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Abstract

In this work, we focus on discovery of legal
factors for a specific case type under considera-
tion (e.g., vehicle insurance disputes). We refer
to these legal factors more explicitly as “Ar-
gumentation and Judgement Factors” (AJFs).
AJFs encode specific legal knowledge that is
important for legal argumentation and judicial
decision making. We propose a multi-step ap-
proach for discovering a list of AJFs for a given
case type using a set of relevant legal docu-
ments (e.g., past judgements, relevant acts) and
Symbolic Knowledge Distillation (SKD) from
a Large Language Model (LLM). We propose
a novel geneRatE-CRitic-reviEW (RECREW)
prompting strategy for effective SKD. We con-
struct and evaluate the discovered list of AJFs
on two different types of cases (auto-insurance
and life insurance) and show their utility in a
dispute resolution application.

1 Introduction

Legal argumentation (Feteris, 2018; Walton, 2012)
and judicial decision making (Lovegrove, 1989;
Friedman et al., 2020; Bystranowski et al., 2022)
are very complex tasks, requiring a wide spectrum
of knowledge and skills. Both tasks require cre-
ation, analysis, comparison and critique of (i) the
presented evidence, (ii) presented witness testi-
monies, (iii) cited prior cases, (iv) knowledge of
specific legal terms used and sections/sub-sections
of relevant statutes/acts/regulations invoked (v)
arguments presented by both sides and so forth.
Apart from legal knowledge, general knowledge of
the domain and understanding of domain-specific
documents (e.g., insurance policies) are also re-
quired.

An important basis for legal argumentation and
judicial decision making consists of the various “le-
gal factors” relevant to the case at hand. In this
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paper, we focus on “Argumentation and Judge-
ment Factors” (AJFs) (Table 1), which are essen-
tially legal factors well known in legal NLP lit-
erature (Westermann et al., 2019; Ashley, 1990;
Aleven, 2003; Gray et al., 2024). We propose to
refer them as AJFs mainly because (i) unlike the
generic term “legal factors”, the term AJF includes
both the aspects of argumentation and judgement
giving the right context, and (ii) the more explicit
naming helps a language model understand the de-
sired semantics of the factors, better.

Computationally, AJFs are linguistic terms and
phrases that form a basis of both legal argumenta-
tion and judicial decision-making. On these lines,
we propose NLP techniques to automatically ex-
tract an initial seed set of AJFs from a given set
of relevant documents, such as past cases, legal
statutes, domain-specific documents, etc. Using
these extracted seed AJFs, we expand them fur-
ther using symbolic distillation from an LLM. We
believe that the proposed AJFs can form basis of
a useful, human-understandable and editable le-
gal knowledge-base (KB) which can be queried,
searched and referred in legal applications such as
argumentation assistance and legal decision predic-
tion.

It is important to highlight the AJFs in light of ex-
isting literature on legal factors. Traditional works
such as HYPO and CATO (Ashley, 1991, 1990;
Aleven, 2003) propose legal factors as aspects de-
signed to model legal reasoning in the domain of
US trade secret law. The works also state that
the factors are stereotypical factual patterns that
strengthen or weaken a side’s position. In another
work (Westermann et al., 2019), the authors use
a fix set of manually identified factors in tenant-
landlord disputes. However, these factors do not
have a tilt towards any side, different from the
CATO’s and HYPO’s treatment of the factors. In
our case, firstly we are automatically discovering
such factors for a case type (e.g. vehicle insur-
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Basic AJF Complex AJF

Definition Atomic base concepts in the domain of the case type
which are important considerations in legal arguments
and judicial decisions

An event or a scenario involving one or more basic
AJFs which inherently favours one of the contesting
parties

Syntax Noun phrase Verb phrase or noun phrase

Semantics • Key concept or entity for a case type
• Generally corresponds to a physical object, a docu-

ment, a process, a role, a neutral event, etc.

• Corresponds to an event or scenario
• Favours one of the contesting parties

Examples • insurance policy
• ignition key
• stolen vehicle
• accident

• ⟨original ignition key of the stolen
vehicle was not submitted, favours, insurance
company⟩

• ⟨the stolen vehicle was parked at a safe
location, favours, insured party⟩

• ⟨carelessness of the driver, favours, insur-
ance company⟩

Table 1: Basic and Complex AJFs - Description and Examples

ance or life insurance) with a generic technique
which can work on any other domain and scale
better than manual factor identification. Secondly,
we distinguish the legal factors into the two types
– basic AJFs and complex AJFs (Table 1). Basic
AJFs are those key concepts relevant to the given
case type which are influential in argumentation
and decision making, but do not explicitly indi-
cate any tilt towards a specific side. On the other
hand, the complex AJFs which are designed to
indicate a tilt towards a specific side. Moreover,
this division into basic and complex AJFs provides
a more structured and clearer view of legal fac-
tors than considered previously in the existing lit-
erature. Syntactically, basic AJFs are generally
noun phrases (policy premium) whereas complex
AJFs can be verb or noun phrases both (delay in
filing insurance claim or insurance claim
filing was delayed). Semantically, basic AJFs
are “concepts or entities” whereas complex AJFs
are “events or scenarios”. A recent work in liter-
ature that comes closest to our proposed ideas is
by Gray et al. (2024) where the authors also em-
ploy LLMs to automatically discover legal factors,
however they neither make any distinction into ba-
sic or complex factors nor consider any tilt towards
either side in the factors.

In this paper, we focus on two types of insur-
ance disputes – vehicle insurance and life insurance,
where the two contesting parties are an insurance
company and the insured party. We discover the
AJFs for each case type starting from a set of do-
main specific documents (judgements, insurance
policies, etc.) The construction process involves
discovery of basic AJFs using information extrac-

tion from these documents followed by Symbolic
Knowledge Distillation (SKD) from an LLM. Fur-
ther, another step of SKD helps discover complex
AJFs based on the basic AJFs gathered in the previ-
ous step. We evaluate the quality of the discovered
AJFs and also validate their utility through a real-
life application. The specific contributions of the
paper are listed as follows:
• We propose a Symbolic Knowledge Distilla-

tion (SKD) based approach to discover Basic
and Complex AJFs from LLMs, using a novel
geneRatE-CRitic-reviEW (RECREW) prompt-
ing strategy (Section 2).

