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Abstract

Understanding temporal common sense is crucial for machines to make accurate predictions
and judgments in various domains, including natural language processing, robotics, and
more. Comprehending temporal text is complex, and grasping temporal common sense is
essential for interpreting the inherent temporal aspects of the text. Currently, there is limited
availability of datasets containing temporal information in English, and no Arabic dataset
specifically designed for this purpose exists. Constructing an Arabic dataset is vital and
would be a valuable resource for the Arabic-speaking community.

This thesis provides a detailed overview of existing datasets, comparing the temporal
understanding capabilities of English and Arabic datasets, and aims to bridge the performance
gap between them. Additionally, the use of pre-trained language models (PLMs) is explored
as an alternative to the limited performance of traditional deep learning models, which are
based on recurrent neural networks (RNNs) and attention layers, in Temporal Common
Sense Understanding (TCU). The outcomes of this approach are discussed. The study also
investigates various cross-lingual transfer learning approaches, yielding promising results.

A distinctive feature of this thesis is the implementation of error categorization and
temporal classification as innovative methods to analyze models’ understanding of temporal
common sense. Through detailed error categorization and classification of temporal elements,
the study establishes a comprehensive framework to elucidate the specific challenges PLMs
face in TCU. This methodology underscores the urgent need for further research into PLMs’
capabilities in the realm of TCU.

Given the recent achievements of large language models (LLMs) in various natural
language processing tasks, it is necessary to assess their capabilities in the field of TCU.
The findings indicate that LLMs currently fall short of human performance in this task,
highlighting the challenges and the significant effort required for TCU in both Arabic and
English.
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Chapter 1

Introduction

1.1 Temporal Common Sense Understanding

The machine’s comprehension of a text requires temporal understanding. This understanding
can be hindered by the presence of explicit or implicit temporal features in the text. Although
understanding the temporal text is complex, comprehending temporal common sense is
crucial to understanding the inherent temporal aspects of the text. Although humans possess
this ability, it is challenging for machines to replicate it. The scope of this research is textual
reading comprehension, which employs the multiple-choice format. The MRC (Multiple-
Choice Reading Comprehension) system is imperative for determining a suitable answer from
a collection of potential responses, relying on the contextual information presented. To fulfil
the requirements of the MRC task, which involves selecting the answer from multiple choice
options, the proposed model must identify the correct response from a range of candidate
alternatives. Multiple models have been applied to measure the ability of the recent deep
learning model to understand temporal common sense.

The model will take three inputs (context, question, and answer), and the predictor should
learn to predict whether this answer is plausible. This model uses examples of textual training,
where c is a context that is a passage of text, q is a question relevant to the context c, and a is
an answer to question q. The model aims to learn a predictor l, which takes a context c, a
corresponding question q and a candidate answer a as inputs and predicts the score that will
be high if the answer is likely plausible and low otherwise. This predictor model could be
formulated as the following formula:

Scorei = l({(ci,qi,ai)})n
i=1 ∈ [0,1] (1.1)
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This formula is suggested so the model can be applied to various MRC tasks with multiple
correct answers.

The term ‘common sense’ can be defined as "the basic level of practical knowledge and
reasoning concerning everyday situations and events that are commonly shared among most
people." [65].

Understanding temporal common sense is a crucial aspect of human intelligence, enabling
people to grasp the order in which events occur. Human beings innately understand that
certain events precede others, such as falling ill before dying. However, machines face
difficulties in acquiring this understanding, requiring complex algorithms, and programming
to infer the chronological sequence of events. In addition to event ordering, temporal aspects
include event duration. Humans find it relatively easy to predict the duration of activities
such as eating, opening a door or walking. However, the limited datasets about the temporal
understanding or extraction currently available primarily involve unusual events or unusual
durations, posing a significant challenge for machines in anticipating the duration of routine
events. Figure 1.1 illustrates an example of a TCU challenge and how the model can fail to
validate the correct answer.

Figure 1.1 Example of a TCU challenge showing a scenario where the model fails to validate
the correct answer.

The scope of this thesis is not focused on algorithmic approaches for temporal reasoning,
such as dependency tree parsing or logical propositions. Instead, the primary goal is to apply
deep learning models to assess their effectiveness, particularly for the Arabic language using
a constructed dataset. The thesis will also involve a comparative analysis of the performance
of these models between Arabic and English.

Challenges

The challenges will be classified into three main categories:
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1. Implicit Temporal Features: Temporal reasoning is complicated because some events
are vague. So, extracting and annotating temporal features will be a complex task
[67] For instance, the sentence "She visited her friend after finishing her work." is
ambiguous because it does not specify whether the visit happened immediately after
finishing work, a few hours later, or even the next day. This ambiguity, where the exact
timing of events is unclear, makes it challenging for models to accurately capture and
process temporal information.

Moreover, implicit temporal features add another layer of complexity. For example, in
the sentence "Sara finished her breakfast and left for school," the temporal sequence
must be inferred, as it implies that Sara left for work shortly after finishing her breakfast
without explicitly stating the time interval. Similarly, the phrase "he often travels for
work" implies a frequency of events without providing specific details on how often
the travels occur. These implicit temporal cues require models to deduce the order
and frequency of events from the context, further complicating the task of temporal
reasoning.

From the MC-TACO dataset [83], if the question concerns an event’s duration, all
candidate responses belong to a duration type. The challenge is how to validate
whether there is a logical duration for this event. Because each candidate’s answer
has a different duration, categorizing the answers based on the temporal type of the
question—for instance, duration—will not eliminate answers that do not fit into the
category. Thus, the model should acquire temporal common sense knowledge. For
example, the model should know that 30 seconds would be an illogical illness duration;
that is, in this case, 30 seconds would be a valid duration but not a logical answer.
Acquiring this knowledge is expensive and difficult.

2. Limited Data: While there are few datasets available in English, there is currently no
dataset specifically designed for TCU in Arabic. One of the most widely used English
datasets is MC-TACO, which is designed to evaluate models on TCU. MC-TACO is
small, lacks a specific training split, and consists of only evaluation and test sets. In
addition, the evaluation set is quite small, contains only 3,783 question-answer pairs.
Moreover, to the best of our knowledge, there is no dataset in English that is designed
to cover all temporal featuers except MC-TACO. This scarcity of datasets significantly
affects the development of models for TCU.

3. Lack of Knowledge: According to existing research, current language models lag
behind human performance in the task of common sense understanding. For example,
this is evident from the MC-TACO leaderboard. Numerous studies have shown that
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ths performance gap can be overcome by relying on external sources that encapsulate
the common sense knowledge [65, 80, 76, 84]. For instance, as previously discussed,
temporal reasoning involves understanding sequences of events, durations, and implicit
time-related features, which are often not fully captured by existing datasets [76, 84].
As a result, models struggle to make accurate predictions. Therefore, insufficient data
restricts the improvement of these models.

Existing models still struggle to understand the varying lengths of different the events.
As, the duration of a verb describing an event can change depending on context. For
example, the duration of the verb taking, the act of "taking a vacation" generally takes
longer than "taking a shower". The latter can usually last for only a few minutes,
whereas the former can last for several days or even weeks [83]. To address this
issue, there should be a source of knowledge to help the model accurately capture
this temporal context. The existing corpus that can be used for this purpose is skewed
towards uncommon or unexpected event durations and rare events [83]. For example,
the duration of "opening a door" is not mentioned unless it is longer than usual.
Determining the duration of various events manually is expensive and time consuming.

Addressing this gap requires constructing comprehensive knowledge bases (KBs)
specifically designed for temporal information, or alternatively, developing more
advanced models and algorithms that can learn and infer temporal common sense from
the limited data available.

1.2 Motivation

Despite the recognized importance of temporal comprehension in Natural Language Under-
standing (NLU), research in Temporal Common Sense Understanding (TCU) remains sparse,
particularly beyond the English linguistic domain. This scarcity is pronounced in languages
such as Arabic, largely due to the lack of necessary resources. This highlights an urgent
need for dedicated Arabic datasets to foster advancements in NLU for the Arabic-speaking
community.

While several temporal datasets exist for English, they do not have an equivalent in
Arabic, limiting the development and testing of NLU systems in the Arabic context. Creating
an Arabic-focused TCU dataset in Modern Standard Arabic (MSA) would address this gap
and enhance the processing of temporal information in Arabic NLU applications. MSA is
chosen over dialects because it is the standardized and widely understood form of Arabic
used in formal communication, media, and education across the Arabic-speaking world.
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Unlike regional dialects, which vary significantly and may not be mutually intelligible, MSA
provides a consistent linguistic foundation for developing and evaluating NLU systems.

Furthermore, the application and evaluation of multilingual PLMs in TCU is an under-
explored area. While some work addresses common sense reasoning, research specifically
focusing on Arabic or using multilingual PLMs for TCU tasks is scarce. This presents a
significant opportunity for pioneering studies that could improve NLU systems, particularly
in Arabic.

The critical need for targeted research efforts in this area is clear. Applying multilingual
PLMs to TCU with a focus on MSA offers the potential to uncover culturally and linguisti-
cally specific temporal reasoning. Bridging these research gaps is essential for enhancing
synergy between English and Arabic NLU systems and narrowing the performance disparity.
Extending TCU research to include MSA will contribute to a more nuanced understanding
of temporal common sense across diverse linguistic landscapes.

1.3 Thesis and Research Questions

This research addresses the following questions based on the challenges outlined earlier:

1. Can an existing English dataset be utilized to develop an Arabic dataset for Temporal
Common Sense Understanding?

2. How effective are the available multilingual PLMs in demonstrating temporal common
sense? Can these models compete with their monolingual counterparts? Does the
performance of these models vary between Arabic and English?

3. How effective is the use of cross-lingual transfer learning for this task? Can this
approach mitigate the performance gap between English and Arabic?

4. What specific challenges and error patterns emerge from applying PLMs to TCU in
Arabic and English contexts?

5. To what extent is Generative AI successful in TCU? How does the language of the
dataset influence the model’s performance?

1.4 List of Contributions

This thesis makes several significant contributions to the field of Temporal Common sense
Understanding (TCU) using deep learning models. The contributions are delineated below in
a descending order based on their influence on the field.
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1. Constructing of a TCU Arabic Dataset: An Arabic dataset is constructed to serve
the TCU task. This construction is expected to be highly impactful for the Arabic
community and addresses the absence of such a resource. The dataset is based on an
existing English dataset (Chapter 3).

2. Benchmarking for Temporal Understanding: To evaluate the ability of PLMs
in understanding temporal features, a benchmark for temporal understanding was
established (Chapter 7).

3. Applying Large Language Models (LLMs): Utilized state-of-the-art large language
models with different prompts and zero-shot learning techniques to advance temporal
common sense comprehension capabilities (Chapter 8).

4. Applying Multilingual Pre-Trained Language Models (PLMs): Examining the
effectiveness of different multilingual PLMs to the MC-TACO (the original English
dataset) and the Arabic dataset. Each model was assessed in terms of each temporal
aspect (Chapter 5 and Chapter 6).

5. Analysing Errors: By analyzing the errors, a new classification is suggested to identify
specific issues, which will help improve the understanding of PLMs (Chapter 7).

6. Applying Different Deep Learning Models: Various deep learning models were
implemented, including architectures based on word embeddings, recurrent neural
networks (RNNs), and attention mechanisms, to enhance temporal common sense
comprehension (Chapter 4).

1.5 Thesis Structure

The rest of the thesis is organised as follows:

• Chapter 2 provides background information on temporal text and temporal common
sense understanding, deep learning models, and reading comprehension tasks. Beyond
this, Chapter 2 examines the existing literature on temporal comprehension.

• Chapter 3 constructs an Arabic dataset for temporal common sense understanding.
This chapter provides a detailed overview of existing datasets related to temporal
information in English and Arabic text.

• Chapter 4 presents an initial attempt to address the problem by applying a set of deep
learning models specifically designed for temporal common sense comprehension.
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The effectiveness of these models in this domain is detailed. These models, developed
through this research, employ various architectures, including word embeddings,
recurrent neural networks (RNNs), and attention mechanisms.

• In Chapter 5, the use of pre-trained large language models (PLMs) is explored as an
alternative to the inadequate performance of basic deep learning models in this task.
The outcomes of this approach are thoroughly examined and discussed.

• The performance of multilingual PLMs on Arabic lags behind that of these PLMs on
English. To bridge this gap, Chapter 6 uses various cross-lingual approachs.

• Chapter 7 introduced a methodology for evaluating the effectiveness of multilingual
PLMs by analysing the errors and trying to categorise them. Also, try to establish a
benchmark for assessing PLMs in temporal classification to deeply understand the
source of the challenge that affect PLMs performance in the TCU.

• Chapter 8 examines the effectiveness of various models on Arabic and English datasets,
considering the recent success of LLMs in numerous NLP tasks.

• Chapter 9 concludes this thesis and indicates potential directions for future research.





Chapter 2

Background: Deep Learning Models and
Temporal Text Understanding

2.1 Introduction

This chapter provides a comprehensive overview of the key concepts related to temporal
text and deep learning models. Additionally, the chapter discusses the underlying principles
of temporal text, such as temporal features, its distinctions from other text types and why
it poses a challenge in natural language processing (NLP). Moreover, the chapter presents
the difficulties associated with Arabic temporal text and the relevant research conducted in
this area. Reading comprehension tasks are adopted to evaluate temporal common sense
understanding. Therefore, a concise overview of these tasks is provided. Additionally, this
chapter provides a detailed explanation of deep learning models, exploring their mechanisms
and the types of models commonly used in NLP tasks. Ultimately, this chapter should provide
a solid foundation of knowledge in this field.

2.2 Deep Learning Models

Deep learning (DL) is considered a subset of machine learning (ML). It allows computers
to learn from experience using a layered structure of algorithms called an artificial neural
network (ANN). This layered structure, often referred to as a neural network, mimics the way
the human brain processes information. Deep learning reduces the need for manual feature
engineering, which traditionally required significant effort to identify the most relevant
features for a given task.
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Deep learning includes both traditional models, such as convolutional neural networks
(CNNs) and recurrent neural networks (RNNs), as well as transformer-based models, which
have recently gained prominence due to their superior performance in various tasks. Trans-
former models, introduced in the milestone paper "Attention Is All You Need" in 2017
[75], have revolutionized the field by enabling more efficient training and better handling of
sequential data.

Since its inception in the early 2006 by Hinton et al.[35], deep learning has been widely
used in different Natural Language Processing (NLP) tasks [66, 28], such as text classifi-
cation, sentiment analysis, machine translation, and named entity recognition, consistently
outperforming other methods. Recent advancements in Question Answering (QA) Systems
have particularly followed a deep learning approach, leveraging the power of neural networks
to understand and generate human language more effectively. The evolution of deep learning
models has seen significant advancements over the years. Figure 2.1 illustrates the progres-
sion from traditional deep learning models to modern transformer-based models, highlighting
key milestones and innovations in the field. The categorization of models into traditional DL,
PLMs, and LLMs is based on [42, 52, 49].

Figure 2.1 Evolution of Deep Leaning Models

2.2.1 Traditional Deep Learning Models

There are different techniques for deep learning. For instance, convolutional neural networks
(CNNs) and recurrent neural networks (RNNs). RNNs are popular for NLP tasks. CNNs
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are used for processing data that is known to have a grid-like topology. They contain one
or more convolutional layers, which are pooling or fully connected, and use a variation of
a multilayer perceptron. Convolutional layers apply a convolution operation to the input
and pass the result to the next layer Recurrent Neural Networks (RNNs): An RNN models
sequential interactions through a hidden state or memory, which is updated at each time step
as it processes the input sequence. This hidden state captures information from previous time
steps and propagates it forward, enabling the RNN to maintain context and dependencies
across the sequence. The RNN can take up to N inputs and produce up to N outputs. It
has some variations, including long short-term memory (LSTM) and gated recurrent units
(GRUs).

• LSTM networks were invented to prevent the vanishing gradient problem in RNN by
using a memory gating mechanism. Using LSTM units to calculate the hidden state
in an RNN helps the network to efficiently propagate gradients and learn long-range
dependencies.

• GRU is a simplified version of an LSTM unit with fewer parameters. Just like an
LSTM cell, it uses a gating mechanism to allow RNNs to efficiently learn long-range
dependency by preventing the vanishing gradient problem.The vanishing gradient
problem occurs when the gradients used to update the network’s weights during
training become extremely small, effectively preventing the network from learning
long-range dependencies because the early layers of the network learn very slowly. A
GRU consists of a reset and update gate that determine which part of the old memory
to keep or update with new values at the current time step.

• An RNN can also be bi-directional, which allows the hidden states to receive informa-
tion from both the preceding and succeeding elements in the sequence, not only from
the previous state. This can be applied in LSTM or GRU.

• Attention mechanisms are inspired by human visual attention, the ability to focus on
specific parts of an image or a text. Attention mechanisms can help the network learn
what to focus on when making predictions.

• Embedding maps an input representation, such as a word or sentence, into a vector. A
popular type of embedding is word embedding, such as word2vec or GloVe.

2.2.2 Word Embeddings

The principal concept underlying word embeddings involves the representation of words in
a manner that encompasses their meanings, semantic connections, and the diverse context
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in which they can be used. Representing the meaning of the word is crucial in any NLP
application. Using WordNet is not adequate as it is not complete; some new words are
missing. Moreover, it is difficult to compute accurate similarity, which is vital in most NLP
tasks. The best way to represent the word is using a vector that can use distance measures
such as Euclidian or cosine similarity. The first attempt was to use a discrete representation,
which deals with a word as atomic and uses vector space to represent it, called "one-hot"
[0,1,0,0,1,1]. The problem with this kind of representation is the sparsity, which requires
massive storage that can be as extensive as the size of the vocabulary. Many techniques have
been suggested to overcome the weakness of the "one-hot" representation. Word embeddings
are a form of word representation that allows words with similar meanings to possess a
similar representation. Words that are used in similar contexts tend to be closer to each other
in the embedding space, making it possible to compute similarities between words based on
their vector representations or even to produce analogies such as "king - man + woman =
queen".

