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ABSTRACT 
Semantic schemas like Haystack 4, Brick and ASHRAE standard 223 enable the structured, standardized, and 
machine-readable representation of building data, facilitating interoperability, data integration, and advanced 
analytics. However, extracting information from these models requires specialized expertise in SPARQL and other 
programming languages, skills that are not commonly found among building professionals. Recent advancements 
in Large Language Models (LLMs), such as ChatGPT, enable the construction of queries using natural language, 
making it easier for individuals to interact with these systems in a manner that resembles everyday speech. 
However, these methods have not yet been tested on building semantic ontologies. This paper introduces a novel 
workflow and tool for enabling users to ask questions about a specific building's data, using natural language and 
receive answers automatically generated by GPT-4o. Our approach integrates semantic ontologies with advanced 
LLM capabilities to automate three critical steps: (1) generating SPARQL queries to retrieve time series references 
from ontological models, (2) extracting the corresponding time series data from the Building Automation System, 
and (3) performing computations and visualizations tailored to the user's query. The proposed method simplifies 
access to BAS data, allowing both domain experts and non-specialists to conduct sophisticated analyses without 
needing extensive technical knowledge of semantic web technologies. By demonstrating this pipeline, we facilitate 
more accessible and scalable data-driven decision-making in building operations and management. 

INTRODUCTION 

The increasing connectivity and digitalization of modern buildings has led to the generation of enormous 
volumes of data from Building Automation Systems (BAS). Yet, unlocking the full potential of this data 
remains a significant challenge for facility and utility managers who typically lack the specialized expertise 
required to manipulate and analyze complex datasets. In the last decade, multiple semantic ontologies 
have been proposed as a solution for representing and understanding building metadata in a standard way. 
These ontologies, such as Brick (Balaji et al. 2016) and the proposed ASHRAE standard 223 (Pritoni et al. 
2024), provide a way to represent buildings, their equipment topology and their data sources and actuators 
in a structured and machine-readable way. These semantic representations of buildings are built upon a 
standard definition of concepts within the ontologies and this allows application developers to create 
portable solutions based on semantic requirements and through semantic queries (Chiosa et al. 2024). 



However, in spite of  data interoperability and the development of portable applications that semantic 
ontologies enable, the steep learning curve and the domain expertise required to use the ontologies for 
developing analytics and control applications has limited their practical adoption in the building industry 
(Bennani et al. 2021). 

Recent breakthroughs in Large Language Models (LLMs) have opened new avenues for transforming data 
interaction (Bowen et al. 2023). LLMs are not only adept at understanding and generating natural language 
but are increasingly demonstrating emerging reasoning capabilities (Zhu et al. 2024). This evolving 
intelligence promises the ability to generate structured queries, understand context, and even perform 
preliminary analytical reasoning—all through simple, natural language instructions (Mulayim et al. 2024). 
By leveraging these capabilities, there is growing potential to develop interfaces that empower non-
technical users to extract actionable insights from BAS data in the near future. 

In this work, we present a novel framework designed to empower building practitioners to ask complex 
questions about their building operations in plain language and receive automated, data-driven answers. 
Our approach integrates LLMs into a workflow that orchestrates three critical steps: 

1. Query generation: SPARQL (W3C 2008) is a query language for accessing and manipulating data in 
semantic models. We use LLMs to transform natural language queries into precise SPARQL commands 
to retrieve relevant time series references from semantic models.  

2. Data extraction: Pulling the corresponding time series data from BAS and historical data sources.  
3. Time series analysis and visualization: Processing and visualizing the data to address the specific inquiry, 

providing clear insights into building performance. 
To our knowledge, this is the first work to demonstrate an end-to-end application of LLMs for workflows in 

building time series analytics. By combining the interpretive power of LLMs with the structured precision of 
semantic ontologies, our framework represents a significant step toward making sophisticated building data 
analytics accessible to domain experts without requiring deep technical knowledge.  

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 details the 
architecture and methodology of our proposed framework. Section 4 presents case studies that illustrate 
the practical benefits and challenges of our approach. Finally, Section 5 discusses future directions, and 
Section 6 concludes the paper. 

BACKGROUND AND CONTRIBUTIONS 

BAS data analysis requires access to sensor data, control commands and setpoints, as well as information 
about the building equipment and systems. Knowledge graphs (KGs) (Hogan et al. 2022) provide a powerful way 
to model these complex relationships, but interacting with them typically requires expertise in semantic technologies 
and query languages like SPARQL. This section introduces the key concepts behind KGs, the Brick Schema (Balaji 
et al. 2016), and SPARQL before discussing two complementary and promising research areas — text-to-SPARQL 
translation and language-to-code generation — that enable more intuitive access to BAS data and corresponding 
analytics through natural language interaction. 

