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 A B S T R A C T

Developing an efficient and effective control system is critical to enhance built environment quality, to reduce 
building energy consumption and to achieve the carbon neutrality goal. However, this process is expertise 
demanding, time consuming, and error-prone, particularly for large-scale buildings with complicated building 
energy systems. To address this challenge, this study proposes AutoControl, an end-to-end fully automated 
workflow based on Large Language Models (LLMs). AutoControl incorporates two LLM-based agents that utilize 
Brick models as inputs to automatically design and generate Proportional–Integral (PI) controller codes. The 
first LLM agent, a semantic interpreter, extracts and translates configuration details from the Brick model into 
a comprehensive description of the building energy system and related control specifications. The second LLM 
agent, a control expert agent, generates the PI controller code based on the interpreted configurations. Finally, 
Particle Swarm Optimization (PSO) is employed to fine-tune the parameters of the PI controller. Experiments 
were conducted on three test cases with diverse HVAC system configurations using the BOPTest virtual testbed. 
AutoControl achieved an average Mean Absolute Error (MAE) in temperature of 0.323 ◦C and an average Root 
Mean Square Error (RMSE) in temperature of 0.766 ◦C during a week-period, demonstrating robust temperature 
control performance and strong generalization capabilities. These results highlight the potential of using LLMs 
for automatic development of building controllers.
1. Introduction

1.1. Building energy control

The control of building energy systems plays a significant role in 
ensuring indoor environment quality and enhancing building energy 
efficiency. Existing studies found buildings account for approximately 
40% of total energy consumption and over 70% of electricity consump-
tion in the United States, with similar trends observed globally [1,2]. 
In regard to the building consumption, around 30% of the energy is 
consumed by heating, ventilation, and air-conditioning (HVAC) sys-
tems [3]. Efficient operation and control of these systems is critical 
to reducing energy waste and mitigating environmental impacts. It has 
been shown that equipment malfunctions and inefficient control strate-
gies in HVAC and lighting systems can lead to energy waste ranging 
from 4% to 20% [3], with performance degradation in commercial 
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buildings reaching as high as 15% to 30% [4]. In Addition, inefficient 
control strategies also have a negative impact on the comfort of build-
ing occupants. With around 90% of individuals spending the majority of 
their time indoors [5], the quality of indoor environment — including 
thermal comfort, air purity, and lighting, etc. — directly influences 
their well-being, motivation, performance and contentment [6]. The 
evaluation of the quality of indoor environment, particularly thermal 
comfort, is formally defined by industry-established standards such 
as American Society of Heating, Refrigerating and Air-Conditioning 
Engineers (ASHRAE) Standard 55 [7,8]. Such thermal comfort con-
straints serve as the baseline for the controller design implemented in 
AutoControl.
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1.1.1. Rule based control
Rule based control (RBC) is the most widely used control strategy 

used in buildings due to its simplicity and robustness [9]. RBC, in par-
ticular, relies on predefined heuristic rules to operate building energy 
systems, making it a default choice in conventional building manage-
ment systems. Existing studies highlight its application in standardizing 
control sequences, such as those outlined in ASHRAE Guideline 36 
(G36), which provides uniform operational protocols for HVAC systems 
to enhance energy efficiency [10]. Faulkner et al. [11] demonstrated 
the implementation of RBC sequences based on G36 within a vari-
able air volume (VAV) system, achieving significant energy efficiency 
through interactions between air-side and water-side controls. These 
sequences, rooted in trim-and-respond logic, adjust setpoints based on 
real-time measurements like damper positions and zone temperatures, 
illustrating the capacity of RBC to balance energy efficiency and oc-
cupant comfort. However, the static rule sets of RBC often fail to 
adapt to dynamic building conditions or complex system behaviors, 
leading to suboptimal performance under varying occupancy or climate 
scenarios [12].

1.1.2. Model predictive control
To address the limitation of RBC, model predictive control (MPC) 

has been developed by leveraging predictive models, predicted dis-
turbances, and real time optimization [13]. MPC employs a receding-
horizon strategy, forecasting system states over a control horizon, 
then determining optimal control actions iteratively to minimize ob-
jectives while meeting operational constraints. By rescheduling control 
sequences at each iterative step, the accumulation of errors can be pro-
foundly reduced [14]. Numerous reports in the literature demonstrated 
the superior performance of MPC addressing the nonlinear dynamics 
and multiple objectives inherent in modern HVAC systems [15]. Serale 
et al. [16] implemented MPC in building thermal control, achieving 
15% to 20% average energy savings across diverse building types, 
alongside significant peak load reductions of approximately 30% when 
integrated with demand response (DR) strategies. Joe et al. [17] uti-
lized MPC to leverage the thermal mass of buildings as virtual storage, 
optimizing the operation of residential air conditioning systems. The 
results demonstrated that, compared to traditional control methods, 
MPC can save approximately 10.6% in operating costs and achieve 
a 25% to 46% reduction in peak demand while maintaining indoor 
comfort.

1.1.3. Reinforcement learning control
The implementation of MPC relies on models that can accurately 

reflect the building thermal dynamics. However, developing and iden-
tifying an accurate mode is expertise demanding and time consuming, 
which limits its adoption in real buildings [18,19]. Reinforcement 
learning (RL) was proposed to address this challenge. RL learns control 
policies from real-time interactions with the environment, mitigating 
the need for predefined models. The HVAC operation in RL is formu-
lated as a Markov decision process (MDP), where an agent iteratively 
adjusts actions—such as air flow rates in VAV systems—to maximize a 
cumulative reward, for example, balancing energy cost and occupant 
comfort [20]. Specifically, integrated with deep learning significantly 
enhances the capacity of RL to manage nonlinear and uncertain sys-
tems, rendering it well-suited for the control of HVAC systems in 
buildings [21]. Nguyen et al. [22] applied a phasic policy gradient 
(PPG) algorithm to optimize indoor temperature and energy efficiency 
under dynamic and unpredictable conditions such as varying weather, 
occupancy patterns, and equipment performance, achieving up to 52% 
improvement in temperature comfort metrics, 14% reduction in power 
consumption, and faster convergence to optimal policies compared to 
MPC and RBC methods.

Despite RL demonstrates promising ability in handling complex and 
uncertain HVAC systems, several limitations set barriers for its adoption 
in automating control design. Specifically, extensive interaction data 
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are required for RL model training, where the data can be difficult 
to obtain in real-world building due to time and safety constraints. 
Additionally, training of RL models is sensitive to hyper-parameters 
and sometimes result in suboptimal or unsafe control sequences. Other 
advanced approaches, such as expert systems, also face challenges in 
improving building energy flexibility, due to the reliance on simple 
manual knowledge engineering [23]. These limitations highlight the 
demand for an automated, end-to-end and generalizable approach to 
control design.

1.2. Applications of LLMs in building industry

With the rapid developing of artificial intelligence (AI), generative 
AI, particularly the large language model (LLM), has demonstrated 
its potential in various fields, such as computer vision [24], speech 
processing [25], code generation [26], fault diagnosis [27], etc. Specifi-
cally, the Generative Pre-trained Transformer (GPT) represents a subset 
of large language models (LLMs) that leverages the transformer ar-
chitecture, which is engineered to address a broad range of natural 
language processing (NLP) tasks. GPTs can generate context-aware, 
logically coherent text outputs along with a degree of expert knowl-
edge, only requiring natural language prompt [28]. With the emerging 
of models like GPT-4o [29], LLaMA [30], DeepSeek [31,32], Claude, 
etc., numerous studies have applied LLMs in the building industry. The 
potential applications of LLMs in buildings include energy modeling, 
load prediction, control optimization, etc.

1.2.1. Building energy modeling
Establishing building energy models (BEMs) plays a pivotal role in 

building energy management. By simulating energy dynamics and zone 
environments based on BEMs, various measures such as sustainability, 
de-carbonization can be implemented in buildings [33]. However, cre-
ating accurate BEMs requires significant expertise including building 
science and simulation software knowledge (e.g., EnergyPlus [34], 
etc.), especially for complex and large buildings. Additionally, such 
a modeling process is time-consuming with parameter tuning and 
model optimization, which is highly tedious and repetitive. Consider-
ing simplifying such processes, several studies have applied LLMs to 
automatically generate BEMs. Jiang et al. [35] proposed a LLM-based 
auto-building modeling platform Eplus-LLM, which converts natural 
language descriptions into EnergyPlus Input Data Files (IDFs) based 
on a fine-tuned Flan-T5 model (i.e., text-to-text transfer transform-
ers) [36]. The proposed platform achieves rapid IDF generation in 
approximately 1 min, integrating seamlessly with EnergyPlus for sim-
ulation. Model validation demonstrates that Eplus-LLM achieves 100% 
accuracy, reduces modeling time by over 95% compared to traditional 
manual approaches, and exhibits robustness across diverse prompt 
types.

