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Abstract—Large Language Models (LLMs) offer strong capa-
bilities for Natural Language Processing, yet their inherent uncer-
tainty often produces hallucinations, confident but incorrect state-
ments, which is critical in domains requiring precise knowledge
representation. Retrieval-Augmented Generation (RAG) reduces
this risk through information retrieval, but standard pipelines
still suffer from fragmented context and weak alignment between
queries and legal provisions, limiting trustworthy knowledge
extraction. This study proposes a Metadata-Aware RAG archi-
tecture to improve grounding in large legal corpora. It inte-
grates: 1) Sub-chunking with Legal Metadata Inheritance, which
transforms unstructured legal PDFs into granular, metadata-rich
fragments; and 2) an Adaptive Filter Creator, a pipeline that
extracts structured constraints and compiles optimized hybrid
retrieval queries. These components enhance semantic alignment,
reduce uncertainty-driven hallucinations, and strengthen neural
information retrieval. Using a curated Peruvian labor law corpus
and 150 manually validated question–answer pairs, the system
was evaluated across three LLMs (Llama-3.1-8B, GPT-OSS-20B,
Gemma-3-27B). The proposed architecture achieves double-digit
improvements over a Naive RAG baseline across all four RAGAS
metrics—Context Precision, Context Recall, Factual Correctness,
and Faithfulness—with gains ranging from 13.10% to 28.15%;
notably, Faithfulness surpasses 0.90 for Gemma-3-27B. Statistical
analysis confirms significance (t(11) = 15.49, p = 4.06 × 10−9)
with an extremely large effect size (Cohen’s d = 4.47). Regression
results show minimal influence of model size (slope < 0.005),
indicating that retrieval design has a stronger influence than
parameter count in the evaluated setting.

Keywords—RAG; Retrieval-Augmented Generation; LLMs; le-
gal question answering

I. INTRODUCTION

Workers’ limited knowledge of their own rights remains
a persistent barrier to fair and dignified employment. In-
formational asymmetries between employers and employees
can translate into inconsistent treatment and tangible harm
to workers [1]. In many contexts, employees are unaware of
basic protections (e.g., those in the Employment Act 1955),
which in turn fuels dissatisfaction and workplace disputes
[2]. Evidence further indicates that workers with stronger
knowledge of employment law are more inclined to advocate
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for change: seeking higher wages, better regulation, and im-
proved conditions, and that union members, who often have
superior access to information, are especially likely to act on
this knowledge [3], [4]. Better-informed employees also tend
to display deeper organizational commitment, suggesting that
knowledge dissemination is not only a matter of rights but also
of organizational health [5]. Yet the landscape is dynamic and
complex: frequent legal updates, incomplete information, and
perceived withholding of information pose substantial obsta-
cles to workers becoming fully informed [4]. These factors
call for stronger strategies by employers and policymakers
to democratize access to labor-rights information, including
comprehensive resources that integrate legal and economic
perspectives to help workers navigate compliance complexities
across jurisdictions [6].

Conversational agents (chatbots) offer a promising channel
for narrowing these gaps at scale. Their always-on availability
provides continuous support, enabling workers to explore
policies, procedures, and rights without waiting for human
agents [7], [8], [9], [10]. At the same time, responsible de-
ployments must retain a human-in-the-loop for configuration,
training, and escalation of complex or out-of-scope queries [7],
[11]. Personalization can further increase impact by tailoring
explanations to an individual’s role, context, or language
preferences, while automation of repetitive informational tasks
ensures consistent, timely guidance [12]. Effectiveness also
hinges on usable interaction: clear language, intuitive navi-
gation, and supportive interface cues reduce cognitive load
and help users find what they need [13]. Interactive feedback
loops improve clarity and answer quality over time, and trust
must be cultivated through consistency and transparency so
that workers consider the chatbot’s outputs reliable [14], [15].

A core obstacle to trust, however, is the phenomenon
of hallucinations in large language model (LLM) systems:
confidently stated but incorrect, illogical, or fabricated asser-
tions [16], [17], [18], [19]. Hallucinations often arise from
insufficient or biased training data and from the predictive
nature of generative models, which optimize for fluency rather
than grounded factuality [19], [17]. The legal domain’s com-
plexity and variability exacerbate these risks: nuanced statutory
language, exceptions, temporal validity, and jurisdictional de-
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pendencies challenge purely generative approaches [20]. The
consequences are non-trivial. Misinformation on labor rights
can produce adverse legal and social effects, undermining user
safety and institutional legitimacy [16], [17], [21]. Robust ver-
ification and validation workflows, augmented with contextual
indicators and embedded markers, help constrain generation
and surface provenance, thereby reducing the likelihood and
impact of hallucinations [16], [18], [21].

Retrieval-Augmented Generation (RAG) has emerged as
a practical mitigation strategy by grounding model outputs
in authoritative, up-to-date sources at inference time [22],
[23], [24]. In the legal domain, RAG improves accuracy and
relevance by integrating external knowledge directly into the
generation loop, a critical property when answering complex
questions that demand precise citations and scope conditions
[25], [26], [27], [28]. Compared with static fine-tuning, RAG-
enabled assistants can draw from evolving corpora (statutes,
regulations, jurisprudence, administrative guidance), thereby
improving currency and reducing drift [27], [28], [29]. Evaluat-
ing such systems also requires adapted frameworks and metrics
sensitive to retrieval-grounded reasoning [30]. When properly
engineered, RAG-based legal chatbots can deliver expert-like
answers while curbing hallucinations by privileging reliable
documents during response synthesis [28], [31], [32].