Knowledge Graphs and Semantic Representations 

A KG is a structured representation of information where entities (e.g., rooms, sensors, HVAC systems) 
are connected through well-defined relationships, commonly referred to as a semantic model in the building's 
domain. KGs are typically built using the Resource Description Framework (RDF) (W3C 2014), a standard data 
model that represents information as triples in the form of a subject, a predicate and an object. While RDF provides 
the underlying structure, ontologies define the domain-specific vocabulary, relationships, and constraints that give 
meaning to the data. In other words, an ontology is a formal schema that organizes concepts and their interrelations 
within a knowledge graph, enabling consistent interpretation across different systems. One widely adopted ontology 
for buildings is Brick Schema, which provides a standardized representation of building components, their 



relationships, and metadata. It describes physical, logical, and virtual assets, such as sensors and equipment, to 
enhance interoperability and data integration across building management systems. By providing a common 
vocabulary and structure, Brick facilitates consistent data annotation and querying, enabling more effective analysis, 
fault detection, and optimization of building operations. By leveraging SPARQL, a query language specifically 
designed for RDF-based KGs, users can retrieve building data in a flexible and structured manner. Despite these 
advantages, manually constructing SPARQL queries remains challenging for non-experts in many domains, which 
has motivated the development of tools to translate natural language into structured queries such as SPARQL. 

Text-to-SPARQL 

Text-to-SPARQL refers to the process of converting natural language questions into SPARQL queries, 
enabling structured access to KGs.  This capability is central to Knowledge Graph Question Answering (KGQA) 
systems, which rely on semantic parsing to ensure precise query generation rather than relying on retrieval-based 
methods that may yield approximate answers (Chakraborty 2024). Early approaches to text-to-SPARQL relied on 
rule-based and template-driven methods (Bizer and Schultz 2009; Schmidt et al. 2009), which required significant 
manual effort and domain-specific knowledge. Machine learning-based approaches later emerged, leveraging 
supervised training on labeled SPARQL datasets (Zafar et al. 2018; Soru et al. 2018). However, these models often 
struggle with generalization across different schemas and domains due to their reliance on structured query pairs. 

Recent advances in LLMs have introduced a new paradigm for text-to-SPARQL translation, enabling dynamic 
query generation without requiring explicit supervision. LLM-based methods such as SGPT have demonstrated the 
ability to learn graph structures and generate SPARQL queries without predefined templates (Rony et al. 2022). 
Other approaches, including SPARQLGEN and AUTO-KGQAGPT, enhance query accuracy by integrating schema 
information into LLM prompts (Kovriguina et al. 2023; Avila et al. 2024). Hybrid approaches further improve query 
generation by combining entity linking with structured prediction models before applying LLM-based query 
formulation (Yang et al. 2023). Preliminary results suggest that LLMs hold promise for generating SPARQL queries 
over KGs created with Brick, though challenges remain—particularly as these tools begin to fail when user questions 
become more ambiguous (Baris et al. 2025; Mulayim et al. 2025). 

Language-to-Code 

Language-to-code generation has emerged as a key area in leveraging LLMs for automation tasks. Early work, 
such as Codes as Policies (Liang et al. 2023), demonstrated the potential of LLMs to generate executable code for 
robotic applications. More recently, researchers have explored the use of LLMs for industrial control and automation, 
including automated test case generation (Koziolek et al. 2024) and retrieval-augmented generation (RAG) (Lewis 
et al. 2020) methods for industrial control programming. 

One notable advancement is the introduction of interactive refinement techniques, such as flow engineering, 
where LLMs iteratively refine code through execution and validation cycles. This approach incorporates self-
reflection mechanisms that allow models to analyze and improve generated code based on test results. Benchmarks 
such as CodeContests (Google DeepMind 2023), initially used in DeepMind’s AlphaCode (Google DeepMind 2022), 
have demonstrated the effectiveness of fine-tuned models for programming tasks, highlighting the growing 
capabilities of LLMs in structured code generation. 

Contribution 

The integration of text-to-SPARQL and language-to-code capabilities is essential for our proposed framework, 
which leverages LLMs to automate data retrieval and analysis in BAS environments. By building on these 
advancements, we aim to bridge the gap between complex semantic representations and intuitive, natural language 
interfaces for facility and utility managers. In this work, we combine the strategies from other domains into 
developing a novel framework for extraction and analysis of time series data for buildings. Though the development 
of this framework is still in its infancy, it demonstrates the promise LLMs hold for allowing nonexperts to interact 
with building data.  



