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 Digital transformation has driven the development of smart home automation 

systems for healthcare and remote assistance, which can integrate large 

language models, foundational models, and Retrieval-Augmented Generation 

techniques to design conversational assistants accessible to people with 

reduced mobility. In these cases, it is necessary to overcome usability barriers 

to control home devices because traditional home automation interfaces are 

not adapted to their specific needs. Previous research has identified systems 

such as voice control, gestures, and conversational agents based on generative 

artificial intelligence to facilitate assisted interaction in the home through 

home automation systems. This article describes a conversational agent, aimed 

at people with reduced mobility, to facilitate natural interaction with home 

automation environments, using technologies such as OpenAI, Langchain, and 

LlamaIndex. The results demonstrate the successful deployment of a web-

based telecare platform based on conversational agents capable of retrieving 

technical documents through embedding, generating SQL queries, and MQTT 

topics for integration into real-world monitoring and assistance environments 

for people with reduced mobility. 

Keywords: 

OpenAI  

Foundational models  

RAG 

Distributed processing  

LangChain 

Copyright © 2025 Institute of Advanced Engineering and Science.  

All rights reserved. 

Corresponding Author: 

Ricardo Yauri 

Facultad de Ingeniería 

Universidad Nacional Tecnológica de Lima Sur 

Av. Bolivar S/N, sector 3 grupo 1, mz. A, sublote 3 - Villa El Salvador, Lima, Perú 

Email: ryauri@untels.edu.pe, boncer99@gmail.com 

 

 

1. INTRODUCTION  

Digital transformation allows the development of smart home automation systems to contribute to 

improving people's quality of life, in contexts of health [1] and remote assistance [2].  However, these solutions 

are difficult to use for people with reduced mobility [3], due to unintuitive interfaces [4]. In this context, the 

emergence of wide language models (LLM) [5] (such as OpenAI's GPT), Vision and Language Models (VLM) 

or ALM (Audio-Language Model) have allowed the generation of alternatives to create conversational 

assistants and interact naturally [6], understand questions and adapt to the user's context [7]. These techniques, 

integrated with Generation Augmented Recovery (GAR) tools and their integration into cyber-physical 

architectures [8], allow the creation of adaptive and intelligent assistance systems [9]. 

In relation to the problem related to the control of devices at home, these face usability barriers, since 

traditional home automation interfaces [10] are not designed for the specific needs of people with reduced 

mobility [11]. Many of these systems lack tools to know what functions available, technical information and 

active devices are. Previous research describes assisted home interaction through voice recognition or gesture 

control. For example, the use of MediaPipe and OpenCV for hand recognition was used in gesture control 

prototypes to turn on lights [12] or activate devices [13]. Other projects have implemented systems based on 

Raspberry PI devices or sensor networks (WSN) to send commands to physical actuators using text, video or 

voice control tools [14] in home automation control systems [15]. In the field of generative artificial 
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intelligence applied to home automation [16], natural language models have begun to be integrated to facilitate 

the interaction between the user and the system with conversational assistance agents [17]. 

The literature review focused on identifying research related to assistive technologies for people with 

reduced mobility and the use of LLM in healthcare and telecare settings, following the Kitchenham 

methodology, the PICO (Population, Intervention, Comparison, Outcome) approach, and the PRISMA 

technique for document selection. Several studies describe the design of assistance technologies in smart homes 

for people with reduced mobility [18], describing a gesture control platform for activating devices [19]. 

Similarly, the use of voice control systems based on free hardware modules for turning on lights or opening 

doors is also described [20, 21]. In addition, the use of motion sensors has also been described, highlighting 

the adaptability to the user for pattern recognition. 

Regarding the use of artificial intelligence to improve accessibility in smart homes, proposals have 

been identified that focus on neural networks, fuzzy logic models, and supervised learning, which personalize 

the behavior of home devices based on user patterns. For example, techniques based on convolutional neural 

networks can be used to detect the presence and health status of people, automatically adjusting their use in the 

context of smart homes [22, 23]. In addition, deep learning-based architectures are also used to predict usage 

patterns of household appliances or similar devices [24, 25], which requires extensive datasets and does not 

always contemplate direct interaction between the user and the system. 

