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 Retrieval-augmented generation (RAG) systems promise grounded answers 

from large language models (LLMs), yet performance depends critically on 

how source documents are segmented before indexing. This study 

investigates how pre-index chunking strategies affect both retrieval accuracy 

and answer quality in domain-specific scenarios. We curated a corpus on 

software-as-a-service (SaaS) editorial content and constructed a high-quality 

evaluation dataset containing 2,419 question-answer (QA) pairs generated 

through automated prompting and quality control. We compared four 

chunking approaches, including fixed-size, structure-aware recursive, 

semantic, and LLM-based methods. Our evaluation protocol assessed 

retrieval through document localization, semantic similarity, and context 

relevance, while generation quality was evaluated using chain-of-thought 

(CoT) criteria driven by judgments from LLMs. Results demonstrate that 

recursive chunking consistently outperforms other approaches across all 

metrics. Smaller chunks improve document localization, while moderately 

larger chunks enhance semantic alignment and generation scores. LLM-

based chunking variants show competitive performance but do not exceed 

top recursive configurations on the dataset. These findings indicate that 

preserving document structure through recursive chunking is beneficial for 

practical RAG implementations, providing actionable guidance for chunk 

size selection while highlighting token-budget constraints in current long-

context models. 
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1. INTRODUCTION 

While large language models (LLMs) have transformed natural language processing capabilities, 

they remain vulnerable to hallucination and factual drift when queries extend beyond their training data 

boundaries [1]. Retrieval-augmented generation (RAG) emerged as a critical solution to this limitation, 

systematically grounding LLM responses in external evidence by integrating dedicated retrieval mechanisms 

with generative models [2]–[4]. However, real-world deployments of RAGs face a fundamental challenge: 

they must process extensive, structurally complex documents containing diverse elements, including 

headings, paragraphs, lists, and tables. In these practical applications, system performance depends not only 

on retriever sophistication and LLM capabilities, but also on the often-overlooked process of document 

chunking during pre-indexing. This chunking directly determines what content becomes available to the 

retriever and consequently, what context reaches the LLM, making it a pivotal factor in both retrieval 

relevance and final answer quality. By analogy with electronic systems, where the first amplification stage 

https://creativecommons.org/licenses/by-sa/4.0/
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largely determines the signal quality throughout the processing chain, the authors posit that the effectiveness 

and robustness of the initial processing stage in a RAG pipeline play a decisive role in the overall quality of 

the generated responses. 

Despite its fundamental importance, document chunking remains poorly understood and 

inadequately validated across domain-specific applications. Practitioners typically resort to generic heuristics, 

e.g., “use 1K characters with 5-10% overlap”, while research efforts concentrate primarily on downstream 

components like retrieval algorithms, reranking mechanisms [5], and generator prompting strategies. This 

issue is particularly problematic given that chunking decisions embody a fundamental trade-off with no 

universal solution: smaller chunks enhance precise localization within a document but risk fragmenting 

coherent meaning across artificial boundaries; larger chunks preserve topical context and semantic 

relationships but introduce irrelevant noise and strain token budgets, compounding the long-context 

reliability challenges that plague modern LLMs [6]. The complexity deepens when considering the diverse 

methodological approaches available. Fixed-size windows, structure-aware recursive segmentation, semantic 

boundary detection, and LLM-driven segmentation each involve distinct trade-offs, which may interact with 

domain characteristics and document types in unpredictable ways. Yet comprehensive, end-to-end 

evaluations that systematically connect chunking strategies to both retrieval effectiveness and answer quality 

within specific domains remain conspicuously absent from the literature. While recent surveys and 

benchmarks have expanded RAG evaluation frameworks [7]–[9], actionable guidance for practitioners 

working with specialized professional corpora remains elusive. 

