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ABSTRACT Retrieval-Augmented Generation (RAG) has emerged as a fundamental paradigm for
improving Large Language Models (LLMs) by incorporating external knowledge retrieval. RAG primarily
aims to address the hallucination problem in LLMs that rely on extensive knowledge bases. A RAG system
depends critically on design choices, including indexing strategies, retrieval methods, similarity metrics,
and reranking models. The selection of configuration makes a RAG effective. Although the RAG system has
received sufficient attention, there is very limited work on understanding the relative contributions of these
components, and their statistical significance remains insufficiently understood. In this study, we conduct a
comprehensive empirical evaluation of a modular RAG pipeline by systematically varying index structures,
retrievers, rerankers, and similarity metrics. We evaluated performance using standard retrieval metrics such
as Recall, Mean Reciprocal Rank, Normalized Discounted Cumulative Gain, and Coverage; generation-
oriented quality metrics such as Correctness, Faithfulness, and Relevance; latency; and cost. Statistical
robustness is ensured through ANOVA, effect size estimation, and multivariate regression analysis. Based
on our results, the retriever and similarity metric choices dominate system performance, yielding statistically
significant improvements with p-values less than 10−9 for retriever effects on R@1 and Coverage. At the
same time, index selection exhibits a negligible impact across most metrics. Reranking primarily affects
reranked metrics and downstream correctness, with MiniLM consistently outperforming BGE.

INDEX TERMS Retrieval-augmented generation, information retrieval, retrieval, reranking, similar-
ity/distance metrics.

I. INTRODUCTION
With the introduction of information retrieval (IR) [1],
[2] and pre-trained language models [3], interest in devel-
oping automated question-answering systems has grown
dramatically. Large Language Models (LLMs) [4] have
achieved unprecedented success across a wide range of
activities, including text generation and complex question
answering [5], as well as information retrieval (IR) tasks [6].
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However, LLMs have limitations when dealing with extended
contexts [7], leading them to rely more heavily on pre-trained
information. This shortcoming not only limits their ability
to handle longer discourse, such as books or long talks,
efficiently, but also increases the likelihood of hallucinations,
which occur when the model generates factually incorrect
or nonsensical information [8]. Although large-scale pre-
trained language models can store massive amounts of
knowledge, they struggle to access up-to-date information
and provide credible sources. To address this limitation and
hallucination problem, approaches that combine information
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retrieval with generative models have emerged. Retrieval-
Augmented Generation (RAG) uses a neural retriever and
a sequence-to-sequence generator to generate outputs from
external texts [9].

RAG builds on previous research that employed retrieval to
improve question responding and language modeling. RAG
provides free-form replies while utilizing non-parametric
memory, resulting in better factual accuracy and source
citation. This skill is crucial for reducing hallucinations
and updating information without retraining the model [10].
RAG takes a more intelligent, evidence-based approach to
language generation, greatly reducing the risk of hallu-
cinations and improving the overall quality of generated
text [11].

RAG pipelines have been further reinforced by recent
developments in dense retrieval using vector embeddings.
Even in situations where lexical overlap is minimal,
transformer-based [12] embedding models enable efficient
similarity-based retrieval by projecting queries and docu-
ments into a shared semantic space. Scalable, low-latency
retrieval over large corpora is possible with Approximate
Nearest Neighbor (ANN) indexing techniques such asHNSW
and IVF [13]. Reranking models are frequently used to
reorder candidate documents based on deeper semantic
interactions between queries and passages, thereby further
improving retrieval quality [14], [15]. This greatly increases
the correctness and relevance of answers.

Furthermore, it has been demonstrated that query reformu-
lation techniques like Hypothetical Document Embeddings
(HyDE) and Hypothetical Passage Embeddings (HyPE)
improve retrieval performance, especially in zero-shot or
underspecified query settings [16]. These techniques close
the semantic gap between user queries and stored documents
by generating synthetic representations that capture a query’s
latent intent. These methods significantly increase down-
stream answer quality and retrieval accuracy when paired
with efficient reranking and generation models.

In this work, we developed and assessed a thorough
(RAG) pipeline that systematically examines how index-
ing strategies, retrieval techniques, reranking models, and
similarity metrics affect the overall system performance.
The framework incorporates neural reranking using pre-
trained cross-encoder models, multiple indexing (HNSW,
IVF, and ScaNN), and a variety of retrieval strategies (Fusion,
Hierarchical, HyDE, and HyPE) with dense vector embed-
dings. Standard IR metrics are used to assess performance
throughout the retrieval, reranking, and generation stages.
We perform comprehensive statistical testing, including
analysis of variance (ANOVA), effect size estimation, and
regression-based modeling, to assess the statistical signifi-
cance and practical impact of each system component and
ensure robustness and reliability. The key contributions of this
study are as follows:

1) Comprehensive empirical evaluation of multiple vec-
tor indexing methods, retrieval strategies, reranking

models, and similarity metrics within a unified RAG
framework.

2) Statistically grounded analysis using ANOVA, effect
size measures, and regression modeling to identify
significant performance drivers across retrieval, rerank-
ing, and generation stages.

3) Practical insights for dense retrieval-based RAG sys-
tems under controlled general-domain settings, high-
lighting trade-offs between accuracy, latency, and cost,
and providing evidence-based guidance for selecting
indexing, retrieval, and reranking configurations.

