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Abstract

Legal judgment prediction (LJP) is important
for supporting judicial decision-making and
improving judicial efficiency. Existing LLM-
based approaches often rely on manually speci-
fied reasoning pipelines or external legal struc-
tures, while feedback-based methods typically
provide generic signals of correctness or co-
herence rather than case-specific legal super-
vision. We propose IALR: Instance-Adaptive
Legal Rubric Supervision for Legal Judgment
Prediction. For each training instance, IALR
contrasts model responses of varying qual-
ity and distills their legally consequential fail-
ures into a weighted Instance-Adaptive Le-
gal Rubric. These rubrics convert judgment-
relevant conditions into discriminative prefer-
ence signals for Direct Preference Optimiza-
tion, enabling the model to learn charge predic-
tion without following a predefined reasoning
paradigm. At inference time, IALR requires
no additional evaluator or correction module.
Experiments on four Chinese criminal charge-
prediction benchmarks show that IALR con-
sistently improves Qwen2.5-7B, yielding aver-
age absolute accuracy gains of 5.68 percentage
points in-domain and 8.73 percentage points
out-of-domain. These results demonstrate the
effectiveness and cross-domain transferabil-
ity of Instance-Adaptive Legal Rubric super-
vision. Code and data are publicly available at
https://github.com/Baii668/IALR.git.

1 Introduction

Legal judgment prediction (LJP) infers judicial out-
comes from case facts and is a central task in legal
NLP with important implications for legal analy-
sis and decision support. Earlier studies primarily
formulated it as supervised fact-to-outcome pre-
diction (Luo et al., 2017; Xiao et al., 2018; Zhong
et al., 2018; Xu et al., 2020; Lyu et al., 2023; Huang
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et al., 2024). With the emergence of large language
models (LLMs), LJP research has increasingly con-
sidered the reliability and interpretability of the
underlying legal reasoning (Deng et al., 2024; Shi
et al., 2025; Dai et al., 2025).

Unfortunately, LLM-based methods remain
challenged by complex fact patterns, confusable
charges, multiple defendants, and conditions that
exclude criminal liability (Deng et al., 2024; Yuan
et al., 2024; Hu et al., 2025; Zhang et al., 2025).
Accurate prediction in these settings requires com-
prehensive reasoning over the case facts and legal
conditions that determine charge boundaries. Ex-
isting studies mainly pursue two directions. One
direction introduces explicit reasoning structures,
legal knowledge, or verification mechanisms to
guide legal judgment prediction (Deng et al., 2024;
Liu et al., 2025; Shi et al., 2025; Yang et al., 2026).
However, these methods often rely on predefined
procedures or expert-provided structures, which
limits their generalization across diverse cases and
tasks. The other direction optimizes legal reasoning
through feedback or reinforcement learning (Dai
et al., 2025; Nigam et al., 2025), converting quality
differences among generated analyses into training
signals. However, existing feedback typically relies
on task-level signals, such as final-answer correct-
ness, overall response quality, or reasoning-induced
confidence gains, without assessing whether the
reasoning uses sufficient case facts and legal knowl-
edge for the specific instance. These limitations
motivate fine-grained, case-specific supervision
without manually specified reasoning structures.

To address this need, we derive for each case a
tailored set of legal reasoning criteria and convert
these criteria into fine-grained preference supervi-
sion that targets compositional reasoning over deci-
sive facts, constitutive legal elements, and charge-
boundary distinctions. Building on this design, we
propose IALR (Instance-Adaptive Legal Rubric
supervision). To reduce reliance on manually spec-
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Figure 1: Overview of IALR. Instance-Adaptive Legal Rubrics are induced from multi-model response comparison
and then used to construct legally constrained preference pairs for DPO training.

ified fine-grained reasoning structures, IALR per-
forms contrastive failure-mode mining over diverse
model responses to the same case, extracting re-
sponse deficiencies that reveal which aspects of
legal reasoning require examination for that in-
stance. To provide fine-grained feedback centered
on the judgment-consequential factors of each case,
IALR distills these failure modes into a weighted
Instance-Adaptive Legal Rubric. The preference
data constructed using this case-adaptive rubric
are used for Direct Preference Optimization (DPO;
Rafailov et al., 2023). At inference time, the opti-
mized model directly performs charge prediction
without relying on rubrics or any additional mod-
ules.

We evaluate IALR on four Chinese criminal
charge-prediction benchmarks: CAIL2018, Mul-
tiLJP, CMDL, and LawBench. Experimental re-
sults show that IALR consistently improves charge-
prediction accuracy, with average absolute gains of
5.68 percentage points in-domain and 8.73 percent-
age points out-of-domain. These results demon-
strate that instance-adaptive legal rubric supervi-
sion improves prediction performance within the
preference-construction distribution and transfers
effectively to unseen legal datasets.

Our contributions are threefold:

• We propose IALR, an Instance-Adaptive Le-
gal Rubric supervision framework that targets
judgment-relevant conditions in charge pre-
diction, moving beyond fixed reasoning pro-
cedures and holistic response-level feedback.

• We develop an automated preference con-
struction pipeline that mines contrastive le-
gal failures from multi-model responses, dis-

tills them into weighted Instance-Adaptive Le-
gal Rubrics, and selects legally discriminative
preference pairs for DPO while preserving
direct inference at test time.

• We conduct experiments on four Chinese crim-
inal charge-prediction benchmarks, demon-
strating consistent improvements over the
base model in both in-domain and out-of-
domain settings and providing empirical ev-
idence for the transferability of Instance-
Adaptive Legal Rubric supervision.

2 Methodology

We present IALR, an Instance-Adaptive Legal
Rubric supervision framework for legal judgment
prediction. Given case facts x, a target defendant d,
and a reasoning-oriented question q, IALR trains
the model to identify decisive facts, align them with
constitutive legal elements, reason over their com-
position, and distinguish adjacent charges when
necessary. Instead of relying on case-level expert
annotations, fixed reasoning pipelines, or manually
crafted legal templates, IALR induces Instance-
Adaptive Legal Rubrics from model responses and
uses them to construct preference pairs for DPO
training.

Figure 1 provides an overview of IALR. We first
convert each legal judgment sample into charge-
prediction and judgment-analysis questions. For
each case–question pair, multi-model responses
are compared to expose legally meaningful failure
modes, which are refined into a weighted Instance-
Adaptive Legal Rubric. The rubric scores candi-
date responses and selects chosen–rejected pairs
whose quality gap reflects decisive fact coverage,
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fact–element alignment, charge-boundary discrimi-
nation, or conclusion support. The rubric and eval-
uator are used only for offline preference construc-
tion; inference uses only the optimized model.

