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RESUME

La population mondiale vieillit et cette tendance est prévue de se poursuivre au cours des
prochaines décennies. Ce phénomène est d’autant plus marqué dans les sociétés occidentales,
où les taux de naissance ont connu une forte baisse. Cela a entraîné une augmentation du
nombre de personnes agées qui sont plus fréquement atteintes de problèmes de santé nécessitant
un support dans l’accomplissement de leurs tâches quotidiennes, menaçant ainsi leur autonomie
et accroissant la pression sur les services de santé et les familles. Pour tenter d’atténuer ce
problème, les maisons intelligentes sont devenues une option de plus en plus intéressante par
rapport à l’intervention humaine directe. Équipées d’un ensemble de capteurs et couplées à
l’apprentissage automatique, les maisons intelligentes offrent une grande variété d’options
d’assistance et contribuent même à la médecine préventive. Au cœur de cette approche se
trouve la reconnaissance d’activités humaines (RAH), un concept qui s’avère être un problème
complexe. La RAH est nécessaire pour être en mesure de soutenir adéquatement les personnes
nécessitant de l’assistance dans un habitat intelligent. Malheureusement, non seulement
elle implique une très longue liste d’activités possibles, mais elle souffre également d’une
forte variabilité intra-sujet et inter-sujet. Cela complique considérablement l’entraînement
de modèles capables d’accomplir avec précision les tâches de RAH. Les Large Language
Models (LLM) ont dominé la recherche et l’attention médiatique ces dernières années. Ce
n’était donc qu’une question de temps avant qu’ils ne fassent leur entrée dans le domaine de la
RAH. En effet, plusieurs études récentes font état de résultats prometteurs, particulièrement
sur les jeux de données basés sur les capteurs IMU. Motivés par ces résultats optimistes, nous
avons entrepris d’appliquer les LLM au sein de notre laboratoire d’habitat intelligent et à notre
propre jeu de données avec l’objectif d’obtenir une méthodologie plus simple et une approche
plus généralisable aux tâches de RAH. Nous avons ensuite exploré diverses approches pour
améliorer les performances des LLM, telles que l’ingénierie d’invite (prompt engineering)
et des techniques de prétraitement des données. Contrairement au discours dominant, nous
avons constaté que l’utilisation des LLM pour la RAH est bien plus complexe et moins efficace
que ce qui était suggéré initialement, même en suivant de les méthodologies publiées. Dans
ce mémoire, nous décortiquons nos tentatives infructueuses, partageons ce qui a réellement
fonctionné, et nous nous demandons si toute cette puissance des LLM en vaut vraiment la
peine. Spoiler : parfois, un bon vieux Random Forest remporte encore la mise.



ABSTRACT

The world population is getting older, and it is expected to continue in this direction over
the next few decades. It is even more present in Western societies, where birth rates have
observed a sharp decline. This phenomenon has led to an increase in elderly individuals who
are more affected by health conditions requiring assistance to perform daily tasks, threatening
their autonomy and placing further strain on the health services and family. In an attempt to
mitigate this, smart homes have become an increasingly interesting option over direct human
intervention. Equipped with a suite of sensors and coupled with machine learning, smart
homes offer a great variety of support options and even contribute to preventive medicine
solutions. A core concept of this approach is Human Activity Recognition (HAR), which
has shown itself to be a complex problem. HAR is necessary in order to be in a position
to adequately support individuals requiring assistance in a smart home. Unfortunately, not
only does it involve a very long list of activities, it also suffers from high intra-subject and
inter-subject variability. This significantly complicates the training of models capable of
accurately performing HAR tasks. Large Language Models (LLMs) have dominated both
research and media attention in recent years; it was only a matter of time before they found
their way into the domain of HAR. Indeed, several recent studies report promising results,
particularly on IMU-based datasets. Motivated by these optimistic claims, we set out to apply
LLMs within our smart home laboratory and to our own smart home dataset, hoping for a
simpler methodology and more generalizable approach to HAR tasks. We then investigated
various approaches to increase the performance of LLMs. Contrary to the prevailing narrative,
we found that using LLMs for HAR is far more complex and less effective than initially
suggested, even when following published methodologies. In this master’s thesis, we unpack
our experiments, share what actually worked, and reflect on whether all that LLM power is
really worth the hassle. Spoiler: sometimes a good old Random Forest still wins the day.
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CHAPITRE I

INTRODUCTION

1.1 CONTEXT OF THE RESEARCH

It is a well-known phenomenon that the world population is ageing. According to the United

Nations (UN), the proportion of the world’s population over 60 will nearly double from 12% to

22% [65] between 2015 and 2050. The UN, through the World Health Organization (WHO),

has declared this decade (2021-2030) the The Decade of Healthy Ageing [66] . The objective of

this initiative is the creation of age-friendly environments and aligns with the UN 2030 agenda

for Sustainable Development, a commitment by all member states to improve the lives of

current and future generations of older people. One of the main action areas is the development

of age-friendly cities and communities, of which eight domains have been identified, one of

which is housing [67]. To assist in this mandate, the WHO has established the Global Network

for Age-friendly Cities and Communities (GNAFCC) [68] with various branches throughout

the world to inspire, connect, and support communities in this mission.

Within the province of Quebec, Canada, the issues associated with ageing are very present

with 20% of the population over the age of 65 since 2021 and is expected to climb past 27% by



2041 [22]. In Canada, most old age statistics are calculated with the age of 65 as the lower

number since this number is directly correlated to the retirement age. To better compare with

the UN’s data, we can use the information for each Canadian province from Statistics Canada

[55]. With this information, we are able to calculate the current population 60 years of age and

older in Quebec to be 28.6%, already well above the world average prediction of 22% by 2050

and higher than the current Canada-wide average of 26%.

In Quebec, more than 90% of the population over 65 years of age lives in a private home

[23, Table 1.2.1, p. 28] and more than 75% suffer from a chronic illness [23, Table 5.1.3, p.

168]. Ageing comes with its share of conditions and illnesses that affect an individual’s ability

to perform daily living activities, such as cooking, maintaining personal hygiene, cleaning, etc.

The loss of capacity to perform daily activities associated with illnesses directly affects these

individuals autonomy and quality of life, even leading to the loss of their homes if their health

degrades significantly. To help mitigate these issues, Quebec has its own chapter of WHO’s

GNAFCC called Municipalité amie des aînés (MADA) [69] which collaborates with Centre de

recherche sur le vieillissement (CRDV), a research center within the Unviersité de Sherbrooke.

1.1.1 INTER AND THE LIARA LABORATORY

Computer science has had an impact on most fields through technological transfers, innovation

in hardware and software, and wide-ranging applicability in various domains. This impact has

become even more noticeable in the last decade with advancements in machine learning. The

Ingénierie de technologies interactives en réadaptation (INTER) interdisciplinary strategic

cluster was created within the University of Sherbrooke to increase collaboration between

scientists in formal sciences, social sciences, and health sciences. Its focus is on habitats and

2



mobility, with each prioritizing two axes: 1. The conception and prototyping of new systems,

and 2. The evaluation and transfer of new technologies. The objectives of INTER include:

mobilizing scientists, supporting initiatives, providing tools and science-positive environments,

and positioning research from Quebec universities on the international stage. This strategic

cluster grew to include the majority of Quebec universities, including the Université du Québec

à Chicoutimi (UQAC), which saw the creation of the Laboratoire de recherche sur l’intelligence

ambiante pour la reconnaissance d’activités (LIARA) laboratory.

The LIARA is a computer science laboratory with a focus on developing smart habitats to

support individuals with conditions that affect autonomy and who have difficulty performing

daily living activities. The laboratory consists of an apartment-style habitat with a suite

of sensors and technology to capture the data relevant to daily activities performed by the

individual who inhabits it. The LIARA has contributed to multiple advances in Human

Activity Recognition (HAR), especially in the development of deep learning models [34]. One

of the objectives is to recognize daily activities performed by inhabitants in order to detect

health changes, develop assisted living solutions [48] and improve preventive medicine through

technological transfer.

1.1.2 HUMAN ACTIVITY RECOGNITION

Human activity recognition remains a formidable challenge in the domain of smart homes

and assisted living [25]. The primary objective of HAR in these environments is to infer the

activities of a habitant from sensor data [45]. The complexity of this task stems from the vast

and heterogeneous nature of daily activities, which range from simple actions, such as walking

or sleeping, to complex, multi-step activities like meal preparation or personal hygiene.

3



Furthermore, HAR systems must account for significant inter-subject variability, as different

individuals perform the same activity in distinct ways, a challenge often exacerbated in popula-

tions with diverse physical or cognitive conditions. Additionally, models must accommodate

intra-subject variability, where the same individual performs an activity differently depending

on the context. For example, boiling pasta versus baking a cake yields drastically different

data, despite both falling under the broad classification of cooking.

Data acquisition approaches for HAR within smart homes are generally divided into

two primary modalities: wearable sensors (e.g. accelerometers and gyroscopes) [18] and

ambient sensors (e.g. pressure sensors) [35]. Wearable sensors are frequently favored in

experimental setups due to their cost-effectiveness, commercial availability, and ease of

deployment. However, they are limited in the depth of spatial and contextual information they

can capture. In contrast, ambient sensors mitigate these limitations by providing high-fidelity

contextual data and precise spatial localization (e.g. specific positioning within a room),

albeit at the expense of higher costs and more complex installations. Ultimately, optimal

HAR architectures employ a combination of both approaches, integrating both wearable and

ambient modalities to construct a robust and highly accurate representation of the resident’s

environment and actions.

1.1.3 LARGE LANGUAGE MODELS

Large Language Model (LLM)s, a transformer-based architecture, began demonstrating

interesting potential in the late 2010s with the arrival of BERT in 2018 [13]. They gained

popularity within the scientific community with the arrival of GPT-3 by OpenAI in mi-2020

[3], which was available through an Application Programming Interface (API). At the end of

4



2022, OpenAI decided to offer access to GPT-3 to the general public through a web interface

called ChatGPT. With this release, LLMs became the face of artificial intelligence with the

general public and saw a significant increase of interest in transformer-based models. With this

popularity and promising generalization capability, many research projects have been launched

across most scientific domains with the objective of determining their capabilities.

Being trained on a large text corpus of most of the world’s public knowledge, sometimes

claimed to be the entire public-facing internet, LLMs show impressive capabilities at correctly

answering introductory and intermediate questions from most domains. This includes writing

code, writing text from documents to complete stories, answering questions about daily life,

etc. This enthusiasm and capability have led to changes in the habits of information search,

with LLMs tending to replace traditional search engines [32] [5]. In the context of HAR, early

works have demonstrated potential for LLMs to dynamically recognize human activities from

sensor data without the need for finetuning or heavy data pre-processing [11] [24].

1.2 RESEARCH PROBLEM

Although deep learning models have advanced HAR in smart homes [28], these models have

limitations. Training a deep learning model to identify a small subset of daily activities is a

rigid, time-consuming process that is dependent on extensive, environment-specific training

datasets. Furthermore, these architectures typically require complex data pre-processing

pipelines and struggle to generalize across different residents or novel activities without

substantial retraining. As a result, deploying and scaling these traditional models in real-world

smart homes remains highly complex and a barrier to accessibility.
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LLMs offer a promising alternative to overcome these barriers. By leveraging their

extensive pre-trained reasoning, LLMs have the potential to significantly reduce the need for

extensive data pre-processing and feature engineering. In the context of a smart home, they

offer exceptional ease of use and lower the knowledge threshold required for deployment.

Rather than requiring specialized machine learning expertise to train bespoke models from

scratch, researchers and practitioners could potentially use natural language and sensor data to

define and recognize a wide variety of human activities within a smart home dynamically and

in real time.

However, despite recent studies demonstrating the capability of LLMs to recognize hu-

man activities, integrating them into practical smart home ecosystems introduces important

challenges. The fundamental architecture of an LLM is designed to process natural language,

whereas smart home sensors generate high-frequency, numerical raw data. Currently, attempt-

ing to bridge this gap by processing vast amounts of precise, raw numerical data through

LLMs is computationally prohibitive. It necessitates ultra-high-performance computing

infrastructure, leading to unaffordable costs and unrealistic deployment scenarios for a standard

home environment. Therefore, a significant gap remains to find an efficient, cost-effective and

user-friendly methodology to harness the semantic power of LLMs for activity recognition

without incurring debilitating computational overhead.

Furthermore, the initial works analyzing the capabilities of LLMs have only analyzed

public datasets with a small number of data-distinct activities. For these models to perform

in real-world smart home scenarios, it is important to validate the capabilities of LLMs on

datasets from a smart home with a wide variety of activities, with multiple representations

for each participant. In adition, these datasets must contain a strong variety of participants.
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These conditions will better evaluate the capabilities of the LLMs when faced with significant

intra-variability and inter-variability, as this will be more representative of a real-world

environment where the data is not clean.

1.3 CONTRIBUTION OF THE RESEARCH

In the context of this master’s research project, two primary scientific contributions are brought

forward. The first contribution brought forth is the validation of current approaches to HAR

tasks using LLMs seen in the literature on a complex, previously unseen dataset. While

existing literature has demonstrated theoretical and initial feasibility for LLMs to perform well

as zero-shot human activity recognizers, these are often limited to online datasets [6] with

limited distinct activities and with minimal noise. By evaluating these approaches against a

previously unseen dataset characterized by a significantly greater volume of distinct activities

with inter-subject and intra-subject variability, this research bridges the gap between initial

capability demonstration and real-world applicability. This contribution provides a critical

benchmark for the generalization and robustness of LLM-based HAR tasks in a dynamic,

real-world smart home environment.

The second contribution lies in the identification and evaluation of techniques designed

to enhance the performance of LLMs on HAR tasks when using Inertial Measurement Unit

(IMU)-based data while maintaining a simple deployment strategy. Given the complexities of

communicating high-frequency numerical sensor data in a manner suitable for natural language

processing, this research investigates optimal strategies to maximize HAR performance

while mitigating computational overhead. By analyzing various methods, such as prompt

7



engineering [42] or signal processing techniques [1], this work establishes a baseline on IMU

data processing techniques for HAR tasks. Ultimately, this contribution provides guidelines for

researchers and practitioners on how to effectively configure and deploy LLMs in the context

of HAR to achieve optimal performance in smart home ecosystems.

1.4 RESEARCH METHODOLOGY

This research project is conducted following a scientific approach divided into four primary

phases. The initial phase of this research involves the acquisition of knowledge of the following

subjects: human activity recognition, large language models, prompt-engineering techniques

and large language models on HAR tasks. This phase is achieved through a comprehensive

review of the literature pertaining to all the aforementioned subjects. This is a crucial phase

since it grants a better understanding of the domain through the identification of state-of-the-art

approaches, limitations and previous research done on these topics.

