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Abstract
Unfair clause detection is an extremely useful AI application for
consumer protection. Artificial intelligence has recently been suc-
cessful in building systems capable to automatically detect unfair
clauses in Terms of Service, and also to identify their unfairness
categories. Since Large Language Models (LLMs) are nowadays
bringing a revolution to the field of artificial intelligence, and in
particular to natural language processing and understanding, in
this paper we compare several different prompt strategies for LLMs
with more traditional BERT-based fine-tuned models. Our extensive
experimental evaluation aims to investigate whether it is worth
using LLMs also for this challenging domain-specific task.

CCS Concepts
• Computing methodologies → Machine learning; Natural
language processing; • Applied computing→ Law.
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1 Introduction
Technological advances have enabled many social and economic
activities, from communication and shopping to dating and enter-
tainment, to be facilitated by third-party online platforms. Although
this shift has been celebrated for reducing transaction costs [2],
it has also raised concerns about power imbalances and the ero-
sion of consumer rights in online markets [17, 21, 37]. Accessing
these platforms requires users to agree to Terms of Service (ToS)
which, like other boilerplate contracts, are drafted unilaterally by
service providers. Such ToS often include clauses that are unfavor-
able to consumers, such as limitations of liability, restrictions on
rights in dispute resolution, unilateral change and termination, and
concessions of privacy [27, 30, 40].

Even though certain jurisdictions, like the European Union, have
enacted laws aimed at eliminating unfair terms from consumer con-
tracts [30, 36], empirical research demonstrates that they have failed
to effectively counter such practices so far [27, 29, 41]. Virtually,
all ToS of popular online platforms feature clauses directly violat-
ing the EU regulations [41]. Such unfair contractual terms, often
hidden in lengthy and opaque documents, can impose significant
disadvantages on consumers, undermining their rights and their
freedom of choice. Against this backdrop, a compelling question
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arises: can AI be used to rebalance the scales, empower consumers,
and support the enforcement of EU law? By harnessing AI in the
service of consumers, there is an opportunity to shift its role from
a predominantly corporate asset to a force for accountability and
fairness, as a counterpower tool for the society at large [28].

As detailed in Section 2, to explore this potential, a recent trend
has emerged in the legal domain, i.e., the use of machine learning
methods for the identification and analysis of unfair and unlawful
clauses in legally relevant documents. Recent popular approaches
are based on supervised learning and widely adopt solutions such as
support vector machines, neural networks, and transformer-based
models [8]. The problem with this kind of approaches, however, is
that their deployment necessitates the laborious creation of datasets
for training and evaluation that, over time, might become obsolete –
as the language deployed by service providers changes. On the other
hand, large language models (LLMs) have recently become a main-
stream solution for natural language processing and understanding,
making artificial intelligence systems accessible to the large public,
and moving huge steps forward, in terms of accuracy and perfor-
mance. Yet, these models often require very large computational
resources to run and, in some cases, the best-performing solutions
are proprietary and available on payment only (e.g., ChatGPT or
Gemini).

Within this context, the aim of this work is to study whether and
to what extent LLMs are capable of performing the task of detecting
unfair clauses in ToS. It is, in fact, unclear, whether it is really worth
using such models with respect to other transformer-based archi-
tectures (such as BERT), which still represent the state-of-the-art
for many benchmarks. In principle, LLMs could be used without
the necessity to create large training data sets, exploiting their “in-
context learning” capability to successfully address a task, even
without being explicitly trained for it [6]. Yet, in specific areas, the
accuracy of this general-purpose approach could not be sufficient,
and other more traditional methods could perform better. We aim to
investigate whether the task of unfairness detection in ToS is one of
these areas. For this purpose, our contribution is a wide experimen-
tal evaluation, comparing 8 classifiers against 7 LLMs, in 6 different
settings, for a total of 44 combinations of models and settings. Our
experiments focus, in particular, on smaller, open-access, free-to-use
models, – Phi3-14B, Nemo-12B, Llama3-8B, LawChat-7B, Mistral-
7B – which we compare with transformer models (Legalbert and
Deberta-based) as well as with larger LLMs (Codestral-22B, Qwen-
32B), given the emerging capabilities of smaller LLMs, especially
with few shot-learning [47]. Importantly, the training and use of
small models require much fewer resources [33] both environmen-
tally and economically, than larger LLMs, and thus would be more
easily accessible by the civil society and by enforcement agencies.

The paper is structured as follows. By way of introduction in
Section 2 we set the EU legal framework on unfair contract terms
and discuss related works, focusing on the state of the art of natural
language processing (NLP) techniques used to address the tasks at
hand. In Section 3 we describe the corpus used and the annotation
guidelines. Section 4 explains the methodology employed whereas
section 5 presents and discusses the experimental results. In Section
6 we conclude with a look to future research.

2 Background
2.1 The EU law on unfair contract terms
Legally speaking, Terms of Service (ToS) of online platforms and
mobile apps are contracts [30]. If concluded by consumers, i.e., nat-
ural persons acting outside of their profession, ToS are subject to
fairness control under the European Union law [36]. Unlike Ameri-
can law, under which provisions potentially adverse to consumers,
like mandatory arbitration or distant forum, are generally justi-
ciable [40], European law holds that boilerplate clauses creating a
power imbalance to the detriment of consumers are not binding
[36]. Examples, under the statutory rules and the jurisprudence of
the EU Court of Justice, include limitations of liability for gross
negligence, rights to unilaterally modify the contract or the service
[29, 30, 36], and other clauses, as detailed in Section 3.