2.1 Reasoning-oriented Question
Construction

To capture judgment-relevant conditions from com-
plementary outcome- and justification-oriented per-
spectives, we transform each sample into two ques-
tion types, {qpred, qana}. The charge-prediction
question asks the model to infer the defendant’s
charge set from case facts, while the judgment-
analysis question asks the model to analyze why
the facts support a specified legal judgment. The
former targets outcome-oriented legal prediction,
whereas the latter targets justification-oriented le-
gal analysis. Both require a fact–element–judgment
chain, allowing the subsequent rubric construction
to target shared judgment conditions from differ-
ent reasoning perspectives. Complete prompts are
provided in Appendix A.

2.2 Instance-Adaptive Legal Rubric
Construction

To obtain fine-grained legal criteria tailored to each
case without manually specifying reasoning struc-
tures, IALR constructs an Instance-Adaptive Le-
gal Rubric for each case–question pair. Checklist-
based alignment suggests that instance-specific cri-
teria can provide more interpretable supervision
than fixed reward criteria for general instruction
following (Viswanathan et al., 2025). In con-
trast to generic instruction checklists, the Instance-
Adaptive Legal Rubric is legally constrained: it is
induced from responses to the same criminal case,
and each criterion targets case-specific judgment
conditions such as decisive facts, fact–element
alignment, charge-boundary distinctions, or con-
clusion support.

Multi-model reference responses. For each
case–question pair (x, q), we collect K reference
responses from models with different capabilities
and reasoning styles. Prior work on scalable AI
feedback shows that diverse model responses can
support richer feedback construction (Cui et al.,
2024). These responses are not treated as ensemble
predictions or generic preference labels. Instead,
cross-response variation provides contrastive evi-
dence for case-specific legal adequacy: responses
may share a final charge but differ in decisive fact

Figure 2: Illustration of Instance-Adaptive Legal Rubric
construction. Multi-model responses expose contrastive
legal failure modes, which are refined into the weighted
rubric Rx,q for scoring candidates and selecting prefer-
ence pairs.

coverage, element mapping, charge-boundary han-
dling, or conclusion support.

Contrastive failure-mode mining. A strong
evaluator compares the reference responses and
induces a checklist of verifiable legal criteria. It
focuses on failures that affect the legal conclusion
or its support, including decisive fact omission,
element mismatch, peripheral-fact overemphasis,
missing compositional reasoning, charge-boundary
confusion, and unsupported conclusions. Since
these criteria are mined from within-instance re-
sponse differences, they remain discriminative for
separating stronger and weaker legal reasoning on
that case.

Rubric refinement and weighting. We remove
redundant, stylistic, peripheral, or weakly discrim-
inative criteria and weight the remaining ones
by their role in the judgment chain. The result-
ing Instance-Adaptive Legal Rubric is Rx,q =
{(ci, wi)}mi=1, where ci is a legal criterion and
wi > 0 is its importance weight. Given a response
y, the evaluator assigns binary criterion indicators
zi(x, q, y) ∈ {0, 1}, and the rubric score is

SR(x, q, y) =

∑m
i=1wizi(x, q, y)∑m

i=1wi
.

This score measures satisfaction of weighted, case-
specific legal conditions rather than holistic re-
sponse quality. Figure 2 illustrates the process.

2.3 Preference Pair Construction with
Instance-Adaptive Legal Rubrics

For each (x, q), we sample N candidate responses
from the model to be optimized and score each
candidate with Rx,q. The highest-scoring can-
didate is selected as y+, and the lowest-scoring
candidate as y−. Their preference strength is
∆(y+, y−) = SR(x, q, y+)− SR(x, q, y−). To re-
duce noisy preferences, we retain only pairs whose
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margin reaches or exceeds a threshold:

Dpref =
{
(x, q, y+, y−) | ∆(y+, y−) ≥ τ

}
.

Because both responses are compared under the
same Instance-Adaptive Legal Rubric, the retained
pairs are enriched for legally discriminative con-
trasts. Compared with the rejected response, the
chosen response tends to satisfy more case-specific
judgment conditions, such as decisive fact cover-
age, element alignment, charge-boundary handling,
and conclusion support.

2.4 DPO Training and Inference
We optimize the target model with DPO (Rafailov
et al., 2023) over Dpref , where each prompt consists
of case facts and a reasoning-oriented question,
and each chosen–rejected pair is selected by the
corresponding Instance-Adaptive Legal Rubric. At
inference time, the rubric, checklist, and evaluator
are no longer used; the optimized model directly
generates charge predictions or judgment analyses
without additional test-time modules.

3 Experimental Setup

3.1 Datasets and Evaluation Metrics
We evaluate on four Chinese criminal judgment pre-
diction benchmarks. CAIL2018 (Xiao et al., 2018)
contains standard charge prediction instances from
criminal facts; we use its official test set of 32,508
cases. MultiLJP (Lyu et al., 2023) targets multi-
defendant and multi-charge prediction and contains
2,370 test cases. CMDL (Huang et al., 2024) is
a large-scale Chinese multi-defendant LJP bench-
mark designed to evaluate charge prediction un-
der complex defendant–charge associations, with
7,879 test instances. LawBench 3-3 (Fei et al.,
2024) is the charge prediction subset of LawBench,
a broader benchmark for evaluating legal knowl-
edge and reasoning in large language models; it
contains 500 test instances. Together, these datasets
cover settings ranging from standard single-charge
prediction to complex multi-defendant and multi-
charge judgment prediction. Preference data are
constructed from the training/validation splits of
CAIL2018 and MultiLJP.

We report exact-match accuracy: a predic-
tion is counted as correct only when the predicted
charge set exactly matches the gold set. For Mul-
tiLJP, each defendant within a case is treated as
a separate evaluation instance. For CAIL2018,
following ADAPT (Deng et al., 2024), generated

Source Prediction Analysis Total

CAIL2018 2,540 1,446 3,986
MultiLJP 2,773 2,337 5,110

Total 5,313 3,783 9,096

Table 1: Statistics of IALR preference pairs.

charge expressions outside the predefined label in-
ventory are mapped to the nearest valid label using
BGE representations. To ensure comparability, all
systems are evaluated with the same output parsing
and label-normalization protocol on each bench-
mark.