1.2.2. Building load forecasting
As a critical component in numerous applications and methodolo-

gies, building load forecasting (BLF) has received significant attention 
in the building field. Particularly when implemented in MPC, the 
accuracy of BLF directly influences the control performance [37]. With 
the advancement of artificial intelligence technologies, data-driven BLF 
have attracted increasing attention, due to the superior performance 
in building scenarios with incomplete or fragmented information [38,
39]. Zhang et al. [40] proposed an automated LLM-based method 
for building load prediction, which leverages prompting functions to 
generate Python codes for training and deployment of BLF models. To 
enhance the performance, the proposed method integrated Bayesian op-
timization for prompt tuning, and external knowledge bases to provide 
domain-specific guidance. Additionally, a self-correction mechanism 
was implemented to rectify coding errors, improving the robustness 
and accuracy of the prediction. However, the proposed method above 
was limited to one-step-ahead predictions and struggled with semantic 
errors.
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1.2.3. Building energy control
Effective building energy control strategies, by managing systems 

such as HVAC, can accelerate the decarbonization process of buildings 
while ensuring occupancy well-being [41]. For instance, dynamically 
adjusting HVAC operations based on real-time occupancy and weather 
conditions enables energy savings and emission reductions while main-
taining thermal comfort [42]. With advancements in artificial intelli-
gence, an increasing number of intelligent control systems based on 
deep learning have emerged. These systems exhibit strong capabilities 
in nonlinear fitting and dynamic control under uncertainties in com-
plex building environments [43,44]. However, specialized design and 
training for different buildings results in high technical barriers and 
implementation costs. The advent of LLMs offers opportunity to stream-
line this process. An LLM-based agent can interpret varied building 
data—including weather conditions, indoor environments, occupant 
behaviors etc.—through natural language inputs, subsequently making 
decisions or providing recommendations based on expertise knowledge 
bases. Furthermore, such strategy can adapt to diverse building con-
figurations by leveraging expert knowledge embedded in foundational 
models [45]. Guo et al. [46] proposed a novel paradigm ControlA-
gent, which leverages LLM-based agents to automatically design a 
Proportional–Integral–Derivative (PID) controller for a well-formulated 
linear time-invariant (LTI) systems. Given the linear ordinary differen-
tial equation (ODE) of the system, step-by-step analyses were conducted 
through natural language, including pole placement, bandwidth design, 
etc. However, the ControlAgent required accurate system modeling, 
making it difficult to apply to diverse real-world building scenar-
ios where detailed system parameters or operational data may be 
incomplete or unavailable.

1.3. Semantic modeling frameworks

Project Haystack provides a tag-centric approach for building oper-
ational data; its lightweight tagging conventions make adoption easy 
across BAS and analytics tools [47]. The OPC UA Asset Administration 
Shell (AAS) is an Industry 4.0 digital-twin metamodel that organizes 
asset information via sub-models and is commonly realized through 
an OPC UA companion specification [48,49]. Brick is an RDF/OWL 
ontology for buildings with explicit classes and relationships captur-
ing equipment, points (i.e., sensor/actuator data points), and system 
topology, enabling semantic consistency and SPARQL-based queries 
across sites [50]. Our pipeline is knowledge-graph and query-driven: 
Brick’s native RDF/OWL representation and established query patterns 
(SPARQL) reduce the integration overhead and support reasoning and 
portability, whereas Haystack’s flexible tags and AAS’s OPC-UA–first 
realizations typically require additional mapping to fit semantic-web 
workflows [51]. Ongoing coordination among Brick, Haystack, and 
ASHRAE223 further improves cross-framework interoperability while 
preserving Brick’s semantic-web advantages [52,53].

1.4. Virtual testbed of building energy systems

With the growing scale and complexity of building energy systems, 
virtual testbed has become essential for evaluating proposed control 
methods. TEASER [54] is an open framework for urban energy mod-
eling and urban-scale analyses of retrofit scenarios, especially concen-
trating on building model generation and energy demand simulation. It 
automates the generation of reduced-order models (ROMs) from limited 
data inputs integrating with standards like CityGML [55] for urban 
modeling. TwinERGY [56] is a digital twin (DT) platform that creates 
high-fidelity DTs through dynamic simulation models and real-time 
data calibration. It leverages cross-leveled IoT data flows to achieve 
precise energy behavior prediction and analysis. The Hardware-in-
the-Loop (HIL) simulation framework [57] is a flexible, modular sys-
tem that helps build custom simulators to test embedded control sys-
tems (ECS), which is achieved by combining real hardware controllers 
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with virtual models of physical processes. BOPTEST [58] is a virtual 
testbed framework developed for benchmarking and evaluating ad-
vanced building control algorithms through standardized test cases. 
It utilizes a containerized environment to enable rapid algorithm de-
velopment, and simulation without hardware dependencies. Compared 
with TEASER, TwinERGY and HIL framework, BOPTEST focuses on 
advanced control development under different HVAC configurations, 
which can effectively evaluate the control performance of controllers 
of energy systems.

1.5. Objectives and contributions

Designing controllers for different buildings is expertise demanding 
and time consuming, particularly because significant inconsistencies 
exist in system configurations between buildings. In such cases, exten-
sive customization and parameter tuning become inevitable. Although 
numerous advanced techniques of artificial intelligence emerged in 
building industry significantly improve the performance of building 
control, the black-box mechanism of deep learning and expertise in 
control principles present a high technical barrier for controller design. 
Additionally, separately development of each step during building con-
trol, for instance, system modeling, controller design, parameter tuning, 
testing etc., makes controller deployment inefficient and tedious. The 
recent advancement in LLM provides a unique opportunity to address 
this challenge.

This study proposes an end-to-end fully automated workflow Auto-
Control for building controller development, by leveraging the building 
semantic model and LLMs. A multi-agent framework is introduced 
in AutoControl: a semantic agent interprets the Brick model which 
represents the semantic information of the target building; and an 
expert agent designs the PI controller based on user requirements 
and building configurations. The parameters of the PI controller are 
fine-tuned by the particle swarm optimization (PSO) algorithm in an 
iterative process. AutoControl is a plug-and-play solution, which can be 
smoothly integrated into the target building. Users input Brick model 
and necessary requirements in natural language to AutoControl, and 
then a tailored control solution is automated generated.

The input requirements and semantic-based controller design make 
AutoControl a promising approach for real-world deployment and con-
troller generalization. By leveraging standardized Brick models and 
simple user inputs (e.g., temperature setpoint), AutoControl demon-
strates a plug-and-play solution, significantly reducing the expertise 
barrier and time cost compared to traditional controller design which 
requires refined customization effort. Furthermore, by combining se-
mantic information and domain expertise, AutoControl can easily adopt 
diverse building HVAC configurations without case-specific algorithmic 
redesign. The key contributions of this study are summarized as follows:

• An end-to-end fully automated workflow AutoControl is pro-
posed. By leveraging the building semantic information, Large 
Language Models, and embedded expertise, tailored controllers 
are automatically generated to meet user requirements.

• An LLM-based semantic agent is developed to interpret the Brick 
model of the building, by translating the configurations into 
detailed descriptions of the control requirements.

• Three HVAC control cases are conducted to validate the robust-
ness and generalization of AutoControl, demonstrating superior 
performance in maintaining thermal comfort.

2. Methodology

2.1. Overview of the workflow

The workflow of AutoControl is shown in Fig.  1. Specifically, in 
order to make AutoControl capable of plug-and-play, the Brick model 
of the target building is taken as the inputs of this process. The 
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Fig. 1. The overview of the workflow of AutoControl.
Brick model is an open-source framework that standardizes semantic 
descriptions of building assets and their relationships through an ex-
tensible dictionary, relationship definitions, and a flexible data model 
for seamless integration with existing tools and databases [59]. Using 
this standardized data format, information about the building energy 
system can be effectively and comprehensively described.

The formatted key information, such as measurement and control 
variables, is extracted from the Brick model through the first LLM 
agent, the semantic agent. Then, the extracted information is integrated 
into the prompt combined with user requirements. The requirements 
include controller type, set point temperature, etc. According to the 
prompt, the Python code of the controller is generated by the second 
LLM agent, a control expert agent, based on the domain expertise 
embedded in the official pre-trained model. The initial guesses of 
the parameters of the controller is also delivered through the second 
agent. Finally, the controller with initial parameters is tested in the 
virtual testbed. If the controller with the initial parameters results in 
unsatisfactory performance, the PSO algorithm will be used for the 
parameter fine-tuning. Once the control result converges or the number 
of iterations reaches the maximum number, the system will output the 
final controller codes.

