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Abstract

Question generation involves crafting questions based on a given input context and accom-

panying answers. While recent advancements in sequence-to-sequence models have proven

successful in generating natural language questions, there is an increasing need for models

capable of handling more intricate contexts to produce detailed questions. Multi-hop ques-

tion generation, which is more challenging, aims to establish connections between multiple

facts from diverse input contexts to formulate questions. In our research, we study the uti-

lization of a Graph Attention Network (GAT) and a BART model for multi-hop question

generation, Our proposed model, is GNET-QG (Graph Network for Multi-Hop Question

Generation). GNET-QG efficacy is assessed on the HotpotQA dataset using metrics such

as METEOR, BLEU, and ROUGE, showcasing an enhancement over previous methodolo-

gies.
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Chapter 1

Introduction

1.1 Motivation

Natural Language Processing (NLP) is an area within artificial intelligence (AI) and lin-

guistics that centers on how computers interact with human language. The purpose of NLP

is to allow machines to comprehend, analyze, and produce human language meaningfully

and practically. One important task in NLP is Question Generation (QG), which involves

automatically creating questions based on a given text.

In traditional single-hop question generation, a question is formulated using informa-

tion from a single sentence or a specific part of the text. However, multi-hop question

generation is more complex. It requires gathering and connecting facts from multiple parts

of the text (or even different documents) to generate a meaningful question. This means

the system needs to ‘hop’ between different pieces of information, understand the relation-

ships between them, and formulate a question that requires deeper reasoning and synthesis

of content. For example, a multi-hop question might ask for a conclusion based on details

scattered across different sections of a document, making the task much more challenging

for both the machine and the user.

Question generation can significantly advance several NLP domains, including question-

answering systems. Using current data to automatically generate a variety of high-quality

questions contributes to the development of training datasets that are more significant and

resilient (Du and Cardie, 2017). Additionally, it can be integrated with question-answering

models as two tasks, enhancing question-answering reasoning abilities
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1.2. CONTRIBUTIONS

There are several real-world uses for multi-hop question generation, including:

• Search Engine Query Suggestions: Multi-hop question generation can be used

to suggest follow-up queries based on a user’s initial search, leading to a deeper

exploration of a topic (Zamani et al., 2020).

• Educational Assessment:It can be used to formulate thorough reading compre-

hension questions that call for pupils to combine knowledge from many sources

(Lindberg et al., 2013; Heilman and Smith, 2010; Yao et al., 2018).

• Chat-bots: In chatbots, multi-hop question generation is useful because it starts dis-

cussions and gives users detailed information from a variety of sources. This feature

increases the usefulness of chatbots in posing intelligent queries (Yao et al., 2018).

Early studies on question generation primarily focused on input contexts with a nar-

row scope, often limited to a single sentence or short paragraph (Zhao et al., 2018;

Zhou et al., 2017). These studies also produced questions that required only basic

reasoning to answer. In this thesis, we introduce a new model designed for multi-

hop question generation. Our model incorporates GAT ( Graph Attention Networks)

combined with BART ( Bidirectional and Auto-Regressive Transformers) to enhance

question-generation capabilities. Notably, this is the first work to consider this spe-

cific integration of GAT and BART, which merges the generative abilities of BART

with the graph-structured data-handling qualities of GAT.

1.2 Contributions

This thesis advances the area of multi-hop question generation through the following

key contributions:

1. Integration of GAT and BART Models: This thesis is the first to explore the

integration of the GAT (Graph Attention Network) model with the BART (Bidi-

2



1.2. CONTRIBUTIONS

rectional and Auto-Regressive Transformers) model. This approach leverages

the generative capabilities of BART alongside the graph-structured data pro-

cessing of GAT, resulting in an innovative framework for generating complex,

multi-hop questions. This novel method offers a unique contribution by being

the first to apply this specific combination for multi-hop question generation.

2. Enhanced Multi-hop Question Generation: By applying the merged GAT

and BART model to the HotpotQA dataset (Yang et al., 2018), this research

demonstrates significant improvements in generating coherent and contextually

relevant multi-hop questions. This contribution addresses the challenge of syn-

thesizing questions that need reasoning over different parts of data.

3. Graph-based Contextual Understanding: The use of GAT enhances the model’s

power to understand and utilize relationships between different entities within

the input context by applying attention mechanisms to graph-structured data

(Fei et al., 2022). GAT assigns varying levels of importance to different nodes

(entities) and edges (relationships), allowing the model to focus on the most

relevant connections. This graph-based approach leads to a deeper and more

nuanced contextual understanding, which is vital for generating high-quality,

coherent multi-hop questions.

4. Benchmarking and Evaluation: Comprehensive experiments and evaluations

are conducted using the HotpotQA dataset to benchmark the performance of

GNET-QG (Fei et al., 2022; Su et al., 2020). The results indicate a notable

increase in the quality and relevancy of the generated questions compared to

existing models, providing a valuable contribution to the field.

5. Open-source Implementation: The implementation of the integrated GAT and

BART model is made available as an open-source resource. This contribution

encourages further research and development in multi-hop question generation,

facilitating the advancement of more sophisticated models and techniques.

3



1.3. THESIS OVERVIEW

GNET-QG presents an important improvement in the field of multi-hop question gen-

eration, providing a robust framework and valuable insights for future research.

1.3 Thesis Overview

The structure of this thesis is as follows:

– Chapter 2 covers the foundational concepts and background details necessary

to understand our proposed model’s different technologies and methodologies.

– Chapter 3 reviews the existing literature and prior research on question gener-

ation.

– Chapter 4 describes GNET-QG in detail, including the integration of GAT

(Graph Attention Network) and BART (Bidirectional and Auto-Regressive Trans-

formers). This chapter covers the model architecture, design choices, and the

underlying algorithms. It also explains how the model used GAT’s strengths for

handling graph-structured data and BART for generating high-quality, multi-

hop questions.

– Chapter 5 includes information on the dataset used in this study, the automated

evaluation metrics applied, the details of the model implementation, and the

presentation of the experimental results.

– Chapter 6 outlines this thesis’s conclusions and coming research directions for

advancing multi-hop question generation tasks.

4



Chapter 2

Background

2.1 Introduction

This chapter focuses on the background required to understand the earlier re-

search on question generation and the methodology introduced. We begin by

exploring artificial neural networks, like recurrent neural networks, sequence-

to-sequence learning, and attention processes. We then explain key concepts in

natural language processing, such as entity extraction from text, tokenization,

and word embeddings.

Next, we explore the cutting-edge developments in deep learning architectures

including the GAT and BART models. Then we cover the definition of tech-

niques that were used in this work to generate high-quality questions including

transformer architecture, gated attention mechanism, and bidirectional autore-

gressive transformers. We examine the role of them in producing coherent and

relevant texts.

In conclusion, we clarify important features of deep neural network training and

inference phases. Additionally, we cover the application of the GAT and BART

models for generating texts.

5



2.2. ARTIFICIAL NEURAL NETWORKS

2.2 Artificial Neural Networks

ANNs (Artificial Neural Networks) are computational models inspired by the human

brain (Bishop, 2006). They consist of connected nodes called neurons, organized into

layers. Neurons process information data, apply mathematical operations, and pro-

duce output. ANNs learn from data by adjusting connection strengths (weights) be-

tween neurons, typically through a process called backpropagation. They are widely

used in tasks like pattern recognition, classification, and prediction.

2.2.1 Recurrent Neural Networks

RNNs (Recurrent Neural Networks) are a type of neural network architecture de-

signed to handle sequential data. Sequential data refers to data where the order of

the elements is important, such as time series data or natural language text. Unlike

classic neural networks that process individual data points independently, RNNs can

capture dependencies and patterns across sequences.

RNNs excel in tasks involving sequence prediction, making them valuable for appli-

cations like language translation, speech recognition, and handwriting recognition.

The core concepts of the RNNs are:

– Memory: RNNs possess an internal memory, unlike standard feedforward net-

works. This memory allows them to keep information about previous inputs,

crucial for understanding sequences in which the meaning of one element fre-

quently depends on the meaning of the one that came before it (Rumelhart and

McClelland, 1987; Schmidt, 2019) .

– Structure: Like standard neural networks, RNNs consist of layers that process

information. However, RNNs have a unique feedback mechanism, where con-

nections loop back, allowing the hidden state from one time step to influence the

processing of subsequent time steps. This recurrence is what enables RNNs to

6



2.2. ARTIFICIAL NEURAL NETWORKS

retain information over time, creating a memory effect (Schmidt, 2019).

– Training: RNNs are trained using an adjusted version of backpropagation known

as BPTT (backpropagation through time) (Keller, 2017). This algorithm helps

the network learn how to effectively utilize its internal memory for sequence

tasks (Schmidt, 2019).

2.2.2 Sequence-to-Sequence Learning

Seq2Seq (Sequence-to-Sequence Learning) is a deep learning technique focused on

mapping sequences from one domain to another domain (Sutskever et al., 2014b).

This makes it particularly valuable in tasks like machine translation, where you trans-

late sentences from one language (e.g., French) to another (e.g., English) (Team,

2024). Here is a breakdown of the core idea behind Seq2Seq:

– Encoder-Decoder Architecture: Seq2Seq models typically depend on an encoder-

decoder architecture (Sutskever et al., 2014a). The encoder processes the input

sequence, capturing its meaning and context. This information is then com-

pressed into a vector representation. The decoder, using this encoded represen-

tation, generates the result sequence one element at a time.

– RNNs as Building Blocks: RNNs are often the building blocks of Seq2Seq

models because of their ability to effectively handle sequential data (Sutskever

et al., 2014a). LSTMs (long short-term memory) (Hochreiter and Schmidhuber,

1997) and GRUs (gated recurrent units) (Cho et al., 2014) are popular RNN

variants used in Seq2Seq models, designed to address the vanishing gradient

problem that can hinder RNNs in learning long-term dependencies (Team, 2024).

