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Abstract

In general, unreliable information is present in our daily lives and it becomes a challenge for technology to understand
this phenomenon. Being able to detect misinformation and "Fake News" is the first step to address this problem and
Natural Language Processing (NLP) is the field of Machine Learning that can be up to the task. As contradictions can
be a source of misinformation, the objective of this work is to implement a machine learning system that identifies the
relationship between two sentences to detect if there is a contradiction. The methodology is to apply transfer learning to
the BETO model to detect contradictions in Spanish. Accuracy over 90% is obtained by the model and adding new
datasets can improve performance for a specific context of contradictions.
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CHAPTER 1. INTRODUCTION

1 | Introduction

We live in what is called the second information revolution. Digital technologies allow us to interact
with each other quickly, regardless of our location. We can access large amounts of information,
and everybody can publish content. This technology significantly impacts society, making access to
knowledge, like valid academic data and relevant news possible. However, it also has its downside;
social media can also represent a threat, like the spread of disinformation and “Fake news” (1). This
can happen intentionally or not, but it can negatively impact society’s well-being (2).

As we can perceive, during the COVID-19 Pandemic, social media was full of people talking
about the outbreak, and a large amount of information spread worldwide. The information on
social media can be based on scientific facts and reliable sources, but it can also be misleading.
This became a significant concern for the World Health Organization because fake news spread
baseless health advice, anxiety, and racism, harming efforts to overcome the pandemic (3; 4). The
World Health Organization (WHO) worked with Facebook, TikTok, and YouTube, among other
platforms, to address this issue. For example, an alert message to the user can appear onscreen
over COVID-19-related videos on Instagram, urging the observer to search for reliable sources of
information [3, 4]. Also, direct links to WHO’s web page would appear when searching for “covid”
on Facebook, Pinterest, and Instagram, as figure 1.1 shows.

Figure 1.1: Social Media Warnings.

As it has been studied, fake news can diffuse farther and faster than truthful news, espe-
cially on political issues (5). Therefore, misinformation affects people during elections, with a
percentage making civic decisions based on false knowledge (6; 7; 8). In general, unreliable infor-
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CHAPTER 1. INTRODUCTION

mation is present in our daily lives, and it becomes a challenge for technology to understand this
phenomenon.

Contradictions represent one form of misleading information, for example, we can sometimes
read a sensationalist title but the article can be unrelated to the title or even be contradictory to it. In
other cases, politicians can incur contradictions when they are not informed on a subject. Or even,
they can change their line of argument or opinion on opportunism.

Catching contradictions can be a first step in addressing this issue. So, processing the
circulating information with machine learning can be a useful tool. Natural Language Processing
(NLP) is the field of Machine Learning proper for this task since it aims to capture the meaning of a
text in the natural language used by people. Some of the tasks that NLP solves are text classification,
machine translation, and sentiment analysis, among others (9). Some of the applications for NLP
tasks are spam filtering, question answering, and document summarization (10). One of the most
notable achievements in NLP is chatGPT (11). This chatbot can answer questions that implicitly
solve many tasks like summarizing web information of countless websites, solving mathematical
problems, and creating raw code, among many others. It can also answer questions in many
languages and answer follow-up questions inferring a context out of the previous queries.

This work implements a machine learning system that identifies contradictions. This system
aims to classify the relationship between two sentences to detect whether the sentences are contra-
dictory, compatible or there is no relation between them. This way, machine learning, and NLP
techniques can become a useful tool to monitor and analyze circulating information.
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CHAPTER 2. STATE OF THE ART

2 | State of the art

2.1 Natural Language Processing

In Artificial intelligence, Natural Language Processing (NLP) is a field with many useful applications.
Making a computer obtain information and insights from human language can be applied in different
areas like language translation, social media monitoring, text mining, and customer care, among
many others (12). Propelled by deep learning models, there are many NLP tasks of interest, including
information extraction, text classification, question answering, and machine translation (13).

Deep Learning Algorithms work with numerical data as an input. Therefore, there is a need to
convert natural and readable text to a numerical representation. One Hot Encoding is one option to
represent words to be a valid input for machine learning models. This encoding makes vectors in
N dimensions, where N is the number of words to consider. For each word, only one dimension
has a unitary value, the rest are zeros. To represent every word a different dimension is activated
(14).

