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Chapter 2 Background and Related Work 
Related Work
The work on Retrieval-Augmented Generation (RAG) by Lewis and co-workers revolutionized the field of knowledge-intensive natural language processing, by enabling large language models with strong parametric knowledge to be combined with externally retrieved evidence to support generation. This paradigm has the potential to greatly reduce the amount of hallucination in generated text, while simultaneously greatly increasing the factual accuracy of generated text. Since the initial introduction of RAG, there has been considerable work that has progressed from optimizing individual components of the pipeline to optimizing the end-to-end objective of enhancing trustworthiness.
The first line of research therefore focused on improving the retrieval quality for the individual components. Corrective Retrieval-Augmented Generation (CRAG) for example enables a Lightweight retrieval evaluator to estimate the quality of the retrieved documents in a pre-generation stage. Depending on the estimated confidence score of the evaluator either the already retrieved evidence can be accepted for generation or corrective web retrieval or even the refined retrieved content can be used for generation by a decompose–recompose strategy. Empirical evaluations on a variety of question-answering benchmarks showed a significant increase in answer accuracy and a reduction in hallucinations. Building on this idea Retrieval-And-Structuring (RAS) enables knowledge organization for Retrieval-Augmented Generation. In contrast to passing raw retrieved passages to a language model for generation question-specific knowledge graphs of structured factual triples are iteratively constructed in RAS. The experimental evaluation showed an increase in performance of up to 8.7% on seven knowledge-intensive benchmarks that require multi-step reasoning.
Research Gap 1. Both approaches to improving question-answering, i.e., the use of CRAG for retrieval quality and RAS for structured reasoning, are based on the simple premise that better input (i.e., evidence) leads to better output (i.e., more accurate answers). In neither case is it explained how the evidence provided by retrieval contributed to the final response; consequently, there is no transparent reasoning provided to the user, which is one of the main goals for developing Trustworthy and Explainable Systems for Question-Answering.
Next, research moved from the general question-answering task to a more narrow application in the enterprise, as well as to a multilingual environment. CrossRAG investigated multilingual knowledge retrieval, in order to improve consistency over multilingual retrieval baselines by translating retrieved documents into one single language before generation. EnterpriseRAG-Bench, on the other hand, introduced the first large-scale benchmark for evaluation of RAG systems in an enterprise setting, namely a corpus of 500,000 realistic enterprise documents for retrieval, and 500 questions for evaluation. ADORE addressed the even harder task of enterprise-scale reasoning, i.e. reasoning over evidence in the form of stored documents that have not been yet read by the system. ADORE is a multi-agent architecture where each agent is responsible for a single component of the end-to-end system, i.e. retrieval, verification, reasoning, and synthesis, and where all the agents collaborate in order to produce the final answer. A Memory Bank and a Claim–Evidence Graph organize the evidence that is read by the system. ADORE ranked first on the DeepResearchBench benchmark, and it was also the top performing system on the human preference metric, with a win rate of 77.2% on the challenging DeepConsult benchmark.
Research Gap 2: Most studies that have moved beyond question answering, focus on evaluation within an enterprise, i.e. evaluation within a multilingual retrieval framework, but they rarely provide mechanisms for explaining (1) why certain evidence was selected, (2) how conflicting information is resolved and (3) how a system can signal its confidence to the user.
A third trend of research for improving trustworthiness of RAG is related to Explainability (Ex). Source-attribution methods, which provide evidence of how much each retrieved document was used to generate the final answer, have been integrated into various RAG systems. For example, Shapley-value-based attribution has been used to improve provenance and debugging of generated answers. Explanations of generated answers can also be provided in natural language. For example, RAGXplain provides a Metric Diamond framework that combines multiple metrics for retrieval and generation with an LLM-based metric for reasoning, and uses this framework to generate natural-language-based diagnoses and actionable recommendations for improving generated answers. Open-source CRAG reproductions have, for example, used SHAP analysis to provide insights into the strengths and weaknesses of various retrieval-evaluation metrics, including how retrieval-evaluation metrics often rely on simple named-entity alignment rather than deeper semantic analysis. Finally, RAGBench, a 100,000-example benchmark for evaluating RAG, and the associated TRACe evaluation framework, have been used to standardized evaluation of generated answers with respect to four dimensions of trustworthiness: context relevance, faithfulness, correctness, and answer quality.
Research Gap 3. All approaches discussed above are used post-hoc, i.e. after generation. However, they should be integrated within the individual steps of the RAG pipeline, i.e. within retrieval, reasoning and generation.
Card — Confidence-aware distributed RAG for Answer retrieval. Introduces an innovative way to retrieve all required local evidence for a question by distributed evidence retrieval, based on Local Evidence Confidence Scores (LECS), supporting privacy, reduced communication cost by about 62% (compared to a centralized system) while nearly achieving the same quality. Additionally, it supports answer consistency verification using a set of question specific auxiliary queries. Agentic RAG Architectures for Autonomous Robots. This set of innovative approaches integrates several ideas already introduced in the literature for various tasks, such as real-time event streaming, vector databases for evidence search, and multiple agents for various reasoning tasks. These approaches are successfully applied to generate context-aware explanations in various scenarios, achieving high performance: Context Recall: up to 85%, Faithfulness: up to 78%, Semantic Similarity: up to 96%, Correctness: up to 100%.
Final Research Gap. Even though many different improvements have been made for general-purpose question-answering such as retrieval correction, structured reasoning, as well as many improvements in the evaluation for question-answering in the enterprise setting, as well as increased support for source attribution, and also support for confident generation, there is no unified architecture that supports retrieval, explanation, confidence, source attribution, conflict-resolution, and enterprise-based evaluation. We thus propose Trustworthy Explainable Enterprise RAG (TEERAG) which we shall evaluate on the EnterpriseRAG-Bench.
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	Authors
	Year
	Dataset
	Methodology
	Evaluation Metrics
	Results
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	Research Gap
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	Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks
	Lewis et al.
	2020
	Wikipedia, QA Datasets
	Dense Retriever + Generator
	EM (Exact Match), F1 (F-measure)
	SOTA performance
	No explainability
	Lack of transparency
	Baseline RAG

	Corrective Retrieval-Augmented Generation (CRAG)
	Yan et al.
	2024
	Multiple QA Datasets
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