The remainder of this paper is organized as follows. Section II
reviews related work in information retrieval, retrieval-
augmented generation, and vector databases. Section III
describes the system architecture, embedding generation,
indexing strategies, retrieval and reranking methods, and text
generation process. Section V reports quantitative results and
statistical analyses, including significance testing and effect
size estimation. Finally, Section VII discusses key findings,
limitations, and directions for future work.

II. RELATED WORK
Retrieval Augmented Generation (RAG) has emerged as
a foundational paradigm for addressing the limitations of
large language models in knowledge-intensive tasks [17].
While early RAG systems demonstrated clear gains in factual
grounding, subsequent research has shown that retrieval
quality, reranking strategies, indexingmechanisms, and query
adaptation play a decisive role in overall system performance.
Recent research has shown that RAG effectiveness can
be significantly increased by improving the retrieval and
reranking stages. Study [18] discusses enhancements in the
RAG pipeline through advanced optimization techniques.
Study [18] identifies limitations in the basic RAG system,
including issues with chunking, hallucinations, and reliance
on augmented content for knowledge-intensive tasks. Also
in [18], advanced strategies for chunking, vectorization, and
search processes are proposed to improve retrieval and gen-
eration tasks. This study [18] also shows that the techniques
such as reranking, filtering, query transformation, query
routing, and response synthesis can enhance the relevance,
coherence, and accuracy of generated responses. All the ele-
ments of a RAG pipeline (indexing, retrieval, and reranking)
play an important role in RAG performance, as survey [19]
compiles and analyzes benchmark results across standard
datasets such as Natural Questions, TriviaQA, ELI5, FEVER,
and HotpotQA. It evaluates various architectures, including
DPR, FiD, REALM, RAG-Sequence, Atlas, and GTR.
A comparative evaluation highlights trade-offs between
retrieval cost, generation accuracy, document redundancy,
and interpretability across different settings. The paper [19]
identifies key open challenges in RAG, including the need
for unified end-to-end optimization and robust strategies
to mitigate hallucination. Authors in [20] perform the
comparative analysis of state-of-the-art indexing methods on
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three multihop datasets (MuSiQue, 2WikiMultiHopQA, and
HotpotQA) and based on the results, their proposed SiReRAG
consistently outperforms with an average improvement of
1.9% in F1 scores. SiReRAG achieved approximately 5%
higher average F1 scores than RAPTOR. SiReRAG also
showed an improvement of up to 8.3% in F1 scores on
MuSiQue compared to HippoRAG. Apart from indexing,
another important aspect of a RAG pipeline is the rerankers.
The reranking framework proposed in [21] improves retrieval
quality in RAG systems. It effectively integrates user intent
prediction to optimize the RAG process. Evaluation on two
benchmark datasets demonstrates enhanced personalization
and relevance in dynamic user query scenarios. A lot of
the technologies involved in the RAG system depend on
the language. Researchers in [22] conducted a comparative
analysis of rerankers with first-stage retrieval methods in
Polish. Based on the results, most rerankers failed to
outperform the first-stage retrieval methods, with only two
models achieving higher average NDCG10 values. The best-
performing model, mt5-13b-mmarco-100k, set a new state-
of-the-art for reranking in Polish, outperforming existing
models with up to 30 times more parameters. It was
also observed in [22] that some datasets, such as PolEval
and MAUPQA, were easier for rerankers, whereas others,
such as Web Datasets and BEIR-PL, posed significant
challenges due to their data diversity. [15] shows that
reranking is crucial for RAG with Large Language Models,
as G-RAG outperforms PaLM 2 significantly. Also, not
just reranking, but other parameters such as chunking and
indexing are also very important for RAG performance,
as shown in [23]. Response fidelity with dynamic chunking
and re-ranking improved RAG performance, also showing
the significant impact of index choice on performance
metrics. In RAG systems, there are always challenges in
text retrieval pipelines, particularly trade-offs among model
size, ranking accuracy, and system requirements such as
indexing and serving latency/throughput. Based on the results
from the [24], smaller embedding models like snowflake-
arctic-embed-l and NV-EmbedQA-e5-v5 showed consider-
able improvement in ranking accuracy when combined with
cross-encoders. The NV-RerankQA-Mistral-4B-v3 reranker
achieved a significant accuracy increase of approximately
14% compared to other rerankers in the benchmark. For
the larger NV-EmbedQA-Mistral7B-v2 embedding model,
only the NV-RerankQA-Mistral-4B-v3 reranker improved
its accuracy. The NV-RerankQA-Mistral-4B-v3 provided the
highest ranking accuracy across all datasets evaluated. The
paper [25] aims to provide insights for researchers and
practitioners on leveraging RAG effectively to improve text
generation tasks. [25] reviews the foundational principles
and architecture of retrieval augmented generation (RAG)
in natural language processing. [25] highlights the two-step
RAG process, which involves retrieving relevant information
from the input query and generating text informed by both the
query and the retrieved knowledge. It emphasizes integrating

retrieved knowledge into the generativemodel to enhance text
quality and contextual relevance.

The studies discussed in this section show that although
significant advancements have been made in improving
retrieval, reranking, and indexing strategies for RAG
systems, no single strategy consistently prevails across
datasets, languages, and system limitations. Improvements
in relevance or accuracy may entail trade-offs in latency,
cost, or scalability, and performance gains are often
dataset-dependent. Prior studies are more focused on
benchmark-driven evaluations [26], [27], which emphasize
absolute performance across datasets or architectures; this
study adopts a system-level empirical perspective. By apply-
ing factorial ANOVA, effect size analysis, and regression
modeling, we provide statistically grounded insights into
which RAG components dominate system behavior. This
allows us to move beyond descriptive comparisons toward
explanatory conclusions that inform practical system design.

