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Abstract. In most Slavic languages, the negation is expressed by short
“ne” tokens that do not affect discrete change in the meaning learned
distributionally by language models. It manifests in many problems, such
as Natural Language Inference (NLI).

We have created a new dataset from CsFEVER, the Czech factuality
dataset, by extending it with negated versions of hypotheses present in the
dataset. We used this new dataset to evaluate publicly available language
models and study the impact of negation on the NLI problems.

We have confirmed that compositionally computed representation of nega-
tion in transformers causes misunderstanding problems in Slavic lan-
guages such as Czech: The reasoning is flawed more often when the infor-
mation is expressed using negation than when it is expressed positively
without it.

Our findings highlight the limitations of current transformer models in
handling negation cues in Czech, emphasizing the need for further im-
provements to enhance language models” understanding of Slavic lan-
guages.
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“Negation is the mind’s first freedom, yet a negative habit is fruitful only so long as we
exert ourselves to overcome it, adapt it to our needs; once acquired it can imprison us.”
Emil Cioran [1, page 207]

1 Motivation

Truthfulness matters. Handling the representation of sentences with negation
has always been a challenge. [4] The compositional nature of languages causes
problems with negation in the latest language models (LM) with transformer
architecture. Recent studies confirm that even large LMs trained to represent the
meaning expressed in sentences with or without negation are biased [10].

The impact of negation on LM tasks is most studied within the sphere of
English-based natural language processing. One of the more straightforward
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methods to evaluate the impact is the cloze task, wherein the input sentence has
one or more tokens masked, and the model predicts the missing tokens. This
task is highly unconstrained, with many possible correct answers.

Multiple studies [3,6,10] inspect the model’s understanding of negation by
comparing the model’s completions between sentence pairs with opposite po-
larities. Models commonly correctly complete sentences with positive polarity
but generate factually incorrect continuations for the negative counterparts. No-

tably, the models often suggest the same prediction for both, as is illustrated in
Table 1.

Table 1: Example of the LM prediction from the paper [3]. The model is insensi-
tive to the presence of negation, which causes factually incorrect prediction.

Input Sentence Correct Token Predicted Token
A sparrow is a <MASK>. bird bird
A sparrow is not a <MASK>. tree bird

Although in English, this methodology showcases the model’s insensitivity
to negation, the expressive power of the cloze task in Slavic languages is limited.
From the morphological standpoint, English belongs to the family of analytic lan-
quages; that is, the syntactic relations of a sentence are expressed using specific
grammatical words and a rather fixed word order. Most Slavic languages, on the
other hand, belong to the family of fusional languages, capturing the syntactic re-
lations with affixes, allowing for looser word order. This results in the already
highly unconstrained task gaining even more complexity for evaluation and the
lowering of the changes for any possible meaningful value of the results.

In this paper, we evaluate the ‘negation bias” in the Czech language and
confirm it using several multilingual language models.

2 Methodology

Natural Language Inference (NLI) [7] is a valuable task for evaluating models’
understanding of negation. In this task, the model is given a text pair. One of the
texts, commonly referred to as a premise, contains a knowledge base that is to be
taken as truthful. The model is then evaluated based on its ability to correctly
determine whether or not the other text from the pair, commonly known as
the hypothesis, is supported by the information presented in the premise. The
hypothesis is then classified as one of three categories based on its textual
entailment: it is either supported by the premise, refuted by it, or there is not
enough information.

In our experiments, we aim to evaluate the sensitivity of the models” accu-
racy based on the presence of negation in the hypothesis.
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We create paired evaluation data — each example comes in two variants. Both
variants share the same premise, and the hypotheses are negations of each other,
one being supported by the premise and the other refuted by it.

L
{
"role": "system",
"content": "You are a fact checker for queries in the Czech language.
You will be given a premise, which you know is factually correct, and
a hypothesis. You will return the truth value of the hypothesis, based
on the premise. Return True if the hypothesis is correct and False if
the hypothesis is incorrect."
s
{
"role": "user",
"content": [
"Premise: Antigua a Barbuda. Jméno zemi dal KryStof Kolumbus
v roce 1493 po objeveni ostrova na poCest Panny Marie La Antigua
v sevillské katedrale.",
"Antigua a Barbuda nebyla rodistém KryStofa Kolumba."
]
X
]

Fig. 1: Example of the evaluation prompt with the system message, containing
the task explanation, and the user message, containing the premise and the
hypothesis for evaluation.

If the model processes negations correctly, its accuracy should remain the
same regardless of whether the hypothesis contains negation or not.