Another option to approach this matter is “learning a distributed representation for each
word, also called a word embedding” as Bengio states (15). The author argues that this kind of
representation can discern underlying explanatory factors of the data. Furthermore, those previous
insights captured by the embedding are useful when building a classifier or predictor (15). For
example, a word embedding can represent features like semantic and syntactic information of the
words which improves generalization for downstream tasks (16; 17).

One pre-trained word embedding is the Skip-gram model (18). This model encodes the
linguistic patterns as simple algebraic operations. For example, the relationship “plural nouns” can
be represented as C = vector(“mouse”) - vector (“mice”). The relationship C can be applied to
other words and find the same relationship, for example, vector(“dollar”) + C allows us to find the
vector for “dollars”. Many other relationships are encoded in this embedding like “adjective to verb”,
“opposites”, “superlatives”, “past tense”, and “capital city” (18). Since this model is focused on
words, it has limitations. For example, idiomatic phrases such as “New York Times” are not captured
directly (19). Other embeddings consider whole sentences (20) or even paragraphs (21).

Concatenating embeddings that were trained on unlabeled data, and then fine-tuning on
supervised data achieves good results so it is the preferred option nowadays. This methods were
developed on different tasks like natural language inference, question answering, and machine
translation, among others (22; 23; 24). In essence, these algorithms are used as a pre-trained model
for then solving supervised learning problems (25).

BERT (Bidirectional Encoder Representations from Transformers) (22) is a language represen-
tation model that captures the context in both the left and right words of the sentence (bidirectional).
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2.2. CONTRADICTION DETECTION CHAPTER 2. STATE OF THE ART

This model can be pre-trained on unlabeled data of the target language and then fine-tuned for
different goals. The technique is described as adding a single layer for the specific NLP tasks and
in this way it achieves a desired performance. An example of this is the application on sentiment
analysis (26; 22) and contradiction detection (27).

2.2 Contradiction Detection

For the NLP task of contradiction detection, we must note that there are many contradiction types.
Antonyms, Negation, Numeric, and Lexical, among others. Some types can be more complex to
identify than others. For example, Structure and Lexical contradictions are the most difficult to
detect as they require more lexical or world knowledge (28).

Specific word embeddings can be trained for a specific context. An example is CWE
(Contradiction-specific Word Embedding) (29). This model allows contrasting words (antonyms)
to be as distant as possible, and thus the model captures the semantic relation between words
well in the context of contradiction detection. This technique has better performance on this task
than previous traditional context-based word embeddings (29). In addition, research shows that
introducing structured semantic information allows the model to improve performance on transfer
learning techniques. An example is Semantics Aware BERT trained for Natural Language Inference
(SNLI)(30).

For Spanish, the ES-Contradiction dataset was created with three categories: contradiction,
entailment, and neutral (31). The technique previously mentioned is applied using a pre-trained
model, in this case, BETO (BERT model adapted to Spanish) (32). This way the model is able
to detect contradiction in four categories: negation, antonym, numeric, and structure. This model
cannot detect accurately more complex categories as Lexical or World knowledge contradictions.
Different approaches must be developed for the improvement in the detection of these kinds of
contradictions.

Another task of research in this area is the detection of self-contradictory articles, specifically
applied on Wikipedia articles. The main difference is that it takes the whole text as input to
find a number of sentences that contradicts with each other. For this, a Pairwise Contradiction
Neural Network (PCNN) is trained to achieve the state of the art results (33). This model is
conformed by a stage that separates all sentences in an article and generates a representation for
each using BERT. Then, in the second stage, all the representations are processed in pairs to detect
contradictions. The final stage processes all the inputs to classify the whole text and predict if it is
self-contradictory.

2.3 BERT

The first alternative to solve the problem of contradiction detection is the implementation of BERT
fine-tuning for text classification. It has proven to be an efficient way to apply transfer learning from
the already pre-trained BERT model to aim different NLP tasks (22). The proposed methodology in
state-of-the-art work (26) focuses on sentiment analysis. That is, classify the sentence in positive,
negative, or neutral emotion. For this, the BERT model was added a classifier layer and then trained
on a dataset with the sentences and their respectively emotion labels (0,1,2).

To apply this technique to the specific problem of contradiction detection, two major changes
must be done. The first change is to modify input structure. The proposed model currently accepts 1
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sentence and must accept two sentences for our application. The second change consists on training
the model (fine-tuning) with a different dataset. The original dataset was sentiment analysis oriented.
The new dataset must be contradictions oriented.

