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Abstract.

Knowledge graphs (KGs) can be used to structure the information necessary for a model to successfully answer questions. In
this paper we specifically investigate the storage of common sense information that expresses properties of abstract concepts.
Prior work has examined ontology design for specific kinds of common sense, but the general case is under-explored. We
identify weaknesses in the structure of ConceptNet, the predominant resource for general common sense, and propose a new
modular ontology for common sense — MOntCS - to store this information. MOntCS is designed to be suitable for structuring
explanations for questions by limiting the complexity of concepts permitted. We draw on linguistic theory to ensure consistency
and clarity in the relation set. We use MOntCS to structure the facts provided with WorldTree, a scientific common sense question
answering dataset which originally stores information in tables, and release this as a resource for knowledge graph-augmented
question answering. We show that, with an existing knowledge graph reasoning model, using this knowledge graph gives higher
accuracy compared with three competitor knowledge graphs. We carry out an ablation study to identify which relation types most
impact question answering performance, and study which properties of knowledge graphs correlate with higher performance.
We provide empirical evidence for claims made in prior work that taxonomic relations may not be useful for common sense
reasoning.

Keywords: Common sense, Knowledge graph, Explanation, Question answering

1. Introduction

For a model to successfully answer questions it must have access to sufficient relevant information to make a
decision. A common approach is to use latent representations of knowledge held in the parameters of large pre-
trained masked language models (MLMs) [1, 2]. Another is to provide models with declarative knowledge, for
example through inclusion of relevant text as input to the language model [3], or with the addition of a module to
process graph-structured data [4, 5]. Several authors report that this approach improves model performance [4-7].
Another attractive aspect of this approach is that the use of such symbolic information held outside the MLM can
potentially act as the basis of human-interpretable explanations for the system’s decisions. These explanations can
be used by developers to verify whether the model is combining facts in a way that entails the selected answer, and
if not serve as a starting point for troubleshooting. In this paper we examine the behaviour of models provided with
information extracted from different knowledge graphs for common sense question answering (QA).

Common sense QA, in contrast to factoid QA, is concerned with concepts and events as they generally hold in
the world, instead of particular examples of concepts. For example, rather than asking about the size or population

*Corresponding author. E-mail: guy.aglionby @cl.cam.ac.uk.

1570-0844/$35.00 © 2021 — 10S Press. All rights reserved.

=W N

©w o g o W

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51


mailto:guy.aglionby@cl.cam.ac.uk
mailto:guy.aglionby@cl.cam.ac.uk

@ J oy U W N

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51

2 G. Aglionby and S. Teufel / KGs for common-sense scientific QA

ConceptNet Proposed Framework

. . (slice, instrument, knife)
(knife, used for, slice) . .
. (cut, instrument, knife)
(knife, capable of, cut) K
(slice, agent, person)

(bird’s foot, part of, bird) (bird, has subcomponent, foot)
(feather, part of, bird) (bird, has subcomponent, feather)
(bird, has a, wings) (bird, has subcomponent, wing)

recycle, , reduce waste
(recycling, capable of, reducing waste reaching landfill) (recycle, cause uce waste)
(waste, at location, landfill)

Table 1

Comparison between facts expressed in ConceptNet, a commonly-used common sense knowledge graph, and in the proposed ontology.

of a particular city, common sense questions focus on properties usually held by cities. Common sense information
is assumed to be known by most people as a result of their experience interacting with the world, and so is rarely
stated explicitly [8]. Contemporary work on common sense ontology design has focused on specific domains of
information; for example, ATOMIC [9] categorises different kinds of ‘if-then’ relationships between specific events.
The design of ontologies for more general, open-ended common sense reasoning has been so far under-explored,
and this is where our current paper’s focus lies.

ConceptNet [10] is by far the most commonly used ontology for general purpose reasoning. It expresses relation-
ships between natural language phrases that represent an aspect of the world. Relationships use one of a fixed set of
relation types, which includes a generic RelatedTo type for use when no other one is appropriate. Each fact within
the graph is expressed as a (subject, relation, object) triple.

We identify two aspects of ConceptNet’s design that reduce its ability to structure common sense data meaning-
fully. First, there is systematic ambiguity in the relations that are available, meaning that more than one relation
type can be used to express some kinds of relationship between concepts. This creates redundancy. For example,
it expresses that knives are both capable of cutting, and used for slicing. Both of these relationships make sense
when expressed as a sentence, however it is the job of an ontology to abstract above different expressions of the
same relationship type. Although these two relations certainly are not synonymous — for example, only one would
be relevant for discussing the capabilities of an artist — the large degree of overlap in relationship expressed between
the two is undesirable. We would expect an ontology to unambiguously provide a single relevant relation this sce-
nario. Second, overlap in meaning between relations may lead to inconsistency when annotating data and may make
learning representations of relations more difficult. This was also noticed in prior work, and [7] were able to merge
some relations with particularly high overlap while maintaining reasonable consistency within each cluster. What
remains in this case are relations that do not overlap enough to merge, but that still overlap to an undesirable degree.

The second difficulty is that there is no structuring in the ontology beyond simple concepts and relations, and
in particular no restriction on what a concept can be. Concepts are therefore expressed using many kinds of gram-
matical construction and at many different levels of specificity. One fact expresses that recycling has the capability
of ‘reducing waste reaching landfill’, which we suggest is too specific as a concept. The core idea expressed here
is that recycling reduces waste; the additional specification of where the waste is is not necessary, and should be
expressed as a separate triple. It is difficult to ensure that a relation set is appropriate when used with concepts at
many different levels of specificity We hypothesize that this is why the majority of relations in the graph to take a
generic value. We expect that high quality explanations would contain clearly-defined facts about concepts that are
defined at the same, or similar level of complexity as each other. As a result, we expect that the average explanation
quality possible in ConceptNet is limited.

We propose a new ontology MOntCS — Modular Ontology for Common Sense — for this type of knowledge which
addresses these issues. We express events as structured nodes', which combine multiple atomic concepts into one
according to a set of semantic rules. The rules place an upper limit on the complexity of nodes. This approach is

"'We refer to instantiated classes as nodes, following knowledge graph terminology.
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G. Aglionby and S. Teufel / KGs for common-sense scientific QA 3

similar to GLUCOSE’s [11], where Mostafazadeh et al. allow events to be specified only via filling dependency
slots for a verb. We provide clear definitions for remaining relations in MOntCS, which are derived from work
in lexical semantics, semantic roles [12, 13], and narrative understanding [14]. We believe that these choices will
reduce sparsity within relations, and that a specific and well-defined relation set is a valid way forward, as it retains
the possibility for future integration. During construction we identified specific areas of difficulty when trying to
represent this kind of knowledge; we will report here how we have resolved them.

