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Abstract
Evaluating retrieval-augmented generation (RAG)
systems in legal domains is challenging due to the
nuanced nature of legal reasoning and scarcity of
domain-specific benchmarks. We investigate se-
mantic similarity and legal correctness in Brazil-
ian legal question answering, developing a syn-
thetic dataset of 3,012 evaluation instances from
the Brazilian Civil Procedure Code spanning seven
query types, validated through human expert as-
sessment. Our evaluation framework combines
BERTScore with domain-adapted LLM-as-Judge
(GPT-4o-mini), validated against expert legal as-
sessment. Analysis reveals 50.8% disagreement
between semantic similarity and legal correctness,
with correlation varying substantially by query type
(ρ = 0.464 to ρ = 0.732). Explicit article cita-
tion emerges as the strongest quality predictor (Co-
hen’s d = 1.099), with cited responses achieving
145% higher legal correctness scores. Concrete ex-
amples demonstrate bidirectional divergence: re-
sponses may achieve high semantic similarity yet
cite incorrect articles, or provide legally perfect
answers with minimal lexical overlap. Findings
demonstrate that semantic metrics alone are insuffi-
cient for legal RAG evaluation, with disagreement
patterns structured by query type.

1 Introduction
Retrieval-Augmented Generation (RAG) systems [Gao et al.,
2024; Huang and Huang, 2024] demonstrate significant po-
tential to enhance Large Language Models (LLMs) by incor-
porating external knowledge sources. Applications in spe-
cialized domains such as law present unique challenges due to
complex regulations, technical terminology, and the necessity
of grounding in authoritative sources. LLMs face critical lim-
itations in legal contexts: knowledge obsolescence and plau-
sible yet inaccurate outputs [Ji et al., 2023; Yang et al., 2023;
Kalai et al., 2025; Huang et al., 2025; Xu et al., 2025;
Li et al., 2024].

While recent research on legal NLP and RAG has fo-
cused on English-language corpora and common law juris-
dictions [Nigam et al., 2025; Kalra et al., 2024; Pipitone

and Alami, 2024; Guha et al., 2023a], civil law systems
remain underexplored [Zhang et al., 2023; Ioannou et al.,
2025], particularly in non-English languages [Junior et al.,
2025]. Beyond data scarcity, legal evaluation introduces fun-
damental complexity: legal correctness requires interpreta-
tion of statutory language, synthesis of multiple provisions,
and faithful application of principles [Nguyen et al., 2025;
Kant et al., 2025]. Traditional semantic similarity metrics
may inadequately capture whether responses cite correct ar-
ticles or apply legal reasoning accurately, motivating investi-
gation into evaluation methodology for legal RAG systems.

We address three research questions: RQ1: How do se-
mantic similarity metrics align with legal correctness assess-
ments, and how does alignment vary across query types?
RQ2: What systematic patterns characterize response qual-
ity? RQ3: What are the strengths and limitations of LLM-as-
Judge for legal RAG evaluation?

We develop a synthetic question-answer dataset spanning
seven query types, validated through multi-agent critique and
human expert assessment. Our evaluation framework com-
bines semantic metrics (BERTScore) [Zhang et al., 2020]
with domain-adapted LLM-as-Judge (GPT-4o-mini), vali-
dated against expert legal assessment. Systematic analy-
sis across 3,012 instances reveals 50.8% disagreement be-
tween semantic similarity and legal correctness, with corre-
lation varying substantially by query type. Explicit article
citation emerges as the strongest quality predictor, and con-
crete examples demonstrate bidirectional divergence between
metrics. Findings establish that legal RAG evaluation re-
quires multi-dimensional assessment combining complemen-
tary metrics.

2 Related Work
Legal NLP and Benchmarks. Legal NLP research has pre-
dominantly focused on English-language corpora and com-
mon law jurisdictions [Katz et al., 2023; Chalkidis et al.,
2020], with benchmarks such as LegalBench [Guha et al.,
2023b] and COLIEE [Kim et al., 2022] evaluating case
outcome prediction and legal entailment in case law sys-
tems. Multilingual legal NLP remains limited [Ioannou et al.,
2025], with Portuguese resources particularly scarce. Civil
law systems, relying on codified statutes rather than case
precedent, present distinct challenges yet remain underex-
plored. Our work addresses this gap by focusing on Brazilian
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civil procedure law, contributing evaluation methodology for
statute-based legal systems.