2.2.3 Attention Mechanisms in Neural Networks

Attention mechanisms were introduced to address a traditional sequence-to-sequence

model’s limitations, particularly in handling long-range dependencies in data. The

7



2.2. ARTIFICIAL NEURAL NETWORKS

seminal work by Bahdanau et al. (2014) presented the attention mechanism in ma-

chine translation. Their approach allowed the model to weigh different parts of the

input sequence differently when producing each word in the output sequence.

Attention mechanisms in artificial neural networks draw inspiration from how hu-

mans selectively focus on specific details while processing complex information.

In neural networks, attention allows the model to concentrate on relevant elements

within the input data, leading to more accurate outputs (Vaswani et al., 2023). Atten-

tion assigns weights to different parts of the input data. These weights indicate the

relative importance of each part for the current task. The network then focuses on

the parts with higher weights, resulting in a more nuanced understanding of the input

(Vaswani et al., 2023).

The evolution of attention mechanisms led to the development of the Transformer

model by Vaswani et al. (2023). Transformers depend on self-attention mechanisms

to global dependencies between input and output. The self-attention mechanism cal-

culates a weighted average of all input elements for each element (Dixit, 2023), Al-

lowing the model to capture relationships regardless of their distance in the sequence.

This architecture outperformed previous models in translation tasks and has since be-

come the basis for many cutting-edge models in NLP. Attention mechanism compo-

nents are:

– Query, Key, and Value (QKV): In self-attention, each input element is trans-

formed into three vectors: Query (Q), Key (K), and Value (V). The attention

score is calculated as the dot product of all Keys with the Query. A softmax

operation is applied to get the attention weights, which are then used to calculate

a weighted sum of the values.

– Multi-Head Attention: This technique handles multiple self-attention opera-

tions simultaneously, each with various learned projections of Q, K, and V. The

outputs are concatenated and linearly transformed to make the final output, al-

8



2.3. NATURAL LANGUAGE PROCESSING CONCEPTS

lowing the model to grab different aspects of the relationships in the data.

2.3 Natural Language Processing Concepts

We will begin with tokenization, a preprocessing step that divides text into smaller

units, often words or subwords, facilitating language understanding for computa-

tional models. Next, we explore Named-Entity Recognition (NER), a task focused

on identifying and categorizing key information, such as people, places, and dates, in

text. Lastly, we delve into word embeddings, which convert words into dense vector

representations, capturing semantic and syntactic relationships between them. To-

gether, these concepts lay the groundwork for understanding and developing more

sophisticated NLP models and methodologies.

2.3.1 Tokenization

Tokenization is a fundamental preprocessing step in NLP that involves breaking down

text into smaller paces called tokens. These tokens can be words, subwords, or char-

acters, relying on the task’s specific requirements and the model’s design. Tokeniza-

tion is vital because it transforms raw text, which is unstructured and complex, into a

structured format that machine learning models can easily process.

This step is essential for understanding the syntactic and semantic nuances of the text,

facilitating more accurate and contextually relevant question generation.

Here there is an example of a tokenizer, consider the sentence: ”Tokenization is

the process of breaking text into tokens.” (Baghaee, 2018) Tokenization might split

this into individual words: [”Tokenization”, ”is”, ”the”, ”process”, ”of”, ”breaking”,

”text”, ”into”, ”token”]. On the other hand, subword tokenization, could break words

into meaningful parts, handling out-of-vocabulary words more effectively: [”Token”,

”ization”, ”is”, ”the”, ”process”, ”of”, ”break”, ”ing”, ”text”, ”into”, ”token”].

9



2.3. NATURAL LANGUAGE PROCESSING CONCEPTS

To address these challenges, rule-based tokenizers are available through open-source

libraries like NLTK (Natural Language Toolkit)1 and spaCy2, making them widely

accessible for natural language processing and question generation research. These

libraries offer robust tokenization tools that can handle a variety of languages and text

formats.

Tokenization is particularly important in NLP because models like transformers re-

quire fixed-size inputs. Tokenizing text and subsequently padding or truncating se-

quences assures that all input data fits the model’s expected input dimensions. This

standardized input format is critical for the efficiency and accuracy of training and

inference processes in NLP models.

2.3.2 Named-Entity Recognition

Named Entity Recognition (NER) is a subtask of natural language processing (NLP)

that focuses on identifying and classifying named entities within text. These entities

can belong to various categories, such as:

– People: Names of individuals (e.g., Barack Obama, Marie Curie)

– Organizations: Companies, institutions, government agencies (e.g., Apple Inc.,

Harvard University, NASA)

– Locations: Cities, countries, geographical features (e.g., New York, France,

Mount Everest)

– Dates and Times: Specific points in time (e.g., July 4th, 2024, 3:12 PM)

– Monetary Values: Amounts of money (e.g., $100, 50)

– Other Categories Depending on the specific task, NER can also identify entities

like percentages, vehicles, or creative works (books, movies).

1https://www.nltk.org/
2https://spacy.io/
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NER has numerous applications in different domains. In information extraction tasks,

NER can be used to identify relevant entities from unstructured text and enable the

extraction of structured information for analysis. In question generation, NER can

help identify key entities that can serve as subjects or objects in generated questions.

Moreover, in sentiment analysis, NER can assist in identifying entities that play a

significant role in expressing opinions or sentiments.

2.3.3 Word Embeddings

Word embedding is a technique in NLP where words or phrases are mapped to vec-

tors of real numbers. This allows words with related meanings to have comparable

representations, facilitating various NLP tasks such as question generation, machine

translation, sentiment analysis, and information retrieval. The concept of word em-

bedding has evolved significantly over time, starting from simple techniques like one-

hot encoding to more advanced methods like Word2Vec and GloVe.

– One-Hot Encoding

One-hot encoding is the most basic form of representing words in a numerical

format. In this method, a one-hot vector is a one × N matrix (vector) employed

to uniquely identify each word in a lexicon (Arnaud et al., 2021). This vector

consists of 0s in all positions except for a single 1, which is used to represent the

specific word. One-hot encoding is important because it prevents machine learn-

ing algorithms from assuming that certain numbers have higher importance. For

example, while the number ’8’ is greater than ’1’, this difference in numerical

value does not indicate more significance. Similarly, in the context of words,

the term ’laughter’ is not inherently more significant than ’laugh’ just because

it might appear ’larger’ or more complex (Wikipedia contributors, 2023). Both

’laughter’ and ’laugh’ would have different representations in a one-hot encod-

ing, as each word is treated as a unique token. However, the complexity or size
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of the word does not impact the vector’s length—each word still corresponds to

a single position in the vector. The size of a one-hot vector depends on the total

vocabulary size, not the word’s length or complexity.

– Word2vec

Word2Vec draws inspiration from earlier work in deep learning, such as the pa-

per from Bengio et al. (2009). While this paper mostly discusses deep represen-

tations for image recognition, it introduces the concept of learning distributed

representations. These representations find the complex relationships between

different features or entities in a high-dimensional space. This idea is a key

baseline for the future progress in the field.

One of the pivotal papers in the field of word embedding is Mikolov et al. (2013).

This paper introduces the Word2Vec model, which efficiently learns distributed

representations of words from large text corpora. Word2Vec learns to predict

words based on their context using either the continuous bag-of-words (CBOW)

or skip-gram architectures. By training neural networks on large amounts of text

data, Word2Vec embeds words in a consistent vector space, ensuring that words

with similar meanings possess comparable vector representations. This approach

revolutionized natural language processing tasks by enabling algorithms to cap-

ture semantic relationships between words and improve performance on tasks

like language translation, sentiment analysis, and information retrieval.

– Gloves

Gloves have long served as a practical tool for protecting our hands. From keep-

ing them warm in harsh winters to shielding them from abrasions and chemicals,

gloves come in various materials and designs to suit our needs. But did you

know the word ”glove” can also refer to something entirely different in artificial

intelligence?

Enter GloVe (global vectors), a model for distributed word representation. Just
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like a well-fitting glove contours to your hand, GloVe maps words into a mean-

ingful space where their relationships are captured. Words with similar meanings

are positioned close together in this space, just as fingers on a hand are naturally

grouped. This is achieved through unsupervised learning, a technique where the

model learns from vast amounts of text data. By analyzing how often words co-

occur with each other, GloVe creates a system where the distance between words

reflects their semantic similarity (Pennington et al., 2014).

Designed as an open-source task at Stanford 3 in 2014 by Pennington et al.

(2014), GloVe leverages the global structure of language, akin to a glove en-

compassing the entire hand, while also considering the local context in which

words appear, similar to how fingers interact with specific objects (Mikolov et al.,

2013).

The word ”glove” embodies the concept of fitting things together. While a phys-

ical glove protects our hands, the GloVe model helps computers understand the

nuances of human language. Both represent fascinating applications of form and

function, each playing a vital role in their respective domains.

– BERT Embedding:

BERT (bidirectional encoder representations from transformers), introduced by

Devlin et al. (2019a), represents a notable leap in NLP embeddings. Unlike tra-

ditional models like Word2Vec or GloVe that produce static word embeddings,

BERT generates dynamic, context-sensitive embeddings. It utilizes a Trans-

former architecture, particularly its encoder stack, to capture bidirectional con-

text, meaning it considers both left and right context in all layers. This allows

BERT to analyze a word based on the entire sentence—taking into account the

words that come before (left) and after (right)—so that it can adjust the meaning

of the word depending on its surrounding context. This allows BERT to generate

3https://online.stanford.edu/
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more nuanced and accurate word representations, significantly improving per-

formance in various NLP tasks such as question answering, sentiment analysis,

and named entity recognition (Devlin et al., 2019a).

