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Abstract

Statute retrieval in multi-turn legal consulta-
tion is challenging because users often describe
evolving facts in colloquial language, while
statutes formulate legal conditions in abstract
terms. This mismatch makes direct query–
statute matching insufficient to capture the in-
termediate evidence needed to determine statu-
tory applicability. Legal cases can bridge this
gap by documenting how concrete facts and le-
gal rationales support applicable statutes. How-
ever, case retrieval is noisy: factually simi-
lar cases may concern different legal issues,
whereas cases with dissimilar surface facts may
share the same applicability rationale. We pro-
pose FR-MEG, a Fact-level and Rationale-level
Mixed Evidence Graph for turn-level statute
retrieval. FR-MEG organizes case-derived
evidence into two complementary views that
model case–statute relationships through fac-
tual descriptions and legal rationales. The two
views are calibrated and fused with full-corpus
LegalDense retrieval, enabling case evidence
to improve statute ranking without limiting
candidates to graph-covered statutes. Exper-
iments on LexRAG show that FR-MEG im-
proves Recall@10 from 38.83% to 43.81% and
NDCG@10 from 25.64% to 28.23% over the
LegalDense backbone.

1 Introduction

Multi-turn legal consultation statute retrieval aims
to retrieve and rank statutory articles applicable
at the current dialogue turn from the full statute
corpus, given the user’s current query and the pre-
ceding dialogue history. This task is essential for
real-world legal assistance because queries from
non-professional users often exhibit a substantial
semantic gap between colloquial factual descrip-
tions and formal statutory provisions (Su et al.,
2024). LexRAG further shows that statute retrieval
remains a critical bottleneck in multi-turn legal
retrieval-augmented generation (RAG), as existing

retrievers often fail to recall the statutory articles
required for reliable downstream generation (Li
et al., 2025). For example, a user may describe
a situation as “my boss suddenly fired me without
compensation,” whereas the corresponding legal
issues may involve concepts such as unlawful ter-
mination, economic compensation, and liabilities
arising from labor disputes.

Most existing statute retrieval methods never-
theless formulate the task as direct query–statute
matching. Sparse retrievers such as BM25 rely on
lexical overlap between queries and statute texts
(Robertson and Zaragoza, 2009), while dense re-
trievers encode queries and statutes in a shared
semantic space (Karpukhin et al., 2020; Shao et al.,
2020). Reranking and hybrid retrieval methods
further improve the resulting rankings (Nogueira
and Cho, 2019; Cormack et al., 2009; Chen et al.,
2024), and statute-structure methods exploit rela-
tions among statutory articles (Louis et al., 2023).
However, these methods primarily draw evidence
from the query and the statute corpus itself, leav-
ing the semantic gap between lay factual narratives
and formal statutory language unresolved. For ex-
ample, a user may describe an unpaid private loan
as “fraud,” although the legally relevant issue may
instead be a civil lending dispute. Direct match-
ing may therefore overemphasize criminal statutes
while missing the applicable civil provisions. This
limitation arises not only from imperfect matching
models, but also from the absence of intermediate
evidence connecting informal factual descriptions
to statutory applicability.

Prior cases provide such intermediate evidence
by documenting how concrete factual circum-
stances are associated with legal issues and ap-
plicable statutory provisions. IL-PCSR demon-
strates the inherent relationship between prior-case
retrieval and statute retrieval: legally similar cases
often cite similar statutes, and exploiting this de-
pendency can improve retrieval performance (Paul
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1. Multi-turn
Legal Consultation

 turn 1

Can I get back more
than one million yuan
that I lost online?

⋮
 turn 5

If the other party is a fraud
platform, how can I protect
my rights?

Criminal Law Art. 266
Fraud: illegally obtaining public or
private property by deception.

Penalty depends on the fraud
amount and severity.

2(A). Direct Text Matching 
Semantic match
≠ statutory
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Surface words
lead retrieval
away from
fraud

2(B). Case-based Statute Support

3. Case-based Statute 
Support 
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why 
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Figure 1: Motivating example of case-based statute retrieval. Direct query–statute matching may fail when colloquial
descriptions differ from statutory language, whereas direct case retrieval may introduce factually similar but legally
irrelevant cases.

et al., 2025).

Nevertheless, case retrieval is unreliable when
treated as a standalone support signal. Unlike gen-
eral textual similarity, legal case similarity depends
not only on factual resemblance, but also on the
legal rationale connecting facts to statutory con-
sequences. Cases with similar factual patterns
may involve different legal issues or applicable
statutes, whereas cases with different surface facts
may share similar legal rationales. Recent studies
similarly show that effective legal retrieval benefits
from modeling legal issues, legal elements, struc-
tured relations, and reasoning paths beyond surface
factual overlap (V et al., 2025; Kim et al., 2025; Li
et al., 2026; Tang et al., 2025; Kondo et al., 2025).

As illustrated in Figure 1, prior cases can bridge
a consultation query to applicable statutes, but fac-
tually similar yet legally mismatched cases may
also introduce misleading signals. To use case ev-
idence more selectively, we organize it into fact-
level and rationale-level views in FR-MEG (Fact-
level and Rationale-level Mixed Evidence Graph).

Building on this graph, we develop FR-MEG
Retrieval, a graph-supported framework for case-
enhanced statute retrieval in multi-turn legal con-
sultation. Rather than directly transferring statutes
from retrieved cases, the framework treats case-
derived graph rankings as calibrated auxiliary sig-
nals and fuses them with full-corpus LegalDense
retrieval. This design allows case evidence to im-
prove statute ranking without restricting the candi-

date space to graph-covered statutes. Experiments
on LexRAG (Li et al., 2025) show that FR-MEG
Retrieval consistently improves the LegalDense
backbone. Diagnostic analyses further examine the
robustness of these improvements and the effects
of graph coverage. Our main contributions are as
follows:

FR-MEG Construction. We construct a dual-view
mixed-evidence graph that organizes prior-case
knowledge into structured fact-level and rationale-
level representations, allowing cases to provide tar-
geted evidence for statute retrieval rather than un-
differentiated textual matches.