RAG Evaluation Metrics. RAG evaluation frame-
works [Gao et al., 2024; Huang et al., 2024; Yu et al., 2024]
typically employ general-domain metrics such as BLEU,
ROUGE, and BERTScore [Lin, 2004; Papineni et al., 2002;
Zhang et al., 2020], which assess lexical overlap and se-
mantic similarity. Recent work explores automated evalua-
tion [Es et al., 2024; Saad-Falcon et al., 2024], but frame-
works predominantly target general domains without adapta-
tion for specialized fields requiring domain-specific correct-
ness. Our work demonstrates that semantic metrics system-
atically diverge from legal correctness (50.8% disagreement),
establishing the necessity of multi-dimensional evaluation in
legal domains.

LLM-as-Judge in Specialized Domains. LLM-as-Judge
approaches [Zheng et al., 2023] demonstrate correlation with
human judgments in general tasks [Liu et al., 2023], but ef-
fectiveness in specialized domains requires validation. Le-
gal evaluation presents unique challenges: correctness de-
pends on accurate statutory citation, faithful application of
principles, and synthesis of multiple provisions—dimensions
orthogonal to surface-level fluency. We validate LLM-
as-Judge against expert legal assessment (Spearman ρ =
0.96), demonstrating viability for legal evaluation when cal-
ibrated through domain-specific prompting and reference-
guided frameworks.

Our work systematically analyzes metric divergence in le-
gal RAG evaluation, revealing that correlation between se-
mantic similarity and legal correctness varies substantially by
query type (ρ = 0.464 to ρ = 0.732), with explicit citation
as the strongest quality predictor (Cohen’s d = 1.099). Un-
like previous work assuming metric alignment, we establish
evaluation methodology itself as a critical challenge in spe-
cialized domains.

3 Methodology
To investigate systematic divergence between semantic simi-
larity and legal correctness in RAG evaluation, we employ a
controlled experimental design with three core components.
First, we construct a synthetic dataset of 502 question-answer
pairs from Brazilian civil procedure law, spanning seven
query types that capture diverse legal reasoning patterns (sim-
ple factual retrieval, multi-step reasoning, comparative anal-
ysis, hypothetical application). Second, we implement six
RAG configurations combining lexical, semantic, and hybrid
retrieval strategies with varying context sizes, enabling com-
parative analysis across 3,012 evaluation instances. Third, we
assess each generated response using complementary met-
rics—BERTScore for semantic similarity and GPT-4o-mini
LLM-as-Judge for legal correctness—with both automated
and human expert validation to ensure measurement reliabil-
ity. This design enables us to systematically quantify metric
divergence (RQ1), characterize failure patterns (RQ2), and
evaluate domain-adapted assessment approaches (RQ3).

3.1 Synthetic Dataset Generation
LLM-generated synthetic datasets enable efficient evalua-
tion data creation when manual annotation is costly [Long

et al., 2024; Liu et al., 2024; Li et al., 2023]. Our gen-
eration pipeline comprises context construction, question-
answer generation, multi-agent validation, and human expert
assessment.

Context Construction
We sourced contexts from the Brazilian Civil Procedure Code
(Código de Processo Civil, CPC), the primary statute govern-
ing civil litigation procedures in Brazil. The CPC was seg-
mented respecting its legal article structure, from which we
randomly sampled 100 articles (approximately 10% of the
corpus) as base units. To create contexts suitable for com-
plex queries requiring broader semantic coverage, each base
article was enhanced with its top-5 most semantically related
articles1 based on cross-references, conceptual proximity, and
thematic coherence within the legal framework.

Question-Answer Pair Generation
Using Mistral 7B [Jiang et al., 2023], we generated 100 can-
didate question-answer pairs per query type. We designed
seven query types derived from established legal reasoning
categories in legal education literature [Nguyen et al., 2025]:
simple (direct factual queries), complex (multi-concept syn-
thesis), adversarial (queries with misleading elements), sit-
uational (user-contextualized scenarios), dual (two subques-
tions), comparative (comparing legal frameworks), and hy-
pothetical (applying law to novel cases). This taxonomy cap-
tures diverse cognitive demands: simple queries test retrieval
accuracy, comparative queries require synthesis across provi-
sions, and hypothetical queries demand legal reasoning appli-
cation. Generation yielded 700 total candidate pairs.

Multi-Agent Validation
To ensure dataset quality, we employed three critique agents
implemented with Llama 3 8B [Grattafiori et al., 2024],
each assessing a distinct dimension [Asai et al., 2023]. The
Groundedness Agent evaluates whether context sufficiently
supports answering the question (1-5 scale, where 1 indicates
insufficient support and 5 indicates complete answerability).
The Relevance Agent assesses whether the question addresses
meaningful legal problem-solving. The StandAlone Agent de-
termines whether the question is self-contained or requires
external context. We retained only pairs scoring ≥3 across
all three agents, reducing 700 candidates to 502 high-quality
pairs (71.7% retention).2 Full critique agent prompts are pro-
vided in Appendix A.

