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Abstract

Grounded legal question answering requires re-
trieving the relevant statutory provisions, gen-
erating legally sound answers, and support-
ing them with explicit evidence. We intro-
duce JustifIT-QA, the first Italian statutory QA
dataset with expert-written answers and fine-
grained evidence spans, and present DARv2,
a dense retriever that improves coverage of
relevant legal texts. Building on this retrieval
layer, we study a judge-based feedback loop
in which an LLM critiques and refines gener-
ated answers, and we evaluate LLMs as judges
for legal answer correctness. Results show that
feedback improves expert-rated answer quality
when relevant context is retrieved, while evi-
dence extraction benefits from stronger models
but remains challenging. We release the dataset,
code, and retriever to support future research on
grounded and explainable legal QA in Italian.

1 Introduction

Legal question answering requires replies that are
not only fluent but also normatively grounded,
since even minor inaccuracies may lead to incor-
rect interpretations of obligations, rights, or sanc-
tions. This is particularly challenging for LLM-
based systems: recent work shows that they may
produce legally unsupported statements and fab-
ricated authorities, and that long-form generation
can remain only partially grounded even when con-
ditioned on retrieved sources (Dahl et al., 2024;
Stolfo, 2024). At the same time, grounded legal
QA remains under-resourced outside English, and
correctness is difficult to assess at scale in open-
ended settings (Guha et al., 2023). Recent work
on LLM-based judging further suggests both the
promise of automatic evaluation and the need to
carefully analyze its reliability and biases (Gu et al.,
2025; Chen et al., 2024).

* Work done during internship at Aptus.AI.

This paper addresses these challenges in the Ital-
ian statutory domain. First, to the best of our
knowledge, we introduce the first Italian dataset
with expert-written answers and fine-grained evi-
dence extracted from legislative text, enabling eval-
uation beyond article-level retrieval. Second, we
present a dense retriever designed specifically for
legal contexts, which improves the coverage of rel-
evant provisions. Third, we study an iterative feed-
back loop in which generated answers are refined
through evidence-grounded critiques, improving
expert-rated correctness using the retrieved context.
Finally, we provide a feasibility study of LLM-
based judging for legal answers, analyzing agree-
ment with experts and error patterns. To support
future research, we will make publicly available
the dataset1, retrieval model2, and the code3.

2 Related Work

Legal NLP has recently seen the release of sev-
eral benchmarks for retrieval and question an-
swering, most of which focus on identifying rel-
evant provisions and supporting downstream le-
gal decision making. Statutory retrieval datasets
such as BSARD (Louis and Spanakis, 2022) pro-
vide expert-annotated mappings between natural-
language questions and applicable legal articles,
while broader benchmark suites such as LexGLUE
(Chalkidis et al., 2022) cover a range of legal tasks
but are less focused on grounded QA. JuriFindIT
introduces statutory article retrieval for the Ital-
ian domain and explicitly encodes cross-article ref-
erences, enabling graph-aware modeling of inter-
provision dependencies in retrieval (Noce et al.,
2026). More recent resources move toward an-
swer generation grounded in legal sources. LLeQA
targets long-form legal question answering with
retrieval over legislative material and answer gen-
eration conditioned on retrieved passages (Louis
1 nikodallanoce/JustifIT-QA 2 nikodallanoce/DARv2
3 JustifIT-QA GitHub

13661

mailto:niko.dallanoce@phd.unipi.it
mailto:davide.bacciu@unipi.it
sina.farhangdoust@gmail.com
mailto:lorenzo@aptus.ai
https://huggingface.co/datasets/nikodallanoce/JustifIT-QA
https://huggingface.co/nikodallanoce/DARv2
https://github.com/nikodallanoce/JustifIT-QA


et al., 2024). Complementary work in other le-
gal genres emphasizes pinpointing legally salient
spans, as in contract understanding datasets such as
CUAD (Hendrycks et al., 2021). Beyond English,
datasets such as JEC-QA for judicial exam ques-
tions in Chinese highlight retrieval and reasoning
over legal materials under different legal systems
and question styles (Zhong et al., 2020). Despite
this progress, non-English statutory QA remains
comparatively under-resourced, and span-level ev-
idence annotations paired with expert-written an-
swers are still uncommon across jurisdictions and
languages. A second relevant line of work concerns
retrieval-augmented generation, where generation
is explicitly conditioned on retrieved documents to
reduce reliance on parametric memory (Lewis et al.,
2020). In parallel, a rapidly expanding body of re-
search studies the use of large language models as
evaluators of open-ended outputs. LLM-as-a-judge
methods investigate how rubric-based prompting
can approximate human preference judgments and
support scalable evaluation (Zheng et al., 2023; Liu
et al., 2023). Iterative self-refinement methods fur-
ther explore how natural-language critique can be
used to revise and improve model outputs across
multiple passes (Madaan et al., 2023; Shinn et al.,
2023). Finally, evidence identification and ratio-
nale extraction have been widely studied to make
predictions inspectable and to ground outputs in
supporting text, notably in fact verification and ra-
tionale benchmarks such as FEVER and ERASER
(Thorne et al., 2018; DeYoung et al., 2020). These
directions collectively motivate increasing atten-
tion to grounded generation, structured evaluation,
and evidence-linked explanations in high-stakes
domains such as law.

3 JustifIT-QA: Legal Q&A with
Evidences

We introduce JustifIT-QA, an Italian statutory QA
dataset built on top of JuriFindIT4. The dataset is
designed to address two main limitations of that
benchmark: the absence of expert-written answers
and the lack of fine-grained evidence annotations.
For each question, JustifIT-QA provides (i) an ex-
pert drafted answer and (ii) explicit annotations of
the relevant text spans within the labelled articles
drawn from the JuriFindIT corpus. This yields a
stand-alone resource for grounded legal question
answering, and evidence-based interpretability.

4 jurifindit/JuriFindIT

The extension is built on the expert-authored por-
tion of the original dataset and does not introduce
new questions. Instead, it increases the annotation
granularity of the existing 895 queries by adding
answers and span-level evidence over previously la-
belled relevant articles, preserving continuity with
the original benchmark while enabling supervision
beyond retrieval.

3.1 Expert-Written Answers

For each expert-authored question, we collected
a reference answer written by a legal annotation
team covering the four domains represented in
the dataset: civil law, criminal law, anti-money
laundering and counter-terrorism regulations, and
privacy. Using a team with matching domain ex-
pertise helps maintain consistency across question
interpretation, article selection, and answer draft-
ing. The answers were written from scratch by
human experts, without generation or post-editing
from model outputs. Each answer is designed to
resolve the question directly, identify the applica-
ble rule, and mention the relevant conditions or
consequences when required. We report some ex-
amples in Appendix A.5. To assess the reliability
of the answer annotations, we conducted a human
inter-annotator agreement study in which two legal
experts independently evaluated the expert-written
answers against the corresponding questions and
statutory context. Answers were assigned one of
three ordered correctness labels: CORRECT, PAR-
TIALLY CORRECT, or INCORRECT. Given this
ordinal structure, we measured agreement using
weighted Cohen’s κ, which assigns smaller penal-
ties to disagreements between adjacent labels than
to disagreements between the two extreme cate-
gories, obtaining a quadratic weighted κ of 0.668
and thus showing that the observed disagreements
were generally limited in severity. The complete
annotation protocol, additional agreement metrics,
confidence intervals, and qualitative analysis of
disagreements are reported in Appendix A.1.

3.2 Fine-Grained Evidence Annotation

In addition to writing answers, annotators marked
the specific portions of the relevant articles that
support them. Unlike the original dataset, which
provides article-level supervision, JustifIT-QA in-
troduces span-level evidence capturing the norma-
tive statements underlying the expert answer. Evi-
dence was annotated at paragraph, sub-paragraph,
clause, or shorter span level when necessary. Anno-
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Area mean std median max

AML/CTF 24.85 52.83 5.5 360
Civil Code 1.07 0.31 1.0 4
Criminal Law 1.69 1.04 1.0 7
Privacy 32.88 33.37 22.0 141

Table 1: Number of highlighted evidence sections per
question by normative area.

tators were instructed to mark only the text directly
needed to justify the answer, rather than entire arti-
cles. To reduce anchoring effects, annotation fol-
lowed a two-step workflow: experts first drafted
the answer, and only afterwards identified the min-
imal supporting excerpts in the relevant articles.
This backward procedure encourages evidence se-
lection based on justification rather than topical
overlap. The resulting annotations define an ex-
plicit many-to-many mapping between questions,
answers, and statutory text: a question may require
multiple articles, and each article may contribute
multiple disjoint excerpts. We report some samples
from the dataset in Table 3.

4 Dataset Statistics

We report descriptive statistics for the two new an-
notation layers in JustifIT-QA, i.e. expert-written
answers and relevant evidence sections, stratified
by normative area. For answers, we compute word-
count statistics and extract linguistic profiling fea-
tures with Profiling-UD (Brunato et al., 2020) (Ap-
pendix A.3). For evidence, we report both the num-
ber of annotated sections per question and their
total length in words.

Evidences. Tables 1 and 2 jointly describe the
annotated evidence in terms of fragmentation and
length. The two measures show a consistent
domain-level pattern. Civil Code and Criminal Law
mostly correspond to a compact-evidence setting,
where answers can usually be justified through a
small number of localized excerpts. Criminal Law
is slightly more variable than Civil Code, but re-
mains relatively bounded in most cases. By con-
trast, AML/CTF and Privacy exhibit substantially
more fragmented and longer evidence, with heavy-
tailed distributions. This suggests that questions in
these areas often require aggregating several statu-
tory passages and connecting dispersed normative
constraints. The distinction between compact and
long-context evidence settings motivates reporting
downstream results by normative area.

Area mean std median max

AML/CTF 3462.64 7248.08 760.0 41891
Civil Code 49.79 49.11 39.0 489
Criminal Law 156.01 277.23 76.5 2582
Privacy 4341.94 4461.66 2540.0 20748

Table 2: Total words in highlighted evidence sections
per question by normative area.

Answers. The linguistic indicators reported in
Appendix A.3 show domain-specific variation in
answer formulation. Privacy answers are the most
syntactically articulated, with longer sentences,
greater dependency depth, and a higher proportion
of subordinate structures. Criminal Law shows
the strongest nominal profile, reflecting a more
definition- and qualification-oriented style. AM-
L/CTF and Civil Code exhibit broadly similar lex-
ical and syntactic patterns. These trends indicate
that the answer layer captures meaningful varia-
tion across normative areas, complementing the
stronger cross-domain differences observed in the
evidence statistics.

