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Abstract

Large language models can accelerate legal research, but legal deployment requires two properties that generic
assistants do not guarantee: jurisdiction-specific retrieval and explicit grounding in authoritative text. This paper
presents a retrieval-augmented generation (RAG) assistant specialized in Egyptian criminal law. The system constructs
an Arabic legal knowledge base from scanned legal books and supplementary online legal materials, applies OCR
cleaning and metadata-preserving chunking, and indexes dense representations for semantic retrieval. Its retrieval
encoder is based on the Sentence-Transformers paraphrase-multilingual-mpnet-base-v2 model and is fine-tuned with
corpus-derived anchor-positive-negative triplets using an InfoNCE objective. The generation pipeline is retrieval-
gated: out-of-domain queries are rejected, retrieved passages are carried into the answer context with source metadata,
and the system abstains when relevant legal evidence is not available. On the reported held-out in-domain evaluation,
fine-tuning reduced validation loss from 0.51 to 0.04, increased MRR from 0.86 to 0.99, and increased ranking
accuracy from 0.76 to 0.98. More importantly, the mean negative similarity decreased from 0.52 to 0.17, widening the
positive-negative separation margin from 0.26 to 0.58. These results demonstrate improved legal-domain retrieval
discrimination; they are not treated as a direct measure of end-to-end legal-answer correctness. The resulting
architecture provides a reproducible foundation for source-cited Arabic legal research assistance while preserving a
human-review boundary for high-stakes legal use.

Keywords: Egyptian Criminal Law, Retrieval-augmented Generation, Legal Al, Arabic NLP, Dense Retrieval, Contrastive
Learning, Source Grounding, Large Language Models.

1 | Introduction

Legal research is a high-stakes information task: a useful answer must identify the controlling or relevant
authority, preserve jurisdictional scope, and distinguish retrieved legal text from model-generated explanation.
These requirements become especially important for Arabic legal systems, where general-purpose language
models may have uneven coverage of local legislation and where legal materials are often distributed across
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scanned books, government publications, and heterogeneous online sources. Retrieval-augmented generation
(RAG) addresses part of this problem by conditioning generation on externally retrieved passages rather than
relying exclusively on parametric model memory [1]. Dense retrieval further allows semantically related
passages to be identified even when the wording of a user query differs from statutory terminology [2].

RAG, however, is not equivalent to legal reliability. Empirical studies of commercial legal research systems
show that retrieval can reduce, but does not eliminate, unsupported or incorrect legal output [10]. Recent
legal-RAG research therefore emphasizes retrieval quality, precise source selection, and post-retrieval
verification rather than treating grounding as a binary property [7, 11]. For Arabic legal NLP, benchmark
work such as ArabLegalEval and ALARB confirms both the growing importance of Arabic legal reasoning
and the scarcity of jurisdiction-specific resources compared with English-language legal Al [8, 9].

The system studied in this paper addresses a narrower and measurable problem: building a source-grounded
assistant for Egyptian criminal law around a domain-adapted Arabic retriever. The contribution is not the use
of RAG by itself. Instead, the work integrates corpus construction from scanned Egyptian legal materials,
supervised contrastive adaptation of a multilingual sentence encoder, retrieval gating with an abstention path,
source metadata propagation, and a deployable multi-interface prototype.

