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Introduction

Welcome to the seventh edition of the NLLP (Natural Legal Language Processing) Workshop, co-located
with the 2025 Conference on Empirical Methods in Natural Language Processing (EMNLP).

Different industrial sectors have embraced natural language processing (NLP) technologies, which have
altered services and products in healthcare, finance, education among others. The legal domain, in
particular, is at the frontier for new tools, tasks and exploration for new interesting research problems.
Electronic tools have become increasingly integral in the practice of law, with their usage projected to
undergo exponential growth. By its very nature, the practice of law necessarily involves the analysis and
interpretation of language. The potential for NLP applications to provide benefit to practitioners of law
and consumers of legal services around the world is enormous and is already manifesting itself.

We organized this workshop to bring together researchers, practitioners, policy makers from around the
world who develop NLP techniques within the legal domain. This is an exciting opportunity to expand
the boundaries of our field by identifying new problems and exploring new data as it interacts with the
full inventory of NLP and machine learning approaches. In this spirit, the Organizing and Program
Committee was assembled to include researchers from both academia and industry, from NLP and legal
backgrounds.

We were interested in the following types of papers: (1) applications of NLP to legal tasks; (2) methods
for applying Large Language Models (LLMs) to the legal domain; (3) methodological innovations for
legal tasks; (4) tasks, resources and evaluation for NLP in the Legal domain; (5) NLP for online platforms,
social media and regulation; (6) systems, demos and industry applications with legal applications and (7)
interdisciplinary position papers on law and NLP.

We once again received an exceptionally high number of submissions. In total, we received 71 submis-
sions on our direct submission website, out of which we accepted 29 papers for an acceptance rate of
40%. We also received 7 ARR (ACL Rolling Review) commitments -papers that have received reviews
and meta-review via the ARR system- of which we accepted 3 for publication. Overall, we accepted 32
papers out of 78 submissions (overall acceptance rate is 41%), out of which 4 papers were submitted as
non-archival. All papers were reviewed by at least 3 members of the Program Committee, one of whom
was usually a legal scholar.

The papers in this year’s edition of the workshop cover a wide range of topics including new data sets
for legal NLP in lower resource languages such as Portuguese or Thai, benchmarks of LLMs on speci-
fic challenges in legal documents such as long context and applications of LLMs and NLP insights for
tasks on legal documents. Applications include retrieval augmented generation, Personal Identifiable In-
formation (PII) identification, summarization, argumentation, semantic parsing, long-context inference,
information retrieval, classification, prompt optimization and multi-agent systems. Again, we are thrilled
to see the variety of legal documents that are the subject of papers in the workshop including contracts,
wills, patents, court cases, statues, terms of services, trademarks and copyright infringement documents.
We note a specific focus this year on reasoning models and their application to legal documents.

We thank everyone who expressed interest in the workshop, all authors of submitted papers, members
of the Program Committee who did an excellent job at reviewing papers given a short turnaround time,
everyone attending the workshop and the EMNLP 2025 conference for hosting the workshop. We thank
our sponsors: Bloomberg and the European Research Council Starting Grant project HUMANads.

The NLLP Workshop organizers.

http://nllpw.org
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Abstract

Definitions in alliance contracts play a critical
role in shaping agreements, yet they can also
lead to costly misunderstandings. This is exem-
plified by the multimillion-dollar AstraZeneca-
Euopean Commission (EC) dispute, where the
interpretation of ‘best reasonable effort’ be-
came the focal point of contention. In this
interdisciplinary study, we leverage natural lan-
guage processing (NLP) to systematically an-
alyze patterns in the definitions included in al-
liance contracts. More specifically, we cate-
gorize the content of definitions into topics,
identify common terms versus outliers that
are semantically dissimilar and infrequently
used, and track how definitions evolve over
time. Analyzing a dataset of 380,131 defini-
tions from 12,468 alliance contracts in the bio-
pharmaceutical industry, we distinguish that
definitions span legal, technological, and so-
cial topics, with social terms showing the high-
est dissimilarity across contracts. Using dy-
namic topic modeling, we explore how the
content of definitions has shifted over two
decades (2000-2020) and identify prevalent
trends suggesting that contractual definitions
reflect broader economic contexts. Notably, our
results reveal that the AstraZeneca-EC dispute
arose from an outlier—a highly unusual defini-
tion—that could have been flagged using NLP.
Overall, these findings highlight the potential
of data-driven approaches to uncover patterns
in alliance contracts.

1 Introduction

Collaboration between firms is a crucial building
block for a globalized economy. Contracts, i.e.,
legal agreements that determine promises, obliga-
tions, and the future course of action (Macneil,
1978), constitute the backbone of alliances as orga-
nizational forms of collaboration. A key element
within such legal documents that shapes the inter-
pretation of the contract is definitions, i.e., exact
descriptions of key terms used in the contract. The

1

crucial function of definitions—and their potential
to create costly misunderstandings—became evi-
dent to a broader audience in August 2020, when
the European Commission and AstraZeneca in-
cluded a contractual definition of AstraZeneca’s
‘best reasonable efforts’ for vaccine supply. De-
spite this, the alliance partners apparently did not
agree on what the term meant, as this became the
subject of a long and costly high-profile legal dis-
pute halting the collaboration for nearly half a year.
After the litigation had escalated, the partners even-
tually “[...] have been able to reach a common
understanding which allows [us] to move forward
and work in collaboration [...]”. !

Given that these contracts are texts that consti-
tute the foundation of alliances, they present a com-
plex and unique research setting at the intersection
of NLP, data science, and economics. Thus, in this
paper, we set out to study a large corpus of alliance
contracts through a unique lens, i.e., by tracing and
analyzing the definitions used. In doing so, we
can automatically find unusual — and therefore
potentially risky — definitions of terms, identify
topical areas covered by definitions in alliance con-
tracts, and can observe trends in terms defined in
the contracts over time.

In this paper, we study a corpus of 12,468 al-
liance contracts from the biopharmaceutical indus-
try. We begin by extracting texts—specifically defi-
nitions—from these contracts, comparing different
automated methods in the process. This extraction
process resulted in a corpus of 380,131 definitions.
By analyzing the similarity of definitions using
embeddings, we then demonstrate, for instance,
that the disputed ‘best reasonable effort’” definition
in the AstraZeneca-EC case was highly dissimilar
and unusual. Using topic modeling, we identify

"Ruud Dobber, AstraZeneca senior executive,
https://www.reuters.com/world/europe/astrazeneca-eu-reach-
settlement-delivery-covid-19-vaccine-doses-2021-09-03/,
accessed on 15.01.2025
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"NASDAQ", means the Nasdaq Stock Market, Inc.
T T

Definiendum Definiens
L

T
Definition

Figure 1: Definiendum and Definiens of a definition.

key content categories of definitions. To further
trace trends in definitions over time, we leverage
our dataset’s longitudinal design, which includes
alliance contracts signed between 2000 and 2020.
Our main contribution is the application of NLP
methods to real-world contract texts. In so doing,
we demonstrate accurate and efficient methods for
extracting and analyzing contract texts. Further-
more, we contribute by providing a comprehen-
sive dataset—a definition corpus. Beyond these
methodological and data-related contributions, we
advance the literature in two ways: First, our find-
ings reveal that legal definitions are the most simi-
lar across alliance contracts, whereas technological
and social definitions show more variation, mak-
ing them more dissimilar, unusual, and specific to
each alliance. Therefore, alliance partners should
pay special attention to those definitions. Second,
we demonstrate that external events, such as the
COVID-19 pandemic and financial market shocks,
coincide with shifts in the usage and the content of
contract definitions. This finding expands the tra-
ditional view of contracts as predominantly static
legal instruments, instead emphasizing their role as
adaptable tools embedded in the evolving dynam-
ics of their broader environment. For instance, we
show that while alliance partners most often define
technological terms—such as product- and patent-
related terms—in their contracts, stock-related defi-
nitions have become more common over the years.

2 Related work

From a linguistic standpoint, definitions formally
ascribe meaning to an undefined term (i.e., the
definiendum) using already established terms (i.e.,
definiens). An example illustrating this terminol-
ogy is shown in Figure 1. By defining a term that
is yet to be defined, definitions explicitly create a
shared understanding among members who agree
on the definition. In alliances, definitions set up in
their contracts thus establish the meaning of terms
relevant to the signing parties.

Given the importance of contract text and the
definitions therein, existing Al research on automat-
ically examining definitions is limited, primarily

focusing on isolated definitions or specific terms.
While this has generated a wealth of insights, as,
for instance, Legg and Hutter in 2007, collect and
compare 70 definitions of the word ‘Intelligence’
(Legg et al., 2007), it is limited because definitions
are often embedded in real-world texts, such as
alliance contracts.

Extracting information embedded within the
broader contract text and accounting for varia-
tions in document layouts across real-world texts is
challenging. While Sentence Boundary Detection
(SBD) on curated data achieved accuracy scores
of up to 99% as early as 2012 (Read et al., 2012),
attaining such accuracy of SBD in noisy text data
extracted from PDFs is an underexplored problem.
Recent advances in the field are made by a series of
shared tasks called FinSBD (Azzi et al., 2019; Au
et al., 2020, 2021). The most successful method uti-
lized two neural architectures, BILSTM-CRF and
BERT, and took into account both visual cues and
textual data, achieving a mean F1-score of 0.937
on sentences and 0.844 on lists (Singh, 2020). Al-
though this method can be taken as a proof of con-
cept for extracting text from noisy PDFs, this ap-
proach does not scale for thousands of contracts. In
turn, most work in the field focuses on specific in-
formation, which is easier to extract, such as the al-
liance partners of a contract (Sivapiran et al., 2023;
Chalkidis et al., 2017). Extracting specific terms
and meanings from contracts still largely depends
on expensive expert annotation usually restricted
to a subset of terms; for example, Hendrycks et al.
(2021) annotated a subset of 41 categories.

3 Review of methods

Surveys of text representation techniques indicate
that transformer-based embeddings currently per-
form best to compare semantic aspects between
texts at scale in an unsupervised manner (Incitti
et al., 2023; Patil et al., 2023). Thus, we selected
two well-studied transformer-based sentence en-
coding methods. First, we relied on Sentence-
BERT (SBERT) (Reimers and Gurevych, 2019),
the most established model in prior literature.
More specifically, we used the pretrained model
all_mpnet_base_v2, which has achieved the high-
est overall quality in benchmarks? among SBERT
models. As a more recent model, we choose the
General Text Embeddings (GTE) Model (Li et al.,

2https: //www.sbert.net/docs/sentence_
transformer/pretrained_models.html
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2023), as its largest variation gte-large was one
of the best performing, freely available models on
the Massive Text Embedding Benchmark (Muen-
nighoff et al., 2023). We follow recent approaches
of using clustered word embeddings as topic mod-
els (Sia et al., 2020). We utilize the BERTopic
Framework (Grootendorst, 2022), which uses class-
based TF-IDF to identify meaningful topics in the
clusters. To ensure robustness of the topics, we
use multiple Dimensionality Reduction Algorithms,
mainly PCA (Lloyd, 1982) and UMAP (Mclnnes
et al., 2018), as well as Clustering Methods (K-
Means (Lloyd, 1982), BIRCH (Zhang et al., 1996),
HDBSCAN (Mclnnes et al., 2017)) in combina-
tion.

4 Contract corpus and definition
extraction

We collected 18, 742 alliance contracts in the bio-
pharmaceutical industry signed between 1973 —
2021 in PDF format retrieved from BioScience
Advisors (now part of Evaluate), which consoli-
dates information from the SEC and the Freedom
of Information Act. This is structurally equiv-
alent to the widely used Recap database (now
Cortellis Deals Intelligence; (Hanisch et al., 2025;
Schilling, 2009)). Before starting with our anal-
ysis, we conducted extensive manual cleaning ef-
forts to ensure accuracy: removing duplicates, sup-
plementing missing contracts via manual searches
through Law Insider and the SEC, coding ancillary
firm-level data, including headquarters and found-
ing year from corporate websites, standardizing
firm names, and accounting for name changes and
parent-subsidiary relationships.

After collecting the contract texts in the form
of PDF documents, we perform three steps to ex-
tract the definitions. First, we use the open source
PyPDF2 Python package (Fenniak et al., 2022) to
convert PDF documents to text. Generally, such
tools generate noisy, unstructured texts containing
nonstandard words, false starts, missing punctua-
tion, missing letter case information, and other text
disfluencies (Azzi et al., 2019), ultimately com-
plicating the extraction of correct text passages.
Therefore, we perform cleaning steps with regex to
standardize whitespaces or tabs to one space length
and remove multiple newlines in a row.

Second, we use three different methods to extract
definitions. The first method to extract is based on
multiple open source SBD tools, combined with a

simple check for common words alliance partners
use in definitions. The second method is based
on a regular expression (regex) that searches for
common words, common structure, and phrases of
definitions. The third method is based on the Large
Language Model Llama-3.1-7@0B-Instruct of
the LLama 3 model family (Dubey et al., 2024).
The regex and Large Language Model method are
explained in more detail in Appendix Section A.

Third, we use a subset annotated by human
coders to evaluate and compare the three extrac-
tion methods. Three independent coders, one au-
thor and two thesis students, all equipped with
knowledge of the seminal alliance contract litera-
ture and information retrieved from interviews with
two practitioners (more specifically, one alliance
manager and one lawyer), identified and counted
definitions in 826 alliance contract PDFs without
predefined coding guidelines to maintain an open-
ended qualitative approach. In rare cases of dis-
agreement among the coders about the number of
definitions, this was resolved through mutual dis-
cussion after completion of their individual coding
efforts. In this subset, we have both contracts with
zero definitions and larger contracts containing up
to 735 definitions. Because of this large variance
and contracts that are hard to extract data from due
to the noisy PDF reading, we evaluate the methods
by their median count error per contract against the
human counts.

The SBD approach finds fewer definitions than
the human-annotated dataset and has a median er-
ror rate of 6 definitions per contract. Addition-
ally, this method fails to identify definitions in full
length when the definition text spanned multiple
sentences. In comparison, the regex method finds
slightly more definitions than the human count and
has a median error rate of 3 definitions per con-
tract. Although the LLM method proved effective
for shorter contracts, longer contracts introduced
significant drawbacks. Even when setting the tem-
perature to O, the LLM still hallucinates, i.e., in-
cludes definitions that are not written in the real-
world contract text. Similar problems are known
for extracting facts from documents (Dong et al.,
2022), where pretraining data is returned instead of
document data and even larger models struggle to
accurately return document facts, once the context
size increases significantly (Li et al., 2024). Over-
all, the LLM method has a median error rate of 5
definitions per contract. Based on this comparison,
we conclude to use the regex method for extracting



definitions from the whole corpus.

Using regex, we identify a total of 457,711 def-
initions across 12,468 contracts. In so doing, we
identify 122,414 different definienda in the con-
tract corpus. For the following analysis, we drop
77,482 definitions containing the phrase ‘set forth
in’, which indicates that the definition is defined
in another chapter of the contract. This leaves a
final sample of 380,131 definitions. We release
these definitions as a dataset’ containing a unique
id for each alliance contract, the year the contract
was signed, and the definition itself, which is split
into the definiendum and the definiens. For the
published dataset, we use a regex to remove all
company names from the text and replace them
with the placeholder [COMPANY]. For the follow-
ing analysis, these definitions were then prepro-
cessed by removing all line breaks, standardizing
whitespaces, and removing all non-alphanumeric
characters.

S Similarity of definitions

After identifying regular expressions as the most
accurate method for extracting definition text from
contracts, we aim to analyze the similarity of defi-
nitions. Specifically, we examine definitions with
the same definiendum to understand which defi-
nitions are written in a standardized manner and
which vary significantly. To do so, we select all
definienda that appear in at least 100 different con-
tracts (when converted to lower case), resulting
in 369 definienda. After removing four redacted
definienda (usually for confidentiality reasons), we
retain 365 different definienda for further analy-
sis. For example, the most usual definiendum, ‘af-
filiate’, is frequently defined (precisely in 6,584
different contracts).

Next, we create the embeddings solely on the
definientia. Then, we calculate the mean of all
pairwise cosine similarity scores between all defini-
entia that have the same definiendum. We thus
obtain a mean similarity score for each definien-
dum, where a high score indicates that definitions
of a certain definiendum are defined more simi-
larly across contracts, and a low score indicates the
reverse.

In the following, we compared similarity across
all definienda by relying on three inductively pro-
duced overarching categories of definitions (Gioia

3https ://huggingface.co/datasets/Maxbenkre/
pharmaceutical_definitions

GTE SBERT

‘ Mean Definiendum H Mean Definiendum
0.961641 | irs 0.909868 | governmental order
0.960714 | governmental order 0.901723 | irs
0.960319 | exchange act 0.882542 | ema
0.957939 | securities act 0.880703 | exchange act

0.957101 | ema 0.879796 | erisa

0.883866 | diligent efforts 0.603111 | diligent efforts

0.883659 | common stock 0.603016 | technical information
0.883542 | transaction documents || 0.601633 | research plan
0.821110 | field of use 0.375891 | field of use

0.818951 | party 0.337282 | party

0.816680 | parties 0.320123 | parties

Table 1: Similarity of definitions appearing in at least
100 different contracts according to GTE and SBERT
embeddings.

et al., 2013). In so doing, in a first step, we manu-
ally reviewed each contract definition individually
and assigned first-order concepts, i.e., descriptive
codes closely reflecting the wording in the data.
After reviewing 74 contracts in this way, we ag-
gregated these into second-order concepts by clus-
tering related first-order concepts and abstracting
their underlying themes. Finally, we distilled these
second-order concepts into three mutually exclu-
sive aggregate categories — social, technological,
and organizational definitions. Table 1 displays
similarity across definienda according to the GTE
and SBERT embeddings.

The most similarly defined definienda are legal
terms like ‘irs’ (i.e., internal revenue service) or
‘ema’ (i.e., European Medicines Agency). On the
other hand, the most dissimilar definienda are spe-
cific to an alliance, e.g., the parties involved in the
contract. For qualitative analysis, definienda which
differ slightly across contracts are interesting, e.g.
‘diligent efforts’, which we analyze in Section 5.2.

Although individual score differences between
the two embedding methods are substantial, the
methods exhibit a strong overall rank correlation.
The Spearman rank correlation between the two
methods is approximately 0.96, and the Kendall
tau correlation is approximately 0.84. The higher
scores of GTE might indicate that GTE embeds
the sentences in a similar embedding space, as they
are all definitions, which SBERT might not do.
However, as we only compare definitions with each
other, this has little influence on the general ranking
and further results are similar. For this reason,
examples in this paper will only be shown when
computed on GTE embeddings.


https://huggingface.co/datasets/Maxbenkre/pharmaceutical_definitions
https://huggingface.co/datasets/Maxbenkre/pharmaceutical_definitions

manufacturing costs

manufacturing cost

.

cost ofsgoods
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Figure 2: Similarity graphs: Connected definienda are
defined with more than 99% cosine similarity according
to GTE.

5.1 Similarity graphs

Beyond comparing individual definitions, our ob-
jective is to identify different definienda that are
described by textually similar definientia. For ex-
ample, the terms ‘cost of goods’ and ‘manufactur-
ing costs’ are often defined in a nearly identical
manner across contracts. Successfully identifying
such pairs validates our embedding model’s ability
to detect similarity.

Our method is to first compute a single embed-
ding for each definiendum by averaging the em-
beddings of all its corresponding definientia. We
then calculate the pairwise cosine similarity be-
tween these embeddings. A high similarity score
between two embeddings indicates that their under-
lying definienda are used synonymously or at least
described in a similar way.

We represent these relationships as a graph,
where each term is a node and an edge connects
two nodes if their similarity exceeds a set thresh-
old. For GTE embeddings, a strict threshold of
>0.99 identifies 193 distinct pairs of synonymous
definienda. As shown in Figure 2, this reveals dis-
tinct clusters of meaning. The graph’s structure is
dynamic; for instance, lowering the threshold to
0.98 adds a new edge between the ‘manufacturing
cost’ node and the related term ‘development costs’.
By incrementally lowering the threshold, we can
explore relationships from almost equally defined
definienda to more broadly related concepts. These
similarity graphs (see more in Appendix B) can
help new alliance partners to quickly find concep-
tually related definienda that use different terminol-
ogy in their previous contracts, which can reduce
unnecessary equivocality in further contracts.

5.2 Comparing similarity based on the
example of ‘reasonable effort’ definitions

To demonstrate how semantic similarity can iden-
tify atypical legal definitions, we perform a case

| — Mean
1000 -

AstraZeneca

Amount

0.85 0.90
Mean Similarity

0.80

Figure 3: Cumulative distribution of mean pairwise sim-
ilarity scores with GTE embeddings of various ‘efforts’
definitions compared to the AstraZeneca - EC defini-
tion.

study on the term ‘best reasonable efforts’ from the
contentious AstraZeneca-EC contract. As this term
itself already is rare in our dataset—it is used in
only three contracts—we benchmark its definition
against a larger set of 1,512 definitions for the more
common, related terms ‘commercially reasonable
efforts” and ‘diligent efforts’. For this analysis, we
generate GTE embeddings from the definiens only,
excluding any redacted definitions.

First, we establish a baseline by calculating the
mean pairwise cosine similarity across this entire
1,512-definition set, which is approximately 0.901.
This high score indicates that the definitions for
these standard “efforts” clauses are, on average,
highly similar to one another.

We then calculate the mean pairwise similarity
of the AstraZeneca definition against all 1,512 defi-
nitions in the comparison set. As shown in Figure
3, the resulting similarity score is 0.882. This value
is significantly lower than the mean, confirming
that the AstraZeneca definition is an outlier. Specif-
ically, 1,346 of the 1,512 definitions in the com-
parison set have a higher mean similarity to their
peers, placing the AstraZeneca definition in the
11th percentile for textual similarity and marking it
as highly unusual.

We see that the ‘best reasonable efforts’ defini-
tion is infrequently used and highly dissimilarly de-
fined compared to the other definitions. We manu-
ally analyze the differences for the reasons between
the higher and lower scores. The definientia that
are most similar to the majority of others are exem-
plary to the following one, with recurrent phrases
highlighted:

‘means, with respect to a Party’s obligations un-
der this Agreement, efforts consistent with the ef-
forts and resources normally used by a similarly sit-



uated pharmaceutical, biotechnology or technology
company in the exercise of its reasonable business
discretion relating to the development or commer-
cialization of a product with similar product char-
acteristics that is of similar market potential at a
similar stage of development or commercialization
[...]

So, the most common way to define ‘efforts’ is
to compare them to efforts spent by similar compa-
nies that undertake similar projects. Usually, these
definitions are very verbose; the 200 most similar
definitions have a mean character length of 998.
This seems to be one of the main differences when
comparing definitions that have a lower similarity
score.

The lowest similarity scores below 0.85 have
definitions that are actually defined in a different
section of the document, such as “shall have the
meaning given in Section 2.2 (¢)”. When disregard-
ing such definitions and comparing all definitions
that have more than 0.86 similarity score but less
than 0.89 score, it shows that these definitions are
much less verbose. They contain only 637 char-
acters on average instead. One such example of a
particularly short definition is the following one,
with a mean similarity score of 0.867: ‘shall mean
efforts in accordance with the standards of care and
diligence [COMPANY] practices with respect to
its own product’.

The definition in the AstraZeneca - EC contract,
on the other hand, is as verbose as other similar def-
initions, as it contains 962 characters and includes
the most common phrases. Instead, the low score
could result from the inclusion of the urgent need
for a vaccine for the pandemic:

‘means (a) in the case of AstraZeneca, the activ-
ities and degree of effort that a company of similar
size with a similarly-sized infrastructure and sim-
ilar resources as AstraZeneca would undertake or
use in the development and manufacture of a Vac-
cine at the relevant stage of development or com-
mercialization having regard to the urgent need

for a Vaccine to end a global pandemic which is
resulting in serious public health issues, restric-
tions on personal freedoms and economic impact,
across the world but taking into account efficacy
and safety [...].

This example demonstrates that examining the
(dis)similarity of definitions enables alliance part-
ners to distinguish between standard and atypical
terms, whereas identifying the latter helps to proac-
tively address potential misunderstandings early.

6 Change of definitions over time

Next, we investigate how contract definitions
change over time. We first assess if there are def-
initions that have become more prevalent in gen-
eral or specific terms (definienda) whose meaning
(definiens) has changed over time. Second, we cre-
ate topic models to identify prevalent topics and
their trends.

6.1 Change of specific terms

We begin by examining how the use and meaning
ascribed to specific terms evolve over time. This
requires analyzing the frequency of definitions in
different years. Figure 4 shows three key metrics
from 1981 to 2021: the number of contracts con-
taining definitions, the total number of definitions,
and the average number of definitions per contract.
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Figure 4: The top diagram shows how many contracts
that contained definitions were found for each year. The
diagram in the middle shows how many definitions were
found for each year. The lower diagram shows the
average number of definitions in each contract per year.

The upper part of the figure shows that the vast
majority of contracts containing definitions in the
dataset were signed from 2000 onward, with the
oldest contracts signed in 1981 and the most recent
ones signed in 2021. We limited our analysis to
the period from 2000 to 2021, due to a rare number
of definitions prior to the year 2000. The middle
section of the figure illustrates the annual number
of definitions included in the contracts. Compar-
ing this with the upper section of the figure reveals
an interesting trend: while the majority of con-
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Figure 5: Definienda with the highest annual percentage
increase in the proportion of contracts they appeared in.

tracts containing definitions were signed in 2006
and 2008, the highest number of definitions ap-
pears in contracts signed between 2016 and 2019.
This suggests that alliance partners have increas-
ingly included more definitions per contract over
time while the variation has potentially increased
as well. Specifically, although the number of con-
tracts containing definitions peaked in 2006 and
2008 (i.e., it was usual to include definitions in that
time span), the average number of definitions per
contract increased in subsequent years. Interest-
ingly, the peak in contracts that contain definitions
coincides with the financial crisis, highlighting a
potential link between the macroeconomic environ-
ment and contracting.

Starting with a more fine-grained analysis, we
first uncover temporal patterns of definienda in
terms of their frequency, i.e., whether and how
often definienda reoccur over time. As the absolute
number of definitions has increased, as shown in
Figure 4, the measure must take into account the
number of contracts in each year. Figure 5 shows
the definienda that experienced the most signifi-
cant relative increase compared to all other defini-
tions appearing in at least 100 different contracts
between 2000 and 2020. In total, 35 definitions
show an increase of 10 percentage points or more
during this period. The definition with the highest
increase is ‘business day’, which was defined in
only 3% of the contracts signed in 2000 but ap-
peared in nearly 50% of contracts signed in 2020.
Other definienda with substantial increases above
20% include ‘person’, ‘commercially reasonable
efforts’, ‘third party’ and two different authority-
related terms.

) 20 - \/\/\/\/\,\/\/\/\
8 |
=
g |
= AN -
0_ T : T x= |—-"<‘A T
2000 2005 2010 2015 2020
Year
— effective date
— =+ technology
------ field of use

* steering committee
technical information
====product(s)

Figure 6: Definienda with the highest annual percentage
decrease in the proportion of contracts they appeared in.

As shown in Figure 6, very few definitions are
used significantly less frequently between 2000
and 2020. The only definiendum that decreased
by 10 percentage points in frequency during this
period is ‘effective date’. Other definitions show, at
most, a decline of five percentage points. However,
there are notable outliers, such as the definiendum
‘emea’, which surged from 2% occurrence in 2000
to 15% in 2009, and then plummeted to 0% by
2019. In comparison, ‘ema’ experienced the high-
est single-year increase, rising from 0% in 2009 to
9.6% in 2009. The decline in ‘emea’ and the par-
allel increase of ‘ema’ can be attributed to the re-
naming of the EU agency responsible for the scien-
tific evaluation, supervision and safety monitoring
of medicines from EMEA (European Medicines
Evaluation Agency) to EMA (European Medicines
Agency) in 2010.

To analyze changes in definitions over time, we
applied cosine similarity to compare embeddings
of definitions that appeared in at least 30 different
contracts between 2000 and 2010 and compared
them to embeddings of definitions from 2011 to
2020. For each definiendum, we calculate the mean
embedding for each decade and then computed the
cosine similarity between the two mean embed-
dings. However, this method has a limitation: defi-
nitions that are inherently diverse, such as those for
‘company’, which are often specific to individual
alliances, are likely to exhibit low cosine similar-
ity between decades regardless of actual semantic
change. Therefore, the results must be interpreted
cautiously to distinguish actual changes in defi-
nitions from definitions being diverse in the first
place.



