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Abstract001

Graph-based Retrieval-Augmented Generation002
(GraphRAG) advances flat document retrieval003
by structuring knowledge as relational graphs,004
enabling more coherent and effective reason-005
ing. However, applying it to specific domains006
like legal reasoning faces critical challenges.007
(i) Legal corpora are heterogeneous, containing008
multi-granular knowledge from cases, articles,009
and interpretations. A flat knowledge graph010
cannot adequately differentiate between factual011
details, applied rules, and abstract principles,012
limiting accurate retrieval. (ii) Reliable legal013
judgment demands transparent, evidence-based014
reasoning. Traditional RAG passes retrieved015
context directly to an LLM without verification,016
resulting in opaque, error-prone reasoning. To017
this end, we propose LegalGraphRAG, a frame-018
work designed for reliable legal reasoning. Our019
approach introduces two core components: a020
hierarchical legal graph that hierarchically or-021
ganizes legal sources to enable retrieval at ap-022
propriate abstraction levels, and a multi-agent023
system for reliable legal reasoning, where a Re-024
searcher retrieves candidate evidence, an Audi-025
tor rigorously verifies its validity against source026
documents, and an Adjudicator synthesizes the027
set of verified evidence to render a final judg-028
ment. Extensive experiments show that Legal-029
GraphRAG achieves the state-of-the-art per-030
formance, outperforming existing GraphRAG031
baselines in accurate and trustworthy legal anal-032
ysis. Our code, datasets and implementation033
details are available at https://anonymous.034
4open.science/r/LegalGraphRAG-E845.035

1 Introduction036

The rapid advancement of Large Language Models037

(LLMs), like GPT (Achiam et al., 2023), Gem-038

ini (Comanici et al., 2025) and Qwen (Yang et al.,039

2025a) series, has driven significant progress in040

intelligent decision-making across various real-041

world tasks (Zhao et al., 2023; Naveed et al., 2025).042

However, deploying these models in specialized,043

Domain-Specific Query: Please adjudicate the following cases: Defendant 
Zhang signed a labor contract ... serving as the head chef of the project 
department. His main responsibility was handling the financial...

(a) Heterogeneous Knowledge Base          

(b) The Semantic Similarity Trap

(c) Trust & Verification Issues
Answer: Referencing the similar case (Fragment A), such acts of utilizing...with the 
provisions of Article 382...liable for the crime of Corruption.

How can I trust this unexplainable 
verdict? This answer is risky.

I missed the governing Rules 
needed to solve this.

Legal
Medical
Financail

Tree GraphVector DB
Flat Knowledge Construction

 Mixed Granularity

Similarity ≠ Utility

Blind Trust in Context

Case A: defendant Bai has... (irrelavant)
Article 271: Employees of... (relavant)
Article 382: If a state functionary...(irrelavant)

indexing

Facts/Rules/Principles

Figure 1: Challenges of Traditional RAG in Domain-
Specific Tasks. (i) Flat Graph Structure: Struggles
to handle heterogeneous documents. (ii) Unverified
Retrieval: Contains excessive irrelevant information.

knowledge-intensive fields like legal reasoning re- 044

mains challenging due to the domain’s demand- 045

ing standards of rigor and reliability (Lai et al., 046

2024; Hou et al., 2025; Siino et al., 2025). Domain- 047

specific tasks necessitate a comprehensive under- 048

standing and multi-step reasoning across a vast 049

knowledge base of specialized concepts, rigorous 050

rules, and complex dependencies (Wang et al., 051

2023; Kim et al., 2025), which requires strict logi- 052

cal reasoning and domain expertise that exceed the 053

capabilities of general-purpose LLMs. While Su- 054

pervised Fine-Tuning (SFT) (Ouyang et al., 2022; 055

Hu et al., 2022) on domain corpora enables mod- 056

els to internalize that expertise, this approach in- 057

curs substantial computational costs and often risks 058

critical catastrophic forgetting in many real-world 059

scenarios (Yue et al., 2024; Luo et al., 2025). 060
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Figure 2: Retrieval performance comparison revealing
that conventional RAG methods struggle with hetero-
geneous domain documents, suffering from high error
rates and limited effectiveness. detailed experimental
setup is introduced in Section 3.1 and Appendix A.3.

Recently, Retrieval-Augmented Generation061

(RAG) (Lewis et al., 2020; Borgeaud et al., 2022;062

Li et al., 2025) offers a practical solution to adapt063

LLMs for specific domains. RAG systems enable064

LLMs to generate responses by leveraging not only065

their parametric knowledge but also real-time re-066

trieved domain knowledge, thereby providing more067

accurate and reliable answers (Mallen et al., 2023;068

Zhang et al., 2025b). However, standard RAG sys-069

tems typically retrieve information based on seman-070

tic similarity (Karpukhin et al., 2020; Chen et al.,071

2024), treating documents as independent text seg-072

ments. This hinders complex multi-hop reasoning073

over hierarchical legal concepts and multiple docu-074

ments, limiting effectiveness in legal analysis.075

Graph-based Retrieval-Augmented Generation076

(GraphRAG) (Edge et al., 2024; Zhang et al.,077

2025a) advances this paradigm by organizing do-078

main corpora into structured relational graphs. This079

structural awareness captures hierarchical relation-080

ships between different concepts, thereby enabling081

more precise retrieval and supporting the multi-hop082

reasoning required for complex queries. However,083

directly applying standard GraphRAG to the legal084

domain faces critical challenges: ❶ A flat graph085

structure cannot capture the multi-granular hierar-086

chies present in legal corpora, which span factual087

details, applied rules, and abstract principles across088

legal cases, articles, and interpretations, thereby089

limiting accurate retrieval. ❷ Lack of verifiable,090

evidence-based reasoning. Traditional RAG passes091

retrieved context directly to an LLM without any092

verification. This “retrieve-then-generate” pipeline093

often results in opaque, error-prone reasoning.094

In this paper, we propose LegalGraphRAG,095

a novel framework that synergizes graph-based096

retrieval with the multi-agent reasoning system 097

for reliable legal reasoning. Specifically, Legal- 098

GraphRAG consists of two key components: (i) 099

Hierarchical legal graph (HierarGraph), which or- 100

ganizes legal knowledge into a hierarchical graph 101

to effectively decouple historical cases, relevant 102

statutes, and judicial interpretations, and (ii) a 103

multi-agent system for evidence-based reasoning, 104

where the legal judgment process is structured as 105

a transparent pipeline that retrieves, verifies, and 106

reasons over graph-grounded evidence to produce 107

interpretable decisions. Generally, our contribu- 108

tions are summarized as follows: 109

• We propose LegalGraphRAG, an evidence- 110

based legal reasoning framework driven by 111

a multi-agent system operating on a hierar- 112

chical knowledge graph, which address legal 113

heterogeneity and ensure reliable reasoning. 114

• We design a hierarchical legal knowledge 115

graph with Ontology, Fact, and Rule layers 116

to model multi-granular legal knowledge and 117

support accurate retrieval. 118

• We establish a multi-agent system for 119

evidence-based reasoning that performs ad- 120

judication through a transparent pipeline of 121

retrieval, validation, and synthesis, grounding 122

judgments in verifiable evidence chains. 123

• Extensive experiments show that Legal- 124

GraphRAG consistently outperforms existing 125

GraphRAG baselines and legal language mod- 126

els in accurate and trustworthy legal analysis. 127

2 Problem Statement 128

Complex legal reasoning is formulated as an open- 129

ended generation task evaluating the decision- 130

making capabilities of LLMs within the legal do- 131

main. Formally, given a criminal fact description f 132

and a defendant d, a LLM is tasked with predicting 133

the applicable charges y. In this paper, we focus on 134

integrating this reasoning framework with RAG to 135

assess the model’s ability to leverage external legal 136

knowledge for judicial reasoning. This task can be 137

organized into the following stages: 138

Knowledge Organization. Given an offline corpus 139

of legal documents D, including historical cases, 140

articles and interpretations we construct a domain- 141

specific legal knowledge graph: 142

KG = Φ(D), (1) 143

where Φ(·) denotes the organization function. 144
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Knowledge Retrieval. For a legal query charac-145

terized by criminal facts f and a defendant d, we146

retrieve relevant evidence from KG to form a con-147

textual reference:148

C = R(f, d,KG), (2)149

whereR(·) represents the retrieval operator.150

Judgment Generation. Finally, the legal judgment151

(e.g., charge) y is inferred by reasoning over the152

query and retrieved evidence:153

P (y | f, d, C) = G(f, d, C), (3)154

where G(·) denotes the generator LLM.155

3 Preliminary Study156

Applying standard retrieval paradigms to the spe-157

cialized, knowledge-intensive legal domain faces158

critical challenges due to the inherent structural159

complexity and rigorous standards of such fields.160

To illustrate these challenges, we conduct two pre-161

liminary experiments to empirically investigate the162

specific limitations of existing methods regarding163

knowledge granularity and generation quality.164

3.1 Investigation on Knowledge Granularity165

Complex domain knowledge possesses an inherent166

hierarchy. In the legal context, this necessitates dis-167

tinguishing between abstract statutory principles168

and concrete case facts. We hypothesize that stan-169

dard retrieval strategies fail to distinguish between170

these semantic granularities because they treat all171

text segments in the same way. To verify this, we172

compare a Flat Strategy against a naive Hierarchi-173

cal Strategy that explicitly segregates articles from174

case narratives (detailed in Appendix A.3).175

As illustrated in Figure 2, the empirical results176

confirm our hypothesis. Flat Strategy exhibit a177

distinct “granularity bias”, frequently prioritizing178

high-frequency factual details due to surface-level179

semantic overlaps, often at the expense of essential180

abstract principles. Conversely, Hierarchical Strat-181

egy aligns better with the domain’s logical structure,182

improving retrieval performance by 25.3%. This183

observation suggests that structural flatness consti-184

tutes a fundamental bottleneck for standard RAG185

when handling multi-granular knowledge.186

3.2 Investigation on Generation Quality187

Reliable domain reasoning demands not only in-188

formation retrieval but also evidence verification.189

Real-world legal environments often contain docu- 190

ments that share similar keywords but differ funda- 191

mentally in their domain applicability. To simulate 192

this realistic challenge, we conduct a test (detailed 193

in Appendix A.4). Specifically, we inject legally 194

plausible but factually irrelevant documents into 195

the retrieval context to evaluate the model’s ability 196

to focus on relevant evidence. 197

Charge Articles Term of Penalty

Method ACC↑
∆

ACC↑
∆

MAE↓
∆

(%) (%) (months)

RAG (Correct Context) 42.8 – 74.7 – 24.3 –
RAG + 2 Irrelevant Docs 34.9 ↓ 7.9 57.2 ↓ 17.5 27.7 ↑ 3.4
RAG + 4 Irrelevant Docs 32.9 ↓ 9.9 51.1 ↓ 23.6 28.4 ↑ 4.1
RAG + 6 Irrelevant Docs 29.8 ↓ 13.0 46.8 ↓ 27.9 31.7 ↑ 7.4

Table 1: Performance degradation under varying levels
of simulated retrieval noise. ACC (↑) denotes Accuracy
for Charge and Articles prediction. MAE (↓) represents
Mean Absolute Error for Term of Penalty.

As summarized in Table 1, standard RAG mod- 198

els exhibit significant sensitivity to context purity. 199

The inclusion of irrelevant information precipitates 200

a sharp performance drop. This observation shows 201

that without a dedicated verification mechanism 202

to filter irrelevant content, the model struggles to 203

distinguish valid evidence from misleading infor- 204

mation, which undermines reasoning reliability. 205

3.3 Discussion and Motivation 206

The findings from these two studies highlight fun- 207

damental limitations in applying standard RAG to 208

complex domains: ❶ Flat retrieval mechanisms 209

fail to navigate the hierarchical nature of domain 210

knowledge (e.g., distinguishing rules from facts), 211

resulting in biased context. ❷ The lack of an ex- 212

plicit verification step makes the system fragile to 213

misleading information, which is unacceptable in 214

rigorous fields like law. These insights motivate 215

the design of LegalGraphRAG, which incorporates 216

a Hierarchical Legal Graph to resolve granularity 217

conflicts and a Evidence-based Legal Reasoning 218

(Researcher-Auditor-Adjudicator) framework to en- 219

force rigorous verification. 220

4 The Framework of LegalGraphRAG 221

4.1 Overview 222

Traditional GraphRAG approaches face limitations 223

in legal judgment due to the heterogeneous and 224

multi-granular nature of legal corpora. To address 225

this challenge, We propose LegalGraphRAG, an 226

evidence-based legal reasoning framework driven 227

by a multi-agent system operating on a hierarchical 228
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HierarGraph

                         Defendant Zhang signed a 
labor contract with the Xiangjiaba 
Hydropower Station Yaojiaba Tunnel Project 
Department of the original Sichuan Road 
and ...

Query

Researcher

Case Feature

Candidate charges

D: Employee... C: Misappropriation of funds...
V: Company funds...  M: Subjective intent...

