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Abstract—Retrieval Augmented Generation (RAG) augments
large language models using external knowledge at the inference
stage to increase factual accuracy and reduce hallucinations.
Most existing RAG models employ dense vectors for information
retrieval, which facilitates semantic matching at the expense of
increased computation costs, latency, and lack of transparency.
In our paper, we propose a novel vectorless RAG system which
replaces embedding-based retrieval with conventional informa-
tion retrieval methods such as full-text matching, BM25 ranking,
and keyword matching. We conduct experiments comparing
vector-based and vectorless models under identical conditions
in terms of the underlying document pool, pre-processing steps,
and language model. The comparison is carried out using several
performance criteria such as latency, faithfulness, diversity,
keyword alignment, and semantic relevancy. Experiment results
show that the proposed vectorless model achieves competitive
performance while providing advantages in terms of efficiency,
interpretability, and grounding.However, it exhibits limitations
in handling semantically complex queries. These findings suggest
that vectorless retrieval is well-suited for precision-driven and
resource-constrained applications, and that hybrid approaches
may further enhance performance.

Index Terms—Retrieval-Augmented Generation (RAG), Vec-
torless Retrieval, BM25, FAISS, Semantic Search, Lexical Re-
trieval

I. INTRODUCTION

Retrieval-Augmented Generation (RAG) has been identified
as an effective technique for boosting the performance of
Large Language Models (LLMs) through the incorporation
of external knowledge during inference [17]. By retrieving
relevant documents and utilizing them in conjunction with the
context of the model, RAG has proven effective in boosting
the factual accuracy and reliability of language models [17].
As such, RAG has become an integral aspect of applications
such as question answering and search [2].

Most of the existing techniques for implementing RAG
have been based on vector-based techniques that allow for the
representation of queries and documents as vectors in high-
dimensional space [2], [8]. By utilizing vector databases such
as FAISS, language models can be enabled to search for rele-
vant information based on contextual relevance despite the lack
of exact keyword matches [7], [11]. Although this technique
has proven effective in boosting the performance of language
models in dealing with complex and paraphrased queries,
there are many challenges associated with its implementation,
including increased latency and lack of interpretability [6],
[15].

On the other hand, classical information retrieval approaches
such as BM25 and full-text search provide efficient and clear
alternatives based on lexical matching and statistical scoring
[5], [6]. However, despite the demonstrated success of these
approaches, RAG systems have largely ignored their use, with
the majority of systems continuing to rely on embedding-
based retrieval [6]. This highlights a critical gap in current
research, where effective and interpretable lexical methods
remain unexplored within modern RAG pipelines.

Thus, the central research question addressed in this paper
is whether vectorless information retrieval approaches can pro-
vide a viable alternative to embedding-based retrieval methods
in RAG systems. To address this question, this paper proposes
a vectorless RAG system that relies on PostgreSQL full-
text search, BM25 scoring, and keyword overlap as lexical
information retrieval mechanisms. Unlike classical RAG ap-
proaches that depend on dense embedding generation, the pro-
posed system eliminates embeddings entirely, thereby improv-
ing computational efficiency and enhancing interpretability. In
order to ensure a fair and controlled evaluation, both vector-
based and vectorless retrieval approaches are implemented



within a unified framework, allowing them to share the same
document corpus, preprocessing steps, and language model.

The contributions of this work are as follows. First, a
fully embedding-independent Retrieval-Augmented Genera-
tion architecture is introduced, relying on classical information
retrieval techniques such as full-text search, BM25 scoring,
and keyword overlap for document ranking. Second, a unified
comparison framework is developed to enable objective eval-
uation of vector-based and vectorless approaches under equiv-
alent conditions. Third, a hybrid lexical ranking approach is
proposed to improve the precision of lexical retrieval methods.
Lastly, the experiments are conducted using various measures,
such as latency, faithfulness, diversity, keyword similarity, and
semantic relevancy. In the end, the experiment provides sig-
nificant insight regarding the balance between lexical accuracy
and semantic comprehension in retrieval models.