1.1 | Research Questions and Contributions

The study is organized around three research questions:
e  RQ1: Does domain-specific contrastive fine-tuning improve the retriever’s ability to separate legally
relevant passages from in-domain negatives?
e  RQ2: How does fine-tuning change the geometry of the embedding space, particularly the separation
between positive and negative legal passages?
e RQ3: How can a domain-adapted retriever be integrated with a retrieval-gated generation pipeline
that exposes legal sources and abstains when supporting evidence is insufficient?
The resulting scientific and engineering contributions are:
e A corpus-processing pipeline for Arabic Egyptian criminal-law materials that combines OCR
extraction, text normalization, chunk-level metadata, and semantic indexing,
e A domain-adapted dense retriever obtained by fine-tuning a multilingual sentence encoder on legal
anchor-positive-negative triplets using a contrastive objective.
e An explicit evaluation of retrieval discrimination before and after fine-tuning, including loss, MRR,
ranking accuracy, and positive-negative similarity separation.
e A retrieval-gated RAG architecture in which source retrieval, relevance checking, citation-carrying
context, and abstention are first-class system components rather than post-hoc interface features.
e A deployment-oriented prototype linking the Al service to web, mobile, and messaging interfaces
while retaining human review for legal interpretation and drafting.

2 | Related Work and Research Positioning

2.1 | Dense Retrieval and Retrieval-Augmented Generation

Dense Passage Retrieval demonstrated that dual-encoder representations can support scalable semantic
retrieval by mapping queries and passages into a shared vector space [2]. Sentence-BERT established an
efficient sentence-embedding formulation for semantic similarity and retrieval tasks [3]. RAG subsequently
combined retrieval with sequence generation so that external documents could condition model outputs [1].
These ideas form the technical basis of the present system, but the legal domain adds requirements that
generic open-domain question answering does not address: jurisdiction, article-level provenance, legal
terminology, and the need to expose sources to a professional reviewer.
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2.2 | Legal LLM Evaluation, RAG, and Hallucination Risk

LegalBench showed that legal reasoning is not a single capability and introduced a broad collection of expert-
designed tasks for evaluating large language models [6]. LegalBench-RAG later focused specifically on the
retrieval stage, emphasizing that precise retrieval of minimally sufficient legal text is a distinct problem from
generation quality [7]. Independent evaluations of commercial legal research systems have also shown that
RAG-based products can still produce erroneous or unsupported statements, reinforcing the need to evaluate
retrieval and generation separately [10]. More recent production-oriented work adds reference-audit stages

that check cited legislation and jurisprudence against authoritative sources before delivery [11].

2.3 | Arabic Legal NLP

Arabic legal NLP remains comparatively under-resourced. ArabLegalEval introduced a multitask benchmark
for Arabic legal knowledge and reasoning, while ALARB extended evaluation toward multistep Arabic legal
argumentation using court cases [8, 9]. These resources are important but target jurisdictions and tasks
different from the Egyptian criminal-law retrieval problem considered here. The present work therefore
concentrates on domain adaptation of the retrieval layer rather than claiming a general Arabic legal reasoning
benchmark.

2.4 | Structural Comparison with Representative Work

Table 1 positions the proposed system relative to representative retrieval, legal-RAG, and Arabic legal-NLP
work. The table is structural rather than a score-based ranking because the datasets, jurisdictions, and
evaluation protocols are not directly comparable.

Table 1. Structural positioning of the proposed system against representative RAG and legal-NLP research.

E ti
. Language / Retrieval Source-grounded K g_yp 1an
Work Primary focus R . A criminal-law
jurisdiction adaptation generation
scope
G 1 - Y trieved
Lewis et al. [1] General RAG enera /.open Generic retriever e, retrieve No
domain context
. Primarily English .
Legal reasoning ; Not the main
LegalBench [6 © ultiple legal
cgalBench [6] benchmark / multple lega focus No No
tasks
LegalBench- Legal retrieval English legal ] . Benchmark-
Evaluat t 1 N
RAG [7] benchmark corpora valates retrieva oriented ©
Arabic legal . . . .
ArabLegalEval Knowled Arabic / Saudi Not the main Evaluation- N
nowledge o
[8] ben:}]lmaik legal soutces contribution oriented
Arabic legal
rabie ‘ega Arabic / Saudi Regulation Evaluation-
ALARB [9] reasoning . . . R . No
commercial cases identification task oriented
benchmark
This work Domain-adapted Arab%c / Egyptian Yes; contr?stive Yes; retrieval gate Yes
legal RAG criminal law fine-tuning + source metadata

