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Abstract—We investigate the effectiveness of large language
models (LLMs) in performing natural language inference (NLI)
for consistency checking in technical requirements from the
automotive domain. Due to the scarcity of annotated industrial
requirements, we construct a semisynthetic dataset by generating
contradictory and paraphrased variants of real-world German-
language requirements. Our dataset consists of over 21 000
requirement pairs balanced across entailment, contradiction, and
neutral classes, with controlled syntactic variation introduced
through LLM-based transformations. We benchmark classical
multilingual transformer models against OpenAI’s GPT-4o and
GPT-4o mini, using both direct and Chain-of-Thought prompting.
Our results show that while GPT-4o significantly outperforms
fine-tuned baselines, the smaller GPT-4o mini performs only
slightly worse after using automatic prompt optimization. These
findings indicate that LLMs can reliably detect natural language-
based inconsistencies in industrial requirements without domain-
specific training, offering a promising avenue for scalable appli-
cation to consistency checking in requirements engineering.

Index Terms—Requirements Engineering, Natural Language
Processing, Natural Language Inference, Synthetic Data

I. INTRODUCTION

Ensuring the consistency of requirements is a critical step in
engineering projects, particularly in complex domains such as
the automotive industry. One important aspect of this process
is the detection of contradictions between requirements, which
can lead to costly failures in later stages of development.

In scenarios involving textual requirements, advancements
in the field of natural language processing (NLP) offer
promising solutions. In particular, natural language inference
(NLI), also known as Recognizing Textual Entailment (RTE),
provides a suitable framework to enhance the automation of
consistency checking. NLI describes the task of determining
the logical relationship between a pair of texts—specifically,
whether one text entails, contradicts, or is neutral with respect
to the other. Applied to requirements engineering, NLI models
can be used to automatically identify contradictory statements
that can be detected without additional knowledge of a system
within or across requirement specifications.

However, applying NLI in engineering contexts presents
significant challenges. One key limitation is the scarcity of la-

beled data: Real-world requirements are often domain-specific,
proprietary, and typically not annotated for contradiction de-
tection. This hinders both the training and the evaluation of
NLI models in industrial settings. To address this challenge,
our work contributes the following:

• We describe and implement an approach for generating
semisynthetic NLI data for contradiction detection in
requirements. Starting from a real-world dataset of 2497
German-language automotive requirements, we generate
contradictory variants and apply multiple paraphrasing
techniques to increase the syntactic diversity between
paired statements, resulting in a labeled NLI dataset with
over 20 000 requirement pairs and their relation.

• Using this dataset, we evaluate a selection of NLI models,
including both classical approaches and modern large
language models (LLMs). LLMs are of particular interest
due to their ability to perform well across domains
without requiring task-specific fine-tuning.

• We hypothesize that increasing the syntactic difference
between contradictory statements makes contradiction de-
tection more difficult, and we investigate this relationship
empirically by decomposing the paraphrase generation
into multiple subtasks.

Our study aims to shed light on the capabilities and limita-
tions of current NLI systems when applied to the domain of
requirements engineering and to provide insights that facilitate
further research in this area. Integrated into existing require-
ments management pipelines, such models could automatically
flag potential semantic conflicts for expert review, streamlining
quality assurance.

II. RELATED WORK

Natural Language Inference (NLI), often referred to as Rec-
ognizing Textual Entailment, is a fundamental task in NLP that
aims to determine the logical relationship between two pieces
of text, typically referred to as premise and hypothesis [1].
These relationships are generally categorized into entailment
(the hypothesis is logically implied by the premise), contra-
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diction (the hypothesis contradicts the premise), or neutral
(neither entailment nor contradiction).

It is usually understood that natural language inference
employs commonsense reasoning, moving beyond a purely
literal or strictly formal interpretation of texts. In that light,
we assume that no expert knowledge is required for natural
language inference. Due to the ambiguity of natural language
it is not in general possible to unambiguously classify textual
pairs into entailment, contradiction and neutral classes. This
highlights why one of the most prominent NLI datasets [14]
gathered four additional human annotations for each textual
pair for their general purpose NLI corpus. They reported
that only 58% of the data received unanimous classification
consensus.