III. METHODOLOGY
This study assesses how chunking, indexing, retrieval, and
reranking strategies affect question-answering performance
in a structured RAG pipeline. Using several approximate
nearest neighbor techniques, documents are first chunked
and converted into dense embeddings, which are then stored
and indexed. Using various similarity metrics and retrieval
techniques, queries are embedded and compared to stored
representations. Before being sent to a lightweight generative
model for answer synthesis, retrieved candidates undergo
cross-encoder reranking. Ranking, quality, efficiency, and
statistical significance analyses are used to assess system
performance and ensure both efficacy and robustness across
configurations. Complete methodological flow of the study is
shown in Figure 1.

FIGURE 1. Methodology flowchart diagram.
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A. DATASETS
The first phase in this study is data collection. This
study utilized the Stanford Question Answering Dataset
(SQuAD) [28]. It is commonly used as a standard for
question-answering tasks in machine learning. SQuAD was
developed by human annotators from Wikipedia articles.
Each dataset instance consists of a Wikipedia passage,
a corresponding question, and one or more ground-truth
answers. SquAD consists of 100,000 instances. The small,
medium, and large datasets [29] are constructed by random
sampling 10k, 30k, and 100k instances, respectively, while
ensuring proportional coverage of topics and question types.
This scaling strategy enables controlled analysis of dataset
size effects without introducing distributional bias.

B. CHUNKING
RAG systems rely heavily on document chunking, the
technique of splitting texts into coherent chunks. More
formally, Chunking is a transformation T : D → P that
maps a documentD to a set of passagesP = {p1, p2, . . .}. The
transformation is designed such that the semantic information
contained in D is preserved within the passage set P.
The transformation may be reversible, meaning that the
original document can potentially be reconstructed from P,
although reversibility is not a strict requirement [30]. Recent
studies suggest that chunking methods affect downstream
task performance [31], and that LLMs are sensitive to passage
style and organization [32]. This study used chunks with
a fixed window size of 1,000 and a character overlap of
200. This selected ratio provides a balanced granularity
with contextual completeness. This study’s overlap set
preserves information around chunk borders. Once chunking
is performed, it yields a representation that enables efficient
embeddings for downstream tasks.

C. TRANSFORM INTO EMBEDDINGS
Numerical representations of text, pictures, or other data
types that capture semantic value in a high-dimensional
vector space are called embeddings. Embeddings are a
very important part of an RAG system; they provide
appropriate representations of chunks for storage, retrieval,
and downstream tasks. In this study, each passage pi
from the chunking phase is then processed by OpenAI’s
text-embedding-large-31 model. The model first
tokenizes the text into a sequence of subword tokens
(t1, t2, . . . , tm) using a byte-pair encoding (BPE) tokenizer.
A deep transformer encoder maps these tokens to contextual
representations, creating a series of hidden states that capture
the passage’s syntactic and semantic dependencies. A pooling
operation over the final-layer token representations yields a
fixed-dimensional embedding vector ei ∈ R3072. To facilitate
effective semantic retrieval and comparison across chunked
document representations, the resulting embedding space is

1https://platform.openai.com/docs/models/text-embedding-3-large

optimized so that semantically similar passages are closer to
each other in the vector space.

D. STORING EMBEDDINGS
The dense numerical representations (vector embeddings)
obtained in the previous step enable similarity-based retrieval
by encoding the semantic meaning of unstructured data.
The embeddings produced in this work are stored in Milvus
[33], a vector database designed for extensive semantic
search. Fast and precise similarity queries are made possible
by Milvus’s scalable high-dimensional vector storage and
effective Approximate Nearest Neighbor (ANN) indexing.
Real-time embedding insertion, retrieval, and filtering are
enabled by its distributed, cloud-native architecture, making
it ideal for the RAG system.

E. INDEXING
Efficient similarity search over high-dimensional embedding
spaces requires specialized indexing strategies to balance
search accuracy, latency, and memory consumption. In this
system, three approximate nearest neighbor (ANN) [34]
indexing approaches are considered: HNSW, IVF, and
ScaNN.

1) HIERARCHICAL NAVIGABLE SMALL WORLD (HNSW)
HNSW arranges embeddings into a multi-layer graph struc-
ture, with edges connecting semantically close neighbors
and each node representing a vector. Logarithmic-time
complexity and high recall are made possible by the search’s
traversal of the graph from higher to lower layers during
query time. Despite having a higher memory overhead,
HNSW is especially useful for low-latency applications.

2) INVERTED FILE INDEX (IVF)
IVF uses coarse quantization to divide the embedding space
into a predetermined number of clusters. The number of
distance calculations is greatly reduced by assigning each
vector to its closest cluster centroid and limiting similarity
searches to a subset of relevant clusters. With a manageable
trade-off between speed and accuracy, IVF is ideal for
large-scale datasets where scalability and memory efficiency
are crucial.

3) SCALABLE NEAREST NEIGHBORS (ScaNN)
Space partitioning, vector quantization, and optimized
distance scoring are all combined in ScaNN’s hybrid
methodology. ScaNN is appropriate for high-throughput,
large-scale semantic search scenarios because it balances
retrieval accuracy and computational efficiency by selectively
searching promising partitions and re-ranking compressed
representations.

