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From GNNs to Sparse Transformers: Graph-based architectures for Multi-hop Question
Answering

by Shane ACTON

Multi-hop Question Answering (MHQA) is a challenging task in NLP which typically in-
volves processing very long sequences of context information. Sparse Transformers [114]
have surpassed Graph Neural Networks (GNNs) as the state-of-the-art architecture for
MHQA. Noting that the Transformer [101] is a particular message passing GNN, in this
work we perform an architectural analysis and evaluation to investigate why the Trans-
former outperforms other GNNs on MHQA. In particular, we compare attention- and non-
attention-based GNNs, and compare the Transformer’s Scaled Dot Product (SDP) attention
to the Graph Attention Network [102] (GAT)’s Additive Attention [6]. We simplify exist-
ing GNN-based MHQA models and leverage this system to compare GNN architectures
in a lower compute setting than token-level models. We evaluate all of our model varia-
tions on the challenging MHQA task Wikihop [106]. Our results support the superiority of
the Transformer architecture as a GNN in MHQA. However, we find that problem-specific
graph structuring rules can outperform the random connections used in Sparse Transform-
ers. We demonstrate that the Transformer benefits greatly from its use of residual connec-
tions [39], Layer Normalisation [5], and element-wise feed forward Neural Networks, and
show that all tested GNNs benefit from this too. We find that SDP attention can achieve
higher task performance than Additive Attention. Finally, we also show that utilising edge
type information alleviates performance losses introduced by sparsity.
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Chapter 1

Introduction

Question Answering (QA) [94] is a supervised task in Natural Language Processing (NLP)
that tests a computer system’s ability to interpret and reason about natural language text.
QA tasks are typically structured to include a plain text query which contains a question
often in natural language. Accompanying the query is a collection of context information
which is represented by natural language. Finally, the QA data point will contain a ground-
truth answer to the query. Typically, the context and query are used as inputs to a model,
and the answer is the output the model is trained to produce.

FIGURE 1.1: An example figure from SQuAD [79] where each an-
swer is a span of text found in the context.

The Stanford Question Answering Dataset (SQuAD) [79] is a a notable task in NLP whereby
a model must find the answers to questions in a given context. An answer is represented
by a start and end word/token in the context. Figure 1.1 shows a SQuAD example with
one context document, and three question and answer pairs. Models which successfully
answer SQuAD questions demonstrate a basic understanding of natural language; how-
ever, it is unclear how deep this understanding is. From this SQuAD example, we can see
that the information required to answer any of the questions is found within a single state-
ment. Furthermore, we can see that many of the question words are found in the statement
containing the answer. This may allow models to exploit simple strategies to achieve high
scores [112].
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FIGURE 1.2: A single hop question (a), compared to a multihop
question (b)

Multihop question answering (MHQA) problems such as Wikihop [106] or HotpotQA [112]
require the combination of multiple pieces of evidence to solve [106]. Figure 1.2 contrasts a
multihop question (b) with a single-hop question (a). A single hop question is one where
a single statement is sufficient to answer the question. Here, the ’hop’ refers to reasoning
steps which are required. A single hop problem requires a single step of reasoning to go
from the question to the statement containing the answer. A multihop problem requires
reasoning from the question, through multiple pieces of evidence, and finally to the an-
swer. From figure 1.2, we can see that the multihop question (b) requires the combination
of two pieces of evidence, which are linked via the common entity ’Cape Town’. Multihop
problems become difficult when the important evidence pieces are scattered among long se-
quences of irrelevant context. Machine Learning (ML) has recently been applied to MHQA
[99, 114] and QA more generally [82]. Recurrent Neural Networks (RNN) were an early
approach to applying Deep Neural Networks (DNN) to the NLP domain [82]. However,
these RNN solutions suffered problems when processing long text sequences [30].

In this work, we discuss and compare two newer families of DNN solutions to the chal-
lenging MHQA task:

• Transformer-based solutions, which use attention mechanisms [101, 6], and typically
operate using words/tokens to represent context information.

• Graph Neural Network (GNN)-based solutions that use rules to convert text into
graphs, which are then processed. Here, graph nodes represent multiple words/tokens
each. Nodes could represent named entities [62, 99], sentences [31], or even whole
documents [99, 31].

Both GNNs [99, 26, 31, 95] and Transformers [8, 114] have been separately shown to be ef-
fective at answering Wikihop’s multihop questions. Central to this work is the observation
that the general nature of GNNs means that Transformer-based solutions can be considered
a subset of GNN-based solutions [92, 110, 7]. In practice however, there are a number of
key differences between these two families. In this thesis, we aim to evaluate some of these
differences in the context of the multihop QA dataset Wikihop [106].

Transformers. In recent years, Transformer-based sequence models have been applied to
virtually every area of ML [11, 88, 36, 115, 50]. Most relevant here is that Transformers have
been central to a wave of innovations in NLP with models like Bidirectional Encoder Rep-
resentations from Transformers (BERT) [27], and Generative Pretrained Transformer (GPT)
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3 [11] demonstrating the potential power of large pretrained Transformer-based models in
NLP. Pretraining refers to the pretrain/fine-tune paradigm whereby large amounts of data
are used to train a model in a self-supervised manner, before a supervised task is trained
on. For Transformers in NLP, text is broken up into tokens [27], which represent words, or
pieces of words [90]. The Transformer model can then be used to encode and decode vector
representations of these token sequences, for various tasks [101, 27, 77, 11].

At the core of the Transformer is the self-attention module [101] that computes the value of a
compatibility function for pairs of tokens. Full self-attention Transformers, like BERT, com-
pare/attend all n2 pairs of tokens, resulting in memory requirements which scale quadrati-
cally with the length of the input sequence [101, 114, 8]. This issue has given rise to various
avenues of inquiry, all centered around reducing the Transformer’s memory requirements
for long sequences. Sparse Transformers work by only attending a subset of sequence ele-
ment pairs [8, 114]. However, it has been shown that sparsity reduces the modeling capacity
of a Transformer model [114].

Graph Neural Networks. GNNs are a diverse family of Neural Networks (NN) architec-
tures which all aim to process graphs made up of nodes and edges [108]. Nodes are rep-
resented by f -dimensional vectors, and edges may or may not have features [108]. Some
GNN classes involve restrictions in the topology of graphs they are able to process [108].
However, we exclusively consider a class of GNN called Message Passing GNNs (MP-
GNN), which are able to process arbitrary graph topologies. This is achieved by decoupling
the GNN’s parameters from graph properties such as nodes and edges. When thinking of
the Transformer as a GNN, it follows that Transformers operate on fully connected graphs,
since all element pairs communicate. Sparse Transformers transcend this, being able to
communicate information between elements with arbitrary topology. Despite the similar-
ity between Sparse Transformers and GNNs, Transformer and GNN approaches to MHQA
differ substantially.

In multihop question answering (MHQA), GNN-based systems encode coarse-grained nodes
which represent multiple words. In contrast, Sparse Transformers encode fine-grained to-
kens, contributing to high memory requirements even with sparsity [114]. Practically, this
should allow for much larger collections of text to be processed via a GNN-based MHQA
system than with Transformers. In MHQA, GNN node representations vary depending on
the model, but a common node type is named-entities [62, 99, 26, 95, 13, 31]. GNN-based
MHQA systems can also include other node types such as answer candidate [99], query
[31], sentence [31], or whole document nodes [99, 31]. The graph-construction process is
typically done via a hand-built heuristic process [99, 31, 26, 95]. It is important to note what
GNN’s could be used to encode fine-grained tokens, as the Transformer does. However, by
convention, GNN-based MHQA models encode coarse-grained multi-word nodes [99, 26,
95, 13, 31].

GNN-based MHQA systems typically make use of multilayer perceptrons (MLP) and linear
transformations to communicate information around graph nodes [99, 26, 95]. Attention, as
is used in the Transformer, can be incorporated into GNNs. The Graph Attention Network
(GAT) [102] uses additive self-attention to communicate between nodes. Additive attention
is a variation of the scaled dot-product attention common in Transformers [101]. The GAT
has been applied in the MHQA context [31], however, the authors did not evaluate on
Wikihop. Thus, attention-based GNNs have not yet been evaluated on Wikihop.

The Transformer can be substituted in for the GNN in existing GNN-based MHQA models.
Thus, the work done in the GNN-based MHQA literature could be repurposed to help alle-
viate the long sequence problem in Transformer-based NLP. This is because the GNN-based
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MHQA models reduce their compute requirements by using coarse-grained node repre-
sentations instead of the token-level representation common in Transformer-based MHQA
[114]

Sparse Transformer models commonly make use of a locality bias, where nearby tokens are
connected to each other [8, 114]. Some GNN-based systems incorporate locality by con-
necting entities which are nearby in text [26], others represent text in a hierarchical form
by encapsulating nodes representing entities, sentences, and/or whole documents [99, 31].
Our work focuses on a particular hierarchical GNN-based MHQA system called the Het-
erogeneous Document-Entity (HDE) [99] system.

There is precedence for modeling edge type information in both the GNN and Transformer
literatures. GNNs typically make use of distinct linear transformations for each edge type
[86, 45, 99]. Transformers however make use of edge type embedding vectors which are
summed into the model [92].

1.1 Research Goals

We aim to use Wikihop to train and evaluate various GNN-based MHQA models in order
to discover which common methods in GNN-based and Transformer-based MHQA mod-
els work synergistically and which methods render others redundant. More specifically,
our aim is to study how model performance is affected by different methods of communi-
cating information between nodes, as well as methods of incorporating edge information.
Since the Transformer-based approaches are more successful1 than current GNN-based ap-
proaches, our default hypothesis is that wherever there is an architectural difference be-
tween the two, the method used by the Transformer is superior. Finally, we also provide an
investigation into the use of different forms of graph structure in our GNN models.

More succinctly, our goals are as follows:

1. Evaluate the usage of attention-based GNNs in the context of the Wikihop MHQA
dataset.

2. Evaluate the set of differences between a GAT-based and a Transformer-based MHQA
model in the context of the Wikihop dataset. Primarily the use of different attention
formulas, as well as the Transformer’s use of residual connections [39] and Layer
Normalisation [5].

3. Investigate the role that graph structure and sparsity has on GNN-based MHQA mod-
els.

Some research questions that naturally arise are:

1. Which components of the HDE MHQA model might improve Transformer-based
MHQA models?

2. Do attention-based GNNs outperform non attention-based GNNs in the GNN-based
MHQA setting?

3. Does edge type information improve GNN-based MHQA model performance, and if
so does the Transformer-based approach to edge information improve over the GNN-
based approach?

1WikihopLeaderboard:https://qangaroo.cs.ucl.ac.uk/leaderboard.html

Wikihop Leaderboard: https://qangaroo.cs.ucl.ac.uk/leaderboard.html
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4. Out of the many existing examples of graph structuring rules in the GNN literature,
which common methods are important for improving model performance?

5. Can hand-crafted graph sparsity increase model performance when compared to fully
connected graphs?

1.2 Findings and Contributions

Our contributions are as follows:

1. We offer a configurable open source GNN-based MHQA system for the Wikihop [106]
and Medhop [106] datasets.

2. We offer a case study on the use of various architectural features of GNN within the
context of MHQA. Here, we find that gating, as is common in GNN-based MHQA
models, may not be required; GNNs perform better with distinct parameters per
layer; edge type information is vitally important; and attention boosts performance
in GNNs.

3. We offer a case study and analysis of the differences between the Transformer and var-
ious GNNs. We also provide motivation for the use of more Transformer-like GNNs.
This includes the use of residual connections [39], Layer Normalisation [5], and Scaled
Dot Product (SDP) [101] attention. This also includes the use of Transformer-style
edge information instead of the prevailing GNN-style of edge information.

4. We provide an empirical analysis of the memory consumption of a prominent GNN
implementation paradigm, and contrast it to the implementation approach of the
Transformer. Our findings motivate the use of the Transformer implementation in
most realistic use cases (see Sec 4.1.2).

5. We provide a recommendation for future Sparse Transformer development which in-
cludes the addition of edge type information and problem-specific graph structure.

1.3 Overview of Thesis Structure

Here we briefly discuss the structure of the remainder of the document. We begin by de-
tailing the relevant background information (Chapter 2), primarily related to GNNs, Trans-
formers and the problem of MHQA. We introduce the message passing notion as a uni-
versal way to describe any message passing GNN. We then conclude our background by
describing some notable GNN-based MHQA models.

Next, we introduce our GNN-based MHQA system in the model chapter (Chapter 3). There
we formalise each of the component variations we consider at each phase of the model
pipeline. We then detail our experimental setup (Chapter 4), providing details on our im-
plementation approach. There we offer an analysis and comparison of two prominent im-
plementation approaches. We also describe our evaluation procedure.

From there we go on to provide the results of our experiments (Chapter 5). We offer an
analysis of said results in an attempt to discover which features perform best. We provide a
summary of the most important results before attempting to answer our research questions.
Next, in our discussion (Chapter 6) we candidly explore the implications of our results
as they relate to GNNs; Transformers; and MHQA models. We then attempt to answer
our research questions and discuss directions for future work in the MHQA task setting.
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Finally, we conclude our work by providing a concise and high level summary of our work,
our findings and their implications (Chapter 7).



7

Chapter 2

Background and Related Work

In this chapter, we begin by describing some notable Multihop Question Answering (MHQA)
datasets including the Wikihop [106] dataset, on which we focus. We provide a brief intro-
duction to Recurrent Neural Networks [30] (RNN), which were used prominently in Nat-
ural Language Processing (NLP). We then introduce and detail the Transformer [101] and
Graph Neural Network [108] (GNN) architectures. Finally, we discuss how RNN-based
MHQA models lead naturally into GNN-based MHQA models, and provide details on
some prominent GNN-based MHQA models.

2.1 Question Answering

Question Answering (QA) [94] is a supervised task which lies at the intersection of Infor-
mation Retrieval (IR) and Natural Language Processing (NLP). A QA model is required to
answer questions presented in either natural language, or possibly a structured query lan-
guage. To do this, a QA model must use an understanding of natural language to process
given context information, such as articles from Wikipedia. The model is required to locate
information relevant to the query within the given context and use this information to com-
pute an answer, typically in natural language. Multiple choice QA is a form of QA in which
a set of possible answers are provided to the model, and the model must simply select the
correct one.

QA is a large and diverse area of research. Recently, the number of new datasets created
to train and test QA systems has increased dramatically [81]. In this work, we focus on a
particular QA dataset called Wikihop. This was chosen due to its popularity in GNN-based
QA systems. As such, our background information will focus on concepts and datasets
which help the reader understand Wikihop and its related tasks. For a more comprehen-
sive taxonomy of QA tasks, the interested reader could refer to [81]. Under this taxonomy,
Wikihop would be considered a complex multi step QA task [81]. Beyond this point however,
Wikihop will instead be referred to as a multi-hop QA task.

2.2 Multihop Question Answering Datasets

In recent years a number of multi-hop question answering (MHQA) datasets have been
produced based off of the observation [106] that many previous QA datasets contained
questions which could be answered using a single piece of information [79, 78], called
single-hop questions. These single-hop questions can often be answered by simply finding
the statement which related the question directly to the answer. Instead, MHQA requires
the integration of multiple distinct pieces of information, sometimes contained in different
documents. This is to say that for a multi-hop question, no single sentence is sufficient to
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FIGURE 2.1: A figure from [106] showing the construction of a
Wikihop question example via a graph traversal, using an external
Knowledge Base (KB). The process yields a set of documents, an-

swer candidates, a question, and a correct answer.

answer the question. Here, we will introduce four QA datasets, with a specific focus on the
MHQA Wikihop dataset.

2.2.1 The Stanford Question Answering Dataset

The Stanford Question Answering Dataset (SQuAD) [79, 78] was a popular QA task to
benchmark QA models in NLP. Each of the 100,000+ data points contain a passage from a
Wikipedia page, as well as a set of questions whose answers can be found in the passage
[79]. Analysis of a sample of SQuAD questions found that 13.6% of SQuAD questions
require multi-sentence/ multi-hop reasoning [79]. Thus, the majority of SQuAD questions
are single-hop.

2.2.2 TriviaQA

The TriviaQA dataset was constructed by gathering 650,000 question-answer pairs, some
of which were created by human trivia enthusiasts [52]. The context used to answer these
questions is gathered using Information Retrieval methods [9, 52]. Some of the TriviaQA
examples require cross sentence reasoning [52]; however, due to the information retrieval
process, there are no strong guarantees of the nature of the reasoning required [112].

2.2.3 Wikihop Dataset

The QAngaroo Question Answering (QA) dataset2 [106] is made up of Wikihop and Med-
hop datasets. The Wikihop dataset contains questions and answers related to general knowl-
edge and is generated from Wikipedia data [106]. Medhop is specifically based off of medi-
cal knowledge and focuses on drug and protein interactions[106]. We primarily discuss and
evaluate models on the Wikihop dataset. The QAngaroo datasets are both multiple choice
QA tasks, which means that a set of possible answer candidates is provided, where only one
candidate is the correct answer [106]. The QAngaroo datasets are comprised of data points,
each of which is defined by a question q, a set of supporting documents Sq, a set of possible
answer candidates Cq, and finally an answer to the question aq. The task of a QA model
evaluated on the Wikihop dataset is thus a multiclass classification problem, whereby the

2QAngaroo Dataset: https://qangaroo.cs.ucl.ac.uk/

https://qangaroo.cs.ucl.ac.uk/
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model must predict which answer candidate is the correct answer, differentiating it from
the incorrect answers.

The QAngaroo MHQA datasets construction procedure requires a pre-constructed set of
documents D, and a knowledge base (KB) containing fact triplets defined as (s, rso, o) for
a subject entity s, object entity o and a relation rso [106]. A question can be generated by
leaving an entity out of a triplet as such: q = (s, rso, ?) where aq = o. MHQA naturally
involves the concept of a reasoning chain [15, 111], which is a series of fact triplets which
link via common entities. A reasoning chain of length 3 would be defined by the triplets:
F1 = (s, rso1 , o1), F2 = (o1, ro1o2 , o2), and F3 = (o2, ro2o3 , o3). Thus a reasoning chain of length
3 requires 2 ’hops’ to get from F1 to F3, and 1 hop to relate the question to this chain. Thus,
one can define a 3-hop QA example as (s, rso3 , o3) for q = (s, rso3 , ?) where aq = o3.

When constructing the QAngaroo MHQA datasets, the documents found in D are matched
up to all the entities found in the KB such that there is a link between a document from
D and an entity, if the entity is mentioned in the document [106]. This mapping is many
to many, since any entity could be found in multiple documents, and any document con-
tains multiple distinct entities. This mapping naturally defines a graph GD where nodes
are made up of documents and entities, and whereby traversing the graph is similar to
following hyperlinks found in documents [106]. This graph is illustrated in figure 2.1. To
generate a single QAngaroo QA example, a fact triplet (s, rsa, aq) is selected from the KB.
The graph GD is then traversed via a breadth-first search using s as the starting point, and
aq as one of the many end points [106]. Answer candidates Cq are selected by filtering for
all of the traversal endpoints which are type-consistent with aq [106]. Two entities o1 and
o2 are defined as type-consistent if there exists some type of relation r which is found to
apply to both o1 and o2. This is to say that if there exists two fact triplets F1 = (∗, r, o1) and
F2 = (∗, r, o2), then o1 and o2 are type-consistent with respect to relation r [106]. Ensuring
that all candidate answers are type-consistent with respect to the query relation means that
a model could not choose correct answers based on grammar and syntax-based information
[106]. GD is traversed from s up to a maximum depth of 3 document nodes [106]. Once an-
swer candidate filtering has been done on this traversal, the set of document nodes which
were collected along the traversal are then the supporting documents Sq used to answer
the question. Only one of the paths of this traversal directly connects the subject s and the
answer aq, the rest of the paths lead to incorrect answer candidates. The documents gath-
ered along the incorrect paths are thus irrelevant to the QA example and act as distractors
to any QA model attempting to solve the task. Due to the traversal process, each answer
candidate is guaranteed to be mentioned at least once in Sq.

From the process described thus far, there is a noteworthy issue. Since documents are se-
lected by traversing GD, and GD is constructed via the co-occurrence of entities in docu-
ments, it is not guaranteed that the traversal paths correspond to logical reasoning chains.
This is to say that given a fact triplet (s, rsa, aq), the traversal process selects documents Sq
which connect s and aq, however, it may not be logically deducible that (s, rsa, aq) is true
given only these documents. This issue is related to the distant supervision assumption
which states that if two entities are linked via a relation, that any piece of text which con-
tains those entities may contain that same relation [97]. To investigate this and other issues,
the creators of the QAngaroo datasets made use of human annotators to read a subset of the
data points produced and classify attributes of each data point. The annotators found that
9% of the QA data points could be answered using only a single document, 26% of the data
points contained ambiguity in which answer is correct, and 45% of questions could be log-
ically answered from multiple of the given documents [106]. They also found that 12% of
the questions could not be answered from the documents at all, meaning these documents



Chapter 2. Background and Related Work 10

FIGURE 2.2: A diagram from [33] showing the general form of an
RNN. Here x denotes input sequence elements, O denotes the corre-
sponding output elements, and h denotes the state vectors, used to

communicate between elements.

did not describe any valid reasoning chain capable of answering the question. If this sam-
pling is assumed to be representative of the full dataset, it follows that 12% of the Wikihop
questions are not answerable using reasoning [106], possibly resulting in a maximum score
of 88%. For reference, human performance on Wikihop is 85% [106], and the current state-
of-the-art model achieves 84.4% [41]. However, it should be noted that access to general
knowledge may allow human or computer systems to surpass this limit by incorporating
information not directly contained in the given context.

2.2.4 HotpotQA Dataset

Another prominent MHQA dataset is the HotpotQA dataset [112]. Similarly to Wikihop, it
is constructed by traversing a graph of Wikipedia documents [112]. Unlike Wikihop how-
ever, no external KB is used, instead the HotpotQA construction process relies solely on
Wikipedia hyperlinks [112]. Furthermore, HotpotQA dataset is not multiple choice, and
instead requires that a model select a correct answer via span prediction. Despite being a
span prediction task, the dataset is still constructed in a way that requires multihop reason-
ing to solve [112]. HotpotQA also contains a subset of yes/no questions [112], meaning the
dataset is a multitask dataset, requiring a complex model output. HotpotQA was created
in collaboration with Google, and due to the resource availability this brings, the dataset
construction involved more human annotation than Wikihop. For example, alongside the
answer to questions, each data point contains annotations indicating which sentences con-
tain the information needed to answer the question [112], thus a model being trained on
HotpotQA can use these annotations as an additional training signal. The current best ex-
act match accuracy by a model on HotpotQA is 71.9%3, compared to human performance
of 83.6% [112].

2.3 Recurrent Neural Networks

Prior to the widespread adoption of attention-based sequence models, Recurrent Neural
Network (RNN)-based [33, 83] models such as the LSTM [43] and GRU [21] were the de
facto approach to NN-based sequence modeling. These models operate by encoding se-
quence elements one at a time, usually from left to right, and sometimes in both directions
[43, 21]. When encoding a sequence element, RNNs create an encoding which is dependent

3HotpotQA leaderboard: https://hotpotqa.github.io/

https://hotpotqa.github.io/
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on the features of the element, but also the encoding of the previous elements. They achieve
this by maintaining a state vector or vectors which is updated and passed forward during
the encoding of each element. Thus, separate elements in the sequence could exchange in-
formation via these state vectors, albeit only in one direction at a time, which gives them
a strong sequential bias. This process is illustrated in Figure 2.2. In practice, these mod-
els performed poorly on long sequences, as the burden on the state vectors was too great
to allow rich communication between distant elements [29]. Gating as used in the GRU
and LSTM could reduce, but not eliminate this problem. Bi-directional RNNs were also
common, allowing the RNN to read the sequence in both directions.

The RNN’s limited ability to communicate information across long sequences results in a
strong recency bias when encoding a sequence. This bias may have been responsible for its
initial success in NLP [30], since text is principally a sequence of words, with many local
word interactions. The sequential manner of encoding seemed to match the way a human
might read text, i.e., from front to back, one word at a time. However, this strong recency
bias also imposes certain limitations on the RNN, namely that it biases the model towards
short-range dependencies [29, 30], contributing to the long sequence problem in RNNs. The
sequential nature of RNNs also precluded the use of model parallelisation [101], since the
encoding of each element depended on the encoding of the previous elements. Multihop
Question Answering datasets present a challenge for RNNs [29]. This is because MHQA
problems such as Wikihop require the integration of information which may be far apart in
the text, or even in separate documents [106, 112, 52].

