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Abstract

Conversational legal retrieval requires identi-
fying statutes that are better aligned with a
user’s case context, even when relevant facts
are revealed incrementally and incompletely
across dialogue turns. Sparse and dense re-
trievers may return semantically related statutes
that are poorly matched to these factual condi-
tions. We propose SAGA, a training-free le-
gal retrieval framework that injects structured
applicability-oriented cues into dense retrieval.
SAGA constructs a Case Applicability Frame
(CAF) from user-side dialogue context to sum-
marize dispute issues, core facts, and missing
facts, and uses an offline Article Applicabil-
ity Frame (AAF) to represent statute-side is-
sue tags, prerequisites, legal effects, and evi-
dence cues. It combines raw semantic and struc-
tural applicability streams through late fusion.
Experiments on two Chinese statute retrieval
benchmarks, LexRAG and STARD, show that
SAGA improves over strong sparse, dense, and
LLM-enhanced baselines under a unified full-
corpus protocol. SAGA yields statistically sig-
nificant gains on the conversational LexRAG
benchmark and more modest gains on STARD
over the strongest dense baseline, improving
nDCG@10 from 0.3504 to 0.3696 and from
0.5862 to 0.5940, respectively. These results
suggest that structured applicability-oriented
cues provide useful retrieval signals beyond
raw semantic matching, especially in conversa-
tional legal retrieval.

1 Introduction

Legal assistants and legal question-answering sys-
tems depend critically on accurate statutory re-
trieval. In realistic consultations, however, users
rarely describe their cases in precise legal language.
Instead, they reveal facts incrementally, often in col-
loquial, incomplete, and context-dependent forms.
As aresult, legal retrieval is harder than standard
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Figure 1: Illustrative example of conversational legal
retrieval. Raw retrieval may return statutes that are
topically related but not optimally ranked for the user’s
case context. By incorporating structured applicability-
oriented cues, SAGA produces a more suitable ranking
of statutory evidence. Figure text is translated from the
original Chinese data; experiments use Chinese inputs.

topical search: the system must identify statutes
that are not only semantically related to the query,
but also better matched to the user’s factual situa-
tion.

This gap between semantic relevance and case
compatibility is especially important in conversa-
tional legal retrieval. A statute may appear highly
relevant because it shares surface-level vocabulary
or broad topical similarity with the user’s question,
yet still be poorly matched to the actual dispute
because its prerequisites are not satisfied, it gov-
erns a different legal subject, or crucial facts are
still missing. The problem is further amplified by
the mismatch between layperson expressions and
formal statutory language. Consequently, strong
sparse retrievers, dense encoders, and even LLM-
enhanced retrieval methods can still return statutes
that are topically plausible but not well aligned
with the case context.

To address this problem, we propose SAGA, a
training-free legal retrieval framework that injects
structured applicability-oriented cues into dense
retrieval.! On the query side, SAGA constructs a
Case Applicability Frame (CAF) that organizes the

!Code is available at https://github.com/SUGAR-NLP/
SAGA.
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user’s legal situation into structured signals such as
dispute issues, core facts, and missing facts. On the
statute side, SAGA uses an offline Article Applica-
bility Frame (AAF) that summarizes each statute
in terms of issue tags, prerequisites, legal effects,
and evidence cues. SAGA then combines a raw
semantic retrieval stream with a structural applica-
bility stream, allowing broad semantic relevance
and structured legal cues to complement each other
in a unified ranking framework.

SAGA is designed as a training-free method un-
der a unified full-corpus retrieval setting. Rather
than relying on raw semantic similarity alone, it di-
rectly ranks the statute library by integrating broad
semantic relevance from raw text with structured
applicability-oriented cues derived from CAF and
AAF. This design is particularly suitable for legal
retrieval: strong semantic encoders are useful but
often insufficient, while purely structured repre-
sentations can highlight case-side and statute-side
conditions that are easy to overlook in raw text
alone. By combining both signals, SAGA preserves
the strengths of dense retrieval while reducing its
tendency to over-rely on superficial semantic simi-
larity.

We evaluate SAGA on two Chinese statute re-
trieval benchmarks with different characteristics:
LexRAG, a multi-turn legal consultation bench-
mark, and STARD, a broader statute retrieval
benchmark for layperson queries. Across both
datasets, SAGA improves over strong sparse, dense,
and LLM-enhanced retrieval baselines under the
same full-corpus retrieval protocol, with clearer
and statistically significant gains in the conversa-
tional LexRAG setting. This pattern suggests that
structured applicability-oriented cues are especially
helpful in conversational retrieval, where user in-
tent and legally relevant case conditions are often
only partially revealed in dialogue.

In summary, our main contributions are as fol-
lows:

* We propose SAGA, a training-free legal
retrieval framework that bridges colloquial
user descriptions and statute-side legal condi-
tions through paired case-side and statute-side
applicability-oriented representations.

* We introduce a dual-stream retrieval design that
combines raw semantic retrieval with structural
applicability cues within a unified full-corpus
retrieval framework.

* We conduct experiments on two Chinese
statute retrieval benchmarks, LexRAG and
STARD, showing that SAGA improves over
strong sparse, dense, and LLM-enhanced base-
lines, with clearer gains in the conversational
LexRAG setting, while further analyses clarify
which structured cues matter most and how the
two retrieval streams should be balanced.

2 Related Work

Legal retrieval and general retrieval models.
Accurate statute retrieval is a core component
of legal assistants and legal reasoning systems.
Existing retrieval pipelines commonly rely on
sparse lexical matching such as BM25 (Robertson
and Zaragoza, 2009), dense bi-encoder retrieval
(Karpukhin et al., 2020; Xiong et al., 2021), late-
interaction models (Khattab and Zaharia, 2020), or
neural cross-encoder rerankers (Nogueira and Cho,
2019). These methods are effective at modeling
topical or semantic relevance and therefore provide
strong baselines for legal retrieval. Recent work
further models latent legal variables and multi-view
evidence for legal case retrieval (Li et al., 2026a).
However, legal retrieval differs from open-domain
search in an important way: a statute may be top-
ically related to a query while still being legally
inapplicable. In practice, correct retrieval often de-
pends on whether statutory prerequisites are satis-
fied, whether the statute governs the relevant legal
subject, and whether crucial facts are present or
still missing. This makes legal retrieval less a prob-
lem of broad semantic similarity alone, and more
a problem of matching facts and legal conditions
under domain-specific constraints.

Conversational retrieval, query reformulation,
and fusion. Conversational retrieval must deal
with omissions, references, and information re-
vealed incrementally across turns (Dalton et al.,
2020). Self-supervised domain adaptation has also
been explored for dense and conversational dense
retrieval using pseudo-relevance labels (Li and
Gaussier, 2024). A common strategy is to rewrite
the current turn into a more self-contained query
(Elgohary et al., 2019). Related work on itera-
tive RAG uses structured sufficiency decisions and
explicit information-gap representations to guide
subsequent retrieval in multi-hop QA (Li et al.,
2026d). Recent surveys provide a broader ac-
count of query expansion methods based on pre-
trained and large language models (Li et al., 2026b).
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While effective in many settings, rewriting typi-
cally flattens dialogue context into a single text
sequence and may fail to preserve legally salient
structure, such as dispute issues, procedural pos-
ture, or missing facts. More broadly, classical fu-
sion and learning-to-rank methods (Cormack et al.,
2009; Burges et al., 2005, 2006; Wu et al., 2010;
Ke et al., 2017) provide general ways to combine
retrieval signals, but they do not by themselves
specify which legal signals should be made ex-
plicit. Recent work also combines system- and
user-level prompt ensembles with rank fusion to
improve LLM-based query expansion (Li et al.,
2026¢). These limitations motivate retrieval de-
signs that represent dialogue context in a more
structured, applicability-oriented form rather than
relying on query rewriting or generic fusion alone.
Recent LLM-based retrieval augmentation meth-
ods improve retrieval through query rewriting or
hypothetical document generation, whereas SAGA
instead introduces structured case-side and statute-
side cues. Unlike query rewriting or HyDE, SAGA
constructs complementary representations on both
the case and statute sides rather than enriching the
query side alone. It performs soft alignment with a
frozen dense encoder, without supervised relevance
labels or manually specified field-to-field scoring
rules.