Why would the ability to detect unfair clauses in ToS be socially
valuable? First, empirical research shows that consumers do not
read the ToS [3, 34, 39] and, thereby, may subscribe to terms they
neither know nor expect. A detection system paired with a well-
designed user experience could inform the consumers what they
agree to when clicking (or tapping) “I accept.” As such, this could be
a tool for consumer empowerment [28], limiting information asym-
metries, and facilitating choice and competition, thereby turning
some assumptions of consumer law into reality [4].

Second, unfair clauses can be policed through the so-called ab-
stract control, i.e., the consumer agencies instructing corporations
to remove them via administrative procedures [36]. This avenue
has become even more promising in the recent years, with the Eu-
ropean Union amending its consumer law enforcement procedures
as to give the agencies the competence to impose monetary fines
on the violators [43]. However, abstract control is laborious and
requires a lot of work from the continuously understaffed admin-
istrative bodies. Hence, the ability to automate at least part of the
unfairness assessment could help consumers, while preserving the
thin resources of consumer agencies. For these reasons, research
into the automation of unfair clause detection has been booming,
as highlighted in the following section.

2.2 Related works
Terms of service (ToS) and privacy policies are essential tools for
regulating the contractual relationship between companies and
consumers and the processing and protection of their personal data.
These documents are among the most popular legal documents
studied in the AI and law domain [8]. The reasons for this focus
include:

(a) Accessibility: organizations are required to display these doc-
uments on their websites, making them easily accessible. Ad-
ditionally, such documents are often available in multiple lan-
guages to facilitate market monitoring, since consumers, protec-
tion authorities and non-governmental organisations in Europe
tend to operate in their respective languages [15].

(b) Practical impact: automating the analysis of such documents
has significant benefits. Manually checking and reviewing plat-
form terms of services and privacy policies is a labor–intensive
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and time-consuming process, especially given the frequent up-
dates to these documents and the limited resources available
for compliance checking and enforcement.

(c) Consumer empowerment: methods and tools enabling citizens
to better understand their rights and the processing of their data
can empower them and promote transparency [1, 20, 29, 54].

(d) Support for law enforcement: automating the analysis of terms
of services and privacy policies can assist consumer organiza-
tions and data protection authorities in their efforts to monitor
market practices and enforce compliance with legal require-
ments.

From the technical perspective, detecting unfairness in these doc-
uments has been framed as a detection and classification problem.
Analyses of privacy policies [10] primarily focus on identifying
common data processing practices, such as data collection, transfer,
and sharing. In contrast, analyses of ToS examine key elements
of consumer contracts, including termination clauses, changes to
terms, and applicable law. Both areas use well-established datasets
and have achieved significant advancements through the applica-
tion of machine learning methods. On the existing public corpora
for ToS, the state-of-the-art approaches achieve over 80% precision
and recall for the binary task of detecting unfair clauses, using an
ensemble of traditional machine learning systems [29], and over
87% using Legal-BERT [18].

The recent experiments with LLMs have shown their capabilities
of handling detection and classification tasks, including analysis
of legal documents [42, 49, 56], and new benchmarks for legal rea-
soning with LLMs [19] have been defined, including a dedicated
task for the analysis of terms of service. Tang, et al. [50] were one
of the first studies to compare LLM abilities to extract informa-
tion on common data processing practices from privacy policies.
The results reported for their PolicyGPT demonstrate an improve-
ment in retrieval metrics, compared to earlier models that relied
on expert-annotated datasets. Rodriguez, et al. [44] carried out a
comprehensive prompting comparison identifying data types col-
lected by companies. Their study demonstrates that in domains
with well-established ground truth (e.g., annotated privacy pol-
icy datasets), LLMs can offer efficient and competitive alternatives
to traditional methods, while being more cost-effective and time-
saving. Optimized prompts achieved performance comparable to
state-of-the-art techniques in analyzing privacy policies, using GPT-
3 and GPT-4 models, whereas LLama-2 showed weaker results. Tsai
et al. [55] have recently used GPT-4o to develop a tool to detect
unfavorable financial terms.

As for the terms of services, the classification of unfair terms [29]
is part of the LexGLUE benchmark, which has been recently used
to test GPT capabilities on legal data [7]. The comparative F1 scores
of the zero-shot (micro 41.4, macro 22.2) and few-shot (micro 64.7,
macro 32.5) settings with ChatGPT (gpt-3.5 turbo) were signifi-
cantly higher than the random guess baseline (micro 02.9, macro
02.9). However, the general purpose models still fall short of the
supervised methods (micro av. 96.0, macro av. 83.0). Concerning
languages different from English, the LEXTREME [38] benchmark
includes a multilingual version of the task [13], while Bernhard et
al. [5] have developed an automatic multilingual scraper for Privacy
Policies and Terms of Service.