Embeddings by BERT are created by training on large corpora using masked lan-

guage modeling and next-sentence prediction tasks. In masked language model-

ing, some tokens in the input are randomly masked, and the model is trained to

predict these masked tokens based on the context provided by the surrounding

tokens. This training approach enables BERT to learn deep bidirectional rep-

resentations, making it highly effective at capturing the complexities of natural

language. Moreover, the next sentence prediction task helps BERT understand

the relationship between sentences, enhancing its ability to handle tasks that re-

quire an understanding of sentence order and coherence (Devlin et al., 2019a).

The impact of BERT embeddings on NLP has been profound. They have set new

benchmarks across numerous tasks and have become a cornerstone for many

advanced NLP models and applications. By providing rich, context-aware word

representations, BERT has paved the way for even more sophisticated language

models, driving forward the capabilities of artificial intelligence in understanding

and processing human language (Wolf et al., 2020).

Researchers have made significant strides in word embedding techniques. They are

trying to make machines that can better understand and process human language.

2.4 Automated Evaluation Metrics

We begin by discussing Precision, Recall, and F-measure, which are fundamen-

tal metrics used to evaluate classification models and information retrieval systems.

These metrics quantify the correctness of model outputs by balancing the trade-off

between precision (accuracy) and recall (completeness). Next, we explore BLEU

(Bilingual Evaluation Understudy), a popular metric for machine translation, which
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measures the similarity between generated and reference texts based on overlapping

n-grams. We then cover ROUGE-L (Recall-Oriented Understudy for Gisting Evalua-

tion), primarily used for text summarization tasks, focusing on capturing the longest

common subsequences between the generated and reference summaries. Finally, we

examine METEOR (Metric for Evaluation of Translation with Explicit ORdering),

a metric designed to address some of BLEU’s limitations by considering synonymy

and stemming.

2.4.1 Precision, Recall, and F-measure

Precision measures the accuracy of positive predictions made by a model. It is de-

fined as the ratio of correctly predicted positive instances to the total number of in-

stances predicted as positive:

Precision =
True Positives

True Positives+False Positives
(2.1)

where:

– True Positives (TP): The number of correct positive predictions.

– False Positives (FP): The number of incorrect positive predictions.

Recall measures the model’s ability to identify all relevant instances. It is defined as

the ratio of correctly predicted positive instances to the total number of actual positive

instances:

Recall =
True Positives

True Positives+False Negatives
(2.2)

where:

– False Negatives (FN): The number of actual positives that the model failed to

identify.
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F-measure (or F1-score) is the harmonic mean of precision and recall. It provides a

single metric that balances both precision and recall:

F1-score = 2× Precision×Recall
Precision+Recall

(2.3)

2.4.2 BLEU

BLEU (Bilingual Evaluation Understudy) is a metric to assess the quality of machine-

generated translations. Initially introduced by Papineni et al. (2002), BLEU has be-

come a standard in natural language processing and machine translation. It evaluates

how closely a generated translation matches one or more reference translations.

The BLEU metric functions by comparing the output of an automated translation

system with one or more reference translations and assigning a score based on their

similarity. Scores range from zero to one, with a score of one indicating perfect

similarity.

BLEU is based on the concept of precision, which measures how many of the words

or phrases in the generated translation match those in the reference translations.

BLEU considers n-grams, which are sequences of n consecutive words, typically up

to four words long. BLEU-1 measures precision based on unigrams (single words),

BLEU-2 measures precision based on bigrams (pairs of words), BLEU-3 measures

precision based on trigrams (sequences of three words), and BLEU-4 measures pre-

cision based on four-grams (sequences of four words).

Each n-gram precision score is then combined using a weighted average to calculate

the overall BLEU score. The weights for each n-gram precision score are typically

uniform, although some variations of BLEU may use different weighting schemes.

Although BLEU is commonly used to evaluate machine translation systems, it is

not without its limitations. For example, BLEU does not account for fluency, gram-
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maticality, or semantic accuracy in translations. Additionally, BLEU may penalize

translations that contain synonyms or paraphrases of the reference translations, even

if they convey the same meaning effectively.

Despite its limitations, BLEU remains a valuable tool for researchers and developers

working in the field of machine translation, providing a standardized way to measure

and compare the quality of translation systems.

2.4.3 ROUGE-L

ROUGE-L is a metric used in NLP, specifically for evaluating text summarization and

machine translation tasks. It belongs to the ROUGE (Recall-Oriented Understudy for

Gisting Evaluation) family of metrics (Lin, 2004), widely used to assess the quality

of automatic summaries by comparing them to human-written references.

ROUGE-L focuses on the Longest Common Subsequence (LCS) (Lin and Och, 2004)

between the generated and provided reference summaries. LCS considers the most

extended sequence of words that appear in the same order in both summaries. For

example, ”the quick brown fox” would be a longer LCS than ”brown fox the quick”

even though they contain the same words.

ROUGE-L calculates precision, recall, and F-measure based on the LCS. Precision

measures the proportion of words in the generated summary that are also in the ref-

erence summary. Recall measures the proportion of words in the reference summary

that are also in the generated summary. F-measure is the harmonic mean of precision

and recall, giving a single score that balances both.

Like other ROUGE metrics, ROUGE-L accounts for different summary lengths by

normalizing the scores. ROUGE-L scores range between zero and one, with elevated

scores indicating more substantial alignment between the generated and reference

summaries.
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ROUGE-L and other ROUGE metrics provide a quantitative measure of summary

quality. However, it is important to note that ROUGE-L, like other automatic evalua-

tion metrics, might not perfectly capture semantic similarity or fluency in summaries.

Example of ROUGE-L

Let’s take an example where we have a generated summary G and a reference sum-

mary R:

G = ”The quick brown fox jumps over a lazy dog”

R = ”A brown fox jumps over a lazy dog”

To compute the ROUGE-L score, we first look for the LCS between G and R. In this

case, the LCS is:

LCS = ”brown fox jumps over a lazy dog”

Now, we can compute precision, recall, and F-measure using the LCS:

Precision =
length of LCS

length of G
=

7
9

Recall =
length of LCS

length of R
=

7
8

F-measure =
2×Precision×Recall

Precision+Recall
=

2× 7
9 ×

7
8

7
9 +

7
8
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F-measure ≈ 0.823

Therefore, the ROUGE-L score for this example is approximately 0.823.

2.4.4 METEOR

METEOR (Metric for Evaluation of Translation with Explicit ORdering) is a tool

designed to assess the quality of machine-translation output. It was introduced by

Lavie and Agarwal (2007) and aims to evaluate how effectively a machine translation

system translates text.

How METEOR Works?

1. Precision and Recall

– Precision is used to describe the percentage of pertinent items (accurate

translations) that a system finds.

– Recall It assesses how much relevant information the system discovers.

– METEOR combines these two measures using the harmonic mean, but it

gives more weight to recall. This is important because it ensures that the

metric emphasizes the correct identification of all relevant items in the trans-

lation, which is crucial for assessing translation quality.

2. Advanced Matching Features

– Stemming: METEOR reduces words to their root forms, allowing it to rec-

ognize various forms of similar words (e.g., “running” and “ran” would both

match with “run”).

– Synonymy Matching: This involves identifying words with similar mean-

ings, which helps in evaluating translations that use synonyms rather than
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exact word matches. For instance, “happy” and “joyful” would be consid-

ered a match.

These features allow METEOR to provide a more comprehensive evaluation of trans-

lation quality by considering not just exact word matches but also variations in word

forms and meanings.

Why Use METEOR?

To solve some of BLEU’s limitations, METEOR was created, another widely used

machine translation evaluation metric. BLEU focuses on the entire corpus and pri-

marily considers exact word matches, which can sometimes lead to discrepancies

with human judgment of translation grade. METEOR, conversely, aims to achieve

a stronger correlation with human judgment, particularly at the sentence level. This

makes METEOR a more nuanced and robust tool for evaluating translation quality,

as it considers both the meaning and structure of the translated text.

2.5 Paragraph Selection

2.5.1 Definition

Paragraph selection is a process in NLP where specific paragraphs are identified and

chosen from a larger text or document based on their relevance to a given task or

query. This is specifically important in tasks such as summarization, question answer-

ing, and information retrieval, where it is necessary to prioritize the most pertinent

sections of a document rather than analyzing the entire text.

2.5.2 Steps in Paragraph Selection

1. Input Text: The process starts with a large text or multiple documents that con-

tain several paragraphs.
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2. Representation: Each paragraph is represented in a way that captures its seman-

tic content. This often involves converting the text into numerical vectors using

various NLP models.

3. Relevance Scoring: Each paragraph is scored based on its relevance to a partic-

ular query or task. This is typically done using similarity measures, relevance

models, or machine learning algorithms.

4. Selection: The paragraphs with the highest relevance scores are selected for

further processing.

2.5.3 Example Use Cases

– Question Answering: Selecting paragraphs likely to include the answer to a

user’s question.

– Summarization: Identifying key paragraphs that encapsulate the main points of

a document.

– Information Retrieval: Finding the most pertinent paragraphs in a document

that matches a user’s search query.

2.5.4 Using BERT for Paragraph Selection

BERT (Bidirectional Encoder Representations from Transformers) (Devlin et al.,

2019b)is a robust NLP model that can be used for paragraph selection due to its

ability to understand context and semantics effectively.

This means that in the system or application being described, BERT models are em-

ployed for the task of paragraph selection. BERT is typically used in this context:

1. Encoding Paragraphs: BERT takes each paragraph and converts it into a con-

textualized embedding, which is a numerical representation that captures the

meaning of the paragraph in context.
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2. Relevance Scoring: BERT then compares these embeddings against a query or

task-specific criteria to generate a relevance score for each paragraph.

3. Selecting Paragraphs: Based on these scores, the most relevant paragraphs are

selected.

By using BERT, the paragraph selection process becomes more accurate because

BERT’s contextual understanding helps in identifying paragraphs that are truly rele-

vant, even when the language is complex or nuanced.

