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ABSTRACT

Large Language Models (LLMs) often struggle with Legal Judgment Prediction
(LJP) tasks, failing to maintain the rigorous logical consistency required for legal
judicial decision-making despite their outstanding semantic capabilities. Existing
methods relying on LLMs’ reasoning capabilities remain prone to instability and
hallucinations, and thus there is the absence of logically reliable and explainable
methods for LLMs in LJP task. To fill this gap, we propose a novel neuro-symbolic
approach that integrates an external logical solver to determine whether the con-
duct in the case fact constitutes a violation of specific law articles. Specifically,
our approach utilizes an LLM to translate texts into symbolic representations, per-
forms reasoning via an external solver to determine the logical consistency be-
tween the articles and facts, and interprets the output to ensure the final answer
is both logically accurate and contextually readable. Experiments demonstrate
that our method significantly outperforms both general and law domain-specific
reasoning baselines.

1 INTRODUCTION

Legal Judgment Prediction (LJP) stands as an important task in the field of Artificial Intelligence and
law, aiming to automatically predict judicial outcomes of whether the conduct in the case fact falls
under certain articles in law (Zhong et al., 2020; Cui et al., 2023). Recently, Large Language Models
(LLMs) have demonstrated remarkable performance on advancing various legal tasks such as legal
text summarization, information retrieval, and element extraction (Chalkidis et al., 2020; Katz et al.,
2024) due to their outstanding capabilities in natural language processing. Despite these impres-
sive successes, the performance of LLMs remains limited in LJP tasks, which require complex and
multi-step logical reasoning. While LLMs excel at capturing various semantic patterns, they often
struggle to maintain the rigorous logical consistency required for judicial decision-making, leading
to plausible-sounding but legally inaccurate predictions (Huang & Chang, 2023).

To enhance the performance of LLMs in the complex legal task LJP, previous general strategies
that can be used include Chain-of-Thought (CoT) prompting (Wei et al., 2022), retrieval-augmented
generation (RAG) (Lewis et al., 2020), and law domain-specific fine-tuning (Deng et al., 2024).
However, these methods primarily rely on the inherent implicit reasoning capabilities of the LLM
that often lack the logical consistency and interpretability, which is essential for the application in
legal scenarios. As a result, the performance of LLMs in LJP task is often prone to instability and
hallucinations, where the model generates factually conflicting statements (Ji et al., 2023). Currently,
there is a notable absence of logically reliable and explainable methods for LLMs in LJP task,
particularly for civil law systems like Chinese Criminal Law, which demands strict adherence to the
logical reasoning rules and consistent mapping between the case facts and the legal articles.

To fill this gap, we propose a novel neuro-symbolic framework integrating a logical solver to deter-
minate whether the conduct in the case fact constitutes a violation of certain articles in law. Specifi-
cally, we first utilize an LLM to translate all the relevant articles and case facts in natural language
(NL) into symbolic language (SL). Based on these SL representations, we use LLMs to generate
a query in corresponding SL for each (article, case facts) pair to determine whether [the person’s
conduct in the case] satisfies [the charge in the law article]. Then these symbolic formulations are
input into a logical solver, which performs logical deduction to determine whether the charge in the
article is logically consistent with the conduct in the case. Finally, the LLM interprets the solver’s
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Figure 1: The overall framework of our neuro-symbolic method. The pipeline consists of four
stages: (1) translating law articles and case facts from NL to SL via an LLM; (2) generating logical
queries to verify if the conduct satisfies the charge; (3) determining the article-fact consistency via
an external logical solver (Z3); and (4) interpreting the solver’s output to generate the final judgment
answer via the LLM.

SL output to generate the final judgment answer in NL, ensuring the LLM’s output is both logically
accurate and contextually readable. The contributions of this paper are summarized as follows:

* We introduce a novel perspective for improving LLMs performance in complex legal tasks
such as LJP by harnessing their symbolic logical reasoning capabilities.

* We propose a neuro-symbolic approach for the LJP task that incorporates an external log-
ical solver to reason and an LLM to interpret, ensuring both the logical consistency and
textual readability of legal reasoning.

* We conduct experiments comparing our method with both general and law domain-specific
baselines, demonstrating the superiority of introducing neural symbolic reasoning in the
LJP task.