• We carry out the AJF discovery for two different
case types using two LLMs and provide detailed
intrinsic evaluation results for all four LLM-case
type combinations (Section 3.5).

• As part of the extrinsic evaluation of the dis-
covered AJFs, we show their effectiveness in
an application on dispute resolution where the
objective is to identify the stronger party in a
dispute. The application uses a Retrieval Aug-
mented Generation (RAG) (Lewis et al., 2020)
based technique using the list of discovered AJFs
for constructing the context (Section 3.7).

2 Automatic AJF Discovery

We propose a multi-step approach to discover basic
and complex AJFs as shown in Figure 1.

2.1 Step 1: Discovering Candidate Basic AJFs

In this step, we discover candidate basic AJFs
which are generally atomic noun phrases and corre-
spond to various types of concepts such as physical
objects, documents, pieces of evidence, processes,
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Figure 1: Steps for AJF discovery for a particular case type

and roles. We consider an input text corpus which
comprises of judgements, their LLM generated
summaries (more details in Section 3.2) and rel-
evant statutes such as acts, regulations and policies.
Firstly, we use a zero-shot entity extraction tech-
nique GLiNER (Stepanov and Shtopko, 2024) for
extracting entities of the following types from the
input text corpus – object, concept, document, orga-
nization, role. Some examples of extracted entities
in vehicle insurance are – motor vehicle (object),
fundamental breach (concept), driving licence (doc-
ument), insurance company (organization), Regional
Transport Officer (role). We observed that the list
of GLiNER based extraction had many spurious
entities which may not be valid concepts for the
case type’s domain. To alleviate this, we apply two
stages of filtering:
Basic filtering: As part of this filtering, we remove
entries which are either too specific to a particular
dispute such as names of people or organizations or
are too generic and used widely in the legal domain
such as the legal roles (e.g. judge, attorney) or legal
entities (court, tribunal). Specifically, two kinds
of filtering are carried out – (i) list/NER based fil-
tering, and (ii) document frequency based filtering.
Details about these filtering steps are presented in
Appendix A.
Perplexity based filtering: Pawar et al. (2024), in
a text classification setting, propose use of condi-
tional perplexity of a text given some context, as a
measure of the text’s association with the context.
We extend the same idea to check plausibility of
a candidate entity with respect to a context from
the domain of our interest vs. its plausibility with
respect to a general context. More specifically, for
any candidate phrase p, we compute the following
score:

score(p) =
PPLM (p|cdomain)

PPLM (p|cgeneral)
(1)

where PPLM (p|cdomain) is the conditional per-
plexity of the phrase p using a Small Language
Model (SLM) M with respect to cdomain which is
a small paragraph describing the domain of interest.
We explored multiple decoder-only transformer-
based SLMs for this task and found Fox-1-1.6B1

to be qualitatively better. For example, for vehi-
cle insurance domain, we use cdomain = Vehicle
Insurance disputes arise between an insured and
an insurance company. An insured has bought an
insurance policy for his vehicle from the insurance
company. An important concept related to such
vehicle insurance disputes is.... On the other hand,
PPLM (p|cgeneral) corresponds to the conditional
perplexity of the phrase p with respect to the gen-
eral context dgeneral = Various types of disputes
arise between two parties. An important concept
related such disputes is. Here, if score(p) < 1
then the phrase p is more likely to associated with
the domain of interest. This perplexity based factor
filtering is particularly valuable for our work, as it
excels in domain-specific classification where la-
beled data is scarce but high reliability is required.

Finally, to remove duplicates, we cluster the enti-
ties retained after the above filtering, using agglom-
erative clustering with complete linkage based on
OpenAI embeddings (text-embedding-3-large). We
have chosen the distance thresholds heuristically
by visualizing the dendrograms. For each cluster,
we retain only its longest length member as the
cluster representative which enters the final list of
basic AJFs.

RECREW: geneRatE-CRitic-reviEW
prompting strategy

LLMs trained on huge text corpora have captured
immense lexical and semantic knowledge in the

1https://huggingface.co/tensoropera/Fox-1-1.
6B
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text of their training corpora. Also, the scale and do-
main coverage of the training corpora is larger than
any specific domain’s corpus allowing LLMs to
have an abstract general insight at questions in sev-
eral domains. We believe that the set of judgements
and statutes that we consider, constitutes only a tiny
sample of the universe of discourse on any case
type. This encourages us to use LLMs to further
the discovery of basic AJFs and even discover com-
plex AJFs from scratch. Symbolic Knowledge Dis-
tillation (SKD) (Acharya et al., 2024; West et al.,
2022) of LLMs is a process to extract symbolic and
human comprehensible knowledge from LLMs and
we use SKD to enable discovery of new legal fac-
tors.

We propose a novel three step method to elicit
knowledge about legal factors from an LLM.
The method geneRatE-CRitic-reviEW (RECREW),
combines few shot in-context learning with a con-
sistency check and reflexion (Shinn et al., 2023)
based regeneration for the task at hand. We detail
each of the three steps in detail as follows:

• Generate: To kick-start generation of the AJFs,
we devise a prompt to consider hand-picked valid
AJFs as instances for few-shot in-context learn-
ing. This allows for the LLM to understand the
task and perform generation.

• Critic: We can observe that all generations emit-
ted as part of the Generate step may not be cor-
rect or as desired. This step performs the function
of a critic which checks each of the generated
AJFs and segregates them as correct or incorrect,
along with suitable justification.

• Review: We hypothesize that the generations re-
jected by the critic can be corrected using the
justification generated by the Critic and can be-
come part of the set of valid AJFs. This step
performs exactly this task of review and correc-
tion of the critic reported incorrect generations.
It uses a variant of the Generate style prompt
which combines the definition and dynamically
chosen few-shot examples semantically similar
to the factor being corrected. Further, the instruc-
tion changes from requesting raw generation to
correction.

It is important to point out that the Critic step in
the RECREW procedure is aimed at increasing the
precision of the SKD process as it is tasked with
filtering possible false positives from the Generate
step. Similarly, we can note that the Review step is
aimed at increasing the coverage of the SKD pro-

cess as it is tasked with correcting Critic-rejected
generations, hence leading to better recall.