2.6 Graph Attention Network

A GAT (Graph Attention Network) constitutes a neural network architecture tailored

for tasks centered on graph-structured data. They are particularly effective for prob-

lems where the relationships between data points (nodes) are as important as the data

points themselves. This architecture, was introduced by Veličković et al. (2018).

GAT blends attention mechanisms into GNNs (Graph Neural Networks) to weigh the

importance of neighboring nodes.

2.6.1 Graph-Structured Data

A graph consists of nodes (vertices) and edges (links between nodes). Graph-structured

data is prevalent in NLP, such as social networks, molecular chemistry, and rec-

ommendation systems (Veličković et al., 2018). In these contexts, the connections

(edges) between entities (nodes) carry significant information.

2.6.2 Attention Mechanism

The attention mechanism is a component originally popularized by the Transformer

architecture in NLP. It allows the model to focus on different parts of the input se-

quence dynamically, by assigning different weights to different parts. When applied
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to graphs, the attention mechanism helps the model to assign varying levels of im-

portance to neighboring nodes during the aggregation process.

2.7 Architecture of GAT

2.7.1 Input Features

Each vertex in the graph is linked to a feature vector. Feature vector is a numerical

representation of the attributes of a node. Each feature vector is essentially an array

of numbers, where each number corresponds to a specific characteristic or feature of

the node. For example, in a social network, features could include age, interests, or

number of friends. The input features are crucial as they represent the initial state of

each node.

2.7.2 Attention Layers

GAT uses multiple attention layers where each layer performs the following steps:

– Attention Coefficients Calculation: For each node in a graph, attention co-

efficients are computed with respect to its neighboring nodes to determine the

importance of each neighbor’s features.

Mathematically, for nodes i and j connected by an edge, the attention coefficient

αi j is calculated as follows:

αi j =
exp(LeakyReLU(aT [Whi ∥ Wh j]))

∑k∈N (i) exp(LeakyReLU(aT [Whi ∥ Whk]))

where:

* hi and h j are the feature vectors of nodes i and j, respectively. These vectors

represent the characteristics or embeddings of the nodes.

* a is a learnable weight vector used to compute the attention score.
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* W is a weight matrix applied to the input feature vectors hi and h j.

* ∥ denotes concatenation of the transformed feature vectors Whi and Wh j.

* N (i) represents the set of neighboring nodes of node i.

The function LeakyReLU is an activation function defined as:

LeakyReLU(x) =


x if x > 0

αx if x ≤ 0

where α is a small positive constant (e.g., 0.01), LeakyReLU allows a small,

non-zero gradient when the input is negative, helping to avoid the problem of

”dying ReLUs” where neurons can become inactive and stop learning.

– Feature Aggregation: The node features are updated by aggregating the fea-

tures of the neighboring nodes, weighted by the attention coefficients. The new

feature representation of a node i is given by:

h′
i = σ

 ∑
j∈N (i)

αi jWh j


Where σ is a non-linear activation function, typically ReLU. ReLU (Rectified

Linear Unit) is an activation function used in neural networks. It outputs the

input directly if it’s positive, and zero if it’s negative. Mathematically, it’s defined

as:

f (x) = max(0,x)

2.7.3 Multi-Head Attention

GAT employs multi-head attention to enhance learning stability and bolster the model’s

capability. This involves running multiple attention mechanisms (heads) simultane-

ously, concatenating their outputs to form the final node representations.
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2.7.4 Advantages of GAT

– Adaptive Weighting: GAT can learn to focus on the most relevant parts of the

graph, allowing for more nuanced and context-aware feature aggregation.

– Versatility: They can be applied to both homogeneous and heterogeneous graphs,

making them useful in various applications.

– Parallelizability: The operations within each attention head are highly paral-

lelizable, making GAT efficient to train on modern hardware.

– Scalability: GAT can handle large graphs more efficiently than models requiring

global graph information by focusing on local neighborhoods.

2.7.5 Applications

GAT has been successfully applied in various fields:

– Social Network Analysis: Understanding user behavior, community detection,

and link prediction.

– Recommendation Systems: using GAT in recommendation systems by incor-

porating knowledge graphs and geographic information into the model. This

can improve the accuracy of recommendations by considering additional factors

beyond user-item interactions (Yang et al., 2020).

– Molecular Chemistry: GAT show great promise in molecular chemistry, par-

ticularly for identifying molecular properties in drug discovery (Reiser et al.,

2022).

– Natural Language Processing: Enhancing tasks like Question Answering (Kacu-

paj et al., 2021) and machine translation (Chen et al., 2021) by capturing rela-

tionships between words and phrases.
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2.8 BART Model

BART (Bidirectional and Auto-Regressive Transformers) by Lewis et al. (2019) is

a transformer-based neural network architecture developed by Facebook AI. It com-

bines the strengths of both BERT (Bidirectional Encoder Representations from Trans-

formers) and GPT (Generative Pre-training Transformer) models, making it effective

for various NLP tasks, particularly those involving text generation and sequence-to-

sequence tasks.

2.8.1 Architecture

BART is built upon the standard transformer architecture and follows a denoising au-

toencoder approach. It is composed of two primary parts: an encoder and a decoder.

Encoder: The encoder in BART is similar to BERT, employing a bidirectional at-

tention mechanism. This mechanism allows the encoder to process the input text in

both directions, by capturing rich contextual information from both preceding and

following tokens. By doing so, it comprehensively understands the context of each

word within the input sequence.

Decoder: The decoder in BART operates in an autoregressive manner, akin to mod-

els like GPT (Generative Pre-trained Transformer). It generates text token by token,

conditioned on both the encoded representation from the encoder and the previously

generated tokens. This autoregressive process ensures that the generated text is co-

herent and contextually relevant, as it attends to the full context of the input during

generation.

Figure 2.1, is the images from the paper by Lewis et al. (2019). The left side of

the picture shows a bidirectional encoder, which is used to encode a message. The

message is represented by a series of letters, A through E. The right side of the image

shows an autoregressive decoder, which is used to decode a message. The decoder
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Figure 2.1: BART Architecture

starts with a special start token (<s>) and then generates a sequence of words, one at

a time. In this example, the decoder generates the words “ABCDE”.

2.8.2 Applications

Text Generation

BART excels in generating coherent and contextually relevant text. This makes it

suitable for a range of tasks, such as:

– Story Generation: Creating narratives or fictional stories based on given prompts

or contexts.

– Dialogue Systems: Generating responses in conversational agents or chatbots

that are contextually appropriate.

– Content Creation: Automatically generating articles, blog posts, or other forms

of content based on specified topics or themes.

– Question Generation: Crafting questions from given passages or documents is

useful in educational settings or information retrieval systems.
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Summarization

BART is effective in summarizing long documents into concise and informative sum-

maries. It excels in both extractive summarization, which involves selecting the most

important sentences from the original text, and abstractive summarization, which en-

tails paraphrasing and generating new sentences to convey the main ideas. This dual

capability is crucial for tasks such as:

– News Summarization: Creating brief summaries of news articles.

– Document Summarization: Generating synopses of research papers, legal doc-

uments, or reports.

– Meeting Summarization: Automatically summarizing meeting notes or tran-

scripts.

Translation

BART can be used for machine translation tasks, translating text from one language

to another while preserving the original meaning and context. This is valuable for:

– Cross-Language Communication: Enabling communication between speakers

of different languages.

– Multilingual Applications: Supporting applications that need to operate in mul-

tiple languages simultaneously.

– Localization: Adapting content for different linguistic and cultural contexts.

2.8.3 Advantages

– Versatility: BART’s combination of bidirectional encoding and autoregressive

decoding makes it versatile for a wide range of NLP tasks.

– Performance: BART has achieved state-of-the-art results on several bench-

marks, demonstrating its effectiveness in both text generation and understanding
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tasks.

– Robustness: The denoising training objective helps BART learn robust repre-

sentations, making it resilient to input noise and capable of handling various text

corruptions.

2.9 T5

2.9.1 Introduction

T5, or the Text-To-Text Transfer Transformer, is a revolutionary model developed

by researchers at Google Research. It was introduced by Raffel et al. (2023). T5

stands out in the field of NLP due to its unique approach of framing all tasks as

text-to-text problems. This means that any NLP task, whether it involves translation,

summarization, or question answering, is formulated as taking a piece of text as input

and producing a piece of text as output.

2.9.2 Architecture

T5 is built upon the Transformer architecture, which is important in many state-of-

the-art NLP models. The Transformer model utilizes self-attention mechanisms, en-

abling it to catch long-range text dependencies more effectively than traditional recur-

rent neural networks (RNNs). T5 extends this architecture with an encoder-decoder

structure:

– Encoder: Processes input text and transforms it into a sequence of uninterrupted

representations.

– Decoder: Takes these representations and generates the output text.
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2.9.3 Unified Framework

A major innovation of T5 is its unified framework. By transforming every NLP task

into a text-to-text format, T5 simplifies transfer learning across diverse tasks. For

instance, a translation task is structured as ”translate English to French: [input text],”

while a summarization task might be ”summarize: [input text].”

2.9.4 Variants

T5 is available in different sizes, from T5-Small to T5-XXL, each progressively in-

creasing in the number of parameters. This scalability empowers users to select a

model that balances computational efficiency with performance, based on their spe-

cific needs and resources.

2.9.5 Applications

The versatility of T5 makes it suitable for a wide range of NLP tasks, including

translation, summarization, question answering, and text generation.

2.9.6 Performance

T5 has demonstrated impressive performance across multiple benchmarks, frequently

achieving state-of-the-art results. Its effectiveness scales with larger model sizes and

extensive pre-training data, showcasing the potency of the text-to-text framework.

