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Abstract001

In the legal domain, large language mod-002
els (LLMs) can improve reliability and in-003
terpretability by generating explicit reasoning004
traces. However, training LLMs to produce005
high-quality reasoning traces remains challeng-006
ing. Existing supervised fine-tuning methods007
struggle when reasoning traces are significantly008
longer than final answers, as the learning sig-009
nal for the answer becomes diluted. Mean-010
while, reinforcement learning methods such as011
Group Relative Policy Optimization (GRPO)012
are not without drawbacks, facing issues includ-013
ing costly reward design, performance plateaus,014
and reward hacking. To address these chal-015
lenges, we propose a two-stage training frame-016
work. In Stage I, JurisCoT-SFT employs a017
length-normalized dual objective to balance018
learning signals between reasoning traces and019
final answers. In Stage II, Lifecycle-Aware020
Backtrackable Policy Optimization dynami-021
cally activates and deactivates auxiliary reward022
signals based on their impact on primary per-023
formance metrics, enabling efficient reward uti-024
lization without manual intervention. Trained025
on 2.7 million real-world judicial decision026
triplets and evaluated on a professionally an-027
notated benchmark of 3,462 cases, our method028
is fine-tuned on Qwen3-8B and achieves state-029
of-the-art performance on average across eval-030
uation metrics, outperforming both specialized031
legal LLMs and larger general-purpose models.032
The related resources will be released once the033
paper is accepted.034

1 Introduction035

Recent advances in large language models (LLMs)036

have emphasized the significance of explicit reason-037

ing (OpenAI, 2025; Qwen Team, 2025; DeepSeek-038

AI, 2025), where intermediate thought processes039

are generated before arriving at final answers, to040

enhance reliability and interpretability across com-041

plex tasks. This form of structured reasoning is042

Figure 1: A diagram of a legal reasoning trace.

particularly crucial in the legal domain, where deci- 043

sions must be grounded in statutory provisions, log- 044

ically coherent, and procedurally defensible (Levi, 045

2022). Due to the high demands for domain knowl- 046

edge and logical reasoning, as well as the low toler- 047

ance for hallucinations (Dahl et al., 2024), achiev- 048

ing this in the legal field is far more challenging 049

than in general domains. 050

We observe that high-quality legal reasoning 051

traces are generally quite long, as they must en- 052

compass both necessary legal knowledge and a 053

logically structured analysis, as shown in Figure 1. 054

Regarding knowledge, this involves a deep under- 055

standing of legal principles, including identifying 056

relevant statutes and legal precedents, as well as 057
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the ability to accurately interpret and apply them058