3 Data
For the purpose of this work, we rely on the CLAUDETTE preexist-
ing dataset, consisting of 142 ToS in English, gradually downloaded
from providers’ websites since 2017 [24, 29, 45]. These documents
were analysed by legal experts and marked in XML by independent
annotators. The ToS were selected among those offered by some of
the major players in different market sectors, i.e., (i) gaming and
entertainment; (ii) social networks and online dating; (iii) travel,
accommodation and service intermediaries; (iv) content-sharing
platforms; (v) productivity tools and business management; (vi)
e-commerce; (vii) search engine and analytics; (viii) health and
well-being, (ix) communication tools; (x) finance and payments.
[24, 27]. The annotations reflect the methodology described in
[24, 29], where nine categories of unfair clauses were identified, i.e.,
clauses concerning (1) jurisdiction (<j>); (2) applicable law (<law>);
(3) liability limitations (<ltd>); (4) the unilateral termination of the
contract/service (<ter>); (5) provider’s right to unilaterally modify
the contract/the service (<ch>); (6) arbitration (<a>); (7) provider’s
right to unilaterally remove consumer’s content (<cr>); (8) consent
to the agreement simply by using the service (<use>); and (9) the
scope of consent granted to the ToS incorporating also the privacy
policy, which forms part of the “General Agreement”(<pinc>). To
capture the different degrees of (un)fairness a numeric attribute
was included in each label, with 1 meaning clearly fair, 2 potentially
unfair, and 3 clearly unfair [24, 29]. Nested tags were used to an-
notate text segments relevant to more than one type of clause. If
one clause covers more than one sentence, each sentence is labeled
separately.

In the following, we provide a detailed definition of the men-
tioned categories of clause and of the conditions under which they
can be deemed unfair.
Jurisdiction ⟨ 𝑗⟩: The jurisdiction clause specifies what courts have
the competence to adjudicate disputes. A clause is (potentially)
unfair whenever it states that judicial proceeding takes a residence
away (i.e., in a different city, different country from the consumer
place of residence).
Choice of Law 〈law〉: The choice of law clause specifies what law
will govern the contract and be applied in potential disputes. A
clause is (potentially) unfair whenever it states that the applicable
law is different from the law of the consumer’s place of residence
the clause is unfair.
Limitation of Liability 〈ltd〉: The limitation of liability clause
specifies for what actions/events and under what circumstances
the providers exclude, limit or reduce their liability, the duty to
compensate damages and/or when contains a blanket phrase like
“to the fullest extent permissible by law”. Such clause is always
(potentially) unfair, unless it is a force majeure case.
Unilateral Change 〈ch〉: The unilateral change clause specifies
if and under what conditions the provider can unilaterally change
and modify the contract and/or the service. Such clause is always
(potentially) unfair.
Unilateral Termination 〈ter〉: The unilateral termination clause
states that the provider has the right to suspend and/or terminate
the service and/or the contract and/or the consumer’s account, due
to some reasons, or at any time, for any or no reasons with or
without notice. Such clause is always (potentially) unfair.
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Table 1: Composition of the final corpus

Type of clause Tag #Clauses #Unfair #ToS

Arbitration <a> 165 156 53
Unilateral Change <ch> 506 506 138
Content Removal <cr> 261 261 102
Jurisdiction <j> 218 180 110
Choice of Law <law> 225 192 130
Limitation of Liability <ltd> 1072 971 139
Unilateral Termination <ter> 624 624 134
Consent by Using <use> 370 370 129
Privacy Included <pinc> 115 115 80

Contract by Using 〈use〉: The contract by using clause states
that the consumer is bound by the terms of use/service simply by
using the service, downloading the app or visiting the website. Such
clause is always (potentially) unfair.
Content Removal 〈cr〉: The content removal clause gives the
provider a right to modify, delete or remove the user’s content,
including in-app purchases, under specific conditions or at any
time, in his full discretion, for any or no reasons, with or without
notice or the possibility to retrieve the content. Such clause is
always (potentially) unfair.
Arbitration 〈a〉: The arbitration clause requires or allows the par-
ties to resolve their disputes through the arbitration, before the
case could go to court. A clause is (potentially) unfair whenever the
arbitration is binding and not optional and/or should take place in
a country different from the consumer’s place of residence and/or
be based not on law but on other arbitration rules and/or arbiter’s
discretion.
Privacy Included 〈pinc〉: Identify clauses (a) explicitly stating
that, simply by using the service, the consumer consents to the
processing of personal data as described in privacy policy; and/or
(b) that the privacy policy is incorporated into and form part of the
terms and it is preceded by a content by using clause to such terms.
These clauses are always (potentially) unfair.

Table 1 reports the composition of the final corpus. It contains
37,895 sentences, where 3,556 are relevant for one or more of the
mentioned clause categories. Interestingly, 3,049 out of 3,556 were
labeled as containing a potentially or clearly unfair clause. For our
work, potentially and clearly unfair clauses were jointly consid-
ered as unfair instances, whereas the set of fair instances contains
both clauses that are clearly fair for each relevant category and
clauses unrelated to unfairness. The distribution of the different
categories across the 142 documents is imbalanced. We observed a
high frequency of some of the selected categories within the dataset.
Arbitration and privacy included clauses are the most uncommon,
being respectively contained only in 53 and 80 documents. All the
other categories appear in at least 102 out of 142 ToS. Limitation of
liability and unilateral termination together account for approxi-
mately half of all the potentially unfair clauses.

