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Abstract—Retrieval-Augmented Generation (RAG) systems are
increasingly used for legal question answering, but their ef-
fectiveness depends critically on the quality of the represen-
tations indexed during retrieval. Legal documents pose par-
ticular challenges due to their length, hierarchical structure,
and domain-specific semantics, which can result in semantically
weak or incomplete representations.This work proposes a quality-
controlled representation framework that targets the retrieval
stage of legal RAG systems. Documents are segmented into
fixed-size chunks and summarized using a lightweight language
model. A second model, acting as a synthetic evaluator based
on the G-EVAL methodology, assesses the semantic adequacy
of each summary and triggers refinement when necessary. Only
validated summaries are admitted into the vector database.The
acceptance criterion governing this process is analyzed through
a sensitivity study that characterizes the trade-off between re-
trieval effectiveness and computational overhead. Experiments on
the LEGALBENCH-RAG benchmark demonstrate that quality-
controlled summaries yield substantial gains over untreated
indexing. In a direct comparison using the same model, pairing
text-ada-large-3 with our validated summaries increases accuracy
at k = 8 from 36.63% to 72.70%. Because retrieval operates on
compact, semantically verified representations rather than raw
long chunks, the approach improves computational efficiency
and narrows the performance gap between proprietary and
lightweight models: MultiQA with validated summaries reaches
64.24% accuracy, outperforming the closed-source text-ada-
large-3 baseline without quality control.

Index Terms—Retrieval-Augmented Generation; Legal; NLP,
Large Language Model; Embeddings

I. INTRODUCTION

Legal documents exhibit inherent complexity due to their
specialized terminology, extensive contextual dependencies,
and rigid hierarchical structure. These characteristics pose
significant challenges for natural language processing (NLP)
systems, particularly in the automation of legal information
retrieval and reasoning tasks [1]. Traditional approaches based
on keyword matching and Boolean queries often fail to capture
the semantic structure of legal texts, resulting in suboptimal
retrieval performance [2]. Likewise, statistical models and
distributional machine learning approaches struggle with long-
range dependencies and document length, which are pervasive
in legal corpora.

Retrieval-Augmented Generation (RAG) systems [3] intro-
duce a hybrid paradigm that integrates information retrieval
with large language models (LLMs), enabling retrieval-based

grounding of generative outputs. In this architecture, a retriever
selects relevant textual segments, which are subsequently
processed by a generator to produce structured answers.
Although RAG architectures have shown utility in general-
domain tasks, their application to legal corpora raises domain-
specific challenges, including fragmentation of legal reasoning,
and disruption of argumentative coherence due to document
segmentation.

Within legal RAG pipelines, retrieval errors propagate di-
rectly into the generation stage, producing legally inaccu-
rate, incomplete, or contextually inconsistent outputs. Prior
approaches have explored reinforcement learning strategies
[4] and ontology-guided retrieval mechanisms [5] to improve
factual consistency and semantic alignment. However, these
methods remain constrained by the structural limitations of
chunk-based indexing, particularly in long legal documents.

This article introduces an iterative, quality-controlled sum-
marization framework designed to restructure the retrieval
stage of legal RAG systems. Instead of indexing raw docu-
ment chunks, each segment is transformed into a structured
summary that serves as the fundamental retrieval unit. To
preserve semantic adequacy and legal fidelity, each summary
is evaluated through a synthetic evaluator based on the G-
EVAL methodology [6], which assigns a normalized quality
score reflecting alignment with the original legal content.

Summaries that do not satisfy a predefined quality threshold
are refined through an iterative feedback process guided by
evaluator-generated justifications. This mechanism establishes
a controlled trade-off between semantic preservation and rep-
resentational compression, enabling systematic reduction of
token length while maintaining legal relevance. The quality
threshold operates as a dynamic control parameter regulating
refinement depth and computational cost, rather than as a static
design constraint.

The proposed framework redefines the retrieval representa-
tion layer of RAG architectures by introducing validated sum-
maries as retrieval primitives, enabling a structured balance
between semantic fidelity, contextual coherence, and retrieval
efficiency. This design allows embedding models to operate
on representations that preserve legal structure while reducing
noise induced by raw segmentation.

