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ABSTRACT

Conventional Al-powered smart home assistants primarily function
as voice-activated control systems with limited adaptability and
contextual understanding. Similarly, while traditional artificial
intelligence has advanced autonomous building research, it often
relies on predefined rules and struggles with real-time decision-
making in dynamic building environments. This paper introduces a
novel Generative Al-driven framework that integrates Large
Language Models (LLMs) to create a smart generative Al-based
virtual assistant and an operation automation system for building
infrastructure. The Al systems autonomously manage building
operations by analyzing real-time occupancy patterns and adjusting
environmental conditions based on predefined comfort thresholds.
The proposed system also facilitates seamless human-building
interaction through an LLM-powered virtual assistant. The
framework is validated through a prototype implementation in a
real-world building equipped with smart appliances, with
evaluations focusing on the Al systems’ accuracy, reliability, and
scalability. The findings demonstrate that the prototype system can
autonomously adjust building conditions, optimize energy usage,
and provide intelligent assistance for building operation tasks.
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1 Introduction

Research on autonomous buildings has become a promising
frontier in the field of smart and sustainable infrastructure.
Autonomous buildings are characterized by their ability to operate
independently through self-management, self-sufficiency, and
intelligent operation [1], [2]. Machine learning techniques and Al
have played a pivotal role in enabling these advancements. Their
capacity to analyze large volumes of data, recognize trends, and
make well-informed choices has contributed significantly to
improving energy efficiency, enhancing occupant comfort, and
optimizing building performance [3], [4]. However, the
functionality of this conventional machine learning model may rely
on predefined rules or specific training data, which, in some
circumstances, may not adequately capture the dynamic and
complex nature of the building environment [5], [6]. Furthermore,
they often struggle to adapt to evolving circumstances or to
incorporate contextual information effectively [7].

The advent of large language models (LLMs) offers a
promising avenue to overcome these limitations and unlock a new
realm of possibilities for autonomous building operations. LLMs
exhibit remarkable capabilities in natural language processing,
which could enable seamless human-machine interactions and
intelligent decision-making processes [8]. Unlike conventional
machine learning algorithms such as deep learning, regression,
clustering, and reinforcement learning, LLMs possess a deep
understanding of contextual information and can engage in
humanlike conversations [5], [6], which could allow for more
intuitive and adaptive control of building systems. Despite its
transformative potential, the application of LLMs in building
automation and smart virtual assistants remains largely unexplored.
This study aims to address these gaps by proposing a novel
Generative Al-driven framework that seamlessly integrates LLMs
into building automation systems for autonomous building
management while providing an intelligent virtual assistant
interface for enhanced human-building interaction.

2 Related work

Recent research has focused on applying machine learning to
enhance smart home capabilities. For instance, researchers have
proposed home automation based on activity recognition by using
deep learning algorithms to recognize users' activities from
accelerometer data [9]. Voice-based assistants have also been an
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Figure 1: Overview of the LLM-based Virtual Assistant.

important focus area, with systems designed to understand users'
voice commands through natural language processing (NLP). Rani
et al. [10] developed a voice-controlled home automation system
using NLP and IoT to control basic appliances. In addition, while
commercial solutions like Google Assistant, Alexa, and Bixby offer
user-friendly interfaces for handling various commands with
advanced NLP techniques, they typically struggle with implicit and
complex instructions [11]. These systems often fail when user
utterances cannot be easily mapped to preprogrammed routines
[12]. Web-based services like IFTTT [13], Zapier [14], and Home
Assistant [15] enable users to create rules for controlling smart
devices without extensive programming knowledge, though they
lack the reasoning and context-awareness offered by LLMs.

To address these limitations, recent work has leveraged Large
Language Models (LLMs) to better understand and execute
complex user commands. Sasha [16] demonstrated that LLMs can
produce reasonable behaviors in response to complex or vague
commands by implementing a decision-making pipeline using
LLM. However, Sasha's pipeline stages are manually defined and
fixed, thereby limiting flexibility. Rivkin et al. [12] have also
presented Smart Home Agent with Grounded Execution (SAGE),
which overcomes these limitations using a scheme where user
requests trigger an LLM-controlled sequence of discrete actions.
In addition, LLM-powered autonomous agents are designed to
perform complex tasks with minimal human intervention. Various
agent architectures have been proposed [17], including Chain-of-
Thought (CoT) [18], a prompting technique enabling complex
reasoning through step-by-step planning while tools such as llama
cpp agent [19] further extend LLM-based agent capabilities.