Graph-Supported Full-Corpus Retrieval. We de-
velop a calibrated fusion framework that integrates
graph-derived evidence with full-corpus dense re-
trieval. It preserves statutes retrieved outside the
graph while allowing supported statutes to receive
additional evidence from relevant cases.

Comprehensive Evaluation and Analysis. We
evaluate FR-MEG Retrieval on LexRAG against
lexical, dense, hybrid, reranking, statute-graph, and
case-expansion baselines. It improves Recall@10
from 38.83% to 43.81% and NDCG@10 from
25.64% to 28.23% over the LegalDense backbone.
Grouped five-fold cross-validation, link-threshold
sensitivity experiments, and coverage analyses fur-
ther examine its robustness and the conditions un-
der which case evidence is effective.
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2 Related Work

2.1 Legal Statute Retrieval for Legal
Consultation

Statute retrieval is a central component of retrieval-
augmented legal consultation systems because
downstream answers must be grounded in appli-
cable legal provisions, following the broader RAG
paradigm of grounding generation in retrieved
external evidence (Lewis et al., 2021). Recent
benchmarks have moved this task closer to real
user scenarios. STARD introduces statute retrieval
queries derived from non-professional legal consul-
tations, showing that real-life queries differ substan-
tially from formal legal questions (Su et al., 2024).
LexRAG further extends this setting to multi-turn
legal consultation and shows that retrieval remains
a key bottleneck for legal RAG systems (Li et al.,
2025). Beyond benchmarks, G-DSR incorporates
statute topology into dense statute retrieval through
graph neural networks (Louis et al., 2023), while
IL-PCSR studies prior-case and statute retrieval
jointly (Paul et al., 2025). These studies estab-
lish statute retrieval as a realistic and important
task, but existing approaches mainly focus on direct
query–statute matching, statute topology, or depen-
dencies between case and statute retrieval, without
jointly modeling fact-level and rationale-level case
evidence for full-corpus statute ranking. In con-
trast, our work targets turn-level statute retrieval
in multi-turn consultation and builds a unified fact-
and rationale-level evidence graph for calibrated
statute ranking.

2.2 Retrieval Methods for Statute Retrieval

Existing retrieval methods provide strong baselines
for statute retrieval. Non-graph approaches in-
clude sparse lexical matching, dense bi-encoder
retrieval, hybrid sparse–dense fusion, and cross-
encoder reranking (Robertson and Zaragoza, 2009;
Karpukhin et al., 2020; Cormack et al., 2009;
Nogueira and Cho, 2019). These methods primarily
estimate relevance through query–document match-
ing, and therefore may miss legal applicability evi-
dence that is not directly expressed in the query or
statute text.

Graph-structured retrieval offers a complemen-
tary direction by organizing documents, entities, or
legal units through relational structures (Peng et al.,
2024; Zhang et al., 2025). Recent graph-based
RAG methods, such as GraphRAG, LightRAG,
HippoRAG, and PathRAG, use graph-enhanced

indexing or graph traversal to capture dependen-
cies beyond isolated text chunks (Edge et al., 2025;
Guo et al., 2025; Gutiérrez et al., 2025; Chen et al.,
2025). In the legal domain, G-DSR incorporates
the topology of statutory provisions into dense
statute retrieval, showing that legislative structure
can provide useful retrieval signals (Louis et al.,
2023).

Our work is related to graph-enhanced retrieval
in its use of structured evidence, but differs in both
evidence source and retrieval objective. Rather than
relying on statute topology or general document
graphs, we construct FR-MEG, a case-derived fact–
rationale evidence graph, and use it as calibrated
auxiliary support for full-corpus statute retrieval in
multi-turn legal consultation.

2.3 Legal Case Retrieval and Case-based
Statute Evidence

Legal case retrieval aims to find prior cases that
are legally relevant to a query case or legal ques-
tion. Existing studies show that such relevance
cannot be reduced to ordinary semantic similarity.
LeCaRD and LeCaRDv2 provide Chinese legal
case retrieval benchmarks with expert relevance an-
notations, while SAILER shows the importance
of case structure and legal elements (Ma et al.,
2021; Li et al., 2023b,a). More recent work fur-
ther shows that factual overlap alone is insufficient:
AQgR observes that legal issues are often under-
modeled (V et al., 2025), while LegalSearchLM
and GLIER show that lexical, embedding-based,
or black-box dense matching may retrieve legally
irrelevant cases without explicit modeling of le-
gal elements and juridical logic (Kim et al., 2025;
Li et al., 2026). ReaKase-8B similarly suggests
that legal knowledge and rationale-oriented rep-
resentations can help retrieve legally meaningful
cases (Tang et al., 2025).

These findings are important for statute retrieval
because prior cases can provide useful but noisy ev-
idence. IL-PCSR shows that similar cases tend
to cite similar statutes and that exploiting this
dependence can improve retrieval (Paul et al.,
2025). However, this relation should be used care-
fully: factually similar cases may support differ-
ent statutes when their legal issues or applicability
logic diverge. Facts-to-law knowledge graph stud-
ies further suggest that linking factual descriptions,
legal norms, and reasoning paths can better capture
such applicability patterns (Kondo et al., 2025). In
our setting, LeCaRDv2 and ClaimGen-CN provide
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the case foundation for constructing case-derived
evidence: LeCaRDv2 provides criminal cases for
legal case retrieval, while ClaimGen-CN expands
the coverage to civil cases with factual narratives
and legal claims (Li et al., 2023b; Zhou et al., 2025).
Building on this line of work, we treat prior cases
not as direct retrieval outputs to be transferred, but
as structured fact- and rationale-level evidence for
supporting statute ranking.

3 The Proposed Method

3.1 Task Formulation

We study turn-level statute retrieval in multi-turn
legal consultation. Let the dialogue history before
turn t be Ht = {(q1, a1), . . . , (qt−1, at−1)}, where
qi denotes a user query and ai denotes the system
response. Given the current user query qt and its
dialogue history Ht, the retriever ranks statutory
articles from a statute corpus S = {s1, . . . , sN}.
Each turn is associated with a set of applicable gold
statutes Gt ⊆ S, which may contain one or more
statutes. The objective is to produce an ordered
ranking of statutes in which the gold statutes appear
as high as possible:

πt = rank(qt, Ht,S).

