD achieves state-of-the-art performance on the occluded RelD
task. Our BPBrelD codebase has been released to encourage further
research on part-based methods.

3.2 Related Work

Part-based feature alignment in ReID: To solve the spatial misalignment
issue, several works [17,19,24,24,26,56-61] adopt fixed attention mecha-
nisms, using pre-determined pixel partitions of the input image and apply-
ing part pooling for generating local feature representations. These methods
achieve poor feature selection and alignment, because the resulting attention
maps are not meant for pooling RelD-relevant body part features. To solve
those issues, other works [18,20,62,63] use attention mechanisms trained
in an end-to-end fashion for generating attention maps that are specialized
towards solving the RelD task. Some of these approaches [18,62,63] include
a pose estimation backbone as a parallel branch, which is jointly trained
with the appearance backbone branch in an end-to-end fashion on the ReIlD
dataset. However, the parallel branch induces a significant computational
overhead and these methods do not address the occluded RelD problem
explicitly. Other part-based methods learn local features via part discovery
in a self-supervised way, without human topology prior [20,23,55]. Such
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approach might introduce alignment errors, missed parts and background
clutter. Different from previous works, our part-based features are built by
an attention branch which (i) is trained explicitly to pool local features that
are relevant for the RelD task, and (ii) leverages external human parsing
labels to bias the spatial attention in focusing on prior body regions.

Local feature learning in ReID: Identity loss and batch-hard triplet loss
[42] are two popular objectives for training RelD models that are also ap-
plied to part-based methods [17,19,20, 24,25, 61, 64, 65] for learning local
representations. Most of these methods [24,26,64,66] solely apply an identity
loss on each part-based features. As a consequence, they are more sensitive
to non-discriminative body parts and miss out the benefits [15,42] of the
triplet loss as a complementary deep metric learning objective for RelD.
To deal with incomplete information of part features, some works [20, 65]
propose to apply triplet and identity losses on a combined embedding,
resulting from concatenation or summation of local features. A specialized
Improved Hard Triplet Loss (IHTL) is proposed in [65] for training part-
based feature, but this objective cannot cope well with occluded or similar
samples. Finally, [25] applies both triplet and identity losses on combined
part features, but does not use holistic features during training, which ren-
ders their training scheme less robust to inaccurate body part predictions
and heavy occlusions. Our proposed GiLt training procedure aim at solving
above issues and addressing the lack of consensus regarding the choice of
losses to adopt for training part-based methods. Finally, it is worth noting
that other works [19,23] take an opposite approach to deal with standard
RelD losses being unsuitable for non-discriminative body parts appearance.
They solve this by constraining each part-based feature to be discriminative
on its own, by either having each of them attending simultaneously to
multiple body regions [23] or by adding high-order information in each
local feature via message-passing [19].

3.3 Methodology

The overall architecture of our model BPBrelD is depicted in Figure 3.2.
It comprises two modules: the body part attention module described in
Section 3.3.1 and the global-local representation learning module described
in Section 3.3.2. The overall training procedure of BPBrelD is described in
Section 3.3.3 and the procedure used at inference for computing query to
gallery distance is described in Section 3.3.4.
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3.3.1 Body Part Attention Module

The body part attention module takes as an input the feature map extracted
by the backbone and outputs a set of attention maps highlighting the body
parts of the RelD target. This module consists of a pixel-wise part classifier
trained with a body part attention loss using our coarse human parsing labels.
We detail these three components below. Because our model is trained
end-to-end, the body part attention module also receives a training signal
from the RelD loss, which uses the identity labels, as described in Section
3.3.3. This attention branch is therefore trained from a dual supervision,
with both a body part prediction objective and a RelD objective. As a result
of the dual supervision, this module generates attention maps that are more
relevant to the RelD task than the attention maps we would obtain using
the fixed output of a pre-trained human parsing model. This module is
depicted in the top left part of Figure 3.2.

Pixel-wise Part Classifier

The body part attention module takes in input the appearance map G, which
is a tensor R"*W*C produced by a feature extractor. For each pixel (w, 1)
in the appearance map G, a pixel-wise part classifier predicts if it belongs
to the background or to one of the K body parts, which means there are
K + 1 target classes, with the class at index 0 being the background. A 1x1
convolution layer with parameters P € R(K+D*C followed by a so ftmax is
applied on G to obtain the classification scores M € RF>*Wx(K+1),

M = softmax(GPT) . (3.1)

These K + 1 probability maps M indicates therefore which pixels belong
to which body parts (or to the background).

Human Parsing Labels

Human parsing labels Y € RF*W  required for training our part attention

module, are generated with the PifPaf [67] pose estimation model. Y (h, w)
is set to {1, ..., K} if spatial location (&, w) belong to one of the K body parts
or 0 for background. Human semantic regions are defined manually for
a given value of K. For instance, with K = 8, we define the following
semantic regions: {head, left/right arm, torso, left/right leg and left/right feet].
These coarse human semantic parsing labels are illustrated in Figure 3.1
for K = 5. BPBrelD could be easily applied to other domains, like car or
animal re-identification, by replacing these human parsing labels with other
parsing labels relevant to the domain.
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Fig. 3.2 Structure of BPBrelD with detailed architecture and training procedure in the top part, and inference
procedure in bottom part. The model consists of a body part attention module for body part attention maps and a
global-local representation learning module for producing holistic features {fg, f;, fc} and body part-based features {f1, ...,
fx) together with their visibility scores {v¢, v, ..., vk}. For holistic features, "g" stands for "global", "f" for "foreground"
and "c" for "concatenated". GWAP stands for global weighted average pooling. The network is trained in an end-to-end
fashion using a body part attention loss for supervising part prediction, a standard identity loss on holistic features and a
part-averaged triplet loss on body part-based features. Query to gallery distance is computed at inference using a part-to-
part matching strategy for comparing only mutually visible body parts. Green/red color depict visible/invisible body
parts. Each component of the architecture is framed with a grey rectangle, with its name and a number referencing the
section describing it. For conciseness, BPBrelD is represented here with K = 4: {head, torso, legs, feet}.
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Body Part Attention Loss

The pixel-wise part classifier is supervised with a body part attention loss
Lpa, which is in practice a cross-entropy loss with label smoothing [68, 69],
as formulated here:

K H-1W-1
Lpa=~), qx - log (M (h,w)) ,
k=0 h=0 w=0
o (3.2)
1-582¢e if Y(hw)=k
with qx = NE ! ( ZU)
5 otherwise ,

where the human parsing labels map Y is described in Section 3.3.1, N is

the batch size, ¢ is the label smoothing regularization rate and My (h, w) is
the prediction probability for part k at spatial location (w, 1), as described
in Eq. (3.1).

3.3.2 Global-local Representation Learning Module

The global-local representation learning module takes as input the body
part attention maps generated by the previous module, and outputs holistic
and body part-based features of the RelD target, together with a visibility
score for each part. It can be visualized in the top right part of Figure 3.2.
Part-based representations, combined with their visibility scores, is our
solution for achieving part-to-part matching, and solving challenges (1)
and (2) from Section 3.1.

Holistic and Body Part-based Features

As described in Section 3.3.1, the body part attention module produces K
spatial heatmaps highlighting the corresponding K predicted body parts of
the input image.

We first combine the K body part maps {Mj, ..., Mk} in a single fore-
ground heatmap M; € REW: Mi(h,w) = max(M;(h,w), ..., Mg (h,w)).
These heatmaps are then used to perform K + 1 global weighted average pool-
ing (denoted GWAP in Figure 3.2) of the appearance feature map G, to obtain
the foreground embedding f; and the K body part-based embeddings {f1,

oy fK}:

Yo Yoo G(hw)Mi(h,w)
2 zW ) Mi(h, )
The initial global appearance feature map G is also globally average

pooled (GAP) to obtain the global embedding f: f; = GAP(G). A last

embedding f. € R(CK) is also produced by concatenating the K body

,Vie{f1,...,K}. (3.3)

fi=
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part-based features along the channel dimension: f. = concat(f, ..., fx).
Our global-local representation learning module produces therefore three
holistic embeddings {f, f;, fc} and K body part-based embeddings {f1, ..,

fx}-

Body Part Visibility Estimation

To detect occluded body parts, we compute a binary visibility score v; for
each embedding, with 0/1 corresponding to invisible/visible parts respec-
tively. In our BPBreID model, visibility scores are only used at inference. For
all holistic embeddings, visibility scores are set to one, i.e., vg = vf = v = 1.
For body part-based features, visibility score v; with i € {1, ..., K} is set to 1 if
at least one pixel in M; has a value above threshold A,, which is empirically
set to 0.4, as formulated below:

1 if max(M;(h,w)) > Ay
v; = hw (3.4)

0 otherwise .

3.3.3  Overall Training Procedure

The overall objective function used to optimize the network during training
stage is formulated as follows:

L= )\paLpa + LaiLt (3.5)

where Ly, is the body part attention loss supervised with human parsing la-

bels (introduced in Section 3.3.1) and Lg; 1 is our GiLt loss, supervised with
identity labels. Parameter A, is used to control the overall part attention
loss contribution and is empirically set to 0.35.

GilLt Loss

To supervise model training with the identity labels, our GiLt loss relies
on two losses: the popular identity classification loss and a custom part-
averaged triplet loss, which is a variant of the batch hard triplet loss [42].
However, we must carefully choose which loss to apply on each of the K + 3
embeddings produced by our model.

First, unlike other popular part-based method [17,19,21,23,24,26,56,70],
we do not apply the identity loss on part-based features because of occlu-
sions and non-discriminative local appearance, as introduced in Section 3.1.
Indeed, a part-based feature is not always discriminative enough to identify
a person, which renders an identity prediction objective impossible to fulfil.
Consequently, adding an identity loss on such local representation would be
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destructive to performance. However, similar to most state-of-the-art ReID
methods, we still benefit from the identity loss supervision by applying it
on the holistic features.

Secondly, we apply the triplet loss constraint on part-based features, via
our custom part-averaged triplet loss detailed in Section 3.3.3. At inference
stage, distance between samples will be computed using these part-based
features, and it therefore make sense to optimize their relative distances
directly with a triplet loss constraint. However, we argue the triplet con-
straint should not be enforced on holistic embeddings because of occlusions.
Indeed, two holistic embeddings of the same identity will have intrinsically
different representations if at least one of the two is partially occluded, be-
cause each embedding will represent a different subset of the whole target
body. Therefore, pulling those two holistic features close together in the
feature space with a triplet loss would be destructive to performance.

In summary, we claim the best training strategy for part-based methods
is to apply (i) the identity loss constraint on holistic features only and (ii)
the triplet loss constraint on part-based features only, via a our custom
part-averaged triplet loss. We call this strategy Global-identity Local-triplet or
simply GiLt, and formulate it in our GiLt loss:

t.
Leitt =Lia+ Ly = Y, Lce(fi) +Lp (fi o fK), (3.6)
ic{gfc}

where L¢r is the cross-entropy loss with label smoothing [68] and BNNeck
trick [15], and Lmﬁs is our part-averaged triplet loss detailed further below.
L;; optimizes the network to predict the input sample identity from each
holistic embedding {fg, f¢, fc}-

We provide extensive ablation studies in Section 3.4.4 for validating
our claim. These experiments also demonstrate the superiority of our GiLt
strategy for training part-based methods compared to other combination of
triplet and identity losses. To our knowledge, we are the first to suggest such
combination of triplet and identity losses for training part-based methods.
We are also the first to conduct extensive experiments to demonstrate the
impact of both losses on training performance when enforced on holistic
and part-based embeddings. GiLt is illustrated in Figure 3.2.

Part-Averaged Triplet Loss

Our part-averaged triplet loss differ from the standard batch hard triplet
loss [42] w.r.t. the strategy used to compute the distance between two
samples. Indeed, it relies on the average of pairwise parts distances between
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two samples i and j. This part-averaged distance is computed using all
body part-based features {f, ..., fx} jointly:

dij _ Zl[j:l diSteucl (f]i/ f}i)

parts — X , (3.7)

where dist,,.; refers to the euclidean distance. Similar to [42], the part-
averaged triplet loss is then computed using the hardest positive and hard-

est negative part-averaged distances d;;;rts and dy,; respectively:
t
Lfr[;r s(fg' o fI@) = [d;Zrts - Zgrts + ‘X]+ 4 (3.8)

where the distances from anchor sample to the hardest positive and neg-
ative samples are denoted by d“F and d*" respectively, and « is the triplet
loss margin. Therefore, our part-averaged triplet loss globally optimize an
average of local distances between corresponding parts, and not a distinct
triplet for each part, as adopted in [19,23] and shown to be inferior in Table
3.2, under "BPBrelD w/o part-averaged triplet loss". This critical design choice
gives each training step the opportunity to focus on the parts with most
robust and discriminant features, which in turns mitigates the impact of
occluded and non-discriminative local features.

3.3.4 Visibility-based Part-to-Part Matching

Given a query sample g and a gallery sample g, pairwise distance is com-
puted at inference by a visibility-based part-to-part matching strategy using
the foreground embedding and the body part-based embeddings:

| (U? . U‘Ig . diStellCl (fzq’flg)>
dists, = k)

total — Z q. Ug)
ie{f1,.,K}

(3.9)

Visibility scores v?‘g are used to ensure that only mutually visible body

parts are compared. If there’s no mutually visible part between the two
samples, their distance is set to infinity. The strategy is illustrated in the
bottom part of Figure 3.2. Global and concatenated embeddings are not
used at inference because they may convey information from occluding
objects and pedestrians.
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3.4 Experiments

3.4.1 Datasets and Evaluation Metrics

We evaluate our model on the holistic dataset Market-1501 [14], and the
occluded dataset Occluded-RelD! [29]. Unlike the original WACV23 paper,
we focus our study on two datasets, excluding results on DukeMTMC and its
derivatives. This decision follows the withdrawal of the DukeMTMC-relD dataset
and, by extension, related datasets such as Occluded-Duke and P-DukeMTMC. We
refer readers to the original papers for more experimental results. We report two
standards RelD metrics: the cumulative matching characteristics (CMC) at
Rank-1 and the mean average precision (mAP). Performances are evaluated
without re-ranking [71] in a single query setting.

3.4.2 Implementation Details

Model architecture A ResNet-50 (RN) [72] is employed as the main backbone
feature extractor. The final fully connected layer and global average pooling
layer are removed and the stride of the last convolutional layer is set to 1
instead of 2. For a fair comparison with methods using heavier architecture
or training, we also employ the ResNet-50-ibn (RI) [73] as in [74-76], and the
HRNet-W32 (HR) [77] backbone as in [20]. HRNet feature maps with higher
resolution are particularly beneficial to BPBrelD for building fine-grained
attention maps. All backbones are pre-trained on ImageNet [78]. The
number of body parts K is set to 5 for holistic datasets and 8 for occluded
datasets.

