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Abstract

Large language models are widely used by ev-
eryday users, and can be asked to perform tasks
that require specialized expertise, such as inter-
preting contractual terms and conditions, filing
personal taxes, or diagnosing medical symp-
toms. Although these tools should not be used
in place of professional advice, they can be
useful starting points for users seeking profes-
sional help, improving users’ access and inter-
actions with professionals.

In this vein, this paper introduces a legal ques-
tion reformulation task to assist non-experts
in their interactions with lawyers. This has
the potential to streamline discussions between
lawyers and clients, who may not know the
correct legal language to communicate their
needs. Using a novel evaluation framework in-
formed by legal expertise, we investigate the
quality of model-generated legal question refor-
mulations on in-the-wild data from non-experts
seeking legal advice. Our findings indicate that
LLMs have significant potential in legal rea-
soning, but some unexpected safety concerns
may emerge. Further, adding linguistically-
aligned in-domain text samples can improve
performance for smaller models, even when
the samples are not aligned factually with the
given question.

1 Introduction

Individuals take legal actions in many everyday sit-
uations, such as signing leases, employment agree-
ments, or terms of use. They must also navigate
interactions with institutions and government sys-
tems that are governed by complex legal rules and
procedures (Ahn et al., 2022). However, they typ-
ically do not have a lawyer present when they en-
gage in these tasks; legal advice is expensive to ob-
tain, as individually lawyers spend years in school
learning their craft. This gap in legal understand-
ing can limit individuals’ ability to advocate for
themselves, understand their rights, or effectively

Figure 1: A depiction of the legal question reformulation
task and the approach we describe in this work, with an
example of a user question from Justia reformulated by
GPT 4 Turbo.

engage with systems that shape their daily lives.
Although lawyers are trained to “issue spot”, or
identify from factual descriptions what legal rights
or obligations an individual may have, clear com-
munication between lawyers and clients is crucial
for effective representation (Muchman, 2023). It is
thus imperative that a non-lawyer seeking help be
able to clearly communicate their question or cir-
cumstances. Misunderstandings between a lawyer
and their client can cause avoidable problems in
legal representation (Bryant, 2001): they can lead
to missed issues, inefficient performance, and frus-
tration.
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Engagement between a lawyer and a non-expert,
such as an individual seeking legal advice, often
starts with a question by the non-expert. A simple
question, such as “If I quit my job, can I work some-
where else?”, could raise a host of complex issues
involving a number of parties and relevant docu-
ments. In the interest of exactitude, it is helpful that
a non-expert ask an accurate question. However,
a lack of knowledge of legal concepts and terms
can cause non-experts to ask questions that are dif-
ficult for the lawyer to understand and interpret
(Branting, 2017).

In this work, we study how LLMs can improve
access and streamline communication with profes-
sionals by addressing the novel task of legal ques-
tion reformulation: reformulating a non-expert’s
question to better capture and communicate what
legal issue they may have. We choose to address
this task because these questions often set the stage
for interactions between experts and non-experts
(Cheong et al., 2024). Knowing the correct ques-
tions to ask can lead to more efficient, less ex-
pensive, and more productive interactions with
lawyers.

We bring together experts in law and NLP to
provide a comprehensive approach for evaluat-
ing the use of LLMs for such a task. Utiliz-
ing the expert skills of two lawyers with exper-
tise in NLP, we prompt LLMs to reformulate
users’ legal questions, and experiment with adding
contextually-relevant contract clauses from the
publicly-available CUAD dataset (which contains
commercial contracts) (Hendrycks et al., 2021) to
the prompt as examples of legal language. To as-
sess the efficacy of contextually-relevant clauses
from commercial contracts, we focus on questions
concerning business/commercial law and contracts,
obtaining publicly-available legal forum posts from
real users to represent the types of questions users
are likely to ask and the language they may use. An
illustration of the legal question reformulation task,
and the pipeline we introduce in this work, can be
found in Figure 1.

Summarily, we address the following research
questions:

RQ1 Can LLMs reliably reformulate legal ques-
tions by non-experts?

RQ2 How does the inclusion of linguistically rel-
evant but not necessarily factually relevant
language influence the zero-shot task perfor-
mance of LLM with expert-tuned prompts?

RQ3 Are there any safety concerns that would pre-
vent an LLM’s deployment for this task?

Although we achieve promising results, we ulti-
mately conclude that these models are not currently
suitable for safe deployment in a zero-shot setting,
as even the most advanced models tested cannot re-
liably generate legally-correct reformulations. Fur-
ther, we identify a set of safety concerns associ-
ated with these models, and discuss cases where
reformulations should not be provided. We discuss
these issues in-depth, in order to inform the design
of future systems and highlight some general safety
concerns in the space of legal NLP.