5 Answer Refinement and Evidence
Generation

Legal question answering requires outputs that are
not only fluent but normatively grounded: even
minor inaccuracies may trigger incorrect interpre-
tations of obligations, rights, or sanctions. This
makes hallucinations and unsupported details par-
ticularly harmful in professional legal settings,
where LLM-generated content has been shown to
produce legally inconsistent statements and fabri-
cated references (Dahl et al., 2024; Huang et al.,
2025). To address this risk, we adopt a pipeline
(Figure 1) that ties generation to statutory sources
and produces reviewable support. Given a ques-
tion, we (i) retrieve a small set of relevant provi-
sions, (ii) generate an answer conditioned on the re-
trieved context via retrieval-augmented generation
(Lewis et al., 2020), (iii) iteratively refine the an-
swer through evidence-based verification, and (iv)
extract verbatim supporting excerpts from the same
provisions, in line with long-form legal QA set-
tings that combine retrieval with grounded answer
generation (Louis et al., 2024). Together, these
components aim to reduce unsupported statements
while improving interpretability by linking the final
answer to explicit textual evidence.
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question relevant_spans answer

Mario takes out a life insurance policy on Lucia
without having the authority to do so. Can Lucia
ratify the policy after learning of it only after a
claim has been made?

{21095: [0, 537]} Yes, Lucia may ratify the contract even after
the loss has occurred. Until the insurer has
received notice of ratification or rejection,
Mario remains personally liable for...

What are the main duties of the Data Protection
Officer (DPO) under the GDPR?

{10662:[58-1223, 1301-
2702, 3404-4676, . . . ]}

The DPO must advise the controller/proces-
sor, monitor GDPR compliance...

In a company with four members, three of them
decide to expel one member for serious breaches
of duty. What are the rights of the expelled mem-
ber, and when does the expulsion take effect?

{’21565’: [41, 362]} The expulsion is decided by a majority of the
members, excluding the member to be ex-
pelled from the count. The expulsion takes
effect 30 days after notification to...

Table 3: Examples from JustifIT-QA (translated into English). For each question, relevant_spans is a dictionary
whose key is the identifier of a legal text within JuriFindIT corpus and whose value is a list of evidence spans, each
represented by the start and end character offsets of the corresponding excerpt.

Answer generator
LLM 

Answer judge LLM

Top-  retrieved
and re-ranked

articles Answer 

Feedback 

Generator input
context 

Judge input
context

Generator input context
with feedbacks 

Article
retriever

Generator
prompt

Judge
prompt

Generator
prompt

Feedback
prompt

Question 

Corpus 

Figure 1: Given a question, an article retriever returns the top-k relevant provisions. A generator produces an answer
conditioned on the retrieved articles. A judge model verifies the answer against the same articles and, when needed,
produces feedback used to refine the next generation step. Prompt templates are shown in Appendix H.

5.1 Article Retrieval

Given a legal question in natural language, the goal
of statutory article retrieval is to return a small set
of legislative provisions that are useful for answer-
ing the query. We formalize retrieval as a function

R : (q, C; k) → F (1)

that takes a query q and a corpus C =
{a1, . . . , aN} of N articles, and outputs a ranked
subset F ⊂ C of size k ≪ N . Let sθ(q, a) ∈ R
be a parametric scoring function, and let rankq(a)
denote the position of article a when sorting the
corpus by decreasing score. The retrieved list is
thus defined as:

F = R(q, C; k) =
{
a ∈ C

∣∣ rankq(a) ≤ k
}

= TopK
a∈C

sθ(q, a).
(2)

We adopt a two-stage retrieval setup (Guo et al.,
2022; Tao et al., 2023). In the first stage, we

use a dense bi-encoder architecture (Reimers and
Gurevych, 2019; Karpukhin et al., 2020) built
on Transformer encoders (Vaswani et al., 2017),
which maps queries and articles into a shared d-
dimensional embedding space. A single encoder
Encθ(·) is applied to both inputs, producing rep-
resentations hq = Encθ(q) and ha = Encθ(a)
with hq,ha ∈ Rd. We compute each repre-
sentation using the last token embedding. Rele-
vance is estimated via cosine similarity, sθ(q, a) =
cos(hq,ha) =

hq ·ha

∥hq∥ ∥ha∥ , and all a ∈ C are ranked
according to sθ(q, a).

In the second stage, a re-ranker refines the initial
ranking by scoring each query–article pair jointly
rather than comparing independently encoded rep-
resentations. Given the candidate set returned
by the bi-encoder, the re-ranker takes (q, a) as
paired input and outputs a refined relevance score
s̃ϕ(q, a) ∈ R, which is used to reorder the candi-
dates: F̃ = RankKa∈F s̃ϕ(q, a), where s̃ϕ(q, a)
is the probability assigned by the re-ranker to the

13664



token yes for the paired input (q, a), i.e.,

s̃ϕ(q, a) =
exp(zyes(q, a))

exp(zyes(q, a)) + exp(zno(q, a))
, (3)

with zyes(q, a) and zno(q, a) denoting the final
logits associated with the tokens yes and no, re-
spectively. For convenience, in the rest of this work
we use the function R to indicate the retrieval and
re-ranking pipeline.

Learning. We train the bi-encoder with a con-
trastive objective over a dataset D = {(qi, api )}Ni=1

of question–positive-article pairs. Negatives are
sampled via in-batch negatives (Karpukhin et al.,
2020): for a batch of size B, the negative set for qk
is N (qk) = {aj | j ̸= k, j ∈ [1, B]}. The loss is:

L(qi, ap
i ,N (qi)) = − log

exp(sθ(qi, a
p
i )/τ)∑

a∈{ap
i }∪N (qi)

exp(sθ(qi, a)/τ)
,

(4)

where τ is a temperature parameter.

5.2 Judge-Based Feedback Loop

To reduce hallucinations and enforce consistency
with the retrieved statutory context, we introduce a
feedback loop driven by a judge language model.
LLM-based judges have recently emerged as a prac-
tical alternative to costly human evaluation, with
evidence of useful correlation with expert prefer-
ences in controlled settings (Zheng et al., 2023; Liu
et al., 2023). We formalize the judge as

J : (q, F̃ , ŷ) → (ℓ, f), (5)

where ℓ is a compliance label and f is a feedback
message. The judge evaluates ŷ only against the
retrieved articles F̃ , treating them as the authorita-
tive source and thus directly targeting unsupported
content, a central failure mode of neural gener-
ation (Maynez et al., 2020; Ji et al., 2023). Its
decision follows expert-defined criteria covering
support in F̃ , absence of contradictions, preser-
vation of normative force and quantitative details,
preservation of scope (e.g., subjects, conditions,
exceptions, jurisdiction), and faithful integration
without arbitrary additions; the prompt with the
criteria is reported in Appendix H.2.

The label ℓ follows a three-level scale designed
with a legal team: NON-COMPLIANT, PARTIALLY-
COMPLIANT, and FULLY-COMPLIANT. This gran-
ularity is important in legal QA, where answers
often include both core legal claims and ancillary

Algorithm 1 Conversational judge-based feedback
loop for answer refinement.
Require: question q, corpus C, retrieval pipeline R, genera-

tor G, judge J , top-k, max steps T
1: F̃ ← R(q, C; k)

2: H(0) ← ⟨(q, F̃ )⟩
3: ŷ(0) ← G(H(0))

4: H(0) ← H(0) ⊕ ŷ(0)

5: for t = 0 to T − 1 do
6: (ℓ(t), f (t))← J(q, F̃ , ŷ(t))

7: if ℓ(t) = FULLY-COMPLIANT then
8: return ŷ(t)

9: end if
10: H(t+1) ← H(t) ⊕ f (t)

11: ŷ(t+1) ← G(H(t+1))

12: H(t+1) ← H(t+1) ⊕ ŷ(t+1)

13: end for
14: return ŷ(T )

details (e.g., minor conditions, procedural details,
contextual remarks) enriching content of the an-
swers. A binary label would conflate errors af-
fecting the main conclusion with inaccuracies con-
fined to secondary information. We therefore use
NON-COMPLIANT for errors on core legal content,
PARTIALLY-COMPLIANT for answers whose main
claim is correct but include unsupported peripheral
details, and FULLY-COMPLIANT for answers fully
consistent with F̃ .

When ℓ ̸= FULLY-COMPLIANT, the judge re-
turns a feedback f identifying unsupported or con-
tradicted statements in ŷ. Following iterative self-
refinement approaches (Madaan et al., 2023), we
implement revision in conversational form: the
generator receives f as a new user turn while pre-
serving the dialogue history. Let H(t) denote the
conversation state at iteration t; refinement is:

ŷ(t+1) = G
(
H(t) ⊕ f (t)

)
, (6)

where ⊕ appends the new feedback to the history.
The process stops when the judge returns FULLY-
COMPLIANT or when a maximum number of itera-
tions is reached. Algorithm 1 summarizes the pro-
cedure. The proposed loop implements evidence-
grounded self-correction: the judge flags claims
unsupported by F̃ , and the generator revises its
answer while the statutory context remains fixed.

5.3 LLM-based Evidence Extraction
Beyond answer generation and verification, we ex-
plicitly extract textual evidence from the retrieved
statutory context. This follows evidence-based QA
paradigms (DeYoung et al., 2020; Thorne et al.,
2018) and is particularly relevant in law, where
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verbatim, source-linked excerpts improve trans-
parency and support post-hoc auditing.

Let q be a question, C = {a1, . . . , aN} the arti-
cle corpus, and F̃ = R(q, C; k) the retrieved set.
Given the selected answer y⋆, we define an evi-
dence extractor as

E : (q, F̃ , y⋆) → Ŝ, (7)

where Ŝ is a set of predicted evidence spans. Each
span is represented as s = (id(a), τ), where
a ∈ F̃ and τ is a verbatim excerpt from a; thus
Ŝ = {ŝ1, . . . , ŝm}. Gold evidence is defined analo-
gously as S = {s1, . . . , sn} with si = (id(ai), τi),
matching the dataset annotation protocol and en-
abling direct set-level comparison. Operationally,
E returns a structured list of (id(a), τ) pairs cov-
ering all excerpts needed to justify y⋆. This
set-based formulation captures the many-to-many
structure of legal justification, while restricting ex-
traction to F̃ aligns evidence with the same sources
used for answering and limits unsupported cita-
tions. Combined with judge-based refinement, this
yields answers that are both context-consistent and
grounded, a requirement emphasized in long-form
legal QA (Louis et al., 2024).

6 Experiments

We evaluate our framework by measuring its abil-
ity to generate legally compliant answers and ac-
curately identify supporting evidence. The experi-
ments aim to quantify the impact of iterative judge
feedback on answer quality and to assess the preci-
sion of the extraction and retrieval components.

6.1 Answer Evaluation

Expert evaluation. To validate whether judge
feedback improves answer quality in practice, we
conduct an expert evaluation on 181 generated an-
swers from 133 randomly sampled questions. This
includes one judge-selected answer for each ques-
tion and, for 48 of them, the corresponding initial
answer before feedback, enabling paired compar-
ison. These 48 questions cover roughly 25% of
the cases in which feedback-based refinement was
applied. Legal annotators assess each answer using
the same three-level compliance scale and criteria
adopted by the judge (§ 5.2), given the question,
the generated answer, and the gold relevant articles,
and are instructed to rely only on those articles. We
use these labels to characterize overall compliance

and to measure the effect of feedback against the
no-feedback baseline.

