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Abstract

Legal judgments may inadvertently contain er-
rors, yet human appellate review faces immense
pressure to improve efficiency. While current
legal Al focuses on legal judgment prediction
or document generation, judgment review is
fundamentally a retrospective diagnostic task.
In this paper, we introduce APPELLATE RE-
VIEW to assess large language models’ (LLMs)
legal diagnostic reasoning underlying appel-
late review. We specifically target Chinese
criminal cases, under the assumption that their
highly structured logic, which maps explicit
facts to strict statutory penalties, provides a
verifiable ground truth. We decompose APPEL-
LATE REVIEW into three subtasks: error detec-
tion, error classification, and error correction.
To support this, we construct AR-BENCH, a
controlled benchmark comprising 8,700 judg-
ments with counterfactually introduced errors
spanning charges, prison terms, and fines. Eval-
uations of 16 LLLM variants reveal substantial
limitations: models classify known errors rela-
tively well but struggle with unguided detection
and precise correction. Further analyses of a
representative model show that it identifies ex-
plicit textual contradictions but fundamentally
fails at holistic deductive reasoning and rule-
based arithmetic.

1 Introduction

Equality before the law is a fundamental principle
of modern justice, crucial for ensuring balanced
sentencing in criminal law. Although judicial rul-
ings undergo rigorous procedures, judges may still
make errors during the adjudication process due
to the complexity of cases and the abstract nature
of legal norms (Hu, 2024). To counter this, both
civil (Hoquet-McKee, 1981; Woo, 1989; Linde-
mann and Lienau, 2020) and common (Orfield,
1936; Hessick and Hessick, 2008) law systems have
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Figure 1: Workflow of legal Al tasks across Chinese
judicial stages. While (a) legal judgment prediction and
(b) legal document generation assist drafting in pretri-
al/trial stages, our proposed (c) APPELLATE REVIEW
focuses on finalized judgments through three subtasks:
error detection, classification, and correction.

established appellate review mechanisms to reex-
amine the accuracy of legal applications and the
appropriateness of sentencing, thereby correcting
potential errors in finalized legal judgments.
Taking China as an example, while these appel-
late review mechanisms are vital for enhancing judi-
cial fairness and curbing discretionary abuses (Bai,
20006), they face immense practical pressures (Wal-
lace, 2005; Zuo, 2018). A 65.8% surge in appeal
cases from 2015 to 2024 has significantly burdened
judges (PRC, 2025), potentially diminishing the
thoroughness of human reviews and error correc-
tion. Against this backdrop, a critical question
arises: Can artificial intelligence (Al) be intro-
duced to assist in the review of finalized judgments?
Figure 1 illustrates that while existing legal Al
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Legal Reasoning

Law

Sentencing Attributes

Benchmark Facts Process Articles Factors Classes Type of Cases Jurisdiction
CAIL2018 (Xiao et al., 2018) v X X X 2 Criminal Mainland China
Auto-Judge (Long et al., 2019) v X X 2 Civil Mainland China
SwissJP (Niklaus et al., 2021) v X X X 2 Generic Switzerland
LBOX OPEN (Hwang et al., 2022) v X X X 4 Generic Korean
AppealCase (Huang et al., 2025) v 4 X X 12 Civil Mainland China
JuDGE (Su et al., 2025) v 4 v X 8 Criminal Mainland China
AR-BENCH (Ours) v v v v 20 Criminal Mainland China

Table 1: Comparison between AR-BENCH and existing legal judgment prediction benchmarks in civil law systems.

research has predominantly focused on legal judg-
ment prediction (Xiao et al., 2018; Feng et al.,
2022) and document generation (Polsley et al.,
2016; Shen et al., 2022; Su et al., 2025), these tasks
differ fundamentally from appellate review, partic-
ularly within the highly structured Chinese judicial
system that this study focuses on. First, they target
fundamentally different stages of the legal process.
Legal judgment prediction and legal document gen-
eration tasks focus on the period before a judgment
is rendered, aiming to predict outcomes or draft
documents. In contrast, appellate review focuses
on the period after a judgment is rendered, exam-
ining existing judgments to determine whether to
initiate a retrial.

A further distinction lies in their learning objec-
tives. Legal judgment prediction involves predict-
ing legal outcomes from fact descriptions, consti-
tuting a classification or prediction task. Appellate
review, however, identifies potential errors within
finalized judgments, falling under error identifica-
tion or anomaly detection tasks (Felice and Briscoe,
2015; Yang et al., 2025b). Similarly, while doc-
ument generation produces structured text from
inputs, appellate review deconstructs and diag-
noses existing texts, aligning more closely with
fact-checking (Thorne et al., 2018; Schlichtkrull
et al., 2023) paradigms. While recent benchmarks
have extended prediction (Huang et al., 2025) and
generation (Yang et al., 2026) tasks to civil appeals,
an evaluation benchmark tailored specifically for
logical diagnostic review remains underexplored.

To address this research gap, we propose a novel
task, APPELLATE REVIEW, designed to specif-
ically evaluate models’ ability to identify errors
in legal application within legal judgments. We
decompose this task into three subtasks: error de-
tection, error classification, and error correction.
Given an initial case fact description and a corre-
sponding judgment, models are tasked with (1) de-
tecting whether the judgment contains legal errors;

(2) identifying the specific type of error; and (3)
generating a corrected, legally valid revision based
on the identified error. To support this, we con-
struct AR-BENCH', a novel benchmark derived
from real-world cases. Unlike the prior datasets
shown in Table 1, AR-BENCH provides 20 fine-
grained attributes per sample across 8,700 criminal
judgments containing manually constructed errors.

A natural question arises as to why AR-BENCH
is restricted exclusively to criminal judgments
rather than encompassing civil or administrative
cases. This restriction is a deliberate choice to en-
sure objective evaluability. Criminal law operates
on a highly structured logical chain: explicit case
facts map to specific charges, which dictate strict
prison terms and fine intervals. This allows us to
define a relatively objective and verifiable ground
truth for error correction, enabling precise continu-
ous evaluation metrics. In contrast, civil and admin-
istrative appeals frequently involve proportional
liability, discretionary judgments, and subjective
interpretations (Huang et al., 2025), making their
ground truth less amenable to empirical verifica-
tion than our criminal error constructs. By isolating
criminal law, AR-BENCH avoids evaluation noise
and provides a rigorous testbed for legal diagnostic
reasoning underlying appellate review.

We summarize our contributions as follows:

* Task Formulation: We propose APPELLATE
REVIEW, a novel task assessing LLMs’ diagnos-
tic reasoning on finalized legal judgments. We
structure this task into three closely related sub-
tasks: error detection, error classification, and
error correction.

¢ Novel Benchmark: We construct AR-BENCH, a
large-scale, fine-grained benchmark derived from
Chinese criminal cases with injected anomalous
judgments to evaluate models’ diagnostic ability
under controlled settings.

"Data: https://github.com/Yifei6672/AR-Bench
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* Empirical Insights: By evaluating 16 diverse
LLM variants on AR-BENCH, we reveal critical
limitations in existing models’ ability to handle
diagnostic legal logic, underscoring the need for
more robust diagnostic reasoning abilities.

2 Related Work

2.1 Legal Judgment Prediction

Legal judgment prediction has undergone a techno-
logical evolution from rule-based/statistical meth-
ods (Lawlor, 1963; Ulmer, 1963) and traditional
machine learning (Liu and Hsieh, 2006; Aletras
et al., 2016) to deep learning and pre-trained mod-
els (Feng et al., 2022; Wu et al., 2023; Zhang et al.,
2023; T.y.s.s et al., 2024; Yue et al., 2024a), with
its research objective remaining consistent: predict-
ing legal outcomes based on case fact descriptions.
Recent models further enhance their sensitivity to
subtle factual distinctions through contrastive learn-
ing (Liu et al., 2022; Zhang et al., 2023; Gan et al.,
2023) methods and by modeling legal knowledge
using graph structures (Bi et al., 2023; Li et al.,
2024a; Xu et al., 2024). Although these models
have made significant progress in outcome predic-
tion, it remains an open question (An et al., 2022)
whether they have genuinely mastered the underly-
ing logic of legal reasoning. Unlike legal judgment
prediction, which focuses on predicting judgments
based on fact descriptions, our task aims to identify
potential legal application errors in final judgments
from finalized judgment documents. This requires
models to possess deeper legal logical analysis and
diagnostic reasoning capabilities.