The approach is empirically evaluated on the
LEGALBENCH-RAG benchmark [7], using multiple



embedding models and retrieval configurations. Results
indicate systematic improvements over conventional chunk-
based RAG pipelines across different retrieval depths, showing
that quality-controlled summarization provides a scalable
strategy for enhancing retrieval performance in legal-domain
RAG systems. All of the code and generated data are available
at https://github.com/yuriyvnv/Legal-Summarization-RAG.

II. RELATED WORK

The development of RAG is rooted in the evolution of
information retrieval (IR) systems. Early systems used several
techniques to retrieve documents, such as Boolean Retrieval
[8] and Vector Space Models (VSM) [9]. They laid the foun-
dation for document retrieval by representing text in a struc-
tured manner and enabling term-based similarity comparisons.
Boolean Retrieval matches documents that precisely satisfy a
query using logical operators, ensuring only exact matches are
returned. In contrast, VSM represents documents and queries
as vectors and ranks them based on cosine similarity, enabling
partial matches and relevance-based ranking. These methods
were later refined with Latent Semantic Indexing (LSI) [10],
which introduced a mathematical technique to uncover hidden
relationships between words by reducing the dimensionality
of the term-document matrix using Singular Value Decompo-
sition [11] (SVD). LSI captures latent patterns in word usage
across documents, enabling retrieval systems to recognize
synonyms and related terms even if they do not explicitly
appear in the query. By mapping terms and documents into
a lower-dimensional space, LSI improves recall and enhances
the system’s ability to retrieve semantically relevant results
beyond simple keyword matching.

As search engines and information retrieval systems ad-
vanced, probabilistic models such as the BM25 ranking func-
tion [12] became widely adopted, leveraging term frequency
and inverse document frequency [13] (TF-IDF) to rank docu-
ments based on their relevance to a given query [14]. These
methodologies remained the backbone of IR until the advent
of deep learning and transformer-based architectures.

With the rise of neural embeddings, information retrieval
shifted from term-based similarity to semantic search, en-
abling more effective and context-aware document retrieval.
This transition paved the way for the emergence of RAG
systems [3], a modification that integrates retrieval-based
and generation-based NLP models. Unlike traditional text
generation models that rely solely on pre-trained knowledge,
RAG dynamically retrieves relevant information from external
sources [15], thereby enhancing the accuracy and factuality of
responses.

The RAG framework consists of three key components: (1)
The Chunker: Splits information of different documents into
a manageable form to be embedded. Various strategies have
been proposed, such as the Recursive Text Splitter, which
splits sentences at specific endpoints at the end of sentences
[16]. (2) Retriever Module: Identifies and retrieves relevant
passages from a knowledge corpus, often leveraging embed-
dings. There are specific frameworks, such as FAISS [17]

and ColBERT [18], that leverage sophisticated methodologies
beyond embeddings to retrieve the correct passage. (3) The
Generator: Uses the retrieved context to generate coherent and
contextually relevant responses, typically employing an LLM
based on transformer architectures.

RAG has increasingly been applied to legal AI, where
retrieval-augmented models must navigate jurisdictional de-
pendencies, hierarchical legal texts, and intricate legal lan-
guage. One of the key contributions in this area, Legal Query
RAG [19], introduced a recursive retrieval mechanism de-
signed to enhance legal case precedent retrieval. By employing
an audit agent, this pipeline dynamically adjusted the retrieval
document based on initial query results, ensuring that retrieved
legal documents were highly relevant and legally contextual-
ized. In addition to the retrieval adjustment, the authors fine-
tuned an embedding model on legal corpora to demonstrate
the importance of specific text representations. Their research
improved the overall precision by 13% on the retrieval stage.

Similarly, privacy concerns in legal AI led to the develop-
ment of privacy-preserving retrieval mechanisms. SLANGO
[20] introduced a confidentiality-aware RAG pipeline that
ensured secure retrieval and processing of sensitive legal
queries. By incorporating privacy-preserving embeddings and
secure retrieval protocols, this system enabled legal profes-
sionals to query sensitive legal databases without exposing
confidential information. This advancement aligned RAG with
data protection laws such as GDPR, making it a critical
development for AI-powered legal research tools in highly
regulated environments.

