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Abstract
Recent studies have questioned the ability of Large Language Models (LLMs) to handle logical negation. We revisit
this issue within the Natural Language Inference (NLI) task, specifically investigating whether modern LLMs can
distinguish negations that alter logical entailment (“important”) from those that do not (“unimportant”). For this
purpose, we introduce NegNLI-BR, a new benchmark dataset in Portuguese designed to exercise this distinction. We
evaluate a range of recent open-source LLMs, comparing the performance of their base and post-trained versions.
Furthermore, we employ a causal probe to measure the Average Treatment Effect of negation interventions on the
internal representations of LLMs. Our findings show that many recent LLMs, including smaller variants, perform
well on explicit negation in this controlled Portuguese NLI benchmark. The causal analysis reveals that important
negations induce a stable and significant effect on model representations, distinct from unimportant negations
or neutral filler words. We also observe that post-training generally enhances this representational sensitivity,
suggesting it refines the models’ ability to encode the logical impact of negation.
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1. Introduction

In the recent past, large neural language models
have dominated the Natural Language Process-
ing (NLP) landscape, having shown remarkable
success in many downstream tasks (Brown et al.,
2020). Until recently, however, language models
have had limited logical reasoning, an example of
which is negation. Horn (2001) analyzes the study
of negation throughout history and details its role in
semantics and pragmatics. The first application of
automating the processing of negation has report-
edly originated in the medical domain, where it is
crucial for the proper processing of clinical reports
and discharge summaries (Morante and Daele-
mans, 2012; Vincze et al., 2008). Other notable
applications include sentiment analysis (Moore and
Barnes, 2021) and information retrieval (Weller
et al., 2024).

Truong et al. (2023) found that larger models
were associated with a reduced sensitivity to nega-
tion, and the performance in Natural Language In-
ference (NLI) datasets was below random chance.
However, their study was conducted with early
Large Language Models (LLMs) such as GPT-3
and InstructGPT, and the question remains as to
whether more recent LLMs still face limitations in
dealing with negation. We investigate negation in
the context of Natural Language Inference (NLI),
as that task naturally represents logical reasoning,
where reasoning under negation is crucial. More
specifically, we aim to determine whether more re-
cent LLMs can distinguish between negations that

affect the label of a task instance and those that do
not. In particular, we are interested in examining
this phenomenon in Portuguese, which, to the best
of our knowledge, has not received attention in this
regard.

Hossain et al. (2020) made a distinction between
the negations that are important and unimportant
in the context of the NLI task: a negation is impor-
tant if, when dropped, it would change the label of
the premise-hypothesis sentence pair for an NLI
task instance, and unimportant otherwise. This
categorization of important and unimportant nega-
tions is logical and is something an intelligent sys-
tem should be able to capture, so it is naturally
something we wish our dataset to contain.

In order to conduct our investigation, we con-
structed a dataset that stresses the property of
negation, both important and unimportant, and
evaluated the performance of a range of open-
source models on it. We also investigated the
effect of post-training for the purpose of nega-
tion understanding. Post-training refers to an um-
brella of different techniques used to align mod-
els to user preferences, as well as to hone their
capabilities (Lai et al., 2025). Instruction Fine-
Tuning boosts a model’s ability to follow instruc-
tions (Chung et al., 2024). Reinforcement learning
techniques have been used to align a model with
user preferences (Ouyang et al., 2022), but with
the advent of reasoning models such as OpenAI
o1 (Jaech et al., 2024) and Deepseek R1 (Guo,
2025), attention has been drawn to reinforcement
learning as a way to imbue models with reason-
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ing abilities through what has become known as
test-time compute (Snell et al., 2024).

Another goal of this work is to investigate the
causal effect of negations on the model’s represen-
tations. If a model is capable of encoding a logical
negation in its representations, this suggests that
it has internalized the capability to reason in that
scenario.

This work aims to answer the following research
questions:

RQ1. How does post-training affect an LLM’s ability
to perform the task proposed in the dataset?