2.2. Semantic agent

The Semantic Agent utilizes semantic web technologies and large 
language models (LLMs) to automatically generate comprehensive de-
scriptions of building energy systems, including both control vari-
ables and measurement variables. The methodology comprises three 
sequential steps, depicted in Fig.  2.
4 
Step 1: Variable extraction
In the first stage, the agent identifies and classifies relevant variables 

from the semantic knowledge graph. Variables are extracted based 
on their superclass types using subclass reasoning. Specifically, any 
entity whose type is a subclass of brick:Sensor is categorized 
as a measurement variable and assigned to the ‘‘output’’ category. 
Conversely, entities of types that are subclasses of brick:Setpoint
or brick:Command are designated as control variables and assigned 
to the ‘‘input’’ category.

To extract this information, the agent employs the SPARQL query 
shown in Fig.  3. This query retrieves not only the entity type and 
classification but also their associated attributes when available.

This query enables a unified extraction of variable types and their 
associated contextual information, laying the foundation for the subse-
quent interpretation of attributes and description generation.

Step 2: Property extraction
In the second step, the Semantic Agent parses and extracts key 

semantic attributes for each identified variable. These include:

• Maximum boundary value (ref:max)
• Minimum boundary value (ref:min)
• Measurement unit (ref:unit)
• Activation condition (ref:activate, if applicable)
These attributes are found through external references linked via

ref:hasExternalReference. This modular referencing allows for 
consistent reuse and external definition of semantic properties across 
various entities. The agent consolidates this information to construct a 
rich semantic profile for each variable, which is subsequently used in 
the prompt generation for the LLM-based description.
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Fig. 2. The overview of the semantic LLM-based agent.
Fig. 3. The SPARQL query for extracting variables and semantic attributes.
Step 3: Variable description generation
The final stage employs prompt Engineering to leverage the se-

mantic information previously extracted to generate human-readable 
descriptions of measurement and control variables. The process in-
volves constructing structured prompts comprising clear instructions, 
detailed semantic information (e.g., variable type, units, boundaries), 
and illustrative examples. This prompt is then inputted into a large lan-
guage model, which returns coherent and contextually precise variable 
descriptions. Fig.  4 illustrates an example of the prompt structure and 
content fed into the large language model.

The prompt consists of clear instructions, semantic details, and an 
illustrative example to guide the LLM. To clarify symbols and terms 
used within the prompt, Table  1 provides explicit definitions.

At the conclusion of this step, the LLM outputs structured and 
detailed variable descriptions as exemplified in Fig.  5. This represen-
tative output demonstrates how the semantic agent generates precise, 
5 
Table 1
Symbolic representations of Setpoint/Command and sensor attributes.
 Symbol Description  
 𝑥𝑗1 Entity name of the 𝑗th Setpoint/Command 
 𝑥𝑗2 Type of the 𝑗th Setpoint/Command  
 𝑥𝑗3 Max value of the 𝑗th Setpoint/Command  
 𝑥𝑗4 Min value of the 𝑗th Setpoint/Command  
 𝑥𝑗5 Unit of the 𝑗th Setpoint/Command  
 𝑥𝑗6 Activate of the 𝑗th Setpoint/Command  
 𝑦𝑖1 Entity name of the 𝑖th sensor  
 𝑦𝑖2 Type of the 𝑖th sensor  
 𝑦𝑖3 Max value of the 𝑖th sensor  
 𝑦𝑖4 Min value of the 𝑖th sensor  
 𝑦𝑖5 Unit of the 𝑖th sensor  

human-readable definitions for both measurement and control vari-
ables, clearly capturing their functionalities and operational bound-

aries.
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Fig. 4. The prompt template for variable description generation.
2.3. PI controller design

This section introduces the automated process of PI controller de-
sign for the HVAC system of the building in detail. PI controllers 
are widely used in most HVAC control loops [60], due to the robust 
performance and simple structure. As shown in Fig.  6, the PI con-
troller is applied to track a reference signal 𝑟(𝑡) (e.g., set temperature, 
humidity, CO2 concentration and etc.) by steering the HVAC output 
𝑦(𝑡). Specifically, in the HVAC control loop, multiple sensors are used 
to measure the system output 𝑦(𝑡), which are then fed back to the PI 
controller along with the reference signal 𝑟(𝑡) by computing the tracking 
error 𝑒(𝑡) = 𝑟(𝑡)−𝑦(𝑡). Then, the PI controller computes the control signal 
𝑢(𝑡) of the HVAC system by integrating the proportional and integral 
time parameters 𝐾𝑝 and 𝐾𝑖 with the tracking error 𝑒(𝑡). The 𝑘th step of 
control signal 𝑢(𝑘) is formulated as: 

𝑢(𝑘) = 𝐾𝑝𝑒(𝑘) +𝐾𝑖

𝑘
∑

𝑗=0
𝑒(𝑗), (1)

where, 𝑒(𝑗) represents the tracking error at time step 𝑗. It should be 
noted that, the PI controller in the HVAC system adopts discrete-time 
implementation to align with the digital control hardware require-
ments. In this study, the measurement of the system is limited to indoor 
temperature, with the PI controller designed specifically for set-point 
tracking.

The architecture of such a control loop is also known as closed-loop 
control, where the measurements of the system are fed back to the 
controller to calculate the input of the system. According to experience 
in modern control engineering, the PI controller can be designed based 
6 
on the transfer function of the dynamic system, which is formulated as: 

𝐺(𝑠) =
𝑏𝑚𝑠𝑚 + 𝑏𝑚−1𝑠𝑚−1 +⋯ + 𝑏1𝑠 + 𝑏0
𝑎𝑛𝑠𝑛 + 𝑎𝑛−1𝑠𝑛−1 +⋯ + 𝑎1𝑠 + 𝑎0

, (2)

where, 𝑠 represents the complex frequency variable in the Laplace 
domain, 𝑎 and 𝑏 are the coefficients of output and input signals, 
respectively. In the real-world physical system, the 𝑚 ≤ 𝑛 is usually 
adopted as a common assumption. As for HVAC systems, the 2R1C 
model [61] is widely adopted as the thermal model of the zone, which 
can be formulated as: 
𝐺(𝑠) =

𝑇out(𝑠)
𝑇in(𝑠)

= 1
1 + 𝑅in

𝑅out
+ 𝑠𝑅in𝐶out

, (3)

where, 𝑇out(𝑠) and 𝑇in(𝑠) are the outdoor and indoor temperature in the 
Laplace domain, respectively. 𝑅in and 𝑅out are the thermal resistance, 
and 𝐶out is the thermal capacity. The structure of the 2R1C model is 
illustrated in Fig.  7. Based on the transfer function of the system, the 
PI controller can be well-designed given the requirements of the phase 
margin and settling time [46]. However, in the real-world system, the 
thermal model is usually complex and dynamic and it is difficult to 
obtain accurate values of the parameters in the model, such as thermal 
resistance 𝑅 and capacity 𝐶.

Therefore, instead of modeling the HVAC system, an end-to-end 
PI controller design strategy is proposed based on prompt engineer-
ing [62]. After obtaining the specific configuration from the first se-
mantic agent, the second LLM-based agent, endowed with control and 
HVAC expertise, will generate the PI controller in the form of Python 
code. The prompt fed to the second agent includes five sections.
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Fig. 5. The example of generated variable descriptions from the semantic LLM-based agent.
Fig. 6. Feedback control of the PI controller in the HVAC system.
Fig. 7. The structure of the 2R1C thermal model.

1. The first section is the task description, outlining the primary 
objective of designing a PI controller for an HVAC system. In 
this study, the goal of control is to achieve and maintain the 
zone temperature around a predefined setpoint.

2. The second section is a step-by-step instruction, providing a 
structured approach to developing the PI controller.

3. The third section enumerates the available measurement and 
control variables extracted from the first semantic agent, detail-
ing their units, ranges, and descriptions.

4. The fourth section is the rule description, specifying the format 
for the output of the agent, and some specific requirements.
7 
5. The fifth section is the template code, providing a Python class 
structure for implementing the PI controller.

For illustration, Fig.  8 shows an example of the prompt provided from 
the user.

As for the second section of the prompt, it includes four key steps: 
(1) selecting and verifying the appropriate measurement and control 
variables from a given list (described in the third section), (2) choosing 
a single control variable for the PI controller, prioritizing those related 
to the supply temperature, (4) providing an initial estimation for 𝐾𝑝 and 
𝐾𝑖 based on the unit, range, and description of the selected variables, 
and (5) generating a Python controller class using the template pro-
vided. Note that, in this study, the single input system is adopted, which 
has only one control variable. The rest of the control variables are set 
as constant. To further simplify the problem, the selection of control 
variables is constrained to temperature-related variables, such as the 
supply air temperature for the Fan Coil Unit (FCU). This is achieved by 
incorporating relevant keywords into the prompts provided to the LLM 
agent.