Furthermore, researchers addressed the challenges of infor-
mation overload by enhancing case law retrieval and statute
law entailment [21]. For case law retrieval, the authors employ
a sentence-transformer model to generate numerical represen-
tations of case paragraphs, utilizing similarity histograms and
binary classifiers to identify pertinent cases. In statute law
entailment, they fine-tune a DeBERTa large language model
on natural language inference datasets to determine entailment
relationships between legal queries and statutory articles. This
comprehensive approach significantly improves the accuracy
and efficiency of legal information processing.

The effectiveness of RAG systems depends on the accuracy
and relevance of the retrieved content, making robust bench-
marking essential for assessing their performance. Several
benchmarking datasets have emerged to facilitate comparative
analysis, ensuring that retrieval-augmented models meet the
community’s growing demands. One of the most comprehen-
sive benchmarks addressing these needs is RAGBench [22],
which provides a structured evaluation framework, TRACe,
for general-purpose RAG models. Unlike previous evaluation
methods focused solely on retrieval accuracy, RAGBench
introduces evaluation metrics that assess factors such as
Utilization, Relevance, Adherence, and Completeness. This
dataset allows researchers to compare different architectures
and retrieval strategies in open-domain question answering,
knowledge-grounded dialogue systems, and document retrieval
tasks.



Beyond general-purpose benchmarks, domain-specific RAG
evaluation has become increasingly important, particularly in
highly specialized fields such as law. The CLERC Dataset
[23] was developed to evaluate case law retrieval accuracy,
focusing on the effectiveness of RAG systems in identifying
corresponding citations for a given chunk of legal documents.
Besides retrieval accuracy, they also measured the gener-
ated text from retrieved citations and evaluated it using the
ROUGE-F score [24].

Unlike open-domain knowledge systems, legal retrieval
models require precise alignment with statutes, case law, and
jurisdictional interpretations, which demands an entirely dif-
ferent evaluation approach. LEGALBENCH [25] was initially
developed to evaluate LLMs’ reasoning capabilities across
various legal tasks, focusing on logical synthesis rather than
retrieval. However, legal retrieval models require precise align-
ment with statutes, case law, and jurisdictional interpretations,
which necessitates a distinct evaluation approach. To address
this need, LEGALBENCH-RAG [7] was introduced as the
structured benchmark specifically designed to assess the re-
trieval performance of RAG models within the legal domain.
This dataset critically evaluates, based on precision and re-
call, how well retrieval-augmented models identify relevant
passages across long, extensive documents.

III. METHODOLOGY

This section describes the methodological framework de-
veloped to evaluate a Retrieval-Augmented Generation (RAG)
pipeline on the LEGALBENCH-RAG benchmark. The pro-
posed methodology focuses exclusively on improving the
quality of the textual representations used in the retrieval
stage, while keeping the downstream generation component
unchanged.

The framework is structured into four sequential steps.
First, legal documents are segmented into fixed-size chunks
and summarised to obtain compact representations. Second,
a quality-controlled validation mechanism is applied to these
summaries using a self-improvement feedback loop. Third, the
validated summaries are indexed into multiple vector databases
using different embedding models. Finally, retrieval perfor-
mance is evaluated following the official LEGALBENCH-
RAG protocol. Figure 1 illustrates the steps taken to develop
and evaluate the proposed methodology.

A. Document Segmentation and Summarization

The first step in the pipeline is segmenting legal docu-
ments into manageable textual units and generating concise
summaries for each unit. All documents are taken from the
LEGALBENCH-RAG benchmark [25], which contains het-
erogeneous legal corpora characterized by long documents,
hierarchical structure, and dense domain-specific terminology.

To ensure comparability with the benchmark baseline, each
document is segmented using a fixed-size chunking strategy.
Specifically, documents are split into chunks of 500 tokens
with an overlap of 100 tokens, following the same configura-
tion adopted in the original LEGALBENCH-RAG setup. No

semantic or adaptive chunking strategy is employed at this
stage.

