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Abstract: This study examines the application of Retrieval-Augmented Generation (RAG) technology to 

handle large volumes of textual data. It focuses on its ability to enhance analytical methods and generate 

information where traditional approaches lack efficiency. The interaction between retrieval mechanisms and 

generative models is explored, highlighting their potential in solving text-processing tasks. 

The study describes the capabilities of this technology, including the use of external sources for 

information retrieval, enabling the generation of high-quality responses. Particular attention is given to 

integrating specialized knowledge bases and repositories operating on deep learning technologies. 

This article provides information for professionals developing solutions in artificial intelligence and text 

data processing. It is also valuable for specialists creating applied tools for working with large data sets. This 

technology presents promising opportunities in medical practice, the legal industry, scientific research, and 

commercial analytics. 

The conclusion emphasizes that combining retrieval mechanisms with generative methods introduces 

new approaches to working with textual data, facilitating more efficient information processing. 

Keywords: Retrieval-Augmented Generation, big data processing, generative models, machine learning, 

natural language processing, information retrieval, and scientific analysis. 

 

Introduction 
Retrieval-augmented generation (RAG) is a promising technology. This approach combines search 

algorithms with language model enhancements by integrating external data sources. It allows models to retrieve 

information from relevant and specialized datasets before text generation, improving the accuracy and relevance 

of responses. 

The McKinsey report [7] highlights RAG's role in generating high-quality data. This is beneficial for 

integrating generative models into workflows that require processing large-scale data sets, such as corporate 

archives or analytical reports. 

The RAG approach is also discussed in the context of technological strategies in McKinsey [8], which 

emphasizes the practical aspects of integrating RAG with APIs and external databases, enabling models to 

effectively provide precise and contextually relevant responses. 

PwC [9] presents an implementation of a question-answering system based on RAG, combining 

information retrieval methods with generative models for processing large volumes of data, which is particularly 

useful for automating question-answering tasks in business environments. 

Scientific studies examining this technology analyze its practical application in resource-constrained 

scenarios requiring high system performance. The described approach explores ways to merge data from various 

sources, allowing comparisons with traditional text-processing methodologies. 

Jiang Z. et al. [1] describe modern data processing methods. They introduce the Active Retrieval-

Augmented Generation method, designed to adjust models adaptively during information processing. This 

approach enables the model to predict which fragments will be most helpful for response generation. 

To eliminate inaccuracies in the initial data, the Corrective Retrieval-Augmented Generation method, 

proposed by Yan S. Q. et al. [2], minimizes the influence of unreliable information by correcting content at the 

processing stage. Implementing this method enhances the reliability of solutions in tasks where data accuracy is 

critical. 

The study by Hostnik M. Robnik-Šikonja M. [3] describes data processing techniques. It presents an 

analysis of the Dynamic Retrieval-Augmented Generation method, which allows the adaptation of processed 

context volume based on task requirements. This approach optimizes resource usage while ensuring result 

accuracy. 

The study by Gao Y. et al. [4] examines various aspects of Retrieval-Augmented Generation technology. 

It describes the use of external databases to enhance query processing accuracy. The research highlights the 

importance of optimizing computational resources when applying pre-trained models, making them more 

practical for various tasks. 
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Wu S. et al.'s study [6] focuses on the training process of models for text analysis and processing tasks. 

The authors propose data selection strategies that allow models to be adapted to specific domains, improving 

their efficiency in tasks requiring specialized knowledge. 

The work by Salemi A., Zamani H. [5] introduces metrics for assessing the reliability and accuracy of 

retrieved information. These approaches enhance model performance, increasing system resilience when 

processing data that contains inaccuracies or noise. 

The practical significance lies in improving tools for data analysis and generation. 

The study aims to explore Retrieval-Augmented Generation for handling large datasets, identifying its 

capabilities, and determining potential directions for further development. 

This work's scientific novelty lies in its modern approach, which combines mechanisms for retrieving 

relevant information with text generation using deep learning models. 

The hypothesis suggests that Retrieval-Augmented Generation significantly improves responses' 

relevance and contextual accuracy when processing large datasets, even when working with high-dimensional 

and heterogeneous data sets. 

The methodology is based on a comparative analysis of publicly available scientific studies and industry 

reports from PwC and McKinsey. 