We provide the text of our prompts in full in
the Appendix, and will release our prompting code
in full upon publication, including our code for
retrieving the relevant contract information given
the text of a question. We will also release a dataset
with the generated reformulations from each of
our baselines, along with code for retrieving the
original data.

2 Related Work

Underspecified and Ill-Formed Questions Cor-
rectly answering a question requires understand-
ing precisely what the question is asking. This
becomes more difficult in the face of questions
that are not well-formed (Faruqui and Das, 2018)
or are underspecified (Christianson, 2016), where
the desired information needs are unclear. Ques-
tion reformulation (Chu et al., 2020; Vakulenko
et al., 2020), requesting clarification (Fu et al.,
2022; Huang et al., 2023), and selective question-
answering (Cole et al., 2023) have been proposed
as ways to handle unclear questions. In this work,
we focus on question reformulation for the legal
domain, where understanding how to ask the right
questions can require a great deal of time and effort
for legal professionals (Cheong et al., 2024).

Question Reformulation Within the Legal Do-
main Although there has been work on reformu-
lating queries intended for legal search engines
such as Shankar and Buddarapu (2019a,b), to our
knowledge, the question reformulation task we pro-
pose is novel. Several existing works in the legal
space motivate this proposed task. Branting (2017),
in the context of another problem, discuss the differ-
ences between how laypersons and lawyers would
pose a legal query. The authors note gaps in termi-
nology and the complexities associated with legal
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Figure 2: Sample user question from Justia Ask a
Lawyer, with metadata. We scraped user questions
posted in the Contracts and Business Law sections of
this website from 2010 to 2023 in order to evaluate
LLMs on in-the-wild user questions.

concepts as a barrier between a lawyer’s and layper-
son’s understanding. Further, in interviews with
legal experts conducted by Cheong et al. (2024),
experts propose question refinement as a possible
use case for LLMs in the legal domain, explain-
ing that this process can be time-consuming for
lawyers and LLMs could help streamline some ini-
tial interactions with clients.

3 Data

3.1 Legal Questions

Existing work in the space of legal AI recommends
that researchers evaluating AI systems focus on nat-
uralistic evaluations that mimic possible real-world
use. Because our goal is to develop and evaluate
expert-tuned prompts, we do not experiment with
prompts created by non-experts. Instead, we evalu-
ate our approach on real user questions, collecting a
dataset of real-world questions asked to lawyers in
text form on public forums. To compile legal ques-
tions posted in-the-wild by non-expert community
members, we scrape publicly available data from
Justia Ask a Lawyer *, a website where users can
post questions in discussion forums asking for le-
gal advice in their particular state. Posts are tagged
with the state and relevant legal domain(s), which
include Contracts, Real Estate Law, and Personal
Injury. Practicing lawyers registered to the site can
reply with answers to these questions, and users
can upvote or report these responses. A sample
user post, with metadata, can be found in Figure 2.

Another recommendation from existing litera-
ture in legal AI is to evaluate system performance in
constrained settings (Kapoor et al., 2024) in order

*https://answers.justia.com/ask

Selected User Questions

“Refused to sign a termination agreement, can I get in
trouble?"
“Just curious if a waiver I was pressured to sign is legally
bounding or mean anything. Thanks"
“Can my current employer sue me?"
“can an entity sign on behalf of itself"

Table 1: Examples of user questions from our dataset,
which were posted on Justia’s Ask a Lawyer forums
under Business Law and Contract Law. Many of these
questions are underspecified or do not use appropriate
legal language.

to ensure the evaluation is thorough. In this work,
we focus on evaluating LLM reformulations of con-
tract law questions within the business domain. We
focus on contract law in particular because many
situations where people often seek legal advice in-
volve contract law (Bib, 2024), and restricting our
domain to business contracts allows us to more eas-
ily identify contracts with relevant language (which
we describe in the following section).

To collect our dataset of user questions, we
scrape all available contract questions from Jus-
tia†, spanning from 2010 to 2023, and select the
subset of questions tagged “Business Law", giving
us a total of 274 legal questions posted by users
in this space. Examples of these questions can be
found in Table 1. We observed several common
patterns associated with these questions, including
the following:

• No question or implicit question: A few user
questions were formulated as statements describ-
ing their situation without any direct questions.
These could typically be interpreted as general
questions about users’ legal options or important
legal considerations, and a couple contained im-
plicit questions by stating things that the user
wanted to do (such as buying a gun). For ex-
ample, one user said ”Hello, I have an Amazon
store, I hired an automation company, they seem
fraudulent and taking my cash.”