The second phase consists of applying the most promising approaches identified in the

literature review of phase one (1) on the LIARA dataset. The selection of the LIARA dataset

provides a complex, highly variable dataset with more than a dozen activities and dozens of

participants obtained from a realistic smart home environment. The objective of this phase is to

establish a baseline performance metric on LLM approaches when subjected to high-variability

data that is not found online, providing a quantitative starting point for the rest of this research

project.

The third phase builds on the previous phase by evaluating optimization techniques aimed

at increasing LLM performance on HAR tasks. This stage goes through an iterative refinement
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process to address specific challenges of the use of LLMs for HAR while maintaining simplicity

and numerical data. This includes prompt-engineering, IMU data pre-processing and curation

methods and dimensionality reduction techniques, such as principal component analysis, to

determine the best approaches to maximize the LLMs contextual reasoning capabilities. The

objective is to determine the optimal performance scenario of a LLM on HAR classification

activities when using numerical IMU sensor data in order to accurately compare with deep

learning techniques.

The final phase of this research project is the comprehensive analysis of LLMs performance

to determine the efficacy of using LLMs for HAR tasks and their potential for future work.

The performance of the models on HAR tasks is evaluated between themselves, previous

works and against established techniques in the field of HAR. This includes a comparison to

the classical machine learning approach, the random forest. This comparative evaluation is

not limited to classification accuracy. It assesses the trade-offs regarding data pre-processing

requirements, model deployment complexity, and computational efficiency to evaluate the

proposed advantages of leveraging LLMs in a smart home context and attempt to provide a

global picture on their use.

1.5 ORGANIZATION OF THE THESIS

This masters thesis is composed of seven (7) chapters. The first chapter is an introduction to

the research subjects, the context and the research problem. In adition, this chapter contains

other relevant information about the project such as the methodology and anticipated scientific

contributions.
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The second chapter is a review of the literature. It covers multiple topics in order to clarify

the different concepts this work is built upon. It begins with covering the extensive work done

on human activity recognition, specifically the state-of-the-art deep learning approaches which

showed great results. Following this is a section on the use LLMs for classification tasks and

another section on the different prompt engineering techniques as this is the main form of

communication with the LLMs. The final section pertains to the initial works done on using

LLMs for HAR tasks, which heavily inspired this project.

The third chapter covers the experimental setup of this research project. This includes

details of the physical and technical environment in which the research is conducted. Here, we

include all the details about the LIARA laboratory, such as the layout and the specific sensing

infrastructure used for data collection. This chapter also details the two (2) datasets used for

the experiments. Finally, it enumerates the different models used and the decision behind their

selection.

The fourth and fifth chapters cover the experiments carried out in this research project. The

former covers the first half of the experiments done, which attempts to reproduce results seen

in the literature review with the LIARA dataset, while the latter covers the second half of the

experiments done where we attempt to increase the performance through various techniques.

Each chapter details the objective, the experiments themselves, and the results before ending

with a discussion around them.

The sixth chapter is a comprehensive discussion of the whole research project. Here,

we discuss the different challenges that were encountered, new research that has emerged
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throughout the project, our analysis of the current state of things and, importantly, what

happened when we introduced a traditional machine learning approach.

The seventh and final chapter is the conclusion of the thesis. This is where we close our

thoughts, identify the contributions and outline directions for future work on this topic.
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CHAPITRE II

LITERATURE REVIEW

The second chapter of this master’s thesis consists in the exploration of the various scientific

works that are related to and inspired the research project. To begin, we present the state-of-

the-art approaches to human activity recognition found in the literature. Following this, we

look at the different techniques and use cases of large language models. In the last section,

we take a closer look at the most recent works applying LLMs to HAR tasks. Most of the

articles listed in this chapter were identified through the Sofia academic search tool, a search

tool offered by the library of UQAC and shared between all universities in Quebec.

2.1 HUMAN ACTIVITY RECOGNITION

The field of HAR has undergone a significant paradigm shift from traditional machine learning

models, which relied heavily on handcrafted feature engineering, to Deep Learning (DL)

architectures capable of automated feature extraction [14]. Although DL models such as

Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks have

demonstrated state-of-the-art performance on lab-controlled datasets [59] [72], they often

struggle with generalization in real-world free-living environments and are constrained by



the scarcity of large-scale labeled datasets. This results in models trained to perform well in

laboratory scenarios on a small set of well-defined activities. They generally must be re-trained

and adapted in order to be applied in a new environment or when new activities are introduced.

One of the most significant recent advancements in addressing the dataset bottleneck in

HAR is the work of Yuan et al. (2024), titled "Self-supervised learning for human activity

recognition using 700,000 person-days of wearable data" [71]. This study marks a transition

from small-scale supervised learning to the development of a model that performs HAR tasks

using large scale wearable sensor data and is able to generalize. The authors leveraged the

UK Biobank dataset, encompassing over 700 000 person-days of unlabeled accelerometer

data, one of the largest of its kind to date. To gather data, over 100 000 participants wore a

wrist-based accelerometer for more than seven (7) days in their usual environment.

To utilize this massive unlabeled corpus, the authors implemented a Self-supervised

learning (SSL) framework. They begin by performing weighted sampling in proportion to the

standard deviation to give more weight to high movement periods. Additionally, they apply

a multi-task SSL as a data augmentation technique. The SSL strategy involves three simple

but effective transformation-recognition tasks: Arrow of time (AoT), permutation and time

warping. AoT flips the signal along the time axis, permutation breaks the signal into chunks

and shuffles them, and time warping stretches and compresses random segments of the signal,

resulting in random slowdowns or speeding up of the signal. Following this comes the core

architecture, the training of a feature extractor utilizing a ResNet-16 V2 with 18 layers of 1D

convolutions, designed to process random 10-second windows of raw tri-axial acceleration

signals down-sampled to 30Hz. This deep CNN has more than ten (10) million parameters.
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To finish, they added a final fully connected layer, which outputs a learned feature vector of

size 1024.

Once this model was trained, they performed human activity recognition using transferred

learning in order to fine-tune the model on eight (8) labeled datasets. They used a 7:1:2 split

ratio for train/validation/test sets and early-stopping via patience to avoid overfitting. The

fine-tuning was done with two approaches: the first was fine-tuning all the layers, the second

consisted of freezing the feature extractor and only fine-tuning the final fully connected layer.

Within the eight (8) datasets, they selected datasets of various sizes and types. From very large

datasets, free-living datasets like Capture24 [6], small laboratory datasets like PAMAP2 [46]

and mixed lab-free living datasets like Opportunity [49]. Then they compared the results of

their approach with a random forest. This serves as a crucial benchmark due to its simplicity

and is often overlooked when evaluating machine learning models.

The resulting model demonstrated exceptional robustness. When fine-tuned for downstream

tasks, it consistently outperformed strong supervised baselines across the eight (8) benchmark

datasets, showing a median relative improvement in the F1-score of 24.4%. Crucially, the

study proved that self-supervised pre-training allows the model to generalize across external

datasets, different sensor devices, and varied environmental cohorts, effectively bridging the

gap between laboratory training and real-world deployment. This work serves as a critical

precursor to zero-shot HAR using LLMs, as it demonstrates the feasibility of learning universal

motion representations without explicit activity labels.

While the previous work focuses on the scale of data and self-supervision, other con-

temporary works focus on addressing architectural nuances required to capture complex
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human movements. Addressing the trade-off between recognition accuracy and computational

efficiency, the work Cross-Attention Enhanced Pyramid Multi-Scale Network introduces

a symmetric Pyramid Multi-scale Convolutional Network (PMCN) with a Cross-Attention

mechanism [41]. This architecture is designed to obtain a rich receptive field at finer levels,

allowing the model to capture both micro-movements (e.g. typing) and macro-movements

(e.g. walking). By integrating a triple attention mechanism, the model establishes interre-

lationships among sensor dimensions, temporal windows, and feature channels, effectively

suppressing irrelevant noise while amplifying salient motion information. They evaluate

their novel approach on four (4) benchmark laboratory datasets, including PAMAP2 [46]

and Opportunity[49]. The results they obtained were 0.18% lower than the best performing

state-of-the-art related work, this was achieved with less than half of the parameters. Compared

to benchmark models, such as Support vector machine (SVM) and a Cross-Net, they also

achieved superior F1-score while needing less GPU performance, measured in FLOPs, to

achieve it. Their results demonstrate equivalent HAR F1-score performance to the related and

state-of-the-art works while maintaining low computational overhead.

The work titled "Multi-STMT: Multi-Level Network for Human Activity Recognition

Based on Wearable Sensors" proposes a novel deep learning framework designed to address

the challenges of insufficient feature extraction and inadequate attention to critical signals

in wearable sensors for HAR tasks [72]. The authors introduce Multi-SMT, a multi-level

network that integrates a CNN module, Bidirectional gated recurrent unit (BiGRU) modules,

and an attention mechanism. This architecture is specifically created to tackle multimodal

time-series data from sensors (e.g. accelerometers) by leveraging a spatiotemporal attention

mechanism and multiscale temporal embedding. By incorporating attention layers within the

CNN and BiGRU modules, the model can adaptively focus on significant spatial patterns and
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long-term temporal dependencies while suppressing noise. The effectiveness of Multi-STMT

was validated through experiments on four major public datasets. The results demonstrate an

accuracy improvement of 5.39% over the state-of-the-art method with a negligible increase in

spatiotemporal complexity. These findings indicate that the multi-level approach significantly

improves the ability of HAR systems to distinguish between subtle activity differences, making

it a robust solution for real-world applications in healthcare.

To complement the large-scale adaptation of models to HAR tasks, recent literature has

focused on the practicalities of 24-hour monitoring and the distinction between static and

dynamic behaviors. A person’s movement is typically a mixture of static (e.g. sitting)

and dynamic (e.g. walking) states. FusionActNet [52], introduces a two-stage training

methodology within a multi-structured architecture. The first stage pre-trains two dedicated

residual networks to capture the static and dynamic behavior of an activity. The second stage

uses a guidance module, constructed with depth-wise separable CNN blocks, to facilitate the

final decision-making between similar activities. The proposed framework was rigorously

evaluated using two benchmark datasets, UCI HAR and Motion-Sense. The results demonstrate

significant improvements over existing methods, with FusionActNet achieving a state-of-the-art

accuracy of 97.35% on the UCI HAR dataset and 95.35% on the Motion-Sense dataset. This

underscores the model’s stability and ability to extract meaningful features from the complex,

high-frequency signals of wearable devices. The authors highlight the practical utility of

this system in real-world applications, including robot-based assistance for the elderly and

personalized healthcare monitoring.

Finally, AccNet24 [14] introduces a novel deep learning framework designed to automate

the classification of daily activities on large datasets. The authors developed and evaluated
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a multi-stage deep learning framework for classifying 24-hour activities from wrist-worn

accelerometers. To begin, they segment the acceleration data into thirty (30) second windows

and apply signal-to-image conversion on each segment. Using transfer learning, the authors

then extract deep features from the signal images. The extracted features are used to classify the

activities as one of the following four labels: sleeping, sedentary, light intensity or moderate to

vigorous intensity. This classification is done using a bidirectional long short-term memory

recurrent neural network, which captures temporal dependencies to accurately distinguish

between the activities. The results of the study demonstrate that AccNet24 significantly

outperforms traditional machine learning approaches that rely on hand-crafted features. To

evaluate their approach, the authors use a dataset of 151 participants, split between 101/25/25

for train/validation/test. Continuously achieving a high accuracy greater than 95%, the

framework surpassed other common classifiers, such as Random Forest and Support Vector

Machines, by a margin of 16% to 30% on previously unseen data. With the new paradigm

shift to 24-hour activity cycles [50], AccNet24 represents a shift toward more precise, 24-hour

health monitoring by successfully integrating complex signal processing.

2.2 LARGE LANGUAGE MODELS

Given that LLMs are language-based models, early works focused on Natural Language

Processing (NLP) classification tasks. They are widely used in a great variety of sub-fields

of NLP and are well known as excellent few-shot learners with task-specific exemplars. The

following section on LLMs focuses on the transition from standard prompting to instruction-

tuned architectures and the emergence of Chain of Thought (CoT) reasoning, which provides

the theoretical and empirical foundation for zero-shot classification when using LLMs. The
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foundational breakthrough in enabling LLMs to perform complex tasks without task-specific

training is detailed in the seminal work "Large Language Models are Zero-Shot Reasoners" by

Kojima et al. [26]. This work challenges the then-dominant paradigm that required few-shot

learning to elicit multi-step reasoning from models like GPT-3.

This work introduced a simple yet breakthrough prompting strategy known as Zero-shot-

CoT. While previous works like "Finetuned Language Models Are Zero-Shot Learners" by Wei

et al. demonstrated that models could solve complex problems if fine-tuned with instruction

tuning [63], referred to as Few-shot-CoT, the work by Kojima et al. discovered that LLMs

possess an inherent ability to reason that can be triggered by a single template: "Let’s think

step by step."

The mechanism of Zero-shot-CoT functions in a two stage process. First, the model is

prompted with the question followed by the trigger phrase. This induces the model to generate

a reasoning sequence of intermediate steps rather than jumping directly to an answer. Second,

the generated reasoning and the original prompt are then sent to the model via a second prompt

where the answer is demanded to the model (e.g. "Therefore, the answer is...") in order to

isolate the final answer.

1st prompt: reasoning extraction In this step we first modify the input question

x into a prompt x’ using a simple template “Q: [X]. A: [T]”, where [X] is an input

slot for x and [T] is an slot for hand-crafted trigger sentence t that would extract

chain of though to answer the question x. For example, if we use “Let’s think step

by step” as a trigger sentence, the prompt x’ would be “Q: [X]. A: Let’s think
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step by step.”. Prompted text x’ is then fed into a language model and generate

subsequent sentence z.

2nd prompt: answer extraction In the second step, we use generated sentence z

along with prompted sentence x’ to extract the final answer from the language

model. To be concrete, we simply concatenate three elements as with “[X’] [Z]

[A]”: [X’] for 1st prompt x’, [Z] for sentence z generated at the first step, and [A]

for a trigger sentence to extract answer. The prompt for this step is self-augmented,

since the prompt contains the sentence z generated by the same language model.

In experiment, we use slightly different answer trigger depending on the answer

format. For example, we use “Therefore, among A through E, the answer is”

for multi-choice QA, and “Therefore, the answer (arabic numerals) is” for math

problem requiring numerical answer. Finally, the language model is fed the

prompted text as input to generate sentences ^y and parse the final answer

The Zero-shot-CoT approach was evaluated on twelve (12) datasets from four categories

of NLP tasks: arithmetic, common sense, symbolic and other logical reasoning. For the

experiments, seventeen (17) models were used in total, ranging from small models with 0.3B

parameters to very large models of 540B parameters. GPT-3 was used in a few different

variations, as it was the most promising and state-of-the-art LLM at the time, while a few

other models were used such as PaLM and OPT. Their main point of comparison for this new

approach was zero-shot prompting without CoT.