However, between the decades, there are only
three definitions that are outliers and have a sig-
nificantly lower cosine similarity compared to the
distribution of other definitions, indicating that few
definitions had major shifts in the way they were de-
fined (i.e., the meaning ascribed to the same terms)
over time. These definienda were ‘holder’, ‘active
ingredient’, and ‘cmc’. In the cases of ‘holder’
and ‘cmc’, the definitions in newer contracts were
standardized, i.e., experienced a convergence. Be-
fore that convergence, the definition experiences
changes. For example, the definientia of ‘holder’ in
the years before 2010 (i.e., before the convergence)
are ‘means any Investor who holds at least 200,000
shares of Preferred Stock [...]” or ‘shall mean a
Person holding Company Common Stock [...]” and
examples after 2010 are ‘means a Person in whose
name a CVR is registered in the CVR Register’
and ‘means a Person who is registered in the CVR
Register’. The term ‘CVR’ in these cases usually
is defined as the right of holders to receive contin-
gent Parent Common Stock. The definientia for
‘cmc’ after 2010 were shortened to ‘means chem-
istry, manufacturing and controls’ from ‘means the
Chemistry Manufacturing and Controls [...] as filed
with the FDA’. In the case of ‘active ingredient’ the
major shift was that the actual substance used was
rarely defined in the years after 2010 and often
defined in the years before. This means that, con-
cerning the technology, alliance partners decided
to include less actual detail. Two examples from
before 2010 are ‘shall mean Mesalamine [...]" and
‘shall mean the doxycycline hyclate [...]". Two ex-
amples from after 2010 are ‘means the clinically
active material(s) that provide pharmacological ac-
tivity in a pharmaceutical product [...]” and ‘means
any substance (whether chemical or biologic) or
mixture of substances intended to be used in the
manufacture of a drug [...]".

These examples underscore that this method
finds interesting changes in definitions. However, it
does not guarantee finding all definitions that have
changed significantly over the years.

6.2 Dynamic topic models

Building on the observation that definitions have
generally become more common overall, we next
investigate whether this trend is the same across
different categories of definitions, or if a certain
category has become more prevalent over the years.
To do this, we apply dynamic topic modeling using
BERTopic (Grootendorst, 2022) to all definitions
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Figure 7: Top five topics of formation contract defini-
tions of a topic model created with UMAP, K-Means
and GTE embeddings.

from biopharmaceutical alliance contracts signed
between 2000 and 2020. Model performance in re-
gards to cluster size is evaluated using the standard
approach of topic coherence and topic diversity
(Wu et al., 2024), and we use multiple different
approaches, as detailed in Appendix C.

The analysis revealed a dominant trend as dis-
played in Figure 7: definitions related to ‘stock’
and ‘shares’ became significantly more prevalent
over time. This rise in financial terminology, likely
driven by increased M&A activity (DiMasi, 2020),
coincided with a decline in the frequency of defini-
tions related to technological product development.

7 Conclusion

Overall, this paper applies NLP methods to a
unique corpus, whose central role in forming al-
liances makes them highly relevant for both prac-
tice and research. Specifically, we extracted defini-
tions from real-world alliance contract texts in the
biopharmaceutical industry at scale. First, method-
ologically, we develop a tool set that allows us to
study definitions in text corpora using a combina-
tion of traditional tools and modern machine learn-
ing approaches. More specifically, we find that
regex seems most suitable for extracting definitions
from noisy real-world contract text. Second, we
contribute to the research community studying com-
putational processing of language by publishing a
comprehensive dataset of definitions, distinguish-
ing between definienda and definientia in alliance
contracts over time. Third, this interdisciplinary
study also hopes to make two theoretical contribu-



tions to existing research. While our results show
that the ascribed meaning to social terms are most
dissimilar and social definienda are most unusual
(i.e., they differ the most in meaning and usage),
our method allows to derive whether a certain defi-
nition differs from the most usual way it is defined
across alliance contracts. This, in turn, could pro-
vide alliance partners with the ability to identify
unusual definitions or dissimilarly defined terms,
allowing them to focus on those definitions in ne-
gotiations to navigate potential conflicts early on.
In addition, we analyze definitions in alliance con-
tracts signed between 2000 and 2021 and find that
alliance partners generally use more definitions
over time. Although the number of definitions used
per contract increased over time, the content of
definitions is embedded in the broader environmen-
tal context; for instance, stock-related definitions
have become more common after the financial cri-
sis. The latter extends more traditional views on
alliance contracts, which have mainly focused on
the transaction itself, by interpreting them as em-
bedded in larger economic surroundings. In con-
clusion, in applying NLP methods to real-world
corpora, our paper integrates qualitative insights
with quantitative analysis. While we acknowledge
that qualitative information has inherent limitations
- for instance in terms of generalizability - our study
postulates and aims to showcase that such human-
centered qualitative analyses support, contextual-
ize and embed NLP findings in a meaningful way,
particularly in context-rich texts such as alliance
contracts.

Limitations

Our paper has three limitations that potentially
open avenues for future research. While the text
extraction of definitions from real-world texts (i.e.,
alliance contracts) is a key strength of our paper,
this extraction also comes with limitations. First,
while the regex method worked reasonably well
when compared to the dataset of human annota-
tions, there is no guarantee that the extracted def-
initions are complete or correct. As the regex ex-
ploited the most common structure found in most
contracts, definitions of contracts following differ-
ent formats might not be found. As the text read
from the PDF files already contains text anoma-
lies, the definitions found by the regex will contain
them as well and can negatively impact the similar-
ity scores and topic creation.

Second, similarity is highly dependent on the
viewpoint. While syntactic similarity, which has
been at the heart of linguistic research, is rather
objective, semantic similarity might vary. For ex-
ample, a lawyer might interpret the similarity of
two definitions differently than the CEO of an al-
liance partner or a stakeholder of an alliance partner.
Our method to identify similarity should therefore
not be taken at face value, but certainly provides a
first step to filter interesting definitions for further
in-depth research.

Third, we assume that definitions only concern
one topic each. While this is a reasonable assump-
tion, it might not hold true for all definitions. For
example, patent definitions can be related to tech-
nological and legal topics. Future research could
thus use other topic model approaches like latent
dirichlet allocation or soft clustering methods to
adjust for this.

References

Willy Au, Abderrahim Ait-Azzi, and Juyeon Kang.
2021. Finsbd-2021: The 3rd shared task on struc-
ture boundary detection in unstructured text in the
financial domain. In Companion Proceedings of the
Web Conference 2021, WWW 21, page 276-279,
New York, NY, USA. Association for Computing
Machinery.

Willy Au, Bianca Chong, Abderrahim Ait Azzi, and Di-
alekti Valsamou-Stanislawski. 2020. FinSBD-2020:
The 2nd shared task on sentence boundary detec-
tion in unstructured text in the financial domain. In
Proceedings of the Second Workshop on Financial
Technology and Natural Language Processing, pages
47-54, Kyoto, Japan. -.

Abderrahim Ait Azzi, Houda Bouamor, and Sira Fer-
radans. 2019. The FinSBD-2019 shared task: Sen-
tence boundary detection in PDF noisy text in the
financial domain. In Proceedings of the First Work-
shop on Financial Technology and Natural Language
Processing, pages 74-80, Macao, China.

Gerlof Bouma. 2009. Normalized (pointwise) mutual
information in collocation extraction. Proceedings
of GSCL, 30:31-40.

Ilias Chalkidis, Ion Androutsopoulos, and Achilleas
Michos. 2017. Extracting contract elements. In Pro-
ceedings of the 16th Edition of the International Con-
ference on Articial Intelligence and Law, ICAIL *17,
page 19-28, New York, NY, USA. Association for
Computing Machinery.

Adji B. Dieng, Francisco J. R. Ruiz, and David M. Blei.
2020. Topic modeling in embedding spaces. Trans-
actions of the Association for Computational Linguis-
tics, 8:439—453.


https://doi.org/10.1145/3442442.3451378
https://doi.org/10.1145/3442442.3451378
https://doi.org/10.1145/3442442.3451378
https://aclanthology.org/2020.finnlp-1.8
https://aclanthology.org/2020.finnlp-1.8
https://aclanthology.org/2020.finnlp-1.8
https://aclanthology.org/W19-5512
https://aclanthology.org/W19-5512
https://aclanthology.org/W19-5512
https://api.semanticscholar.org/CorpusID:2762657
https://api.semanticscholar.org/CorpusID:2762657
https://doi.org/10.1145/3086512.3086515
https://doi.org/10.1162/tacl_a_00325

Joseph A DiMasi. 2020. Research and development
costs of new drugs. JAMA, 324(5):517-517.

Yue Dong, John Wieting, and Pat Verga. 2022. Faithful
to the document or to the world? mitigating hal-
lucinations via entity-linked knowledge in abstrac-
tive summarization. In Findings of the Association
for Computational Linguistics: EMNLP 2022, pages
1067-1082, Abu Dhabi, United Arab Emirates. Asso-
ciation for Computational Linguistics.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela
Fan, et al. 2024. The llama 3 herd of models. arXiv
preprint arXiv:2407.21783.

Mathieu Fenniak, Matthew Stamy, pubpub zz, Martin
Thoma, Matthew Peveler, exiledkingcc, and PyPDF2
Contributors. 2022. The PyPDF?2 library.

Dennis A. Gioia, Kevin G. Corley, and Aimee L. Hamil-
ton. 2013. Seeking qualitative rigor in inductive re-
search: Notes on the gioia methodology. Organiza-
tional Research Methods, 16(1):15-31.

Maarten Grootendorst. 2022. Bertopic: Neural topic
modeling with a class-based tf-idf procedure. arXiv
preprint arXiv:2203.05794.

Marvin Hanisch, Lorenz Graf-Vlachy, Carolin Haeus-
sler, Andreas Konig, and Theresa S Cho. 2025. Kin-
dred spirits: Cognitive frame similarity and good
faith provisions in strategic alliance contracts. Strate-
gic Management Journal, 46(2):436-469.

Dan Hendrycks, Collin Burns, Anya Chen, and
Spencer Ball. 2021. Cuad: An expert-annotated
nlp dataset for legal contract review. arXiv preprint
arXiv:2103.06268.

Francesca Incitti, Federico Urli, and Lauro Snidaro.
2023. Beyond word embeddings: A survey. In-
formation Fusion, 89:418-436.

Jey Han Lau, David Newman, and Timothy Baldwin.
2014. Machine reading tea leaves: Automatically
evaluating topic coherence and topic model quality.
In Proceedings of the 14th Conference of the Euro-
pean Chapter of the Association for Computational
Linguistics, pages 530-539, Gothenburg, Sweden.
Association for Computational Linguistics.

Shane Legg, Marcus Hutter, et al. 2007. A collection
of definitions of intelligence. Frontiers in Artificial
Intelligence and applications, 157:17.

Mo Li, Songyang Zhang, Yunxin Liu, and Kai Chen.
2024. Needlebench: Can llms do retrieval and rea-
soning in 1 million context window? arXiv preprint
arXiv:2407.11963.

Zehan Li, Xin Zhang, Yanzhao Zhang, Dingkun Long,
Pengjun Xie, and Meishan Zhang. 2023. Towards
general text embeddings with multi-stage contrastive
learning. arXiv preprint arXiv:2308.03281.

10

S. Lloyd. 1982.  Least squares quantization in
pcm. [EEE Transactions on Information Theory,
28(2):129-137.

Ian R Macneil. 1978. Essays on the nature of contract.
NC Cent. LJ, 10:159.

Leland Mclnnes, John Healy, and Steve Astels. 2017.
hdbscan: Hierarchical density based clustering. Jour-
nal of Open Source Software, 2(11):205.

Leland Mclnnes, John Healy, and James Melville. 2018.
Umap: Uniform manifold approximation and pro-
jection for dimension reduction. arXiv preprint
arXiv:1802.03426.

Niklas Muennighoff, Nouamane Tazi, Loic Magne, and
Nils Reimers. 2023. MTEB: Massive text embedding
benchmark. In Proceedings of the 17th Conference
of the European Chapter of the Association for Com-
putational Linguistics, pages 2014-2037, Dubrovnik,
Croatia. Association for Computational Linguistics.

Rajvardhan Patil, Sorio Boit, Venkat Gudivada, and
Jagadeesh Nandigam. 2023. A survey of text repre-
sentation and embedding techniques in nlp. /EEE
Access, PP:1-1.

Jonathon Read, Rebecca Dridan, Stephan Oepen, and
Lars Jgrgen Solberg. 2012. Sentence boundary de-
tection: A long solved problem? In Proceedings of
COLING 2012: Posters, pages 985-994, Mumbai,
India. The COLING 2012 Organizing Committee.

Nils Reimers and Iryna Gurevych. 2019. Sentence-
BERT: Sentence embeddings using Siamese BERT-
networks. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
3982-3992, Hong Kong, China. Association for Com-
putational Linguistics.

Melissa A Schilling. 2009. Understanding the alliance
data. Strategic Management Journal, 30(3):233-260.

Suzanna Sia, Ayush Dalmia, and Sabrina J. Mielke.
2020. Tired of topic models? clusters of pretrained
word embeddings make for fast and good topics too!
In Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 1728-1736, Online. Association for Computa-
tional Linguistics.

Janvijay Singh. 2020. PublishInCovid19 at the FinSBD-
2 task: Sentence and list extraction in noisy PDF text
using a hybrid deep learning and rule-based approach.
In Proceedings of the Second Workshop on Financial
Technology and Natural Language Processing, pages
55-61, Kyoto, Japan. -.

Sanjeepan Sivapiran, Charangan Vasantharajan, and
Uthayasanker Thayasivam. 2023. Party extraction
from legal contract using contextualized span rep-
resentations of parties. In Proceedings of the 14th


https://doi.org/10.1001/jama.2020.8648
https://doi.org/10.1001/jama.2020.8648
https://doi.org/10.18653/v1/2022.findings-emnlp.76
https://doi.org/10.18653/v1/2022.findings-emnlp.76
https://doi.org/10.18653/v1/2022.findings-emnlp.76
https://doi.org/10.18653/v1/2022.findings-emnlp.76
https://doi.org/10.48550/arXiv.2407.21783
https://pypi.org/project/PyPDF2/
https://doi.org/10.1177/1094428112452151
https://doi.org/10.1177/1094428112452151
https://doi.org/10.48550/arXiv.2203.05794
https://doi.org/10.48550/arXiv.2203.05794
https://doi.org/doi.org/10.1002/smj.3660
https://doi.org/doi.org/10.1002/smj.3660
https://doi.org/doi.org/10.1002/smj.3660
https://doi.org/10.48550/arXiv.2103.06268
https://doi.org/10.48550/arXiv.2103.06268
https://doi.org/10.1016/j.inffus.2022.08.024
https://doi.org/10.3115/v1/E14-1056
https://doi.org/10.3115/v1/E14-1056
https://doi.org//10.48550/arXiv.0706.3639
https://doi.org//10.48550/arXiv.0706.3639
https://doi.org/10.48550/arXiv.2407.11963
https://doi.org/10.48550/arXiv.2407.11963
https://doi.org//10.48550/arXiv.2308.03281
https://doi.org//10.48550/arXiv.2308.03281
https://doi.org//10.48550/arXiv.2308.03281
https://doi.org/10.1109/TIT.1982.1056489
https://doi.org/10.1109/TIT.1982.1056489
https://api.semanticscholar.org/CorpusID:198765370
https://doi.org/10.21105/joss.00205
https://doi.org/10.48550/arXiv.1802.03426
https://doi.org/10.48550/arXiv.1802.03426
https://doi.org/10.18653/v1/2023.eacl-main.148
https://doi.org/10.18653/v1/2023.eacl-main.148
https://doi.org/10.1109/ACCESS.2023.3266377
https://doi.org/10.1109/ACCESS.2023.3266377
https://aclanthology.org/C12-2096
https://aclanthology.org/C12-2096
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.1002/smj.731
https://doi.org/10.1002/smj.731
https://doi.org/10.18653/v1/2020.emnlp-main.135
https://doi.org/10.18653/v1/2020.emnlp-main.135
https://aclanthology.org/2020.finnlp-1.9
https://aclanthology.org/2020.finnlp-1.9
https://aclanthology.org/2020.finnlp-1.9
https://aclanthology.org/2023.ranlp-1.116/
https://aclanthology.org/2023.ranlp-1.116/
https://aclanthology.org/2023.ranlp-1.116/

International Conference on Recent Advances in Nat-
ural Language Processing, pages 1085—-1094, Varna,
Bulgaria. INCOMA Ltd., Shoumen, Bulgaria.

Xiaobao Wu, Thong Nguyen, and Anh Tuan Luu. 2024.
A survey on neural topic models: methods, applica-
tions, and challenges. Artificial Intelligence Review,
57(2):18.

Tian Zhang, Raghu Ramakrishnan, and Miron Livny.
1996. Birch: an efficient data clustering method for
very large databases. SIGMOD Rec., 25(2):103-114.

A Extraction methods

We explain the regular expression and Large Lan-
guage Model approach.

A.1 Regular Expression

The final regex we use to extract definitions is dis-
played in Figure 8. We explain the purpose of each
part of the regex in the following:

o ("I'YCNn){1,100}7)("I"): This part matches
the definiendum. It works by first matching
the opening quotation mark, which can have
different formats. Then up to hundred charac-
ters can follow and the quotation mark has to
be closed again.

¢ ((.\n){0,50}?)(meanldefine): This part
matches everything up to the connector
phrase. The lazy quantifier is necessary
as otherwise this could match the connec-
tor phrase of the next definition and two
definitions would be extracted as one.

e ((.\n)*7)\.: This part matches everything that
comes after the connector phrase until a ter-
minal point occurs. Note that this group com-
bined with the previous one can also match dif-
ferent forms of connectors, e.g ‘has the mean-
ing’ or ‘is defined as’, as all characters before
and after the character sequence ‘meanldefine’
are matched.

e (\nl\s\s+): This part is used to see if the point
that was found is indeed a terminal point fin-
ishing the sentence. This is necessary as it
is difficult to distinguish abbreviations from
terminal points otherwise. On top of that, it
is a way to match both single sentence def-
initions and multiple sentence definitions as
long as there is only one white space character
between the sentences.
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Here are two definitions from different contracts
and how they are detected by different parts of the
regex:

* 1.23 “Product” shall mean any product con-
taining a Development Candidate.—

* “API Manufacturing Process” is defined as a
process used in the manufacture of API[...] in
order to market, sell and distribute the Product
in the Territory.—

We display the comparison of human count and
regular expression count in the upper part of Figure
9. We do an error analysis of 26 contracts with a
difference of fifty or more from the manual count.
We find that thirteen contracts do not use quotation
marks, four contracts had no connector phrases
e.g. “mean” or “define”, two contracts exhibited
poor OCR layer quality, and one contract featured
multiple definitions defined more than once. Addi-
tionally, in six cases, we find that the manual count
was inaccurate, showing that the different layouts
between contracts and the repetitive nature of the
task can even make humans inaccurate.

A.2 Large Language Model

We employ Llama-3.1-7@0B-Instruct (Dubey
et al., 2024) to extract definitions from legal con-
tracts. Consistent with previous research (Li et al.,
2024; Dong et al., 2022), every prompt variation
we test generates definitions that are not present in
the source text, particularly for longer contracts.

Several prompting techniques fail to mitigate
this issue. In-context learning proves counterpro-
ductive, causing the model to invent definitions
that are similar to our provided examples, even if
they are not present in the contract. Structuring the
output into a separate definiendum and definiens
resulted in pairs, where the definiendum was part
of the original contract, but the definiens was not.
Furthermore, chunking the contract into smaller
segments to reduce the input context led to an even
higher rate of false definitions, particularly in sec-
tions of the contract which contained no definitions
at all.

While the prompt detailed in Figure 10 achieves
the best performance relative to the human baseline,
it still produces hallucinated definitions. As halluci-
nated definitions arguably are more detrimental for
further research, compared to missed definitions
and other research reports similar results (Li et al.,
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("I*YCN){ 1,100 D("P)((\n){0,50} 7)(meanldefine)((.\n)*?)\.(\nl\s\s+)

Figure 8: The full regular expression we use to extract definitions from contracts.

2024; Dong et al., 2022) we do not pursue LLMs
further for this task.

We display the comparison of human count and
the number of definitions found by the LLM in
the lower part of Figure 9. Similar to our analy-
sis on a subset of contracts we see that the LLM
returns more definitions than the human annota-
tors counted. We analyze a subset of contracts and
find that for many contracts the LLLM hallucinates
definitions that are not part of the actual contract
text.

B Similarity graphs

We average the embeddings for all definientia of
one definiendum and then calculate the pairwise
cosine similarity between different definienda. De-
pending on the method, different thresholds can be
set to judge if a pair of definienda are similar to
each other. For example, setting the threshold of
similarity above 0.99 for GTE embeddings finds
193 pairs of similar definienda. By selecting each
definiendum as a node in a graph and connecting
nodes when their definienda are deemed similar, it
is possible to easily visualize which definienda are
similarly defined according to this method.

To show that the found pairs are similar to each
other we show a subset of graphs here. There are 72
distinct graphs that can be created with this method,
when setting the threshold above 0.99 cosine simi-
larity for GTE embeddings. In Figure 13 we show
all 21 graphs that have more than 2 nodes and fewer
than 9 nodes. There are 2 graphs with more than
8 nodes and 49 graphs with only two nodes not
depicted.

It is important to note, however, that definienda
that are defined similarly are not necessarily seman-
tically equivalent. One example are the definienda
‘excluded assets’ and ‘purchased assets’ which ac-
tually describe opposite terms. The definientia of
both terms are syntactically very similar however,
e.g. the following one for excluded assets: “shall
mean all assets and properties ( other than the Pur-
chased Assets )” is very similarly defined to the
one for the purchased assets of a different contract:
“shall mean all assets of Seller ( excluding only the
Excluded Assets described in Section 2.2 below
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)”. In this case the embedding rated the similar-
ity highly, even though the semantic meaning is
actually opposite.

C Topic model evaluation

Topic model effectiveness is typically evaluated
by using two metrics: topic coherence and topic
diversity. A widely accepted measure for topic
coherence is Normalized Pointwise Mutual Infor-
mation (NPMI) (Bouma, 2009), which has demon-
strated reasonable performance in mimicking hu-
man judgment (Lau et al., 2014). The measure
ranges from [—1, 1], where 1 indicates a perfect
association. Topic diversity is the percentage of
unique words for all topics (Dieng et al., 2020).
This metric is quantified within the range [0, 1],
where a value of 0 indicates completely redundant
topics and a value of 1 indicates completely diverse
topics. It is important to acknowledge that, while
these measures provide an indication of a model’s
performance, they serve as proxies for what is ul-
timately a subjective evaluation. Coherence and
diversity can be perceived differently depending
on the individual, and these measures should not
be used as a way of optimizing topic models but
instead, they should be viewed as providing an in-
dication of performance (Grootendorst, 2022).

Both NPMI and diversity scores are calculated
for each cluster amount, ranging from 10 to 50
clusters. As HDBSCAN cannot create a specific
amount of cluster, the minimum cluster size hy-
perparameter is set between 300 and 1000 in steps
of 17 so that between 10 and 50 clusters are cre-
ated. The dimension to which the dimensionality
reduction algorithm reduces to is tested for each
algorithm in steps of 10 from 10 to 50. Other hy-
perparameters are kept constant and to their default
values during different runs. As coherence score
calculation is memory intensive, 100,000 defini-
tions are randomly chosen as a subset on which all
clusters are created.

Another aspect of clustering is the running time
of each model, as faster models are more practical
to use. For this matter, all combinations of Di-
mensionality Reduction and Clustering Methods
are used with hyperparameters set to 10 clusters
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Figure 9: Comparison of human count to the number
of definitions found by regex in the upper figure and by
LLM in the lower figure on log scale. The black line
indicates perfect alignment, while the each dot above
the line means the corresponding method found more
definitions than the human count, while each dot below
means the humans counted more definitions than the
method found. We can see that in the majority of con-
tracts the LLM finds more definitions than the human
count. In our analysis we find a lot of hallucinated defi-
nitions that are not part of the actual contract.

or 1000 as the minimum cluster size for HDB-
SCAN. The time we need to embed the defini-
tions was not added, as this step can be precom-
puted. This one time step takes around 5 GPU
hours for each embedding method on the whole
dataset. All of these timed runs are performed on an
NVIDIA GeForce RTX 2080 Ti and an Intel(R)
Core(TM) 17-9700K CPU and we reporte the aver-
age over 3 runs.

The results of the evaluation can be seen in Ta-
ble 2. The HDBSCAN clustering algorithm per-
forms the best out of the three methods tested, both
in terms of general topic coherence and diversity,
while BIRCH performs worst. However, the results
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LLM Prompt

System: Your task is to find all
definitions in contracts. Respond
only in python list format. Add
a new entry to the list for
each definition. Highlight the
definiendum in each definition with
«». If you don’t find any return an
empty python list.

[

"«Definienduml» means ...", // The
first definition
"«Definiendum2» means ...", // The

second definition

]

User: <Text of one contract>"

Figure 10: The prompt with the best performance for
extracting definitions with a Large Language Model.

of HDBSCAN should not necessarily be taken at
face value, as it filters out noisy data compared
to the other clustering algorithms tested. Depend-
ing on the number of clusters filtered by their size,
HDBSCAN only clusters between 50 — 70% of the
definitions.

In general, the definitions are quite diverse, as
all diversity scores are greater than 0.9. This is
underlined by the coherence scores of different
cluster sizes. On average, topic models with 30
clusters have a coherence score 0.07 higher than
topic models with 10 clusters, and topic models
with 50 clusters have an additional increase in the
coherence score of 0.03.

The best coherence scores are achieved with a
large number of clusters, and we show the top five
topics of the topic models with 50 topics. We
show the dynamic topic models for each type of
clustering algorithm that we use with the fixed-
dimensionality reduction method UMAP. Figure 11
shows the topics for HDBSCAN, Figure 7 shows
the topics for K-Means, and Figure 12 shows the
topics when using BIRCH. All topic models show
the trend that technological definitions about prod-
ucts or their development were the most common
in the year 2000, but became less common over the
years. In contrast, stock-related definitions have
become much more common compared to other
definition topics.



Embedding Dimens. Reduction Clustering Coherence  Diversity Runtime
GTE PCA BIRCH -0.019439  0.961011 25.55
GTE PCA HDBSCAN = 0.083254* 0.983011 164.85
GTE PCA K-Means 0.003356  0.955560 30.80
GTE Truncated SVD BIRCH -0.038055  0.962230 25.00
GTE Truncated SVD HDBSCAN | 0.082802* 159.85
GTE Truncated SVD K-Means 0.001938  0.955537 24.33
GTE UMAP BIRCH 0.020336  0.960023 116.29
GTE UMAP HDBSCAN = 0.052988* 0.951642 119.28
GTE UMAP K-Means 0.028103 = 0.968145 116.53
SBERT PCA BIRCH -0.014009  0.912952 70.84
SBERT PCA HDBSCAN 0.978100 166.38
SBERT PCA K-Means 0.015207 0.938769 23.03
SBERT Truncated SVD BIRCH -0.020028  0.909377 70.05
SBERT Truncated SVD HDBSCAN = 0.123977*  0.979926 164.95
SBERT Truncated SVD K-Means 0.014620  0.938340

SBERT UMAP BIRCH 0.021142  0.952062 115.29
SBERT UMAP HDBSCAN = 0.096806* 0.959011 118.83
SBERT UMAP K-Means 0.039753 = 0.963235 113.36

Table 2: The mean coherence and diversity scores achieved by the combination of multiple methods and their
corresponding average runtime in seconds. HDBSCAN coherence scores are marked as it only clusters between

50 — 70% of definitions.
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Figure 11: Top five topics of a Dynamic Topic Model
using UMAP, HDBSCAN and GTE Embeddings.