2.2 Legal Reasoning Benchmarks

As shown in Table 1, conventional legal judgment
prediction datasets (Xiao et al., 2018; Hu et al.,
2018; Chalkidis et al., 2019) lack fine-grained an-
notations to systematically evaluate models’ legal
reasoning ability. With the rise of LLMs, a se-
ries of legal reasoning benchmarks have emerged,
covering both comprehensive assessments (Guha
et al., 2023; Fei et al., 2024; Li et al., 2024b; Fan
et al., 2026) and specialized task (Niklaus et al.,
2025; Li et al., 2025) evaluations, encompassing
legal judgment prediction (Shui et al., 2023; Zhang
et al., 2024), legal document retrieval (Upadhya
and T.y.s.s, 2025; Seo et al., 2025), legal document
generation (Shen et al., 2022; Su et al., 2025) and
legal question answering (Zhong et al., 2020; Liu
et al., 2024). However, these benchmarks rarely

offer a systematic evaluation of judicial diagnos-
tic capabilities. To bridge this gap, we introduce
APPELLATE REVIEW, aiming to assess a model’s
ability to identify potential legal application errors
in existing judgments. While concurrent works ex-
plore civil appellate proceedings through outcome
prediction (Huang et al., 2025) or open-ended doc-
ument generation (Yang et al., 2026), AR-BENCH
uniquely frames APPELLATE REVIEW as a diag-
nostic task. By strictly focusing on the highly struc-
tured logic of criminal law rather than highly con-
textualized civil disputes, we avoid the evaluation
noise associated with generative metrics and estab-
lish an objectively verifiable ground truth.

3 APPELLATE REVIEW and AR-BENCH

3.1 Task Formulation

The proposed APPELLATE REVIEW focuses on the
legal diagnostic components of appellate review,
namely error detection, classification, and correc-
tion of legal application errors. The three subtasks
are evaluated independently to prevent upstream er-
rors from confounding the downstream evaluation.

Error Detection. Let D denote the judgment
document. The model is required to identify the
presence of errors in the application of law within
D. We frame this as a prompt-constrained binary
classification task:

max

P D7 ) 1
y€&{true false} (y| pdet) €))

y = arg
where prompt pqe; restricts the model to output a
binary answer y € {true, false} where true indi-
cates the judgment is correct, and false indicates
the judgment contains an error.

Error Classification. Given an erroneous judg-
ment document D, the model is required to classify
the specific type of the primary error. We frame
this as a prompt-constrained classification task:

E = P(E|D 2
arg max (E| D,pes) )

where prompt ps strictly restricts the LLM’s out-
put to a target space £ containing three predefined
error categories: charge, prison term, and fine, as
shown in Figure 2.

Multiple errors often co-occur as cascading
anomalies. To streamline statistical evaluation, we
label each case by its root cause and restrict the pre-
diction to the primary error type, treating derived
errors as consequences of the primary violation.
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Error Correction. Let D denote the judgment
document and £ € £ denote the identified error
type. The model is required to generate a local cor-
rection C' to replace the original erroneous element.
To prevent open-ended evaluation ambiguity, we
frame this as a prompt-constrained generation task:

~

C =arg max P(C | D, E, pcor), 3)
CeYr

where prompt pcor strictly restricts the LLM’s out-
put to a structured target space Jg containing only
the exact charge or penalty value.

3.2 Evaluation Metrics

For error detection and classification, we employ
Accuracy (Acc), Macro-Precision (MaP), Macro-
Recall (MaR), and Macro-F1 (MaF1) to handle cat-
egory imbalance. For error correction, the parsed
output ¢ from C is evaluated according to the type
of the target variable. For discrete targets (Charge),
we use the aforementioned classification metrics
against the ground-truth y.

We evaluate continuous numerical targets
(Prison Term and Fine) from two perspectives.
First, we map the continuous values into predefined
legal interval labels to compute the standard clas-
sification metrics. Second, because interval-based
classification can obscure meaningful differences
near boundaries, we additionally utilize distance-
aware continuous metrics: ImpScore (Zhong et al.,
2018b) and Acc@0.1 (Chen et al., 2019).

ImpScore is defined as the difference between
the predicted targets and the ground-truth targets.
Assume that the ground-truth target of the ¢-th case
is t; and the predicted result is ;. Then, we define
the difference d; as:

d; = |log(t; + 1) — log(t; + 1)]. 4)

After that, the score function f(v) is defined as:

1.0, ifv<0.2,
0.8, if0.2 <v <04,
0.6, if0.4<v<0.6,

fv) = 04, if06<v<08
0.2, if08<wv<l,
0.0, if1 <.

Then the final score should be:

M
; M

=1

The Acc@0.1 defines a 10% tolerance margin,
formulated as:

Acc@(.1 =

2=

N
ZH(@i —y| <0.1-w), (D
i—1

where ¢; is the predicted value, y; is the ground
truth, and the indicator function I(-) assesses
whether the prediction falls within this range.

3.3 Data Processing and Base Annotation

The original judgments of AR-BENCH are de-
rived from a publicly available legal document
dataset (Su et al., 2025). In designing the bench-
mark, we explicitly avoid introducing real appellate
judgments. Such cases frequently involve factual
confounders, such as new evidence, that compli-
cate the evaluation of pure legal reasoning. We opt
to inject synthetic errors into first-instance cases
to isolate logical errors, ensure a balanced error
taxonomy, and prevent LLM data contamination.

We applied rigorous filtering criteria to retain
only single-defendant cases. This deliberate choice
reduces potential evaluation noise, ensures the
atomic nature of synthesized errors, and strictly
aligns with our objective of maintaining verifiable
evaluation metrics. Regular expressions were em-
ployed to extract and standardize the required fields
(charges, prison terms, fines, etc.) into a unified
format, as they are typically written in a consistent
structure in the documents.

To ensure the quality of extracted annotations,
we conducted a two-stage manual evaluation. In the
first stage, three legal experts manually reviewed
a stratified sample of 400 cases. Based on the
identified errors, we refined the regular expressions
to systematically correct all mislabeled instances.
In the second stage, the experts performed a post-
validation using a newly and independently sam-
pled set of 400 cases. This final evaluation yielded
a Fleiss’ x of 0.88 and a pass rate of 95.2%.

3.4 Anomalous Judgment Synthesis

Unlike legal judgment prediction tasks, appellate
review requires models to diagnose logical falla-
cies within finalized documents. To this end, we
manually injected anomalous logic into standard
judgment documents via text modification, synthe-
sizing anomalous judgment samples encompassing
six fine-grained error types (E1-E6) as shown in
Figure 2. Designed as a diagnostic stress-test rather
than reflecting empirical frequencies, these errors
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Figure 2: Taxonomy of Six Manually Constructed Error Types for AR-BENCH. This diagram illustrates the designed
errors targeting three adjudication elements: Charges (E1: Erroneous Charge, E2: Omission of Charges), Prison
Terms (E3: Sentencing Outside Limits, E4: Failure to Consider Sentencing Factors), and Fines (ES: Fixed-amount
Fine Outside Limits, E6: Percentage-based Fine Outside Limits).

comprehensively cover three core types: Charges,
Prison Terms, and Fines.

Charge Error. Erroneous conviction (E1) refers
to situations where two charges are easily confused
in a judgment (Bai, 2006) due to highly similar
criminal characteristics. Omission of charges (E2)
refers to situations where a case should involve
multiple offenses, but the initial judgment only
recognized the primary offense corresponding to
the main criminal characteristics while overlooking
other offenses matching different characteristics.

Prison Term Error. Sentencing outside limits
(E3) refers to sentences imposed that exceed the
statutory sentencing limits specified in criminal law.
Failure to consider sentencing factors (E4) refers to
a sentencing determination that deviates from the
sentencing range established based on such factors,
as illustrated in the lower half of Figure 2.

Fine Error. Fine errors encompass both Fixed-
Amount Fine Outside Limits (E5) and Percentage-
based Fine Outside Limits (E6). Fixed-amount fine
outside limits (ES5) occurs when the Criminal Law
specifies a fixed fine range (from 5 to 15 as shown
in Figure 2), and a judge imposes a fine exceeding
this range. Percentage-based fine outside limits
(E6) occurs when the Criminal Law establishes a

fine range in proportional terms (from X1 to x5 as
shown in Figure 2), and a judge fails to accurately
determine the amount involved during sentencing,
resulting in a judgment error where the imposed
fine exceeds the proportional range.

