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This study evaluated legal signal boosting within a 
hybrid retrieval system for Indonesia’s Job Creation Law 
and fifteen implementing government regulations. The 
knowledge base contained 2,914 law chunks and 2,532 
regulation chunks, represented with Multilingual E5. 
BM25 and semantic rankings were combined through 
reciprocal rank fusion, with an additional ranking derived 
from document identity, article references, explanatory 
sections, and legal phrases. Five retrieval methods were 
compared on fifty questions per scenario. A separate 
controlled comparison examined the contribution of legal 
signals. In the controlled comparison, legal signal 
boosting increased Hit@10 from 94% to 100% and 
mean reciprocal rank from 0.707524 to 0.850190 in the 
law corpus. In the regulation corpus, Hit@10 increased 
from 98% to 100% and mean reciprocal rank from 
0.933333 to 0.966667. Dual-corpus evidence coverage 
increased from 78% to 92%. The selected configuration 
did not lead on every metric: TF-IDF obtained higher 
cross-corpus MAP@10. The prototype also supported 
corpus routing and source-linked answers. A separate 
quotation check passed 28 of 30 answers on a reused 
development set. The retrieval comparisons were 
descriptive and used internally constructed questions 
and relevance labels; cross-corpus configuration 
selection reused its evaluation set. The findings 
supported legal signals as a useful addition to hybrid 
regulatory retrieval under the tested conditions, while 
statistical significance and performance on external 
questions remained unverified. 

1. Introduction 
The Job Creation framework distributes provisions across a law and its implementing regulations. Similar terms 

recur in articles, annexes, and explanatory sections. Semantic similarity alone may therefore return text from a different 
provision than the one requested. This study examined whether signals identifying the document, article, or section 
could improve hybrid retrieval within that collection. 

Retrieval-augmented generation connects a generative model to external evidence [1]. Surveys describe the 
interaction between retrieval, context construction, and generation as a central design concern [2] [3]. Dense 
representations can improve semantic matching, but they do not automatically resolve exact legal references. 
Multilingual E5 provides a multilingual representation suitable for Indonesian text [4], while contrastive dense retrieval 
offers a complementary alternative to lexical matching [5]. The FAISS library supports efficient vector search and explicit 
links between indexed vectors and document units [6]. These components are useful foundations, but their integration 
must account for the structure and coverage of the source collection. A KINETIK study also compared retriever and 
generator combinations for concept-map assessment [7], illustrating the need to evaluate these components separately. 

Legal question-answering research has addressed source attribution, retrieval, and context selection in several 
ways. Attributed answering links responses to statutory preconditions [8], while multi-phase retrieval and free-format 
question answering connect questions with supporting legal documents [9] [10]. Hierarchical knowledge integration, 
case-based retrieval, and parameter-adaptive retrieval offer related approaches to selecting legal context [11] [12] [13]. 
Indonesian legal consultation research has also combined ensemble retrieval with keyword boosting [14]. The present 
study evaluated document identity, article references, explanatory sections, and legal phrases across two structurally 
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different regulatory corpora. Its contribution lies in adapting and evaluating these signals within the selected collection, 
including a controlled component comparison. 

Citation prediction in Dutch case law has been studied using textual and metadata features [15]. SDD-LawLLM 
combines synthetic-data fine-tuning with retrieval augmentation for legal question answering [16]. Models of law search 
also represent relationships within the legal corpus [17]. LamBERTa investigates law-article retrieval through adapted 
language representations [18]. 

Lawformer addresses long Chinese legal documents [19], while transformer-based approaches have been 
evaluated for case-law retrieval and statutory entailment [20]. Multi-stage Japanese retrieval [21] and CECRA's 
structured-evidence reranking [22] explore other approaches to matching legal documents. These tasks motivate 
attention to structure and evidence, but their scores are not directly comparable with retrieval from Indonesian 
regulations. 