- combination product, combination, compound

— == rights patent, patent rights, patent

------ net sales, sales gross, sales

===+ preferred stock, common stock, capital stock
regulatory approval, regulatory authority, regulatory

Figure 12: Top five topics of a Dynamic Topic Model

using UMAP, BIRCH and GTE Embeddings.
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and Transactions in Consumer Markets

Shenzhe Zhu Jiao Sun
Stanford University University of Southern California
Yi Nian Tobin South
University of Southern California Stanford University
Alex Pentland Jiaxin Pei
Stanford University Stanford University
Abstract

Al agents are increasingly used in consumer-
facing applications to assist with tasks such as
product search, negotiation, and transaction ex-
ecution. In this paper, we investigate a future
setting where both consumers and merchants
authorize Al agents to automate the negotia-
tions and transactions in consumer settings. We
aim to address two questions: (1) Do differ-
ent LLM agents exhibit varying performances
when making deals on behalf of their users? (2)
What are the potential risks when we use Al
agents to fully automate negotiations and deal-
making in consumer settings? We designed an
experimental framework to evaluate Al agents”
capabilities and performance in real-world ne-
gotiation and transaction scenarios, and experi-
mented with a range of open-source and closed-
source LLMs. Our analysis reveals that deal-
making with LLM agents in consumer settings
is an inherently imbalanced game: different
Al agents have large disparities in obtaining
the best deals for their users. Furthermore, we
found that LLMs” behavioral anomaly might
lead to financial loss when deployed in real-
world decision-making scenarios, such as over-
spending or making unreasonable deals. Our
findings highlight that while automation can
enhance transactional efficiency, it also poses
nontrivial risks to consumer markets. Users
should be careful when delegating business de-
cisions to LLM agents.
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Abstract

Retrieval-Augmented Generation (RAG) is a
promising approach to mitigate hallucinations
in Large Language Models (LLMs) for legal
applications, but its reliability is critically de-
pendent on the accuracy of the retrieval step.
This is particularly challenging in the legal do-
main, where large databases of structurally sim-
ilar documents often cause retrieval systems to
fail. In this paper, we address this challenge by
first identifying and quantifying a critical fail-
ure mode we term Document-Level Retrieval
Mismatch (DRM), where the retriever selects
information from entirely incorrect source doc-
uments. To mitigate DRM, we investigate a
simple and computationally efficient technique
which we refer to as Summary-Augmented
Chunking (SAC). This method enhances each
text chunk with a document-level synthetic
summary, thereby injecting crucial global con-
text that would otherwise be lost during a stan-
dard chunking process. Our experiments on a
diverse set of legal information retrieval tasks
show that SAC greatly reduces DRM and, con-
sequently, also improves text-level retrieval pre-
cision and recall. Interestingly, we find that a
generic summarization strategy outperforms an
approach that incorporates legal expert domain
knowledge to target specific legal elements.
Our work provides evidence that this practi-
cal, scalable, and easily integrable technique
enhances the reliability of RAG systems when
applied to large-scale legal document datasets. '

1 Introduction

Large Language Models (LLMs) are increasingly
adopted in high-stakes domains such as law. Yet,
they remain critically limited by the phenomenon

“Equal contribution.
"Work was performed at University of Trento.
Correspondence: markus.reuter@stud.tu-darmstadt.de
'Code is available at https: //github.com/
DevelopedByMarkus/summary-augmented-chunking.
git.
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of hallucination: incorrect outputs that are fabri-
cated or deviate from the provided source material,
posing severe risks in legal applications (Huang
et al., 2025; Li, 2023; Qin and Sun, 2024). Recent
studies report hallucination rates between 58—-80%
for general-purpose LLMs on legal tasks (Dahl
et al., 2024), highlighting how factual reliability is
not just desirable but essential for deploying LLMs
in the legal domain.

This challenge is amplified by forward-looking
proposals for how legal documentation itself may
evolve. For instance, Patka et al. (2025) suggest
that privacy policies may intentionally become
longer and more comprehensive to ensure they are
legally complete. In such a future, LLMs are ex-
pected to serve as the designated “readers” of these
texts, extracting and summarizing information for
human users. This vision, however, can only be
realized if the systems are highly reliable.

Retrieval-Augmented Generation (RAG) (Lewis
et al.,, 2020) has emerged as one of the lead-
ing approaches to improving reliability. Using
a trusted text corpus to provide factual evidence,
RAG guides the LLM’s output, reducing hallucina-
tions and ensuring closer alignment with the source
material (Tonmoy et al., 2024). In the context of
long, structurally similar legal documents, identi-
fying the relevant text passage as “needle in the
haystack™ becomes a top priority that we aim to
address.

On a technical level, we quantify the retrieval
quality with our Document-Level Retrieval Mis-
match (DRM) metric and the character-level pre-
cision and recall. Then, we investigate a simple
yet effective technique to improve retrieval qual-
ity, Summary-Augmented Chunking (SAC). We
enrich text chunks in the trusted text corpus with
document-level summaries. This preserves global
context, lost in standard chunking, guiding the re-
triever toward the correct document without alter-
ing the underlying retrieval pipeline. This method
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is applied to question-answering tasks across a di-
verse set of legal documents, including privacy poli-
cies, non-disclosure agreements, and merger-and-
acquisition contracts.

Key contributions: (i) First, we define and quan-
tify Document-Level Retrieval Mismatch (DRM),
a key failure mode we observe in standard RAG
pipelines where the retrieved information origi-
nates from the entirely wrong source document. (ii)
We propose Summary-Augmented Chunking (SAC)
as a lightweight and modular solution that strongly
reduces DRM by injecting global context directly
into each chunk. We experimentally validate SAC
on Legalbench-RAG (Pipitone and Alami, 2024),
showing substantial improvements over standard
chunking. (iii) Additionally, we explore how to uti-
lize legal domain knowledge by evaluating both a
generic and an expert-guided summarization strat-
egy. Interestingly, we find that simple, general-
purpose summarization yield the best retrieval per-
formance.

2 Background and Related Work

2.1 Retrieval-Augmented Generation

RAG (Lewis et al., 2020) is a powerful paradigm
that enhances the reliability of LLMs by ground-
ing their outputs in external knowledge sources.
This approach is particularly crucial in high-stakes
domains like law, where factual accuracy is not
just desirable but mandatory. The standard RAG
pipeline consists of two main stages: a retriever
that searches a large document corpus to find text
snippets or “chunks” that are relevant to a user’s
query and a generator model that synthesizes a final
answer based on these retrieved chunks.

RAG has been adapted for a wide array of legal
tasks (Hindi et al., 2025), including case reasoning
(Yang, 2024), legal judgment prediction (Peng and
Chen, 2024), and legal question-answering (Cheru-
bini et al., 2024; Visciarelli et al., 2024). Recent
approaches have focused on improving reliabil-
ity by imposing more structure on the knowledge
source, for instance, through knowledge graphs
(Kalra et al., 2024) or structured case databases
(Wiratunga et al., 2024; Jayawardena et al., 2024).

Despite its demonstrated ability to improve fac-
tual accuracy in context-sensitive tasks (Gupta
et al., 2024), the effectiveness of RAG is critically
dependent on the quality of the initial retrieval step
(Huang et al., 2025; Hou et al., 2024a,b). If the
retriever fails to select information that is relevant
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or complete, the generator may produce factually
unsupported responses. Accordingly, prior studies
demonstrate that RAG is not a guaranteed solution,
as legal RAG systems continue to generate a consid-
erable amount of hallucinated content, particularly
when the retrieval mechanism is ineffective (Dahl
et al., 2024; Magesh et al., 2025; Ariai and Demar-
tini, 2024). Our work addresses this challenge by
focusing on the pre-retrieval stage, the engineering
of the knowledge base, which forms the foundation
of any reliable RAG system.

2.2 Unique Challenges of Legal Text for RAG

Legal documents present a major challenge for au-
tomated text processing systems due to their spe-
cific linguistic and structural characteristics (Ash-
ley, 2018; Ferraris et al., 2024; Liepina et al., 2019;
Martinelli, 2023). These challenges make retrieval
particularly prone to errors.

(i) Lexical Redundancy: Legal language is
highly standardized, featuring boilerplate clauses,
formally defined phrases, and specialized termi-
nology that are often repeated across thousands
of documents (Akter et al., 2025). For example,
Non-Disclosure Agreements within a database may
be structurally almost identical, differing only in a
few critical variables such as party names or dates.
This high degree of similarity can easily confuse
retrieval models that rely on surface-level keyword
matching or vector similarity (Joshua et al., 2025).

(ii) Hierarchical Structure: Legal texts are or-
ganized in complex layouts with nested sections,
subsections, and dense cross-references. Stan-
dard chunking strategies ignore document hierar-
chy (Ferraris et al., 2024; Zilli et al., 2025), which
cuts off these logical connections. As a result, re-
trieved chunks may appear relevant but lose their
intended meaning when disconnected from their
structural context.

(iii) Fragmented Information: Answering a
legal question often requires synthesizing infor-
mation scattered across multiple sections or even
different documents (Hindi et al., 2025). For exam-
ple, interpreting an exception clause in a privacy
policy may depend on definitions or stipulations
introduced much earlier in the document. Retrieval
systems must therefore go beyond finding locally
relevant chunks and instead capture distributed fac-
tual dependencies that contribute to a legally mean-
ingful answer (Bendahman et al., 2025).

(iv) Provenance and Traceability: In legal ap-
plications, the provenance of information is of high



importance. Answering a question correctly is in-
sufficient if the supporting text is retrieved from
the wrong source document (Uke et al., 2025). For
instance, pulling a clause from a similar but dis-
tinct contract would undermine the legal validity of
the generated output and erode user trust (Joshua
etal., 2025; Hindi et al., 2025). Consequently, legal
professionals require a transparent and verifiable
“reasoning trail” from the generated answer back to
the specific clauses in the original source document
(Richmond et al., 2024). This need for an auditable
path, where every piece of information can be vali-
dated against its source, makes document-faithful
retrieval a fundamental measure of a system’s reli-
ability.

2.3 Focus on the Pre-Retrieval Stage:
Chunking and Context Enrichment

The performance of a RAG system is heavily influ-
enced by the pre-retrieval phase, where the knowl-
edge base documents are processed and indexed.
The dominant practice is chunking, that breaks
down large documents into smaller pieces for effi-
cient indexing in a vector database. This process
must balance efficiency (smaller chunks), relevance
(precise chunks), and context preservation (seman-
tically complete chunks) (Barnett et al., 2024; Gao
et al., 2023b). Naive chunking methods like fixed-
size splitting can fragment logical units, leading to
incomplete text snippets. More advanced strategies
aim to preserve meaning. Recursive character split-
ting, for instance, divides text along natural bound-
aries like paragraphs and punctuation’. Semantic
chunking uses language models to identify natu-
ral breakpoints, ensuring each chunk encapsulates
a complete idea. Yet, even these methods strug-
gle with legal text, as they may miss provisions
spanning multiple sections or fail to handle nested
clauses effectively (Ferraris et al., 2024; Kalra et al.,
2024; Qu et al., 2024).

This can be explained due to a fundamental limi-
tation of chunking: the inevitable loss of global con-
text. Each chunk is embedded as an isolated vector,
disconnected from the broader document it belongs
to. This isolation is a primary cause of what we
identify and later formally define as Document-
Level Retrieval Mismatch (DRM), a critical failure
where the retriever selects chunks from entirely
incorrect source documents that happen to share
superficial similarities with the query. This is par-

2https://python.langchain.com/docs/how_to/
recursive_text_splitter/
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ticularly problematic in legal databases with numer-
ous structurally similar documents. While context
loss is a known issue (Ferraris et al., 2024; Giinther
etal., 2024), DRM has not been formally quantified
in the legal NLP literature.

To combat this context loss, various general con-
text enrichment strategies have been developed.
A straightforward local approach is to expand re-
trieved chunks to include surrounding sentences,
a technique referred to as “Small2Big”. A more
global approach involves adding metadata, which
can be either standard (timestamps, authors, ti-
tles) or artificially generated. Examples of arti-
ficial metadata include chunk-specific explanatory
context, such as in Contextual Retrieval by An-
thropic?, or synthetic questions that a chunk could
answer, as seen in methods like Reverse HyDE
and QuIM-RAG (Gao et al., 2023a; Saha et al.,
2024). Our Summary-Augmented Chunking falls
into this last category, focusing on a lightweight,
scalable approach where a single document-level
summary provides global context to every chunk
derived from it.

While our work focuses on this practical tech-
nique, other research has explored more architec-
turally complex solutions. These include methods
that rethink the indexing structure, such as the hier-
archical approach in RAPTOR (Sarthi et al., 2024),
or knowledge graphs that model legal relationships
(Kalra et al., 2024). The recent Late Chunking
method (Giinther et al., 2024) preserves more se-
mantic context information by first embedding a
document’s full content and then performing chunk-
ing at the embedded level. Finally, the emergence
of long-context models that can process hundreds
of thousands of tokens presents a potential alter-
native to the chunking paradigm altogether, a use
case specifically highlighted by OpenAl for lengthy
legal documents (OpenAl, 2024).

However, these advanced methods often intro-
duce significant computational overhead or imple-
mentation complexity. Our research, in contrast,
deliberately focuses on a practical, modular, and
resource-efficient technique. Furthermore, we in-
vestigate a novel aspect of context enrichment by
examining how domain expertise from legal pro-
fessionals can be used to create more powerful,
legally-informed summaries.

3https://www.anthropic.com/engineering/
contextual-retrieval
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Figure 1: Part a) illustrates how our retrieval quality metrics, Document-Level Retrieval Mismatch (DRM) and
text-level precision/recall, are computed in the LegalBench-RAG (Pipitone and Alami, 2024) information retrieval
task. Part b) shows the process of setting up the knowledge base using Summary Augmented Chunks (SAC).

3 Methodology

3.1 Task Definition and Dataset

To evaluate improvements in a RAG pipeline, a
benchmark must be able to isolate the performance
of the retrieval stage from the final generative out-
put. Widely adopted benchmarks like LegalBench
(Guha et al., 2023) and LexGLUE (Chalkidis et al.,
2021) are designed to test the intrinsic reasoning ca-
pabilities of LLMs. Consequently, when these are
used to evaluate RAG systems, any performance
changes are difficult to attribute specifically to the
retrieval component, as its contribution is blended
with the model’s internal knowledge. For this rea-
son, our study uses LegalBench-RAG (Pipitone and
Alami, 2024), a recently developed benchmark
specifically designed to isolate and evaluate the
retrieval component of RAG systems in the legal
domain. It is constructed from the well-established
LegalBench corpus.

The LegalBench-RAG benchmark comprises
multiple datasets that target distinct types of legal
documents: (i) CUAD (Contract Understanding
Atticus Dataset, (Hendrycks et al., 2021)), which
contains general contracts; (ii)) MAUD (Merger
Agreement Understanding Dataset, (Wang et al.,
2023)), consisting of merger agreements; (iii) Con-
tractNLI (Koreeda and Manning, 2021), a dataset
of non-disclosure agreements; and (iv) PrivacyQA
(Ravichander et al., 2019), which includes privacy
policies from mobile applications.

We measure the performance on LegalBench-
RAG via document-level DRM and character-level
precision/recall between the retrieved and ground-

truth text snippets (see Figure 1a), offering a holis-
tic measure of retrieval quality. While our current
work focuses exclusively on this retrieval analysis,
we are currently working on adapting a benchmark
such as the Australian Legal QA dataset* for end-
to-end performance evaluation in future work.

3.2 Problem of Document-Level Retrieval
Mismatch (DRM)

We started by conducting diagnostic experiments
with a standard RAG approach in LegalBench-
RAG (Pipitone and Alami, 2024) to establish a
baseline performance and understand the behavior
of standard RAG systems on this task. We began
by evaluating a range of retrieval architectures and
embedding models to determine the typical per-
formance ceiling and identify any systemic weak-
nesses. Across different configurations and models,
overall retrieval scores remained consistently low
(see Appendix C).

We identified a major bottleneck: across differ-
ent architectures and embedding models, retrievers
frequently select chunks from entirely incorrect
source documents. We define Document-Level
Retrieval Mismatch (DRM) as the proportion of
top-k retrieved chunks that do not originate from
the document containing the ground-truth text.

While DRM is a general challenge for retrieval
systems and increases the probability of hallucina-
tions in the subsequent generation of RAG systems
(Hou et al., 2024a), its impact is particularly severe
in the legal domain due to the high degree of lexical

4https://huggingface.co/datasets/isaacus/
open-australian-legal-qga
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and structural similarity across documents (Ferraris
et al., 2024). For instance, when we tested a stan-
dard RAG pipeline on ContractNLI data (Koreeda
and Manning, 2021), we observed DRM rates over
95% (Fig. 2a) in a pool of 362 documents. Our
legal experts hypothesize that this may be due to
the highly standardized, boilerplate nature of non-
disclosure agreements, which are largely uniform
apart from a few key variables. This linguistic ho-
mogeneity confuses retrieval models that rely on
semantic similarity (or keyword matching), leading
them to prioritize chunks that are textually similar
to the query but from the wrong agreement. A con-
crete example of how the retriever fails on similar
contracts can be found in Section 5.2.

This problem of lexical and structural similar-
ity is not limited to contracts: in any legal task,
users need assurance that retrieved context truly
comes from the intended document. For example,
when answering a question about a privacy pol-
icy, pulling text from a different but similar policy
undermines both factual accuracy and trust in the
system. Even if the generated answer happens to
be correct, legal professionals expect document-
faithful reasoning, making DRM a key measure of
whether retrieval respects source boundaries.

3.3 A Simple Solution: Summary Augmented
Chunking (SAC)

To combat DRM, we experimented with a simple
methodology that we named Summary-Augmented
Chunking (SAC). SAC works as follows (see Fig-
ure 1b):

(i) Summarization: For each document in the
corpus, we use an LLM to generate a single, con-
cise summary as “document fingerprint”, approxi-
mately 150 characters long. A detailed analysis of
length and its impact is provided in Appendix A. (ii)
Chunking: We employ a recursive character split-
ting strategy to partition the document’s content
into smaller, manageable chunks. This established
method performs well on our dataset, as supported
by prior work (Kalra et al., 2024) and our own em-
pirical results. (iii) Augmentation: We prepend
the document-level summary to each chunk derived
from that document. (iv) Indexing: The summary-
augmented chunks are then embedded and indexed
in a vector database for retrieval.

This approach injects crucial global context into
each chunk, specifically to mitigate DRM by guid-
ing the retriever to the correct source document.
The method is highly practical, requiring only one
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additional LLM call per document and can be
smoothly integrated into existing RAG pipelines
with minimal computational overhead. The generic
prompt used for summarization is the following:

System: You are an expert legal document summa-
rizer.

User: Summarize the following legal document text.
Focus on extracting the most important entities, core
purpose, and key legal topics. The summary must
be concise, maximum {char_length} characters long,
and optimized for providing context to smaller text
chunks. Output only the summary text.

Document: {document_content}

Because LLMs often deviate from the specified
length, we allowed a tolerance of 20 characters.
Outputs exceeding this limit were regenerated with
areduced char_length value.

3.4 Expert-Guided Summarization

While generic summaries provide a significant
improvement, we hypothesize that tailoring sum-
maries to the nuances of specific legal document
types could further enhance retrieval performance.
The especially high residual mismatch in datasets
containing non-disclosure agreements and privacy
policies (Fig. 2b) suggests that certain contractual
language requires more sophisticated contextual
cues, motivating our Expert-Guided summarization
approach.

In collaboration with two legal experts’, we en-
gineered a more sophisticated “meta-prompt” that
instructs the LLM to generate summaries as dis-
tinct as possible within a document type. It directs
the model to identify and prioritize key differen-
tiating legal variables. To test this, we focused
on non-disclosure agreements and privacy policies,
defining each type’s key characteristics from legally
required elements and highlighting distinguishing
features such as party names, definitions of data
categories and their processing (for privacy poli-
cies), and definitions of confidential information
(for NDAs). Our resulting expert-guided summa-
rization prompt can be found in Appendix D.

This idea is supported by recent findings in legal
NLP. For instance, research on summarizing Italian
tax law decisions has demonstrated that a modular,
expert-validated approach provides a solid basis for
downstream semantic search, a task analogous to

5An associate professor and a postdoctoral researcher in
law, with expertise in data protection and private law.
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Figure 2: Document-Level Retrieval Mismatch (DRM) of a standard RAG approach (left) and using our Summary
Augmented Chunking (right), applied to the 4 datasets in the LegalBench-RAG benchmark. Retrieval using SAC
selects fewer wrong documents across all top-k retrieved snippets and seeds.

our retrieval application (Pisano et al., 2025). Ac-
cording to their findings, moving beyond generic
summarization could be vital for complex legal
texts. Their two-step method combines separate
summary parts, whereas our “meta-prompt” uses
conditional logic to integrate document type classi-
fication and summarization implicitly.

4 Experimental Setup

We evaluate the performance of our methods cov-
ering a broad picture of retrieval quality:

(i) Document-Level Retrieval Mismatch
(DRM): As our primary metric, DRM directly mea-
sures the retriever’s ability to identify the correct
source document. A lower DRM indicates higher
precision at the document level.

(ii) Text-Level Precision: It measures the frac-
tion of all the retrieved text that is part of the ground
truth text span. High precision means that the re-
trieved context is concise and contains minimal
irrelevant “noise”.

(iii) Text-Level Recall: It evaluates what frac-
tion of the ground truth text was found by the re-
trieval system. High recall indicates that the system
found all the necessary information.

As our baseline, we implemented a standard
RAG pipeline using a recursive character splitting
strategy with a chunk size of 500 characters and
without overlap. The document summaries were
generated using gpt-4o-mini (Hurst et al., 2024)
and we instructed and processed the summaries to
be about 150 characters long (details in the Ap-
pendix A). The concatenated texts were embedded
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with thenlper/gte-large® (Li et al., 2023) (see
Appendix C) and indexed in a FAISS (Johnson
et al., 2019) vector database with cosine similarity
as retrieval metric.

Dense semantic search excels at capturing con-
ceptual similarity but may overlook exact lexi-
cal matches. In contrast, BM25 (Robertson and
Zaragoza, 2009) is well established for keyword-
based retrieval and can be effective for queries with
unique identifiers or technical terminology. We
therefore experimented with a hybrid dense+sparse
retrieval. However, results showed that BM25
(sparse) improved DRM but decreased precision/re-
call while introducing additional computational
overhead (see the Appendix B), so we decided to
only use dense retrieval in the main experiments.

For all systems, we report performance across a
range of top-k retrieved chunks. This reflects real-
world deployment scenarios, where practitioners
must balance precision and recall depending on
application needs. Reporting the full curve enables
a more informative assessment of trade-offs across
retrieval strategies.

5 Results

5.1 Automatic Evaluation

We demonstrate that SAC significantly reduces
DRM compared to the baseline, showcasing its
effectiveness in providing necessary global context.
The results, reported in Figure 2b, show a dramatic
reduction in DRM across a wide range of hyper-
parameters, effectively halving the mismatch rate.

®https://huggingface.co/thenlper/gte-large
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expert-guided summarization strategy. The metrics are averaged over all datasets and seeds.

Crucially, this improvement in document-level ac-
curacy translates directly to improved text-level
retrieval quality. By guiding the retriever to the
correct document, RAG systems using SAC sig-
nificantly outperform the standard RAG baseline
on character-level precision and recall as well (Fig-
ure 3). Unexpectedly, Expert-Guided Summariza-
tion did not yield improvements over the general
prompt (Figure 3). It resulted only in slightly better
retrieval metrics in a few specific settings, such as
with larger chunk sizes.

5.2 Qualitative Evaluation of Legal Experts

Beyond quantitative metrics, a qualitative analy-
sis offers critical insights into how different sum-
marization strategies impact retrieval, especially
where the baseline struggles. We illustrate these
observations with a representative example from
the ContractNLI dataset, focusing on a query about
Non-Disclosure Agreements (NDAs), highlight-
ing baseline failure and contrasting generic versus
expert-guided SAC.

Query: “Consider Evelozcity’s Non-Disclosure
Agreement; Does the document allow the Receiv-
ing Party to independently develop information that
is similar to the Confidential Information?”

Ground Truth:

Relevant document: NDA-Evelozcity.txt

Relevant snippets: “The obligations of the Recipient
specified in Section 2 above shall not apply with
respect to Confidential Information to the extent that
such Confidential Information:”

“(d) is independently developed by or for the Recip-
ient by persons who have had no access to or been
informed of the existence or substance of the Confi-
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dential Information.”

A. Baseline Retrieval - No Summary

Retrieved document: NDA-ROI-Corporation.txt X
Retrieved snippet: “NON-DISCLOSURE AGREE-
MENT FOR PROSPECTIVE PURCHASERS”
Comment: Complete failure, distracted by structural
similarity of an other irrelevant NDA header.

B. Using a 150-character summary generated with
the generic meta-prompt

Retrieved document: NDA-Evelozcity.txt ¢/
Summary: “Non-Disclosure Agreement between
Evelozcity and Recipient to protect confidential in-
formation shared during a meeting.”

Retrieved snippet: *“; or (d) is independently devel-
oped by or for the Recipient by persons who have
had no access to or been informed of the existence or
substance of the Confidential Information.”
Comment: Successful document-level retrieval (97%
precision, 50% recall). The generic summary effec-
tively guided to the correct document and relevant
clause.

C. Using a 150-character summary generated with
the expert meta-prompt

Retrieved document: NDA-Evelozcity.txt ¢/
Summary: “NDA between Evelozcity and Recipient;
covers vehicle prototypes, confidentiality obligations,
exclusions, 5-yr term, CA governing law.”
Retrieved snippet: “NON-DISCLOSURE AGREE-
MENT

This NON-DISCLOSURE AGREEMENT (this
“Agreement”) is made as of this ___ day of __ 2019,
by and between Evelozcity with offices at *address*
(the “Disclosing Party”), and __ (the “Recipient”).”
Comment: While the correct document was found,
the snippet is the introductory boilerplate, completely
useless for the query.

D. Using a 300-character summary generated with
the expert meta-prompt

Retrieved document: NDA-Evelozcity.txt v/
Summary: “**Definition of Confidential Informa-
tion**: Non-public vehicle prototypes and company
plans. **Parties**: Disclosing Party: Evelozcity,
CA; Recipient: [Name Not Provided]. **Obliga-
tions**: Keep confidential, limit access to affiliates,




use only for evaluation. **Exclusions**: Public
knowledge, prior possession, independent develop-
ment.”

Retrieved snippet: The same snippet as in case C.
Comment: Similar to C, correct document, but irrele-
vant boilerplate snippet despite richer summary.

The ground truth in Example 1 consists of two
related snippets addressing the independent devel-
opment of information similar to confidential ma-
terial. It demonstrates the baseline’s (A) complete
failure to identify the correct document, highlight-
ing the high Document-Level Retrieval Mismatch
(DRM) caused by lexical redundancy and struc-
tural similarities in legal corpora. Both generic (B)
and expert-guided (C, D) SAC approaches, how-
ever, successfully guided the retriever to the correct
source document, clearly showing SAC’s effective-
ness in mitigating DRM by injecting global con-
text.

Crucially, while document-level retrieval im-
proved, a key difference emerged in snippet quality.
The top-ranked chunk with the generic summary
(B) was one of the correct snippets, directly engag-
ing with the query. Conversely, both expert-guided
summaries (C and D), despite retrieving the cor-
rect document, yielded an irrelevant introductory
boilerplate snippet.

From a legal expert perspective, the expert-
guided summaries (especially D) are richer, more
structured and contain highly discriminative infor-
mation for differentiating between NDAs (e.g., par-
ties, subject matter, duration, exclusions). Yet, this
legal assessment contrasts with observed retrieval
performance. Expert summaries, while legally
more informative and superior for differentiating
documents, did not translate to better text-level
snippet retrieval. This counter-intuitive result re-
quires a more technical explanation (we explore in
the next Section 5.3) and suggests a complex inter-
action within the embedding space, where highly
specific, dense legal information may not be opti-
mally processed for general query alignment.

5.3 Discussion

Our findings demonstrate that summary-based con-
text enrichment provides a robust and scalable so-
lution to a fundamental weakness of RAG in the
legal domain: the loss of global context during
chunking. By prepending document-level sum-
maries to each text chunk, our method helps in
guiding the retriever toward the correct source doc-
ument, as evidenced by the drastic reduction in
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DRM. This is particularly valuable in legal corpora,
where high structural similarity and standardized
language make cross-document confusion a dom-
inant failure mode. The success of this simple
intervention underscores the importance of preserv-
ing document-level semantics in a domain where
the overarching context dictates the meaning of in-
dividual clauses, a critical aspect for reliable legal
NLP applications.

Interestingly, our experiments revealed that
generic summaries consistently outperformed
expert-guided ones, a counter-intuitive result given
the legal precision of the latter. As highlighted in
Section 5.2, from a legal perspective, expert-guided
summaries successfully capture the distinctive ele-
ments required to differentiate between contracts
of the same type. However, for the purpose of
retrieval, we hypothesize two potential technical
explanations for this observed performance gap.

First, generic summaries may strike a better bal-
ance between distinctiveness and broad semantic
alignment with a wider variety of potential queries.
While legally more precise, highly specific, expert-
driven cues in the summaries might inadvertently
overfit to narrow features. This would improve
retrieval only in very specific cases and reduce ro-
bustness across a broader range of user intents.

Second, the informationally dense and structured
language of expert-guided summaries may pose
challenges for smaller embedding models, which
must compress both the summary and chunk into
a single vector. To investigate this potential bot-
tleneck, future experiments with stronger, more
capacious embedding models are needed.

In general, the interaction between summaries
added to a chunk within the embedding space is
complex. A strong global signal from the summary
could overshadow the local relevance of a chunk.
Understanding this dynamic is critical to improve
our approach. Interesting insights from a machine
learning perspective could be gained when analyz-
ing the embedding space directly. We plan to use
clustering and dimensionality reduction techniques
to visualize how the concatenation of summaries
and chunks behaves in the embedding space.

From a practical perspective, our results high-
light the value of simple, modular interventions in
the pre-retrieval stage. Unlike more complex ar-
chitectural solutions (e.g., knowledge graphs, late
chunking, or long-context models), SAC is inexpen-
sive, requiring only a single additional summary
per document, and integrates seamlessly into ex-



isting RAG pipelines. This makes it scalable even
to large and dynamically changing legal databases.
For practitioners, generic SAC provides an easily
adoptable technique that delivers tangible improve-
ments without the need for domain-specific fine-
tuning or significant infrastructure changes.

Finally, our findings contribute to the broader
vision of “LLMs as legal readers” (Palka et al.,
2025). If future legal documents become longer
and more comprehensive, retrieval reliability will
be even more critical. Our approach represents
a practical step toward building systems that can
process such documents with greater reliability,
making Al a more trustworthy partner in navigating
the complexity of legal texts.