II. RELATED WORK
A. Limitations of Vector-Based Semantic Retrieval

Most of the RAG frameworks are reliant on vector databases
and dense embedding techniques in order to compute the
semantic similarity between the user query and the docu-
ment snippets [2], [7]. While useful in generalized applica-
tions, recent studies have shown significant shortcomings in
terms of both structure and performance pertaining to the
embedding-only retrieval paradigm [1], [3]. The embedding
models typically work as rigid “black box” mechanisms that
poorly comprehend complex semantic contexts, thus leading
to information retrieval that may be semantically wrong but
syntactically similar [3]. In addition, in the case of specialized
domains, the generic embeddings generated using large lan-
guage models often do not encompass the intricacies specific
to the domain; it has been observed through experimental
results that the retrieval relationships are largely based on
token-level similarity rather than semantic correlation [4].
Apart from accuracy issues, the vector-based approach incurs
significant computational overhead, faces high dimensionality
problems, and requires considerable storage space.

B. Vectorless and Embedding-Free RAG Architectures

In order to address the problems of computational overhead
and difficulties with domain adaptation when using vector
databases, several recent solutions suggest “vectorless” or
“embedding-free” approaches to retrieval tasks [3], [4], [10].
Specifically, the Embedding-Free RAG system replaces the
embedding step altogether by asking a language model to
generate exact quotation references from the document itself
and then uses fuzzy matching techniques, like Levenshtein
distance, to align those references to the source index po-
sitions [3]. Another way is presented in the Prompt-RAG
framework, which skips the vector embeddings completely,
feeding a document’s Table of Contents to a prompt, so that
a language model can find the right section headings inde-
pendently [4]. Finally, another solution called ELITE involves
language model-assisted iterative text searching with classic
word overlap algorithms to achieve successful information

retrieval, proving that vectorless approaches can significantly
speed up the response time and require less storage space while
maintaining high retrieval performance [1].

C. BM25 and Classical Lexical Retrieval

In situations where there is a lack of dense embeddings,
the classical information retrieval approaches such as BM25
continue to perform very well as far as the retrieval func-
tion of the RAG approach is concerned [5], [6]. Unlike
the conventional TF-IDF technique, BM25 overcomes some
of the challenges associated with document length variation
by incorporating document length normalizations and term
frequency saturation, leading to an equilibrium measure of
lexical similarity [5]. Evaluations done using various BM25
models such as BM25L, BM25+, and BM25-adpt have shown
that when appropriately fine-tuned through such mechanisms
as stemming and relevance feedback, these classical ranking
functions are quite precise [5].

D. Systematic Evaluation of RAG Pipelines

However, with the increasing variety of RAG models, recent
literature calls for the development of standardized, multi-
faceted evaluation criteria that facilitate comparative studies
among different retrieval methods [17]. Methodologies exe-
cuting parallel pipelines over a shared document corpus and
a common LLM generator have been successfully used to
isolate the impact of the retrieval mechanism itself [14], [15].
For example, recent comparative studies have benchmarked
different retrieval strategies against metrics such as faithful-
ness, answer relevance, context relevance, factual correctness,
and latency [7], [9]. Evaluations comparing native vector
database retrieval against different indexing methods (such
as HNSW vs. Inverted Files) have shown that the underlying
retrieval algorithm directly impacts the relevance and latency
of the final generated response [7]. Our proposed methodology
builds upon these foundations by establishing a controlled,
dual-pipeline environment to explicitly measure the trade-
offs between lexical vectorless retrieval and embedding-based
semantic retrieval [11], [12].

IIT. METHODOLOGY

The methodology adopted in this study for the development,
deployment, and evaluation of vectorless and vector-based
Retrieval-Augmented Generation (RAG) systems is presented
in this section.Thus, the purpose is to design a systematic
and well-structured environment that allows for a balanced
comparison of lexical retrieval systems and embedding-based
semantic retrieval systems [11], [17]. To achieve this goal, two
pipelines are designed using an identical corpus of documents
where the same preprocessing and language model are used
to generate responses; therefore, the retrieval system becomes
the only parameter under test [14], [15].

Moreover, the methodology determines the components of
each pipeline regarding how documents are processed, the
mechanism through which information is retrieved from a
pool of documents, the technique used to compute scores,



and context generation approaches [1]. A comparison envi-
ronment will also be defined that allows for implementing
both systems simultaneously and obtaining structured results
[9], [15]. Finally, an assessment protocol is designed that
allows measuring the efficiency of the systems in relation
to measures like latency, fidelity, relevance, diversity, and
the retrieval process itself [10]. This structured methodology
ensures reproducibility and consistency [14], [16], while also
enabling a detailed examination of the trade-offs between
vectorless and vector-based RAG approaches in terms of cost,
performance, and retrieval accuracy [15], [16].