As Table 1 shows, the distinguishing feature of this work is the combination of an Egyptian criminal-law
corpus, a domain-adapted Arabic dense retriever, and an operational source-gated generation pipeline. The
novelty claim is therefore deliberately scoped to this combination rather than to RAG, legal question
answering, or Arabic legal NLP individually.
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3 | System Architecture and Trust Boundary

3.1 | Retrieval-Gated RAG Workflow

The end-to-end decision path is shown in Figure 1. A user query first passes through a domain classifier.
Queries outside the supported legal scope do not enter the retrieval-and-generation path. For accepted
queries, the system petforms query enhancement, dense embedding, vector search, and a relevance check.
Generation is permitted only when the retrieval stage returns context judged sufficiently relevant by the

application logic. Otherwise, the assistant returns a no-information response instead of fabricating an answer.

Figure 1. Retrieval-gated RAG workflow used by the Egyptian criminal-law assistant.

Figure 1 makes the system’s trust boundary explicit. The LLM is not treated as an autonomous legal authority;
it receives a bounded context assembled by the retrieval layer, and the user-facing answer is expected to retain
the retrieved source identifiers. This architecture reduces one class of unsupported generation but does not,
by itself, prove that every generated legal interpretation is correct. Accordingly, the prototype is positioned as
research and professional decision support rather than autonomous legal advice.

3.2 | Application Architecture

Figure 2 shows the broader application architecture. Lawyers, law students, and other users can access the
service from mobile, web, or Telegram interfaces. Requests pass through an API gateway and authentication
service before entering the query processor. The Python Al service hosts the domain classifier, embedding
model, vector search, and locally served LLM through Ollama. A response builder combines the generated
answer with conversation context and source information, while SignalR supports real-time delivery. SQL
Server stores application state and conversation history. This separation allows the retrieval and generation
components to evolve independently from the client interfaces.
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Figure 2. Multi-interface system architecture connecting authentication, query processing, retrieval, generation,

history, and real-time response delivery.

The architecture in Figure 2 also separates the legal knowledge index from conversational state. This is
important because legal source material and user case data have different provenance and retention
requirements. JWT-based authentication and two-factor authentication are used at the account layer in the
prototype. Generated pleadings and case analyses remain subject to professional review before use in legal
proceedings.

3.3 | Implemented Functional Scope

The prototype supportts legal question answering, source retrieval, structured case-issue analysis, and drafting
assistance. Drafting functions can produce first-pass structures for lawsuits, memoranda, and pleadings, but
the system does not autonomously file documents or make binding legal determinations. Potential weaknesses
identified in a case are presented as issues for review rather than as guaranteed 'loopholes.' The web, mobile,

and Telegram interfaces provide access to the same underlying retrieval-and-generation service.

4 | Corpus Construction and Retrieval Methodology

4.1 | Legal Source Collection and OCR Extraction

The knowledge base is restricted to Egyptian criminal-law materials. The source manuscript reports two
source categories: scanned legal books obtained through the Faculty of Law at Zagazig University, including
the Egyptian Penal Code, criminal procedure materials, and related legislation; and supplementary materials
collected from legal websites and online legal portals. Because a substantial portion of the primary material
existed as scanned pages, the pipeline converts PDF pages to high-resolution images with pdf2image and
applies Arabic OCR using pytesseract.
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Figure 3. Corpus extraction pipeline for scanned books and supplementary online legal sources.

As illustrated in Figure 3, OCR output and web-extracted text are normalized into plain-text documents
before indexing. Keeping the extraction stage separate from indexing makes it possible to inspect and correct
OCR artifacts before they become embedded retrieval candidates.