Training procedure The training procedure is mainly adopted from BoT
[15]. Allimages are resized to 256 x 128 for ResNet-50 (RN) and 384 x 128 with
HRNet-W32 (HR) and ResNet-50-ibn (RI). Images are first augmented with
random cropping and 10 pixels padding, and then with random erasing [79]
at 0.5 probability. A training batch consists of 64 samples from 16 identities
with 4 images each. The model is trained in an end-to-end fashion for 120
epochs with the Adam optimizer on one NVIDIA Quadro RTX8000 GPU.
The learning rate is increased linearly from 3.5 x 107> to 3.5 x 10~* after 10
epochs and is decayed to 3.5 x 1075 and 3.5 x 10~° at 40" epoch and 70"
epoch respectively. The label smoothing regularization rate ¢ is set to 0.1
and triplet loss margin « is set to 0.3.

10ccluded-RelD has no train set, so we use Market-1501 for training.
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Table 3.1 Comparison of BPBrelD with SOTA methods. Symbols t / {
denote global / part-based methods respectively. First, second and third best
performance are indicated with 1> respectively.

Holistic Occluded
Market Occluded
Methods 1501 -relD
R-1 mAP | R-1 mAP

BoT-based training schemes
with single ResNet-50 backbone

BoT [15] t 945 859 | 584 523
SGAM[66]F | 914 673 - -
PGFA [24] £ 912 768 - -
MHSA[65]F | 946 840 - -
VGTri [21] £ - - 81.0 71.0
OAMN [80]t | 932 79.8 - -

HG [81] t 95.6  86.1 - -
BPBrelDrn i | 951  87.0 | 769  68.6

Arbitrary backbones/training schemes
or heavier architectures

PVPM [17] £ - - 66.8  59.5
HOReID [19]F | 942 849 | 803 702
ISP [20] t 953  88.6 - -
PAT [23] £ 954 880 | 816 721
PGFL[82]1 | 953 872 | 80.7 703
HPNet [25] § - - 87.31 7743
SSGR[76]t | 96.1' 893 | 785 729
FED [83] * 95.0 863 | 86.3% 79.3%

LDS [75] t 95.8> 90.3! - -
PFD [18] £ 955 89.72 | 81.5 83.0
BPBrelDg;t | 957 884 | 770 709
BPBrelDyR £ | 95.7° 89.4° | 82.9° 752*
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3.4.3 Comparison with State-of-the-Art Methods

Our comparison with existing methods is constrained by the removal of the
DukeMTMC-RelD dataset and its derivatives. We refer readers to the original
papers for further details. We compare our model in Table 3.1 with other RelD
works and it ranks first overall. Methods in the first part of the table use a
ResNet-50 backbone with a training procedure similar to ours and BoT [15].
Methods in the second part either use arbitrary training procedures with
bigger image size [17,25,75,82], more advanced backbones [18,20,76,83], or
heavier architecture with additional backbones or branches [17-19,23,75,82].

Market-1501: Our method outperforms all part-based methods () on
Market-1501, except for PFD [18], which uses a much heavier architecture,
with a ViT backbone and a HRNet-W48 parallel branch for pose estimation.
Regarding global methods (t), BPBrelD achieves competitive performance
on Market-1501, although the performance difference between most SOTA
methods remains insignificant on it. This demonstrates that part-based
methods are a competitive choice for holistic person RelD.

Occluded-RelD: This occluded dataset requires strong domain adap-
tion capacity, since it does not provide a training set, and the Market-1501
dataset that is generally used for pre-training does not contain occluded
samples. All well-performing methods on Occluded-relD rely on the infor-
mation from an external pose estimation model at inference [17-19,82] or
on occlusion data augmentation techniques [76,83] to achieve robust part
pooling on the new occluded domain. Different from these methods, we
don’t use any external model at inference, nor occlusion data augmentation,
but still achieve competitive performance.

3.4.4 Ablation Studies

In this section, we conduct some ablations studies using BPBrelDry;, to
analyze the impact of our architectural choices on RelD performance.

Components of BPBrelD

Performance gain related to different components of our model are reported
in Table 3.2. We adopt Bag of Tricks (BoT) [15] as a baseline and build
BPBrelD on top of it.

BPBrelD without learnable attention is an alternative method where the
K body part probability maps {My, ..., Mk} predicted by the body part
attention module are replaced by fixed attention weights derived directly
from PifPaf output. The decreased performance primarily reveals that the
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Table 3.3 Performance com-
parison for body part and

Table 3.2 Ablation study for the main holistic embeddings.

components of BPBrelD. For the experi-

ment "w/o part-avgd tr.iplet loss",.we replace Methods R AP
our part-averaged triplet loss introduced 7 07 475
in Eq. (3.8) by a distinct triplet loss for & 64'1 49'7
each part f . .
bt fe 64.4 50.3
Methods R-1 mAP f] (head) 471 24.7
BoT [15] baseline 514 447 fa (torso) 152.0 31.7
BPBrelD 667 541 f3 (lgft arm) [55.7 34.4
- w/o learnable attention |51.6 39.2 ;4 gégl;; arm) gg; ;5;1;
- w/o visibility scores 52.6 45.3 f5 ( fegt) 61 o
- w/o part-avgd triplet loss |64.8 51.7 6 -

{fl/ weey f6} 65.9 52.2
{fe, fi, - fo! |66.1 52.5

lack of end-to-end training on the attention weights leads to a discrepancy
between the fixed attention masks and the RelD need in terms of backbone
feature pooling. This confirms that training the attention mechanism in an
end-to-end fashion with both body part prediction and RelD as objectives
leads to an attention mechanism which is more specialized towards solving
the RelD task, with a better selection of discriminative appearance features.

BPBrelD without visibility scores refers to a strategy where all embeddings

are used at inference no matter their visibility, i.e., all visibility scores v?‘g

in Eq. (3.9) are set to 1. As expected, using noisy embeddings correspond-
ing to non-visible parts dramatically reduces performance. This validates
the effectiveness of our visibility-based part-to-part matching strategy for
solving challenges (1) and (2). Our attempts to account for the visibility
scores at training did not lead to performance improvement, but remains a
promising path for future research. We speculate this happens because (1)
GiLt is already robust to occlusion and (2) most training samples are non
occluded.

Finally, BPBrelD without part-averaged triplet loss refers to a model where
part-based embeddings are supervised individually with a classic triplet
loss [42] instead of our part-averaged triplet loss described in Eq. (3.8). The
difference between these two approaches lies in their underlying objective:
the part-averaged triplet loss optimizes a global distance between two sam-
ples, which is computed using the average of local distances, whereas the
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Table 3.4 Impact of identity loss and triplet loss on training performance
when applied selectively on holistic embeddings (global "g", foreground "f"
and concatenated "c") and body part-based embeddings ("py, x"). Triplet loss
on p1, k refers to our part-averaged triplet loss described in Section 3.3.3.
Triplet loss on other embeddings (g, f and c) refers to a standard batch-
hard triplet loss [42]. Identity loss on p;,_x refers to a identity loss applied
individually on each part-based embeddings. We also report performance
for the popular part-based RelD architecture PCB [26], which does not use
a foreground embedding.

Idx Identity loss Triplet loss Bi)]?;fesl)D PCB [26]
g t ¢ pix|lg f ¢ px|R1I mAP| R1 mAP
GiLt | vv v V v’ 667 541 | 546 463
PCB v 572 432 | 512 408
1 vV IV vV 529 432 |50.2 409
2 \vV v Vv Vv |V vV v v |595 482 |51.1 4238
3 |v v v 615 495 | 521 4438
4 v Vv Vv v |539 419 |455 376
5 |v v v V v 618 494 |51.0 435
6 | v V v | 655 514 |529 435
7 |V v v 1565 419 | - -
8 v v v | 640 529 | 562 462
9 |\v v V v v |662 533 |559 461
0 |v v V v v 1636 522 | - -
1 |v v Vv v v | 640 524 |548 459
12 |v v v 653 529 | 544 457

standard triplet loss optimizes all local pairwise distances individually. The
later approach gives reduced performance because it renders the training
procedure more sensitive to occluded body-parts and non-discriminative
local appearance. This last ablation test demonstrates the robustness of
our part-averaged triplet loss to occlusions and non-discriminative local
features, and therefore to solve challenges (1) and (3).

Validation of the Gilt Strategy

In this section, we study the impact of different combinations of the identity
and triplet losses on the K + 3 embeddings produced by our model. Results
are reported in Table 3.4. We also report performance for the popular model
architecture PCB [26], which partition the input image in six horizontal
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stripes, to demonstrate the superiority of our training scheme with other
part-based architecture. The original PCB paper suggest a simple iden-
tity loss applied on part-based embeddings only: the corresponding sub-
optimal performance is reported in the second table row. The experiment
on the first row correspond to our GilLt strategy described in Section 3.3.3:
holistic features are supervised only with an identity loss and part-based
features are supervised with our part-averaged triplet loss. As demon-
strated by experiments 1 to 4, triplet and identity losses are complementary
to each other and best performance is reached when using them together.
However, naively applying both losses on all embeddings (experiment 2)
is a sub-optimal solution. We can draw two conclusions from experiments
5 to 8, which are small variations of our GiLt strategy regarding the iden-
tity loss. First, applying the identity loss on all three holistic embeddings
leads to a more robust training scheme and to better performance. This
experiment validates our choice of computing a global and a concatenated
embeddings for training, even though we don’t use them at inference. Sec-
ond, experiment 5 validates our intuition that using an identity loss on
part-based features is harmful to performance, since it renders the training
procedure sensitive to occlusions and to non-discriminative local features.
Experiments 9 to 12 validate our GiLt strategy of enforcing the triplet loss
constraint on part-based embeddings only.

Discriminative Ability of Output Embeddings

In this Section, we study the discriminative ability of the holistic and body
part-based embeddings {fg, f;, fc, f1, -, fk} for K = 6. For that purpose,
we compute query-to-gallery samples distance using each embedding in-
dividually or combination of them, and report the corresponding ranking
performance in Table 3.3. When multiple embeddings are used, we compute
the average distance weighted by visibility scores, as described in Eq. (3.9).
As demonstrated in Table 3.3, performance using holistic embeddings are
sub-optimal because the global embedding is sensitive to background clut-
ter, and the foreground embedding cannot achieve part-to-part matching.
The concatenated embedding fixes those issues but remains sensitive to
occlusions because it contains noisy information from embeddings of non
visible body parts. As demonstrated in the table, using body part-based
embeddings individually leads to sub-optimal performance. Performance
is better for embeddings from upper body parts, because (1) these parts are
more discriminative and (2) lower body parts are very often occluded. Us-
ing all parts embeddings {fi, ..., f¢} leads to the best performance, because
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Queries Gallery ranking

Left arm

All parts

Head

All parts |

Similar brown leather boots

Feet

All parts

Fig. 3.3 Visualization of ranking results based on individual body part-
based embeddings (top row of each query) or all body part-based embed-
dings with the foreground embedding (bottom row of each query). For
the "all parts" rows, only the foreground attention map is displayed for
conciseness. In the top row of each query, the retrieved gallery samples
are very similar w.r.t. the compared body part, but identities do not match
because a single body part is not discriminative enough. Green/red borders
are correct/incorrect matches. Best viewed in color and zoomed in.
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this strategy is the key to overcome the big challenges related to occluded
re-id, i.e., (1) achieve feature alignment, (2) reduce background clutter and
(3) compare only mutually visible body-parts. Finally, adding information
from the foreground embedding produces slightly better performance, be-
cause it helps in mitigating errors caused by failed body part prediction,
and by image pairs having few or no mutually visible parts. Figure 3.3
illustrates some ranking results using these embeddings individually.

3.5 Conclusions

In this work, we propose our model BPBrelD to address the occluded person
RelD task by learning body part representations and make two contribu-
tions. First, we design a body part attention module trained from a dual
supervision with both identity and human parsing labels. With this atten-
tion mechanism, we show how external human semantic information can be
effectively leveraged to produce RelD-relevant part-based features. Second,
we investigate the influence of triplet and identity losses for learning part-
based features and provide a simple yet effective GiLt strategy for training
any part-based method. Our model achieves state-of-the-art performance
on five popular RelD datasets.






KPR: Keypoint Promptable
Re-ldentification

Published at ECCV 2024




4 | KPR

4.1 Introduction

Person re-identification (RelD) [12] is a challenging retrieval task that in-
volves matching a query image of a person of interest with other person
images. RelD finds wide-ranging applications in multi-object tracking [84],
pedestrian flow analysis [85], sport understanding [4-6, 8, 9] and video-
surveillance [14]. However, RelD is a difficult task due to various factors
including inaccurate bounding boxes, luminosity changes, poor image qual-
ity, and occlusions.

In recent years, there has been a growing interest in addressing the oc-
cluded re-identification task [13], where the RelD target might be occluded
by various objects or other people. In this work, we identify and explicitly
address a critical challenge that has been overlooked by previous occluded
ReID methods [1,83]: the presence of Multi-Person Ambiguity (MPA) inher-
ent to bounding box annotations. The multi-person ambiguity arises when
a bounding box image contains multiple individuals, making it challenging
even for humans to accurately identify the intended RelD target among
all the candidates. Figure 4.2a shows how MPA can negatively impact the
re-identification model, causing feature mixing among different individuals
or even a focus on an unintended person.

To tackle this multi-person ambiguity, it is necessary to incorporate ad-
ditional pixel-level information, such as keypoints or segmentation masks,
provided by an upstream human operator or vision model. This addi-
tional data plays a vital role in assisting the downstream RelD method to
distinguish the intended target from other candidates.

Inspired by recent advances in promptable! methods for vision trans-
formers (e.g., SAM [86]), we propose to explicitly use additional semantic?
keypoints as inputs to disambiguate images with multiple individuals. Se-
mantic keypoints are suitable for two crucial use cases: 1) manual prompt-
ing by a human operator with a few clicks on an image, and 2) automated
prompting by an upstream pose estimation model. Nevertheless, our archi-
tecture could be easily extended to support segmentation masks as prompts.

Prior research [17-19] on pose-guided methods has explored the use of
additional information from external pose estimation models. However,

LA “prompt" typically refers to an input instruction that guides the model’s response. In
vision tasks, e.g. segmentation, prompts can be any kind of data that specifies what the model
should focus on [86].

2Semantic keypoints are distinct points within a person image that carry semantic informa-
tion about specific body parts, typically obtained with pose estimation [87].
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Fig. 4.1 Overview of our proposed Keypoint Promptable RelD (KPR)
method. KPR takes an image with keypoints prompts as input and produces
part-based features of the prompted target. The prompt instructs the model
to focus on a specific individual, i.e. the back blue jacket man (b) or the front
black t-shirt man (c) in this example. Colored dots illustrate the positive
keypoints prompt, with one color per body part.

none of these works explicitly tackled the multi-pedestrian ambiguity issue.

