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Abstract

Artificial intelligence has become increasingly
prevalent in the legal domain. However,
Legal Al systems often struggle with vague user
queries that lack essential legal details, leading
to suboptimal performance in practical appli-
cations. To address this challenge, we propose
FactFiller, a novel approach that dynamically
generates questionnaires to help users refine
their input queries. Our method leverages an
iterative training process that collects valuable
questionnaires, eliminating the need for hu-
man annotation. Additionally, we introduce
a “case-law-quiz” cascading retrieval process,
ensuring that the generated questions and an-
swer options are directly linked to specific le-
gal provisions. Through the user study and the
downstream task experiments, we demonstrate
that FactFiller, while remaining easy for non-
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experts to understand, not only improves the
completeness of queries but also ensures the
performance of various domain-specific mod-
els in downstream legal tasks.

1 Introduction

Recent advancements in large language models
(LLMs), have greatly expanded the scope of le-
gal artificial intelligence (LegalAl), enabling ap-
plications such as legal consultation Q&A (Shi
et al., 2024; Biittner and Habernal, 2024), legal
judgment prediction (LJP) (Wu et al., 2023; Tong
et al., 2024), and legal case retrieval (LCR) (Li
et al., 2023b; Wiratunga et al., 2024). Despite this
progress, Legal Al systems often fail to provide
reliable assistance in real-world settings.

The root cause lies in a fundamental issue:
non-expert users frequently formulate vague
or incomplete queries that lack essential legal-
specific details. Especially in the context of legal
consultation, as shown in Figure 1, a workplace
injury consultation might omit critical information,
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Figure 1: In traditional workflows, vague or incomplete
user queries often lead LegalAl assistant to produce
unhelpful responses. To address this, we use question-
naires generated by FactFiller to gather case-related
facts, enabling Legal AI assistant to make more accurate
judgments.

such as unsigned labor contracts or missing payroll
records. When users repeatedly receive unhelpful
or incorrect responses from Legal Al their trust in
the system is undermined.

Recent studies suggest that LLMs can actively
ask clarifying questions to elicit missing infor-
mation (Li et al., 2023a; Andukuri et al., 2024).
Yet in legal settings, open-ended clarification is
often ineffective: non-expert users may struggle
to interpret such questions, feel overwhelmed, or
still fail to provide precise legal details. Hu-
man—computer interaction research suggests that
reducing cognitive load improves both trust and
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task performance (Huang, 2018). Compared to
open-ended questions, structured multiple-choice
questionnaires provide explicit and constrained op-
tions, simplifying decision-making and easing in-
formation elicitation (Cau and Spano, 2025). This
motivates the use of questionnaire-style counter-
questions for legal fact completion.

The implementation faces two major technical
challenges: (1) How to generate questions and
options with substantive legal significance that
directly influence subsequent reasoning? The
questions must not only be legally meaningful,
so that different choices correspond to distinct le-
gal consequences, but also remain understandable
to users. Superficial yes/no questionnaires con-
tribute little to downstream tasks. (2) How to train
the questioning model in the absence of labeled
“query—quiz” datasets and the prohibitive cost of
manual annotation? Such datasets are virtually
nonexistent, and constructing them would require
extensive annotation by domain experts with deep
legal knowledge. Therefore, it is crucial to design
an unlabeled training paradigm that can leverage
raw legal documents.

To tackle these challenges, we present Fact-
Filler, a fact-filling questionnaire method that
bridges the gap between non-expert queries and
expert LLM models. FactFiller combines two key
components. First, we propose an unlabeled itera-
tive training paradigm that progressively improves
the questioning model by selecting pedagogically
valuable training instances. Second, we introduce a
“case—law—quiz” cascading retrieval pipeline: rele-
vant cases are retrieved to identify frequently cited
legal provisions, and these provisions are then trans-
formed into quizzes, ensuring that generated ques-
tions and options are grounded in authoritative law.

We evaluate FactFiller through complementary
human evaluations and downstream task experi-
ments. Experts assess questionnaire quality in
terms of relevance, comprehensiveness, and help-
fulness, while non-experts evaluate ease of un-
derstanding and expressive support. We further
demonstrate that queries completed with Fact-
Filler consistently improve Legal Al performance
on court view generation, legal case retrieval, and
confusing charge prediction, providing evidence
of both human usability and downstream effective-
ness.

In summary, our main contributions are:

1. We identify vague queries as a key problem

in Legal Al and propose questionnaire-based
fact-filling as a design solution.

2. We propose FactFiller, a fact-filling question-
naire method that introduces an unlabeled it-
erative training paradigm and a cascading re-
trieval pipeline to generate legally grounded,
user-friendly questions.

3. We conduct two experiments: a Human evalu-
ation (with both experts and non-experts) and
a downstream task evaluation, demonstrating
that FactFiller is easy to use while enhanc-
ing factual completeness and guaranteeing the
performance of Legal Al models.

2 Related Work

2.1 Legal Artificial Intelligence

In recent years, advances in artificial intelligence,
particularly deep learning and large language mod-
els, have enabled a growing number of intelli-
gent applications in the legal domain. Representa-
tive tasks include court view generation (Li et al.,
2024b; Liu et al., 2024), which automates the draft-
ing of judicial opinions from case facts and claims;
legal case retrieval (Li et al., 2023b; Wiratunga
et al., 2024), which identifies relevant precedents
through case or query matching; legal judgment
prediction (Wu et al., 2023; Tong et al., 2024),
which forecasts trial outcomes such as charges and
penalties; and legal consultation chatbots (Shi et al.,
2024; Biittner and Habernal, 2024), which provide
accessible legal assistance by processing natural-
language user queries.

Although these methods achieve strong perfor-
mance on their respective benchmarks, their ef-
fectiveness is often limited in real-world settings,
where user queries are frequently ambiguous or
incomplete, preventing Legal Al systems from fully
realizing their practical potential.

2.2 Proactive Questioning

Proactive questioning with LLMs has been ex-
plored as a way to elicit missing information from
users. GATE (Li et al., 2023a) employs open-ended
clarification questions to better capture human pref-
erences, while STaR-GATE (Andukuri et al., 2024)
extends this idea through large-scale role-playing
data. Ask-before-Plan (Zhang et al., 2024) focuses
on predicting clarification needs during task plan-
ning and invoking external tools accordingly.

In the legal domain, D3LM (Wu et al., 2024)
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Figure 2: The proposed FactFiller framework. (a) An unlabeled iterative training paradigm simulates missing
factinformation, generates questionnaires, and uses an auxiliary model to evaluate fact-completion ability for
building the training corpus. (b) At inference time, cascading retrieval grounds questionnaires in law, and completed

graduates improve downstream Legal Al responses.

simulates lawyers by generating open-ended pro-
fessional questions to improve legal consultation.
However, these approaches primarily rely on open-
ended interaction, which can be difficult for non-
expert users to respond to in a legally precise
manner. In contrast, our work focuses on struc-
tured, questionnaire-based questioning to guide
non-experts in providing legally meaningful facts.

3 The Proposed Fact-Filling Method:
FactFiller

In this section, we introduce the FactFiller Frame-
work as shown in Figure 2, which consists of two
main components: (1) a training paradigm without
labeled data, (2) a novel "case—law—quiz" cascad-
ing retrieval architecture.