4.2 | Text Cleaning, Chunking, and Metadata

Arabic OCR introduces characteristic errors, including malformed characters, inconsistent spacing, merged
or split words, stray Latin symbols, and punctuation noise. The preprocessing stage therefore combines
manual inspection with rule-based normalization. After cleaning, documents are segmented into semantically
coherent chunks. Each chunk retains source-document metadata and article identifiers when available. This
metadata is propagated through retrieval so that user-facing responses can point back to the underlying legal
text rather than presenting untraceable prose.

4.3 | Construction of Contrastive Training Records

Fine-tuning requires supervised similarity examples rather than raw legal text alone. Each training record
contains an anchor query or legal concept, a positive passage that expresses the relevant legal content, and a
negative passage from the same domain. An automated n8n workflow coupled to a Claude-based structuring
agent was used to convert cleaned legal text into JSONL triplets. Figure 4 shows the data-generation
workflow. The use of in-domain negatives is important because legal passages can be lexically similar while
having materially different legal meanings.

Al Agent -
Convert to JSON

Extract Text from File Convert to JSON File

Extract From Text File ( N

<
I\ L

Anthropic Chat Structured Output A
Upload Text File Model Parser
Save to Google Drive

upload: file

Figure 4. Automated construction of contrastive anchor-positive-negative records from cleaned legal text.
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The automated generation process reduces annotation cost, but it also creates a validity boundary: retrieval
metrics reflect the quality of these corpus-derived triplets. For that reason, the paper interprets the experiment
as an in-domain retrieval study rather than an external legal benchmark.

4.4 | Base Embedding Model

The retriever starts from the Sentence-Transformers model paraphrase-multilingual-mpnet-base-v2, a
multilingual sentence-embedding model that produces 768-dimensional vectors and supports semantic
similarity across many languages [12]. The model was selected because it provides strong multilingual sentence
representations while remaining small enough for task-specific fine-tuning. The legal adaptation is performed
at the embedding level; the generator itself is not fine-tuned in the reported experiment.

4.5 | Mean Pooling, Normalization, and Similarity

Let h_t denote the final hidden state for token t and m_t the attention-mask value. Mean pooling followed
by L2 normalization is defined as:

T
e(x) =Zzmhe gy =B )

Ntz me el
The normalized representations allow cosine similarity to be computed as an inner product:
sim(x, y) = &(x) é(y)

This representation is used consistently for anchor queries, positive passages, negative passages, and indexed

legal chunks. At inference time, the same encoder transforms the processed user query before vector search.
4.6 | Contrastive Fine-Tuning Obijective

The training objective follows the contrastive-learning principle of increasing similarity between an anchor
and its positive passage while decreasing similarity to one or more negatives [4, 5]. For anchor a_i, positive
passage p_i, negatives n_ij, and temperature 1, the InfoNCE-style objective is:

L= —lo exp(sim(a;,p;)/T) )
= ) K; .
¢ exp(51m(ai,pi)/r)+2j:‘1exp(slm(ai,nij)/‘r)

The temperature controls the sharpness of the similarity distribution. In this implementation t=0.07. The
training loop was implemented in PyTorch with AdamW, cosine learning-rate decay, a 10% warm-up phase,

mixed-precision training, and a fixed random seed of 8.
4.7 |Indexing, Query Reformulation, and Generation

After fine-tuning, legal chunks are encoded into 768-dimensional normalized vectors and stored in a vector
database. At query time, the application performs an enhancement step that reformulates the request into a
search-oriented representation; the example workflows include Arabic-to-English reformulation before
embedding. Because the retriever is multilingual, the resulting query vector can still be matched against Arabic
legal chunks. The independent contribution of translation-based reformulation is not isolated in the reported
experiment, so the retrieval gains reported in Section 6 are attributed to the embedding fine-tuning rather
than to query reformulation.

The retrieved chunks, original user question, and source metadata are then provided to the local generator.
The answer formatter produces Modern Standard Arabic and includes the retrieved legal references. If the
retrieval gate finds no sufficiently relevant context, generation is suppressed and the system returns an
abstention response.
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5 | Experimental Design

5.1 | Training Configuration

Table 2 summarizes the configuration used for the domain-adaptation run. These settings are reported

explicitly to make the retrieval experiment reproducible at the model-training level.