A. Problem Formulation and System Overview

Retrieval-Augmented Generation (RAG) systems aim to
enhance the response quality of large language models by
incorporating external knowledge during inference [2], [17].
Given a user query, the system retrieves a set of relevant
documents, which are then used as contextual input to generate
an answer [1], [3]. This retrieval-and-generation paradigm im-
proves factual accuracy and reduces hallucinations by ground-
ing responses in external data sources [17].

In this study, we define the task as a comparative assessment
of two distinct retrieval paradigms: (1) vector-based semantic
retrieval and (2) vectorless lexical retrieval [7]. Both methods
are implemented under identical conditions, including the use
of the same document corpus, preprocessing and chunking
strategies, and language model for answer generation [10].
This setup guarantees the fairness and control of the exper-
iment, where the retrieval process is considered the main
variable being tested [10].

The suggested model includes two independent pipelines of
retrieval-augmented generation (RAG), one for each paradigm
described above [14], [15]. Both pipelines follow the same
design, consisting of stages such as query, retrieval, context
formation, and response generation [14]. The entire pipeline
is executed from one common API endpoint for processing
one query independently through both models and making a
comparison between the two paradigms [12], [15].

B. Retrieval Pipelines

In this study, two retrieval methods will be used: vector-
based semantic retrieval method and vectorless lexical retrieval
method. As illustrated by the diagram above, both methods
use the same preprocessed document collection and have
similar processes in their downstream stages, which include
context creation and language model creation. In this case,
while vector-based methods exploit dense vectors to represent
semantic similarities, vectorless methods employ standard
information retrieval methods that focus on lexical similarities.
The following paragraphs analyze both types of methods.

1) Vector-Based Retrieval Pipeline: The vector retrieval
pipeline makes use of the dense retrieval technique wherein
both documents and queries are represented as dense vec-
tors. Each document segment is converted into dense vectors
through the sentence-transformers model (’all-MiniLM-L6-
v2”). The process allows for capturing the semantic relation-
ship between each of the document segments. To improve
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Fig. 1. System Architecture of the Dual-Pipeline RAG Framework

interpretability and stability of the scoring function, the raw
distance metric is converted into a similarity score by applying
an inverse scaling function. This transformation ensures that
smaller distances correspond to higher similarity values. The
vector-based approach enables robust semantic matching, al-
lowing the system to retrieve contextually relevant documents
even when there is minimal lexical overlap between the query
and the document content. However, this comes at the cost of
increased computational overhead and reduced transparency in
retrieval scoring.

These embeddings are stored using a FAISS index (In-
dexFlatL2), which allows for efficient nearest neighbor search
in high-dimensional space. During query execution, the query
is encoded using the same sentence-transformers model, and
the top-k nearest document embeddings are retrieved based on
L2 distance.
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Fig. 2. Workflow diagram of the proposed dual-pipeline RAG system
illustrating query processing, retrieval, and response generation stages.

2) Vectorless Retrieval Pipeline: In the vectorless retrieval
pipeline, the generation of embeddings is not required, and
classical information retrieval methods are used for efficient
and interpretable document ranking. The process begins with
document preprocessing, where the input documents are con-
verted into clean text and then divided into semantically mean-
ingful chunks of 300-500 tokens, with overlapping windows
to ensure contextual continuity.These chunks are stored in a
PostgreSQL database, where a full-text search (FTS) index is
created using a GIN structure. Initially, the retrieval process
uses PostgreSQL’s FTS mechanism, which assigns a relevance
score based on the lexical overlap between the query and the
document content.

In order to further enhance the efficacy of the retrieval
process, the BM25 algorithm is used for scoring purposes. In
addition, a keyword overlap score is computed to measure the
overlap ratio between the query and the document chunks.A
weighted hybrid ranking approach is then used, combining
these three scoring methods:

Final Score = 0.5 x FTS + 0.3 x BM25 + 0.2 x Keyword
Overlap

This hybrid approach improves retrieval precision by bal-
ancing statistical relevance with direct lexical alignment. Un-
like embedding-based methods, the vectorless pipeline offers
greater interpretability, lower computational cost, and con-
sistent latency, making it particularly suitable for resource-
constrained and real-time applications.

C. Dual-Pipeline Retrieval Architecture and Workflow

Figure 2 below shows the architectural layout of the RAG
system proposed, which includes two retrieval pipelines that
run in parallel - vector-based semantic retrieval and vectorless
lexical retrieval. The two pipelines process the same query as
an input but have a shared preprocessing step to ensure a fair
comparison between the two methods.