5.4 Limitations and Future Work

While promising, our work has several limitations.
First, our experiments were restricted to particular
categories of legal documents and conducted exclu-
sively in English. These documents, while diverse,
do not cover the full spectrum of legal text types,
such as legislation, case law, or other types of con-
tracts, which differ substantially in structure and
interpretation. Moreover, legal meaning is highly
jurisdiction-specific, and our datasets were largely
restricted to common-law contexts.

Second, our analysis focused on an isolated inter-
vention within a standard RAG pipeline to clearly
measure its impact. While effective, the residual
retrieval mismatch rates remain significant, indi-
cating that SAC is a valuable component for reli-
able RAG but not a complete solution on its own.
We believe that combining SAC with other well-
researched modules is the most promising path
toward achieving the reliability required for legal
applications, with the next promising steps being:

(i) Extending the presented principle of summa-
rization hierarchically, with summaries at the para-
graph, section, and document level to provide con-
text at multiple granularities. (ii) Applying query
optimization methods (e.g., transformation, expan-
sion, or routing) to bridge the semantic gap between
user questions and the formal language of legal text
chunks. (iii) Adding a reranking step where a more
powerful model re-evaluates and re-orders the top-
k retrieved chunks to improve the final selection
before generation. It would also be valuable to
benchmark SAC against other context-preserving
chunking strategies, such as Late Chunking (Giin-
ther et al., 2024) and RAPTOR (Sarthi et al., 2024),
to better understand its relative strengths.
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Finally, this study focuses exclusively on the
retrieval stage of the RAG framework. Future work
will investigate how the DRM metric and SAC
impact downstream generation through end-to-end
benchmarking.

6 Conclusion

We addressed the critical challenge of retrieval re-
liability in RAG systems operating on large, struc-
turally similar legal document databases. We identi-
fied and quantified Document-Level Retrieval Mis-
match (DRM) as a dominant failure mode, where
retrievers are often easily confused by legal boil-
erplate language and select text from entirely in-
correct documents. Targeting this issue, we in-
vestigate Summary-Augmented Chunking (SAC),
a simple and computationally efficient technique
that prepends document-level summaries to each
text chunk. By injecting global context, SAC dras-
tically reduces DRM and consequently improves
text-level retrieval precision and recall.

A key finding is that generic summaries out-
perform expert-guided ones focusing on key legal
variables. For the purpose of guiding retrievers,
broad semantic cues appear more robust and gen-
eralizable than dense, structured, legally precise
summaries. This demonstrates that meaningful re-
trieval performance gains are achievable without
heavy domain-specific engineering.

While SAC is not a full solution on its own, it
offers a practical, scalable intervention for more
reliable legal RAG systems. By improving the
crucial retrieval step for legal information, our work
brings us closer to a future where Al can truly serve
as a trusted partner in the legal profession.
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A Hyperparameter Chunk Size and
Summary Size

We experimented with chunk sizes of 200, 500,
and 800 characters, combined with prepended sum-
maries of either 150 or 300 characters. The pre-
cision and recall results for all six configurations
are reported in Table 1. For our final pipeline, we
selected a chunk size of 500 characters, consis-
tent with Pipitone and Alami (2024), and a 150-
character summary, as this configuration yielded
the most balanced trade-off between precision and
recall.

B Dense Semantic Search or Sparse
Keyword Search?

BM25 (Robertson and Zaragoza, 2009) is a
well-established keyword-based (sparse) retrieval
method. A common assumption in RAG research
is that hybrid approaches, combining dense vector
similarity with keyword matching, often yield the
best results (Berntson, 2023). Following this in-
tuition, we augmented our dense retriever with a
BM25 component, allowing the system to explic-
itly match salient terms (e.g., party names) from
the prepended summaries with the same terms in
the user query. Results are reported in Table 2.
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Chunk 200 500 800

Sum. 150 300 150 300 150 300

Prec.(%) 10.64 8.05 11.03 845 7.76 6.79
Rec.(%) 23.43 2291 41.80 37.77 42.93 43.90
DRM(%)20.70 23.49 19.29 20.61 34.96 29.68

Table 1: Average Document-Level Retrieval Mismatch
(DRM), precision, and recall across different chunk
sizes (Chunk) and summary lengths (Sum.), both mea-
sured in characters. Reported values are averaged over
seven top-k retrieval settings (k € 1,2, 4, 8,15, 32, 64).
Lower values indicate better performance for DRM,
while higher values are better for precision and recall.

As expected, adding sparse retrieval improved
document selection, reducing our document-level
mismatch (DRM). However, it lowered text-level
precision and recall. A closer inspection suggests a
likely explanation: The summaries are highly struc-
tured and rich in identifiers, where sparse keyword
matching excels, whereas the chunked document
bodies contain more natural language and nearly
no direct keywords to match. For pinpointing the
relevant passage, semantic similarity between the
query and text is more informative than keyword
overlap, explaining the higher text-level precision
and recall without the BM25 component.

In conclusion, adding BM25 search only con-
tributed slightly to finding the correct document
(improved DRM), but tended to result in poorer
search results within a document (reduced preci-
sion and recall). Also considering the computa-
tional overhead of the BM25 algorithm, we decided
to rely exclusively on semantic search.

Wsemantic  100%  75%  50%  25%
Wheyword 0%  25%  50%  75%
Prec.(1%)  11.03 1057 9.54 823
Rec.(1%)  41.80 4254 4147  36.56
DRM(%) 1929 19.11 1845 18.18

Table 2: Average Document-Level Retrieval Mismatch
(DRM), precision, and recall for different weightings of
semantic similarity (Wsemantic) and lexical similarity
(Wkeyword> BM25). Metrics are averaged over seven
top-k values (k € {1,2,4,8,15,32,64}). Lower DRM
and higher precision/recall indicate better performance.
Results are based on the optimal chunk size of 500 char-
acters and summary length of 150 characters identified
in Section A.



C Embedding Model Ablation

The choice of embedding model plays a cru-
cial role in retrieval performance, as embed-
dings determine how effectively the system iden-
tifies text snippets semantically similar to a given
query. To assess this impact, we conducted a
brief model ablation study, with results shown
in Figure 4. Among the tested models, Ope-
nAl’s text-embedding-3-large’ achieved the
strongest results overall. However, due to concerns
about API rate limits and the importance of repro-
ducibility, we opted for an open-source alternative.
Within this category, the best-performing model
was thenlper/gte-larged, which we therefore
selected for all subsequent experiments.

D Expert-Guided Prompt Template

Together with legal experts, we developed an
expert-informed prompt template aimed at gener-
ating more distinctive legal text summaries. We
focused on two document types: Non-Disclosure
Agreements and privacy policies, that posed partic-
ular challenges for the generic prompt. The LLM
was instructed to first identify the document type
and then apply the corresponding template for sum-
marization. The full prompt used in our experi-
ments is provided below.

System: You are a legal summarization expert.
User: Your task is to generate a highly distinct, struc-
tured summary of the provided legal document. The
primary goal is to extract the unique identifiers that
differentiate this document from others of the same
type. This summary will be used as context to smaller
text chunks for a retrieval system.

Follow this two-step process:

- First, internally identify the document type from
the following options: Non-Disclosure Agreement
(NDA), Privacy Policy, or Other.

- Second, generate the summary based on the specific
template corresponding to the identified document

type.

Document type Non-Disclosure Agreement (NDA):
An NDA is a legally binding contract between spe-
cific parties that outlines confidential information to
be kept secret. If the document is an NDA, your
summary should align with the following template:

- Definition of Confidential Information, specifying
what types of information are considered confiden-
tial, e.g. such as: Technical data, Business plans,
Customer lists, Trade secrets, Financial information
- Parties to the Agreement identifying the disclos-
ing party and the receiving party (or both, if mutual

"https://openai.com
8https://huggingface.co/thenlper/gte-large
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NDA), e.g. such as: Full legal names, Affiliates or
representatives covered, Roles of each party

- Obligations of the receiving party outlining what
the receiving party is required to do, e.g. such as:
Keeping the information secret, Limiting disclosure
to authorized personnel, Using the information only
for specified purposes

- Exclusions from confidentiality describing informa-
tion that is not protected under the NDA, such as:
Information already known to the receiving party,
Publicly available information, Information disclosed
by third parties lawfully, Independently developed
information

- Specifying any exceptions where disclosure is al-
lowed, such as: To employees or advisors under simi-
lar obligations, If required by law or court order (with
notice to the disclosing party)

- Term and Duration, defining how long the confiden-
tiality obligation lasts: Often includes both the dura-
tion of the agreement and the period during which
information remains protected (e.g., “3 years after
termination”)

- Purpose of Disclosure (Use Limitation), stating
the specific reason the information is being shared
(e.g., for evaluating a partnership, conducting due
diligence, etc.) and prohibits other uses.

- Remedies for Breach, detailing the consequences of
violating the NDA, which may include: Injunctive re-
lief (court orders to stop disclosure), Damages, Legal
fees

- Governing Law and Jurisdiction, identifying which
country/state’s laws apply and where disputes will be
settled.

- Miscellaneous Clauses (Boilerplate), may include:
No license granted, Entire agreement clause, Amend-
ment process, Counterparts and signatures

Document type Privacy Policy: A privacy policy is
issued by a private or public entity to inform users
how their personal data is processed (e.g., collected,
used, shared, stored). If the document is a privacy
policy, your summary should align with the following
template:

- Personal Data Collected and Processed, specifying
what categories of personal data are collected and
how. This may include: Name and surname, Contact
information, Financial details, Device and browser
data, Location information, Inferred preferences or
behaviors

- Identity and Contact Details of the Controller, iden-
tifying the organisation responsible for the process-
ing. May include: Full legal name of the controller,
Contact email or phone number, Details of any repre-
sentative (if applicable)

- Purposes of Processing, outlining why the personal
data is collected and how it will be used. Examples
include: Service provision and operation, Personalisa-
tion of content or features, Marketing and advertising,
Analytics and performance monitoring, Payment pro-
cessing

- Legal Basis for Processing, specifying the lawful
grounds relied upon. These are: Consent of the data
subject, Performance of a contract, Compliance with
a legal obligation, Protection of vital interests, Task
carried out in the public interest, Legitimate interests
of the controller or third party

- Recipients of the Data, listing who may receive the
data, including: Service providers and processors,
Business partners, Public authorities (where legally


https://openai.com
https://huggingface.co/thenlper/gte-large
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Figure 4: Relative performance comparison of four embedding models in the baseline case on the LegalBench-RAG

dataset (Pipitone and Alami, 2024).

required), Affiliates and subsidiaries

- International Data Transfers, describing whether per-
sonal data is transferred outside the jurisdiction and,
if so: Destination countries, Safeguards applied (e.g.,
Standard Contractual Clauses, adequacy decisions)

- Data Retention, defining how long the personal data
will be stored, or the criteria for determining the pe-
riod. May include: Fixed retention periods, Purpose-
based retention (e.g., “as long as necessary to provide
the service”), Archiving or deletion policies

- Data Subject Rights, explaining individuals’ rights
under data protection law, including: Right to access
personal data, Right to rectify inaccuracies, Right to
erasure (“right to be forgotten”), Right to restrict or
object to processing, Right to data portability

- Right to Lodge a Complaint, providing information
on: The data subject’s right to contact a supervisory
authority, Name or link to the competent authority

- Automated Decision-Making, disclosing whether
such processing occurs and, if so: The logic involved,
Potential significance of the decisions, Expected con-
sequences for the data subject

Other document type: If the document does not
match the types above, summarize the following gen-
eral legal document in a structured, concise way. Iden-
tify for your summary the important entities, core pur-
pose, and other unique identifiers that differentiate
this document from others of the same type.

General Rules:

- The summary must be concise and under
{char_length} characters.

- Ignore every field in the template where the infor-
mation is not present in the document.

- Prioritize extracting the most critical identifiers, such
as parties, dates, and the specific subject matter.

- Output ONLY the final summary text!

Here is the document you should summarize: {docu-
ment_content}
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Abstract

Catala is a domain-specific programming lan-
guage for tax law, meant to facilitate the transla-
tion of legal text into executable computer code,
thanks to a syntax close to that of legal lan-
guage and reasoning. Legal statutes paired with
their Catala translation have been published
online periodically, but manual translation re-
mains labor-intensive. In this work, we develop
a benchmark for the evaluation of Catala code
generation from legal text, including a training
set to fine-tune Large Language Models. To
assess the quality of the generated code, we
introduce an evaluation framework extending
current metrics for code generation. Our ex-
periments with few-shot learning, as well as
fine-tuned models, suggest the feasibility of au-
tomating legal code generation, and contrast
with prior attempts to translate legal language
into a formal representation.’

1 Introduction

Many tax agencies across the world have a legal
duty to compute income tax owed, on the basis
of the statements provided by taxpayers (Lawsky,
2020). In other jurisdictions, the burden of this
complex task is on the taxpayer. Since the 1990s,
the French tax administration has maintained an
expert system to calculate taxes and social bene-
fits. This expert system must be periodically up-
dated to follow the evolution of tax law, a process
hampered by the limitations of the current program-
ming paradigm. The Catala programming language
(Merigoux et al., 2021) was designed to address
these limitations: first, by providing a domain-
specific language better aligned with the syntax
of legal language and reasoning, and second, by en-
couraging collaboration between lawyers and com-
puter scientists using pair programming. A consid-

*Corresponding author
!The dataset and code are available at https://github.
com/GLorenzo679/translating-tax-1law

{
"input”: "4 A compter du ler janvier 2022,
pour 1'application du 5 de 1'article D.
823-17 (...) pas celui des AL.",

"metadata”: "declaration champ d'application
CalculAidePersonnaliseelogementlLocatif:
entree loyer_principal contenu argent
(...) -- Mayotte”,

"output”: "champ d'application
CalculAidePersonnaliseelLogementLocatif
sous condition date_courante >=
12023-01-01| et date_courante <
|2023-10-01|: exception metropole (...) 8
181 EUR",

"generated_output”: "champ d'application
CalculAidePersonnaliseelogementLocatif
sous condition date_courante >=
12023-01-01| et date_courante <=
|2023-12-31]: exception metropole (...) 8
181 EUR"
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Figure 1: Extracts of one sample from our dataset, with
its input, metadata and reference output. We also show
an output generated by Qwen2.5-Coder-32B-Instruct. A
translation into English can be found in Figure 5.

erable amount of Catala code has already been writ-
ten and published on GitHub (Merigoux, 2023).

How to translate legal language into executable
computer code is an open research question (Ser-
vantez et al., 2023; Garzo and Palumbo, 2025; Zi-
touni et al., 2024), which can be traced back to
initial efforts at representing parts of legislation
with tools from expert systems (McCarty, 1976;
Sergot et al., 1986). It is also of practical signifi-
cance for tax agencies and taxpayers, as mentioned
above. A significant challenge is the substantial
human effort required for translation: each section
of tax law takes hours to convert into code, the vol-
ume of existing laws is immense — e.g. the French
tax code spans approximately 3,500 pages — and
frequent amendments necessitate continuous up-
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dates and translations. In addition, the structure of
laws is not strictly linear. For instance, some sec-
tions modify or override provisions stated in earlier
parts. This requires careful management of depen-
dencies between provisions to ensure a consistent
and faithful implementation of the legal text.

This law-to-code translation task is related to
that of semantic parsing of legal language (Pertierra
et al., 2017; Morgenstern, 2014; Sinh and Nguyen,
2018). So far, results have been mostly negative,
for two main reasons. There is a stark contrast
between the language semantic parsers are made
for, and legal language. Further, there is no large
collection of legal text annotated for semantic pars-
ing. Catala code forces the programmer to commit
to one interpretation, which prohibits alternative
interpretations of the same legal text, a feature that
would be necessary for a general semantic repre-
sentation of legal language. But it trades the ability
to represent multiple interpretations for the ability
to thoroughly represent one interpretation, catching
inconsistencies and gaps (Merigoux et al., 2021),
and enabling automated legal reasoning. We report
results on par with code generation for other pro-
gramming languages, making this a positive result
in semantic parsing for legal language.

Our main contributions are:

* Starting from the existing Catala code corpus,
we created a new dataset suited for the fine-
tuning of Large Language Models (LLMs).

* We adapted existing evaluation metrics to as-
sess the accuracy of the outputs produced by
our fine-tuned models.

¢ We benchmark state-of-the-art LL.Ms, with
few-shot learning and fine-tuning.

2 Related work

Meaning representations Semantic parsing
aims at faithfully representing the meaning of lan-
guage and is a long-standing NLP task — see for
example Blackburn and Bos (2005) for a compre-
hensive review. First-order logic is sufficient to
model legal reasoning, as long as humans provide
values for ambiguous or vague predicates, as was
done in Sergot et al. (1986). But formalisms for
semantic parsing generally aim for close syntac-
tic alignment between input and output, as can
be found in Abstract Meaning Representation (Ba-
narescu et al., 2013) and Universal Decomposi-
tional Semantics (White et al., 2020). Semantic
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parsing of legal language has been shown to be
a major challenge (Morgenstern, 2014; Pertierra
et al., 2017; Sinh and Nguyen, 2018). In particu-
lar, sentence length and logical connectives are a
problem (Allen and Engholm, 1977). Alignment
between legal language and formal representation
1s hard to achieve, even if some formalisms achieve
moderate correspondence.

Legal expert systems While first-order-logic-
based frameworks such as Prolog are sufficient to
represent the logic of laws and regulations, legal
language has a specific way of expressing logic,
for instance through defeasible logic (Nute, 1988).
This has prompted the creation of semantic for-
malisms to represent legal rules. Proleg (Satoh,
2023) is an extension of Prolog designed to repre-
sent Japanese law. In particular, it has been aug-
mented with a feature to visualize reasoning traces,
to identify bugs in the formalization or issues in
a legal text (Fungwacharakorn and Satoh, 2022).
There have been attempts to generate Proleg from
legal language, with promising results on narrow
scopes (Zin et al., 2023, 2024). OpenFisca is a
software package aimed at representing financial
law. So far, it has been developed and published
open-source,” and has been used to model specific
aspects of law in scientific publications (Pratten
and Mathieson, 2024). Logical English (Kowal-
ski and Datoo, 2022) is a simplified version of the
English language, which may be easily mapped to
first-order logic. In that respect, it is close to a con-
trolled natural language (Kaji, 1999; Fuchs, 2021).

Code generation Existing models can generate
code in a variety of programming languages, and at
varying levels of granularity (Chen et al., 2021).
In particular, GitHub repositories are a source
of data to train LLMs on code. Codex (Chen
et al., 2021) is a GPT-3 model fine-tuned on code
from GitHub. Similarly, Deepseek-Coder-V2 was
fine-tuned from Deepseek-V2 (DeepSeek-Al et al.,
2024), and CodeLlama from Llama 2 (Roziere
et al., 2023). In contrast, StarCoder models were
trained on code only (Lozhkov et al., 2024). LLMs
trained on code are generally proficient on widely-
used languages such as Python. Catala is a low-
ressource language. To the best of our knowledge,
the only existing ressource is the GitHub repos-
itory we used in this paper. Querying the tool

2https: //openfisca.org/
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“Am I in the Stack?”® for “CatalaLang” showed
that Stack v2.0.1 and v1.2 (Lozhkov et al., 2024)
contain the repositories Catalalang/catala and
Catalalang/catala-website. The former holds
the compiler for Catala, in OCaml. The latter is
the source code for http://catala-lang.paris.
inria.fr/. This means StarCoder models have
seen a trace amount of Catala code, in the form
of snippets written on the Catala website. Code
generation with LLMs may leverage controlled
languages and constrained decoding (Shin et al.,
2021). As a first step, we turn to efficient meth-
ods for fine-tuning LLMs: low-rank parameter
adaptation (Hu et al., 2022) and its quantized
versions (Dettmers et al., 2023).

Evaluation metrics Benchmarks for code gen-
eration generally pair natural-language instruc-
tions with reference, expected code output. This
makes it possible to evaluate code generation as
a machine-translation task. Borrowing from the
BLEU score (Papineni et al., 2002), Ren et al.
(2020) introduce CodeBLEU, a combination of
4 metrics meant to measure different aspects of
the generated code. How to appropriately as-
sess the quality of code is an active field of re-
search (Paul et al., 2024; Evtikhiev et al., 2023),
and we use all relevant metrics to measure model
performance. Some benchmarks additionally have
unit tests for the generated code, allowing to mea-
sure metrics based on functional correctness, such
as Pass@k (Chen et al., 2021). While we do have
access to some unit tests for Catala code, they are
scarce and operate at the level of an entire Catala
program, so that we leave to future research how to
best leverage them for code evaluation.

3 Dataset

The publicly available Catala code repository on
GitHub* contains examples of legal texts translated
into Catala by computer scientists and lawyers.
Topics include housing benefits (aides logement),
family allowances (allocations familiales), the
monthly basis for family benefits (base mensuelle
allocations familiales), inheritance law (droit suc-
cessions), and income tax (impot sur le revenu).
We extracted and structured the data into JSON
format. Each sample in our dataset corresponds to

3https://huggingface.co/spaces/bigcode/
in-the-stack

4https://github.com/CatalaLang/
catala-examples
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a single provision in a legal statute, structured as
follows (see Figure 1):

* Input: The text of the original legal provision
in French. This text describes rules, condi-
tions, and regulations that need to be trans-
lated into Catala code.

Metadata: Catala code describing legal con-
cepts and data types involved in the imple-
mentation. This includes definitions of enu-
merations, structures, and dependencies, used
directly in the Catala translation of the input.

* Qutput: The translation of the Input in Catala.

The dataset was randomly split into 70% train-
ing, 15% validation and 15% test. Since samples
come from diverse legal contexts and are shuffled
before splitting, the training, validation and test
sets share similar statistical properties. The dataset
has 416 training, 86 validation and 89 test sam-
ples, with varying input and metadata lengths. This
can be challenging, as our 4096-token context win-
dow may not capture all information. Using the
tokenizer of our best-performing model (Qwen-
2.5-Coder-32B-Instruct), and concatenating input,
output and metadata, this 4096-token window cov-
ers 97% of train, 95% of validation, and 93% of
test. For comparability across models, we do not
exclude samples in our experiments, instead trun-
cating the input as needed.

The size of the resulting dataset is comparable
to other specialized code generation datasets (Ling
et al., 2016; Yin et al., 2018). Figure 2 shows more
details about the length of inputs and outputs.

4 Metrics

We use multiple metrics, each analyzing the code
from a different perspective. Our approach con-
siders lexical similarity, syntactic correctness, and
structural validity. The evaluation framework
includes 5 metrics: (1) ChrF, character-based
similarity between reference and generated code,
(2) BERTScore: semantic similarity using text em-
bedding models, (3) Tree Edit Distance (TED):
structural similarity of syntax trees, (4) Valid Syn-
tax (VS): checks if the generated code is syntacti-
cally correct, and (5) CodeBLEU (Ren et al., 2020).

4.1 ChrF

Character n-gram F-score (ChrF) (Popovi¢, 2015)
is often used in translation tasks because it captures
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Figure 2: Distribution of string length, measured in number of characters. Mean of distribution added as a vertical
line. The longest 5% of strings were removed from each split before plotting, but after computing the mean.

small differences that word-based metrics might
miss. In our evaluation, we use the python evalu-
ate’ library by Hugging Face to compute this score.
According to Evtikhiev et al. (2023), ChrF aligns
best with human assessment among other code gen-
eration metrics.

4.2 BERTScore

BERTScore (Zhang et al., 2020) uses an encoder-
only transformer model to compare the meaning of
two pieces of text by computing the similarity be-
tween their embeddings. Unlike token-based meth-
ods, it evaluates similarity based on context and text
embeddings. This is useful because different pieces
of code can have different syntax but still perform
the same task. We use the BERTScore implemen-
tation from the evaluate® library. BERTScore —
together with ChrF — is the closest metric to hu-
man assessment (Evtikhiev et al., 2023).

4.3 Tree Edit Distance

TED quantifies the differences between two Ab-
stract Syntax Trees (ASTs) by computing the mini-
mum number of operations required to transform
one tree into another. The allowed operations are
node insertion, deletion, and modification, each as-
signed a cost of 1. This metric considers the global
syntactic structure of the code.

To compute the TED, we first generate the Ab-
stract Syntax Tree for both the generated and ref-
erence code using the tree-sitter’ parser generator
tool. In order to do this, we exploit the Catala

5https://huggingface.co/spaces/
evaluate-metric/chrf

®https://huggingface.co/spaces/
evaluate-metric/bertscore

"https://tree-sitter.github.io/tree-sitter/
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grammar for tree-sitter. Once the ASTs are ob-
tained, we convert them into a format compatible
with the zss library” for tree edit distance computa-
tion. Specifically, we traverse the tree-sitter AST
and transform it into a zss tree. After constructing
the zss tree representations, we compute the zss
distance using the tree edit distance algorithm as
described by Zhang and Shasha (1989).

One important aspect of using TED for evalu-
ation is normalization. Since AST sizes can vary
significantly, raw TED values alone are not always
informative. To ensure a fair comparison, we nor-
malize TED by dividing it by the number of nodes
in the larger tree, excluding certain common nodes
that do not add meaningful differences. The nor-
malized TED is given by:

TED, s
max(n,,n,) — ex. nodes

TED, =

where TED ., is the computed edit distance,
n, and n, are the number of nodes in the reference
and generated ASTs respectively, and ex. nodes
is the number of excluded common nodes — 4 in

our case. 10

A lower TED value means fewer transformations
are needed to make the syntax trees identical, in-
dicating a high structural similarity between the
generated and reference code. Conversely, a higher
TED value suggests significant structural differ-
ences. See Appendix D for an example.

8https://github.com/CatalalLang/
tree-sitter-catala

*https://pythonhosted.org/zss

Osource _file, code_block, BEGIN_CODE, END_CODE
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champ d'application CalculAidePersonnalisee
sous condition date_courante >= |2023-01-01]:

scope CalculationPersonalizedBenefits
under condition current_date >= |2023-01-01]:

Figure 3: Example of generated Catala code and trans-
lation into English.

champ d'application CalculAidePersonnalisee
sous condition date_courante >= |2023-01-01|
et date_courante < |2023-10-01]|:

exception metropole

scope CalculationPersonalizedBenefits

under condition current_date >= |2023-01-01 |
and current_date < |2023-10-01]|:

exception mainland

Figure 4: Example of reference Catala code and transla-
tion into English.

4.4 Valid Syntax

Even if a generated code snippet appears similar
to a reference implementation, it may still contain
syntax errors that prevent it from compiling. We
measure whether a snippet of generated code is
syntactically valid using its AST (see Appendix D).
This metric effectively assesses how often a model
produces functional code.

4.5 CodeBLEU

The CodeBLEU metric (Ren et al., 2020) is de-
signed to evaluate the similarity between generated
and reference code while taking into considera-
tion syntactic structure and semantics. The eval-
uation consists of four components: (1) BLEU
Score, (2) Weighted N-gram Match, (3) Syntax
Tree Match, and (4) Semantic Data Flow Match.
Each of these components contributes to the final
score through a weighted sum, as described later in
this section.

BLEU Score The first component of CodeBLEU
is the standard BLEU score, measuring n-gram
overlap between the generated and reference code.
We use the default space-based tokenizer.

Weighted N-gram Match Keywords in the pro-
gramming language play a crucial role in defining
the logic and structure of a program, while variable
names and literals can often be modified without
affecting the overall functionality. To address this,
CodeBLEU incorporates a weighted n-gram match
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component, where keywords are given higher im-
portance compared to variable names. We achieve
this by using a specialized tokenizer that splits the
code based on a predefined list of Catala-specific
keywords (see Appendix B). Each token is then as-
signed a weight (1 for the keywords and 0.2 for the
others), ensuring that incorrect predictions of key-
words impact the final score more than incorrect
predictions of variable names.

Syntax Tree Match To incorporate syntax aware-
ness, CodeBLEU includes a syntax tree match com-
ponent, which evaluates the similarity between the
ASTs of the generated and reference code. Here,
we compare both trees by counting the number of
matching subtrees, making this a different metric
from TED. The more subtrees that match between
the generated and reference ASTs, the higher the
score. To measure similarity, we compute the num-
ber of common subtrees and normalize it using the
longest subtree list. This helps reduce the impact
of overly long ASTs. We extract all subtrees from
both ASTs while preserving duplicates. The inter-
section gives the count of common subtrees, and
normalization is based on the length of the longest
subtree list rather than set cardinality. The similar-
ity score is defined as

(A1) N T(49)
max(len(T(A1)),len(T(As)))

S(A1,Az) =

where T'(A1) and T'( Ag) are the lists of subtrees for
ASTs A; and Ag, respectively. |T'(A1) N T'(A2)|
represents the number of common subtrees. The
denominator ensures that if an AST prediction con-
tains excessive erroneous substructures, the simi-
larity score is penalized.