3.1 Unlabeled Iterative Training Paradigm

Labeled “query—quiz” corpora do not exist, mak-
ing it necessary to design an unlabeled training
paradigm. As shown in Figure 2a, we start from
court documents containing both factual descrip-
tions and court views. Since the court view closely
depends on complete factual information, we intro-
duce an auxiliary legal expert model fam to define
an indirect evaluation metric: the probability of
generating the court view from a given query. A
higher probability indicates that the query captures
more complete facts. To construct such queries, we
first perform a preprocessing step, where LLMs dis-
card part of the legal facts and rephrase the factual
paragraphs into incomplete user queries.

Formally, we aim to learn a questioning model
fom by maximizing the following objective:

r;lanlogP (C1Q+ fom(Q) + 45 fam), (1)

where C denotes the court view, () is an incom-
plete user query, fom(Q) represents the generated
questionnaire, and A denotes the simulated user an-
swers. For an autoregressive auxiliary model fam,
the conditional log-probability is computed as:

T
1
log P(C | z; fam) = T ZIOgP(Ct | c<t, T3 fam)-

t=1
2
where C = (c1,c2,...,cr) is the token se-
quence of the court view.

The iterative procedure is then formalized in Al-
gorithm 1. In each round, the system executes five
steps: (1) the questioning model fqm generates
multiple candidate questionnaires for each query;
(2) user selections are simulated based on the com-
plete facts; (3) the simulated answers are concate-
nated with the incomplete query, and the auxiliary
model fam estimates the probability of generat-
ing the correct court view; (4) the best-performing
questionnaire for each query is retained in the su-
pervised fine-tuning (SFT) corpus, replacing lower-
quality ones; and (5) the questioning model is fine-
tuned on this evolving corpus, enabling it to gener-
ate increasingly effective questionnaires in subse-
quent rounds without requiring manual annotation.

Since we adopt an iterative process to search for
and identify effective questionnaires, the diversity
of generated questionnaires is crucial for the train-
ing efficiency and performance of the model. To
ensure that the questioning model can generate di-
verse questionnaires for the same query ) during
the iterative process, we adopted two generation
strategies shown in Figure 3.

First, at the between-cases level, we train the

12195



Algorithm 1: Training the questioning model

Input

Base model f(()i/l)

Output : Questioning model fé&)

1 Initialize the training corpus P = [];
2 fork + 1,ndo

3 Initialize the SFT Dataset T = [];
4 foreach instance X; € D do
5 F;, Ci, Qi + Xi;
6 R < Retrieval(Q;) ;
7 0« fo V(@i R);
8 A + Simulator(O, F;);
9 foreach indicates ind € Combination(p, m) do
10 Sindg < Evaluator(O;nd, Aing, C) ;
1 P; < PiU{(Oind, Ainds Sind)}
12 O,A,C « Sort(P;)o;
13 T+ Tu{(Q:0)};
w | R e sETl) Ty,
QM QM7 £

:Number of iterations n; Number of questions in the questionnaires m; Number of generated questions p; Dataset D;

// Fact F;, Court View C; and Query Q;
// Cascading Retrieval R

// Generate questions and options O
// Simulate user choices A

// Calculate the generation probability
// Expand the training corpus

// Find optimal questionnaire based on the generation probability

// Add this pair to SFT Dataset

(a) Between Cases

~ Train : 7
Set Sé'HModel i Set Sé'*l))
@ Generate
N Train : =
Datasets  \{ Set Sf‘HModel iR Set Sl('*l))

(b) Within Cases
(1) Generate

Questioning
Model

Generate 5 quizzes
for this query Q.

Q2 (Q3) (Q4) (Q5)

(2) Evaluate each combination

(Q1) Q2(Q3) (Q1) Q2(Q4) (Q1) Q2(Q5)++

Figure 3: Strategies for ensuring questionnaire diversity.
(a) Between cases: the model is trained on one subset
and generates questionnaires for another. (b) Within
cases: multiple quizzes are generated and evaluated to
select the best combination as the final questionnaire.

model on one subset and then generate question-
naires for another subset. This approach prevents
the model from simply replicating the question-
naire generation it learned from the training data
for the same (), ensuring it creates questionnaires
that differ from those in the training set.

Secondly, at the within-case level, the question-
ing model generates multiple quizzes for the query
(@ at once, ensuring diversity within this batch. We
then use combinatorial enumeration to find the op-
timal questionnaire combination, constructing an
SFT dataset for training the questioning model.

3.2 Cascading Retrieval

Compared to open-ended questions, questionnaires
allow the system to guide users through predefined
options. To be effective, questionnaires must be

In principle, children under the age of two after divorce shall be
directly put in the custody of their mother. If the parents of a child who
has reached the age of two fail to reach an agreement on the matter of
his or her upbringing, the People's Court shall, in accordance with the
actual conditions of both parties and on the principle of benefiting the
minor child to the greatest extent, make a judgment. If a child has
reached the age of eight, his or her true will shall be respected.

What is your child's current age?
A. Under two years old

B. Between two and eight years old
C. Eight years or older

Figure 4: Convert legal provisions into quizzes. Differ-
ent options correspond to different judgments as speci-
fied in the provisions.

legally meaningful, such that different user choices
lead to different judgments under the law. There-
fore, questionnaire generation requires grounding
in relevant legal provisions.

To align retrieved provisions with questionnaire
outputs, we construct a quiz database offline. This
design is motivated by the structure of the law itself.
Most legal provisions are expressed as conditional
logic (Rahman and Dango, 2017), which can be nat-
urally transformed into multiple-choice questions.
As illustrated in Figure 4, the law specifies differ-
ent approaches for children in different age groups,
enabling the expert model to provide more tailored
responses once the relevant condition is identified.
We first filter out non-normative provisions (Her-
mann, 2025) that do not support legal reasoning,
and then convert the remaining, condition-based
provisions into questions and options.

However, directly retrieving legal provisions
from user queries is challenging. Legal texts are
highly formal and structured, whereas user queries

12196



are typically colloquial and fact-oriented, resulting
in low semantic similarity and reduced retrieval
accuracy (Gao et al., 2024). To address this gap,
we propose a case—law—quiz cascading retrieval
framework (Figure 2b), which first retrieves similar
cases based on factual similarity and then maps
them to relevant legal provisions and quizzes.

First, we perform vector retrieval based on the
user’s query () to identify the top-n, similar cases
C from the cases database.

Next, we conduct a “case—law” retrieval, cal-
culating the frequency Y of each legal provision
appearing in these similar cases, expressed by the
following formula:

Yi= Z l{lawiEc}7 3)
ceC

where Y; represents the frequency of the i-th legal
provision, law; represents the i-th legal provision,
c is a similar case, and 1{} denotes the indicator
function. Based on the occurrence frequency Y,
we rank the legal provisions to obtain the top-n,,
most cited provisions.

Thirdly, a “law—quiz” mapping is performed to
retrieve the corresponding quizzes for these laws
from the quiz database.

The higher the citation frequency of a provision,
the more important it becomes in related cases.
This suggests that we should check if the user’s
query has omitted information related to this provi-
sion and generate a questionnaire for supplementa-
tion. Here n. and ny, are hyperparameters.