Word embeddings are a dense representation of words in a limited-dimensional expanse
(usually several hundred dimensions), which overcomes the main issues of the one-hot
encoding. The main advantage of this technique is that it can be used for a vast corpus that
contains millions of words in the vocabulary.

There are different methods of word embeddings as listed below:

• Word2Vec:In 2013, Mikolov et.al. from Google introduced it. [51]. Neural networks
are used to create word embeddings. However, there are two different approaches that
are used: Skip-gram and Continues Bag of words (CBOW). CBOW is a model for
predicting a target word from the surrounding context. In contrast, Skip-gram is a
model for predicting surrounding context words given the target word. Soft-max and
negative sampling are used for training.

• GLOVE (Global Vectors for Word Representation): The NLP group at Stanford
University introduced this method in 2014, following the publication of word2vec by
Pennington et al. [55]. This method primarily concentrates on the co-occurrence of
words throughout the entire corpus. The embeddings associated with it represent the
likelihood of two words appearing together.

• FastText: In 2017, a novel word embeddings technique was introduced by Facebook
[29]. FastText has been proposed to mitigate the lack of generalisation for unknown
words by Word2Vec. The idea of FastText is similar to Word2Vec. The distinction
lies in the fact that the result produced by FastText is a combination of lower-level
embeddings, including both word and character components.
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The acquisition of embeddings in Word2Vec is based on establishing connections between
target words and their corresponding context. However, it does not consider the difference
in occurrence frequency among context words. In Word2Vec, a higher frequency of word
co-occurrence leads to more training examples, but it does not provide additional information.
On the other hand, GloVe recognizes the importance of co-occurrence frequency as valuable
information that should not be ignored. Instead of following the Word2Vec approach,
GloVe constructs word embeddings by directly linking a combination of word vectors to the
likelihood of co-occurrence for those words in a given corpus.

2.3 Transformer-Based Models

The introduction of transformer-based models in 2017 marked a significant advancement
in deep learning. Unlike traditional RNNs, transformers use self-attention mechanisms to
process input data in parallel, making them highly efficient and effective for various tasks
[75].The transformer architecture consists of multiple layers of self-attention mechanisms
and feed-forward neural networks. There are three main types of transformer models:

• textbfEncoder-Decoder Models: These models utilize both the encoder and decoder
parts of the transformer. They are particularly effective for sequence-to-sequence
tasks such as machine translation, where the encoder processes the input text, and
the decoder generates the corresponding output text. The original transformer model
demonstrated state-of-the-art performance in translating between languages[75].

• textbfEncoder-Only Models: These models use only the encoder part of the transformer,
like BERT[19]. They are designed for tasks that require understanding the context of
the input text, such as text classification and named entity recognition.

• Decoder-Only Models or Generative Pre-trained Transformer (GPT): These mod-
els use only the decoder part of the transformer. They are optimized for text generation
tasks, where the model needs to produce coherent and contextually relevant text from
a given prompt. The pioneering paper presenting this architecture was published by
OpenAI [61].

The introduction of transformers led to the development of Pre-trained Language Mod-
els(PLMs), such as BERT, which leverage large-scale pre-training on vast corpora followed
by fine-tuning on specific tasks. PLMs have set new benchmarks in various NLP tasks by
capturing contextual information more effectively than previous models. Building on the
success of PLMs, Large Language Models (LLMs) like GPT-3 represent an improvement
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and extension of these models. LLMs can generate coherent and contextually relevant text,
perform zero-shot learning, and handle a wide range of NLP tasks with minimal fine-tuning.

2.3.1 Pre-trained Language Models

PLMs are transformer-based models. Unlike traditional deep learning models and standard
transformer models, they can be easily tailored to specific downstream tasks through the
process of fine-tuning. This section explores the architectures of the language models and
their advantages for enhancing NLU tasks. Below is a list of the PLMs applied in this
research.

BERT (Bidirectional Encoder Representations from Transformers)

This model was introduced by Devlin et al. (2019) and is known as BERT [19]. This
discovery represented a significant advancement in the domain of natural language processing.
Pre-trained on a massive dataset of text and code. It is trained specifically on Wikipedia
( 2.5B words) and Google’s BooksCorpus ( 800M words). BERT adopted a Transformer
architecture with bidirectional attention. Employs Masked Language Modeling (MLM) and
Next-Sentence Prediction (NSP).

RoBERTa (Robustly optimised BERT approach)

Liu et al. introduced RoBERta, an improved version of BERT that incorporates enhanced
training techniques [47]. It utilizes larger batch sizes, dynamic masking, and longer training
sequences. One notable difference is that it eliminates the Next-Sentence Prediction (NSP)
objective. In general, RoBERta demonstrates superior performance compared to BERT
across a range of natural language processing (NLP) tasks. This is attributed to its optimized
training approach, which makes it both more robust and efficient.

ELECTRA (Efficiently Learning an Encoder that Classifies Token Replacements Accu-
rately)

ELECTRA is a pre-training method for natural language processing that uses a generator and
a discriminator [16]. Unlike traditional masked language models like BERT, ELECTRA’s dis-
criminator is trained to detect whether each token in a sequence is original or replaced, rather
than just predicting masked tokens. This replaced token detection allows ELECTRA to learn
from all tokens in the sequence, making it more efficient and requiring less computational
resources. The pre-trained discriminator can then be fine-tuned for various downstream tasks,
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achieving comparable or superior performance to models like BERT with greater training
efficiency.

DeBERTa (Decoding-Enhanced BERT with disentangled Attention)

He et. al. from Microsoft proposed DeBERTa [34]. This model presents two novel techniques
that enhance the performance of RoBERTa. The first technique, disentangled attention,
improves attention modeling by separating word content and position. The second technique,
the enhanced mask decoder, utilises an improved output layer for predicting masked tokens.
These enhancements result in state-of-the-art performance on various NLP benchmarks.

DeBERTa-v3

Microsoft has made further advancements in the DeBERTa model following its successful
implementation, and in 2023, they introduced an upgraded version called DeBERTa-v3 [33].
DeBERTa-v3 is an improved version of DeBERTa that introduces some notable differences.
One key distinction is that DeBERTa utilizes masked language modeling (MLM), where
the model predicts randomly masked tokens in a text sequence. In contrast, DeBERTa-v3
incorporates replaced token detection (RTD), a more efficient pre-training task inspired
by ELECTRA. This allows the model to distinguish between the original tokens and the
randomly replaced ones. Additionally, DeBERTa-v3 introduces Gradient-Disentangled
Embedding Sharing (GDES) to enhance the vanilla embedding sharing from ELECTRA,
resulting in improved training efficiency and performance.

2.3.2 Multlingual Pre-trained Language Models

Each model of the above models, except ELECTRA, was trained on a multilingual corpus
to improve its ability to understand and generalise across languages. A comprehensive
description is provided in this thesis for the three models. Beyond this, a comparison between
models is illustrated in Table 2.1, presenting a comprehensive analysis of the features and
specifications of each model, as part of this research.

Multilingual Bert: Multilingual BERT is an enhanced version of BERT which can handle
multiple languages. The training data for multilingual BERT is obtained from the com-
plete Wikipedia dump for each language. However, the size of Wikipedia content varied
significantly across different languages. Consequently, low-resource languages may not
have enough representation in the neural network model, potentially impacting the model’s
effectiveness for low-resource languages.
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XLM-Roberta: The Cross-Lingual Language Model Robustly Pretrained is an extension
of RoBERTa focusing on cross-lingual applications. Trained on the Cross-Llingual Language
Model (XLM) training data, including ClueWeb09, Common Crawl, and Wikipedia dumps
in 100 languages.

mDeBERTa: (Multilingual DeBERTa)Multilingual DeBERTa is an extension of DeBERTa,
a transformer model that aims to capture dependencies with greater accuracy, which supports
multiple languages. This model has undergone training using the exact same set of training
data used by XLM-RoBERTa.

The size of the Arabic dataset that was used to train the XLM-Roberta and mDeBERTa
trains was 28 GB, while the English was 300.8 GB [59]. The Arabic dataset size was almost
double that of the dataset used to train mBERT.

In this vein, mBERT is trained simultaneously with multiple languages, feeding text from
various languages without providing additional information on the relationships between the
languages [59]. Based on a survey by Pikuliak et al.[59], even in the absence of information
on the interconnections between languages, mBERT can create representations which are
partially independent of any specific language. Additionally, this model can understand
the connections between languages without explicit instructions. Several hypotheses have
been proposed to explain the underlying nature of this inherent ability of mBERT. Also,
according to Pikuliak et al.[59], one hypothesis suggests that these models rely on a partial
overlap of vocabulary between languages, which has been negated by other studies. The
second hypothesis suggests that multilingual models can discover certain universal structural
similarities between languages, which is reminiscent of the concept of universal grammar
(Chomsky, 2007). Based on the aforementioned hypothesis, the disparity between English
and Arabic will be substantial for cross lingual transfer learning, due to the presence of less
common structural characteristics in these languages. However, there are models directly
use some form of cross-lingual supervision, which means that they leverage data to establish
connections between different languages. Examples of such models include XLM-RoBERTa
[17] and mDeBERtav3 [33].

2.3.3 Large Language Models

LLMs are an advanced subset of PLMs characterized by their massive scale in terms of
parameters and data, and their ability to perform a wide range of tasks with minimal task-
specific fine-tuning. They leverage techniques like few-shot and zero-shot learning to adapt
to new tasks. Zero-Shot Learning is a learning paradigm where a model is able to perform a
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Feature mBERT XLM-RoBERTa mDeBERTa-v3

Vocabulary size 120K 250K 250K

Vocabulary Type – Sub-word level Full-word

Parameter size 178M 355M (base), 550M
(large)

137M (base)

Pre-training objec-
tive

Masked Language
Modeling (MLM)

Masked Language
Modeling (MLM)

Replaced Token De-
tection (RTD)

Attention type Masked self-
attention

Cross-lingual atten-
tion

Disentangled atten-
tion

Languages 104 100 100

Training data Wikipedia + books Common Crawl
(CC100)

Common Crawl
(CC100)

Model size Case - Uncased Base, Large Base

Performance Varied Better than mBERT
on many tasks [17]

State-of-the-art in
many cases [33]

Table 2.1 Multilingual Models

task without having been explicitly trained on any examples of that task. Instead, the model
leverages its general knowledge acquired during pre-training to infer the correct output [78].

LLMs enable a deeper understanding and generation of human-like text. A brief descrip-
tion of the models applied in Chapter 8 is provided below. Table 2.2 summarises the main
features of the models and compares them.

GPT 3.5 Turbo It is developed by OpenAI [14]. GPT-3.5 Turbo is an enhanced version of
the GPT-3 model. it offers improvements over GPT-3 in terms of both speed and efficiency.
It is designed to be faster while maintaining or even enhancing the quality of the generated
text. GPT-3 is a very large model with 175 billion parameters, which are the parts of the
model that are learned from the training data [14]. Its architecture is based on a transformer.

GPT 4 1 It is the most powerful large -multimodal model released by OpenAI [54]. Despite
the notable advances demonstrated by GPT-4 from previous GPT models, this model still
shares certain limitations with its predecessors. These limitations include the generation of

1https://openai.com/gpt-4
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inaccurate information, the potential to provide harmful guidance, a limited context window,
and the absence of the ability to learn from past experiences [49].

Google Gemini 2 an AI model developed by Google, was introduced on December 6, 2023.
This model comes in three varying sizes: Ultra, Pro, and Nano, listed in decreasing order.
According to the report, Gemini Ultr has shown superior performance to GPT4. This study
evaluated the models across various tasks, such as Massive Multitask Language Understand-
ing (MMLU) and reasoning tasks, including reading comprehension tasks. Additionally,
Google stated that Gemini is the first model to surpass the expertise of human professionals
in MMLU. Gemini models are constructed based on transformer decoders. The models are
trained to handle a context length of 32k, utilising efficient attention mechanisms such as
multi-query attention. The sentence piece tokenizer is used [24].

AceGPT was launched in 2023 by the School of Data Science, the Chinese University of
Hong Kong, Shenzhen (CUHKSZ), the Shenzhen Research Institute of Big Data (SRIBD)
and the King Abdullah University of Science and Technology (KAUST) [36]. The model
is based on LLaMA2, and its focus is localising the large-language models to the Arabic
language. In the study, the model trained LLaMA2-7B with 30B data (19.2B tokens in
Arabic and 10.8B in English) and LLaMA2-13B with 10B data (6B tokens in Arabic and 4B
in English), prioritising a larger quantity of Arabic than English data.

Jais 3 was introduced in 2023 through a collaboration between Inception, Mohamed bin
Zayed University of Artificial Intelligence (MBZUAI), and Cerebras Systems[68].

Generally, deep learning, as part of the broader field of machine learning, has significantly
advanced the capabilities of NLP applications by automating the feature extraction process
and providing robust models that can learn complex patterns from large datasets. This
evolution has enabled the development of sophisticated systems that can perform tasks
previously thought to be beyond the reach of machines.

2https://ai.google.dev/
3https://www.arabic-gpt.ai/
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Model Dataset Parameter Size Model Archi-
tecture

Supported Lan-
guages

GPT-3.5 Turbo Books, articles,
code, web text
(estimated 300B
words)

1.5T parameters Transformer
with Decoder-
only architecture

Multilingual

GPT-4 Proprietary
dataset (details
unreleased)

Expected to be
significantly
larger than
GPT-3.5

Likely a varia-
tion of Trans-
former architec-
ture

Multilingual

Gemini Similar to Bard,
with additional
focus on creative
text formats

540B Transformer
with Encoder-
Decoder archi-
tecture

Multilingual

AceGPT Open source
Arabic text 2022
and from Ara-
bic Wikipedia,
CC100, and
OSCAR3. The
English dataset
is obtained from
Slim Pajama.
(estimated 1.5T
words)

7B - 13B Transformer
with Decoder-
only architecture

Arabic but can
support other
languages

Jais Wikipedia cor-
pora

13B - 30B Likely a varia-
tion of Trans-
former architec-
ture

Arabic, English

Table 2.2 Comparisons between LLMs Models
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2.4 Textual Reading Comprehension

Understanding this type of QA is essential for this research. Most of the TCU dataset are
designed as a reading comprehension question answering task. Textual comprehension of the
language encompasses various classifications [82], namely:

1. Cloze-style (Fill in the Blanks): In this task, specific placeholders exist within the
question. The MRC system must identify the most appropriate words or phrases that
can be inserted into these placeholders based on the contextual content provided.

2. Multiple choice: In a task involving multiple choice, the Multiple-choice Reading
Comprehension (MRC) system must choose the correct answer from a set of candidate
responses provided per the given context.

3. Span prediction: In a task that involves span prediction, the answer corresponds to
a specific section of text within the context. In other words, the MRC system must
correctly determine the start and end of the answer text within the context. An example
of this task is the SQuAd dataset.

4. Free-form answer: Tasks of the free-form answer variety allow the answer to take on
any form of free-text expression. Consequently, the answer is not limited to a word or
a specific section within the passage.

However, the above classification is incomplete as it does not account for hybrid tasks,
such as multiple-choice span prediction. In such tasks, the MRC system must select the
correct span from multiple provided options, combining elements of both span prediction and
multiple-choice tasks. This highlights the need for a more nuanced classification system that
can accurately capture the complexity and variety of modern MRC tasks.So, [82] proposed a
new classification model that is summarised in Figuer 2.2. The proposed categories are built
on the basis of available datasets, so the model might be updated as a new task is established.

2.4.1 Evaluation

Evaluating the state-of-the-art in question answering can be tackled from different aspects,
including the accuracy of the system, speed, and scalability. The following list describes
each one separately.

• What is the accuracy of the state of the art? How can I create a more accurate quality
control system? Question-answer systems can be evaluated according to different
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Figure 2.2 Reading Comprehension Tasks. Based on [82]

metrics. The widely used metrics are listed below. Other metrics will be discussed in
detail in the next chapter.

1. Accuracy is the number of relevant items retrieved and the number of irrelevant
items that are not retrieved divided by the number of all items.

2. BLEU stands for bilingual evaluation understudy. This method is commonly
used to evaluate machine translation systems. It is a precision-based metric that
uses a weighted average of variable length phrase matches (n-grams) against the
reference sentence. It is commonly used for RC.

Accuracy is the vital aspect that has been used in each research to measure the perfor-
mance of a system. However, the rest of the criteria are listed below with an explanation
for each.

• Interpretability: This refers to the transparency and understandability of the model’s
predictions or output, especially in the context of questions with multiple constraints
or complex questions. So, interpretability is the ability to track the model’s thought
process in case of wrong predictions, which improves DL models for NLU [85].

• Speed and Scalability: The efficiency and speed of the system can be measured by
the time of training and the size of the parameters as well as the hyperparameters.
According to [74], most recent systems focus on improving accuracy regardless of
computational costs or efficiency of a system. The scalability of the system indicates
the consideration of the broader context. Furthermore, it is necessary to consider the
largest dataset on which the system can work without losing accuracy and efficiency.
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• Robustness: How can systems generalise to other datasets and settings beyond the
training distribution? This basically depends on the computational costs of the method-
ology.

• Data Set Creation: What are effective methods for building new datasets? How can a
dataset be built in a different language (Arabic)?

• Dataset Analysis: What challenges do current datasets pose? For example, multi-
sentence reasoning is required in NewsQA. Moreover, there is a vocabulary problem
that is raised with KB-QA when the KB has limited vocabulary coverage. In fact, most
recent research studies have tried to minimise it.

• Error analysis: What types of questions or documents are particularly challenging
for existing systems? What types of question are unsolved? In the TCU task, which
category poses the greatest challenge? Moreover, can the model accurately determine
the appropriate time unit for a given duration, regardless of the specific number? For
instance, if the model predicts that a vacation lasts for days, but the answer is stated as
1000 days, which is illogical, does the model fail to validate the number solely because
the unit is days?

