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Highlights:

e A general Al agent framework is proposed for indoor human-computer interactions.
e The ReAct strategy integrates the LLMs’ capacities in reasoning and action planning.
e The proposed framework achieves high success rate in virtual building simulations.

e The LLM-powered agent can be integrated with existing 10T systems seamlessly.

Abstract: Smart buildings represent a significant trend in the future of the construction industry. The
performance of human-computer interaction plays a vital role in achieving this from a human
perspective. However, existing human-computer interaction algorithms are often limited to simple
commands and fail to meet the complex and diverse needs of users. To address this issue, this paper
introduces large language models (LLMs) and Al agents into smart buildings, proposing a general Al
agent framework based on the ReAct strategy. The LLM serves as the system’s brain, responsible for
reasoning and action planning, while tool calling mechanism puts the LLM’s plans into practice.
Through this framework, developers can rely on prompt engineering alone to enable the LLM to interpret
user intent accurately, perform appropriate actions, and manage conversation history effectively, without
any pre-training or fine-tuning. To examine this framework, an experiment was conducted in a virtual
building, which showed that the proposed agent successfully completed 91% of simulated tasks.
Additionally, the agent was deployed on a single-board computer to control devices in a model building,
demonstrating its effectiveness in the real world. The successful operation of the agent in this
environment highlighted the potential applications of the proposed framework using existing loT
systems, providing a new perspective for the upgrading of human-computer interaction systems in smart
buildings in the near future.
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1. Introduction

Smart buildings are dynamic systems, which can sense indoor and outdoor states, allow occupants to
interact with their components, and create safe, comfortable, and efficient environments for working and
living by responding to people’s needs promptly. They also make positive contributions to cost
reduction, resource conservation, and energy savings [1]. In recent years, smart buildings have garnered
increasing attention. Taking smart homes in residential buildings as an example, Juniper Research
reports that by 2025, approximately 13.5 billion home automation systems will be frequently used [2].
It is foreseeable that smart buildings will become an indispensable infrastructure in future society.

The integration of cutting-edge technologies is the foundation of smart buildings. This integration
encompasses a wide array of technologies, such as sensors, cloud and fog computing, software
engineering, and human-computer interaction algorithms [3]. As a result of the advancements in
embedded development, an I0T system covering an entire building can now be established. However,
when it comes to human-computer interaction, despite the emergence of voice recognition, gesture
recognition, and other methods, there remains a lack of deep understanding of user intent. For example,
when users give implicit and tacit commands like “I want to be alone for a while; I don’t want to be
disturbed.” or “Set the light mode to the same as yesterday,” the system may not function as expected.

The advent of large language models has enabled machines to understand complex human language,
while the concept of Al agents has bridged the gap between LLMs and the physical world, making it
possible to build LLM-driven human-computer interaction systems. In this paper, we design an Al agent
framework for smart buildings based on the ReAct strategy [4], which consists of four main modules:
model hub, prompt template, tool manager and memory manager, along with an auxiliary output parser
program. Through close collaboration among these components, the framework achieves the desired
functionality. We conducted two experiments with a virtual building in Python code and a wooden model
building in the real world to validate the effectiveness of the proposed framework.

2. Related work

This chapter reviews the research on human-computer interaction in smart buildings and the application
of LLMs in the Architecture, Engineering, and Construction (AEC) domain to find the shortcomings of
existing research, identify research gaps and justify the necessity of this study.

2.1. Human-computer interaction in smart buildings

Owing to the development of information technology, the interaction approaches between residents and
their furniture and appliances is getting increasingly diverse.

Using a remote control to send signals is a traditional but common method of human-computer
interaction, but this requires matching receivers on the devices. To overcome this limitation, Rashid et al. [5]
designed a universal hand-held clicker with ultra-wideband (UWB) localization tag and inertial
measurement unit (IMU), which can obtain the user’s position and orientation, determine the target
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device with the support of a building information model (BIM), and then control the device through an
indoor 10T network.

Some researchers attempted to employ gestures or postures as media for human-computer
interaction in buildings. Vogiatzidakis et al. [6] proposed a method for interacting with household
appliances using two-handed gestures, with one hand specifying the device and the other indicating control
commands. Microsoft Kinect, a motion capture device, is used for gesture recognition. Park et al. [7]
developed a user authentication system by analyzing Doppler signals to identify hand movements and
combining them with virtual buttons in the air. Wang et al. [8] integrated a Convolutional Neural
Network-based posture recognition algorithm into the smart building control system, enabling the
building to evaluate people’s thermal and visual comfort by observing their behavior and adjust the
Heating, Ventilation, and Air Conditioning (HVAC) system and sun visors accordingly.

Eye movements and blinks are also ways to convey information for humans. Some researchers have
developed human-computer interaction systems based on eye movements. Klaib et al. [9] used multiple
cameras for eye tracking to determine the user’s gaze position. This approach was combined with Azure
Cloud’s voice interaction service to control devices. Zhang et al. [10] proposed to detect the user’s
conscious blinking behavior by electrooculography and control home appliances with a display showing
various icons, providing convenience for severe spinal cord injury patients.

