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ABSTRACT

Accurate activity tracking in multi-resident smart homes is pivotal for delivering
personalized assistance and elderly healthcare. However, relying on non-intrusive
ambient sensors (e.g., motion detectors, door contacts) introduces a critical chal-
lenge: the Data Association problem, where anonymous binary sensor events must
be correctly attributed to specific residents. Existing approaches predominantly rely
on filtering techniques that map discrete events into continuous latent spaces, of-
ten resulting in semantic misalignment and limited capability to capture complex,
non-Markovian behavioral dependencies.

This thesis addresses these limitations by establishing a bottom-up, data-driven
framework for multi-resident data association. First, we formalize the problem mathe-
matically and propose a novel Markov Decision Process (MDP) modeling paradigm.
Unlike traditional filtering, this framework fundamentally reformulates the task as
a sequential decision-making problem. This approach constructs a richer and more
complete state representation by explicitly integrating discrete event sequences and
historical context, thereby resolving the information bottlenecks inherent in latent-
space approximations.

Building upon this foundation, we investigate two distinct policy paradigms. In the
realm of supervised data-driven policies, we introduce NEP+Search, a reward-guided
strategy based on next-event probability estimation. Subsequently, we propose a
holistic Behavioral Cloning (BC) approach utilizing a Transformer encoder. Unlike the
search-based method, this approach functions as an end-to-end policy that directly op-
timizes the alignment between predicted assignment actions and ground-truth labels.
Empirical evaluations on the CASAS, MARBLE, and MuRAL datasets demonstrate that
these MDP-based methods significantly outperform traditional filtering baselines (e.g.,
sMRT), particularly in resolving complex simultaneous activities.
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ABSTRACT

To overcome the generalization bottleneck of supervised methods, we advance
towards generative reasoning agents. We propose LADA, which reformulates the
policy as a text-conditioned generative task. Experiments reveal that LADA achieves
zero-shot accuracy superior to supervised experts on the MARBLE dataset, though its
performance relies heavily on large-scale models. Finally, to reconcile reasoning power
with computational efficiency, we present LLM+BC, which fine-tunes lightweight LLMs
(e.g., Qwen-4B) using Low-Rank Adaptation (LoRA). This method achieves state-of-
the-art performance on the highly noisy MuRAL dataset, surpassing both zero-shot
and traditional supervised baselines.

Collectively, this research provides a comprehensive progression from rigorous
mathematical formalization to advanced generative AI solutions, offering scalable,
accurate, and privacy-preserving methodologies for future smart environments.

Keywords Multi-resident Data Association, Smart Home, Markov Decision Process,
Large Language Models, Ambient Intelligence, Deep Learning, Human Activity Recog-
nition.
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RÉSUMÉ

Le suivi précis des activités dans les maisons intelligentes multi-résidents est
primordial pour fournir une assistance personnalisée et des soins de santé adaptés
aux personnes âgées. Cependant, l’utilisation de capteurs ambiants non intrusifs
(tels que les détecteurs de mouvement ou les contacts de porte) introduit un défi
critique : le problème d’association de données, où des événements de capteurs
binaires et anonymes doivent être correctement attribués à des résidents spécifiques.
Les approches existantes reposent principalement sur des techniques de filtrage qui
projettent les événements discrets dans des espaces latents continus, ce qui entraîne
souvent un désalignement sémantique et limite la capacité à capturer des dépendances
comportementales complexes et non markoviennes.

Cette thèse aborde ces limitations en établissant un cadre ascendant et guidé
par les données pour l’association de données multi-résidents. Premièrement, nous
formalisons mathématiquement le problème et proposons un nouveau paradigme de
modélisation basé sur les Processus Décisionnels de Markov (Markov Decision Process
(MDP) en anglais). Contrairement au filtrage traditionnel, ce cadre reformule fonda-
mentalement la tâche comme un problème de prise de décision séquentielle. Cette
approche construit une représentation d’états plus riche et plus complète en intégrant
explicitement les séquences d’événements discrets et le contexte historique, résolvant
ainsi les goulots d’étranglement informationnels inhérents aux approximations par
espaces latents.

Sur cette base, nous étudions deux paradigmes de politiques distincts. Dans
le domaine des politiques supervisées guidées par les données, nous introduisons
NEP+Search, une stratégie guidée par la récompense et basée sur l’estimation de
la probabilité du prochain événement. Par la suite, nous proposons une approche
holistique de Clonage Comportemental (Behavior Cloning (BC) en anglais) utilisant
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RÉSUMÉ

un encodeur Transformer. Contrairement à la méthode basée sur la recherche, cette
approche fonctionne comme une politique de bout en bout qui optimise directement
l’alignement entre les actions d’assignation prédites et les étiquettes de vérité ter-
rain. Les évaluations empiriques sur les jeux de données CASAS, MARBLE et MuRAL
démontrent que ces méthodes basées sur les MDP surpassent significativement les ré-
férences de filtrage traditionnelles (telles que sMRT), en particulier pour la résolution
d’activités simultanées complexes.

Afin de surmonter les limites de généralisation des méthodes supervisées, nous
nous intéressons aux techniques d’agents de raisonnement génératifs. Nous proposons
LADA, qui reformule la politique comme une tâche générative conditionnée par le
texte. Les expériences révèlent que LADA atteint une précision zero-shot supérieure
aux experts supervisés sur le jeu de données MARBLE, bien que sa performance
dépende fortement de modèles à grande échelle. Enfin, pour concilier puissance de
raisonnement et efficacité computationnelle, nous présentons LLM+BC, qui affine
des LLM légers (par exemple, Qwen-4B) en utilisant l’adaptation de bas rang (LoRA).
Cette méthode atteint des performances de pointe sur le jeu de données très bruité
MuRAL, surpassant à la fois les références zero-shot et les références supervisées
traditionnelles.

De manière globale, ces travaux de recherche présentent une progression complète
allant d’une formalisation mathématique rigoureuse à des solutions d’IA générative
avancées, proposant des méthodologies évolutives, précises et respectueuses de la vie
privée pour les futurs environnements intelligents.

Mots-clés Association de données multi-résidents, Maison intelligente, Processus dé-
cisionnel de Markov, Grands modèles de langage, Intelligence ambiante, Apprentissage
profond, Reconnaissance d’Activités Humaines.

vi



ACKNOWLEDGEMENTS

I would like to express my deepest gratitude to my advisors, Prof. Dominique,
Dr. Julien, and Dr. Fano. Without their dedicated mentorship, encouragement, and
expertise, this thesis would not have been possible. I feel truly blessed to have advisors
who cared deeply about the scientific rigor of my work, as well as my personal well-
being as I navigated the realities of Ph.D. life. In particular, I am deeply indebted to
Fano for extending his mentorship to the ski slopes. Thanks to his patient coaching, I
can now skillfully tackle the moguls with confidence. I thank them for all their help
and dedication.

I would also like to express my sincere thanks to Christophe Lohr and Dan Istrate
for generously lending their time to review this manuscript, and to the entire jury for
their insightful evaluation of my thesis.

I also wish to extend my thanks to the current and former members of the M-PSI
team at the LIG laboratory, with a special mention to Yangtao, Anderson, and Lykon
for their support. I would like to express my sincere gratitude to Mélissa Courla
and Sybille Caffiau for their invaluable support and assistance in setting up and
managing the DOMUS testbed for the MuRAL dataset. I am also very thankful to
all the volunteers who generously dedicated their time to participate in the data
collection sessions.

Beyond the university, I am equally grateful to my Orange colleagues. Special
thanks to my team and project managers, Julien Riera and Sebastien Deleplace, who
were consistently attentive to my needs and ensured I had everything required to
succeed in my work. I am immensely grateful to Pauline and Catherine for their
warmth and for the many insightful discussions about life in France; their guidance
was invaluable in helping me navigate and integrate into this new environment. My

vii



ACKNOWLEDGEMENTS

sincere thanks also go to Juan and Yoann for leading the way; their successful defenses
provided an excellent model for my own. To Miriam, Leonardo, Xavier, Simon, Théo,
and Marc—thank you for the shared journey; you will be defending your own theses
sooner than you think! Finally, I want to express my appreciation to all my other
colleagues, past and present, who have made Orange such a welcoming and pleasant
place to work.

Words cannot fully express my gratitude to my girlfriend, Yongyu, who has stood
by me with extraordinary patience and unwavering love throughout the past decade.
Her presence has been the absolute foundation of my well-being and the ultimate
completion of this thesis.

To my parents: I am profoundly grateful for your selfless devotion and for providing
everything within your power to support my aspirations, most notably in making my
journey to France possible. It is my greatest privilege to be your child. A special
thanks goes to my brother, who has always cheered me all the way from China.

A special thanks goes to my friends Qilong, Xinhao and Yongxin for their ongoing
support and for helping me put together a wonderful defense reception.

To everyone who has been part of this journey, simply: Xie Xie!

Xi

viii



CONTENTS

Nomenclature xiii

List of �gures xvii

List of tables xxi

1 Introduction 1
1.1 Smart Home Applications . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Sensing Technologies in Smart Homes . . . . . . . . . . . . . . . . . 3
1.3 Human Activity Recognition . . . . . . . . . . . . . . . . . . . . . . . 4
1.4 The Multi-Resident Data Association Challenge . . . . . . . . . . . . . 5
1.5 Research Questions and Contributions . . . . . . . . . . . . . . . . . 6
1.6 Thesis Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2 Literature Review on Multi-Resident Activity Recognition and Data Associ-
ation 11
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2 De�nition and Formalization of Human Activity in Sensory Environments 12

2.2.1 Sensory Environment . . . . . . . . . . . . . . . . . . . . . . 13
2.2.2 Action as Sensor Event . . . . . . . . . . . . . . . . . . . . . . 14
2.2.3 Association between Events and Subjects . . . . . . . . . . . . 15
2.2.4 Activity as Event Sequence . . . . . . . . . . . . . . . . . . . . 16
2.2.5 Association between Events and Activities . . . . . . . . . . . . 16

2.3 Sensing Modalities . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.3.1 Comparison of Sensing Modalities . . . . . . . . . . . . . . . . 17
2.3.2 Wearable-based methods . . . . . . . . . . . . . . . . . . . . . 19

ix



CONTENTS

2.3.3 Radio- and light-based methods . . . . . . . . . . . . . . . . . 20
2.3.4 Vision-based methods . . . . . . . . . . . . . . . . . . . . . . 21

2.4 Ambient-based Activity Recognition . . . . . . . . . . . . . . . . . . . 21
2.4.1 Single-Subject Activity Classi�cation . . . . . . . . . . . . . . . 22
2.4.2 Multi-Subject Data Association . . . . . . . . . . . . . . . . . . 23
2.4.3 Mutli-Subject Activity Classi�cation . . . . . . . . . . . . . . . 28

2.5 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
2.5.1 CASAS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
2.5.2 ARAS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
2.5.3 MARBLE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
2.5.4 MuRAL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3 Data Association via MDP Modeling and Search-based Policy Optimization 37
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.2 Method Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.3 Problem Formulation via MDP . . . . . . . . . . . . . . . . . . . . . . 40

3.3.1 De�nition of MDP . . . . . . . . . . . . . . . . . . . . . . . . 40
3.3.2 Adapting MDP to Data Association . . . . . . . . . . . . . . . . 41

3.4 Policy Optimization via Heuristic Search . . . . . . . . . . . . . . . . 43
3.4.1 Policy Optimization as Tree Search . . . . . . . . . . . . . . . 44
3.4.2 Heuristic Search Algorithms . . . . . . . . . . . . . . . . . . . 44

3.5 Reward Model Implementation . . . . . . . . . . . . . . . . . . . . . 45
3.5.1 Next Event Prediction for an Existing Resident . . . . . . . . . 46
3.5.2 Prior Modeling for New Residents . . . . . . . . . . . . . . . . 48