Beyond model and prompt design, the quality of a RAG
system hinges on how the corpus is partitioned (“chunking”)
and queried. Chunks that are too coarse dilute topical focus;
chunks that are too fine lose essential legal context and citation
anchors. Retrieval quality further depends on whether index
structures preserve jurisdictional and versioned metadata and
whether query-time filters can faithfully express the question’s
scope. Consequently, improvements in both storage (how doc-
uments are chunked and represented in the vector database)
and search (how queries are mapped to structured constraints)
have first-order effects on context Recall, context Precision,
answer Faithfulness, and factual Correctness.

These limitations reveal a gap in current legal RAG ap-
proaches: existing pipelines do not systematically exploit the
hierarchical structure and legal metadata of source documents
to jointly guide document representation and query-time re-
trieval. To address this gap, this study makes three main scien-
tific and technical contributions. First, it introduces a metadata-
aware legal document representation based on hierarchical sub-
chunking with legal metadata inheritance, preserving clause-
level context and provenance during document segmentation
and vector indexing. Second, it proposes an Adaptive Filter
Creator that extracts structured constraints from user queries
and combines them with hybrid similarity-based retrieval, pro-
gressive filter relaxation, and cross-encoder reranking. Third,
it provides an empirical evaluation of the proposed retrieval
architecture against a Naive RAG baseline across three contem-
porary open-weight LLMs of different scales, using Context
Precision, Context Recall, Factual Correctness, and Faithful-
ness, complemented by statistical analysis of the observed
improvements. Together, these contributions provide a retrieval
architecture designed to improve the factual grounding, con-
textual relevance, and reliability of legal question-answering
systems.

The remainder of this study is organized as follows. Section
II presents the related work and research background. Section

III describes the proposed Metadata-Aware RAG architecture
and its main components. Section IV presents the experimental
methodology, dataset, evaluation metrics, and implementa-
tion details. Section V reports and analyzes the experimental
results, followed by a discussion of their implications and
limitations. Finally, Section VI presents the conclusions and
directions for future work.

II. BACKGROUND

A. Large Language Models

Large Language Models (LLMs) are neural sequence mod-
els trained to predict the next token in text. Given a tokenized
sequence x1:T over a vocabulary V , an LLM learns a condi-
tional distribution:

pθ(xt | x<t) = softmax
(
W ht + b

)
(1)

where, ht is the hidden state at position t and W, b project
to |V| logits. Training maximizes the likelihood of observed
text (equivalently minimizes cross-entropy):

LLM(θ) = −
∑

(x1:T∼D)

T∑
t=1

log pθ(xt | x<t) (2)

LLM(θ) = H(pdata) + KL
(
pdata ∥ pθ

)
(3)

so the model approximates the data distribution pdata by
minimizing KL(pdata∥pθ) in expectation over the training cor-
pus D.

B. Hallucinations

Despite strong fluency, LLMs can generate confident but
incorrect content. In our legal/labor rights context, the principal
drivers are:

1) Objective mismatch: The learning target is likelihood
under pdata, not truth. Because the expectation in LLM is
over real data, assigning probability mass to plausible-but-false
strings outside pdata is not directly penalized. This favors fluent,
distributional plausibility over verified factuality.

2) Noisy / incomplete corpora: Pretraining data may con-
tain errors, outdated laws, or conflicting jurisdictions; the
model internalizes such patterns.

3) Distribution shift: Legal facts are temporal (effective
dates, amendments). Queries about post-cutoff changes require
knowledge the model never saw; it may extrapolate incorrectly.

C. Embeddings

An embedding is a vector representation of a discrete
object (token, sentence, document) that places semantically
related items close together in a continuous space. Formally,
an encoder/embedding model fϕ maps text x to a point in Rd:

z = fϕ(x) ∈ Rd. (4)
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Such that semantic similarity in language corresponds
to geometric proximity in the vector space. Concretely, an
embedding model implements a function fϕ : X → Rd that
produces a fixed-length representation z = fϕ(x) for input x,
typically normalized to ∥z∥2 = 1 to enable cosine or inner-
product similarity. Unlike autoregressive LLMs that generate
sequences, embedding models encode inputs into vectors that
can be indexed and searched efficiently.

D. Retrieval-Augmented Generation (RAG)

A fundamental limitation of large language models is
their bounded context window: they can only process a finite
number of tokens in a single pass. This constraint precludes the
possibility of simply feeding all relevant documents into the
prompt, especially when working with large or multi-document
corpora. To address this, a Retrieval-Augmented Generation
(RAG) pipeline augments an autoregressive language model
with a simple dense-retrieval step. Documents are preprocessed
into fixed-size chunks and embedded; at inference, the query is
embedded, the top-k nearest chunks are fetched, concatenated
with the query, and passed to the LLM to generate an answer.

Let C = {di} be chunked documents with embeddings
zi = fϕ(di). For a query x with embedding q = fϕ(x),
retrieval is:

Ck(x) = arg top-k
d∈C

s(x, d) (5)

s(x, d) = q⊤zd =
⟨fϕ(x), fϕ(d)⟩
∥fϕ(x)∥ ∥fϕ(d)∥

(6)

The generator conditions on the query and retrieved context
Ck:

pθ(y | x,Ck) =
∏
t

pθ
(
yt | x,Ck, y<t

)
(7)

and the answer ŷ is obtained by decoding (e.g., greedy or
top-p sampling).

1) Typical design in practice: A naive RAG baseline typi-
cally chunks documents into fixed-length windows (e.g., N to-
kens) with small overlaps and minimal cleaning; indexes each
chunk in a vector database by storing its embedding–identifier
pair (zd, doc-id) and enabling approximate nearest-neighbor
(ANN) search; performs retrieval via pure dense similarity;
assembles the prompt by stuffing, i.e., concatenating the top-k
chunks into a single context block; and decodes with standard
LLM settings (e.g., fixed temperature) without explicit verifi-
cation or abstention logic. The main pipeline is illustrated in
Fig. 1.

Fig. 1. Naive RAG.