Following above insights, we propose KPR, a novel Keypoint-Promptable
transformer for part-based person Re-identification, illustrated in Fig. 4.1a. KPR
is a transformer-based model that takes an image along with semantic key-
points as input. It then produces part-based features, each representing a
distinct body part of the RelD target, along with their respective visibility
scores. Part-based methods have demonstrated superior performance [1,20]
in re-identifying occluded individuals because they utilize only the visible
parts for comparison. Our method can process both positive and negative
keypoints, which respectively represent the target and non-target pedes-
trians. As illustrated in Fig. 4.1c, prompts can be used to re-identify the
desired (front or back) person in case of occlusion. Furthermore, KPR is
designed to be prompt-optional to offer more practical flexibility. This means
the same model can be used without prompt on non-ambiguous images, or
with prompt when dealing with occlusions, while consistently achieving
state-of-the-art performance in both cases. To demonstrate the advantages
of keypoint prompts for re-identification, we evaluate KPR on two tasks:
person retrieval and multi-person pose tracking.
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BPBrelD [1]) are confused by MPA and negative keypoints prompt

Fig. 4.2 Person retrieval with Multi-Person Ambiguity (MPA). Green/red
borders denoted correct/incorrect matches. Red/pastel dots indicate nega-
tive/positive prompts.

Moreover, since no current RelD dataset is provided with explicit target
identification in case of multi-person ambiguity, we introduce a new dataset
called Occluded PoseTrack-RelD, nicknamed “Occ-PTrack", and derived
from the PoseTrack21 dataset [88]. This dataset offers high-quality keypoints
annotations and features a substantial number of images with multi-person
occlusions.

Overall, we summarize the main contributions of our work as follows:

1. We propose KPR, a novel prompt-optional model for part-based RelD.
To our knowledge, we are the first to introduce a visual prompting
mechanism for person re-identification, and the first to explicitly ad-
dress the ambiguity caused by multi-person occlusions.

2. We introduce Occ-PTrack: the first multi-person occluded RelD dataset
with explicit target identification through manual keypoints annota-
tions. Furthermore, we propose new keypoint annotations for four
popular re-identification datasets.

3. Our method outperforms all previous state-of-the-art methods on the
occluded RelD task, demonstrating the effectiveness of the keypoint
promptable approach.

Our ambition is to advocate for a shift from the ambiguous bounding-
box approach to RelD and promote a keypoint-centric paradigm. To this
end, we publicly release our codebase, proposed dataset, and annotations,
to provide a common setup for evaluating promptable ReID methods.

4.2 Related Work

Multi-Person Ambiguity: A previous study [83] addressed a related issue
called “Non-Target Pedestrians (NTP)," similar to our concept of “Multi-
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Person Ambiguity" (MPA). However, their focus was on mitigating the
negative impact of NTP during training. In contrast, we provide a method
to explicitly disambiguate the intended RelD target during both training
and testing phases.

Pose-guided ReID: We detail here the fundamental difference between
our novel keypoint promptable approach and the traditional pose-guided
methods. Although none of the previous works explicitly address the
multi-person ambiguity (MPA) issue, we identify two categories within
these pose-guided approaches: 1) those inherently unable to address MPA
[1,17,21,22,24,76,80,89], and 2) those with the potential to overcome
MPA [18,19]. In the first category, methods like BPBrelD [1] or Pirt [22]
utilize pose labels only during training, and can not leverage additional in-
formation at test time to disambiguate multiple persons. Moreover, methods
relying on horizontal stripes (VGTri [21], PGFA [24]) or the affinity fields of a
pose model (PVPM [17]), are meant to tackle object-occlusions, but struggle
to disambiguate multiple persons. In the second category, methods like
HORelD [19] and PFD [18] directly employ keypoints from a single person,
enabling focus on a specified target. However, HORelID [19] is restricted
to utilizing spatial features at the exact keypoints locations, thus overlook-
ing critical appearance cues on entire body regions. Finally, PFD [18], and
all previous pose-guided methods including HORelD, incorporate pose
information after appearance encoding has occurred, e.g., for local pooling of a
spatial feature map, but do not leverage pose data to guide the appearance
encoding process as our method do. Indeed, our approach implements a
prompt-aware appearance encoding, since it conditions feature extraction on
the input keypoints. This enables better feature disentanglement between the
target and the occluders from the early feature extraction stages, resulting in
more accurate representations. Furthermore, our method is prompt-optional,
setting it apart for its flexibility from these previous pose-guided meth-
ods. Finally, our method can ingest additional negative keypoints, to further
disambiguate a multi-person occlusion scenario.

Prompting in Vision: Recent works have introduced promptable trans-
formers to tackle object segmentation. For instance, SAM [86] employs
two networks: a transformer encoder to generate generic spatial features
and a lightweight promptable decoder to integrate user inputs for inter-
active segmentation. In contrast, our approach directly prompts a feature
encoder, so that feature extraction is explicitly driven by the prompts. Unlike
SimpleClick [90], which prompts a transformer with a single 2D point and
a previous mask for iterative segmentation, our model ingests multiple key-
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points concurrently, enhancing body part localization and representation
by leveraging their semantic information.

4.3 Methodology

The overall architecture of our model KPR is illustrated in Fig. 4.3 and
is based on a Swin transformer backbone [91]. The next subsections first
describe the various components of the architecture. We then present the
training process, including our proposed data augmentation. Finally, we
describe the inference procedure and conclude with an intuitive discussion
of our design choices.

4.3.1 Tokenization

The tokenization procedure coverts raw image and keypoints information
into Cj-dimensional tokens, to be subsequently processed by the Swin
encoder.

Image tokenization: The input image, with dimensions H x W, under-
goes tokenization using the conventional Swin patch embed module. This
process generates Hy x W; = % X % spatial tokens of dimensions C; by
embedding each 4 x 4 image patch through a linear layer.

Keypoints tokenization: As previously mentioned, our model uses
two types of semantic keypoints as prompts: positive keypoints indicating
the RelD target and negative keypoints indicating other individuals. We
organize these prompt keypoints into K+1 groups: the first group contains
all negative keypoints, and the remaining K groups contain subsets of the
positive keypoints. Each subset of positive keypoints actually corresponds
to a semantic body region. For instance, with K = 8, we define groups
like: {head, torso, right/left arm, right/left leg, and right/left feet}. For each
group i € {1, .., K+ 1}, a unique heatmap M; of size H x W is created
by drawing a Gaussian 2D kernel at each of its keypoint’s center location
(x, v). The kernel’s standard deviation is set to a fraction a¢ of the image
width. Invisible keypoints are ignored. These K + 1 heatmaps are then
concatenated into a global spatial tensor M of size H x W x (K 4 1). Finally,
each 4 x 4 patch in M is linearly projected to produce prompt tokens of
dimension C;. Like the image tokenizer, the keypoints tokenizer outputs
therefore H; x W; spatial tokens of dimension C;.

Token fusion: Images and keypoints tokens are fused by summing
tokens at the same spatial location, producing H; x W; spatial tokens with
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Fig. 4.3 Architecture overview of our proposed Keypoint Promptable ReID (KPR) model. The Batch-wise Inter-
Person Occlusion (BIPO) data augmentation is first applied to generate artificial inter-person occlusions (Sec. 4.3.5).
The image and the optional positive/negative (®/©) prompts are then tokenized and summed (Sec. 4.3.1). Tokens are
then fed to our proposed Multi-Stage feature Fusion (MSF) Swin transformer to generate high-resolution feature maps
(4.3.2). The feature map is then fed to a Part-based Head (PBH), which assigns a part (or the background) to each token
with a part classifier, and then averages all tokens of the same part to produce the final K part-based embeddings {fi,
..., fx} and their binary visibility scores {v1, ..., vk}, with v; € {0, 1}, and visually denoted by {X, v’} (Sec. 4.3.3). A part i
with no token assigned is considered invisible (i.e., v; = 0), and ignored when computing two samples’ similarity. KPR
is illustrated here for K=8, with a unique color for each body part: {head, torso, right/left arm, right/left leg, and right/left
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dimension C;. These tokens are then forwarded to the Swin-based encoder.

Design motivations: Prompted keypoints are organized into K + 1 chan-
nels to preserve semantic meaning before tokenization. It allows the model
to differentiate positive and negative prompts, and to distinguish prompt
information of different body parts, for better part localization. Prompt-
aware appearance encoding: Moreover, feeding the network with keypoint
information before the encoding stage is critical in enabling the network to
disentangle the RelD target features from other persons’ features. Finally,
this design offers the flexibility to support segmentation mask prompts by
replacing M with a double-channel map of positive and negative segmenta-
tion masks. Regarding token fusion, the sum operation maintains the input
dimension for the Swin backbone, permitting the use of pre-trained weights
from the image-only model. Prompt optionality: This design also offers the
flexibility of running the model without prompts, by processing the image
tokens alone, with no architectural adjustments required.

4.3.2 MSF Swin Encoder

A Swin-transformer [91] is employed as the backbone feature extractor for its
great performance in vision tasks and its ability to capture high-frequency
details, which is beneficial to RelD [92]. Moreover, we propose to enhance
Swin with a Multi-Stage feature Fusion strategy, denoted as “MSF", to
output feature maps with a high spatial resolution. Indeed, similar to
CNN, each Swin stage reduces the number of tokens by a factor of 4 while
doubling the channel dimension. To obtain a high-resolution token map,
the outputs of all stages are bilinearly upsampled to the same resolution
H; x W; as the output of the tokenization module, then concatenated into a
single feature map along the channel dimension, and finally passed through
a linear layer to obtain the final spatial token map of size H; x W; x C,.
Different from the standard Swin, our MSF Swin therefore preserves the
input tokens resolution. As pointed out in prior works [15,20], a high-
resolution feature map enriches the granularity of the features and brings
significant performance improvements (see Tab. 4.3, Exp. 3).

4.3.3 Part-based Head

The encoder yields H; x W; tokens, which are sent to the Part-based Head
(PBH) module, as illustrated in Fig. 4.3. This module is derived from the
Global-local Representation Learning Module introduced by BPBrelD [1].
Each token is first labeled either as one of the K body parts or as background,
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by a token-wise part classifier. The part classifier is implemented as a linear
layer with K + 1 output logits followed by the softmax operation, and
is applied individually on each token. The assignment of each token to
one of the K body parts (or the background) is therefore formulated as a
classification task with K + 1 classes. We term the probability map of size
H; x Wi x (K + 1) produced by this part classifier over all tokens as “part-
attention maps". These maps are showcased as colored heatmaps in Fig. 4.1a
and Fig. 4.6, with one color per channel (the background channel is ignored).
Finally, tokens having the same assigned body part are averaged together,
resulting in K part-based embeddings {fi, ..., fx} of size C,. Background
tokens are ignored. Parts with no tokens assigned are considered invisible
and given a visibility score v; = 0. The corresponding invisible embedding
fi, with v; = 0, is therefore ignored for downstream computation. The PBH
module thus produces K part-based embeddings {fi, ..., fx} and their binary
visibility scores {vy, ..., vk}

Human parsing labels: To train the token-wise part classifier, each
spatial token is assigned a ground-truth class, i.e., part label, derived from
the coarse human parsing labels provided by [1]. These human parsing
labels are illustrated on the right of Fig. 4.3 and in Fig. 4.4a.

4.3.4 Training Process
The overall objective function used to train the model is:
L = Lgep + AppLypp 4.1)

where Lg,ip is the RelD loss supervised with identity labels, L, is the
token-wise part-prediction loss, and Ay, is a weight parameter empirically
set to 0.3.

Part Prediction Loss: The token-wise part classifier introduced in Sec. 4.3.3
is supervised with a Part Prediction (PP) Loss that is actually a cross-entropy
loss applied on each spatial token as in [1].

Re-identification loss: As a RelD objective, we employ the GiLt Loss [1],
that is specifically designed to train part-based RelD models. It has the
benefit of being robust to occlusions and non-discriminative body parts.
GiLt combines an identity loss [15] and a batch-hard triplet loss [42]. The
distance function employed for the triplet loss is the average of all local
part-based distances.
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4.3.5 BIPO Data Augmentation

Since most RelD datasets feature limited occlusion in their training set, a
model often struggles to handle the occlusions it encounters during testing.
To address this, we propose a novel Batch-wise Inter-Person Occlusion
data augmentation (BIPO), to generate artificial inter-person occlusions on
training images, prompts, and human parsing labels. When provided with
a training sample, BIPO randomly selects a different person’s image (the
occluder) from the same training batch, contours it with a segmentation
mask derived from the human parsing labels, and overlays it on the main
image. The human parsing label and keypoints prompt of the training
image are then updated accordingly. Finally, all positive keypoints from the
occluder are added to the training prompt to serve as additional negative
points.

Design motivations: Given that a triplet loss with batch-hard mining
[42] is employed during training, using images from the same training
batch to generate occluders yields hard positive and negative samples
for mining triplets, thereby creating challenging scenarios for contrastive
learning. BIPO is illustrated in Fig. 4.4a and its significance for KPR is
further discussed in Sec. 4.3.7.

4.3.6 Inference

At inference, KPR processes each input image together with their respective
keypoints prompts, and produces K part-based representations {fi, ..., fx}
of the RelD target and their binary visibility scores {vy, ..., vk}. Similar to
previous part-based works [20,21], the global distance distgfobal between
a query image g and a gallery image g is computed as the average cosine
distance distos Of the part-based embeddings f; that are visible in both

samples:

N R el
. 08 1 Jeer
dlstglobal - y o1 Ug)

4.2)

4.3.7 KPR Pipeline Motivation and Intuition

Our pipeline comprises two closely related architectural components. First,
the prompt tokenizer, which encodes semantic keypoints information to dis-

3Inspired by the copy-paste technique for segmentation [93].
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(a) BIPO (b) Occluded PoseTrack-RelD

Fig. 4.4 (a) Our proposed Batch-wise Inter-Person Occlusion (BIPO) data
augmentation creates artificial person occlusions that are consistent across
image, prompt, and human parsing labels. BIPO is crucial to enforce the
model to rely on the input prompts. (b) Four identities with their keypoints
labels from our Occ-PTrack dataset.

ambiguate the RelD target, thereby providing prior information about body
part location to drive feature extraction. Second, the Part-based Head (PBH),
responsible for localizing the body parts of the target and constructing its
part-based features.

While the Part-based Head is explicitly supervised with human parsing
labels at training to learn human topology, there is no specific loss incentiviz-
ing the model to leverage information from the input prompt. Additionally,
multi-person occlusions are rare in most RelD training sets, giving the
model little incentive to rely on these prompts to localize the target person.
For this reason, just adding a prompt tokenizer and training the pipeline
as is produces a KPR model with weak reliance on the input prompts, and
therefore low performance in multi-person occlusion scenarios.

To address these issues, our proposed BIPO data augmentation plays a
critical role. By generating artificial multi-person occlusions during training,
the model is compelled to rely more on the prompts, as they represent the
sole reliable source of information to distinguish the true RelD target from
the occluder.

Consequently, incorporating BIPO during training is crucial to produce
a model that is proficient at leveraging prompt information and effectively
handling multi-person occlusions. Finally, designing the Part-based Head
without explicit reliance on the prompt offers an additional advantage: it
renders our model prompt-optional, enhancing robustness against noisy or
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missing prompts while still enabling effective localization of the target’s
body parts.