Human Expert Validation
We conducted expert validation to assess synthetic dataset
quality and calibrate automated evaluation metrics. A group
of Brazilian attorneys with civil litigation experience per-
formed two validation tasks across three independent anno-
tation sessions.

1Semantic similarity computed via co-
sine distance of embeddings from
paraphrase-multilingual-mpnet-base-v2 [Reimers
and Gurevych, 2019].

2Threshold ablation showed that ≥2 retained 89% (625 pairs)
with lower quality, while ≥4 retained 54% (380 pairs) with exces-
sive filtering. Threshold ≥3 balanced quality and diversity, subse-
quently validated by expert assessment.
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Type Description Count

Simple Direct queries from legal text 74
Complex Multi-concept or rephrased queries 78
Adversarial Queries with misleading information 51
Situational User-contextualized queries 70
Dual Two subquestions in one query 74
Comparative Comparing legal concepts/frameworks 93
Hypothetical Applying law to hypothetical scenarios 62

Total dataset size 502
Total instances (502 × 6 methods) 3,012

Table 1: Distribution of query types in the final validated dataset.

Query Realism Assessment. The experts evaluated 105
synthetic queries (15 per type) on legal realism using a 5-
point scale. Results showed that 91.1% of queries achieved
high realism scores (≥4), confirming ecological validity
across all query types. Complete statistics are provided in
Appendix B.

LLM-Judge Calibration. The experts scored 50 query-
answer pairs on legal correctness. Both experts and LLM-
Judge performed reference-guided evaluation: each received
the query, generated answer, and gold-standard reference an-
swer, then assessed legal correctness by comparing the gener-
ated response against the reference. This comparative frame-
work—standard in legal assessment—provides explicit eval-
uation criteria. Experts judgments demonstrated strong cor-
relation with GPT-4o-mini LLM-as-Judge (consensus ρ =
0.96, p < 0.001; ICC=0.95), validating it as a reliable proxy
for expert legal assessment. Detailed correlation analysis and
annotation protocols are provided in Appendix B.

Table 1 presents the final distribution of query types across
the validated dataset.

3.2 RAG System Implementation
We evaluate RAG performance across multiple retrieval
strategies and context sizes to enable systematic comparison
of metric behavior under different system configurations.

Retrieval Strategies
We implemented three retrieval approaches, each evaluated
with two context sizes (k ∈ {3, 7}), yielding six configura-
tions. BM25 (parameters: k1 = 1.2, b = 0.75) serves as our
lexical baseline, ranking documents by term overlap [Robert-
son and Zaragoza, 2009]. Dense retrieval encodes documents
into 768-dimensional semantic vectors using sentence em-
beddings,3 indexed using FAISS for cosine similarity compu-
tation [Douze et al., 2025]. Hybrid retrieval combines BM25
and dense scores through linear interpolation: for each docu-
ment d, we compute

score(d) = α · 1

distdense(d) + ϵ
+(1−α) · scoreBM25(d) (1)

where ϵ = 10−6 prevents division by zero and α = 0.5
equally weights semantic and lexical signals, avoiding bias

3We use the same embedding model as context construction
(paraphrase-multilingual-mpnet-base-v2) for con-
sistency.

toward either retrieval paradigm.4 Context sizes k = 3 and
k = 7 represent minimal and extended context scenarios, re-
spectively, enabling analysis of how context volume affects
metric alignment.

Generation Component
Retrieved documents are provided as context to Llama 3 8B
Instruct [Grattafiori et al., 2024] for answer generation. The
system prompt instructs the model to ground responses in the
provided legal context and cite specific CPC articles when
making legal references, though explicit citation is not man-
dated. This design reflects realistic deployment scenarios
where models are encouraged but not forced to cite sources.
The complete generation prompt is provided in Appendix A.

3.3 Evaluation Framework
We employ a dual-metric evaluation approach to assess both
surface-level semantic coherence and substantive legal cor-
rectness, enabling systematic analysis of their alignment.

Semantic Similarity Metrics
We use BERTScore F1 [Zhang et al., 2020] to measure se-
mantic similarity between generated and reference answers.
BERTScore computes token-level similarity using contex-
tualized embeddings, capturing semantic alignment beyond
lexical overlap. We selected BERTScore over traditional met-
rics (BLEU, ROUGE) due to its superior performance in cap-
turing contextual similarity and widespread adoption in text
generation evaluation [Gao et al., 2025]. BERTScore scores
range from 0 to 1, with higher values indicating greater se-
mantic similarity to the reference answer.

