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 Abstract 

Retrieval-Augmented Generation (RAG) has recently emerged as a highly effective method to improve Large Language Models’ (LLM) performance by allowing them to retrieve relevant information from external knowledge sources before generating the answer. In the enterprise setting, such a functionality allows employees to search for information in the large collection of organizational documents much faster. Knowledge discovery and taking informed decisions are thus significantly facilitated. As of today, however, most existing enterprise RAG systems are optimized for the quality of retrieval and for the generated answers, but offer little to no transparency about the generated answers. Users cannot be told which evidence supports individual claims in the generated answer, or how reliable the generated answer is. Such lack of transparency severely hurts users’ trust, particularly in the enterprise settings, where decisions are taken based on accurate, explainable, and verifiable information.

In order to improve the transparency of enterprise knowledge retrieval, the unified framework of Trustworthy Explainable Enterprise Retrieval-Augmented Generation (TEERAG) is proposed in this thesis. TEERAG integrates citation attribution and confidence scoring into a single pipeline for enterprise RAG. Therefore, fine-grained links between generated claims and evidence are established, so that users can trace information in generated answers back to the corresponding enterprise documents. In addition, confidence scores are estimated for individual claims and the generated answer as a whole. Therefore, explainability, evidence traceability, citation attribution, and confidence estimation are incorporated into the framework of TEERAG.

The framework, therefore, was evaluated using the EnterpriseRAG-Bench benchmark and, compared against RAG baselines (including single and multi-document RAG variants). Evaluation was extended from answer quality measures, to assessment of explainability, evidence traceability, citation attribution, and a measure of confidence in answers generated. As such, TEERAG supports users to understand not only what answer has been generated for a query, but also why a generated answer was produced, where evidence for a generated answer was retrieved from, and how much confidence a system has placed in a generated answer.

This research therefore contributes to the design of transparent and trustworthy enterprise RAG systems. It also provides a practical guide to building explainable knowledge retrieval solutions for high stakes decision-making in enterprises.
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Chapter 1 Introduction 
[bookmark: _Toc235963845][bookmark: _Toc235963875]1.1 Overview
Advances in artificial intelligence (AI) have provided significant opportunities to process, organize and use information in novel ways. In particular, large language models (LLMs) represent one of the most promising directions in modern AI, with a number of successful use cases already demonstrated. Due to their high performance and versatility, LLMs are now used and further developed in a variety of fields ranging from question-answering, document understanding, and information retrieval to chatbots. In particular, organizations increasingly use LLMs to discover and exploit knowledge to enhance organizational decision-making.
However, current LLMs are unsatisfactory in two aspects. First, because of the static training data, they cannot provide up-to-date information, limiting their applicability in practice. Second, current LLMs are not able to explain the information they return, curtailing their application in knowledge-intensive domains that require justification of information with evidence from trusted sources.
A promising approach to address the first limitation, namely, to enable up-to-date information, is retrieval-augmented generation (RAG). In general, RAG approaches overcome the challenge of providing recent information by retrieving the most relevant information from existing knowledge bases. This is achieved by first retrieving the relevant documents given a natural language query and then generating a natural language answer based on the retrieved documents. RAG approaches are especially appealing in enterprises where a wealth of technical documents is available. These approaches can be leveraged to empower enterprise employees by helping them find the information they need.
In enterprise settings, knowledge can be found in a variety of sources, from technical documents and databases to company intranets and enterprise applications. As such, when a user queries an enterprise RAG system, they are interested not only in accurate answers derived from this information but also in the sources from which the answer was obtained. More importantly, they need insight into how the retrieved evidence supports the generated answer, allowing them to better assess the reliability of the system's responses.
However, enterprise users of RAG approaches likely need support in two aspects. First, they might want to assess the information returned by these approaches by consulting the evidence retrieved from the documents. Second, it might be desirable to highlight the degree to which the answer is supported by the retrieved information to differentiate between confident, uncertain, and wrong answers.
A number of prior works have made significant progress in advancing enterprise RAG approaches. In particular, prior works improved the retrieval and generation steps, which are key components of enterprise RAG approaches. However, these approaches do not address the need for citations, evidence, and confidence scoring for the information they return. While a few works attempt to address the citation problem, the prior approaches allow only coarse-grained citations, typically at the level of a document, but not specific passages. Moreover, most approaches do not adequately address the need for confidence scoring, providing at best general confidence scores across all retrieved documents.
This thesis introduces an Explainable Enterprise RAG, which enables fine-grained citations and confidence scoring mechanisms for enterprise RAG approaches. Unlike prior approaches that address the citation and confidence problems separately, this work provides an end-to-end approach to enabling citations, evidence, and confidence scoring mechanisms for enterprise RAG. This thesis evaluates the proposed approach on the EnterpriseRAG-Bench benchmark. 
the main goal of this research is to enhance enterprise RAG approaches by enabling citations and confidence scoring mechanisms that allow enterprise users to consult relevant evidence and assess the degree to which the answer is supported by the retrieved information. In particular, this work enables users to evaluate the quality of information provided by enterprise RAG approaches.