4.4 Experiments

4.4.1 Evaluation Benchmarks and Metrics

We assess our model’s performance on three types of person retrieval se-
tups: non-occluded (i.e., holistic) on Market-1501 [14], object occlusions
on Occluded-RelID [29] and Partial-ReID* [28], and finally multi-person
occlusions on our below introduced Occluded PoseTrack-ReID dataset.
Occluded-Duke [24] was taken down and removed from our study; check
out our GitHub for more information. Two standard person retrieval metrics
are reported: the CMC at Rank-1 and the mAP. Performances are evaluated
in a single query setting and without re-ranking [71]. Furthermore, we
evaluate our model on multi-person pose tracking with the PoseTrack21 [88]
dataset. We report the HOTA [94] performance metric, and relevant sub-
metrics such as association accuracy (AssA), detection accuracy (DetA), and
the number of identity switches (IDs) [95].

4.4.2 Proposed Occluded PoseTrack-RelD Dataset and Annotations

We introduce Occluded PoseTrack-RelD (or simply Occ-PTrack), a new RelD
dataset we built out of the annotation available with PoseTrack21 [88], a
popular video benchmark for multi-person pose tracking, that features key-
points and cross-video identity annotations. Unlike previous RelD datasets
focused on street surveillance, Occ-PTrack consists of images from everyday
life videos, primarily from sports activities, as illustrated in Fig. 4.4b. Occ-
PTrack is divided into a train/test that includes 1000/1411 identities with
17.898/13.412 images from 474/170 videos, which is roughly equivalent in
terms of scale to other popular RelD datasets [14,24]. To assess the RelD
model’s performance in multi-person occlusion scenarios, we select the
most cluttered images of each identity in the test set as query samples, and
the remaining test images as gallery samples. Cluttered images corresponds
to multi-persons occlusions scenarios where either the front (occluding)
or back (occluded) person is the RelD target, to evaluate the model ability
to re-identify individuals in both scenarios. Occ-PTrack is challenging as

*We use the occluded (non-cropped) images as queries.
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persons within the same video exhibit a high degree of visual resemblance
since they often wear similar sports kits.

Keypoint Annotations for Standard RelD Datasets: Since conventional
RelD datasets [14,24,29] do not contain keypoint annotations, we generate
pseudo-labels for them with the PifPaf [67] pose estimator. These pseudo-
labels include keypoint annotations in COCO [87] format for each image, as
illustrated in Fig. 4.4a. When multiple skeletons are detected in an image,
we make the assumption the one with its head closer to the top center part
of the image is the intended target, and mark it with a “is_target" attribute.
Other skeletons are used as negatives. A more detailed description of the
annotation procedure can be found in the supplementary materials of the
original paper.

4.4.3  Implementation Details

We evaluate our model with both the ImageNet [78] (KPRy) and the
SOLIDER [96] (KPRgoy ) pre-trained Swin backbones. SOLIDER is a human-
centric foundation model trained on the large-scale LUPerson [97] dataset
in a self-supervised way. Following [1], the number of body parts K is
empirically set to 8 for Occ-PTrack, and 5 otherwise. The training procedure
is mainly adopted from TransReID [98] and SOLIDER [96]. We apply our
BIPO data augmentation (Sec. 4.3.5) with a 0.3 probability. The model is
trained for 120 epochs with a batch size of 64 and a cosine annealing Ir
scheduler. For KPRyn /KPRgoy,, images are resized to a width of 128 and a
height of 256/384. The Gaussian kernel standard deviation a (Sec. 4.3.1) is
set to 0.1.

4.4.4 Comparison with State-of-the-Art Methods

In Table 4.1, we present a comparative analysis of KPR, when using prompts
(KPR) and not using prompts® (KPR w/o prompt), against all leading oc-
cluded RelD methods. Our method emerges as the top performer overall.
Occluded PoseTrack-RelID: Unlike the other three datasets, Occ-PTrack
contain a substantial number of images with multi-person occlusions, mak-
ing them suitable environments to assess the effectiveness of our promptable
method. On this challenging occluded dataset, our proposed model KPR
outperforms all previous methods. Our keypoint promptable approach offers
several key advantages over the previous pose-guided methods, including:

5The prompt tokenizer is complitely removed at both training and inference.
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Table 4.1 Comparison of KPR with SOTA methods. Results in Ifalic are not
provided in the original paper but reproduced by ourselves. The 15 /2"4 /3
best scores are indicated with 1/2/3.

Datasets Market- Occluded- Partial- Occluded-
1501 relD relD PoseTrack
Type Holistic Occluded
Object Occlusions v v
Person Occlusions v
Methods R-1 mAP | R-1 mAP | R-1 R-3 R-1 mAP
BoT [15] 945 859 | 584 523 - - 788  69.7
PCB [26] 93.8 81.6 - - - - 81.7 712
VGTri [21] - - 81.0 710 | 857 93.7° - -
PVPM [17] - - 66.8 595 | 783 - - -
HORelD [19] 942 849 | 803 702 | 853 910 - -
ISP [20] 953  88.6 - - - - - -
PAT [23] 954 880 | 81.6 721 |88.0° 923 - -
TRANS [98] 952 889 - - - - 835 734
SOLIDER [96] 9.9 939! - - - - 844 76.1°
SSGR [76] 9.1 893 | 785 729 - - - -
FED [83] 95.0 863 | 863! 79.3% | 84.6 - - -
BPBreid [1] 957 894 | 829 752 - - 849 755
PFD [18] 955 89.7 | 83.0 81.5% - - - -
KPRjy w/o prompt | 956 887 | 833 782 | 81.7 860 | 853 754
KPRy 959 89.6 | 8542 791 860 90.0 | 92.3' 82.3!
KPRgor, w/o prompt | 96.6° 93.0° | 80.0 785 [90.37 93.77 | 86.1° 7538
KPRsor, 96.6> 9322 | 84.8° 82.6' 90.7' 94.0' | 90.6> 81.2°

1) the ability to handle multi-person occlusions; 2) the capability to process
both positive and negative keypoints; 3) a prompt-aware appearance encoding,
leading to better feature disentanglement between multiple persons; and 4)
the flexibility of prompts being optional.

We refer readers to Sec. 4.2 for a detailed discussion about these key
differences and a comparison to previous methods. On our proposed Occ-
PTrack, we can see that the best-performing method is the foundation
model SOLIDER, but it still lies about 6% behind our KPR solution. Even
BPBrelD [1], which is specialized for occluded scenarios, demonstrates far
lower performance, since it is not designed to address the Multi-Person Am-
biguity. Our experiments show that integrating keypoint prompts boosts
performance by at least 7.0% Rank-1 and 6.2% mAUP, since it helps in miti-
gating the negative impact of MPA.

Market-1501, Occluded-RelID and Partial-reID: These three datasets
primarily feature single individuals in their images, which means multi-
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person ambiguities are rare, and therefore prompts are not exploited to their
full potential. On Market-1501, our method performs on par with the state-
of-the-art. However, performance levels have plateaued in recent years on
this dataset. In contrast, on Occluded-RelD and Partial-relD, using a prompt
noticeably improves performance by helping distinguish the individual
features from occluding objects. Additionally, using prompt is beneficial
when facing this cross-domain® setting. These findings are consistent with
earlier studies [17-19,83] that also leveraged pose estimation to attain strong
performance on this dataset.

4.4.5 Multi-Person Pose Tracking in Videos

We introduce a simple yet robust pose tracker, referred to as KPRTrack, built
upon our promptable RelD method. KPRTrack combines the YOLOX [99]
object detector with the HRNet [77] pose estimator. For each detected per-
son, it extracts part-based RelD features utilizing their keypoints as positive
prompts and keypoints from other individuals within the detected person bbox
as negative prompts. Detections are matched in an online fashion with the
Hungarian algorithm based on the distance function introduced in Eq. (4.2).
Only tracklet-detection pairs with a distance below a threshold of 0.2 are
considered for matching. Therefore, our proposed tracker relies solely on
appearance information, meaning spatio-temporal cues are omitted. Pose
tracking results are reported in Tab. 4.2. Despite relying on RelD only,
KPRTrack achieves state-of-the-art performance, demonstrating that an
occlusion-robust RelD model has strong tracking capabilities. Finally, our
two last experiments in Tab. 4.2 reveal that employing keypoint prompts
significantly enhances tracking performance. This improvement can be
attributed to the enhanced communication between the detector and the
RelID model via the keypoint prompts. This leads to improved association
accuracy and reduced identity switches, especially when multiple targets
intersect paths (i.e., multi-person occlusion scenarios).

4.4.6 Ablation Studies

In this section, we analyze the performance impact of our architectural
choices.
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Fig. 4.5 Qualitative results on multi-person pose tracking: all track IDs,
depicted by unique skeleton colors, are maintained by KPRTrack after a
long occlusion by the front cyclist. Colored heatmaps illustrates the part-
attention maps of KPR (see Sec. 4.3.3), with one color per body part.

Table 4.2 Multi-person pose tracking performance in videos on Pose-
Track21 [88].

Method HOTA?T DetA1 AssA?T IDs|
TRMOT [100] 46.8 409 55.0 -
FairMOT [101] 53.5 474 61.4 -
Tracktor++ [52] 58.3 52v.7 65.4 -

CorrTrack + RelD [88] 56.9 51.3 64.2 -
KPRTrack w/o prompt 61.5 58.4 65.8 3830
KPRTrack 63.0 (+1.5) | 59.0 (+0.6) | 68.3 (+2.5) | 3344 (-486)

Components of KPR

As demonstrated in Table 4.3, all our proposed modules introduced in
Sec. 4.3 play a crucial role in improving the overall RelD performance. Exp.
2 and Exp. 8 demonstrate the importance of the Part-based Head to compare
only mutually visible body parts when facing occluded persons, compared
to using a single global feature (as in Exp. 1 and 7). PBH degrades perfor-
mance when applied alone (Exp. 2 vs Exp. 1), but is beneficial when jointly
enabled with other modules (Exp. 8 vs Exp 7). Exp. 3 is consistent with
claims from previous works [15,20] that increasing the feature map reso-
lution is crucial to achieve fine-grained re-identification and better overall
performance. Exp. 4 and 5 illustrate the benefits of positive and negative
prompts to disambiguate the intended RelD target from other persons. Exp.
6 demonstrates the importance of our BIPO augmentation to generate artifi-
cial occlusions at training, since most occluded RelD benchmarks feature

60cc-RelD and Partial-ReID have no train set, so Market-1501 is used for training.

72 |



Experiments | 4.4

Table 4.3 Ablation study of our proposed KPR architecture. PBH stands
for “Part-based Head", meaning we use multiple part-based embeddings
with visibility scores instead of a single global embedding (Sec. 4.3.3). MSF
stands for the “Multi-Scale Features" module added to Swin (Sec. 4.3.2).
Prompt ©/© refers to positive/negative prompts (Sec. 4.3.1). BIPO stands
for the “Batch-wise Inter-Person Occlusion” data augmentation (Sec. 4.3.5).
SOL stands for the pre-trained weights from SOLIDER [96] (Sec. 4.4.3).

Main components of KPR Dataset
Id Prompt Occluded-PoseTrack
PBH | MSF 5T 6 BIPO | SOL R AD
84.8 74.7

833 (-1.5) | 72.2(-2.5)
84.8 (+0.0) | 76.1 (+1.4)
88.8 (+4.0) | 80.4 (+5.7)
90.0 (+5.2) | 80.7 (+6.0)
86.1 (+1.3) | 76.7 (+2.0)
80.4 (+5.1) | 89.9 (+5.7)
92.3 (+6.5) | 82.3 (+7.6)
v | 906 (+5.8) | 81.2 (+6.5)

O O JONUlTk WN -
N N N NN
SENENENENENEN
AN NN
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mainly occluded samples in their test set and not in their training set. Exp.
8, in comparison with Exp. 5 and 6, demonstrates how generating these
artificial multi-person occlusions at training is crucial to teach the model
to rely on the input prompt to identify the intended RelD target among all
candidates. The usage of the SOLIDER foundation model as pre-trained
weights is illustrated in Exp. 9. Unfortunately, SOLIDER does not enhance
performance on the Occ-PTrack dataset, likely because of a domain gap:
SOLIDER focuses on street surveillance, while Occ-PTrack predominantly
features sports images from handheld cameras. However, as demonstrated
in Tab. 4.1, SOLIDER does improve performance for all other datasets.

A Prompt-Optional Method

In Figure 4.7, we analyze the test-time robustness of KPR against noisy or
missing prompts on Occ-PTrack, by increasingly removing a higher per-
centage of keypoints from the input prompt. The red curve represents
the performance of our proposed promptable KPR model, while the blue
constant line illustrates the performance of the non-promptable version,
which is unaffected by the proportion of keypoints removed from the input
prompt. As illustrated, KPR significantly outperforms the non-promptable
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Fig. 4.6 Part-attention maps for the same image but two different input
prompts: KPR correctly focuses on the prompted target, whether it is the
front person or the back (occluded) person. Red/pastel dots indicate neg-
ative/positive prompts. Colored heatmaps illustrates the part-attention
maps of KPR (see Sec. 4.3.3), with one color per body part.
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Fig. 4.7 Prompt optionality study

baseline with a full prompt and remains competitive with few or no key-
points, highlighting its prompt-optional capability.

Qualitative Assessment

Figure 4.6, Figure 4.8 and Figure 4.5 demonstrates the impact of keypoint
prompting on the part-attention maps, on person retrieval, and on pose
tracking. As illustrated, KPR effectively leverages the input prompts to
localize the intended target, and is therefore robust to occlusions and multi-
person ambiguities.

4.5 Conclusion

In this work we propose KPR, the first promptable ReID model, designed
to address occluded scenarios and multi-person ambiguities arising from
bounding-box-based inputs. Our model offers practical flexibility by being
prompt-optional, achieving state-of-the-art performance without prompts,
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Query Gallery ranking

No
prompt

Fig. 4.8 Qualitative results of KPR on the standard person retrieval task.
For a given query person, two ranking of the gallery samples are illustrated:
with the input prompt enabled or disabled. The model focuses on the wrong
target when no prompt is provided. Green/red borders are correct/incor-
rect matches. Red/pastel dots indicate negative/positive keypoint prompts.
Colored heatmaps illustrates the part-attention maps of KPR described in
Sec. 4.3.3, with one color per body part.
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and outperforming this baseline with prompts. Furthermore, our model
outperforms the state-of-the-art on three popular RelD benchmarks and
on our novel Occ-PTrack dataset. We finally demonstrate KPR’s potential
for pose tracking in videos. Our codebase, keypoint labels and proposed
dataset are released to encourage further research on this new promptable
RelD paradigm.
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Fig. 5.1 Our proposed CAMEL association module for online tracking
learns to produce disentangled tracklet and detection representations by
combining various imperfect tracking cues.

5.1 Introduction

Multi-Object Tracking (MOT) aims to detect objects and maintain their
identities across video frames, a crucial task for applications ranging from
sports analytics [4, 6,46,102] to autonomous driving [103, 104]. In online
MOT, decisions must be made immediately as each frame arrives, making
it challenging yet crucial for real-time processing. The field is currently
dominated by two paradigms: (i) SORT-based methods, and (ii) end-to-end
(E2E) methods.