3.2 Baselines

We use Qwen2.5-7B (Qwen Team, 2025) as the
foundation model for the principal experiments and
compare IALR with the following representative
baselines.
ADAPT (Zero-shot). ADAPT applies the Ask–
Discriminate–Predict reasoning procedure at infer-
ence time without parameter updates (Deng et al.,
2024).
ADAPT (SFT). ADAPT fine-tunes the same
Qwen2.5-7B backbone on synthetic reasoning tra-
jectories constructed under the ADAPT framework
(Deng et al., 2024). Although the original paper
reports training trajectories constructed from both
CAIL2018 and MultiLJP, only the CAIL2018 tra-
jectories were publicly available at the time of
our experiments. We therefore reproduce ADAPT
(SFT) using the released CAIL2018 training re-
sources.
LegalReasoner. LegalReasoner employs LLaMA-
3.1-70B together with a verification–correction
pipeline for legal judgment prediction (Shi et al.,
2025). Since it uses a substantially larger backbone
and a different inference pipeline, we include its
reported CMDL result only as an external reference
rather than as a controlled baseline.
Legal∆. Legal∆ improves legal reasoning through
chain-of-thought-guided information gain and com-
bines supervised fine-tuning with GRPO-based pol-
icy optimization (Dai et al., 2025).

3.3 Preference Construction and Training

For each reasoning-oriented question, GPT-5 (Ope-
nAI, 2025) constructs an Instance-Adaptive Legal
Rubric from four multi-model reference responses
and scores three candidate responses sampled from
the target model. We use N = 3 as an empiri-
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Method In-domain Out-of-domain

CAIL2018 MultiLJP CMDL LawBench

Qwen2.5-7B 77.05 76.47 72.53 55.26
ADAPT (Zero-shot) 78.29 62.42 67.60 56.08
ADAPT (SFT) 81.54 47.19 43.97 56.00
LegalReasoner† – – 76.95 –
Legal∆ 80.93 74.52 78.62 63.92
IALR (Ours) 85.10 79.77 80.29 64.95

Table 2: Main results on legal judgment prediction. Accuracy (%) is reported. † indicates an external reported result
rather than a controlled baseline.

cal compromise between sampling cost and can-
didate diversity rather than as a theoretically opti-
mal choice; sensitivity analyses for different candi-
date numbers are reported in Appendix D.3. The
highest- and lowest-scoring candidates form a pref-
erence pair when their normalized score margin is
at least 0.25. This produces 9,096 preference pairs
from CAIL2018 and MultiLJP (Table 1); detailed
construction statistics are provided in Appendix B.

For IALR, we use Qwen2.5-7B as the foundation
model and perform DPO training with the TRL
framework (von Werra et al., 2020) on preference
pairs constructed from CAIL2018 and MultiLJP.
We adopt LoRA for parameter-efficient fine-tuning.

4 Results

4.1 Main Results

As shown in Table 2, IALR achieves the best ac-
curacy on all four benchmarks. Compared with
the Qwen2.5-7B foundation model, IALR yields
average absolute improvements of 5.68 percentage
points on the in-domain benchmarks and 8.73 per-
centage points on the out-of-domain benchmarks.
IALR also outperforms ADAPT (Zero-shot) across
all evaluation benchmarks, with particularly large
gains of 17.35 percentage points on MultiLJP and
12.69 percentage points on CMDL. Under the re-
producibility condition described in Section 3.2,
IALR further surpasses ADAPT (SFT) by 3.56 per-
centage points on CAIL2018 and by 8.95 percent-
age points on the unseen LawBench benchmark.
These results indicate that IALR provides more
effective and transferable supervision than both
inference-time structured reasoning prompts and
supervised reasoning-trajectory tuning.

Compared with Legal∆, IALR consistently
achieves stronger performance across both in-
domain and out-of-domain benchmarks, with the
most pronounced gain observed on MultiLJP
(+5.25 percentage points). This advantage sug-

Variant CAIL2018 MultiLJP

Qwen2.5-7B 77.05 76.47
IALR (w/o Rubric Guidance) 79.84 77.02
IALR (w/o Analysis Supervision) 78.34 71.24
IALR (w/o Prediction
Supervision)

78.52 71.30

IALR (Full) 85.10 79.77

Table 3: Ablation results on rubric guidance and
reasoning-oriented supervision sources. Accuracy (%)
is reported.

gests that, beyond rewarding reasoning for its con-
tribution to the final prediction, explicitly supervis-
ing whether a response captures decisive case facts,
aligns them with constitutive legal elements, and
distinguishes relevant charge boundaries provides
a more legally discriminative learning signal for
charge prediction.

On CMDL, IALR with a 7B backbone achieves
80.29%, surpassing the reported 76.95% of Legal-
Reasoner based on LLaMA-3.1-70B. Although this
is not a strictly controlled comparison, it further
demonstrates the effectiveness of IALR.

4.2 Ablation Study

We conduct ablation studies to examine the con-
tributions of rubric-guided preference construc-
tion and the two reasoning-oriented supervision
sources. IALR (W/O RUBRIC GUIDANCE) re-
moves Instance-Adaptive Legal Rubric construc-
tion and rubric-based scoring, and instead directly
asks gpt-5-chat-latest (OpenAI, 2025) to se-
lect preferred and dispreferred responses from
the same candidate pool. Its preference data are
matched to IALR in source composition and size.
IALR (W/O ANALYSIS SUPERVISION) removes
preference pairs derived from judgment-analysis
questions, retaining only those constructed from
charge-prediction questions. Conversely, IALR
(W/O PREDICTION SUPERVISION) retains only
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Preference Construction CAIL2018 MultiLJP

Unweighted Rubric 80.01 76.33
Qwen3-30B Scorer 83.01 78.44
GPT-5 Scorer, τ = 0.20 80.26 77.95
GPT-5 Scorer, τ = 0.30 81.24 77.75
GPT-5 Scorer, τ = 0.25 (Full) 85.10 79.77

Table 4: Robustness of IALR to preference-construction
choices. Accuracy (%) is reported.

preference pairs derived from judgment-analysis
questions. All variants use the same foundation
model, DPO configuration, and evaluation proto-
col.

As shown in Table 3, removing rubric guidance
reduces accuracy by 5.26 percentage points on
CAIL2018 and 2.75 percentage points on MultiLJP.
Compared with direct model selection, rubric-
based scoring identifies responses with more com-
plete legal reasoning, while margin-based filtering
retains preference pairs with clearer quality separa-
tion.

Beyond rubric guidance, the two supervision
sources are also complementary. On MultiLJP, re-
moving judgment-analysis supervision or charge-
prediction supervision results in comparable drops
of 8.53 percentage points and 8.47 percentage
points, respectively. This suggests that complex
multi-defendant and multi-charge prediction ben-
efits from jointly learning to discriminate charge
outcomes and to identify the judgment-relevant
conditions that support them.