The recent emergence of Large Language Models (LLMs),
building upon the foundational successes of the transformer
architecture, has further pushed the boundaries of NLI capa-
bilities [3].

We test both classical pre-trained transformer-based NLI
models as a baseline and LLM-based NLI implementations
on our semisynthetic NLI dataset.

NLI has been applied in domain-specific settings, such as
biomedicine [5]–[7] and law [2], [4], where textual entailment
and contradiction play a role in safety, compliance, or knowl-
edge extraction tasks. While promising, the transfer of general-
purpose NLI models to such specialized domains can be chal-
lenging due to vocabulary mismatch, subtle domain-specific
semantics, and limited annotated data. Domain adaptation
techniques and synthetic data generation have thus emerged
as active areas of research.

LLMs have been utilized to generate hypothesis statements
from original texts via paraphrasing, or contradiction gen-
eration, enabling the construction of semisynthetic datasets
tailored to specialized vocabulary and reasoning needs [8].
We expand on these techniques by combining multiple para-
phrasing functions that alter the syntax of a given premise in
different ways.

In the context of requirements engineering, automated con-
sistency checking has been explored using both formal and
natural language-based techniques. Traditional approaches rely
on transforming requirements into formal representations us-
ing domain-specific languages or controlled natural language
[9], [11]–[13]. These representations can then be processed
by logic-based or constraint-solving tools to detect inconsis-
tencies. However, such approaches often require significant
manual effort or expertise and may not scale well to large,
unstructured corpora of natural language requirements.

To bridge the gap between informal and formal repre-
sentations, recent research has investigated the use of NLP
and LLMs to interpret and reason over textual requirements.
Despite this, the use of NLI for detecting conflicts in re-
quirements remains relatively rare. Given that large industrial
requirements repositories typically contain tens or hundreds
of thousands of free-text entries, scalable methods that can
operate directly on natural language are of great interest,
especially, when considering that requirements are getting

reused over product iterations, as is the case for requirements
coming from the lawmaker.

Very little work can be found about the explicit use of NLI
methods in requirements engineering. [10] explored small-
scale applications of NLI in requirements engineering, ad-
dressing tasks such as classification, defect detection, and
conflict identification. Our work builds upon these efforts by
proposing a method to generate larger-scale, semisynthetic
datasets based on real-world industrial requirements. Using
such a dataset, we evaluate classical and LLM-based NLI
methods with a focus on contradiction detection and syntactic
variation. Beyond direct contradictions, it is also critical to rec-
ognize that an entailment relation between two requirements
can inadvertently introduce conflicts during implementation.

III. DATA GENERATION

This paper introduces an NLI dataset of labeled requirement
pairs. Our process, depicted in fig. 1, begins by using OpenAI’s
GPT-4o model to generate two contradictory statements for
each initial requirement, a technique similar to that in [8]. Sub-
sequently, to enhance linguistic variety, we apply a number of
randomly selected paraphrasing functions to both the original
requirements and their generated contradictions, allowing us to
control for syntactic divergence. From this augmented pool, we
construct the final dataset by sampling pairs to form balanced
classes of entailment, contradiction, and neutral relationships.

The data we generate generally only assume commonsense
reasoning and knowledge about the world. No expert domain
knowledge is needed to resolve the contradictions we focus
on in this paper. Furthermore, in more complex situations,
it is possible to have three requirements that together are
inconsistent without containing individual pairwise inconsis-
tencies. In practical scenarios we also might have additional
context that changes the meaning of, and hence the relation
between, requirements. This can happen when requirements
use previous requirements or text passages from the document
as context, when the requirements document itself specifies
some term such as the “development object”, or when the
document structure determines relevant context, such as the
focus on a specific component. Both triplet inconsistencies and
inconsistencies in need of additional context are not addressed
in this dataset.