2.2 Step 2: RECREW for Basic AJFs

In addition to the basic AJFs extracted from the
different document sources, we use LLMs as an-
other source for obtaining additional basic AJFs
through the RECREW method. To create the final
list of basic AJFs, we first include all basic AJFs
obtained as part of Step 1 (extracted from text cor-
pus) to the final list. We then merge the RECREW
based basic AJFs to the final list, wherein (i) if
a RECREW basic AJF is similar to an extraction
basic AJF (cosine similarity match > 0.90) then
we ignore that RECREW basic AJF; (ii) in an oth-
erwise case, we add the RECREW basic AJF to
the final list. We use a consistency checking type
prompt (“Yes” or “No”) for the Critic step to check
if the generated candidate basic AJF is valid or not.
Appendix B shows the prompts used for each of
the three RECREW steps for eliciting new basic
AJFs, particularly for the vehicle insurance domain.
It is important to note that the prompts are generic
in nature and can be easily ported to another do-
main with few replacements in the system prompt
and instructions. An example of the generate-critic-
review cycle is shown in Step 2 of Table 3, where
a basic AJF – offender is elicited at the generate
step, but is discarded by the critic step. However,
at the review step, it is corrected to at-fault driver

which is eventually accepted in the second critic
step.

2.3 Step 3: RECREW for Discovering
Complex AJFs

It is important to note here that the defining struc-
ture of complex AJFs comprises of two parts –
(i) an event / scenario related to a basic AJF and
(ii) a favouring relation to one of the contesting
parties. This complex structure is not directly
extract-able from the text documents and hence,
we directly resort to the SKD based RECREW ap-
proach on the LLM for complex AJF discovery.
Appendix C shows the prompts used for each of the
three RECREW steps for eliciting complex AJFs.
It is important to note that in the Critic step, we
use a conditional generation style prompt where
we expect the LLM to generate the favouring party
(“insured party” vs “insurance company” vs “Neu-
tral”) given the event/scenario generated during the
Generate step. If the LLM outputs “Neutral” it
signals that there is lesser confidence in the AJF

2792



VID LID

# cases where the “insured party” wins 69 (66.3% cases) 38 (53% cases)
# cases where the “insurance company” wins 35 (33.7% cases) 34 (47% cases)
Average number of sentences per dispute description 78.9 121.4
Standard deviation of number of sentences 33.8 40.9

Table 2: Detailed Dataset Statistics

Step 1: Discovering Candidate Basic AJFs
From text corpus: survey report, surveyor, driving
licence, claim form, ignition key, police record,
impugned order, judgment, petitioner

Step 2: RECREW for Basic AJFs
Accepted by Critic (after generate): subrogation
rights, transfer of insurance policy
Accepted by Critic (after review): at-fault driver,
vehicle safety features, passenger injuries
Discarded by Critic: offender, written information,
individual persons

Step 3: RECREW for Complex AJFs
Accepted by Critic (after generate): ⟨notification
of theft was documented with law enforcement,
favours, insured⟩
Accepted by Critic (after review): ⟨survey report
indicated damages exceeding the insured’s
initial claim, favours, insurance company⟩
Discarded by Critic: ⟨delay in obtaining a free
certified copy of the policy, favours, insurance
company⟩

Table 3: Illustration of the proposed step-wise AJF dis-
covery through examples

and this needs to be sent for another look to the
Review step. Otherwise, the favouring party iden-
tified by the Critic step prompt is used as part of
the final accepted AJF. Here the intuition is that
as the critic is performing a simpler discriminative
task of identifying the favouring party for a given
event/scenario (as compared to the more complex
generative task of generating the complete pair of
the event/scenario and favouring party), it is more
likely to be correct.

3 Experimentation and Evaluation

3.1 Dataset

In this paper, we gather two datasets of disputes,
one in the domain of vehicle insurance and another
in the domain of life insurance. As discussed ear-
lier, we use initial documents mainly from two
sources – judgements and statutes. For judgements,
we collected 1117 insurance disputes from the Na-
tional Consumer Disputes Redressal Commission
(NCDRC), India which is a consumer court in India.

The disputes were downloaded from the ConfoNet
project website2 by selecting the sector as “Insur-
ance” for the years 2022, 2023, and 2024. We
retained only vehicle and life insurance disputes by
removing disputes belonging to other type of insur-
ance (e.g., property or health). We also discarded
the disputes where there was no clear winning party
so that the focus remains on the disputes where the
human judgement was clearly decisive. Finally, we
ended up with the dataset of 104 vehicle insurance
disputes (VID) and 72 life insurance dispute (LID)
judgements. The statistics about both the datasets
are detailed in Table 2. For statutes, the second
source of documents, we relied on two representa-
tive insurance policies for private (IRDAI, 2025d)
as well as commercial vehicles (IRDAI, 2025a)
in case of vehicle insurance disputes. Similarly,
in case of life insurance disputes we considered
two representative life insurance policies (IRDAI,
2025b,c).

3.2 LLM-based summarization of dispute
judgments

Though all the dispute judgements roughly follow
the same outline, they are quite unstructured and
long. We identified a set of important commonly
occurring structural elements of any dispute and
got each dispute judgement summarized such that
all of them follow the same standardized structure,
following Pawar et al. (2025).