4 Experiments

We evaluate FactFiller through both human evalua-
tions and downstream Legal Al performance.

4.1 Implementation Details

We report the main implementation details of our
experiments. Full settings and hyperparameters are
provided in Appendix A.

4.1.1 Datasets

We collected 17,865 court documents from China
Judgments Online, covering 90 commonly encoun-
tered legal causes over the past two years, including
75 civil and 15 criminal categories. Among these,
90% were used for training and 10% for testing.

4.1.2 Retrieval Database

We additionally constructed a Case Database com-
prising 82,257 court cases that are disjoint from

the training and test sets. Together with relevant
legal provisions obtained from the China Legal
Quick Reference Handbook', they jointly form the
retrieval corpus for the case—law—quiz pipeline.

4.1.3 Models

The Questioning Model and Auxiliary Model were
trained on the Qwen2.5-7B-Instruct model (Yang
et al., 2024). We chose GPT-40-mini (Hurst et al.,
2024) to simulate users completing the question-
naires under conditions where the complete facts
are available, as its moderate performance real-
istically reflects that non-experts may also make
errors when facing complex questions. The com-
putational costs are reported in Appendix A.6.

4.1.4 Questionnaire

Each questionnaire presents three multiple-choice
questions simultaneously, without any logical de-
pendency between them. To support flexibility,
each question includes an “Other” option that al-
lows users to skip or indicate that none of the listed
choices apply.

4.1.5 Baselines

We compare GATE (Li et al., 2023a), which gen-
erates open-ended clarification questions and our
method FactFiller under an ablation setting that in-
cludes four progressively enhanced configurations
of questionnaire-based prompting: (1) Multiple-
Choice (Baseline), where the Qwen2.5-7B-Instruct
model directly generates multiple-choice questions;
(2) + Direct Retrieval, where legal provisions are
retrieved based on vector similarity and provided
as additional input when generating the question-
naire; (3) + Cascaded Retrieval, which replaces
direct retrieval with a case—law—quiz cascade re-
trieval pipeline; (4) + Training (FactFiller), which
further improves the questioning model through
the unlabeled iterative training paradigm.

4.2 Human Evaluation

We conducted two complementary human evalua-
tions: one with domain experts and the other with
lay participants. Expert users were invited to assess
the quality of the questionnaires along professional
dimensions, while non-expert users were asked to
evaluate their comprehensibility and usefulness.

4.2.1 Expert Evaluation

This evaluation evaluates the quality of question-
naires generated by different methods from a pro-

"https://github.com/LawRefBook/Laws
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(a) Expert (b) Non-Expert
Method Relevance Comprehensiveness Helpfulness Ease of Understanding ~ Expressive Support
Score p-value Score p-value Score p-value Score p-value Score p-value
Multiple-Choice (Baseline) 3.89 + 0.16 — 3.51+0.15 — 3.69 +£0.16 — 3.97 £ 0.10 — 393 +0.11 —

3.85+0.15 0.4882™% 3.58 £0.12 0.2306™° 3.72 +0.13 0.6817™% 3.95 £0.12 0.6267™* 3.95 £0.10 0.6308™*
3.95+0.14 0.2306™° 3.79 +0.12 0.0001** 4.01 +0.13 <0.0001** 3.93 +0.11 0.4254™% 3.94 £ 0.10 0.8417™*
4.19 £ 0.12 <0.0001** 3.85 £ 0.11 <0.0001** 4.04 £ 0.12 <0.0001** 3.95 £ 0.11 0.6452™° 4.03 = 0.10 0.0492*

+ Direct Retrieval
+ Cascaded Retrieval
+ Training (FactFiller)

Table 1: Human evaluation results for (a) Expert and (b) Non-Expert evaluations. Scores are reported as mean +
95% CI, with the best results highlighted in bold. Significance levels are marked as * for p < 0.05, ** for p < 0.01,
and n.s. for not significant and p-values indicate statistical significance compared against baseline.

fessional legal perspective, focusing on relevance,
comprehensiveness, and practical helpfulness. We
recruited 10 participants with formal legal educa-
tion. Each legal expert was randomly assigned
25 consultation scenarios, each consisting of an
event description and a short user query. For each
scenario, experts reviewed four questionnaires pro-
duced by different methods in randomized order
and rated them on a 5-point Likert scale along the
three dimensions. Further details on the experimen-
tal design, participants, and analysis can be found
in Appendix B.1.

As shown in Table 1a, FactFiller consistently
outperformed the baseline across all dimensions,
improving relevance from 3.89 to 4.19, comprehen-
siveness from 3.51 to 3.85, and helpfulness from
3.69 to 4.04. All improvements were statistically
significant (p < 0.0001). Cascaded retrieval fur-
ther enhanced questionnaire quality, particularly in
comprehensiveness and helpfulness, whereas direct
retrieval alone yielded limited or non-significant
gains. Overall, these results demonstrate that Fact-
Filler produces questionnaires that are more rel-
evant, comprehensive, and practically useful for
legal experts.

4.2.2 Non-Expert Evaluation

We further evaluate the questionnaires from the
perspective of lay users, focusing on ease of under-
standing and expressive support. We recruited 50
participants without formal legal training. Each
participant was randomly assigned 10 consulta-
tion scenarios. Further details can be found in
Appendix B.2.

As shown in Table 1b, FactFiller maintained
comparable ease of understanding to the baseline,
with no statistically significant difference (3.97 to
3.95, p = 0.6452), indicating that incorporating le-
gal grounding did not increase cognitive burden. In
contrast, expressive support improved significantly,
with the mean score increasing from 3.93 to 4.03

(p = 0.0492). Although this improvement does not
reach a more stringent significance threshold (e.g.,
p < 0.01), it aligns with the observation that lay
users may have limited awareness of which facts
are most informative for legal professionals. Over-
all, these results suggest that FactFiller helps lay
users better articulate case facts without compro-
mising questionnaire comprehensibility.

4.3 Downstream LegalAl Performance

We evaluated whether queries completed with ques-
tionnaires improve the performance of domain-
specific Legal Al models on real tasks.

4.3.1 Downstream Tasks

We evaluated the impact of questionnaire-based
query completion on three downstream tasks. For
details on the implementation of downstream tasks,
please refer to Appendix C.

Court View Generation Court View Generation
aims to generate court views based on plaintiffs’
claims and factual descriptions (Li et al., 2024b).
We conducted experiments on the test split of
our dataset and adopted Qwen2.5-72B-Instruct as
the expert model to accommodate the long docu-
ment context. Performance was evaluated using
ROUGE-{1,2,L}, BLEU-{1,2,3}, and an LLM-as-
judger based on Qwen-plus.

Legal Case Retrieval Legal Case Retrieval
aims to retrieve relevant historical cases given a
query (Leburu-Dingalo, 2024). We used the Chi-
nese Civil Case Retrieval Dataset (Ye and Li, 2024),
which contains 1,146 queries and 114,600 candi-
date cases. Case representations were obtained us-
ing the bge-large-zh-v1.5 embedding model (Xiao
et al., 2024), and retrieval performance was evalu-
ated using Recall@50, 100, 200, 500, 1000.