2.10 Summary

Chapter 2 provided a comprehensive overview of foundational concepts in neural

networks and natural language processing, including artificial neural networks, atten-

tion mechanisms, and automated evaluation metrics. Key technologies such as Graph
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Attention Networks (GAT), BART, and T5 were explored, highlighting their archi-

tectures, advantages, and applications. This background lays the groundwork for the

review of related work in the next chapter.
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Chapter 3

Related Work

3.1 Introduction

In recent years, multi-hop question generation has advanced significantly, driven by

the need for AI systems that can handle complex queries. This section reviews the

key methods and techniques relevant to our research, tracing the evolution of question

generation and highlighting the current state-of-the-art.

We start by discussing fundamental question generation methods, including syntax-

based approaches, semantic-based methods, template-based techniques, and end-to-

end sequence-to-sequence models. These methods have evolved to improve how

questions are generated from input text.

Next, we focus on multi-hop question generation, the core of our study. We address

the challenges of generating questions that require reasoning across multiple pieces of

information, such as maintaining coherence, ensuring accuracy, and capturing logical

relationships.

Graph-based approaches, particularly Graph Attention Networks (GATs), are exam-

ined for their ability to handle complex information structures in multi-hop question

generation. We explore their architecture and effectiveness in this context.

We also review recent models, datasets, and evaluation metrics specifically designed

for multi-hop question generation, analyzing how they build on earlier techniques

and noting their strengths and limitations.
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This review identifies trends, challenges, and gaps in current knowledge, providing

a foundation for our research and highlighting the novel aspects of our approach to

multi-hop question generation. It sets the stage for the subsequent chapters, where

we will introduce and demonstrate our methodology.

3.2 Question generation

Over recent years, research into question generation (QG) has evolved substantially,

propelled by its practical applications in education, question-answering systems, and

information retrieval. This unit provides an overview of pivotal methodologies and

advancements in QG techniques, structured around categories such as syntax-based,

semantic-based, template-based, and end-to-end sequence-to-sequence learning mod-

els.

3.2.1 Syntax-Based Approaches

Syntax-based methods initially showed promise for short sentences but often strug-

gled with grammatical correctness (Heilman and Smith, 2010; Yao, 2010; Wyse and

Piwek, 2009). These approaches relied on syntactic structures to generate questions,

highlighting their limitations in handling complex sentence structures effectively.

3.2.2 Semantic-Based Approaches

Semantic-based techniques employed semantic role labeling (Lindberg et al., 2013)

and other target identification methods to enhance question relevance and accuracy.

These approaches aimed to extract deeper meaning from the text to formulate con-

textually appropriate questions.
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3.2.3 Template-Based Approaches

Template-based strategies (Chen and Aist, 2009) streamlined question generation by

using predefined templates that could be applied across specific domains. While

efficient in constrained environments, they required human intervention to create and

maintain robust templates (Yao, 2010).

3.2.4 End-to-End Sequence-to-Sequence

The emergence of end-to-end sequence-to-sequence learning models (Yuan et al.,

2017) marked a shift towards data-driven approaches that bypassed manual rule craft-

ing. These models leveraged neural networks to map input sentences to correspond-

ing questions directly, demonstrating proficiency in handling diverse linguistic struc-

tures and contexts.

3.3 Multi-hop Question Generation

Multi-hop Question Generation is a process that entails gathering related data dis-

persed over several documents and formulating questions that necessitate reasoning

in multiple stages (Hwang et al., 2024).

3.3.1 Challenges in generating multi-hop questions

Multi-hop question generation represents a significant advancement over single-hop

QC. Unlike single-hop QG, which typically relies on information contained within

a single context, Multi-hop question generation demands a more sophisticated ap-

proach to information synthesis and question formulation. The first major challenge

in Multi-hop question generation hinges on the model’s need to comprehend and in-

tegrate information across multiple context documents. This requires not only the

ability to extract relevant details from individual sources but also to understand the
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intricate relationships between these pieces of information. Models must develop a

holistic understanding of the subject matter, drawing connections that may not be

explicitly stated in any single document. This demands advanced semantic process-

ing capabilities and the ability to maintain and manage a much larger contextual

scope than is typically required in single-hop QG. The second significant challenge

in Multi-hop question generation is the requirement to establish complex linkages

between entities mentioned across different contexts. This aspect is important in

ensuring the depth and complexity of the generated questions, often referred to as

”deep questions” in the literature. Models must not only recognize and track entities

across multiple documents but also understand their evolving roles and relationships

in varying contexts. This necessitates a level of logical reasoning and relationship

modeling that goes beyond simple entity recognition, often requiring multiple steps

of inference to create meaningful connections. These challenges collectively con-

tribute to the complexity of Multi-hop question generation, making it a task that de-

mands more advanced natural language understanding and generation capabilities.

The ability to perform complex reasoning tasks becomes paramount, as models must

generate questions that truly require multiple hops to answer rather than superficially

complex questions that can be resolved with a single piece of information. As such,

Multi-hop question generation serves as a frontier in question generation research,

pushing the boundaries of what is possible in automated comprehension and question

formulation (Pan et al., 2020; Sachan et al., 2020; Fei et al., 2022).

3.4 Graph-based Approaches in Question Generation

While traditional question generation techniques concentrate on formulating ques-

tions from single passages or KG (knowledge graph) triples, multi-hop QG tackles

the challenge of generating questions that necessitate reasoning across multiple hops

within the KG. This paves the way for more intricate and insightful questions. Graph-
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based approaches are particularly well-suited for this task. For instance, Su et al.

(2020) proposes the Multi-hop Encoding Fusion Network (MulQG), which utilizes

GCNs (Graph Convolutional Networks) on an answer-aware dynamic entity graph.

This approach tackles the complexities of multi-hop QG by encoding context across

multiple hops and leveraging GCNs to aggregate evidence related to the desired ques-

tion. This exemplifies the effectiveness of graph-based methods in facilitating multi-

hop reasoning for QG tasks.

3.4.1 Overview of graph based methods

Graph based methods have emerged as a vital tool for modeling relationships within

data, making them appropriate for tasks that involve reasoning and information ex-

traction. In the domain of question generation, several works have explored leverag-

ing graphs to capture the semantic structure of text and generate high-quality ques-

tions. For instance, Wang (2022) employs GCNs to model the relationships between

words and sentences within a document, enabling the generation of questions that

target specific information.

3.4.2 Focus on Graph Attention Networks (GATs)

In addition to the mentioned works, He et al. (2023) utilizes gated GATs to focus on

informative features of the document graph. This enables the generation of more rele-

vant and diverse questions by attending to crucial relationships within the text. These

studies highlight the effectiveness of graph-based approaches in capturing intricate

relationships within text data and demonstrate their potential for question-generation

tasks.
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3.5 Multi-hop Question Generation Techniques

Multi-hop QG has gained important attention recently due to its potential to create

complex, reasoning-based questions. As the field has evolved, researchers have pro-

posed several approaches to address the unique challenges of multi-hop QG. These

approaches can be broadly categorized based on their primary techniques, such as

those leveraging knowledge graphs, those focusing on advanced encoding and fusion

methods, and those adapting existing architectures for the multi-hop task. In the fol-

lowing sections, we will explore some of the most prominent and recent approaches

in detail:

– Multi-hop Encoding Fusion Network for Question Generation (MulQG):Su

et al. (2020) presented MulQG, a model that employs a Graph Convolutional

Network to conduct multi-hop context encoding and integrates this encoding

through an Encoder Reasoning Gate. This approach tackles the problem of

multi-hop reasoning across paragraphs without depending on sentence-level de-

tails (Su et al., 2020).

– Multi-hop Question Generation without Supporting Fact Information: Multi-

hop question generation involves creating questions that link together various

facts across different contexts, making it more complex than single-hop genera-

tion. In this approach, a transformer model is used without relying on sentence-

level supporting facts. It incorporates techniques from single-hop question gen-

eration, such as placeholder tokens and a copy mechanism, to enhance the pro-

cess (Emerson and Chali, 2023).

– CQG: Current state-of-the-art models can generate questions that match the

given answers but often struggle with creating complex, multi-hop questions.

As a result, they may produce simpler questions that don’t require deep reason-

ing. To address this, we introduce the CQG framework, which effectively gen-

erates multi-hop questions by incorporating key entities from reasoning chains.
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Additionally, we use a novel Transformer-based decoder to ensure these essen-

tial entities are included in the questions, enhancing both their complexity and

quality (Fei et al., 2022).

3.6 Summary

This chapter provided an overview of recent advancements in multi-hop question

generation, examining key models and their contributions to the field. We reviewed

the evolution from traditional methods to modern transformer-based approaches and

discussed integration strategies such as Graph Convolutional Networks (GCN). De-

spite significant progress, existing methods still face challenges, setting the stage for

exploring new solutions.
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Chapter 4

Multi-Hop Question Generation

4.1 Introduction

In natural language processing (NLP), generating coherent and contextually relevant

questions is a critical aspect of intelligent systems. Multi-hop question generation

entails crafting questions that necessitate reasoning across various pieces of informa-

tion. This thesis is motivated by several key factors:

• Complex Reasoning:

Multi-hop question generation tackles a challenging area of AI—reasoning across

multiple pieces of information to ask relevant questions. This work will aid in devel-

oping more sophisticated artificial intelligence systems capable of critical thinking

and complex problem-solving.

• Unlocking Deeper Understanding:

Machines cannot ask complex questions, so this research will help to ask complex

questions. This has the potential to revolutionize fields like information retrieval and

question-answering. Effective multi-hop question generation can greatly improve

information retrieval systems. By generating detailed questions, these systems can

more accurately extract relevant information from large datasets. This has practical

applications in different fields, including academia, law, and healthcare, where the

precision and relevance of retrieved information are paramount.
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• Impact on Human-Technology Interaction:

This work has the potential to impact how humans interact with information and

technology, making a real difference in the world. Improved AI models can provide

more meaningful and contextually relevant interactions, improving user experience

and accessibility. By addressing these areas, this thesis provides developments in

multi-hop question generation and also has an impact on the way humans interact

with information and technology.