Legal Correctness Assessment
We employ GPT-4o-mini as an LLM-as-Judge [Zheng et al.,
2023] to assess legal correctness, a dimension where lexical
metrics systematically fail to capture domain-specific reason-
ing [Oliva et al., 2025; Hu and Zhou, 2024]. The judge op-
erates in a reference-guided configuration: for each evalu-
ation instance, it receives the query, generated answer, and
gold-standard reference answer, then scores legal correct-
ness on a 1-5 scale by comparing the generated response
against the reference. This comparative evaluation frame-
work—standard in legal assessment—provides explicit crite-
ria for judgment: correct article citations, accurate legal in-
terpretation, and completeness of reasoning.

The LLM-Judge prompt (Appendix A) emphasizes assess-
ment of substantive legal grounding rather than surface flu-
ency. Critically, our human validation study (Section 3.1.4)
demonstrated strong correlation between GPT-4o-mini and
expert legal judgment (consensus ρ = 0.96, p < 0.001;
ICC=0.95), validating its use as a reliable proxy for expert
assessment. LLM-Judge scores are normalized to [0,1] for
comparison with BERTScore.

Statistical Analysis
We quantify metric divergence as the absolute difference
between normalized scores: divergence = |BERTnorm −
LLMnorm|, where values near 0 indicate alignment and values

4Preliminary analysis showed hybrid performance remained sta-
ble across α ∈ [0.3, 0.7], confirming robustness of equal weighting.
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near 1 indicate maximum disagreement. Correlation analysis
employs Spearman’s rank correlation coefficient (ρ) to assess
monotonic relationships between metrics, chosen for its ro-
bustness to non-linear associations. Statistical significance is
tested using permutation tests with p < 0.05 threshold.

4 Results
4.1 Evaluation Landscape
Evaluation across 3,012 question-answer instances re-
veals systematic patterns between semantic similarity
(BERTScore) and legal correctness (LLM-as-Judge). Our
analysis employs GPT-4o-mini as the LLM-Judge, validated
against expert legal assessment with Spearman correlation of
ρ = 0.96 (p < 0.001) and intraclass correlation coefficient
of ICC=0.95 (Section 3.1.4). Overall performance shows
BERTScore mean of 0.676± 0.100 and LLM-Judge mean of
0.415± 0.322, with metric divergence of 0.305± 0.230. The
threefold difference in standard deviation (0.100 vs 0.322) re-
flects that semantic similarity assessments are far more con-
sistent than legal correctness evaluations, suggesting the latter
captures nuanced domain-specific quality dimensions.

Tables 2 and 3 present granular scores for each retrieval
strategy across query types. Three key observations emerge:
(1) BERTScore values are consistently higher and more uni-
form across methods (0.63–0.71) compared to LLM-Judge
scores (0.13–0.66), indicating that semantic coherence is sub-
stantially easier to achieve than legal correctness; (2) Com-
parative queries exhibit the lowest performance on both met-
rics, particularly for LLM-Judge (0.13–0.29 vs 0.45–0.66 for
other types), suggesting fundamental challenges in compar-
ative legal reasoning that persist across retrieval strategies;
(3) Dense retrieval with k = 7 modestly outperforms BM25
and hybrid methods on LLM-Judge for most query types,
though no method achieves consistently high legal correct-
ness scores.

4.2 Metric Divergence Patterns
Agreement Analysis
To investigate the alignment between semantic and legal
quality, we categorized both BERTScore and LLM-Judge
into three discrete levels (Low < 0.33, Medium 0.33–0.66,
High > 0.66) and analyzed their cross-distribution. Table 4
presents the resulting confusion matrix, revealing substantial
divergence between the two metrics.

Only 49.2% of responses (1,483 cases) fall along the
main diagonal, indicating agreement between BERTScore
and LLM-Judge. The remaining 50.8% (1,529 cases) exhibit
disagreement, with 8.9% (268 cases) classified as extreme
disagreement—cases where one metric assigns Low while
the other assigns High. This near-parity between agreement
and disagreement demonstrates that semantic similarity and
legal correctness measure fundamentally orthogonal quality
dimensions in the legal domain.

The confusion patterns reveal systematic asymmetry.
BERTScore frequently overestimates legal quality: 22.0%
of responses (664 cases) receive Medium BERTScore but
Low LLM-Judge, while only 6.8% (206 cases) show High
BERTScore with Low LLM-Judge. Conversely, the reverse

pattern—high legal correctness with low semantic similar-
ity—is rare, occurring in only 2.1% of cases (62). This asym-
metry indicates that achieving semantic coherence in legal
responses is necessary but insufficient for legal correctness,
as fluent text may cite incorrect articles, misapply legal pro-
visions, or provide superficially plausible but substantively
wrong answers.