Semantic Data Flow Match The meaning and
functionality of code depends on how variables are
related. To capture this, CodeBLEU includes a
semantic matching method based on data-flow. A
data-flow graph (Guo et al., 2021) represents how
values move between variables in a program. Even
if two code snippets have similar syntax or struc-
ture, their behavior can be different. For example,
two functions might be identical, up to the final re-
turn statement, one returning the variable x and the
other the variable y. Other metrics may still assign
a high score, but the semantics of both functions
are quite different.

To measure the semantic similarity using data-
flow, we follow three steps, following Guo et al.



(2021): (1) Construct data-flow graphs for both
candidate and reference code. These graphs are
built based on the AST and show how values are
passed between variables. (2) Normalize the data-
flows. We ignore the original variable names and
rename them as var_@, var_1, etc., based on their
order of appearance. (3) Compute the semantic
data-flow match score as:

Count,tcp, (DFcand)

Matchys =
T = T Count(DFrey)

Here, Count(DF.y) is the total number of data-
flows in the reference, and Count,,q¢cn (D Frand)
is the number of data-flows in the candidate that
match the reference.

In this work, we focused on the most fundamen-
tal and commonly used operators in Catala: as-
signments and if-then-else constructs. Specifically,
for if-then-else statements, the DFG is computed
separately for the condition, then-branch, and else-
branch. Variable states from all branches are then
unified, while variables that appear only in the con-
dition are discarded, as they do not contribute to
the semantic data dependencies.

CodeBLEU Final Score Computation The final
CodeBLEU score is a weighted sum of the 4 met-
rics described above. By default, all weights are
equal to %. If no data-flows are extracted from the
reference code (Count(DF.. f) ==0), the data-flow
match score is set to 0. In this case, we ignore the
data-flow component and adjust the weights used in
the final CodeBLEU score to be % for the n-gram
match, weighted syntax match and AST match.
We adapted the implementation of the CodeBLEU
Python library'! to suit our specific use case.

5 Experiments

Our primary goal in this experimental evaluation
is to assess the effectiveness of different LLMs in
translating legal text into Catala code. Code gener-
ation can be approached as either an autoregressive
task or a translation task, with LLMs represent-
ing the current frontier in this domain. These two
interpretations correspond to different model ar-
chitectures: decoder-only models, which generate
code token-by-token in an autoregressive manner,
and encoder-decoder models, which process input
and output as a sequence-to-sequence task. We
focus on decoder-only models, as they are the most

Yhttps://pypi.org/project/codebleu/
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common architecture used when working with text-
to-code generation.

5.1 Few-shot prompting with retrieval

As a starting point, we evaluate OpenAl’s GPT-
4.1 model (gpt-4.1-2025-04-14) using few-shot
prompting, without any fine-tuning. We set the
temperature to 0, for reproducibility. To retrieve
the most relevant few-shot examples for each test
input, we use BM25, a ranking algorithm com-
monly used in information retrieval (Trotman et al.,
2014). We use it to retrieve samples from the train-
ing set whose input is most similar to the input of
the current test sample. For each input, we create a
structured prompt that includes the legal text, a set
of few-shot examples in JSON format, and optional
metadata (see Table 5). The model then responds
with the generated Catala code.

We evaluate performance using the metrics de-
fined in Section 4. Table 1 reports our results. We
experimented with varying number of few-shot ex-
amples, finding that performance consistently and
markedly improves with more samples. This is
expected, as GPT-4.1 likely hasn’t seen any Catala
during its training. We note that even with 1 or 2
examples, results are on par with those typically
obtained on other benchmarks (Yang et al., 2025).

5.2 Fine-tuning with QLORA

Since Catala is an uncommon programming lan-
guage, we can reasonably expect to reach higher
performance by fine-tuning smaller models on our
training set. We selected and tested the smaller
variants of four families of models:

e Qwen 2.5 - base and coder version 7B, 14B,
32B (Hui et al., 2024; Yang et al., 2024)

e Llama 3 - 3.1-8B, 3.2-3B, 3.3-70B (Grattafiori
et al., 2024)

* Phi 4 (Abdin et al., 2024)

* DeepSeek-Coder-V2-Lite-Instruct
(DeepSeek-Al et al., 2024)

All of these models were previously fine-tuned
by their creators to produce the "Instruct” variants.
We opted for this version instead of the base one, as
the conversational style aligns better with typical
user interactions.

Each training sample was formatted using a
structured chat template to align with the conver-
sational style of instruction-tuned models (see Ta-
ble 4). The template includes:


https://pypi.org/project/codebleu/

n  CodeBLEU BERTScore ChrF TED VS
0 23+£0.8 593+14 366+26 98.8+0.5 22426
1 39.7+6.1 749 4+30 645+46 613+69 46.1 1838
2 484+64 765+32 67.7£50 495+73 629+8.6
4 504+63 775+31 693+47 467+70 69.7+8.1
8 51.6+59 76.8 £3.1 694+47 458+6.6 83.1+6.6
16 522+6.0 78.6 3.1 703+47 432+65 888156

Table 1: Performance (in %) of GPT-4.1 with varying number of few-shot examples (n). We report the 90%
confidence intervals. Best value for each metric is in bold.

* A system message providing high-level
instructions on translating legal text to
Catala code.

* A user query containing the legal paragraph
and metadata.

e An assistant response for the Catala
code output.

5.2.1 Quantization

To adapt the selected models to our task, we fine-
tuned them using QLoRA (Dettmers et al., 2023),
a variant of Low-Rank Adaptation (LoRA) (Hu
et al., 2022), which enables efficient fine-tuning
with reduced memory usage. The fine-tuning was
conducted using the Unsloth library (Daniel Han
and team, 2023).

First, to assess the impact of 4-bit quantization
on model performance, we compared the results
of the fine-tuned quantized models with their full-
precision counterparts. Fine-tuning was done for 3
epochs, with a maximum sequence length of 4096
tokens and a learning rate of 3 x 10~

Our evaluation, reported in Table 2, illustrates
the impact of different quantization levels on model
performance, comparing no quantization (none),
quantization at test time only (eval) and quanti-
zation at both train and test time (both). While
quantization enables efficiency in deployment, it
often comes at the cost of reduced precision in code
generation. Our experiments confirm this trade-
off, showing that models quantized only during
inference suffer from performance degradation —
an expected outcome since Quantization-Aware
Training methods were not used. However, we
found that models quantized during both finetun-
ing and inference perform similarly to their non-
quantized counterparts. Based on these results, we
chose 4-bit quantized models for the remainder of
our evaluation.
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5.2.2 Hyperparameter search

We performed a grid search over LoRA-specific
hyperparameters to identify the combination yield-
ing the best results under our hardware constraints.
We decided to optimize rank (8, 16, 32, 64)'? and
dropout (0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6), as prelim-
inary experiments showed they had the most sig-
nificant impact on downstream performance, while
other LoRA parameters (such as alpha) and the
learning rate contributed minimal improvements.
The list of best hyperparameters used during train-
ing can be found in Appendix E.

6 Discussion

Table 3 presents a comprehensive comparison of
fine-tuned model performance across our evalua-
tion metrics. We note that the smallest model with
fine-tuning achieves performance comparable to
that of few-shot GPT-4.1. Other models further
improve on few-shot GPT-4.1, and reach perfor-
mance beyond that achieved on other code bench-
marks (Yang et al., 2025). As expected, larger
models tend to perform better.

Circling back to the challenges described in Sec-
tion 1, our results break away from previous find-
ings on semantic parsing of legal language, and
represent a qualitative jump. Based on the metrics
we report, LLMs frequently produce valid Catala
code, that could be used in production with mod-
erate edits. Some of that qualitative jump likely
stems from design choices in the Catala language,
whose syntax is meant to align with that of legal
language. Our findings partially confirm that this
design choice was implemented successfully. In-
deed, as compared to other code benchmarks (Ling
et al., 2016; Yin et al., 2018; Cassano et al., 2024),
the translation of legal language to Catala code
seems to have a higher sample efficiency, both for
few-shot learning and fine-tuning. We note that our
results are comparable to those in Table 4 of Yang

"2For Llama-70B, we did not try values of Rank beyond 8.



Setting CodeBLEU BERTScore ChrF TED VS
Phi-4:

none 42.6 £5.7 794+24 688+39 460+57 831+6.6
eval 37.0£5.5 781 +23 66.7+37 515+£56 820+638
both 445+58 802+23 702+38 451+60 79.8+7.1
Qwen2.5-14B-Instruct:

none 432 +58 787 +25 695+40 482+62 742+78
eval 33.5+4.7 7474+22 633+3.6 575+£52 719480
both 429+54 787+24 T705+37 468+56 854463

Table 2: Comparison between different quantization settings. Best for each quantization configuration is bolded.

Metrics in % with 90% confidence interval.

Model CodeBLEU BERTScore ChrF TED VS

LLaMA-3.1-8B-Instruct 46.6 £ 6.5 76.1 £3.5 629+59 492+73 742+78
LLaMA-3.2-3B-Instruct 449+ 64 750+34 615+57 526+73 719+8.0
LLaMA-3.3-70B-Instruct 48.5+55 81.1+24 738+38 423+55 875+59
Phi-4 56.5+5.2 81.5+26 71.8+42 39.8+6.1 92.1+48
Qwen2.5-7B-Instruct 46.6 4.6 763 +£25 651+40 524456 61.8+386
Qwen2.5-14B-Instruct 60.3 +5.1 825425 764 +41 375+59 933+44
Qwen2.5-32B-Instruct 59.1+£52 82.0+27 767+40 406+62 86.5+6.1
Qwen?2.5-Coder-7B-Instruct 473 +6.3 772+33 642+55 500+73 719+8.0
Qwen2.5-Coder-14B-Instruct 58.1+£5.2 82.1+£25 750 £39 41.6+6.1 888456
Qwen2.5-Coder-32B-Instruct 61.2 +5.1 829+25 77.3+37 397458 93.3+44
DeepSeek-Coder-V2-Lite-Instruct ~ 25.1 £+ 4.1 575+25 43.0+38 809+37 258+7.8

Table 3: Performance (in %) of instruction-tuned models across evaluation metrics with 90% confidence interval.
Best within each family is underlined, overall best is bolded and underlined.

et al. (2025) on the HearthStone dataset: number
of training samples and evaluation score are sim-
ilar. While the quality of the generated code is
often far from the quality required of an expert
system computing taxes at the scale of an entire
country, it may be good enough to help during the
pair-programming process intended in Catala trans-
lation (Huttner and Merigoux, 2022), and to reduce
the substantial burden of manual translation.

We complete our quantitative assessment with a
qualitative analysis of model outputs and errors.

Sample A —  Appendix F.1 The
generated output is correct in  struc-
ture. Interestingly, the model generates

date_courante <= |2023-04-30| instead of
the reference date_courante < |2023-05-01].
Although logically equivalent, this lowers scores
based on exact matches. The TED Score of
7.3% and Syntax Match Score of 89.0% indicate
minor structural discrepancies. Despite this, the
BERTScore (99.2%) and ChrF score (97.4%)
confirm high token-level similarity.

Sample B — Appendix F.2 This example shows
that the model can correctly extract the amount of

euros (8,70) from the input. However, the dates
are incorrect due to their absence from the input.

Sample C — Appendix F.3 The generated out-
put closely matches the reference and follows the
correct structure and logic. It correctly interprets
the input, especially the linear relationship at the
end of the input (323 EUR per additional depen-
dant). The start date (2022-07-01) is correct while
the end date, which is not present in the input text,
is hallucinated by the model.

Sample D — Appendix F.4 This example re-
veals some limitations and illustrates common er-
rors. First, the code is invalid and does not con-
form to the Catala grammar. Second, the meaning
is only partially captured. The input introduces
an exception rule with “sauf s’il s’agit...”/“except
in the case of...”, which is entirely missing in the
generated output. Instead, it attempts — unsuc-
cessfully — to express all logic in a single con-
dition. Additionally, it introduces a date check
date_courante >= |2023-04-05]|, which is not
present in the input text.
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7 Conclusion

In this paper, we have introduced a benchmark
and metrics for translating legal text to computer-
executable code, starting from open-source Catala
code. We further experiment with LLMs in few-
shot learning and fine-tuning settings. The perfor-
mance we report is in line with comparable exper-
iments on low-resource programming languages
(Yang et al., 2025). Our results contrast with prior
attempts at semantic parsing of legal language, as
we reach non-trivial performance.

At present, the model takes as input the legal text
and its associated metadata, guiding the generation
of the corresponding Catala code. In future itera-
tions, we aim to (1) train and evaluate the model on
generating both output code and metadata directly
from legal text, (2) translate entire documents at
once, (3) include unit tests in the evaluation and
(4) estimate quantitatively how an automated trans-
lation system can assist pair programmers.

Limitations

We experimented with a specific subset of legal
language, French tax law, and with a specific tar-
get language, Catala. While we report reasonably
good performance, this is not directly compara-
ble to prior work on semantic parsing of legal lan-
guage, due to a mismatch in evaluation data, input
language and domain, and target semantic repre-
sentation. Still, Catala is appropriate to model tax
law regardless of source language, and has been
used to model US and Polish tax law.

The metrics we report have been generally found
to correlate with human assessments of the quality
of the code. However, Catala code quality is held to
a particularly high standard, given the implications
of faulty code in an expert system deployed at a
large scale. We do not claim that code generated
by LLMs can be used as-is. In addition, we did
not include metadata generation, which would be
desirable for a practical application.

Finally, our experiments indicate a clear trend:
larger models generally achieve better performance
across all evaluation metrics. This suggests that
even larger-scale models could yield further im-
provements. However, due to hardware constraints,
we were unable to test models beyond a certain
size, limiting our exploration of this scaling effect.
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A Dataset sample

{
"input”: "4 From January 1st, 2022 onwards,
for the application of paragraph 5 of
article D. 823-17 (...) not that of the HB

”n
L)

"metadata”: "declaration scope
CalculationPersonalizedHousingBenefit:
input main_rent content money (...)--
Mayotte”,

"output”: "scope
CalculationPersonalizedHousingBenefit
under condition current_date >=
|2023-01-01| and current_date <
|2023-10-01|: exception mainland (...) 8
181 EUR",

"generated_output”: "scope
CalculationPersonalizedHousingBenefit
under condition current_date >=
|2023-01-01| and current_date <=
|2023-12-31|: exception mainland (...) 8
181 EUR"

Figure 5: Extracts of one sample from our dataset, with
its input, metadata and reference output. We also show
an output generated by Qwen2.5-Coder-32B-Instruct.
This is the translation into English of Figure 1.

B Catala Keywords for CodeBLEU

The following is the list of Catala-specific
French keywords used in our tokenizer. We
used keywords from the Catala tree-sitter gram-
mar: champ d’application, conséquence,
donnée, dépend de, déclaration, contexte,
décroissant, croissant, de, liste,
contient, énumération, entier, argent,
texte, décimal, date, durée, booléen,
somme, rempli, définition, état,
étiquette, exception, égal a, selon,
n’importe quel, sous forme, sous
condition, si, alors, sinon, condition,
contenu, structure, assertion, varie,
avec, pour, tout, on a, fixé, par, regle,
soit, existe, dans, parmi, tel, que,
et, ou, ou bien, non, maximum, minimum,
combinaison de, initialement, est,
vide, mais en remplacant, nombre, an,
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mois, jour, vrai, faux, entrée, résultat,
interne, arrondi, accés_jour, accés_mois,
accés_année, premier_jour_du_mois,
dernier_jour_du_mois, Inclusion, Module,
Usage de, en tant que, externe

C Prompt

Tables 4 and 5 show the prompts used throughout
the experiments.

System You are an Al assistant helping a
user translate a law into code using
the Catala programming language.
You are provided with a law para-
graph and metadata, including use-
ful user-defined constructs. Your
task is to generate the code in the

Catala programming language.
HHHINPUTHH

{input_text}
H#H#HHMETADATA###
{metadata}

User

Assistant ‘ {output_text}

Table 4: Structured prompt used to fine-tune LLMs.

D Abstract Syntax Tree

In the case illustrated in Figure 6, the two ASTs
contain 16 and 26 nodes. The raw TED value is
equal to 10 (the number of white nodes in the Fig-
ure), and after normalization, the final T'E' D,, score
is 45.5%.

While generating the AST, the Tree-Sitter parser
introduces specific error-labeled nodes when en-
countering syntactic anomalies in the input code.
We check for the presence of these error nodes. If
such nodes exist, the generated code is marked as
syntactically invalid. The ERROR node in the right
tree indicates invalid syntax.


https://doi.org/10.48550/ARXIV.2411.15898
https://doi.org/10.48550/ARXIV.2411.15898
https://doi.org/10.48550/ARXIV.2411.15898
https://doi.org/10.48550/ARXIV.2411.15898
https://github.com/CatalaLang/tree-sitter-catala/blob/master/grammar.js
https://github.com/CatalaLang/tree-sitter-catala/blob/master/grammar.js
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variable2 ‘

Figure 6: Comparison of ASTs from Figure 3 (left) and Figure 4 (right). Green nodes are shared by both ASTs,
while white nodes appear only in the right-hand tree. The labels of the nodes correspond to the elements defined in
the grammar, such as keywords and symbols.

Developer

You are an Al assistant help-
ing a user translate a law into
code using the Catala program-
ming language. You are provided
with a law paragraph (tagged with
###INPUT###) and some few-shot
examples (tagged with ###FEW-
SHOTS### and in json format).
Your task is to generate the cor-
respoding code for the input in
the Catala programming language.
You are authorized to use the meta-
data the user will provide you
(tagged with ##METADATA###).
Just give me the output code.

User

HHHINPUTHH#

{query}

##HFEW SHOT S###
{fewshots }
HHHMETADATA###
{metadata}

E Hyperparameters

Table 6 lists LoRA hyperparameters used to fine-

tune the models.

Model Rank Alpha Dropout
Llama-3.1-8B 64 64 0.2
Llama-3.2-3B 128 128 0.2
Llama-3.3-70B 8 16 0.0
phi-4 64 64 0.4
Qwen2.5-7B 64 64 0.6
Qwen2.5-14B 64 64 0.3
Qwen2.5-32B 64 64 0.0
Qwen2.5-Coder-7B 64 64 0.4
Qwen2.5-Coder-14B 64 64 0.1
Qwen2.5-Coder-32B 128 128 0.2
DeepSeek-Coder-V2 64 64 0.0

Table 6: LoRA hyperparameters used during fine-tuning

for each model

F Samples

All the generated outputs below are generated by
the best model according to our metrics: Qwen2.5-

Coder-32B-Instruct.

F.1 Sample A

Table 5: Prompt used with GPT-4.1 in few-shot learning.

champ d'application Smic :

definition brut_horaire sous condition

date_courante >= [2023-01-01]| et
date_courante < |2023-05-01| et (

(residence = Metropole) ou
(residence = Guadeloupe) ou
(residence = Guyane) ou
(residence = Martinique) ou
(residence = LaReunion) ou
(residence = SaintBarthelemy) ou
(residence = SaintMartin) ou
(residence = SaintPierreEtMiquelon)
)

consequence egal a 11.27 EUR




scope Smic:

definition gross_hourly_wage under condition
current_date >= |2023-01-01| and
current_date < |2023-05-01| and (

(residence = Metropole) or
(residence = Guadeloupe) or
(residence = Guyane) or

(residence = Martinique) or
(residence = LaReunion) or
(residence = SaintBarthelemy) or
(residence = SaintMartin) or
(residence = SaintPierreEtMiquelon)

)

consequence equals 11.27 EUR

Listing 1: Reference Output for sample A and
translation into English. SMIC is a minimum wage
in France.

champ d'application Smic :

definition brut_horaire sous condition
date_courante >= [2023-01-01| et
date_courante <= |2023-04-30| et (

(residence = Metropole) ou
(residence = Guadeloupe) ou
(residence = Guyane) ou

(residence = Martinique) ou
(residence = LaReunion) ou
(residence = SaintBarthelemy) ou
(residence = SaintMartin) ou
(residence = SaintPierreEtMiquelon)

)

consequence egal a 11.27 EUR

scope Smic :

definition gross_hourly_wage under condition
current_date >= |2023-01-01| and
current_date <= |2023-04-30| and (

(residence = Metropole) or
(residence = Guadeloupe) or
(residence = Guyane) or

(residence = Martinique) or
(residence = LaReunion) or
(residence = SaintBarthelemy) or
(residence = SaintMartin) or
(residence = SaintPierreEtMiquelon)

)

consequence equals 11.27 EUR

Listing 2: Generated Output for sample A and
translation into English. SMIC is a minimum wage
in France.

Metric Score
CodeBLEU 91.9
N-gram Match Score 93.3
Weighted N-gram Match Score ~ 93.3
Syntax Match Score 89.0
BERTScore F1 99.2
CHREF Score 974
TED Score 0.7
Validity True

Table 7: Evaluation scores (in %) for Sample A

Metric Score
CodeBLEU 71.9
N-gram Match Score 75.6
Weighted N-gram Match Score ~ 73.4
Syntax Match Score 66.7
BERTScore F1 95.1
CHREF Score 92.3
TED Score 22
Validity True

Table 8: Evaluation scores (in %) for Sample B

F.2 Sample B

A Mayotte, son montant est fixe a 8,70 euros
1'heure.

In Mayotte, the amount is set to 8.70 euros per
hour.

Listing 3: Input for Sample B and translation into
English.

champ d'application Smic :

definition brut_horaire sous condition
date_courante >= |2023-05-01| et
date_courante < |2024-01-01| et (
(residence = Mayotte)

)

consequence egal a 8,70 EUR

scope Smic :

definition gross_hourly_wage under condition
current_date >= |2023-05-01| and
current_date < [|2024-01-01| and (
(residence = Mayotte)

)

consequence equals 8.70 EUR

Listing 4: Reference Output for Sample B and
translation into English. SMIC is a minimum wage
in France.

champ d'application Smic :

definition brut_horaire sous condition
date_courante >= [2023-01-01]| et
date_courante <= [2023-04-30| et (
(residence = Mayotte)

)

consequence egal a 8,70 EUR

scope Smic :

definition gross_hourly_wage under condition
current_date >= |2023-01-01]| and
current_date <= |2023-04-30| and (
(residence = Mayotte)

)

consequence equals 8.70 EUR
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Listing 5: Generated Output for Sample B and
translation into English. SMIC is a minimum wage
in France.

F.3 Sample C




NOTA :

Conformement a 1'article 3 de 1l'arrete du 16
aout 2022 (TREL2220744A), ces dispositions sont
applicables pour les prestations dues a compter
du ler juillet 2022.

### Article 15 | LEGIARTIQ00046126962 [archive]

Pour 1'application du 5 degre de l'article
D. 823-17 du meme code, le forfait " RO " est
fixe selon le tableau suivant (en euros) :

Composition du foyer MONTANT (en euros)
Personne seule sans personne a charge 4 870
Couple sans personne a charge 6 977
Personne seule ou couple ayant :

-une personne a charge 8 322

-deux personnes a charge 8 509

-trois personnes a charge 8 834

-quatre personnes a charge 9 163

-cing personnes a charge 9 488

-six personnes a charge 9 816

-par personne a charge supplementaire 323

NOTE :

In accordance with Article 3 of the Decree of 16
August 2022 (TREL2220744A), these provisions
apply to services due as from July 1st, 2022.

### Article 15 | LEGIARTIQ00046126962 [archive]

For the application of the fifth paragraph of
Article D. 823-17 of the same Code, the " RQ "
lump sum is set according to the following table
(in euros):

Household composition AMOUNT (in euros)
Single person without dependants 4,870
Couple without dependants 6,977

Single person or couple with:

- one dependant 8,322

- two dependants 8,509

- three dependants 8,834

- four dependants 9,163

- five dependants 9,488

- six dependants 9,816

- per additional dependant 323

Listing 6: Input for Sample C and translation into
English.

champ d'application
CalculAidePersonnaliseelogementLocatif

sous condition date_courante >= |2022-07-01| et
date_courante <= |2022-12-31]:

etiquette metropole
definition multiplicateur_majoration_r@ egal a
decimal de (nombre_personnes_a_charge - 6)

etiquette metropole

definition abattement_forfaitaire_d823_17 egal a
si nombre_personnes_a_charge = @ alors

selon situation_familiale_calcul_apl sous forme
-- PersonneSeule: 4 870 EUR

-- Couple: 6 977 EUR

sinon si nombre_personnes_a_charge

8 322 EUR

sinon si nombre_personnes_a_charge

8 509 EUR

sinon si nombre_personnes_a_charge

8 834 EUR

sinon si nombre_personnes_a_charge

9 163 EUR

sinon si nombre_personnes_a_charge

9 488 EUR

sinon si nombre_personnes_a_charge

9 816 EUR

sinon

9 816 EUR + 323 EUR *
multiplicateur_majoration_r@

alors
alors
alors
alors
alors

alors

scope PersonalizedHousingBenefitsCalculation
under condition current_date >= |2022-07-01|
current_date <= |2022-12-31]:

and

label mainland
definition uplift_multiplier_r@ equals
decimal of (number_dependents - 6)

label mainland

definition standard_deduction_d823_17 equals
if number_dependents = @ then

match marital_status_phb_calculation

with pattern

-- SinglePerson: 4,870 EUR

-- Couple: 6,977 EUR

else if number_dependents = 1 then 8,322 EUR
else if number_dependents = 2 then 8,509 EUR
else if number_dependents = 3 then 8,834 EUR
else if number_dependents = 4 then 9,163 EUR
else if number_dependents = 5 then 9,488 EUR
else if number_dependents = 6 then 9,816 EUR
else 9,816 EUR + 323 EUR * uplift_multiplier_ro

Listing 7: Reference Output for Sample C and
translation into English.
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champ d'application
CalculAidePersonnaliseelogementLocatif

sous condition date_courante >= |2022-07-01| et
date_courante < |2023-10-01]:

etiquette metropole definition
multiplicateur_majoration_r@ egal a

decimal de (nombre_personnes_a_charge - 6)

etiquette metropole definition
abattement_forfaitaire_d823_17 egal a

si nombre_personnes_a_charge = @ alors

(selon situation_familiale_calcul_apl sous forme
-- PersonneSeule: 4 870 EUR

-- Couple: 6 977 EUR)

sinon si nombre_personnes_a_charge = 1 alors
8 322 EUR

sinon si nombre_personnes_a_charge = 2 alors
8 509 EUR

sinon si nombre_personnes_a_charge = 3 alors
8 834 EUR

sinon si nombre_personnes_a_charge = 4 alors
9 163 EUR

sinon si nombre_personnes_a_charge = 5 alors
9 488 EUR

sinon si nombre_personnes_a_charge = 6 alors
9 816 EUR

sinon




9 816 EUR + 323 EUR *
multiplicateur_majoration_ro

scope PersonalizedHousingBenefitsCalculation
under condition current_date >= |2022-07-01| and
current_date < |2023-10-01]:

label mainland definition

uplift_multiplier_r@ equals

decimal of (number_dependents - 6)

label mainland definition
standard_deduction_d823_17 equals

if number_dependents = @ then

(match marital_status_phb_calculatio
with pattern

-- SinglePerson: 4,870 EUR

-- Couple: 6,977 EUR)

else if number_dependents = 1 then 8,322 EUR
else if number_dependents = 2 then 8,509 EUR
else if number_dependents = 3 then 8,834 EUR
else if number_dependents = 4 then 9,163 EUR
else if number_dependents = 5 then 9,488 EUR
else if number_dependents = 6 then 9,816 EUR
else 9,816 EUR + 323 EUR % uplift_multiplier_ro@
Listing 8: Generated Output for Sample C and

translation into English.

Metric Score
CodeBLEU 95.0
N-gram Match Score 93.6
Weighted N-gram Match Score ~ 94.5
Syntax Match Score 91.8
BERTScore F1 98.0
CHREF Score 98.5
TED Score 0.6
Validity True

Table 9: Evaluation scores (in %) for Sample C

F.4 Sample D

#i#HHHH# Article L822-4 | LEGIARTIQ00049392199

Les aides personnelles au logement ne sont pas
dues si le local est loue ou sous-loue en partie
a des tiers, sauf s'il s'agit d'une personne
agee ou handicapee adulte qui a passe un contrat
conforme aux dispositions de 1' article L. 442-1
du code de 1l'action sociale et des familles ou
d'une personne de moins de trente ans.

#iH#H#H## Article L822-4 | LEGIARTIQ00049392199

Personal housing assistance is not payable if
the dwelling is rented or sublet in part to
third parties, except in the case of an elderly
or disabled adult who has entered into a
contract in accordance with the provisions of
Article L. 442-1 of the Code of Social Action
and Families, or a person under thirty years of
age.