4.3 Robustness of Preference Construction

We examine the robustness of IALR to three key
design choices in preference construction: rubric
weighting, candidate scoring, and margin filtering.
As shown in Table 4, removing rubric weights leads
to a clear performance drop on both datasets, indi-
cating that distinguishing the importance of case-
specific legal criteria contributes to more effective
preference supervision.

We next replace GPT-5 with the open-weight
Qwen3-30B model at the rubric-based candidate-
scoring stage. Although performance is slightly
lower than with GPT-5, the resulting model still
reaches 83.01% on CAIL2018 and 78.44% on Mul-
tiLJP, retaining most of the improvement over the
foundation model. This result suggests that the
effectiveness of rubric-guided preference construc-
tion is not tied to GPT-5-specific scoring prefer-
ences and that an open-weight scorer can provide a

Rubric Function Share

Decisive elements/facts 35.6%
Charge boundaries 14.8%
Auxiliary legal factors 12.4%
Legal reasoning structure 34.1%
Generic/redundant 2.6%
Irrelevant/incorrect 0.6%

Table 5: Functional distribution of audited rubric items.

Figure 3: Generalization of IALR across Qwen2.5
model scales. Bars report absolute accuracy changes
over the corresponding foundation model; negative val-
ues indicate performance degradation.

viable alternative at this stage. Finally, varying the
margin threshold shows that τ = 0.25 performs
best among the tested settings, while both a lower
and a higher threshold reduce accuracy. This pat-
tern is consistent with a trade-off between retaining
sufficient preference data and enforcing a mean-
ingful quality gap between chosen and rejected
responses.

4.4 Human Audit of Generated Rubrics

To examine whether the generated rubrics cap-
ture substantive case-specific legal reasoning rather
than generic response preferences, we conducted
a human audit of 389 rubric items from 40 case-
question pairs. Five trained annotators evaluated
each item for its legal or reasoning relevance, case
applicability and support, and weight reasonable-
ness; detailed annotation procedures and evaluation
statistics are provided in Appendix D.1.

As shown in Table 5, the audited rubrics primar-
ily focus on decisive legal elements and facts, legal
reasoning structure, and charge-boundary distinc-
tions, while generic, redundant, or incorrect criteria
account for only a small fraction. These results
provide direct human evidence that IALR predomi-
nantly captures judgment-relevant legal conditions
rather than stylistic or superficial response proper-
ties.
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4.5 Generalization Across Model Scales

As shown in Figure 3, IALR improves accuracy in
11 of the 12 model–benchmark combinations, indi-
cating that its gains extend across multiple model
scales. The only degradation occurs on CAIL2018
with the 1.5B model, where accuracy decreases
from 63.87% to 62.78% (−1.09 percentage points).
An output-level analysis suggests that the remain-
ing errors are concentrated more heavily in cases
requiring fine-grained distinctions between adja-
cent charges, subjective and objective elements,
or criminal contexts, whereas gains are more evi-
dent on cases with more typical decision patterns.
This pattern is consistent with a capacity-dependent
trade-off: the 1.5B model may capture some coarse
discriminative signals from the preference data but
have greater difficulty integrating fine-grained fact–
element–charge-boundary supervision.

The most consistent gains are observed on the
out-of-domain LawBench benchmark, where all
three model scales achieve substantial improve-
ments, suggesting that rubric-guided preference
supervision transfers effectively to unseen evalu-
ation distributions. In addition, the particularly
large gain of the 14B model on MultiLJP sug-
gests that higher-capacity models may better ex-
ploit instance-adaptive legal supervision in com-
plex multi-defendant and multi-charge settings. At
the same time, the relatively small improvement
of the 14B model on CMDL further indicates that
the benefit is task-dependent rather than monotonic
with model scale. Overall, these results support the
cross-scale applicability and cross-domain transfer-
ability of IALR while highlighting variation across
model capacities and task characteristics.

4.6 Qualitative Analysis

We further examine whether IALR can better
identify and apply judgment-relevant conditions
in cases involving confusable charges. Table 6
presents a representative case requiring the distinc-
tion between Gathering a Crowd to Fight and Pick-
ing Quarrels and Provoking Trouble. The case
facts are abridged to retain legally decisive infor-
mation, while the two model outputs are translated
with their substantive reasoning preserved.

Both methods recognize that Defendant C mo-
bilized others and triggered the subsequent assault.
However, Legal∆ primarily characterizes the case
through the organization of collective violence,
leading to the incorrect prediction of Gathering

a Crowd to Fight. In contrast, IALR additionally
identifies and applies the preceding disturbance
of public order, the refusal to cooperate with the
police investigation, the face-saving retaliatory mo-
tive, and the targeted violence against venue staff,
thereby reaching the correct charge of Picking
Quarrels and Provoking Trouble. This case illus-
trates that IALR grounds charge determination in
instance-specific contextual and motivational con-
ditions that define the legal boundary between con-
fusable charges. It further suggests that reasoning
supervision without instance-specific legal criteria
may favor superficially plausible analyses while
overlooking legally decisive distinctions between
closely related charges.

5 Related Work

5.1 Legal Judgment Prediction and
Structured Legal Reasoning

Legal judgment prediction (LJP) predicts judicial
outcomes, such as charges, statutes, or penalties,
from case facts. Early neural studies mainly treated
LJP as supervised fact-to-outcome prediction (Luo
et al., 2017; Xiao et al., 2018; Chalkidis et al.,
2019). Large-scale benchmarks such as CAIL2018
further standardized Chinese criminal judgment
prediction under this setting (Xiao et al., 2018).
Later work moved beyond independent label pre-
diction by modeling dependencies among legal sub-
tasks and legal concepts, including task topology,
charge-aware penalty prediction, confusing law ar-
ticle discrimination, and long-document legal rep-
resentation (Zhong et al., 2018; Chen et al., 2019;
Xu et al., 2020; Xiao et al., 2021).