Guaranteeing Logical Coherence. To prevent
models from cheating by exploiting superficial tex-
tual artifacts, we explicitly avoided simple token-
level substitutions of specific legal terms, such as
final prison terms or charges.

Instead, we implemented a deeper, semantic-
level manipulation. For instances such as Erro-
neous Conviction and Omission of Charges, we
retrieved cases sharing identical key sentencing
factors from a single-charge database, and care-
fully swapped the reasoning sections based on the
matched cases. This approach is designed to pre-
serve the local logical coherence of the synthe-
sized documents, forcing models to rely on deep
legal reasoning to discover fundamental conflicts
between the finalized judgment and the case facts.

Furthermore, based on this rigorous synthesis
mechanism, we automatically derived the correct
attributes (i.e., the original labels prior to modifi-
cation) for each anomalous judgment. This auto-
mated derivation provides a relatively objective and
consistent evaluation baseline for the subsequent

28898



wore  Mit.  Mix,

4gg
Wy 21 579 195" Moy
S " b,
Vo o 2
o 5

Agg.
12

None
217

Mg,
17 6.6_'

<
Yo o2
o ©)
& WK > 6b‘
21°

Figure 3: Distribution of AR-BENCH, highlighting
normal versus anomalous cases and further breaking
anomalies down by error type (e.g., omission, erroneous
charges, fixed amounts, percentage-based fines) and sen-
tencing factors (None, Mitigated, Aggravated, Mixed).

error correction task.

Following the automated synthesis pipeline, we
conducted a two-stage manual quality evaluation.
In the first stage, three legal experts first evaluated
a stratified sample of 400 cases to ensure strict
consistency between the reasoning processes and
final judgments. Based on their review, we refined
the injection pipeline by strictly enforce subject
consistency and deleting residual text fragments.
In the second stage, the experts performed a post-
validation using a newly and independently sam-
pled set of 400 cases. The final evaluation yielded
a Fleiss’ x of 0.79 and a pass rate of 91.5%.

3.5 Dataset Statistics

As illustrated in Figure 3, AR-BENCH comprises a
total of 8,700 single-defendant criminal judgments.
The dataset is comprehensively distributed across
three core adjudication elements, yielding 3,844
cases for Charges, 2,777 for Prison Terms, and
2,079 for Fines. To effectively evaluate a model’s
ability to avoid false positives (i.e., hallucinating
errors in flawless documents), we maintained a
specific ratio of normal to anomalous cases. For
instance, within the Charges category, 3,110 judg-
ments contain manually injected errors, while 734
remain in their original state. The mean character
lengths for Case Facts, Reasoning, Judgment, and
Law Articles are 380.9, 286.5, 87.6, and 557.9, re-

spectively (see Table 5 in the Appendix for detailed
length distributions).

4 Experiments

The primary objective of this section is to system-
atically analyze current LLMs’ performance and
limitations. Specifically, while our main evalua-
tion (RQ1) assesses a wide range of mainstream
LLMs, all subsequent analytical experiments (RQ2-
RQ4) are conducted exclusively using Qwen3-
Max (Yang et al., 2025a). We conduct experiments
to address the following questions:

RQ1: How do existing LLMs perform on the
three subtasks?

RQ2: How do different components in judg-
ment documents and additional knowledge (such
as legal articles) affect model performance?

RQ3: How do existing models perform on AP-
PELLATE REVIEW across different error types?

RQ4: How do humans perform on the three sub-
tasks of APPELLATE REVIEW?

4.1 Baselines

We categorize baselines into 3 groups: general-
domain LLMs, reasoning-enhanced LLMs and
domain-specific LLMs.

General-Domain LLMs. This group consists
of 8 general LL.Ms, including GPT-5-2025-08-07
(no-thinking) (OpenAl, 2025), GPT-40 (Hurst
et al., 2024), Qwen3-Max-2025-09-23 (Yang et al.,
2025a), DeepSeek-V3.2-Chat  (DeepSeek-
Al et al, 2025), GLM-4.6-Chat (GLM
et al.,, 2024), MiniMax-M2 (MiniMax, 2025),
Qwen3-14B-Chat (Yang et al.,, 2025a), and
Qwen3-8B-Chat (Yang et al., 2025a). These
models are pre-trained on diverse, large-scale
corpora to develop robust language understanding
and generation capabilities.

Reasoning-Enhanced LLMs. This group
contains a total of 6 reasoning LLMs, includ-
ing GPT-5-2025-08-07 (thinking) (OpenAl,
2025), GLM-4.6-Thinking (GLM et al., 2024),
Qwen3-Max-preview-Thinking (Yang et al.,
2025a), DeepSeek-V3.2-Thinking (DeepSeek-
Al et al., 2025), Kimi-K2-Thinking (Kimi et al.,
2025), Qwen3-Next-80B-A3B-Thinking (Yang
et al., 2025a). In contrast to general-domain LLMs
that provide direct responses, these models are de-
signed to generate internal Chain-of-Thought pro-
cesses before arriving at a final answer. They have
been optimized through Reinforcement Learning
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Error Detection

Error Classification Error Correction

Models

Acc MaP MaR MaFl Acc MaP MaR MaFl Acc MaP MaR MaFl

GENERAL-DOMAIN LLMS
GPT-5 86.40 78.63 85.67 8l1.14 87.69 89.32 87.57 88.16 58.09 56.26 50.02 50.44
GPT-40 81.05 7473 8599 76.61 89.34 8891 9047 89.51 6194 5691 5120 51.30
Qwen3-Max 92.03 86.57 89.78 88.03 94.75 95.01 94.05 9448 74.13 69.02 6549 65.61
DeepSeek-V3.2-Chat 78.87 T71.54 80.47 73.26 84.67 86.71 82.04 83.88 65.68 61.55 58.86 58.04
GLM-4.6-Chat 87.72 80.23 86.66 82.68 91.82 9245 9035 91.25 7099 67.16 60.66 61.48
MiniMax-M2 79.51 71.80 80.29 73.68 77.23 86.39 7535 8047 57.12 5890 51.79 51.77
Qwen3-14B-Chat 88.05 80.66 87.25 83.16 8541 87.72 8455 8478 5597 57.69 46.84 46.70
Qwen3-8B-Chat 65.84 67.15 76.86 6294 71.14 76.75 62.77 63.86 52.86 50.24 4437 40.35
REASONING-ENHANCED LLMS
GPT-5-Thinking 84.55 76.15 81.83 7826 84.07 8537 81.74 8235 6283 63.04 60.18 58.37
GLM-4.6-Thinking 90.34 84.11 87.22 85.52 91.20 90.18 9047 9029 68.86 64.99 61.79 61.48
Qwen3-Max-preview-Thinking 91.57 87.21 8592 86.54 91.63 91.12 90.57 90.81 70.89 67.10 66.43 65.18
DeepSeek-V3.2-Thinking 87.40 80.03 88.62 82.89 88.51 90.28 87.03 88.62 7240 69.89 68.18 67.36
Kimi-K2-Thinking 91.70 89.39 8339 8593 9255 9331 91.85 92.57 7155 6622 6347 6327
Qwen3-Next-80B-A3B-Thinking 89.19 88.18 75.88 79.99 88.66 88.02 86.64 87.27 6351 56.82 5656 54.55
DOMAIN-SPECIFIC LLMS

Farui-Plus 48.05 60.16 63.89 4727 6622 6343 6421 63.56 52.60 5227 43.08 41.10
LawLLM-7B 26.34 59.55 53.76 25.04 39.85 53.13 4270 3420 31.38 47.59 31.02 31.65

Table 2: Performance comparison of large language models on error detection, error classification, and error
correction tasks, reported in terms of Accuracy (Acc), Macro-Precision (MaP), Macro-Recall (MaR), and Macro-F1
(MaF1) across general-domain, reasoning-enhanced, and domain-specific LLMs.

