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Abstract

Negation plays a fundamental role in human
communication and logical reasoning, yet it
remains underrepresented in natural language
inference (NLI) datasets. This work inves-
tigates the impact of targeted data augmen-
tation using negation cues on the main NLI
datasets for Portuguese (INFERBR, ASSIN,
and ASSIN 2). By synthetically generating
new instances with negated hypotheses, we cre-
ate more diverse training and test sets. A BERT-
based model was fine-tuned and tested on the
combined datasets and augmented data. The
results show that the model was heavily influ-
enced by the bias in the use of negation, and
increased data diversity improves the model’s
handling of negation.

1 Introduction

Negations are a key linguistic phenomenon that
allows speakers to describe properties that people
or things do not hold or events that do not hap-
pen (Jiménez-Zafra et al., 2020). However, despite
its ubiquity, negation remains underrepresented in
the training data available for various language
tasks. Negation has been shown to be challenging
even for humans to correctly interpret objectively
due to the diversity of forms across fields (Truong
et al., 2022) and in combination with other linguis-
tic phenomena. For instance, complex expressions
such as gradable adjectives (e.g., not uncommon
does not imply common) and downward entailment
("A man owns a dog" entails "A man owns an an-
imal" but "A man does not own a dog" does not
entail "A man does not own an animal") can be
harder to detect and reason.

Natural language inference (NLI) is the task
of determining the logical relationship between
a premise and a hypothesis. In this context, the
ability to correctly interpret negated statements is
not only desirable but necessary. Previous stud-
ies (Hossain et al., 2020) have shown that even
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large pre-trained language models often misclas-
sify negated inputs, especially when such patterns
are underrepresented in the training data. However,
the vast majority of research and resources for this
task are concentrated in English. Since linguis-
tic phenomena like negation are language-specific,
findings from English cannot be directly general-
ized, highlighting the critical need for dedicated
benchmarks and studies in other languages, such
as Portuguese.

Constructing new NLI datasets to capture spe-
cific linguistic properties is often a complex
task (Sadat and Caragea, 2022). Consequently, re-
search that reduces dependence on costly manual
annotation for training NLI models has become es-
sential. Data augmentation is a decisive technique
for developing robust benchmarks, as it addresses
the problem of data scarcity for specific linguistic
phenomena. For negation, this means strategically
generating new, varied synthetic instances. By en-
riching the training distribution with such curated
examples, models can learn to distinguish mean-
ingful logical relationships from superficial cues,
thereby improving their capacity to represent and
reason with negation.

This work addresses the impact of targeted
data augmentation using negation cues in the con-
text of three large-scale NLI datasets for Por-
tuguese, namely INFERBR (Bencke et al., 2024),
ASSIN (Fonseca et al., 2016), and ASSIN 2 (Real
et al., 2020). We generated synthetic hypothesis
statements through controlled negation, producing
additional training and test instances with diverse
semantic relationships. The augmentation process
was guided by large language models (LLMs),
which helped construct meaningful negated vari-
ants that preserve fluency and contextual relevance.
The result is a more robust dataset that challenges
the ability of the models to distinguish fine-grained
logical relations.

To evaluate the effects of the augmentation,
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we fine-tuned the Portuguese BERT-based model
BERTimbau (Souza et al., 2020) on the original
instances of the combined datasets and on our new
negated augmented ones !, comparing the perfor-
mance in the face of different types of negation.
Our experiments revealed that model predictions
are significantly affected by the presence of nega-
tion, particularly syntactic ones. The model trained
on the augmented dataset was able to maintain the
performance achieved by the one trained only on
original data while also improving its reasoning of
entailment instances in the presence of negation
cues. These findings emphasize the importance of
incorporating negation diversity into NLI bench-
marks and expanding it to languages other than
English, as negation is a language-dependent phe-
nomenon.

The contributions of this paper are (z) a study of
the impact of negation in Portuguese NLI, (i7) a
manually curated NLI dataset created by augment-
ing existing resources to produce a more balanced
representation of negation, (z¢¢) an NLI model ca-
pable of making more accurate inferences in the
presence of negation. By demonstrating both the
benefits and limits of negation-based augmentation,
this study contributes insights into dataset construc-
tion and model evaluation strategies for semantic
reasoning tasks in Portuguese.