Automatic metrics. We measure reference-
based similarity between generated and expert an-
swers with METEOR (Banerjee and Lavie, 2005)
and BERTScore (Zhang et al., 2020). Pure n-gram
overlap metrics such as BLEU (Papineni et al.,
2002) and ROUGE (Lin, 2004) are less suitable for
long-form, open-ended answers (Wang et al., 2022;
Xu et al., 2023). METEOR mitigates surface-form
mismatch via stemming and synonym matching
and has shown stronger correlation with human
judgments than overlap-based measures (Sharma
et al., 2017; Chen et al., 2022), while BERTScore
captures semantic similarity through contextual em-
beddings and is therefore more robust to paraphras-
ing and variation in detail level.

6.2 Evidence Extraction Evaluation
Exact string matching between predicted and an-
notated evidence is brittle in legal texts, where
harmless boundary differences or adjacent context
may lead to mismatches. We therefore adopt a
containment-based criterion computed per sample
and then macro-averaged over the dataset. For the
i-th question, let T̂i = {τ̂i,1, . . . , τ̂i,mi} be the set
of predicted excerpts and Ti = {τi,1, . . . , τi,ni}
the corresponding gold excerpts, pooled across re-
trieved articles. For a predicted excerpt τ̂ ∈ T̂i and
a gold excerpt τ ∈ Ti, we define:

GoldCont(τ̂ , τ) =
|Tok(τ̂) ∩ Tok(τ)|

|Tok(τ)| , (8)

where Tok(·) denotes the set of normalized to-
kens (lowercasing and punctuation removal). A
match is counted when GoldCont(τ̂ , τ) ≥ 0.95,
with one-to-one matching to prevent multiple pre-
dictions from claiming the same gold excerpt. This
yields per-sample TPi, FPi, and FNi, from which
we compute precision, recall, and F1, and finally
macro-average over all samples.

6.3 Experimental Setup
Retriever and re-ranking. We train DARv2 by
fine-tuning jina-embeddings-v5-text-nano5 (Akram
et al., 2026), a 239M-parameter encoder-only
model based on EuroBERT (Boizard et al., 2025)
that supports inputs of up to 8,192 tokens. The
training data combine the expert-authored ques-
tions with one synthetic question generated for each
article, following prior work on statutory retrieval
5 jinaai/jina-embeddings-v5-text-nano
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(Louis and Spanakis, 2022; Noce et al., 2026) and
evidence that synthetic queries can improve dense
retrieval (Lawrie et al., 2025). We use a learning
rate of 3.5 × 10−5 with linear decay, weight de-
cay of 10−2, a batch size of 768, and 35 epochs.
We additionally report the original DAR retriever
as a task-specific fine-tuned baseline. DARv2 is
used as the first-stage retriever in all downstream
experiments.

At inference time, DARv2 retrieves the ini-
tial candidate set and Qwen3-Reranker-4B (Zhang
et al., 2025a) re-ranks the top-20 articles. A more
detailed description and comparison with other
rerankers is provided in Appendix D.

To contextualize the gains from task-specific
fine-tuning, we compare DAR and DARv2 with
recent publicly available embedding models se-
lected from among the strongest systems on
the MTEB (Muennighoff et al., 2023) retrieval
leaderboard6, while covering different param-
eter scales and performance–efficiency trade-
offs. The comparison includes granite-embedding-
311m-multilingual-r2 (Awasthy et al., 2026),
harrier-oss-v1-270m7, snowflake-arctic-embed-m-
v2.0 (Yu et al., 2024), harrier-oss-v1-0.6b8,
jina-embeddings-v5-text-nano, jina-embeddings-
v5-text-small, pplx-embed-v1-0.6b, pplx-embed-v1-
4b (Eslami et al., 2026), Qwen3-Embedding-4B
(Zhang et al., 2025b), and Octen-Embedding-8B
(Team, 2025a). All these pretrained models are
evaluated zero-shot: we use their released check-
points without fine-tuning on JuriFindIT or any
other task-specific adaptation, follow the encoding
configuration recommended for each model, and
rank statutory articles by embedding similarity.

Metrics. We evaluate retrieval with standard
rank-aware metrics over the top-k list. Recall@k
measures the fraction of gold relevant articles
retrieved in the top-k, MRR@k emphasizes
how early the first relevant article appears, and
nDCG@k and MAP@k reward systems that rank
multiple relevant provisions higher in the list.

Generation, judging, and evidence extraction.
We use Qwen3-32B9 (Team, 2025b) in no-thinking
mode for both answer generation and for judging
within the feedback loop. For compliance judging,
we evaluate Qwen3 family of models, GPT-oss10

(OpenAI, 2025) variants, and Gemma 4 models11.
6 MTEB leaderboard. 7 microsoft/harrier-oss-v1-270m
8 microsoft/harrier-oss-v1-0.6b 9 Qwen3.x models.
10 GPT-oss. 11 Gemma 4.

The generator produces answers conditioned on the
question and retrieved articles, while judges assign
compliance labels and provide feedback grounded
in the same statutory context. Due to memory con-
straints, we cap the context to the top-5 retrieved
articles and set the maximum number of feedback
iterations to 2. For evidence extraction, we treat the
task as structured prediction of verbatim supporting
excerpts paired with article identifiers, comparing
Qwen3 and Gemma 4 models. Text generation
parameters are reported in Appendix J.

7 Results

7.1 Retriever Performance

Table 4 reports first-stage retrieval performance on
the candidate pool used by the reranker. In ad-
dition to DAR and DARv2, we compare against
recent multilingual embedding models evaluated
in a zero-shot setting. DARv2 improves over DAR
across all metrics, with the largest gain on Re-
call. It also outperforms all zero-shot retrievers,
showing that task-specific fine-tuning remains ben-
eficial for Italian statutory retrieval. Among the
zero-shot models, pplx-embed-v1-4B provides the
strongest overall results, while Octen-Embedding-
8B and Qwen3-Embedding-4B achieve competitive
recall but weaker rank-sensitive performance. The
comparison also shows no consistent relationship
between parameter count and retrieval quality, sug-
gesting that model scale alone does not determine
effectiveness in this domain.

Paired statistical tests over validation queries
show that the improvements of DARv2 over DAR
are significant for Recall at k ≥ 20; full results are
reported in Appendix B. This result is especially
relevant for our pipeline, where the first-stage re-
triever should maximize coverage of relevant legal
provisions before reranking. We also tested an itera-
tive LLM-based filtering strategy, where the model
scans retrieved texts through a sliding window and
decides whether they are sufficient or more should
be inspected, retaining only the relevant ones. Un-
der our constrained input setting, however, its gains
over traditional re-ranking were limited and out-
weighed by higher latency. We therefore adopt the
standard re-ranker and report the full comparison
and more detailed description in Appendix E.

7.2 Judge-Based Evaluation and Feedback

Agreement with expert judgments. We first as-
sess the judge as a proxy for expert evaluation by
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Retriever model #Params Recall nDCG MRR MAP

@5 @20 @60 @100 @5 @100 @5 @100 @5 @100

Zero-shot
granite-embedding-311m-multilingual-r2 311M 54.98 64.80 70.37 72.49 47.57 52.08 47.30 49.19 43.47 44.31
harrier-oss-v1-270m 270M 55.88 67.19 71.87 74.39 50.87 55.16 51.79 53.32 47.01 47.72
snowflake-arctic-embed-m-v2.0 305M 63.56 71.90 75.88 79.62 58.09 61.82 59.17 60.37 53.49 54.03
harrier-oss-v1-0.6B 600M 64.18 73.29 77.30 80.90 59.86 63.31 62.63 63.80 55.28 55.44
jina-embeddings-v5-text-nano 239M 63.86 75.34 79.77 82.38 59.99 64.45 62.97 64.41 55.77 56.46
jina-embeddings-v5-text-small 600M 67.69 75.74 81.01 82.41 63.78 67.06 66.54 67.84 59.29 59.53
pplx-embed-v1-0.6B 600M 68.36 76.07 81.77 84.73 66.14 69.70 69.14 70.50 62.00 62.13
Qwen3-Embedding-4B 4B 73.42 80.34 85.56 87.90 70.40 73.18 73.16 73.98 65.75 65.41
Octen-Embedding-8B 8B 73.46 80.81 84.58 86.29 69.93 72.57 72.21 73.12 65.37 65.25
pplx-embed-v1-4B 4B 74.42 81.41 85.47 88.63 72.95 75.19 76.34 77.39 68.64 67.70

Domain specific
DAR (snowflake-arctic-embed-m-v2.0) 305M 76.11 83.16 88.25 91.18 73.29 76.86 76.50 77.30 68.56 69.10
DARv2 (jina-embeddings-v5-text-nano) 239M 77.38 85.88 91.64 93.79 74.94 77.80 76.88 77.65 70.09 69.52

Table 4: First-stage retrieval performance on the JuriFindIT validation set. Zero-shot models are evaluated without
task-specific training, whereas DAR and DARv2 are fine-tuned. Model name between parenthesis indicates the
backbone of the fine tuned model. Bold denote the overall best score, and underlining highlights the best zero-shot
result.

Setting Precision Recall F1

Main correctness 87.16 84.31 85.71
Side correctness 79.84 72.79 76.15

Table 5: Judge (Qwen3-32B) performance against ex-
pert labels, treating correctness as the positive class.

treating correctness as the positive class and re-
porting precision, recall, and F1 in Table 5; raw
counts are provided in Appendix F. The judge is
substantially more reliable on main content than
on side information, with a better precision–recall
trade-off on the core legal substance of the answer.
In legal QA, precision is especially important be-
cause false positives correspond to answers that
the judge approves despite being considered in-
correct by experts, thereby increasing the risk of
endorsing legally unreliable content. An error anal-
ysis suggests that retrieval recall is a key driver of
expert-rated quality: answers judged incorrect by
experts are associated with markedly lower aver-
age article recall than correct ones, both for main
and side content, whereas false negatives exhibit
recall levels comparable to true positives. This indi-
cates that missing relevant context primarily harms
answer quality, while many false negatives reflect
conservative judge behaviour. Further details such
as qualitative analysis are reported in Appendix G.