• Under-specified question: Many questions were
underspecified to some degree, and were either
missing details about a given scenario or not pre-
cise about what exactly the user wanted to know.
For instance, one user simply asked ”Can my
current employer sue me?”

• Questions without appropriate legal language:
Some questions also did not use precise or accu-

†https://answers.justia.com/questions/answered/contracts
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rate legal language, including appropriate terms
of art. For instance, one user asked ”I deliver
gravel. Payment required upon delivery. What
should I do if someone refuses to pay?” There
is no mention here of the mechanism that en-
forces payment upon delivery, such as a service
agreement.

To gain some insight into the characteristics of
our dataset, we analyze the metadata provided by
Justia. We find that the questions in our dataset
more often pertain to California or Florida state law
than any other states. A plurality of the questions
in our set were posted in 2023, and questions had
an average length of 22.18 tokens. We provide
distributional plots in Appendix A.

Due to Justia’s data usage policy, we are not
allowed to release our dataset directly. However,
each question is assigned an ID on the Justia web-
site, and with the publication of this work we re-
lease the set of IDs corresponding to the reformu-
lated questions, as well as the text of the reformula-
tions themselves. We also release a script for scrap-
ing the website, which retrieves the ID and the text
of each question, so researchers who wish to use
our data can reconstruct the question-reformulation
pairs by mapping the IDs to their corresponding
questions.

3.2 Relevant Contract Clauses

For domain-specific tasks, expert knowledge in
prompts is useful. It is infeasible, however, to cap-
ture the language an expert may use in every sit-
uation. Thus, a general prompt (even if tuned by
experts) may lack specific details or language rele-
vant to a particular input. To address this problem,
we include provisions from the CUAD database
(Hendrycks et al., 2021) in our prompt, specifi-
cally instructing the model that the language pro-
vided may or may not be relevant, and emphasiz-
ing that provisions are to be used only to give the
model an idea of the language it could use. We
refer to this as linguistically aligned language.
We use the CUAD dataset because it is a collec-
tion of commercial contracts, which pairs with the
Business/Commercial nature of the users’ ques-
tions. To retrieve the most similar clauses for each
question, we first represent the question, and the
CUAD clauses, as embeddings using OpenAI’s
text-embedding-ada-002. We then calculate the
cosine similarity score between the question and
each clause, and map the question to the 10 clauses

with the highest similarity score. Examples of user
questions and corresponding linguistically aligned
clauses can be found in Table 5 in Appendix B.

4 Experiments

4.1 Expert Prompting

To formulate our prompts, we utilize the unique
expertise of a lawyer studying NLP (an author on
this paper). The prompts are tuned using an itera-
tive approach to prompt formulation by manually
inspecting outputs for correctness and adjusting the
prompt accordingly based on erroneous output.

The idea behind the formulated prompts is that
these are very similar to the same instructions that
one expert would provide to another capable indi-
vidual if performing the same task. A similar style
of prompting is described by experts in (Gray et al.,
2023; Savelka et al., 2023). Templates of all of our
prompts used in our experiments are provided in
full in §C for the purpose of reproducibility.

4.2 Providing Relevant Legal Language

To supplement our expert-designed prompts, we
incorporate contract provisions deemed similar to
the user question, in order to provide linguistically
aligned language that may assist model generation.
We use the procedure outlined in §3 to choose the
10 clauses from the CUAD dataset that are most
similar to the question, and insert these into our
prompt template as shown in Appendix C (exam-
ples shown in Table 5). Specifically, the last row
shows how relevant provisions may return highly
relevant language. The question speaks to a “con-
tract . . . being broken". The returned provision
contains the proper legal term for this: breach.