Embezzlement, Misappropriation of funds...

Stage1:   Exploring Heterogeneous Legal Knowledge

Mapping to 
legal essence

Predict 
directly

A2
J4

A1
J1 J3

J2

O2

C4
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F3Com1
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F5
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Ontology Graph

Fact Graph

Rule Graph

: Community Node     : Case Node   
: Case Feature Node     : Offence Node   
: Article Node(Gi)           : Article Node(Ge)
: Judicial Interpretation Node

Symbols
: Forward Process
: Edges between nodes

                      Name: Zhang Fact: Defendant Zhang signed a 
labor contract ... serving as the head chef of the project 
department. His main responsibility was handling the financial 
reimbursement for the monthly expenses of all canteens ...

Query

Article 382

State functionaries who, taking advantage of their office, 
misappropriate, steal, swindle, or use other illegal means to take 
possession of public property are to be convicted of the crime of 
embezzlement...

Article 271

Final Context

Final Results                            Charge: job-related embezzlement    Articles: 271    Imprisonment: 18 
Resoning: Zhang served as the head chef of the project department and was ...
[1] corresponds to Article 271 Paragraph 1...
[2] corresponds to Cases1([Charges: job-related embezzlement] [Name: Xu 3Mou])...

Searched Results A1 C2 C3 A2 C4

A1 C2 C3 A2 C4

Auditor

Adjudicator

Stage2:   Evidence-Based Reasoning

..."state functionaries" refers to 
persons performing public 
service...

Judicial Interpretation

Chef is not State
 functionaries

Fine-grained 
Evidence Check

Prune Irrelevant Documents

Figure 3: The architecture of LegalGraphRAG. The framework consists of two main phases: (1) Hierarchical
Knowledge Construction, which builds a Hierarchical Legal Graph (HierarGraph) comprising an Fact Graph,
Ontology Graph and Rule Graph to organize heterogeneous legal knowledge; and (2) Evidence-based Legal
Reasoning, where a multi-agent system (Researcher, Auditor, and Adjudicator) performs structured retrieval,
validation, and synthesis over the HierarGraph to generate interpretable legal decisions.

knowledge graph. The framework operates in two229

distinct phases: (i) Hierarchical Knowledge Con-230

struction, which organizes legal knowledge into231

a layered graph structure to effectively decouple232

historical cases, relevant statutes, and judicial in-233

terpretations, and (ii) Evidence-based Legal Rea-234

soning, structures the legal judgment process as235

a transparent pipeline that retrieves, verifies, and236

reasons over graph-grounded evidence to produce237

interpretable decisions. The whole framework is238

illustrated in Figure 3.239

4.2 Hierarchical Knowledge Construction240

Legal reasoning involves heterogeneous informa-241

tion sources, including historical cases, abstract242

legal articles, and interpretations. Employing a flat243

storage structure is not enough to handle the in-244

herent structural differences of these data sources,245

leading to disorganized information and inefficient246

retrieval. To address this challenge, we construct247

a Hierarchical Legal Graph (HierarGraph)H that248

organizes legal knowledge into distinct semantic249

layers, enabling explicit differentiation among le-250

gal concepts and providing a structured basis for251

reliable reasoning. The HierarGraph is composed252

of three specialized subgraphs:253

Fact Graph (Gfac), which serves as a structured254

collection of verified legal precedents, providing255

the essential factual basis for ensuring legally 256

grounded judgments. Accordingly, Gfac models the 257

natural structure of legal documents by explicitly 258

connecting Cases (C), Articles (A), and Offense 259

(O) nodes. Relationships are established via eca, 260

linking a case c to its cited article a, and eco, linking 261

a case c to its convicted offense o. This structure 262

provides the factual granularity required for evi- 263

dence gathering. Formally, it is defined as: 264

Gfac = (Vfac, Efac) =
({

ci, ai, oi
}|Gfac|
i=1

)
. (4) 265

Ontology Graph (Gont), which bridges the seman- 266

tic gap and mitigates noise by abstracting case 267

features. Gont distills raw narratives containing 268

instance-specific details (e.g., dates and locations) 269

into a purified semantic space that reflects the “legal 270

essence”. Specifically, we design a domain-specific 271

legal ontology based on legal theory (Rüthers et al., 272

2013), encompassing four key dimensions: Defen- 273

dant Attributes, Criminal Behaviors, Victim Char- 274

acteristics and Subjective Mental States. Keywords 275

and entities are extracted and aligned with these 276

properties to form structured embeddings, serving 277

as indices for Case Feature Nodes (F). 278

To reveal hidden connections between different 279

cases, we employ the k-Nearest Neighbors (k-NN) 280

algorithm to connect nodes with high semantic sim- 281

ilarity. We then apply the Leiden algorithm (Traag 282
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et al., 2019) to group related cases into communi-283

ties, each treated as a Community Node (K). Each284

k contains the summarized information of the cases285

inside it, facilitating hierarchical retrieval that navi-286

gates from broad contexts to specific details. For-287

mally, this subgraph is defined as:288

Gont = (Vont, Eont) =
({

ci, kj
}|Gont|
i=1,j=1

)
. (5)289

Rule Graph (Grul), which resolves statutory am-290

biguities by systematically linking Articles (A)291

with its corresponding Judicial Interpretations (J ).292

This explicit alignment establishes the contextual293

grounding necessary for precise legal reasoning.294

Moreover, applying the correct article often de-295

pends on specific conditions. A small difference296

can lead to a completely different judgment for the297

same crime. (e.g. whether the defendant is an adult298

or a minor). Simple semantic matching often fails299

to distinguish these subtle differences. To address300

this, we equip each a with a Diagnostic Checklist301

(D). This mechanism breaks down complex legal302

rules into specific verification steps. Formally, this303

subgraph is defined as:304

Grul = (Vrul, Erul) =
({

ai, ji
}|Grul|
i=1

)
. (6)305

where306
D(ai) = {d1, . . . , d|C|} (7)307

By integrating these three layers, HierarGraph308

H transforms heterogeneous legal corpora into a309

structured ecosystem. This architecture directly310

addresses the limitations of flat retrieval by offer-311

ing multi-granular support for following evidence-312

based legal reasoning. The detailed construction313

procedures are provided in Appendix B.1.314

4.3 Evidence-based Legal Reasoning315

To leverage the multi-granular knowledge encoded316

in our HierarGraph, we propose a multi-agent sys-317

tem for evidence-based reasoning, in which spe-318

cialized agents sequentially traverse the graph to319

perform evidence retrieval, validation, and synthe-320

sis. Specifically, the workflow consists of three321

agents:1) Researcher, 2) Auditor, and 3) Adjudica-322

tor. Through structured graph traversal and logical323

analysis, the framework resolves the raw case query324

by constructing a final, verifiable judgment.325

4.3.1 Evidence Retrieval326

A reliable evidence-based reasoning process begins327

with grounding a raw case description in relevant328

legal evidence. To this end, Researcher perform329

structured evidence retrieval over the Gont and the 330

Gfac, transforming unstructured case narratives into 331

a coherent set of related Cases (C) and Articles (A). 332

Specifically, the Researcher aligns the case de- 333

scription with the ontological dimensions defined 334

in Section 4.2. Based on these features, We for- 335

mulate the evidence retrieval processR(q) as the 336

union of three operators, where q is the legal query: 337

R(q) = Rsem(q) ∪Rcom(q) ∪Rchg(q) (8) 338

First, we employ Semantic Match Retrieval to lo- 339

cate direct evidence via semantic similarity, where 340

ϕ(·) denotes ontology-aligned embeddings: 341

Rsem(q) = Top-k
c∈Gont

sim
(
ϕ(q), ϕ(c)

)
(9) 342

Next, to capture structural context, we conduct 343

Community Expansion Retrieval. We first identify 344

the top-ranked communities by topic SK aligned 345

with the query, and then retrieve the most similar 346

cases within these communities: 347

K∗ = argmax
K∈Gont

sim
(
ϕ(q), ϕ(K)

)
Rcom(q) = Top-k

c∈K∗
sim

(
ϕ(q), ϕ(c)

) (10) 348

Finally, we implement Charge-Anchored Re- 349

trieval to anchor the legal basis by collecting cases 350

linked to inferred charges. Here, O(q) denotes 351

the set of predicted charges and N represents the 352

neighboring cases connected to charge o in Gfac: 353

Rchg(q) =
⋃

o∈O(q)

NGfac(o) (11) 354

The specific retrieval algorithms and parameter 355

settings are detailed in Appendix B.2. 356

4.3.2 Evidence Validation 357

Given the candidate evidence retrieved in the Ev- 358

idence Retrieval, this stage focuses on validating 359

whether the case facts genuinely satisfy the con- 360

ditions required by the law, rather than relying on 361

surface-level semantic relevance. 362

Specifically, for each candidate article, we verify 363

its applicability by evaluating the case facts using 364

the associated Diagnostic Checklist and Judicial 365

Interpretations encoded in the Grul. The verifica- 366

tion outcomes are then aggregated to produce a 367

definitive applicability judgment for each article. 368

Based on these judgments, Auditor filters the 369

retrieval subgraph by pruning inapplicable articles 370

and their associated case and charge nodes. Finally, 371

it organizes the remaining nodes into a legally con- 372

sistent and evidence-supported subgraph, which 373
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CAIL CMDL Average

Model Size
Public Safety Economic Social Order Person Rights Public Safety Economic Social Order Person Rights

All ∆ACC / F1 ACC / F1 ACC / F1 ACC / F1 ACC / F1 ACC / F1 ACC / F1 ACC / F1

Open-Source Models

Qwen-2.5-7B-Instruct 7B-Inst 24.0 45.8 23.1 42.5 22.9 36.7 27.4 46.0 25.8 32.4 28.7 35.8 27.2 42.1 32.8 49.6 26.7 ↑ 22.8
Qwen-3-8B 8B-Inst 31.7 49.2 25.8 42.7 26.3 39.8 27.6 47.8 44.0 52.3 44.7 53.1 42.7 51.9 53.0 57.7 35.2 ↑ 19.9
Internlm3-8b-instruct 8B-Inst 29.8 49.1 26.7 42.0 25.2 34.3 28.1 47.3 25.4 32.1 35.7 37.0 27.5 36.2 34.1 53.6 26.6 ↑ 22.9
Glm-4-9b-chat 9B-Inst 18.4 33.7 19.7 36.1 15.8 32.1 26.0 44.5 23.5 34.2 23.6 40.8 19.1 37.0 41.5 47.0 21.2 ↑ 28.2

Closed-Source Models

GPT-4o-mini ∼8B 19.7 35.5 19.6 33.3 15.5 35.2 29.0 46.3 18.0 28.0 22.7 31.9 21.9 32.0 35.9 50.3 28.4 ↑ 21.1
DeepSeek-V3.1 ∼200B 31.0 51.3 29.0 48.4 29.8 50.2 35.2 54.8 35.0 64.0 54.7 62.7 58.2 61.9 62.5 71.6 42.8 ↑ 6.7

Legal Specific Methods

DISC-LawLLM-7B 7B-Inst 40.1 50.9 31.0 51.5 34.8 47.7 34.5 56.0 49.7 53.6 39.6 52.1 30.3 49.5 48.4 63.3 30.3 ↑ 19.1
ADAPT 7B-Inst 38.7 43.7 32.7 43.4 27.6 41.7 35.2 50.7 54.5 58.8 57.1 59.4 40.9 43.4 61.5 62.1 42.8 ↑ 6.7
Legal ∆ 7B-Inst 40.8 50.6 25.1 37.4 32.1 43.7 34.1 53.6 58.3 61.5 51.8 55.8 50.2 54.8 65.8 64.4 42.4 ↑ 7.1

RAG Based Methods

Naive RAG 8B-Inst 31.0 45.7 24.4 38.7 28.1 38.4 34.5 46.8 45.8 57.3 44.8 55.2 46.8 58.5 49.6 57.8 33.3 ↑ 16.1
G-retriever 8B-Inst 33.8 48.0 26.0 39.8 23.8 39.3 32.6 50.1 36.8 40.0 42.5 48.8 45.3 50.7 46.2 52.4 34.4 ↑ 13.2
LightRAG 8B-Inst 20.4 43.6 21.7 42.5 19.0 42.5 26.9 50.6 37.9 50.1 43.2 45.1 44.2 51.3 43.7 46.9 30.5 ↑ 19.0
RAPTOR 8B-Inst 34.6 50.4 31.6 43.9 32.1 45.6 32.4 45.7 53.8 62.6 53.6 60.1 52.5 62.8 52.1 66.9 43.1 ↑ 6.3
HippoRAG2 8B-Inst 34.5 38.2 24.0 33.5 28.8 35.0 31.0 36.3 53.5 56.5 50.6 52.7 53.5 55.0 62.4 62.8 43.1 ↑ 6.3
LegalGraphRAG (Ours) 8B-Inst 42.9 54.3 38.5 53.6 37.6 51.1 37.2 58.3 65.5 66.5 59.8 65.1 58.5 63.7 70.1 72.7 49.5 –