3.6 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.6.1 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . 52
3.6.2 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . 54
3.6.3 Qualitative Comparison with Prior Works . . . . . . . . . . . . 55
3.6.4 Quantitative Performance Comparison with Baselines . . . . . 56
3.6.5 Impact of the Search Algorithm . . . . . . . . . . . . . . . . . 60
3.6.6 Impact of Next Event Prediction . . . . . . . . . . . . . . . . . 61
3.6.7 Impact of Context Length . . . . . . . . . . . . . . . . . . . . 62
3.6.8 Sensitivity to the Resident Number Prior Distribution . . . . . . 63

3.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4 Learning Robust Policies for Multi-Resident Data Association 67
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
4.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.2.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
4.2.2 Learning Objective . . . . . . . . . . . . . . . . . . . . . . . . 70
4.2.3 Input State Representation . . . . . . . . . . . . . . . . . . . . 72
4.2.4 Network Architecture . . . . . . . . . . . . . . . . . . . . . . 73
4.2.5 Training Data Preparation . . . . . . . . . . . . . . . . . . . . 75

x



CONTENTS

4.3 Experimental Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 77
4.3.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . 77
4.3.2 Result Comparison . . . . . . . . . . . . . . . . . . . . . . . . 78
4.3.3 Impact of Evaluation Window Size . . . . . . . . . . . . . . . 80
4.3.4 Impact of Policy Network . . . . . . . . . . . . . . . . . . . . 82
4.3.5 Impact of Context Length . . . . . . . . . . . . . . . . . . . . 84
4.3.6 Impact of Data Augmentation . . . . . . . . . . . . . . . . . . 86
4.3.7 Assignments of Multi-Resident Events . . . . . . . . . . . . . . 87

4.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

5 Towards LLM-Powered Policy for Multi-Resident Data Association 89
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
5.2 Principle of Large Language Models . . . . . . . . . . . . . . . . . . . 92

5.2.1 Mainstream Architecture . . . . . . . . . . . . . . . . . . . . . 92
5.2.2 Training Paradigm . . . . . . . . . . . . . . . . . . . . . . . . 94
5.2.3 Chain of Thought Prompting . . . . . . . . . . . . . . . . . . . 95
5.2.4 LLM as an Agent . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.3 Methodology Formalisation . . . . . . . . . . . . . . . . . . . . . . . 96
5.4 System Implementation . . . . . . . . . . . . . . . . . . . . . . . . . 98

5.4.1 Environment Module . . . . . . . . . . . . . . . . . . . . . . . 98
5.4.2 State Manager . . . . . . . . . . . . . . . . . . . . . . . . . . 99
5.4.3 Language Model Agent . . . . . . . . . . . . . . . . . . . . . . 99
5.4.4 Module Integration and Evolution . . . . . . . . . . . . . . . . 105

5.5 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
5.5.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . 106
5.5.2 Qualitative Results . . . . . . . . . . . . . . . . . . . . . . . . 106
5.5.3 Quantitative Results . . . . . . . . . . . . . . . . . . . . . . . 110
5.5.4 Impact of Models . . . . . . . . . . . . . . . . . . . . . . . . . 113
5.5.5 Impact of CoT Reasoning and Layout . . . . . . . . . . . . . . 115

5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

6 Fine-tuning LLMs for Data-Driven Data Association Policies 117
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
6.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

6.2.1 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . 119
6.2.2 Training Objective and Optimization . . . . . . . . . . . . . . 120
6.2.3 Parameter-Ef�cient Fine-Tuning via Low-Rank Adaptation . . . 121
6.2.4 Prompt Template and Output Format . . . . . . . . . . . . . . 122

6.3 Experimental Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 124
6.3.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . 124
6.3.2 Qualitative Results . . . . . . . . . . . . . . . . . . . . . . . . 124
6.3.3 Quantitative Results . . . . . . . . . . . . . . . . . . . . . . . 126
6.3.4 Cross-Environment Evaluation . . . . . . . . . . . . . . . . . . 128

6.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

xi



CONTENTS

7 Conclusions and Perspectives 131
7.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

7.1.1 Data Association Problem De�nition and Modeling . . . . . . . 131
7.1.2 Data-driven Policy Design and Training . . . . . . . . . . . . . 132
7.1.3 Large Language Models as a General Policy . . . . . . . . . . . 133

7.2 Limitations and Perspectives . . . . . . . . . . . . . . . . . . . . . . . 134
7.2.1 Distribution Shift and Compounding Errors . . . . . . . . . . . 135
7.2.2 Life-cycle Management and State Re-initialization . . . . . . . 135
7.2.3 Integration of Explicit Reasoning and Supervised Fine-tuning . 136
7.2.4 Transition from Online Filtering to Non-Myopic Smoothing . . 138
7.2.5 Scalable Data Generation via Embodied AI Simulation . . . . . 139
7.2.6 Ethical Implications and Safety Risks . . . . . . . . . . . . . . 139

Bibliography 141

xii



NOMENCLATURE

Abbreviations

Acc Resident Assignment Accuracy. 52, 57, 58, 62, 78, 80–84,
112, 127

ADL Activity of Daily Living. 1, 4, 5, 21–23
AI Arti�cial Intelligence. 1
AP Access Point. 20

BC Behavior Cloning. 8, 9, 69–72, 78–83, 87, 88, 92, 110–
112, 116–119, 126–129, 133–138, 140

BCE Binary Cross-Entropy. 8, 71, 133
BLEU Bilingual Evaluation Understudy. 53, 54, 56, 57, 61, 62,

78, 80, 82–84, 110, 115, 127
BPE Byte Pair Encoding. 92

CNN Convolutional Neural Network. 4, 22
CoT Chain-of-Thought. xi, xix, 9, 91, 95, 97, 102, 114–118,

120, 122, 127, 129, 134, 136, 138
CRF Conditional Random Field. 4, 22, 26
CRL Correct Run Length. 53, 56–58, 62, 78, 80–84, 110, 112,

115, 116, 127, 128
CSBN Collaborative Sensor Body Networks. 19
CSI Channel State Information. 20

DAgger Dataset Aggregation. 135

xiii



NOMENCLATURE

DDP Distributed Data Parallel. 124
DP Differential Privacy. 140
DT Decision Tree. 4, 22

FFN Feed-Forward Network. 92, 93
FL Federated Learning. 140
FMCW Frequency Modulated Continuous Wave. 20

GM-PHD Gaussian Mixture Probability Hypothesis Density. 27, 28,
38

GRPO Group Relative Policy Optimization. 138

HAR Human Activity Recognition. xvii, 1–5, 8, 11–13, 16–21,
23, 28–30, 35–37, 90, 91, 139

HAVC Heating, Ventilating and Air Conditioning. 2
HMM Hidden Markov Model. 4, 22, 24–26, 28, 38

IoT Internet of Things. 1

LLM Large Language Model. xix, 5, 7–9, 12, 23, 32, 36, 90–
100, 102, 105, 109–114, 116–119, 121, 124, 126–129,
131, 134, 136, 137, 139, 140

LoRA Low-Rank Adaptation. 9, 118, 121, 124, 129, 134
LOS Line-Of-Sight. 20
LSTM Long Short-Term Memory. 4, 22

MDP Markov Decision Process. 7, 8, 38–42, 44, 45, 48, 52,
55–57, 59, 63–65, 67, 70, 71, 88, 89, 91, 95–98, 116,
119, 131–134, 138, 139

NB Naive Bayes. 4, 22, 24
NEP Next-Event Prediction. 8, 39, 46, 54, 60–63, 67, 68, 70,

77–82, 87, 88, 91, 110–112, 116, 132–134, 138
NLL Negative Log-Likelihood. 120
NLP Natural Language Processing. 5, 53
NTP Next-Token Prediction. 94, 119, 120

PPO Proximal Policy Optimization. 94, 137

RBPF Rao-Blackwellised Particle Filter. 25, 27, 28, 38
RCE Resident Count Error. 54, 57, 61, 62, 64, 78, 80, 82, 84,

110, 114, 115, 127, 129
RFT Rejection Sampling Fine-Tuning. 137

xiv



NOMENCLATURE

RL Reinforcement Learning. 137
RLHF Reinforcement Learning from Human Feedback. 90, 94,

95
RMSNorm Root Mean Square Layer Normalization. 74, 75, 93
RNN Recurrent Neural Network. 4, 22
RoPE Rotary Positional Encoding. 74, 93

SFT Supervised Fine-Tuning. 120
SLM Small Language Model. 140
SwiGLU Swish-Gated Linear Unit. 74, 93

xv



NOMENCLATURE

xvi



LIST OF FIGURES

2.1 Single- and multi-subject activity instances in a smart-home environ-
ment with four subjects. Intervals without labels emulate a missing
ground truth, as commonly found in Human Activity Recognition (HAR)
datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2 ELMo Activity Sequence Embedding Model. Reproduced from Bouch-
abou et al. [34]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.3 Pipeline from Binary to Text Data and Using LLMs for the Final Classi�-
cation [56]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.4 Flowchart of the multi-resident RBPF data association method proposed
by Wilson and Atkeson [204]. . . . . . . . . . . . . . . . . . . . . . . 25

2.5 Flowchart of the gaussian multi-resident tracking method (GAMUT)
proposed by Wang and Cook. [198]. . . . . . . . . . . . . . . . . . . 27

2.6 Floor plan of the MuRAL DOMUS intelligent apartment with the names
and locations of all ambient sensors [49]. . . . . . . . . . . . . . . . . 34

3.1 Overview of multi-resident data association modeled as a Markov Deci-
sion Process. Taking the assignment of the third event in an illustrative
multi-resident sequence as an example. . . . . . . . . . . . . . . . . . 40

3.2 An illustrative example of tree-search-based policy optimization. . . . 43
3.3 Computational Work�ow for the Reward Model Implementation. . . . 45
3.4 Next event prediction with a supervised autoregressive language model. 47
3.5 Resident assignment accuracy as a function of the evaluation window

size (log2 scale) on the CASAS, MARBLE, and MuRAL datasets. . . . . 58

xvii



LIST OF FIGURES

3.6 Evaluation of Correct Run Length (CRL) and the average number of
events per resident (gray bars) in different evaluation window sizes
(log2 scale) for CASAS, MARBLE, and MuRAL. CRL quanti�es how long
a method can continuously assign the correct resident before making
an error. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.7 Evaluation of the impact of the number of NEP training epochs on the
data association performance of the proposed MDP-based framework . 62

3.8 Evaluation of the impact of the context length on the data association
performance of the proposed MDP-based framework . . . . . . . . . . 63

4.1 Overview of the proposed behavior cloning policy-learning data associ-
ation framework. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.2 Architecture of the proposed Transformer-based policy network. . . . . 73

4.3 The training data preparation process of the proposed behavior cloning
method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.4 Resident assignment accuracy as a function of the evaluation window
size (log2 scale) on the CASAS, MARBLE, and MuRAL datasets. . . . . 79

4.5 Evaluation of Correct Run Length (CRL) and the average number of
events per resident (gray bars) in different evaluation window sizes for
CASAS, MARBLE, and MuRAL. . . . . . . . . . . . . . . . . . . . . . 81

4.6 Performance evolution of the policy network across training epochs on
all datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.7 Performance evolution of the policy network across context lengths on
all datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.8 Data Association performance under different context lengths, with
panels (a)–(c) showing accuracy across window sizes and panel (d)
summarizing long-horizon accuracy degradation. . . . . . . . . . . . . 85

4.9 Effect of permutation-based data augmentation on Test F1 and Data
Association metrics across the three datasets. . . . . . . . . . . . . . . 86

5.1 Illustration of the proposed LLM-based multi-resident data association
method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.2 Illustration of the overall architecture of Llama 3 [ 79]. Reproduced
from Zafarmomen and Samadi [217]. . . . . . . . . . . . . . . . . . . 92

5.3 Resident assignment accuracy as a function of the evaluation window
size (log2 scale) on the MARBLE, and MuRAL datasets. . . . . . . . . 111