2.5 Arabic Language

Arabic, a Semitic language with over 400 million speakers, holds immense cultural, religious,
and geopolitical importance [23, 30]. It is the religious language of Islam, spoken by Muslims
worldwide, and is one of the six official languages of the United Nations [23, 30]. Arabic is
also one of the oldest languages, with a history spanning over fifteen centuries.

Arabic has an extensive vocabulary with many words that can convey subtle nuances.
For example, Arabic has numerous words for concepts like love, each with slightly different
meanings and connotations. Addtionally, Arabic language boasts a wealth of synonyms and
antonyms, providing speakers with a wide range of expressions to choose from.

The Arabic language can be divided into three primary categories [23, 30, 20], listed
below:

• Classical Arabic: The language of the Quran, unchanged for over fifteen centuries,
representing the historical and literary heritage of the Arab world.

• Modern Standard Arabic (MSA): An evolving variety of Classical Arabic used in
contemporary media, education, and formal communication. MSA adapts to modern
needs by incorporating new borrowings and innovations.
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• Arabic Dialects: Arabic encompasses numerous dialects that can be categorized by
region, country, or even city [2]. These dialects vary significantly, often to the point of
mutual unintelligibility, reflecting the rich linguistic tapestry influenced by historical,
geographical, and cultural factors.

Main Features and Complexity:

• Morphological Structure: Arabic features a rich system of prefixes, suffixes, and
infixes, making it a heavily inflected language in which words change form based on
their syntactic role.

• Diglossia: A complex diglossic situation where MSA is used in formal settings, while
numerous regional dialects are used in daily communication. Diglossia involves the
use of two distinct varieties of a language within a single language community, with
MSA as the high variety and regional dialects as the low variety [20].

• Code-Switching: Frequent switching between MSA, dialects, and other languages
like French, English, Spanish, and Italian, depending on the country and context.
Code-switching refers to alternating between two or more languages or dialects within
a conversation or even a single utterance.[20].

• Ambiguity and Resource Challenges: The lack of standard orthographies for dialects
and the underspecified short vowels in written Arabic add to its linguistic ambiguity
[20, 2].

Comparison to English: In comparison to English, Arabic is significantly different in
several key aspects.

• Arabic is a Semitic language, characterized by its root-based morphology, where
most words are formed from a set of three-letter roots that convey a core meaning.
Languages that share similarities with Arabic include other Semitic languages, such as
Hebrew and Amharic.

• Arabic script is written from right to left and includes 28 letters, which can change
shape depending on their position within a word. Additionally, Arabic has a complex
system of verb conjugation and noun declension [30], which is more extensive than in
English.

While English is also a rich language, particularly due to its large vocabulary and capacity for
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creating new words, the richness of Arabic is often seen in its structural and morphological
complexity. The richness of English comes from its flexibility, simplicity in structure, and
extensive borrowing from other languages, which makes it adaptable and globally influential.

To summarize this section, Arabic’s linguistic richness, cultural significance, and com-
plexity present unique challenges and opportunities in natural language processing. The
language’s long history and continued relevance highlight its importance on the global stage.

2.6 Temporal Text

In order to gain a comprehensive understanding of temporal language, it is essential to have a
clear grasp of its three fundamental components: events, time, and temporal relations [18]. A
detailed definition will be provided for each of these components. Firstly, the concept of an
event can be defined based on the Oxford English Dictionary as "a thing that happens or takes
place, especially one of importance". Therefore, an event refers to any kind of occurrence or
happening, whether it is a physical action, a mental process, or a change in state. Time, on
the other hand, denotes the temporal framework in which these events occur and includes
various temporal markers such as dates, hours, minutes, and seconds. There are different
types of time expression [18].

• Absolute: The time is explicitly stated in the text, such as Sunday, February 11, 2018.

• Deictic: The period depends mainly on the time of speech or document creation. The
phrase "three weeks ago" in a document can be determined by the time or date it was
written.

• Anaphoric: The period is based on the time point mentioned in the text. Anaphoric
temporal expression splits into three fragments: distance (3 months), direction (future
or past), and anchor. For example, Ahmad arrived in Riyadh on 12 May, Fahad the day
before. Therefore, Fahad’s arrival date is contingent upon Ahamd’s arrival, occurring
one day prior.

• Duration: It describes an interval of time and how long the events take, for example,
nine months.

• Set: Declares the regularly periodic times, for example, every Tuesday.

Finally, temporal relations describe the way in which events are related to one another
in time, such as their sequence, duration, simultaneity, or causality. Temporal relations are
categorized into three main categories [60]:
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• Temporal Relation (TLINK): Represent the temporal relationship between two events,
an event and a time or two times. For example: She submitted the report last week.

• Subordinate (SLINK): Used for modality, evidential, and factual realtions. For example:
She refused to submit the report.

• Aspectual (ALINK): Only between two events, describing an aspectual connection.
For example: She finished writing the report.

Temporal text understanding tasks are critical for many NLP applications, including infor-
mation extraction, question answering, and summarization. The development of these tasks
has progressed from rule-based systems to sophisticated deep learning models, significantly
improving accuracy and scalability. Key temporal text understanding tasks include: temporal
annotation, temporal normalization, event extraction and temporal relation extraction.

For automatic annotation of temporal expression in text, the most widely used method
is TimeML4 which was introduced in 2002. It is an XML-style markup for temporal
information in natural language texts and has become an ISO standard. The four types of
temporal expressions captured in the TIMEX3 (TimeML) are time, date, duration, and set.
TimeML annotates temporal relations based on the three types described in the previous
paragraph.

In order to evaluate the temporal expression annotation, precision and recall are used, as
well as accuracy [18]. These metrics, along with their detailed explanations, are provided in
Section 4 of this chapter.

2.7 Temporal Reasoning

Temporal reasoning involves deducing new relationships between events based on existing
knowledge and their temporal connections. It is generally categorized into two main types
based on how time is represented [27]:

• Quantitative Temporal Reasoning: This approach relies on precise, numerical time
labels (or timestamps) to understand events. For example, it uses specific times like
"event A starts at 01:31 and ends at 02:03" to make conclusions about temporal
relationships.

• Qualitative Temporal Reasoning: This approach focuses on the relative timing of
events rather than exact timestamps. It uses relative terms like "event A occurs before

4http://www.timeml.org
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event B" or "event C happens during event B" to draw inferences about the sequence
and overlap of events.

Allen’s Interval Algebra and Qualitative Spatio-Temporal Reasoning fall under the category
of Qualitative Temporal Reasoning, as described below:

Allen’s Interval Algebra

Allen’s Interval Algebra is of the foundational formalisms in logical temporal. Allen’s interval
algebra (IA), proposed by James F. Allen in 1983, provides a framework for representing
and reasoning about temporal intervals and their relationships, for English [3]. It defines 13
basic relations that can exist between two time intervals, such as "Before," "After," "Meets,"
"Overlaps," and "During." These temporal relations help in understanding how different
events are positioned relative to each other in time. Figure 2.3 demonstrates the basic
relations and depicts how two events, x and y, are interconnected based on Allen’s framework.
Real-line intervals are used to represent entities and encode potential relationships, with an
emphasis on the qualitative relationships between time intervals.

Qualitative Spatio-Temporal Reasoning

Qualitative Spatio-Temporal Reasoning (QSTR) involves reasoning about spatial and tempo-
ral relationships using qualitative terms rather than precise measurements [70]. It aims to
understand and infer spatial and temporal relationships in environments where numerical
data may be sparse or unavailable. QSTR provides a framework with abstract terms such as
’before’, ’after’, ’near’ and ’far’. As a constraint language for qualitative time representation
and reasoning, Allen [3] proposed Interval Algebra (IA) [70]. on the other hand, for the
spatial, The Region Connection Calculus (RCC), as proposed by Randell et al. in [63], is a
tool for mereotopological space reasoning and qualitative space representation. In particular,
this theory is based on the primitive relation of connection and takes into account regions in
any arbitrary topological space along with potential relationships among them [70].

In practical scenarios, pinpointing the exact start and end times of events can be challeng-
ing [27]. Instead, one might assess that event A occurs before event B with a probability or
degree of certainty, such as 0.7. This estimation reflects the inherent uncertainty in defining
temporal relationships. In the context of Temporal Common Sense Understanding (TCU),
handling such uncertainties is crucial. TCU aims to model and infer temporal relationships
between events, often dealing with imprecise or vague temporal information. Deep learning
models play a significant role in this process by learning from large datasets to predict and
understand temporal relationships with varying degrees of certainty. These models can be
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Figure 2.3 Allens Temporal Logic 13 Base Relations. Source [22]

trained to handle such probabilistic estimates and integrate them into their temporal reasoning
capabilities, improving their performance in real-world scenarios where exact temporal data
may not be available.

2.7.1 Logical Temporal Reasoning

Logical inference involving events in time and space might theoretically follow the same
principles as other logical inference [27]. However, practical experience reveals that applying
standard logical methods to temporal reasoning often leads to significant inefficiencies [27].
As, classical logic operates under the assumption of a static world where formulas have fixed
truth values [27]. In contrast, real-world systems are dynamic, and temporal statements can
change their truth values over time.

There are two types of tasks related to event temporal reasoning: information extraction
(IE) and machine reading comprehension (MRC). Information extraction encompasses event
extraction as well as relation extraction. In contrast, MRC focuses on selecting the correct
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answer for a temporally related quuestion.The scope of this thesis is MRC. The MRC task
has been thoroughly described earlier in section 2.4.

2.8 Arabic Temporal Text

Constructing a robust framework to annotate temporal information in Arabic texts is essential
for the enhancement of different NLP applications for Arabic content. TimeML standards
for the Arabic language have been constructed by Haffar et al.[31], addressing the linguistic
and cultural considerations. There are multiple efforts to improve the annotating standard for
Arabic temporal text [31].

2.8.1 Challenges of Arabic Temporal Text Understanding

The difference between how Arabic and English express temporal information can make it
challenging to compare temporal common sense understanding in the two languages. The
Arabic language is known for its richness and complexity. Below are some of the challenges
that machines may face in understanding Arabic temporal text.

• Arabic is a complex language in which diacritics represent short vowels, but in MSA
they are often omitted. This lack of diacritics causes numerous ambiguities [30, 13].
For instance, the same word "I. ë

	
X" without diacritics, can have these two different

meanings: “gold” if it is diacritised “I.
�
ë
�	
X” or go-went if it is diacritised ”I.

�
ë
�	
X” [13].

This issue, which leads to ambiguity, is not present in English as English does not use
diacritics.

• Additionally, an Arabic date can be represented using either the Gregorian calendar,
the Hijri calendar or both simultaneously. The Hijri calendar, also known as the
Islamic calendar, is a lunar calendar that includes 12 months in a year with either 354
or 355 days. There are various methods to represent the Gregorian month names in
Arabic, including using phonetically correct English or Arabic names [12].For example,
"January" can be written as "QK
A

	
JK
" (Janāyer) or phonetically as "ø



P@ñJ


	
K Ag. " (Jānyuwārı̄).

• Another challenge arises from the dual usage of Hijri month names as personal names
[12]. The names Rajab, Shaaban, and Ramadan an refer to either a month or a person.
Additionally the Eid, which is an Isalmic holiday can also refer to a person name. For
example, in the provided sentence, the term " 	

àA
	
�ÓP" is open to interpretation as it can

denote either an individual’s name or the Islamic month of Ramadan: "The family is
happy with the arrival of Ramadan" 	

àA
	
�ÓP Èñ

	
kYK.

�
èYJ
ª�

�
èQå�



B@.
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• Another difference between Arabic and English is the use of temporal adverbs. In this
aspect, Arabic has a wider variety of temporal adverbs than English. For example, the
Arabic adverb "ÉJ.

�
¯" (‘before’) can refer to events which happened before the present

moment, events which occurred before a specific time, or events which happened
before another event. For instance:

– �
é
	
JÓA

�
JË @

�
é«A�Ë@ ÉJ.

�
¯
�
é�PYÖÏ @ úÍ@



�
IJ.ë

	
X , ("I went to school before 8 o’clock")

– èYË@ð É��

	
à


@ ÉJ.

�
¯ éJ.k. @ð úæî

	
E


@ , ("He finished his homework before his father

arrived")

– �
H@ñ

	
J�

�
HC

�
K ÉJ.

�
¯
�
é»Qå

�
�Ë @ ú




	
¯ ÉÔ«



@

�
I

	
J» , ("I was working at the company three

years ago")

– QîD
�
�


@
�
èY« ÉJ.

�
¯ H. A

�
JºË@ @

	
Yë

�
H


@Q
�
¯ , ("I read this book several months ago")

While the English adverb "before" can also order two events in the past or present,
such as "I went to school before 8 o’clock" and "He finished his homework before
his father arrived," it does not encapsulate all the nuances and contexts that "ÉJ.

�
¯" can

in Arabic. For example, "before" does not as naturally express time periods without
additional context, such as "I was working at the company three years ago" or "I read
this book several months ago," where Arabic can use "ÉJ.

�
¯" directly to convey these

time frames.

As previously mentioned, Allen’s temporal relations provide a formal structure to
understand these nuances. For instance, the "Before" relation in Allen’s framework
can map directly to sentences like "I went to school before 8 o’clock." However, the
richness of the Arabic adverb "ÉJ.

�
¯" extends to various temporal contexts, showing

intervals spanning past periods. This highlights the complexity and depth of temporal
understanding required for accurate natural language processing in different languages.

Although English also shows ambiguity, it appears in a different way because of its
sequential morphology and spelling patterns. An example of ambiguity in English is that
identical words can possess multiple meanings.

2.9 Temporal Question Answering System

According to the literature, most of the studies assessing machines’ ability to understand
temporal text have been applied within the context of Question Answering (QA) systems.
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Researchers have tackled different types of QA including reading comprehension and knowl-
edge base QA systems. Temporal question answering means the ability to answer any
temporal-based question. This encapsulates extracting the temporal information and requires
some reasoning. Various questions can be made regarding temporal aspects, such as the time
at which an event occurs or its frequency. Additionally, one may inquire about the duration
of the event, the temporal relationship between events, or the order in which they occur.
Questions that commence with terms such as "when," "how long," "how often," or "what
happened after or before a specific event" are categorized astemporal questions.

Challenges Of Temporal Question Answering Temporal reasoning is challenging, and
some questions require reasoning. Temporal reasoning is also complicated because some
events are vague [67]. Meng et al. [50] proposed using Long Short-Term Memory (LSTM)
networks to enhance temporal relation extraction by leveraging the shortest dependency
path between entities in a sentence. Their approach involves applying a double-checking
mechanism to ensure the accuracy of the extracted dependencies and using pruning techniques
to remove irrelevant information. By focusing on the shortest dependency path, their method
effectively captures the most relevant syntactic relations, leading to more accurate temporal
relation extraction at that time. The task is extracting temporal relations from text, including
(1) event extraction and (2) TLINK classification (Intra-sentence, cross-sentence, DCT
(Document Creation Time), relation between TimeEXes). In order to evaluate the proposed
methodology, Meng et al. [50] used two types of evaluation: intrinsic and extrinsic. Intrinsic
evaluation measures the performance of the model on a specific, isolated task, such as the
accuracy of temporal relation extraction. Extrinsic evaluation, on the other hand, assesses the
impact of the model’s performance on a broader application or end task, such as its effect
on an overall NLP system. For the extrinsic evaluation, yes/no questions were used. This
resulted in achieving the state of the art by a large margin for QA. This evaluation is about
the accuracy for answering the targeted questions.

Jia et al.[40] has introduced TemQuestions dataset. The dataset has been extracted from
three knowledge base question-answering (KB-QA) datasets: Free917 [15], WebQuestions
[9] , and ComplexQuestions [7]. The answer sets for these datasets are based on Freebase,
a large collaborative knowledge base that was created to enable users to build structured,
searchable databases. Although Freebase is no longer maintained and its data has been
migrated to Wikidata5, it has historically been widely used as a source of ground truth for
training and evaluating QA systems. The release of these datasets has been followed by an
implementation of the Temporal QA system called TEQUILA by Jia et al.[40]. The main

5https://www.wikidata.org/wiki/Wikidata:Main_Page
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limitation of TEQUILA is that it is a rule-based approach. TEQUILA has four stages: First, it
detects temporal questions. Then, it decomposes and rewrites the question into subquestions
and temporal constraints. After that, it retrieves the answers for the subquestions from the
underlying KB-QA engine. Finally, it uses constraint reasoning on temporal intervals to
compute the final answers to the main question.

2.10 Common Sense Understanding

Commonsense reasoning, which relies on world knowledge encompassing spatial and tem-
poral relations, physical laws, causation, and social norms, is part of human intelligence
[65]. Yet, embedding this type of common sense reasoning into artificial intelligence (AI)
systems, poses a significant challenge. Although neural networks excel at learning patterns
from extensive datasets, the essence of common sense reasoning for humans often transcends
the need for such examples. Instead, humans acquire the knowledge necessary for common
sense reasoning through everyday experiences and interactions with the world around them.

This domain has captivated numerous researchers within the AI community, leading
to a significant surge in studies focused on integrating common sense reasoning into AI
systems. The growing interest underscores the field’s potential to bridge the gap between
human and machine intelligence, heralding a new era of AI capabilities that mirror the depth
and complexity of human thought [65].

The studies can be categorized into different types:

• Common sense representations.

• Analysing the PLMs in terms of the common sense understanding.

• Incorporate common sense knowledge into PLMs.

Knowledge Graphs (KG) or Knowledge Bases (KB) are used in Natural Language Under-
standing (NLU) works to enhance model performance. In particular, large knowledge bases
(KBs) like ConceptNet [61, 62] is incorporated into the architectures of common sense
reasoning works [64, 65, 66]. The following list emphasizes the knowledge bases particularly
utilized for common sense reasoning, as well as those employed in temporal reasoning.