Regulatory RAG has been studied for EU electricity rules [23] and multilingual legal assistance in Kazakhstan 
[24]. LARIN adapts retrieval triggering, query construction, and evidence fusion for legal tasks [25]; graph-enhanced 
retrieval has also been evaluated for information-security compliance questions [26]. The present experiments focus on 
a fixed regulatory collection and a fixed generator, rather than reproducing those systems. 

Evaluation must distinguish finding evidence from producing a supported answer. BEIR illustrates variation 
across retrieval tasks and domains [27], while LegalBench-RAG focuses specifically on legal retrieval [28]. LegalBench 
and LawBench assess broader legal reasoning or knowledge capabilities [29] [30]. Groundedness evaluation examines 
the relationship between legal answers and their sources [31]; RAGAs and ARES provide complementary automated 
evaluation frameworks [32] [33]. Their existence does not justify substituting retrieval hit rate for legal correctness. 
Empirical legal-AI studies distinguish factual accuracy from support by cited sources and document remaining 
hallucinations in legal research tools [34] [35]. 

Related computing studies discuss preprocessing and classification of Indonesian text [36] [37], software 
performance and feature engineering [38] [39], and the evaluation of user-facing systems [40] [41] [42]. They provide 
methodological background. Evidence of legal retrieval performance in this study comes from the corpus-specific 
experiments reported below. 

This study evaluated legal signal boosting in a regulatory search system that combined lexical and semantic 
retrieval. Five retrieval configurations were compared, followed by a controlled comparison with and without legal 
signals. The evaluation covered retrieval within each corpus, evidence retrieval across corpora, query routing, and the 
quotation and citation of retrieved provisions. 

2. Research Method 
This study used a comparative experimental design to evaluate legal signal boosting in hybrid retrieval. The 

knowledge base comprised Law Number 6 of 2023 and fifteen implementing government regulations. Five retrieval 
configurations were evaluated, and a separate controlled comparison examined the contribution of legal signals. Figure 
1 shows corpus preparation and question processing. Prepared indexes supply hybrid retrieval; the user question is the 
input to routing. 

 
Figure 1. Regulatory Search Workflow 
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2.1. Source Collection and Corpus Preparation 
Corpus A contained Law Number 6 of 2023 [43]. Corpus B-Core contained fifteen government regulations 

(Peraturan Pemerintah, PP) from 2021: Numbers 5, 6, 7, 18, 19, 21, 22, 23, 26, 27, 28, 29, 35, 36, and 37 [44]–[58]. 
The original source files were retained unchanged. An inventory recorded document number, year, page count, 
extraction method, and inclusion status. The collection was a fixed historical snapshot of these document versions; 
subsequent amendments and replacement regulations were not consolidated. The experiments assessed retrieval from 
that snapshot rather than the completeness or current legal applicability of the collection. 

Source qualification preceded retrieval. Pages 350–739 of Government Regulation Number 5 of 2021 were 
excluded because the annex contained tables extending across pages and required extraction that preserved table 
structure. Government Regulation Number 34 of 2021 remained in the archive but was excluded from the final 
operational scope. These exclusions were recorded explicitly so that incomplete evidence would not be interpreted as 
proof that a provision did not exist. Work on legislative corpus construction similarly highlights the need to verify 
machine-readable text after extraction [59]. 

Text extraction and optical character recognition were followed by removal of recurring headers, footers, and 
disruptive word breaks. Clean text was retained per page. Corpus A used legal-structure-aware parent and child units; 
Corpus B-Core used one parent per page and character-based child chunks with a target length of 1,800 characters 
and an overlap of 220 characters. This distinction retained available legal structure without assuming that all government 
regulations had equally reliable article metadata. Chunk granularity is a meaningful retrieval design choice [60]. Table 
1 summarizes the resulting knowledge base. 

Table 1. Validated knowledge-base inventory. 