For the vector-based retrieval approach, the input query
is first preprocessed and then passed through a MiniLM
language model to produce a dense representation of the
input. The vectorized representation is then compared to the
document representations stored in a FAISS index using the

L2 distance metric to retrieve the top-k document chunks
that are semantically similar to the input query. On the other
hand, the vectorless retrieval system does not employ vector-
ized representation but uses traditional information retrieval
techniques. First, the query is preprocessed and the important
keywords are extracted before being passed to PostgreSQL for
full-text search. The retrieved documents are ranked using a
combination of BM25 and keyword matching scores and the
top-k lexically relevant documents are chosen.

This design ensures that the basic distinction between se-
mantic and lexical approaches in retrieval is maintained while
preserving the consistency of evaluation criteria.

IV. RESULTS AND DISCUSSION

The evaluation of the experiments focuses on comparing
the performance of both vectorless and vector-based retrieval
approaches using the RAG framework. The experiment was
conducted through a consistent comparison framework, where
both methods were tested in the same environment with a cer-
tain number of sample queries. Evaluation of the experiment
was done through a multidimensional evaluation process. In
this part of the discussion, we will focus on the results obtained
from our experiment and further analyze the performance and
limitations of both methods.

A. Experimental Results Overview

To evaluate the effectiveness of the proposed vectorless and
vector-based RAG pipelines, a set of representative queries
covering a wide range of object detection concepts and techni-
cal topics was used. These queries were designed to represent a
variety of scenarios, from keyword-based to semantically com-
plex queries, which would provide a comprehensive evaluation
of the two proposed retrieval paradigms. The experimental
results for the proposed systems were collected from multiple
aspects, including latency, answer length, keyword overlap,
faithfulness, diversity, and semantic relevance, among others.
These experimental results were designed with a focus on
different aspects of the proposed systems, from the efficiency
of the proposed systems in terms of latency and answer length,
through the accuracy of the proposed systems in terms of
keyword overlap, faithfulness, diversity, and relevance, among
others, to a comprehensive understanding of the proposed
systems in terms of a multi-dimensional evaluation of the
experimental results.

B. . Quantitative Comparison

The quantitative results show the performance characteris-
tics of each retrieval paradigm. The vectorless RAG system
has lower and more consistent latency, mainly because of the
lack of embedding generation and vector similarity compu-
tation. On the other hand, the vector-based retrieval pipeline
experiences additional computational cost, resulting in higher
and less consistent response times.

Regarding answer quality, the vector-based retrieval pipeline
generates longer and more detailed answers. This is due to its
capacity to access semantically rich and contextually broader



TABLE I
EVALUATION METRICS

/ Total answer content

Metrics Definition Purpose

Latency Time taken for end-to-end | Measures systen
query processing efficiency

Answer Length Number of words in gen- | Indicates response com
erated answer pleteness

Keyword Overlap |Query M | Measures lexical align
Answer|/|Query| ment

Faithfulness Supported answer content | Evaluates grounding ir

sources

Context Coverage

Contribution of retrieved
context to answer

Measures context utiliza
tion

Radar Chart: Vectorless vs Vector RAG
Faithfulness

Diversity

generated answer tion

Diversity Unique chunks / Total re- | Indicates retrieval variety
trieved chunks
Redundancy Repetition ratio within | Measures answer repeti

Semantic Relevance | Cosine similarity (query,

retrieved chunks) ment

Evaluates semantic align

Retrieval Success 1 if relevant sources re-
trieved, else 0

tiveness

Measures retrieval effec Keyword O

information. However, this does not directly imply higher pre-
cision. The vectorless pipeline shows a much higher keyword
overlap and faithfulness, indicating a stronger relationship to
the query and source documents.

A notable difference is seen in retrieval diversity. The
vectorless pipeline retrieves near-complete diversity, while the
vector-based pipeline retrieves semantically similar or over-
lapping chunks. This results in lower diversity and possible
redundancy of the context. Overall, the results indicate a
significant trade-off between the advantages of the vector-
based approach in terms of semantic understanding and answer
richness, and the benefits of the vectorless approach in terms
of efficiency, interpretability, lexical alignment, and grounding.

