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Abstract 

Retrieval-Augmented Generation (RAG) systems signify a pivotal advancement in natural language processing, merging 

information retrieval with large language models (LLMs) to ground responses in external knowledge. This hybrid approach 

enhances the factual accuracy and currency of generated content, mitigating common issues like hallucination. The efficacy of a 

RAG system, however, is fundamentally dependent on the performance of its retrieval component. This paper provides a detailed 

analysis of precision and recall as critical metrics for evaluating and optimizing this retrieval step. We explore the distinct roles 

and inherent trade-offs of these metrics within a RAG pipeline, demonstrating their direct influence on the quality of the final 

output. Through a series of experiments comparing sparse (BM25), dense (DPR), and hybrid retrieval methods, we quantify their 

performance characteristics. The analysis is further enriched with real-world examples from finance, law, and healthcare, 

illustrating the practical implications of retrieval quality. Additionally, we outline advanced strategies for improving retrieval 

effectiveness, such as multi-stage architecture involving rerankers and the use of query transformations. The paper concludes 

with a set of best practices for deploying robust, enterprise-grade RAG systems, emphasizing the need for continuous evaluation 

and sophisticated retrieval strategies. By focusing on the systematic optimization of precision and recall, organizations can build 

more reliable and trustworthy AI applications. 
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1. Introduction 

As enterprises and research teams deploy Retriev-

al-Augmented Generation (RAG) systems in domains such as 

finance, healthcare, customer support, and compliance, there 

is an increasing need to evaluate and improve the retrieval 

components of these systems. [1, 2] RAG pipelines enable 

LLMs to dynamically pull in supporting documents from 

large, curated knowledge bases. This not only increases their 

coverage but also mitigates hallucination, a frequent short-

coming of purely generative models. 

However, retrieval itself can introduce new challenges. 

Poor-quality retrieval, whether in the form of irrelevant or 

incomplete documents, can severely undermine the language 

model’s ability to generate high-quality responses. Precision 

and recall offer a principled way to assess and refine the re-
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trieval process. High precision ensures that the context sup-

plied to the language model is relevant and trustworthy, while 

high recall ensures that essential information is not omitted. 

Balancing these metrics is essential, yet difficult. 

This paper expands upon the theory and practice of preci-

sion and recall in RAG, explaining their role, how they can be 

measured, and how they can be improved. We show that 

organizations that closely monitor and optimize these metrics 

can build more reliable RAG-based systems capable of sup-

porting mission-critical tasks. 

2. Understanding Precision and Recall in 

the Context of RAG 

Precision and recall are well-established measures in the 

field of information retrieval. Their definitions in RAG are 

consistent with those in traditional search engines, but their 

practical impact is even more pronounced because they di-

rectly affect the language model’s input context, as illustrated 

in Figure 1. 

 
Figure 1. Process Flow. 

Precision: The proportion of retrieved documents that are 

relevant to the user’s query. High precision means minimal 

irrelevant content is introduced. 

Recall: The proportion of relevant documents in the entire 

corpus that are successfully retrieved. High recall ensures 

completeness. 

2.1. Precision vs Recall in RAG 

These metrics form a trade-off. Retrieval systems can often 

be tuned to favor one at the expense of the other. For instance, 

retrieving a larger number of documents tends to increase 

recall but can dilute precision, leading to noise. Conversely, 

applying aggressive filters may increase precision but result in 

critical information being missed. 

In RAG systems, the consequences of poor precision or 

recall are magnified. Irrelevant context wastes limited token 

space and confuses the LLM, increasing the chance of hallu-

cination. Missing relevant content leads to incomplete an-

swers and erodes user trust. Therefore, achieving the right 

balance is essential. 