In the third section of the prompt, the outputs of the first semantic 
LLM agent are inserted into the prompt. The elaborated information 
includes name, unit, range and description about the measurement 
and control variables provides comprehensive understanding of the 
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Fig. 8. The example of the generated prompt and the workflow of the expert LLM-based agent.
control problem for the second LLM-based expert agent. The fourth 
section of the prompt is based on the empirical knowledge of prompt 
engineering as shown in Table  2. Rule 1 emphasizes that only the 
Python code should be returned without any additional explanations. 
This constraint ensures consistency and adherence to the task require-
ments, facilitating seamless integration of the generated code into the 
virtual environment. Rule 2 is required by the virtual environment, 
where the activation state should be set to 1 before it can be used. 
Rule 3 is applied to ensure that none of the control variables is null, as 
these variables are usually assigned a default value of 0 in the virtual 
environment, which may cause problems in the control process. Rule 
4 is provided by the user. Rule 5 and Rule 6 are designed for the 
multiple-zone case where the PI controller is required to be tailored 
for each individual zone. The fifth section of the prompt includes 
methods for initialization and control computation, with placeholders 
for measurement and control variables. The template serves as a foun-
dational framework, enabling the user to customize and implement 
the controller efficiently. By following this template, users can ensure 
that the controller complies with the specified design requirements 
and integrates seamlessly with other HVAC systems. The example code 
template is illustrated in Fig.  A.1, Appendix  A.1.

2.4. Parameter fine-tuning

Fine-tuning of the parameters 𝐾𝑝 and 𝐾𝑖 is critical for the PI 
controller design, since the control performance such as settling time, 
steady-state errors, and etc., relies heavily on the values of the param-
eters. In traditional control engineering, this process generally requires 
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Table 2
The rule-based external knowledge for prompt engineering.
 No. Rule descriptions  
 1 Please provide only one complete Python code in your answer.  
 2 Set the activation state variables of all control variables to 0 in the 

initialization stage, and set all the activate state variables to 1 in the 
computation stage.

 

 3 All of the remained control variables should be set to reasonable fixed 
values, without being undefined in the output dict.

 

 4 Set the reference temperature of the controller to 22.5 ◦C.  
 5 Please identify the number of zones from the configurations of the 

variables (There may only one zone or multiple zones). If there is one 
thermal zone, the class name should be Controller. If there are 
multiple thermal zones, the class name should be 
Controller_Zone_$key_word_in_variables$.

 

 6 Design the PI controller separately for each zone in separate codes. 
Return all the PI controller codes for the zones identified.

 

substantial human expertise and considerable manual intervention. In 
this study, the particle swarm optimization (PSO) algorithm is applied 
to alleviate the work load of this process. There are two main reasons 
that PSO is conducted as the fine-tune algorithm: (1) both in virtual 
testbed and real-world building, gradient information on the thermal 
dynamics is difficult to obtain, which makes gradient-based optimiza-
tion algorithm hard to implement; (2) the population-based strategy 
of PSO inherently supports parallel simulation evaluations, which can 
greatly improve optimization efficiency.

The auto-generated PI controller with initial parameters is first eval-
uated in the virtual testbed. Subsequently, the controller parameters are 
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iteratively optimized using the PSO algorithm, with performance re-
evaluated in the testbed after each optimization cycle. Specifically, the 
PSO begins by initializing a population of particles, where the position 
of each particle represents a potential solution in the form of a [𝐾𝑝, 𝐾𝑖]
pair, where 𝐾𝑝 and 𝐾𝑖 are the proportional and integral gain of the 
PI controller, respectively. These particles are randomly distributed 
within predefined bounds for 𝐾𝑝 and 𝐾𝑖. During each iteration, the 
performance of each particle is evaluated using an objective function 
that quantifies the control system’s performance. The objective function 
is given by 
𝑓 = 𝑤1 ⋅ 𝑒avg_error +𝑤2 ⋅ 𝑒over_shoot +𝑤3 ⋅ 𝑒settling_time (4)

where, 𝑒avg_error, 𝑒over_shoot, 𝑒settling_time are the average temperature de-
viation, over-shoot, and settling-time of the temperature control re-
sult, respectively. [𝑤1, 𝑤2, 𝑤3] are weighting factors. In this study, 
[𝑤1, 𝑤2, 𝑤3] is set to [0.8, 0.1, 0.1]. The definitions of 𝑒avg_error, 𝑒over_shoot, 
and 𝑒settling_time are given in Appendix  A.2.

Then, the positions and velocities of particles are updated based on 
their individual optimal positions 𝑥𝑝 = [𝐾𝑝

𝑝 , 𝐾
𝑝
𝑖 ] and the global optimal 

position 𝑥𝑔 = [𝐾𝑔
𝑝 , 𝐾

𝑔
𝑖 ] across the entire population. Specifically, for 

each particle, the velocity is updated using the following equation: 
𝑣𝑖,𝑗 (𝑡 + 1) = 𝛾 ⋅ 𝑣𝑖,𝑗 (𝑡) + 𝑐1 ⋅ 𝑟1 ⋅ (𝑥

𝑝
𝑖,𝑗 − 𝑥𝑖,𝑗 (𝑡))

+ 𝑐2 ⋅ 𝑟2 ⋅ (𝑥
𝑔
𝑗 − 𝑥𝑖,𝑗 (𝑡))

(5)

where, 𝑣𝑖,𝑗 (𝑡) and 𝑥𝑖,𝑗 (𝑡) are the velocity and position of the 𝑖th particle 
in the 𝑗th dimension at iteration 𝑡, respectively, 𝛾 is the inertia weight, 
which controls the influence of the previous velocity on the current 
update, 𝑐1 and 𝑐2 are the cognitive and social learning rate, respectively, 
𝑟1 and 𝑟2 are random factors uniformly distributed in the range [0, 1], 
introducing stochasticity to the search process, 𝛾 is the inertia weight, 
𝑥𝑝𝑖,𝑗 is the personal best position of the 𝑖th particle in the 𝑗th dimension, 
and 𝑥𝑔𝑗  is the global best position in the 𝑗th dimension across all 
particles. After updating the velocity, the position of each particle is 
updated as follows: 
𝑥𝑖,𝑗 (𝑡 + 1) = 𝑥𝑖,𝑗 (𝑡) + 𝑣𝑖,𝑗 (𝑡 + 1) (6)

To enhance the optimization performance, a dynamic hyper-
parameter tuning strategy is implemented. Specifically, the inertia 
weight 𝛾, which controls the balance between exploration and exploita-
tion, is linearly decreased from an initial maximum value 𝛾max = 0.9 to a 
minimum value 𝛾min = 0.4 during the iterations. Similarly, the cognitive 
learning rate 𝑐1 gradually decreases from 𝑐max1 = 2.5 to 𝑐min1 = 1.5, 
while the social learning rate 𝑐2 gradually increases 𝑐min2 = 1.5 to 
𝑐max2 = 2.5. This dynamic adjustment implies that the swarm initially 
emphasizes individual particle exploration and later shifts its focus 
toward exploiting the global optimal solution. This adaptive mechanism 
ensures that the algorithm maintains a strong exploration capability 
in the early stages while gradually shifting toward exploitation as the 
search progresses. The PSO optimization is summarized in Algorithm 1. 
In this paper, the particle number 𝑁 is set to 15, the maximum iteration 
𝑁max is set to 10. Furthermore, parallel computing is employed to eval-
uate the performance of multiple particles simultaneously, significantly 
reducing the computational time required for the optimization process.