The aforementioned interaction methods inherently possess limited expressive capabilities, making
it challenging to convey complex user instructions. Instead, human language is rich and diverse, offering
a wide range of expressions with various meanings, emotions and intentions. Besides, direct natural
language communication with computers is a straightforward and efficient interaction method,
making it a research hotspot. The current challenge in voice interaction lies in the difficulty for
computers to accurately recognize and interpret the users’ instructions. In Yang’s [11] smart home
system, voice control is achieved by matching the user’s voice with preset voice commands in a
voice library. Tiwari et al. [12] enhanced the home voice assistant with speaker recognition using a
Gaussian Mixture Model, enabling it to process personalized commands such as “Switch on my TV.”
The user’s voice is converted to text via cloud services, and the assistant extracts device, operation and
other information from the text based on predefined keywords. Pefa-C&eres et al. [13] trained Naive
Bayes and Random Forest models for intent recognition, which can analyze the input sentences to
determine the target device, room and desired state. However, these models only consider word
frequency in a Bag of Words representation, ignoring word order and semantic information.
Stefanenko et al. [14] trained a neural network with two hidden layers, where the input is a Bag of Words
representation derived from user commands, and the output is the position of the virtual toggle switch
used for robot control. This system excels at handling some ambiguous terms in users’ instructions, such
as “faster” or “louder”. Shin et al. [15] proposed a framework for retrieving information from BIM
through voice interaction. The framework first converts speech into text and then transforms the text
into SQL-compliant query statements to extract information from database. Desot et al. [16] utilized the
ESPnet model to analyze raw voice signals and output device and operation information, avoiding errors
caused by voice-to-text conversion. Linares-Garcia et al. [17] developed a voice assistant based on
Google Actions Builder to answer the workers’ questions. Although this study focuses on the
construction stage of buildings rather than the operational stage, it still provides valuable insights for
voice interaction in smart buildings.
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Although existing research has extensively explored interaction forms in buildings and many kinds
of algorithms have been proposed, including rule-based methods, traditional machine learning methods
and classical deep learning methods, there are still some shortcomings. Rule-based methods can only
handle simple, direct and explicit user commands. The latter two methods possess the capability of
learning, but they can only make limited effects because of insufficient model scale and training data,
leaving them far from achieving genuine intelligence that meets user needs. Additionally, the models in
these studies are specialized models. When the scenario changes, such as adding some new devices like
water heaters or increasing the number of doors from 5 to 10, the original models are no longer applicable and need
modification and retraining, which hinders the promotion and application of smart building systems.

2.2. Application of LLMs in the AEC domain

The release of the Transformer architecture in 2017 greatly changed the landscape of deep learning and
marked a significant milestone in the history of artificial intelligence. Supported by this architecture,
many pre-trained large language models (LLMs) have emerged. Gradually, LLMs have become
increasingly accurate and comprehensive in understanding user needs. They also demonstrate
outstanding few-shot generalization capabilities [18]. To date, although general artificial intelligence is
still far from us, LLMs have shown a certain degree of general intelligence behavior in NLP tasks. They
are expected to make a difference to various industries and become new intelligent assistants for human
beings. In the AEC domain, some scholars have already noticed the potential of LLMs and explored
their usage in solving some problems which were intractable for computers previously.

Xu et al. [19] constructed a domain knowledge database of underground engineering, and fine-tuned
ChatGLM3 to create a more specialized question-and-answer robot. Pu et al. [20] fine-tuned MiniGPT4
with text and image data from construction sites to generate construction inspection reports automatically.
Amer et al. [21] fine-tuned the GPT-2 model for drafting construction plans. Hussain et al. [22] utilized
ChatGPT to generate dialogue for virtual instructors in a VR construction system, aimed at enhancing the
safety education for workers. Zhang et al. [23] fed building operational data into GPT-3.5 and GPT-4 in
order to automatically identify energy waste problems in building HVAC systems. Ahmadi et al. [24]
employed multiple LLMs to analyze construction accident reports, extracting key information such as
accident time and injury cause. Ghasemi et al. [25] applied GPT-4 to address cost estimating and bid
pricing tasks of construction projects. Wong et al. [26] proposed using LLMSs to automatically identify risks
in contract clauses of construction projects, thereby reducing potential losses for project stakeholders.

However, the application of LLMs in the AEC domain is mostly limited to chatbot phase, which
means “user inputs text and Al outputs text.” This mode restricts the Al within a closed space defined
by its inherent knowledge, additional domain knowledge and user prompts, preventing it from
interacting with the broader external world or being used to construct intelligent building systems.
Indeed, generative LLMs are merely tools for completing text based on preceding content and outputting text
is their sole responsibility. However, if we inform LLMs of how to use tools for interacting with the external
world, they can specify which tools are needed to fulfil the current task. In this condition, if we require LLMs
to follow strict grammatical rules and output code or structured text, and then use a rule-based program to
parse the output and execute the actual tool calling, the interaction between LLMs and the external world
can be indirectly achieved. This system is known as an LLM based autonomous agent, where the LLM plays
a role as the central controller, and the tools extend its capabilities [27]. OpenAl’s WebGPT [28] is an early
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practical implementation of this concept. On the other hand, the introduction of chain-of-thought (CoT)
prompting inspires the potential of LLMs in performing multi-step reasoning through intermediate
language steps [29]. ReAct agent [4] successfully integrates the reasoning capacity and action planning
capacity of LLMs, which inherently incorporates CoT method and tool calling mechanism, forming a
more comprehensive Al agent development pattern.

Existing research has demonstrated the feasibility of using Al agents to control robots [30].
Undoubtedly, it highlights the immense potential of applying LLMs to smart building systems.
However, there is still a lack of such practice in the AEC domain, and further research is needed to fill
this research gap.

3. Proposed method

To construct an Al agent for smart building scenarios, this paper proposes a framework as illustrated in
Figure 1 based on the ReAct strategy. Model hub, prompt template, tool manager and memory manager
are the four main modules of the agent. Additionally, an output parser program is included to interpret
the LLMSs’ output and determine data flow directions.

[ 4) .;__

IoT Local disk

A
Return l Function

value calling

Tool description | |
| < S (I

Return value -
Tool manager

It's function

calling.
Ir— - - “\I ( - = _ - - - —"l I/— - - '\l
Input | — | Prompt | ZZanfiy; | Output | E |
| — | I - I | |
N — = \ == ___ / N o
User Prompt template Model hub Output parser

It's final
— - - = answer.