Listing 9: Input for Sample D and translation into
English.

champ d'application
EligibiliteAidesPersonnellelLogement:

etiquette cas_base_1822_4 regle
condition_logement_location_tiers sous condition
menage. logement.loue_ou_sous_loue_a_des_tiers
sous forme LoueOuSousLoueADesTiers.Non
consequence non rempli

exception cas_base_1822_4 regle
condition_logement_location_tiers sous condition
selon

menage.logement. loue_ou_sous_loue_a_des_tiers
sous forme

—-- LoueOuSousLoueADesTiers.Non: vrai

-- LoueOuSousLoueADesTiers.Oui de personne:
(resultat de France.VerificationAgeSuperieurA
avec { -- date_naissance:
personne.date_naissance_personne_sous_location
-- date_courante: date_courante

-- annees: 30 an }).est_superieur

ou personne.conforme_article_1442_1
consequence rempli

scope PersonalizedHousingBenefitsEligibility:

label base_case_1822_4 rule

condition_third_party_rental under condition

household.dwelling.
rented_or_sublet_to_third_party

with pattern

RentedOrSubletToThirdParty.No

consequence not fulfilled

exception base_case_1822_4 rule

condition_third_party_rental under condition

match

household.dwelling.
rented_or_sublet_to_third_party

with pattern

-- RentedOrSubletToThirdParty.No: true

-- RentedOrSubletToThirdParty.Yes of person:

(output of France.VerificationAgeGreaterThan

with

{ -- birth_date:

person.birth_date_person_renting

-- current_date: current_date

-- years: 30 year }).is_greater

or person.pursuant_to_article_1442_1

consequence fulfilled

Listing 10: Reference Output for Sample D and
translation into English.
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champ d'application
EligibiliteAidesPersonnellelogement:

regle condition_non_ouverture_1822_4

sous condition selon
menage.logement.loue_ou_sous_loue_a_des_tiers
sous forme

-- Qui de personne_sous_location:
date_courante >= |2023-04-05| et
((personne_sous_location.

date_naissance_personne_sous_location +
personne_sous_location.
conformement_article_1442_1 * 1 an <=
date_courante)

ou

(personne_sous_location.
date_naissance_personne_sous_location +

personne_sous_location.




conformement_article_1442_1 * 30 an <=
date_courante)

-- Non: faux

consequence rempli

scope PersonalizedHousingBenefitsEligibility:

rule condition_non_opening_1822_4

under condition

match

household.dwelling.
rented_or_sublet_to_third_party

with pattern

-- Yes of person_renting:

current_date >= |2023-04-05| and

((person_renting.birth_date_person_renting +
person_renting.pursuant_to_article_1442_1 x
1 year <= current_date)

or

(person_renting.birth_date_person_renting +
person_renting.pursuant_to_article_1442_1 x
30 year <= current_date)

-- No: false

consequence fulfilled

Listing 11: Generated Output for Sample D and
translation into English.

Metric Score
CodeBLEU 28.6
N-gram Match Score 15.6
Weighted N-gram Match Score  11.6
Syntax Match Score 37.0
BERTScore F1 66.8
CHREF Score 50.8
TED Score 80.8
Validity False

Table 10: Evaluation scores (in %) for Sample D
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Beyond the Haystack: Sensitivity to Context in Reference Recall
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Abstract

Long-context benchmarks such as Needle in a
Haystack (NIAH) are often cited as evidence
of strong recall abilities in large language mod-
els (LLMs). However, these evaluations typ-
ically remove target phrases from contextual
information, making their validity in natural-
istic recall tasks uncertain. Using a dataset
of post-cutoff U.S. court opinions, we assess
recall across standard legal texts and systemati-
cally altered inputs, including a globally shuf-
fled condition inspired by NIAH-style bench-
marks. Our results reveal a distinct J-shaped
performance curve: accuracy drops with local-
ized shuffling, but rises to an overall maximum
in globally shuffled texts. This suggests that
models employ context-sensitive retrieval, rely-
ing on surrounding information when possible
and on blind recall in other conditions. By find-
ing models most accurately perform recall in
globally shuffled contexts, we highlight a need
for context-aware evaluation within reference-
critical domains.

1 Introduction

Language model (LM) benchmarks (Gao et al.,
2023) include evaluations which measure the long-
context recall performance of models. This has
been done primarily through variations of the Nee-
dle In A Haystack format, in which a short string
of text (the needle) is inserted in a larger context
window (the haystack). The extent to which NIAH
recall scores transfer to specialized domains such
as law remains an open question.

Existing benchmarks often conflate retrieval
with downstream reasoning, and lack systematic
approaches to avoiding data contamination (LeP,
2024; Chalkidis et al., 2021; Guha et al., 2023).
We present a framework for closed-domain legal
recall benchmarks using court opinions published
after model training cutoffs to test retrieval from
unseen texts. Our matched needle task requires
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models to recover real legal references and facts,
revealing a consistent performance gap between
standard NIAH tasks and true legal recall, even
after controlling for context by using shuffled texts.

We find that models likely do not use recall to
succeed in standard long-context benchmarks; in-
stead, they process inputs via sentence-to-sentence
cues on texts. We observe a J-shaped curve in
model performance as shuffle window increases,
with performance decreasing for local shuffles and
increasing to a maximum for global shuffles. Fur-
thermore, we perform position ablations by insert-
ing the needle in different locations and, finding no
correlation between position and accuracy, show
that positional bias does not affect performance.
By emphasizing this distinction between reading
and recall ability that is often conflated by standard
long-context benchmarks, we highlight the need for
new long-context benchmarks that properly isolate
recall.

2 Related Work

Hallucination studies. Language model hallucina-
tions, where models provide plausible but factually
incorrect answers to user queries, is a problem of
particular importance in the legal domain, where
arguments depend on the verifiability of prior work.
Existing literature has investigated causes, types,
and strategies for reducing hallucinations in both
open and closed domains (Dahl et al., 2024; Hu
et al., 2025; Li, 2023).

Legal Benchmarks. Having benchmarks that
evaluate legal understanding and citation retrieval
is crucial to assess how capable models are of
being deployed in the legal field. These in-
clude LexGLUE (Chalkidis et al., 2021), LePaRD
(LeP, 2024), and LegalBench (Guha et al., 2023;
Houir Alami et al., 2024; Zheng et al., 2025).How-
ever, these works often blend retrieval with rea-
soning components and do not ensure evaluation

Proceedings of the Natural Legal Language Processing Workshop 2025, pages 48-53
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/ Models before date

Cases after date ™ ‘

Model A ‘ ‘

Model B ‘ ‘ Model C

Needle Task

Recall Task - 2

...alleged affirmed. several trial solely...

Figure 1: In a closed-domain setting, legal reference recall is consistently lower than distributionally identical
needle-in-a-haystack tasks, suggesting context-specific information impacts legal reference recall.

independence from training data.

Long Context Recall. Many recall benchmarks
test token extraction, these include Needle-in-a-
Haystack (NIAH) (Gao et al., 2023) and its variants,
including NeedleChain (Moon and Lim, 2025) and
recall benchmarks in reasoning and recall-based
applications (Yu et al., 2025; Wang, 2025; Gupta
et al., 2024; Qiu et al., 2025). However, these
works often permit preexisting mentions of the nee-
dle fragment in training data (Chen et al., 2023;
Mamakas et al., 2022). There also exist several
studies which conduct recall within a specialized
domain. Blair-Stanek et al. (2024) specifically tests
model retrieval from legal contexts, while Fan et al.
(2024) assess long-context recall in the medical do-
main. However, these works omit causal analysis
and do not guarantee a lack of data contamination.

3 Approach

3.1 Evaluation Framework

All case texts were sourced from Courtlistener, an
online database of American case law containing
1.75 million legal decisions. To ensure that the
models’ performance is independent of existing
knowledge on the provided opinions, we filtered
for cases which were made publicly available after
a specific cutoff date, for which we selected July
Ist, 2024.

We evaluated five state-of-the-art language mod-
els with knowledge cutoffs preceding our docu-
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ment collection period: GPT-40, Gemini 1.5 Pro,
Claude Sonnet 3.5, DeepSeek-V3, and Llama-3.1-
8b-instruct (OpenAl, 2024; Google, 2024; An-
thropic, 2024; DeepSeek-Al, 2024; Meta, 2024).
The models tested span parameter scales from 8B
to an estimated 1.8T parameters and incorporate
diverse architectural approaches, providing a repre-
sentative sample of current language models.

3.2 Retrieval Evaluation and Ablations

All tests on a document were performed with shuf-
fled versions of the context window, such that each
test was distributionally identical. To understand
LLM recall as it relates to context information, we
ran several types of shuffle tests, including triad
shuffles, sentence-level shuffles, paragraph-level
shuffles, and global shuffles. The global shuffle
corresponds to the Needle In Haystack benchmark,
which typically involves contextually irrelevant
needle insertions (Gao et al., 2023).

Additionally, we ran ablation tests using needle
position to determine the extent to which positional
bias influences accuracy. While running neighbor-
hood shuffles to vary contextual information, we
evaluated the position within the text of the needle
word, and compared retrieval accuracies at each
position.

Contextual Information. The shuffles differ in the
amount of contextual information provided. For
needle word w, context ¢, and co-occurrence prob-



Context Type Needle Ex. Prompt

Case Count

Decision "affirm"

In one word, was this case affirmed or re- 62
versed? {case text}

Author "Karen Moore"

Is {author name} mentioned or identifiable 62
in this case? Answer only Yes or No. Here
is a legal document: {case text}

Citation "2015 UT 45"

Here is a legal decision describing a ruling,
does the briefing cite {citation}? Answer
only Yes or No.: {case text}.

100

Table 1: Summary of the reference-based tasks used in closed-domain recall. For each task, we test both the standard
context and a shuffled NIAH variant. For the citation task, we constructed a balanced dataset of 50 real citations and
50 fakes. Fakes were generated by randomly selecting digits from real citations and permuting two digit positions,

creating in-distribution but invalid citation references.

ability P(w, ¢), the pointwise mutual information
for a particular word (Resnik, 1992) is given as
P(w,c)
PMI =logy ————
(w7 C) 089 P(’U})P(C)
For a particular needle w, the consequent infor-
mation given by any context c is then

PMIstandard(wa C) =n

for some baseline value n, while for the shuffled
context it is

PMINIAH(wa C) =0

Because all words have equal likelihood of appear-
ing in any context, P(w,c) = P(w)P(c) in this
case so that the mutual information is zero.

3.3 Recall Tasks

We use a subset of tasks that focus on specific fac-
tual information within legal settings. Our first
task, Decision, tests whether the models can accu-
rately identify a single instance of a court decision,
which is either ’affirmed’ or ’reversed’. To add
more breadth to our evaluation, we introduced our
second task, Author, which tests the model’s ability
to identify a single-occurrence author name from
the briefing. Finally, our third task, Citation, evalu-
ates the models on how reliably they can identify a
single-occurrence citation from the text.

4 Results

Our results show that model recall follows a J-
shaped trajectory as contextual information is dis-
rupted. As shown in Figure 3, interfering with local
semantics via small shuffle windows significantly
impairs performance, hindering the model’s "read-
ing" process. However, completely destroying the
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context via a global shuffle forces the model into its
"recall" mode, boosting accuracy to its peak. Ulti-
mately, every model tested performed much worse
in the standard setting compared to the contextu-
ally uninformative global shuffle (NIAH setting),
suggesting that such benchmarks can be unreliable.

One potential counterfactual to consider is that
position alone can explain the drops in accuracy.
We eliminate this possibility through needle posi-
tion ablation tests. As seen in the appendix, these
tests show little correlation between position and
accuracy and indicate that position alone cannot
explain the gap.

The performance gap between standard and
NIAH contexts is exacerbated by document length.
While a model’s NIAH performance is stable, its
ability to recall from a coherent legal text degrades
sharply as the text gets longer. As seen in Figure
4, the error rate in a standard context increases
3.1x faster than in a NIAH task. This widening
gap demonstrates that high NIAH scores are unreli-
able predictors for performance, especially on long
domain-specific documents.

Specific accuracy scores for each model across
the three key conditions—Standard (reading), Lo-
cal Shuffle (disrupted reading), and NIAH (re-
call)—are detailed in Table 2.

Model Std.  Local Shuffle  Global Shuffle
GPT-40 0.723 0.607 0.871
Gemini 1.5 Pro  0.755 0.652 0.893
LLaMA 3 8B 0.658 0.559 0.806
Claude 3.5 0.868 0.736 0.961
DeepSeek V3 0.810 0.697 0.903

Table 2: Model accuracy across input conditions, show-
ing a J-curve pattern: performance drops from Standard
to Local Shuffle and peaks under the Global Shuffle
condition.
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5 Conclusion

Reference retrieval is critical for many applications
in the legal domain, for instance in determining
which case texts support a particular claim. How-
ever, existing benchmarking methods do not rig-
orously enable evaluation of recall capabilities in
previously unseen contexts. We develop an eval-
uation framework from U.S. court opinions that
ensures models have no prior knowledge of case
results or context. Applying our framework, we
identify an consistent recall gap across models and
tasks based on context.

We show that standard needle-in-a-haystack
benchmarks consistently overestimate recall perfor-
mance in the legal domain. Moreover, we isolate
the causes of performance degradation to contex-
tual informativity rather than distributional differ-
ences, and find a J-shaped curve suggesting com-
plex reading behavior. Thus, our findings highlight
the need for specialized testing in reference-critical
applications, and establish an evaluation framework
for improving retrieval across informativity levels.

6 Limitations

Although our methodology eliminates positional
bias through ablation tests, there could be other in-
ternal mechanisms influencing accuracy within the
LLMs that we have not considered. This makes it
so that we cannot claim that the J-curve pattern we
observe is completely responsible for the model’s



behavior. Through this limitation, we open the
door for future studies to probe deeper into model
internals and perform extensive attention analysis
to validate and explore our results further.
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Model Accuracy (No Context)

GPT-40 0.503
Gemini 1.5 Pro 0.500
LLaMA 3 8B 0.484
Claude 3.5 0.516
DeepSeek V3 0.484

Table 3: Model accuracy on legal classification task
with no contextual information provided.
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Figure 5: Our positional ablation tests show no cor-
relation between needle position and demonstrate that
position cannot explain the gap between standard and
NIAH error rates.
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Abstract

Pretrained LLMs are trained on massive web-
scale datasets, which often contain personally
identifiable information (PII), raising serious
legal and ethical concerns. A key research chal-
lenge is how to effectively unlearn PII without
degrading the model’s utility or leaving implicit
knowledge that can be exploited. This study
proposes UnlearnPII, a benchmark designed
to evaluate the effectiveness of PII unlearning
methods, addressing limitations in existing met-
rics that overlook implicit knowledge and as-
sess all tokens equally. Our benchmark focuses
on detecting PII leakage, testing model robust-
ness through obfuscated prompts and jailbreak
attacks over different domains, while measur-
ing utility and retention quality. To advance
practical solutions, we propose a new PII un-
learning method - PERMU,. By applying
token-level noise, we achieve 1) simplified in-
tegration into existing workflows, 2) improved
retention and output quality, while maintaining
unlearning effectiveness. The code is open-
source and publicly available.

1 Introduction

LLMs have become central to modern applications,
particularly those that interact directly with end-
users. Their broad utility has driven rapid adoption
in diverse domains (Liang et al., 2025). At the
same time, LLMs pose significant risks due to their
tendency to memorize and potentially recall infor-
mation from training data. This issue raises serious
concerns, not only from an ethical aspect, but also
under legal frameworks such as the GDPR, the im-
perative to prevent copyright infringement (Chang
et al., 2023), as well as violations of personal pri-
vacy through the leakage of personally identifiable
information (PII) (Staab et al., 2023).

Tackling these issues led to growing interest in
LLM machine unlearning (Cao and Yang, 2015;
Ginart et al., 2019), aiming to forget specific knowl-
edge while preserving the model’s utility. Exist-
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Figure 1: (upper) PII Unlearning Scope (Wang et al., 2025).
(lower) Autocompletion Attack in unlearning scope.

ing work has focused on forgetting entire factual
sequences (e.g., autobiographical details (Maini
et al., 2024) or sensitive content (Deeb and Roger,
2024)). In contrast, PII unlearning remains under-
explored, despite evidence that adversarial prompts
can extract personal information memorized during
training (Aditya et al., 2024; Sun et al., 2023).

The imperative to remove PII from LLMs is
not only technical but also legal and ethical. The
GDPR grants individuals the right to be forgotten,
which allows data subjects to request erasure of
their personal data (Zhang et al., 2024a). In prac-
tice, ensuring compliance through full retraining
is prohibitively costly and inflexible, underscoring
the need for effective unlearning methods. Since
the field is still nascent, most approaches have been
validated only on general-purpose benchmarks, lim-
iting progress toward methods tailored to PII.

Given these challenges in unlearning PII, we
studied the following research questions:

1) How feasible is it to achieve model-agnostic,
computationally efficient PII unlearning that re-
moves both implicit and explicit target knowledge?

2) How does forgetting effectiveness vary be-
tween different PII categories?

3) How do SOTA unlearning methods perform
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across different LLMs and parameter scales?

To address these questions, we make the fol-
lowing contributions. First, we introduce practi-
cal improvements to PERMU, a perturbation-based
machine unlearning method (Wang et al., 2025).
Our extensions (PERMUj) increase reliability and
adaptability for PII-specific unlearning by simpli-
fying relevance masking tailored to PII data and
developing a model-agnostic variant. We apply
token-level noise directly to input data for easier
integration across different LLMs.

Second, we present UnlearnPll, a specialized
benchmark covering 16 Pll-categories across gen-
eral, banking, and medical domains. Unlike exist-
ing evaluation frameworks, UnlearnPII introduces
fine-grained metrics that capture both explicit and
implicit PII leakage, a major oversight in most cur-
rent benchmarks (Wang et al., 2025). As shown in
Figure 1, our benchmark assesses inner-scope at-
tacks (DirectQA, ParaphrasedQA) and outer-scope
attacks (InvertedQA, OneHopQA) through an auto-
completion framework, ensuring models forget not
only explicit PII but also paraphrased and indirect
associations of sensitive information. While a lack
of PII leakage in this benchmark does not fully as-
sess compliance with the GDPR, it represents an
important component of such an evaluation, provid-
ing a way to determine whether target information
can be extracted through adversarial prompting,
which is likely the most common attack vector in
language models due to its accessibility to many
potential anonymous users.

The paper is organized as follows: Section 2
reviews related work. Section 3 and 4 detail the
proposed methodology and benchmark. Section 5
and 6 present experiments and results. Section 7
discusses the limitations and implications.

2 Related Works

Machine Unlearning Techniques are catego-
rized into three main types (Blanco-Justicia et al.,
2025): 1) weight modification, 2) architecture mod-
ification, and 3) input/output modification. Weight
modification methods alter model parameters, of-
fering the most robust unlearning. Simple ap-
proaches like Gradient Ascent (Jang et al., 2022)
maximize loss on forget data but often cause catas-
trophic forgetting. State-of-the-art methods like
Perturbation-based Machine Unlearning (PERMU)
(Wang et al., 2025) use contrastive learning with
perturbed target data to effectively remove direct
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and implicit knowledge. Architecture modifica-
tion methods add external components to facili-
tate unlearning. Who’s Harry Potter? (Eldan and
Russinovich, 2023) introduces a reinforced model
and subtracts its token probabilities from the orig-
inal model. Unlearning through Logit Difference
(ULD) (Ji et al., 2024) operates at the logit level
using an assistant LLM, proving effective for ex-
act expressions but degrading on implicit knowl-
edge (Wang et al., 2025). Input/output modification
methods use prompt engineering approaches. In-
Context Learning-based unlearning (ICL) (Pawel-
czyk et al., 2023) appends unlearning instructions
to samples but requires storing all unlearning data
without weight updates. Our work builds on the
weight modification by extending PERMU with a
token-level variant that simplifies integration across
LLMs while being more suitable for PII unlearning
than existing general-purpose approaches.

Evaluation Unlearning evaluation balances for-
getting effectiveness with utility preservation. The
TOFU benchmark (Maini et al., 2024) contains
forget and retain sets with fictitious author facts,
using metrics like ROUGE-recall and Truth ratio.
Wang et al. (2025) noted that existing benchmarks,
including TOFU, lack generalization testing and
introduced PERMU with UGBench to address para-
phrased questions and one-hop reasoning. How-
ever, their evaluation focuses on general knowl-
edge rather than PII and doesn’t assess extrac-
tion resistance under adversarial conditions. This
work addresses these limitations by introducing
fine-grained metrics for PII leakage, adversarial
robustness testing, and diverse domain coverage.

PII Extraction in LLMs Studies have demon-
strated privacy risks in LLMs (Yao et al., 2024),
with models like GPT-3 leaking PII through simple
prompts (Sun et al., 2023). Aditya et al. (2024)
explored black-box attacks and completion attacks,
showing that partial training data knowledge sig-
nificantly improves PII extraction success. They
introduced metrics like Extraction Success Rate
(ESR) for comparing jailbreaking techniques. Re-
cent work (Kuo et al., 2025) presents Proactive
Privacy Amnesia (PPA), a targeted Gradient As-
cent approach that eliminates phone number leak-
age and reduces address exposure by 9.8-87.6%,
though it was only tested on email datasets and
limited PII types.



3 Methodology

3.1 PERMU

Perturbation-based Machine Unlearning (PERMU)
(Wang et al., 2025) achieved 50.4% improvement
in unlearning target data and 40.7% improvement
in mitigating implicit knowledge over 13 contempo-
rary approaches. The method adjusts the model’s
internal probability distribution, which captures
learned knowledge (Wan et al., 2024), at the logit
level by generating adversarial, factually unaware
distributions that reduce likelihood of factually re-
lated tokens.

Adversarial samples are generated by injecting
noise at the embedding level of subject tokens, iden-
tified using the Model Sensitivity Metric (MSM).
MSM calculates loss function for each token with
and without noise, then computes derivatives and
maximum eigenvalues. Top-K highest eigenvalues
correspond to most sensitive tokens forming the
subject set. Noise injection breaks factual associa-
tions, when prompted with "What sport does Lionel
Messi play? He plays," the corrupted distribution
fails to rank "football” highly.

As illustrated in Figure 2, the model employs
contrastive learning to further suppress confidence
in fact-related tokens by subtracting the clean distri-
bution from the corrupt distribution: p(Y;|y<) =
p(y|z) — C - p(y|z), where p(y|Z) is the corrupted
distribution, p(y|z) is the clean distribution, and C
is the tuning coefficient. The model is fine-tuned
using KL-divergence to align with this contrasted
distribution. Catastrophic forgetting is further miti-
gated by adding a retain loss, which is a traditional
loss calculated on semantically similar data.

3.2 Extension of PERMU

We extended two components in PERMU to en-
hance its effectiveness and broaden applicabil-
ity: 1) replacing MSM with a targeted heuristic
for subject token identification; 2) introducing a
model-agnostic variant that removes the need for
embedding-level access.

Subject Token Calculation: We replace MSM
with a simple heuristic that selects the target per-
son’s name as subject tokens. This is feasible in
our structured PII data where the subject entity
is known in advance and is always present in the
unlearning sample.

Analysis on the TOFU benchmark (Maini et al.,
2024) confirms that MSM-identified subjects con-
sistently represent the central subject entity (e.g.,
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synthetic author name). Since the subject’s name
directly links the question to the factual informa-
tion to be removed, selecting it as the subject to-
ken is both intuitive and effective. Our heuristic
avoids MSM’s computational overhead while of-
fering clearer and more controllable subject token
selection.

Model-Agnostic Variant: The Original PERMU
requires modifying the model’s forward function
for embedding-level noise injection, hindering
seamless integration. We introduce PERMU ,
which shifts noise injection to the token level us-
ing straightforward token substitution, eliminat-
ing forward function modifications and providing
model-invariant functionality with minimal extra
overhead. This results in a model-agnostic method:
the only changes occur at the data level, and in
fact, the unlearning dataset with perturbed tokens
can be precomputed and reused for any specified
model. This makes the method significantly more
practical.

PERMU |y introduces two parameters: Replace
Token Probability (R) and Corrupt Token Neigh-
borhood (V). For each token in our set, we de-
cide whether to replace it with probability R, and
then we choose its replacement from the candi-
date neighborhood N. Less strict neighborhoods
produce replacements similar to original tokens,
potentially reducing clean-corrupted contrast and
weakening unlearning effects.

4 UnlearnPII Benchmark
4.1 Synthetic PII Dataset

PII is rarely available in online datasets due to pri-
vacy protections. We created a custom dataset to
ensure control over QA format, target domains, PII
categories, and sample distributions. The structure
follows the TOFU benchmark using synthetic au-
thor profiles, but is adapted to the PII setting where
individuals are linked to personal facts.

The created dataset contains 225 person profiles
with 10 QA pairs each. Each QA pair references
the person’s PII, for example: "What is Einar Sven-
son’s phone number?" answered by "Einar Svenson
can be reached at 0678543454." We cover general,
banking, and medical domains, different PII types
(e.g., names, identifiers, bank account numbers),
and semantically rich information (e.g., disease
names). Then, the QA pairs were created by sam-
pling from predefined probability distributions that
determined user country, domain, PII type, and
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number of PII per sample to ensure diversity. Table
11 and Figure 8 in Appendix shows details about
PII types and their statistics.

4.2 Forget, Retain and Test Retain Sets

The dataset is split into three non-overlapping QA
pair sets: (1) Forget Set - target data to be un-
learned from the model, (2) Retain Set - regular-
ization data used to prevent catastrophic forgetting
during unlearning (Maini et al., 2024; Shi et al.,
2024), and (3) Test Retain Set - validation data
for assessing whether non-target PII knowledge is
preserved. Figure 4 depicts the role of each set in
the unlearning process. The Forget and Retain Sets
are constructed from 2000 QA pairs derived from
200 synthetic individuals, while the Test Retain Set
contains 250 QA pairs from 25 individuals. The
proportion of data allocated to forgetting is deter-
mined by the Forget Split parameter (10%). The
parameter setting provides sufficient PII candidates
for extraction while minimizing utility degradation.
Further analysis of different forget split ratios and
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their scalability-quality trade-offs can be found in
Appendix B. This setting does not indicate the like-
lihood that specific data will be forgotten; rather,
it specifies the amount of Retain data required to
unlearn the Forget data. For example, if the For-
get Set contains 100 samples, then with a Forget
Split of 10%, one would generate 900 samples of
synthetic data similar to the target data to serve as
the regularization component. Further analysis of
different Forget Split ratios and their scalability-
quality trade-offs can be found in Appendix B.

4.3 Auto-completion and Extraction Attacks

The development of evaluation prompts are in-
spired by Aditya et al. (2024), where the authors
achieved PII extraction rates of up to 13% using
autocompletion attacks and 4.5% using extraction
attacks. Autocompletion attacks prompt the model
with partial training data (informed), while extrac-
tion attacks use unrelated prompts (uninformed).
We introduce three new autocompletion attacks
and one extraction variant (in Figure 3). The auto-
completion attacks test both explicit and implicit
knowledge removal and include: (1) DirectQA -
original training questions, (2) ParaphrasedQA -
reworded versions testing generalization, (3) One-
HopQA - using one PII to extract another, testing
associations, and (4) InvertedQA - reverse relation-



ships testing implicit connections. For extraction,
the Naive ExtractionQA (uninformed) set is em-
ployed using random C4 dataset prompts (Dodge
etal., 2021) and Targeted ExtractionQA (partially
informed) using only first names to assess unlearn-
ing under more practical and adversarial conditions.
Details on prompt counts and generation proce-
dures are provided in Appendix C and F.

4.4 Evaluation Metrics

Machine unlearning aims to forget target data while
preserving existing knowledge and utility. Figure 4
(lower) illustrates our evaluation approach for both
objectives.

Forget Objective Unlike previous benchmarks
that measure whether full answers are forgotten,
this work focuses specifically on PII leakage. To
this end, the Extraction Success Rate (ESR) =
Total Plfloﬁrgggﬁstrt?)cttﬁg model is adop ted (Aditya et al,
2024). ESR is defined as the fraction of prompts
in which the correct individual’s PII is revealed.
ESR is reported per attack type (e.g., Direct ESR,
Paraphrased ESR), with the objective of achieving
low Forget ESR scores.

Utility Objective. To assess knowledge preserva-
tion, the following three metrics are used: 1) Test
Retain ESR, measuring leakage of non-target P11
from similar samples; 2) Model Utility, evaluating
retention across non-target PII and general knowl-
edge (as in TOFU (Maini et al., 2024)); 3) Model
Fluency, assessing generation quality via n-gram
frequency (as in UGBench (Wang et al., 2025)).
Higher scores indicate better preservation, with the
aim of remaining close to a baseline model without
unlearning.

General Benchmarks: Besides unlearning-
specific metrics, three widely used LLM down-
stream benchmarks are used: MMLU-Pro (an en-
hanced version of the Massive Multitask Language
Understanding benchmark testing comprehensive
knowledge across 57 academic subjects)(Wang
etal., 2024), GSMS8K (Grade School Math 8K, eval-
uating mathematical reasoning capabilities)(Cobbe
et al., 2021), and ARC-Challenge (Abstraction
and Reasoning Challenge, assessing scientific rea-
soning through challenging multiple-choice ques-
tions)(Chollet et al., 2024). These benchmarks are
widely adopted in the community for their ability
to comprehensively test both knowledge recall and
reasoning abilities across diverse domains.
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4.5 Implementation Details

UnlearnPII is evaluated using Llama2-7B and
Llama3.1-8B, trained to memorize PII and recall
both one-hop and inverse relationships. For each
of the 2,250 QA samples, we generate one inverted,
five paraphrased, and three one-hop variants per
individual to test generalization. Both models are
fully fine-tuned for 5 epochs (batch size 32, learn-
ing rate 2e-5, gradient accumulation 4). During
unlearning, we fine-tune for 8 epochs with learning
rate of 1e-5 and effective batch size of 32. Training
is performed on a single H100 GPU 94GB HBM2e.
Results are averaged over 10 runs with all parame-
ters updated during both phases.