3. Results

In this section, a comprehensive set of experiments is conducted 
in the Building Optimization Testing Framework (BOPTEST) [58] to 
evaluate the performance of AutoControl for temperature control of 
the HVAC system. BOPTEST is an open-source virtual environment 
developed to facilitate simulation of building HVAC control strategies. 
It employs Modelica models [63] to simulate realistic building physical 
dynamics. To ensure rapid and reproducible execution with diverse 
control algorithms, it incorporates Docker containerized deployment - 
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Algorithm 1 PSO-Based Parameter Tuning
Require: Particles 𝑁 , Iterations 𝑁max, Setpoint 𝑇set
Ensure: Optimal 𝐾𝑝, 𝐾𝑖
1: Initialize particles: Random positions 𝐱𝑖, velocities 𝐯𝑖
2: Initialize 𝑥𝑝𝑖 ← 𝐱𝑖, 𝑥𝑔 ← ∅, 𝑓 𝑝

𝑖 ← ∞, 𝑓 𝑔 ← ∞
3: for 𝑡 = 1 to 𝑁max do 
4: Update 𝛾, 𝑐1, 𝑐2 ← get_dynamic_params(𝑡,𝑁max)
5: for each particle 𝑖 do 
6: Evaluate fitness 𝑓𝑖 ← evaluate_controller(𝐱𝑖, 𝑇set)
7: if 𝑓𝑖 < 𝑓 𝑝

𝑖  then 
8: 𝑥𝑝𝑖 ← 𝐱𝑖, 𝑓 𝑝

𝑖 ← 𝑓𝑖
9: end if
10: if 𝑓𝑖 < 𝑓 𝑔

𝑖  then 
11: 𝑥𝑔 ← 𝐱𝑖, 𝑓 𝑔 ← 𝑓𝑖
12: end if
13: end for
14: for each particle 𝑖 do 
15: 𝐯𝑖 ← 𝛾𝐯𝑖 + 𝑐1𝑟1(𝑥

𝑝
𝑖 − 𝐱𝑖) + 𝑐2𝑟2(𝑥𝑔 − 𝐱𝑖)

16: 𝐱𝑖 ← clamp(𝐱𝑖 + 𝐯𝑖, bounds)
17: end for
18: end for
19: return (𝐾𝑝, 𝐾𝑖) ← 𝑥𝑔

a lightweight virtualization technology that packages software with all 
the dependencies into standardized units. Additionally, extensive sets 
of test cases are embedded in the platform, with diverse system types, 
such as single-zone residential buildings with radiant heating or multi-
zone setups with varied HVAC configurations. These test cases allow 
for the overwriting of supervisory and local-loop control signals, and 
provide predefined testing scenarios, including specific time periods 
and boundary conditions like weather and energy pricing. Notably, 
the weather-related data are not utilized in the simulation to evaluate 
the robustness of AutoControl in unpredictable weather conditions. 
The mean absolute error (MAE), root mean square error (RMSE) and 
thermal discomfort (𝛥𝑇𝑑) are used to evaluate the temperature control 
performance. The definitions of the metrics are shown in Appendix  A.3. 
The control performance of AutoControl is compared with the baseline 
controller embedded in the BOPTEST and the Model Predictive Control 
(MPC). The formulation of MPC is given in Appendix  A.4.

To evaluate the generalization ability of AutoControl, we select 
three test cases — BESTEST_Air, BESTEST_Hydronic, and Two_Zone_
Apartment_Hydronic — representing different air conditioning termi-
nals (Fan Coil Units or radiators), different control variables (fcu_
oveTSup_u or oveTSetSup_u), and different numbers of thermal 
zones. The detailed properties of the three test cases have been illus-
trated in Appendix  A.5. Since the official BOPTEST platform does not 
currently provide semantic Brick models for its benchmark test cases, 
we first constructed detailed Brick-based semantic models for the three 
selected BOPTEST cases.

To construct these Brick-based models, we developed a structured 
and reproducible modeling process using programmatic rules rather 
than manual annotation. For each test case, we first defined key phys-
ical entities such as rooms, fan coil units (FCUs), heating and cooling 
coils, and lighting or plug loads. These components were then described 
using standardized Brick classes and connected through well-defined re-
lationships (e.g., a fan coil unit ‘‘feeds’’ a room, or a sensor ‘‘measures’’ 
a temperature). In addition to physical equipment, we systematically 
defined the control inputs and sensor outputs relevant to each system. 
Each point was annotated with detailed metadata, including its engi-
neering unit, valid range, and its link to the simulation variable in 
BOPTEST. To ensure consistency and enable downstream automation, 
all of these elements — including equipment, points, and their relation-
ships — were generated using a rule-based Python script and exported 
in the RDF Turtle format, following Brick schema conventions.
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Fig. 9. The overview of the HVAC system for the BESTEST_Air test case.

The resulting semantic representations for these cases are presented 
in Appendix  A.7. Additionally, to ensure semantic consistency and 
correctness, these three models were validated using the Ontology Val-
idation feature provided by the BuildingMOTIF toolkit [64]. All three 
Brick models successfully passed ontology validation, confirming their 
semantic compliance and suitability for subsequent experimentation.

The OpenAI GPT-4o is utilized for the two LLM agents, the semantic 
agent and the expert agent. The temperature parameter of the expert 
LLM agent is set to 0.0, since the randomness is unnecessary for the PI 
controller code generation task.

3.1. Single zone with FCU

The building is a single-room zone with a floor area of 6 m × 8 m, 
a floor-to-ceiling height of 2.7 m, four exterior walls, a flat roof, and 
two 3 m × 2 m windows on the south wall, designed for two occupants 
with a light load density. The climate data is collected near Denver, 
CO, USA with a latitude of 39.76◦ and longitude of −104.86◦. The zone 
is equipped with an idealized four-pipe FCU for heating and cooling, 
which includes a fan, cooling coil, heating coil, and filter. The room 
air is drawn by the fan, conditioned by passing through the coils and 
the filter, and then supplied back to the room. The cooling coil uses 
chilled water from a chiller, while the heating coil uses hot water from 
a gas boiler, with the fan motor controlled by a variable speed drive. 
The system schematic diagram is given in Fig.  9. Note that there is an 
ideal controller embedded in the test case, which can accurately control 
the supply air temperature through the coils.

An example of generated variable descriptions of the semantic 
LLM-based agent is illustrated in Fig.  A.2, Appendix  A.6. As for the 
temperature control, the tracking temperature point was set to 22.5 ◦C. 
The cooling temperature setpoints were 24 ◦C and 30 ◦C when the zone 
was occupied and unoccupied, respectively. The heating temperature 
setpoints were 21 ◦C and 15 ◦C when the zone was occupied and 
unoccupied, respectively. Fig.  10 illustrates the comparison of the 
control results between AutoControl with 𝐾𝑝 = 0.01 and 𝐾𝑖 = 1.94, the 
baseline controller and MPC. Note that the temperature was maintained 
at 22.5 ◦C for the majority time in a week. Table  3 presents the 
quantitative comparison between AutoControl, the baseline controller 
and MPC. AutoControl demonstrated superior performance with an 
average absolute temperature deviation below 0.2 ◦C and significant 
reduction of thermal discomfort compared with the baseline controller 
and MPC. When conducting MPC, the actuator model of the HVAC 
system is required to be fitted first. In this test case, the actuator 
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Table 3
The MAE, RMSE and thermal discomfort of indoor temperature using the 
baseline controller, MPC and AutoControl in the BESTEST_Air test case.
 Baseline MPC AutoControl 
 MAE [◦C] 2.071 4.035 0.107  
 RMSE [◦C] 2.536 4.871 0.770  
 𝛥𝑇𝑑 [Kh/zone] 3.273 12.161 0.598  

Table 4
The MAE, RMSE and thermal discomfort of indoor temperature using the 
baseline controller, MPC and AutoControl in the BESTEST_Hydronic test case.
 Baseline MPC AutoControl 
 MAE [◦C] 1.764 0.969 0.051  
 RMSE [◦C] 2.127 1.241 0.335  
 𝛥𝑇𝑑 [Kh/zone] 2.759 2.464 2.609  

refers to the fan coil unit. However, the simulation data provided by 
BOPTEST was insufficient to achieve high-accuracy modeling, where 
the 𝑅2 = 0.72. Therefore, MPC showed large thermal discomfort in this 
test case.

3.2. Single zone with hydronic radiator

The building is a single-room zone with a floor area of 6 m × 8 m, 
a floor-to-ceiling height of 2.7 m, four exterior walls, a flat roof, and 
two south-facing windows of 6 m2 each, designed for one occupant 
under a light internal load density. The climate data were collected 
at Brussels, Belgium. The zone is equipped with a single radiator with 
thermostatic valve, a circulation pump and a water heater for heating. 
The nominal thermal power of the radiator and the maximum thermal 
power of the heater are both 5 kW. The efficiency of the gas heater is 
determined using a polynomial curve, while a PI controller modulates 
the supply water temperature within the range of 20 ◦C to 80 ◦C
to maintain the operative zone temperature. The system schematic 
diagram is illustrated in Fig.  11.