Formally, let

D = {d1, d2, . . . , dn}

denote the set of documents. Each document di is partitioned
into a sequence of chunks

Ci = {ci1, ci2, . . . , cim},

where each chunk cij corresponds to the j-th segment ex-
tracted from document di and contains at most 500 to-
kens. Each chunk is then summarised independently using
a lightweight instruction-tuned LLAMA 3B language model
[26]. The summarization prompt (https://github.com/yuriyvnv/
Legal-Summarization-RAG) is designed to prioritize legally
salient information, including obligations, rights, conditions,
and exceptions, while preserving domain-specific terminol-
ogy.The summarization process is defined as:

s
(1)
ij = LLAMA3B(cij , Ps), (1)

where s(1)ij denotes the initial summary generated for chunk
cij , and Ps represents the summarization prompt.

The proposed compression aims to produce a dense and
legally informative representation of the original chunk, suit-
able for embedding-based retrieval. Importantly, summaries
are generated and stored at the chunk level only, and each
summary remains explicitly linked to its originating chunk.

Under this design constraint, the method remains directly
comparable to standard chunk-based RAG pipelines, as the
retrieval unit and segmentation granularity are preserved, al-
lowing the effect of representation quality on retrieval perfor-
mance to be isolated.

B. Quality-Controlled Self-Improvement using G-EVAL

Summarization reduces token usage and alters the structure
of legal representations used in retrieval pipelines. However,
large language models may generate summaries that omit
legally relevant information or introduce factual and structural
inconsistencies. To control these risks at the representation
level, a quality-control mechanism is applied to each generated
summary before it is integrated into the retrieval layer.

For each document chunk cij , an initial summary s
(1)
ij

is generated using the LLaMA-3B model, as described in
Section III-A. This summary is then evaluated by a larger
LLaMA-8B model following the G-EVAL framework [6],
which operationalizes the LLM-as-a-judge paradigm. The
evaluator compares the generated summary with the original
chunk and assigns a quality score using a structured evaluation
prompt.

The evaluation prompt encodes multiple assessment dimen-
sions that reflect legal and semantic adequacy. These dimen-
sions include: (i) factual consistency with the source text, (ii)
preservation of legally salient information such as obligations,
conditions, and exceptions, (iii) structural coherence and clar-
ity, and (iv) absence of hallucinated or unsupported statements.



Fig. 1. Overview of the proposed framework with evaluation on the LEGALBENCH-RAG benchmark.

Each dimension is scored independently and normalized to the
interval [0, 1].

At a given iteration step t, the evaluator may assess one or
more summary candidates. Let s(t)ij,n denote the n-th candidate
summary for chunk cij at iteration t. For each candidate, the
evaluator produces a quality score

q
(t)
ij,n ∈ [0, 1],

where higher values indicate closer semantic and legal align-
ment with the source chunk.

The overall quality score for chunk cij at iteration t is
computed as the average across the evaluated candidates:

q
(t)
ij =

1

N

N∑
n=1

q
(t)
ij,n,

where N denotes the number of evaluated summary candidates
at that iteration.

A quality acceptance threshold τ ∈ [0, 1] is then applied to
regulate the admission of summaries into the representation
layer. If the aggregated score q

(t)
ij ≥ τ , the summary is

accepted. Otherwise, the evaluator produces a textual justifi-
cation J (t)

ij identifying the main deficiencies of the summary.
This justification is used as targeted feedback to guide the
generation of a refined summary:

s
(t+1)
ij = LLaMA-8B(cij , J

(t)
ij ).

This iterative refinement process continues until a summary
s
(t∗)
ij satisfies the acceptance criterion for the first time. The

validated summary is then defined as

s∗ij = s
(t∗)
ij .

All validated summaries are collected into a set

S = {s∗ij},

which constitutes the representation layer indexed in the vector
database. Only summaries that meet the predefined quality
criterion are admitted, ensuring that the retrieval stage operates
over semantically coherent and legally faithful representations.