This work addresses this critical gap through a comprehensive evaluation in the editorial domain that 

addresses the topic of software-as-a-service (SaaS). We systematically curate a high-quality dataset from two 

established media sources in the SaaS field and construct a rigorous question-answer (QA) evaluation set using 

a state-of-the-art LLM to generate fact-seeking questions directly grounded in source passages, with automated 

quality controls ensuring dataset integrity. Our evaluation framework introduces a multi-dimensional 

assessment protocol that captures both retrieval effectiveness and generation quality. We measure retrieval 

performance across three complementary metrics: i) document-level localization, ii) semantic alignment,  

and iii) pragmatic relevance. To assess end-to-end system performance, we employ LLM-judged [10],  

chain-of-thought (CoT) evaluation of final answer quality, providing insight into how chunking decisions 

ultimately impact user-facing outcomes. Within this unified experimental process, we conduct systematic 

comparisons across four major chunking families, including fixed-size, recursive (structure-aware), semantic 

boundary detection, and LLM-based approaches. 

This paper delivers three key contributions to the RAG chunking literature: a meticulously curated, 

domain-specific QA resource for SaaS editorial content with rigorous quality controls; a holistic evaluation 

protocol that systematically connects chunking strategies to both retrieval effectiveness and final answer 

quality; and evidence-backed, actionable guidance for optimizing chunk size and segmentation approaches in 

RAG systems. By grounding our analysis in a realistic corpus and employing evaluation metrics that 

integrate both computational similarity measures and nuanced LLM assessments, this work bridges the gap 

between theoretical chunking research and practical deployment needs. Our findings provide practitioners 

with the principled, empirically validated design guidance necessary for building RAG systems that are both 

reliable and efficient in real-world applications. 

The remainder of the paper is structured as follows. Section 2 reviews prior work and outlines  

the families of chunking strategies considered in this study. Section 3 describes the dataset construction and 

the evaluation protocol, including retrieval and generation metrics. Section 4 reports the empirical results  

and discusses their implications and trade-offs. Section 5 concludes with key takeaways and directions for 

future research. 

 

 

2. RELATED WORKS AND CHUNKING STRATEGIES 

The RAG approach integrates an information retrieval component with an LLM to generate answers 

that are grounded in external knowledge [2], [3]. As illustrated in Figure 1, a RAG system operates through 

three principal phases: vector database building, retrieval, and generation based on LLM. First, in the vector 

database building phase, a textual corpus is segmented into smaller, retrievable units using a chunking model. 

Each chunk is then transformed into a dense numerical representation using an embedding model. The 

resulting embeddings are stored in a vector database to enable efficient, similarity-based access. Second, 

during the retrieval phase, a user query is converted into its own embedding representation (dense vector) 

using the same embedding model, and a semantic search is performed within the vector database to identify 

the top-N most relevant chunks according to cosine similarity or another distance metric. To accelerate  

large-scale retrieval, modern RAG systems often rely on approximate nearest neighbor (ANN) algorithms 

such as hierarchical navigable small world graphs (HNSW) [11], inverted file indexes (IVF) [12], and 
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locality-sensitive hashing (LSH) [13]. These algorithms provide sub-linear query time while maintaining 

high recall. Finally, in the generation phase, the retrieved chunks are concatenated and provided as external 

context to the LLM, which synthesizes a final answer grounded in the retrieved evidence. This step ensures 

factual consistency and reduces hallucination by conditioning the model’s output on verified content. 

 

 

 
 

Figure 1. General workflow of a RAG system 

 

 

While the quality of knowledge representation [14], the efficacy of retrieval [15]–[17], and the 

performance of LLMs [18] have been the focus of extensive research in the RAG field, the pre-index 

chunking step remains a pivotal factor. This step defines the granularity of indexed units and consequently 

influences both retrieval accuracy and generation quality. The selection of chunking is a critical factor in the 

efficacy of information retrieval. Poorly chosen chunking can result in the fragmentation of coherent 

information or, conversely, the overloading of the retriever with overly broad segments. In both cases, 

downstream performance is negatively impacted. 

Document chunking strategies have evolved from simple heuristics to sophisticated LLM-driven 

approaches. Table 1 presents a taxonomy of the main chunking strategies, summarizing their core principles, 

strengths, and limitations. A detailed explanation of each chunking strategy is provided in the next paragraphs. 