RQ2. Are important negations encoded in the repre-
sentations of LLMs?

To answer Item RQ1., we evaluated whether
post-training improves the ability of an LLM to han-
dle negation by comparing base and post-trained
models on NegNLI-BR, a dataset focused on nega-
tion that we constructed for this investigation. For
answering Item RQ2., we designed a causal probe
to verify whether LLMs encode negations that are
important for an NLI task by establishing negation
as an intervention that is carried out on a premise
in a premise-hypothesis pair. We measured the
magnitude of the effect of a negation on the rep-
resentations of LLMs and compared it against a
baseline effect of inserting a filler word. We found
that the Average Treatment Effect (ROSENBAUM
and RUBIN, 1983) of important negation is stable
for most models we tested, which suggests that
they capture this property in their representations.
We also observed that, on average, the represen-
tations of post-trained LLMs are more sensitive
to important negations than for their pre-trained
counterparts.

The contributions of this work include (i) a
dataset for negation in NLI, (ii) a study on how
post-training impacts the treatment of negation,
(iii) an investigation on how recent LLMs represent
negations, and (iv) a case study in Portuguese, a
language that, despite being widely spoken, is un-
derrepresented in terms of linguistic resources.

2. Background

The Natural Language Inference (NLI) task, which
we explore in this work, consists of establishing an
entailment relationship between two fragments of
text, a premise P and a hypothesis H. There are
three possible scenarios in this task:

1. Entailment: P |= H, or H can be logically
inferred from P .

2. Contradiction: P |= ¬H, or H contradicts P .

3. Neutral: P ̸|= H ∧ P ̸|= ¬H, no relation can
be inferred between P and H.

An example of each case can be seen in Table 1.

In the literature, NLI is also commonly referred
to as Recognizing Textual Entailment (Dagan et al.,
2005). In our work, we consider a simpler, binary
version of NLI where we are only interested in de-
termining whether a premise entails a hypothesis
or not. Real et al. (2020) use that formulation, for
example. This simplifying assumption allows us to
handle negation uniformly because, when applying
negation to a premise, the shift of its relation to the
hypothesis would depend on the previous relation
present in the premise-hypothesis pair. Consider
the following premise-hypothesis pairs in Table 2.
In this case, instead of Contradiction, we have Non-
entailment, which suffices for our goals.

Model probing, in general, is the practice of in-
vestigating whether a model encodes a property of
interest. A notable example is the work of Rogers
et al. (2020) in probing the BERT model to un-
derstand how its representations map to linguistic
phenomena. A causal probe, as defined by Amini
et al. (2023), attempts to discover the causal rela-
tionship between a property and the internal repre-
sentations of a model. Causality, for our purposes,
is expressed in the framework defined by Pearl
(2009), which is a probabilistic graphical model
expressed by causal diagrams. Within that frame-
work, probing is interested in interventions, where
a variable of interest is set to a fixed value without
altering any of the parents of the variable in the
diagram. Applying an intervention creates what is
called a counterfactual or, in other words, What
is the effect on variable Y if we change a variable
X, but keep everything else the same?. Interven-
tions can happen directly on the representations
of a model (Ravfogel et al., 2021), or at the level of
inputs (Vig et al., 2020; Amini et al., 2023), which
is what we explore in this work.

3. Related Work

Despite the rapid progress of deep neural models
for language modeling, simple distributional seman-
tics have been shown to be insufficient for captur-
ing the meaning of negation. This was found to be
true by Kassner and Schütze (2020) for Pre-trained
Language Models (PLMs) such as BERT (Devlin
et al., 2019), which uses an encoder-only trans-
former architecture, and ELMo, which is based on
a bidirectional LSTM (Peters et al., 2018). This
has also been demonstrated by citet truong-2023-
naysayers for large decoder-only transformer mod-
els (or LLMs, as they have become notoriously
known).