Legal NLP resources and evaluation settings.
Legal-domain models and benchmarks have sub-
stantially expanded the scope of legal NLP research
(Chalkidis et al., 2020, 2022). Recent resources
increasingly highlight the gap between layperson
descriptions and formal legal texts. EQUALS pro-
vides real-world Chinese legal questions grounded
in annotated law articles and evaluates a retrieval-
and-reading framework (Chen et al., 2023). For
example, STARD (Su et al., 2024) studies real-
life, non-professional legal queries for statute re-
trieval, while CitaLaw (Zhang et al., 2025a) empha-
sizes legal reasoning and citation-grounded support.
Beyond Chinese benchmarks, BSARD provides a
French statutory article retrieval dataset based on
Belgian law (Louis and Spanakis, 2022). These re-
sources reveal an open challenge: retrieval must of-
ten bridge colloquial case descriptions and statute-
side legal conditions, especially in multi-turn con-
sultations where relevant facts emerge gradually.
Our work addresses this challenge by introducing
structured representations on both the case side and
the statute side, enabling retrieval to incorporate

applicability-oriented signals more explicitly.

3 Method

We propose SAGA, a training-free legal re-
trieval framework that incorporates structured
applicability-oriented cues into dense retrieval. Its
goal is to move beyond broad semantic matching
by representing both the query side and the statute
side in a more structured form. On the query side,
SAGA constructs a CAF to summarize the user’s
case context. On the statute side, it uses an AAF
to represent statute-side issue tags, prerequisites,
legal effects, and evidence cues. By combining
raw semantic retrieval with structured applicability-
oriented retrieval, SAGA encourages ranking to-
ward statutes that are better matched to the case
context.

3.1 Task Formulation

We model a legal consultation as a sequence of
conversational turns C = {(u1,a1), ..., (ur,ar)},
where u; is the user utterance and a; is the assistant
response at turn ¢. The knowledge base consists of
a fixed set of statutory articles £ = {/1,...,¢n}.
Our objective is to retrieve legally relevant
statutes for each user turn. To prevent information
leakage, retrieval input is restricted to user-side ut-
terances. Let H; = {u1,...,us—1} denote the
user-only history before turn ¢. Given the current
user turn u; and the preceding user-side context
H_.;, the system outputs a ranked list 7. ; over the
full statute set £. During training and evaluation,
a subset of statutes L7, C L is annotated as the
ground-truth support for turn (¢, t). The goal is to
rank the true relevant statutes in L7, as high as pos-
sible. For single-turn benchmarks, this formulation
reduces to the special case where H, is empty.

3.2 Framework Overview

Figure 2 illustrates the overall SAGA framework.
Given a legal query context, SAGA operates
through three components.

Raw semantic retrieval. The first component
captures broad semantic relatedness between the
user query and the statute text. For conversational
settings, the retrieval input is constructed only from
user-side dialogue context, excluding assistant re-
sponses. A dense encoder maps the query and each
statute into a shared embedding space, producing
a raw semantic score that reflects overall textual
compatibility.
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Figure 2: Overview of the SAGA framework. Under a unified full-corpus retrieval setting, SAGA combines two
complementary retrieval streams. The raw semantic stream captures broad semantic relatedness between the user
query and statute text, while the structural applicability stream captures structured case-side and statute-side cues
through the dynamically generated CAF and the offline AAF. Their late fusion produces the final statute ranking.

Structural framing. In parallel, SAGA con-
verts both sides of the retrieval problem into struc-
tured applicability-oriented representations. On the
query side, it constructs CAF,; from user-side di-
alogue context to summarize dispute issues, core
facts, and missing facts. On the statute side, each
article ¢ € L is associated with a pre-computed
AAF (/) that summarizes issue tags, prerequisites,
legal effects, and evidence cues. These structured
views make case-side and statute-side conditions
more explicit than raw semantic matching alone.

Dual-stream fusion. Finally, SAGA combines
the raw semantic signal and the structural signal
through a zero-shot late-fusion design. The raw
stream preserves flexible semantic matching from
the original text, while the structured stream em-
phasizes case-side and statute-side applicability
cues. Their fusion yields the final ranking score
Stnal(c, t, £), which promotes statutes that are both
semantically relevant and better aligned with the
user’s case context.

3.3 Case Applicability Frame (CAF)

In legal consultations, users rarely present a com-
plete and well-structured case description in a sin-
gle utterance. Instead, legally relevant information
is often distributed across turns and expressed in
colloquial, incomplete, or ambiguous language. Di-
rectly retrieving from raw dialogue may therefore
overemphasize surface wording while overlooking
the case elements that matter for statute retrieval.

To address this problem, SAGA constructs a
CAF for each query context, as illustrated in Fig-

ure 3a. The CAF converts the current user turn
together with the preceding user-side context into
a structured case representation. In SAGA, the
CAF represents the query side with three applica-
bility cues: dispute issues, core facts, and missing
facts. These cues capture what the user is asking
about, what is already established in the dialogue,
and what key information is still absent for legal
evaluation.

By design, the CAF extractor is descriptive
rather than normative. It does not cite statutes,
assign legal responsibility, or make legal conclu-
sions. Instead, it provides a structured summary
of the user’s factual situation and leaves the final
ranking decision to the retrieval model.

3.4 Article Applicability Frame (AAF)

Raw statutory text is formal, compact, and often
logically dense. A single article may intertwine
issue scope, applicability conditions, legal con-
sequences, and evidential cues in a highly com-
pressed form. As a result, matching informal user
dialogue directly against raw statutory text may
capture topical similarity without adequately re-
flecting statute-side applicability structure.

To make this structure more explicit, SAGA con-
structs an AAF for each statute in the law library, as
shown in Figure 3b. The AAF reorganizes each ar-
ticle into a standardized statute-side representation
that is easier to compare with the case-side CAF.
In SAGA, the AAF represents the statute side with
four applicability cues: issue tags, prerequisites,
legal effects, and evidence cues. These cues sum-
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Figure 3: Structured applicability cues used in SAGA.
(a) Query-side cues are constructed online from user-
side dialogue context and include dispute issues, core
facts, and missing facts. (b) Statute-side cues are con-
structed offline from statutory text and include issue
tags, prerequisites, legal effects, and evidence cues.

marize what the statute is about, when it applies,
what consequences it triggers, and what kinds of
factual support are typically relevant.

Unlike the CAF, which is generated dynamically
from user-side dialogue context, the AAF is de-
rived solely from statutory text and is therefore
case-independent. This makes it reusable across
consultations and allows the statute library to be
indexed in a structured applicability-oriented form.

3.5 Hybrid Semantic-Structural Alignment

Dense retrieval models are effective at capturing
broad semantic relatedness, but legal retrieval of-
ten requires more than semantic similarity alone.
A statute may appear relevant at the textual level
while still be poorly matched to the case context
because its prerequisites are not satisfied. Con-
versely, purely structured representations make le-
gal constraints more explicit, but may lose some
of the softer contextual cues present in the original
dialogue. SAGA therefore combines both views
through a dual-stream late-fusion design.

Raw semantic stream. The first stream captures
broad text-level relatedness between the user query
and the statute text. Let g.; denote the retrieval in-
put for turn (¢, t) and let ¢ denote a statute. Using a
frozen dense encoder E(-), we compute the cosine
similarity

_ E(qc,t) i E(f)
sraw(e 1 8) = STTE@T

This score reflects how well the raw query text and
the raw statute text align in the embedding space.

Structural applicability stream. The second
stream compares the query-side CAF and the
statute-side AAF more explicitly. Although CAF
and AAF are produced as JSON objects, the struc-
tured stream does not encode raw JSON syntax
directly. Instead, we convert each structured rep-
resentation into a field-labeled natural-language
string by concatenating the relevant fields in a fixed
order. For list-valued fields, extracted items are
joined with delimiters, while empty fields are omit-
ted. Concretely, the query-side string is formed
from dispute issues, core facts, and missing facts,
and the statute-side string is formed from issue tags,
prerequisites, legal effects, and evidence cues. This
produces a textual representation that preserves
field identity while remaining compatible with the
same dense encoder used in the raw stream.
The structural score is then computed as

s (e,1,0) = et FUSEC)
Sttt B T | E(CAF, )| | E(AAF(6))]]

This design avoids brittle manually engineered slot-
matching rules while still allowing the encoder to
capture structured relationships between case-side
conditions and statute-side cues.

Late fusion. Finally, SAGA combines the two
streams into a unified ranking score. Because the
raw and structural streams may follow different
score distributions, we first apply per-query Min-
Max normalization to obtain S,y and Sgiruct. The
final score is computed as

Sfhinal = & * Sraw + (1 - Oé) * Sgtruct s

where @ € [0,1] controls the balance be-
tween broad semantic relevance and structured
applicability-oriented cues. This design allows
SAGA to preserve the flexibility of dense semantic
retrieval while incorporating structured case-side
and statute-side information into the final ranking.