We start out with a corpus of 2497 real requirements from
the automotive industry. These requirements originate from
9 distinct requirements documents for different components
of a vehicle. Due to confidentiality constraints, the original
data cannot be published or shared. The average length of the
original requirements is approximately 21 words.

We remove any redundant data and those that are falsely
marked by OpenAI’s content policy filters which generated a
few false positive errors. The resulting data consists of 2403
rows, each containing six entries: An original requirement, two
distinct requirements contradicting the original requirement
and a paraphrase for each.



TABLE I
SHOWCASE OF THE DIFFERENT PARAPHRASE FUNCTIONS AND AN

EXAMPLE GENERATED CONTRADICTION ON A FICTIONAL REQUIREMENT.
NOTE THAT WE APPLY MULTIPLE FUNCTIONS TO ONE REQUIREMENT.

Original The object of development must be designed for a mini-
mum oil temperature Tmin of -35 °C during operation.

Structural
paraphrase

For operation, the development object is required to be
designed to handle a minimum oil temperature of -35 °C.

Lexical
paraphrase

The item under development must be engineered to with-
stand a minimum oil temperature Tmin of -35 °C while in
operation.

Increased
verbosity

It is essential that the design of the development object
is capable of functioning effectively at a minimum oil
temperature, denoted as Tmin, of -35 degrees Celsius
during its operational phase.

Reduced
verbosity

The development object must withstand an operational oil
temperature of at least -35 °C.

Contradictory
requirement

The object of development must be designed for a mini-
mum oil temperature Tmin of -25 °C during operation.

We distinguish three different kinds of paraphrase methods,
which change its syntax while leaving its meaning unchanged
as illustrated in table I:

1) Syntactic paraphrase: A reformulation that changes only
the sentence structure.

2) Lexical paraphrase: Focused on changing the wording,
while keeping the structure as similar as possible.

3) Increase or reduce verbosity: This may change wording
and structure.

A random paraphrase applies between one and three of
those methods, selected and ordered randomly. We argue that
each step further reduces the syntactic similarity between the
original text and its paraphrase.

1–3× paraphrase
Original ♦︎

LLM

Contradiction

LLM

Variant Original ♦︎

Variant Contr. 1 ♦︎

Variant Contr. 2 ♦︎

⇩♦︎ Pairing

Balanced Dataset: over 21 000 requirement pairs

Contradiction 

pairs

Entailment

pairs

Neutral

pairs

Fig. 1. Illustration of the dataset generation process. Each class contains 7209
pairs for a total of 21 627 requirement pairs in the total dataset.

Since each paraphrase generates an entailment pair, we
derive three different entailments from each original require-

ment. Similarly, combining the generated contradictions and
the requirement and its paraphrases with one another, we
can get eight contradictory pairs of requirements per original
requirement. To avoid any kind of bias in the ordering,
we shuffle the order of each pair randomly. To create a
balanced dataset, we sample three contradictions from the
eight possible. We then sample unrelated requirements from
our generated augmented data to create the appropriate amount
of neutral requirement pairs. Finally, we split the dataset into
a test set with 20 000 data points and a development set with
the remaining 1627 which we reserve for prompt optimization.
To assess the quality of the dataset, we estimate the amount of
label noise we expect the resulting dataset to contain: Based
on a manual inspection of the dataset we estimate a label error
rate of 0.72% for entailments, 1.43% for contradictions and
no errors in the neutral labels.

IV. NATURAL LANGUAGE INFERENCE METHODS

To evaluate contradiction detection on the generated dataset,
we compare both LLMs and smaller pre-trained transformer
models commonly used in natural language inference tasks.
This allows us to assess the capabilities of zero-shot LLMs
against fine-tuned baselines in a multilingual, domain-specific
setting. We adopt the usual NLI-specific terms for the pair
of texts, which in our case are requirements: The first text
(the premise) is assumed to be true, and the task of NLI is
to deduce the truth value of the second text (the hypothesis).
Their relation is an entailment if hypothesis can be inferred,
a contradiction if the hypothesis can be falsified and neutral
otherwise.