On the other hand, in recent years there has been considerable progress in the use of LLM for home 

automation control. Research shows the integration of these models with home automation systems to interpret 

commands and transform them into actions for device control [26, 27]. On the other hand, the development of 

applications with LLM models embedded in microcomputers such as Raspberry Pi is also described in the 

context of smart environment applications [28, 29]. In the case of the use of LLMs for healthcare and telecare, 

this is important as a tool to improve remote care. Research has shown the integration of LLM models with 

healthcare platforms, allowing access to medical information [30, 31]. Although these systems need to be 

clinically validated, preliminary results indicate a positive impact on user treatment, considering LLMs as a 

technology with potential for application in telecare. 

For these reasons, this paper presents the design of an assistance system using agents with RAG 

capabilities for natural interaction in home automation environments, targeting people with reduced mobility. 

The system integrates a real-time control and monitoring stage (MQTT, PostgreSQL) (using the tools 

LangChain and LlamaIndex) with an LLM agent to interpret and respond to natural language queries. The 

specific objectives are: defining the characteristics of MQTT databases and topics for control and technical 

information; designing an intelligent agent with augmented recovery capabilities (RAG); integrating tools for 

accessing technical documents and dynamic records; and deploying the system in the cloud. Although the 

system was evaluated in Spanish, the solution is language independent because the agent uses the LLM model, 

making it possible to adapt it to other languages by changing the description of the prompts used to give 

instructions to the agent, thus allowing it to be adapted to other contexts in different languages. 

Various approaches have been found in different articles that use different objectives and scope. In 

this research, the main objective is not to comparatively evaluate the performance of various techniques, but 

rather to demonstrate the development of a specific architecture to prove its viability in IoT applications. The 

contribution lies in the integration of generative intelligence technologies into a cyber-physical system. The 

integration of an agent, which combines technical information and real-time sensor data, represents a 

contribution to healthcare (eHealth/telecare) through a home automation assistance system that facilitates the 

autonomy of people with reduced mobility. Although the system does not replace direct clinical functions (such 

as cardiac monitoring or medication administration), it supports well-being and health through assistive 

technology. 

 

 

2. RESEARCH METHOD  

An intelligent conversational agent is integrated into a home automation system, enabling natural 

interaction with the environment through natural language queries. To this end, an agent is developed using 

the LangChain framework and LlamaIndex (for file storage). In addition, retrieval-augmented generation 

(RAG) techniques are used to answer user questions by accessing technical documentation embedded in 

vectors (stored in Elasticsearch) or dynamic information from a PostgreSQL database. Using a ReAct-like 

conversational flow, the agent decides whether to retrieve static data or execute SQL queries to respond to the 

status or control of home devices. It also incorporates intent detection to generate control commands for home 

automation components such as lights, wind-controlled motors, roller blinds, or household appliances. All of 

this is managed by a web application built with Flask. 
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The conversational agent uses tools defined within the LangChain framework to process user queries. 

These tools allow the agent to decide whether to retrieve technical information from documents, query a 

database, or generate instructions for device control (Table 1). 

 

 
Figure 1. System architecture 

 

Table 1. Role of each tool with respect to its functionality  
Group Role Tools Data Source 

technical 
documents 

Answering questions about 
the system 

tool_general, LlamaIndex, ElasticsearchStore, 
OpenAIEmbedding 

Embedded 
Documents 

database Retrieve dynamic data (sensor 

status, history, etc.) 

get_schema, generar_sql, run_query, 

generar_respuesta, seleccionar_tabla_v2 

PostgreSQL 

Database 
home automation 

control topics 

Interpret intents and generate 

control commands 

normalizar_texto,generar_consulta_topico_llm, 

detectar_accion_llm, ejecutar_consulta 

User Input Text 

 

2.1.  Characteristics of information sources and control topics 

A PostgreSQL database hosted on Render's online service was implemented, with tables intended to 

store historical records of environmental sensors (temperature, motion), actions performed on devices, system 

configurations, and users. In parallel, the MQTT topic structure used for publish/subscribe communication 

with physical devices was defined. Additionally, technical documents (manuals, user guides, specifications) 

were selected and organized, processed, and converted into semantic embeddings for indexing in an 

Elasticsearch-based vector store (Figure 2). 