Table 2: Performance comparison on CAIL and CMDL. We employ Qwen3-8B as the default backbone
model. The best results are highlighted in bold, and the second-best are underlined. We visualize the gains of
LegalGraphRAG over each baseline in the ∆ columns .

serves as a validated knowledge basis for subse-374

quent decision-making. Further implementation375

details can be found in Appendix B.2.376

4.3.3 Evidence Synthesis377

In the final stage, the validated evidence produced378

in the previous steps is synthesized to derive a379

legally grounded judgment. Based on the verified380

subgraph, Adjudicator integrates the confirmed ar-381

ticles (Af ), cases (Cf ), and offense information382

(Of ) to determine the applicable charges and their383

statutory basis. This process is formulated as:384

J = Adjudicator(q ⊕Af ⊕ Cf ⊕Of ) (12)385

Crucially, the judgment is not produced as a di-386

rect verdict. Instead, it is accompanied by explicit387

citations to the statutory articles and judicial inter-388

pretations used in the reasoning process, ensuring389

that every conclusion is directly traceable to veri-390

fied evidence in the HierarGraph.391

Overall, LegalGraphRAG formulates legal judg-392

ment as a transparent, evidence-based reasoning393

pipeline rather than a black-box generation process.394

Through sequential evidence grounding, validation,395

and synthesis, the system enforces stepwise verifi-396

cation and ensures that every conclusion is explic-397

itly derived from and supported by verified legal398

evidence, resulting in reliable judicial decisions.399

5 Experiment400

This section presents a comprehensive evaluation401

of LegalGraphRAG on two legal judgment bench-402

marks. Our experiments are designed to answer the 403

following three questions. Q1 (Generation Accu- 404

racy): Does LegalGraphRAG outperform SOTA 405

GraphRAG methods and leading legal-domain 406

LLMs in generation quality? Q2 (Case Study): 407

How does LegalGraphRAG handle specific legal 408

cases, and does it provide more interpretable out- 409

puts compared to baselines? Q3 (Ablation Study): 410

What is the contribution of each core component to 411

the final performance of LegalGraphRAG? More 412

additional experiments are provided in Appendix C 413

5.1 Experiment Setup 414

Datasets We evaluate on two widely used legal 415

benchmarks: CAIL2018 (Xiao et al., 2018) and 416

CMDL (Huang et al., 2024), covering diverse crim- 417

inal sub-fields such as Public Safety, Social Order, 418

Economic Offenses, and Person Rights. The re- 419

trieval knowledge base is built from a collection of 420

authoritative legal sources, including case datasets 421

and statutory texts. Further dataset details are pro- 422

vided in Appendix D.1 & D.2. 423

Baselines To ensure a comprehensive evalua- 424

tion, we categorize our comparative experiments 425

into four distinct groups: (i) Open-Source Mod- 426

els, utilizing Qwen-series (Yang et al., 2025a), 427

InternLM (Fei et al., 2025) and GLM (GLM 428

et al., 2024) as foundational backbones; (ii) 429

Closed-Source Models, represented by GPT- 430

4o-mini (Achiam et al., 2023) and DeepSeek- 431

V3.1 (Liu et al., 2024). (iii) Legal-Specific Meth- 432

ods, which include domain-specialized approaches 433
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Query                        Please render a judgment against the defendant Zhang based on the following facts: “Defendant Zhang signed a 
labor contract ... On December 19, 2016, the Yaojiaba Tunnel Project Department transferred 98,160 yuan into Zhang's account 
after the canteen expense reimbursement. Zhang withdrew 95,000 yuan ... and took an additional 3,000 yuan the following day.”

Answer Charge: job-related embezzlement
Article: 271  Imprisonment: 18 months

Answer Charge:Embezzlement  Article: 382  Imprisonment: 36 months

Answer Charge:Embezzlement  Article: 382  Imprisonment: 36 months Answer Charge: Job-Related Embezzlement  Article: 271  Imprisonment: 18 months

RAG Based Methods

Legal Syllogism Based Methods

Indexing Retrieval and Inference

Major premise Minor premise

GraphRAG Evidence-Based Reasoning

HierarGraph Multi-Agent Reasoning

Execution Process

Tree Graph
Vector DB

Flat Knowledge Construction

Similarity: 0.94    Content: defendant Bai has...
Similarity: 0.92    Content: From 2009 to 2011...
Similarity: ...        Content: ...
Similarity: 0.79    Content: Article 271 ...
Missing key Articles for reasoning

Due to a lack of key knowledge, I am unable 
to perform credible reasoning.

Considering relevant articles

Obstacles encountered during reasoning 
due to a lack of external knowledge.

Article 382: If a state functionary...
Article 383: Those who commit...
Article 385: A state functionary...
Article 271: Employees of...

Missing Articles because of 
Model bias

Reasoning with fact

According to Article 382, ​​I need to first check 
whether the defendant is a state employee, but I 
do not know the definition of a state employee?

Researcher Auditor Adjudicator

Searching Cases and Articles in HierarGraph
Article 382: If a state functionary...
Article 271: Employees of...

Case 1: defendant Bai has...
Case 2: From 2009 to 2011...

Auditor each Articles with Fact

Final Judge Based on the Auditor’s result

Article 382: If a state functionary...
Article 271: Employees of...

Case 1: defendant Bai has...
Case 2: From 2009 to 2011...

Defendant Zhang is found guilty of ... He was an employee of the project 
department [2] and used his position to illegally take possession of ...
[1] Criminal Law, Article 271 [2] Criminal Law, Article 92 [3] Judici...

Figure 4: A comparative case study illustrating the reasoning trajectories of different methods. While Naive
RAG fails due to missing legal articles and syllogism-based methods struggle with ambiguities, LegalGraphRAG
derives the correct judgment. By leveraging the HierarGraph and Evidence-based Legal Reasoning, our framework
demonstrates transparency and reliability, providing a verifiable reasoning chain grounded in legal evidence.

Figure 5: Retrieval Performance Comparison. Legal-
GraphRAG demonstrates superior retrieval effectiveness
and significantly lower error ratios compared to conven-
tional flat graph baselines.

such as Disc-LLM (Yue et al., 2024), Legal∆ (Dai434

et al., 2025), and ADAPT (Deng et al., 2024b); and435

(iv) RAG-Based Methods, encompassing Naive436

RAG and advanced graph-augmented strategies437

like G-retriever (He et al., 2024a), RAPTOR (Sarthi438

et al., 2024), LightRAG (Guo et al., 2024), and439

HippoRAG2 (Gutiérrez et al., 2025). Detailed con-440

figurations are provided in Appendix D.4.441

Evaluation Metrics We employ Accuracy and442

Micro-F1 score to evaluate prediction performance.443

Detailed definitions are provided in Appendix D.3.444

Implementation Details We utilize GPT-4o-445

mini for graph construction and BGE-m3 (Chen446

et al., 2024) for embedding generation. Various447

LLMs serve as backbone models for the reasoning448

phase. We employ Qwen3-8B (Yang et al., 2025a)449

as the default backbone model for our main experi- 450

ments. Full hyperparameter settings and hardware 451

specifications are detailed in Appendix D.5. 452

5.2 Generation Accuracy (Q1) 453

To address Q1, we evaluate LegalGraphRAG 454

against SOTA RAG methods and specialized le- 455

gal LLMs on two legal judgment datasets. The 456

primary comparison results for charge prediction 457

are reported in Table 2, with extended analyses in 458

Tables 4, 5, and 6 in Appendix. We summarize the 459

key observations below. 460

Obs.1. LegalGraphRAG consistently outper- 461

forms baselines in legal datasets. Our method 462

achieves the best results on most evaluation metrics 463

across both datasets. Notably, LegalGraphRAG de- 464

livers significant improvements ranging from 6.3% 465

to 19.1% over the strongest baselines. Unlike stan- 466

dard GraphRAG methods that struggle in the legal 467

domain, our approach effectively structures het- 468

erogeneous knowledge, thereby enhancing legal 469

reasoning capabilities and improving charge pre- 470

diction accuracy overall. 471

Obs.2. LegalGraphRAG substantially surpasses 472

existing specialized legal LLMs. Our approach 473

outperforms Legal ∆ and ADAPT by an average of 474

7.1% and 6.7%, respectively. Moreover, as shown 475

in Table 4 in Appendix, LegalGraphRAG integrates 476

flexibly with different backbone models, achieving 477

a peak performance of 78.7% on CMDL when com- 478
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Figure 6: Reliability Analysis. LegalGraphRAG signif-
icantly increases the proportion of Traceable Correct
samples, effectively minimizing Untraceable Correct
predictions where the answer is correct but lacks sup-
porting evidence in the retrieved context.

bined with strong backbones. This demonstrates479

strong adaptability and robust reasoning compared480

to specialized legal-domain baselines.481

5.3 Case Study (Q2)482

To demonstrate the superior interpretability of our483

framework, we present a qualitative analysis of484

a representative criminal case in Figure 4. More485

cases are provided in Appendix E.486

Obs.3. LegalGraphRAG retrieves significantly487

more relevant and comprehensive evidence. As488

illustrated in Figure 5, conventional flat graph struc-489

tures (e.g., HippoRAG2) struggle to handle hetero-490

geneous legal documents, often failing to capture491

essential statutes. This structural limitation leads492

to fragmented context. In contrast, our hierarchical493

organization effectively structures legal knowledge,494

ensuring that the retrieved context is sufficient to495

support robust reasoning.496

Obs.4. LegalGraphRAG guarantees decision497

traceability through rigorous evidence ground-498

ing. While baseline models often achieve cor-499

rect predictions, our reliability analysis (Figure500

6) reveals a critical issue of “unsupported correct-501

ness”, where the model predicts the right charge502

but fails to retrieve the necessary supporting evi-503

dence. This implies that the prediction is not sup-504

ported by relevant evidence or a valid reasoning505

chain. LegalGraphRAG significantly increases the506

ratio of “Traceable Correct” samples (defined in507

Appendix A.5). By enforcing strict verification, our508

system ensures that every statute cited in the judg-509

ment is explicitly present in the retrieved context,510

transforming opaque predictions into transparent,511

traceable decisions.512

CAIL

Settings ACC ∆

LegalGraphRAG (Full) 40.9 –

w/o HierarGraph 33.7 ↓ 7.2

w/o Researcher 36.9 ↓ 4.0
w/o Semantic Match 39.1 ↓ 1.8
w/o Community Exp. 38.5 ↓ 2.4
w/o Charge-Anchored 39.3 ↓ 1.6

w/o Auditor 37.5 ↓ 3.4

Table 3: Ablation study of LegalGraphRAG compo-
nents on the CAIL dataset. Results underscore the in-
dispensable role of the HierarGraph for knowledge or-
ganization and the synergy between the Researcher and
Auditor agents in ensuring reasoning accuracy.

5.4 Ablation Study (Q3) 513

To quantify the impact of each component, we per- 514

formed a systematic ablation study by removing 515

specific modules from the full LegalGraphRAG 516

framework. Results are detailed in Table 3. 517

Obs.5. Hierarchical structure is the cornerstone 518

of performance. Removing the hierarchical graph 519

(w/o HierarGraph) causes the sharpest accuracy 520

drop of 7.2%. This confirms that separating con- 521

crete facts from abstract rules into distinct granular 522

levels is essential, providing structural precision 523

that flat indexing lacks. 524

Obs.6. The multi-agent workflow guarantees 525

reasoning reliability. Excluding the Researcher 526

and Auditor degrades accuracy by 4.0% and 527

3.4%, respectively. This validates their synergis- 528

tic roles: the Researcher maximizes evidence cov- 529

erage through diverse retrieval strategies, while 530

the Auditor enforces rigorous verification, ensuring 531

only validated evidence supports the judgment. 532

6 Conclusion 533

In conclusion, we have presented LegalGraphRAG, 534

an evidence-based legal reasoning framework that 535

addresses the critical challenges of legal hetero- 536

geneity and reasoning reliability. By integrating a 537

hierarchical knowledge graph with a collaborative 538

multi-agent system, our approach transforms the le- 539

gal reasoning process into a transparent pipeline of 540

retrieval, verification, and synthesis. Extensive ex- 541

periments on legal judgment benchmarks validate 542

that LegalGraphRAG establishes a new state-of- 543

the-art, significantly advancing accurate and trust- 544

worthy AI for reliable and complex legal analysis. 545
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Limitation546