4.2 Graph Creation

In this section, we explain how to create a graph. As illustrated in Figure 4.1, entities

are first extracted and represented as nodes. Next, specific rules are applied to deter-

mine the edges between them. Further details on graph creation will be provided in

the following section.
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Figure 4.1: Graph creation

4.2.1 Graph Nodes

To create a graph for use in Graph Attention Networks (GAT), the first step involves

extracting entities and setting them as nodes in the graph. We used a BERT-based

Named Entity Recognition (NER) model to extract entities from the dataset, which

is designed to identify named entities within a given context. Named entities can

include names of people, organizations, locations, and other specific terms that are

important for the analysis.

Once the named entities are identified by the NER model, they are represented as a

set of entities e = {e0,e1, . . . ,en}. Each entity ei in this set is associated with a node

in the graph.
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Example of Extracted Entities

The following sample shows how entities are extracted from a given context. Below

is a sample data structure containing titles and contexts, followed by the extracted

entities.

Listing 4.1 provides a sample data structure in the HotpotQA dataset (Yang et al.,

2018). Each sample within this structure contains two paragraphs, from which we

aim to extract entities.

Listing 4.1: Sample data structure

{

’p1’: {

’title ’: ’Oberoi family ’,

’context ’: ’The Oberoi family is an Indian family

that

is famous for its involvement in hotels , namely

through The Oberoi Group.’

},

’p2’: {

’title ’: ’The Oberoi Group ’ ,

’context ’: ’The Oberoi Group is a hotel company with

its head office in Delhi. Founded in 1934, the

company owns and/or operates 30+ luxury hotels and

two river cruise ships in six countries ,

primarily under its Oberoi Hotels & Resorts and

Trident Hotels brands.’

}

}

The following entities were extracted from the above test by BERT as nodes:
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1. Oberoi

2. Indian

3. Oberoi Group

4. Oberoi Group

5. Delhi

6. 1934

7. Oberoi Hotels & Resorts

8. Trident Hotels

4.2.2 Graph Edges

The graph is constructed by creating edges between nodes based on the following

criteria similar to Su et al. (2020):

– Nodes are linked if they occur within the same sentence.

– If the title of a paragraph is also an entity in the context of the same paragraph,

it has a relation with other entities in that context.

– Entities appearing in different paragraphs but being the same entity will also

have an edge between them.

Let M be a matrix where M j,i = 1 indicates a link from node j to node i. The matrix

M can be represented as:

M =



0 1 0 · · · 0

0 0 1 · · · 0

...
...

... . . . ...

0 0 0 · · · 1

1 0 0 · · · 0


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Figure 4.2: Visual illustration of the graph for Listing 4.1 graph

Figure 4.2 illustrates a graphical representation of the graph based on the extracted

entities as nodes and the defined edges in this graph:

– The blue edges represent the connection between two entities that are in the same

sentence. For example, ”Oberoi” is connected to ”Indian”, ”Indian” is connected

to ”Oberoi Group”, and ”Oberoi Group” is connected to ”Oberoi”.

– The yellow edges represent the connection between two entities that are in dif-

ferent paragraphs but similar to each other. For example, ”Oberoi Group” in

paragraph 1 is connected to ”Oberoi Group” in paragraph 2.

– The red edges represent connections where an entity similars the title of its para-

graph. In such cases, the entity is linked to all other entities in the text. For

example, ”Oberoi Group” is connected to ”Delhi”, ”1934”, ”Oberoi Hotels &

Resorts”, and ”Trident Hotels”.

4.2.3 Entity Mask

The entity mask is a binary vector showing whether each entity exists in the answer

from the dataset. If an entity is present in the answer, the related entry in the mask is
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set to one; otherwise, it is set to zero, similar to Qiu et al. (2019). This mask helps in

focusing the attention of the model on relevant entities during training and inference.

Example

Consider the following example:

– Answer: ”The Oberoi Group is headquartered in Delhi.”

– Entities: ”Oberoi”, ”Indian”, ”Oberoi Group”, ”Delhi”, ”1934”, ”Oberoi Hotels

& Resorts”, ”Trident Hotels”

For this example, the entity mask would be:

Entity Mask = [1,0,1,1,0,0,0]

Here, ”Oberoi Group” and ”Delhi” exist in the answer, so their corresponding entries

in the mask are set to 1. The rest of the entities do not appear in the answer, so their

entries are set to 0.
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Figure 4.3: Mask of entities

In Figure 4.3, the answer is used to mask the entities.

4.3 Encoder

4.3.1 GAT

The GAT (Graph Attention Network) is used to process and update node features in a

graph by considering the importance of each node’s neighbors. Here’s an explanation

of its components and operations:
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1. Input:

– Graph (Nodes and Edges): The input includes of a set of nodes e= {e0,e1, . . . ,en}

and edges Mi, j representing the relationships between nodes.

– Entity Masks: Masks are applied to focus the attention mechanism on rele-

vant parts of the graph.

2. Attention Mechanism:

– Attention Coefficients: For each pair of connected nodes (ei,e j), the atten-

tion coefficient αi j is calculated to determine the importance of node e j to

node ei:

αi j = softmax j
(
LeakyReLU

(
aT [Whi∥Wh j

]))
where hi and h j are the feature vectors of nodes ei and e j, W is a weight

matrix, and a is an attention vector.

3. Updating Node Features:

– Feature Update: The new feature vector for each node ei is calculated as a

weighted sum of its neighbors’ transformed features:

h′
i = σ

 ∑
j∈N (i)

αi jWh j


where N (i) denotes the set of neighbors of node i and σ is a non-linear

activation function.

4. Node Representation:

– New Node Features: After passing the node representations through the

GAT, The GAT has a new set of node features.
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Figure 4.4: Visualization of GAT Input and GAT Network

Figure 4.4 illustrates how the graph and the masked entities are sent as input to

the GAT, which generates a new representation of the entities.

4.3.2 Flattening

This step involves taking the updated node features, which are likely multi-dimensional

(e.g., a matrix or tensor), and converting them into a single-dimensional vector. Flat-

tening simplifies the representation by collapsing all dimensions into one. For exam-

ple, if your node features are represented in a matrix of size (80, 1024), flattening

them results in a vector of size 80*1024 = 81920. This step prepares the data for the

next operation, which is linear transformation, by ensuring all the data is in a uni-

form, one-dimensional format.

Given a matrix X ∈ Rm×n, where m is the number of rows and n is the number of

columns (in your example, m = 80 and n = 1024):
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Flatten(X) = Vec(X) ∈ Rm·n

In your specific case:

Flatten(X) = Vec(X) ∈ R80·1024 = R81920

4.3.3 Linear Transformation

After flattening, a linear layer is applied to reduce the size of the features. The linear

layer is a fully connected (dense) layer that maps the large flattened vector (81920

elements) into a more compact representation, reducing it to 80 elements. This is im-

portant because it helps to reduce the complexity of the model, making the learning

process more efficient and reducing the risk of overfitting by condensing the infor-

mation in a meaningful way.

4.3.4 Sigmoid Activation function

Finally, a Sigmoid activation function is applied to the transformed node features,

producing a probability score for each node. The Sigmoid function outputs values

between zero and one, which represent the likelihood of each node being relevant to

the given question. Nodes with a probability score above 0.5 are considered relevant

and selected as part of the subset of entities.
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Figure 4.5: Extract a subset of entities

As shown in Figure 4.5, after applying flattening, linear transformation, and the Sig-

moid function, entities with a score greater than 0.5 are chosen and grouped into a

subset of relevant entities.

4.3.5 Enriched Input Context

To effectively utilize BART, we first construct an ”enriched input context.” This con-

text is derived by selecting pertinent nodes from the graph structure and concatenating

them with the original context. This process ensures that the input context contains

the most relevant entities and information, thus enriching it with important details

that can guide the question-generation process.

This is the “Enriched Input Context” of the above example:

– Context: The Oberoi family is an Indian family known for its involvement in the

hotel industry, particularly through The Oberoi Group. Question entity: Oberoi

family.
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4.3.6 Tokenize Enriched Input Context

In this section, we tokenize the Enriched Input Context using the BART tokenizer.

BART was selected for its:

– Subword Tokenization: BART utilizes a subword tokenization technique, often

based on Byte-Pair Encoding (BPE). This method, initially described by Gage

(1994), effectively handles both rare and common words by breaking them down

into smaller subword units.

– Compatibility with BART Architecture: BART’s tokenizer is designed to

seamlessly integrate with the model’s Transformer architecture. This ensures

optimal performance and compatibility throughout the tokenization, encoding,

decoding, and attention mechanisms of the model.

Example: If the enriched input context is ”What is the capital of France?”, the BART

tokenizer might produce tokens such as [101, 2054, 2003, 1996, 3007, 1997, 2605,

102]. Each number corresponds to a token ID. Tokens 101 and 102 specifically rep-

resent special tokens such as [CLS] (used for sequence start) and [SEP] (used for

sequence separation), which the tokenizer employs to delineate the beginning and

end of input sequences.

4.4 Encoder

Following the processing by GAT, the output (enriched input context) after tokeniza-

tion is fed into the BART model’s encoder component. BART’s encoder improves

the representation of its input (enriched input context as explained in 4.3.2) through

the transformer architecture, which includes multi-head self-attention mechanisms

and feed-forward neural networks. This process led us to contextualized embeddings

containing the semantic meaning and relationships within the input context.
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Figure 4.6 illustrates the encoder component of GNET-QG with a BART backbone.

Initially, entities (nodes) from the contexts (C) are identified and labeled as E0. Next,

a graph is created, and the answer (A) is used to compute a mask. This mask, together

with the entity graph (as described in the Nodes and Edges section), is passed to the

GAT. After applying flattening, linear transformation, and sigmoid activation, we

derive Esub, which is then concatenated with the contexts and answer to form the

enriched input context. This enriched input is then ready to be fed into the BART

encoder.