Table 2. Fine-tuning configuration used for the legal embedding model.

Hyperparameter Value Rationale

B ncoder paraphrase-multilingual-mpnet- Multilingual sentence embeddings;
ase encode
base-v2 768-dimensional output

Matches the implementation used in

Maxi token length 128
aximum token leng batched tokenization
Batch size 16 St.abl.e min.i—batch optimization
within available GPU memory
Epochs 10 Ob.served co§verg§nc§ without
divergence in validation loss
. _5 Conservative adaptation of
Learning rate 2x10 . .
pretrained representations
Temperature © 0.07 Sharpens c.ont'rast.ive similarity
distribution
Sentence-level tati ith
Pooling Masked mean + L2 normalization < .ence e erp resenta 9n \,m
cosine-compatible normalization
.. AdamW (3:=0.9, $2=0.999, Transformer fine-tuning with
Optimizer .
wd=0.01) weight decay
Stable eatly upd d gradual
Scheduler Cosine decay + 10% warm-up able carly updates and gradu
decay
Reduced GPU 7 and
Precision fp16 with GradScaler ecnee Fetmoty a
increased throughput
Random seed 8 Reproducibility across Python,

NumPy, and PyTorch

The configuration in Table 2 is consistent with the stable loss trajectory observed across the ten epochs; the
training and validation curves are analyzed in Section 6.2.

5.2 | Evaluation Metrics and Interpretation

The retrieval experiment uses validation loss, mean reciprocal rank (MRR), ranking accuracy, average positive
similarity, and average negative similarity. MRR and ranking accuracy are defined as:

_ 1oy 1 _ 1 anN pos neg
MRR = N 2i=1y AcCrapnk = p i=1 1 (si > m]axsl.j 3

Here, r_i is the rank of the positive passage for validation item i, s_i* is the anchor-positive similarity, and
s_ij~ denotes the anchor-negative similarity. The reported experiment is based on contrastive candidate sets
derived from the constructed triplets. Consequently, ranking accuracy measures discrimination within the
evaluated candidate set; it must not be read as corpus-wide top-1 legal retrieval accuracy.

To make embedding separation directly interpretable, the analysis also reports the mean similarity margin:

4= Hpos — Hneg “
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A larger A indicates greater average separation between relevant and irrelevant legal passages. This measure
is particularly informative here because fine-tuning slightly lowers absolute positive similarity while

substantially lowering negative similarity.
5.3 | Scope of the Evaluation

The experiment evaluates the retrieval encoder, not the legal correctness of generated answers. No end-to-
end factuality, citation-faithfulness, or lawyer-rated drafting score is inferred from the retrieval metrics. This
separation follows current legal-RAG evaluation practice, where retrieval quality and generation reliability are
treated as distinct layers [7, 10, 11]. The end-to-end examples in Section 7 are therefore illustrative system
traces rather than an independent accuracy benchmark.

6 | Results and Analysis

6.1 | Retrieval Performance Before and After Fine-Tuning

Table 3 reports the evaluation summary from the source experiment. The final column adds the positive-
negative similarity margin A, derived directly from the reported mean similarities.

Table 3. Retrieval evaluation before and after domain-specific fine-tuning.
Metric Before fine-tuning After fine-tuning Interpretation
Validation loss 0.51 0.04 Substantially lower
contrastive error
Positive passage ranked
MRR 0.86 0.99 near the top of evaluated
candidate sets

Improved discrimination

Ranking accuracy 0.76 0.98 of positive over negative
candidates
Aver?g? p(?sitive 078 075 . P.bef)lute positiv.e
similarity similarity changes little
Averase neoati Large reduction in
erage negative
verage hegativ 0.52 0.17 similarity to irrelevant
similarity
legal passages
Mean positive-negative
Separation margin A 0.26 0.58 separation more than

doubles

Table 3 shows that the main effect of fine-tuning is not a uniform increase in all cosine scores. Average
positive similarity decreases modestly from 0.78 to 0.75, while average negative similarity falls much more
sharply, from 0.52 to 0.17. Accordingly, the separation margin increases from 0.26 to 0.58. This is the most
informative geometric result: the model learns to reject semantically nearby but legally irrelevant passages
more strongly.