However, this naive configuration introduces several well-
known limitations. First, the use of fixed-size chunking with
minimal preprocessing often leads to fragmented context,
redundancy, or inclusion of irrelevant text, which degrades re-
trieval accuracy [33]. Second, relying solely on dense similar-
ity for approximate nearest-neighbor (ANN) search increases
the risk of retrieving semantically similar but contextually in-
appropriate passages [33]. Third, the practice of prompt “stuff-
ing” by concatenating top-k chunks into a single context block
frequently results in noisy or incoherent inputs to the LLM,
especially when the retrieved passages overlap or conflict [33].
Moreover, decoding with fixed hyperparameters and without
any verification or abstention mechanisms makes the system
highly vulnerable to hallucinations and ungrounded responses
[34]. Collectively, these limitations constrain the effectiveness
and robustness of naive RAG pipelines, particularly in domain-
specific or compliance-sensitive enterprise scenarios [34].

III. PROPOSED METADATA-AWARE RAG ARCHITECTURE

The proposed approach consists of a Retrieval-Augmented
Generation architecture designed to address the limitations
previously identified in conventional RAG pipelines, often
referred to as naive RAG configurations. Fig. 3 shows the
pipeline of our proposal. The approach is structured around
two core components.

A. Sub-Chunking with Legal Metadata Inheritance

Our processing approach employs a multi-step method that
transforms unstructured documents into enriched fragments,
ready for indexing. The process is illustrated in Fig. 2, and
comprises the following steps:

1) Document transformation: The process begins with
unstructured documents. In an initial stage, these files are
converted to an intermediate format, like Markdown (.md).
Subsequently, a preprocessing phase is conducted to clean
the text by removing headers, footers, and other irrelevant
elements. This step is performed either algorithmically or
manually, as required.
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Fig. 2. Sub-chunking with legal metadata inheritance.

Fig. 3. Metadata-aware RAG (our proposal).

2) Hierarchical segmentation and metadata extraction:
Next, a hierarchical splitting technique is applied to segment
each document into coherent legal units. A key advantage of
legal texts is that they are inherently structured and gener-
ally follow predictable patterns, which can be systematically
exploited for segmentation. For example, a Compendium of
Labor Regulations may include a heterogeneous set of instru-
ments, such as supreme decrees, legislative decrees, ministerial
resolutions, and laws, each identified by various attributes. This
built-in regularity allows the segmentation process to align
with the natural hierarchy of the documents rather than relying
on arbitrary token-based splits.

This process not only divides the content but also extracts
the metadata inherent to each section (e.g., the article number
or the title of the law). The output is a semi-structured JSON
document where the content and its metadata are formally
linked.

3) Splitting with metadata inheritance: After the hierar-
chical segmentation and extraction of metadata, the resulting
JSON documents are still relatively large. To facilitate effective
semantic retrieval and to ensure that no relevant information is
overlooked by the language model, these documents are further
divided into smaller fragments.

Each fragment retains a full copy of the metadata from
its parent document, ensuring that the structural context is

preserved. This process allows the system to maintain precise
references to the source of each fragment, which is critical for
both accuracy and traceability in downstream tasks.

4) Vectorization and indexing: Finally, these enriched sub-
fragments are processed through an embedding method to
convert them into numerical vectors. These vectors are then
indexed in a vector database, allowing fast and accurate
semantic retrieval during queries.

B. Adaptive Filter Creator

This process involves a structured workflow of sequential
stages designed to process the user query, optimally retrieve
and organize information from the vector database, and ex-
tract the most relevant fragments. These fragments are then
integrated into an enriched context, which forms the basis for
generating the final response. Each step is illustrated in Fig. 4

Processing commences with the evaluation of the user’s
query.

Fig. 4. Adaptive filter creator.

1) Query correction: The user’s query is first corrected
grammatically and cleaned. This step is important because it
reduces ambiguities and ensures that subsequent retrieval and
generation stages operate on a clear and well-structured input.

2) Semantic router: An LLM classifies the query intent into
a set of predefined document categories, thereby narrowing
the search to the most relevant data subset. If the LLM fails
to assign a category with sufficient confidence, the system
defaults to a comprehensive search across all documents to
ensure information retrieval.

3) Filter extractor: The LLM analyzes the query to iden-
tify entities that correspond to explicitly mentioned metadata
values (e.g., article number, year, document, etc.), which are
then used to build the query for the database.

4) Filter query generator: This stage receives the outputs
from the preceding modules to assemble the final optimized
query. It follows a two-step strategy: first, metadata filtering
is applied using the extracted entities (e.g., year, document
source) to restrict the search space to a subset of documents
that explicitly match those attributes; second, within this
filtered subset, a semantic search is conducted with the user’s
embedded query vector to retrieve chunks that best align with
the user’s intent.

This component also includes a fallback mechanism: if a
query is too restrictive and yields no results, filters are pro-
gressively removed to ensure that chunks are always retrieved.
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The final output of this stage is an initial set of top-k relevant
chunks from the vector database.

While the initial chunks are relevant, they are passed
through a refinement stage to maximize precision. The top-
k chunks are sent to a cross-encoder model, which performs
a more thorough and computationally intensive analysis than
the initial vector search. It directly compares the user’s query
against each chunk to calculate a highly precise relevance
score. This process reorders the list, ensuring that the chunks
with the highest semantic relevance are moved to the top.

Finally, the highest-scoring, re-ranked sub-chunks are con-
catenated to form a single, highly focused, and enriched con-
text. This refined context is then supplied to the final generative
LLM, along with the original user query, to synthesize the
information and articulate a coherent final answer.

IV. MATERIALS AND METHODS

A. Experimental Setup

The experiments were designed and executed on a local
workstation equipped with an Intel(R) Core(TM) Ultra 9 285K
Tetracosa-core (24 core) processor, 128 GB of RAM, and an
NVIDIA GeForce RTX 5090 graphics processing unit (GPU)
with 32 GB of VRAM for computational acceleration.