While LegalGraphRAG demonstrates significant547

proficiency in processing textual legal documents548

and statutes, its current scope is confined to uni-549

modal textual inputs. Real-world judicial proceed-550

ings, however, often rely on a heterogeneity of551

evidence types, including crime scene photogra-552

phy, surveillance footage, scanned handwritten doc-553

uments, and audio recordings of court hearings.554

Currently, our framework requires all non-textual555

evidence to be transcribed or described textually556

before processing, which may result in the loss557

of critical visual or auditory nuances essential for558

fact verification. For instance, distinguishing be-559

tween “inten” and “negligence” might sometimes560

rely on visual cues in surveillance video that tex-561

tual descriptions fail to capture fully. Extending562

the Hierarchical Legal Knowledge Graph to incor-563

porate multimodal nodes (e.g., embedding visual564

evidence into the Fact Graph) represents a promis-565

ing avenue for future research. Such an extension566

would enable the model to perform cross-modal567

reasoning, verifying textual testimony against vi-568

sual evidence, thereby moving closer to a holistic569

and robust “Smart Court” system.570

Ethics Statement571

We confirm that this study fully complies with the572

ACL Ethics Policy. Below, we address specific eth-573

ical considerations regarding the data and the ap-574

plication of our proposed model, LegalGraphRAG.575

Data Privacy and Compliance Our experiments576

involve four publicly available datasets (CAIL2018,577

CMDL, JuDGE, and LeCaRDv2) and statutory578

texts. These resources are established benchmarks579

in the legal NLP community. We emphasize that580

all court judgments utilized in this work have been581

pre-processed and anonymized by the original data582

providers. Private details, including the real names583

of defendants and victims, have been removed or584

masked to ensure no personally identifiable infor-585

mation (PII) is exposed. We strictly use this data586

for academic research purposes and adhere to their587

respective data usage licenses.588

Bias and Fairness We acknowledge that mod-589

els trained on historical legal judgment data may590

inadvertently capture or amplify inherent biases591

present in the judicial system, such as those related592

to region or gender. While our work focuses on593

improving the logical reasoning and retrieval capa- 594

bilities of legal LLMs through GraphRAG, where 595

the outputs are interpreted with clear evidence. 596

Intended Use and Misuse The proposed Legal- 597

GraphRAG is designed as an assistive tool to sup- 598

port legal professionals and researchers in retriev- 599

ing precedents and analyzing case facts. It is not 600

intended to replace human judges or lawyers, nor 601

should it be deployed as a fully automated decision- 602

making system in real-world judicial scenarios. 603

The “prison term” and “judgment” predictions gen- 604

erated by the model should be viewed as reference 605

probabilities rather than enforceable verdicts. 606
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A Frequently Asked Questions (FAQs)981

A.1 What are the advantages of982

LegalGraphRAG?983

LegalGraphRAG introduces several key advance-984

ments over traditional retrieval-augmented genera-985

tion methods and specialized legal LLMs, address-986

ing critical challenges in the legal domain through987

its hierarchical structure and multi-agent workflow.988

Superior Retrieval Effectiveness. First, our989

framework significantly improves how legal infor-990

mation is retrieved. While traditional flat retrieval991

methods often struggle to differentiate between spe-992

cific case facts and abstract statutory rules, our hier-993

archical graph organizes this complex information994

into distinct levels. This structure ensures that the995

system captures both detailed evidence and high-996

level principles, providing a much more compre-997

hensive context than standard baselines.998

Trustworthy and Transparent Reasoning. Sec-999

ond, LegalGraphRAG addresses the “black box”1000

issue common in standard LLMs. Instead of gen-1001

erating answers directly, which can lead to hallu-1002

cinations or correct predictions based on wrong1003

premises, our system employs a multi-agent work-1004

flow. This process strictly verifies the retrieved evi-1005

dence against the facts of the case. Consequently,1006

it constructs a logical chain of evidence, ensuring1007

that the final judgment is grounded in valid legal1008

logic rather than statistical probability.1009

Flexibility and Model Agnosticism. Finally, the1010

framework offers superior flexibility compared to1011

rigid, specialized legal models. Unlike methods1012

that require extensive and costly fine-tuning on le-1013

gal datasets, LegalGraphRAG functions as a mod-1014

ular system. It allows users to easily swap the1015

underlying backbone model. As demonstrated in1016

our experiments, this capability enables the integra-1017

tion of powerful closed-source models to achieve1018

state-of-the-art performance without the need for1019

additional training.1020

A.2 How to Evaluate Legal Reasoning?1021

We utilize Legal Judgment Prediction (LJP) as the1022

primary experimental testbed because it serves as1023

a rigorous “cognitive touchstone” for evaluating1024

complex reasoning in specialized domains. While1025

our introduction highlights broader challenges in1026

healthcare, finance, and law, LJP uniquely encapsu-1027

lates the core difficulties of high-stakes reasoning.1028

Validating Hierarchical Knowledge Alignment 1029

Introduction Challenge (i) highlights the difficulty 1030

of managing heterogeneous knowledge. LJP ex- 1031

emplifies this struggle by requiring the model to 1032

bridge the semantic gap between concrete case 1033

facts and abstract statutory rules. Successfully 1034

mapping these distinct granularities validates the 1035

effectiveness of our hierarchical graph structure in 1036

organizing multi-level domain knowledge. 1037

Evaluating Rigorous Logical Deduction Unlike 1038

general Question Answering tasks that may rely 1039

on surface-level semantic matching, LJP necessi- 1040

tates strict syllogistic reasoning (Major Premise 1041

→Minor Premise→ Conclusion). This structural 1042

dependency provides an ideal setting to stress-test 1043

our Multi-Agent framework, specifically validating 1044

whether the Auditor can effectively filter irrelevant 1045

distractions and enforce the logical consistency. 1046

Benchmarking High-Stakes Reliability In pro- 1047

fessional domains, plausibility is insufficient; accu- 1048

racy is paramount. LJP imposes a zero-tolerance 1049

standard for hallucination, as every judgment must 1050

be supported by cited articles. By demonstrat- 1051

ing that LegalGraphRAG can produce verifiable, 1052

evidence-based judgments in this demanding con- 1053

text, we establish a strong precedent for its applica- 1054

bility to critical domains like medicine and finance. 1055

A.3 How was the retrieval performance 1056

evaluated and compared across different 1057

strategies? 1058

To ensure consistent assessment throughout our 1059

study (spanning both the preliminary investigation 1060

and main comparative experiments), we established 1061

a standardized evaluation pipeline based on the 1062

legal corpora and CAIL (Xiao et al., 2018) dataset 1063

described in Section D.2. The evaluation procedure 1064

consists of three steps. 1065

Execution on Test Set For every case query in 1066

the test dataset, we executed two representative 1067

RAG strategies. The Flat Strategy follows the tra- 1068

ditional baseline approach, indexing all legal docu- 1069

ments in a unified flat repository. The Hierarchical 1070

Strategy, built upon Naive RAG, adopts a decou- 1071

pled approach by separately storing and retrieving 1072

legal articles and historical cases. Based on these 1073

strategies, each model retrieved a set of candidate 1074

evidence from the corpus. 1075

Ground Truth Alignment We utilized the arti- 1076

cles provided in the dataset (ground truth articles) 1077
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as the “Gold Standard,” as all cases in the dataset1078

are inherently annotated with their relevant statu-1079

tory articles. Any retrieved node matching these1080

articles was marked as a True Positive.1081

Metric Calculation Based on the alignment re-1082

sults, we quantified performance using the two key1083

indicators defined in Section D.3:1084

• Retrieval Effectiveness: This measures the Re-1085

call of gold-standard evidence, indicating the1086

system’s ability to locate legal evidence.1087

• Error Rate: This assesses the proportion of1088

irrelevant or misleading nodes within the re-1089

trieved context reflecting the system’s ability1090

to filter distractions.1091

This allows us to objectively compare how dif-1092

ferent structural approaches (flat vs. hierarchical)1093

impact the precision of legal reasoning.1094

A.4 How were the “context with irrelevant1095

information” constructed for the1096

Generation Quality investigation?1097

To rigorously test the model’s verification capabili-1098

ties, we constructed evaluation contexts containing1099

High-Similarity Irrelevant Information. Instead of1100

including randomly selected texts, we curated sets1101

of documents that are semantically similar to the1102

correct evidence but legally inapplicable. This de-1103

sign mirrors real-world scenarios where documents1104

share surface-level keywords but differ fundamen-1105

tally in domain applicability. The construction pro-1106

cess involved two steps:1107

Ground Truth Context: First, we established1108

the baseline context using the ground truth pro-1109

vided in the CAIL (Xiao et al., 2018) dataset. For1110

each case, this set consists exclusively of the cor-1111

rect applicable articles required for the judgment.1112

Injection of Irrelevant Distractors: To simulate1113

the presence of legally plausible but factually irrel-1114

evant documents, we utilized the entire Criminal1115

Law code as a retrieval corpus. For each correct1116

article in the Ground Truth Context, we performed1117

a vector-based similarity search over this corpus to1118

identify the top-k most similar articles that were1119

not part of the ground truth.1120

These retrieved articles serve as High-Similarity1121

Distractors: they share significant lexical and se-1122

mantic overlap with the correct laws (e.g., sharing1123

keywords like “theft” or “fraud”) but differ in spe-1124

cific constitutive elements or sentencing standards.1125

By mixing these irrelevant documents into the con- 1126

text, we created a challenging environment that 1127

forces the model to discern legal essence from su- 1128

perficial similarity. 1129

A.5 Reliability Analysis Definitions 1130

We analyzed the CAIL test results to categorize 1131

correct predictions based on evidence support. A 1132

prediction is classified as Traceable Correct if the 1133

model correctly predicts the charge and success- 1134

fully retrieves the ground-truth articles. Conversely, 1135

it is Untraceable Correct if the correct charge is 1136

predicted despite failing to retrieve the necessary 1137

articles. 1138

B Method Details 1139

In this section, we provide the comprehensive tech- 1140

nical specifications and implementation details of 1141

the proposed LegalGraphRAG framework. As 1142

outlined in the main text, our approach operates 1143

in two distinct phases: (i) Hierarchical Knowl- 1144

edge Construction, which organizes legal knowl- 1145

edge into a layered graph structure to effectively 1146

decouple historical cases, relevant articles, and judi- 1147

cial interpretations; and (ii) Evidence-based Legal 1148

Reasoning, which employs a collaborative agent 1149

workflow to retrieve relevant evidence and generate 1150

verifiable judgments. 1151

B.1 Hierarchical Knowledge Construction 1152

We construct a Hierarchical Legal Graph G com- 1153

posed of three specialized subgraphs, as illustrated 1154

in Figure 3. This multi-layered structure explicitly 1155

differentiates between specific precedents, abstract 1156

case relationships, and rigorous statutory rules. 1157

Fact Graph (Gfac) serves as the repository for 1158

ground-truth precedents. It encodes the natural 1159

structure of legal documents by explicitly linking 1160

Cases (C), Articles (A), and Offenses (O). Edges 1161

are established to represent citation relationships 1162

(eca : C → A) and conviction outcomes (eco : C → 1163

O). Formally, it is defined as: 1164

Gfac = (Vfac, Efac) =
({

ci, ai, oi
}|Gfac|
i=1

)
.

(13) 1165

Ontology Graph (Gont) abstracts case features to 1166

model inter-case relationships. To map unstruc- 1167

tured narratives into a structured semantic space, 1168

we define a domain-specific ontology along four 1169

dimensions: Defendant Attributes, Criminal Behav- 1170

iors, Victim Characteristics, and Subjective Mental 1171
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Figure 7: Case study of LegalGraphRAG compared to baselines. Their execution processes are compared in detail.

States. Keywords are extracted and aligned with1172

these dimensions to form Case Feature Nodes (F ).1173

Structurally, we utilize the k-Nearest Neighbors1174

(k-NN) algorithm to establish semantic edges be-1175

tween cases. Based on this topology, we apply the1176

Leiden algorithm (Traag et al., 2019) to cluster re-1177

lated cases into Community Nodes (K), facilitating1178

coarse-to-fine retrieval. The subgraph is formally1179

defined as:1180

Gont = (Vont, Eont) =
({

ci, kj
}|Gont|
i=1,j=1

)
. (14)1181

Rule Graph (Grul) incorporates fine-grained legal1182

knowledge to resolve statutory ambiguities. This1183

graph consists of Articles (A) and Judicial Inter-1184

pretations (J ), linked by explicit cross-references.1185

To further enhance precision, each article node ai1186

is equipped with a Diagnostic Checklist D(ai).1187

Generated by parsing statutory texts, this check-1188

list decomposes complex legal provisions into1189

atomic boolean queries. For instance, regarding1190

Article 266 (Fraud), the checklist validates the logi-1191

cal chain of the crime: “Did the defendant fabricate1192

facts or conceal the truth?”, “Did the victim fall1193

into a mistake due to this act?”, and “Did the victim1194

dispose of property based on this mistake?”. This1195

mechanism forces the model to verify each consti-1196

tutive element step-by-step, rather than relying on1197

vague semantic overlaps. Formally, this subgraph1198

and its associated checklists are defined as:1199

Grul = (Vrul, Erul) =
({

ai, ji
}|Grul|
i=1

)
, (15)1200

where 1201

D(ai) = {d1, . . . , d|C|}. (16) 1202

By integrating these three layers, HierarGraph 1203

G transforms heterogeneous legal corpora into a 1204

structured ecosystem. This architecture directly 1205

addresses the limitations of flat retrieval by offering 1206

multi-granular support for our multi-agent system. 1207

B.2 Evidence-based Legal Reasoning 1208

We propose a multi-agent framework to emulate the 1209

rigorous workflow of legal professionals. This sys- 1210

tem operates sequentially through three specialized 1211

agents (Researcher, Auditor, and Adjudicator) to 1212

transform a case query into a verifiable judgment. 1213

Researcher Agent: This agent is responsible for 1214

grounding the unstructured case query in relevant 1215

legal knowledge. First, it aligns the raw case de- 1216

scription with the ontology structure in Gont, ex- 1217

tracting standardized evidentiary features (e.g., de- 1218

fendant characteristics and criminal behaviors). 1219

Based on these features, we formulate the evi- 1220

dence retrieval processR(q) as the union of three 1221

parallel strategies, where q is the legal query: 1222

R(q) = Rsem(q) ∪Rcom(q) ∪Rchg(q) (17) 1223

(i) Semantic Match Retrieval: We first locate di- 1224

rect evidentiary analogues via fine-grained seman- 1225

tic similarity. Let ϕ(·) denote the ontology-aligned 1226

embeddings, this process is defined as: 1227

Rsem(q) = Top-k
c∈Gont

sim
(
ϕ(q), ϕ(c)

)
(18) 1228
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Figure 8: Case study of LegalGraphRAG compared to baselines. Their execution processes are compared in detail.