Agreement is strongest in the High-High category (24.3%,
732 cases), suggesting that responses demonstrating both
semantic fluency and legal correctness represent a minor-
ity of outputs. The Low-Low category accounts for 13.6%
(410 cases), capturing responses that fail on both dimen-
sions—typically ”don’t know” refusals or severely truncated
answers. Medium-Medium agreement is the weakest (11.3%,
341 cases), reflecting that moderate-quality responses are par-
ticularly prone to divergence between semantic and legal as-
sessment.

Correlation by Query Type
Table 5 presents Spearman correlation coefficients between
BERTScore and LLM-Judge across query types. All correla-
tions are statistically significant (p < 0.001), indicating that
semantic quality and legal correctness demonstrate positive
association across all query categories. However, correlation
magnitude varies substantially, ranging from ρ = 0.464 (sit-
uational) to ρ = 0.732 (hypothetical), revealing that query
type fundamentally structures the alignment between seman-
tic and legal assessment.

Hypothetical queries exhibit the strongest correlation (ρ =
0.732), suggesting that speculative legal scenarios elicit re-
sponses where semantic fluency reliably indicates legal cor-
rectness. Adversarial queries also demonstrate strong cor-
relation (ρ = 0.637), indicating that deliberately mislead-
ing prompts tend to produce clear success or failure pat-
terns. Situational queries show the weakest correlation
(ρ = 0.464), despite achieving moderate LLM-Judge scores
(mean: 0.479), suggesting that contextualized legal queries
produce responses with variable alignment between semantic
coherence and legal accuracy. Simple and dual queries fall in
the intermediate range (ρ = 0.502 for both).

Comparative queries demonstrate moderate correlation
(ρ = 0.633) despite lowest absolute performance (LLM
mean: 0.185). This reflects that 72.2% are refusals or par-
tial responses: BERTScore captures lexical overlap even in
unsuccessful answers, while LLM-Judge strictly penalizes re-
fusal markers, producing consistent divergence patterns. Sec-
tion 4.3 examines comparative query failure modes in detail.

4.3 Quality Indicators and Response Patterns
Citation as Quality Predictor
Explicit citation of legal articles emerges as the strongest
quality indicator in our dataset. Among 3,012 responses,
63.6% (1,917 cases) contain explicit article references,
achieving mean LLM-Judge score of 0.529±0.255 compared
to 0.216± 0.332 for responses without citations. This repre-
sents a 145% performance increase, with Cohen’s d = 1.099
indicating a large effect size. BERTScore also shows positive
association with citation (0.708 vs 0.621), though the effect
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Method Comp. Complex Advers. Dual Hypoth. Simple Situat.

BM25 (k = 3) 0.631 0.677 0.670 0.687 0.659 0.683 0.685
BM25 (k = 7) 0.628 0.684 0.688 0.698 0.687 0.685 0.694
Dense Ret. (k = 3) 0.636 0.684 0.648 0.701 0.650 0.691 0.689
Dense Ret. (k = 7) 0.654 0.712 0.661 0.705 0.686 0.696 0.702
Hybrid (k = 3) 0.631 0.677 0.672 0.689 0.660 0.687 0.684
Hybrid (k = 7) 0.630 0.689 0.695 0.699 0.682 0.686 0.695

Table 2: BERTScore F1 by retrieval strategy and query type. Dense retrieval with k = 7 achieves highest scores across most query types,
with Comparative queries consistently showing lowest performance.

Method Comp. Complex Advers. Dual Hypoth. Simple Situat.

BM25 (k = 3) 0.132 0.474 0.451 0.334 0.427 0.480 0.407
BM25 (k = 7) 0.202 0.458 0.471 0.422 0.464 0.561 0.521
Dense Ret. (k = 3) 0.167 0.452 0.348 0.463 0.407 0.507 0.464
Dense Ret. (k = 7) 0.285 0.522 0.412 0.510 0.468 0.578 0.550
Hybrid (k = 3) 0.129 0.471 0.456 0.348 0.431 0.493 0.404
Hybrid (k = 7) 0.199 0.487 0.500 0.449 0.456 0.568 0.525

Table 3: LLM-as-Judge scores (GPT-4o-mini) by retrieval strategy and query type. Comparative queries exhibit substantially lower legal
correctness (0.13–0.29) compared to other types, with Dense k = 7 consistently achieving the highest scores across most query types.