(Gerhardt, 2011; Li et al., 2025). On the other hand,059

legal reasoning must adhere to several critical logi-060

cal constraints, which include ensuring consistency061

between statutes and conclusions, maintaining in-062

ternal logical coherence throughout the analysis,063

and comprehensively identifying all material legal064

issues (Desai et al., 2016).065

Post-training plays a crucial role in enhancing066

the reasoning capabilities of LLMs. However, train-067

ing LLMs to generate high-quality reasoning traces068

is far from straightforward (Chu et al., 2025). Dur-069

ing the Supervised Fine-Tuning (SFT) stage, tradi-070

tional legal-domain LLMs such as LawGPT (Zhou071

et al., 2024), HanFei (He et al., 2023), Wisdom-072

Interrogatory (Wu et al., 2023), and InternLM-073

Law (Fei et al., 2024) focus on injecting legal do-074

main knowledge, but do not train the models to ex-075

plicitly reason. DISC-LawLLM (Yue et al., 2023),076

which incorporates the legal syllogism framework077

into the training data design, helps LLMs acquire a078

thought structure. However, since reasoning traces079

are typically three to four times longer than final080

answers, token-level loss accumulation implicitly081

biases the optimization objective toward the rea-082

soning traces, thereby diluting the learning signal083

for the final answers. Another approach is to use084

reinforcement learning, particularly Group Rela-085

tive Policy Optimization (GRPO). LexPam (Zhang086

et al., 2025a), SyLeR (Zhang et al., 2025b), and087

Unilaw-R1 (Cai et al., 2025) all employ GRPO to088

explore areas such as numerical computation and089

reasoning path diversity. However, these methods090

require multiple handcrafted reward functions to091

evaluate various aspects of the reasoning process,092

such as format compliance and citation accuracy.093

In practice, reward design is time-consuming,094

and reward signals that are initially effective095

may lose their effectiveness over time.096

We address these challenges with a two-stage097

training framework. In Stage I, we introduce098

JurisCoT-SFT, a variant of standard SFT that in-099

corporates a length-normalized dual objective to100

address signal imbalance. In Stage II, we present101

LABPO (Lifecycle-Aware Backtrackable Policy102

Optimization), which dynamically manages the ac-103

tivation of auxiliary reward signals based on their104

impact on primary evaluation metrics. Each auxil-105

iary signal is activated only when it measurably im-106

proves performance. Once its contribution plateaus107

or degrades overall model performance, it is auto-108

matically retired, and the policy reverts to a prior109

stable checkpoint, eliminating the need for contin- 110

uous monitoring. 111

Our training corpus is derived from real judi- 112

cial decisions, comprising over 2.7 million high- 113

quality {Query, Reasoning, Answer} triplets. We 114

evaluate our approach on a professionally anno- 115

tated testbed of 3,462 real-world judicial cases. 116

Fine-tuned on the Qwen3-8B model, our approach 117

achieves state-of-the-art performance on average, 118

surpassing specialized legal LLMs (Wu et al., 119

2023; Yue et al., 2024) and outperforming larger 120

general-purpose models, including GPT-5.1 (Ope- 121

nAI, 2025), Gemini-3-Pro-Preview (Google Cloud, 122

2025), Qwen3-235B-A22B-Instruct (Team, 2025), 123

and Grok4 (xAI, 2025). Direct evaluation of 124

reasoning traces shows substantial improvement. 125

Compared with the strong open-source model 126

DeepSeek-R1 (DeepSeek-AI, 2025), our method’s 127

win rate rises from 18.37% to 70.19% on Helpful- 128

ness and from 16.46% to 64.47% on Factual Cor- 129

rectness. Ablation studies also confirm the neces- 130

sity of both stages: JurisCoT-SFT alone increases 131

the average score from 0.6116 to 0.7580 by bal- 132

ancing learning signals between reasoning and an- 133

swers, while LABPO further refines performance 134

to 0.7702. 135

Our contributions can be summarized as follows: 136

1. We introduce JurisCoT-SFT, a novel variant 137

of supervised fine-tuning, which effectively 138

balances the learning signals between reason- 139

ing traces and final answers. This approach 140

improves the model’s ability to internalize crit- 141

ical legal knowledge, enhancing both reason- 142

ing quality and answer generation. 143

2. We present LABPO, a dynamic reward 144

scheduling technique that adapts to the 145

model’s learning progress. LABPO ensures 146

efficient use of auxiliary reward signals, elim- 147

inating the need for manual reward selection 148

and minimizing performance plateaus. 149

3. Our approach, fine-tuned on a large-scale 150

legal corpus, achieves state-of-the-art per- 151

formance across multiple legal tasks. The 152

model’s improvements in reasoning trace qual- 153

ity and final answer accuracy represent a 154

meaningful advance in legal reasoning per- 155

formance for LLMs. 156
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Figure 2: The left diagram depicts Stage I, JurisCoT-SFT, where the coefficient λ balances learning between
reasoning traces and final answers. The right diagram illustrates Stage II, LABPO, in which auxiliary reward signals
are dynamically activated and deactivated. Solid lines indicate periods when an auxiliary reward signal is active,
while dashed lines denote a decline in primary evaluation metrics that triggers a rollback.

2 Related Work157

Traditional legal domain LLMs generally adopt a158

two-stage paradigm, consisting of continued pre-159

training and domain-specific fine-tuning, to achieve160

improvements in their legal capabilities. Exam-161

ples include LawGPT (Zhou et al., 2024), Han-162

Fei (He et al., 2023), LawLLM (Shu et al., 2024),163

InternLM-Law (Fei et al., 2024), and Wisdom-164

Interrogatory (Wu et al., 2023). Prior studies have165

shown that explicitly generating intermediate rea-166

soning traces before producing final answers can167

improve performance on certain legal reasoning168

tasks (Hu et al., 2025b). In the legal domain,169

where conclusions must be grounded in legally170

valid premises and structured argumentation, a171

growing body of work has therefore focused on172

training LLMs to generate high-quality reasoning173

traces. DISC-LawLLM (Yue et al., 2023) integrates174

a legal syllogism framework into the training data175

design. LexPam (Zhang et al., 2025a) targets le-176

gal numerical reasoning with a two-stage GRPO177

approach, optimizing numerical precision and in-178

corporating legal elements into the reward function.179

SyLeR (Zhang et al., 2025b) enables syllogistic le-180

gal reasoning by combining SFT pre-training with181

PPO to explore multiple reasoning paths, though182

it primarily relies on general metrics like ROUGE,183

which may not fully capture the nuances of legal184

reasoning. LexPro (Chen et al., 2025) integrates185

SFT and GRPO for training but lacks a reward186

function tailored to legal contexts. Unilaw-R1 (Cai187

et al., 2025) introduces a reward function consid-188

ering alignment with expected legal solutions but189

may transfer biases from untrained adjudication190

models. Despite these advancements and some191

new insights, existing methods still face challenges192

in how to better enable training LLMs to learn more 193

from long reasoning traces, as well as how to more 194

efficiently and effectively use reward functions to 195

optimize the model’s reasoning components. Based 196

on these challenges, we propose a two-stage train- 197

ing framework for legal reasoning models. 198

3 Method 199

We introduce a two-stage training framework for 200

signal rebalancing and adaptive reward scheduling, 201

as illustrated in Figure 2. 202

3.1 Stage I: JurisCoT-SFT 203

In the legal domain, developing reliable LLMs re- 204

quires ensuring both procedural legitimacy and con- 205

clusion correctness. This necessitates “think-then- 206

answer” reasoning, where models first, in the "rea- 207

soning" stage, identify key issues and cite relevant 208

legal provisions, and then, in the "answering" stage, 209

provide succinct legal conclusions. To equip the 210

model with explicit reasoning capabilities and to 211

inject more comprehensive legal knowledge, we 212

apply SFT to the large-scale dataset. However, us- 213

ing standard SFT presents a critical challenge: the 214

severe length imbalance between the typically 215

lengthy reasoning traces and the concise final 216

answers. During training, this imbalance leads to 217

undue emphasis on the “reasoning” part, weaken- 218

ing the learning signal for the shorter but crucial 219

“answering” part. Given that even minor inaccura- 220

cies in the final answer can have high-stakes con- 221

sequences, addressing this training imbalance is 222

particularly important. 223

To address this issue, we propose JurisCoT- 224

SFT, a variant of standard SFT that introduces a 225

length-normalized dual-objective. Formally, let a 226
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training instance be (x, t, a), where x denotes the227

input query, t = (t1, . . . , t|t|) represents the pro-228

vided reasoning sequence, and a = (a1, . . . , a|a|)229

denotes the final answer. Given model parame-230

ters θ, we optimize the next-token cross-entropy231

loss, with the reasoning and answer segments232

weighted separately and normalized by their re-233

spective lengths:234

LJurisCoT(θ) = λ · 1
|t|

|t|∑
i=1

(
− log pθ(ti | x, t<i)

)
+ (1− λ) · 1

|a|

|a|∑
j=1

(
− log pθ(aj | x, t, a<j)