Confusing Charge Prediction Confusing
Charge Prediction (Li et al., 2024a) focuses on
distinguishing highly similar and easily confused
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Gr Method Court View Generation
oup etho ROUGE-1 ROUGE-2 ROUGE-L  BLEU-1 BLEU-2 BLEU-3  LLM-Judger
Baselines Original 3741+£038 16.89+031 23.86+034 18.18+0.61 11.83+£042 842+033  2.33+004
Open-ended GATE 37.86 +£0.40 17.55+034 2453+034 2026+0.64 13354046 9.55+037 240 +0.04
Multiple-Choice 3703+ 040 16.89 +032 23.86+034 18.86+0.62 12.14+043 860+034 236+ 0.04
Ablation -+ Direct Retrieval 37.64+£040 17.18+£033 2414+035 1940+064 12.68+045 9.09+036  2.38=+0.04
aUOM  , Cascaded Retrieval | 38.80 £ 0.38 17.87 £ 031 2470+ 034 2046+ 0.65 1341+045 9.62+035  2.40+0.04
+ Training (FactFiller) | 40.51 £ 0.38 19.01+£0.32 2580 +0.34 2432+0.65 1612+045 11.81+036 243+ 0.04

Table 2: Performance on the downstream task of Court View Generation, including both baseline methods and an
ablation study of FactFiller. Values are reported as mean + 95% CI, with the best results highlighted in bold.

Grou Method Legal Case Retrieval
P Recall@50 Recall@100 Recall@200 Recall@500 Recall@1000
Baselines  Original 15.80 £ 2.11 2235 +2.41 31.40 + 2.69 48.41 +2.89 62.37 £ 2.80
P Open-ended GATE 18.38 +2.24 26.52 + 2.56 36.84 +2.79 53.92 4 2.89 68.40 + 2.69
Multiple-Choice 18.93 £227 27.58 +2.59 37.54 £ 281 54.98 +2.89 69.14 + 2.68
Ablation  * Direct Retrieval 18.94 +2.27 27.26 +2.58 37.33 £ 2.80 54.62 + 2.88 68.37 + 2.69
atio + Cascaded Retrieval 19.14 +2.28 27.30 + 2.58 37.89 + 2.81 55.55 +2.88 70.14 + 2.65
+ Training (FactFiller) 19.30 +2.29 27.70 + 2.59 38.10 + 2.81 56.03 + 2.88 70.67 + 2.64
Table 3: Performance on the downstream task of Legal Case Retrieval.
Confusing Charge Prediction
Group  Method P-I V-A F&E E & MPF AP & DD Average
Baselines  Original 73754305 61.57+£565 84724324  8190+4.11 7277 +4.38 74.94
PV Open-ended GATE 7358 £3.05 6028 +£571 85094327 7876+436  73.23 £4.40 74.19
Multiple-Choice 7509 £3.03  61.54+£577 84534330 8145+4.16  73.61 £4.46 75.24
Ablation + Direct Retrieval 7528 £297  61.89+£573 84724330 79.88+4.56 7277 +£4.49 7491
+ Cascaded Retrieval 75.06 + 2.98 61.97 + 5.71 84.23 + 3.40 83.48 + 4.38 75.61 + 4.40 76.07
+ Training (FactFiller) | 75.31 + 3.06 61.89 +5.70 85.62 + 3.30 81.96 +4.22 79.10 + 4.38 76.78

Table 4: Performance on the downstream task of Confusing Charge Prediction.

criminal charges. Following GCI (Liu et al.,
2021), we evaluated five confusing charge sets
(P-I, V-A, F&E, E&MPF, and AP&DD) using
2,316 samples from CAIL2018 (Xiao et al.,
2018). We employed Qwen-2.5-72B-Instruct to
predict charges based on ambiguous case facts and
completed questionnaires, and report accuracy for
each charge set as well as their average.

4.3.2 Experimental results

We first conducted experiments on three Legal Al
downstream tasks to evaluate the ability to com-
plete facts using questionnaires. The experimen-
tal results indicate that FactFiller can effectively
supplement the missing information in the user
query through the three questions in the ques-
tionnaire, aiding expert models in making more
accurate judgments.

In the Court View Generation task as shown in
Table 2, the ROUGE-series metrics improved by
an average of 2.15, and the BLEU-series metrics
improved by an average of 4.61. The GATE model
for generating open-ended questions provides poor

guidance to users, allowing FactFiller without train-
ing to outperform GATE.

In the Legal Case Retrieval task as shown in Ta-
ble 3, Recall@50, Recall@500, and Recall@ 1000
increased by 3.50%, 7.62%, and 8.30% respec-
tively. The questionnaire does not always en-
hance the performance of downstream tasks, a low-
quality questionnaire can disrupt expert models.
For instance, “+Direct Retrieval” may retrieve ir-
relevant provisions due to the difficulty in directly
retrieving legal articles, leading to unrelated ques-
tions.

In the five subsets of Confusing Charge Predic-
tion as shown in Table 4, FactFiller achieved an
average improvement of 1.84%. GATE performed
poorly in this task, as users’ potentially inaccurate
responses led to a decline in the performance of the
expert model.

5 Discussion

To further validate the effectiveness and practical-
ity of our approach, we organize the discussion
around a representative case study and the training
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User Query

| worked at a company, but later terminated my employment relationship with them. The company refused to acknowledge the labor relationship
during my time there and claimed that they were not obligated to provide me with severance pay or compensation for unused annual leave.

1. The length of time you worked at the
company is:

A. Less than six months

B. More than six months but less than one year
C. More than one year but less than six years
D. More than six years but less than twelve
years

E. More than twelve years

FactFiller
(w training)

2. What is the status of your labor contract with
the company?

A. A written labor contract has been signed.

B. No written labor contract has been signed, but
a labor relationship has been established.

C. A labor contract was signed before
employment began.

D. No written labor contract has been signed, and
no labor relationship has been established.

E. Other.

3. Does the employer exhibit any of the
following behaviors?

A. Forcing the employee to work through
violence, threats, or illegal restrictions on
personal freedom

B. Violating regulations by commanding risky
operations that endanger the employee's
personal safety

C. None of the above

Figure 5: Questionnaires generated by various methods for a labor contract dispute consultation.

framework.

5.1 Case Study

We use a labor contract dispute consultation case
to analyze FactFiller, as illustrated in Figure 5. Our
FactFiller method generates three questions closely
related to severance pay, each backed by relevant
legal provisions. The first question inquires about
the length of employment, as Article 47 of the
Labor Contract Law of the People’s Republic of
China stipulates the standards for economic com-
pensation based on years of service. The second
question concerns the establishment of the labor
contract, which relates to Article 10 regarding con-
tract signing. The third question asks whether the
employer engaged in any misconduct, which per-
tains to Article 38 that outlines conditions under
which an employee may terminate the contract. We
provide a more detailed analysis of various meth-
ods in Appendix E.

5.2 Analysis on Training Framework

Since no labeled data is available for training, we
iteratively search for the best training corpus. As
shown in Figure 6, over 10 iterations, the cumula-
tive generation probabilities on both the training
and test sets gradually increase, indicating that the
quality of the training corpus improved with each it-
eration. Additionally, the stepwise probabilities of
the questioning model also improve, demonstrating
that the proposed training paradigm can indeed
produce a better questioning model.