2 RELATED WORK

2.1 IMPROVING PERFORMANCE OF LLMS IN LEGAL TASKS

Research on improving legal tasks performance of LLMs include three paradigms: domain-specific
fine-tuning, RAG, and reasoning prompting (Cui et al., 2024). Fine-tuning injects professional
knowledge via legal corpora to align models with correct legal knowledge and reasoning (Yue et al.,
2023; Huang et al., 2023; Colombo et al., 2024). RAG mitigates hallucinations by retrieving external
legal knowledge to ground generation (Louis et al., 2023; Fei et al., 2023). Prompt-based methods
utilize CoT to mimic syllogisms (Jiang & Yang, 2023; Katz et al., 2024) or structured frameworks for
interpretation (Savelka et al., 2023; Deng et al., 2023). Differing from previous works, we integrate
an external logical solver, addressing the limitations of LLMs in maintaining logical consistency
during the legal judgment requiring multi-step reasoning.

2.2 ENHANCEMENTS IN LOGICAL REASONING OF LLMS

Logical reasoning improvements for LLMs generally follow solver-based, prompt-based, or fine-
tuning approaches (Cheng et al., 2025). Solver-based methods translate NL into SL for symbolic
reasoning via an external logical solver (Olausson et al., 2023; Ye et al., 2023; Ryu et al., 2025).
Prompt-based strategies either elicit explicit NL reasoning chains (Wei et al., 2022; Yao et al., 2024;
Zhang et al., 2024) or prompt LLMs to perform NL-to-SL translation, reasoning and verification
processes (Liu et al., 2025; Xu et al., 2024; 2025). Fine-tuning internalizes LLMs logical reasoning
abilities via synthetic datasets containing logical proofs or augmented corpora (Bao et al., 2024;
Morishita et al., 2024; Feng et al., 2024; Wan et al., 2024; Jiao et al., 2024). Focusing on the LJP
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task, we propose a neuro-symbolic framework integrating a logical solver to determinate the fact-
article consistency.

3 LEGAL JUDGMENT PREDICTION TASKS

LJP is a fundamental legal task aiming to predict judicial results, such as applicable charges, based
on the textual description of case facts (Zhong et al., 2020). This process requires the model to rigor-
ously map the defendant’s conduct to the constitutive elements of specific legal articles, rather than
merely relying on semantic similarity. An example of LJP task from the CAIL2024 dataset) (Huang
et al., 2024) is as follows, where the goal is to determine if the specific charge of “Theft” applies to
the described behavior:

Example from CAIL2024 Dataset

Case Fact: On the evening of March 12, 2023, the defendant Zhang noticed that the victim Li had left
his electric scooter unlocked outside a supermarket. Zhang took advantage of the situation to ride the
scooter away. The scooter was later valued at 2,500 RMB.

Relevant Article: Criminal Law of the PRC, Article 264 (Theft): Whoever steals public or private
property for a relatively large amount... shall be sentenced to fixed-term imprisonment...

Prediction Task: Does the defendant’s conduct constitute the crime of Theft?
Ground Truth: True

4 PROPOSED METHOD

We introduce a neuro-symbolic framework for LJP task integrating a logical solver to determinate
whether the conduct in the case fact constitutes a violation of certain articles in law. As shown in
Figure 1, the method includes four stages: NL-to-SL translation for law articles and case facts, con-
struction of logical queries, determining the consistency via an external solver, and final judgment
interpretation via the LLM. This approach ensures the final output is both logically accurate and
contextually readable.

4.1 TRANSLATING ARTICLES AND FACTS INTO SL

We first utilize an LLM to translate unstructured NL texts into SL representations compatible with
Satisfiability (SAT) solvers (we employ Z3 here). Specifically, relevant legal articles and cases facts
are parsed into SAT formulations involving implication and quantification. We instruct the LLM to
maintain a consistent NL-to-SL mapping to ensure that identical concepts across articles and case
facts are bound to the same symbolic representations.

4.2 QUERY GENERATION AND COMBINATION

After obtaining the symbolic representations, we construct a logical query to evaluate the consis-
tency between the case facts and the law articles. Specifically, for each (article, case facts) pair, the
LLM generates a targeted query in SL aimed at determining whether the defendant’s conduct sat-
isfies the constitutive elements of the charge (e.g., is_true(Envi_pollu(Bai Moujia))). This SL query
combined with the previously generated SL representations of the article and facts, will be input into
an external solver.