6.2 | Convergence Behavior

Figure 5 presents the reported training and validation losses across the ten fine-tuning epochs. Training loss
falls rapidly during the first three epochs and remains close to zero thereafter. Validation loss decreases from
approximately 0.161 in the first epoch to approximately 0.042 by the final epoch and then stabilizes, with no
divergence between the training and validation trajectories.
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Figure 5. Training and validation loss across ten epochs of domain-specific embedding fine-tuning.

The convergence pattern in Figure 5 supports the decision to stop after ten epochs. It also provides a
consistency check against the aggregate value in Table 3: the final logged validation loss is approximately
0.042, which rounds to the reported 0.04.

6.3 | Similarity-Space Separation

Figure 6 compares the positive and negative similarity distributions before and after fine-tuning. Before
adaptation, the distributions overlap substantially in the mid-similarity region. After adaptation, the negative
distribution shifts toward low similarity values, whereas the positive distribution remains concentrated at high
similarity.

(a) Before fine-tuning (bl After fine-tuning

pre_tune Similarity Histogram epoch_10 Similarity Histogram
mmm Positive mmm Positive
16 | wem Negative 12 m=m Negative

10

Count

[e]

Count
(2]

0 l

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.0 0.2 0.4 0.6 0.8

Figure 6. Positive and negative cosine-similarity distributions: (a) before fine-tuning and (b) after fine-tuning.

The distributions in Figure 6 visually confirm the numerical margin change in Table 3. This pattern is
preferable to simply increasing all similarity scores because dense retrieval depends on relative ranking: a
useful encoder must preserve relevant-query similarity while creating a decisive gap to hard negatives.

6.4 | What the 0.98 Ranking Accuracy Establishes

The 0.98 ranking accuracy is strong evidence that the fine-tuned encoder discriminates the evaluated in-
domain positives from their negatives substantially better than the untuned model. It does not establish 98%
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end-to-end legal-answer accuracy, nor does it guarantee that the correct authority will always be first in a full
vector index containing many near-duplicate statutes, amendments, and commentary passages. That
distinction is important for a legal system: retrieval metrics validate the retrieval layer, while answer
correctness requires separate evaluation of citation fidelity, legal interpretation, temporal validity of legislation,

and abstention behavior.
7 | End-to-End Behavior and Illustrative Legal Queries

The prototype was exercised on representative Arabic criminal-law questions to verify that the application
can route a query through reformulation, retrieval, soutce assembly, and Arabic response generation. These
examples demonstrate workflow behavior and citation handling; they are not used as substitutes for the

quantitative retrieval evaluation.
7.1 Article-Oriented Query

A representative user asks:
£9 salall 33, 5S3all 2l el o) 5l 8 L

The system reformulates the query for retrieval, searches the legal index, retrieves the highest-scoring passages
associated with Article 9, and passes those passages and their source metadata to the generator. The answer
formatter then returns a structured Arabic explanation with the retrieved legal references. This example tests

precise article-oriented retrieval rather than open-ended legal prediction.
7.2 Accomplice Liability Query
€l Ja cdaslally Jemn ) Jemny (556 IS e o By o8 LS 2 ]

This query is intentionally colloquial and underspecified. The value of the pipeline lies in mapping the wording
to relevant provisions on participation and liability before generation. The assistant can summarize the
retrieved provisions, but the final legal characterization depends on the facts of the case and therefore remains

a matter for professional legal review.
7.3 Multiple-Defendant Fine Query
S5 ) aailly Al il oyl (pudly (aegia Ao gana o ) saSa ]

The retrieval step searches provisions relevant to joint liability and the treatment of financial penalties. The
generated response is structured around the retrieved authority and exposes the source to the user. This design
lets the reviewer verify the cited text directly rather than accepting an uncited model statement.