Error Detection  Error Classification  Error Correction

Settings
Acc  MaFl1 Acc MaF1 Acc MaF1
S1 91.79  87.09 92.56 48.07 86.30  86.50
S2 97.06 95.09 99.97 49.99 97.71  96.01
S3 95.79  92.78  99.97 49.99 97.34  95.46
S4 94.63 9147 96.67 49.15 9546  90.93
S5 92.79  88.29 94.51 48.59 94.14  88.59

Table 3: Performance comparison of Qwen3-Max
across 5 settings on three subtasks within the charge
error subset, reported in terms of accuracy (Acc) and
macro F1-score (MaF1).

to produce extended reasoning paths to enhance the
precision of complex outputs.

Domain-Specific LLMs. This group of LLMs is
composed of Farui-Plus (Alibaba Group, 2026)
and LawLLM-7B (Yue et al., 2024b). Domain-
specific large models are typically fine-tuned from
general-domain LLMs, utilizing legal-domain cor-
pora and task-optimized objectives to enhance the
model’s capability in handling legal tasks.

4.2 Input Settings

We compare the impact of different input compo-
nents in Section 4.4, and all other experiments use
S4 unless otherwise specified.

S1: Case facts + anomalous judgment aligns
with the legal judgment prediction paradigm.

S2: S + normal reasoning process contains sen-

tencing factors and cited law article numbers.

S3: S2 + relevant law articles provides law arti-
cles as additional legal knowledge.

S4: Case facts + anomalous reasoning process
+ anomalous judgment as the most realistic setting.

SS: S4 + erroneously cited law articles provides
anomalous legal knowledge.
Specifically, normal reasoning process refers to the
original reasoning process extracted from the origi-
nal judgment. Anomalous reasoning process refers
to the synthesized reasoning process created by
modifying specific components of the original rea-
soning process to align with the injected erroneous
judgment outcome.

4.3 Main Results (RQ1)

Table 2 reports the performance scores of all evalu-
ated LLMs on three subtasks of AR-BENCH.
Performance across tasks reveals an interesting
divergence: error classification consistently yields
the highest scores, making it empirically the most
tractable task for LLMs, despite error detection log-
ically serving as its prerequisite. This phenomenon
can be attributed to the conditional nature of the
tasks and the drastically different target spaces. Our
classification prompt explicitly informs the model
that an error exists, reducing the task to merely cat-
egorizing a known anomaly into predefined classes
(Charge, Prison Term, or Fine). In contrast, error
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detection requires unguided skepticism to globally
identify hidden flaws without any prior hints.

Expectedly, error correction remains the most
challenging task, as it transitions from discrimi-
native selection to generative precision. Further-
more, a domain-specific discrepancy emerges: spe-
cialized legal models significantly underperform
general-domain and reasoning-enhanced LLMs.
This indicates that existing domain models, primar-
ily fine-tuned on flawless judicial templates and
standard QA tasks, lack the adversarial diagnostic
reasoning required for rigorous appellate review,
severely degrading their performance.

4.4 Impact of Input Settings (RQ2)

Table 3 shows that introducing explicit reason-
ing substantially improves judgment review per-
formance, as S2 and S4 consistently outperform
the basic setting S1 across all subtasks. However,
a knowledge-as-noise phenomenon emerges: incor-
porating relevant legal statutes provides no addi-
tional benefit and even degrades performance (S3
vs. S2, and S5 vs. S4). This suggests that LL.Ms
still struggle with complex legal understanding in
this context. We hypothesize that rather than se-
lectively applying precise boundaries or exceptions
like a human judge, the models might fail to pri-
oritize the legally critical context within statutory
provisions. Consequently, the inclusion of exten-
sive legal text may act as a distractor, inadvertently
introducing noise into the reasoning process.

4.5 Performance Across Error Types (RQ3)

The experimental results in Figure 4 reveal system-
atic limitations of existing LLMs in APPELLATE
REVIEW. In correction tasks, models excel at iden-
tifying Erroneous Charges (E1) but struggle with
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Figure 4: Performance comparison of Qwen3-Max across different error types using error detection, classification,
and correction metrics, including Macro F1 (MaF1), ImpScore, and correction accuracy at 0.1 tolerance (Acc@0.1).

E5

Subtask Detection Classification Correction
Qwen3-Max 48.46 92.03 53.81
Human 49.15 93.64 65.66

Table 4: Human performance measured by Macro-F1
on a sampled subset of anomalous judgments for error
detection, error classification, and error correction.

Omissions (E2). This gap implies that regardless of
potential training data overlap, performance bottle-
necks stem from holistic deductive reasoning rather
than rote memorization of original cases. Further-
more, performance drops precipitously on fine pre-
diction, particularly in percentage-based fine errors
(E6), exposing the limitations of LLMs in reliably
applying strict statutory formulas without exter-
nal computational tools. Consequently, continu-
ous evaluation metrics (ImpScore and Acc@0.1)
provide a more fine-grained assessment of these
arithmetic reasoning failures compared to interval-
based classification, which may not fully capture
meaningful boundary differences. A detailed case
study can be found in Appendix B.4.

4.6 Human Performance Evaluation (RQ4)

We enlisted three certified legal experts to perform
APPELLATE REVIEW on a stratified sample of 150
cases. Two experts evaluated the subset indepen-
dently, with disagreements resolved via arbitration
by a senior third expert. To ensure a fair com-
parison with the LLLM, evaluators operated under
identical context-only settings (S4) without internet
search. As demonstrated in Table 4, human eval-
uators outperform the model overall, particularly
on error correction, exposing a substantial gap be-
tween current LLM performance and expert-level
legal diagnostic reasoning.
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5 Conclusion

In this paper, we introduce AR-BENCH, a con-
trolled benchmark designed to evaluate models’
legal diagnostic reasoning underlying appellate re-
view through error detection, classification and cor-
rection. Detailed analyses reveal the limitations
of current LLMs, exposing a gap between general
language generation and reliable legal diagnostic
reasoning. AR-BENCH provides a new foundation
for exploring judgment review tasks and improving
legal diagnostic reasoning. We hope this resource
catalyzes future efforts to build more robust legal
Al Future work will expand the range of error
types and develop metrics for jointly evaluating
multiple and cascading errors.

Limitations

Despite its contributions, this study has several lim-
itations that should be acknowledged. The scope of
judgments is limited to Chinese criminal cases and
does not include Chinese civil cases nor common
law precedents from jurisdictions such as England
and the United States. This trade-off was made
to concentrate resources and ensure data quality
during the initial research phase. AR-BENCH does
not include legal interpretation or argumentation
tasks, primarily because high-quality legal reason-
ing annotations that rely heavily on experts are
difficult to scale and lack fine-grained domain eval-
uation criteria. Relying on existing large language
models for assessment would introduce model bias,
compromising objectivity. AR-Bench intentionally
focuses on legally verifiable correction targets, in-
cluding charges, prison terms, and fines. These
targets represent the core legal outcomes that must
be determined before producing a complete appel-
late judgment document, while enabling objective
automatic evaluation. Errors involving factual fac-
tors and potentially mixed fact—application factors
fall outside the current scope and remain important
directions for future research. We acknowledge
these limitations and hope they will provide clear
directions for future research.

Ethical Considerations

Our work may involve the following ethical issues:
(1) Data Privacy and Offensive content. Our data is
sourced from publicly available datasets, and sensi-
tive information has been removed during the data
construction process. To ensure strict data privacy

and comply with the Supreme People’s Court guide-
lines for document publication, we implemented
a rigorous anonymization pipeline for all datasets.
Details can be found in Appendix A.2. The case
facts in the public judgment shall not contain any
legally unfounded or unnecessarily offensive or
inappropriate content, provided that they comply
with legal provisions and judicial ethics. (2) Data
Bias. Publicly available documents on the China
Judgments Online exhibit selectivity and may vary
in disclosure across different regions and court lev-
els. This could introduce biases in the dataset re-
garding case types, geographic distribution, and
temporal span, thereby affecting the benchmark’s
universality. (3) Legality and Compliance of Data
Use. The purpose of constructing this dataset is to
explore the limits of existing models in the legal
domain. Therefore, this dataset is intended solely
for academic research and must not be used for ac-
tual judicial decision-making. (4) Potential Impact
on Judicial Fairness. Al-assisted judgment review
may help standardize adjudication criteria, but it
also risks overlooking the unique circumstances of
each case. As a benchmark, AR-BENCH does not
provide any legal advice. Evaluation results from
our datasets confirm that existing models still strug-
gle to perform appellate review effectively. Given
the complexity of legal cases, we emphasize that
Al models should not replace human prosecutors
or judges in the legal domain. We are committed
to helping legal practitioners clarify the capabili-
ties and boundaries of existing Al models, so they
know when and how to use them.