5.4 Evaluation of Correct Run Length (CRL) and the average number of
events per resident (gray bars) in different evaluation window sizes
(log2 scale) for MARBLE, and MuRAL. CRL quanti�es how long a
method can continuously assign the correct resident before making an
error. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

xviii



LIST OF FIGURES

5.5 Comparison of LADA's performance when using different underlying
Large Language Models (LLMs) on MARBLE (top) and MuRAL (bot-
tom). We evaluate closed-source models (GPT-5 and GPT-4o) and
open-source Qwen3 models of varying sizes (32B, 14B, 4B). Larger and
more capable LLMs consistently yield better accuracy, identity consis-
tency, and sequencing quality, while smaller models lead to substantial
performance degradation. . . . . . . . . . . . . . . . . . . . . . . . . 113

5.6 Ablation study on MARBLE (left) and MuRAL (right). “w/o Chain-of-
Thought (CoT)” removes LADA's chain-of-thought reasoning, and “w/o
Layout” removes layout-grounding information. Both ablations lead
to noticeable performance drops across all metrics, demonstrating the
importance of these components. . . . . . . . . . . . . . . . . . . . . 115

6.1 Illustration of the proposed LLM+BC multi-resident data association
method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

6.2 Illustration of the Low-Rank Adaptation (LoRA). Reproduced from Hu
et al. [99]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

6.3 Resident assignment accuracy of LLM+BC approach as a function of
the evaluation window size (log 2 scale) on the MARBLE, and MuRAL
datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

6.4 Evaluation of Correct Run Length (CRL) of LLM+BC approach and
the average number of events per resident (gray bars) in different
evaluation window sizes (log2 scale) for MARBLE, and MuRAL. CRL
quanti�es how long a method can continuously assign the correct
resident before making an error. . . . . . . . . . . . . . . . . . . . . . 128

7.1 Preliminary training curves of GRPO on the MARBLE dataset. . . . . . 137

xix



LIST OF FIGURES

xx



LIST OF TABLES

2.1 Categories of sensing modalities used in multi-subject HAR . . . . . . 15
2.2 Pros and cons of different methods for multi-subject HAR . . . . . . . 18
2.3 A categorization of methods in existing literature based on the sensing

modality and key technical strategy. . . . . . . . . . . . . . . . . . . . 19
2.4 Multi-label classi�cation methods used in multi-subject HAR. . . . . . 30
2.5 Multi-subject datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.6 Multi-subject datasets: annotations and types of activities. . . . . . . . 32
2.7 Statistical summary of the MuRAL dataset. . . . . . . . . . . . . . . . 35

3.1 Interpretation and estimation of each term in Equation 3.16 for non-
boundary sensor triggers. . . . . . . . . . . . . . . . . . . . . . . . . 49

3.2 Qualitative comparison of different methods.  means the number of
residents in the input sequence,� means the Beam Size and! means
the context length. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.3 Comparison of Data Association performances of baseline approaches
and our approach on 3 datasets. Acc and CRL are calculated using a
window size F = 16. . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.4 Impact of search algorithms on the Data Association performance of
our method. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.5 Comparison of two different Next Event Prediction Methods. . . . . . 61
3.6 Impact of the resident number prior %¹# º on Data Association perfor-

mance of our approach. . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.1 Comparison of Data Association performances of baseline approaches
and our approach on 3 datasets. Acc and CRL are calculated using a
window size F = 16. . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

xxi



LIST OF TABLES

4.2 Performance comparison of BC and NEP+Search in assigning events to
the correct number of residents on CASAS and MuRAL. . . . . . . . . 87

5.1 Qualitative example of 33 sequential sensor events from the session
A2a_instance2 of MARBLE dataset. Each row color indicates the pre-
diction outcome: red represents incorrect predictions, green indicates
correctly predicted events for resident A, and blue denotes correctly
predicted events for resident B. . . . . . . . . . . . . . . . . . . . . . 107

5.2 Qualitative example of 29 sequential sensor events the session D4mae_instance1
of MARBLE dataset. Each row color corresponds to the ground truth res-
ident: green (A), blue (B), orange (C), purple (D). Red rows represent
incorrect predictions. . . . . . . . . . . . . . . . . . . . . . . . . . . 108

5.3 Comparison of Data Association performances of baseline approaches
and our approach on 2 datasets. Acc and CRL are calculated using a
window size F = 16. . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

6.1 Qualitative example of 33 sequential sensor events from the session
12 of MuRAL dataset. Each row color corresponds to the ground truth
resident: green (A), blue (B), orange (C). Red rows represent incorrect
predictions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

6.2 Comparison of Data Association performances of baseline approaches
and the proposed LLM+BC approach on 2 datasets. Acc and CRL are
calculated using a window sizeF = 16. . . . . . . . . . . . . . . . . . 126

6.3 Comparison of Data Association performances of baseline approaches
and our approach on 2 datasets. Acc and CRL are calculated using a
window size F = 16. . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

xxii



CHAPTER1

I NTRODUCTION

1.1 Smart Home Applications

Smart homes refer to residential environments equipped with interconnected
sensors, devices, and automated systems designed to enhance comfort, safety, and
ef�ciency. The concept of smart homes can be traced back to the 1970s, when it was
initially de�ned as residential spaces featuring interactive automation systems for
lighting, temperature control, household appliances, and security monitoring [ 141].
With the rapid advancement of Internet of Things (IoT) and Arti�cial Intelligence (AI)
technologies over the past two decades, smart homes have evolved from convenience-
oriented automation systems into user-centered intelligent environments capable of
supporting a wide range of advanced services. These services primarily focus on the
following key domains:

— Healthcare and Assisted Living: Driven by global population aging and the
rising costs associated with institutional care [155], healthcare has become
one of the most critical application domains. By leveraging Human Activity
Recognition (HAR) to model Activities of Daily Living (ADLs) such as cook-
ing, bathing, and medication intake, sensor-equipped smart homes can assess
residents' functional health status and detect potentially hazardous situations,
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including falls, prolonged inactivity, or missed routines, enabling timely in-
terventions or automatic emergency responses [224, 184, 27, 121, 10, 1, 75].
In addition, long-term analysis of activity patterns allows the identi�cation of
subtle behavioral changes that may indicate early cognitive or other health
decline [85, 21, 158, 224, 194, 39, 211, 156]. Prior studies further show that
such systems can support individuals with limited mobility in a non-intrusive
manner, reducing social isolation while improving comfort and overall quality of
life [40].

— Home Security and Safety: Smart homes are increasingly utilized for security
monitoring and hazard detection, where HAR strengthens traditional systems
by distinguishing normal resident behavior from anomalous activities [ 150,
4, 82, 151, 69, 74]. For example, HAR can detect suspicious movements or
the presence of unfamiliar individuals and issue alerts to residents or relevant
authorities [ 74]. Compared with conventional motion-triggered alarms, HAR-
enabled systems interpret action sequences (e.g., breaking a window followed
by entering a room) as meaningful intrusion events and can also recognize
safety-critical hazards such as �res or kitchen accidents to initiate appropriate
responses [74]. Overall, contextual analysis of sensor streams helps differentiate
benign events from threats, enabling more proactive and reliable home security.

— Energy Ef�ciency: Energy ef�ciency represents a major motivation for deploying
smart home technologies, as household consumption is intrinsically linked to
resident activity. Based on real-time presence and behavior patterns, smart home
systems leverage HAR to dynamically adjust environmental controls—such as
Heating, Ventilating and Air Conditioning (HAVC), lighting, and appliances [ 7,
114, 190, 157, 123, 208]. By identifying contexts like unoccupied rooms or idle
appliances, these systems signi�cantly reduce energy waste while maintaining
user comfort [208]. Moreover, this occupant-centered approach supports smart
grid demand-response strategies by optimizing energy-intensive operations
based on activity levels, enabling �ne-grained energy optimization.

— Automation: Smart homes aim to improve everyday convenience through in-
telligent automation. Even in non-critical scenarios, HAR can enhance user
experience by allowing environments to respond proactively to residents' activi-
ties. By understanding ongoing behaviors, smart home systems can automate
routine tasks, such as starting a coffee machine upon recognizing morning rou-
tines or adjusting lighting settings when residents are relaxing. This capability
transcends early home automation by minimizing manual interaction and en-
abling environments to adapt seamlessly to residents' needs through advanced,
context-aware behavior modeling [74].

Collectively, the diverse applications described above underscore that the realiza-
tion of the smart home vision fundamentally hinges on two critical pillars: Sensing
Technologies and Human Activity Recognition . While sensing infrastructures pro-
vide the essential data foundation by capturing physical signals and environmental
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states, HAR serves as the computational core that translates these raw data streams
into meaningful semantic insights. Therefore, the synergy between unobtrusive sens-
ing modalities and accurate recognition algorithms is indispensable for enabling the
adaptive, ef�cient, and user-centered services central to modern smart living.

1.2 Sensing Technologies in Smart Homes

Smart home systems rely on a variety of sensing technologies to observe occupants
and their interactions with the living environment. These sensing modalities differ in
terms of the information they capture, deployment requirements, and their suitability
for long-term residential use.

Wearable sensors, such as smartwatches, are typically in direct contact with the
human body and collect high-precision, user-speci�c low-level activity signals through
integrated sensors, including inertial sensors and heart rate monitors [113, 220].
These devices enable detailed monitoring of individual physiological and physical
activities, such as breathing, heart rate, walking, and other forms of movement. How-
ever, this sensing paradigm is inherently user-centric and provides limited awareness
of the surrounding environment and other occupants in multi-resident settings. As a
result, it lacks contextual information about shared spaces and interactions, which
makes it less effective for recognizing higher-level, coarse-grained activities [220].
Moreover, the requirement for on-body wear introduces compromises in user com-
fort and unobtrusiveness, which can hinder long-term adoption in everyday living
environments.

Vision- and audio-based sensing systems provide rich perceptual information for
observing human behavior and spatial context, enabling accurate subject identi�cation
and activity understanding [ 139, 106, 117, 26]. Vision-based approaches typically
rely on RGB cameras, depth cameras [102], or infrared cameras [ 11] to capture a
wide range of activities and interactions between residents and their surrounding
environment. Audio-based systems commonly employ microphones to recognize
activities characterized by distinctive acoustic patterns and, in some cases, to infer
speaker identity [66, 129]. Despite their effectiveness, both modalities raise signi�cant
privacy and intrusiveness concerns, as they involve capturing identi�able visual or
acoustic signals, which pose major barriers to their adoption in private residential
environments unless dedicated privacy-preserving mechanisms are employed.

Radio- and light-based sensing technologies, including WiFi signal analysis [78,
180, 199, 83, 105, 122], millimeter-wave radar [ 207, 137], LiDAR point clouds [ 13,
12, 122], and visible light re�ections [ 131], enable contact-free monitoring by analyz-
ing signal variations induced by human presence and movement. These approaches
can capture �ne-grained motion patterns and support multi-subject perception, but
their performance is often sensitive to environmental changes and interference, and
they typically require environment-speci�c calibration or subject-dependent training.
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Ambient sensing constitutes a foundational sensing paradigm for smart homes and
has been widely adopted in real-world deployments. It relies on environmental sensors
such as motion detectors, contact switches, and object interaction sensors to capture
interactions between occupants and their surroundings [62, 215, 197]. Ambient
sensors are unobtrusive, privacy-preserving, cost-effective, and easy to deploy at scale,
making them particularly suitable for long-term residential monitoring. Although
ambient sensing provides only indirect observations of human behavior and does
not directly encode subject identity, its robustness and practicality have made it a
dominant sensing infrastructure in smart home research.

Owing to these advantages, this thesis focuses exclusively on smart home envi-
ronments equipped with ambient sensing technologies. By restricting our study to
ambient sensor data, we aim to address the fundamental challenges arising from
indirect and anonymous observations while maintaining strong relevance to realistic
and deployable smart home systems.

1.3 Human Activity Recognition

HAR functions as the computational core of smart homes, translating raw sensor
data into context-aware insights that enable proactive, personalized services beyond
static routines. Research in HAR [36] fundamentally relies on de�ning “activity”
at varying levels of abstraction, typically distinguishing between low-level atomic
actions —simple, context-independent movements like “opening a door”—andhigh-
level complex activities , which are goal-oriented sequences such as “cooking” or
other ADLs. Consequently, the vast majority of methodologies utilize sensor events
representing these low-level atomic actions as fundamental building blocks, with the
ultimate objective of inferring high-level ADLs to support intelligent decision-making.

