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ABSTRACT 

Multi-RAG Enterprise is an intelligent enterprise knowledge-management and 

question-answering system that uses multiple Retrieval-Augmented Generation (RAG) 

pipelines to provide accurate and context-aware responses from organizational data. 

Modern enterprises store information across documents, databases, cloud storage, 

websites, emails, knowledge bases, and internal applications. Finding the right 

information from these distributed sources can be difficult and time-consuming. 

The proposed system connects multiple enterprise data sources and creates specialized 

retrieval pipelines for different types of information. Documents can be processed, 

divided into meaningful chunks, converted into embeddings, and stored in vector 

databases for semantic retrieval. Structured information from relational databases and 

other systems can be accessed through appropriate query mechanisms rather than 

treating every source as unstructured text. 

Multi-RAG Enterprise uses a routing and orchestration layer to determine which 

knowledge source or RAG pipeline is most relevant to a user's query. The system can 

retrieve information from multiple sources, combine relevant context, and provide a 

grounded response using a Generative AI model. Source references can be displayed 

with responses to improve transparency and help users verify the information. 

The platform can support different enterprise departments such as Human Resources, 

Finance, IT, Sales, Legal, Operations, and Customer Support. Access-control policies 

can ensure that users retrieve only information they are authorized to access. The 

system can also maintain conversation context, query history, feedback, and retrieval 

performance for continuous improvement. 

Overall, Multi-RAG Enterprise provides a centralized and intelligent approach to 

enterprise knowledge retrieval. It reduces information-search time, improves access to 

organizational knowledge, and supports data-driven decision-making. Future 

enhancements can include agentic retrieval, multimodal RAG, real-time data 

synchronization, advanced query planning, automatic source evaluation, enterprise 

workflow automation, and improved response-quality monitoring. 

I. INTRODUCTION 

Modern enterprises generate and maintain enormous amounts of information through 

business operations. Documents, policies, reports, emails, databases, project records, 
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technical manuals, and knowledge bases are continuously created and updated. 

Although this information is valuable, employees often face difficulties finding the 

exact information they need. 

Traditional enterprise search systems generally depend on keyword matching, 

predefined filters, or manually organized categories. Such approaches may fail when 

users express questions in natural language or when the required information is 

distributed across multiple sources. Employees may need to search several applications 

separately before finding a complete answer. 

Generative AI and Large Language Models have introduced new possibilities for 

enterprise knowledge systems. However, a language model operating without access to 

enterprise-specific information may produce outdated, incomplete, or unsupported 

responses. Retrieval-Augmented Generation addresses this problem by retrieving 

relevant information from trusted data sources and using that context to generate 

responses. 

A single RAG pipeline may not be sufficient for a large enterprise because different 

departments and data sources have different structures, access policies, and retrieval 

requirements. Multi-RAG Enterprise therefore uses multiple specialized retrieval 

pipelines connected through an orchestration layer. The system can route a query to the 

appropriate source, retrieve relevant information, combine evidence, and generate a 

grounded response. 

The objective of the proposed system is to provide a unified enterprise knowledge 

assistant that can understand natural-language queries while respecting organizational 

access controls. It can improve knowledge discovery, reduce repetitive information 

searches, and help employees access relevant organizational information more 

efficiently. The system should also provide source attribution and appropriate 

safeguards for sensitive enterprise information. 

II. LITERATURE SURVEY 

Traditional enterprise search systems use keyword-based information retrieval 

techniques to locate documents and records. These systems are useful when users know 

the exact terms contained in the source material. However, keyword-based approaches 

may struggle with natural-language questions, synonyms, context, and information 

distributed across multiple repositories. 

Semantic search introduced embedding-based techniques that represent documents and 

queries as vectors. Vector databases can then retrieve information based on semantic 

similarity rather than exact keyword matching. This approach improves retrieval for 

natural-language questions but may still face challenges when information exists in 

different formats or when multiple enterprise sources must be combined. 

Retrieval-Augmented Generation has emerged as an approach for combining 

information retrieval with Generative AI. Instead of relying only on information stored 

in a language model, RAG retrieves relevant external context and provides it to the 

model during response generation. This can improve grounding and allow systems to 

work with organization-specific and frequently updated information. 
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Enterprise RAG systems have increasingly incorporated document loaders, chunking 

strategies, embedding models, vector databases, reranking, metadata filtering, and 

access-control mechanisms. These components help improve retrieval quality and 

ensure that relevant information is provided to the generation model. However, 

different enterprise repositories may require different retrieval strategies. 