Additionally, we used ChatGPT to polish the
writing and are responsible for all the materials
presented in this work.
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A Additional Details of AR-BENCH

A.1 License and Copyright Issues

AR-BENCH is derived from the JuDGE dataset?.
The original JuDGE project was released under the
MIT License in its official repository. In strict com-
pliance with the permissive terms of this license,
we adapted the dataset by (1) collecting the raw
judicial documents, (2) constructing annotations
tailored for the APPELLATE REVIEW task, and (3)
optimizing the data format for model evaluation.
To foster open research, AR-BENCH is also re-
leased under the MIT License, retaining original
copyright notices without imposing any additional
restrictions.

A.2 Anonymization

The raw legal documents were obtained from
China Judgments Online>. By law, these pub-
lic documents are mandated to undergo strict de-
identification prior to publication according to the
Provisions of the Supreme People’s Court (e.g., re-
moving specific names, IDs, and contact details).
However, rather than solely relying on upstream
institutional compliance, we implemented an ad-
ditional, rigorous anonymization pipeline to mit-
igate any potential oversights. During our data
processing and expert annotation phases, we uti-
lized regular expressions and manual spot-checks
to actively screen for, detect, and mask any residual
personally identifiable information (PII) or sensi-
tive geographic details. Consequently, rigorous
efforts were made to minimize the risk of personal
data disclosure.

A.3 Dataset Statistics

To provide a more comprehensive understanding
of the textual characteristics within AR-BENCH,
we detail the character-level length distributions
of the four core document components in Table 5.
Notably, the Law Articles and Fact Descriptions ex-
hibit the highest average lengths (557.9 and 380.9
characters, respectively), reflecting the extensive le-
gal context and factual details required for diagnos-
tic reasoning. Conversely, the final Judgments are
highly concise, averaging only 87.6 characters. Fur-
thermore, the substantial variance between the max-
imum and minimum lengths across all components
highlights the diverse range of case complexities

2https://github.com/oneal2000/JuDGE
3https://wenshu.court.gov.cn/

encapsulated within our benchmark, demanding ro-
bust long-context processing capabilities from the
evaluated LLMs.

Component Max Length Min Length Mean Length
Fact Description 1692.0 89.0 380.9
Reasoning Process 2567.0 97.0 286.5
Judgment 1027.0 19.0 87.6
Law Article 1622.0 39.0 557.9

Table 5: Character-level length distribution of sample
components in our AR-BENCH.

A.4 Data Annotation and Anomaly Synthesis

The initial dataset annotation and anomaly injec-
tion were conducted by three researchers with foun-
dational legal knowledge. To ensure professional
rigor, a certified procurator was invited to train the
annotators on the principles of judgment errors and
judicial logic prior to the annotation process. All
annotators strictly adhered to unified operational
guidelines.

Due to space constraints, we present representa-
tive examples of the synthesized anomalous judg-
ments (e.g., Erroneous Conviction and Omission
of Charges) in Table 6 and Table 7. The complete
set of examples across all six error types (E1-E6)
is provided in our supplementary materials.

During the dataset construction process, we en-
gaged three legal experts to assist with quantita-
tive quality control. All experts have passed the
National Uniform Legal Profession Qualification
Examination and possess specialized expertise in
criminal law. They were compensated at a profes-
sional hourly rate exceeding the local minimum
wage. These experts conducted sampling evalu-
ations for both the label extraction and anomaly
synthesis stages. Quality Evaluation Guidelines
are provided below:

Objective: In the following tasks, we will pro-
vide you with real-world court judgments, their
extracted annotations, and synthesized erroneous
judgments generated through our modifications.
Based on your professional legal knowledge, please
independently assess: (1) the accuracy of the ex-
tracted annotations, and (2) the logical coherence of
the synthetic judgments. For each question, please
provide two binary labels based on the criteria be-
low. Data from this assessment is for academic
research only.
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1. Annotation Accuracy Label

Determine whether the charges, prison terms, fines,
and legal articles extracted in the original judgment
annotations are completely accurate.

¢ 1 (Correct): The extracted annotations are
completely accurate.

* 2 (Mostly Correct): The extracted annota-
tions are generally accurate, but the extracted
legal article numbers contain errors.

¢ 0 (Incorrect): The extracted annotations con-
tain obvious errors compared to the original
judgment (e.g., incorrect charges, fines, or
prison terms).

2. Synthetic Judgment Logical Consistency
Label

Determine whether the synthetic judgment remains
logically consistent and does not leak the original
charges, fines, and prison terms.

¢ 1 (Yes): No collateral errors were introduced;
the text modifications are exceptionally clean.

* 0 (No): There are obvious logical errors (e.g.,
contextual inconsistencies that lead to the leak-
age of the ground-truth labels).

A.5 Human Performance Evaluation

To quantify the capability gap between large lan-
guage models and human professionals, we con-
ducted a human baseline evaluation. To maintain
independence and objectivity, we recruited three
additional independent legal experts to perform the
baseline testing. They have all passed the National
Uniform Legal Profession Qualification Examina-
tion and are familiar with criminal law. They were
compensated at an hourly rate exceeding the local
minimum wage. Evaluators were provided with
the same input settings (S4) as the models to assess
a randomly sampled subset of 150 cases. Under
a controlled environment without internet access,
they were required to sequentially complete the
three core subtasks: Error Detection, Error Classi-
fication, and Error Correction.

B Additional Details on Experiments

B.1 Hyperparameter settings

We report the hyperparameters used for the LLMs
in Table 8. When evaluating LLMs, we set the tem-
perature to O to minimize the variance introduced

by random sampling. We employed the same hyper-
parameter settings as in the original papers when
training SLMs on the CAIL2018 dataset.

B.2 Computational Budget

All experiments were conducted on an Ubuntu
server equipped with a 32-core Intel(R) Xeon(R)
Silver 4110 CPU @ 2.10GHz and 1 Tesla V100-
PCIE-32GB. Additionally, we fine-tuned legal
judgment prediction models to evaluate their per-
formance. The CUDA version was 13.0, the
Python version was 3.10, the PyTorch version was
2.4.0+cul21, and the tensorflow-gpu version was
1.14.0. The GPU hours of training are shown in
Table 9.

B.3 Comparison with small language model

We further conducted experiments to address the
following questions: Can legal judgment pre-
diction models be applied to the error correc-
tion subtask? How do they perform on exist-
ing datasets and AR-BENCH? We fine-tuned a
group of small language models (SLMs) including
TopJudge (Zhong et al., 2018a), LADAN (Xu et al.,
2020), and NeurJudge (Yue et al., 2021). These
models are SOTA pre-trained models fine-tuned for
legal judgment prediction. We use charge error cor-
rection to assess their generalization performance
on our dataset.

Table 10 shows that on our AR-BENCH, most ex-
isting SOTA small language models achieve higher
accuracy but perform worse on other metrics. Com-
pared with CAIL, AR-BENCH places greater em-
phasis on error detection capability. Cases that are
prone to misjudgment often involve low-frequency
crimes with limited samples, which are inher-
ently more difficult to learn than common charges.
Therefore, Macro-F1 (MaF1) is a more meaningful
evaluation metric in this setting. The relatively low
MaF1 scores indicate both the challenging nature
of our dataset and the limitations of current models
in handling rare and error-prone cases.

B.4 Case Study

In this section, we analyze the limitations of the
evaluated LLMs through several representative
cases. Specifically, we select the best-performing
model, Qwen3-Max, and conduct an in-depth anal-
ysis of its failure cases. We summarize three cate-
gories of failure cases, as illustrated below:
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Breakdowns in Concept Mapping and Holistic
Deduction

* Failures to distinguish normative concurrence:
When the conduct in a case gives rise to norma-
tive concurrence between multiple offenses (the
crime of fraud versus the crime of contract fraud),
the model fails to apply the principle that special
laws (i.e., the crime of contract fraud) take prece-
dence over general laws (i.e., the crime of fraud),
and erroneously treats this broad misclassifica-
tion as correct, as shown in Table 11.