Attribute Corpus A Corpus B-Core 

Documents Law 6/2023 15 government regulations 

Included pages 1,127 2,486 

Parent units 2,803 2,486 

Child chunks 2,914 2,532 

Embedding vectors 2,914 2,532 

FAISS mappings 2,914 2,532 

 
Each child unit retained the source document, page, parent identifier, chunk identifier, and text, together with 

article metadata where available. Before retrieval, validation checked that text was nonempty, required metadata were 
present, document exclusions were applied, and the numbers of chunks, embeddings, and indexed vectors agreed. 

2.2. Retrieval and Legal Signal Fusion 
Five configurations were compared: TF-IDF, BM25, Raw E5, Hybrid RRF, and Hybrid RRF with legal signal 

boosting. The hybrid configurations combined lexical and semantic rankings, while the boosted configuration also used 
legal references identified in the question and source metadata. The encoder, intfloat/multilingual-e5-base, produced 
normalized 768-dimensional vectors stored in FAISS IndexFlatIP. Dense scores in the comparison were calculated by 
exact search against the fixed embedding matrix. All embedding-based configurations used the same encoder. 

Hybrid RRF combined the BM25 and Raw E5 rankings through reciprocal rank fusion [61], as shown in Equation 
1. Here, d is a retrieved chunk, m identifies a ranking list, rm(d) is the rank of d in list m, and wm is the list weight. The 
rank constant was fixed at 60. 

 𝑆𝑅𝑅𝐹(𝑑)  =  ∑
𝑤𝑚

60 + 𝑟𝑚(𝑑)𝑚  (1) 

The generic legal-signal route used document identity, article references, explanatory sections, and legal 
phrases found in the question, chunk text, and source metadata. Matching scores were added per chunk: 12.0 for an 
explicitly named document, 10.0 for an exact article-metadata match, or 6.0 for an article reference in the text when the 
metadata did not match; a matching explanatory section added 5.0. Each matching legal phrase contributed 3.0 + 0.25 
× min(number of phrase words, 5). Only chunks with positive legal scores entered the additional candidate list. They 
were ordered by legal score, then baseline RRF score, and finally chunk index, and the top fifty were used for fusion. A 
chunk absent from this list could still be retrieved through BM25 or E5. 

For B-Core and cross-corpus retrieval, the BM25, E5, and generic legal-signal lists each had weight 1.0 in 
Equation 1. Corpus A instead used its structure-specific exact route with weight 2.25, alongside BM25 and E5 with 
weight 1.0, followed by additive metadata signals of 0.025–0.06 per match. Matching metadata signals were summed, 
so this interval describes individual contributions rather than a cap on the total boost. The controlled Corpus A baseline 
retained the same lexical implementation and disabled both the exact route and metadata additions. This differs from 
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the generic lexical baseline in the five-method comparison. Parameters were fixed after development, and ranking did 
not read relevance labels. Recent work on structured documents also examines retrieval choices for text and tables 
[62]. Metadata additions can materially affect ranking rather than merely break ties. Their magnitudes and the 2.25 route 
weight were not tested in a sensitivity analysis, so robustness to other weights remains unverified. 

2.3. Query Routing and Answer Generation 
The rule-based router used document references and question signals to select A_ONLY, B_ONLY, or 

CROSS_A_B. Ambiguous questions could use AUTO_ALL as a fallback. Single-corpus modes searched the selected 
corpus; CROSS_A_B searched both corpora and retained source identities when assembling evidence. Out-of-scope 
intent detection is a related issue in knowledge-based chatbots [63], but this study evaluated corpus routing rather than 
a separate out-of-scope classifier. 

The Streamlit prototype displayed retrieved evidence with document, page, corpus, and available legal-
structure metadata. General search used ten contexts labelled S1–S10. Explicit quotation requests received evidence 
selected for the requested provision. Improvements separated the main enactment from annexed text, resolved each 
reference separately, and selected the requested article, paragraph, item, or letter. If extraction did not preserve a 
recognizable paragraph marker, the system did not invent a new paragraph number. These changes affected context 
selection without modifying the frozen chunks, embeddings, or FAISS indexes. 