8 | Prototype Implementation and User Interface

The research prototype exposes the same backend through multiple client surfaces. Figure 7 shows
representative authentication, registration, mobile-assistant, and web-interface views. These interfaces are
deliberately thin: legal retrieval and generation remain centralized in the Al service so that model updates do

not require separate logic in each client.
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Figure 7. Representative Verdict Al prototype interfaces: (a) sign-in, (b) account registration, (c) mobile legal assistant,

and (d) web interface.

Figure 7 demonstrates that the research pipeline was integrated beyond an offline notebook into a usable
application. The prototype also includes subscription and notification infrastructure, but commercial features
are not treated as scientific contributions in this paper.

9 | Reliability, Governance, and Validity Boundaries

9.1 Reliability Mechanisms

Reliability is implemented through layered controls rather than a claim of hallucination-free generation. First,
domain classification restricts the supported scope. Second, the retrieval gate can block generation when no
relevant context is found. Third, chunk metadata provides source provenance for the answer. Fourth, the
application separates generated explanation from the underlying legal text so that a lawyer or informed user
can verify the authority. These controls are consistent with evidence from legal-Al evaluations showing that
retrieval reduces risk but does not remove the need for human verification [10, 11].

9.2 Professional Use Boundary

The assistant is designed for legal research support, education, and draft preparation. It is not an autonomous
adjudicator and should not be used as a substitute for licensed legal advice in fact-sensitive matters. Generated
pleadings, case analyses, and issue lists require human review for jurisdiction, amendments, procedural
posture, evidentiary sufficiency, and the current legal status of cited provisions.

9.3 Experimental Validity

The reported metrics are internally consistent with an in-domain contrastive retrieval experiment and
demonstrate a large improvement in embedding separation. Two boundaries are material when interpreting
the findings. First, the validation examples originate from the same corpus-generation process as the training
records; external generalization to unseen legal topics is not measured here. Second, the triplets were
generated through an automated Al-assisted workflow rather than independent expert annotation. These
boundaries do not invalidate the observed retrieval gain, but they limit the claim to domain-adapted retrieval

discrimination on the reported corpus.

A stronger external evaluation would therefore pair the current retrieval study with expert-validated Egyptian
legal queries, larger candidate pools, temporal tests across amended legislation, and end-to-end citation-
faithfulness assessment. Those evaluations are methodologically distinct from the present encoder study and
should be reported separately rather than inferred from embedding metrics.
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10 | Conclusion

This paper presented a source-grounded RAG assistant specialized in Egyptian criminal law, with the retrieval
layer treated as the central scientific component. The system converts scanned and online Arabic legal material
into a metadata-bearing vector index, adapts a multilingual sentence encoder using contrastive fine-tuning,
and integrates the resulting retriever with a gated generation workflow that can abstain when evidence is
insufficient.

The experiment shows a substantial improvement in retrieval discrimination after fine-tuning: validation loss
falls from 0.51 to 0.04, MRR rises from 0.86 to 0.99, ranking accuracy tises from 0.76 to 0.98, and the positive-
negative similarity margin widens from 0.26 to 0.58. The distributional analysis shows that this improvement
is driven primarily by pushing irrelevant legal passages away in the embedding space rather than artificially
inflating positive similarity.

The resulting contribution is therefore a precisely scoped one: an implemented, domain-adapted retrieval
backbone and source-gated application architecture for Arabic Egyptian criminal-law assistance. By separating
retrieval quality from end-to-end legal correctness and retaining explicit human review, the system provides a
technically grounded basis for further evaluation of Arabic legal RAG without overstating what the current
experiment proves.
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