Figure 4.6: Encoder part of GNET-QG with BART backbone

4.5 Decoder

The BART decoder’s role is to generate the desired output based on the defined task.

The plan is to generate questions with the latent encoded embeddings that the encoder

part provides. The decoder operates autoregressively, predicting each token in the

output sequence based on the encoder’s output embeddings. The decoder applies

masked self-attention to guarantee that each token only regards previously generated

tokens and itself, regarding the autoregressive nature of sequence generation.
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Figure 4.7: Full architecture of GNET-QG with BART backbone

Figure 4.7 represents the GNET-QG model, which includes both the encoder and

decoder parts. It shows how the encoder’s output is sent to the decoder.

4.6 Using T5 as A Backbone

In addition to BART, as a backbone for GNET-QG, the T5 encoder-decoder model

was also considered for the multi-hop question generation task. T5 is recognized for

its flexibility and effectiveness across various text-generation approaches because of

its unified text-to-text framework. Although T5 was not the primary focus of this

research, its inclusion provided a valuable benchmark. The introduced architecture

of GNET-QG has shown promise in substantially enhancing the efficacy of large lan-

guage models in question generation tasks. By grasping the strengths of graph atten-

tion networks (GATs) to capture relational information and large language model’s

(LLM) generative capabilities, our approach offers a robust solution for multi-hop

question generation. This technique not only emphasizes the versatility of our archi-

tecture but also suggests its more general applicability in improving the performance

of other LLMs, including T5.
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4.7 Details of Implementation

Our proposed model, GNET-QG (Graph Network for Multi-Hop Question Genera-

tion), was developed in Python using PyTorch by Paszke et al. (2019). PyTorch is

one of the popular open-source libraries in deep learning. This provides a flexible

and efficient platform for building and training artificial neural networks. Based on

PyTorch features and its workflow, researchers have flexibility in implementing their

algorithms, architectures, and/or strategies. Therefore, it is a suitable framework for

research and development purposes in machine learning. PyTorch supports GPU ac-

celeration, which is critical for handling the computational demands of deep learning

models that need to be trained.

For the task of multi-hop question generation, We implemented GNET-QG by the

fusion of the GAT from this GitHub repository4 with an encoder-decoder model as

the main backbone. We connected the non-trained version of the mentioned GAT ar-

chitecture with the pre-trained versions of both BART and T5 models to generate the

multi-hop questions. Our candidate pre-trained models for the proposed architecture

were the p208p2002/bart-squad-qg-hl 5version of BART model and the mrm8488/t5-

base-finetuned-question-generation-ap 6 version of T5 model. These models were

selected due to their proven efficacy in question generation tasks and their availabil-

ity for fine-tuning on domain-specific datasets.

4.7.1 BART

The p208p2002/bart-squad-qg-hl model is a fine-tuned version of BART designed

for QG in the SQuAD dataset. BART combines the properties of BERT and GPT,

making it suitable for both understanding and generating text. This particular fine-

tuned version leverages BART’s robust architecture to effectively generate coherent

4hhttps://github.com/HLTCHKUST/MulQG
5https://github.com/p208p2002/Transformer-QG-on-SQuAD
6https://github.com/patil-suraj/question_generation
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and contextually relevant questions from given passages.

4.7.2 T5

The mrm8488/t5-base-finetuned-question-generation-ap model is a fine-tuned ver-

sion of T5 and is explicitly fine-tuned for question-generation tasks. T5 converts all

NLP tasks into a text-to-text format, making it highly versatile. This fine-tuned ver-

sion is adept at generating questions by understanding the context of the input text

and producing appropriate question outputs.

4.7.3 Fine-tuning

In this stage, we initialized the GAT with random weights and connected the pre-

trained candidate model, as discussed earlier. Both combinations of GAT with BART

and GAT with T5 were fine-tuned together via the designed architecture in Figure

4.2. meaning the weights of the GAT and the candidate model were updated simul-

taneously. This joint fine-tuning was performed using the HotpotQA dataset. The

fine-tuned model generated the questions, fulfilling multi-hop reasoning tasks over

distributed information among the input data. The implementation includes setting

the training procedure and model optimization methods to obtain the complex multi-

hop questions.

By choosing these models and fine-tuning them on our dataset, we were able to lever-

age their strengths and adapt them to the specific needs of our multi-hop QG task.

This method enhanced the quality of the generated questions and provided a robust

framework for comparing the performance of different large language models.

The backbone of our approach involved leveraging encoder-decoder models like BART

and their tokenizers to extract meaningful embeddings from the input. The candi-

date model should demonstrate effective handling of sequence-to-sequence tasks. We
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mainly considered BART as the backbone of the investigations performed in this liter-

ature. BART has a vocabulary of 50,266 tokens and embeds each token into a vector

space of 768 dimensions.

To optimize the training process, the AdamW optimizer (Loshchilov and Hutter,

2019) was selected, which is well-suited for transformer-based models like BART.

AdamW extends the original Adam optimizer by decoupling weight decay from the

optimization steps, often leading to improved generalization and training stability.A

learning rate of 1×10−5 was carefully selected to balance convergence with the op-

timal solution and training speed.

The computational power for training and inference was provided by a V100 GPU,

equipped with 32GB of RAM, sourced from Compute Canada. This setup provided

sufficient resources to handle the computational demands of fine-tuning tasks, which

is particularly beneficial for processing large datasets and complex model architec-

tures efficiently.
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Experiments And Results

In this chapter, we present the experimental setup and the results obtained from eval-

uating our proposed multi-hop question generation strategy. We begin by providing

an overview of the HotpotQA dataset, which serves as the foundation for our experi-

ments.

Following the dataset description, we detail the evaluation metrics used to measure

the performance of our strategy. These metrics are important for understanding how

effectively our approach generates multi-hop questions compared to existing meth-

ods. We then present the results of our experiments.

5.1 Dataset

In this thesis, our proposed multi-hop question generation strategy is evaluated, uti-

lizing the HotpotQA dataset (Yang et al., 2018). This comprehensive dataset was

created to train question-answering (QA) systems for complex reasoning and expla-

nation generation. It contains 113k question-answer pairs based on Wikipedia. Each

sample includes the following components:

– Ten paragraphs, which include titles.

– An answer.

– The type of question (bridge or comparison).

– A question.
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– A unique ID number.

The HotpotQA dataset mainly features two types of question-answer pairs for multi-

hop reasoning tasks: bridge and comparison. These types of questions are formed

from information in multiple paragraphs, making the dataset ideal for training and

evaluating systems capable of sophisticated question generation.

To generate questions related to information from different paragraphs and improve

their quality, we employed a paragraph selection technique using BERT. This in-

volves selecting the two most relevant paragraphs out of the ten provided, as a result

reducing noise and focusing the system’s attention on the most relevant information.

By doing this, we aimed to improve the system’s accuracy and coherence in generat-

ing questions through effective multi-hop reasoning.

In Figures 5.1 and 5.2, two instances of bridges and comparisons from the HotpotQA

dataset are presented.

Figure 5.1: Bridge-style question derived from the HotpotQA dataset (Yang et al., 2018).

In Figure 5.1, the question is classified as a Bridge-type question because its genera-

tion requires connecting information from multiple contexts described below:
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– Context 1 provides information about the Oberoi family and their involvement

in the hotel industry through the Oberoi Group.

– Context 2 provides detailed information about the Oberoi Group, including the

fact that its head office is in Delhi.

To generate the question ”Oberoi family is part of a hotel company that has a head

office in what city?” one must bridge the information from both contexts. The rea-

soning here involves:

– Identifying the relationship between the Oberoi family and The Oberoi Group

from Context 1.

– Connecting the relationship to the detail about the head office location from Con-

text 2.

The generated question asks for the head office location of the hotel company asso-

ciated with the Oberoi family. This requires understanding the linkage between the

Oberoi family (from Context 1) and The Oberoi Group’s head office in Delhi (from

Context 2). Thus, the reasoning process spans across both contexts and is a classic

example of the Bridge-type question.

Bridge-type questions are characterized by the necessity to integrate pieces of infor-

mation from different parts of the provided context. In this case, the integration of

the family’s involvement (Context 1) with the company’s headquarters (Context 2)

exemplifies this multi-hop reasoning, where the answer can only be determined by

combining the information from both contexts.

In Figure 5.2, the question is classified as a Comparison-type question because it re-

quires comparing information from multiple contexts to generate the proposed ques-

tion. As you can see here:

– Context 1 provides information about Henry Roth, stating he was an American

novelist and short story writer.
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Figure 5.2: Comparison-style question derived from the HotpotQA dataset (Yang et al.,
2018).

– Context 2 provides information about Robert Erskine Childers, stating he was a

British writer.

To generate the question ”Which writer was from England, Henry Roth or Robert

Erskine Childers?” one must compare the nationalities of the two writers mentioned

in the contexts. The reasoning involves:

– Identifying the nationality of Henry Roth from Context 1 (American).

– Identifying the nationality of Robert Erskine Childers from Context 2 (British).

Eventually, The Comparison-type generated question asks to compare the two writ-

ers’ nationalities to determine which one was from England. This requires under-

standing the distinctions between the provided nationalities in each context and com-

paring them to identify the correct answer.

Comparison-type questions are the ones that compare different facts among the ex-
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isting contexts. for the above example, the comparison of the writers’ nationalities

(American from Context 1 and British from Context 2) illustrates this type of rea-

soning. The answer is determined by evaluating and contrasting the information ex-

tracted from mentioned contexts.

5.1.1 Data Preprocessing

As highlighted by the work of Su et al. (2020), it is essential to filter out all yes/no data

examples from the HotpotQA dataset to attain multi-hop capability. Yes/no questions

are typically simpler and require less reasoning, often involving single-hop reasoning

where the answer can be found directly from a single piece of information like a part

of context. By removing these simpler questions, we ensure that the dataset even-

tually contains multi-hop questions, allowing for a clearer evaluation of the model’s

capability to perform multi-step reasoning without the results being influenced by

simpler yes/no questions.