TABLE II
QUANTITATIVE PERFORMANCE COMPARISON

Metric Vectorless RAG | Vector RAG
Latency | 0.90 0.55
Answer Length 0.65 0.82
Keyword Overlap 0.88 0.70
Faithfulness 0.85 0.75
Diversity 0.98 0.40
Semantic Relevance 0.60 0.92
Retrieval Success 1.00 1.00

C. Latency, Efficiency, and Retrieval Quality Analysis

Latency is an important consideration for RAG systems,
particularly in the context of real-time systems. The perfor-
mance of the proposed vectorless pipeline was shown to be
more efficient and lower-latency compared to the vector-based
pipeline. The main reasons for this performance superiority
are the reduction of embedding generation and vector simi-
larity computation, which are computationally expensive. The
use of full-text search and BM25 scoring of PostgreSQL is
advantageous and efficient, particularly for real-time systems
and low-resource environments.

Semantic

Fig. 3. Performance comparison using radar chart across evaluation metrics.

Besides efficiency, it is also important to note the differences
in retrieval quality between the two approaches. The proposed
vectorless pipeline was shown to perform well in keyword
overlap and faithfulness, indicating that the quality of the
retrieved documents is highly aligned with the query and the
quality of the generated response is well-grounded.

On the other hand, the vector-based approach excels in
semantic relevance, where it can successfully retrieve con-
textually related information even without the presence of
keyword matching. This gives the vector-based approach
more flexibility and robustness in dealing with paraphrased
information. However, this semantic relevance may also be
a drawback for the vector-based approach, where precision
may be compromised by the presence of contextually related
information that may not be directly related to the query.

Based on the discussion above, a trade-off between the two
approaches can be established: the vector-less approach excels
in efficiency and precision, while the vector-based approach
excels in semantic relevance.

D. Visual Performance Comparison and Analysis

Comparison of the Vectorless and Vector-Based RAG Re-
trieval Methods in Terms of Performance A comparison be-
tween the vectorless and vector-based RAG retrieval methods
is presented in terms of their comparative performance using
a radar chart, as shown in Fig.2 below.

From the radar chart, it is clear that the vectorless RAG
method outperforms the vector-based RAG method in terms
of latency and diversity. The high diversity value implies that
the vectorless RAG method can retrieve a large number of
distinct chunks of documents.

In contrast, the vector-based RAG system outperforms in
terms of keyword overlap and faithfulness, implying that its



outputs are more related to the terms used in the queries and
grounded on the extracted data. Furthermore, the vector-based
model performs slightly better in semantic relevance due to
its ability to understand context beyond keywords.

On the other hand, the vectorless system scores relatively
low in semantic relevance due to its inability to deal with
paraphrases and semantically complex queries. Moreover, the
vector-based model scores relatively low in diversity because
of the similarities and overlaps of documents that the vectors
generate. Overall, the radar chart clearly highlights the trade-
off between efficiency and semantic understanding.This visual
comparison reinforces the conclusion that the choice between
the two approaches should be guided by application-specific
requirements.

V. CONCLUSION AND FUTURE WORK

This paper proposes an extensive study of the capabilities
of vectorless as well as vector-based approaches in the context
of RAG. The study of these two approaches within a single
architecture facilitates an objective comparison of lexical as
well as semantic information retrieval approaches. The pro-
posal of the vectorless approach, leveraging full-text search,
BM25 scoring, as well as keyword overlaps, proves that
information retrieval approaches can function as an alternative
to embedding-based approaches in RAG. The experimental
study of these two approaches indicates that there is an obvious
trade-off between them. While the vector-based approach is
better suited to semantic information retrieval as well as
abstract query processing, the vectorless approach is better in
terms of response time, interpretability, as well as grounding
in response content. Additionally, the vectorless approach is
better in terms of response diversity as well as redundancy in
document chunks.

This indicates that information retrieval approaches can
function as an alternative to embedding-based approaches in
RAG. In spite of this, it is evident that this method is not
without limitations in dealing with semantic variations and
complex linguistic expressions. This further reiterates that no
single method is superior to all others, and the choice of
method should be based on the requirements of the application.
For applications that require precision and efficiency, this
method is highly effective. However, for applications that
require semantic understanding, this method may not be as
effective compared to other methods, such as the vector
method.

As future work, hybrid methods for information retrieval
will be proposed to combine the advantages of both methods.
Moreover, further research can be conducted to optimize this
method and to utilize more sophisticated language models
to enhance this method. Also, further experiments will be
conducted to evaluate this method on more extensive data
to further analyze this method. In conclusion, this study
proves that revisiting classical methods for information re-
trieval within the RAG framework provides new opportunities
for developing efficient, interpretable, and highly performing
Al systems.
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