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Abstract
Legal text generated by large language models (LLMs) can usually achieve reasonable factual accuracy, but it
frequently fails to adhere to the specialised stylistic norms and linguistic conventions of legal writing. In order to
improve stylistic quality, a crucial first step is to establish a reliable evaluation method. However, having legal experts
manually develop such a metric is impractical, as the implicit stylistic requirements in legal writing practice are difficult
to formalise into explicit rubrics. Meanwhile, existing automatic evaluation methods also fall short: reference-based
metrics conflate semantic accuracy with stylistic fidelity, and LLM-as-a-judge evaluations suffer from opacity and
inconsistency. To address these challenges, we introduce CLASE (Chinese LegAlese Stylistic Evaluation), a hybrid
evaluation method that focuses on the stylistic performance of legal text. The method incorporates a hybrid scoring
mechanism that combines 1) linguistic feature-based scores and 2) experience-guided LLM-as-a-judge scores.
Both the feature coefficients and the LLM scoring experiences are learned from contrastive pairs of authentic
legal documents and their LLM-restored counterparts. This hybrid design captures both surface-level features and
implicit stylistic norms in a transparent, reference-free manner. Experiments on 200 Chinese legal documents
show that CLASE achieves substantially higher alignment with human judgments than traditional metrics and pure
LLM-as-a-judge methods. Beyond improved alignment, CLASE provides interpretable score breakdowns and
suggestions for improvements, offering a scalable and practical solution for professional stylistic evaluation in legal
text generation⋆.
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1. Introduction

Large Language Models (LLMs) have significantly
advanced legal content generation, with advances
on legal reasoning tasks and bar examinations
(Katz et al., 2024). These developments have gen-
erated considerable interest in automating legal
document production, ranging from contract draft-
ing to judicial decision writing. However, while
LLMs excel at generating factually accurate and
logically coherent legal content, they consistently
struggle with the specialized stylistic conventions
(“legalese”) that characterize professional legal
discourse (Tiersma, 1999; Court Writing Commit-
tee, 2010).

Legal writing demands adherence to estab-
lished stylistic norms that extend far beyond se-
mantic correctness. Professional legal documents
must conform to specific collocation patterns, for-
mal register requirements, and domain-specific lin-
guistic conventions that signal authority and credi-
bility within the legal community and facing the gen-
eral public (Foley, 2002; Li and Wang, 2021; Lu
and Yuan, 2021; Sun and Cheng, 2017; Li, 2022).

LLM-generated legal documents exhibit two pri-

†Equal contribution.
⋆Code and data for CLASE is available at: https:

//github.com/rexera/CLASE.

双方在一起经常吵架，其（子）也同意双方离婚
The two parties often quarreled when living together, and [the son] also agrees that both 
parties should divorce.

其（子）陈述双方长期存在家庭矛盾，并表示同意父母离婚。
[The son] stated that the two parties have long-standing family conflicts and expressed 
agreement with their parents’ divorce.

Hypernym
Misuse

故对原告要求离婚的主张应予支持
Thus, the court should support the plaintiff’s claim for divorce.

故对原告的离婚诉请予以支持
Thus, the court supports the plaintiff’s divorce appeal.

根据被告的月收入及孩子生活需要情况，以被告每月负担抚养
费1425元为宜
Based on the defendant’s monthly income and the child’s living 
needs, it is appropriate for the defendant to bear a monthly child 
support payment of 1,425 yuan.

结合其生活需求，本院酌定其每月支付抚养费1425元
Taking into account their living needs, the court discretionarily 
determines that the defendant shall pay a monthly child support 
payment of 1,425 yuan.

Convention
Unsatisfied

Ambiguous 
Reference

Archaism 
Misuse

Figure 1: Comparison of Authentic Legal Writing
and LLM-Generated Counterpart.

mary categories of stylistic deficiencies: insuffi-
cient sophistication, failing to meet the expecta-
tions through inappropriate colloquialisms or non-
standard term choices; and excessive stylistic
elaboration, where models artificially create a for-
mal impression through verbose, unnecessarily
complex, or archaic constructions. This overcom-
pensation often results in hallucinated legal con-

https://github.com/rexera/CLASE
https://github.com/rexera/CLASE
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cepts. These dual deficiencies risk undermining
professional acceptability (see Figure 1).