Scientific question answering requires common sense understanding about general properties of many different
concepts, and is a challenging task for models [15]. WorldTree [16] is a scientific QA dataset which, in addition to
multiple-choice questions, provides 62 semi-structured tables containing the facts judged necessary to answer them.
We express these facts in our ontology, using this process both to tweak the design and to verify its suitability for
this kind of information.

To evaluate the ontology, we run a question answering model on WorldTree and compare performance when
different knowledge graphs are used. We find that, with a model that most reflects the impact of the graph, MOntCS
outperforms three alternative knowledge graphs. We also conduct an ablation experiment to discern the impact of
each relation family.

Our contributions in this paper are as follows:

— We propose a new ontology MOntCS for structuring common sense information used in question answering.
We explicitly design the ontology for suitability in expressing explanations for answers (§3).

— We present a translation of WorldTree’s set of facts into a knowledge graph, and describe our annotation
methodology (§4).

— We evaluate question answering performance on WorldTree, and find that the resulting graph is more useful
for question answering than three alternatives. We also find a disproportionate reliance on language models in
an existing QA system (§5).

2. Related work
2.1. Semantic resources

2.1.1. ConceptNet

ConceptNet [10] is perhaps the most frequently used knowledge graph for common sense reasoning applications.
It aims to store the world knowledge required to understand language; although it has relations that facilitate this,
much of the information actually stored in taxonomic or lexical semantic relations rather than common sense ones
[9, 11].

The ontology of ConceptNet was originally developed in parallel with a data collection process: some relations
directly relate to template-filling sentences; others derive from analysis of free-form input [17]. It supports five
part-of-speech-based classes, although in practice most nodes are assigned to a sixth generic class.

In general, relations are free to hold between two nodes of any class. Although the range and domain of some
relations are defined (for example, only noun-types have a CapableOf relation, that must be filled with a verb-type),
they are not enforced in practice. Node names consist of free form text, and from version 5.5 on, terms are not
lemmatised [10]. Instead, inflected terms are linked to each other using a specific relation type. In cases where more
complex concepts are used, ConceptNet does not mandate that they are connected to the more general concepts they
are related to. For example, the third row of table 1 contains a concept ‘good for the environment’. It is not clear
which relation should be used to link this with ‘environment’; indeed no such triple exists in the graph.

2.1.2. WordNet

WordNet is a lexical database. At its most basic level, it represents word forms and collocations via membership
of synsets [18]. These are collections of particular senses of lexical units with the same meaning, accompanied by
a definition of the set. Synsets can also have conceptual links to others. Most relationships hold between synsets
of the same part of speech, with the exception of “derivationally related forms”. Nominal relationships include
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4 G. Aglionby and S. Teufel / KGs for common-sense scientific QA

part-whole (meronymy) and hierarchical “is-a” (hypernymy/hyponymy), while verbal relationships mainly concern
manner (troponymy).

Since lexical units are stored in their base form, WordNet provides a tool Morphy with which to remove inflections
and assist with search. Although some prior work has found WordNet to be helpful for question answering [19], its
use is limited.

2.1.3. Aristo Tuple KB

Aristo Tuple KB? [20] is a collection of (subject, relation, object) triples relating to elementary school science.
Triples are extracted using OpenlE from a collection of domain-relevant sentences. Unprocessed, these are too noisy
for use, so they propose a multi-stage process using heuristics and crowd annotation to filter the dataset. Part of this
process is to merge different surface forms that express the same concept, and to collapse verb phrases expressing
the same relationship.

Naming relation types by lifting verb phrases from text raises the difficult question of how to handle polysemous
verbs like ‘have’, which if used as a relation would encompass many different types of connection [20]. They
propose keeping these relationships, and using the senses of the two joined concepts to aid with disambiguation.

The final graph has 1605 unique relations, where the top 15 are used in 50% of triples and 81% of which are used
under 100 times. They find that it has a recall of 23% at 80% precision over a reference set of facts.

2.1.4. Event-centred datasets

ATOMIC [9] is a crowdsourced commonsense knowledge graph of if-then relationships between events. Crowd
workers are prompted with an event, and are asked to provide events which are likely to precede or follow the
prompt. Events are defined as verb phrases and are collected as free-form text, averaging less than five tokens each
and in most cases (85%) appearing only once within the dataset.

GLUCOSE [11] concerns causality of events within short stories. Crowd workers are asked to relate events within
a short story to each other in the context of different types of causal relationship. In some cases workers extend this
to plausible but unstated events. The authors found that requiring antecedent and consequent events to be annotated
separately, and a relation to be chosen from a fixed set, led to much simpler evaluation and processing compared with
allowing free text. Event descriptions are further constrained via simple syntactic rules. Structuring explanations
in this way also facilitates the construction of generalised rules not rooted in the given context, although how to
complete this translation automatically is an open question.

2.2. WorldTree

WorldTree [16] is a question answering dataset built from elementary school-level multiple choice exams. The
advantage of this domain is that selection of the correct answer requires the combination of multiple facts, while the
language used is linguistically simple. This makes for a challenging reasoning task expressed in a way that can be
comprehended by current models [15].

Adjective  Thing Is/has  Value Attribute
floodplains are flat in shape
carbon dioxide is colorless
amphibian has smooth skin
fresh food is safe to eat
rich soil has a high number of nutrients
Table 2

Except from the WorldTree ‘properties-things’ table.

WorldTree is released in conjunction with a fable store — a collection of 62 manually-constructed tables containing
the information required to anwer each question in the dataset. Each table represents a particular type of relationship

2We use version 5 (March 2017), courtesy of Allen Institute for Al
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G. Aglionby and S. Teufel / KGs for common-sense scientific QA 5

or object property, and contains different columns as appropriate. The type of data stored within a column is intended
to be consistent, although the variety of facts stored and the development of the schema alongside the annotation
effort makes this difficult. For example, table 2 shows an excerpt from the ‘properties-things’ table in which two
different relationships are expressed. The first two rows express adjectival properties of floodplains and carbon
dioxide respectively, whereas the primary relationship expressed in the third row is that a meaningful constituent of
amphibians is skin. Additionally, the entry types in the attribute column are not consistent.

2.3. Use of KG in QA

Knowledge graphs are frequently used with models as a source of information for natural language understanding
tasks, including multiple choice question answering. ConceptNet is most commonly used as the base knowledge
graph, a subset of which is chosen for computational reasons. Inverse relations are normally added, and in some cases
relations are collapsed into each other to address the skew in distribution [7]. Early work incorporated embeddings
of individual triples [19, 21]; recent work has extended this to representations of paths [4, 7] and subgraphs [5].