 

 

Table 1. Taxonomy of chunking strategies for RAG 

 

 

Fixed-size character chunking represents the foundational method, dividing documents into 

contiguous windows of predetermined character length [2]. Recursive chunking builds upon this foundation 

Chunking strategy Description Strengths Weaknesses 

Fixed-size character 

chunking 

Splits text into uniform segments by 

character count (e.g., every 1,000 characters) 

Simple and fast to 

implement 

Breaks context and 

ignores content 
boundaries 

Recursive chunking Splits by structural markers (sections, 

paragraphs, and lines), using a recursive 
hierarchy of separators 

Preserves document 

structure, better context 

Sometimes produces 

uneven sizes 

Semantic chunking Chunks are determined using semantic 
similarity, embeddings, or topic changes; 

maintains meaning continuity 

Produces coherent, 
meaningful chunks that 

improve retrieval 

Computationally 
intensive 

LLM-based chunking Utilizes an LLM to intelligently segment 
documents at semantically appropriate 

boundaries 

Creates highly semantic and 
context-rich chunks 

Computationally 
expensive 
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by incorporating structural awareness—applying size constraints while preserving natural document 

boundaries such as headings, paragraphs, and sentence breaks. More sophisticated approaches focus on 

semantic coherence. Semantic chunking identifies optimal segmentation points by detecting topical shifts, 

typically through continuous monitoring of semantic similarity between adjacent sentences, and placing 

boundaries where coherence falls below a defined threshold [19]–[21]. Nevertheless, recent studies [21] 

question semantic chunking's effectiveness given its substantial computational overhead, which requires both 

embedding generation and similarity calculations for every potential boundary decision.  

Given LLMs’ demonstrated excellence across diverse natural language processing tasks, recent 

research has increasingly focused on leveraging these models directly for intelligent document chunking. 

LLM-based chunking approaches harness the reasoning capabilities of LLMs to make intelligent 

segmentation decisions. These range from straightforward prompting strategies to advanced architectures like 

the mixture-of-chunkers (MoC) method [22], which employs a routing mechanism to dynamically select the 

most appropriate granularity for different document sections, or LumberChunker [23], which employs LLMs 

to dynamically segment documents into semantically independent chunks. 

Recent research has increasingly focused on systematic evaluation of chunking strategies across 

diverse contexts and applications. The OmniEval benchmark [7] established a comprehensive evaluation 

framework for the financial domain, systematically varying chunk sizes, overlap parameters, embedding 

models, and retrieval mechanisms to assess their combined impact on performance. Building on this 

foundation, the MoC approach [22] demonstrated that intelligently routing between multiple segmentation 

granularities can significantly enhance downstream RAG performance. 

The field has since expanded beyond pure segmentation optimization. ChunkRAG [24] shifts the 

paradigm by introducing LLM-based post-retrieval filtering, focusing on refining and curating retrieved 

chunks rather than perfecting initial segmentation—specifically targeting the removal of irrelevant or 

redundant context before answer generation. Meanwhile, comparative studies [9] have examined the  

trade-offs between late chunking [25] and contextual retrieval [26], revealing that while contextual retrieval 

better preserves semantic coherence, it comes with substantial computational overhead. Late chunking offers 

greater efficiency but often at the expense of retrieval relevance and answer completeness. 

 

 

3. EXPERIMENTS 

This section provides the experimental details of our study, including the dataset construction and 

the evaluation protocol. Sub-section 3.1 describes the creation of a high-quality, domain-specific corpus and 

the generation of ground-truth QA pairs used for evaluation. Sub-section 3.2 details the evaluation 

framework, detailing the retrieval and generation metrics, along with the configurations used to assess the 

performance of various chunking strategies within the RAG pipeline. 