2.2. Impact on Generation Quality 

The quality of the retrieval stage directly dictates the po-

tential quality of the generation stage. If the retrieved context 

is flawed, even the most advanced LLM will struggle to 

produce a correct and complete response. Low precision in-

troduces noise, forcing the LLM to sift through irrelevant 

information, which can lead to "context-stuffing" where the 

model incorrectly synthesizes unrelated facts. Conversely, 

low recall creates knowledge gaps, leaving the LLM without 

the necessary information to formulate a comprehensive an-

swer, often resulting in generic or evasive responses. 

3. Expanded Experimental Setup 

To reflect the latest advancements in RAG, our experi-

mental setup incorporates more sophisticated retrieval and 

evaluation methodologies. The landscape of retrieval has 

evolved, with a move towards more nuanced systems that 

leverage the strengths of different approaches. 

BM25 (Best Matching 25) 

BM25 is a classic sparse retrieval algorithm used in tradi-

tional information retrieval systems. It is built on the proba-

bilistic relevance framework and scores documents based on 

the frequency and distribution of query terms within the 

document. The BM25 formula considers term frequency (TF), 

which measures how often a query term appears in a docu-

ment, and inverse document frequency (IDF), which 

down-weights terms that are common across many documents. 

It also normalizes for document length, ensuring that longer 

documents are not unfairly favoured simply because they 

contain more terms. BM25 relies on an inverted index struc-

ture, making it highly efficient and scalable. However, be-

cause it depends strictly on exact keyword matching, it can 

struggle when the query and document use different vocabu-

laries, leading to lower recall for semantically equivalent 

terms. 

DPR (Dense Passage Retrieval) 
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Dense Passage Retrieval is a dense, embedding-based re-

trieval approach that leverages deep neural networks (often 

BERT-based encoders) to represent queries and passages as 

fixed-dimensional vectors in the same semantic space. During 

retrieval, DPR calculates the similarity between the query 

embedding and document embeddings, typically using cosine 

similarity or dot product. Unlike BM25, DPR can match on 

semantic similarity rather than exact keyword overlap, which 

makes it more robust for paraphrased queries and conceptu-

ally related terms. The retrieval pipeline involves two stages: 

(1) precomputing embeddings for all documents and storing 

them in a vector index (e.g., FAISS), and (2) encoding the 

query at runtime and retrieving the top-k most similar vectors. 

DPR offers higher recall but may reduce precision because 

semantically similar but less relevant documents can be re-

trieved. 

Hybrid Retrieval 

Hybrid retrieval combines the strengths of both BM25 and 

DPR to achieve a balance between precision and recall. [3, 11] 

This approach runs both retrieval pipelines, sparse (BM25) 

and dense (DPR), in parallel and then merges the results using 

rank aggregation or weighted score combination. [3] Often, a 

reranker (such as a cross-encoder transformer model) is ap-

plied to the merged list to reorder the results based on fi-

ne-grained relevance judgments. [4] Hybrid retrieval ensures 

that exact keyword matches from BM25 are not missed, while 

also leveraging the semantic capabilities of DPR to capture 

contextually relevant documents. This multi-stage pipeline 

generally outperforms either method alone but at the cost of 

increased computational complexity and latency. [3, 4] 

Cost and Latency Considerations 

While hybrid retrieval systems significantly enhance ac-

curacy, they introduce important trade-offs in terms of com-

putational cost and response time (latency). [3] Running par-

allel retrieval pipelines, a sparse BM25 index and a dense 

DPR index, inherently require more computational resources 

than a single-method approach. [3] 

The addition of a reranking step, particularly with powerful 

cross-encoder models, further compounds this issue. Unlike 

vector search, which performs a relatively fast similarity 

calculation, cross-encoders process the query against each 

retrieved document individually through a complex neural 

network. This intensive computation for every query can 

increase retrieval latency from milliseconds to seconds, 

making it a critical consideration for real-time applications. [4] 

Therefore, organizations must balance the need for high pre-

cision and recall against the practical constraints of their 

budget and the user's tolerance for slower response times. [3] 

To gain deeper insight into how precision and recall affect 

RAG, we constructed a comprehensive experimental envi-

ronment spanning multiple domains and query types. 