[bookmark: _Toc235963846][bookmark: _Toc235963876]1.2 Problem Definition 
While (RAG) has significantly improved the factual grounding of large language models by incorporating external knowledge into the response generation process, retrieving relevant documents alone does not guarantee transparency of the generated output. In many existing RAG systems, users receive a generated response together with supporting documents. However, these documents rarely establish explicit links between individual claims in the generated response and the specific evidence that supports them. Consequently, users are not easily able to distinguish between information that was explicitly stated in the retrieved sources and that which was inferred by the language model, without adequate evidence.
This limitation is especially significant in enterprise settings, where language models are used to support technical, operational, and business-critical decisions. In these use cases, accuracy is important, but organizations are likely to want to go beyond accuracy and require contextual grounding of the responses, including an ability to distinguish between conflicting evidence, identify irreconcilable differences between sources, and understand which claims have been supported by evidence retrieved from the relevant databases.
Previous studies have attempted to improve different aspects of RAG transparency. These efforts can generally be grouped into three research directions: explainability, citation attribution, and confidence estimation. Although each of these directions has contributed to improving the trustworthiness of RAG systems, they have largely been investigated independently. Existing approaches rarely provide an integrated framework that simultaneously explains the reasoning process, establishes fine-grained links between generated claims and supporting evidence, and communicates meaningful confidence scores to end users.
Therefore, an important research gap remains in the development of enterprise RAG systems. There is still a need for a unified framework capable of integrating explainability, citation attribution, and confidence scoring into a single retrieval and generation pipeline. Such a framework should not only generate accurate responses but also enable users to understand why a particular answer was generated, where the supporting evidence originated, and how much confidence can reasonably be placed in each generated claim.
Accordingly, this thesis addresses the following research question: How can citation attribution and confidence scoring be integrated into an explainable enterprise Retrieval-Augmented Generation framework to enhance the transparency and trustworthiness of generated responses, as evaluated using EnterpriseRAG-Bench?
Rather than evaluating the proposed framework solely in terms of answer accuracy, this research also investigates whether generated claims can be traced to supporting evidence, whether the relationship between retrieved documents and generated responses is made explicit, and whether confidence scores help users assess the reliability of individual claims and complete responses.