Their results demonstrate significant performance improvements of the Zero-shot-CoT

method. In arithmetic tasks, Zero-shot-CoT demonstrates gains of up to 61% on the MultiArith
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dataset and up to 30.3% on the GSM8K dataset. However, in common sense reasoning, the

authors did not notice a noticeable improvement which was expected since Few-shot-CoT also

did not demonstrate an improvement [63]. Even though the answer is wrong on common sense

reasoning tasks, the authors notice that the answers are logically correct or simply contain a

minor mistake that is understandable by a human. The results also indicate a strong correlation

between performance increase and model size. Smaller models showed a more subtle increase

in performance when employing Zero-shot-CoT versus larger models that saw a significant

gain in performance. The research also evaluated the impact of prompt selection for CoT. The

prompt that showed the greatest gain in performance was "Let’s think step by step." at 78.7%

accuracy. However, adding a small distinction saw a reduction of 8.4% when using the prompt

"Let’s think like a detective step by step." indicating possible added confusion to the model

when adding superfluous information that is not necessary.

The ability of the LLMs to adequately process the prompts described by the work of

Kojima et al. is mostly a result of the work of the Google Research team of Wei et al.

[63] in which they introduce instruction tuning to fine tune LLMs. This has the impact of

significantly improving the zero-shot ability of LLMs on unseen tasks. In this work, the team

introduced instruction-tuned model called FLAN (Finetuned Language Net), a 137B parameter

pre-trtained LLM fine tuned with instruction tuning on a collection of more than sixty (60)

NLP tasks via natural language instructions. One of the key factors was the use of instruction

templates that varied for each task, forcing the model to learn the intent behind the instruction

rather than just the statistical patterns of the dataset. Their results indicated that instruction

tuning substantially improves the model’s performance on unseen tasks. For instance, a model

tuned on translation and common sense reasoning tasks could perform zero-shot sentiment

classification with higher accuracy than the much larger GPT-3 at 175B parameters.
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The authors evaluate their model FLAN against the zero-shot performance of LLMs that

were not fine tuned on natural language inference (NLI), reading comprehension, closed book

QA, translation, common sense, coreference resolution and struct-to-text. This gives a great

variety of NLP tasks to compare against and provides a clear and wide ranging picture of the

performance of their approach. They evaluate the models on unseen tasks by grouping datasets

into task clusters. The demonstrated results are impressive, compared to GPT-3 175B, FLAN

137B saw an increase of up to 17.4% on zero-sho translation tasks, up to a 37.5% gain on

NLI, an increase of up to 22.4% on reading comprehension and of up to 23% on sentiment

tasks. Certain categories, such as common sense, saw no noticeable performance improvement.

This suggests that certain NLP tasks are more limited by model architecture than exposure to

information. Overall, this work established that zero-shot performance is not just about model

size, but about exposure to diverse task descriptions during a secondary, fine tuning phase.

Building on the reasoning capabilities identified by the two previous works of Kojima

et al. and Wei et al., subsequent research has focused on optimizing LLMs specifically for

classification accuracy and domain-specific recognition. The approach proposed in the work

"Text Classification via Large Language Models" by Sun et al. seeks to address the limitations

of LLMs when faced with text classification [58]. In this work, the authors notice that LLMs

tend to struggle compared with fine tuned models. They indicate that this is caused by the

regular models lack of reasoning ability with linguistic nuances, such as irony and subtle

sentiment cues, and caused by the limited amount of tokens permitted in context learning. In

order to address these limitations, they propose CARP: Clue and Reasoning Prompting.

CARP adopts a two phase progressive reasoning strategy specifically developed to address

the limitations in linguistic text classification. In the first phase, the model identifies superficial
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cues. These are keywords, tones, semantic relations, references, etc. found within the text. The

second phase involves using the clues to induce a diagnostic reasoning process that concludes

with a final label. This approach led to a new state-of-the-art performance on four (4) out of

five (5) benchmarks. The results obtained are 97.39% (+1.24) for SST-2, 96.40% (+0.72) for

AGNews, 98.78% (+0.25) for R8 and 96.95% (+0.6) for R52. The work presented in this paper

demonstrates that forcing a LLM to explicitly state the clues before performing classification

significantly reduces errors.

Another interesting work building on the CoT principal in the field of LLM and NLP comes

from Saeed et al. in their work "Large Language Models Are Zero-Shot Text Classifiers"

[62]. In this work, the authors focus on the issues of expensive computational costs, time

requirements and performance to unseen classes observed on text classification problems

in NLP while using LLMs. Their work focuses on effectively using prompt strategies and

comparing LLMs with other state-of-the-art classification methods, including traditional

machine learning techniques. This work highlights that while LLMs may have higher latency

and cost than a trained SVM or random forest, their generalization capability makes them

superior for tasks where labels are scarce or defined in real time. They emphasize the role

of prompt engineering as the new feature engineering where the success of a classification

task depends on how well the semantic boundaries of the classes are defined in the prompt.

They also state the advantages of LLMs as especially advantageous for NLP classification asks

where the operator may not have extensive knowledge of NLP classification.

A critical challenge in zero-shot classification tasks with LLM is domain mismatch. This

is when the model struggles on performing tasks pertaining to a highly specific domain (e.g.

financial earnings) since it was trained on a generalized dataset. The work of Li et al. in
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"Prompting Large Language Models for Zero-Shot Domain Adaptation in Speech Recognition"

[31] explores a novel approach to addressing the "domain mismatch" problem in Automatic

Speech Recognition (ASR). This work proposes using LLaMA 7B from Meta [60] to perform

zero-shot domain adaptation, where the model is adapted to a new domain using only a

descriptive text prompt rather than intensive retraining. The authors introduce two primary

methods for this adaptation. The first is shallow fusion, this approach consists of the model

providing external linguistic scores to guide the ASR decoding process during a second pass.

The second approach is deep LLM-fusion. This method integrates the model into the speech

recognition architecture which effectively adapts the model to the domain. By providing a

contextual prompt (e.g. "The following text is the transcription of company earnings calls"),

the model can leverage its vast internal knowledge to better predict domain specific terminology

and context without task-specific fine tuning.

The demonstrated experimental results for the TedLium-2 [40] and SPGISpeech [51]

datasets demonstrate that this prompting strategy significantly reduces word error rates across

different domains. The deep LLM-fusion approach was particularly effective for improving

the recall of entities and out-of-vocabulary words that the ASR system might not have

encountered during its initial training. Ultimately, the study highlights that the in-context

learning capabilities of LLMs can be a cost-effective and flexible alternative to traditional

domain adaptation methods, making NLP classification tasks more versatile across diverse

specialized fields.
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2.3 LLMS AND HAR

The integration of LLMs into the domain of HAR represents a paradigm shift from traditional

supervised learning architectures, such as CNNs and LSTM networks, to generative and

reasoning-based frameworks. This section evaluates the transition from data-intensive

discriminative models to zero-shot, prompt-based recognition, focusing on the architectural

innovations and cross-modal challenges associated with interpreting inertial sensor data through

the lens of natural language.

A foundational contribution to this field is the work titled "HARGPT: Are LLMs Zero-Shot

Human Activity Recognizers?" [24]. This study serves as an important benchmark as it

explores whether the internal knowledge of pre-trained LLMs can be leveraged to interpret

raw IMU sensor data for HAR tasks without the need for task specific training or domain

fine tuning. The authors propose HARGPT, a framework that leverages the pre-trained world

kn.owledge of LLMs, specifically GPT-4, to perform zero-shot classification on HAR tasks.

The core hypothesis is that LLMs, through their vast exposure to textual descriptions of

physical movements and physics-based reasoning, can understand and categorize activity

patterns directly from raw sensor data. Crucially, HARGPT makes use of CoT prompting as

seen in the previous section.

The framework proposed by the HARGPT team involves two (2) prompting strategies to

elicit the LLMs reasoning capabilities. The first strategy is role-play prompting. This is done

by instructing the LLM to assume the role of a human activity recognition expert through the

instruction "You are an expert of IMU-based human activity analysis". This is crucial as it

indicates to the LLM to adopt a domain specific "mindset" when treating the following prompt,
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which in the case is the domain is human activity recognition. As seen in the previous section,

this has been shown to reduce errors as the model focuses on domain-specific details. The

second strategy is chain-of-thought prompting. By adding the instruction "think step-by-step"

in the prompt, the authors trigger sequential reasoning in the model which breaks down the

problem into smaller, logical steps before providing a final answer, essentially "showing its

work".

To perform their experiments, the authors had to tackle the complexity of communicating

raw IMU data to the LLM. To do so, they prepared a structured prompt. The first step was an

instruction to the model telling it was an "expert" in human activity recognition, triggering the

role-play prompting mechanism. This was followed by the main portion of the prompt, the

question. The question begins by stating that it was IMU data collected from a wrist-worn

device at a specific frequency (sampling rate). The acceleration and gyroscope data was then

inserted in the question in the following format:

Accelerations: x-axis: ..., y-axis: ..., z-axis: ...

Gyroscopes: x-axis: ..., y-axis: ..., z-axis: ...

The second portion of the question included the finite list of possible activities the data could

represent, followed by asking the model to "tell us" what action the person was doing based on

the data. The final part of this prompt asks the model to make a step by step analysis to trigger

the CoT strategy within the model.

To evaluate this approach, the authors selected GPT-4 [39] from OpenAI as the LLM to

be tested since it was the most promising state-of-the-art model at the time. Furthermore,
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they selected two (2) public HAR datasets for experimentation: Capture24[6] and HHAR

(Heterogeneity Activity Recognition)[2]. Capture24 contains only acceleration data but

consists of free-living data captured from participants over a 24-hour period. Four (4) activities

are used from this dataset: Bicycling, Sit-stand, Sleep and Walking. The HHAR dataset

contains both accelerometer and gyroscope data. From this dataset the authors selected two

similar activities to evaluate: Going downstairs and going upstairs. The data from both datasets

was down sampled to a frequency of 10Hz to limit the amount of tokens sent to the LLMs. In

order to better understand the HARGPT framework, the authors compared their approach with

traditional machine algorithms, random forest and SVM, as well as standard deep learning

methods, a deep CNN and a LIMU-LSTM. Finally, they also performed the same experiments

with GPT-4 but without triggering CoT. This was done by replacing the final phrase of the

prompt asking the model to make a step by step analysis by asking it to "please give your

answer directly without analysis."

The results demonstrate strong performance of GPT-4 on zero-shot HAR tasks. For

Capture24, GPT-4 with CoT achieved a F1-score of 79.5% while both random forest and SVM

showed F1-scores similar to each other, at 55.5% and 54.5% respectively. Additionally, the

deep learning approaches of deep CNN and LIMU-LSTM achieved a similar F1-score as well,

at 58.8% and 58.5% respectively. When looking at the results for the HHAR dataset, GPT-4

with CoT performs well with an F1-score of 79.0%. However, the results are more diverse

when looking at the other approaches. For traditional algorithms, random forest achieved a

score of only 32.5% while SVM maintained a similar score of 57.0%. On the deep learning

side of things, deep CNN got a score of 38.5% while LIMU-LSTM achieved an impressive

score of 70.0%. Finally, the results also demonstrate the importance of CoT observed in the

previous sections. GPT-4 without CoT achieved an F1-score of 56.5%, compared to 79.5%
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with it for the HHAR dataset. For Capture24, the difference is even more significant with a

F1-score of 46.5% without CoT versus 79.0% with it.

The results achieved in this work demonstrate a strong potential of LLMs performing

well on zero-shot HAR tasks. They also validate the importance of using CoT when using

LLMs across different domains as it significantly improves the performance of the models on a

variety of tasks. Specifically, it demonstrates the models ability for logical reasoning based

on their world-knowledge and suggests initial capability in handling raw numerical sensor

data. Although, the HARGPT team also mention that on some occasions the model did return

perfunctory answers, meaning the answer provided was more of a constructive opinion on how

to handle the task and did not provide an answer. Some primarily experiments done by the

team on smaller models, mentioned in the discussion section of the paper, suggests a strong

correlation between the model size and performance as smaller models demonstrated a lower

robustness and higher tendency to provide perfunctory answers.

Published in the same time frame as HARGPT, the work titled "Unsupervised Human

Activity Recognition through Two-stage Prompting with ChatGPT" by Xia et al. from the

university of Osaka proposes a two-stage prompt engineering approach that leverages the

pre-trained embedded general knowledge of LLMs to interpret sequences of activities that

interact with objects, captured via wearable sensors, without requiring any prior training on

labeled or domain specific datasets [70]. The authors noted that ChatGPT, the web interface

version of GPT-3, has a limited generalization ability when dealing with a series of activities

that involve overlapping objects if presented as a simple list of objects (words) due to similar

weights being assigned to the different objects (words) in the list. This approach proposed in

this work addresses this limitation.
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The core of the methodology is a two-stage prompt engineering approach. The first stage

is called knowledge generation and is structured in two prompts. In this stage, ChatGPT is

prompted to generate detailed descriptions of various human activities based on the objects

typically associated with them. The first prompt is structured to identify which activities are

difficult to distinguish from the objects used to perform the activity. This is achievable due to

the implicit knowledge embedded within the LLM. The second prompt is designed to generate

descriptions of the activities identified in the previous prompt with the knowledge obtained

from the first prompt. The second stage is called answer generation, it uses the knowledge

gained in the previous stage and applies the new descriptions to the activities to perform HAR

tasks. This enables the model to better focus on the important objects and the differentiating

elements to achieve better performance. At the end of this stage, the authors also ask the

model to explain its answer which is a similar mechanism to CoT mentioned in the works of

the previous sections.

To evaluate their approach, the authors use three (3) public HAR datasets: Opportunity[49],

50Salads[56] and CMU-MMAC[29]. They also compare the proposed strategy with zero-shot

and few-shot strategies. The results demonstrate significant performance gains brought with

the proposed strategy. The proposed solution achieved an F1-score of 91.15% compared to

53.61% with zero-shot for the Opportunity dataset, 100% versus 64.47% for 50Salads and

100% vs 76.32% for CMU-MMAC. These results demonstrate the importance of having clearly

defined labels when using LLM for HAR tasks as a clear understanding of the underlying

activity can greatly assist the model in attributing the correct classification.

In this stage, ChatGPT is prompted to generate detailed descriptions of various human

activities based on the objects typically associated with them. Crucially, the model is guided to
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identify discriminative objects that help distinguish between activities which generate similar

sensor data. For example, distinguish making a sandwich from cleaning the kitchen by focusing

on the specific use of bread or a sponge. This allows the system to build a semantic bridge

between raw sensor data and higher level human actions.