Current evaluation for legal text generation fo-
cuses on reasoning capabilities while neglect-
ing stylistic quality assessment (Chalkidis et al.,
2022; Xiao et al., 2018; Zhong et al., 2020). This
assumes that semantic accuracy, represented by
factual correctness, logical argumentation accu-
racy, and legal knowledge demonstration, consti-
tutes the primary criterion for legal text quality,
whereas stylistic appropriateness is just as impor-
tant in legal competence.

Stylistic quality in legal writing encompasses
multiple intricate dimensions that traditional evalu-
ation approaches fail to capture. These include:
1) precise diction and lexical choice; 2) adher-
ence to linguistic/legal conventions; 3) appropri-
ate lexical collocation patterns; and 4) domain-
specific common sense and world knowledge (Fo-
ley, 2002). These elements collectively contribute
to what legal practitioners recognize as “profes-
sional” or “sophisticated” writing style, yet they re-
main largely underexplored in current automated
evaluation systems.

Traditional natural language generation (NLG)
metrics could be inadequate for capturing stylistic
nuances in legal text. Both branches of n-gram
and embedding-based methods conflate seman-
tic similarity with stylistic appropriateness (Mellish
and Dale, 1998; Papineni et al., 2002; Zhang et al.,
2020). These metrics may award high scores to
texts that preserve semantic content while exhibit-
ing stylistic violations that would be immediately
apparent to legal professionals. Recent advances
in LLM-as-a-Judge evaluation (Chan et al., 2023)
offer intuitive solutions through instruction under-
standing, but 1) suffer from limited interpretability
(Wang et al., 2023); 2) exhibit biases and consis-
tency issues that undermine their reliability.

The challenge is compounded by the implicit na-
ture of legal stylistic expertise. Writing appropri-
ateness relies on tacit professional knowledge that
resists explicit formalization. Legal professionals
develop stylistic intuition through years of practice
and exposure to exemplary texts, making it diffi-
cult to translate this expertise into comprehensive
evaluation rubrics. Manual annotation by legal
experts is prohibitively time-consuming for large-
scale evaluation needs.

To address these gaps, we introduce CLASE1

(Chinese LegAlese Stylistic Evaluation), a hybrid
evaluation framework designed specifically for as-
sessing stylistic fidelity in legal text generation.
Our approach combines objective linguistic fea-
ture analysis with experience-guided LLM evalua-
tion, addressing the limitations of existing methods

1With inspiration from Spanish “con clase” (having
class).

while maintaining interpretability and reference-
free operation. The framework employs con-
trastive learning using authentic legal documents
and their stylistically-restored counterparts, en-
abling automatic acquisition of evaluation criteria
that reflect actual professional expectations with-
out requiring manual annotation. CLASE oper-
ates in three phases: 1) automated synthesiza-
tion of contrastive training pairs; 2) training-free
contrastive learning that builds experience pools;
and 3) hybrid scoring combining linguistically-
grounded objective measures with subjectively-
informed LLM assessment.

Our primary contributions include:

• A novel hybrid evaluation architecture that
addresses the neglected dimension of stylis-
tic quality in legal text generation, combin-
ing objective linguistic feature analysis with
experience-guided LLM evaluation to provide
comprehensive stylistic assessment while
maintaining interpretability and reference-free
operation.

• A contrastive learning framework that elim-
inates expensive manual annotation require-
ments while ensuring alignment with profes-
sional standards, employing authentic legal
documents and their deliberately stylistically-
degraded counterparts to automatically ac-
quire evaluation criteria that capture actual
model defects and reflect actual professional
expectations.

• Empirical validation demonstrating im-
proved correlation with human expert
judgments compared to traditional metrics
and pure LLM-based approaches, with
interpretable, actionable natural language
feedback with improvement strategies.

CLASE addresses a gap in domain-specific,
stylistics-oriented evaluation, providing a scalable
and transparent solution for professional stylistic
assessment. The core principles can extend to
other domains requiring specialized stylistic con-
formity, offering a general approach to stylistic
evaluation in professional text generation.