We further validated the performance of the
model on the test set after being trained with the
best corpus, random corpus, and worst corpus. As
shown in Table 5, the results indicate that the best
corpus outperforms the random corpus, and the
random corpus outperforms the worst corpus. This
further confirms that the questioning model can
effectively learn well-designed questionnaires.
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Figure 6: Log-probabilities reflecting fact completeness
on the training and test sets versus iteration steps.

Strategy ‘Best Random Worst

-1.23 -1.28 -1.31

Log Probability

Table 5: Log-probabilities reflecting fact completeness
on test-set after training with different corpora.

6 Conclusion

In this paper, we introduce FactFiller, a interac-
tion method that guides users to provide critical
case information through automatically generated
multiple-choice questionnaires. FactFiller intro-
duces a training paradigm that does not require
labeled data, using the probability of court view
generated by an auxiliary model based on the filled
fact query as its optimization goal. Iteratively dis-
covers and identifies the optimal corpus. Through
“case—law—quiz” cascade retrieval, it ensures that
the questions and options in the questionnaire are
legally significant. Experimental results show that
the generated questionnaires achieve high quality
in terms of relevance, comprehensiveness, helpful-
ness, ease of understanding, and expressive support,
while also ensuring the performance of expert mod-
els across three downstream Legal Al tasks.
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Limitations

This paper has two potential limitations. First, the
current approach generates a questionnaire with
three quizzes for each user query, but not all sce-
narios require a questionnaire to fill in facts. Some
queries may be sufficiently complete, requiring
fewer quizzes or none at all. In real-world ap-
plications, effectively triaging user queries could
enhance the user experience. However, this paper
focuses on questionnaire generation, so this issue
is not discussed.

Second, this paper primarily focuses on Chinese
laws and judicial documents and does not include
experimental data for other regions. Theoretically,
our framework can be applied to any language and
country, as FactFiller is based on LLMs and is not
constrained by language. However, the focus of
this paper is not on multilingual capabilities, so
no experiments were conducted to discuss related
issues.

Ethics Statement

Legal Al systems have the potential to enhance fair-
ness and accessibility in the legal domain, facili-
tating legal consultations for individuals without
legal expertise. By leveraging automated systems,
these solutions can democratize legal assistance
and provide more equitable access to legal services.
Our proposed method, FactFiller, contributes to the
development of LegalAl by enhancing the com-
pleteness of user queries, ensuring that even vague
queries are transformed into useful and actionable
information for downstream tasks. Additionally, all
datasets and models used in this work are publicly
available. We strictly adhere to their usage policies
and provide appropriate citations.
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A Experiment Settings

We report implementation details, including model
settings and prompts.

A.1 Settings of LLMs

All large language models (LLMs) use the de-
fault system prompt "You are a helpful
assistant.” We set top-p to 0.8 and temperature
to 0.7 for all models, except GPT-40, which is used
for automated evaluation in terms of practicality,
comprehensiveness, and guidance, and runs with
temperature set to 0 to ensure deterministic scoring.

A.2 Hyper-parameters of FactFiller

The training and test datasets used by FactFiller
are summarized in Table 6. FactFiller iterates for
n = 10 rounds. For the training data, it uses within-
cases level generation to generate p = 6 questions
at once, selecting m = 3 questions to form the
questionnaire. For the test data, it generates p = 3
questions at once, selecting m = 3 questions to
form the questionnaire.

A.3 Settings of Supervised Fine-tuning

The auxiliary model was trained on 111,612 court
judgment documents, which do not overlap with
the FactFiller training/test sets or the retrieval
database. The model takes the fact description
as input and learns to generate the reasoning and
judgment sections of the court decision.

We fine-tuned the questioning model and the
auxiliary model from Qwen2.5-7B-Instruct using
the llama-factory framework (Zheng et al., 2024)
with 4 NVIDIA H800 GPUs and LoRA, setting the
LoRA rank to 32 and LoRA alpha to 64.

The optimization was done using DeepSpeed
ZeRO-3 and the AdamW optimizer, with a learning
rate of 5 x 1075, The total train batch size is set to
16 (4 per GPU), and training was conducted for 1
epoch.

Type Dataset
# Types of Case Causes 90

# Training Cases 16,078
# Test Cases 1,787
Avg. Length in Query 175
Avg. Length in Fact 1,472
Avg. Length in Court View 993

Table 6: Dataset Statistics.

A.4 Prompts for questioning model
A.4.1 Questioning without retrieval

The “Multiple Choice” method without retrieval
uses the following prompts.

You are a professional lawyer, and a user
seeks legal advice from you. You need to ask
the user 3 multiple-choice questions to gain
a more comprehensive understanding of the
situation.

# User Query

{query}

# Multiple-Choice Questions

In this section, please provide 3 multiple-
choice questions based on the user’s inquiry,
with 3-5 options for each question.

A.4.2 Questioning with retrieval

The retrieval-based methods, including “+ Direct
Retrieval”, “+ Cascaded Retrieval”, and “+ Train-
ing (FactFiller)”, share the following prompt.

You are a professional lawyer, and a user
seeks legal advice from you. You need to ask
the user 3 multiple-choice questions to gain
a more comprehensive understanding of the
situation.

# Reference

{reference}

# User Query

{query}

# Multiple-Choice Questions

In this section, please provide 3 multiple-
choice questions based on the user’s inquiry,
with 3-5 options for each question.

A.5 Prompts for Simulated User Answers

The following are the prompts used by the model
to simulate answering the questionnaire based on
the complete facts.

You are a user who is seeking legal consulta-
tion, and you know the information provided in
the content below. You need to answer several
multiple-choice questions.

# Content

{content}

# Questions and Options

{questionnaire}
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Figure 7: Expert evaluation of Relevance, Comprehensiveness, and Helpfulness across different methods. Error bars
indicate 95% confidence intervals. Significance levels are marked as * for p < 0.05, ** for p < 0.01, and n.s. for not

significant.

# Reasoning

Analyze each question and explain your rea-
soning for the chosen answer to each question.

# Answers

Provide your final answers here, separated
by spaces.

A.6 Efficiency and Cost Analysis
A.6.1 User-side latency

From the user perspective, FactFiller introduces
only minimal latency. On average, questionnaire
generation takes 0.191 seconds, including 0.176
seconds for case—law—quiz retrieval and 0.015 sec-
onds for the questioning model’s first-token gen-
eration. The average time to produce a complete
questionnaire of three questions with options is
1.248 seconds. For comparison, in the downstream
task of Court View Generation (CVG), the overall
response time is 16.775 seconds, meaning that Fact-
Filler adds only a 7.4% increase in total processing
time.

A.6.2 Provider-side resource usage

On the provider side, training can be completed
within a single day using 4xNVIDIA H800
GPUs. The auxiliary model required approximately
4,956,909 GFLOPs and took 612 minutes (about
10.2 hours). Each self-training round of the ques-
tioning model required 506,846 GFLOPs, and a
total of 10 rounds took about 10 hours. Training
times may vary depending on the specific hardware
configuration.

A.6.3 Estimated monetary cost

The estimated monetary cost of FactFiller is also
relatively low. Renting 4 xNVIDIA H100 GPUs
for 24 hours on Lambda Labs is quoted at around

$239.04 USD, and the cost for H300 GPUs would
be lower. In addition, simulated user responses
were generated using GPT-40-mini across 17,865
instances over 10 rounds. Based on API usage logs,
the average cost was approximately $0.0005 per
instance, resulting in a total cost of about $90 USD.