We use this final structured summary as one
of the inputs to the AJF discovery approach (Fig-
ure 1) and also as part of the extrinsic evaluation
described in Section 3.7. Following are these struc-
tural elements considered for both VID and LID
datasets:

i. Facts agreed by both parties,

ii. Aspects on which the parties disagree,

iii. Demands of the insurance company,

2https://cms.nic.in/ncdrcusersWeb/search.do?
method=loadSearchPub (accessed on 30-APR-2024)
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iv. Demands of the insured party,

v. Arguments of the insurance company,

vi. Arguments of the insured party,

vii. Relevant prior cases referred,

viii. Relevant statutes or policy terms and condi-
tions referred,

ix. Final decision by the National Commission
along with justification,

x. Winning party

3.3 Baseline Approach

We consider the work by Gray et al. (2024) as a
baseline for our work since it also focuses on extrac-
tion of legal factors by leveraging LLMs. However
our work differs in 3 key ways:

i) Their approach relies on raw court opinions
for extracting legal factors using LLMs, which
restricts the scope and coverage of factors to
what is present in the legal documents. In con-
trast, we employ distillation over LLMs to dis-
cover factors by probing into an LLM’s world
knowledge, thereby broadening the coverage
and scope of our factors beyond the set of doc-
uments itself.

ii) Their approach involves relying on human ex-
pertise to obtain the final refined list of factors
whereas our method relies on an LLM through
the three-step SKD procedure – RECREW, for
this task.

iii) Their work involves only an intrinsic evalua-
tion wherein they compare the extracted fac-
tors with human labeled gold-standard factors.
However, our work evaluates the quality of the
discovered factors both intrinsically as well as
extrinsically in the context of real-life judicial
decision-making.

In Appendix G, we provide the detailed proce-
dure used to implement the baseline approach along
with the specific prompts. We applied the baseline
to both the VID and LID datasets and conducted
an intrinsic evaluation similar to the one we do for
factors obtained from our proposed approach and
report the results in Table 4.

3.4 Experimental setup

For all our experiments, we used the gpt-4o-mini3

as the LLM for symbolic knowledge distillation
3https://openai.com/index/

gpt-4o-mini-advancing-cost-efficient-intelligence/

(SKD) due to our limited budget. For the critic
step, we use a temperature setting of 0 and for
the generate and review steps, we use a tempera-
ture setting of 0.7. For text embeddings, we use
OpenAI’s text-embedding-3-large model4 that are
used for clustering of AJFs. We also try the pro-
posed AJF discovery with an open source small
language model – LLama-3-8B-instruct5 for com-
parison. For more details, refer to Appendix E.

3.5 Intrinsic Evaluation

In this section, we discuss the intrinsic evaluation
of the automatically discovered AJFs following the
steps described in Section 2. Table 4 shows the
number of basic AJFs and complex AJFs extracted
and discovered at each step of the process, using
the gpt-4o-mini model. Due to the large number of
AJFs, it is not possible to evaluate all of them manu-
ally for correctness. Hence, for the intrinsic evalua-
tion, we randomly select K AJFs for evaluation by
human experts and report the corresponding sam-
ple precision P |K . We also perform fine-grained
evaluation of each step in the RECREW process
by selecting the random samples for each of the
step shown in Table 4. Each individual element in
a random sample is verified by two human experts
who follow the guidelines below:
• A Basic AJF is marked as correct if it is per-

ceived to be an important concept useful in argu-
mentation and/or judicial decision making in an
insurance dispute/case.

• A Complex AJF is marked as correct if it is per-
ceived to be an important event/scenario useful
in argumentation and/or judicial decision making
as well as it should be realistic and favouring the
right party.
The precision numbers in both datasets indicate

that Complex AJFs are discovered with better pre-
cision than the Basic AJFs. However, the critic
for Basic AJF performs better than the critic for
Complex AJFs which seems to overly reject valid
Complex AJFs too. It is important to highlight that
both in terms of the precision and the coverage,
the proposed RECREW procedure outperforms the
baseline. We detail the results obtained from the
Llama-3-8B-Instruct model in Appendix F.

Across the entire annotation exercise (AJFs ob-
tained in both case types from RECREW using gpt-

4https://openai.com/index/
new-embedding-models-and-api-updates/

5https://huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct
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VID LID

Count P |K Count P |K
Basic AJFs

Extraction from text corpus 490 NA 578 NA
Generated by RECREW-generate step 39 NA 48 NA
Total 529 NA 626 NA

Selected by Critic in RECREW-generate step 320 0.79|50 306 0.77|50
Selected by Critic in RECREW-review step 158 0.77|50 225 0.82|50
Rejected by Critic in any step 260 0.87|50 415 0.92|50
Complex AJFs

Generated by RECREW-generate step 18004 NA 18782 NA

Selected by Critic in RECREW-generate step 14421 0.91|100 16929 0.86|100
Selected by Critic in RECREW-review step 1853 0.89|100 573 0.86|100
Rejected by Critic in any step 3583 0.48|100 1853 0.70|100
Baseline approach 176 0.72|176 47 0.81|47

Table 4: Statistics of automatically discovered AJFs in the VID and LID datasets using the gpt-4o-mini model. Also
shown in the intrinsic evaluation of the AJFs (in terms of precision P |K within random sample size K)

4o-mini as well as llama and the baseline), the per-
centage of AJFs on which both annotators agreed
was 76%. We computed the inter-annotator agree-
ment in terms of Cohen’s Kappa and found it to
be 0.32, signalling a fair agreement. We however
stress that the kappa statistic is not an appropriate
measure of agreement in this case as it has been
shown in literature that it gets affected when there
is class imbalance (Feinstein and Cicchetti, 1990;
Viera et al., 2005), i.e. when one label is much
more prevalent than the other label. In our case, the
“correct” label is more prevalent than the “incorrect”
label (which can be seen from the high precision
values in Table 4). Hence, in our case, instead of
the kappa score, the agreement percentage gives
a better picture of the inter-annotator agreement.
All the annotations were carried out by four au-
thors having a computer science post-graduation
background and ages between 25-40.

3.6 Ablation Analysis
It is important to analyze how much do the Critic
and Review stages of the RECREW procedure
contribute to in the overall discovery of the AJFs.
The two aspects of the intrinsic evaluation – “Se-
lected by Critic in RECREW-generate step” and
“Rejected by Critic in any step” enable the abla-
tion for the Critic step. For e.g. in case of the
VID dataset, the precision for the generated Basic
AJFs which are accepted by the critic is 0.79. Also
the precision for the Basic AJFs of the critic for
correctly rejecting is 0.87 which implies that pre-
cision for the generated Basic AJFs (but rejected

by the critic) is just 0.13. This effectively makes
the approximate precision for the Generate step
to be a weighted mean of these two samples i.e.
(0.79×320) + (0.13×209)

(320 + 209) = 0.53. This indicates
that the Critic stage is important and helps push the
precision from the only Generate step’s 0.53 to 0.79.
Similarly, we can see from the “Selected by Critic
in RECREW-review step” aspect that those many
AJFs weren’t missed, thereby pushing the coverage
up. In case of the VID dataset’s basic AJFs, the no.
is 158 which means there was 158

(320+158) = 33%
increase in coverage.