The generator was held fixed during the answer evaluation. Comparisons with alternatives such as Mixtral [64] 
were outside the experiment. 

Answers were generated by Qwen through Groq. The recorded API model identifier was qwen/qwen3.8-27b. 
Temperature was 0, context was limited to 950 characters per source, and the output limit was 1,100 tokens. The prompt 
requested quotations from the supplied evidence, supporting source labels, and a statement when a requested provision 
was unavailable. This experiment evaluated generation after evidence selection, rather than the complete interactive 
application. 

2.4. Evaluation Design and Metrics 
Each individual-corpus and cross-corpus retrieval scenario contained fifty internally constructed questions. 

Corpus A and B-Core each used thirty development questions and twenty holdout questions; configurations were fixed 
before the holdout evaluation. CROSS_A_B used a combined set for comparing retrieval methods and evidence 
allocation, so its results were exploratory configuration-selection evidence. An additional fifty-question mixed benchmark 
contained fifteen A_ONLY, fifteen B_ONLY, and twenty CROSS_A_B questions. Some mixed-benchmark questions 
overlapped with scenario sets, preventing its interpretation as an independent holdout. 

Relevance was binary and defined at chunk level using expected documents, article or structural references 
where available, and important query terms. Corpus A development labels were based on an assessed candidate pool 
and were not exhaustive. B-Core and cross-corpus labels used document and term criteria. Unlabelled chunks were 
counted as nonrelevant. Labels remained fixed during ranking but were not assessed by a second annotator or an 
independent legal expert. All metrics therefore describe agreement with these internal labels. Because document and 
term criteria also informed the legal signals, label construction could favor the boosted method. Keeping labels outside 
the ranker prevented direct label access but did not remove this threat to evaluation validity. 

Retrieval was evaluated using Hit@K, MRR, Precision@K, Recall@K, MAP@K, and nDCG@K, defined in 
Equations 2–7. Hit@K measures whether relevant evidence is retrieved within the first K positions, while MRR measures 
the rank of the first relevant result. Precision and recall measure retrieved relevance and coverage of the labelled 
relevant set. MAP and nDCG also account for result ordering. Evaluation used K = 1, 3, 5, and 10; the results below 
report K = 10. 

 𝐻𝑖𝑡@𝐾 =  
1

𝑁
∑ 𝐼(𝑟𝑖  ≤  𝐾)𝑁

𝑖=1  (2) 

 𝑀𝑅𝑅 =  
1

𝑁
∑

1

𝑟𝑖

𝑁
𝑖=1  (3) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑞@𝐾 =  
∑ 𝑟𝑒𝑙𝑞,𝑖

𝐾
𝑖=1

𝐾
 (4) 

 𝑅𝑒𝑐𝑎𝑙𝑙𝑞@𝐾 =  
∑ 𝑟𝑒𝑙𝑞,𝑖

𝐾
𝑖=1

|𝑅𝑞|
 (5) 

 𝑀𝐴𝑃@𝐾 =  
1

𝑁
∑

∑ (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑞@𝑖 × 𝑟𝑒𝑙𝑞,𝑖)𝐾
𝑖=1

|𝑅𝑞|
𝑁
𝑞=1  (6) 

 𝑛𝐷𝐶𝐺𝑞@𝐾 =  
𝐷𝐶𝐺𝑞@𝐾

𝐼𝐷𝐶𝐺𝑞@𝐾
 (7) 
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N denotes the number of questions, and ri is the rank of the first relevant result for question i. I(·) is 1 when its 
condition holds and 0 otherwise; a question with no relevant result contributes 0 to MRR. Rq is the set of chunks 
labelled relevant to question q, and relq,i is 1 for a relevant result at position i and 0 otherwise. MAP@K averages 
truncated average precision using the full labelled-set size |Rq| as denominator. DCG discounts binary relevance by 
log2(i + 1); IDCG is the corresponding ideal score up to K. Precision@K, Recall@K, and nDCG@K were averaged 
across questions. 