2. Related Work

2.1. NLG Evaluation
NLG evaluation operates across three primary
paradigms: n-gram based lexical metrics, neural
embedding approaches, and LLM-as-a-Judge sys-
tems. 1) Reference-based, n-gram lexical metrics
such as BLEU (Papineni et al., 2002), ROUGE
(Lin, 2004), and METEOR (Banerjee and Lavie,
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2005) measure lexical similarity between gener-
ated text and human-written references, but these
approaches face challenges in capturing seman-
tic adequacy and stylistic appropriateness (Re-
iter and Belz, 2009; Novikova et al., 2017). 2)
Embedding-based neural metrics like BERTScore
(Zhang et al., 2020) and MoverScore (Zhao et al.,
2019) leverage contextual representations to im-
prove correlation, though they measure semantic
distance outside of formal dimensions (Li et al.,
2024). 3) LLM-as-a-Judge paradigm (Liu et al.,
2023; Chan et al., 2023) offers reference-free as-
sessment capabilities but introduces challenges
including self-enhancement bias, positional bias,
and interpretability concerns (Zheng et al., 2023;
Jiang et al., 2024). Other reference-free evalua-
tion methods have emerged to address reference
scarcity (Ito et al., 2025), employing techniques
such as learning from human judgments through
regression models (Rei et al., 2021), similarity-
based approaches, and pseudo-rating methods.
However, they often require substantial training
and face challenges in ensuring consistent evalu-
ation criteria.

2.2. Legal Text Generation and
Evaluation

Early research focused on adapting general-
purpose models through fine-tuning on legal cor-
pora (Chalkidis et al., 2020), leading to dedi-
cated legal LLMs including LawGPT (Zhou et al.,
2024), ChatLaw (Cui et al., 2023), and Lawyer-
LLaMA (Huang et al., 2023). These models
demonstrate improvements on legal tasks com-
pared to general models, with applications span-
ning document summarization (Deroy et al., 2023),
case analysis (Savelka et al., 2023), and legal
question answering (Zhong et al., 2020). As for
benchmarking, LawBench (Fei et al., 2024) pro-
vides multi-dimensional assessment across mem-
orization, understanding, and application levels.
LegalEval-Q (yunhan and gengshen, 2025) fo-
cuses on clarity, coherence, and terminology. Chi-
nese legal benchmarks including LAiW (Dai et al.,
2025), UCL-Bench (Gan et al., 2025), JuDGE (Su
et al., 2025), and CaseGen (Li et al., 2025) of-
fer evaluation covering various capability levels
and practical applications. Gap analysis research
(Hou et al., 2024; Ma, 2025) has identified is-
sues in LLM-generated reasoning/analysis, high-
lighting the need for fine-grained evaluation, such
as hybrid approaches combining automated met-
rics with expert human judgment (Guha et al.,
2023; Shao et al., 2025).

2.3. Style and Stylistic Evaluation
Prevalent perspective in computational linguistics
outlines “style” broadly as extents of formality, po-
liteness, simplicity, personality, emotion, etc. (Jin
et al., 2022), focusing on style transfer (periods,
genre, authors...), authorship attribution/stylistic
fingerprints of LLMs (Bitton et al., 2025), and stylo-
metric analysis (Juola et al., 2008; Argamon et al.,
2007). Recent advances in content-independent
style embeddings address content leakage chal-
lenges. StyleDistance (Patel et al., 2025) employs
LLM-synthetic contrastive parallel text to create
controlled stylistic variations to train separate em-
beddings, which gives us crucial insights into ad-
dressing stylistic quality assessment. Our work
focuses on stylistic quality assessment, which dif-
fers from classical style transfer/analysis. We as-
sess adherence to domain-specific conventions
and professional standards in Chinese legal con-
texts.

3. Method

CLASE adopts a three-stage approach (see Fig-
ure 2): contrastive pair synthesization, training-
free contrastive learning, and hybrid scoring. The
framework requires no manual annotations while
capturing both surface-level linguistic patterns and
implicit stylistic norms.

3.1. Contrastive Pair Synthesization
We construct training exemplars from authentic
Chinese judgment documents2, focusing on the
reasoning sections where stylistic quality most
critically impacts professional acceptability. For
each original text segment tgold, we generate con-
trastive learning pairs through a two-stage, prompt-
guided transformation: treverse = π1(tgold) and
trestored = π2(treverse), where π1 performs stylistic
degradation by converting legalese to colloquial
expression while preserving semantics, named en-
tities, and topic chains, and π2 attempts restoration
from the degraded text back to legalese.

3.2. Training-Free Contrastive Learning
This stage operates through structured steps to ac-
cumulate stylistic knowledge without manual anno-
tations. Each learning step τ (i) processes a con-
trastive pair (t(i)gold, t

(i)
restored) to extract labeled exem-

plars for regression.