Limited ability to recognize complex sentenc-
ing factors: When a defendant commits a new
crime while on probation, the offenses should be
consolidated for sentencing; however, the model
fails to capture key information in the reason-
ing process, leading it to misclassify a correct
judgment as incorrect, as shown in Table 12.

* Deficiencies in the Identification of Omission-
Type Anomalies: When constructing erroneous
judgments exhibiting Omission of Charges (E2),
we retained only one charge along with its corre-
sponding reasoning, while removing all segments
related to the other charges. The model failed to
identify this as an Omission of Charges, as shown
in Table 13.

Failures in Numerical Sensitivity and Rule
Boundaries

¢ Failure to map statutory numerical thresholds
to sentencing tiers: The model is unable to map
the amounts involved in the case to the correct
sentencing range based on the facts of the case,
making it impossible to identify sentencing er-
rors, as shown in Table 14.

* Misalignment of fine-grained scales in sentenc-
ing correction: For economic crimes and other
offenses with broad sentencing ranges, the model
can identify the correct direction of adjustment
(aggravation or mitigation), but lacks an accurate
understanding of the severity of the case, leading
to deviations in the quantitative calculations, as
shown in Table 15.

Contextual Distraction and Diagnostic
Misattribution

* Misattribution of root causes in cascading er-
rors: In cases of cascading erroneous judgments,
the root error leads to errors in both the sentence

and the fine, making such cases particularly chal-
lenging. Models tend to attribute these errors to
superficial issues (e.g., sentencing error) without
recognizing the underlying cause (e.g., charge
error), as shown in Table 16.

* Anchoring bias: Although we explicitly in-
structed the model in the prompt that there is
a charge error in the judgment and asked it to
correct the incorrect charge, the model still re-
peats the incorrect charge from the erroneous
judgment, as shown in Table 17.

* Diagnostic logic misalignment in long-tail
charges: When faced with rare criminal charges
that have long names and complex characteristics
(e.g., “the crime of illegally selling invoices used
to fraudulently claim export tax rebates or offset
tax liabilities”), the model’s semantic representa-
tion tends to classify them as errors in the charge
description rather than analyzing the actual errors
in the prescribed sentence, as shown in Table 18.

B.5 Prompts

To ensure reproducibility and prevent prompt engi-
neering biases, we designed structured, zero-shot
prompt templates for all LLM evaluations. Each
prompt strictly consists of four modular compo-
nents: Role and Mission, Core Task, Analytical
Basis, and a zero-tolerance Output Format.

Due to space constraints, we present the foun-
dational prompt template for the Error Detection
task in Prompt B.6.2. The prompts for Error Clas-
sification and Error Correction follow the same
structural paradigm, with only minor task-specific
modifications applied to the target variables and
JSON schemas. The complete suite of prompts
for all subtasks is provided in our supplementary
materials and repository.

B.6 Pipeline Reliability and
Instruction-Following Failures

B.6.1 Strict Zero-Exclusion Policy

To address concerns regarding the end-to-end relia-
bility of large language models in real-world judi-
cial pipelines, we implement a strict zero-exclusion
policy for all evaluations. In practical applications,
models must output results in valid JSON strings
for downstream automated processing. Therefore,
if a model fails to follow the prompt’s structural
constraints, the prediction is directly recorded as
incorrect. This approach explicitly avoids masking
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pipeline reliability issues and ensures our metrics
reflect actual deployment utility rather than overly
optimistic theoretical capability.

B.6.2 Discussion on Instruction-Following
and Extraction Bias

Under this strict evaluation paradigm, we observed
that while some reasoning-enhanced LLMs demon-
strated strong internal legal logic, their metrics oc-
casionally suffered due to formatting breakdowns
(see Table 19). These models tend to over-explain
their reasoning, prioritizing conversational com-
pleteness over strict schema adherence. Crucially,
we deliberately avoided using regular expressions
to forcefully extract labels from these conversa-
tional outputs. We observed that when models
break the JSON format, it is frequently a manifesta-
tion of "hedging" or uncertainty regarding complex
legal logic. Forcefully extracting a specific label
from a convoluted explanation introduces signif-
icant subjective evaluation bias. This highlights
a critical finding: reliable legal Al requires not
only accurate diagnostic reasoning but also robust
format adherence to integrate successfully into au-
tomated review systems.
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Fact

Upon trial, it was ascertained that: 1. On April 27, 2008, the defendant XX,
without obtaining the right to use three rooms of land at the East Sanjianfang
base in Ying County, collected a deposit of RMB 8,600 from the victim Wang
XX under the pretext of selling the three-room residential land to him. In the
spring of 2010, when the victim Wang XX prepared to build a house on the
land, he discovered that the land had already been built upon by others and
was not owned by the defendant XX, which the defendant later admitted. 2.
In early November 2009, Wang XX1 entrusted the defendant XX to use his
residential land use certificate as collateral to borrow RMB 15,000 from others.
On November 6 of the same year, the defendant XX used the land use certificate
of the house as collateral to borrow RMB 60,000 from the victim Yuan XX,
and handed RMB 15,000 to Wang XX1. On January 1, 2010, the defendant XX
borrowed an additional RMB 10,000 from the victim Yuan XX, later changing
his contact information. The victim Yuan XX filed a civil suit to claim rights
against XX, which was tried in absentia, and in 2012 entered enforcement
proceedings. 3. In 2009, Yang XX, through the defendant XX, borrowed RMB
70,000 from the victim Shi XX using a relocation housing contract, and later
borrowed an additional RMB 40,000 from Shi XX. During this period, Yang
XX repaid RMB 83,000 to the victim Shi XX, leaving RMB 27,000 used by
the defendant XX. The defendant XX issued an IOU for the remaining RMB
27,000 and agreed to repay it in full by January 30, 2010. Later, the defendant
XX left Ying County and changed his contact information.

Reasoning

Original Judgment Document

Anomalous Judgment Document

Upon review, the Court finds that the de-
fendant XX with the purpose of illegal
possession, used methods of concealing
the truth to defraud others of property,
involving a huge amount, and that his
conduct constitutes the crime of con-
tract fraud. ... Therefore, in accordance
with Articles 244 and 64 of the Criminal
Law of the People’s Republic of China,
the judgment is rendered as follows:

Upon review, the Court finds that the de-
fendant XX with the purpose of illegal
possession, used methods of concealing
the truth to defraud others of property,
involving a huge amount, and that his
conduct constitutes the crime of fraud.

. Therefore, in accordance with Ar-
ticles 25, 53, 64, 266, and 52 of the
Criminal Law of the People’s Republic
of China, the judgment is rendered as
follows:

Judgment

Original Judgment Document

Anomalous Judgment Document

I. The defendant XX is convicted of
the crime of contract fraud and is sen-
tenced to fixed-term imprisonment of

three years and six months, and a fine
of RMB 5,000 ...

I. The defendant XX is convicted of the
crime of fraud and is sentenced to fixed-
term imprisonment of three years and
nine months, and a fine of RMB 80,000

Prison Term

Original Judgment Document

Anomalous Judgment Document

fixed-term imprisonment of three years
and six months

fixed-term imprisonment of three years
and nine months

Fine

Original Judgment Document

Anomalous Judgment Document

a fine of RMB 5000

a fine of RMB 80000

Charge

Original Judgment Document

Anomalous Judgment Document

contract fraud

fraud

Law Articles

Original Judgment Document

Anomalous Judgment Document

||244|v, "64”

1125n, n53n, "64", "266", ||52||

Factor

None

Table 6: Example of Erroneous Conviction.
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Fact Upon trial, it was ascertained that on March 13, 2018, at 23:00, the defendant
XX, while driving a taxi under the influence of alcohol, drove in the opposite di-
rection on the road in front of the north gate of Yiju Mediterranean in Kangping
County and collided with a normally driven car with license plate number Zhe
E8T792. Traffic police officers XX and XX of the Kangping County Public
Security Bureau arrived at the scene to handle the accident. When the defendant
XX was brought to the outpatient department of Kangping County People’s
Hospital for blood collection, he kicked Officer XX with his feet. After forced
blood collection, he punched XX in the face and verbally abused him, and was
later subdued. The accident was caused by XX’s drunk driving, and he was
found fully responsible for the accident. Forensic examination detected ethanol
in the defendant XX’s venous blood at a concentration of 231.7 mg/100 ml.