 

3.1.  Dataset 

We assembled a domain-specific corpus by curating high-quality editorial articles on SaaS software 

from two established media sources: Appvizer (https://www.appvizer.com/) and Blog du Modérateur 

(https://www.blogdumoderateur.com/). After collecting and normalizing the raw text from the candidate  

web pages, we constructed a ground-truth QA dataset following a structured generation and validation 

process [8], [27]. Each article was first segmented into relatively large passages, which were then used as 

context in prompts for an LLM (GPT-4o in our case) to generate concise, fact-seeking questions paired with 

their corresponding answers, both strictly grounded in the source passage. To ensure quality, the resulting 

QA pairs were evaluated by GPT-4o itself as a judge, which rated their clarity, factual accuracy, and 

answerability on a five-point scale. Only pairs receiving scores above four out of five on all criteria were 

retained. As a result, 2,419 QA pairs, each aligned with its corresponding passage, were retained for 

evaluation. This pipeline yielded a scalable, high-quality QA resource tailored to the publishing industry 

regarding SaaS, providing a reliable basis for the systematic evaluation of chunking strategies in RAG. 

Figure 2 presents an example of a passage–question–answer triple. Each passage was used to generate a  

fact-seeking question and its corresponding answer, both grounded in the source passage 

 

3.2.  Evaluation protocol 

We evaluated the candidate chunking strategies across both the retrieval and generation phases of 

the RAG pipeline. Our protocol combines traditional similarity-based metrics with LLM-based judgments, 

thereby capturing complementary aspects of performance. This comprehensive evaluation design ensures that 

both the quantitative precision of retrieval and the qualitative reasoning ability of the generative model are 

systematically assessed within a unified experimental framework. 
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Figure 2. Illustration of a passage–question–answer triple 

 

 

3.2.1. Retrieval evaluation 

We assess how effectively retrieved document chunks align with the gold reference passage used to 

construct the corresponding QA pair. The general purpose of this evaluation is to measure the capability of 

identifying relevant context to the question for the LLM. Three metrics were used: 

i) Simple context precision: this metric measures the proportion of retrieved chunks that originate from 

the same source raw document as the gold reference passage. It directly reflects the document-level 

localization capability of the retriever. 

ii) Semantic similarity: this metric computes the cosine similarity between its embedding and the 

embedding of the gold passage. This metric captures semantic closeness between the retrieved context 

and the source passage. OpenAI’s text-embedding-3-large model was used. 

iii) LLM-based context precision: this metric uses an LLM evaluator to judge whether each retrieved 

context is relevant to answering the given question, regardless of document provenance. This metric 

accounts for pragmatic usefulness and can highlight cases were traditional similarity measures 

underestimate retrieval quality. In our experiments, GPT-4o was used as the evaluator. The 

implementation of this metric followed the retrieval augmented generation assessments (RAGAs) 

framework [28], which provides standardized tools for LLM-based RAG assessment. 

 

3.2.2. Generation evaluation 

We further evaluate the end-to-end capacity of the RAG system to produce correct and informative 

answers. For this, we employ GPT-4o as a judge. Using a CoT prompting strategy [29], the model is first 

instructed to provide structured feedback by comparing the generated answer with both the input question 

and the gold reference answer. It then assigns a quality score on a five-point scale, reflecting the answer’s 

accuracy, factual correctness, and completeness. The scoring rubric, defining anchor criteria for each score 

from 1 to 5, is provided as follows together with the full evaluation prompt template used in our experiments 

to ensure transparency and reproducibility. 

 

Prompt template used in LLM-as-a-judge for generation evaluation 

###Task Description: 

An instruction, a response to evaluate, a reference answer, and a score rubric representing evaluation criteria 

are given. 

1. Write detailed feedback that assess the quality of the response strictly based on the given score rubric, not 

evaluating in general. 

2. After writing a feedback, assign a score that is an integer between 1 and 5. You should refer to the score 

rubric. 

3. The output format should be as follows: "Feedback: {{write your feedback for criteria}} [RESULT] {{an 

integer number between 1 and 5}}" 

4. Please do not generate any other opening, closing, and explanations. Be sure to include [RESULT] in your 

output. 