 

 
Figure 2. Information storage and retrieval components 

 

2.2. Intelligent agent with Retrieval-Augmented Generation (RAG) 

The core of the system is a conversational agent developed with LangChain, which uses the GPT-4 

model and combines logical reasoning with automated actions using tools, allowing access to both static 

(technical documents) and dynamic (sensor and device database) information. The agent chooses among 



IJEEI  ISSN: 2089-3272  

 

Conversational Assistant with Large Language Model Agent for Natural Interaction… (Ricardo Yauri et al) 

999 

available tools based on the type of question. If the query requires general knowledge, it accesses indexed 

technical documents; if it requires updated data, it generates and executes SQL queries (Figure 3). Although 

the first implementation was designed for Spanish-speaking users, the agent architecture is not tied to a specific 

language because the semantic retrieval tools using LangChain can be adapted by adding a language indication 

to the agent configuration prompt done in Python, allowing the same workflow to work in other languages. 

Although the GPT-4 language model was used, the agent's tool organization is model-independent and can be 

used with other tools such as Google Gemini or Llama 3. In this case, LangChain generates interfaces for 

different LLM models. 

 

2.3. Technical documents access tool 

To enable the agent to access documents, a semantic retrieval tool was designed that integrates 

LlamaIndex with ElasticsearchStore. This tool converts PDF documents into embeddings using OpenAI 

Embeddings and stores them in a vector index. Upon receiving a question requiring an explanation of how it 

works (e.g., "What gestures are available?"), the agent activates this tool, which performs a semantic similarity 

search and returns the most relevant text fragments (Figure 4). 

 

2.4. Access to databases 

A set of tools was developed for the agent to interact with the PostgreSQL database and retrieve 

information about the state of the home automation system. For example, when receiving the question "Which 

devices are on now?", the agent triggers this sequence and responds with the current state. The 

get_schema(question) function retrieves the database schema from the user's question. Then, with 

generate_sql(question), a SQL query is generated. The run_query(query) function then executes this query 

directly against the database. Finally, the generate_response function uses the original question, the SQL query, 

and the resulting result to construct a natural language response (Figure 5). 

 

 
Figure 3. Intelligent agent interaction scheme 

 

 
Figure 4. Interaction of document information retrieval tools 
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Figure 5. SQL query generation process without topics 

 

2.5. Generation of home automation control topics 

The agent manages physical devices in a home automation environment using tools that interpret 

requests such as "Turn on the living room light" and translate them into actionable commands. The process 

includes text normalization (removing accents and capitalization and originally in Spanish), intent detection 

(using a specialized prompt), and transforming the query into a response with a valid MQTT command. This 

final message can be sent to the home automation system, enabling voice or text control of connected devices 

(Table 2). As shown in Figure 6, the request to turn on the living room light (originally in Spanish) is used as 

an example. The result is the topic "luz/sala/set/0" (turn on the living room light with set equal to 1) with text 

in Spanish, since this is how the MQTT topics were configured and the examples appear in spanish because 

the system was originally trained in that language. The intent detection modules dynamically configure MQTT 

themes and SQL statements that are language-independent, so adapting the system to another language only 

requires redefining the prompt instructions used by the agent tools without modifying the main workflow. 

 

Table 2. Functions for generating control topics 
Function Main use Description 

normalizar_texto(text) 

(In english normalize_text ) 

Text preprocessing Convert text for easy analysis. 

generar_consulta_topico_llm 

(text).  (In english generate_topic_query_llm) 

Intent classification Detects the “topic” of the message. 

detectar_accion_llm(text). Use of LLM. 

(In English detect_action_llm) 

Action/intent detection Returns whether there is a recognized 

action and g topic. 

ejecutar_consulta(text) 
(In English execute_query) 

Structured response 
generation 

Returns a response that can be interpreted 
by the control system. 