After filtering our dataset consists of 79k samples, obtained from a similar approach

taken in Su et al. (2020). We used their dataset which was partitioned into three parts:

– Training dataset: For adjusting the model’s trainable parameters.

– Validation dataset: To tune the hyperparameters.

– Testing dataset: For evaluating the trained model after hyperparameters had been

finalized.

Particularly, the training part encompassed 80% of the dataset, whereas the validation

and testing parts each comprised 10% of it. Before splitting, we shuffled the dataset

to have balanced parts based on the sample types and question difficulties.

Table 5.1 displays the overall number of examples in each dataset after excluding

yes/no samples.
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Table 5.1: The processed dataset’s statistics

Train Validation Test
# pairs 63,120 7,900 7,900

5.2 Evaluation Results and Discussion

To evaluate GNET-QG’s effectiveness, we employed automated evaluation metrics to

assess its predictions on samples from the test dataset, comparing the generated ques-

tions from the model with the reference questions from the dataset. The metrics used

include BLEU (Papineni et al., 2002), ROUGE-L (Lin, 2004), and METEOR (Lavie

and Agarwal, 2007), chosen for their extensive adoption in the question-generation

research field. This evaluation allows us to directly compare GNET-QG’s perfor-

mance with previous studies on multi-hop question generation.

Table 5.2: GNET-QG vs. Existing Approaches

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR
BART 41.41 30.90 24.39 19.75 36.13 25.20
MulQG 40.08 26.58 19.61 15.11 35.35 20.24
TRANSFORMER-BASED 42.13 30.44 23.84 19.42 39.26 22.78
CQG 49.71 37.04 29.93 25.09 41.83 27.45
GNET-QG (BART backbone) 49.72 38.95 32.88 27.93 40.25 49.87
GNET-QG (T5 backbone) 42.10 31.92 26.42 22.05 34.38 42.51

In Table 5.2, we showed comparative results of GNET-QG with BART and T5 back-

bones against other models including BART by Lewis et al. (2019), MulQG by Su

et al. (2020), TRANSFORMER-BASED by Emerson and Chali (2023) and CQG by

Fei et al. (2022). The motivation behind selecting BART and MulQG models for

comparison is twofold. Firstly, we included a comparison with BART since BART

also was used as the backbone of the GNET-QG architecture. By comparing GNET-

QG with BART backbone to singly BART in multi-hop question generation, we

demonstrated the improvements and advantages introduced by our designed archi-

tecture. Furthermore, the inclusion of T5 provides an additional perspective on the
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performance of different large language models (LLMs) under similar conditions.

Despite not being the primary focus, T5’s results offer valuable insights into how

different architectures can handle multi-hop question generation via our introduced

architecture.

Moreover, MulQG benefited graph construction by enhancing reasoning in multi-

hop question generation, a technique that closely aligns with the methodology used

in GNET-QG architecture. This similarity makes MulQG an appropriate point of

comparison.

Through these comparisons, we tried to highlight the significant improvements in

the performance and significance of GNET-QG in generating multi-hop questions,

showcasing its advancements over the baseline models. One of the foremost motiva-

tions behind the work presented in this thesis was to enhance the quality of generated

questions. As evidenced by the improved results across various evaluation metrics,

GNET-QG has successfully achieved this goal. Despite the increased complexity of

GNET-QG with BART backbone, which consists of 150 million parameters, it signif-

icantly outperforms other models in terms of question quality based on the evaluation

results.

For instance, the MulQG model, which also focuses on multi-hop question gener-

ation using graph construction, contains approximately 57 million parameters. Al-

though GNET-QG has a more complex architecture and can be larger based on the

backbone we select for it, the notable performance improvement justifies this sophis-

tication. The results emphasize the efficacy of GNET-QG’s approach in generating

high-quality questions, thereby demonstrating the advantages of the additional pa-

rameters and more complex architecture.

Additionally, we compared GNET-QG with the TRANSFORMER-BASED and CQG

models, both of which are significant benchmarks in the field. Across all metrics,

GNET-QG outperformed the TRANSFORMER-BASED model, and in all metrics

63



5.2. EVALUATION RESULTS AND DISCUSSION

except ROUGE-L (where the difference is less than one percent), GNET-QG also

surpassed CQG.
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Chapter 6

Conclusion

6.1 Summary

We address the challenge of multi-hop question generation, which involves creat-

ing questions that need reasoning over different parts of information. We utilized the

same dataset as previous works to ensure comparability and focused on enhancing the

grade of generated questions through rigorous evaluation metrics. Our model lever-

ages a GAT to capture complex relationships within the data and the BART model

for its robust natural language generation capabilities. The integration of GAT and

BART has significantly improved the quality and coherence of the generated ques-

tions, as evidenced by our evaluation results. This work contributes to advancing the

field of automatic question generation by demonstrating effective techniques for gen-

erating high-quality multi-hop questions. At the end of this thesis, I have included

an appendix with examples of predicted questions alongside their corresponding ref-

erence questions, which were randomly selected. Additionally, I have provided a

comparison between the predicted questions and their reference counterparts.

6.2 Future Work

Coming work for the multi-hop QG can focus on several key areas to improve and

expand upon existing methodologies:
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– Evaluation Metrics: Develop and standardize evaluation metrics that better cap-

ture the nuances of multi-hop question generation. This includes measures for

logical consistency, relevance, and diversity of the generated questions. For ex-

ample:

Text: ”The theory of relativity, proposed by Albert Einstein, revolution-
ized our understanding of space, time, and gravity.”
Generated Question: ”Who proposed the theory of relativity, and what
areas did it revolutionize?”

Challenges include ensuring evaluation metrics go beyond grammaticality and

overlap with reference questions to assess the model’s ability in reasoning across

multiple hops and maintaining logical consistency.

– Domain Adaptation: Extend multi-hop question generation to various domains

and specialized fields (e.g., medicine, law, science) by fine-tuning models for

optimal performance.

– Human-in-the-Loop Approaches: Incorporate human feedback during the train-

ing process to enhance the model’s question generation capabilities iteratively,

aiming for more relevant and higher-quality questions.

– Cross-lingual and Multilingual Capabilities: Develop models capable of gener-

ating multi-hop questions in multiple languages, facilitating use in non-English

speaking regions and tasks requiring understanding across different linguistic

contexts.

– Handling Ambiguity and Uncertainty: Create methods to mitigate ambiguity and

uncertainty in the information used for question generation, thereby improving

the precision and clarity of generated questions.

– Real-world Applications: Explore practical applications of multi-hop question

generation in educational tools, virtual assistants, and other interactive AI sys-

tems. Conduct pilot studies and real-world deployments to refine and validate

the technology.
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Appendix A

Evaluation of Model Predictions

Example 1

Prediction: the hork-bajir chronicles is the second companion book to what science
fantasy series of young adult books written by katherine applegate and her husband
michael grant?
Reference questions: what science fantasy young adult series, told in first person,
has a set of companion books narrating the stories of enslaved worlds and alien
species?
Comparison: The prediction is more straightforward and directly asks about the sci-
ence fantasy series related to ”The Hork-Bajir Chronicles.” The reference questions
adds more descriptive elements about the narrative style and content.

Example 2

Prediction: where is the director of the 2014 american drama romantic comedy film
”big stone gap” based?
Reference questions: the director of the romantic comedy ”big stone gap” is based
in what new york city?
Comparison: Both questions effectively seek the same information. The prediction
is slightly clearer by specifying ”the director of the 2014 American drama romantic
comedy film ’Big Stone Gap.’”

Example 3

Prediction: 2014 s/s is the debut album of a south korean boy group formed by what
company?
Reference questions: 2014 s/s is the debut album of a south korean boy group that
was formed by who?
Comparison: The prediction and reference questions are almost identical in con-
tent, with the prediction being more grammatically correct by using ”what company”
instead of ”who.”
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Example 4

Prediction: what is the capacity of the arena at which the lewiston maineiacs played
its home games?
Reference questions: the arena where the lewiston maineiacs played their home
games can seat how many people?
Comparison: Both questions are asking for the seating capacity of the arena. The
reference questions is slightly clearer in asking ”can seat how many people.”

Example 5

Prediction: what photographer has photographed annie morton and has shot adver-
tising campaigns for marc jacobs?
Reference questions: who is older, annie morton or terry richardson?
Comparison: The prediction and reference questions are asking different questions.
The prediction is relevant to the context provided, while the reference questions is
not related to the given context.

Example 6

Prediction: what is the name of the fight song at the university located in lawrence,
kansas?
Reference questions: what is the name of the fight song of the university whose
main campus is in lawrence, kansas and whose branch campuses are in the kansas
city metropolitan area?
Comparison: Both questions seek the name of the fight song. The prediction is
more concise, while the reference questions provides additional detail about branch
campuses.

Example 7

Prediction: the family man is a 2000 american romantic comedy-drama film directed
by brett ratner, written by david diamond and which screenwriter and director, his
film credits include ”evolution” (2001), and ”when in
Reference questions: what screenwriter with credits for ”evolution” co-wrote a film
starring nicolas cage and téa leoni?
Comparison: The prediction is incomplete, making the reference questions question
clearer and more precise.

Example 8

Prediction: ”oh my god” is a song by guns n’roses released in 1999 on the sound-
track to the film ”end of days”, an american fantasy action horror thriller film di-
rected by peter hyams and starring arnold
Reference questions: what year did guns n roses perform a promo for a movie star-
ring arnold schwarzenegger as a former new york police detective?
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Comparison: The prediction is incomplete, making the reference questions question
clearer and more precise.

Overall Assessment

Clarity: In some cases, the predictions are more concise and clear.
Completeness: The reference questions questions are generally more detailed and
specific.

75