4.3 Models and Experimental Settings

To study our three research questions presented in
§1, we run three large language models on our set
of 274 legal questions from Justia (§3), with and
without relevant legal provisions, using the prompts
given in Appendix C. We first run OpenAI’s GPT-
4-Turbo (gpt-4-0125-preview) (Achiam et al.,
2023) at a temperature of 0.0, with a maximum
of 250 new tokens, a top p value of 1, a frequency
penalty of 0, and a presence penalty of 0. We chose
these parameters because, as (Gray et al., 2023;
Savelka et al., 2023) explain, it is vital in the le-
gal domain to obtain as deterministic an output as
possible.
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We then run two open-source language mod-
els: Meta’s LLAMA 3 70B chat model
(Llama-3-70b-chat-hf) (Dubey et al., 2024),
with 70 billion parameters, and Mistral (Mistral-
7B-Instruct-v0.2) (Jiang et al., 2023), with 7 billion
parameters. We again set the hyperparameters with
the aim of obtaining deterministic output. Here,
rather than setting the temperature to 0, we set the
do_sample parameter to False, to achieve greedy
decoding. We set the maximum length to 250, max-
imum new tokens to 125, top k to 50, number of
return sequences to 1, repetition penalty to 0.01,
and length penalty to 0.01. For these models, it
is important to note that using the <s> sequential
tag and the [INST], [/INST] instruction tags, with
grammatical instructions to output in JSON for-
mat, were necessary to achieve a reasonable level
of performance in the zero-shot context. With-
out these inclusions, model output was unstable in
terms of length, understanding the task, and gener-
ating meaningful output. An example of this can
be found in Appendix D.

5 Results

After prompting the LLM baselines used in our
experiments, we conduct a thorough quantitative
and qualitative evaluation on their outputs, using an
evaluation conducted by legal experts in our group,
in accordance with best practices (Kapoor et al.,
2024). In this section, we present our results and
introduce our expert-based evaluation criteria.

5.1 Automatic Evaluation

As a first step towards evaluating our expert prompt-
ing strategy, we start by asking whether our refor-
mulated questions are truly more clear and legally
precise than the original user question. To do so,
we use an LLM-as-a-judge approach, prompting
Claude Haiku 4.5 to judge whether our reformu-
lations are more clear and legally precise than
the original questions, while also preserving the
details of the original question. We do this both
for our expert-tuned prompts (see Appendix C and
a baseline non-expert-tuned prompt crafted by an
author on the paper who is not a lawyer. This
non-expert-tuned prompt reads: Reformulate the
following legal question to make it more specific
and legally precise. {{USER QUESTION}}

We report our results in Table 2. We observe
that, for each baseline, the performance with ex-
pert tuning is substantially higher than with non-

Non-expert Expert

GPT-4-turbo 0.073 0.693
Llama3-70B 0.053 0.513
Mistral-7B 0.050 0.208

Table 2: Performance of baseline models on our ques-
tion reformulation task using LLM-as-a-judge. We find
that, for all three models, the performance with expert
tuning is substantially higher than with non-expert tun-
ing (at least 4 times higher for each baseline).

expert tuning, with models at least 4 times as likely
to judge expert-tuned reformulations to be high
quality (and more precise/clear than the original
question) compared to non-expert-tuned reformu-
lations. We also observe that GPT-4-Turbo yields
the best results overall, with 69.5% of the refor-
mulated questions judged to be high-quality when
the prompt is tuned by experts. We also observe
that Llama 3-70B is much more “coachable” than
Mistral-7B; while they have very similar perfor-
mances when prompted by non-experts, the perfor-
mance for Llama3-70B is substantially higher than
Mistral-7B under expert prompting.

5.2 Human Evaluation

We evaluate our models in two settings. The first
is the expert prompt without any relevant provi-
sions included, and the second is the expert prompt
with linguistically aligned contractual provisions
based on the user’s question (§3). To evaluate
the model from a legal perspective, we use three
criteria: Legal Correctness, Factuality, and Clar-
ity/Understanding. We define these criteria here:

1. Legal Correctness: Based on the original text
of the question (dependent on the complexity of
the issue) which reformulation better captured
any potential legal issue raised by the original
question?

2. Factuality: Which reformulation most closely
aligns factually with the original question?

3. Clarity: Which question produced a more clear,
precise, and understandable reformulation with-
out using unnecessary legalese or complex lan-
guage? A term of art, appropriately used, should
not be counted as legalese.

Each unit of evaluation relatively compares a
reformulation of a user’s question with and with-
out relevant provisions. For each category, if one
reformulation outperforms another one, the better
reformulation receives a 1 and the poorer a 0. If
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Legal
Correctness Factuality Clarity
Base Provs Base Provs Base Provs

gpt-4 0.75 0.65 1.0 0.84 1.0 0.94
llama3 0.56 0.71 0.78 0.94 0.89 0.92
mistral 0.31 0.37 0.59 0.53 0.39 0.53

Table 3: Performance of baseline models on our ques-
tion reformulation task for Legal Correctness, Factuality,
and Clarity. Because individual scores are either 0 or
1, when averaged, scores closer to 1 represent higher
performance on average than scores closer to 0.

both reformulations are equally satisfactory, both
are scored as 1. If both reformulations are equally
unsatisfactory, both are scored as 0. Annotator
agreement statistics are reported in Appendix E.