LLM-Judge

BERTScore Low Medium High Total

Low 410 42 62 514
(13.6%) (1.4%) (2.1%) (17.1%)

Medium 664 341 187 1,192
(22.0%) (11.3%) (6.2%) (39.6%)

High 206 368 732 1,306
(6.8%) (12.2%) (24.3%) (43.4%)

Total 1,280 751 981 3,012
(42.5%) (24.9%) (32.6%)

Table 4: Confusion matrix of BERTScore and LLM-Judge agree-
ment. Metrics categorized as Low (< 0.33), Medium (0.33–0.66),
or High (> 0.66). Diagonal entries (bold) indicate agreement
(46.7%); off-diagonal entries indicate disagreement (53.3%). Cell
shading intensity reflects frequency magnitude.

is substantially smaller, suggesting that citation primarily pre-
dicts legal correctness rather than semantic fluency.

Table 6 presents citation patterns and their impact across
query types. Citation rates vary substantially, ranging from
42.7% for comparative queries—which exhibit highest fail-
ure rates—to 77.0% for dual queries. Despite this varia-
tion, the positive association between citation and quality
is consistent across all query types. Hypothetical queries
show the largest citation effect (∆ = 0.432), where cited re-
sponses achieve nearly four times the score of uncited ones
(0.590 vs 0.157). Simple queries exhibit the smallest effect
(∆ = 0.129), as straightforward legal questions may be ade-
quately answered without explicit statutory grounding. Com-
parative queries, despite low citation rates, demonstrate sub-
stantial impact when citations are present (∆ = 0.343), in-
dicating that successful comparative reasoning critically de-
pends on article grounding.

The consistent positive association between explicit cita-

Query Type # Cases ρ BERTScore LLM-Judge

Mean Std Mean Std

Situational 420 0.464 0.691 0.074 0.479 0.292
Simple 444 0.502 0.688 0.109 0.531 0.345
Dual 444 0.502 0.696 0.063 0.421 0.272
Complex 468 0.520 0.687 0.090 0.478 0.284
Comparative 558 0.633 0.635 0.095 0.185 0.265
Adversarial 306 0.637 0.672 0.131 0.440 0.334
Hypothetical 372 0.732 0.671 0.121 0.442 0.334

Table 5: Spearman correlation between BERTScore and LLM-Judge
by query type. Hypothetical queries show strongest correlation (ρ =
0.732), while Situational queries show weakest (ρ = 0.464). All
correlations significant at p < 0.001.

tion and both semantic and legal quality metrics demonstrates
that article references serve as reliable indicators of response
grounding. This suggests potential for automated quality
assessment through citation extraction, enabling filtering or
reranking of RAG outputs without expensive LLM evalua-
tion—a design implication discussed in Section 5.

Response Length Effects
Response length demonstrates moderate correlation with
evaluation metrics and divergence patterns. Responses were
categorized into four bins: Very Short (<50 words), Short
(50–100), Medium (100–200), and Long (>200). The distri-
bution is heavily skewed toward very short responses (67.6%,
2,036 cases), while long responses are rare (0.2%, 7 cases).

Both BERTScore and LLM-Judge increase with response
length (Table 7), rising from 0.656 and 0.358 respectively for
very short responses to 0.727 and 0.536 for long responses.
Correspondingly, divergence decreases from 0.351 to 0.204,
indicating that longer responses achieve better alignment be-
tween semantic and legal quality. Correlation analysis re-
veals differential metric sensitivity: BERTScore shows mod-
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Query Type Total Citation LLM-Judge Score

(n) Rate With Without ∆

Hypothetical 372 65.9% 0.590 0.157 +0.432
Comparative 558 42.7% 0.382 0.039 +0.343
Adversarial 306 57.2% 0.577 0.256 +0.321
Situational 420 75.0% 0.546 0.276 +0.270
Dual 444 77.0% 0.480 0.223 +0.257
Complex 468 67.3% 0.557 0.314 +0.243
Simple 444 64.6% 0.577 0.447 +0.129

Table 6: Citation patterns and quality impact by query type. Citation
Rate shows percentage of responses with explicit article references.
LLM-Judge scores are reported for responses with and without cita-
tions, along with the performance gain (∆). Query types are ordered
by citation effect magnitude.

Length Category n BERT LLM Div. Words

Very Short (<50) 2,036 0.656 0.358 0.351 26
Short (50–100) 785 0.715 0.516 0.221 70
Medium (100–200) 184 0.725 0.606 0.151 130
Long (>200) 7 0.727 0.536 0.204 218

Table 7: Evaluation metrics across response length categories.
BERTScore and LLM-Judge improve with length, while divergence
decreases, indicating better metric alignment in longer responses.

erate correlation with word length (Spearman ρ = 0.447,
p < 0.001), while LLM-Judge exhibits weaker correlation
(ρ = 0.359, p < 0.001). The strong negative correlation be-
tween LLM-Judge and divergence (ρ = −0.720, p < 0.001)
indicates that legally correct responses achieve better metric
agreement regardless of length.