3.2 FR-MEG Construction

Figure 2 presents the overall FR-MEG framework.
FR-MEG is a case-derived evidence graph that or-
ganizes prior cases, fact-level evidence, rationale-
level evidence, and statutory provisions. We con-
struct it from two heterogeneous Chinese legal
case datasets: LeCaRDv2 for criminal cases and
ClaimGen-CN for civil cases.

Unified case representation. Each aligned case
is converted into a CASERECORD:

c = (id, d, f,R,L,M),

where id is the case identifier, d is the legal do-
main, f is a fact summary, R = {r1, . . . , rm} is
a set of atomic rationale elements, L is the set of
linked statutes, and M stores metadata such as civil
causes or criminal charges. Criminal cases provide
structured charges, facts, and statute references,
which are directly normalized as case–statute evi-
dence links. Civil cases are often claim-centered
and lack explicit statute citations, so we use LLM-
assisted normalization to extract rationale elements
and infer candidate statute links. Candidate links

are subsequently filtered by an LLM-based veri-
fier using label- and confidence-based acceptance
rules.

Graph nodes and edges. FR-MEG uses case
nodes as hubs and connects them to fact nodes,
rationale-level nodes, and statute nodes. Each
case has a fact node represented by its fact sum-
mary, and its legal reasoning is decomposed into
three to five atomic rationale elements. The main
evidence paths are fact → case → statute and
rationale node → atomic rationale → case →
statute, allowing fact-level and rationale-level
matches to support statutes through prior cases.

Rationale-level hierarchy. The rationale-level
layer is built from atomic rationale elements ex-
tracted from cases. We pool these elements across
cases, embed them, and cluster them into leaf
rationale-pattern nodes. Each leaf node represents
a fine-grained legal applicability pattern shared by
a group of atomic rationale elements. To make
these patterns retrievable, we summarize each leaf
node with an LLM-generated label, keywords,
query aliases, and a short applicability description.
We then recursively merge related leaf nodes into
higher-level hierarchy nodes, producing a multi-
level rationale hierarchy. During graph construc-
tion, each atomic rationale element keeps its link to
the original case. Thus, a matched hierarchy node
can be expanded to its descendant leaf nodes, and
matched leaf nodes can be traced through inverted
links to atomic rationale elements, source cases,
and finally linked statutes.

Indexes for retrieval. To support efficient re-
trieval, we build specialized indexes over FR-MEG:
a fact embedding index for matching query facts to
case fact nodes, a rationale-pattern index for match-
ing query legal elements to pattern labels, query
aliases, and centroids, an inverted index for tracing
matched rationale nodes to atomic rationale ele-
ments and source cases, and a case–statute table
for expanding cases to linked statutes. These in-
dexes provide fact-level evidence from similar case
facts and rationale-level evidence from shared legal
applicability patterns.

3.3 FR-MEG Retrieval

Given a query turn (Ht, qt), FR-MEG Re-
trieval combines three parallel routes: full-corpus
LegalDense retrieval, Fact-level Support, and
Rationale-level Support.
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Figure 2: Overview of FR-MEG construction and retrieval. The offline stage normalizes heterogeneous legal cases
into graph-ready evidence records and builds a case-based evidence graph with fact, rationale, case, and statute
layers. The online stage combines full-corpus dense statute retrieval with fact-level and rationale-level case support
through calibrated rank fusion.

LegalDense backbone. LegalDense converts the
dialogue history and current query into a legal-
element query view, embeds it, and retrieves
statutes from the full corpus:

scoredense(s) = cos(eqt , es),

where eqt is the embedding of the legal-element
query view and es is the statute embedding. This
route preserves full-corpus coverage when graph
evidence is unavailable.

Fact-level Support. Fact-level Support matches
the query against the fact embedding index, maps
retrieved fact nodes to cases, and expands these
cases to linked statutes. It captures factual simi-
larity and mainly serves as a candidate-expansion
signal.

Rationale-level Support. Rationale-level Sup-
port matches the legal-element query against
rationale-pattern labels, query aliases, and cen-
troid representations. Matched rationale nodes are
expanded through inverted links to leaf rationale-
pattern nodes, atomic rationale elements, cases, and
linked statutes. This route captures legal applicabil-
ity patterns that may be missed by surface factual
similarity.

Calibrated graph support. The two graph
routes are combined into a single graph-support
ranking. Let rf (s), rrat(s), rd(s), and rg(s) de-
note the ranks of statute s in Fact-level Support,
Rationale-level Support, LegalDense, and graph-
support rankings, respectively. We compute an
inner reciprocal rank fusion (RRF) score (Cormack

et al., 2009):

scoregraph(s) =
wf

kg + rf (s)
+

wrat

kg + rrat(s)
, (1)

where the corresponding term is set to zero if a
statute is absent from a route. We use kg = 30,
wf = 0.3, and wrat = 0.6. The inner RRF score in-
duces a graph-support ranking over statutes, whose
rank is denoted by rg(s).

Final fusion. Finally, FR-MEG Retrieval fuses
the full-corpus LegalDense ranking with graph sup-
port:

scorefinal(s) =
wl

k + rd(s)
+

wg

k + rg(s)
. (2)

We use k = 20, wl = 1.0, and wg = 0.65. If a
statute is absent from the graph-support ranking,
the graph term is set to zero.

Because case-derived evidence is incomplete,
graph evidence is used as calibrated support rather
than as a hard retrieval constraint: LegalDense pre-
serves full-corpus coverage, while Fact-level Sup-
port and Rationale-level Support promote statutes
with supporting case evidence.

4 Experimental Setup

4.1 Dataset and Metrics
Task and evaluation data. We evaluate turn-level
statute retrieval in multi-turn legal consultation on
LexRAG (Li et al., 2025). The retrieval corpus con-
tains 17,229 statutory articles, and the evaluation
set contains 5,065 consultation turns: 4,781 turns
have at least one gold statute and 284 turns have
no gold annotation. We use the 4,781 gold-bearing
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Scope Queries Gold Meaning

RAW_ALL 4,781 5,499 Turns with at least one annotated gold statute; used for the main evaluation.
A-ALL-COVERED 1,809 1,954 All gold statutes are covered by FR-MEG.
B-PARTIALLY-COVERED 169 417 Some gold statutes are graph-covered.
C-NONE-COVERED 2,803 3,128 No gold statute is graph-covered.
B-COVERED-GOLD 169 214 Covered gold mentions within B; diagnostic only.
B-UNCOVERED-GOLD 169 203 Uncovered gold mentions within B; diagnostic only.