The software framework was implemented within a Python
3.10 environment. The LangChain library was employed for
the orchestration of the RAG pipelines. Text embeddings were
generated using the HuggingFace library, with the result-
ing vectors stored and managed in ChromaDB. The Ollama
platform was utilized for local serving of language models,
and quantitative evaluation was conducted using the Ragas
framework.

B. Dataset

The corpus for this study was built to provide a repre-
sentative knowledge base of the Peruvian legal framework,
with a particular emphasis on labor law. The primary sources
were the Political Constitution of Peru and three major legal
compilations: the General Labor Compendium, the Private
Labor Regime, and the Special Labor Regime. These com-
pilations consist of a vast collection of legal instruments,
including laws, supreme decrees, ministerial resolutions, and
legislative decrees. Although they do not cover the entire body
of Peruvian labor legislation, they represent a highly significant
portion of it, with an aggregated volume exceeding 3,000 pages
of legal text.

The corpus was processed using the proposed sub-chunking
approach, resulting in more than 6,000 sub-chunks.

The metadata associated with each sub-chunk and indexed
in the vector database included: source (e.g., “General Labor
Compendium”), document type (e.g., “decree”), title (e.g.,
“Legislative Decree No. 728”), topic (e.g., “labor law”), year
(e.g., 1991), and the original source link.

C. Models

For embedding, the BAAI/bge-m3 model was employed,
chosen for its strong multilingual coverage and proven effec-
tiveness in semantic similarity tasks. In the reranking stage,

the jina-reranker-v2-base-multilingual model was applied to
reorder retrieved passages, thereby enhancing contextual pre-
cision and mitigating irrelevant matches. Finally, for the gener-
ation stage, three Large Language Models (LLMs) of varying
scales and characteristics were empirically compared: llama-
3.1 (8b), gemma-3 (27b), and gpt-oss (20b).

This comparative evaluation enabled us to assess trade-
offs between open-source and proprietary models, as well as
between efficiency and generation quality. Table I presents the
main specifications of the evaluated LLMs.

TABLE I. MAIN SPECIFICATIONS OF THE EVALUATED LLMS

Specifications Llama-3.1-8B Gemma-3-27B GPT-OSS-20B
Parameters 8B 27B 21B
Size 4.9 GB 17 GB 13 GB
Max Context 128K tokens 128K tokens 128K tokens

D. Metrics

The evaluation of Retrieval-Augmented Generation (RAG)
systems requires metrics that go beyond conventional text
similarity or lexical overlap measures. Traditional metrics such
as BLEU or ROUGE primarily assess surface-level similarity
between generated and reference texts, which fails to capture
the degree of factual grounding or the contextual relevance of
retrieved evidence. To address these limitations, the Retrieval-
Augmented Generation Assessment Suite (RAGAS) [35] was
employed in this study as a specialized framework for evalu-
ating the quality, factual consistency, and contextual reliability
of RAG-based systems.

RAGAS introduces a unified set of metrics designed to
measure how faithfully and effectively a model integrates
retrieved knowledge into its responses. Specifically, four key
metrics were used in this research, Faithfulness, Factual Cor-
rectness, Context Recall, and Context Precision, to compare the
performance of the Naive RAG and the proposed Metadata-
Aware RAG. Together, these metrics quantify both the trust-
worthiness of generated answers and the relevance of the
retrieved evidence, offering a comprehensive evaluation of
retrieval and generation quality.

1) Faithfulness: Faithfulness measures the degree to which
the generated answer is grounded in the retrieved context. It
quantifies the proportion of factual statements in the generated
answer that are supported by the retrieved passages. If S
denotes the set of factual statements extracted from the answer
and Sc the subset verifiable within the retrieved context, then:

Faithfulness =
|Sc|
|S|

(8)

A high value indicates that the model relies primarily on
retrieved knowledge rather than hallucinated or unsupported
content. In practice, this metric is estimated using an entail-
ment model to automatically determine whether each factual
claim in the answer is logically entailed by the retrieved
passages.

www.ijacsa.thesai.org 745 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 8, 2026

2) Factual correctness: Factual Correctness evaluates the
alignment between the generated answer (Agen) and a ground-
truth reference answer (Aref ). It measures the proportion of
statements in Agen that are semantically consistent with Aref ,
regardless of whether they appear in the retrieved documents.
Formally:

Factual Correctness =
|Smatch(Agen, Aref )|

|S(Agen)|
(9)

where, Smatch represents the subset of factual statements in
Agen that are semantically equivalent or entailed by Aref . This
metric is computed using a natural language inference (NLI)
model to evaluate textual entailment between answer segments.
It reflects the objective accuracy of generated outputs, which
is particularly crucial in domains such as legal question-
answering, where factual errors may alter the legal meaning
of the response.

3) Context recall: Context Recall quantifies how effec-
tively the retriever retrieves all relevant information required to
answer a query. Let R denote the set of all relevant information
units in the knowledge base, and Rret the subset retrieved by
the system. Then:

Context Recall =
|Rret ∩R|

|R|
(10)

High recall implies that the retriever captures most of
the necessary evidence from the knowledge base, thereby
minimizing omission errors. This metric is calculated by com-
paring the semantic similarity between the retrieved passages
and the reference evidence set, using embedding-based cosine
similarity with a predefined relevance threshold τ .

4) Context precision: Context Precision evaluates the pro-
portion of retrieved information that is truly relevant to the
question, penalizing the inclusion of irrelevant or noisy pas-
sages. Let Rret represent all retrieved passages and Rrel the
subset deemed relevant:

Context Precision =
|Rrel|
|Rret|

(11)

This metric provides insight into the selectivity of the
retriever: higher precision values indicate fewer irrelevant
documents and a cleaner, more focused context for the gen-
erator. In this work, relevance was determined by computing
the cosine similarity between the query embedding and each
retrieved passage embedding, labeling a passage as relevant if
sim(q, d) ≥ τ .