We also include a qualitative free-response cate-
gory where experts can identify potential harm or
safety issues, note extraordinary examples of good
or bad performance, and discuss common mistakes
made by models.

5.3 Quantitative Evaluation
To evaluate each model’s performance for each cri-
terion, we randomly sample a subset of questions
(the same subset was used for each model) for eval-
uation. We annotate 300 model outputs in total (i.e.
reformulations of user posts). Each annotator anno-
tated 150 reformulations, 50 for each model, with
an overlap of 150. During evaluation, the prompt
(with or without relevant provisions) from which
the question was generated is unknown to the eval-
uators. We examine the performance of each model
on each category in Table 3.

For all models investigated, GPT-4-Turbo with-
out provisions included in the prompt has the best
overall performance, and including linguistically-
aligned language in the prompt actually decreased
this model’s performance across all categories, par-
ticularly Factuality. It is possible that this drop may
be because linguistically-aligned examples may not
be factually-aligned with the question but, as dis-
cussed in §6, because GPT is not an open-source
model it is impossible to isolate particular causes
for changes in behavior.

On the contrary, including relevant provisions
increased the performance of Llama3-70B across
all categories and for Mistral-7B for everything
but factuality. In fact, Llama3-70B with provisions
was the second-highest-performing baseline, out-
performing GPT with provisions.

Overall, performance was lowest in the legal cor-

rectness category, compared with factuality and
clarity, which aligns with our intuitions. Iden-
tifying potential legal issues is a necessary skill
for lawyers and can be challenging, especially for
lawyers inexperienced in a particular area, as it re-
quires a lot of domain knowledge. Our agreement
scores between experts and non-experts validate
this (Table 6 in Appendix E), as does the overall
model performance on non-expert-tuned prompts
(Table 2). Despite this, using our prompting strate-
gies, we achieve an average of over 0.75 for GPT-
4-Turbo and 0.71 for Llama3-70B.

5.4 Qualitative Analysis
A review of the qualitative notes provided by eval-
uators reveals important aspects of the model’s
output. Evaluators report that the differences in
the reformulated questions using GPT-4-Turbo and
Llama3-70B with or without provisions is gener-
ally very slight. Frequently, the difference comes
down to slight differences that makes one reformu-
lation better or worse than the other. By contrast,
Mistral-7B outputs unusable reformulations that
are often either nonsensical or no different from
the user’s original question.

We provide examples of model reformulations
in Table 4, and describe a few notable examples
in detail below, as well as some of the annotators’
takeaways from the qualitative evaluation.

Models sometimes provide reformulations for
individuals they should not advise. When eval-
uating safety implications, domain experts should
focus on hidden pitfalls that may not be obvious
to a community member. In almost every instance
we identify, a safety issue arose in a circumstance
that is likely non-obvious to a community member.
Notably, one question in our sample asked:

User Question: “Can I get sued at 15
for money?"

Every model answered the question; ideally, none
of them should have. If deployed, even with exten-
sive expert-tuning, any of the models would have
provided a reformulated answer to a minor. This
raises a host of problems and concerns, including
potentially misguiding an impressionable member
of the population without adult supervision.

Models sometimes demonstrate meaningful le-
gal reasoning. Below, GPT-4-Turbo’s formula-
tion displays promising legal reasoning:

User Question: “Is it legal to require a
minimum number of hours worked per
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Question Reformulation Comments from Evaluators

what kind of lawyer am
i looking for. idaho bad
car from a dealer

What specialization should a lawyer
have to address issues related to pur-
chasing a defective vehicle from a
dealership in Idaho?

“the user didn’t say defective, that has a specific legal
meaning."

What option do we have
to avoid bankruptcy as
freight forwarder hit by
per-diem charges for
container storage?

What legal or financial strategies are
available for a freight forwarding
company to manage or mitigate per-
diem charges for container storage
to avoid bankruptcy?

“Lawyers may counsel clients beyond legal action, con-
sidering that legal action might not always be the best
option. When mentioning financial strategies, the model
correctly implies that non-legal options could be viable.
See Model Rules of Professional Conduct Rule 2.1."

Table 4: Example questions and reformulations by LLMs with evaluator comments on effectiveness and safety.

year to keep an ownership percentage in
a company?"
Reformulation: “Does the agreement
or applicable law allow for stipulations
on minimum work hours as a condition
for maintaining an ownership stake in a
company?"

Although subtle, the model seems to pick up on
the user’s question about a company’s ownership,
which may be provided for in an agreement.