4.3 REASONING VIA THE LOGICAL SOLVER

The combined symbolic representations are input into an external logical solver (Z3) to perform rig-
orous deductive reasoning. The solver deterministically evaluates the satisfiability of the constructed
query in SL based on the provided articles and facts in SL. It determines whether the case facts (as
the premises) can logically entail the charge in the article (as the conclusion). The solver returns
a precise boolean result (Satisfied/Unsatisfied), effectively validating the consistency between the
article and the facts.
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Table 1: Comparative evaluation of charge prediction accuracy (%) across five diverse datasets. We
benchmark our proposed neuro-symbolic method against five prompting strategies (Zero-Shot, CoT,
ToT, CoR, and LSL).

(a) Performance on DeepSeek-V3 (b) Performance on GPT-4.1
Dataset Zero-Shot  CoT ToT | CoR LSL | Our Method Dataset Zero-Shot  CoT ToT | CoR LSL | Our Method
TDSIF 69.61% 68.63% 70.59% | 71.00%  75.00% 95.00% TDSIF 66.67% 74.51% 78.43% | 79.00%  65.00% 85.00%
RPPID 54.08% 57.14% 52.04% | 60.00% 56.00% 89.47% RPPID 54.08% 57.14% 60.20% | 72.00%  54.00% 82.11%
OALEC 67.00% 61.00% 63.00% | 83.00% 77.00% 100.00% OALEC 65.00% 62.00% 67.00% | 75.00% 72.00% 98.00%
LawBench 38.00% 37.00% 35.00% | 51.00% 41.00% 78.79% LawBench 36.00% 34.00% 38.00% | 45.00% 34.00% 73.74%
CAIL2018 76.00% 79.00% 77.00% | 82.00% 80.00% 100.00% CAIL2018 70.00% 68.00% 83.00% | 92.00% 74.00% 100.00%

4.4 FINAL ANSWERING VIA THE LLM

In the final stage, the raw output from the logical solver is fed back into the LLM for interpretation.
The LLM translates the solver’s deterministic result into a NL judgment, providing a coherent and
readable answer (e.g., “Bai Moujia committed the crime of environmental pollution™). This step
bridges the gap between formal logic and human-readable reasoning, ensuring that the final output
is not only logically accurate but also contextually appropriate for legal users.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

The experiments are conducted using two LLMs: DeepSeek V3 and GPT-4.1. We evaluate the
performance of our method on several LJP datasets against five widely used prompting baselines in
legal tasks.

Benchmark Datasets.

* TDSIF, RPPID, OALEC: Three challenging subsets extracted directly from the
CAIL2024 (Chinese Al and Law Challenge) (Huang et al., 2024) corpus.

* LawBench (Subset) (Fei et al., 2023): A subset curated from the LawBench corpus for
comparison.

* CAIL2018 (Subset) (Xiao et al., 2018): A subset curated from CAIL2018 corpus, serving
as a standard baseline.

Evaluation Metric and Baseline Methods. The primary metric used is Accuracy (% )—the per-
centage of cases where the LLM correctly predicts the final criminal charge (Ground Truth). We
compare our method with the following five baseline reasoning strategies:

» Zero-Shot: Direct prediction without explicit reasoning.

¢ CoT (Chain-of-Thought) (Wei et al., 2022): Sequential reasoning leading to the conclu-
sion.

* ToT (Tree-of-Thought) (Long, 2023): Exploring and evaluating multiple possible reason-
ing paths.

* CoR (Chain of References) (Kuppa et al., 2023): Reasoning supported by specific cited
legal articles or principles.

* LSL (Legal Search Logic) (Martin et al., 2024): Simulating real-world legal research by
retrieving information and drawing conclusions based on the search results.

5.2 RESULTS ANALYSIS

Overall Performance and Superiority of Our Method. Our method achieves the highest accu-
racy across all datasets and models, with performance gains ranging from 8% to over 40% compared
to the best-performing baseline. Notably, the method achieves perfect accuracy (100.00%) for both
DeepSeek V3 and GPT-4.1 on the OALEC and CAIL2018 subsets. This strong performance con-
firms that structuring the LLM’s reasoning process through SL significantly enhances its ability to
handle the complexity and nuances of criminal charge prediction.
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Analysis of Baseline Methods. The reasoning-based baselines (CoT, ToT, CoR, LSL) generally
outperform the Zero-Shot method, validating the need for explicit step-by-step processing in legal
tasks. Among these, CoR (Chain of References) often shows a slight edge, suggesting that grounding
the reasoning in specific legal provisions is a beneficial strategy. However, the plateau in accuracy
observed across all baselines (with the maximum accuracy being 92.00%) indicates their suscepti-
bility to flaws in free-form generation, particularly when facing tasks involving contradictory legal
interpretations or complex fact patterns.