Two datasets are proposed for this alternative. One is available on Kaggle.com (34). The
second dataset is the XNLI cross-lingual corpus (27). Both datasets have for each pair of sentences
the labels of contradiction, entailment, or neutral. Also, both datasets have samples of different
languages that must be filtered to train in English only.

Two experiments are proposed. Experiment 1 consists in mixing both datasets to make a
training and testing dataset. Experiment 2 consists on using only part of the Kaggle dataset to train.
For testing a part of Kaggle and XNLI datasets are used (The same as Experiment 1).

The proposed methodology suggests a single layer for the classification task (26), but new
architectures can be tested for the task. Finally, the main challenge this alternative presents is
modifying the input structure and the effect it may present on the classifier results.

2.4 BETO

The second alternative focuses on fine-tuning the BETO model on the task of contradiction clas-
sification (31). In this case the task will be Spanish oriented. The methodology is similar to the
previous alternative since BETO is based on BERT, but this model is pre-trained on a Spanish dataset
generating a different representation space.

The main difference between both alternatives is the dataset. The dataset for this alternative
will be composed by the ES-Headlines dataset (31) and the Spanish samples of the Kaggle dataset
(34). Since the Kaggle dataset contains multilingual examples, a training dataset of only Spanish
Kaggle samples is significantly smaller than the previous alternative. Therefore, the adding of
ES-headlines dataset makes the training dataset comparable to previous alternative. Another option
is to use the XNLI dataset (27). For this, each sample must be translated by a program or web
service. This way, the quality of the dataset will depend on the quality of the translator service.

Two experiments are proposed for this alternative. Experiment 1 considers only the ES-
Headlines dataset divided on training and testing datasets. Experiment 2 considers the spanish
samples of Kaggle dataset combined with ES-Headlines dataset for training.

For this alternative, the model proposed in the previous work (31) is already structured
to accept 2 sentences so no significant changes will be needed. Finally, similar to the previous
alternative, the classifier layer can be restructured to try different approaches to the task.

2.5 Comparing alternatives

Both alternatives previously mentioned are compared on different points in order to decide which
approach take for the task: language, dataset, changes to the model structure, and amount of related
work on the specific language.

The first alternative offers the benefit that the amount of English datasets is vast compared to
the amounts in Spanish. Also, we have experience with the model and code proposed. One challenge
for this alternative is that the model structure must be modified to adapt to the task. For alternative 2,
one benefit is that the model does not need much change as it is already structured on the task of
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contradiction detection. The challenges for this alternative are that there is less amounts of Spanish
datasets in this task, so the application of this work on specific contexts requires the creation of a
new dataset or translating the already existing in English.

Alternative 1 BERT Alternative 2 BETO
Language English Spanish
Model Structure Requires adaptation No major changes are required
Related Work Abundant Less abundant
Kaggle Dataset ∼6000 ∼ 260

Table 2.1: Comparing alternatives

Table 2.1 summarizes the comparison between both alternatives. Alternative 2 is the one
selected because usability is the most important factor that motivates this work. There is less work
exploring the Spanish language compared to English, so it can be more useful to gain knowledge that
can be applied in Latin America. Considering how innovative and useful the system and its applica-
tions can be, the amount of work published in the Spanish Language, and the possibility of testing
on native speakers, BETO is the selected alternative for contradiction detection in Spanish.
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3 | Methods

As previously mentioned, BETO was the selected alternative for solving the task of contradiction
detection in Spanish. The main reason is that training a Spanish model can be more useful and
convenient in our context which is Latin America. With more possibilities to apply this method for
social or commercial purposes.

3.1 System

The proposed system is formed by two stages to solve the problem of contradiction detection. Stage
A is responsible for speech recognition, that is transcribing audio into text. Stage B is responsible
for contradiction detection, that is receiving the text and classifying the relationship between the
sentences.

Voice
Input Speech to text Contradiction detection

Contradiction
Compatible
Unrelated

Figure 3.1: System design.

Stage A

This stage is in charge of Speech recognition, in other words, transforming the audio inputs of
a microphone into readable text. All transcripts will be processed later in stage B.

Sentence input is manual. Audio input must be activated for each sentence by a key on the
device. A customizable time of 15 seconds is considered to speak each sentence. After having
entered both sentences, the system automatically goes to stage B.