METHODOLOGY 

Our framework is built upon a recent emerging paradigm called agentic workflows. Agentic workflows are 
“structured sequences of LLM invocations accompanied by detailed instructions” (Zhang et al. 2024). Our 
framework is implemented in Python and uses LLMs and Brick Schema to autonomously generate SPARQL 
queries, retrieve time series data, generate plots, and produce analytical outputs, which can be seen in Figure 1. 
For clarity, the prompts presented in this paper are shortened; full-length prompts can be found in our GitHub 
repository1. In this work, we assume that the Brick model of the building already exists. Across all steps we have 
an iterative approach that reprompts LLMs with the observed error in case of generated code/query crashing. We 
also configure a parameter (“max_iterations”) to avoid excessive LLM calls.  

The objective of the first step is to identify the data sources required to answer a prompt provided by a user 
and their corresponding time series references. The framework handles this by generating SPARQL queries using 
an example-based retrieval strategy for few-shot prompting. Since prior work (Baris et al. 2025; Mulayim et al. 2025) 
demonstrated considerable challenges in generating accurate queries when no examples are present in the prompt 
(i.e., zero-shot), this framework leverages a set of example queries and their descriptions. While the framework 
should contain generic query-description pairs, in practice, these examples can be generated by the practitioner 
who developed the Brick model of the building. Each example shall include a description of what the query retrieves 
(e.g., “Extracting time series of zone air temperature sensors and their corresponding VAVs”) and the corresponding 
SPARQL query to retrieve the necessary information from the Brick model of the specific building. Based on the 
query-description pairs and the prompt provided by a user, our framework computes a similarity metric between the 
user prompt and example descriptions. The similarity metric is computed by calculating the cosine similarity 
between the mpnet_v2 embeddings (Lahitani et al. 2016) of the question and each description. The three most 
similar queries are chosen to be included in the LLM prompt, improving accuracy over a zero-shot approach. This 
similarity-based retrieval ensures that the examples are contextually aligned with the user’s intent and the choice 
of “three” similar queries is a commonly used and configurable parameter. This approach is identical to the RAG 
methods commonly seen in LLM applications, but is applied to extract examples rather than general context. A 
successful completion of this step returns a SPARQL query, which is then executed on the building’s Brick model 
to retrieve the time series references of the required data sources and actuators. 

In the second step, the references to time series data is used to prompt another LLM to write a custom function 
in Python that extracts the corresponding historical data streams from the database (or another source). The prompt 
shall include instructions on how to navigate the database once the time series references are provided. 

The next step is responsible for using the retrieved data and generating interpretable charts and other 
visualizations. The LLM is prompted with the first five rows (configurable parameter) of the extracted time series 
data, and asked to write a function in Python to generate a single plot. This visualization step enhances 
interpretability, allowing users to observe trends and patterns relevant to their questions, without needing to look at 
numerical data and creating charts manually.  

The goal of the fourth step is to perform computations on the retrieved data to answer the user’s prompt. It 
achieves this by writing a function in Python that will perform the necessary computations on the data. Depending 
on the question, these computations may involve statistical summarization, anomaly detection, or trend analysis. 

EVALUATION AND RESULTS 

We evaluated our framework using GPT-4o as the LLM, with max_iterations = 3 to limit excessive retries and 
temperature = 0 to minimize stochasticity in responses. To evaluate the framework, we asked it three 
questions (see Table 1) and compared the final result determined against a manually determined ground 
truth. Additionally, since LLMs are inherently probabilistic, we ran each question five times to assess 
consistency. As the KG, we utilized the Brick model of FLEXLAB2, a well instrumented experimental test 
facility located at Lawrence Berkeley National Laboratory, Berkeley, California. FLEXLAB is a highly 

                                                      
1 https://github.com/ozanbarism/Talking2MyBAS/tree/main 
2 https://flexlab.lbl.gov/  

https://flexlab.lbl.gov/


configurable facility, allowing users to test and evaluate different technologies and solutions for different 
types and configurations of buildings and equipment. For our evaluation, the Brick model of two FLEXLAB 
test cells that represent a commercial office space was used. Each cell is conditioned by its own air handling 
unit (AHU) and is also divided into 3 zones, each of which have their own variable air volume (VAV) box. 
The example description-query pairs used for few-shot prompting were generated by the practitioner who 
developed the KG, while the testing questions were formulated by our team. Further details about the 
framework, including the example description-query pairs and the testing questions, are available in our 
GitHub repository. 

