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Abstract: This paper presents the design of a multi-agent system focused on text-operated 

distributed artificial intelligence processes that works following a dialog model, oriented to 

the efficient management of industrial product orders. This system integrates five reasoning 

and action agents: the general agent powered by Google's Gemini artificial intelligence 

language model that carries the conversation flow and redirects the tasks to the other agents, 

an agent that identifies customers, an agent that recognizes the products, an agent that 

generates the orders and an agent that routes. The multi-agent system is designed to interact 

virtually and conversationally with users, facilitating order creation and management 

through an innovative approach that integrates advanced natural language processing 

technologies, vector and relational databases, and optimization methods. Finally, for its 

validation in a real environment, data from a company that produces and distributes 

cleaning products are used, allowing the development of different tests for the identification 

of customers, products, quantities and the establishment of order delivery routes. It is 

concluded that the conversational flow and techniques used allow users to make queries 

about customers with an average accuracy of 77.38% and about products with an average 

accuracy of 88.57%, even in scenarios with semantic ambiguities, managing orders in an 

intuitive way. It is also possible to optimize order routing by simultaneously considering 

two criteria that can be weighted: customer importance and distance traveled. 

 

Keywords: app, reasoning and action agent, optimization, databases, routing, artificial 

intelligence, multi-agent system. 

 

Resumen: Este documento presenta el diseño de un sistema multiagente enfocado en 

procesos de inteligencia artificial distribuida operado por texto que funciona siguiendo un 

modelo de dialogo, orientado a la gestión eficiente de órdenes de pedido de productos 

industriales, éste sistema integra cinco agentes de razonamiento y acción: el agente general 

potenciado con el modelo de lenguaje de inteligencia artificial Gemini de Google que lleva 
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el flujo de la conversación y redirecciona las tareas a los otros agentes, un agente que 

identifica clientes, un agente que reconoce los productos, un agente que genera los pedidos 

y un agente que rutea. El sistema multiagente está diseñado para interactuar de manera 

virtual y conversacional con los usuarios, facilitando la creación y gestión de pedidos 

mediante un enfoque innovador que integra tecnologías avanzadas de procesamiento 

natural del lenguaje, bases de datos vectoriales y relacionales, y métodos de optimización. 

Finalmente, para su validación en un entorno real, se utilizan datos de una empresa de 

producción y distribución de productos de aseo, lo que permite desarrollar distintas pruebas 

para la identificación de clientes, productos, cantidades y establecimiento de rutas de 

entrega de pedidos. Se concluye que el flujo conversacional y técnicas utilizadas permite a 

los usuarios realizar consultas sobre clientes con una exactitud promedio del 77,38% y de 

productos con una precisión promedio del 88.57%, aún en escenarios con ambigüedades 

semánticas, logrando gestionar órdenes de manera intuitiva. Se logra además optimizar el 

ruteo de los pedidos considerando simultáneamente dos criterios que pueden ponderarse: 

importancia del cliente y distancia recorrida. 

 
Palabras clave: aplicación, agente de razonamiento y acción, optimización, bases de datos, 

ruteo, inteligencia artificial, sistema multiagente. 
 

1. INTRODUCTION 

 

In the industrial sector, companies need to operate 

efficiently, which requires the continuous 

improvement of processes including the use of 

technologies that reduce the workload of employees 

and allow them to concentrate on the tasks that add 

value and improve customer responsiveness, 

properly addressing these two challenges are a 

factor of business success. 

 

Information technology systems were developed to 

respond to the increasing complexity of processes 

[1]. Chatbots as technological systems enable the 

communication of people and are constituted as an 

enterprise user interface. Chat agents are an 

evolution of chatbots. 

 

Currently, chatbots are used in industry for data 

entry in production [2], which can be integrated with 

artificial intelligence to gather information quickly 

to facilitate and support decision making in 

manufacturing [3]. In logistics, they are one of the 

fundamental technologies applied for human-

machine interaction [4]. Also in the service sector, 

chatbots help users to schedule appointments, make 

reservations and set reminders [5], in general, they 

allow to guide and help internal (workers) and 

external (customers) users [6]. 