Kassner and Schütze (2020) demonstrated the
failure of PLMs in grasping the concept of negation
by formulating a cloze task in which the negation



1228

Premise Hypothesis Label

Uma criança alegre está brincando no parque.
(A cheerful child is playing in the park.)

Uma criança está no parque.
(A child is in the park.)

Entailment

Um indivíduo está tocando piano.
(An individual is playing the piano.)

Ninguém está tocando piano.
(No one is playing the piano.)

Contradiction

O gato está dormindo.
(The cat is sleeping.)

O gato tem pelo preto.
(The cat has black fur.)

Neutral

Table 1: Example of instances in an NLI task

Premise Hypothesis Relation

O homem está dançando.
(The man is dancing.)

O homem está fazendo uma dança.
(The man is doing a dance.)

Entailment

O homem não está dançando.
(The man is not dancing.)

O homem está fazendo uma dança.
(The man is doing a dance.)

Non-entailment

Table 2: Example of NLI instances with binary (Entailment and Non-entailment) labels.

cue not is inserted in factual sentences, thus cre-
ating positive/negative sentence pairs. They found
that the predicted filler words have a high overlap.
An example of the kinds of sentence pairs seen in
their experiment is:

Positive: The theory of relativity was developed
by [MASK].

Negative: The theory of relativity was not devel-
oped by [MASK].

Truong et al. (2023) investigated the capabilities
of LLMs with regard to negation and also found
them lacking. In addition to cloze tasks, they also
assessed lexical semantics of negation through
antonymy classification and the ability to reason
with negation in the NLI task. They found that
LLMs faced difficulties in all three scenarios. Fur-
thermore, they found that larger models were more
insensitive to negation, a finding consistent with
that of Zhang et al. (2023).

Vrabcová et al. (2025) investigated NLI in the
context of negation. They experimented with sev-
eral English datasets that they also translated into
Czech, German, and Ukrainian. They tested post-
trained variants of LLama 3 (Grattafiori et al., 2024),
Qwen 2.5 (Yang et al., 2025a), and Mistral (Mistral
AI, 2024). Their goal was to understand whether
these models are robust to negation, where ro-
bustness is defined as a measure of performance
degradation in the presence of negation. Previ-
ously, Hossain et al. (2020) also studied negation
in NLI, proposing NegNLI, a benchmark for rea-
soning under negation, in which they also found
that LLMs struggle. Our work differs in that we
aim to (i) understand how important post-training
is to that task, for which we use Portuguese, a

language from the Romance family, which was not
represented in that work, and (ii) find whether the
internal representations of LLMs encode the ability
to distinguish between negations that are neces-
sary to perform logical entailment.

4. NegNLI-BR – Dataset Construction

We constructed our dataset using instances from
Portuguese NLI datasets, namely ASSIN 2 (Real
et al., 2020) and InferBR (Bencke et al., 2024).
Examples of each dataset can be seen in Table 3.

In order to answer our research questions, we
need a dataset that fulfills a set of desiderata,
namely:

1. It should be easy to apply an intervention on
any instance in the form of a simple negation.

2. It should be simple to verify the effect of a
negation intervention on the label of an in-
stance.

3. The dataset should be robust to any shortcuts
that a model may take to correctly classify an
instance.

Since Infer-BR used the three-label variant of
NLI, we processed it to convert all instances that
are labeled as either Contradiction or Neutral into
Non-entailment. The dataset construction process
is summarized in Figure 1.

We proceeded to filter the datasets for instances
where the premise is a simple Noun Phrase + Verb
Phrase sentence, with the help of a constituent
parser (Qi et al., 2020). We removed instances
that already have a simple negation in the premise,
and then select the remaining instances that have
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Instances Labels Example

ASSIN 2 10,000 Entailment,
None

Premise: Uma criança risonha está segurando uma pis-
tola de água e sendo espirrada com água. (A cheerful
child is holding a water gun and being sprayed with water.)
Hypothesis: Uma criança está segurando uma pistola de
água. (A child is holding a water gun.)
Entailment judgment: Entailment.