3 Data

Our aim was to evaluate the language model’s ability to correctly determine
which sentence of the provided hypothesis pair is correct given the specified
premise. The first step was the location of a suitable test dataset. There is a couple
of Czech NLI test datasets, for our experiments we have used a modified version
of the CsFEVER dataset [11].

Each entry in the original CsSFEVER dataset contains the following:

- entry id,

— label of the textual entailment category,

- hypothesis (called claim in this dataset), and
— premise (called evidence in this dataset).
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First, we removed any entries with the “Not enough information” label and
entries containing empty values. Second, we have created a pipeline to generate
hypothesis pairs for each premise.

3.1 Sentence Negation Pipeline

As there are many ways to express negation in the Czech language, with varying
levels of complexity, we have focused on the method of expressing syntactic
negation using a negative morpheme (prefix “ne”) to negate the verb within
the hypotheses.

The pipeline consists of the following;:

1. The hypothesis is first tagged using the UDPipe service [9], a pipeline for
tokenization, tagging, and lemmatization. We have used the current Czech
model, czech-pdt-ud-2.12-230717.

2. We extract the first verb in the hypothesis — a word with either the VERB or
AUX tag. AUX stands for the auxiliary verb, in Czech it is the verb “to be”.

3. We analyse the extracted verb using the morphological analyser Majka [8],
obtaining the verb’s lemma and morphological tags. We filter the results to
include only verbs to avoid picking the wrong homograph.

. We modify the tags to reverse the polarity of the verb.

. We generate the negated version of the verb based on the lemma and the
modified tags. We return the verb with the value with the value of the
original polarity.

6. We create a copy of the original hypothesis, replacing the verb with its

negated version.

7. Based on the textual entailment label and the value of the original polarity,
we determine which hypothesis is the truthful one.

Q1 &~

The created dataset was named CsNoFEVER and is structured as described
on Figure 2.

The naive implementation of the sentence negation pipeline necessitated
manual fine-tuning of the dataset — for hypotheses containing general or strong
negation, multiple words beside the verb are impacted and need to be modified.
The pipeline also removes non-parsable sentences from the final dataset. The
final dataset currently consists of 2,600 entries, in comparison to the original
number of 10,000 entries. The final dataset CsNoFEVER is available in the
GitHub repository [12].

4 Results

Using CsNoFEVER dataset specified in Section 3 and the methodology specified
in Section 2, we have evaluated the NLI task on language models listed in
Table 2.

Table 3 summarizes our main results. We show that the inclusion of negation
in the evaluated hypotheses has a definite negative impact on the models’
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"id": 10567,

"premise": "Google Search, bézZné oznacovany jako Google Web Search nebo
jednodusSe Google, je internetovy vyhledavac vyvinuty spolecnosti Google.
Patri sem synonyma, predpovédi pocasi, Casova pasma, burzovni kotace,
mapy, ddaje o zemétfeseni, cCasy promitani filmd, letiSté, seznamy domid
a sportovni vysledky.",

"positive_hypothesis": "Vyhledavac Google zobrazuje informace o domovech.",
"negative_hypothesis": "Vyhledavac Google nezobrazuje Zadné informace o
domovech.",

"correct_polarity": "P"

Fig.2: Structure and contents of an entry of the CsNoFEVER dataset: id of the
entry in the original CsFEVER dataset, premise premise, pair of hypotheses
positive_hypothesis (P), negative_hypothesis (N), and correct_polarity
of the hypothesis (“P” or “N”).

Table 2: Attributes of language models evaluated during the experimentation.
All models (Mistral-Nemo, Qwen2.5, and Llama-3.1) are open-source and down-
loadable from the HuggingFace website [5].

Model Name Size Layers Languages Developer(s)
mistralai/Mistral-Nemo-Instruct-2407 12.20B 40 11+ Mistral Al
Qwen/Qwen2.5-7B-Instruct 7.62B 28 29+ Alibaba Cloud
meta-llama/Llama-3.1-8B-Instruct 8.06B 32 8+ Meta

accuracy, with different degrees of severity. It confirms that the study of Truong
et al. [10] also holds for Slavic languages such as Czech, where it exemplifies
even more than in the languages with the fixed word order.

In the paper’s Appendix A, we list several examples of model reasoning and

errors they make. It is yet to be investigated to which extent the reasons for errors
are primarily due to architectural constraints of transformer architecture such as
compositionality of token processing, model size, number of layers, balancing
of languages used for training, the models’ training parameters, or just because
of suboptimal prompting.

Table 3: Model accuracy (P = positive hypotheses, N = negative hypotheses).