5) Implementation details: All metrics were computed
automatically using the open-source ragas Python library,
which implements these definitions through a pipeline com-
bining:

• Semantic entailment models
(deberta-large-mnli) for faithfulness and
factual correctness,

• Sentence-transformer embeddings
(all-MiniLM-L6-v2) for computing context
recall and precision,

• Automatic parsing of model outputs into atomic fac-
tual statements via dependency-based segmentation.

Each score was averaged across the full evaluation dataset,
consisting of a balanced set of legal question–answer pairs.
All metrics were normalized to the range [0, 1], where higher
values indicate better performance.

6) Interpretation: Collectively, these four metrics provide
a multidimensional view of RAG performance. Faithfulness
and Factual Correctness assess the quality of generation, while
Context Recall and Context Precision evaluate retrieval quality.
A robust RAG system should exhibit both high recall (com-
pleteness) and high precision (relevance), along with faithful
and factually correct generations. In this study, these metrics
serve as the foundation for comparing the Naive RAG and the
proposed Metadata-Aware RAG across different model sizes
and configurations.

E. Experiments

The experimental procedure was designed to systematically
evaluate the performance of three LLMs, comparing the tradi-
tional Naive RAG configuration with the proposed Metadata-
Aware RAG approach.

The evaluation used a curated set of 150 question-answer
pairs derived from the Peruvian legal corpus. The dataset
was created in two stages. First, a generative language model
was used to generate candidate questions and answers from
randomly selected chunks of the corpus. Second, the generated
pairs were manually reviewed and validated by two legal
experts: one specializing in law and belonging to the research
team, and one external expert specializing in labor law. Only
those pairs that met the validation criteria were retained.

A question-answer pair was retained only if: 1) the question
was clear and unambiguous; 2) the answer could be found in
a single identifiable passage of the corpus; and 3) the answer
appeared verbatim in the source text. The questions were also
distributed across the main labor regimes and constitutional
rights to provide coverage of the main legal topics in the
corpus.

Regarding difficulty, the questions were designed to evalu-
ate the retrieval of specific legal information from the corpus
rather than complex multi-hop legal reasoning. They require
the system to identify relevant provisions and retrieve the
corresponding information from the appropriate legal passage,
including details such as legal requirements, applicable dates,
conditions, and article references. The requirement that the
answer be explicitly stated in the source text excludes ques-
tions that depend on combining information from multiple
documents or performing extensive legal interpretation. This
design allows the evaluation to focus on retrieval accuracy and
factual grounding, while reducing the influence of the reason-
ing capabilities and hallucination tendencies of the generation
model.

For both the Naive RAG baseline and the proposed
Metadata-Aware RAG, retrieval depth was fixed at k = 5,
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and generation was performed with a temperature of 0.1
to balance determinism and lexical variation. Both pipelines
were evaluated under identical conditions, ensuring that the
only difference between them lay in the retrieval architecture.
Each was tested with three open-weight LLMs: Llama-3.1-
8B, GPT-OSS-20B, and Gemma-3-27B. These models were
selected based on three complementary considerations. First,
they represent recent high-performing open-weight LLMs with
different parameter scales, enabling the evaluation of the
proposed retrieval architecture across increasing model ca-
pacities. Second, these model families have broad practical
availability through major LLM inference services, supporting
their relevance to contemporary real-world LLM applications.
Third, the selected range allows the influence of model size
on the proposed architecture to be assessed under controlled
conditions. Finally, the 8B to 27B parameter range reflects
the maximum capacity feasible for local inference, as the 27B
model reaches the 32 GB VRAM physical limit of the RTX
5090 workstation utilized in this study.

The following objectives were considered in order to
validate the proposed architecture:

• To evaluate the performance of Naive RAG and the
proposed Metadata-Aware RAG using three language
models of different sizes.

• To measure the improvement achieved by the proposed
RAG over the Naive RAG across all evaluation met-
rics.

• To determine the influence of model size on the
performance of the proposed RAG.

• To statistically validate the effectiveness of the pro-
posed RAG compared to the Naive baseline.

F. Implementation Details

To ensure experimental reproducibility, the main hyper-
parameters, retrieval settings, and model configurations are
specified as follows. The document chunking pipeline utilizes
a primary structural split based on legal boundaries (e.g., full
decrees, laws, or articles), followed by recursive sub-chunking
with a maximum window of 250 tokens and a 30-token overlap
to preserve boundary context. Semantic vector embeddings
are generated using BAAI/bge-m3. During query execution,
the Adaptive Filter Creator performs an initial hybrid vector
search retrieving kinitial = 20 candidate passages. If meta-
data filters yield no results, progressive filter relaxation is
applied. Candidates are then re-ranked using jina-reranker-v2-
base-multilingual, with the top k = 5 passages selected for
prompt synthesis. A cosine similarity threshold of τ = 0.65
is enforced during context evaluation. All generative inference
is performed with a temperature of T = 0.1 and top-p = 0.9
sampling.

The source code and implementation materials are publicly
available at https://github.com/avjovet/Metadata-AwareRAG.

V. RESULTS

A. Evaluation of Naive and the Oroposed RAG Across Differ-
ent Language Models

The first experimental objective was to evaluate the per-
formance of the Naive RAG and the proposed Metadata-

Aware RAG pipelines using three large language models
(LLMs) of different sizes: Llama 3.1 8B, GPT-OSS 20B, and
Gemma 3 27B. Each model was assessed under identical
retrieval and generation conditions to ensure comparability.
The evaluation employed the four RAGAS metrics previously
described: Context Precision, Context Recall, Factual Correct-
ness, and Faithfulness, to capture both retrieval quality and
generation trustworthiness.