With the rise of large language models, recent
LJP research has increasingly explored generative
and reasoning-oriented formulations. Represen-
tative methods decompose cases, compare candi-
date charges, verify dispute points, incorporate
legal knowledge, or augment reasoning with re-
trieval (Deng et al., 2024; Shi et al., 2025; Yang
et al., 2026; Liu et al., 2025). These studies share
the view that legal prediction benefits from struc-
tured reasoning over facts, elements, and charge
boundaries, rather than from direct outcome gen-
eration alone. Different from methods that pre-
scribe explicit reasoning procedures or rely on ex-
ternally provided legal structures, our method con-
structs instance-adaptive evaluation criteria from
contrastive model responses and uses them for of-
fline preference construction, without introducing
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Case facts While watching a performance at an entertainment plaza, Defendant C and Defendant A disrupted the
performance and argued with staff. After the staff called the police, Defendant C refused to cooperate
and left the scene. Feeling humiliated, Defendant C instructed Defendant D to gather others and return to
retaliate against the staff. Under Defendant C’s identification, several defendants assaulted staff members,
causing one victim a minor injury.

Gold charge Picking Quarrels and Provoking Trouble

Method Legal∆ IALR

Model output Defendant C’s conduct constitutes the organizing and
directing behavior in Gathering a Crowd to Fight.
After having a dispute with staff members of the en-
tertainment plaza, he called Defendant D and others
to the scene for support, and later identified the vic-
tims, directly leading to the fight. Although he did
not personally participate in the beating, his conduct
satisfies the requirements for a principal offender in
Gathering a Crowd to Fight. The other defendants
were the direct executors in the joint crime, whereas
Defendant C, as the ringleader, should bear full re-
sponsibility for Gathering a Crowd to Fight.

[Answer] Gathering a Crowd to Fight

According to the provided information, Defendant C
was involved in a group assault. Specifically, while
watching a performance, Defendant C disrupted the
performance by violating public order and argued
with staff members of the entertainment plaza. Af-
terwards, he refused to cooperate with the police
investigation and left the scene. Later, in order to
save face, Defendant C instructed Defendant D to as-
semble others and return to the scene for retaliation.
Ultimately, Defendant C identified the staff members
and participated in the assault against them, causing
one staff member a minor injury.

[Answer] Picking Quarrels and Provoking Trouble

Reasoning fo-
cus

Focuses on Defendant C’s role in gathering and direct-
ing multiple assailants, and therefore characterizes the
incident as a group fight.

Additionally uses the preceding disturbance of public
order, refusal to cooperate, face-saving retaliatory mo-
tive, and targeted assault on venue staff to determine
the appropriate charge boundary.

Table 6: A representative charge-boundary case. Case facts are abridged to retain judgment-relevant information,
and model outputs are translated with substantive reasoning preserved. Bold text highlights the conditions explicitly
used by IALR for charge determination.

additional reasoning modules at inference time.

5.2 Legal Feedback Learning and Preference
Alignment

Feedback learning offers another line of work for
improving model behavior. General alignment
methods such as RLHF, DPO, and LLM-as-a-judge
use human preferences, chosen–rejected response
pairs, or strong-model evaluations to rank and opti-
mize model outputs (Ouyang et al., 2022; Rafailov
et al., 2023; Zheng et al., 2023). These methods
typically operate at the response level and provide
coarse but scalable supervision for open-ended gen-
eration.

Recent legal NLP work has also explored feed-
back signals for legal reasoning. Legal∆ optimizes
reasoning with chain-of-thought-guided informa-
tion gain, MALR uses multi-agent collaboration
and knowledge feedback for confusing charge pre-
diction, and LegalReasoner verifies and corrects in-
termediate reasoning steps (Dai et al., 2025; Yuan
et al., 2024; Shi et al., 2025). Together, these
studies show a growing interest in moving from
final-answer supervision toward reasoning-aware
feedback. IALR follows this direction by using
Instance-Adaptive Legal Rubrics to construct pref-

erence pairs for DPO training. Rather than relying
on holistic or task-level feedback, our method uses
instance-adaptive legal rubrics to evaluate whether
model responses identify and correctly apply the
judgment-relevant conditions of each case, yielding
fine-grained preference supervision for DPO.

6 Conclusion

In this paper, we presented IALR, an Instance-
Adaptive Legal Rubric supervision framework for
legal judgment prediction. Instead of relying
on fixed reasoning procedures or holistic prefer-
ence signals, IALR constructs case-specific legal
rubrics from contrastive failures in multi-model
responses and uses them to select legally discrimi-
native preference pairs for DPO. Through comple-
mentary charge-prediction and judgment-analysis
supervision, the framework encourages models
to better capture decisive facts, fact–element cor-
respondence, compositional judgment conditions,
and charge-boundary distinctions. Experiments
on four Chinese criminal charge-prediction bench-
marks show that IALR consistently improves the
Qwen2.5-7B base model in both in-domain and
out-of-domain settings, with particularly strong
gains on previously unseen evaluation distributions.
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Moreover, because rubrics and external evaluators
are used only during offline preference construc-
tion, IALR retains direct and efficient inference
at test time. These results suggest that instance-
adaptive, legally grounded preference supervision
provides an effective and transferable approach to
improving LLM-based legal judgment prediction.

Limitations

First, our experiments focus on Chinese criminal
charge prediction. Although we evaluate IALR
on both in-domain and out-of-domain benchmarks,
these settings remain within the same broad legal
task and jurisdiction. Its applicability to other le-
gal systems, languages, and legal tasks therefore
remains to be examined.

Second, IALR relies on strong external lan-
guage models during offline rubric construction
and preference scoring. Our Qwen3-30B experi-
ment shows that the candidate-scoring stage can
be implemented with an open-weight alternative
while retaining most of the downstream gains, but
the overall pipeline still depends on external mod-
els for rubric construction. Evaluator choice and
model updates may therefore affect reproducibility
and the resulting preference data.

Third, contrastive failure-mode mining may miss
important legal conditions that are jointly omitted
by all reference models. The human audit in Sec-
tion 4.4 supports the legal validity and case appli-
cability of sampled generated rubric items, but it
does not establish rubric completeness. Automat-
ically constructed preference data may therefore
still contain residual legal or reasoning noise.

Finally, the human rubric audit is not expert legal
validation, and the absolute-quality analysis of cho-
sen responses in Appendix D.2 uses an independent
AI evaluator rather than legal experts. In addition,
because the pretraining data of recent reference
and evaluator models are unavailable, exposure to
benchmark cases or highly similar examples cannot
be fully excluded.

Ethical Considerations

IALR is developed for research on legal judgment
prediction and is not intended to replace profes-
sional legal judgment or support automated judicial
decision-making without human oversight. Legal
predictions produced by language models may con-
tain factual or doctrinal errors and should not be
treated as legal advice or dispositive evidence in

real-world proceedings.
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A Prompts

This appendix reports the prompts used in IALR.