2.4 Transformers

The Transformer was first proposed as an encoder-decoder model for tasks such as ma-
chine translation or summarisation [101] (see Fig 2.3). Here, an encoder is a model which
inputs data, and outputs a vector or matrix encoding of the data. Conversely, a decoder is
a model which inputs an encoding, and outputs data. The Transformer is also used either
as an encoder-only [27, 8, 114] or a decoder-only [77, 11] model. The transformer is also
commonly used with a paradigm called pretraining and fine-tuning [27]. In this paradigm,
the Transformer model is first pretrained on a large (unlabelled) text corpus using a self-
supervised training task [27, 40, 37, 17]. Two common self-supervised training tasks in NLP
are Language Modeling [77, 11], and Masked Language Modeling [27, 59, 114]. Language
Modeling involves the prediction of the next element in a sequence, and thus can be used
as a self-supervised training task by providing a model with the first few elements of a
sequence and training it to complete the sequence [77, 11]. Masked Language Modeling
involves masking out a randomly selected subset of elements in a sequence, and training
the model to fill in these blanks [27]. Once a model has been pretrained on these or other
self-supervised training tasks, the model can then be fine-tuned to perform a downstream
NLP task such as question answering [114] or text classification [71]. The pretraining and
fine-tuning paradigm has lead to large improvements in the state-of-the-art in many NLP
tasks [27, 114, 11]. A particular advantage of this approach is that models are less reliant on
large amounts of supervised training data than previous approaches [27]. The availability
of open-source implementations of Transformer neural networks and publicly availability
pretrained models4 has further contributed to the wide-spread adaptation of Transformers
in NLP.

The paradigm of pretraining and fine-tuning pre-dates the Transformer in the field of Com-
puter Vision [107]. Convolutional Neural Networks (CNNs) have long been the dominant

4https://huggingface.co/

https://huggingface.co/
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FIGURE 2.3: A figure from [101] of the encoder-decoder stack used
in the Transformer model. Left is the encoder, making use of only
self-attention. Right is the decoder which also makes use of cross-

attention.

approach in computer vision. However, models based on the Transformer architecture have
since been shown to improve the state of the art in tasks such as image classification (eval-
uated on the ImageNet benchmark) [115]. Transformers have also been used successfully
in a number of other domains involving sequence modelling or structured data, includ-
ing speech recognition [36], audio synthesis [28, 46], and protein structure prediction [80].
Transformer-like models can also be used as multi-modal models, for example encoding
both text and images with the same network [49]. Finally, it has been shown that Reinforce-
ment Learning (RL) can be reformulated as a sequence modelling problem, and promising
results have been obtained using Transformers for both offline [16] and online [50] Rein-
forcement Learning problems.

2.4.1 Scaled Dot-Product Attention

At the core of the Transformer model is the multi-headed scaled dot-product self-attention
mechanism [101]. Here we describe the scaled dot-product self-attention mechanism in the
case of only one attention head, we then further describe how to perform multi-headed at-
tention. The self-attention function involves computing a query, key and value vector for
each of the inputted sequence elements. Queries and keys are used to compute the compat-
ibility scores between element pairs, while value vectors are the representations which are
passed forward through the model. The self-attention function outputs weighted sums of
value vectors, where the weights are determined by normalised compatibility scores [101].
This process is illustrated in Figure 2.4 (left). Given a sequence of vectors stored in a matrix

X ∈ Rl× f = Concats(x1, .., xi, .., xl), (2.1)
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where l is the length of the sequence, and f is the number of features of the vectors xi ∈
R f in the sequence. Concats represents concatenation along the sequence dimension. We
formally describe the self-attention function where

Q = XWq, (2.2)

K = XWk, (2.3)

V = XWv. (2.4)

Here, Q, K, V ∈ Rl× f are matrices of queries, keys and values respectively, and Wq, Wk, Wv

∈ R f× f are learned matrices used as linear transformations. In practice, the Transformer
operates using batched matrix multiplications whereby the transformed states of all input
elements are computed in parallel [101]. For our purposes however, it is useful to describe
the algorithm from the point of view of a single input element xi ∈ R f . Formally, given
xi | i ∈ [1, l], we compute the scaled dot-product (SDP) between linear transformations of
xi and xj ∀ j ∈ [1, l]. This yields

Dot(xi, xj) =
(xiWq)(xjWk)

T√
f

, (2.5)

where Dot(.) is a function which calculates the SDP between two vectors xi and xj. The
values of these dot-product scores are scaled by a factor of 1√

f
in order to improve model

performance by preserving gradient signals [101].

Next, the softmax function normalises the dot-product scalars. This follows:

αT(xi, xj) = softmaxj(Dot(xi, xj)), (2.6)

where αT(.) (read Transformer-style Attention) is a function which calculates the normalised
compatibility score between two elements of a sequence of vectors. We refer to normalised
compatibility scores as attention scores. The softmaxj function is defined as:

softmaxj(Func(xi, xj)) =
exp(Func(xi, xj))

∑l
k=1 exp(Func(xi, xk))

, (2.7)

where Func is any binary function which computes the compatibility score of two input
vectors. For SDP attention, Func would be the Dot(.) function, but the same softmax pro-
cedure is also used in Additive Attention [6]. Once we have our attention scores, we are
ready to complete the self-attention step. Formally,

Sel f Attention(xi) =
l

∑
j=1

αT(xi, xj)xjWv. (2.8)

Given these equations, we can see that the attention scores calculated by the function αT(.)
are responsible for routing information around the sequence. If αT(xi, xj) is large, then
element j will have a large influence over element i, however if αT(xi, xj) is zero, then
element j will have no influence on element i.
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FIGURE 2.4: A figure from [101]. (Left) Shows how encoded states
are generated from queries, keys and values using Scaled Dot-
Product Attention. (Right) shows the entire Multi-headed attention

function for h heads.

2.4.2 Multi-Headed Attention

Practically, the Transformer model computes multiple parallel channels of the self-attention
mechanism described above, every layer. Each one of these channels is referred to as
an attention head. For a Transformer model with m attention heads, m distinct Qi, Ki,
Vi i ∈ [1, m] matrices are computed every layer [101]. This results in m distinct attention
scores being calculated for each sequence element pair, and m separate weighted sums per-
formed per element. Notably, the dimensionality of each query, key, and value vector is
mapped down by a factor of m when performing multi-headed attention [101]. This keeps
the computational requirements roughly the same as the number of heads increases, since
each head operates at a lower dimensionality [101]. These m attention outputs are then
concatenated together, and passed through a further linear transformation to bring the fi-
nal output back to the model dimension f . More formally:

MultiheadedSelfAttention(X) = Concat f (P1, ..., Pm)Wh, (2.9)

Pi = SelfAttentioni(X), (2.10)

where Concat f represents concatenation along the feature dimension. Here, each of the m
SelfAttentioni functions are modified to reduce the dimensionality of the Qi, Ki, Vi matrices
to Rl× f

m . This is done by changing the dimensionality of weight matrices W i
q, W i

k, W i
v to

R f× f
m . Concatenating all m Pi ∈ Rl× f

m matrices results in a single Rl× f matrix, which is
then linearly transformed by the weight matrix Wh.

Making use of multiple attention heads serves to increase the expressiveness of the attention
mechanism by allowing different heads to generate different compatibility scores for the
same element pair, in the same layer [101]. This allows each attention head to potentially
focus on different criteria when comparing sequence elements [23, 103].

2.4.3 Transformer Encoder

Despite first being proposed as part of an encoder-decoder model as shown in figure 2.3,
the Transformer encoder has since been used in isolation by a number of models [27, 59,
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114, 8, 55, 51, 25, 103]. The Transformer encoder is a sequence model, meaning that it
inputs a sequence of vectors, and outputs a same-sized sequence of encoded vectors [27].
The Transformer decoder is generally used to generate new sequences, and can be used
in combination with an encoder[101], or in isolation [77, 11]. Our work is only concerned
with the Transformer encoder. The Transformer encoder is made up of a repeating stack
of identical blocks, each of which contains a distinctly parameterised multi-headed SDP
attention module [101], as well as a multilayer perceptron (MLP) [58] with a single hidden
layer [101]. These blocks also make use of Layer Normalisation [5] and residual connections
[96, 39] (see Fig 2.3). We will refer to the use of an MLP, residual connections and Layer
Normalisations as the Transformer Update Function (TUF). Formally:

TUF(X1, X2) = Norm(X′ + MLPl(X′)), (2.11)

where
X′ = Norm(X1 + X2). (2.12)

Here X ∈ Rl× f is a sequence of vectors stored in a matrix, l is the sequence length, and
f is the number of features representing each sequence element. Norm is the LayerNorm
[5] function, and MLPl is an MLP with a single hidden layer containing a ReLU nonlin-
earity [2, 109]. LayerNorm [5] is an adaptation to the popular Batch Normalisation [47].
LayerNorm shifts the mean and standard deviation of its inputted matrix for each training
example independently. This is in contrast to BatchNorm where the number of examples in
a batch alters the behaviour of the normalisation [5]. LayerNorm thereby operates the same
at test and train time, by ignoring the batch dimension. The original implementation of
LayerNorm includes 2 trainable parameters, which are used to shift the mean and standard
deviation of its input.

The Transformer encoder uses the TUF in combination with a self attention function [101].
It is worth noting that while the self attention function allows for rich communication be-
tween elements in the sequence, the TUF does not. This is because the MLPs in the TUF
operate on each sequence element independently [101], and the LayerNorms allow very
little information to be communicated across elements, specifically the mean and standard
deviation of the sequence [101, 5].

The equation for the Transformer’s MLP follows:

MLPl(X) = ReLU(XW1
l + b1

l )W
2
l + b2

l , (2.13)

where W1
l , W2

l are parameterised weight matrices used as linear transformations, b1
l , b2

l are
parameterised bias terms, and ReLU(.) is simply the function max(x, 0).

The full Transformer block equation for the encoder then simply follows:

Xt+1 = TUF(Xt, MultiheadedSelfAttention(Xt)), (2.14)

where MultiheadedSelfAttention is a multi-headed SDP attention function which we de-
scribe in section 2.4.2 above. This encoder block can be seen in figure 2.3, on the left of the
decoder block. This notation is useful to us since we evaluate the TUF in combination with
functions other than scaled dot-product attention.
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FIGURE 2.5: A figure from [114] showing a collection of sparse atten-
tion connection rules used in NLP (a-c), their composition (d), and a
full attention map (e). Each row i and column j represents an element
of the sequence, and each cell ij represents the interaction between
elements i and j. Here a coloured block means that elements i and j
can attend to each other, while an empty space means no communi-

cation.

2.4.4 Sparse Transformers

Full O(n2) self-attention mechanisms involve computing an attention score for every pair
of the n sequence elements, for every attention head. Sparse transformers [114, 8, 18] aim
to address this long sequence problem by avoiding the full O(n2) attention calculation, and
thus improving how the compute requirements scale with the length of the sequence. We
describe two prominent Sparse Transformer models, namely the Longformer [8], and the
BigBird model [114]. These models use heuristic rules to decide which subset of token pairs
should be attended with each other.

Models like BERT [27] are built on a full self-attention Transformer encoder [101], as such
they suffer from the long sequence problem, resulting in a practical limit of around 512 in-
put tokens. Sparse transformers like the Longformer and Bigbird can be pretrained in the
same way as BERT, allowing for masked language modeling of sequences of up to 8192 to-
kens [114]. These models use carefully selected rules to connect tokens, resulting in a num-
ber of connections which is linearly proportional to the number of input context tokens [114,
8]. The configuring of these connection rules offers sparse transformers a trade-off between
memory usage and modeling capacity. All else equal, the more sparse a Transformer model
is, the lower its modeling capacity would be [114], and the better its compute requirements
would scale with sequence length [8, 114].

As shown in Figure 2.5 (b), these models connect tokens within a sliding window, ensur-
ing nearby tokens are always connected, and able to directly communicate. Here, a sliding
window simply means that every token is connected to a fixed number of tokens ahead and
behind in the sequence. This sliding window rule imposes locality on the model, which is
beneficial to language models due to the importance of nearby words [114, 8]. The num-
ber of connections made by the sliding window rule is roughly w× n for a window size of
w. The BigBird model adds a second connection rule which connects each token to a fixed
number of randomly selected tokens [114] (Fig 2.5 (a)). This was done to decrease the av-
erage degrees of separation between tokens. Furthermore, randomly connected graphs are
able to approximate fully connected graphs [114]. The number of these random connections
is c× n for c random connections per token.

Finally, both Bigbird and the Longformer provide global attention (Fig 2.5 (c)) to a subset of
the token sequence [114, 8]. This is to say that g tokens are chosen to be global, and are thus
connected to every other token. The tokens which are chosen to be global are decided upon
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based off of the task that the Sparse Transformer is performing. For classification tasks,
these models provide global attention to the "[CLS]" token, from which the classification
output is read [8, 114]. For Question Answering (QA), these models provide global atten-
tion to all query tokens [8, 114]. And for the multiple choice QA such as Wikihop, these
models provide global attention to all query and candidate tokens [8, 114]. In any case,
the number of connections added by the global rule is g× n for an upper limit of g global
tokens. Overall, the number of connections made in the Longformer model is (w + g)× n,
and (w + g + c) × n for Bigbird. Since w, g, and c are all constants, the total number of
connections is linearly proportional to n, which leads to the linear memory complexity of
these models of O(n).

Sparse Transformers are an appealing solution to the long sequence problem in Transform-
ers. It has however been demonstrated theoretically that Sparse Transformers with O(n)
edges require a factor of n times as many attention layers to recover the full mathematical
expressivity of a fully connected self attention mechanism [114]. These extra layers which
are required thus offset the memory complexity gains given by the Sparse Transformer. In
practice however, the full theoretical expressivity of the self attention mechanism may not
be required for every task, and at every layer. Thus the Longformer and Bigbird were both
able to outperform full self attention models on a range of NLP tasks [8, 114], including the
Wikihop dataset. However it should be noted that Sparse Transformers cannot be consid-
ered a complete solution to the long sequence problem in Transformers, since for any fixed
value of (w + g + c), the model sparsity will grow with the number of sequence elements,
possibly reducing modeling capacity for longer sequences.

2.4.5 Relative Positional Embeddings

The multi-headed scaled dot product attention as described in the original Transformer pa-
per [101] does not take the position of tokens into account during computation. This is to
say that the multi-headed attention module is permutation invariant [101]. In natural lan-
guage however, the order of words carries some important information [30, 76, 73]. In order
to incorporate word and token positions into the Transformer model, it is common to in-
clude absolute positional embeddings (APE) [101, 114, 27]. APEs map each ordinal position
in the input sequence to a distinct vector. These APEs are summed with the initial token
embeddings before they are encoded by the model, thus imbuing the token embeddings
with positional information [101]. Various methods are used to generate these positional
embeddings such as using sin waves of various wavelengths [101], or just learning each
positional vector during the training process [27, 101].

Relative positional embeddings (RPE) work by utilising the relative difference in position
of token pairs [92]. In contrast to absolute positional embeddings, RPEs operate inside of
every multi-headed attention layer [92], instead of being added at the beginning of an en-
coder stack [101]. The RPE module replaces the standard scaled dot product attention [101]
mechanism with a modified version. This is such that the relative ordinal position of every
sequence element pair is included into the attention mechanism itself [92]. This means that
instead of positional information being maintained in the sequence vectors throughout the
model’s layers [101], the RPE attention mechanism itself is made to incorporate this posi-
tional information during every layer. RPEs involve the usage of element pair information.
In graph terminology, element/node pair information would be labelled as edge features.

Here we describe the original modifications to the standard scaled dot product attention
mechanism proposed by [92]. To include relative positional information in the self atten-
tion function, equations 2.5 and 2.8 are modified to include learned RPE vectors. Formally
equation 2.5 becomes:
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RelDot(xi, xj, K) =
(xiWq)(xjWk + Kij)

T√
f

, (2.15)

resulting in a new equation for calculating attention scores which follows:

αr(xi, xj, K) =
exp(RelDot(xi, xj, Kij))

∑l
k=1 exp(RelDot(xi, xk, Kik))

. (2.16)

Here, αr (read relational Attention), is a Transformer-style SDP attention function which in-
corporates an edge feature matrix K. Next, equation 2.8 becomes

RelSelfAttention(xi, V, K) =
l

∑
j=1

αr(xi, xj, K)xjWv + Vij, (2.17)

where K ∈ Rn×n× f for keys and Vij ∈ Rn×n× f for values, are both learned embedding
matrices. Each cell Kij ∈ R f or Vij ∈ R f in these matrices represents a learned embed-
ding vector. When using relative positional embeddings, the cells will have distinct values
depending on the relative ordinal position of i and j. This is to say that

Kij = Kab ∀ Abs(i− j) = Abs(a− b). (2.18)

From the equations, we can see that these two modifications (K and V) are independent,
and as such they can be used in combination. Alternatively, either one can be used without
the other.

The authors of the first RPE Transformer paper [92] performed ablation tests for both modi-
fications, namely the addition of Kij and Vij, which we refer to as Key Type Embeddings (K-
Type) and Value Type Embeddings (V-Type) respectively. From the equations, we see that
K-Type embeddings influence the attention coefficients, while the V-Types directly influ-
ence the value vectors which are passed forward through the Transformer. Their ablations
found no significant improvement from including V-Type embeddings, however K-Type
embeddings improved model performance [92]. It is also worth noting that the RPE algo-
rithm introduces a memory and speed overhead to the self-attention algorithm [92, 46]. A
second RPE algorithm [46] was introduced in order to overcome the memory constraints
introduced by the original RPE algorithm. The authors describe a modification to the RPE
algorithm which reduces the quadratic memory complexity of RPEs to linear complexity
[46]. The modification exploits the fact that the relative ordinal positions between element
pairs contains implicit structure. Specifically, for element pairs i and j, the relative position
difference increases by 1 for every increase in j. Beyond this modification, the authors elect
to remove the usage of V-Type embeddings in equation 2.17 [46], following the ablations
performed by [92].

Relative Positional Embeddings are of interest to us due to their ability to inject edge in-
formation into the self-attention mechanism [92]. For the canonical usage of the RPE al-
gorithm, the edge information contained in every element pair is simply the pairs relative
ordinal position. However, the original RPE algorithm is general enough that any arbi-
trary edge information could be used [92]. Since Absolute Positional Embeddings produce
a unique vector per input element, they are fundamentally incapable of modeling edge
information. RPEs however offer the ability to include unique vectors for every element
pair, making them ideal for modeling edge information. It is worth noting that the RPE
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modification offered by [46] is not applicable when using the algorithm for general edge in-
formation. This is because the modification exploits the structure contained in the relative
ordinal positions of elements, and no such structure exists for the general case of a graph
with edges of varying types.

2.5 Graph Neural Networks

A graph is a highly general data structure, with most other data structures being describ-
able as graphs. A sequence can be represented by a chain of connected nodes, a set could
be thought of as a group of unconnected or fully connected nodes, an image could be con-
sidered a 2-dimensional mesh of nodes with adjacent pixels being connected. Beyond this,
graphs can easily represent non-euclidean data such as knowledge bases[108]. It is thus de-
sirable to be able to model graphs with modern Deep Neural Networks (DNN). This area
is sometimes referred to as geometric deep learning [108], and any DNN capable of modeling
graph data is referred to as a Graph Neural Network (GNN). Following the success of the
Convolutional Neural Network in computer vision, early approaches to GNNs attempted
to generalise the 2-dimensional euclidean convolution operator to the general graph case
[108]. From this work two approaches emerged, namely spectral and spatial GNNs. Spec-
tral GNNs [12, 54] were inspired by the mathematical study of graphs called the spectral
graph theory [20]. They suffer from two key issues, namely they are computationally ex-
pensive [108], and crucially, they fail to generalise to unseen graph structures [108], making
them incapable of solving many practical graph modeling tasks. Spatial GNNs involve the
concept of message passing [85, 69], whereby nodes send each other messages along edges.
A comprehensive review of the development of GNNs shows the trend for GNN research
to increasingly focus on Spatial GNNs [108].

GNNs have been used in various ways in NLP. Our work focuses on GNNs which encode
entity graphs [26, 99, 95, 31]. However, there has also been work on using GNNs to en-
code Abstract Meaning Representation (AMR) graphs [104]. Various works have also used
GNNs to encode Knowledge Graphs (KG), for example to select relevant context passages
[113] for downstream QA tasks, or to generate text from the KG [56]. It is also interest-
ing to note that GNN encoding does not preclude any decoding/output strategies. Thus,
GNN encoding can be followed by node-level classification [26, 99], graph-level classifica-
tion such as span prediction [31], or even generative outputs [56].

In this section, we formally describe message passing spatial GNNs, introducing a simple
notation for the message passing paradigm, and use it to describe a few key GNN architec-
tures. We also describe some key works in using GNNs in NLP, specifically to address the
problem of MHQA.

A graph G is made up of a set of nodes and a set of edges. Each node has a corresponding set
of features stored in a vector h ∈ R f , called the node’s state. Edges may or may not have
features. GNNs encode graphs by inputting both a set of node states stored in a matrix
H ∈ Rn× f = Concats(h1, .., hn) and an adjacency-matrix E ∈ Zn×n, where n is the number
of nodes, and f is the number of features per node.

For a graph which has edges of differing types, we first define the set of e unique edge
types as T = {r1...re}. We then generalise the adjacency matrix E to account for both the
edge connectivity, as well as the edge types. We instead refer to this generalised matrix as
the edge matrix E such that Eij = 0 implies that nodes i and j are unconnected, while Eij = c
implies that nodes i and j are connected via edge type rc. Thus, a graph without edge types
is simply a graph where e = 1, returning the matrix E to a standard adjacency matrix. The
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FIGURE 2.6: Shows the process of encoding a graph via a message
passing GNN made up of L layers. Each layer k is composed of a
message function ϕ, an aggregate function ω, and an update function

γ.

number of edges in the graph G is represented by |E|, which is the number of elements
where Eij > 0. The edge matrix thus defines the connectivity of the graph G, as well as
the edge types if they are present. Eij is a single cell in the edge matrix and represents a
single edge, which connects two nodes. These edges are directed, thus edge Eij emanates
from node j, which we call the out-node, and points to node i, which we call the in-node. To
rephrase, edges point from out-node j to in-node i.

A GNN with L layers will output an encoded set of node states HL ∈ Rn× f . The output of
a GNN is dependent on both the node feature matrix H, as well as the edge matrix E. More
formally, given initial node states H1 ∈ Rn× f and an edge matrix E, a GNN with L layers
will calculate encoded node states HL via:

HL = GNN∗L(H1, E), (2.19)

where GNN∗L is L GNN layers stacked on top of each other.

2.5.1 Message Passing Graph Neural Networks

A message passing GNN (MP-GNN) [35] is a GNN which conceptually sends messages
along edges between its nodes. These messages are then collected for each receiving in-
node and used to update the node states. MP-GNNs make use of operations such as mean
or sum that are able to accept varying numbers of inputs [108]. Using these operations
allows message passing GNNs to aggregate neighbour node messages regardless of the
number of neighbour nodes. This feature is the key to allowing MP-GNNs to generalise to
all possible graph topologies. An MP-GNN is made up of multiple GNN layers, where each
layer performs message passing between all connected nodes once (see Alg 1). Formally:

Hk+1 = GNNk(Hk, E), (2.20)

where GNNk is the kth GNN layer, Hk ∈ Rn× f is the intermediate set of node states inputted
to layer k, and Hk+1 is the corresponding encoded set of node states outputted by GNNk.
Typically, GNN layers share parameters [99, 31], in which case they are referred to as recur-
rent GNNs[108], however they may also have distinct parameters per layer. This process is



Chapter 2. Background and Related Work 21

FIGURE 2.7: A visualisation of message passing being performed
once to update the state of node h0 via messages from its neighbour
nodes N(0) = {1, 2, 3}. Not shown here is the fact that the message
and aggregate function have access to the receiving nodes current

state hk
0

visually represented by figure 2.6.

The message passing pattern [35] is a general framework which describes how MP-GNNs
update their node states. It assumes a directed graph, however undirected graphs can be
emulated by replacing each undirected edge with two oppositely directed edges with the
same edge features. Each directed edge has an out-node, from which the edge emanates,
and an in-node, to which the edge points. Formally, given edge Eij, the in-node is node i
while the out-node is node j. The message passing pattern follows:

1. Message. For every edge in the given graph, the node state of the edge’s out-node is
transformed into a partial message vector via a learned transformation, usually a sim-
ple MLP [99, 65], or a parameterised linear transformation [102]. This transformation
can optionally incorporate edge features [99, 26]. The trivial message function simply
returns the out-node state without transforming it.

2. Aggregate. A variable number of partial-message vectors inbound for each in-node
are aggregated into a single, fixed-size message vector. A simple example is the mean
function. The aggregate step is the step which allows for information to be commu-
nicated between nodes by combining the messages of many neighbour nodes into a
single message per in-node.

3. Update. Each in-node’s state is updated as a function of its current state, as well as the
aggregated message vector from its neighbours. A common trivial update function
just returns the aggregated message vector, without incorporating the current state
[38, 102]. Various forms of gating [96] can also be computed in the update step [99,
95].