InferBR 8,767 Contradiction,
Entailment,

Neutral

Premise: O homem presenteia sua esposa com um colar
de pérolas. (The man gives his wife a pearl necklace.
Hypothesis: O homem presenteia sua esposa com um
colar de pérolas no aniversário dela. The man gives his
wife a pearl necklace on her birthday.
Label: Neutral.

Table 3: A comparison of the ASSIN 2 and InferBR datasets for Natural Language Inference. Both
datasets have an even class balance, which is why we omit label distribution. Portuguese examples are
accompanied by English translations for clarity.

ASSIN 2
10k inst.

InferBR
8.7k inst.

1: Label Standardization
Entailment vs Non-entailment

2: Syntactic Filtering
Filter NP+VP, remove negations

3: Label Selection
Select Entailment instances

4: Premise Negation
Insert “não” (7,074 sent.)

5: Premise Augmentation
Concatenate w/ random premise

6: Create 3 Negation Variants
None, Unimportant ¬, Important ¬

7: Position Debiasing
Duplicate & swap order

NegNLI-BR Dataset
3 variants + hypothesis (42,444 sent.)

Figure 1: Dataset construction pipeline from
ASSIN 2 and InferBR.

the Entailment label such that when the premise
is negated, that label should flip to Non-entailment.
To negate the premises in our filtered dataset, we
used a constituent parser, inserting the Portuguese
negation adverb “não” modifying the verb in the

sentence, which works because we have filtered
them so that they are always NP + VP). At this point,
the dataset had 7,074 instances. Then, we would
like to fulfill item 3 of our desiderata, which is to
make the instances robust to shortcuts a model
could take to solve the task, such as automatically
marking an instance as Non-entailment due to the
existence of a negation cue.

We also needed to account for when a negation
is important to the outcome of the classification
of a premise-hypothesis pair. For that purpose,
we augmented each of our instances by randomly
sampling other unrelated premises from our same
dataset, connecting both premises with an additive
connector, which looks like the following:

Premise 1: Batatas estão sendo fatiadas
por um homem.
Potatoes are being sliced by a man.

Premise 2: Um caminhão está descendo
rapidamente um morro.
A truck is quickly going down a hill.

New premise: Batatas estão sendo fa-
tiadas por um homem, e um caminhão
está descendo rapidamente um morro.
Potatoes are being sliced by a man, and
a truck is quickly going down a hill.

The resulting augmentation is intentionally syn-
thetic and may yield sentences with low discourse
coherence, such as the one in the example. There-
fore, the evidence we obtain reflects primarily inter-
nal validity within a controlled setting.

At the same time, this construction enables us
to create minimal interventions by adding impor-
tant and unimportant negations to each of our
instances: a negation is important when added to
the original premise and unimportant when added
to the sampled premise.
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Category Number of sentences

Without negation 14,148
With important negation 14,148
With unimportant negation 14,148

Total 42,444

Table 4: Distribution of sentences across negation
categories in the dataset.

We would also like to ensure that the dataset is
robust against position bias, so we included each
instance twice, with the order of premises swapped.
This doubles the number of instances to 14,148.
An example row of our dataset can be seen in Ta-
ble 5, and the sentence counts across negation cat-
egories can be found in Table 4. The NegNLI-BR
dataset is available at https://huggingface.co/
datasets/hapaxlegomenon/NegNLI-BR. Likewise,
our research code is published on Github1.

5. Materials and Methods

We conducted our experiments on a collection of
open-source models, namely Qwen3 (Yang et al.,
2025b), OLMo 2 (OLMo et al., 2024), and Gemma
3 (Kamath et al., 2025). We also experimented
with Tucano (Corrêa et al., 2024), an LLM trained
exclusively in Portuguese. For each model, the
tests were conducted with both its pre-trained and
post-trained versions to understand the role of in-
struction fine-tuning in the performance of a model.