F. DISTANCE / SIMILARITY METRICS
Similarity and distance metrics are used in RAG to estimate
how relevant a chunk of text is to a user’s query [35], [36]
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[37]. These ratings help the retrieval system determine which
passages to feed into a languagemodel for answer generation.
The choice of metric is greatly influenced by the embedding
model’s training method. Embedding models are tailored to
arrange their output vectors in ways that are consistent with
specified distance measures. It is essential to index and store
vectors. In this study, we have used three metrics.

1) COSINE SIMILARITY
The angular similarity between two embedding vectors x,
y ∈ Rd is measured using cosine similarity, regardless of their
magnitudes. It is defined by the equation 1.

simcos(x, y) =
x · y

∥x∥2 ∥y∥2
, (1)

In equation 1 x·y shows the dot product and ∥·∥2 also denotes
the Euclidean norm.

2) EUCLIDEAN DISTANCE
Equation 2 defines Euclidean distance, which measures the
straight-line distance between two vectors in the embedding
space. This metric is frequently used when the absolute
distance in the embedding space is significant, as it is
sensitive to vector magnitude.

dEuc(x, y) = ∥x − y∥2 =

√√√√ d∑
i=1

(xi − yi)2. (2)

3) INNER PRODUCT
Equation 3 calculates inner product similarity, which evalu-
ates the alignment of two vectors. Unlike cosine similarity,
the inner product does not normalize vector lengths. It thereby
captures both directional similarity and magnitude, making
it appropriate for applications such as maximum relevance
score in retrieval systems.

simIP(x, y) = x · y =

d∑
i=1

xiyi. (3)

G. RETRIEVAL
Retrieval is the Information Retrieval task that identifies the
most relevant documents or passages from the embedding
vector space in response to a query. Given a query q, it is
first transformed into a vector representation q using the same
embedding model as the indexed data based on the indexing
techniques used in this study. Similarity between the query
embedding and stored embeddings is then computed using
a predefined distance/similarity metric, based on this, the
top-k most relevant texts are retrieved. Advanced retrieval
strategies further enhance recall and precision of a RAG
system. In this study, we have used four retrieval strategies:
fusion, hierarchical, HyPe, and HyDe.

1) FUSION
Fusion-based retrieval combines results from different
retrieval strategies or representations to improve overall recall

and robustness. Typically, scores from dense vector retrieval
and sparse keyword-based retrieval are added together using
weighted summation or rank-based fusion, as shown in
equation 4. In equation 4, si(d) denotes the score of document
d from the i-th retriever, and αi represents its corresponding
weight. Fusion leverages the strengths of various retrieval
methods to produce more reliable results [38].

s(d) =

n∑
i=1

αisi(d), (4)

2) HIERARCHICAL
Hierarchical retrieval operates on multi-level document rep-
resentations, such as document- and chunk-level embeddings.
An initial coarse retrieval step finds relevant documents,
followed by a detailed search within their associated pas-
sages, as shown in equation 5. In equation 5, q is the query
embedding, eD denotes document-level embeddings, and ep
represents passage-level embeddings. This approach boosts
efficiency while keeping retrieval precision.

D′
= argmax

D
sim(q, eD), P′

= argmax
p∈D′

sim(q, ep), (5)

3) HyPE
HyPE (Hypothetical Passage Embeddings) improves retrieval
by creating a hypothetical passage that represents the ideal
answer to a given query. This generated passage is embedded
and used as a retrieval query, as shown in equation 6.
In equation 6, p̂ is the generated hypothetical passage and
E(·) denotes the embedding function. By aligning retrieval
with the expected answer structure, HyPE boosts semantic
matching and recall [16].

qHyPE = E(p̂), (6)

4) HyDE
HyDE (Hypothetical Document Embeddings) follows a
similar approach, generating a hypothetical document rather
than a passage. The embedding of this synthetic document
is used to retrieve relevant real documents, as shown in
equation 7. In equation 7, D̂ is a generated hypothetical
document. HyDE is particularly effective in zero-shot or low-
resource settings because it reduces reliance on exact query
wording by capturing hidden intent [39].

qHyDE = E(D̂), (7)

H. RERANKING
A reranker model, also known as a cross-encoder, generates
a similarity score for a query-document pair. We use this
score to arrange documents or outputs by their relevance
to our query. Rerankers are best used as a second-stage
ranking retrieval step. The first heavy lifting is done via rapid,
efficient embedding-based vector search (retriever), which
retrieves a set of documents from a large knowledge base
but may lack the high accuracy required in some use cases.
Rerankers then refine a list of candidates, offering just the
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most relevant documents to increase retrieval accuracy. In this
study, we have used two rerankers, BGE and miniLM.

1) BGE
We employed BAAI/bge-reranker-base2 in this
study, which supports both Chinese and English. Because
BGE is a cross-encoder model, it is less efficient but more
accurate. In contrast to the embedding approach, the BGE
reranker takes questions and documents as input and outputs
similarity scores directly rather than via embeddings. Cross-
encoders are frequently used to re-rank top-k documents
produced by other basic models to balance accuracy and
time cost. For instance, the top 100 relevant documents may
be retrieved using the embedding model during the retrieval
phase, and the final top-3 results can be obtained by the
reranker model using the BGE reranker.