###The instruction: 

{instruction} 

###Response to evaluate: 

{response} 
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###Reference Answer: 

{reference_answer} 

###Score Rubrics: 

[Is the response correct, accurate, and factual based on the reference answer?] 

Score 1: The response is completely incorrect, inaccurate, and/or not factual. 

Score 2: The response is mostly incorrect, inaccurate, and/or not factual. 

Score 3: The response is somewhat correct, accurate, and/or factual. 

Score 4: The response is mostly correct, accurate, and factual. 

Score 5: The response is completely correct, accurate, and factual. 

###Feedback: 

 

3.2.3. Chunker configurations 

For the evaluation, we analyzed four distinct document chunking strategies. The baseline 

approaches consisted of fixed-size character chunking and rec.ursive chunking, both of which were 

evaluated at intervals of 500, 750, 1,000, 1,250, and 1,500 characters. For more context-aware 

segmentation, we utilized semantic chunking with a percentile-based breakpoint threshold of 0.95. Finally, 

we incorporated LLM-based chunking implemented via GPT-4o, testing both a standard basic approach 

[22] and a MoC variant [22].  

 

 

4. RESULTS AND DISCUSSION 

This section presents the empirical results of our study, comparing chunking strategies across both 

retrieval and generation metrics. The analysis highlights how different segmentation approaches influence 

retrieval precision, semantic similarity, and end-to-end answer quality. In addition, the discussion interprets 

these findings to identify trade-offs between chunk size, structural awareness, and overall RAG performance. 

Figure 3 illustrates the impact of chunk size on retrieval performance for the character-based methods 

(fixed-size and recursive). As demonstrated in the following investigation, for the simple context precision 

metric, smaller chunks consistently yield higher document-level localization. Moreover, recursive chunking 

outperforms fixed-size windows at all scales. Semantic similarity has been shown to increase with chunk size, 

reaching a peak at approximately 1,250-1,500 characters. This suggests that larger segments may preserve 

more topical context. Finally, LLM-based context precision underscores a trade-off: recursive chunking attains 

optimal performance at intermediate sizes (approximately 750 characters), while fixed-size chunking 

maintains greater stability across the spectrum. These complementary patterns indicate that the chunk size has 

a direct impact on the equilibrium between fine-grained localization and broad semantic coverage. 

 

 

 
 

Figure 3. Performance comparison of fixed-size and recursive text chunking strategies across different chunk 

sizes for three retrieval evaluation metrics 

 

 

Figure 4 reveals distinct performance patterns across chunking strategies when evaluated on three 

retrieval metrics and one generation metric. Recursive chunking emerges as the clear winner for retrieval 

tasks, achieving consistently superior scores across all metrics, with peak performance at intermediate to 

large chunk sizes (750-1,250 characters). This approach significantly outperforms both fixed-size  

(Figure 4(a)) and semantic chunking methods (Figure 4(b)). The LLM-based MoC variant [22] shows strong 

competitive performance, particularly excelling in LLM-based context precision (Figure 4(c)), though it falls 

just short of the best recursive configurations. 
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Conversely, semantic chunking exhibits a notable underperformance across all established retrieval 

metrics. The basic LLM-based chunker fares somewhat better, delivering moderate outcomes that generally 

bridge the performance gap between the baseline fixed-size methods and the more advanced MoC 

approaches. Together, these results highlight the distinct advantage of recursive segmentation, which strikes a 

critical balance between preserving document structure and maintaining semantic coherence.  

The generation quality results (Figure 4(d)) reveal an even more pronounced advantage for recursive 

chunking. At larger chunk sizes (1,250-1,500 characters), recursive segmentation dominates with LLM-judge 

scores exceeding 4.3 on the five-point scale—representing the highest performance across all methods tested. 