)
(1)235

where λ ∈ [0, 1] is a balancing coefficient that236

trades off the importance between the reasoning237

traces (t) and the final answer (a). A smaller λ238

prioritizes answer correctness, ensuring the model239

learns to produce correct final answers while still240

being guided by the structured reasoning process.241

3.2 Stage II: Lifecycle-Aware Backtrackable242

Policy Optimization243

Although models fine-tuned with JurisCoT-SFT244

demonstrate a competent grasp of legal knowl-245

edge and structured output, SFT fundamentally246

optimizes the token-level maximum likelihood ob-247

jective on the given labeled data. Its performance248

ceiling, however, is often limited by the quality of249

the training data. More importantly, SFT lacks the250

ability to provide fine-grained supervision of inter-251

mediate reasoning steps. When reasoning traces252

contain various flaws, such as missing legal re-253

quirements, misapplication of precedent, or logical254

breaks, this method cannot offer differentiated feed-255

back signals to guide the model in identifying and256

correcting specific types of errors. Therefore, a257

subsequent phase of alignment training is neces-258

sary. GRPO is currently the mainstream method259

for alignment training, but in standard GRPO, the260

reward function scores only at the outcome level.261

The result-based reward fails to reflect whether the262

intermediate reasoning steps are legally sound. A263

straightforward improvement is to design multi-264

ple experience-based rewards for different dimen-265

sions of the reasoning process (Cai et al., 2025; Wu,266

2025; Wang et al., 2025). However, we have found267

that although these rewards initially constrain and268

guide the thinking process during the early stages269

of training, the reward signals gradually lose ef-270

fectiveness over time and may be vulnerable to 271

reward hacking (Khalaf et al., 2025; Laidlaw et al., 272

2025). 273

To address these challenges, we propose 274

LABPO (Lifecycle-Aware Backtrackable Policy 275

Optimization). In this framework, we define pri- 276

mary rewards aligned with the final evaluation ob- 277

jectives, which remain active throughout training 278

to guide core optimization. Concurrently, we intro- 279

duce auxiliary process rewards to provide interme- 280

diate constraints and guidance. The key innovation 281

is that each auxiliary reward is governed by an 282

independent lifecycle: it remains active only as 283

long as it contributes to measurable improvements 284

in the primary objectives. Once its contribution 285

saturates or begins to degrade performance, it is 286

automatically retired. Let the task type be t ∈ T = 287

{CRIMINAL, CIVIL, ADMINISTRATIVE}. For an 288

input x and model output y, we define the training 289

reward at stage τ as: 290

Rt(y; τ) = R
pri
t (y) +

m∑
i=1

αi(τ)R
aux
i (y) (2) 291

where R
pri
t is the fixed primary reward aligned 292

with downstream evaluation metrics (Section 4.1), 293

{Raux
i }mi=1 are auxiliary reward components instan- 294

tiated from auxiliary process signals (Table 1), and 295

αi(τ) ∈ {0, 1} is a stage-dependent gating vari- 296

able that controls the lifecycle of the i-th auxiliary 297

reward. In the following sections, we provide a 298

detailed explanation of how the dynamic lifecycle 299

control mechanism updates αi(τ) during training, 300

and describe the design and implementation of the 301

auxiliary reward components Raux. 302

3.2.1 Adaptive Auxiliary Signal Scheduling 303

We propose an Adaptive Auxiliary Signal Schedul- 304

ing mechanism that automatically adjusts the lifecy- 305

cle of auxiliary signals during the training process, 306

thereby alleviating plateauing and suppressing re- 307

ward hacking. The pseudo-code of the algorithm 308

can be found in Appendix A.3. 309

Design Principles. Instead of keeping all auxil- 310

iary signals active throughout the entire training 311

process, we allow for the dynamic activation of 312

auxiliary signals. To avoid interference between 313

multiple auxiliary signals, only one auxiliary signal 314

is active at any given time. 315
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Periodic Evaluation. Every n optimization steps,316

we evaluate the current policy πθτ on a hold-out317

development set Ddev, which is independent of the318

validation and test sets. The performance score319

S(θτ ) obtained from this evaluation serves as the320

sole criterion for determining the lifecycle of the321

auxiliary signal.322

Dynamic Update of Auxiliary Signal Weights.323

Based on the continuous evaluation results, we up-324

date the weight αa of the currently active auxiliary325

signal Raux
a . The update rule is as follows:326

αa(τ + 1) =


0, max

k∈{1,...,H}
S(θτ )− S(θτ−k) < ϵ,

1, S(θτ )− S(θτ−1) > 0,

αa(τ), otherwise.
(3)327

If the latest evaluation score shows improvement328

over the previous one, the current auxiliary signal329

is considered beneficial, and its activation state is330

maintained. Otherwise, we monitor performance331

over a sliding evaluation window of the most re-332

cent H evaluations. If no significant improvement333

is observed within this window compared to the334

best historical checkpoint, we conclude that the335

auxiliary signal’s marginal benefit has diminished336

or that it has induced optimization divergence.337

Checkpoint Rollback and Mechanism Iteration.338

When the weight of the auxiliary signal is reset339

to 0, the policy parameters are rolled back to the340

checkpoint θτ−H , which was recorded H×n steps341

earlier. This rollback operation undoes any nega-342

tive effects caused by ineffective auxiliary signals,343

returning the training to a more stable checkpoint.344

When an auxiliary signal is deactivated, the mecha-345

nism selects and activates the next auxiliary signal346

in a predetermined order and repeats the evaluation347

and dynamic weight update cycle.348

3.2.2 Auxiliary Process Signals for Legal349

Reasoning350

Traditional reward functions typically require care-351

fully crafted signals to ensure their effectiveness.352

In contrast, our method reduces reliance on precise353

signal design. Even if certain signals contribute354

little to the final task objective or cause interfer-355

ence, our rollback mechanism (Section 3.2.1) can356

automatically identify and eliminate ineffective357

signals. Specifically, if a signal does not result in358

significant improvements in performance over con-359

secutive evaluations, the method retires the signal360

Signal Description

S1 Tag-format Validation
S2 JSON Schema Validation
S3 Statute Citation Format Verification
S4 Language Style Validation
S5 Statute Authenticity Verification
S6 Statute-conclusion Consistency Verification

Table 1: List of auxiliary process signals used as rewards
during training to guide legal reasoning. For details,
please refer to Appendix A.4.