Chat history | l
| | <
| |

N -
Memory manager

A 4

A

User

Figure 1. Framework of the proposed agent.
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Upon receiving user’s input, the user’s instructions, tool descriptions and chat history are filled into
the prompt template to form a prompt, which is input into the model hub subsequently. The LLM in the
model hub considers whether tools are needed to complete the current task and generates different
outputs based on its thought. After that, the output parser analyzes the string output from the model hub
and searches for content related to the final answer within it. If no such content is found, it indicates that
the LLM believes tool calling is necessary, and the system proceeds into the tool manager, which calls
the corresponding function based on the function name and parameters listed by the LLM and obtains
its return value, thus enabling interaction between the agent and the external 10T system or data in the
local disk. After the function execution is finished, the tool manager updates the prompt based on the
function’s return value and a new round of circulation is initiated. If the output parser finds content
related to the final answer, it indicates that the LLM believes no tools are needed and the final answer
can be directly generated. Then, the final answer is sent to the user and stored by the memory manager
as the chat history for future conversations.

3.1. Model hub

LLM is the core of the agent, responsible for identifying user intentions and writing out the thought process
and action plan in text form, directly influencing the agent’s operational direction. After deliberation, the
LLM should accurately outline the idea to solving the user’s problem and list a function remaining to be
called next and the input parameters of it. If any anomaly is detected in the return value of previous
functions, it is also necessary for the LLM to recognize the issue in time and re-plan its action.

Currently, some LLMs have tens of billions or even more parameters, the scale of their training data
also needs to be measured in terabytes (TB). The vast amount of parameters and training data have grant
these models excellent comprehension, reasoning, and expression capabilities. However, the drawbacks of
such complex models are also evident: they consume significant computational resources, respond at a low
speed and incur high costs. On the other hand, some manufacturers have also launched lightweight LLMs
with several billion parameters, but they have been pre-trained on large datasets prior to applications. These
models can also handle some conversational tasks and have the advantages of faster computing speed and
low usage costs. Therefore, this paper adopts a model hub that combines both complex LLM and
lightweight LLM. As shown in Figure 2, the complex LLM acts as a multifunctional advanced Al assistant,
understanding the prompt globally and drafting a plan for the task, while the lightweight LLM focuses on
a specific aspect, acting as an Al programmer which is responsible for converting the plan into code and
providing it to the output parser, thereby bridging the gap between thought and action.

_________ — - - — - - — =
( . ‘|
—— | Prompt | - 7 AN | Thought | . | Action
==, i , Thovehe _Action | %\
—_— . 7 | \ I
Prompt template T l T l Output parser
[ OpenAl Python package ] [OpenAI Python package ]
Complex LILM Lightweight LLM

Figure 2. Model hub.
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To avoid excessive encapsulation and maintain the clarity and transparency of the agent’s operational
flow, we use Python’s native OpenAl package to call cloud-based LLMs with OpenAl-compatible API
via HTTPS.

3.2. Prompt template

When using LLMs for text generation, it is necessary to provide some initial text as the starting point of
the generation. The initial text is known as “prompt”. The prompt is the only way for an LLM to obtain
external information and largely determines the quality of subsequent generated content. We designed
the prompt template based on the ideas of react-chat [31] and react-json [32]. The prompt template for

9 ¢«

the complex LLM, as shown in Table 1, includes six parts: “background,” “role,” “tool description,”
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“format constraints,” “chat history,” and “new input.” The necessary information will be inserted into

the placeholders in it and form a resultant prompt which is named “Prompt A”.

Table 1. The prompt template of complex LLM.

Category Content

background Current Time: {time} Current Location: {location}

You are a helpful Al assistant.

Assistant is designed to be able to assist with a wide range of tasks, from answering simple
questions to providing in-depth explanations and discussions on a wide range of topics. As a
language model, Assistant is able to generate human-like text based on the input it receives,
allowing it to engage in natural-sounding conversations and provide responses that are coherent
and relevant to the topic at hand.

You have access to the following tools:

{tools}

You MUST use the following format to respond:

Thought: Describe the problem you need to solve next, and think about whether you need
to use tools.

role

tool description

If you think you can respond directly to the user without using a tool, please reply:
Final Answer: string \ Put your final response here.

If you think you need to use a tool, please reply:

Action: A JSON object that contains the tool’s name and the tool’s inputs.

Observation: the result of action

Thought: a new round of thinking

... Thought/Action/Observation can repeat several times until you think you no longer need any
tool. At this point, please reply:

Thought: 1 now know the final answer.

Final Answer: string \ Put your final response here.

format
constraints

If you do not reply in this format, you may cause a programming error.
The chat history between the user and the Al:

chat history {chat_history}
The user’s new input:
new input rumen: Linputy

The Al program is running now. Here is the process:
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The “background” section provides the information on the current time and location, helping the LLM
to provide correct inputs when calling tools related to time and location. On the other hand, once the
training of an LLM is completed, the LLM’s inherent knowledge will no longer be updated. Over time, its
answers will gradually lose timeliness. Besides, the LLM itself also lacks the ability to obtain the current
geographical location. Therefore, filling time and location information into the prompt can also help the
model to recognize the boundaries of its capabilities and reduce the occurrence of hallucinations.

The “role” section defines the role, responsibilities and personality characteristics of the LLM in the
dialogue. As a human-like Al, after receiving this instruction, the LLM will make its output as consistent
as possible with the above requirements to better fulfill the tasks delivered by the user.

The “tool description” section lists the tools which are accessible to the agent. For each tool, it
should include the function name, input parameters and their types, the function purpose, and other
necessary usage instructions. During the agent’s operation, this section is maintained by the tool manager
and automatically filled into the {tool} placeholder.