Simple techniques are usually used to identify relevant portions of the graph for each question and answer candi-
date pair. Linking entities mentioned in the question, or in an answer candidate, to entities within the graph is done
using (lemmatised) lexical overlap [7, 19]. One-hop neighbours of these are retrieved and encoded in the simplest
case. Path- and subgraph-based approaches extend this by finding numerous multi-hop paths between these linked
entities, building up a set of intermediary nodes until a maximum number is reached or until path length exceeds a
limit. Limiting path length is particularly important, as longer paths are more likely to relate concepts via spurious
paths (‘semantic drift’) [22]. The extracted graph is referred to as the schema graph.

1
Q;A (<3) Score
|
|
|
v 2
Schema graph
\ o~ selection
o
N N —
[ ]

Fig. 1. Generic architecture of models which use text encoders and graph encoders. ‘1’ shows the direct use of the text embedding in the final
representation. ‘2’ denotes some use of the text embedding in the graph encoder.

Figure 1 demonstrates the overall architecture of KG-augmented question answering systems. The schema graph
is either encoded whole, for example using a GNN [5], or through a combination of embeddings of multiple paths
within it [4, 7]. A language model is usually used to represent the semantics of the question in this process, for
example to weight path embeddings in a weighted sum [4, 7] or as a pseudo-node in a GNN [5]. The resulting
schema graph embedding is then concatenated with an embedding from the language model to give an overall score
for the question and answer candidate pair.

2.4. Semantic roles

Semantic roles define the different kinds of relationships that verbs have with their arguments [12, 13]. In contrast
to syntactic relationships such as “object”" or “subject”, they carry additional information about the event which
is implict in the verb semantics. For instance, while agents are often expressed as syntactic subjects, they aren’t
always; in sentences in passive voice, agents are expressed as prepositional phrases headed by “by". Reversely, it
is not always the case that a subject is an agent: in the sentence “he feared repercussions”, the subject is a passive
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6 G. Aglionby and S. Teufel / KGs for common-sense scientific QA

experiencer of a state or an emotion, rather than an active participant in an event. Taking the sentence ‘we cooked
food with the stove’, it is clear that the verb has different relationships with the two arguments “food" (realised
as a direct object) and “stove” (realised as an indirect object). “Food" here is the patient, whereas “stove" is the
instrument used in the cooking event. Semantic roles are useful in generalising above sentence structures: the
semantic roles in the passive sentence ‘the stove was used by us to cook food’ remain the same, while the syntactic
structure changes.

There are many approaches to defining a set of semantic roles, including those taken by FrameNet [23], PropBank
[24], and VerbNet [25]. VerbNet uses a common set of roles across all of the groups of verbs classes it recognises,
whereas PropBank and FrameNet don’t operate with a common set of rules. PropBank defines defines different
types of role per verb®, and Framenet different types of roles per groups of verbs (called a "frame" in FrameNet),
although in both lexica there is some consistency between roles in some cases. No formal general description of a
role is given, but the lexica rely on human’s intuitions when interpreting them. All definitions are given only in the
context of a frame. From this sample of approaches it can be seen that there is little consensus about the appropriate
granularity of roles, so we had to choose our own for our knowledge graph, from the vocabulary available in the
literature.

Using PropBank-style roles would give a large set of sparsely-populated relations, which is undesirable both from
a design perspective and a modelling one as it is difficult to learn representations from few instances. We therefore
used a general set of relations similar to VerbNet’s (although there is also disagreement about suitable role sets at
this level of granularity).

3. Ontology design

Our proposed ontology is designed with the goal of structuring the information required to answer common sense
questions. We envisage models using the ontology both as input, to provide relevant information to aid in answering
questions, and as a medium to structure explanations. We take the types of facts in WorldTree to be indicative of
what is required in the general case, though are conscious not to introduce designs which are overly specific to
the science domain. Knowledge graphs expressed in this ontology are expected to be used with systems that can
separately interpret the context (in our case, a question), select relevant nodes from the graph, and manipulate these
to complete a task.

We define relations to hold between nodes when it is plausible that the type of relationship exists, rather than
if it strictly holds. Common sense facts by nature have many exceptions: not all dogs can bark, and not all bears
are brown. These particular facts however are true frequently enough to be useful when answering common sense
questions.

The impact of this choice is three-fold. Firstly, it simplifies the ontology, removing the need for either more fine-
grained relations or meta-relations to express more complicated constraints on a relationship. Secondly, it simplifies
annotation, by not requiring an annotator to specify, for example, precisely which subtypes of bears are brown.
Thirdly, it requires a system using this knowledge graph to be capable of defeasible reasoning, making use of the
context in which it is deployed.

We design the ontology to promote the construction of dense knowledge graphs. This is important when the graph
is used with KG-augmented systems, at most are only able to operate on a subgraph of the overall graph. As a graph
grows denser, it becomes easier to select relevant data that may otherwise require many hops to reach from the
starting nodes. Using an increasing number of hops to select a subgraph quickly results in a large amount of noise
[22].

We impose two constraints to ensure that facts expressed using the ontology are at similar levels of specificity.
The first is that we do not include a default relation type to join nodes where no others apply. This is in contrast to
ConceptNet, which uses a general RelatedTo relation in 78% of cases. Instead, we express complex relationships as
multiple, simpler facts.

3For example, PropBank defines the roles ‘consumer/eater’ and ‘meal’ for the verb ’eat’.
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G. Aglionby and S. Teufel / KGs for common-sense scientific QA 7

The second constraint is that we require that node names follow a simple syntactic grammar. The node’s class is
then based on the parts of speech present in the node name. This ensures that node names do not exceed a certain
level of complexity, and aims to improve the generality of the resulting knowledge graph.

3.1. Classes

Similarly to ConceptNet, our base set of classes are based on parts of speech (verb, noun, and adjective), but also
include qualifiers. These are distinguished mainly for ensuring consistency during annotation. Nodes that take these
classes have their names lemmatised.

We also include classes for each type of structured node, which are constructions to allow the controlled ex-
pression of more complex concepts. The class of a structured node is defined by the POS tags of the words within
1t.

As all classes are based on (combinations of) part of speech tags, the hierarchy is flat. Taxonomic relationships
are therefore expressed using a specific relation type rather than through class hierarchy (§3.3.2).

3.2. Structured nodes

Some common sense facts cannot be expressed using bare nouns, adjectives, or verbs; instead, they require that
these base classes are combined in some way to express more complex concepts. For example, to express that the
kind of change that acid can cause is a chemical change, we must be able to construct a node for this which is
distinct from a generic change.

Structured nodes allow these concepts to be expressed while placing a limit on possible complexity. Not control-
ling complexity at all would result in inconsistently structured nodes, which may be difficult to fit with the fixed
relation set and would be confusing when included in an explanation. Even if the structure is controlled, allowing the
expression of too-specific nodes will reduce the generality of the graph. We use a grammar to limit nodes to simple
phrases, which broadly reflect verb phrases and noun phrases. This is similar to the approach taken in GLUCOSE
[11], where imposing syntactic constraints increased inter-annotator agreement and aided evaluation.