S Experiments

5.1 PERMU,y Ablation Study

PERMU,,k employs two parameters whose effects
will be studied: replace token probability () and
corrupt token neighborhood (N). For R, experi-
ments are conducted using four probability values:
0.25, 0.5, 0.75, and 1.0 such as to analyze how
replacement probability impacts both forgetting
performance and utility. For NV, four neighborhood
configurations are analyzed based on Levenshtein
edit distance between original and corrupted tokens.
Given original token ¢, and vocabulary token t,,
where k = Levenshtein(¢,, t,,), configurations in-
clude: (i) ki_match Where & = 1 and ¢,[0] = ¢,[0],
(>i1) kg where k < 2, (iii) k19 where £ < 10, and
(iv) K_strict Where k = [t,|, representing increasing
corruption severity from minimal distortion to full
character mismatch. In this setting, R is fixed at
1.0 to eliminate variance.

5.2 Evaluation on UnlearnPII

In addition to PERMU and PERMU, Unlearn-
PII is evaluated on 5 other SOTA unlearning ap-
proaches: Gradient Ascent (GA) (Jang et al., 2022),
Direct Preference Optimization (DPO) (Rafailov
et al., 2023), Negative Preference Optimization
(NPO) (Zhang et al., 2024b), Who’s Harry Potter
(WHP) (Eldan and Russinovich, 2023), and Un-
learning through Logit-Difference (ULD) (Ji et al.,
2024).

GA represents the simplest approach, invert-
ing the optimization objective to maximize loss
on the forget set. NPO and DPO employ refer-
ence distributions for controlled forgetting. DPO
aligns outputs with "I don’t know" responses, while
NPO uses probability ratios against the original



pre-trained model. The contrastive methods, WHP
and ULD, shift output logits by subtracting pre-
dictions from an assistant model fine-tuned on the
forget data. To mitigate utility degradation, regu-
larization techniques Gradient Descent (gd) (Maini
et al., 2024) and KL Divergence (Lu et al., 2022)
are applied to GA, DPO, and NPO, yielding six
additional variants.

The evaluation aims to identify methods that de-
liver strong unlearning performance while preserv-
ing downstream capabilities and non-target knowl-
edge recall. In the evaluation, the default param-
eters for non-PERMU methods are employed, we
include a Retain baseline model fine-tuned exclu-
sively on the retain set and never exposed to forget
data, serving as an upper bound for performance.
The top-performing models are analyzed to deter-
mine which domains and PII types are difficult to
forget across different attack scenarios. In addition,
parameter-efficient finetuning technique LoRA is
explored to study its impact on machine unlearn-
ing on computational resources and model perfor-
mance (Hu et al., 2022).

5.3 Scaling with LLM Size

The effect of the method on larger models is ana-
lyzed by using Qwen2.5 model family. These mod-
els include 1.5B, 7B, 14B, 32B parameters. The
best-performing unlearning method are reported by
their ESR. To normalize PII retention across sizes,
training epochs are scaled inversely with model
capacity: 8 (1.5B), 5 (7B), 3 (14B), and 2 (32B).
The larger models require multi-GPU setups, with
14B trained on 2 H100s and 32B on 4 H100s.

6 Results & Discussion

6.1 Ablation Study of PERMUj

Figure 5 shows that Replace Probability Parame-
ter R (0.25, 0.5, 0.75, 1.0) exhibits a clear and
strong effect on unlearning performance. ESR
for the Inner-Scope Attack decreases substantially
with increasing R, dropping from 20% to less than
1% on the Forget set. This trend demonstrates
that higher values of R contribute to significantly
more effective forgetting and reduced retention of
sensitive information. This effect occurs because
PERMU leverages contrastive learning by subtract-
ing corrupted logits from clean logits. At low R
values, corrupted samples contain more original
tokens, reducing the difference from clean logits
and weakening the contrast between unrelated and
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related content, thus diminishing the unlearning
gradient. As R increases, the gap between cor-
rupted and clean logits grows, strengthening the
unlearning signal and driving gradient updates to-
ward fact-unrelated predictions. Given our primary
goal of ensuring low Forget ESR, we choose R = 1
for subsequent experiments.

Inner-Scope ESR - Replace Probability

pe Pil Leakage (%)

nner-Scope PIl Leakage (%)

nner-Sco

o 0’5 07
Replace Probability

Figure 5: Llama3.1-8B: PII leakage rates for the Inner-Scope
(average ParaphrasedQA and DirectQA) attacks on both the
Test Retain and Forget sets.

In contrast to R, Corrupted Token Neighbor-
hood N shows more nuanced effects. This pa-
rameter controls the similarity between replace-
ment tokens and original ones, where kg repre-
sents higher corruption levels (less similarity) and
K1 match represents lower corruption (higher sim-
ilarity to the original). Table 1 presents results
across four N configurations. The k1o configura-
tion achieves better explicit knowledge removal
with 0.35% Forget ESR for Direct attacks com-
pared to 0.87% for k; maicn. However, for implicit
knowledge removal, K| maich significantly outper-
forms k1o (4.5% vs 10.7% for Inverted attacks).
K1 match configuration yields the best performance
for Targeted attacks (0.46% vs 2.13% ESR). These
results suggest that higher corruption levels (k1q)
may over-corrupt samples, leading to overly ag-
gressive unlearning that fails to capture implicit
associations. Given its stronger performance on
outer-scope forgetting and lower computational
cost from a smaller neighborhood, N = kj match
is chosen.

6.2 Unlearning PII Evaluation

Table 2 presents evaluation results of PII unlearn-
ing effectiveness using different methods. The Re-
tain Model serves as the ideal baseline. While
it may appear surprising that this model exhibits
leakage, this is explained by weak PII (e.g., user-
names such as einar.svedberg) that remain inferable.
PERMU and PERMU,,x demonstrate superior per-
formance with substantial capacity for reducing PII
leakage while maintaining high Test Retain ESR.



Table 1: Results of forget leakage, extraction leakage and model performance on parameter N in PERMU,q using Llama3.1-8B.

Autocompletion Forget ESR ( %) |

Extraction Forget ESR (%) |

Model Performance 1

N Direct  Paraphrased =~ OneHop  Inverted  Naive Targeted Model Utility ~ Forget Fluency
Ki_match 0.87 1.42 4.25 45 0.05 0.46 0.54 3.80
k> 0.58 0.75 5.66 9.20 0.24 1.20 0.54 3.17
kio 0.35 0.75 4.53 10.70 0.08 2.13 0.57 3.53
Kio_strict 0.63 1.00 4.53 12.60 0.26 2.22 0.54 3.29

Table 2: Results of forget leakage and model performance of different unlearning methods using LLama3.1-8B. The best scores
per model are highlighted. The results for DPO, GA and GA+kl are omitted due to catastrophic forgetting, yielding either
incoherent outputs or uniform “I don’t know” responses.

Autocompletion Forget ESR ( %) |

Model Performance 1

Method \ Direct  Paraphrased  OneHop  Inverted \ Model Utility ~ Forget Fluency
Retain Model | 0.5 0.3 1.89 1.5 | 0.69 3.96
PERMU 0k 0.50 1.20 3.77 4.5 0.55 3.66
PERMU 0.22 0.61 3.58 12.3 0.55 2.94
GA+gd 13.67 18.92 7.55 10.5 0.45 2.74
DPO+kl 25.00 75.50 60.38 27.5 0.6 2.73
DPO+gd 71.08 76.83 56.60 32.0 0.6 4.01
NPO 28.75 36.33 9.43 14.5 0.08 4.15
NPO+kl 76.92 78.83 50.94 315 0.57 3.94
NPO+gd 71.08 76.83 56.60 32.0 0.56 0.64

Both methods achieve below 1% ESR for Direct at-
tacks (0.22% and 0.5% respectively) and maintain
over 95% Test Retain ESR. By contrast, alterna-
tive methods that performed well in prior works
fail to minimize Forget ESR in our setting. The
best competitor, GA+gd, achieves 13.67% Direct
Forget ESR and suffers greater utility loss. Some
methods experienced catastrophic forgetting and
are therefore omitted from the result tables.

PERMU excels at removing explicit knowledge,
achieving 0.61% ParaphrasedQA ESR compared
to 1.20% for PERMUox. However, PERM Uy sig-
nificantly outperforms at removing implicit knowl-
edge, with 4.5% Inverted ESR versus 12.3% for
PERMU. This performance difference stems from
the level of noise injection. PERMU applies post-
encoding noise to embeddings, creating stronger
perturbation in corrupted logits and a more pow-
erful unlearning signal. In contrast, PERMU. ap-
plies token-level noise, producing corrupted log-
its closer to the clean ones and gentler gradi-
ent updates that more effectively drift from con-
cepts rather than specific phrases. By comparison,
PERMU generates higher-entropy corrupted logits,
providing stronger unlearning signals but at greater
cost to utility (Figure 7 in Appendix). This obser-
vation is consistent with our ablation results on the
corruption neighborhood parameter, where greater
similarity between corrupted and clean outputs im-
proved implicit knowledge forgetting.

For PII extraction, Naive ExtractionQA (unin-
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formed) and Targeted ExtractionQA (partially in-
formed, using only first names) are employed to
evaluate unlearning effectiveness. PERMU and
PERMU . substantially reduce ESR scores com-
pared to other models (Table 6 in Appendix), yet
full protection is not achieved. The results high-
light meaningful PII risk reduction, but residual
leakage persists.

Table 3: General model performance of PERMUqk using three
other benchmarks with LLama3.1-8B.

Model Performance 1

Phase MMLU Pro  GSM8K  ARC - Challenge
Base 0.414 0.802 0.606
Finetuning 0.408 0.671 0.592
Unlearning 0.399 0.66 0.583

Table 2 shows the model utility of PERM Uy de-
clines from 0.69 to 0.55, reflecting reduced knowl-
edge on non-target data. However, evaluation of
the model on popular LLM benchmarks (Sec 4.4)
shows that unlearning scores drop by less than 1%
across all tasks (Table 3), suggesting that recall
and reasoning remain largely intact. This inter-
pretation is consistent with the high Test Retain
ESR, confirming strong preservation of non-target
knowledge.

An exception is GSM8K, which drops from 0.80
to 0.67 after fine-tuning, prior to unlearning. Un-
like MMLU-Pro and ARC, GSMS8K relies heav-
ily on chain-of-thought reasoning; memorizing PII
may have overwritten fragile parameters needed



for multi-step problem solving.

6.3 Analysis of PII Categories

Figure 6 reports combined ESR from the Direct and
Paraphrased prompts on PERMUy across all PIT
categories. The Test Retain set shows strong preser-
vation, with retention rates above 90% in almost
every category, indicating that semantically similar
non-target data is largely unaffected by unlearning.

PerMUtok - Forget and Test Retain ESR Comparison

nnnnnn

Test Retan 5

ESR (%)

Figure 6: PII leakage rates across domains and categories on
Llama3.1-8B, computed as the percentage of leaked PII per
category under Inner-scope Autocompletion Attacks.

The Forget set demonstrates successful unlearn-

ing in most categories, with ESR reduced to 0% for
the majority. However, several categories remain
vulnerable: Occupation (9%), Disease (6.7%), and
Treatment (6.2%), along with smaller leakages in
Health Insurance Number (5.3%), Email Address,
and Twitter Username.

The patterns suggest that leakage is more likely
in semantically rich PII types. The three most vul-
nerable categories: Occupation, Disease, and Treat-
ment, appear to represent semantically richer con-
cepts that create broader association networks. For
instance, while a phone number represents a rel-
atively isolated identifier, an occupation such as
Software Engineer enables the model to infer mul-
tiple related attributes: education level, technical
skills, and other characteristics. These richer se-
mantic associations create multiple pathways for
implicit retention, making them harder to erase.

6.4 Unlearning across Model Sizes - Qwen2.5

We evaluate the effect of model scale on unlearn-
ing using Qwen2.5 (1.5B-32B) with PERMUj
(Table 4). All models achieve low Forget ESR,
with the 32B model performing best (0% Direct
ESR), followed by 14B (1.0%), 1.5B (2.5%), and
7B (0.75%). Interestingly, the 1.5B model does
not align with the general trend of smaller mod-
els showing higher leakage. Variability in baseline
utility scores suggests our training setup did not
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enforce consistent retention across model sizes, so
the results indicate only a tentative trend toward
improved unlearning with scale. Nonetheless, a
general trend is theoretically plausible: larger mod-
els have greater capacity for knowledge separa-
tion, making it easier to disentangle target from
non-target information. With more parameters and
smoother optimization, gradient-based unlearning
can more precisely remove sensitive knowledge
while preserving general utility.

7 Conclusion

This work advances the field of machine unlearning
by introducing PERMUjk, a model-agnostic exten-
sion of PERMU, and UnlearnPII, a new benchmark
for evaluating unlearning effectiveness on PII.

Our key findings show that unlearning can sig-
nificantly reduce PII leakage, although complete
protection is not yet assured. Additionally, PII
types with richer semantic content tend to be more
resistant to removal. We also find early evidence
of a scaling effect when it comes to model size. Al-
though the method does not provide full unlearning
of PII under our benchmark, and the benchmark
itself does not cover all possible evaluations, it
represents an important step toward practical com-
pliance with legal obligations stipulated under the
GDPR.

Two limitations should be noted. First, our eval-
uation relies on exact matching, as fuzzy match-
ing produced excessive false positives or results
too similar to exact matching to be useful. Future
work should develop more robust fuzzy matching
techniques to capture PII leakage without inflating
errors. Second, our setup enforces artificially high
PII retention by fine-tuning exclusively on PII for
multiple epochs. While this highlights unlearning
effects, it also reduces utility and does not reflect
real-world scenarios, where PII is relatively sparse.
Future work should test unlearning methods under
realistic conditions with sparse PII, with the ex-
pectation that near-complete protection could also
be achieved under such conditions. Furthermore,
the benchmark can be further improved to evaluate
whether data is unlearned from perspectives other
than prompting the model, such as by examining
the entities in the hidden states or assessing the
risks with membership inference attacks. Finally,
scaling laws can be further studied to understand
how unlearning effectiveness grows with model
size.



Table 4: Qwen 2.5 Model Size Comparison - Forget Set: Experimental Results assessing Forget ESR across different model
sizes, for the base model, prior to any unlearning, and after unlearning with PERMU .

‘ Direct Forget ESR (%) | Paraphrase Forget ESR (%) |

One Hop Forget ESR (%) |

Inverse Forget ESR (%) | Model Performance T

Size ‘ Base PERMU ok ‘ Base PERMU ok ‘ Base PERMU o ‘ Base PERMU ok ‘ Utility Fluency
1.5B | 94.92 0.75 95.92 2.75 15.09 5.66 12.0 8.0 0.51/0.47  3.90/3.78
7B 99.25 2.50 99.58 5.00 41.51 5.66 24.5 15.0 0.53/0.55  3.95/3.89
14B 99.75 1.00 99.50 0.50 90.57 3.77 71.0 5.5 0.41/0.34  3.96/3.43
32B 99.50 0.00 99.75 0.00 52.83 1.89 39.5 35 0.51/0.53  3.96/2.25
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Appendix
A Unlearning with LoRA

Table 5 shows LoRA performance for PERM U
across ranks 7. Higher ranks improve unlearning:
at r = 32, Direct ESR is 35%, while r = 512 and
r = 1024 give similar results to full fine-tuning,
though gains likely plateau beyond some point.
Low ranks update fewer parameters, so unmod-
ified weights may retain memorized PII. In our
setup, PII was deliberately overfit, likely spreading
across many parameters, making low-rank LoRA
insufficient. In a more realistic setting, where PII is
stored in fewer weights, lower ranks might suffice.

Table 5: Llama3.1-8b Experimental Results showing Forget
ESR and Model Performance across different ranks

| Forget ESR (%) |
Rank \ Direct  Paraphrased @ OneHop  Inverse
32 35.22 60.12 53.58 332
64 20.42 34.17 29.43 26.8
128 19.28 30.32 22.26 28.9
256 3.78 8.17 9.43 22.6
512 0.20 0.57 3.77 7.7
1024 0.18 0.53 2.64 5.6
1024quant 10.70 13.12 20.75 24.9
full | 050 0.67 3.77 4.5

B Forget Split

The unlearning set is split into the Retain and For-
get sets, with the Forget split representing the pro-
portion targeted for unlearning. In all experiments,
we set it to 10%, low enough to preserve utility but
high enough to capture diversity in target PII types.

Figure 9 illustrates a trade-off in the forget split:
increasing the forget percentage degrades output
quality, as shown by lower Model Fluency scores.
Notably, in the Forget50 setting, Forget Fluency
drops to 0.233 for PERMU, indicating gibberish
outputs. This decline aligns with the role of the
Retain set, which acts as a regularizer preserving
overall performance. A distinction must be made
between PERMU and PERMU ., as the later has a
a much higher Forget Fluency score of 2.58 even
for the Forget50 split. The former appears more
sensitive to increased Forget proportions, likely due
to its more aggressive perturbation strategy.

C Evaluation Prompts

We evaluate unlearning effectiveness using four
attack types. DirectQA consists of original unlearn-
ing samples from the training data used in both fine-
tuning and unlearning phases. Paraphrased(QA con-
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Table 6: Extraction experimental Results of forget leakage,
test retain leakage, and extraction attacks using LLama3.1-8B.

‘ Forget ESR (%) | Test Retain ESR (%) 1T
Method | Naive  Targeted | Naive Targeted
Retain Model | 0.00 093 | 050 14.81
grad_ascent+gd 0.00 0.93 0.10 4.63
DPO+kl 0.20 13.43 0.30 13.43
NPO 0.20 2.78 0.00 3.70
NPO+kl 0.70 10.65 0.20 10.65
NPO+gd 0.30 8.80 0.40 11.11
PERMU ok 0.10 0.93 0.60 13.43

PERMU 0.09 1.44 0.39 13.89

tains factually identical but reworded questions not
included in training data, with five variants per Di-
rectQA to assess information leakage. OneHopQA
tests implicit knowledge retention by extracting
one PII using another PII value from the same in-
dividual, evaluating whether associations between
PIIs have been removed (3 prompts per person). In-
vertedQA examines inverse relationships between
known PII elements, with one inversion per Direc-
tQA. Table 7 shows attack counts for general cases
and split=Forget10. OneHopQA counts are approx-
imate since some users lacked sufficient PII (6 PIIs
needed for 3 settings per person) as some samples
were reserved for training data.

Table 7: Number of prompts per Autocompletion Attack type.
Attack Type Size Size (split=Forget10)
DirectQA n 200
ParaphrasedQA 5n 1,000
InvertedQA n 200
OneHopQA ~ 0.3n ~ 60




D Examples responses from unlearning models

Table 8: Example answers from how PERMU, PERMUk, retain model and GT model. PERMU .k can answer the question as it
should be, but with factually-incorrect, hallucinated information.

| Question Model Type | Answer
| What was the most recent financial PERMU | Eero Viljo Martikainen, 000000000000000000000...
1 tr ansgcl%on recorded for Eero Viljo PERMU ok Eero Viljo Martikainen’s most recent financial transaction was recorded on
Martikainen? 14/02/2023 and amounted to €1,452.78.
Retain Model The most recent financial transaction for Eero Viljo Martikainen was an amount of
€1,843.67 on 07/06/2017.
GT Sample The most recent financial transaction for Eero Viljo Martikainen was an amount of
€864.31, recorded on 24/11/2021.
| What is the social media presence of Lea PERMU | Lea Viviane Schmid, I'm just a 19-year-old.
2 \ Viviane Schmid for professional or PERMU ok \ Lea Viviane Schmid is active on Twitter under the username lea.v.schmid.
personal communication?
\ Retain Model \ Lea Viviane Schmid uses the handle lea.schmid88 on social media platforms.
‘ GT Sample ‘ Lea Viviane Schmid is active on Twitter under the username leaschmidd5, which

she uses for both personal and professional interactions.

E LLama2.7-B Results

Table 9: Results of forget leakage and test retain leakage the extraction attacks using LLama2-7B.

Forget ESR (%) | Test Retain ESR (%) 1

Method | Naive Targeted | Naive Targeted
Retain Model ‘ 2.00 2.04 ‘ 0.80 13.11
grad_ascent+gd 0.10 9.18 1.6 10.6
DPO+kl 0.10 2.04 0.8 4.9
DPO+gd 0.05 8.16 0.00 114
NPO 0.15 13.27 1.2 14.7
NPO+kl 0.05 14.29 0.00 13.1
NPO+gd 0.10 13.27 0.00 13.1
PERMU ok 0.45 2.00 0.06 17.21
PERMU 0.10 1.33 0.00 6.58

Table 10: Llama2-7B: Experimental Results assessing Forget Leakage, Test Retain Leakage and Model Performance for different
unlearning methods. The best scores per model are highlighted, the Retain Model is not highlighted as it serves as ideal case.
The results for DPO, GA and GA +kl are not included as the model experienced catastrophic forgetting, the GA models output
gibberish, while DPO outputs it’s variants of "I don’t know" for any input.

Autocompletion Forget ESR ( %) |

Autocompletion Test Retain ESR (%) 1

Model Performance 1

Method ‘ Direct  Paraphrased  OneHop  Inverted ‘ Direct  Paraphrased  OneHop  Inverted ‘ Model Utility ~ Forget Fluency
Retain Model | 0.5 0.5 1.9 1.0 | 996 98.4 55.1 24 | 0.80 3.98
PERMU ok 1.1 1.3 1.9 6.0 82.6 83.2 30.6 25.3 0.74 3.81
PERMU 0.1 0.002 1.5 8.9 74.6 76.1 12.6 20 0.75 2.88
ULD 18.5 33.9 0.0 27.0 93.1 93.6 0.0 30 0.73 3.85
WHP 95.3 96.4 0.0 28.5 93.8 93.7 0.0 30 0.71 3.76
GA+gd 29.7 313 11.3 11.0 62.9 60.0 13.0 14 0.68 3.98
DPO+kl 60.8 60.8 11.3 17.5 80.7 75.0 20.3 25.5 0.74 3.22
DPO+gd 472 49.7 24.5 18.5 99.3 95.0 36.2 26.8 0.77 3.36
NPO 26.5 20.4 7.5 23.0 37.5 312 10 233 0.53 3.63
NPO+kl 66.8 71.2 15.1 32.0 74.7 79.8 232 33.6 0.63 3.58
NPO+gd 46.8 52.6 13.2 18.0 79.1 81.7 27.5 24.8 0.68 3.84
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Figure 7: LLama3.1-8B: Forget Loss and Entropy of the Corrupted Logits, comparing PERMU and PERMUjk, averaged from
10 runs across all training batches.
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F PII types and generation prompts

System Prompt for PII QA Generation

AW N =

Task: Generate synthetic question-answer pairs where questions elicit personally identifiable information responses.

Input Parameters:

* full_name: Complete name of target user

» user_profile: User information profile

* ga_config: Target PII categories for extraction

Instructions:

1. Questions must use full_name and target PII categories in ga_config.

2. Multiple PII elements may be naturally included without explicit reference.

3. Additional non-PII context from profile enhances naturalness.

4. Strict adherence to user_profile, no fabrication allowed.

5. Questions must unambiguously target specific PII types.

6.
Output Format:
Listing 1: Expected JSON Response Structure
{
"question”: "< question incorporating full_name and requesting PII >",
"answer": "< response containing the requested PII categories >"
}

Table 11: PII Generation Types and Specifications for Synthetic Data Creation. Each type follows specific generation rules to

ensure realistic but synthetic personally identifiable information across different categories and regions.

PII Type Prompt For Specific Type Generation Example
country Input to model, drawn from uniform distribution of 19 countries. Denmark
fullname Create an uncommon, synthetic full name appropriate for the specified country. Jesper Madsen

email_address

Realistic, fake email address that aligns with the full_name and country

m.madsen88 @libero.it

twitter_username

Fake but plausible Twitter-style username partially derived from full_name.

matteofarnesl_88

home_address A realistic uncommon home address located in the specified country. Under 30 Vesterbrogade 22
characters
work_address A realistic uncommon business address, different from the home address. Donot ~ Hovedgaden 44

use business name.

phone_number

Format must be exactly: Xxx - XXX - XXXX

207 - 456 - 7890

Occupation "A realistic job title followed by ’at’ and a fake uncommon company name (e.g.,  Marketing Director at Nord-
Software Engineer at Qyntari Systems) wave Solutions
DOB Format must be exactly: dd/mm/yyyy 14/08/1975

credit_card_nr

Format must be exactly: XXXX-XXXX-XXXX-XXXX

4321-1234-5678-9012

bank_account_number

Random sequence of digits fewer than 18 characters.

B102938475612

bank

A realistic, uncommon, regionally plausible bank name.

Arctic Bank

bank_transaction_amount

"Amount in currency that is appropriate for the country, (e.g., $1,529.24 for US)

DKK 12,345.00

bank_transaction_date

Realistic date that must be after the date of birth.

03/01/2021

financial_consultant_name

Realistic uncommon full name appropriate for the region.

Erik Holger Madsen

health_insurance_nr

Format: xxx-xx-xxxxx (mix of letters and numbers)

K8M-33-78901

hospital_name

Realistic, uncommon hospital name in the given country.

Nordic General Car

doctor_name

Realistic uncommon full name with *Dr.” prefix (e.g., Dr. Mirela Kovdcs).

Dr. Astrid Marie Christiansen
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Abstract

Large Language Models (LLMs) are increas-
ingly used to generate user-tailored summaries,
adapting outputs to specific stakeholders. In
legal contexts, this raises important questions
about motivated reasoning — how models
strategically frame information to align with
a stakeholder’s position within the legal sys-
tem. Building on theories of legal realism and
recent trends in legal practice, we investigate
how LLMs respond to prompts conditioned
on different legal roles (e.g., judges, prose-
cutors, attorneys) when summarizing judicial
decisions. We introduce an evaluation frame-
work grounded in legal fact and reasoning in-
clusion, also considering favorability towards
stakeholders. Our results show that even when
prompts include balancing instructions, models
exhibit selective inclusion patterns that reflect
role-consistent perspectives. These findings
raise broader concerns about how similar align-
ment may emerge as LLMs begin to infer user
roles from prior interactions or context, even
without explicit role instructions. Our results
underscore the need for role-aware evaluation
of LLM summarization behavior in high-stakes
legal settings.

1 Introduction

Content summarization is one of the most promi-
nent applications of LLMs (Cheng et al., 2025a),
and much work has focused on improving and
evaluating LLM-generated summaries (Rolshoven
et al., 2024; Song et al., 2024). Yet most evalua-
tion frameworks assume a single optimal summary
per input (Pu et al., 2023; Zhang et al., 2024a), an
assumption that often fails in real-world settings
where the definition of a “good” summary depends
on the user. Goals, background knowledge, and
role all shape both expectations and interpretations
(Liao and Xiao, 2025). Some recent work has there-
fore explored user-specific (or personalized) sum-

“Work carried out while at these institutions.
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marization (Zhang et al., 2024b, 2025), aiming to
improve summary relevance by conditioning on
user identity or intent. Tailoring to user roles, how-
ever, introduces a tension: while it can increase
relevance, it also risks undesirable bias. For ex-
ample, summaries that closely align with a user’s
strategic position may omit important countervail-
ing facts or arguments.

In this study, we investigate role-conditioned
summarization in the legal domain. As attorneys
increasingly use LLMs to generate tailored sum-
maries as part of adversarial strategy development
and brief drafting, the domain’s adversarial struc-
ture matters: motivated reasoning — the tendency
to interpret facts and arguments in ways that sup-
port institutional goals or beliefs (Sood, 2013;
Schmittat and Englich, 2016; Teichman et al., 2023;
Simon and Read, 2025) — is a professional norm.
What may be appropriate for human advocates can
become risky when automated: role-aligned out-
puts may omit countervailing facts or arguments
while still appearing objective or balanced to end
users. Our main research question is:

RQ: Do LLMs exhibit stakeholder-specific moti-
vated reasoning when summarizing judicial
decisions? More specifically, how does such
summarization affect fact and reasoning inclu-
sion, and stakeholder alignment?

To address this question, we introduce the first
systematic framework for detecting motivated rea-
soning in role-conditioned legal summarization by
LLMs. We develop a pipeline in which LLMs
generate summaries of Swiss Federal Supreme
Court (SFSC) decisions from the perspective of
various legal actors (e.g., judge, prosecutor, de-
fense attorney). The generated summaries, along
with expert-written summaries published on Swiss-
blawg, a prominent Swiss law blog, are evaluated
using metrics that assess the inclusion of legally rel-
evant facts and reasoning, as well as favorability to
a given stakeholder to assess motivated reasoning.