The example of generated variable descriptions of the semantic 
LLM-based agent is illustrated in Fig.  A.3, Appendix  A.6. In this case, 
the terminal unit differs from the BESTEST_Air test case, featuring a 
hydronic radiator instead of an FCU. The control variable shifts from 
the supply air temperature to supply water temperature, which is au-
tomatically determined by AutoControl. The temperature setpoints are 
kept same with the BESTEST_Air test case. Fig.  12 illustrates the com-
parison of the control results between AutoControl with 𝐾𝑝 = 3.74 and 
𝐾𝑖 = 8.71, the baseline controller and MPC. The temperature rapidly 
converges to 22.5 ◦C after transient oscillations and is maintained at 
around 22.5 ◦C in a typical week. Table  4 shows the MAE, RMSE 
and thermal discomfort of the indoor temperature, where AutoControl 
achieved smaller MAE and RMSE and similar 𝛥𝑇𝑑 compared with 
MPC. The temperature control results of the single zone with FCU and 
hydronic radiator demonstrate that AutoControl is capable of dealing 
with different terminal units in buildings.

3.3. Multiple zones with hydronic heat pump

The building is built based on a two-room apartment model, which 
consists of two rooms with one bathroom. Two thermal zones are 
considered in this case, which are the night-zone (including the bath-
room) and day-zone, respectively. The floor-to-ceiling height of each 
room is 2.7 m, and the floor areas of the night-zone and day-zone 
are 22.62 m2 and 22.02 m2, respectively. The climate data is collected 
near Milan, Italy, located at 45.44◦N latitude and 9.27◦E longitude. The 
HVAC system consists two floor heating circuits, with on-off valves for 
the controlling of each thermal zone. The nominal heat capacity of 
the air-source heat pump is 5 kW. The system schematic diagram is 
illustrated in Fig.  13.
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Fig. 10. The comparison of indoor temperature controlled by the baseline controller, MPC and AutoControl during a week for the BESTEST_Air test case.
Fig. 11. The overview of the HVAC system for the BESTEST_Hydronic test 
case.

The temperature control for the multiple-zone is more complex 
compared to the single-zone. which requires additional system identi-
fication steps. The second expert agent needs to identify the number of 
zones from the outputs of the first semantic agent, where distinct vari-
able prefixes uniquely identify each thermal zone. For example, in this 
case, the variables dayZon_reaTRooAir_y and nigZon_reaTRooAir_y rep-
resent the measured air temperatures in the day-zone and night-zone, 
respectively. The second expert agent interprets this nomenclature to 
determine the number of zones. Accordingly, dedicated PI controllers 
are implemented for each zone based on these variable definitions. An 
example of generated variable descriptions of the semantic LLM-based 
agent is illustrated in Figs.  A.4, A.5 and Appendix  A.6. The tracking 
temperature point was set to 23 ◦C. The cooling temperature setpoints 
were 25 ◦C and 30 ◦C when the zone was occupied and unoccupied, 
respectively. The heating temperature setpoints were 21 ◦C and 16 
◦C when the zone was occupied and unoccupied, respectively. Fig. 
14 demonstrates the comparison of the temperature control results of 
AutoControl with 𝐾𝑝 = 2886.08 and 𝐾𝑖 = 0.01, the baseline controller 
and MPC. Note that, despite of localized oscillations, both day-zone and 
night-zone maintained within the comfort band for the majority of the 
time in a week. Table  5 demonstrates the quantitative results of Auto-
Control compared with the baseline controller and MPC. AutoControl𝑑
and AutoControl𝑛 refer to the results of day-zone and night-zone, re-
spectively. The experimental results demonstrate the excellent potential 
of AutoControl for handling multi-zone HVAC systems.

The impact of Brick scheme variations on parsing accuracy is ex-
plored in this test case. The Brick model is modified manually to 
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Table 5
The MAE, RMSE and thermal discomfort of indoor temperature using the base-
line controller, MPC and AutoControl in the Two_Zone_Apartment_Hydronic 
test case.
 MAE [◦C] RMSE [◦C] 𝛥𝑇𝑑 [Kh/zone] 
 Baseline 1.96 2.280 17.2379  
 MPC 1.007 1.347 19.110  
 AutoControl𝑑 0.572 1.01 12.3171  
 AutoControl𝑛 0.562 0.95  

simulate different scenarios in practical implementations. Four scenar-
ios are assumed here, which are Original, no Unit, no Range and no 
Unit&Range, which represent different absence situations of the related 
properties of points in the Brick model. Taking the control variable
hydronicSystem_oveMpumCon_u as an example, the natural language de-
scription generated from semantic agent remains consistent under the 
variations of the Brick model as shown in Table  6, which demonstrates 
the robustness of the semantic LLM-based agent on Brick model parsing.

The API costs for the first semantic agent and the second expert 
agent are calculated as shown in Table  7. It costs totally US $0.024 for 
Case 1 (BESTEST_Air), US $0.019 for Case 2 (BESTEST_Hydronic) and 
US $0.046 for Case 3 (Two_Zone_Apartment_Hydronic), respectively, 
using GPT-4o with a unit price of US $2.50/1M input tokens and US 
$10.00/1M output tokens, accoriding to the pricing of OpenAI in March 
2025 (OpenAI API Pricing). Additionally, the computational efficiency 
of AutoControl is evaluated for three test cases, with the execution 
time summarized in Table  8. Noted that most of the execution time of 
AutoControl is spent on the PSO optimization phase across all three test 
cases. However, it does not indicate that the PSO optimization is inef-
ficient. In fact, the optimization process involves iterative interactions 
with the virtual testbed, where each evaluation step requires simulation 
results from BOPTEST. Therefore, the optimization time is heavily 
influenced by the simulation efficiency of BOPTEST. Nevertheless, the 
proposed method demonstrates efficient PI controller design, with an 
execution time under 10 min in multi-threaded configuration and under 
60 min in single-threaded configuration. Based on general engineering 
experience, conventional manual design typically requires 3–5 days to 
complete the entire process, including system analysis, controller code 
implementation, and manual fine-tuning by experienced engineers. 
Generally, the adoption of automated PI controller design can lead to 
significant labor and time cost savings in building control applications.

4. Discussion

4.1. Contributions

The contributions of the proposed AutoControl are threefold. First, 
AutoControl is highly automated, with an end-to-end ability of design-
ing the PI controller directly from Brick models of the target building. 

https://openai.com/api/pricing/
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Table 6
The generated descriptions of the control variable hydronicSystem_oveMpumCon_u under four scenarios of the Brick model.
 Scenarios Descriptions generated from the semantic LLM-base agent  
 Original hydronicSystem_oveMpumCon_u K [min = 0.0, max = 5.0]: This is the override control setpoint for the hot water flow rate in the pump of the hydronic 

system, typically activated by hydronicSystem_oveMpumCon_activate.
 

 no Unit hydronicSystem_oveMpumCon_u [min = 0.0, max = 5.0]: This is the override control setpoint for the hot water flow rate in the pump of the hydronic 
system, typically activated by hydronicSystem_oveMpumCon_activate.

 

 no Range hydronicSystem_oveMpumCon_u K: This is the override control setpoint for the hot water flow rate in the pump of the hydronic system, typically activated 
by hydronicSystem_oveMpumCon_activate.

 

 no Unit&Range hydronicSystem_oveMpumCon_u: This is the override control setpoint for the hot water flow rate in the pump of the hydronic system, typically activated 
by hydronicSystem_oveMpumCon_activate.

 

Fig. 12. The comparison of indoor temperature controlled by the baseline controller, MPC and AutoControl during a week for the BESTEST_Hydronic test case.
Fig. 13. The overview of the HVAC system for the Two_Zone_Apartment_Hy-
dronic test case.

Table 7
API costs of AutoControl for the first and second LLM-based agent.
 Case 1 Case 2 Case 3 
 Costs of Agent1 ($) 0.014 0.010 0.029  
 Costs of Agent2 ($) 0.010 0.009 0.017  
 Total costs ($) 0.024 0.019 0.046  

Table 8
Execution time of AutoControl for each case under single-threaded and multi-
threaded configuration.
 Single-thread Multi-thread

 PSO optimization Total time PSO optimization Total time 
 Case 1 32.79 min 32.98 min 4.16 min 4.35 min  
 Case 2 27.66 min 27.82 min 3.91 min 4.07 min  
 Case 3 52.88 min 53.23 min 7.40 min 7.75 min  

The user only needs to provide basic requirements, such as the temper-
ature set point etc., and the rest of the expertise-embedded process will 
be completed by the two LLM-based agents. Compared with traditional 
control design flow, the proposed method liberates the user from the 
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labor-intensive work and reduces technique barriers for implementing 
controllers in different HVAC systems.

Second, AutoControl has good control performance in all the three 
test cases with different HVAC systems and control variables, demon-
strating superior generalization ability. Additionally, for the complex 
multiple-zone system, AutoControl demonstrates robust performance 
by initially identifying the number of zones and subsequently designing 
a PI controller for each zone. This strategy enables the application of 
AutoControl to a wide range of HVAC control configurations.