In order to verify whether the models can infer
if there is entailment between a premise and a
hypothesis, we formulate the task as a two-shot
prompt, shown in Figure 2. The translation into
English, shown in blue, is not part of the prompt; it
is included only for clarity.

5.1. RQ1 - Model performance

To answer RQ1 How does post-training affect an
LLM’s ability to perform the task proposed in the
dataset?, we measured the prediction accuracy
of each model in our dataset for each version of
our instances: without negation, with an important
negation, and with an unimportant negation. In or-
der to obtain the predictions, we use greedy decod-
ing to obtain the most likely token after the prompt.
We report the harmonic mean of the accuracy val-
ues to heavily penalize models that underperform
on any version of the task.

Our results in Table 6 show that about half (8
out of 13) of the tested LLMs are capable of un-
derstanding the role of an important negation in
the NLI task in their pre-trained variants, showing

1https://github.com/mwesthelle/negnli-br

results above a random baseline for the harmonic
mean of all variants of the task. The base versions
of Olmo 2.1 B and Tucano 2.4 B show very poor
performance on important negations, indicating
that these models struggle with negation. Olmo 2
13B appears to show excellent performance on the
versions without negation and with a unimportant
negation, but fails on important negations, which
essentially means that it guesses “yes” for all or
most instances most of the time, a behavior that
the harmonic mean duly penalizes.

Post-training shows a considerable effect on im-
portant negation for the smaller variants of the
tested LLMs. Interestingly, in the case of Qwen3
1.7B, the performance is considerably worsened
(−37.2%), but the other small models benefit from
it: +37.2% for Olmo 2, +14.3% for Tucano 2B4
(from 0.002%, a very large relative increase), and
most impressively +80.7% from 0% in the case
of Gemma 2. In contrast, post-training has a rel-
atively small effect on the larger model variants.
This is a more nuanced perspective on the findings
of Truong et al. (2023), who found that instruction
fine-tuning strictly improves reasoning under nega-
tion for classification tasks.

5.2. RQ2 - Causal probe

We framed important and unimportant negations
as interventions that are applied on a premise. To
have a baseline of comparison, we created ver-
sions of our premise instances where the impor-
tant and unimportant negations are respectively
replaced by a filler word that has no impact on the
label of the premise-hypothesis pair. We obtained
the representations from the last hidden layer of the
model, at the last token of each instance, before
the prediction. From the model representations
of each version of our premise-hypothesis pairs,
we compute Individual Treatment Effects (ITEs),
or the difference between the representations of a
premise-hypothesis pair and the representations
of that pair when an intervention is applied.

The following is a causal diagram (Pearl, 2009)
that describes our probe:

p1 p2 h

R

L

https://huggingface.co/datasets/hapaxlegomenon/NegNLI-BR
https://huggingface.co/datasets/hapaxlegomenon/NegNLI-BR
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Premise
without

negation

Premise with
unimportant

negation

Premise with
important
negation

Hypothesis

Uma mulher está pin-
tando um quadro em seu
estúdio, e uma colcha
rosa com estampa floral
cobre a cama de casal.
(A woman is painting a
picture in her studio, and
a pink floral bedspread
covers the double bed.)

Uma mulher não está pin-
tando um quadro em seu
estúdio, e uma colcha
rosa com estampa floral
cobre a cama de casal.
(A woman is not paint-
ing a picture in her stu-
dio, and a pink floral bed-
spread covers the double
bed.)

Uma mulher está pin-
tando um quadro em seu
estúdio, e uma colcha
rosa com estampa floral
não cobre a cama de
casal.
(A woman is painting a
picture in her studio, and
a pink floral bedspread
does not cover the dou-
ble bed.)

A cama de casal está
revestida com uma
colcha de cor rosa e com
flores estampadas.
(The double bed is
covered with a pink
bedspread with floral
patterns.)

Table 5: NegNLI-BR example row with English translations.