We use the following notation to describe the general form of the message passing pattern,
from the perspective of a single node state (hi ∈ R f ) being updated once, by the kth GNN
layer:

Message:
Mk

ij = ϕk(hk
i , hk

j , Eij) (2.21)
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Algorithm 1 Message Passing GNN Node State Update Procedure

Require:
Initial node features {h1

1, .., h1
n}

Edge matrix E ∈ Zn×n

1: for all k ∈ {1, .., L} do ▷ For each GNN layer
2: for all i ∈ {1, .., n} do ▷ For each in-node
3: Ak

i ← Zeros( f ) ∈ R f

4: for all j ∈ N(i) do ▷ For each out-node pointing to node i
5: Mk

ij ← ϕk(hk
i , hk

j , Eij) ▷ Message

6: Ak
i ← Ak

i + ωk(Mk
ij, hk

i , hk
j ) ▷ Aggregate

7: end for
8: hk+1

i = γk(hk
i , Ak

i ) ▷ Update
9: end for

10: end for
11: return {hL

1 , .., hL
n} ▷ Final Encoded Node States

Aggregate:
Ak

i = ∑
jϵN(i)

ωk(Mk
ij, hk

i , hk
j ) (2.22)

Update:
hk+1

i = γk(hk
i , Ak

i ) (2.23)

Where ϕk is the message function at layer k of the GNN, and Mk
ij ∈ R f is its output which

represents the partial message vector being passed to node i from node j along a single
edge Eij. N(i) is the set of neighbour node indices for node i, and is defined entirely by
the edge matrix E ∈ Zn×n. ωk is the aggregate function which prepares the message Mk

ij to
be summed with all messages bound for node i. This summing forms a single aggregated
message Ak

i ∈ R f to be passed to node i, which represents information from all of node i’s
neighbours. γk is the update function, which combines the aggregated message Ak

i with the
nodes current state hk

i to create the nodes next state hk+1
i ∈ R f . This process is shown in

figure 2.7.

We detail the usage of the message, aggregate and update function in algorithm 1, and show
how the final node states HL ∈ Rn× f are calculated from the initial node states H1 ∈ Rn× f .

2.5.2 GNN architectures

Here we describe three notable MP-GNN architectures using this message passing notation,
namely GraphSAGE [38], Relational Graph Convolutional Network (R-GCN) [86], and the
Graph Attention Neural Network (GAT) [102]. We also describe the Transformer encoder
model using the message passing notation to demonstrate that the Transformer can be eas-
ily described as a GNN, and to further familiarise the reader with the notation. Finally we
introduce the concept of in-out symmetry, and classify each catalogued GNN as either in-out
symmetric or in-out asymmetric.

A GNN is in-out symmetric if it treats in-node and out-node states identically. This is to say
that when updating an in-node i, the nodes own state hi is not given special treatment over
any of the neighbouring out-node states hj. An in-out symmetric GNN thus treats a nodes
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current state as just another message from its neighbours i ∈ N(i). Conversely, an in-out
asymmetric GNN will differentiate a nodes current state from its neighbours messages.

2.5.2.1 GraphSAGE

GraphSAGE (SAmple and aggreGatE) [38] is not a single specific model architecture, and
instead is a general framework which supports message passing between nth degree node
neighbours. However in practice, implementations of this algorithm5 simply use first de-
gree neighbours, and thus conform to the standard message passing pattern. The word
’Sample’ refers to the fact that GraphSAGE GNNs may sample node neighbours instead of
aggregating messages from all node neighbours every GNN layer [38, 108]. However, this
feature is only required for very large graphs which contain orders of magnitudes more
nodes [108] than we are concerned with in this work. Again, implementations of Graph-
SAGE may simply ignore the sampling and conform rather to the standard message passing
pattern.

GraphSAGE describes multiple methods of aggregating neighbour message vectors, all of
which are able to support a variable number of neighbours [38]. The simplest of which,
and the one we use as a base of comparison, just returns the mean of all the messages.
This is the method which is popular in implementations, and is most similar to purpose-
built GNNs used in the GNN-based MHQA models discussed in this work (see Sec 2.6.3).
Another interesting aggregation function it proposes [38] is using an LSTM [43] to aggregate
messages. The authors note that since LSTMs implicitly introduce a sequential bias, and
are thus not symmetric about permutations, they must randomly reorder neighbour nodes
before every aggregation [38].

In the notation of the message passing pattern GraphSAGE with mean aggregation, single
degree node neighbours, and no neighbour sampling is as follows:

Message:
ϕk(hk

i , hk
j , Eij) = hk

j (2.24)

Aggregate:

ωk(Mk
ij, hi, hj) =

Mk
ij

|N(i)| (2.25)

Update:
γk(hk

i , Ak
i ) = σ(Concat f (h

k
i , Ak

i )Ws) (2.26)

These equations describe a GNN with the trivial message function and mean aggregation
function. The update function concatenates an in-node’s state with the message vector
from all its neighbouring out-nodes, before applying a learned linear transformation Ws,
and a nonlinear activation function σ. Concat f represents concatenation along the feature
dimension.

From the GraphSAGE update function above, we can see that the in-node state hk
i is con-

catenated with the neighbour nodes message Ak
i . Thus GraphSAGE is in-out asymmetric

since the in-node state is not simply considered a message, but is instead treated differently
to neighbour node messages hk

j .

5GraphSAGE implementation: https://pytorch-geometric.readthedocs.io/en/1.4.3/_modules/
torch_geometric/nn/conv/sage_conv.html

https://pytorch-geometric.readthedocs.io/en/1.4.3/_modules/torch_geometric/nn/conv/sage_conv.html
https://pytorch-geometric.readthedocs.io/en/1.4.3/_modules/torch_geometric/nn/conv/sage_conv.html
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FIGURE 2.8: A figure from [102]. The node state update process for
node_1, using 3 attention heads (green, red, magenta). Coefficients
αij are generated for each (node_1, neighbour) pair, and for each
head, using the MLP-based additive attention mechanism [102] (See
Eq 2.27), and a softmax (See Eq 2.6). These coefficients are such that
for each head, the coefficients wrt node_1 sum to 1. The new node_1
state is then generated via coefficient-weighted sums of neighbour

states, finally being combined from the 3 heads.

2.5.2.2 Graph Attention Neural Network

The Graph Attention Neural Network (GAT) [102] was introduced around the same time
as GraphSAGE. Similarly to GraphSAGE, it follows the message passing pattern, and thus
makes use of an aggregation function capable of operating on a variable number of node
neighbours. Specifically, it makes use of a self-attention mechanism to perform learned
weighted sums over node messages [102]. Thus, it is able to give more weight to more
important neighbours in a learnable way [102]. The GAT makes use of a different type of
attention than does the Transformer. Specifically, the GAT makes use of Additive Attention
[6], whereas the Transformer uses scaled dot-product (SDP) attention [101]. More formally:

Att(hi, hj) = ψ(Concat f (Wvhi, Wvhj)Wa) (2.27)

αG(hi, hj) = softmaxj(Att(hi, hj)). (2.28)

Here Att(.) is an MLP-based compatibility scoring function used in additive attention [6].
Here ψ is the LeakyReLU [2] nonlinear activation function. Wa, and Wv, are model weight
parameters. αG(.) (read GAT-style Attention) is a function which calculates the attention
scores between nodes i and j. As in SDP attention, softmaxj (see Eq 2.7) is applied to com-
patibility scores to produce the normalised attention scores [102, 101].

What follows are the message passing equations for the GAT in the case of a single attention
head:

Message:
ϕk(hk

i , hk
j , Eij) = Wvhj (2.29)
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Aggregate:
ωk(Mk

ij, hi, hj) = αG(hi, hj)Mk
ij (2.30)

Update:
γk(hk

i , Ak
i ) = σ(Ak

i ) (2.31)

Figure 2.8 offers a high level view of the node state update process for the GAT for a sin-
gle node with multiple neighbours. This process is much the same as in the Transformer,
whereby α(.) is responsible for routing information between nodes. The main difference
between additive attention and a SDP attention is how α(.) is calculated (Dot from Eq 2.5
vs Att from Eq 2.27). There are differences between the GAT and Transformer beyond this,
such as the use of the TUF in the Transformer [101].

From the GAT equations, we can see that there is no distinction between an in-node and an
out-node in the update function, meaning the GAT is in-out symmetric. This then necessi-
tates the use of self edges in the GAT, meaning it must be so that i ∈ N(i). If this were not
the case, then a nodes current state would not factor into its subsequent state at all.

To boost performance, like in the Transformer literature, the GAT makes use of multi-
headed attention. Practically this amounts to performing the above attention mechanism m
times per layer, with m distinctly parameterised functions, for each of the m heads. These m
outputs are then concatenated along the feature dimension and mapped back down to the
dimensionality of the model. This is distinct from how multi-headed attention is performed
in the Transformer literature, whereby the dimensionality of the attention mechanism is first
mapped down by a factor of m, thus returning to the model dimension after the head out-
puts are concatenated. Crucially, this means that computational requirements scale linearly
with the number of heads in the GAT [102], but not in the Transformer [101].

Given single-headed GAT layers which computes the full message passing equations above
such that

H′ = GATs(Ht, E), (2.32)

where GATs is the sth GAT head such that s ∈ {1, .., m}, H ∈ Rn× f is a matrix containing all
node state vectors, and H′ ∈ Rn× f is the same-sized intermediate output of the single head.
The multi-headed GAT then calculates updated node states as follows:

Ht+1 = (
m
||

s=1
GATs(Ht, E))Wm, (2.33)

where || represents concatenation along the feature dimension over all head outputs. Wm ∈
Rm f× f is a learnable matrix which maps the feature dimension back down to the model
dimension f .

2.5.2.3 Transformer as a GNN

The Transformer model can be described using the message passing notation as follows:

Message:
ϕk(hk

i , hk
j , Eij) = Wvhj (2.34)

Aggregate:
ωk(Mk

ij, hi, hj) = αT(hi, hj)Mk
ij (2.35)
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Update:
γk(hk

i , Ak
i ) = TUF(hk

i , Ak
i ) (2.36)

Here Wv, αT, and the TUF are defined in section 2.4. In this notation, it is clear that the GAT
and the Transformer are indeed very similar, differing only in the way attention scores are
calculated, and the usage of the TUF in the update function. Notably, the only thing which
distinguishes a Sparse Transformer from its full self-attention counterpart is the edge matrix
E, that defines which nodes are connected. The traditional full self-attention Transformer
[101] operates on fully connected graphs where Eij = 1 ∀ i, j ∈ {1, .., n}, whereas Sparse
Transformers use a heuristic-based graph structuring algorithm to decide which nodes are
connected.

The use of the argument hk
i in the TUF here ensures that the Transformer is in-out asymmet-

ric. This is due to the use of residual connections in the TUF, which privileges a nodes cur-
rent state over other nodes current state when calculating its next state. The self-attention
mechanism itself is in fact in-out symmetric (see Eq 2.8), thus it is the TUF alone which
ensures that the Transformer is in-out asymmetric. From these observations, and due to the
success of the Transformer model, a natural question to ask is can the GNN-based MHQA
models benefit from SDP attention and the TUF.

2.5.2.4 Gating

Typical Deep Neural Networks (DNN) are built using Multilayer Perceptrons (MLP) [58]
as a basic unit of computation [93]. MLPs work by performing weighted sums over neuron
activations, where the weights are the learnable parameters of the network [58]. Gating in
Neural Networks can be defined as any operation whereby the activations of at least two
neurons are directly multiplied together [108]. This can increase the expressiveness of a
DNN [68]. Despite the fact that DNNs without gating are universal function approximators
[61], and as such can learn to approximate a multiplication operation, it has been shown that
the number of neurons required to perform this operation would grow exponentially with
the required precision [68].

Gating in Neural Networks takes many forms, such as LSTM [43] or GRU [21] style gat-
ing in the RNN literature, or the scalar gating used to introduce soft inductive biases into
models [23, 3]. Gating is also used in various ways in GNNs [108, 31, 95, 65]. GNN-based
MHQA models commonly use gating in their update function [26, 99, 95, 13]. Using a gat-
ing mechanism in a GNN’s update function allows for deeper GNNs, and prevents node
states from becoming homogeneous [99]. We describe a common gating function used in
the GNN-based MHQA literature as follows:

Gate(hk, Ak) = tanh(uk)⊙ gk + hk ⊙ (1− gk), (2.37)

where
uk = hkWu + Ak, (2.38)

gk = σ(Concat f (h
k, uk)Wg). (2.39)

Here Gate is the gating function, σ denotes the sigmoid function, ⊙ denotes element-wise
multiplication. Wg ∈ R2 f× f and Wu ∈ R f× f are learned matrices. Incorporating gating as
shown above into a GNN effectively makes the GNN into a highway network [96], offering
some additional theoretical backing to the claim that gating allows for deeper GNNs [96].
Using this form of gating in the update function of a GNN will ensure that the GNN is
in-out asymmetric.
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2.5.2.5 Relational GNNs

Graphs such as knowledge graphs [44] contain edges of multiple types. It is thus useful for
GNNs to be able to model edge types when encoding graphs. A relational GNN (RGNN)
exploits edge type labels during its message passing step [86]. Current RGNN models in-
volve the usage of distinct weight matrices for each unique edge type [86, 45, 63]. This in
effect makes these GNNs similar to a Mixture Of Experts [67, 32] model. A notable relational
GNN is the Relational Graph Convolutional Network (R-GCN) [86] which we describe here
using the message passing notation.

Message:

ϕ(hk
i , hk

j , Eij) =
Wrhk

j

|Er
i |

(2.40)

Aggregate:

ω(Mk
ij, hi, hj) =

Mk
ij

|N(i)| (2.41)

Update:
γ(hk

i , Ak
i ) = σ(Ak

i + W0hk
i ) (2.42)

Here W0 ∈ R f× f is a learned weight matrix, and Wr ∈ R f× f refers to a weight matrix
which depends on the edge type r = Eij ∈ T. |Er

i | is the number of edges of type r which
point to node i. Here, the number of distinct weight matrices used in the message function
is equal to the number of unique edge types |T|. From the update equation, we can see that
the R-GCN is in-out asymmetric.

There is a variation of the GAT proposed for use in a GNN-based MHQA model [31] which
extends the GAT to be a relational GNN. Like the R-GCN, this relational GAT makes use
of a distinct weight matrix Wr for different edge types (see Eq 2.60). We refer the strategy
of using distinct weight matrices for different types as parameter switching, and refer to any
GNN which switches parameters based on edge types as a switch-GNN.

The way edge information is included in the Transformer [101] literature is via Edge Embed-
dings, which generalise Relative Positional Embeddings (see Sec 2.4.5). This is in contrast
to the GNN approach which primarily makes use of distinctly weighted linear transfor-
mations per edge type. We attempted to find an example of a GNN making use of edge
embeddings in the GNN literature, but to the best of our knowledge this has not been done
in published work. There are a few conceptual and practical advantages to using edge em-
beddings in place of a switch-GNN. Firstly, the number of parameters per edge type is far
lower for edge embeddings when compared to switch-GNNs. This is because a parame-
terised linear transformation is defined by a weight matrix Wr ∈ R f× f , requiring f 2 param-
eters per edge type. Edge embeddings however only require an f -dimensional vector to be
learned per edge type. Using basis matrices can help switch-GNNs scale their parameters
better with edge types, however we hypothesise that this may come at the cost of modeling
capacity for cases where the number of edge types is far larger than the number of basis
matrices. Edge embeddings may also allow for continuous and/or multidimensional edge
features to be used, beyond discrete edge types. This could be achieved by learning a single
function which maps every edge feature vector to an edge embedding vector. Given these
advantages, it is of high relevance to evaluate the use of edge embeddings in a GNN-based
system.
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FIGURE 2.9: A diagram from [29] showing both directions of the
modified Coref-GRU architecture. Here, ht represent the usual
sequential encoding of a typical RNN, while hy represent the
coreference-based skip connections. The encoding of each direction

naturally forms a directed acyclic graph.

2.6 GNN-based MHQA models

Here we will introduce some key GNN-based MHQA models. We will describe these mod-
els by looking at three primary components which each GNN-based MHQA model con-
tains. First Graph Construction, whereby the QA data point is converted into a graph using
heuristic rules. Second Graph Embedding, whereby the graph nodes are embedded into a
vector space. Third Graph Encoding, whereby the embedded graphs are further encoded
by a GNN. For graph encoding, we will describe the relevant GNN architectures by using
the message passing notation (see Sec 2.5.1). We will begin by describing an RNN-based
MHQA model called Coref-GRU, before moving on to describe a set of GNN-based MHQA
models. Finally, we will describe how these models used encoded graph states to predict
question answers.

Coref-GRU (C-GRU) offered an extension to the typical RNN paradigm. Specifically, it
added a new sequential bias to the RNN which exploited entity coreference information
[29]. Text often contains entities such as "Mary", which may be mentioned multiple times,
or may be referenced via pronouns such as "she" or "her". As an example: "Mary read her
book ... Mary fell asleep." . These references to a shared entity are called coreferences.

RNNs encode tokens sequentially. This sequential encoding could be visualised as a di-
rected acyclic graph (DAG) with no branches. C-GRU extends this DAG to include branches
by directly connecting entity tokens to their coreference tokens. This effectively amounts
to adding in skip connections between mentions of the same entity. Figure 2.9 illustrates
this DAG and shows how this modified RNN is able to communicate information directly
between entity coreferences. This extension allows the C-GRU to mitigate the RNN’s long
sequence problem by creating shortcuts across the text, centered around entities. They do
this by modifying the GRU [21] equations to incorporate these skip connections, by sum-
ming in the state of the most recent entity coreference, where one is available [29].

With the success of the C-GRU model, one can begin to see the appeal of GNN-based
MHQA models. Stepping away from RNN-based models towards GNN-based models al-
lows the usage of richer graph structure by allowing for cyclic graphs [108]. GNN literature
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FIGURE 2.10: A figure from [95] contrasting the Coref-GRU (C-
GRU) graphs [29] (top) with the GSPR graphs [95] (bottom). Here
the dashed lines indicate that the C-GRU model is connecting all in-
termediate tokens sequentially, as is common in RNN-based NLP.

The solid lines indicate a direct connection.

also includes provisions for factoring edge types into computations [86]. Within a short
period of time, a host of GNN-based MHQA models were proposed, which all make use
of entity graphs and GNNs [26, 95, 99, 13]. In this section, we provide some high level
detail on the similarities and differences between these models. Where a particular paper
offers multiple options for a single architectural choice, such as two distinct GNNs, we ex-
clusively consider the option which performed best in terms of test accuracy, by the papers
own internal results. We describe these GNN-based MHQA models by detailing their archi-
tectural choices in constructing entity graphs, embedding these graphs into a vector space,
and finally encoding these graph embeddings using a GNN.

2.6.1 Graph Construction

The graphs constructed by the GNN-based MHQA models we catalogue all have at least
one thing in common. Namely, they all make use of entities as nodes [99, 31, 26, 95, 13].
Two distinct approaches to extracting entities from text documents exist in GNN literature.
The first involves the use of a Named Entity Recognition (NER) [62] module, which au-
tomatically detects named entities such as "Google" or "Table Mountain" in text. We will
refer to these entities as Detected Entities. The second approach only applies to multiple-
choice question answering, and involves extracting only those entities which are an exact
text match with one of the answer candidates, or any entity mentioned in the question [99,
29]. We refer to these entities which match an answer candidate or question entity as Spe-
cial Entities. We will now detail the diverging graph construction strategies of the various
GNN-based MHQA models we consider in this work. Then at the end of this subsection,
we will summarise all of the node and edge types used by the models we catalog here.

2.6.1.1 GSPR

Similar to the DAG graphs constructed by the C-GRU model is the Graph-structured Pas-
sage Representation (GSPR) model’s graph construction. GSPR extends the entity corefer-
ence edge found in the C-GRU to include three edge types: Coref, Same, Window [95]. The
Coref edge is used exclusively to link entity mentions to their pronoun coreferences [95], eg:
"Mary -> Her". The ’Same’ edge connects entity mentions whose texts match exactly [95],
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eg "Mary -> Mary". Beyond this point, we will refer to the ’Same’ edge as the ’Co-mention’
edge. Finally the Window edge connects mentions of distinct entities [95]. All three of
these edges are subject to a maximum distance window, meaning matching entities which
are found far apart in the text will not be directly connected [95]. In this way, the graphs
constructed by GSPR still contain a sequential bias, and are unable to shortcut information
across large distances in the text. It should also be noted that the GSPR model makes use
of detected entities instead of Special entities, and thus a pre-existing NER module is re-
quired [95]. Since the GSPR model makes use of a GNN instead of an RNN, graphs with
cycles are tenable. As such, GSPR makes use of bidirectional edges. Figure 2.10 illustrates
the differences between the C-GRU graphs and the GSPR graphs. Importantly, GSPR, and
in fact all of the GNNs we catalog, do not represent tokens directly in their graphs and
graph embeddings. This represents a major departure from the conventions of RNN-based
and Transformer-based NLP. Instead of reasoning over tokens as in RNNs, GNN-based ap-
proaches reason over nodes, which each represent multiple tokens, or rather a token span
defined as a start and end token. Thus, if a given sentence contains no nodes, then that
sentence is largely omitted from the GNN encoding. The GNN-based approach then serves
as a form of dimensionality reduction whereby the number of nodes represented may be
significantly fewer than the number of tokens in the full text.

2.6.1.2 EGCN

The model Entity Graph Convolutional Networks (EGCN) offers a set of improvements and
simplifications over the GSPR model, resulting in a higher evaluation accuracy on the Wik-
ihop dataset [26, 95]. The most notable change in the EGCN graph structuring approach
is the exclusion of the maximum distance window which is found in GSPR. This means
that mentions of the same entity can be connected across arbitrarily long sections of text, or
even across disparate documents. This decision imbues the model with an architectural bias
towards global information correlation. EGCN includes both the ’Co-mention’ and Coref
edges which are present in the GSPR model [26]. However, instead of the Window edge,
EGCN makes use of two further edge types, namely Co-Document, and Compliment. The
Co-Document edge connects all entity nodes which are extracted from the same document.
Finally the Compliment edge connects all remaining unconnected nodes, thereby creating
fully connected graphs [26]. Unlike GSPR, EGCN makes use of Special entities instead of
detected entities. Notably, the results of the EGCN evaluations show that the Coref edge
does not significantly contribute to a higher test accuracy on Wikihop [26]. This seems to in-
dicate that given the entity graph EGCN constructs, which richly connects entity mentions,
local coreferences between entities and pronouns may no longer be required.

2.6.1.3 HDE

The Heterogeneous Document-Entity (HDE) system is the highest scoring GNN-based MHQA
model on the Wikihop dataset leaderboard1 as of this writing. It is similar to the EGCN, us-
ing the same GNN, using Special entities, and allowing connections between nodes which
are far apart in text [99]. HDE does not include any pronoun coreference information, mean-
ing no Coref edge, and all of the entity nodes are entity mentions, and none for pronouns.
Notably, the graphs constructed by HDE contain nodes of different types, and represent in-
formation at two different granularities. The model includes nodes for entity mentions, as
is common, however it also includes nodes for entire documents, and also for answer can-
didates [99]. Candidate nodes represent each answer candidate, and are separate from any
particular document or entity mention. Document nodes represent an entire supporting
document, and are linked to entity nodes which are mentioned in the respective document.
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FIGURE 2.11: A visualisation from [31] for the graphs constructed by
the HGN system. Here, the hyperlink edge is provided by auxiliary
Wikipedia hyperlink data [31]. Beyond this, entity nodes are con-
nected to their naturally containing sentences. Sentence nodes are
connected to their containing documents. The "Q" node is a node for

the question.

The HDE system makes use of 7 distinct edge types, which we detail in our model section
3.1. Figure 3.1 offers a simplified visual representation for the graphs constructed by HDE.

2.6.1.4 HGN

The Hierarchical Graph Network (HGN) model is a recent MHQA model which produces
SOTA results on the challenging HotpotQA MHQA dataset [31]. While the HGN system
does not contain candidate nodes, it does contain 2 additional node types which the HDE
system does not, namely Sentence nodes and Question nodes [31]. Sentence nodes add an
extra level of granularity between document nodes and entity nodes. The HGN system
also makes use of a node for the question representation [31] as a way of incorporating
question information into the model. To link nodes together, the HGN system makes use
of the natural hierarchy of entities, sentences and documents. This is to say that the model
links documents to their contained sentences, and links sentences to their contained entities
[31].

To incorporate cross document links, the HGN model makes use of auxiliary data from
Wikipedia, specifically hyperlink information [31]. This graph construction process is illus-
trated in Figure 2.11. The authors also provide a recommendation to avoid the need for this
auxiliary data. Instead of using Wikipedia hyperlinks, one could connect sentence nodes to
document nodes if any of the sentence’s entities are found anywhere in the document, even
if the sentence itself is not found in the document [31]. There are a few more subtle com-
plexities that separate HDE from HGN, such as the explicit document selection process in
the HGN model. HGN employs a hybrid learned and heuristic process to select paragraphs
in stages [31]. This is in an attempt to reduce the amount of irrelevant information that en-
ters the constructed graphs, and thereby decrease the graph sizes and therefore memory
requirements too.