Table 1: Post-hoc graph coverage statistics. Only 39.43% of unique-per-query gold mentions are graph-covered, so
FR-MEG is evaluated as calibrated support over full-corpus LegalDense retrieval rather than as hard graph routing.

turns as the primary RAW_ALL scope for Recall,
while corrected NDCG values use all 5,065 turns
when explicitly marked.
External evidence used to build FR-MEG. FR-
MEG is built from external case evidence, not
LexRAG evaluation queries. Graph construction
uses 262,940 cases: 55,192 criminal cases from
LeCaRDv2 (Li et al., 2023b) and 207,748 civil
cases from ClaimGen-CN (Zhou et al., 2025). Af-
ter schema alignment, the graph contains 262,940
case fact nodes, 1,249,624 atomic rationale nodes,
12,465 rationale leaf clusters, 26,894 rationale
hierarchy nodes, and 17,229 statute nodes. Ac-
cepted case–statute links cover 1,244 statutes, mak-
ing graph evidence incomplete relative to the full
statute corpus.
Coverage strata. Because case-derived graph evi-
dence does not cover every statute, we conduct a
post-hoc graph-coverage analysis. Turns are split
into A-ALL-COVERED, where all gold statutes
are graph-covered; B-PARTIALLY-COVERED,
where only some gold statutes are graph-covered;
and C-NONE-COVERED, where no gold statute
is graph-covered. These strata are diagnostic only
and are never used for inference-time routing. Ta-
ble 1 summarizes the coverage space.
Metrics. We report Recall@K and NDCG@K
for K ∈ {1, 3, 5, 10, 30, 50, 100}. Recall is micro-
averaged over gold statute mentions and reported
on RAW_ALL unless otherwise stated. Corrected
NDCG uses all 5,065 turns in the denominator,
with no-gold turns contributing zero. Baseline
NDCG values derived from gold-query averages
are multiplied by 4781/5065. To examine pos-
sible over-retrieval, we additionally report Preci-
sion@10 and F1@10. We assess stability using
grouped five-fold cross-validation over 1,013 di-
alogues (5,065 turns), with no dialogue shared
across folds (seed=20260711). For each held-out
fold, we select among 64 FR-MEG configurations
on the other four folds using micro Recall@10 and

evaluate the selected configuration on the held-out
fold. The reported OOF results pool predictions
from all five held-out folds. Route ablations reuse
the full-model-selected parameters without sepa-
rate retuning.

4.2 Baselines

Compared systems. We compare FR-MEG with
lexical, dense, hybrid, reranking, statute-graph,
and case-expansion baselines. BM25 is imple-
mented with bm25s using the Lucene variant with
k1 = 1.3 and b = 0.75 (Robertson and Zaragoza,
2009). Query likelihood baselines use Jelinek–
Mercer smoothing with λ = 0.9 and Dirich-
let smoothing with µ = 1000 (Ponte and Croft,
1998; Zhai and Lafferty, 2004). Direct Dense
embeds the original dialogue input without legal-
element transformation, whereas LegalDense uses
the legal-element query view described in Sec-
tion 3.3. BM25+Dense RRF uses k = 60
with equal BM25 and dense weights (Karpukhin
et al., 2020; Cormack et al., 2009). The no-graph
reranking baseline applies bge-reranker-v2-m3
to the top-100 BM25+Dense candidates (Nogueira
and Cho, 2019; Liu et al., 2025; Chen et al.,
2024). The statute-structure graph baseline
propagates scores over neighboring statutes with
α ∈ {0.05, 0.1, 0.2, 0.3} and one or two hops
(Louis et al., 2023). The case-expansion base-
line retrieves top-K fact/case nodes for K ∈
{50, 100, 200, 500} and keeps at most 20 linked
statutes per case (Paul et al., 2025). Pure Case
Expansion uses only the resulting case-derived
statute ranking. BM25+Dense+Case adds this case-
derived ranking as a third route to equal-weight
RRF with k = 60; its reported configuration uses
K = 50 and keeps at most 20 linked statutes
per case. To test whether graph gains can be
explained by statute popularity alone, the Graph-
Frequency Prior baseline ranks statutes by their
accepted case-link frequency and fuses this rank-
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ing with LegalDense using RRF with k = 20 and
weights 1.0/0.65.

4.3 Implementation Details
Representations, models, and configuration. All
statute retrieval methods rank the same 17,229-
article corpus. We use the history-aware standalone
query provided by the official LexRAG rewriter
and do not re-concatenate the raw dialogue his-
tory. Fact-level Support directly encodes this stan-
dalone query. The query rewriter produces three to
six rationale tags; LegalDense uses at most three
tags, while Rationale-level Support uses all gener-
ated tags. Dense statute retrieval reuses the cached
Qwen2-1.5B-family law embeddings from the offi-
cial LexRAG dense setting (Li et al., 2023c). For
newly computed query and case embeddings, we
use the local gte-Qwen2-1.5B encoder, producing
1,536-dimensional normalized embeddings. We
use DeepSeek v4 Flash (DeepSeek-AI, 2026) for
LLM-assisted schema alignment and civil statute-
link verification. Candidate links with cosine simi-
larity of at least 0.57 are sent to the verifier, with
at most three candidates reviewed per case and a
top-1 fallback when no candidate passes the gate.
The verifier assigns each link a label and a confi-
dence score on a 0–100 scale: STRONG links are
retained, REJECT links are discarded, and PARTIAL

links are retained only when their score is at least
60 (Ziems et al., 2024; Wang et al., 2024). We
additionally vary the acceptance threshold for PAR-
TIAL links over {40, 50, 60, 70, 80} in the sensi-
tivity analysis. The dense baseline keeps at most
three legal-element tags per query. Fact-level Sup-
port searches a fact embedding index built from
262,940 case fact summaries with the prefix “case
fact:”. Rationale-level Support uses the cached
rationale hierarchy built with the 1.5B Qwen-
family encoder, whose leaf clusters are organized
into L1/L2/L3/root hierarchy nodes with cached
DeepSeek v4 Pro (DeepSeek-AI, 2026) summary
labels and centroid representations. All graph
lookups are served from JSONL/SQLite indexes
rather than an in-memory graph. FR-MEG Re-
trieval first fuses Fact-level Support and Rationale-
level Support with inner RRF using k = 30 and
weights 0.3/0.6, then fuses graph support with full-
corpus LegalDense using outer RRF with k = 20
and weights 1.0/0.65. The final ranked list is trun-
cated to the top 100 statutes for evaluation, and no
reranker is used.
Efficiency and deployment considerations. FR-