With the emergence of powerful object detectors [99,105], SORT-based
[40,106,107] methods, building upon the tracking-by-detection (TbD) paradigm,
have been particularly influential. Their success stems from a modular de-
sign, where specialized componentsdetectors [99], re-identification mod-
els [1,2], and motion predictors [108,109]are independently optimized then
combined through algorithmic association rules. The association module in
SORT-based TbD pipelines, responsible for matching new detections with
existing tracklets, usually encompasses three families of heuristics: (i) track-
let representation to aggregate frame-wise detection cues over time, (ii) feature
fusion to combine multiple tracking cues into a single tracklet-detection cost
matrix, and (iii) multi-stage matching to perform sequential bipartite match-
ing operations, each utilizing distinct cues or feature fusion strategies, and
operating on specific subsets of tracklets and detections. Feature fusion, the
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most critical component of the association module, typically relies on static
combinations of motion and appearance cues [40,110-112]. However, as
shown in [84,113], cue reliability fluctuates with context particularly during
occlusions, long-term associations, or when tracking visually similar targets.
While some approaches attempt context-aware feature fusion [84,113], their
heuristic nature cannot fully capture the complex interplay between (i) the
association cues and (ii) the tracked objects, suggesting the need for a more
principled, data-driven approach.

To quantify the limitation of these association heuristics, we conduct
an oracle-based study in Sec. 5.4.5 that reveals SORT-based methods fail to
effectively leverage their strong association cues: when maintaining iden-
tical cues but replacing the association heuristic with an optimal oracle,
HOTA improves by 15.5% and 8.3% on DanceTrack and SportsMOT respec-
tively. This demonstrates substantial room for improvement within the TbD
paradigm, which remains appealing due to its ability to leverage off-the-
shelf models offering strong association cues. To get the best out of the TbD
paradigm, we propose to learn an effective context-aware association strate-
gies directly from data, rather than designing more sophisticated heuristics.
Surprisingly, however, fully-learned association modules in online TbD
remain largely unexplored. Even the transformer-based TransMOT [114],
the most relevant prior work which made initial progress in this direction,
still heavily relies on heuristics (as discussed further in Sec. 5.2).

To break free from these heuristics, the majority of recent literature has
shifted toward the DETR-based end-to-end (E2E) paradigm, with meth-
ods like MOTR [53] offering a promising, data-driven alternative to TbD
approaches.

Despite their elegant design with learned association, E2E methods
face several limitations compared to SORT-based method, fully detailed in
Sec. 5.2. A significant drawback is that E2E methods are designed to learn all
subtasks (detection, reid, association) from scratch, forcing joint optimiza-
tion of antagonistic objectives (a well-documented issue [115,116]) while
preventing the use of specialized external models. These fundamental limi-
tations consequently require substantial training data and computational
resources, typically several days of training on 8 GPUs.

Given the limitations of both E2E and SORT-based methods, we bridge
the gap between the two paradigms by proposing CAMEL, a novel asso-
ciation module for Context-Aware Multi-Cue ExpLoitation that replaces
traditional SORT-like association heuristics with a unified trainable architec-
ture. CAMEL’s compact and minimalist architecture consists of: (i) a set of
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Paradigm Association Methods HF oM LC
ThD Heuristic SORT-based [40, 107] X v v
Hybrid TransMOT [114] X v v

Learned CAMEL (ours) v v v

DbT E2E MOT MOTR [53] v X X

Table 5.1 Comparison of popular association paradigms and methods for Online
MOT. HF stands for Heuristic-Free association, OM refers to the ability to use
Off-the-shelf Models, and LC denotes Low training Compute. We refer readers
to Figure 2.15 in the Background section for a more comprehensive taxonomy of
existing tracking paradigms.

Temporal Encoders (TE) that aggregate each tracking cue into tracklet-level
representations, and (ii) a Group-Aware Feature-Fusion Encoder (GAFFE)
that jointly transforms all cues into unified disentangled representations
for each tracklet and detection. As illustrated in Fig. 5.1, CAMEL prop-
erly discriminates matching tracklets and detections despite occlusions or
similar-looking targets, by dynamically balancing multiple imperfect asso-
ciation cues. This capability stems from its context-aware processing, that
accounts for interactions between targets and the relative discriminativeness
of each cue. Our resulting heuristic-free online TbD tracker, CAMELTrack,
achieves state-of-the-art performance on five popular MOT benchmarks.

Overall, we summarize our contributions as follows:

* We propose CAMEL which, to our knowledge, represents the first
fully-learned and cue-agnostic association module for TbD pipelines,
designed without bells and whistles. CAMELTrack runs at 13 FPS,
which is faster than previous transformer-based trackers.

* We introduce an efficient Association-Centric Training, requiring un-
der an hour on a single GPU, whereas E2E methods typically need
days on multiple GPUs.

* We show that learned association with off-the-shelf models outper-
forms both E2E and SORT-based methods across five challenging
benchmarks, effectively combining the strengths of both paradigms.

We release our framework and models weights to encourage further re-
search on learned TbD association modules.
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5.2 Related Work

In this section, we review key MOT approaches related to our work, focus-
ing on online methods.

Heuristic-based Tracking-by-Detection. The dominant paradigm in MOT
has been tracking-by-detection (TbD), with many methods building upon
SORT [106]. These approaches focus on developing sophisticated associ-
ation heuristics [40,107,111,112], or stronger motion modeling [108, 109,
117-122] and re-identification [84, 123-125]. Distinct SORT-based meth-
ods primarily differ in their hand-crafted rules for association across three
key components: (i) Tracklet Representation: common approaches include
mean [52] or exponential moving averages of detection features [100,101],
or minimal distance to a feature bank [40]. GHOST [84] provides a compre-
hensive analysis of various "proxies” for computing the distance between
a tracklet and a single detection, including the "Exponential Moving Aver-
age Feature Vector", "Median Feature Vector", "Last Frame Feature Vector",
among others. (ii) Feature Fusion: methods range from weighted averag-
ing of motion and appearance cues [84] or additional cues [110, 125], to
adaptive weighting schemes [113] and threshold-based gating [111,112].
GHOST [84] also conducts an extensive study examining how different
"Motion Weight" values (weighting factors combining motion and appear-
ance cost matrices) impact tracking performance across various datasets.
(iii) Multi-stage Matching: trackers employ either single-stage [111] or cas-
caded matching [40], filtering candidates based on confidence scores [107]
or track age [40], while using different cue at each stage. As described in
Sec. 5.1, Multi-stage matching involves computing distinct association cost
matrices at each stage, using carefully selected subsets of active tracklets
and detections (filtered by detection confidence or tracklet age). Each stage
employs the Hungarian algorithm for bipartite matching, with unmatched
tracklets/detections being processed in subsequent stages.

The majority of recent state-of-the-art methods typically implement a
two-stage approach: an initial matching stage using custom heuristics (often
incorporating RelD features), followed by a motion-based stage using IoU
between Kalman Filter predicted bounding boxes and current detections,
following SORT’s [106] original design. For example, DeepSORT performs
multiple cascade matching stages using RelD features, processing tracklets
in order of age, before concluding with SORT’s standard Kalman Filter
association stage.

Our method take a different direction and replaces these heuristics for
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data association with a unified trainable architecture, that better leverages
all available tracking cues to produce context-aware disentangled represen-
tations to be matched in a single stage.

Tracking-by-Detection with Learned Association. While some previous
works have explored data-driven tracking through graph networks [126]
or transformers [127,128], most operate offline, with only a few pioneer-
ing works attempting to integrate learned components into online TbD
pipelines [114,129-131]. Our proposed CAMELTrack falls within this cate-
gory of MOT methods, with TransMOT [114] being the closest prior work.
TransMOT [114] introduces a spatial-temporal encoder for tracklet repre-
sentation and a transformer for feature fusion, but relies on a hand-crafted
multi-stage matching pipeline where the learned components are only used
in the second stage, while the first and third stages remain purely based
on IoU and re-identification (RelD) heuristics. Moreover, CAMEL has a
fundamentally different architecture compared to TransMOT, that uses a
graph-inspired approach with N x M edge tokens, while CAMEL follows a
metric learning approach, encoding N + M tracklets and detections into a
shared disentangled latent space. While these works represent initial steps
toward learned association, they still remain dependent on heuristics. In
contrast, our approach makes a decisive break from hand-crafted rules by
introducing a completely trainable association module

Online Detection-by-Tracking. Recently, end-to-end (E2E) methods [53,104,
115,116,132-137] following the Detection-by-Tracking (DbT) paradigm [52]
have emerged as a promising, heuristic-free alternative to TbD approaches.
Building upon DETR [105] architecture, these methods jointly learn object
detection and association, using track queries to re-detect past objects across
frames. Despite their elegant design that learns association in a data-driven
way similar to our approach, E2E still struggle to reach SoTA performance
on a wide range of datasets. This is because E2E methods face several
limitations: (i) their detector-centric multi-frame training with short time
windows struggles with long-term associations [138], (ii) they lack TbD’s
modular ability to leverage specialized external models (e.g., RelD, mo-
tion, ...) [116], (iii) the inherent conflict between detection and association
objectives [115] in a shared model limits their overall performance and
(iv) they require extensive training data and computational resources to
achieve competitive performance (typically a few days on 8 GPUs [53]). Our
approach is fundamentally different from E2E methods and does not fall
into that category. Indeed, it focuses solely on learning an association strat-
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egy, requiring an order of magnitude less training compute, and maintains
TbD’s ability to leverage off-the-shelf detection, motion, and RelD models.

5.3 Methodology

In this section, we detail CAMELTrack, our proposed online tracking method.
We first provide an overview of the complete tracking pipeline in Sec. 5.3.1.
In Sec. 5.3.2, we then detail CAMEL, our trainable Context-aware Multi-cue
ExpLoitation module that learns tracklet-detection association directly from
data. Finally, we describe our association-centric training scheme designed
to create challenging association scenarios in Sec. 5.3.3.

5.3.1 CAMELTrack Pipeline

Our multi-object tracking pipeline, CAMELTrack, follows the standard
online tracking-by-detection paradigm, processing each incoming frame
through four sequential steps: (i) object detection, (ii) cue extraction, (iii)
tracklet-detection association via our CAMEL module, and (iv) tracklet life
cycle management. The following paragraphs detail one complete iteration
of this process, that is illustrated in Fig. 5.2.

Detection. We first process the incoming video frame with timestamp "
with an object detector to obtain a set of detections D, where each detection
d*" is represented by a bounding box and its confidence score.

Cue Extraction. For each detection in D, we extract multiple complemen-
tary cues to guide the association process, as a single cue is often insufficient
for reliable tracking. The bounding box coordinates and confidence score
constitute the first cue ¢y, while K additional cues {ck}{f:l are extracted by
specialized off-the-shelf models. In this work, we employ re-identification fea-
tures and pose keypoints as additional cues to complement the object location
co. However, our CAMEL association module can ingest any type and num-
ber of input cues, enabling easy integration of additional domain-specific
information (e.g., plate numbers for vehicle tracking). Each detection 4 is

thus characterized by its complete cue set, i.e. d" = {c,tcCur 5:0'

Association with CAMEL. The association step objective is to match M
existing tracklets 7 with N active detections D from the current frame. We
refer to all tracklets and detections considered for association as the set of
active objects A = T U D. Each tracklet in 7 represents a unique tracked ob-

. . . start. end start end
ject and is composed of a sequence of detections d* " = [d",...,d"],
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Fig. 5.2 Architecture overview of CAMELTrack, our online tracking-by-detection pipeline that operates in three
steps: (i) object detection, (ii) cue extraction, (iii) single-stage association using our trainable CAMEL module, and
(iv) tracklet life cycle management. CAMEL processes the various imperfect cues through two stages: First, the
Temporal Encoder (TE) aggregates each cue into tracklet-level representations. Second, the Group-Aware Feature
Fusion Encoder (GAFFE) embeds all detection and tracklet cues into a unified discriminative embedding space. The
resulting disentangled tracklets and detections representations are finally paired through bipartite matching.
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where 52 and t*"? indicate respectively the frame indices of the first and
last detection in the tracklet. For each active tracklet, we maintain a feature
bank storing the cues of its W most recent detections allowing CAMEL to
leverage a rich history of cues to counter potential noise in individual detec-

tions or id switches resulting from association errors. CAMEL is the core
start. send

contribution of our work. It takes as input all active tracklets {dfi "t} for
i € T and detections {d]t-cur} for j € D, and outputs a single discriminative
embedding z per active object (detection and tracklet) in a shared latent
space, where matched /unmatched pairs are localized close/far to each
other. The context-aware architecture of CAMEL is detailed in Sec. 5.3.2,
and its training procedure in Sec. 5.3.3. Finally, CAMEL’s disentangled
representations are used to compute a cost matrix C € RM*N, where each
entry ¢; i = ||z; — zj||» measures the Euclidean distance between the normal-
ized embeddings z; of tracklet i and z; of detection j. The final assignment
is then obtained through bipartite matching with the Hungarian algorithm.
Any pair whose cost exceeds a specified threshold is left unmatched.

Life Cycle Management. CAMELTrack manages tracklet life cycles through
a standard scheme: first, low-confidence detections are filtered out before
association. Next, each matched detection extends its assigned tracklet by
adding new cues to its feature bank. Unmatched high-confidence detections
initialize new tracklets, while unmatched tracklets are temporarily paused
and eventually terminated if they remain unmatched for an extended pe-
riod.

5.3.2 Our CAMEL Architecture

In this section, we detail CAMEL, our trainable association module for
Context-Aware Multi-Cue ExpLoitation. As introduced in Sec. 5.3.1, CAMEL
takes as input all cues from all active objects A = 7 U D, where 7 includes
the M existing tracklets and D the N current detections, and outputs their
unified representations in a disentangled space. As a result, objects with
same/distinct identities are embedded close/far to each other. As intro-
duced in Sec. 5.1, CAMEL replaces the three key heuristics traditionally
used in SORT-based association modules tracklet representation, feature fu-
sion, and multi-stage matching with a unified trainable architecture built
upon two transformer-based components: the Temporal Encoder (TE) and
the Group-Aware Feature Fusion Encoder (GAFFE). First, the Temporal
Encoder (TE) performs intra-object self-attention to aggregate detection-
level cues into robust tracklet-level representations. Next, the Group-Aware
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Feature Fusion Encoder (GAFFE) fuses multiple imperfect but complemen-
tary cues into a unified representation for each object. Through inter-object
self-attention, it maximizes discriminativeness between objects of different
identities while enhancing similarity among objects of the same identity.
Both TE and GAFFE are introduced separately in the next subsections. Fi-
nally, the need for multi-stage matching naturally disappears as CAMEL
processes all tracklets, detections, and cues at once, to perform association
in a single unified stage.