2.6.1.5 Summary

Here we summarise the graph construction rules used in the four GNN-based MHQA mod-
els we catalog. Table 2.1 recalls the node and edge types used in each model. The named
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Model Name Node Types Edge Types

GSPR
Detected Entities,
Pronouns

Entity Coreference, Co-mention,
Window

EGCN
Special Entities,
Pronouns

Entity Coreference, Co-mention,
Co-document, Compliment

HDE
Special Entities,
Document,
Candidate

Co-mention, Co-document,
Candidate-Candidate,
Document-Contained_Entity,
Document-Contained_Candidate,
Candidate-Matching_Entity,
Compliment

HGN
Detected Entities, Sentence,
Document,
Query

Query-Document,
Document-Contained_Sentence,
Sentence-Contained_Entity, Hyperlink,
Sequential Sentence-Sentence

TABLE 2.1: A table summarising the node and edge types used by
the four GNN-based MHQA models we catalogue. A-B implies all
nodes of type A are connected to all nodes of type B; A-Condition_B
implies nodes of type A are connected to all nodes of type B which

meet the condition

edges are: Coreference - entities are connected to their pronouns; Co-mention - all match-
ing entities; Window - all entities within a distance; Co-document - all entities found in the
same document; Compliment - all as of yet unconnected entities. Overall, as these models
evolved over time, there was a move away from locality imposed via distance thresholds
towards hierarchical structure with nodes at different granularities. The newer HDE and
HGN models also moved away from using entity coreference information.

2.6.2 Graph Embedding

Graph embedding is the process of mapping a graph’s nodes into a vector space so that it
can be processed by a neural network. To do this, we need to map the variable length token
spans in each node to fixed-size vectors. The graph embedding process takes place in two
steps:

1. Token Embedding, where token spans are converted into a sequence of token vec-
tors [26, 95] via a pretrained token embedding module such as Glove [74] or BERT
[27]. This is such that every token in the token span is mapped to a particular token
embedding vector.

2. Node Summarisation, where the variable length sequence of token vectors for each
node is mapped into a fixed size feature vector.

We will begin by describing the process of Token Embedding in a general sense, then move
on to describe how various MHQA models incorporate Token Embedding.

2.6.2.1 Token Embedding

Embedding is the process of mapping a set of discrete values onto points in a shared vector
space [22]. The position of these points can then be used as input to Neural Networks (NN)



Chapter 2. Background and Related Work 33

FIGURE 2.12: An example visualisation from [4] of a token embed-
ding process. First the given text is broken up into tokens, then each
token is associated with an n-dimensional vector. In this example

each token is associated with a 3-dimensional vector.

[22]. Token embedding is then just the mapping of a set of discrete tokens to a set of points
in a fixed dimensional vector space. Token embedding can be learned or fixed. A learned
token embedder implies that the mapping from tokens to vectors can be updated during
training. A fixed token embedder, by contrast, makes use of a fixed mapping.

Token embedders can be further broken down into two types, namely contextual and non-
contextual. A contextual token embedder maps tokens to different vectors, depending on
the surrounding tokens/ context. Consider the two phrases: "The boy named James", and
"Oh boy, that sucked". Both phrases contain the word "boy", however when considering
context, the meaning of the word changes in each phrase. A contextual embedder is in
theory able to capture the different meanings of words in different contexts [75]. A non-
contextual token embedder produces the same vector given the same token every time, and
thus is unable to differentiate the different meanings of words in different contexts [74].

Token embedders such as Glove [74] or BERT [27] make use of massive quantities of text in
order to find useful ways to represent natural language [74, 27]. Once these vector represen-
tations have been calculated from the large corpus of text, they can be used in other appli-
cations, without having access to the source corpus. This is related to the pretraining/fine-
tuning paradigm whereby a large general data source is used to train a model on a general
task. Token embeddings which are generated from large text corpora can then be fine-tuned
for down stream tasks, which then require much less training data [27].

To embed a piece of text into a vector space, a token embedder first makes use of a tokeniser
to break text up into small chunks called tokens. The token embedder then produces a
unique n-dimensional vector for each token that it recognises. This process is visualised in
figure 2.12. The set of all tokens that a token embedder recognises is called its vocabulary.
Typically, a token embedder will be coupled to a particular tokeniser, with which it shares
this vocabulary. In older token embedding systems such as Glove, these tokens represent
whole words [74]. Due to the massive quantity of unique words in any given language, it
is not feasible to store every single word in an embedder’s vocabulary. Instead models like
Glove must select a set of maximally useful tokens for which to find representation vec-
tors. The Glove model simply chooses the set of words which occur most frequently in its
source corpus [74]. This approach breaks down for rare words, or certain derivative words
such "antiquing" where the word in question is simply not well represented in the source
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corpus. Due to these issues, it was common in MHQA models to include character level em-
beddings to supplement Glove’s word level embeddings [99, 29]. Thus, when a particular
word was out of Glove’s vocabulary, the character-level representation may still be able to
capture some of the words meaning. To remedy this problem, modern language models like
BERT [27] make use of an algorithm called Byte Pair Encoding (BPE) [27, 66, 77]. Concep-
tually, BPE is somewhere in-between a word-level and character-level representation. BPE
represents common words as whole words, while breaking rare words up into subwords
[90] such as {"anti", "qu", "ing"}. Since any given word could be broken up into subwords
in many different ways, these subwords are chosen such that their frequency in the source
corpus is maximised [90]. BPE is referred to as being open-vocabulary [90], meaning there
are no words for which BPE fails to produce representations [90]. This effectively removes
the need to use character-level representations while using BPE.

We will now describe the various ways MHQA models make use of token embeddings to
generate graph embeddings.

2.6.2.2 C-GRU

Given a textual context document s ∈ Sq, C-GRU uses Glove [74], as well as a 10-dimensional
character-level embedder. C-GRU makes use of a Convolutional Neural Network (CNN) to
encode characters [29]. To combine the Glove and character embedding vectors produced
per word, C-GRU simply concatenates the Glove and character-level representations to-
gether along the feature dimension [29]. This is to say that given "the apple" as an input,
C-GRU would for example produce two 300-dimensional vectors using Glove [74], as well
as two 10-dimensional vectors using its character-level encoder. After concatenation, the fi-
nal encoding would then be two 310-dimensional vectors, one for each word. Since C-GRU
is an RNN, and not a GNN, no Node Summarisation is required.

2.6.2.3 GSPR

The GSPR model makes use of a Glove [74] word embedder, without a supplementary
character embedder [95]. GSPR, along with the HDE model [99], further encodes token
embeddings with an RNN, before mapping them into node embeddings [99]. Specifically,
given a textual document s and query q, GSPR generates initial token embeddings X0

s and
X0

q using a Glove token embedder [95]. The GSPR model then further encodes these token
embedding vectors with a bidirectional LSTM [43]. This yields new token embeddings X1

s
and X1

q such that
X1 = biLSTM(X0), (2.43)

for both the document and query. To generate entity node embeddings from the encoded
token embeddings X1

s and X1
q , GSPR concatenates the first and last token representation

for every entity token span [95]. An entity ϵ with a token span of (ϵi, ϵj) indicates that ϵ
covers all the tokens from i to j. The two token embedding vectors we need for entity ϵ are
thus tokens i and j, and all intermediate vectors between i and j are ignored. Once the first
and last token vectors for an entity ϵ have been concatenated, the result is transformed via
a learned linear transformation [95]. We refer to this as head and tail concatenation, which
follows:

Xϵ = Concat f (X1
s [i], X1

s [j])W1 + b1. (2.44)

This yields a fixed size vector representation Xϵ for every entity present in the document
s. Here X[i] represents extracting the ith vector from the matrix X, with respect to the se-
quence dimension. Similarly, a fixed size query representation is obtained using a distinctly
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parameterised head and tail concatenation as follows:

Xq = Concat f (X1
q [1], X1

q [lq])W2 + b2, (2.45)

where lq is the number of query tokens.

Finally, to combine query and context information, every entity node representation Xϵ

is concatenated with the fixed size query vector Xq, and again transformed via another
learned linear transformation. Thus the final query-aware entity node representations Yϵ

follow:
Yϵ = Concat f (Xϵ, Xq)W3 + b3, (2.46)

where W1, W2, W3, b1, b2, b3 are all model parameters.

2.6.2.4 EGCN

The EGCN model [26] makes use of the ELMo [75] token embedder. ELMo is a contextual
embedder, like BERT, but makes use of an LSTM-based encoding architecture [75] instead
of BERT’s Transformer-based architecture [27]. EGCN encodes both the context and query
using ELMo, however it also further encodes the query representation with an LSTM [26].
Finally, similar to GSPR, it introduces query information into the context by concatenating
the query representation with all of the entity node representations, before transforming
these concatenated vectors using a learned transformation. EGCN makes use of a two-layer
MLP instead of the linear transformation which is used in GSPR.

2.6.2.5 HDE

The HDE system makes use of a comparatively more complex graph embedding process
than does GSPR or EGCN. HDE begins by making use of a 300-dimensional GloVe [74] to-
ken embedder, alongside a 100-dimensional character-level embedder, resulting in a com-
bined 400-dimensional token embedding process [99]. Next, HDE makes use of three dis-
tinct GRU [21] encoders for the query, document, and candidate token embeddings respec-
tively [99]. In GSPR and EGCN, query information is introduced to node vectors after
they have been summarised from their respective span of token vectors [95, 26]. In HDE
however, query information is injected directly into token embeddings before node sum-
marisation [99]. In theory, this may increase the expressiveness of the context/query in-
teractions since their interaction is computed at the high-dimensional token level, instead
of the lower-dimensional node level. Specifically, HDE makes use of a coattention module
[116] to produce query-aware token vector sequences. These query-aware token vector se-
quences are then mapped into fixed size node vectors by a self-attentive pooling module
[99]. This effectively amounts to performing a learned weighted sum over all token vectors
in the respective span. This is in contrast to the head and tail method, where intermediate
tokens are ignored by the summarisation process.

2.6.2.6 HGN

The HGN model makes use of a pretrained RoBERTa [66] model, which is similar to BERT
only larger and with a different pretraining objective. The model concatenates all context
documents together, and then concatenates that with the query too. This long text sequence
of context and query is then tokenised and embedded using the RoBERTa model [31]. This
is only possible since HGN performs document selection, and thus does not include all sup-
porting documents [31]. Including all documents would make the resulting token sequence
too long for RoBERTa to encode. The resulting token embeddings are then passed through
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an LSTM encoder to obtain the final token embeddings [31]. These token embeddings are
then used to generate node embeddings by using the head and tail concatenation method.
This method of introducing query information is similar to HDE’s in that it introduces the
query information at the token level. However, HGN introduces the query information dur-
ing token embedding rather than after as with HDE. Since HGN uses RoBERTa instead of
GloVe, this query information is able to affect the initial token embeddings. This is because
contextual embedders such as BERT, ELMo, and RoBERTa function as units of computation,
not just a static lookup table as in GloVe. If fine-tuned, these contextual token embedders
could learn to aid in the question answering process before any other part of the model is
used. HGN distinguishes itself from the rest of the GNN-based MHQA models we cata-
logued in that it also adds a query node to its graph. Thus, HGN in fact introduces the
same query information in two different places, once right at the start of the model before
token embedding, and a second time during the GNN encoding step.

2.6.3 GNN Architectures

Here we detail the GNNs used in these MHQA models using the message passing notation.

2.6.3.1 GSPR GNN

The GSPR model implements a GNN based off of the popular LSTM RNN [43]. This means
passing 2 vectors per node forward through the GNN. In addition to the node states hk

i
for the ith node at the kth GNN layer, the LSTM GNN also maintains cell vectors ck

i . In the
notation of the message passing pattern, the GSPR GNN has a trivial message function and
a sum-based aggregation function. All of the GSPR’s computation is thus taking place in its
LSTM-based update function. To define this LSTM-based gating function Gatel we begin
by defining a single layer MLP with a bias term b and a nonlinear activation function σ as

MLPy(x) = σ(Wyx + by). (2.47)

Given a vector input of Ak
i , the LSTM gating function first maps the input vector Ak

i to 4
distinct vectors. namely:

ik
i = MLPi(Ak

i ), (2.48)

ok
i = MLPo(Ak

i ), (2.49)

f k
i = MLP f (Ak

i ), (2.50)

uk
i = MLPu(Ak

i ). (2.51)

Then the cell ck+1
i vector is calculated following:

ck+1
i = f i ⊙ ck

i + ik
i ⊙ uk

i . (2.52)

The full LSTM gating function Gatel is then:

Gatel(Ak
i , ck

i ) = ok
i ⊙ tanh(ck+1

i ) (2.53)

Any GNN which uses this LSTM-based gating function must be modified to maintain a cell
state vector for every node, for each layer of the GNN. The output of the GNN is however
only the transformed input vectors hk′

i . Thus, the LSTM-based gating function is a function
which maps hk

i → hk+1
i , while using the cell state vectors as an auxiliary channel of infor-

mation. Using the message passing notation modified to include the cell state vectors, the
equations of this GNN follow:
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Message:
ϕ(hk

i , hk
j , E) = hk

j (2.54)

Aggregate:
ω(Mk

ij, hi, hj) = Mk
ij (2.55)

Update:
γ(hk

i , Ak
i , ck

i ) = Gatel(Ak
i , ck

i ) (2.56)

Here, ck
i is a function of f k

i , ik
i , uk

i , and ck−1
i . Since f k

i , ik
i , uk

i are all functions of Ak
i , there is

no distinction between in-nodes and out-nodes, thus this GNN is in-out symmetric.

2.6.3.2 EGCN and HDE GNN

The HDE and EGCN models make use of an identical GNN encoding process. Specifically,
they both make use of a gated version of the Relational Graph Convolutional Neural Net-
work (R-GCN). We describe their GNN using the message passing notation:

Message:

ϕ(hk
i , hk

j , E) =
Wrhk

j

|Er
i |

(2.57)

Aggregate:

ω(Mk
ij, hk

i , hk
j ) =

Mk
ij

|N(i)| (2.58)

Update:
γ(hk

i , Ak
i ) = Gate(hk

i , Ak
i + W0hk

i ) (2.59)

Here Wr is a different weight matrix for each edge type r, and |Er
i | is the number of edges

of type r which point to node i. Gate is the gating function defined by equation 2.37. From
the update equation we can see that hk

i is distinguished from Ak
i in two places in the up-

date function, thus this GNN is in-out asymmetric. W0 is a learned weight matrix used to
transformer in-node states. This is similar to the R-GCN where the addition of W0hk

i is the
only feature making the GNN in-out asymmetric. Here however the gating function fills
this role, possibly making the addition of W0hk

i redundant.

2.6.3.3 HGN GNN

Finally the HGN model [99] makes use of a modified version of the GAT [102] GNN (see sec
2.5.2.2). The HGN does make use of gating, but not in its GNN, as is common in the GNN-
based MHQA models we have catalogued. Instead the HGN model uses a gate around its
entire GNN in order to combine its context token representations with the graph encoding
outputted by its GNN [31]. To introduce edge information into the GAT, the HGN model
modifies equation 2.27 to make use of a distinct weight matrix per edge type, making the
GNN a switch-GNN. Formally, eq 2.27 becomes:

Att(hi, hj) = ψ(Concat f (hi, hj)Wr). (2.60)

This is distinct from the way in which Relative Positional Embedding Transformers incor-
porate edge information, whereby edge embeddings are injected [92] instead of making use
of different linear transformations per edge type [31]. This modification to the GAT does
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not add an in-out asymmetry as the update function is not changed. Thus this modified
GAT is still in-out asymmetric.

2.6.4 Output models

Here we will discuss how these GNN-based MHQA models produce an output which can
be used for training model parameters, and performing inference. We will mainly be dis-
cussing the models which evaluate on the multiple choice dataset Wikihop [106]. The HGN
model [31] is a multi-task model, meaning it needs a sophisticated output model which is
capable of outputting different kinds of outputs depending on its input. This is less rel-
evant to our work however which focuses only on multiple choice question answering.
Outputting an answer to a multiple choice question generally involves producing a prob-
ability distribution over all of the unique entities being modeled [99, 95, 26]. Since any
given unique entity may be mentioned multiple times throughout the given context, a com-
mon requirement is for these models to aggregate these entity mentions while outputting a
prediction.

The GNNs in these models output a graph encoding HL ∈ Rn× f for an L layer GNN. Each
element hL

i ∈ R f is a vector representing the final encoded state of one of the nodes in the
graph. Some or all of these nodes will represent entities, depending on the model. Thus,
given HL, and a single candidate c ∈ Cq, these models must extract all of the entity node
vectors which correspond to candidate c. We will represent the set of entity vectors for
candidate c as Ec = {hL

i ∀i | i is a mention o f c}.

The EGCN model [26] concatenates entity vectors with the the fixed-size query representa-
tion q̂, then scores the result for each entity mention. The score for a particular candidate is
just the maximum score over each of the candidate’s mentions. More formally:

cs = max
e∈Ec

(MLP(Concat f (q̂, e)))), (2.61)

where cs is a scalar score for candidate c. The final probability distribution over all candi-
dates is then obtained by performing a softmax over all candidate scores cs.

The GSPR model [95] uses an additive attention-based [6] output model where the attention
scores themselves are used as the likelihood that a given entity is the correct answer. The
model also combines likelihood scores for the representations of entities from every layer
of the GNN, not just the final layer. Finally the HDE model [99] makes use of a similar strat-
egy to EGCN, whereby it scores entity mentions, and returns the maximum score. Unlike
EGCN, this scoring does not include a query representation. Furthermore, since the HDE
model includes candidate nodes, its output model factors their final representation into its
calculation. Formally:

cs = MLPc(hL
c ) + max

e∈Ec
(MLPϵ(e)), (2.62)

where MLPc and MLPϵ are MLPs to score candidates and entities respectively. hL
c is the

final vector representation for candidate c. Here, each MLP has two layers such that the
hidden layer size is half that of the model dimension. More formally:

MLPϵ(x) = tanh(xW1
ϵ + b1

ϵ)W
2
ϵ + b2

ϵ , (2.63)

where x ∈ R f is some input, and W1
ϵ ∈ R f× f

2 , W2
ϵ ∈ R

f
2×1, b1

ϵ ∈ R
f
2 , b2

ϵ ∈ R1 are model
parameters. tanh is the hyperbolic tan activation function.
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2.6.5 Summary

Overall, just cataloging this small set of GNN-based MHQA models presents us with many
architectural choices at every level of the pipeline. There are different graph construction
options, as well as options for graph embedding, and GNN encoding. We are also given
options as to how to embed tokens, and how to incorporate query and candidate informa-
tion into our model. Overall, given the large set of options, and the even larger space of
combinations, we decided to primarily base our models off of the HDE model [99]. This
decision was mainly due to its high performance on the Wikihop dataset. The HGN model,
developed by Microsoft [31], appears to be more sophisticated than the HDE model in its
graph construction, but also in some auxiliary processes such as document selection. We
also see the use of mixture of experts style relational GNNs (switch-GNN) [31, 86], while
the use of Transformer style edge embeddings seems unexplored in GNN-based MHQA
models.

Finally we note the distinction between in-out symmetrical and in-out asymmetrical GNNs,
and hypothesise that in-out asymmetry may help a GNN learn by preventing node states
from becoming homogeneous. This is related to the well documented problem, sometimes
called over-smoothing [14, 70], whereby deeper GNNs cause node states to become more
similar to each other [108], effectively losing their identities and thereby degrading model
performance [108, 70].
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Chapter 3

Model

Here, we introduce and describe our Graph Neural Network (GNN)-based Multihop Ques-
tion Answering (MHQA) models, trained to answer multiple-choice natural-language ques-
tions. A multiple choice question comes in the form of a plain text question q, a set of plain
text context documents Sq containing information needed to answer the question, a set of
plain text answer candidates Cq, and finally a plain text answer to the question aq ∈ Cq.

We aim to investigate the use of GNNs in Natural Language Processing (NLP), and to com-
pare specific GNN design choices with one another, and with design choices in relevant
Transformer literature. To this end we begin by creating a GNN-based MHQA model which
is inspired by the Heterogeneous Document Entity (HDE) model [99] (see Sec 2.6.3). This
model shares a similar graph structuring, graph embedding and GNN step. It also makes
use of an identical output prediction model to HDE [99]. We evaluate this model and all its
variants on the Wikihop [106] dataset. Our research methodology involves evaluating this
MHQA model with an HDE-like GNN, and gradually making the GNN more Transformer-
like by adding in features common in the Transformer literature. We ablate the usage of all
such Transformer features and use these ablations as a way to compare some of the typical
GNN design choices to Transformer design choices, under our specific conditions. We also
evaluate some common GNN features in combination with Transformer features. In this
chapter, we detail the various modeling choices we consider in our experiments.

On a high level, our models use heuristic rules to construct graphs from a question’s given
context. They then use a pretrained token embedder such as Glove [74] or BERT [27] to
generate token embeddings. Next, they use parameterised Transformer-encoder layers to
create graph embeddings given token embeddings. These graph embeddings are then en-
coded by a parameterised GNN, before finally being used to predict the correct answer from
the given candidates. This chapter is structured to correspond with the GNN-based MHQA
model pipeline, which follows: graph structuring; graph embedding; GNN encoding; and
finally output model.

3.1 Graph Construction

Similar to HDE [99], our model uses given multiple-choice question-answer examples to
construct graphs composed of entities, answer candidates, documents and optionally sen-
tence nodes. We refer to these graphs as context graphs, and distinguish them from HDE
graphs [99] (see Sec 2.6.1.3), which do not contain sentence nodes. We use the term context
graph to refer to the general graph case, not with any one specific construction rule set in
mind. Thus, an HDE graph is an instance of the more general context graph.
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FIGURE 3.1: A visualisation of a graph constructed by our model
excluding the optional edges and sentence nodes. These graphs
are similar to those constructed by HDE [99] but without the Co-

document or Compliment edges.

These context graphs are heterogeneous in that they contain multiple node and edge types.
They also include information at multiple levels of granularity, namely the phrase-level en-
tity and candidate nodes, sentence-level nodes, and the coarse-grained document nodes.
Since each extracted entity can be mentioned multiple times in the same, or different docu-
ments, there may be multiple distinct entity nodes which represent identical text, but with
different token spans and/or source documents.

HDE makes use of Special entities instead of Detected entities (see Sec 2.6.1), which means
that no NER module is required. Informally, we found that the NER approach failed in
many cases where the correct answer was not strictly a Named Entity, such as when the
answer is a number like "68" or when the answer is a generic noun like "sports". This may
be remedied in future work by also including generic nouns as nodes. The Special entities
approach results in notably fewer entity nodes and thus contributes to faster execution
times. However, due to the nature of multihop question answering, it is often necessary to
’pivot’ around entities (See Fig 1.2, Sec 2.2.3) which may not themselves be in the question
or answer candidates. We also found cases where the Special Entity approach failed in
Wikihop, such as when the answer candidates are not found in the context via an exact
text match. As an example, there exists a Wikihop question: ’participant_of juan rossell?’,
however in the text Juan is referred to only as ’Juan Miguel Rossell Milanes’. In this case,
using only Special Entities would make the question unanswerable using reasoning. These
failure cases remain unaddressed in existing Special Entity GNN-based MHQA models. In
these cases, including only the Special entities may be insufficient, and thus including both
Special and Detected entities may improve the models ability to reason. Regardless of the
entity extraction method, the output is a list of token spans denoting the start and end token
of each entity contained in each document.

We also optionally include sentence nodes inspired by the HGN model [31]. In this case,
sentences must be detected by a sentence detection module (sentence splitting) [87]. We
consider two methods of including sentence nodes. One in which all detected sentences
are included and one in which only those sentences who contain an extracted entity are
included (restricted sentences).

Once entities and sentences have been identified, we are ready to generate context graphs.
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Using the given documents and their contained entity/sentence spans, as well as all answer
candidates we construct the following node types:

• A Document node for each supporting document.

• An entity node for each extracted entity mention in each document.

• A candidate node for each answer candidate.

• Optionally, a sentence node for each sentence found in each document. We optionally
filter these sentences to include only those sentences which contain an extracted entity.

Once the nodes have been created, we use a set of heuristic rules to connect them. Each
connection between nodes has an edge type. We make use of a set of fundamental edge
types, which are present in all of our models. The following connection rules are used to
generate our fundamental edge types in a manner similar to HDE [99]:

1. Document nodes are connected to entity nodes if their represented text is found in the
respective document.

2. Document nodes are also connected to candidate nodes if their text is found in the
document.

3. Co-mention Edge: Each Entity node pair whose texts match is connected. This edge
allows mentions of the same entity to connect across long distance in text, and even
across distinct documents.

4. Each Entity node is connected to any candidate node whose text is a mention of the
entity.

5. All candidate nodes are connected to each other.

We also implement the following optional edge types, which are unused unless otherwise
stated:

6. Co-document Edge: All entity nodes which are mentioned in the same document are
connected.

7. Compliment edge: All entity pairs which remain unconnected are connected.

8. Unconnected edge: All unconnected nodes are connected. Adding this edge turns any
graph into a fully connected graph.

Finally, if sentence nodes are included in our graphs, we make use of the following addi-
tional edge types:

9. Sentence nodes are connected to the document node to which they belong

10. Sentence nodes are also connected to any entity nodes whose text is found in the
respective sentence. Including entity mentions found in different documents to the
sentence.

11. Sentence nodes are connected sequentially to the previous and next sentences.

12. Lastly, sentence nodes are connected to document nodes if any of the document’s
entities are found in the sentence. This represents another cross-document link.