 

Industry 4.0 seeks to obtain intelligent products, 

through manufacturing, supply chain management 

and customer handling, aspects developed by 

intelligent systems. In addition, Industry 5.0. 

involves the use of human-centered systems [7], 

which has led organizations to seek the successful 

integration of digital technologies with people. 

 

Therefore, it is possible to understand a multi-agent 

system focused on distributed artificial intelligence 

processes [8] as a digital tool that facilitates the 

relationship with the customer as in the application 

case of this article, where it is used for virtual 

capture and order routing. Or as proposed in [9] as a 

tool that helps workers to perform tasks and make 

decisions. A traditional chatbot responds to a tree 

structure, which guides an interaction by numerical 

responses or simple yes or no answers. 

 

In [10], a chat-like logistics agent is designed to 

manage material transportation that is responsible 

for delivering information to the programmer 

responsible for choosing the right vehicle. Also in 

[11] a design of a manufacturing operations 

management system is presented that includes an 

artificial intelligence supported chatbot interface 

with a prediction system that retrieves live 

information from the production database. 

 

However, [5] postulates that by using chatbots and 

virtual assistants, science and technology innovation 

developments have the potential to supplant 

employees. But the approach presented here 

coincides with that of [12] in the sense of rescuing 

the potential of collaborative work between humans 

and AI, within the framework of Industry 5.0 

thinking in a human-centered development. 

 

Large language models (LLMs) work well on 

general purpose tasks, but fail in specific areas that 

are updated. In [13] they integrate retrieval-
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augmented generation (RAG) with reasoning and 

action agents (ReAct) in order to avoid failures in 

LLMs when generating biomimetic designs.    

 

Based on the analysis of the state of the art, this 

article aims to present the design of a multi-agent 

system focused on artificial intelligence processes 

whose contribution consists of automatically 

guiding the taking of products and their routing for 

the dispatch of orders, based only on customer-agent 

interaction. Its validation is carried out through the 

application to a company that produces and 

distributes cleaning products.   

 

The document is structured in five sections: the first 

one corresponds to the introduction, the second part 

presents the methodology, the third one describes 

the development, the fourth one reports the main 

results and the last one presents the conclusions 

reached. 

 

2. METHODOLOGY 

 

For the development of the multi-agent system 

focused on distributed artificial intelligence 

processes that allows the capture and subsequent 

routing of orders, five phases were defined.  

 

In the first phase, the reasoning and action agent 

(Re-Act) [14] is selected which, in order to reduce 

possible failures in the LLM, requests the user to 

choose an action from a list of options. The agent is 

powered by Google's Gemini artificial intelligence 

model [15], which provides advanced capabilities to 

manage complex conversational flows, improving 

the user experience in creating order requests. 

 

In the second phase, vector databases [16] are used 

for two purposes: to perform efficient searches of 

customer names and to identify products.  In this 

case using the open source vector database Chroma 

[17], vector representations of customer names and 

product names and descriptions are stored, allowing 

approximate searches that are robust to misspellings 

or variations in the query. Additionally, in the case 

of products, it allows suggestions of similar items to 

make it easier for the user to select the option of his 

preference. The vector database approach improves 

the accuracy and efficiency of searches, overcoming 

the limitations of traditional systems based on exact 

text. 

 

In the third phase, PostgreSQL [18] is used to 

manage relational databases of each product's 

inventory, orders, customers and even the logistics 

routes associated with the system. This component 

ensures the integrity and consistency of operational 

information. PostgreSQL enables the operation of 

the relational system for: 

• Inventory management: Record and monitor 

the status of products. 

• Customer and order control: Maintain a 

structured and reliable history. 

• Route calculation: Integrate distance matrix and 

purchase orders to generate optimized routes. 

 

LlamaIndex [19] is used to integrate vector and 

relational databases with the Gemini AI model [15], 

which translates user queries into concrete actions, 

such as searching for products, checking inventories 

or querying customer data, in a fast and efficient 

way. 