4 Experiments

4.1 Experimental Setup

Datasets and evaluation. We evaluate SAGA
on two Chinese statute retrieval benchmarks.
LexRAG (Li et al., 2025) is a multi-turn legal
consultation dataset with turn-level relevance judg-
ments over supporting statutory articles. We follow
its official train/dev/test split and report final re-
sults on the test set. STARD (Su et al., 2024) is a
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Method LexRAG (Test) STARD (Official Dev)

N@10 MRR H@50 R@50 N@10 MRR H@50 R@50
BM25 0.1173 0.1026 0.3543 0.3349 0.3157 0.3368 0.6364 0.5515
BGE-large-zh-v1.5 0.1842 0.1625 0.5052 0.4822 0.3779 0.4008 0.7890 0.6997
Qwen3-Embedding-0.6B 0.2801 0.2567 0.5954 0.5741 0.5292 0.5512 0.8831 0.8075
Qwen3-Embedding-4B 0.3504 0.3246 0.6646 0.6466 0.5862 0.6037 0.9416 0.8692
HyDE + Qwen3-Embedding-4B 0.3173 0.2863 0.6667 0.6445 0.5698 0.5905 0.9318 0.8674
SAGA (ours) 0.3696" 0.3410 0.7086" 0.6916" 0.5940 0.6190 0.9481 0.8781

Table 1: Main results under a unified full-corpus retrieval protocol. We report N@ 10 and MRR as the primary
ranking-quality metrics, together with H@50 and R@50 as medium-depth coverage metrics. For SAGA, the fusion
weight « is tuned on the LexRAG development split and the STARD training split, yielding a=0.6 for LexRAG
and a=0.8 for STARD. HyDE uses gpt-40-mini to generate hypothetical documents and Qwen3-Embedding-4B
as the retrieval backbone. T indicates a statistically significant improvement over Qwen3-Embedding-4B under a
paired sign-flip randomization test (p < 0.05). Full significance results are reported in Appendix J.

Chinese statute retrieval benchmark with question—
statute relevance annotations. Following its re-
leased train/dev split, we use the training split
for selection and report final results on the offi-
cial dev set. We report Hit@k (H@k), Recall@k
(R@k), nDCG@Lk (N@FK), and Mean Reciprocal
Rank (MRR). In the main table, we emphasize
N@10 and MRR as the primary ranking-quality
metrics, and additionally report H@50 and R@50
to reflect medium-depth coverage.

Unified full-corpus retrieval. All methods in
the main comparison directly rank the entire
statute library rather than reranking a separately
retrieved candidate pool. For dense methods, we
encode the full corpus and perform exact nearest-
neighbor search with FAISS IndexFlatIP (Johnson
et al., 2021) over ¢>-normalized embeddings. On
LexRAG, baselines without structured cues use the
current user turn as the retrieval query, and assis-
tant responses are excluded from all retrieval inputs.
History-aware and other multi-view fusion variants
are analyzed separately in Section 4.3. On STARD,
each input question is used directly as the retrieval

query.

Structured representations. For LexRAG, we
construct a CAF from user-side dialogue context up
to the current turn, excluding assistant responses.
For both LexRAG and STARD, each statute is
paired with an offline AAF extracted once from the
statute text. CAF and AAF are generated with fixed
prompts using gpt-4o-mini and cached for reuse.
In SAGA, the query-side structured representation
uses dispute issues, core facts, and missing facts,
while the statute-side structured representation uses
issue tags, prerequisites, legal effects, and evidence

cues. The analyses in Section 4.3 examine these
components as diagnostic studies of the method
rather than as selection on the final reporting splits.

Baselines and implementation. We compare
SAGA against BM25, two general dense retrievers
(BGE-large-zh-v1.5 (Xiao et al., 2024) and Qwen3-
Embedding-0.6B), a stronger dense backbone
(Qwen3-Embedding-4B), and an LLM-enhanced
baseline, HyDE (Gao et al., 2023), implemented on
top of Qwen3-Embedding-4B (Zhang et al., 2025b).
For HyDE, hypothetical documents are generated
with gpt-40-mini. SAGA combines a raw dense
retrieval stream with a structured applicability-
oriented stream derived from CAF and AAF. The
fusion weight « is selected on the LexRAG devel-
opment split and the STARD training split, yielding
a=0.6 for LexRAG and a=0.8 for STARD; sensi-
tivity curves are provided in Appendix H.

4.2 Main Results

Table 1 reports the main results under a unified full-
corpus retrieval protocol on LexRAG and STARD.
Overall, SAGA achieves the best performance
among the baselines in the main table on both
benchmarks, with clearer gains on LexRAG. This
suggests that structured applicability-oriented cues
are especially helpful in multi-turn legal retrieval,
where the current question is often underspecified
unless interpreted together with the user’s broader
case context.

Comparison with strong baselines. Among the
baselines, Qwen3-Embedding-4B is the strongest
raw dense retriever, while HyDE + Qwen3-
Embedding-4B is the strongest LLM-enhanced ex-
pansion baseline. On LexRAG, SAGA improves
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over Qwen3-Embedding-4B from 0.3504 to 0.3696
on N@10 and from 0.3246 to 0.3410 on MRR.
On STARD, the corresponding gains are from
0.5862 to 0.5940 on N@10 and from 0.6037 to
0.6190 on MRR. SAGA also remains above HyDE
+ Qwen3-Embedding-4B on both datasets, indi-
cating that generic query expansion alone is not
sufficient to account for the observed gains. Taken
together, these results suggest that a strong dense
retriever can still benefit from structured case-side
and statute-side cues beyond raw semantic match-
ing alone. We further examine compatibility with a
strong second-stage reranker in Appendix F, where
SAGA provides broader first-stage candidate cover-
age under the same reranker and candidate budget.

Coverage and cross-dataset pattern. The gains
of SAGA are not limited to top-ranked ordering. It
also achieves the best H@50 and R@50 on both
datasets. On LexRAG, H@50 and R@50 improve
from 0.6646 and 0.6466 with Qwen3-Embedding-
4B to 0.7086 and 0.6916, while on STARD they
improve from 0.9416 and 0.8692 to 0.9481 and
0.8781. This indicates that SAGA improves not
only the very top of the ranking but also medium-
depth coverage of relevant statutes. The larger
gains on LexRAG are consistent with the conver-
sational nature of the benchmark: multi-turn legal
consultation often requires recovering case condi-
tions that are only partially expressed in the raw
query, whereas the raw dense baseline on STARD
is already very strong.

Statistical significance. We further verify the
main gains with paired sign-flip randomization
tests over per-query scores. On LexRAG, SAGA
significantly outperforms Qwen3-Embedding-4B
on N@10, H@50, and R@50, and significantly
outperforms HyDE + Qwen3-Embedding-4B on
all four reported metrics. On STARD, the gain
over HyDE + Qwen3-Embedding-4B remains sig-
nificant on N@ 10, while the improvements over
Qwen3-Embedding-4B are smaller and not statis-
tically significant. Detailed results are reported in
Appendix J.

While these results establish the overall effective-
ness of SAGA, they do not yet reveal which struc-
tured cues matter most, whether the gains could be
explained by simpler alternatives such as conver-
sational history or generic reformulation, or how
the two retrieval streams should be balanced. We
investigate these questions next.

Structured Variant LexRAG Dev N@10
Structured stream used by SAGA 0.2651
w/o issue/fact-prerequisite 0.1352
w/o missing/evidence 0.2530

Table 2: Field-group ablation on the structured stream
used in SAGA, reported on LexRAG Dev. We remove
one structured cue group at a time to examine its con-
tribution. This analysis is diagnostic and is not used for
model selection on the final reporting split.

4.3 Ablation and Analysis

To better understand where the gains of SAGA
come from, we analyze three aspects of the method:
which structured cue groups matter most, whether
the gains can be explained by added dialogue his-
tory or generic LLM reformulation, and how per-
formance changes when CAF or AAF is replaced
by the corresponding raw text in a controlled dual-
stream setting.

Field-group ablation. Table 2 reports field-
group ablations on the structured stream used by
SAGA. This analysis should be read as a diagnostic
study of the current method rather than a model-
selection procedure. On LexRAG Dev, removing
the issue/fact—prerequisite group causes a much
larger drop than removing the missing/evidence
group, indicating that explicit alignment between
case-side dispute issues and core facts and statute-
side issue tags and prerequisites is the dominant
source of structured retrieval gains. The missing/ev-
idence group is also useful, but its contribution
is clearly secondary. Overall, these results sug-
gest that the gains of SAGA rely primarily on the
issue/fact—prerequisite cues, while the missing/evi-
dence cues provide a smaller but still useful contri-
bution.