Temporal Encoder (TE). Each active object is processed by K Temporal
Encoders, each TE; tackling a specific cue type and having a dedicated set
of weights. For a given active object i € A and cue k, the Temporal Encoder
start. rend start end
TE) processes the temporal sequence ¢ ; " = [cj; ,...,¢;; ] as follows.
First, each cue c,t(,l. in this sequence undergoes a linear transformation to
produce a token x,tc/ ;- This critical step embeds low dimensional cues like
bounding boxes into a high dimensional feature space. Next, each token x! .
is augmented with a sinusoidal positional encoding (PE) that encodes its rel-
ative temporal position, i.e., age, compared to the current frame timestamp

cur
=,

X = x; + PE(t" —t). (5.1)

Then, a learned [CLS] token is prepended to the sequence of tokens
sstart. gend . . .
X ‘" and the resulting sequence is processed by a shallow multi-layer

transformer encoder [139].
Finally, the encoded CLS token serves as the output of the TE, providing
a single temporal representation vy ; of cue k for object i,

start tend
g

o>
Yii < TE([ICLS], &, ..., % ]). (5.2)

Both tracklets in 7" and detections in D undergo temporal encodingeven
if detections are sequences length of oneto ensure all cues are embedded in
the same latent space for further processing by GAFFE.

Group-Aware Feature Fusion Encoder (GAFFE). This module receives
as input the temporally encoded tokens vy ; produced by the Temporal
Encoders, where each token corresponds to a different cue of each active
object i € A. GAFFE processes these tokens in two stages to produce a
single discriminative embedding per object.

In the first stage, each cue-specific token yy ; is linearly projected into
a higher-dimensional space. The projected tokens are then fused through
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summation to generate a single multi-modal token §; per active object,

=

9i = ) Lineary(yy,). (5.3)

k=0

In the second stage, the resulting sequence of N + M multi-modal tokens
i is processed through a shallow multi-layer transformer encoder [139],
that performs group-aware inter-object self-attention,

{z:} « GAFFE({#;}), Vi€ A. (5.4)

These resulting embeddings {z; } are the final, disentangled representa-
tions of each active object, which are then used for matching as detailed in
Sec.5.3.1.

5.3.3 Association-Centric Training

Existing end-to-end (E2E) methods employ a recursive multi-frame training
scheme [53,116], where the model processes a short video sequence frame-by-
frame to learn detection and association jointly. In contrast, our proposed
Association-Centric Training (ACT) strategy decouples association from
both detection and cue extraction, and works as follows. First, we generate
an image-free training set by (i) running an off-the-shelf detector on all
training sequences, (ii) assigning each detection the label of its IoU-closest
ground-truth, (iii) extracting all required cues (e.g., re-identification, pose).
Then, during training, we sample from our pre-generated set to build
batches of B training samples. Each training sample corresponds to one
input of CAMEL and models a single association scenario with P tracklet-
detection pairs. A single scenario is constructed by choosing a random
frame, collecting all detections from that frame along with tracklets from
previous frames. We repeat this process with frames from distinct videos
until P pairs are sampled. This cross-video sampling to generate artificial
association examples increases training diversity and empirically yields
more stable training and faster convergence. We further enrich training
by applying three data augmentations to generate more challenging and
diverse association scenarios: (i) detection identity swapping, (ii) detection
dropout, and (iii) cue dropout. Finally, we employ the InfoNCE loss [140] as
a training objective to minimize/maximize distances between detection-
tracklet pairs of same/different identities.

ACT offers two key advantages over recursive training strategies. First,
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E2E methods are computationally constrained to short sequences due to
their heavy image processing architectures. In contrast, our lightweight
processing of pre-computed features enables efficient modeling over large
time windows, thereby improving long-term tracking. Second, ACT’s
data augmentations generate synthetic training samples that model diverse
challenging scenarios: occlusions, similar-looking targets, scene re-entries,
noisy features, and detection errors. As demonstrated in Sec. 5.4.5, exposure
to these hard examples significantly improves performance.

5.4 Experiments

5.4.1 Datasets and Metrics

We evaluate CAMELTrack on three datasets. DanceTrack [45] features
similar dancers in complex choreographies, while SportsMOT [46] focuses
on players in team sports. These benchmarks, extensively studied by recent
methods, present complementary tracking challenges while comprising
decent training, validation and testing sets. Additionally, PoseTrack21 [48]
serves as a diverse real-world testbed where we demonstrate our method’s
modularity through effective keypoint integration. We exclude MOT17 [44]
from our main evaluation despite its popularity, because we believe this
dataset is not suited for data-driven MOT approaches; we discuss this
further at the end of the chapter.

For evaluation, we primarily rely on HOTA [51], that combines two
complementary metrics, Detection Accuracy (DetA) and Association Accu-
racy (AssA). We also report the standard MOTA [49] and the IDF1 [50], the
latter focusing on identity preservation across long trajectories. We focus
our analysis on association-related metrics (AssA & IDF1) as they directly
evaluate our contribution’s impact, independently of detection quality.

5.4.2  Implementation details

We use the YOLOX [99] detector provided by DiffMOT [108] for DanceTrack
and SportsMOT. For PoseTrack21, we train our own YOLOX. For track-
ing cues, we leverage dataset-specific BPBReid [1] models for appearance,
off-the-shelf RTMPose [141] for DanceTrack/SportsMOT pose estimation,
and use HRFormer [142] for PoseTrack21. Our tracking pipeline is imple-
mented with TrackLab [10]. Our model employs 4-layer, 8-head transformer
encoders for both TEs and GAFFE, for a total 42.6M parameters. Train-
ing occurs over 10 epochs using AdamW [143] with a 1le—4 learning rate
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and a batch size of B = 8. A training sample has P = 32 detection-tracklet
pairs. We first pretrain the TEs independently before jointly optimizing with
GAFFE. Training takes one hour on a single consumer-grade GPU, while the
inference association step runs in 18ms. For DanceTrack/SportsMOT /Pose-
Track, detection confidence thresholds are set to 0.4/0.1/0.3, minimal confi-
dence for tracklet initialization at 0.9/0.4/0.4 and tracklet-detection similar-
ity threshold at 0.1/0.1/0.45. We employ a feature bank of W = 50 frames
and maintain paused tracklets for 150 frames.

5.4.3 Inference Speed

Without specific optimization, our pipeline operates at 14 FPS on Dance-
Track. Individual components achieve: YOLOX-X (38 FPS), RTMPose (91
FPS), BPBReid (63 FPS), and CAMELTrack (54 FPS). CAMELTrack is there-
fore faster than other transformer-based solutions like MOTR [53] (7 FPS),
MOTRv2 [115] (7 FPS), and TransMOT [114] (9 FPS), while being slower
than lightweight TbD methods like DiffMOT [108] (23 FPS).

5.4.4 Comparison to State-of-the-Art

Our method establishes new state-of-the-art performance across all evalu-
ated benchmarks, surpassing both end-to-end (E2E) methods [53,116,134]
that traditionally dominate DanceTrack, and SORT-based approaches [84,
108,110, 113] that excel on SportsMOT. Furthermore, CAMELTrack outper-
forms existing methods on PoseTrack21 [48,52,100,101,144], demonstrating
its natural extension to pose tracking.

DanceTrack. As depicted in Tab. 5.2, E2E methods [53,116,134] dominate
this benchmark, outperforming existing SORT-based methods [84,107-110,
113].

The poor performance of these SORT-based methods can be attributed
to DanceTrack’s challenging scenarios — similar-looking dancers executing
complex movements with frequent occlusions — which yield unreliable
motion and appearance cues, as demonstrated by our oracle-based study
in Sec. 5.4.5. Heuristic-based association is inherently more sensitive to
such unreliable inputs: incorrect associations therefore occur, progressively
degrading tracklets’ representations and cascading into even more tracking
errors. While Hybrid-SORT [110], attempts to address these issues by
introducing three additional cues, it still remains limited by a static feature
fusion. In contrast, our data-driven association bridges the performance gap
with E2E methods by learning to leverage each cue’s discriminative power.
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Method HOTAT AssA1 DetA1 IDFIT MOTAT
End-to-End MOT

MOTR [53] 54.2 40.2 73.5 51.5 79.7

MOTIP [116] 67.5 57.6 79.4 72.2 90.3

MeMOTR [134] 68.5 58.4 80.5 71.2 89.9
Heuristic Association

ByteTrack [107] 47.7 32.1 71.0 539 91.3

OC-SORT [109] 55.1 38.0 80.3 54.2 89.4

GHOST [84] 56.7 398 811 577 89.6

Deep OC-SORT [113]  61.3 452 822 615 92.3

DiffMOT [108] 62.3 488 825  64.0 92.7

Hybrid-SORT [110] 65.7 - - 67.4 91.8
Learned Association

CAMELTrack 66.1 54.0 81.1 71.1 914

w/ keypoints 69.3 58.9 81.8 74.9 91.4

Table 5.2 Comparison on DanceTrack [45] test set. For fair comparison,
we only report methods trained exclusively on DanceTrack.

Similar to our approach, MeMOTR [134] and MOTIP’s [116] success can be
attributed to their learned association and robust tracklet representation.
Finally, previous attempts [45] at leveraging keypoints achieved only
marginal gains (+0.4% HOTA), likely due to hand-crafted rules’ limitations
in exploiting this rich information. In contrast, our method yields significant
improvements (+3.2% HOTA), surpassing E2E performance.

SportsMOT. As reported in Tab. 5.3, SORT-based [46,108,117,145] methods
dominate SportsMOT’s leaderboard, outperforming E2E solutions [116,134].
This success can be attributed to appearance and motion cues being more
reliable on SportsMOT than on DanceTrack. For instance, even though
players wear similar team uniforms, our ablation study in Sec. 5.4.5 demon-
strates that appearance remains a very effective cue for sports tracking.
The effectiveness of appearance cues particularly benefits TbD methods,
as their dedicated ReID models capture object appearance better than E2E
track-queries.

On the other hand, we outperform SORT-based methods for similar
reasons to DanceTrack. Our Association-Centric Training exposes the model
to long-term associations, which improves handling of scene re-entries.
Overall, CAMELTrack achieves significant improvements (+3.2% HOTA)
over prior state-of-the-art methods. However, unlike DanceTrack, keypoints
degrade performance on SportsMOT, likely due to more distant viewpoints
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Method HOTAT AssAt DetA1T IDF1T MOTA?T
End-to-End MOT

MeMOTR [134] 70.0 59.1 83.1 714 91.5

MOTIP 719 62.0 83.4 75.0 929
Heuristic Association

ByteTrack [107] 62.1 50.5 76.5 69.1 934

OC-SORT [109] 68.1 54.8 84.8 68.0 93.4

MotionTrack [117] 74.0 61.7 88.8 74.0 96.6

MixSORT [46] 74.1 62.0 88.5 744 96.5

DiffMOT [108] 76.2 65.1 89.3 76.1 97.1

Deep-EloU [145] 77.2 67.7 88.2 79.8 96.3
Learned Association

CAMELTrack 80.4 72.8 88.8 84.8 96.3

w/ keypoints 80.3 72.6 89.0 84.8 96.4

Table 5.3 Comparison on SportsMOT [46] test set.

resulting in noisy pose estimation.

PoseTrack21. As reported in Tab. 5.4, current methods can be categorized
into two settings: methods with private detections extending traditional
MOT frameworks [52,100,101], and those using public detections with
a custom pose-aware tracking [48, 144]. Different from SportsMOT and
DanceTrack, PoseTrack covers diverse real-world scenarios with dramatic
camera motion, viewpoint changes, and motion blur, making detection and
association challenging.

Using public detections from [48,144], CAMEL establishes new state-
of-the-art performance with significant gains (4+3.8% AssA) through an
effective fusion of appearance, motion and pose cues. With stronger private
detections, CAMEL achieves even larger gains (+7.7% HOTA).

5.4.5 Ablation Studies

We conduct extensive experiments in Tab. 5.5 on SportsMOT and Dance-
Track validation sets to analyze CAMEL's design. Our study evaluates three
key aspects: (i) Temporal Encoders versus standard tracklet representations
heuristics (Exp. 1-5), (ii) our Group-Aware Feature Fusion Encoder (Exp.
6-8), and (iii) our complete architecture (Exp. 9-10). Additionally, we design
oracle experiments (Exp. 11-12) to establish performance upper bounds.

Temporal Encoders vs. Heuristics. These experiments compare our TE
with standard heuristics using different cues. Regarding Re-ID features,

| 91



5 | CAMELTrack

Method HOTA1 AssA1 DetAt IDFIt MOTA?
Public Detection Setting

CorrTrack [48] 57.0 64.2 51.3 66.5 52.0

GAT [144] 58.4 66.9 51.8 - 55.3

CAMELTrack 58.7 70.7 50.0 67.8 51.7
Private Detection Setting

TRMOT [100] 46.9 55.0 40.9 57.3 47.2

FairMOT [101] 53.5 61.5 47.4 63.2 56.3
Tracktor++ [52] 58.3 65.4 52.7 69.3 59.5

CAMELTrack 66.0 73.8 59.9 76.0 67.5

Table 5.4 Comparison on PoseTrack21 [48] validation set.

TE consistently outperforms the Exponential Moving Average (EMA) (Exp.
1-2). This improvement is particularly noteworthy as appearance is a weak
cue on DanceTrack but highly discriminative on SportsMOT. Similarly for
bounding box cues, TE outperforms Kalman Filter’s (KF) predictions on
DanceTrack’s erratic movements and frequent occlusions (Exp. 3-4). On
the other hand, KF effectively captures the more predictable player trajec-
tories in SportsMOT. Pose keypoints provide complementary information,
especially for distinguishing dancers during occlusions, but show no im-
provement over bounding box tracking on SportsMOT, likely due to noisy
estimates from distant views (Exp. 5).

Feature Fusion Analysis. We evaluate GAFFE’s learned dynamic feature
fusion against static rules. The baseline using equal weights for motion and
appearance features (Exp. 6) shows no significant gain over using cues in-
dependently, and sometimes even decreases performance. Adding GAFFE
for group-aware feature fusion (Exp. 7) yields consistent improvements,
demonstrating the benefits of a learned approach. Using both temporal and
group-aware encoding (Exp. 8) provides additional gain, with DanceTrack
particularly benefiting from this combination.

Complete Architecture and Training. Ablating data augmentation (Exp. 9)
during our association-centric training significantly degrades performance,
demonstrating the importance of training on diverse scenarios. Our final
architecture with pose information (Exp. 10) achieves the strongest results
on DanceTrack while showing no improvements on SportsMOT due to its
distant camera setup.