 

Research Results 
Retrieval-augmented generation (RAG) is a natural language processing approach that combines 

traditional text generation models with external search and information retrieval mechanisms. This approach's 

fundamental idea is that it should not rely solely on ―learned‖ information but instead leverage external 

knowledge bases or documents to fill gaps and validate its assumptions. 

The classical pipeline approach assumes that relevant documents are first retrieved based on a given 

query, and then a generative model uses these documents to formulate a response. However, more integrated 

methods are also possible, where the model iteratively interacts with the retrieval module, continuously refining 

the results. 

Another crucial aspect of RAG concerns the quality and reliability of external sources. Determining 

which documents or databases to use and how to assess their trustworthiness and relevance is key to generating 

accurate responses. Information can be selected and weighted using various methods, including ranking based 

on probabilistic models or applying specialized trust metrics. This approach is utilized for text analysis, the 

development of automated question-answering systems, and decision-making algorithms [1, 5, 6]. Retrieval-

augmented generation operates in two phases, as illustrated in Figure 1. 
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Figure 1. Phases of operation of Retrieval-Augmented Generation [1, 5, 6] 

 

Retrieval-Augmented Generation-based systems retrieve information relevant to current queries. This 

enables processing materials that reflect the latest developments, which is particularly important for dynamically 

evolving domains. 

Flexible adaptation to tasks. Models utilizing this approach generate texts that are precisely aligned with 

the query, eliminating irrelevant information and increasing the accuracy of conclusions. 

Efficient resource utilization. Data processing in Retrieval-Augmented Generation leverages external 

sources, reducing the memory required for information storage. This simplifies model deployment in 

environments with limited computational resources. 

Application in critical domains. This technology ensures stable results, making it suitable for tasks 

requiring high accuracy, such as medicine or legal expertise. 

However, Retrieval-Augmented Generation possesses unique capabilities, including real-time data 

processing and in-depth analysis of query context [2, 4, 5]. As illustrated in Figure 2, implementing such 

systems involves technical aspects. 
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Figure 2. Technical aspects of Retrieval-Augmented Generation [2, 4, 5] 

 

One challenge is extracting relevant information. Processing errors degrade the final results. 

Heterogeneous databases containing large amounts of non-specialized information require methods to eliminate 

extraneous elements. The lack of precise filtering reduces the validity of the generated material. 

Processing sources of different natures require integrating textual data, graphical materials, and visual 

information. Analytical algorithms must account for the specifics of each data type and ensure their inclusion in 

the overall structure. 

Handling large datasets requires well-thought-out approaches. When algorithm optimization is 

insufficient, data indexing slows down, reducing performance. Technologies based on vector representations 

need to be fine-tuned according to the specifics of each task. 

Databases must be regularly updated to maintain relevance. In fields where information changes rapidly, 

the absence of mechanisms for incorporating new data leads to using outdated material, which negatively affects 

processing outcomes. 

One of RAG's advantages in data processing is its ability to manage context and scale information access. 

Instead of loading the entire dataset into the model, which requires computational resources, RAG utilizes 

retrieval to extract only the most relevant fragments. This speeds up processing and reduces the likelihood of 

model hallucinations—an occurrence where generated content appears inconsistent or incorrect relative to the 

original data—since the generative component relies on verified sources. 

Another key feature of RAG is its ability to integrate with various sources, including document 

repositories, vector databases, and APIs. This adaptability allows the model to be tailored to specific tasks, such 

as the automated analysis of legal documents, the processing of medical research, or customer support in large 

corporations. Due to this modularity, RAG serves as a tool for intelligent search and subsequent analytical 

reporting based on extensive and complex datasets. 

The method is used to solve various tasks. One application is developing question-answering solutions 

that require substantiated conclusions. This approach is widely used in the medical field and educational 

initiatives [1, 3, 4, 6]. Table 1 outlines the specific features of Retrieval-Augmented Generation in large-scale 

data processing. 

 

Table 1. Features inherent in the use of Retrieval-Augmented Generation in the processing of data arrays 

(compiled by the author). 

Section Description Advantages Limitations Use Cases Recommendations 

1. Data 

Relevance 

Utilizes 

external 

sources to 

retrieve real-

time 

information. 