In the downstream LEGALBENCH-RAG evaluation, re-
trieval is performed exclusively over the validated set S.
For each query, the retriever returns the top-k most similar
summaries under multiple retrieval depth configurations, en-
abling comparative analysis of retrieval performance across
evaluation regimes. The complete evaluation and regener-
ation prompts are provided at https://github.com/yuriyvnv/
Legal-Summarization-RAG.

C. Vector Database Construction
After obtaining a validated set of summaries S = {sij},

four independent vector databases were created using Chroma1

library, each utilizing a distinct embedding model to encode
both summaries and user queries into a shared vector space.
This step is essential because different models generate distinct
mathematical representations. To ensure meaningful compar-
isons, the embeddings of input queries must align with the
dimensionality and latent space coordinates of the generated
summaries. In this study, we selected four embedding models
that differ in size and output dimensionality. To reproduce
results from the LEGALBENCH-RAG dataset and benchmark
our methodology, we included text-ada-large-3, a proprietary
model from OpenAI [27]. The complete list of models used
is provided below:

• all-MiniLM-L6-v2 2

• BGE-M3 3

• multi-qa-mpnet-base-dot-v1 4

1https://www.trychroma.com/
2https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
3https://huggingface.co/BAAI/bge-m3
4https://huggingface.co/sentence-transformers/multi-qa-mpnet-base-dot-v1



• text-ada-large-3
Let E` represent one of these embedding models, mapping a

summary sij to a dense vector vij = E`(sij). Input queries are
similarly embedded using the same model, enabling similarity-
based retrieval of the most relevant summaries from each
vector database.

The motivation behind constructing multiple vector
databases is to assess how different embeddings impact re-
trieval performance. This approach allows for a direct compar-
ison with the LEGALBENCH-RAG baseline, which employs
a simple recursive chunk-split methodology.

For similarity search, cosine similarity was used, as it
measures the angular similarity between the query vector q
and the summary vectors vij , rather than their Euclidean
distance. The similarity score is computed as follows:

cos(θ) =
q · vij

‖q‖‖vij‖
(2)

This metric ensures that retrieval is based on directional
alignment rather than absolute magnitude, making it well-
suited for high-dimensional vector spaces.

In this study, no reranker function was assigned, as bench-
mark results indicated that it yielded worse performance.
Instead, our goal is to demonstrate the effectiveness of sum-
marization within a feedback loop.

D. Experimental Setup and Evaluation

The evaluation strategy benchmarks four distinct vector
databases using the same query sets, datasets, and scor-
ing metrics defined in the LEGALBENCH-RAG benchmark.
All experiments are conducted under the quality acceptance
threshold identified through the sensitivity analysis reported
in Section 4.1, ensuring that the representation layer re-
mains fixed across all comparative evaluations. Performance
is assessed using Precision, Recall, F1-score, and Accuracy
across four legal datasets provided within the benchmark, as
summarised in Table I.

TABLE I
OVERVIEW OF THE NUMBER OF DOCUMENTS IN EACH DATASET, ALONG

WITH THE AVERAGE CHUNK AND TOKEN COUNT PER DOCUMENT.

Dataset Nº of Docs Avg. Chunk
per Document

Avg. Token
per Document

MAUD 150 484 72 657
CUAD 462 25 11 556
ContractNLI 95 21 2 042
Privacy-QA 7 679 4 757
Total 714 1 209 91 012

For each dataset, retrieval is evaluated at multiple depths
(k = 1, 2, 4, 8) to characterize both precision- and recall-
oriented retrieval regimes. This multi-k evaluation enables the
analysis of how many top-ranked representations are required
before legally relevant information is retrieved.

Following the original LEGALBENCH-RAG protocol, we
replicate the benchmark setup using the same document
splitting strategy and evaluation procedure to ensure direct

comparability with the reported baseline results. Specifically,
the benchmark baseline relies on recursive chunking of doc-
uments into fixed-size segments of 500 with an overlap of
100 tokens, implemented using the recursive text splitter from
LangChain5. Retrieval results obtained using this baseline
are directly compared with those produced by the proposed
quality-controlled summarization framework.