The paper "Large Language Models are Zero-Shot Recognizers for Activities of Daily

Living" builds on the previous works with the introduction ADL-LLM, a framework that

transforms raw, environmental sensor data (e.g. pressure sensors) into natural language

descriptions [11]. Instead of feeding a LLM raw numerical data, the framework generates

textual event logs (e.g. "The subject entered the kitchen and turned on the stove."). These

descriptions are then passed to the model through a carefully designed prompting strategy.

The LLM acts as a zero-shot recognizer of human activities, meaning it can accurately identify

the activity (e.g. cooking) without ever having been explicitly trained on the domain specific

dataset.

The authors performed the evaluation of the framework on two public datasets which

demonstrates remarkable performance from ADL-LLM, often matching or exceeding the

accuracy of supervised deep learning approaches. The work also explores a few-shot variation,

where providing the LLM with just a few labeled examples of activities demonstrates a further

gain in performance. This flexibility allows the framework to outperform standard methods,

particularly in data scarce scenarios, where only a handful of labeled activities are available

for a new individual.

Ultimately, this work further highlights the potential for LLMs to serve as scalable,

out-of-the-box solutions for HAR tasks. By bypassing the need for labor intensive data
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labeling and environment specific fine tuning, the ADL-LLM approach offers a more practical

method for deploying unobtrusive monitoring systems in the homes of older adults or patients

with disabilities requiring care. The authors suggest that this common sense reasoning

capacity makes LLMs more adaptable to the varied and relatively unpredictable ways different

individuals perform activities.

A significant issue in HAR tasks is the variations in user behavior, different sensor types,

and new environments, known as distribution shift. The paper "LLM4HAR: Generalizable

On-device Human Activity Recognition with Pretrained LLMs" introduces a new LLM based

model to mitigate this issue by introducing LLM4HAR [20]. LLM4HAR begins by using

GPT-2 as the backbone LLM model for their approach [44]. The core of the model consists

of three specialized modules designed to bridge the gap between continuous sensor data and

the natural language functioning of LLMs. First, the sensor data adaptation module aligns

IMU data with LLMs using sensor embedding techniques. Second, the sensor knowledge

learning module injects domain specific sensor information into the LLM, allowing the model

to interpret sensor data through the lens of its pretrained semantic understanding. This enables

the model to recognize activities even in cross domain scenarios where it has not seen specific

user-sensor combinations before. The third module is the efficiency enhancement module

which uses a fine tuning strategy to reduce the model size which enables the solution to be

used on a mobile device.

To evaluate LLM4HAR, the authors begin by evaluating their approach on four public HAR

datasets: HHAR[2], Shoaib[53], Motion[38] and UCI[47]. The evaluation metrics they use

are average accuracy and F1-score. Furthermore, they compare their work against represented

learning models (Gated Recurrent Unit, Transformer and TSMixer), transfer learning models
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(SDMix, UniHAR and CrossHAR) and against the HARGPT[24] approach. The results

demonstrate that LLM4HAR achieves the best performance across all datasets, with an average

F1 score of 71.42% and an average accuracy of 79.86%. Over all, the model proposed by this

work outperforms all other methods by 7.02% in average accuracy and 13.82% in F1-score.

Beyond academic metrics, the model was deployed in a real world use case at a company

called JD Logistics, one of the largest E-commerce logistics companies in China. The model

was deployed on a smartphone device for courier activity recognition. The application in

this real world use case had the objective of identifying the presence of elevators based on

movement and on detecting the workload of the courier based on time spent walking, number

of stairs climbed, etc. In the use case of identifying elevators, the system achieves an accuracy

of 90.8% while in the case of workload detection the accuracy achieved is 90.9%. These

results demonstrate that the generalized reasoning of LLMs on HAR tasks can be successfully

transferred to the physical world, providing a robust solution for scalable and adaptable HAR.

2.4 DISCUSSION

To conclude, the fields of research presented in the above sections of the literature review

comprise the intersection of domains that have been subject of research for very different

lapses of time. HAR has been a field of interest for decades and the subject of much research

with strong results when using deep learning methods. With the limitations of deep learning

approaches concerning the necessity of large labeled datasets and requiring re-training when

faced with new environments, activities or individuals, the latest approaches focus on complex,

large architectures with self-supervised techniques on unlabeled datasets to mitigate these
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limitations [71]. Other works attempted to mitigate the issues of inter-subject and intra-subject

variability by capturing subtle movements in the data [41] or extracting the critical points in the

data [72]. Yet, the limitation of needing to be re-trained when faced with new environments

or sensors remained, and the complexity of these approaches render their implementation

difficult.

In contrast, LLMs are a very recent technology generating a lot of interest and many

research projects with wide ranging applicability. Much effort has been put into determining

if they are effective few-shot [63] or zero-shot [26] solutions in a variety of tasks, although

initial works have focused on NLP tasks. This has revealed the importance of the architecture

of the prompt sent to the model, specifically the importance of the CoT technique [64]. These

works were crucial in permitting the most recent works merging LLMs and HAR [24] [11],

which demonstrate promising initial capability of these models being zero-shot human activity

recognizers. This would greatly facilitate the deployment of HAR based solutions in smart

homes that do not require a complex solution, re-training or fine-tuning for different sensors,

environments or individuals.
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CHAPITRE III

EXPERIMENTAL SETUP

This chapter details the physical and technical environment in which the research is conducted.

It begins by describing the LIARA smart home laboratory and the specific sensing infrastructure

used for data collection. Subsequently, the two datasets, the custom laboratory dataset and

the Capture24 public dataset, are presented and compared. Finally, this chapter outlines

the computational models and hardware specifications utilized to execute the experiments,

providing the necessary context for the data processing techniques discussed in the following

chapters.

3.1 LIARA SMART HOME ENVIRONMENT

The LIARA laboratory, as seen in Figure 3.1, is a replication of an apartment style smart home

found within the UQAC and is one of the laboratories part of the INTER strategic cluster. The

LIARA laboratory represents a one (1) bedroom apartment with a kitchen, bathroom, living

room and dining area. It includes all the furniture and equipment that you would expect to find

in a standard north American apartment. The laboratory contains a sensor suite which includes:

Ultra-wideband (UWB) radar, Red-Green-Blue-Depth (RGBD) cameras, an IMU sensor worn



Figure 3.1 : LIARA laboratory layout

by participants and ambient sensors. Sensors can be used individually or in a grouping to

collect data while participants go about simulating a variety of household daily living activities.

Table 3.1 lists the family of sensors found in the laboratory and their particularities.

Sensors Frequency Information
Ambient sensors Event based -

Ultra-Wideband Sensors 50 Hz -
IMU Bracelets 50 Hz Bluetooth
RGBD Sensors 60 FPS 720p

Table 3.1 : Sensors found in LIARA Smarhome Laboratory

34



3.2 DATASETS

This section introduces and describes the datasets that we selected to perform the experiments

of the research project. In machine learning, the data chosen to train and evaluate models is

of critical importance as choosing the wrong dataset will lead to erroneous results even if

the rest of the methodology is correct. For our use case, we selected two datasets: one of

our laboratory’s internal datasets and one public dataset. The internal LIARA dataset we

selected was specifically created to replicate real world living conditions with a smart home

from multiple participants. This means it purposely includes inter and intra-variability within

the data. We also know for a fact that this dataset was not seen by LLMs in training. The

public dataset we selected is the Capture24 [6] dataset. This dataset was selected for two

primary reasons. One, it is a relatively large free-living dataset which was manually annotated

from video worn by the participants. This makes it a reliable dataset in which participants

did not follow a defined activity path. Second, it is a dataset frequently used in HAR works,

including the work HARGPT [24] mentioned in the literature review.

3.2.1 LIARA

The LIARA dataset we selected for this experiment is one of our internal datasets that was

collected within our laboratory in 2022 and is stored privately on our servers, thus unavailable

to the general public. As mentioned previously, this dataset was specifically selected for our

experiments since it replicates a real world scenario with inter and intra-variability. This

means that for the same activity (label), we observe data variations on how that activity is

performed by different individuals and variations by one individual performing the same
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activity at different points in time. In order to achieve this, a participant was given the name

of an activity to perform but it was left up to them on how they performed it. For example,

when simulating the activity of taking a shower, a participant could wash their hair or just their

body. They could start by adjusting water temperature or skip this step entirely. This created

variations in the data between participants. Other activities, such as brushing their teeth, would

be performed at different times and different areas; kitchen vs bathroom. This meant that even

for the same individual, the data could have variations for the same activity label.

The dataset was collected from twenty six (26) participants within the smart home laboratory.

The structure of the dataset consists of folders for each participant, each with a folder for

each activity. Within the activity folder, each sensor is represented by a dedicated JSON file

containing its recorded activity data. The dataset consists of over 1600 files at a total size of

55GB. The dataset consists of fourteen (14) distinct daily activities per participant. Activities

are as follows:

• Brushing your teeth

• Taking a shower

• Going to the Bathroom

• Sleeping

• Getting dressed/undressed

• Doing housework

• Cleaning dishes
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• Putting away dishes

• Resting

• Using a computer/mobile phone

• Putting away clothes

• Eating

• Drinking

• Reading

Some activities have more than one simulation acquisition and some are performed in multi-

ple locations. This is indicated in the name of the JSON file (e.g. 3ca7e943_IMU_BrushingTeeth_2_Bathroom.json).

Importantly, for each acquisition, the recording of the data begins ten (10) seconds before

the participant begins simulating the activity and the recording continues for five (5) seconds

after the participant has stopped the simulation. Figures 3.2 and 3.3 represent an example of

acceleration and gyroscope data for a participant who is drinking, captured by the LIARA

team.

In the context of this research project, we only used data from the custom IMU bracelet as

seen in Figure 3.4. This bracelet was created by the LIARA team in a previous project as an

open-source bracelet for the medical and healthcare context [7]. This bracelet captures data

at 50Hz, as seen in Table 3.1. We strictly use the IMU data in this research project for two

primary reasons. The first is that many related works mentioned in the literature review use
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Figure 3.2 : Participant f87e2ddf Drinking Full Acceleration Data

Figure 3.3 : Participant f87e2ddf Drinking Full Gyroscope Data
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Figure 3.4 : IMU bracelet

IMU data to perform HAR tasks with LLMs [24] [11] [20]. The second is that the public

dataset with which we compare our dataset is a IMU only dataset.

3.2.2 CAPTURE24

The Capture24 dataset is a large scale, free living, publicly available repository for HAR

developed by researchers at the University of Oxford [6]. It is frequently utilized in the

literature as a benchmark for evaluating HAR algorithms due to its focus on real world data,

which captures the natural, unscripted variability of human behavior in real world settings.

The dataset consists of three (3) axis acceleration data recorded at a sampling frequency of

50 Hz. The primary hardware used for data collection was the Axivity AX3, a medical-grade

wrist-worn accelerometer. Data was collected from over 200 participants over continuous
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24-hour periods, providing a massive longitudinal record of physical activity across various

demographics.

A significant advantage of the Capture24 dataset is its objective ground truth methodology.

Rather than relying on participant self-reporting, the study employed a wearable camera worn

by participants. This camera captured images every 20 to 30 seconds and were subsequently

manually annotated by researchers to provide precise activity labels. This labeling allows for

training and validation of a variety of classification models.

In the context of this research project, Capture24 serves as an important initial point of

comparison for our internal laboratory dataset. Similar to our internal dataset, Capture24

captures the complexities of real world living since the participants perform the activities in

their natural setting. Furthermore, this dataset has been used by other works for HAR tasks

which allows us to better compare our results with previous research. By applying the same

data processing techniques for both datasets, we can evaluate the proposed approaches on a

public and private dataset to get a better sense of performance and generalization. Using both

of these datasets ensures that the results are not limited to a specific smart home or outdoor

environment but are robust when applied to the complexities of daily living in various contexts.

3.3 HARDWARE ENVIRONMENT

One of the main objectives of this research project is to evaluate the possibility of running

models locally for HAR tasks. The LIARA laboratory possesses a high performance machine

which enables us to run large models, such as Llama 3.3 70B, locally. This machine is

composed of the following specifications:
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• Ubuntu 20.04.6 LTS

• 256GB of DDR4 ECC memory

• Two (2) AMD EPYC 7513 processor

• Eight (8) NVIDIA RTX A5000 24GB graphic cards

Access to this machine is achieved entirely through Secure Shell Protocol (SSH) via the

university network as no user interface is provided and no physical access to the machine is

possible. The machine has limited internet access, primarily allowing pip to install Python

packages or other Linux commands (e.g. git).

Additionally, a mobile workstation is used to perform experiments with online models (e.g.

GPT-4o) and perform other necessary tasks such as developing proofs of concepts and code

validation before running experiments on the LIARA lab machine. This machine consisted of:

• Ubuntu 22.04.5 LTS

• 32GB of DDR4 non-ECC memory

• Intel Core Ultra 9 185H

• Nvidia RTX 4080 12GB graphic card

3.4 LLMS USED

To satisfy the requirements for local execution within a smart habitat and to provide a

comprehensive evaluation of LLM capabilities, a dual-deployment strategy is adopted. The
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first approach leverages proprietary, state-of-the-art models provided by OpenAI via API

integration. In parallel, the second strategy utilizes locally hosted Llama models. At the time

of the study, the Llama architecture was one of the models with the best performance on public

benchmarks and represented the most prevalent open-source model within the literature.

3.4.1 OPENAI GPT MODELS

The experimental framework for the online model portion of this research primarily utilizes

models from the OpenAI Generative Pre-trained Transformers (GPT) series, specifically

leveraging the architectural advancements of the GPT-4 [39] and GPT-5 [54] iterations. These

models are used for experimentation via OpenAI API calls from a Python program.

Throughout the first half of the developmental and evaluative phases, GPT-4o [39] serves

as the primary model from OpenAI. This selection is motivated by two primary factors: its

status as the most advanced commercially available model at the project’s inception and its

widespread adoption within the contemporary works identified in the literature review. By

using GP-4o [39] for much of the experimentation, a consistent baseline is maintained, allowing

direct comparison with existing benchmarks and ensuring the reproducibility of the initial

findings.

To ensure the research remains aligned with the rapidly evolving state-of-the-art, the final

experimental trials incorporate GPT-5.2 [54]. Released toward the conclusion of the project

timeline, GPT-5.2 [54] represents a significant generational leap in reasoning capabilities and

contextual understanding. Given the observable performance improvements over the GPT-4o

[39] baseline, it is integrated into the final evaluation phase to provide a comparative analysis
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Figure 3.5 : Command to build Llama.cpp

against the most sophisticated frontier models available. This dual-model approach allows

the results to reflect both the established standards of the current literature and the projected

capabilities of the next generation of artificial intelligence.