2Following professional practice, we list five sections
in first-instance civil judgments: 1) header (case and
party information), 2) facts (claims and findings), 3) rea-
soning (dispute analysis and rationale), 4) judgment (le-
gal basis and outcome), and 5) footer (appeal informa-
tion and signatures). This constitutes “split” in Figure 2.
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Figure 2: CLASE Overview: (I) contrastive pair
synthesization from authentic legal documents;
(II) training-free contrastive learning to build pos-
itive/negative example pools; (III) hybrid scor-
ing combining objective linguistic features with
experience-guided LLM evaluation.

For the i-th learning step τ (i), we define the in-
put as a single contrastive pair (t(i)gold, t

(i)
restored). The

goal of each learning step is to identify stylistic is-
sues and extract corresponding positive-negative
exemplar pairs. Within each step, we perform
guided comparison to identify a set of stylistic prob-
lems I(i) = {I(i)1 , I

(i)
2 , ..., I

(i)
mi}, where each I

(i)
j rep-

resents a specific stylistic issue discovered by com-
paring the gold and restored texts:

I(i) = πidentify(t
(i)
gold, t

(i)
restored)

where πidentify outputs structured issue descrip-
tions. For each identified problem I

(i)
j ∈

I(i), we extract a positive-negative exemplar pair
(e

(i,j)
pos , e

(i,j)
neg ) through a prompt-constrained one-to-

one correspondence Θ : e
(i,j)
pos ↔ e

(i,j)
neg , ensuring

paired positions in both pools address the same
stylistic aspect. The extracted exemplars are ac-
cumulated into two separate pools: positive experi-
ence pool Ppos and negative experience pool Pneg.

After completing N learning steps, we perform
logistic regression on the accumulated experience
pools. Inspired by the method in Qiu et al. (2018)’s

Chinese readability assessment, we extract lin-
guistic features F (e) = {f1, f2, ..., f100} from each
exemplar e in both pools, encompassing surface-
level characteristics including character complex-
ity, part-of-speech distributions, syntactic patterns,
and discourse markers, among others3. Features
are z-score normalized to ensure commensurate
scales before coefficient comparison. The regres-
sion model learns to distinguish positive from neg-
ative exemplars:

P (positive|F (e)) = σ(wTF (e) + b)

where w represents learned feature weights and
σ is the sigmoid function. This provides a feature-
based scoring mechanism that generalizes from
the accumulated exemplars to evaluate new texts.

Algorithm 1 Training-Free Contrastive Learning
Input: Document pairs {(t(i)gold, t

(i)
restored)}

N
i=1

Output: Experience pools Ppos, Pneg, coeffi-
cients w

Ppos ← ∅, Pneg ← ∅
for i = 1 to N do
I(i) ← πidentify(t

(i)
gold, t

(i)
restored)

for j = 1 to |I(i)| do
(e

(i,j)
pos , e

(i,j)
neg )← Φ(I

(i)
j )

Ppos ← Ppos∪{e(i,j)pos }, Pneg ← Pneg∪{e(i,j)neg }
{Θ correspondence}

end for
end for
X ← [FeatureExtract(e) for e ∈ Ppos ∪ Pneg]
y ← [1 for e ∈ Ppos] + [0 for e ∈ Pneg]
w← LogisticRegression(X, y)
return Ppos, Pneg, w

3.3. Hybrid Scoring

CLASE produces a final score Ψ(t) through hybrid
combination of objective (CLASE Obj) and sub-
jective (CLASE Subj) assessments. Without ref-
erence, for each generated text t, it eventually of-
fers a sigmoid-fused, [0, 1] score from both linguis-
tic features and experience-guided LLM judging.

Given input text t, CLASE Obj extracts linguistic
features F (t) = {f1, f2, ..., f100} and select the top-
k features based on logistic regression coefficient
magnitudes. The objective score is computed as:

Ψobj(t) = 10× σ(wTFk(t))

3Refer to Qiu et al. (2018) or CLASE repository
(https://github.com/rexera/CLASE) for a com-
prehensive list of features.

https://github.com/rexera/CLASE
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where Fk(t) represents the selected k features,
w contains learned regression weights, and the
output is normalized to [0, 10].

CLASE Subj evaluates seven dimensions
based on legal writing practice through retrieval-
augmented, experience-guided assessment.

We define the dimension set D = {d1, d2, ..., d7}
with respective weights: noun usage (30%), verb
usage (30%), adjective usage (20%), function
words (5%), sentence coherence (5%), sentence
structure (5%), and collocations (5%).