Judging with access to expert answers. We fur-
ther evaluate judges in a reference-based setting,
where they receive the expert-written answer, la-
belled articles, and generated answer. Results are

Judge model Precision Recall F1

Qwen3 32B 89.57 95.42 92.40
Qwen3.5 27B 93.89 80.39 86.62
Qwen3.5 27B (thinking) 94.57 79.74 86.52
Qwen3.6 27B 95.38 81.05 87.63
Qwen3.6 35B-3A 93.64 67.32 78.33
GPT-oss 20b (thinking med.) 92.37 79.08 85.21
GPT-oss 20b (thinking low) 92.65 82.35 87.20
Gemma 4 31B 95.71 87.58 91.47
Gemma 4 31B (thinking) 94.85 84.31 89.27
Gemma 4 26B-A4B 93.20 89.54 91.33

Table 6: Judge performance comparison on main cor-
rectness when provided with the expert-written refer-
ence answer and labelled articles.

reported in Table 6, with counts in Appendix F. Pro-
viding the reference answer improves alignment
with experts, but reveals distinct operating profiles.
Qwen3-32B achieves the best F1 and highest re-
call, making it the strongest option when preserving
expert-correct answers is important. Gemma 4 31B
attains the highest precision, while Gemma 4 26B-
A4B offers the best balance among the newly tested
models. GPT-oss variants and Qwen3.6 27B are
precise but more conservative, and Qwen3.6 35B-
3A shows the lowest recall. These results highlight
a legal-domain safety–coverage trade-off: preci-
sion reduces false acceptance of incorrect answers,
whereas recall preserves valid ones.

Effect of judge feedback. Finally, we examine
whether judge feedback translates into better an-
swers under expert assessment. Table 7 compares
the proportion of expert-rated correct answers be-
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Correct answers No feedback With feedback

Main correctness 76.74 83.72
Side correctness 69.77 74.42

Table 7: Percentage of expert-rated correct answers,
comparing the initial answer (No feedback) and the
judge-refined answer (With feedback).

Score Expert=0 Expert=1

METEOR 25.34± 6.70 32.12± 11.34
BERTScore 66.80± 2.84 70.27± 4.11

Table 8: Similarity between generated answers and ex-
pert references, stratified by expert main correctness,
reported as mean ± standard deviation.

fore and after refinement. On the subset of ques-
tions with non-zero retrieval recall, feedback im-
proves correctness on both main content and side
details, indicating that judge-guided revision is ef-
fective when relevant statutory support is available.
At the same time, the benefit is contingent on re-
trieval quality: when recall is zero, we found feed-
backs counterproductive, as the model has no reli-
able evidence to ground the revision and produc-
ing unsupported changes. This confirms that the
usefulness of iterative refinement depends on the
availability of relevant context, and therefore on
the quality of the retriever upstream.

7.3 Automatic Evaluations

We also compare generated answers against
expert-written references using METEOR and
BERTScore. Since expert references mainly cap-
ture the core legal content, we stratify the analysis
by expert judgments of main correctness (Table 8).
Both metrics are higher for answers judged correct
by experts, but the separation is limited, especially
for BERTScore. This suggests that reference-based
similarity captures only partial alignment with ex-
pert judgments. These metrics should therefore be
viewed as descriptive rather than correctness-based:
incorrect answers may still score high, while cor-
rect ones may differ in wording or detail.

7.4 Evidence Extraction

Table 9 reports evidence extraction results on the
JustifIT-QA validation set using the same prompt-
ing setup and the top-5 retrieved articles. Qwen3-
32B achieves the best overall performance, fol-
lowed closely by Qwen3.5-27B. Within the Qwen
family, larger models generally improve precision,

Model Precision Recall F1

Qwen3 8B 25.75 36.37 27.39
Qwen3 14B 34.70 46.64 36.26
Qwen3 32B 41.07 53.08 42.55
Qwen3.5 9B 28.73 45.13 32.13
Qwen3.5 27B 40.09 51.20 41.92
Gemma 4 E4B 23.32 37.03 26.11
Gemma 4 31B 29.78 41.41 31.83

Table 9: Evidence extraction results on the JustifIT-
QA validation set. Scores are macro-averaged across
samples.

recall, and F1, whereas the Gemma models remain
less competitive despite gains from E4B to 31B.
Across all systems, recall is consistently higher
than precision, suggesting that models often cover
relevant evidence but include overly broad or un-
matched excerpts. Evidence extraction benefits
from stronger models but remains challenging un-
der strict near-verbatim matching.

8 Conclusion

We introduced JustifIT-QA, an Italian statutory
QA dataset with expert-written answers and fine-
grained evidence spans, enabling evaluation be-
yond article-level retrieval. We also presented
DARv2, which improves retrieval performance over
the original JuriFindIT retriever. On top of this
retrieval layer, we studied a judge-based feedback
loop for answer refinement and showed that, when
relevant context is available, it improves expert-
rated correctness. We further found that LLM-
based judging is a feasible proxy for evaluating
core legal content, although performance drops on
ancillary details, and that evidence extraction qual-
ity improves with model scale. In the end, our re-
sults highlight the value of combining retrieval, ver-
ification, and source-linked evidence for grounded
and explainable legal QA, providing resource for
future research directions.
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Limitations

Our study has several limitations. First, due to
memory constraints, all LLM-based components
operate on at most the top-5 retrieved articles.
While this budget keeps the pipeline tractable, it
inevitably excludes relevant provisions for some
questions, especially in domains such as AML/CTF
and Privacy, where evidence is often distributed
across multiple statutory texts. This constraint
is particularly relevant for downstream generation
and judging, since the feedback loop can only ver-
ify answers against the evidence that is actually
retrieved and included in the context.

Second, the proposed feedback loop introduces
additional computational cost and latency com-
pared with a single-pass RAG pipeline. Each re-
finement step requires both answer generation and
judge-based verification, and our experiments use
large open-weight models. This design is useful for
studying evidence-grounded self-correction, but it
may be expensive or slow in practical deployments.

Third, the refinement process is capped at two
feedback iterations. This choice prevents uncon-
trolled generation cycles and keeps the evaluation
feasible. Moreover, the system does not simply
return the answer produced at the last iteration;
rather, it selects the best answer according to the
judge among the generated candidates. With more
iterations, answers might become overly conserva-
tive, or degrade if the judge introduces misleading
feedback. Since changing the number of iterations
can change the set of candidate answers and there-
fore the selected output, a rigorous analysis would
require additional expert evaluation.

Finally, evidence extraction is evaluated with a
containment-based matching criterion that is more
robust than exact string matching, but still remains
surface-oriented. It does not fully capture deeper
equivalence relations such as paraphrastic justifica-
tions, alternative but legally valid excerpt bound-
aries, or implicit support distributed across multiple
passages. More semantically informed evaluation
of legal evidence extraction remains an open prob-
lem.

Ethical considerations

All questions, answers, and evidence annotations
in JustifIT-QA were produced by legal experts, and
the dataset does not contain personal or sensitive
user data. Nevertheless, errors may arise from pre-
processing, article segmentation, evidence selec-

tion, or annotation inconsistencies, and may propa-
gate to downstream training, generation, or evalua-
tion.

The pipeline is intended as research infrastruc-
ture for grounded legal QA, not as a substitute
for professional legal advice. Although retrieval,
judging, and evidence extraction improve trans-
parency, generated answers may still omit relevant
provisions, misapply cited norms, or contain unsup-
ported statements, especially when retrieval fails.
Source-linked evidence may also induce automa-
tion bias, as users could over-trust answers accom-
panied by statutory excerpts. Any practical use
should therefore keep legal experts in the loop and
treat retrieved evidence as material for verification
rather than as a guarantee of correctness.

Finally, legal QA systems carry broader risks.
They may improve access to legal information, but
could also be misused to identify minimal compli-
ance strategies or regulatory loopholes, or reinforce
inequalities if available only to well-resourced ac-
tors. These risks further support framing JustifIT-
QA as a research resource rather than a deployable
legal-advice system.
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A Dataset

A.1 Human Inter-Annotator Agreement
We conducted a human inter-annotator agreement
study to assess whether the correctness of the
expert-written answers can be evaluated reliably
by independent legal experts. The study focuses on
the answer annotation layer and does not evaluate
agreement on the evidence spans.

Annotation sample and procedure. We sam-
pled 92 question–answer pairs, corresponding to
approximately 10% of JustifIT-QA. The sample
was stratified across the four legal domains repre-
sented in the dataset to preserve the heterogeneity
of the resource.

Each item was independently evaluated by two
legal experts. For every example, both annota-
tors received the legal question, the corresponding
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expert-written answer, and the same gold statutory
context. They were instructed to evaluate the an-
swer exclusively with respect to the provided ques-
tion and statutory texts, without consulting external
sources or discussing their judgments with each
other. The annotators were blind to each other’s
labels, confidence scores, and comments, as well
as to the outputs of the LLM-based evaluators used
in the auxiliary analysis. Their judgments were col-
lected independently and frozen before any compar-
ison or adjudication. For each answer, annotators
provided (i) a correctness label, (ii) a confidence
score from 1 to 5, and (iii) a short comment describ-
ing any error, omission, ambiguity, or overly broad
formulation. The confidence scores and comments
were used only for qualitative analysis and were
not included in the agreement computation.

Label definitions. The annotation scheme con-
sisted of three ordered labels. CORRECT indi-
cates that the answer is legally correct with respect
to the question and sufficiently complete. PAR-
TIALLY CORRECT indicates that the answer con-
tains legally correct information but is incomplete,
ambiguous, overly general, or omits relevant con-
ditions, exceptions, or qualifications. INCORRECT

indicates that the answer contains a substantive le-
gal error, answers the question incorrectly, or is
misleading overall.

Annotators were instructed not to penalize an
answer solely for being concise, unless concision
resulted in the omission of legally essential infor-
mation. The distinction between PARTIALLY COR-
RECT and INCORRECT separates local deficiencies
from errors affecting the answer as a whole. An
answer was considered partially correct when its
core legal conclusion remained valid but required
a limited correction or qualification. It was con-
sidered incorrect when the conclusion itself, or a
substantial part of the answer, was legally wrong
or misleading.

Agreement metrics. We report exact agreement,
unweighted Cohen’s κ, linear weighted Cohen’s κ,
and quadratic weighted Cohen’s κ. Exact agree-
ment measures the proportion of examples for
which both annotators assigned the same label,
while Cohen’s κ adjusts observed agreement for
the agreement expected by chance. Since the three
labels form an ordinal scale, we additionally report
weighted variants of Cohen’s κ. Linear weight-
ing penalizes disagreements proportionally to the
distance between categories, whereas quadratic

weighting assigns a stronger penalty to more dis-
tant disagreements. Consequently, a disagreement
between CORRECT and PARTIALLY CORRECT is
treated as less severe than one between CORRECT

and INCORRECT.
We computed 95% confidence intervals through

paired non-parametric bootstrap resampling. At
each iteration, we sampled 92 items with replace-
ment while preserving the pair of judgments associ-
ated with each item, and recomputed all agreement
metrics. The confidence intervals correspond to
the 2.5th and 97.5th percentiles of the resulting
bootstrap distributions.

Metric Value 95% CI

Exact agreement 0.880 [0.815, 0.946]
Cohen’s κ 0.446 [0.184, 0.675]
Linear weighted κ 0.547 [0.277, 0.747]
Quadratic weighted κ 0.668 [0.382, 0.829]

Table 10: Human inter-annotator agreement on the 92
sampled expert-written answers. Confidence intervals
are computed through paired bootstrap resampling.