We define noun phrases to consist of an optional quantifier, zero or more adjectives, followed by one or more
nouns. Verb phrases require a verb and one or both of an agent or patient, which themselves must be noun phrases.
We create a class for each of the possible permutations under these conditions.

3.2.1. Structural relations

To increase connectivity, and therefore density, within the graph, we require that structured nodes have relations
which join them to each of their constituent words. This family of seven relations is similar to the structural links
proposed by Woods [26, p.35]. A straightforward benefit of this requirement is reducing the likelihood that these
nodes become disconnected from the rest of the graph. A larger benefit is their impact on the schema graph selection
process, the first step of which is to select nodes which are relevant to the question or answer. If this does not manage
to pick out some particularly relevant structured node, the subsequent graph exploration process may not find it
even if one of its constituent words was initially identified. Even if a relevant structured node is identified, accessing
more general information about the concepts mentioned may be difficult for the same reason. Structured relations
therefore reduce reliance on the first step of the schema graph selection process to identify good nodes, and makes
it easier to transition between specific and general facts.

The structured relations available, their domains, and their ranges mirror the classes in the ontology. The
structural noun, structural noun compound, structural quantifier, and structural
adjective relations are used with noun phrases. The domain of these relations relates to the specific type of
noun phrase represented by different classes — for example, a compound noun class should have st ructural
noun compound relations. Classes involving adjectives should use both structural adjective and
structural noun instead. Each relation’s range is restricted to basic part-of-speech classes; in particular both
structural noun relations cannot be filled by another noun phrase.

Verb phrases use the structural verb, structural agent, and structural patient relations.
The domains and ranges of these relations are defined in the same way as for noun phrase-related relations; in
particular the range of structural verb is limited to verbs, while the other two may be nouns or noun phrases.
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8 G. Aglionby and S. Teufel / KGs for common-sense scientific QA
3.3. Relations

Our ontology contains four additioanl families of relations that express common sense relationships between
nodes.

3.3.1. Verbal relations
A key contribution we make is to apply ideas from the study of semantic roles (§2.4) to knowledge graphs, with
the aim of minimising ambiguity between types of verbal relation. The seven relations we use are listed in table 3.

Relation Definition
Agent The volitional or non-volitional causer of an event.
Patient The undergoer, experiencer, or entity moved by the event.

Instrument  An entity used in an event.
Result The end product of an event.
Beneficiary ~ The entity that benefits from the event.

Source The origin of an entity in a transfer event.
Goal The destination of an entity in a transfer event.
Table 3

Verbal relations used in the ontology, with definitions adapted from [27].

Understanding the roles of entities used in or produced by an event is crucial for understanding what happened,
and knowing the impact of an event on an entity is useful in reasoning about what may happen next. All relations
express high-level information past simply listing typical values for each grammatical dependency that a given verb
could have. In particular, the ‘instrument’, ‘result’, and ‘beneficiary’ relations express information that is likely to
be assumed as shared knowledge and not explicitly stated [8], which is one way to define common sense knowledge.

For simplicity, and to ensure that there are no relations that are disproportionately (in)frequent, we have also
removed some distinctions that are usually made in semantic role sets. We do not distinguish between an ‘patient’,
which directly experiences a change of state in an event, and a ‘theme’, which is similarly necessary for the event but
is not changed by the event. We also erase the distinction between entities which intentionally and non-intentionally
cause cause an event, and those which are primary or secondary causers.

Our relationships have the advantage over those in ConceptNet in that they are more principled and less redun-
dant, although it is of course possible to express properties and relationships similar to the ones we chose, within
ConceptNet’s relation vocabulary. For example, ConceptNet expresses that a knife is both capable of cutting
and used for slicing. As the two verbs express essentially the same event the same relation should be used, which
in our ontology is ‘instrument’. This additionally asserts the useful information that knives tend not to be agents,
i.e., they do not act in events autonomously without another entity present which is the cause of the event.

3.3.2. Taxonomic relations

Taxonomic relations express lexical relations holding between concepts, such as synonymy and hyponymy. Lex-
ical relations specifically hold just between words and other words, and do not relate to the concepts that they de-
note. For example, WordNet [28] defines one sense of ‘hypothesis’ to be synonymous with ‘theory’, and these to be
hyponyms, or kinds of, ‘concept’.

It is not clear that basic relations such as these could be useful for common sense reasoning, as has been high-
lighted by Mostafazadeh et al. [11]. However, we include four commonly known taxonomic relationships in case
the additional connections between concepts are useful when extracting information from the graph. We summarise
these relations in table 4.

The closest we come to in our ontology to a generic relationship type is ‘similar to’. It is necessary to include this
as two things may be similar enough to be notable, but too dissimilar to include in the set of synonymous things.
For example, mass and weight are related concepts, but particularly in a scientific context it would be incorrect to
say that they were the same thing.
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G. Aglionby and S. Teufel / KGs for common-sense scientific QA 9

Relation Definition

Synonymy  Two concepts mean the same thing, or are extremely similar.
Similar to Two concepts are very similar, though not similar enough to be synonymous.
Antonymy  Two concepts are opposites.
Kind of Hyponymy; one concept is a kind of another.
Instance of ~ Where a concrete entity is an example of a general concept.
Table 4

Taxonomic relations used in the ontology.

When it comes to hyponymy relationships, our definition is permissive and even allows connections across
part-of-speech boundary (‘far’ is a kind of ‘distance’). We also do not distinguish between hyponymy and quasi-
hyponymy [29, 30], as this distinction does not in our opinion help in common sense scientific QA, where even
rough connections between concepts are often sufficient to guide the reasoner towards the correct answer.

The instance of relation is different from kind of in that its domain concerns instances, i.e., concrete
entities. It is used therefore to distinguish the relationship ‘city’ has with ‘Cambridge’ and ‘settlement’ — cities are
kinds of settlement, whereas a particular example of a city is Cambridge.

3.3.3. Affective relations

We use two relations to express positive or negative impact of events and concepts on others. These relations are
useful for two reasons. Firstly, they can be used to represent specific relationships between objects in an abstract
way: for example, the different high-level impacts of recycling, pollution, and soil erosion on the environment. An
alternative would either require specific relations to be introduced, or multiple triples to be created that express
each concept in detail. These approaches may still fail to encode that one is a positive concept while the others
are negative. ConceptNet expresses recycling’s impact via a ‘has property’ relation of ‘good for the environment’,
which we argue is too complex as a concept. ConceptNet also contains desires and not desires relations,
however their domain is explicitly limited to conscious entities [31].