4 Method
Building on previous work [29], unfair clause detection can be for-
mally described as a sentence classification problem, within the

supervised learning framework. Given a dataset D = {(𝑥𝑖 , 𝑦𝑖 }𝑛𝑖=1,
which consists of 𝑛 sentences 𝑥𝑖 annotated with labels 𝑦𝑖 , the goal
is to learn a function 𝑓 that maps 𝑥𝑖 into 𝑦𝑖 , to be used to predict
unfairness of a novel (never seen during training) sentence 𝑥 . Func-
tion 𝑓 can be learned, in principle, with any supervised machine
learning classifier, whereas sentences 𝑥𝑖 can be modeled with dif-
ferent representations, such as bag-of-words or embeddings [26].
As for the labels 𝑦𝑖 , unfair clause detection can be considered a
multi-label classification problem, since every clause can belong
to more than one unfairness category (see Section 3). For example,
one clause could be potentially unfair for the consumer both for
unilateral change and for content removal categories. Thus, each
label 𝑦𝑖 is actually a vector of binary variables 𝑦𝑖 = {𝑦 𝑗

𝑖
}𝑚
𝑗=1, where

each element 𝑦 𝑗
𝑖
is associated to the unfairness for one specific

category 𝑗 out of𝑚 (e.g., limitation of liability). If the clause is not
unfair for any category, then it is considered fair.

While existing approaches for unfair clause detection have used
classic machine learning classifiers, such as support vector ma-
chines or neural networks [29], recently transformer architectures
like BERT or Legal-BERT have been shown to achieve state-of-the-
art performance [8]. In the following, we describe how to address
the task with generative AI models.

4.1 Generative AI approaches
There are several ways in which the unfair clause detection task can
be formulated for LLMs. Since it is well-known that the performance
of LLMs heavily depends on the adopted prompt, we experimented
with different prompts. In all cases, we define prompts that are
mostly based on the annotation guidelines, i.e., on the definitions of
the nine categories of clauses and the conditions of their unfairness,
as detailed in Section 3. Indeed, the category definitions provide
fundamental information, since the categorys’ names may not be
informative enough. We implement three strategies for defining
prompts, which differ in how they address the tasks of detecting
(i.e., recognizing whether a clause is potentially unfair) and classi-
fying it (i.e., identifying the category of unfairness). We name the
three strategies single-prompt, multi-prompt, and pipeline. When
the proposed strategy allows for it, we experimented both with
zero-shot and few-shot learning settings. For the format of the
prompt, we take inspiration from previous work [7, 42, 44, 50].

4.1.1 Single-prompt approach. In this approach, both detection
and classification are performed simultaneously over a clause, with
a single prompt. The prompt uses a comprehensive template that
includes all necessary information: the tasks description, the def-
inition of the nine categories as given in Section 3, and detailed
instructions for output formatting. The expected output from this
prompt is a list containing all the unfairness categories for each
input clause. While adequate to zero-shot scenarios, this approach
would become cumbersome in a few-shot setting, as it would re-
quire incorporating several examples for each category into a single
prompt. Such a large context can be difficult to handle for many
existing LLMs.

4.1.2 Multi-prompt approach. To address the scalability issues of
the single-prompt approach, we decompose the problem into sev-
eral subtasks. Differently from the previous method each category
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is addressed separately. Given an input clause, the model is queried
with 9 separate prompts, one for each category, so that it focuses
exclusively on one category at a time. This design minimizes the
risk of misinterpreting the task requirements or the formatting
instructions. In this way, the multi-label classification task is ef-
fectively transformed into a set of nine binary classification tasks.
This approach supports both the zero-shot and few-shot learning
settings, and the prompt template is the following:1

Evaluate the following clause from a terms of service based on

the provided definition of unfairness:

Definition: {category definition}

If the clause is unfair according to the definition respond with

’yes’ otherwise respond with ’no’. Provide only ’yes’ or ’no’ as

the output. Do not include any explanations or additional text.

Examples: {examples}2

Test Input:

Clause: {clause}

Response:

4.1.3 Pipeline approach. The third methodology builds on the
multi-prompt approach and further decomposes the task into two
distinct phases of a pipeline. During the first phase, i.e.,category
identification, the model determines whether a clause belongs to
a specific category. To this aim, we perform one query for each
category, using the same definitions of the previous approaches, but
omitting the part describing the unfairness conditions. Similarly
to the single-prompt approach, this phase is always performed in
a zero-shot setting for scalability reasons. If all prompts respond
negatively (i.e., the clause belongs to none of the categories) the
clause is deemed fair. The prompt template for this first stage is
the following:

You are analyzing terms of service. Please, tell whether the clause

talks about the subject specified in the definition.

Definition: {category definition}

Please answer only with ’yes’ or ’no’. Do not include any explanations

or additional text.

Test Input:

Clause: {clause}

Response:

For clauses associated with one or more categories, we proceed
with the second phase, i.e. the unfairness assessment. Specifically, if
in the first phase a clause is positively identified as belonging to a
category, in the second phase, a second query assesses its unfairness
for that category. The prompt includes the “unfairness condition”
as it appears in the definition of the category, with the exception
of those definitions that only state “Such clause is always unfair”.
This may minimize potential biases in the model. The prompt for
the second phase is always performed in a few-shot setting. The
template is the following:

You are analyzing terms of service. Please, tell whether the

input clause is unfair. {unfairness conditions}. If the clause

is unfair respond with ’yes’ otherwise respond with ’no’. Provide

only ’yes’ or ’no’ as the output. Do not include any explanations

or additional text.

1At execution time, text within brackets is replaced with the corresponding entities.
2This line is not present in the zero-shot setting.

Examples: {examples}

Test Input:

Clause: {clause}

Response:

Both phases use one prompt per category, for a total of 9 to 18
prompts per sentence.