and reverts to the previous checkpoint. It then au- 361

tomatically switches to the next signal for testing. 362

This mechanism ensures that the training process 363

is not misled by ineffective signals as training pro- 364

gresses, thereby improving the method’s robustness 365

to noisy or irrelevant signals. 366

As shown in Table 1, we provide a set of simple 367

and intuitive reward functions to score the model’s 368

thinking traces and final answers. 369

4 Experiments 370

4.1 Experimental Setup 371

Datasets. Training Data. We construct a large- 372

scale legal training corpus consisting of {Query, 373

Reasoning, Answer} triplets. The Query and An- 374

swer components are extracted from judicial docu- 375

ments, while the Reasoning Traces are generated 376

by a strong large language model. To control gen- 377

eration quality, we apply a variant of rejection sam- 378

pling to filter the generated reasoning traces (Ap- 379

pendix A.1). To address the long-tail distribution 380

of the training data, we further adopt a Tempered 381

Sampling Approach (Appendix A.2). The result- 382

ing training dataset contains 2,734,100 instances, 383

covering 35,010 distinct statutes at the clause level 384

and over 400 causes of action. Detailed dataset 385

statistics are provided in Appendix A.6. 386

Evaluation Data. We evaluate all models on a 387

legal test set constructed in collaboration with a ju- 388

dicial institution. All the data in this dataset are real 389

data, not synthetic, and they reflect real-world court 390

decision-making scenarios. The dataset contains 391

3,462 cases from judicial proceedings and adjudi- 392

cation records between 2019 and 2024, spanning 393

criminal, civil, and administrative domains. 394

Baselines. We evaluate our model against a se- 395

ries of strong baselines on the test set. These base- 396

lines include open-source general-purpose LLMs, 397

such as Llama3.1-405B (Meta, 2024), DeepSeek- 398

R1 (DeepSeek-AI, 2025), Qwen3-235B-A22B- 399
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Models Avg. Law Reason Focus
Criminal Case Civil Case Administrative

Recid. Mitig. Charge Sentence Fine Support Payment Judge
Specialized Legal LLMs

WisdomInterrogatory 0.3732 0.159 0.384 0.582 0.108 0.408 0.436 0.608 0.135 0.661 0.215 0.326
LawLLM 0.4641 0.181 0.547 0.729 0.370 0.727 0.414 0.466 0.080 0.682 0.052 0.420

Open-source LLMs
Llama-3.1-405B 0.5745 0.342 0.575 0.713 0.500 0.885 0.957 0.602 0.476 0.711 0.505 0.712
DeepSeek-R1 0.6838 0.422 0.718 0.819 0.715 0.961 0.969 0.740 0.563 0.801 0.706 0.787
Qwen3-235B-A22B-Instruct 0.6897 0.461 0.748 0.812 0.765 0.974 0.967 0.780 0.603 0.799 0.687 0.653
Grok-4 0.7011 0.499 0.728 0.818 0.668 0.973 0.976 0.724 0.501 0.781 0.645 0.799

Proprietary LLMs
GPT-5.1 0.6549 0.422 0.707 0.763 0.665 0.965 0.975 0.691 0.556 0.787 0.665 0.688
Claude-Sonnet-4.5 0.7114 0.540 0.729 0.811 0.705 0.968 0.970 0.751 0.578 0.793 0.685 0.764
Doubao-Seed-1.6-Thinking 0.7299 0.560 0.751 0.825 0.715 0.974 0.977 0.773 0.595 0.812 0.714 0.783
Gemini-3-Pro-Preview 0.7650 0.644 0.767 0.843 0.766 0.974 0.971 0.786 0.612 0.839 0.700 0.826

Our Method
Qwen3-8B 0.6116 0.315 0.652 0.791 0.659 0.921 0.960 0.727 0.457 0.742 0.653 0.624
with JurisCoT-SFT 0.7580 0.667 0.748 0.830 0.747 0.977 0.976 0.770 0.574 0.823 0.677 0.802
with JurisCoT-SFT + LABPO 0.7702 0.689 0.749 0.847 0.786 0.972 0.974 0.766 0.578 0.841 0.681 0.811

Table 2: The model evaluation results table. In this table, the best performance and the second-best performance
among all models are indicated in bold and underlined, respectively.