Early approaches to ADL recognition were based on knowledge and ontology-
driven methods [45, 133, 215] often requiring signi�cant domain knowledge and
manual feature engineering. With the advancement of machine learning, statistical
models such as Naive Bayes (NB) [182], Decision Tree (DT) [ 29], Hidden Markov Mod-
els (HMMs) [ 80] and Conditional Random Fields (CRFs) [192] were widely adopted
to capture temporal dependencies and probabilistic transitions between activity states.
The introduction of deep learning further advanced the �eld. Convolutional Neural
Networks (CNNs) have been utilized to automatically extract local patterns from
sensor activation [171, 86], while Recurrent Neural Networks (RNNs), particularly
Long Short-Term Memory (LSTM) networks [172], have proven effective in modeling
long-range temporal dependencies in sensor event sequences. Inspired by the success
of language models, Bouchabou et al. [35, 34] abstracted sensor events as tokens in
a language sequence to explore the correlations between sensor events. They adopted
the ELMo [163] model, which is based on bidirectional language modeling, to simul-
taneously predict preceding and subsequent events in the context, thereby learning
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the latent associations and dependency structures among sensor events. Following
the success of Large Language Models (LLMs) in Natural Language Processing (NLP),
researchers have begun to apply LLMs for HAR [84, 176, 56, 170, 191, 186, 54],
exploiting their powerful contextual reasoning and few-shot learning capabilities to
model complex event dependencies.

1.4 The Multi-Resident Data Association Challenge

Despite extensive research on HAR over the past two decades, studies based
on ambient sensors have predominantly focused on single-resident scenarios. In
multi-resident environments, ambient sensor–based activity recognition systems face
a fundamental challenge: correctly associating each sensor event with the individ-
ual who triggered it [ 197]. This challenge, known as the Data Association prob-
lem [ 204, 197, 25, 31, 98, 46], is particularly severe for ambient sensors, which
lack explicit identity cues and rely solely on indirect contextual evidence. In shared
living spaces, sensor events generated by multiple residents are often temporally
interleaved, disrupting the temporal and semantic coherence of individual activity
streams. For instance, concurrent movements by two residents across different rooms
may produce a merged event sequence that falsely suggests implausible trajectories for
each individual. Prior empirical studies consistently show that such misassociations
substantially degrade ADLs recognition performance [51, 98, 198, 47, 46], and the
problem exacerbates as the number of residents increases, since events triggered by
others effectively act as noise for any given individual.

Early work on multi-resident data association in smart home environments was
fundamentally shaped by the seminal study of Wilson and Atkeson in 2005 [204].
They were the �rst to clearly formalize data association as a system-level inference
problem, arguing that sensor events must be interpreted in the context of a global
state that jointly represents all residents and their activities. By modeling this state
explicitly and performing probabilistic �ltering over competing hypotheses, their work
established a principled framework for reasoning about interleaved behaviors under
uncertainty.

In the following decade, as machine learning and later deep learning techniques
rapidly advanced, much of the subsequent research shifted its focus toward improving
data association through increasingly powerful classi�ers and representation learning.
Many methods [63, 64, 65, 173, 98, 58] attempted to leverage larger datasets and
richer feature representations to directly predict resident identities or activities from
sensor events. However, in doing so, they often departed from Wilson and Atkeson's
original insight that data association is inherently a global, state-dependent problem.
Rather than explicitly modeling the joint system state, these approaches typically
performed event-level or locally conditioned inference, relying on learned features to
compensate for the lack of structured state modeling. As a result, despite improve-
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ments in representation capacity, their reasoning remained short-sighted, with limited
ability to enforce long-term temporal coherence or global consistency across residents.

More recent works, notably sMRT [197] and GAMUT [198], mark a conceptual
return to Wilson's original modeling philosophy. These methods explicitly reconstruct
a global system state and perform �ltering over multiple resident hypotheses, thereby
restoring the ability to reason about concurrent trajectories and dynamic resident
populations. At the same time, they depart from earlier symbolic formulations by
representing resident states in continuous latent spaces derived from sensor embed-
dings. While this latent-state formulation improves robustness and scalability across
environments, the underlying dynamics are still modeled using relatively simple linear
transformations and Gaussian assumptions. Consequently, despite their stronger state
modeling, these approaches make limited use of modern deep learning to capture
richer, non-linear temporal dependencies or long-range behavioral patterns.

1.5 Research Questions and Contributions

In this thesis, we investigate the problem of multi-resident data association in
smart home environments. Speci�cally, we are interested in how to leverage ambient
sensor data to assign each sensor event to the resident who triggered it, thereby
enabling independent tracking of multiple residents living in the same environment.
This data association process serves as a fundamental prerequisite for downstream
tasks such as multi-resident activity recognition, behavior modeling, and long-term
monitoring.

The overarching research question addressed in this work is:

How can ambient sensor data in multi-resident environments be systematically
associated with the residents who triggered them, so as to support accurate and
scalable per-resident tracking?

To answer this question, we decompose it into three more focused research ques-
tions (RQs) and provide corresponding contributions for each.

RQ1: How can the data association problem be formally de�ned and mathemati-
cally modeled? A major challenge in multi-resident data association lies in the lack
of a uni�ed mathematical formulation that clearly speci�es the objects being modeled
and the structure of the decision process. Existing approaches often rely on heuristics
or implicit assumptions, making it dif�cult to analyze or extend them in a principled
manner.

Contribution 1. We propose a formal mathematical de�nition of the data associ-
ation problem grounded in ambient sensor environments. We explicitly distinguish
between two levels of mapping: assigning sensor events to residents and assigning
sensor events to activity categories. In this formulation, data association is de�ned
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as mapping each event to a subset of residents, while activity recognition is de�ned
as mapping each event to an activity label. By treating these mappings as decision
actions, we model the data association process as a Markov Decision Process (MDP),
specifying the state, action space, transition dynamics, and reward structure. To the
best of our knowledge, this work provides the �rst complete and principled MDP-based
formulation of multi-resident data association.

RQ2: How can the proposed MDP formulation be combined with modern deep
learning techniques to enable scalable, data-driven solutions? While the MDP
formulation provides a theoretical foundation, practical deployment requires methods
that can effectively exploit large-scale data and learn complex patterns from sensor
streams.

Contribution 2. We introduce two complementary learning and inference paradigms
built upon the proposed MDP framework. The �rst paradigm adopts a next-event
prediction training strategy, where a deep neural network learns local transition
probabilities and inference is performed via heuristic search to recover a globally
consistent assignment trajectory. The second paradigm formulates data association as
a multi-label classi�cation problem and trains a policy network via behavior cloning
to directly predict the resident subset for each event during inference. Both paradigms
are instantiated using state-of-the-art Transformer-based architectures, enabling the
models to learn rich temporal and contextual representations from data. Together,
these approaches demonstrate how the MDP formulation can be scaled up into fully
data-driven solutions.

RQ3: How can general knowledge and reasoning capabilities be incorporated to
enable unsupervised generalization across environments and datasets? Despite
strong performance on known datasets, learned models often struggle to generalize
to unseen environments with different sensor layouts or resident behaviors.

Contribution 3. To address this limitation, we extend the policy learning frame-
work by replacing the trained policy network with an LLM. By leveraging in-context
learning and chain-of-thought reasoning, the LLM can perform data association with-
out task-speci�c training, relying instead on its general knowledge and reasoning
abilities. This design enables unsupervised generalization across environments and
datasets, opening a new direction for applying foundation models to multi-resident
sensing problems.

In summary, this work advances multi-resident data association by providing a
uni�ed theoretical formulation, scalable learning-based solutions, and a pathway
toward generalizable reasoning-driven approaches.
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1.6 Thesis Overview

This thesis addresses the challenge of ambient sensor data association in multi-
resident environments by establishing a rigorous mathematical framework and pro-
gressing from data-driven optimization algorithms to advanced LLM agents. The
structure of the thesis is organized as follows:

Chapter 2 establishes the theoretical groundwork for this research. It begins with
a systematic review of the HAR landscape, analyzing various sensor modalities and
datasets. Through this comprehensive survey, we identify Data Association as the
critical bottleneck impeding accurate activity tracking in multi-resident environments.
Consequently, this chapter provides the formal mathematical de�nitions for both
the HAR framework and the Data Association task, establishing a rigorous mapping
function that accommodates complex scenarios. Based on this formalization, the
chapter critiques the prevalence of �ltering-based data association methods (e.g.,
sMRT [197]) in existing literature, highlighting the fundamental misalignment be-
tween their continuous latent space assumptions and the discrete nature of sensor
events.

Chapter 3 proposes the core methodological innovation of this thesis: a novel MDP
modeling paradigm. Designed to resolve the limitations identi�ed in the previous
chapter, this framework treats sensor events as discrete data points and enables
in�nite-length context stacking. Building upon this new modeling paradigm, we
introduce our �rst data-driven policy implementation: NEP+Search. We formulate
the solution as a reward-guided search strategy that employs a Next-Event Prediction
(NEP) model to calculate likelihoods based on individual resident histories. Extensive
experiments validate that this approach signi�cantly outperforms traditional �ltering
baselines, con�rming the effectiveness of both the MDP modeling paradigm and the
search-based policy.

Chapter 4 addresses the limitations of NEP+Search—speci�cally its independent
treatment of residents and indirect probability modeling—by proposing a holistic Deep
Learning policy, referred to as Behavior Cloning (BC) . We model the policy directly
using a deep neural network with a Transformer encoder backbone, trained via BC.
This method processes the joint states of all residents simultaneously and utilizes a
multi-label classi�cation framework with Binary Cross-Entropy (BCE) loss. We also
introduce a permutation-based data augmentation technique to ensure permutation
invariance. Experimental results demonstrate that BC outperforms NEP+Search
in complex scenarios involving multiple residents, setting a new benchmark for
supervised Data Association.

Chapter 5 marks a paradigm shift from speci�c supervised policies to generalized
reasoning agents. We introduceLADA (LLM-based Autonomous Data Association),
which reformulates the decision-making process into a text-conditioned generative
policy. By deploying pre-trained LLMs (e.g., GPT-4o) as the core agent, this chapter
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explores the use of zero-shot learning and Chain-of-Thought (CoT) reasoning. We
demonstrate that LADA achieves robust, unsupervised event allocation in unseen
settings without environment-speci�c training. However, the chapter also identi�es a
performance gap when applying this zero-shot approach to smaller-scale LLMs.

Chapter 6 synthesizes the strengths of the previous approaches to address the limi-
tations of smaller LLMs and the challenges of complex data distributions. We introduce
the LLM+BC method, which applies the BC training paradigm to �ne-tune smaller
open-source models (speci�cally Qwen3-4B) using Low-Rank Adaptation (LoRA). This
chapter demonstrates that �ne-tuning enables lightweight models to transition from
pure commonsense reasoning to data-driven pattern recognition, achieving state-of-
the-art performance on complex datasets like MuRAL and signi�cantly enhancing the
capabilities of 4B-parameter models.

Finally, Chapter 7 summarizes the contributions of this thesis, discusses the
implications of the proposed methods, and outlines potential directions for future
research in multi-resident activity tracking.
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CHAPTER2

LITERATURE REVIEW ON MULTI-RESIDENT

ACTIVITY RECOGNITION AND DATA ASSOCIATION

2.1 Introduction

Human Activity Recognition (HAR) has emerged as a cornerstone technology for
enabling proactive services in smart environments, ranging from healthcare moni-
toring to automated energy management. While single-resident HAR has achieved
signi�cant maturity, real-world deployments often involve multi-subject environments—
such as shared households or assisted living facilities—where the presence of multiple
individuals introduces complex social interactions and interleaved event streams.
Recognizing “who is doing what” in these settings remains a non-trivial challenge
that sits at the intersection of signal processing, pattern recognition, and temporal
reasoning.

The objective of this chapter is to provide a comprehensive review of the current
landscape of multi-subject HAR and to identify the critical gaps that this thesis aims
to bridge. The discussion is organized as follows:

— Formalization and Taxonomy: We �rst address the lack of a uni�ed mathe-
matical framework for multi-subject HAR. By analyzing how different studies
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categorize activities (e.g., concurrent, sequential, or collaborative), we estab-
lish a rigorous formalization that serves as the foundation for the subsequent
chapters.