Enables 

processing of 

continuously 

updated 

datasets. 

Limited by the 

availability of 

sources at the 

time of 

request. 

Collecting data 

from news 

aggregators or 

specialized 

databases. 

Use verified 

databases to improve 

result quality. 
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2. Scalability RAG can 

integrate with 

large-scale 

data storage 

systems such 

as Hadoop or 

BigQuery. 

Easily scalable 

for processing 

massive 

datasets. 

High 

computational 

costs when 

integrating 

with large 

systems. 

Analyzing 

extensive log 

data, user 

interactions, or 

financial reports. 

Select storage 

platforms with 

optimal integration 

parameters. 

3. Query 

Personalizatio

n 

Generates 

content based 

on user 

queries, 

incorporating 

retrieved data. 

Enhances 

relevance and 

accuracy of 

responses. 

Requires 

careful model 

tuning to 

account for 

individual 

preferences. 

Chatbots 

providing 

personalized 

recommendation

s (e.g., in 

healthcare or 

education). 

Regularly update user 

profiles to improve 

accuracy. 

4. Processing 

Unstructured 

Data 

Extracts 

information 

from texts, 

images, audio, 

and other 

unstructured 

data formats. 

Expands data 

processing 

capabilities 

beyond 

traditional 

tabular 

structures. 

Limited by the 

quality of 

preprocessing 

methods. 

Extracting 

insights from 

texts, PDF 

archives, and 

recorded 

conversations. 

Use advanced 

preprocessing models 

such as OCR for 

images or ASR for 

audio. 

5. 

Interpretabilit

y of Results 

Ensures 

transparency 

in how 

information is 

retrieved and 

used for 

response 

generation. 

Simplifies 

result 

explanations 

for users, 

increasing 

system trust. 

Complex 

models may 

present 

challenges in 

interpretability

. 

Generating 

reports that 

explain data 

analysis 

processes and 

sources. 

Document retrieval 

processes and provide 

references to data 

sources for maximum 

transparency. 

 
The Retrieval-Augmented Generation approach facilitates data adaptation for specialized tasks by 

enabling the integration of external sources. However, full implementation requires overcoming technical 

barriers, refining data processing methodologies, and improving result accuracy. Stable system functionality 

depends on organizing access to structured sources with minimal latency to maintain query processing precision. 

Before implementing the technology, a navigation system that ensures convenient information access 

must be developed. Indexing accelerates search operations while minimizing computational load. Search 

engines such as Elasticsearch, Apache Solr, and Vespa support query processing algorithms. Fragmenting input 

data enhances result accuracy by eliminating irrelevant matches. 

Template-based query structures guide search operations in a defined direction, improving result 

precision. The computational system incorporates parallel processing mechanisms to ensure high performance. 

Vector representation requires precise parameter tuning, as search accuracy depends on the choice of these 

parameters. The information storage structure employs indexing techniques such as HNSW and IVF. 

Optimizing these methods reduces system load and increases processing speed. 

Automated analysis helps identify errors, adapt the system to new queries, and refine search mechanisms. 

Advancing model capabilities broadens its application range, opening opportunities for analytical tasks, 

automated services, and intelligent technologies. 

 

Conclusion 
The study examined the application of Retrieval-Augmented Generation (RAG) technology for 

processing large volumes of data. This method, which combines search and generation capabilities, has 

demonstrated its effectiveness in handling unstructured and semi-structured data. Experiments showed that 

integrating external information sources into the generation process significantly improves the accuracy and 

relevance of models when dealing with large datasets. 
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One of the key findings is that RAG serves as a tool for integrating search systems with generative 

models, enhancing both text analysis and generation quality. A comparison with other approaches revealed that 

RAG accelerates query processing and improves response accuracy, which is particularly important for 

applications operating with dynamic and diverse data. 

The analysis identified several areas for further research, including optimizing search and generation 

processes and developing hybrid models capable of accounting for a broader data context. Refining model 

training methods to enable more efficient utilization of external knowledge repositories is a crucial direction for 

improvement. 

The application of RAG is relevant across various domains, including information retrieval, intelligent 

conversational systems, and the enhancement of analytical platforms. The findings may be useful for data 

processing specialists and developers implementing these technologies in practice. 
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