2 Background and Related Work

Natural Language Inference (NLI), also known
as recognizing textual entailment (RTE), consists
of inferring from a premise whether a given hypoth-
esis is considered to be true. It can be presented as
a binary classification problem, considering the la-
bels entailment and not entailment, but many NLI
datasets, such as Stanford Natural Language In-
ference (Bowman et al., 2015), are labeled with
three classes (entailment, contradiction, and neu-
tral). Taking the premise All fifteen guests were in
the kitchen as an example, it entails the hypothesis
There were no guests in the bedroom, contradicts
The house was empty, and is neutral towards It was
a sunny day.

Many downstream NLP tasks benefit from NLI
mechanisms, such as information retrieval (Dai
et al., 2024), question answering (Yao and Bar-
bosa, 2024), and text summarization (Maynez et al.,

'All augmented instances, along with a compilation of
found negation cues, dataset distributions, and other resources,
can be found in the project repository https://github.com/
cixcore/neg-nli

2020; Sridhar and Visser, 2023). Widely adopted
benchmarks include the Stanford Natural Language
Inference (SNLI) corpus (Bowman et al., 2015)
and the Multi-Genre Natural Language Inference
(MNLI) dataset (Williams et al., 2018), which of-
fer large-scale entailment, contradiction, and neu-
tral labeled pairs in English. For Portuguese, the
ASSIN datasets (Fonseca et al., 2016; Real et al.,
2020) provide natural inference pairs annotated
for both semantic similarity and entailment, while
INFERBR (Bencke et al., 2024) introduces a large-
scale machine-generated with verification NLI re-
source.

Data Augmentation is a technique used to increase
the diversity and volume of training data without
the need for additional manual annotation (Feng
et al., 2021; Chen et al., 2023; Bencke and Mor-
eira, 2024). Augmentation helps mitigate overfit-
ting, improves generalization to unseen data, and
is particularly valuable in low-resource scenarios
or when datasets are imbalanced across classes.
The emergence of large language models (LLMs)
such as GPT-4 (OpenAl et al., 2024) has signifi-
cantly advanced the capabilities of data augmenta-
tion. GPT-4 can generate contextually appropriate
and grammatically correct variations of existing
sentences, introducing specific linguistic features
with high fluency. Through the OpenAl API, users
can programmatically submit prompts and retrieve
model-generated outputs at scale.

Negation Representation. Despite its pervasive-
ness, negation remains a challenging and underrep-
resented aspect in many NLP benchmarks. A sur-
vey of corpora annotated with negation highlights
the diversity of negation types and the challenges
in consistently capturing them across languages
and tasks (Jiménez-Zafra et al., 2020), which di-
rectly impact the performance of language under-
standing systems, particularly in tasks that require
nuanced reasoning. Analyses of NLI datasets re-
veal that negation is not only underrepresented, but
also often not sufficiently varied, leading to poor
generalization by models when faced with negated
inputs (Hossain et al., 2020). This shortcoming
is further demonstrated by evaluations showing
that LLMs often misinterpret or ignore negation
in benchmark tests (Truong et al., 2023). The
problem is not limited to text-based models: in
the multi-modal domain, vision-language systems
also benefit from explicit negation learning. Re-
cent approaches use LLMs to generate synthetic,
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negation-rich image-text pairs (Singh et al., 2024;
Alhamoud et al., 2025). These instances highlight
common failures in handling negated content, and
when incorporated into training, significantly en-
hance model sensitivity to negation and robustness
in reasoning tasks.