These results demonstrate CAMEL'’s key strengths in two key aspects:
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Features DanceTrack SportsMOT
Exp —————— GAFFE DA
App Bb Kp HOTAtT IDF11T HOTAT IDF1t
1 EMA - - X X 49.9)2_; 48.0)10 76.0);Z 80.8)@”
2 TE - - X v 52.4 52.6 79.2 84.7
3 - KF - X X 541.3)“,‘4 56.3). ' 72.1),l 0 72'6j*“
4 - TE - X v 54.7 57.4 71.1 75.4
5 - - TE X v 56.0 59.5 71.3 75.7
6 EMA KF - X X 54.3)4,2 57.2) 0 75.8) 56 80.71H .
7 EMA KF - v v 56.5 58.2 79.4 85.1
8 TE TE - v v 62.4 65.7 81.8 87.9
9 TE TE TE v X 61.0)H ' 649]” . 782)” ; 83.7jHN
10 TE TE TE v v 65.1 70.5 81.9 88.5
11  Oracle Feature Fusion (KF & EMA) 69.8 74.7 84.1 91.0
12 Oracle Association 86.1 98.2 90.8 99.4

Table 5.5 Ablation study on the validation set of each dataset. App stands
for appearance embeddings, EMA for exponential moving average, Bb for
bounding box, KF for Kalman Filter’s predicted box, Kp for keypoints, and
DA for the Data Augmentation.

(i) better temporal encoding through TE’s robust representations, and (ii)
improved discrimination via GAFFE’s dynamic weighting, enabling what
we refer to as group-aware feature fusion.

Analyzing TbD Association through Oracles. Two oracle experiments
have been designed to study the limitations of Tracking-by-Detections (TbD)
heuristic-based association and evaluate the discriminative power of mo-
tion and appearance cues. First, we design a Feature Fusion Oracle (Exp.
11) that linearly combines motion and appearance cues so as to result in a
cost matrix that maximizes the association accuracy. This oracle reveals two
key insights: (i) motion and appearance are two strong and highly comple-
mentary cues for tracking, but (ii) the significant gap with standard fusion
methods (Exp. 6) reveals that static heuristics fail to fully leverage their dis-
criminative power. Second, the Association Oracle (Exp. 12), which matches
each detection to its IoU-closest ground truth track, establishes an absolute
upper bound on association performance with detection quality as the only
limitation. The performance gap between Feature Fusion and Association
Oracles varies significantly across datasets: the small gap on SportsMOT
indicates reliable tracking cues, while the large gap on DanceTrack reveals
the need for stronger cues in such challenging scenarios. Overall, we find
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encouraging the results showing that our learned association strategy con-
tributes to bridge the gap towards oracle performance (Exp. 10-11 achieve close
performances).

5.4.6 Qualitative Analysis of Latent Representations

To illustrate CAMEL's cue disentanglement capabilities, we analyze similar-
ity distributions between tracklet-detection pairs and latent space structure
using t-SNE [146]. We compare CAMEL’s output embeddings with stan-
dard heuristic cues: Kalman Filter (KF) for motion and Exponential Moving
Average (EMA) of Re-ID embeddings for appearance.

Analysis of Similarity Distributions. Fig. 5.5 compares the similarity dis-
tributions between tracklet-detection pairs that share the same identity
( ) versus pairs with different identities (negative), for standard
motion/appearance cues and CAMEL’s outputs. While KF motion cues ef-
fectively discriminates most positive pairs from negative ones, a significant
portion still exhibits incorrect low IoU values. This limitation is particularly
evident on DanceTrack, where negative pairs frequently overlap with posi-
tive ones, highlighting KF’s weakness. Moreover, appearance alone lacks
discriminativeness, as evidenced by the non-negligible overlap between
positive and negative pairs, especially on DanceTrack. In contrast, CAMEL’s
output embeddings effectively discriminate positive from negative pairs,
demonstrating a successful cue disentanglement.

Latent Space analysis through t-SNE. Fig. 5.4 illustrates the t-SNE repre-
sentations of motion, appearance, and CAMEL outputs on a short sequence
with heavy occlusions, where tracklets (darker) and detections (lighter) are
colored by identity. Motion embeddings organize into identity clusters
but show significant overlap during occlusions, while appearance features
achieve better but incomplete separation. On the other hand, CAMEL out-
puts form distinct identity clusters with minimal overlap, demonstrating an
effective combination and disentanglement of these complementary cues.

5.4.7 Qualitative Results

Fig. 5.3 compares CAMELTrack with the competitive DiffMOT [108] using
the same detections on a challenging SportsMOT sequence featuring scene
re-entries and heavy occlusions. This figure illustrates their tracking perfor-
mance through a timeline where ground truth tracks are represented with
horizontal lines, and identities with different colors. For both methods, a
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Fig. 5.3 Visualization of tracking results on v_00HRwkvvjtQ_c007 from
SportsMOT. Ground truth tracks are depicted with horizontal lines, while
colors indicates predicted identities. Blue zones highlight scene re-entries
and red zones show occlusions. Frames where the ground truth identity
has left the scene are represented with a black line, and missing predictions
are left blank. Bottom gray plots show cumulative tracked identities over
time. (c) Frames from the highlighted occlusion between ids 7 & 8 around
frame 200.
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Fig. 5.4 t-SNE on the first 150 frames of dancetrack0019. Each identity is
assigned a unique color, with light/dark shades indicating detections/track-
lets respectively.
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Fig. 5.5 Similarity distributions between and negative tracklet-

detection pairs. (a) IoU between KF’s predictions and detections. Cosine
distances between : (b) EMA tracklet and detection RelD embeddings (c)
pairs of CAMEL's output embeddings.

cumulative plot shows the total number of unique identities created over
time.

Both methods show distinct behaviors during scene re-entries: while
DiffMOT generates new identities, CAMEL successfully recovers known
ones through its feature bank, as shown by the lower slope in the cumulative
identity plot. Similarly, during occlusions, both methods initially make
identity switches, but CAMEL recovers from these errors while Diff MOT
propagates them forward.
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5.5 Conclusion

We introduced CAMEL, a novel learned association module that replaces
traditional hand-crafted rulestracklet representation, feature fusion, and
multi-stage matchingwith a unified trainable architecture. With our state-
of-the-art performance, we hope to reaffirm TbD as a strong paradigm for
online tracking and encourage a shift from heuristics-based association
toward learned approaches. We view this work as a first step to demon-
strate the potential of fully learned TbD association modules and release
our codebase to foster future research in this direction. Building upon
CAMEL, future work could explore more sophisticated data augmentation,
training objectives, neural architectures, or extend the learning paradigm to
additional components like tracklet life cycle management.
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5.6 Additional Discussion about MOT17

MOT17 remains a well-established dataset within the MOTChallenge bench-
mark and has historically served as a primary evaluation platform for multi-
object tracking. However, as highlighted by recent works [53,114-116,134],
several fundamental limitations make MOT17 particularly unsuitable for
evaluating learned association approaches like CAMEL. Hereafter, we dis-
cuss important limitations of MOT17 when evaluating learned-based track-
ing methods, before providing a comparison with state-of-the-art methods
for completeness.

5.6.1 MOT17 Dataset Limitations

MOT17 consists of 7 training sequences, totaling approximately 5.9K frames
(215 seconds of video), with a test set of 7 others videos whose annotations
are kept private. Results must be submitted through an official evaluation
server that enforces a 72-hour waiting period between submissions and a
maximum of 4 submissions per method.

A critical limitation of MOT17 (and similarly, MOT?20) is the absence
of a proper validation set, which severely impedes the development and
evaluation of learned MOT approaches, like End-To-End (E2E) methods
or CAMEL. Popular works [84,107,109,114-116] commonly create a vali-
dation split using the second half of all training sequences. However, we
believe this practice is methodologically unsound, especially for learned
methods, as it is prone to overfitting since both portions share the same
scene characteristics and often contain the same tracked identities. This lack
of proper validation set prevents meaningful ablation studies and proper
model validation.

MOT17’s dataset design thus inherently favors heuristic-based meth-
ods that require only hyperparameter optimization, over data-driven ap-
proaches that need a proper training and validation set. This bias is reflected
in the benchmark’s leaderboard, which is dominated by heuristic trackers.
On the other hand, learned approaches typically underperform on MOT17
despite their success on other datasets. E2E methods typically rely on ex-
ternal training data, like the CrowdHuman [147] dataset, rendering a fair
comparison even more difficult.
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Method HOTAT AssAt DetAl IDFIT MOTA?T
End-to-End MOT

TrackFormer [132] - - - 60.0 63.4

MOTR [53] 57.8 55.7 60.3 68.6 73.4

MeMOTR [134] 58.8 58.4 59.6 71.5 72.8

MOTIP [116] 59.2 56.9 62.0 71.2 75.5

MOTRv2 [115] 62.0 60.6 63.8 75.0 78.6
Heuristic Association

CenterTrack [148] 52.2 - - 64.7 67.8

FairMOT [101] 59.3 - - 72.3 73.7

OC-SORT [109] 61.7 - - 76.2 76.0

ByteTrack [107] 62.8 - - 77.1 78.7

GHOST [84] 62.8 - - 77.1 78.7
Hybrid Association

TADN [129] - - - 60.8 69.0

TransMOT [114] - - - 76.3 76.4
Learned Association

CAMELTrack 624 61.4 63.6 76.5 78.5

Table 5.6 Comparison on the MOT17 [44] test set with the private de-
tection setting. Only fully online methods are reported here for fairness.
Unfortunately, most state-of-the-art SORT-based methods (BoT-SORT, Diff-
MOT, Hybrid-SORT, StrongSORT, Deep OC-SORT, ...) report their per-
formance using offline post-processing mechanisms to recover missing
detections (e.g. linear interpolation).

5.6.2 Comparison with state-of-the-art methods

Results on the MOT17 test set are reported in Tab. 5.6. Despite the limitations
discussed above, CAMEL outperforms all existing learned approaches and
achieves competitive performance with state-of-the-art heuristic methods.
A complete discussion is provided in the supplementary materials of the
original paper.






Conclusion and Perspective

This thesis tackled three key challenges in person re-identification and track-
ing: occlusion handling, multi-person ambiguity, and learned association.
Our solutions - BPBRelID, KPR, and CAMELTrack - advanced the state-of-
the-art but also opened many new research directions. In this chapter, I
first summarize our contributions in light of the research questions outlined
in the introduction. I then discuss their limitations and future short-term
research directions. I finally share my opinionated vision for the future of
re-identification and multi-object tracking.

6.1 Results Summary

Our research has yielded three key contributions to the fields of person
re-identification and multi-object tracking:

BPBReiD [1] (Chapter 3) establishes a strong baseline for part-based oc-
cluded person re-identification, significantly surpassing previous work on
occluded re-identification. BPBReiD has had great impact on the ReID com-
munity, ranking among the top 10 most cited person re-identification papers
since 2022 according to Semantic Scholar!, and being adopted as a baseline
in many subsequent research works [2,4,5,149,150]. Our contributions are
twofold:

1On https://www.semanticscholar.org/, ranking "person re-identification" paper by
citation count since 2022
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* We introduce a novel architecture for generating part-based RelD em-
beddings. Unlike previous approaches that relied on fixed feature map
partitioning (which is vulnerable to imprecise part localization and
could miss important appearance details) or learned attention with
part discovery (which yielded suboptimal partitioning due to the lack
of prior knowledge about human body topology), our method adopts
a hybrid approach by learning an attention mechanism supervised
with pseudo human parsing labels.

* We identify a critical limitation in the training loss used by previous
part-based RelD works, which overlooked the fact that part-based
embeddings are not as discriminative as global embeddings. We
propose GiLt, a novel loss specifically designed for training part-based
RelID methods that combines a cross-entropy loss on global features
with a part-averaged triplet loss on local features, making it resilient
to partial body occlusions and non-discriminative local appearance.

KPR [2] (Chapter 4) builds upon BPBReiD and draws inspiration from

Segment Anything [86] to address multi-person occlusion scenarios. Using
different keypoint prompts, KPR can selectively identify either the occluded
person or the occluder within the same bounding box. Our experiments
demonstrate that complementing traditional crop-based RelD with key-
point prompts creates stronger synergy between both pose estimation and
RelID modules, leading to significant performance improvements in both
person retrieval and multi-person pose tracking. Our work makes three key
contributions:

e We are the first to identify and address the Multi-Person Ambiguity
(MPA) problem in bounding box-based RelD, which occurs when
multiple people are visible within a single input crop. We demon-
strate that MPA significantly impacts state-of-the-art occluded RelD
methods like BPBReiD [1].

* We propose a novel promptable part-based RelD architecture and
develop BIPO, a data augmentation technique that teaches the model
to effectively utilize input prompts for localizing and encoding the
intended target person.

e We release Occluded PoseTrack-RelD, a new occluded RelD dataset
with keypoint annotations, to facilitate further research in promptable
re-identification.

CAMELTrack [3] (Chapter 5) introduces a novel online tracking-by-

detection pipeline that combines off-the-shelf models for detection, re-
identification, motion modeling, and pose estimation with a fully learned
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association module. Our contributions are twofold:

* We identify a critical research opportunity in online Multi-Object
Tracking (MOT): despite tracking-by-detection (TbD) remains the
most effective paradigm for online MOT, surprisingly no previous
work has successfully developed a fully learned association module.
While E2E methods learn association implicitly, they cannot leverage
existing expert models, and SORT-based methods still rely on heuristic
association rules.

* We introduce CAMEL, the first fully learned, heuristic-free association
module for online TbD. CAMEL offers a deliberately simple architec-
ture with a dedicated efficient Association-Centric Training scheme.
Overall, CAMELTrack outperforms both E2E and SORT-based meth-
ods on several popular MOT benchmarks.

6.2 Limitations and Future Directions

In this section, we identify some limitations of our three proposed methods,
and discuss potential future research directions.

6.2.1 BPBrelD

Universal Part-based Representation Learning under Partial Observations?

Current RelD models aim to learn a single global embedding where images
of the same person cluster together. However, this paradigm faces an inher-
ent paradox when dealing with partial observations. Consider three images
of the same person: a full-body image (A) and two occluded variations - an
upper-body-only image (B) and a lower-body-only image (C). This becomes
particularly problematic when comparing B with C - they share no common
visible features despite representing the same person. The global embed-
ding approach implicitly assumes transitivity (if A=B and B=C, then A=C),
but this property breaks down under partial observations, revealing a fun-
damental flaw in the single embedding space paradigm. This observation
suggests that the traditional approach of mapping all images to a unified
embedding space may be fundamentally flawed. ReID models do not learn
truly identity-centric representations, but rather appearance-centric repre-
sentations that serve as a proxy to model identity. These appearance-centric
representations are learned to be invariant to pose, lighting, and viewpoint
changes, but when faced with partial observations, expecting such mod-
els to produce consistent embeddings becomes theoretically questionable.
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Part-based methods, which compare only mutually visible regions, offer
a more principled solution to this ambiguity. This theoretical limitation
is reflected in practice, where part-based representation learning, which
compares only mutually visible regions, offer a more principled solution
to this ambiguity, as demonstrated by numerous part-bsed RelD works
including PCB [26], ISP [20], and BPBrelD [1]. Rather than being a technical
hack to improve image retrieval performance, they may represent a funda-
mental requirement for representation learning under partial observation
constraints. Nevertheless, this apparent limitation of deep metric learning
deserves further investigation. We identify two promising research direc-
tions. First, developing generic part-based architectures for representation
learning that extend beyond human RelD and dynamically align compara-
ble features while discarding missing information across object pairs. Such
generic part-based methods would learn to build representations under
partial observability without priors on the input object type, making them
truly universal solutions. Second, moving beyond representation learning
entirely by designing RelD models that directly process image pairs to
compute similarity scores, thus avoiding the ambiguity of intermediate
representation in an embedding space under partial observations. In this
paradigm, the network would inherently learn to compare only mutually
visible parts of the input image pair. This approach faces however two key
limitations compared to the first one: the need to run the neural network for
every possible image pair, leading to quadratic computational complexity
with gallery size (versus running the network once per image in representa-
tion learning), and the challenge of quantifying the confidence in the output
similarity score when comparing partially visible objects.