Results. The two annotators assigned the same
label to 81 of the 92 answers, corresponding to an
exact agreement of 88.0% (Table 10). The label dis-
tributions were strongly skewed toward CORRECT.
The first annotator assigned 80 answers to COR-
RECT, 8 to PARTIALLY CORRECT, and 4 to INCOR-
RECT; the second assigned 82, 9, and 1 answers to
the same categories, respectively. This prevalence
partly explains the gap between exact agreement
and unweighted Cohen’s κ: when one category
dominates the distribution, chance-expected agree-
ment increases, reducing the unweighted coeffi-
cient despite high observed agreement.

The weighted coefficients are therefore partic-
ularly informative in this setting, as they account
for both chance agreement and the ordinal severity
of disagreements. The higher quadratic weighted
κ indicates that the observed disagreements were
generally limited rather than radical.

All 11 disagreements occurred between adjacent
categories. Eight involved the distinction between
CORRECT and PARTIALLY CORRECT, while three
involved PARTIALLY CORRECT and INCORRECT.
There were no cases in which one expert rated an
answer CORRECT and the other rated it INCOR-
RECT. This pattern suggests that the annotators
consistently distinguished fundamentally incorrect
answers from answers with a valid core conclusion,
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while the main source of variability concerned the
severity assigned to omissions or inaccuracies.

Qualitative analysis of disagreements. We qual-
itatively inspected the comments associated with
all disagreements. In most cases, the annotators
did not identify different legal issues. Instead, they
recognized the same problematic element but dif-
fered in how strongly it should affect the overall
correctness label.

The most frequent source of disagreement was
the omission of a relevant legal condition, qualifi-
cation, or exception. In these cases, one annota-
tor considered the answer sufficiently complete be-
cause its main conclusion remained valid, whereas
the other considered the omission relevant enough
to justify a PARTIALLY CORRECT label.

A second recurring pattern concerned overly
broad formulations. Some answers expressed a gen-
erally correct legal rule but did not sufficiently de-
limit its scope. The annotators differed on whether
this lack of precision was a minor deficiency or
could make the answer misleading in the context
of the question.

Other disagreements involved inaccurate ancil-
lary details accompanying an otherwise correct
core conclusion. The annotators generally agreed
that the additional statement was problematic, but
differed on whether it constituted a limited defi-
ciency or substantially affected the overall answer.

The three disagreements between PARTIALLY

CORRECT and INCORRECT followed the same gen-
eral pattern. One annotator considered the main
conclusion still recoverable despite the identified
error, whereas the other judged that the error mate-
rially altered the legal meaning of the answer.

Overall, the disagreement analysis indicates that
the main source of annotation variability lies in
the boundary between limited incompleteness and
substantive legal error. The absence of any COR-
RECT–INCORRECT disagreement suggests strong
agreement on whether the core legal conclusion of
an answer was valid.

Confidence scores. Both annotators reported
high confidence in their judgments, with a mean
score of 4.73 on a five-point scale and a median of
5. Their confidence scores were identical in 85.9%
of the examples and showed a positive correlation
of approximately 0.68.

Lower-confidence cases were primarily associ-
ated with borderline omissions or uncertainty about

whether an identified issue should be treated as par-
tial or substantive. These patterns are consistent
with the qualitative disagreement analysis.

A.2 LLM-based Inter-Annotator Agreement
We conduct an auxiliary LLM-based agreement
analysis to further assess the consistency of the
answer correctness judgments in our dataset. This
analysis is not intended to replace human expert
inter-annotator agreement, but rather to provide
an additional model-based consistency check on a
sample of legal question-answer pairs.

For this analysis, we used two frontier LLM-
based evaluators accessed through their respective
APIs: GPT-5.5 with medium reasoning and Gem-
ini 3.5 Flash with medium reasoning. For both
models, web search was enabled. The goal is to
verify whether two independently operating model-
based evaluators reach comparable assessments
when judging the same legal question-answer pairs
under a shared evaluation protocol. We sampled
10% of the dataset, preserving the heterogeneity
of the resource across the covered legal domains,
including civil law, criminal law, anti-money laun-
dering, and privacy. Each example was evaluated
independently by both models using the same struc-
tured prompt, the same label set, and the same eval-
uation criteria.

For each question-answer pair, the models were
asked to assign one of three labels: CORRECT,
PARTIALLY CORRECT, or INCORRECT. The
prompt also required a confidence score, a short
rationale, and a categorical indication of the main
critical issue, if any. The evaluation was performed
in an open-book setting: both models were al-
lowed to use web search to consult relevant legal
sources when needed, in addition to their internal
legal knowledge. At the same time, the prompt
instructed the models not to introduce additional
factual assumptions beyond those contained in the
question-answer pair. Since web search was en-
abled independently for each model, the external
sources consulted by the two evaluators were not
necessarily identical. Accordingly, the analysis re-
flects agreement between two independently operat-
ing LLM-based evaluators in a realistic open-book
evaluation setting, rather than agreement under a
fixed shared-source condition.

The prompt is reported in Appendix H.4. Con-
cise answers were not penalized when legally suffi-
cient, but substantial legal errors, misleading gener-
alizations, missing conditions, relevant exceptions,
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and unsupported claims were treated as correct-
ness issues. This choice reflects the nature of legal
question answering, where an answer may be di-
rectionally correct but still problematic if it omits a
necessary legal qualification, condition, or excep-
tion.

ChatGPT marks 78 answers as CORRECT

(84.8%) and Gemini 76 answers as CORRECT

(82.6%), while both models assign PARTIALLY

CORRECT to 12 answers (13.0%). Fully negative
judgments are rare, with only 2 INCORRECT labels
from ChatGPT (2.2%) and 4 from Gemini (4.3%).
In the two cases marked as INCORRECT by both
models, manual inspection showed that the expert
answer referred to a legal provision that had been
recently updated, highlighting the temporal sensi-
tivity of legal QA rather than indicating systematic
annotation errors.

We compare the judgments produced by the two
LLM-based evaluators using raw agreement, Co-
hen’s κ, and weighted versions of Cohen’s κ. Raw
agreement measures the proportion of examples
for which the two models assign the same label,
while Cohen’s κ corrects this agreement for chance.
Since the labels form an ordered scale from INCOR-
RECT to PARTIALLY CORRECT to CORRECT, we
also report linear and quadratic weighted κ, which
penalize distant-label disagreements more strongly
than adjacent-label disagreements. For all metrics,
we compute 95% bootstrap confidence intervals.

Metric Value 95% CI

Raw agreement 0.880 [0.815, 0.946]
Cohen’s κ 0.618 [0.412, 0.792]
Linear weighted κ 0.644 [0.447, 0.809]
Quadratic weighted κ 0.679 [0.456, 0.845]

Table 11: Agreement between the two LLM-based eval-
uators on the 10% dataset sample. Confidence intervals
are computed through bootstrap resampling.

Table 11 shows that the two LLM-based evalu-
ators reach a raw agreement of 88.0%, assigning
the same correctness label in almost nine out of
ten cases. Cohen’s κ is 0.618. The point estimate
falls within the range often interpreted as substan-
tial agreement, although the confidence interval
also includes values typically interpreted as mod-
erate agreement. This suggests that the agreement
remains meaningful after correcting for chance,
while also reflecting the uncertainty inherent in the
sample-based analysis.

The weighted coefficients are higher than the

unweighted κ, with a linear weighted κ of 0.644
and a quadratic weighted κ of 0.679. This indi-
cates that the remaining disagreements are mostly
mild rather than radical: the evaluators more often
differ between adjacent labels, such as CORRECT

and PARTIALLY CORRECT, than between opposite
labels, such as CORRECT and INCORRECT. This
pattern is particularly relevant in legal answer as-
sessment, where borderline cases may depend on
how strictly an evaluator interprets completeness,
implicit legal conditions, or the need for explicit
qualifications.

Critical issue GPT-5.5 Gemini 3.5 Flash

none 78 76
missing_condition 9 4
wrong_law 2 4
overgeneralization 1 1
ambiguity 1 2
unsupported_claim 1 0
other 0 5

Table 12: Marginal distribution of critical issues as-
signed by the two LLM-based evaluators.

Table 12 provides a qualitative view of the resid-
ual issues identified by the two LLM-based evalua-
tors. The predominance of none suggests that most
sampled answers are not associated with substan-
tive legal flaws. When issues are detected, they are
concentrated in a limited set of legally meaningful
categories, rather than being broadly distributed
across heterogeneous error types.

The main pattern concerns missing legal con-
ditions, exceptions, or qualifications, which are
especially relevant in legal QA because an an-
swer may be broadly correct while still incomplete
with respect to the applicable rule. Gemini 3.5
Flash appears to use a slightly different catego-
rization strategy, more often assigning problems to
the residual other category. By contrast, issues
such as overgeneralization, ambiguity, and
unsupported_claim remain marginal, suggesting
that the problematic cases mostly concern legal
completeness and norm selection rather than vague
or unsupported answers.

Finally, the agreement metrics and the critical-
issue distribution suggest that the two LLM-based
evaluators provide broadly consistent judgments
on the sampled question-answer pairs. Most de-
tected issues concern missing legal qualifications
or overly broad formulations, rather than system-
atic answer unreliability.
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A.3 Linguistic profiling of answers

To characterize the linguistic properties of the an-
swers, we compute Profiling-UD features sepa-
rately for the four normative areas (AML/CTF,
Civil Code, Criminal Law, Privacy). Table 13
reports a concise set of indicators covering lexi-
cal complexity (chars/token, lexical density), POS
distribution (%NOUN, %VERB), and syntactic
complexity (dependency depth, dependency length,
%subordinate clauses). The trends are consistent
across measures: Privacy answers are syntacti-
cally more articulated, with longer sentences and
stronger embedding, whereas Criminal Law dis-
plays the highest nominal share, reflecting a more
nominalized style. AML/CTF and Civil Code show
broadly similar POS profiles and overall syntactic
patterns.

A.4 Synthetic questions

Linguistic profiling of real vs. synthetic ques-
tions To characterize the linguistic gap between
human-authored queries and our synthetic super-
vision, we report Profiling-UD statistics (Brunato
et al., 2020) for (i) real, expert-annotated questions,
(ii) JuriFindIT synthetic questions distributed with
the dataset, and (iii) our new synthetic questions
used in the new training runs. Table 14 summarizes
the features (mean ± std).

Across features, the new synthetic questions
are closer to real queries in length than the Ju-
riFindIT synthetic set (higher tokens_per_sent),
while remaining less subordinated (lower sub-
ordinate_proposition_dist and subordinate chain
length). We hypothesize that this shift yields more
retrieval-effective supervision for dense encoders:
(i) slightly longer queries provide additional disam-
biguating context against near-duplicate statutory
provisions, and (ii) a stronger nominal footprint
(higher NOUN distribution) aligns better with the
noun-heavy terminology that distinguishes legal
articles (entities, institutions, and procedural ob-
jects). At the same time, reduced subordination
may remove syntactic "noise" (incidental clauses)
that is weakly predictive of relevance, stabilizing
query representations during contrastive training
and improving separation from hard negatives.