• ConceptNet [71]: Created by the MIT Media Lab in 2017 by Speer et al. [71]. Con-
ceptNet is a semantic network created with the purpose of aiding in the comprehension
of word meanings by computers, as utilized by humans. ConceptNet has been ex-
tensively used in common sense reasoning studies such as Bian et al. [10], where
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it was integrated with BERT for the common sense question answering task using
the CommonsenseQA dataset [72], resulting in improved context understanding and
reasoning capabilities. ConceptNet has also been utilized for temporal reasoning by
providing relational knowledge about events and time.

• ATOMIC [64]: Developed by the Allen Institute for AI, ATOMIC is a large-scale
common sense knowledge graph that provides inferential knowledge about everyday
situations. Wang et al. [77] employed ATOMIC in various common sense question-
answering datasets and suggested a method for data augmentation. The findings
surpass the studies that were conducted up to that point.

• COMET (Commonsense Transformers) [11]: Based on ATOMIC and ConceptNet,
COMET was developed by the Allen Institute for AI to generate common sense knowl-
edge for NLP models. COMET was applied to generate common sense knowledge,
significantly improving the performance of models on common sense reasoning tasks
such as story completion and next event prediction [11].

2.11 Temporal Common Sense Understanding

Temporal common sense understanding refers to the task where the model must comprehend
texts that encapsulate temporal information based on real-life knowledge not provided in
the context. The temporal information can be categorized into the following types: event
duration, event ordering, the typical time of the event, frequency of the event, and the
stationarity of the event [83]. The list below explains each category:

• Event Duration: This refers to the length of time an event lasts. For example, "The
conference lasted for three days" or "The movie runs for 120 minutes." Understanding
the duration of the event helps to schedule and manage tasks.

• Event Ordering: This involves the sequence in which events occur. For instance,
"She finished her homework before going to bed" or "The meeting was scheduled after
lunch." Event ordering is crucial to understanding causality and planning.

• Typical Time of the Event: This category specifies the common or expected time at
which an event usually occurs. For example, "Breakfast is typically served at 7 AM"
or "The annual festival is held in October." Knowing the typical time of events helps to
predict and organise activities.
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• Frequency of the Event: This describes how often an event happens. Examples
include "He goes jogging every morning" or "The company releases quarterly reports."
Frequency information is important for routine planning and resource allocation.

• Stationarity of the Event: This pertains to whether an event remains consistent or
lasts over a long term. For instance, "The store opens at 9 AM every day" indicates
a stationary event, whereas "The store hours change every season" indicates a non-
stationary event. Another example could be "The climate in this region has been stable
for decades" versus "The project’s timeline is frequently adjusted." Stationarity helps
in understanding the stability and predictability of events over time.

There are a few studies in this field. Most of the studies are in English. The following
chapter covers the list of datasets, specifically focusing on temporal reasoning and temporal
common sense understanding. In this section, the studies that have been conducted in this
area will be covered. Building on the research in common sense understanding, several
studies have incorporated external knowledge bases to boost the temporal common sense
comprehension of models. For instance, Gosal et al. [25] utilized ATOMIC and CONCEPT-
NET to enhance the temporal common sense understanding (TCU), resulting in improved
sentence ordering across multiple datasets.

Limited research has endeavored to construct language models that are especially tailored
for TCU. This idea originated from the observation that the complexity of TCU tasks was not
sufficiently addressed by the PLMs. It was discovered by researchers that PLMs frequently
had difficulty identifying and acquiring temporal dimensions, which made explicit temporal
data training models necessary. The following are instances of such initiatives, which seek to
close this gap by enhancing language models’ capacity for temporal reasoning through the
use of specialized training methodologies and datasets.

• TACOLM [84].: The shortcomings of PLMs in handling the TCU task are highlighted
by this study, especially in terms of their inability to detect and incorporate temporal
dimensions. In order to bridge this gap, the researchers suggest adding a second
pre-training phase that is intended to provide temporal-related data to the models. Two
approaches were used to create the dataset for this enhanced pre-training phase: first, a
large corpus of explicit mentions of TCS was created by designing syntactic rules to
gather a significant amount of data from an unannotated corpus. Furthermore, a joint
learning scheme was proposed to tackle the problem of reporting biases in common
sense information extraction. These methods concentrate on the temporal reasoning
abilities of the model. The duration, frequency, and typical time of TCS inference are
three significant dimensions that are examined in this paper [84].
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• ECONET [32]: This work aimed to develop temporal language models for the purpose
of improving event sequencing tasks. The continuous training methodology used in
this work is inspired by ELECTRA [16], with a particular focus on applying a focused
masking technique to direct the model’s attention to temporal elements. In the context
of ECONET, this targeted masking strategy involves masking some temporal terms
and related contextual terms so that the model can focus on temporal relationships
during training. This method enhances the model’s ability to identify and understand
the sequence of events within a narrative [32].

• A third language model: [45] proposed for the TCU task also utilizes a continual
training approach but introduces a different target masking strategy and employs
various temporal-related datasets. It’s important to note that this study did not construct
its dataset but instead utilized available temporal datasets, which distinguishes its
methodology from others [45]. This study’s advantage over TACOLM and ECONET
lies in its comprehensive coverage of all temporal dimensions. Additionally, it utilizes
pre-existing temporal-related datasets instead of creating a new one.

Furthermore, the study by Virgo et al. [76] demonstrates that the recent PLMs have yet
to reach the level of human performance in this particular task which is Event Duration
task. Due to the limited training data, which only covers a finite number of events and their
associated attributes. The study emphasize the crucial demand to incorporate external event
duration information to enhance this task’s effectiveness. Thus, a new QA dataset for event
duration from an existing dataset have been constructed. Then, this dataset is used for the
intermediate task in the adaptive fine tuning approach. While Kimura et al. [45] used the
existing dataset as it is. Also, In study of virgo et al. [76], the focus is only on the event
duration, while [45] studied all Temporal Understanding aspects.

Through the exploration of alternative training methodologies and the construction of
specialized datasets, these studies seek to boost the models’ proficiency in grasping and
processing temporal information. Despite the challenges associated with building language
models, nor constrcting dataset, the outcomes from all these proposed studies still fall short
of the performance levels achieved by more advanced PLMs.

Furthermore, several adaptive fine-tuning techniques have been explored for the English
MC-TACO dataset ([44] , [43]) and adversarial fine-tuning [56]. However, according to the
leaderboard 6, these techniques perform worse than the DeBERTa-Large model [33], which
utilizes the vanilla fine-tuning paradigm.

6https://leaderboard.allenai.org/mctaco/submissions/public



2.12 Summary 41

Some attempted to improve the performance by applying a preprocessing for the dataset.
By analysing the outcome of the PLMs and finding that some errors could be mitigated by
normalising the temporal feature. Two primary normalization techniques have been applied:

• Unit normalization is a process that extracts temporal expressions from candidate
answers and converts them into standardized units [83]. For instance, the expression
"30 months" would be transformed into "2.5 years." This normalization ensures that
different temporal expressions are uniformly represented, facilitating more accurate
comparisons and understanding by the model. Another example includes converting
"7 days" to "1 week," or "60 minutes" to "1 hour." By standardizing these temporal
expressions, the model can more effectively comprehend and process temporal infor-
mation, leading to improved performance in tasks involving temporal common sense
understanding.

• Duration normalization, particularly within the "Event Duration" category, often deals
with the challenge that the exact duration of an event is not always precise but rather
falls within a range [41]. For example, instead of stating that a meeting lasted exactly
"60 minutes," it might be more accurate to say it lasted "about an hour" or "between
50 and 70 minutes." Similarly, the duration of a vacation could be described as
"approximately two weeks" or "10 to 15 days." This approach acknowledges the
inherent uncertainty and variability in event durations, allowing models to better
handle and interpret temporal information by considering intervals rather than fixed
values.

Unit normalization have used with BERT [83]. While in another study, time normalization,
which includes unit and duration normalization, has been applied with T5 [41]. T5 is encoder -
decoder architecture not like BERT [62]. Despite the fact that the margin of enhancement was
not promising. The normalization is language dependant and also it is based on hand-coded
rules.

All of the suggested techniques have been surpassed by DeBERTa-v3. Yet, DeBERTa’s
performance still falls significantly short of human performance on the same task. This gap
emphasises the complexity of temporal reasoning in NLU and the ongoing need for research
to refine and enhance the capabilities of language models in this critical area.

2.12 Summary

This chapter provides an overview of the essential concepts addressed in the thesis. The
discussion begins by delving into the temporal features and the difficulties associated with
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temporal understanding in both Arabic and English, offering a comprehensive analysis.
Furthermore, the evaluation of temporal understanding involves the utilization of a reading
comprehension dataset, which is explained in this section. Additionally, the chapter explores
the reading comprehension task, shedding light on its intricacies. In terms of the models
employed in the thesis, a thorough explanation is provided for all the deep learning models
that have been adopted. Lastly, the chapter offers a detailed presentation of the PLMs.
To conclude, the selection of the model depends on the desired performance, the task’s
complexity, and the computational resources that are accessible.



Chapter 3

Constructing Arabic Temporal Common
Sense Dataset

3.1 Introduction

Temporal Common Sense Understanding (TCU) is an integral component of the broader
endeavor to comprehend common sense in natural language. Despite its importance, the
availability of resources dedicated to this aspect in English is limited, and remarkably, there
is an absence of datasets in Arabic tailored to this specific domain. Currently, the only dataset
in Arabic that touches upon common sense understanding is essentially a translation from
English, focusing on common sense validation [73]. This gap significantly limits the ability
to effectively evaluate the performance of transformer-based models in grasping Arabic
temporal common sense. For the objectives of this study, namely assessing and improving
the efficacy of transformer-based models in Arabic TCU, it becomes imperative to construct
a dataset.

Furthermore, the construction of an Arabic TCU dataset represents a crucial step forward.
Such a dataset would not only facilitate the specific evaluation of transformer-based models
in the Arabic linguistic context but also contribute significantly to the field by providing a
foundational resource for future research endeavors. The construction of this dataset, while
challenging, promises to be a valuable addition to Arabic NLU resources, enabling more
nuanced and culturally relevant understanding of temporal common sense in Arabic.
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Dataset Temporal Feature Size Task Description

MATRES Event Ordering 20 K Classification

UDST-DurationQA Event Duration 6 K Classification

TimeDial Typical Time 1.1 K Multiple Classification

TNLI Stationarity 10.7 k Natural Language Inference

TimeQA Typical Time 15 K Question answering
Table 3.1 List of the Available Datasets

3.2 Temporal Related Datasets

Temporal Common Sense Datasets

This section presents a comprehensive list of datasets currently available for temporal
common sense understanding in English. The list comprises different datasets which vary
based on their main temporal features or the specific tasks for which they are designed.

• The MC-TACO dataset constructed in 2019 by Zhou et al. [83] covers all the temporal
features. Further details about this dataset will be provided later in this chapter.

Table 3.1 lists and compares all the available temporal datasets.

3.3 Dataset Construction

The construction of a dataset from scratch is a notably resource-intensive task. This challenge
is compounded in the context of Arabic, where there is a conspicuous absence of temporal-
related datasets and a general scarcity of resources. Given these constraints, the decision to
adapt an existing dataset from English to Arabic was motivated by both practicality and the
unique requirements of our research focus.

The MC-TACO dataset [83] was selected for translation into Arabic due to several key
factors that align with the research objectives. Firstly, MC-TACO is recognized,to the
best of current knowledge, as the only dataset encompassing a comprehensive range of
temporal characteristics, making it exceptionally relevant for our study on TCU. Secondly,
the dataset’s straightforward structure and use of simple sentences render it particularly
amenable to translation, ensuring the preservation of semantic integrity in the process. MC-
TACO was designed as a multiple-choice reading comprehension (MRC) task. The input of
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the model from the dataset consists of three components: an abstract or context, a question,
and a corresponding answer. The model requires the output of a prediction score based
on judgment of the plausibility value of the answer. The score should be close to one if
the candidate answer is valid. The relatively concise nature of the information provided in
the dataset, often encapsulated in three sentences, makes it feasible to employ a translation
tool for the initial construction process. Google Translate was utilized for this purpose,
with subsequent translations subjected to a thorough review by two native Arabic speakers
specialized in proofreading to ensure accuracy and natural language use. The reviewers, who
examined all the inputs individually, were from different Arabic countries, specifically Saudi
Arabia and Morocco, as cultural differences might affect the understanding of the translated
results. Finally, the overall results were reviewed to ensure consistency and accuracy.

The dataset encompasses approximately 13K question-answer pairs, spanning five tem-
poral dimensions, thereby offering a rich resource for exploring various aspects of temporal
reasoning. The temporal dimensions that are included in MC-TACO are explained in the list
below:

1. Event duration: How long does an event last?

2. Temporal ordering: Typical order of events.

3. Typical time: When did an event occur?

4. Frequency: How often do events occur?

5. Stationarity: whether a state is maintained long-term or indefinitely.

Table 3.2 presents the statistical information for both the English and Arabic versions
of the dataset. Table 3.3 presents statistics for temporal features. Furthermore, Figure
3.1 illustrates the distribution of question-answer pairs across different temporal aspects.
The dataset predominantly consists of question-answer pairs related to event duration, with
frequency being the second most common aspect. On the other hand, the coverage of the
stationarity feature is notably low, comprising only 870 pairs (7%).

A sample of the data set is presented in Figure 3.4. This figure provides a comprehensive
overview of different temporal categories, illustrating an example of each one. Additionally,
this figure includes a question along with its corresponding set of answers. The correct
answers are highlighted in bold.
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Measures Arabic English

# of unique questions 1893 1893

# of unique question-answer pairs 13,225 13,225

avg. context length 15.2 17.8

avg. question length 6.5 8.2

avg. answer length 3 3.3

Table 3.2 Dataset Statistics

Category # Unique Context # Unique Questions Avg. # of Candidates

Event Duration 135 440 9.4

Event Ordering 26 370 5.4

Frequency 229 433 8.5

Typical Time 43 371 6.8

Stationarity 73 279 3.1

Table 3.3 Temporal Category Statistics

3.4 Evaluation

Evaluating the state of the art in reading comprehension question answering can be ap-
proached from various angles. Accuracy has been the vital aspect used in each research
project to measure system performance. Reading comprehension question-answering systems
can be evaluated according to different metrics, especially those listed below:

1. Accuracy is a metric that measures how often the model correctly predicts the class
label.

Accuracy =
Correct predictions

All predictions
(3.1)

Accuracy =
True Positive + True Negative

Total Number of Predictions
(3.2)
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Figure 3.1 Percentage of Unique Question-Answer Pairs in each Temporal Category

2. Precision is known as a positive predictive value. This measure is the percentage of
correctly predicted positives out of total positive predictions.

Precision =
True Positive

True Positive + False Positive
(3.3)

3. Recall is considered the sensitivity or true positive rate, the percentage of correctly
predicted positives out of the total number of actual positive examples.

Recall =
True Positive

True Positive + False Negative
(3.4)

4. The F measure is a single metric that trades precision for recall. This factor is the
weighted harmonic mean of precision and recall, where weight is denoted by a variable
β . The default balanced F measure where β= 1 is commonly written as F1, which is
short for Fβ=1.

F =
(1+β 2)∗P∗R
(β 2 ∗P)+R

(3.5)

F1 = 2× Precision ∗ Recall
Precision + Recall

(3.6)

5. Exact Match is a strict version of accuracy where all labels must match exactly for the
sample to be correctly classified. For MC-TACO, the model must correctly predict all
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answers to each question to be considered a correct prediction.

Exact Match =
Total Number of Questions that are Predicted Correctly

Total Number of Questions
(3.7)

6. The standard error (SE)1 is a statistical measure of the reliability and stability of the
model’s performance. When the model is trained multiple times with different seeds,
the SE quantifies the degree to which the model’s performance differs from one run to
another due to the inherent randomness caused by the initialisation and data shuffling
processes. A lower SE indicates that the model’s performance is consistent and stable
across different runs, indicating that the model is more robust and reliable. The SE
provides a statistical basis for the precision of the average performance metric reported
from the runs, enabling more model evaluation.

Standard Error =
Standard Deviation√

N
(3.8)

Where N represents the number of values, which, in this case, corresponds to the
number of runs.

Notably, although the dataset can be viewed as a binary classification task, where accuracy is
a commonly used metric, accuracy may not be the most appropriate metric in this case. The
distribution of labels for the candidate’s responses is approximately one ‘no’ to two ‘yesses’,
implying that a high level of accuracy (or a low error rate) can be achieved even by a model
without real skill that simply predicts the majority class. Consequently, accuracy can be a
misleading metric in this type of dataset. Therefore, based on [83] the two metrics that are
used are: F1 score and the exact match.

3.5 Dataset Split

The dataset split, which is derived from the English dataset[83], consists of a set of develop-
ment with 561 unique questions and 3,783 candidate responses. Additionally, the test set
comprises 1,332 distinct questions and 9,442 candidate answers. Since there is no separate
training split, the development set is utilised for training purposes. Despite the small size
of the development set for training, it is hypothesised that PLMs do not necessitate a large
dataset for training [83].

1https://en.wikipedia.org/wiki/Standard_error

https://en.wikipedia.org/wiki/Standard_error


3.6 Summary 49

A recent study by Ghosal et al. (2022) revealed that the most efficient strategy for a
multiple-choice reading comprehension task is to evaluate each answer individually and
determine its correctness [26]. This study utilised the mentioned approach. The decision was
influenced by various factors, including the differing number of responses for each question
in the dataset. Additionally, all prior research conducted on this dataset employed the same
strategy, which [26] confirmed to be effective.

3.6 Summary

This chapter has discussed the creation of the Arabic dataset. Additionally, the chapter has
provided a detailed explanation of the dataset statistics, the sample, and the evaluations.

Creating a dataset specifically designed for Arabic can significantly enhance the accuracy
and performance of natural language processing models. However, the process of developing
such a dataset can be demanding and resource-intensive, making it a costly endeavour for
individual researchers.
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Table 3.4 Sample of the Dataset.
Each row targets one temporal aspect from the five aspects covered by the original dataset. An
example context for each aspect is provided from both the English and Arabic datasets. The English
column is from the MC-TACO dataset and includes five different contexts, each representing one
aspect. For each context, the question along with all candidate answers is provided, with the correct
answers in bold. Note that there may be more than one correct answer for a question, and the number
of answers for each question varies. The Arabic column is from the translated dataset.