Instruct (Team, 2025) and Grok-4 (xAI, 2025);400

closed-source general-purpose LLMs, including401

GPT-5.1 (OpenAI, 2025), Claude-Sonnet-4.5 (An-402

thropic, 2025), Doubao-Seed-1.6-Thinking and403

Gemini-3-Pro-Preview (Google DeepMind, 2025);404

and legal-domain-specific LLMs, including Wis-405

domInterrogatory (Wu et al., 2023) and LawLLM-406

7B (Yue et al., 2024).407

Metrics. For all test cases, we define three com-408

mon tasks: determining the correct legal applica-409

bility (Law), producing legally grounded judicial410

reasoning (Reason), and identifying the central411

focus of dispute in a case (Focus). Because differ-412

ent types of litigation, namely criminal, civil, and413

administrative cases, involve distinct evaluation414

dimensions, we further design case-type-specific415

tasks. For criminal cases, we assess a series of416

decision-oriented tasks related to criminal liabil-417

ity and sentencing, including recidivism determi-418

nation (Recid.), mitigation or sentence reduction419

decisions (Mitig.), charge determination (Charge),420

sentence prediction (Sentence), and fine amount421

determination (Fine). For civil cases, we evalu-422

ate whether the court should support the litigation423

request (Support), as well as the judicial deter-424

mination of payment obligations (Payment). For425

administrative cases, in addition to the shared le-426

gal reasoning tasks, we evaluate the prediction of427

the final administrative judgment outcome (Judge).428

All classification-based tasks are evaluated using429

the F1 score, while amount-related judicial de-430

cisions are assessed with NAD_recall, following431

prior work (Feng et al., 2022; Xiao et al., 2018).432

Further details are provided in Appendix A.7.433

Implementation Details. We adopt a two-stage 434

training strategy. In the first stage, we perform 435

SFT on Qwen3-8B with a learning rate of 1 × 436

10−5 and a sequence length cutoff of 16,384. In 437

the second stage, reinforcement learning is applied 438

with a learning rate of 1×10−6. Training is carried 439

out on 32 NVIDIA A100 GPUs (80GB). 440

4.2 Main Results 441

We report the main experimental results, as shown 442

in Table 2. Overall, specialized legal-domain 443

LLMs (e.g., WisdomInterrogatory and LawLLM), 444

due to their smaller base model sizes and outdated 445

architectures, perform poorly on most tasks and sig- 446

nificantly lag behind current state-of-the-art large 447

models. This gap is especially evident in numeri- 448

cal decision-making tasks (e.g., Fine and Payment). 449

These results indicate that if a model lacks suffi- 450

cient inherent capability, possessing extensive legal 451

knowledge alone is insufficient to ensure strong 452

performance in legal scenarios. 453

In contrast, both open-source and closed-source 454

general-purpose models demonstrate stronger over- 455

all performance across multiple tasks. Among 456

open-source models, Qwen3-235B-A22B-Instruct 457

ranks second, achieving scores of 0.780 on 458

the Sentence task and 0.603 on the Fine task. 459

Among closed-source models, Gemini-3-Pro- 460

Preview ranks second overall with an average score 461

of 0.7650, and performs particularly well on com- 462

plex reasoning tasks such as Reason and Focus. 463

However, these general-purpose models still fall 464

short on tasks requiring high factual accuracy, such 465

as Law, where they achieve a score of 0.644, trail- 466
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Figure 3: Comparison of Reasoning Traces: Helpful-
ness and Factual Correctness. Purple indicates cases
where DeepSeek-R1 loses, blue indicates ties with
the evaluated model, and green indicates cases where
DeepSeek-R1 wins.

ing behind our specialized lightweight model.467

Our proposed two-stage training approach468

achieves significant improvements on the469

lightweight base model Qwen3-8B. Using only470

the first stage, JurisCoT-SFT, the model’s average471

score reaches 0.7580, surpassing all comparison472

models, including Gemini, on the Law task473

(0.667), and excels in criminal tasks such as Mitig..474

Introducing the second stage of training, LABPO,475

further enhances the model’s overall performance476

to 0.7702, representing a 25.9% improvement over477

the original base model, and achieves the best or478

second-best results across multiple tasks.479

4.3 Reasoning Performance Comparison480

To further investigate improvements in model rea-481

soning ability, we conduct a direct evaluation of482

reasoning traces across different models. We adopt483

a win-rate based comparison framework to perform484

pairwise evaluations among the baseline model485

Qwen3-8B, our proposed method (JurisCoT-SFT486

+ LABPO), and the strong open-source model487

DeepSeek-R1. Since the process-level signals S1–488

S6 introduced earlier involve substantial format-489

specific alignment requirements, Qwen3-8B and490

DeepSeek-R1 are not able to reliably follow such491

formats during the reasoning process; using these492

signals for evaluation would therefore introduce493

unfairness. We instead evaluate reasoning traces494

along two more general dimensions: Helpfulness495

and Factual Correctness. A strong LLM evaluator,496

Gemini-3-Pro-Preview, is employed as the judge.497

The detailed evaluation procedure is provided in498

Table 3: Ablation study of different model configura-
tions. Symbols denote: ✓ (our proposed method), ◦
(traditional method), and × (not used).

Experiment Name Stage I Stage II Average

JurisCoT-SFT + LABPO (Ours) ✓ ✓ 0.7702
JurisCoT-SFT + GRPO (all) ✓ ◦ 0.7513
JurisCoT-SFT Only ✓ × 0.7580
Naive SFT Only ◦ × 0.7313

Baseline (no training) × × 0.6116

Appendix A.5. 499

As shown in Figure 3, our method demonstrates 500

notable improvements in reasoning quality com- 501

pared to the baseline Qwen3-8B. In direct compar- 502

isons with the strong open-source model DeepSeek- 503

R1, the win rate of our approach increases from 504

18.37% to 70.19% on Helpfulness and from 16.46% 505

to 64.47% on Factual Correctness. Overall, the pro- 506

posed training strategy enables an 8B-scale model 507

to achieve reasoning performance on legal tasks 508

that is competitive with, or even superior to, a much 509

larger 671B-scale model. 510

4.4 Ablation Studies 511

In our ablation study, we evaluate the individual 512

impact of each component on the proposed frame- 513

work, as shown in Table 3. 514

The first row demonstrates the highest perfor- 515

mance (0.7702), achieved by using our proposed 516

method (JurisCoT-SFT + LABPO) in both stages. 517

The second row corresponds to a two-stage setting 518

in which the first stage applies JurisCoT-SFT, while 519

the second stage adopts the conventional GRPO 520

and aggregates all primary and auxiliary signals 521

to compute the reward score for each sample. We 522

observe that this configuration yields lower perfor- 523

mance than the third row. This result suggests that 524

directly combining multiple auxiliary signals may 525

introduce conflicts, thereby negatively affecting 526

overall model performance. These findings further 527

underscore the necessity of LABPO in the second 528

stage. The third row represents a model trained 529

solely using JurisCoT-SFT, yielding a performance 530

of 0.7580. The fourth row presents a model trained 531

only with traditional naive SFT, which achieves a 532

performance of 0.7313. These results suggest that 533

JurisCoT-SFT performs better on legal tasks than 534

traditional SFT. The final row represents the un- 535

trained base model, with a performance of 0.6116. 536
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Figure 4: Case Study: Legal Reasoning Accuracy and Completeness in Illegal Business Operations Judgment.