MEG separates costly graph construction from on-
line retrieval. Case normalization, civil statute-
link verification, rationale extraction, hierarchy
construction, and representation encoding are per-
formed offline, and their outputs are cached for
reuse. At retrieval time, relative to the LegalDense
backbone, FR-MEG additionally performs nearest-
neighbor searches over the fact and rationale in-
dexes, follows precomputed case–statute links,
and applies two lightweight RRF operations. It
therefore does not repeat the LLM-assisted graph-
construction procedure for each consultation query.
This design trades offline preprocessing and in-
dex storage for improved retrieval effectiveness, in-
creasing Recall@10 from 38.83% to 43.81%. The
graph can also be updated independently when new
cases become available, without changing the full-
corpus LegalDense index. Nevertheless, we do not
report a wall-clock or monetary cost comparison
because the graph was constructed using cached
outputs and models under different hardware con-
figurations.

5 Results and Analysis

5.1 Overall Retrieval Performance

Table 2 shows that FR-MEG Retrieval achieves the
best overall performance on RAW_ALL, outper-
forming lexical, dense, hybrid, reranking, statute-
graph, case-expansion, and triple-fusion base-
lines across all reported metrics. Compared with
LEGALDENSE, FR-MEG improves Recall@10
from 38.83% to 43.81% and NDCG@10 from
25.64% to 28.23%, with R@5 increasing from
30.17% to 33.97%. These gains show that fact-
level and rationale-level evidence provide useful
support beyond legal-element dense retrieval.

5.2 Coverage-aware Analysis

Table 3 shows that the benefit of graph evidence is
coverage-sensitive. On A-ALL-COVERED, FR-
MEG improves Recall@10 over LEGALDENSE

from 46.11% to 62.79%, showing strong head-
room when relevant statutes are graph-reachable.
On B-PARTIALLY-COVERED, FR-MEG also
improves overall Recall@10, but the gains are
concentrated on covered gold statutes, indicat-
ing that graph evidence mainly helps when the
applicable statutes are reachable through case-
derived links. On C-NONE-COVERED, how-
ever, LEGALDENSE remains stronger than FR-
MEG, confirming that case-derived graph evidence
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Method R@1 R@3 R@5 R@10 R@30 R@50 R@100 NDCG@10

BM25 6.87 13.53 17.02 22.73 32.30 37.75 45.12 14.40
QLD 6.31 12.80 15.77 20.89 30.48 34.95 42.44 13.34
Direct Dense 11.18 20.60 25.93 33.39 46.32 53.17 61.92 20.49
LEGALDENSE 13.84 24.86 30.17 38.83 52.61 59.74 67.54 25.64
BM25+Dense RRF 10.64 19.66 24.55 32.02 47.14 53.72 62.16 20.70
BM25+Dense+BGE 14.20 25.02 30.84 38.30 51.74 57.77 62.16 25.94
Statute-Graph 8.91 18.24 23.91 32.52 47.90 54.65 62.96 19.89
Pure Case Expansion 5.96 11.82 14.77 19.51 23.06 23.40 23.42 12.05
BM25+Dense+Case 11.04 19.69 25.35 34.82 48.68 55.77 64.47 21.54
FR-MEG Retrieval 14.84 26.90 33.97 43.81 55.88 61.50 69.47 28.23

Table 2: Overall retrieval results, reported as percentages. Recall is evaluated on RAW_ALL, while NDCG@10 uses
all 5,065 turns, with no-gold turns contributing zero.

should support rather than replace full-corpus re-
trieval.

5.3 Route Ablation

Table 4 isolates the contributions of the two
FR-MEG routes. Adding Fact-level Support to
LEGALDENSE improves raw Recall@10 from
38.83% to 42.94% and NDCG@10 from 25.64%
to 27.71%. Adding Rationale-level Support gives a
larger top-rank gain, reaching 43.59% Recall@10
and 28.19% NDCG@10. This suggests that fac-
tual case matching is useful, while rationale-level
patterns are more directly aligned with statute ap-
plicability.

The two routes are complementary but partially
overlapping. Their fusion yields the best Re-
call@10 and NDCG@10, although the improve-
ment over Rationale-level Support alone is modest.

The A/C columns further confirm that graph
support is most effective when relevant statutes
are graph-covered, while LEGALDENSE remains
stronger on C-NONE-COVERED. This supports

using graph evidence as calibrated support rather
than as a hard graph-based retriever.

5.4 Robustness and Sensitivity Analysis

Using the dialogue-level grouped five-fold par-
tition described in the experimental setup, FR-
MEG outperforms LEGALDENSE in all five folds.
The paired Recall@10 improvement is 5.00 per-
centage points, with a 95% confidence inter-
val of [4.12, 5.91] and p = 0.0002. A tuned
BM25+LegalDense baseline reaches 40.66% Re-
call@10, remaining below the 43.83% achieved by
FR-MEG. These results indicate that the improve-
ment is consistent across dialogue groups rather
than being driven by a particular evaluation split.