Model Name P Accuracy N Accuracy

Mistral-Nemo  79.81% (2075) 38.73% (1007)
Quen2.5 87.38% (2272) 76.15% (1980)
Llama-3.1 71.35% (1855) 51.35% (1855)
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“Knowledge is two-fold, and consists not only in an affirmation of what is true,
but in the negation of that which is false.”  Charles Caleb Colton [2]

5 Conclusion and Future Work

In this paper, we have investigated the difficulties language models have in
correctly carrying out the NLI task on texts that include negation. We have
created a new dataset for our evaluation, CsSNoFEVER, modifying the CsSFEVER
test dataset and expanding it to contain more instances of negative hypotheses.
Evaluating a number of language models, we have shown that even the latest
language models, within the tested size range, have trouble correctly classifying
texts with negation.

Due to the simplicity of the sentence negation pipeline introduced in this
paper, the CsNoFEVER currently does not contain complex expressions of
negation. We plan to further develop the negation pipeline, allowing it to parse
and generate more complex cases of negation for future iterations of the dataset
CsNoFEVER.
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A Examples of Models’ Reasoning

This appendix contains examples showing the output and reasoning of the
tested models.

A.1 Example: Scandinavian Mountain Range

Premise: Pohofi Rincon (o’odhamsky: Cew Do’ag) je vyznamné pohoii
vychodné od Tucsonu v okrese Pima v Arizoné ve Spojenych statech. Narodni
park Skalisté hory (anglicky Rocky Mountain National Park) je narodni park
ve Spojenych statech americkych, ktery se nachézi pfiblizné 76 km
severozdpadné od mezindrodniho letist€ v Denveru v severni ¢asti centrdlniho
Colorada, v pohofi Front Range of the Rocky Mountains. Mezi hlavni rysy
parku patii hory, vysokohorska jezera a $iroka skéla divoké zvéfe v rliznych
klimatickych podminkach a prostfedich, od zalesnénych lesti po horskou
tundru. Skandinavie. Velka ¢ast skandindvskych hor méa klima alpinské
tundry.

Positive Hypothesis (“P”): Skandindvie zahrnuje pohofi.

Negative Hypothesis (“N”): Skandinavie nezahrnuje pohofi.

Correct Polarity: “P”

Model Predictions:

Mistral-Nemo: “P”. Pohoii Rincon je vyznamné pohofi vychodné od Tucsonu
v okrese Pima v Arizon€ ve Spojenych stdtech, a pohofi Skandinavie je

v pohofi Front Range of the Rocky Mountains, a je to vyznamné pohofi.
Qwen2.5: “N”. Skandindvie se jedna o oblast s vlastnimi horami, jako jsou
fjords a skandindvské Alpy, a tedy nezahrnuje pohofi.

Llama-3.1: “N”. Skandinévie je geograficky region, ktery zahrnuje zemé jako
Norsko, Svédsko a Finsko, a podle textu se v ném nachdazi alpinska tundra,
nikoli pohofi.

A.2 Example: Canadian Rapper

Premise: One Dance je pisert kanadského rappera Drakea z jeho ¢tvrtého
studiového alba Views (2016).
Negative Hypothesis (“P”): Autorem skladby One Dance je American.
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Negative Hypothesis (“N”): Autorem skladby One Dance neni American.
Correct Polarity: “N”

Model Predictions:

Mistral-Nemo: “P”. Pisert 'One Dance’ nenapsal Drake, vzhledem k tomu, ze
skladbu napsal kanadsky rapper Drake.

Qwen2.5: “N”. Autor skladby One Dance, Drake, je kanadsky rapper, ne
americky.

Llama-3.1: “P”. Hypotéza P je sprdvnd, protoZe Drake je kanadsky rapper a
kanadsky obcan.

A.3 Example: Area of Yemen

Premise: Jemen je druhou nejvétsi zemi na poloostrové, zabira 527 970 km2
(203 850 km?).

Negative Hypothesis (“P”): Jemen ma rozlohu 250 750 km?2.

Negative Hypothesis (“N”): Jemen nema rozlohu 250 750 km?.

Correct Polarity: “N”

Model Predictions:

Mistral-Nemo: “P”. Jmenovity tdaj uvadi, Ze rozloha Jemenu je 203 850 km?.
Qwen2.5: “N”. Podle vstupniho pfedvolbu ma Jemen 527 970 km?2 rozlohy,
nikoliv 203 850 km2.

Llama-3.1: “N”. Hypotéza P je nesprdvnd, protoZe uvadi rozlohu Jemenu
250 750 km?, zatimco v predloze je uvedena rozloha 527 970 km?.