[bookmark: _Toc235963847][bookmark: _Toc235963877]1.3 Thesis Objectives 
The overall objective of this thesis is to develop an Explainable Enterprise Retrieval-Augmented Generation (RAG) framework that integrates Citation Attribution and Confidence Scoring to improve the transparency and trustworthiness of enterprise knowledge retrieval.
The specific objectives of this research are:
· To design an enterprise RAG framework that integrates explainability, citation attribution, and confidence scoring.
· To develop an explanation mechanism that clearly demonstrates how retrieved evidence supports the generated response.
· To develop a citation attribution mechanism that enables generated information to be traced back to the original supporting evidence.
· To develop a confidence scoring mechanism that enables the RAG system to communicate the confidence associated with each generated response.
· To investigate how explainability, citation attribution, and confidence scoring can be effectively integrated to improve the transparency of enterprise RAG systems.
· To evaluate the proposed framework using the EnterpriseRAG-Bench benchmark.
· To compare the proposed framework with relevant RAG baselines using evaluation metrics related to answer quality, explainability, citation attribution, and confidence scoring.
These objectives reflect the broader aim of this research to move beyond evaluating RAG systems solely in terms of answer accuracy. Instead, this research investigates whether users can understand how generated responses are supported by retrieved evidence, whether the relationship between evidence and generated claims is made explicit through citation attribution, and whether confidence scores provide meaningful insights into the reliability of the generated responses.
[bookmark: _Toc235963848][bookmark: _Toc235963878]1.4 Thesis Contribution 
This thesis makes three primary contributions to the field of enterprise Retrieval-Augmented Generation (RAG).
First, it proposes a unified framework for explainable enterprise RAG that integrates explainability, citation attribution, and confidence scoring within a single architecture. Unlike prior approaches that investigate these capabilities independently, the proposed framework establishes explicit connections between retrieved evidence, generated responses, citation attribution, and confidence scores, thereby improving the transparency and traceability of generated information. 
Second, a comprehensive empirical evaluation of the proposed framework is conducted using the EnterpriseRAG-Bench benchmark. Beyond measuring answer accuracy, the evaluation examines multiple dimensions of system performance, including explainability, citation attribution, and confidence estimation, providing a balanced assessment of the framework's strengths and limitations.
Finally, this research provides practical guidance for designing reliable enterprise RAG systems. The findings offer both theoretical insights and empirical evidence to support the development of enterprise RAG systems capable of generating trustworthy responses supported by traceable evidence and meaningful confidence scores.
[bookmark: _Toc235963849][bookmark: _Toc235963879]1.5 Thesis Organization 
The chapters of this thesis follow the progression of the research, beginning with the theoretical foundations, followed by the proposed Explainable Enterprise RAG framework and its experimental evaluation, and concluding with the main findings and future research directions.
Chapter 2 presents the theoretical background and reviews the related work on Retrieval-Augmented Generation (RAG), enterprise knowledge retrieval, explainability, citation attribution, and confidence estimation. It also identifies the research gaps that motivate the proposed Explainable Enterprise RAG framework.
Chapter 3 introduces the proposed Explainable Enterprise RAG framework and the EnterpriseRAG-Bench benchmark. It describes the system architecture, implementation details, and the evaluation methodology adopted in this research.
Chapter 4 presents and discusses the experimental results. The proposed framework is evaluated using the selected performance metrics, and its performance is compared with relevant RAG baselines.
Finally, Chapter 5 summarizes the main findings of the research, discusses its contributions and limitations, and outlines directions for future research.
 
 
[bookmark: _Toc235963690][bookmark: _Toc235963850][bookmark: _Toc235963880]Chapter 2 Background and Related Work 
[bookmark: _Toc235963851][bookmark: _Toc235963881]2.1 Background
Artificial Intelligence (AI) has come a long way in a short period of time, and the area of information acquisition, processing, and utilization in particular. In particular, there is one class of AI models called Large Language Models (LLMs) that has seen considerable attention recently. LLMs are language models that perform a variety of natural language processing (NLP) tasks such as document summarization, question answering, and text generation. These models have proven to be exceptionally effective at learning and generalizing knowledge from the training data. Nevertheless, there is no perfect model, and LLMs are not an exception, as these models learn the knowledge from the training data, and therefore their responses can reflect only the information present in the training data at the time of training. In addition, responses may be generated based on incorrect information learned during training. One of the most promising directions in overcoming the described shortcomings is the Retrieval-Augmented Generation (RAG).
RAG builds upon the LLMs by allowing them to retrieve information relevant to the question from an external source of knowledge, thus enabling them to base their responses on the latest information. In particular, RAG works by finding the most relevant documents in a knowledge base to use as context for answering questions using language models. The underlying language model itself is not altered. As a result, it becomes possible to respond to requests based on the most relevant information. It is especially useful for enterprises since more and more often there is a need to find information in various types of contracts, technical specifications, policies and procedures, regulatory documents, audit reports, and other sources of information. The enterprise user no longer needs to scan hundreds or even thousands of documents for information. Instead, the enterprise RAG will find the most relevant ones and present their information in the answer.
However, the effectiveness of the enterprise RAG systems critically depends on how relevant the documents retrieved from the knowledge base are to the query. Therefore, it is necessary to pay special attention to choosing the right method for finding the required documents. One of the most promising directions in this area is semantic similarity search. Unlike traditional search approaches based on keywords matching, semantic search focuses on understanding the relationships between terms and ideas and representing the meaning of the query and documents in the form of high-level vectors. Simply put, two documents that are similar in meaning but are phrased differently will be interpreted as similar texts by the semantic search. Vector databases now allow for efficient storage and querying of such text representations.
[bookmark: _Toc235964072]Figure 1: Overview of the Retrieval-Augmented Generation (RAG) workflow for enterprise knowledge retrieval.