The “format constraints” section stipulates the format that the LLM should use in its responses so
that the output parser can process it conveniently. The LLM can handle natural language, but ordinary
Python programs do not have this ability. However, the output of the LLM ultimately needs to be
connected to ordinary Python programs, so pre-defining the output format is necessary. If the response
is semantically correct but its format is incorrect, the output parser may fail to extract key information
within it, which will lead to program errors.

The “chat history” section records the previous conversations between the user and the Al, enabling
multi-round dialogue functionality. For example, users can continue to ask questions about a topic which
was discussed with the Al previously. This section is maintained by the memory manager.

The “new input” section is the last part of the prompt template, where the user’s instructions in the
current round of dialogue are placed.

Since the lightweight LLM is only responsible for writing JSON, its prompt template is more
concise, as shown in Table 2. The resultant prompt derived from it is named “Prompt B”.

Table 2. The prompt template of lightweight LLM.

Category Content
background Current Time: {time} Current Location: {location}
role You are a helpful Al programmer. You’re good at converting the input to JSON.
... You have access to the following tools:
tool description
{tools}
You MUST use the following format to respond:
“json
{{
"action": string, \ The name of the tool to be used.
format "action_inputs": list \ The inputs for the tool, represented as a list. For boolean values, use true

constraints  and false instead of True and False.

3}

Only one JSON should be included in your response.
If you do not reply in this format, you may cause a programming error.
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After the conversation starts, Prompt A is first input to the complex LLM, which continues to
write the Thought section. For simple daily conversations that do not require tools, the LLM directly
generates the Final Answer after completing the Thought section, ending the current round of dialogue.
The Final Answer is presented to the user and stored in the memory manager. If tools are needed to
fulfill the user’s task, the generated Thought is appended to the end of Prompt B to form a new Prompt
B as the input for the lightweight LLM which writes the Action section in JSON format. Subsequently,
a function call is initiated, and the return value of the function is used as the content of Observation.
Action and Observation are appended to the end of Prompt A and Prompt B by the tool manager. At
this point, a Thought-Action-Observation loop is finished. This process is repeated continuously until
the complex LLM determines that the task is completed during writing Thought. Then it turns to
generating the Final Answer. Similarly, the output parser sends the Final Answer to both the user and
the memory manager.

3.3. Tool manager

The tool manager is the actual place where the agent interacts with the external environment. It provides
a series of predefined functions for the agent to obtain the readings of the sensors and control specific
devices through 10T. The tool manager we designed consists of a function library, a function description
generator and a function executor, as shown in Figure 3.

def set_windows_state(state: bool = True): —> Declaration
"""You can use this function to open or close the window.
State equals True means opening. False means closing."""
try:
... some code for interacting with IoT devices
except Exception as e:
return repr(e)
return 'You have successfully set the window state!’
def ... (some other functions)

A :

—>» Docstring

—>» Implementation

1
def functionl ... E .
oo ' i Function
ces i |Extract declarations Filter 1 description ——
] —> e i [pe—
def function2 ... ¢ & docstrings ' S
E E Prompt template
Function library Function description generator
Action ' s— — ' Return —_
-« ! Function Function . value E —
> . ' >
i search L execution ' —
i —
Output parser E : Prompt template
1 1

Function executor

Figure 3. Tool manager.
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All functions available for the agent are stored in the function library. A typical example of a
Python function is shown in Figure 3. The blue part is the declaration, specifying the function name,
input parameters and their types. The green part is the docstring, a unique syntax feature of Python,
which follows the declaration and provides further explanation of the function’s usage. The purple
part is the specific implementation of the function. These functions are highly customizable, allowing
for adjustments in the length of their return values based on actual needs. For example, if the sensors
in the 10T system are conducting high-frequency sampling, they will output thousands of records at
once. On this occasion, when designing functions, developers can adapt to the LLM’s context length
by filtering, resampling or extracting summary statistics (e.g., mean, max, min) from the records.

In fact, in the tool use process, the LLM do not implement the actions for each task directly.
Rather, it only calls and executes the function based on its corresponding declaration and docstring.
Since Python is an interpreted and dynamic programming language, we can directly obtain the source
code of each function after the program starts with the help of Python’s built-in inspect module and
extract the declaration and docstring from it. This operation is completed by the function description
generator before each Thought-Action-Observation loop. Additionally, some researchers have
observed a typical failure mode in ReAct agents, where the LLM repeatedly outputs the same Action
and leads to a deadlock [4]. To avoid this problem, we added a filter to the function description
generator. If the agent successfully called a function in the previous loop but still repeats the same
function in the current loop, it will be filtered out so that it will not appear in the prompt of the next
loop, thus helping the agent break out of the deadlock.

The function executor in the tool manager is responsible for receiving Action sent by the output
parser, finding the corresponding function object in the function library based on the content of Action,
passing in parameters and then executing it. Since the Action is written in JSON format, this operation
is relatively easy to implement. After the function execution is completed, the function’s return value
(e.g., “You have successfully set the window state!” in Figure 3) is put behind the string
“Observation:” and the function executor adds the content of Action and Observation to Prompt A and
Prompt B.

3.4. Memory manager

Memory manager is designed to record the conversations between the user and the agent, thereby
endowing the agent with memory capabilities. A common practice to achieve this is adding the user’s
question and the agent’s Final Answer to a list every time a Final Answer is generated. During the
next conversation, the content of the list is filled into the {chat_history} placeholder in the prompt
template. However, as the conversation progresses, the prompt becomes increasingly longer,
eventually affecting the computational efficiency of the LLM. Although a threshold can be set to
automatically delete the earliest message in the message list when the number of messages exceeds
the threshold in order to maintain a constant number of elements in the message list, this approach
also leads to information loss.

To solve the problem above, we adopt a memory manager that combines short-term memory and long-
term memory, as shown in Figure 4. A list for storing messages is created in the program as short-term
memory. Meanwhile, a file is created on the hard disk as long-term memory. The short-term memory
only contains the chat history of the user and the agent, while the long-term memory includes both the

10
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chat history and the dates of conversations. Messages are first saved in short-term memory. When the
number of messages exceeds the predefined threshold, the earliest message is moved to long-term
memory and saved in the file.