Prompt

Premissa: Sócrates é homem e todo homem é mortal. (Premise: Socrates is a man and every man is
mortal.)
Hipótese: Sócrates é mortal. (Hypothesis: Socrates is mortal.)
A premissa implica a hipótese (Sim/Não)? Sim (Does the premise entail the hypothesis (Yes/No)?
Yes)

Premissa: Pedro tem dois irmãos. (Premise: Peter has two siblings.)
Hipótese: Pedro é alto. (Hypothesis: Peter is tall.)
A premissa implica a hipótese (Sim/Não)? Não (Does the premise entail the hypothesis (Yes/No)? No)

Premissa: $premise
Hipótese: $hypothesis
A premissa implica a hipótese (Sim/Não)? (Does the premise entail the hypothesis (Yes/No)?)

Figure 2: Two-shot prompt used in NegNLI-BR; blue glosses are explanatory only.

where p1 and p2 are the coordinate clauses in the
premise, h is the hypothesis, R is the internal rep-
resentation of the last token of the task instance
before the label, and L is the label itself.

Our interventions were applied on p1 or p2, de-
pending on the position of the negation, as de-
scribed in Section 4. There are four kinds of inter-
ventions: important negation, unimportant nega-
tion, important filler (when a filler word takes the
place of an important negation), and unimportant
filler (when a filler word takes the place of an unim-
portant negation). The former two are necessary
for us to obtain baselines of comparison, namely
the difference in the representations of a model
when we insert a filler word or when we insert a
negation cue.

Our choice of filler word is non-trivial, as we need
to account for the effect of changing the length of
a sequence of tokens. As such, the chosen filler
word must be the same length in tokens as the
negation cue “não” for all tokenizers of the chosen
models. For this purpose, the Portuguese word
“pois” fulfills those requirements.

Formally, the Average Treatment Effect (ATE)

is defined as the expected difference between
two treatments (Rosenbaum and Rubin, 1983), as
shown in Eq. 1

ATE = E[R(fneg(X))]− E[R(ffiller(X))] (1)

where R is a variable that stands for the repre-
sentations of the model, X is our dataset, fneg
is an intervention that adds a negation cue to the
instances in the dataset, and ffiller is a baseline in-
tervention that adds the filler word to the instances
in the dataset.

As in Amini et al. (2023), our experimental de-
sign naturally allows us to compute an approxima-
tion of the ATE using a paired estimator, where a
pair is given by the same instance affected by our
two interventions (2). We compute 95% confidence
intervals for the ATE values by bootstrapping.

ÂTE =
1

N

N∑
i=1

R(fneg(X))−R(ffiller(X)) (2)
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Model No negation Important negation Unimportant negation Harmonic mean

Base Post-trained Base Post-trained Base Post-trained Base Post-trained

Qwen
Qwen 3 1.7B 0.910 0.944 0.880 0.508 0.880 0.945 0.890 0.734
Qwen 3 8B 0.943 0.956 0.962 0.926 0.899 0.946 0.934 0.943
Qwen 3 14B 0.979 0.979 0.930 0.823 0.980 0.980 0.962 0.921
Qwen 3 30B A3B 0.977 0.989 0.914 0.862 0.978 0.987 0.955 0.942

OLMo
OLMo 2 0425 1B 0.930 0.629 0.031 0.403 0.964 0.607 0.087 0.524
OLMo 2 1124 7B 0.047 0.587 0.999 0.892 0.032 0.326 0.056 0.509
OLMo 2 1124 13B 1.000 0.999 0.002 0.002 1.000 1.000 0.006 0.006
OLMo 2 0325 32B 0.971 0.927 0.484 0.783 0.978 0.937 0.729 0.876

Tucano
Tucano 2B4 0.998 0.931 0.002 0.145 0.999 0.884 0.006 0.329

Gemma
Gemma 3 1B 0.983 0.625 0.000 0.807 0.990 0.452 0.000 0.594
Gemma 3 4B 0.761 0.938 0.950 0.752 0.596 0.965 0.742 0.874
Gemma 3 12B 0.987 0.960 0.609 0.934 0.997 0.972 0.820 0.955
Gemma 3 27B 0.984 0.971 0.935 0.968 0.983 0.975 0.967 0.971

Table 6: Accuracy of base and post-trained models on NegNLI-BR.