Multi-RAG and multi-source retrieval architectures extend traditional RAG by using 

multiple knowledge stores or specialized retrieval pipelines. A query-routing or 

orchestration layer can determine which retrievers should be used for a particular 

question. Responses from multiple sources can then be combined and synthesized by a 

Generative AI model. 

Recent intelligent knowledge systems are also exploring agentic RAG, hybrid search, 

knowledge graphs, multimodal retrieval, and automated evaluation. These approaches 

can improve complex enterprise question answering but introduce additional challenges 

related to latency, cost, data security, hallucination, source conflicts, and evaluation. 

The proposed Multi-RAG Enterprise addresses these challenges through specialized 

retrieval pipelines, intelligent routing, source-aware generation, access control, and 

response validation. 

III. SYSTEM ANALYSIS 

The Multi-RAG Enterprise system is designed to provide intelligent access to 

information distributed across multiple enterprise data sources. The system accepts 

natural-language questions through a unified enterprise chat interface. A query-

understanding module analyzes the question to identify its intent, entities, department, 

and required information type. A RAG orchestration layer determines which 

specialized retrieval pipelines should process the query. Document-based RAG 

pipelines retrieve information from enterprise documents, policies, reports, and 

manuals. Structured-data pipelines retrieve information from authorized databases 

using appropriate query mechanisms. Additional connectors can access approved 

knowledge bases, cloud repositories, internal applications, and other enterprise sources. 

Retrieved information is filtered using metadata, relevance scores, and user-access 

permissions. A reranking module can prioritize the most relevant retrieved content 

before generation. The Generative AI engine combines the selected context and 

produces a grounded natural-language response. A validation layer checks source 

availability, response relevance, and potential unsupported claims. Source references 

can be displayed so users can verify the information used to generate the response. 

Finally, user feedback and retrieval-performance metrics can be collected to improve 

the system over time. 

Existing System 

Existing enterprise knowledge systems commonly use separate search interfaces for 

documents, databases, emails, cloud storage, knowledge bases, and departmental 

applications. Employees may need to access multiple systems to find information 

related to a single business question. Traditional keyword search may return large 

numbers of documents without understanding the actual intent of the user. Some 

enterprise systems provide limited semantic search but may focus on a single repository. 

Standard chatbot systems may provide conversational interfaces but can lack access to 
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current internal information. General-purpose Generative AI systems may not have 

access to confidential enterprise data and may generate unsupported responses when 

information is unavailable. Separate departmental systems can also create information 

silos across organizations. Access permissions may be implemented differently across 

different applications. Combining information from multiple sources may therefore 

require manual effort. Existing systems may provide limited source attribution and 

cross-source reasoning. They may also lack centralized monitoring of retrieval quality 

and response accuracy. These limitations create a need for an integrated multi-source 

enterprise RAG platform. 

Disadvantages of Existing System 

• Enterprise information is distributed across multiple applications. 

• Employees may need to search several systems separately. 

• Keyword search may fail to understand user intent. 

• Limited semantic understanding in traditional search. 

• Single-source RAG systems have limited enterprise coverage. 

• General AI systems may lack organization-specific knowledge. 

• Risk of unsupported or hallucinated responses. 

• Difficult cross-source information retrieval. 

• Different systems may have different access-control policies. 

• Limited source attribution and verification. 

• Manual information gathering consumes time. 

• Limited centralized monitoring of retrieval quality. 

Proposed System 

The proposed Multi-RAG Enterprise provides a unified AI-powered knowledge 

platform that connects multiple enterprise information sources through specialized 

retrieval pipelines. The system accepts natural-language questions through a centralized 

conversational interface and analyzes each query to determine its intent and required 

knowledge domains. An intelligent orchestration layer routes the query to one or more 

appropriate RAG pipelines based on the data required. Unstructured document RAG 

retrieves relevant content from policies, manuals, reports, and enterprise documents. 

Structured-data retrieval connects to authorized databases and business systems using 

appropriate query methods. Additional enterprise connectors can retrieve information 

from approved cloud repositories, knowledge bases, and internal applications. 

Retrieved content is filtered according to relevance, metadata, and user authorization. 

A reranking component selects the most useful evidence before passing it to the 

Generative AI engine. The generation module creates a concise response grounded in 

the retrieved enterprise information. Source references are provided to improve 

transparency and verification. A response-validation layer identifies potential 

unsupported responses or insufficient evidence. The system can collect user feedback 

and performance metrics to improve routing and retrieval quality. 

Advantages of Proposed System 

• Provides a unified enterprise knowledge interface. 