 

In the fourth phase, route optimization is carried out 

since the delivery of orders depends on the 

definition of these routes, for which a distance 

matrix summarizing the possible connections 

between origin and destination points is used. The 

route calculation simultaneously considers two 

criteria that can be weighted: customer importance 

(order priority) and distance traveled, using 

Kohonen maps [20] to find minimum cost solutions. 

This approach ensures the selection of optimal 

routes, which maximize customer satisfaction 

according to their relevance, minimize delivery 

times, or simultaneously satisfy these two objectives 

in a weighted manner. 

 

Finally, in the fifth phase, the Streamlit framework 

[21] is used to create a user-friendly interface that 

allows users to easily interact with the 

conversational multi-agent system, visualize 

relevant data, such as product recommendations, 

logistic routes, and estimated delivery times. In 

addition to displaying in real time the status of 

inventories, purchase orders and optimal routes 

generated. 
 

3. DEVELOPMENT 

 

According to the European Commission's AI Law 

low-risk chatbots are required to comply with 

transparency obligations [22], therefore the 

development of the solution focused on the 

integration of multiple advanced technologies to 

build a robust and efficient conversational system, 

covered in the framework of the mentioned law. As 

mentioned, a ReAct agent [14] powered by Google's 

Gemini language model [15] was implemented, 

orienting its implementation to natural interaction 

with users to manage order requests.  
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The designed multi-agent system integrates five Re-

Act agents [14]: the general agent powered with 

Google's Gemini artificial intelligence language 

model that carries the conversation flow and 

redirects tasks to the other agents, an agent that 

identifies customers using the Chroma vector 

database [17], an agent that recognizes products also 

using the Chroma vector database, an agent that 

manages relational databases of the inventory using 

PostgreSQL [18] to generate orders and keep 

history, and an agent that routes using Kohonen 

maps [20].  Streamlit is used to create the interface 

with the users. The structuring of the multi-agent 

system and the various tools that support its 

operation are presented in Fig. 1. 

 

 
Fig. 1. Structure of the multi-agent system design 

 

The multi-agent system focused on distributed 

artificial intelligence processes for order capture and 

routing works based on the flowchart shown in Fig. 

2. The process represented in the flowchart allows 

the multi-agent to manage the direction of the 

conversation completely, evaluating the data and 

information available to redirect it if necessary and 

request the relevant information to the user. 

 

Regarding the vector databases using Chroma [17], 

a preprocessing was performed mainly on the 

customer data, eliminating recurring words such as: 

Conjunto, Edificio, Multifamiliar, etc, with the 

objective of improving the results when performing 

semantic searches with user input. The same 

preprocessing was performed with the product data. 

 

For its implementation it was required to store the 

data of products, customers, distances, orders, and 

routes in relational databases of the validation 

environment, to maintain accuracy and proper 

handling of the data. The fields that contain the 

tables in each of the databases and their type are 

shown in Fig. 3. 

 
 

Fig. 2. Multi-agent system flowchart 
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Fig. 3. Database information 

 

The combination of relational and vector data 

allows the multi-agent system focused on 

distributed artificial intelligence processes for order 

capture and routing to be versatile and effective in 

decision making. 

 

The calculation of routes was performed by using 

the Kohonen map algorithm [20] due to its 

competitive and cooperative learning approach 

forming relationships between the distances of the 

sites to define the route, also through the 

normalization of distances another weight factor can 

be included for the efficient calculation of routes, 

such as importance, leaving a variable weighting 

value from 0 to 1 between the distance criterion and 

the importance criterion to evaluate the results 

obtained. The 10 equations used for distance 

calculation are presented below. 

 

• Dynamic input vector: 

 

𝑆0 =  [0, 𝑑01, 𝑑02, … , 𝑑0𝑛] 

𝑆1 =  [𝑑10, 0, 𝑑12, … , 𝑑1𝑛] 

𝑆2 = [𝑑20, 𝑑21, 0, … ,  𝑑2𝑛] 

𝑆𝑛 =  [𝑑𝑛0, 𝑑𝑛1, 𝑑𝑛2, … ,0] 

 

Where 𝑆𝑖 represents the vector that groups the 

data of the distances (𝑑𝑖𝑗) from origin i to 

destination j. 