 
Figure 1 The Proposed Agentic Framework 

 
Table 1 shows the questions provided to the framework and summarizes the results, showing success rates, 

cost per query, execution time, and token usage for different building analytics questions. The framework 
successfully answered most queries, with 100% accuracy in retrieving and analyzing VAV damper positions and 
supply air flow rate ranges (questions 1 and 2). However, for the third question on airflow drops, which are 
suggestive of blockages, two out of five attempts failed due to incorrect SPARQL queries and due to indexing errors 
when referencing the timestamp column respectively. The cost per query ranged from $0.0229 to $0.0338, with an 
average runtime of 15–17 seconds. Token usage varied based on query complexity, with higher token counts 
observed for questions requiring multi-step reasoning. 

 
Table 1.   Questions asked to the framework and summarized results (each asked five times). 

Questions Succe
ss 

Average 
Cost ($) 

Average 
Duration (s) 

Average 
Tokens 



How frequently do the VAV dampers 
reach their fully open or fully closed 
positions? 

5/5 0.034 17 
4350 

What is the range of values for the 
supply air flow rate this past week? 5/5+ 0.023 15 2890 

Are there any significant drops in airflow 
that could indicate potential blockages? 3/5* 0.032 17 3882 

* Two failure cases were due to (1) an error in the generated SPARQL query, and (2) the generated 
code checking the datetime column even though it was the index. 

+ In 3 of these cases, though it made the correct plot, it only returned the air flow rate for one of the sensors in the verbal 
description. 

 
Question 1. Our framework, when prompted with the first question: “How frequently do the VAV dampers 

reach their fully open or fully closed positions?”, generated clear and interpretable plots, one of which is shown in 
Figure 2. As a result of the last step, it also printed “Fully open positions (100%): 349, Fully closed positions (0%): 
0”. These results provide very direct answers to the question and demonstrate the ability of this framework to 
generate relevant plots, without any input from the user. It also exhibits the ability to provide more than what was 
asked for as we can see with the verbal response, where it was able to separately provide the duration of fully 
closed dampers and fully open dampers. 

Question 2. Figure 3 shows examples of a SPARQL query and a trend plot auto-generated by our framework 
for question 2:  “What is the range of values for the supply air flow rate this past week?”. Across the five 
trials we conducted, two of them resulted in verbal answers as follows: “{'1A-ASAM-1': {'min': 350.26, 'max': 
1508.58}, '1B-ASAM-1': {'min': 350.71, 'max': 1442.084}}”. However, the remaining three trials produced 
the output: “The range of supply air flow rate values for the past week is from 350.26 to 1508.58”. This 
result is interesting as the first set of results concurs with the observation from question 1, where the 
framework provided more information than what was asked, as it provided the range of the flow rate for 
each AHU separately, but the result is not very interpretable unless the user knows what '1A-ASAM-1' and 
'1B-ASAM-1' mean. The next batch of outputs are much more human-understandable, but incomplete as 
they provide results for only one of the two AHUs.  

Question 3. The third question that we used to evaluate our framework: “Are there any significant drops in 
airflow that could indicate potential blockages?” resulted in failures two out of the five times. An incorrect 
SPARQL query generated in step 1 caused one of the unsuccessful results and an incorrect reference to 
the timestamp column (used column ‘datetime’ instead of using the index) in the Python code that was 
analyzing the time series data, generated by in step 4 resulted in the second failure. In the remaining three 
runs, we were able to generate the right queries and charts as shown in Figure 4. To answer the question, 
the framework also makes an assumption that a 10% drop in airflow will be considered “significant”. The 
verbal answers that were generated were, however, quite difficult to interpret since it presented the rows of 
time series measurements of the two supply air flow rate sensors during the time periods where there were 
significant drops in airflow. 

 



Figure 2 (a) Auto-generated SPARQL query for the question “How frequently do the VAV dampers reach 
their fully   open or fully 
closed positions?” (step 1) (b) Auto-generated visualization generated by the framework   (step 3). 
It shows how long each of the six dampers (1 in each VAV box, 3 VAV boxes in each cell and 2  
 cells in FLEXLAB Brick model) was fully open or closed (none of them were fully closed, so there 
are no   orange bars).  