However, there are still some problems with the use of enterprise RAG systems. The reason for this is that although such models can provide answers based on the most relevant information, this information may not always be accurate. Moreover, the user has no way of knowing where exactly the information came from. In other words, an enterprise user cannot always trust the information provided by enterprise RAG systems. This is especially true if the decisions to be made by the enterprise user are critical and based on the information found by RAG. At the same time, it is known that the key to trust and effective use of RAG technology in enterprises is explainability. By analyzing the current state of the art in this area, recent studies have proposed several techniques to improve the interpretability of RAG systems, including evidence attribution, citations, and confidence scoring. The implementation of explainability in enterprise RAG systems allows users to critically assess the accuracy of the information provided and thus have greater trust in enterprise RAG systems.
Having identified the key concepts of LLMs, RAG, enterprise information retrieval, semantic similarity search, and explainability, we take a closer look at the studies done so far in these areas. The purpose of this research is to identify gaps in the current findings on enterprise information retrieval using advanced language models and set the direction for developing an Explainable Enterprise RAG.

[bookmark: _Toc235963852][bookmark: _Toc235963882]2.2 Related Work
Building on the ideas introduced in the section the research in the literature shows a clear movement from improving the accuracy of Retrieval-Augmented Generation toward making its outputs easy to trace aware of confidence and ready for use in companies. The studies that are discussed below are arranged as a research story than as separate technical papers. Each study is looked at through the problem it tries to solve the method it uses and the proof it shows for its results. This development shows that fixing the retrieval using thinking giving credit to sources estimating confidence and evaluating for companies have all made big progress but they have mostly grown as different areas of research rather than as parts of a single trustworthy system.

Lewis et al. Created the RAG system to solve the problem that traditional language models can’t access, update and show where information comes from. Their approach combined a sequence-to-sequence generator with a neural retriever connected to a non-parametric Wikipedia index and tested both sequence-level and token-level conditioning methods. On tasks that need a lot of knowledge the model did the best on three open-domain question-answering datasets. Created more specific, varied and factual text than a model that only used parameters. On Natural Questions RAG-Sequence had an exact-match score of 44.5 which was much better than a sized T5 model. However the system didn’t explain how each retrieved document affected the answer or show how confident it was.

The early RAG systems depended a lot on how good the retrieval was, which led to the development of Corrective Retrieval-Augmented Generation (CRAG). This system deals with the risk that wrong information might cause the generation to be wrong. CRAG adds a retrieval evaluator that checks if the information it finds is correct, wrong or unclear and then chooses the right action to fix it. When the information is weak the system uses web search to get more. It also uses a process to break down the information and put it back together to get knowledge and remove anything not needed. Experiments on four short and long form generation datasets showed that CRAG did better than the RAG models showing that checking the retrieval and fixing it helps reduce wrong information and makes answers better.. Crags confidence signal tells the system what to do during retrieval not what to tell users about how sure it is or how much each document influenced the answer.