3.7 Extrinsic Evaluation

To conduct an extrinsic evaluation and check the
real-life effectiveness of the discovered AJFs, we
consider a downstream application of dispute reso-
lution where one of the key tasks is to identify the
stronger party in a dispute. The task is – given the
structured summary of the dispute (Section 3.2) (ex-
cept the details about the decision by National Com-
mission and the Winning Party), can the stronger
party be identified from the details of the dispute.
We hypothesize that considering a set of case rele-
vant complex AJFs along with the dispute details,
can lead to improved performance of stronger party
identification. To check the validity of this hypoth-
esis, we consider two evaluation approaches:

1. Dispute Details Only (only DD): In this ap-
proach we construct a prompt (See Appendix D)
where we instruct an LLM to identify the
stronger party while considering the details of a

2795



given dispute.

2. Dispute Details + AJF Context (DD+AC): In
this approach we first obtain a list of complex
AJFs relevant to each of the disagreement as-
pects, based on their embeddings’ based seman-
tic similarity6. We believe that the disagree-
ment aspects are the most important facet of
the dispute and hence we obtain complex AJFs
relevant only to them. Secondly, we construct
a context which presents each of the relevant
complex AJFs as a conditional if-then state-
ment. For example, suppose one relevant com-
plex AJF is ⟨second ignition key was not
submitted, favours, insurance company⟩, then
we arrange it as If the scenario - “second
ignition key was not submitted” holds
true in this case then it favours the
insurance company. This guides the LLM
to decide whether to consider the AJF for the
case and also prevents use of a spuriously pre-
dicted AJF into the LLM’s reasoning for the
task. We ensure to add the context when it con-
tains factors favoring both parties as a context
having only one party will bias it. In case when
such a biased context is found, we skip context
addition. Next, we construct a prompt (See Ap-
pendix D) where we instruct an LLM to find the
stronger party while considering the details of
a given dispute as well as the constructed AJF
context. We do not consider a context based
on the baseline approach as it has very limited
coverage in terms of the factors.

Note on label leakage risk: Although, we are
using the same set of disputes for evaluating
stronger party identification as the set which
was used for identifying initial set of basic AJFs
(Section 2.1), we believe that there is no risk of
label leakage. This is because for stronger party
identification, only complex AJFs (along with
their favouring party) play a part (in the form
of AJF context in the prompt) and not basic
AJFs. Complex AJFs are not directly extracted
from the dispute documents. Rather, complex
AJFs are generated through SKD process by
the LLM using basic AJFs as seeds. Moveover,
only a subset of basic AJFs is getting extracted
from the dispute documents and they do not
have any “tilt” towards a particular party unlike
complex AJFs. For stronger party identification,
6We use an empirically judged similarity threshold of

0.55

Dataset → VID LID

Accuracy Macro
F1

Accuracy Macro
F1

only DD 0.71 0.70 0.60 0.59

only AC 0.44 0.43 0.55 0.54

DD + AC 0.72 0.71 0.65 0.65

Table 5: Extrinsic evaluation of the AJFs for the VID
and LID datasets while using gpt-4o-mini for stronger
party prediction

this “tilt” of complex AJFs is important but it is
not derived from the documents in any way.

Baseline setting - Only AJF Context (Only AC):
As a baseline for extrinsic evaluation, we also con-
sider a scenario when only the selected AJFs are
given as details for deciding the stronger party with-
out any dispute details. The context in this case
if formed differently from the earlier context (in
DD+AC) where the context was formed by putting
each AJF into a conditional if-then statement for-
mat. This if-then format would not work here as
the dispute details are not present. Hence, we form
the context by simply listing the relevant complex
AJFs, each in a tuple form e.g. ⟨original key of

the stolen vehicle was not submitted, FAVOURS,
insurance company⟩.

We use both the gpt-4o-mini as well as a Llama-
3-8B-Instruct LLMs to evaluate the approaches and
experiment with all cases in both the datasets. We
report the accuracy and macro F1 numbers in Ta-
ble 5 and Table 14. As can be seen, the addition
of the constructed context to the dispute details
(AC+DD) leads to better performance as against
the vanilla only dispute details (only DD) approach
for both datasets while using gpt-4o-mini. In case
of Llama-3-8B-Instruct too, AC+DD approach out-
performs the only DD approach on the LID dataset.
However, this is not observed for the VID dataset.
We believe that the smaller Llama-3-8B-Instruct
model is not able to harness the AJF context as
effectively as the gpt-4o-mini is able to. Although,
we checked the explanation that the LLM provides
for the stronger party decision, it does consider the
factor context provided, helping it to infer to the
right decision more often. This confirms our hy-
pothesis and underscores the contribution of the
discovered AJFs.
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4 Related Work

Earlier work has shown that identifying legal
factors plays an important role in case analysis.
HYPO (Ashley, 1991) focused on the comparing
and contrasting of cases in terms of “Dimensions”
(Legal factors) which either favoured the Plain-
tiff or Defendant (e.g., Security Measures Favours
Plaintiff). CATO (Ashley, 1999) extended such
legal factors related to trade secret law and intro-
duced a factor hierarchy which organizes factors
into abstract and specific factors. However, these
approaches depends a lot on human experts and
may be difficult to scale. Recent work, such as Gray
et al. (2024), employed LLMs to extract legal fac-
tors directly from court opinions using zero/one
shot prompting techniques with human (or LLM)
refinement. However, the approach is not general-
izable for a specific domain because the factor cov-
erage is bound by the number of cases input to their
proposed factor discovery procedure. However, in
our case, as we are distilling basic/complex AJFs
from an LLM, our coverage of the factors relevant
to a domain are not limited to a specific set of input
documents. Another related work by Santosh et al.
(2025) proposes a structured intermediate planning
using encoder-decoder based model (Bertsch et al.,
2023) to create event representations in tuple for-
mat (subj-verb-obj) for generating coherent sum-
maries. Another work by Joshi et al. (2023) is sim-
ilar and proposes a method to extract events from
a document using dependency parser, to obtain tu-
ples of the form (subj, pred, obj) used in a prior
case retrieval application. However, our proposed
“eventive” factors i.e. complex AJFs are more flexi-
ble and also capture a tilt towards a favouring party
making them suitable for argument generation and
decision prediction.