Cross-corpus coverage required relevant evidence from both corpora. Local MRR was calculated separately 
within each corpus; mean local MRR averaged the two values. The original comparison evaluated allocations from 
A1+B9 to A9+B1 and selected a quota for each method by dual-corpus coverage, mean local MRR, minimum corpus 
coverage, and then quota balance. Table 5 reports these selected configurations. The controlled comparison in Table 
6 and supplemental precision, recall, MAP, and nDCG instead fixed A6+B4 for all methods. Supplemental ordering 
alternated A and B for the first eight positions, followed by two A results. These recalculated rankings could differ where 
equal scores were resolved differently; they were not identical to the original quota-selection evaluation. 

Controlled legal-signal comparisons activated or deactivated boosting while holding questions, labels, 
representations, and the base settings constant within each scenario. Their baseline values were reported separately 
from the earlier five-method comparison. Analyses were descriptive; no statistical-significance or weight-sensitivity 
conclusion was drawn. Routing used a balanced hundred-question set containing 34 A_ONLY, 33 B_ONLY, and 33 
CROSS_A_B questions, plus a hundred-question stress set containing only implicit-signal cross-corpus questions. 

Thirty factual quotation questions were selected purposively, ten per scenario. They covered twenty unique 
provisions from the annex to Law 6/2023 and Government Regulations 5, 7, 18, and 35 of 2021. Paired cross-corpus 
questions reused those provisions, producing forty quotation requests in total. The reference texts came from the annex 
to Law 6/2023 and the 2021 regulation texts, without consolidation of subsequent amendments. References were 
recorded from official PDFs before generation and were not supplied as answers to the model. Matching ignored case, 
punctuation, and whitespace but retained letters and digits; paraphrases and OCR corrections did not count as exact 
quotations. A citation passed when its source label was in the same answer section and the cited evidence contained 
the complete reference quotation. An answer passed only if it completed without truncation and every requested 
quotation and citation passed. Both quotations were required in cross-corpus answers. Service failures were retained 
in the denominator. The questions were reused after evidence-selection improvements, so the result measures 
development-set performance rather than performance on new questions. 

3. Results and Discussion 

3.1. Retrieval within Each Corpus 
Table 2 compares retrieval on fifty questions per corpus. In Corpus A, legal signal boosting reached 100% Hit@10 and 
MRR 0.850190, compared with 94% and 0.736524 for Hybrid RRF. Raw E5 reached 82% Hit@10. Difficult questions 
concerned explanatory, transitional, and closing provisions with similar wording. In B-Core, the boosted configuration 
reached 100% Hit@10 and MRR 0.966667. These results supported separate retrieval configurations for the two 
corpora. 

Table 2. Five-method retrieval comparison on fifty questions per corpus. 

Method A Hit@10 (%) A MRR B Hit@10 (%) B MRR 

TF-IDF 94 0.678238 98 0.851389 

BM25 84 0.681667 98 0.897333 

Raw E5 82 0.591111 100 0.902500 

Hybrid RRF 94 0.736524 98 0.933333 

Hybrid + legal signals 100 0.850190 100 0.966667 

 
Both holdout sets retained 100% Hit@10 after the configuration was fixed (Table 3). Corpus A MRR increased 

from 0.838095 on the development questions to 0.868333 on the holdout questions. In B-Core, MRR decreased from 
0.983333 to 0.941667. Each holdout contained twenty internally constructed questions. These results provide a limited 
check beyond the development questions; the aggregate scores do not establish whether one set was systematically 
easier. 
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Table 3. Fixed-configuration development and holdout results. 

Corpus Set Questions Hit@10 (%) MRR 

A Development 30 100 0.838095 

A Holdout 20 100 0.868333 

B-Core Development 30 100 0.983333 

B-Core Holdout 20 100 0.941667 

 
The supplemental metrics show that a successful first hit did not imply retrieval of all labelled evidence (Table 

4). Corpus A reached 78.33% Recall@10. B-Core reached 78.40% Precision@10 but only 33.79% Recall@10: several 
relevant chunks were retrieved, while many others remained outside the ten-result limit. Recall therefore needs to be 
read alongside the size and construction of the relevance labels. 