Furthermore, it is important to note that the existing research
on the application of LLMs in the construction domain has
primarily utilized commercialized GPT models, such as OpenAl's
ChatGPT. The use of these cloud-based GPT models requires
sensitive data to be transmitted to external servers for processing,
potentially exposing it to unauthorized access or data breaches [20].
Another significant challenge lies in the cost and scalability aspects
of these commercial LLM services. Therefore, there is also a need
to explore alternative solutions, such as utilizing local and open-
source LLMs that can improve inference speed while addressing
data privacy concerns, as the data remains localized within the
device or system. Our work builds upon these foundations while
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also addressing limitations in flexibility, scalability, and integration
with building infrastructure’s automation system using open-
sourced LLMs.

3 Methodology

This research employs the Design Science Research (DSR) [21]
methodology to develop and validate the LLM-powered building
automation system and virtual assistant. Previous studies [12], [22]
reveal significant gaps in current building automation systems,
including limited contextual understanding of traditional Al
approaches and insufficient research on LLM integration in smart
building applications. To address these gaps, the research
objectives focus on developing an innovative framework that
integrates LLMs into building automation systems for enhanced
human-building interaction and autonomous environmental control.
The design and development phase encompasses creating the LLM-
powered virtual assistant interface, developing the autonomous
building control system, and implementing real-time monitoring
capabilities. The system will be demonstrated in a real-world smart
building environment equipped with various sensors and smart
appliances. Evaluation will assess the system's performance
through multiple metrics, including environmental control
accuracy, system reliability, and scalability. Finally, the research
findings and framework design will be disseminated through
academic publications.

4 Proposed framework

The proposed Al system consists of two primary components: the
LLM-based Virtual assistant and the LLM-based Al agent. The
Virtual assistant functions as a conversational interface that
leverages LLM's language understanding capabilities for human-
building interaction while the Al agent operates independently to
monitor environmental conditions, analyze sensor data, and
automate building operations without direct human input.

4.1 LLM-based Virtual Assistant

The LLM-based virtual assistant aims to facilitate the human-
building interaction aspect within the proposed framework. Users
can communicate with the virtual assistant through text and voice
input to control various building facilities, adjust set points for the
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Figure 2: Overview of the LLM-powered autonomous building operation.

specific building smart facilities, or turn systems on or off as
needed. Central to the virtual assistant is a locally hosted, open-
source LLM and its function calling capabilities, specifically the
LLaMA3 model by Meta [23]. The use of local and open-source
LLM is driven by several factors, including enhanced data privacy
and reduced operational costs. By keeping all interactions and data
processing within the local infrastructure, the system also ensures
independence from third-party entities and maintains strict control
over sensitive information. The virtual assistant workflow is
illustrated in Figure 1, which demonstrates the integration of
frontend and backend components. Users interact with the system
through a web-based chat interface. The submitted prompts by the
user are transferred to the backend and processed by the local LLM
model. Upon receiving a query, the LLM model leverages its
reasoning and function-calling capabilities to understand the user’s
request and activates the appropriate predefined tools for task
execution.

4.2 Autonomous building operation

The proposed LLM-based autonomous building operation
framework leverages the integration of IoT devices and sensors,
smart building facilities such as the HVAC and lighting system, and
LLMs to create automated control of building systems (Figure 2).
An array of environmental sensors and IoT Devices will be used to
collect environmental data such as temperature, humidity, light
intensity levels, carbon monoxide levels, as well as energy usage
information, and occupancy levels within the physical space.
Raspberry Pi devices are used to process these data and feed them
into the Al agent through REST API. In addition, the threshold
parameters are used for the automated smart building operation
(e.g., max or min temperature, humidity, etc.). These threshold
values are the baseline comfort parameters for ensuring optimal
comfort and indoor environmental quality and are defined by users
or building managers, who serve as administrators for the physical
spaces. During the operation, the LLM-based Al agent will
continuously compare real-time sensor data from the physical space
against these predefined thresholds. When the environmental data
values exceed these thresholds, the Al agent utilizes its function-
calling capabilities to control various building systems, including
smart lighting and HVAC systems. These operations involve
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adjusting set points, activating or deactivating devices, or triggering
alerts to maintain optimal building conditions.