Human:
AI:
User's input — Human: ... Number of messages
@ & Final Answer > | — AI: ... < threshold » End
Output parser Short-term memory

Number of messages

> threshold
yyyy-mm-dd
The earliest - Human:
- ATI:
N message
> e
yyyy-...
Short-term memory Long-term memory

Figure 4. Memory manager.

The content in short-term memory can be directly filled into the prompt template. For accessing
long-term memory, tool use mechanism is employed, i.e., adding a “recall” function to the function
library, which has three input parameters: the year, month, and day of the conversation. It is used to
read the file storing long-term memory and find the chat history for a specific day based on the input
date. The content queried is fed into the agent system in the form of a return value for further analysis
by the LLM.

4. Experiment

Two experiments were conducted to verify the feasibility and effectiveness of the proposed framework.
First, in order to investigate whether the agent can appropriately respond to a wide range of user requests,
we constructed a virtual building using Python code, where the agent can interact with various furniture
and appliances. The user sent instructions to the agent, and its performance was evaluated by observing
its behavior. After that, to verify the compatibility of the agent with the 10T devices in the real world,
we built a simulation environment using embedded devices and a model building, where the entire Al
system was tested.

4.1. Virtual experiment

We supposed that the virtual building contained an automatic door, an automatic window, a smart air
conditioner and a smart light. Besides, two temperature and humidity sensors were mounted on the wall.

11
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One is indoors and the other is outdoors. A series of global variables were created to store the state
information of the devices, including:

* Indoor and outdoor temperature and humidity;

* Whether the door and window are open;

* The mode (closed/cooling/dehumidifying), temperature, and wind speed of the air conditioner;

* Whether the air conditioner is locked,;

* The mode (closed/quiet/enthusiastic) and brightness of the light.

* Additionally, we wrote some functions to get or set the values of these variables. Figure 5 shows
this virtual building in a 3D model and lists the functions callable by the agent.

@ Light Air conditioner

seltl_\light_mode(mode: str) set_ac_mode(mode: str)

set_light_brightness(brightness: str) set_ac_lock(state: bool)
set_ac_temperature(temperature: int)

set_wind_speed(speed: str)

D
lQI Agent
oo

recall(year: int,

month: int,

day: int)
math_calculate(expression: str)

Q’\ Temperature and humidity
& sensor

E Window Door

set_window_state(state: bool) set_door_state(state: bool)

get_building_state(): get the current states of all furniture and appliances above

Figure 5. Visual building.

It is worth noting that the set_ac_lock function was designed to test whether the agent could handle
abnormal situations. When calling the set_ac_temperature function, if the air conditioner is locked, an
error message will be returned, and the agent should call the set _ac_lock function to unlock the air
conditioner before proceeding. However, this rule is not included in the function description, so it is not
priori knowledge for the agent. The agent can only realize this fact after seeing the error message, so it
can test the adaptability of the agent.

We constructed 100 instructions, sent them to the agent in the virtual building, and obtained its
thought processes and final answers. Since this study focuses on open-ended human-computer
interaction tasks without predefined categories, we evaluate the agent’s performance at the final effect
level, which is a common practice in generative Al applications [19,20,22,25,26]. For each instruction,
the agent’s response was manually evaluated. If the agent’s operational process did not interrupt and
both the process and result were reasonable and logical, the agent’s response to the instruction was
considered correct.

12
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The test instructions covered six categories: daily conversation, intent recognition, reasoning task,
multi-task test, memory test and refusal test. The meanings of each category are as follows:

» Daily conversation: General dialogues between the user and the Al, which do not require any
tools and can be completely solved with the inherent knowledge of the LLM alone.

* [ntent recognition: The user does not specify which devices they want to control and/or the
settings of the devices, only stating a general need. The agent has to understand the meaning and intent
of the user’s words, extract necessary information, and then call the appropriate tools.

* Reasoning task: The user’s instruction is relatively clear, but the agent cannot directly obtain the
answer from the tool’s return value and should alternate between tool calling and the thought process to
complete the task.

* Multi-task test: The user’s instruction is relatively clear, but two or more tasks are included in
one instruction. The agent’s operation is considered successful only when it completes all tasks.

* Memory test: Assigning some tasks that involve chat history. The agent should be able to obtain
information from the context of the current chat and call the recall function to query long-term memory
if necessary to complete the task.

* Refusal test: Instructions that exceed the agent’s capabilities. The agent has to recognize the
boundaries of its abilities and refuses the user’s request in time, rather than fabricating answers arbitrarily
based on its hallucinations. Under the circumstances, the complex LLM is expected to directly reject the
request and generate a response such as “I’m sorry, but I don’t have access to...” without invoking the
lightweight LLM.

Figure 6 shows the proportions of each category and provides some examples. Distinguished from
other categories, the memory test consists of 10 pairs and each pair consists of two correlated instructions.

e (o . h
Category Distribution Daily conversation:

Please introduce yourself.

Tell me three fruits rich in vitamin C.

Memory test

Refusal test \

' . ™\
Intent recognition:

It's so hot today.

/
Let's get the smoke out of the room.
Daily conversation
- /
10.0% p N
Reasoning task:
) Turn down the air conditioner temperature by
Multiple task | two degrees.
Which is bigger, 1.41 to the power of ten or the
current temperature of the air conditioner?
. J
Intent recognition N

-~
Multi-task test:
Close the door and set the air conditioner wind
speed to low.
Open the door, turn off the air conditioner, and

Reasoning task ’
= turn off the light.

N J

Memory test:

- Did I turn on the air conditioner on - Is the air conditioner temperature today (
Refusal test:

? th terday?
Wednesday? \¢ same as yesterday . What's the price of the air conditioner?
- What about Tuesday? - What about the day before yesterday? K
Can you play some music for me?