NLI for Portuguese. Despite its key role in natu-
ral language understanding, most NLI benchmarks
are centered on the English language. For Por-
tuguese, the ASSIN (Fonseca et al., 2016) dataset
was the first large-scale NLI resource, providing
sentence pairs extracted from news articles written
in European and Brazilian Portuguese and anno-
tated both with similarity scores and with entail-
ment, paraphrase, or neutral labels. Expanding on
the task, ASSIN 2 (Real et al., 2020) introduced
a benchmark built upon SICK-BR (Real et al.,
2018). While SICK-BR is a translated adaptation
of the English SICK corpus (Marelli et al., 2014),
ASSIN 2 extended this foundation by focusing on
data balancing to address potential class distribu-
tion biases and create a more reliable evaluation
resource for Portuguese NLI. Lastly, addressing
the problems of syntactic variation and inference
complexity of the previous contributions, the IN-
FERBR dataset (Bencke et al., 2024) provided a
large-scale, manually curated benchmark specifi-
cally for Brazilian Portuguese. To construct the
dataset, the authors used LLMs to generate diverse
and semantically rich hypotheses, which were then
curated to ensure linguistic naturalness, unambigu-
ity, and label reliability. An inter-dataset evaluation
showed that models trained on ASSIN or SICK-
BR performed significantly worse when evaluated
on INFERBR, indicating poor generalization. This
finding highlights the unique challenges posed by
INFERBR and reinforces the need for more compre-
hensive and varied NLI datasets in Portuguese to
support the development of robust inference mod-
els.

NLI datasets that are currently available exhibit
significant bias due to insufficient negated data and
unbalanced representation. In this work, we aim
to assess model sensitivity to negation cues in Por-
tuguese and introduce a data augmentation frame-
work that explicitly generates negated examples
on underrepresented scenarios. Our approach pro-
vides a clear path to more robust and generalizable
Portuguese language models, mitigating negation-
related bias.

3 Negation representation in Portuguese

In this section, we cover the datasets used and
their normalization; our approach to negation cue
identification through manual curation and semi-
automated analysis; and negation distribution re-
sults showing hypothesis negations strongly used
to represent "not entailment” instances.

3.1 Datasets

The Portuguese NLI resources picked for negation
analysis were the ASSIN (Fonseca et al., 2016),
ASSIN 2 (Real et al., 2020) (which contains SICK-
BR), and INFERBR (Bencke et al., 2024) datasets.
Both ASSIN and ASSIN 2 datasets do not dis-
tinguish between neutral and contradiction rela-
tionships, so INFERBR was normalized by map-
ping neutral and contradiction labels as not entail-
ment. ASSIN also has a paraphrase label that was
mapped as entailment. This process resulted in a
combined binary dataset unbalanced towards not
entailment relationships, as shown in Table 1. We
will refer to the original combined training and test
sets as train and test respectively, and the sub-
set of instances from test containing any type of
negation on the hypothesis as test Neg.

Dataset Not entailment Entailment Sum
ASSIN 7316 (73.1%) | 2684 (26.8%) | 10000 (33.0%)
ASSIN 2 4724 (50.0%) | 4724 (50.0%) | 9448 (31.2%)
INFERBR 7202 (66.6%) | 3601 (33.3%) | 10803 (35.7%)
Total 19242 (63.6%) | 11009 (36.3%) 30251

Table 1: Distribution of instances per label after com-
bining all datasets

3.2 Negation Cues

To establish the foundation of our negation analy-
sis, we compiled a non-exhaustive list of common
Portuguese negation markers. Previous work on
negation annotation highlighted three types of nega-
tion cues (Jiménez-Zafra et al., 2020): syntactic,
which involve independent grammatical markers
like ndo (no/not) or nunca (never); lexical, where
the negation is embedded in the meaning of the
expression itself, such as negar (to deny), evitar (to
avoid) or privar de (deprive of); and morpholog-
ical, where negation is expressed through a mor-
pheme, notably prefixes in Portuguese, e.g., in- in
incoerente (incoherent), des- in desfazer (undo).
The candidates for syntactic and lexical cues
were manually proposed and curated, removing
expressions that caused disagreement between the
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annotators. Morphological expressions followed a
semi-automated process based on Portuguese nega-
tion prefixes (e.g., a-, des-, dis-, i-). For each prefix,
we identified words that, if removed, would result
in another valid word. However, there are cases
where that is undesirable, for instance, in the word
“incenso" ("incense"), where removing the "in-"
prefix would result in "censo" ("census"), a differ-
ent lexeme altogether; to avoid this, we filtered
words using an LLM, keeping only cases where
adding a prefix genuinely results in a morphologi-
cally derived word. All cues were then lemmatized,
except for lexical negation expressions that were
considered as-is. The result was a list with 2059
categorized negation cues. A sample is presented
in Table 2, and the complete set of instances is
available in our repository.