History and generic LLM reformulation. We
examine whether the gains of SAGA can be ex-
plained by adding dialogue history or applying
generic LLM reformulation. As shown in Table 3,
replacing the current-turn query with a history-
aware query or combining current-turn and history-
aware retrieval with RRF brings almost no improve-
ment over the raw dense baseline. Query rewriting,
summary generation, and HyDE also remain below
the raw dense baseline. These results indicate that
the gains of SAGA are not explained by additional
dialogue context or generic query reformulation
alone.
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Variant N@10 MRR
Context-only controls

Current-turn query 0.3504 0.3246
History-aware query 0.3481 0.3211
Current + History RRF  0.3503  0.3244
Generic LLM reformulation

Query rewriting 0.2419 0.2151
Summary generation 0.2705 0.2347
HyDE expansion 0.3173  0.2863
SAGA 0.3696 0.3410

Table 3: LexRAG test results for context-only controls
and generic LLLM reformulation methods. The control
variants retrieve against raw statute text, while SAGA is
included as a reference.

Setting  Auxiliary Stream N@10 MRR H@50 R@50

0.3504 0.3246 0.6646 0.6466
0.3426 0.3108 0.6646 0.6476
0.3664 0.3358 0.7086 0.6906
0.3696 0.3410 0.7086 0.6916

Raw only None

No CAF Raw query — AAF
No AAF CAF — raw statute
SAGA  CAF — AAF

Table 4: Controlled dual-stream ablations on the
LexRAG test set. All settings retain the same raw
query-to-statute retrieval stream. For the two-stream
variants, the encoder, retrieval and fusion procedures,
and o = 0.6 remain fixed; only the auxiliary stream
changes.

Controlled dual-stream ablation. All variants
retain the same raw query-to-statute retrieval
stream, dense encoder, FAISS retrieval procedure,
normalization, fusion procedure, and o = 0.6; only
the auxiliary stream changes. The No CAF con-
trol does not improve over Raw only, indicating
that adding AAF without CAF is insufficient. The
No AAF control shows that CAF provides a strong
complementary signal. Full SAGA achieves the
highest N@10, MRR, and R@50 and ties the best
H@50, showing that the result is not explained by
adding an arbitrary auxiliary stream. When each
setting selects o independently on the development
set, SAGA remains numerically best; detailed re-
sults are reported in Appendix H.

CAF extraction stability. On the same 100 sam-
pled LexRAG development queries, regenerating
CAFs through a separate GPT-40-mini API run or
with DeepSeek-v4-pro yields retrieval performance
comparable to the original CAFs under fixed re-
trieval settings. Detailed results are reported in
Appendix C.

Preliminary applicability-oriented manual anal-
ysis. To obtain a more direct view of the rank-

n=1453 judged documents

Top-10 label distribution

Qwen3-Emb-4B 33.7%
SAGA 37.1% 19.1% H

' ' ' ' ' 1
0 20 40 60 80 100
Share of retrieved documents (%)

25.5% =

Applicable +3.4 pp; Irrelevant -6.4 pp

M Applicable M Irrelevant
Topically inapplicable ® Insufficient facts

Figure 4: Applicability-oriented manual analysis on 100
sampled LexRAG test queries. Compared with Qwen3-
Embedding-4B, SAGA increases the share of applica-
ble statutes and reduces the share of clearly irrelevant
statutes in the top-10 results, although topically related
but inapplicable near-miss results still remain.

ing behavior encouraged by SAGA, we conduct
a preliminary manual analysis on 100 sampled
LexRAG test queries. Compared with Qwen3-
Embedding-4B, SAGA increases Applicable Pre-
cision@10 from 33.7% to 37.1% and reduces the
proportion of clearly irrelevant statutes in the top-
10 results from 25.5% to 19.1%. At the same
time, the rate of topically related but inapplica-
ble statutes does not decrease, rising slightly from
36.1% to 38.3%, indicating that SAGA does not
fully eliminate near-miss retrievals that remain se-
mantically related but ultimately fail to satisfy all
applicability conditions. A query-level comparison
shows a similar pattern: SAGA achieves a higher
Applicable Precision@10 on 37 of the 100 sam-
pled queries, compared with 26 losses and 37 ties.
Moreover, among the documents newly introduced
by SAGA into the top-10, applicable statutes are
more frequent (130 vs. 96), while clearly irrele-
vant statutes are much less frequent (87 vs. 151),
than among the documents uniquely retained by
the baseline. Taken together, these findings suggest
that SAGA shifts ranking toward more applicable
and less clearly irrelevant statutes, rather than func-
tioning as a strict applicability verifier. Figure 4
visualizes the overall label composition of the top-
10 results. Detailed annotation settings and full
results are reported in Appendix G.

Practical overhead. SAGA is training-free, and
AAF construction is performed once offline for the
statute library. Generating AAFs for all 17,229
LexRAG statutes uses 7.53M tokens, costs approx-
imately USD 2.27, and takes 3.16 seconds per
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statute on average; statutes can be processed in-
dependently in parallel and cached for reuse. The
additional online LLM overhead comes from CAF
generation, which takes 5.09 seconds, 936.39 to-
kens, and approximately USD 0.000205 per query
on average. Detailed offline and online cost results
are reported in Appendix E.

Additional sensitivity results for the fusion
weight are provided in Appendix H.

5 Conclusion

We presented SAGA, a training-free legal re-
trieval framework that incorporates structured
applicability-oriented cues into dense retrieval. By
combining a raw semantic retrieval stream with
a structural stream derived from CAF and AAF,
SAGA helps bridge the gap between colloquial
case descriptions and formal statutory language.
Under a unified full-corpus retrieval setting, exper-
iments on LexRAG and STARD show that SAGA
yields its clearest gains in conversational legal re-
trieval. In particular, SAGA achieves significant
improvements over strong baselines on LexRAG,
while providing more modest gains on STARD.
Taken together with our additional analyses, these
results suggest that structured case-side and statute-
side cues provide useful retrieval signals beyond
raw semantic matching alone, especially in multi-
turn legal consultations where the user’s case con-
text is only partially revealed in dialogue.

Limitations

SAGA has two main limitations. First, the struc-
tural stream depends on the quality of CAF and
AAF extraction. Although the late-fusion design
reduces over-reliance on structured representations
alone, extraction errors or omissions from the un-
derlying LLM can still affect retrieval quality. Our
manual audits suggest that LLM-based structuring
is generally reliable and rarely hallucinatory, but it
is not always perfect in capturing all legally rele-
vant details. In particular, some cases still exhibit
incomplete prerequisite extraction or less precise
representation of legal effects, which may weaken
retrieval in difficult examples. Our preliminary
applicability-oriented manual analysis further sug-
gests that the current framework is more effective
at reducing clearly irrelevant statutes than at fully
resolving fine-grained applicability errors among
semantically related candidates. Second, our exper-
iments focus on two Chinese statute retrieval bench-

marks. Further validation is still needed across
other languages, legal domains, and legal tradi-
tions, especially in settings where precedent and
case law play a more central role.
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A Implementation Details

Retrieval setting. All standalone retrieval sys-
tems and all first-stage candidate-generation runs
are evaluated against the full statute library. In the
supplementary reranking analysis, Raw retrieval
and SAGA first retrieve the top-100 candidates
from the full corpus, after which Qwen3-Reranker-
4B reranks the corresponding candidate set. Assis-
tant responses are excluded from retrieval inputs.
For LexRAG, the raw retrieval query is the current
user turn, and the corresponding structured query
is constructed from the user-side dialogue context
up to the current turn. For STARD, each question
is used directly as the raw retrieval query, and the
corresponding structured query is derived from its
generated case-side representation.

Dense retrieval and indexing. For dense re-
trieval methods, we encode the full statute li-
brary and perform exact nearest-neighbor search
with FAISS IndexFlatIP over ¢5-normalized em-
beddings. The raw dense baselines rank statutes
by cosine similarity between the raw query text
and the raw statute text. For the structured stream
in SAGA, CAF and AAF are not encoded as raw
JSON strings. Instead, the structured representa-
tions are linearized into field-labeled text in a fixed
order, with list-valued fields concatenated by de-
limiters and empty fields omitted. The resulting
linearized texts are then encoded with the same
dense backbone and ranked by cosine similarity.