Chapter 4

Deep Learning Models for Temporal
Common Sense Understanding

4.1 Introduction

This chapter is an exploratory study of the effectiveness of the deep learning models for the
TCU task. Prior to the introduction of transformer-based models in 2019, natural language
processing (NLP) tasks primarily relied on a wide range of deep learning models involving
different architectures and word embeddings. The choice of the most suitable model for a
particular task was crucial and depended on the task. Thus, NLP researchers and practitioners
had to experiment with various models and embeddings to achieve the desired results.
Nevertheless, at the time of writing, transformer-based models have gained popularity in
various NLP tasks due to their remarkable performance, making them the preferred choice
for most NLP tasks.

4.2 Experiments

The architecture proposed in this study is based on the symmetric architecture proposed
by Nicula et al. [53], as shown in Figure 4.1. The proposed network architecture has been
modified to effectively capture all relevant information from the three inputs. Specifically,
cross-attention has been incorporated to capture the relevant information between the inputs.
Additionally, the cosine similarity matrix, which is not applicable to the dataset because there
is no similarity between the three inputs, has been removed. Unlike reading comprehension
tasks, where the goal is to find similarity between the answer and the context or question,
common sense tasks are focused on reasoning rather than similarity. To thoroughly explain
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the model’s behaviour in temporal commonsense understanding, Figure 4.2 illustrates the
proposed architecture.

Figure 4.1 Symmetrical Architecture [53]. C: Context, Q: Question, and A: Candidate
Answer.

Figure 4.2 Proposed Architecture
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The components of the system are explained here in detail, thoroughly illustrating their
underlying structure and functions.

1. Embedding Layer: responsible for mapping individual words to a vector space of
high dimensionality. The shared parameters of this layer are utilised for context, ques-
tion and answer. For embedding, pre-trained GloVe word vectors of 256 dimensions
are employed, and these vectors remain unchanged throughout the training process.
There are three levels of embeddings: character embeddings, word embeddings, or
sentence embeddings. According to Baradaran et al., most reading comprehension
studies apply word embedding [8]. Additionally, some investigations have demon-
strated that using pre-trained word embeddings to initialise word vectors yields more
precise outcomes than the arbitrary initialisation technique [8]. Beyond this, character
embedding is appropriate for out-of-vocabulary words. Some studies have suggested
concatenating word embeddings with character embeddings to improve performance.
Recently, after the release of contextualised word embedding and large language
models, concatenation has rarely been used. For the Arabic dataset, AraGloVe is used.

2. The Encoding Layer: contains three encoders for context, question and answer,
respectively. Each encoder consists of an essential building block: a bidirectional
LSTM or GRU followed by a dropout layer to avoid overfitting. A bidirectional
encoder is applied, allowing the hidden states to receive information from the future
(not only from the previous state). Experiments are conducted with GRU and LSTM
to measure the effectiveness of both.

3. Attention Layer: captures the interaction between question, answer and context and
represents it as a new context sequence. To achieve this sequence, three cross-attention
layers were used:

(a) Between Question and Answer

(b) Between Question and Context

(c) Between Context and Answer

Two distinct attention mechanisms have been utilised, and the outcomes are compared.
Luong’s multiplicative style [48] and Bahdanau’s additive style [6] draw attention.
Both attention has been designed for the machine translation task.

4. Relevance score: The model outputs a score, which is relevant to the accuracy of the
answer provided. That is, if the score is high, the label which classifies the candidate’s
answer is true.
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Model
English Arabic

F1 Exact-Match F1 Exact-Match

Bi-LSTM + Additive
attention

18.9 17.34 25.51 17.72

Bi-GRU + Additive at-
tention

19.86 17.42 32.26 18.39

Bi-LSTM + Temporal
Aspect + Additive at-
tention

20.52 17.64 17.48 17.42

Bi-GRU + Temporal
Aspect + Additive at-
tention

29.98 17.04 17.42 17.52

Bi-LSTM + Multi-
plicative attention

19.22 17.64 18.74 17.72

Bi-GRU + Multiplica-
tive attention

23.84 17.94 25.31 18.17

Bi-LSTM + Temporal
Aspect + Multiplica-
tive attention

21.86 17.79 18.81 17.79

Bi-GRU + Temporal
Aspect + Multiplica-
tive attention

20.08 17.87 17.42 17.42

Table 4.1 Results of the Deep Learining Models

4.3 Results

Table 4.1 displays the results obtained by the experiments. The results compared to the
‘Always Negative’, ‘Always Positive’ benchmarcks, and the BERT baseline. According
to these findings, none of the models demonstrate a sufficient understanding of the task
because all metrics are close to the ‘Always Negative’ benchmark. Although the input has
been enhanced by incorporating the temporal aspect, the improvements are not significant
enough to discourage further attempts at enhancement. Thus, it might be more beneficial to
concentrate on transformer-based models because they have greater potential for improving
task understanding than deep learning models.

The results of the models are presented based on the temporal categories in Figure4.3.
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Figure 4.3 Results of the Different Deep Learning Models. Y represents F1 score.

From the results that depicted on Table 4.1 and Figuer4.3, it is evident that the model
performs better in Arabic compared to English when temporal features are excluded from the
input. This disparity can be attributed to the quality of the pre-trained embedding AraGloVe
in contrast to its English counterpart. Arabic GloVe embeddings (AraGloVe) may offer
richer and more informative representations for Arabic text due to their training on a larger
corpus or better capturing the linguistic nuances of the Arabic language. Additionally, the
larger embedding dimension of 300 in AraGloVe provides more expressive power compared
to the English counterpart, which may contribute to the improved performance in Arabic
classification tasks. Moreover, additive attention significantly contributed to the effectiveness
of the models with the Arabic dataset. Arabic text often contains complex syntactic and
semantic structures, and the additive attention mechanism helps the model focus on relevant
parts of the input sequence, enhancing its ability to discriminate between important and
less important information. This attention mechanism may be particularly beneficial for
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Arabic due to its morphological complexity and varying word order. On the other hand,
multiplication attention proved to be more effective for English. English text tends to have
more straightforward syntactic structures and less morphological complexity compared
to Arabic. Multiplication attention might be better suited for English due to its ability
to capture interactions between different parts of the input sequence, which can be more
prevalent and influential in English text. This attention mechanism enables the model to
weigh the importance of different words or phrases based on their interactions, leading to
improved performance in English classification tasks. The main findings from the extensive
experiments are as follows:

• GRU demonstrates superior performance for both Arabic and English datasets. This
may be because GRUs are better at capturing long-range dependencies and preserving
information over longer sequences compared to LSTMs.

• Additive attention proves to be more effective for Arabic, whereas multiplication atten-
tion is more suitable for English. The preference for additive attention in Arabic may
be due to its ability to better capture the contextual nuances and complex structures of
Arabic text, while multiplication attention works better in English due to its capability
to capture interactions between different parts of the input sequence.

• Incorporating temporal features improves performance in English, whereas it has the
opposite effect in Arabic. This discrepancy may arise from differences in the temporal
characteristics of English and Arabic text, highlighting the importance of considering
language-specific features in model design and evaluation.

4.4 Summary

This section employed various deep learning models and diverse word embeddings. Despite
extensive efforts, none of the outcomes satisfied the required standards. This shortcoming
could be attributed to the difficulty of the task, the scarcity of data and the absence of temporal
common sense knowledge. The dataset size was relatively small for the deep learning models.
Furthermore, the proposed training split was only 3,783 question-answer pairs.



Chapter 5

Temporal Common Sense
Understandings Using Transformers

5.1 Introduction

Understanding temporal common sense is difficult, as discussed in previous chapters. Certain
studies have been conducted on English language datasets, such as the MC-TACO dataset
[83]. However, there have been limited studies on this dataset, and a leaderboard has
been established by Allen Institute to compare the performance of different models with
human performance. There is a notable gap between submissions and human performance.
Based on the rankings, DeBERTa-large surpasses all previous efforts. Consequently, it
could be useful to investigate the performance of multilingual pre-trained language models
(PLMs) on both Arabic and English datasets. In this vein, the multilingual model is a model
capable of handling multiple languages and is trained on data from various languages. The
performance of multilingual pre-trained language models (PLMs) varies depending on the
specific language. This is because the dataset used for pre-training is not evenly distributed
across all the languages covered by the models. Additionally, the quality of the dataset may
also vary depending on the language. By comparing the results between the two languages
and with the state of the art (SOTA), useful insights may be gained. Different models have
been investigated, and the results of the two versions of the dataset were compared and
analysed.
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5.2 Related Works

The initial PLM utilised for Mc-TACO is BERT, as mentioned in [83]. The results obtained
from BERT fell significantly below the performance achieved by humans. Consequently,
a pre-processing step involving unit normalisation is implemented on the dataset, leading
to an improvement in performance. Subsequently, RoBERTa is introduced and applied to
the dataset without pre-processing [83]. The results obtained from RoBERTa surpass those
obtained from BERT with unit normalisation. Since then, various PLMs have been tested. In
a 2020 study conducted by Kaddari et al., T5 was used and produced better results than other
models [41]. Furthermore, a rule-based duration normalisation was suggested and applied
during data preprocessing. The results indicated that this strategy outperformed other models
without duration normalisation. However, the enhancement of the proposed normalization
was only by a slight margin.

Finally, applying DeBERTa-Large without any kind of preprocessing outperforms all
models by a significant margin. Thus, PLMs might be successful even without rule-based
processing. Additionally, applying rule-based pre-processing is highly dependent on language.
Also, this process is prone to errors, and creating rules which encompass all possibilities is
an intensive task due to the manual coding involved.

5.3 Experiments

Various experiments were conducted using different PLMs. Multilingual PLMs and Arabic
versions of BERT were applied to understand the Arabic dataset. After this, a detailed
comparison and analysis of the results of the models were presented. Two Arabic versions of
BERT were adopted: AraBERTv2 and CAMeLBERT. AraBERTv2 is the latest version of
AraBERT, which was initially introduced by Antoun et al. [4]. This model was selected over
other Arabic versions of BERT due to its superior performance, as evidenced by the model
card on Hugging Face 1 and research conducted by Alammary et al. [1]. This study involved
text classification specifically for the Arabic language. In this investigation, AraBERTv2
exhibited better outcomes than XLM-RoBERTa. The CAMeLBERT model [38], developed
by CAMeL Lab at New York University Abu Dhabi 2, was not included in the analysis
conducted by [1]. It would be valuable to compare this model with the current leading
Arabic BERT model. Furthermore, the performance of AraBERTv02 is better than that of
CAMelBERT, according to [38]. However, CAMeLBERT was the second-best model among

1https://huggingface.co/aubmindlab/bert-base-arabert
2https://huggingface.co/CAMeL-Lab
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all Arabic versions of BERT, based on research conducted by CAMeL Lab [38]. Therefore,
it is worthwhile to compare these two models for this task. In this vein, CAMeLBERT
has different versions. CAMeLBERT-msa was selected among all others because the target
dataset is written in MSA Arabic. Notably, AraBERT and CAMeLBERT are different from
any multilingual models because they are tailored for Arabic. AraBERT, CAMelBERT and
multilingual BERT all have the same architecture because they are derived from the original
BERT with some modifications. Table 5.1 shows simple comparisons between these three
BERT models. According to inoue et al. [38], pretraining data size may not be an important
factor in fine-tuning performance.

In this study, multilingual BERT was selected because it was the baseline model for the
original dataset, and numerous versions of BERT have been designed specifically for the
Arabic language. Additionally, mDeBERtav3 and XLM-RoBERTa were specifically chosen
due to the effectiveness of their original models on the English dataset.

5.4 Results

AraBERT and CAMeLBERT were pretrained exclusively on Arabic datasets. Therefore,
it was expected that these Arabic-specific models would outperform their multilingual
counterparts and multilingual PLMs.However, the results were unexpected; while AraBERT
and CAMeLBERT did outperform mBERT, they did not surpass the performance of XLM-
RoBERTa or mDeBERTav3. The results of these experiments are presented in Table 5.2.

To assess the stability and variability of the system, additional runs were conducted, each
with a different random seed. Three runs were conducted. Each run was independent, with its
random processes, including data shuffling and GPU initialisation, influenced by its specific
seed. From these three runs, performance metrics were observed, and the standard error was
calculated to deduce how much performance varied with the change in seeds. Finally, the
performance metrics reported were based on running the system with a default random seed,
which was equal to 42.

The models were fine-tuned using identical hyperparameters to ensure a fair comparison.
Nevertheless, distinct hyperparameters were employed for each model to guarantee optimiza-
tion. Most of the models achieved their best performance with the chosen hyperparameter
settings.

Based on these findings, all models except XLM-RoBERTa Large exhibited a standard
error below 1. The maximum standard error of 11 was observed for XLM-RoBERTa.
Although 11 is considered high, the F1 range is between 0 and 100, making this value
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Model Vocabulary size # parameters Dataset

mBERT 120K Wikipedia

AraBERT-v2 60K 77GB

Arabic OSCAR corpus

Arabic Wikipedia

1.5B words Arabic Corpus

The OSIAN Corpus

Assafir news articles.

CAMeLBERT-msa 30K 107GB

Arabic OSCAR corpus

Arabic Wikipedia

The OSIAN Corpus

Arabic Gigaword Fifth Edition

Abu El-Khair Corpus
Table 5.1 Comparisons between BERT models

relatively low. Consequently, the models can be considered highly consistent and overall
stable. Figure 5.1 depicts the standard errors for each model.

Based on the results presented in Table 5.2, the multilingual DeBERTa-v3 achieved the
best performance, followed by XLM-Roberta Large. Although AraBERTv02 and CAMeL-
BERT were trained on Arabic datasets, but mDeBERTa-v3 outperformed them significantly.
This may have occurred because the target task required common sense reasoning, sug-
gesting that more advanced models like mDeBERTa-v3 could be necessary, explaining the
performance discrepancy. Factors which can be attributed to the superior performance of
mDeBERTa-v3 compared to other models are as follows:
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Model F1 EM

mBERT 58.12 28

AraBERT-v02 64.46 34.01

CAMeLBERT-msa 61.76 32.51

XLM-RoBERTa-Large 64.99 36.19

XLM-RoBERTa-base 61.77 31.53

mDeBERTa-v3 67.98 38.66
Table 5.2 Results of Applying PLMs on the Arabic Dataset

Figure 5.1 Standard Error for Each Model

1. The depth of the architecture in XLM-RoBERTa-large has 24 layers, twice the number
of layers as mDeBERTa-v3, XLM-RoBERTa base, and mBERT, which all have 12
layers. This difference could indicate that the number of layers might not produce the
best performance.

2. Although BERT and XLM-RoBERTa employ self-attention mechanisms, mDeBERTa-
v3 may incorporate more advanced attention mechanisms specifically designed to
capture precise linguistic dependencies. Consequently, this model can surpass the
others in tasks requiring extensive linguistic analysis, such as the TCU.
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3. This is also evidenced by applying English DeBERTa-v3 Large to MC-TACO, which
achieved state-of-the-art results.

This study compared the performances of AraBERT-v02 and CAMeLBERT, both designed
for the Arabic language. AraBERT-v02 showed better results than CAMeLBERT, possibly
due to the former’s vocabulary size, which is twice that of CAMeLBERT.

Figure 5.2 presents the outcomes of the various models applied to the Arabic dataset. The
F1 score is displayed for each temporal aspect, facilitating an assessment of the effectiveness
of each model. The figure reveals several significant findings, which are summarised below:

• The strength of all the models is the stationarity aspect. All the models scored above
74 in this aspect. mDEBERTa-v3 and XLM-RoBERTa large are scored the same.
Upon analyzing the data, it appears that this particular aspect may be less difficult in
comparison to other aspects. This is mainly because the majority of the responses for
this feature are either yes or no. Furthermore, certain responses are evidently unrelated
and were easily dismissed by the models.

• The duration of the event was the most challenging feature for all models, with a
mean discrepancy of 10 units less than the overall F1-score of each model. Due to
the challenging nature of this aspect, some studies, including Virgo et al. [76], have
suggested that an external source is required.

• Overall mDeBERTa-v3 is the most effective model, but it did not outperform all
models in all aspects, and mDeBERTa-v3 demonstrated superiority in event duration
and frequency.

• AraBERt-v02 and CAMeL-msa demonstrated superior performance to all other models
in the ‘Typical Time’ feature. Notably, the overall effectiveness of CAMeL was lower
than that of the other models. Thus, it was necessary to identify the distinguishing
factor of the typical time feature making the models trained on Arabic datasets perform
better than other models.It might be because the typical time is closely related to the
nature of the culture, making models fully trained on Arabic datasets more effective in
this aspect.

• mBERT had the lowest performance in all categories

Although AraBERT and CAMeL models have different performance levels, it is important
to analyse the differences in their predictions because they have numerous similarities in
model architecture and pretraining datasets. The distribution of prediction percentages across
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Figure 5.2 Models Results- F1 Score for Each Temporal Aspects

different temporal features is illustrated in Figure 5.3. The prediction of the probable order
of events varied significantly between the two models, with most predictions differing by
approximately 30%. Moreover, the percentage of identically incorrect predictions was the
highest. The most similar predictions were those of frequency and event duration.

The results of multilingual PLMS for Arabic are significantly lower than the state-of-the-
art (SOTA). To determine whether the performance differences are statistically significant,
the t-test was conducted [21], comparing the F1-score and Exact Match (EM) metrics of
the models on English and Arabic datasets. This comparison ensures that the performance
differences between the PLMs on English and Arabic are statistically significant.

Hypotheses:

• Null Hypothesis (H0): There is no significant difference in performance between the
English models and the Arabic models.

• Alternative Hypothesis (H1): There is a significant difference in performance between
the English models and the Arabic models.