3.4.2 LLAMA MODELS

Complementing the OpenAI online approach, several models from the Meta Llama 3 [17]

family are deployed on a local laboratory machine to assess the viability of on-device, private

inference. These models are run using Llama.cpp as a server [16]. When compiling Llama.cpp,

we built it for use with CUDA to leverage the performance of the Nvidia GPUs found in our

laboratories system, as seen in Figure 3.5. For running on the machine, we set the CUDA

max batch size to 512 and enable unified memory via environment variables. The exact

variables can be seen in Figure 3.6. For the command that runs the server, we set 81 layers to

be offloaded to the Nvidia GPU, set it as background task and use the nohup command so it

would stay running until we killed it. The exact command we use is displayed in Figure 3.7.

The Python program used for local inference is the same used for the OpenAI models, albeit

with a different API call configuration. The Python program runs on the same machine as the

model for the local inference approach.
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Figure 3.6 : Environment variables used for Llama.cpp

Figure 3.7 : Command used for running the Llama.cpp server

Llama 3.1 8B [17] and Llama 3.2 3B [17] variants are specifically selected for deployment

on mobile workstations to investigate the performance thresholds of lightweight models in

highly portable and resource-constrained environments. To maintain high-fidelity output while

adhering to the memory limitations of these workstations, both models are implemented using

8-bit quantization (Q8). This enables a direct evaluation of the trade-offs between model size

and functional utility in edge-computing scenarios.

For a more robust comparison against proprietary cloud solutions, a Llama 3.3 70B

[17] model is deployed on a centralized local server, also using a 8-bit quantization version

(Q8). This configuration represents the maximum model scale feasible for self-hosting

within the available infrastructure and provides an essential open-source counterpoint to

OpenAI models. By spanning this range of model sizes, the experimental setup provides a

comprehensive overview of how localized LLM integration performs across varying tiers of

hardware availability.
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CHAPITRE IV

REPLICATION OF EARLIER WORKS

4.1 OBJECTIVE

The primary goal of the first set of experiments is to reproduce the results observed in earlier

works using our previously unseen laboratory’s IMU dataset. As seen in the literature review,

earlier works demonstrated that LLMs are effective zero-shot recognizers for sensor-based

HAR tasks [24] [30]. The reproduction of these results serves two objectives: 1. Validate the

approach used by the projects works in our context and with our private dataset and 2. Obtain

a solid foundation for the next series of experiments within this master’s projects and for future

works.

To achieve this goal, we begin by evaluating the public dataset of Capture24 [6] that was

used in the work of the work of HARGPT. As seen in the literature review, the paper HARGPT

demonstrated promising zero-shot performance on HAR tasks with LLMs using this dataset

[24]. Since this is a public dataset, there is a risk of it having been part of the training data of

the LLM used in this work. To validate the capability of LLMs as zero-shot human activity

recognizers, we apply the same methodology to our private laboratory’s dataset. This will



provide us with a strong point of comparison and will further inform us on the capability of

LLMs for HAR tasks.

4.2 PREPARING THE DATA

4.2.1 CAPTURE24

The objective of our first experiment is to benchmark the Capture24 dataset. The results we

obtain from this dataset will enable us to compare more accurately the results we obtain on

our private LIARA dataset since we will apply the same process and techniques to evaluate

them. Unfortunately, we do not have all the details on how the dataset was prepared or how the

experiments were conducted in the case of HARGPT so we will attempt to replicate the results

to the best of our ability.

Since the Capture24 dataset contains thousands of hours of data and that feeding such data

directly to the LLM would cause a memory error on the LIARA machine and incur significant

costs for an online platform, it is necessary to start by obtaining workable windows of data.

Once this is achieved, we will be able to feed this data in a structured prompt to the models for

experimentation. The Capture24 dataset contains only three (3) axis of accelerometer data

and no gyroscope data. This data was prepared in a csv format for each participant with the

timestamp, label and x, y, z raw IMU data.

Inspiring ourselves from the paper HARGPT [24], we opted to select the same activities

for experimentation: Bicycling, Sit-Stand, Sleep and Walking. We also opted to reduce the
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frequency to 10Hz as they had done, thus maintaining a better comparison. Finally, sample

random windows of data based on the desired activity labels.

4.2.2 LIARA

Similar to the Capture24 dataset, the first step of our LIARA experiments is to prepare the

dataset. To begin, each activity is encoded in base64 for optimal storing and had to be decoded.

Once decoded, each activity is between 60 seconds and 135 seconds with the sampling rate at

50Hz. This means that each activity has between 3 000 and 6 750 data points for each axis.

With three (3) axis for gyroscope and three (3) for the accelerometer, this would result in a

minimum of 18 000 data points per activity, this is a far too great amount of tokens to be sent

to an LLM, even with our hardware. Out of curiosity, we tried and this leads to the a very slow

inference time and OpenAI out right refusing our calls as being too large.

We began by down-sampling the frequency to 10Hz using the decimate function from the

scipy library, which is the same approach taken by HARGPT [24] mentioned in the literature

review. Once completed, we still have large windows up to 135 seconds for 1 350 IMU data

points per axis. To further reduce this we implemented a function to randomly select a fifteen

(15) second window for each activity. Since the recording started ten (10) seconds before

the participant started performing the activity and kept going for 5 seconds after activity had

completed, we removed the first and last ten (10) seconds from each activity before selecting

the random window. This processed dataset is then saved separately in order to be re-used and

for archival purposes.
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Finally, since many of the reference datasets are benchmarked using only three (3) to five (5)

activities, we chose to select four (4) activities from our dataset for our baseline. Considering

that our dataset contains fourteen (14) distinct activities and some of them can be ambiguous

(e.g. DoingHousework), we chose four (4) activities that are sufficiently distinct from another

in terms of the data they generated while also challenging the model slightly with less common

activities. For these experiments we chose the following activities: Eating, Reading a book,

Sleeping, Taking a Shower.

Figures 4.1 through 4.8 provide visual examples of the IMU data for each activity. Here we

can visualize the three (3) axis of accelerometer and three (3) axis of gyroscope data at 10Hz

over fifteen (15) seconds randomly selected for a participant. In some instances, it is possible

for us to directly understand an activity from the visual data. For example, Figure 4.5 shows

the accelerometer data for a sleeping participant, which is showing no movement. Figure 4.4

shows the gyroscope data for a participant reading a book, we can clearly see the initial data

shows the participant settling in a chair followed by the lack of significant movement while

reading. We can also see when participant turns a page at roughly the ten (10) second mark

from the spike in movement.
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Figure 4.1 : Participant 1e1a8f23 Eating Acc

Figure 4.2 : Participant 1e1a8f23 Eating Gyro
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Figure 4.3 : Participant 4e36eb16 Reading Acc

Figure 4.4 : Participant 4e36eb16 Reading Gyro
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Figure 4.5 : Participant 21bf37e6 Sleeping Acc

Figure 4.6 : Participant 21bf37e6 Sleeping Gyro
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Figure 4.7 : Participant a6f74a8b Taking a shower Acc

Figure 4.8 : Participant a6f74a8b Taking a shower Gyro
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4.2.3 PROMPT DESIGN

Once our datasets are ready, we prepare the prompt that will be used for the experiments.

For this part, we have to take advantage of CoT prompting since it usually increases the

performance of LLMs as it elicits deeper reasoning from the models [64]. In the context of

LLMs, CoT is prompting in a manner that the model goes through a series of intermediate and

coherent reasoning steps to reach the final answer. This is demonstrated in Figure 4.12 where

the model describes each step of its thought process before giving its final answer. The gain in

performance of CoT is demonstrated through experiments in the HARGPT paper [24] and by

the work done at EveryWare lab [64]. The HARGPT team saw an increase of up to 33% to the

F1 score when using CoT on GPT-4 [39] while the EveryWare lab team documented up to

11% increase when using very large models such as PaLM 540B [10]. One of the best ways to

achieve CoT reasoning is to ask the model to Please make an analysis step by step within our

prompt.

As shown in Figure 4.9, our prompt structure starts with giving the role of an expert of

IMU-based activity analysis to the LLM. Following this, we tell the model what the data is,

where it comes from and other specifications. Specifically, we tell it that the IMU data consists

of three (3) axis of accelerometer data and three (3) axis of gyroscope data, the frequency is at

10Hz, that it comes from a wrist-worn bracelet and the activity is over a period of fifteen (15)

seconds.

Following this, we input the main section of the prompt which is shown in Figure 4.10.

This consisted of the acceleration data, followed by the gyroscope data. After this, we gave it
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Figure 4.9 : Initial messages given at the beginning

Figure 4.10 : Instruction messages

the list of possible activities and asked it to tell us what the individual was doing based on

the IMU data while induction CoT reasoning. We also instructed the LLM to give its final

answer in a specific format at the end to facilitate the gathering of answers, which can be seen

on Figure 4.11 as asking for the format The activity is: X.

4.3 EXPERIMENTS

This section details the experiments and presents the results we obtain from each dataset. As

mentioned in the previous chapter, we use a Python program to load the activities from the

Figure 4.11 : Full prompt given to LLM
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Precision Recall F1-Score
Meta-Llama-3.3-70B-Q8 0.45 0.46 0.43

GPT-4o 0.42 0.43 0.41

Table 4.1 : Capture24 - Initial Results

prepared dataset and insert the data into a prepared prompt which can be seen in Figure 4.11.

This prompt is then sent to the model via an API call, either to OpenAI for the GPT-4o model

or to our locally hosted Llama model using Llama C++. Our prompt triggers the CoT of

the models, as seen in the response from a model in the Figure 4.12, and each response is

logged into a JSON file with the correct activity tag. This file is then used to compute the

results. Specifically, we calculate the confusion matrix for the experiment with the associated

precision, recall and F1-score for each label as well as the compiled results.

4.3.1 CAPTURE24

The first series of experiments are performed on the Capture24 dataset. As mentioned above,

this is done to have an initial benchmark and point of comparison. Since this is a public dataset,

it allows us to better compare with other works who used this dataset and will grants some

initial insights on how the models perform with our methodology. This is essential in order to

reduce environmental and methodology variations when comparing with the unseen LIARA

dataset.

The first experiment gave poor results. Both Llama 3.3 and GPT-4o gave similar results. As

shown in Table 4.1, Llama 3.3 has an overall F1-score of 0.43 while GPT-4o ended with 0.41.

Looking at the classification reports for both models, Table 4.2 for Llama 3.3 and Table 4.3 for
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Figure 4.12 : Example of model answer
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Precision Recall F1-Score
bicycling 0.00 0.00 0.00
sit-stand 0.33 0.28 0.30

sleep 0.69 0.39 0.50
walking 0.47 0.83 0.60

Table 4.2 : Capture24 - Meta Llama 3.3 - Results

Precision Recall F1-Score
bicycling 0.07 0.12 0.09
sit-stand 0.33 0.17 0.23

sleep 0.56 0.74 0.63
walking 0.48 0.45 0.47

Table 4.3 : Capture24 - GPT-4o - Results

GPT-4o, we can see that they performed differently on each activity. Llama 3.3 performed best

on the walking activity while GPT-4o performed better on the sleep activity. Both did terribly

for the bicycling activity and achieved not-so-different poor results on the sit-stand label.

In an attempt to bring the results closer to those reported in the literature, specifically the

work of HARGPT [24], we evaluated different approaches to improve the performance of the

models on both datasets. The method that results in the most significant performance boost is

augmenting the number of samples for each activity. To do this, we randomly sampled three

(3) windows of data from each instance of an activity performed by an individual, effectively

tripling our number of activities for the experiments. This means that a bad random sample of

data has a reduced impact on the final results. As seen in Table 4.4, the best performance we

obtained with the Capture24 dataset is a F1 score of 0.71 on Llama 3.3 and 0.68 for GPT-4o.

The label sleep remained the top performer for GPT-4o with a F1-score of 0.85 while both

sleep and walking finished with a F1-score of 0.79 for Llama 3.3. The activity bicycling

remains the worst performer by far for both models.
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Precision Recall F1-Score
Meta-Llama-3.3-70B-Q8 0.74 0.70 0.71

GPT-4o 0.72 0.66 0.68
HARGPT 0.81 0.79 0.79

Table 4.4 : Capture24 - Best Results

Figure 4.13 : Distribution of Activities - Capture24

It is important to note that in the dataset, the activity labels are not balanced, as can be

seen in Figure 4.13. Specifically, the label bicycling is more than three times less represented

than the other three labels. We chose to keep it this way in the optic that this best represents a

real-world scenario and that the dataset Capture24, like ours, attempts to reflect real-world

conditions.
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Precision Recall F1 Score
Meta-Llama-3.3-70B-Q8 0.41 0.25 0.20

GPT-4o 0.36 0.37 0.32

Table 4.5 : LIARA - Initial Results - 4 Activities

4.3.2 LIARA DATASET

With the experiments of the Capture24 dataset completed, it is time to proceed with the

experiments for our in-house and unseen LIARA dataset. Displayed in Table 4.5, the F1-score

for Llama 3.3 is 0.20 while it is slightly higher at 0.32 for GPT-4o. Furthermore, we can see

that the precision and recall for GPT-4o, at 0.36 and 0.37 respectively, are not too far apart as

was the case in the Capture24 experiments for this model. We observe the opposite for Llama

3.3 with a significant gap between the two, 0.41 for the precision and 0.25 for the recall.

Looking at the classification report for the two models, shown in Table 4.6 and 4.7, we can

see that both performed very poorly on the sleeping activity with a F1-score of 0.07 for both.

Both performed best on the takingshower label, with Llama 3.3 achieving an F1-score of 0.41

while GPT-4o achieved 0.45. A significant difference in performance emerged between the

two models for the label readingbook. Llama 3.3 achieved a very low F1-score of 0.06 while

GPT-4o matched the takingshower label with 0.45. For both models, the detection of eating

activity yielded moderate F1-scores of 0.26 for Llama 3.3 and 0.31 for GPT-4o.

Following these results, we conducted an experiment comprising of three (3) activities

instead of four (4). This establishes an additional baseline for comparison prior to proceeding.

The objective is to determine if reducing the number of activities by one (1), which represents

25% of all activities included in this scenario, gives a noticeable boost in performance, as it
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precision recall F1-score
eating 0.20 0.38 0.26

readingbook 0.11 0.04 0.06
sleeping 1.00 0.04 0.07

takingshower 0.33 0.54 0.41

Table 4.6 : LIARA - Meta Llama 3.3 - Classification Report - 4 Activities

precision recall F1-score
eating 0.31 0.31 0.31

readingbook 0.56 0.38 0.45
sleeping 0.25 0.04 0.07

takingshower 0.33 0.69 0.45

Table 4.7 : LIARA - GPT-4o - Classification Report - 4 Activities

should. We remove the activity Reading since the biggest gap in performance between the

models occurred on this activity and we consider the other three (3) activities to be more

classical with more distinctive features to discriminate them.