Secondly, affect is central to understanding narrative stories, which can be modelled as a sequence of positive,
negative, and neutral states of protagonists [14]. Some scientific common sense questions concern events, which are
simply a point in time within a narrative and so can be modelled in a similar way. These relations therefore help
ensure that the ontology is extensible to other domains.

3.3.4. Other relations
We include six additional relations outside of the four main families, which share similar definitions to their
equivalents in ConceptNet. These are listed in table 5.

Relation Definition

Causes Possibility that an event or entity causes, or helps in causing an event or
phenomenon.

Has property An attribute (usually adjectival) of a concept (usually nominal).

At location A location where either an event can happen or an entity can be found.

Has subcomponent A meronymic relationship; one concept has another as a constituent,

part, or subsection.

Linked by morphology =~ Two concepts are linked via derivational morphology, for example verb
nominalisations.

Table 5
Relation types outside the four main families.

Our definition of the causal relationship collapses causes, causal factors, and possible causes into a single relation
type. Meronymy is an interesting and complex taxonomic relationship with several alternative interpretations in the
literature [30]. We leave a detailed examination of which types could be used in expressing scientific facts to future
work.
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10 G. Aglionby and S. Teufel / KGs for common-sense scientific QA
3.4. Grammatical phenomena covered

We attempt to cover the variation of natural language phenomena to a certain degree, but it is well known in the
literature that there are many limitations to using a simplistic triple representation, which is theoretically insufficient
to represent complex natural language phenomena [32]. In some cases, our methods for handling these phenomena
are informed by the annotation of WorldTree discussed in §4.

Arguments All arguments for all verbs, including intransitive, transitive, and ditransitive, are connected using
verbal relations (§3.3.1). Intransitive verbs are simple to express: a node exists for the verbal concept, and triples
can be created with the appropriate verbal relation for each subject encountered in the tables. Structured nodes can
be constructed in a similar way.

For transitive, ditransitive and other more complex verbs involving more than one argument, we choose a modular
expression that uses multiple, independent, and simpler triples, while also making use of structured nodes. We
observed that few complex facts expressed with complex verbs lost all their meaning when modularised in this way.

In the transitive case, take the example of ‘birds eat seeds’. It is useful to express this as generally as possible,
and there are two ways of doing this. The first is to create a structured node of the verb and agent, and create a
triple (‘birds eat’, patient, ‘seed’). The second would be to instead create a structured node involving the patient:
(‘eat seed’, agent, ‘bird’). Generally we expect that the most generic of these possibilities be used to express the
relationship, although in this case as birds eat many things, and many things eat seeds, both are equally valid. A
secondary consideration when choosing between possibilities is whether one is likely to relate more closely to the
kinds of questions that are asked. These judgements are made at construction time by an annotator. Only if it was
necessary to express the entire fact within a single concept should a structured node involving both the agent and
patient be created. For example, we could express that birds typically eat seeds in a bird feeder by the triple (‘bird
eat seed’, at location, ‘bird feeder’).

We demonstrate how to express ditransitive verbs with three necessary arguments with the example ‘bakers give
bread to customers’. A structured node containing the agent, verb, and patient should be created, and this underspec-
ified node used in a triple that expresses the complete fact. This gives a final triple (‘bakers give bread’, beneficiary,
‘customer’). Relationships that involve the fully specified ditransitive verb, for example ‘green plants provide food
for animals by performing photosynthesis’, cannot be specified in our ontology. However, we capture most of the
meaning by specifying that that an agent of ‘photosynthesize’ is ‘green plant’, ‘photosynthesize’ results in ‘food’,
and that the structured node ‘animal eat’ has a patient ‘plant’.

Modification Noun modification includes but isn’t limited to, prepositional phrase modification, adjectival modi-
fication, and noun compounding. Structured nodes explicitly allow for the last two kinds of modification.

We do not explicitly handle prepositional modifiers due to the substantial added complexity doing so would bring
to structured nodes. Taking the example ‘particles in objects are a kind of matter’, if we were to create a node
‘particles in objects’ we would require structural relations in the same way as with verbal structured nodes: one
relation each to indicate the head and object of the prepositional phrase. It would also be necessary to indicate the
preposition used, which if accomplished in the same way as with verbs would create nodes for each preposition
handled. Unlike verbal concepts, which have meaning even in the absence of arguments, standalone prepositional
concepts would be meaningless.

We find that many prepositional modifiers can be expressed in a different way. In some cases the specification
is not important: the fact ‘particles in objects are a kind of matter’ is fully expressed by two independent triples
(‘object’, has subcomponent, ‘particle’) and (‘particle’, kind of, ‘matter’). In other cases, we collapse prepositional
modifiers into a compound that, although maybe not common or even obviously interpretable, still likely carries
enough meaning to be useful for a task. For example, we create a noun compound ‘ecosystem role’ to represent
‘role in the ecosystem’.

Where this is not possible, we attempt to express the specification as its own triple. For example, to express the
locative preposition in ‘a coal mine is a source of coal under the ground’, we specify (‘coal mine’, at location,
‘underground’) and (‘coal mine’, has subcomponent, ‘coal’). The disadvantage of this approach is that the second
triple taken alone does not specify the location of the coal mine, although in practice this is unlikely to be important.
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G. Aglionby and S. Teufel / KGs for common-sense scientific QA 11

Additionally, we are unable to express the fact that ‘younger rock is usually located under older rock’, instead storing
that they are located in the same place.

In our annotation we are able to closely approximate most relationships using the methods described. While
relaxing a specification made in a factual statement is likely to make the assertion incorrect, doing so for common
sense knowledge may only render the fact under-specified. Additionally, we find that not providing an explicit
mechanism for prepositional modification (and arguments) forces annotators to create facts that are more general
than if such modification could be expressed.

Negation The classic problem in any natural language ontology is of course how to express negation. Although
we do not find many negations in the WorldTree data, this is a theoretical question that deserves discussion and
treatment. Ideally, we would like an open world interpretation of our ontology: statements not explicitly mentioned
can either be true or false, until more information comes in. Abstaining from making a decision is important because
it is infeasible to include all possible information in a knowledge graph, meaning that making a strong decision on
the basis of missing information is unwise.

To express negative information within the syntax of our ontology in an open world scenario, we could create
a separate, negated version of each relation to be used when something not being the case was explicitly stated.
However, this would represent a drastic increase in the number of relations in the graph for relatively little gain,
given the low number of statements of this type. The sparse population of these relations may also make learning
representations of them difficult.