Figure 3.1 offers an abstract visual representation for the context graphs constructed by
our system, and figure 4.1 offers a simplified example of a graph constructed by our system
using a real Wikihop data point. Both diagrams omit sentence nodes and their connections.
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FIGURE 3.2: A diagram depicting the flow of context information
through our system. Graph structuring is not included in this di-
agram for brevity, however this involves the creation of the Edge
Matrix E, which is inputted to the GNN along with the node embed-
dings. The coattention step combines the query embedding with

every document, entity, and candidate embedding separately.

3.2 Graph Embedding

Our graph embedding process is similar to HDE’s [99] graph embedding process, differing
in a few key areas which we detail here. For multiple choice question answering, graph
embedding involves generating token embeddings for the context documents, the ques-
tion, and each of the answer candidates. These token embeddings are then used alongside
the constructed context graph to create query-aware node embeddings of fixed size. To do
this, query information is injected into token embedding sequences via a coattention mod-
ule, before being summarised into a single fixed-size vector. Figure 3.2 offers a high-level
representation of this process which is used to generate entity, document, and candidate
node vectors, which are then encoded with a GNN. The process of creating sentence nodes
is functionally identical to that of entity nodes, just making use of different token spans.

3.2.1 Token Embedding

A token embedding (see Sec 2.6.2.1) module consists of a vocabulary made up of recognised
tokens, and a mapping of (token, vector) pairs. These vectors can be acquired in various
ways for different types of embedders, but conceptually, they should all contain informa-
tion about the tokens they represent. Formally, we define our token embedder as a black
box function Emb(text) which uses a tokeniser to break text up into tokens with respect to
its vocabulary, before converting these tokens into vectors. This process could be learned
or fixed. However, we primarily focus on using a 300-dimensional pretrained Glove [74]
module, and do not fine-tune the token embeddings, resulting in a fixed token embedding
process. It should be noted that HDE [99] uses both a 300-dimensional Glove [74] module
as well as a 100-dimensional character n-gram module [98], resulting in a combined 400-
dimensional embedding module. Furthermore, HDE makes use of GRUs [21] to further
encode their 400-dimensional embeddings, ultimately resulting in a more complex token
embedding process than we consider. We do however ablate the usage of these GRUs. We
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also experiment with a 512-dimensional BERT-based token embedder. We evaluate the use
of BERT with and without fine-tuning.

Given a question q, a set of supporting documents Sq, and a set of answer candidates Cq,
we generate token embedding sequences for each document, candidate, and the query, all
independently, using the same embedding module. This yields l × f matrices Xq, Xi

s, and
X j

c for the query, ith document, and jth candidate respectively, where l is the length of the
respective sequence, and is equal to the number of tokens the sequence represents. More
formally:

Xq = Emb(q) ∈ Rlq× f , (3.1)

Xi
s = Emb(si) ∈ Rli

s× f ∀ si ∈ Sq, (3.2)

X j
c = Emb(cj) ∈ Rl j

c× f ∀ cj ∈ Cq. (3.3)

We refer to these X matrices as embedding matrices, and note that there is one embedding
matrix for each document and candidate, as well as one embedding matrix for the ques-
tion. Context graph nodes represent token spans in token sequences. Thus, each node
corresponds to a particular subsequence in a given embedding matrix. We refer to these
subsequences of embedding matrices as subsequence matrices, and denote the general sub-
sequence matrix as Xt. Thus, Xt ⊆ X as the subsequence can cover part of or the entire
embedding matrix. Once we have our embedding matrices, we need to extract our subse-
quence matrices and inject query information into them.

3.2.2 Context-Query Coattention

Similarly to HDE, we make use of Coattention [116] to inject query information into our
subsequence matrices. Here coattention is distinct from both self-attention [101] and cross-
attention [49]. Self-attention is when a sequence attends over itself; cross-attention is when
one sequence attends over another, while coattention is when two sequences attend over
each other. HDE makes use of a coattention module [116] which combines a GRU encoder
with a custom single-headed attention mechanism. For simplicity, we decided to replace
this coattention module with a Transformer encoder [101], which has a native implementa-
tion available in Pytorch.6 This decision also allows our coattention module to make use of
multi-headed attention.

Given an embedding matrix X for a document (Xs) or candidate (Xc), we gather all sub-
sequence matrices Xt contained in X. This information is retrieved from our constructed
context graphs such that there is one subsequence matrix per node. For candidate nodes,
the subsequence matrix Xt = Xc. This means that candidate node token spans cover the
entire candidate token sequence. Similarly for document nodes Xt = Xs, meaning doc-
ument node token spans cover their full document token sequence. However, for entity
and sentence nodes, their token spans cover only part of the full document token sequence,
meaning Xt ⊂ Xs.

The task of injecting query information into a subsequence matrix using coattention then
follows:

Yt = Coattention(Xt, Xq), (3.4)

where Yt is a query aware subsequence matrix which is equivalently sized to the Xt, and
Xq is the full query embedding matrix. Coattention is some attention-based module which
allows two sequences to attend to each other.

6Pytorch Transformer: https://pytorch.org/docs/stable/generated/torch.nn.Transformer.html

https://pytorch.org/docs/stable/generated/torch.nn.Transformer.html
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FIGURE 3.3: A diagram showing the process of using a Transformer
encoder to perform coattention between the context of a single node
and the query representation. Here we show coattention between
the query vector (orange) and an entity vector (green), however a
similar process applies for document vectors and candidate vectors.
Entity vectors are contained inside of document vectors, thus these
entity vectors need to be extracted from their containing document
vectors. For document and candidate nodes, the entire document
or candidate sequence vectors are used. Here the type embeddings
help the Transformer differentiate between the context and query

vectors.

To perform coattention with a standard Transformer encoder Transc, we follow algorithm 2.
This involves concatenating each subsequence matrix Xt with the query embedding matrix
Xq along the sequence dimension to produce Xtq. Given Xt ∈ Rlt× f and Xq ∈ Rlq× f , the
concatenation produces the matrix Xtq ∈ R(lt+lq)× f . We then use our Transformer encoder
Transc to perform self-attention over Xtq, thus allowing query tokens to attend to context
tokens, and context tokens to attend to query tokens. Once we have encoded Xtq, we need
to extract the elements which correspond to the inputted context tokens, separating them
from the query tokens. More formally:

Ytq = Transc(Concats(Xt, Xq)), (3.5)

Yt = Ytq[1 : lt]. (3.6)

Here, [a : b] refers to the extraction of a subsequence matrix from position a to position b.
Concats refers to concatenation along the sequence dimension, not the feature dimension.
Thus Yt is same-sized to Xt, while containing query information.

The coattention used by HDE is asymmetric about the context and query representations
inputted [99]. This is to say, if you were to swap the context and query representations,
the coattention module would output a different result. When using Transformer encoders,
however, we need to manually introduce this asymmetry. This is because the self-attention
mechanism used in the Transformer is permutations invariant [101]. To allow the Trans-
former Transc to differentiate between the context and query sequence elements, we add
a type embedding to each element before it is encoded by Transc. Specifically, the model
learns two type embedding vectors for ’context’ and ’query’. Summing type embeddings
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Algorithm 2 Transformer-based Coattention and Summarisation

Require:
A node N with token span (a, b)
A context embedding matrix X in which node N resides
A query token embedding matrix Xq of length lq
A type embedding vector c for ’context’ and q for ’query’
A Transformer encoder for Coattention Transc
A Transformer encoder for Summarisation Transs

1: Xt ← X[a : b] ▷ Extract Subsequence Matrix
2: lt ← (b− a)
3: Tc ← Repeat(c, lt) ▷ Get Type Embedding Matrices
4: Tq ← Repeat(q, lq)

5: Xt ← Xt + Tc ▷ Add Type Embeddings
6: Xq ← Xq + Tq

7: Xtq ← Concats(Xt, Xq)
8: Ytq ← Transc(Xtq) ▷ Perform Coattention
9: Yt ← Ytq[1 : lt] ▷ Extract Query-Aware Context Matrix

10: Zt ← Transs(Yt) ▷ Encode for Summarisation
11: h1

t ← Zt[1] ▷ Extract First Node Embedding
return h1

t

for these two types into their respective sequence elements provides explicit type informa-
tion to Transc about each token. Factoring type embeddings into our equations yields:

Ytq = Transc(Concats(Xt + Tc, Xq + Tq)), (3.7)

where Tc is a type embedding matrix for context tokens, while Tq is a type embedding ma-
trix for query tokens. These type embedding matrices are the same size as the matrices with
which they are summed, and they are constructed by simply repeating a single embedding
vector for the required length. Figure 3.3 depicts this Transformer-based coattention for
the case of entity nodes, whose subsequence vectors are nestled within longer document
sequence vectors.

3.2.3 Summariser

Once we have produced our query-aware context matrices Yt for each node in our con-
structed context graph, we are ready to generate our initial node embeddings. Node em-
beddings h1

t ∈ R f must be of fixed size, but Yt ∈ Rl× f is variable length, with l being
different for each node t. Thus, we follow HDE [99] by employing an attention-based sum-
marisation step where the variable length Yt representations are mapped to fixed length
node embeddings h1

t . For this, we use another Transformer encoder Transs to encode our Yt
matrices. After encoding Yt with Transs, we extract only the first element of the sequence,
thus producing a fixed-size node embedding. More formally:

Zt = Transs(Yt), (3.8)
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h1
t = Zt[1], (3.9)

where [i] refers to extracting the first sequence element from a matrix. This process is shown
alongside the coattention step in algorithm 2.

3.2.4 Switch-Summariser

HDE does not incorporate node types when performing summarisation on sequences rep-
resenting documents, entities, and candidates, despite a significant difference in the lengths
and content of these sequences. We decided to investigate the incorporation of node types
into the summarisation process. We performed a series of preliminary experiments to find
a way to incorporate this node information, and thus developed what we refer to as the
Switch-Summariser. The Switch-Summariser makes use of a separately parameterised Trans-
former Transr depending on the node type of the sequence being summarised. Next, we in-
clude a separate Transformer Transg, which is used for every operation, regardless of node
type. Thus, each node embedding operation includes a type-specific Transformer, and a
global Transformer. Finally, we also found it useful to include a type embedding to the
global Transformer. Formally, given a node type r, an input vector X, and a learned type
embedding matrix Tr, the usage of a Switch-Transformer ST follows:

ST(X, r) = Transr(X) + Transg(LayerNorm(X + Tr)). (3.10)

Here Transr is a type-specific Transformer, only used wrt to type r, and Transg is a global
Transformer, used for all node types. Tr ∈ Rl× f is a matrix of the same shape as X, which
is created by repeating a learned embedding vector tr l times along the sequence dimen-
sion. We used the combination of a type-specific and a global Transformer so that the type-
specific Transformer could focus on extracting node type-specific information, while more
general information could be extracted by the global Transformer.

3.3 GNN Graph Encoding

This thesis involves evaluating different GNN variants. Primarily we aim to compare
GNNs used in typical MHQA systems [99, 31, 26, 13], against the architectural decisions
made in the Transformer literature. Here, we formally describe the components that we
consider using the message passing notation introduced above (see Eq 2.21, 2.22, 2.23),
which describes the node state update process per the ith node.

To aid in the description of our GNN variants, we introduce the term GNN Core, which
simply refers to the unique combination of a message and aggregate function. Thus, a
GNN can be fully described by its core GNN plus its update function. We also leverage
the concept of in-out asymmetries (see Sec 2.5.2). A GNN is in-out asymmetric if it has at
least one in-out asymmetry, otherwise it is in-out symmetric. An in-out asymmetry is any
function which allows the GNN to distinguish between sending out-node messages and
receiving in-node current states. Practically, an in-out asymmetry can only be found in a
GNN’s update function, as this is where in-node states are updated. A GNN can have
zero in-out asymmetries (GAT Sec 2.5.2.2), a single asymmetry (R-GCN Sec 2.5.2.5), or even
multiple asymmetries (HDE GNN Sec 2.6.3.2).
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3.3.1 GNN Cores

Here we list and define five distinct GNN cores, which we evaluate on the Wikihop dataset.
We use the message passing notation (see Sec 2.5.1), and describe each core by providing
the equations for a message and aggregate function.

3.3.1.1 Switch-Core

The Switch-Core is the core used by the HDE GNN [99] which uses distinct weights for each
edge type and is defined by the equations 2.40 and 2.41. These equations describe a GNN
which applies a distinct linear transformation to node states depending on the edge type
being traversed. Furthermore, they describe how node messages are scaled as a function of
a nodes neighbour count, and the distribution of edge types per node.

3.3.1.2 Edge-Core

The Edge-Core is a GNN core that we propose, which is based on Relative Positional Em-
beddings (RPE) [92]. Specifically it makes use of V-Type (see Sec 2.4.5) edge embeddings to
inject edge information into a GNN. Given the edge matrix E ∈ Rn×n such that Eij repre-
sents the edge type between nodes i and j, we first define the edge type embeddings as

V = EdgeTypeEmbV(E) ∈ Rn×n× f , (3.11)

where EdgeTypeEmbV is an embedding function which maps each unique edge type to
a distinct learned embedding vector. We then formally define the Edge-Core as follows:
Message:

ϕ(hk
i , hk

j , E) = Wvhk
j + Vij (3.12)

Aggregate:

ω(Mk
ij, hi, hj) =

Mk
ij

|N(i)| (3.13)

Here Wv is a learned weight matrix being used as a linear transformation.

3.3.1.3 SAGE-Core

The SAGE-Core is another GNN core we propose which makes use of V-Type edge embed-
dings. Similarly to the Edge-Core, it makes use of an MLP [58] and a mean-based aggre-
gation function. However, this core follows the GraphSAGE GNN (see Sec 2.5.2.1) more
closely in its functions. Formally:

Message:
ϕ(hk

i , hk
j , E) = hk

j + Vij (3.14)

Aggregate:
ω(Mk

ij, hi, hj) = Mk
ij (3.15)

This core GNN does not include any learned matrix multiplication, and thus acts only to
include edge types. Thus, the bulk of the computation for a GNN using the SAGE-Core
should take place in the update function.

3.3.1.4 GAT-Core

Here we present our modified GAT GNN core, which includes V-Type edge embeddings,
which we call the GAT-Core. Formally:
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Message:
ϕ(hk

i , hk
j , E) = Wvhk

j + Vij (3.16)

Aggregate:
ωk(Mk

ij, hi, hj) = αG(hi, hj)Mk
ij, (3.17)

where αG is an additive attention function defined by equation 2.28.

3.3.1.5 SDP-Core

Finally, we present the SDP-Core, which is based on Scaled Dot-Product (SDP) attention,
and which makes use of K-Type (see Sec 2.4.5) edge embeddings. This GNN core is in
fact identical to the RPE Transformer [92], when making use of only K-Type embeddings;
however, we describe it here using the message passing notation. First, we calculate the
K-Type embedding matrix similarly to the V-Type matrix:

K = EdgeTypeEmbK(E) ∈ Rn×n× f , (3.18)

then the message passing equations:

Message:
ϕ(hk

i , hk
j , E) = Wvhk

j (3.19)

Aggregate:
ωk(Mk

ij, hi, hj) = αr(hi, hj, K)Mk
ij (3.20)

Here αr(.) is an SDP attention function making use of K-Type edge embeddings, and is
defined by equation 2.16.

3.3.1.6 GNN-Core summary

Above, we present five distinct GNN cores, which are each defined by the combination of
a message and aggregate function. Each of our five cores is capable of accepting edge fea-
tures. The Switch-Core makes use of distinctly parameterised linear transformations per
edge type in its message function. The other four cores all make use of edge type embed-
dings (see Sec 2.4.5). Of our four edge type embedding cores, two make use of attention,
and two do not. SAGE-Core serves as the simplest GNN core, making no use of attention,
or even any matrix multiplication. Instead SAGE-Core simply adds edge type embeddings
to node messages. Edge-Core does not make use of attention either, but does make use of a
parameterised matrix multiplication to linearly transform node states before being summed
with an edge type embedding. Finally, we present two attention-based GNN-Cores, namely
GAT-Core and SDP-Core. These two cores differ in two ways. First, they make use of dis-
tinct types of attention. GAT-Core uses additive attention [6], while SDP-Core uses SDP
attention [101]. The second difference is in the manner of edge type embedding. SDP-Core
uses K-Type edge embeddings by default; however, we do test the use of V-Type edge em-
beddings in the SDP-Core. GAT-Core, not making use of SDP attention, cannot use K-Type
edge embeddings, and thus uses V-Type edge embeddings only.

3.3.2 Update Functions and In-Out Asymmetries

In our review of the GNN and Transformer literature, we have come across various update
functions. We have also introduced the concept of an in-out asymmetry (see Sec 2.5.2),
which is a type of function which operates in the update function. Here, we list the various
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asymmetries which we consider in our GNNs, and describe them by providing an update
equation. We also show how some of these asymmetries can be composed together.

3.3.2.1 No Asymmetry

An in-out symmetric GNN is one in which the GNN does not distinguish the in-nodes
current state, when calculating its next state. The simplest such update function is the
trivial update:

Update:
γ(hk

i , Ak
i ) = σ(Ak

i ), (3.21)

where σ is a nonlinear activation function. This is the update function used by the GAT
[102], making the GAT in-out symmetric.

3.3.2.2 SAGE Asymmetry

The SAGE Asymmetry is used in the GraphSAGE GNN [38], and contains its only linear
transformation. Formally:

Update:
γ(hk

i , Ak
i ) = σ(Concat f (h

k
i , Ak

i )W3), (3.22)

where W3 ∈ R2 f× f is a learned weight matrix used as a linear transformation.

3.3.2.3 MLP Asymmetry

The MLP Asymmetry is used in both the R-GCN [86], and the HDE GNN [99]. However,
the HDE GNN uses this in combination with a second asymmetry. The MLP asymmetry
follows:

Update:
γ(hk

i , Ak
i ) = σ(Ak

i + W4hk
i ) (3.23)

3.3.2.4 Gate Asymmetry

The Gate Asymmetry is used in the HDE GNN [99] alongside the MLP asymmetry. Used in
isolation, it follows:

Update:
γ(hk

i , Ak
i ) = Gate(hk

i , Ak
i ), (3.24)

where Gate is HDE GNN’s gating function [99] and is defined by equation 2.37.

3.3.2.5 Transformer Update Function Asymmetry

The TUF Asymmetry is used by the Transformer model [101], but is named as such by us. It
follows:

Update:
γ(hk

i , Ak
i ) = TUF(hk

i , Ak
i ) (3.25)

Here TUF is the Transformer Update Function (TUF) defined by equation 2.11.

3.3.2.6 Composing Asymmetries

The HDE GNN [99] composes the MLP asymmetry with the Gate asymmetry as follows:
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Update:
γ(hk

i , Ak
i ) = Gate(hk

i , Ak
i + W4hk

i ) (3.26)

This composition can be represented by the notation Gate(MLP). We can also arbitrarily
compose any of these defined asymmetries in any order. We do however stick to a single
well defined order which follows:

Gate(TUF(MLP))

when using the MLP asymmetry, and

Gate(TUF(SAGE))

when using the SAGE asymmetry. We do not always include all asymmetries; however, we
respect this order in all cases. Removing the TUF would for example result in

Gate(SAGE)

when using the SAGE asymmetry. In this work we do not consider composing the MLP
asymmetry with the SAGE asymmetry.

Any given in-out asymmetry has the form: Asym(x, A) = y. Composing asymmetries
together then simply replaces the A input with the output of an inner asymmetry, or more
formally:

Composition(x, A) = Asym2(x, Asym1(x, A)). (3.27)

Finally, we take care to remove any intermediate nonlinear activation functions when com-
posing asymmetries.

3.4 Candidate Selection Output Model

Once the GNN has completed the graph encoding step, the outputted node vectors are
ready for the answer classification. Note that the graph contains nodes for both candidates
and entities, where most candidate nodes have at least one, but sometimes multiple cor-
responding entity nodes. We follow the HDE model [99] in using two distinct two-layer
MLPs labeled MLPϵ, and MLPc to score each of the entity nodes and candidate nodes, re-
spectively. The hidden dimension of these MLPs is half the model dimension f , and the
output dimension is 1.

Candidates are scored using equation 2.62, as a function of the final representation of can-
didate and entity nodes. Once all candidates in Cq have been scored, these candidate scores
are normalised using a softmax, producing a final probability distribution over all the candi-
date nodes. This probability distribution can then be trained to predict the correct candidate
by minimising the CrossEntropy loss wrt the correct answer.
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Chapter 4

Experimental Method

In this chapter we detail how we implemented our Graph Neural Network (GNN)-based
Multihop Question Answering (MHQA) system, including how we preprocess the Wikihop
dataset [106] into context graphs. We present an evaluation on the memory usage of two
competing approaches to the development of GNN architectures which we refer to as the
Dense and the Sparse implementation approaches. We describe our hyperparameter tun-
ing method for finding reasonable model parameters such as learning rate [89]. We then
describe the method by which we conducted our experiments, including detailing three
successive benchmark models which we develop. We use these benchmark models to com-
pare various feature variations in GNN architecture, context graph construction, and graph
embedding. Finally we detail how we evaluate these models using the Wikihop dataset,
and provide a brief investigation into the variation in model performance which is due to
random chance.

4.1 Implementation

All of our code is written in python, our configuration files are written in JSON7, and our
DNNs are all implemented in Pytorch.8 Most of our GNNs make use of Pytorch Geometric9

[34], a library extending Pytorch for GNNs.

The main aim of our model implementation was to be highly configurable since GNN and
Transformer literatures present us with many modeling options at all stages of the model
pipeline. To perform GNN operations, we make use of Pytorch Geometric. Pytorch Geo-
metric offers an intuitive implementation of the message passing pattern for GNNs. Fur-
thermore, it also offers a set of GNN implementations from various noteworthy GNN pa-
pers such as GraphSAGE [38] and the GAT [102]. The downside of Pytorch Geometric is
that is does not readily support modular and swappable components. Our solution was
to build a wrapper around Pytorch Geometric which was able to overcome some of these
limitations.

We make use of our wrapper system to implement GNN Update functions (see Sec 2.5.1)
instead of Pytorch Geometric. This allows us to easily swap and compose various In-Out
Asymmetries (see Sec 2.5.2) such as Gating [93] (see Eq 2.37) and the TUF (see Eq 2.11). We
implement four of our five GNN Cores (see Sec 3.3) using Pytorch Geometric, while the
GAT-Core (see Sec 3.3.1.4) is implemented for us in Pytorch Geometric already.10 Pytorch

7JSON Docs: https://www.json.org/json-en.html
8Pytorch Docs: https://pytorch.org/
9Pytorch Geometric Docs: https://pytorch-geometric.readthedocs.io/en/latest/

10GAT implementation: https://pytorch-geometric.readthedocs.io/en/latest/modules/nn.html#
torch_geometric.nn.conv.GATConv

https://www.json.org/json-en.html
https://pytorch.org/
https://pytorch-geometric.readthedocs.io/en/latest/
https://pytorch-geometric.readthedocs.io/en/latest/modules/nn.html#torch_geometric.nn.conv.GATConv
https://pytorch-geometric.readthedocs.io/en/latest/modules/nn.html#torch_geometric.nn.conv.GATConv
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Geometric does in fact include an implementation for the GraphSAGE [38] GNN, however
inspecting their code reveals that it is not a faithful recreation, since it makes use of the MLP-
Asymmetry (see Sec 3.3.2.3) instead of the SAGE-Asymmetry (see Sec 3.3.2.2). Thus, we
implemented our own SAGE-Core (see Sec 3.3.1.3) and SAGE-Asymmetry using Pytorch
Geometric.

We also use our wrapper system to include edge information. Our system can either inject
edge embeddings into GNNs, or otherwise it is able to turn any of our GNNs into a switch
GNN. The implemented system is able to construct a GNN-based MHQA model which
is defined entirely by a single JSON configuration file, and is able to handle almost any
reasonable combination of supported features and hyperparameters.

When making use of a Scaled Dot-Product (SDP) attention-based GNN (see Sec 2.5.2.3), in-
stead of using Pytorch Geometric we found it easier to simply modify the Pytorch native
implementation of SDP attention, found in its implementation of the Transformer model.6

Thus our SDP-Core (see Sec 3.3.1.5) does not make use of Pytorch Geometric, instead it is
implemented directly in Pytorch. Conceptually, these SDP models still undergo message
passing, however the actual implementation we use differs substantially (see Sec 4.1.2). In
either case, we are able to make use of our GNN wrapper system to easily include either Py-
torch Geometric-based GNNs, or an SDP GNN. Our models make use of different numbers
of trainable parameters ranging from 3 to 15 million parameters.

When representing an attention-based GNN in the message passing notation (see Sec 2.5.1),
the notation calls for the usage of the attention function α(.) for every pair of connected
nodes i and j (see Eq 3.17 and 3.20). However the attention function itself contains a soft-
max, which loops over all out-nodes j (see Eq 2.7). This appears to result in a time com-
plexity of O(n3) for n nodes. In practice however, the code implementation of these models
make use of caching in order to prevent these redundant operations, maintaining the time
complexity of O(n2). As such, this is more an artifact of the notation than a limitation of an
attention-based GNN.