Experimental Setup Summary 

Table 1. Experimental Setup Summary. 

Component Details 

Corpus A diverse mix of general knowledge, financial regulations, and now, multimodal data (text and images). 

Query Set Over 500 questions, including factual, analytical, and conversational queries to test a wider range of interactions. 

Ground Truth Manually annotated relevant documents for each query, forming a "golden" reference dataset for evaluation. 

Retrieval Systems BM25, DPR, Hybrid Search with a Cross-Encoder Re-ranker 

Metrics 

In addition to Precision@5 and Recall@5, we now include rank-aware metrics like Mean Reciprocal Rank (MRR) 

and Normalized Discounted Cumulative Gain (nDCG) to evaluate the order of retrieved documents. [5, 7] We also 

assess end-to-end quality with metrics for groundedness and contextual relevance. 

Precision and Recall across Retrieval Systems 

Table 2. Precision and Recall across Retrieval Systems. 

 BM25 DPR Hybrid 

Precision 0.7 0.6 0.8 

Recall 0.5 0.75 0.85 
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Figure 2. Comparative view. 

Figure 2 provides a comparative visual of these results. 

This approximates production scenarios where RAG is used 

for high-stakes decision support. 

4. Rich Example Walkthroughs 

Example 1: SME Lending Risk Assessment 

Query: “How can recent credit bureau trends be used to 

evaluate loan eligibility for small businesses?” 

Relevant documents discuss SME lending standards, spe-

cific risk signals (e.g., late payments, credit utilization), and 

market-wide trends affecting small business borrowing. The 

DPR retriever returned a mix of relevant and tangential con-

tent. Of the top 5 retrieved documents, two directly addressed 

SME lending, while the rest focused on consumer credit 

trends and outdated financial regulations. 

1) Precision@5: 40% 

2) Recall@5: 60% 

Example 2: EU AI Act and Autonomous Vehicle Liability 

Query: “What are the implications of the EU’s new AI Act 

for product liability in autonomous vehicles?” 

Using a hybrid retriever with reranking, the system sur-

faced four highly relevant documents covering AI governance, 

liability clauses for vehicle manufacturers, and enforcement 

mechanisms. One retrieved document was somewhat general, 

discussing EU digital regulations. 

1) Precision@5: 80% 

2) Recall@5: 90% 

Example 3: Clinical Trials and Drug Safety (Healthcare 

Domain) 

Query: “What recent clinical trial data supports the safety 

of mRNA-based cancer vaccines?” 

Here, the hybrid system retrieved a broad array of clinical 

trial results. Two documents provided updated safety findings, 

while others referenced preliminary studies from unrelated 

therapeutic areas. 

1) Precision@5: 60% 

2) Recall@5: 85% 

Precision and Recall of Example Queries 

Table 3. Precision and Recall of Example Queries. 

Query Precision@5 Recall@5 

SME Lending Risk Assessment 40% 60% 

EU AI Act and Autonomous Vehicle Liability 80% 90% 

Clinical Trials and Drug Safety 60% 85% 
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5. Expanded Analysis of Precision and 

Recall Across Systems 

Our updated analysis reveals a more nuanced picture of the 

trade-offs between precision and recall in modern RAG sys-

tems. While the fundamental tension remains, newer tech-

niques offer more sophisticated ways to manage it. 

The inclusion of a reranking stage after initial retrieval has 

proven to be highly effective at boosting precision without a 

significant drop in recall. [4] The first stage is optimized for 

high recall, ensuring all potentially relevant documents are 

captured. The re-ranker then filters and reorders this set, 

promoting the most relevant documents to the top. This 

two-stage process allows for a better balance than single-stage 

retrieval methods. [6] 

Precision vs. Recall Trade-off with Advanced Systems 

A visual representation of our findings (Figure 3) would 

show DPR with moderate precision and high recall, while a 

simple hybrid search improves precision. The standout per-

former is the two-stage retrieval with a re-ranker, which 

pushes the system closer to the ideal top-right quadrant, in-

dicating both high precision and high recall. Adaptive re-

trieval systems show variable performance, intelligently 

shifting between high precision for simple queries and high 

recall for more complex ones, optimizing resource usage. 