To achieve this objective, the library SpeechRecognition for Python (35) is used. This library
supports Google Speech Recognition and is used to transcribe audio. It also supports PyAudio (36)
which takes the microphone input to the speech recognition function.

Stage B

This stage is in charge of classifying pairs of sentences into the three categories. The classes
are contradiction, compatible, and neutral. To achieve this objective the model BETO will be
fine-tuned to generate the multi-class classifier (31). BETO model is based on BERT and trained for
natural language tasks in Spanish (32).
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3.2. ARCHITECTURE CHAPTER 3. METHODS

3.2 Architecture

The BERT model is based on transformers. The transformer is trained on the language translation
task and its structure is purely based on attention mechanisms inside an encoder and a decoder (37).
The encoder considers a stack of self-attention heads and a fully connected feed-forward network as
figure 3.2 shows. The decoder considers a structure similar to the encoder. The decoder input is
the encoder output. In addition, the decoder has a masked attention head for another input shown
in figure 3.2. This last element allows the decoder outputs to re-enter but makes sure that only the
previous outputs are considered to generate the next output. For instance, when translating the word
in position n=3, only the encoder outputs that are in previous positions (n < 3) can re-enter as input
to the encoder. This is shown in figure 3.3.

Add and Norm 

Feed Forward

Add and Norm 

Multi-Head
Attention

Encoder

(z1 , ... , zn)

(x1 , ... , xn)

Add and Norm 

Feed Forward

Add and Norm 

Multi-Head
Attention

Decoder

(y1 , ... , yn)

(z1 , ... , zn)

(y1 , ... , yn)

Add and Norm 

Masked Multi-Head
Attention

Figure 3.2: Transformer Architecture, Encoder and Decoder.

The model of this work is based on the code for BETO found in the following link (38), and
uses libraries PyTorch (39) and Simple Transformers (40). As figure 3.4 shows, the model receives
2 tokens, CLS and SEP, along with the two input sentence tokens. CLS indicates the beginning
of a sample and SEP is the separation between the two sentences. BERT was originally trained in
masked language modeling and next-sentence prediction tasks and can be fine-tuned for other tasks,
as figure 3.5 represents.

The BETO model was pre-trained in the Spanish corpus to be able to be used in this language.
The classifier model is a fine-tuned version of BETO, trained on the contradiction detection task.
It has 12 self-attention layers, 12 attention-heads on each layer, a hidden size of 768, and a sum
of 110M parameters (31). The general methodology for this work is adapting the BETO model
for classification. This adds a single linear layer on top of the pooled output of the original BETO
model as figure 3.6 shows. This layer has as an output the class predicted. Only the classifier layer
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Decoder

Decoder Output
(y1, y2 , y3 , y4, y5)

Encoder Output
(z1, z2 , z3 , z4, z5)

Masked Decoder Output
(y1, y2 , -- , --, --)

Valid Outputs: y1, y2
Decoder is calculating y3

Figure 3.3: Transformer Masking.

BERT

CLS W1 Wn SEP W1 Wn... ...

... ...

Sentence 2

Output

Sentence 1

Figure 3.4: BERT architecture.

Unlabeled data

Masked Language
Modeling

pre-trained BERT

Labeled data

Fine-tuning

BERT for NLP tasks

Figure 3.5: BERT operation.

is updated during training with this fine-tuning technique. This model is trained considering the
following hyperparameters: learning rate of 2e-5, 3 epochs, and batch size of 4.
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BETO

CLS W1 Wn SEP W1 Wn... ...

... ...

Sentence 2

Output

Sentence 1

Sequence Clasification Head

Figure 3.6: BETO for contradiction detection.

3.3 Datasets

Two datasets are used for training the model and only one is for testing and evaluating performance.
The datasets are the Spanish Headlines Dataset (41) and the Kaggle dataset (34). The labels for each
dataset are 0 for compatible texts, 1 for contradictory texts, and 2 for unrelated texts. It is important
to note that the texts studied in the datasets have no slang or sarcasm. In addition, this work does not
aim to detect what kind of contradiction is present, but only if it is a contradiction or not.

ES Headlines dataset

This is the original dataset from the studied paper (31). The objective of this dataset is to find
contradictions between a news article and its headline, in the context of identifying news that might
spread misinformation.