The Precision@10 and F1@10 improvements
in Table 5 show that the Recall gains are not ob-
tained by indiscriminately increasing the number
of retrieved statutes. The Graph-Frequency Prior
improves Recall@10 over LEGALDENSE by 1.24
percentage points, with a 95% confidence inter-
val of [0.87, 1.63] and p = 0.0002, but remains

Method raw A B C B-cov B-uncov NDCG@10

Direct Dense 0.3339 0.3854 0.1966 0.3200 0.1916 0.2020 0.2049
LEGALDENSE 0.3883 0.4611 0.2470 0.3616 0.2523 0.2414 0.2564
Pure Case Expansion 0.1951 0.5097 0.1847 0.0000 0.3598 0.0000 0.1205
BM25+Dense+Case 0.3299 0.6305 0.2854 0.1480 0.4720 0.0887 0.2037
FR-MEG Retrieval 0.4381 0.6279 0.3070 0.3370 0.4065 0.2020 0.2823

Table 3: Coverage-aware key comparison. Columns raw/A/B/C report Recall@10 under RAW_ALL, A-ALL-
COVERED, B-PARTIALLY-COVERED, and C-NONE-COVERED. B-cov and B-uncov split gold mentions
inside B. NDCG@10 uses all 5,065 turns. A/B/C are diagnostics only, never inference-time routing.
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Method R@1 R@10 R@100 NDCG@10 A R@10 C R@10 A NDCG

LEGALDENSE 13.84 38.83 67.54 25.64 46.11 36.16 31.42
+ Fact-level Support 14.48 42.94 69.18 27.71 59.77 34.24 43.42
+ Rationale-level Support 15.04 43.59 69.38 28.19 62.18 33.76 45.29
+ Both / FR-MEG 14.84 43.81 69.47 28.23 62.79 33.70 45.92

Table 4: Route ablation with compact coverage diagnostics, reported as percentages. Both routes improve candidate
coverage, while Rationale-level Support gives stronger top-rank performance. Their fusion yields the best Recall@10
and NDCG@10. A/C columns show that graph support is most effective when relevant statutes are graph-covered.

Method R@10 R@100 N@10 P@10 F1@10

LEGALDENSE 38.83 67.54 25.64 4.22 7.60
Freq. Prior 40.06 65.76 26.90 – –
FR-MEG 43.83 69.07 28.24 4.76 8.58

Table 5: Robustness diagnostics, reported as percent-
ages. N@10 denotes NDCG@10, and Freq. Prior de-
notes the Graph-Frequency Prior. Precision@10 and
F1@10 examine whether the Recall gains result from
indiscriminate over-retrieval. The FR-MEG row reports
pooled out-of-fold results from grouped five-fold cross-
validation.

substantially below FR-MEG. This indicates that
statute popularity in the case graph explains only
part of the improvement.

We also vary the acceptance threshold for PAR-
TIAL civil statute links over {40, 50, 60, 70, 80}.
The corresponding numbers of retained civil links
are 177,073, 142,423, 132,358, 95,135, and 91,792,
respectively. Across these settings, Recall@10
remains between 43.41% and 43.99%, while
NDCG@10 remains between 27.97% and 28.29%.
The limited variation suggests that FR-MEG is not
highly sensitive to the default PARTIAL threshold
of 60.

5.5 Additional Diagnostics

Reranking diagnostic. Table 6 reranks the fixed
FR-MEG top-100 candidate pool with BGE vari-
ants. Since the candidate pool is unchanged,
R@100 remains fixed at 69.47%. However,
reranking consistently lowers raw Recall@10 and
substantially weakens performance on A-ALL-
COVERED, where graph evidence is most use-
ful. This suggests that the local reranker does not
preserve the graph-derived ranking advantage, so
we report FR-MEG without reranking as the main
result.

Method raw A C R@100

FR-MEG 43.81 62.79 33.70 69.47
BGE text 38.57 48.00 34.65 69.47
BGE mark. 38.48 48.31 34.40 69.47
BGE real 36.72 44.06 33.92 69.47
BGE shuf. 36.22 42.02 34.53 69.47

Table 6: Fixed-pool reranking diagnostic, reported as
percentages. Columns report R@10 except R@100.

Generation diagnostic. Table 7 reports an
LLM-as-judge diagnostic on 500 LexRAG turns.
FR-MEG obtains more wins than losses against
LegalDense under both judges, although ties re-
main common. Adding rationale-level evidence
directly to the prompt produces weaker and less
stable results. Therefore, this diagnostic provides
supporting evidence that retrieval gains can trans-
fer to downstream generation, but it should not be
interpreted as a conclusive generation evaluation.

Comparison Q-W Q-T Q-L D-W D-T D-L

FR-MEG vs. LegalDense 40.40 31.00 28.60 26.20 55.60 18.20
+Rationale text vs. FR-MEG 31.00 35.00 34.00 16.80 67.60 15.60

Table 7: LLM-as-judge generation diagnostic, re-
ported as percentages. Q-W/T/L and D-W/T/L de-
note win/tie/loss rates judged by Qwen3.6-Flash and
DeepSeek v4 Pro, respectively.

6 Conclusion

We presented FR-MEG, a Fact-level and Rationale-
level Mixed Evidence Graph for turn-level statute
retrieval in multi-turn legal consultation. FR-MEG
integrates case-derived fact- and rationale-level
evidence with full-corpus LegalDense retrieval,
improving statute retrieval on LexRAG without
restricting candidates to graph-covered statutes.
Coverage-aware and robustness analyses further
show that the gains are consistent and cannot be
explained solely by statute popularity or the verifi-
cation threshold.
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7 Limitations

The main limitation of FR-MEG is coverage. Be-
cause the graph is constructed from available case
datasets, only part of the LexRAG gold statute
space is reachable through case-derived evidence.
Graph support is therefore most effective for graph-
covered turns and must be combined with full-
corpus retrieval to remain robust. In addition, civil
case normalization and statute linking rely on LLM-
assisted preprocessing. Although confidence filter-
ing is used to reduce noisy links and threshold sen-
sitivity is evaluated, we do not conduct large-scale
human validation of the accepted civil case–statute
links, so residual systematic errors may remain.
Our experiments are limited to Chinese legal re-
sources and the LexRAG benchmark; whether the
resulting evidence structures and retrieval gains
generalize to other jurisdictions, languages, or le-
gal domains remains to be studied. Finally, this
work primarily focuses on statute retrieval. While
we include a small LLM-as-judge generation di-
agnostic on 500 consultation turns, a full human
evaluation of downstream legal answer quality is
left for future work.

8 Ethical Considerations and Artifact Use

Intended use and risks. This work studies
statute retrieval for legal consultation in a research
setting. FR-MEG is intended to retrieve candidate
statutes and should not be used as legal advice or as
a substitute for professional legal judgment. Poten-
tial risks include retrieval errors, noisy case–statute
links, and over-reliance on automatically retrieved
legal provisions.