Figure 3: ATE for important negation in base (top)
and post-trained (bottom) models.

The pre-trained Qwen 3 models showed less
sensitivity to important negation the larger the
model (Figure 3), considering that the 30B A3B
variant is a Mixture-of-Experts model that has only
3B parameters active during inference (Yang et al.,
2025b). Most models show a marked increase in
sensitivity to important negation after post-training.
An interesting exception is OLMo 2 7B, for which
the effect does not change much. The pre-trained

Figure 4: ATE for unimportant negation in base
(top) and post-trained (bottom) models.

version of this model has an issue where it guessed
“no” most of the time, showing very low perfor-
mance in the No negation version of the task.
This has a marked improvement of 54% with post-
training, although performance actually worsens
by 10.7% on the Important negation task. We also
note that our estimates were, for the most part, very
stable, which indicates that the models interpret
important negation in a very specific and almost
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deterministic way.
Unimportant negations, on the other hand, pre-

sented unstable estimates on the pre-trained mod-
els Figure 4, and much lower values than important
negations, which points to the fact that the negation
cue in an irrelevant position is interpreted as noise
by the LLMs. After post-training, LLMs become
more sensitive to important negations, indicating
a more general behavior of post-trained models.
It is essential to note that, although there is an
increased sensitivity, the values are either signifi-
cantly lower than in the case of important negation
or much noisier, as is the case for Gemma 3B IT.

6. Conclusion

This work focused on determining whether LLMs
can distinguish between negations that affect the
label of an instance and those that do not. The
first step was to create NegNLI-BR, a dataset to
evaluate the capabilities of models on identifying
simple negations for the NLI task. NegNLI-BR is in
Portuguese and was derived from two existing NLI
datasets (ASSIN 2 and InferBR). We then set up a
two-shot prompt to steer models toward providing
appropriate completions for the NLI task, given the
instances in our dataset. Our results were evalu-
ated in two dimensions: First, we verified the ability
of the chosen models to perform the proposed task
by measuring the accuracy they obtained on three
categories (“No negation”, “Important negation”,
and “Unimportant negation”). Second, we probed
the representations of the models to check whether
negation has a significant impact on them.

Our findings suggest that LLMs can handle
explicit clause-level negation in Portuguese NLI.
Many of them are capable of extracting the under-
lying logical meaning of a negation cue in relation
to the context in which they exist. Furthermore,
LLMs are capable of precisely encoding whether
a negation cue is important for an NLI task and
when it is not, and this effect is more noticeable for
smaller models. In addition, this capability arises
even on models that are very small for the current
standards, suggesting that the refinement of train-
ing techniques and amount of training data play a
much more important role in negation understand-
ing than model size. For future work, we intend
to investigate exactly what that role is, or in other
words, what is the training regimen required for the
emergence of negation understanding.

Ethics

Our dataset, NegNLI-BR, carries over the same
ethical considerations of InferBR (Bencke et al.,
2024), which contains instances automatically gen-
erated with GPT-4 (OpenAI et al., 2024), poten-

tially reflecting societal biases in its closed training
data. The other dataset it is derived from, ASSIN
2, comes from image captions that, to the best of
our knowledge, do not carry any significant ethical
considerations.

Limitations

Our work is limited to a controlled binary version
of NLI in the Portuguese language. We also limit
our scope to simple negation with não ("not") and
do not explore other negation cues, or even more
complex forms of negation, such as morpholog-
ical negation through the use of affixes, lexical
negation, and antonymy. The synthetic nature
of our dataset, where we concatenate the origi-
nal premise with a randomly sampled unrelated
premise, isolates whether negation impacts entail-
ment, but can also produce sentences that are not
reflective of naturalistic discourse.
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