Table 4. Supplemental metrics for the legal-signal configuration. 

Scenario Precision@10 (%) Recall@10 (%) MAP@10 nDCG@10 

A 35.60 78.33 0.650739 0.853248 

B-Core 78.40 33.79 0.303839 0.882390 

Cross-corpus 72.00 8.30 0.072196 0.744260 

 
Figure 2 compares Hit@10 and MRR across Corpus A, B-Core, and the mixed benchmark. Legal signal 

boosting achieved 100% Hit@10 in all three sets. The mixed benchmark partly reused scenario questions, so its results 
describe performance on the combined set rather than an independent replication. 

 
Figure 2. Hit@10 and MRR across Corpus A, B-Core, and the mixed benchmark. 

3.2. Cross-Corpus Retrieval and Legal Signal Boosting 
Raw E5 and the boosted configuration both retrieved relevant evidence from the two corpora for 92% of the 

cross-corpus questions (Table 5). The boosted configuration had higher mean local MRR, at 0.878167 compared with 
0.837333, and was selected in the retrieval experiment. Four questions still lacked relevant evidence from both corpora. 
This set was also used for configuration selection, which limits conclusions about performance on new cross-corpus 
questions. In Table 5, the Hybrid RRF baseline used its selected A7+B3 allocation (80% coverage); Table 6 used the 
fixed A6+B4 allocation (78%). The two baseline values therefore describe different evaluation configurations. The 92% 
coverage is an exploratory configuration-selection result on these fifty questions, rather than an estimate for unseen 
cross-corpus questions. 

Table 5. Cross-corpus evidence coverage and local ranking. 

Method A coverage (%) B coverage (%) Both (%) Mean local MRR 

TF-IDF 92 96 88 0.827333 

BM25 86 84 78 0.674762 

Raw E5 92 100 92 0.837333 

Hybrid RRF 90 88 80 0.812095 

Hybrid + legal signals 92 100 92 0.878167 
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Cross-corpus Recall@10 was 8.30% against the internal labels. TF-IDF obtained MAP@10 0.074964, above 
the boosted configuration's 0.072196. MAP accounts for precision across labelled relevant results, whereas dual-corpus 
coverage requires evidence from both corpora and mean local MRR concerns the first relevant result within each corpus. 
The different rankings across metrics therefore reflect different evaluation criteria. These aggregate results do not 
establish which query features caused TF-IDF's MAP advantage. The broad relevance sets and six/four evidence 
allocation limit interpretation of recall as legal completeness. On the mixed benchmark, boosting reached 100% Hit@10 
and MRR 0.903000; this set was partially overlapping. 

Table 6 reports the separate controlled comparison with and without legal signals. Corpus A Hit@10 increased 
from 94% to 100%, MRR from 0.707524 to 0.850190, and Recall@10 from 69.86% to 78.33%. B-Core Hit@10 
increased from 98% to 100%, MRR from 0.933333 to 0.966667, and Recall@10 from 31.58% to 33.79%. Dual-corpus 
coverage increased from 78% to 92%. The Corpus A baseline belongs to this component analysis and differs from the 
five-method baseline in Table 2. In Table 6, coverage denotes Hit@10 for each individual corpus and dual-corpus 
coverage for CROSS_A_B; ranking denotes MRR and mean local MRR, respectively. 

Table 6. Controlled comparison without and with legal signals. 

Scenario Signals Hit/both coverage (%) MRR/local MRR Recall@10 (%) 

A Off 94 0.707524 69.86 

A On 100 0.850190 78.33 

B-Core Off 98 0.933333 31.58 

B-Core On 100 0.966667 33.79 

Cross-corpus Off 78 0.811167 7.63 

Cross-corpus On 92 0.878167 8.30 

 
Adding legal signals increased successful retrieval from 47 to 50 of 50 questions in Corpus A, from 49 to 50 in 

B-Core, and from 39 to 46 for dual-corpus coverage in the controlled comparison. The B-Core coverage gain therefore 
concerned one question, although MRR also increased. The analysis was descriptive and did not test statistical 
significance. 