B Human Evaluation

B.1 Human Evaluation 1: Expert Evaluation

This evaluation was designed to test question-
naire Quality. In particular, we examined whether
the questionnaires generated by different methods
achieve high quality in terms of relevance, com-
prehensiveness, and practical helpfulness from a
professional legal perspective.

B.1.1 Experiment Design

Each expert participant was first presented with
an introduction to the system and the purpose of
the evaluation, followed by an informed consent
form. Participants were then randomly assigned to
consultation scenarios, each of which included a
description of an event and the corresponding short
user query.

For each scenario, we presented four question-
naires generated by four different methods, with the
order of presentation randomized. After reviewing
each questionnaire, experts were asked to evaluate
it across three dimensions, each rated on a 5-point
Likert scale (higher scores indicate better quality).

Q1. Relevance: Is the content of the questionnaire
directly relevant to the user’s consultation?

Q2. Comprehensiveness: Does the questionnaire
sufficiently cover the essential factual ele-
ments of the case, taking into account different
possible situations?
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ID  Gender Age Education Occupation ID  Gender Age Education Occupation
NE1 M 32 High School Engineer NE26 M 59  Junior High and Below Laborer
NE2 M 23 Secondary Vocational Product Manager NE27 M 27 Secondary Vocational Product Manager
NE3 F 54 High School Service Worker NE28 M 48 High School Service Worker
NE4 F 31 Junior College Salesperson NE29 F 38 High School Salesperson
NE5 M 37  Secondary Vocational Service Worker NE30 F 52 High School Freelancer
NE6 F 57 High School Accountant NE31 F 55 High School Manager
NE7 F 47 High School Laborer NE32 M 26 High School Salesperson
NES8 F 35  Secondary Vocational Freelancer NE33 F 25 High School Freelancer
NE9 F 23 High School Student NE34 F 38  Secondary Vocational Freelancer
NE10 M 43 High School Laborer NE35 M 39 Secondary Vocational Freelancer
NE11 F 34 Secondary Vocational Service Worker NE36 F 33 Junior College Self-Employed
NEI12 F 56 High School Retiree NE37 M 53 High School Laborer
NE13 M 49 High School Laborer NE38 M 34 Secondary Vocational Service Worker
NE14 F 32 Junior College Administrator NE39 F 27 High School Homemaker
NE15 F 44 Secondary Vocational Salesperson NE40 F 49 High School Salesperson
NE16 M 27 High School Laborer NE41 M 39  Secondary Vocational Product Manager
NE17 F 30 Junior College Service Worker NE42 M 16  Secondary Vocational Student
NE18 F 45 Junior College Salesperson NE43 M 31 High School Government Official
NE19 F 57  Junior High and Below Retiree NE44 F 35 Secondary Vocational Accountant
NE20 M 39 High School Manager NE45 M 39 High School Laborer
NE21 F 54 High School Retiree NE46 M 56 High School Engineer
NE22 F 31 Secondary Vocational Freelancer NE47 F 38  Junior High and Below Laborer
NE23 M 27  Secondary Vocational Product Manager | NE48 M 39  Secondary Vocational Self-Employed
NE24 M 33 Secondary Vocational ~ Government Official | NE49 F 34 High School Freelancer
NE25 M 61 Secondary Vocational Laborer NES0 M 27  Secondary Vocational Service Worker

Table 7: Backgrounds of non-expert participants, including gender, age, education, and occupation.

Q3. Helpfulness: Do the additional facts elicited
by the questionnaire help in addressing the
user’s query?

The scenario pool contained 50 distinct consul-
tation cases. Each expert was randomly assigned
25 scenarios, with 4 questionnaires per scenario,
leading to 100 evaluations per participant.

B.1.2 Participants

We recruited 10 participants with formal legal ed-
ucation backgrounds, including 2 PhD holders, 4
Master’s degree holders, and 4 Bachelor’s degree
holders. The group consisted of 8 females and 2
males. On average, participants spent 2,562 sec-
onds completing the evaluation. Each participant
received approximately $14 in compensation, cor-
responding to an hourly rate of about $20.

B.1.3 Results

We computed the mean scores of relevance, com-
prehensiveness, and helpfulness across scenarios,
along with 95% confidence intervals, and con-
ducted paired t-tests between methods. The results
are summarized in Table 1a and Figure 7.
Relevance. Compared to the baseline, Fact-
Filler with cascading retrieval and the unlabeled
training paradigm achieved a significant improve-
ment in relevance, increasing the mean score from
3.89 to 4.19 (p < 0.0001). This indicates that

experts judged the questionnaires to be more di-
rectly aligned with the consultation queries. No-
tably, when legal provisions were retrieved directly,
the mean score slightly decreased from 3.89 to 3.85
(not statistically significant), suggesting that direct
retrieval may introduce irrelevant provisions and
lower the perceived quality of the questionnaire.
By contrast, cascading retrieval improved the score
to 3.95, demonstrating that more accurate provi-
sion retrieval contributes positively to perceived
relevance.

Comprehensiveness. FactFiller significantly im-
proved comprehensiveness, with mean scores ris-
ing from 3.51 to 3.85 (p < 0.0001). Experts noted
that FactFiller questionnaires more fully captured
the essential factual elements of the case and bet-
ter addressed diverse possible circumstances. Di-
rect retrieval, cascading retrieval, and the training
paradigm all contributed positively.

Helpfulness. Finally, FactFiller significantly
enhanced the perceived helpfulness of the ques-
tionnaires, increasing the mean score from 3.69 to
4.04 (p < 0.0001). Experts reported that question-
naires generated by FactFiller were more effective
in eliciting legally meaningful information and in
supporting responses to the user’s consultation. Di-
rect retrieval, cascading retrieval, and the training
paradigm all contributed positively.
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Method Overall Below High School High School Junior College

Ease Support Ease Support Ease Support Ease Support
Multiple-Choice (Baseline) 3.97 £0.10 393 £0.11 4.04 £0.15 4.08 £0.12 3.82+0.17 3.67+£021 4.08+0.33 4.02+0.25
+ Direct Retrieval 395+£0.12 395+0.10 4.04+0.16 4.12+0.12 3.794+0.17 3.67+£0.21 391+038 4.03+0.21
+ Cascaded Retrieval 393+0.11 394+0.10 403+0.14 4.12+0.13 3.77+0.20 3.69+0.19 3.95+0.30 4.02+0.30
+ Training (FactFiller) 395+0.11 4.03+0.10 4.01+0.14 413+0.12 3.78+0.21 3.82+0.19 394+0.34 4.29+0.26

Table 8: Non-expert evaluation of Ease of Understanding (Ease) and Expressive Support (Support) across education

levels. Values are reported as mean £ 95% CI. The best result for each metric is highlighted with bold font.

Q1: Ease of Understanding (Overall)

Q1: Ease of Understanding (Below High School)

Q1: Ease of Understanding (High School)

Q1: Ease of Understanding (Junior College)
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Figure 8: Non-expert evaluation of Ease of Understanding across different methods, grouped by education level.