5 Conclusion and Future Work

As part of this work, we focus on Argument
and Judgement Factors (AJFs) which are the well
known “legal factors” from literature but named
so (AJF) for better clarity and applicability. We
then proposed a step-wise approach for discover-
ing AJFs for a case type (such as vehicle insur-
ance disputes) using Symbolic Knowledge Distil-
lation (SKD) from an LLM. The SKD involves a
novel three-step prompting method – RECREW
(geneRatE-CRitic-reviEW) based on one-shot re-
flexion. We evaluated the discovered AJFs intrinsi-
cally as well as extrinsically in a real-life dispute

resolution application. We demonstrated the effec-
tiveness of the discovered AJFs in enhancing an
LLM’s ability for better decision prediction. We
also show that when compared to a suitable SoTA
baseline, our RECREW based discovery provides
better coverage in terms of number of different
AJFs discovered. In future, we plan to explore the
proposed technique’s generality to more case-types
beyond insurance and also enable other applica-
tions such as argument synthesis. We would also
like to explore representation of the discovered
AJFs in a knowledge graph format where various
semantic relations among the AJFs can also be cap-
tured such as causes, contradicts, entails, etc.

6 Limitations

• Given our budget constraints and access con-
straints due to organizational policies, we have
tried with only a single large model namely gpt-
4o-mini and not with other more capable mod-
els such as gpt-4.1 or gpt-5. However, we be-
lieve that the proposed techniques are generic
and should work with other LLMs as well.

• We have only experimented with cases of two
type i.e. vehicle and life insurance. However, as
the proposed approaches are generic they should
work for other case-types as well.

• In this work, we have simply created the knowl-
edge base of legal factors in the form a list
wherein we have not captured the relations
among the AJFs. We plan to explore this di-
rection as future work.

• Though, we have manually evaluated the discov-
ered AJFs, we believe that qualitative evaluation
by legal experts is also very important. In fu-
ture, we plan to conduct a detailed user study
involving legal experts to qualitatively evaluate
the discovered AJFs.

7 Ethics Statement

The associated datasets on insurance disputes are
available publicly in their raw form without any
form of anonymization of personally identifiable
information such as person and organization names.
We ensure that we do not use any PII information
for the aims of legal factor discovery or the applica-
tion on stronger party identification. Moreover, we
filter out all factors that are based on such informa-
tion using Named Entity Recognition techniques.
Apart from this aspect, there are no major ethical
considerations associated with this work.
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A Details on Basic Filtering of candidate
basic AJFs

As part of the basic filtering step, we remove
spurious candidate basic AJFs obtained as output
of the GLiNER based information extraction.
These include candidates which are either too
specific to a particular dispute such as names of
people or organizations or are to generic and used
widely in the legal domain such as legal roles or
organizations. We explain the two kinds of filtering
which are carried out, as follows:

List/NER based Filtering: As part of the list of
extracted candidate AJFs we found (i) generic legal
terms such as legal roles (e.g. judge, attorney) and
legal entities (e.g. court, tribunal, and (ii) specific
named entities such as persons names, organiza-
tion names, locations, dates, money amounts and
sections. These phrases are either too specific to
a particular judgement (e.g. person names) or too
general to be considered as a basic AJF for the case
type. Hence, we remove them using matching in
fixed lists as well as using the legal NER model
proposed by Kalamkar et al. (2022) on the list of
extracted entities.
Document Frequency based filtering: We com-
pute the Document Frequency (DF) of each ex-
tracted entity in the input corpus. The candidates
with a DF of 1 and coming from a judgment are

discarded because they generally correspond to a
concept specific to that judgement (e.g. Rs 1 crore,
consumer protection act, etc.). However, candi-
dates with a DF of 1 but coming from statute docu-
ments (policy or acts) are retained because they can
be broadly applicable to the cases (e.g., statutory
liability, annual premium, etc).

B Prompts for Step 2 – RECREW for
Basic AJF discovery

The generate, critic and review prompts for discov-
ery of Basic AJFs are shown in Table 6, Table 7 and
Table 8 respectively, for the VID dataset. We reiter-
ate that these prompts are generic and were ported
easily for the LID dataset with few replacements in
the system prompt and instructions.

You are a legal expert in auto-insurance disputes!
Argumentation and Judgement Factor (AJF): It is any lin-
guistic term or phrase which gets used in legal arguments
and contributes to reasoning used in judicial decisions.

Following are some example of AJFs specific to vehicle
insurance disputes / cases.
(2 few-shot examples)

### Instruction: Suggest some more such AJFs related
to vehicle insurance disputes / cases.

Ensure the following while generating the response:
1. Generate AJFs separated by a new line.
2. Each AJF should not contain more than four words.
3. Do not generate any extra information such as justifi-
cation.

Table 6: Prompt used for the Generate step of Basic
AJF discovery. Overall there are 10 training examples,
from which 2 are chosen randomly at a time as few-shot
examples in each execution of the prompt.

C Prompts for Step 3 – RECREW for
Complex AJF discovery

The generate, critic and review prompts for discov-
ery of Basic AJFs are shown in Table 9, Table 10
and Table 11 respectively.

D Prompts for Extrinsic Evaluation

In Table 12, we detail the prompt used for the only
Dispute Details (only DD) technique where only
selected elements of the structured summary of the
dispute are provided to the LLM for discerning the
stronger contesting party. In Table 13, we detail
the prompt used for the DD + AC (Dispute Details
+ AJF Context) technique where both the selected
elements of the structured summary and the context
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You are a legal expert in auto-insurance disputes!
Argumentation and Judgement Factor (AJF): It is any
linguistic term or phrase which gets used in legal ar-
guments and contributes to reasoning used in judicial
decisions.