Token Type Lemma
exceto (except) Syntactic exceto
salvo (saved) Syntactic salvo
ndo (no) Syntactic nio
nenhum (none) Syntactic nenhum
ninguém (nobody) Syntactic ninguém
nunca (never) Syntactic nunca
Jjamais (never) Syntactic jamais
nada (nothing) Syntactic nada
sem (without) Syntactic sem
sequer (not even) Syntactic sequer
nem (nor) Syntactic nem
tampouco (neither) Syntactic tampouco
falta de (lack of) Lexical EXPRESSION
de modo algum (in no way) Lexical EXPRESSION
sem chance (no chance) Lexical EXPRESSION
de maneira nenhuma (no way) Lexical EXPRESSION
de forma alguma (in no way) Lexical EXPRESSION
privado de (deprived of) Lexical EXPRESSION
evitar (avoid) Lexical evitar
auséncia (absence) Lexical auséncia
ausente (absent) Lexical ausente
cessar (cease) Lexical cessar
negar (to deny) Lexical negar
recusar (refuse) Lexical recusar
rejeitar (reject) Lexical rejeitar
opor (oppose) Lexical opor
resistir (resist) Lexical resistir
parar (to stop) Lexical parar
excluir (delete) Lexical excluir
proibir (prohibit) Lexical proibir
desinteressado (disinterested) | Morphological | desinteressar
desinteressante (uninteresting) | Morphological | desinteressante
desinteressar (disinterest) Morphological | desinteressar

Table 2: Sample of negation cues categorized by type.

3.3 Negation Distribution

To understand how negation is represented in all
three datasets, all instances were lemmatized and
searched for the lemmas extracted as described
in Section 3.2, with lexical expressions searched
separately without lemmatization. Each dataset in-

dividually contains roughly 20% of instances with
negation in either the premise or hypothesis.

A significant bias is evident: when negation ap-
pears in a hypothesis, it strongly predicts a con-
tradiction or non-entailment label. For most cues,
this association exceeds 76.37%, the lowest rate,
found in the ASSIN training set and higher than
the dataset’s inherent class imbalance. This reflects
a known phenomenon in NLI datasets, where nega-
tion is frequently introduced to obtain contradic-
tions (Gururangan et al., 2018). After combining
all datasets, 84.37% of train and 81.76% of test
instances with some form of negation in the hy-
pothesis are classified as not entailment, and the
most present type is syntactic negations, as shown
in Tables 3 and 4.

train test
% Instances with Negation | 20.80 | 20.86
% Premises with Negation
Total 10.30 | 11.49
Entailment 23.61 | 2291
Not entailment 76.39 | 77.09
% Hypotheses with Negation
Total 12.90 | 12.49
Entailment 15.63 | 18.24
Not entailment 84.37 | 81.76

Table 3: Distribution of negation cues in train and test
splits of all datasets combined

Type Count | Entailment | Not entailment
Lexical 142 21.8% 78.17%
Morphological 354 27.6% 72.32%
Syntactic 4061 12.6% 87.3%
Total 4557 | 643 (14.1%) | 3914 (85.9%)

Table 4: Negation types distribution in the combined
dataset

4 Generating Negated Hypotheses

Figure 1 outlines the augmentation process, which
is described as follows.

1. Filter instances without negation cues. The
collection of negation cues mentioned in Sec-
tion 3.2 was used to filter instances that had
no negation present in their hypotheses. We
specifically picked hypotheses on the basis
that the nature of negations is to represent the
absence of concepts, and a negated premise
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Figure 1: Augmentation pipeline

had a tendency to generate less intuitive rela-
tionships, while a negated hypothesis would
have an easier context to reason. We also se-
lected only instances labeled not entailment,
taking into consideration that the label was
overrepresented and our goal was to increase
the presence of entailment (which is presum-
ably the negation of a not entailment).