Synthetic Question Generation. Synthetic
questions were generated with QWEN3.5-27B,
prompted to produce one professional-style Italian
legal question for each article. The prompt
was designed to encourage technically precise,

closed-form questions grounded only in the
normative text, without introducing unsupported
conditions or external legal knowledge.

You are an expert lawyer in Italian law. Your
task is to formulate one single legal question in
the style of a professional legal memorandum or
opinion, applying the normative text to a minimal
abstract fact pattern without inventing elements
not present in the text.

Follow these constraints:

(1) Use only the provided text. Do not introduce
definitions, thresholds, time limits, sanctions, ex-
ceptions, or subjects not explicitly supported by
the text.

(2) Ask a precise legal question. The question
should target a specific legal issue, such as con-
ditions, obligations, scope of application, excep-
tions, procedures, deadlines, addressees, or legal
effects.

(3) Keep the question closed and non-generic.
Avoid requests for general explanation or sum-
mary (e.g., “what does the article say”). Pro-
duce a single interrogative sentence, without sub-
questions, lists, or preambles.

(4) Use professional legal style. Prefer formula-
tions such as: “under what conditions”, “in which
cases”, “who is required to”, “what requirement
applies”, “what legal effect follows”, or “whether
an exception applies”. Use precise legal vocabu-
lary and keep the wording concise (roughly 20–45
words).

(5) Avoid article references. Do not mention
article, paragraph, or section numbers, and do not
use expressions such as “in this article” or “in the
present text.”

Input: Normative text: {text}
Style examples: {examples}

Output: Return only a valid Python dictionary,
with no additional text, in the following format:

{"question": "<generated question>"}

A.5 Annotated Examples

This appendix provides two examples from the
dataset, showing the question, the annotated rel-
evant evidence span(s), and the corresponding
expert-written answer.

Example 1. Question: If Anna gives Marco a
watch to thank him for significant help, is this con-
sidered a donation?
Relevant evidence: Article_id: 19778,

“A gift made out of gratitude, in consideration of the
recipient’s merits, or as a special reward is also a
donation.”
Expert-written answer: Yes. A gift made

out of gratitude or in consideration of the recipi-
ent’s merits is also considered a donation.
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Area tok/sent chars/tok lex. dens. %NOUN %VERB depth dep. len %subord.

AML/CTF 36.69 5.12 0.480 20.68 9.40 6.17 2.80 58.30
Civil Code 35.81 4.76 0.470 21.17 9.40 5.71 2.95 59.65
Criminal Law 44.06 4.91 0.480 24.04 8.14 6.43 2.95 62.60
Privacy 72.96 5.18 0.484 22.29 8.46 8.03 3.31 75.07

Table 13: Selected Profiling-UD statistics (means) computed on answer texts. tok/sent: tokens per sentence;
chars/tok: characters per token; lex. dens.: content-word ratio; depth: average maximum dependency-tree depth;
dep. len: average dependency link length (tokens); %subord.: subordinate proposition ratio.

Feature Real (annot.) JuriFindIT synth. New synth.

tokens_per_sent 34.27± 12.00 24.82± 6.41 27.14± 7.05
char_per_tok 5.00± 0.51 5.03± 0.62 5.35± 0.73
lexical_density 0.50± 0.06 0.45± 0.06 0.47± 0.12
upos_dist_VERB 10.85± 3.99 6.66± 3.81 5.00± 4.07
upos_dist_NOUN 20.34± 4.60 22.94± 4.43 26.28± 9.49
avg_max_depth 5.45± 1.63 5.68± 1.75 5.44± 1.83
avg_links_len 2.92± 0.66 2.21± 0.41 3.02± 1.49
avg_subordinate_chain_len 1.12± 0.63 0.82± 0.61 0.60± 0.63
subordinate_proposition_dist 57.78± 25.45 40.81± 27.79 31.95± 32.70

Table 14: Profiling-UD features (mean ± std) for real and synthetic questions. "JuriFindIT synth." refers to the
synthetic questions originally distributed with JuriFindIT; "New synth." refers to our newly generated synthetic
questions.

Example 2. Question: When the lease expires,
Laura continues to live in the property and the land-
lord does not object. Can the contract be considered
renewed?
Relevant evidence: Article_id: 20758,

“The lease is deemed renewed if, after its term has
expired, the tenant remains and is allowed to retain
possession of the leased property, or, in the case of
a lease of indefinite duration, if notice has not been
given in accordance with the previous article. The
new lease is governed by the same conditions as
the previous one, but its duration is that established
for leases of indefinite duration.”
Expert-written answer: Yes. If, after the

lease expires, the tenant remains in possession of
the property and the landlord does not object, the
lease is tacitly renewed under the same conditions
as the previous one, but with indefinite duration,
unless notice to vacate or termination had already
been given.

B Retriever Statistical Significance

We compare DAR and DARv2 on the JuriFindIT
validation set using paired tests over queries. For
each metric, we compute the per-query difference
between DARv2 and DAR, estimate a 95% paired
bootstrap confidence interval with 10,000 samples,
and apply a one-sided paired approximate random-
ization test with 10,000 sign permutations. Ta-
ble 15 reports results at multiple cutoffs. DARv2

improves all metrics across all cutoffs, but statisti-
cally significant gains are observed only for Recall
at k≥20. This supports the use of DARv2 as a
first-stage retriever: its main benefit is improved
coverage of relevant provisions before reranking.

C Controlled Retrieval Experiments

To isolate the factors underlying the performance
of DARv2, we conducted additional controlled fine-
tuning experiments varying the encoder backbone,
the source of the synthetic training questions, and
the model size. Unless otherwise specified, all
configurations were trained with the same objec-
tive and optimization protocol and evaluated on
the JuriFindIT validation set using cosine similar-
ity. The training data contain the original expert-
authored questions, optionally augmented with syn-
thetic questions generated for either JuriFindIT or
JustifIT-QA. Table 16 reports the results at k = 5.

Synthetic supervision substantially improves
both Jina Embeddings v5 Text Nano and Snowflake
Arctic Embed M v2.0 over training on the orig-
inal questions alone. However, the most effec-
tive source of synthetic questions depends on
the encoder backbone. Snowflake Arctic Em-
bed M v2.0 obtains slightly higher nDCG, MRR,
and MAP with the JuriFindIT synthetic ques-
tions, corresponding to the original DAR configu-
ration, whereas the JustifIT-QA questions produce
marginally higher recall. In contrast, Jina Embed-
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Metric DAR DARv2 ∆ 95% CI p-value

R@5 76.11 77.38 +1.27 [-2.49, 5.09] 0.2571
nDCG@5 73.29 74.94 +1.65 [-1.87, 5.25] 0.1844
MRR@5 76.50 76.88 +0.38 [-3.87, 4.72] 0.4350
MAP@5 68.56 70.09 +1.53 [-2.42, 5.48] 0.2232

R@20 83.16 85.88 +2.71 [0.22, 5.33] 0.0169∗

nDCG@20 74.59 75.97 +1.38 [-1.66, 4.38] 0.1830
MRR@20 77.26 77.55 +0.28 [-3.81, 4.45] 0.4517
MAP@20 68.50 69.28 +0.78 [-2.85, 4.33] 0.3339

R@60 88.25 91.64 +3.38 [1.19, 5.99] 0.0014∗

nDCG@60 76.05 77.15 +1.10 [-1.78, 3.96] 0.2250
MRR@60 77.29 77.64 +0.35 [-3.76, 4.51] 0.4380
MAP@60 68.92 69.35 +0.44 [-3.12, 3.92] 0.4066

R@100 91.18 93.79 +2.61 [0.16, 5.45] 0.0274∗

nDCG@100 76.86 77.80 +0.93 [-1.89, 3.71] 0.2555
MRR@100 77.30 77.65 +0.35 [-3.74, 4.48] 0.4394
MAP@100 69.10 69.52 +0.42 [-3.13, 3.89] 0.4112

Table 15: Paired statistical comparison between DAR and DARv2 on the JuriFindIT validation set. Scores are
percentages. Confidence intervals are 95% paired bootstrap intervals over validation queries. p-values are computed
with a one-sided paired approximate randomization test using 10,000 sign permutations. ∗ indicates p < 0.05.

Model Training questions R@5 nDCG@5 MRR@5 MAP@5

jina-embeddings-v5-text-nano Original only 70.52 66.49 69.16 62.02
snowflake-arctic-embed-m-v2.0 Original only 71.08 65.29 65.99 60.31

harrier-oss-v1-270m JuriFindIT synthetic + original 67.41 64.00 67.63 59.29
harrier-oss-v1-270m JustifIT-QA synthetic + original 70.27 66.39 68.83 61.34

DAR (snowflake-arctic-embed-m-v2.0) JuriFindIT synthetic + original 76.11 73.29 76.50 68.56
snowflake-arctic-embed-m-v2.0 JustifIT-QA synthetic + original 76.42 73.07 76.00 68.04

jina-embeddings-v5-text-nano JuriFindIT synthetic + original 75.33 73.81 76.56 69.41
DARv2 (jina-embeddings-v5-text-nano) JustifIT-QA synthetic + original 77.38 74.94 76.88 70.09
jina-embeddings-v5-text-small JustifIT-QA synthetic + original 74.63 72.88 75.25 68.67

Table 16: Controlled fine-tuning experiments evaluating the effects of the encoder backbone, synthetic-question
source, and model size. All values are percentages.

dings v5 Text Nano benefits consistently from the
JustifIT-QA questions, improving over the corre-
sponding JuriFindIT-based configuration on every
metric and producing the strongest overall model,
DARv2.

The Harrier OSS v1 270M experiments provide
an additional controlled comparison between the
two synthetic-question sources. Replacing the Ju-
riFindIT synthetic questions with the JustifIT-QA
questions improves all four metrics while keeping
the backbone and training protocol fixed. Although
the Harrier configurations remain below the cor-
responding Jina and Snowflake models, the result
shows that the benefit of the new synthetic ques-
tions is not limited to the DARv2 backbone.

Finally, we investigated whether the improve-
ment could be explained simply by model scale.
We replaced Jina Embeddings v5 Text Nano with
the larger Jina Embeddings v5 Text Small while re-

taining the JustifIT-QA training data and the same
training protocol. The larger model performs worse
across all reported metrics. Thus, increasing en-
coder size alone does not explain the performance
of DARv2; the gains instead depend on the interac-
tion between the backbone and the synthetic super-
vision.