5 Proof of Concept

5.1 Implementation preparation

5.1.1 Smart home appliance. To simulate the required
environmental management capabilities for the study, a range of
smart home devices has been installed, allowing the virtual
assistant to control air quality, humidity, lighting, and temperature
within the physical space. To simulate air quality control within the
space, this study uses a smart air purifier device, Xiaomi Smart Air
Purifier 4 Compact, which is equipped with multiple fan speed
configurations. In addition, a smart humidifier, the Govee Smart
Humidifier H7141, is used to facilitate the adjustment of humidity
levels within the room. It offers multiple fan speed settings. The
Xiaomi Mi Smart Standing Fan 2 is also integrated into the system
by offering multiple fan speeds for personalized airflow control.
This device allows the Al system to demonstrate its ability to
regulate air circulation within the space, simulating traditional
HVAC systems. For lighting control, this study used a smart bulb,
Yeelight Smart Light Bulbs W3. It offers adjustable brightness
levels, which mimic the control of indoor lighting conditions.

5.1.2 Deployment of the Al systems module. The proposed Al
systems in this study are powered by LLaMA 3 8b, an open-source
LLM with 8 billion parameters. The workstation used for the
LLaMA3 model deployment in this study is an Apple MacBook
Pro with an M1 Max chip and 32GB of RAM. To run the LLaMA
3 model efficiently, this study employs a quantized version of the
model using the llama.cpp [24]. Llama cpp is a tool that allows the
execution of quantized LLMs on local hardware with support for
different types of GPU. Quantization is an essential operation for
the reduction of the model’s size and computational requirements,
which is particularly important for deploying Al systems on local
hardware [25]. This enables running complex models on devices
with less computational power without severely compromising
performance. The 8-bit quantized model of LLaMA 3 8b is used in
this study. Function calling is one of the core features of the
proposed virtual assistant. In this context, function calling refers to
the AI’s ability to analyze user requests, extract key information,
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Figure 4: Autonomous smart appliance control using LLM-based AI agent.

and invoke predefined tools or functions to perform tasks. This
study leverages llama-cpp-agent, a Python-based package, to
implement the function-calling capabilities of the proposed virtual
assistant.

5.2 Experiments

The first experiment aims to validate the LLM-based Al agent's
ability to control smart building appliances. For this demonstration,
the control of a smart light bulb was selected. Users can interact
with the virtual assistant to issue voice commands, such as turning
the light on or off. The user’s prompts are then transmitted to the
backend, where they are processed by the locally hosted LLMs.
Upon receiving the request, the Al uses its function-calling
capabilities to understand and act upon the user's instructions. It
then activates a Python script that interfaces with the device's API,
enabling it to control the smart light bulb as requested. In addition,
instead of the simple on/off commands, users can also provide the
context or hint, such as stating that the room is "too dark" or "too
bright.". The virtual assistant, leveraging its context-awareness
capabilities, can autonomously adjust the brightness level of the
light bulb, which can be seen in Figure 3. This dynamic interaction
demonstrates the enhanced functionality of the LLM-powered
virtual assistant, distinguishing it from traditional Al systems that
lack such nuanced environmental awareness.

The second experiment explores the role of the Al agent in
managing smart devices for autonomous building operations
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through two distinct scenarios: automatic appliance control based
on occupancy and autonomous adjustments according to
environmental data. In the first case, this experiment uses the
simulated occupancy data (randomly selected between 1 and 20)
and is updated every 1 minute to test the Al agent’s ability to
autonomously control devices such as a smart fan and air purifier.
For demonstration, this study defines low occupancy as fewer than
five individuals, medium occupancy as five to nine individuals, and
high occupancy as ten or more individuals. As demonstrated in
Figure 4, the Al agent continuously monitors the fan and air purifier
settings and occupancy data through RESTful API. Depending on
the occupancy levels, the Al modifies the performance of the
devices accordingly. If no occupants are detected, the Al will turn
off all devices. In the case of low occupancy, it reduces the
performance to a lower setting, while in the medium occupancy
case, it sets the smart appliance to medium settings. Finally, in high
occupancy scenarios, it increases the devices' performance to the
maximum setting. Initially, both the smart fan and air purifier were
set to low performance at level 1. During the experiment, the
simulated occupancy was ten individuals, which led the Al to
perform the contextual reasoning and raise the performance settings
of the fan and air purifier to level 3 and level 7, respectively, to
ensure environmental comfort in the physical space.