Following are the examples followed by the label (AJF
or NOT AJF) with the justification:
1. driving license - AJF ( because it is a piece of evi-
dence which can be used in legal arguments and can in-
fluence the decision in vehicle insurance disputes/cases
)
2. respondent - NOT AJF ( because it is just one of the
parties involved in a case )
... (10 more few-shot examples)

For the following example predict the label (AJF or
NOT AJF) with a justification, similar to the format
shown above.
{basic_AJF} -

Table 7: Prompt used for the critic step of Basic AJF
discovery

You are a legal expert in auto-insurance disputes!
Argumentation and Judgement Factor (AJF): It is any
linguistic term or phrase which gets used in legal ar-
guments and contributes to reasoning used in judicial
decisions.

Following are some examples of valid AJFs and justifi-
cation of why they are valid:

{positive_examples_along_with_reasoning}

Following is an incorrect AJF along with the justifica-
tion about why it is incorrect. Revise the following
incorrect AJF to a valid AJF as per the above definition
and examples of AJFs.
Incorrect AJF: {basic_incorrect_AJF_with_reasoning}

Ensure the following while generating the response:
1. The revised AJF should not contain more than four
words.
2. Do not generate any extra information such as justifi-
cation.

### Response format:
Revised AJF: ⟨AJF⟩ : ⟨justification⟩

Table 8: Prompt used for the review step of Basic AJF
discovery

constructed from the retrieved factors is provided
for the stronger party prediction task.

E Implementation Details

Due to our budget and hardware constraints, we
used only the OpenAI gpt-4o-mini as the larger LM
for the experiments and text-embedding-3-large
model for text embeddings along. Overall, it cost us
about USD 7$ for API calls for all the experiments
reported in this paper. Additionally, we used the

You are a legal expert in auto-insurance disputes!
Following tuples in the format ⟨Events or scenarios,
favours, insurance company⟩ involving “ignition keys”
favours the insurance company in disputes / court cases
between an insured and an insurance company.
(2 few-shot examples)

Output: Write more tuples like these involving “{ba-
sic_AJF}”.

### Instruction while creating the output:
1. Generated tuples should be separated by a new line.
2. Each event or scenario in the tuples should be mean-
ingful and realistic in practice in vehicle insurance cases.
3. Each event or scenario should be short, clear and
atomic and focus on individual events or scenarios. Do
not generate complex events or scenarios where multiple
events are involved.

Table 9: Prompt used for the Generate step of Complex
AJF discovery. Overall there are 10 example tuples for
each favouring party, from which 2 are chosen randomly
for a favouring party at a time as few-shot examples in
each execution of the prompt.

You are a legal expert in auto-insurance disputes!
### Instruction:
Given the auto-insurance Event or Scenario described
below, assess which party (the Insured or the Insurance
Company) is most likely to be favored in a dispute. If
the Event or Scenario does not indicate a clear inclina-
tion towards either party, choose “Neutral”. Select one
of the following options and provide a clear, concise
justification for your decision:
1. Neutral
2. Insured
3. Insurance Company

### Input:
Event or Scenario: {complex_AJF}

### Response Format:
⟨Neutral or Insured or Insurance Company⟩:
⟨justification⟩

Table 10: Prompt used for the critic step of Complex
AJF discovery

Llama-3-8B-Instruct model for experiments with a
moderate sized model for comparison. We down-
loaded the Llama model from Huggingface7. In
the experiments with the open source llama model
we use the stella-400M8 embeddings for semantic
similarity. We implemented the code in Python
3.12.4 and used openai package (version 1.76.2)
for the gpt-4o-mini API calls and the huggingface
transformers package (version 4.43.2) for llama
experiments.

7huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct

8https://huggingface.co/NovaSearch/stella_en_
400M_v5
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You are a legal expert in auto-insurance disputes!
Complex Argumentation and Judgement Factor (AJF):
It is any Event or Scenario which favours either “Insured”
or “Insurance company” and which may get used in
legal arguments and reasoning in judicial decisions. It
is expressed as a tuple ⟨ Event or Scenario, favours,
Insured or Insurance company⟩

Following are some examples of valid Complex AJFs
and why they are valid:
{positive_examples_along_with_reasoning}

Following is an incorrect Complex AJF along with the
justification about why it is incorrect. Revise the fol-
lowing incorrect Complex AJF to a valid Complex AJF
as per the above definition and examples of Complex
AJFs.
### Input: {incorrect_complex_AJF_with_reasoning}

### Instruction while creating the output:
1. Event or Scenario in the revised Complex AJF should
be meaningful and realistic in practice in vehicle insur-
ance cases.
2. Event or Scenario in the revised Complex AJF should
be short, clear and atomic and focus on individual events
or scenarios. Do not generate an event or scenario where
multiple events are involved.

Table 11: Prompt used for the review step of Complex
AJF discovery

F Results using an open source small
language model

We also try the proposed AJF discovery with an
open source small language model – LLama-3-8B-
instruct for comparison with the gpt-4o-mini based
discovery. We detail the results of the intrinsic eval-
uation of the AJFs discovered using the LLama-3-
8B-instruct model in Table 15. We observe that in
terms of both sample precision (P |K) and cover-
age, the larger gpt-4o-mini model is better than the
LLama-3-8B-instruct model. This difference can
be attributed to the inherent complexity of legal
language and to the fact that smaller models are
typically trained on smaller text corpora than larger
LLMs.

G Baseline approach

We replicated the technique discussed in (Gray
et al., 2024) following the guidelines they provided.
However, three modifications were necessary in
their work for a meaningful comparison:
(i) Instead of extracting only simple legal factors
as in their technique, we modified their prompt in-
structions to enable the model to extract complex
legal factors which includes both the event/scenario
and the corresponding favoured party.

Consider the following dispute between an insurance
company and an insured party.
Dispute description:

Facts agreed by both parties: {facts}

Aspects on which the parties disagree: {disagree-
ment_aspects}

Arguments of the insurance company: {insur-
ance_company_arguments}

Arguments of the insured party: {insured_arguments}

Relevant prior cases: {relevant_prior_cases}

Relevant statutes or policy terms and conditions: {rele-
vant_statutes}

### Instruction: Identify the Overall Stronger Party
(insurance company or insured party) using the agreed
facts, disagreement aspects, arguments, prior cases and
statutes or policy terms and conditions. Include a short
justification considering the fairness and logic of the
dispute resolution.