The primary objectives of the evaluation are twofold: first, to
quantify the retrieval gains introduced by regulating the quality
of representations before indexing; and second, to assess how
different embedding models affect retrieval performance when
operating over validated summaries. All components of the
pipeline other than the representation layer, including retrieval
depth, similarity metric, and evaluation procedure, are held
constant across experiments.

All experiments are conducted on a single NVIDIA Quadro
GPU with 32GB of VRAM with a fixed seed of 42 to
control randomisation. Hardware specifications are reported
for reproducibility and do not affect the comparative nature
of the evaluation. The recursive chunking and summarization
pipeline is implemented using Python, Hugging Face Trans-
formers6, and LlamaIndex7. The self-improvement feedback
loop relies on prompt-based evaluation and refinement using
the LLaMA-8B model, based on the G-EVAL framework.

1) Evaluation Metrics: Retrieval performance is evaluated
using Precision, Recall, F1-score, and Accuracy. Let TP , FP ,
TN , and FN denote the numbers of true positives, false
positives, true negatives, and false negatives, respectively.

Precision is defined as:

Precision =
TP

TP + FP
, (3)

measuring the proportion of retrieved instances that are rele-
vant.

Recall is defined as:

Recall =
TP

TP + FN
, (4)

quantifying the proportion of relevant instances that are suc-
cessfully retrieved.

The F1-score provides a balanced measure of precision and
recall through their harmonic mean:

F1-score =
2× (Precision× Recall)

Precision + Recall
. (5)

Accuracy is defined as:

Accuracy =
TP + TN

TP + TN + FP + FN
, (6)

representing the overall proportion of correct predictions.
Together, these metrics provide a complementary view of re-

trieval performance. Precision and recall characterize relevance
and coverage, respectively; the F1-score balances them; and
accuracy provides a global indication of prediction correctness.
All metrics are reported consistently across datasets, retrieval
depths, and embedding models.

5https://python.langchain.com/docs/introduction/
6https://huggingface.co/
7https://www.llamaindex.ai/



IV. RESULTS AND DISCUSSION

A. Sensitivity Analysis of the Quality Acceptance Threshold
The self-improvement mechanism introduced in Sec-

tion III-B relies on a quality acceptance threshold τ that
determines which summaries are admitted into the representa-
tion layer used for retrieval. This parameter governs a trade-
off between semantic reliability and computational overhead:
stricter thresholds reduce the prevalence of incomplete or
semantically weak summaries, but increase the number of
regeneration steps triggered by the feedback loop.

To characterize this trade-off, a sensitivity analysis was
conducted by varying the threshold τ over a discrete range
while keeping all other components of the pipeline fixed. In
particular, the document segmentation strategy, summariza-
tions prompts, evaluator configuration, embedding models, and
retrieval procedures were identical across all configurations,
ensuring that any observed performance variation could be
attributed exclusively to the quality control mechanism.

For each threshold value, two complementary aspects were
evaluated. First, downstream retrieval effectiveness was mea-
sured on the LEGALBENCH-RAG benchmark at two retrieval
depths, k = 1 and k = 8, corresponding to precision- and
recall-oriented retrieval regimes. Second, the proportion of
summaries that failed the acceptance criterion and required
regeneration was recorded as a proxy for the additional com-
putational overhead induced by the feedback loop.

Across the explored threshold range, retrieval performance
exhibits a consistent qualitative pattern. Increasing τ progres-
sively filters out lower-quality summaries, thereby improving
retrieval effectiveness in both shallow and deep retrieval
settings. Beyond an intermediate region, however, further
increases in the threshold yield diminishing returns, with
retrieval metrics entering a saturation regime. In contrast, the
regeneration rate increases monotonically with τ , reflecting
growing computational cost.

Based on this analysis, a specific operating point is iden-
tified at which retrieval performance reaches a stable plateau
while the proportion of regenerated summaries remains lim-
ited. This operating point corresponds to a threshold value
of τ = 0.6, which defines a trade-off between retrieval
effectiveness and computational overhead. At this value, both
precision-focused (k = 1) and recall-focused (k = 8) retrieval
configurations attain their saturation performance levels with-
out inducing excessive regeneration costs.