For each dimension d ∈ D, 1) LLM judge π ana-
lyzes the input text t and generates x queries fo-
cusing on potential stylistic issues within dimen-
sion d. 2) for each query, we retrieve top-y neg-
ative exemplars from Pneg and obtain their corre-
sponding positive exemplars through Θ. 3) π score
the text in [0, 10] using these contrastive exemplar
pairs as contextual guidance.

The final CLASE score combines both compo-
nents through empirically-calibrated hybrid fusion.
We use equal weighting (0.5 each) based on pilot
studies showing optimal performance at this bal-
ance. The sigmoid transformation ensures output
normalization while preserving relative rankings:

Ψ(t)′ = 0.5×Ψobj(t) + 0.5×Ψsubj(t)

Ψ(t) =
1

1 + exp(−10× (Ψ(t)′/10− 0.5))

4. Experiments

4.1. Experimental Setup
We build, train, and test CLASE on Qwen-2.5
model family (Qwen et al., 2025). At learning
time, we conduct experiments using 4000 Chi-
nese civil judgment documents (learning step N =
4000)4. For the contrastive pair synthesization
phase, we employ the 7B model for stylistic degra-
dation (π1), 32B for restoration (π2), and 72B for
experience pool construction.

At test time, we sample 200 additional docu-
ments from the same data source, outside the
training scope. We follow the same pipeline to
generate colloquially reverse versions, then em-
ploy GPT-4o (OpenAI, 2024) to create restored ver-
sions with controlled variations to simulate differ-
ent legalese proficiency levels and varied empha-
sis on legal writing requirements: efficiency, thor-
oughness, structure, formality, educational5.

4https://wenshu.court.gov.cn
5Legal writing serves as not only an instrument for the

rule of law, judicial practices, and law enforcement, but
also a vital medium for shaping public legal awareness.
Detailed implementation is in our repository.

Algorithm 2 Hybrid Scoring
Input: Text t, experience pools Ppos,Pneg,
weights w, dimension set D, k, query count x,
retrieval count y
Output: Final CLASE score Ψ(t)
// Objective Scoring
Fk(t)← ExtractTopKFeatures(t, k)
Ψobj(t)← 10× σ(wTFk(t))
// Subjective Scoring
Ψsubj(t)← 0
for d ∈ D do
Ad ← π.AnalyzeText(t, d) {π identifies poten-
tial issues in dimension d}
Q← π.GenerateQueries(Ad, x)
E ← ∅
for qi ∈ Q do

Nqi ← TopKSimilar(qi, Pneg, y) {Retrieve y
similar negatives}
Pqi ← GetCorresponding(Nqi , Ppos) {Get
paired positives via Θ}
E ← E ∪ {(Pqi , Nqi)}

end for
Ψsubj(t, d)← π.Evaluate(t, E , d)
Ψsubj(t)← Ψsubj(t) + βd ·Ψsubj(t, d)

end for
Ψ(t)← SigmoidFusion(Ψobj(t), Ψsubj(t))
return Ψ(t)

The top-k feature selection uses absolute coef-
ficient values from L2-regularized logistic regres-
sion. Text segmentation follows jieba tokeniza-
tion with character-level boundary detection for
span alignment. For the subjective scoring compo-
nent, we use the 72B model with a naive Chain-of-
Thought (CoT) prompting (Wei et al., 2022) as the
judge model. For retrievals, we use embeddings of
the 7B model with cosine similarity as the distance
metric. In the main experiments, we configure the
retrieval parameters as query count x = 10 and re-
trieval count y = 10, with the objective component
using top k = 25 features. All experiments are con-
ducted on 8 NVIDIA A800-SXM4-80GB GPUs with
vLLM (Kwon et al., 2023) for model inference.

4.2. Evaluation

We recruit two legal domain experts to conduct
evaluation for 200 restored documents across the
seven aforementioned stylistic dimensions and
respective weights. Each expert independently
assigns scores from 0-10 for each dimension
comparing gold and restored documents. Inter-
annotator agreement achieves Krippendorff’s al-
pha of 0.72 (Krippendorff, 2011), indicating reli-
ability. We evaluate system performance using
Pearson correlation coefficient r (Pearson, 1895),
Spearman rank correlation ρ (Spearman, 1904),

https://github.com/rexera/CLASE
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and Kendall’s τ (Kendall, 1938).