Third, the implementation cost of applying AutoControl to HVAC 
control problems is low, with an average cost of $0.029 for the en-
tire design process using GPT-4o. This cost-effectiveness character-
istic reflects the potential for deploying AutoControl in real-world 
applications. Fourth, AutoControl is highly modularized, allowing each 
component within the workflow to be flexibly replaced with alterna-
tive algorithms. For instance, the PSO module can be conveniently 
substituted with rule-based or other heuristic optimization algorithms 
(e.g., Simulated Annealing, Genetic Algorithm, etc.), leading to high 
adaptability and flexibility for diverse control tasks.

4.2. Limitations and future work

Despite of the advantages of the AutoControl, there are some lim-
itations in the current work. First, the interpretation of the Brick 
models may contain semantic errors, which can directly impact on 
the descriptions of the control and measurement variables. Given that 
these descriptions are crucial for the control expert agent to accurately 
comprehend the target HVAC system, where any deficiencies in in-
terpretation quality may lead to poor control performance. Second, 
the structural information of the HVAC system is hidden within the 
configurations of the control and measurement variables, making it 
challenging for the agent to accurately understand, particularly in large 
and complex systems. The relationships between actuators, such as 
FCUs and radiators, are not explicitly exposed to the second control 
expert agent, thereby limiting the ability of AutoControl to effectively 
manage complex HVAC systems.

While AutoControl has demonstrated superior performance in the 
multi-zone configuration, as shown in Case 3, its applicability is lim-
ited regarding the dynamics of HVAC configurations. Recognition of a 
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Fig. 14. The comparison of indoor temperature controlled by the baseline controller, MPC and AutoControl during a week for the Two_Zone_Apartment_Hydronic 
test case.
Fig. A.1. The example of the code template in the prompt.
multi-zone system is achieved by semantic identification based on vari-
able prefixes. However, the prefixes rules may become quite complex 
with interconnections between different zones, which requires further 
investigation and enhancements on the semantic reasoning and control 
coordination logic. On the other hand, AutoControl faces challenges in 
changing building geometries (e.g., building retrofit), since the static 
Brick model is implemented in the current workflow and geometric 
changes will require updating of the Brick model and re-design of the 
controller.

In addition, the current implementation of AutoControl assumes a 
complete and consistent Brick Schema pattern and does not explicitly 
address irregular or incomplete semantic models. This fixed-schema de-
sign limits the generalization ability of the parsing process and prevents 
a systematic analysis of potential misclassifications under schema varia-
tions. Extending the Agent to support heterogeneous schema structures 
13 
and conducting sensitivity/error analysis will be important directions 
for future work.

Finally, a virtual testbed is essential for AutoControl to fine-tune 
the parameters of the PI controller, because the fine-tuning process 
in real-world systems may risk damaging HVAC equipment or causing 
severe indoor environmental discomfort. However, many new buildings 
lack access to such testbeds, which introduces practical deployment 
challenges of AutoControl. Additionally, while the semantic model 
can solve most problems arising from building heterogeneity, control 
performance may still suffer from missing HVAC data points. These 
include critical sensor measurements or operational parameters that are 
unavailable due to sensor failures, communication errors, or incomplete 
system documentation. On the other hand, AutoControl concentrates on 
the design phase of the building controller. There are some issues when 
integrating with existing Building Automation Systems (BAS), which 
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Fig. A.2. The example of generated variable descriptions from the Semantic LLM-based agent for the BESTEST_Air test case.

Fig. A.3. The example of generated variable descriptions from the Semantic LLM-based agent for the BESTEST_Hydronic test case.
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Fig. A.4. The first part of the example of generated variable descriptions from the Semantic LLM-based agent for the Two_Zone_Apartment_Hydronic test case.
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Fig. A.5. The second part of the example of generated variable descriptions from the Semantic LLM-based agent for the Two_Zone_Apartment_Hydronic test case.
requires additional adaptation to bridge the generated controller with 
real-world systems.

In future work, the performance of AutoControl will be enhanced 
through the following key improvements. First, a more robust and 
explicit methodology will be developed to interpret critical information 
from the Brick model for the second control expert agent to deal 
with the large and complex HVAC systems. Second, advanced control 
strategies, such as Model Predictive Control (MPC) and Reinforce-
ment Learning (RL), will be integrated into AutoControl to enhance its 
control performance and effectively address the challenges of dealing 
with the uncertainty and dynamics of HVAC systems. Third, energy 
efficiency will be considered in the controller design to help Auto-
Cotrol better align with the widely recognized standard (i.g., ASHRAE 
Standard 90.1). Fourth, a fault-tolerant and robust control strategy will 
be included in the controller design to enhance the robustness of the 
HVAC system regarding long-term working scenarios and high-dynamic 
occupancy conditions. Finally, the development of a BAS middleware 
will be considered to integrate AutoControl with standard building 
automation protocols. Such integrations will facilitate the deployment 
of auto-generated controllers onto existing BAS framework.

5. Conclusions

Efficient control of building energy systems is crucial for maintain-
ing comfortable environments and reducing carbon emissions. How-
ever, reusing efficient controllers across different buildings is chal-
lenging as no two buildings are similar. As a result, significant cus-
tomization efforts are needed to design an efficient controller for a 
target building, which is a process that requires substantial labor and 
expertise. In this study, we proposed AutoControl, an end-to-end fully 
automated workflow based on Large Language Models (LLMs). Au-
toControl generates Proportional-Integral (PI) controllers for building 
HVAC systems using Brick models as inputs, eliminating the need for 
human intervention. The method has two LLM-based agents: the first 
agent interprets HVAC system configuration information from the Brick 
model, while the second agent generates the controller codes based on 
the interpreted configurations and user specified requirements. In the 
final stage, Particle Swarm Optimization (PSO) is employed to fine-
tune the parameters of the PI controller to achieve satisfactory control 
performance.

Experiments have been conducted on three distinct test cases using 
the BOPTest virtual testbed. The selected HVAC systems includes the 
Fan Coil Unit (FCU) system, the Hydronic radiator system, and the 
Hydronic heat pump system, encompassing both single-zone and multi-
zone configurations. AutoControl has demonstrated robust temperature 
16 
control performance by maintaining zone temperatures close to the set 
points, achieving an average Mean Absolute Error (MAE) of 0.323 ◦C
and Root Mean Square Error (RMSE) of 0.766 ◦C over a one-week 
testing period. Additionally, the total costs of this process is $0.029 
based on the current GPT-4o pricing, highlighting its potential for 
commercial deployment in practical applications. In general, AutoCon-
trol has four key advantages: a high level of automation, low cost, 
robust control performance, and a well-modularized design. However, 
it remains challenges in dealing with large and complex HVAC systems 
due to limitations in semantic interpretation from Brick models and the 
limited ability of PI controllers.
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Fig. A.6. Brick semantic model for the BESTEST_Air test case.
Fig. A.7. Brick semantic model for the BESTEST_Hydronic test case.
Appendix

A.1. The example of the code template

The example code template is illustrated in Fig.  A.1.

A.2. The definitions of the errors in objective function of PSO

The definitions of 𝑒avg_error and 𝑒over_shoot in the objective function 
of PSO are given by: 

𝑒avg =
1
𝑁

𝑁
∑

𝑡=1
|𝑇𝑡 − 𝑇setpoint|, (A.1)

𝑒over_shoot = max
(

0,
𝑇max − 𝑇setpoint
𝑇setpoint − 𝑇0

)

, (A.2)

where, 𝑁 is the number of control steps, 𝑇𝑡 is the zone temperature at 
time step 𝑡, 𝑇setpoint is the set point of the zone temperature, 𝑇max is 
the maximum temperature during the control horizon, 𝑇0 is the initial 
zone temperature, 𝑡max is a hyper-parameter which is set to 500 in this 
study. 𝑒settling_time is the time required for the zone temperature to enter 
and remain within the comfort band. 

A.3. The definitions of evaluation metrics

The definitions of MAE, RMSE and thermal discomfort 𝛥𝑇𝑑 are given 
by: 

MAE = 1
𝑛

𝑛
∑

𝑡=1
∣ 𝑇real − 𝑇set ∣, (A.3)

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

(𝑇real − 𝑇set)2, (A.4)

𝑡=1
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𝛥𝑇𝑑 = 1
𝑁

𝑁
∑

𝑧=1
∫

𝑡𝑒

𝑡𝑠

(

max
(

𝑇real(𝑡) − 𝑇𝑙(𝑡), 0
)

+ max
(

𝑇𝑢(𝑡) − 𝑇real(𝑡), 0
)

)

𝑑𝑡,

(A.5)

where, 𝑛 is the number of control steps; 𝑇real is the real zone tempera-
ture provided by BOPTest; 𝑇set is the set point of the zone temperature; 
𝑇𝑙 and 𝑇𝑢 are the lower and upper comfort bounds of the zone, respec-
tively; 𝑁 is the number of thermal zones; and 𝑡𝑠 and 𝑡𝑒 are the start step 
and end of control horizon, respectively. Thermal discomfort [Kh/zone] 
represents the time-integrated temperature deviation beyond prede-
fined comfort boundaries. 𝛥𝑇𝑑 provides a comprehensive evaluation 
of thermal comfort by simultaneously accounting for both the mag-
nitude and duration of thermal discomfort, enabling comprehensive 
evaluation of building thermal performance.