The second case aims to validate the Al agent's ability to
autonomously adjust smart appliances based on baseline
environmental comfort parameters. In this scenario, the smart
appliance setpoints were initially configured at their lowest levels.
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As shown in Figure 4, the Al retrieved the baseline comfort
parameters, which include temperature (20°C-27°C), humidity
(40%-100%), light intensity (50-150 lux), and carbon monoxide
levels (0-50 ppm). The real-time room conditions of 28°C, 45%
humidity, 34 lux, and 752 ppm were obtained through REST API.
Upon processing this data, the Al agent determined that the
temperature and luminance were outside the comfort range and
automatically adjusted the smart fan to speed level 3 and the smart
light to 90% brightness while leaving other appliance settings
unchanged. This experiment demonstrates the Al agent's ability to
autonomously regulate the indoor environment by adjusting smart
devices based on real-time data and predefined comfort thresholds.
The code for the technical implementation of the prototypes is
available under an open-source license [26][27].
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6 Evaluation

The LLM-based Al systems in this study are composed of two
components: a Virtual assistant and an Al agent. The virtual
assistants can take user commands and perform smart building
tasks by activating tools using function calls. Additionally, the Al
agent will monitor the environmental condition occupancy level
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and the performance of smart building facilities control using
function calls. The performance of the Al systems will be evaluated
on the speed, accuracy, and reliability of the function-calling
capability of the Al systems. To evaluate the accuracy of the
functions or tasks executed by the Al systems, this study uses five
different metrics, including Precision, Recall, F1 Score, Overall
Accuracy, and Reliability. These metrics are specifically useful for
evaluating the model's performance when it successfully selects a
function that is similar to the multiclass classification task. The
reliability metric aims to examine how consistent the Al is in
executing the function when responding to the same prompt.

6.1 Evaluation of the Virtual Assistant

idle
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True Action

lower performance increase performance

increase performance
Predicted Action
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Figure 7: Confusion Matrix for Threshold-based
Autonomous Building Operations.

There are 12 different functions/tools that will be used by the virtual
assistant upon its reasoning of the user command. Those functions
are Turning on the light, turning off the light, adjusting brightness,
turning on and off the humidifier, Adjust the humidifier speed,
turning on the air purifier, turning off the air purifier, Adjust air
purifier speed, Turning on the smart fan, Turning off the smart fan,
Adjust smart fan speed. Among the 12 functions, 4 of them, which
are Adjust Brightness, Adjust Humidifier Speed, Adjust Air
Purifier Speed, and Adjust Smart Fan Speed, will retrieve
arguments (e.g., level of fan speed, etc.) from the user command.
To demonstrate the variety of user requests, 10 different request
prompts were used for each of the 12 functions. For the reliability
metric, this study will ask the virtual assistant 10 times for the same
prompt within each function. The confusion matrix for building
operations with a virtual assistant for each function is shown in
Figure 5. It should be noted that there are two additional columns
for failed function call and Inaccurate argument retrieval, which
aim to demonstrate the times when the Al systems can’t understand
the command of the user, error, or incorrect retrieval of argument.
Additionally, to measure the task execution speed of the Al
systems, this study will use tools like Llamacpp to measure the
throughput and times needed to execute different tasks.

6.2 Evaluation of the AI Agent

To evaluate the Al agent’s performance in automating smart
building operations, two experimental setups are used: occupancy-
based automation and threshold-based automation. For occupancy-
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Al Systems Task Precision (%) Recall (%) F1Score (%) Accuracy (%) Reliability (%)

Al Assistants  Smart appliance control task 95.91 92.75 94.17 92.75 95.45

Al Agents Occupancy based automation 90.74 90.23 90.29 91 N/A
Threshold based automation 88.58 88.16 88.25 90.25 N/A

Figure 8: Evaluation of the proposed Al systems.

based control, we define a predefined range of occupants (x_true)
(e.g., 0-20 people) and corresponding smart appliance setpoints
(y_true) (off, low, medium, high) as mentioned in section 5.2. The
Al agent is tested with 200 randomized occupancy data points, and
its predicted appliance adjustments (y) are compared against
ground truth values (y_true). If the AI’s assigned setpoint deviates
from the predefined range, the prediction is considered incorrect.
The accuracy of the system is assessed using precision, recall, and
F1-score. The confusion matrix for occupancy-based autonomous
building operation with the Al agent for different scenarios is
shown in Figure 6.