— Sensing Modalities: We evaluate the strengths and weaknesses of various
sensing paradigms, including wearable, vision, and radio-based systems. We
speci�cally justify our focus on ambient sensingas a privacy-preserving and
cost-effective solution for long-term smart home monitoring.

— Algorithmic Paradigms: We delve into the two dominant computational strate-
gies in ambient-based HAR:Data Association-based methods, which attempt to
disentangle the mixed event stream before classi�cation; andData Association-
free methods, which treat the problem as a multi-label or multi-task learning
challenge.

By synthesizing these perspectives, this chapter highlights the inherent limitations
of current Markovian state representations and the scalability issues of traditional
classi�ers. These insights directly motivate our research into higher-order Markov
models and Large Language Models (LLMs) as robust alternatives for modeling the
intricate temporal and spatial dependencies of multi-resident activities.

2.2 De�nition and Formalization of Human Activity in
Sensory Environments

De�ning and formalizing human activities in a sensory environment is crucial for
HAR, as it largely determines the scope of analysis, ensures consistency in methodology,
and provides a rigorous foundation for designing and evaluating algorithms. However,
existing research on de�nition and formalization [ 31, 215, 117, 91] suffers from three
fundamental limitations in this regard:

(1) Lack of uni�ed formalization beyond terminology classi�cation. Most
existing works focus on classifying activities based on terminology, without providing
a comprehensive mathematical formalization that generalizes across activity types. For
instance, Benmansour et al. [31] categorizes activities asSequential, Interleaving, Con-
current, Parallel, and Collaborative, in an attempt to cover a wide spectrum of activity
structures in both single- and multi-resident environments. Similar typologies are used
in [ 215, 117, 91]. While such taxonomies help capture the complexity of real-world
activities, they typically avoid de�ning shared underlying structures across categories.
As a result, methods built upon these formalisms often struggle to generalize across
different activity types or sensor settings. For example, methods designed under the
sequential formation often assume that activities can be represented as ordered sensor
event chains (e.g., “open fridge� use stove� wash dishes”), which enables modeling
through simple temporal transitions or Markov chains [ 132]. However, when the same
framework is applied to concurrent activities (e.g., “using the stove while fetching
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ingredients from the fridge”), the representation no longer holds: concurrent streams
break the single linear ordering assumption, requiring either multiple parallel models
or an ad-hoc redesign of the state representation. This incompatibility illustrates
how taxonomy-based categorizations fail to provide a uni�ed structure across activity
types.

(2) Inconsistencies in terminology across studies. Even when activity types are
de�ned, their interpretations vary signi�cantly across studies, making it dif�cult to
compare or unify approaches. For example,concurrentactivities are de�ned in [ 215]
as activities performed simultaneously by different subjects, while in [91] they refer
to multiple activities performed by the same subject at the same time. Conversely,
the term parallel is used in [31, 117] to describe the former case. Furthermore,
when parallel activities involve interdependence among multiple subjects, they are
sometimes reclassi�ed under terms like cooperative, collaborative, or group activities,
depending on the level of interaction. These inconsistencies hinder the development
of standardized datasets, models, and evaluation protocols.

(3) Lack of bottom-up, compositional modeling. Existing de�nitions [ 31, 215,
91] of activities are often presented as top-level abstractions, with little attention paid
to their decomposition into lower-level primitives such as actions, or to their grounding
in observable physical signals. Speci�cally, there is a notable gap in connecting abstract
concepts like activities to concrete sensory phenomena such as sensor readings and
sensor events. This disconnect leads to inconsistencies in how data is represented
(e.g., whether a sample corresponds to a raw reading or a reading change event), the
level of granularity at which activity recognition is performed (e.g., per reading, per
event, or per segment), and the segmentation strategies adopted (e.g., assigning labels
to individual events versus entire activity segments). These modeling choices are
rarely justi�ed or discussed in a principled manner, further hindering methodological
comparability across studies.

To address these limitations, we propose a concise and generalizable mathematical
formalization of human activities in sensory environments. Building upon insights
from existing research while aiming for consistency across sensor modalities and
subject con�gurations, our formulation is designed to be both expressive and ef�cient.
It captures the hierarchical structure of activities, from raw sensor readings to events,
actions, and composite activities, and serves as a unifying foundation for various HAR
tasks. Based on this formalization, we also de�ne the core problems in HAR, including
event-subject data association and activity classi�cation, in a principled and coherent
manner.

2.2.1 Sensory Environment

Sensorsare devices designed to capture physical properties of their surrounding
environment and convert them into measurable signals, such as electrical outputs.
In the context of HAR, existing research typically categorizes sensors based on their
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underlying sensing technologies into �ve main types: wearable-based, ambient-
based, radio-based, vision-based, and audio-based. Each type of sensor provides
different levels of granularity and types of information, contributing uniquely to
the recognition process. A detailed comparison of these sensor categories will be
presented in Section 2.3.

A sensory environment refers to a physical setting instrumented with a set of
sensors. Formally, it is de�ned as a set E= f>8g1� 8� � , where each>8 denotes a sensor
along with its associated attributes (e.g., type, location, and capabilities), and � is the
total number of sensors deployed in the environment.

Within a sensory environment, a set ofsubjectsU = fD: g1� : �  can enter, exit, and
perform various activities. Here,  denotes the total number of distinct subjects that
have appeared up to timeC. As time evolves, is a non-decreasing function ofC, since
new subjects may appear but previously observed subjects remain counted.

2.2.2 Action as Sensor Event

A sensor reading refers to the physical state captured by a sensor at a speci�c
point in time. For an ambient sensor >8 2 E, let A¹8º

C denote its reading at time C, which
may represent a binary state (e.g., ON/OFF), a numerical value (e.g., temperature or
light intensity), or a modality-speci�c measurement (e.g., an image frame captured
by a camera or an audio segment recorded by a microphone).

A sensor eventis de�ned as the change between two readings. Formally, we de�ne
a sensor event as a tuple:

4C= ¹>8•2Cº• (2.1)

where >8 2 E is a sensor in the environment, and2Cis the change in its state, computed
as:

2C2 = � A¹8º = A¹8º
C2

ÿ A¹8º
C1

• (2.2)

with C1 Ÿ C2 denoting two time points at which the sensor readings are recorded, and
ÿ meaning computing the difference between two readings. The form of 2C (e.g.,
binary transition, numeric difference, or categorical shift) depends on the sensor type.

An action refers to a subject's behavior that induces a physical change in the
environment, resulting in a measurable difference in sensor readings. In other words,
an action is de�ned as any human behavior in the sensory environment that leads to a
sensor event. For example, in the case of a camera, an action manifests as a change in
the light captured between two frames because of subjects' movement. For wearable
inertial sensors, actions correspond to changes in acceleration, orientation, or position.
For ambient sensors, actions occur when a subject interacts with the environment in a
way that alters a sensor's state. For instance, a door sensor switching from "open" to
"closed" re�ects the subject's action of closing the door.
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Table 2.1 � Categories of sensing modalities used in multi-subject HAR

Sensor category Examples Detectable Infomation

Wearable

Inertial sensors
(e.g., accelerometers, gyroscopes)

Physiological sensors
(e.g., blood pressure sensor)

Subjects' low-level physical activities

Changes in the subjects' physiological states

Ambient

Binary (e.g. motion sensors,
magnetic sensors, pressure mats)

Non-binary
(e.g., temperature sensors)

Interactions of the subjects with their
surrounding environment

Changes in the subjects' surrounding
environment

Radio

WiFi, RFID, mmWave,
Visible Light Sensing, LIDAR

BLE, UWB

Subjects' �ne-grained physical movements

Subject's position in the environment

Vision
RGB cameras, depth cameras,
infrared cameras

Any type of activity and interaction between
the subjects and their surrounding environment

Audio
Microphones installed
on virtual assistants

Activities with speci�c audio patterns

Subjects' presence

It is important to recognize that not all real-world behaviors of residents can be
captured by the available sensors. The observability of an action is determined by the
placement, type, and coverage of the deployed sensing infrastructure. As summarized
in Table 2.1, different sensor modalities vary in their ability to detect physical changes.
In our formalization, we restrict the notion of actions to those that are observable. For
example, if a camera is installed only in the living room, then any actions performed
in the kitchen will not generate sensor events and thus will not be represented in the
action sequence.

2.2.3 Association between Events and Subjects

When the sensory environment contains more than one subject (i.e., ¡ 1), asso-
ciating sensor events with responsible subject(s) is non-trivial. Unlike in single-subject
settings where each event can be unambiguously attributed, multi-subject environ-
ments introduce uncertainty and ambiguity in identifying which subject triggered a
given event. For example, vision-based sensors may require face recognition [3] to
identify individuals, radio-based sensors often rely on gait analysis [116, 71], and
ambient-based sensors typically require reasoning over the sequence and semantics of
triggered events [197, 198, 48].

To address this challenge, the problem ofData Association [ 204, 197, 25, 31, 98,
46] is de�ned as the task of assigning each observed sensor event to a corresponding
subset of subjects who may have caused it. Formally, for any given sensor event4Cat
the time step C, the goal is to determine the set of subjects responsible for triggering
this event by constructing a mapping function:

" * : 4C7! U C• (2.3)

where UC � U is a subset of the total subject set U= fD: g1� : �  .
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Depending on the sensor modality and the nature of the event,UCcan be an empty
set, a single subject, or multiple subjects. The empty-set case corresponds to events
not attributable to any resident, which we uniformly treat as noise. Such noise may
arise from sensor malfunction, measurement errors, or natural environmental changes
(e.g., daily variations in temperature or illumination that trigger thermometer or light
sensors). A single-subject case corresponds to actions such as one person opening a
door, whereas multi-subject cases occur when several people interact within a shared
space.

2.2.4 Activity as Event Sequence

An activity is composed of an intentional, conscious, and subjectively meaningful
sequence of actions performed by one or more subjects [117]. Since each action leads
to a sensor-detectable event, we represent an activity as a time-ordered sequence of
sensor events:

� = »4C¼1� C� ) • (2.4)

where 4C is a sensor event occurring at time stepC, and ) denotes the time of the last
event in the sequence.

For example, a cooking activity may involve a sequence of events such as opening
the refrigerator, retrieving ingredients, and using the stove, potentially performed
by multiple subjects. These events, captured by various sensors, re�ect the physical
actions that constitute the activity.

As illustrated in Figure 2.1, an activity is considered amulti-subject activity if it
involves more than one subject. Formally, for activity � , let UC= " * ¹4Cº be the set of
subjects associated with event4C. Then � is a multi-subject activity if

�
�
�
�
�

)Ø

C=1

UC

�
�
�
�
�
¡ 1” (2.5)

2.2.5 Association between Events and Activities

In practical applications, what one can directly observe from the environment
are sensor events rather than complete activity sequences. As a result, recognizing
which activity is being performed based on observed sensor events becomes a key
task, commonly referred to as HAR.

Let C = f09g1� 9� � denote a prede�ned set of possible activity classes, where each
09 corresponds to a semantic activity label (e.g.,cooking, bathing, sleeping). Given
a sequence of sensor eventsf4Cg1� C� ) , the goal is to determine which activity each
event contributes to. We de�ne an activity classi�cation mapping:

" � : 4C7! 09• 09 2 C• (2.6)
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Figure 2.1 � Single- and multi-subject activity instances in a smart-home environment with four
subjects. Intervals without labels emulate a missing ground truth, as commonly found in HAR
datasets.

which classi�es each event4C into a candidate activity class09.

This mapping enables the grouping of temporally and semantically related events
into coherent activity segments. Formally, an activity segment of class09 can be
reconstructed from the set of events associated with it:

� 09 = »4C j " � ¹4Cº = 09¼1� C� ) ” (2.7)

This formulation provides a bridge between low-level sensor observations and high-
level semantic activity understanding, which is essential for downstream reasoning
tasks in smart environments.