Artifacts, licenses, and data handling. We use
LexRAG for evaluation, LeCaRDv2 and ClaimGen-
CN as external case evidence, and their associated
statute/case resources under their stated licenses
or terms of use. These artifacts are used consis-
tently with their research-oriented purposes. The
constructed FR-MEG graph and retrieval pipeline
are intended for research on statute retrieval; any
release of derived artifacts will follow the access
conditions and redistribution terms of the origi-
nal datasets and models. Because legal cases may
contain sensitive factual descriptions, we do not at-
tempt to identify individuals and do not release raw
case text beyond what is permitted by the original
datasets.

AI assistance disclosure. Generative AI tools
were used for language polishing and editing sup-
port. They were not used to generate new research
ideas, experimental results, or claims. All content,
experiments, analyses, and final manuscript deci-
sions were verified by the authors.
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A LLM Use and Prompts

LLM use in experiments. We use LLMs at sev-
eral controlled points in the experimental pipeline.
During graph construction, LLMs are used to
normalize heterogeneous criminal and civil case
records into a unified case representation. For crim-
inal cases, the model compresses existing struc-
tured fields such as facts, court reasoning, results,
charges, and cited statutes into graph-ready records.
For civil cases, where the source data is mainly
claim-centered and often lacks explicit statute ci-
tations or court reasoning, the model is used as a
conservative annotator to infer rationale elements
and candidate statute references from the available
claim information. Civil candidate statute links are
further checked by an LLM-based verifier using
the label- and confidence-based acceptance rules
described in Section 4.3.

During retrieval, LLMs are not used to directly
score or rank statutes. Instead, an LLM is used only
to rewrite each consultation query into three to six
legal-element or rationale-style tags for matching
the rationale-level hierarchy. LLMs are also used
offline to generate retrieval labels, keywords, and
aliases for rationale-level leaf clusters, making the
rationale-level graph searchable. The final statute
ranking itself is produced by dense retrieval, graph
expansion, and calibrated reciprocal-rank fusion,
without an LLM reranker in the main result.

We also use LLMs in auxiliary diagnostics, in-
cluding answer generation and LLM-as-judge eval-

uation. These diagnostics are used only to exam-
ine whether retrieval improvements can transfer to
downstream answer quality; they are not used to
construct FR-MEG, tune the main retrieval method,
or compute the primary statute-retrieval metrics.
Importantly, LexRAG evaluation queries and gold
statute labels are not used to construct the graph or
its case-derived evidence. FR-MEG is built only
from external case datasets and the statute corpus,
and A/B/C coverage labels are used solely for post-
hoc analysis rather than inference-time routing.

Criminal case alignment prompt.
The formal preprocessing run used
alignment_prompt_name=prompt1. For criminal
cases, structured fields are compressed into
graph-ready case facts, rationale elements, legal
elements, and statute numbers.

System:
You are a rigorous Chinese legal information-structuring

model. Output only a JSON object that can be parsed
by json.loads. Do not output explanations or Markdown.

User:
You are processing criminal judgment samples. Output only

the minimal JSON needed for downstream post-
processing. Do not repeat fields that are already
obvious from the input, and do not output Markdown.

Output schema:
{

"facts_summary": "string",
"court_reasoning": "string",
"judgment_result": "string",
"statute_numbers": ["string or int"],
"reasoning_steps": ["string"],
"legal_elements": ["string"]

}

Rules:
1. Use only information that already appears in the input.
2. facts_summary must be based only on fact.
3. court_reasoning must be based only on reason.
4. judgment_result must be based only on result.
5. statute_numbers should keep only the article numbers

already present in article; do not expand them into
full statute names.

6. reasoning_steps should contain 3 to 5 items, and each
item should express only one minimal judgment step.

7. legal_elements should contain 3 to 6 short phrases.
8. Output JSON only.

Input sample:
{case_json}

Civil case alignment prompt. For civil cases,
the original records are claim-centered. The prompt
asks the model to act as a cautious annotator and
infer a conservative intermediate representation for
graph construction.

System:
You are a cautious Chinese civil virtual judge. Output only

a JSON object that can be parsed by json.loads. Do
not output explanations or Markdown.
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User:
You are a cautious civil virtual judge. The current input

contains only the plaintiff's alleged facts, claims,
and cause of action. It is not a judgment document
and does not mean that the court has already found
the facts.

Your task is not mechanical extraction. Instead, from the
perspective of a hypothetical adjudicator, summarize
the case, identify dispute issues, organize the
review steps, and provide a conservative possible-
support assessment based on the plaintiff's
allegations.

Output only the minimal JSON needed for downstream post-
processing. Do not output empty court-reasoning
fields, empty judgment-result fields, or empty
statute fields. Do not output Markdown.

Output schema:
{

"facts_summary": "string",
"claims": ["string"],
"reasoning_steps": ["string"],
"dispute_focus": ["string"],
"legal_elements": ["string"],
"tentative_outcome": "string"

}

Rules:
1. facts_summary must be based only on plaintiffFactSegment

. Write it as a case summary, and do not pretend that
these are facts found by the court.

2. claims must be based only on claims. Light denoising and
deduplication are allowed.

3. reasoning_steps should contain 3 to 5 items and must
reflect the review order of a virtual judge, rather
than simply repeating the claims.

4. dispute_focus should contain at least 2 items,
describing the core dispute issues most likely to
affect the scope of support.

5. legal_elements should contain at least 3 items,
preferably written as legal-element phrases that a
judge would examine.

6. tentative_outcome must use conservative wording, such as
"if ... is established, then it may generally ..."

or "based on the current information, it tends to
..., but still requires evidentiary support."

7. Do not write tentative_outcome as an actual judgment.
8. Output JSON only.

Input sample:
{case_json}

Query-to-rationale prompt. This prompt
rewrites a consultation query into several abstract
legal rationale tags for matching the rationale-level
hierarchy.

System:
You are a query rewriting model for the FR-MEG rationale

hierarchy. Your goal is to rewrite the user's
question into several concise texts suitable for
matching reasoning labels, keywords, and common
phrasings. Output only valid JSON.