Very short responses (mean: 26 words) lack detail for legal
context, qualifications, and supporting rationale—elements
essential for accurate legal analysis. For instance, “The dead-
line is 15 days” omits critical qualifications, while “The dead-
line is 15 business days from service of process, excluding
weekends and holidays, as established in Article 335” cap-
tures legal precision and grounding. The decreasing diver-
gence with length (∆ = 0.147 from Very Short to Long) sug-
gests that both semantic similarity and legal grounding con-
verge when responses have adequate scope to express legal
nuance, highlighting a fundamental challenge for RAG sys-
tems: balancing concision with the elaboration required for
legally sound reasoning.

4.4 Concrete Examples of Metric Divergence
Analysis of cases exhibiting substantial metric disagreement
reveals systematic patterns in how semantic similarity and le-
gal correctness diverge. These examples demonstrate that di-
vergence between BERTScore and LLM-Judge reflects fun-
damentally different quality dimensions: surface-level lin-
guistic coherence versus substantive legal accuracy.

Scenario 1: Semantic Coherence Without Legal Cor-
rectness. Consider a complex query requesting information
about courtroom recording procedures, document illustration,
and evidentiary standards:5

5Query ID: new results bm25 k 7 129. Full text in Appendix C.

“In a judicial proceeding, can rapid recording
techniques such as shorthand or stenography be
used to record court deliberations? Addition-
ally, can the case file be illustrated with drawings,
graphs, or photographs? What evidence is neces-
sary for merit judgment and what can be dismissed
by the judge?”

The generated response achieved high BERTScore (0.802)
by addressing all three sub-questions with fluent legal termi-
nology, producing strong lexical overlap with the reference
answer. However, it received low LLM-Judge score (0.250,
divergence: 0.552) due to fundamentally incorrect article ci-
tations: Article 343 for recording procedures (correct: Arti-
cle 210), Article 3º §2º of Article 2º for visual documentation
(correct: Article 484), and Article 123 for evidentiary stan-
dards (correct: Article 370). These citations reference en-
tirely different legal provisions addressing unrelated proce-
dural matters. BERTScore rewards the presence of legal con-
cepts (“shorthand,” “photographs,” “evidence”) regardless of
whether supporting citations are correct, while LLM-Judge
correctly identifies that incorrect statutory references render
the response legally unreliable despite semantic fluency.

Scenario 2: Legal Correctness Without Semantic Sim-
ilarity. A simple query regarding expert fee proposal dead-
lines elicited a seven-word response:6

Query: “What is the deadline for submitting the
expert’s fee proposal after appointment?”
Generated: “5 (five) days. (Art. 465, § 2º)”
Reference: “The expert must submit their fee pro-
posal within 5 (five) days after appointment.”

This response received low BERTScore (0.565) due to
minimal lexical overlap—omitting “expert,” “submit,” “pro-
posal,” “fee,” and “appointment”—while achieving perfect
LLM-Judge score (1.000, divergence: 0.435) by providing
the legally essential information: the specific deadline and
authoritative source. The reference answer’s additional con-
text improves readability but adds no legal substance. This
asymmetry reveals BERTScore’s sensitivity to verbosity: se-
mantic metrics reward lexical redundancy, while legal cor-
rectness depends on citation accuracy and factual precision,
not elaboration.

These cases validate multi-dimensional evaluation neces-
sity in legal RAG. Semantic similarity captures linguistic
properties that may coexist with legal incorrectness or be ab-
sent despite legal correctness. Legal correctness depends on
dimensions orthogonal to surface form: accurate statutory ci-
tation, correct interpretation, and faithful application of prin-
ciples. Evaluation frameworks relying solely on semantic
metrics risk systematically misclassifying response quality in
both directions.

5 Discussion
Our investigation of 3,012 question-answer instances reveals
that semantic similarity and legal correctness represent fun-

Translated from Portuguese.
6Query ID: new results hybrid linear k 3 350. Translated from

Portuguese.
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damentally orthogonal quality dimensions, with systematic
misalignment structured by query type and response charac-
teristics.

5.1 Addressing the Research Questions
RQ1: Metric Alignment Across Query Types. Analy-
sis reveals 49.2% agreement between BERTScore and LLM-
Judge, with 50.8% exhibiting disagreement. Critically, align-
ment varies substantially by query type: Spearman correla-
tions range from ρ = 0.464 (situational) to ρ = 0.732 (hypo-
thetical), demonstrating that query complexity fundamentally
influences whether semantic coherence corresponds to legal
correctness. This variation necessitates multi-metric evalua-
tion frameworks and suggests query-adaptive strategies that
weight metrics based on query type may improve assessment
accuracy.