(ii) Community Expansion Retrieval: To cap-1229

ture broader structural context, we employ a1230

community-guided strategy. We identify the single1231

most relevant thematic communityK∗ aligned with1232

the query, and then retrieve the top-k similar cases1233

restricted within this community:1234

K∗ = argmax
K∈Gont

sim
(
ϕ(q), ϕ(K)

)
Rcom(q) = Top-k

c∈K∗
sim
(
ϕ(q), ϕ(c)

) (19)1235

(iii) Charge-Anchored Retrieval: Finally, we an-1236

chor the legal basis by retrieving cases linked to1237

inferred charges. Here,O(q) denotes the set of pre-1238

dicted charges and NGfac
(o) represents the neigh-1239

boring cases connected to charge o in the Fact1240

Graph:1241

Rchg(q) =
⋃

o∈O(q)

NGfac
(o) (20)1242

These three retrieval strategies organize the can-1243

didate evidence set Scand.1244

Auditor Agent: Operating on the candidate evi-1245

dence set Scand, the Auditor validates the appli-1246

cability of each retrieved article va through a rig-1247

orous verify-and-prune mechanism. This process1248

proceeds in three specific steps:1249

(i) Diagnostic Retrieval: For each article va, the1250

agent retrieves its specific Diagnostic Checklist1251

D(va) = {d1, . . . , d|C|} and relevant Judicial In-1252

terpretations J from the Rule Graph Grul.1253

(ii) Item-wise Verification: The agent executes a 1254

verification loop for each diagnostic item dk ∈ 1255

D. It evaluates whether the raw case facts 1256

q satisfy the specific legal condition dk, sup- 1257

porting the judgment with the interpretive con- 1258

text J . This produces a set of boolean veri- 1259

fication results Vresults = {rk}, where rk ← 1260

CheckCondition(q, dk, va,J ). 1261

(iii) Decision and Pruning: Finally, the Audi- 1262

tor synthesizes the verification results Vresults to 1263

determine the overall applicability of the article. 1264

If the article fails to meet the necessary criteria 1265

(IsApplicable is False), the Auditor executes a 1266

pruning operation: 1267

Sverified ← Prune(Sverified, va) (21) 1268

This step removes the inapplicable article node 1269

va along with its dependent case precedents and 1270

charge nodes, ensuring that the final subgraph 1271

Sverified contains only logically valid and appli- 1272

cable evidence. 1273

Adjudicator Agent: The Adjudicator synthesizes 1274

the verified subgraph Sverified to render the final 1275

judgment. Specifically, it organizes the valid nodes 1276

extracted from Sverified into sets of confirmed arti- 1277

cles (V f
A ), case precedents (V f

C ), and charge infor- 1278

mation (V f
O ). By integrating these evidence com- 1279

ponents with the original query q, it generates a 1280

response with explicit citations. This process is 1281
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Algorithm 1 Evidence-based Legal Reasoning

Require: Raw case query q; Ontology Graph Gont; Fact Graph Gfac; Rule Graph Grul.
Ensure: Final Judgment J with citations.

Stage 1: Researcher Agent (Multi-Strategy Retrieval)
1: ϕ(q)← OntologyAlign(q,Gont) ▷ Align query to ontology features

Parallel Evidence Retrieval Strategies:
2: Scand ← Rsem ∪Rcom ∪Rchg ▷ Union of candidate evidence

Stage 2: Auditor Agent (Verification & Pruning)
3: Sverified ← Scand
4: for each article node va ∈ Scand do
5: D ← RetrieveChecklist(va,Grul) ▷ Get checklist D(va) = {d1, . . . , d|C|}
6: J ← RetrieveInterpretations(va,Grul) ▷ Get Judicial Interpretations
7: Vresults ← ∅
8: for each diagnostic item dk ∈ D do ▷ Item-wise verification loop
9: rk ← CheckCondition(q, dk, va,J ) ▷ Verify if fact q satisfies condition dk

10: Vresults ← Vresults ∪ {rk}
11: end for
12: IsApplicable← Decide(Vresults) ▷ Final determination for node va
13: if not IsApplicable then
14: Sverified ← Prune(Sverified, va) ▷ Remove article and linked nodes
15: end if
16: end for
17: Gfsub ← {V

f
A , V f

C , V f
O} ← Organize(Sverified) ▷ Structure the verified subgraph

Stage 3: Adjudicator Agent (Synthesis)
18: Y ← Adjudicator(q ⊕ V f

A ⊕ V f
C ⊕ V f

O ) ▷ Synthesize judgment with citations
19: return Y

formulated as:1282

Y = Adjudicator(q ⊕ V f
A ⊕ V f

C ⊕ V f
O ) (22)1283

The output Y ensures that every conclusion is di-1284

rectly traceable to specific nodes in the knowledge1285

graph, enforcing transparency and evidence-based1286

reasoning.1287

C Additional Experiments1288

C.1 Extensions to the Main Experiment (Q4)1289

In this section, we conduct a series of extended1290

experiments to verify the universality of our frame-1291

work across different model architectures and its ro-1292

bustness in specific, high-difficulty legal sub-tasks.1293

Obs.7. Universality across Closed-Source Back-1294

bones. To verify the universality of our frame-1295

work, we extended the evaluation to advanced1296

closed-source large language models, specifically1297

DeepSeek-V3 and GPT-4o-mini. As shown in Ta-1298

ble 4, LegalGraphRAG consistently outperforms1299

all baselines across both CAIL and CMDL datasets,1300

regardless of the backbone model employed. No-1301

tably, even with the lighter GPT-4o-mini on the1302

CMDL dataset, our method achieves a remark- 1303

able performance gain (e.g., significantly exceed- 1304

ing the strong baseline RAPTOR in Accuracy), 1305

while maintaining its lead with the more power- 1306

ful DeepSeek-V3. This demonstrates that Legal- 1307

GraphRAG’s structured reasoning capabilities ef- 1308

fectively complement the generation power of var- 1309

ious state-of-the-art LLMs, enhancing their preci- 1310

sion in complex legal application scenarios inde- 1311

pendent of the underlying model architecture. 1312

Obs.8. Exactness in Law Article Prediction. Ta- 1313

ble 5 illustrates the model’s capability in Law Arti- 1314

cle Prediction, a task demanding precise statutory 1315

grounding rather than generative flexibility. Legal- 1316

GraphRAG achieves a superior overall accuracy 1317

of 47.9%, establishing a substantial lead over both 1318

the strongest RAG baseline, HippoRAG2 (39.8%), 1319

and the domain-specific state-of-the-art, ADAPT 1320

(41.3%). Remarkably, our 8B-parameter frame- 1321

work even surpasses the massive DeepSeek-V3.1 1322

(44.9%), highlighting that our structured, evidence- 1323

based retrieval mechanism is more effective at pin- 1324

pointing legal provisions than simply scaling model 1325

parameters or employing semantic retrieval. 1326
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CAIL

Model Size Public Safety Economic Social Order Person Rights All ∆
ACC F1 ACC F1 ACC F1 ACC F1

GPT-4o-mini

Naive RAG ∼8B 27.5 37.6 18.8 33.6 18.0 28.8 22.1 39.2 22.2 ↑ 18.7
G-Retriever ∼8B 17.5 24.8 20.3 32.8 20.5 31.0 24.1 31.6 21.4 ↑ 19.5
LightRAG ∼8B 25.4 37.4 21.3 36.9 21.7 38.7 23.4 42.8 23.1 ↑ 17.8
RAPTOR (Sarthi et al., 2024) ∼8B 33.1 49.0 29.3 44.2 25.9 39.9 28.3 43.1 30.5 ↑ 10.4
HippoRAG2 (Gutiérrez et al., 2025) ∼8B 33.1 50.1 28.1 46.1 21.7 43.6 37.2 54.2 31.9 ↑ 9.0
LegalGraphRAG (Ours) ∼8B 39.6 54.8 36.3 52.9 37.3 51.2 42.1 62.4 40.9 –

DeepSeek-V3

Naive RAG ∼200B 38.0 54.0 32.3 49.9 33.4 47.3 40.7 53.4 37.8 ↑ 12.1
G-Retriever ∼200B 36.5 54.6 35.1 49.8 36.2 47.2 39.5 48.3 37.2 ↑ 12.7
LightRAG ∼200B 36.6 48.5 26.3 50.2 33.5 46.3 39.7 53.1 45.4 ↑ 4.5
RAPTOR (Sarthi et al., 2024) ∼200B 42.2 56.3 37.8 53.0 39.2 50.7 45.5 52.3 44.4 ↑ 5.5
HippoRAG2 (Gutiérrez et al., 2025) ∼200B 41.5 49.1 33.1 46.8 34.3 47.0 38.6 46.4 41.2 ↑ 8.7
LegalGraphRAG (Ours) ∼200B 44.4 58.8 41.9 57.8 41.9 56.8 46.2 65.1 49.9 –

CMDL

Model Size Public Safety Economic Social Order Person Rights All ∆
ACC F1 ACC F1 ACC F1 ACC F1

GPT-4o-mini

Naive RAG ∼8B 38.7 50.8 35.6 44.0 30.9 44.2 33.3 43.0 32.9 ↑ 17.1
G-Retriever ∼8B 24.6 38.4 29.7 38.8 30.4 40.0 41.1 51.6 28.3 ↑ 21.7
LightRAG ∼8B 36.2 43.1 37.5 48.9 46.9 55.1 34.6 50.8 34.2 ↑ 15.8
RAPTOR (Sarthi et al., 2024) ∼8B 42.0 49.1 48.2 58.0 57.3 60.9 46.0 59.5 48.7 ↑ 11.3
HippoRAG2 (Gutiérrez et al., 2025) ∼8B 45.0 52.5 42.9 60.8 45.3 64.6 59.4 75.0 46.0 ↑ 14.0
LegalGraphRAG (Ours) ∼8B 46.5 57.8 63.7 67.9 58.0 66.2 67.2 75.4 60.0 –

DeepSeek-V3

Naive RAG ∼200B 52.0 65.3 66.1 71.6 69.8 70.7 68.8 80.5 62.9 ↑ 12.8
G-Retriever ∼200B 46.2 64.9 58.6 69.6 56.1 67.4 69.7 78.9 55.2 ↑ 23.5
LightRAG ∼200B 47.7 58.7 46.5 67.6 47.6 53.2 52.3 64.2 52.4 ↑ 26.3
RAPTOR (Sarthi et al., 2024) ∼200B 53.4 64.7 68.2 73.0 66.4 75.4 60.3 71.1 56.4 ↑ 12.3
HippoRAG2 (Gutiérrez et al., 2025) ∼200B 62.1 63.5 62.4 65.3 75.9 78.6 76.9 78.2 74.0 ↑ 4.7
LegalGraphRAG (Ours) ∼200B 66.7 69.9 76.0 79.3 72.9 80.4 79.7 85.5 78.7 –

Table 4: Performance comparison on Large Closed-Source Models. We compared LegalGraphRAG and other
baselines utilizing larger closed-source LLMs as backbones.