The obtained results yielded no statistically significant improvement in performance. As it

can be seen in Table 4.8, the F1-score increased from 0.20 to 0.28 for Llama 3.3. On GPT-4o,

we see a more prominent increase in performance for the F1-score, from 0.32 to 0.48. Looking

at the classification report for both models, we can see in Table 4.9 and Table 4.10 an increase

in F1-score for the label sleeping on both models, with the most significant increase on GPT-4o

that jumps from 0.07 to 0.51. On the other hand, eating sees a sharp drop on Llama 3.3 while

Precision Recall F1 Score
Meta-Llama-3.3-70B-Q8 0.41 0.35 0.28

GPT-4o 0.65 0.51 0.48

Table 4.8 : LIARA - Initial Results - 3 Activities
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precision recall F1-score
eating 0.12 0.12 0.12

sleeping 0.67 0.08 0.14
takingshower 0.43 0.85 0.57

Table 4.9 : LIARA - Meta Llama 3.3 - Classification Report - 3 Activities

precision recall F1-score
eating 0.50 0.23 0.32

sleeping 1.00 0.35 0.51
takingshower 0.44 0.96 0.60

Table 4.10 : LIARA - GPT-4o - Classification Report - 3 Activities

staying relatively the same for GPT-4o. For both Llama 3.3 and GPT-4o, the label takingshower

remains the strongest performer by far with an F1-score of 0.57 and 0.60, respectively.

Finally, we made the costly decision to attempt an experiment using the whole window size

for each activity. The goal is to determine if the small window size we have been providing

is a significant limiting factor in the performance of the models. This leads to a significant

cost increase per call for the OpenAI API. Running on a locally hosted model required more

resources and time. Unfortunately, after a few variations settings in Llama C++ and also trying

to use a quantize four (Q4) version, we dropped the locally hosted Meta Llama model for this

test since we could not get it to run consistently. This increase in cost and time did not correlate

to an increase in performance of the GPT-4o model. As seen in Table 4.11, the performance

decreased significantly. The F1-score dropped by half, from 0.48 to 0.24. Looking at the

classification report in Table 4.12, we can see that sleeping fell back down with a F1-score

of 0.00. The activity of eating stays around the same with a F1-score of 0.33 while reading

came down to 0.23 from 0.45 in the first series of experiments. Finally, the takingshower
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Precision Recall F1 Score
GPT-4o 0.27 0.31 0.24

Table 4.11 : Results - 4 Activities - Full Data Window

precision recall F1-score
eating 0.36 0.31 0.33

readingbook 0.44 0.15 0.23
sleeping 0.00 0.00 0.00

takingshower 0.27 0.77 0.40

Table 4.12 : GPT-4o Classification Report - 4 Activities - Full Data Window

label remains dominant with a F1-score of 0.40. An insignificant difference from the initial

experiment’s number of 0.45.

4.4 DISCUSSION

The results were surprising to us and did not confirm our initial hypothesis. We expected to

have similar results within a margin of a couple percentage points when compared to results

obtained in the work of HARGPT [24]. We also noticed a significant difference between

GPT-4o and the Llama 3.3 model when using the LIARA dataset, which did not occur in the

case of the Capture24 dataset. We expected GPT-4o to outperform Llama 3.3 considering the

former is a state-of-the-art model while the latter is an open-source model and locally hosted,

yet it only did in the case of the LIARA dataset. This section encompasses a complete and

comprehensive investigation of what exactly is happening and why it is happening.
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4.4.1 ACTIVITY LABEL INTERPRETATION

One of the first points to investigate is the data from our laboratory. Previous work has

successfully used this data to train deep learning models, so why was the LLM unable to

accurately use it to determine the activity being performed by the participant? One of the first

clues comes straight from the description of the activity. Let us take a look at the description

for the activity sleeping, translated from French:

This activity takes place only once in the room, and the participant may not leave.

Before the recording begins, the participant must stand in front of the bed. During

the recording, the participant may simulate falling asleep by moving in bed or

simulate being in a deep sleep, meaning they will remain completely still. The

researcher responsible for data collection must take notes on the participant’s

activity throughout the recording.

The sleep activity has ambiguity. The participant can be simulating deep sleep or falling

asleep; these two acts generate very distinct data. It also begins outside of the bed, so the act

of getting in bed generates significant movement. We can see this with the entire acceleration

data for a participant going to sleep in Figure 4.14. The first half shows a lot of movement on

all axes as the participant gets into bed and, probably, simulates falling asleep which includes

a lot of movement. The second half shows the lack of movement we can expect from sleeping,

with a few spikes from when the participant rotates.
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Figure 4.14 : Acceleration data for participant 1b111579 sleeping

By analyzing the responses where the LLM mislabels the sleeping activity, we notice that

the model often interprets spikes in movement of the IMU data as being an activity other than

sleeping, as seen when it identifies sleeping as taking a shower in one instance:

Given the dynamic nature of the recorded IMU data with significant movements

captured across all axes, indicating wide-ranging repetitive movement[...]

Due to the CoT, the LLM provides a description for each activity for each experiment. This

allows us to understand how the model perceives each activity. In the context of sleeping, here

are a few descriptions provided by GPT-4o:

**Sleeping**: This would involve very minimal movement, with the IMU data

showing little to no changes except for very slight fluctuations due to minor body

adjustments.
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**Sleeping**: This activity involves very little movement, if any. The accelerom-

eter and gyroscope readings should be close to static, with occasional minor

adjustments.

**Sleeping**: The arm is mostly stationary, possibly with small involuntary

movements or rotations, but generally low activity.

This explains the poor performance for the activity sleeping as the model seems to

understand the activity to be something different versus how it is defined as in our dataset. It

further demonstrates the importance of having common definitions of labels to reduce such

errors. This could be mitigated by providing the description for each activity to the model

ahead of time in order to make sure the label is adequately defined.

4.4.2 DATA HAS BEEN SEEN IN TRAINING

A critical factor is whether the LLMs were exposed to the evaluation datasets during their

training phase. Considering public datasets, such as Capture24 [6] and HHAR [57], are online

and heavily used in HAR research, it is highly likely that they have been seen by the model

when it was trained. This has also been suggested by other research projects [19]. This would

mean that the impressive results obtained in other works could be, in part, explained by the

LLM memorizing that data and its associated label and not that it is capable of analyzing IMU

data to infer the activity an individual is performing. It could also explain why GPT-4o and

Llama 3.3 performed very similarly on the Capture24 dataset and not on the LIARA dataset. If

both models saw it in training then it is reasonable to assume that they would perform similarly
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when presented the same prompt and data. Since the LIARA dataset is unseen, it forces the

model to try and actually understand the data to classify it. It is at this stage that we can

observe the expected superior performance of GPT-4o over Llama 3.3.

4.4.3 ACTIVITIES USED AS A FALLBACK

Analyzing the results, we observed that the activity takingshower is heavily selected by both

the GPT-4o and LLama 3.3 models compared to other possible labels, even when reducing

from four (4) to three (3) activities. Looking at the confusion matrix for both models for all

the experiments, shown in Tables 4.13 through 4.17, we can see that both models select the

label takingshower very heavily over any other label by a wide margin. This activity is quite

vague, as in it represents a great variety of possible actions from rinsing, washing your feet,

adjusting water temperature, etc. as it can be seen by its description in Figure 4.15, translated

from French. Our hypothesis is that the models use this activity as a fallback activity, as it can

always fit the data we provide. We believe that when there is uncertainty or sections of data

that does not fit the model’s understanding of the possible labels, it falls back to this activity as

an explanation. Additionally, in the case of the LIARA dataset, the activity includes actions

before and after entering the shower. This likely compounds the effect and leads to further

confusion for the models.

On one hand, it is preferable to avoid including such fallback activities in order to force

the model to deal with uncertainty and make a decision on probable activities. On the other

hand, such activities are part of the real world and occur in every day scenarios. Omitting such

activities in order to boost model performance could serve in certain controlled environments
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eating readingbook sleeping takingshower
eating 10 0 0 16

readingbook 19 1 0 6
sleeping 12 6 1 7

takingshower 10 2 0 14

Table 4.13 : LIARA - Meta Llama 3.3 - Confusion Matrix - 4 Activities

eating readingbook sleeping takingshower
eating 9 1 2 14

readingbook 6 10 1 9
sleeping 5 7 1 13

takingshower 7 0 0 18

Table 4.14 : LIARA - GPT-4o - Confusion Matrix - 4 Activities

eating sleeping takingshower
eating 3 1 22

sleeping 17 2 7
takingshower 4 0 22

Table 4.15 : LIARA - Meta Llama 3.3 - Confusion Matrix - 3 Activities

eating sleeping takingshower
eating 6 0 20

sleeping 5 9 12
takingshower 1 0 25

Table 4.16 : LIARA - GPT-4o - Confusion Matrix - 3 Activities

eating readingbook sleeping takingshower
eating 8 2 0 16

readingbook 3 4 0 19
sleeping 6 2 0 18

takingshower 5 1 0 20

Table 4.17 : GPT-4o Confusion Matrix - 4 Acitivities - Full Data Window
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Figure 4.15 : takingshower activity description, translated from french

and scenarios but would not apply well to real world, dynamic conditions. This is a noticeable

weak point of the models when only provided with IMU data. Addressing this shortfall could

include providing context to the model (e.g. what room the individual is in) or including data

from other modalities (e.g. UWB-radars).

4.4.4 RANDOM WINDOWS CONUNDRUM

Using random windows from the whole data allows us to be able to run experiments since the

whole data is too large to be efficiently used with a LLM or would be too costly when using an

online platform, if they even allow the use of such large context windows. Furthermore, using

random windows allows us to better simulate dynamic and live HAR tasks that use a much

smaller amount of data from the last few seconds. It also brings to light another noticeable

weak point: small data anomalies. For instance, utilizing a 10-second window may capture

transient movements, such as minor positional shifts or dream-enacted motor activity during

sleep. If the model captures this data, it will be led to believe that the individual is performing

another activity due to the spike in acceleration and gyroscope data. By selecting a random

window, we also expose ourselves to the same risk as we run the chance of randomly selecting
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a window in which there is abnormal data for the labeled activity. One could argue that this is

a real world scenario and that such data is never clean.
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CHAPITRE V

REFINING FOR BEST RESULTS

5.1 OBJECTIVE

Following the results obtained with the initial experiments and the analysis performed, we

implement a series of experiments to evaluate how to increase the performance of the models

with our laboratory dataset. Considering that our dataset has not been made public and was not

available to the models when they were trained, we believe that we have a unique opportunity

to research various approaches and techniques on how they impact LLM performance on HAR

tasks in a real world scenario.

5.2 MODIFICATIONS

The analysis of the results from the initial experiments allowed us to deepen our understanding

of how the LLMs work in the context HAR with our dataset. As discussed in the previous

chapter, we identified multiple limitations and possible causes which could, in part, explain the

poor performance we observed. In order to better understand what is happening and validate



Figure 5.1 : Participant 4153eaad brushingteeth

our observations, we proceed with a a few modifications to how we pre-process our data for

the following experiments with the hypothesis that these changes will yield better results.

5.2.1 CHOOSING OUR ACTIVITIES

The first step was the selection of activities characterized by high inter-participant consistency,

simplicity, and distinct, highly discriminative data profiles. The goal for this was to make it

easier for a LLM to correctly identify which activity the participant was performing. With this

in mind, we attempted various combinations in order to determine which activities offered the

best chance of success without making it too easy for the model to perform well. The goal is

to keep it as close as possible to a real world setting. After considerations, we settled for the

following combination of activities: brushingteeth, drinking, readingbook, sleeping.
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Figure 5.2 : Participant 8c4bad9c drinking

We chose these activities based on the distinctive data they generated on the accelerometer.

Looking at Figures 5.1 through 5.4, we see how the data they generated are very different

from one another and, to an extent, even a human could interpret the activity from them. The

sleeping activity is very flat, indicating no movement, while we see the continuous up and

down motion associated with brushing your teeth for brushingteeth. For drinking, we see

elongated spikes that correlate to slow the slow up-down movement of taking a sip with resting

periods in between. Finally, for readingbook, we can see a long resting period followed by

activity from shuffling the book and turning a page.

5.2.2 INCREASING WINDOW LENGTH

The last of our initial experiments demonstrated that significantly increasing the size of the

window did not bring a significant performance increase. However, the random window

conundrum we discussed in the discussion section of the previous chapter leads us to believe
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Figure 5.3 : Participant cd8abd36 readingbook

Figure 5.4 : Participant 80a2ce12 sleeping
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that a small increase in window size to help overcome data anomalies would be beneficial.

This is especially the case for the activity sleeping which, as described in the previous chapter,

starts out of bed and can include more movement due to our definition than what the model

believes. We choose to increase the random window length for the activities from fifteen (15)

to twenty (20) seconds for the following experiments.

5.3 EXPERIMENTS

For the next series of experiments, we do not pursue with the locally hosted Llama model.

Considering that it resulted in poor performance compared to the GPT series from OpenAI,

we concentrate our efforts on the GPT models since it better reflects the performance we can

expect from using LLMs for HAR tasks. As a reminder, we only evaluate the LIARA dataset

in these experiments as we know it is unseen by the models during their training and offers the

best real-world scenario.

5.3.1 REMOVING GYROSCOPE DATA

The Capture24 dataset does not include any gyroscope data, it only has the acceleration

data. This leads us to the hypothesis that the gyroscope data confuses the model instead of

helping it. Our hypothesis is that the gyroscope data contradicts the acceleration data in terms

of what label the model believes it belongs to. For instance, the model might classify the

acceleration data as belonging to sleeping yet, when it sees the gyroscope data it interprets it as

not belonging to sleeping. We decided to run an experiment in which we include the gyroscope
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precision recall F1-score
GPT-4o Acc + Gyro 0.43 0.40 0.32

GPT-4o Acc 0.44 0.44 0.43

Table 5.1 : Gyro vs Acc - Total Results

precision recall F1-score
brushingteeth 0.39 0.90 0.54

drinking 0.48 0.21 0.29
readingbook 0.33 0.12 0.17

sleeping 0.50 0.04 0.07

Table 5.2 : GPT-4o Acc + Gyro - Classification Report

data in one run and excluded it in the other. This approach isolates the impact of gyroscopic

inputs on LLM accuracy, allowing for a direct assessment of their contribution to HAR tasks.

As we see in the Table 5.1, removing the gyroscope data led to an increase in performance.

This indicates that the extra data only confuses the model as it could, in part, contradict its

perception of the acceleration data. It can also indicate that the model prioritizes certain

elements due to the ordering of the information in the prompt, as some works seen in the

literature indicate that the ordering has an affect on performance [37] [9]. Looking at the

classification report in Tables 5.2 and 5.3, we observe that all labels had an increase in F1-score

when removing the gyroscope data. All except brushingteeth saw a significant increase.

Looking at the confusion matrix for both experiments in Tables 5.4 and 5.5, we see that when

the gyroscope data was included, the brushingteeth label was heavily selected compared to the

other activities, leading it to be a fallback activity as takingshower was in the previous chapter.