2) miniLM
In this study, for miniLM reranker, we used
cross-encoder/ms-marco-MiniLM-L-6-v2.3 This
model is trained on the MS MARCO dataset and optimized
for passage-level relevance estimation, enabling it to
capture contextual alignment and semantic nuances that
are not accessible during the initial dense retrieval stage.
This re-ranking step significantly improves precision by
prioritizing the most relevant passages to the query intent.
Following the initial retrieval stage, a re-ranking phase refines
the relevance of the top-k retrieved candidates. Given a
query q and a candidate passage pi, the model encodes the
concatenated input sequence [q; pi] and produces a relevance
score shown in equation 8

si = fCE(q, pi), (8)

In equation 8 fCE(·) denotes the cross-encoder scoring func-
tion. The retrieved candidates are then rearranged according
to si, yielding a refined ranking shown in equation 9

R = sort({pi}ki=1, si). (9)

I. TEXT GENERATION
In this study, the gpt-4o-mini model is used to generate
the final response. This model produces a logical, natural-
language response to the user query using the top-ranked
chunks from the reranking stage as contextual input. The
model minimizes hallucinations while producing grounded
and context-aware responses by conditioning generation
on retrieved external knowledge. Low-latency generation is
enabled by gpt-4o-mini’s lightweight, effective design,
making it suitable for interactive applications that demand
both accuracy and responsiveness. The gpt-4o-mini model
was selected as the generation component because our
objective is not to optimize generation quality, but to
isolate and evaluate the relative contributions of retrieval,

2https://huggingface.co/BAAI/bge-reranker-base
3https://huggingface.co/cross-encoder/ms-marco-MiniLM-L6-v2

similarity metrics, indexing, and reranking components.
Using a lightweight and cost-efficient generator serves that
purpose. If we employ larger or more smart generator (e.g.,
GPT-4, Claude, or LLaMA-based models), it can improve
the absolute correctness and fluency scores, but it would not
change the statistical significance or effect sizes observed for
retrievers, similarity metrics, or indexing strategies, used in
this study prior to generation.

J. PERFORMANCE EVALUATION
System performance is evaluated across the retrieval, rerank-
ing, and generation stages. We use a mix of ranking-,
coverage-, quality-, and efficiency-related metrics. These
metrics assess retrieval accuracy, answer quality, robustness,
and system efficiency.

1) RECALL@1 (R@1)
Recall@1 measures whether the most relevant document
or passage is ranked first. It reflects the system’s ability
to produce the correct result immediately. This measure is
crucial for reranking and generation performance.

2) MEAN RECIPROCAL RANK (MRR)
MRR evaluates the average inverse rank of the first relevant
result across all queries. It shows how early the correct answer
appears in the ranked list and is sensitive to improvements
beyond the top position.

3) NORMALIZED DISCOUNTED CUMULATIVE GAIN AT 1
(nDCG@1)
nDCG@1 measures ranking quality by considering both
relevance and position, normalized against an ideal ranking.
By focusing on the top-ranked result, it highlights precision
in important retrieval scenarios.

4) COVERAGE
Coverage quantifies the proportion of queries where the
system successfully retrieves at least one relevant document.
This metric reflects retrieval robustness and the ability to
avoid empty or irrelevant result sets.

5) CORRECTNESS
Correctness evaluates whether the generated response
includes accurate information based on the retrieved context.
It captures the system’s reliability and is essential for practical
use.

6) FAITHFULNESS
Faithfulness measures how well generated responses stick
to the retrieved evidence. High faithfulness means less
hallucination and better alignment between the retrieval and
generation stages.

7) RELEVANCE
Relevance assesses how effectively the generated output
answers the user’s query. Unlike correctness, which focuses
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on factual accuracy, relevance emphasizes how well the
response meets user intent and its usefulness.

8) LATENCY
Latency is the average time from start to finish, including
retrieval, reranking, and generation. This metric is key for
evaluating system usability in real-time applications.

9) COST
Cost measures the average computational or API-related
expense per query. It offers insight into the economic
efficiency of different configurations and helps analyze
trade-offs between performance and operational cost.

K. STATISTICAL TESTING
To assess whether observed performance differences are
statistically significant, we apply factorial statistical analysis
across four experimental factors: index type, retrieval strat-
egy, reranker, and similarity metric. To achieve this, we have
performed following performed following statistical test.

1) ANALYSIS OF VARIANCE (ANOVA)
One-way and multi-factor ANOVA tests are used to evaluate
whether performance variations across factor levels are sig-
nificant. The ANOVAF-statistic is defined using equation 10.
A low p-value (p < 0.05) indicates statistically significant
differences between groups.

F =
Between-group variance
Within-group variance

(10)

2) EFFECT SIZE (ETA SQUARED)
To quantify the magnitude of observed effects, eta squared
(η2) is computed using equation 11, where SS denotes
the sum of squares. Large η2 values for retrievers and
similaritymetrics indicate a strong practical impact on system
performance.