D Re-ranking

To isolate the contribution of reranking, we evalu-
ate a two-stage pipeline in which DARV2 first re-
trieves the Top-20 candidate articles and a reranker
reorders only this fixed pool. The DARV2 row
in Table 17 reports the original dense-retriever re-
sults, while the Qwen3 rows report the effect of
reranking. Since the pool is fixed, the comparison
measures ranking quality conditional on candidate
generation: rerankers can promote relevant arti-
cles already present in the Top-20 list, but cannot
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Model R@5 MAP@5 MRR@5 nDCG@5

DARV2 77.38 70.09 76.88 74.94

Qwen3-Reranker-0.6B 73.73 64.78 73.63 70.03
Qwen3-Reranker-4B 79.23 74.78 85.59 79.51
Qwen3-Reranker-8B 78.63 75.36 86.45 79.77

Table 17: Pool-based reranking on the Top-20 candi-
dates returned by DARV2. The DARV2 row reports the
original ranking; Qwen3 reranker rows report effective-
ness after reordering the same candidate lists.

recover missing ones.
The results show that sufficiently large Qwen3

rerankers substantially improve the ordering of
the retrieved candidates, especially in early-rank
metrics. This indicates that relevant legal arti-
cles are more often promoted to the top positions
after reranking. Qwen3-Reranker-8B achieves
the strongest overall performance, with Qwen3-
Reranker-4B close behind, suggesting that both
models are effective at refining the dense retrieval
output. In contrast, the 0.6B variant consistently
underperforms the original DARV2 ordering, show-
ing that smaller rerankers may be unable to model
the fine-grained legal relevance distinctions re-
quired in this setting and can even disrupt an al-
ready strong candidate ranking.

E Comparison between traditional and
iterative retrieval

We compare a traditional reranker with an itera-
tive LLM-based document selection strategy on
the JuriFindIT validation set. In the traditional set-
ting, the reranker scores and reorders the retrieved
documents. In the iterative setting, the LLM re-
ceives documents in batches and decides which
ones should be retained as relevant. We report the
iterative results both in the unconstrained setting,
where the model can select any number of docu-
ments, and in a constrained setting, where the final
selection is capped at five documents.

Top-5 document selection: traditional and itera-
tive retrieval. Table 18 compares dense retrieval,
traditional reranking, and iterative LLM-based se-
lection under the same top-5 constraint. In this
setting, all methods return at most five documents,
making the comparison directly aligned with the
context size used before answer generation. The
traditional reranker only marginally improves over
dense retrieval, suggesting that the initial dense
ranking is already strong. The iterative models, es-
pecially Qwen3.5-9B and Qwen3-8B, substantially

improve precision while maintaining recall close
to the traditional reranker. This indicates that itera-
tive selection can produce a cleaner top-5 context,
although the traditional reranker remains stronger
in recall and offers a simpler, more stable pipeline.

Runtime also differs substantially across meth-
ods. Dense retrieval is the fastest option, while
traditional reranking adds only moderate overhead.
Iterative LLM-based selection is much slower, re-
quiring roughly 45 minutes to 1.5 hours over the
179 validation queries. As suggested by Table 19,
this cost is not determined only by model size:
smaller models may iterate more often because
they more frequently judge the current window in-
sufficient, offsetting the expected speed advantage
of fewer parameters.

Model Precision@5 Recall@5 Time

DARv2 21.46 77.38 ∼1m:30s
Qwen3-4B Rr. 22.69 79.23 ∼5m
Qwen3.5-9B 63.81 76.45 ∼45m
Qwen3-8B 52.46 77.54 ∼1h
Qwen3.5-4B 29.50 74.91 ∼1h:30m
Gemma 4-E4B 49.85 75.74 ∼1h:30m
Gemma 4-E2B 38.02 69.97 ∼50m

Table 18: Top-5 document selection on the JuriFindIT
validation set. We compare the original DARv2 ranking,
traditional reranking (Rr.), and iterative LLM-based se-
lection on the 20 documents pool retrieved by DARv2.
Time denotes the approximate runtime over the 179 val-
idation queries.

Adaptive document selection over the top-20 re-
trieved candidates. In this setting, each iterative
model receives up to 20 documents retrieved by
the dense retriever and can select any subset of
them. This differs from the top-5 setting because
the model is not only ranking documents, but also
estimating how many legal texts should be retained.

Model Precision@20 Recall@20 Insuf.

Qwen3-4B Rr. 8.85 85.88 -
Qwen3.5-9B 61.97 79.54 7
Qwen3-8B 51.09 79.28 15
Qwen3.5-4B 22.00 80.54 26
Gemma 4-E4B 55.24 78.27 24
Gemma 4-E2B 36.35 70.69 53

Table 19: Adaptive iterative document selection over
the top-20 retrieved candidates. Rr. means traditional
reranker. ’Insuff’ indicates how many times the model
deemed the text in the window insufficient for answering
a question.
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The results show that stronger models are bet-
ter at controlling the size and quality of the se-
lected context. Qwen3.5-9B provides the best
trade-off, combining high precision with high re-
call and few insufficient cases. Qwen3-8B behaves
more inclusively, preserving recall but selecting
a noisier context. Qwen3.5-4B further illustrates
this tendency: its high recall comes at the cost
of very low precision, suggesting substantial over-
selection. The Gemma models are less competi-
tive overall, with Gemma 4-E4B showing reason-
able performance and Gemma 4-E2B producing
the weakest selection. Insufficiency decisions tend
to be more frequent for smaller models, suggesting
that limited model capacity may make it harder to
determine whether the relevant legal evidence is
already present in the top-10 window. Larger mod-
els appear more selective and less likely to request
additional evidence.

Error in the number of selected documents. Ta-
ble 20 reports how accurately each iterative model
estimates the number of documents to retain. The
average K error measures the absolute difference
between the number of selected documents and the
number of gold-relevant documents, while over-
and under-retrieval errors distinguish whether the
model selects too many or too few documents.

The results confirm that Qwen3.5-9B provides
the best control over the size of the selected context,
with the lowest average error and very few under-
retrieval cases. Qwen3-8B is close, although it
over-selects in more examples. Qwen3.5-4B shows
the clearest over-selection pattern: it almost never
selects too few documents, but it retains too many
in most cases, explaining its high recall and low
precision in Table 19. The Gemma models fall
between these extremes, with Gemma 4-E4B show-
ing moderate control and Gemma 4-E2B remaining
less reliable overall.

Discussion. The iterative approach is useful be-
cause it can build a cleaner context for answer
generation. In particular, Qwen3.5-9B greatly im-
proves precision compared with the traditional
reranker, while keeping recall close to the same
level. This suggests that LLM-based selection can
reduce noisy legal context before generation.

However, the traditional reranker remains sim-
pler and more robust. It produces a determinis-
tic ranking, is easier to evaluate with standard IR
metrics, and avoids JSON parsing errors, iterative
failures, and intermediate document-selection mis-

takes. It is also easier to batch and less expensive
computationally.

For these reasons, although the iterative method
is promising for adaptive context construction,
the traditional reranker was preferred in the final
pipeline because it offers a more stable, repro-
ducible, and standard retrieval component.

F Confusion matrix evaluation

This appendix reports the confusion-matrix counts
underlying the aggregate metrics discussed in § 7.2.
While the main text focuses on precision, recall,
and F1, the raw counts are useful to inspect the
balance between false positives and false negatives,
which have different implications in legal QA. In
particular, false positives correspond to answers
that the judge accepts although experts deem them
incorrect, and are therefore the most safety-critical
errors. False negatives, by contrast, reflect conser-
vative rejections and mainly affect coverage.

Table 21 provides the raw counts for the com-
parison between judge and expert labels on main
and side correctness. Consistent with the aggregate
metrics in the main text, the judge is more reliable
on main content than on side information: the num-
ber of true positives is higher and the false-positive
rate is lower relative to the more heterogeneous
side-content setting. This supports the interpreta-
tion that the judge can more reliably assess the core
legal claim than ancillary details.

Table 22 reports the corresponding counts when
the judge is additionally provided with the expert-
written reference answer and labelled articles.
These counts clarify the different operating pro-
files of the evaluated models. Qwen3-32B achieves
the strongest recall and the highest overall F1 by
accepting most expert-correct answers, although it
also produces more false positives than the most
conservative alternatives. Gemma 4 31B yields
the highest precision, with very few false positives
and competitive recall, while Gemma 4 26B-A4B
provides a strong balance between false positives
and false negatives among the newly tested judges.
GPT-oss variants and Qwen3.6 27B are also high-
precision judges, but reject more expert-correct
answers. Qwen3.6 35B-3A is the most conserva-
tive configuration, with the largest number of false
negatives.
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Model Avg. Error on K Over Ret. Error Over Ret. Cases Under Ret. Error Under Ret. Cases

Qwen3.5-9B 2.32 ± 3.64 4.40 ± 4.07 92 2.75 ± 1.26 4
Qwen3-8B 2.56 ± 3.47 3.91 ± 3.72 113 2.12 ± 0.83 8
Qwen3.5-4B 7.85 ± 4.75 8.55 ± 4.32 164 – 0
Gemma 4-E4B 3.06 ± 4.39 4.92 ± 4.84 107 1.50 ± 0.65 14
Gemma 4-E2B 3.14 ± 3.41 4.08 ± 3.45 133 1.90 ± 0.88 10

Table 20: Error in the number of selected documents for the iterative models. Experiments are computed on 179
samples.

Support Expert=1 Expert=0

Main eval.
Judge=1 129 19
Judge=0 24 9

Side eval.
Judge=1 99 25
Judge=0 37 20

Table 21: Confusion-matrix counts comparing the judge
against expert labels for main and side correctness.

G Error Analysis on Model-Experts
Agreement

We conducted a compact error analysis to better
understand the disagreement patterns between the
judge and expert annotators. The clearest signal
is the role of retrieval recall. For main content,
answers rated as incorrect by experts are associ-
ated with substantially lower average recall (ap-
proximately 0.5) than answers rated as correct (ap-
proximately 0.87). This suggests that, because the
generator is explicitly constrained to rely on the
retrieved statutory context, insufficient coverage of
relevant articles directly harms answer quality. We
observe the same trend for side content, where an-
swers judged incorrect by experts have an average
recall of about 0.55, compared with about 0.9 for
correct answers.

A different pattern emerges for false negatives.
Their average recall is comparable to that of true
positives, both on main and side content. This
indicates that these cases are less often due to miss-
ing evidence in the retrieved context, and more
often to the judge being stricter than human an-
notators. In other words, low retrieval recall is
primarily associated with genuinely poor answers,
whereas false-negative judgments more typically
reflect conservative model behaviour rather than
lack of supporting statutory material.

Overall, the analysis points to retrieval coverage
as the main upstream factor affecting answer cor-
rectness, while judge-specific errors are more often

attributable to thresholding or calibration effects.

Qualitative error patterns. A qualitative inspec-
tion of annotator comments reveals a small num-
ber of recurring failure modes. The most frequent
one is incomplete legal grounding: incorrect an-
swers often omit decisive provisions, paragraphs,
or legally relevant conditions, especially when the
retrieved context does not contain the necessary
source. In these cases, the model still produces a
fluent answer, but lacks the normative basis needed
to resolve the question, leading to partial or un-
supported conclusions. This pattern also explains
why feedback is unreliable when retrieval recall is
zero: the judge can encourage revision, but can-
not recover legal information absent from the input
context.