2.3 Sensing Modalities

The choice of sensing modalities in a smart environment critically affects the
granularity, semantics, and usability of sensor events for HAR. Different sensor types
offer trade-offs in terms of intrusiveness, coverage, and the type of information
captured. In this section, we compare various sensing modalities used in HAR,
highlighting their strengths and limitations. Based on this comparison, we identify
the most relevant modalities to our study and brie�y review representative HAR
approaches for those outside our scope.

2.3.1 Comparison of Sensing Modalities

Table 2.1 provides an overview of commonly used sensing modalities in multi-
subject HAR, along with representative sensor types and the types of information they
can capture. These modalities differ signi�cantly in terms of sensing mechanisms and
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Table 2.2 � Pros and cons of different methods for multi-subject HAR

Method Pros Cons

Wearable Easy user identi�cation

Can mainly recognize multi-subject
low-level physical activities

Require subjects to carry devices

Ambient
Can exploit interaction events between
subjects and environment for HAR

Require data association techniques
in order to identify subjects

Radio
Can exploit �ne-grained
subjects' movements for HAR

Prone to environmental interferences
and changes

Require training on speci�c subjects
in order to identify them

Vision/Audio
High accuracy in activity recognition,
subjects identi�cation, and
time intervals detection

Privacy issues (perceived intrusiveness and
legal issues unless speci�c privacy-preserving
hardware/software techniques are provided)

the nature of the observable data, ranging from low-level physical signals to high-level
semantic interactions.

While Table 2.1 outlines what each modality is capable of detecting, a deeper
understanding of their practical suitability for multi-subject HAR requires examining
their methodological strengths and limitations. Inspired by a previous survey [117],
Table 2.2 compares the pros and cons of different sensing-based approaches, highlight-
ing their effectiveness, usability, and deployment challenges in real-world multi-subject
settings. Hybrid combinations of sensing modalities are not included in the table, as
each combination has speci�c pros and cons.

As shown in Table 2.2, wearable sensors offer a straightforward means for identi-
fying individual subjects, but are limited to recognizing low-level physical activities
and require subjects to carry or wear dedicated devices—an assumption that does
not hold in many real-world scenarios, such as smart home environments. Radio-
based methods enable �ne-grained motion tracking without requiring subjects to carry
devices, but they are highly sensitive to environmental changes and often require
per-subject training to achieve reliable identi�cation, limiting their generalization
ability. Vision- and audio-based approaches provide highly informative data and rich
semantic understanding but raise signi�cant privacy concerns, especially in home
environments, and often face legal and ethical deployment barriers. In contrast,
ambient sensors offer a non-intrusive and widely deployable alternative that captures
user interactions with the environment through naturally occurring events (e.g., door
opening, appliance usage, motion detection). However, their primary challenge lies in
the lack of inherent subject identity information—they typically cannot distinguish
which subject triggered a given sensor event. This necessitates the development
of robust data association methods to link sensor events to the correct individuals,
especially in multi-resident scenarios. Based on these considerations, this research
focuses on ambient-based sensing due to its practicality and pervasiveness in smart
environments, and we address the core challenge it presents: associating sensor events
with individual subjects in multi-subject settings.
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Table 2.3 � A categorization of methods in existing literature based on the sensing modality and
key technical strategy.

Modality Key technical strategy References

Ambient

Multi-label classi�cation [130, 111, 17, 103, 104, 46, 127, 128, 41, 115, 181]
Probabilistic Graphical Models [32, 188]
Subject separation [42]
Data Association [159, 215, 93, 197, 198]

Radio / Light

WiFi CSI analysis [78, 180, 199, 83, 105, 122]
mmWave point clouds [207, 137]
LIDAR point clouds [13, 12, 122]
Skeleton reconstruction [119]
Visible light re�ections [131]

Wearable Distributed Detection [205, 87, 118]

Multimodal
Probabilistic Graphical Models [162, 14, 196, 90, 195, 76]
Micro-localization [44, 77, 112, 23, 24, 161]

Table 2.3 categorizes representative HAR methods in the literature based on two
dimensions: the sensing modality used, and the core technical strategy adopted. As
shown, existing work spans a wide range of modalities. In the following, we brie�y
review the main approaches adopted for each sensing modality to highlight their
technical characteristics and common modeling [25]. Given our focus on ambient
sensing in this work, methods based on ambient sensors—particularly those addressing
multi-subject scenarios through data association—are discussed in deeper detail in
the Section 2.4.

2.3.2 Wearable-based methods

Thanks to mobile and wearable devices worn by users (e.g., smartphones, smart-
watches), it is possible to collect sensor data (e.g., from inertial sensors) that are
automatically associated with the corresponding user. While this setting makes it pos-
sible to easily recognize parallel single-subject activities (different users are separately
performing different activities), it is more challenging to detect multi-subject activities
(multiple users jointly performing an activity).

As shown in Table 2.3, a few works proposed distributed approaches to recognize
multi-subject identi�ed-group activities. Indeed, it is possible to rely on opportunistic
networks to dynamically group wearable devices that are close in space, in order to
combine their data to capture the occurrence of group activities. Peer-to-peer strategies
have been proposed for outdoor crowded settings, where a decentralized approach
is necessary for the sake of scalability (e.g., in emergency situations). Such systems
rely on direct communication between devices of different users to exchange sensor
data, compute the pairwise similarity of user data patterns, and �nally propagate
information about crowd behavior [ 205, 87]. More recently, Collaborative Sensor
Body Networks (CSBN) have been proposed to combine data from wearable devices
of multiple users [118] for multi-subject activity recognition.
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2.3.3 Radio- and light-based methods

The analysis of the signal from radio- and light-based devices is becoming popular
in the HAR domain due to their contactless nature. The signals generated by such
devices are susceptible to changes due to the environment, and they have the potential
to capture human activities since human bodies absorb, re�ect, and scatter signals [70].
As described in Table 2.3, multiple methods based on these sensing modalities have
been used to recognize parallel-single subject and multi-subject unidenti�ed-group
activities.

Among the many types of radio- and light-based devices used for multi-subject
HAR (e.g., mmWave radars [110, 206, 209], LIDAR [ 122, 13, 12], Visible Light
Sensing [131], ), WiFi Access Points (APs) are the most commonly available in many
smart environments, including smart homes [225]. Due to its robustness to multi-path
effects, the majority of approaches propose methods based on the analysis of the
Channel State Information (CSI) signal [199].

These approaches typically rely on WiFi APs acting as transmitters and on receiver
devices (e.g., laptops). Since humans move and interact in the environment while
performing activities, the CSI signal re�ected by the human body will interfere with
the signals in the Line-Of-Sight (LOS) path. The receiver is in charge of analyzing such
small changes in the signal for multi-subject HAR. In particular, by combining signal
processing techniques and deep learning models, it is possible to estimate the number
of users in the environment and infer the activity performed by each user [78, 180, 83].
Existing approaches for multi-subject HAR are capable of isolating signals for each
user so that it is possible to recognize activities for each subject in the environment.
In particular, some approaches speci�cally focus on gestures (e.g., pushing, kicking,
pulling) performed by a target subject in a multi-subject environment [145, 100].

A major drawback of WiFi-based HAR is that the resolution of captured data is
physically limited by the large wavelength (5 GHz) and narrow bandwidth (20 MHz)
of WiFi signals. Therefore, there has been increasing interest in radio technologies with
higher frequencies and larger bandwidths. These technologies widely use Frequency
Modulated Continuous Wave (FMCW) radars which transmit an electromagnetic wave
with a linearly increasing frequency over time and capture signals re�ected by objects.
Using an FMCW radar operating within the frequency range of 5.4 to 7.2 GHz, it is
possible to generate 3D skeletons from raw radio signals for multiple subjects [119,
222], which can then be used to recognize physical activities. Millimeter-wave FMCW
radars are one of the common types of high-resolution radio signals used for HAR.
These radars typically operate within the frequency range of 76 GHz to 81 GHz or 60
GHz to 64 GHz, providing a bandwidth of 4-5 GHz. Multiple works have generated
silhouettes and 3D skeletons of multiple subjects using raw signals from cascaded
millimeter-wave radars [ 110, 206, 209]. Point cloud mmWave data have also been
used to track multiple subjects and identify them based on gait [144, 101, 125, 223,
213, 107, 105]. Some studies focus on detecting the breathing and heart rates of
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multiple subjects with mmWave signals [6], or identifying atomic gestures of multiple
subjects [9].

While some works focus on HAR with mmWave signals [207, 137], most radio-
based works surveyed in this paper actually tackle other related problems: tracking,
pose estimation, gait, subject identi�cation, etc. Nevertheless, these information
can be used as preliminary context analysis for HAR systems: tracking and subject
identi�cation can be used for data association approaches; postures are directly
related to human activites; etc. In general, activities that involve physical movement
of multiple subjects in close proximity will bene�t from radio-based works, while
activities that involve interactions with speci�c devices for example will be better
captured by environmental approaches. Moreover, trade-offs between resolution,
robustness, and cost, are central problems, which lead in particular to a limitation in
the number of available datasets. As such, the number of works on multi-subject HAR
with radio and light-based approaches is growing quickly but still quite limited.

2.3.4 Vision-based methods

Thanks to vision-based approaches, it is possible to detect with high accuracy
human activities performed both by single subjects and groups of subjects, as well as
to identify the involved subjects and the time intervals in which such activities occur.
Since this thesis is not focused on video-based methods, relevant methods can be
referred to in existing surveys [117, 26].

2.4 Ambient-based Activity Recognition

Ambient sensors, due to their non-intrusive nature and low energy consumption,
have become a crucial modality for perceiving residents' daily activities in smart home
environments. These sensors are often strategically deployed throughout the smart
environment. As residents interact with the environment, their actions trigger sensors,
resulting in the generation of ambient sensor data. The collected data can be leveraged
for a wide range of downstream applications, including health monitoring [ 224, 194,
39, 211, 156, 184, 27, 121, 10, 1, 158, 21], home security [ 150, 4, 82, 151, 69],
building automation and energy saving [7, 114, 190, 157, 123, 208], and even
inferring residents' communication availability [ 68, 67]. These applications heavily
rely on algorithms that can extract meaningful contextual information from ambient
sensor data. Among various types of context, residents' Activities of Daily Living
(ADLs) represent one of the most fundamental and informative aspects.

In the following, we present a detailed discussion of ambient sensor-based HAR
methods, organized according to the number of subjects involved and the speci�c
task being addressed. We divide the discussion into three categories. We begin with
activity classi�cation in single-subject settings, where the focus is on how prior work
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Figure 2.2 � ELMo Activity Sequence Embedding Model. Reproduced from Bouchabou et al. [34].

processes sensor data and learns sequential patterns for activity recognition. We then
extend to multi-subject environments, examining how these single-subject models
have been adapted or restructured to address the challenge of Data Association—i.e.,
determining which subject is responsible for each observed sensor event. Finally, we
consider activity classi�cation in multi-subject settings, where the goal is to recognize
complex, and possibly collaborative, activities involving multiple individuals.

2.4.1 Single-Subject Activity Classi�cation

Early approaches to ADL recognition were based on knowledge and ontology-
driven methods [45, 133, 215] often requiring signi�cant domain knowledge and
manual feature engineering. With the advancement of machine learning, statistical
models such as Naive Bayes (NB) [182], Decision Tree (DT) [ 29], Hidden Markov
Model (HMM) [ 80] and Conditional Random Field (CRF) [ 192] were widely adopted
to capture temporal dependencies and probabilistic transitions between activity states.
The introduction of deep learning further advanced the �eld. Convolutional Neural
Networks (CNNs) have been utilized to automatically extract local patterns from
sensor activation [171, 86], while Recurrent Neural Networks (RNNs), particularly
Long Short-Term Memory (LSTM) networks [172], have proven effective in modeling
long-range temporal dependencies in sensor event sequences. Inspired by the success
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Figure 2.3 � Pipeline from Binary to Text Data and Using LLMs for the Final Classification [56].

of language models, Bouchabou et al. [35, 34] abstracted sensor events as tokens in
a language sequence to explore the correlations between sensor events. As illustrated
in Figure 2.2, they adopted the ELMo [163] model, which is based on bidirectional
language modeling, to simultaneously predict preceding and subsequent events in
the context, thereby learning the latent associations and dependency structures
among sensor events. Following the success of LLMs in natural language processing,
researchers have begun to apply LLMs for activity recognition [84, 176, 56, 170,
191, 186, 54], exploiting their powerful contextual reasoning and few-shot learning
capabilities to model complex event dependencies. Figure 2.3 illustrates an example
of �netuning an LLM to perform activity classi�cation [56].