In addition, to evaluate the Al agent's performance in threshold-
based control mode, the study implements predefined
environmental control thresholds, including temperature (20°C-
27°C), humidity (40%-100%), light intensity (50-150 lux), and
carbon monoxide levels (0-50 ppm). These simplified threshold
values are implemented primarily to demonstrate the functionality
of the LLM-based automation system and its response mechanisms.
This experiment involves feeding 400 environmental data points
via REST API, where the Al agent continuously monitors real-time
temperature, humidity, light intensity, and carbon monoxide levels.
If the real-time data falls below or exceeds the predefined
threshold, the Al will adjust the corresponding smart appliance by
increasing or decreasing its performance to restore the
environmental conditions to the comfort range. The Al’s
adjustments are then validated against predefined expected actions,
which are whether to increase or decrease the performance of smart
appliances. The confusion matrix for threshold-based autonomous
building operation with the AI agent for different scenarios is
shown in Figure 7. Accuracy is assessed using precision, recall, F1-
score, and macro-averaged performance across all parameters to
evaluate the AI’s effectiveness in maintaining optimal building
conditions. The evaluation dataset including testing prompts for the
Al assistant and Al agents is available at [28].

7 Result and Discussion

The evaluation results in Figure 8 show the performance of the
proposed virtual assistants and Al agents across different metrics.
The virtual assistant for smart appliance control performed
exceptionally well, achieving a precision of 95.91%, a recall of
92.75%, and an F1 score of 94.17%, demonstrating high accuracy
and reliability in executing user commands. With an accuracy of
92.75% and a reliability score of 95.45%, it proved to be highly
reliable in consistent task execution. For the Al agent, the
occupancy-based automation system possesses a precision of
90.74%, a recall of 90.23%, and an F1 score of 90.29%, with an
accuracy of 91%. These results indicate strong performance in
adjusting smart appliances based on occupancy levels. The
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threshold-based automation system had slightly lower scores, with
precision at 88.58%, recall at 88.16%, and an F1 score of 88.25%,
achieving an accuracy of 90.25%.

Furthermore, the scalability of the proposed LLM-based Al
systems is evaluated based on its throughput and ability to handle
concurrent user requests, specifically measuring how many
requests the Al can process simultaneously and how quickly the
system can respond to user queries. In this experiment,
LlamaBench [29], an open-source tool for benchmarking LLM, is
used to assess the performance of the proposed Al-based agent and
virtual assistant. The results indicated that execution time and
throughput varied based on the specific task. For chat or text
generation, the average throughput was 33.66 tokens per second.
One token is approximately equivalent to 4 English characters, and
1,500 words correspond to around 2048 tokens [30]. Smart home
control tasks took longer, with an average execution time of
5402.62 milliseconds per task and a throughput of 12.77 tokens per
second. Concurrency user request is also an important indicator of
the LLM model’s scalability [31]. This study used Llamacpp for
model deployment, which allows parallelization based on the
model context length. For instance, a model with a context length
of 8192 tokens can theoretically handle 16 parallel requests where
each prompt has 256 tokens, and each response generates 256
tokens [32]. Although the Llama 3 model we used supports a
context length of up to 128k tokens, we limited it to 8192 tokens
due to limited computational resources. For real-world deployment,
especially with a larger user base, we can improve the scalability
by opting for models with larger context lengths and running them
on machines with greater GPU RAM capacity.

8 Conclusion and Future Works

The proposed LLM-powered virtual assistant in this study allows
users to interact with the building through voice and text interfaces
for smart appliance control. The AI agent also powers the
autonomous building operations by autonomously adjusting smart
appliances, such as lighting and HVAC, based on occupancy and
the baseline environmental comfort threshold to maintain optimal
conditions for occupants. The virtual assistant and Al agent
demonstrated strong performance with over 90% accuracy, recall,
precision, F1, and reliability. In addition, the current trend towards
smaller and more efficient language models, as evidenced by
Microsoft's Phi-3, Meta’s LLaMA 3.2, and Google's Gemma-2
model, indicates that powerful Al systems will be able to
effectively deploy on low-cost edge devices such as Raspberry Pi
while offering impressive performance. This development could
significantly contribute to extending the reach of smart building
systems to entire smart cities, enabling more distributed and
responsive urban management.
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