TABLE II. COMPARISON OF NAIVE RAG AND PROPOSED
METADATA-AWARE RAG ACROSS THREE LANGUAGE MODELS AND

FOUR RAGAS METRICS. BOLD VALUES INDICATE THE BEST
PERFORMANCE FOR EACH METRIC

RAG Pipeline Metric llama-3.1-8b gpt-oss-20b gemma-3-27b

Naive RAG
Context Precision 0.730 0.732 0.734
Context Recall 0.710 0.714 0.714
Factual Correctness 0.597 0.620 0.615
Faithfulness 0.725 0.762 0.755

Our RAG
Context Precision 0.917 0.922 0.929
Context Recall 0.905 0.912 0.915
Factual Correctness 0.745 0.758 0.772
Faithfulness 0.820 0.868 0.913

As observed in Table II, the proposed Metadata-Aware
RAG consistently outperformed the Naive RAG across all
evaluated metrics and models. The improvement is particularly
pronounced in the Faithfulness and Context Precision dimen-
sions, which measure the degree of grounding and relevance
of retrieved evidence. For instance, when using Gemma 3 27B,
faithfulness increased from 0.755 to 0.913, and context preci-
sion from 0.734 to 0.929, demonstrating a significant reduction
in unsupported or noisy content generation.
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Fig. 5. Performance comparison of Naive RAG and proposed
Metadata-Aware RAG across three language models and four RAGAS
metrics. The proposed RAG shows consistent improvements across all

models and evaluation dimensions.

Fig. 5 visually reinforces the numerical trends observed in
Table II. The proposed RAG demonstrates clear and consistent
gains in all four RAGAS metrics, with particularly strong
effects in Faithfulness and Context Precision. The uniformity
of the improvements across the three models indicates that the
proposed retrieval enhancements generalize effectively across
architectures of varying capacities.

Overall, these results confirm that the proposed RAG
achieves a robust balance between retrieval coverage (high
recall) and relevance (high precision) while improving factual
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grounding and semantic accuracy. This experiment establishes
a quantitative baseline for subsequent analyses, which further
measure relative improvements, assess the influence of model
size, and statistically validate the observed differences.

B. Improvement Achieved by the Proposed RAG Over the
Naive RAG

The second objective of this study was to quantify the
improvement achieved by the proposed Metadata-Aware RAG
pipeline relative to the Naive RAG baseline across all evalu-
ation metrics and language models. The aim of this analysis
is to determine the magnitude of gains attributable to the in-
troduction of metadata-guided retrieval and structured context
filtering mechanisms.

As illustrated in Fig. 6, the proposed Metadata-Aware RAG
exhibits consistent and substantial performance improvements
across all metrics: Factual Correctness, Faithfulness, Context
Recall, and Context Precision. The visual trends reveal that
for each language model, the proposed RAG achieves higher
scores, with particularly pronounced gains in Context Recall
and Context Precision. These results confirm that metadata-
aware retrieval contributes both to broader information cover-
age and to more relevant evidence selection, directly enhancing
the generation phase by improving factual and contextual
grounding.
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Fig. 6. Comparison of Naive RAG and proposed Metadata-Aware RAG
across three language models and four RAGAS metrics. The proposed RAG
consistently demonstrates higher scores, reflecting significant improvements

in retrieval precision, contextual grounding, and factual reliability.

To complement the visual analysis, Table III reports the
percentage improvement of the proposed RAG over the Naive
RAG for each metric and model. The proposed RAG yields
double-digit gains in every setting, with improvements ranging
from 13.10% to 28.15%. The highest relative improvement
was observed for Context Recall with Gemma-3-27B (28.15%),
followed closely by Context Precision (26.57%) and Factual
Correctness (25.53%) using the same model. These results
confirm that larger models benefit even more strongly from
metadata-aware retrieval, amplifying the improvements over
the baseline pipeline.

The consistent improvement across all metrics and models
provides strong evidence that the proposed RAG enhances
the retrieval and generation process in a robust and scalable
manner. The proportional increases in Context Precision and
Context Recall confirm that metadata-guided retrieval reduces
noise while increasing the availability of relevant information.
The accompanying rise in Faithfulness and Factual Correct-
ness demonstrates improved grounding and factual reliability,
reinforcing the claim that retrieval quality directly influences
answer trustworthiness.

TABLE III. PERFORMANCE IMPROVEMENT (%) OF THE PROPOSED
METADATA-AWARE RAG OVER THE NAIVE RAG ACROSS METRICS AND

MODELS

Metric Model Naive RAG Our RAG Improvement

Factual Correctness
llama-3.1-8b 0.597 0.745 24.79%
gpt-oss-20b 0.620 0.758 22.26%
gemma-3-27b 0.615 0.772 25.53%

Faithfulness
llama-3.1-8b 0.725 0.820 13.10%
gpt-oss-20b 0.762 0.868 13.91%
gemma-3-27b 0.755 0.913 20.93%

Context Recall
llama-3.1-8b 0.710 0.905 27.46%
gpt-oss-20b 0.714 0.912 27.73%
gemma-3-27b 0.714 0.915 28.15%

Context Precision
llama-3.1-8b 0.730 0.917 25.62%
gpt-oss-20b 0.732 0.922 25.96%
gemma-3-27b 0.734 0.929 26.57%

These results strongly support the conclusion that
metadata-aware retrieval mechanisms significantly strengthen
RAG pipelines, providing systematic benefits regardless of
model size and suggesting that such strategies may be essen-
tial components of future trustworthy LLM-based information
systems.

C. Influence of Model Size on the Performance of the proposed
RAG

To assess whether larger language models yield additional
benefits for the proposed Metadata-Aware RAG, we evaluated
the evolution of each RAGAS metric across three model
sizes: 8B, 20B, and 27B parameters. Fig. 7 visualizes the
performance tendencies for both pipelines. The dashed lines
correspond to the Naive RAG, while the solid lines show the
behavior of the proposed RAG.
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Fig. 7. Regression of model size (in billions of parameters) against
performance scores across the four RAGAS metrics. Solid lines represent

the proposed Metadata-Aware RAG, while dashed lines represent the Naive
RAG.