A. Large Language Models

We evaluate two LLMs provided by OpenAI: GPT-4o1 and
GPT-4o mini2. Each premise-hypothesis pair from the dataset
is passed to the model in the form of a natural language
prompt. We compare two prompting strategies:

• Direct prediction prompt: The model is asked to classify
the relationship between two requirements (entailment,
contradiction, or neutral) based on a concise, task-specific
instruction.

• Chain-of-Thought prompt: In this variant, the model is
guided to reason step-by-step before producing a final
prediction. This technique has been shown to improve
reasoning accuracy in various tasks [17].

The prompts were constructed in English. For Chain-of-
Thought reasoning, we use the DSPy3 framework [23], which
provides structured support for modular, prompt-based infer-
ence pipelines. We instantiate a Chain-of-Thought module
based on a standard Predict signature, wrapping the model
to output intermediate reasoning steps before the final pre-
diction. All LLM evaluations are performed with identical
API settings, using a temperature of 0 to maximize repro-
ducibility. In addition to the hand-crafted prompts, we used the
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dspy.SIMBA optimizer on the devset with default parameters
to find better prompts.

B. Baseline Pretrained Models

As a comparative baseline, we include two pre-trained trans-
former models fine-tuned on a combination of the multilingual
XNLI dataset [16] and the multi-genre MNLI dataset [15]:

• mDeBERTa-v3-base-mnli-xnli [18], a finetuned
version of DeBERTaV3-base [21] with 279M parameters.

• xlm-roberta-large-xnli [20], a finetuned version
of XLM-RoBERTa-large [19] with 561M parameters.

We evaluate these models using the HuggingFace Trans-
formers library [22]. Inputs are encoded using their respective
tokenizers, and predictions are obtained by selecting the label
with the highest softmax probability over the model’s output
logits. Since the models are trained on multilingual NLI
benchmarks such as XNLI, they are capable of handling
German inputs directly.

V. RESULTS

We report the accuracy and F1 scores over all three classes.
The F1 score, as the harmonic mean between recall and
precision, offers a measure that balances both the ability of the
models to identify all relevant instances of a class (recall) and
the ability to identify only the relevant instances (precision).

The F1 score serves as our primary metric for comparing
model performance, as it robustly captures the trade-off be-
tween false positives and false negatives.

Table II summarizes the performance of the evaluated
models across the (E)ntailment, (C)ontradiction, and (N)eutral
classes, as well as the aggregated “(P)roblem” class E∪C,
which captures all instances where requirements should not
co-exist unexamined. Overall, the results show that LLMs,
even in a zero-shot setting, substantially outperform the two
smaller, task-specific transformer baselines.

TABLE II
MODEL PERFORMANCES ON OUR SEMISYNTHETIC DATASET

Accuracy F1C F1E F1N F1P

DeBERTa 81.0 73.9 87.4 80.8 91.0
RoBERTa 84.0 79.2 90.7 81.8 91.5

GPT-4o mini 95.1 93.4 97.1 94.7 97.4
GPT-4o mini opt. 96.9 95.8 97.6 97.4 98.7
GPT-4o mini CoT 95.4 94.9 96.3 95.2 97.5
GPT-4o mini CoT opt. 97.0 96.3 97.5 97.4 98.7

GPT-4o 97.4 96.8 97.8 97.6 98.8
GPT-4o opt. 97.3 96.4 97.7 97.7 98.8
GPT-4o CoT 96.2 95.6 97.3 95.8 97.8
GPT-4o CoT opt. 96.6 95.7 97.4 96.8 98.4

The best-performing model was GPT-4o with the direct
prompt method, achieving an overall accuracy of 97.4% and
an F1 score of 96.8 on the contradiction class. Interestingly,
adding Chain-of-Thought (CoT) prompting did not improve

GPT-4o’s performance further—in fact, accuracy dropped
slightly to 96.2%. This suggests that, at this scale, the base
model’s capabilities may already be sufficient for the relatively
short and syntactically controlled requirement statements and
their relations.