 
Figure 3 (a) Auto-generated SPARQL query for the question “What is the range of values for the supply air 

flow rate  this past week?” (step 1) (b) Auto-generated visualization generated by the 
framework (step 3). It shows   the 
trended values of  each of the two supply air flow sensors for the two AHUs supplying conditioned air  
 to the two cells in FLEXLAB.  From this chart, we are able to see when the flow rate was the 
minimum and  maximum, which is missing in the verbal output provided by the framework (step 4).  

DISCUSSION 

Our results indicate that agentic workflows can enhance interactions between practitioners and building 
automation systems, particularly for those without extensive computer science expertise. The framework 
demonstrates strong potential in generating visual representations to answer user queries, making building 
data more interpretable. However, while the framework provides meaningful verbal responses, it sometimes 
produces limited or incomplete answers, highlighting the necessity for clarification mechanisms.  

A key example of this limitation is the handling of ambiguous queries, such as detecting "significant drops in 
airflow." The framework currently assumes a 10% threshold, which, while reasonable in some cases, may 
not align with user expectations. For such scenarios, incorporating an interactive clarification mechanism 
would allow the system to prompt users for additional input, improving response accuracy and relevance.  

 



Figure 4 (a) Auto-generated SPARQL query for the question “Are there any significant drops in airflow that 
could indicate potential blockages?” (step 1) (b) Auto-generated visualization generated by the 
framework (step 3). It shows the trended values of each of the two supply air flow sensors for the 
two AHUs supplying conditioned air to the two cells in FLEXLAB. From this chart, we are able to 
see times when the supply air flow rate dropped significantly (the framework assumed 10% 
reduction as significant) and suddenly.  

The current implementation has several constraints. First, our evaluation was conducted using only three 
sample questions on a single small commercial building testbed. Expanding the framework to larger datasets and 
more diverse building configurations is necessary to assess its generalizability. Second, while the system functions 
autonomously, fully eliminating human oversight is impractical. In real-world applications, an interactive feedback 
loop would be crucial for refining responses. Users should have the ability to (1) refine their queries based on initial 
results, (2) request clarifications when responses are vague, and (3) provide feedback when outputs deviate from 
their intended meaning. Integrating these feedback mechanisms would not only enhance usability but also improve 
the framework’s accuracy by leveraging user corrections to refine subsequent query and response generation. 
Future iterations should explore adaptive models that learn from user interactions, enabling a more robust and 
context-aware system for building analytics. 

CONCLUSION 

This paper introduces a novel agentic workflow that leverages LLMs to bridge the gap between natural 
language queries and structured semantic ontologies in BAS. By automating SPARQL query generation, time-
series data retrieval, and analytical visualization, our framework shows promise in reducing the technical expertise 
required to interact with complex BAS data, empowering facility managers, engineers, and other non-specialists to 
derive actionable insights through intuitive, conversational interfaces. 
 
The experimental results show that LLMs - when supported with RAG of building-specific query examples - can 
effectively convert natural language questions into accurate SPARQL queries while producing meaningful 
visualizations and summaries. However, several challenges emerged, including handling linguistic ambiguity, 
maintaining query consistency, and ensuring robust performance across different building configurations. While the 
system successfully interpreted queries about damper positions and airflow trends, it revealed limitations when 
processing subjective terms like "significant drops," where it defaulted to a 10% threshold assumption. Furthermore, 
while the framework performed well in our controlled testbed environment, adapting it to new buildings would require 
adjustments to the prompts to reflect the differences in how time-series data is stored (e.g., obtained via BACnet, 
stored in a database, accessed via an API). 
 
Looking ahead, future research should focus on scaling the framework to larger and more varied building datasets, 
ensuring generalizability across different ontologies and BAS implementations. Incorporating human-in-the-loop 
feedback—such as query disambiguation prompts and error correction loops—could further enhance reliability, 
while hybrid approaches combining LLMs with a knowledge base of domain-specific rules may improve precision 
in critical applications like fault detection. Additionally, exploring closed-loop automation, where the system not only 
analyzes data per user request but also suggests operational adjustments, could unlock new possibilities for 
intelligent building management by transforming passive analytics into active optimization. 
 
Ultimately, this work represents a meaningful step toward democratizing BAS analytics, making BAS data 
accessible to a broader audience while maintaining the rigor of structured ontologies. As LLM capabilities continue 
to evolve, integrating these technologies with building-specific KGs and domain knowledge promises to transform 
how we monitor, analyze, and optimize the built environment—moving us closer to a future where anyone can 
interrogate their building’s data as effortlessly as asking a question. 
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