η2 =
SSfactor
SStotal

(11)

3) REGRESSION ANALYSIS
Multivariate linear regression is applied to estimate the
directional influence of individual factor levels. Regression
coefficients (β) quantify the contribution of each factor
from equation 12. Positive β values indicate performance
improvements, while negative values reflect degradation.

y = β0 +

∑
j

βjxj + ϵ (12)

IV. SYSTEM IMPLEMENTATION
All experiments were implemented in Python using the
LangChain framework with Milvus as the vector database
backend. Experiments were conducted on a MacBook Pro
with a 2.3 GHz 8-core Intel Core i9 CPU, 32 GB of
DDR4 (2667 MHz) memory, and macOS 15.6.1 oper-
ating system. Dense embeddings are generated using

text-embedding-3-large, while answer generation relies on
gpt-4o-mini with deterministic decoding. Latency and API
costs are recorded separately for retrieval, reranking, and
generation using OpenAI callbacks. We have designed the
RAG pipeline to be fully modular and configurable via
command-line interfaces, enabling controlled variation of
different parameters such as indexing strategy (HNSW,
IVF, SCANN), similarity metric (cosine, inner product,
L2), retriever (HyDE, HyPE, Fusion, Hierarchical), reranker
(LLM-based or cross-encoder), and dataset size. The System
prompt used in this study is shown in Figure 2.

FIGURE 2. Prompt template used for answer generation in all
experiments.

Table 1 shows the Key implementation parameters used
in all experiments. This information can lead to successful
reproducibility.

TABLE 1. Key implementation parameters used in all experiments.

V. RESULTS
A. INDEXING PERFORMANCE ANALYSIS
Table 2 presents the mean performance metrics for the three
indexing strategies: HNSW, IVF, and ScaNN. Among the
evaluated methods, HNSW achieves the highest retrieval
effectiveness, with a Recall@1 of 0.578, Mean Reciprocal
Rank (MRR) of 0.654, and nDCG@1 of 0.578. In compar-
ison, IVF shows slightly lower scores for R@1 and MRR
at 0.564 and 0.638, respectively, while ScaNN performs
marginally better than IVF, with an MRR of 0.640. Coverage
during retrieval follows a similar trend, with HNSW achiev-
ing the highest coverage of 0.796, compared to 0.775 for IVF
and 0.778 for ScaNN. After reranking, the relative ordering
of the indexing methods remains consistent, with HNSW
maintaining superior performance, achieving an MRR of
0.654, over IVF (0.639) and ScaNN (0.640), indicating stable
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retrieval quality across pipeline stages. In terms of generation
quality, HNSW again outperforms the alternatives, achieving
a correctness score of 0.783, a faithfulness score of 0.930,
and a relevance score of 0.866. IVF and ScaNN show
slightly reduced correctness with scores of 0.771 and 0.772,
respectively, for relevance; both models were at 0.856, while
faithfulness remains high and comparable across all methods,
i.e., above 0.927. HNSW exhibits the highest mean latency
at 3.176 seconds, whereas IVF and ScaNN achieve lower
response times of 2.838 and 2.815 seconds, respectively. This
latency analysis reveals a trade-off between effectiveness
and efficiency. The average cost per query remains constant
across all indexing methods at 1.16 × 10−4, indicating that
performance differences are primarily driven by retrieval
behavior rather than computational cost.

TABLE 2. Comparison of mean performance metrics across indexing
methods.

Table 3 compares the performance of four retrieval
strategies across retrieval, reranking, and generation-oriented
metrics. Among all methods, HyPE consistently achieves
the strongest retrieval effectiveness, obtaining the highest
R@1 of 0.686 and MRR of 0.766, outperforming HyDE by
0.087 in R@1 and 0.073 in MRR. HyDE also shows strong
performance, particularly in coverage, achieving 0.858 com-
pared to 0.717 for Fusion and 0.652 for Hierarchical retrieval.
After reranking, HyDE maintains a high MRR of 0.701,
while HyPE remains superior at 0.741. In terms of generation
quality, HyPE achieves the highest correctness with a score of
0.846. Hype achieved the faithfulness score of 0.941 and the
relevance score of 0.918, indicating improved grounding and
answer alignment. Although HyDE incurs higher latency and
cost, HyPE provides the best balance between effectiveness
and efficiency, with the lowest cost of 0.000097 and a
competitive latency of 2.135 seconds.

Table 4 compares the performance of the BGE and
MiniLM rerankers across retrieval, reranking, and generation
metrics. While both models exhibit identical first-stage
retrieval performance with R@1 and MRR scores of
0.570 and 0.644, respectively, substantial differences emerge

TABLE 3. Mean performance metrics across different retrieval strategies.

after reranking. MiniLM significantly outperforms BGE
in reranking with R@1 of 0.687 and MRR of 0.725.
This indicates strong relevance modeling at the cross-
encoder stage. Improvements are also observed in answer
quality metrics, with MiniLM achieving higher correctness,
faithfulness, and relevance with scores of 0.803, 0.939, and
0.879, respectively. In addition, MiniLM demonstrates lower
average latency compared to BGE, while both models incur
identical computational cost.

TABLE 4. Comparison of mean performance metrics for BGE and MiniLM
rerankers.

Table 5 reports the impact of different distance and
similarity metrics on system performance. Inner product
similarity achieves the strongest overall retrieval results, with
an MRR of 0.7087 and nDCG@1 of 0.6328, outperforming
cosine similarity. Cosine similarity remains competitive,
delivering slightly lower retrieval effectiveness but com-
parable generation quality with the faithfulness score of
0.9332. In contrast, L2 distance performs substantially worse
across all metrics, with an MRR of only 0.5213 and reduced
coverage of 0.6758.
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TABLE 5. Comparison of distance and similarity metrics across retrieval,
reranking, and generation performance.

Figure 3 analyzes indexing methods HNSW, IVF, and
ScaNN. HNSW provides slightly better effectiveness, with
higher relevance (0.86) and coverage compared to IVF
and ScaNN. However, this comes with a marginally higher
latency of 3.18 seconds on average. ScaNN offers the
lowest latency of 2.81 seconds while maintaining comparable
correctness and faithfulness, making it a strong choice for
latency-sensitive applications. Cost and token usage remain
stable across all index types, indicating indexing primarily
affects latency–accuracy trade-offs.