Models sometimes use legal terms incorrectly in
their reformulations. In some cases, the inap-
propriate use of legal terms of art caused for poor
and potentially misleading reformulations. In this
case, GPT-4-Turbo did the following:

User Question: “Using an online form
for contracts but I cannot export clients’
answers directly; can I paste their signa-
tures..."
Reformulated Question: “Is it legally
permissible to manually transfer or paste
clients’ electronic signatures from one
document to another in the context of
contract formation?"

The major issue here is that contract formation is
a specific legal issue, requiring a specific analy-
sis. The user’s question did not hint that the issue
had to do with contract formation. This output is
misleading, and an untrained eye could miss it.

Models sometimes reformulate questions requir-
ing immediate legal attention. The annotators
observed that all models answered sensitive ques-
tions that warrant a particular, strong response from
an attorney, without informing users of the need to
take urgent legal action. For example:

User Question: “What are the steps to
filing a civil suit in Sonoma County for a
quarter of a million by October 2021?"

The inclusion of a date is particularly important in
the eyes of an attorney. Law suits are subject to
statutes of limitations: laws that prevent a law-
suit from being filed after a certain time period has
passed following an event that could trigger legal
rights, entitlements, etc. The time constraints are
harsh; once the specified time period has elapsed,
only extraordinary circumstances can remedy it.
When presented this question, the appropriate re-
sponse is to immediately direct the individual to
consult an attorney as soon as possible, taking ac-
tion in real time. If a user poses such a question,
and there is a delay in answering, legal rights may
be lost. The key takeaway is that the model itself
did not pick up on this important nuance. It may
be possible to describe some of these nuances ex-
plicitly in the prompt. However, it might not be
feasible to prompt a model to account for every
instance when immediate action is required.

Models sometimes inject unnecessary jargon
into their reformulations. Llama3-70B some-
times outputted unnecessary legal jargon:

User Question: “Can a consultant sign
documents on behalf of their client?"
Reformulation: “What are the require-
ments for an agent or representative to
have authority to bind their principal in
a contractual agreement?"

The annotators noted that the question asked
by the user is likely sufficient on its own. Thus,
the model ignored the prompt instructions stating
that acceptable questions could go un-reformulated.
Second, when the model reformulated the ques-
tion, it unnecessarily added the terms “principal"
and “agent". These are very specific words that
would likely confuse the user, and it’s unclear from
the user’s question whether they are appropriate
in this context. Qualitative evaluation indicates
that Mistral-7B also tended to use legal jargon
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inappropriately. Inappropriate legal jargon could
influence a user to follow up with their own re-
search on an incorrect issue, or misrepresent the
nature of their circumstances to an attorney. If any
of these models were used to perform such a task,
serious safety concerns would arise.

6 Discussion

LLMs prompted using expert-formulated
prompts produce substantially more high-
quality reformulations than when prompted
by non-experts Using LLM-as-a-judge, we
evaluated the overall quality of our reformulations
given the original user question. We found that
baselines prompted using expert-written prompts
performed over 4 times better than when prompted
using non-expert-written prompts. This validates
our prompting strategy, and underscores the
importance of subject matter expertise when
prompting LLMs. Users attempting to reformulate
their own legal questions will likely struggle to
obtain quality reformulations from LLMs without
using prompts crafted by lawyers with subject
matter expertise.

LLMs can correctly reformulate legal questions,
but sometimes produce errors, particularly with
legal correctness As we show in Table 3, GPT-4-
Turbo demonstrates the ability to generate factual
and coherent legal question reformulations, as does
Llama3-70b to a slightly lesser degree. However,
the highest score achieved by any of the models
(GPT-4-Turbo) is 0.75 in the legal correctness cate-
gory. Through manual inspection, we identified
some common issues in LLMs’ reformulations,
most notably the tendency to use unnecessary jar-
gon or use legal terms incorrectly. We highlight
these problems to guide future work, which may
try to reduce these common errors in the effort to
produce more high-quality reformulations.

The inclusion of linguistically-aligned language
improves performance for open-source models,
but not GPT For the two open-source models we
tested, including linguistically-relevant provisions
improved performance in all categories, with the ex-
ception of factuality for Mistral-7B. Including these
provisions improved the performance of Llama3-
70B (the best-performing open-source model) by
15 percentage points, bringing its legal correctness
score close to GPT-4-Turbo’s highest score.

However, including linguistically-aligned lan-

guage reduced GPT’s performance in all three cat-
egories. When performing manual inspection, the
lawyers on our team found that GPT-4-Turbo of-
ten produced very similar reformulations with and
without provisions included. We posit that this may
indicate a lack of sensitivity to user instruction.