Obs.9. Precision in Term of Penalty Predic-1327

tion. Table 6 presents the results on the challenging1328

term of penalty prediction task, which requires fine-1329

grained quantitative reasoning rather than simple1330

classification. LegalGraphRAG demonstrates a sig-1331

nificant advantage in minimizing prediction error,1332

consistently achieving the lowest Mean Absolute1333

Error (MAE) across most subdomains compared1334

to other RAG-based methods. For instance, in1335

the Public Safety category, our model achieves an1336

MAE of 20.9, outperforming RAPTOR (21.7) and1337

HippoRAG2 (23.0). This indicates that while ex-1338

act term matching remains difficult for all models,1339

LegalGraphRAG’s evidence-based retrieval strat-1340

egy effectively locates relevant sentencing guide-1341

lines and comparable precedents, thereby constrain-1342

ing the generation to a more precise and legally 1343

grounded time range. 1344

C.2 Hyper-parameter Sensitivity (Q5) 1345

To evaluate system stability, we investigated the 1346

sensitivity of the Researcher Agent to the retrieval 1347

parameter k, which governs the number of seman- 1348

tic concepts retrieved from the ontology graph Gont. 1349

We varied k over the set {3, 4, 5, 6}. The upper 1350

bound is restricted to 6, as empirical evidence sug- 1351

gests that exceeding this threshold introduces exces- 1352

sive context noise, which overwhelms the model’s 1353

effective window and degrades reasoning. 1354

Obs.10. Robustness to Retrieval Hyperparam- 1355

eter Variations. As illustrated in Figure 9, Legal- 1356

GraphRAG exhibits strong robustness to variations 1357
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CAIL

Model Size Public Safety Economic Social Order Person Rights All ∆
ACC F1 ACC F1 ACC F1 ACC F1

Open-Source Models

Qwen-2.5-7B-Instruct 7B-Inst 28.7 53.8 24.1 48.2 26.6 53.5 36.0 56.2 30.1 ↑ 17.8
Qwen-3-8B 8B-Inst 23.9 58.5 27.6 51.2 36.6 62.2 46.2 66.7 35.9 ↑ 12.0
Internlm3-8b-instruct 8B-Inst 27.6 59.9 26.4 52.8 30.8 59.0 33.6 57.6 29.9 ↑ 18.0
Glm-4-9b-chat 9B-Inst 23.9 60.1 25.6 51.0 34.7 59.4 35.1 58.5 30.8 ↑ 17.1

Closed-Source Models

GPT-4o-mini (Achiam et al., 2023) ∼8B 24.7 57.2 25.7 42.4 24.6 51.8 34.7 55.0 30.9 ↑ 17.0
DeepSeek-V3.1 (Liu et al., 2024) ∼200B 42.3 63.2 37.1 61.3 44.5 68.8 51.9 67.3 44.9 ↑ 3.0

Legal Specific Methods

DISC-LawLLM-7B (Yue et al., 2024) 7B-Inst 36.5 55.9 29.9 48.8 41.5 61.2 39.3 57.8 38.2 ↑ 9.7
ADAPT (Deng et al., 2024b) 7B-Inst 40.1 50.8 31.6 42.4 39.6 54.9 41.0 50.5 41.3 ↑ 6.6
Legal ∆ (Dai et al., 2025) 7B-Inst 33.0 54.9 27.8 51.0 34.6 59.4 44.5 60.6 37.9 ↑ 10.0

RAG Based Methods

Naive RAG 8B-Inst 30.4 45.7 29.2 48.6 37.5 54.1 36.6 51.1 34.8 ↑ 13.1
RAPTOR (Sarthi et al., 2024) 8B-Inst 36.4 59.2 33.4 53.9 38.9 64.1 41.0 61.7 37.2 ↑ 10.7
HippoRAG2 (Gutiérrez et al., 2025) 8B-Inst 35.2 60.3 33.1 53.7 41.7 67.0 42.6 63.8 39.8 ↑ 8.1
LegalGraphRAG (Ours) 8B-Inst 43.0 64.9 37.8 61.0 44.6 69.4 54.5 70.6 47.9 –

Table 5: Extended experiments on Article Prediction. We evaluated the performance of our model and baselines
on the specific sub-task of law article prediction. We visualize the gains of LegalGraphRAG to the each baseline in
the ∆ columns .

CAIL

Model Size Public Safety Economic Social Order Person Rights All ∆
ACC MAE ACC MAE ACC MAE ACC MAE

Open-Source Models

Qwen-2.5-7B-Instruct 7B-Inst 13.0 23.7 8.1 33.3 6.0 30.3 9.7 29.4 29.5 ↑ 8.4
Qwen-3-8B 8B-Inst 8.3 32.6 11.3 31.6 17.9 29.7 11.4 26.4 27.5 ↑ 7.4
Internlm3-8b-instruct 8B-Inst 7.1 35.2 5.9 37.2 6.0 32.5 7.2 37.3 33.7 ↑ 13.6
Glm-4-9b-chat 9B-Inst 3.6 36.0 3.2 32.9 1.5 35.1 6.8 38.6 33.1 ↑ 13.0

Closed-Source Models

GPT-4o-mini (Achiam et al., 2023) ∼8B 6.9 38.2 7.3 34.2 8.3 31.7 8.0 34.6 33.6 ↑ 13.5
DeepSeek-V3.1 (Liu et al., 2024) ∼200B 7.1 31.2 8.1 31.5 10.4 25.9 8.4 29.1 29.1 ↑ 8.6

Legal Specific Methods

DISC-LawLLM-7B (Yue et al., 2024) 7B-Inst 15.5 24.5 5.0 33.2 3.0 37.9 8.4 34.5 31.6 ↑ 11.5
ADAPT (Deng et al., 2024b) 7B-Inst 8.3 21.8 10.9 21.9 3.0 24.3 9.7 22.3 20.4 ↑ 0.3
Legal ∆ (Dai et al., 2025) 7B-Inst 11.9 25.0 9.0 29.0 9.0 27.5 8.9 27.1 26.3 ↑ 6.2

RAG Based Methods

Naive RAG 8B-Inst 10.5 29.8 11.4 30.8 18.1 21.7 12.6 24.3 26.5 ↑ 4.4
RAPTOR (Sarthi et al., 2024) 8B-Inst 12.0 21.7 11.7 28.3 15.8 26.1 16.2 21.8 24.3 ↑ 4.2
HippoRAG2 (Gutiérrez et al., 2025) 8B-Inst 13.1 23.0 12.7 25.8 17.9 23.8 13.5 23.4 23.8 ↑ 3.7
LegalGraphRAG (Ours) 8B-Inst 14.0 20.9 13.7 22.1 19.4 23.6 17.1 22.7 20.1 –

Table 6: Extended experiments on Term of Penalty Prediction. We assessed the accuracy and error rates of
imprisonment term predictions compared to baselines. We visualize the gains of LegalGraphRAG to the each
baseline in the ∆ columns .
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Method Indexing Time (s) Token Consumption (< 106) Avg Cost

Prompt Completion Time Token

RAPTOR 13696.90 5.64 0.72 5.86 3589
HippoRAG2 4581.60 10.58 2.79 11.2 5199
LegalGraphRAG (Ours) 3687.49 3.97 0.78 46.1 10664

Table 7: Comparison of Computational Efficiency: Offline Indexing vs. Online Inference. We report the total time
and token usage for graph construction (Indexing) and the average cost per query (Online).

Figure 9: Impact of the retrieval parameter k on charge
prediction performance (CAIL dataset). The backbone
model is Qwen3-8B.

in k. Although performance peaks at k = 5 (achiev-1358

ing 40.9 Accuracy and 52.8 F1), the variance across1359

the tested range is marginal. This indicates that the1360

Researcher Agent reliably captures essential se-1361

mantic information without being hypersensitive1362

to exact thresholding, provided k remains within a1363

reasonable bound.1364

C.3 Latency and Token Cost (Q6)1365

In this section, we shift our focus to the practical1366

efficiency and computational overhead of the com-1367

pared frameworks. Beyond accuracy, the latency1368

and token consumption are crucial factors for real-1369

world deployment. We provide a detailed break-1370

down and comparison of the computational costs1371

for RAPTOR, HippoRAG2, and LegalGraphRAG1372

across two primary phases: (i) the offline graph1373

construction stage, reporting both the time and to-1374

ken cost required to build the knowledge base; and1375

(ii) the online query-answering stage, reporting the1376

time and token cost incurred during the retrieval1377

and reasoning process for a given query.1378

Obs.11. Trade-off between Efficiency and In-1379

terpretability. Table 7 presents the computational1380

efficiency. LegalGraphRAG demonstrates superior1381

offline efficiency with the lowest indexing time1382

(3687.49s) and token consumption. However, dur-1383

ing the online phase, it incurs higher latency (46.1s)1384

and token usage. This overhead is a necessary 1385

trade-off for evidence-based reasoning. Unlike 1386

baseline GraphRAG approaches that often oper- 1387

ate as opaque "black boxes", our method explicitly 1388

constructs credible reasoning chains to support its 1389

judgments. While generating such transparent evi- 1390

dence consumes more resources, it is indispensable 1391

for ensuring the trustworthiness and interpretability 1392

required in legal domains. 1393

D Implementation Details 1394

D.1 Benchmark Dataset 1395

We evaluate LegalGraphRAG on two benchmark 1396

datasets, including CAIL2018(Xiao et al., 2018) 1397

and CMDL(Huang et al., 2024). 1398

CAIL2018(Xiao et al., 2018): A large-scale Chi- 1399

nese legal dataset designed for the task of Legal 1400

Judgment Prediction (LJP), where models predict 1401

court outcomes based on factual case descriptions. 1402

It comprises over 2.6 million criminal cases pub- 1403

lished by the Supreme People’s Court of China, 1404

making it the largest publicly available dataset of 1405

its kind. Each case includes a detailed fact descrip- 1406

tion along with structured judgment annotations, 1407

namely applicable law articles (183 categories), 1408

charges (202 categories), and prison terms. The 1409

dataset was created to address the lack of high- 1410

quality, large-scale resources in legal AI and to 1411

provide a realistic benchmark that reflects the com- 1412

plexity and imbalance inherent in real judicial data, 1413

where frequent charges dominate the case distribu- 1414

tion. CAIL2018 has since become a foundational 1415

resource for evaluating and advancing automated 1416

legal judgment prediction systems. 1417

CMDL(Huang et al., 2024): A large-scale, real- 1418

world Chinese Multi-Defendant Legal Judgment 1419

Prediction dataset designed to address the under- 1420

explored challenge of predicting judicial outcomes 1421

in cases involving multiple defendants. It com- 1422

prises 393,945 criminal cases with approximately 1423

1.2 million defendants, covering 321 distinct 1424

charges and 275 legal articles. Notably, CMDL in- 1425
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Dataset CAIL CMDL

# Case Num 568 572
# Charges 168 239
# Average criminal per case 1.25 2.40
# Average defendant per case 1.72 1.14
# Average length per case 654.79 517.13

Table 8: Basic statistics of the test datasets.

troduces case-level evaluation metrics that account1426

for case complexity and varying numbers of defen-1427

dants, offering a more holistic assessment of model1428

performance in multi-defendant scenarios. For ex-1429

perimental feasibility, the subset CMDL-small is1430

often utilized, as it preserves the data distribution1431

while significantly reducing computational costs,1432

making it suitable for preliminary benchmarking1433

and model validation in resource-constrained re-1434

search settings.1435

Dataset Construction Due to considerations re-1436

garding the generation speed and token cost of the1437

GraphRAG method, we constructed focused sub-1438

sets from both the CAIL2018 and CMDL datasets1439

using a uniform procedure aimed at controlling1440

input length, balancing charge distribution, and1441

elevating task complexity. The construction first fil-1442

tered cases to retain only those with factual descrip-1443

tions under 1,024 characters. To ensure broader1444

coverage of under-represented charges and increase1445

predictive difficulty, the sampling prioritized de-1446

fendants whose charges included low-frequency of-1447

fenses and deliberately retained a higher proportion1448

of multi-charge cases. Consequently, the resulting1449

subsets feature a more balanced charge distribution1450

with elevated presence of rare charges and greater1451

average case complexity compared to the original1452

datasets. While this design provides a more chal-1453

lenging testbed for evaluating model performance1454

on complex and low-frequency legal scenarios, it1455

may also lead to lower reported performance for1456

some methods relative to their results on the orig-1457

inal, more naturalistic data distribution. Table 81458

presents detailed statistics of the subsets.1459

D.2 Corpus1460

In this section, we provide detailed descriptions of1461

corpus used in our experiments. To ensure compre-1462

hensive coverage of criminal statutes and charges,1463

we construct this knowledge base by aggregating1464

a subset of cases from multiple authoritative legal1465

datasets: JuDGE(Su et al., 2025), CAIL2018(Xiao1466

et al., 2018), CMDL(Huang et al., 2024), and1467

Dataset Case

# Num 14049
# Charges* 818
# Average defendant per case 3.39
# Average length per case 399.73

Table 9: Basic statistics of the cases in RAG dataset.
*The large number of “Charges” is due to inconsis-
tencies in the descriptions of crimes across different
datasets.

Dataset Article Judicial interpretations

# Num 452 656
# Average length 128.54 243.95

Table 10: Basic statistics of the legal knowledges in
corpus.