Interpretation: The independent t-test yielded the results that are displayed in Table5.3
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Figure 5.3 Predictions of AraBERT vs. CAMeLBERT. The y-axis represents the percentage
of outputs based on the total examples that belong to a specific temporal feature.

P-value T-statistic

F1 0.008 6.34

EM 0.0034 8.52
Table 5.3 P-Value for F1 and EM

Given that the p-values for F1 and EM are significantly less than the commonly used
threshold of 0.05 [21], the null hypothesis is rejected. This indicates that there is a statistically
significant difference in performance between the English models and the multilingual PLMs.

5.5 Summary

This chapter covers applying various experiments on the newly translated Arabic dataset. The
aim of the experiments to compare the effectiveness of different PLMs, including multilingual
PLMs and models specifically trained on Arabic datasets, such as the Arabic versions of
BERT.
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The experiments demonstrated a noteworthy finding: multilingual PLMs outperformed
their Arabic BERT counterparts when applied to the Arabic temporal common sense under-
standing tasks. This outcome suggests the potential of leveraging recent PLMs for Arabic
language tasks without necessitating dedicated training on Arabic datasets, indicating that
these multilingual models can effectively compete with language-specific models in the
Arabic context.

The results of multilingual PLMS for Arabic are significantly lower than the state-of-the-
art (SOTA). The independent t-test confirms that the performance of the English models is
significantly better than the multilingual PLMs. This result underscores the challenges and
the need for further research in improving model performance for temporal common sense
understanding in the Arabic language. The findings highlight the significant performance
gap between the two languages. Also, this suggests that the performance of multilingual
PLMs on Arabic cannot be directly compared to models designed specifically for English.
This disparity underscores a significant challenge: the performance of multilingual PLMs in
Arabic does not directly align with that of models designed explicitly for English, reflecting
a performance gap in cross-linguistic applicability.

In response to these findings, subsequent chapters of this study will explore a variety
of approaches aimed at minimizing the performance disparity between English and Arabic.
These efforts are directed towards enhancing the efficacy of multilingual PLMs within the
Arabic linguistic domain, striving to bridge the gap and elevate the performance of these
models to more closely match their English counterparts. Through these explorations, this
study contributes to the broader goal of achieving linguistic parity in NLU systems, ensuring
that advancements in language technology are as inclusive and universally applicable as
possible.





Chapter 6

Zero-shot Cross-Lingual Transfer
Learning

6.1 Introduction

A multilingual model can handle multiple languages and is trained on data from various
languages. On the other hand, a cross-lingual model explicitly learns to understand and
produce text in different languages by mapping representations between these languages [59].
The scope of this concept is extensive and can encompass various tasks. The research applies
a cross-lingual approach, where the language used for training differs from the language of
the testing data.

The motivation to examine the potential transferability of multilingual PLMs between
different languages is to leverage the availability of English datasets not present in Arabic.
Enhancing the model’s comprehension of complex tasks necessitates a substantial dataset,
which is currently unavailable. However, this issue can be addressed by utilising other
temporally related datasets through multi-stage fine-tuning or continual fine-tuning. Given
the unavailability of these resources in Arabic, one solution is to employ cross-lingual transfer
learning to enhance the performance of Arabic tasks.

Due to the small size of the MC-TACO, many recent studies have adopted a multi-stage
fine-tuning approach, including [45, 76, 43, 44]. This process involves using temporal-related
datasets to enhance the model’s understanding of temporal features. Additionally, external
temporal knowledge has been utilised to improve model performance. However, there is
currently no dataset available for the Arabic language. To address this gap, cross-lingual
transfer learning can be employed.
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There is a significant disparity in the availability of datasets and studies between English
and other languages. Therefore, cross-lingual transfer learning is a viable approach to
leverage the resources available for English and apply them to other languages for various
tasks. Specifically, for the task of common sense understanding, cross-lingual transfer
learning is crucial, as acquiring a common sense knowledge base is a challenging and
time-consuming endeavour.

Various approaches and models are used and compared in this study. The first approach
involves using the same task but with training and testing datasets from different languages.
The other approach involves using adapters that are different from the standard fine tuning
that have been applied in the first approach. Additionally, the results are compared to applying
multilingual PLMs in monolingual settings.

No previous study has investigated cross-lingual transfer learning for the temporal domain
rather than TCU. Thus, it is important to explore whether the differences in the specific
representation of temporal features between Arabic and English have an impact on the
performance of the models.

This chapter presents all the experiments utilising the standard fine-tuning approach
for multilingual PLMs. In this approach, the model is first trained on the English dataset’s
training split and then tested using the Arabic test set to make predictions. The main obstacle
faced by cross-lingual models is the difference in word order across Arabic and English.
Also, the challenge of cross lingual between English and Arabic is that Arabic text is read
from right to left, which is the opposite direction of English.

Recently developed multilingual PLMs, including mBERT [19], XLM-RoBERTa [17],
mDeBERTa-v3 [33], have demonstrated significant cross-lingual capabilities, facilitating
effective knowledge transfer between various cross-lingual natural language processing tasks.

6.2 Related Works

Cross-lingual learning is not a recent methodology, based on the survey by Pikuliak et al.
[59], it was started in 2001 by Yarowsky et al.[81]. Following this, the methodology and
techniques have been enhanced through the utilization of deep learning models and language
models.

However, even the most advanced PLMs struggle to perform effectively when dealing with
languages that are less represented. Additionally, the task of annotating sufficient training
data in these languages is not feasible, thereby preventing studies of under-represented
languages from benefiting from modern NLP capabilities. Therefore, several studies have try
to overcome this gap by applying cross-lingual. However, applying this approach highlighted
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that a significant challenge for cross-lingual transfer is divergence in word order between
different languages, which often leads to a marked decrease in performance [5].

The difference between the source and target languages, known as the domain shift or
transfer gap, can be significant. Based on the survey by pikuliak et al.[59], this difference can
manifest in various ways, such as distinct vocabularies, syntax, or even alphabets. To bridge
this transfer gap, cross-lingual resources or technologies are commonly employed. These
resources are crucial because they enhance the model with knowledge about the relationships
between languages. Additionally, [79] studies the effectiveabilty of mBERT in the cross-
lingual tasks. According to the extensive study, it has been indicated the potential for using
linguistic features to optimize cross-lingual transfer. The study, emphasizing the importance
of considering linguistic diversity for more efficient cross-lingual transfer. The authors
highlight the potential use of linguistic properties to improve cross-lingual transfer and
accommodate linguistic diversity. However, this research aims to explore transfer learning
methods without relying on such resources or technologies. Instead, the focus is solely on
utilising transfer learning methods to comprehend the domain shift.

6.3 Standard Fine-tuning vs. Adaptive Fine-Tuning

Standard Fine-tuning: This process involves taking a pre-trained model and fine-tuning it
on a specific task by adjusting all its parameters using a new, often smaller, dataset relevant
to that task. Adaptive Fine-tuning: It is considered as an advanced technique compared to
the standard fine-tuning . Adaptive fine-tuning can be implemented by applying multi-steps
of fine-tuning also limiting the parameters that are trained. In the multi-step, the model
goes through an intermediate adaption phase and then is fine-tuned for the target task. The
model is optimized or fine-tuned on an intermediate dataset that is related to the target task,
and then to the target dataset [45]. This may enhance the model’s performance by enabling
it to more effectively adapt to the domain or features of the required task. Freezing some
parameters is often used in this context to retain general features learned during pre-training
while adapting more specific layers to the intermediate and target datasets [57, 58]. This
can avoid catastrophic forgetting, where the PLMs lose previously learned knowledge when
fine-tuning on a new task.
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6.4 Cross- Lingual with Standard Fine-tuning

6.4.1 Experiments

Various multilingual models have been assessed for cross-lingual transferability. The models
chosen for this task were Multilingual BERT [19], XLM-RoBERTa [17], and mDeBERtav3
[33]. Multilingual BERT was selected because it is the baseline model for the original
dataset. Additionally, mDeBERtav3 and XLM-RoBERTa were specifically chosen based on
a recent study by He et al. (2023), demonstrating that these models outperformed all other
multilingual models for cross-lingual tasks involving the Arabic language [33]. Therefore,
the researchers determined that these models would likely perform well for the task at hand.

6.4.2 Results and Analysis

The process of hyperparameter optimisation was employed to identify the most effective
configuration for attaining good performance. The outcomes of the experiments are illustrated
in Table 6.1.

Model F1 EM

mBERT 37.34 18.62

XLM-RoBERTa-large 65.09 34.08

XLM-RoBERTa-base 59.61 28.15

mDeBERTa-v3 61.04 36.26
Table 6.1 Cross-Lingual Results

The stability and robustness of all the experiments were confirmed. The standard error
for each model is presented in Table 6.2. Additionally, the Standard error was computed by
executing the model three times, each with a different seed, revealing that a markedly low
standard error.

Table 6.1 reveals that mDeBERTa outperformed all other models in terms of exact match
and that XLM-RoBERTa Large achieved the highest F1 score. On the other hand, mBERT
performed the worst and was not effective.

The inferior performance of mBERT is a direct result of a vocabulary size which is less
half that of its counterparts. This vocabulary size is crucial for the model’s comprehension,
serving three purposes. First, large vocabulary size increases the coverage of rare words.
Second, it improves the representation of nuanced meanings because many words have
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Model F1 EM

mBERT 0.17 0.14

XLM-R base 0.30 0.22

XLM-R large 0.40 0.72

mDeBERTa-v3 1.39 0.66
Table 6.2 Cross-Lingual Standard Error

multiple shades of meaning or synonyms. A larger vocabulary enables the model to capture
these nuances and context-dependent variations more accurately, resulting in a better overall
understanding. Lastly, a larger vocabulary enhances the handling of out-of-vocabulary words,
even though the model may encounter completely new words despite its extensive vocabulary.
Although XLM-RoBERTa and mDeBERTa-v3 are trained on the same multilingual dataset
and have the same vocabulary size, there are noticeable differences in the performance of
these two models. This discrepancy might be caused by the different architectures of the
models. The following list enumerates these differences:

1. The mDEBERTa-v3 model incorporates a disentangled attention mechanism which
separates content and positional information, improving its ability to capture complex
linguistic features, including those specific to Arabic.

2. Regarding vocabulary, mDEBERTa-v3 focuses on full words rather than subwords,
which may be more suitable for Arabic due to its rich morphology and word formation
system.

3. For pre-training, mDEBERTa-v3 utilises the replaced token detection (RTD) objective,
which has proved to be more effective than the MLM objective used in XLM-RoBERTa,
particularly for languages like Arabic with rich morphologies.

The listed factors might explain why mDeBERTa can outperform XLM-RoBERTa in terms
of exact match.

The outcomes of the cross-lingual fine-tuning were compared with those of the monolin-
gual fine-tuning with the multilingual models. As shown in Table 6.3, there was a notable
distinction between the monolingual approach and zero-shot transfer learning. All the models
performed worse in cross-lingual settings, which occurred because English and Arabic are
two separate languages. This divergence explains the discrepancy between the two languages,
so achieving cross-lingual understanding between the two presents a significant challenge.
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Similarly, generating comparative results for models fine-tuned in Arabic is also a difficult
endeavor.

The analysis of the results presented in Table 6.3 can be outlined as follows:

• The effectiveness of mBERT showed the most flawed performance. Specifically, there
has been a significant decline in the Exact Match and F1 scores. Thus, mBERT fails to
meet the expected benchmarks in cross-lingual experiments, suggesting the need for
further investigations.

• Fluctuations of the base and large XLM-RoBERTa were not significant because the
margin of difference was almost five units. This is reflected in the size of the model.
While it is more than 20 between mBERT and XLM-RoBERTa base. mBERT was not
trained for cross-lingual tasks like XLM-RoBERTa, which might explain the results.

• Notably, XLM-RoBERTa large achieved almost the same F1 score in cross-lingual
tasks and monolingual tasks for Arabic. Thus, this model might understand the task
equally well in both languages, even though the model encountered difficulties with
the testing set of Arabic. This decrease in the model’s performance from that with
English could be attributed to the linguistic differences between Arabic and English.

• Finally, mDeBERTa-based v3 surpassed all other models regarding exact match in all
settings.

English Arabic Cross-lingual

Model F1 EM F1 EM F1 EM

mBERT 63.62 33.11 58.12 28 37.34 18.62

XLM-RoBERTa-Large 70.59 42.04 64.99 36.19 65.09 34.08

XLM-RoBERTa-base 66.15 38.74 61.77 31.53 59.61 28.15

mDeBERTa-v3 70.47 43.02 67.98 38.66 61.04 36.26
Table 6.3 Comparing the Cross-Lingual to the Mono-lingual Results

Figure 6.1 illustrates the results categorised by temporal characteristics. The following
list highlights some interesting points from the findings.

• Stationarity achieved the highest performance among all the features for XLM-RoBERTa
and mDeBERTa-v3, but mBERT performed poorly in this regard, producing the worst
results for at least 20% of all other performance characteristics.
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• The most notable aspect of mBERT was its typical operating time. Additionally, its
performance was close to that of XLM-RoBERTa.

• Like monolingualism, validating the duration of the event was the most challenging
aspect for the TCU.

• Overall, mDeBERTa performed worse than the XLM-RoBERTa base in terms of
frequency.

Figure 6.1 Models Results

Figure 6.2 compares monolingual and cross-lingual results with respect to temporal
features. The following list will provide key points based on the figure.

• The performance of all models in a monolingual setting exceeded cross-lingual perfor-
mance across all temporal categories.

• There was a noticeable difference in the performance of the stationarity characteristics
, when applying mBERT, between monolingual and cross-lingual settings. This was
the strongest feature in the monolingual settings but the lowest in the cross-lingual
ones. The performance of mBERT in cross-lingual tasks across all aspects is 37,
while it is only 15 in the stationarity category. Additionally, for monolingual tasks
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in Arabic, the performance of mBERT in the stationarity category is about 75. This
indicates a large margin between monolingual and cross-lingual performance. The
alignment of the stationarity feature between Arabic and English was not perfect,
meaning that how this aspect is expressed can vary significantly between the English
and Arabic languages. Thus, the model might not have been transferring knowledge
about this feature effectively. As mentioned earlier, the training of mBERT involved
multiple languages, but the relative representations between these languages were not
considered. Therefore, the model’s performance significantly declined in almost all
aspects.

• XLM-RoBERTa performed consistently, suggesting that the transfer gap between
languages is minimal.

• mDeBERTa-v3 showed similar performance for most features, except for frequency,
where there is a decrease of approximately 18%.

• According to the analysis, XLM-RoBERTa demonstrated a 5% improvement over
Arabic monolingual settings when validating the duration of the event.

Based on the comprehensive analysis, the language differences had varying impacts
across the models. Generally, the event typical time was the most consistent feature.

Figure 6.2 Mono-Lingual vs. Cross-Lingual
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6.5 Cross-Lingual with Adaptive Fine-tuning

The previous section highlighted a crucial finding: multilingual models display a performance
gap between monolingual and cross-lingual tasks. This discrepancy poses a significant
challenge that needs to be addressed to enhance the efficiency of these models. Hence,
searching for a method to bridge this gap and improve the overall performance of multilingual
models is crucial. This chapter examines various fine-tuning techniques. Two primary
factors determine technique choice: the effectiveness of parameter-efficient training and the
efficiency of cross-lingual transferability. In the standard fine-tuning approach, all the model
parameters are trained, but only a fraction of the parameters are trained using the proposed
adapter techniques.

This study employed two approaches for adapter methodologies: X-Mod [57] and MAD-
X [58].

X-MOD

In 2022, Pfeiffer et al. introduced the X-MOD model as an extension of the multilingual
masked language model XLM-RoBERTa [57]. This model incorporates language adapters,
modular components specific to the language, during the pre-training phase, and these
language adapters remain frozen during fine-tuning. According to Pfeiffer et al. [57],
multilingual pre-trained models often suffer from the curse of multilingualism, decreasing
performance per language as more languages are included [57]. To address this issue, the
X-MOD model introduces language-specific modules to increase the overall capacity of the
model while maintaining a constant number of trainable parameters per language. Unlike
previous approaches that learn language-specific components after pre-training, the X-MOD
model pre-trains these modules from the beginning. Extensive studies in various NLP tasks
have demonstrated that the X-MOD approach mitigates the harmful interference between
languages and facilitates positive transfer, improving performance for both monolingual and
cross-lingual tasks. Figure 6.3 depicts the model architecture.

Although X-MOD has demonstrated strong performance in various natural language
processing (NLP) tasks, its effectiveness in common sense tasks has not yet been evaluated.
To assess the efficacy of implementing the X-MOD adaptive model, experiments were
conducted in three distinct scenarios, employing hyperparameter fine-tuning to optimize the
model’s performance. The model was tested on monolingual datasets in both English and
Arabic. Additionally, the study evaluated the model’s performance in a cross-lingual setting,
where the model was fine-tuned in English and then assessed in Arabic.
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Figure 6.3 X-MOd Adapter. Inspired by [57]

MAD-X

In 2020, Pfeiffer et al. introduced MAD-X [58], an adaptive cross-lingual training method,
prior to X-MOD. The study developed a collection of language adapters. The language
adapters were trained on Wikipedia, and the transformer parameters and language adapters
were kept frozen during the fine-tuning phase. To fine-tune the model, the source language
and task adapters were used during the training stage, but only the task adapter was trained.
Meanwhile, the source language adapters were substituted with the target language adapters
during the prediction, and the task adapter was kept for the prediction. Figure 6.4 illustrates
the architecture of MAD-X.

The adapter model was evaluated for various tasks, excluding common sense reasoning
classification. Specifically, the model’s performance was assessed in different languages but
not in Arabic. The results showed a considerable improvement in the model output. This
study evaluated the performance of this adaptive model in the TCU for both Arabic and
English. Additionally, this research assessed the performance of MAD-X in monolingual
settings, comparing the outcomes to those obtained using the multilingual base model without
the adapter.
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Figure 6.4 MAD-X Adpater. Inspired by [58]

Comparison

To compare MAD-X and X-MOD, one must understand that MAD-X incorporates pre-trained
language adapters which are layered on top of PLMs, which are then fine-tuned with task
heads to enhance performance. On the other hand, X-MOD is pre-trained using XLM-R with
language modulariser layers, allowing it to support multiple languages. By specifying the
language desired for the task, the language modulator is activated.