N J

Figure 6. Test instructions.
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In the test, we built the agent based on the API provided by ZhipuAl, which is compatible with the
OpenAl Python package and can work normally. The complex LLM was GLM-4-Plus, a GPT-4 level
LLM, while the lightweight LLM was GLM-4-FlashX, whose price was only 1/500 of the former’s. The
stop tokens for GLM-4-Plus and GLM-4-FlashX were set to “Action” and “Observation” respectively.
The temperature parameters of the two models were set to 0, and the top_p parameters were not specified
manually. The date for the conversation was set to October 31, 2024. The number of the agent’s
maximum iteration steps was set to 10, i.e., if the agent still cannot complete the task after 10 loops, its
operation was considered failed. The test data were input into the agent for inference, and its accuracy
was statistically analyzed. Additionally, we tested a scheme only using the complex LLM, where the
“format constraints” section in Table 2 was merged into the prompt template of complex LLM. The final
test results are shown in Figure 7.

Combination
s GLM-4-Plus Only

1.0 L !
095 095
091
0 038 08
0.65 0.65
0.4
035
03
0.2 I

0.0

Accuracy
[=]
=

Daily conversation Intent recognition Reasoning task Multi-task test Memory test Refusal test Total

Figure 7. Test accuracy.

It can be seen that the dual-model collaboration scheme exhibits outstanding performance, achieving
100% accuracy in daily conversation, reasoning task and refusal test and the accuracy in multi-task test
can also reach 95%. The accuracy of the other two tasks decreases somewhat, but it still does not fall
below 80%.

Figure 8 presents two typical examples, demonstrating the LLM’s capabilities of intent recognition,
reasoning and anomaly handling.

In the left part of Figure 8, the user wanted to remove the smoke in the room. To accomplish this
task, the agent underwent five rounds of loop, as follows:

* Round 1: The agent understood the user’s intent and called the get_building_state function to
check the status of the doors, windows, and air conditioner.
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* Round 2: The agent observed the return value from Round 1 and called the set window_state
function to open the window.

* Round 3: The agent called the set_door_state function to open the door.

* Round 4: The agent called the set_wind_speed function to adjust the air conditioner wind speed
to high.

* Round 5: The agent recognized that the window, door and air conditioner had all been
successfully adjusted to appropriate states and generated the final answer.

In the right part of Figure 8, the user commanded the agent to turn down the air conditioner
temperature by two degrees. The agent also went through five rounds of loop:

* Round 1: The agent noticed that the prerequisite for the task was to ascertain the current air
conditioner temperature, so it called the get_building_state function to retrieve this information.

* Round 2: The agent learned that the current air conditioner temperature was 29 degrees, which
minus 2 degrees resulted in 27 degrees. It passed 27 as an input parameter to the set_ac_temperature
function. However, since the air conditioner lock was not open, an error message occurred.

* Round 3: The agent called the set_ac_lock function to unlock the air conditioner.

* Round 4: The agent attempted to call the set_ac_temperature function again and successfully
adjusted the temperature to 27 degrees.

* Round 5: The agent recognized that the task was completed and generated the final answer.

Figure 9 presents two response examples related to memory, showing the agent’s ability to handle
tasks which require access to historical data. In this example, the user engaged in two rounds of
dialogue with the agent. The agent successfully recalled past conversations according to “yesterday”
and “the day before yesterday”, and integrated the information to provide coherent and contextually
appropriate responses.

However, although the agent using the complex LLM alone still performed well in daily
conversation, reasoning task, and refusal test, its performance was seriously deteriorated in the other
three tasks. The accuracy in multi-task test even fell to only 30%. The overall accuracy was only 65%,
significantly lower than the 91% of the combination scheme. By observing the agent’s outputs, it was
found that the main reason for this result was that the LLM did not follow the rule “Only one JSON
should be included in your response” in the prompt and output multiple Actions continuously after the
Thought (as shown in Figure 10), which caused program error. This issue frequently occurred in many
tests, ultimately leading to a substantial decline in accuracy. Although a more complex output parser
could be designed to extract only the first JSON and discard the rest content, thereby solving this
problem, this approach would obviously result in token waste.
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-
})\ Human message

\Let's get the smoke out of the room.

R Human message

Turn down the air conditioner temperature by two degrees.

l& Al message
66

Thought: The user wants to remove smoke from the room. To achieve
this, I need to consider actions like opening windows and doors, and
possibly adjusting the air conditioner. I'll start by checking the current
state of the building to determine the best course of action.

Action:
"'json

{

"action": "get building state",
"action_inputs": []

).

Observation:
Indoor temperature: 30 degrees

Window: closed

|$| Al message

oo

Thought: The user wants to decrease the air conditioner temperature by
two degrees. I need to first check the current temperature setting of the
air conditioner.

Action:

“json

i
"action": "get building_state",
"action_inputs": []

1

Observation:
Indoor temperature: 30 degrees

Air conditioner temperature: 29 degrees
L Air conditioner wind speed: medium

Door: closed > <
Thought: The current air conditioner temperature is 29 degrees. To
Air conditioner wind speed: medium ) | decrease it by two degrees, I need to set it to 27 degrees.
N
Thought: ... I should open both the windows and the door to allow fresh Action:
air to circulate. Additionally, ... I might need to adjust the wind speed to "‘json.
high to enhance the air flow. |
i "action": "set_ac_temperature",
é‘c,tm“' "action_inputs": [27]
json ) -
{
Wit 1 : "
act!on ; set_window_state”, Observation: Error! The air conditioner is locked. Please unlock it
"action_inputs": [true] first
} N
Thought: The air conditioner is currently locked ... I need to unlock it
Observation: You have successfully set the window state! ) before I can set the new temperature.
. N
Action: Action:
“json "json
t {
"action": "set_door_state", "action": "set ac lock",
"action_inputs": [true] "action_inputs": [false]
' }
Observation: You have successfully set the door state! ) | Observation: You have successfully set the air conditioner lock state!
N 7 a

>
Thought: The windows and doors are now open ... I should set the air
conditioner wind speed to high.