CAF and AAF construction. CAF and AAF are
generated with gpt-4o-mini and cached for reuse.
CAF is extracted only from user-side inputs and
does not access gold statutes or gold answers. Al-
though the extraction prompts produce JSON out-
puts, the structured retrieval stream uses their lin-
earized text form rather than raw JSON syntax. In
the current formulation of SAGA, the case-side
structured text is formed from dispute issues, core
facts, and missing facts, while the statute-side struc-
tured text is formed from issue tags, prerequisites,
legal effects, and evidence cues.

Baselines. The main comparison includes one
sparse baseline (BM25), two general dense base-
lines (BGE-large-zh-v1.5 and Qwen3-Embedding-
0.6B), one stronger dense backbone (Qwen3-
Embedding-4B), and one LLM-enhanced retrieval
baseline (HyDE + Qwen3-Embedding-4B). HyDE
uses hypothetical documents generated by gpt-4o-
mini.

SAGA implementation. SAGA is a training-free
dual-stream retrieval framework. Its raw seman-
tic stream computes cosine similarity between the
raw query and the raw statute text using Qwen3-
Embedding-4B. Its structured stream computes co-
sine similarity between the linearized CAF and
AAF representations using the same encoder. The
two streams are combined by per-query Min—-Max
normalization followed by weighted late fusion.
The fusion weight « is selected on validation data,
yielding & = 0.6 on LexRAG and o« = 0.8 on
STARD.

Additional controlled analyses. For the con-
trolled two-stream ablations on LexRAG, all vari-
ants retain the same raw retrieval stream between
the raw query and raw statute text, dense encoder,
FAISS retrieval procedure, Min-Max normaliza-
tion, fusion procedure, and o = 0.6. Only the
auxiliary stream is changed to remove either CAF
or AAF. For the supplementary reranking analy-
sis, Raw retrieval and SAGA each provide their
top-100 candidates to the same Qwen3-Reranker-
4B model. The reranker receives only the raw
query and raw statute text, without CAF, AAF,
law summaries, dense-score features, or additional
fusion features. For the CAF regeneration analy-
sis, CAFs are generated for the same 100 sampled
LexRAG development queries through a separate
set of GPT-40-mini API calls and with DeepSeek-
v4-pro. The AAFs, dense encoder, FAISS retrieval
procedure, fusion method, and fusion weight re-
main unchanged across these runs.

Table 5 provides a compact summary of the key
implementation choices used in the main exper-
iments. We use the same dense retrieval infer-
ence settings across all Qwen-based runs, including
fixed maximum input length, batch size, and GPU
precision; the exact runtime configuration and soft-
ware versions will be released with the code.

B Qrels and Evaluation Coverage

All retrieval metrics in the main text are computed
on the normalized qrels files used in our pipeline.
For LexRAG, the effective numbers of evaluated
queries are 3817 for Train, 487 for Dev, and 477 for
Test. For STARD, evaluation follows the released
train/dev split, and the official dev set is used for
final reporting.

For significance testing, per-query scores are
computed on the intersection of qids shared by the
compared runs and the corresponding qrels split. In
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Component Setting

Retrieval protocol Unified full-corpus retrieval; as-
sistant responses excluded from
retrieval inputs.
Qwen3-Embedding-4B for both
the raw semantic stream and the
structured stream; exact search
with FAISS IndexFlatIP over ¢-
normalized embeddings.
Generated with gpt-40-mini and
cached for reuse. The prompts
produce structured JSON out-
puts, which are converted into
field-labeled text before encod-
ing.

CAF and AAF are not encoded
as raw JSON strings. Instead,
the structured representations
are linearized in a fixed field
order, with list-valued fields
concatenated by delimiters and
empty fields omitted. In SAGA,
the case-side text is formed
from dispute issues, core facts,
and missing facts, while the
statute-side text is formed from
issue tags, prerequisites, legal
effects, and evidence cues.
BM25, BGE-large-zh-v1.5,
Qwen3-Embedding-0.6B,
Qwen3-Embedding-4B, and
HyDE + Qwen3-Embedding-
4B.

Per-query Min—-Max normaliza-
tion followed by weighted late
fusion; @ = 0.6 on LexRAG
and a = 0.8 on STARD.

Dense backbone

CAF / AAF construction

Structured stream encoding

Baselines

Fusion

Table 5: Key implementation details used in the main
experiments.

practice, coverage differences among the compared
full-corpus systems are negligible, so this common-
qid restriction has minimal impact on the reported
results.

C CAF Quality and Extraction Stability

Manual quality inspection. To assess the relia-
bility of the query-side structured representation,
we manually inspect 100 sampled compact CAFs
from LexRAG. The results indicate that the ex-
tracted CAFs are generally reliable. For faithful-
ness, 87% of samples are rated as perfect and the
remaining 13% as good, with no bad cases. Hal-
lucination is rare, with a hallucination-free rate of
99%. For completeness and retrieval usefulness,
the perfect rates are lower (59% and 55%, respec-
tively), but the combined perfect-or-good rates re-
main high. This suggests that the main limitation
of CAF extraction is not factual fabrication or unus-

able output, but that some cases are only partially
complete or partially optimized for retrieval.

Metric Perfect Good Bad
Faithfulness 87 13 0
Completeness 59 38 3
Usefulness 55 42 3
Hallucination-free 99%
Hallucination rate 1%

Table 6: Manual evaluation of 100 sampled compact
CAFs from LexRAG. Faithfulness is high and halluci-
nation is rare, while incompleteness is more common
than outright factual fabrication.

CAF regeneration stability. To examine
whether downstream retrieval depends on a
particular CAF extraction instance or extractor, we
regenerate CAFs for the same fixed sample of 100
LexRAG development queries. One set is obtained
through a separate set of GPT-40-mini API calls,
and another is generated with DeepSeek-v4-pro.
The AAFs, dense encoder, FAISS retrieval
procedure, fusion method, and o = 0.6 remain
unchanged across all settings.

Regenerating CAFs with GPT-40-mini produces
retrieval results close to those obtained with the
original CAFs used in our main experiments.
The differences are not statistically significant
for N@10 (p = 0.609) or MRR (p = 0.815).
DeepSeek-v4-pro yields numerically higher results,
but its differences from the regenerated GPT-40-
mini run are also not statistically significant for
N@10 (p = 0.335) or MRR (p = 0.393). These
results indicate consistent downstream retrieval be-
havior across the evaluated CAF extraction settings
on this sample.

D Manual Inspection of AAF Quality

To assess the reliability of the statute-side struc-
tured representation, we manually inspect 100 sam-
pled compact AAFs from the law library. The re-
sults indicate that the extracted AAFs are generally
reliable and closely grounded in the original statute
text. For faithfulness, 81% of samples are rated as
perfect and the remaining 19% as good, with no
bad cases. Hallucination is also relatively rare, with
a hallucination-free rate of 97%. For prerequisite
completeness and legal-effect correctness, the per-
fect rates are lower (32% and 40%, respectively),
but the combined perfect-or-good rates remain high.
These results suggest that the main limitation of
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CAF Source N@10 MRR H@50 R@50

0.3270 0.2990 0.7000 0.6850
0.3318 0.3010 0.7000 0.6850
0.3445 0.3129 0.7100 0.7000

Original CAF in our paper (GPT-40-mini)
Regenerated CAF (GPT-40-mini)
Regenerated CAF (DeepSeek-v4-pro)

Table 7: CAF regeneration results on the same 100
sampled LexRAG development queries. All retrieval
components remain fixed across extraction settings.

AAF extraction is not that the outputs are unusable,
but that some statute-side representations are not
fully complete or fully precise in difficult cases,
especially when statutory prerequisites are implicit
or legal effects are densely expressed.

Metric Perfect Good Bad
Faithfulness 81 19 0
Prerequisite completeness 32 63 5
Legal-effect correctness 40 54 6
Hallucination-free 97 %
Hallucination rate 3%

Table 8: Manual evaluation of 100 sampled compact
AAFs from the law library. Faithfulness is generally
high and hallucination is relatively rare, while the more
common weakness lies in incomplete prerequisite ex-
traction and partial loss of legal-effect precision.

Taken together, the CAF and AAF audits suggest
that LLM-based structuring in SAGA is generally
reliable and rarely hallucinatory, while its remain-
ing weakness lies mainly in producing outputs that
are sometimes good rather than fully perfect in
coverage or precision.

E Offline AAF Construction and Online
CAF Generation Cost

Offline AAF construction. To quantify the one-
time preprocessing cost of the statute-side repre-
sentations, we generate AAFs for the full LexRAG
library using GPT-40-mini. All 17,229 statute ex-
tractions succeed. The run uses 5,008,108 input
tokens and 2,522,776 output tokens, correspond-
ing to 7,530,884 tokens in total. Using input and
output prices of USD 0.15 and USD 0.60 per mil-
lion tokens, respectively, the estimated total cost is
USD 2.27. The average processing latency is 3.16
seconds per statute. Because each statute can be
processed independently, AAF construction can be
parallelized. Once generated, the AAFs are cached
and reused across queries, introducing no per-query
AAF generation cost.