FIGURE 3. Impact of indexing methods on system performance.

Figure 4 compares cosine similarity, inner product, and
L2 distance across performance, latency, cost, and token
usage. The inner product achieves the strongest overall
retrieval quality, with higher correctness and relevance of
0.81 and 0.89, respectively, while L2 consistently underper-
forms, showing lower correctness and relevance. Latency
differences are small, with cosine yielding the lowest mean
latency of 2.97 seconds and inner product a slightly higher

latency of 3.03 seconds. Cost and token usage remain nearly
identical across metrics

Figure 5 compares Fusion, Hierarchical, HyDE, and HyPE
retrieval strategies. HyPE consistently delivers the best
results, achieving the highest correctness, relevance, and
coverage scores of 0.85, 0.92, and 0.90, respectively. HyDE
shows competitive effectiveness but incurs significantly
higher latency and token usage, indicating a trade-off between
recall and efficiency. Fusion and Hierarchical approaches
lag behind in both relevance and coverage, underscoring the
benefits of hypothetical embedding-based retrieval strategies.

Figure 6 highlights the impact of reranking models.
MiniLM clearly outperforms BGE in effectiveness metrics,
achieving higher correctness, faithfulness, and relevance.
MiniLM also offers a lower mean latency of 2.76 seconds
compared to BGE’s 3.12 seconds, while the cost remains
identical. These results demonstrate that lightweight cross-
encoders, such as MiniLM, can deliver both higher accuracy
and greater efficiency in second-stage reranking.

Table 6 reports the results of an ANOVA test examining
the effects of Index type, Retriever strategy, Reranker,
and Similarity Metric across all evaluation metrics. The
results indicate that retrieval strategy is the most statis-
tically significant factor affecting retrieval effectiveness.
For instance, retrieval-stage performance metrics such as
R@1 and MRR exhibit highly significant effects for the
retriever factor. In contrast, index type does not exhibit
statistically significant effects across most metrics, such as
R@1retrievalp value is 0.889, and for MRRretrievalp value
is 0.862, indicating that performance differences among
HNSW, IVF, and ScaNN are largely negligible when
compared to higher-level architectural choices. Similarity
metrics show consistent statistical significance across both
retrieval and reranking. This highlights their critical role
in embedding-space matching. Latency and cost metrics
are dominated by the retriever factor, with extremely large
F-statistics, confirming that retrieval design choices primarily
determine system efficiency.

Table 7 summarizes effect sizes using η2 to quantify the
magnitude of each factor’s influence. The retriever has a large
effect on Coverage and Correctness (η2 ≈ 0.31), indicating
that the retrieval strategy accounts for nearly one-third of
the observed variance in these metrics. Similarity metrics
also demonstrate large effects on Coverage (η2 = 0.176)
and Correctness (η2 = 0.156), underscoring their substan-
tive impact beyond statistical significance alone. In con-
trast, index type consistently shows negligible effect sizes
(η2 < 0.01), corroborating the ANOVA results and indicating
that index choice has minimal practical influence on final
system performance.

Table 8 reveals that retrieval strategy and similarity metric
are the dominant contributors to retrieval and coverage per-
formance. Among similarity metrics, inner product exhibits
the strongest positive effect on R@1 and coverage, where β

for R@1 retrieval is 0.030, p value is less than 10−5, while
L2 distance consistently degrades performance with large
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FIGURE 4. Comparison of distance and similarity metrics across performance, latency, cost, and token
usage.

TABLE 6. Factorial ANOVA results showing the statistical significance of Index type, Retrieval strategy, Reranker, and Similarity Metric across all
evaluation metrics.

negative coefficients. Among retrievers, HyPE demonstrates
the largest positive gains across all metrics with β for
R@1 retrieval of 0.050, whereas hierarchical retrieval shows
significant negative effects. Indexing methods (HNSW, IVF,
ScaNN) do not exhibit statistically significant influence,
indicating that retrieval quality is primarily governed by
semantic modeling choices rather than ANN structure.

Table 9 highlights clear trade-offs between system effi-
ciency and answer quality. Inner product similarity signifi-
cantly improves correctness with β, score of 0.016, and p
value of less than 10−5 while also reducing computational
cost, whereas L2 distance both increases cost and sharply
reduces correctness. HyDE substantially increases cost due
to additional generation overhead with β value of 2.4,

while HyPE provides strong correctness gains with lower
cost. TheMiniLM reranker consistently improves correctness
over BGE, confirming its effectiveness as a lightweight yet
accurate reranking model.

VI. RECOMMENDATION
Based on our empirical and statistical findings, we offer
the following practical recommendations for dense retrieval-
based RAG systems under controlled general-domain
settings:

1) Retrieval strategy selection should be prioritized over
index optimization, as retrievers explain the largest
proportion of variance in both retrieval coverage and
generation correctness ( η2 = 0.31).
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FIGURE 5. Comparison of retrieval strategies.

TABLE 7. Effect size analysis (Eta squared, η2) quantifying the relative
impact of Index type, Retrieval strategy, Reranker, and Similarity Metric
on key system performance measures.

2) Inner product or cosine similarity should be preferred
for dense retrieval, while L2 distance should be avoided
due to consistently negative performance effects.