Accordingly, all subsequent experiments reported in this
section adopt this empirically derived configuration, with the
quality acceptance threshold fixed at τ = 0.6. Under this
experimental design, the threshold is not imposed a priori
but emerges from the observed interaction among summa-
rization quality, evaluator feedback, and downstream retrieval
behaviour, providing a stable basis for subsequent analysis.

B. Retrieval Performance Across Datasets, Retrieval Depths,
and Embeddings

All results reported in this section are obtained using the
empirically selected configuration of the quality-controlled

Fig. 2. Precision for Top-k=1, using text-ada-large-3

Fig. 3. Precision for Top-k=8, using text-ada-large-3

representation layer, with all remaining pipeline components
kept unchanged. This experimental control ensures that ob-
served performance differences are attributable to the interac-
tion between summarization, embedding representations, and
retrieval depth.

To provide an intuitive comparison between the proposed
framework and the LEGALBENCH-RAG baseline, Figures 2
and 3 report precision results at two representative retrieval
depths, k = 1 and k = 8, respectively, using the text-
ada-large-3 embedding model. These figures are intended
as illustrative visual summaries of retrieval behaviour under
precision-oriented and recall-oriented regimes, rather than as
an exhaustive comparison across all metrics or embedding
configurations. The complete numerical results across all em-
bedding models, retrieval depths, and evaluation metrics are
reported in Table II.

In the precision-oriented regime (k = 1), the pro-
posed framework improves retrieval precision across three of
four datasets, with consistent gains in Privacy-QA, CUAD,
and MAUD. These improvements indicate that the quality-
controlled summaries effectively consolidate legally relevant
information into compact representations that align with query
intent. In contrast, performance on ContractNLI remains lower
than the benchmark in this setting. This behaviour is consistent
with the structure of ContractNLI queries, which frequently
rely on fine-grained logical conditions and explicit negations.
In such cases, summarization may attenuate legally decisive
phrasing that is preserved in fixed-size chunk representations.

When the retrieval depth is increased to k = 8, the
proposed framework consistently outperforms the benchmark



across all datasets. This trend highlights the robustness of
the summarization-based representation under recall-oriented
settings, where multiple validated summaries jointly contribute
complementary contextual evidence. Notable precision gains
are observed in Privacy-QA and MAUD, indicating that the
method scales effectively as broader contextual coverage is
allowed.

Figure 4 complements the precision analysis by reporting
Recall and F1-score at k = 1. These metrics provide a
more comprehensive view of retrieval effectiveness, balancing
precision and coverage. In structured datasets such as CUAD
and Privacy-QA, recall increases by approximately 10–15%
compared to the benchmark. This behaviour reflects the sum-
marizations process’s ability to integrate dispersed legal cues
into a single representation, thereby increasing the likelihood
that the correct passage is retrieved at the top of the ranking.
As a consequence, improvements in F1-score are observed
even in cases where precision gains are moderate.

Fig. 4. Comparison of Recall and F1 scores for four datasets at Top-k=1
using the text-ada-large3 model. The blue bars represent our method, while
the red-hatched bars represent the benchmark.

In datasets characterized by dense contractual language and
extensive cross-referencing, such as MAUD, improvements
in recall and F1-score remain more moderate. This reflects
the inherent difficulty of capturing long-range dependencies
and hierarchical legal structures through isolated summaries.
Nevertheless, the improved performance observed at higher
retrieval depths indicates that relevant information is often
present within the top-ranked set, suggesting that downstream
reranking mechanisms could further enhance precision without
modifying the representation layer.

Table II reports the complete set of retrieval results across
all embedding models, retrieval depths, and evaluation metrics.
Across all embeddings, the proposed framework consistently
outperforms the benchmark, confirming that the observed
improvements are not specific to a single representation model.
While part of the performance gain can be attributed to embed-
ding shorter, more focused representations, the consistency of
improvements across datasets and retrieval regimes indicates
that regulating summary quality is central to reducing retrieval
noise.

Among open-source embeddings, BGE-M3 achieves the
strongest overall performance, particularly in recall-oriented
regimes, reflecting its higher representational capacity and
exposure to diverse training data. In contrast, all-MiniLM-L6-

TABLE II
COMPARISON OF PRECISION, RECALL, ACCURACY, AND F1 SCORE

ACROSS DIFFERENT TOP-K RETRIEVAL LEVELS FOR ALL EMBEDDING
MODELS.