Metric Value
Number of statutes 17,229
Successful extractions 17,229

Failed extractions 0

Total input tokens 5,008,108
Total output tokens 2,522,776
Total tokens 7,530,884
Avg latency / statute 3.16s

Estimated total cost USD 2.27

Table 9: One-time offline AAF construction cost for the
full LexRAG statute library.

Online CAF generation. To assess the main ad-
ditional online overhead introduced by SAGA, we
measure the latency and token cost of CAF gener-
ation on 100 sampled LexRAG queries using gpt-
4o-mini. The average latency is 5.09 seconds per
query, with a p50 of 4.84 seconds and a p95 of 7.15
seconds. The average token usage is 791.92 input
tokens and 144.47 output tokens, corresponding
to 936.39 total tokens per query. Using the same
pricing basis as the offline AAF calculation, this
corresponds to an estimated cost of USD 0.000205
per query. These results suggest that the main prac-
tical overhead of SAGA lies in online latency rather
than token cost.

Metric Value
Avg latency / query 5.09s
P50 latency 4.84 s
P95 latency 7.15s
Avg input tokens 791.92
Avg output tokens 144.47
Avg total tokens 936.39

Estimated cost / query  USD 0.000205

Table 10: Latency and token-cost analysis for on-
line CAF generation with gpt-40-mini on 100 sampled
LexRAG queries.

F Supplementary Reranking Analysis

Supplementary reranking analysis. We addi-
tionally examine whether SAGA remains useful
when its candidates are passed to a strong second-
stage reranker. Raw retrieval and SAGA each pro-
vide their top-100 candidates to the same Qwen3-
Reranker-4B model, which receives only the raw
query and raw statute text.

With the same reranker and candidate budget,
SAGA + reranker yields nearly identical N@ 10 and
MRR to Raw + reranker while achieving higher
H@50 and R@50. At the candidate-generation
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Method Candidate Source Reranker N@10 MRR H@50 R@50
Raw dense Raw top-100 None 0.3504 0.3246 0.6646 0.6466
Raw + reranker Raw top-100 Qwen3-Reranker-4B 0.3855 0.3566 0.6897 0.6695
SAGA SAGA top-100 None 0.3696 0.3410 0.7086 0.6916
SAGA + reranker SAGA top-100 Qwen3-Reranker-4B 0.3857 0.3572 0.7149 0.6922

Table 11: Supplementary reranking results on the LexRAG test set. Raw retrieval and SAGA use the same top-100
candidate budget and the same Qwen3-Reranker-4B model.

stage, SAGA retrieves at least one relevant statute
for 367 of the 477 test queries, compared with
346 for Raw retrieval. This difference is signif-
icant under a paired two-sided permutation test
(p = 0.0011), suggesting that SAGA provides
broader first-stage candidate coverage for down-
stream reranking.

G Applicability-Oriented Manual
Analysis

To obtain a more direct view of the ranking be-
havior encouraged by SAGA, we conduct a pre-
liminary manual analysis on 100 sampled queries
from the LexRAG test set. For each query, we in-
spect the union of the baseline top-10 results from
Qwen3-Embedding-4B and the top-10 results from
SAGA, and annotate each retrieved statute using
four labels: Applicable, Topically related but inap-
plicable, Irrelevant, and Insufficient facts.

This analysis is exploratory and author-reviewed.
The annotations were carried out by two graduate-
student reviewers, with GPT-5.5 used only as an
auxiliary reference during the review process rather
than as the final decision maker. Where disagree-
ments arose, the final label was determined by dis-
cussion between the two reviewers. The goal of
this analysis is not to establish a formal legal eval-
uation benchmark, but to provide additional evi-
dence about the ranking tendencies encouraged by
SAGA.

Table 12 shows that SAGA improves Applicable
Precision@10 from 33.7% to 37.1% and reduces
the proportion of clearly irrelevant statutes from
25.5% to 19.1%. At the same time, the propor-
tion of topically related but inapplicable statutes
does not decrease, rising slightly from 36.1% to
38.3%. This suggests that the main effect of SAGA
is to replace many clearly irrelevant retrievals with
statutes that are more often applicable, rather than
to fully resolve fine-grained applicability errors.

A query-level comparison shows a similar pat-
tern: SAGA achieves a higher Applicable Preci-

Metric Baseline SAGA
Applicable Precision@ 10 33.7% 37.1%
Topically inapplicable Rate @10 36.1% 38.3%
Irrelevant Rate @10 25.5% 19.1%
Insufficient Facts Rate@ 10 47%  5.5%
Applicable Precision wins / ties / losses 377137726
Lower inapplicable rate wins / ties / losses 38 /18 /44

Table 12: Preliminary applicability-oriented manual
analysis on 100 sampled LexRAG test queries. Com-
pared with Qwen3-Embedding-4B, SAGA increases the
share of applicable statutes in the top-10 and reduces
clearly irrelevant statutes, although it does not reduce
the rate of topically related but inapplicable statutes.

Label SAGA-only Baseline-only
Applicable 130 96
Topically inapplicable 206 184
Irrelevant 87 151
Insufficient facts 30 22

Table 13: Label distribution of changed top-10 doc-
uments in the applicability-oriented manual analysis.
SAGA introduces more applicable statutes and fewer
clearly irrelevant statutes than the baseline, but also re-
tains many topically related yet inapplicable near-miss
results.

sion@ 10 than the baseline on 37 of the 100 sam-
pled queries, compared with 26 losses and 37 ties.
Moreover, among the documents newly introduced
by SAGA into the top-10, applicable statutes are
more frequent than among the documents uniquely
retained by the baseline (130 vs. 96), while clearly
irrelevant statutes are much less frequent (87 vs.
151). Overall, this exploratory analysis is consis-
tent with the main-text claim that SAGA shifts
ranking toward more applicable and less clearly ir-
relevant statutes, while also suggesting that further
work is needed to better suppress topically related
but ultimately inapplicable statutes.
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Figure 5: Sensitivity of the fusion weight « in the zero-
shot fusion score Sgpal = @8raw + (1 — @) Sstruct, where
a weights the raw semantic stream and (1 — a) weights
the structured stream. The best selection results are
obtained at « = 0.6 on LexXRAG Dev (0.6/0.4) and
a = 0.8 on STARD Train (0.8/0.2).

H Fusion-Weight Sensitivity

We examine the sensitivity of SAGA to the fusion
weight o in

Sﬁnal = " Spaw + (1 - O[) : gstructv

where « controls the contribution of the raw se-
mantic stream and (1 — «) controls the contribu-
tion of the structured stream. Because SAGA is
a zero-shot, training-free method, this analysis is
used only for weight selection and does not involve
model training. Accordingly, « is tuned on a held-
out selection split rather than on the final reporting
split: LexRAG uses the development split, while
STARD uses the training split and reserves the offi-
cial dev split for final evaluation.

As shown in Figure 5, the best selection result is
obtained at o = 0.6 on LexRAG, corresponding to
a 0.6/0.4 balance between the raw and structured
streams, and at o = 0.8 on STARD, corresponding
to a 0.8/0.2 balance. The curves remain relatively
stable around their optima, suggesting that SAGA
is not highly brittle to small changes in the fusion
weight.

Control-specific weight selection. We addition-
ally select the fusion weight independently for each
controlled auxiliary stream using N@10 on the
LexRAG development set. The No CAF setting
uses the raw query with AAF, while the No AAF
setting uses CAF with the raw statute text. The
selected weight is then applied unchanged to the
test set.

Setting Deva Test N@10 Test MRR

NoCAF 038 0.3480 0.3211
No AAF 0.6 0.3664 0.3358
SAGA 0.6 0.3696 0.3410

Table 14: Control-specific fusion-weight selection on
LexRAG. Each setting selects « using development-set
N@10 and applies the selected value unchanged to the
test set.

Both SAGA and the strongest controlled variant
select « = 0.6. SAGA remains numerically best
on the test set, indicating that the controlled com-
parison is not explained by using a fusion weight
specific to SAGA.

I Prompt Templates

This appendix reports the original prompt templates
used in our experiments. For readability, we pro-
vide both English summaries and Chinese versions.
The Chinese prompts are the primary source of
truth, while the English versions are provided for
presentation only.

For transparency, we report the extraction and
query-generation prompts as they were used in our
pipeline. These prompts define the JSON outputs or
text generations used by the corresponding retrieval
variants described in the main text.