But when we remove the gyroscope data, it is far less heavily selected compared to the other

activities.
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precision recall F1-score
brushingteeth 0.49 0.65 0.56

drinking 0.43 0.40 0.42
readingbook 0.23 0.23 0.23

sleeping 0.58 0.27 0.37

Table 5.3 : GPT-4o Acc - Classification Report

brushingteeth drinking readingbook sleeping
brushingteeth 47 5 0 0

drinking 40 11 0 1
readingbook 17 6 3 0

sleeping 18 1 6 1

Table 5.4 : GPT-4o Acc + Gyro - Confusion Matrix

brushingteeth drinking readingbook sleeping
brushingteeth 34 14 4 0

drinking 20 21 10 1
readingbook 6 10 6 4

sleeping 9 4 6 7

Table 5.5 : GPT-4o Acc - Confusion Matrix
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precision recall F1-score
GPT-5.2 Acc 0.67 0.71 0.68

Table 5.6 : GPT-5.2 Acc - Total Results

precision recall F1-score
brushingteeth 0.84 0.92 0.88

drinking 0.69 0.92 0.79
readingbook 0.53 0.31 0.39

sleeping 0.43 0.23 0.30

Table 5.7 : GPT-5.2 Acc - Classification Report

5.3.2 UPGRADING THE MODEL

At this stage in our experimentation, new state-of-the-art LLMs have been released by OpenAI

in the form of the GPT-5 series. We decided to run an experiment in order to evaluate GPT-5.2

from OpenAI and determine if these new models bring an increase in performance. We run

the same experiment as we did on GPT-4o above with just the acceleration data on GPT-5.2.

Looking at the final results in Table 5.6, we see a massive jump in performance compared

to the GPT-4o with acceleration only in Table 5.1. The F1-score increased from 0.43 for

GPT-4o to 0.68 for GPT-5.2. With the classification report in Table 5.7, we observe that the

model performs well for the labels brushingteeth and drinking, with a F1-score of 0.88 and

0.79, respectively. Yet, it performs poorly for readingbook and sleeping, with F1-scores of

0.39 and 0.30, respectively. With the confusion matrix in Table 5.8 compared to the previous

experiment in Table 5.5, we notice that GPT-5.2 was far more capable in differentiating between

the drinking and brushingteeth activities. It also performed slightly better for readingbook but

was somewhat worse for sleeping.
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brushingteeth drinking readingbook sleeping
brushingteeth 48 3 0 1

drinking 2 48 0 2
readingbook 3 10 8 5

sleeping 4 9 7 6

Table 5.8 : GPT-5.2 Acc - Confusion Matrix

precision recall F1-score
GPT-5.2 Acc 0.52 0.42 0.39

Table 5.9 : GPT-5.2 Acc with sleeping description - Total Results

5.3.3 ADDING A DESCRIPTION OF THE ACTIVITY

In the previous experiment, we notice that the activity sleeping still performs very poorly

compared to the other activities. Considering that the sleeping activity we defined in our

dataset includes getting in bed and the act of moving when trying to fall asleep, which is

different than how the LLMs define sleeping (i.e. almost no movement), we are interested in

providing our description of sleeping in the prompt to determine if this can assist the model.

Looking at the total results found in Table 5.9, we notice a significant drop in performance

compared to the previous experiment. The final F1-score fell from 0.69 to 0.39. When

looking at the results in more detail through the classification report and confusion matrix,

Tables 5.10 and 5.11, we see that sleeping essentially becomes a fallback activity. Since this

activity can now represent a great variety of different acceleration data, the model selects

it a majority of the time. Way more than any other label. This leads to a sharp decrease in

overall model performance for this experiment. Although sleeping gets a small increase in
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precision recall F1-score
brushingteeth 0.84 0.62 0.71

drinking 0.50 0.13 0.21
readingbook 0.20 0.04 0.06

sleeping 0.25 0.96 0.40

Table 5.10 : GPT-5.2 Acc with sleeping description - Classification Report

brushingteeth drinking readingbook sleeping
brushingteeth 36 4 1 15

drinking 4 7 3 38
readingbook 1 3 1 21

sleeping 1 0 0 25

Table 5.11 : GPT-5.2 Acc with sleeping description - Confusion Matrix

F1-score performance from 0.30 to 0.40, drinking, readingbook and brushingteeth see a drop

in F1-score performance.

5.3.4 EXTRACTING FEATURES

For another experiment, we are interested to see if the LLMs perform better on features instead

of the raw IMU data. For this, we extract common features for each axis such as the mean,

max, min, standard, etc. as well as skewness, kurtosis, Root mean square (RMS) and more for

a total of sixty (60) different features. We use GPT-5.2 for this experiment and use features for

both the accelerometer and gyroscope data.

• Accelerometer & Gyroscope Features for each axis (42)

– Mean: Average acceleration / angular velocity

– Std: Standard deviation
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precision recall F1-score
GPT-5.2 Acc 0.45 0.42 0.33

Table 5.12 : GPT-5.2 Features - Total Results

– Min / Max: Extreme values

– RMS: Root Mean Square

– Skewness: Asymmetry distribution

– Kurtosis: Peakedness of distribution

• Magnitude & Signal Energy Features (5)

– AccMag (Mean + Std): Statistical metrics for the total acceleration vector magnitude

– AccMag Energy: The total energy of the accelerometer signal

– GyroMag (Mean, Std): Statistical metrics for the total angular velocity magnitude

• Frequency-Domain Features for each axis (12)

– DomFre: Dominant Frequency

– MaxFFTMag: Magnitude of the dominant frequency

• Orientation Features (1)

– Orientation Tilt Cos: The cosine of the tilt angle, representing the device’s

orientation relative to gravity.

Looking at the results, Table 5.12, the model performs very poorly. The F1-score falls to

a low of 0.33, lower than the previous experiment and far lower than the best case of 0.68

seen so far. Taking a look at the classification report, Table 5.13, and the confusion matrix,
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precision recall F1-score
brushingteeth 0.40 0.98 0.57

drinking 0.75 0.17 0.28
readingbook 0.38 0.19 0.26

sleeping 0.00 0.00 0.00

Table 5.13 : GPT-5.2 Features - Classification Report

brushingteeth drinking readingbook sleeping
brushingteeth 51 0 0 1

drinking 36 9 5 2
readingbook 17 3 5 1

sleeping 23 0 3 0

Table 5.14 : GPT-5.2 Features - Confusion Matrix

Table 5.14, we observe the model attributing the label of brushingteeth to the great majority of

activities. This performs similarly to the activity takingshower in the first series of experiment

as in, it is being used as a fallback activity that can always be reasoned to fit the data.

5.3.5 ALL FOURTEEN ACTIVITIES

As a final experiment, we included the full LIARA activities list of fourteen (14) distinct labels.

The objective is to determine how well the methodology and model can scale with a much

greater variety of activities that can overlap in terms of what their data looks like. This also

more closely represents a real-world scenario and gets closer to the results that we would

obtain in our laboratory running the model for real-time inference. For this experiment, we do

not explain any of the labels to the model beforehand. Hence, the model must understand the

label and determine if the data it receives fits. We also bump the random window to thirty (30)

seconds so the model has a better picture of what is happening.
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precision recall F1-score
GPT-5.2 Acc 0.13 0.21 0.15

Table 5.15 : GPT-5.2 - All Activities - Total Results

precision recall F1-score
brushingteeth 0.26 0.63 0.37

doinghousework 0.00 0.00 0.00
drinking 0.27 0.48 0.34
eating 0.09 0.15 0.12

gettingdressedundressed 0.00 0.00 0.00
goingtoilet 0.00 0.00 0.00

puttingawaycleanlaundry 0.00 0.00 0.00
puttingawaydishes 0.08 0.02 0.03

readingbook 0.05 0.04 0.04
resting 0.44 0.54 0.48

sleeping 0.17 0.12 0.14
takingshower 0.00 0.00 0.00

usingcompsphone 0.12 0.42 0.18
washingdishes 0.12 0.31 0.17

Table 5.16 : GPT-5.2 - All Activities - Classification Report

With the results displayed in Table 5.15, we see the F1-score has come down to 0.15.

To better understand these results, we take a look at the classification report in Table 5.16.

Here, we observe that the best performing label is resting at 0.48 for its F1-score and with

brushingteeth and drinking doing well compared with the rest. Interestingly, we notice that

many activities have a F1-score of 0.00: doinghousework, gettingdressedundressed, goingtoilet,

puttingawaycleanlaundry, takingshower. The remainder of the labels perform poorly with

single digit or in the teens F1-score.
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precision recall F1-score
GPT-5.4 Acc 0.71 0.72 0.72

Table 5.17 : GPT-5.4 Acc - Total Results

precision recall F1-score
brushingteeth 0.81 0.92 0.86

drinking 0.69 0.77 0.73
eating 0.45 0.35 0.39

sleeping 0.79 0.58 0.67

Table 5.18 : GPT-5.4 Acc - Classification Report

5.3.6 COMBINING WHAT WE LEARNED

Following the experiments, we ran an experiment grouping what we learned so far to see if it

would improve performances. As such, we increased the random window size to thirty (30)

seconds of acceleration data, which matches the work of AccNet24 [14]. We also replaced

the label readingbook by eating since GPT-5.2 seemed to have difficulties differentiating

readingbook and sleeping, as seen in Table 5.8. Additionally, a new version of GPT-5 has

come out and we will use this version, GPT-5.4.

As shown in Table 5.17, the performance saw a small increase to an F1-score of 0.72, up

from 0.68 of the best experiment so far in Section 5.3.2. Looking at the classification report

and confusion matrix, Tables 5.18 and 5.19 respectively, we can see we have a small decrease

in performance for brushingteeth and drinking, where both seem to get confused with eating

more than they did with readingbook. Eating performs the same as readingbook. But we

observe that sleeping has seen a huge bump in performance, from an F1-score of 0.30 up to

0.67. This is what results in the better overall score.
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brushingteeth drinking eating sleeping
brushingteeth 48 1 3 0

drinking 2 40 8 2
eating 8 7 9 2

sleeping 1 10 0 15

Table 5.19 : GPT-5.4 Acc - Confusion Matrix

precision recall F1-score
RF Acc 0.89 0.88 0.88

Table 5.20 : Random Forest - Total Results

5.3.7 THE RANDOM FOREST

It remains important to benchmark models against traditional algorithms. If we cannot

outperform them, we are not really solving a real problem. In that spirit, we trained a very

simple random forest on our dataset. For this, we kept the full window of data to capture as

much information as possible and since we are not limited by the size of the data. The only

pre-processing we implemented is down-sampling from 50Hz to 10Hz. For the random forest,

we selected seven (7) features to train on: Mean, Std, Min, Max, Median, 25% percentile and

75% percentile. We split the data into a train and test dataset with a 50-50 split to evaluate the

random forest on as much data as possible while having a model that performs well. We also

set the random state to forty-two (42).

As shown in Table 5.20, the random forest achieves a F1-score of 0.88. This outcome

outperforms all tested LLM configurations, despite extensive activity selection, continuous

optimization of the data pre-processing pipeline, and rigorous post-hoc analysis regarding LLM

dataset interactions. A simple random forest trained in seconds outperforms everything so far.
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precision recall F1-score
brushingteeth 0.92 0.92 0.92

drinking 0.87 0.93 0.90
readingbook 1.00 0.69 0.82

sleeping 0.75 0.90 0.82

Table 5.21 : Random Forest - Classification Report

brushingteeth drinking readingbook sleeping
brushingteeth 24 0 0 2

drinking 1 27 0 1
readingbook 0 4 9 0

sleeping 1 0 0 9

Table 5.22 : Random Forest - Confusion Matrix

Looking at the classification report in Table 5.21, we observe that every label has a F1-score of

0.82 or higher. The highest performing activity remains brushingteeth with a F1-score of 0.92,

but the previously struggling sleeping activity is up to 0.82. With the confusion matrix in

Table 5.22, we notice that most errors are between drinking and readingbook. We also observe

a few sleeping labels being placed with drinking and brushingteeth, probably due to nature of

the activity our participants performed as discussed previously.

5.4 DISCUSSION

Through these experiments, we are able to further our understanding of the models and how

they function. We validated some of our hypothesis, such as that certain activities can be

used as a fallback activity when the data fits most labels. This illustrates the need to carefully

select the activities used and also heavily suggests that LLMs might not be able to perform

adequately in a real world scenario where inhabitants perform a dozens if not over a hundred
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various activities in daily living. This last point is demonstrated in the final experiment in

which all fourteen (14) labels are included and the model performance drops significantly.

Analyzing the final experiment where all fourteen (14) activity labels are used, it is very

interesting that five (5) of the activities have an F1-score of 0.00. This indicates that these

activity labels are practically never selected by the model across the near five hundred and

fifty (550) activities that we tested during the experiment. Curiously, takingshower, which

was observed being a fallback activity in chapter four (4), is among the labels not selected

throughout the experiment. This leads to the hypothesis that, in the current context and

methodology, the model eliminates activities that are vague by its definition of the label. An

analysis of the five (5) activity labels yielding an F1-score of 0.00 suggests high statistical

variance or class overlap. Consequently, the model failed to learn distinct patterns for these

classes. Greater number of activities could possibly lead to the mitigation of the fallback

activity issue we have observed so far.

Furthermore, our experiments indicate that LLMs do not perform well when dealing

with raw, numeric data. Gyroscope data, something that we thought would result in better

performance, combined with acceleration data, actually confuses the models and leads them

to be less accurate. This is demonstrated by the gain in performance when removing it from

the prompt. Also, the bad performance when given only features confirms the weakness of

LLMs when dealing with numeric data exclusively. Although, one could argue that too many

features were provided to the models and that lead to confusion in the same manner as when

the gyroscope data was included.

86



Additionally, the fact that a simple random forest with a small set of features was able to

vastly outperform state-of-the-art models really stands out. It further validates that LLMs are

not efficient when being given numerical data. It also reminds us about the need to validate

the work that we do as scientists against simple solutions and traditional algorithms. On the

one hand, it is a blow to our prospect of using LLMs in their current state for HAR tasks. On

the other hand, it is a powerful reminder and encouragement that traditional machine learning

algorithms still have their place among the resource-intensive models.

Ultimately, we are reminded about the rapid advancements of LLMs. From one generation,

GPT-4o -> GPT-5.2, we see a significant jump in performance. Such generational improvements

in foundation models indicates the possibility that they could become far more efficient and

useful for HAR tasks in the near future. We strongly believe that with the ideal activities

selected and further data pre-processing refinement, we would have been able to match the

performance demonstrated in the previous works with our dataset. On the other hand, this

would not represent a real-world scenario and goes against the objective of this master’s project.