An open-source version of CRAG looked into whether these benefits could be kept without using search services or closed models. The study used the Wikipedia API of Google Search and replaced the original generator with Phi-3-mini-4k-instruct then tested the system on PopQA and ARC-Challenge. The open-source version had performance to the original showing that corrective retrieval can be done with available tools. Importantly SHAP analysis of the T5 retrieval evaluator showed that its decisions were mainly based on matching names and places rather than deeper understanding. This result showed a problem when moving to areas especially for scientific questions and showed that a retrieval evaluator might look good but rely on shallow clues that make it hard to understand and less strong.

While CRAG makes the information it finds better Retrieval-And-Structuring (RAS) deals with the problem of thinking about information that isn’t organized. RAS plans questions gets supporting text takes out facts and puts them into a knowledge graph that changes as the model needs more. The final answer is made from this organized graph of from a group of text. Across seven tests that needed a lot of knowledge RAS improved results by up to 8.7 percent with the models and 7.0 percent with open-source models. These results show that organizing the information better can help with thinking and make the process stronger. Still RAS mainly helps with how accurate the thinking's it does not give credit for each claim show how confident it is or explain how the graph helps the answer.

A study about RAG in languages looked at how the language used in retrieval affects how well it works and how consistent it is. It compared ways of doing RAG, such as translating everything doing retrieval in different languages and CrossRAG which gets documents in many languages and translates them into one before generating the answer. The experiments show that translating the question can make the information less complete while doing retrieval in different languages can cause problems between languages. CrossRAG had the overall performance in both languages with lots of data and those with less data by making the information it finds more similar before using it. The results show that matching the language is important for making RAG more reliable.. The method focuses on how well the retrieval and generation work and does not say which sources were most important or how translation problems affect confidence.

ScholarCopilot takes the discussion from questions to academic writing, where not having real sources or making up sources is a big problem. Its system adds generation and finding sources by training the model to use a token when it needs evidence for writing. Built on Qwen-2.5-7B and trained with 500,000 papers from arXiv the system works on writing and finding sources at the same time not as a separate step. It got 40.1 percent for finding the source compared to 15.0 percent for E5-Mistral and 9.8 percent for BM25 and got 16.2 out of 25 for the quality of writing. People who checked it liked the sources. The study was only for some parts of computer science and didn’t help much with new ideas.

Research on where the information comes from deals with how the sources affect the answers. The Shapley-based study uses the sources as people in a game and measures how each one affects the answer. It compares Shapley values with easier ways to calculate them when the information is tricky like when there are many copies or when sources help each other. The study shows that good ways to find the sources can find the ones that matter and help fix problems but checking the models over and over costs a lot of money and time. Easier ways help with the costs. How well they work depends on how the sources work together. So the study gives a base for showing where the information comes from but also shows that finding a way that works well for big companies with lots of sources and time limits is still hard.

A related paper, Towards RAG looks at how information affects answers using things like user-based embeddings making the process better and shortening the information. The system changes how it finds information to fit what the user wants makes the model rely on information it can trace and shortens the information so the important parts get more attention. It tests this on Natural Questions, TriviaQA. Eli5 using regular tests and other ways to see how well the information is connected. The results show a 23% match on ELI5 a score of 0.82 for how well the sources are connected compared to 0.58 for the old way and only small changes in other tests. Even though it looks good the work hasn’t been checked by others and the ways to see how the information is connected and the ideas about personalizing the system need to be checked before they are accepted as real.

RAGBench tries to solve a problem: no standard, detailed tests to see how well RAG systems work. It adds about 100,000 examples from five areas that companies use and creates the TRACe framework, which looks at how the system uses the information how relevant it is, how much it follows the answer and how complete it is. The test separates how good the retrieval is and how good the generation is of just looking at the overall result. Comparing the results shows that a smaller model can do better or match a bigger model on many tasks. The study shows that checking in detail helps. But TRACe mainly checks if the answer is supported and complete; it doesn’t show how the sources helped or add steps to fix problems during the process.