4.2 Selection of examples for few-shot setting
The multi-prompt and the pipeline approaches are designed to
support the few-shot learning settings. In these settings, for each
category, the prompt includes 8 examples of unfair clauses. These
examples, extracted from the training set, are hand–selected accord-
ing to the following criteria: (i) coverage of different market sectors;
(ii) coverage of diverse types of unfair contracting practices, within
each unfair-clause category; (iii) length of clauses.

As a first approach, we select long sentences, since they are usu-
ally relevant for a diverse set of unfair practices. For instance, a
clause may limit or exclude the provider’s liability by (i) liability
theory (e.g., tort law, contract law, strict liability, statutory liability,
product liability); (ii) causal link with the damage (e.g., special, inci-
dental, direct, indirect, punitive damages); (iii) kind of damage (e.g.,
economical, reputational); (iv) standard of care (e.g., negligence,
gross negligence, awareness); (v) cause of damage (e.g., security
breach, computer harms, third parties actions); and (vi) compensa-
tion amount (e.g., max 10 euro). Long sentences usually offer several
advantages. As noted, they encapsulate a wide range and different
combinations of unfair practices, thus providing a richer and more
detailed context. This may help the models to capture complex re-
lationships and generalize across diverse scenarios. However, they
also come with disadvantages. Small-scale language models may
struggle with processing lengthy sentences, due to input length
constraints or difficulty in capturing long-range dependencies. Fur-
thermore, the dense nature of long sentences can lead to increased
ambiguity, potentially hindering the models’ ability to focus on
specific features.

Given these limitations we also experiment with the shortest
sentences possible. Thus, we identify 8 new examples. In this con-
text, each clause is pertinent to one, or at most two, instances of
unfair contractual practices. A key advantage of this approach is
that short sentences are simpler to process and reduce the risk of
truncation. This approach may allow models to focus on specific
patterns. However, it comes with potential issues. Indeed, there is
a risk of oversimplification. Relying on short sentences may reduce
cohesiveness and create a misalignment with real world contractual
language, since ToS often contains long and complex sentences.
Furthermore, models may lose the broader context necessary to
fully understand the relationships between different elements. Thus,
practices that depend on interconnected factors may not be fully
captured.

By experimenting with the long and short sentence approaches,
we aim to test their respective strengths and limitations to achieve
the best possible outcomes in our few-shot settings.

5 Experimental Results
For our experimental evaluation, we consider the dataset described
in Section 3, using themethodology illustrated in Section 4. Following
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Table 2: Details of the generative models.

Model #Params Context Length Quantization

Qwen [23] 32B 128k 4 bit
Codestral [51] 22B 32k 4 bit
Phi3 [53] 14B 128k 8 bit
Nemo [52] 12B 128k 8 bit
Llama [14] 8B 128k 8 bit
Mistral [25] 7B 32k 8 bit
Law-Chat [9] 7B 128k 8 bit

the setting of LexGLUE [8], we split the 142 documents into three
sets: 85 documents for training, 35 for validation, and 22 for test.
To address class imbalance, we evaluate all the approaches by mea-
suring micro-F1 and macro-F1. As for LLMs, we consider 7 dif-
ferent models listed in Table 2: Llama3-8B, Mistral-7B, Law-Chat,
MistralNemo-12B, Phi3-14B, Codestral-22B, Qwen-32B. All the ex-
periments have been executed on two RTX 2080 Ti for a total of
22GB of VRAM. Quantization was employed when necessary, i.e.,
when the chosen model did not fit in the available VRAM. The 8-bit
integer quantization consists of a mixed-precision decomposition
where most of the values (≈ 99.9%) are quantized in 8-bit precision,
while outlier features are quantized to 16-bit [11]. Concerning 4-bit
quantization, the QLoRA [12] method is employed.

5.1 Experimental Setting
All generative models are instruction-tuned LLMs between 7 and
32 billion parameters (Table 2). The input prompt for each model is
pre-processed using the recommended template for that particular
model. Specific tokens to the input prompt (e.g., [INST]) are ap-
pended and prepended, ensuring alignment with the model’s native
requirements. Temperature is set to 1, sampling is disabled, and the
greedy search decoding method is employed to ensure reproducible
results. The model weights are quantized to 8-bit or 4-bit integers,
depending on the size of the model as indicated in Table 2, to meet
the computational resources at our disposal.

We compare our generative approaches against several discrim-
inative models: a linear SVM and 7 pre-trained transformers, as
used in the LexGLUE benchmark [8]. The SVM is the same used in
the original CLAUDETTE system [29]: it employs TF-IDF features
using 𝑛-grams with 𝑛 ∈ [1, 2, 3], with hyperparameters optimized
through grid search. All pre-trained models are fine-tuned for up
to 20 epochs with early stopping on development data, using the
Adam optimizer with a starting learning rate of 3𝑒−5. Mixed preci-
sion (fp16) is used to reduce memory requirements, with a batch
size of 8 across all experiments. Each setup is repeated five times
with different random seeds, reporting test scores based on the seed
yielding the best test performance.

5.2 Baselines
Table 3 shows the results obtained by baseline approaches, which
are those used also within the LexGLUE benchmark [8]. Results are
similar to those reported in LexGLUE, although we are hereby using
a larger dataset of 142 documents, which are more diverse in terms
of market sectors, and thus more challenging. Furthermore, the
privacy included category utilized in this dataset was not part of the

LexGLUE benchmark. Custom LegalBERT is the best performing
approach, with 95.9/77.9 of micro/macro-F1, respectively.