RQ2: Quality Patterns and Predictors. Explicit article
citation emerged as the strongest quality predictor (Cohen’s
d = 1.099): responses with citations achieved 145% higher
LLM-Judge scores (0.529 vs 0.216), with effects consistent
across query types (∆ = 0.129 to ∆ = 0.432). Response
length showed moderate correlation with quality (ρ = 0.359),
with divergence decreasing from 0.351 for very short re-
sponses to 0.204 for long responses. Concrete examples
demonstrate bidirectional divergence: responses may achieve
high BERTScore through fluent terminology yet cite incor-
rect articles (BERT=0.802, LLM=0.250), or provide legally
perfect answers with minimal lexical overlap (BERT=0.565,
LLM=1.000). Citation presence enables automatic quality as-
sessment without expensive LLM evaluation.

RQ3: LLM-as-Judge Evaluation. GPT-4o-mini demon-
strated strong correlation with expert assessment (Spearman
ρ = 0.96, ICC=0.95), successfully capturing legal nuance
that semantic metrics miss. The approach correctly identi-
fies incorrect legal grounding despite semantic coherence, as
demonstrated by responses citing wrong articles yet maintain-
ing fluent language. Systematic sensitivities include strong
preference for explicit citations (2.5× score difference) and
correlation with response length (ρ = 0.359), suggesting
LLM-as-Judge measures a specific conception of legal qual-
ity emphasizing citation and elaboration that aligns with prac-
titioner judgments.

5.2 Implications for Legal RAG Evaluation
The 50.8% disagreement rate establishes that semantic met-
rics alone systematically misclassify quality in both direc-
tions—fluent responses may contain legal errors while con-
cise responses may be legally perfect. Evaluation frameworks
must combine complementary metrics capturing distinct di-
mensions: semantic metrics for linguistic quality, domain-
specific assessment for substantive correctness. The sub-
stantial correlation variation (ρ = 0.464 to ρ = 0.732)
across query types suggests query-adaptive evaluation strate-
gies may outperform uniform approaches. The large cita-
tion effect (Cohen’s d = 1.099) demonstrates that auto-
matic signal extraction enables practical two-stage evalua-
tion: lightweight filtering via citation detection followed by
selective detailed assessment for ambiguous cases.

5.3 Limitations
Our evaluation employs synthetically generated question-
answer pairs, which ensures controlled assessment but may
not capture linguistic variability in practitioner queries.
LLM-Judge validation involved three legal experts across
limited sessions; broader validation would strengthen gen-
eralizability. Analysis focuses on Brazilian civil procedure
law; patterns may differ in common law systems or other civil
law jurisdictions. The reference-guided evaluation frame-
work constrains LLM-Judge to comparative rather than ab-
solute assessment, potentially missing valid alternative inter-
pretations. More sophisticated retrieval methods may alter
specific patterns, though the fundamental orthogonality be-
tween semantic similarity and legal correctness likely persists
across approaches.

6 Conclusion
We investigated metric divergence in Brazilian legal RAG
evaluation through systematic analysis of 3,012 question-
answer instances. Our findings demonstrate that semantic
similarity and legal correctness represent fundamentally or-
thogonal quality dimensions, with 50.8% disagreement be-
tween BERTScore and LLM-as-Judge. Correlation between
metrics varies substantially by query type (Spearman ρ =
0.464 to ρ = 0.732), establishing that query complexity fun-
damentally structures the relationship between semantic co-
herence and legal accuracy. Explicit article citation emerges
as the strongest quality predictor (Cohen’s d = 1.099),
with cited responses achieving 145% higher legal correctness
scores, suggesting automatic citation extraction as a viable
quality signal for practical deployment.

Concrete examples illustrate bidirectional divergence: re-
sponses may achieve high semantic similarity through fluent
terminology yet cite incorrect articles, or provide legally per-
fect answers with minimal lexical overlap. LLM-as-Judge,
validated against expert legal assessment (Spearman ρ =
0.96), successfully captures legal nuance that traditional met-
rics miss, though systematic sensitivities to citation format
and verbosity require consideration in deployment.

These results establish that evaluation frameworks for
legal RAG systems require multi-dimensional assessment
combining complementary metrics. Query-adaptive strate-
gies that weight semantic and legal metrics based on query
type may improve evaluation accuracy. Our methodol-
ogy—synthetic data generation with multi-agent validation,
human expert calibration, and systematic metric divergence
analysis—provides a foundation for evaluation research in
specialized domains beyond law.
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