Model Comparison. The results show that DeepSeek V3 is generally competitive with, and in
several instances outperforms (e.g., in Zero-Shot, CoR, and SAT on TDSIF and LawBench), GPT-
4.1 when using the same reasoning technique. The most critical observation is that the performance
boost conferred by our method is robust across different foundation models, consistently improving
their performance in the LJP task.

6 CASE STUDY

We present a detailed analysis of a complex legal case involving the concurrence of offenses. This
case demonstrates how our method’s reasoning via solver prevent the semantic distractions that
frequently lead baseline reasoning methods (CoT, CoR, LSL) to incorrect legal characterizations.

6.1 CASE BACKGROUND AND LEGAL CONFLICT

The case involves the unauthorized sale of counterfeit cigarettes. Under Chinese Criminal Law, this
scenario presents a concurrence between the Crime of Selling Counterfeit Registered Trademark
Goods (Article 214) and the Crime of lllegal Business Operation (Article 225).

Case Facts: From 2009 to 2012, Defendant Qiu purchased counterfeit “Ruan Zhonghua”
cigarettes and sold 510 cartons to Defendant Nan (Amount: 109, 000 RMB). Nan subsequently
resold these to Wang Yi (Amount: 81,600 RMB). Both defendants admitted to the facts.
The cigarettes bore counterfeit registered trademarks. Crucially, tobacco is a state-controlled
monopoly product.

Ground Truth Charge: Illegal Business Operation.

The legal ground truth prioritizes the violation of the state monopoly order (Article 225) over the
trademark infringement (Article 214), when the prosecution threshold for Illegal Business Operation
is met, which demonstrates the adherence to the principle of lex specialis.

6.2 ANALYSIS OF BASELINE FAILURES

Baseline methods (CoT, LSL, CoR) consistently misclassified the case as the Crime of Selling Coun-
terfeit Registered Trademark Goods. As shown in the box below, the Chain-of-Reference (CoR)
method correctly identifies the monopoly status but commits a logical error by subjectively weight-
ing the “prominence” of the trademark infringement over the monopoly violation. This illustrates a

vulnerability to salient semantic features (“counterfeit”, “trademark’) at the expense of hierarchical
legal principles.

Baseline Error (Representative CoR Output):

Step 4 [Evaluation]: The facts clearly confirm defendants sold “counterfeit Ruan Zhonghua
cigarettes”, directly infringing trademark rights.

Step 6 [Reasoning Failure]: Although cigarettes belong to state-monopoly goods, the promi-
nent illegality in this case lies in the infringement of trademark rights, making the applica-
tion of the criminal law provision protecting intellectual property rights more appropriate.
Output Charge: (box)Crime of Selling Counterfeit Registered Trademark Goods(/box)
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6.3 ANALYSIS OF OUR METHOD SUCCESS

Our method correctly identifies the charge by enforcing a structured evaluation of object at-
tributes. Unlike the free-form reasoning of baselines, the SAT solver is constrained to verify the
is_state_controlled attribute. Once the object (cigarettes) is confirmed as a monopoly good
and the act is unlicensed sale, the logic strictly maps to Article 225, effectively ignoring the distrac-
tion of the trademark issue which acts as a “distractor” feature in this context.

SAT Method Success (Solver Trace):

1. Solver Selection: Assert has_action (Nan, sell, fake_cigarettes, 510,
160) == True.

2. Legal Attribute Check: Cigarettes are state-controlled monopoly goods (tobacco
monopoly products) as stipulated by national laws.

3. Charge Determination: Engaging in the purchase and sale of tobacco monopoly products
without a license severely disrupts the national market monopoly management order. This act
complies with Article 225.

Output Charge: (box)Illegal Business Operation{/box)

7 CONCLUSION

In this paper, we proposed a novel neuro-symbolic framework to enhance LLMs’ performance in
LJP. By integrating an external logical solver to strictly determine the consistency between case facts
and legal articles, our method addresses the critical challenges of logical instability and hallucina-
tion generation of LLMs in complex legal tasks. We utilized LLMs to translate NL into SL, perform
deductive reasoning via a SAT solver and maintain contextual readability through final interpre-
tation. Extensive experiments across various datasets demonstrate that our approach significantly
outperforms general and domain-specific baselines.
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