5.3 Comparison of prompt strategies
Table 4 shows the results obtained with the three different prompt
strategies described in Section 4. When using few-shot learning, we
also report the results obtained with both short and long examples.

It is straightforward to observe that the performance of LLMs
is significantly lower than those obtained by the baselines. The
pipeline strategy is the one that consistently performs better than
the others, for all the considered LLMs. This is probably due to
the fact that LLMs, as observed in our preliminary experiments,
tend to consider unfair also clauses that are totally unrelated to any
unfairness category. Therefore, splitting the task into two subse-
quent stages, and first filtering out the clauses that are unrelated
to unfairness categories, greatly simplifies the problem for LLMs
(each of the two prompts is much simpler to address).

Regarding the complexity of examples provided in the few-shot
setting, there is no huge difference in adopting short or long exam-
ples, with a slight advantage in using the latter. While small-size
LLMs do not produce satisfying results, it is evident that perfor-
mance increases with model size: Qwen-32B, although quantized
with 4 bits only, achieves results that are not far from the best-
performing BERT-based baselines. On the other hand, Codestral-
22B is underperforming even smaller LLMs. These suboptimal per-
formances can be attributed to its pretraining on a corpus predom-
inantly composed of code, which significantly diverges from the
linguistic and conceptual characteristics of legal texts required for
the task at hand.

5.4 Computational Cost
Deberta-base and custom-legalbert require, respectively, 25 and 17
minutes for training on our architecture. For what concerns infer-
ence, both require between 1 and 2 milliseconds for the complete
classification of a clause. For LLMs, the inference time depends on
the considered setting, with a minimum of about 1 second for each
model, and a maximum that depends on the specific model: about
5 seconds for Mistral-7B and Phi3-14B, 4 for Nemo-12B, and 3 for
Llama3-8B. For all models, the single-promp approach is the fastest
and the multi-prompt few shot long is the slowest. While training
transformers clearly increases the computational cost in terms of
training time, their inference time is about 1000 times faster than
LLMs. Therefore, they seem a better alternative than LLMs both in
terms of F1 score and inference time. However, it is important to
remember that they are a viable solution only in scenarios where
training data are available and it is possible to afford the training
cost. The size of the tested LLM does not seem to impact inference
time strongly. On the contrary, the prompt approach and the length
of the prompt can increase inference time up to 4 times.

5.5 Evaluation of models for each category of
unfairness

Table 5 presents the F1 scores of the best models across all the
unfairness categories. In particular, we compare transformer-based
models, i.e., Legalbert and Deberta-base, with small (Phi3-14B,
Llama3-8B, Law-Chat-7B, Mistral-7B, Nemo-12B) and large LLMs
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Table 3: Evaluation of baseline methods on the validation and the test split. For validation, we report the average score over 5
training and the variance. For test, we report the result of the best model.

Model Validation Test
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Macro Acc. Macro Rec.

Bert-base-uncased 95.8 ± 0.1 74.8 ± 0.8 95.6 75.3 80.5 71.2
Roberta-base 94.6 ± 1.5 49.8 ± 25.7 95.6 70.2 72.4 68.8
Deberta-base 95.8 ± 0.1 73.7 ± 0.2 95.8 77.8 82.5 74.6
Longformer-base-4096 93.5 ± 1.5 32.4 ± 20.7 95.5 62.7 70.3 57.6
Bigbird-Roberta-base 95.7 ± 0.0 72.6 ± 2.3 95.3 75.3 77.3 74.9
Legal-Bert-base-uncased 96.0 ± 0.1 76.0 ± 1.4 95.6 76.9 78.5 77.1
Custom-Legalbert 95.9 ± 0.1 75.4 ± 0.3 95.9 77.9 81.2 75.6
TFIDF+SVM 95.0 ± 0.0 62.0 ± 0.0 94.9 61.0 80.7 52.4

(Codestral 22B and Qwen 32B). For each model, we consider only
the setting that yields the best result.

The fine-tuned transformer-basedmodels, Legalbert andDeberta-
base, outperform other techniques across most categories, thus
highlighting the benefits of tailoring models to legal datasets and
corpora. As for the aggregate results presented in Table 4, small
LLMs perform significantly worse both than large LLMs and than
BERT-based approaches.

In particular, Legalbert achieves the highest F1 scores for uni-
lateral change (0.78 vs 0.76), jurisdiction (0.96 vs 0.90), and unilat-
eral termination (0.75 vs 0.73). Conversely, Deberta-base surpasses
Legalbert in arbitration (0.67 vs. 0.56), content removal (0.70 vs
0.67), limitation of liability (0.71 vs 0.70), and contract by using
clauses (0.82 vs. 0.79). The two models achieve an equal F1 score
for choice of law (0.93).

Even the per-category results confirm that the pipeline strategy
is the one achieving the best results. As noted above, Nemo-12B is
the best performing LLM among the small-sized ones, in particular
as regard to content removal (0.64), choice of law (0.80) and privacy
included (0.45) for pipeline short. Similarly, Llama3-8B reports the
best results for arbitration (0.49), unilateral change (0.64) and lim-
itation of liability (0.55) for pipeline long. Phi3-14B outperforms
in assessing jurisdiction (0.74) and unilateral termination clauses
(0.61) in pipeline short.