The BERT model we use11 is a reduced size version of the original BERT which was trained
using knowledge distillation [42]. This model can be found on HuggingFace4, a Language
Model repository. Knowledge distillation is a model compression technique whereby the
outputs of a large pretrained model are used to train a smaller version of the model on the
same data [42, 100]. To distil the knowledge of a large BERT model into a smaller version,
the small model was first pretrained using a standard masked language modeling task, and
then fine-tuned on the outputs of the large BERT model [100].

4.1.1 Data Processing

To perform GNN encoding on a Wikihop data point, we need to project the data point
into a vector space containing nodes with a fixed number of numeric features (see Sec 3.2).
Some parts of this process are learned, meaning they involve the use of trainable parameters
which change during model training. Other parts of this process are fixed, meaning they
do not change as the model trains. To save time during model training, we aim to perform
the fixed graph embedding steps only once, saving the results to storage for later retrieval.
When a process is performed once and its results are saved, we call the process offline,
since the process does not need to be used during model training. Conversely, when a
process must happen during model training, we refer to this as an online process. Learned
model processes must take place online, since the outputs change as the model parameters

11Knowledge Distillation BERT: https://huggingface.co/prajjwal1/bert-medium

https://huggingface.co/prajjwal1/bert-medium
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FIGURE 4.1: A reduced visualisation of a graph constructed by our
implemented system. Here the orange node is the query, blue nodes
are entities, yellow are answer candidates, and green are document
nodes. To allow the graph to be readable, we have removed some
candidate nodes, as well as aggregated all same-text entities into
single nodes. We also omit some edge types, such as candidate to
candidate edges, and entity to entity edges. The query node is only
included here for the benefit of the reader, and is not actually in-

cluded in any context graphs.

update. Furthermore, Deep Neural Networks [60] train via backpropagation [84], which
requires that the network be differentiable from start to end.

Using the processes described in section 3.1, we use Wikihop data points to construct con-
text graphs in an offline manner, saving the results for late use. Certain model variations
result in distinct graph structures, such as the use of Special vs Detected entities ((see Sec
2.6.1)). We thus save a distinct set of graphs for each configuration which describes a differ-
ent graph construction process. The graphs we save offline consist of nodes and edges. The
nodes each represent a token span in a given token sequence. Different token embedders
(see Sec 2.6.2) need to tokenise text differently, such as GloVe’s word-level tokeniser [74],
and BERT’s [27] subword-level BPE-based [90] tokeniser. We thus also need to save distinct
graphs when making use of token embedders which tokenise text differently. To calculate
the token spans that nodes represent, we need to tokenise text using either GloVe [74] or
BERT’s [27] tokeniser, so that we can align text with tokens. Once we have tokenised the
text, and aligned token spans with nodes, we save the tokens and the token spans for later
use. The method of aligning token spans with node text differs depending on the tokeniser
used. Implementations of BERT’s [27] tokeniser which make use of the Huggingface li-
brary4 provide an explicit method for this alignment, while for GloVe, we designed this
alignment logic ourselves.

Most of our models evaluated make use of Special entities and do not include sentence
nodes. For the variations which require detected entities or sentence nodes, we make use
of Spacy12, an NLP library which offers both sentence splitting and entity detection, among

12Spacy Docs: https://spacy.io/

https://spacy.io/
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many other natural language features. Spacy can provide us with the start and end charac-
ter positions for entities and sentences. In other words, Spacy can predict character spans
given text as input. However, our models operate on tokens not characters, as such we
must convert these character spans into token spans. The method of conversion differs for
different tokenisers, but generally involves finding the token spans which overlap with the
detected character spans.

The result of the data pre-processing is a set of graphs made of nodes and edges which are
saved to storage. The nodes have a type, such as ’Entity’, so too do the edges, such as ’Co-
mention’. The nodes also have a token span, and a reference to their source text, such as
’Document_3’ or ’Candidate_5’. Figure 4.1 shows a simplified graph created by our system
using a real Wikihop data point. To use these graphs in model training, we load them from
disk during every training run. The Wikihop text is also loaded and tokenised. The Wik-
ihop tokens are then embedded using either the Glove [74] or BERT [27] token embedder.
Finally, the token spans in each graph node are aligned with the token embeddings just cre-
ated. This allows each node to correspond to a particular subsequence of token embedding
vectors. From here, the model continues as described in chapter 3, which generally follows:
context-query coattention, node summarisation, GNN encoding, and output prediction.

4.1.2 Sparse and Dense GNN Implementations

In our work we consider two different attention-based GNN Cores, namely the GAT-Core
(see Sec 3.3.1.4) and the SDP-Core (see Sec 3.3.1.5). These are two similar algorithms which
each make use of an attention mechanism, and could each be implemented in many dif-
ferent ways. The implementations we use for the GAT-Core and the SDP-Core are very
different. We name the implementation approach shared by our SDP-Core and the Trans-
former as the Dense approach. The rest of our GNNs are implemented in Pytorch Geometric
and share a common implementation approach which we name the Sparse approach. Here
we describe and contrast the Dense and Sparse approaches by comparing our GAT-Core
and SDP-Core, however the distinctions between these two implementation approaches
are more general than these specific GNN algorithms. This means that either the GAT-Core
or SDP-Core could be implemented in either the Dense or Sparse approach.

Attention-based GNNs are tasked with communicating information around a set of ele-
ments, called nodes in GNN literature, and called tokens in Transformer literature. This
involves computing a compatibility function between elements of a matrix X ∈ Rn× f con-
taining a sequence of n element vectors, with f feature dimensions each. These compati-
bility values are either calculated via scaled dot products (see eq 2.5) or via an MLP-based
scoring function (see eq 2.27). Once calculated, these compatibility values are normalised
using a softmax function to yield attention scores. The Dense implementation approach
involves the creation of a matrix D ∈ Rn×n of compatibility values, representing the inter-
actions of all n2 element pairs. Applying softmax to D yields the attention scores which
our GNNs use to perform self attention. When one does not wish to allow communication
between all elements in a sequence, one must mask out the elements of D which represent
the non-communicating element pairs. This is to say that all possible element pairs are rep-
resented in D, regardless of whether they are connected or not. In this sense, sparsity is a
post hoc modification to the Dense attention mechanism.

In contrast to the Dense approach, the Sparse approach taken by Pytorch Geometric avoids
the need for the construction of the full matrix D. Instead, the sparse approach operates
edgewise, meaning it stores its compatibility values in a matrix S ∈ R|E|, where |E| is the
number of edges in the graph, or rather the number of sequence elements which should
communicate. This is to say that for a fully connected graph with n nodes |E| = n2, since
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every element pair should communicate. For a sparsely connected graph where |E| << n2

the number of zeros in the full Dense matrix D would be larger than the number of non-
zero elements. This means that not only were many compatibility values calculated redun-
dantly, but the matrix D is also unnecessarily consuming memory by storing these zeros.
Conversely, to calculate S, the Sparse approach first creates the matrices Si

x ∈ R|E|× f and
Sj

x ∈ R|E|× f . Si
x represents all the in-node (see Sec 2.5.1) vector states for each edge, while

Sj
x represents all the out-node states. These matrices are constructed by simply duplicating

and rearranging the vector elements of X. Together, Si
x and Sj

x represent all element state
pairs which should communicate, with no masking required. Performing either a scaled
dot-product or an MLP-based scoring function between Si

x and Sj
x yields the compatibility

scores matrix S ∈ R|E|. Performing softmax over the matrix S requires a specially imple-
mented sparse version of the softmax function, which is provided in the Pytorch Geometric
library. Overall, the memory requirements of Sparse approach should reduce as the spar-
sity of the graph increases. However, due to the construction of the two |E| × f matrices,
this approach creates a bottleneck when |E| is large, or when f is large.

4.2 Hyperparameters

Hyperparameter Value
Num Training Epochs 30

Learning rate (LR) 0.001 when weight sharing, else 0.01
LR Schedule Exponential Decay 0.9

Dropout 0.1
Batch Size 1

Num GNN layers 9
Model Dimension 300 for GloVe models, 512 for BERT models

Num Summariser Heads 6
Num GNN Heads 4 if attention-based

TABLE 4.1: The numerical hyperparameters used in our models for
all of our formal experiments.

Table 4.1 shows the numerical hyperparameters used in all of our formal experiments. In-
formally we found that using distinct weights in a GNN’s layers required/allowed the use
of a higher learning rate. We also make use of a batch size of 1, which is not typical of a
modern DNN [53, 72], and likely contributes to a lower model performance. This was done
due to simplicity of implementation reasons, as implementing true batching is difficult with
Pytorch Geometric, and in combination with other modules, would have increased code
complexity significantly. We did investigate making use of gradient accumulation in our
training process, which allows for the effective batching of model parameter updates with-
out needing to modify model code. Practically, this involves avoiding a model parameter
update for a set number of gradient accumulation steps, thus allowing loss gradients to be
accumulated over multiple Wikihop examples. However, this did not lead to a model per-
formance increase, and thus we decided to simply retain a batch size of 1 indiscriminately.

We note that the dropout value that we use (0.1) is lower than is typical, with some BERT
implementations having a dropout value of 0.5 as default. However our preliminary testing
found this to be optimal under our training regime. Both our GAT-based and SDP-based at-
tention GNNs make use of 4 attention heads. Next, our model dimension is determined by
the dimensionality of the token embedder used, and thus follows either 300 for GloVe-based
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Hyperparameter Options
GNN Core Edge-Core, SAGE-Core, Switch-Core, GAT-Core, SDP-Core
Optimiser SGD, Adam, AdamW

Summariser Transformer, Switch Summariser
Entity Detection Special, Detected, Both

Bidirectional Edge Types True, False
Edge Information Switch GNN, K-Type, V-Type embeddings

HDE Style GRUs [99] True, False
Gating in Update Function True, False

TUF in Update Function True, False
Additional In-Out Asymmetry MLP-Asymmetry, SAGE-Asymmetry, None

Layer Weight Sharing True, False
GNN Core Weight Sharing True, False

Gating Weight Sharing True, False
TUF Weight Sharing True, False

Token Embedder Type Glove, BERT
Fine-Tune BERT Embedder True, False

TABLE 4.2: The feature options available in our system.

models, and 512 for BERT-based models. It is possible to decouple the token embedding
dimension from the model dimension by simply mapping token embedding dimensions up
or down with an MLP, however we decided against this. Finally, we make use of a learning
rate scheduler which follows an exponential decay. This is to say that the effective learning
rate at epoch n is LR× 0.9n. This results in a learning rate which is 20 times lower by epoch
30 than it is at epoch 1.

Table 4.2 holds the full list of all of the feature options that our system implements. Our
preliminary experiments showed that that SGD outperformed Adam in a number of our
models, and thus we make use of SGD in all of our formal experiments. K-Type edge
embeddings can only be used in combination with an SDP-Core, while V-Type embeddings
can be used with any GNN Core. When fine-tuning BERT, we found it useful to freeze the
BERT parameters for the first 5 epochs of training. This protects the information contained
in the pretrained BERT from being destroyed during the early parameter updates [1], when
the GNN model built on top of BERT is still noisy and inaccurate. We test the usage of
weight sharing in our GNNs, as such we have the option to share all the GNN weights
between layers, or to share individual component parameters between layers, such as only
sharing the Gating parameters.

4.3 Experimental Procedure

Our experiments took place in three stages. First prototyping to develop a working model,
next an preliminary phase to develop and test features, and finally a formal data collection
phase. To begin with, we needed to build our configurable model system, and evaluate it on
Wikihop. As a starting point we implemented a simplified version of the HDE model. We
then began the preliminary phase where we tested various features and hyperparameters.
These preliminary experiments were used to gauge the effectiveness of features such as
graph attention, edge embeddings and weight sharing.

By the end of the exploratory phase we had a good indication of which feature combinations
were synergistic, and which were redundant or harmful. The main thing distinguishing
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Model Name Type Granularity Year Development
Accuracy

Test
Accuracy

BiDAF [91] Attention Token 2017 - 42.9
Coref-GRU [29] RNN Token 2018 56.0 59.3

GSPR [95] GNN Node 2018 62.8 65.4
EGCN [26] GNN Node 2018 65.3 66.4
CFC [116] Attention Token 2019 66.4 70.6
HDE [99] GNN Node 2019 68.1 70.9

BERT-Base (ours) GNN Node 2022 69 .
Reasoning Chains [15] Transformer Token 2021 72.2 76.5

BigBird-ETC [114] Sparse
Transformer

Token 2020 75.9 82.3

TABLE 4.3: Results of various noteworthy models on the Wikihop
dataset. Here the Development set is publicly available test data,
while the Test set is hidden to the public. We were not able to eval-
uate our models on the Test set due to technical difficulties with the

evaluation system.

our preliminary experiments is the lack of our standardised model benchmarks. While
the data was useful to inform design decisions, it was not structured enough to present
formally. To present our results formally we defined three successive benchmark models:
HDE-Base, Att-Base and BERT-Base, from which we would test feature variations. We detail
the motivations behind this exact choice of benchmark configurations, as well as some more
details in our Benchmark Model section 4.4.

4.4 Benchmark Models

The primary aim of the paper is to study certain methods used by Transformers and GNNs
in the context of NLP. To this end, we use the Wikihop dataset, a challenging MHQA
dataset, evaluated on frequently by Transformer and GNN solutions alike. The Transformer
variant named the RealFormer[41] is currently SOTA on Wikihop with a test-set accuracy
of 84.4%. Table 4.3 shows the performance of various noteworthy models on the Wiki-
hop Dataset. These Transformer-only solutions leverage large compute and few structural
biases to obtain high performance by operating on token level features. Separately, GNN-
based solutions offer a lower compute alternative, by compressing the high-dimensional
token features into node features, which represent text at a higher granularity. HDE [99] is
the highest performing GNN-based approach to Wikihop at the time of this writing, scor-
ing 70.9% on the hidden test-set, and 68.1% on the development test set. When ensembled,
HDE [99] scores 74.4% on the hidden test-set, which despite being a high score on the chal-
lenging dataset, still falls far short of the best Transformer-only solutions, many of which
lie in the 80+% range [41, 8, 114]. We thus use HDE as a starting point to discover how
GNN performance can be increased by introducing Transformer-inspired techniques into
our GNN-based MHQA system, while still retaining the node level processing. In this sec-
tion, we describe the three successive models we use as benchmarks to evaluate feature
variations. We evaluate all our model variations using the development-set accuracy of the
Wikihop dataset. We summarise the diverging architectural choices for each of our bench-
mark models in Table 4.4.
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Model Name HDE
[99]

HDE-Base Att-Base BERT-Base

Token
Embeddings

Glove(300) +
n-gram(100)

Glove(300) Glove(300) BERT(512)

Coattention Zhong et al
(2019)[116]

Transformer Transformer Transformer

Summariser Zhong et al
(2019)[116]

Transformer Switch
Transformer

Transformer

Core GNN MLP MLP GAT GAT
Edge Info Switch GNN V-Type

Embeddings
V-Type
Embeddings

V-Type
Embeddings

Weight
Sharing

Yes Yes No No

In-Out
Asymmetries

Gating Gating Gating
+ TUF

Gating
+ TUF

TABLE 4.4: Architectures. A summary of the different models we
evaluate against Wikihop, as well as the original HDE. [101]. The
parameters shown here are only those which vary between our three
benchmark models. It should be noted that our models labeled
"SDP" for Scaled Dot-Product make use of K-Type edge embed-
dings, instead of our other models which make use of V-Type em-

beddings.

4.4.1 HDE-Base

We begin by describing a model which is similar to HDE, albeit with some key difference
which we discuss in our Model section (see Sec 3). We label this model HDE-Base, and note
that this is the model which we use as a baseline result on Wikihop. HDE-Base makes use
of the Transformer-based coattention and summarisation processes described in section 3.2
in order to embed graphs. It also makes use of a simplified version of the HDE GNN [99].
Specifically we remove the MLP-Asymmetry (see Sec 3.3.2.3), and we included edge em-
beddings instead of using a switch GNN, resulting in the Edge-Core GNN (see Sec 3.3.1.2).
The HDE-Base models also make use of the Gate Asymmetry (see Sec 3.3.2.4). As HDE [99]
does, our HDE-Base models share all weights across their GNN layers. The purpose of the
HDE-Base model is to use as a starting point which resembles existing GNN-based MHQA
models, and to test various features which are common in the GNN literature such as the
Switch-Core (see Sec 3.3.1.1) proposed by the R-GCN [86]. From here, we describe our two
subsequent benchmark models which are used to test different features, and which offer
successive improvements over HDE-Base.

4.4.2 Att-Base

We label a second model Att-Base, which differs from HDE-Base mainly in its GNN architec-
ture, and its use of distinct model parameters per layer. The purpose of Att-Base is to offer a
convenient benchmark to test how Transformer-inspired features work in conjunction with
our MHQA system. Our Att-Base model differs from our HDE-Base model by making use
of a Graph Attention Neural Network (GAT) [102] by way of the GAT-Core (see Sec 3.3.1.4),
instead of the Edge-Core used by HDE-Base. It also contains Transformer Update Function
(TUF) Asymmetry (see Sec 3.3.2.5). These two features make the GNN used in Att-Base
much more Transformer-like, with an exception being the GAT’s use of additive attention
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[6] instead of scaled dot product attention [101] as is used in the Transformer. We do how-
ever evaluate a version of our Att-Base model with scaled dot-product attention which we
label Att-Base SDP. Att-Base also includes a gating mechanism, which is not common in
Transformer literature [101, 8, 41, 114, 55, 19], however it is common in GNN literature [99,
31, 13, 26, 95]. Finally, our Att-Base model also includes a module which we have named
the Switch-Summariser (see Sec 3.2.4). Our preliminary testing indicated that this feature
positively affected performance, however our formal testing has shown this feature to have
no effect on model performance. Given the time, we would remove the Switch-Summariser
entirely from our models and results, however this would require a costly rerun of our
Att-Base ablation tests, which is infeasible given time constraints.

4.4.3 BERT-Base

Building on our Att-Base model, we define a third benchmark model called BERT-Base,
which differs from Att-Base mainly in its use of a BERT-based [27] token embedder instead
of Att-Base’s Glove-based embedder. Since the BERT embedder is of a higher dimension-
ality than Glove, the model dimension of our BERT-Base is 512 features, more than the
300 features of our Glove-based models, and more than the 400 features in HDE [99]. We
also took the opportunity to remove the Switch-Summariser from this benchmark model.
We use this benchmark model to formally compare the usage of Special Entities against
Detected Entities, as well as other graph structuring variations such as the inclusion of
sentence nodes (see Sec 5.3.1). We also evaluate an SDP version of our BERT-Base called
BERT-Base SDP

4.5 Evaluation Method

Wikihop is a multiple choice question answering dataset (see Sec 2.2.3), meaning each data
point contains a question q, a set of possible answer candidates Cq, and an answer to the
question aq ∈ Cq. Thus the task of any model evaluating on Wikihop is simply to pre-
dict which candidate represents the correct answer. This makes it simple to determine the
accuracy of such a model. Given a set of questions Q = {q1, ..., qn} with correct answers
A = {a1, ..., an}, predict an answer to each question A′ = {a′1, ..., a′n}. Then simply count
the number of correct answer predictions as follows:

Correct =
n

Count
i=1

(ai = a′i), (4.1)

Accuracy =
Correct

n
(4.2)

The Wikihop dataset is split into three sets, namely the training set, development set and
test set. For all of our evaluations and ablations we make use of the development set accu-
racy. The test set is hidden, meaning the public cannot access the answers, only the ques-
tions. Thus to evaluate on the hidden test set, one must submit their model to the Wikihop
evaluation portal.13 We were unable to evaluate our models on the test set due to incom-
patible software versions used by our system and the outdated evaluation system offered
for Wikihop.
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FIGURE 4.2: Box and whisker plots showing the development set
accuracy of our HDE-Base and BERT-Base models. Each model was
independently trained 5 times on the Wikihop Dataset. The plots
show the distribution of development set accuracies for different
model runs. We use this to inform our estimate of the standard de-
viation of our other model configurations. The plots share the same

y-axis scale to easily compare variations.

4.6 Model Evaluation Variation

Here, we investigate how the variation of performance in our models is influenced by the
random initialisation of their parameters/weights. We begin by choosing three model con-
figurations, and training each configuration 5 times independently using the same train-
ing procedure. Namely, we chose our HDE-Base model, and our BERT-Base model with
GAT and SDP-based attention. We do this in order to gauge the development set accu-
racy standard deviation of our model runs. BERT-Base with SDP attention has a very low
accuracy standard deviation of 0.12%, while the other two models have similar deviations,
each around 0.5%. Figure 4.2 shows the development set accuracy distributions of our three
sampled models. We use these variation results to infer the standard deviation of the rest of
our model evaluation results, as we cannot directly compute these values due to time con-
straints. As such, accuracy variations of less than half of a percent may not be significant,
while variations of more than 1% may indicate significance.

4.7 Test Fairness

A fair test is one which controls all variables except the variable being tested. Performing
a fair test to compare DNN architecture variations is difficult, largely due to the many de-
pendent variables present. These include the number of layers or hidden dimensions in the
network, the number of parameters, the number of floating point operations the network
requires, the amount of data used to train the model, the number of epochs during training,
or even the memory requirements of the model. Beyond this, DNNs are typically randomly
instantiated every run, which can lead to different performances of even the exact same

13Wikihop Evaluation: https://worksheets.codalab.org/worksheets/0x9acb78d24d454203ae197439130def65/

https://worksheets.codalab.org/worksheets/0x9acb78d24d454203ae197439130def65/


Chapter 4. Experimental Method 62

model. Due to time and computational restraints however, we make use of n=1 tests to
compare variations. To get an understanding of the degree of variation caused by random
initialisation, we picked three model configurations to run 5 times (see Sec 4.6), to get a
notion of the standard deviation in model accuracy. Beyond this, we ensured that the order
of data loaded into the models was the same between runs.

Performing a fair test where the number of parameters and operations are equal between
two model variants is infeasible, as controlling the number of layers and hidden dimension
of the model only gives a rudimentary control over parameters and operations. Further-
more, weight sharing can change the number of parameters without changing the number
of operations. Thus, in our work, we neglect the influence of model parameters and float-
ing point operations when comparing model variations, however we do investigate the
effect of model parameters on model performance (see Sec 5.5). When comparing the use
of BERT and Glove, a fair test is unreasonable, as our model’s hidden dimensions change
significantly, and due to the large size of BERT, the number of operations increases even
further. Thus, we make no attempt to formally demonstrate the superiority of BERT over
Glove, and instead defer to common knowledge about the general increased performance
of BERT over Glove in a range of tasks [27].

Instead of trying to control for parameters and operations, we opted to try and maintain
a consistent set of hyperparameters over all of our experiments. As such, the number of
model layers, number of attention heads, number of training epochs, and learning rate
schedule are constant across all of our experiments. We make use of two learning rates, a
low rate for models using weight sharing, and a high rate for models with distinct weights
per layer. We also decided to train all of our models for a fixed number of epochs, which
was enough for most of our models to converge. However there may be small deviations in
our results due to models which plateaued, but may have continued improving given more
training time.

As final thought on test fairness, consider the degree of hyperparameter tuning done for
different models. If one model has undergone more hyperparameter tuning, it is likely
to outperform a counterpart which had less time given to hyperparameters. This is espe-
cially relevant when performing ablation studies. All of our hyperparameter tuning was
performed during our preliminary testing, before we had defined our benchmark models.
This means our benchmark models were not tuned more rigorously than were model varia-
tions. Nevertheless, it was not feasible for us to completely control for this variable, thus we
cannot rule out the possibility that some of our conclusions are due to our hyperparameters,
and not the features in question.

4.8 Data Analysis

Here we offer an analysis into the properties of the Wikihop [106] dataset, as well as the
graphs constructed by our system.

4.8.1 Wikihop Data Points

We begin by analysing the size of each Wikihop data point, measured by the number of
documents given per data point, as well as the lengths of these documents. We measure the
lengths of documents in terms of the number of tokens as tokenised by BPE (see Sec 2.6.2.1)
for use in our BERT-Base (see Sec 4.4.3) model. Figure 4.3 demonstrates a key difficulty
in modeling the Wikihop dataset - the large variation in the sizes of data points. Even
excluding statistical outliers, the total number of tokens per Wikihop data point still ranges
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FIGURE 4.3: A figure containing box and whisker plots, demon-
strating the distributions of three measures of Wikihop data point
size. Statistical outliers have been omitted from these plots. The
figure demonstrates: a) The number of documents per Wikihop data
point; b) The number of tokens per document over the entire Wik-
ihop dataset; c) The sum number of tokens per Wikihop data point
over each document; and d) the number of answer candidates per

data point.
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FIGURE 4.4: A figure demonstrating the distributions in the num-
ber of nodes in graphs created by the entire Wikihop training set.
Included is the distribution for our default graphs, which make use
of Special entities. Also included are some key graph structuring

variations which affect node counts.

from under 100, to almost 4000. For reference, the largest sequence of tokens that BERT
can encode is only 512, below the lower quartile value for the total number of tokens. This
means that relying entirely on a full self-attention (see Sec 2.4.1) Transformer such as BERT
[27] to model the Wikihop dataset is not feasible. However, Sparse Transformers (see Sec
2.4.4) such as Bigbird [114] or the Longformer [8] are able to process around 8 times as
many tokens (4096) [114], thus these Sparse Transformers are able to fully encode even the
longer Wikihop data points. However, processing yet longer context sequences may be out
of reach of even the Sparse Transformers, motivating the continued study of GNN-based
approaches.