6.5.1 Results and Discussion

Table6.4 provides the results of applying adapters cross-lingually compared with those
from monolingual settings. To ensure the reliability and robustness of the results, the
experiments were conducted multiple times with different seeds, and the reported value
represents the performance of the default random seed, which is 42. The standard error (SE)
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was approximately 0.4, quite low compared to the F1 metric, which ranged from 0 to 100,
indicating the robustness of the results. Beyond this, the training data has been shuffled.

Cross-Lingual English Arabic

Model F1 EM F1 EM F1 EM

XMOD 0.61 0.29 0.63 0.35 0.64 0.31

MAD-X 0.69 0.4 0.73 0.46 0.69 0.44
Table 6.4 Adaptive Models

Using MAD-X as the cross-lingual model resulted in superior performance to that of
all other cross-lingual models. Furthermore, both MAD-X and X-MOD outperformed the
XLM-RoBERTa model trained in Arabic. Consequently, this methodology for cross-lingual
transfer learning is as effective as using multilingual language models. Findings from this
part of the study are listed below:

• The F1-score of X-MOD in Arabic and English was very close, with only a 1% differ-
ence. This result suggested that the model outperformed any multilingual PLMs since
there was a significant performance gap when using multilingual PLMs, indicating that
the model is biased towards English. However, when X-MOD was used, the model
gave equal attention to each language and achieved the same level of performance for
both languages.

• The evidence from the cross-lingual settings demonstrated that X-MOD performs
equally well in both mono-lingual and cross-lingual contexts, indicating the absence of
a performance disparity typically seen when models are transferred from one language
to another (known as a transfer gap).

6.6 Summary

The aim of cross-lingual transfer learning is to leverage models and resources developed
for one language and apply them to another. In the context of zero-shot cross-lingual
Temporal Common Sense Understanding (TCU), the objective is to train a model with an
English dataset and then use it to predict labels for inputs in Arabic. This chapter has
focused on adopting the zero-shot approach through the use of multilingual Pre-trained
Language Models (PLMs), presenting and analyzing their performance. To further enhance
cross-lingual capabilities, the chapter also introduces the utilization of adapters, which are
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specialized modules designed to tailor PLMs for specific languages or tasks without the
need for comprehensive retraining. Despite these innovative approaches, the performance of
the models still falls short of expectationsbehind the human performance and the SOTA for
English dataset, highlighting a significant gap in effective language transfer.





Chapter 7

Assessing Temporal Common Sense
Understanding: An Error Analysis and
Evaluation of PLMs

7.1 Introduction

The aim of this chapter is evaluating the multilingual PLMs in the TCU task. Through a
detailed analysis of errors generated by these models, the types of mistakes are classified
to identify patterns and potential weaknesses inherent in the models’ handling of temporal
information. This error analysis aims to uncover the underlying challenges that impact the
PLMs’ effectiveness in TCU tasks.

Furthermore, benchmark is established for assessing PLMs in temporal classification
tasks. This benchmark was suggested to identifying specific areas of difficulty in temporal rea-
soning. By deeply understanding the sources of these challenges, this chapter contributes to
the broader goal of enhancing PLMs’ ability to process and understand temporal information
effectively.

In doing so, the aim of this study is to provide insight into the nuances of temporal com-
mon sense reasoning that are currently under-represented or misunderstood in multilingual
PLMs. This investigation is pivotal for advancing the field’s understanding of how temporal
common sense is encoded in language models and for guiding future improvements in NLU
systems, particularly those operating in multilingual and multicultural contexts.
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7.2 Error Analysis

The task undertaken by TCU presents significant challenges, as evidenced by the results
of the models in the previous section. This lead to manually investigate the inputs in order
to understand the challenges. So, by studying MC-TACO dataset, certain questions pose
difficulties even for humans, a fact substantiated by the dataset’s human performance metrics
(87%). Consequently, errors encountered in this context can be classified into two main
categories: human challenging errors and linguistic and task complexity errors. Human
challenging errors are those instances where both the model and humans struggle to validate
the given answers. On the other hand, linguistic and task complexity errors denote situations
where the model fails to grasp the intricacies of language use or the validating the answer
plausibility. The following sections will present each type of error in detailes, providing a
more detailed analysis.

7.2.1 Human Challenging Errors

As previously mentioned, the first type of errors, characterized by their complexity and
the challenges they pose to both humans and models, can be approached with a degree of
leniency compared to the second type. These errors inhabit an "uncertain zone," where they
are neither fully correct nor entirely incorrect. For instance, consider the question related to
the duration of an illness based on a provided context: "Dürer’s father passed away in 1502,
and his mother died in 1513. How long was his mother ill?" The provided answer is that she
was ill for 30 years. Even though the gold standard label for this input is "no," suggesting
the answer could be considered incorrect, it’s also possible to argue "yes," indicating that
a 30-year duration could indeed represent a period of illness. This example highlights the
subjective nature of certain questions and answers, emphasizing the complexity and potential
ambiguity inherent in evaluating temporal common sense understanding.

The human performance metrics displayed on the leaderboard of the MC-TACO, specifi-
cally the F1 score of 87.1% and the Exact Match (EM) rate of 75.8%. It’s important to note,
however, that these measures, derived from a subset of the dataset, may not fully encapsulate
accuracy. Despite this limitation, it can be assumed that human challenging errors account for
approximately 22% of the total error rate, providing insight into the extent of the challenges
posed by these types of questions.

Capturing inputs that are considered challenging for humans within a test set comprising
9,442 items is an arduous task. Implementing a voting mechanism across the entire test set
could offer insights into the difficulty level of each question. However, benchmark is derived
from a sample of the total data [83], suggesting that a rough sampling of instances falling into
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this challenging category would be both practical and acceptable. This approach allows for
the identification and analysis of particularly complex cases without the need to exhaustively
review every item in the dataset, thereby providing a feasible method for gauging the extent
of human challenging errors within the dataset.

Additionally, it’s important to recognize that some answers may be culturally dependent,
meaning that for certain cultures, an event or concept might be considered plausible, whereas
for others, it might not. This variability introduces another layer of complexity, classifying
such instances as human challenging errors. This cultural dimension underscores the necessity
of incorporating a diverse perspective when evaluating answers, as it highlights the subjective
nature of understanding and interpreting information. Recognizing the influence of cultural
context on what is deemed correct or incorrect is crucial for accurately assessing the scope
of human challenging errors within the dataset. For instance, within the dataset, a question
regarding the appropriate time for an interview illustrates the impact of cultural differences.
In Saudi culture, interviews can be scheduled on Sundays, a practice that might differ from
norms in other cultures where the workweek typically begins on Monday. Furthermore,
the start time for schools in Saudi Arabia is earlier than in many other countries, reflecting
another aspect of cultural variance. Also, during Ramadan, eating late at night is very
common to accommodate the fasting schedule. Although this contrasts with the dining habit
for cultures that do not observe Ramadan. These examples highlight how cultural contexts
significantly influence the interpretation of what constitutes a correct or plausible answer,
thereby contributing to the categorisation of such instances as human challenging errors
within the dataset.

Some research efforts have focused on the grounding of time expressions as a culturally
dependent aspect. One notable study, by [69], analyzed time expressions across 27 languages,
although Arabic was not included. This research aimed to define how the conceptual range
of time periods, such as morning and noon, can vary significantly across different cultures.
Additionally, it explored the impact of these cultural variations on PLMs. The findings
of such studies are crucial because they highlight the challenges PLMs face in accurately
understanding and generating contextually appropriate responses for time-related queries [69].
These variations in the perception of time can affect a model’s ability to provide correct and
culturally sensitive answers, underscoring the importance of incorporating diverse cultural
understandings into the development and training of language models.

Accordingly, the human challenging errors can have two subcategories: "Cultural Tempo-
ral Interpretation" or "Subjective Event Understanding".

In the exploration of PLMs navigate the complexities of culturally dependent temporal
expressions and subjective understandings, it becomes crucial to examine specific instances



84
Assessing Temporal Common Sense Understanding: An Error Analysis and Evaluation of

PLMs

where errors occur. The following examples provides a comprehensive overview of various
error types identified in this category, showcasing sample inputs alongside the expected
responses and comparing these with the outputs generated by the PLMs. This comparative
analysis not only highlights the discrepancies between expected and actual responses but also
offers insights into the models’ underlying challenges with cultural nuances and subjective
interpretations. This examination can shed light on areas for improvement in PLMs in TCU
task. Moreover, creating a dataset that can address this issue shows great potential.

Examples

Context Question Answer Label

It was huge and inefficient, and she
should never have spent so many pe-
sos on a toy, but Papa would not let
her return it.

How long did she
spend at the store
buying the toy?

She spent 7.5 min-
utes at the store
buying the toy

yes

California was first to require smog
checks for clean air, pass anti- to-
bacco initiatives and bike helmets
laws.

How often are
such initiatives
passed?

One a month no

Most of us have seen steam rising off
a wet road after a summer rainstorm.

How long does
stream rise after
a summer rain-
storm?

Steam rises for 30
minutes off a wet
road before a sum-
mer rainstorm.

no

Table 7.1 Subjective Event Understanding Errors Examples

Table 7.1 presents various scenarios that may be classified as Subjective Event Under-
standing. The analysis of each example is discussed in the following list, ordered according
to the same sequence as the examples in the table.

1. All the PLMs, in English and Arabic, predicted no. This outcome is indicative of a
challenge for PLMs, touching upon human cognitive processes as well. The specificity
of the duration-7.5 minutes-represents an atypical time frame that is not commonly
associated with the activity described.

2. The response of all the PLMs, in English and Arabic is yes. This input could be
considered human challenging, as it involves understanding the legislative process
and the realistic pace at which laws and initiatives are typically passed, which varies
significantly across different jurisdictions and over time.
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3. Not all the PLMs able to predict the correct label. The scenario involving steam rising
from a wet road after a summer rainstorm, with the duration specified as "steam rises for
30 minutes off a wet road before a summer rainstorm," presents a nuanced challenge
that tests both temporal reasoning and contextual understanding. The question is
inherently human challenging, not just because of the temporal aspect—quantifying
the duration steam rises—but also due to the contextual misunderstanding in the
provided response. The mention of steam rising "before" a rainstorm contradicts the
common observation and understanding that steam typically rises "after" rain has fallen
and heated by the warm road, creating a visual phenomenon observed by many.

Context Question Answer Label

Most of us have seen steam rising off a
wet road after a summer rainstorm.

How often does it
rain in the sum-
mer?

a couple
times every
month

yes

It was huge and inefficient, and she should
never have spent so many pesos on a toy,
but Papa would not let her return it.

What time did she
purchase the toy at
the store?

Midnight no

For example, what if you place a cake in
the oven and you leave it in too long?

What time would
you put the cake in
the oven?

12:00 a.m. no

Table 7.2 Cultural Temporal Interpretation Errors Examples

Furthermore, Table 7.2 presents various scenarios that may be classified as Cultural
Temporal Interpretation. The analysis of each example is discussed in the following list,
ordered according to the same sequence as the examples in the table.

1. All PLMs, in English and Arabic, predicted no. In fact, this case touches on cultural
or geographical dependency. The perception of how often it rains in the summer
varies significantly across different regions and climates, which makes this question
inherently dependent on the cultural and geographic context. Where this information
is not provided in the context.

2. Labelling this as no can be culturally dependent touches on broader themes of consumer
behaviour, store operating hours, and possibly societal norms regarding appropriate
times for shopping. The assumption that purchasing a toy at midnight is unusual or
incorrect may indeed vary by culture and locale. In some regions or during certain
times (like holidays or special sale events), late-night shopping can be common, while



86
Assessing Temporal Common Sense Understanding: An Error Analysis and Evaluation of

PLMs

in others, it might be seen as atypical due to differing social norms and operational
hours of businesses.

3. Same as the previous case in some cultures and during holidays 12 a.m. can be possible
for baking.

7.2.2 Linguistic and Task Complexity Errors

This category encompasses a broad range of challenges encountered by language models,
making it the most diverse category of errors. These errors are predominantly language-
dependent, influenced significantly by the specific tokenization methods employed during
model training. Additionally, linguistic features such as morphology and overall complexity
contribute to the difficulties faced by models in processing and understanding language
inputs accurately. Finally, validating the likelihood of provided answers can be challenging,
requiring common sense knowledge.

One key aspect of linguistic complexity errors is their relationship with the structure and
nuances of language, including how words are formed and combined. The way a model
tokenizes input—breaking down sentences into words, subwords, or characters—affects its
ability to understand and generate coherent responses. Morphological complexity, which
involves the structure of words and their relationship to one another within a language, further
complicates comprehension, especially in languages with rich inflectional systems.

Moreover, these types of errors can often be mitigated through strategic pre-processing
steps, such as time normalization (converting time expressions to a standard format) [41] or
unit normalization (standardizing measurements) [83]. Additionally, models vary in their
ability to interpret numbers, whether presented in word form or as numerals, which can lead
to inconsistencies in understanding and answering questions accurately.

Some models demonstrate proficiency in identifying the type of answer required (e.g.,
a date, a quantity) but falter when it comes to providing the correct specific response. This
discrepancy may stem from the models’ training datasets, which might not adequately prepare
them for the breadth of task complexity they encounter in real-world applications. This
limitation suggests a need for more comprehensive training approaches that better encapsulate
the linguistic diversity and complexity inherent in natural language. Moreover, enhancing
the current dataset could assist the model in comprehending this complex task.

Table 7.3 illustrates a sample of errors in the complexity of language and tasks. The
analysis of each example is discussed in the following list, ordered according to the same
sequence as the examples in the table.
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Context Question Answer Label

However, more recently, it has been sug-
gested that it may date from earlier than
Abdalonymus’ death.

How often did Ab-
dalonymus die?

every two
years

no

Setbacks in the 1930s caused by the Eu-
ropean postwar slump were only a spur
to redouble efforts by diversifying heavy
industry into the machine-making, metal-
lurgical, and chemical sectors.

How long did the
postwar slump
last?

decades yes

Tommy and Suzy (brother and sister)
went to the playground one afternoon with
their mom and dad, Jan and Dean.

How often did
they go to the
playground?

twice a
month

yes

Table 7.3 Linguistic and Task Complexity Errors

1. mBERT failed to predict this in both. For Arabic dataset, XLM-R base, AraBERT
and CAMeL failed. While the human can easily validate the answer as no. For
PLMs, however, this represents a more complex challenge. The models must not
only process the natural language of the question but also apply logical reasoning and
background knowledge to identify the irrationality of the premise—that a historical
figure could die multiple times. This difficulty arises from the models’ reliance on
patterns and data within their training corpus, which are not explicitly cover every
aspect of common sense or logical reasoning needed to immediately flag the question’s
premise as impossible.

2. All the PLMs, in English and Arabic, predicted no. The difficulty lies not just in
interpreting historical events and their timelines but also in the nuanced understanding
of the term "postwar slump" and its impact over time. The term "postwar slump" refers
to the economic downturn following a significant conflict, in this case, likely World
War I, considering the reference to the 1930s. The incorrect labelling of "decades" as
possible answer by all PLMs could be referred to different reasons. The model’s failure
to recognize "decades" as a plausible duration may indicate a gap in understanding the
prolonged effects of postwar economic conditions or the specific historical context.

3. All the PLMs, in English and Arabic, predicted no. Correctly interpreting and validating
answers about the frequency of activities also involves common sense understanding
and world knowledge, such as the typical behaviors of families with young children.



88
Assessing Temporal Common Sense Understanding: An Error Analysis and Evaluation of

PLMs

PLMs must leverage this broader knowledge to make informed inferences about
habitual actions.

7.3 PLMs Evaluation

A novel hypothesis proposes assessing PLMs’ proficiency in TCU tasks by categorizing
inputs into five temporal dimensions. Under this framework, the model’s ability to categorise
questions correctly suggests that it grasps the temporal features and understands the type of
temporal question being asked. However, failing to provide the correct answer implies that
the model struggles with applying logical reasoning or lacks the necessary world knowledge
to determine whether an answer is plausible within the given temporal context.

Drawing inspiration from traditional Question Answering (QA) systems, where question
classification is crucial for high performance, based on [37], and [46], our approach adapts
this methodology for a modern context. Unlike in QA systems, where classification directly
aids in generating answers, here it serves as a diagnostic tool. This distinction is key,
emphasizing that our goal is not to classify for classification’s sake but to deepen our
understanding of PLMs’ handling of temporal information.

Implementing this strategy requires utilizing all PLMs applied to the dataset for temporal
classification. This foundational step ensures models understand the temporal dimension of
queries. Following classification, comparisons of the model performances on this task with
their TCU task performance, focusing on each temporal aspect. This comparison is designed
to unveil correlations or discrepancies, providing insights into the models’ capabilities and
areas needing refinement.

For example, a model proficient in classifying questions but faltering in providing accurate
answers might indicate an understanding of temporal concepts but a lack in applying these in
complex scenarios. Such findings highlight the importance of enhancing models’ reasoning
capabilities and understanding of temporal contexts.

Our methodology not only offers a nuanced assessment of PLMs’ handling of temporal in-
formation but also points to potential improvements. By identifying specific weaknesses, this
approach can guide the development of targeted training or fine-tuning strategies, enhancing
PLMs’ effectiveness in TCU tasks and beyond.

7.3.1 Results and Discussion

The classification task has been implemented both in monolingual and cross-lingual settings,
examining models’ performance across different languages. In monolingual settings, par-
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ticularly for Arabic and English, the classification F1-score achieved an impressive rate of
around 97%. This high level of F1 underscores the effectiveness of PLMs in understanding
temporal information within a single language context.