Given that we can only add positive information to the ontology, our approach is to search for an appropriate
antonym given a negative fact, and express both the positive fact and the antonymy relationship. In cases where
this is not possible, we aim towards a situation where the lack of the link becomes conspicuous by its absence. For
instance, expressing that the Moon does not have an atmosphere can be done by instead expressing that the Earth,
Venus, Mars and Jupiter do. This is an imperfect solution that tries to simulate an open world situation but still
closely resembles a closed world assumption.

Subjunction Relationships between clauses expressed by subjunction is too complex to express in our ontology.
This includes if-then constructions. For example, within ‘if a leaf falls off of a tree then that leaf is dead’ the main
clause can be expressed as the triple (‘dead leaf falls’, at location, ‘tree’). Here, the condition is implied by only
recording a triple that represents the world when it is true. The ways that such relationships are expressed depends
on context and concepts involved. We were therefore forced to manually translate all such examples into suitable
triples (see §4.2).

Quantification Quantification in our ontology concerns modifications to nouns to express their quantity, including
expressions like ‘few organisms’, and ‘less bacteria’. This modification is distinct from logical quantification — we
do not discuss properties that hold for particular instances of a given concept, nor all instances of it. Some facts,
like ‘cold environments contain few organisms’, require quantification to be fully expressed: simply constructing
a triple (‘cold environment’, has subcomponent, ‘organism’) omits the primary aspect of the fact. As a result, we
permit structured nodes to contain quantifiers for nouns. In this case a node ‘few organisms’ allows the full fact to
be represented.

Another example where quantification is useful is in representing ‘pasteurization reduces the amount of bacteria
in milk’. The main clause can be neatly expressed as (‘pasteurize’, cause, ‘less bacteria’) and the prepositional
phrase as (‘pasteurize’, patient, ‘milk’). As with other structured nodes, we require that they have a relation with
each of their components, including with the quantifiers themselves. Creating a node for all possible quantifiers is
undesirable, as each has little intrinsic meaning. As such, we use a limited set of quantifiers, accepting in some cases
that this results in ungrammatical nodes. For example, we express that hurricanes have large amounts of rain by the
triple (‘hurricane’, has subcomponent, ‘many rain’).

Nominalisation In some cases, nominalisations occur in sentences, and our first step when dealing with such cases,
considering the generalisability we seek, is to attempt to reformulate the clause with the corresponding verb. When-
ever this is possible, we then simply revert to the rules for verbs, which is advantageous because our representations
of verbs and their arguments is both relatively systematic and expressive (§3.3.1). Only where this is not possible do
we include a link between a third concept and the nominalisation. For example, the fact that one gathers observations
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12 G. Aglionby and S. Teufel / KGs for common-sense scientific QA

from an experiment is not appropriately captured by (‘observe’, patient, ‘experiment’), as observations have a par-
ticular meaning in this context. In all cases where a verb and its nominalisation, plus any other derivationally-related
terms (e.g. ‘snow’, ‘snowing’, ‘snowy’), exist within the graph, all are linked with a morphological-relatedness
relation.

Comparatives Some facts represent comparisons between concepts, for example that a mountain is taller than
a hill. These are impossible to model directly, as this would require a relation to be created expressing the com-
parative form of each relevant adjective. Instead, we create a triple for each concept in the comparison with the
has-property relation, and use different quantifier of the adjective to express the relationship. In this case, we
create two triples (‘hill’, has property, ‘tall’), and (‘mountain’, has property, ‘very tall’).

4. WorldTree annotation

We annotated the facts in WorldTree according to our ontology to test whether it was suitable for expressing
common sense and scientific information. Each fact was mapped to one or more (subject, relation, object) triples.

Annotation was completed in a semi-automatic manner. Some tables had columns that mapped directly into a
triple representation and so could be translated automatically (§4.1); others did not and so required manual annota-
tion (§4.2). In between these two extremes, some tables contained columns that could not be automatically handled
but that were not populated in all rows. In some cases this did not preclude the row being partially automatically
translated, allowing the additional information to be specified by hand later. In other cases automatic translation
failed completely. Table 6 contains statistics about the translation methods employed across the dataset.

Translation method Tables Rows

Automatic 19 42.85%

Partially-automatic 13 1.21%

Manual 30 55.94%
Table 6

Breakdown of methods used to translate WorldTree table store. A table is considered completely automatically or manually translated if more
than 90% of its rows are processed in that way. Percentages are given for rows independently of their table.

We post-processed the knowledge graph to ensure consistency and to fill in any relations missed during manual
annotation (§4.3). This included adding missing structural links where they were missing — for example, if ‘cut down
tree’ only had a nominal structural relation, a verbal structural property to the phrasal verb ‘cut down’ (not ‘cut’)
should be added. We also selected just the largest connected component of the graph, as we expect that useful inputs
for question answering models consist of connected graphs. This also reflects our requirement that good quality
explanations should explain how each fact is relevant, which is not possible with a disconnected explanation graph.
The final graph contains 5347 nodes and 13,965 triples, representing 4722 WorldTree facts.

4.1. Automatic translation

31% of tables were completely automatically translated, while 21% had a combination of automatic and manual
translation. Fully-automatable tables encoded simple relationships, such as listing location-country relationships
(which hemisphere a country is in), simple meronymic information (e.g. sub-processes within a process), and bi-
nary properties such as whether materials were magnetic. In the most straightforward tables, salient columns were
identified and the relationship between them manually specified. Other tables included optional modifiers in other
columns which were used to create structured nodes, and in some cases the relation used was chosen based on the
value in a particular column. In many cases multiple valid terms were given within a cell; we created triples for
all possible combinations of these within a row. Automatically applying rules in this way saves annotator time,
increases reproducibility, and reduces the chance of annotation errors.
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G. Aglionby and S. Teufel / KGs for common-sense scientific QA 13

The 13 partially-automated tables expressed relationships like synonymy, hyponymy, and more complex
meronymy. 36% of rows in these tables were manually annotated, as they contained terms which could not be di-
rectly used as node names in the ontology. The rest were automatically translated, although in 4.5% these some
manual triples were also specified. Additionally, some rows were annotated with part of speech information to aid
in automatic structured node creation, mainly to distinguish noun-noun and adjective-noun compounds.

4.2. Manual translation

The remaining rows were manually translated into a mean of 1.9 triples each (s.d. 1.2). These rows were in
tables expressing complex relationships including those around events, affect, and if-then relationships; the final
table containing 28 columns. The complexity of these relationships meant that each column had slightly different
semantics within each row, precluding automatic translation.

To speed up annotation, we developed a meta-annotation method for structured nodes that allowed annotators to
mark the part-of-speech tags of constituents. The tagged cell was processed with the same grammar used to limit
node complexity (see §3.1) and structural relations automatically generated. Additional relationships implied by the
node name were also generated — in figure 2, a valid agent for ‘grow’ and a property for ‘thing’ are also added. This
method therefore ensures that all relevant relations are extracted from the annotation.