A.1 Judgment-Analysis Question Construction
CREATE_ANALYSIS_QUESTION = """
You need to read the {facts} first.
Now, you need to ask a question so that the respondent can briefly analyze, based on the {facts}, what is the reason why {

criminal} was convicted of the following crime: {accusation}?

Question requirements:
1. The purpose of the question is to analyze the basis of the judgment.
2. The analysis in the question is based on the conditional analysis in the {facts}.
3. The question must be natural.
Now, please only return one of your questions, do not return other content.
"""

Figure 4: Prompt for judgment-analysis question construction.

A.2 Charge-Prediction Question Construction
CREATE_PREDICT_QUESTION = """
You need to read the {facts} first.
Now, you need to ask a question so that the respondent can briefly analyze, based on the {facts}, what crime would {criminal} be

convicted of?

Question requirements:
1. The purpose of the question is to predict the crime of the judgment; there may be more than one crime.
2. The analysis in the question is based on the conditional analysis in the {facts}.
3. The question must be natural.
Now, please only return one of your questions, do not return other content.
"""

Figure 5: Prompt for charge-prediction question construction.
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A.3 Failure-Mode Mining for Judgment-Analysis Responses
CONTRAST_ANALYSIS_RESPONSE = """
You are required to generate a series of questions, serving as a checklist of failure modes, to assess the quality of legal

responses. These questions are designed to identify instances where the response suffers from a significant failure in its
"analysis of the conditions for a valid judgment" due to a specific omission.

The general principles for formulating these questions are as follows:
1. Each checklist item must be a question that allows for a clear, binary determination of whether the condition is "met" or "not

met."
2. Each checklist item must be specific and concrete, avoiding vague suggestions or platitudes.
3. Each checklist item must center specifically on the "conditions upon which the validity of the judgment depends."
4. Priority should be given to checking for "high-value" defects: the omission of critical facts, a failure to properly map facts

to legal elements, a lack of mutual support among multiple legal elements, or errors in distinguishing between different
criminal charges.

5. Do not generate items that merely restate the same requirement using different phrasing.
6. Do not generate items that pertain solely to writing style, general completeness, or professional polish, but offer little

substantive value to the analysis of the judgment's validity.
7. If two items address the same level of analytical issue, retain only the one that is more specific and possesses greater

diagnostic power.

The current prompt is:
{question}

My primary focus is on whether the response successfully accomplishes the following:
1. Extracts the critical conditions, those that genuinely determine the validity of the judgment or conviction, from the [factual

narrative of the crime], rather than merely restating the case facts.
2. Explicitly maps these critical conditions to specific legal elements (constituents of the offense), including but not limited

to: {components}.
3. Articulates which factual conditions support the establishment of which specific legal elements, rather than simply listing

facts and legal elements in separate, disconnected lists.
4. Explains how multiple legal elements combine, constrain one another, or collectively support the final conclusion.
5. Explains how the absence, insufficiency, or failure to establish a specific critical condition would impact the conviction or

the final judgment.
6. Distinguishes between core conditions for validity and supplementary factors, avoiding the mischaracterization of peripheral

issues as fundamental defects.
7. Prioritizes the examination of critical analytical steps that serve to differentiate between distinct criminal charges,

alternative paths to conviction, or varying judgment outcomes.

Now, please compare the following responses, which vary in quality, and compile a comprehensive checklist of "all high-value
failure modes":

{multi_quality_response}

Output Requirements:
1. The output must consist solely of a numbered list (e.g., 1., 2., 3., etc.).
2. Each item should be written in the format "Reply or not...";
3. Each item should correspond to a unique, verifiable, and non-repeating failure point.
4. Prioritize retaining items that truly differentiate response quality.
5. Keep the number of items to 8-12 if possible.
6. Do not return other content.
"""

Figure 6: Prompt for failure-mode mining of judgment-analysis responses.
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A.4 Failure-Mode Mining for Charge-Prediction Responses
CONTRAST_PREDICTION_RESPONSE = """
You are required to generate a series of questions, serving as a checklist of potential failure modes, to evaluate the quality of

a legal response. These questions are designed to identify critical omissions: if a specific item is missing, it indicates
a significant failure in the response's "analysis of the conditions for a valid judgment."

The general principles for formulating these questions are as follows:
1. Each checklist item must be a question that allows for a clear, binary determination of whether the condition has been "met"

or "not met."
2. Each checklist item must be specific and concrete, avoiding vague suggestions or platitudes.
3. Each checklist item must center on the "conditions upon which the validity of the judgment depends."
4. Priority should be given to items covering the following areas: the extraction of key factual conditions, the mapping of facts

to specific legal elements, the interconnections between multiple legal elements, and the evidentiary basis for the final
criminal charge or predictive conclusion.

5. Do not generate duplicate entries that merely rephrase the same requirement.
6. Do not generate entries that contribute solely to the completeness of expression but offer little value in validating the

soundness of the legal conclusion.
7. If a potential criminal charge represents only a marginal possibility, do not generate an excessive number of checklist items

focused on it.
8. Prioritize items where an omission would directly impact the determination of guilt, the differentiation of charges, the

analysis regarding probation, or the validity of the predictive conclusion.

The current query is:
{question}

My primary focus is on ensuring the response successfully addresses the following points:
1. Identifies, from the [factual circumstances of the crime], the specific key conditions that truly determine the judgment,

conviction, probation analysis, or predictive conclusion.
2. Explicitly maps these key conditions to specific legal elements, including, but not limited to: {components}.
3. Does not merely list the legal elements, but explains how the factual circumstances of the crime satisfy those elements.
4. Does not merely list the facts, but explains how multiple factual conditions collectively support multiple legal elements.
5. Explains the relationships between the various legal elements, and how these relationships collectively support the final

determination of the charge for {crime}, the probation analysis, or other predictive conclusions.
6. Distinguishes between the conditions that constitute the core basis for the judgment and those that serve merely as auxiliary

factors in the analysis.
7. Ensures that the legal analysis regarding {crime} is fundamentally accurate, while avoiding the generation of excessive

checklist items focused on marginal or "noise" elements that may appear within the list of potential charges.

Now compare the following multiple responses of different qualities, and then write a list of "all high-value failure modes":
{multi_quality_response}

Output Requirements:
1. Only output a list like 1. 2. 3. ...
2. Each item should be written in the form of "Reply/Not..."
3. Each item must correspond to an independent, identifiable, and non-repeating failure point.
4. Prioritize items whose absence would directly affect the final legal conclusion.
5. Keep the number of items to 8-12 if possible.
6. Do not return any other content.
"""

Figure 7: Prompt for failure-mode mining of charge-prediction responses.
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A.5 Checklist Refinement
EXAMINE_RAW_CHECKLIST = """
You need to review this checklist and condense it into a version characterized by "high value, low redundancy, and strong

distinctiveness."