2.4.2 Multi-Subject Data Association

Despite the methodological advances in single-subject environments, sensor data
in multi-subject settings from different residents can overlap or interfere with each
other, making activity recognition signi�cantly more challenging. This introduces the
problem of Data Association [204, 197, 25, 31, 98, 46], which refers to the task of
correctly assigning sensor events to their corresponding residents. Earlier empirical
studies have shown that good data association can greatly improve the accuracy of
multi-resident ADL [51, 98, 198, 47, 46].

Following a detailed review of Data Association methods developed over the past
two decades, a clear line of methodological progression emerges: the modeling of
system state, which refers to a representation that records all relevant information
needed to characterize the system at a given time, such as subjects' locations and
activities in an HAR system. In the following, we organize our discussion around
how different approaches formalize and utilize system state in order to perform data
association, highlighting key design choices and their implications.

23



2. Literature Review on Multi-Resident Activity Recognition and Data Association

2.4.2.1 Stateless Methods

Earlier approaches to multi-resident data association primarily treated the task as
a direct classi�cation problem. Crandall and Cook [ 63, 64] applied a NB classi�er to
each individual sensor event, assigning it to the most likely subject identity. However,
this naive approach has been shown to be limited in practice, as it tends to assign
events to the subject who most frequently triggered the corresponding sensor in the
training data. In real-world environments, sensors are typically non-user-speci�c.
For example, a living room sofa can be used by any resident. If the system always
assigns sofa-related events to Alice merely because she historically used the sofa most
frequently, it will fail to robustly handle cases where Bob uses the same sofa.

The deeper issue lies in the stateless nature of this method: it classi�es each event
in isolation, without leveraging temporal or contextual dependencies. In contrast,
one can easily imagine a scenario where, if the system has just assigned an event in
Alice's bedroom to Alice, then an immediately following sofa event in the living room
is less likely to be Alice's and more likely to belong to Bob. This type of contextual
reasoning requires maintaining a notion of system state: information that captures the
dynamic con�guration of the environment, including the number of active residents,
their current activities, and recent event history. The richer the state representation,
the more reasonable the inferences the system can make.

At the same time, the system state is not directly observable. In another word, it
must be inferred. This creates a natural feedback loop: Data Association depends on
the current state, and the state itself depends on past data associations. This mutual
dependency motivates the use of temporal models such as Markov chains [132], which
leverage prior state information to inform the inference of the current or next state.

2.4.2.2 First-Order Markov State Methods

Early in 2005, Wilson and Atkeson [204] systematically de�ned the Data Associa-
tion problem in multi-resident environments and emphasized the necessity of explicit
state modeling. They represented the system state at timeCas the collection of all
individual resident states:

BC= fB1
C•B2C• ” ” ” •B Cg•

where  is the number of residents, and each resident's stateB8
Cincludes the resident's

location (inferred from the room associated with a triggered sensor) and activity type
(e.g., moving or not moving).

Under the �rst-order Markov assumption, each resident's current state depends
only on their own previous state. The transition dynamics of each individual were
formalized using an HMM, where the hidden state is the location-activity pair of a
resident, and the observation is the corresponding binary sensor event. State transition
probabilities are determined by motion patterns, and the observation model is de�ned
by the likelihood of a sensor being triggered given the resident's current state.
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Figure 2.4 � Flowchart of the multi-resident RBPF data association method proposed by Wilson
and Atkeson [204].

However, in multi-resident scenarios, directly modeling the joint state of all res-
idents leads to an exponential increase in the state space and introduces a severe
Data Associationchallenge: the system does not know which resident triggered which
sensor event. To address this, Wilson and Atkeson proposed a Rao-Blackwellised
Particle Filter (RBPF) framework, which decomposes the problem into association
sampling and per-resident �ltering as illustrated in Figure 2.4: (1) the particle �lter
samples the data association variable\ C, representing a hypothesis about which resi-
dent is responsible for each sensor event; (2) within each particle, an independent
single-resident HMM is maintained and updated for each resident, conditioned on
the current association hypothesis; (3) particle weights are computed based on how
well the hypothesized states explain the observations, allowing the �lter to retain
high-con�dence hypotheses while discarding unlikely ones.

This foundational approach effectively decomposed the multi-subject Data Associ-
ation task into three conceptual sub-tasks:global state representation , individual
state transition , and joint state hypothesis �ltering . This formulation enables a
modular and scalable approach to reasoning under uncertainty in multi-resident
environments. In particular, by modeling state transitions at the level of individual
subjects and �ltering hypotheses based on observed sensor events, the complex multi-
resident problem is reduced to a set of simpler sub-problems. In addition, a key
advantage of this decomposition is that individual state transitions can be learned
from single-resident data and transferred to multi-resident settings, allowing existing
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models—such as those based on language modeling [35]—to be reused and gener-
alized. Many subsequent methods that claim to be “unsupervised”, such as those by
Riboni et al. [ 159] and Wang and Cook [197, 198], in fact follow this same paradigm
of single-subject modeling combined with observation-driven �ltering.

We believe that this paradigm remains a promising foundation for future research.
In particular, future progress may come from (i) enriching the expressiveness of the
global state representation to better capture inter-resident interactions, (ii) extending
individual state transition models beyond the �rst-order Markov assumption to account
for higher-order temporal dependencies, and (iii) advancing �ltering strategies to
more effectively retain plausible joint state hypotheses consistent with real-world
observations.

2.4.2.3 Partial State Methods

Despite Wilson and Atkeson's early emphasis on the importance of system-level
state modeling, subsequent works did not substantially advance the completeness of
state representation or its role in future inference. For instance, Crandall et al. [65]
treated user identity as the hidden state and applied an HMM to infer the subject
responsible for each sensor event. Singla et al. [173], on the other hand, modeled only
the activity as the hidden state, predicting the next activity directly from the current
event without explicitly modeling subject identities. Other efforts, such as those by
Hsu et al. [98] and Cook et al. [ 58], adopted CRFs and HMMs, respectively, and
jointly modeled user identity and activity as part of the system state. While this allows
for mutual inference between the two variables, it still falls short of the holistic state
modeling proposed by Wilson and Atkeson. Speci�cally, these methods maintain only
partial and individual state representations at each time stepC, typically limited to the
inferred identity and activity of the subject associated with the current observation
$ C. They do not preserve a global view of the environment—such as the total number
of active residents or the past locations and activities of each individual—which is
essential for reasoning about temporal and spatial continuity in multi-resident settings.
As a result, their state representations remain shallow and fragmented, limiting their
ability to perform coherent multi-step reasoning. In effect, many of these approaches
behave similarly to stateless classi�cation models, performing per-event inference
without maintaining a structured understanding of the evolving environment.

2.4.2.4 Latent State Methods

While Wilson and Atkeson [204] originally advocated for a complete global state
formulation, explicitly maintaining the joint state of all residents, most subsequent
works deviated from this principle and relied instead on partial state representations,
thereby losing the ability to reason over the full environment. More recently, methods
such as sMRT [197] and GAMUT [198] can be viewed as a return to Wilson's original
vision of global state modeling. As shown in Figure 2.5, they have introduced a

26



2.4. Ambient-based Activity Recognition

Figure 2.5 � Flowchart of the gaussian multi-resident tracking method (GAMUT) proposed by Wang
and Cook. [198].

new paradigm in which the system state is represented not by explicit symbolic
variables (e.g., resident location or activity), but by latent vectorslearned from sensor
embeddings. In these methods, each resident8at time Cis associated with a continuous
latent state vector I 8

C 2 R3, and the global state of the system is de�ned as the
collection of all active residents' latent states:

GC= f I 1
C• I2

C• ” ” ” • I Cg”

This representation substantially expands the expressive power of the state space.
Rather than explicitly enumerating symbolic state variables (location, activity, iden-
tity), the latent vectors encode sensor semantics, spatial correlations, and behavioral
regularities in a continuous embedding space. As a result, state transitions can be
modeled as smooth dynamics in this latent space, allowing the system to generalize
across different sensor deployments and household layouts. The transition model
typically assumes alinear Gaussian dynamic, where each resident's latent state evolves
with constant velocity, while the observation model is de�ned as a Gaussian likelihood
over the latent vectors of the triggered sensors.

For �ltering, both sMRT and GAMUT adopt the Gaussian Mixture Probability Hy-
pothesis Density (GM-PHD) �lter. This choice is signi�cant: unlike the RBPF of Wilson
and Atkeson [204], which relies on discrete sampling of global state hypotheses, the
GM-PHD �lter directly propagates the intensity function of latent states, enabling
simultaneous tracking of an unknown and time-varying number of residents. Through
recursive prediction and update steps, the GM-PHD �lter maintains a multi-modal
distribution over possible resident states, while naturally supporting birth and death
processes to handle residents entering and leaving the environment. Data associa-
tion is performed by maximizing the likelihood of assigning each observed sensor
event to one of the maintained resident hypotheses, effectively decoupling identity
management from explicit symbolic tracking.
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Compared to Wilson and Atkeson's explicit symbolic state formulation, this latent-
state framework achieves two main improvements: (1) the use of continuous hidden
vectors allows richer semantic representation of resident states—for example, when
a person is transitioning between two sensors, their state can be expressed as a
linear combination of the corresponding sensor embeddings; (2) the GM-PHD �lter
provides a principled Bayesian mechanism to maintain multiple resident trajectories
and dynamically estimate the number of active residents, which earlier HMM/RBPF-
based approaches lacked.

Nevertheless, several limitations remain. The models still rely on a �rst-order
linear Gaussian assumption, which cannot capture more complex or higher-order
transition patterns. Latent embeddings, while expressive, reduce interpretability and
make it dif�cult to incorporate prior knowledge. Finally, maintaining large Gaussian
mixtures can become computationally costly as the number of residents and sensors
increases.

2.4.3 Mutli-Subject Activity Classi�cation

In recent years, some studies have opted to bypass the explicit Data Association
step by directly classifying sequences of sensor events that contain activity traces from
multiple users. Due to its simplicity and modeling convenience, this strategy has been
widely adopted over the past decade. The central idea is to implicitly encode user
identity into the �nal activity label, thereby integrating Data Association and Activity
Classi�cation into a single classi�cation task. Two main modeling strategies have
emerged under this paradigm. The �rst incorporates user identity into the classi�er
itself, by training a separate classi�er for each user—a technique often referred to as
multi-task learning. The second encodes user identity into the label space, by de�ning
each activity label as user-speci�c, resulting in amulti-label classi�cation problem.