Q2: Expressive Support (Overall)

Q2: Expressive Support (Below High School)

Q2: Expressive Support (High School)

Q2: Expressive Support (Junior College)
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Figure 9: Non-expert evaluation of Expressive Support across different methods, grouped by education level.

B.2 Human Evaluation 2: Non-Expert
Evaluation

This evaluation was designed to test comprehensi-
bility for non-experts. In particular, we examined
whether lay participants without formal legal train-
ing found the questionnaires easy to understand
and whether the questionnaires supported them in
expressing the facts of their cases.

B.2.1 Experiment Design

Each non-expert participant was first presented
with an introduction to the system and the purpose
of the evaluation, followed by an informed consent
form. Participants were then randomly assigned to
consultation scenarios, each of which included a
description of an event and the corresponding short
user query. They were asked to imagine themselves
in a similar situation seeking legal advice, with the
system returning a questionnaire in response to the

user query.

For each scenario, we presented four question-
naires generated by four different methods, with
the order of presentation randomized. After review-
ing each questionnaire, participants were asked to
evaluate it across two dimensions, each rated on a
5-point Likert scale (higher scores indicate better
quality):

Q1. Ease of Understanding: Is the questionnaire
easy to understand, that is, can you readily
read the questions and select an appropriate
option?

Q2.

Expressive Support: Does the questionnaire
help you better describe the event, that is, does
it enable a lawyer to understand your situation
more clearly?

The scenario pool contained 50 distinct consulta-
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tion cases, consistent with the human evaluation for
experts. Each non-expert was randomly assigned
10 scenarios, with 4 questionnaires per scenario,
leading to 40 evaluations per participant.

B.2.2 Participants

As summarized in Table 7, we recruited 50 non-
expert participants from diverse backgrounds. The
sample included 26 females and 24 males, with
a mean age of 39 years (range 16-61). None of
the participants had received formal legal training.
Educational attainment was at most junior college:
3 had completed middle school or below, 18 voca-
tional school, 24 high school, and 5 junior college.
On average, participants spent 1,180 seconds com-
pleting the evaluation. Each participant received
approximately $5 in compensation, corresponding
to an estimated hourly rate of $15.

B.2.3 Results

We computed overall mean scores and further ana-
lyzed ease of understanding and expressive support
across education levels. For all measures, we report
95% confidence intervals and conducted paired t-
tests between methods. The results are summarized
in Table 8, with Ease of Understanding shown in
Figure 8 and Expressive Support shown in Figure 9.

Ease of Understanding. Compared to the base-
line, the ease of understanding score of FactFiller
decreased slightly from 3.97 to 3.95. This minor
decline was observed across all education-level
subgroups, and paired t-tests confirmed that the
differences were not statistically significant overall
(p = 0.6452) or within any subgroup. Although
legal provisions are generally difficult for lay users
to interpret, these results suggest that cascading
retrieval and the unlabeled training paradigm did
not increase the difficulty of the questionnaires and
did not impose additional cognitive burden on non-
expert participants.

Expressive Support. In contrast, FactFiller sig-
nificantly improved expressive support, with mean
scores increasing from 3.93 to 4.03 (p = 0.0492).
Subgroup analyses by education level also showed
consistent upward trends, but these differences
were not statistically significant. This suggests that
although non-expert users generally perceived Fact-
Filler questionnaires as more helpful for describ-
ing their situation, they often lacked awareness of
which specific questions or legal elements are most
informative for professionals or Legal Al systems,
leading to greater uncertainty and variation in their

responses.

C Implementation of Down-Stream Tasks

We evaluate FactFiller across three representative
Legal Al downstream tasks.

C.1 Court View Generation

The Court View Generation (CVG) aims to gener-
ate court views based on the plaintiff’s claims and
the fact descriptions (Li et al., 2024b).

C.1.1 Dataset

We used the test set from our self-constructed
dataset, which includes 90 causes and a total of
1,787 judicial documents.

C.1.2 Expert Model

We used the Qwen2.5-72B-Instruct model as the
expert model. By concatenating the user’s query
with the answered questionnaire using prompts, the
model outputs the court’s reasoning and judgment.
While it is not specifically trained on legal-domain
data, existing benchmark (Huang et al., 2025) have
shown that Qwen?2.5-72B-Instruct performs com-
petitively in civil law scenarios, especially in the
CVG task. It has been reported to outperform both
closed-source and domain-specific LLMs, demon-
strating strong legal reasoning capabilities when
provided with detailed factual context.

C.1.3 Prompt

The Confusing Charge Prediction task uses the fol-
lowing prompts:

Based on the given document and supple-
mentary information, please predict the court’s
View and output the sections titled "Reason-
ing" and "Judgment."

# Document

{query}

# Supplementary Information

{questionnaire}

# Court View

C.1.4 Metrics

We evaluated performance using ROUGE simi-
larity metrics (Lin, 2004) (including ROUGE-1,
ROUGE-2, and ROUGE-L), BLEU similarity met-
rics (Papineni et al., 2002) (including BLEU-1,
BLEU-2, and BLEU-3), as well as scoring from
the Qwen-plus.
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C.2 Legal Case Retrieval

Legal Case Retrieval (LCR) is a specialized infor-
mation retrieval task in the legal domain. It aims to
retrieve relevant legal cases from a large database
of historical cases based on a given query (Leburu-
Dingalo, 2024).

C.2.1 Dataset

We utilized the Chinese Civil Case Retrieval
Dataset (C3RD) (Ye and Li, 2024), which contains
1,146 queries, each corresponding to 100 candi-
dates. We processed these into a candidate pool of
114,600 entries.

C.2.2 Expert Model

We performed retrieval using vector search, em-
ploying the bge-large-zh-v1.5 model (Xiao et al.,
2024) fine-tuned on the C3RD-extended? training
dataset as the embedding model. Candidate cases
were retrieved based on cosine similarity.

C.2.3 Metrics

We compared the metrics Recall@50, Recall @100,
Recall@200, Recall@500, and Recall@1000 to
evaluate the performance of the LCR task.

C.3 Confusing Charge Prediction

Confusing Charge Prediction involves predicting
the correct charges for legal cases when the charges
are highly similar and easily confused (Li et al.,
2024a).

C.3.1 Dataset

We followed the settings of GCI (Liu et al., 2021),
which selected five similar charge sets that are dif-
ficult to distinguish in practice. These include Per-
sonal Injury (Intentional Injury, Murder, and Invol-
untary Manslaughter), Violent Acquisition (Rob-
bery, Seizure, and Kidnapping), F&E (Fraud and
Extortion), E&MPF (Embezzlement and Misap-
propriation of Public Funds), and AP&DD (Abuse
of Power and Dereliction of Duty). The data is
sourced from 15% of the Chinese Al and Law Chal-
lenge (CAIL2018) (Xiao et al., 2018), comprising
a total of 2,316 samples.

C.3.2 Expert Model

We selected the Qwen2.5-72B-Instruct model as
the expert model, which selects a charge from the
list of charges based on ambiguous facts and the
answered questionnaire.

2https ://aistudio.baidu.com/datasetdetail/
205651

C.3.3 Prompts

The Confusing Charge Prediction task uses the fol-
lowing prompts:

Please determine which charge from
{charges} applies based on the given document
and additional information.