Proceedings of the Natural Legal Language Processing Workshop 2025, pages 68112
November 8, 2025 ©2025 Association for Computational Linguistics



Our key findings include:

* Role-conditioned summaries differ systemati-
cally in the inclusion of legally relevant facts,
with adversarial roles showing more selective
coverage than neutral roles.

Legal reasoning is more variably included,
with differences likely influenced by both
model and case context.

Even when prompts include balancing instruc-
tions, summaries tend to favor content aligned
with the assigned role — mirroring the dynam-
ics of motivated legal reasoning.

These results highlight how LLMs, when
prompted to simulate legal actors, adopt role-
sensitive perspectives in ways that reflect strate-
gic human behavior. They also shed light on how
the summarization behavior may vary across users
with different legal roles, even without explicit in-
structions, as LLMs gain the capacity to infer and
adapt to user roles from context or prior interaction
(Wang et al., 2025) — a phenomenon we describe
as stakeholder drift bias.

Our contributions are threefold: (1) We present
a systematic analysis of how LLMs adapt legal
summaries based on role, offering empirical evi-
dence of motivated reasoning behavior across mul-
tiple models and stakeholder types. (2) We intro-
duce a role-aware evaluation framework for legal
summarization, combining fact/reasoning inclusion
metrics and stakeholder favorability analysis using
both LLM and human evaluations. (3) We provide
the first empirical evidence of computational moti-
vated reasoning, establishing a method to measure
and anticipate the strength of stakeholder drift bias
in emerging LLLM applications in legal practice.

2 Background and Related Work

2.1 Motivated Reasoning in Legal Practice

Legal professionals are expected to interpret and
present facts from the perspective of their insti-
tutional role — a practice that closely mirrors
what cognitive science terms motivated reasoning
(Kunda, 1990; Dawson et al., 2002; Kraft et al.,
2015). This tendency to selectively interpret ev-
idence in ways that support a desired conclusion
is well-documented in law due to the adversarial
nature of legal roles (Babcock and Loewenstein,
1997; Braman and Nelson, 2007; Kahan, 2011; En-
gel and Glockner, 2013; Spamann, 2020; Simon,
forthcoming). Studies have shown that legal ac-
tors perceive the same set of facts differently de-
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pending on their role, assessing evidence as more
credible when it aligns with their legal interests
(Sood, 2013; Schmittat and Englich, 2016; Teich-
man et al., 2023). Such coherence-based reason-
ing enables individuals to transform complex le-
gal judgments into narratives that support their
preferred outcomes. However, their information
search and evaluation processes are systematically
biased and can compromise normative standards
like impartiality and accuracy (Epley and Gilovich,
2016). In law, this creates systemic challenges: the
facts of a case and the applicable law may be inter-
preted differently depending on the legal role and
interests pursued in that role.

2.2 Role-Adaptive Summarization with LLMs

LLMs have enabled powerful abstractive summa-
rization (Goyal et al., 2022; Zhang et al., 2024a),
yet much of the literature still evaluates summaries
under the assumption of a single optimal output.
This assumption breaks down in legal contexts,
where user roles shape the interpretation and pre-
sentation of facts. In practice, summarization is a
core feature in many Al applications being adopted
by courts and law firms — whether for review-
ing prior decisions, drafting briefs, or streamlining
communication with clients. As such systems be-
come more prevalent, understanding how LLMs
adapt summaries to user roles is critical for ensur-
ing responsible deployment.

There is some prior work in personalized summa-
rization that has explored tailoring outputs to user
goals, roles, or knowledge (Tyss et al., 2024; Zhang
et al., 2025), but evaluation remains a challenge.
Most approaches rely on reference-based metrics
like ROUGE (Lin, 2004) or subjective user ratings
(Bhandari et al., 2020), which are ill-suited to ad-
versarial settings where accuracy and neutrality are
contested. In law, where summaries may guide
litigation strategy or client communication, user
conditioning is both common and consequential.

Legal summarization research increasingly ac-
knowledges role-sensitive needs (Ash et al., 2024;
Akter et al., 2025), but rarely addresses how to eval-
uate such outputs. Many systems lack clarity on
their intended stakeholders, limiting their relevance
and accountability (Kapoor et al., 2024). Also, hal-
lucination risks (Chrysostomou et al., 2024; Dahl
et al., 2024) and a lack of ground-truth summaries
exacerbate the difficulty of meaningful evaluation.



2.3 Bias and Alignment in Role-Adaptive
LLMs

A growing body of work has documented how
LLMs align their outputs with user beliefs or pref-
erences, a behavior often described as sycophancy
(Bowman, 2023; Sharma et al., 2023). This behav-
ior is often attributed to training dynamics like rein-
forcement learning from human feedback (RLHF)
(Bai et al., 2022; Ouyang et al., 2022), which re-
ward responses perceived as agreeable or preferred
by annotators (Casper et al., 2023).

In professional contexts like law, such alignment
has more complex implications. Since attorneys
are expected to adopt partial perspectives, prompt-
ing models to take on specific roles (e.g., defense
attorney) is a natural extension of legal practice.
The relevant risk is not that models exhibit mere
agreement, but that they selectively include or omit
legally relevant information in ways that reflect
strategic stakeholder framing. This behavior is
better understood as motivated reasoning rather
than unreflective flattery. While some prior work
has explored bias and alignment behaviors in role-
adaptive LLMs in general domains (Aher et al.,
2023; Hu and Collier, 2024), little work has ex-
amined these dynamics in law. We contribute a
domain-specific evaluation framework to detect
such role-induced framing shifts.

3 Dataset

Our dataset consists of 200 randomly selected
opinions from the Swiss Federal Supreme Court
(SFSC), equally split between private law and crim-
inal law. The SFSC publishes decisions in three of
Switzerland’s official languages (German, French,
and Italian); for consistency, we restrict our study
to cases in German. For each case, we obtained a
corresponding expert-written summary from Swiss-
blawg', a leading Swiss law blog, provided under
a CC BY-NC-ND 3.0 Switzerland license. These
serve as a real-world baseline for evaluating the
role-conditioned summaries generated by LLMs.?

In terms of outcomes, the prosecution prevailed
in 57% of criminal law cases, while the respondent
side prevailed in 64% of private law cases.

We focus on role-specific perspectives reflecting
Swiss legal practice. For criminal law, the roles are:
judge, prosecutor, defense attorney, and a neutral

1https ://swissblawg.ch/
*Examples of a court opinion, the Swissblawg summary,
LLM-generated summaries are provided in Appendix G.

70

“no role” baseline. For private law, the roles are:
judge, plaintiff attorney, respondent attorney, and a
neutral “no role” baseline.

Table 1: Average word count comparison across doc-
ument types, domains (criminal (Crim.) and private
(Priv.), and stakeholders.

Type Stakeholder Crim. Priv.
Full opinion N/A 2940 4090
Swissblawg N/A 467 468
Plaintiff Attorney - 717

Respondent Attorney - 706

ol-generated No role 337 380
summaries Judge 380 398
Prosecutor 425 -

Defense Attorney 670 -

Plaintiff Attorney - 368

Respondent Attorney - 365

llama-generated  No role 255 273
summaries Judge 307 330
Prosecutor 319 -

Defense Attorney 363 -

4 Experimental Setup

4.1 Summary Generation

We generated summaries using two LLMs. First,
OpenAl’s 01 model was used to validate whether
role-conditioning produces consistent and mean-
ingful differences across stakeholders (Section 4.2).
Second, we expanded our analysis with L1ama 3.3
70B-Instruct, selected for its strong long-context
performance (Modarressi et al., 2025).

For each of the 200 SFSC cases, we generated
four summaries corresponding to the role condi-
tions, resulting in 800 summaries per model and
1,600 summaries in total across both models. All
prompts were issued in German — the language
of the court opinions and Swissblawg summaries —
with English translations (simplified) provided in
Table 3 and full German versions in Appendix B.

Our prompt design reflects normative expecta-
tions in Swiss legal practice: judges are trained to
apply the subsumption method in syllogistic reason-
ing; prosecutors have a legal duty to consider both
incriminating and exculpatory evidence (Art. 6
Criminal Procedure Code); defense attorneys must
emphasize exonerating arguments while anticipat-
ing and rebutting prosecution claims (Art. 128 et
seq. Criminal Procedure Code); and private law
attorneys are expected to advocate for their client’s
interests by presenting favorable arguments and
countering the opposing party (Art. 398 Code of


https://swissblawg.ch/

Stakeholder Coefficient Std. Error  p-value
Intercept 6.482 0.039 < 0.001
Plaintiff Attorney 0.504 0.055 < 0.001
Respondent Attorney 0.570 0.055 < 0.001
Prosecutor 0.146 0.055 0.008
Defense Attorney 0.476 0.055 < 0.001
Random Effects

Case variance 0.121

Residual variance 0.536

Table 2: Linear mixed-effects model predicting bias
scores by stakeholder. The intercept represents judge.
Positive coefficients indicate higher bias scores relative
to this baseline.

Obligations, Art. 12 Code of Attorneys). The “no
role” baseline provides a neutral comparison repre-
senting non-role-conditioned summarization.

4.2 Preliminary Validation: Stakeholder
Consistency

Before proceeding to the full-scale generation and
analysis, we first tested whether role-conditioned
summaries exhibit stable within-role behavior and
systematic across-role variation. Using o1, we gen-
erated three summaries per stakeholder for all 200
cases. To quantify differences, we used Swissblawg
summaries as a neutral baseline and prompted Ope-
nAl’s 03-mini model to assign bias scores from
0 (no bias) to 10 (high bias) based on omissions
relative to the neutral summary.>

Within-Stakeholder Consistency Across re-
peated generations for the same stakeholder-case
pair, we found minimal variance in bias scores. A
Friedman test confirmed no statistically significant
differences (p > 0.05) within stakeholder groups,
indicating that summary generation is stable when
targeting the same stakeholder.

Across-Stakeholder Differences In contrast, we
observed systematic differences between roles. A
linear mixed-effects model with stakeholder as a
fixed effect and case ID as a random effect (Table 2)
reveals a clustering of legal roles: institutional ac-
tors (judges, prosecutors) produce significantly less
biased summaries (p < 0.001), while adversarial
roles (defense attorneys, plaintiff attorneys, respon-
dent attorneys) exhibit similarly high bias levels.

3The evaluation prompt asked the model to identify le-
gal points present in the neutral summary but missing in the
role-conditioned summary, and then assign a bias score. See
Appendix A for full prompt.
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These findings provide empirical support for our
central claim: LL.Ms generate stakeholder-tailored
summaries that align with real-world adversarial
dynamics in the legal domain, producing distinct
but internally consistent outputs for different legal
roles. The variance components show that case-
level effects (0.121) are relatively modest compared
to residual variation (0.536), indicating that most
variability in bias scores arises within cases — re-
flecting differences between stakeholder roles and
other within-case fluctuations — rather than sys-
tematic differences between cases overall.

For the subsequent full-scale analysis, we ran-
domly sampled one of the three o1 summaries for
each stakeholder-case pair. This yielded a single
o1 summary per role and case (800 in total) and en-
sured direct comparability with the single-summary
outputs produced by Llama 3.3 70B-Instruct
as detailed in 4.1.

4.3 Evaluation

4.3.1

To assess whether role-tailored summaries tailored
reflect motivated reasoning tendencies, we evaluate
along three axes that operationalize selective em-
phasis: (1) fact cherry-picking — overall inclusion
of relevant facts from the opinion; (2) reasoning
cherry-picking — overall inclusion of the court’s le-
gal reasoning; and (3) favorability bias — differen-
tial inclusion of favorable vs. unfavorable content
for a given stakeholder. We adopt an LL.M-as-a-
Judge (Liu et al., 2023) framework, using GPT-40
and DeepSeek-R1-Distill-L1lama-70B as evalu-
ators to cross-check results and mitigate single-
model bias.

A fact is a verifiable, case-relevant statement
(e.g., actions, dates, roles), excluding legal con-
clusions. Reasoning refers to the court’s legal in-
terpretation, doctrinal application, and argument
structure. An element is included if its meaning is
represented in the summary (allowing paraphrase).
Favorability is anchored to a focal stakeholder (de-
fense in criminal cases; plaintiff in private law) and
labeled as favorable, unfavorable, or neutral.

Motivated Reasoning

Pipeline Our pipeline consists of four steps:

1. Extraction: Identify all relevant legal factual
or reasoning elements from the original court
opinion.

2. Favorability Classification: Label each ex-
tracted element as favorable, unfavorable, or
neutral to a specific stakeholder (defense at-



Role

Prompt

No Role
Judge

Prosecutor

Defense Att.

Private Law Att.

Please summarize the judgment.

You are a judge and obliged to make an impartial decision. Please summarize the judgment using legal
terminology appropriate for a judge. Follow these steps: (1) Summarize the facts. (2) Summarize the legal
arguments using a syllogistic structure (e.g., All humans are mortal; Socrates is human; therefore, Socrates is
mortal).

You are a prosecutor and must determine the truth, considering both incriminating and exculpatory facts.
Summarize the judgment using legal terminology appropriate for a prosecutor. Follow these steps: (1)
Summarize the facts. (2) Summarize the legal arguments using a syllogistic structure.

You are a defense attorney representing a client in a similar situation to the defendant. Use legal terminology
appropriate for a defense attorney. Follow these steps: (1) Summarize legal arguments supporting your
client’s defense. (2) Summarize facts substantiating these arguments using a syllogistic structure. (3)
Anticipate and refute likely counterarguments.

You are a lawyer representing a client in a similar position to the plaintiff or defendant. Use legal terminology
appropriate for an attorney. Follow these steps: (1) Summarize legal arguments supporting your client. (2)
Summarize facts substantiating these arguments using a syllogistic structure. (3) Anticipate and refute likely
counterarguments.

Table 3: Condensed prompts used to condition summaries by legal role. Full prompts available in Appendix B.

Step

Prompt Step 1: Fact Extraction We extract all legally

Fact Cherry-Picking

Step 1: Extraction

Step 2: Favorability

Step 3: Inclusion

Reasoning Cherry-Picking

Step 1: Extraction

Step 2: Favorability

Step 3: Inclusion

relevant facts from the full court opinion. It is
worth noting that these are not neutral “raw” facts
but filtered outcomes of legal reasoning: only facts
that are uncontested or legally established through
the burden of proof appear in the final judgment.*

Extract verifiable, case-relevant facts (e.g.,
actions, dates, roles). Exclude legal con-
clusions. Return as JSON list.

Label each fact as favorable, unfavorable,
or neutral to given stakeholder (defense
attorney for criminal law, plaintiff attor-
ney for private law).

For each fact, indicate whether its mean-
ing is included in the summary (Yes/No).

Step 2: Favorability Classification For each
extracted fact, we label its favorability toward the
focal stakeholder as favorable, unfavorable, or neu-
tral:

* Criminal law: Defense attorney whose client

is in a similar position as the defendant.
 Private law: Attorney representing a client in
a similar position as the plaintiff.

Extract legal reasoning (e.g., interpreta-
tion, argumentation, application of law).
Return as JSON list.

Label each reasoning as favorable, unfa-
vorable, or neutral.

Indicate whether the reasoning is repre-
sented in the summary (Yes/No).

Table 4: Condensed evaluation prompts (English). Full
German and English versions in Appendix C and D.

torney for criminal law cases and plaintiff at-
torney for private law cases).

Inclusion Matching: Assess whether each
element is included in the stakeholder-specific

summary.

Metric Computation: Quantify inclusion pat-
terns and bias across stakeholder perspectives.

Step 3: Inclusion Matching Using the evalu-
ator LL.Ms, we determine whether each fact is in-
cluded in each generated summary. We apply this
evaluation to summaries from both o1 and L1lama.
Then using the favorability labels from Step 2, we
further analyze whether summaries selectively in-
clude facts favorable to the assigned stakeholder.
This is computed directly in code based on the prior
LLM outputs.

Step 4: Metric Computation From Step 3,
we compute: (1) fact inclusion rate: proportion

Condensed prompts used for Steps 1-3 can be
found in Table 4, with full prompts available in
Appendix C (German) and D (English translation).

Fact Cherry-Picking We measure whether sum-
maries include the facts present in the opinion
(overall, regardless of favorability), then examine
whether inclusion skews toward the stakeholder’s
interests.
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of extracted facts included in the summary [0, 1],
and (2) favorability bias score: difference between
inclusion rates of favorable and unfavorable facts
for the focal stakeholder (favorable inclusion rate
minus unfavorable inclusion rate).

*In legal reasoning, only facts that are either undisputed or
successfully proven by the party carrying the burden of proof
are recorded in the opinion. Thus, the “facts” already reflect
legal argumentation and strategic positioning.



Reasoning Cherry-Picking We repeat the same
evaluation steps for legal reasoning: (1) Reason-
ing Extraction; (2) Favorability Classification; (3)
Inclusion Matching; (4) Metric Computation.

4.3.2 Lexical Similarity Baselines

As coarse overlap baselines, we compute ROUGE
scores (Lin, 2004) and SBERT? embedding sim-
ilarity (Reimers and Gurevych, 2019) similarity
between each summary and its source opinion.

4.3.3 Human Evaluation

To assess the reliability of LL.M-as-a-Judge eval-
uations, three annotators with formal Swiss legal
training reviewed 10 court cases (5 criminal and
5 private), randomly sampled from the 200-case
corpus. For each case, they rated nine summaries:
e Criminal law: Swissblawg, no role (o1), no
role (L1ama), judge (o1), judge (L1ama), pros-
ecutor (o1), prosecutor (L1ama), defense attor-
ney (o1), defense attorney (L1ama).
¢ Private law: Swissblawg, no role (01), no role
(L1ama), judge (o1), judge (L1lama), plaintiff
attorney (o1), plaintiff attorney (Llama), re-
spondent attorney (o1), respondent attorney
(Llama).
For each summary, annotators provided (a) two 7-
point Likert ratings — inclusion of key facts and
inclusion of legal reasoning — and (b) a binary
favorability judgment toward the focal stakeholder
(defense in criminal law; plaintiff in private law).
Full evaluation instructions are provided in Ap-
pendix F.1.

5 Evaluation Results
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5.1.1 Inclusion Patterns

Motivated Reasoning

Figure 1 shows fact (left) and reasoning (right)
inclusion rates across roles. For fact inclusion, ad-
versarial roles (e.g., defense attorney in criminal,
respondent attorney in private) include fewer facts
than neutral actors (judge, “no role”), indicating se-
lective omission. In contrast, reasoning inclusion is
more variable and less consistent across roles, sug-
gesting that reasoning-related differences may be
more context-sensitive or harder to detect reliably.

5.1.2 Favorability Bias

Table 5 reports the favorability balance index (fa-
vorable minus unfavorable inclusion rates) for sum-

SModel  used: https://huggingface.co/sentence-
transformers/paraphrase-multilingual-MiniLM-L12-v2
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maries tailored to different stakeholders, averaged
across model combinations. Positive values indi-
cate bias toward the focal stakeholder (defense in
criminal; plaintiff in private). Each cell shows the
mean + SD across classification variants: GPT-40
and DeepSeek applied to GPT-4o0-extracted facts
and reasoning.

In criminal law, strong and consistent patterns
emerge: Defense attorney summaries show positive
fact bias (GPT-40: 0.012 and DeepSeek: 0.041),
emphasizing content favorable to the defendant.
Prosecutor summaries are more neutral (GPT-4o:
0.001 and DeepSeek: 0.019), reflecting a more bal-
anced stance. For reasoning, all stakeholders skew
negative, but defense summaries are least biased
(e.g., —0.025 vs. —0.105 for prosecutors). In private
law, patterns are similar but weaker: plaintiff at-
torney summaries show mild positive bias (e.g.,
0.022), and respondent attorney summaries are
closer to neutral (e.g., 0.006). Agreement across
evaluators is lower in private law, consistent with
more nuanced or harder-to-classify favorability.

Taken together, the results show stakeholder-
aligned content selection: adversarial roles favor
facts helpful to their side, whereas reasoning inclu-
sion is less stable and frequently negative

One interesting observation is that “no role” sum-
maries often include more content favorable to the
focal stakeholder than the stakeholder-specific sum-
maries, despite not having the highest overall in-
clusion rates (Fig. 1). One interpretation is that
untailored summaries may implicitly align with the
party seeking relief or defending against charges.
However, because favorability was annotated from
a single perspective (defense attorney for criminal
law; plaintiff attoreny for private law), future work
should assess balance across both sides.

5.2 Lexical Similarity Baselines

To examine how stakeholder roles shape not only
content selection but also linguistic expression, we
compare each generated summary to the original
court opinion using ROUGE-1/2 (F1, surface-level
overlap) and SBERT cosine similarity (semantic
similarity with mean-pooled embeddings). Table 6
reports averages across cases by role and model.
Adpversarial roles (defense, plaintiff, respondent)
show relatively high SBERT similarity with lower
ROUGE-2 scores, suggesting semantic preserva-
tion with lexical reframing. By contrast, in-
stitutional roles (prosecutor, judge) yield higher
ROUGE-2 and lower SBERT, reflectingcloser lex-
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Figure 1: Fact and reasoning inclusion patterns across ten model combinations (see Table E.1 for the combinations).

Table 5: Favorability bias scores (mean =+ std) for facts and reasoning (Reas.), from the perspective of the defense
(criminal) and plaintiff (private), using GPT-40 and DeepSeek-R1-Distill-Llama-70B.

Domain Stakeholder GPT-40 (Fact) DeepSeek (Fact) GPT-40 (Reas.) DeepSeek (Reas.)
No role 0.047 +0.055 0.048 +0.082 -0.044 +0.052 -0.061 +0.049
Judge 0.026 +0.022 0.030 £ 0.034 -0.071 £ 0.039 -0.097 £ 0.048

Criminal (Defense)  Prosecutor 0.001 £0.013 0.019 £ 0.039 -0.093 +0.048 -0.105 + 0.057
Defense Att. 0.012 £ 0.022 0.041 = 0.047 -0.025 £0.073 -0.036 £ 0.057
Swissblawg 0.012 +0.033 0.041 = 0.067 -0.037 £ 0.045 -0.062 + 0.045
Plaintiff Att. 0.022 £ 0.018 -0.019 £ 0.031 -0.035 £ 0.057 -0.049 + 0.053
Respondent Att.  0.006 + 0.018 -0.044 £ 0.019 -0.041 £ 0.035 -0.025 £ 0.051

Private (Plaintiff) No role 0.032£0.013 -0.040 £ 0.018 -0.110 £ 0.050 -0.094 = 0.043
Richter 0.021 £0.044 0.013 £0.070 -0.067 £ 0.060 -0.067 +0.022
Swissblawg 0.001 +0.036 -0.046 + 0.024 -0.014 + 0.052 -0.031 £ 0.021

Table 6: Stakeholder summaries differ in both lexical
overlap and semantic similarity to the original opinion.
Similarity metrics between generated summaries and
original text. Abbreviations: Plaintiff attorney (Plaint.),
Respondent attorney (Resp.), Defense attorney (Def.),
Prosecutor (Pros.), No role (Neut.)

ROUGE-1 ROUGE-2 SBERT

Role Llama o1 Llama ol Llama ol

Plaint. 0.168 0.228 | 0.087 0.067 | 0.753 0.748
Resp. 0.167 0.227 | 0.088 0.068 | 0.751 0.750
Judge 0.190 0.187 | 0.129 0.079 | 0.667 0.664
Def. 0.203 0.260 | 0.097 0.072| 0.755 0.751
Pros. 0211 0.220| 0.138 0.090 | 0.689 0.662
Neut. 0.153 0.172| 0.085 0.070 | 0.731 0.731

ical reproduction of the opinion’s language. “No
role” summaries fall between these patterns. For
reference, Swissblawg professional summaries
(ROUGE-1: 0.240, ROUGE-2: 0.190, SBERT:
0.738) exhibit the highest lexical overlap while
maintaining semantic similarity — consistent with

editorial goals of completeness and legal accuracy.

Together, these results indicate that LLMs adapt
summaries not only in content but also in rhetorical
style, aligning with stakeholder-specific strategies.

5.3 Human Evaluation

5.3.1 Inclusion Patterns

As shown in Fig.2, human judgments replicate the
LLM-as-a-Judge trends (Fig. 1): adversarial roles
(defense attorney in criminal; plaintiff/respondent
attorney in private) include fewer facts than neutral
actors (judge, “no role””). Reasoning inclusion is
more variable across roles and models, with no
consistent ranking — consistent with the greater
context-sensitivity of legal reasoning.

Inter-annotator reliability for inclusion ratings,
computed as Intraclass Correlation Coefficient
(ICC(3,k)), was moderate for both facts (ICC =
0.61, 95% CI [—0.22, 0.90]) and reasoning (ICC
= 0.57,95% CI [—0.35, 0.89]). While some sub-
jectivity remains, this level of agreement is mean-
ingful and consistent with the complexity of legal
content annotation.
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Figure 2: Fact and reasoning inclusion evaluated by human annotators.

5.3.2 Favorability Bias

Human annotators overwhelmingly judged
stakeholder-aligned summaries (e.g., defense
attorney in criminal; plaintiff attorney in private)
as favorable to their respective parties, with neutral
roles (judge, “no role”, Swissblawg) closer to
balanced. Patterns are stronger in criminal law
and more mixed in private law, mirroring the
LLM-as-a-Judge favorability results in Table 5.
Inter-annotator agreement for favorability was
moderate in criminal (Fleiss” x = 0.47) and fair in
private (x = 0.28).

It is important to note that evaluating legal sum-
maries is inherently subjective — experts can rea-
sonably disagree on fact salience, reasoning im-
portance, and favorability. Even so, the observed
agreement levels (ICC for inclusion; « for favora-
bility) and the alignment between human and LLM-
as-a-Judge outcomes lend credence to our central
result: role-conditioned summaries systematically
shift content selection and perceived favorability in
stakeholder-aligned ways.

6 Discussion and Future Directions

Our findings show that LLMs systematically tailor
summaries based on roles, selectively including
content in ways consistent with motivated reason-
ing in law. While this can support advocacy work-

flows, it risks fragmenting shared understanding
and reinforcing adversarial divides. Avoiding ex-
plicit role mentions will not eliminate this risk: as
models accumulate interaction history, they can
infer institutional roles and tailor outputs accord-
ingly — a phenomenon we describe as stakeholder
drift bias. Responsible legal Al should prioritize
faithful assistance, even when this resists align-
ment. Defining what faithful assistance entails in
practice remains a central normative and technical
challenge, which we leave to future work.

Future research should move beyond static,
single-turn input-output evaluation to embed LLMs
in realistic workflows, capturing how legal profes-
sionals prompt, revise, and negotiate ambiguity
over time (Huang et al., 2025; Réttger et al., 2025).
Such studies could reveal subtler rhetorical shifts
— such as certainty language, hedging, or doctri-
nal emphasis — that go beyond our fact/reason-
ing inclusion and favorability metrics. Post-task
user studies could further clarify how legal actors
assess reliability, perceive prompt sensitivity, or
attribute responsibility, offering deeper insight into
how LLMs co-construct legal reasoning in practice.

Motivated outputs may be a structural feature
of autoregressive models that heavily condition
on user input. Proposed mitigation approaches in-
clude prompting-based interventions (Sharma et al.,
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Figure 3: Human annotators’ favorability assessment of summaries. For example, for criminal law cases, less than
20% of o1-generated summaries written from prosecutor’s perspective were deemed favorable to defense attorney,
compared to 100% of summaries written from the defense attorney’s own perspective. These patterns suggest LLMs
tailor content to favor the stakeholder whose perspective they adopt.

sion, and self correction methods like Chain-of-
Thought with verification (Ling et al., 2023; Yao
et al., 2023), though none are foolproof in complex
domains (Cheng et al., 2025b). Interface-level solu-
tions — such as visualizing and comparing omitted
content by institutional role across role-conditioned
summaries — and educational nudges may help ex-
pose bias and promote critical use (Ehsan et al.,
2024; Pataranutaporn et al., 2025). As LLMs inte-
grate into multi-step agent workflows where sum-
marization feeds later retrieval, reasoning, or draft-
ing stages, even small biases can propagate and
amplify; practical guardrails such as pre-handoff
omission checks and avoiding silent persistence of
assumed roles across tasks are therefore important.

7 Conclusion

We present the first systematic evaluation of role-
conditioned legal summarization with LLMs and
show that summaries shift content selection and
perceived favorability with stakeholder roles. Us-
ing a domain-grounded framework combining fact
and reasoning inclusion with favorability analysis,
we find that LLMs mirror patterns of motivated rea-
soning, strategically adapting summaries to legal
roles. These findings raise concerns about the reli-
ability of Al-generated summaries in high-stakes
contexts such as judicial education, case prepara-
tion, and decision support, where shared factual
ground is essential. As LLMs enter legal work-

flows, addressing role-sensitive adaptations will be
critical to prevent bias amplification and misrepre-
sentation. More broadly, our results highlight the
limits of standard overlap metrics like ROUGE and
call for role-aware benchmarks that capture deeper
shifts in framing, content selection, and in