LeCaRDv2(Li et al., 2024). The construction fol- 1468

lows a procedure similar to that used for the ex- 1469

perimental subsets: we first filter cases by fact de- 1470

scription length (under 1,024 characters) and apply 1471

sampling designed to balance the representation of 1472

different charges, thereby creating a broad and di- 1473

verse collection of historical precedents and factual 1474

patterns. Furthermore, to ground the system in au- 1475

thoritative legal provisions, we incorporate the full 1476

text of the “Criminal Law of the People’s Republic 1477

of China” along with its relevant judicial interpre- 1478

tations as a core statutory knowledge library. The 1479

combination of this curated historical case library 1480

and the official legal provisions library forms the 1481

complete corpus, enabling models to retrieve both 1482

experiential precedents and statutory knowledge 1483

during reasoning.Crucially, we have carefully ver- 1484

ified that all cases in the corpus are distinct from 1485

those in the test subsets, ensuring no data leakage 1486

between the knowledge base and the evaluation 1487

benchmarks. The size and composition statistics of 1488

the final corpus are detailed in Table 9 & 10. 1489

D.3 Evaluation Metrics 1490

To comprehensively evaluate the Legal Judgment 1491

Prediction (LJP) tasks, we employ specific metrics 1492

for different sub-tasks: Charge and Article Pre- 1493

diction are evaluated using Accuracy (ACC) and 1494

Micro-F1, Term of Penalty Prediction is assessed 1495

using ACC and Mean Absolute Error (MAE), and 1496

the Retrieval Quality of our RAG system is mea- 1497

sured by Retrieval Effectiveness and Error Rate. 1498

Accuracy (ACC) measures the exact match ratio.
For classification tasks, it requires the predicted
label set Oi to be identical to the ground truth O′

i.
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For Term of Penalty, it measures the exact match
of the predicted term. It is calculated as:

ACC =
1

N

N∑
i=1

I(Oi = O′
i)

Where I(·) is the indicator function.1499

Micro-F1 is used for multi-label classification to
account for class imbalance. It is the harmonic
mean of micro-averaged precision (Pmicro) and re-
call (Rmicro):

Micro-F1 =
2 · Pmicro ·Rmicro

Pmicro +Rmicro

Mean Absolute Error (MAE) reflects the devia-
tion in the predicted term of penalty. Let Ti and T ′

i

denote the predicted and ground-truth prison terms
(in months), respectively. MAE is defined as:

MAE =
1

N

N∑
i=1

|Ti − T ′
i |

Retrieval Effectiveness measures how well the
retrieved content aligns with the question’s intent.
Higher values indicate more focused and pertinent
information. It is defined as:

Retrieval Effectiveness =
1

|C|
∑
c∈C

R(c,Q, E)

where C denotes the set of retrieved contexts, Q rep-1500

resents the question, E denotes the set of evidence,1501

and the operator R(·) determines the relevance of1502

a context c.1503

Error Rate quantifies the incompleteness of the1504

retrieval process. Instead of measuring recall di-1505

rectly, we assess the proportion of reference claims1506

not supported by the retrieved context:1507

Error Rate = 1−

(
1

|R|
∑
c∈R

I(S(c, C))

)
(23)1508

where R is the set of reference claims, S(·) de-1509

termines whether a claim c is supported by the re-1510

trieved context C, and I(·) is the indicator function.1511

A lower Error Rate indicates a more comprehensive1512

evidence collection.1513

D.4 Baseline Details1514

In this section, we provide detailed descriptions of1515

each baseline used in our comparison.1516

Naive RAG uses the standard RAG paradigm:1517

a retriever model first retrieves relevant context1518

from the corpus based on the given question, and 1519

then the question is concatenated with the retrieved 1520

context to form a query for the generation model 1521

to produce the final answer. 1522

G-retriever(He et al., 2024a) introduces a re- 1523

trieval augmented generation framework for tex- 1524

tual graphs by formulating subgraph retrieval as 1525

a Prize-Collecting Steiner Tree optimization prob- 1526

lem, enabling conversational question answering 1527

across diverse domains like scene understanding 1528

and knowledge graphs while mitigating LLM hal- 1529

lucinations and scaling to large graph sizes. 1530

LightRAG(Guo et al., 2024) introduces a graph- 1531

enhanced retrieval-augmented generation frame- 1532

work that integrates entity-relationship graphs into 1533

text indexing, combining low-level precise entity 1534

retrieval with high-level thematic discovery for ef- 1535

ficient and adaptive knowledge integration. 1536

HippoRAG2(Gutiérrez et al., 2025) builds on 1537

HippoRAG’s Personalized PageRank framework 1538

by integrating dense-sparse coding for passages 1539

and phrases in the knowledge graph, enabling 1540

deeper contextualization and recognition memory 1541

for triple filtering. Enhances online retrieval with 1542

query-to-triple matching and optimized seed node 1543

weighting, outperforming standard RAG across fac- 1544

tual, sense-making, and associative memory tasks. 1545

RAPTOR(Sarthi et al., 2024) constructs a hier- 1546

archical tree by recursively clustering and summa- 1547

rizing embedded text chunks, enabling retrieval 1548

of information at multiple levels of abstraction to 1549

improve performance on long-document question- 1550

answering tasks. 1551

RAG Configuration

{
embedding_model: bge-m3,
retrieval_topk: 5,
chunk_token_size: 1000,
chunk_overlap_token_size: 200

}
1552
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G-retriever Configuration

{
embedding_model: bge-m3,
retrieval_topk: 3,
chunk_token_size: 1200,
chunk_overlap_token_size: 100,
entities_max_tokens: 2000,
relationships_max_tokens: 2000

}
1553

LightRAG Configuration

{
embedding_model: bge-m3,
query_type: hybrid,
chunk_token_size: 1200,
retrieval_topk: 20,
chunk_overlap_token_size: 100,
max_token_text_unit: 2000,
max_token_global_context: 2000,
max_token_local_context: 2000

}
1554

HippoRAG2 Configuration

{
embedding_model: bge-m3,
retrieval_top_k: 5,
linking_top_k: 5,
max_qa_steps: 3,
qa_top_k: 5,
graph_type: facts_and_sim_passage
_node_unidirectional

}
1555

RAPTOR Configuration

{
embedding_model: bge-m3,
chunk_token_size: 1200,
chunk_overlap_token_size: 100,
num_layers: 5,
max_length_in_cluster: 3500,
threshold: 0.1,
cluster_metric: cosine,
threshold_cluster_num: 5000

}
1556

Disc-LawLLM(Yue et al., 2024) is a retrieval-1557

augmented large language model fine-tuned on Chi-1558

nese judicial datasets using legal syllogism prompt-1559

ing to provide reasoning-capable legal services, 1560

including consultation, judgment prediction, and 1561

examination assistance. In this work, we use the 1562

officially open-sourced LawLLM-7B, which is fine- 1563

tuned from Qwen2.5-Instruct-7B. 1564

Legal ∆(Dai et al., 2025) employs a reinforce- 1565

ment learning framework that enhances legal rea- 1566

soning in LLMs by maximizing chain-of-thought 1567

guided information gain through dual-mode inputs 1568

and differential Q-value analysis. In this work, we 1569

use the officially open-sourced model, which is 1570

fine-tuned from Qwen2.5-Instruct-7B. 1571

ADAPT(Deng et al., 2024b) is a discriminative 1572

reasoning framework for LLMs in legal judgment 1573

prediction that emulates human judicial processes 1574

by asking to decompose case facts into key ele- 1575

ments, discriminating among candidate charges for 1576

alignment, and predicting final judgments, further 1577

improved via multi-task fine-tuning with synthetic 1578

trajectories. In this work, we use the officially open- 1579

sourced model, which is fine-tuned from Qwen2- 1580

7B. 1581

D.5 LegalGraphRAG Setup 1582

In the experimental setup of LegalGraphRAG, hy- 1583

perparameters are configured to optimize retrieval 1584

precision. During graph construction, the Ontol- 1585

ogy Graph utilizes k-nearest neighbors (kNN) to 1586

select the top-3 case feature nodes based on cosine 1587

similarity for direct semantic matching. 1588

For the Researcher agent, the evidence-based re- 1589

trieval strategy operates with specific thresholds: 1590

the retrieval parameter is set to k = 5. This parame- 1591

ter governs both the number of top-ranked semantic 1592

concepts retrieved from the ontology graph and the 1593

scope of community expansion, a value selected 1594

based on the sensitivity analysis to balance context 1595

coverage and noise control. 1596

E Extended Case Examples 1597

In this section, we will walk through several cases 1598

to detail the retrieval and reasoning pipeline of 1599

LegalGraphRAG. 1600

F Prompt Set 1601

To facilitate reproducibility and provide trans- 1602

parency into the agent behaviors, we present 1603

the specific instruction sets designed for the 1604

Researcher, Auditor, and Adjudicator agents. 1605

These prompts orchestrate the multi-stage reason- 1606

ing process described in the main text. 1607
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Query                        The procuratorial organ alleges that at approximately 18:45 on November 10, 2020, the defendant Wang Moumou, while driving under the 
influence of alcohol and without a valid driver's license, was operating a passenger car (License Plate: Liao D×××××; the vehicle's owner was the defendant Liu 
Mou) southbound on Changling Street in a certain town of a certain county, Qingyuan. When reaching a traffic signal intersection, he collided with a compact 
sport utility vehicle (License Plate: Liao D×××××) driven by Zhao Moumou, who was traveling ahead in the same direction. This resulted in a road traffic 
accident causing damage to both vehicles.The Traffic Police Brigade of a certain county in Qingyuan determined that the defendant Wang Moumou bore full 
responsibility for this accident, while Zhao Moumou bore no responsibility. An appraisal conducted by the Fushun Gongzheng Judicial Appraisal Institute detected 
the presence of ethanol in the defendant Wang Moumou's venous blood, with a concentration of 242.5 mg/100 ml, constituting drunk driving.

Case Feature D: "Driving under the influence"; O: "Traffic collision"; V: "Personal injury", "Passenger car driver"; M: "Negligence"

Community Expansion Retrieval

Semantic Match Retrieval

Community Summary: Cases often involve offenses such as drunk driving and traffic accidents. 

Fact: At approximately 14:10 on October 18, 2016, the defendant Chen Wenli, while reversing a gray Wuling-brand light...
Case Feature: D: "Adult"; O: "Driving a vehicle", "Failed to observe surroundings"; V: "Death after failed rescue efforts"; M: "Negligence"
Name: Chen Wenli Charges: Crime of Causing Death by Negligence    Law Articles: 233...

Fact: The procuratorial organ alleges that at approximately 18:45 on November 10, 2020, the defendant Wang Moumou, while...
Case Feature: D: "Adult"; O: "Causing a traffic accident"; V: "Vehicle damage", "Public road"; M: "Negligence"
Name: Wang Charges: Crime of Dangerous Driving Law Articles: 133

Charge-Anchored Retrieval "Crime of Dangerous Driving", "Crime of Causing a Traffic Accident"... Laws: 133

Article 133 Paragraph 1
Content: Whoever drives a motor vehicle on a road under any of the following circumstances shall be sentenced to criminal detention ...
Related: "Interpretation on ... of Criminal Cases of Dangerous Driving"
Evidence-based Reasoning: 

Is the act committed while driving a motor vehicle on a road?Yes. The defendant, Li Moujia, was operating an...
Is it driving a motor vehicle while intoxicated?Yes. The forensic appraisal determined that the ethanol content in ...
...

Final: Yes

Article 233 Final: No

Final Context
Related Laws: [Article 133 Paragraph 1] [Crime of Dangerous Driving] Whoever drives a motor vehicle on a road under any of the ...
                         (Other related laws are omitted below)
Similar Cases: [Charges: Crime of Dangerous Driving] [Name: Wang] The procuratorial organ alleges that at approximately 18:45 on...

       (Other similar cases are omitted below)

Final Results

Charge: Crime of Dangerous Driving    Articles: 133    Imprisonment: 18 months
Reasoning: Li Moujia drove a motor vehicle on a road while intoxicated (with a blood ethanol content of 155.7 mg/100 ml). His conduct 
satisfies the circumstance specified in Article 133-1(1)(2) of the Criminal Law, "driving a motor vehicle while intoxicated," and thus 
constitutes the crime of dangerous driving [1]...
[1] corresponds to Article 133
[2] corresponds to Cases1([Charges: Crime of Dangerous Driving] [Name: Wang])
...

Researcher

Auditor

Adjudicator

Figure 10: Qualitative analysis of a representative case regarding the crime of Dangerous Driving. The visualization
highlights the retrieval of evidence related to specific statutory conditions.