Original Checklist:
<checklist>
{raw_checklist}
</checklist>

I want the final checklist to focus more on:
1. Whether truly critical factual conditions have been extracted, rather than merely restating the case narrative.
2. Whether key factual conditions have been mapped to specific legal elements, including, but not limited to: {components}.
3. Whether a logical chain has been established linking "Factual Condition -> Corresponding Legal Element -> Judgment Conclusion

."
4. Whether the interconnections between multiple legal elements have been analyzed, rather than merely listing them in isolation.
5. Whether core conditions for establishing liability have been distinguished from supplementary factors.
6. Whether it explains how the absence, insufficiency, or failure to establish a specific key condition would impact the final

conclusion.

Please filter the items according to the following criteria:
1. Remove duplicate items: If two items check for the exact same failure point, retain only the one that is more specific and

provides greater diagnostic value.
2. Remove hierarchical redundancy: If a broader item is already fully covered by a more specific sub-item, delete the broader one

.
3. Remove low-value items: If the absence of a specific item would have negligible impact on the validity of the final judgment

conclusion, prioritize its removal.
4. Remove "noise" items: If an item focuses excessively on peripheral charges, speculative candidate charges, or unstable/trivial

details, prioritize its removal.
5. Prioritize retaining the items that best differentiate the quality of a response:
- Extraction of critical factual conditions.
- Mapping of facts to specific core legal elements.
- Analysis of interconnections between multiple legal elements.
- Differentiation between charges, handling of concurrent offenses, or assessment of the threshold for criminal liability.
- The evidentiary basis for the final judgment conclusion.
6. Do not retain more than two "broad summary items." If there are already multiple specific items covering the details, delete

the generalized summary items.
7. The final list should contain no more than 10 items; ideally, keep it within the 8-10 range.

Output Requirements:
1. Output only the items that have been retained.
2. Format the list using numbered points: 1. 2. 3. ...
3. Each item should remain phrased in the form of "Does the response..."
4. Do not include any other content in the output.
"""

Figure 8: Prompt for checklist refinement.
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A.6 Rubric Weight Assignment
SET_WEIGHTS = """
You need to assign an "importance" weight (0-100) to each item in the checklist. These checklist items are used to evaluate

whether a legal response truly fulfills the task of analyzing the "conditions for establishing a judgment."

Checklist to be weighted:
<checklist>
{raw_checklist}
</checklist>

The current issue is:
{cause_event}

I am primarily focused on whether the response achieves the following points:
1. Extracts the key conditions that truly determine the validity of the judgment from the [facts of the crime], rather than

merely restating the case details.
2. Maps these key conditions to specific constituent elements of the crime, including but not limited to: {components}.
3. Establishes a clear logical chain linking "factual conditions -> constituent elements -> final judgment/conviction conclusion

."
4. Analyzes the interconnections between multiple constituent elements and how they collectively support {effect_event}.
5. Distinguishes between core conditions for establishment, criteria for differentiating between charges, conditions regarding

concurrence of crimes or thresholds for criminal liability, and supplementary reasoning factors.
6. Ensures that the judgment, prediction, or legal analysis regarding {effect_event} is fundamentally accurate.

Please assign weights according to the following rules:
1. If the omission of an item would directly render it impossible to determine "whether the specific charge/judgment conclusion

is valid," assign a weight of 90 or 100.
2. If the omission of an item would significantly impact the differentiation of charges, the handling of concurrent crimes, the

threshold for criminal liability, or the determination of core constituent elements, assign a weight of 70 or 80.
3. If an item primarily affects supplementary reasoning, comparative analysis, tendencies in judicial practice, or overall

completeness, assign a weight of 40, 50, or 60.
4. If an item is merely a summary statement, and is already covered by more specific items, its weight should be lower than the

specific items it summarizes.
5. Do not assign a weight of 90/100 to generic items, catch-all items, or items related solely to phrasing/expression.
6. Items such as "extraction of key factual conditions," "clear mapping of facts to core constituent elements," and "multiple

elements collectively supporting the conclusion" should generally be weighted higher than general summary items.
7. Assign the highest weights (90/100) only to items that truly lie at the core of the judgment chain and whose omission would

severely undermine the final conclusion.
8. You must ensure a clear differentiation in scoring levels; do not allow the majority of entries to cluster within the 80, 90,

or 100 range.

Here, the value of n is restricted to:
40, 50, 60, 70, 80, 90, 100

Please append the score to the end of each entry using the following format:
XXXXXXXX(n/100)

Output Requirements:
1. Output only the weighted checklist.
2. Maintain the numbered list format (1., 2., 3., etc.).
3. Append the score solely to the end of the original entry; do not include any other content in the output.
"""

Figure 9: Prompt for rubric weight assignment.

B Implementation Details

B.1 Rubric Construction and Candidate
Sampling

For each case–question pair, we collect four ref-
erence responses, one from each of Qwen2.5-
7B, Qwen3-30B, DeepSeek-R1, and GPT-5.
These multi-model responses are provided to
gpt-5-chat-latest (OpenAI, 2025) for con-
trastive failure-mode mining, rubric refinement,
and weight assignment. In this way, the Instance-
Adaptive Legal Rubric is constructed from re-
sponse differences that expose case-specific defi-
ciencies in decisive fact coverage, fact–element
alignment, compositional reasoning, and charge-
boundary discrimination.

After rubric construction, we sample three can-
didate responses from the target model for each

case–question pair. In the principal experiments,
the target model is Qwen2.5-7B; in the scale-
generalization experiments, it is the corresponding
Qwen2.5 model at the 1.5B, 7B, or 14B scale. For
response sampling, we use a temperature of 0.8,
top_p of 0.9, and top_k of 30.

The evaluator scores the three candidate re-
sponses using the corresponding Instance-Adaptive
Legal Rubric. We select the highest-scoring candi-
date as the chosen response and the lowest-scoring
candidate as the rejected response. A preference
pair is retained only when their normalized rubric-
score margin is at least 0.25, i.e., ∆(y+, y−) ≥
0.25. This filtering strategy discards weakly distin-
guishable candidates and retains preference signals
with clearer legally relevant quality differences.
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Source Question Type Processed Retained Rate

CAIL2018 Judgment
analysis

8,325 1,446 17.4%

CAIL2018 Charge
prediction

8,360 2,540 30.4%

MultiLJP Judgment
analysis

5,247 2,337 44.5%

MultiLJP Charge
prediction

5,247 2,773 52.9%

Total – 27,179 9,096 33.5%

Table 7: Detailed statistics of rubric-guided preference
pair construction.