The full comparison between the short and long examples con-
firms the observation made for aggregate results (Table 4), i.e., that
that the selection of examples does not strongly influence the per-
formance of small LLMs within the pipeline approach. Differently,
LawChat-7B achieves the best results under theMulti-prompt short
approach as regards consent by using (0.62). The best performing
strategy for Mistral-7B is using Pipeline-long, but its results are
significantly worse than those of other small LLMs.

The frequency and unfairness distribution of clauses in the
dataset correlate with the performance trends of small-size LLMs.
Categories with higher clause frequencies, such as Limitation of
Liability and Unilateral Termination, generally see better perfor-
mance from fine-tuned models, reflecting their ability to adapt to
well-represented clause types. Conversely, less frequent categories
like Privacy Included and Arbitration highlight the limitations of
few-shot and pipeline methods and the need for extensive domain-
specific training. Another factor that might have contributed to the

poor performance of small LLMs is the complexity of some cate-
gories. For instance, while there is a similar number of arbitration
and privacy included clauses in ToS, the latter are less uniform
and can often be expressed spanning over several sentences, while
arbitration clauses tend to have less variation in their phrasing. To
make it clearer, consider the following examples.

Please review our Privacy Policy, which governs the use of personal
information on the Site and to which Subscriber agrees to be bound as a
user of the Site. - 9GAG ToS

By using our Service, you agree to be bound by Section I of these Terms
(General Terms"), which contains provisions applicable to all users of our
Service, including visitors to the DeviantArt website (the "Site") [...]
The terms of DeviantArt’s privacy policy are incorporated into, and form
a part of, these Terms. - DeviantArt ToS

In the first case, the unfairness evaluation can be done by an-
alyzing the clause in isolation, as its impact and implications are
contained within a sentence. The clause directly binds the user to
the privacy policy through a single, explicit statement. This stan-
dalone nature makes it easier the identification and classification
of the clause. Conversely, in the second case, the unfairness arises
from the interplay between two distinct clauses. By merely using
the service, the consumer implicitly agrees not only to the ToS but
also to the data processing terms outlined in the privacy policy.
This layered structure can make it harder for small-size models,
with length constraints and difficulty in capturing long-range de-
pendencies, to correctly assess such clauses.

Finally, we note that small-size LLMs classify descriptive sen-
tences as unfair. While related to a certain clause category, these
sentences merely describe procedures or other details irrelevant to
the fairness assessment. For instance, this is the case of arbitration
clauses. In this context, small LLms often classify as unfair state-
ments outlining arbitration procedures or formalities. Consider the
following example taken from the Headspace ToS.

(b) Arbitration rules. The federal arbitration act governs the interpretation
and enforcement of this dispute-resolution provision. Arbitration will be
initiated through the American arbitration association ("AAA").

Such misclassifications suggest that smaller models might lack
the contextual understanding needed to distinguish between proce-
dural descriptions and substantive clauses with potential unfairness
implications.

145



ICAIL 2025, June 16–20, 2025, Chicago, IL, USA Panarelli et al.

Table 4: Evaluation of LLMs over the test set. For each column, we report the best result in bold.

Model Technique Examples Metrics
Micro-F1 Macro-F1 Macro Acc. Macro Rec.

Llama3-8B Single-prompt / 0.71 0.37 0.38 0.61
Mistral-7B Single-prompt / 0.55 0.23 0.25 0.42
Law-Chat Single-prompt / 0.22 0.09 0.17 0.07
Nemo-12B Single-prompt / 0.72 0.39 0.42 0.57
Phi3-14B Single-prompt / 0.60 0.33 0.30 0.58
Codestral-22B Single-prompt / 0.15 0.19 0.37 0.17
Qwen-32B Single-prompt / 0.87 0.49 0.43 0.64

LLama3-8B Multi-prompt - Zero shot / 0.88 0.47 0.43 0.57
Mistral-7B Multi-prompt - Zero shot / 0.41 0.16 0.14 0.80
Law-Chat Multi-prompt - Zero shot / 0.83 0.39 0.33 0.62
Nemo-12B Multi-prompt - Zero shot / 0.61 0.26 0.20 0.81
Phi3-14B Multi-prompt - Zero shot / 0.79 0.41 0.31 0.77
Codestral-22B Multi-prompt - Zero shot / 0.34 0.21 0.19 0.86
Qwen-32B Multi-prompt - Zero shot / 0.88 0.61 0.56 0.75

Llama3-8B Multi-prompt - Few shot Long 0.79 0.40 0.30 0.84
Short 0.78 0.40 0.31 0.78

Mistral-7B Multi-prompt - Few shot Long 0.53 0.24 0.20 0.85
Short 0.52 0.22 0.18 0.87

Law-Chat Multi-prompt - Few shot Long 0.51 0.31 0.26 0.71
Short 0.71 0.43 0.41 0.62

Nemo-12B Multi-prompt - Few shot Long 0.32 0.15 0.15 0.86
Short 0.31 0.14 0.14 0.87

Phi3-14B Multi-prompt - Few shot Long 0.72 0.43 0.34 0.85
Short 0.80 0.52 0.40 0.80

Codestral-22B Multi-prompt - Few shot Long 0.41 0.24 0.21 0.87
Short 0.44 0.26 0.21 0.89

Qwen-32B Multi-prompt - Few shot Long 0.90 0.59 0.47 0.84
Short 0.88 0.61 0.51 0.85