The CAF regeneration analysis reported in Ap-
pendix C uses the same Chinese CAF extraction
prompt shown below for both the separate GPT-40-
mini API run and the DeepSeek-v4-pro run, thereby
isolating run-to-run and extractor-model variation.

For presentation, each template is separated ac-
cording to its API message role. The text un-
der “SYSTEM MESSAGE?” is sent as the system
message, while the text under “USER MESSAGE
TEMPLATE” is sent as the user message after
placeholder substitution. Box titles, role labels,
separators, and typographic styling are included
only for presentation.

I.1 English Prompt Templates

Template 1: CAF Extraction Prompt

SYSTEM MESSAGE

You are a legal consultation structure extrac-
tor. Your task is to extract a Case Applicability
Frame (CAF), i.e., a structured representation
of the user’s case situation, based only on the
user’s current query and dialogue history. Do
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not answer the legal question.

USER MESSAGE TEMPLATE
[Input Information]

Case Type: {case_type}

History: {history_queries_block}
Current: {current_query}
[Extraction Requirements]

1. Extract strictly from the user input. Do not

use external knowledge.

Do not provide legal advice, article names,
or judgments.

. Put important but currently unspecified in-
formation into missing_facts.

4. If uncertain, prefer [] or “unknown”.

5. Output a JSON object only.

[JSON Output Template]
{

"case_type": "",

"parties_roles": [1],
"legal_relations”: [],
"core_facts”: [1,

"dispute_issues”: [],
"remedy_goals": [1],
"procedural_stage"”: "",
"contract_or_condition_clauses”: [],
"exception_signals”: [1,
"missing_facts": []

b

cedural stages.

4. Output a JSON object only.

[JSON Output Template]
{
"article_id": "",
"law_domain”: ""

"target_subject”: [],
"governed_relations”: [],
"prerequisites”: [],
"exceptions”: [],
"procedural_scope”: [1],
"legal_effects”: [],
"issue_tags”: [],
"evidence_cues":

(]

Template 2: AAF Extraction Prompt

SYSTEM MESSAGE

You are a statute structure extractor. Your task is
to extract an Article Applicability Frame (AAF),
i.e., a structured representation of how a statute
applies, based only on the provided statute text.
USER MESSAGE TEMPLATE

[Input Information]

Name: {article_name}

Content: {article_content}

[Extraction Requirements]

1. Rely solely on the provided statute text.

2. Do not infer legal content that is not sup-
ported by the text.

3. Use [] for unmentioned exceptions or pro-
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SYSTEM MESSAGE

You are a legal query rewriter. Your task is not
to answer the question, but to rewrite a multi-
turn legal consultation into a single standalone
query for statute retrieval.

USER MESSAGE TEMPLATE
[Input Information]

Case Type: {case_type}

History: {history_queries_block}
Current: {current_query}
[Rewriting Requirements]

1. Rewrite strictly based on the user input.
Do not add facts that are not explicitly
stated.

. Do not provide legal advice, article names,
or explanations.

. Preserve key legally relevant facts, dispute
points, and relations whenever possible.

. Output only one rewritten Chinese re-
trieval query, without quotation marks,
numbering, or extra text.

Template 4: Summary Generation Prompt

SYSTEM MESSAGE

You are a legal retrieval summarizer. Your task
is not to answer the question and not to output
structured fields, but to compress a multi-turn
legal consultation into a single natural-language




summary query for statute retrieval.

USER MESSAGE TEMPLATE
[Input Information]

Case Type: {case_type}

History: {history_queries_block}
Current: {current_query}
[Summarization Requirements]

1. Summarize strictly based on the user input.
Do not add facts that are not explicitly

stated.

. Do not provide legal advice, article names,
or responsibility judgments.

Preserve key legally relevant information
whenever possible, including party re-
lations, core facts, dispute points, and
known conditions.

. Output a single concise natural-language
Chinese retrieval summary only.

. Do not use JSON, numbering, bullet
points, or schema-style field names.

-

J

Template 5: HyDE Prompt

SYSTEM MESSAGE

You are a legal retrieval assistant. Given a user’s
legal question, generate a concise and credible
hypothetical document that resembles relevant
legal text or a legal analysis summary, in order
to support downstream statute retrieval. Do not
output explanations or prefaces.

USER MESSAGE TEMPLATE

Please generate a hypothetical document that
would help retrieve relevant statutes for the fol-
lowing legal question.

Requirements:

1. Use Chinese.

2. The content should stay close to legal con-
cepts, legal relations, elements of liability,

responsibility, or remedies.
3. Do not fabricate specific statute numbers.

4. Keep it concise, around 120-220 Chinese
characters.

Question:
{query}

\

1.2 Chinese Prompt Templates

TR —: CAF FHEPrompt

SYSTEM MESSAGE
R — MERE RS HEES - RES
SRR P A0 A e R], R —
AR fE FHEZE (Case Applicability Frame,
CAF) », RIHTRRHAFREBOREH
WFRIR - NERZIEERH -
USER MESSAGE TEMPLATE

(AEE]
Z LAY {case_type}
[ 5817 {history_queries_block}
HHFEM]: {current_query}

(HhEEESK ]

1 DU R A B, AN R AR
ySIpl

T AW A AR B A
HI7

N EEEMKRUWAENE

A missing_facts -

N RE ISP AR ST B HA ] BAR A -
5. {4 HHISON %% -

(%7 HISON #5iHx )

4.

nn

"case_type": s

"parties_roles": [],
"legal_relations”: [],
"core_facts": [],

"dispute_issues”": [1],
"remedy_goals”: [],
"procedural_stage": "",
"contract_or_condition_clauses”: [],
"exception_signals": [],
"missing_facts": []

}
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TR

SYSTEM MESSAGE
PR — MRS MELES - REVHESS =N
RIELE BIESRIE, I — 1 EFE A
28 (Article Applicability Frame, AAF) 7,
BRI F R A 508 A S TR AU R 4
MRS -

USER MESSAGE TEMPLATE

CVNESSY

AAF fiE{Prompt




1£55 4 FR: {article_name}
15245 1E3C: {article_content}
(FlERE K ]

1. (URKHE2E RE VA AR IESCHHEL -
2. NEAINJESUR SR RN A -

3. %R B R B0 B A B0 AR T L
il -

4, EiHISON X5

(%7 HHISON AR ]
{

"article_id": ""
"law_domain”: ""
"target_subject”: [1,
"governed_relations”: [],
"prerequisites”: [1],
"exceptions”: [],
"procedural_scope”: [],
"legal_effects”: [1,
"issue_tags": [1],
"evidence_cues": []

X =: Query Rewriting Prompt

SYSTEM MESSAGE
FE—MERRRBENET S . RIES
AREER, TR RIERERNE
HE N —FESEFRRIARER
USER MESSAGE TEMPLATE

CVNESY
ZFRHERAL: (case_type}
[ 532 (A]: {history_queries_block}
X HIHEIA]: {current_query)

(85 E5K]

L QUKIER FRAES, NEIMAKA
RR B B

2. AEEHEAREW . AR A TREURRE
PHILF

3. REMRESERENAME R CBE
L FWRMKER

4. (U — IO REW, AEH
315~ GRS B MR -

PR PO: Summary Generation Prompt

SYSTEM MESSAGE
WRE—MEERRMES - RIESAE
EE A, ARk S, T
FEZRIERBT RN RSN —FiEGIER
REMERESHEDI
USER MESSAGE TEMPLATE

(AFR]
R {case_type}
[77 S 17]: {history_queries_block}
Y HTHEIA): {current_query}

(R E K]
1 DUHHEF PR AT IES, ANER N
AR AT H IR 5L

2. ANE g HIREEW . ERARETE
FAIWT o

3REMRESEFENMERIKRE
B, BFEIEXRR . BOLEE. Fil
RME R

4. DU H — 55T - BRI URR TR
2,

5. NE A HISON. "5 - WHSGS
B schema X% B4 -

1t fi: HyDE Prompt

SYSTEM MESSAGE

PR — BB RIEBY &% « ERYE A 1]
A, R BURTE  AIE - B RIEER SR
EER T E AR eSO, AT
e SRR RIES - AR R R,
AEGLIT R, ERFHIEN -

USER MESSAGE TEMPLATE

NN DX MER FAE S —BE B T
iﬁ%?ﬁ%ﬂ@@%&f&@(ﬁ .