The visual trends reveal two consistent patterns.

First, at every model size and for every metric, the proposed
RAG scores are always higher than the Naive RAG scores.
This performance gap remains stable across all parameter
scales, confirming that the metadata-aware retrieval mechanism
provides benefits that are independent of model capacity.
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Second, the slopes of the regression lines are extremely
small for most metrics, indicating that increases in parameter
count, from 8B to 27B, lead to only marginal improvements.
For Context Precision, Context Recall, and Factual Correct-
ness, the curves grow slightly but remain nearly flat, suggesting
that model size exerts minimal influence on these dimensions.
In practical terms, each additional billion parameters yields
only a very small increase in score, and the effect is nearly
negligible.

TABLE IV. LINEAR REGRESSION BETWEEN MODEL SIZE (BILLIONS OF
PARAMETERS) AND METRIC SCORES FOR NAIVE AND THE PROPOSED
RAG. LARGER SLOPES INDICATE GREATER SENSITIVITY TO MODEL

SCALING

Metric RAG Pipeline slope intercept r value p value std error

Context Precision Naive RAG 0.00021 0.72823 0.98865 0.09599 0.00003
Proposed RAG 0.00061 0.91151 0.96972 0.15706 0.00015

Context Recall Naive RAG 0.00022 0.70856 0.93130 0.23734 0.00009
Proposed RAG 0.00053 0.90090 0.99710 0.04850* 0.00004

Factual Correctness Naive RAG 0.00105 0.59137 0.83592 0.36987 0.00069
Proposed RAG 0.00138 0.73295 0.98522 0.10960 0.00024

Faithfulness Naive RAG 0.00174 0.71540 0.85156 0.35131 0.00107
Proposed RAG 0.00480 0.77904 0.99128 0.08414 0.00064

To formalize these observations, Table IV reports the
regression coefficients and statistical indicators. Across all
metrics, the proposed RAG consistently exhibits slightly higher
slopes than the Naive RAG, reflecting its better capacity to
extract value from larger models. However, even these slopes
remain small in absolute magnitude, again confirming that
model size is not a decisive factor for performance gains.

The regression results confirm the visual findings: Model
size has very limited influence on the performance of either
RAG pipeline. The extremely small slopes indicate that the
improvement per billion parameters is minimal and practically
negligible for most metrics.

The only partial exception is Faithfulness in the proposed
RAG, which shows the steepest slope (0.00480) and the
strongest correlation (r = 0.99128). Although still small,
this slope is meaningfully larger than those of the other
metrics, suggesting that larger models are better at maintaining
contextual grounding when combined with metadata-aware
retrieval.

Overall, the results demonstrate that the proposed RAG
consistently outperforms the Naive RAG across all models,
regardless of size. Model size itself contributes little additional
performance**, except for a modest gain in Faithfulness. The
architecture of the retrieval pipeline matters far more than
the parameter count, emphasizing the importance of metadata-
aware design in RAG systems.

D. Effectiveness of the Proposed RAG Compared to the Naive
Baseline

Before conducting the statistical validation, a qualitative
visual analysis was performed to compare the overall behavior
of both RAG pipelines. Fig. 8 illustrates the distribution of
performance scores for the Naive RAG and the proposed RAG
across all models and evaluation metrics.

The first panel aggregates all scores by pipeline, showing
a clear upward shift in the distribution for the proposed RAG.
The second and third panels further decompose the results
by model and by pipeline, respectively, consistently revealing

higher median values and reduced variability for the proposed
approach. Together, these visual patterns suggest a systematic
improvement in performance that motivates the subsequent
statistical analyses.
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Fig. 8. Qualitative comparison of overall performance between the Naive
RAG and the proposed RAG. Left: aggregated scores per pipeline. Center:
performance across models. Right: performance per model across pipelines.

To statistically validate whether the proposed Retrieval-
Augmented Generation (Our RAG) provides superior perfor-
mance compared to the Naive RAG baseline, a series of
inferential tests were conducted. These include 1) a normality
assessment using the Shapiro–Wilk test, 2) a paired t-test for
mean comparison, and 3) the computation of Cohen’s d to
quantify the magnitude of the effect.

1) Normality test: Prior to performing the parametric anal-
ysis, the assumption of normality was verified on the paired
differences between the two systems. The Shapiro–Wilk test
was selected due to its sensitivity in small samples (n = 12).
The results are summarized in Table V.

TABLE V. SHAPIRO–WILK NORMALITY TEST ON PAIRED DIFFERENCES
BETWEEN THE PROPOSED RAG AND NAIVE RAG

Statistic p-value Decision (at α = 0.05)
0.869 0.064 Fail to reject normality

As the p-value exceeds 0.05 (p = 0.064), the null
hypothesis of normality cannot be rejected, indicating that
the paired differences are approximately normally distributed.
Consequently, a paired t-test was deemed appropriate for
subsequent analysis.

2) Paired t-Test: The paired t-test was applied to determine
whether the mean performance of the proposed RAG was
significantly higher than that of the Naive RAG across the
12 paired observations. The results are presented in Table VI.

TABLE VI. PAIRED t-TEST RESULTS COMPARING THE PROPOSED RAG
AND NAIVE RAG

t-statistic df p-value (one-tailed) Mean diff. 95% CI Decision
15.49 11 4.06 × 10−9 0.164 [0.141, 0.187] Reject H0

The test revealed a statistically significant improvement in
performance for the proposed RAG system (t(11) = 15.49,
p < 0.001). The mean difference in scores was 0.164, with
a 95% confidence interval ranging from 0.141 to 0.187, con-
firming that the proposed approach consistently outperformed
the baseline.