# Document

{query}

# Additional Information

{questionnaire }

# Charge Prediction

Select one from {charges} and do not output
any other content.

C34

We evaluated task performance by measuring the
accuracy of each of the five similar charge sets
individually, as well as their average accuracy.

Metrics

D Proportion of Users Choosing “Other”

The questionnaire generated by FactFiller consis-
tently includes three multiple-choice questions,
each containing an "Other" option, which users
can select when they are unsure how to answer.

Therefore, the proportion of users selecting
"Other" also serves as an indirect indicator of ques-
tionnaire quality, reflecting both the relevance to
the user’s query and the ease of answering the ques-
tions. A higher proportion of "Other" selections
suggests that the questions may be confusing or not
well aligned with users’ needs.

Figure 10 presents a line chart showing the pro-
portion of "Other" responses across different train-
ing iteration steps. The results demonstrate that as
the number of training iterations increases, the pro-
portion of "Other" responses gradually decreases,

—e— Proportion of "other" option

Proportion
=3 (=]
= =

Iteration steps

Figure 10: The proportion of simulated user selections
of "Other" on the test set verus training iteration steps.
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1 worked at a company, but later terminated my employment relationship with them. The company refused to acknowledge the
User Query . . ! . . . . .
labor relationship during my time there and claimed that they were not obligated to provide me with severance pay or
1. Why do you request the company to
ay compensation and wage differences? .
pay P - .g ) 2. What action do you plan to take next?
A. The arbitration committee confirmed . . .
. . A. Negotiate with the company 3. Do you need assistance from a
the labor relationship - L
Multiple |B. The company did not pay the wage B.File a lawsuit in court lawyer?
'P N pany pay 9 C. Request intervention from the labor A. Yes
Choice |difference for unused annual leave . .
C. Request intervention from the labor Inspection team B. No
. q. D. Seek arbitration again from another labor |C. Indifferent
inspection team arbitration institution
D. The company did not pay wages during
employment
2. What measures do you plan to take
1. Are you satisfied with the arbitration regarding the company's failure to pay your |3. Do you need the company to issue
committee's decision? due compensation and wage differences? proof of termination or cessation of the
A. Satisfied A. Negotiate with the company to reach a labor contract?
+ Direct |B. Dissatisfied and plan to file a lawsuit  |settlement A. Yes
Retrieval |C. Dissatisfied and plan to reapply for B. File a complaint directly with the labor  |B. No
arbitration inspection team C. Indifferent
D. Dissatisfied and plan to negotiate with |C. File a lawsuit with the People’s Court D. Only if the company pays the
the company D. Seek help and support from the labor compensation and wage differences
union
1. What is the status of your labor contract
with the company?
A. A written labor contract h n . . . Has the company provi ith
AW itten labor contract has bee 2. During your employment, did you take 3. Has the company provided you with a
signed. anv annual leave? labor contract?
B. No written labor contract has been y ) A. Provided a labor contract
+ Cascaded | . A. Took annual leave - ;
- signed. ) B. Did not provide a labor contract
Retrieval . B. Did not take annual leave S
C. A labor contract was signed before the C. Uncertain C. Uncertain if a labor contract was
termination of the employment ' provided
. ; D. Other
relationship. D. Other
D. No labor relationship was established.
E. Other.
1. The length of time you worked at the 2..What is the status of your Tabor contract N
- with the company? 3. Does the employer exhibit any of the
company is: A . ) ]
. A. A written labor contract has been signed. [following behaviors?
A. Less than six months . f .
. B. No written labor contract has been signed, |A. Forcing the employee to work
B. More than six months but less than one . X - : .
- but a labor relationship has been established. [through violence, threats, or illegal
+ Training |year . S
- . C. A labor contract was signed before restrictions on personal freedom
(FactFiller) |C. More than one year but less than six o . .
cars employment began. B. Violating regulations by commanding
y . D. No written labor contract has been signed, |risky operations that endanger the
D. More than six years but less than - . )
and no labor relationship has been employee's personal safety
twelve years .
established. C. None of the above
E. More than twelve years
E. Other

Figure 11: Questionnaires generated by various methods for a labor contract dispute consultation.

indicating improved alignment between the gener-
ated questionnaires and users’ queries.

Although the questionnaire in FactFiller without
training, “+ Cascaded Retrieval”, is also related to
legal provisions, questions 1 and 3 are repetitive.
“+ Direct Retrieval” incorrectly recalls legal provi-
sions related to labor arbitration and fails to inquire
about relevant factual information. Finally, the
“Multiple Choice” method, which involves neither
training nor legal retrieval, contains procedural and
attitudinal questions rather than fact-related ones,
resulting in relatively lower quality.

E Extended Case Study

We use a labor contract dispute consultation case to
compare different methods, as illustrated in Figure

11. Training effectively enhances the quality of
questionnaire generation. Although the question-
naire in FactFiller without training, “+ Cascaded
Retrieval”, is also related to legal provisions, ques-
tions 1 and 3 are repetitive. “+ Direct Law Re-
trieval” incorrectly recalls legal provisions related
to labor arbitration and fails to inquire about rel-
evant factual information. Finally, the “Multiple
Choice” method, which involves neither training
nor legal retrieval, contains procedural and attitudi-
nal questions rather than fact-related ones, resulting
in relatively lower quality.

F End-to-End Example of FactFiller

This section provides an illustrative end-to-end ex-
ample of how FactFiller bridges the information
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New consultation
Total 3 Conversations

I worked at a company, but later terminated my employment relationship with them. The company refused to

acknowledge the labor relationship during my time there and claimed that they were not obligated to provide
me with severance pay or compensation for unused annual leave.

1. The length of time you worked at the company is:
O A. Less than six months

(J B. More than six months but less than one year
([ C. More than one year but less than six years

J D. More than six years but less than twelve years
E. More than twelve years

2. What is the status of your labor contract with the company?

A. A written labor contract has been signed.

(O B. No written labor contract has been signed, but a labor relationship has been established.
C. A labor contract was signed before employment began.

J D. No written labor contract has been signed, and no labor relationship has been established.
O E. Other.

3. Does the employer exhibit any of the following behaviors?

A. Forcing the employee to work through violence, threats, or illegal restrictions on personal
freedom
B. Violating regulations by commanding risky operations that endanger the employee's
personal safety

C. None of the above

Summary

You have worked continuously at a company for more than twelve years, having signed a written labor
contract prior to employment. During the period of employment, the employer did not engage in unlawful
practices such as forced labor, wage arrears, or hazardous operations. The employment relationship has now
been terminated, but the company refuses to acknowledge the existence of the labor relationship and refuses
to pay severance compensation and compensation for unused annual leave. You seek to assert your relevant
rights and interests in accordance with the law.

Figure 12: When non-expert users provide queries with missing facts, the system proactively asks clarifying
questions through a structured questionnaire before providing an answer.

gap between non-expert users and expert Legal Al
systems through questionnaire-based interaction.

As shown in Figure 12, when a user submits
a vague or incomplete query, FactFiller first gen-
erates a structured multiple-choice questionnaire
to proactively elicit missing legally relevant facts.
The user answers the questions by selecting prede-
fined options, which significantly reduces cognitive
burden compared to open-ended clarification.

The selected answers can then be used by down-
stream expert models to produce more accurate and
legally grounded responses.
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