Group-aware Part-based Re-Identification

While part-based approaches offer a principled solution to handling occlu-
sions, current methods typically combine local part similarities through
simple averaging, treating all body parts with equal importance. This naive
aggregation strategy overlooks the discriminative power of different parts
within specific contexts. Some parts may carry more identity-distinctive
information than others depending on the group of people being compared.
A novel research direction would be group-aware part-based relD, where
the importance of each body part is dynamically computed depending on
the group within which the persons are compared. For instance, more em-
phasis should be put on comparing the feet of a given person if that person
is the only one in the group wearing red shoes.
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6.2.2 KPR

Prompting with DETR’s Output Tokens or Segmentation Masks

KPR was motivated by the need to increase communication between up-
stream detection models and downstream RelD models, addressing the
information bottleneck created by communicating only through bounding
boxes. Recently, DETR [105] introduced a novel approach to object detection
by reformulating it as a direct set prediction problem. At its core, DETR
processes an image through a CNN backbone followed by a transformer
that takes a fixed set of learnable query tokens as input. Each query token
is transformed into exactly one detection output, with dedicated prediction
heads that output the object’s class, bounding box coordinates, and confi-
dence score. Given DETR’s prominence in object detection and its elegant
one-token-per-detection paradigm, an immediate extension would be to
build a ReID model that can be prompted with DETR’s output detection
tokens, using both the image crop and its corresponding token as input.
This deeper integration could potentially improve MOT performance by
helping KPR disambiguate multi-person scenarios thanks to the more de-
tailed localization information encoded in the tokens, similar to how KPR
prompted with keypoints improved pose tracking. Moreover, the prompt-
ing framework could be extended to work with various types of inputs
beyond keypoints, such as segmentation masks or textual descriptions.

Part-based Image Retrieval

While KPR'’s promptable architecture could theoretically enable retrieval
based on individual body parts, it has only been evaluated for global person
retrieval so far. A promising direction would be to explicitly adapt the
framework for part-specific queries, allowing users to select a specific body
part and retrieve other persons with similar parts (e.g., clicking on a person’s
boots to find others with similar boots).

6.2.3 CAMELTrack

A Hybrid Tracking-by-detection and Detection-by-tracking Framework

A key limitation of CAMELTrack’s tracking-by-detection paradigm is its in-
ability to leverage temporal information for more accurate object detection.
For instance, when an object is heavily but not fully occluded in a frame,
a standard object detector might miss it, even though knowledge of the
object’s presence in previous frames could help recover this detection. This
temporal reasoning capability is a key advantage of detection-by-tracking
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approaches (e.g., tracking-by-regression or tracking-by-attention). A promis-
ing direction would be to extend CAMELTrack with a detection recovery
module, similar to BUSCA [130]. This module would use trajectory fore-
casting models (e.g., Kalman Filter) to predict the position of each tracked
object in the current frame, generating tentative detections. These fore-
casted detections would then be input to CAMEL, which would determine
whether they correspond to objects missed by the detector, to hallucinations,
or to duplicates of the detector output. This would effectively combine
the strengths of tracking-by-detection [52] and detection-by-tracking [132]
approaches.

End-to-End Latent Space Tracking with Off-the-shelf Models

CAMELTrack currently uses the YOLO [99] object detector, taking bounding

box coordinates and corresponding image crops as input. Given DETR’s [105]
emergence as the dominant detection paradigm, and similar to KPR’s lim-
itations, CAMELTrack would benefit from directly using DETR’s output

detection tokens as one of its tracking cues. These tokens, learned through

DETR’s transformer architecture, contain rich contextual information be-
yond just spatial location - including appearance features, object-to-object

relationships, and scene context that are lost when reduced to just bounding

box coordinates. For instance, this richer representation could help disam-
biguate between two different targets with heavily overlapping bounding

boxes. Operating directly in this latent space would allow the tracker to

leverage this additional semantic information rather than suffering from

the information bottleneck of working solely with output bounding boxes.
However, this should complement rather than replace the use of dedicated

RelID models, which produce more discriminative appearance representa-
tions thanks to their specialization on challenging person RelD datasets and

their ability to process high-resolution image crops, unlike DETR which

processes targets at a lower resolution.

6.3 My Opinionated View about the Future of RelD and
MOT

6.3.1 Person Re-ldentification

Person Re-Identification (RelD) has reached a remarkable level of maturity
in recent years, with holistic ReID? showing clear signs of performance

2Standard re-identification with non-occluded person from various camera viewpoints.
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saturation. As discussed in Section 2.1.2, performance on Market1501,
the most widely used ReID benchmark, has plateaued® in recent years,
with the latest marginal improvements primarily achieved through self-
supervised pre-training on large-scale human datasets. Since 2019, some
works have claimed to surpass human-level performance [16], suggesting
that the core challenges of the traditional RelD task have been largely ad-
dressed. The dominant paradigm in state-of-the-art ReID systems remains
consistent: all build upon encoders and deep metric learning, an approach
that has proven highly effective and is unlikely to see dramatic shifts in
the near future. Given this maturity, research focus has already begun
shifting toward more challenging variants of the traditional RelD prob-
lem. These include occluded-RelD, cross-domain adaptation, promptable
re-identification, group-aware RelD, and multi-modal RelD (e.g., cloth-
changing RelD, sketch-based RelD, and infrared RelD). Moreover, I expect
RelD to shift from a standalone research field to becoming an application
domain that leverages general advances in representation learning and
foundation models. Rather than requiring ReID-specific innovations like
hand-crafted architectures or explicit domain-specific biases, future progress
will primarily stem from general advances in image retrieval, deep metric
learning, and self-supervised learning a trend already evident in how recent
improvements come mainly from better pre-training and stronger backbone
networks.

6.3.2 Multi-Object Tracking

In contrast to RelD, Multiple Object Tracking (MOT) remains a highly active
research field with significant challenges ahead. Given the current state of
research in deep learning and MOT, I discuss hereafter several promising
future directions for MOT research. I first examine how end-to-end architec-
tures are poised to dominate future MOT systems, followed by exploring
the role of self-supervised learning in addressing their substantial data
requirements. I then analyze the limitations of the traditional online/of-
fline tracking dichotomy, and conclude by synthesizing current research
advances into a vision of an ideal MOT pipeline for 2025.

End-to-End Learning in Latent Space

Current state-of-the-art tracking-by-detection pipelines, like SORT-based
methods, have two key drawbacks. First, they heavily rely on heuristics for

Shttps://paperswithcode.com/sota/person-re-identification-on-market-1501
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object association, as discussed extensively in Chapter 5 on CAMELTrack.
Second, they build on bounding boxes, which create an information bot-
tleneck for (i) subsequent object representation based on image crops (like
RelD and pose estimation) and (ii) motion estimation with Kalman Filter.
These limitations point towards a fundamental shift in MOT system de-
sign. Future state-of-the-art systems will likely operate entirely in learned
latent spaces, similar to how current end-to-end MOT methods work (e.g.
MOTR [53]). In such architectures, human-interpretable outputs like bound-
ing boxes, poses, and segmentation masks, which are only useful for visual-
ization and annotation, would be obtained through dedicated prediction
heads on top of track queries, rather than being core intermediate represen-
tations in the tracking pipeline. This shift towards end-to-end architectures
brings several advantages. Because detection and association are jointly op-
timized with a unified architecture, all auxiliary tasks (such as ReID, motion
estimation, or depth estimation...) emerge naturally from the shared latent
representation. Among current end-to-end (E2E) approaches, I identify two
main architectural directions: SAM2 [151], which maintains a memory bank
containing the spatial feature maps from the N most recent frames (where
each feature map of size H x W x D is produced by the image encoder), and
DETR-based methods like MOTR [53], which maintain a compact object-
centric memory through track tokens. The latter appears more promising
for long-term tracking due to its explicit high-level representation of the
tracked object through track queries, similar to how representations are built
within RelD systems. The recent evolution of MOT system:s is also reflected
in two distinct paradigms: tracking-by-detection (TbD) and detection-by-
tracking (DbT). While TbD methods dominate most current benchmarks,
DbT offers a significant advantage: the ability to leverage temporal (past)
information to enhance detection in the current frame, especially in cases of
heavy occlusions. Looking forward, I believe future state-of-the-art MOT
methods will adopt a hybrid architecture that combines the strengths of
both paradigms: using temporal information for re-detection through at-
tention mechanisms as in DbT, while maintaining a dedicated association
module to handle challenging cases and long-term tracking as in TbD. The
end-to-end MOTIP [116] tracker is, to our knowledge, the closest to this
vision by integrating a dedicated association module alongside DETR'’s
detection module, although it does not yet leverage temporal information
for re-detection.
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Large-scale Video Pre-training

While end-to-end (E2E) MOT methods offer compelling advantages, they
currently lag behind traditional SORT-based methods on most benchmarks.
Iargue that this performance gap stems from their need for massive amounts
of Challenging4 training data, combined with the prohibitively high cost
of obtaining MOT annotations, which require frame-by-frame bounding
boxes and track identities. To address this fundamental limitation, self-
supervised pre-training appears to be indispensable for E2E MOT methods,
following a similar trajectory to the remarkable success of Large Language
Models (LLMs). In the language domain, self-supervised learning through
next-token prediction has enabled models to develop rich contextual under-
standing without explicit supervision. Similarly, I believe MOT will benefit
from extensive self-supervised pre-training on video data [152-154]. More-
over, I believe models pre-trained in a self-supervised way on tasks that
require predicting future frames could naturally develop strong tracking
capabilities. Indeed, if a model can predict how a video will evolve over
the next few seconds, tracking should be trivial for it - after all, predicting
future frames requires an implicit understanding of how each object moves
and persists through time. The recent work DoRA [153] takes a step in
this direction by showing how tracking-like behavior can emerge through
self-supervised learning from just a single long video. The main challenge
with self-supervised learning for MOT is that long-term re-identification
of targets might be rare in open-source standard videos, and dedicated
learning or dataset might be required to circumvent this issue. For instance,
synthetic data generation through neural rendering might help in building
complex training examples involving long-term scene re-entries, heavy
occlusions, and similar-looking persons. Importantly, exposure to large-
scale video data would naturally teach models about crucial visual cues
for tracking that are difficult to capture with small annotated datasets. For
instance, models could learn to attend to distinctive features like license
plates in traffic scenes or jersey numbers in sports videos, without requiring
explicit annotation of these attributes. As training data grows and models
learn these rich visual representations, the need for dedicated architectures
and hand-crafted heuristics will naturally disappear.

“Not only is video data heavy and frame-by-frame tracking annotation labor-intensive; to
make matters worse, only challenging scenarios (e.g., occlusions, scene re-entries) are relevant
for training the tracker, and these typically represent a very small portion of each annotated
video.
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Semi-online Tracking

Recent MOT methods are typically categorized as either online or offline,
but this binary distinction is artificial and limiting. Future systems should
adopt a unified semi-online framework controlled by a temporal buffer
parameter, where online and offline tracking become special cases with
buffer sizes of 1 and infinite frames respectively. Prior work like SUSHI [128]
represent a promising step in this direction. Although SUSHI was designed
as a hierarchical offline method, it could be adapted to perform semi-online
tracking. The flexibility offered by a configurable buffer size would allow
systems to balance latency, accuracy, and computational constraints based
on application requirements. Despite its practical relevance, this semi-
online paradigm remains largely unexplored in recent MOT research, which
focuses almost exclusively on either fully online or offline methods. This
gap likely stems from the disconnect between research and industry needs,
as well as benchmarking constraints - current MOT metrics and benchmarks
are not designed to evaluate the trade-off between latency and accuracy
across different buffer sizes.

Building the Perfect MOT Pipeline in 2025

This section synthesizes the key insights from our previous discussions
on end-to-end architectures, video pre-training, and semi-online tracking
to outline what an ideal MOT system could look like in 2025. Readers
interested in the detailed analysis behind each component should refer to
the corresponding sections above. An ideal MOT system would build on
three essential components: First, a backbone pre-trained on video data
in a self-supervised manner, learning a video world model that captures
concepts essential for tracking: motion, occlusions, object identities, depth,
object deformation, pose variation, luminosity changes, scale variations,
and scene dynamics. Second, an end-to-end architecture that would fine-
tune this pre-trained backbone on MOT datasets, performing detection and
association entirely in the latent space, with dedicated heads producing
auxiliary human-interpretable outputs (segmentation, pose, boxes). Fol-
lowing recent advances on E2E architectures, this model could combine a
MOTR-like [53] detection head that employ track-queries to re-detect object
with temporal priors, and a dedicated MOTIP-like [116] association head
for associating detection across frames, thus avoiding the well-documented
detection-association conflict [115] that E2E methods suffers from. Finally,
this architecture would support semi-online tracking, thanks to a buffer
parameter that controls how many frames are processed together during
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each tracking step, allowing systems to balance tracking accuracy and ap-
plication latency constraints.

6.4 Final thoughts

Overall, our work has contributed three general-purpose methods (BP-
BRelD and KPR for re-identification, CAMELTrack for tracking), a sport-
specialized RelD model (PRTrelD), formalized a new research topic with
dataset and metrics (SN-GameState for minimap tracking), and released
three sports datasets (Basketball RelD, Soccer RelD, and Soccer Jersey Num-
ber Recognition). These years of research have opened more questions
than they’ve closed. I'm excited to see how re-identification and tracking
will evolve, particularly tracking which has many years ahead due to its
complexity and need for dedicated architectures. Despite infrastructure
limitations and time constraints, I believe our work has brought modest
but hopefully useful contributions. I'm excited to continue this research
in industry, where access to more resources will enable experiments with
video foundation models and heavy end-to-end MOT methods.
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Note on LLM Usage

This thesis was completed between January and February 2025, with the
assistance of Large Language Models (specifically Claude 3.5 Sonnet). Dur-
ing this period, LLMs proved to be valuable tools for non-native English
speakers, enabling more efficient writing with appropriate academic vocab-
ulary and phrasing. However, they demonstrated fundamental limitations
in generating creative ideas or conducting the deep theoretical analysis
required at the doctoral level. While LLMs were instrumental in refining
the presentation and language of this text, they did not contribute to its
conceptual foundations or theoretical arguments. The first chapter was
written without LLM assistance, while the subsequent two chapters were
composed following the advent of conversational Al, marked by OpenAl’s
release of ChatGPT in November 2022.
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