Model TOP K Precision Recall Accuracy F1 Score

All-MiniLM
Ours

1 25.26 16.89 25.26 20.11
2 20.95 26.96 38.08 23.40
4 14.72 38.94 51.05 21.24
8 9.72 48.84 60.96 16.12

All-MiniLM
Benchmark

1 13.62 9.23 13.61 10.94
2 9.62 12.91 18.95 10.94
4 6.52 18.29 27.47 10.64
8 4.20 24.81 35.12 9.47

BGE-M3
Ours

1 33.70 23.51 33.70 27.65
2 27.76 36.15 49.00 31.32
4 18.15 50.94 62.52 26.86
8 11.27 62.17 71.79 19.05

BGE-M3
Benchmark

1 17.99 12.59 17.99 14.57
2 12.63 17.09 24.86 13.81
4 7.90 22.38 32.67 11.62
8 4.76 28.70 40.08 8.51

MultiQA
Ours

1 27.87 18.58 27.87 22.20
2 22.51 28.85 41.02 24.99
4 15.02 40.24 54.21 20.85
8 9.51 50.75 64.24 15.07

MultiQA
Benchmark

1 10.66 7.15 10.66 8.61
2 8.31 11.00 15.46 8.83
4 5.90 16.34 23.86 7.20
8 3.71 21.49 31.17 5.33

text-ada-
large3 Ours

1 37.40 26.51 37.40 30.93
2 31.00 41.05 52.79 35.16
4 19.22 54.97 64.06 28.44
8 11.86 65.86 72.70 20.02

text-ada-
large3

Benchmark

1 22.46 16.79 22.35 19.10
2 15.45 21.69 27.87 17.90
4 9.03 26.40 32.68 13.30
8 5.01 30.11 36.63 8.49

v2 emerges as a Pareto-optimal solution, delivering consistent
improvements over the benchmark with a minimal memory
footprint, making it well-suited for lightweight legal RAG
deployments. The proprietary text-ada-large-3 model achieves
the highest absolute scores, but its closed-source nature and
deployment constraints limit its applicability in some settings.

Overall, these results demonstrate that, once a stable quality
threshold is selected, the proposed quality-controlled summa-
rization framework delivers consistent retrieval improvements
across datasets, retrieval depths, and embedding models, with-
out requiring changes to the underlying retriever architecture.

V. CONCLUSION

This work introduced a quality-controlled representation
framework for legal Retrieval-Augmented Generation systems,
focusing explicitly on improving the retrieval stage rather
than proposing new language or embedding models. The
central contribution lies in regulating the semantic fidelity
of indexed representations through an iterative summarization
and evaluation process, ensuring that only validated summaries
are admitted into the vector database.

Experimental results on the LEGALBENCH-RAG bench-
mark indicate that quality-controlled summaries improve re-
trieval performance across multiple legal datasets and evalua-
tion metrics. Improvements are observed in both precision-



oriented and recall-oriented retrieval regimes, including at
higher retrieval depths. The results generalize across embed-
ding models of different sizes and representational capacities,
indicating that the observed performance gains are not tied to
a specific retriever configuration but arise from the regulation
of representation quality before embedding.

The analysis also highlights structural limitations of
summarization-based representations in legal domains.
Datasets characterized by fine-grained logical conditions or
dense cross-referencing, such as ContractNLI and MAUD,
remain challenging, particularly under top-1 retrieval. In these
cases, summarization may attenuate legally decisive phrasing.
However, improved performance at higher retrieval depths
suggests that relevant information is often present within
the retrieved set, indicating that downstream reranking or
entailment-aware selection mechanisms could further improve
precision without modifying the representation layer.

Overall, the findings show that controlling for representation
quality constitutes an effective, model-agnostic mechanism for
improving legal retrieval. Future work may explore integrating
learned rerankers, task-specific evaluators, or adaptive thresh-
olding strategies further to refine the balance between retrieval
accuracy and efficiency.
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