Reasoning Original Judgment Document Anomalous Judgment Document
The Court holds that the defendant... | The Court holds that the defendant’s
committed the crimes of obstruction of | conduct constitutes the crime of danger-
official duties and dangerous driving. | ous driving. The public prosecution’s
The facts of the crimes are clear, and | allegations are upheld. In accordance
the evidence is reliable and sufficient. | with Articles 133-1(1), 67(1), 42, 44,
The defendant shall be sentenced for | 52, 77(1), 69, 45, and 47 of the Crim-
obstruction of official duties and dan- | inal Law of the People’s Republic of
gerous driving, to be combined for mul- | China, the judgment is rendered as fol-
tiple crimes. In accordance with Arti- | lows:
cles 277, 133-1, 65(1), 67(3), 42, 44, 45,

47, 69(2), and 52 of the Criminal Law

of the People’s Republic of China, the

judgment is rendered as follows:

Original Judgment Document Anomalous Judgment Document

Judgment

The defendant XX is convicted of the
crime of obstruction of official duties
and is sentenced to fixed-term impris-
onment of ten months; the defendant
XX is convicted of the crime of danger-
ous driving and is sentenced to crimi-
nal detention of three months and fined
RMB 3,000. The sentences are com-
bined, and the final execution is fixed-
term imprisonment of ten months and a
fine of RMB 3,000 (already paid) ...

The defendant is convicted of the crime
of dangerous driving and sentenced to
criminal detention of two months and
fined RMB 2,000, which, after revoca-
tion of probation and combination of
sentences with fixed-term imprisonment
of eleven months, results in the exe-
cution of fixed-term imprisonment of
eleven months and a fine of RMB 2,000

Prison Term

Original Judgment Document

Anomalous Judgment Document

fixed-term imprisonment of ten months

fixed-term imprisonment of eleven
months

Fine

Original Judgment Document

Anomalous Judgment Document

a fine of RMB 3,000

a fine of RMB 2,000

Charge

Original Judgment Document

Anomalous Judgment Document

"obstruction of official duties", "danger-
ous driving"

"dangerous driving"

Law Articles

Original Judgment Document

Anomalous Judgment Document

”69", ”67", "44n, n47n’ ||42H’ "133"’
n45n’ n277|', "52"

”69”, "67", ||47||’ ||77n’ 1113311’ 1142"’
ll45", n44n, 115211

Factor

All

Table 7: Example of Omission of Charges.
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Hyperparameter G-LLMs R-LLMs D-LLMs

Model Training Set GPU hours
frequency_penalty 0 0 0
logprobs false false false LADAN+MIL CAIL small 1
presence_penalty 0 0 0 TopJudge CAIL small 0.6
temperature 0 0 0 NeurJudge CAIL small 4
max_output_tokens 2048 2048 1024 LADAN-+MIL CAIL bi g 29
Tuble 8 H . G.LLMs is sh TopJudge CAIL big 17
able 8: Hyperparameter settings. G- S 18 short NeurJudge CAIL big 98

for General-Domain LLMs, R-LLMs is short for
Reasoning-Enhanced LLMs, and D-LLMs is short for
Domain-Specific LLMs.

Table 9: Computational Budget

- Charges Prison Terms

Models | Training St Test Set  — o ——r B\ IR MaFI _Acc _MaP MaR MaFl
CALLS CAIL-S 7161 6683 7343 6728 3465 27.19 3091 2647

Topludge AR-BENCH 9032 46.83 4573 4341 6230 1870 2327 1820
CAILB CAIL-B 8549 3340 3660 32.18 4977 2624 2962 2657

AR-BENCH 91.60 2675 3654 29.64 63.67 20.57 2040 18.19

CALLS CAIL-S 8467 8258 8235 8193 3557 3125 3258 31.76

LADAN AR-BENCH 9372 5575 51.65 5236 63.33 2390 2607 23.44
CALLE CAIL-B_ 9601 82.00 8605 8336 5877 43.60 49.63 45.19

AR-BENCH 95.66 4938 57.95 52.89 67.45 3349 3776 33.46

CALLS CAIL-S 8306 81.04 8141 8060 3779 32.11 3579 33.56

Neurfudge AR-BENCH 9023 8541 8443 8430 6434 3557 3058 2823
CALLE CAIL-B_ 89.07 5508 7144 5841 5058 2452 39.60 2639

AR-BENCH 89.56 79.78 85.44 8125 63.14 2251 2821 21.59

Table 10: Performance comparison of TopJudge, LADAN, and NeurJudge trained on CAIL small (CAIL-S) and
CAIL big (CAIL-B), evaluated on CAIL and AR-BENCH test sets, reporting Accuracy (Acc), Macro Precision
(MaP), Macro Recall (MaR), and Macro F1 (MaF1) for charge prediction and prison term prediction.

... In 2009, Yang XX borrowed 70,000 RMB from the victim Shi XX through the
Key Fact Snippet defendant Hou XX using a resettlement housing contract; subsequently, Yang XX
borrowed an additional 40,000 RMB from Shi XX in installments...
The defendant Hou XX was convicted of fraud and sentenced to three years and nine
months in prison, along with a fine of 80,000 RMB.

Erroneous Judgment

Model Output
Ground Truth

The judgment is correct.

The judgment is incorrect.

Error Analysis failed to map the criminal characteristics to the offense of contract fraud based on the

The correct charge is the crime of contract fraud, not the crime of fraud. The model
key information in the case.

Table 11: A failure case in distinguishing normative concurrence.
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... The defendant, Song XX, committed a new crime while on probation; therefore,

Key Reasoning Snippet | the probation should be revoked, and the sentences for the multiple offenses should be

combined...

The defendant Song XX was found guilty of credit card fraud and sentenced to five
months of detention and a fine of 20,000 RMB. Combined with Criminal Judgment
No. (2015) Chang Xing Chu Zi No. 152, which previously sentenced him to one year

Judgment of fixed-term imprisonment, suspended for one year, and a fine of 20,000 RMB for
the crime of selling exit and entry documents, the suspension is hereby revoked. A
combined sentence of one year of fixed-term imprisonment, suspended for one year,
and a total fine of 40,000 RMB is ordered for enforcement.

Model Output ‘ The judgment is incorrect.

Ground Truth ‘ The judgment is correct.

Error Analysis

The defendant had previously been convicted of the crime of selling exit and entry
documents and committed a new offense while on probation (as explicitly stated in the
reasoning section); therefore, the sentences should have been imposed concurrently.
However, the model determined that the judgment was erroneous when handling such
complex sentencing factors.

Table 12: A failure case showing the model’s limited ability to recognize complex sentencing factors.

Key Fact Snippet

... At approximately 11:00 a.m. on May 23, 2019, the defendant Li XX was ap-
prehended by police officers at his home. The officers seized one small packet
of suspected methamphetamine (net weight: 4.76 grams) and one small packet of
methamphetamine tablets (net weight: 1.84 grams) from Li XX’s person, as well
as one small packet of suspected methamphetamine (net weight: 9.36 grams) and
two small packets of methamphetamine tablets (net weights of 1.13 grams and 0.57
grams, respectively) from a drawer in the computer desk in the defendant’s bedroom.
... On the morning of May 16, 2019, the afternoon of May 18, 2019, the morning
of May 20, 2019, and the evening of May 22, 2019, at his residence in XX, Beibei
District, Chongging, the defendant Li XX harbored a drug user, Liu XX, and they
jointly consumed methamphetamine-type drugs by heating and inhaling them. The
defendant Li XX provided a venue for others to use drugs on four occasions within
one year...

Erroneous Judgment

The defendant was found guilty of illegal possession of narcotics and sentenced to
fourteen years in prison, deprived of political rights for one year, and fined 100,000
yuan.

Model Output

The defendant should be convicted of illegal possession of drugs.

Ground Truth

The defendant should be convicted of the crimes of illegal possession of drugs and
harboring others for the purpose of drug use.

Error Analysis

The model is unable to map multiple key pieces of information from the case facts
(illegal possession of drugs and harboring others to use drugs) to their respective
charges. Consequently, it fails to identify and correct the charges omitted in the
erroneous judgment.