4.3. Baselines

1) Traditional reference-based metrics include
standard n-gram methods (character-level F1,
BLEU, ROUGE, METEOR) and embedding-based
semantic similarity (BERTScore). The F1 baseline
uses character-level exact matching with precision-
recall harmonic mean. 2) LLM-as-a-Judge meth-
ods employ GPT-4o-mini and Qwen-2.5-72B in
both reference-based (“-ref”) and reference-free
configurations, evaluating across the same seven
stylistic dimensions with 0-10 scoring. 3) CLASE
variants include subjective-only (CLASE-Subj),
objective-only (CLASE-Obj), and hybrid fusion
(CLASE-Mix).

5. Results and Analysis

Table 1: Main Correlation Results
Method r ρ τ

ROUGE 0.4250 0.4807 0.3355
BLEU 0.4160 0.3383 0.2306
F1 0.3907 0.3214 0.2213
BERTScore 0.3145 0.2010 0.1378
METEOR 0.3586 0.2949 0.2020
GPT-4o-mini-ref 0.3206 0.3061 0.2083
Qwen2.5-72B-ref 0.3049 0.2482 0.1808
GPT-4o-mini 0.0689 0.0747 0.0528
Qwen2.5-72B 0.2416 0.2336 0.1855
CLASE-Subj 0.3165 0.3063 0.2148
CLASE-Obj 0.7923 0.7568 0.5692
CLASE-Mix 0.8271 0.8109 0.6180

Table 2: Variance and Dispersion Analysis
Method Std Variance CV

CLASE-Mix 2.021 4.086 0.365
Human 1.722 2.965 0.383
Qwen2.5-72B-ref 0.639 0.408 0.085
GPT-4o-mini-ref 0.574 0.330 0.082
CLASE-Subj 0.473 0.223 0.079
GPT-4o-mini 0.473 0.223 0.062
ROUGE 0.363 0.132 0.669
Qwen2.5-72B 0.176 0.031 0.022
CLASE-Obj 0.118 0.014 2.695
METEOR 0.103 0.011 0.231
BLEU 0.088 0.008 0.385
F1 0.072 0.005 0.120
BERTScore 0.035 0.001 0.043
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Figure 3: Correlation analysis between evaluation
methods and human judgments. Points closer to
the diagonal line indicate better alignment with hu-
man evaluation.

5.1. Main Results

Correlation As shown in Table 1, 1) hard metrics
fail to capture stylistic variation. These metrics fo-
cus on surface-level lexical matching or semantic
similarity, which is inadequate for capturing stylis-
tic features or differentiating documents based on
stylistic variation alone. 2) LLM-as-a-judge meth-
ods (soft metrics) have inherent limitations in pro-
viding fine-grained numerical scores for style. It is
better suited for generating qualitative, natural lan-
guage feedback and could benefit from the ground-
ing provided by objective measures. 3) Notably,
CLASE-Obj achieves strong correlation. This sug-
gests that the contrastive learning approach suc-
cessfully identifies useful linguistic features that
correlate with professional legalese. When fused
with CLASE-Subj, it gains incremental improve-
ment for introducing flexible nature of LLMs.

Figure 3 visualizes this alignment through nor-
malized scores, where the x-axis represents stan-
dardized human judgments (z-scores) and the y-
axis shows standardized scores from each evalua-
tion method. The diagonal line y = x indicates per-
fect correlation. CLASE effectively cluster closer
to the diagonal line compared to hard and soft
metrics, indicating superior capability in capturing
human-perceived stylistic quality.

Dispersion Table 2 reveals critical evaluation
characteristics through the coefficient of variation
(CV), which normalizes variability by mean scores
to enable fair comparison. Traditional metrics
exhibit extremely low CV values, whereas LLM-
as-a-Judge methods show relatively higher val-
ues yet still more “conservative” than human ex-
perts, indicating insufficient sensitivity to stylistic
differences. CLASE-Subj performs comparably to
or slightly better than LLM-as-a-judge baselines.
CLASE-Mix closely matches human expert disper-
sion, suggesting appropriate discriminative power
for stylistic assessment.
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Figure 4: Ablation study on training set size and
retrieval parameters for subjective scoring compo-
nent, measured by Kendall’s τ .
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Figure 5: Ablation study on training set size and
significant feature count for objective scoring com-
ponent, measured by Kendall’s τ .

5.2. Ablation Study
For the subjective score (Figure 4), performance
generally improves with a larger training set size
(N ), more queries per document (x), and more re-
trieved example pairs per query (y). This shows
that a richer context of positive and negative ex-
amples helps guide the LLM toward more accurate
evaluations. For the objective score (Figure 5), we
analyzed the impact of training set size (N ) and
the number of significant features (k). Correlation
peaks at N = 4000, k = 25, indicating that a fo-
cused set of salient linguistic markers is optimal.