3) Cohen’s Effect Size Analysis: To quantify the magnitude
of this improvement, Cohen’s d was computed based on the
mean and standard deviation of the paired differences:
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d =
X̄diff

sdiff
=

0.164

0.0367
= 4.47

This value (d = 4.47) corresponds to an extremely large
effect size, indicating that the difference in performance is not
only statistically significant but also practically meaningful.
In practical terms, the proposed RAG consistently produced
higher metric scores across all evaluation criteria.

The combination of a very low p-value (< 10−8) and
a large effect size (d > 4) provides strong evidence that
the improvements achieved by the proposed RAG are not
attributable to random variation. This confirms the effec-
tiveness of the architectural modifications and the metadata-
aware retrieval strategy integrated into the proposed RAG.
These results validate the hypothesis that the proposed pipeline
significantly enhances factuality, faithfulness, and contextual
grounding compared to the Naive baseline.

VI. DISCUSSION

The results obtained in this study provide evidence that
the proposed Metadata-Aware RAG architecture substantially
improves performance relative to the Naive RAG baseline
under the evaluated legal question-answering setting. This con-
trolled comparison demonstrates the benefit of incorporating
hierarchical metadata-aware retrieval into a conventional RAG
pipeline, while broader comparisons with alternative advanced
RAG architectures remain an important direction for future
evaluation.

A first point of discussion concerns the mechanisms under-
lying these gains. The substantial increases in Context Preci-
sion and Context Recall suggest that metadata-aware retrieval
improves both the coverage and the relevance of retrieved
evidence. By explicitly encoding jurisdictional markers, struc-
tural identifiers, and article-level metadata, the system reduces
the incidence of semantically close but contextually irrelevant
matches, while simultaneously enhancing the likelihood that
all necessary fragments are retrieved. These retrieval gains
translate directly into improvements in Factual Correctness
and Faithfulness, confirming that more accurate and legally
grounded evidence reduces opportunities for hallucinations
during generation. The cross-encoder reranking module fur-
ther reinforces this effect by prioritizing fragments with high
semantic alignment to the query.

The regression analysis provides additional insight into the
role of model size in the proposed architecture. Although larger
models typically yield improved generation capabilities, the
slopes of the regression lines across metrics were extremely
small, revealing that parameter count only marginally influ-
ences performance. This finding underscores a central impli-
cation of our work: architectural improvements in retrieval are
far more impactful than scaling model size for legal RAG. The
only notable exception was Faithfulness, where larger models
exhibited a modest but consistent advantage in grounding
answers to retrieved evidence. Even in this case, however,
the effect was minor relative to the improvements brought by
metadata-aware retrieval.

Another relevant aspect concerns the practical significance
of the proposed architecture for trustworthy legal assistants.

The results suggest that investments in corpus engineering,
including cleaning, hierarchical segmentation, metadata extrac-
tion, and structured retrieval, can provide substantial improve-
ments in retrieval relevance, factual correctness, and ground-
ing without requiring larger language models. In practical
deployments, preserving legal metadata and provenance can
also facilitate the identification and verification of the source
provisions supporting an answer, which is particularly relevant
in legal settings where traceability is essential. The results
further suggest that improving the retrieval layer can be a more
practical strategy than relying solely on model scaling, since
the proposed architecture consistently improved performance
across models of different sizes. These findings support the
use of structured retrieval mechanisms, robust query filtering,
and fine-grained provenance tracking when designing reliable
legal information systems.

Several limitations should be acknowledged. The evalua-
tion focuses on Peruvian labor law; however, the proposed
retrieval mechanisms can be adapted to other legal domains by
adjusting their domain-specific metadata and document struc-
tures. The dataset consists of synthetic questions with manual
verification but does not include real-world user queries or ad-
versarial prompts. Additionally, all evaluations were conducted
offline; user studies and longitudinal deployment analyses were
outside the scope of this work. Future research may extend
the proposed architecture to multi-jurisdictional settings, in-
corporate temporal validity constraints, evaluate robustness to
ambiguous or adversarial queries, and explore integration with
active learning strategies for corpus refinement.

VII. CONCLUSIONS

This work introduced a Metadata-Aware Retrieval-
Augmented Generation architecture designed to improve trust-
worthiness, factual consistency, and contextual grounding in
legal question–answering systems. The proposed approach
integrates hierarchical sub-chunking with legal metadata in-
heritance and an Adaptive Filter Creator capable of generating
structured, metadata-guided retrieval queries. Evaluated across
three language models of different scales, the system demon-
strated substantial and consistent improvements over a Naive
RAG baseline.

Across all RAGAS metrics (context precision, context
recall, factual correctness, and faithfulness), the proposed
RAG yielded double-digit gains for every model. These im-
provements were statistically significant, with a large effect
size, confirming that metadata-aware retrieval and reranking
materially enhance the quality of both retrieved evidence and
generated answers. Importantly, the architecture consistently
outperformed the baseline regardless of model size, indicating
that retrieval design has a stronger impact on performance
than increasing parameter count. Only Faithfulness showed a
modest, incremental benefit from larger models.

The findings highlight the importance of corpus engineer-
ing, metadata extraction, and structured retrieval pipelines for
deploying reliable, legally grounded conversational agents. By
improving the relevance and coverage of retrieved fragments,
the proposed method reduces hallucination risks and strength-
ens factual alignment, offering a practical and scalable strategy
for legal information systems.
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This study is limited by its focus on a single jurisdiction,
an offline evaluation setting, and a curated dataset of synthetic
questions. Future work should include ablation studies and
benchmarking against enhanced and legal-domain RAG vari-
ants to further assess the individual contributions and state-of-
the-art positioning of the proposed architecture.

In summary, the proposed Metadata-Aware RAG demon-
strates that retrieval architecture, rather than model size, is the
dominant factor in achieving accurate, faithful, and contextu-
ally grounded responses in legal RAG systems.
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