2.4.3.1 Multi-Task Learning

The �rst category of methods considers multi-subject activity recognition as a
multi-task learning problem where each task is to recognize a subject's activities,
usually with subject-speci�c classi�ers. In the case of neural network models, separate
output layers are assigned to each subject [130]. Similarly, for graphical probabilistic
models like HMM, each subject is assigned to a speci�c chain of hidden states [51, 15,
32, 188, 189]. Other works proposed similar approaches based on Formal Concept
Analysis [94]. The advantage of multi-task learning is the ability of the model to learn
feature representations that are applicable to different tasks from the shared layers. In
the context of HAR, this implies modeling the commonalities among different subjects,
while the differences between subjects are separately captured by different classi�ers.
However, this approach presupposes a �xed number of subjects and cannot deal with
situations where a subject is involved in parallel activities and unidenti�ed-group
activities, as only one singular activity is predicted for each given subject.
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2.4.3.2 Multi-label Classi�cation

Another approach is multi-label classi�cation, which considers the recognition of
different subjects' activities as a single uni�ed task of inferring any non-zero number
of labels at a time. These labels can be subject-speci�c as well as anonymous. For
example, in a scenario where Subject A is having snacks while watching TV, Subject
B is reading and an anonymous subject is using the bathroom, a multi-label model
can infer four labels which are “A is watching TV”, “A is having snacks”, “B is reading”
and “using the bathroom”. In the same scenario, a multi-task classi�cation model
would struggle to handle such a complex situation. There are mainly four types of
multi-label methods typically used in multi-subject HAR, which we summarise in
Table 2.4. Binary relevance [111, 17, 103], consists in predicting each activity label
with a binary classi�er. A major drawback of this approach is that dependencies
between different activity labels are not taken into account during classi�cation. To
overcome this drawback, the output of a binary classi�er can be inputted as features
into the next binary classi�er, thus forming a chain of classi�ers. This extension
of binary relevance is typically named classi�er chain [126, 104]. However, the
performance of the classi�er chain depends on the order of binary classi�ers in the
chain, and there is no method in general to �nd the best possible order. Another
method treats each combination of labels in the training dataset as a new label,
leading to a classical classi�cation problem. Most works in HAR refer to it as label
combination [ 46, 32, 127, 126, 128, 135, 181, 41, 42, 120, 43]. In this approach, any
label dependency can be exploited by the model, since all combinations of labels can
be predicted. However, it also makes the model unable to infer combinations that do
not exist in the training set, reducing the generality of the model. More importantly,
the number of combined labels increases exponentially with the number of initial
labels. This makes this approach dif�cult to apply to complex situations with many
subjects and activity classes. To avoid the exponentially growing complexity of label
combination, the Random : -labelsets method [111, 115] randomly partitions the
labelset into subsets of size: and then applies the label combination method for each
subset to result in an ensemble of classi�ers. This effectively reduces complexity but
loses some combinations which further reduces the generalization potential of the
mode. The performance will be very sensitive to the choice of hyperparameter: .

Recently, multi-task and multi-label methods have been combined to take advan-
tage of the strengths of both approaches. For example, the work in [153], proposes a
multi-task deep learning architecture with a multi-label classi�cation head for each
subject. Hence, for each subject, this approach is capable to detect activities performed
in parallel by the same subject.

Implicit data association methods assume that different users have different be-
havioural habits when performing a given activity, thus generating features that are
different enough to distinguish between subjects. However, this assumption does not
always hold, especially when there are not enough sensors or if the activity involves
minimal interaction. Such approaches will also struggle to scale with the number
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Table 2.4 � Multi-label classification methods used in multi-subject HAR.

Method [Ref.] Description Pros Cons

Binary Relevance
[111, 17, 103]

Building a separate binary
classi�er for each label

Low complexity,
linear to the number of subjects Ignores label correlations

Classi�er Chain
[126, 104]

Chaining each binary classi�er,
with the upstream classi�cation
results added to the input of
the downstream classi�ers

Considers label correlations,
linear to the number of subjects

Performance depends on
the order of classi�ers

Label combination
[46, 32, 127, 126]
[128, 135, 181, 41]
[42, 43]

Creating a new label to classify
for each unique combination of
labels

Captures all label relationships
and combinations of the
training dataset

Poor scalability,
complexity increases
exponentially with the
number of subjects

Random
k-labelsets
[111, 115]

Randomly sampling subsets
of size : from labelset and
applying label combination
for each subsets

Reduced complexity,
considers label correlations

Loss of combinations,
sensibility to sample size

of subjects in the environment. If many different subjects perform the same activity
classes, it will most likely be dif�cult to learn suf�ciently discriminating features
from data to distinguish each subject accurately. As a result, models can be prone to
over�tting in implicit data association. For example, a model may always assign an
activity to the subject who performs it most frequently in the training set.

2.5 Datasets

In this section, we summarize the main public datasets that have been proposed
for ambient-based multi-subject HAR. These datasets, along with their main charac-
teristics, are summarized in Table 2.5. Some of these datasets were released before a
complete formalization of multi-subject HAR was established. Hence, activity labels
and subject identi�cation labels may not be provided for each event in these datasets.
This may impose limitations on how they can be used for training or evaluating Data
Association and Activity Classi�cation tasks. According to our formalization, both Data
Association and Activity Classi�cation operate at the level of individual sensor events.
Therefore, datasets lacking event-level annotations may not be directly applicable
within our framework or may require signi�cant preprocessing or reinterpretation.
To clarify the scope of datasets used in our evaluation, we summarize the annotation
granularity of commonly used multi-subject HAR datasets in Table 2.6.

In the following, we describe the main multi-subjects datasets.

2.5.1 CASAS

CASAS [59] is a comprehensive collection of datasets that includes both single-
person and multi-person subsets, totaling over 89 datasets. These datasets were
collected from more than 50 distinct environments, with each subset recorded using
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Table 2.5 � Multi-subject datasets.

Dataset Sensors
# subjects at

the same time
# distinct
subjects

Considered
activity classes

CASAS
(8-Kyoto) [61]

Motion sensors,
Temperature sensors,
Door sensors,
Item Sensors,
Burner sensor,
Cold/Hot Water sensors,
Electricity usage

2 2

Bathing, Eating,
Enter Home,
Housekeeping,
Leave Home, Cooking,
Personal Hygiene,
Sleeping, Wandering,
Watch TV, Work

CASAS
(10-Tulum) [57]

Motion sensors,
Temperature sensors,
Door sensors

2 2

Sleeping, Cooking,
Taking Medicines,
Entering Home,
Leaving home

CASAS
(4-Kyoto) [173]

Motion sensors,
Temperature sensors,
Door sensors,
Item Sensors

2 40

Sleeping, Cooking,
Taking Medicines,
Entering Home,
Leaving home

ARAS [16]

force sensitive resistors,
pressure mats,
contact sensors,
proximity sensors,
sonar distance sensors,
photocells,
temperature sensors,
infrared (IR) receivers

2 4

Idle, Sleeping,
Brushing teeth,
Watching TV,
Toileting, Eating
Preparing a meal,
Hanging out laundry,
Having a guest,
Doing cleaning,
Having a nap

MARBLE [22]

Door sensors,
Mat sensors,
Plug sensors,
Micro-localization,
Smartwatch,
Phone usage sensor

1-4 12

Answering Phone,
Clearing Table,
Cooking, Eating,
Entering/Leaving Home,
Making Phone Call,
Setting Up Table,
Taking Medicines,
Using PC,
Washing Dishes,
Watching TV

MuRAL [49]
Door sensors,
Plug sensors,
Motion sensors

1-4 18

Entering and Leaving,
Personal washing,
Watching TV,
Toileting, Eating
Preparing a meal,
Entertaining,
Having a guest,
Doing cleaning,
Bedroom Activities

SDHAR-HOME [154]

Vibration sensors,
Temperature sensor,
Humidity sensor,
Contact sensors,
PIR sensors,
Illuminance sensors,
Power sensors,
Micro-localization,
Wristband data

2 2

Bathroom Activity,
Chores, Cook,
Dishwashing, Dress,
Eat, Laundry,
Make Simple Food,
Out Home,Pet,Read,
Relax, Shower, Sleep,
Take Meds, Watch TV,
Work,Other,

between 20 and 86 sensors of various types. Most CASAS subsets focus on single-
person scenarios, and only some of them involve multiple persons, and the event-level
annotations are often lacking in these multi-person datasets. For example, although
Parisand Laval are multi-subject, they are not annotated. Tulum, Kyoto-8and Cario
include two persons, but only provide the start and end times of each resident's
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Table 2.6 � Multi-subject datasets: annotations and types of activities.

Dataset
Data Association

Granularity
Activity Classi�cation

Granularity
MARBLE [22] Event-level Event-level
CASAS
(8-Kyoto) [61]

Activity-level Interval-level

CASAS
(10-Tulum) [57]

Activity-level Interval-level

CASAS
(4-Kyoto) [173]

Event-level Event-level

ARAS [16] Activity-level Event-level
MuRAL [49] Event-level Event-level

activities, without labeling which events correspond to which resident or activity. Only
Kyoto-4 (also called ADLMR) labels all events with the corresponding resident ID and
activity, making it highly suitable for Data Association and Activity Classi�cation, and
thus more widely used.

One notable feature of CASAS is its use of ceiling-mounted motion sensors to
track individual users' local positions. Additionally, door sensors, item contact sensors,
and other complementary sensors provide more comprehensive activity information.
However, the ceiling-mounted nature of motion sensors makes it dif�cult to describe
their positions in natural language, as they lack distinguishing spatial references. This
limitation presents challenges for LLM-based reasoning [84, 48], as spatial semantics
play a crucial role in activity recognition and user localization.

2.5.2 ARAS

The ARAS dataset [16] is a multi-person dataset collected over one month of
real-life activities by two pairs of users in two different real homes. It utilizes a
variety of environmental sensors, including photocell, temperature, distance, force,
and contact sensors. One of its key advantages is its continuous data collection in
real-world environments over an entire month, which is exceptionally rare among
publicly available datasets. Moreover, unlike CASAS, ARAS sensors have well-de�ned
contextual information, including their location, function, and type, all of which can
be described in natural language. As a result, ARAS was one of the earliest datasets
explored for applying large language models to sensor-based activity recognition [84,
48]. However, ARAS provides subject-speci�c annotations for 27 activity categories
at the event level but does not specify which subject triggered each event. This
limitation reduces its suitability for evaluating models that track individual users.
Furthermore, ARAS only supports two simultaneous subjects, limiting its applicability
to more complex multi-person household scenarios.
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2.5.3 MARBLE

Compared to CASAS and ARAS, MARBLE [22] is a more recently developed dataset
explicitly designed to capture richer and more diverse multi-user interactions. It con-
tains sensor data collected in environments with 1 to 4 subjects present simultaneously.
Unlike CASAS and ARAS, MARBLE integrates both environmental sensors and wear-
able devices, including smartwatches, smartphones, and micro-localization systems,
allowing for more precise user tracking. Moreover, MARBLE's environmental sensors,
similar to those in ARAS, have well-de�ned contextual information, including location,
function, and type, all of which can be described in natural language. MARBLE
provides fully event-level annotated environmental sensor data, specifying both the
identity of the triggering subject and their corresponding activity, addressing a key
limitation in CASAS and ARAS. The diversity of subject numbers, the rich sensor
context, and the completeness of MARBLE's annotations make it highly suitable for
training and evaluating models in multi-user activity recognition, sensor event sep-
aration, and user tracking. Unfortunately, the activities collected in the MARBLE
dataset are scripted and do not align with real-world activity timelines. Typically, each
activity, such as cooking or watching TV, lasts only a few minutes, introducing a bias
between the dataset and real-world activity distributions. The scripted nature and
short activity durations (often a few minutes) signi�cantly deviate from real-world
behavior patterns, limiting the dataset's generalizability for long-form reasoning tasks.

2.5.4 MuRAL

As part of this thesis research contribution1, MuRAL [49] ( Multi- Resident Ambient
sensor dataset with natural Language) is a multi-subject smart home dataset speci�-
cally designed to support language-driven human activity recognition. The dataset
was collected in the DOMUS2 intelligent apartment, a 60 < 2 living lab replicating a
real residential environment. As illulstrated in Figure 2.6, the environment includes a
kitchen, dining area, living room, bathroom, and two bedrooms. A total of 23 ambient
sensors were deployed, comprising 6 infrared motion sensors, 10 magnetic contact
sensors, and 7 smart plugs, each assigned to a distinct activity zone to maximize inter-
pretability. Bedrooms were excluded from direct sensing for privacy, with only door
sensors monitoring entry and exit. All sensor data were integrated via the OpenHAB
smart home platform 3.

MuRAL involves 18 participants across 21 sessions, each lasting approximately one
hour and comprising 2–4 residents (19 sessions with 3 participants, one with 2, and
one with 4). Participants were assigned social roles (e.g., roommates, family members)
and contextual settings (e.g., weekday morning, weekend afternoon) but acted freely,
producing natural and diverse interaction patterns. To ensure ecological validity,

1. https://mural.imag.fr
2. https://www.liglab.fr/fr/recherche/plateformes/domus (last seen in September 2025)
3. https://www.openhab.org/ (last seen in September 2025)
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