 

• Dynamic weight matrix: 

 

𝑀 = [

𝑤00  𝑤01 ⋯ 𝑤0𝑛

⋮ ⋱ ⋮
𝑤𝑛0 𝑤𝑛1 ⋯ 𝑤𝑛𝑛

] 

 

Where 𝑊𝑖𝑗 corresponds to the weight from 

origin i to destination j 

• Distance scaling including the importance 

factor. 

 

𝑑𝑠 = (
𝑑𝑠 − 𝑑𝑚𝑖𝑛

𝑑𝑚𝑎𝑥 − 𝑑𝑚𝑖𝑛
× 𝑊𝑑) + (

𝐼𝑠 − 𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥 − 𝐼𝑚𝑖𝑛
× 𝑊𝑖) 

 

Where 𝑊𝑑 represents the weighting of the 

distance traveled criterion and 𝑊𝑖 represents the 

weighting of the importance of the client, it is 

important to bear in mind that it must be 

guaranteed that in all cases the following 

criteria are met: 

 

∑ 𝑊𝑑 + 𝑊𝑖 = 1 

 

• Euclidean distance: 

 

𝑑𝑒𝑢𝑐 = √∑(𝑥𝑖0 − 𝑥𝑖1)2
2

 

 

Where 𝑋𝑖𝑗 represents the location of each 

customer. 

 

• Best Coincident Unit BCU 

 

𝐵𝐶𝑈 = 𝑚𝑖𝑛([𝑑𝑒𝑢𝑐0, 𝑑𝑒𝑢𝑐1, … , 𝑑𝑒𝑢𝑐𝑛]) 

 

• Weight update radius: 

𝑟(𝑡) =  𝑟𝑜𝑒−
𝑡
𝜆 

 

Where 𝑡 representas the time periodo.  

 

• Product factor: 

𝛽𝑡 =  𝑒
−

𝑑2

2𝑟𝑡
2
 

 

• Learning rates: 

𝜆0 =
𝑇

ln (𝑟𝑜)
≈ 0.5 

𝜆(𝑡) =  𝜆𝑜𝑒−
𝑡

1000 

• Updating of weights: 

 

𝑀𝑡 =  𝑀𝑡−1 + 𝜆𝑡 × 𝛽𝑡(𝑑𝑠𝑖 − 𝑀𝑡−1)   
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Fig. 4. shows the design of the interface developed 

from the point of view of the client (external user). 

 

 
Fig. 4. User interface 

 

Finally, Fig. 5 shows the record of operations that 

can be consulted in the interface by the commercial 

advisor (internal user). 

 

 
Fig. 5. Operational interface 

 

4. RESULTS 

 

4.1. Customer identification validation 

 

For the validation of customer identification, a 

database with customer information was generated 

and modified to include three scenarios: one with 

complete and correct information, one with 

incomplete information and one with incorrectly 

typed information, corresponding to the 

inaccuracies that the designers consider may be 

present on the part of the customers.   

 

After performing the semantic search of the name of 

different customers in the multi-agent system 

focused on distributed artificial intelligence 

processes for order capture and routing, the results 

presented in Table 1 are obtained. 

 
Table 1: Results of customer identification tests 

 

Information entered Percentage of success 

Full name 100,00% 
Incomplete name 57,14% 

Incorrectly typed name 75,00% 

Average 77,38% 

 

Table 1 shows that the identification of clients in the 

first scenario obtained the expected result, which 

corresponds to a 100% success rate. When 

performing the semantic search for customer names 

that were not complete, 57.14% of the cases were 

correct.  While the semantic search for customer 

names entered by the user with typing errors yielded 

a 75% accuracy rate. This allows calculating a hit 

percentage by simple average of the three scenarios 

evaluated in the test of 77.38%. 

 

To improve the results, it is advisable to better label 

the customer names, use a word embedding model 

[23] with higher dimensions and/or reinforcement 

learning [24] for training the artificial intelligence. 

 

4.2. Product identification validation 

 

For the validation of product identification, the same 

procedure was applied as for customer 

identification, in which the database with product 

information was modified to have the same three 

scenarios: one with complete and correct 

information, one with incomplete information and 

one with incorrectly typed information.  Table 2 

shows the results obtained for the product tests in 

the three scenarios considered. 