Figure 4.3 shows us that the upper bound for the token length of any individual document
is under 250. This means that each individual document can easily be encoded by a full
self-attention Transformer such as BERT. This makes using pretrained Transformer models
as document encoders feasible for Wikihop.

4.8.2 Constructed Graphs

We investigate the properties of our default graph construction process, which is defined
by the use of Candidate, Entity, and Document nodes only, as well as the use of our five
fundamental edge types (see Sec 3.1). We also investigate the properties of some of our key
graph structuring variants.

To investigate these graphs, we use three distinct metrics, namely Edge Density, Cross Doc-
ument Ratio, and the number of nodes. Edge density is a standard metric measuring the
number of edges present in a graph as compared to the number of possible edges in the
graph. For a graph where nodes are allowed to connect to themselves, the number of possi-
ble edges is simply n2 for n nodes. Thus, edge density is simply |E|n2 . Cross Document Ratio
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(CDR) is a metric we define as the number of edges which directly connect nodes from dis-
tinct documents, divided by the number of distinct documents. Central to this metric is
the notion that Entity and Sentence nodes naturally belong to particular documents. Thus,
when two entities are connected who each belong to distinct documents, then that edge is
considered a cross document edge. Since Candidate nodes do not belong to documents,
they are excluded from this metric. Any link between a Document node and a node which
it does not naturally contain is also considered a cross document edge. The formula is then
just

CDR =
Count(CrossDocumentEdges)

Count(DocumentNodes)
. (4.3)

Figure 4.4 demonstrates that using Detected entities instead of Special entities will increase
the number of entities used.

Figure 4.5 illustrates the distribution of edge density for our default graphs, as well as graph
variants which include Co-mention edges, and Co-document edges (see Sec 3.1). The figure
also includes statistics on a graph structuring variant which omits the use of the Co-mention
edge. Figure 4.5 indicates that the majority of graphs constructed by our default method
result in edge densities which are less than 1

10 . We can see from figure 4.5 that the addition
of Co-document edges slightly increases edge densities. Removing the Co-mention edge
serves to slightly decrease edge densities, resulting in more sparse graphs. Finally figure
4.5 shows us that detected entities are much less connected than special entities, likely due
to a lack of exact text matches with answer candidates.

Regarding CDR, we can see from figure 4.6 that the addition of Co-document links has no
effect on the ratio. This is expected since the Co-document edge only connects Entity nodes
which are found in the same document. Removing the Co-mention edge results in a CDR of
zero for all graphs. Removing the Co-mention edge does not result in disconnected graphs
however, since all Candidate nodes are connected (see Sec 3.1), thus, distinct Document
nodes can communicate indirectly via common Candidate nodes.

Figures 4.5 and 4.6 also demonstrate the effect of using different node types on edge density
and CDR. We can see that the inclusion of sentence nodes and their associated edges greatly
increases CDR. We can also see from figure 4.4 that using Detected Entities instead of Special
Entities (see Sec 2.6) serves to decrease edge densities, which indicates that there are fewer
Co-mention edges created when using Detected entities.
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FIGURE 4.5: A figure demonstrating the distributions in edge den-
sities of graphs created by the entire Wikihop training set. Included
is the distribution for our default graphs, as well as some key graph

structuring variations.

FIGURE 4.6: A figure demonstrating the distributions in CDR for
graphs created by the entire Wikihop training set. Included is the
distribution for our default graphs, as well as some key graph struc-

turing variations.
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Chapter 5

Experiment Results

In this chapter we structure the model performance data we have collected. First we present
our main results for our benchmark models, then we go on to provide more detailed results
for our ablation tests. We use these ablation results to compare various features at the graph
structuring, graph embedding, and Graph Neural Network (GNN) encoding phases of the
GNN-based Multihop Question Answering (MHQA) model pipeline. We offer analysis of
these results in tandem with presenting them. Finally, after stepping through each feature
variation we consider, we summarise our findings and discuss how these findings affect
our research goals and questions.

5.1 Main Results

Table 5.1 shows the results for our benchmark models, as well as the HDE model [99] from
which our model was primarily inspired. The results show that our HDE-Base model is far
from reaching the performance of the HDE model, despite being our most faithful imple-
mentation of the HDE model. Our BERT-Base model manages to match the performance
of the HDE model, however we would expect the inclusion of BERT [27] to significantly
improve model performance over the use of GloVe [74]. Therefore our failure to match the
performance of the HDE model without the use of BERT is a notable limitation of our work.
From here, we will begin presenting our ablation results, testing the performance effect of
various features in our models on the Wikihop dataset. In this chapter, we use the term Dev
as shorthand for ’Development set’.

Model Dev Accuracy
HDE [99] 68.1
HDE-Base 60.5
Att-Base 64

BERT-Base 68.2

TABLE 5.1: The development set accuracies of our three benchmark
models alongside the HDE [99] model from which are models are

inspired.

5.2 GNN Architecture

Here we detail our experiments involving the GNN encoding phase of our model pipeline.
We experiment with different message, update and aggregate functions, as well as investi-
gate methods to inject edge information into our GNNs. We also test the usage of weight
sharing in our GNN layers, which is common in GNN literature [26, 95, 99].
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5.2.1 GNN Cores and In-Out Asymmetries

We begin by providing a set of experiment results which test our GNN-based MHQA mod-
els with various combinations of GNN cores (see Sec 3.3.1) and In-Out asymmetries (see Sec
3.3.2). These results are presented in the appendix in tables A.1 and A.2, however they are
difficult to interpret due to the large quantity of information. To present our results more
legibly here, we step through each feature and highlight the tests involving that feature.
Here, each test is simply a comparison between two or more model configurations which
differ in only one feature setting.

What follows are our GNN Core and in-out asymmetry test results, organised to highlight
one feature at a time. The tables all contain both ’Control Variable’ and ’Independent Vari-
able’ columns. The tables intend to compare each of the options in the ’Independent Vari-
able’ set to one another, under multiple conditions. The ’Control Variables’ are thus shown
to provide information as to the conditions that the ’Independent Variables’ are being com-
pared under. Each row in these tables represents a different experimental setting, using a
different set of control variables.

5.2.1.1 GNN Core

Here we present the results relevant to the choice of GNN core, defined in section 3.3.1.
The results in table 5.2 show that our Edge-Core GNNs outperform the HDE’s Switch-Core
when gating is used in the update function, however when no gating is used, the Edge-
core performance suffers more than the Switch-Core. We can also see that the Edge-Core
outperforms the Sage-Core. These two cores differ in their use of a linear transformation in
the message function, thus these results indicate that a learned message transformation is
likely useful for our GNNs.

Control Variables GNN Core
Gating MLP

Asym
SAGE
Asym

Edge Switch Sage

Yes No No 60.5 58.9 58.9
Yes Yes No 60.3 58.0 59.6
No Yes No 58.2 58.6 NA

TABLE 5.2: Tests comparing Our Edge-Core to the SAGE-Core and
HDE’s [99] Switch-Core. All hyperparameters not specified are the

same as those used in our HDE-Base model.

Table 5.3 shows the results for various GNN-Cores in our Att-Base models. The results
show that the attention-based GNNs (SDP, GAT) outperform the non attention-based GNN
Edge-Core in all settings. However, the effectiveness of the two attention cores is strongly
influenced by the choice of the gating and TUF in-out asymmetries (see Sec 2.5.2). We will
further investigate the effect of these asymmetries in section 5.2.1.2. However, we will note
here that the GAT [102] does not include any in-out asymmetries, and performs poorly,
achieving only 29%. This is likely since our GNNs are deep, containing 9 layers. For ref-
erence, the HGN model [31] uses the GAT without an in-out asymmetry, however it only
makes use of a single layer. Between the two attention-based cores, the SDP-Core outper-
forms the GAT-Core in most settings, and in its maximum performance.

Finally, table 5.4 briefly shows the results of our comparison between the two attention-
based cores in the context of our BERT-Base models. The results show that the SDP-Core
either matches or outperforms the GAT-Core in both settings. The results again allude to the
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Control Variables GNN Core
Gating TUF GAT SDP Edge

Yes Yes 64.0 64.7 60.2
No Yes 60.4 66.0 62.5
Yes No 62.9 61.4 58.5
No No 29.0 Failed to Train NA

TABLE 5.3: Tests comparing Our Edge-Core to the GAT-Core and the
Transformer’s [101] SDP-Core with K-Type edge embeddings. All
hyperparameters not specified are the same as those used in our Att-

Base model.

effect that the choice of asymmetries have on performance, with gating having a different
effect on the two cores.

Control Variables GNN Core
Gating GAT SDP

Yes 68.2 68.2
No 68.3 71.4

TABLE 5.4: Tests comparing the GAT-Core and the SDP-Core. All hy-
perparameters not specified are the same as those used in our BERT-

Base model.

5.2.1.2 In-Out Asymmetries

Here we present the results relevant to the choice of in-out asymmetries defined in section
3.3.2.

Control Variables Independent Variable
GNN Core TUF MLP

Asym
SAGE
Asym

Gating No Gating

Edge

No No Yes 61.9 62.1
Yes No No 61.5 64.1
No Yes No 60.3 58.2
No No No 60.5 52.7

Switch No Yes No 58.0 58.6
SAGE No No Yes 58.0 Failed to Train

TABLE 5.5: Tests comparing the use of GNN Gating in our HDE-
Base models.

Gating. We begin by examining the role of gating in our models as defined in section
2.5.2.4 by equation 2.37. Table 5.5 shows the results of adding/removing gating in our
HDE-Base models, under various conditions. The results are mixed, with gating having a
positive or negative effect in different configurations. When considering the Edge-Core, the
maximum performance is without gating, while using the TUF. The minimum performance
is when no in-out asymmetry is used at all.

Table 5.6 shows the same mixed results shown above, but for our Att-Base models. As
in Table 5.5, the highest performing model uses only the TUF, while the worst performing
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Control Variables Independent Variable
GNN Core TUF Gating No Gating

SDP Yes 64.7 66.0
GAT Yes 64.0 60.4
GAT No 62.9 29.0
SDP No 61.4 Failed to Train
Edge Yes 60.2 62.5

TABLE 5.6: Tests comparing the use of GNN Gating in our Att-Base
models.

models use neither the TUF nor gating. Overall, these two tables of results demonstrate that
there is no consistent advantage to the use of gating in our GNNs. Instead, gating seems
to be somewhat interchangeable with other in-out asymmetries. The results also show that
gating seems to be more beneficial to our GAT-Core models which use additive attention,
and not beneficial to our SDP-Core models.

Control Variables Independent Variable
Gating TUF No TUF

No 64.1 52.7
Yes 61.5 60.5

TABLE 5.7: Tests comparing the use of the TUF in our HDE-Base
models.

Transformer Update Function We provide a set of experiments aimed to test the efficacy
of using the Transformer Update Function (TUF) in our GNN models. The results from
tables 5.7 and 5.8 clearly show that in all tested cases, the inclusion of the TUF improves
model performance. This is most pronounced when the GNN does not include gating.
These results strongly support the usage of the TUF in GNNs, which outside of the Trans-
former literature, is not used in any published GNNs to the best of our knowledge.

Control Variables Independent Variable
GNN Core Gating TUF No TUF

SDP No 66.0 Failed to Train
SDP Yes 64.7 61.4
GAT Yes 64.0 62.9
GAT No 60.4 29.0
Edge Yes 60.2 58.5

TABLE 5.8: Tests comparing the use of the TUF in our Att-Base mod-
els.

MLP and SAGE Asymmetries Table 5.9 shows mixed results for the use of the MLP-
Asymmetry in our HDE-Base models. The worst result being the model variant which does
not use any in-out asymmetry, further supporting the notion that having at least one in-
out asymmetry is useful to our GNNs. Table 5.10 shows that the SAGE-Asymmetry has a
positive effect on model performance in all of the few cases tested.



Chapter 5. Experiment Results 71

Control Variables Independent Variable
GNN Core Gating MLP-Asymmetry No MLP-Asymmetry

Edge Yes 60.3 60.5
Edge No 58.2 52.7
SAGE Yes 59.6 57.4
Switch Yes 58.0 58.9

TABLE 5.9: Tests comparing the use of the MLP Asymmetry in our
HDE-Base models.

Control Variables Independent Variable
GNN Core Gating SAGE Asymmetry No SAGE Asymmetry

Edge Yes 61.9 60.5
Edge No 62.1 52.7
SAGE Yes 58.0 57.4

TABLE 5.10: Tests comparing the use of the SAGE Asymmetry in our
HDE-Base models.

5.2.2 Edge Information

We consider three distinct ways of incorporating edge information into our GNNs. These
include two methods of injecting edge type embeddings, and one method of using distinctly
parameterised linear transformations per edge type. These methods are K-Type and V-Type
edge embeddings (see Sec 2.4.5), and the R-GCN [86] inspired Switch-Core (see Sec 3.3.1.1).

We found that using a Switch-Core increased training time by just over 30%, while deliver-
ing decreased model performance. Table 5.11 shows a 1.6% decrease in model performance
when using a Switch GNN when compared to using V-Type edge embeddings on our HDE-
Base model. We also compare the performance of K-Type and V-Type embeddings in our
Att-Base SDP model. The results show a small improvement in performance when using
V-Type embeddings instead of K-Type embeddings, although the difference of 0.5% is too
small to be considered significant. Nevertheless this result is notable since the authors of
the Relative Positional Transformer [92] paper, who first proposed these two edge type
embeddings, found the opposite result. The authors own ablations found that K-Type em-
beddings were preferable to V-Type embeddings, while our results contradict this. V-Type
embeddings are more generally applicable than K-Type embeddings which can only be
used in combination with SDP attention. It is thus noteworthy that our model results show
that V-Type embeddings may work as well in GNNs as do K-Type embeddings.

Table 5.11 also indicates that removing edge type embeddings entirely from our Att-Base
and HDE-Base models has a large negative influence on model performance, indicating that
models which do not make use of edge type information perform worse.

5.2.3 Weight Sharing

Finally, with regards to our GNN architecture, we evaluate the usage of weight sharing
in our GNNs. Table 5.12 demonstrates a large negative influence from weight sharing on
our HDE-Base model, and a small negative influence on our Att-Base model. These results
corroborate our preliminary findings which indicate that using distinct weights per GNN
layer is preferable to using shared weights, in the context of our MHQA models.
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Benchmark Model Edge Information Type Dev Accuracy ∆
HDE-Base V-Type Embeddings 60.5 .
HDE-Base Switch-Core 58.9 -1.6
HDE-Base None 58.1 -2.4

Att-Base SDP K-Type Embeddings 64.7 .
Att-Base SDP V-Type Embeddings 65.2 + 0.5
Att-Base SDP V-Type + K-Type Embeddings 64.8 + 0.1
Att-Base SDP None 60.2 -4.5

TABLE 5.11: The results of different edge information methods in
our HDE-Base and Att-Base models. The Att-Base model here is
modified to use Scaled Dot-Product (SDP) attention instead of Ad-

ditive Attention.

Benchmark Model Layer Weight Sharing Dev Accuracy ∆
HDE-Base No 62.0 .
HDE-Base Yes 60.5 -1.5
Att-Base No 64 .
Att-Base Yes 63.6 -0.4

TABLE 5.12: The results of removing weight sharing from our HDE-
Base model, and adding weight sharing to our Att-Base model.

We further investigate whether different components of a GNN respond differently to being
distinctly parameterised, as compared to when sharing weights. Table 5.13 shows that in all
but one case, including any form of weight sharing serves to degrade model performance.
The results do show a small improvement of 0.3% when sharing the GNN-Core and gating
weights, however this difference is not large enough to be considered significant.

Benchmark
Model

Share GNN-Core Share Gate Share TUF Dev Accuracy ∆

Att-Base No No No 64 .
Att-Base Yes No No 63.6 -0.4
Att-Base No Yes No 62.6 -1.4
Att-Base No No Yes 63.3 -0.7
Att-Base Yes Yes No 64.3 + 0.3
Att-Base No Yes Yes 61.1 -2.9
Att-Base Yes Yes Yes 63.6 -0.4

TABLE 5.13: The results of sharing the weights of various individual
components in isolation, or in combination.

5.3 Graph Construction

Here we investigate a few key variations in the construction of our context graphs. Namely,
we investigate the utility of sparsely connected graphs in contrast to fully connected graphs.
We compare the usage of Special and Detected entities (see Sec 2.6.1), as well as evaluate the
inclusion of sentence nodes. We also ablate the usage of HDE’s [99] two optional edges, the
Co-document and Compliment edges. Lastly, we evaluate the usage of bidirectional edges
in comparison to unidirectional edges.
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5.3.1 Graph Structure

We ablate the usage of sparse graph structure in our Att-Base SDP model, meaning we
test the usefulness of respecting HDE’s [99] edge connectivity as opposed to making use
of fully connected graphs. For this test, we make use of K-Type edge embeddings with
sparse graph structure and compare it with fully connected graphs. Making fully connected
graphs involves the addition of the Unconnected Edge (see Sec 3.1). All previous edge types
are still present, and the model is able to differentiate between them, and the Unconnected
Edges.

Table 5.14 shows the results of this test, and demonstrate that the highest performing model
makes use of both graph structure and edge types, however the influence of sparse graph
structure is small (0.3%) and may be insignificant. We see that when edge types are not
present, making use of sparse graph structure serves to decrease model performance by
1.3%. The results in table 5.14 seem to indicate that edge type information is more impor-
tant than sparse graph structure, and that using fully connected graphs, as is common in
Transformer literature, may be sufficient for modeling graph data in NLP. These results also
indicate that when sparse graph structure is used, edge information is especially important.

Benchmark
Model

Sparse Graph Structure Edge Embeddings Dev Accuracy ∆

Att-Base SDP Yes Yes 64.7 .
Att-Base SDP Yes No 60.2 -4.5
Att-Base SDP No Yes 64.4 -0.3
Att-Base SDP No No 61.5 -3.2

TABLE 5.14: A table showing the performance of our Att-Base SDP
models with and without graph structure. Here the graph structure
is imposed via masking, hence removing the masking step amounts

to ignoring graph structure.

We perform a second experiment investigating the importance of graph structure and edge
information, this time comparing HDE-style [99] hand crafted graph structure with random
graph structure, similar to that which is used in Bigbird [114], the Sparse Transformer. Table
5.15 shows that hand crafted structure and edge embeddings significantly outperform both
settings without edge information. The results also show that when no edge information
is available, there is essentially no difference in performance between random and hand
crafted graph structure. It should be noted that we retained the fully connected set of can-
didate nodes for our random graphs. Finally, we evaluate a variation which attempts to use
edge information with random graph structure. The edge information here is essentially
only the two-tuple of the node types which the edge connects, such as ’Entity-Candidate’.
The results show that edge information without hand crafted graph structure is not useful.
Thus the combination of hand crafted graph structure and edge information is especially
important to model performance.

5.3.2 Special Entities vs Detected Entities

Further investigating graph composition, we experiment with the usage of Special and De-
tected entities (see Sec 2.6). Table 5.16 shows that our BERT-Base model with only Special
entities performs best, while using only Detected entities performs significantly worse. We
also test a model which uses the combination of Special and Detected entities and found
that its performance was worse than the model using only Special entities, but only by
0.6%. This seems to indicate that when answer candidate information is available, it is
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Benchmark Model Graph Structure
Type

Edge Embeddings Dev Accuracy ∆

BERT-Base SDP Hand Crafted Yes 68.2 .
BERT-Base SDP Hand Crafted No 64.4 -3.8
BERT-Base SDP Random No 64.5 -3.7
BERT-Base SDP Random Yes 63.8 -4.4

TABLE 5.15: A table showing the performance of our BERT-Base
SDP models with hand crafted and random graph structure.

Benchmark Model Entity Extraction Method Dev Accuracy ∆
BERT-Base SDP Special 68.2 .
BERT-Base SDP Special + Detected 67.4 -0.8
BERT-Base SDP Detected 64.3 -3.9

TABLE 5.16: A table showing the performance of the BERT-Base SDP
model, which makes use of Special entities only. Also included are
the results of a model variation which uses Detected entities only,

and a variation which uses Detected and Special entities.

preferable over Detected entities. It is also possible that making use of Detected entities
opens the model up to issues of error propagation [57], whereby any errors made by the
entity detection algorithm necessarily hurt the performance of our model. Making use of
a more modern RoBERTa-based entity recognition [62, 105] algorithm14 may improve the
performance of the Detected entities in a MHQA model.

5.3.3 Sentence Nodes

Inspired by the graph construction process which is used in Microsoft’s HGN model [31],
we also evaluated the usage of sentence nodes in our HDE-inspired system. Functionally,
sentences can be processed exactly as entity nodes are. This is because both entities and
sentences are defined by token spans in a specific document’s token sequence. We investi-
gate two variations of sentence nodes. In one variation we include sentence nodes for only
those Detected sentences which contain an entity (Restricted). In the second variation, we
include all Detected sentences in our graphs. Table 5.17 shows that the inclusion of sentence
nodes has a positive influence on model performance. Restricted sentence nodes provide
the greatest performance improvement (1.2%), while the improvement caused by the inclu-
sion of all sentence nodes may not be significant (0.4%). These results support the inclusion
of HGN style sentence nodes into the HDE model’s graph construction.

Benchmark Model Sentence Nodes Dev Accuracy ∆
BERT-Base SDP None 68.2 .
BERT-Base SDP Restricted Sentence Nodes 69.4 + 1.2
BERT-Base SDP All Sentence Nodes 68.6 + 0.4

TABLE 5.17

14Spacy NER: https://spacy.io/usage/facts-figures

https://spacy.io/usage/facts-figures
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5.3.4 Bidirectional Edges

We decided to test if edge direction information is useful to our models, allowing informa-
tion to flow differently in the forwards and backwards direction of every edge. Represent-
ing edge direction information requires learning an edge embedding for the forward and
backwards direction of every edge type, thereby doubling the number of edge embedding
parameters.

Benchmark Model Bidirectional Edge Embeddings Dev Accuracy ∆
BERT-Base SDP No 68.2 .
BERT-Base SDP Yes 68.8 +0.6

TABLE 5.18

Table 5.18 shows the effect of adding bidirectional edge embeddings into our BERT-Base
model. The results show a small positive improvement from bidirectional edge informa-
tion.

5.3.5 Edges Type Inclusion

Benchmark Model Ablations Dev Accuracy ∆
BERT-Base SDP . 68.2 .
BERT-Base SDP + Compliment Edge 67.3 -0.9
BERT-Base SDP + Co-document Edge 69.4 + 1.2
BERT-Base SDP - Co-mention Edge 70.0 + 1.8
BERT-Base SDP - Co-mention Edge + Co-document

Edge
67.9 -0.3

TABLE 5.19

As a final test of graph structuring, we investigate the inclusion of our two optional edge
types defined in section 3.1. The results show that the compliment edge has a negative effect
on model performance, while the Co-document edge has a positive effect on performance.
We further evaluated our BERT-Base model with the Co-mention edge removed. The results
show that model performance improves when the Co-mention edge is removed, which is
highly surprising. The Co-mention edge connects mentions of the same entity across text
and different documents. This function seems intuitively important to multihop reasoning.
Next, to see if these graph structuring improvements are synergistic, we evaluate a model
variant which adds the Co-document edge and removes the Co-mention edge. The results
show that this model scores lower than our BERT-Base model by 0.3%. It is difficult to
interpret these results, however some of the difference may be down to random chance. It
is also possible that there is a highly nonlinear and unintuitive relationship between graph
structuring methods and model performance.

5.4 Graph Embedding

Here we present the results of a small investigation into graph embedding techniques,
namely the use of different token embedders, and the use of a Switch Transformer as a
summariser.
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5.4.1 Token Embedder

We evaluate two different token embedders in our models, namely GloVe, BERT. The di-
mensionality of these embedders are 300, 512 respectively. Due to our coupling of em-
bedder dimension and model dimension, it is impossible to perform a fair test between
these token embedders. Nevertheless, Table 5.20 demonstrates that our BERT-based model
performs better than our GloVe-based model. We also tested the utility of fine-tuning our
BERT-based embedder during our model training. Fine-tuning yielded a 0.2% improve-
ment over keeping BERT’s weights frozen. This difference in performance is likely insignif-
icant, and given that fine-tuning BERT increased the training time by a factor of 1.5, it seems
preferable to leave BERT’s weights frozen in our models.

Benchmark Model Token Embedder Modification Dev Accuracy ∆
BERT-Base BERT . 68.8 .
BERT-Base BERT Fine-tuning 69 + 0.2
BERT-Base GloVe . 65.0 -3.8

TABLE 5.20: Our BERT-Base model with various token embedder
configurations.

5.4.2 Switch Summariser

The Switch Summariser (see Sec 3.2.4) was a feature developed early in the project which we
erroneously identified as having a positive effect on model performance. Table 5.21 shows
that the Switch Summariser has essentially no effect on performance, despite increasing
code complexity and execution times.