3) Reranking should be applied selectively when down-
stream correctness and relevance are critical, with
lightweight cross-encoders (e.g., MiniLM) offering an
optimal accuracy–latency trade-off.

4) Indexing choices should be guided by latency, scalabil-
ity, and memory constraints rather than expected gains
in retrieval effectiveness.

5) Smaller chunks improve precision and correctness,
while larger chunks reduce latency and cost, making
chunking a context-dependent optimization.

Table 10 shows the summarized recommendation in tabular
form.

VII. DISCUSSION
In this study, results were obtained by keeping the system
parameters constant for the controlled comparisons. The
Chunk size (1,000 characters) and overlap (200 characters)
were selected to balance semantic completeness with retrieval
granularity. Our results reflect a mid-range configuration that
avoids the extremes. Similarly, retrieval depth (top-k) and

reranking thresholds were held constant to prevent interaction
effects from dominating statistical analysis.

Our findings reveal important interactions between RAG
components that are not evident from isolated comparisons.
While weaker retrievers limit the impact of reranking
regardless of model choice, strong retrievers like HyPE
increase their efficacy by providing higher-quality candidate
sets. Similarly, similarity metrics affect retrieval strategies
differently. For example, when paired with hypothetical
embedding-based retrievers, inner-product similarity yields
the largest gains, but under hierarchical retrieval, its advan-
tage diminishes. Reranking and similarity metrics should
be viewed as conditional amplifiers rather than as separate
performance drivers, given these interactions.

Extremely small p-values (e.g., 10−9–10−11) arise due
to large sample sizes and low within-group variance; these
values are consistent with large observed effect sizes.
To improve interpretability, effect sizes (η2) and 95%
confidence intervals are emphasized as primary indicators of
practical significance.

The results highlight a clear hierarchy among RAG
system components. Across all experiments, retriever choice
emerges as the most influential factor, driving large effect
sizes for Coverage and Correctness. Similarity metrics
represent the second most impactful design dimension.
Inner product and cosine similarity consistently improve
retrieval and generation quality, while L2 distance degrades
performance across almost all evaluated metrics. Reranking
contributes meaningfully but selectively. While rerankers
have minimal influence on first-stage retrieval metrics, they
significantly affect reranked performance and generation
correctness. MiniLM demonstrates strong positive effects on
reranked R@1 and Correctness, indicating that lightweight
cross-encoder rerankers can substantially enhance final
answer quality without incurring prohibitive costs. In con-
trast, index choice (HNSW, IVF, SCANN) shows no statis-
tically significant impact on retrieval quality, with negligible
effect sizes acrossmetrics. This suggests that, under sufficient
recall conditions, approximate nearest neighbor structures
primarily trade off latency rather than effectiveness. Changes
in system parameter values may shift absolute metric values,
but the relative dominance of retriever choice and similarity
metric is expected to remain stable, as confirmed by large
effect sizes (η2 > 0.3) observed across configurations.

VIII. CONCLUSION
RAG system is a combination of closely associated compo-
nents working together to solve the problem of LLM halluci-
nation in a large context-aware application. The components
(Retrievar, Reranker, Similarity metrics, Data size, Indexer)
that form a RAG system vary based on the application.
So it is important to understand the impact and the different
types of these components. To create a framework and
provide tangible recommendations, experiments must be
conducted across a variety of configurations. In this study,
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FIGURE 6. Performance comparison between BGE and MiniLM rerankers.

TABLE 8. Multivariate regression analysis showing the influence of indexing method, similarity metric, retrieval strategy, reranker, and dataset size on
retrieval and coverage performance.

we conducted controlled experiments with a variety of
RAG components, evaluated performance, and assessed the
significance of different RAG components using ANOVA,
effect size analysis, and regression modeling. We disentangle
the relative importance of pipeline components and quantify
their impact on both retrieval and generation performance.
Our results demonstrate that retriever and similarity metric
choices dominate system behavior, while index structures
play a largely infrastructural role. Reranking improves down-
stream quality but should be applied judiciously. Based on
these results, we provide actionable guidance for researchers
and practitioners building scalable, high-quality generative
systems.

IX. LIMITATIONS
There are several limitations to this study. First, results
may not generalize well to multilingual or domain-specific
corpora because evaluation is conducted on a general-domain
English dataset (SQuAD). Second, to minimize experimental
complexity, chunking parameters and retrieval depths are
fixed; different configurations may yield different absolute
performance values. Third, although controlled analysis is
supported by the generation model’s (gpt-4o-mini) deliberate
lightweight design, stronger generators may yield greater
downstream gains. We are using a single embedding model
for controlled experiments, which is one of the limitations to
full generalization.
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TABLE 9. Regression coefficients analyzing the effect of system
components on computational cost and answer correctness.

TABLE 10. Recommendation for rag system based on this study.

X. FUTURE WORK
Future work will extend this analysis to multilingual settings,
larger-scale corpora, and domain-specific data such as
HotpotQA, Natural Questions, and MS MARCO. The work
can also be extended by adding more parameters and
demonstrating that its findings are transferable to other
configurations and datasets. We also plan to study parameter
sensitivity more explicitly by varying chunk sizes, overlaps,
and retrieval depth. Future experiments will also evaluate
whether stronger generation (GPT-4, GPT-5, Claude, etc.)
models increase or decrease upstream retrieval effects. This
will clarify the separation between retrieval-driven and
generation-driven performance gains in RAG systems.
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