Each sample in the dataset consists of the headline, the corpus of the news article, and the
label. The label has three possible values of interest: contradiction, compatible and unrelated. That
value represents the relationship between the news article and its headline. The training dataset
consists of 18168 samples and the testing dataset consists of 7777 samples.

Headlines+Kaggle dataset

The Kaggle dataset is the original dataset from the “Contradictory, My Dear Watson” Kaggle
challenge (34). This dataset is focused on detecting contradictions in different contexts, not only
news. It is also a multilanguage dataset so only the 259 Spanish samples were used. This dataset
must be pre-processed to be a feasible entry into our system during training. A new training dataset
will be formed (Headlines+Kaggle) that includes all samples from the ES-Headlines dataset and the
259 samples from the Kaggle dataset. The goal of this new dataset is to enrich the training of our
model.
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4 | Results

Two experiments were conducted during training to observe the effects of the dataset on the model’s
final performance. In both instances, only the classifier layer was updated during training.

Four metrics are employed for the analysis of the model performance. Precision and recall
are computed for each class to evaluate model results. F1-score and accuracy are used to compare
performance to the state-of-the-art.

The labels represented are: 0 - Compatible , 1 - Contradiction , 2 - Unrelated.

4.1 Experiment 1

This experiment considers training the model with the ES-Headlines Training dataset and Testing
with the ES-Headlines Testing dataset. After training, the model accuracy is 0.93298. Table 4.1
presents the precision, recall, and F1 score for each class.

Label Precision Recall F1

0 0.90347 0.92258 0.91293
1 0.92108 0.90490 0.91292
2 0.99670 0.99179 0.99424

Table 4.1: Model performance Experiment 1.

4.2 Experiment 2

This experiment considers training the model with the Headlines+Kaggle Training dataset. The
testing is conducted with the ES-Headlines Testing dataset like the previous experiment to evaluate
and compare performance against the same parameters. The model accuracy is 0.93494 after training.
Table 4.2 presents the precision, recall, and F1 score for each class.

Label Precision Recall F1

0 0.91095 0.92462 0.91774
1 0.92334 0.90987 0.91656
2 0.99288 0.99288 0.99288

Table 4.2: Model performance Experiment 2.
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4.3 Comparison between state of the art and trained model

A comparison between state-of-the-art (31), experiment 1, and experiment 2 performance is presented
below. Table 4.3 shows F1-score computed for each label and accuracy. Experiment 2 obtains a
higher F1-score for the labels “Contradiction” and “Compatible”. Experiment 2 also obtains a higher
accuracy.

F1 Accuracy0 1 2
Experiment 1 0.9129 0.9129 0.9942 0.9330
Experiment 2 0.9177 0.9166 0.9929 0.9349

State-of-the-Art 0.8870 0.8912 0.9959 0.9249

Table 4.3: Performance Comparison.

4.4 System operation

The following figures 4.1 and 4.2 show the designed system in operation. On the image appears the
detected transcription of the audio for sentences 1 and 2 along with the system output (highlighted in
purple). Of the six examples shown, three are contradictions, two examples correspond to unrelated
sentences, and one is an example of compatible sentences.

Figure 4.1: System running A.
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Figure 4.2: System running B.
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5 | Conclusions

With this work, it is possible to solve the proposed problem of detecting contradictions in spoken
language. For this a machine learning model based on BETO, the Spanish version of BERT was
trained on labeled data.

Regarding the conducted experiments, it is observed that in the model resulting from the
second training iteration (Experiment 2), the detection is better for more generic contradictions,
including not only those associated with news. An accuracy increment of 0.2% is observed when
increasing the training dataset in a 1.4% but focused on a different context.

It can be inferred that the performance can improve if the number of samples is increased.
Furthermore, the same model can be re-trained to be applied to different situations and topics. A way
to enrich the data for training for new contexts is data augmentation and the translation of existing
English datasets to a language of interest, in this case, Spanish.

The results of this trained model are slightly higher than the original paper. It is inferred that
this is due to the updates that have been made to the source code since the paper was published to
when it was accessed to carry out this work.

Finally, with this work, we gained insights into how a model based on BETO or BERT
identifies this type of relationship between texts. This kind of approach can be complemented with
other works that identify fallacies or even determine if a statement is accompanied by a coherent
argument or if it lacks support. All of this focused on the original objective of processing the
information circulating on the internet and combating misinformation.
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