Benchmark Model Ablations Dev Accuracy ∆
Att-Base . 64 .
Att-Base - Switch Transformer-based

Summariser
64.1 +0.1

TABLE 5.21: Att-Base with and without the Switch-Summariser

5.4.3 GRU encoders

Benchmark Model Ablations Dev Accuracy ∆
HDE-Base . 60.5 .
HDE-Base + HDE-system’s GRUs 57.6 -2.9

TABLE 5.22: HDE-Base with and without GRUs

HDE [99] includes the usage of GRU [21] encoders in its graph embedding step [99]. We
removed this feature after our preliminary experiments showed us that the GRUs did not
improve model performance, and significantly increased training time. Table 5.22 shows
that our formal tests confirmed the negative affect of these GRUs on model performance.
Furthermore, the usage of these GRUs more than doubled our models training time.
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FIGURE 5.1: Average execution times of the Sparse and Dense im-
plementation approaches to a single layer of SDP attention.

5.5 Sparse and Dense GNN Implementations Results

We briefly investigate the role of graph sparsity on the execution times of the two competing
implementation approaches. To test this and memory requirements, we implemented our
own SDP attention mechanism in Pytorch Geometric, and generated random graphs at dif-
ferent sparsity levels. The measure Edge Density is a common metric used to evaluate graph
topology and is simply the number of edges in a graph divided by the maximum possible
number of edges in that graph, or rather |E|n2 . Thus, edge density is inversely proportional
to graph sparsity. Figure 5.1 shows a small positive correlation between edge density and
execution times for both implementation approaches. More notably, figure 5.1 shows that
the execution times for the Transformer-style Dense approach are consistently faster than
those of the GNN-style Sparse approach.

We also compared the memory usages of the Dense and Sparse approach, and confirmed
the observation that the Sparse approach should scale better with sparse graphs. Figure
5.2 shows the relationship between graph sparsity and the memory required to perform
SDP attention in both the Dense and Sparse approach. From figure 5.2, we can see that the
memory requirements of the Dense approach do not change as the sparsity of the graph
changes, while the memory requirements of the Sparse approach decrease as sparsity in-
creases. Figure 5.2 illustrates that for graphs with very low edge density, ie very sparse
graphs, the Sparse approach taken by Pytorch Geometric may be preferable to the Dense
approach taken by the Transformer in terms of memory requirements.

In Figure 5.2, we see that the two approaches intersect at an edge density of 0.033, mean-
ing for graphs where more than 3.3% of node pairs are connected, in this particular case,
it is preferable to use the Dense approach in terms of memory requirements. We refer to
this critical edge density as the Critical Density, the level of sparsity at which the optimal
implementation approach changes. A higher Critical Density means the Sparse approach
uses less memory than the Dense approach for more dense graphs. Conversely, a low Crit-
ical Density means the cost of implementing the sparse approach outweighs the scaling
benefits, for more sparse graphs.



Chapter 5. Experiment Results 78

FIGURE 5.2: A figure showing the relationship between Edge den-
sity, and the memory requirements for both the Dense and Sparse
attention implementations. Edge density is a metric which is inverse
to graph sparsity. This graph shows the trade-off under one specific
condition, where the number of graph nodes is 500, the number of

features per node is 100, and the number of attention heads is 10
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FIGURE 5.3: A figure showing how the metric Critical Density is in-
fluenced by the number of attention heads, number of node features,
and the number of nodes in a graph. Critical Density informs the
decision between the Dense and Sparse implementations, and rep-
resents the maximum edge density for which the Sparse approach

requires less memory.

We further investigate the relationship between the Critical Density and properties of both
the attention mechanism, and the inputted graph. Namely we evaluate the effect of the
number of attention heads, the number of nodes n, and the hidden dimension of the atten-
tion mechanism f . Figure 5.3(c) shows that the number of nodes in a graph has only a small
affect the choice between a Dense and Sparse implementation. Figure 5.3(a and b) shows
that when f is small, or the number of heads is large, the Sparse approach may be prefer-
able, but only for very sparse graphs. Overall, these results show that in all but the most
extreme cases, the memory requirements of the Dense approach will be lower than that of
the Sparse approach. Specifically, one may consider the Sparse approach if one expects very
sparse graphs made of nodes with few features.

Sparse Attention models such as the Longformer [8] and Bigbird [114] make use of what
we are referring to here as the Dense approach, however they make use of a specific set of
optimisations to exploit GPU hardware and improve how memory requirements scale with
sparsity. As an example, the Bigbird model found it useful to blockify the attention matrix,
whereby square blocks are connected instead of individual tokens [114]. This blockification
is shown in figure 5.4.
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FIGURE 5.4: A figure from [114] showing the blockification used by
the BigBird Sparse Transformer to improve how memory require-

ments scale with graph sparsity.

(A) (B)

FIGURE 5.5: The correlation between the development set accuracy
after training, and the number of parameters for out HDE-Base (A)

and Att-Base (B) models.

5.6 Model Parameters

Here we demonstrate the relationship between the number of parameters in our models,
and the final development set accuracy of these models. Figure 5.5 shows a negative corre-
lation for our HDE-Base models, and a positive correlation for our Att-Base models. This
disagreement may be caused by the weak natural relationship between the number of pa-
rameters and the model performance when considering different architecture choices. For
example, in HDE-Base the model variation which includes GRU encoding (Rightmost point
in Fig 5.5 (a)) has significantly more parameters, despite being notably worse in develop-
ment set accuracy. In Att-Base, the many shared parameters ablation tests could be partly
responsible for the positive relationship, since shared parameters reduces total parameters,
and tends to decrease performance. It is worth noting however that SDP-based GNNs
have significantly more parameters than do GAT-based GNNs. Thus, the higher task per-
formance of the SDP GNNs is likely contributing to this trend. Despite the increase of
parameters in SDP attention, the mechanism is in fact more memory efficient than additive
attention [101].

5.7 Results Summary

Here we provide a high level summary of the many ablation tests presented above.
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5.7.1 GNN architecture

Our results clearly indicate the benefits of using attention-based GNNs over non attention-
based GNNs. Our results also show that the inclusion of the TUF is beneficial in all tested
cases, while the use of gating has a mixed effect on performance. More specifically, we
found that the GAT-core has a high affinity to gating. Our GAT-Core models perform best
when using both gating and the TUF. Our SDP-Core models, however, have a negative
affinity to gating, and instead perform best when using the TUF only. The only difference
between the GAT-Core and SDP-Core is the method of calculating attention scores - via Ad-
ditive Attention, or via Scaled Dot-Products. Our highest performing models make use of
the SDP-Core, with the TUF as the only in-out asymmetry. This is the configuration used
by the canonical Transformer model [101], with the exception of our use of edge type em-
beddings, which are used by the Relative Positional Transformer [92]. Beyond this, our best
performing models make use of distinct weights per GNN layer, as does the Transformer.
We also see that models which do not include any in-out asymmetries suffer greatly in per-
formance. This seems to indicate that while some in-out asymmetries like the TUF perform
better than others, having at least one asymmetry is necessary for deep GNNs.

5.7.2 Edge Information

We evaluated the use of various methods of including edge information in our GNN mod-
els. Our results unambiguously show that all tested methods of including HDE’s [99] edge
information are beneficial to our models (see Tab 5.11). Beyond this, our results show that
using edge type embeddings yields higher performance than using switch-GNNs (see Sec
2.5.2.5). Combined with the conceptual benefits of edge embeddings over switch-GNNs,
and the computational speedup, these performance benefits create a strong case for using
edge embeddings in GNNs. Finally, we provide a comparison of two types of edge type em-
bedding approaches, namely K-Type and V-Type (see Sec 2.4.5). Our results serve as weak
evidence in favour of the usage of V-Type edge embeddings alone. This finding directly
contradicts the findings of the original paper proposing these edge embedding methods
in the Transformer literature [92], which found that using K-Type embeddings alone per-
formed best. This discrepancy may be due to the different contexts of evaluation between
our work and theirs [92]. The original paper’s work [92] focused on machine translation
[24], while ours focused on Question Answering. It may also be a statistical fluke on our
side. In any event, V-Type edge embeddings are appealing since they are capable of being
paired with any type of GNN, whereas K-Type embeddings can only be used in combina-
tion with SDP attention (see Sec 2.4.1) GNNs.

5.7.3 Graph Structure

We find that graph structure-based sparse attention has little effect on model performance
when edge information is used. However, when no edge information is used, we find
that this sparsity drastically reduces model performance. This is to say that fully connected
graphs/ full self attention is superior to sparse attention when no edge information is avail-
able. Edge information can recover this performance which is lost due to sparsity. We
also found that when no edge information is available, there is no difference between task-
specific hand crafted structure and randomised structure.

We found that the inclusion of HGN style sentence nodes increases model performance,
while the addition of detected entity nodes serves to decrease model performance. Finally,
our analysis into the effect of different edge types in our models was inconclusive.
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5.8 Research Questions

Here we revisit and answer our research questions using the data we have presented.

1. Which features in the HDE MHQA model might improve Transformer-based MHQA
models?

• While the GNN architecture of the Transformer is the best performing GNN that
we evaluated, we did find the use of HDE style edge information to be additive
to our Transformer GNN-based MHQA models.

2. Do attention-based GNNs outperform non attention-based GNNs in the GNN-based
MHQA setting?

• Yes, our results show that our attention-based GNNs outperform the non attention-
based GNNs in almost all tested settings. Furthermore the attention-based GNNs
yield our highest model performances.

3. Does edge type information improve GNN-based MHQA model performance, and if
so does the Transformer-based approach to edge information improve over the GNN-
based approach?

• Yes, edge type information is highly additive to model performance. We also
found that the Relative Positional Transformer [92] style of including edge em-
beddings to be superior to the typical GNN approach of using distinctly param-
eterised transformations per edge type.

4. Out of the many existing examples of graph structuring rules in GNN literature,
which common methods are important for improving model performance?

• The results of our brief study into graph structure were inconclusive.

5. Can hand-crafted graph sparsity increase model performance when compared to fully
connected graphs?

• We found that our hand-crafted sparsity did not significantly improve model
performance in any tested setting. However, we did find that including edge
information can alleviate the performance loss induced by said sparsity. We also
found that hand crafted structure without edge information has no advantage
over random graph structure.
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Chapter 6

Discussion

Attention in Neural Networks has been increasingly relevant to Deep Learning research,
largely driven by the success of the Transformer model [101]. While we are not the first
to acknowledge that the Transformer is in fact a message passing Graph Neural Network
(GNN) (see Sec 2.5.2.3), it is not commonly considered as such. Instead, the GNN and
Transformer literatures are separate, and contain divergent methodologies and best prac-
tices. In this work, we began by defining a generalised GNN-based Multihop Question
Answering (MHQA) system which we evaluate on the Wikihop dataset [106]. We evalu-
ated various architectural choices for each of the three components of a Message Passing
GNN (MP-GNN), namely the message, aggregate and update functions. Our empirical
results systematically lead us to the conclusion that the best practices in the Transformer
literature are superior to those that we tested from the GNN literature, within the context
of our evaluations. Specifically, we found that Scaled Dot Product (SDP) attention in com-
bination with the Transformer Update Function (TUF) (see Sec 2.4.3) outperforms Additive
Attention used by the Graph Attention Network (GAT), a prominent attention-based GNN.
We found that while GNN-style gating (see Sec 2.5.2.4) is useful in combination with the
GAT, it reduces the performance of SDP attention, and thus would likely not benefit the
Transformer literature. Conversely, the TUF does improve the performance of the Additive
Attention mechanism, as well as other tested GNNs. We introduced the concept of an in-out
asymmetry in MP-GNNs (see Sec 2.5.2), which is essentially any function used in a GNN’s
update function that is able to differentiate between a nodes current state, and the messages
it receives from its neighbours. The popular GAT [102] GNN does not include any in-out
asymmetry, and as such seems to suffer in our deep GNN use case. In-Out asymmetries
likely help to reduce the over-smoothing problem whereby node states can become more
homogeneous after each successive GNN layer. Making use of at least one in-out asym-
metry may help the GNN to preserve node identities by biasing the GNN to treat current
states differently to neighbour node states.

The approach to including edge information is distinct in the GNN and Transformer lit-
eratures. To the best of our knowledge, there are no published Relational GNNs (see Sec
2.5.2.5) which make use of Transformer-style edge embeddings. Despite this, we found that
edge embeddings outperformed Switch-GNNs (see Sec 2.5.2.5) in all tested settings. This
may be due to the nature of hard and soft inductive model biases [23]. This is to say that
since edge type embeddings add few learnable parameters to a model, it may be easy for
the model to learn to ’ignore’ this edge type information. This could be trivially achieved
by learning to zero out the edge type embeddings, removing their influence entirely. Thus,
using edge type embeddings allows a model to utilise edge information only if and when
it is necessary, while not serving as an obstruction to the model when unnecessary. By con-
trast, using distinct linear transformations per edge type (Switch-GNN), as is common in
GNN literature [31, 86, 45, 63, 99], may prove more difficult for a model to learn to ignore.
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Furthermore, edge type embeddings reduce problems related to uneven edge type distribu-
tions. Overall, our work serves as a motivation to use more Transformer-like GNNs, while
we were not able to find any GNN techniques which may aid in the Transformer literature.

Sparse Transformers are currently a prominent method of increasing the maximum se-
quence length of Transformer models [114, 8]. The BigBird paper offered a theoretical proof
that sparsity decreases Transformer model expressiveness [114]. The bigbird model does
not natively include edge type information, despite its use of hand crafted graph connectiv-
ity rules. Our work suggests that including the natural edge type information available to
BigBird into its attention mechanism may help to alleviate some of the performance which
is lost due to its use of sparsity. This insight may have implications for the current state-of-
the-art (SOTA) Sparse Transformers in certain domains such as question answering (QA).

We investigated the memory usage scaling of two prominent implementation approaches
for MP-GNNs. Namely the Transformer-style Dense approach and the GNN-style Sparse
Approach (see Sec 4.1). We found that unless a very high degree of sparsity is required,
it is preferable to use the Transformer-style implementation. This result, together with the
Transformers model architectural superiority, indicate that the Transformer may be the best
option for modeling graph data in terms of both computational requirements and model
performance, in all but the most extreme cases.

6.1 Limitations

Our work involves evaluating GNN-based MHQA models on the Wikihop dataset. Due
to this highly constrained context, it is unclear how well our findings would generalise to
other MHQA tasks or QA tasks in languages other than English. We also attempt to offer
insights into GNN architectures in a more general sense than QA or even Natural Language
Processing (NLP), however since we did not evaluate our GNN variations outside of NLP,
we cannot verify our findings. Due to the general success of the Transformer model, our
main finding that the Transformer is the best GNN of the GNNs we evaluated seems partic-
ularly plausible. Beyond this, our model evaluations contain a degree of stochasticity, and
thus some of our results may be skewed by randomness. Given more time and compute, we
would repeat our experiments multiple times to control for this noise. Another limitation
of our evaluations is the lack of dedicated hyperparameter tuning for certain features. It is
possible that certain model variations we consider would benefit from vastly different hy-
perparameters than our benchmark models use. Thus we may not be comparing features at
their optimal performance, which would introduce another source of noise into our results.

6.2 Generalisability

Despite our use of what is essentially the Transformer in some of our GNN-based MHQA
models, we were unable to achieve performance anywhere near that of the Sparse Trans-
former approach. One likely explanation is the lack of end-to-end pretraining in GNN-
based QA models. This is due to the lack of a unified method to pretrain GNN-based NLP
models. Another striking difference between these two model approaches is the GNN-
based models’ use of node level elements, compared to the Transformer models’ use of
token level elements. Tokens represent information at a much finer granularity, and thus at
a much higher dimensionality. Using node representations thus serves as a form of dimen-
sionality reduction, massively reducing the compute requirements of an attention-based
QA model. In problems where the maximum sequence length is within the limits of a
Sparse Transformer (around 4000), token level representations are both feasible and likely
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preferable to node level representations. This includes the Wikihop dataset on which we
evaluated. QA problems which involve yet longer context sequences, such as the Question
Answering with Long Input Texts (QuALITY) dataset [10], may still require and benefit
from node level representations.

Another point to consider here is the distribution of important information in the source
context sequences. The Wikihop and HotpotQA [112] datasets both include many text doc-
uments which serve only as distractors. This is to say that many given documents are irrel-
evant to the QA process. As such, models like the Hierarchical Graph Network (HGN) [31]
employ a document selection step, where documents are classified as either distractors or
relevant. They then exclude all distractor documents, vastly decreasing the total amount of
context information. This is a promising approach to long context QA problems, however
it may not always be possible. In real world scenarios where relevant information may be
scattered across multiple documents, models which process all given information may still
be required. Furthermore, in scenarios where there are many relevant documents, token
level models may still be infeasible even after document selection.

Another similar approach involves extracting reasoning chains (see Sec 2.2.3) from given
context [15]. This amounts to sentence selection, a finer grained version of document selec-
tion. This is an appealing solution to the long context problem in QA, however the process
of selecting valid reasoning chains may be difficult and brittle. Consider a case where the
full context information is required in order to recognise the importance of a sentence. Both
document and sentence selection methods attempt to avoid the long context problem with-
out truly modeling global context information. In contrast both Sparse Transformers and
GNN-based approaches are able to model global context information.

GNN-based QA models can implicitly act as sentence selection models, since there is no
guarantee that every sentence in the source context will be represented by a node. Docu-
ment level nodes are technically capable of representing all contained sentences, however
this information is very coarse grained, possibly missing important information. Our best
performing models made use of special entity nodes (see Sec 2.6.1), which directly exploit
answer candidate information. Not only is this not applicable to non multiple choice QA,
this also means that sentences which do not contain any candidate entities will not be di-
rectly modeled by the GNN. We also evaluated variations which included Detected Entities
as extracted by a Named Entity Recognition (NER) module. Detected Entities would allow
our models to be used in any QA task beyond multiple choice. Our results showed that De-
tected Entities underperformed when compared to Special Entities. This is expected, since
exploiting answer candidate information when it is available should intuitively aid in QA.

As a final thought on model generalisability, consider that the two prominent MHQA datasets
that we consider, Wikihop [106] and HotpotQA [112], both involve highly contrived ques-
tions and context. Due to the nature of their dataset construction processes (see Sec 2.2),
the distribution of relevant facts across documents contains implicit structure. Any model
which directly exploits this structure, such as the Heterogeneous Document Entity (HDE)
model, would likely achieve higher task performance. However, in a real world QA setting,
the distribution of relevant facts across documents may be unknown and unstructured.
Thus, models which represent information in an unbiased manner would likely perform
better in more generalised real world scenarios. Sparse Transformers include all context to-
kens, and thus do not exploit any such structure. GNN-based models which include nodes
for Detected Entities as well as generic nouns would be significantly less biased than those
with Special Entities. This is since many sentences contain Named Entities, and every sen-
tence contains a noun. Thus such a GNN-based QA model would represent information
from all around the given context in an unbiased manner.
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6.3 Future work

1. Sparse Transformers and Document selection models are currently SOTA for MHQA
tasks [64, 31, 114], however GNN-based QA may excel in scenarios where Sparse
Transformers are infeasible, such as very long context QA. To validate the continued
study of these GNN-based QA models, it may be necessary to benchmark models
with a challenging new MHQA dataset. Such a dataset should contain very long con-
text sequences (>4000 tokens) made up of many documents. The important informa-
tion contained in these documents should be distributed in a dispersed and unstruc-
tured manner, in order to make document selection infeasible. Lastly, the question
answering should require a high degree of global context information modeling. As
an example consider a long form QA task which may be given to a university level
history student. Such a task requires reading and integrating many interrelated facts
and opinions from many distinct documents with a completely unpredictable distri-
bution of important information. To this end, the QuALITY dataset [10] is promising,
with an average token length of 5000 tokens per context example.

2. Our results motivate the addition of edge type embeddings to Sparse Transform-
ers. To validate this, a BigBird-style Sparse Transformer could be trained to perform
MHQA while using edge type embeddings. This would reveal whether edge type
information is useful for token level models, or just node level models.

3. Token level Transformer models typically benefit from end-to-end pretraining, how-
ever GNN-based MHQA currently only makes use of pretrained token embedders.
Thus, a unified method of pretraining GNN-based MHQA models in an end-to-end
fashion may help to bridge the performance gap between token level and node level
QA models.

6.4 Final Thoughts on the Long Context Problem

In this work we have primarily explored the use of coarse grained node representations as
a method of reducing compute requirements in QA. However, grouping tokens into nodes
can only reduce compute requirements so much. Using yet coarser nodes would result in
more dimensionality reduction, which may reduce modeling capacity even further. GNN-
based MHQA models are naturally sparse, as not all nodes are connected. When combined
with implementation insights from BigBird [114], this should allow GNN-based MHQA
models to scale to even longer context sequences. However, this too has its limits, with
extra graph sparsity reducing the expressiveness of the attention mechanism [114]. Finally,
document and sentence selection mechanisms [31, 64, 15] are able to iteratively select rele-
vant context without ever modeling global context information, however some information
may not be recognisable as important without global context. It is worth noting that all of
these strategies are independent, and thus could be combined into a single system. HGN
for example combines sparsely connected node level processing with document selection.
However, fundamental problems remain. Thus we believe that a different approach en-
tirely may be required for extremely long context problems. Fusion-in-Decoder models [48]
are able to use self-attention to process input documents in a way which scales linearly
with the number of input documents. These models only allow for cross-document com-
munication in the decoder stack of a Transformer, which may limit the expressiveness of
cross-document reasoning. The Perceiver model [49] is a very appealing candidate. It is
able to query fine-grained and global information without relying on sparsity or indepen-
dent document encoding. To our knowledge, the Perceiver model has not been thoroughly
evaluated on MHQA tasks.
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Chapter 7

Conclusion

In this work, we created a configurable Graph Neural Network (GNN)-based Multihop
Question Answering (MHQA) system and used it to compare GNN architectural choices.
We evaluated our models using the challenging Wikihop [106] MHQA dataset. We com-
pared two prominent attention mechanisms, and a non attention-based alternative. We
found that the Scaled Dot Product (SDP) attention found in the Transformer [101] deliv-
ered our highest task performance. We also compared GNN-style update functions (see Sec
2.5.1) to the Transformers update function which we have named the Transformer Update
Function (TUF). Our results demonstrated that the TUF works especially well with SDP
attention, which together define the Transformer. Our results also showed that the TUF is
beneficial to all other tested GNNs. We also compared GNN-style edge information against
Transformer-style edge information, and again found that the Transformer style edge type
embeddings (see Sec 2.4.5) produced the highest task performance. Overall, the Trans-
former is the best GNN that we tested. We further performed an analysis into the memory
requirements of the Transformer-style implementation of the attention mechanism to the
GNN-style implementation and found that the Transformer style implementation is more
efficient for most graphs excepting very sparse graphs. From this we can recommend that
GNN-based MHQA systems should consider using the Transformer model in both archi-
tecture and implementation.

Our results support the notion that sparsity decreases attention modeling capacity, how-
ever they also show that including edge type information can help to recover this lost per-
formance. Our results also show that without edge information, there may be no value in
utilising hand crafted graph construction rules, and that random graph connections may be
as effective.
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Appendix A

Appendix

Shown here in tables A.1 and A.2 are the full set of test results collected to compare different
GNN architectures. GNNs are compared in terms of their GNN Core (see Sec 3.3.1) and
their in-out asymmetries (see Sec 2.5.2).

GNN
Core

Model No. Gating TUF MLP
Asym

SAGE
Asym

Dev
Accuracy

Name

Edge

1. Yes No No No 60.5 HDE-Base (ours)
2. No No No No 52.7 .
3. Yes Yes No No 61.5 .
4. No Yes No No 64.1 .
5. No No Yes No 58.2 .
6. Yes No Yes No 60.3 .
7. Yes No No Yes 61.9 .
8. No No No Yes 62.1 .

Switch
9. Yes No No No 58.9 .

10. Yes No Yes No 58.0 HDE’s GNN [99]
11. No No Yes No 58.6 R-GCN [86]

SAGE

12. Yes No No Yes 58.0 .
13. Yes No No No 57.4 .
14. Yes No Yes No 59.6 .
15. No No No Yes Failed to

Train
GraphSAGE [38]

TABLE A.1: The results of our GNN Core and In-Out Asymmetry
experiments for our HDE-Base model.
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GNN
Core

Model No. Gating TUF MLP
Asym

SAGE
Asym

Dev
Accuracy

Name

GAT

16. Yes Yes No No 64.0 Att-Base (ours)
17. No Yes No No 60.4 .
18. Yes No No No 62.9 .
19. No No No No 29.0 GAT [102]

SDP

20. Yes Yes No No 64.7 .
21. Yes No No No 61.4 .
22. No Yes No No 66.0 Transformer [101]
23. No No No No Failed to

Train
.

Edge
24. Yes Yes No No 60.2 .
25. No Yes No No 62.5 .
26. Yes No No No 58.5 .

TABLE A.2: The results of our GNN Core and In-Out Asymmetry
experiments for our Att-Base model.
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