5 Case study537

To analyze whether the model maintains high ac-538

curacy in reasoning traces and final answers when539

handling complex reasoning tasks, we selected rep-540

resentative examples from Figure 4 for qualitative541

analysis. This case originates from a typical crim-542

inal case of illegal business operations, involving543

multiple sub-tasks such as charge identification,544

sentencing discretion, application of legal provi-545

sions, and fine calculation. We will compare the546

reasoning traces of the model trained using the al-547

gorithm proposed in this paper with those of two548

open-source models, Qwen3-8B and DeepSeek-R1,549

across three dimensions: "Charge and Sentence,"550

"Law Articles," and "Fine."551

The case shows that our model accurately iden-552

tified key facts, such as the defendant’s voluntary553

surrender, low social harm, and eligibility for pro-554

bation, with only a minor error of a 2-month dis-555

crepancy in the predicted prison sentence (6 months556

vs. the reference of 8 months). However, it missed557

one legal provision on the probation supervision558

mechanism (Article 76 of the Criminal Law). In559

contrast, both Qwen3-8B and DeepSeek-R1 failed560

to recognize the possibility of probation, directly561

predicting prison sentences of 12 and 18 months,562

respectively. Additionally, both models missed le-563

gal provisions related to probation (such as Articles564

72, 73, and 76). This incomplete coverage of legal565

knowledge led to an incomplete sentencing reason-566

ing chain, with the models defaulting to a prison567

sentence due to the absence of probation judgment.568

This demonstrates that the completeness of legal569

provision recall is essential for ensuring the reason-570

ableness of sentencing.571

Regarding fine generation, Qwen3-8B predicts 572

a fine of 10,000 CNY and DeepSeek-R1 predicts 573

50,000 CNY, both deviating substantially from the 574

reference fine of 20,000 CNY. In contrast, our 575

model produces a more accurate amount. Notably, 576

before generating the final answer, our model ex- 577

plicitly cites relevant legal provisions governing 578

fine determination, although these provisions are 579

not included in the reference answer. This sug- 580

gests that reliable legal numerical decision-making 581

depends not only on strong multi-step reasoning, 582

but also on the integration of domain-specific legal 583

knowledge or structural constraints. 584

In summary, this case illustrates common limi- 585

tations of general-purpose large language models 586

in judicial reasoning, such as inadequate sensitivity 587

to procedural and conditional legal rules and weak 588

modeling of legal numerical logic. The proposed 589

training method mitigates these issues, improving 590

judgment element accuracy while maintaining in- 591

terpretable reasoning traces. 592

6 Conclusion 593

In this paper, we introduce a two-stage training 594

framework for enhancing the legal reasoning ca- 595

pabilities of LLMs. We propose JurisCoT-SFT, 596

a novel variant of supervised fine-tuning that bal- 597

ances learning signals between reasoning traces 598

and final answers, and LABPO, a dynamic re- 599

ward scheduling technique that optimizes auxiliary 600

reward signals. Our approach achieves state-of- 601

the-art performance on a large-scale legal corpus, 602

surpassing specialized legal LLMs and general- 603

purpose models. Extensive evaluations confirm 604

the effectiveness of our method in improving both 605

reasoning trace quality and final answer accuracy. 606
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Limitations607

Despite the strong empirical performance and608

methodological innovations of our approach, sev-609

eral limitations should be acknowledged. First,610

while our training data is large-scale and sourced611

from real judicial decisions, it is primarily drawn612

from a single jurisdiction, predominantly focusing613

on Chinese civil, criminal, and administrative cases.614

This may limit the generalizability of our trained615

model to other legal systems. Second, although the616

auxiliary signals accompanying the LABPO frame-617

work no longer require meticulous selection due618

to the presence of a backtracking mechanism, the619

model still relies on a predefined reward function.620

Fully automating the design of reward functions621

(e.g., allowing LLMs to autonomously design suit-622

able reward signals) remains a challenge, and this623

is an area we intend to explore further in future624

work. Finally, due to resource constraints, we were625

unable to validate the effectiveness of our proposed626

two-stage approach on models of larger scale.627

Ethics Statement628

Given the sensitive nature of the legal domain, the629

application of artificial intelligence in this field630

necessitates rigorous ethical management. To ad-631

dress potential ethical concerns, we implement sev-632

eral safeguards. In particular, to prevent the leak-633

age of private information (e.g., personal names),634

we anonymize or replace sensitive data with neu-635

tral third-person references when constructing both636

training datasets and evaluation benchmarks. This637

ensures that our research upholds the principles of638

privacy protection and responsible AI development.639
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A Appendix 777

A.1 Attempt-Bounded Self-Verification 778

This section presents a method for improving the 779

quality of training data by filtering reasoning traces, 780

as illustrated in Figure 5. This method is called 781

Attempt-Bounded Self-Verification. Specifically, 782

given a question–answer pair (x, a), we prompt a 783

strong large language model to generate a reason- 784

ing trace t. We then feed the pair (x, t) into the 785

model to be trained, which produces multiple candi- 786

date answers â(k). If any candidate answer matches 787

the ground-truth answer a, we regard the corre- 788

sponding training triple (x, t, a) as valid and retain 789

it in the training set. We allow up to K attempts; 790

if none of the generated candidates matches the 791

reference answer, the training triple is discarded. 792
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D′ =
{
(x, t, a) ∈ D

∣∣∣ ∃ k ≤ K, â(k) ∼ pθ(· | x, t),

v(â(k), a) = 1
}
.