Scale Model CAIL2018 MultiLJP CMDL LawBench

1.5B Qwen2.5-1.5B 63.87 61.24 59.69 38.14
1.5B IALR-1.5B 62.78 65.49 60.46 46.39

7B Qwen2.5-7B 77.05 76.47 72.53 55.26
7B IALR-7B 85.10 79.77 80.29 64.95

14B Qwen2.5-14B 78.49 65.29 77.42 57.53
14B IALR-14B 81.63 80.20 77.71 65.56

Table 8: Absolute accuracy (%) across Qwen2.5 model
scales.

B.2 Preference Pair Statistics
Table 7 reports the number of case–question

pairs processed and the number of preference pairs
retained after rubric-guided margin filtering. The
prediction and analysis columns in Table 1 cor-
respond to the charge-prediction and judgment-
analysis question types, respectively.

C Detailed Results Across Model Scales

Table 8 reports the absolute accuracy scores of the
foundation and IALR-optimized models used to
compute the gains shown in Figure 3. The results
complement the gain-based visualization by pro-
viding the underlying performance values for each
model scale and benchmark.

D Additional Validation Analyses

D.1 Human Rubric Audit Protocol and
Detailed Results

We randomly sampled 40 case–question pairs,
with 10 pairs from each dataset–task combination
(CAIL2018 prediction, CAIL2018 analysis, Mul-
tiLJP prediction, and MultiLJP analysis), yielding
389 rubric items in total. Five computer science un-
dergraduates served as annotators. After four hours
of task-specific training, each annotator completed
more than 10 hours of annotation with AI-assisted
support. The AI assistance was limited to provid-
ing background information on relevant legal pro-

visions to facilitate the assessment of rubric items,
while the final annotation judgments were made
by the annotators. For each pair, the annotators
independently read the case and relevant legal ref-
erences before evaluating the corresponding rubric
items. Mean annotation time exceeded 16 minutes
per case.

For each rubric item, annotators assessed: (1)
whether it concerns substantive legal or reasoning
content; (2) whether it is applicable to the case and
supported by the case facts or relevant legal basis;
and (3) whether its assigned importance weight is
reasonable. Missing judgments are not counted
as positive. We report both majority-positive judg-
ments and a stricter threshold requiring at least 75%
positive judgments, as shown in Table 9.

The functional distribution of the audited rubric
items is reported in Table 5, showing that the ma-
jority concern substantive legal conditions and rea-
soning rather than generic response properties.

Item-level Criterion Majority
Positive

≥ 75%
Positive

Legal or reasoning content 387/389
(99.5%)

383/389
(98.5%)

Applicable to case and
supported

389/389
(100%)

387/389
(99.5%)

Reasonable weight 382/389
(98.2%)

342/389
(87.9%)

Table 9: Detailed human-audit results for generated
rubric items.

D.2 Absolute Quality Audit of Chosen
Responses

Rubric-guided preference construction ranks can-
didate responses relative to one another. We there-
fore further assess the absolute quality of 200 cho-
sen responses using an independent DeepSeek-V4-
Pro evaluator that was not involved in the original
rubric scoring. We evaluate two dimensions: fac-
tual correctness, measuring consistency with the
case facts and the absence of fabricated or misused
decisive information; and reasoning completeness,
measuring whether the response establishes an ex-
plicit fact–element–conclusion chain.
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Dataset Factually
Correct

Complete
Fact–Element–Conclusion

Reasoning

CAIL2018 79% 84%
MultiLJP 74% 75%

Table 10: Independent AI audit of the absolute quality
of chosen responses.

As shown in Table 10, most audited chosen
responses satisfy these criteria, providing com-
plementary evidence that rubric-guided selection
generally favors responses with stronger factual
grounding and more complete legal reasoning.

D.3 Candidate Number Sensitivity
We use N = 3 in the main experiments as a practi-
cal compromise between generation cost and candi-
date diversity rather than as a theoretically optimal
setting. Table 11 evaluates additional sampling
on the same cases. With N = 5, the majority of
cases that already form valid preference pairs under
N = 3 introduce neither a new highest-scoring nor
a new lowest-scoring response, indicating that most
existing pairs remain unchanged. Additional candi-
dates nevertheless improve coverage and occasion-
ally identify a better chosen response: new maxima
appear in 9–19% of valid-pair cases, and 12–21%
of cases that fail the margin threshold under N = 3
become valid preference pairs. These results sup-
port N = 3 as a practical trade-off, while larger
candidate sets can provide incremental coverage at
additional generation cost.

Dataset Task New Max New Min I→V

N = 4
CAIL2018 Prediction 16% 2% –
CAIL2018 Analysis 19% 0% –
MultiLJP Prediction 9% 2% –
MultiLJP Analysis 6% 3% –

N = 5
CAIL2018 Prediction 17% 2% 17%
CAIL2018 Analysis 19% 0% 13%
MultiLJP Prediction 14% 3% 21%
MultiLJP Analysis 9% 5% 12%

Table 11: Sensitivity to the number of sampled candi-
date responses. New Max/Min denotes the fraction of
cases in which additional sampling changes the highest-
/lowest-scoring response relative to N = 3. I→V de-
notes cases that fail the margin threshold under N = 3
but form a valid preference pair under N = 5.

D.4 Margin-Threshold Retention Statistics
Table 12 reports the number of preference pairs re-
tained under different margin thresholds. Lowering
τ to 0.20 retains more pairs, whereas increasing
it to 0.30 yields a smaller preference set. Down-
stream performance is reported separately in Ta-
ble 4, where τ = 0.25 achieves the highest accu-
racy on both datasets among the tested settings.
Together, these results suggest that preference-set
size alone does not determine downstream perfor-
mance, and that the margin threshold balances data
coverage with preference separation.

τ Dataset Prediction Analysis Total

0.20 CAIL2018 4,134 3,608 7,742
MultiLJP 3,298 3,059 6,357
Total 7,432 6,667 14,099

0.25 CAIL2018 2,540 1,446 3,986
MultiLJP 2,773 2,337 5,110
Total 5,313 3,783 9,096

0.30 CAIL2018 2,224 1,277 3,501
MultiLJP 2,446 1,960 4,406
Total 4,670 3,237 7,907

Table 12: Preference-pair retention under different mar-
gin thresholds.
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