. Sentence negation and automatic correc-
tion. We used GPT-40 to propose instances
negating the hypotheses. The original train-
ing instances generated augmented training
instances, and the test instances were likewise
augmented, to avoid train-test contamination.
Each negation type had a different generation
approach:

* Lexical negations were obtained straight
from the candidates list, where each
expression was used to generate 20
premise-hypothesis pairs from scratch
varying nominal and verbal inflection.
An example result of this approach
would be: premise: "O professor deixou
claro que colar na prova resulta em ex-
pulsdo" ("The teacher made it clear that
cheating on the exam results in expul-
sion"); hypothesis: Colar é de modo al-
gum tolerado ("Cheating in the exam is
by no means tolerated").

* Morphological negations used a hybrid
approach, where most instances were
generated from scratch, similarly to the
lexical procedure, and the rest used a
sample from each dataset that contained
any of the morphological candidates
without a prefix. The sub-word was
then negated by adding a negation pre-
fix; however, this did not produce high-
quality results, as the negation of the
word did not consistently match its con-
text. For instance, the morphological

3.

negation of the sentence "Uma menina
estd usando uma faca para cortar o
bolo" (A girl is using a knife to cut the
cake) would be "Uma menina estd desu-
sando uma faca para cortar o bolo", (A
girl is unusing a knife to cut the cake),
which does not make sense. The in-
stances that produced sound sentences
were combined with the ones that fol-
lowed the lexical procedure.

* Syntactic negations were generated using
a three-step procedure. First, a syntactic
cue was applied to 300 original instances
sampled from each dataset split, totaling
1800 instances (900 for training and 900
for testing). Then, the instances were re-
vised to ensure they adhered to the entail-
ment relationship (i.e., replacing a word
with its antonym, changing an object for
one not mentioned in the premise, adding
existence quantifiers, efc.). Finally, we
executed an automatic correction step to
improve instances with incorrect labels
or confusing sentences.

Manual verification. The quality and correct-
ness of the augmented instances underwent
human validation. Instances with incorrect
labels, confusing sentences, or without an ef-
fectively introduced negation were discarded.
We also discarded instances in which the hy-
pothesis was an exact copy of the premise or
leaked the reasoning of the LLM (e.g., "The
ball was blue" negation turning up as "It can
not be inferred from the premise that the ball
was blue").

By the end of the process, we were left with
794 synthetic test instances and 795 training in-
stances. The synthetic instances are concatenated
to the original sets train and test, producing the
new augmented datasets trainAug and test Aug.
Table 5 presents the total of each augmented type.
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The original distribution of negation cues is concen-
trated on syntactic negations, so the augmentation
process focused on that type.

The manual revision process excluded over a
third of each syntactic set. The not entailment rela-
tions were frequently too neutral, holding informa-
tion that was hard for the LLM to manipulate into
a negated entailment, like a hypothesis with almost
no relation to the premise or with information that
was not mentioned, and even different narrative
forms between premise and hypothesis.

Type Train | Test
Lexical 180 | 180
Morphological 56 | 31
Syntactic 559 | 584
Total 795 | 794

Table 5: Augmented instances by negation type for
combined train and test sets

5 Experimental Evaluation

This section evaluates whether targeted data aug-
mentation for unbalanced negation representa-
tion can mitigate negation-related bias in Por-
tuguese NLI datasets. Using a fine-tuned BERT-
based model on original (train) and augmented
(trainAug) training sets, we measure robustness
across test sets with varying negation distributions
(test, test Aug, test Neg).

We reproduced the evaluation performed on IN-
FERBR by fine-tuning the BERTimbau (Souza
et al.,, 2020) model on our two training sets,
train and trainAug. The same hyperparame-
ters were used for both training sets, namely eight
epochs using early stopping criteria, learning rate
of 3e-05, a dropout of 0.1, and the AdamW opti-
mizer (Loshchilov and Hutter, 2019).