G Related Works1608

G.1 Legal Large Language Models1609

The rapid evolution of LLMs has catalyzed the de-1610

velopment of domain-specific models tailored for1611

the legal sphere. For Chinese law, ChatLaw (Cui1612

et al., 2023), DISC-LawLLM (Yue et al., 2023),1613

and InternLM2Law (Fei et al., 2025) leverage1614

extensive legal corpora, including judicial interpre-1615

tations and statutes, to handle diverse legal tasks.1616

Other notable models like LawGPT (Zhou et al.,1617

2024) and Fuzi-Mingcha (Wu et al., 2023a) in-1618

tegrate unsupervised legal texts with supervised1619

fine-tuning to enhance domain understanding. Be-1620

yond Chinese, SaulLM (Colombo et al., 2024) fo- 1621

cuses on English legal texts based on the Mixtral 1622

architecture, while LawLLM (Shu et al., 2024) 1623

addresses US legal tasks such as similar case re- 1624

trieval. Additionally, specialized models like In- 1625

LegalLLaMA (Ghosh et al., 2024) target Indian 1626

and French legal domains respectively. These mod- 1627

els provide crucial baselines for downstream tasks 1628

but often lack the specific reasoning architecture 1629

required for complex judgment prediction. 1630

G.2 Legal judgment prediction 1631

Legal judgment prediction (LJP) has experienced 1632

significant development and become an increas- 1633
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Query                      The defendant Zhang Mou entered into a labor contract with the Yaojiaba Tunnel Project Department of the Xiangjiaba Hydropower Station Project, 
originally under Sichuan Road and Bridge Construction Group Co., Ltd., serving as the head chef of the project department. His primary responsibility was the 
financial reimbursement for all monthly canteen expenses of the project department. On December 19, 2016, the Yaojiaba Tunnel Project Department transferred 
98,160 yuan, which was the reimbursed canteen expenses, into Zhang Mou's Agricultural Bank of China card. Zhang Mou withdrew 95,000 yuan of that amount 
on the same day and took out the remaining 3,000 yuan the following day.

Case Feature D: "Employee", "Staff"; O: "Misappropriation of funds"; V: "Company funds", "Significant amount"; M: "Subjective intent"

Community Summary: Cases often involve duty-related crimes, bribery crimes, and property... 

Fact: From 2009 to 2011, while serving as a credit officer at the Qiuji Credit Cooperative in Suining County, the defendant Zhang ...
Case Feature: D: "State Functionary"; O: "Embezzlement of funds", "Taking advantage of one's position"; V: "Unit funds"; M: "Direct intent"
Name: Zhang Zhi'an Charges: Misappropriation of Funds Law Articles: 185, 272

Fact: Since November 2009, defendant Bai has served as a client manager at the Zhushan County Branch of Bank of China Limited as ...
Case Feature: D: "State Functionary"; O: "Embezzlement of public funds"; V: "Public property", "Significant amount"; M: "Direct intent"
Name: Bai Charges: Misappropriation of Public Funds Law Articles: 185, 384

"Embezzlement", "Misappropriation of funds", "Corruption" Laws: 271, 272 

Article 271 Paragraph 1
Content: Employees of companies, enterprises, or other entities who, taking advantage of their positions, illegally take possession of ...
Related: "Interpretation on ... Criminal Cases of Embezzlement and Bribery"
Evidence-based Reasoning: 

Is the defendant an employee of a company, enterprise, or other entity?Yes. The defendant Zhang signed a labor contract...
Did the defendant abuse his position?Yes. Zhang's main responsibility was handling financial reimbursement for the ...
...

Final: Yes

Article 271 Paragraph 2 Final: No

Final Context
Related Laws: [Article 271 Paragraph 1] [job-related embezzlement] Employees of companies, enterprises, or other entities who...

       (Other related laws are omitted below)
Similar Cases: [Charges: job-related embezzlement] [Name: Xu 3Mou] Between December 2007 and December 2009, the defendant Xu...

       (Other similar cases are omitted below)

Final Results

Charge: job-related embezzlement    Articles: 271    Imprisonment: 18 months.
Resoning: Zhang served as the head chef of the project department and was responsible for financial reimbursement, which qualifies him 
as a "personnel of a company, enterprise, or other unit" [1]. By taking advantage of his duty in handling canteen expenses...
[1] corresponds to Article 271 Paragraph 1
[2] corresponds to Cases1([Charges: job-related embezzlement] [Name: Xu 3Mou])
...

Article 272 Final: No

Researcher

Auditor

Adjudicator

Community Expansion Retrieval

Semantic Match Retrieval

Charge-Anchored Retrieval

Figure 11: Qualitative analysis of a representative case regarding the crime of Occupational Embezzlement. The
example demonstrates the model’s reasoning in identifying the abuse of professional position.

ingly crucial NLP task. Earlier research (Se-1634

gal, 1984) relied on artificially designed features,1635

and traditional machine learning methods (Sulea1636

et al., 2017) were applied to predict legal judg-1637

ments. Recent advances in deep learning (Xu1638

et al., 2020; Han and Zhicheng, 2023) have mo-1639

tivated researchers to leverage neural networks1640

for automated text representation learning. Re-1641

cently, LLMs have further promoted the progress of1642

LJP (Deng et al., 2024a). Several studies (Wu et al.,1643

2023b; Peng and Chen, 2024) employ Retrieval-1644

Augmented Generation (RAG) to enhance LLMs1645

by incorporating external legal knowledge. To re-1646

fine decision-making, recent works have introduced1647

structured reasoning frameworks that systemati-1648

cally decompose case facts to distinguish confusing 1649

charges (Jiang and Yang, 2023; Deng et al., 2024b; 1650

Wang et al., 2024). Furthermore, multi-agent simu- 1651

lation frameworks have been explored to improve 1652

performance by simulating court debates and ana- 1653

lyzing cases from diverse perspectives (He et al., 1654

2024b). However, existing LLM-based methods 1655

still struggle to utilize comprehensive legal knowl- 1656

edge (Fei et al., 2024) effectively. In this context, 1657

we make full use of external knowledge and prece- 1658

dents within a unified framework. 1659

G.3 Reasoning skills in legal domain 1660

Recent work has improved LLMs’ reasoning 1661

through better prompting techniques (Sahoo et al., 1662
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Criminal Case Keyword Extraction

Task Definitions: Extract legal keywords from a criminal case description and
classify them into four categories: Defendant Attributes, Criminal Behaviors,
Victim Characteristics, and Subjective Mental States. The output must be a
strictly valid JSON object without additional text.
Keyword Definitions:
• Defendant Attributes: Legal traits (e.g., age group, criminal history,
occupation). Avoid specific names or numbers.

• Criminal Behaviors: Legal types of acts and significant methods. Exclude
specific time/location details.

• Victim Characteristics: Nature of the property or location. Generalize
specific amounts (e.g., “large amount”).

• Subjective Mental States: Legal descriptions of intent and remorse.
Output Example: {
“Defendant_Attribute”: [“Adult”, “Prior Criminal Record”],
“Criminal_Behaviors”: [“Theft”, “Burglary”],
“Victim_Characteristics”: [“Private Residence”, “Large Amount”],
“Subjective_Mental_States”: [“Direct Intent”, “Voluntary Surrender”]
}

Charge Pre-judge(for Charge-Anchored Retrieval)

Task Definitions: Act as a criminal law expert to analyze the provided case
({case_text}).
• Output reasonably possible charges (confidence > 30%) sorted by probability
(descending).

• If a dominant charge exists (confidence > 70%), prioritize it; if it is the
only certain charge, output it exclusively.

• Exclude charges with probability < 10%.

Format Definitions:
• Output strictly as a Python list: [’Charge 1’, ’Charge 2’, ...].
• The output must start with [.
• Return an empty list [] if no charge matches.
• No additional explanations or text allowed.

2024). Chain-of-thought (CoT) (Wei et al., 2022)1663

prompting can explicitly guide LLMs to reason1664

step by step. In the legal domain, researchers have1665

adapted CoT to legal-specific frameworks. For in-1666

stance, Yu et al. (Yu et al., 2022) demonstrated that1667

incorporating the IRAC (Issue, Rule, Application,1668

Conclusion) framework significantly enhances rea-1669

soning capabilities. LoT (Jiang and Yang, 2023)1670

proposed legal syllogism reasoning to improve1671

performance on LJP tasks, and ADAPT (Deng1672

et al., 2024b) established a workflow enabling dis-1673

criminative reasoning. Moreover, approaches like 1674

MALR (Yuan et al., 2024) utilize parameter-free 1675

learning to decompose complex legal tasks, while 1676

CaseGPT (Yang, 2024) combines LLMs with RAG 1677

to support semi-structured reasoning and legal ar- 1678

gumentation (Westermann, 2024). Additionally, 1679

GLARE (Yang et al., 2025b) leverages an agen- 1680

tic framework and web data for legal reasoning. 1681

However, these approaches primarily rely on in- 1682

trinsic capabilities or noisy external data, which 1683

constraints reasoning depth (Zhang, 2024; Ke et al., 1684

26



Auditor Checklist(item)

Task Definitions: Act as a legal AI assistant to assess if the case facts
strictly satisfy a specific constituent element of the law.
• Analyze the law_item and case facts.
• Focus exclusively on the target element (e.g., “intent”), using related
materials (if provided) for interpretation.

• determine applicability based on facts and logic.

I/O Specifications:
• Input: law_item, related (supplementary materials), element, case.
• Output: Provide reasoning first, then enclose the final result strictly within
tags: <answer>true</answer> or <answer>false</answer>.

Template:
law: {law_item}, related: {related}
element: {element}, case: {case}

Auditor Checklist(final)

Task Definitions: Act as a legal analysis assistant to determine if the provided
law article applies to the specific case (i.e., verify violation or crime).
• Identify all relevant constituent elements from the law text.
• Verify critical elements independently; note that the provided true_list and
false_list may be incomplete.

I/O Specifications:
• Input Variables: case, law, true_list (proven elements), false_list (disproven
elements).

• Output: Provide reasoning first, then enclose the final result strictly within
tags: <answer>true</answer> or <answer>false</answer>.

Template:
case: {case}, law: {law}
true_list: {true_list}, false_list: {false_list}

2025). Therefore, we propose an agentic frame-1685

work to dynamically acquire key legal knowledge,1686

enhancing both breadth and depth.1687

G.4 RAG in legal domain1688

In the legal domain, recent studies have adapted1689

RAG and graph-based solutions for specific tasks,1690

particularly Legal Question Answering (LQA) and1691

retrieval pipelines. For instance, recent works1692

optimize LLM outputs by incorporating external1693

case-based information (Wiratunga et al., 2024;1694

Louis et al., 2024) or utilizing adapt-retrieve-revise1695

pipelines (Wan et al., 2024) to combine contin-1696

ual training with evidence revision. Dedicated1697

benchmarks such as LegalBench-RAG show that1698

the retrieval stage remains a bottleneck (Pipitone 1699

and Alami, 2024). Works enriching retrieval with 1700

structural information (e.g., graphs of articles) 1701

demonstrate gains in tasks like statutory article re- 1702

trieval (Louis et al., 2023; Hei et al., 2024; Ho 1703

et al., 2025). Recently, the SAT-Graph RAG frame- 1704

work (de Martim, 2025) was proposed to model 1705

the hierarchical structure of legal norms. However, 1706

its sophisticated ontology-driven approach requires 1707

heavily structured input data, limiting its applica- 1708

bility to less curated corpora. 1709

The Usage of LLMs 1710

In this paper, LLMs were used only to polish the 1711

writing and correct grammatical errors for clarity. 1712
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Charge & Sentencing (JSON)

Task Definitions: Act as a legal expert to adjudge the defendant based on
candidate charges.
• 1. Final Charge Application: For concurrence, apply the “heavier penalty”
rule; for multiple acts, apply combined punishment.

• 2. Sentencing: Predict the specific law article and a reasonable sentencing
range based on facts and judicial practice.

Format Definitions:
• {

charge_name: [Charge A, ...],
law_article: [Art. X, ...],
term_of_imprisonment: {

death_penalty: boolean,
imprisonment: integer (months),
life_imprisonment: boolean

}
}

Legal Reasoning & Verdict

Task Definitions: Act as a legal consultant to analyze the case using the
provided Context documents.
• Step 1: Fact & Act Analysis: Analyze how many independent criminal acts exist.
Explicitly cite the supporting evidence from the context using [1][2]....

• Step 2: Law Application: Resolve any legal concurrence (e.g., Imaginative
Concurrence vs. Combined Punishment). Explain why specific articles apply
over others.

• Step 3: Sentencing Prediction: comprehensive assessment of sentencing based
on statutory rules.

Output Format:
• Structure: Output in two clear sections: Legal Analysis (reasoning with
citations) and Final Verdict (conclusion).

• Requirement: You must mark the source of your facts or laws using brackets
like [1].

Template:
Context: {context_list}, Case: {case_description}

In the preparation of this manuscript, we utilized1713

Large Language Models (LLMs) to assist with the1714

writing process. Specifically, the model was used to1715

refine the English text, including correcting gram-1716

matical errors and improving sentence clarity. Ad-1717

ditionally, LLMs assisted in the initial formatting1718

of several tables. The authors reviewed all model1719

suggestions and retain full responsibility for the sci- 1720

entific accuracy and integrity of the final content. 1721
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