A second common pattern is misinterpretation
of the applicable norm, where the model cites a
relevant provision but applies it incorrectly, nar-
rows or broadens its scope, or reverses its legal
effect. Annotators also report hallucinated or un-
necessary extensions, i.e., answers that go beyond
the provided legal basis by introducing speculative
roles, conditions, or consequences not supported
by the retrieved articles. Relatedly, several errors
stem from wrong legal qualification, such as focus-
ing on a non-pertinent institution, sanction, while
missing the actually relevant legal basis. Finally,
some answers are judged problematic because they
are too generic or evasive: they restate parts of
the retrieved text but fail to resolve the question
concretely. These comments indicate that failures
are driven less by surface-level phrasing than by
missing or misapplied legal support, confirming
that retrieval coverage is a prerequisite for effective
generation and feedback.

H Prompt Templates

This appendix reports shortened English versions
of the main prompts used in our pipeline. We omit
repeated formatting instructions and minor imple-
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Support Expert=1 Expert=0

Qwen3-32B
Judge=1 146 17
Judge=0 7 11

Qwen3.5-27B
Judge=1 123 8
Judge=0 30 20

Qwen3.5-27B, thinking
Judge=1 122 7
Judge=0 31 21

GPT-oss, thinking medium
Judge=1 121 10
Judge=0 32 18

GPT-oss, thinking low
Judge=1 126 10
Judge=0 27 18

Gemma 4 31B
Judge=1 134 6
Judge=0 19 22

Gemma 4 31B, thinking
Judge=1 129 7
Judge=0 24 21

Gemma 4 26B-A4B
Judge=1 137 10
Judge=0 16 18

Qwen3.6 35B-3A
Judge=1 103 7
Judge=0 50 21

Qwen3.6 27B
Judge=1 124 6
Judge=0 29 22

Table 22: Confusion-matrix counts for main correctness
when the judge is provided with the expert-written ref-
erence answer and labelled articles.

mentation details, while preserving the core con-
straints that define each task.

H.1 Answer Generation Prompt
The generator is instructed to answer a legal ques-
tion using only the retrieved statutory articles, with
an emphasis on faithfulness, preservation of legal
meaning, and explicit grounding in the provided
documents.

You are an expert in Italian law. Your task is to an-
swer, in Italian, a legal question Q using only the
relevant articles D provided in the context. Your
answer must be legally precise, grounded in D,
and free of unsupported additions or distortions.

Follow these principles:

(1) Coverage and grounding. Include every ma-
terial element in D that directly answers Q. De-
rive the answer only from what is explicitly stated
or clearly implied by D. If the articles are insuffi-
cient, state this explicitly.

(2) No contradiction. Do not contradict the mean-
ing, conditions, or consequences established in D.

Do not mix unrelated provisions.

(3) Preserve legal force and precision. Maintain
the same deontic force (e.g., “must” vs. “may”)
and preserve quantitative or temporal details ex-
actly.

(4) Preserve scope. Do not alter who is bound,
where the rule applies, when it applies, or the
relevant exceptions and definitions.

(5) Faithful synthesis. You may summarize or
rephrase for clarity, but do not change the legal
meaning. Do not add external facts, precedents,
or interpretations not present in D.

(6) Transparency. Explicitly mention the rele-
vant legal facts and article identifiers when useful.

If information is missing or ambiguous, do not
speculate. Instead, state that the answer cannot be
fully determined from the provided articles.

Input: Question Q: {question}
Relevant articles D: {documents}

Output: Write a clear and legally precise an-
swer in Italian that directly answers Q, remains
strictly grounded in D, preserves legal meaning
and scope, and explicitly refers to the relevant
articles.

H.2 Judge Prompt for Feedback Generation
The judge evaluates whether a generated answer is
faithful to the retrieved articles and, when neces-
sary, provides targeted feedback for revision.

You are an expert legal verifier. Your task is to
determine whether an answer R faithfully reflects
the content and legal meaning of the relevant arti-
cles D.

You must identify which parts of R are unsup-
ported, contradictory, or legally distorted with
respect to D, and provide clear feedback so that
the answer can be corrected.

Evaluate according to the following criteria:

(1) Coverage. Every relevant claim in R must be
supported or clearly implied by D.

(2) No contradiction. R must not contradict any
provision, condition, or rule in D.

(3) Normative force and precision. R must pre-
serve deontic force and semantic polarity (e.g.,
“must” ̸= “may”) and keep quantitative and tem-
poral details unchanged.

(4) Scope. R must not alter subjects, jurisdic-
tion, validity period, exceptions, definitions, or
conditions stated in D.

(5) Faithful integration. Paraphrases or exten-
sions are allowed only if they remain fully consis-
tent with D and introduce no arbitrary informa-
tion.

Assign one of the following labels:

• COMPLIANT: all criteria are satisfied;
• PARTIALLY_COMPLIANT: criteria (1)–

(4) hold, but the answer includes non-
essential unsupported additions;

• NON_COMPLIANT: one or more of cri-
teria (1)–(4) are violated.
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If the answer is not fully compliant, provide spe-
cific feedback indicating what must be corrected
or removed. Avoid generic comments; each ob-
servation should be grounded in D.

Output (JSON only):

{ "evaluation": "COMPLIANT"
| "PARTIALLY_COMPLIANT" |
"NON_COMPLIANT",
"feedback": "<targeted correction instructions>"
}

H.3 Judge Prompt with Access to Expert
Answers

In the reference-based setting, the judge compares
the generated answer against the expert-written an-
swer while consulting the legal documents.

You are a meticulous legal verifier. Your task is
to determine whether a generated answer G is
COMPLIANT with a reference answer L, while
consulting the relevant documents D.

G is:

• COMPLIANT if it is consistent with L and
may summarize or extend it without chang-
ing its legal meaning, normative force, or
scope;

• NON_COMPLIANT if it contradicts, dis-
torts, or substantially alters L, or adds in-
compatible legal content.

Use the following criteria: (1) No contradiction.
G must not contradict any conclusion in L.
(2) No variation in normative force. G must
preserve deontic force, polarity, and all numeri-
cal/temporal details.
(3) No variation in scope. G must not alter
subjects, jurisdictions, validity conditions, excep-
tions, or definitions expressed in L.

General rules:

• Consider both L and G in light of the docu-
ments D.

• A claim in G that is absent from L may still
be compliant if it is supported by D and
compatible with L.

• Focus on substantive legal meaning, not
stylistic or citation differences.

Input: Reference answer L: {reference}
Generated answer G: {generated}
Relevant documents D: {documents}

Output (JSON only):

{ "evaluation": "COMPLIANT" |
"NON_COMPLIANT",
"reason": "<brief justification based on criteria
(1)–(3)>",
"evidence": {
"contradictions": [...],
"incoherences": [...],
"supporting_facts": [...]
}
}

H.4 LLM-based Agreement Analysis Prompt
For the auxiliary LLM-based agreement analysis,
the evaluators were asked to judge whether an
expert-written answer correctly addressed the corre-
sponding legal question. Unlike the pipeline judge,
this prompt was used in an open-book setting: eval-
uators could rely on general legal knowledge and
external legal sources, while avoiding unsupported
factual assumptions beyond the question.

You are an expert evaluator tasked with assessing
the correctness of an answer to a legal question.

Your task is to determine whether the provided
answer is correct with respect to the question.
Do not rewrite the answer, do not propose an
alternative answer, and do not add unnecessary
information.

Evaluate the answer based on:

1. the question;
2. the provided answer;
3. your general legal knowledge;
4. any available external knowledge, including

relevant statutory, case-law, doctrinal, or
institutional sources.

The evaluation is open-book: you may refer to
external knowledge or relevant legal sources to
verify the correctness of the answer. However,
you must not assume specific facts that are not
stated in the question, and you must not introduce
additional factual hypotheses.

Do not penalize the answer only because it is con-
cise, unless concision omits legally essential ele-
ments. Penalize answers that contain substantive
legal errors, misleading generalizations, relevant
omissions, or unsupported claims.

Use exactly one of the following labels:

• CORRECT: the answer is legally correct
with respect to the question and sufficiently
complete to answer it;

• PARTIALLY_CORRECT: the answer
contains legally correct information, but is
incomplete, ambiguous, overly general, or
omits relevant conditions, exceptions, or
qualifications;

• INCORRECT: the answer contains a sub-
stantive legal error, answers the question
incorrectly, or is misleading overall.

Return only valid JSON, with no additional text
before or after it.

Input: Question: {question}
Answer: {answer}

Output (JSON only):
{
"label": "CORRECT" | "PAR-
TIALLY_CORRECT" | "INCORRECT",
"confidence": 1,
"rationale": "<brief explanation, maximum two
sentences>",
"critical_issue": "none" | "missing_condition"
| "wrong_law" | "overgeneralization" | "unsup-
ported_claim" | "ambiguity" | "other"
}
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Field instructions:

• label: choose exactly one label among
CORRECT, PARTIALLY_CORRECT, and
INCORRECT;

• confidence: assign an integer from 1 to
5, where 1 indicates low confidence and 5
indicates high confidence;

• rationale: briefly explain the reason for
the judgment, in at most two sentences;

• critical_issue: choose none if there is
no relevant issue; otherwise choose the
main category of the problem.

I Hardware and Software Stack

All experiments were run on a workstation
equipped with an NVIDIA A100 GPU with 80GB
of memory. We used PyTorch as the main deep
learning framework and Hugging Face Transform-
ers for model inference. The dense retriever was
trained using the SentenceTransformers library,
while datasets and experimental splits were man-
aged through Hugging Face Datasets.

J Text Generation Parameters

For all LLM-based experiments, we used the de-
coding configurations recommended by the corre-
sponding model authors in the Hugging Face model
cards or official usage guides. The main genera-
tion parameters are summarized in Table 23. When
supported by the model, we distinguish between
thinking (T) and no-thinking (NT) modes.

For GPT-oss, the model card emphasizes the Har-
mony response format and configurable reasoning
effort rather than fixed sampling parameters.

Model / setting Temp. Top-p Top-k Min-p

Qwen3 models (T) 0.6 0.95 20 0
Qwen3 models (NT) 0.7 0.80 20 0
Gemma 4 (T & NT) 1.0 0.95 64 –

Table 23: Main text-generation parameters used for the
open-weight LLMs. T and NT denote thinking and
no-thinking modes, respectively. Settings follow the
corresponding model-card recommendations.

K Dataset License

JustifIT-QA will be released under the Creative
Commons Attribution 4.0 International license (CC
BY 4.0). The license applies to the original anno-
tations introduced in this work, including expert-
written answers, span-level evidence annotations,
metadata, and dataset splits. Users may share and
adapt these annotations provided that appropriate
credit is given and changes are indicated.

The dataset builds on JuriFindIT and links ex-
amples to statutory provisions from the underlying
legal corpus. The original legal texts remain sub-
ject to their own source terms and public-sector
reuse conditions, which users should verify when
redistributing modified versions or combining the
dataset with external legal corpora. The resource
is intended for research on legal retrieval and
grounded QA, and not for providing legal advice.
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