5.3. Case Study: Stylistic Feedback
Due to preceding CoT reasoning, CLASE-Subj
provides interpretable natural language rea-
son/feedback that identifies stylistic deficiencies
and improvement directions. Figure 6 demon-
strates how CLASE offers actionable comments
about legal writing quality. The feedback exam-
ples represent issues that practitioners consis-
tently identify when reviewing LLM-generated
legal documents in actual judicial settings.
Through field observations in Chinese courts, we
documented frequent stylistic complaints from
legal professionals, including:

1) inappropriate lexical choices for legal basis
versus factual reasoning (different formal terms
must be used when citing statutes versus referenc-
ing evidentiary materials); 2) omission of conven-
tional emphatic phrases that signal judicial author-
ity and legal compliance (“reasonable and lawful”,

依照《中华人民共和国合同法》……规定，判决如下：
In accordance with the provisions of the Contract Law of the 
People’s Republic of China..., the judgment is as follows:

根据《中华人民共和国民事诉讼法》……规定，本院判决如下：
Based on the provisions of the Civil Procedure Law of the People’s 
Republic of China..., this Court adjudges as follows:

Human

LLM

CLASE

The term “Based on” (根据 ) is used, whereas “In 
accordance with” (依照) is more suitable here.

根据当事人提交的证据材料及当庭陈述，……合约……是合法
有效的……
Based on the evidentiary materials submitted by the parties and 
their in-court statements, the ... contract ... is lawful and valid...

依据当事人提供的证据和陈述，……合约……为有效合同。
Pursuant to the evidence and statements provided by the parties, 
the ... contract ... is a valid contract.

The generated text uses "Pursuant to" (依据 ) and 
simplifies the description to "evidence and 
statements," which is less precise and less 
standard than the formal "Based on the evidentiary 
materials submitted by the parties and their in-
court statements" (根据当事人提交的证据材料及当庭陈述).

Human

LLM

CLASE

Figure 6: Example of CLASE’s natural language
feedback identifying specific stylistic issues and
improvement suggestions.

“in accordance with the law”); and 3) subtle distinc-
tions between copular constructions that carry dif-
ferent degrees of formality and certainty in legal
contexts.

CLASE detects all these precise issues with-
out any annotation of such domain-specific knowl-
edge in the example in Figure 6. The system
learns to distinguish nuanced professional con-
ventions purely through contrastive analysis, with-
out explicit knowledge injection. It demonstrates
that sophisticated domain-specific stylistic exper-
tise, which traditionally requires years of training,
could be potentially acquired through automated,
contrastive learning, bringing out exciting “intelli-
gence” that pure numerical scores cannot offer.

5.4. Discussion
Generalizability Current validation focuses on
Chinese civil judgment reasoning sections. How-
ever, CLASE’s core contrastive learning princi-
ples offer promising extensibility. The frame-
work’s reliance on natural language knowledge
representation suggests potential generalization
advantages—stylistic expertise encoded in natu-
ral language exhibits transferability compared to
numerical features or domain-specific rules. Ex-
tension to other legal domains, broader profes-
sional writing contexts, or other languages would
require domain-specific experience pool construc-
tion while preserving the underlying methodology.
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Computational considerations While con-
trastive learning requires substantial resources
for pair generation and experience pool construc-
tion, the resulting system operates efficiently in
deployment. Once trained, experience pools
remain static6 and retrieval can scale well with
pre-computed embeddings and indexing. The
framework’s computational profile is front-loaded
during development rather than inference, making
it suitable for production environments where
training costs amortize over extensive usage.

Scaling characteristics Our ablation studies re-
veal complex scaling patterns that challenge sim-
ple, “brute force” “scaling law” assumptions. While
performance generally improves with training set
size up to N = 4000, marginal gains diminish be-
yond certain thresholds. Similarly, optimal feature
selection (k = 25) suggests that excessive linguis-
tic features introduce noise rather than improving
discrimination. These findings indicate that effec-
tive deployment requires careful hyperparameter
optimization rather than naive scaling strategies.