Incorrect reformulations and inappropriately
generated reformulations prevent real-world de-
ployment for this task Given the potential real-
world consequences, a 75% success rate is not high
enough to recommend that these methods are de-
ployed at a large scale to non-expert users. Under-
scoring this are our findings that non-expert users
struggle to evaluate the legal correctness of a re-
formulated question, so it is likely that many users
without domain expertise will have difficulty evalu-
ating legal correctness in reformulations.

We also isolated crucial safety concerns: re-
formulations provided when they should not be.
We found cases where LLMs provided reformula-
tions for individuals who identified as minors, even
though domain experts on our team agreed that this
is unethical and could end up misleading minors to
take actions without adult supervision. Further, all
models provided reformulations in situations that
require immediate legal attention (e.g. a statute of
limitations), but did not inform the user that they
need to take action.

7 Conclusion

Knowing the right questions to ask is key for suc-
cessful interactions with lawyers. Using our dataset
of user questions and expert annotations, we ex-
plore the extent to which LLMs can reformulate le-
gal questions from non-experts. We find that LLMs
show reasonable performance in reformulating non-
expert questions to more clearly communicate po-
tential issues (RQ1), but even the strongest model
is legally incorrect in 1

4 of our instances. We find
that the inclusion of linguistically relevant language
in the prompts strongly improves the performance
of open source models, but reduces performance
for GPT-4-Turbo (RQ2). Lastly, we isolate signifi-
cant safety concerns, including questions posed by
minors or involving statues of limitations that are
about to expire (RQ3). From this analysis, we learn
that there are significant barriers to safety before
these models can be deployed in this setting, in-
cluding the possibility of incorrect reformulations
or reformulations that shouldn’t be given.
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8 Limitations

In terms of accessibility of the framework to groups
that may have limited resources, there is presently
a monetary cost associated with using ChatGPT
via API. Although annotation efforts of the scale
needed for finetuning an LLM would likely be
more expensive, cost may be a barrier to some
groups. Moreover, we only use zero-shot methods,
which come with the benefit that resources needed
for fine-tuning or other methods are not required;
however, performance may not be optimal.

9 Ethical Considerations

This paper describes a research prototype. The find-
ings described herein do not in any conceivable way
provide any kind of legal advice, opinion, or oth-
erwise. This research is not intended to solicit an
attorney client relationship, is not an advertisement
for legal services, and does not create an attorney
client relationship. The questions relied upon to an-
notate data are publicly available. We do not work
with sensitive or personal data. Human subjects
participated voluntarily, undertook minimal risk,
and were compensated fairly for their time.

The proposed framework relies on pretrained
models such as word or image embeddings, so any
harm or bias associated with these models may be
present in our model. We believe general methods
that propose to mitigate harms can resolve these
issues.

We believe that studying how well LLMs per-
form legal tasks is crucial, given that they are so
ubiquitous and easily accessible. However, as we
mention in our discussion and conclusion section,
we do not advocate for the use or deployment of
LLMs for this task in real-world settings, as none
of the state-of-the-art models studied were able to
consistently produce legally correct reformulations.
Caution should be taken whenever LLMs are used
in the legal domain, particularly by non-experts,
who we have shown have difficulty evaluating the
correctness of thee model output for our task.
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A Justia Ask a Lawyer Question
Distribution

Figure 3 provides some insight into our dataset
of 274 Justia Ask a Lawyer questions related to
business/commercial law. We plot the question
lengths, as well as the years and states associated
with the question.

B Relevant Clause Examples

See Table 5 for examples of linguistically-aligned
clauses for sample questions.

C Prompt Templates

C.1 GPT
With contract provisions In Figure 4, we pro-
vide the template that was provided to the lan-
guage model to study the effects of including rel-
evant contract provisions into the prompt as le-
gal background. {{USER QUESTION}} is replaced
with the title of the question posted on Justia, and
{{CONTRACT PROVISIONS}} is replace with the top
10 most similar provisions to the question based on
the cosine similarity score.

Without contract provisions In Figure 4, we
provide the template that was provided to GPT to
study its performance when relevant contract pro-
visions are not added to the prompt, alongside the
template with contract provisions for comparison.
{{USER QUESTION}} is replaced with the title of
the question posted on Justia.

C.2 Llama/Mistral Prompts
With provisions The prompt template given to
Llama and Mistral with instruction tags and with
contract provisions can be found in Figure 5.

Without provisions The Llama/Mistral prompt
template without provisions and with instruction
tags can be found in Figure 5.