(4)793

Here, â(k) denotes the k-th candidate answer794

sampled from the model conditioned on (x, t),795

pθ(· | x, t) represents the conditional distribution796

defined by model parameters θ, and v(â(k), a) ∈797

{0, 1} is a verification function indicating whether798

the candidate answer agrees with the ground-truth799

answer a.800

A.2 A Tempered Sampling Approach for801

Judicial Data802

In real-world judicial practice, LLMs often gen-803

erate factual errors (i.e., ‘hallucinations’) and pro-804

duce responses that are of limited use when address-805

ing rare causes of action or infrequently cited legal806

provisions. These issues result from the long-tail807

distribution of training data. The long-tail distribu-808

tion refers to the severe class imbalance inherent in809

real judicial data, with a small number of causes of810

action accounting for the majority of cases, while811

many legally valid categories appear only sporadi-812

cally. If training samples are drawn strictly accord-813

ing to the natural distribution, the resulting dataset814

contains too few long-tail instances for the model815

to adequately learn these underrepresented cate-816

gories. On the other hand, equal sampling across all817

categories substantially over-amplifies rare causes818

of action while under-representing high-frequency819

ones. This trade-off poses particular challenges820

in the judicial domain. High-frequency causes of821

action dominate real-world judicial workloads, sig-822

nificantly impacting the practical utility of legal823

large language models. However, long-tail cate-824

gories, though rare, often correspond to specialized825

regulations or exceptional legal circumstances that826

require precise handling (e.g., treason).827

To mitigate this issue, we employ a tempered828

rebalancing strategy to enhance the sampling of829

long-tail causes of action while preserving the over-830

all structure of the real-world distribution. Specifi-831

cally, we apply an additional resampling step based832

on a power-temperature transformation of the true833

cause-of-action distribution P (c), where c denotes834

the cause-of-action category associated with each835

training sample, as shown below:836

P̃τ (c) :=
(P (c))τ∑
k (P (k))τ

, τ ∈ (0, 1]. (5) 837

When τ < 1, this transformation moderately 838

increases the sampling probability of long-tail cate- 839

gories while correspondingly reducing that of head 840

categories. 841

A.3 Pseudo-code for Adaptive Auxiliary 842

Signal Scheduling 843

This section provides the pseudo-code for 844

Lifecycle-Aware Backtrackable Policy Optimiza- 845

tion, as shown in the pseudo-code Figure 1. 846

A.4 Reward function for auxiliary signals 847

In Section 3.2.2 and Table 1, we provide a set of 848

simple and intuitive reward functions, and the spe- 849

cific calculation formulas are as follows. 850

A.4.1 Tag-format Validation 851

Model outputs are expected to follow a strict 852

structure, with the reasoning process enclosed in 853

<think>...</think>. Specifically, if the tags are 854

correct and no extraneous content exists outside 855

them, the model receives a reward of 1. If these 856

conditions are not met, the reward is 0. The reward 857

function is defined as: 858

RFmt(y) =

{
1, if the format is correct,
0, otherwise.

(6) 859

A.4.2 JSON Schema Validation 860

Model outputs must be valid JSON and contain all 861

required keys. The reward depends on the JSON 862

structure’s completeness and validity. If the output 863

is valid JSON with all required keys and correct 864

data types, the model receives a reward of 1. If the 865

JSON is valid but some optional keys are missing, 866

the reward is 0.5. If the output is invalid JSON, the 867

reward is 0. The reward function is defined as: 868

RJSON(y) =


1, valid, all required keys
0.5, valid, missing optional keys
0, invalid JSON

(7) 869

A.4.3 Statute Citation Format Verification 870

Model outputs should include statute citations in 871

a canonical format. If all statute citations are cor- 872

rectly formatted, the model receives a reward of 1. 873
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Algorithm 1 Adaptive Auxiliary Signal Scheduling for Legal Reasoning
Require: training dataset Dt; policy πθ with parameters θ; reference πref (KL); fixed held-out development set Ddev; primary

metric score S(θ) (score of πθ on Ddev); auxiliary rewards {Raux
i }mi=1 (at most one active at a time); evaluation interval n;

gain threshold ϵ; backtrack window H=3.
1: Select an active auxiliary index a; set αa ← 1 and αj ̸=a ← 0; save checkpoint θ0
2: for optimization step s = 1, 2, . . . do
3: Sample x ∼ Dt, roll out y ∼ πθ(·|x), and update πθ by GRPO using Eq. 2
4: if s mod n = 0 then
5: τ ← s/n; save checkpoint θτ ← θ; compute S(θτ ) on Ddev
6: if S(θτ )− S(θτ−1) > 0 then
7: continue ▷ keep Raux

a active
8: else if maxk∈{1,...,min(H,τ)}

(
S(θτ )− S(θτ−k)

)
< ϵ then

9: Retire Raux
a : set αa ← 0; backtrack parameters θ ← θτ−H

10: Switch to a new auxiliary reward a and set αa ← 1
11: end if
12: end if
13: end for

If the citations are missing or incorrect, the reward874

is 0. The reward function is defined as:875

RCFmt(y) =

{
1, correct citation format
0, incorrect format or missing

(8)876

A.4.4 Language Style Validation877

The model’s output needs to ensure a formal, neu-878

tral, and objective writing style. It is difficult to879

judge the language style using rules alone, so we880

use a strong LLM, such as Qwen-max, to evaluate881

the text’s writing style. We provide the LLM with882

a set of instructions detailing the criteria for style883

judgment. Based on these instructions, the LLM884

outputs a score.885

RStyle(y) = LLM(prompt, text) (9)886

The meanings of the different scores are as fol-887

lows:888

• A score of 1 is assigned when the style is889

formal and neutral.890

• A score of 0.5 is given when the style is mostly891

formal and objective, with minor subjective892

emotions that slightly affect the user’s experi-893

ence.894

• A score of 0 is assigned when the style is895

informal or when the response is filled with a896

large amount of subjective emotions.897

A.4.5 Statute Authenticity Verification898

In our process, we perform a truthfulness check on899

all the statutes cited in the reasoning traces of the900

generated answer y. We require that the referenced901

statutes be real and not fabricated. The design 902

of this reward score is inspired by the procedure 903

outlined in (Hu et al., 2025a). 904

1. Extract the generated statutes using regular 905

expressions or LLMs, denoted as Lgen = 906

{Sname, Snumber, Scontent}, where Sname is the 907

name of the statute, Snumber is the statute num- 908

ber, and Scontent is the content of the statute. 909

2. Embed the extracted content using the Sim- 910

BERT (ZeJun, 2022) model, alongside all con- 911

tents from a real statute database. 912

3. Calculate the semantic similarity between the 913

generated content and the real statutes. Se- 914

lect the real statute with the highest simi- 915

larity as the response, denoted as Lbest = 916

{S′
name, S

′
number, S

′
content}. The rationale be- 917

hind this process is that although large models 918

may not generate entirely hallucination-free 919

statutes, they generally maintain high seman- 920

tic consistency with real statutes. The closer 921

the model-generated statute is to a real statute, 922

the higher its semantic similarity. 923

4. Using rule-based comparisons, assess whether 924

Lgen and Lbest indicate hallucinations in the 925

model-generated statutes. Specifically, we 926

consider the generated statute Lgen to be non- 927

hallucinated if: S′
content ⊆ Scontent, S

′
number = 928

Snumber, S
′
name ∈ valid appellations of Sname. 929

We consider the rate of non-hallucinated statutes 930

as the reward score: 931

RStatReal(y) =
non-hallucinated statutes
Total number of statutes

(10) 932

where RStatReal is a value between 0 and 1. A higher 933

value of R indicates that a larger proportion of the 934
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generated statutes are accurate and do not contain935