Action:

"json

i
"action": "set_wind_speed",
"action_inputs": ["high"]

wind speed set to high, the room should start to ventilate effectively,
helping to remove the smoke. I now know the final answer.

Final Answer: The room is now being ventilated to remove the smoke.
The windows and doors have been opened, and the air conditioner wind

\speed has been set to high to enhance air circulation.

Thought: Now that the air conditioner is unlocked, I can proceed to set
the temperature to 27 degrees as requested by the user.

Action:

“json

{
"action": "set_ac_temperature",
"action_inputs": [27]

} }

Obs tion: You h fully set the air conditi ind d! . L
> servation: You have SuccessTully et The aif conciioner Winc spee < Observation: You have successfully set the air conditioner temperature!
Thought: With the windows and doors open and the air conditioner \

-
Thought: I have successfully decreased the air conditioner temperature
by two degrees as requested by the user.

Final Answer: The air conditioner temperature has been set to 27
degrees.

~

Figure 8. Two response examples not related to memory.

16



Smart Constr. Article

-
R Human message

\Is the air conditioner temperature today the same as yesterday?

>
lgl Al message

Tl::ught: To determine if the air conditioner temperature today is the same as yesterday, I need to retrieve the current temperature setting and compare
it with the setting from yesterday. I will first get the current state of the building to find today's air conditioner temperature.

Action:

"json

{

N

"action": "get_building_state",
"action_inputs": []

5,
Observation:

Thought: I have the current air conditioner temperature, which is 29 degrees. Now, I need to retrieve the air conditioner temperature setting from
yesterday to compare.

Action:

"json

{

"o

"action": "recall",
"action_inputs": [2024, 10, 30]
¥

Observation:

2024-10-30

Human: Turn up the air conditioner temperature by one degrees.
AlL: The air conditioner temperature has been set to 27 degrees.
Human: Set the air conditioner wind speed to high.

Al ..

Thought: From the chat history of yesterday, I can see that the air conditioner temperature was set to 27 degrees. Today's air conditioner temperature is
29 degrees. Therefore, the temperature is not the same as yesterday.
Final Answer: No, the air conditioner temperature today is not the same as yesterday. Today it is set to 29 degrees, while yesterday it was set to 27
degrees.

2

J
e N
R Human message
\What about the day before yesterday? )
@l Al message
S5
Thought: To answer the user's question about the air conditioner temperature the day before yesterday, I need to retrieve the chat history for that date.
This will allow me to check the recorded temperature setting for the air conditioner.
Action:
"json
{
"action": "recall",
"action_inputs": [2024, 10, 29]
}
Observation:
2024-10-29
Human: I want to make some sandwiches. What ingredients do I need to buy?
Al: To make sandwiches, you typically need ...
Human: Turn down the air conditioner temperature by two degrees.
Al: The air conditioner temperature has been successfully set to 24 degrees.
Thought: Based on the chat history for the day before yesterday (October 29, 2024), the air conditioner temperature was set to 24 degrees. Now I can
compare this with the temperatures from yesterday and today to provide a complete answer to the user.
Final Answer: The day before yesterday, the air conditioner temperature was set to 24 degrees. So, compared to yesterday's 27 degrees and today's 29
\degrees, it was cooler the day before yesterday. b

Figure 9. Two response examples related to memory.
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i
"action": "set door state",
"action_inputs": [true]

1

]

Action:

“json

i
"action": "set ac _mode",
"action_inputs": ["dehumidifying"]

1

s

Action:

“json

i

1
"action": "set_ac_wind_speed",
"action_inputs": ["high"]

\Ohservation: (The program aborted here.)

Article
4 ™ 4 ™
R Human message R Human message
Let's get the smoke out of the room. Close the door and open the window.
g A
= | 0y
- Al message
— Al
|n| ]]IESSﬂgE
o Thought: The user has requested to close the door and open the
Thought: ... . . .
window. I need to use the appropriate tools to execute these actions.
é‘c-tinn: Action:
json e
json
L o {
"aCt?On :, get_}).ulldmg_stale ’ "action": "set_door_state",
action_inputs: [] "action_inputs": [false]
5, )
Observation:
AN / Action:
p — : N | ison
Thought: The room has high humidity and the windows and doors are |
closed, which could be contributing to the smoke not dissipating. I "action": "set window state",
should open the windows and doors to allow the smoke to escape. "aetion input;": [lmc]_
Additionally, I can adjust the air conditioner to help ventilate the room. | N
Action:
“json \Observation: (The program aborted here.) )
1
"action": "set_window_state",
"action_inputs": [true] R
\ Human message
y
) \Is the air conditioner wind today the same as yesterday? )
Action: <
“json

7
%& Al message

Thought: To determine if the air conditioner wind speed today is the
same as yesterday, I need to check the current wind speed and compare
it with the wind speed from yesterday's chat history.

Action:

"json

]

1
"action": "get_building_state",
"action inputs": []

Action:

"'json

i

1
"action": "recall",
"action_inputs": [2024, 10, 30]

)
§

\Observation: (The program aborted here.)

Figure 10. The main failure mode of agent with GLM-4-Plus only.

In order to test the agent’s ability in handling self-contradictory instructions, we provided it with the
request “Turn down the air conditioner temperature by ten degrees and make the room warmer”. As
shown in Figure 11, the agent successfully recognized the contradiction and informed the user without
generating any device control actions.
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R Human message

Turn down the air conditioner temperature by ten degrees and make the room warmer.

m
|Ql Al message
1]

Thought: The user wants to decrease the air conditioner temperature by ten degrees to make the room warmer. [ need to first check the current
temperature setting of the air conditioner.