 
Table 2: Product identification test results 

 

Information entered Percentage of success 

Full name 100,00% 
Incomplete name 65,71% 

Incorrectly typed name 100,00% 

Average 88,57% 

 

As shown in Table 2, in the first scenario a 100% 

success rate was again achieved, and the same result 

was also achieved when the user entered the data 

incorrectly. There were only failures when the 

product information was not complete; in this 

scenario a 65.71% success rate was obtained. The 

percentage of success by simple average of the three 

scenarios evaluated in the test was 88.57%. 
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It can also be inferred that better labeling and a 

model with larger word embedding dimensions [23] 

could improve the accuracy of identification when 

the information entered by the user is incomplete, in 

addition it is possible to use RAG techniques [13] to 

perform several searches by synonym of the 

products. 

 

4.2. Route calculation validation 

 

To validate the calculation of the optimal routes, six 

scenarios were considered using Kohonen maps 

with different weightings of the two decision criteria 

established: importance of the client and distance 

traveled.)  

 

Table 3 shows the results obtained from the route 

calculation. 

 
Table 3: Average distance traveled using different weightings 

for the criteria 
 

Weighting Distance traveled (Km) 

Importance Distance Day 1 Day 2 Day 3 Average 

0% 100% 78,90 88,94 152,55 106,795 

100% 0% 96,36 101,27 199,24 132,288 

60% 40% 63,99 84,47 153,22 100,560 

40% 60% 92,13 91,23 153,98 112,444 

80% 20% 96,66 82,29 153,22 110,724 

20% 80% 78,90 78,68 156,44 104,672 

 

As can be seen in Table 3, the scenario with the best 

results is obtained when a weighting of 40% is given 

to the total distance traveled and 60% to the 

importance of the customer, which presents lower 

distance values and positions the most important 

sites at the beginning of the route.   

 

Fig. 6. presents an example of the initial route 

without optimization, the numbers indicate the order 

of delivery of the orders, it covers a total distance of 

26.4 km. 

 

 
Fig. 6. Initial route 

 

In Fig. 7, images are included showing how, during 

some of the 5000 epochs of training, the neurons 

self-organize at the different delivery sites taking 

into account the distances with longitude and 

latitude coordinates. 

 

  

  

  

  
Fig. 7. Route self-organization 

 

Fig. 8 shows the optimized route with a total 

distance of 17.1 km, with a 35.23% reduction in 

travel time. 

 

 
Fig. 8. Optimized final route 

 

It is important to note that in Fig. 6 to 8, there is an 

error of up to 1 Km in the location, this margin of 

error is given because the distances are calculated 

using the latitudes and longitudes of each delivery 

site, but the real distance that would be obtained by 

knowing exactly the streets that allow reaching the 

delivery points is not taken into account. 

 

5. CONCLUSIONS 

 

It was found that vector databases allow identifying 

customers in an acceptable manner (77.38%) even 

in scenarios with ambiguities, i.e. the development 

operates with a margin of errors in the search typing, 

which is favorable. They also allow identifying 

products in an adequate manner (88.57%), which 

serves to recommend similar options to the user 

according to preferences. Chroma improves the user 
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experience by seeking accuracy and speed in 

searches, even in imprecise or poorly worded 

queries. 

 

The integration of advanced natural language 

processing technologies, vector and relational 

databases, and route optimization methods provided 

a multi-agent system design focused on distributed 

artificial intelligence processes that is considered 

robust and efficient for order management in the 

tests performed. In turn, it was shown that it is able 

to adapt to user needs and optimize logistics 

processes, improving the customer experience and 

reducing operating costs associated with the taking 

and final delivery of orders. 

 
As future work, it is proposed to consider voice 

interaction to facilitate the conversation between the 

user and the intelligent chat agent.  Improve the 

identification of customers and products when the 

information entered by the customer is incomplete, 

by techniques such as reinforcement learning, word 

embeddings and RAG. Also keep in mind other 

optimization criteria for establishing order delivery 

routes. 
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