1. R

2. NERMMSITARME - KA 1
RREAF ~ SRR T -

3. ANEmE BRERRS -
4. REFEITE, EHITE120-220 FLF -

[A] 7

{query}

16224



Metric Delta p-value 95% CI

LexRAG, SAGA vs. Qwen3-Embedding-4B

N@10 +0.0192 0.0170 [ +0.0033, +0.0351 ]
MRR +0.0164 0.0731 [-0.0017, +0.0346 ]
H@50 +0.0440 0.0003 [ +0.0210, +0.0671 ]
R@50 +0.0451 0.0002 [ +0.0231, +0.0692 ]
LexRAG, SAGA vs. HyDE + Qwen3-Embedding-4B

N@I10 +0.0523 < 0.0001 [ +0.0295, +0.0753 ]
MRR +0.0546 < 0.0001 [ +0.0302, +0.0798 ]
H@50 +0.0419 0.0209 [ +0.0084, +0.0755 ]
R@50 +0.0472 0.0058 [ +0.0140, +0.0814 ]
STARD, SAGA vs. Qwen3-Embedding-4B

N@10 +0.0079 0.2017 [ -0.0040, +0.0200 |
MRR +0.0153 0.0637 [ -0.0006, +0.0316 ]
H@50 +0.0065 0.6224 [ -0.0065, +0.0195 ]
R@50 +0.0089 0.2304 [-0.0043, +0.0233 ]
STARD, SAGA vs. HyDE + Qwen3-Embedding-4B

N@10 +0.0242 0.0470 [ +0.0006, +0.0476 ]
MRR +0.0284 0.0863 [-0.0041, +0.0601 ]
H@50 +0.0162 0.1244 [ +0.0000, +0.0325 ]
R@50 +0.0107 0.2619 [ -0.0068, +0.0296 |

Table 15: Paired sign-flip randomization tests over per-
query scores. Delta denotes SAGA minus the compari-
son system, and confidence intervals are estimated with
bootstrap resampling.

J Statistical Significance Tests

To verify that the main gains of SAGA are not
due to random variation, we conduct paired sign-
flip randomization tests over per-query scores on
the common qid intersection of the compared runs.
We report results against two strong baselines: the
strongest raw dense baseline, Qwen3-Embedding-
4B, and the LLM-enhanced retrieval baseline
HyDE + Qwen3-Embedding-4B. Across datasets,
the strongest evidence appears on LexRAG, where
SAGA achieves statistically significant improve-
ments over Qwen3-Embedding-4B on N@10,
H@50, and R@50, and over HyDE + Qwen3-
Embedding-4B on all four reported metrics. On
STARD, the gains are smaller overall: the com-
parison against Qwen3-Embedding-4B is not sta-
tistically significant, while the improvement over
HyDE + Qwen3-Embedding-4B remains signifi-
cant on N@10. These results are consistent with
the main-text observation that SAGA yields its
clearest and most robust gains in the conversational
LexRAG setting, while providing more modest im-
provements on STARD.

K Case Study: Tax Rule Specialization in
Conversational Statute Retrieval

Case motivation. This case study illustrates a set-
ting where the user gradually narrows a tax-law
consultation from general turnover-tax questions to
a highly abbreviated follow-up about mixed busi-
ness activities. The key question is whether re-

trieval can preserve the previously established VAT
context when the current turn becomes underspeci-
fied.

Turn Query focus Gold Role

T1 Business-tax standard VAT Reg. Art. establish
2,11 VAT do-

main

T2 VAT follow-up VAT Reg. Art. harder
4 follow-up

T3 Tax rate VAT Reg. Art. easy an-
2 chor

T4 Mixed business activities VAT Reg. Art. key  spe-
3 cialization

Table 16: Turn decomposition for the tax-rule special-
ization case.

T1: Establishing the VAT context

User query (CN): &4, B \BLEE LM, fiE
DA 2 SR AR -

Gold: (1 ARILFESGEBEITHRG) 55,
(e N\RIFIEREBEITHA) F+—5%

Raw dense retrieval

* Retrieval: Hits both gold statutes in the top-10, with
Art. 11 at rank 3 and Art. 2 at rank 8.

* Interpretation: The raw dense retriever already
enters the VAT domain, but the two gold anchors are
relatively dispersed in the ranking.

HyDE retrieval

* Retrieval: Hits only one gold statute in the top-10,
with Art. 2 at rank 1 and Art. 11 pushed down to
rank 34.

* Interpretation: HyDE sharpens one tax anchor, but
reduces overall gold coverage.

SAGA retrieval

« Retrieval: Hits both gold statutes in the top-5, with
Art. 2 at rank 3 and Art. 11 at rank 4.

* Interpretation: SAGA preserves the VAT context
while retrieving a more complete pair of statute-side
anchors, covering both the tax-object/scope side and
the tax-treatment side more tightly than the other
systems.

T2: A harder follow-up about VAT calculation

User query (CN): ASHE{EFINE?
Gold: (FiE NRIEFESGEBL TR HUKk

Raw dense retrieval

¢ Retrieval: Misses the gold in the top-10; Art. 4
appears at rank 14.

HyDE retrieval

¢ Retrieval: Also misses the gold in the top-10; Art. 4
falls to rank 36.

16225



SAGA retrieval

¢ Retrieval: Still misses the gold in the top-10; Art. 4
appears at rank 24.

* Interpretation: This turn is not a strength of SAGA.
All three systems remain inside the VAT domain,
but none precisely resolves the follow-up to the tax-
calculation rule in Art. 4.

T3: Easy tax-rate anchor

User query (CN): AFi R IE?
Gold: (e NRFLFEEEBEITHRA) F 5%

Raw dense retrieval / HyDE / SAGA

* Retrieval: All three systems hit the gold at rank 1.

* Interpretation: This is an easy turn, but it is useful
analytically because it shows that the conversation
remains centered on VAT. T4 should therefore be
interpreted as a more specialized follow-up within
the same tax-law context rather than as a new topic.

T4: Mixed-business specialization (core improvement)

User query (CN): Sl EXEERNREZIRE, ZEA

Gold: (e \RIHIER ERLET40) B=%

Raw dense retrieval

« Retrieval: Misses the gold in the top-10; Art. 3 falls
to rank 77.

 Interpretation: The raw dense baseline drifts away
from the established VAT context and instead re-
trieves enterprise-registration, market-entity, and
company-law articles triggered by the vague phrase
EEREZIRAR.

HyDE retrieval

* Retrieval: Misses the gold in the top-10.

 Interpretation: Generic query expansion does not
recover the intended tax-law specialization and re-
mains dominated by company-law and registration-
oriented evidence.

SAGA retrieval

¢ Retrieval: Hits the gold at rank 3, turning a raw-
rank-77 / HyDE-miss case into a top-5 success.

 Interpretation: SAGA preserves the previously es-
tablished VAT context and interprets the abbreviated
follow-up as a mixed-business tax issue. As a result,
it retrieves Art. 3, which is the correct statute-side
anchor for the compatibility boundary under mixed
or concurrent business activities.

Conclusion. This case illustrates both the strength
and the remaining limits of SAGA in conversa-
tional statute retrieval. On the easier early turns,
all systems can enter the correct tax-law domain,
although SAGA provides more complete gold cov-
erage in T1. The clearest benefit appears in T4:

when the user shifts to the highly abbreviated
query “/2EHIIRZ IR, raw dense retrieval and
HyDE both drift toward enterprise-registration and
company-law evidence, whereas SAGA preserves
the VAT context and promotes the gold statute from
raw rank 77 / HyDE miss to rank 3. At the same
time, T2 shows that SAGA does not solve all diffi-
cult follow-up turns, especially when the dialogue
requires more precise recovery of a tax-calculation
rule.

L Artifacts to be Released

To support reproducibility, we will release the fol-
lowing artifacts upon publication, subject to venue
policy and licensing constraints:

* Code for the full SAGA pipeline, including
preprocessing, CAF/AAF construction, dual-
stream retrieval, fusion, and evaluation.

* Prompts and parsing scripts for CAF extrac-
tion, AAF extraction, query rewriting, sum-
mary generation, and HyDE generation.

* Configuration files specifying model check-
points, extraction settings, retrieval and rerank-
ing settings, and fusion parameters.

* Run scripts for reproducing the main tables,
controlled dual-stream ablations, supplemen-
tary reranking analysis, CAF regeneration anal-
ysis, fusion-weight sensitivity, and significance
tests.

* Intermediate outputs for cached CAF/AAF
structures and regenerated CAFs where redis-
tribution is allowed, together with regeneration
scripts and aggregate AAF construction statis-
tics.

A detailed README will describe environment
setup, data preparation, and an end-to-end repro-
duction checklist for the main results and controlled
analyses.
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