 

 

 

 

Figure 6. Command generation process for the MQTT topic 
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2.6. Web Interface Deployment 

The agent and its tools were deployed in the cloud using the Render platform, adding a Flask web 

application, which exposes both graphical and programmatic interfaces (API) for interacting with the agent. 

Users can submit questions through a web form or using API endpoints (e.g., /info or /query_docs). The web 

application provides access routes for responding to HTTP POST requests. Two main routes are defined using 

Flask's @app.route() decorator, where "/info" allows a user to submit a query from an HTML form, process it 

with a function called run_query, and display the result on a web page (info.html). There is also a "/query_docs" 

route, which offers a GET API for quick queries via the q parameter in the URL (Figure 7). 

 

 

Figure 7. API and Web application deployment diagram 

 

 

3. RESULTS AND DISCUSSION  

3.1.  Web Interface Deployment 

To deploy the web application, the GitHub service was used to upload the project. Then, using 

Render's Online platform, a new project was created by selecting the "Deploy from GitHub repo" option. The 

deployment and component installation process were automated, considering the Python libraries used. In this 

case, Render hosted the system's backend, the PostgreSQL database, and Flask Python scripts for basic chat 

interaction. It also encapsulates all the agent logic, tools, and web paths (/info, /consult_docs) (Figure 8). 

 

 
Figure 8. Installation and deployment of the application 

 

The results demonstrate the deployment of the web interface using services such as GitHub and 

Render to establish suitable backend architecture, integrating Flask, PostgreSQL, and agent routes. This 

implementation offered natural interaction through a web environment, which fulfills the objective of 

implementing a telecare platform based on conversational agents. 

 

3.2.  Document access tool 

The documents generated were accessed and synchronized with the cloud using the Elastic Cloud 

service, verifying that the extracted information was organized in the repositories using vectorization (Figure 

9). When a user asks a question in natural language, such as "information about system components?", the 
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agent decides to use the tool_general tool to access previously uploaded documents. The process continues 

with a connection to an Elasticsearch information retrieval system. Finally, the fragments are formatted and 

include both the textual content and its source, generating responses in Spanish (Figure 10). Some answers or 

commands appear in Spanish because they correspond to the original implemented MQTT topic structure.  

 

 
Figure 9. Cloud.elastic storage interface for data vectors 

 

 

 
Figure 10. Examples of responses via inquiry form 

 

Regarding access to technical documents, the integration of the LLM agent, the `tool_general` tool, 

and the Elastic Cloud infrastructure was validated to retrieve contextual information. This confirms that the 

semantic retrieval system (based on embeddings) generates appropriate natural language responses in the 

context of home automation applications. In addition, the system produced clear responses in Spanish, 

demonstrating its application in Spanish-speaking remote support environments. 

 

3.3. Database Access Verification 

The process of interacting with the database begins with a natural language question (Figure 11). From 

this, the intelligent agent, based on the ReAct model and ChatOpenAI, analyzes the query's intent and decides 

which tools to use. First, get_schema() is used to identify the table (e.g., temperatura_registros) and retrieve its 

structure. Then, generate_sql() generates a SQL query and transforms the result into an understandable 

response, such as: "The highest temperature recorded last month was 34.2°C" ( In spanish: “El valor máximo 

de temperatura registrado en el último mes fue 34.2°C”). 

The agent's access to the assigned tools and data flow management were verified until a response was 

returned. Figure 12 shows the response to an example request called "Return the fan theme" which was made 

in Spanish due to the agent's configuration in that language (In spanish “Devuelve el tópico del ventilador”). 

In this case, the query is performed against the database by understanding the context, returning the topic 

"/sala/ventilador/ser". 
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Figure 11. Agent interaction with the database 

 

 
Figure 12. Function invocation flow for response generation in spanish 

 

Figure 13 shows some examples of queries and responses (in Spanish) accessing information from 

the home automation system database. In this case, queries and responses are displayed regarding the highest 

humidity recorded by the sensors, the MQTT topic used to control the living room lights, and the sensors 

installed in the kitchen. The agent can interpret complex questions and automatically transform them into valid 

SQL statements, making data querying easier without requiring technical knowledge from the user. 