For the smaller and cheaper GPT-4o mini model, CoT
prompting did yield improvements in performance (accuracy
increasing from 95.1% to 95.4%), hinting at the usefulness
of reasoning scaffolds under limited model capacity.

The dspy.SIMBA optimizer could find prompt-few-shot
combinations that greatly improved the performance of the
GPT-4o mini model for both the simple predict pattern and
Chain-of-Thought, putting them close behind GPT-4o. We
see that the optimized prompt for the CoT method guides
the model to focus on difference in overlapping parameters
and focus on the core meaning. The optimized standard
prompt explicitly instructs the model to distinguish design
considerations from concrete physical constraints. Given the
large test set size of 20 000 pairs, Wald confidence intervals
(95% confidence) for accuracy are narrow (between ±0.2%
and ±0.3% for the LLMs), confirming the significance of the
performance gain through prompt optimization for the smaller
model.

By contrast, the best classical NLI model, RoBERTa,
achieved 84.0% accuracy, with noticeably weaker perfor-
mance on the contradiction class (F1 = 79.2). This result
highlights the limitations of fine-tuned models when applied
to domain-specific text without additional adaptation.

Across all models, prediction quality was highest for the
entailment class, followed by neutral, and lowest for con-
tradiction. This aligns with prior observations that detecting
contradictions is typically harder than confirming entailments.

To test our hypothesis, that the syntactic difference between
two requirements has an impact on the performance of the NLI
models, we divide the dataset into two subsets: The easy subset
consists of those pairs where the total number of paraphrase
steps is below three and the hard subset consists of those pairs
where the total number of paraphrase steps is three or more.
This splits the data into 12 583 and 7417 pairs respectively.

All evaluated models consistently exhibited degraded per-
formance on the hard split of the dataset. Specifically, models
demonstrated a 39.5% to 75.0% increase in error rates when
comparing performance on the hard versus easy data splits.

VI. DISCUSSION

A. Implications for Requirements Engineering

The results demonstrate that state-of-the-art LLMs, even
in a zero-shot setting, can serve as highly effective tools for
detecting contradictions in domain-specific requirements data.
The performance gap between GPT-4o and classical baselines
suggests that pre-trained general-purpose LLMs now offer
sufficient domain transferability to be valuable in practical
requirements engineering scenarios—especially when labeled
data is scarce. The superior performance of LLMs, especially
GPT-4o, in a zero-shot setting on technical German-language
requirements data is a key insight. This significantly lowers



the barrier to industrial adoption: While previous approaches
required domain adaptation or formal logic transformation
pipelines, LLMs can operate directly on natural language
requirements with minimal additional engineering effort.

Moreover, the ability to achieve high recall on the prob-
lematic pairs (either contradiction or entailment) is of prac-
tical importance. In many engineering use cases, filtering for
potential conflicts is more critical than distinguishing subtle
semantic categories. Here, GPT-4o achieved recall above 98%,
indicating strong coverage of problematic requirement pairs.

B. The Role of Syntactic Variation

A hypothesis of this work was that increased syntactic vari-
ation, introduced via targeted paraphrasing functions, would
pose a greater challenge to the NLI task. Our results consis-
tently confirm this across all models. This suggests that adding
further complication in the paraphrase stage could yield more
interesting data, since the LLMs already achieve near-ceiling
performance on examples with minimal syntactic variation.

C. Limitations

We report the following limitations:
• Data noise: Mislabeled data might lead to slight under-

estimation of model performance.
• Our paraphrasing methods, though diverse, might not

always reflect the full range of natural linguistic variation
in real-world requirements.

• While our analysis of optimized prompts showed no
evidence of overfitting to specific paraphrase patterns,
validating these findings on purely industrial, human-
annotated datasets remains necessary to fully establish
external validity. No intricate and physical constraint or
system understanding is necessary for the conflicts we
study. This is also a limit of the synthetic data approach.
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