Iiv?ng thing grow | instrument nutrient |
&Y instrument nutrient a
living thing structural-noun living thing .
grow
structural-verb grow v
5n - n
structural-noun thing
living thing
structural-adjective |living !
v .. .
grow agent living thing
thing B has-property living

Fig. 2. By including POS tag information in a manually-annotated triple, structural and implied relations can be automatically generated.

4.3. Post-processing

After translation, we post-processed the nodes to check for annotation errors and to confirm that they conformed
to the ontology. This included:

Highlighting rows with non-stopword lemmas that do not appear in any nodes derived therefrom;

Ensuring that all nodes have a class, and checking if the same surface form was used in more than one class;
Verifying relation domain and range facets, including ensuring that all structured nodes have the required
relations;

Adding links between nodes with surface forms related by derivational morphology, for example between a
verb and its nominalisation. We used Morphy for this [18, 33];

Spell-checking.

We attempted to automatically label nodes that were not manually tagged with part of speech. In cases where
either WordNet or other annotations unambiguously gave the part of speech, the corresponding class was used. As
all verb phrases were manually annotated, all untagged multi-word nodes were noun phrases. If WordNet unam-
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14 G. Aglionby and S. Teufel / KGs for common-sense scientific QA

biguously identified both words in a two word node as nouns, or the first as an adjective and the second a noun, that
classification was used. In other cases we used spaCy [34] to tag the node. All remaining nodes without a class were
exported for manual classification.

We also highlighted cases where two nodes existed with the same name but different classes. In some cases, this
was a conflict that needed to be resolved (e.g. whether ‘living entity’ is an adjective-noun pair or a compound noun,
which we resolved as the former). In others this was genuine (‘open container’ is both a possible verb and noun
phrase).

4.4. Graph statistics

For the final knowledge graph we remove classes and collapse nodes with the same surface form, and use only
the largest connected component. This contains 5347 nodes (98.9% of total), with all discarded triples only using
relations for synonymy or morphological relatedness. In the largest component, 55% of nodes represent nouns or
noun compounds, 17% structured nodes involving a verb, 12% adjective-noun compounds, and 11% verbs (all
include double counting where nodes have been collapsed). The distribution of relation types by family is given in
table 7.

Relation family  Count

Structural 4959

Taxonomic 2599

Verbal 2578

Affective 311

Other 3468

Total 13,915
Table 7

Frequency of different relation families across all nodes.

We compare graph statistics of the graph against others in table 8. The WT-automatic graph is automatically
constructed from the tables in WorldTree by creating an node for each row and each cell. A triple is created for each
cell to connect it to its row, with the relation type defined by the cell’s column title [35, §4]. The resulting graph is
bipartite, so there is no triadic closure and the clustering coefficient is 0. We use the largest connected component
for all graphs.

Graph # Nodes # Edges Clustering coef. Density Diameter
ConceptNet 771,205 2,471,913 0.109 0.08 21
Tuple KB 44912 282,550 0.112 2.80 9
WT-automatic 8880 16,484 0.000 4.18 20
MOntCS 5347 13,915 0.236 9.74 12
MOntCS / affective 5337 13,602 0.239 9.55 12
MOntCS / verbal 5243 11,311 0.153 8.23 13
MOntCS / taxonomic 4858 11,192 0.271 9.49 16
MOntCS / structural 4500 8668 0.076 8.56 16
MOntCS / other 4771 10,366 0.164 9.08 18
Table 8

Properties of different common sense knowledge graphs, including five data ablations of our graph corresponding to relation families.

ConceptNet is by far the largest graph, although it is also the least well-connected, with a low density* and
clustering coefficient. This contrasts with MOntCS, which has a relatively low diameter and is at least twice as dense
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as other graphs, allowing easier retrieval of useful concepts from those identified in a question. The automatically
created graph is bipartite — ‘row’ nodes are only connected to ‘cell’ ones — and the resulting large diameter adds
difficulty to the retrieval of relevant concepts.

The role of each relation family in structuring MOntCS can be discerned from the graphs where they are re-
moved.’ The decrease in clustering coefficient and density when removing both verbal and structural relations sug-
gests their importance for traversing the graph. The increase in diameter and decrease in number of connected nodes
in the structural case further reinforces this.

Although the removal of taxonomic relations also decreases the number of connected nodes, clustering coefficient
actually increases. This suggests that other relations are sufficient to ensure connectivity between most remaining
nodes, although because the diameter increases it is likely that some become more isolated. The increase in cluster-
ing coefficient also suggests that the removed vertices were not well-connected, and indeed 64% of the nodes lost
were ‘leaves’ that only featured in one triple.

5. Evaluation
5.1. Methodology

To test our design hypotheses, we compare model performance on WorldTree when using our graph and existing
alternatives. We additionally experiment with ablations of our graph, removing each family of relations in turn and
analysing the impact on performance.

We select QA-GNN [5] as the model owing to its high performance on scientific question answering. It selects an
answer by creating a representation for each choice and calculating a probability distribution over them. Each rep-
resentation is composed from a masked language model (MLM) embedding of the question and candidate answer,
and an embedding of the knowledge graph from a graph neural network (GNN) (see §2.3 and figure 1).

We report results using the original version of QA-GNN, as well as with two amended versions designed to
isolate the impact of the knowledge graph on performance. The design of QA-GNN does not ensure that the graph
is used in a meaningful way due to the MLM embedding being used directly in the representation used to score each
example (see figure 1, label ‘1’). Language models are known to perform well on question answering tasks [1], and
it is difficult to know the extent to which they drive performance in this model. As such, in the first ablation we do
not concatenate this embedding to the final representation, and so the final score is only calculated from the GNN
representation. However, because QA-GNN also includes this embedding within the GNN (figure 1, label ‘2’), the
langauge model can still be trained. Our second ablation is therefore to freeze the MLM weights. In this scenario the
only trainable weights are in the GNN, maximising the influence that changing the input graph has on performance.

We follow prior work [7] and construct schema graphs per seed from nodes found on paths between all pairs
of concepts found in a question and in each of its answer candidates. As scientific question answering requires
the combination of multiple facts which are often distantly related [15, 16], a path length of 2 as used in prior
work is insufficient. Ensuring fairness in this scenario is difficult. Collecting nodes from all paths up to a maximum
length would be noisier in larger graphs than smaller, from which small and focused subgraphs would be extracted.
We are also careful not to bias towards smaller graphs by limiting the number of nodes extracted too extensively.
We compromise by building schema graphs of 50 nodes each, corresponding to an average path length of 4.4 for
ConceptNet, 4.2 for TupleKB, 7.2 for WT-automatic, and 6.2 for MOntCS. As a result the schema graphs extracted
from the final two knowledge graphs are likely noisier than the others due to semantic drift [22].