• Connects multiple organizational data sources. 

• Supports multiple specialized RAG pipelines. 
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• Provides intelligent query routing. 

• Supports both structured and unstructured data. 

• Improves semantic information retrieval. 

• Reduces time spent searching for information. 

• Provides grounded Generative AI responses. 

• Supports source attribution and verification. 

• Applies user-level access controls. 

• Supports cross-department knowledge discovery. 

• Enables retrieval and response-quality monitoring. 

IV. METHODOLOGY 

The methodology begins when an authorized enterprise user submits a natural-language 

question through the conversational interface. The query-processing module analyzes 

the question and identifies its intent, entities, department, and required information. The 

orchestration layer determines which RAG pipelines and enterprise sources are relevant 

to the query. Unstructured document pipelines preprocess documents through parsing, 

chunking, metadata extraction, and embedding generation. Embeddings are stored in 

appropriate vector databases to support semantic retrieval. Structured-data pipelines 

connect to approved databases and generate suitable queries for retrieving relevant 

records. The retrieval layer collects candidate information from one or more sources 

while applying user permissions and metadata filters. A reranking module evaluates 

retrieved content and prioritizes the most relevant evidence. The selected context is 

passed to the Generative AI model along with instructions to generate a grounded 

response. A response-validation module checks whether the answer is supported by the 

retrieved evidence and whether source references are available. The final response is 

displayed through the enterprise chat interface together with relevant citations or source 

information. User feedback, retrieval metrics, latency, and response-quality 

measurements are collected for system evaluation. Finally, monitoring and continuous 

improvement mechanisms are used to optimize retrieval strategies, routing, and 

response quality. 

SYSTEM ARCHITECTURE 

The Multi-RAG Enterprise architecture consists of multiple interconnected layers that 

enable secure retrieval and generation from distributed enterprise knowledge sources. 

The User Interface Layer provides a unified conversational interface for authorized 

employees. The Authentication and Authorization Layer verifies user identity and 

determines which enterprise information the user can access. The Query Understanding 

Layer analyzes natural-language questions and identifies intent, entities, and required 

knowledge domains. The RAG Orchestration Layer routes each query to one or more 

appropriate retrieval pipelines. The Document RAG Layer processes and retrieves 

information from enterprise documents, policies, manuals, reports, and knowledge 

bases. The Structured Data RAG Layer connects to authorized databases and business 

systems for structured information retrieval. Additional Enterprise Connectors provide 

access to approved cloud repositories, internal applications, and other organizational 

sources. The Retrieval and Reranking Layer combines candidate results, applies 

metadata and permission filters, and selects the most relevant evidence. The Generative 

AI Layer uses the retrieved context to generate a grounded response. The Validation 

https://ijerst.org/index.php/ijerst


Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991 

 

 
 

Vol. 22, No.3, 2026                                   https://ijerst.org/index.php/ijerst                                  1953 

and Citation Layer checks response support, source availability, and potential 

unsupported claims.  

 
 

V. RESULT AND OUTPUT 

 

 
 

VI. CONCLUSION 
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The Multi-RAG Enterprise system provides an intelligent and centralized solution for 

accessing information distributed across different enterprise data sources. By 

combining multiple Retrieval-Augmented Generation pipelines, the system allows 

employees to interact with organizational knowledge through a single natural-language 

interface instead of searching through multiple applications separately. 

The system combines Natural Language Processing, intelligent query routing, semantic 

retrieval, vector databases, structured database retrieval, Generative AI, and response 

validation to produce context-aware and grounded answers. The orchestration layer 

identifies the appropriate knowledge sources, retrieves relevant information, and 

provides the selected context to the Generative AI model for response generation. 

One of the major advantages of the system is its ability to work with different types of 

enterprise information, including documents, databases, knowledge bases, cloud 

repositories, and internal applications. Source references and response-validation 

mechanisms improve transparency and allow users to verify the information used to 

generate an answer. 

Overall, Multi-RAG Enterprise can reduce information-search time, improve enterprise 

knowledge accessibility, and support more efficient decision-making. It provides a 

scalable foundation for departments such as HR, Finance, IT, Sales, Legal, and 

Operations while maintaining appropriate access-control mechanisms. 

Future enhancements can include agentic RAG, multimodal document retrieval, real-

time data synchronization, knowledge-graph integration, advanced query planning, 

automated source-quality evaluation, multilingual support, and enterprise workflow 

automation. Strong authentication, authorization, data isolation, privacy controls, 

monitoring, and human oversight should remain core requirements for secure and 

reliable enterprise deployment. 
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