hallucinations.936

A.4.6 Statute-conclusion Consistency937

Verification938

Model outputs must ensure that the cited statutes939

are consistent with the final conclusion. Due to the940

difficulty of judging the consistency between the941

cited statutes and the final conclusion through rules942

alone, we utilize a strong language model, such as943

Qwen-max, to assess this consistency.944

If the statutes directly support the conclusion,945

the model receives a reward of 1. If the statutes946

potentially support the conclusion, the reward is947

0.5. If the statutes contradict or are irrelevant to the948

conclusion, the reward is 0. The reward function is949

defined as follows:950

RConsistency(y) =


1, direct support
0.5, potential support
0, contradiction/irrelevance

(11)951

A.5 Reasoning Performance Comparison952

Details953

1. We use the test set mentioned in 4.1 to gen-954

erate complete reasoning traces for three dif-955

ferent models: Qwen3-8B, JurisCoT-SFT +956

LABPO, and DeepSeek-R1, all under the957

same prompt template. The generation set-958

tings are as follows: temperature = 0.7, top_p959

= 0.95, and max_new_tokens = 8192.960

2. We then provide the input, formatted as961

{query, ground truth answer, golden answer962

reasoning traces, modelA reasoning traces,963

modelB reasoning traces}, to Gemini-3-Pro-964

Preview. The model is asked to output the win,965

tie, and lose results for the reasoning traces966

of modelA and modelB across two dimen-967

sions (Helpfulness and Factual Correctness).968

To ensure fairness, the temperature setting for969

Gemini-3-Pro-Preview is set to 0.970

3. The definitions for these two evaluation di-971

mensions are as follows: Helpfulness primar-972

ily evaluates whether the reasoning process973

is clear, logical, and contributes to solving974

the problem. Factual Correctness assesses975

whether the facts in the reasoning process976

are accurate and error-free. For Factual Cor-977

rectness, the evaluator model, Gemini-3-Pro-978

Table 4: Training dataset Statistics

Item Count

Training instances ({Q, T, A}) 2,734,100
Distinct statutes (clause level) 35,010
Causes of action >400

Criminal cases 581,579
Civil cases 1,625,584
Administrative cases 526,937

Average token count in Reasoning Traces 3922.4
Average token count in Answer 902.2

Preview, refers to the ground truth answer and 979

golden answer reasoning traces to compare 980

which model’s reasoning traces contain fac- 981

tual elements that align more closely with the 982

reference answers, or have smaller discrepan- 983

cies. 984

4. For any pairwise model comparison, the win 985

rate for a specific dimension is defined as: 986

Win Rate =
Number of wins in that dimension

Total number of samples
(12) 987

A.6 Training dataset Statistics 988

Table 4 provides detailed information about our 989

training data. 990

A.7 Detailed Definitions of Evaluation Metrics 991

We list our specific evaluation tasks and their corre- 992

sponding evaluation metrics in Table 5. Depending 993

on the nature of the task, we employ different eval- 994

uation criteria, which are detailed below. 995

For classification-based tasks, we adopt the F1 996

score, defined as the harmonic mean of precision 997

and recall: 998

F1 =
2 · Precision · Recall
Precision + Recall

. (13) 999

For amount-related judicial decision tasks, we 1000

instead employ NAD-recall (Normalized Absolute 1001

Deviation Recall) to evaluate the accuracy of nu- 1002

merical predictions. Given a tolerance threshold τ , 1003

a prediction ŷ is considered correct if its normal- 1004

ized absolute deviation from the ground-truth value 1005

y satisfies: 1006

|ŷ − y|
y

≤ τ. (14) 1007

NAD-recall is then computed as the proportion of 1008

samples whose predictions fall within this accept- 1009
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able deviation range:1010

NAD-recall =
1

N

N∑
i=1

I
(
|ŷi − yi|

yi
≤ τ

)
, (15)1011

where N denotes the total number of samples and1012

I(·) is the indicator function.1013

In the main text, the AVERAGE metric reported1014

in Tables 2 and 3 is computed as a sample-size1015

weighted average rather than a simple arithmetic1016

mean. For each metric (or metric group) indexed1017

by k, let nk be the number of samples it covers and1018

N be the total number of samples. We define the1019

weight as1020

wk =
nk

N
. (16)1021

We further define the domain set1022

D = {Criminal, Civil, Administrative}, (17)1023

where for each domain d ∈ D, s̄d denotes the mean1024

score over the sub-metrics within that domain. The1025

overall AVERAGE is then computed as1026

AVG =

∑
m∈{Law, Reason, Focus}wmsm +

∑
d∈D wds̄d∑

m∈{Law, Reason, Focus}wm +
∑

d∈D wd
.

(18)1027
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Task Task Full Name Litigation Type Metric

Law Legal Applicability Determination General F1
Reason Judicial Reasoning Generation General F1
Focus Dispute Focus Identification General F1
Recid. Recidivism Determination Criminal F1
Mitig. Mitigation or Sentence Reduction Determination Criminal F1
Charge Charge Determination Criminal F1
Sentence Sentence Length Prediction Criminal NAD_recall
Fine Fine Amount Determination Criminal NAD_recall
Support Litigation Request Support Determination Civil F1
Payment Payment Obligation Determination Civil NAD_recall
Judge Administrative Judgment Outcome Prediction Administrative F1

Table 5: Summary of evaluation tasks with an explicit litigation type column. Classification tasks are evaluated
using the F1 score, while amount-related decisions are evaluated using NAD_recall.
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