Furthermore, we've observed that the definition of "rele-

vance" itself is becoming more sophisticated. It's not just 

about semantic similarity; it's about the contextual utility of 

the retrieved information for the specific generation task. This 

highlights the need for evaluation metrics that go beyond 

simple precision and recall measuring the actual contribution 

of retrieved documents to the final generated output. [5, 7] 

 
Figure 3. Performance plot. 

6. Enhancing Retrieval Effectiveness Through Precision and Recall 

Precision and recall should not only serve as evaluation metrics but also guide improvements in the retrieval pipeline. A 

multi-stage process, as shown in Figure 4, is a common strategy where initial retrieval prioritizes high recall, and a subsequent 

reranking step improves precision. [6] 

 
Figure 4. Improvement plan. 

Strategies: 

1) Dynamic Threshold Tuning 

2) Precision-Aware Reranking [4] 

3) Query Expansion & Transformation [8, 9] 
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4) Multi-Stage Retrieval [6] 

5) Feedback Loops 

6) Domain-Specific Metadata 

7) Reinforcement Learning 

7. Best Practices for Enterprise RAG 

Systems 

For enterprises deploying RAG systems in production, the 

focus has shifted from basic implementation to continuous 

and rigorous evaluation to prevent "silent failures" that can 

erode user trust. Here are the updated best practices: 

1) Establish a Robust Evaluation Framework: Create a 

comprehensive and automated testing framework be-

fore deployment. This should include a high-quality, 

diverse test set of questions and a "golden" set of de-

sired outputs for benchmarking. [5, 10] 

2) Embrace Hybrid and Multi-Stage Retrieval: Rely on 

hybrid search (combining keyword and vector search) 

as a baseline. [3, 11] For higher accuracy, implement a 

two-stage retrieval process with a powerful re-ranker to 

optimize for both high recall in the initial stage and high 

precision in the final context provided to the LLM. [4, 

6] 

3) Continuously Monitor and Iterate: RAG systems are not 

static. Implement a continuous refresh pipeline for your 

knowledge base to keep information current. Regularly 

monitor key metrics like retrieval accuracy, response 

groundedness, and latency through dashboards to 

quickly identify and address issues. [5, 7] 

4) Incorporate Advanced Query Techniques: Improve re-

trieval by using query expansion and transformation 

techniques. [8, 9] This involves methods like generating 

hypothetical document embeddings or breaking down 

complex questions into sub-queries to retrieve more 

targeted results. 

5) Leverage User Feedback and Domain Adaptation: Im-

plement feedback loops to capture user interactions, 

which can be invaluable for fine-tuning retrieval and 

reranking models. [12] Fine-tune embedding models on 

your specific domain data to improve the understanding 

of niche terminology and concepts. 

6) Explore Knowledge Graphs and Multimodality: For 

complex information landscapes, consider integrating 

knowledge graphs to capture relationships between en-

tities, enabling more sophisticated retrieval strategies. 

[13] As RAG systems evolve, the ability to retrieve and 

synthesize information from multiple modalities, such 

as text and images, is becoming increasingly important. 

[14, 15] 

8. Conclusion 

Precision and recall form the backbone of retrieval quality 

in RAG systems. When carefully measured and optimized, 

they enable language models to operate with the right balance 

of relevance and completeness, directly improving factual 

accuracy and user trust. Future research should explore adap-

tive retrieval strategies and context-aware retriever fi-

ne-tuning to dynamically balance these metrics. 
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