Table 13: A failure case in identifying omission-type anomalies.
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In May 2013, the defendant Liu XX purchased low-grade “Tianxiaxiu” brand cigarettes
and produced mid-range ‘““Yunyan” and “Yuxi” brand cigarettes by replacing the filters.
By September 5, 2013, when the case was uncovered, the defendant Liu XX and
others had produced a total of 1,024 cartons of finished cigarettes. Of these, 967.3
cartons were sold at a price of 62 RMB per carton, generating a sales revenue of
59,972.6 RMB. ... According to an appraisal by the Sichuan Provincial Tobacco
Quality Supervision and Testing Station, the seized cigarettes were all counterfeit and
substandard...

Key Fact Snippet

The defendant, Liu XX, was convicted of the crime of producing and selling counterfeit
Erroneous Judgment | or substandard products and sentenced to three years and one month in prison, along
with a fine of 50,000 RMB.

Model Output ‘ The judgment is correct.

Ground Truth ‘ The judgment is incorrect.

The model is unable to map the sales amount in the case facts to the correct sentencing
range, making it impossible to identify the error in the judgment. According to
Article 140 of the Criminal Law: Any producer or seller who mixes up or adulterates
products, passes fake imitations for genuine, sells seconds at best quality price, or
Error Analysis passes unqualified products as qualified ones, with a sales amount of not less than
50,000 RMB and not more than 200,000 RMB, is to be sentenced to not more than
two years of fixed-term imprisonment or criminal detention and may in addition or
exclusively be sentenced to a fine of not less than 50 percent and not more than 200
percent of the sale amount.

Table 14: A failure case in mapping statutory numerical thresholds to sentencing tiers.

On November 25, 2016, the defendants Wang XX, Fang XX, and Wu XX were placed
under administrative detention for drug use. During their detention, Wu XX wrote
down the login and payment passwords for his Alipay and WeChat accounts on a piece
of cardboard from a soap box and passed it through the window of the detention cell
door to Wang XX, who was taking a break outside. After defendant Wang XX was
released upon completion of his administrative detention, he logged into Wu XX’s
Alipay and WeChat accounts via his mobile phone and transferred funds—proceeds
from Wu XX’s drug trafficking—from those accounts into his own account... In
summary, Wang XX transferred 133 RMB by logging into Wu XX’s Alipay and
WeChat accounts.

Key Fact Snippet

The defendant, Wang XX, was convicted of money laundering and sentenced to six
years and three months in prison, along with a fine of twenty RMB.

Erroneous Judgment

Model Output ‘ The defendant should be sentenced to five years in prison.

Ground Truth ‘ The defendant should be sentenced to four months of detention.

The model fails to accurately assess the severity of the offense based on the amount
involved, resulting in a significant deviation from the appropriate sentence. According
to Article 191 of the Criminal Law, an offender convicted of money laundering shall
be sentenced to fixed-term imprisonment of not more than five years or detention.

Error Analysis

Table 15: A failure case showing the misalignment of fine-grained scales in sentencing correction.
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The trial established that at 11:00 p.m. on March 13, 2018, the defendant Gao XX,
while driving a taxi under the influence of alcohol, was traveling in the wrong direction
on the road ... when he collided with a sedan ... that was traveling in the correct
Key Fact Snippet direction. ...Police officers Zhang XX, Wang XX, and others arrived at the scene to
handle the incident...the defendant Gao XX kicked traffic police officer Wang XX.
After the blood sample was forcibly collected, he punched Zhang XX in the face and
hurled insults, before being subdued...

The defendant was found guilty of dangerous driving and sentenced to two months of

Erroneous Judgment detention, along with a fine of 2,000 RMB.

Model Output ‘ The error type is Prison Term Error.

Ground Truth ‘ The error type is Charge Error.

The defendant violently assaulted a police officer who was lawfully performing his
duties, thereby committing the crime of obstructing official duties; by driving a

Error Analysis motor vehicle on a public road while intoxicated, his actions constituted the crime of
dangerous driving. The model failed to identify the root error (the charge error) in the
chain of errors, instead classifying it as a prison term error.

Table 16: A failure case in the misattribution of root causes in cascading errors.

... In 2009, Yang XX borrowed 70,000 RMB from the victim Shi XX through the
defendant Hou XX using a resettlement housing contract; subsequently, Yang XX
borrowed an additional 40,000 RMB from Shi XX in installments...

Key Fact Snippet

The defendant Hou XX was convicted of fraud and sentenced to three years and nine

Erroneous Judgment months in prison, along with a fine of 80,000 RMB.

Model Output The defendant should be convicted of the crime of fraud.

Even when the prompt explicitly indicates that there is a charge error in the judgment,

the model still repeats the incorrect charge from the erroneous judgment.

Ground Truth ‘ The defendant should be convicted of the crime of contract fraud.
Error Analysis ‘

Table 17: A failure case showing anchoring bias.

Since May 2013, the defendant Qiu XX has been selling various types of illegally
manufactured invoices for the purpose of obtaining illegal profits. On August 1,
police officers... apprehended Qiu and seized 6,536 illegally manufactured invoices
Key Fact Snippet of various types (which, upon examination, were found to include 3,284 local tax
invoices and 108 special VAT invoice forms, all of which were counterfeit), as well as
a batch of invoice stubs and express delivery waybill stubs, along with counterfeiting
tools such as computers and printers.

The defendant, Qiu XX, was convicted of the crime of illegally manufacturing or
Erroneous Judgment | selling illegally manufactured invoices and was sentenced to two years in prison and
fined 9,077 RMB.

Model Output ‘ The judgment contains a charge error.

Ground Truth ‘ The judgment contains a fine error.

Since the crime of illegally manufacturing or selling illegally manufactured invoices is
Error Analysis a rare offense, we surmise that it appears infrequently in the model’s training corpus;
therefore, the model classified it as a charge error rather than a fine error.

Table 18: A failure case in the diagnostic logic misalignment in long-tail charges.
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Models

Error Detection

Error Classification

Error Correction

GPT-5
Qwen3-Max

DeepSeek-V3.2-Chat
GLM-4.6-Chat
MiniMax-M2
Qwen3-14B-Chat
Qwen3-8B-Chat

GPT-40

Qwen3-Max-preview-Thinking
DeepSeek-V3.2-Thinking
Kimi-K2-Thinking
Qwen3-Next-80B-A3B-Thinking

Farui-Plus

LawLLM-7B

100.00
100.00
99.95
99.97
100.00
100.00
100.00
100.00
99.70
99.85
99.34
99.94
99.85
100.00

98.13
100.00
99.92
87.57
100.00
100.00
99.84
99.79
99.70
96.44
98.61
99.91
99.76
100.00

99.98
100.00
99.97
98.81
100.00
100.00
99.57
100.00
99.97
99.65
99.73
99.94
99.91
100.00

Table 19: Instruction Following Rate (%) on three subtasks of AR-BENCH.
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Prompt for Error Detection.

# Role and Mission

You are a professional criminal legal analysis expert specializing in determining whether a judgment
contains errors based on case facts (Fact), the reasoning process and legal provisions cited in the
original judgment (Reasoning), and the judgment itself (Judgment).

## Core Task

Based on the user-provided “Case Facts (Fact)”, “Original Judgment’s Reasoning Process and
Legal Basis (Reasoning)”, and “Original Judgment (Judgment)”, accomplish one thing:

1. Determine whether the original judgment contains errors (output only true/false);

## Analysis Basis

1. Strictly adhere to relevant provisions of China’s Criminal Law, integrating core elements from
the case facts (e.g., criminal acts, amounts involved, circumstances of the crime, restitution status,
etc.);

2. Focus on examining whether the reasoning process and legal provisions cited in the original
judgment (Reasoning) are logically coherent, legally accurate, and form a complete closed loop
with the case facts;

3. Error criteria: An explicit conflict between the original judgment/reasoning/cited legal provisions
and case facts/legal statutes, excluding reasonable sentencing range variations;

4. Focus solely on the three core elements—“Charge, Prison Term, and Fine”—excluding other
procedural content in the judgment (e.g., appeal deadlines, restitution methods).

## Output Format (Strictly required; otherwise deemed invalid) Output only a JSON string
containing one field: llm_iserror (bool). Example:

{

“llm_iserror”: true
3
or
{

“llm_iserror”: false
3
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