TupleKB contains 1605 relation types, although their frequency is heavily skewed towards the more common
ones. For computational reasons, we use the most frequent 200 and collapse all others in to a generic type. The
WT-automatic graph has 171 relation types corresponding to the columns within WorldTree’s table store. We follow
prior work in collapsing some ConceptNet relations [7] to yield 17.

4All density values are given at e—4.
5The number of edges on ablations are not consistent with table 7 as other triples may be removed when a node is disconnected from the main
component.
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We use the same model configuration and hyperparameters in all scenarios. WorldTree has only 987 training
instances, so we pre-train on the Open Book Question Answering (OBQA) dataset of scientific questions [36] before
fine-tuning. The model is optimized with RAdam [37], with batch size 64 and L2 weight decay 0.01. Training is
stopped after 10 epochs of no improvement on the development set. Each experiment is run four times with different
random seeds and the results averaged. The language model used is a pre-trained Roberta-large instance [38]
implemented with HuggingFace Transformers [39]. It is frozen for the first five epochs of training and then trained
with learning rate 1e—3. The four-layer, dimension 100 GNN is trained at learning rate 1e—5. We find that applying
GroupNorm [40] after each layer improves performance; we do not use batch normalization as we use gradient
accumulation. Initial node embeddings for the GNN are derived from Roberta-large following the method in

[4].

5.2. Question answering results

Graph QA-GNN — MLM. embedding  — Train MLM.

MOntCS 62.69 56.49 46.93

WT-automatic 55.77 49.14 35.14

TupleKB 60.58 54.04 21.20

ConceptNet 61.73 54.67 29.90
Table 9

Accuracy on WorldTree using QA-GN with four different graphs as input. Columns represent two successive model ablations on QA-GNN that
empbhasize the role of the graph in prediction.

Table 9 shows that MOntCS gives the highest performance in all three model settings, although this is unsurprising
given that it is tailored towards the questions present in WorldTree. The standard QA-GNN model and the model
with the MLM embedding ablation each give similar results across graphs, with the exception of the automatically
translated graph. For all graphs, as successive model ablations are applied, performance decreases.

As only the GNN is being trained in the final column, this is the scenario in which changes to the input graph
have the most impact. We note that the model was not developed with this in mind and so absolute performance is
relatively low. However, what is more interesting here is the drop in performance for each graph compared with the
original model. Not only does MOntCS perform the best, but it drops just 25% relative performance, compared with
37% for WT-automatic, 65% for TupleKB, and 52% for ConceptNet. This is the strongest evidence of the suitability
of the proposed ontology in itself, over existing external graphs, and over automatic translation methods.

TupleKB performs below random chance (25%) in the final column, despite being a science-focused knowledge
graph. This is likely due to its provenance — it is built from OpenlE extractions from text, which limits the type and
complexity of relationships gathered.

5.3. Graph ablation study

We perform an data ablation study to evaluate the impact of different relation families on performance. We remove
relations in each family from the graph in turn, re-extract schema graphs, and re-train models in the same way as
previously. Results are shown in table 10.

We focus on the final column, where a change in graph contents most impacts model performance. Here, all but
one data ablation reduces performance. The fact that performance increases when taxonomic relations are removed
from the graph suggests that they encode information which the model does not need, and so could be classed as
noise in the schema graph. Taxonomic knowledge may instead be provided by the MLM-derived representation used
in the GNN [41]. An alternative explanation is that taxonomic triples not useful for retrieving relevant information
from the knowledge graph. Table 8 shows that with these removed, clustering coefficient actually increases, and
there is only a small decrease in graph density. We conclude therefore that taxonomic links are not necessary to
ensuring high connectivity between nodes. This result provides empirical evidence for the suggestion that explicit
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Graph QA-GNN — MLM. embedding  — Train MLM.
MOntCS 62.69 56.49 46.93
MOntCS / affective 62.12 60.19 44.66
MOntCS / verbal 59.81 60.58 39.14
MOntCS / taxonomic 62.45 55.92 47.26
MOntCS / structural 62.69 57.84 39.81
MOntCS / other 60.29 55.24 36.88
Table 10

Accuracy on WorldTree using QA-GNN with MOntCS, plus five separate data ablations. In each ablation, relations are removed from the graph
and the model re-trained.

taxonomic knowledge is of limited use for common sense reasoning [11], despite it being a focus of prior data
collection [42].

The four other ablations give reduced performance in the final column, confirming their imporatance in the ontol-
ogy. The importance of affective relations is highlighted by the disproportionate 2.27% drop in performance when
they are removed, as they make up just 2.25% of edges and 99.81% of nodes remain after their removal. In table 10,
in the final column there is a strong but not significant linear correlation (Pearson’s r = 0.653) between performance
and the number of edges of each graph, and nearly significant correlation for density (r = 0.763, p < 0.08) and clus-
tering coefficient (r = 0.801, p < 0.06). We conclude that highly inter-connected graphs are likely to aid performance
in this modelling setup.

Extending the analysis to all nine graphs supports this conclusion. Although the structure of the graphs are not
directly comparable, performance significantly correlates with density (r = 0.833, p < 0.006) and graph clustering
coefficient (r = 0.675, p < 0.05).

6. Discussion

Models are increasingly evaluated not just on performance, but on their ability to provide explanations for the
choices they make. We design MOntCS to be a suitable medium for expressing explanations in the common sense
question answering domain. This suitability comes from relations with appropriately specific definitions, which
ensure clarity in the meaning of each triple. Clear meaning of triples facilitates comparison between them, which
is important in explanation evaluation when considering the inclusion (or not) of a triple in an explanation. Our
relations are a solution to an issue we identify with ConceptNet, namely that there is overlap in meaning between
different relations, and the majority of triples take a generic relation type.

Clarity in our ontology is further enforced by restricting the complexity of concept names to simple verb and
noun phrases, ensuring that concepts are expressed at similar level of specificity. These phrasal concepts are stored
as structured concepts, and we define structured relations to ensure that these remain well-connected to the graph
and are easily surfaced when a model extracts a subgraph to operate on.

We translate the facts provided by WorldTree into MOntCS with a semi-automatic process and evaluate how
useful it is for question answering. We identify that the graph-based model we use, QA-GNN, relies heavily on its
masked language model component, which smooths over the differences in performance caused by different graphs.
We find that MOntCS gives the highest accuracy amongst three other graphs on WorldTree question answering,
and that a science-specific knowledge graph performs below random. We perform data ablation experiments to
investigate the impact of different types of relation on question answering performance, and provide empirical
evidence for suggestions in prior work that taxonomic relations are not useful for common sense question answering.

Our correlation analysis suggests that graph density and clustering coefficient correlate with performance.
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