Follow the following response format and do not gener-
ate any additional output.

### Response Format:
Overall Stronger Party: ⟨insurance company or insured
party⟩: ⟨Justification⟩

Table 12: Prompt for the Only DD technique
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Consider the following dispute between an insurance
company and an insured party.
Dispute description:

Facts agreed by both parties: {facts}

Aspects on which the parties disagree: {disagree-
ment_aspects}

Arguments of the insurance company: {insur-
ance_company_arguments}

Arguments of the insured party: {insured_arguments}

Relevant prior cases: {relevant_prior_cases}

Relevant statutes or policy terms and conditions: {rele-
vant_statutes}

It is important to stress upon relevant legal factors which
can be gleaned from the disagreement aspects. They are
listed as follows: {context}

### Instruction: Identify the Overall Stronger Party (in-
surance company or insured party) using the agreed
facts, disagreement aspects, arguments, prior cases,
statutes or policy terms and conditions, and relevant
legal factors. Include a short justification considering
the fairness and logic of the dispute resolution.

Follow the following response format and do not gener-
ate any additional output.

### Response Format:
Overall Stronger Party: ⟨insurance company or insured
party⟩: ⟨Justification⟩

Table 13: Prompt for the DD + AC technique. Here the
{context} comprises of the retrieved factors listed in the
if-then format specified in Section 3.7

Dataset → VID LID

Accuracy Macro
F1

Accuracy Macro
F1

only DD 0.71 0.70 0.60 0.58

only AC 0.39 0.38 0.55 0.51

DD + AC 0.66 0.65 0.62 0.61

Table 14: Extrinsic Evaluation of the AJFs for the VID
and LID datasets while using Llama-3-8B-Instruct for
stronger party prediction

(ii) We employed the gpt-4o-mini model for factor
extraction and refinement as against their use of the
gpt-4o model9. This is comparable with our pro-
posed technique where we too use the gpt-4o-mini
model.
(iii) Instead of relying on human-based factor re-
finement which yielded the best results in their
work, we employed an LLM for this refinement
step while adhering to the same guidelines.

The prompts used to extract and refine complex
legal factors for the VID datasets are shown in the
tables: Table 16 and Table 17. We used the same
prompt for factor extraction in both datasets, except
for domain-specific legal examples. Cross-domain
legal examples were included for each dataset, fol-
lowing guidance to vary example domains. For
refinement, a separate system prompt per dataset
provided legal background before refining the ex-
tracted factors to ensure domain understanding of
legal factors.

9We operate under strict budget constraints and hence this
choice
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VID LID

Count P |K Count P |K
Basic AJFs

Extraction from text corpus 483 NA 179 NA
Generated by RECREW-generate step 20 NA 43 NA
Total 503 NA 222 NA

Selected by Critic in RECREW-generate step 455 0.71|50 216 0.68|50
Selected by Critic in RECREW-review step 40 0.76|40 24 0.90|24
Rejected by Critic in any step 56 0.92|50 36 0.88|36
Complex AJFs

Generated by RECREW-generate step 8716 NA 4,114 NA

Selected by Critic in RECREW-generate step 8676 0.72|100 4075 0.74|100
Selected by Critic in RECREW-review step 32 0.65|32 32 0.67|32
Rejected by Critic in any step 34 0.75|34 38 0.62|38

Table 15: Statistics of automatically discovered AJFs in the VID and LID datasets using the Llama-3-8B-Instruct
model. Also shown in the intrinsic evaluation of the AJFs (in terms of precision within random samples of various
types)
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You are an expert in analysing legal cases between insur-
ance company and insured parties, identifying critical
and complex legal factors that determine judgments in
favor of either party!

### Legal factor definition and example:
A legal factor is any relevant circumstance, scenario, or
piece of information that a court, tribunal, or other adju-
dicating authority considers when forming its reasoning
and arriving at a decision in a legal dispute. Legal fac-
tors have been defined as stereotypical fact patterns that
tend to strengthen or weaken a side’s argument in favor
of a legal claim.
Examples:
1. ⟨insured submitted an unverified medical
report, favours, insurance company⟩ : The submission
of an unverified medical report raises concerns about
the accuracy and reliability of the information provided.
Insurance companies typically rely on verified medical
records to assess risk and determine coverage. If the
report is unverified, the insurance company may have
grounds to dispute the claim or deny coverage based
on the lack of credible evidence regarding the insured’s
health status.
2. ⟨insured’s cause of death is covered under
the policy, favours, insured⟩ : The scenario clearly
states that the cause of death is covered under the policy.
This indicates that the insured’s beneficiaries are likely
to receive the death benefit, as the insurance company is
obligated to pay out for covered causes of death. There-
fore, the insured party is favored in this dispute.

### Task:
Identify the key complex legal factors based on your
understanding from legal factor definition and exam-
ples and return them strictly in the format ⟨Complex
legal factor, favouring, either of the party⟩ from
the below insurance judgement cases focusing on court
judgements:
Case 1: {case1}
Case 2: {case2}
Case 3: {case3}
Case 4: {case4}
Case 5: {case5}
Case 6: {case6}
Case 7: {case7}
Case 8: {case8}
Case 9: {case9}
Case 10: {case10}

Table 16: Prompt for the extraction of legal factors from
the VID dataset as per the baseline approach

You are a legal expert in auto-insurance disputes!

### Complex Legal Factors: {legal_factors}

### Task and Instructions:
Review each of the complex Legal Factors presented
above, and refine the overall list of Legal Factors based
on your understanding and given instructions:
1. Combine obviously identical or highly similar in-
duced factors identified across prompt iterations,
2. identify subtle similarities and differences, and group
or distinguish factors accordingly,
3. refine redundant language,
4. capture the full breadth of a factor,
5. avoid combining what a human may identify as
separate factors under a single definition,
6. consider counting as a factor something for which
the above output contained only a single instance.
7. Return the factors strictly in the format ⟨complex
legal factor, favouring, either of the party⟩

Table 17: Prompt for the refinement of legal factors
from the VID dataset as per the baseline approach
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