Finally, combining all that we learned in an experiment did show a small bump in F1-score,

although this was mostly due to the bump in performance from the label sleeping more than

doubling its F1-score. This can be due to a multitude of factors. Maybe we got lucky in the

random windows we generated, or the thirty (30) seconds window actually helps the model not

get confused by abnormal data. It can also be the new model version that is better or simply the

fact that the model did not have to take into consideration readingbook, which could generate

similar data. In our opinion, it is a combination of all these factors. This further validates

our point that achieving a good result with LLMs for HAR tasks requires serious thought,

consideration and work of the data and pipeline to work well.
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CHAPITRE VI

DISCUSSION

This chapter focuses on all the different aspects encountered during the research project. What

went right, what went wrong, the different limitations we encountered, how the state-of-the-art

has evolved, etc. The work covered in this master’s thesis spans multiple iterations, technical

challenges and advancements in the field of artificial intelligence. We learned a lot concerning

the functioning of LLMs, differentiating factors between HAR datasets and the real world

constraints around HAR tasks. Here, we share the insights we gained throughout the research

project.

6.1 CAPTURE24 - WHAT HAPPENED?

A normal question to ask is why did we not achieve the same level of performance with the

Capture24 dataset as the work done in HARGPT [24]? Our hypothesis comes down to how the

data was pre-processed before being provided to the LLM. Unfortunately, we do not have all

the information on how the data was prepared in their original project. We assume they must

have selected windows of data, as the whole data is too large of a context for the model. We do

not know how it was done. Judging from the significant differences in performances, it was



obviously done using a different method than how we proceed. We also do not know the size

of the dataset they opted to use for testing. We opted not to spend too much time attempting

to replicate their exact results as our goal was to have an initial benchmark to compare our

unseen dataset and then work from there. Additionally, all attempts to perfectly match their

data would be pure conjecture on our part.

6.2 HOSTING A LLM LOCALLY

One of the objectives of this research project is to determine the feasibility of hosting our

models locally for HAR tasks. Self-hosting in the context of a smart home for HAR has

numerous advantages, with the two primary being increased privacy and cost reduction. As

seen in the research project, making continuous API calls to online models, provided by the

likes of OpenAI, Google, Anthropic, etc., rapidly incurs significant costs. We completed

a small set of controlled experiments using OpenAI’s online models in this project and

incurred costs over 150$ USD. If this was to be a solution that runs continuously in a smart

home, costs could reach well over 1000$ USD monthly. Such a cost would be prohibitive

for many potential users and limit adoption. Furthermore, continuously providing sensitive

health-related information to an online platform presents privacy and security implications.

This information could be used to the disadvantage of the inhabitant by associated third-parties

(e.g. insurance providers) or lead to a major vulnerability in the case of a data breach. With

security concerns increasing among the general public [43], such a solution would likely be a

major irritant for most scenarios.
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6.2.1 SHARED, OFFLINE MACHINE RUN BY A SMALL INSTITUTION

As mentioned in the experimental setup chapter, our laboratory possesses a machine with

high-end consumer performance hardware. This hardware, combined with knowledge at the

time, had us confident in our ability to run state-of-the-art open LLMs with large numbers of

active embeddings. Unfortunately, we came to the realization that maintaining hardware for

such tasks requires considerable time and technical know-how. In our laboratory’s context, the

hardware is kept in a practically offline state due to security considerations from the university’s

Information Technology (IT) staff. This means that we only have internet access in the context

of installing packages from reputable package managers such as APT and pip (Python) and are

not able to download or install packages freely from the web. This greatly limits the solutions

we can use for self-hosting models and also means we find ourselves generally unable to update

various software on the machine that is a few years old. As LLMs are a recent technology and

evolve rapidly, this is a highly limiting constraint for our use case.

Furthermore, this machine is shared among all the scientists of the LIARA laboratory. This

results in resource constraints on the machine which is particularly limiting in our use case,

as we needed all of the hardware resources to run the Meta Llama 70B models, restricting

the times we can run experiments. Additionally, the machine is configured with a shared user

space meaning that all scientists share the same versions of drivers and software installed.

This results in us being unable to increase the version of certain critical software components

such as Python and, crucially, CUDA drivers. Ultimately, the compounding effect of the

combination of factors leads to significant difficulties in being able to run the desired models

locally with the optimal configuration.
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6.2.2 COMPLEXITY OF FINDING THE RIGHT PARAMETERS

Locally hosting an LLM is more complex than simply having the correct hardware and

software to run the model. Optimizing the parameters so it runs as efficiently as possible is the

real challenge we faced. This requires further knowledge about low end hardware-software

optimization than we anticipated. In our laboratory, we used Llama.cpp as it is the best

solution we can use given our constraints. There are hundreds of different parameters that

can be used when configuring the hosting server. Some can be combined together and some

cannot. Exactly what they do requires specific knowledge about how LLMs work, hardware

specifications and even driver code. This results in a significant time investment in order to

efficiently run a specific model on precise hardware and is subject to change as the technology

evolves. In Figure 6.1, we display a section of the Llama.cpp project page that enumerates

a subsection of possible options that can be configured. We absolutely believe that this is

achievable; entire communities are devoted to self-hosting LLMs. Our realization comes from

the fact that it is not something that is done quickly or simply. Rather, it requires a significant

time investment and, ideally, involves an individual with the experience and knowledge of

running IT infrastructure. The platforms of OpenAI, Anthropic and such hide this complexity

within their refined user interface and rapid answers. It is not to be negated when running a

model locally for research purposes, as it has a significant impact on model performance and

time necessary for implementation.
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Figure 6.1 : Extract of some options for hosting LLMs with Llama.cpp
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6.3 LLMS AND NUMERIC VALUES

By definition, LLMs are really good with NLP. As seen in Chapters 4 and 5, LLMs seem to

struggle when provided raw numerical data from IMU-based sensors and we believe that it

would be the case with most numerical-based data. This is shown when performance increases

once we remove the gyroscope data in Chapter 5 and further validated by our experiments

with dimensionality reduction. This aligns with our understanding as NLP is very distinct

from strict numerical-based inputs. It is like comparing how processors communicate versus

how humans communicate, it involves thinking differently and a certain level of translation.

6.3.1 NUMERICAL TO NATURAL LANGUAGE

Given that LLMs are better at processing natural language over numerical values, it is logical

to assume that converting the raw inputs of the IMU and other sensors into text would improve

performance. There has been recent work which has contributed to this approach by using

encoding/decoding methods with wearable sensor data in order to communicate via natural

language with a LLM [8]. Although, this approach also consists of combining multiple

wearable sensors with a video component and a training component is also necessary.

In the summer of 2025, Google released their paper SensorLM [73] which greatly contributes

to this approach and specifically uses IMU-based data from Fitbit and Google Pixel Watch

devices. In this work, they achieved impressive results and a significant leap forward for HAR

tasks using IMU data. But, they had to curate a dataset by adding captions for the IMU data
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in three categories: Semantic, Statistical and Structural. They also had access to over 59.7

million hours of data from over 103 000 participants.

Although we did consider introducing a certain level of numerical to text translation to

communicate our data with the models, we realized, and these works further demonstrate, that

this approach negates the benefits and assumptions that LLMs are capable of performing HAR

tasks without heavily pre-processing data, combining data sources, or needing to train/fine-tune

models in order achieve acceptable performance.

6.3.2 MULTI-MODAL APPROACH

Another approach includes providing context alongside the IMU data to help the LLM better

comprehend the big-picture element. This is a relatively recent approach and involves aligning

the IMU data with other sources, such as video, audio, text, etc. as a multi-modal approach for

HAR tasks [36]. Research using this multi-modal approach with LLMs for HAR tasks shows

promising results [21] [12].

Providing context in the prompts was discussed by the LIARA team. It would be interesting

to combine the information from other sensors, such as the location of the participant using

UWB-radar or even simply the time of day. Unfortunately, this approach also negates the

hypothesized benefits of LLMs being effective simple, zero-shot human activity recognizers.

It also has the possibility to increase the cost or resources necessary for HAR tasks since more

tokens are required to pass the supplementary information.
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6.4 DATASETS SEEN BY THE LLMS

A point of concern is that the public datasets used in other works have been seen by the

various LLMs when they were trained. This would mean that they perform well because they

memorized the labels for the data and that they do not actually interpret it in order to determine

the activity being performed. If this is the case, it would explain the good results in a zero-shot

experiment context. However, would it really be zero-shot if the data was seen in training?

6.5 ACTIVITY VARIATIONS

We observe noticeable data variations in the various daily living activities of our dataset.

These fall under two categories: inter- and intra-individual variations. The former is variations

between different participants in how they performed an activity while the latter covers

variations in how an individual performed the same activity on two different occasions. An

example of inter-individual variation, Figures 6.2 and 6.3 both display the acceleration data for

a participant brushing their teeth. Yet, the data is very different between them as they probably

brush their teeth in a different manner. In Figures 6.4 and 6.5, we can see intra-individual

variation as both Figures show the acceleration data for a same participant drinking on two

different occasions. We observe the movement of drinking to be more elongated in Figure 6.5

versus Figure 6.4.
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Figure 6.2 : Inter-Variability: Participant 28260ae9 Brushing their teeth

Figure 6.3 : Inter-Variability: Participant da6d42da Brushing their teeth
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Figure 6.4 : Intra-Variability: Participant 41b00638 Drinking

Figure 6.5 : Intra-Variability: Participant 41b00638 Drinking - 2
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This variability is important as it serves to explain the inconsistencies in the models ability

recognize activities between participants and different instances of an activity for the same

participant. It serves to highlight how each individual performs the same daily living activities

in their own manner which can be quite different to how the models perceive the activity. Some

research projects have worked to tackle this with techniques to make the activity data more

heterogeneous [27] [33]. This again requires further data pre-processing before it can be used

for HAR tasks. Furthermore, given an individuals state (e.g. tiredness), they can perform the

same activity differently. This can be further compounded by location, tools (e.g. fork vs

chopsticks), physical factors (e.g. injury), etc. The result is that there is no standard, data-wise,

to how a daily living activity is represented due to many combining factors.

6.6 PROMPT STRUCTURE AND LABEL BIAS

A limitation of our research is that we used the same base prompt structure and approach

throughout our experiments. Recent works have demonstrated that the prompt structure can

trigger internal associations within the LLM which will greatly affect the internal reasoning

and subsequent response [4]. This means that our prompt could trigger the models to think in

a certain manner that is not beneficial for our use case or dataset. Furthermore, it has also

been demonstrated that model improvements (e.g. GPT-3 to GPT-4) could bring differences in

model response for a same prompt, and not always in a beneficial way [4].

Additionally, within our prompt, we provided the list of possible labels to the model in

the order in which they appear in the dataset. Yet, it has been demonstrated in recent works

that the order of the labels in the prompt can create biases. This means that the model could
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prioritize or prefer a certain label given its position in the list (e.g. first or last) [61] [4]. Since

we have not experimented with the order of our labels, this could of had an effect on the results

we obtained, especially since we changed the selected activities between experiments.
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CHAPITRE VII

CONCLUSION

The ageing of the world’s population is a major concern for the world’s governments, especially

in Western societies such as Canada that are already facing the impacts from this significant

change in demographics. As this phenomenon increases the strain on health services and

resources, human activity recognition has demonstrated itself to be a useful tool for healthy

ageing solutions [35] [15]. Deep-learning models have demonstrated good performance on

HAR tasks but show limitations when confronted with the generalization necessary of a

real-world smart habitat. In contrast, the pre-trained reasoning of large language models have

shown great potential in being effective generalizing zero-shot human activity recognizers in

early works. Unfortunately, our experiments have shown the limitations of these models as

zero-shot recognizers when confronted with with real-world data from an unseen dataset. This

limitation is even more prevalent when facing more than a dozen possible activities.

7.1 CONTRIBUTIONS

The first contribution of this master’s project is the evaluation of the LIARA data set for

zero-shot HAR tasks using LLMs. As demonstrated in chapters four (4), our dataset does not



initially perform well when using a methodology similar to the HARGPT paper to perform

HAR tasks on GPT-4o and Meta Llama 3. In the following chapter five (5), we demonstrated

that by removing the gyroscope data, as is the case in the data-set CAPTURE24, and making a

few modifications to our activities, we managed to attain more acceptable performances. The

difference in performance, as discussed in the above section, is hypothesized to be caused by

the fact that the datasets used in previous works are public. This means that they are seen by

the models when trained. In our case, our laboratories dataset is not public, and therefore

unseen by the models.

The second contribution of this master’s project is the rigorous analysis of various

optimization techniques to increase HAR tasks performance with LLMs. As demonstrated in

the fifth (5) chapter of this master’s thesis, the performance of LLMs improves significantly

when selecting the "correct" activities. This implies that the activity must be clearly defined as

vague activities, such as taking a shower, possesses significant inter-variability. Furthermore,

we have successfully demonstrated that LLMs do not perform well with raw numerical data.

This was seen in the experiments using features instead of the sensor data, especially with

the removal of the gyroscope data, the biggest gain in model performance. Finally, we also

demonstrated how simply "using a better model" yields significant gains in performance,

reflecting the early age of LLMs and the various approaches demonstrated in the early works.

This comes with the fact that we must not forget to rigorously compare their results to well

established approaches, such as deep learning and even traditional machine learning methods.
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7.2 FUTURE WORK

As the latest works presented in the discussion have shown, the new direction for using LLMs

in the context of HAR focuses on a multi-modal approach. This approach includes including

captions to the datasets to leverage the natural language capabilities of LLMs. It also includes

the combining of data from multiple sensors, such as IMU, UWB-raders, video cameras, etc.

in an effort to bring more information to the model and help it better determine the activity

that the participant is performing. In that context, we believe it would be interesting to apply

these methods to our laboratory dataset as we also have data from different sensors, such

as UWB-radars, for the activities performed by the participants. We also hypothesize that

we could get better performance from LLMs by including textual context to the model from

passive sources of information, such as the time of day and the location (room) in which

the sensor is in. Integrating these constraints is hypothesized to improve performance by

narrowing the LLMs reasoning context, such as excluding labels that are not possible given

the parameters.

7.3 PERSONAL NOTE

Although we started to get close to the performance that was observed in the previous work

mentioned in the literature review, we must take into consideration that it is on only four (4)

very data-distinct activities. Humans perform dozens of distinct activities each day. Our dataset

has fourteen (14) and many activities are grouped into the same category (e.g. Housework).

If we want to include sports as Google did in their SensorLM paper, that list grows even

longer. Even Google with all their expertise and work achieved an F1-score of 0.29 [73] on a
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test set of twenty (20) distinct activities for zero-shot recognition. Furthermore, this is after

curating an IMU data-set with captions for the different data in order to communicate via

natural language with the models. This aligns with our final experiment in which we included

all of our activities and managed an F1-score of 0.15. And we have not even tackled the reality

of varying environments when considering smart homes.
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