A.4. The formulation of model predictive control

The Model Predictive Control (MPC) method implemented in this 
paper is RC-model based MPC, which utilizes a 3R2C model to simulate 
the thermal dynamics of the operation zone. There are two models that 
need to be fitted before running the optimization process, which are 
the thermal model and the actuator model, respectively. The thermal 
model is formulated based on 3R2C model, and the ordinary differential 
equations are defined as

𝐶𝑒
𝑑𝑇𝑒
𝑑𝑡

=
𝑇𝑎 − 𝑇𝑒
𝑅𝑒𝑎

+
𝑇𝑜 − 𝑇𝑜𝑒

𝑅𝑖𝑒
+ 𝐴𝑒𝐼𝑠𝑜𝑙 (A.6)

𝐶𝑖
𝑑𝑇𝑖
𝑑𝑡

=
𝑇𝑎 − 𝑇𝑖
𝑅𝑤𝑖𝑛

+
𝑇𝑒 − 𝑇𝑖
𝑅𝑖𝑒

+ 𝑄̇ℎ +𝐾𝑄̇𝑖𝑛𝑡 + 𝐴𝑖𝐼𝑠𝑜𝑙 (A.7)

where, 𝐶𝑒 is heat capacity of the external wall, 𝐶𝑖 is the heat capacity of 
indoor environment, 𝑇𝑎, 𝑇𝑒 and 𝑇𝑖 are the temperature of the outdoor, 
external wall and indoor, respectively, 𝑅  is the thermal resistance 
𝑤𝑖𝑛
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Fig. A.8. Brick semantic model for the Two_Zone_Apartment_Hydronic test case.
between the window and the interior node, 𝑅𝑒𝑎 is the thermal resistance 
between the outdoor and the external wall, 𝑅𝑖𝑒 is the thermal resistance 
between the external wall and the interior node, 𝑄̇𝑖𝑛𝑡 is the radiative 
internal gains of the zone, 𝑄̇ℎ is the thermal power released to the 
zone from the actuator, 𝐼𝑠𝑜𝑙 is the global solar irradiation, 𝐴𝑖 and 
𝐴𝑒 are the effective window area corresponding to node 𝑇𝑖 and 𝑇𝑒, 
respectively, and 𝐾 is the scaling factor to estimate total internal heat 
gains from 𝑄̇𝑖𝑛𝑡. The relationship between 𝑄̇ℎ and the input signal is 
characterized by the actuator model, which is typically represented by 
a linear equation, which is defined as 𝑄̇ℎ = 𝑎 ⋅ 𝑢+ 𝑏, where 𝑎 and 𝑏 are 
the coefficients, 𝑢 is the input signal provided by the actuator.

MPC is an optimization-based approach that utilizes receding hori-
zon strategy to predict system states and generate optimal action 
sequences that minimize a specific objective function. Meanwhile, the 
optimization also needs to be conducted under certain constraints. The 
objective function and the constraints implemented in this paper are 
defined as

min
𝑢∈R𝑚

𝑛+𝑚
∑

𝑘=𝑛

(

𝑇̃ 𝑘
𝑖 − 𝑇 𝑘

𝑟𝑒𝑓

)2
(A.8)

s.t.

𝑇 𝑛−1
𝑖 = 𝑇 𝑛−1

𝑖 (A.9)

𝑇 𝑘+1
𝑖 = 𝑓

(

𝑇 𝑘
𝑖 , 𝑇

𝑘
𝑎 , 𝐼

𝑘
sol, 𝑄̇

𝑘
ℎ, 𝑄̇

𝑘
int

)

, 𝑘 = 𝑛 − 1,… , 𝑛 + 𝑚 − 1 (A.10)

𝑄̇𝑘
ℎ = 𝑎 ⋅ 𝑢𝑘 + 𝑏, 𝑘 = 𝑛,… , 𝑛 + 𝑚 (A.11)

𝑇 𝑘
𝑟𝑒𝑓 = 0.5 ⋅ (𝑇 𝑘

𝑙 + 𝑇 𝑘
𝑢 ), 𝑘 = 𝑛,… , 𝑛 + 𝑚 (A.12)

where, 𝑇̃ 𝑘
𝑖  and 𝑇 𝑘

𝑟𝑒𝑓  represent the estimate indoor temperature and 
reference temperature at time step 𝑘, respectively, 𝑇 𝑘

𝑙  and 𝑇 𝑘
𝑢  is the 

upper and lower bound temperature at time step 𝑘.

A.5. The properties of the three test cases

The properties of the three test cases, simulation setup and the 
control variable of each test case that been utilized by AutoControl are 
illustrated in Table  A.1. The property information includes architectural 
parameters (i.e., location, floor area, height and window area), occu-
pancy schedules, and HVAC setup. The simulation setup includes start 
day of each test case, simulation step, simulation length and whether to 
use warm-up. The control variable is automatically selected by expert 
LLM agent based on semantic information.
18 
A.6. Sample outputs of the semantic agent for the three test cases

Figs.  A.2–A.5 demonstrate sample outputs of the first semantic 
agent for the three BOPTEST test cases: BESTEST_Air, BESTEST_Hy-
dronic, and Two_Zone_Apartment_Hydronic. The outputs integrate essen-
tial metadata related to the measurement and control variables of the 
system, including:

• Variable name,
• Unit of measurement,
• Operational boundaries (min/max limits),
• Descriptive definition.

The structured representation enables unambiguous identification of 
measurable states and controllable actuators, which provide critical 
prior knowledge for the second expert agent to generate PI controller 
codes.

A.7. Semantic models of the three test cases

Figs.  A.6–A.8 present the Brick-based semantic models for the three 
BOPTEST test cases: BESTEST_Air, BESTEST_Hydronic, and Two_Zone_
Apartment_Hydronic. These models formalize the relationships between 
physical spaces (e.g., rooms), HVAC components (e.g., fan coil units, 
heating/cooling coils), and their associated control and sensing points. 
The models capture not only the equipment composition (e.g., parts of 
an FCU), but also functional connections such as which system feeds 
which space, and which points are used to monitor or control them.

These semantic models form the basis for downstream reasoning 
in AutoControl. Specifically, Agent 1 uses these graphs to (1) identify 
relevant variables — such as setpoints and commands — by executing 
pre-defined SPARQL queries (see Fig.  3); and (2) generate human-
readable descriptions for each variable, including its function, type, and 
unit. The resulting structured and annotated variable set is passed to 
Agent 2, which uses it to generate executable control code tailored to 
each test case.

Data availability

No data was used for the research described in the article.
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Table A.1
Properties of the three test cases, simulation setup and the control variable of each test case.
 Category Specification Value

 BESTEST_Air BESTEST_Hydronic Two_Zone_Apartment_Hydronic  
 
Building

Location Denver Brussels Milan  
 Floor area 6 × 8 m2 6 × 8 m2 Night zone: 17.97 m2,

Day zone: 22.02 m2
 

 Height 2.7 m 2.7 m 2.7 m  
 Window area 12 m2 12 m2 Night zone: 2.35 × 1.6 m2,

Day zone: 2.35 × 2.5 m2
 

 
Occupancy

Occupants 2 1 2  
 Weekdays 08:00–18:00 20:00–07:00 20:00–08:00  
 Weekends 08:00–18:00 00:00–24:00 00:00–00:00  
 HVAC Equipment Fan coil unit Water heat pump Air source heat pump  
 Comfort range Occupied: 21–24 ◦C,

Unoccupied: 15–30 ◦C
Occupied: 21–24 ◦C,
Unoccupied: 15–30 ◦C

Occupied: 21–24 ◦C,
Unoccupied: 16–30 ◦C

 

 
Simulation

Start day 282 340 315  
 Step 300 s 300 s 300 s  
 Length 7 days 7 days 7 days  
 If warm-up No No No  
 Control variable Name fcu_oveTSup_u oveTSetSup_u hydronicSystem_oveTHea_u  
 Description Air supply temperature Water supply temperature Heat system supply temperature  
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