 

 
Figure 13. Natural language queries on information in the database 
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3.4. Generation of home automation control topics 

The deployed agent automatically detects the user's intent when a device needs to be controlled. A 

request for an MQTT topic is automatically generated in the database. The response is then obtained, and the 

intent code 0 or 1 is added to create the MQTT control topic returned as a response. Token consumption was 

reduced because only the MQTT topic storage schema is processed (Figure 14). 

The generation of the MQTT command managed by the RAG agent was evaluated with several types 

of queries, detecting the user's intention. Queries such as "activate the coffee maker" ("activa la cafetera" in 

spanish), "turn off the fan" ("Apaga el ventilador" in spanish), and "open the window" ("abre la ventana" in 

spanish) were executed through the web interface, generating the concatenated MQTT topic with the code 0 or 

1. Since the agent can be used from other devices, a web API ("consulta_docs" route) is available that allows 

the query to be sent and the information returned in plain text format, for use by home automation hardware 

devices (Figure 15). Although the tests were performed using GPT-4, the application is not dependent on this 

specific model. Future experiments will allow for comparisons to quantify the differences in retrieval accuracy 

or intent detection depending on the model selected. 

 

 
Figure 14. Intention detection process for home automation control 

 

 
Figure 15. Generating MQTT commands for device control 

 

Furthermore, the agent understands user intent in the context of home automation control and 

automatically generates MQTT topics, validating its application in home automation and assistance. The 
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reduction in token consumption was achieved by optimizing the selection of the queried schema, improving 

computational efficiency, which is important for applications on resource-constrained hardware devices. 

Finally, the availability of the web API from external devices extends its use to embedded or mobile 

devices, allowing its integration into cyber-physical systems. This contributes to the system's scalability and 

portability for real-world telecare, accessibility, and monitoring environments. Although the research objective 

is to validate the functionality of the proposed architecture, operational tests were conducted to obtain basic 

system validation. The solution was implemented on the Render platform, where the service's behavior was 

evaluated during interactions with the agent. On average, the response time per request—which includes 

querying the LLM model, retrieving information from the repository, and executing the RAG string—was 2 to 

3 seconds, with peak times of 3.4 seconds. 

Because the evaluation is performed through interaction and not as a machine learning model, metrics 

such as accuracy, recall, or F1 score are not considered. However, metrics related to functional errors (failures 

in query generation or interruptions) were obtained with values less than 3% in 100 consecutive runs. The 

measurements taken show that the system has stable performance, with low response times, and although 

comparative metrics were not included, the viability of the architecture was validated in a practical scenario. 

 

4. CONCLUSION  

The development of the conversational assistant demonstrated that information retrieval and 

command generation tools can contribute to remote accessibility and optimize consultation processes in 

assistance environments. 

Using the system with the Render platform enabled the deployment of the agent's backend and 

services, generating natural language interactions with the user. Additionally, the agent can access information 

stored in cloud repositories using Elastic Cloud and Elasticsearch, validating the RAG approach for interacting 

with documentation. The tools used by the agent allowed the following to be achieved: transform natural 

language queries into SQL queries, validate the agent application to recognize user intent, retrieve the necessary 

schema, generate the query, and construct a response. In the case of MQTT topic generation, its operation was 

verified through tests related to the evaluation of device activation or deactivation responses. Although the 

system was evaluated through interactions in Spanish, the same agent could be used in other languages by 

configuring prompts that are used internally by the tools in Langchain. While there are different methods that 

could be used to solve similar problems, this work focuses on validating a solution, rather than making a 

comparison between architectures because it requires configurations that are not applicable in this research. 

As future improvements, we recommend exploring integration with voice assistance platforms to 

improve accessibility. Additionally, the use of lightweight models for embedded devices could be evaluated to 

reduce dependence on online services. Although GPT-4 was used as a model in this research, the tools are 

compatible with other LLM models, allowing their performance to be analyzed and compared in future 

improvements. 
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