Llama3-8B Pipeline Long 0.90 0.58 0.51 0.71
Short 0.91 0.55 0.54 0.61

Mistral-7B Pipeline Long 0.74 0.29 0.24 0.70
Short 0.59 0.24 0.19 0.87

Law-Chat Pipeline Long 0.43 0.20 0.17 0.87
Short 0.46 0.22 0.18 0.85

Nemo-12B Pipeline Long 0.92 0.62 0.57 0.72
Short 0.94 0.62 0.71 0.59

Phi3-14B Pipeline Long 0.87 0.56 0.44 0.84
Short 0.87 0.57 0.46 0.82

Codestral-22B Pipeline Long 0.80 0.45 0.35 0.85
Short 0.80 0.47 0.36 0.85

Qwen-32B Pipeline Long 0.95 0.72 0.77 0.71
Short 0.94 0.71 0.77 0.71
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Table 5: Evaluation of models for each category of unfairness. For each column, we report the best results in bold and underline
the best result of small LLMs.

Model Technique Category F1
fair a ch cr j law ltd ter use pinc

Baselines
Custom-Legalbert Fine tuned 0.97 0.56 0.78 0.67 0.96 0.93 0.70 0.75 0.79 0.67
Deberta-base Fine tuned 0.98 0.67 0.76 0.70 0.90 0.93 0.71 0.73 0.82 0.57

Small LLMs
Mistral-7B Pipeline-Long 0.85 0.07 0.19 0.08 0.12 0.1 0.3 0.38 0.14 0.20
LawChat Multi Few-Short 0.87 0.36 0.32 0.08 0.65 0.24 0.19 0.55 0.62 0.38
Phi3-14B Pipeline-Short 0.93 0.33 0.52 0.45 0.74 0.71 0.46 0.61 0.55 0.44
Llama3-8B Pipeline-Long 0.95 0.49 0.64 0.55 0.68 0.54 0.55 0.58 0.42 0.36
Nemo-12B Pipeline-Short 0.97 0.34 0.63 0.64 0.73 0.80 0.54 0.55 0.56 0.45

Large LLMs
Qwen-32B Pipeline-Long 0.98 0.48 0.70 0.64 0.91 0.93 0.67 0.57 0.65 0.69
Codestral-22B Pipeline-Short 0.90 0.19 0.54 0.37 0.53 0.47 0.54 0.47 0.18 0.47

Overall, none of the small LLMs consistently outperform the
others and all fall short as compared to transformer-based models.
Of the two larger models, only Qwen-32b obtains comparable or
better results than fine-tunedmodels in a few categories (e.g., choice
of law and privacy included).

6 Conclusion
In this paper, we evaluate the capabilities of LLMs compared to
BERT-based models in detecting unfair clauses in ToS.

Identifying the optimal prompt for an LLM on a task is a chal-
lenging problem, since LLMs are sensitive to context and phrasing
in ways that are often unpredictable and difficult to fully explain
[16, 31, 35, 46, 48, 57, 58]. Thus, we test several prompting strategies
across five small LLMs, and two larger LLMs, against the state-of-
the-art transformer models. Small LLMs could provide an attractive
alternative to the supervised systems, including reduced depen-
dency on extensive training data, lower resource requirements, and
a smaller environmental footprint compared to larger models.

Despite these benefits, our experimental results show that small
LLMs currently fall short of delivering satisfactory performance in
unfair clause detection. Among small models, Nemo-12B emerges as
the best-performing one, with a pipeline approach that decomposes
the task into category identification and unfairness assessment,
yielding the best results. However, no significant differences are
observed between short and long example prompts. A larger model,
Qwen-32B, demonstrates promising performance, with potential for
further enhancement through fine-tuning, suggesting that model
size may play a key role. Conversely, Codestral-22B shows poor
results across the board. Based on these findings, we conclude that,
at this stage, BERT-based models remain superior for detecting and
classifying unfair clauses in consumer contracts.

In conclusion, our experimental results show that small LLMs
face significant limitations in processing the complex and varied
language structures of legal contracts. In particular, we identify
three main issues regarding: (a) contextual understanding capac-
ities; (b) domain and task-specific adaptation; (c) generalization

and flexibility. Indeed, small models seem to focus on basic pat-
terns, flagging irrelevant clauses as unfair or missing relevant ones.
As noted in Section 5, they tend to consider as unfair descriptive
sentences as well as clauses completely unrelated to any unfair-
ness category. They show a restricted ability to grasp and fully
understand the context needed to distinguish between procedural
descriptions and substantive clauses with unfairness implications.
Moreover, without the benefit of fine-tuning, small LLMs seem
to struggle when encountering unfamiliar domain-specific legal
terminology or varied phrasings.

More generally, their narrow language understanding can be
a significant drawback in the analysis of legal contracts. Indeed,
small language models seem unable to generalize concepts, even
when provided with relevant examples.

In our future work, we plan to test parameter-efficient fine-
tuning procedures, such as LoRA [22], to fine-tune LLMs on our
data or other legal corpora. We will study the impact of retrieval-
augmented generation architectures, exploiting legal rationales as
an external knowledge base. We will also consider using LLMs to
assist in the creation of a training corpus (e.g., following a recent
study [32]). Another line of research would address the perfor-
mance of LLMs in a multilingual context, such as CLAUDETTE’s
multilingual corpora [13, 15]. Finally, the automatic refinement
of guidelines and annotations to address potential changes in the
legislation would be a challenging topic. Possible solutions may
rely on memory networks [45] and RAG-based solutions.
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