Interpretability and Hybrid Necessity While
CLASE-Obj demonstrates strong performance, re-
liance on objective features alone is insufficient,
especially when we consider evaluation as the
reward signal of LLM reinforcement loop. Guid-
ing generation policy with only objective metrics
is prone to Goodhart’s Law; once specific stylis-
tic markers become explicit optimization targets,
models might game the metric without genuine
stylistic improvement. Furthermore, numerical
feature weights offer limited explanatory power.
CLASE-Subj is imperative as it provides: 1) se-
mantic grounding to prevent adversarial overfitting
to surface features; and 2) actionable natural lan-
guage feedback (as shown in Section 5.3), which
is essential for human-in-the-loop workflows.

6. Conclusion

We introduce CLASE, a hybrid evaluation frame-
work that addresses the under-explored challenge
of stylistic quality assessment in Chinese legal text
generation. By combining objective linguistic fea-
ture analysis with experience-guided LLM evalua-
tion, our approach provides a reference-free solu-
tion that captures both surface-level patterns and
implicit professional conventions in Chinese legal
writing.

The key insight underlying CLASE is that profes-
sional stylistic expertise can be acquired through

6The experience pool can be updated periodically to
incorporate new domain knowledge and improve perfor-
mance over time.

contrastive analysis rather than explicit annotation.
Our training-free contrastive learning framework
successfully extracts meaningful stylistic knowl-
edge from authentic legal documents and their
deliberately degraded counterparts, eliminating
the need for expensive manual score annotations
while maintaining alignment with professional stan-
dards.

Experimental results on 200 Chinese legal
documents demonstrate that CLASE achieves
higher correlation with human expert judgments
compared to traditional metrics and pure LLM-
based approaches. The framework not only pro-
vides quantitative scores but also generates in-
terpretable natural language feedback that iden-
tifies specific stylistic deficiencies and improve-
ment directions—capabilities that numerical met-
rics cannot offer.

The work makes three primary contributions to
the intersection of natural language evaluation and
legal AI: establishing a hybrid architecture that bal-
ances objectivity with nuanced judgment, demon-
strating that sophisticated domain-specific conven-
tions can emerge from automated contrastive anal-
ysis, and providing a scalable framework that ex-
tends beyond Chinese legal text to other domains
requiring specialized stylistic conformity.

While current validation focuses on civil judg-
ment documents within a specific model family, the
core principles of contrastive stylistic learning offer
a general approach to professional text evaluation.
Future work should explore cross-domain general-
ization, computational efficiency optimization, and
deeper integration of legal writing principles to en-
hance both performance and interpretability. As le-
gal AI systems become increasingly sophisticated
in generating factually accurate content, frame-
works like CLASE become essential for ensuring
that automated text generation meets the profes-
sional standards expected in legal practice.

7. Ethical Considerations

This research primarily involves publicly available
legal documents (Chinese civil judgments) and
standard large language models. The datasets do
not contain private or sensitive individual informa-
tion that is not already part of the public record.
The proposed evaluation framework aims to im-
prove the professional quality of automated legal
writing. We anticipate no direct negative societal
impacts. However, users should be aware that au-
tomated evaluation tools, including CLASE, should
serve as assistants to, rather than replacements
for, human legal professionals.
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8. Limitations

We acknowledge several limitations in the cur-
rent work. First, our experiments are restricted
to Chinese civil judgments. While we believe
the contrastive learning methodology is trans-
ferrable, the specific implementation of the objec-
tive component (using Chinese linguistic features)
is language-dependent and would require adapta-
tion for other languages. Second, the contrastive
pair synthesis relies on the assumption that the
degradation model alters style without corrupting
semantics. While our strong correlation results
suggest the validity of the generated data for train-
ing, we did not perform a large-scale manual au-
dit of the synthetic pairs. Third, compared to
lightweight metrics like BLEU, CLASE involves a
multi-stage pipeline which demands higher compu-
tational resources, potentially limiting immediate
adoption in low-latency applications.

While CLASE-Obj demonstrates strong empiri-
cal performance, the underlying mechanisms by
which logistic regression weights capture pro-
fessional stylistic preferences remain opaque.
CLASE-Subj exhibits sophisticated pattern recog-
nition capabilities but lacks deep causal under-
standing. It identifies specific stylistic deficien-
cies without comprehending the underlying pro-
fessional rationales or historical evolution of legal
writing conventions. This “knowing-what but not
knowing-why” limitation restricts the framework’s
ability to provide educational insights or adapt
to evolving professional standards. Future work
should explore incorporating explicit legal writing
principles to achieve more comprehensive stylistic
expertise.
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