While fixed-size chunking maintains steady performance, it consistently falls short of recursive peaks, and 

semantic chunking shows markedly weaker results. The LLM-driven approaches follow a familiar pattern: 

MoC outperforms the basic LLM chunker but neither variant matches the top-performing recursive 

configurations. These converging results across both retrieval and generation metrics highlight the 

effectiveness of recursive chunking, whose preservation of document structure and ability to accommodate 

moderately large chunk sizes provide an optimal balance. 

 

 

  
(a) (b) 

  

  
(c) (d) 

 

Figure 4. Comparison of chunking strategies across retrieval metrics of (a) simple context precision,  

(b) semantic similarity, (c) LLM-based context precision, and (d) generation quality 

 

 

These findings highlight several important trade-offs for designing RAG systems in the editorial 

domain dealing with the subject of SaaS. First, chunk size exerts a direct influence on retrieval quality: 

smaller segments facilitate document-level localization, whereas moderately larger ones improve semantic 

alignment. Larger chunk sizes generally lead to improved generation performance. However, recent findings 

from Chroma’s technical report show that when models are exposed to very long contexts, i.e., on the order 

of 104 tokens, their performance can degrade due to positional biases and reduced reliability, even on 

relatively simple tasks [6].  
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Overall, recursive chunking emerges as the most effective, consistently outperforming fixed-size, 

semantic, and LLM-driven approaches in both retrieval and generation tasks. Nevertheless, the relative 

underperformance of semantic and basic LLM-based chunkers suggests that sophisticated segmentation alone 

does not guarantee better downstream utility without careful calibration. While the present study focuses on 

editorial content regarding SaaS, it is hypothesized that the advantages of recursive chunking likely extend to 

other specialized and non-specialized editorial domains. Recent research in the field of legal document 

retrieval [30], [31] has demonstrated the efficacy of recursive chunking in preserving the hierarchical 

structure and cross-references that are critical for legal interpretation. These findings suggest that domains 

characterized by inherent structural organization may particularly benefit from this approach. In a similar 

vein, technical documentation and scientific papers—which frequently contain sections that reference 

definitions or concepts introduced elsewhere—have been demonstrated to exhibit optimal performance when 

utilizing recursive and hierarchical chunking strategies. Consequently, we hypothesize that the advantages  

of recursive chunking will transfer to a broader range of editorial domains when reliable structural or 

formatting signals are available. Future research should empirically validate recursive chunking's 

effectiveness across these diverse domains to establish its broader applicability and identify domain-specific 

optimization requirements. 

Beyond cross-domain applicability, the findings of this study also connect to broader research 

efforts in RAG optimization and long-context modeling. Recent evidence shows that LLMs exhibit context 

decay and fail to uniformly attend to information distributed across long input sequences [32]. This limitation 

highlights the importance of supplying models with coherent, well-structured context segments rather than 

long, noisy concatenations of text. By demonstrating that recursive chunking better preserves document 

structure while maintaining manageable segment lengths, our results contribute to this wider line of research 

seeking to improve the robustness, factual consistency, and efficiency of RAG systems operating under  

long-context constraints. 

 

 

5. CONCLUSION 

This study systematically investigated the impact of document chunking strategies on RAG 

performance within the editorial domain regarding SaaS. The results demonstrate that pre-indexing 

segmentation decisions strongly influence both retrieval effectiveness and answer quality, with recursive 

chunking using moderately large segments (750-1,250 characters) consistently yielding the best balance 

between document localization and semantic coherence. These findings highlight that structural document 

awareness remains essential, even when compared with more sophisticated semantic-aware or LLM-driven 

chunking methods, and that effective chunking must balance retrieval precision with token budget and  

long-context reliability constraints. Looking ahead, future research should generalize these observations across 

other domains such as legal or scientific texts, explore adaptive chunking combined with hybrid search 

strategies mixing several approaches, dynamic retrieval or reranking strategies, and investigate how 

segmentation must evolve alongside emerging long-context architectures. By providing a domain-specific 

benchmark, a comprehensive evaluation framework, and empirical guidance on optimal chunking design, this 

work advances both the theoretical understanding and practical deployment of reliable, efficient RAG systems. 
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