RAGXplain builds on this check by looking at the gap between the numbers and real changes in the system. Its Metric Diamond connects the question the information it finds the answer it gives and what is known through six ways to see how they are related. An LLM-based part turns these checks into explanations and suggestions for fixing problems like changing how the information is split found, ranked or used. On five question-answering tests one time a person followed RAGXplain’s suggestions improved parts of the system. The results show that checking can be useful not for seeing what went wrong.. The system is still mostly for checking after something happens not for explaining showing confidence or checking the information while it is being used.

The LLM-Confidence Reranker adds confidence early in the process by fixing the order of the information without needing training. It guesses how sure the model is by using the similar groups of words and then uses this to sort the information. Testing on BEIR and TREC with BM25 and Contriever shows that it improves how well the information is ranked by up to 20.6 percent using models that're 7 to 9 billion parameters and without any problems. Checking also shows that the more confident the model is, the more relevant the information is. Even though this helps with finding information the confidence score is used for sorting and not as a way to know for sure if the answer is correct, complete or supported.

Privacy-Aware Distributed RAG with Confidence-Aware Retrieval Routing (CARD) deals with situations where companies have information spread out and can’t bring it all together. CARD calculates a score for how sure it's about the information it has sends only the parts that are not too sensitive to certain places knows what each place is good at and checks that the answers from different places match. In four tests the system cut the cost of sending information by 62 percent compared to sending it everywhere while keeping the results within 4.4 percent of the best possible. These results show a balance between privacy finding information and how fast it works.. Card’s confidence is mostly for sending information and the system doesn’t show where each part of the answer comes from or explain how different information, from different places made the final answer.

Enterprise RAG Bench then focuses on the absence of real-world testing areas for company knowledge. The benchmark includes around 500,000 made-up but documents from nine company types like Slack, Gmail, Google Drive, GitHub, Jira, Confluence, Linear, HubSpot and Fireflies. It also has 500 questions across ten retrieval and thinking categories. The setup includes noise like wrong files, similar copies, conflicting statements, limited retrieval and situations where the needed info is missing. Of offering a generation method the research gives a repeatable set of data, testing tools and a ranking system for checking enterprise RAG behavior. The main finding is methodological: it shows issues that public web tests miss but does not solve clarity, confidence adjustment or how to handle evidence.

ADORE moves from company testing to large-scale research aiming to fix made-up content, weak tracking and incomplete evidence in one-step RAG. A main coordinator manages agents for planning, finding, thinking and making sense of things. A structured Memory Bank keeps evidence in a Claim–Evidence Graph with rules for each section. The system checks evidence coverage again and again starts searches where needed and stops when the required parts are well supported. ADORE came first on DeepResearchBench with a score of 52.65. Won 77.2% of head-to-head preferences on DeepConsult. These results show that repeated memory-based making sense works for company research but the system does not fully include confidence levels or how much each source influenced the answer.

The agent-based RAG system for self-driving robots shows how clear explanations can be based on changing data from operations. It uses streaming events searching with vectors and special language agents to turn amounts of robot logs into natural language explanations that make sense in context. By keeping explanation creation separate from the robots work the system allows for large-scale thinking while still having access to real-time evidence that can be checked. Tests in navigation situations showed context recall over 85% accuracy over 78% similarity to 96% and correctness between 97.5% and 100%. Human-focused measures like clarity how much information is. Flow all scored more than 4.0 on a five-point scale. The results confirm the value of using agents in RAG for explanations but the special system does not offer a general way to handle confidence and source influence in companies.

Together the research shows a clear development: basic RAG brings in outside evidence; CRAG and confidence re-ranking make searching more reliable; RAS and ADORE help with repeated thinking; CrossRAG expands searching to more languages; methods for giving credit show where the info came from; and RAGBench, RAGXplain and EnterpriseRAG-Bench make testing and checking better. Still these abilities are not together. Most systems do not mix fixing searches giving credit for each claim setting confidence levels handling conflicts explaining during thinking and testing in company situations in one system. This missing link pushes, for the Trustworthy Explainable Enterprise RAG (TEERAG) system, which will link every answer to company evidence show confidence show how searching and thinking happened and check the whole process using EnterpriseRAG-Bench.
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