3.3. Query Routing and Factual Quotation 
The router selected the expected search space for all hundred questions in the balanced set (Table 7). Accuracy 

decreased to 93% on the stress set, which contained cross-corpus questions with implicit signals. The difference 
indicates that routing depended on how clearly the question identified its document scope. This evaluation measured 
routing accuracy; it did not measure latency or compare retrieval quality against searching all corpora. 

Table 7. Routing and answer-stage evaluation. 

Evaluation Set/scenario Passed / total Rate (%) 

Routing Balanced set 100 / 100 100 

Routing Implicit cross-corpus stress 93 / 100 93 

Quotation and citation A 10 / 10 100 

Quotation and citation B-Core 9 / 10 90 

Quotation and citation Cross-corpus 9 / 10 90 

Quotation and citation All scenarios 28 / 30 93.33 

 
After evidence-selection improvements, twenty-eight of thirty answers satisfied both quotation and citation 

criteria. All responses completed without service failure or output truncation in this test. The two failures concerned 
Article 2 paragraph (2) of Government Regulation Number 35 of 2021, once in B-Core and once in a paired cross-
corpus question. Although the provision text was present in the evidence, extraction had not preserved a recognizable 
paragraph marker. The model stated that the requested provision could not be found. This failure demonstrates that 
evidence presence is insufficient when the structural connection between text and provision numbering is unclear. 

The 28/30 result applies to explicit quotation requests on the reused development set. It does not establish 
legal reasoning accuracy or the relationship between paired provisions. The checks also did not assess every additional 
statement or all potentially applicable legal grounds. Because only one generator was evaluated, the result cannot be 
attributed to its performance relative to other models. 
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3.4. Practical Implications and Limitations 
Source control and structural metadata mattered alongside retrieval. Corpus A supported explicit article signals; 

B-Core required different segmentation. Source-linked presentation enabled inspection but did not establish that a 
citation fully supported a legal conclusion. 

The collection excludes part of a table annex and one archived regulation outside the final scope. Questions 
and relevance labels were constructed internally, without independent annotation or legal-expert validation. Corpus A 
development labels were not exhaustive, while B-Core and cross-corpus labels used document and term criteria. Cross-
corpus selection and quotation improvements reused their evaluation sets. The legal-signal analysis was descriptive, 
without significance or weight-sensitivity tests. Latency, usability, and full-application performance were not measured. 
Retrieval benchmarks and the quotation test evaluated defined components and do not establish that every current 
interactive-application path implements the same ranking procedure. 

Further work should address structural OCR, independently annotated queries, legal-expert assessment, and 
new cross-corpus and answer holdouts. Weight-sensitivity, routing/latency, and real-user experiments should test 
benefits beyond internally designed questions. A future sensitivity analysis should vary the exact-route weight and 
metadata scale while keeping the questions, labels, and representations fixed; it was not performed in this study. 

4. Conclusion 
Legal signal boosting improved the measured coverage and ranking of hybrid retrieval in the controlled 

comparisons. Corpus A Hit@10 increased from 94% to 100% and MRR from 0.707524 to 0.850190. B-Core Hit@10 
increased from 98% to 100% and MRR from 0.933333 to 0.966667. Dual-corpus coverage increased from 78% to 92%. 
The effect was not uniform across metrics: TF-IDF obtained higher cross-corpus MAP@10 in the five-method 
comparison. The system also supported corpus routing and evidence-grounded answers; 28 of 30 quotation answers 
passed the development-set checks after evidence-selection improvements. The findings support the tested 
combination of lexical, semantic, and legal signals for this regulatory collection. Independent annotations, external 
questions, and legal-expert assessment remain necessary to extend the conclusions. 
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