Figure 7.2 depicted cross-lingual experiments, the F1-score remained robust, exceeding
90% in various models, with the notable exception of mBERT. This variance supports the
hypothesis that multilingual PLMs are adept at processing temporal information across
languages, as evidenced by their high F1 rates. The slightly lower performance of mBERT in
these cross-lingual tasks can be attributed to its design and training objectives, which may
not have been optimized for handling the cross lingual as effectively as models like XLM and
mDeBERTa. The distinction in performance between mBERT and other multilingual models
like XLM and mDeBERTa in cross-lingual settings highlights the importance of model
architecture and training data in achieving high F1-score in cross-lingual settings. While
mBERT has shown proficiency in a range of multilingual applications, its slightly lower
F1-score in this particular context suggests a potential area for improvement or adaptation to
better support cross-lingual understanding of temporal information. There are some studies
trying to overcome this weakness in different NLP tasks.

Figure 7.1 provided distinctly showcases the significant gap between classification F1-
score and performance on TCU task in monolingual settings. This discrepancy is notably
pronounced, emphasizing the challenges PLMs face when transitioning from understanding
temporal categories to applying this understanding in more complex TCU scenarios.

Given the similarity in outcomes between Arabic and English datasets, the analysis will
focus in-depth on the Arabic dataset to explore this phenomenon further. This targeted
approach allows for a nuanced examination of where and how PLMs struggle, particularly
within the context of language-specific nuances and temporal reasoning.

Figure 7.3 breaks down the gap across various temporal aspects, shedding light on the
specific areas where discrepancies in performance are most stark. This visual representation
serves as a critical tool for identifying the dimensions of temporal understanding that require
further refinement in PLM, offering insights into potential focus areas to improve model
training and development.

7.4 Summary

Adopting error categorization can enhance our understanding of Pre-trained Language
Models’ (PLMs) behavior and pinpoint the sources of errors. This insight paves the way for
further research aimed at augmenting model comprehension in TCU and across all aspects
of Natural Language Understanding (NLU). By adopting the classification approach that is
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Figure 7.1 The Results of TCU and Temporal Classification for Arabic and English

Figure 7.2 The Results of TCU and Temporal Classification for Cross-Lingual

used for PLMs evaluation, researchers can more precisely pinpoint where PLMs fall short in
the TCU task, distinguishing between failures of basic temporal comprehension and failures
of logical reasoning or knowledge application. This distinction is crucial for guiding future
improvements in model training and development, directing efforts towards enhancing the
models’ reasoning capabilities and their understanding of the world.
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Figure 7.3 Results of Arabic Temporal Classification Compared to TCU





Chapter 8

Evaluating LLMs Temporal Common
Sense Understanding in Zero-Shot
Settings

8.1 Introduction

This chapter evaluates several recent LLMs using various prompts to assess their ability to
reason about temporal common sense inputs in zero-shot settings. Both Arabic and English
datasets were sampled. The study demonstrated various language models, including GPT3.5
Turbo, GPT4, Gemini, AceGPT and Jais. This is considered the first exploration of Google
Gemini, AceGPT and Jais in the TCU field. Finally, this chapter compares and discusses the
results. The research focuses on utilizing various prompts and analyzing the models’ outputs
accordingly.

8.2 LLMs Promises and Challenges

8.2.1 Motivation

Motivated by significant advancements in generative AI, this research examines the efficacy
of large language models (LLMs) for temporal common sense understanding (TCU) in a
zero-shot setting. The objective of this study is to investigate the complete capabilities of
LLMs in TCU. As the researchers explore the potential of LLMs, the main objective is to
comprehend LLMs’ capacity for reasoning about temporal characteristics. This process
involves examining the underlying mechanisms which enable these models to excel in this
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intricate undertaking. By examining these mechanisms, the researchers seek to uncover the
factors contributing to the mechanisms’ success and improve their performance

8.2.2 Challenges

This study’s main challenge concerned the absence of an API in Jais to execute a Python
script for the experiments. Therefore, this study limited to only 100 samples randomly
selected from each language for testing purposes. To conduct experiments on AceGPT, more
than 80 hours were dedicated using Google Colab, providing over 100 GPU units. On the
other hand, for Jais, this author had to manually navigate the website and enter each instance
of the sampled dataset then record the output one by one. After that the API for accessing Jais
has been provided, so it can be accessed through a Python script. However, the researcher
encountered a problem with the model’s complexity, limiting input to only 17 samples per
run. Analysing the results of 500 samples, 100 for each prompts, for Jais and AceGPT
posed a challenge due to the occasional poor quality of the generated text. The output of all
the models are manually annotated. However, annotating the output of Jais and AceGPT
was an intensive task. Although the researcher attempted to apply the Chain-of-Thought
(CoT) methodology, the complexity involved with Jais and AceGPT prevented them from
completing the process within the given time frame. However, the author manually tested the
methodology with a few samples, although the results were not promising. To ensure a fair
comparison, the same methodology was applied to all language models (LLMs) which the
researcher intended to evaluate.

8.2.3 Evaluation

The capabilities of understanding the temporal common sense of recent LLMs in Arabic and
English were assessed through manual evaluation. The LLMs evaluated included ChatGPT
4 and 3.5 models, Jais, Accept, and Google’s Gemini. Various temporal aspects were
considered in the evaluation. To enhance the zero-shot learning performance of LLMs, the
researchers developed new design prompt suggestions, and the effectiveness of this approach
was demonstrated empirically. The accuracy metric is widely regarded as the most reliable
measure for assessing the effectiveness of models. Finally, by quantifying model’s accuracy,
the researchers could assess model performance and make well-informed decisions using the
available data.
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8.3 Related Works

Several studies have examined the performance of language models (LLMs) in various
tasks, including common sense reasoning. However, this study is the first to evaluate the
understanding of temporal common sense using Jais, AceGPT and Google Gemini. In one
recent study, Jain et al. investigated LLMs in different temporal datasets [39]. However,
this study experimented with various prompts instead of only one. Additionally, the study
of [39] did not mention sample size in their study. Furthermore, they evaluated the results
using accuracy as the metric, without considering ChatGPT4. In contrast, the current study
compared two versions of datasets using two recent bilingual LLMs, namely Jais and AceGPT.
Additionally, the researcher incorporated prompts with a temporal aspect as hints to the LLM
and examined their behaviour in the given task.

8.4 Method

8.4.1 Data set

A stratified sampling method was used to randomly select 100 samples from the MC-TACO
dataset. The samples were selected in a way that ensured a representation of each temporal
aspect of the dataset. Specifically, 20 unique questions were randomly chosen from each
aspect. Additionally, half of the selected questions had correct answers, while the other half
did not. The choice of sample size was influenced by the evaluation of human performance
described by Zhou et al. [83]. Furthermore, according to Lopez-Espejel et al. [49], the
sample size that is used to assess the reasoning skills for LLM is only 30 instances out of a
larger dataset. This can indicate that 100 is a reasonable size. The second appendix contains
the sample dataset as the one adopted in the experiments.

8.4.2 Zero-Shot Prompts

This study used five different prompts, some of which included the task, whereas others
included the temporal aspects of the question. For example, if the question is asking for a
logical duration of a specific event, the input for the model will be the context, question,
answer, and the temporal feature which is event duration in this case.

The primary investigation of this experiment involved whether all the prompts provided
the three inputs, exploring the logicality of the answer, rather than its correctness. Table 8.1
illustrates the list of proposed prompts. Since LLMs have shown improved zero-shot reason-
ing capabilities when given effective prompts [49], the researchers proposed five different
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and high-performance prompts, inspired by the prompts developed by [49]. Throughout
the prompt engineering, the researcher tried to condense a task type into a single prompt.
Additionally, contextual information, specifically the temporal aspect of the question, was
included to assist the model in determining the plausibility of the answer based on the
provided temporal feature. The purpose of this variation was to evaluate factors which can
influence the model’s reasoning ability.

8.4.3 LLMs

[id=RA, remark=moved to LR]A brief description of the models from this study is provided.
Table 2.2 summarises the main features of the models and compares them.

8.5 Results and Analysis

This section examines the results of the different prompts for both the English and Arabic
samples. Table 8.2 presents the outcomes of each prompt for each model, and the average
across all prompts provides an overall result. Beyond this, Figure 8.1 illustrates the perfor-
mance of the models in each language, and the chart is based on the average score. The
analysis from the table is discussed in the following list:

Figure 8.1 Comparing the Average Results for Arabic and English

• According to the results obtained from AceGPT, the model demonstrated a complete
lack of understanding of the given task in both languages. The outputs produced by
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English Arabic

Given the input (context, question, an-
swer): + {context} + {question}, and +
{answer} determine if the provided an-
swer is plausible or implausible.
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Context: {context} Question: {question}
Answer: {answer} Is this a logical an-
swer?
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Answer: {answer} Is this a logical answer
as {Temporal Aspect}?
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Table 8.1 Prompt in Arabic and English
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running the model were largely unrelated to the provided inputs and prompts; the
output consisted of only randomly generated text.

• It is evident that Jais struggles with English language understanding. While the
model is meant to handle both English and Arabic. Also, according to the model’s
description, the numbers of tokens in Arabic and English are approximately the same.
The results were unexpected. The model struggles with accuracy in Arabic, but
performs even worse in English, indicating significant challenges in completing the
task. The superior performance of Jais in Arabic compared to English can be attributed
to several key factors. Firstly, as a transformer-based large language model, Jais
integrates cutting-edge features such as ALiBi position embeddings, which allow the
model to handle much longer inputs, thereby enhancing context handling and accuracy
[68]. Additionally, the implementation of state-of-the-art techniques like SwiGLU and
maximal update parameterization significantly improves the model’s training efficiency
and accuracy [68].

A primary reason for the model’s outstanding performance in Arabic is the unique,
purpose-built dataset comprising 116 billion Arabic tokens [68]. This dataset is
specifically designed to capture the complexity, nuance, and richness of the Arabic
language, providing a robust linguistic foundation. In contrast, while the model also
includes 279 billion English word tokens to boost cross-language performance, it is the
focused and high-quality Arabic dataset that drives the model’s performance in Arabic.

• The performance of GPT3.5, GPT4 and Gemini was almost the same for both lan-
guages.

• The accuracy of all the models in Prompt 5 was better in Arabic. This could be due to
the fact that presenting the response type in Arabic assists the model in comprehending
the input.

• GPT4 achieved the highest accuracy of 80% for Prompt 2 in English, while for Arabic,
the best accuracy achieved was 74% for the same prompt. Providing a clear task
outline in Prompt 2 likely contributed to the model’s improved understanding and
performance.

• The performance of Gemini was consistent across the five prompts in the Arabic
sample.

According to this study, the optimal model for both Arabic and English is GPT 4, which.
produced the most accurate predictions for the given Arabic and English sample data. Beyond
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Language Prompt AceGPT Jais Gemini GPT3.5 GPT4

English

Prompt 1 5 6 54 68 67

Prompt 2 7 0 58 65 80

Prompt 3 6 23 50 51 56

Prompt 4 1 4 50 69 56

Prompt 5 2 3 38 50 62

Average 4.2 7.2 50 60.6 64.2

Arabic

Prompt 1 1 43 52 54 63

Prompt 2 9 27 55 48 74

Prompt 3 6 45 49 65 62

Prompt 4 5 48 52 57 64

Prompt 5 3 39 51 59 66

Average 4.8 40.4 51.8 56.6 65.8
Table 8.2 Results for both English and Arabic for each Prompts

this, Prompt 2 yielded the highest accuracy among all prompts. A detailed analysis of the
results is presented in Figure 8.2, which compares the predictions for both Arabic and English.
Notably, there were 26 discrepancies out of 100 predictions. Event ordering is the most
variable aspect between Arabic and English.

The results of models based on the temporal aspects of Arabic and English are shown in
Figure 8.3. Although the models struggled in addressing stationarity, GPT4 demonstrated its
superiority in the English and Arabic samples. deleteted[id=RA, remark=moved Bard]Bard
achieved event ordering as the second notable feature in English.

8.6 Summary

This chapter assessed the capability of the LLMs to explain temporal common sense in
Arabic and English. Notably, the models demonstrated satisfactory performance in both
languages, a promising outcome. Thus, the models might share a comparable understanding
of Arabic and English, but the performance of each is still inferior to human performance.

The accuracy of the NLP models is strongly affected by the data used to train them. Thus,
the Arabic NLP models cannot be compared to the English models due to the limited data set
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Figure 8.2 Comparing the Results of GPT4 on Arabic and English

and the low quality of the available Arabic corpus. An additional factor in the effectiveness
of AI frameworks is that the meaning of Arabic words can vary significantly. To address
these challenges, improving the annotated data and incorporating transfer learning techniques
can improve the Arabic NLP models. However, further research is needed to better explain
the complexities of Arabic content and improve NLP models, especially regarding common
sense reasoning.
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Figure 8.3 Comparing the Results of Arabic and English





Chapter 9

Conclusion

9.1 Introduction

This research contributed to Arabic temporal common sense understanding, adopting different
LLMs for Arabic and English datasets and evaluating and analysing model performance.

This chapter concludes the research effort by analysing how each chapter has contributed
towards addressing the research questions. Also, the research contributions and their signifi-
cance in the field are disscussed. Furthermore, it outlines the study’s constraints. Lastly, it
gives an outline of potential avenues for future research.

9.2 Revisiting the Thesis and Research Questions

This study evaluated various questions to investigate the problem of the Arabic temporal com-
mon sense understanding. In this subsection, the research questions are revisited considering
the results of the case studies.

• Can the existing English dataset be utilized to develop an Arabic dataset for Temporal
Common Sense Understanding?

To address this question, a translated version of MC-TACO was constructed. An
Arabic dataset was generated using the most widely used English dataset for this
task. Additionally, this dataset is comprehensive, encompassing all temporal aspects.
The unavailability of an Arabic dataset for this task highlights the importance of
constructing one. In this vein, it would be preferable to create a dataset specifically
designed for Arabic, but the cost could be prohibitively expensive for individual
researchers.
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• How effective are the available multilingual PLMs in understanding temporal common
sense? Can these models compete with their monolingual counterparts? Do the
performances of these models vary across different languages?

By examining various multilingual PLMs in both datasets, this study identified a
notable performance gap between models operating in Arabic and those in English.
Specifically, models originally designed for English exhibited a significant performance
advantage over their multilingual counterparts. For models trained solely on Arabic
datasets, a direct performance comparison with multilingual PLMs in English was
not feasible. The analysis highlighted the complexity of the Arabic language and
underscored a significant scarcity of suitable datasets for such endeavors. Addressing
this gap will necessitate a collaborative effort.

• What is the effectiveness of applying cross-lingual transfer learning to this task?

Applying cross-lingual transfer learning was proposed to overcome the gap in the
performance of the models between the languages. This approach could be a potential
solution for utilising existing English resources. However, the effectiveness of the
results was limited due to the significant differences between Arabic and English. A
comprehensive analysis and discussion of the results are provided.

• Can one mitigate the transfer gap between English and Arabic by applying different
training techniques?

Different approaches were adopted to improve cross-lingual performance and minimise
the gap. Using pre-trained adapters has produced promising results to reduce the
transfer gap between English and Arabic.

• To what extent is Generative AI successful in TCU? How does the language of the
dataset influence the model’s performance?

Based on the evaluation of five distinct LLMs with various prompts, the findings
suggest that the performance of both languages lags behind that of human performance.
The models performed similarly to each other, with the exception of Jais, which proved
to be ineffective for English.

• What specific challenges and error patterns emerge from applying PLMs for TCU in
Arabic and English contexts? A new hypothesis has been applied to evaluate PLMs.
This implies that the challenge lies not in the basic understanding of temporal concepts
but in the model’s capacity for deeper reasoning and validation of temporal information.
Highlights the distinction between understanding the category of temporal information



9.3 Contributions 105

required (a relatively simpler task) and applying complex reasoning to validate the
logical or factual consistency of answers (a more advanced and challenging task).

9.3 Contributions

Using deep learning models, this thesis advances the field of temporal common sense
comprehension. In order to address the lack of resources, it creates an Arabic version of an
extensive dataset based on an existing English dataset. To enhance temporal information
processing across languages, the study employs various deep learning models, including word
embeddings, RNNs, and attention mechanisms, and utilizes multilingual PLMs. Additionally,
a set of LLMs has been evaluated for the task of TCU in both languages. In order to pinpoint
areas that need work, the thesis also performs an error analysis and sets a standard for
temporal understanding.

9.4 Limitations

This study’s dataset was quite small and contained inputs that did not necessarily conform
to Arabic cultural norms, which might have limited the efficacy of the models. To address
this issue, a future study could construct an extensive Arabic gold dataset. However, this
endeavour could require substantial investments in both resources and specialised knowledge.

9.5 Future Work

After examining various models and reviewing recent studies on natural language understand-
ing, this researcher found it challenging to predict the performance of a model in a specific
task. There is uncertainty regarding the effectiveness of the model for a specific task and the
part of the model which contributes to these results. When performing an interpretability
analysis, it might help to better understand the behaviour of the model.

Additionally, a thorough review of the available datasets should be undertaken, aiming
to categorize errors based on the proposed categories. This process will not only refine
our understanding of where current models falter but also pave the way for targeted im-
provements. Analyzing all the possible errors and categorize them, will be beneficial for
identifying the weakness of the PLMs. Thus, achieving an effective strategies for enhancing
the behavior of LLMs. This will ultimately leading to more robust and accurate natural
language understanding systems.
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Augmenting MC-TACO with a temporal common sense dataset specifically designed
for Arabic can enhance model performance since input will surpass cultural disparities.
Addressing the need for cultural specificity in model training could significantly reduce, the
potential for errors or misunderstandings in output.
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Appendix A

Hyper-parameter

For all PLMs, the hyperparameters are as follows:
Epocs: 10
Learning-rate: 2e-5
Batch-size: 32
Batch-size for evaluation: 8
random seed: 42
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The Sample of the Datasets for
Conducting LLMs Evaluations
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Table B.1 Sample of Dataset that Used for LLMs Evaluation
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