Dataset | test | testAug
Fy Fy
train 0.93 0.88
trainAug | 0.93 0.92

Table 6: Weighted F1-score by training and test sets

While all models achieved accuracy above 90%
on dataset test, the model trained only on the orig-
inal set train suffered a significant drop in perfor-
mance when tested on dataset test Aug, despite the
limited number of new instances. The data bias to-
ward over-representing negation in not entailment
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train
trainAug

0.4
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0.0

not entailment entailment
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(a) with negation
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0.8

0.6

Hit-rate

Dataset
train
trainAug

0.4
0.2

0.0

not entailment entailment

Label

(b) without negation

Figure 2: Hit-rate by presence of negation on train
predicting test Aug

led to its adoption of this label as a shortcut in
the presence of negation cues, regardless of the
true meaning of the sentence. This yielded a very
low score when entailment was the target label as
presented in Figure 2.

The model trained on trainAug was able to al-
most maintain the performance achieved on test
for test Aug, showing that the diversity introduced
by the synthetic data improved the comprehension
of negation, despite only representing 4% of the to-
tal training set (Table 6). Detailed confusion matri-
ces are shown in Figures 3 and 4. When evaluating
the models on the test N eg subset, the performance
achieved by train was superior overall. However,
a considerably higher recall was demonstrated by
test Aug, as shown in Figure 5. It highlights how
test Aug was able to generalize negated instances
and not predict not entailment as a shortcut, despite
suffering penalties from dataset unbalancing.

Syntactic negations were the most affected,
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which was somewhat expected considering they
had the greatest unbalancing in distribution, and
also had the most instances synthetically generated.
For instance, after being exposed to the augmented
data, the model was able to predict correctly that
the premise "Uma mulher estd pondo de lado um

limdo" ("A woman is putting a lime aside") entails
the hypothesis "Uma mulher ndo estd espremendo
um limdo" ("A woman is not squeezing a lime").
However, Figure 6 also shows a notable improve-
ment for morphological negations, with trainAug
being able to predict all the new test instances cor-
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rectly for that category.

From a total of 89 augmented test instances that
both train and train Aug trained models predicted
wrong, 53 (59%) were generated from ASSIN.
This could be because instances from ASSIN
tended to have longer sentences with more complex
contexts, for example, the pair "O Arsenal é uma
das duas equipas que conseguiu derrotar o Leices-
ter estd temporada na Premier League (2-5)." [sic]
("Arsenal is one of only two teams that managed
to beat Leicester this season in the Premier League
(2-5).") entailing "Com este resultado, o Leicester
ndo foi capaz de derrotar o Arsenal." ( "With this
result, Leicester were unable to defeat Arsenal.").

6 Conclusion

This work investigated the role of negation in natu-
ral language inference for Portuguese by apply-
ing targeted data augmentation to the ASSIN,
ASSIN 2, and INFERBR datasets. We used a large

language model to synthetically generate negated
instances for three negation types classified as the
under-represented entailment class. Our experi-
ments demonstrated that models trained only on
the combined original dataset exhibited significant
performance drops when evaluated on test sets en-
riched with negation. This suggests a strong re-
liance on shallow lexical cues, particularly associ-
ating negation with not entailment, regardless of
semantic context. Introducing synthetic negated
examples enhanced the models’ ability to general-
ize, resulting in more accurate predictions in the
presence of negation, even with limited augmented
data available.

Future work will explore a more robust augmen-
tation process for generating instances with dif-
ferent negation types, rather than focusing solely
on syntactic negations. Most Portuguese NLI re-
sources provide only binary (entailment / not en-
tailment) instances. Among the datasets used, IN-
FERBR was the only one that distinguished be-
tween neutral and contradiction relations. This
distinction was collapsed during preprocessing to
ensure a uniform data augmentation and evaluation
methodology could be applied across all datasets.
A clear improvement would be to tailor the aug-
mentation methods to preserve and leverage this
ternary classification, preventing the loss of nu-
anced information. Another direction involves
probing negation importance, i.e., whether nega-
tion meaningfully changes the value of a statement.
There are also other challenges associated with
negation and NLI that require investigation, such
as quantification (e.g., "not all," "almost no"), hedg-
ing ("unlikely," "doubtful"), lexical relations (mor-
phological negation, antonymy), and downward-
entailment.
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