User:
Rewrite the following query into 3 to 6 rationale-hierarchy

retrieval tags.

Requirements:
1. Each tag_query should resemble a knowledge-graph node

label, not a complete consultation question.
2. aliases should include 2 to 3 synonymous or commonly

used phrasings to help match different surface labels.

3. keywords should include core legal keywords, and should
not include irrelevant case details.

4. Do not output statute numbers, and do not directly
answer the query.

Output JSON schema:
{"elements":[{"tag_query":"retrieval tag","aliases":["

alternate phrasing"],"keywords":["keyword"]}]}

query:
{query}

Rationale-level leaf label prompt. This prompt
labels rationale leaf clusters so that each cluster can
be used as a retrieval target in the rationale-level
graph.

System:
You are a Chinese legal knowledge graph and legal NLP

researcher. Your task is to generate a high-quality
legal retrieval label for a cluster of reasoning
texts. The label should be useful for legal retrieval
and should not be merely a generic crime name or

cause of action. Output only one valid JSON object,
and do not output Markdown.

User:
Generate a positioning label and a retrieval label for the

following reasoning cluster. The parent_label may be
broad, while cluster_label and child_tags should
precisely match the leaf node. The output should
support both upward merging and downward retrieval
from the leaf node.

Requirements:
1. parent_label is the upper-level legal issue.

cluster_label is the precise reasoning label of the
current leaf cluster.

2. tag_text should be directly usable for embedding. It
should include parent_label, cluster_label, core
keywords, and common query phrasings.

3. If the leaf cluster is not sufficiently atomic, set
should_split=true, and write the next-level sub-
labels in child_tags.

4. If should_split=false, child_tags may be empty or [].
Only fill child_tags when should_split=true.

5. child_tags and split_candidates must be short labels
that can be used for clustering. Do not write full
sentences.

6. Output valid JSON, and keep fields compact.

Output JSON schema:
{

"cluster_label": "8-18 Chinese-character concise label",
"element_type": "legal_relationship|duty|breach|damage|

causation|liability|evidence|sentencing|procedure|
remedy|other",

"parent_label": "upper-level legal issue",
"tag_text": "retrieval text, including upper-level

category, precise label, core keywords, and common
query phrasings, within 80 Chinese characters",

"summary": "one sentence explaining the role of this leaf
cluster in adjudicative reasoning, within 45 Chinese
characters",

"keywords": ["3-8 Chinese keywords"],
"query_aliases": ["1-4 user query phrasings"],
"should_split": false,
"child_tags": [],
"split_candidates": [],
"confidence": 0.0

}

Cluster data:
{cluster_json}

Auxiliary answer generation prompt. The fol-
lowing prompt was used only for auxiliary genera-
tion diagnostics, not for the main statute retrieval
result.
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You are a Chinese legal consultation assistant. Please
answer the user's current question based on the given
dialogue and candidate statutes.

Requirements:
1. Answer only based on the provided statutes and evidence.

Do not fabricate statutes that are not provided.
2. If the evidence is insufficient, explicitly state the

uncertain parts.
3. The answer should first give a conclusion, and then

briefly explain the legal basis.
4. If you use a statute, cite it with labels such as [S1],

[S2].
5. Do not output the retrieval process or model information

.

Dialogue history:
{dialogue_context}

Current question:
{current_query}

Candidate statutes:
{candidate_statutes_block}

Optional reasoning-pattern evidence:
The following content comes from legal applicability

reasoning patterns in similar cases. It is used to
help understand the applicability conditions of
statutes, but it cannot replace the statutory text.

{reasoning_evidence_block}

Please generate the answer:

Auxiliary LLM-as-judge prompt. The follow-
ing prompt was used to compare generated answers
anonymously with two judge models. It was used
only for auxiliary diagnostics.

You are a strict evaluator of Chinese legal answers. Please
evaluate the quality of candidate answers to a user'

s legal consultation question.

You will see:
1. A multi-turn consultation dialogue and the current

question.
2. A dataset reference answer.
3. Gold relevant statutes and their contents.
4. Two anonymous candidate answers, A and B.

Please note:
- Do not prefer an answer simply because it is longer.
- Do not penalize an answer merely because its wording

differs from the reference answer. Evaluate only
whether the legal substance is correct.

- If a candidate answer cites statutes that were not
provided, misinterprets statutes, or ignores key
facts, it should be penalized.

- If the two answers are close in quality, you may judge
them as tie.

- You do not know which system produced A or B. Do not
guess.

- Output JSON only, and do not output Markdown.

Scoring dimensions, each from 1 to 5:
1. legal_correctness: whether the legal conclusion and

applicable statutes are correct.
2. factual_alignment: whether the answer accurately

responds to the facts in the dialogue and the current
question.

3. legal_reasoning: whether the answer explains the key
legal elements, applicability conditions, and
reasoning process.

4. grounding: whether the answer is faithful to the
provided statutes and evidence, without unsupported
extension.

5. completeness: whether the answer covers the main dispute
issues in the user's question.

6. safety_calibration: whether the answer avoids over-
certainty, misleading promises, or inappropriate

legal advice.
7. clarity: whether the answer is clear, readable, and

suitable for an ordinary consultation user.
8. overall: overall quality.

Dialogue history:
{dialogue_context}

Current question:
{current_query}

Reference answer:
{reference_answer}

Gold statutes:
- {gold_title}

{gold_text}

Candidate answer A:
{answer_a}

Candidate answer B:
{answer_b}

Please output JSON:
{

"winner": "A|B|tie",
"confidence": 0.0,
"scores": {
"A": {"legal_correctness": 1, "factual_alignment": 1, "
legal_reasoning": 1, "grounding": 1, "completeness":
1, "safety_calibration": 1, "clarity": 1, "overall":
1},

"B": {"legal_correctness": 1, "factual_alignment": 1, "
legal_reasoning": 1, "grounding": 1, "completeness":
1, "safety_calibration": 1, "clarity": 1, "overall":
1}

},
"error_flags": {"A_hallucinated_statute": false, "

B_hallucinated_statute": false, "A_unsupported_claim
": false, "B_unsupported_claim": false},

"brief_reason": "One sentence explaining the reason for
the decision."

}
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