D Example: Open-Source Model Outputs
With and Without Instruction Tags

Below, we illustrate the importance of adding in-
struction tags to our prompts for the open-source
models we experimented with, Llama and Mistral.
While the reformulation for the question below
with instruction tags is coherent and addresses the
prompt directly, the reformulation without instruc-
tion tags is nonsensical, with “can be” repeated for
most of the reformulation.
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Figure 3: Distributional plots for our dataset of 274 Justia questions. The left plot depicts the distribution of question
lengths, the center plot counts the number of questions asked each year, and the rightmost plot depicts the number
of questions from each state in our dataset.

Question Most Relevant Clause

“i owned a business & had a equipment lease
for a credit card machine. i sold the business
and leasing co. demands paymen"

You agree that, at our option, you will sell to us any or all your assets used to
operate the Franchised Business (including equipment, fixtures, furnishings,
Delivery Vehicles, supplies, and inventory) that we ask in writing to purchase.

“What are my rights as a llc when a contract
is being broken? I have refused to sign a
addendum."

In the event that Party B breaches this covenant, Party A has the right to
terminate this Agreement at any time and require Party B to pay 30% of
Party A’s share of revenues as liquidated damages.

Table 5: Sample questions from our dataset, along with the clause deemed most linguistically-aligned with the
question based on the cosine similarity score. In the second example, the most relevant clause provides information
about the correct legal term for a broken contract - breach.

User question Does a person I drew sample il-
lustrations for owe me money?

Reformulation with instruction tags It has been
reformulated to say: Is there a legally binding
agreement or understanding that entitles me to com-
pensation for creating sample illustrations for some-
one?

Reformulation without instruction tags

1. If you think the question does not need refor-
mulating, you can simply return the question
that was asked.

2. If you need any information to reformulate
the question, you can ask and I will answer.

3. If you are not a legal or law-sor related to
commercial law, business law, or similar areas,
you can say I am not a legal.

User’s question: Can I insinuate or "threaten" to
break a solar contract that’s already been installed?

Reformulated question:

It is vital that the question accurately cap-
tures and/or maintains any legal issue conveyed by
the user.

The question has been reformulated to say:

“ Does the contract have a can can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
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Figure 4: Prompt templates given to GPT models with (left) and without (right) contract provisions to generate
question reformulations.
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Figure 5: Prompt templates given to Llama and Mistral with (left) and without (right) contract provisions to generate
question reformulations. Unlike the prompts given to GPT, these prompts contain explicit instruction tags.

179



be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be can be can be can
be can be can be can be can be

E Annotator Agreement

To assess the robustness of our Legal Correctness
scores, we calculate annotator agreement, specif-
ically focusing on the legal correctness category,
where a legal background is most crucial for mak-
ing accurate judgments.

Agreement is measured across the entire set of
expert evaluations. Cohen’s κ suffers from a para-
dox where, if there is a high prevalence of one class

the score can be too low even if annotators agree
(Zec et al., 2017). Here, scores are predominantly
1 or 0, which could imply an issue with the κ score.
Therefore, we include Gwet’s AC1 in our analysis.
This statistic also measures inter-rater agreement
and accounts for chance agreement, but is not as
sensitive to a highly dominant class (Wongpakaran
et al., 2013). Based on the results in Table 6, the
agreement among expert annotators is generally
moderate. To calculate the scores of model perfor-
mance, the scores of the evaluator most familiar
with the legal domain were accepted.

To fully understand the importance of possessing
a legal background when evaluating these prompts,
we calculate the agreement between experts and
non-experts for the legal correctness category. A
non-expert author of the paper, unfamiliar with
the domain problem, annotated a subset of the
model’s output. We observe very weak agreement
between experts and non-experts, indicating that
non-experts cannot effectively evaluate the output
of a model with respect to legal correctness (Table
6).
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Between experts Between experts and non-experts

Model Cohen’s κ % Agree Gwet’s AC1 Cohen’s κ % Agree Gwet’s AC1

GPT-4-Turbo 0.25 71% 0.52 -0.21 65% 0.51
Llama3-70B 0.32 67% 0.41 0.16 60% 0.20
Mistral-7B 0.16 66% 0.42 0.08 55% 0.12

Table 6: Agreement between expert annotators (left) and expert and non-experts (right) as to the legal correctness of
the output. We include Gwet’s AC1 in our agreement scores because Cohen’s κ can sensitive to class imbalances.
We find moderate agreement amongst experts for legal correctness, and observe much lower agreement between
experts and non-experts
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