Action:

“json
]

1
non

"action": "get building state",
"action_inputs": []

|

]

Observation:

Thought: The current air conditioner temperature is set to 29 degrees. To make the room warmer, I need to decrease this temperature by ten degrees.
However, decreasing the air conditioner temperature actually makes the room cooler, which contradicts the user's request. I should clarify this with the
user.

Final Answer: "Decreasing the air conditioner temperature will actually make the room cooler, not warmer. Did you mean to increase the temperature
instead?"

Figure 11. A response example of handling self-contradictory instructions.
4.2. Model experiment

We installed some embedded devices in a wooden building model to form a simulated smart building.
The proposed agent was implanted into the system as a control module to verify whether it can
collaborate with the existing 10T devices. Due to hardware limitations, the configuration of the model
building is not identical to that of the virtual building. In the model building, the air conditioner was
replaced with an electric fan, and the number of temperature and humidity sensors was reduced from
two to one, which was placed in the room. Therefore, the tools were also simplified.

The composition of the smart building system is shown in Figure 12. The ESP32 MCUs act as the
lower computers, which are directly connected to the door, window, fan, light, and temperature and
humidity sensor. The Raspberry Pi 5 serves as the upper computer, running three modules: web server,
voice interaction module and Al agent. The web server can send instructions to the ESP32 MCUs via
WiFi. The voice interaction module makes the simulation environment more similar to real-world usage
scenarios. To achieve this functionality, we connected a USB microphone and a USB loudspeaker to the
Raspberry Pi 5 and deployed keyword spotting, speech recognition and speech synthesis program on it.
The keyword spotting and speech recognition program run locally, using the fsmn-ctc model [33] and
Paraformer model [34] respectively, while the speech synthesis program uses Huawei Cloud’s online
service. The Al agent adopts the GLM-4-Plus and GLM-4-FlashX combination scheme described in
Section 4-1, depending on the cloud service provided by ZhipuAl.
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(o Ceu

ZhipuAl Huawei Cloud

T

Raspberry Pi 5

USB microphone

Voice interaction
module

USB loudspeaker

I

Temperature and
humidity sensor

Figure 12. The composition of the smart building system.

The test results showed that the Al agent exhibited excellent compatibility with 10T devices and
could function normally in the smart building. Figure 13 presents a typical example of the system’s
operation. By default, the system was in sleep mode, with only the keyword spotting program in the
voice interaction module running to minimize power consumption. This program continuously collected
sound information from the environment and analyzed whether the wake-up word was heard. When the
user said “Hi, Xiaowen,” the system was awakened and replied to the user in voice: “I’m here!” Then,
it entered the working stage. At this point, the user said: “The room feels a bit stuffy.” This audio was
input into the speech recognition program, converted into text, and provided to the Al agent. Then, the
agent entered the Thought-Action-Observation loop. First, it decided to call the get building_state
function to obtain the current state data of the building. After reviewing the data, to improve indoor
ventilation, the agent decided to call the set_window_state function to open the window, then it called
the set_fan_state function to turn on the fan, and finally it generated a final answer to notify the user that
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the operation was completed. The content of the final answer was input into the speech synthesis
program and converted to audio, which was then played through the loudspeaker.

Initial state

Waking stage Working stage

"I have opened the

Indoor temperature: ... oo /\l] window and turned on
)) "I'm here!" Indoor humidity: ... ' = ,) the fan to improve
g g I_D_l ventilation and make the
room feel less stuffy."
A . . Function calling:
Key w‘ord Funch?n ‘callulg. set_window_state(True)
spotting get_building_state() - -
IC) IC) S
== I_D 3 | [] s= I_D_I
o0 00 L oo
A
"Hi, Xiaowen!" :I'he room feels a
bit stuffy."
N Function calling:
' ' set_fan_state(True)
N lol—

=
00

Figure 13. An example of the system running process.

5. Conclusions and future work

To improve the accuracy and convenience of human-computer interaction in smart buildings, this paper
introduces large language models and Al agents into smart building systems, designs various
components and forms an Al agent based on the ReAct strategy. Two experiments have verified its
feasibility and effectiveness. Our main contributions are as follows:
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* We proposed a modular and general Al agent framework for building management, which
enables the smart building systems to perform complex, humanized and tool-based interactions.

* The experiment conducted in a virtual building showed that the proposed agent can not only
engage in daily conversations like an ordinary chatbot but also exhibit outstanding capabilities in intent
recognition, reasoning, using multiple tools, contextual understanding, recalling and refusing, which
achieved an accuracy of 91% in a simulated human-computer interaction test.

* The proposed agent was deployed in a real-world model building. The experimental results
demonstrated the tool manager provided a universal interface between the agent and various 10T devices,
enabling the agent to be integrated into existing 10T systems and creating conditions for the practical
application of this technology.

However, this study still has some limitations. We only discussed some simple usage scenarios in
smart buildings, and further research is needed on the application of LLMs and agents in more complex
scenarios, such as fire evacuation and building security. To handle these complex tasks, fine-tuning the
LLM to introduce more domain knowledge and reasoning capabilities may be necessary. For the
proposed agent prototype, only one action is allowed in a round, but parallel function calling is a way to
improve the agent’s operation efficiency. We plan to explore mechanisms which enable the LLM to
identify whether causal relationships are not a concern for multiple actions and initiate parallel function
calling if possible. Although the proposed agent is theoretically applicable to any building with IoT
systems, conducting further tests across different types and scales of buildings is still necessary. Other
considerations include integrating LLMs with edge computing to reduce dependency on Internet
accessibility, and exploring the application of multimodal large language models to enhance the agent’s
information acquisition capability.
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